

    
      
          
            
  
Welcome to geowatch’s documentation!

The GEOWATCH module



	The GEOWATCH Gitlab Repo

	https://gitlab.kitware.com/computer-vision/geowatch/



	Pypi

	https://pypi.org/project/geowatch/



	Read the docs

	https://geowatch.readthedocs.io



	Slides

	Software Overview Slides [https://docs.google.com/presentation/d/125kMWZIwfS85lm7bvvCwGAlYZ2BevCfBLot7A72cDk8/]  and KHQ Demo Slides [https://docs.google.com/presentation/d/1HKH_sGJX4wH60j8t4iDrZN8nH71jGX1vbCXFRIDVI7c/]






Main modules of interest are:



	geowatch.cli


	geowatch.mlops


	geowatch.tasks







Main Tasks:



	geowatch.tasks.fusion


	geowatch.tasks.tracking







Supported Feature Tasks:



	geowatch.tasks.cold


	geowatch.tasks.depth


	geowatch.tasks.depth_pcd


	geowatch.tasks.dino_detector


	geowatch.tasks.invariants


	geowatch.tasks.landcover


	geowatch.tasks.mae


	geowatch.tasks.rutgers_material_seg_v2


	geowatch.tasks.sam







Also see:



	geowatch.gis


	geowatch.geoannots


	geowatch.demo


	geowatch.stac


	geowatch.utils


	geowatch.utils.lightning_ext


	geowatch.utils.lightning_ext.callbacks







You probably wont need:



	geowatch.rc


	geowatch.monkey







# Useful environs

DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=auto)
DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=auto)
HIGHRES_DVC_EXPT_DPATH=$(geowatch_dvc --tags='smart_drop7' --hardware=auto)
DATA_DVC_DPATH=$DVC_DATA_DPATH
EXPT_DVC_DPATH=$DVC_EXPT_DPATH

# To get the above make sure you have run:
geowatch_dvc add my_phase2_data_repo --path=<path-to-your-phase2-data-dvc-repo> --hardware=hdd --priority=100 --tags=phase2_data
geowatch_dvc add my_phase2_expt_repo --path=<path-to-your-phase2-expt-dvc-repo> --hardware=hdd --priority=100 --tags=phase2_expt








See Also:



	Onboarding


	Contribution Instructions


	Rebasing Procedure


	Testing Practices


	Coding Conventions


	Supporting Projects







Manual Docs:


	algorithms/fusion_overview


	algorithms/sensorchan_specs


	algorithms/ta2_deep_dive_info


	baselines/baseline-2023-06-22-bas


	baselines/baseline-2023-06-22-joint_bas_sc


	baselines/baseline-2023-06-22-sc_truth


	baselines/baseline-2023-10-12-full


	baselines/variation-2023-11-14-full


	data/access_dvc_repos


	data/internal_resources


	data/using_geowatch_dvc


	debugging/debugging_cmdqueue


	development/coding_conventions


	development/coding_tips


	development/contributing_new_models


	development/contribution_instructions


	development/rebasing_procedure


	development/ta2_feature_integration


	environment/getting_started_aws


	environment/getting_started_dvc


	environment/getting_started_kubectl


	environment/getting_started_ssh_keys


	environment/install_python


	environment/install_python_conda


	environment/install_python_pyenv


	environment/installing_geowatch


	environment/understanding_editable_installs


	environment/windows


	faq/model_prediction


	faq/stac


	misc/structure_proposal


	misc/supporting_projects


	mlops


	onboarding


	smart/smart_ac_tutorial


	smart/smart_ensemble_tutorial


	smartflow/getting_started_smartflow


	smartflow/smartflow_copying_large_files_to_efs


	smartflow/smartflow_running_the_system


	smartflow/smartflow_training_fusion_models


	testing/running_ci_locally


	testing/testing_practices


	watch_cli






Indices and tables


	Index


	Module Index
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        	(geowatch.tasks.invariants.segmentation_model.segmentation_model method)


        	(geowatch.tasks.uky_temporal_prediction.time_sort_module.time_sort method)


        	(geowatch.tasks.uky_temporal_prediction.time_sort_S7.space7_sort method)


        	(geowatch.utils.lightning_ext.demo.LightningToyNet2d method)


      


      	ConfusionAnalysis (class in geowatch.mlops.confusor_analysis)


      	ConfusorAnalysisConfig (class in geowatch.mlops.confusor_analysis)


      	connect() (geowatch.mlops.pipeline_nodes.Node method)


      	constant_init() (geowatch.tasks.rutgers_material_change_detection.models.apnb.ModuleHelper static method)


      	ConstantElevationDatabase (class in geowatch.gis.elevation)


      	consume() (in module geowatch.utils.util_iter)


      	conv1x1() (in module geowatch.tasks.rutgers_material_seg.models.resnetGNWS)


      	Conv2d (class in geowatch.tasks.rutgers_material_seg.models.resnetGNWS)

      
        	(class in geowatch.tasks.rutgers_material_seg.models.shallow_seg)


      


      	conv3x3() (in module geowatch.tasks.rutgers_material_seg.models.resnetGNWS)


      	conv_block (class in geowatch.tasks.rutgers_material_change_detection.models.unet_lstm)


      	convert_kwcoco_to_iarpa() (in module geowatch.cli.run_tracker)


      	convert_sysucd_to_kwcoco() (in module geowatch.tasks.rutgers_material_seg.utils.convert_sysucd_to_kwcoco)


      	ConvTokenizer (class in geowatch.tasks.fusion.methods.network_modules)


      	copy() (geowatch.utils.util_fsspec.FSPath method)

      
        	(geowatch.utils.util_kwplot.FigureFinalizer method)


        	(geowatch.utils.util_kwplot.LabelModifier method)


      


      	copy_packages_to_dvc() (geowatch.mlops.manager.ExperimentState method)


      	corners() (geowatch.geoannots.geococo_objects.CocoGeoVideo method)


      	cos_sim() (geowatch.tasks.rutgers_material_seg.models.quantizer.Quantizer static method)


      	CouldNotValidate


      	count_trainable_parameters() (in module geowatch.tasks.invariants.utils.unet_blur)

      
        	(in module geowatch.tasks.invariants.utils.unet_dropout)


        	(in module geowatch.tasks.uky_temporal_prediction.models.unet)


        	(in module geowatch.tasks.uky_temporal_prediction.models.unet_blur)


      


      	covered_annot_geo_regions() (in module geowatch.utils.kwcoco_extensions)


      	covered_image_geo_regions() (in module geowatch.utils.kwcoco_extensions)


      	covered_video_geo_regions() (in module geowatch.utils.kwcoco_extensions)


      	create() (in module geowatch.cli.extend_sc_sites)


      	create_dataset() (geowatch.tasks.landcover.model_info.ModelInfo method)

      
        	(geowatch.tasks.landcover.model_info.S2ModelInfo method)


        	(geowatch.tasks.landcover.model_info.WVModelInfo method)


      


      	create_dir_if_doesnt_exist() (in module geowatch.tasks.rutgers_material_seg.utils.utils)


      	create_gif() (in module geowatch.tasks.rutgers_material_change_detection.utils.util_misc)


      	create_loader() (in module geowatch.tasks.rutgers_material_change_detection.datasets)


      	create_tracks() (geowatch.tasks.tracking.abstract_classes.NewTrackFunction method)

      
        	(geowatch.tasks.tracking.from_heatmap.TimeAggregatedBAS method)


        	(geowatch.tasks.tracking.from_heatmap.TimeAggregatedSC method)


        	(geowatch.tasks.tracking.from_heatmap.TimeAggregatedSV method)


      


      	crf_inference() (in module geowatch.tasks.rutgers_material_seg.utils.utils)


      	critical() (geowatch.utils.util_framework.PrintLogger method)

      
        	(geowatch.utils.util_logging.PrintLogger method)


      


      	Cropping (class in geowatch.mlops.smart_pipeline)


      	CropSitesToRegionsConfig (class in geowatch.cli.crop_sites_to_regions)


      	cropwhite_ondisk() (in module geowatch.utils.util_kwplot)


      	cross_referenced_tables() (geowatch.mlops.manager.ExperimentState method)


      	CrossEntropyLabelSmooth (class in geowatch.tasks.rutgers_material_seg.models.losses)


      	crs_geojson_to_gdf() (in module geowatch.utils.util_gis)


      	current_date() (in module geowatch.tasks.tracking.phase)


      	custom_channel_relabel() (geowatch.mlops.smart_global_helper.SmartGlobalHelper method)


      	custom_collate_fn() (in module geowatch.tasks.rutgers_material_change_detection.datasets)


      	custom_yaml_dump() (in module geowatch.tasks.fusion.fit_lightning)


      	custom_yaml_load() (in module geowatch.tasks.fusion.fit_lightning)


      	CVA() (in module geowatch.tasks.rutgers_material_seg.utils.cva)


      	cython_aff_samp_mod() (in module geowatch.tasks.fusion.datamodules.temporal_sampling)

      
        	(in module geowatch.tasks.fusion.datamodules.temporal_sampling.affinity)
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      	DataFrame (class in geowatch.utils.util_pandas)


      	dataframe_table() (in module geowatch.utils.util_kwplot)


      	DataModuleConfigMixin (class in geowatch.tasks.fusion.predict)


      	DataRegistry (class in geowatch.utils.util_data)


      	date_to_step() (geowatch.tasks.invariants.data.multi_image_datasets.SpaceNet7 method)


      	debug() (geowatch.utils.lightning_ext.callbacks.text_logger._InstanceLogger method)

      
        	(geowatch.utils.util_framework.PrintLogger method)


        	(geowatch.utils.util_logging.PrintLogger method)


      


      	debug_shapes() (in module geowatch.utils.util_nesting)


      	DecimalEncoder (class in geowatch.cli.fix_region_models)


      	decode() (geowatch.tasks.rutgers_material_change_detection.models.siamese_feature_diff_model.SiameseDifference method)

      
        	(geowatch.tasks.rutgers_material_change_detection.models.siamese_fusion_model.SiameseFusion method)


        	(geowatch.tasks.rutgers_material_change_detection.models.unet.UNet method)


      


      	decode_out_features() (geowatch.tasks.rutgers_material_change_detection.models.siamese_feature_diff_model.SiameseDifference method)

      
        	(geowatch.tasks.rutgers_material_change_detection.models.siamese_fusion_model.SiameseFusion method)


      


      	Decoder (class in geowatch.tasks.rutgers_material_change_detection.models.simple_decoder)


      	Decoder2D (class in geowatch.tasks.rutgers_material_seg.models.transformer_seg)


      	DecoderLinear (class in geowatch.tasks.fusion.architectures.segmenter_decoder)


      	decollate_batch() (in module geowatch.tasks.rutgers_material_seg.datasets)

      
        	(in module geowatch.tasks.rutgers_material_seg.datasets.iarpa_dataset)


      


      	dedupe_annots() (in module geowatch.tasks.tracking.normalize)


      	dedupe_background_anns() (in module geowatch.tasks.tracking.phase)


      	dedupe_dates() (in module geowatch.tasks.tracking.normalize)


      	dedupe_tracks() (in module geowatch.tasks.tracking.normalize)


      	deepcopy() (geowatch.geoannots.geomodels._Model method)


      	DeepGlobeDataset (class in geowatch.tasks.rutgers_material_seg.datasets)

      
        	(class in geowatch.tasks.rutgers_material_seg.datasets.deepglobe)


      


      	default (geowatch.cli.baseline_framework_ingress.BaselineFrameworkIngressConfig attribute)

      
        	(geowatch.cli.cluster_sites.ClusterSiteConfig attribute)


        	(geowatch.cli.coco_add_watch_fields.AddWatchFieldsConfig attribute)


        	(geowatch.cli.coco_align.AssetExtractConfig attribute)


        	(geowatch.cli.coco_align.CocoAlignGeotiffConfig attribute)


        	(geowatch.cli.coco_align.ExtractConfig attribute)


        	(geowatch.cli.coco_align.ImageExtractConfig attribute)


        	(geowatch.cli.coco_average_features.CocoAverageFeaturesConfig attribute)


        	(geowatch.cli.coco_clean_geotiffs.CleanGeotiffConfig attribute)


        	(geowatch.cli.coco_combine_features.CocoCombineFeatures attribute)


        	(geowatch.cli.coco_crop_tracks.CocoCropTrackConfig attribute)


        	(geowatch.cli.coco_reformat_channels.CocoReformatChannels attribute)


        	(geowatch.cli.coco_remove_bad_images.CocoRemoveBadImagesConfig attribute)


        	(geowatch.cli.coco_spectra.CocoSpectraConfig attribute)


        	(geowatch.cli.coco_time_combine.TimeCombineConfig attribute)


        	(geowatch.cli.coco_update_geotiff_metadata.UpdateGeotiffMetadataConfig attribute)


        	(geowatch.cli.coco_visualize_videos.CocoVisualizeConfig attribute)


        	(geowatch.cli.collect_env.CollectEnvCLI attribute)


        	(geowatch.cli.crop_sites_to_regions.CropSitesToRegionsConfig attribute)


        	(geowatch.cli.crop_sites_to_regions.SiteFilterConfig attribute)


        	(geowatch.cli.find_dvc.FindDVCConfig attribute)


        	(geowatch.cli.fit.FitCLI attribute)


        	(geowatch.cli.fix_region_models.FixRegionModelsCLI attribute)


        	(geowatch.cli.geojson_site_stats.GeojsonSiteStatsConfig attribute)


        	(geowatch.cli.geotiffs_to_kwcoco.KWCocoFromGeotiffConfig attribute)


        	(geowatch.cli.merge_region_models.MergeRegionModelConfig attribute)


        	(geowatch.cli.predict.PredictCLI attribute)


        	(geowatch.cli.prepare_splits.PrepareSplitsConfig attribute)


        	(geowatch.cli.prepare_ta2_dataset.PrepareTA2Config attribute)


        	(geowatch.cli.prepare_teamfeats.TeamFeaturePipelineConfig attribute)


        	(geowatch.cli.reproject_annotations.ReprojectAnnotationsConfig attribute)


        	(geowatch.cli.run_metrics_framework.MetricsConfig attribute)


        	(geowatch.cli.run_tracker.KWCocoToGeoJSONConfig attribute)


        	(geowatch.cli.smartflow.run_bas_datagen.BASDatasetConfig attribute)


        	(geowatch.cli.smartflow.run_bas_fusion.BasFusionConfig attribute)


        	(geowatch.cli.smartflow.run_dino_sv.DinoSVConfig attribute)


        	(geowatch.cli.smartflow.run_dzyne_parallel_site_vali.DzyneParallelSiteValiConfig attribute)


        	(geowatch.cli.smartflow.run_fixups.FixupConfig attribute)


        	(geowatch.cli.smartflow.run_pseudolive_consolidate.PseudoliveConsolidateConfig attribute)


        	(geowatch.cli.smartflow.run_psuedolive_copy_previous.PsuedoliveCopyPreviousConfig attribute)


        	(geowatch.cli.smartflow.run_sc_datagen.ACSCDatasetConfig attribute)


        	(geowatch.cli.smartflow.run_sc_fusion.SCFusionConfig attribute)


        	(geowatch.cli.smartflow.run_sv_datagen.SVDatasetConfig attribute)


        	(geowatch.cli.smartflow.run_teamfeat_acsc_landcover.TeamFeatLandcover attribute)


        	(geowatch.cli.smartflow.run_teamfeat_cold.TeamFeatColdConfig attribute)


        	(geowatch.cli.smartflow.run_teamfeat_invariants.TeamFeatInvariantsConfig attribute)


        	(geowatch.cli.smartflow.run_teamfeat_landcover.TeamFeatLandcoverConfig attribute)


        	(geowatch.cli.smartflow.run_teamfeat_mae.TeamFeatMAE attribute)


        	(geowatch.cli.smartflow.run_upload_to_rgd.UploadRGDConfig attribute)


        	(geowatch.cli.smartflow_egress.SmartflowEgressConfig attribute)


        	(geowatch.cli.smartflow_ingress.SmartflowIngressConfig attribute)


        	(geowatch.cli.special.finish_install.FinishInstallCLI attribute)


        	(geowatch.cli.split_videos.SplitVideoConfig attribute)


        	(geowatch.cli.stac_search.StacSearchConfig attribute)


        	(geowatch.cli.stac_to_kwcoco.StacToCocoConfig attribute)


        	(geowatch.cli.torch_model_stats.TorchModelStatsConfig attribute)


        	(geowatch.cli.validate_annotation_schemas.ValidateAnnotationConfig attribute)


        	(geowatch.cli.watch_coco_stats.WatchCocoStats attribute)


        	(geowatch.mlops.aggregate.AggregateEvluationConfig attribute)


        	(geowatch.mlops.aggregate.AggregateLoader attribute)


        	(geowatch.mlops.confusor_analysis.ConfusorAnalysisConfig attribute)


        	(geowatch.mlops.manager.ManagerConfig attribute)


        	(geowatch.mlops.repackager.RepackageConfig attribute)


        	(geowatch.mlops.schedule_evaluation.ScheduleEvaluationConfig attribute)


        	(geowatch.stac.stac_search_builder.StacSearchBuilderConfig attribute)


        	(geowatch.tasks.cold.assemble_cold_result_kwcoco.AssembleColdKwcocoConfig attribute)


        	(geowatch.tasks.cold.export_cold_result_kwcoco.ExportColdKwcocoConfig attribute)


        	(geowatch.tasks.cold.predict.ColdPredictConfig attribute)


        	(geowatch.tasks.cold.prepare_kwcoco.PrepareKwcocoConfig attribute)


        	(geowatch.tasks.cold.tile_processing_kwcoco.TileProcessingKwcocoConfig attribute)


        	(geowatch.tasks.cold.transfer_features.TransferCocoConfig attribute)


        	(geowatch.tasks.cold.writing_kwcoco.WriteColdCocoConfig attribute)


        	(geowatch.tasks.depth_pcd.filter_tracks.FilterTracksConfig attribute)


        	(geowatch.tasks.depth_pcd.score_tracks.ScoreTracksConfig attribute)


        	(geowatch.tasks.dino_detector.building_validator.BuildingValidatorConfig attribute)


        	(geowatch.tasks.dino_detector.predict.BuildingDetectorConfig attribute)


        	(geowatch.tasks.fusion.datamodules.kwcoco_datamodule.KWCocoVideoDataModuleConfig attribute)


        	(geowatch.tasks.fusion.datamodules.kwcoco_dataset.KWCocoVideoDatasetConfig attribute)


        	(geowatch.tasks.fusion.evaluate.SegmentationEvalConfig attribute)


        	(geowatch.tasks.fusion.methods.channelwise_transformer.MultimodalTransformerConfig attribute)


        	(geowatch.tasks.fusion.predict.DataModuleConfigMixin attribute)


        	(geowatch.tasks.fusion.predict.PredictConfig attribute)


        	(geowatch.tasks.invariants.predict.InvariantPredictConfig attribute)


        	(geowatch.tasks.landcover.predict.LandcoverPredictConfig attribute)


        	(geowatch.tasks.mae.predict.MAEPredictConfig attribute)


        	(geowatch.tasks.mae.predictV2.MAEPredictConfig attribute)


        	(geowatch.tasks.mae.predictV3.MAEPredictConfig attribute)


        	(geowatch.tasks.rutgers_material_seg.scripts.filter_by_sensor.FilterBySensorConfig attribute)


        	(geowatch.tasks.sam.predict.SAMConfig attribute)


        	(geowatch.tasks.tracking.from_heatmap.CommonTrackFn attribute)


        	(geowatch.tasks.tracking.from_heatmap.TimeAggregatedBAS attribute)


        	(geowatch.tasks.tracking.from_heatmap.TimeAggregatedPolysConfig attribute)


        	(geowatch.tasks.tracking.from_heatmap.TimeAggregatedSC attribute)


        	(geowatch.tasks.tracking.from_heatmap.TimeAggregatedSV attribute)


        	(geowatch.tasks.tracking.from_heatmap.TrackFnWithSV attribute)


        	(geowatch.tasks.tracking.from_polygon.OverlapTrack attribute)


        	(geowatch.tasks.tracking.old_polygon_extraction.PolygonExtractConfig attribute)


        	(geowatch.utils.simple_dvc.SimpleDVC_CLI.Add attribute)


        	(geowatch.utils.simple_dvc.SimpleDVC_CLI.CacheDir attribute)


        	(geowatch.utils.simple_dvc.SimpleDVC_CLI.Request attribute)


      


      	default() (geowatch.cli.fix_region_models.DecimalEncoder method)

      
        	(in module geowatch.tasks.fusion.architectures.transformer)


      


      	default_feat() (in module geowatch.cli.extend_sc_sites)


      	default_save_package() (in module geowatch.utils.lightning_ext.callbacks)

      
        	(in module geowatch.utils.lightning_ext.callbacks.packager)


      


      	default_track_fn (geowatch.mlops.smart_pipeline.BAS_PolygonPrediction attribute)

      
        	(geowatch.mlops.smart_pipeline.PolygonPrediction attribute)


        	(geowatch.mlops.smart_pipeline.SC_PolygonPrediction attribute)


      


      	default_vantage_points() (geowatch.mlops.smart_global_helper.SmartGlobalHelper method)


      	defaultencode() (in module geowatch.cli.fix_region_models)


      	DeiTEncoder (class in geowatch.tasks.fusion.architectures.transformer)


      	delete() (geowatch.utils.util_fsspec.FSPath method)


  

  	
      	DEM_Collection (class in geowatch.gis.elevation)


      	dem_path() (in module geowatch.rc)

      
        	(in module geowatch.rc.registry)


      


      	demo() (geowatch.cli.coco_align.SimpleDataCube class method)

      
        	(geowatch.gis.spatial_reference.RPCTransform class method)


        	(geowatch.mlops.aggregate.Aggregator class method)


        	(geowatch.mlops.pipeline_nodes.Pipeline class method)


        	(geowatch.tasks.tracking.polygon_extraction.FeatureCube class method)


        	(geowatch.tasks.tracking.polygon_extraction.LabelMask class method)


        	(geowatch.tasks.tracking.polygon_extraction.PolygonExtractor class method)


        	(geowatch.utils.result_analysis.Result class method)


        	(geowatch.utils.result_analysis.ResultAnalysis class method)


        	(geowatch.utils.result_analysis.ResultTable class method)


        	(in module geowatch.cli.run_tracker)


        	(in module geowatch.demo)


        	(in module geowatch.demo.stac_demo)


        	(in module geowatch.tasks.fusion.datamodules.qa_bands)


      


      	demo_batch() (geowatch.tasks.fusion.methods.watch_module_mixins.WatchModuleMixins method)


      	demo_coco_stitching_manager() (in module geowatch.tasks.fusion.coco_stitcher)


      	demo_dataset_stats() (geowatch.tasks.fusion.methods.watch_module_mixins.WatchModuleMixins class method)


      	demo_dataset_with_regions_and_sites() (in module geowatch.demo.smart_kwcoco_demodata)


      	demo_dpath() (geowatch.utils.simple_dvc.SimpleDVC class method)


      	demo_khq_annots() (in module geowatch.demo.demo_region)


      	demo_khq_region_fpath() (in module geowatch.demo.demo_region)


      	demo_kwcoco_multisensor() (in module geowatch.demo)

      
        	(in module geowatch.demo.smart_kwcoco_demodata)


      


      	demo_kwcoco_with_heatmaps() (in module geowatch.demo)

      
        	(in module geowatch.demo.smart_kwcoco_demodata)


      


      	demo_pipeline_run() (in module geowatch.mlops.pipeline_nodes)


      	demo_regions_geojson_text() (in module geowatch.utils.util_gis)


      	demo_smart_annots() (in module geowatch.demo.demo_region)


      	demo_smart_region_fpath() (in module geowatch.demo.demo_region)


      	demo_trainer() (in module geowatch.utils.lightning_ext.demo)


      	demodata() (geowatch.tasks.tracking.polygon_extraction.PolygonExtractor class method)


      	demodata_pipeline() (in module geowatch.mlops.pipeline_nodes)


      	denorm() (in module geowatch.tasks.rutgers_material_seg.utils.utils)


      	DenseFeaturePredictor (class in geowatch.tasks.sam.predict)


      	depends (geowatch.mlops.pipeline_nodes.ProcessNode property)


      	describe_values() (geowatch.tasks.fusion.datamodules.qa_bands.QA_BitSpecTable method)

      
        	(geowatch.tasks.fusion.datamodules.qa_bands.QA_ValueSpecTable method)


      


      	determine_region_id() (in module geowatch.utils.util_framework)


      	devcheck_frame_poly_weights() (in module geowatch.utils.util_kwimage)


      	devices() (geowatch.tasks.fusion.methods.watch_module_mixins.WatchModuleMixins method)


      	Dice (in module geowatch.utils.ext_monai)


      	dice_ce (in module geowatch.utils.ext_monai)


      	dice_focal (in module geowatch.utils.ext_monai)


      	DiceCELoss (class in geowatch.utils.ext_monai)


      	DiceFocalLoss (class in geowatch.utils.ext_monai)


      	DiceLoss (class in geowatch.utils.ext_monai)


      	dictionary_contents() (in module geowatch.tasks.rutgers_material_seg.utils.utils)


      	dicts_contain() (in module geowatch.utils.util_bands)


      	differentiate_site_id() (in module geowatch.mlops.confusor_analysis)


      	DigitalGlobeBundle (class in geowatch.gis.digital_globe)


      	DimensionDropout (class in geowatch.tasks.fusion.utils)


      	dino_predict() (in module geowatch.tasks.dino_detector.predict)


      	dino_preproc_item() (in module geowatch.tasks.dino_detector.predict)


      	DinoBoxDetector (class in geowatch.mlops.smart_pipeline)


      	DinoSVConfig (class in geowatch.cli.smartflow.run_dino_sv)


      	disable_lightning_hardware_warnings() (in module geowatch.monkey.monkey_lightning)


      	disable_tensorflow_warnings() (in module geowatch.monkey.monkey_tensorflow)


      	disk_info_of_path() (in module geowatch.utils.util_hardware)


      	does_exist (geowatch.mlops.pipeline_nodes.ProcessNode property)


      	Domain (class in geowatch.tasks.fusion.datamodules.kwcoco_dataset)


      	domain (geowatch.tasks.fusion.datamodules.kwcoco_dataset.Modality attribute)


      	DotDict (class in geowatch.utils.util_dotdict)


      	dotdict_to_nested() (in module geowatch.utils.util_dotdict)


      	DotDictDataFrame (class in geowatch.utils.util_pandas)


      	dotkeys_to_nested() (in module geowatch.utils.util_dotdict)


      	double_conv (class in geowatch.tasks.fusion.architectures.unet_blur)

      
        	(class in geowatch.tasks.invariants.utils.unet_blur)


        	(class in geowatch.tasks.invariants.utils.unet_dropout)


        	(class in geowatch.tasks.uky_temporal_prediction.models.unet)


        	(class in geowatch.tasks.uky_temporal_prediction.models.unet_blur)


      


      	double_conv() (in module geowatch.tasks.landcover.nets)


      	DoubleConv (class in geowatch.tasks.rutgers_material_change_detection.models.dynamic_unet)

      
        	(class in geowatch.tasks.rutgers_material_change_detection.models.simple_cnn_encoder)


        	(class in geowatch.tasks.rutgers_material_change_detection.models.simple_decoder)


        	(class in geowatch.tasks.rutgers_material_change_detection.models.unet)


        	(class in geowatch.tasks.rutgers_material_seg.models.deeplab)


        	(class in geowatch.tasks.rutgers_material_seg.models.deeplab_diff)


        	(class in geowatch.tasks.rutgers_material_seg.models.shallow_seg)


      


      	down (class in geowatch.tasks.fusion.architectures.unet_blur)

      
        	(class in geowatch.tasks.invariants.utils.unet_blur)


        	(class in geowatch.tasks.invariants.utils.unet_dropout)


      


      	Down (class in geowatch.tasks.rutgers_material_change_detection.models.simple_cnn_encoder)

      
        	(class in geowatch.tasks.rutgers_material_change_detection.models.unet)


        	(class in geowatch.tasks.rutgers_material_seg.models.shallow_seg)


      


      	down (class in geowatch.tasks.uky_temporal_prediction.models.unet)

      
        	(class in geowatch.tasks.uky_temporal_prediction.models.unet_blur)


      


      	down_blur (class in geowatch.tasks.invariants.utils.unet_dropout)


      	download_file() (in module geowatch.utils.util_framework)


      	download_http_file() (in module geowatch.utils.util_framework)


      	download_mtd_msil1c() (in module geowatch.utils.util_framework)


      	download_region() (in module geowatch.utils.util_framework)


      	draw() (geowatch.tasks.tracking.polygon_extraction.FeatureCube method)


      	draw_asset_summary() (in module geowatch.cli.coco_clean_geotiffs)


      	draw_batch() (geowatch.tasks.fusion.datamodules.kwcoco_datamodule.KWCocoVideoDataModule method)

      
        	(geowatch.tasks.fusion.datamodules.KWCocoVideoDataModule method)


        	(geowatch.utils.lightning_ext.callbacks.batch_plotter.BatchPlotter method)


        	(geowatch.utils.lightning_ext.callbacks.BatchPlotter method)


      


      	draw_chan_group() (in module geowatch.cli.coco_visualize_videos)


      	draw_cloudmask_viz() (in module geowatch.tasks.fusion.datamodules.smart_mixins)


      	draw_confusion_image() (in module geowatch.tasks.fusion.evaluate)


      	draw_geospace() (in module geowatch.cli.reproject_annotations)


      	draw_if_ready() (geowatch.utils.lightning_ext.callbacks.batch_plotter.BatchPlotter method)

      
        	(geowatch.utils.lightning_ext.callbacks.BatchPlotter method)


      


      	draw_intermediate() (geowatch.tasks.tracking.polygon_extraction.PolygonExtractor method)


      	draw_item() (geowatch.tasks.fusion.datamodules.kwcoco_dataset.IntrospectMixin method)

      
        	(geowatch.tasks.invariants.data.datasets.GriddedDataset method)


      


      	draw_labels() (geowatch.tasks.fusion.datamodules.qa_bands.QA_SpecMixin method)


      	draw_timesequence() (geowatch.tasks.tracking.polygon_extraction.PolygonExtractor method)


      	draw_truth_borders() (in module geowatch.tasks.fusion.evaluate)


      	drop0_aligned (class in geowatch.tasks.uky_temporal_prediction.drop0_datasets)
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        	(geowatch.tasks.fusion.methods.heterogeneous.PadToMultiple method)


        	(geowatch.tasks.fusion.methods.heterogeneous.ResNetShim method)


        	(geowatch.tasks.fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder method)


        	(geowatch.tasks.fusion.methods.heterogeneous.ScaleAwarePositionalEncoder method)


        	(geowatch.tasks.fusion.methods.heterogeneous.ShapePreservingTransformerEncoder method)


        	(geowatch.tasks.fusion.methods.HeterogeneousModel method)


        	(geowatch.tasks.fusion.methods.MultimodalTransformer method)


        	(geowatch.tasks.fusion.methods.network_modules.ConvTokenizer method)


        	(geowatch.tasks.fusion.methods.network_modules.OurDepthwiseSeparableConv method)


        	(geowatch.tasks.fusion.methods.network_modules.RearrangeTokenizer method)


        	(geowatch.tasks.fusion.methods.noop_model.NoopModel method)


        	(geowatch.tasks.fusion.methods.NoopModel method)


        	(geowatch.tasks.fusion.methods.unet_baseline.NanToNum method)


        	(geowatch.tasks.fusion.methods.unet_baseline.UNetBaseline method)


        	(geowatch.tasks.fusion.methods.UNetBaseline method)


        	(geowatch.tasks.fusion.utils.DimensionDropout method)


        	(geowatch.tasks.fusion.utils.Lambda method)


        	(geowatch.tasks.fusion.utils.SinePositionalEncoding method)


        	(geowatch.tasks.invariants.change.change method)


        	(geowatch.tasks.invariants.late_fusion.pretext_model_late_fusion.pretext method)


        	(geowatch.tasks.invariants.predict.Predictor method)


        	(geowatch.tasks.invariants.pretext_model.pretext method)


        	(geowatch.tasks.invariants.segmentation_model.segmentation_model method)


        	(geowatch.tasks.invariants.utils.attention_unet.attention_unet method)


        	(geowatch.tasks.invariants.utils.focal_loss.BinaryFocalLoss method)


        	(geowatch.tasks.invariants.utils.focal_loss.FocalLoss method)


        	(geowatch.tasks.invariants.utils.unet_blur.BlurPool method)


        	(geowatch.tasks.invariants.utils.unet_blur.double_conv method)


        	(geowatch.tasks.invariants.utils.unet_blur.down method)


        	(geowatch.tasks.invariants.utils.unet_blur.inconv method)


        	(geowatch.tasks.invariants.utils.unet_blur.outconv method)


        	(geowatch.tasks.invariants.utils.unet_blur.UNet_blur method)


        	(geowatch.tasks.invariants.utils.unet_blur.UNetDecoder method)


        	(geowatch.tasks.invariants.utils.unet_blur.UNetEncoder method)


        	(geowatch.tasks.invariants.utils.unet_blur.up method)


        	(geowatch.tasks.invariants.utils.unet_dropout.BlurPool method)


        	(geowatch.tasks.invariants.utils.unet_dropout.BlurPool1D method)


        	(geowatch.tasks.invariants.utils.unet_dropout.double_conv method)


        	(geowatch.tasks.invariants.utils.unet_dropout.down method)


        	(geowatch.tasks.invariants.utils.unet_dropout.down_blur method)


        	(geowatch.tasks.invariants.utils.unet_dropout.inconv method)


        	(geowatch.tasks.invariants.utils.unet_dropout.outconv method)


        	(geowatch.tasks.invariants.utils.unet_dropout.UNet_Blur_Dropout method)


        	(geowatch.tasks.invariants.utils.unet_dropout.UNet_Blur_Dropout_Encoder method)


        	(geowatch.tasks.invariants.utils.unet_dropout.UNet_Dropout method)


        	(geowatch.tasks.invariants.utils.unet_dropout.up method)


        	(geowatch.tasks.landcover.nets.UNetR method)


        	(geowatch.tasks.mae.predict.Attention method)


        	(geowatch.tasks.mae.predict.FeedForward method)


        	(geowatch.tasks.mae.predict.MAE method)


        	(geowatch.tasks.mae.predict.MaeCityscape method)


        	(geowatch.tasks.mae.predict.PreNorm method)


        	(geowatch.tasks.mae.predict.Transformer method)


        	(geowatch.tasks.mae.predict.ViT method)


        	(geowatch.tasks.mae.predictV2.Attention method)


        	(geowatch.tasks.mae.predictV2.FeedForward method)


        	(geowatch.tasks.mae.predictV2.MAE method)


        	(geowatch.tasks.mae.predictV2.MaeCityscape method)


        	(geowatch.tasks.mae.predictV2.PreNorm method)


        	(geowatch.tasks.mae.predictV2.Transformer method)


        	(geowatch.tasks.mae.predictV2.ViT method)


        	(geowatch.tasks.mae.predictV3.Attention method)


        	(geowatch.tasks.mae.predictV3.FeedForward method)


        	(geowatch.tasks.mae.predictV3.MAE method)


        	(geowatch.tasks.mae.predictV3.MaeCityscape method)


        	(geowatch.tasks.mae.predictV3.PreNorm method)


        	(geowatch.tasks.mae.predictV3.Transformer method)


        	(geowatch.tasks.mae.predictV3.ViT method)


        	(geowatch.tasks.rutgers_material_change_detection.models.apnb._SelfAttentionBlock method)


        	(geowatch.tasks.rutgers_material_change_detection.models.apnb.AFNB method)


        	(geowatch.tasks.rutgers_material_change_detection.models.apnb.PSPModule method)


        	(geowatch.tasks.rutgers_material_change_detection.models.base_model.BaseModel method)


        	(geowatch.tasks.rutgers_material_change_detection.models.discritizers.Gumbel_Softmax method)


        	(geowatch.tasks.rutgers_material_change_detection.models.discritizers.ResidualDiscritizer method)


        	(geowatch.tasks.rutgers_material_change_detection.models.discritizers.VectorQuantizer2 method)


        	(geowatch.tasks.rutgers_material_change_detection.models.dynamic_unet.DoubleConv method)


        	(geowatch.tasks.rutgers_material_change_detection.models.dynamic_unet.DynamicUNet method)


        	(geowatch.tasks.rutgers_material_change_detection.models.dynamic_unet.OutConv method)


        	(geowatch.tasks.rutgers_material_change_detection.models.dynamic_unet.Up method)


        	(geowatch.tasks.rutgers_material_change_detection.models.early_fusion_framework.EarlyFusionFramework method)


        	(geowatch.tasks.rutgers_material_change_detection.models.early_fusion_mat_framework.EarlyFusionMatFramework method)


        	(geowatch.tasks.rutgers_material_change_detection.models.late_fusion_framework.LateFusionFramework method)


        	(geowatch.tasks.rutgers_material_change_detection.models.mat_ed_framework.MatED method)


        	(geowatch.tasks.rutgers_material_change_detection.models.mat_ed_framework.MTMatED method)


        	(geowatch.tasks.rutgers_material_change_detection.models.patch_transformer.PatchTransformer method)


        	(geowatch.tasks.rutgers_material_change_detection.models.patch_transformer.PatchTransformer_0 method)


        	(geowatch.tasks.rutgers_material_change_detection.models.patch_transformer.PatchTransformerDecoder method)


        	(geowatch.tasks.rutgers_material_change_detection.models.patch_transformer.PatchTransformerEncoder method)


        	(geowatch.tasks.rutgers_material_change_detection.models.patch_transformer_framework.PatchTransformerFramework method)


        	(geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.ASPP method)


        	(geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.BasicBlock method)


        	(geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.Bottleneck method)


        	(geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.LinearBatchNorm method)


        	(geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.LinearClassifier method)


        	(geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.ResNet method)


        	(geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.SupCEResNet method)


        	(geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.SupConResNet method)


        	(geowatch.tasks.rutgers_material_change_detection.models.pos_embedding.PositionEncoder method)


        	(geowatch.tasks.rutgers_material_change_detection.models.resnet.ResNet method)


        	(geowatch.tasks.rutgers_material_change_detection.models.self_attention.AsymmetricPyramidSelfAttention method)


        	(geowatch.tasks.rutgers_material_change_detection.models.self_attention.Attention method)


        	(geowatch.tasks.rutgers_material_change_detection.models.self_attention.SelfAttention method)


        	(geowatch.tasks.rutgers_material_change_detection.models.siamese_feature_diff_model.SiameseDifference method)


        	(geowatch.tasks.rutgers_material_change_detection.models.simple_cnn_encoder.DoubleConv method)


        	(geowatch.tasks.rutgers_material_change_detection.models.simple_cnn_encoder.Down method)


        	(geowatch.tasks.rutgers_material_change_detection.models.simple_cnn_encoder.SimpleCNNEncoder method)


        	(geowatch.tasks.rutgers_material_change_detection.models.simple_decoder.AttnBlock method)


        	(geowatch.tasks.rutgers_material_change_detection.models.simple_decoder.Decoder method)


        	(geowatch.tasks.rutgers_material_change_detection.models.simple_decoder.DoubleConv method)


        	(geowatch.tasks.rutgers_material_change_detection.models.simple_decoder.ResnetBlock method)


        	(geowatch.tasks.rutgers_material_change_detection.models.simple_decoder.SimpleDecoder method)


        	(geowatch.tasks.rutgers_material_change_detection.models.simple_decoder.Upsample method)


        	(geowatch.tasks.rutgers_material_change_detection.models.simple_decoder.Upsample2 method)


        	(geowatch.tasks.rutgers_material_change_detection.models.timesformer.Attention method)


        	(geowatch.tasks.rutgers_material_change_detection.models.timesformer.Block method)


        	(geowatch.tasks.rutgers_material_change_detection.models.timesformer.DropPath method)


        	(geowatch.tasks.rutgers_material_change_detection.models.timesformer.Mlp method)


        	(geowatch.tasks.rutgers_material_change_detection.models.timesformer.PatchEmbed method)


        	(geowatch.tasks.rutgers_material_change_detection.models.timesformer.TimeSformer method)


        	(geowatch.tasks.rutgers_material_change_detection.models.timesformer.VisionTransformer method)


        	(geowatch.tasks.rutgers_material_change_detection.models.timesformer.vit_base_patch16_224 method)


        	(geowatch.tasks.rutgers_material_change_detection.models.unet.DoubleConv method)


        	(geowatch.tasks.rutgers_material_change_detection.models.unet.Down method)


        	(geowatch.tasks.rutgers_material_change_detection.models.unet.OutConv method)


        	(geowatch.tasks.rutgers_material_change_detection.models.unet.UNet method)


        	(geowatch.tasks.rutgers_material_change_detection.models.unet.UNetDecoder method)


        	(geowatch.tasks.rutgers_material_change_detection.models.unet.UNetEncoder method)


        	(geowatch.tasks.rutgers_material_change_detection.models.unet.Up method)


        	(geowatch.tasks.rutgers_material_change_detection.models.unet_lstm.conv_block method)


        	(geowatch.tasks.rutgers_material_change_detection.models.unet_lstm.RNNCell method)


        	(geowatch.tasks.rutgers_material_change_detection.models.unet_lstm.set_values method)


        	(geowatch.tasks.rutgers_material_change_detection.models.unet_lstm.UNetLSTM method)


        	(geowatch.tasks.rutgers_material_change_detection.models.unet_lstm.UNetLSTMDecoder method)


        	(geowatch.tasks.rutgers_material_change_detection.models.unet_lstm.UNetLSTMEncoder method)


        	(geowatch.tasks.rutgers_material_change_detection.models.unet_lstm.up_conv method)


        	(geowatch.tasks.rutgers_material_change_detection.models.vit.Attention method)


        	(geowatch.tasks.rutgers_material_change_detection.models.vit.FeedForward method)


        	(geowatch.tasks.rutgers_material_change_detection.models.vit.PreNorm method)


        	(geowatch.tasks.rutgers_material_change_detection.models.vit.Transformer method)


        	(geowatch.tasks.rutgers_material_change_detection.models.vit.ViT method)


        	(geowatch.tasks.rutgers_material_seg.models.canny_edge.CannyFilter method)


        	(geowatch.tasks.rutgers_material_seg.models.deeplab.ASPP method)


        	(geowatch.tasks.rutgers_material_seg.models.deeplab.BasicBlock method)


        	(geowatch.tasks.rutgers_material_seg.models.deeplab.Bottleneck method)


        	(geowatch.tasks.rutgers_material_seg.models.deeplab.DoubleConv method)


        	(geowatch.tasks.rutgers_material_seg.models.deeplab.ResNet method)


        	(geowatch.tasks.rutgers_material_seg.models.deeplab.Up method)


        	(geowatch.tasks.rutgers_material_seg.models.deeplab_diff.ASPP method)


        	(geowatch.tasks.rutgers_material_seg.models.deeplab_diff.BasicBlock method)


        	(geowatch.tasks.rutgers_material_seg.models.deeplab_diff.Bottleneck method)


        	(geowatch.tasks.rutgers_material_seg.models.deeplab_diff.DoubleConv method)


        	(geowatch.tasks.rutgers_material_seg.models.deeplab_diff.ResNet method)


        	(geowatch.tasks.rutgers_material_seg.models.deeplab_diff.Up method)


        	(geowatch.tasks.rutgers_material_seg.models.deeplabWS.ResNet method)


        	(geowatch.tasks.rutgers_material_seg.models.encoding.Encoding method)


        	(geowatch.tasks.rutgers_material_seg.models.gci.GCI method)


        	(geowatch.tasks.rutgers_material_seg.models.gci.Pre_Norm_Conv2d method)


        	(geowatch.tasks.rutgers_material_seg.models.linear_classifier.VSNet method)


        	(geowatch.tasks.rutgers_material_seg.models.losses.CrossEntropyLabelSmooth method)


        	(geowatch.tasks.rutgers_material_seg.models.losses.QuadrupletLoss method)


        	(geowatch.tasks.rutgers_material_seg.models.losses.SoftEntropy method)


        	(geowatch.tasks.rutgers_material_seg.models.losses.SoftSupConLoss method)


        	(geowatch.tasks.rutgers_material_seg.models.losses.SupConLoss method)


        	(geowatch.tasks.rutgers_material_seg.models.moco.MoCo method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet.ASPP method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet.BasicBlock method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet.Bottleneck method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet.LinearBatchNorm method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet.LinearClassifier method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet.ResNet method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet.SupCEResNet method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet.SupConResNet method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.ASPP method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.BasicBlock method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.Bottleneck method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.LinearBatchNorm method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.LinearClassifier method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.ResNet method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.SupCEResNet method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.SupConResNet method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet_enc.ASPP method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet_enc.BasicBlock method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet_enc.Bottleneck method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet_enc.LinearBatchNorm method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet_enc.LinearClassifier method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet_enc.ResNet method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet_enc.SupCEResNet method)


        	(geowatch.tasks.rutgers_material_seg.models.resnet_enc.SupConResNet method)


        	(geowatch.tasks.rutgers_material_seg.models.resnetGNWS.BasicBlock method)


        	(geowatch.tasks.rutgers_material_seg.models.resnetGNWS.Bottleneck method)


        	(geowatch.tasks.rutgers_material_seg.models.resnetGNWS.Conv2d method)


        	(geowatch.tasks.rutgers_material_seg.models.resnetGNWS.ResNet method)


        	(geowatch.tasks.rutgers_material_seg.models.sg.StochasticGate method)


        	(geowatch.tasks.rutgers_material_seg.models.shallow_seg.Conv2d method)


        	(geowatch.tasks.rutgers_material_seg.models.shallow_seg.DoubleConv method)


        	(geowatch.tasks.rutgers_material_seg.models.shallow_seg.Down method)


        	(geowatch.tasks.rutgers_material_seg.models.shallow_seg.OutConv method)


        	(geowatch.tasks.rutgers_material_seg.models.shallow_seg.ShallowSeg method)


        	(geowatch.tasks.rutgers_material_seg.models.shallow_seg.Up method)


        	(geowatch.tasks.rutgers_material_seg.models.supcon.BasicBlock method)


        	(geowatch.tasks.rutgers_material_seg.models.supcon.Bottleneck method)


        	(geowatch.tasks.rutgers_material_seg.models.supcon.LinearBatchNorm method)


        	(geowatch.tasks.rutgers_material_seg.models.supcon.LinearClassifier method)


        	(geowatch.tasks.rutgers_material_seg.models.supcon.ResNet method)


        	(geowatch.tasks.rutgers_material_seg.models.supcon.SupCEResNet method)


        	(geowatch.tasks.rutgers_material_seg.models.supcon.SupConResNet method)


        	(geowatch.tasks.rutgers_material_seg.models.tex_refine.LocalAffinity method)


        	(geowatch.tasks.rutgers_material_seg.models.tex_refine.LocalAffinityAbs method)


        	(geowatch.tasks.rutgers_material_seg.models.tex_refine.LocalStDev method)


        	(geowatch.tasks.rutgers_material_seg.models.tex_refine.TeRN method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_model.InputDense2d method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_model.InputDense3d method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_model.TransAttention method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_model.TransEmbeddings method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_model.TransEncoder method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_model.TransIntermediate method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_model.TransLayer method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_model.TransLayerNorm method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_model.TransModel2d method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_model.TransModel3d method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_model.TransOutput method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_model.TransSelfAttention method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_model.TransSelfOutput method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_seg.Decoder2D method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_seg.Encoder2D method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_seg.PreTrainModel method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_seg.SETRModel method)


        	(geowatch.tasks.rutgers_material_seg.models.transformer_seg.Vit method)


        	(geowatch.tasks.rutgers_material_seg.predict.Evaluator method)


        	(geowatch.tasks.rutgers_material_seg.predict_patchwise.Evaluator method)


        	(geowatch.tasks.rutgers_material_seg.predict_test.Evaluator method)


        	(geowatch.tasks.rutgers_material_seg.utils.eval_utils.Accuracy method)


        	(geowatch.tasks.rutgers_material_seg.utils.eval_utils.Activation method)


        	(geowatch.tasks.rutgers_material_seg.utils.eval_utils.Fscore method)


        	(geowatch.tasks.rutgers_material_seg.utils.eval_utils.IoU method)


        	(geowatch.tasks.rutgers_material_seg.utils.eval_utils.Precision method)


        	(geowatch.tasks.rutgers_material_seg.utils.eval_utils.Recall method)


        	(geowatch.tasks.uky_temporal_prediction.models.Prob_ResNet18 method)


        	(geowatch.tasks.uky_temporal_prediction.models.resnets.BasicBlock method)


        	(geowatch.tasks.uky_temporal_prediction.models.resnets.Bottleneck method)


        	(geowatch.tasks.uky_temporal_prediction.models.resnets.Head method)


        	(geowatch.tasks.uky_temporal_prediction.models.resnets.Prob_ResNet18 method)


        	(geowatch.tasks.uky_temporal_prediction.models.resnets.ResNet method)


        	(geowatch.tasks.uky_temporal_prediction.models.UNet method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet.double_conv method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet.down method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet.inconv method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet.outconv method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet.UNet method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet.UNetDecoder method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet.UNetEncoder method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet.UNetHalfsizeDecoder method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet.UNetHalfsizeEncoder method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet.up method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet_blur.BlurPool method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet_blur.BlurPool1D method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet_blur.double_conv method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet_blur.down method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet_blur.HalfUNet method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet_blur.inconv method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet_blur.outconv method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet_blur.UNet method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet_blur.UNetDecoder method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet_blur.UNetEncoder method)


        	(geowatch.tasks.uky_temporal_prediction.models.unet_blur.up method)


        	(geowatch.tasks.uky_temporal_prediction.time_sort_module.time_sort method)


        	(geowatch.tasks.uky_temporal_prediction.time_sort_S7.space7_sort method)


        	(geowatch.utils.ext_monai.DiceCELoss method)


        	(geowatch.utils.ext_monai.DiceFocalLoss method)


        	(geowatch.utils.ext_monai.DiceLoss method)


        	(geowatch.utils.ext_monai.FocalLoss method)


        	(geowatch.utils.ext_monai.GeneralizedWassersteinDiceLoss method)


        	(geowatch.utils.ext_monai.MaskedDiceLoss method)


        	(geowatch.utils.lightning_ext.demo.LightningToyNet2d method)


        	(geowatch.utils.util_netharn.Initializer method)


        	(geowatch.utils.util_netharn.KaimingNormal method)


        	(geowatch.utils.util_netharn.KaimingUniform method)


        	(geowatch.utils.util_netharn.NoOp method)


        	(geowatch.utils.util_netharn.Orthogonal method)


      


  

  	
      	forward_features() (geowatch.tasks.rutgers_material_change_detection.models.timesformer.VisionTransformer method)


      	forward_foot() (geowatch.tasks.fusion.methods.channelwise_transformer.MultimodalTransformer method)

      
        	(geowatch.tasks.fusion.methods.MultimodalTransformer method)


      


      	forward_item() (geowatch.tasks.fusion.methods.channelwise_transformer.MultimodalTransformer method)

      
        	(geowatch.tasks.fusion.methods.MultimodalTransformer method)


      


      	forward_step() (geowatch.tasks.fusion.methods.channelwise_transformer.MultimodalTransformer method)

      
        	(geowatch.tasks.fusion.methods.heterogeneous.HeterogeneousModel method)


        	(geowatch.tasks.fusion.methods.HeterogeneousModel method)


        	(geowatch.tasks.fusion.methods.MultimodalTransformer method)


        	(geowatch.tasks.fusion.methods.noop_model.NoopModel method)
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        	(geowatch.tasks.rutgers_material_change_detection.datasets.peo_dataset.PassiveEarthObservationDataset method)


      


      	to_styled_kml() (in module geowatch.mlops.confusor_analysis)


  

  	
      	to_tensor() (geowatch.tasks.depth.demo_transform.ToTensor method)


      	to_tuple() (geowatch.tasks.invariants.data.datasets.HashableBox method)


      	token_output() (geowatch.tasks.rutgers_material_change_detection.models.patch_transformer.PatchTransformer method)


      	ToNumpy (class in geowatch.tasks.depth.demo_transform)


      	TopResultsReport (class in geowatch.mlops.aggregate)


      	torch_array_equal() (in module geowatch.utils.util_kwarray)


      	torch_model_stats() (in module geowatch.cli.torch_model_stats)


      	torch_safe_stack() (in module geowatch.tasks.fusion.methods.network_modules)


      	TorchGlobals (class in geowatch.tasks.fusion.fit_lightning)


      	TorchModelStatsConfig (class in geowatch.cli.torch_model_stats)


      	ToTensor (class in geowatch.tasks.depth.demo_transform)


      	touch() (geowatch.utils.util_fsspec.FSPath method)


      	toydata_demo() (in module geowatch.tasks.tracking.polygon_extraction)


      	trace_json_lineage() (in module geowatch.mlops.smart_result_parser)


      	TrackFnWithSV (class in geowatch.tasks.tracking.from_heatmap)


      	TrackFunction (class in geowatch.tasks.tracking.abstract_classes)


      	trackid_is_default() (in module geowatch.tasks.tracking.utils)


      	TrackidGenerator (class in geowatch.utils.kwcoco_extensions)


      	train_dataloader() (geowatch.tasks.invariants.change.change method)

      
        	(geowatch.tasks.invariants.late_fusion.pretext_model_late_fusion.pretext method)


        	(geowatch.tasks.invariants.pretext_model.pretext method)


        	(geowatch.tasks.invariants.segmentation_model.segmentation_model method)


        	(geowatch.tasks.uky_temporal_prediction.time_sort_module.time_sort method)


        	(geowatch.tasks.uky_temporal_prediction.time_sort_S7.space7_sort method)


        	(geowatch.utils.lightning_ext.demo.LightningToyNet2d method)


      


      	train_dataset (geowatch.tasks.fusion.datamodules.kwcoco_datamodule.KWCocoVideoDataModule property)

      
        	(geowatch.tasks.fusion.datamodules.KWCocoVideoDataModule property)


      


      	train_epoch_end() (geowatch.tasks.invariants.segmentation_model.segmentation_model method)


      	trainable_layers() (in module geowatch.utils.util_netharn)


      	training (geowatch.tasks.fusion.methods.channelwise_transformer.MultimodalTransformer attribute)

      
        	(geowatch.tasks.fusion.methods.heterogeneous.HeterogeneousModel attribute)


        	(geowatch.tasks.fusion.methods.noop_model.NoopModel attribute)


        	(geowatch.tasks.fusion.methods.unet_baseline.UNetBaseline attribute)


      


      	training_step() (geowatch.tasks.fusion.methods.channelwise_transformer.MultimodalTransformer method)

      
        	(geowatch.tasks.fusion.methods.heterogeneous.HeterogeneousModel method)


        	(geowatch.tasks.fusion.methods.HeterogeneousModel method)


        	(geowatch.tasks.fusion.methods.MultimodalTransformer method)


        	(geowatch.tasks.fusion.methods.noop_model.NoopModel method)


        	(geowatch.tasks.fusion.methods.NoopModel method)


        	(geowatch.tasks.fusion.methods.unet_baseline.UNetBaseline method)


        	(geowatch.tasks.fusion.methods.UNetBaseline method)


        	(geowatch.tasks.invariants.change.change method)


        	(geowatch.tasks.invariants.late_fusion.pretext_model_late_fusion.pretext method)


        	(geowatch.tasks.invariants.pretext_model.pretext method)


        	(geowatch.tasks.invariants.segmentation_model.segmentation_model method)


        	(geowatch.tasks.uky_temporal_prediction.time_sort_module.time_sort method)


        	(geowatch.tasks.uky_temporal_prediction.time_sort_S7.space7_sort method)


        	(geowatch.utils.lightning_ext.demo.LightningToyNet2d method)


      


      	TransAttention (class in geowatch.tasks.rutgers_material_seg.models.transformer_model)


      	TransConfig (class in geowatch.tasks.rutgers_material_seg.models.transformer_model)


      	TransEmbeddings (class in geowatch.tasks.rutgers_material_seg.models.transformer_model)


      	TransEncoder (class in geowatch.tasks.rutgers_material_seg.models.transformer_model)


      	transfer_features_main() (in module geowatch.tasks.cold.transfer_features)


      	transfer_geo_metadata() (in module geowatch.utils.kwcoco_extensions)


      	transfer_geo_metadata2() (in module geowatch.utils.kwcoco_extensions)


      	TransferCocoConfig (class in geowatch.tasks.cold.transfer_features)


      	Transformer (class in geowatch.tasks.fusion.architectures.wu_mae)

      
        	(class in geowatch.tasks.mae.predict)


        	(class in geowatch.tasks.mae.predictV2)


        	(class in geowatch.tasks.mae.predictV3)


        	(class in geowatch.tasks.rutgers_material_change_detection.models.vit)


      


      	TransformerEncoderDecoder (class in geowatch.tasks.fusion.architectures.transformer)


      	TransformerEncoderLayerExtended (class in geowatch.tasks.fusion.architectures.transformer)


      	TransIntermediate (class in geowatch.tasks.rutgers_material_seg.models.transformer_model)


      	TransLayer (class in geowatch.tasks.rutgers_material_seg.models.transformer_model)


      	TransLayerNorm (class in geowatch.tasks.rutgers_material_seg.models.transformer_model)


      	TransModel2d (class in geowatch.tasks.rutgers_material_seg.models.transformer_model)


      	TransModel3d (class in geowatch.tasks.rutgers_material_seg.models.transformer_model)


      	TransOutput (class in geowatch.tasks.rutgers_material_seg.models.transformer_model)


      	transpose_for_scores() (geowatch.tasks.rutgers_material_seg.models.transformer_model.TransSelfAttention method)


      	TransSelfAttention (class in geowatch.tasks.rutgers_material_seg.models.transformer_model)


      	TransSelfOutput (class in geowatch.tasks.rutgers_material_seg.models.transformer_model)


      	tree() (geowatch.utils.util_fsspec.FSPath method)


      	trunc_normal_() (in module geowatch.tasks.fusion.architectures.segmenter_decoder)

      
        	(in module geowatch.tasks.rutgers_material_change_detection.models.timesformer)


      


      	TruthMixin (class in geowatch.tasks.fusion.datamodules.kwcoco_dataset)


      	tukey_biweight_loss() (in module geowatch.utils.util_kwarray)


      	tune() (geowatch.utils.result_analysis.ResultAnalysis method)


      	type (geowatch.geoannots.geomodels._Feature attribute)

      
        	(geowatch.geoannots.geomodels._Model attribute)


      


  





U


  	
      	unbounded_site_status (geowatch.tasks.metrics.merge_iarpa_metrics.RegionResult attribute)


      	uncrop() (geowatch.tasks.rutgers_material_seg.models.resnet_enc.ResNet method)


      	UNet (class in geowatch.tasks.fusion.architectures.unet_blur)

      
        	(class in geowatch.tasks.rutgers_material_change_detection.models.unet)


        	(class in geowatch.tasks.uky_temporal_prediction.models)


        	(class in geowatch.tasks.uky_temporal_prediction.models.unet)


        	(class in geowatch.tasks.uky_temporal_prediction.models.unet_blur)


      


      	UNet_blur (class in geowatch.tasks.invariants.utils.unet_blur)

      
        	(in module geowatch.tasks.uky_temporal_prediction.models)


      


      	UNet_Blur_Dropout (class in geowatch.tasks.invariants.utils.unet_dropout)


      	UNet_Blur_Dropout_Encoder (class in geowatch.tasks.invariants.utils.unet_dropout)


      	UNet_Dropout (class in geowatch.tasks.invariants.utils.unet_dropout)


      	UNetBaseline (class in geowatch.tasks.fusion.methods)

      
        	(class in geowatch.tasks.fusion.methods.unet_baseline)


      


      	UNetDecoder (class in geowatch.tasks.invariants.utils.unet_blur)

      
        	(class in geowatch.tasks.rutgers_material_change_detection.models.unet)


        	(class in geowatch.tasks.uky_temporal_prediction.models.unet)


        	(class in geowatch.tasks.uky_temporal_prediction.models.unet_blur)


      


      	UNetEncoder (class in geowatch.tasks.invariants.utils.unet_blur)

      
        	(class in geowatch.tasks.rutgers_material_change_detection.models.unet)


        	(class in geowatch.tasks.uky_temporal_prediction.models.unet)


        	(class in geowatch.tasks.uky_temporal_prediction.models.unet_blur)


      


      	UNetHalfsizeDecoder (class in geowatch.tasks.uky_temporal_prediction.models.unet)


      	UNetHalfsizeEncoder (class in geowatch.tasks.uky_temporal_prediction.models.unet)


      	UNetLSTM (class in geowatch.tasks.rutgers_material_change_detection.models.unet_lstm)


      	UNetLSTMDecoder (class in geowatch.tasks.rutgers_material_change_detection.models.unet_lstm)


      	UNetLSTMEncoder (class in geowatch.tasks.rutgers_material_change_detection.models.unet_lstm)


      	UNetR (class in geowatch.tasks.landcover.nets)


      	UnexpectedSymbol


      	uniform_init() (geowatch.tasks.rutgers_material_change_detection.models.apnb.ModuleHelper static method)


      	unique() (geowatch.utils.util_pandas.SpecialAggregators method)


      	unique_rows() (in module geowatch.utils.util_kwarray)


      	unit() (geowatch.utils.util_resolution.ResolvedTransformer method)


      	unnormalize() (geowatch.tasks.rutgers_material_change_detection.datasets.base_dataset.BaseDataset method)


      	unpack_bit_positions() (in module geowatch.tasks.fusion.datamodules.qa_bands)


      	unpad() (in module geowatch.tasks.depth.dzyne_img_util)


      	unprotect() (geowatch.utils.simple_dvc.SimpleDVC method)


      	unwrapped (geowatch.tasks.fusion.architectures.segmenter_decoder.Attention property)

      
        	(geowatch.tasks.fusion.architectures.segmenter_decoder.FeedForward property)


      


  

  	
      	up (class in geowatch.tasks.fusion.architectures.unet_blur)

      
        	(class in geowatch.tasks.invariants.utils.unet_blur)


        	(class in geowatch.tasks.invariants.utils.unet_dropout)


      


      	Up (class in geowatch.tasks.rutgers_material_change_detection.models.dynamic_unet)

      
        	(class in geowatch.tasks.rutgers_material_change_detection.models.unet)


        	(class in geowatch.tasks.rutgers_material_seg.models.deeplab)


        	(class in geowatch.tasks.rutgers_material_seg.models.deeplab_diff)


        	(class in geowatch.tasks.rutgers_material_seg.models.shallow_seg)


      


      	up (class in geowatch.tasks.uky_temporal_prediction.models.unet)

      
        	(class in geowatch.tasks.uky_temporal_prediction.models.unet_blur)


      


      	up_conv (class in geowatch.tasks.rutgers_material_change_detection.models.unet_lstm)


      	update() (geowatch.cli.coco_spectra.HistAccum method)

      
        	(geowatch.tasks.fusion.datamodules.data_utils.MultiscaleMask method)


        	(geowatch.utils.util_framework.AWS_S3_Command method)


        	(geowatch.utils.util_kwplot.FigureFinalizer method)


        	(geowatch.utils.util_kwplot.LabelModifier method)


        	(geowatch.utils.util_kwplot.Palette method)


      


      	update_affinity() (geowatch.tasks.fusion.datamodules.temporal_sampling.sampler.TimeWindowSampler method)

      
        	(geowatch.tasks.fusion.datamodules.temporal_sampling.TimeWindowSampler method)


      


      	update_generator() (geowatch.utils.kwcoco_extensions.TrackidGenerator method)


      	update_gradient_map() (in module geowatch.tasks.rutgers_material_change_detection.utils.util_misc)


      	update_options() (in module geowatch.tasks.rutgers_material_change_detection.utils.util_config)


      	update_target_properties() (geowatch.tasks.invariants.data.datasets.GriddedDataset method)

      
        	(geowatch.tasks.mae.predict.WatchDataset method)


        	(geowatch.tasks.mae.predictV2.WatchDataset method)


        	(geowatch.tasks.mae.predictV3.WatchDataset method)


      


      	UpdateGeotiffMetadataConfig (class in geowatch.cli.coco_update_geotiff_metadata)


      	upload_to_rgd() (in module geowatch.cli.smartflow.run_upload_to_rgd)


      	UploadRGDConfig (class in geowatch.cli.smartflow.run_upload_to_rgd)


      	Upsample (class in geowatch.tasks.rutgers_material_change_detection.models.simple_decoder)


      	Upsample2 (class in geowatch.tasks.rutgers_material_change_detection.models.simple_decoder)


      	upweight_center_mask() (in module geowatch.utils.util_kwimage)


      	UserAbort


      	utf8_encoder() (in module geowatch.utils.ijson_ext)


      	utm_epsg_from_latlon() (in module geowatch.demo.metrics_demo.demo_utils)

      
        	(in module geowatch.utils.util_gis)


      


      	UTM_TransformContext (class in geowatch.utils.util_gis)


  





V


  	
      	val_dataloader() (geowatch.tasks.invariants.change.change method)

      
        	(geowatch.tasks.invariants.late_fusion.pretext_model_late_fusion.pretext method)


        	(geowatch.tasks.invariants.pretext_model.pretext method)


        	(geowatch.tasks.invariants.segmentation_model.segmentation_model method)


        	(geowatch.tasks.uky_temporal_prediction.time_sort_module.time_sort method)


        	(geowatch.tasks.uky_temporal_prediction.time_sort_S7.space7_sort method)


        	(geowatch.utils.lightning_ext.demo.LightningToyNet2d method)


      


      	val_mae() (in module geowatch.tasks.rutgers_material_seg.utils.eval_utils)


      	vali_dataset (geowatch.tasks.fusion.datamodules.kwcoco_datamodule.KWCocoVideoDataModule property)

      
        	(geowatch.tasks.fusion.datamodules.KWCocoVideoDataModule property)


      


      	validate() (geowatch.geoannots.geomodels._Feature method)

      
        	(geowatch.geoannots.geomodels._Model method)


        	(geowatch.geoannots.geomodels.ModelCollection method)


      


      	validate_data_contents() (in module geowatch.cli.validate_annotation_schemas)


      	validate_region_model_content() (in module geowatch.cli.validate_annotation_schemas)


      	validate_schemas() (in module geowatch.cli.validate_annotation_schemas)


      	validate_site_content() (in module geowatch.cli.validate_annotation_schemas)


      	validate_site_dataframe() (in module geowatch.cli.reproject_annotations)


      	ValidateAnnotationConfig (class in geowatch.cli.validate_annotation_schemas)


      	validation_epoch_end() (geowatch.tasks.invariants.change.change method)

      
        	(geowatch.tasks.invariants.segmentation_model.segmentation_model method)


      


      	validation_step() (geowatch.tasks.fusion.methods.channelwise_transformer.MultimodalTransformer method)

      
        	(geowatch.tasks.fusion.methods.heterogeneous.HeterogeneousModel method)


        	(geowatch.tasks.fusion.methods.HeterogeneousModel method)


        	(geowatch.tasks.fusion.methods.MultimodalTransformer method)


        	(geowatch.tasks.fusion.methods.unet_baseline.UNetBaseline method)


        	(geowatch.tasks.fusion.methods.UNetBaseline method)


        	(geowatch.tasks.invariants.change.change method)


        	(geowatch.tasks.invariants.late_fusion.pretext_model_late_fusion.pretext method)


        	(geowatch.tasks.invariants.pretext_model.pretext method)


        	(geowatch.tasks.invariants.segmentation_model.segmentation_model method)


        	(geowatch.tasks.uky_temporal_prediction.time_sort_module.time_sort method)


        	(geowatch.tasks.uky_temporal_prediction.time_sort_S7.space7_sort method)


        	(geowatch.utils.lightning_ext.demo.LightningToyNet2d method)


      


      	VanillaTransformerEncoder (class in geowatch.tasks.fusion.architectures.transformer)


      	varied (geowatch.utils.result_analysis.ResultAnalysis property)

      
        	(geowatch.utils.result_analysis.ResultTable property)


      


  

  	
      	varied_param_counts() (geowatch.mlops.aggregate.AggregatorAnalysisMixin method)


      	varied_value_counts() (in module geowatch.utils.result_analysis)


      	varied_values() (geowatch.utils.util_pandas.DataFrame method)

      
        	(in module geowatch.utils.result_analysis)


      


      	VectorQuantizer2 (class in geowatch.tasks.rutgers_material_change_detection.models.discritizers)


      	VERSIONED_COLUMNS (geowatch.mlops.manager.ExperimentState attribute)


      	versioned_rows() (geowatch.mlops.manager.ExperimentState method)


      	versioned_table() (geowatch.mlops.manager.ExperimentState method)


      	video2frames() (geowatch.tasks.rutgers_material_change_detection.models.base_model.BaseModel method)


      	video_name (geowatch.tasks.fusion.datamodules.kwcoco_dataset.Domain attribute)


      	video_track_info() (in module geowatch.cli.coco_visualize_videos)


      	VideoPatchifyzer (class in geowatch.tasks.rutgers_material_change_detection.utils.util_model)


      	VideoPlotMaker (class in geowatch.tasks.rutgers_material_change_detection.utils.util_visualize)


      	VimRegexBuilder (class in geowatch.utils.util_regex)


      	VisionTransformer (class in geowatch.tasks.rutgers_material_change_detection.models.timesformer)


      	visualize() (geowatch.tasks.rutgers_material_change_detection.models.pos_embedding.PositionEncoder method)


      	visualize_all_timelines() (in module geowatch.mlops.confusor_analysis)


      	visualize_case() (in module geowatch.mlops.confusor_analysis)


      	visualize_dates() (geowatch.tasks.rutgers_material_change_detection.datasets.base_dataset.BaseDataset method)


      	visualize_example() (geowatch.tasks.rutgers_material_change_detection.datasets.base_dataset.BaseDataset method)


      	visualize_rois() (in module geowatch.utils.kwcoco_extensions)


      	visualize_sample_grid() (in module geowatch.tasks.fusion.datamodules.spacetime_grid_builder)


      	visualize_videos() (in module geowatch.tasks.tracking.visualize)


      	ViT (class in geowatch.tasks.fusion.architectures.wu_mae)

      
        	(class in geowatch.tasks.mae.predict)


        	(class in geowatch.tasks.mae.predictV2)


        	(class in geowatch.tasks.mae.predictV3)


        	(class in geowatch.tasks.rutgers_material_change_detection.models.vit)


      


      	Vit (class in geowatch.tasks.rutgers_material_seg.models.transformer_seg)


      	vit_base_patch16_224 (class in geowatch.tasks.rutgers_material_change_detection.models.timesformer)


      	viterbi() (in module geowatch.tasks.tracking.phase)


      	VIZ_BLOCKLIST (geowatch.mlops.smart_global_helper.SmartGlobalHelper attribute)


      	viz_sc() (in module geowatch.tasks.metrics.viz_sc_results)


      	viz_sc_gantt() (in module geowatch.tasks.metrics.viz_sc_results)


      	viz_sc_multi() (in module geowatch.tasks.metrics.viz_sc_results)


      	viz_site_stats() (in module geowatch.cli.geojson_site_stats)


      	viz_track_scores() (in module geowatch.tasks.tracking.visualize)


      	VSNet (class in geowatch.tasks.rutgers_material_seg.models.linear_classifier)


  





W


  	
      	walk() (geowatch.utils.util_fsspec.FSPath method)


      	walk_geotiff_products() (in module geowatch.gis.geotiff)


      	warn() (geowatch.utils.lightning_ext.callbacks.text_logger._InstanceLogger method)


      	warning() (geowatch.utils.util_framework.PrintLogger method)

      
        	(geowatch.utils.util_gdal.DummyLogger method)


        	(geowatch.utils.util_logging.PrintLogger method)


      


      	warp_annot_segmentations_from_geos() (in module geowatch.utils.kwcoco_extensions)


      	warp_annot_segmentations_to_geos() (in module geowatch.utils.kwcoco_extensions)


      	warp_pixel_from_world() (geowatch.gis.spatial_reference.RPCTransform method)


      	warp_vid_from_wld (geowatch.geoannots.geococo_objects.CocoGeoVideo property)


      	warp_wld_from_vid (geowatch.geoannots.geococo_objects.CocoGeoVideo property)


      	warp_world_from_pixel() (geowatch.gis.spatial_reference.RPCTransform method)


      	wasserstein_distance_map() (geowatch.utils.ext_monai.GeneralizedWassersteinDiceLoss method)


      	WatchCocoStats (class in geowatch.cli.watch_coco_stats)


      	WatchDataset (class in geowatch.tasks.mae.predict)

      
        	(class in geowatch.tasks.mae.predictV2)


        	(class in geowatch.tasks.mae.predictV3)


      


      	WatchModuleMixins (class in geowatch.tasks.fusion.methods.watch_module_mixins)


      	WeightInitializer (class in geowatch.tasks.fusion.fit_lightning)


      	wide_resnet101_2() (in module geowatch.tasks.rutgers_material_change_detection.models.resnet)


      	wide_resnet50_2() (in module geowatch.tasks.rutgers_material_change_detection.models.resnet)


  

  	
      	window() (geowatch.utils.util_resolution.ResolvedWindowTransformer method)


      	window_1d_dim() (geowatch.utils.util_resolution.ResolvedWindowTransformer method)


      	window_2d_dim() (geowatch.utils.util_resolution.ResolvedWindowTransformer method)


      	window_max() (geowatch.tasks.tracking.polygon_extraction.FeatureCube method)


      	wld_corners_gdf (geowatch.geoannots.geococo_objects.CocoGeoVideo property)


      	wld_crs (geowatch.geoannots.geococo_objects.CocoGeoVideo property)


      	worker_init_fn() (in module geowatch.tasks.fusion.datamodules.kwcoco_dataset)

      
        	(in module geowatch.tasks.rutgers_material_seg.datasets)


        	(in module geowatch.tasks.rutgers_material_seg.datasets.iarpa_contrastive_dataset)


        	(in module geowatch.tasks.rutgers_material_seg.datasets.iarpa_dataset)


      


      	WrapperDataset (class in geowatch.tasks.dino_detector.predict)


      	WrapperDsetClass (geowatch.tasks.sam.predict.DenseFeaturePredictor attribute)

      
        	(geowatch.tasks.sam.predict.SAMFeaturePredictor attribute)


      


      	write_demo_geotiff() (in module geowatch.demo.metrics_demo.demo_rendering)


      	write_invocation() (geowatch.utils.process_context.ProcessContext method)


      	write_text() (geowatch.utils.util_fsspec.FSPath method)


      	WriteColdCocoConfig (class in geowatch.tasks.cold.writing_kwcoco)


      	wu_backbone() (in module geowatch.tasks.fusion.architectures.wu_mae)


      	WVDataset (class in geowatch.tasks.landcover.datasets)


      	WVModelInfo (class in geowatch.tasks.landcover.model_info)


      	WVRgbDataset (class in geowatch.tasks.depth.datasets)


      	WVSuperRgbDataset (class in geowatch.tasks.depth.datasets)


  





X


  	
      	xavier_init() (geowatch.tasks.rutgers_material_change_detection.models.apnb.ModuleHelper static method)


  







            

          

      

      

    

  

    
      
          
            
  
geowatch.__main__ module




            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.__main__ module


	
geowatch.cli.__main__.main(cmdline=True, **kw)

	The geowatch command line interface








            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.animate_visualizations module


	
geowatch.cli.animate_visualizations.animate_visualizations(viz_dpath, channels=None, video_names=None, frames_per_second=0.7, draw_anns=True, draw_imgs=True, workers=0, zoom_to_tracks=False, verbose=0)

	Helper that roughly does the same thing as this bash script:


	Parameters:

	
	viz_dpath (str) – the path where visualizations were dumped with the
coco_visualize_videos script.


	zoom_to_tracks (bool) – if specified uses “track” based-logic find paths to animate








Example

>>> # xdoctest: +SKIP
>>> # xdoctest: +REQUIRES(--ffmpeg-test')
>>> import ubelt as ub
>>> dpath = ub.Path.appdir('geowatch/test/ani_video').delete().ensuredir()
>>> import kwcoco
>>> from geowatch.utils import kwcoco_extensions
>>> dset = kwcoco.CocoDataset.demo('vidshapes2-msi', num_frames=5)
>>> img = dset.dataset['images'][0]
>>> coco_img = dset.coco_image(img['id'])
>>> channel_chunks = list(ub.chunks(coco_img.channels.fuse().parsed, chunksize=3))
>>> channels = ','.join(['|'.join(p) for p in channel_chunks])
>>> kwargs = {
>>>     'src': dset.fpath,
>>>     'viz_dpath': dpath,
>>>     'space': 'video',
>>>     'channels': channels,
>>>     'zoom_to_tracks': False,
>>> }
>>> from geowatch.cli.coco_visualize_videos import main
>>> cmdline = False
>>> main(cmdline=cmdline, **kwargs)
>>> viz_dpath = dpath
>>> channels = None
>>> video_names = None
>>> frame_per_second = 0.7
>>> from geowatch.cli.animate_visualizations import *  # NOQA
>>> animate_visualizations(viz_dpath, verbose=1, workers=0)












            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.baseline_framework_ingress module


	
class geowatch.cli.baseline_framework_ingress.BaselineFrameworkIngressConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Ingress data from T&E baseline framework input file. The output will be stored as a json catalog

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'aws_profile': <Value(None)>, 'catalog_fpath': <Value(None)>, 'dryrun': <Value(False)>, 'input_path': <Value(None)>, 'jobs': <Value(1)>, 'outdir': <Value(None)>, 'relative': <Value(False)>, 'requester_pays': <Value(False)>, 'show_progress': <Value(False)>, 'virtual': <Value(False)>}

	




	
normalize()

	








	
geowatch.cli.baseline_framework_ingress.main()

	




	
geowatch.cli.baseline_framework_ingress.baseline_framework_ingress(input_path, outdir, catalog_fpath=None, aws_profile=None, dryrun=False, show_progress=False, requester_pays=False, relative=False, jobs=1, virtual=False)

	




	
geowatch.cli.baseline_framework_ingress.read_input_stac_items(path)

	Read the stac input format from a file on disk.

This also handles jsonl files as well as a a fallback for whitespace
separated data.






	
geowatch.cli.baseline_framework_ingress.load_input_stac_items(input_path, aws_base_command)

	Load the stac input format from a file on disk or AWS








            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.cluster_sites module

Given a set of site summaries, clusters them into groups, ideally with small
overlap. Writes new regions to a specified directory using the hash of the
contained sites as a subregion identifier.


	Limitations:
	
	The clustering algorithm is overly simple








Example

DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=’auto’)
python -m geowatch.cli.cluster_sites 


–src “$DVC_DATA_DPATH/annotations/drop6/region_models/KR_R002.geojson” –dst_dpath $DVC_DATA_DPATH/ValiRegionSmall/geojson –draw_clusters True




DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=’auto’)
python -m geowatch.cli.coco_align 


–src $DVC_DATA_DPATH/Drop6/combo_imganns-KR_R002_L.kwcoco.json –dst $DVC_DATA_DPATH/ValiRegionSmall/small_KR_R002_odarcigm.kwcoco.zip –regions $DVC_DATA_DPATH/ValiRegionSmall/geojson/SUB_KR_R002_n007_odarcigm.geojson –minimum_size=”128x128@10GSD” –context_factor=1 –geo_preprop=auto –force_nodata=-9999 –site_summary=False –target_gsd=5 –aux_workers=8 –workers=8




DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=’auto’)
python -m geowatch.cli.cluster_sites 


–src “$DVC_DATA_DPATH/annotations/drop6/region_models/NZ_R001.geojson” –dst_dpath $DVC_DATA_DPATH/ValiRegionSmall/geojson/NZ_R001 –draw_clusters True




DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=’auto’)
python -m geowatch.cli.coco_align 


–src $DVC_DATA_DPATH/Drop6/combo_imganns-NZ_R001_L.kwcoco.json –dst $DVC_DATA_DPATH/ValiRegionSmall/small_NZ_R001_swnykmah.kwcoco.zip –regions $DVC_DATA_DPATH/ValiRegionSmall/geojson/NZ_R001/SUB_NZ_R001_n031_swnykmah.geojson –minimum_size=”128x128@10GSD” –context_factor=1 –geo_preprop=auto –force_nodata=-9999 –site_summary=False –target_gsd=5 –aux_workers=8 –workers=8





	
class geowatch.cli.cluster_sites.ClusterSiteConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Creates a new region file that groups nearby sites.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'context_factor': <Value(1.5)>, 'crop_time': <Value(True)>, 'draw_clusters': <Value(False)>, 'dst_dpath': <Value(None)>, 'dst_region_fpath': <Value(None)>, 'io_workers': <Value(10)>, 'maximum_size': <Value('1024x1024@2GSD')>, 'minimum_size': <Value('128x128@2GSD')>, 'src': <Value(None)>}

	




	
main(**kwargs)

	Example

>>> from geowatch.cli.cluster_sites import *  # NOQA
>>> from geowatch.cli import cluster_sites
>>> import ubelt as ub
>>> dpath = ub.Path.appdir('geowatch', 'doctests', 'cluster_sites1').ensuredir()
>>> src_dpath = (dpath / 'src').ensuredir()
>>> dst_dpath = (dpath / 'dst')
>>> dst_region_fpath = dst_dpath / 'cluster.geojson'
>>> from geowatch.geoannots import geomodels
>>> region = geomodels.RegionModel.random(num_sites=10)
>>> src_fpath = src_dpath / 'demo_region.geojson'
>>> src_fpath.write_text(region.dumps())
>>> kwargs = {
>>>     'src': src_fpath,
>>>     'dst_dpath': dst_dpath,
>>>     'dst_region_fpath': dst_region_fpath,
>>>     'io_workers': 0,
>>>     'draw_clusters': 0,
>>>     'crop_time': True,
>>> }
>>> cmdline = 0
>>> cluster_sites.main(cmdline=cmdline, **kwargs)





Example

>>> from geowatch.cli.cluster_sites import *  # NOQA
>>> from geowatch.cli import cluster_sites
>>> import ubelt as ub
>>> dpath = ub.Path.appdir('geowatch', 'doctests', 'cluster_sites2').ensuredir()
>>> src_dpath = (dpath / 'src').ensuredir()
>>> dst_dpath = (dpath / 'dst')
>>> from geowatch.geoannots import geomodels
>>> region = geomodels.RegionModel.random(num_sites=10)
>>> src_fpath = src_dpath / 'demo_region.geojson'
>>> src_fpath.write_text(region.dumps())
>>> kwargs = {
>>>     'src': src_fpath,
>>>     'dst_dpath': dst_dpath,
>>>     'io_workers': 0,
>>>     'draw_clusters': 1,
>>>     'crop_time': True,
>>> }
>>> cmdline = 0
>>> cluster_sites.main(cmdline=cmdline, **kwargs)














	
geowatch.cli.cluster_sites.main(cmdline=1, **kwargs)

	Example

>>> from geowatch.cli.cluster_sites import *  # NOQA
>>> from geowatch.cli import cluster_sites
>>> import ubelt as ub
>>> dpath = ub.Path.appdir('geowatch', 'doctests', 'cluster_sites1').ensuredir()
>>> src_dpath = (dpath / 'src').ensuredir()
>>> dst_dpath = (dpath / 'dst')
>>> dst_region_fpath = dst_dpath / 'cluster.geojson'
>>> from geowatch.geoannots import geomodels
>>> region = geomodels.RegionModel.random(num_sites=10)
>>> src_fpath = src_dpath / 'demo_region.geojson'
>>> src_fpath.write_text(region.dumps())
>>> kwargs = {
>>>     'src': src_fpath,
>>>     'dst_dpath': dst_dpath,
>>>     'dst_region_fpath': dst_region_fpath,
>>>     'io_workers': 0,
>>>     'draw_clusters': 0,
>>>     'crop_time': True,
>>> }
>>> cmdline = 0
>>> cluster_sites.main(cmdline=cmdline, **kwargs)





Example

>>> from geowatch.cli.cluster_sites import *  # NOQA
>>> from geowatch.cli import cluster_sites
>>> import ubelt as ub
>>> dpath = ub.Path.appdir('geowatch', 'doctests', 'cluster_sites2').ensuredir()
>>> src_dpath = (dpath / 'src').ensuredir()
>>> dst_dpath = (dpath / 'dst')
>>> from geowatch.geoannots import geomodels
>>> region = geomodels.RegionModel.random(num_sites=10)
>>> src_fpath = src_dpath / 'demo_region.geojson'
>>> src_fpath.write_text(region.dumps())
>>> kwargs = {
>>>     'src': src_fpath,
>>>     'dst_dpath': dst_dpath,
>>>     'io_workers': 0,
>>>     'draw_clusters': 1,
>>>     'crop_time': True,
>>> }
>>> cmdline = 0
>>> cluster_sites.main(cmdline=cmdline, **kwargs)












            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.coco_add_watch_fields module

Adds fields needed by ndsampler to correctly “watch” a region.

Some of this is done hueristically. We assume images come from certain sensors.
We assume input is orthorectified.  We assume some GSD “target” gsd for video
and image processing. Note a video GSD will typically be much higher (i.e.
lower resolution) than an image GSD.


	SeeAlso:
	~/code/watch/geowatch/utils/kwcoco_extensions.py






	
class geowatch.cli.coco_add_watch_fields.AddWatchFieldsConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Updates kwcoco image transforms and sets video space to a target GSD.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'default_gsd': <Value(None)>, 'dst': <Value(None)>, 'edit_geotiff_metadata': <Value(False)>, 'enable_intensity_stats': <Value(False)>, 'enable_valid_region': <Value(False)>, 'enable_video_stats': <Value(True)>, 'inplace': <Value(False)>, 'mode': <Value('process')>, 'overwrite': <Value(False)>, 'remove_broken': <Value(False)>, 'skip_populate_errors': <Value(False)>, 'src': <Value('data.kwcoco.json')>, 'target_gsd': <Value(10.0)>, 'workers': <Value(0)>}

	




	
normalize()

	








	
geowatch.cli.coco_add_watch_fields.main(cmdline=True, **kwargs)

	CommandLine

kwcoco toydata --key vidshapes8-multispectral --dst toydata.kwcoco.json
jq .images[0].auxiliary[0].file_name toydata.kwcoco.json

kwcoco stats toydata.kwcoco.json
kwcoco validate toydata.kwcoco.json

jq .videos toydata.kwcoco.json
jq .images[0] toydata.kwcoco.json

python -m geowatch.cli.coco_add_watch_fields \
    --src toydata.kwcoco.json \
    --dst toydata-gsd10.kwcoco.json \
    --target_gsd=10

jq .videos toydata-gsd10.kwcoco.json
jq .images[0] toydata-gsd10.kwcoco.json





Example

>>> from geowatch.cli.coco_add_watch_fields import *  # NOQA
>>> import kwcoco
>>> # TODO: make a demo dataset with some sort of gsd metadata
>>> dset = kwcoco.CocoDataset.demo('vidshapes8-multispectral')
>>> print('dset = {!r}'.format(dset))
>>> target_gsd = 13.0
>>> main(cmdline=False, src=dset, dst='return', target_gsd=target_gsd, default_gsd=1)
>>> print('dset.index.imgs[1] = ' + ub.urepr(dset.index.imgs[1], nl=2))
>>> print('dset.index.videos = {}'.format(ub.urepr(dset.index.videos, nl=1)))












            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.coco_align module

Given the raw data in kwcoco format, this script will extract orthorectified
regions around areas of interest across time.

The align script works by making two geopandas data frames of geo-boundaries,
one for regions and one for all images (as defined by their geotiff metadata).
I then use the util_gis.geopandas_pairwise_overlaps to efficiently find which
regions intersect which images. Images that intersect a region are grouped
together (the same image might belong to multiple regions). Then within each
region group, the script finds all images that have the same datetime metadata
and groups those together. Finally, images with the “same-exact” bands are
grouped together. For each band-group I use gdal-warp to crop to the region,
which creates a set of temporary files, and then finally gdalmerge is used to
combine those different crops into a single image.

The main corner case in the above process is when one image has “r|g|b” but
another image has “r|g|b|yellow”, there is no logic to split those channels out
at the moment.

Notes

# Example invocation to create the full drop1 aligned dataset

DVC_DPATH=$HOME/data/dvc-repos/smart_watch_dvc
INPUT_COCO_FPATH=$DVC_DPATH/drop1/data.kwcoco.json
OUTPUT_COCO_FPATH=$DVC_DPATH/drop1-WV-only-aligned/data.kwcoco.json
REGION_FPATH=$DVC_DPATH/drop1/all_regions.geojson
VIZ_DPATH=$OUTPUT_COCO_FPATH/_viz_video

# Quick stats about input datasets
python -m kwcoco stats $INPUT_COCO_FPATH
python -m geowatch stats $INPUT_COCO_FPATH

# Combine the region models
python -m geowatch.cli.merge_region_models 


–src $DVC_DPATH/drop1/region_models/*.geojson –dst $REGION_FPATH





	python -m geowatch.cli.coco_add_watch_fields 
	–src $INPUT_COCO_FPATH –dst $INPUT_COCO_FPATH.prepped –workers 16 –target_gsd=10





# Execute alignment / crop script
python -m geowatch.cli.coco_align 


–src $INPUT_COCO_FPATH.prepped –dst $OUTPUT_COCO_FPATH –regions $REGION_FPATH –rpc_align_method orthorectify –workers=10 –aux_workers=2 –context_factor=1 –geo_preprop=False –include_sensors=WV –keep img





	
class geowatch.cli.coco_align.AssetExtractConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Part of the extract config for asset jobs

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'asset_timeout': <Value('4hours')>, 'cooldown': <Value(10)>, 'corruption_checks': <Value(False)>, 'exclude_channels': <Value(None)>, 'force_min_gsd': <Value(None)>, 'force_nodata': <Value(None)>, 'hack_lazy': <Value(False)>, 'include_channels': <Value(None)>, 'keep': <Value(None)>, 'tries': <Value(2)>, 'unsigned_nodata': <Value(256)>, 'verbose': <Value(0)>}

	




	
normalize()

	








	
class geowatch.cli.coco_align.ImageExtractConfig(*args, **kwargs)

	Bases: AssetExtractConfig

Part of the extract config for image jobs

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'asset_timeout': <Value('4hours')>, 'aux_workers': <Value(0)>, 'cooldown': <Value(10)>, 'corruption_checks': <Value(False)>, 'exclude_channels': <Value(None)>, 'force_min_gsd': <Value(None)>, 'force_nodata': <Value(None)>, 'hack_lazy': <Value(False)>, 'image_timeout': <Value('8hours')>, 'include_channels': <Value(None)>, 'keep': <Value(None)>, 'num_end_frames': <Value(None)>, 'num_start_frames': <Value(None)>, 'rpc_align_method': <Value('orthorectify')>, 'tries': <Value(2)>, 'unsigned_nodata': <Value(256)>, 'verbose': <Value(0)>}

	








	
class geowatch.cli.coco_align.ExtractConfig(*args, **kwargs)

	Bases: ImageExtractConfig

This is a subset of the above config for arguments a passed to
extract_overlaps. We may use this config as a base class to inherit from,
but for now we duplicate param names.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'asset_timeout': <Value('4hours')>, 'aux_workers': <Value(0)>, 'cooldown': <Value(10)>, 'corruption_checks': <Value(False)>, 'debug_valid_regions': <Value(False)>, 'exclude_channels': <Value(None)>, 'force_min_gsd': <Value(None)>, 'force_nodata': <Value(None)>, 'hack_lazy': <Value(False)>, 'image_timeout': <Value('8hours')>, 'img_workers': <Value(0)>, 'include_channels': <Value(None)>, 'keep': <Value(None)>, 'max_frames': <Value(None)>, 'num_end_frames': <Value(None)>, 'num_start_frames': <Value(None)>, 'rpc_align_method': <Value('orthorectify')>, 'sensor_to_time_window': <Value(None)>, 'target_gsd': <Value(10)>, 'tries': <Value(2)>, 'unsigned_nodata': <Value(256)>, 'verbose': <Value(0)>, 'visualize': <Value(False)>, 'write_subsets': <Value(False)>}

	




	
normalize()

	








	
class geowatch.cli.coco_align.CocoAlignGeotiffConfig(*args, **kwargs)

	Bases: ExtractConfig

Create a dataset of aligned temporal sequences around objects of interest
in an unstructured collection of annotated geotiffs.


	High Level Steps:
	
	Find a set of geospatial AOIs


	For each AOI find all images that overlap


	Orthorectify (or warp) the selected spatial region and its
annotations to a cannonical space.








Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'asset_timeout': <Value('4hours')>, 'aux_workers': <Value(0)>, 'context_factor': <Value(1.0)>, 'convexify_regions': <Value(False)>, 'cooldown': <Value(10)>, 'corruption_checks': <Value(False)>, 'debug_valid_regions': <Value(False)>, 'dst': <Value(None)>, 'dst_bundle_dpath': <Value(None)>, 'edit_geotiff_metadata': <Value(False)>, 'exclude_channels': <Value(None)>, 'exclude_sensors': <Value(None)>, 'force_min_gsd': <Value(None)>, 'force_nodata': <Value(None)>, 'geo_preprop': <Value('auto')>, 'hack_lazy': <Value(False)>, 'image_timeout': <Value('8hours')>, 'img_workers': <Value(0)>, 'include_channels': <Value(None)>, 'include_sensors': <Value(None)>, 'keep': <Value(None)>, 'max_frames': <Value(None)>, 'minimum_size': <Value(None)>, 'num_end_frames': <Value(None)>, 'num_start_frames': <Value(None)>, 'regions': <Value('annots')>, 'rpc_align_method': <Value('orthorectify')>, 'sensor_to_time_window': <Value(None)>, 'site_summary': <Value(False)>, 'src': <Value('in.geojson.json')>, 'target_gsd': <Value(10)>, 'tries': <Value(2)>, 'unsigned_nodata': <Value(256)>, 'verbose': <Value(0)>, 'visualize': <Value(False)>, 'write_subsets': <Value(False)>}

	








	
geowatch.cli.coco_align.main(cmdline=True, **kw)

	Main function for coco_align.
See :class:``CocoAlignGeotiffConfig` for details

CommandLine

xdoctest -m geowatch.cli.coco_align main:0





Example

>>> from geowatch.cli.coco_align import *  # NOQA
>>> from geowatch.demo.landsat_demodata import grab_landsat_product
>>> from geowatch.gis.geotiff import geotiff_metadata
>>> # Create a dead simple coco dataset with one image
>>> import dateutil.parser
>>> import kwcoco
>>> import kwimage
>>> coco_dset = kwcoco.CocoDataset()
>>> ls_prod = grab_landsat_product()
>>> fpath = ls_prod['bands'][0]
>>> meta = geotiff_metadata(fpath)
>>> # We need a date captured ATM in a specific format
>>> dt = dateutil.parser.parse(
>>>     meta['filename_meta']['acquisition_date'])
>>> date_captured = dt.strftime('%Y/%m/%d')
>>> gid = coco_dset.add_image(file_name=fpath, date_captured=date_captured)
>>> dummy_poly = kwimage.Polygon.from_geojson(meta['geos_corners'])
>>> dummy_poly = dummy_poly.scale(0.03, about='center')
>>> sseg_geos = dummy_poly.to_geojson()
>>> # NOTE: script is not always robust to missing annotation
>>> # information like segmentation and bad bbox, but for this
>>> # test config it is
>>> coco_dset.add_annotation(
>>>     image_id=gid, bbox=[0, 0, 0, 0], segmentation_geos=sseg_geos)
>>> #
>>> # Create arguments to the script
>>> dpath = ub.Path.appdir('geowatch/test/coco_align').ensuredir()
>>> dst = (dpath / 'align_bundle1').ensuredir()
>>> dst.delete()
>>> dst.ensuredir()
>>> kw = {
>>>     'src': coco_dset,
>>>     'dst': dst,
>>>     'regions': 'annots',
>>>     'workers': 2,
>>>     'aux_workers': 2,
>>>     'convexify_regions': True,
>>>     'minimum_size': '8000x8000 @ 1GSD',
>>>     #'image_timeout': '1 microsecond',
>>>     #'asset_timeout': '1 microsecond',
>>>     'hack_lazy': 0,
>>> }
>>> cmdline = False
>>> new_dset = main(cmdline, **kw)





Example

>>> # Test timeout
>>> # xdoctest: +REQUIRES(env:SLOW_DOCTESTS)
>>> from geowatch.cli.coco_align import *  # NOQA
>>> from geowatch.demo.landsat_demodata import grab_landsat_product
>>> from geowatch.gis.geotiff import geotiff_metadata
>>> # Create a dead simple coco dataset with one image
>>> import dateutil.parser
>>> import kwcoco
>>> import kwimage
>>> coco_dset = kwcoco.CocoDataset()
>>> ls_prod = grab_landsat_product()
>>> fpath = ls_prod['bands'][0]
>>> meta = geotiff_metadata(fpath)
>>> # We need a date captured ATM in a specific format
>>> dt = dateutil.parser.parse(
>>>     meta['filename_meta']['acquisition_date'])
>>> date_captured = dt.strftime('%Y/%m/%d')
>>> gid = coco_dset.add_image(file_name=fpath, date_captured=date_captured)
>>> dummy_poly = kwimage.Polygon.from_geojson(meta['geos_corners'])
>>> dummy_poly = dummy_poly.scale(0.03, about='center')
>>> sseg_geos = dummy_poly.to_geojson()
>>> from geowatch.geoannots import geomodels
>>> region = geomodels.RegionModel.random(region_poly=dummy_poly, start_time=dt.isoformat())
>>> # Create arguments to the script
>>> dpath = ub.Path.appdir('geowatch/test/coco_align').ensuredir()
>>> dst = (dpath / 'align_bundle_timeout').ensuredir()
>>> dst.delete()
>>> dst.ensuredir()
>>> region_fpath = dpath / 'region_model.geojson'
>>> region_fpath.write_text(region.dumps())
>>> kw = {
>>>     'src': coco_dset,
>>>     'dst': dst,
>>>     'regions': region_fpath,
>>>     'workers': 2,
>>>     'aux_workers': 2,
>>>     'convexify_regions': True,
>>>     'asset_timeout': '0.00001 seconds',
>>>     'hack_lazy': 0,
>>> }
>>> cmdline = False
>>> new_dset = main(cmdline, **kw)
>>> assert len(new_dset.images()) == 0





Example

>>> # Confirm expected behavior of `force_min_gsd` keyword argument
>>> from geowatch.cli.coco_align import *  # NOQA
>>> from geowatch.demo.landsat_demodata import grab_landsat_product
>>> from geowatch.gis.geotiff import geotiff_metadata, geotiff_crs_info
>>> # Create a dead simple coco dataset with one image
>>> import kwcoco
>>> import kwimage
>>> import dateutil.parser
>>> coco_dset = kwcoco.CocoDataset()
>>> ls_prod = grab_landsat_product()
>>> fpath = ls_prod['bands'][0]
>>> meta = geotiff_metadata(fpath)
>>> # We need a date captured ATM in a specific format
>>> dt = dateutil.parser.parse(
>>>     meta['filename_meta']['acquisition_date'])
>>> date_captured = dt.strftime('%Y/%m/%d')
>>> gid = coco_dset.add_image(file_name=fpath, date_captured=date_captured)
>>> dummy_poly = kwimage.Polygon.from_geojson(meta['geos_corners'])
>>> dummy_poly = dummy_poly.scale(0.3, about='center')
>>> sseg_geos = dummy_poly.to_geojson()
>>> # NOTE: script is not always robust to missing annotation
>>> # information like segmentation and bad bbox, but for this
>>> # test config it is
>>> coco_dset.add_annotation(
>>>     image_id=gid, bbox=[0, 0, 0, 0], segmentation_geos=sseg_geos)
>>> #
>>> # Create arguments to the script
>>> dpath = ub.Path.appdir('geowatch/test/coco_align').ensuredir()
>>> dst = ub.ensuredir((dpath, 'align_bundle1_force_gsd'))
>>> ub.delete(dst)
>>> dst = ub.ensuredir(dst)
>>> kw = {
>>>     'src': coco_dset,
>>>     'dst': dst,
>>>     'regions': 'annots',
>>>     'workers': 2,
>>>     'aux_workers': 2,
>>>     'convexify_regions': True,
>>>     #'image_timeout': '1 microsecond',
>>>     #'asset_timeout': '1 microsecond',
>>>     'visualize': False,
>>>     'force_min_gsd': 60.0,
>>> }
>>> cmdline = False
>>> new_dset = main(cmdline, **kw)
>>> coco_img = new_dset.coco_image(2)
>>> # Check our output is in the CRS we think it is
>>> asset = coco_img.primary_asset()
>>> parent_fpath = asset['parent_file_names']
>>> crop_fpath = ub.Path(new_dset.bundle_dpath) / asset['file_name']
>>> info = geotiff_crs_info(crop_fpath)
>>> assert(all(info['meter_per_pxl'] == 60.0))





Example

>>> # xdoctest: +REQUIRES(env:SLOW_DOCTEST)
>>> from geowatch.cli.coco_align import *  # NOQA
>>> from geowatch.demo.smart_kwcoco_demodata import demo_kwcoco_with_heatmaps
>>> from geowatch.utils import util_gdal
>>> import kwimage
>>> import geojson
>>> import json
>>> coco_dset = demo_kwcoco_with_heatmaps(num_videos=2, num_frames=2)
>>> dpath = ub.Path.appdir('geowatch/test/coco_align2').ensuredir()
>>> dst = (dpath / 'align_bundle2').delete().ensuredir()
>>> # Create a dummy region file to crop to.
>>> first_img = coco_dset.images().take([0]).coco_images[0]
>>> first_fpath = first_img.primary_image_filepath()
>>> ds = util_gdal.GdalDataset.open(first_fpath)
>>> geo_poly = kwimage.Polygon.coerce(ds.info()['wgs84Extent'])
>>> region_shape = kwimage.Polygon.random(n=8, convex=False, rng=3)
>>> geo_transform = kwimage.Affine.fit(region_shape.bounding_box().corners(), geo_poly.bounding_box().corners())
>>> region_poly = region_shape.warp(geo_transform)
>>> region_feature = geojson.Feature(
>>>     properties={
>>>         "type": "region",
>>>         "region_id": "DUMMY_R042",
>>>         "start_date": '1970-01-01',
>>>         "end_date":  '2970-01-01',
>>>     },
>>>     geometry=region_poly.to_geojson(),
>>> )
>>> region = geojson.FeatureCollection([region_feature])
>>> region_fpath = dst / 'dummy_region.geojson'
>>> region_fpath.write_text(json.dumps(region))
>>> # Create arguments to the script
>>> kw = {
>>>     'src': coco_dset,
>>>     'dst': dst,
>>>     'regions': region_fpath,
>>>     'workers': 0,
>>>     'aux_workers': 0,
>>>     'debug_valid_regions': True,
>>>     'target_gsd': 0.7,
>>> }
>>> cmdline = False
>>> new_dset = main(cmdline, **kw)
>>> coco_img = new_dset.coco_image(2)
>>> # Check our output is in the CRS we think it is
>>> asset = coco_img.primary_asset()
>>> parent_fpath = asset['parent_file_names']
>>> crop_fpath = str(ub.Path(new_dset.bundle_dpath) / asset['file_name'])
>>> print(ub.cmd(['gdalinfo', parent_fpath])['out'])
>>> print(ub.cmd(['gdalinfo', crop_fpath])['out'])





>>> # Test that the input dataset visualizes ok
>>> from geowatch.cli import coco_visualize_videos
>>> viz_dpath = (dpath / 'viz_input_align_bundle2').ensuredir()
>>> coco_visualize_videos.main(cmdline=False, **{
>>>     'src': new_dset,
>>>     'viz_dpath': viz_dpath,
>>> })





print(ub.cmd([‘gdalinfo’, parent_fpath])[‘out’])
print(ub.cmd([‘gdalinfo’, crop_fpath])[‘out’])

df1 = covered_annot_geo_regions(coco_dset)
df2 = covered_image_geo_regions(coco_dset)






	
class geowatch.cli.coco_align.SimpleDataCube(coco_dset, gids=None)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Given a CocoDataset containing geotiffs, provide a simple API to extract a
region in some coordinate space.

Intended usage is to use query_image_overlaps() to find images that
overlap an ROI, then then extract_overlaps() to warp spatial subsets
of that data into an aligned temporal sequence.


	
classmethod demo(with_region=False, extra=0)

	




	
query_image_overlaps(region_df)

	Find the images that overlap with a each space-time region

For each region, assigns all images that overlap the space-time bounds,
and constructs arguments to extract_overlaps().


	Parameters:

	region_df (GeoDataFrame) – data frame containing all space-time
region queries.



	Returns:

	Information about which images belong to this ROI and their
temporal sequence. Also contains strings to be used for
subdirectories in the extract step.



	Return type:

	dict [https://docs.python.org/3/library/stdtypes.html#dict]





Example

>>> from geowatch.cli.coco_align import *  # NOQA
>>> cube, region_df = SimpleDataCube.demo(with_region=True)
>>> to_extract = cube.query_image_overlaps(region_df)










	
extract_overlaps(image_overlaps, extract_dpath, new_dset=None, extract_config=None)

	Given a region of interest, extract an aligned temporal sequence
of data to a specified directory.


	Parameters:

	
	image_overlaps (dict) – Information about images in an ROI and their
temporal order computed from :func:query_image_overlaps.


	extract_dpath (str) – where to dump the data extracted from this ROI.


	new_dset (kwcoco.CocoDataset | None) – if specified, add extracted images and annotations to this
dataset, otherwise create a new dataset.


	extract_config (ExtractConfig) – configuration for how to perform the extract task.






	Returns:

	the given or new dataset that was modified



	Return type:

	kwcoco.CocoDataset





Example

>>> # xdoctest: +REQUIRES(env:SLOW_DOCTEST)
>>> from geowatch.cli.coco_align import *  # NOQA
>>> import kwcoco
>>> cube, region_df = SimpleDataCube.demo(with_region=True)
>>> extract_dpath = ub.Path.appdir('geowatch/test/coco_align/demo_extract_overlaps').ensuredir()
>>> rpc_align_method = 'orthorectify'
>>> new_dset = kwcoco.CocoDataset()
>>> to_extract = cube.query_image_overlaps(region_df)
>>> image_overlaps = to_extract[0]
>>> extract_config = ExtractConfig(img_workers=32)
>>> cube.extract_overlaps(image_overlaps, extract_dpath,
>>>                       new_dset=new_dset, extract_config=extract_config)





Example

>>> # xdoctest: +REQUIRES(env:SLOW_DOCTEST)
>>> from geowatch.cli.coco_align import *  # NOQA
>>> import kwcoco
>>> cube, region_df = SimpleDataCube.demo(with_region=True, extra=True)
>>> extract_dpath = ub.Path.appdir('geowatch/test/coco_align/demo_extract_overlaps2').ensuredir()
>>> rpc_align_method = 'orthorectify'
>>> to_extract = cube.query_image_overlaps(region_df)
>>> new_dset = kwcoco.CocoDataset()
>>> image_overlaps = to_extract[1]
>>> extract_config = ExtractConfig(img_workers=0)
>>> cube.extract_overlaps(image_overlaps, extract_dpath,
>>>                       new_dset=new_dset,
>>>                       extract_config=extract_config)














	
geowatch.cli.coco_align._handle_multiple_images_per_date(coco_dset, gids, local_epsg, sh_space_region_local, extract_config, prog, cube, space_region_crs84, extract_dpath, video_name, iso_time, space_str, space_region_local)

	We got multiple images for the same timestamp.  Im not sure if this is
necessary but thig logic attempts to sort them such that the “best” image
to use is first.  Ideally gdalwarp would take care of this but I’m not sure
it does.






	
geowatch.cli.coco_align.extract_image_job(img, other_imgs, anns, bundle_dpath, new_bundle_dpath, name, datetime_, num, frame_index, new_vidid, new_vidname, sub_bundle_dpath, space_str, space_region, space_box, start_gid, start_aid, local_epsg=None, img_config=None)

	Threaded worker function for SimpleDataCube.extract_overlaps().


	Returns:

	new_img, new_anns



	Return type:

	Tuple[Dict, Dict]










	
geowatch.cli.coco_align._fix_geojson_poly(geo)

	We were given geojson polygons with one fewer layers of nesting than
the spec allows for. Fix this.

Example

>>> import kwimage
>>> geo1 = kwimage.Polygon.random().to_geojson()
>>> fixed1 = _fix_geojson_poly(geo1)
>>> #
>>> geo2 = {'type': 'Polygon', 'coordinates': geo1['coordinates'][0]}
>>> fixed2 = _fix_geojson_poly(geo2)
>>> assert fixed1 == fixed2
>>> assert fixed1 == geo1
>>> assert fixed2 != geo2










	
geowatch.cli.coco_align._aligncrop(obj_group, bundle_dpath, name, sensor_coarse, dst_dpath, space_region, space_box, align_method, is_multi_image, local_epsg=None, asset_config=None)

	Threaded worker function for SimpleDataCube.extract_image_job().






	
geowatch.cli.coco_align._debug_valid_regions(cube, coco_dset, space_region_crs84, space_region_local, final_gids, rows, sh_space_region_local, local_epsg, extract_dpath, video_name, iso_time, space_str, sensor_coarse)

	Debugging helper






	
exception geowatch.cli.coco_align.SkipImage

	Bases: Exception [https://docs.python.org/3/library/exceptions.html#Exception]








            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.coco_align_geotiffs module




            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.coco_average_features module


	
class geowatch.cli.coco_average_features.CocoAverageFeaturesConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Average multiple kwcoco files - i.e. ensemble heatmap predictions.

Create a new kwcoco file with averaged features from multiple kwcoco files.


	High Level Steps:
	
	Load kwcoco files. Must have at least two kwcoco files.


	Create new kwcoco file by copying first kwcoco file.


	
	For each image ID in the kwcoco file, load the features from each kwcoco file.
	
	Average the features from each kwcoco file.


	Save the averaged features to the new kwcoco image.










	Save the new kwcoco file.








Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'channel_name': <Value(None)>, 'flexible_merge': <Value(False)>, 'io_workers': <Value('avail')>, 'kwcoco_file_paths': <Value(None)>, 'output_channel_names': <Value(None)>, 'output_kwcoco_path': <Value(None)>, 'resolution': <Value(None)>, 'sensors': <Value(None)>, 'weights': <Value(None)>}

	








	
geowatch.cli.coco_average_features.split_channel_names_by_grammar(channel_names)

	Split a string containing channel names by commas (,) and pipes (|).


	Parameters:

	channel_names (str) – A string that may contain commas and pipe characters.



	Returns:

	A list of strings that were originally divided by certain characters.



	Return type:

	list [https://docs.python.org/3/library/stdtypes.html#list](str [https://docs.python.org/3/library/stdtypes.html#str])










	
geowatch.cli.coco_average_features.check_kwcoco_file(kwcoco_file, channel_name, sensor_names=None, flexible_merge=False)

	Make sure that kwcoco files exist and contain required channel name.


	Parameters:

	
	kwcoco_file (kwcoco.CocoDataset) – kwcoco file containing images.


	channel_name (str) – Name of channel thats required to be in kwcoco file.


	sensor_names (list(str), optional) – Only check images of from these types of sensors. Defaults to None.


	flexible_merge (bool, optional) – Skip images that do not contain channel_name. Defaults to False.






	Returns:

	A list of names corresponding to images without the channel name.



	Return type:

	missing_image_names (list [https://docs.python.org/3/library/stdtypes.html#list])










	
geowatch.cli.coco_average_features.merge_kwcoco_channels(kwcoco_file_paths, output_kwcoco_path, channel_names, weights, output_channel_names, sensor_names=None, resolution=None, flexible_merge=False, io_workers='avail')

	Compute a weighted mean of channels from separate kwcoco file and save into
merged kwcoco file.


	Assumptions:
	
	
	The channel_nams to merge are not a subset of a group of channels targeted in the kwcoco file.
	
	I.e. ‘salient’ in ‘salient|notsalient’ will not work.

















	Parameters:

	
	kwcoco_file_paths (list(str)) – A list of paths representing pathes to kwcoco files to be merged.


	output_kwcoco_path (str) – Local path to the kwcoco file with merged channels.


	channel_names (list(str)) – A list of channel names corresponding to the channel name to merge
from each kwcoco file. Note, the length of the channel names be
equal to the number of kwcoco file paths.


	weights (list(int)) – A list of floats representing how much weight a particular kwcoco
file should contribute to the final merged prediction.


	output_channel_names (list(str)) – A list containing the names of the output channel names. Must
contain the same number of channel names as the input channel
names.


	sensor_names (list(str), optional) – Only merge images belonging to sensors in this list. Defaults to None (aka do not filter by sensor).


	resolution (int | str, optional) – GSD to resize the resolution of the images to. Defaults to None.


	flexible_merge (bool, optional) – Skip images that do not contain channel_name. Defaults to False.








Example

>>> # TEST 1: Merge two kwcoco files with the same number of images and plot results.
>>> from geowatch.cli.coco_average_features import *  # NOQA
>>> import geowatch
>>> import kwimage
>>> import numpy as np
>>> from kwcoco.demo.perterb import perterb_coco
>>> import kwcoco
>>> dpath = ub.Path.appdir('geowatch/test/coco_average_features')
>>> base_dset = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, dates=True, image_size=(64, 64), num_videos=2, num_frames=2)
>>> # Construct two copies of the same data with slightly different heatmaps
>>> dset1 = perterb_coco(base_dset.copy(), box_noise=0.5, cls_noise=0.5, n_fp=10, n_fn=10, rng=32)
>>> dset2 = base_dset.copy()
>>> for video in dset1.dataset['videos']:
...      video['resolution'] = '10GSD'
>>> for video in dset2.dataset['videos']:
...      video['resolution'] = '10GSD'
>>> dset1.fpath = ub.Path(dset1.fpath).augment(stemsuffix='_heatmap1')
>>> dset2.fpath = ub.Path(dset2.fpath).augment(stemsuffix='_heatmap2')
>>> geowatch.demo.smart_kwcoco_demodata.hack_in_heatmaps(dset1, heatmap_dname='dummy_heatmap1', with_nan=0, rng=423432)
>>> geowatch.demo.smart_kwcoco_demodata.hack_in_heatmaps(dset2, heatmap_dname='dummy_heatmap2', with_nan=0, rng=132129)
>>> dset1.dump(dset1.fpath)
>>> dset2.dump(dset2.fpath)
>>> # Build method args
>>> kwcoco_file_paths = [dset1.fpath, dset2.fpath]
>>> output_bundle_dpath = (dpath / 'merge_bundle').delete().ensuredir()
>>> output_kwcoco_path = output_bundle_dpath / 'data.kwcoco.json'
>>> channel_names = ['notsalient|salient'] * 2
>>> weights = [1.0, 1.0]
>>> output_channel_names = 'notsalient|salient'
>>> sensor_name = None
>>> resolution = '12GSD'
>>> # Execute merge
>>> merge_kwcoco_channels(kwcoco_file_paths, output_kwcoco_path,
>>>                       channel_names, weights, output_channel_names,
>>>                       sensor_name, resolution=resolution)
>>> # Check results
>>> output_dset = kwcoco.CocoDataset(output_kwcoco_path)
>>> gid = output_dset.images()[1]
>>> imdata1 = dset1.coco_image(gid).imdelay('salient', space='asset').finalize()
>>> imdata2 = dset2.coco_image(gid).imdelay('salient', space='asset').finalize()
>>> imdataM = output_dset.coco_image(gid).imdelay('salient', space='asset').finalize()
>>> imdata1_img = dset1.coco_image(gid).imdelay('salient', space='image').finalize()
>>> imdata2_img = dset2.coco_image(gid).imdelay('salient', space='image').finalize()
>>> imdataM_img = output_dset.coco_image(gid).imdelay('salient', space='image').finalize()
>>> print(f'Weights: {weights}')
>>> print(f'Img1  mean: {np.nan_to_num(imdata1).mean()}')
>>> print(f'Img2  mean: {np.nan_to_num(imdata2).mean()}')
>>> print(f'Merge mean: {np.nan_to_num(imdataM).mean()}')
>>> print()
>>> print(f'Img1  shape (asset space): {imdata1.shape}')
>>> print(f'Img2  shape (asset space): {imdata2.shape}')
>>> print(f'Merge shape (asset space): {imdataM.shape}')
>>> print(f'Img1  shape (img space): {imdata1_img.shape}')
>>> print(f'Img2  shape (img space): {imdata2_img.shape}')
>>> print(f'Merge shape (img space): {imdataM_img.shape}')
>>> os.remove(dset1.fpath)
>>> os.remove(dset2.fpath)
>>> os.remove(output_dset.fpath)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> F = kwimage.fill_nans_with_checkers
>>> kwplot.imshow(F(kwimage.normalize_intensity(imdata1)), title='img1 (asset)', pnum=(2, 3, 1), fnum=1)
>>> kwplot.imshow(F(kwimage.normalize_intensity(imdata2)), title='img2 (asset)', pnum=(2, 3, 2), fnum=1)
>>> kwplot.imshow(F(kwimage.normalize_intensity(imdataM)), title='mean (asset)', pnum=(2, 3, 3), fnum=1)
>>> kwplot.imshow(F(kwimage.normalize_intensity(imdata1_img)), title='img1 (img)', pnum=(2, 3, 4), fnum=1)
>>> kwplot.imshow(F(kwimage.normalize_intensity(imdata2_img)), title='img2 (img)', pnum=(2, 3, 5), fnum=1)
>>> kwplot.imshow(F(kwimage.normalize_intensity(imdataM_img)), title='mean (img)', pnum=(2, 3, 6), fnum=1)
>>> save_figure_path = dpath / 'test_1_result_plot.png'
>>> import matplotlib.pyplot as plt
>>> plt.savefig(save_figure_path)
>>> print(f'Test 1 plot saved to: {save_figure_path}')
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Example

>>> # TEST 2: Merge two kwcoco files with geo information.
>>> from geowatch.cli.coco_average_features import *  # NOQA
>>> import geowatch
>>> import kwimage
>>> from kwcoco.demo.perterb import perterb_coco
>>> import kwcoco
>>> import numpy as np
>>> dpath = ub.Path.appdir('geowatch/test/coco_average_features')
>>> base_dset = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, dates=True, image_size=(64, 64), num_videos=2, num_frames=2)
>>> # Construct two copies of the same data with slightly different heatmaps
>>> dset1 = perterb_coco(base_dset.copy(), box_noise=0.5, cls_noise=0.5, n_fp=10, n_fn=10, rng=32)
>>> dset2 = base_dset.copy()
>>> dset1.fpath = ub.Path(dset1.fpath).augment(stemsuffix='_heatmap1')
>>> dset2.fpath = ub.Path(dset2.fpath).augment(stemsuffix='_heatmap2')
>>> geowatch.demo.smart_kwcoco_demodata.hack_in_heatmaps(dset1, heatmap_dname='dummy_heatmap1', with_nan=0, rng=423555)
>>> geowatch.demo.smart_kwcoco_demodata.hack_in_heatmaps(dset2, heatmap_dname='dummy_heatmap2', with_nan=0, rng=132666)
>>> dset1.dump(dset1.fpath)
>>> dset2.dump(dset2.fpath)
>>> # Build method args
>>> kwcoco_file_paths = [dset1.fpath, dset2.fpath]
>>> output_bundle_dpath = (dpath / 'merge_bundle').delete().ensuredir()
>>> output_kwcoco_path = output_bundle_dpath / 'data.kwcoco.json'
>>> channel_names = ['notsalient|salient'] * 2
>>> weights = [1.0, 1.0]
>>> output_channel_names = 'notsalient|salient'
>>> sensor_name = None
>>> resolution = None
>>> # Execute merge
>>> merge_kwcoco_channels(kwcoco_file_paths, output_kwcoco_path,
>>>                       channel_names, weights, output_channel_names,
>>>                       sensor_name, resolution=resolution)
>>> # Check results
>>> output_dset = kwcoco.CocoDataset(output_kwcoco_path)
>>> gid = 3
>>> imdata1 = dset1.coco_image(gid).imdelay('salient', space='asset').finalize()
>>> imdata2 = dset2.coco_image(gid).imdelay('salient', space='asset').finalize()
>>> imdataM = output_dset.coco_image(gid).imdelay('salient', space='asset').finalize()
>>> imdata1_img = dset1.coco_image(gid).imdelay('salient', space='image').finalize()
>>> imdata2_img = dset2.coco_image(gid).imdelay('salient', space='image').finalize()
>>> imdataM_img = output_dset.coco_image(gid).imdelay('salient', space='image').finalize()
>>> print(f'Weights: {weights}')
>>> print(f'Img1  mean: {np.nan_to_num(imdata1).mean()}')
>>> print(f'Img2  mean: {np.nan_to_num(imdata2).mean()}')
>>> print(f'Merge mean: {np.nan_to_num(imdataM).mean()}')
>>> print()
>>> print(f'Img1  shape (asset space): {imdata1.shape}')
>>> print(f'Img2  shape (asset space): {imdata2.shape}')
>>> print(f'Merge shape (asset space): {imdataM.shape}')
>>> print(f'Img1  shape (img space): {imdata1_img.shape}')
>>> print(f'Img2  shape (img space): {imdata2_img.shape}')
>>> print(f'Merge shape (img space): {imdataM_img.shape}')
>>> os.remove(dset1.fpath)
>>> os.remove(dset2.fpath)
>>> os.remove(output_dset.fpath)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> F = kwimage.fill_nans_with_checkers
>>> kwplot.imshow(F(kwimage.normalize_intensity(imdata1)), title='img1 (asset)', pnum=(2, 3, 1), fnum=1)
>>> kwplot.imshow(F(kwimage.normalize_intensity(imdata2)), title='img2 (asset)', pnum=(2, 3, 2), fnum=1)
>>> kwplot.imshow(F(kwimage.normalize_intensity(imdataM)), title='mean (asset)', pnum=(2, 3, 3), fnum=1)
>>> kwplot.imshow(F(kwimage.normalize_intensity(imdata1_img)), title='img1 (img)', pnum=(2, 3, 4), fnum=1)
>>> kwplot.imshow(F(kwimage.normalize_intensity(imdata2_img)), title='img2 (img)', pnum=(2, 3, 5), fnum=1)
>>> kwplot.imshow(F(kwimage.normalize_intensity(imdataM_img)), title='mean (img)', pnum=(2, 3, 6), fnum=1)
>>> save_figure_path = dpath / 'test_2_result_plot.png'
>>> import matplotlib.pyplot as plt
>>> plt.savefig(save_figure_path)
>>> print(f'Test 2 plot saved to: {save_figure_path}')
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geowatch.cli.coco_average_features.main(cmdline=True, **kw)

	Main function for merge_kwcoco_channels.
See CocoAverageFeaturesConfig for details

TODO: Add examples

Example

>>> from geowatch.cli.coco_average_features import *  # NOQA
>>> import geowatch
>>> import kwimage
>>> import numpy as np
>>> from kwcoco.demo.perterb import perterb_coco
>>> import kwcoco
>>> dpath = ub.Path.appdir('geowatch/test/coco_average_features_main')
>>> base_dset = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, dates=True, image_size=(64, 64), num_videos=2, num_frames=2)
>>> # Construct two copies of the same data with slightly different heatmaps
>>> dset1 = perterb_coco(base_dset.copy(), box_noise=0.5, cls_noise=0.5, n_fp=10, n_fn=10, rng=32)
>>> dset2 = base_dset.copy()
>>> for video in dset1.dataset['videos']:
...      video['resolution'] = '10GSD'
>>> for video in dset2.dataset['videos']:
...      video['resolution'] = '10GSD'
>>> dset1.fpath = ub.Path(dset1.fpath).augment(stemsuffix='_heatmap1')
>>> dset2.fpath = ub.Path(dset2.fpath).augment(stemsuffix='_heatmap2')
>>> geowatch.demo.smart_kwcoco_demodata.hack_in_heatmaps(dset1, heatmap_dname='dummy_heatmap1', with_nan=0, rng=423432)
>>> geowatch.demo.smart_kwcoco_demodata.hack_in_heatmaps(dset2, heatmap_dname='dummy_heatmap2', with_nan=0, rng=132129)
>>> dset1.dump(dset1.fpath)
>>> dset2.dump(dset2.fpath)
>>> output_kwcoco_path = dpath / 'output.kwcoco.zip'
>>> # Execute merge
>>> kwargs = {
>>>     'kwcoco_file_paths': [dset1.fpath, dset2.fpath],
>>>     'output_kwcoco_path': output_kwcoco_path,
>>>     'channels': ['notsalient|salient'],
>>>     'resolution': 30,
>>> }
>>> cmdline = 0
>>> main(cmdline=cmdline, **kwargs)
>>> output_dset = kwcoco.CocoDataset(output_kwcoco_path)
>>> coco_img = output_dset.images().coco_images[0]
>>> import numpy as np
>>> assert not np.all(np.isnan(coco_img.imdelay('salient').finalize()))












            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.coco_clean_geotiffs module


	
class geowatch.cli.coco_clean_geotiffs.CleanGeotiffConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Clean geotiff files inplace by masking bad pixels with NODATA.

Replaces large contiguous regions of specific same-valued pixels as NODATA.


Note

This is a destructive operation and overwrites the geotiff image data
inplace. Make a copy of your dataset if there is any chance you need to
go back. The underlying kwcoco file is not modified.




	Usage:
	# It is a good idea to do a dry run first to check for issues
# This can be done at a smaller scale for speed.
DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=auto)
geowatch clean_geotiffs 


–src “$DVC_DATA_DPATH/Drop4-BAS/data.kwcoco.json” –channels=”red|green|blue|nir|swir16|swir22” –prefilter_channels=”red” –min_region_size=256 –nodata_value=-9999 –workers=”min(2,avail)” –probe_scale=0.5 –dry=True




# Then execute a real run at full scale - optionally with a probe scale
geowatch clean_geotiffs 


–src “$DVC_DATA_DPATH/Drop4-BAS/data_vali.kwcoco.json” –channels=”red|green|blue|nir|swir16|swir22” –prefilter_channels=”red” –min_region_size=256 –nodata_value=-9999 –workers=”min(2,avail)” –probe_scale=None –dry=False








Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'channels': <Value('*')>, 'dry': <Value(False)>, 'exclude_channels': <Value('quality|cloudmask')>, 'export_bad_fpath': <Value(None)>, 'min_region_size': <Value(256)>, 'nodata_value': <Value(-9999)>, 'possible_nodata_values': <Value([0])>, 'prefilter_channels': <Value('red')>, 'probe_scale': <Value(None)>, 'scale': <Value(None)>, 'src': <Value(None)>, 'use_fix_stamps': <Value(False)>, 'workers': <Value(0)>}

	








	
geowatch.cli.coco_clean_geotiffs.main(cmdline=1, **kwargs)

	CommandLine

xdoctest -m geowatch.cli.coco_clean_geotiffs main





Example

>>> # xdoctest: +REQUIRES(env:SLOW_DOCTESTS)
>>> # Generate a dataset that has bad nodata values
>>> from geowatch.cli.coco_clean_geotiffs import *  # NOQA
>>> import kwimage
>>> import geowatch
>>> import kwarray
>>> import numpy as np
>>> # Create a copy of the test dataset to clean inplace
>>> orig_dset = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, bad_nodata=True)
>>> orig_dpath = ub.Path(orig_dset.bundle_dpath)
>>> dpath = orig_dpath.augment(stemsuffix='_cleaned')
>>> dpath.delete()
>>> orig_dpath.copy(dpath)
>>> dset = geowatch.coerce_kwcoco(dpath / 'data.kwcoco.json')
>>> coco_img = dset.images().coco_images[0]
>>> kwargs = {
>>>     'src': dset,
>>>     'workers': 0,
>>>     'channels': 'B11',
>>>     'prefilter_channels': 'B11',
>>>     'min_region_size': 32,
>>>     'nodata_value': 2,  # because toydata is uint16
>>> }
>>> cmdline = 0
>>> # Do a dry run first
>>> main(cmdline=cmdline, **kwargs, dry=True)
>>> # Then a real run.
>>> main(cmdline=cmdline, **kwargs)
>>> coco_img1 = orig_dset.images().coco_images[0]
>>> coco_img2 = dset.coco_image(coco_img1.img['id'])
>>> print(ub.urepr(list(coco_img1.iter_image_filepaths())))
>>> print(ub.urepr(list(coco_img2.iter_image_filepaths())))
>>> imdata1 = coco_img1.imdelay('B11', nodata_method='float').finalize()
>>> imdata2 = coco_img2.imdelay('B11', nodata_method='float').finalize()
>>> print(np.isnan(imdata1).sum())
>>> print(np.isnan(imdata2).sum())
>>> canvas1 = kwarray.robust_normalize(imdata1)
>>> canvas2 = kwarray.robust_normalize(imdata2)
>>> canvas1 = kwimage.nodata_checkerboard(canvas1)
>>> canvas2 = kwimage.nodata_checkerboard(canvas2)
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas1, pnum=(1, 2, 1), title='before')
>>> kwplot.imshow(canvas2, pnum=(1, 2, 2), title='after')










	
geowatch.cli.coco_clean_geotiffs.probe_image_issues(coco_img, channels=None, prefilter_channels=None, scale=None, possible_nodata_values=None, min_region_size=256, exclude_channels=None, probe_scale=None, use_fix_stamps=False, nodata_value=-9999)

	Inspect a single image, possibily with multiple assets, each with possibily
multiple bands for fixable nodata values.


	Parameters:

	
	coco_img – the coco image to check


	channels – the channels to check


	prefilter_channels – the channels to check first for efficiency. If they do not exist,
then the all channels are checked.


	possible_nodata_values (set[int]) – the values that may be nodata if known


	scale – use a downscaled overview to speed up the computation via
approximation. Returns results at this scale. DO NOT USE RIGHT NOW.


	probe_scale – use a downscaled overview to speed up the computation via
approximation. If the probe identifies an issue a full scale probe
is done.








Example

>>> import geowatch
>>> from geowatch.cli.coco_clean_geotiffs import *  # NOQA
>>> import numpy as np
>>> dset = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, bad_nodata=True)
>>> coco_img = dset.images().coco_images[4]
>>> channels = 'B11|B10|X.1'
>>> prefilter_channels = 'B11'
>>> scale = None
>>> possible_nodata_values = {0}
>>> min_region_size = 128
>>> image_summary = probe_image_issues(
>>>     coco_img, channels=channels, prefilter_channels=prefilter_channels,
>>>     scale=scale, possible_nodata_values=possible_nodata_values,
>>>     min_region_size=min_region_size)
>>> print(f'image_summary={image_summary}')










	
geowatch.cli.coco_clean_geotiffs.probe_asset(coco_img, obj, band_idxs=None, scale=None, possible_nodata_values=None, min_region_size=256, use_fix_stamps=False, nodata_value=-9999)

	Inspect a specific single-file asset possibily with multiple bands for
fixable nodata values.






	
geowatch.cli.coco_clean_geotiffs._probe_correct_nodata_value(fpath, band_idxs, nodata_value=-9999)

	




	
geowatch.cli.coco_clean_geotiffs.probe_asset_imdata(imdata, band_idxs, min_region_size_=256, possible_nodata_values=None)

	




	
geowatch.cli.coco_clean_geotiffs.probe_band_imdata(band_imdata, min_region_size_=256, possible_nodata_values=None)

	




	
geowatch.cli.coco_clean_geotiffs.fix_single_asset(fpath, dry=False)

	




	
geowatch.cli.coco_clean_geotiffs.fix_geotiff_ondisk(asset_summary, correct_nodata_value=-9999)

	Updates the nodata value based on a mask inplace on disk.
Attempts to preserve all other metadata, but this is not guarenteed or
always possible.


	Parameters:

	
	asset_summary (Dict) – an item from probe_asset().


	correct_nodata_value (int) – the nodata value to use in the
modified geotiff.









	Assumptions:
	
	The input image uses AVERAGE overview resampling


	The input image is a tiled geotiff (ideally a COG)









Todo


	[ ] Can restructure this as a more general context manager.






Example

>>> from geowatch.cli.coco_clean_geotiffs import *  # NOQA
>>> from geowatch.demo.metrics_demo.demo_rendering import write_demo_geotiff
>>> import kwimage
>>> import numpy as np
>>> dpath = ub.Path.appdir('geowatch/tests/clean_geotiff').ensuredir()
>>> fpath1 = dpath / 'test_geotiff.tif'
>>> fpath2 = fpath1.augment(stemsuffix='_fixed')
>>> fpath1.delete()
>>> fpath2.delete()
>>> imdata = kwimage.grab_test_image('amazon', dsize=(512, 512))
>>> poly = kwimage.Polygon.random().scale(imdata.shape[0:2][::-1])
>>> imdata = poly.draw_on(imdata, color='black')
>>> imdata = imdata.astype(np.int16)
>>> #imdata = poly.fill(imdata, value=(0, 0, 0), pixels_are='areas')
>>> imdata = poly.fill(imdata, value=0, pixels_are='areas')
>>> imdata[:256, :256, 0] = 0
>>> write_demo_geotiff(img_fpath=fpath1, imdata=imdata)
>>> fpath1.copy(fpath2)
>>> asset_summary = probe_asset_imdata(imdata, band_idxs=[0, 2], possible_nodata_values={0})
>>> asset_summary['fpath'] = fpath2
>>> assert fpath1.stat().st_size == fpath2.stat().st_size
>>> fix_geotiff_ondisk(asset_summary)
>>> assert fpath1.stat().st_size != fpath2.stat().st_size
>>> imdata1 = kwimage.imread(fpath1, nodata_method='ma')
>>> imdata2 = kwimage.imread(fpath2, nodata_method='ma')
>>> canvas1 = kwimage.normalize_intensity(imdata1)
>>> canvas2 = kwimage.normalize_intensity(imdata2)
>>> canvas1 = kwimage.nodata_checkerboard(canvas1)
>>> canvas2 = kwimage.nodata_checkerboard(canvas2)
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas1.data, pnum=(2, 2, 1), title='norm imdata1 vals')
>>> kwplot.imshow(canvas2.data, pnum=(2, 2, 2), title='norm imdata2 vals')
>>> kwplot.imshow(imdata1.mask.any(axis=2), pnum=(2, 2, 3), title='imdata1.mask')
>>> kwplot.imshow(imdata2.mask.any(axis=2), pnum=(2, 2, 4), title='imdata2.mask')
>>> #kwplot.imshow((asset_summary['is_samecolor'] > 0), pnum=(3, 2, 5), title='is samecolor mask')
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Example

>>> from geowatch.cli.coco_clean_geotiffs import *  # NOQA
>>> from geowatch.demo.metrics_demo.demo_rendering import write_demo_geotiff
>>> import kwimage
>>> import numpy as np
>>> dpath = ub.Path.appdir('geowatch/tests/clean_geotiff').ensuredir()
>>> fpath1 = dpath / 'test_geotiff.tif'
>>> fpath2 = fpath1.augment(stemsuffix='_fixed')
>>> fpath1.delete()
>>> fpath2.delete()
>>> imdata = kwimage.grab_test_image('amazon', dsize=(512, 512))[..., 0]
>>> poly = kwimage.Polygon.random().scale(imdata.shape[0:2][::-1])
>>> imdata = imdata.astype(np.int16)
>>> imdata = poly.fill(imdata, value=0, pixels_are='areas')
>>> imdata[:256, :256] = 0
>>> write_demo_geotiff(img_fpath=fpath1, imdata=imdata)
>>> fpath1.copy(fpath2)
>>> asset_summary = probe_asset_imdata(imdata, band_idxs=[0], possible_nodata_values={0})
>>> asset_summary['fpath'] = fpath2
>>> assert fpath1.stat().st_size == fpath2.stat().st_size
>>> fix_geotiff_ondisk(asset_summary)
>>> assert fpath1.stat().st_size != fpath2.stat().st_size
>>> imdata1 = kwimage.imread(fpath1, nodata_method='ma')
>>> imdata2 = kwimage.imread(fpath2, nodata_method='ma')
>>> canvas1 = kwimage.normalize_intensity(imdata1)
>>> canvas2 = kwimage.normalize_intensity(imdata2)
>>> canvas1 = kwimage.nodata_checkerboard(canvas1)
>>> canvas2 = kwimage.nodata_checkerboard(canvas2)
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas1.data, pnum=(2, 2, 1), title='norm imdata1 vals')
>>> kwplot.imshow(canvas2.data, pnum=(2, 2, 2), title='norm imdata2 vals')
>>> kwplot.imshow(imdata1.mask, pnum=(2, 2, 3), title='imdata1.mask')
>>> kwplot.imshow(imdata2.mask, pnum=(2, 2, 4), title='imdata2.mask')
>>> #kwplot.imshow((asset_summary['is_samecolor'] > 0), pnum=(3, 2, 5), title='is samecolor mask')
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geowatch.cli.coco_clean_geotiffs.draw_asset_summary(coco_img, asset_summary)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.coco_combine_features module

Combine kwcoco files with different “auxiliary” / “asset” features into a
single kwcoco file.


	
class geowatch.cli.coco_combine_features.CocoCombineFeatures(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Combine kwcoco files with different “auxiliary” / “asset” features into a
single kwcoco file.

The names of the kwcoco images in all of the input src datasets must be
the same.


Todo


	[ ] This might go in kwcoco proper? This could be folded into “union”






Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'absolute': <Value(False)>, 'dst': <Value(None)>, 'io_workers': <Value('avail')>, 'src': <Value([])>}

	








	
geowatch.cli.coco_combine_features.main(cmdline=True, **kwargs)

	Example

>>> from geowatch.cli import coco_combine_features
>>> import geowatch
>>> dset = geowatch.coerce_kwcoco('geowatch-msi')
>>> dpath = ub.Path.appdir('geowatch/tests/combine_fetures').ensuredir()
>>> # Breakup the data into two parts with different features
>>> dset1 = dset.copy()
>>> dset2 = dset.copy()
>>> dset1.fpath = dpath / 'part1.kwcoco.json'
>>> dset2.fpath = dpath / 'part2.kwcoco.json'
>>> # Remove all but the first asset from dset1
>>> for coco_img in dset1.images().coco_images:
...     del coco_img.img['auxiliary'][1:]
>>> # Remove the first asset from dset2
>>> for coco_img in dset2.images().coco_images:
...     del coco_img.img['auxiliary'][0]
>>> dset1.dump()
>>> dset2.dump()
>>> from geowatch.utils import kwcoco_extensions
>>> chan_stats0 = kwcoco_extensions.coco_channel_stats(dset)['chan_hist']
>>> chan_stats1 = kwcoco_extensions.coco_channel_stats(dset1)['chan_hist']
>>> chan_stats2 = kwcoco_extensions.coco_channel_stats(dset2)['chan_hist']
>>> assert chan_stats1 != chan_stats0, 'channels should be different'
>>> # Combining the two modified kwcoco files should result in the original
>>> dst_fpath = dpath / 'combo.kwcoco.json'
>>> kwargs = {
>>>     'src': [str(dset1.fpath), str(dset2.fpath)],
>>>     'dst': str(dst_fpath),
>>> }
>>> cmdline = 0
>>> coco_combine_features.main(cmdline=cmdline, **kwargs)
>>> dst_dset = geowatch.coerce_kwcoco(dst_fpath)
>>> chan_stats3 = kwcoco_extensions.coco_channel_stats(dst_dset)['chan_hist']
>>> assert chan_stats3 == chan_stats0, (
>>>     'combine features should have the same as the original dset')





Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> # xdoctest: +SKIP
>>> # drop1-S2-L8-aligned-old deprecated
>>> from geowatch.cli.coco_combine_features import *  # NOQA
>>> import os
>>> _default = ub.expandpath('$HOME/data/dvc-repos/smart_watch_dvc')
>>> dvc_dpath = ub.Path(os.environ.get('DVC_DPATH', _default))
>>> fpath1 = dvc_dpath / 'drop1-S2-L8-aligned/data.kwcoco.json'
>>> #fpath1 = dvc_dpath / 'drop1-S2-L8-aligned-old/data.kwcoco.json'
>>> fpath2 = dvc_dpath / 'drop1-S2-L8-aligned-old/uky_invariants.kwcoco.json'
>>> fpath3 = dvc_dpath / 'drop1-S2-L8-aligned/_testcombo.kwcoco.json'
>>> assert fpath1.exists()
>>> assert fpath2.exists()
>>> cmdline = False
>>> kwargs = {
>>>     'src': [str(fpath1), str(fpath2)],
>>>     'dst': str(fpath3),
>>> }
>>> main(cmdline, **kwargs)










	
geowatch.cli.coco_combine_features.combine_auxiliary_features(dst_dset, src_dsets)

	Copies all non-existing assets from src_dsets into dst_dset.

Updates each image in dst_dset with all non-existing asset (as
determined by the ‘channels’ attribute) in each corresponding image in each
src_dsets.


	Parameters:

	
	dst_dset (kwcoco.CocoDataset) – modified inplace


	src_dsets (List[kwcoco.CocoDataset])






	Returns:

	returns input dst_dset.



	Return type:

	kwcoco.CocoDataset





Example

>>> from geowatch.cli.coco_combine_features import *  # NOQA
>>> import kwcoco
>>> base = kwcoco.CocoDataset.demo('vidshapes8-multispectral')
>>> dset1 = base.copy()
>>> dset2 = base.copy()
>>> dset3 = base.copy()
>>> dset4 = base.copy()
>>> for img in dset1.index.imgs.values():
>>>     del img['auxiliary'][0::3]
>>> for img in dset2.index.imgs.values():
>>>     del img['auxiliary'][1::3]
>>> dset2.remove_images([2, 3])
>>> for img in dset3.index.imgs.values():
>>>     del img['auxiliary'][2::3]
>>> dset3.remove_images([2, 3])
>>> for img in dset4.index.imgs.values():
>>>     del img['auxiliary'][0::2]
>>> dset4.remove_images([2, 3])
>>> dst_dset = dset1
>>> src_dsets = [dset2, dset3, dset4]
>>> for img in dset1.index.imgs.values():
...     assert len(img['auxiliary']) != 5
>>> dst_dset = combine_auxiliary_features(dst_dset, src_dsets)
>>> lens1 = list(map(len, dset1.images(set(dset1.imgs) - {2, 3}).lookup('auxiliary')))
>>> assert ub.allsame([5] + lens1)
>>> lens2 = list(map(len, dset1.images({2, 3}).lookup('auxiliary')))
>>> assert ub.allsame([3] + lens2)










	
geowatch.cli.coco_combine_features.associate_images(dset1, dset2)

	Get image ids for images in two datasets that share the same name.

This is a hueristic for getting pairs of images that correspond between two
datasets.


	Parameters:

	
	dset1 (kwcoco.CocoDataset)


	dset2 (kwcoco.CocoDataset)






	Return type:

	Tuple[List[int [https://docs.python.org/3/library/functions.html#int]], List[int [https://docs.python.org/3/library/functions.html#int]], Dict]












            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.coco_crop_tracks module

CommandLine

DVC_DPATH=$(geowatch_dvc --hardware="hdd")
echo $DVC_DPATH
python -m geowatch.cli.coco_crop_tracks \
    --src="$DVC_DPATH/Aligned-Drop3-TA1-2022-03-10/data.kwcoco.json" \
    --dst="$DVC_DPATH/Cropped-Drop3-TA1-2022-03-10/data.kwcoco.json" \
    --mode=process --workers=8


# Small test of KR only
DVC_DPATH=$(geowatch_dvc --hardware="hdd")
echo $DVC_DPATH
python -m geowatch.cli.coco_crop_tracks \
    --src="$DVC_DPATH/Drop2-Aligned-TA1-2022-02-15/data.kwcoco.json" \
    --dst="$DVC_DPATH/Cropped-Drop2-TA1-test/data.kwcoco.json" \
    --mode=process --workers=8 --channels="red|green|blue" \
    --include_sensors="WV,S2,L8" --select_videos '.name | startswith("KR_R001")' \
    --target_gsd=3


TODO:
    - [ ] option to merge overlapping regions?






	
class geowatch.cli.coco_crop_tracks.CocoCropTrackConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Create a dataset of aligned temporal sequences around objects of interest
in an unstructured collection of annotated geotiffs.


	High Level Steps:
	
	Find a set of geospatial AOIs


	For each AOI find all images that overlap


	Orthorectify (or warp) the selected spatial region and its
annotations to a cannonical space.








Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'channels': <Value(None)>, 'context_factor': <Value(1.8)>, 'dst': <Value(None)>, 'exclude_sensors': <Value(None)>, 'include_sensors': <Value(None)>, 'keep': <Value('img')>, 'mode': <Value('process')>, 'select_images': <Value(None)>, 'select_videos': <Value(None)>, 'sqlmode': <Value(0)>, 'src': <Value('in.geojson.json')>, 'target_gsd': <Value(1)>, 'workers': <Value(1)>}

	








	
geowatch.cli.coco_crop_tracks.main(cmdline=0, **kwargs)

	Simple CLI for cropping to tracks






	
geowatch.cli.coco_crop_tracks.make_track_kwcoco_manifest(dst, dst_bundle_dpath, tid_to_assets, target_gsd=1)

	Rebundle in a a new kwcoco file


Todo


	[ ] populate auxiliary is taking a long time, speed it up.











	
geowatch.cli.coco_crop_tracks.generate_crop_jobs(coco_dset, dst_bundle_dpath, channels=None, context_factor=1.0)

	Generator that yields parameters to be used to call gdal_translate

Benchmark

# Test kwimage versus shapely warp

kw_poly = kwimage.Polygon.random()
kw_poly = kwimage.Boxes.random(1).to_polygons()[0]

sh_poly = kw_poly.to_shapely()
transform = kwimage.Affine.random()

import timerit
ti = timerit.Timerit(100, bestof=10, verbose=2)
for timer in ti.reset(‘shapely’):



	with timer:
	# This is faster than fancy indexing
a, b, x, d, e, y = transform.matrix.ravel()[0:6]
sh_transform = (a, b, d, e, x, y)
sh_warp_poly = affine_transform(sh_poly, sh_transform)









	for timer in ti.reset(‘kwimage’):
	
	with timer:
	kw_warp_poly = kw_poly.warp(transform)









kw_warp_poly2 = kwimage.Polygon.from_shapely(sh_warp_poly)
print(kw_warp_poly2)
print(kw_warp_poly)






	
geowatch.cli.coco_crop_tracks.run_crop_asset_task(crop_asset_task, keep)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.coco_reformat_channels module


	
class geowatch.cli.coco_reformat_channels.CocoReformatChannels(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Helper to remove channels from a coco file and reformat predictions from
float32 to int16.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'nodata': <Value(-9999)>, 'quantize': <Value(None)>, 'remove': <Value(None)>, 'src': <Value(None)>, 'workers': <Value(0)>}

	








	
geowatch.cli.coco_reformat_channels.main(cmdline=False, **kwargs)

	Example

>>> from geowatch.cli.coco_reformat_channels import *  # NOQA
>>> import kwcoco
>>> import kwarray
>>> import shutil
>>> # Make a dataset we can modify inplace
>>> orig_dset = kwcoco.CocoDataset.demo('vidshapes1-msi')
>>> orig_dset.reroot(absolute=False)
>>> orig_bundle = ub.Path(orig_dset.bundle_dpath)
>>> new_bundle = ub.Path.appdir('kwcoco/tests/test_reformat_channels')
>>> new_bundle.delete().ensuredir()
>>> shutil.copytree(orig_bundle, new_bundle, dirs_exist_ok=True)
>>> new_fpath = new_bundle / 'data.kwcoco.json'
>>> orig_dset.dump(new_fpath)
>>> new_dset = kwcoco.CocoDataset(new_fpath)
>>> gid = 1
>>> coco_img = new_dset.coco_image(gid)
>>> rng = kwarray.ensure_rng(432)
>>> imdata = rng.rand(128, 128)
>>> coco_img.add_auxiliary_item('test_prediction.tif', channels='salient', imdata=imdata, imwrite=True)
>>> new_dset.dump(new_dset.fpath)
>>> # now reformat this new dataset
>>> orig_pred = coco_img.imdelay('salient').finalize()
>>> kwargs = {
>>>     'src': new_dset.fpath,
>>>     'quantize': 'salient',
>>>     #'remove': 'B11',
>>> }
>>> cmdline = False
>>> main(cmdline=False, **kwargs)
>>> reformatted_dset = kwcoco.CocoDataset(new_fpath)
>>> assert 'quantization' in reformatted_dset.imgs[1]['auxiliary'][-1]
>>> new_coco_img = reformatted_dset.coco_image(gid)
>>> import numpy as np
>>> new_pred1 = np.nan_to_num(new_coco_img.imdelay('salient').finalize())
>>> #assert np.allclose(new_pred1, new_pred2)
>>> #new_pred2 = new_coco_img.imdelay('salient').finalize(dequantize=False)
>>> #assert new_pred2.dtype.kind == 'i'










	
geowatch.cli.coco_reformat_channels.reformat_obj(obj, bundle_dpath, has_remove, has_quantize)

	




	
geowatch.cli.coco_reformat_channels.schedule_quantization()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.coco_remove_bad_images module


	
class geowatch.cli.coco_remove_bad_images.CocoRemoveBadImagesConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Remove coco images that are mostly nodata.
Can also delete the on-disk assets if specified.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'channels': <Value(None)>, 'delete_assets': <Value('auto')>, 'dst': <Value(None)>, 'interactive': <Value(True)>, 'mode': <Value('process')>, 'overview': <Value(0)>, 'src': <Value('data.kwcoco.json')>, 'workers': <Value(0)>}

	








	
geowatch.cli.coco_remove_bad_images.main(cmdline=True, **kwargs)

	




	
geowatch.cli.coco_remove_bad_images.compute_asset_disk_usage(dset, gids, mode, workers)

	




	
geowatch.cli.coco_remove_bad_images.is_image_empty(coco_img, main_channels=None, overview=-1)

	Run heristics to determine if a coco image is empty.






	
geowatch.cli.coco_remove_bad_images.find_empty_images(dset, main_channels, overview=-1, mode='process', workers=0)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.coco_spectra module

Compute intensity histograms of the underlying images in this dataset.


Todo


	[ ] Migrate to kwcoco proper


	[ ] Fix accumulation of floating point values


	[ ] Handle nodata


	[x] Rename to coco_spectra






CommandLine

geowatch spectra --src special:geowatch-msi --show=True --stat=density
geowatch spectra --src special:photos --show=True --fill=False
geowatch spectra --src special:shapes8 --show=True --stat=count --cumulative=True --multiple=stack

DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware='auto')
geowatch spectra --src $DVC_DATA_DPATH/Drop6/data.kwcoco.zip --channels='red|green|blue|nir' --workers=11

DVC_DPATH=$HOME/data/dvc-repos/smart_watch_dvc
KWCOCO_FPATH=$DVC_DPATH/Drop2-Aligned-TA1-2022-01/combo_L_nowv_vali.kwcoco.json
geowatch spectra --src $KWCOCO_FPATH --show=True --show=True --include_channels="forest|water|bare_ground"






	
class geowatch.cli.coco_spectra.CocoSpectraConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Plot the spectrum of band intensities in a kwcoco file.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'bins': <Value('auto')>, 'cumulative': <Value(False)>, 'draw': <Value(True)>, 'dst': <Value(None)>, 'element': <Value('step')>, 'exclude_channels': <Value(None)>, 'exclude_sensors': <Value(None)>, 'fill': <Value(True)>, 'include_channels': <Value(None)>, 'include_sensors': <Value(None)>, 'kde': <Value(True)>, 'max_images': <Value(None)>, 'mode': <Value('process')>, 'multiple': <Value('layer')>, 'select_images': <Value(None)>, 'select_videos': <Value(None)>, 'show': <Value(False)>, 'src': <Value('data.kwcoco.json')>, 'stat': <Value('probability')>, 'title': <Value(None)>, 'valid_range': <Value(None)>, 'workers': <Value(0)>}

	








	
class geowatch.cli.coco_spectra.HistAccum

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Helper to accumulate histograms


	
update(data, sensor, channel)

	




	
finalize()

	








	
geowatch.cli.coco_spectra.main(cmdline=True, **kwargs)

	CommandLine

XDEV_PROFILE=1 xdoctest -m geowatch.cli.coco_spectra main





Example

>>> from geowatch.cli.coco_spectra import *  # NOQA
>>> import kwcoco
>>> test_dpath = ub.Path.appdir('geowatch/tests/cli/spectra').ensuredir()
>>> image_fpath = test_dpath + '/intensityhist_demo.jpg'
>>> coco_dset = kwcoco.CocoDataset.demo('vidshapes-msi-multisensor-videos1-frames2-gsize8')
>>> kwargs = {'src': coco_dset, 'dst': image_fpath, 'mode': 'thread'}
>>> kwargs['multiple'] = 'layer'
>>> kwargs['element'] = 'step'
>>> kwargs['workers'] = 'avail'
>>> kwargs['show'] = False
>>> kwargs['draw'] = False
>>> main(cmdline=False, **kwargs)





Example

>>> # xdoctest: +REQUIRES(--slow)
>>> from geowatch.cli.coco_spectra import *  # NOQA
>>> import kwcoco
>>> import geowatch
>>> test_dpath = ub.Path.appdir('geowatch/tests/cli/spectra').ensuredir()
>>> image_fpath = test_dpath + '/intensityhist_demo2.jpg'
>>> coco_dset = geowatch.coerce_kwcoco('geowatch-msi')
>>> kwargs = {
>>>     'src': coco_dset,
>>>     'dst': image_fpath,
>>>     'mode': 'thread',
>>>     'valid_range': '10:2000',
>>>     'workers': 'avail',
>>> }
>>> kwargs['multiple'] = 'layer'
>>> kwargs['element'] = 'step'
>>> main(cmdline=False, **kwargs)










	
geowatch.cli.coco_spectra.sensor_stats_tables(full_df)

	




	
geowatch.cli.coco_spectra.ensure_intensity_sidecar(fpath, recompute=False)

	Write statistics next to the image

Example

>>> from geowatch.cli.coco_spectra import *  # NOQA
>>> import kwimage
>>> import ubelt as ub
>>> dpath = ub.Path.appdir('geowatch/tests/intensity_sidecar').ensuredir()
>>> dpath.delete().ensuredir()
>>> img = kwimage.grab_test_image(dsize=(16, 16))
>>> img01 = kwimage.ensure_float01(img)
>>> img255 = kwimage.ensure_uint255(img)
>>> fpath1 = dpath / 'img01.tif'
>>> fpath2 = dpath / 'img255.tif'
>>> kwimage.imwrite(fpath1, img01)
>>> kwimage.imwrite(fpath2, img255)
>>> fpath = fpath1
>>> stats_fpath1 = ensure_intensity_sidecar(fpath1)
>>> fpath = fpath2
>>> stats_fpath2 = ensure_intensity_sidecar(fpath1)
>>> import pickle
>>> pickle.loads(stats_fpath1.read_bytes())
>>> pickle.loads(stats_fpath2.read_bytes())










	
geowatch.cli.coco_spectra.ensure_intensity_stats(coco_img, recompute=False, include_channels=None, exclude_channels=None)

	Ensures a sidecar file exists for the kwcoco image






	
geowatch.cli.coco_spectra.plot_intensity_histograms(full_df, config, ax=None)

	
	Parameters:

	ax (Axes | None) – if specified, we assume only 1 plot is made










	
geowatch.cli.coco_spectra._weighted_auto_bins(data, xvar, weightvar)

	Generalized histogram bandwidth estimators for weighted univariate data

References

https://github.com/mwaskom/seaborn/issues/2710


Todo

add to util_kwarray



Example

>>> import pandas as pd
>>> import numpy as np
>>> n = 100
>>> to_stack = []
>>> rng = np.random.RandomState(432)
>>> for group_idx in range(3):
>>>     part_data = pd.DataFrame({
>>>         'x': np.arange(n),
>>>         'weights': rng.randint(0, 100, size=n),
>>>         'hue': [f'group_{group_idx}'] * n,
>>>     })
>>>     to_stack.append(part_data)
>>> data = pd.concat(to_stack).reset_index()
>>> xvar = 'x'
>>> weightvar = 'weights'
>>> n_equal_bins = _weighted_auto_bins(data, xvar, weightvar)
>>> # xdoctest: +REQUIRES(--show)
>>> import seaborn as sns
>>> sns.histplot(data=data, bins=n_equal_bins, x='x', weights='weights', hue='hue')





[image: ../_images/fig_geowatch_cli_coco_spectra__weighted_auto_bins_002.jpeg]





	
geowatch.cli.coco_spectra._fill_missing_colors(label_to_color)

	label_to_color = {‘foo’: kwimage.Color(‘red’).as01(), ‘bar’: None}








            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.coco_time_combine module


	SeeAlso:
	~/code/watch/geowatch/cli/queue_cli/prepare_time_combined_dataset.py





CommandLine

DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=auto)

python -m geowatch.cli.coco_time_combine \
    --input_kwcoco_fpath="$DVC_DATA_DPATH/Drop6/imgonly-KR_R002.kwcoco.zip" \
    --output_kwcoco_fpath="$DVC_DATA_DPATH/Drop6_MeanYear/imgonly-KR_R002.kwcoco.zip" \
    --channels="red|green|blue|nir|swir16|swir22" \
    --resolution=10GSD \
    --time_window=1year \
    --merge_method=mean \
    --workers=4

python -m geowatch reproject_annotations \
    --src $DVC_DATA_DPATH/Drop6_MeanYear/imgonly-KR_R002.kwcoco.zip \
    --dst $DVC_DATA_DPATH/Drop6_MeanYear/imganns-KR_R002.kwcoco.zip \
    --site_models="$DVC_DATA_DPATH/annotations/drop6/site_models/*.geojson"





Example

>>> # Toydata example for CI
>>> import geowatch
>>> from geowatch.cli import coco_time_combine
>>> import ubelt as ub
>>> dpath = ub.Path.appdir('geowatch/tests/cli/time_combine/t0')
>>> dset = geowatch.coerce_kwcoco(
>>>     'geowatch-msi', geodata=True,
>>>     dates={'start_time': '2020-01-01', 'end_time': '2020-06-01'},
>>>     image_size=(32, 32)
>>> )
>>> dpath.delete().ensuredir()
>>> output_fpath = dpath / 'time_combined/data.kwcoco.json'
>>> gsd = dset.videos().objs[0]['target_gsd']
>>> kwargs = coco_time_combine.TimeCombineConfig(
>>>     input_kwcoco_fpath=dset.fpath,
>>>     output_kwcoco_fpath=output_fpath,
>>>     time_window='2month',
>>>     merge_method='mean',
>>>     resolution=f'{gsd}GSD',
>>>     start_time='2019-06-01',
>>> )
>>> cmdline = 0
>>> coco_time_combine.main(cmdline=cmdline, **kwargs)
>>> import kwcoco
>>> out_dset = kwcoco.CocoDataset(output_fpath)
>>> assert len(out_dset.videos()) == len(dset.videos())
>>> assert out_dset.n_images < dset.n_images





from geowatch.cli import coco_visualize_videos
coco_visualize_videos.main(cmdline=0, src=output_fpath, stack=’only’, workers=’avail’)


	
class geowatch.cli.coco_time_combine.TimeCombineConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Averages kwcoco images over a sliding temporal window in a video.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'assets_dname': <Value('_assets')>, 'channels': <Value('*')>, 'exclude_sensors': <Value(None)>, 'filter_season': <Value([])>, 'include_sensors': <Value(None)>, 'input_kwcoco_fpath': <Value(None)>, 'mask_low_quality': <Value(True)>, 'merge_method': <Value('mean')>, 'output_kwcoco_fpath': <Value(None)>, 'resolution': <Value('10GSD')>, 'select_images': <Value(None)>, 'select_videos': <Value(None)>, 'sensor_weights': <Value(0)>, 'separate_sensors': <Value(True)>, 'spatial_tile_size': <Value(None)>, 'start_time': <Value(None)>, 'time_window': <Value('1month')>, 'workers': <Value(0)>}

	








	
geowatch.cli.coco_time_combine.main(cmdline=1, **kwargs)

	CommandLine

DEVEL_TEST=1 xdoctest -m geowatch.cli.coco_time_combine main

from geowatch.cli.coco_time_combine import *  # NOQA
import geowatch
data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
cmdline = 0
channels='red|green|blue'
kwargs = dict(
    input_kwcoco_fpath=data_dvc_dpath / 'Drop6/imgonly-KR_R001.kwcoco.zip',
    output_kwcoco_fpath=data_dvc_dpath / 'TestAveDrop6/test-timeave-valid_split1_1yr_mean_test.kwcoco.zip',
    workers=4,
    mask_low_quality=True,
    time_window='1 year',
    channels=channels,
)
output_coco_dset = main(cmdline=cmdline, **kwargs)
coco_visualize_videos.main(cmdline=cmdline, src=kwargs['output_kwcoco_fpath'], smart=True)





Example

>>> # 0: Baseline run.
>>> # xdoctest: +REQUIRES(env:DEVEL_TEST)
>>> from geowatch.cli.coco_time_combine import *  # NOQA
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> cmdline = 0
>>> kwargs = dict(
>>>     input_kwcoco_fpath=data_dvc_dpath / 'Drop6/imgonly-KR_R001.kwcoco.zip',
>>>     output_kwcoco_fpath=data_dvc_dpath / 'Drop6/test-timeave-imgonly-KR_R001.kwcoco.zip',
>>>     workers=11,
>>>     mask_low_quality=False,
>>>     time_window='1 year',
>>>     channels='red|green|blue',
>>> )
>>> output_coco_dset = main(cmdline=cmdline, **kwargs)
>>> from geowatch.cli import coco_visualize_videos
>>> coco_visualize_videos.main(cmdline=0, src=kwargs['output_kwcoco_fpath'], smart=True)





Example

>>> # 1: Check cloudmasking.
>>> # xdoctest: +REQUIRES(env:DEVEL_TEST)
>>> from geowatch.cli.coco_time_combine import *  # NOQA
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> cmdline = 0
>>> kwargs = dict(
>>>     input_kwcoco_fpath=data_dvc_dpath / 'Drop6/imgonly-KR_R001.kwcoco.zip',
>>>     output_kwcoco_fpath=data_dvc_dpath / 'Drop6/test-timeave-KR_R001-cloudmask.kwcoco.zip',
>>>     workers=11,
>>>     time_window='1 year',
>>>     channels='red|green|blue',
>>>     mask_low_quality=True,
>>> )
>>> output_coco_dset = main(cmdline=cmdline, **kwargs)
>>> from geowatch.cli import coco_visualize_videos
>>> coco_visualize_videos.main(cmdline=0, src=kwargs['output_kwcoco_fpath'], smart=True)





Example

>>> # 2: Check that resolution can be updated.
>>> # xdoctest: +REQUIRES(env:DEVEL_TEST)
>>> from geowatch.cli.coco_time_combine import *  # NOQA
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> cmdline = 0
>>> kwargs = dict(
>>>     input_kwcoco_fpath=data_dvc_dpath / 'Drop6/imgonly-KR_R001.kwcoco.zip',
>>>     output_kwcoco_fpath=data_dvc_dpath / 'Drop6/test-timeave-KR_R001-cloudmask-5GSD.kwcoco.zip',
>>>     workers=11,
>>>     time_window='1 year',
>>>     channels='red|green|blue',
>>>     mask_low_quality=True,
>>>     resolution='5GSD',
>>> )
>>> output_coco_dset = main(cmdline=cmdline, **kwargs)
>>> from geowatch.cli import coco_visualize_videos
>>> coco_visualize_videos.main(cmdline=0, src=kwargs['output_kwcoco_fpath'], smart=True)





Example

>>> # 3: Median combining.
>>> # xdoctest: +REQUIRES(env:DEVEL_TEST)
>>> from geowatch.cli.coco_time_combine import *  # NOQA
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> cmdline = 0
>>> kwargs = dict(
>>>     input_kwcoco_fpath=data_dvc_dpath / 'Drop6/imgonly-KR_R001.kwcoco.zip',
>>>     output_kwcoco_fpath=data_dvc_dpath / 'Drop6/test-timeave-KR_R001-median.kwcoco.zip',
>>>     workers=11,
>>>     merge_method='median',
>>>     time_window='1 year',
>>>     channels='red|green|blue',
>>>     mask_low_quality=False,
>>>     resolution='10GSD',
>>> )
>>> output_coco_dset = main(cmdline=cmdline, **kwargs)
>>> from geowatch.cli import coco_visualize_videos
>>> coco_visualize_videos.main(cmdline=0, src=kwargs['output_kwcoco_fpath'], smart=True)





Example

>>> # 4: Median combining with cloudmask.
>>> # xdoctest: +REQUIRES(env:DEVEL_TEST)
>>> from geowatch.cli.coco_time_combine import *  # NOQA
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> cmdline = 0
>>> kwargs = dict(
>>>     input_kwcoco_fpath=data_dvc_dpath / 'Drop6/imganns-KR_R001.kwcoco.zip',
>>>     output_kwcoco_fpath=data_dvc_dpath / 'Drop6/test-timeave-KR_R001-cloudmask-median.kwcoco.zip',
>>>     workers=11,
>>>     merge_method='median',
>>>     time_window='1 year',
>>>     channels='red|green|blue',
>>>     mask_low_quality=True,
>>>     resolution='10GSD',
>>>     separate_sensors=True,
>>> )
>>> output_coco_dset = main(cmdline=cmdline, **kwargs)
>>> from geowatch.cli import coco_visualize_videos
>>> coco_visualize_videos.main(cmdline=0, src=kwargs['output_kwcoco_fpath'], smart=True)





Example

>>> # 5: Dont separate sensors.
>>> # xdoctest: +REQUIRES(env:DEVEL_TEST)
>>> from geowatch.cli.coco_time_combine import *  # NOQA
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> cmdline = 0
>>> kwargs = dict(
>>>     input_kwcoco_fpath=data_dvc_dpath / 'Drop6/imgonly-KR_R001.kwcoco.zip',
>>>     output_kwcoco_fpath=data_dvc_dpath / 'Drop6/test-timeave-KR_R001-cloudmask-no_sensor_separate.kwcoco.zip',
>>>     workers=11,
>>>     merge_method='mean',
>>>     time_window='1 year',
>>>     channels='red|green|blue',
>>>     mask_low_quality=True,
>>>     resolution='10GSD',
>>>     separate_sensors=False,
>>> )
>>> output_coco_dset = main(cmdline=cmdline, **kwargs)
>>> from geowatch.cli import coco_visualize_videos
>>> coco_visualize_videos.main(cmdline=0, src=kwargs['output_kwcoco_fpath'], smart=True)





Example

>>> # 6: Adjust the effect of S2 imagery.
>>> from geowatch.cli.coco_time_combine import *  # NOQA
>>> # xdoctest: +REQUIRES(env:DEVEL_TEST)
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> cmdline = 0
>>> kwargs = dict(
>>>     input_kwcoco_fpath=data_dvc_dpath / 'Drop6/imganns-KR_R001.kwcoco.zip',
>>>     output_kwcoco_fpath=data_dvc_dpath / 'Drop6/test-timeave-test_6-KR_R001.kwcoco.zip',
>>>     workers=11,
>>>     merge_method='mean',
>>>     time_window='1 year',
>>>     channels='red|green|blue',
>>>     mask_low_quality=True,
>>>     resolution='10GSD',
>>>     separate_sensors=False,
>>>     sensor_weights=dict(S2=2.5, L8=1.0, WV=5.0)
>>> )
>>> output_coco_dset = main(cmdline=cmdline, **kwargs)
>>> from geowatch.cli import coco_visualize_videos
>>> coco_visualize_videos.main(cmdline=0, src=kwargs['output_kwcoco_fpath'], smart=True)





Example

>>> # 7: Tile images instead of computing average all at once.
>>> from geowatch.cli.coco_time_combine import *  # NOQA
>>> # xdoctest: +REQUIRES(env:DEVEL_TEST)
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> cmdline = 0
>>> kwargs = dict(
>>>     input_kwcoco_fpath=data_dvc_dpath / 'Drop6/imganns-KR_R001.kwcoco.zip',
>>>     output_kwcoco_fpath=data_dvc_dpath / 'Drop6/test-timeave-test_7-KR_R001.kwcoco.zip',
>>>     workers=11,
>>>     merge_method='median',
>>>     time_window='1 year',
>>>     channels='red|green|blue',
>>>     mask_low_quality=True,
>>>     resolution='10GSD',
>>>     separate_sensors=False,
>>>     spatial_tile_size=200,
>>> )
>>> output_coco_dset = main(cmdline=cmdline, **kwargs)
>>> from geowatch.cli import coco_visualize_videos
>>> coco_visualize_videos.main(cmdline=0, src=kwargs['output_kwcoco_fpath'], smart=True)





Example

>>> # 8: Tile images on large kwcoco file.
>>> # xdoctest: +REQUIRES(env:DEVEL_TEST)
>>> from geowatch.cli.coco_time_combine import *  # NOQA
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> cmdline = 0
>>> kwargs = dict(
>>>     input_kwcoco_fpath=data_dvc_dpath / 'Drop6/data_train_split1.kwcoco.zip',
>>>     output_kwcoco_fpath=data_dvc_dpath / 'Drop6/test-timeave-test_8-train_split1.kwcoco.zip',
>>>     workers=4,
>>>     merge_method='median',
>>>     time_window='1 year',
>>>     channels='red|green|blue',
>>>     mask_low_quality=True,
>>>     resolution='10GSD',
>>>     separate_sensors=False,
>>>     spatial_tile_size=400,
>>>     include_sensors=['S2', 'L8'],
>>> )
>>> output_coco_dset = main(cmdline=cmdline, **kwargs)
>>> from geowatch.cli import coco_visualize_videos
>>> coco_visualize_videos.main(cmdline=0, src=kwargs['output_kwcoco_fpath'], smart=True)





Example

>>> # 9: Exclude winter seasons for time average.
>>> from geowatch.cli.coco_time_combine import *  # NOQA
>>> # xdoctest: +REQUIRES(env:DEVEL_TEST)
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> cmdline = 0
>>> kwargs = dict(
>>>     input_kwcoco_fpath=data_dvc_dpath / 'Drop6/imganns-KR_R001.kwcoco.zip',
>>>     output_kwcoco_fpath=data_dvc_dpath / 'Drop6/test-timeave-test_9-KR_R001.kwcoco.zip',
>>>     workers=11,
>>>     merge_method='mean',
>>>     time_window='1 year',
>>>     channels='red|green|blue',
>>>     mask_low_quality=True,
>>>     resolution='10GSD',
>>>     separate_sensors=False,
>>>     filter_season='winter',
>>> )
>>> output_coco_dset = main(cmdline=cmdline, **kwargs)
>>> from geowatch.cli import coco_visualize_videos
>>> coco_visualize_videos.main(cmdline=0, src=kwargs['output_kwcoco_fpath'], smart=True)










	
geowatch.cli.coco_time_combine.combine_kwcoco_channels_temporally(config)

	Combine spatial data within a temporal window from a kwcoco dataset and save the result to a new kwcoco dataset.

High level steps:
1. Load kwcoco dataset.
2. Divide the dataset into temporal windows.
3. For each temporal window, combine the spatial data from each channel.
4. Save the combined image result to a new kwcoco dataset.






	
geowatch.cli.coco_time_combine.get_quality_mask(coco_image, space, resolution, avoid_quality_values=None, crop_slice=None)

	Get a binary mask of the quality data.


	Parameters:

	
	coco_image (kwcoco.coco_image.CocoImage) – Object that contains references to the image and assets including the quality mask.


	space (str) – The space that the quality mask will be loaded in. Choices: ‘image’, ‘video’, ‘asset’


	resolution (str, int) – The resolution that the quality mask will be loaded in. E.g. ‘10GSD’.


	avoid_quality_values (list, optional) – The values to include as bad quality according to the bitmask. Defaults to [‘cloud’, ‘cloud_shadow’, ‘cloud_adjacent’].


	crop_slice (tuple(slice, slice), optional) – The height and width crop slices to load from quality mask. Defaults to None, which loads full quality mask.






	Returns:

	A binary numpy array of shape [H, W, 1] where the 1 values corresponds to a quality pixel vice versa for 0 values.



	Return type:

	np.ndarray










	
geowatch.cli.coco_time_combine.merge_images(window_coco_images, merge_method, requested_chans, space, resolution, new_bundle_dpath, mask_low_quality, sensor_weights, og_kwcoco_fpath, spatial_tile_size, config)

	
	Parameters:

	window_coco_images (List[kwcoco.CocoImage]) – images with channels to merge



	Returns:

	a new coco image that points at the merged image on disk.



	Return type:

	Dict










	
geowatch.cli.coco_time_combine.filter_image_ids_by_season(coco_dset, image_ids, filtered_seasons, ignore_winter_torrid_zone=True)

	Filter a sequence of image ids by season and geolocation.


	Parameters:

	
	coco_dset (kwcoco.CocoDataset) – A KWCOCO dataset object.


	image_ids (List(int)) – A list of image ids that belong in coco_dset.


	filtered_seasons (str | List(str) | None) – Which seasons to not include in the
returned image ids.


	ignore_winter_torrid_zone (bool, optional) – Do not filter images within the
Torrid region when winter is one of the filtered seasons. Defaults to True.






	Raises:

	
	ValueError [https://docs.python.org/3/library/exceptions.html#ValueError] – Check if the filtered seasons varible is a correctable type.


	ValueError [https://docs.python.org/3/library/exceptions.html#ValueError] – Check if one of the filtered seasons is not a valid season.






	Returns:

	
	A list of filtered image ids. Should never be longer than the input
	image ids.









	Return type:

	List[int [https://docs.python.org/3/library/functions.html#int]]





Example

>>> # 0: Baseline run.
>>> # xdoctest: +REQUIRES(env:DEVEL_TEST)
>>> from geowatch.cli.coco_time_combine import *  # NOQA
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> # Load KWCOCO dataset.
>>> input_kwcoco_fpath = data_dvc_dpath / 'Drop6/imgonly-AE_C001.kwcoco.json'
>>> coco_dset = kwcoco.CocoDataset(input_kwcoco_fpath)
>>> image_ids = coco_dset.images().gids
>>> ignore_torrid_regions_gids = filter_image_ids_by_season(coco_dset,
>>>                                image_ids,
>>>                                filtered_seasons='winter',
>>>                                ignore_winter_torrid_zone=True)
>>> all_filtered_gids = filter_image_ids_by_season(coco_dset,
>>>                       image_ids,
>>>                       filtered_seasons='winter',
>>>                       ignore_winter_torrid_zone=True)
>>> assert len(all_filtered_gids) > len(ignore_torrid_regions_gids)












            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.coco_update_geotiff_metadata module


	
class geowatch.cli.coco_update_geotiff_metadata.UpdateGeotiffMetadataConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Simplified version of coco-add-watch-fields that only ensures that geotiff
metadata is propogated to all auxiliary assets within an image.

Modifies the underlying images on disk.  Does not modify the kwcoco file.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'exclude_sensors': <Value(None)>, 'include_sensors': <Value(None)>, 'mode': <Value('thread')>, 'select_images': <Value(None)>, 'select_videos': <Value(None)>, 'src': <Value('in.geojson.json')>, 'workers': <Value(0)>}

	








	
geowatch.cli.coco_update_geotiff_metadata.main(cmdline=True, **kwargs)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.coco_visualize_videos module

KWCoco video visualization script


Todo


	
	[ ] Option to interpret a channel as a heatmap and overlay it on top of
	another set of channels interpreted as a grayscale image.







	[ ] Migrate to kwcoco proper


	[ ] Show valid image regions






CommandLine

# A demo of this script on toydata is as follows

# TEMP_DPATH=$(mktemp -d)
TEMP_DPATH=$HOME/.cache/kwcoco/demo/viz
mkdir -p $TEMP_DPATH
echo "TEMP_DPATH = $TEMP_DPATH"
cd $TEMP_DPATH
KWCOCO_BUNDLE_DPATH=$TEMP_DPATH/toy_bundle
KWCOCO_FPATH=$KWCOCO_BUNDLE_DPATH/data.kwcoco.json
VIZ_DPATH=$KWCOCO_BUNDLE_DPATH/_viz
python -m kwcoco toydata --key=vidshapes3-msi-multisensor-frames7 --dst=$KWCOCO_FPATH

python -m geowatch.cli.coco_visualize_videos --src=$KWCOCO_FPATH --viz_dpath=$VIZ_DPATH --animate=True --workers=0 --any3=only --max_dim=128

python -m geowatch.cli.coco_visualize_videos --src=$KWCOCO_FPATH --viz_dpath=$VIZ_DPATH --zoom_to_tracks=True --start_frame=1 --num_frames=5 --animate=True






	
class geowatch.cli.coco_visualize_videos.CocoVisualizeConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Visualizes annotations on kwcoco video frames on each band

CommandLine

# Point to your kwcoco file
DVC_DPATH=$HOME/data/dvc-repos/smart_watch_dvc
COCO_FPATH=$DVC_DPATH/drop1-S2-L8-aligned/data.kwcoco.json

python -m geowatch.cli.coco_visualize_videos --src $COCO_FPATH --viz_dpath ./viz_out --channels="red|green|blue" --space="video"

COCO_FPATH=/home/joncrall/data/dvc-repos/smart_watch_dvc/drop1-S2-L8-WV-aligned/KR_R001/subdata.kwcoco.json
COCO_FPATH=/home/joncrall/data/dvc-repos/smart_watch_dvc/drop1-S2-L8-WV-aligned/data.kwcoco.json
python -m geowatch.cli.coco_visualize_videos --src $COCO_FPATH --space="image"

# Also note you can make an animated gif
python -m kwplot.cli.gifify -i "./viz_out/US_Jacksonville_R01/_anns/red|green|blue/" -o US_Jacksonville_R01_anns.gif

# NEW: as of 2021-11-04 : helper animation script
python -m geowatch.cli.animate_visualizations --viz_dpath ./viz_out





Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'alpha': <Value(None)>, 'animate': <Value('auto')>, 'ann_score_thresh': <Value(0)>, 'any3': <Value(False)>, 'channels': <Value(None)>, 'cmap': <Value('viridis')>, 'draw_anns': <Value('auto')>, 'draw_boxes': <Value(True)>, 'draw_chancode': <Value(True)>, 'draw_header': <Value(True)>, 'draw_imgs': <Value(True)>, 'draw_labels': <Value(True)>, 'draw_segmentations': <Value(True)>, 'draw_valid_region': <Value(False)>, 'epilog': '\n\n    Examples:\n        # Draw some channels of interest quickly and then animate them, and\n        # dump them into an autogenerated directory in the source kwcoco bundle\n        KWCOCO_FPATH=<path-to-kwcoco>\n        geowatch visualize "$KWCOCO_FPATH" --workers=avail --animate=True --channels="salient,red|green|blue"\n    ', 'exclude_sensors': <Value(None)>, 'extra_header': <Value(None)>, 'fixed_normalization_scheme': <Value(None)>, 'include_sensors': <Value(None)>, 'max_dim': <Value(None)>, 'max_workers': <Value(None)>, 'min_dim': <Value(384)>, 'norm_over_time': <Value(False)>, 'num_frames': <Value(None)>, 'only_boxes': <Value(False)>, 'resolution': <Value(None)>, 'role_order': <Value(None)>, 'select_images': <Value(None)>, 'select_videos': <Value(None)>, 'skip_aggressive': <Value(False)>, 'skip_missing': <Value(True)>, 'smart': <Value(False)>, 'space': <Value('video')>, 'src': <Value('data.kwcoco.json')>, 'stack': <Value('auto')>, 'start_frame': <Value(0)>, 'verbose': <Value(0)>, 'viz_dpath': <Value(None)>, 'workers': <Value('auto')>, 'zoom_to_tracks': <Value(False)>}

	








	
geowatch.cli.coco_visualize_videos.main(cmdline=True, **kwargs)

	Example

>>> import kwcoco
>>> from geowatch.utils import kwcoco_extensions
>>> from geowatch.cli.coco_visualize_videos import *  # NOQA
>>> import ubelt as ub
>>> dpath = ub.Path.appdir('geowatch/test/viz_video1').delete().ensuredir()
>>> dset = kwcoco.CocoDataset.demo('vidshapes8-multispectral', num_frames=2, image_size=(64, 64), num_videos=2)
>>> img = dset.dataset['images'][0]
>>> coco_img = dset.coco_image(img['id'])
>>> kwargs = {
>>>     'src': dset.fpath,
>>>     'viz_dpath': dpath,
>>>     'space': 'video',
>>>     'channels': None,
>>>     'zoom_to_tracks': True,
>>> }
>>> cmdline = False
>>> main(cmdline=cmdline, **kwargs)





Example

>>> import kwcoco
>>> from geowatch.utils import kwcoco_extensions
>>> from geowatch.cli.coco_visualize_videos import *  # NOQA
>>> import geowatch
>>> import ubelt as ub
>>> dpath = ub.Path.appdir('geowatch/test/viz_video2').delete().ensuredir()
>>> dset = geowatch.coerce_kwcoco('geowatch-msi', num_frames=5, image_size=(64, 64), num_videos=1)
>>> img = dset.dataset['images'][0]
>>> coco_img = dset.coco_image(img['id'])
>>> kwargs = {
>>>     'src': dset.fpath,
>>>     'viz_dpath': dpath,
>>>     'space': 'video',
>>>     'channels': None,
>>>     'zoom_to_tracks': False,
>>>     'stack': 'only',
>>> }
>>> cmdline = False
>>> main(cmdline=cmdline, **kwargs)










	
exception geowatch.cli.coco_visualize_videos.SkipFrame

	Bases: Exception [https://docs.python.org/3/library/exceptions.html#Exception]






	
exception geowatch.cli.coco_visualize_videos.SkipChanGroup

	Bases: Exception [https://docs.python.org/3/library/exceptions.html#Exception]






	
geowatch.cli.coco_visualize_videos.video_track_info(coco_dset, vidid)

	




	
geowatch.cli.coco_visualize_videos.select_fixed_normalization(fixed_normalization_scheme, sensor_coarse)

	




	
geowatch.cli.coco_visualize_videos._resolve_channel_groups(coco_img, channels, verbose, request_grouped_bands, any3, smart)

	Resolve which channel groups should be requested.






	
geowatch.cli.coco_visualize_videos.__default_kwcoco_build_image_header_text(**kwargs)

	TODO: non geowatch dependant version

A heuristic for what sort of info is useful to plot on the header of an
image.


	Kwargs:
	img
coco_dset
vidname,
_header_extra

gid,
frame_index,
dset_idstr,
name,
sensor_coarse,
date_captured





Example

>>> from geowatch.heuristics import *  # NOQA
>>> img = {
>>>     'id': 1,
>>>     'frame_index': 0,
>>>     'date_captured': '2020-01-01',
>>>     'name': 'BLARG',
>>>     'sensor_coarse': 'Sensor1',
>>> }
>>> kwargs = {
>>>     'img': img,
>>>     'dset_idstr': '',
>>>     'name': '',
>>>     '_header_extra': None,
>>> }
>>> header_lines = build_image_header_text(**kwargs)
>>> print('header_lines = {}'.format(ub.urepr(header_lines, nl=1)))










	
geowatch.cli.coco_visualize_videos._write_ann_visualizations2(coco_dset, img: dict [https://docs.python.org/3/library/stdtypes.html#dict], anns: list [https://docs.python.org/3/library/stdtypes.html#list], sub_dpath: str [https://docs.python.org/3/library/stdtypes.html#str], space: str [https://docs.python.org/3/library/stdtypes.html#str], channels=None, vid_crop_box=None, request_grouped_bands='default', draw_imgs=True, draw_anns=True, _header_extra=None, chan_to_normalizer=None, fixed_normalization_scheme=None, any3=True, dset_idstr='', skip_missing=False, only_boxes=1, draw_boxes=True, draw_labels=True, draw_segmentations=True, cmap='viridis', max_dim=None, min_dim=None, local_frame_index=None, local_max_frame=None, valid_vidspace_region=None, stack=False, draw_valid_region=True, verbose=0, skip_aggressive=False, draw_header=True, draw_chancode=True, resolution=None, role_order=None, smart=None, ann_score_thresh=0, alpha=None)

	Dumps an intensity normalized “space-aligned” kwcoco image visualization
(with or without annotation overlays) for specific bands to disk.






	
geowatch.cli.coco_visualize_videos.draw_chan_group(coco_dset, frame_id, name, ann_view_dpath, img_view_dpath, delayed, chan_row, finalize_opts, verbose, skip_missing, skip_aggressive, chan_to_normalizer, cmap, header_lines, valid_image_poly, draw_imgs, draw_anns, only_boxes, draw_boxes, draw_labels, draw_segmentations, role_to_dets, valid_video_poly, stack, draw_header, stack_idx, request_roles, ann_score_thresh, alpha)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.collect_env module

Extends torch.utils.collect_env with other relevant information


	This was merged into torch upstream via:
	https://github.com/pytorch/pytorch/pull/112993





And could be removed in the future.


	
class geowatch.cli.collect_env.CollectEnvCLI(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
classmethod main(cmdline=1, **kwargs)

	Example

>>> # xdoctest: +SKIP
>>> from geowatch.cli.collect_env import *  # NOQA
>>> cmdline = 0
>>> kwargs = dict()
>>> cls = CollectEnvCLI
>>> cls.main(cmdline=cmdline, **kwargs)










	
default = {}

	








	
geowatch.cli.collect_env.get_pip_packages(run_lambda, patterns=None)

	Returns pip list output. Note: will also find conda-installed pytorch
and numpy packages.






	
geowatch.cli.collect_env.run_and_read_all(run_lambda, command)

	Runs command using run_lambda; reads and returns entire output if rc is 0






	
geowatch.cli.collect_env.main(cmdline=1, **kwargs)

	Example

>>> # xdoctest: +SKIP
>>> from geowatch.cli.collect_env import *  # NOQA
>>> cmdline = 0
>>> kwargs = dict()
>>> cls = CollectEnvCLI
>>> cls.main(cmdline=cmdline, **kwargs)












            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.concat_kwcoco_videos module


	
geowatch.cli.concat_kwcoco_videos.main()

	




	
geowatch.cli.concat_kwcoco_videos.concat_kwcoco_datasets(src_kwcoco_datasets, dst)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.crop_sites_to_regions module


	
class geowatch.cli.crop_sites_to_regions.SiteFilterConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'apply_bounds_filter_to': <Value('multipolygon')>, 'apply_clip_to': <Value('polygon')>, 'in_bounds_thresh': <Value(0.6)>, 'max_area_square_meters': <Value(None)>, 'min_area_square_meters': <Value(None)>}

	








	
class geowatch.cli.crop_sites_to_regions.CropSitesToRegionsConfig(*args, **kwargs)

	Bases: SiteFilterConfig

Crops site models to the bounds of a region model.


Todo


	[ ] Rename this to ClipSitesToRegions?






Example

DVC_DPATH=$(WATCH_PREIMPORT=none python -m geowatch.cli.find_dvc)
WATCH_PREIMPORT=none python -m geowatch.cli.crop_sites_to_regions 


–site_models “$DVC_DPATH/annotations/site_models/KR_R002_*.geojson” –region_models “$DVC_DPATH/annotations/region_models/KR_R002.geojson” –new_site_dpath ./cropped_sites




Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'apply_bounds_filter_to': <Value('multipolygon')>, 'apply_clip_to': <Value('polygon')>, 'force_multipolygon': <Value(True)>, 'in_bounds_thresh': <Value(0.6)>, 'io_workers': <Value(0)>, 'max_area_square_meters': <Value(None)>, 'min_area_square_meters': <Value(None)>, 'new_region_dpath': <Value(None)>, 'new_site_dpath': <Value(None)>, 'region_models': <Value(None)>, 'site_models': <Value(None)>}

	








	
geowatch.cli.crop_sites_to_regions.main(cmdline=False, **kwargs)

	CommandLine

xdoctest -m geowatch.cli.crop_sites_to_regions main:0
xdoctest -m geowatch.cli.crop_sites_to_regions main:1





Example

>>> from geowatch.geoannots import geomodels
>>> import kwimage
>>> region = geomodels.RegionModel.random(num_sites=0)
>>> # Create several clipping cases
>>> region_poly = kwimage.Polygon.coerce(region.geometry)
>>> width = region_poly.to_box().width
>>> height = region_poly.to_box().height
>>> geoms = {}
>>> geoms['in_bounds'] = region_poly.scale(0.1, about='centroid')
>>> geoms['half_oob'] = region_poly.translate((width / 2, 0)).scale(0.5, about='centroid')
>>> geoms['some_oob'] = region_poly.translate((-width / 2, -height / 2)).scale(0.5, about='centroid').translate(width / 4, height / 4)
>>> geoms['fully_oob'] = region_poly.translate((width * 2, 0))
>>> sites = {}
>>> for key, poly in geoms.items():
>>>     sites[key] = geomodels.SiteModel.random(region=region, site_poly=poly)
>>>     region.add_site_summary(sites[key].as_summary())
>>> # Write demo data to disk
>>> dpath = ub.Path.appdir('geowatch/tests/cli/crop_sites_to_regions/doctest0')
>>> dpath.delete().ensuredir()
>>> region_dpath = (dpath / 'region_models').ensuredir()
>>> site_dpath = (dpath / 'site_models').ensuredir()
>>> region_fpath = region_dpath / 'region.geojson'
>>> region_fpath.write_text(region.dumps())
>>> for k, site in sites.items():
>>>     site_fpath = site_dpath / f'{k}.geojson'
>>>     site_fpath.write_text(site.dumps())
>>> kwargs = {
>>>     'site_models': site_dpath,
>>>     'region_models': region_dpath,
>>>     'new_site_dpath': dpath / 'new_site_models',
>>>     'new_region_dpath': dpath / 'new_region_models',
>>> }
>>> from geowatch.cli import crop_sites_to_regions
>>> cmdline = 0
>>> crop_sites_to_regions.main(cmdline=cmdline, **kwargs)
>>> new_region = geomodels.RegionModel.coerce(dpath / 'new_region_models')
>>> new_sites = list(geomodels.SiteModel.coerce_multiple(dpath / 'new_site_models'))
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import kwplot
>>> kwplot.plt.ion()
>>> ax = kwplot.figure(doclf=True, fnum=2, pnum=(2, 2, 1), title='Sites Before Clip').gca()
>>> df = region.pandas_region()
>>> ax = df.plot(edgecolor='black', facecolor=(0.1, 0.8, 0.1, 0.5), ax=ax)
>>> for site in sites.values():
>>>     df = site.pandas()
>>>     ax = df.plot(edgecolor='black', facecolor=(0.1, 0.1, 0.8, 0.5), ax=ax)
>>> ax = kwplot.figure(fnum=2, pnum=(2, 2, 2), title='Sites After Clip').gca()
>>> df = new_region.pandas_region()
>>> ax = df.plot(edgecolor='black', facecolor=(0.1, 0.8, 0.1, 0.5), ax=ax)
>>> for site in new_sites:
>>>     df = site.pandas()
>>>     ax = df.plot(edgecolor='black', facecolor=(0.1, 0.1, 0.8, 0.5), ax=ax)
>>> ax = kwplot.figure(fnum=2, pnum=(2, 2, 3), title='Region Before Clip').gca()
>>> df = region.pandas()
>>> ax = df.plot(edgecolor='black', facecolor=(0.1, 0.8, 0.1, 0.5), ax=ax)
>>> ax = kwplot.figure(fnum=2, pnum=(2, 2, 4), title='Region After Clip').gca()
>>> df = new_region.pandas()
>>> ax = df.plot(edgecolor='black', facecolor=(0.1, 0.8, 0.1, 0.5), ax=ax)
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Example

>>> # Convex clipping case
>>> from geowatch.geoannots import geomodels
>>> import kwimage
>>> star = kwimage.Polygon.star()
>>> p1 = kwimage.Polygon.circle(xy=(0, 0), r=1)
>>> p2 = kwimage.Polygon.circle(xy=(0.2, 0), r=1)
>>> p3 = p1.difference(p2).translate(0.3)
>>> box = kwimage.Box.coerce([-1, .3, 5, 5], format='xywh').to_polygon()
>>> p3 = p3.difference(box)
>>> box = kwimage.Box.coerce([-.1, -1, 10, 10], format='xywh').to_polygon()
>>> p3 = p3.difference(box)
>>> p3 = p3.difference(kwimage.Polygon.circle(xy=(-.6, -.2), r=0.15))
>>> region = geomodels.RegionModel.random(region_poly=star, num_sites=0, rng=21)
>>> region_poly = kwimage.Polygon.coerce(region.geometry)
>>> width = region_poly.to_box().width
>>> height = region_poly.to_box().height
>>> geoms = {}
>>> geoms['in_bounds'] = region_poly.scale(0.1, about='centroid')
>>> geoms['half_oob'] = region_poly.translate((width / 2, 0))
>>> geoms['some_oob'] = region_poly.translate((width / 2, height / 2)).scale(0.5, about='centroid').translate(-width / 3, -height / 3)
>>> geoms['fully_oob'] = region_poly.translate((width * 2, 0))
>>> geoms['tiny_oob'] = kwimage.Polygon.circle(xy=(-.20, .27), r=0.1)
>>> geoms['sliver'] = p3
>>> sites = {}
>>> for key, poly in geoms.items():
>>>     sites[key] = geomodels.SiteModel.random(region=region, site_poly=poly)
>>>     region.add_site_summary(sites[key].as_summary())
>>> # Write demo data to disk
>>> dpath = ub.Path.appdir('geowatch/tests/cli/crop_sites_to_regions/doctest0')
>>> dpath.delete().ensuredir()
>>> region_dpath = (dpath / 'region_models').ensuredir()
>>> site_dpath = (dpath / 'site_models').ensuredir()
>>> region_fpath = region_dpath / 'region.geojson'
>>> region_fpath.write_text(region.dumps())
>>> for k, site in sites.items():
>>>     site_fpath = site_dpath / f'{k}.geojson'
>>>     site_fpath.write_text(site.dumps())
>>> kwargs = {
>>>     'site_models': site_dpath,
>>>     'region_models': region_dpath,
>>>     'new_site_dpath': dpath / 'new_site_models',
>>>     'new_region_dpath': dpath / 'new_region_models',
>>>     'min_area_square_meters': 5e8,
>>> }
>>> from geowatch.cli import crop_sites_to_regions
>>> cmdline = 0
>>> crop_sites_to_regions.main(cmdline=cmdline, **kwargs)
>>> new_region = geomodels.RegionModel.coerce(dpath / 'new_region_models')
>>> new_sites = list(geomodels.SiteModel.coerce_multiple(dpath / 'new_site_models'))
>>> assert len(new_sites) == 2
>>> assert len(sites) == 6
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import kwplot
>>> kwplot.plt.ion()
>>> ax = kwplot.figure(doclf=True, fnum=2, pnum=(2, 2, 1), title='Observations Before Clip').gca()
>>> df = region.pandas_region()
>>> ax = df.plot(edgecolor='black', facecolor=(0.1, 0.8, 0.1, 0.5), ax=ax)
>>> for site in sites.values():
>>>     df = site.pandas_observations()
>>>     ax = df.plot(edgecolor='black', facecolor=(0.1, 0.1, 0.8, 0.5), ax=ax)
>>> ax = kwplot.figure(fnum=2, pnum=(2, 2, 2), title='Observations After Clip').gca()
>>> df = new_region.pandas_region()
>>> ax = df.plot(edgecolor='black', facecolor=(0.1, 0.8, 0.1, 0.5), ax=ax)
>>> for site in new_sites:
>>>     df = site.pandas_observations()
>>>     ax = df.plot(edgecolor='black', facecolor=(0.1, 0.1, 0.8, 0.5), ax=ax)
>>> ax = kwplot.figure(fnum=2, pnum=(2, 2, 3), title='Site Summary Before Clip').gca()
>>> df = region.pandas()
>>> ax = df.plot(edgecolor='black', facecolor=(0.1, 0.8, 0.1, 0.5), ax=ax)
>>> ax = kwplot.figure(fnum=2, pnum=(2, 2, 4), title='Site Summary After Clip').gca()
>>> df = new_region.pandas()
>>> ax = df.plot(edgecolor='black', facecolor=(0.1, 0.8, 0.1, 0.5), ax=ax)
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geowatch.cli.crop_sites_to_regions.filter_sites(region_gdf_crs84, sites, filter_config=None)

	
	Parameters:

	
	region_gdf_crs84 (GeoDataFrame) – the region GDF containing the region geom to crop to and
the site summary geometry


	sites (Iterable[Dict]) – List of the loaded geo data frames with a ‘data’ key
and the file path in the ‘fpath’ key.


	filter_config (SiteFilterConfig | None) – modifies filter behavior.






	Returns:

	Region model with cropped site summaries and a list of site info
dictionaries containing the new cropped data field.



	Return type:

	Tuple[GeoDataFrame, Iterable[Dict]]





Example

>>> from geowatch.cli.crop_sites_to_regions import *  # NOQA
>>> import geopandas as gpd
>>> import kwimage
>>> from geowatch.utils import util_gis
>>> crs84 = util_gis._get_crs84()
>>> region_poly = kwimage.Polygon.random(rng=0).translate((42, 72))
>>> site_poly1 = region_poly.translate((0.0001, 0.0001))
>>> #
>>> def demo_site_summary(site_id, site_poly):
>>>     return {
>>>         'type': 'site_summary',
>>>         'region_id': None,
>>>         'site_id': site_id,
>>>         'start_date': '2020-01-01',
>>>         'end_date': '2020-01-03',
>>>         'geometry': site_poly.to_shapely()
>>>     }
>>> def demo_site(site_id, site_poly):
>>>     sh_poly = site_poly.to_shapely()
>>>     site = gpd.GeoDataFrame([
>>>         {'type': 'site', 'region_id': 'DemoRegion', 'site_id': site_id, 'geometry': sh_poly},
>>>         {'type': 'observation', 'observation_date': '2020-01-01', 'current_phase': 'phase1', 'geometry': sh_poly},
>>>         {'type': 'observation', 'observation_date': '2020-01-02', 'current_phase': 'phase2', 'geometry': sh_poly},
>>>         {'type': 'observation', 'observation_date': '2020-01-03', 'current_phase': 'phase3', 'geometry': sh_poly},
>>>     ], crs=crs84)
>>>     return {'fpath': None, 'data': site}
>>> region_gdf_crs84 = gpd.GeoDataFrame([
>>>     {
>>>         'type': 'region',
>>>         'region_id': 'DemoRegion',
>>>         'geometry': region_poly.to_shapely(),
>>>     },
>>>     demo_site_summary('DemoRegion_0001', site_poly1),
>>> ], crs=crs84)
>>> sites = [
>>>     demo_site('DemoRegion_0001', site_poly1),
>>> ]
>>> cropped_region, cropped_sites = filter_sites(region_gdf_crs84, sites)
>>> cropped_sites = list(cropped_sites)
>>> assert len(cropped_sites) == len(sites)
>>> assert len(cropped_region) == 2





Example

>>> # xdoctest: +REQUIRES(--slow)
>>> from geowatch.cli.crop_sites_to_regions import *  # NOQA
>>> import geopandas as gpd
>>> import kwimage
>>> from geowatch.utils import util_gis
>>> crs84 = util_gis._get_crs84()
>>> region_poly = kwimage.Polygon.random(rng=0).translate((42, 72))
>>> site_poly0 = region_poly
>>> site_poly1 = region_poly.translate((0.0001, 0.0001))
>>> site_poly2 = region_poly.translate((3.0, 3.0))
>>> site_poly3 = kwimage.Polygon.random().translate((42, 72))
>>> site_poly4 = kwimage.Polygon.random().translate((43, 73))
>>> site_poly5 = kwimage.Polygon.random().translate((42.1, 72.1))
>>> #
>>> def demo_site_summary(site_id, site_poly):
>>>     return {
>>>         'type': 'site_summary',
>>>         'region_id': None,
>>>         'site_id': site_id,
>>>         'start_date': '2020-01-01',
>>>         'end_date': '2020-01-03',
>>>         'geometry': site_poly.to_shapely()
>>>     }
>>> def demo_site(site_id, site_poly):
>>>     sh_poly = site_poly.to_shapely()
>>>     site = gpd.GeoDataFrame([
>>>         {'type': 'site', 'region_id': 'DemoRegion', 'site_id': site_id, 'geometry': sh_poly},
>>>         {'type': 'observation', 'observation_date': '2020-01-01', 'current_phase': 'phase1', 'geometry': sh_poly},
>>>         {'type': 'observation', 'observation_date': '2020-01-02', 'current_phase': 'phase2', 'geometry': sh_poly},
>>>         {'type': 'observation', 'observation_date': '2020-01-03', 'current_phase': 'phase3', 'geometry': sh_poly},
>>>     ], crs=crs84)
>>>     return {'fpath': None, 'data': site}
>>> region_gdf_crs84 = gpd.GeoDataFrame([
>>>     {
>>>         'type': 'region',
>>>         'region_id': 'DemoRegion',
>>>         'geometry': region_poly.to_shapely(),
>>>     },
>>>     demo_site_summary('DemoRegion_0001', site_poly1),
>>>     demo_site_summary('DemoRegion_0002', site_poly2),
>>> ], crs=crs84)
>>> sites = [
>>>     demo_site('DemoRegion_0000', site_poly0),
>>>     demo_site('DemoRegion_0001', site_poly1),
>>>     demo_site('DemoRegion_0002', site_poly2),
>>>     demo_site('DemoRegion_0003', site_poly3),
>>>     demo_site('DemoRegion_0004', site_poly4),
>>>     demo_site('DemoRegion_0005', site_poly5),
>>> ]
>>> cropped_region, cropped_sites = filter_sites(region_gdf_crs84, sites)
>>> cropped_sites = list(cropped_sites)
>>> assert len(cropped_sites) == len(sites)
>>> assert len(cropped_sites[0]['data']) == len(sites[0]['data'])
>>> assert len(cropped_sites[1]['data']) == len(sites[1]['data'])
>>> assert len(cropped_sites[2]['data']) == 0
>>> assert len(cropped_region) == 2










	
geowatch.cli.crop_sites_to_regions._cropper_gen(sites, crop_geom_utm, utm_epsg, output_crs, filter_config)

	




	
geowatch.cli.crop_sites_to_regions.filter_gdf_in_utm(gdf, crop_geom_utm, utm_epsg, output_crs, main_type=None, filter_config=None)

	Crop geometry in a geopandas data frame to specified bounds in UTM space.
Filter out any rows where the cropped geometry is null or invalid.


	Parameters:

	
	gdf (geopandas.GeoDataFrame) – The data to crop (in CRS84)


	crop_geom_utm (shapely.geometry.polygon.Polygon) – The UTM polygon to crop to.


	utm_epsg (int) – The UTM zone to work in


	output_crs (pyproj.crs.crs.CRS) – The output CRS to wrap back into (should be CRS84)


	main_type (str) – “site_summary” for region models, and “site” for site models.


	filter_config (SiteFilterConfig | None) – modifies filter behavior.






	Returns:

	GeoDataFrame












            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.extend_sc_sites module


	
geowatch.cli.extend_sc_sites.default_feat()

	




	
geowatch.cli.extend_sc_sites.to_date(date_str)

	




	
geowatch.cli.extend_sc_sites.extend(site_summary, site)

	




	
geowatch.cli.extend_sc_sites.extend_clone(bas_site, site)

	TODO does not handle phase_transition_days or enforce temporal consistency
in phases.






	
geowatch.cli.extend_sc_sites.create(site_summary)

	




	
geowatch.cli.extend_sc_sites.main(region_models_pth, site_models_pth, out_region_models_pth, out_site_models_pth, modify_region_models_pth, modify_site_models_pth=None, create_missing=True, extend_existing=True)

	Modifies site models based on site summaries, and saves new site models and
site summaries.


	Parameters:

	
	modify_site_models_pth – If given, create/extend from site models


	instead of site summaries


	create_missing – Create a new site model for any site summary that


	doesn’t have one


	extend_existing – Extend the temporal duration of any site model smaller


	than its site summary















            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.find_dvc module

NODE: Deprecated in favor of “simple_dvc”


	SeeAlso:
	../cli/find_dvc.py






Todo


	[ ] This needs a better API. Something like the API for git/dvc remotes.






Example Usage:


# List default directories (hard coded ones that exist)
python -m geowatch.cli.find_dvc –command=list

python -m geowatch.cli.find_dvc –command=add –name=test –path=$HOME –hardware=hdd

# List after adding
python -m geowatch.cli.find_dvc list

# Now get one
python -m geowatch.cli.find_dvc

# Force it to recall “test”
python -m geowatch.cli.find_dvc –name=test

# Remove the test dir
python -m geowatch.cli.find_dvc –command=remove –name=test

# Final list
python -m geowatch.cli.find_dvc –command=list

python -m geowatch.cli.find_dvc –hardware=ssd
python -m geowatch.cli.find_dvc –hardware=hdd




Example Usage:


#### ON PROJECT DATA

# When you register your drop4 data / experiment paths, the DVC examples in
# this repo will generally work out of the box. The important part is that
# your path agrees with the tags used in the examples. Telling the registry
# if the path lives on an HDD or SSD is also useful.
geowatch_dvc add my_drop4_data –path=$HOME/Projects/SMART/smart_data_dvc –hardware=hdd –priority=100 –tags=phase2_data
geowatch_dvc add my_drop4_data –path=$HOME/Projects/SMART/smart_expt_dvc –hardware=hdd –priority=100 –tags=phase2_expt

# The examples in this repo will generally use this pattern to query for
# the machine-specific data location. Ensure that these commands work
# and output the correct paths
DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=auto)
DVC_EXPT_DPATH=$(geowatch_dvc –tags=’phase2_expt’ –hardware=auto)

echo “DVC_DATA_DPATH = $DVC_DATA_DPATH”
echo “DVC_EXPT_DPATH = $DVC_EXPT_DPATH”





	
class geowatch.cli.find_dvc.FindDVCConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Find the path to a registered DVC repo.


	Example Usage:
	# List currently known directories
geowatch_dvc list

# Add a new path (with optional hardware and tags)
mkdir -p $HOME/tmp/datadir
geowatch_dvc add –name=testdir –path=$HOME/tmp/datadir –hardware=hdd –tags=mytag

# Lookup the newly registered path
geowatch_dvc find –tags mytag

# Remove the test entry
geowatch_dvc remove testdir





Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
static main(cmdline=True, **kwargs)

	




	
default = {'command': <Value('find')>, 'hardware': <Value(None)>, 'must_exist': <Value('auto')>, 'name': <Value(None)>, 'path': <Value(None)>, 'priority': <Value(None)>, 'tags': <Value(None)>, 'verbose': <Value(1)>}

	








	
geowatch.cli.find_dvc._CLI

	alias of FindDVCConfig








            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.fit module


	
class geowatch.cli.fit.FitCLI(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Does not work from geowatch CLI yet. See help.
Use python -m geowatch.tasks.fusion.fit_lightning fit instead for now. See

..code:: bash


python -m geowatch.tasks.fusion.fit_lightning fit –help




Execute fusion fit

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
classmethod main(cmdline=1, **kwargs)

	




	
default = {}

	








	
geowatch.cli.fit.main(cmdline=1, **kwargs)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.fix_region_models module

Helper to fix issues in truth region / site models, particularly issues seen in
iMERIT data.


	SeeAlso:
	~/code/watch/geowatch/geoannots/geomodels.py
~/code/watch/geowatch/cli/validate_annotation_schemas.py
~/code/watch/geowatch/cli/fix_region_models.py

DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=auto)
python -m geowatch.cli.fix_region_models 


–region_models=”$DVC_DATA_DPATH”/annotations/drop6/region_models/*.geojson





	python -m geowatch.cli.fix_region_models 
	–region_models “$DVC_DATA_DPATH”/submodules/annotations/region_models/*.geojson



	python -m geowatch.cli.fix_region_models 
	
	–region_models 
	“$DVC_DATA_DPATH”/submodules/annotations/region_models/AE_C002.geojson “$DVC_DATA_DPATH”/submodules/annotations/region_models/AE_C003.geojson “$DVC_DATA_DPATH”/submodules/annotations/region_models/PY_C001.geojson “$DVC_DATA_DPATH”/submodules/annotations/region_models/BR_T001.geojson “$DVC_DATA_DPATH”/submodules/annotations/region_models/BR_T002.geojson







	python -m geowatch.cli.validate_annotation_schemas 
	–region_models=”$DVC_DATA_DPATH”/annotations/drop6/region_models/AE_C001.geojson










	
class geowatch.cli.fix_region_models.FixRegionModelsCLI(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'region_models': <Value(None)>}

	








	
class geowatch.cli.fix_region_models.fakefloat(value)

	Bases: float [https://docs.python.org/3/library/functions.html#float]






	
class geowatch.cli.fix_region_models.DecimalEncoder(*, skipkeys=False, ensure_ascii=True, check_circular=True, allow_nan=True, sort_keys=False, indent=None, separators=None, default=None)

	Bases: JSONEncoder

Constructor for JSONEncoder, with sensible defaults.

If skipkeys is false, then it is a TypeError to attempt
encoding of keys that are not str, int, float or None.  If
skipkeys is True, such items are simply skipped.

If ensure_ascii is true, the output is guaranteed to be str
objects with all incoming non-ASCII characters escaped.  If
ensure_ascii is false, the output can contain non-ASCII characters.

If check_circular is true, then lists, dicts, and custom encoded
objects will be checked for circular references during encoding to
prevent an infinite recursion (which would cause an RecursionError).
Otherwise, no such check takes place.

If allow_nan is true, then NaN, Infinity, and -Infinity will be
encoded as such.  This behavior is not JSON specification compliant,
but is consistent with most JavaScript based encoders and decoders.
Otherwise, it will be a ValueError to encode such floats.

If sort_keys is true, then the output of dictionaries will be
sorted by key; this is useful for regression tests to ensure
that JSON serializations can be compared on a day-to-day basis.

If indent is a non-negative integer, then JSON array
elements and object members will be pretty-printed with that
indent level.  An indent level of 0 will only insert newlines.
None is the most compact representation.

If specified, separators should be an (item_separator, key_separator)
tuple.  The default is (’, ‘, ‘: ‘) if indent is None and
(‘,’, ‘: ‘) otherwise.  To get the most compact JSON representation,
you should specify (‘,’, ‘:’) to eliminate whitespace.

If specified, default is a function that gets called for objects
that can’t otherwise be serialized.  It should return a JSON encodable
version of the object or raise a TypeError.


	
default(o)

	








	
geowatch.cli.fix_region_models.defaultencode(o)

	




	
geowatch.cli.fix_region_models.main(cmdline=1, **kwargs)

	




	
geowatch.cli.fix_region_models.special_dumps(region_model)

	




	
geowatch.cli.fix_region_models.fix_region_model(region_model)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.geojson_site_stats module

CommandLine

DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware='auto')
python -m geowatch.cli.geojson_site_stats         --site_models="$DVC_DATA_DPATH/annotations/drop6/site_models/*"         --region_models="$DVC_DATA_DPATH/annotations/drop6/region_models/*"

geowatch geomodel_stats <paths-to-site-or-region-models>






	
class geowatch.cli.geojson_site_stats.GeojsonSiteStatsConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Compute statistics about geojson sites.


Todo


	[ ] Rename to geojson stats? Or geomodel stats?


	[ ] make text output more  consistent and more useful.






Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'io_workers': <Value('avail')>, 'models': <Value(None)>, 'region_models': <Value(None)>, 'site_models': <Value(None)>, 'viz_dpath': <Value(None)>}

	




	
main(**kwargs)

	








	
geowatch.cli.geojson_site_stats.main(cmdline=1, **kwargs)

	




	
geowatch.cli.geojson_site_stats.gdf_site_overlaps(summary_utm, region_start_date, region_end_date)

	




	
geowatch.cli.geojson_site_stats.viz_site_stats(unique_region_ids, region_to_obs_accum, region_to_site_accum, viz_dpath)

	




	
geowatch.cli.geojson_site_stats.geopandas_shape_stats(df)

	Compute shape statistics about a geopandas dataframe (assume UTM CRS)








            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.geotiffs_to_kwcoco module

Attempts to register directory of geotiffs into a kwcoco dataset


	
class geowatch.cli.geotiffs_to_kwcoco.KWCocoFromGeotiffConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Create a kwcoco manifest of a set of on-disk geotiffs

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'dst': <Value(None)>, 'geotiff_dpath': <Value(None)>, 'relative': <Value(False)>, 'strict': <Value(False)>, 'workers': <Value(0)>}

	








	
geowatch.cli.geotiffs_to_kwcoco.main(cmdline=1, **kwargs)

	




	
geowatch.cli.geotiffs_to_kwcoco.filter_band_files(fpaths, band_list, with_tci=True)

	band_list is any subset of util_bands.ALL_BANDS

with_tci: include true color thumbnail






	
geowatch.cli.geotiffs_to_kwcoco.ingest_landsat_directory(lc_dpath)

	




	
geowatch.cli.geotiffs_to_kwcoco.ingest_sentinel2_directory(s2_dpath)

	




	
geowatch.cli.geotiffs_to_kwcoco.make_coco_img_from_geotiff(tiff_fpath, name=None, force_affine=True, with_info=False)

	TODO: move to coco extensions

Example

>>> from geowatch.demo.landsat_demodata import grab_landsat_product  # NOQA
>>> product = grab_landsat_product()
>>> tiffs = product['bands'] + [product['meta']['bqa']]
>>> tiff_fpath = product['bands'][0]
>>> name = None
>>> img = make_coco_img_from_geotiff(tiff_fpath)
>>> print('img = {}'.format(ub.urepr(img, nl=1)))










	
geowatch.cli.geotiffs_to_kwcoco.make_coco_img_from_auxiliary_geotiffs(tiffs, name)

	TODO: move to coco extensions

Example

>>> from geowatch.demo.landsat_demodata import grab_landsat_product  # NOQA
>>> product = grab_landsat_product()
>>> tiffs = product['bands'] + [product['meta']['bqa']]
>>> name = product['scene_name']
>>> img = make_coco_img_from_auxiliary_geotiffs(tiffs, name)
>>> print('img = {}'.format(ub.urepr(img, nl=-1, sort=0)))










	
geowatch.cli.geotiffs_to_kwcoco.make_coco_img_from_auxiliary_dicts(auxiliary, name)

	




	
geowatch.cli.geotiffs_to_kwcoco.find_geotiffs(geotiff_dpath, workers=0, strict=False)

	Search a directory for any geotiffs and return a set of kwcoco-style image
dictionaries detailing the results.


	Parameters:

	geotiff_dpath (str) – directory to search



	Returns:

	a list of kwcoco-style image dictionaries



	Return type:

	List[Dict]





geotiff_dpath = ‘/home/joncrall/data/grab_tiles_out/fels’








            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.kwcoco_to_geojson module




            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.merge_region_models module


	
class geowatch.cli.merge_region_models.MergeRegionModelConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Combine the specific features from multiple region files into a single one.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'dst': <Value(None)>, 'epilog': '\n    Example Usage:\n\n        DVC_DPATH=$HOME/data/dvc-repos/smart_watch_dvc\n\n        python -m geowatch merge_region_models \\\n            --src $DVC_DPATH/drop1/region_models/*.geojson \\\n            --dst $DVC_DPATH/drop1/all_regions.geojson \\\n            --match_type "region"\n\n        python -m geowatch.cli.merge_region_models \\\n            --src $DVC_DPATH/drop1/region_models/*.geojson \\\n            --dst $DVC_DPATH/drop1/all_regions.geojson\n    ', 'match_subtype': <Value('site')>, 'match_type': <Value('region')>, 'src': <Value([])>}

	








	
geowatch.cli.merge_region_models.main(cmdline=False, **kwargs)

	CommandLine

DVC_DPATH=$HOME/data/dvc-repos/smart_watch_dvc \
    xdoctest -m geowatch.cli.merge_region_models main





Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> import os
>>> import glob
>>> dvc_repo = os.environ.get('DVC_DPATH')
>>> region_fpath = os.path.join(dvc_repo, 'drop1/region_models')
>>> json_paths = list(glob.glob(os.path.join(region_fpath, '*.geojson')))
>>> kwargs = {'src': json_paths}
>>> main(**kwargs)










	
geowatch.cli.merge_region_models.combine_region_models(json_paths, match_type=None, match_subtype=None)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.mlops_cli module

Exposes the mlops tools in the CLI




            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.predict module


	
class geowatch.cli.predict.PredictCLI(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Does not work from geowatch CLI yet. See help.
Use python -m geowatch.tasks.fusion.predict instead for now.

..code:: bash


python -m geowatch.tasks.fusion.predict –help




Execute fusion predict

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
classmethod main(cmdline=1, **kwargs)

	




	
default = {}

	








	
geowatch.cli.predict.main(cmdline=1, **kwargs)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.prepare_splits module


Todo

move to queue_cli



CommandLine

xdoctest -m geowatch.cli.prepare_splits __doc__





Example

>>> from geowatch.cli.prepare_splits import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch', 'tests', 'prep_splits').ensuredir()
>>> (dpath / 'KR_R001.kwcoco.zip').touch()
>>> (dpath / 'KR_R002.kwcoco.zip').touch()
>>> (dpath / 'BR_R002.kwcoco.zip').touch()
>>> config = {
>>>     'base_fpath': dpath / '*.kwcoco.zip',
>>>     'virtualenv_cmd': 'conda activate geowatch',
>>>     'constructive_mode': True,
>>>     'run': 0,
>>>     'cache': False,
>>>     'backend': 'serial',
>>>     'splits': 'split6',
>>>     'verbose': 0,
>>> }
>>> queue = prep_splits(cmdline=False, **config)
>>> config['backend'] = 'slurm'
>>> queue = prep_splits(cmdline=False, **config)
>>> queue.print_commands()
>>> config['backend'] = 'tmux'
>>> queue = prep_splits(cmdline=False, **config)
>>> queue.print_commands()
>>> config['backend'] = 'serial'
>>> queue = prep_splits(cmdline=False, **config)
>>> queue.print_commands()





CommandLine

DVC_DATA_DPATH=$(geowatch_dvc --tags=phase2_data --hardware="hdd")
python -m geowatch.cli.prepare_splits         --src_kwcocos="$DVC_DATA_DPATH"/Drop7-MedianNoWinter10GSD-NoMask/*/imganns-*.kwcoco.zip         --dst_dpath "$DVC_DATA_DPATH"/Drop7-MedianNoWinter10GSD-NoMask         --suffix=rawbands         --backend=tmux --tmux_workers=6         --splits=split6         --run=0






	
class geowatch.cli.prepare_splits.PrepareSplitsConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

This generates the bash commands necessary to split a base kwcoco file into
the standard train / validation splits.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'backend': <Value('tmux')>, 'cache': <Value(0)>, 'constructive_mode': <Value(True)>, 'dst_dpath': <Value(None)>, 'other_session_handler': <Value('ask')>, 'run': <Value(True)>, 'splits': <Value('*')>, 'src_kwcocos': <Value(None)>, 'suffix': <Value('')>, 'verbose': <Value(1)>, 'virtualenv_cmd': <Value(None)>, 'with_textual': <Value('auto')>, 'workers': <Value(2)>}

	








	
geowatch.cli.prepare_splits._submit_constructive_split_jobs(base_fpath, dst_dpath, suffix, queue, config, depends=[])

	new method for splits to construct them from previouly partitioned files






	
geowatch.cli.prepare_splits._submit_split_jobs(base_fpath, queue, depends=[])

	Populates a Serial, Slurm, or Tmux Queue with jobs






	
geowatch.cli.prepare_splits.prep_splits(cmdline=False, **kwargs)

	The idea is that we should have a lightweight scheduler.  I think something
fairly minimal can be implemented with tmux, but it would be nice to have a
more robust slurm extension.


Todo


	[ ] Option to just dump the serial bash script that does everything.











	
geowatch.cli.prepare_splits.main(cmdline=False, **kwargs)

	The idea is that we should have a lightweight scheduler.  I think something
fairly minimal can be implemented with tmux, but it would be nice to have a
more robust slurm extension.


Todo


	[ ] Option to just dump the serial bash script that does everything.













            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.prepare_ta2_dataset module

Builds a multi-region dataset.

An end-to-end script for calling all the scripts needed to


	Pulls the STAC catalog that points to processed large image tiles


	Creates a virtual Uncropped kwcoco dataset that points to the large image tiles


	Crops the dataset to create an aligned TA2 dataset





See also

~/code/geowatch/scripts/prepare_drop4.sh
~/code/geowatch/scripts/prepare_drop5.sh



CommandLine

# Create a demo region file, and create vairables that point at relevant
# paths, which are by default written in your ~/.cache folder
xdoctest -m geowatch.demo.demo_region demo_khq_region_fpath
REGION_FPATH="$HOME/.cache/geowatch/demo/annotations/KHQ_R001.geojson"
SITE_GLOBSTR="$HOME/.cache/geowatch/demo/annotations/KHQ_R001_sites/*.geojson"

# The "name" of the new dataset
DATASET_SUFFIX=Demo-TA2-KHQ

# Set this to where you want to build the dataset
DEMO_DPATH=$PWD/prep_ta2_demo

mkdir -p "$DEMO_DPATH"

# This is a string code indicating what STAC endpoint we will pull from
SENSORS="sentinel-s2-l2a-cogs"

# Depending on the STAC endpoint, some parameters may need to change:
# collated - True for IARPA endpoints, Usually False for public data
# requester_pays - True for public landsat
# api_key - A secret for non public data

export SMART_STAC_API_KEY=""
export GDAL_DISABLE_READDIR_ON_OPEN=EMPTY_DIR

# Construct the TA2-ready dataset
python -m geowatch.cli.prepare_ta2_dataset \
    --dataset_suffix=$DATASET_SUFFIX \
    --cloud_cover=100 \
    --stac_query_mode=auto \
    --sensors "$SENSORS" \
    --api_key=env:SMART_STAC_API_KEY \
    --collated False \
    --requester_pays=True \
    --dvc_dpath="$DEMO_DPATH" \
    --aws_profile=iarpa \
    --region_globstr="$REGION_FPATH" \
    --site_globstr="$SITE_GLOBSTR" \
    --fields_workers=8 \
    --convert_workers=0 \
    --align_workers=26 \
    --cache=1 \
    --skip_existing=0 \
    --ignore_duplicates=1 \
    --target_gsd=30 \
    --visualize=True \
    --max_products_per_region=10 \
    --backend=serial \
    --run=1

geowatch visualize $HOME/data/dvc-repos/smart_watch_dvc/Aligned-Drop2-TA1-2022-02-24/data.kwcoco_c9ea8bb9.json






Todo

handle GE01 and WV01 platforms



CommandLine

xdoctest -m geowatch.cli.prepare_ta2_dataset __doc__:0





Example

>>> from geowatch.cli.prepare_ta2_dataset import *  # NOQA
>>> import ubelt as ub
>>> dpath = ub.Path.appdir('geowatch/test/prep_ta2_dataset').delete().ensuredir()
>>> from geowatch.geoannots import geomodels
>>> # Write dummy regions / sites
>>> for rng in [0, 1, 3]:
>>>     region, sites = geomodels.RegionModel.random(rng=rng, with_sites=True)
>>>     region_dpath = (dpath / 'region_models').ensuredir()
>>>     site_dpath = (dpath / 'site_models').ensuredir()
>>>     region_fpath = region_dpath / (region.region_id + '.geojson')
>>>     region_fpath.write_text(region.dumps())
>>>     for site in sites:
>>>         site_fpath = site_dpath / (site.site_id + '.geojson')
>>>         site_fpath.write_text(site.dumps())
>>> # Prepare config and test a dry run
>>> kwargs = PrepareTA2Config()
>>> kwargs['dataset_suffix'] = 'DEMO_DOCTEST'
>>> kwargs['run'] = 0
>>> kwargs['stac_query_mode'] = 'auto'
>>> kwargs['regions'] = region_dpath
>>> kwargs['sites'] = site_dpath
>>> kwargs['backend'] = 'serial'
>>> kwargs['visualize'] = 1
>>> kwargs['collated'] = [True]
>>> kwargs['out_dpath'] = '.'
>>> cmdline = 0
>>> PrepareTA2Config.main(cmdline=cmdline, **kwargs)






	
class geowatch.cli.prepare_ta2_dataset.PrepareTA2Config(*args, **kwargs)

	Bases: CMDQueueConfig

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
classmethod _register_main(func)

	




	
default = {'align_aux_workers': <Value(0)>, 'align_keep': <Value('img')>, 'align_tries': <Value(2)>, 'align_workers': <Value(0)>, 'api_key': <Value('env:SMART_STAC_API_KEY')>, 'aws_profile': <Value('iarpa')>, 'backend': <Value('tmux')>, 'cache': <Value(1)>, 'cloud_cover': <Value(10)>, 'collated': <Value([True])>, 'convert_workers': <Value(0)>, 'dataset_suffix': <Value(None)>, 'debug': <Value(False)>, 'exclude_channels': <Value(None)>, 'fields_workers': <Value('min(avail,max(all/2,8))')>, 'final_union': <Value(True)>, 'force_min_gsd': <Value(None)>, 'force_nodata': <Value(None)>, 'hack_lazy': <Value(False)>, 'ignore_duplicates': <Value(1)>, 'include_channels': <Value(None)>, 'max_products_per_region': <Value(None)>, 'max_regions': <Value(None)>, 'other_session_handler': <Value('ask')>, 'out_dpath': <Value('auto')>, 'print_commands': <Value('auto')>, 'print_queue': <Value('auto')>, 'propogate_strategy': <Value('NEW-SMART')>, 'query_workers': <Value(0)>, 'queue_name': <Value('prep-ta2-dataset')>, 'regions': <Value('annotations/region_models')>, 'remove_broken': <Value(True)>, 'reproject_annotations': <Value(True)>, 'requester_pays': <Value(0)>, 'rpc_align_method': <Value('orthorectify')>, 'run': <Value(False)>, 's3_fpath': <Value(None)>, 'select_images': <Value(False)>, 'sensor_to_time_window': <Value(None)>, 'sensors': <Value('L2')>, 'sites': <Value(None)>, 'skip_existing': <Value(False)>, 'skip_populate_errors': <Value(False)>, 'slurm_options': <Value(None)>, 'splits': <Value(False)>, 'stac_query_mode': <Value(None)>, 'target_gsd': <Value(10)>, 'tmux_workers': <Value(8)>, 'verbose': <Value(0)>, 'virtualenv_cmd': <Value(None)>, 'visualize': <Value(0)>, 'visualize_only_boxes': <Value(True)>, 'with_textual': <Value('auto')>}

	




	
main(**kwargs)

	








	
geowatch.cli.prepare_ta2_dataset._justkeys(d)

	




	
geowatch.cli.prepare_ta2_dataset.main(cmdline=False, **kwargs)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.prepare_teamfeats module

The following example simply produces the script under different variations.

CommandLine

xdoctest -m geowatch.cli.prepare_teamfeats __doc__






	SeeAlso:
	../tasks/invariants/predict.py
../tasks/landcover/predict.py
../tasks/depth/predict.py
../tasks/cold/predict.py

~/code/watch/dev/poc/prepare_time_combined_dataset.py





Example

>>> from geowatch.cli.prepare_teamfeats import *  # NOQA
>>> expt_dvc_dpath = ub.Path('./pretend_expt_dpath')
>>> config = {
>>>     'src_kwcocos': './pretend_bundle/data.kwcoco.json',
>>>     'gres': [0, 1],
>>>     'expt_dvc_dpath': './pretend_expt_dvc',
>>> #
>>>     'virtualenv_cmd': 'conda activate geowatch',
>>> #
>>>     #'with_s2_landcover': 1,
>>>     #'with_materials': 1,
>>>     #'with_invariants2': 1,
>>>     'with_mae': 1,
>>> #
>>>     'run': 0,
>>>     'check': False,
>>>     'skip_existing': False,
>>>     'backend': 'serial',
>>> }
>>> config['backend'] = 'slurm'
>>> outputs = prep_feats(cmdline=False, **config)
>>> outputs['queue'].print_commands(0, 0)
>>> config['backend'] = 'tmux'
>>> outputs = prep_feats(cmdline=False, **config)
>>> outputs['queue'].print_commands(0, 0)
>>> config['backend'] = 'serial'
>>> outputs = prep_feats(cmdline=False, **config)
>>> outputs['queue'].print_commands(0, 0)





Example

>>> # Test landcover commands
>>> from geowatch.cli.prepare_teamfeats import *  # NOQA
>>> expt_dvc_dpath = ub.Path('./pretend_expt_dpath')
>>> config = {
>>>     'src_kwcocos': './PRETEND_BUNDLE/data.kwcoco.json',
>>>     'gres': [0, 1],
>>>     'expt_dvc_dpath': './PRETEND_EXPT_DVC',
>>>     'virtualenv_cmd': 'conda activate geowatch',
>>>     'with_s2_landcover': 1,
>>>     'with_wv_landcover': 1,
>>>     'num_wv_landcover_hidden': 0,
>>>     'num_s2_landcover_hidden': 0,
>>>     'run': 0,
>>>     'check': False,
>>>     'skip_existing': False,
>>>     'backend': 'serial',
>>> }
>>> config['backend'] = 'serial'
>>> outputs = prep_feats(cmdline=False, **config)
>>> outputs['queue'].print_commands(0, 0)
>>> output_paths = outputs['final_output_paths']
>>> print('output_paths = {}'.format(ub.urepr(output_paths, nl=1)))






	
class geowatch.cli.prepare_teamfeats.TeamFeaturePipelineConfig(*args, **kwargs)

	Bases: CMDQueueConfig

This generates the bash commands necessary to run team feature computation,
followed by aggregation and then splitting out train / val datasets.


Note

The models and parameters to use are hard coded in this script.




Todo


	[ ] jsonargparse use-case: specifying parmeters of the subalgos






Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'assets_dname': <Value('_teamfeats')>, 'backend': <Value('tmux')>, 'check': <Value(True)>, 'cold_workermode': <Value('process')>, 'cold_workers': <Value(4)>, 'data_workers': <Value(2)>, 'depth_workers': <Value(2)>, 'expt_dvc_dpath': <Value('auto')>, 'gres': <Value('auto')>, 'invariant_pca': <Value(0)>, 'invariant_resolution': <Value('10GSD')>, 'invariant_segmentation': <Value(False)>, 'kwcoco_ext': <Value('.kwcoco.zip')>, 'num_s2_landcover_hidden': 32, 'num_wv_landcover_hidden': 32, 'other_session_handler': <Value('ask')>, 'print_commands': <Value('auto')>, 'print_queue': <Value('auto')>, 'queue_name': <Value(None)>, 'run': <Value(False)>, 'skip_existing': <Value(True)>, 'slurm_options': <Value(None)>, 'src_kwcocos': <Value(None)>, 'tmux_workers': <Value(8)>, 'virtualenv_cmd': <Value(None)>, 'with_cold': <Value(False)>, 'with_depth': <Value(False)>, 'with_invariants2': <Value(False)>, 'with_mae': <Value(False)>, 'with_materials': <Value(False)>, 'with_s2_landcover': <Value(False)>, 'with_sam': <Value(False)>, 'with_textual': <Value('auto')>, 'with_wv_landcover': <Value(False)>}

	








	
geowatch.cli.prepare_teamfeats.prep_feats(cmdline=True, **kwargs)

	The idea is that we should have a lightweight scheduler.  I think something
fairly minimal can be implemented with tmux, but it would be nice to have a
more robust slurm extension.


Todo


	[ ] Option to just dump the serial bash script that does everything.











	
geowatch.cli.prepare_teamfeats._make_teamfeat_nodes(src_fpath, expt_dvc_dpath, aligned_bundle_dpath, config)

	




	
geowatch.cli.prepare_teamfeats.main(cmdline=True, **kwargs)

	The idea is that we should have a lightweight scheduler.  I think something
fairly minimal can be implemented with tmux, but it would be nice to have a
more robust slurm extension.


Todo


	[ ] Option to just dump the serial bash script that does everything.













            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.pseudolive_consolidate module


	
geowatch.cli.pseudolive_consolidate.main()

	




	
geowatch.cli.pseudolive_consolidate.reindex_ids(site_or_region)

	




	
geowatch.cli.pseudolive_consolidate._yield_first_feature(site_or_region, type_)

	




	
geowatch.cli.pseudolive_consolidate._load_region_data(region_id, ta2_collated_dir, performer_suffix=None)

	




	
geowatch.cli.pseudolive_consolidate._load_site_data(site_id, ta2_collated_dir, performer_suffix=None)

	




	
geowatch.cli.pseudolive_consolidate.pseudolive_consolidate(region_id, input_region_path, ta2_collated_dir_previous, ta2_collated_dir_current, outdir, iou_threshold, performer_suffix=None, just_deconflict=False)

	




	
geowatch.cli.pseudolive_consolidate.compute_iou(site_summary_1, site_summary_2)

	Addapted from MITRE Corp’s Smart Nifi implementation
https://smartgitlab.com/infrastructure/smart-nifi/-/blob/main/python_scripts/smart_nifi/consolidate_split.py

Compare two sites and determine if they represent “roughly” the same area.


	this IS going to fail under the following circumstances:
	
	polar regions


	sites that cross the 180DEG line









	Parameters:

	
	shape1 (a site_summary geojson) – A Site that is trusted


	shape2 (a site_summary geojson) – A Site that may be a duplicate






	Returns:

	iou



	Return type:

	float [https://docs.python.org/3/library/functions.html#float]












            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.reproject_annotations module

Projects annotations from geojson files onto a kwcoco file.

This finds geojson regions that spatially overlap geo-registered kwcoco videos
and then projects the CRS84 geojson annotations into image-space annotations
for the assigned video. Tracked annotations in the geojson files are treated as
keyframes and propogated across time based on the propogate_strategy
argument.

CommandLine

# Update a dataset with new annotations
DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=auto)

# You dont need to run this, but if you plan on running the reproject
# annotations script multiple times, preloading this work will make it
# faster
python -m geowatch add_fields \
    --src $DVC_DATA_DPATH/Drop6/data.kwcoco.json \
    --dst $DVC_DATA_DPATH/Drop6/data.kwcoco.json \
    --overwrite=warp --workers 10

# Update to whatever the state of the annotations submodule is.  The
# viz_dpath argument can be specified to visualize the algorithm details.
python -m geowatch reproject_annotations \
    --src $DVC_DATA_DPATH/Drop6/data.kwcoco.json \
    --dst $DVC_DATA_DPATH/Drop6/data.kwcoco.json \
    --viz_dpath $DVC_DATA_DPATH/Drop6/_viz_propogate \
    --site_models="$DVC_DATA_DPATH/annotations/drop6/site_models/*.geojson"

# Finally we can review the polygons.
python -m geowatch visualize \
    --src $DVC_DATA_DPATH/Drop6/data.kwcoco.json \
    --space="video" \
    --num_workers=avail \
    --any3="only" --draw_anns=True --draw_imgs=False --animate=True





Notes

To add iMerit regions, we will need to recognize site-summaries from
region models instead of site-models themselves.  Code to do this is in:


https://gitlab.kitware.com/smart/watch/-/blob/master/geowatch/cli/run_tracker.py#L476




in add_site_summary_to_kwcoco.


Todo


	[ ] use the new proper kwcoco track ids.







	
class geowatch.cli.reproject_annotations.ReprojectAnnotationsConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Warp annotations from geospace onto kwcoco pixel space.

This also propogates track information across time in video datasets.

References

https://smartgitlab.com/TE/annotations/-/wikis/Alternate-Site-Type

The following is example usage in bash

DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=auto)
geowatch reproject_annotations \
    --src $DVC_DATA_DPATH/Drop6/data.kwcoco.json \
    --dst $DVC_DATA_DPATH/Drop6/data.kwcoco.json \
    --region_models="$DVC_DATA_DPATH/annotations/drop6_hard_v1/region_models/*.geojson" \
    --site_models="$DVC_DATA_DPATH/annotations/drop6_hard_v1/site_models/*.geojson"





And equivalent usage in Python

from geowatch.cli import reproject_annotations
import geowatch
dvc_data_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
# Note that every CLI argument has a corresponding key/value argument
kwargs = {
    'src': dvc_data_dpath / 'Drop6/data.kwcoco.json',
    'dst': dvc_data_dpath / 'Drop6/data.kwcoco.json',
    'region_models': dvc_data_dpath / 'annotations/drop6_hard_v1/region_models/*.geojson',
    'site_models': dvc_data_dpath / 'annotations/drop6_hard_v1/site_models/*.geojson',
}
reproject_annotations.main(cmdline=False, **kwargs)





Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'clear_existing': <Value(True)>, 'dst': <Value(None)>, 'geo_preprop': <Value('auto')>, 'geospace_lookup': <Value('auto')>, 'ignore_system_rejected': <Value(True)>, 'inplace': <Value(False)>, 'io_workers': <Value('auto')>, 'propogate_strategy': <Value('NEW-SMART')>, 'region_models': <Value(None)>, 'role': <Value(None)>, 'site_models': <Value(None)>, 'src': <Value(None)>, 'status_to_catname': <Value(None)>, 'validate_checks': <Value(True)>, 'verbose': <Value(1)>, 'viz_dpath': <Value(None)>, 'workers': <Value(0)>}

	




	
main(**kwargs)

	CommandLine

xdoctest -m /home/joncrall/code/watch/geowatch/cli/reproject_annotations.py main
HAS_DVC=1 xdoctest -m geowatch.cli.reproject_annotations main





Example

>>> from geowatch.cli import reproject_annotations
>>> from geowatch.demo import smart_kwcoco_demodata
>>> import ubelt as ub
>>> dpath = ub.Path.appdir('geowatch/tests/reproject/doctest0')
>>> dpath.delete()
>>> coco_dset, region_dpath, site_dpath = smart_kwcoco_demodata.demo_dataset_with_regions_and_sites(dpath)
>>> coco_fpath = coco_dset.fpath
>>> cmdline = False
>>> output_fpath = dpath / 'test_project_data.kwcoco.json'
>>> viz_dpath = (dpath / 'viz').ensuredir()
>>> kwargs = {
>>>     'src': coco_fpath,
>>>     'dst': output_fpath,
>>>     'viz_dpath': viz_dpath,
>>>     'workers': 4,
>>>     'io_workers': 8,
>>>     'clear_existing': True,
>>>     'site_models': site_dpath,
>>>     'region_models': region_dpath,
>>> }
>>> reproject_annotations.main(cmdline=cmdline, **kwargs)
>>> import kwcoco
>>> output_dset = kwcoco.CocoDataset(output_fpath)
>>> num_tracks_out = len(set(output_dset.annots().lookup('track_id')))
>>> assert len(site_dpath.ls()) == num_tracks_out





Example

>>> # xdoctest: +REQUIRES(env:HAS_DVC)
>>> from geowatch.cli.reproject_annotations import *  # NOQA
>>> import geowatch
>>> dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> coco_fpath = dvc_dpath / 'Drop6/imgonly-KR_R001.kwcoco.json'
>>> dpath = ub.Path.appdir('geowatch/tests/project_annots').ensuredir()
>>> cmdline = False
>>> output_fpath = dpath / 'test_project_data.kwcoco.json'
>>> viz_dpath = (dpath / 'viz').ensuredir()
>>> kwargs = {
>>>     'src': coco_fpath,
>>>     'dst': output_fpath,
>>>     'viz_dpath': viz_dpath,
>>>     'workers': 4,
>>>     'io_workers': 8,
>>>     'site_models': dvc_dpath / 'annotations/drop6/site_models/KR_R001*',
>>>     'region_models': dvc_dpath / 'annotations/drop6/region_models/KR_R001*',
>>> }
>>> import kwplot
>>> kwplot.autoplt()  # For interactive viewing
>>> main(cmdline=cmdline, **kwargs)










	
normalize()

	








	
geowatch.cli.reproject_annotations.main(cmdline=False, **kwargs)

	CommandLine

xdoctest -m /home/joncrall/code/watch/geowatch/cli/reproject_annotations.py main
HAS_DVC=1 xdoctest -m geowatch.cli.reproject_annotations main





Example

>>> from geowatch.cli import reproject_annotations
>>> from geowatch.demo import smart_kwcoco_demodata
>>> import ubelt as ub
>>> dpath = ub.Path.appdir('geowatch/tests/reproject/doctest0')
>>> dpath.delete()
>>> coco_dset, region_dpath, site_dpath = smart_kwcoco_demodata.demo_dataset_with_regions_and_sites(dpath)
>>> coco_fpath = coco_dset.fpath
>>> cmdline = False
>>> output_fpath = dpath / 'test_project_data.kwcoco.json'
>>> viz_dpath = (dpath / 'viz').ensuredir()
>>> kwargs = {
>>>     'src': coco_fpath,
>>>     'dst': output_fpath,
>>>     'viz_dpath': viz_dpath,
>>>     'workers': 4,
>>>     'io_workers': 8,
>>>     'clear_existing': True,
>>>     'site_models': site_dpath,
>>>     'region_models': region_dpath,
>>> }
>>> reproject_annotations.main(cmdline=cmdline, **kwargs)
>>> import kwcoco
>>> output_dset = kwcoco.CocoDataset(output_fpath)
>>> num_tracks_out = len(set(output_dset.annots().lookup('track_id')))
>>> assert len(site_dpath.ls()) == num_tracks_out





Example

>>> # xdoctest: +REQUIRES(env:HAS_DVC)
>>> from geowatch.cli.reproject_annotations import *  # NOQA
>>> import geowatch
>>> dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> coco_fpath = dvc_dpath / 'Drop6/imgonly-KR_R001.kwcoco.json'
>>> dpath = ub.Path.appdir('geowatch/tests/project_annots').ensuredir()
>>> cmdline = False
>>> output_fpath = dpath / 'test_project_data.kwcoco.json'
>>> viz_dpath = (dpath / 'viz').ensuredir()
>>> kwargs = {
>>>     'src': coco_fpath,
>>>     'dst': output_fpath,
>>>     'viz_dpath': viz_dpath,
>>>     'workers': 4,
>>>     'io_workers': 8,
>>>     'site_models': dvc_dpath / 'annotations/drop6/site_models/KR_R001*',
>>>     'region_models': dvc_dpath / 'annotations/drop6/region_models/KR_R001*',
>>> }
>>> import kwplot
>>> kwplot.autoplt()  # For interactive viewing
>>> main(cmdline=cmdline, **kwargs)










	
geowatch.cli.reproject_annotations.check_sitemodel_assumptions(sites)

	For debugging and checking assumptions about site models






	
geowatch.cli.reproject_annotations.separate_region_model_types(regions)

	Break a region model into its site-summaries and header

Split up each region model into its region info and site summary info






	
geowatch.cli.reproject_annotations.expand_site_models_with_site_summaries(sites, regions, validate_checks=True)

	Takes all site summaries from region models that do not have a
corresponding site model and makes a “pseudo-site-model” for use in BAS.


	Parameters:

	
	sites (List[GeoDataFrame])


	regions (List[GeoDataFrame])






	Returns:

	
	region_id_to_sites  :
	a mapping from region names to a list of site models both
real and/or pseudo.









	Return type:

	Dict[str [https://docs.python.org/3/library/stdtypes.html#str], List[DataFrame]]










	
geowatch.cli.reproject_annotations.make_pseudo_sitemodels(region_row, sitesummaries)

	In the case that only site sumaries are provided, this creates a dummy site
model so it can follow the same codepath in keyframe propogation.






	
geowatch.cli.reproject_annotations.validate_site_dataframe(site_df)

	Debugging tool to ensure our assumptions about site models are satisfied.






	
geowatch.cli.reproject_annotations.assign_sites_to_images(coco_dset, region_id_to_sites, propogate_strategy, geospace_lookup='auto', want_viz=1, status_to_catname=None, ignore_system_rejected=True)

	Given a coco dataset (with geo information) and a list of geojson sites,
determines which images each site-annotations should go on.


	Parameters:

	
	coco_dset (kwcoco.CocoDataset)


	region_id_to_sites (Dict[str, List[DataFrame]])


	propogate_strategy – (str): a code that describes how we
are going to past/future propogate


	geospace_lookup – (str):


	want_viz (bool)






	Returns:

	A tuple: propogated_annotations, all_drawable_infos



	Return type:

	Tuple[List[Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Any]], Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Any]]










	
geowatch.cli.reproject_annotations.propogate_site(coco_dset, site_gdf, subimg_df, propogate_strategy, region_image_dates, region_image_indexes, region_gids, status_to_color, want_viz, status_to_catname, ignore_system_rejected)

	Given a set of site observations determines how to propogate them onto
potential images in the assigned region.






	
geowatch.cli.reproject_annotations.keyframe_interpolate(image_times, key_infos)

	New method for keyframe interapolation.

Given a set of image times and a set of key frames with information on how
they propogate, determine which keyframes are assigned to which images.

Not yet used for the SMART method, but could be in the future.
The keyframe propogation behavior is also currently very simple and may be
expanded in the future.


	Parameters:

	
	image_times (ndarray) – contains just the times of the underying images we will
associate with the keyframes.


	key_infos (Dict) – contains each keyframe time and information about its behavior.






	Returns:

	a list of associated image indexes for each key frame.



	Return type:

	List[List]





Example

>>> from geowatch.cli.reproject_annotations import *  # NOQA
>>> import numpy as np
>>> image_times = np.array([1, 2, 3, 4, 5, 6, 7])
>>> # TODO: likely also needs a range for a maximum amount of time you will
>>> # apply the observation for.
>>> key_infos = [
>>>     {'time': 1.2, 'applies': 'future'},
>>>     {'time': 3.4, 'applies': 'both'},
>>>     {'time': 6, 'applies': 'past'},
>>>     {'time': 9, 'applies': 'past'},
>>> ]
>>> key_assignment = keyframe_interpolate(image_times, key_infos)
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.figure(fnum=1, doclf=1)
>>> key_times = [d['time'] for d in key_infos]
>>> key_times = np.array(key_times)
>>> plot_poc_keyframe_interpolate(image_times, key_times, key_assignment)





[image: ../_images/fig_geowatch_cli_reproject_annotations_keyframe_interpolate_002.jpeg]
Example

>>> from geowatch.cli.reproject_annotations import *  # NOQA
>>> import numpy as np
>>> image_times = np.array([1, 2, 3, 4, 5, 6, 7])
>>> # TODO: likely also needs a range for a maximum amount of time you will
>>> # apply the observation for.
>>> key_infos = [
>>>     {'time': 1.2, 'applies': 'future', 'max_frames': 1},
>>>     {'time': 3.2, 'applies': 'future'},
>>>     {'time': 6, 'applies': 'future', 'max_frames': 1},
>>> ]
>>> key_assignment = keyframe_interpolate(image_times, key_infos)
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.figure(fnum=1, doclf=1)
>>> key_times = [d['time'] for d in key_infos]
>>> key_times = np.array(key_times)
>>> plot_poc_keyframe_interpolate(image_times, key_times, key_assignment)





[image: ../_images/fig_geowatch_cli_reproject_annotations_keyframe_interpolate_003.jpeg]





	
geowatch.cli.reproject_annotations.plot_poc_keyframe_interpolate(image_times, key_times, key_assignment)

	Helper to visualize the keyframe interpolation algorithm.






	
geowatch.cli.reproject_annotations.plot_image_and_site_times(coco_dset, region_image_dates, drawable_region_sites, region_id, ax=None)

	See [HandleDates]

References



[HandleDates]
https://stackoverflow.com/questions/44642966/how-to-plot-multi-color-line-if-x-axis-is-date-time-index-of-pandas










	
geowatch.cli.reproject_annotations.draw_geospace(dvc_dpath, sites)

	Developer function






	
geowatch.cli.reproject_annotations.is_nonish(x)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.run_fusion_predict module




            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.run_metrics_framework module

Script for running the iarpa metrics code with a bit of post-processing.


Todo


	[ ] Rename to run_polygon_evaluation.py? Or run_iarpa_metrics.py?






Note currently depends on iarpa_smart_metrics, which can be
obtained from:


https://smartgitlab.com/TE/metrics-and-test-framework
or
https://gitlab.kitware.com/smart/metrics-and-test-framework




Example

>>> # xdoctest: +REQUIRES(module:iarpa_smart_metrics)
>>> from geowatch.cli.run_metrics_framework import *  # NOQA
>>> from geowatch.demo.metrics_demo.generate_demodata import generate_demo_metrics_framework_data
>>> cmdline = 0
>>> base_dpath = ub.Path.appdir('geowatch', 'tests', 'test-iarpa-metrics2')
>>> data_dpath = base_dpath / 'inputs'
>>> dpath = base_dpath / 'outputs'
>>> demo_info1 = generate_demo_metrics_framework_data(
>>>     roi='DR_R001',
>>>     num_sites=5, num_observations=10, noise=2, p_observe=0.5,
>>>     p_transition=0.3, drop_noise=0.5, drop_limit=0.5)
>>> demo_info2 = generate_demo_metrics_framework_data(
>>>     roi='DR_R002',
>>>     num_sites=7, num_observations=10, noise=1, p_observe=0.5,
>>>     p_transition=0.1, drop_noise=0.8, drop_limit=0.5)
>>> demo_info3 = generate_demo_metrics_framework_data(
>>>     roi='DR_R003',
>>>     num_sites=11, num_observations=10, noise=3, p_observe=0.5,
>>>     p_transition=0.2, drop_noise=0.3, drop_limit=0.5)
>>> print('demo_info1 = {}'.format(ub.urepr(demo_info1, nl=1)))
>>> print('demo_info2 = {}'.format(ub.urepr(demo_info2, nl=1)))
>>> print('demo_info3 = {}'.format(ub.urepr(demo_info3, nl=1)))
>>> out_dpath = dpath / 'region_metrics'
>>> merge_fpath = dpath / 'merged.json'
>>> out_dpath.delete()
>>> kwargs = {
>>>     'pred_sites': demo_info1['pred_site_dpath'],
>>>     'true_region_dpath': demo_info1['true_region_dpath'],
>>>     'true_site_dpath': demo_info1['true_site_dpath'],
>>>     'merge': True,
>>>     'merge_fpath': merge_fpath,
>>>     'out_dir': out_dpath,
>>> }
>>> main(cmdline=False, **kwargs)
>>> # TODO: visualize





Example

>>> # xdoctest: +REQUIRES(module:iarpa_smart_metrics)
>>> from geowatch.cli.run_metrics_framework import *  # NOQA
>>> from geowatch.demo.metrics_demo.generate_demodata import generate_demo_metrics_framework_data
>>> # Test single region case
>>> cmdline = 0
>>> base_dpath = ub.Path.appdir('geowatch', 'tests', 'test-iarpa-metrics5')
>>> data_dpath = (base_dpath / 'inputs').ensuredir()
>>> dpath = (base_dpath / 'outputs').ensuredir()
>>> demo_info1 = generate_demo_metrics_framework_data(
>>>     roi='DR_R004',
>>>     num_sites=5, num_observations=10, noise=2, p_observe=0.5,
>>>     p_transition=0.3, drop_noise=0.5, drop_limit=0.5, outdir=data_dpath)
>>> print('demo_info1 = {}'.format(ub.urepr(demo_info1, nl=1)))
>>> out_dpath = dpath / 'poly_eval'
>>> merge_fpath = dpath / 'poly_eval.json'
>>> out_dpath.delete()
>>> kwargs = {
>>>     'pred_sites': demo_info1['pred_site_dpath'],
>>>     'true_region_dpath': demo_info1['true_region_dpath'],
>>>     'true_site_dpath': demo_info1['true_site_dpath'],
>>>     'merge': True,
>>>     'merge_fpath': merge_fpath,
>>>     'out_dir': out_dpath,
>>> }
>>> main(cmdline=False, **kwargs)
>>> # TODO: visualize






	
class geowatch.cli.run_metrics_framework.MetricsConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Score IARPA site model GeoJSON files using IARPA’s metrics-and-test-framework

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'enable_sc_viz': <Value(False)>, 'enable_viz': <Value(False)>, 'gt_dpath': <Value(None)>, 'load_workers': <Value(0)>, 'merge': <Value('overwrite')>, 'merge_fbetas': <Value([])>, 'merge_fpath': <Value(None)>, 'name': <Value('unknown')>, 'out_dir': <Value(None)>, 'parallel': <Value(False)>, 'performer': <Value('kit')>, 'pred_sites': <Value(None)>, 'rho': <Value(0.5)>, 'tau': <Value(0.2)>, 'tmp_dir': <Value(None)>, 'true_region_dpath': <Value(None)>, 'true_site_dpath': <Value(None)>}

	




	
main(**kwargs)

	CommandLine

xdoctest -m geowatch.cli.run_metrics_framework main














	
geowatch.cli.run_metrics_framework.ensure_thumbnails(image_root, region_id, sites)

	Symlink and organize images in the format the metrics framework expects

For the region visualizations:
> image_list = glob(f”{self.image_path}/
>   {self.region_model.id.replace(‘_’, ‘/’)}/images///*.jp2”)

For the site visualizations:
> image_list = glob(f”{self.image_path}/
>   {gt_ann_id.replace(‘_’, ‘/’)}/crops/*.tif”)

Which becomes:
{country_code}/



	{region_num}/
	
	images/
	
	*/
	
	*/
	*.jp2











	{site_num}/
	
	crops/
	*.tif

















	Parameters:

	
	image_root – root directory to save under


	region_id – ex. ‘KR_R001’


	sites – proposed sites with image paths in the ‘source’ field
TODO change to ‘misc_info’ field













	
geowatch.cli.run_metrics_framework.main(cmdline=True, **kwargs)

	CommandLine

xdoctest -m geowatch.cli.run_metrics_framework main












            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.run_tracker module

This file contains logic to convert a kwcoco file into an IARPA Site Model.

At a glance the IARPA Site Model is a GeoJSON FeatureCollection with the
following informal schema:

For official documentation about the KWCOCO json format see [1]. A formal
json-schema can be found in kwcoco.coco_schema

For official documentation about the IARPA json format see [2, 3]_. A formal
json-schema can be found in ../../geowatch/rc/site-model.schema.json.

References



[1]
https://gitlab.kitware.com/computer-vision/kwcoco



[2]
https://infrastructure.smartgitlab.com/docs/pages/api/



[3]
https://smartgitlab.com/TE/annotations




	SeeAlso:
	
	../tasks/tracking/from_heatmap.py


	../tasks/tracking/old_polygon_extraction.py


	../tasks/tracking/polygon_extraction.py


	../tasks/tracking/utils.py


	../../tests/test_tracker.py









	
class geowatch.cli.run_tracker.KWCocoToGeoJSONConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Convert KWCOCO to IARPA GeoJSON

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'append_mode': <Value(False)>, 'boundary_region': <Value(None)>, 'clear_annots': <Value(False)>, 'default_track_fn': <Value(None)>, 'in_file': <Value(None)>, 'in_file_gt': <Value(None)>, 'out_kwcoco': <Value(None)>, 'out_site_summaries_dir': <Value(None)>, 'out_site_summaries_fpath': <Value(None)>, 'out_sites_dir': <Value(None)>, 'out_sites_fpath': <Value(None)>, 'region_id': <Value(None)>, 'sensor_warnings': <Value(True)>, 'site_score_thresh': <Value(None)>, 'site_summary': <Value(None)>, 'smoothing': <Value(None)>, 'time_pad_after': <Value(None)>, 'time_pad_before': <Value(None)>, 'track_fn': <Value(None)>, 'track_kwargs': <Value('{}')>, 'viz_out_dir': <Value(None)>}

	








	
geowatch.cli.run_tracker._single_geometry(geom)

	




	
geowatch.cli.run_tracker._ensure_multi(poly)

	
	Parameters:

	poly (Union[shapely.geometry.Polygon, shapely.geometry.MultiPolygon])



	Returns:

	shapely.geometry.MultiPolygon










	
geowatch.cli.run_tracker._combined_geometries(geometry_list)

	




	
geowatch.cli.run_tracker._normalize_date(date_str)

	




	
geowatch.cli.run_tracker._join_props(parts)

	




	
geowatch.cli.run_tracker._split_props(parts)

	




	
geowatch.cli.run_tracker.coco_create_observation(coco_dset, anns)

	Group kwcoco annotations in the same track (site) and image into one
Feature in an IARPA site model






	
geowatch.cli.run_tracker.predict_phase_changes(site_id, observations)

	Set predicted_phase_transition and predicted_phase_transition_date.

This should only kick in when the site does not end before the current
day (latest available image). See tracking.normalize.normalize_phases
for what happens if the site has ended.


	Parameters:

	
	site_id (str) – site identifier


	features (List[Dict]) – observation feature dictionaries for the site






	Returns:

	dict





References

https://smartgitlab.com/TE/standards/-/wikis/Site-Model-Specification
https://gitlab.kitware.com/smart/standards-wiki/-/blob/main/Site-Model-Specification.md

Example

>>> from geowatch.geoannots import geomodels
>>> site = geomodels.SiteModel.random(rng=0, num_observations=20)
>>> site_id = site.site_id
>>> observations = list(site.body_features())
>>> observations[-1]['properties']['cache'] = {'phase_transition_days': [100]}
>>> predict_phase_changes(site_id, observations)










	
geowatch.cli.run_tracker.smooth_observation_scores(observations, smoothing=0.5, smooth_mode='ewma')

	Add smoothed scores inplace

Example

>>> from geowatch.cli.run_tracker import *  # NOQA
>>> from geowatch.geoannots import geomodels
>>> site = geomodels.SiteModel.random(num_observations=15)
>>> observations = list(site.observations())
>>> # Add random scores for tests
>>> import kwarray
>>> rng = kwarray.ensure_rng()
>>> for obs in observations:
>>>     obs['properties']['cache'] = {'raw_multi_scores': [{
>>>         'No Activity': rng.rand(),
>>>         'Site Preparation': rng.rand(),
>>>         'Post Construction': rng.rand(),
>>>         'Active Construction': rng.rand(),
>>> }]}
>>> data1 = [obs['properties']['cache']['raw_multi_scores'][0] for obs in observations]
>>> smooth_observation_scores(observations, smooth_mode='ewma')
>>> data2 = [obs['properties']['cache']['smooth_scores'].copy() for obs in observations]
>>> smooth_observation_scores(observations, smooth_mode='conv3')
>>> data3 = [obs['properties']['cache']['smooth_scores'].copy() for obs in observations]
>>> import pandas as pd
>>> df1 = pd.DataFrame(data1)
>>> df2 = pd.DataFrame(data2)
>>> df3 = pd.DataFrame(data3)
>>> print(df1)
>>> print(df2)
>>> print(df3)










	
geowatch.cli.run_tracker.classify_site(site, config)

	Modify a site inplace with classifications.

Given a site with extracted and scored observations, postprocess the raw
observation scores and make site-level predictions.






	
geowatch.cli.run_tracker.coco_create_site_header(region_id, site_id, trackid, observations)

	Feature containing metadata about the site


	Returns:

	geomodels.SiteSummary | geomodels.SiteHeader










	
geowatch.cli.run_tracker.convert_kwcoco_to_iarpa(coco_dset, default_region_id=None)

	Convert a kwcoco coco_dset to the IARPA JSON format


	Parameters:

	coco_dset (kwcoco.CocoDataset) – a coco dataset, but requires images are geotiffs as well as certain
special fields.



	Returns:

	
	sites
	dictionary of json-style data in IARPA site format









	Return type:

	dict [https://docs.python.org/3/library/stdtypes.html#dict]





Example

>>> import geowatch
>>> from geowatch.cli.run_tracker import *  # NOQA
>>> from geowatch.tasks.tracking.normalize import run_tracking_pipeline
>>> from geowatch.tasks.tracking.from_polygon import MonoTrack
>>> import ubelt as ub
>>> coco_dset = geowatch.coerce_kwcoco('geowatch-msi', heatmap=True, geodata=True, dates=True)
>>> coco_dset = run_tracking_pipeline(
>>>     coco_dset, track_fn=MonoTrack, overwrite=False,
>>>     sensor_warnings=False)
>>> videos = coco_dset.videos()
>>> videos.set('name', ['DM_R{:03d}'.format(vidid) for vidid in videos])
>>> sites = convert_kwcoco_to_iarpa(coco_dset)
>>> print(f'{len(sites)} sites')
>>> if 0:  # validation fails
>>>     import jsonschema
>>>     SITE_SCHEMA = geowatch.rc.load_site_model_schema()
>>>     for site in sites:
>>>         jsonschema.validate(site, schema=SITE_SCHEMA)
>>> elif 0:  # but this works if metrics are available
>>>     import tempfile
>>>     import json
>>>     from iarpa_smart_metrics.evaluation import SiteStack
>>>     for site in sites:
>>>         with tempfile.NamedTemporaryFile() as f:
>>>             json.dump(site, open(f.name, 'w'))
>>>             SiteStack(f.name)










	
geowatch.cli.run_tracker.coco_track_to_site(coco_dset, trackid, region_id, site_idx=None)

	Turn a kwcoco track into an IARPA site model or site summary






	
geowatch.cli.run_tracker._coerce_site_summaries(site_summary_or_region_model, default_region_id=None)

	
	Possible input formats:
	
	file path


	globbed file paths


	stringified json blob






	Leading to a:
	
	site summary


	region model containing site summaries









	Parameters:

	
	default_region_id – for summaries.
Region models should already have a region_id.


	strict – if True, raise error on unknown input






	Returns:

	
	List[Tuple[str, Dict]]
	Each tuple is a (region_id, site_summary) pair
















	
geowatch.cli.run_tracker.assign_sites_to_videos(coco_dset, site_summaries)

	Compute assignments between which sites summaries should be projected onto
which videos for scoring.






	
geowatch.cli.run_tracker.add_site_summary_to_kwcoco(possible_summaries, coco_dset, default_region_id=None)

	Add a site summary(s) to a kwcoco dataset as a set of polygon annotations.
These annotations will have category “Site Boundary”, 1 track per summary.

This function is mainly for SC. The “possible_summaries” indicate regions
flagged by BAS (which could also be truth data if we are evaluating SC
independently) that need SC processing. We need to associate these and
place them in the correct videos so we can process those areas.






	
geowatch.cli.run_tracker.main(argv=None, **kwargs)

	Example

>>> # test BAS and default (SC) modes
>>> from geowatch.cli.run_tracker import *  # NOQA
>>> from geowatch.cli.run_tracker import main
>>> from geowatch.demo import smart_kwcoco_demodata
>>> from geowatch.utils import util_gis
>>> import json
>>> import kwcoco
>>> import ubelt as ub
>>> # run BAS on demodata in a new place
>>> import geowatch
>>> coco_dset = geowatch.coerce_kwcoco('geowatch-msi', heatmap=True, geodata=True, dates=True)
>>> dpath = ub.Path.appdir('geowatch', 'test', 'tracking', 'main0').ensuredir()
>>> coco_dset.reroot(absolute=True)
>>> coco_dset.fpath = dpath / 'bas_input.kwcoco.json'
>>> coco_dset.clear_annotations()
>>> coco_dset.dump(coco_dset.fpath, indent=2)
>>> region_id = 'dummy_region'
>>> regions_dir = dpath / 'regions/'
>>> bas_coco_fpath = dpath / 'bas_output.kwcoco.json'
>>> sc_coco_fpath = dpath / 'sc_output.kwcoco.json'
>>> bas_fpath = dpath / 'bas_sites.json'
>>> sc_fpath = dpath / 'sc_sites.json'
>>> # Run BAS
>>> argv = bas_args = [
>>>     '--in_file', coco_dset.fpath,
>>>     '--out_site_summaries_dir', str(regions_dir),
>>>     '--out_site_summaries_fpath',  str(bas_fpath),
>>>     '--out_kwcoco', str(bas_coco_fpath),
>>>     '--track_fn', 'saliency_heatmaps',
>>>     '--sensor_warnings', 'False',
>>>     '--track_kwargs', json.dumps({
>>>        'thresh': 1e-9, 'min_area_square_meters': None,
>>>        'max_area_square_meters': None,
>>>        'polygon_simplify_tolerance': 1}),
>>> ]
>>> main(argv)
>>> # Run SC on the same dset, but with BAS pred sites removed
>>> sites_dir = dpath / 'sites'
>>> argv = sc_args = [
>>>     '--in_file', coco_dset.fpath,
>>>     '--out_sites_dir', str(sites_dir),
>>>     '--out_sites_fpath', str(sc_fpath),
>>>     '--out_kwcoco', str(sc_coco_fpath),
>>>     '--track_fn', 'class_heatmaps',
>>>     '--site_summary', str(bas_fpath),
>>>     '--sensor_warnings', 'False',
>>>     '--track_kwargs', json.dumps(
>>>         {'thresh': 1e-9, 'min_area_square_meters': None, 'max_area_square_meters': None,
>>>          'polygon_simplify_tolerance': 1, 'key': 'salient'}),
>>> ]
>>> main(argv)
>>> # Check expected results
>>> bas_coco_dset = kwcoco.CocoDataset(bas_coco_fpath)
>>> sc_coco_dset = kwcoco.CocoDataset(sc_coco_fpath)
>>> bas_trackids = bas_coco_dset.annots().lookup('track_id', None)
>>> sc_trackids = sc_coco_dset.annots().lookup('track_id', None)
>>> print('bas_trackids = {}'.format(ub.urepr(bas_trackids, nl=1)))
>>> print('sc_trackids = {}'.format(ub.urepr(sc_trackids, nl=1)))
>>> assert len(bas_trackids) and None not in bas_trackids
>>> assert len(sc_trackids) and None not in sc_trackids
>>> summaries = list(util_gis.coerce_geojson_datas(bas_fpath, format='dataframe'))
>>> sites = list(util_gis.coerce_geojson_datas(sc_fpath, format='dataframe'))
>>> import pandas as pd
>>> sc_df = pd.concat([d['data'] for d in sites])
>>> bas_df = pd.concat([d['data'] for d in summaries])
>>> ssum_rows = bas_df[bas_df['type'] == 'site_summary']
>>> site_rows = sc_df[sc_df['type'] == 'site']
>>> obs_rows = sc_df[sc_df['type'] == 'observation']
>>> assert len(site_rows) > 0
>>> assert len(ssum_rows) > 0
>>> assert len(ssum_rows) == len(site_rows)
>>> assert len(obs_rows) > len(site_rows)
>>> # Cleanup
>>> #dpath.delete()





Example

>>> # test resolution
>>> from geowatch.cli.run_tracker import *  # NOQA
>>> from geowatch.cli.run_tracker import main
>>> import geowatch
>>> dset = geowatch.coerce_kwcoco('geowatch-msi', heatmap=True, geodata=True, dates=True)
>>> dpath = ub.Path.appdir('geowatch', 'test', 'tracking', 'main1').ensuredir()
>>> out_fpath = dpath / 'resolution_test.kwcoco.json'
>>> regions_dir = dpath / 'regions'
>>> bas_fpath = dpath / 'bas_sites.json'
>>> import json
>>> track_kwargs = json.dumps({
>>>         'resolution': '10GSD',
>>>         'min_area_square_meters': 1000000,  # high area threshold filters results
>>>         'max_area_square_meters': None,
>>>         'thresh': 1e-9,
>>> })
>>> kwargs = {
>>>     'in_file': str(dset.fpath),
>>>     'out_site_summaries_dir': str(regions_dir),
>>>     'out_site_summaries_fpath':  str(bas_fpath),
>>>     'out_kwcoco': str(out_fpath),
>>>     'track_fn': 'saliency_heatmaps',
>>>     'track_kwargs': track_kwargs,
>>>     'sensor_warnings': False,
>>> }
>>> argv = []
>>> # Test case for no results
>>> main(argv=argv, **kwargs)
>>> from geowatch.utils import util_gis
>>> assert len(list(util_gis.coerce_geojson_datas(bas_fpath))) == 0
>>> # Try to get results here
>>> track_kwargs = json.dumps({
>>>         'resolution': '10GSD',
>>>         'min_area_square_meters': None,
>>>         'max_area_square_meters': None,
>>>         'thresh': 1e-9,
>>> })
>>> kwargs = {
>>>     'in_file': str(dset.fpath),
>>>     'out_site_summaries_dir': str(regions_dir),
>>>     'out_site_summaries_fpath':  str(bas_fpath),
>>>     'out_kwcoco': str(out_fpath),
>>>     'track_fn': 'saliency_heatmaps',
>>>     'track_kwargs': track_kwargs,
>>>     'sensor_warnings': False,
>>> }
>>> argv = []
>>> main(argv=argv, **kwargs)
>>> assert len(list(util_gis.coerce_geojson_datas(bas_fpath))) > 0





Example

>>> # xdoctest: +REQUIRES(--slow)
>>> # test a more complicated track function
>>> import geowatch
>>> from geowatch.cli.run_tracker import demo
>>> import kwcoco
>>> import geowatch
>>> import ubelt as ub
>>> # make a new BAS dataset
>>> coco_dset = geowatch.coerce_kwcoco('geowatch-msi', heatmap=True, geodata=True)
>>> #coco_dset.images().set('sensor_coarse', 'S2')
>>> for img in coco_dset.imgs.values():
>>>     img['sensor_coarse'] = 'S2'
>>> coco_dset.remove_categories(coco_dset.cats.keys())
>>> coco_dset.fpath = 'bas.kwcoco.json'
>>> # TODO make serializable, check set() and main()
>>> coco_dset.dump(coco_dset.fpath, indent=2)
>>> # make a new SC dataset
>>> coco_dset_sc = smart_kwcoco_demodata.demo_kwcoco_with_heatmaps(
>>>     num_videos=2)
>>> for img in coco_dset_sc.imgs.values():
>>>     img['sensor_coarse'] = 'S2'
>>> coco_dset_sc.remove_categories(coco_dset_sc.cats.keys())
>>> for img in coco_dset_sc.imgs.values():
>>>     for aux, key in zip(img['auxiliary'],
>>>                         ['Site Preparation', 'Active Construction',
>>>                          'Post Construction', 'No Activity']):
>>>         aux['channels'] = key
>>> coco_dset_sc.fpath = 'sc.kwcoco.json'
>>> coco_dset_sc.dump(coco_dset_sc.fpath, indent=2)
>>> regions_dir = 'regions/'
>>> sites_dir = 'sites/'
>>> # moved this to a separate function for length
>>> demo(coco_dset, regions_dir, coco_dset_sc, sites_dir, cleanup=True)










	
geowatch.cli.run_tracker.coco_video_gdf(coco_dset)

	




	
geowatch.cli.run_tracker.assign_videos_to_regions(video_gdf, boundary_regions_gdf)

	Assign each video to a region (usually for BAS)






	
geowatch.cli.run_tracker.coco_remove_out_of_bound_tracks(coco_dset, video_region_assignments)

	




	
geowatch.cli.run_tracker.demo(coco_dset, regions_dir, coco_dset_sc, sites_dir, cleanup=True)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow.run_bas_datagen module


	See Old Script:
	~/code/watch/scripts/run_stac_to_cropped_kwcoco.py






	
class geowatch.cli.smartflow.run_bas_datagen.BASDatasetConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Generate cropped KWCOCO dataset for BAS from STAC

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'aws_profile': <Value(None)>, 'bas_align_config': <Value(None)>, 'dont_recompute': <Value(False)>, 'dryrun': <Value(False)>, 'from_collated': <Value(False)>, 'input_path': <Value(None)>, 'input_region_path': <Value(None)>, 'jobs': <Value(1)>, 'newline': <Value(False)>, 'outbucket': <Value(None)>, 'output_path': <Value(None)>, 'previous_interval_output': <Value(None)>, 'requester_pays': <Value(False)>, 'skip_timecombine_on_fail': <Value(False)>, 'time_combine_config': <Value(None)>, 'virtual': <Value(False)>}

	




	
normalize()

	








	
geowatch.cli.smartflow.run_bas_datagen.main()

	




	
geowatch.cli.smartflow.run_bas_datagen.build_combined_stac(previous_stac_input_path, stac_input_path, combined_stac_output_path)

	




	
geowatch.cli.smartflow.run_bas_datagen.input_stac_to_kwcoco(stac_items_path, working_dir, out_kwcoco_filename, target_gsd, aws_profile=None, dryrun=False, requester_pays=False, jobs=1, virtual=False, from_collated=False)

	




	
geowatch.cli.smartflow.run_bas_datagen.run_stac_to_cropped_kwcoco(config)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow.run_bas_fusion module


	See Old Version:
	../../../scripts/run_bas_fusion_eval3_for_baseline.py



	SeeAlso:
	~/code/watch-smartflow-dags/KIT_TA2_PREEVAL10_PYENV.py






	
class geowatch.cli.smartflow.run_bas_fusion.BasFusionConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Run TA-2 BAS fusion as baseline framework component

python ~/code/watch/geowatch/cli/smartflow/run_bas_fusion.py

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'aws_profile': <Value(None)>, 'bas_poly_config': <Value(None)>, 'bas_pxl_config': <Value(None)>, 'dryrun': <Value(False)>, 'input_path': <Value(None)>, 'input_region_path': <Value(None)>, 'outbucket': <Value(None)>, 'output_path': <Value(None)>, 'previous_bas_outbucket': <Value(None)>, 'ta2_s3_collation_bucket': <Value(None)>, 'time_dense': <Value(False)>}

	








	
geowatch.cli.smartflow.run_bas_fusion.main()

	




	
geowatch.cli.smartflow.run_bas_fusion.run_bas_fusion_for_baseline(config)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow.run_dino_sv module


	See Old Version:
	../../../scripts/run_sc_fusion_eval3_for_baseline.py



	SeeAlso:
	~/code/watch-smartflow-dags/KIT_TA2_PREEVAL10_PYENV.py






	
class geowatch.cli.smartflow.run_dino_sv.DinoSVConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Run TA-2 SC fusion as baseline framework component

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'aws_profile': <Value(None)>, 'dino_detect_config': <Value(None)>, 'dino_filter_config': <Value(None)>, 'dryrun': <Value(False)>, 'input_path': <Value(None)>, 'input_region_path': <Value(None)>, 'outbucket': <Value(None)>, 'output_path': <Value(None)>, 'skip_on_fail': <Value(False)>}

	








	
geowatch.cli.smartflow.run_dino_sv.main()

	




	
geowatch.cli.smartflow.run_dino_sv.run_dino_sv(config)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow.run_dzyne_parallel_site_vali module


	
class geowatch.cli.smartflow.run_dzyne_parallel_site_vali.DzyneParallelSiteValiConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Run DZYNE’s parallel site validation framework component

python ~/code/watch/geowatch/cli/smartflow/run_dzyne_parallel_site_vali.py

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'aws_profile': <Value(None)>, 'depth_filter_config': <Value(None)>, 'depth_score_config': <Value(None)>, 'dryrun': <Value(False)>, 'input_path': <Value(None)>, 'input_region_path': <Value(None)>, 'outbucket': <Value(None)>, 'output_path': <Value(None)>, 'skip_on_fail': <Value(False)>}

	








	
geowatch.cli.smartflow.run_dzyne_parallel_site_vali.main()

	




	
geowatch.cli.smartflow.run_dzyne_parallel_site_vali.run_dzyne_parallel_site_vali_for_baseline(config)

	
	SeeAlso:
	~/code/watch/geowatch/tasks/depth_pcd/score_tracks.py
~/code/watch/geowatch/tasks/depth_pcd/filter_tracks.py












            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow.run_fixups module


	
class geowatch.cli.smartflow.run_fixups.FixupConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Given the final results of the system, run our validation scripts and any
final cleanups that need to happen before submitting to T&E validation.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'aws_profile': <Value(None)>, 'dryrun': <Value(False)>, 'input_path': <Value(None)>, 'input_region_path': <Value(None)>, 'outbucket': <Value(None)>, 'output_path': <Value(None)>, 'region_models_asset_name': <Value('cropped_region_models_sc')>, 'site_models_asset_name': <Value('cropped_site_models_sc')>, 'ta2_s3_collation_bucket': <Value(None)>}

	








	
geowatch.cli.smartflow.run_fixups.main()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow.run_pseudolive_consolidate module


	See Old Script:
	~/code/watch/scripts/run_pseudolive_consolidate.py






	
class geowatch.cli.smartflow.run_pseudolive_consolidate.PseudoliveConsolidateConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Run pseudolive consolidation script for TA-2 region / site model outputs

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'aws_profile': <Value(None)>, 'current_output': <Value(None)>, 'input_region_path': <Value(None)>, 'iou_threshold': <Value(0.5)>, 'just_deconflict': <Value(False)>, 'outbucket': <Value(None)>, 'performer_suffix': <Value(None)>, 'previous_consolidated_output': <Value(None)>, 'region_id': <Value(None)>}

	








	
geowatch.cli.smartflow.run_pseudolive_consolidate.main()

	




	
geowatch.cli.smartflow.run_pseudolive_consolidate.run_pseudolive_consolidate(config)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow.run_psuedolive_copy_previous module


	See Old Version:
	~/code/watch/scripts/run_copy_previous_region_model_pseudolive.py



	SeeAlso:
	~/code/watch-smartflow-dags/KIT_TA2_PREEVAL10_PYENV_V13.py






	
class geowatch.cli.smartflow.run_psuedolive_copy_previous.PsuedoliveCopyPreviousConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Download, update, and upload region model for pseudo-live

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'aws_profile': <Value(None)>, 'input_region_path': <Value(None)>, 'outbucket': <Value(None)>, 'updated_end_date': <Value(None)>}

	








	
geowatch.cli.smartflow.run_psuedolive_copy_previous.main()

	




	
geowatch.cli.smartflow.run_psuedolive_copy_previous._update_region(region, updated_end_date)

	




	
geowatch.cli.smartflow.run_psuedolive_copy_previous.run_copy_previous_region_model(input_region_path, outbucket, updated_end_date, aws_profile=None)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow.run_sc_datagen module

Handles building datasets for AC/SC


	
class geowatch.cli.smartflow.run_sc_datagen.ACSCDatasetConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Generate cropped KWCOCO dataset for SC

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'acsc_align_config': <Value(None)>, 'acsc_cluster_config': <Value(None)>, 'aws_profile': <Value(None)>, 'dont_recompute': <Value(False)>, 'dryrun': <Value(False)>, 'input_path': <Value(None)>, 'input_region_path': <Value(None)>, 'jobs': <Value(1)>, 'newline': <Value(False)>, 'outbucket': <Value(None)>, 'output_path': <Value(None)>}

	








	
geowatch.cli.smartflow.run_sc_datagen.main()

	




	
geowatch.cli.smartflow.run_sc_datagen.run_generate_sc_cropped_kwcoco(config)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow.run_sc_fusion module


	See Old Version:
	../../../scripts/run_sc_fusion_eval3_for_baseline.py



	SeeAlso:
	~/code/watch-smartflow-dags/KIT_TA2_PREEVAL10_PYENV.py






	
class geowatch.cli.smartflow.run_sc_fusion.SCFusionConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Run TA-2 SC fusion as baseline framework component

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'aws_profile': <Value(None)>, 'dryrun': <Value(False)>, 'input_path': <Value(None)>, 'input_region_path': <Value(None)>, 'outbucket': <Value(None)>, 'output_path': <Value(None)>, 'sc_poly_config': <Value(None)>, 'sc_pxl_config': <Value(None)>, 'ta2_s3_collation_bucket': <Value(None)>}

	








	
geowatch.cli.smartflow.run_sc_fusion.main(cmdline=1, **kwargs)

	




	
geowatch.cli.smartflow.run_sc_fusion.run_sc_fusion_for_baseline(config)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow.run_sv_datagen module


	
class geowatch.cli.smartflow.run_sv_datagen.SVDatasetConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Generate cropped KWCOCO dataset for SC

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'aws_profile': <Value(None)>, 'dont_recompute': <Value(False)>, 'dryrun': <Value(False)>, 'input_path': <Value(None)>, 'input_region_path': <Value(None)>, 'jobs': <Value(1)>, 'newline': <Value(False)>, 'outbucket': <Value(None)>, 'output_path': <Value(None)>, 'sv_cropping_config': <Value(None)>}

	








	
geowatch.cli.smartflow.run_sv_datagen.main()

	




	
geowatch.cli.smartflow.run_sv_datagen.run_generate_sv_cropped_kwcoco(config)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow.run_teamfeat_acsc_landcover module

TODO: rectify with run_teamfeat_landcover.py


	
class geowatch.cli.smartflow.run_teamfeat_acsc_landcover.TeamFeatLandcover(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Run DZYNE landcover feature computation as baseline framework component

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'aws_profile': <Value(None)>, 'dryrun': <Value(False)>, 'expt_dvc_dpath': <Value('/root/data/smart_expt_dvc')>, 'input_path': <Value(None)>, 'input_region_path': <Value(None)>, 'newline': <Value(False)>, 'outbucket': <Value(None)>, 'output_path': <Value(None)>}

	








	
geowatch.cli.smartflow.run_teamfeat_acsc_landcover.main()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow.run_teamfeat_cold module


	
class geowatch.cli.smartflow.run_teamfeat_cold.TeamFeatColdConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'aws_profile': <Value(None)>, 'cold_workers': <Value(4)>, 'dryrun': <Value(False)>, 'expt_dvc_dpath': <Value('/root/data/smart_expt_dvc')>, 'input_path': <Value(None)>, 'input_region_path': <Value(None)>, 'newline': <Value(False)>, 'outbucket': <Value(None)>, 'output_path': <Value(None)>}

	








	
geowatch.cli.smartflow.run_teamfeat_cold.main()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow.run_teamfeat_invariants module


	
class geowatch.cli.smartflow.run_teamfeat_invariants.TeamFeatInvariantsConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Run UKY invariant feature computation as baseline framework component

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'aws_profile': <Value(None)>, 'do_pca': <Value(False)>, 'dryrun': <Value(False)>, 'input_path': <Value(None)>, 'input_region_path': <Value(None)>, 'model_path': <Value(None)>, 'newline': <Value(False)>, 'outbucket': <Value(None)>, 'output_path': <Value(None)>, 'pca_projection_path': <Value(None)>}

	








	
geowatch.cli.smartflow.run_teamfeat_invariants.main()

	




	
geowatch.cli.smartflow.run_teamfeat_invariants.run_uky_invariants_for_baseline(config)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow.run_teamfeat_landcover module

TODO: rectify with run_teamfeat_acsc_landcover.py


	
class geowatch.cli.smartflow.run_teamfeat_landcover.TeamFeatLandcoverConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Run DZYNE landcover feature computation as baseline framework component

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'aws_profile': <Value(None)>, 'dryrun': <Value(False)>, 'input_path': <Value(None)>, 'input_region_path': <Value(None)>, 'model_path': <Value(None)>, 'newline': <Value(False)>, 'outbucket': <Value(None)>, 'output_path': <Value(None)>, 'requester_pays': <Value(False)>}

	








	
geowatch.cli.smartflow.run_teamfeat_landcover.main()

	




	
geowatch.cli.smartflow.run_teamfeat_landcover.run_landcover_for_baseline(config)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow.run_teamfeat_mae module


	
class geowatch.cli.smartflow.run_teamfeat_mae.TeamFeatMAE(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'aws_profile': <Value(None)>, 'dryrun': <Value(False)>, 'expt_dvc_dpath': <Value('/root/data/smart_expt_dvc')>, 'input_path': <Value(None)>, 'input_region_path': <Value(None)>, 'newline': <Value(False)>, 'outbucket': <Value(None)>, 'output_path': <Value(None)>}

	








	
geowatch.cli.smartflow.run_teamfeat_mae.main()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow.run_upload_to_rgd module


	
class geowatch.cli.smartflow.run_upload_to_rgd.UploadRGDConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Run TA-2 BAS fusion as baseline framework component

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'aws_profile': <Value(None)>, 'expiration_time': <Value(None)>, 'input_site_models_s3': <Value(None)>, 'jobs': <Value(8)>, 'performer_shortcode': <Value('KIT')>, 'region_id': <Value(None)>, 'rgd_aws_region': <Value(None)>, 'rgd_deployment_name': <Value(None)>, 'rgd_endpoint_override': <Value(None)>, 'title': <Value(None)>}

	








	
geowatch.cli.smartflow.run_upload_to_rgd.main()

	




	
geowatch.cli.smartflow.run_upload_to_rgd.get_model_results(model_run_results_url)

	




	
geowatch.cli.smartflow.run_upload_to_rgd.upload_to_rgd(input_site_models_s3, rgd_aws_region, rgd_deployment_name, title, region_id, aws_profile=None, performer_shortcode='KIT', jobs=8, rgd_endpoint_override=None, expiration_time=None)

	




	
geowatch.cli.smartflow.run_upload_to_rgd.post_site(post_site_url, site_filepath)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow package


Submodules



	geowatch.cli.smartflow.run_bas_datagen module
	BASDatasetConfig
	BASDatasetConfig.default

	BASDatasetConfig.normalize()





	main()

	build_combined_stac()

	input_stac_to_kwcoco()

	run_stac_to_cropped_kwcoco()





	geowatch.cli.smartflow.run_bas_fusion module
	BasFusionConfig
	BasFusionConfig.default





	main()

	run_bas_fusion_for_baseline()





	geowatch.cli.smartflow.run_dino_sv module
	DinoSVConfig
	DinoSVConfig.default





	main()

	run_dino_sv()





	geowatch.cli.smartflow.run_dzyne_parallel_site_vali module
	DzyneParallelSiteValiConfig
	DzyneParallelSiteValiConfig.default





	main()

	run_dzyne_parallel_site_vali_for_baseline()





	geowatch.cli.smartflow.run_fixups module
	FixupConfig
	FixupConfig.default





	main()





	geowatch.cli.smartflow.run_pseudolive_consolidate module
	PseudoliveConsolidateConfig
	PseudoliveConsolidateConfig.default





	main()

	run_pseudolive_consolidate()





	geowatch.cli.smartflow.run_psuedolive_copy_previous module
	PsuedoliveCopyPreviousConfig
	PsuedoliveCopyPreviousConfig.default





	main()

	_update_region()

	run_copy_previous_region_model()





	geowatch.cli.smartflow.run_sc_datagen module
	ACSCDatasetConfig
	ACSCDatasetConfig.default





	main()

	run_generate_sc_cropped_kwcoco()





	geowatch.cli.smartflow.run_sc_fusion module
	SCFusionConfig
	SCFusionConfig.default





	main()

	run_sc_fusion_for_baseline()





	geowatch.cli.smartflow.run_sv_datagen module
	SVDatasetConfig
	SVDatasetConfig.default





	main()

	run_generate_sv_cropped_kwcoco()





	geowatch.cli.smartflow.run_teamfeat_acsc_landcover module
	TeamFeatLandcover
	TeamFeatLandcover.default





	main()





	geowatch.cli.smartflow.run_teamfeat_cold module
	TeamFeatColdConfig
	TeamFeatColdConfig.default





	main()





	geowatch.cli.smartflow.run_teamfeat_invariants module
	TeamFeatInvariantsConfig
	TeamFeatInvariantsConfig.default





	main()

	run_uky_invariants_for_baseline()





	geowatch.cli.smartflow.run_teamfeat_landcover module
	TeamFeatLandcoverConfig
	TeamFeatLandcoverConfig.default





	main()

	run_landcover_for_baseline()





	geowatch.cli.smartflow.run_teamfeat_mae module
	TeamFeatMAE
	TeamFeatMAE.default





	main()





	geowatch.cli.smartflow.run_upload_to_rgd module
	UploadRGDConfig
	UploadRGDConfig.default





	main()

	get_model_results()

	upload_to_rgd()

	post_site()











Module contents

This is a submodule for previously loose scripts that are used in smartflow
DAGS





            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow_egress module


	
class geowatch.cli.smartflow_egress.SmartflowEgressConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Egress KWCOCO data to T&E baseline framework structure

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'assets': <Value(None)>, 'aws_profile': <Value(None)>, 'dryrun': <Value(False)>, 'input_path': <Value(None)>, 'outdir': <Value(None)>, 'show_progress': <Value(False)>}

	








	
geowatch.cli.smartflow_egress.main()

	




	
geowatch.cli.smartflow_egress._build_stac_item(region_path, assetnames_and_s3_paths)

	




	
geowatch.cli.smartflow_egress.smartflow_egress_with_arg_processing(assetnames_and_paths, region_path, output_path, outbucket, aws_profile=None, dryrun=False, newline=False, show_progress=False)

	




	
geowatch.cli.smartflow_egress.smartflow_egress(assetnames_and_local_paths, region_path, output_path, outbucket, aws_profile=None, dryrun=False, newline=False, show_progress=False)

	Uploads specified assets to S3 with a STAC manifest.


	Parameters:

	
	assetnames_and_local_paths (Dict) – Mapping from an asset name to the local path to upload. The asset
name will be indexable in the uploaded STAC item. Any local path
specified multiple times will only be uploaded once, but multiple
STAC assets will be associated with it.


	region_path (str | PathLike) – local path to the region file associated with a processing node


	output_path (str) – The path in the s3 bucket that the stac item will be uploaded to.


	outbucket (str) – The s3 bucket that assets will be uploaded to.


	aws_profile (str | None) – aws cp argument


	newline (bool) – controls formatting of output stac item






	Returns:

	the new STAC item



	Return type:

	Dict





CommandLine

xdoctest -m geowatch.cli.smartflow_egress smartflow_egress





Example

>>> from geowatch.cli.smartflow_egress import *  # NOQA
>>> from geowatch.geoannots.geomodels import RegionModel
>>> from os.path import join
>>> dpath = ub.Path.appdir('geowatch/tests/smartflow_egress').ensuredir()
>>> local_dpath = (dpath / 'local').ensuredir()
>>> remote_root = (dpath / 'fake_s3_loc').ensuredir()
>>> #outbucket = 's3://fake/bucket'
>>> outbucket = remote_root
>>> output_path = join(outbucket, 'items.jsonl')
>>> region = RegionModel.random()
>>> region_path = dpath / 'demo_region.geojson'
>>> region_path.write_text(region.dumps())
>>> assetnames_and_local_paths = {
>>>     'asset_file1': dpath / 'my_path1.txt',
>>>     'asset_file2': dpath / 'my_path2.txt',
>>>     'asset_file_reference': dpath / 'my_path1.txt',
>>>     'asset_dir1': dpath / 'my_dir1',
>>> }
>>> # Generate local data we will pretend to egress
>>> assetnames_and_local_paths['asset_file1'].write_text('foobar1')
>>> assetnames_and_local_paths['asset_file2'].write_text('foobar2')
>>> assetnames_and_local_paths['asset_dir1'].ensuredir()
>>> (assetnames_and_local_paths['asset_dir1'] / 'data1').write_text('data1')
>>> (assetnames_and_local_paths['asset_dir1'] / 'data1').write_text('data2')
>>> te_output = smartflow_egress(
>>>     assetnames_and_local_paths,
>>>     region_path,
>>>     output_path,
>>>     outbucket,
>>>     newline=False,
>>> )










	
geowatch.cli.smartflow_egress.fallback_copy(local_path, asset_s3_outpath)

	Copying with fsspec alone seems to be causing issues.
This provides a fallback to a raw S3 command, as well as other verbosity.








            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.smartflow_ingress module


	
class geowatch.cli.smartflow_ingress.SmartflowIngressConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Ingress KWCOCO data to T&E baseline framework structure

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'assets': <Value(None)>, 'aws_profile': <Value(None)>, 'dont_error_on_missing_asset': <Value(False)>, 'dryrun': <Value(False)>, 'input_path': <Value(None)>, 'outdir': <Value(None)>, 'show_progress': <Value(False)>}

	








	
geowatch.cli.smartflow_ingress.main()

	




	
geowatch.cli.smartflow_ingress.smartflow_ingress(input_path, assets, outdir, aws_profile=None, dryrun=False, show_progress=False, dont_error_on_missing_asset=False)

	Downloads a STAC manifest and select items within it.


	Parameters:

	
	input_path (str) – The path in the s3 bucket that the STAC item will be downloaded from.


	assets (List[str | Dict]) – A List of keys into the stac item assets that we will download.
Can also be a list of dictionaries that must contain a
"key": <str> item, as well as other options to control
behavior, like "allow_missing": True.


	outdir (str | PathLike) – local path to download to.


	aws_profile (str | None) – aws cp argument


	dryrun (bool) – aws cp argument


	show_progress (bool) – aws cp argument


	dont_error_on_missing_asset (bool) – if True warn if an asset is missing.
TODO: variable name is too long and has a double negative.
maybe rename to “missing_policy” or “ignore_missing”






	Returns:

	mapping from downloaded assets to their local path



	Return type:

	Dict[str [https://docs.python.org/3/library/stdtypes.html#str], str [https://docs.python.org/3/library/stdtypes.html#str] | PathLike]





Example

>>> from geowatch.cli.smartflow_ingress import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/smartflow_ingress/dst').ensuredir()
>>> fake_remote = ub.Path.appdir('geowatch/tests/smartflow_ingress/fake_remote').ensuredir()
>>> fake_fpath = fake_remote / 'my_path.txt'
>>> fake_fpath.write_text('foobar')
>>> fake_dpath = (fake_remote / 'my_dir').ensuredir()
>>> (fake_dpath / 'content1').touch()
>>> (fake_dpath / 'content2').touch()
>>> (fake_dpath / 'subdir1').ensuredir()
>>> (fake_dpath / 'subdir1/subcontent1').touch()
>>> (fake_dpath / 'subdir1/subcontent2').touch()
>>> (fake_dpath / 'subdir1/subsubdir').ensuredir()
>>> # Save this dummy stac item locally
>>> # In practice we download it, but we are using dry run mode
>>> # so we cant do that here.
>>> demo_stac_content = {'raw_images': [],
>>>  'stac': {'type': 'FeatureCollection',
>>>   'features': [{'type': 'Feature',
>>>     'stac_version': '1.0.0',
>>>     'stac_extensions': [],
>>>     'id': '66d3e2f605a44aa8b7bacc6ce7e96b9a',
>>>     'geometry': {'type': 'Polygon',
>>>      'coordinates': (((-109.56, 44.56),
>>>        (-109.57, 44.55),
>>>        (-109.53, 44.56),
>>>        (-109.56, 44.56)),)},
>>>     'bbox': [-109.57, 44.52, -109.51, 44.56],
>>>     'properties': {},
>>>     'assets': {'asset_file1': {'href': str(fake_fpath)},
>>>      'asset_dir1': {'href': str(fake_dpath)}}}]}}
>>> remote_dpath = (dpath / 'remote').ensuredir()
>>> input_path = remote_dpath / 'items.jsonl'
>>> input_path.write_text(json.dumps(demo_stac_content))
>>> outdir = (dpath / 'local').ensuredir()
>>> assets = ['asset_file1', 'asset_dir1', {'key': 'foobar', 'allow_missing': True}]
>>> kwcoco_stac_item_assets = smartflow_ingress(
>>>     input_path,
>>>     assets,
>>>     outdir,
>>> )
>>> assert kwcoco_stac_item_assets['asset_file1'] == os.fspath(outdir / 'my_path.txt')
>>> assert kwcoco_stac_item_assets['asset_dir1'] == os.fspath(outdir / 'my_dir')
>>> assert len(ub.Path(kwcoco_stac_item_assets['asset_dir1']).ls()) > 0
>>> assert ub.Path(kwcoco_stac_item_assets['asset_file1']).exists()












            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.special.finish_install module


	
class geowatch.cli.special.finish_install.FinishInstallCLI(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Finish the install of geowatch.

This is a special script that handles install logic that could not be added
to the setup.py

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
classmethod main(cmdline=1, **kwargs)

	Example

>>> # xdoctest: +SKIP
>>> from geowatch.cli.special.finish_install import *  # NOQA
>>> cmdline = 0
>>> kwargs = dict()
>>> main(cmdline=cmdline, **kwargs)










	
default = {'strict': <Value(False)>}

	








	
geowatch.cli.special.finish_install.parse_requirements(fname='requirements.txt', versions='loose')

	Parse the package dependencies listed in a requirements file but strips
specific versioning information.


	Parameters:

	
	fname (str) – path to requirements file


	versions (bool | str, default=False) – If true include version specs.
If strict, then pin to the minimum version.






	Returns:

	list of requirements items



	Return type:

	List[str [https://docs.python.org/3/library/stdtypes.html#str]]










	
geowatch.cli.special.finish_install.main(cmdline=1, **kwargs)

	Example

>>> # xdoctest: +SKIP
>>> from geowatch.cli.special.finish_install import *  # NOQA
>>> cmdline = 0
>>> kwargs = dict()
>>> main(cmdline=cmdline, **kwargs)












            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.special package


Submodules



	geowatch.cli.special.finish_install module
	FinishInstallCLI
	FinishInstallCLI.main()

	FinishInstallCLI.default





	parse_requirements()

	main()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.split_videos module

Split a coco dataset into one per video.


	
class geowatch.cli.split_videos.SplitVideoConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Breaks one or more kwcoco file containing multiple videos into single
kwcoco files per video. The new kwcoco file names use the same name as the
input dataset, but prefix it with the video name.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'dst': <Value(None)>, 'dst_dpath': <Value(None)>, 'io_workers': <Value(0)>, 'src': <Value(None)>}

	








	
geowatch.cli.split_videos.main(cmdline=1, **kwargs)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.stac_search module

Performs the stac search to create the .input file needed for
prepare_ta2_dataset


	SeeAlso:
	../demo/demo_region.py
../stac/stac_search_builder.py





CommandLine

# Create a demo region file
xdoctest geowatch.demo.demo_region demo_khq_region_fpath

DATASET_SUFFIX=DemoKHQ-2022-06-10-V2
DEMO_DPATH=$HOME/.cache/geowatch/demo/datasets

REGION_FPATH="$HOME/.cache/geowatch/demo/annotations/KHQ_R001.geojson"
SITE_GLOBSTR="$HOME/.cache/geowatch/demo/annotations/KHQ_R001_sites/*.geojson"

START_DATE=$(jq -r '.features[] | select(.properties.type=="region") | .properties.start_date' "$REGION_FPATH")
END_DATE=$(jq -r '.features[] | select(.properties.type=="region") | .properties.end_date' "$REGION_FPATH")
REGION_ID=$(jq -r '.features[] | select(.properties.type=="region") | .properties.region_id' "$REGION_FPATH")
SEARCH_FPATH=$DEMO_DPATH/stac_search.json
RESULT_FPATH=$DEMO_DPATH/all_sensors_kit/${REGION_ID}.input

mkdir -p "$DEMO_DPATH"

# Create the search json wrt the sensors and processing level we want
python -m geowatch.stac.stac_search_builder \
    --start_date="$START_DATE" \
    --end_date="$END_DATE" \
    --cloud_cover=40 \
    --sensors=sentinel-s2-l2a-cogs \
    --out_fpath "$SEARCH_FPATH"
cat "$SEARCH_FPATH"

# Delete this to prevent duplicates
rm -f "$RESULT_FPATH"
# Create the .input file
python -m geowatch.cli.stac_search \
    -rf "$REGION_FPATH" \
    -sj "$SEARCH_FPATH" \
    -m area \
    --verbose 2 \
    -o "${RESULT_FPATH}"

# Construct the TA2-ready dataset
python -m geowatch.cli.prepare_ta2_dataset \
    --dataset_suffix=$DATASET_SUFFIX \
    --s3_fpath "${RESULT_FPATH}" \
    --collated False \
    --dvc_dpath="$DEMO_DPATH" \
    --aws_profile=iarpa \
    --region_globstr="$REGION_FPATH" \
    --site_globstr="$SITE_GLOBSTR" \
    --fields_workers=8 \
    --convert_workers=8 \
    --align_workers=26 \
    --cache=0 \
    --ignore_duplicates=0 \
    --visualize=True \
    --serial=True --run=1





CommandLine

# Alternate invocation
# Create a demo region file
xdoctest geowatch.demo.demo_region demo_khq_region_fpath

DATASET_SUFFIX=DemoKHQ-2022-06-10-V3
DEMO_DPATH=$HOME/.cache/geowatch/demo/datasets
REGION_FPATH="$HOME/.cache/geowatch/demo/annotations/KHQ_R001.geojson"
REGION_ID=$(jq -r '.features[] | select(.properties.type=="region") | .properties.region_id' "$REGION_FPATH")
RESULT_FPATH=$DEMO_DPATH/all_sensors_kit/${REGION_ID}.input

mkdir -p "$DEMO_DPATH"

# Define SMART_STAC_API_KEY
source "$HOME"/code/watch/secrets/secrets

# Delete this to prevent duplicates
rm -f "$RESULT_FPATH"
# Create the .input file
python -m geowatch.cli.stac_search \
    --region_file "$REGION_FPATH" \
    --api_key=env:SMART_STAC_API_KEY \
    --search_json "auto" \
    --cloud_cover 10 \
    --sensors=TA1-L8-ACC \
    --mode area \
    --verbose 2 \
    --outfile "${RESULT_FPATH}"





CommandLine

# Alternate invocation
# Create a demo region file

DVC_DPATH=$(geowatch_dvc --tags="phase2_data" --hardware=auto)
REGION_FPATH=$DVC_DPATH/annotations/region_models/BR_R005.geojson

# Define SMART_STAC_API_KEY
source "$HOME"/code/watch/secrets/secrets

# Delete this to prevent duplicates
rm -f "$RESULT_FPATH"
# Create the .input file
python -m geowatch.cli.stac_search \
    --region_file "$REGION_FPATH" \
    --api_key=env:SMART_STAC_API_KEY \
    --search_json "auto" \
    --cloud_cover 100 \
    --sensors=TA1-S2-L8-WV-PD-ACC \
    --mode area \
    --verbose 2 \
    --outfile "./result.input"

###
### - Debug case

DVC_DPATH=$(geowatch_dvc --tags="phase2_data" --hardware=auto)

# Load SMART_STAC_API_KEY
source "$HOME"/code/watch/secrets/secrets

python -m geowatch.cli.stac_search \
    --region_file "$DVC_DPATH/annotations/region_models/US_R007.geojson" \
    --search_json "auto" \
    --cloud_cover "0" \
    --sensors "TA1-S2-L8-WV-PD-ACC-1" \
    --api_key "env:SMART_STAC_API_KEY" \
    --max_products_per_region "None" \
    --append_mode=False \
    --mode area \
    --verbose 100000 \
    --outfile "./test_result.input"






	
class geowatch.cli.stac_search.StacSearchConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Execute a STAC query

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'allow_failure': <Value(False)>, 'api_key': <Value('env:SMART_STAC_API_KEY')>, 'append_mode': <Value(True)>, 'cloud_cover': <Value(10)>, 'max_products_per_region': <Value(None)>, 'mode': <Value('id')>, 'outfile': <Value(None)>, 'query_workers': <Value(0)>, 'region_file': <Value(None)>, 'region_globstr': <Value(None)>, 's3_dest': <Value(None)>, 'search_json': <Value(None)>, 'sensors': <Value('L2')>, 'site_file': <Value(None)>, 'verbose': <Value(2)>}

	








	
geowatch.cli.stac_search.main(cmdline=True, **kwargs)

	Execute the stac search and write the input file

Example

>>> # xdoctest: +REQUIRES(env:SLOW_DOCTEST)
>>> # xdoctest: +REQUIRES(--network)
>>> from geowatch.cli.stac_search import *  # NOQA
>>> from geowatch.demo import demo_region
>>> from geowatch.stac import stac_search_builder
>>> from geowatch.utils import util_gis
>>> import ubelt as ub
>>> dpath = ub.Path.appdir('geowatch/tests/test-stac-search').ensuredir()
>>> search_fpath = dpath / 'stac_search.json'
>>> region_fpath = demo_region.demo_khq_region_fpath()
>>> region = util_gis.load_geojson(region_fpath)
>>> result_fpath = dpath / 'demo.input'
>>> start_date = region['start_date'].iloc[0]
>>> end_date = region['end_date'].iloc[0]
>>> stac_search_builder.main(
>>>     cmdline=0,
>>>     start_date=start_date,
>>>     end_date=end_date,
>>>     cloud_cover=10,
>>>     out_fpath=search_fpath,
>>> )
>>> kwargs = {
>>>     'region_file': str(region_fpath),
>>>     'search_json': str(search_fpath),
>>>     'mode': 'area',
>>>     'verbose': 2,
>>>     'outfile': str(result_fpath),
>>> }
>>> result_fpath.delete()
>>> cmdline = 0
>>> main(cmdline=cmdline, **kwargs)
>>> # results are in the
>>> from geowatch.cli.baseline_framework_ingress import read_input_stac_items
>>> items = read_input_stac_items(result_fpath)
>>> len(items)
>>> for item in items:
>>>     print(item['properties']['eo:cloud_cover'])
>>>     print(item['properties']['datetime'])










	
class geowatch.cli.stac_search.StacSearcher(logger=None)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Example

>>> # xdoctest: +REQUIRES(env:WATCH_ENABLE_NETWORK_TESTS)
>>> # xdoctest: +REQUIRES(env:SLOW_DOCTEST)
>>> from geowatch.cli.stac_search import *  # NOQA
>>> import tempfile
>>> provider = "https://earth-search.aws.element84.com/v0"
>>> geom = {'type': 'Polygon',
>>>         'coordinates': [[[54.960669, 24.782276],
>>>                          [54.960669, 25.03516],
>>>                          [55.268326, 25.03516],
>>>                          [55.268326, 24.782276],
>>>                          [54.960669, 24.782276]]]}
>>> collections = ["sentinel-s2-l2a-cogs"]
>>> start = '2020-03-14'
>>> end = '2020-05-04'
>>> query = {}
>>> headers = {}
>>> self = StacSearcher()
>>> features = self.by_geometry(provider, geom, collections, start_date, end_date,
>>>                  query, headers)
>>> print('features = {}'.format(ub.urepr(features, nl=1)))






	
by_geometry(provider, geom, collections, start, end, query, headers, max_products_per_region=None, verbose=1)

	




	
by_id(provider, collections, stac_id, outfile, query, headers)

	








	
geowatch.cli.stac_search._auto_search_params_from_region(r_file_loc, config)

	




	
geowatch.cli.stac_search.area_query(region_fpath, search_json, searcher, temp_dir, config, logger, verbose=1)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.stac_to_kwcoco module


	SeeAlso:
	~/code/watch/geowatch/cli/stac_search.py






	
class geowatch.cli.stac_to_kwcoco.StacToCocoConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Convert a STAC catalog to a KWCOCO manifest

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'assume_relative': <Value(False)>, 'from_collated': <Value(False)>, 'ignore_duplicates': <Value(False)>, 'input_stac_catalog': <Value(None)>, 'jobs': <Value(0)>, 'outpath': <Value(None)>, 'populate_watch_fields': <Value(False)>, 'verbose': <Value(1)>}

	








	
geowatch.cli.stac_to_kwcoco.main(cmdline=True, **kwargs)

	




	
geowatch.cli.stac_to_kwcoco.normalize_str(s)

	




	
geowatch.cli.stac_to_kwcoco._construct_sensor_channel_alias()

	Construct mappings from possible names for each bands to the ones that we
want to use in kwcoco.






	
geowatch.cli.stac_to_kwcoco._determine_channels_collated(asset_name, asset_dict, platform)

	
Note

The term “collated” means that each band is its own asset and it has
the eo:bands property. For more details see:
https://smartgitlab.com/TE/standards/-/wikis/STAC-and-Storage-Specifications








	
geowatch.cli.stac_to_kwcoco._determine_s2_channels(asset_name, asset_dict)

	>>> from geowatch.cli.stac_to_kwcoco import *  # NOQA
>>> from geowatch.cli.stac_to_kwcoco import _determine_s2_channels
>>> test_hrefs = [
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-s2-acc/15/T/TF/2020/9/21/S2A_14TQL_20200921_0_L1C_ACC/S2A_14TQL_20200921_0_L1C_ACC_QA.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/14/T/QK/2020/8/9/LC08_L1TP_028032_20200809_20200917_02_T1_ACC/LC08_L1TP_028032_20200809_20200917_02_T1_ACC_cloud_mask.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/14/T/QK/2020/8/25/LC08_L1TP_028032_20200825_20200905_02_T1_ACC/LC08_L1TP_028032_20200825_20200905_02_T1_ACC_cloud_mask.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-s2-acc/14/T/QL/2020/10/14/S2A_14TQL_20201014_0_L1C_ACC/S2A_MSI_L1C_T14TQL_20201014_20201014_B02.img',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-s2-acc/14/T/QL/2020/10/14/S2A_14TQL_20201014_0_L1C_ACC/S2A_MSI_L1C_T14TQL_20201014_20201014_B02.hdr',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-s2-acc/14/T/QL/2020/10/14/S2A_14TQL_20201014_0_L1C_ACC/HLS.S10.T14TQL.2020288.T173227.v1.5.hdf',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-s2-acc/14/T/QL/2020/10/14/S2A_14TQL_20201014_0_L1C_ACC/angle_output.hdf',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-s2-acc/14/T/QL/2020/10/14/S2A_14TQL_20201014_0_L1C_ACC/S2A_14TQL_20201014_0_L1C_ACC_ac_mask.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-s2-acc/14/T/QL/2020/10/14/S2A_14TQL_20201014_0_L1C_ACC/S2A_14TQL_20201014_0_L1C_ACC_cloud_mask.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-s2-acc/14/T/QL/2020/10/14/S2A_14TQL_20201014_0_L1C_ACC/S2A_14TQL_20201014_0_L1C_ACC_QA.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/14/T/QM/2021/7/27/LC08_L1TP_028031_20210727_20210804_02_T1_ACC/LC08_L1TP_028031_20210727_20210804_02_T1_ACC_cloud_mask.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/14/T/QM/2021/8/28/LC08_L1TP_028031_20210828_20210901_02_T1_ACC/LC08_L1TP_028031_20210828_20210901_02_T1_ACC_cloud_mask.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/14/T/QK/2021/6/9/LC08_L1TP_028032_20210609_20210615_02_T1_ACC/LC08_L1TP_028032_20210609_20210615_02_T1_ACC_cloud_mask.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/14/T/QK/2021/7/27/LC08_L1TP_028032_20210727_20210804_02_T1_ACC/LC08_L1TP_028032_20210727_20210804_02_T1_ACC_cloud_mask.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/14/T/QM/2021/4/22/LC08_L1TP_028031_20210422_20210430_02_T1_ACC/LC08_L1TP_028031_20210422_20210430_02_T1_ACC_cloud_mask.tif',
>>> ]
>>> for href in test_hrefs:
...     asset_name = None
...     asset_dict = {'href': href}
...     channels = _determine_s2_channels(asset_name, asset_dict)
...     print(f'channels={channels}')










	
geowatch.cli.stac_to_kwcoco._determine_l8_channels(asset_name, asset_dict)

	Example

>>> from geowatch.cli.stac_to_kwcoco import *  # NOQA
>>> from geowatch.cli.stac_to_kwcoco import _determine_l8_channels
>>> test_hrefs = [
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/52/S/EG/2017/12/2/LC08_L1TP_114034_20171202_20200902_02_T1_ACC/LC08_L1TP_114034_20171202_20200902_02_T1_ACC_QA.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/52/S/EG/2017/12/2/LC08_L1TP_114034_20171202_20200902_02_T1_ACC/LC08_L1TP_114034_20171202_20200902_02_T1_ACC_TCI.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/52/S/DG/2017/9/20/LC08_L1TP_115034_20170920_20200903_02_T1_ACC/LC08_L1TP_115034_20170920_20200903_02_T1_ACC_ac_mask.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/52/S/DG/2017/9/20/LC08_L1TP_115034_20170920_20200903_02_T1_ACC/LC08_L1TP_115034_20170920_20200903_02_T1_ACC_solar_zenith_angle.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/52/S/DG/2017/9/20/LC08_L1TP_115034_20170920_20200903_02_T1_ACC/LC08_L1TP_115034_20170920_20200903_02_T1_ACC_solar_azimuth_angle.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/52/S/DG/2017/9/20/LC08_L1TP_115034_20170920_20200903_02_T1_ACC/LC08_L1TP_115034_20170920_20200903_02_T1_ACC_view_zenith_angle.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/52/S/DG/2017/9/20/LC08_L1TP_115034_20170920_20200903_02_T1_ACC/LC08_L1TP_115034_20170920_20200903_02_T1_ACC_view_azimuth_angle.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/52/S/DG/2017/9/20/LC08_L1TP_115034_20170920_20200903_02_T1_ACC/LC08_L1TP_115034_20170920_20200903_02_T1_ACC_QA.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/52/S/DG/2017/9/20/LC08_L1TP_115034_20170920_20200903_02_T1_ACC/LC08_L1TP_115034_20170920_20200903_02_T1_ACC_TCI.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/52/S/EG/2017/9/13/LC08_L1TP_114034_20170913_20200903_02_T1_ACC/LC08_L1TP_114034_20170913_20200903_02_T1_ACC_ac_mask.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/52/S/EG/2017/9/13/LC08_L1TP_114034_20170913_20200903_02_T1_ACC/LC08_L1TP_114034_20170913_20200903_02_T1_ACC_solar_zenith_angle.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/52/S/EG/2017/9/13/LC08_L1TP_114034_20170913_20200903_02_T1_ACC/LC08_L1TP_114034_20170913_20200903_02_T1_ACC_solar_azimuth_angle.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/52/S/EG/2017/9/13/LC08_L1TP_114034_20170913_20200903_02_T1_ACC/LC08_L1TP_114034_20170913_20200903_02_T1_ACC_view_zenith_angle.tif',
>>>     '/vsis3/smart-data-accenture/ta-1/ta1-ls-acc/52/S/DG/2020/6/8/LC08_L1TP_115034_20200608_20200824_02_T1_ACC/LC08_L1TP_115034_20200608_20200824_02_T1_ACC_cloud_mask.tif',
>>> ]
>>> for href in test_hrefs:
...     asset_name = None
...     asset_dict = {'href': href}
...     channels = _determine_l8_channels(asset_name, asset_dict)
...     print(f'channels={channels}')










	
geowatch.cli.stac_to_kwcoco._determine_wv_channels(asset_name, asset_dict)

	




	
geowatch.cli.stac_to_kwcoco.make_coco_aux_from_stac_asset(asset_name, asset_dict, platform, name=None, force_affine=True, assume_relative=False, from_collated=False, populate_watch_fields=True, verbose=0)

	Converts a single STAC asset into an “auxiliary” item / asset that will
belong to a kwcoco image.






	
geowatch.cli.stac_to_kwcoco._stac_item_to_kwcoco_image(stac_item, assume_relative=False, from_collated=False, populate_watch_fields=False, verbose=0)

	




	
geowatch.cli.stac_to_kwcoco.stac_to_kwcoco(input_stac_catalog, outpath, assume_relative=False, populate_watch_fields=False, jobs=0, from_collated=False, ignore_duplicates=False, verbose=1)

	




	
geowatch.cli.stac_to_kwcoco.summarize_stac_item(stac_item)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.torch_model_stats module

Print stats about a torch model


	Exapmle Usage:
	DVC_DPATH=$(geowatch_dvc)
PACKAGE_FPATH=$DVC_DPATH/models/fusion/SC-20201117/BOTH_smt_it_stm_p8_L1_DIL_v55/BOTH_smt_it_stm_p8_L1_DIL_v55_epoch=5-step=53819.pt
python -m geowatch.cli.torch_model_stats $PACKAGE_FPATH






	
class geowatch.cli.torch_model_stats.TorchModelStatsConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Print stats about a torch model.

Currently some things are hard-coded for fusion models

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'hparams': <Value(True)>, 'src': <PathList(None)>, 'stem_stats': <Value(True)>}

	








	
geowatch.cli.torch_model_stats.main(cmdline=False, **kwargs)

	




	
geowatch.cli.torch_model_stats.torch_model_stats(package_fpath, stem_stats=True, dvc_dpath=None)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.validate_annotation_schemas module

CommandLine

python ~/code/watch/dev/validate_annotation_schemas.py





Prereq:


TEST_DPATH=$HOME/tmp/test_smart_schema
mkdir -p $TEST_DPATH
cd $TEST_DPATH
git clone git@smartgitlab.com:TE/annotations.git
git clone git@smartgitlab.com:infrastructure/docs.git

pip install jsonschema ubelt -U





	SeeAlso:
	~/code/watch/geowatch/geoannots/geomodels.py
~/code/watch/geowatch/cli/validate_annotation_schemas.py
~/code/watch/geowatch/cli/fix_region_models.py





References

https://smartgitlab.com/TE/annotations/-/issues/17
https://smartgitlab.com/TE/standards/-/snippets/18

Example

DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=auto)


	python -m geowatch.cli.validate_annotation_schemas 
	–site_models=”$DVC_DATA_DPATH”/annotations/drop7/site_models –region_models=”$DVC_DATA_DPATH”/annotations/drop7/region_models



	python -m geowatch.cli.validate_annotation_schemas 
	–site_models=”<path-to-site-models>” –region_models=”<path-to-region-models>”



	python -m geowatch.cli.validate_annotation_schemas 
	–region_models=”$DVC_DATA_DPATH”/annotations/drop6/region_models/AE_C001.geojson






	
class geowatch.cli.validate_annotation_schemas.ValidateAnnotationConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Validate the site / region model schemas

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'fixup': <Value(False)>, 'io_workers': <Value('avail')>, 'models': <Value(None)>, 'region_models': <Value(None)>, 'site_models': <Value(None)>, 'strict': <Value(False)>}

	




	
main(**kwargs)

	Example

>>> import ubelt as ub
>>> import sys, ubelt
>>> from geowatch.cli.validate_annotation_schemas import ValidateAnnotationConfig
>>> from geowatch.geoannots import geomodels
>>> dpath = ub.Path.appdir('geowatch', 'tests', 'test_validate_geoannot_schema')
>>> dpath.ensuredir()
>>> region, sites = geomodels.RegionModel.random(with_sites=True)
>>> region_fpath = dpath / (region.region_id + '.geojson')
>>> region_fpath.write_text(region.dumps())
>>> for site in sites:
>>>     site_fpath = dpath / (site.site_id + '.geojson')
>>>     site_fpath.write_text(site.dumps())
>>> kwargs = {
>>>     'models': str(dpath / '*.geojson')
>>> }
>>> cmdline = 0
>>> ValidateAnnotationConfig.main(cmdline=cmdline, **kwargs)














	
geowatch.cli.validate_annotation_schemas.main(cmdline=1, **kwargs)

	Example

>>> import ubelt as ub
>>> import sys, ubelt
>>> from geowatch.cli.validate_annotation_schemas import ValidateAnnotationConfig
>>> from geowatch.geoannots import geomodels
>>> dpath = ub.Path.appdir('geowatch', 'tests', 'test_validate_geoannot_schema')
>>> dpath.ensuredir()
>>> region, sites = geomodels.RegionModel.random(with_sites=True)
>>> region_fpath = dpath / (region.region_id + '.geojson')
>>> region_fpath.write_text(region.dumps())
>>> for site in sites:
>>>     site_fpath = dpath / (site.site_id + '.geojson')
>>>     site_fpath.write_text(site.dumps())
>>> kwargs = {
>>>     'models': str(dpath / '*.geojson')
>>> }
>>> cmdline = 0
>>> ValidateAnnotationConfig.main(cmdline=cmdline, **kwargs)










	
geowatch.cli.validate_annotation_schemas.validate_data_contents(region_model_infos, site_model_infos)

	Content validation (i.e. dates look sane)






	
geowatch.cli.validate_annotation_schemas.validate_schemas(region_model_infos, site_model_infos, strict=False)

	




	
geowatch.cli.validate_annotation_schemas.validate_region_model_content(region_df, fpath)

	




	
geowatch.cli.validate_annotation_schemas.validate_site_content(site_df, site_fpath)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.cli.watch_coco_stats module


	
class geowatch.cli.watch_coco_stats.WatchCocoStats(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Print geowatch-relevant information about a kwcoco dataset.

This provides summary information about:



	Basic kwcoco stats (number of annotations / images / videos / categories)


	Average GSDs


	sensor / channel histograms


	image / annotation / video attribute historams


	Breakdowns over sensor / channel / video / dataset


	Per video summaries







CommandLine

geowatch stats special:shapes8 vidshapes vidshapes-msi vidshapes-geowatch






Todo


	[ ] Add other useful geowatch stats to this script







	SeeAlso:
	kwcoco stats





Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
classmethod main(cmdline=True, **kw)

	Example

>>> from geowatch.cli import watch_coco_stats
>>> import geowatch
>>> dset1 = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, dates=True, heatmap=True)
>>> dset2 = geowatch.coerce_kwcoco('vidshapes8')
>>> kw = dict(src=[dset1.fpath, dset2.fpath])
>>> cmdline = 0
>>> watch_coco_stats.__config__.main(cmdline=cmdline, **kw)





Example

>>> from geowatch.cli import watch_coco_stats
>>> import geowatch
>>> dset1 = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, dates=True, heatmap=True)
>>> kw = dict(src=dset1.fpath)
>>> cmdline = 0
>>> watch_coco_stats.__config__.main(cmdline=cmdline, **kw)










	
default = {'io_workers': <Value('avail')>, 'src': <Value(None)>, 'with_video_info': <Value(False)>}

	








	
geowatch.cli.watch_coco_stats.coco_watch_stats(dset, with_video_info=False)

	
	Parameters:

	dset (kwcoco.CocoDataset)



	Returns:

	stat_info



	Return type:

	Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Any]





Example

>>> from geowatch.cli.watch_coco_stats import *  # NOQA
>>> import geowatch
>>> dset = geowatch.coerce_kwcoco('geowatch-msi-geodata-heatmap-dates')
>>> stat_info = coco_watch_stats(dset)










	
geowatch.cli.watch_coco_stats.build_year_summary(image_df)

	




	
geowatch.cli.watch_coco_stats.coco_sensorchan_gsd_stats(coco_dset)

	Checks the GSD of each band.






	
geowatch.cli.watch_coco_stats.main(cmdline=True, **kw)

	Example

>>> from geowatch.cli import watch_coco_stats
>>> import geowatch
>>> dset1 = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, dates=True, heatmap=True)
>>> dset2 = geowatch.coerce_kwcoco('vidshapes8')
>>> kw = dict(src=[dset1.fpath, dset2.fpath])
>>> cmdline = 0
>>> watch_coco_stats.__config__.main(cmdline=cmdline, **kw)





Example

>>> from geowatch.cli import watch_coco_stats
>>> import geowatch
>>> dset1 = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, dates=True, heatmap=True)
>>> kw = dict(src=dset1.fpath)
>>> cmdline = 0
>>> watch_coco_stats.__config__.main(cmdline=cmdline, **kw)












            

          

      

      

    

  

    
      
          
            
  
geowatch.cli package


Subpackages



	geowatch.cli.smartflow package
	Submodules
	geowatch.cli.smartflow.run_bas_datagen module
	BASDatasetConfig

	main()

	build_combined_stac()

	input_stac_to_kwcoco()

	run_stac_to_cropped_kwcoco()





	geowatch.cli.smartflow.run_bas_fusion module
	BasFusionConfig

	main()

	run_bas_fusion_for_baseline()





	geowatch.cli.smartflow.run_dino_sv module
	DinoSVConfig

	main()

	run_dino_sv()





	geowatch.cli.smartflow.run_dzyne_parallel_site_vali module
	DzyneParallelSiteValiConfig

	main()

	run_dzyne_parallel_site_vali_for_baseline()





	geowatch.cli.smartflow.run_fixups module
	FixupConfig

	main()





	geowatch.cli.smartflow.run_pseudolive_consolidate module
	PseudoliveConsolidateConfig

	main()

	run_pseudolive_consolidate()





	geowatch.cli.smartflow.run_psuedolive_copy_previous module
	PsuedoliveCopyPreviousConfig

	main()

	_update_region()

	run_copy_previous_region_model()





	geowatch.cli.smartflow.run_sc_datagen module
	ACSCDatasetConfig

	main()

	run_generate_sc_cropped_kwcoco()





	geowatch.cli.smartflow.run_sc_fusion module
	SCFusionConfig

	main()

	run_sc_fusion_for_baseline()





	geowatch.cli.smartflow.run_sv_datagen module
	SVDatasetConfig

	main()

	run_generate_sv_cropped_kwcoco()





	geowatch.cli.smartflow.run_teamfeat_acsc_landcover module
	TeamFeatLandcover

	main()





	geowatch.cli.smartflow.run_teamfeat_cold module
	TeamFeatColdConfig

	main()





	geowatch.cli.smartflow.run_teamfeat_invariants module
	TeamFeatInvariantsConfig

	main()

	run_uky_invariants_for_baseline()





	geowatch.cli.smartflow.run_teamfeat_landcover module
	TeamFeatLandcoverConfig

	main()

	run_landcover_for_baseline()





	geowatch.cli.smartflow.run_teamfeat_mae module
	TeamFeatMAE

	main()





	geowatch.cli.smartflow.run_upload_to_rgd module
	UploadRGDConfig

	main()

	get_model_results()

	upload_to_rgd()

	post_site()









	Module contents





	geowatch.cli.special package
	Submodules
	geowatch.cli.special.finish_install module
	FinishInstallCLI

	parse_requirements()

	main()









	Module contents











Submodules



	geowatch.cli.__main__ module
	main()





	geowatch.cli.animate_visualizations module
	animate_visualizations()





	geowatch.cli.baseline_framework_ingress module
	BaselineFrameworkIngressConfig
	BaselineFrameworkIngressConfig.default

	BaselineFrameworkIngressConfig.normalize()





	main()

	baseline_framework_ingress()

	read_input_stac_items()

	load_input_stac_items()





	geowatch.cli.cluster_sites module
	ClusterSiteConfig
	ClusterSiteConfig.default

	ClusterSiteConfig.main()





	main()





	geowatch.cli.coco_add_watch_fields module
	AddWatchFieldsConfig
	AddWatchFieldsConfig.default

	AddWatchFieldsConfig.normalize()





	main()





	geowatch.cli.coco_align module
	AssetExtractConfig
	AssetExtractConfig.default

	AssetExtractConfig.normalize()





	ImageExtractConfig
	ImageExtractConfig.default





	ExtractConfig
	ExtractConfig.default

	ExtractConfig.normalize()





	CocoAlignGeotiffConfig
	CocoAlignGeotiffConfig.default





	main()

	SimpleDataCube
	SimpleDataCube.demo()

	SimpleDataCube.query_image_overlaps()

	SimpleDataCube.extract_overlaps()





	_handle_multiple_images_per_date()

	extract_image_job()

	_fix_geojson_poly()

	_aligncrop()

	_debug_valid_regions()

	SkipImage





	geowatch.cli.coco_align_geotiffs module

	geowatch.cli.coco_average_features module
	CocoAverageFeaturesConfig
	CocoAverageFeaturesConfig.default





	split_channel_names_by_grammar()

	check_kwcoco_file()

	merge_kwcoco_channels()

	main()





	geowatch.cli.coco_clean_geotiffs module
	CleanGeotiffConfig
	CleanGeotiffConfig.default





	main()

	probe_image_issues()

	probe_asset()

	_probe_correct_nodata_value()

	probe_asset_imdata()

	probe_band_imdata()

	fix_single_asset()

	fix_geotiff_ondisk()

	draw_asset_summary()





	geowatch.cli.coco_combine_features module
	CocoCombineFeatures
	CocoCombineFeatures.default





	main()

	combine_auxiliary_features()

	associate_images()





	geowatch.cli.coco_crop_tracks module
	CocoCropTrackConfig
	CocoCropTrackConfig.default





	main()

	make_track_kwcoco_manifest()

	generate_crop_jobs()

	run_crop_asset_task()





	geowatch.cli.coco_reformat_channels module
	CocoReformatChannels
	CocoReformatChannels.default





	main()

	reformat_obj()

	schedule_quantization()





	geowatch.cli.coco_remove_bad_images module
	CocoRemoveBadImagesConfig
	CocoRemoveBadImagesConfig.default





	main()

	compute_asset_disk_usage()

	is_image_empty()

	find_empty_images()





	geowatch.cli.coco_spectra module
	CocoSpectraConfig
	CocoSpectraConfig.default





	HistAccum
	HistAccum.update()

	HistAccum.finalize()





	main()

	sensor_stats_tables()

	ensure_intensity_sidecar()

	ensure_intensity_stats()

	plot_intensity_histograms()

	_weighted_auto_bins()

	_fill_missing_colors()





	geowatch.cli.coco_time_combine module
	TimeCombineConfig
	TimeCombineConfig.default





	main()

	combine_kwcoco_channels_temporally()

	get_quality_mask()

	merge_images()

	filter_image_ids_by_season()





	geowatch.cli.coco_update_geotiff_metadata module
	UpdateGeotiffMetadataConfig
	UpdateGeotiffMetadataConfig.default





	main()





	geowatch.cli.coco_visualize_videos module
	CocoVisualizeConfig
	CocoVisualizeConfig.default





	main()

	SkipFrame

	SkipChanGroup

	video_track_info()

	select_fixed_normalization()

	_resolve_channel_groups()

	__default_kwcoco_build_image_header_text()

	_write_ann_visualizations2()

	draw_chan_group()





	geowatch.cli.collect_env module
	CollectEnvCLI
	CollectEnvCLI.main()

	CollectEnvCLI.default





	get_pip_packages()

	run_and_read_all()

	main()





	geowatch.cli.concat_kwcoco_videos module
	main()

	concat_kwcoco_datasets()





	geowatch.cli.crop_sites_to_regions module
	SiteFilterConfig
	SiteFilterConfig.default





	CropSitesToRegionsConfig
	CropSitesToRegionsConfig.default





	main()

	filter_sites()

	_cropper_gen()

	filter_gdf_in_utm()





	geowatch.cli.extend_sc_sites module
	default_feat()

	to_date()

	extend()

	extend_clone()

	create()

	main()





	geowatch.cli.find_dvc module
	FindDVCConfig
	FindDVCConfig.main()

	FindDVCConfig.default





	_CLI





	geowatch.cli.fit module
	FitCLI
	FitCLI.main()

	FitCLI.default





	main()





	geowatch.cli.fix_region_models module
	FixRegionModelsCLI
	FixRegionModelsCLI.default





	fakefloat

	DecimalEncoder
	DecimalEncoder.default()





	defaultencode()

	main()

	special_dumps()

	fix_region_model()





	geowatch.cli.geojson_site_stats module
	GeojsonSiteStatsConfig
	GeojsonSiteStatsConfig.default

	GeojsonSiteStatsConfig.main()





	main()

	gdf_site_overlaps()

	viz_site_stats()

	geopandas_shape_stats()





	geowatch.cli.geotiffs_to_kwcoco module
	KWCocoFromGeotiffConfig
	KWCocoFromGeotiffConfig.default





	main()

	filter_band_files()

	ingest_landsat_directory()

	ingest_sentinel2_directory()

	make_coco_img_from_geotiff()

	make_coco_img_from_auxiliary_geotiffs()

	make_coco_img_from_auxiliary_dicts()

	find_geotiffs()





	geowatch.cli.merge_region_models module
	MergeRegionModelConfig
	MergeRegionModelConfig.default





	main()

	combine_region_models()





	geowatch.cli.mlops_cli module

	geowatch.cli.predict module
	PredictCLI
	PredictCLI.main()

	PredictCLI.default





	main()





	geowatch.cli.prepare_splits module
	PrepareSplitsConfig
	PrepareSplitsConfig.default





	_submit_constructive_split_jobs()

	_submit_split_jobs()

	prep_splits()

	main()





	geowatch.cli.prepare_ta2_dataset module
	PrepareTA2Config
	PrepareTA2Config._register_main()

	PrepareTA2Config.default

	PrepareTA2Config.main()





	_justkeys()

	main()





	geowatch.cli.prepare_teamfeats module
	TeamFeaturePipelineConfig
	TeamFeaturePipelineConfig.default





	prep_feats()

	_make_teamfeat_nodes()

	main()





	geowatch.cli.pseudolive_consolidate module
	main()

	reindex_ids()

	_yield_first_feature()

	_load_region_data()

	_load_site_data()

	pseudolive_consolidate()

	compute_iou()





	geowatch.cli.reproject_annotations module
	ReprojectAnnotationsConfig
	ReprojectAnnotationsConfig.default

	ReprojectAnnotationsConfig.main()

	ReprojectAnnotationsConfig.normalize()





	main()

	check_sitemodel_assumptions()

	separate_region_model_types()

	expand_site_models_with_site_summaries()

	make_pseudo_sitemodels()

	validate_site_dataframe()

	assign_sites_to_images()

	propogate_site()

	keyframe_interpolate()

	plot_poc_keyframe_interpolate()

	plot_image_and_site_times()

	draw_geospace()

	is_nonish()





	geowatch.cli.run_fusion_predict module

	geowatch.cli.run_metrics_framework module
	MetricsConfig
	MetricsConfig.default

	MetricsConfig.main()





	ensure_thumbnails()

	main()





	geowatch.cli.run_tracker module
	KWCocoToGeoJSONConfig
	KWCocoToGeoJSONConfig.default





	_single_geometry()

	_ensure_multi()

	_combined_geometries()

	_normalize_date()

	_join_props()

	_split_props()

	coco_create_observation()

	predict_phase_changes()

	smooth_observation_scores()

	classify_site()

	coco_create_site_header()

	convert_kwcoco_to_iarpa()

	coco_track_to_site()

	_coerce_site_summaries()

	assign_sites_to_videos()

	add_site_summary_to_kwcoco()

	main()

	coco_video_gdf()

	assign_videos_to_regions()

	coco_remove_out_of_bound_tracks()

	demo()





	geowatch.cli.smartflow_egress module
	SmartflowEgressConfig
	SmartflowEgressConfig.default





	main()

	_build_stac_item()

	smartflow_egress_with_arg_processing()

	smartflow_egress()

	fallback_copy()





	geowatch.cli.smartflow_ingress module
	SmartflowIngressConfig
	SmartflowIngressConfig.default





	main()

	smartflow_ingress()





	geowatch.cli.split_videos module
	SplitVideoConfig
	SplitVideoConfig.default





	main()





	geowatch.cli.stac_search module
	StacSearchConfig
	StacSearchConfig.default





	main()

	StacSearcher
	StacSearcher.by_geometry()

	StacSearcher.by_id()





	_auto_search_params_from_region()

	area_query()





	geowatch.cli.stac_to_kwcoco module
	StacToCocoConfig
	StacToCocoConfig.default





	main()

	normalize_str()

	_construct_sensor_channel_alias()

	_determine_channels_collated()

	_determine_s2_channels()

	_determine_l8_channels()

	_determine_wv_channels()

	make_coco_aux_from_stac_asset()

	_stac_item_to_kwcoco_image()

	stac_to_kwcoco()

	summarize_stac_item()





	geowatch.cli.torch_model_stats module
	TorchModelStatsConfig
	TorchModelStatsConfig.default





	main()

	torch_model_stats()





	geowatch.cli.validate_annotation_schemas module
	ValidateAnnotationConfig
	ValidateAnnotationConfig.default

	ValidateAnnotationConfig.main()





	main()

	validate_data_contents()

	validate_schemas()

	validate_region_model_content()

	validate_site_content()





	geowatch.cli.watch_coco_stats module
	WatchCocoStats
	WatchCocoStats.main()

	WatchCocoStats.default





	coco_watch_stats()

	build_year_summary()

	coco_sensorchan_gsd_stats()

	main()











Module contents

Module for command line scripts that should be addressable via the installed
geowatch module





            

          

      

      

    

  

    
      
          
            
  
geowatch.demo.demo_region module

Demodata for a simple region and site model


See also

../cli/stac_search.py
../stac/stac_search_builder.py



CommandLine

###
# Create the demo dataset
###

# Create a demo region file
xdoctest -m geowatch.demo.demo_region demo_khq_region_fpath

DATASET_SUFFIX=DemoKHQ-2022-09-19-V7
DEMO_DPATH=$HOME/.cache/geowatch/demo/datasets
REGION_FPATH="$HOME/.cache/geowatch/demo/annotations/KHQ_R001.geojson"
SITE_GLOBSTR="$HOME/.cache/geowatch/demo/annotations/KHQ_R001_sites/*.geojson"
REGION_ID=$(jq -r '.features[] | select(.properties.type=="region") | .properties.region_id' "$REGION_FPATH")
RESULT_FPATH=$DEMO_DPATH/all_sensors_kit/${REGION_ID}.input

mkdir -p "$DEMO_DPATH"

# Define SMART_STAC_API_KEY
source "$HOME"/code/watch/secrets/secrets

# Delete this to prevent duplicates
rm -f "$RESULT_FPATH"

# Construct the TA2-ready dataset
python -m geowatch.cli.prepare_ta2_dataset \
    --dataset_suffix=$DATASET_SUFFIX \
    --cloud_cover=100 \
    --stac_query_mode=auto \
    --sensors "L2-L8" \
    --api_key=env:SMART_STAC_API_KEY \
    --collated False \
    --requester_pays=True \
    --dvc_dpath="$DEMO_DPATH" \
    --aws_profile=iarpa \
    --region_globstr="$REGION_FPATH" \
    --site_globstr="$SITE_GLOBSTR" \
    --fields_workers=8 \
    --convert_workers=8 \
    --align_workers=26 \
    --cache=0 \
    --ignore_duplicates=1 \
    --separate_region_queues=1 \
    --separate_align_jobs=1 \
    --target_gsd=30 \
    --visualize=True \
    --serial=True --run=1

# Package up for release on IPFS
DATASET_DPATH=$DEMO_DPATH/Aligned-$DATASET_SUFFIX

rm $DATASET_DPATH/img*kwcoco.json
rm -rf $DATASET_DPATH/_viz512
rm -rf $DATASET_DPATH/_cache

7z a $DATASET_DPATH.zip  $DATASET_DPATH

# Pin the data to IPFS
DATASET_CID=$(ipfs add -Q -w $DATASET_DPATH.zip --cid-version=1 -s size-1048576)
echo "On Remote machines run: "
echo "ipfs pin add $DATASET_CID"

# Look at the contents of the underlying folder to build scripts.
echo "DATASET_CID = $DATASET_CID"
echo "DATASET_SUFFIX=$DATASET_SUFFIX"
ipfs ls "$DATASET_CID"


# Pin on a remote service
ipfs pin remote add --service=web3.storage.erotemic --name="$DATASET_SUFFIX" $DATASET_CID --background
ipfs pin remote ls --service=web3.storage.erotemic --cid=$DATASET_CID --status=queued,pinning,pinned,failed

DATASET_CID=bafybeigdkhphpa3n3rdv33w7g6tukmprdnch7g4bp4hc6ebmcr76y6yhwu
ipfs pin remote ls --service=web3.storage.erotemic --cid=$DATASET_CID --status=queued,pinning,pinned,failed






	
geowatch.demo.demo_region.demo_khq_annots()

	A small demo region around KHQ while it is being built

Notes

The dates for this demo are rough. THis is the information we have.



	Some cleanup of the site was happening early in 2017 (and perhaps
even as early as 2016


	Land clearing photo 2017-10-06


	Constructions began in 2017.


	In late 2017 the first structures went up (the stairwells)


	Stairwell photo dated 2017-11-19


	Photo of final building construction stages on 2018-11-29


	Landscaping continued beyond building construction


	We moved in in late 2018












	
geowatch.demo.demo_region.demo_smart_annots()

	A small demo region in an area with a lot of data coverage






	
geowatch.demo.demo_region._configure_osm()

	Configure open street map






	
geowatch.demo.demo_region._show_demo_annots_on_map()

	Test to check the demo features on a map


	Requires:
	pip install osmnx





Example

>>> # xdoctest: +REQUIRES(--show)
>>> from geowatch.demo.demo_region import *  # NOQA
>>> from geowatch.demo.demo_region import _show_demo_annots_on_map
>>> import kwplot
>>> kwplot.autompl()










	
geowatch.demo.demo_region.demo_khq_region_fpath()

	




	
geowatch.demo.demo_region.demo_smart_region_fpath()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.demo.dummy_demodata module


	
geowatch.demo.dummy_demodata.dummy_rpc_geotiff_fpath()

	Create a blank tif with RPC information for testing








            

          

      

      

    

  

    
      
          
            
  
geowatch.demo.landsat_demodata module


	
geowatch.demo.landsat_demodata.grab_landsat_product(product_id=None, demo_index=0)

	Download and cache all items for a landsat product.


	Parameters:

	
	product_id (str, default=None) – The product id to download (currently NotImplemented).
If unspecified, an arbitrary scene is returned.


	demo_index (int) – hack, can be 0, 1, or 2. Regions 1 and 2 should overlap.






	Returns:

	groupings of files associated with this landsat product



	Return type:

	Dict[str [https://docs.python.org/3/library/stdtypes.html#str], object [https://docs.python.org/3/library/functions.html#object]]





Example

>>> # xdoctest: +REQUIRES(--network)
>>> from geowatch.demo.landsat_demodata import *  # NOQA
>>> product = grab_landsat_product()
>>> # xdoctest: +IGNORE_WANT
>>> print('product = {}'.format(ub.urepr(product, nl=2)))
product = {
    'bands': [
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B1.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B2.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B3.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B4.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B5.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B6.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B7.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B8.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B9.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B10.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B11.TIF',
    ],
    'meta': {
        'bqa': '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_BQA.TIF',
        'mtl': '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_MTL.txt',
    },
}





References



[1]
https://github.com/dgketchum/Landsat578#-1



[2]
https://tilemill-project.github.io/tilemill/docs/guides/landsat-8-imagery/



[3]
https://earth.esa.int/documents/700255/1834061/Landsat+ETM%2B%20Data+Format+Control+Book/4bfb7121-e97d-46ca-8d3f-02f1c6bf309c;jsessionid=F97499AA37A1E9AF0EED42900CF66760?version=1.1




	SeeAlso:
	geowatch.gis.geotiff.parse_landsat_product_id






Todo


	[ ] parametarize scene name / identifier


	[ ] bundle bands in a single file (gdal VRT?)


	[X] separate data and metadata files in return structure?













            

          

      

      

    

  

    
      
          
            
  
geowatch.demo.metrics_demo.demo_rendering module

Logic for rendering toy images for generated demo-data.


	
geowatch.demo.metrics_demo.demo_rendering.render_toy_georeferenced_image(img_dpath, renderable, rng=None)

	
	Parameters:

	
	img_dpath (PathLike) – path where the images can be written


	renderable (Dict) – information about how to render a demo image


	rng – random state






	Returns:

	The filepath where the image was written



	Return type:

	PathLike


	FIXME:
	I might be doing something wrong with warping polygons from image to
world space, the y-axis is flipped. Tracking the issue here:
https://github.com/rasterio/rasterio/issues/2565











Example

>>> from geowatch.demo.metrics_demo.demo_rendering import *  # NOQA
>>> from geowatch.demo.metrics_demo import demo_utils
>>> import tempfile
>>> import kwarray
>>> from datetime import datetime as datetime_cls
>>> import ubelt as ub
>>> img_dpath = ub.Path(tempfile.mkdtemp())
>>> rng = kwarray.ensure_rng(4324)
>>> region_poly_wld = demo_utils.random_geo_polygon(rng=rng)
>>> site_poly_wld = region_poly_wld.scale(0.5, about='center')
>>> wld_polygon = region_poly_wld
>>> img_width, img_height = 200, 300
>>> image_box = kwimage.Boxes([[0, 0, img_width, img_height]], "xywh")
>>> image_corners = image_box.corners().astype(float)
>>> wld_box = wld_polygon.bounding_box()
>>> wld_corners = wld_box.corners()
>>> tf_img_from_wld = kwimage.Affine.fit(wld_corners, image_corners)
>>> tf_wld_from_img = tf_img_from_wld.inv()
>>> site_poly_img = site_poly_wld.warp(tf_img_from_wld)
>>> renderable = {
>>>     'sensor': 'foobar',
>>>     'date': datetime_cls.now(),
>>>     'frame_idx': 0,
>>>     'image_dsize': (img_width, img_height),
>>>     'visible_polys': [site_poly_img],
>>>     'wld_polygon': wld_polygon,
>>> }
>>> fpath = render_toy_georeferenced_image(img_dpath, renderable, rng)
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import geopandas as gpd
>>> gdf = gpd.GeoDataFrame(geometry=[region_poly_wld.to_shapely(),
>>>                                  site_poly_wld.to_shapely()], crs='crs84')
>>> import kwplot
>>> kwplot.autompl()
>>> imdata = kwimage.imread(fpath)
>>> SHOW_RASTERIO = 1
>>> if SHOW_RASTERIO:
>>>     kwplot.imshow(imdata, pnum=(1, 2, 1))
>>> else:
>>>     kwplot.imshow(imdata, pnum=(1, 1, 1))
>>> site_poly_img.draw(edgecolor='black', fill=False)
>>> # Rasterio rendering has a bug here
>>> # https://github.com/rasterio/rasterio/issues/2565
>>> if SHOW_RASTERIO:
>>>     ax = kwplot.figure(pnum=(1, 2, 2)).gca()
>>>     import rasterio
>>>     from rasterio import plot  # NOQA
>>>     f = rasterio.open(fpath)
>>>     with rasterio.open(fpath, crs='crs84') as f:
>>>         rasterio.plot.show(f, ax=ax, alpha=0.8)
>>>         dst_crs = str(f.crs).lower()
>>>     site_poly_wld.draw(edgecolor='black', fill=0)
>>> gdf.to_crs(dst_crs).boundary.plot(ax=ax, color='green')
>>> kwplot.show_if_requested()





[image: ../_images/fig_geowatch_demo_metrics_demo_demo_rendering_render_toy_georeferenced_image_002.jpeg]





	
geowatch.demo.metrics_demo.demo_rendering.write_demo_geotiff(img_fpath=None, imdata=None, wld_polygon=None, nodata_value=None, rng=None, metadata=None)

	Create a demo geotiff at a specified path. Arguments that are not specified
will be randomly generated.

Example

>>> from geowatch.demo.metrics_demo.demo_rendering import *  # NOQA
>>> img_fpath = write_demo_geotiff()












            

          

      

      

    

  

    
      
          
            
  
geowatch.demo.metrics_demo.demo_truth module

Functions to creates random “true” region and site models for demodata.


	
class geowatch.demo.metrics_demo.demo_truth.RegionModelGenerator

	Bases: object [https://docs.python.org/3/library/functions.html#object]


Note

A good refactor to this random data design would be to have a class
which holds all the parameters to generate random site / region models.
For now we are using this as a placeholder to store constants.




Todo

Transfer the functionality of random_region_model here.








	
class geowatch.demo.metrics_demo.demo_truth.SiteModelGenerator

	Bases: object [https://docs.python.org/3/library/functions.html#object]


Todo

Transfer the functionality of random_site_model here.




	
SITE_PHASES = ['No Activity', 'Site Preparation', 'Active Construction', 'Post Construction']

	








	
geowatch.demo.metrics_demo.demo_truth.random_region_model(region_id=None, region_poly=None, num_sites=3, num_observations=5, p_observe=0.5, p_transition=0.15, start_time=None, end_time=None, with_renderables=True, site_poly=None, rng=None, start_date=None, end_date=None, start_site_index=0)

	Generate a random region model with random sites and observation support.

The region model is generated simply by sampling a random polygon in
geospace that isn’t too big or too small.

Then observation support simulates images that we have from this region.
These supporting images might be from different simulated sensors or in
different resolutions. They may contain partial coverage of the region.

The sites are randomly sampled polygons inside the region and are assigned
to specific observation as they would be if they were generated for real
imagery. Sites have a simple model that allows them to evolve over time,
change shape / size and their phase label.


	Parameters:

	
	region_id (str | None) – Name of the region.
If unspecified, a random one is created.


	region_poly (kwimage.Polygon | shapely.geometry.Polygon | None) – if specified use this crs84 region polygon, otherwise make a random
one.


	num_sites (int) – number of random sites


	num_observations (int) – number of random observations


	p_observe (float) – the probability that a site model is annotated in any particular
observation.


	p_transition (float) – truth phase transition model. Currently just the probability
the phase changes on any particular observation.


	with_renderables (bool) – if False dont generate renderables.


	start_time (Any) – min time coercable


	end_time (Any) – max time coercable


	site_poly (kwimage.Polygon | shapely.geometry.Polygon | None) – if specified, this polygon is used as the geometry for new site
models. Note: all site models will get this geometry, so
typically this is only used when num_sites=1.


	rng (int | str | RandomState | None) – seed or random number generator


	start_site_index (int) – the index of the first generated site. Defaults to 0






	Returns:

	A region model and its corresponding site models and renderables



	Return type:

	Tuple[geojson.FeatureCollection, List[geojson.FeatureCollection], List | None]





Example

>>> from geowatch.demo.metrics_demo.demo_truth import *  # NOQA
>>> region, sites, renderables = random_region_model(num_sites=2, num_observations=5, p_observe=0.5, rng=0)
>>> print('region = {}'.format(ub.urepr(region, nl=4, precision=6, sort=0)))
...






	region = {
	‘type’: ‘FeatureCollection’,
‘features’: [



	{
	‘type’: ‘Feature’,
‘geometry’: {


‘type’: ‘Polygon’,
‘coordinates’: …




},
‘properties’: {


‘type’: ‘region’,
‘region_id’: ‘DR_R684’,
‘version’: ‘2.4.3’,
‘mgrs’: ‘51PXM’,
‘start_date’: ‘2011-05-28’,
‘end_date’: ‘2018-09-13’,
‘originator’: ‘demo-truth’,
‘model_content’: ‘annotation’,
‘comments’: ‘demo-data’,




},





},
{


‘type’: ‘Feature’,
‘geometry’: {


‘type’: ‘Polygon’,
‘coordinates’: …




},
‘properties’: {


‘type’: ‘site_summary’,
‘status’: ‘positive_annotated’,
‘version’: ‘2.0.1’,
‘site_id’: ‘DR_R684_0000’,
‘mgrs’: ‘51PXM’,
‘start_date’: ‘2015-03-16’,
‘end_date’: ‘2018-09-13’,
‘score’: 1,
‘originator’: ‘demo’,
‘model_content’: ‘annotation’,
‘validated’: ‘True’,
‘misc_info’: {‘color’: [0.551139, 1.000000, 0.000000]},




},




},
{


‘type’: ‘Feature’,
‘geometry’: {


‘type’: ‘Polygon’,
‘coordinates’: …




},
‘properties’: {


‘type’: ‘site_summary’,
‘status’: ‘positive_annotated’,
‘version’: ‘2.0.1’,
‘site_id’: ‘DR_R684_0001’,
‘mgrs’: ‘51PXM’,
‘start_date’: ‘2011-05-28’,
‘end_date’: ‘2018-09-13’,
‘score’: 1,
‘originator’: ‘demo’,
‘model_content’: ‘annotation’,
‘validated’: ‘True’,
‘misc_info’: {‘color’: [1.000000, 0.367780, 0.000000]},




},




},




],





}






	
geowatch.demo.metrics_demo.demo_truth.random_observables(num_observations, start_time=None, end_time=None, rng=None)

	Create a random sequence of sensor observations


	Parameters:

	
	num_observations (int) – number of observations


	start_time (Any) – min time coercable


	end_time (Any) – max time coercable


	rng – random seed or generator






	Returns:

	list of each item corresonding to a simulated observable



	Return type:

	List[dict [https://docs.python.org/3/library/stdtypes.html#dict]]





Example

>>> # xdoctest: +SKIP("failing on CI. unsure why")
>>> from geowatch.demo.metrics_demo.demo_truth import *  # NOQA
>>> num_observations = 2
>>> observables = random_observables(1, rng=32)
>>> print('observables = {}'.format(ub.urepr(observables, nl=2)))
observables = [
    {
        'datetime': datetime.datetime(2018, 8, 3, 16, 55, 35, 398921),
        'mgrs_code': None,
        'sensor_name': 'demosat-2',
        'source': 'demosat-220180803T165535',
        'wld_polygon': None,
    },
]










	
geowatch.demo.metrics_demo.demo_truth.random_site_model(region_id, site_id, region_corners, observables, site_poly=None, p_observe=0.5, p_transition=0.15, rng=None)

	Make a dummy sequence somewhere within a region’s observed spacetime grid.


	Parameters:

	
	region_id (str) – the name of the region we generate this site for


	site_id (str) – the name of the site


	region_corners (ndarray) – corners of the region to embed this site in.


	observables (List[Dict]) – information about opportunities to generate an observation


	p_observe (float) – the probability that a site model is annotated in any particular
observation.


	p_transition (float) – truth phase transition model. Currently just the probability
the phase changes on any particular observation.


	site_poly (kwimage.Polygon | shapely.geometry.Polygon | None) – if specified, force the site to have this geometry.


	rng – random state or seed






	Returns:

	site_summary, site



	Return type:

	Tuple[Dict, Dict]





Example

>>> # xdoctest: +SKIP("failing on CI. unsure why")
>>> from geowatch.demo.metrics_demo.demo_truth import *  # NOQA
>>> region_id = 'DR_0042'
>>> site_id = 'DR_0042_9001'
>>> rng = kwarray.ensure_rng(0)
>>> region_corners = kwimage.Boxes([[0, 0, 1, 1]], 'xywh').to_ltrb().corners()
>>> observables = random_observables(1, rng=rng)
>>> p_observe = 1.0
>>> site_summary, site = random_site_model(region_id, site_id, region_corners, observables,
>>>                                        p_observe=p_observe, rng=rng)
>>> print('site = {}'.format(ub.urepr(site, nl=4, sort=0)))
site = {
    'type': 'FeatureCollection',
    'features': [
        {
            'type': 'Feature',
            'geometry': {
                'type': 'Polygon',
                'coordinates': [[[0.759303, 0.749121], [0.717993, 0.763785], [0.719567, 0.797059], [0.751856, 0.810715], [0.776689, 0.799334], [0.779587, 0.762869], [0.759303, 0.749121]]],
            },
            'properties': {
                'type': 'site',
                'status': 'positive_annotated',
                'version': '2.0.1',
                'site_id': 'DR_0042_9001',
                'mgrs': None,
                'start_date': '2015-06-28',
                'end_date': '2015-06-28',
                'score': 1,
                'originator': 'demo',
                'model_content': 'annotation',
                'validated': 'True',
                'misc_info': {'color': [0.0, 1.0, 0.0]},
                'region_id': 'DR_0042',
            },
        },
        {
            'type': 'Feature',
            'geometry': {
                'type': 'MultiPolygon',
                'coordinates': [[[[0.719567, 0.797059], [0.717993, 0.763785], [0.759303, 0.749121], [0.779587, 0.762869], [0.776689, 0.799334], [0.751856, 0.810715]]]],
            },
            'properties': {
                'type': 'observation',
                'observation_date': '2015-06-28',
                'source': 'demosat-220150628T072421',
                'sensor_name': 'demosat-2',
                'current_phase': 'No Activity',
                'is_occluded': 'False',
                'is_site_boundary': 'True',
                'score': 1.0,
            },
        },
    ],
}





Example

>>> from geowatch.demo.metrics_demo.demo_truth import *  # NOQA
>>> region_id = 'DR_0042'
>>> site_id = 'DR_0042_9001'
>>> rng = kwarray.ensure_rng(0)
>>> region_corners = kwimage.Boxes([[0, 0, 1, 1]], 'xywh').to_ltrb().corners()
>>> observables = random_observables(10, rng=rng)
>>> p_observe = 1.0
>>> site_summary, site = random_site_model(region_id, site_id, region_corners, observables,
>>>                                        p_observe=p_observe, rng=rng)
>>> print('site_summary = {}'.format(ub.urepr(site_summary, nl=-1, sort=0)))
site_summary = {
    'type': 'Feature',
    'geometry': {
        'type': 'Polygon',
        'coordinates': [
            [
                [0.599483, 0.568633],
                [0.569207, 0.576066],
                [0.542041, 0.627691],
                [0.606987, 0.67388],
                [0.647289, 0.636873],
                [0.635087, 0.580387],
                [0.599483, 0.568633]
            ]
        ]
    },
    'properties': {
        'type': 'site_summary',
        'status': 'positive_annotated',
        'version': '2.0.1',
        'site_id': 'DR_0042_9001',
        'mgrs': None,
        'start_date': '2013-11-01',
        'end_date': '2019-08-21',
        'score': 1,
        'originator': 'demo',
        'model_content': 'annotation',
        'validated': 'True',
        'cache': {
            'color': [1.0, 0.36777954425013254, 0.0]
        }
    }
}





Example

>>> from geowatch.demo.metrics_demo.demo_truth import *  # NOQA
>>> region_id = 'DR_0042'
>>> site_id = 'DR_0042_9001'
>>> rng = kwarray.ensure_rng(42232)
>>> region_corners = kwimage.Boxes([[5, 7, 11, 13]], 'xywh').to_ltrb().corners()
>>> observables = random_observables(10, rng=rng)
>>> p_observe = 1.0
>>> site_summary, site = random_site_model(region_id, site_id, region_corners, observables,
>>>                                        p_observe=p_observe, rng=rng)
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import kwplot
>>> kwplot.autompl()
>>> import geopandas as gpd
>>> # Draw our true and perterbed site model
>>> site_gdf = gpd.GeoDataFrame.from_features(site[1:])
>>> total_poly = site_gdf['geometry'].unary_union
>>> minx, miny, maxx, maxy = total_poly.bounds
>>> fig = kwplot.figure(doclf=True, fnum=1)
>>> pnum_ = kwplot.PlotNums(nSubplots=len(site_gdf))
>>> for idx in range(len(site_gdf)):
>>>     row = site_gdf.iloc[idx: idx + 1]
>>>     item = row.iloc[0]
>>>     title = item['observation_date'] + ' ' + item['current_phase']
>>>     fig = kwplot.figure(pnum=pnum_(), title=title)
>>>     ax = fig.gca()
>>>     row.plot(ax=ax, alpha=0.5, color='limegreen', edgecolor='black')
>>>     row.centroid.plot(ax=ax, alpha=0.5, color='green')
>>>     ax.set_xlim(minx, maxx)
>>>     ax.set_ylim(miny, maxy)
>>> kwplot.show_if_requested()





[image: ../_images/fig_geowatch_demo_metrics_demo_demo_truth_random_site_model_002.jpeg]





	
geowatch.demo.metrics_demo.demo_truth.make_site_summary(observations, mgrs_code, site_id, status, summary_geom=None)

	Consolodate site observations into a site summary








            

          

      

      

    

  

    
      
          
            
  
geowatch.demo.metrics_demo.demo_utils module

Functional utilities for generating basic components of the demodata.


	
geowatch.demo.metrics_demo.demo_utils.random_geo_points(num, rng=None)

	Generate a uniformly random longitude, latitude.

Based on logic described in [SO68298220].


	Parameters:

	
	num (int) – number of random points to generate


	rng – random seed or number generator






	Returns:

	An Nx2 array with columns corresponding to CRS84 points
(i.e. longitude, latitude)



	Return type:

	ndarray





References



[SO68298220]
https://stackoverflow.com/questions/68298220/random-geocoords





Example

>>> from geowatch.demo.metrics_demo.demo_utils import *  # NOQA
>>> latlon = random_geo_points(num=3, rng=0)
>>> print(ub.urepr(latlon, precision=4))
np.array([[ 16.1579,   5.6025],
          [-27.4843,  25.4916],
          [ 52.5219,  11.8603]], dtype=np.float64)





Example

>>> # This example demonstrates that the points are randomly spread out
>>> from geowatch.demo.metrics_demo.demo_utils import *  # NOQA
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import kwplot
>>> kwplot.autompl()
>>> # Create random geopoints and place them into a GeoDataFrame
>>> latlons = random_geo_points(300)
>>> crs84 = get_crs84()
>>> pts_gdf = gpd.GeoDataFrame(geometry=[geometry.Point(p) for p in latlons], crs=crs84)
>>> # Plot the map of the world in the background
>>> wld_map_gdf = gpd.read_file(
>>>     gpd.datasets.get_path('naturalearth_lowres')
>>> ).to_crs(crs84)
>>> ax = wld_map_gdf.plot()
>>> pts_gdf.plot(ax=ax, color='orange', alpha=0.8)
>>> kwplot.show_if_requested()





[image: ../_images/fig_geowatch_demo_metrics_demo_demo_utils_random_geo_points_002.jpeg]





	
geowatch.demo.metrics_demo.demo_utils.random_geo_polygon(max_rt_area=10000, rng=None)

	Creates a random polygon of a “reasonable size” for a region in CRS84


	Parameters:

	
	max_rt_area (float) – Maximum root area (i.e. sqrt(area)) of the polygon in meters.
The generated polygon will usually have a root-area that is between
a factor of 0.1 and 0.6 of this number.  Defaults to 10,000 meters.


	rng – random state or seed






	Returns:

	polygon in CRS84 space



	Return type:

	kwimage.Polygon [https://kwimage.readthedocs.io/en/latest/kwimage.html#kwimage.Polygon]





Example

>>> from geowatch.demo.metrics_demo.demo_utils import *  # NOQA
>>> max_rt_area = 10000
>>> region_poly = random_geo_polygon(max_rt_area, rng=321)
>>> geo_poly = region_poly.round(6).to_geojson()
>>> print('geo_poly = {}'.format(ub.urepr(geo_poly, nl=-1)))
geo_poly = {
    'type': 'Polygon',
    'coordinates': [
        [
            [-151.983974, 50.530122],
            [-151.982547, 50.520243],
            [-151.951446, 50.506376],
            [-151.925555, 50.514069],
            [-151.930728, 50.543657],
            [-151.941043, 50.541291],
            [-151.983974, 50.530122]
        ]
    ]
}





Example

>>> # This example demonstrates the distribution of random polygons
>>> from geowatch.demo.metrics_demo.demo_utils import *  # NOQA
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import kwplot
>>> kwplot.autompl()
>>> # Create random polygons and place them into a GeoDataFrame
>>> rng = kwarray.ensure_rng(32321)
>>> # Make the polygons very large, so they show up at world scale
>>> max_rt_area = 1_000_000
>>> polys = [random_geo_polygon(max_rt_area, rng=rng) for _ in range(10)]
>>> crs84 = get_crs84()
>>> poly_gdf = gpd.GeoDataFrame(geometry=[p.to_shapely() for p in polys], crs=crs84)
>>> # Plot the map of the world in the background
>>> wld_map_gdf = gpd.read_file(
>>>     gpd.datasets.get_path('naturalearth_lowres')
>>> ).to_crs(crs84)
>>> ax = wld_map_gdf.plot()
>>> poly_gdf.plot(ax=ax, color='limegreen', alpha=0.8)
>>> poly_gdf.centroid.plot(ax=ax, color='orangered', alpha=0.5)
>>> kwplot.show_if_requested()





[image: ../_images/fig_geowatch_demo_metrics_demo_demo_utils_random_geo_polygon_002.jpeg]





	
geowatch.demo.metrics_demo.demo_utils.random_time_sequence(min_date_iso, max_date_iso, num_observations, rng=None)

	Generate a list of random timestamps between the specified dates


	Parameters:

	
	min_date_iso (str) – minimum possible date


	max_date_iso (str) – maximum possible date


	num_observations (int) – number of dates to generate


	rng – random state or seed






	Returns:

	sampled dates in the UTC timezone



	Return type:

	List[datetime_cls]





Example

>>> from geowatch.demo.metrics_demo.demo_utils import *  # NOQA
>>> min_date_iso = '1996-06-23'
>>> max_date_iso = '2017-10-27'
>>> num_observations = 3
>>> obs_sequence = random_time_sequence(min_date_iso, max_date_iso, num_observations, rng=9320)
>>> print('obs_sequence = {}'.format(ub.urepr(obs_sequence, nl=1)))
obs_sequence = [
    datetime.datetime(1997, 9, 17, 20, 49, 7, 888653, tzinfo=datetime.timezone.utc),
    datetime.datetime(2001, 6, 29, 17, 43, 36, 108233, tzinfo=datetime.timezone.utc),
    datetime.datetime(2009, 4, 2, 10, 26, 54, 429200, tzinfo=datetime.timezone.utc),
]










	
geowatch.demo.metrics_demo.demo_utils.utm_epsg_from_latlon(lat, lon)

	Find a reasonable UTM CRS for a given lat / lon

The purpose of this function is to get a reasonable CRS for computing
distances in meters. If the region of interest is very large, this may not
be valid.

See [SE190198] and [SE365584].


	Parameters:

	
	lat (float) – degrees in latitude


	lon (float) – degrees in longitude






	Returns:

	the ESPG code of the UTM zone



	Return type:

	int [https://docs.python.org/3/library/functions.html#int]





References



[SE190198]
https://gis.stackexchange.com/questions/190198/how-to-get-appropriate-crs-for-a-position-specified-in-lat-lon-coordinates




[SE365584]
https://gis.stackexchange.com/questions/365584/convert-utm-zone-into-epsg-code





Example

>>> from geowatch.demo.metrics_demo.demo_utils import *  # NOQA
>>> epsg_code = utm_epsg_from_latlon(0, 0)
>>> print('epsg_code = {!r}'.format(epsg_code))
epsg_code = 32631










	
geowatch.demo.metrics_demo.demo_utils.project_gdf_to_local_utm(gdf_crs84, max_utm_zones=None)

	Find the local UTM zone for a geo data frame and project to it.

Assumes geometry is in CRS-84.

All geometry in the GDF must be in the same UTM zone.


	Parameters:

	
	gdf_crs84 (geopandas.GeoDataFrame) – The data with CRS-84 geometry to project into a local UTM


	max_utm_zones (int | None) – If the data spans more than this many UTM zones, error.
Otherwise, we take the first one.






	Returns:

	geopandas.GeoDataFrame





Example

>>> import geopandas as gpd
>>> import kwarray
>>> import kwimage
>>> rng = kwarray.ensure_rng(0)
>>> # Gen lat/lons between 0 and 1, which is in UTM zone 31N
>>> gdf_crs84 = gpd.GeoDataFrame({'geometry': [
>>>     kwimage.Polygon.random(rng=rng).to_shapely(),
>>>     kwimage.Polygon.random(rng=rng).to_shapely(),
>>>     kwimage.Polygon.random(rng=rng).to_shapely(),
>>> ]}, crs=get_crs84())
>>> gdf_utm = project_gdf_to_local_utm(gdf_crs84)
>>> assert gdf_utm.crs.name == 'WGS 84 / UTM zone 31N'





Example

>>> import geopandas as gpd
>>> import kwarray
>>> import kwimage
>>> # If the data is too big for a single UTM zone,
>>> rng = kwarray.ensure_rng(0)
>>> gdf_crs84 = gpd.GeoDataFrame({'geometry': [
>>>     kwimage.Polygon.random(rng=rng).scale(90).to_shapely(),
>>>     kwimage.Polygon.random(rng=rng).scale(90).to_shapely(),
>>>     kwimage.Polygon.random(rng=rng).scale(90).to_shapely(),
>>> ]}, crs=get_crs84())
>>> import pytest
>>> with pytest.raises(ValueError):
>>>     gdf_utm = project_gdf_to_local_utm(gdf_crs84, max_utm_zones=1)










	
geowatch.demo.metrics_demo.demo_utils.find_local_meter_epsg_crs(geom_crs84)

	Find the “best” meter based CRS for a smallish geographic region.

Currently this only returns UTM zones. Might be better to return an Albers
projection if the geometry spans more than one UTM zone.


	Parameters:

	geom_crs84 (shapely.geometry.base.BaseGeometry) – shapely geometry in CRS84 (lon/lat wgs84)



	Returns:

	epsg code



	Return type:

	int [https://docs.python.org/3/library/functions.html#int]





References

[1] https://gis.stackexchange.com/questions/148181/choosing-projection-crs-for-short-distance-based-analysis/148187
[2] http://projfinder.com/


Todo


	[ ] Better UTM zone intersection


	[ ] Fix edge cases






Example

>>> import kwimage
>>> geom_crs84 = kwimage.Polygon.random().translate(-0.5).scale((180, 90)).to_shapely()
>>> epsg_zone = find_local_meter_epsg_crs(geom_crs84)










	
geowatch.demo.metrics_demo.demo_utils.get_crs84()

	Constructing the CRS84 is slow.
This function memoizes it so it only happens once.


	Returns:

	pyproj.crs.crs.CRS












            

          

      

      

    

  

    
      
          
            
  
geowatch.demo.metrics_demo.generate_demodata module

Generate demodata for the metrics framework


	
geowatch.demo.metrics_demo.generate_demodata.generate_demo_metrics_framework_data(roi='DR_R001', num_sites=3, num_observations=5, noise=1.0, p_observe=0.5, p_transition=0.15, seed=409060576688592, outdir=None, cache=True, **kwargs)

	Example

>>> from geowatch.demo.metrics_demo.generate_demodata import *  # NOQA
>>> demo_info = generate_demo_metrics_framework_data(
>>>     num_sites=5, num_observations=10, noise=2, p_observe=0.5,
>>>     p_transition=0.3, drop_noise=0.5, drop_limit=0.5)
>>> print('demo_info = {}'.format(ub.urepr(demo_info, nl=1)))
>>> # TODO: visualize












            

          

      

      

    

  

    
      
          
            
  
geowatch.demo.metrics_demo.site_perterbing module

Functions to perterb or “jitter” truth that gradually degrade the site models
in specified ways. This can be used to check the scoring metrics at various
levels of accuracy / inaccuracy.


	
geowatch.demo.metrics_demo.site_perterbing.perterb_site_model(sites, rng=None, **kwargs)

	Given a true site models from a region, perterb them to make “demo”
predicted site models.


	Parameters:

	
	sites (List[geojson.FeatureCollection]) – geojson site observations


	rng – random seed or generator


	**kwargs – factors to control per-site perterbations. See
perterb_single_site_model() for available options.






	Returns:

	modified site models



	Return type:

	List[geojson.FeatureCollection]





Example

>>> from geowatch.demo.metrics_demo.site_perterbing import *  # NOQA
>>> _, sites, _ = demo_truth.random_region_model(rng=12345)
>>> pred_sites1 = perterb_site_model(sites, noise=1, rng=34567)
>>> pred_sites2 = perterb_site_model(sites, noise=0, rng=34567)










	
class geowatch.demo.metrics_demo.site_perterbing.PerterbModel(noise=0.0, performer_id='alice', rng=None, **kwargs)

	Bases: object [https://docs.python.org/3/library/functions.html#object]


Todo

consume the functionality of perterb_single_site_model



Example

>>> from geowatch.demo.metrics_demo.site_perterbing import *  # NOQA
>>> self = PerterbModel()





Example

>>> from geowatch.demo.metrics_demo.site_perterbing import *  # NOQA
>>> from geowatch.demo.metrics_demo import demo_truth
>>> region_id = 'DR_0042'
>>> site_id = 'DR_0042_9001'
>>> rng = kwarray.ensure_rng(4222)
>>> region_corners = kwimage.Boxes([[5, 7, 11, 13]], 'xywh').to_ltrb().corners()
>>> observables = demo_truth.random_observables(15, rng=rng)
>>> p_observe = 0.5
>>> site_summary, site = demo_truth.random_site_model(
>>>     region_id, site_id, region_corners, observables,
>>>     p_observe=p_observe, p_transition=0.4,  rng=rng)
>>> kwargs = dict(noise=10, drop_limit=0.1)
>>> self = PerterbModel(**kwargs)
>>> pred_site = self.perterb_single_site(site)
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import kwplot
>>> kwplot.autompl()
>>> import geopandas as gpd
>>> # Draw our true and perterbed site model
>>> orig_site_gdf = gpd.GeoDataFrame.from_features(site)
>>> pred_site_gdf = gpd.GeoDataFrame.from_features(pred_site)
>>> total_poly1 = orig_site_gdf['geometry'].unary_union
>>> total_poly2 = pred_site_gdf['geometry'].unary_union
>>> total_poly = total_poly1.union(total_poly2)
>>> minx, miny, maxx, maxy = total_poly.bounds
>>> fig = kwplot.figure(doclf=True, fnum=1)
>>> phases = demo_truth.SiteModelGenerator.SITE_PHASES
>>> phase_to_color = ub.udict(ub.dzip(phases, kwimage.Color.distinct(len(phases))))
>>> pnum_ = kwplot.PlotNums(nRows=4, nSubplots=len(observables) + 1)
>>> boundary_colors = ub.udict({'true': 'limegreen', 'pred': 'dodgerblue'}).map_values(lambda c: kwimage.Color(c).as01())
>>> for obs in observables:
>>>     title = obs['datetime'].isoformat()
>>>     trues = orig_site_gdf[orig_site_gdf['observation_date'] == obs['datetime'].date().isoformat()]
>>>     preds = pred_site_gdf[pred_site_gdf['observation_date'] == obs['datetime'].date().isoformat()]
>>>     fig = kwplot.figure(pnum=pnum_(), title=title)
>>>     ax = fig.gca()
>>>     if len(trues):
>>>         colors = list(phase_to_color.take(trues['current_phase']))
>>>         trues.plot(ax=ax, alpha=0.5, color=colors)
>>>         trues.boundary.plot(ax=ax, alpha=0.5, color=boundary_colors['true'], linewidth=3)
>>>         trues.centroid.plot(ax=ax, alpha=0.5, color=boundary_colors['true'])
>>>     if len(preds):
>>>         colors = list(phase_to_color.take(preds['current_phase']))
>>>         preds.plot(ax=ax, alpha=0.5, color=colors)
>>>         preds.boundary.plot(ax=ax, alpha=0.5, color=boundary_colors['pred'], linewidth=3)
>>>         preds.centroid.plot(ax=ax, alpha=0.5, color=boundary_colors['pred'])
>>>     ax.set_xlim(minx, maxx)
>>>     ax.set_ylim(miny, maxy)
>>> legend1 = kwimage.draw_header_text(kwplot.make_legend_img(phase_to_color), 'Face Key', fit=True)
>>> legend2 = kwimage.draw_header_text(kwplot.make_legend_img(boundary_colors), 'Border Key', fit=True)
>>> legend = kwimage.stack_images([legend1, legend2], axis=0, resize='smaller')
>>> kwplot.imshow(legend, pnum=pnum_())
>>> kwplot.show_if_requested()





[image: ../_images/fig_geowatch_demo_metrics_demo_site_perterbing_PerterbModel_002.jpeg]

	
_setup_distributions()

	




	
perterb_single_site(site, idx=None)

	








	
geowatch.demo.metrics_demo.site_perterbing.perterb_single_site_model(site, noise=0.0, warp_noise=1.0, performer_id='alice', idx=None, rng=None, **kwargs)

	Given a true site model, perterb it to make a “demo” predicted site model.


	Parameters:

	
	site (geojson.FeatureCollection) – geojson site observations


	noise (float) – Magnitude of all noise. This factor modulates all other noise
values. Setting to 0 disables all perterbation. Typically 1
is the largest “reasonable” value. Setting any noise magnitude
higher than 1 may result in pathological perterbations.


	warp_noise (float) – magnitude of random warp that we will use to perterb the boundary
of the true site polygons.


	performer_id (str) – used in the originator property


	idx (int) – the index of this new site model.
If unspecified, the same site id is used in truth and pred.


	rng – random seed or generator


	**kwargs – other PerterbModel params






	Returns:

	modified site model



	Return type:

	geojson.FeatureCollection





Example

>>> # Demo case with a lot of noise
>>> from geowatch.demo.metrics_demo.site_perterbing import *  # NOQA
>>> rng = kwarray.ensure_rng(43240830)
>>> _, sites, _ = demo_truth.random_region_model(num_observations=20, rng=rng)
>>> site = sites[0]
>>> pred_site = perterb_single_site_model(site, noise=1.0, rng=rng)
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import kwplot
>>> kwplot.autompl()
>>> # Draw our true and perterbed site model
>>> orig_site_gdf = gpd.GeoDataFrame.from_features(site)
>>> pred_site_gdf = gpd.GeoDataFrame.from_features(pred_site)
>>> fig = kwplot.figure(doclf=True, fnum=1)
>>> ax = fig.gca()
>>> total_poly = pred_site_gdf['geometry'].unary_union.union(orig_site_gdf['geometry'].unary_union)
>>> minx, miny, maxx, maxy = total_poly.bounds
>>> ax.set_xlim(minx, maxx)
>>> ax.set_ylim(miny, maxy)
>>> pred_site_gdf.plot(ax=ax, alpha=0.5, color='orange', edgecolor='purple')
>>> orig_site_gdf.plot(ax=ax, alpha=0.5, color='limegreen', edgecolor='black')
>>> orig_site_gdf.centroid.plot(ax=ax, alpha=0.5, color='green')
>>> pred_site_gdf.centroid.plot(ax=ax, alpha=0.5, color='red')
>>> kwplot.show_if_requested()





[image: ../_images/fig_geowatch_demo_metrics_demo_site_perterbing_perterb_single_site_model_002.jpeg]
Example

>>> # Demo case with almost zero noise
>>> from geowatch.demo.metrics_demo.site_perterbing import *  # NOQA
>>> rng = kwarray.ensure_rng(43240830)
>>> _, sites, _ = demo_truth.random_region_model(num_observations=20, rng=rng)
>>> site = sites[0]
>>> pred_site = perterb_single_site_model(site, noise=1e-2, rng=rng)
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import kwplot
>>> kwplot.autompl()
>>> # Draw our true and perterbed site model
>>> orig_site_gdf = gpd.GeoDataFrame.from_features(site)
>>> pred_site_gdf = gpd.GeoDataFrame.from_features(pred_site)
>>> fig = kwplot.figure(doclf=True, fnum=2)
>>> ax = fig.gca()
>>> total_poly = pred_site_gdf['geometry'].unary_union.union(orig_site_gdf['geometry'].unary_union)
>>> minx, miny, maxx, maxy = total_poly.bounds
>>> ax.set_xlim(minx, maxx)
>>> ax.set_ylim(miny, maxy)
>>> pred_site_gdf.plot(ax=ax, alpha=0.5, color='orange', edgecolor='purple')
>>> orig_site_gdf.plot(ax=ax, alpha=0.5, color='limegreen', edgecolor='black')
>>> orig_site_gdf.centroid.plot(ax=ax, alpha=0.5, color='green')
>>> pred_site_gdf.centroid.plot(ax=ax, alpha=0.5, color='red')
>>> kwplot.show_if_requested()
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geowatch.demo.metrics_demo package


Submodules



	geowatch.demo.metrics_demo.demo_rendering module
	render_toy_georeferenced_image()

	write_demo_geotiff()





	geowatch.demo.metrics_demo.demo_truth module
	RegionModelGenerator

	SiteModelGenerator
	SiteModelGenerator.SITE_PHASES





	random_region_model()

	random_observables()

	random_site_model()

	make_site_summary()





	geowatch.demo.metrics_demo.demo_utils module
	random_geo_points()

	random_geo_polygon()

	random_time_sequence()

	utm_epsg_from_latlon()

	project_gdf_to_local_utm()

	find_local_meter_epsg_crs()

	get_crs84()





	geowatch.demo.metrics_demo.generate_demodata module
	generate_demo_metrics_framework_data()





	geowatch.demo.metrics_demo.site_perterbing module
	perterb_site_model()

	PerterbModel
	PerterbModel._setup_distributions()

	PerterbModel.perterb_single_site()





	perterb_single_site_model()











Module contents

This code was originally submited to the iarpa_smart_metrics module as an MR,
but has not been merged, so we are porting it here.





            

          

      

      

    

  

    
      
          
            
  
geowatch.demo.nitf_demodata module

Access sample NITF images from [1] for testing and demo purposes.

References



[1]
https://gwg.nga.mil/ntb/baseline/software/testfile/Nitfv2_1/scen_2_1.html




Note

The data provided is no longer available, but a mirror exists on IPFS and
the wayback machine.

https://web.archive.org/web/20190501060607/http://www.gwg.nga.mil/ntb/baseline/software/testfile/Nitfv2_1/scen_2_1.html

# IPFS folder containing all demo NITFs
QmWApzbAX2W8cobWqKPjsM1kj82TvMGvyZ75PnbUeNHktW demo_nitf




	
geowatch.demo.nitf_demodata.grab_nitf_fpath(key=None)

	
	Parameters:

	key (str | None) – the name the nitf to grab.
Use grab_nitf_fpath.keys() to list available keys.
If None, DEFAULT_KEY is used.





Example

>>> # xdoctest: +SKIP
>>> # xdoctest: +REQUIRES(--network)
>>> from geowatch.demo.nitf_demodata import *  # NOQA
>>> fpath = grab_nitf_fpath()
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> import kwimage
>>> kwplot.autompl()
>>> data = kwimage.imread(fpath)
>>> kwplot.imshow(data)
>>> kwplot.show_if_requested()










	
geowatch.demo.nitf_demodata._dev_build_description_table()

	Developer function used to help populate data in this file.
Unused at during runtime.

Notes

No longer works, the URL is dead!


	Requirements:
	!pip install bs4










	
geowatch.demo.nitf_demodata._build_test_image_table()

	dev function for generating expected hashes

Notes

No longer works, the URL is dead!






	
geowatch.demo.nitf_demodata._check_properties()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.demo.sentinel2_demodata module

Grab specific sentinel2 images for testing


	
geowatch.demo.sentinel2_demodata.grab_sentinel2_product(index=0, overwrite=False)

	Download and cache all items for a Sentinel-2 product.

TODO when RGD supports API keys, give one to this repo and use that instead of fels.


	Parameters:

	
	index – 0, 1, or 2. Currently this function just picks 3 scenes over KR in Nov 2018.


	overwrite (bool, default=False) – if True, always downloads the files






	Returns:

	
	rgd_client.rgdc.RasterDownload(
	path: pathlib.Path,
images: List[pathlib.Path],
ancillary: List[pathlib.Path]





)







Example

>>> # xdoctest: +SKIP("too many https errors")
>>> # xdoctest: +REQUIRES(--network)
>>> from geowatch.demo.sentinel2_demodata import *  # NOQA
>>> from geowatch.utils.util_rgdc import bands_sentinel2
>>> product = grab_sentinel2_product()
>>> assert len(bands_sentinel2(product)) == 13






	SeeAlso:
	geowatch.util.util_rgdc.bands_sentinel2












            

          

      

      

    

  

    
      
          
            
  
geowatch.demo.smart_kwcoco_demodata module

Extends kwcoco demodata to be more smart-like


	
geowatch.demo.smart_kwcoco_demodata.demo_kwcoco_with_heatmaps(num_videos=1, num_frames=20, image_size=(512, 512))

	Return a dummy kwcoco file with special metdata


	DEPRECATED:
	Instead use geowatch.coerce_kwcoco(‘geowatch-msi-geodata-dates-heatmap-videos1-frames20-gsize512’) or something similar





Example

>>> from geowatch.demo.smart_kwcoco_demodata import *  # NOQA
>>> coco_dset = demo_kwcoco_with_heatmaps()





key = ‘salient’
for vidid in coco_dset.videos():


frames = []
for gid in coco_dset.images(video_id=vidid):


delayed = coco_dset.coco_image(gid).imdelay(channels=key, space=’video’)
final = delayed.finalize()
frames.append(final)




vid_stack = kwimage.stack_images_grid(frames, axis=1, pad=5, bg_value=1)

import kwplot
kwplot.imshow(vid_stack)









	
geowatch.demo.smart_kwcoco_demodata.hack_in_heatmaps(coco_dset, heatmap_dname='dummy_heatmaps', with_nan=False, rng=None)

	




	
geowatch.demo.smart_kwcoco_demodata.hack_in_timedata(coco_dset, dates=True, rng=None)

	Adds date_captured fields to demo toydata






	
geowatch.demo.smart_kwcoco_demodata.hack_seed_geometadata_in_dset(coco_dset, force=False, rng=None, region_geom=None)

	Add random geo coordinates to one asset in each video

Example

>>> from geowatch.demo.smart_kwcoco_demodata import *  # NOQA
>>> coco_dset = kwcoco.CocoDataset.demo('vidshapes5-multispectral')
>>> modified = hack_seed_geometadata_in_dset(coco_dset, force=True)
>>> fpath = modified[0]
>>> print(ub.cmd('gdalinfo ' + fpath)['out'])










	
geowatch.demo.smart_kwcoco_demodata._random_utm_box(rng=None)

	rng = None

Example

>>> from geowatch.demo.smart_kwcoco_demodata import _random_utm_box
>>> _random_utm_box()










	
geowatch.demo.smart_kwcoco_demodata.demo_kwcoco_multisensor(num_videos=4, num_frames=10, heatmap=False, dates=False, geodata=False, bad_nodata=False, **kwargs)

	
	Parameters:

	
	num_videos (int) – number of videos in the demo dataset


	num_frames (int) – number of frames per video in the demo dataset


	heatmap (bool) – if True adds dummy saliency heatmaps to the demodata.


	geodata (bool | dict) – if True adds dummy geographic referencing to
the demodata.
If a dictionary can specify extra information.
Available keys:


region_geom






	bad_nodata (bool) – if True, zeros out some pixels which simulates bad nodata for
testing.


	dates (bool | dict) – Include time data or not.
If a dictionary can specify extra information.
Available keys:


start_time
end_time






	**kwargs – additional arguments passed to kwcoco.CocoDataset.demo().






	Returns:

	kwcoco.CocoDataset





Example

>>> from geowatch.demo.smart_kwcoco_demodata import *  # NOQA
>>> num_frames = 10
>>> num_videos = 4
>>> dates=True
>>> geodata=True
>>> heatmap=True
>>> bad_nodata = True
>>> kwargs = {}
>>> coco_dset = demo_kwcoco_multisensor(dates=dates, geodata=geodata, heatmap=heatmap, bad_nodata=True)










	
geowatch.demo.smart_kwcoco_demodata.coerce_kwcoco(data='geowatch-msi', **kwargs)

	coerce with geowatch special datasets

Calls kwcoco.CocoDataset.coerce unless the code is geowatch-msi, and then
we construct a special dataset with extra variables expected by the watch
project.


	Parameters:

	
	data (str | Coercible[kwcoco.CocoDataset]) – the special code to coerce


	**kwargs – modify how the demodata is created. For geowatch-msi, see
demo_kwcoco_multisensor(), which has args like: dates,
geodata, heatmap.








Example

>>> import geowatch
>>> dates=True
>>> geodata=True
>>> heatmap=True
>>> kwargs = {}
>>> coco_dset = geowatch.coerce_kwcoco(data='geowatch-msi', dates=dates, geodata=geodata, heatmap=heatmap)
>>> coco_dset2 = geowatch.coerce_kwcoco(data='geowatch-msi-dates-geodata-gsize32')
>>> assert 'date_captured' in coco_dset2.images().peek()










	
geowatch.demo.smart_kwcoco_demodata._parse_demostr(data, defaults, alias_to_key=None)

	Special suffixes can be added to generic demo names. Parse them out here.
Arguments are - separated, only known defaulted values are parsed. Bare
default names are interpreted as a value of True, otherwise the value
should be numeric. TODO: generalize this and conslidate in the kwcoco
demo method.

Example

>>> from geowatch.demo.smart_kwcoco_demodata import _random_utm_box, _parse_demostr
>>> data = 'foo-bar-baz1-biz2.3'
>>> defaults = {}
>>> alias_to_key = None
>>> _parse_demostr(data, defaults)
({}, {'foo': True, 'bar': True, 'baz': 1, 'biz': 2.3})










	
geowatch.demo.smart_kwcoco_demodata.random_inscribed_polygon(bounding_polygon, rng=None)

	
	if 1:
	import kwplot
kwplot.plt.ion()
bounding_box.draw(facecolor=’blue’, alpha=0.8, setlim=1, fill=True, edgecolor=’darkblue’)
utm_poly.draw(facecolor=’orange’, alpha=0.8, setlim=1, fill=True, edgecolor=’darkorange’)
rando_utm.draw(facecolor=’green’, alpha=0.8, setlim=1, fill=True, edgecolor=’darkgreen’)
inscribed_utm.draw(facecolor=’red’, alpha=0.8, setlim=1, fill=True, edgecolor=’darkred’)










	
geowatch.demo.smart_kwcoco_demodata.demo_dataset_with_regions_and_sites(dpath=None)

	Get a demo coco dataset with region and site models.






	
geowatch.demo.smart_kwcoco_demodata._register_polygon_hash_data()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.demo.stac_demo module


	
geowatch.demo.stac_demo.demo()

	
	Returns:

	path to a demo stac catalog



	Return type:

	str [https://docs.python.org/3/library/stdtypes.html#str]












            

          

      

      

    

  

    
      
          
            
  
geowatch.demo package


Subpackages



	geowatch.demo.metrics_demo package
	Submodules
	geowatch.demo.metrics_demo.demo_rendering module
	render_toy_georeferenced_image()

	write_demo_geotiff()





	geowatch.demo.metrics_demo.demo_truth module
	RegionModelGenerator

	SiteModelGenerator

	random_region_model()

	random_observables()

	random_site_model()

	make_site_summary()





	geowatch.demo.metrics_demo.demo_utils module
	random_geo_points()

	random_geo_polygon()

	random_time_sequence()

	utm_epsg_from_latlon()

	project_gdf_to_local_utm()

	find_local_meter_epsg_crs()

	get_crs84()





	geowatch.demo.metrics_demo.generate_demodata module
	generate_demo_metrics_framework_data()





	geowatch.demo.metrics_demo.site_perterbing module
	perterb_site_model()

	PerterbModel

	perterb_single_site_model()









	Module contents











Submodules



	geowatch.demo.demo_region module
	demo_khq_annots()

	demo_smart_annots()

	_configure_osm()

	_show_demo_annots_on_map()

	demo_khq_region_fpath()

	demo_smart_region_fpath()





	geowatch.demo.dummy_demodata module
	dummy_rpc_geotiff_fpath()





	geowatch.demo.landsat_demodata module
	grab_landsat_product()





	geowatch.demo.nitf_demodata module
	grab_nitf_fpath()

	_dev_build_description_table()

	_build_test_image_table()

	_check_properties()





	geowatch.demo.sentinel2_demodata module
	grab_sentinel2_product()





	geowatch.demo.smart_kwcoco_demodata module
	demo_kwcoco_with_heatmaps()

	hack_in_heatmaps()

	hack_in_timedata()

	hack_seed_geometadata_in_dset()

	_random_utm_box()

	demo_kwcoco_multisensor()

	coerce_kwcoco()

	_parse_demostr()

	random_inscribed_polygon()

	demo_dataset_with_regions_and_sites()

	_register_polygon_hash_data()





	geowatch.demo.stac_demo module
	demo()











Module contents

Module for access to simple data for demo and testing purposes.


	
geowatch.demo.coerce_kwcoco(data='geowatch-msi', **kwargs)

	coerce with geowatch special datasets

Calls kwcoco.CocoDataset.coerce unless the code is geowatch-msi, and then
we construct a special dataset with extra variables expected by the watch
project.


	Parameters:

	
	data (str | Coercible[kwcoco.CocoDataset]) – the special code to coerce


	**kwargs – modify how the demodata is created. For geowatch-msi, see
demo_kwcoco_multisensor(), which has args like: dates,
geodata, heatmap.








Example

>>> import geowatch
>>> dates=True
>>> geodata=True
>>> heatmap=True
>>> kwargs = {}
>>> coco_dset = geowatch.coerce_kwcoco(data='geowatch-msi', dates=dates, geodata=geodata, heatmap=heatmap)
>>> coco_dset2 = geowatch.coerce_kwcoco(data='geowatch-msi-dates-geodata-gsize32')
>>> assert 'date_captured' in coco_dset2.images().peek()










	
geowatch.demo.demo()

	
	Returns:

	path to a demo stac catalog



	Return type:

	str [https://docs.python.org/3/library/stdtypes.html#str]










	
geowatch.demo.demo_kwcoco_multisensor(num_videos=4, num_frames=10, heatmap=False, dates=False, geodata=False, bad_nodata=False, **kwargs)

	
	Parameters:

	
	num_videos (int) – number of videos in the demo dataset


	num_frames (int) – number of frames per video in the demo dataset


	heatmap (bool) – if True adds dummy saliency heatmaps to the demodata.


	geodata (bool | dict) – if True adds dummy geographic referencing to
the demodata.
If a dictionary can specify extra information.
Available keys:


region_geom






	bad_nodata (bool) – if True, zeros out some pixels which simulates bad nodata for
testing.


	dates (bool | dict) – Include time data or not.
If a dictionary can specify extra information.
Available keys:


start_time
end_time






	**kwargs – additional arguments passed to kwcoco.CocoDataset.demo().






	Returns:

	kwcoco.CocoDataset





Example

>>> from geowatch.demo.smart_kwcoco_demodata import *  # NOQA
>>> num_frames = 10
>>> num_videos = 4
>>> dates=True
>>> geodata=True
>>> heatmap=True
>>> bad_nodata = True
>>> kwargs = {}
>>> coco_dset = demo_kwcoco_multisensor(dates=dates, geodata=geodata, heatmap=heatmap, bad_nodata=True)










	
geowatch.demo.demo_kwcoco_with_heatmaps(num_videos=1, num_frames=20, image_size=(512, 512))

	Return a dummy kwcoco file with special metdata


	DEPRECATED:
	Instead use geowatch.coerce_kwcoco(‘geowatch-msi-geodata-dates-heatmap-videos1-frames20-gsize512’) or something similar





Example

>>> from geowatch.demo.smart_kwcoco_demodata import *  # NOQA
>>> coco_dset = demo_kwcoco_with_heatmaps()





key = ‘salient’
for vidid in coco_dset.videos():


frames = []
for gid in coco_dset.images(video_id=vidid):


delayed = coco_dset.coco_image(gid).imdelay(channels=key, space=’video’)
final = delayed.finalize()
frames.append(final)




vid_stack = kwimage.stack_images_grid(frames, axis=1, pad=5, bg_value=1)

import kwplot
kwplot.imshow(vid_stack)









	
geowatch.demo.dummy_rpc_geotiff_fpath()

	Create a blank tif with RPC information for testing






	
geowatch.demo.grab_landsat_product(product_id=None, demo_index=0)

	Download and cache all items for a landsat product.


	Parameters:

	
	product_id (str, default=None) – The product id to download (currently NotImplemented).
If unspecified, an arbitrary scene is returned.


	demo_index (int) – hack, can be 0, 1, or 2. Regions 1 and 2 should overlap.






	Returns:

	groupings of files associated with this landsat product



	Return type:

	Dict[str [https://docs.python.org/3/library/stdtypes.html#str], object [https://docs.python.org/3/library/functions.html#object]]





Example

>>> # xdoctest: +REQUIRES(--network)
>>> from geowatch.demo.landsat_demodata import *  # NOQA
>>> product = grab_landsat_product()
>>> # xdoctest: +IGNORE_WANT
>>> print('product = {}'.format(ub.urepr(product, nl=2)))
product = {
    'bands': [
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B1.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B2.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B3.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B4.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B5.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B6.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B7.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B8.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B9.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B10.TIF',
        '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_B11.TIF',
    ],
    'meta': {
        'bqa': '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_BQA.TIF',
        'mtl': '.../LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/LC08_L1TP_037029_20130602_20170310_01_T1_MTL.txt',
    },
}





References



[1]
https://github.com/dgketchum/Landsat578#-1



[2]
https://tilemill-project.github.io/tilemill/docs/guides/landsat-8-imagery/



[3]
https://earth.esa.int/documents/700255/1834061/Landsat+ETM%2B%20Data+Format+Control+Book/4bfb7121-e97d-46ca-8d3f-02f1c6bf309c;jsessionid=F97499AA37A1E9AF0EED42900CF66760?version=1.1




	SeeAlso:
	geowatch.gis.geotiff.parse_landsat_product_id






Todo


	[ ] parametarize scene name / identifier


	[ ] bundle bands in a single file (gdal VRT?)


	[X] separate data and metadata files in return structure?











	
geowatch.demo.grab_nitf_fpath(key=None)

	
	Parameters:

	key (str | None) – the name the nitf to grab.
Use grab_nitf_fpath.keys() to list available keys.
If None, DEFAULT_KEY is used.





Example

>>> # xdoctest: +SKIP
>>> # xdoctest: +REQUIRES(--network)
>>> from geowatch.demo.nitf_demodata import *  # NOQA
>>> fpath = grab_nitf_fpath()
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> import kwimage
>>> kwplot.autompl()
>>> data = kwimage.imread(fpath)
>>> kwplot.imshow(data)
>>> kwplot.show_if_requested()










	
geowatch.demo.grab_sentinel2_product(index=0, overwrite=False)

	Download and cache all items for a Sentinel-2 product.

TODO when RGD supports API keys, give one to this repo and use that instead of fels.


	Parameters:

	
	index – 0, 1, or 2. Currently this function just picks 3 scenes over KR in Nov 2018.


	overwrite (bool, default=False) – if True, always downloads the files






	Returns:

	
	rgd_client.rgdc.RasterDownload(
	path: pathlib.Path,
images: List[pathlib.Path],
ancillary: List[pathlib.Path]





)







Example

>>> # xdoctest: +SKIP("too many https errors")
>>> # xdoctest: +REQUIRES(--network)
>>> from geowatch.demo.sentinel2_demodata import *  # NOQA
>>> from geowatch.utils.util_rgdc import bands_sentinel2
>>> product = grab_sentinel2_product()
>>> assert len(bands_sentinel2(product)) == 13






	SeeAlso:
	geowatch.util.util_rgdc.bands_sentinel2










	
geowatch.demo.hack_seed_geometadata_in_dset(coco_dset, force=False, rng=None, region_geom=None)

	Add random geo coordinates to one asset in each video

Example

>>> from geowatch.demo.smart_kwcoco_demodata import *  # NOQA
>>> coco_dset = kwcoco.CocoDataset.demo('vidshapes5-multispectral')
>>> modified = hack_seed_geometadata_in_dset(coco_dset, force=True)
>>> fpath = modified[0]
>>> print(ub.cmd('gdalinfo ' + fpath)['out'])













            

          

      

      

    

  

    
      
          
            
  
geowatch.exceptions module


	
exception geowatch.exceptions.MetadataNotFound

	Bases: Exception [https://docs.python.org/3/library/exceptions.html#Exception]

Thrown when metadata does not exist






	
exception geowatch.exceptions.GeoMetadataNotFound

	Bases: MetadataNotFound

Thrown when geographic metadata does not exist








            

          

      

      

    

  

    
      
          
            
  
geowatch.geoannots.geococo_objects module


	
class geowatch.geoannots.geococo_objects.CocoGeoVideo(video, dset=None)

	Bases: AliasedDictProxy, NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr]

# Note: hard coded while CocoVideo under development in kwcoco
TODO: general coco scalars

Example

>>> from geowatch.geoannots.geococo_objects import *  # NOQA
>>> import geowatch
>>> coco_dset = geowatch.coerce_kwcoco('geowatch-msi', heatmap=True, geodata=True, dates=True)
>>> video = coco_dset.videos().objs[0]
>>> self = CocoGeoVideo(video, coco_dset)






	
property warp_vid_from_wld

	




	
property warp_wld_from_vid

	




	
property images

	




	
corners(space='video')

	




	
property wld_crs

	




	
property wld_corners_gdf

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.geoannots.geomodels module

Geojson object oriented interface for region and site models.

This defines two classes SiteModel and RegionModel, both of which
inherit from geojson.FeatureCollection, so all geojson operations are
valid, but these classes contain extra convenience methods for loading,
dumping, manipulating, validating, and inspecting the data.

A non exhaustive list of convenience methods / properties of note are shared by
both site and region models are:



	dumps - convert to a geojson string


	pandas - convert to a geopandas data frame


	coerce_multiple - read multiple geojson files at once.


	header - a quick way to access the singular header row (region for region models and site for site models).


	body_features - any row that is not a header is a body feature (site_summaries for region models and observations for site models).


	validate - checks the site/region model against the schema.


	random - classmethod to make a random instance of the site / region model for testing







Official T&E Terminology:

A Region Model gives an overview of entire region and summarizes all sites it contains. It consists of:


	A single header feature with type=”region” that defines the region spacetime bounds


	Multiple body features with type=”site_summary” that correspond to the bounds of an entire site. (i.e. there is one for each site in the region). A site summary has a “status” that applies to the entire temporal range of the site. (i.e. positive, negative, ignore)




A Site Model gives a detailed account of a single site within a region. It consists of:


	A single header feature with type=”site” that roughly corresponds to one of the “site_summary” features in the region model. It also contains the holistic “status” field.


	Multiple body features with type=”observation”. This represents a single keyframe at a single point in time within the site’s activity sequence. It contains a “current_phase” label that describes the specific phase of an activity at that current point in time.




Note: A site summary may exist on its own (i.e. without a corresponding site model) that gives a rough overview with holistic status, rough spatial bounds and a start / end date.

New region model specific convenience methods / properties are:



	site_summaries


	region_id


	pandas_summaries


	pandas_region







New site model specific convenience methods / properties are:



	observations


	pandas_observations


	as_summary


	region_id


	site_id


	status








	SeeAlso:
	../rc/registry.py





The following example illustrates how to read region / site models efficiently

Example

>>> # xdoctest: +REQUIRES(env:HAS_DVC)
>>> import geowatch
>>> dvc_data_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> region_models_dpath = dvc_data_dpath / 'annotations/drop6/region_models'
>>> site_models_dpath = dvc_data_dpath / 'annotations/drop6/site_models'
>>> from geowatch.geoannots import geomodels
>>> region_models = list(geomodels.RegionModel.coerce_multiple(region_models_dpath))
>>> site_models = list(geomodels.SiteModel.coerce_multiple(site_models_dpath, workers=8))
>>> print(f'Number of region models: {len(region_models)}')
>>> print(f'Number of site models: {len(site_models)}')
>>> # Quick demo of associating sites to regions
>>> region_id_to_sites = ub.group_items(site_models, key=lambda s: s.header['properties']['region_id'])
>>> region_id_to_num_sites = ub.udict(region_id_to_sites).map_values(len)
>>> print('region_id_to_num_sites = {}'.format(ub.urepr(region_id_to_num_sites, nl=1)))
>>> # It is also easy to convert these models to geopandas
>>> region_model = region_models[0]
>>> gdf = region_model.pandas()
>>> print(gdf)





XDEV_PROFILE=1 xdoctest ~/code/watch/geowatch/geoannots/geomodels.py

For testing the following example shows how to generate and inspect a random
site / region model.

Example

>>> from geowatch.geoannots.geomodels import *
>>> # Generate a region model and also return its sites
>>> region, sites = RegionModel.random(with_sites=True, rng=0)
>>> # A region model consists of a region header
>>> region_header = region.header
>>> # And multiple site summaries. (We take the first one here)
>>> site_summary = list(region.site_summaries())[0]
>>> print('region_header.properties = {}'.format(ub.urepr(region_header['properties'], nl=1)))
region_header.properties = {
    'type': 'region',
    'region_id': 'DR_R684',
    'version': '2.4.3',
    'mgrs': '51PXM',
    'start_date': '2011-05-28',
    'end_date': '2018-09-13',
    'originator': 'demo-truth',
    'model_content': 'annotation',
    'comments': 'demo-data',
}
>>> print('site_summary.properties = {}'.format(ub.urepr(site_summary['properties'], nl=1)))
site_summary.properties = {
    'type': 'site_summary',
    'status': 'positive_annotated',
    'version': '2.0.1',
    'site_id': 'DR_R684_0000',
    'mgrs': '51PXM',
    'start_date': '2011-05-28',
    'end_date': '2018-09-13',
    'score': 1,
    'originator': 'demo',
    'model_content': 'annotation',
    'validated': 'True',
    'cache': {'color': [0.5511393746687864, 1.0, 0.0]},
}
>>> # A site model consists of a site header that roughly corresponds to a
>>> # site summary in the region file
>>> site = sites[0]
>>> site_header = site.header
>>> # It also contains one or more observations
>>> site_obs = list(site.observations())[0]
>>> print('site_header.properties = {}'.format(ub.urepr(site_header['properties'], nl=1)))
site_header.properties = {
    'type': 'site',
    'status': 'positive_annotated',
    'version': '2.0.1',
    'site_id': 'DR_R684_0000',
    'mgrs': '51PXM',
    'start_date': '2011-05-28',
    'end_date': '2018-09-13',
    'score': 1,
    'originator': 'demo',
    'model_content': 'annotation',
    'validated': 'True',
    'cache': {'color': [0.5511393746687864, 1.0, 0.0]},
    'region_id': 'DR_R684',
}
>>> print('site_obs.properties = {}'.format(ub.urepr(site_obs['properties'], nl=1)))
site_obs.properties = {
    'type': 'observation',
    'observation_date': '2011-05-28',
    'source': 'demosat-220110528T132754',
    'sensor_name': 'demosat-2',
    'current_phase': 'No Activity',
    'is_occluded': 'False',
    'is_site_boundary': 'True',
    'score': 1.0,
}






	
class geowatch.geoannots.geomodels._Model(features, **extra)

	Bases: NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr], FeatureCollection

A base class for RegionModel and SiteModel.

Note that because this extends geojson.FeatureCollection, this is
a dictionary.

Initialises a FeatureCollection object from the
:param features: List of features to constitute the FeatureCollection.
:type features: list
:return: FeatureCollection object
:rtype: FeatureCollection


	
type = 'FeatureCollection'

	




	
_header_type = NotImplemented

	




	
_body_type = NotImplemented

	




	
pandas()

	
	Returns:

	the feature collection as data frame



	Return type:

	geopandas.GeoDataFrame










	
deepcopy()

	




	
dumps(**kw)

	




	
classmethod coerce_multiple(data, allow_raw=False, workers=0, mode='thread', verbose=1, desc=None, parse_float=None)

	Load multiple geojson files.


	Parameters:

	
	arg (str | PathLike | List[str | PathLike]) – an argument that is coerceable to one or more geojson files.


	**kwargs – see util_gis.coerce_geojson_datas()






	Yields:

	Self





Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> import ubelt as ub
>>> #
>>> ### Setup demo data
>>> dpath = ub.Path.appdir('geowatch/tests/geoannots/coerce_multiple')
>>> dpath.delete().ensuredir()
>>> regions, sites = [], []
>>> for i in range(3):
>>>     rm, sms = RegionModel.random(with_sites=True, rng=i)
>>>     regions.append(rm)
>>>     sites.extend(sms)
>>> region_dpath = (dpath / 'region_models').ensuredir()
>>> site_dpath = (dpath / 'site_models').ensuredir()
>>> for region in regions:
>>>     region_fpath = region_dpath / f'{region.region_id}.geojson'
>>>     region_fpath.write_text(region.dumps())
>>> for site in sites:
>>>     site_fpath = site_dpath / f'{site.site_id}.geojson'
>>>     site_fpath.write_text(site.dumps())
>>> #
>>> # Test coercing from a directory
>>> regions2 = list(RegionModel.coerce_multiple(region_dpath))
>>> sites2 = list(SiteModel.coerce_multiple(site_dpath))
>>> assert len(regions2) == len(regions)
>>> assert len(sites2) == len(sites)
>>> #
>>> # Test coercing from a glob pattern
>>> regions3 = list(RegionModel.coerce_multiple(region_dpath / (regions[0].region_id + '*')))
>>> sites3 = list(SiteModel.coerce_multiple(site_dpath / ('*.geojson')))
>>> assert len(regions3) == 1
>>> assert len(sites3) == len(sites)
>>> #
>>> # Test coercing from existing data
>>> # Broken
>>> # regions4 = list(RegionModel.coerce_multiple(regions))
>>> # sites4 = list(SiteModel.coerce_multiple(sites))
>>> # assert len(regions4) == len(regions)
>>> # assert len(sites4) == len(sites)










	
classmethod coerce(data, parse_float=None)

	Coerce a RegionModel or SiteModel from some input.






	
classmethod from_features(features)

	
	Parameters:

	gdf (GeoDataFrame)










	
classmethod from_dataframe(gdf)

	
	Parameters:

	gdf (GeoDataFrame)










	
classmethod from_dict(data)

	
	Parameters:

	gdf (GeoDataFrame)










	
property start_date

	




	
property end_date

	




	
property geometry

	Example:

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> RegionModel.random().geometry
>>> SiteModel.random().geometry










	
load_schema(strict=True)

	




	
body_features()

	




	
strip_body_features()

	Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> self = RegionModel.random()
>>> assert len(list(self.body_features())) > 0
>>> self.strip_body_features()
>>> assert len(list(self.body_features())) == 0










	
property header

	




	
_validate_quick_checks()

	




	
_validate_schema(strict=True, verbose=1, parts=True)

	




	
validate(strict=True, verbose=1, parts=True)

	Validates that the model conforms to its schema and does a decent job
of localizing where errors are.


	Parameters:

	
	strict (bool) – if False, SMART-specific fields have their restrictions
loosened. Defaults to True.


	verbose (bool) – if True prints out extra information on an errors


	parts (bool) – if True, attempts to determine what part of the data is causing
the error.













	
_validate_parts(strict=True, verbose=1)

	Runs jsonschema validation checks on each part of the feature
collection independently to better localize where the errors are.

Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> self = RegionModel.random(rng=0)
>>> self._validate_parts(strict=False)
>>> self = SiteModel.random(rng=0)
>>> self._validate_parts(strict=False)










	
_update_cache_key()

	Ensure we are using the up to date schema cache.

Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> self = RegionModel.random(rng=0)
>>> feat = list(self.site_summaries())[0]
>>> self._update_cache_key()
>>> assert 'annotation_cache' not in feat['properties']
>>> feat['properties']['annotation_cache'] = {'foo': 'bar'}
>>> self._update_cache_key()
>>> # An old cache key, updates the new one.
>>> assert 'cache' in feat['properties']
>>> assert feat['properties']['cache']['foo'] == 'bar'
>>> # But it wont overwrite.
>>> feat['properties']['annotation_cache'] = {'foo': 'baz'}
>>> self._update_cache_key()
>>> assert 'cache' in feat['properties']
>>> assert feat['properties']['cache']['foo'] == 'bar'





self.header[‘properties’][‘cache’] = None
self.fixup()
self.validate(strict=0)
assert self.header[‘properties’][‘cache’] == {}






	
ensure_isodates()

	Ensure that dates are provided as dates and not datetimes

Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> region = RegionModel.random()
>>> region.header['properties']['start_date'] = '1970-01-01T000000'
>>> region.ensure_isodates()
>>> assert region.header['properties']['start_date'] == '1970-01-01'










	
fix_backwards_dates()

	If start and end dates are backwards, flip them.

Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> ss = SiteSummary.random()
>>> ss['properties']['start_date'] = '1970-01-01T000000'
>>> ss.ensure_isodates()
>>> assert ss['properties']['start_date'] == '1970-01-01'










	
property model_type

	




	
property model_id

	








	
geowatch.geoannots.geomodels._report_jsonschema_error(ex)

	




	
class geowatch.geoannots.geomodels.RegionModel(features, **extra)

	Bases: _Model

Wrapper around a geojson region model FeatureCollection


Todo

Rename to Region?



Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> self = RegionModel.random()
>>> print(self)
>>> self.validate(strict=False)





Initialises a FeatureCollection object from the
:param features: List of features to constitute the FeatureCollection.
:type features: list
:return: FeatureCollection object
:rtype: FeatureCollection


	
_header_type = 'region'

	




	
_body_type = 'site_summary'

	




	
info()

	




	
classmethod load_schema(strict=True)

	




	
site_summaries()

	




	
classmethod coerce(data, parse_float=None)

	Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> import ubelt as ub
>>> dpath = ub.Path.appdir('geowatch/tests/geoannots/coerce').ensuredir()
>>> region = RegionModel.random(with_sites=False, rng=0)
>>> data = fpath = (dpath/ 'region.geojson')
>>> fpath.write_text(region.dumps())
>>> region_models = list(RegionModel.coerce_multiple(fpath))
>>> region_model = RegionModel.coerce(fpath)










	
pandas_summaries()

	
	Returns:

	the site summaries as a data frame



	Return type:

	geopandas.GeoDataFrame





Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> self = RegionModel.random()
>>> gdf = self.pandas_summaries()
>>> print(gdf)
>>> # Test empty pandas summary
>>> self = RegionModel.random(num_sites=0)
>>> gdf = self.pandas_summaries()
>>> print(gdf)
>>> assert len(gdf) == 0










	
pandas_region()

	
	Returns:

	the region header as a data frame



	Return type:

	geopandas.GeoDataFrame





Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> self = RegionModel.random()
>>> print(self.pandas_region())










	
classmethod random(with_sites=False, **kwargs)

	
	Parameters:

	
	with_sites (bool) – also returns site models if True


	**kwargs – passed to
geowatch.demo.metrics_demo.demo_truth.random_region_model().
Some of these args are:


num_sites
num_observations
start_time
end_time
region_poly
rng










	Returns:

	RegionModel | Tuple[RegionModel, SiteModelCollection]





Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> region1 = RegionModel.random(with_sites=False, rng=0)
>>> region2, sites2 = RegionModel.random(with_sites=True, rng=0)
>>> assert region1 == region2, 'rngs should be the same'










	
add_site_summary(summary)

	Add a site summary to the region.


	Parameters:

	summary (SiteSummary | SiteModel) – a site summary or site model. If given as a site model
it is converted to a site summary and then added.





Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> region = RegionModel.random(num_sites=False)
>>> site1 = SiteModel.random(region=region)
>>> site2 = SiteModel.random(region=region)
>>> site3 = SiteModel.random(region=region)
>>> summary = site2.as_summary()
>>> region.add_site_summary(site1)
>>> region.add_site_summary(summary)
>>> region.add_site_summary(dict(site3.as_summary()))
>>> import pytest
>>> with pytest.raises(TypeError):
...     region.add_site_summary(dict(site3))
>>> assert len(list(region.site_summaries())) == 3










	
property region_id

	




	
fixup()

	Fix common issues with this region model


	Returns:

	RegionModel










	
remove_invalid_properties()

	Remove invalid properties from this region model






	
ensure_comments()

	




	
infer_header(region_header=None)

	Infer any missing header information from site summaries.

If this region model does not have a header, but it contains site
summaries, then use that information to infer a header value. Useful
when converting site summaries to full region models.


	Parameters:

	region_header (RegionHeader) – if specified, use this information when possible and then
infer the rest.





SeeAlso:



	SiteModelCollection.as_region_model()







Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> # Make a region without a header
>>> self = RegionModel.random()
>>> self.features.remove(self.header)
>>> assert self.header is None
>>> # Infer the header using site summaries
>>> self.infer_header()
>>> assert self.header is not None














	
class geowatch.geoannots.geomodels.SiteModel(features, **extra)

	Bases: _Model

Wrapper around a geojson site model FeatureCollection


Todo

Rename to Site?



Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> self = SiteModel.random()
>>> print(self)
>>> self.validate(strict=False)





Initialises a FeatureCollection object from the
:param features: List of features to constitute the FeatureCollection.
:type features: list
:return: FeatureCollection object
:rtype: FeatureCollection


	
_header_type = 'site'

	




	
_body_type = 'observation'

	




	
info()

	




	
classmethod load_schema(strict=True)

	




	
property header

	




	
observations()

	




	
pandas_observations()

	
	Returns:

	the site summaries as a data frame



	Return type:

	geopandas.GeoDataFrame





Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> self = SiteModel.random()
>>> gdf = self.pandas_observations()
>>> print(gdf)
>>> # Test empty pandas summary
>>> del self.features[1:]
>>> gdf = self.pandas_observations()
>>> print(gdf)
>>> assert len(gdf) == 0










	
pandas_site()

	
	Returns:

	the region header as a data frame



	Return type:

	geopandas.GeoDataFrame





Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> self = SiteModel.random()
>>> print(self.pandas_site())










	
classmethod random(rng=None, region=None, site_poly=None, **kwargs)

	
	Parameters:

	
	rng (int | str | RandomState | None) – seed or random number generator


	region (RegionModel | None) – if specified generate a new site in this region model.
(This will overwrite some of the kwargs).


	site_poly (kwimage.Polygon | shapely.geometry.Polygon | None) – if specified, this polygon is used as the geometry for new site
models. Note: all site models will get this geometry, so
typically this is only used when num_sites=1.


	**kwargs – passed to geowatch.demo.metrics_demo.demo_truth.random_region_model().






	Returns:

	SiteModel





Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> region1 = RegionModel.random(with_sites=False, rng=0)
>>> region2, sites2 = RegionModel.random(with_sites=True, rng=0)
>>> assert region1 == region2, 'rngs should be the same'





Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> region = RegionModel.random(with_sites=False, rng=0)
>>> site = SiteModel.random(region=region)
>>> assert region.region_id == site.region_id





Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> import kwimage
>>> region = RegionModel.random(with_sites=False, rng=0)
>>> # Test specification of the site geometry.
>>> site_poly = kwimage.Polygon.coerce(region.geometry)
>>> site = SiteModel.random(region=region, site_poly=site_poly)
>>> assert abs(region.geometry.area - site.geometry.area) < 1e-7
>>> site = SiteModel.random(region=region, site_poly=site_poly.scale(10))
>>> assert abs(region.geometry.area - site.geometry.area) > 1e-7










	
as_summary()

	Modify and return this site header feature as a site-summary body
feature for a region model.


	Returns:

	SiteSummary










	
property region_id

	




	
property site_id

	




	
property status

	




	
fix_geom()

	




	
fix_sensor_names()

	




	
fix_current_phase_salient()

	




	
fixup()

	Fix common issues with this site model


	Returns:

	SiteModel










	
fix_old_schema_properties()

	If an old schema property exists and is not null, move it to
the cache.






	
ensure_isodates()

	Ensure that dates are provided as dates and not datetimes

Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> site = SiteModel.random()
>>> # Set props as datetimes
>>> site.header['properties']['start_date'] = '1970-01-01T000000'
>>> site.features[1]['properties']['observation_date'] = '1970-01-01T000000'
>>> site.ensure_isodates()
>>> # The fixup ensure dates
>>> assert site.features[1]['properties']['observation_date'] == '1970-01-01'
>>> assert site.header['properties']['start_date'] == '1970-01-01'










	
clamp_scores()

	




	
remove_invalid_properties()

	Remove invalid properties from this site model






	
_manual_validation()

	Hard coded checks. The jsonschema is pretty bad at identifing where
errors are, so these are some hard coded checks that hit some simple
errors we have seen before.










	
class geowatch.geoannots.geomodels._Feature(id=None, geometry=None, properties=None, **extra)

	Bases: NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr], Feature

Base class for geojson features that conform to an IARPA geomodel spec

Example

>>> # Test the class variables for subclasses are defined correctly
>>> assert RegionHeader._feat_type == 'region'
>>> assert SiteSummary._feat_type == 'site_summary'
>>> assert SiteHeader._feat_type == 'site'
>>> assert Observation._feat_type == 'observation'
>>> assert RegionHeader._model_cls is RegionModel
>>> assert SiteSummary._model_cls is RegionModel
>>> assert SiteHeader._model_cls is SiteModel
>>> assert Observation._model_cls is SiteModel





Initialises a Feature object with the given parameters.


	Parameters:

	
	id (str [https://docs.python.org/3/library/stdtypes.html#str], int [https://docs.python.org/3/library/functions.html#int]) – Feature identifier, such as a sequential number.


	geometry – Geometry corresponding to the feature.


	properties (dict [https://docs.python.org/3/library/stdtypes.html#dict]) – Dict containing properties of the feature.






	Returns:

	Feature object



	Return type:

	Feature






	
type = 'Feature'

	




	
_model_cls = NotImplemented

	




	
_feat_type = NotImplemented

	




	
info()

	




	
property properties

	




	
classmethod load_schema(strict=True)

	Return the sub-schema for the approprite header / body feature
based on the declaration of _model_cls and _feat_type






	
validate(strict=True, verbose=1)

	Validate this sub-schema






	
ensure_isodates()

	Ensure that dates are provided as dates and not datetimes

Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> ss = SiteSummary.random()
>>> ss['properties']['start_date'] = '1970-01-01T000000'
>>> ss.ensure_isodates()
>>> assert ss['properties']['start_date'] == '1970-01-01'










	
infer_mgrs(strict=True)

	
	Parameters:

	strict (bool) – if False, do not error if this fails





Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> ss = SiteSummary.random()
>>> ss.infer_mgrs()














	
class geowatch.geoannots.geomodels._SiteOrSummaryMixin

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Site summaries and site headers are nearly the same


	
_cache_keys = {'site': 'misc_info', 'site_summary': 'annotation_cache'}

	




	
_only_properties = {'site': ['predicted_phase_transition_date', 'predicted_phase_transition', 'region_id'], 'site_summary': ['comments']}

	




	
property start_date

	




	
property end_date

	




	
property site_id

	




	
_update_cache_key()

	Ensure we are using the up to date schema cache.






	
_convert(new_cls)

	Common logic for converting site <-> site_summary

Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> site = SiteModel.random()
>>> site.validate(strict=False)
>>> region = RegionModel.random()
>>> region.validate(strict=False)
>>> site1 = SiteHeader(**site.header)
>>> site1.validate(strict=False)
>>> summary1 = SiteSummary(**ub.peek(region.body_features()))
>>> summary1.validate(strict=False)
>>> summary2 = site1.as_summary()
>>> summary2.validate(strict=False)
>>> import pytest
>>> with pytest.raises(Exception):
>>>     site2 = summary1.as_site()
>>> summary1['properties']['cache']['region_id'] = region.region_id
>>> site2 = summary1.as_site()
>>> site2.validate(strict=False)
>>> # Check the round-trip conversion
>>> summary3 = site2.as_summary()
>>> site3 = summary2.as_site()
>>> summary1_ = SiteSummary(**summary1.copy())
>>> summary1_._update_cache_key()
>>> site1_ = SiteHeader(**site1.copy())
>>> site1_._update_cache_key()
>>> assert summary3 == summary1_ and summary3 is not summary1
>>> assert site3 == site1_ and site3 is not site1
>>> # Revalidate everything to ensure no memory issues happened
>>> summary3.validate(strict=0)
>>> summary2.validate(strict=0)
>>> summary1.validate(strict=0)
>>> site3.validate(strict=0)
>>> site2.validate(strict=0)
>>> site1.validate(strict=0)
>>> site.validate(strict=0)
>>> region.validate(strict=0)














	
class geowatch.geoannots.geomodels.RegionHeader(id=None, geometry=None, properties=None, **extra)

	Bases: _Feature

The region header feature of a region model.

Initialises a Feature object with the given parameters.


	Parameters:

	
	id (str [https://docs.python.org/3/library/stdtypes.html#str], int [https://docs.python.org/3/library/functions.html#int]) – Feature identifier, such as a sequential number.


	geometry – Geometry corresponding to the feature.


	properties (dict [https://docs.python.org/3/library/stdtypes.html#dict]) – Dict containing properties of the feature.






	Returns:

	Feature object



	Return type:

	Feature






	
_model_cls

	alias of RegionModel






	
_feat_type = 'region'

	




	
classmethod empty()

	Create an empty region header






	
classmethod coerce(data)

	Example

>>> data = RegionModel.random()
>>> h1 = RegionHeader.coerce(data)
>>> h2 = RegionHeader.coerce(data.header)
>>> assert h1 == h2





RegionHeader.coerce(orig_region_model)






	
ensure_isodates()

	








	
class geowatch.geoannots.geomodels.SiteSummary(id=None, geometry=None, properties=None, **extra)

	Bases: _Feature, _SiteOrSummaryMixin

The site-summary body feature of a region model.

Initialises a Feature object with the given parameters.


	Parameters:

	
	id (str [https://docs.python.org/3/library/stdtypes.html#str], int [https://docs.python.org/3/library/functions.html#int]) – Feature identifier, such as a sequential number.


	geometry – Geometry corresponding to the feature.


	properties (dict [https://docs.python.org/3/library/stdtypes.html#dict]) – Dict containing properties of the feature.






	Returns:

	Feature object



	Return type:

	Feature






	
_model_cls

	alias of RegionModel






	
_feat_type = 'site_summary'

	




	
classmethod from_geopandas_frame(df, drop_id=True)

	




	
as_site()

	Modify and return this site summary feature as a site header feature
for a site model.


	Returns:

	SiteHeader





Example

>>> # Convert a RegionModel to a collection of SiteModels
>>> from geowatch.geoannots import geomodels
>>> region = geomodels.RegionModel.random()
>>> sites = []
>>> for sitesum in region.site_summaries():
>>>     # Current hacky way to pass along region ids
>>>     sitesum['properties']['cache']['region_id'] = region.region_id
>>>     # This only produces a site header, we may need to add
>>>     # observations to the site model itself as well
>>>     site_header = sitesum.as_site()
>>>     site = SiteModel(features=[site_header])
>>>     sites.append(site)










	
fixup()

	Fixup the site summary






	
classmethod coerce(data)

	




	
classmethod random(rng=None, region=None, site_poly=None, **kwargs)

	
	Parameters:

	
	rng (int | str | RandomState | None) – seed or random number generator


	region (RegionModel | None) – if specified generate a new site in this region model.
(This will overwrite some of the kwargs).


	site_poly (kwimage.Polygon | shapely.geometry.Polygon | None) – if specified, this polygon is used as the geometry for new site
models. Note: all site models will get this geometry, so
typically this is only used when num_sites=1.


	**kwargs – passed to geowatch.demo.metrics_demo.demo_truth.random_region_model().






	Returns:

	SiteSummary





Example

>>> from geowatch.geoannots.geomodels import *  # NOQA
>>> sitesum = SiteSummary.random(rng=0)
>>> print('sitesum = {}'.format(ub.urepr(sitesum, nl=2)))














	
class geowatch.geoannots.geomodels.SiteHeader(id=None, geometry=None, properties=None, **extra)

	Bases: _Feature, _SiteOrSummaryMixin

The site header feature of a site model.

Initialises a Feature object with the given parameters.


	Parameters:

	
	id (str [https://docs.python.org/3/library/stdtypes.html#str], int [https://docs.python.org/3/library/functions.html#int]) – Feature identifier, such as a sequential number.


	geometry – Geometry corresponding to the feature.


	properties (dict [https://docs.python.org/3/library/stdtypes.html#dict]) – Dict containing properties of the feature.






	Returns:

	Feature object



	Return type:

	Feature






	
_model_cls

	alias of SiteModel






	
_feat_type = 'site'

	




	
classmethod empty()

	Create an empty region header

Example

from geowatch.geoannots.geomodels import *  # NOQA
self = SiteHeader.empty()
…






	
as_summary()

	Modify and return this site header feature as a site-summary body
feature for a region model.


	Returns:

	SiteSummary










	
classmethod coerce(data)

	








	
class geowatch.geoannots.geomodels.Observation(id=None, geometry=None, properties=None, **extra)

	Bases: _Feature

The observation body feature of a site model.

Initialises a Feature object with the given parameters.


	Parameters:

	
	id (str [https://docs.python.org/3/library/stdtypes.html#str], int [https://docs.python.org/3/library/functions.html#int]) – Feature identifier, such as a sequential number.


	geometry – Geometry corresponding to the feature.


	properties (dict [https://docs.python.org/3/library/stdtypes.html#dict]) – Dict containing properties of the feature.






	Returns:

	Feature object



	Return type:

	Feature






	
_model_cls

	alias of SiteModel






	
_feat_type = 'observation'

	




	
classmethod coerce(data)

	




	
property observation_date

	








	
class geowatch.geoannots.geomodels.ModelCollection(iterable=(), /)

	Bases: list [https://docs.python.org/3/library/stdtypes.html#list]

A storage container for multiple site / region models


	
fixup()

	




	
validate(strict=False, stop_on_failure=True, verbose=1, mode='process', workers=0)

	Validate multiple models in parallel










	
class geowatch.geoannots.geomodels.SiteModelCollection(iterable=(), /)

	Bases: ModelCollection


	
as_region_model(region_header=None, region_id=None, strict=True)

	Convert a set of site models to a region model


	Parameters:

	
	region (RegonModel | RegionHeader | None) – If specified, use this information to generate the new region
header. If unspecified, we attempt to infer this from the site
models.


	region_id (str | None) – if specified, use this as the region id


	strict (bool) – if False, ignore missing uninferable information.






	Returns:

	
	a new region model where each site in this collection
	appears as a site summary.









	Return type:

	RegonModel





Example

>>> from geowatch.geoannots.geomodels import RegionModel
>>> region, sites = RegionModel.random(with_sites=True, rng=0)
>>> self = SiteModelCollection(sites)
>>> self.as_region_model()














	
geowatch.geoannots.geomodels._infer_region_header_from_site_summaries(region_header, site_summaries, strict=True)

	Given a RegionHeader use site_summaries to fill missing data.






	
geowatch.geoannots.geomodels._rectify_keys(key, properties_list)

	Given a key and a list of dictionaries, extract the value for that key in
all dictionaries and check they are all the same.


	Parameters:

	
	key (str) – key of interest


	properties_list (List[Dict[str, T]]) – multiple property dictionaries






	Returns:

	value from properties dictionaries.



	Return type:

	T










	
geowatch.geoannots.geomodels.handle_error(msg, extype=<class 'ValueError'>, strict=True)

	




	
geowatch.geoannots.geomodels._update_propery_cache(prop)

	Move to the new cache schema






	
geowatch.geoannots.geomodels.coerce_site_or_region_model(model_data)

	
	Parameters:

	model_data (dict) – A geojson FeatureCollection that should correspond
to a SiteModel or RegionModel.



	Returns:

	SiteModel | RegionModel - return type depends on the input data












            

          

      

      

    

  

    
      
          
            
  
geowatch.geoannots package


Submodules



	geowatch.geoannots.geococo_objects module
	CocoGeoVideo
	CocoGeoVideo.warp_vid_from_wld

	CocoGeoVideo.warp_wld_from_vid

	CocoGeoVideo.images

	CocoGeoVideo.corners()

	CocoGeoVideo.wld_crs

	CocoGeoVideo.wld_corners_gdf









	geowatch.geoannots.geomodels module
	_Model
	_Model.type

	_Model._header_type

	_Model._body_type

	_Model.pandas()

	_Model.deepcopy()

	_Model.dumps()

	_Model.coerce_multiple()

	_Model.coerce()

	_Model.from_features()

	_Model.from_dataframe()

	_Model.from_dict()

	_Model.start_date

	_Model.end_date

	_Model.geometry

	_Model.load_schema()

	_Model.body_features()

	_Model.strip_body_features()

	_Model.header

	_Model._validate_quick_checks()

	_Model._validate_schema()

	_Model.validate()

	_Model._validate_parts()

	_Model._update_cache_key()

	_Model.ensure_isodates()

	_Model.fix_backwards_dates()

	_Model.model_type

	_Model.model_id





	_report_jsonschema_error()

	RegionModel
	RegionModel._header_type

	RegionModel._body_type

	RegionModel.info()

	RegionModel.load_schema()

	RegionModel.site_summaries()

	RegionModel.coerce()

	RegionModel.pandas_summaries()

	RegionModel.pandas_region()

	RegionModel.random()

	RegionModel.add_site_summary()

	RegionModel.region_id

	RegionModel.fixup()

	RegionModel.remove_invalid_properties()

	RegionModel.ensure_comments()

	RegionModel.infer_header()





	SiteModel
	SiteModel._header_type

	SiteModel._body_type

	SiteModel.info()

	SiteModel.load_schema()

	SiteModel.header

	SiteModel.observations()

	SiteModel.pandas_observations()

	SiteModel.pandas_site()

	SiteModel.random()

	SiteModel.as_summary()

	SiteModel.region_id

	SiteModel.site_id

	SiteModel.status

	SiteModel.fix_geom()

	SiteModel.fix_sensor_names()

	SiteModel.fix_current_phase_salient()

	SiteModel.fixup()

	SiteModel.fix_old_schema_properties()

	SiteModel.ensure_isodates()

	SiteModel.clamp_scores()

	SiteModel.remove_invalid_properties()

	SiteModel._manual_validation()





	_Feature
	_Feature.type

	_Feature._model_cls

	_Feature._feat_type

	_Feature.info()

	_Feature.properties

	_Feature.load_schema()

	_Feature.validate()

	_Feature.ensure_isodates()

	_Feature.infer_mgrs()





	_SiteOrSummaryMixin
	_SiteOrSummaryMixin._cache_keys

	_SiteOrSummaryMixin._only_properties

	_SiteOrSummaryMixin.start_date

	_SiteOrSummaryMixin.end_date

	_SiteOrSummaryMixin.site_id

	_SiteOrSummaryMixin._update_cache_key()

	_SiteOrSummaryMixin._convert()





	RegionHeader
	RegionHeader._model_cls

	RegionHeader._feat_type

	RegionHeader.empty()

	RegionHeader.coerce()

	RegionHeader.ensure_isodates()





	SiteSummary
	SiteSummary._model_cls

	SiteSummary._feat_type

	SiteSummary.from_geopandas_frame()

	SiteSummary.as_site()

	SiteSummary.fixup()

	SiteSummary.coerce()

	SiteSummary.random()





	SiteHeader
	SiteHeader._model_cls

	SiteHeader._feat_type

	SiteHeader.empty()

	SiteHeader.as_summary()

	SiteHeader.coerce()





	Observation
	Observation._model_cls

	Observation._feat_type

	Observation.coerce()

	Observation.observation_date





	ModelCollection
	ModelCollection.fixup()

	ModelCollection.validate()





	SiteModelCollection
	SiteModelCollection.as_region_model()





	_infer_region_header_from_site_summaries()

	_rectify_keys()

	handle_error()

	_update_propery_cache()

	coerce_site_or_region_model()











Module contents

This submodule contains tools relating to:



	the IARPA region and site model geojson formats.


	geographic kwcoco extensions







At the time of creation we have many various tools scattered across the repo to
deal with these, but we should work to consolidate the ones pertaining strictly
to these specific types of geojsons into this submodule.

Location of existing tools that should likely be moved:



	../demo/metrics_demo/__init__.py :: various


	../cli/run_tracker.py :: various


	../cli/reproject_annotations.py :: various


	../cli/validate_annotation_schemas.py :: various


	../cli/extend_sc_sites.py :: various


	../cli/crop_sites_to_regions.py :: various


	../cli/cluster_sites.py :: various


	../utils/util_framework.py :: determine_region_id


	~/code/watch/dev/poc/make_region_from_sitemodel.py







Related tool that should NOT be moved are related to general geojson:



	../utils/util_gis.py :: coerce_geojson_datas











            

          

      

      

    

  

    
      
          
            
  
geowatch.gis.digital_globe module

Helpers for reading data downloaded from digital globe

Notes

The data in the Core3D dataset is public and can be rehosted.

https://spacenet.ai/core3d/

AWS_PROFILE=iarpa aws s3 ls s3://spacenet-dataset/Hosted-Datasets/CORE3D-Public-Data/Satellite-Images/
AWS_PROFILE=iarpa aws s3 ls s3://spacenet-dataset/Hosted-Datasets/CORE3D-Public-Data/Tiled-Examples-for-Urban-3D-Challenge-Comparisons/02_Master/challenge-inputs/


	AWS_PROFILE=iarpa aws s3 cp 
	s3://spacenet-dataset/Hosted-Datasets/CORE3D-Public-Data/Tiled-Examples-for-Urban-3D-Challenge-Comparisons/02_Master/challenge-inputs/RIC_Tile_000_DSM.tif RIC_Tile_000_DSM.tif



	AWS_PROFILE=iarpa aws s3 cp 
	s3://spacenet-dataset/Hosted-Datasets/CORE3D-Public-Data/Tiled-Examples-for-Urban-3D-Challenge-Comparisons/02_Master/challenge-inputs/RIC_Tile_000_DTM.tif RIC_Tile_000_DTM.tif



	AWS_PROFILE=iarpa aws s3 cp 
	s3://spacenet-dataset/Hosted-Datasets/CORE3D-Public-Data/Tiled-Examples-for-Urban-3D-Challenge-Comparisons/02_Master/challenge-inputs/RIC_Tile_000_RGB.tif RIC_Tile_000_RGB.tif



	Requirements:
	pip install xmltodict
pip install pyshp
pip install cogeotiff






	
class geowatch.gis.digital_globe.DigitalGlobeBundle(delivery_metadata_fpath, pointer=None, autobuild=True)

	Bases: NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr]

Data structure to organize information in digital globe bundles

TODO: need public digital globe demodata for a doctest

Maybe we can grab them from here?
https://www.maxar.com/product-samples
https://ard.maxar.com/samples#v5/

https://spacenet.ai/core3d/


	Requirements:
	pip isntall pyshp






	
parse_delivery_metadata()

	




	
classmethod from_pointer(pointer, **kw)

	
	Parameters:

	pointer (str) – a path to any file inside a digital globe
bundle. We will search for the DeliveryMetadata.xml data.










	
classmethod coerce(key, **kw)

	








	
geowatch.gis.digital_globe.search_path_ancestors(path, fname, stop_fname=None, max_steps=1000)

	Search path and all of its containing folders for a file name fname.


	Parameters:

	
	path (str) – directory to start the search


	fname (str) – path to search for


	stop_fname (str) – stop if we find a file with this name.















            

          

      

      

    

  

    
      
          
            
  
geowatch.gis.elevation module

Tools for accessing querying for elevation data.


	
class geowatch.gis.elevation.ElevationDatabase

	Bases: object [https://docs.python.org/3/library/functions.html#object]

An object that might use various backends to query elevation for a given
latitude and longitude.


	
classmethod coerce(key)

	Attempt to resolve key to an elevation database.


	Parameters:

	key (str) – Available options are:
* “open-elevation”
* “gtop30”
* A number for a constant elevation














	
class geowatch.gis.elevation.ConstantElevationDatabase(const)

	Bases: ElevationDatabase

Fallback compatibility API when no elevation information is available


	
query(lats, lons)

	








	
class geowatch.gis.elevation.OpenElevationDatabase

	Bases: ElevationDatabase

Use open-elevation to query the elevation for a lat/lon point.

This issues a web request, so it can be slow.


	Parameters:

	
	lat (float) – degrees in latitude


	lon (float) – degrees in longitude


	cache (bool) – if True uses on-disk caching


	attempts (int) – number of attempts before giving up


	verbose (int) – verbosity flag






	Returns:

	elevation in meters



	Return type:

	float [https://docs.python.org/3/library/functions.html#float]





References

https://gis.stackexchange.com/questions/338392/getting-elevation-for-multiple-lat-long-coordinates-in-python
https://gis.stackexchange.com/questions/212106/seeking-alternative-to-google-maps-elevation-api
https://open-elevation.com/
https://www.freemaptools.com/elevation-finder.htm

Example

>>> # xdoctest: +REQUIRES(--network)
>>> # xdoctest: +REQUIRES(--slow)
>>> from geowatch.gis.elevation import *  # NOQA
>>> lat = 37.65026538818887
>>> lon = 128.81096081618637
>>> eldb = OpenElevationDatabase()
>>> elevation = eldb.query(lat, lon, verbose=3)
>>> print('elevation = {!r}'.format(elevation))
elevation = 449






	
query(lat, lon, **kwargs)

	








	
geowatch.gis.elevation._query_open_elevation(lat, lon, cache=True, attempts=10, verbose=0)

	




	
class geowatch.gis.elevation.DEM_Collection(dem_paths)

	Bases: ElevationDatabase

Manage a collection of DEM geotiffs

Example

>>> # xdoctest: +REQUIRES(--network)
>>> # xdoctest: +REQUIRES(--slow)
>>> # Use the gtop30 DEM dataset from GIRDER to find elevation.
>>> from geowatch.gis.elevation import *  # NOQA
>>> dems = DEM_Collection.gtop30()
>>> lat, lon = (37.7455555555556, 128.780555555556)
>>> print(dems.query(lat, lon))
499.0





>>> # Running one query on the CI is good enough
>>> # xdoctest: +REQUIRES(--slow)
>>> # xdoctest: +REQUIRES(--slow)
>>> lat, lon = (37.7280555555556, 129.008888888889)
>>> print(dems.query(lat, lon))
0
>>> lat, lon = (37.6947222222222, 129.008888888889)
>>> print(dems.query(lat, lon))
95.0
>>> lat, lon = (37.7127777777778, 128.780555555556)
>>> print(dems.query(lat, lon))
452.0
>>> lat, lon = (0, 0)
>>> print(dems.query(lat, lon))
0
>>> lon_basis = np.linspace(-175, 175, 100)
>>> lat_basis = np.linspace(-85, 85, 100)
>>> lats_, lons_ = np.meshgrid(lat_basis, lon_basis)
>>> lats = lats_.ravel()
>>> lons = lons_.ravel()
>>> elevations = dems.query(lats, lons)






	
find_reference_fpath(lat, lon)

	




	
query(lats, lons)

	TODO: the API supports vectorization, but we need to make it more
efficient.






	
classmethod gtop30()

	Build the gtop30 dataset

Example

>>> # xdoctest: +REQUIRES(--network)
>>> # xdoctest: +REQUIRES(--slow)
>>> dems = DEM_Collection.gtop30()
>>> lats = [1, 2, 3]
>>> lons = [1, 2, 3]
>>> dems.query(lats, lons)














	
geowatch.gis.elevation.ensure_iterable_latlons(lats, lons)

	




	
geowatch.gis.elevation.girder_gtop30_elevation_dem()

	




	
geowatch.gis.elevation.ensure_girder_gtop30_elevation_maps()

	Ensure that we have the GTOP30 Digital Elevation Maps (DEMS) available
locally.

References

https://data.kitware.com/#collection/59eb64168d777f31ac6477e7/folder/59fb784d8d777f31ac6480fb
https://www.google.com/url?sa=j&url=https%3A%2F%2Fwww.usgs.gov%2Fcenters%2Feros%2Fscience%2Fusgs-eros-archive-digital-elevation-global-30-arc-second-elevation-gtopo30%3Fqt-science_center_objects%3D0%23qt-science_center_objects&uct=1599876275&usg=jBvv8w64RCBJd2SyQA3kUtKhMQ4.&source=chat








            

          

      

      

    

  

    
      
          
            
  
geowatch.gis.geotiff module

Tools to work with geotiff metadata.


	
geowatch.gis.geotiff.geotiff_metadata(gpath, elevation='gtop30', strict=False, supress_warnings=False)

	Extract all relevant metadata we know how to extract.


	Parameters:

	
	gpath (str) – path to the geotiff of interest


	elevation (str) – method for extracting elevation data.








Example

>>> # xdoctest: +REQUIRES(env:SLOW_DOCTEST)
>>> # xdoctest: +REQUIRES(--network)
>>> from geowatch.gis.geotiff import *  # NOQA
>>> url = ('http://storage.googleapis.com/gcp-public-data-landsat/'
...        'LC08/01/044/034/LC08_L1GT_044034_20130330_20170310_01_T2/'
...        'LC08_L1GT_044034_20130330_20170310_01_T2_B11.TIF')
>>> gpath = ub.grabdata(url, appname='geowatch')
>>> info = geotiff_metadata(gpath)
>>> print('info = {}'.format(ub.urepr(info, nl=1)))





>>> import ubelt as ub
>>> url = ('http://storage.googleapis.com/gcp-public-data-landsat/'
...        'LC08/01/037/029/LC08_L1TP_037029_20130602_20170310_01_T1/'
...        'LC08_L1TP_037029_20130602_20170310_01_T1_B2.TIF')
>>> gpath = ub.grabdata(url, appname='geowatch')





>>> info = geotiff_metadata(gpath)
>>> print('info = {}'.format(ub.urepr(info, nl=1)))










	
geowatch.gis.geotiff.geotiff_header_info(gpath_or_ref)

	Extract relevant metadata information from a geotiff header.

Example

>>> # xdoctest: +REQUIRES(env:SLOW_DOCTEST)
>>> from geowatch.gis.geotiff import *  # NOQA
>>> from geowatch.demo.dummy_demodata import dummy_rpc_geotiff_fpath
>>> from geowatch.demo.landsat_demodata import grab_landsat_product
>>> gpath_or_ref = gpath = dummy_rpc_geotiff_fpath()
>>> info = geotiff_header_info(gpath)
>>> print('info = {}'.format(ub.urepr(info, nl=1)))
>>> gpath_or_ref = gpath = grab_landsat_product()['bands'][0]
>>> info = geotiff_header_info(gpath)
>>> print('info = {}'.format(ub.urepr(info, nl=1)))










	
geowatch.gis.geotiff.geotiff_crs_info(gpath_or_ref, force_affine=False, elevation='gtop30', verbose=0)

	Use GDAL to extract coordinate system information about a geo_tiff.

Builds transformations between pixel, geotiff-world, utm, and wgs84 spaces


	Parameters:

	
	gpath (str) – path to the image file


	force_affine (bool) – if True ignores RPC information


	elevation (str) – method used to determine the elevation when RPC
information is used. Available options are:



	“open-elevation”


	“gtop30”















Example

>>> # xdoctest: +REQUIRES(env:SLOW_DOCTEST)
>>> from geowatch.gis.geotiff import *  # NOQA
>>> from geowatch.demo.dummy_demodata import dummy_rpc_geotiff_fpath
>>> gpath_or_ref = gpath = dummy_rpc_geotiff_fpath()
>>> info = geotiff_crs_info(gpath)
>>> print('info = {}'.format(ub.urepr(info, nl=1, sort=False)))
>>> assert info['is_rpc']
>>> assert info['img_shape'] == (2000, 2000)





>>> # xdoctest: +REQUIRES(--network)
>>> gpath_or_ref = gpath = ub.grabdata(
>>>     'https://download.osgeo.org/geotiff/samples/gdal_eg/cea.tif',
>>>     appname='geowatch/demodata', hash_prefix='10a2ebcdcd95582')
>>> info = geotiff_crs_info(gpath)
>>> print('info = {}'.format(ub.urepr(info, nl=1, sort=False)))
>>> assert not info['is_rpc']
>>> assert info['img_shape'] == (515, 514)





>>> # The public gateways seem to be too slow in serving the content
>>> # xdoctest: +REQUIRES(--ipfs)
>>> from geowatch.demo.nitf_demodata import grab_nitf_fpath
>>> gpath_or_ref = gpath = grab_nitf_fpath('i_3004g.ntf')
>>> info = geotiff_crs_info(gpath)
>>> print('info = {}'.format(ub.urepr(info, nl=1, sort=False)))
>>> assert not info['is_rpc']
>>> assert info['img_shape'] == (512, 512)





tf = info[‘wgs84_to_wld’]






	
geowatch.gis.geotiff.make_crs_info_object(osr_crs)

	
	Parameters:

	osr_crs (osr.SpatialReference) – an osr object from gdal





Example

>>> from geowatch.gis.geotiff import *  # NOQA
>>> from geowatch.utils import util_gdal
>>> osr = util_gdal.import_osr()
>>> osr_crs = osr.SpatialReference()
>>> osr_crs.ImportFromEPSG(4326)
>>> crs_info = make_crs_info_object(osr_crs)
>>> print('crs_info = {}'.format(ub.urepr(crs_info, nl=1)))
>>> osr_crs = osr.SpatialReference()
>>> osr_crs.ImportFromEPSG(4326)
>>> osr_crs.SetAxisMappingStrategy(osr.OAMS_TRADITIONAL_GIS_ORDER)
>>> crs_info = make_crs_info_object(osr_crs)
>>> print('crs_info = {}'.format(ub.urepr(crs_info, nl=1)))
>>> osr_crs.ImportFromEPSG(32744)
>>> crs_info = make_crs_info_object(osr_crs)
>>> print('crs_info = {}'.format(ub.urepr(crs_info, nl=1)))










	
geowatch.gis.geotiff.axis_mapping_int_to_text(axis_mapping_int)

	References

https://gdal.org/tutorials/osr_api_tut.html#crs-and-axis-order

Notes


	
	OAMS_TRADITIONAL_GIS_ORDER means that for geographic CRS with
	lat/long order, the data will still be long/lat ordered.
Similarly for a projected CRS with northing/easting order, the
data will still be easting/northing ordered







	
	OAMS_AUTHORITY_COMPLIANT means that the data axis will be
	identical to the CRS axis. This is the default value when
instantiating OGRSpatialReference







	
	OAMS_CUSTOM means that the data axis are customly defined with
	SetDataAxisToSRSAxisMapping














	
geowatch.gis.geotiff.memo_auth_from_wkt(wkt)

	This benchmarks as an expensive operation, memoize it.






	
exception geowatch.gis.geotiff.InvalidFormat

	Bases: Exception [https://docs.python.org/3/library/exceptions.html#Exception]






	
geowatch.gis.geotiff.geotiff_filepath_info(gpath, fast=True)

	Attempt to parse information out of a path to a geotiff file.

Information provided here is purely heuristic. Generally filepath
information is not robust.


	Several huerstics are currently implemented for:
	
	Sentinel 2


	Landsat-8


	WorldView3








See [S2_Name_2016] and [S3_Name].


	Parameters:

	
	gpath (str) – a path to an image that uses a standard naming convention
(may include subdirectories that contain relevant information) .


	fast (bool) – if True stops when a hueristic matches well enough, otherwise tries
multiple hueristics. Defaults to True.









	SeeAlso:
	
	parse_landsat_product_id - specific to the landsat spec








Example

>>> from geowatch.gis.geotiff import *  # NOQA
>>> inputs = [
>>>     '18JUN18071532-S3DMR1C2.NTF',
>>>     'LC08_L1GT_029030_20151209_20160131_01_RT',
>>>     'LC08_L1TP_162043_20130401_20170505_01_T1_B8.tif',
>>>     'LC08_L1GT_017037_20190303_20190309_01_T2_B8.TIF',
>>>     '03AUG16WV031000016AUG03125811-P1BS-500827464010_01_P002_________AAE_0AAAAABPABB0.NTF',
>>>     '13APR16WV030900016APR13131153-P1BS_R1C1-500659828010_01_P001____AAE_0AAAAABPABM0.NTF.NTF',
>>>     '011777481010_01_P001_MUL/17SEP07021826-M1BS-011777481010_01_P001.TIF',
>>>     '011778213010_01_P001_PAN/14FEB03022210-P1BS-011778213010_01_P001.NTF',
>>>     'T17SMS_20151020T162042_TCI.jp2',
>>>     'T39QXG_20160711T065622_TCI.jp2',
>>>     'S2B_MSIL1C_20181219T022109_N0207_R003_T52SDG_20181219T051028.SAFE/GRANULE/L1C_T52SDG_A009324_20181219T022640/IMG_DATA/T52SDG_20181219T022109_TCI.jp2',
>>>     'S2B_MSIL1C_20181219T022109_N0207_R003_T52SDG_20181219T051028/S2B_MSIL1C_20181219T022109_N0207_R003_T52SDG_20181219T051028.SAFE/GRANULE/L1C_T52SDG_A009324_20181219T022640/IMG_DATA/T52SDG_20181219T022109_B01.jp2',
>>>     'S2A_MSIL1C_20151021T022702_N0204_R003_T52SDG_20151021T022701.SAFE/GRANULE/L1C_T52SDG_A001716_20151021T022701/IMG_DATA/T52SDG_20151021T022702_TCI.jp2',
>>>     'LC08_L2SP_217076_20190107_20211008_02_T1_T23KPQ_B1.tif',
>>>     'S2B_MSI_L2A_T23KPQ_20190114_20211008_SR_B01.tif',
>>>     'S2A_MSI_L2A_T39RVK_20180803_20211102_SR_SOZ4.tif',
>>> ]
>>> gpath = inputs[-1]
>>> print('gpath = {!r}'.format(gpath))
>>> for gpath in inputs:
>>>     print('----')
>>>     info = geotiff_filepath_info(gpath)
>>>     print('gpath = {}'.format(ub.urepr(gpath, nl=1)))
>>>     print('info = {}'.format(ub.urepr(info, nl=2)))
>>>     if len(info['sensor_candidates']) == 0:
>>>         print(ub.color_text('NO HUERISTIC', 'red'))
>>>     else:
>>>         assert len(info['sensor_candidates']) == len(set(info['sensor_candidates']))
>>>         assert info['filename_meta']





Example

>>> from geowatch.gis.geotiff import *  # NOQA
>>> gpath = 'LC08_L1TP_037029_20130602_20170310_01_T1_B1.TIF'
>>> info = geotiff_filepath_info(gpath)
>>> print('info = {}'.format(ub.urepr(info, nl=1)))
>>> assert info['filename_meta']['sensor_code'] == 'C'
>>> assert info['filename_meta']['sat_code'] == '08'
>>> assert info['filename_meta']['sat_code'] == '08'
>>> assert info['filename_meta']['collection_category'] == 'T1'
>>> assert info['filename_meta']['suffix'] == 'B1'





Example

>>> # xdoctest: +REQUIRES(--network)
>>> # Test extact info from real landsat product files
>>> from geowatch.demo.landsat_demodata import grab_landsat_product  # NOQA
>>> from geowatch.gis.geotiff import *  # NOQA
>>> product = grab_landsat_product()
>>> band_infos = [geotiff_filepath_info(gpath) for gpath in product['bands']]
>>> meta_infos = [geotiff_filepath_info(gpath) for gpath in product['meta'].values()]
>>> assert not any(d is None for d in band_infos)
>>> assert not any(d is None for d in meta_infos)





References



[S2_Name_2016]
https://sentinel.esa.int/web/sentinel/user-guides/sentinel-2-msi/naming-convention




[S3_Name]
https://sentinel.esa.int/web/sentinel/user-guides/sentinel-3-altimetry/naming-conventions










	
geowatch.gis.geotiff._parser_lut(pattern)

	Calling parse.parse is about 14x slower than creating a parser object
once and then using it.






	
geowatch.gis.geotiff.parse_sentinel2_product_id(parts)

	Try to parse the Sentinel-2 pre-2016 and post-2016 safedir formats.

Note that unlike parse_landsat_product_id, which expects a band file basename,
this presently purports to plurally parse pieces of path postfixedly
(it parses the whole path, backwards :))

TODO extend this to parsing the granuledir and band file formats as well.
For now, we just need all names to be minimally parseable, even if some info is incorrect.

General plan is to check the old formats strictly first, and then check the new safedir loosely as a default

Example

parts = [‘S2B_MSI_L2A_T23KPQ_20190114_20211008_SR_B01.tif’]
parts = [‘S2A_MSI_L2A_T39RVK_20180803_20211102_SR_SOZ4.tif’]
parse_sentinel2_product_id(parts)






	
geowatch.gis.geotiff.parse_landsat_product_id(product_id)

	Extract information from a landsat produt id

See [LanSatName], [LS_578], [ExampleLandSat], [LandSatSuffixFormat],
[LandsatProcLevels], [LandsatL2Names], and [LandSatARDDocs].


	Parameters:

	product_id (str) – this is typically the filename (without extension!)
of a landsat product, as described in [LanSatName].





Example

>>> from geowatch.gis.geotiff import *  # NOQA
>>> product_id = 'LC08_L1TP_037029_20130602_20170310_01_T1'
>>> ls_meta = parse_landsat_product_id(product_id)





Example

>>> from geowatch.gis.geotiff import *  # NOQA
>>> gpath = 'LC08_L1TP_037029_20130602_20170310_01_T1_B1'
>>> info = parse_landsat_product_id(gpath)
>>> print('info = {}'.format(ub.urepr(info, nl=1)))
>>> assert info['sensor_code'] == 'C'
>>> assert info['sat_code'] == '08'
>>> assert info['sat_code'] == '08'
>>> assert info['collection_category'] == 'T1'
>>> assert info['suffix'] == 'B1'
>>> assert info['band_num'] == 1





>>> from geowatch.gis.geotiff import *  # NOQA
>>> gpath = 'LC08_CU_029005_20181208_20210503_02_QA_LINEAGE.TIF'
>>> info = parse_landsat_product_id(gpath)
>>> print('info = {}'.format(ub.urepr(info, nl=1)))





Example

>>> # xdoctest: +REQUIRES(--network)
>>> # Test on real landsat data
>>> from geowatch.demo.landsat_demodata import grab_landsat_product  # NOQA
>>> from geowatch.gis.geotiff import *  # NOQA
>>> product = grab_landsat_product()
>>> band_prodids = [ub.augpath(gpath, dpath='', ext='') for gpath in product['bands']]
>>> band_infos = [parse_landsat_product_id(product_id) for product_id in band_prodids]
>>> assert ub.allsame([ub.dict_diff(d, ['band_num', 'suffix', 'channels', 'band']) for d in band_infos])
>>> meta_prodids = [ub.augpath(gpath, dpath='', ext='') for gpath in product['meta'].values()]
>>> meta_infos = [parse_landsat_product_id(product_id) for product_id in meta_prodids]
>>> assert ub.allsame([ub.dict_diff(d, ['suffix', 'channels', 'band']) for d in meta_infos])





References



[LanSatName]
(1,2)
https://www.usgs.gov/faqs/what-naming-convention-landsat-collections-level-1-scenes




[LS_578]
https://github.com/dgketchum/Landsat578#-1




[ExampleLandSat]
https://console.cloud.google.com/storage/browser/gcp-public-data-landsat/LC08/01/044/034/LC08_L1GT_044034_20130330_20170310_01_T2?_ga=2.210779154.665659046.1615242530-37570621.1615242530




[LandSatSuffixFormat]
https://prd-wret.s3.us-west-2.amazonaws.com/assets/palladium/production/atoms/files/LSDS-750_Landsat8_Level-0-Reformatted_DataFormatControlBook-v15.pdf (page 26 / 99)




[LandsatProcLevels]
https://www.usgs.gov/core-science-systems/nli/landsat/landsat-levels-processing




[LandsatL2Names]
https://www.usgs.gov/faqs/what-naming-convention-landsat-collection-2-level-1-and-level-2-scenes?qt-news_science_products=0#qt-news_science_products




[LandSatARDDocs]
https://d9-wret.s3.us-west-2.amazonaws.com/assets/palladium/production/s3fs-public/atoms/files/LSDS-1873_US-Landsat%20C1-ARD-DFCB-v7.pdf










	
geowatch.gis.geotiff.walk_geotiff_products(dpath, with_product_dirs=True, with_loose_images=True, recursive=True)

	Walks a file path and returns directories and files that look
like standalone geotiff products.


	Parameters:

	dpath (str) – directory to search



	Yields:

	str – paths of files or recognized geotiff product bundle directories





Example

>>> # xdoctest: +REQUIRES(env:SLOW_DOCTEST)
>>> # xdoctest: +REQUIRES(--network)
>>> # Test on real landsat data
>>> from geowatch.gis.geotiff import *  # NOQA
>>> import geowatch
>>> from os.path import dirname
>>> product = geowatch.demo.landsat_demodata.grab_landsat_product()
>>> dpath = dirname(dirname(ub.peek(product['bands'])))
>>> print(list(walk_geotiff_products(dpath)))
>>> print(list(walk_geotiff_products(dpath, with_product_dirs=False)))












            

          

      

      

    

  

    
      
          
            
  
geowatch.gis.sensors.sentinel2 module


	
geowatch.gis.sensors.sentinel2.sentinel2_grid()

	Grabs sentinel2 grid information from the web (if needed)


	Returns:

	A data frame where each row contains the tile name and the
reversed-WGS84 (GeoJSON style) coordinates in
shapely.geometry.Polygon format.



	Return type:

	geopandas.GeoDataFrame





References

https://gisgeography.com/arcgis-shapefile-files-types-extensions/
https://github.com/justinelliotmeyers/Sentinel-2-Shapefile-Index

CommandLine

xdoctest -m /home/joncrall/code/watch/geowatch/gis/sensors/sentinel2.py





Example

>>> # xdoctest: +SKIP("slow, not currently used")
>>> from geowatch.gis.sensors.sentinel2 import *  # NOQA
>>> s2_tiles = sentinel2_grid()
>>> assert s2_tiles.crs.name == 'WGS 84'
>>> # Print out the first 5 tile rows
>>> # print(s2_tiles.iloc[0:5])  # xdoctest: +IGNORE_WANT
>>> '''
>>>     Name                                           geometry
>>> 0  01CCV  POLYGON Z ((180.00000 -73.05974 0.00000, 176.8...
>>> 1  01CCV  POLYGON Z ((-180.00000 -72.07333 0.00000, -179...
>>> 2  01CDH  POLYGON Z ((180.00000 -83.80855 0.00000, 174.7...
>>> 3  01CDH  POLYGON Z ((-180.00000 -82.82590 0.00000, -176...
>>> 4  01CDJ  POLYGON Z ((180.00000 -82.91344 0.00000, 175.7...
>>> '''
>>> #
>>> # Demo how to convert each polygon into its UTM zone
>>> import kwimage
>>> from geowatch.utils import util_gis
>>> import pyproj
>>> utm_codes = []
>>> # Only take some of the tiles for test speed
>>> s2_tiles = s2_tiles.iloc[0:100]
>>> for poly in ub.ProgIter(s2_tiles.geometry, desc='find utm'):
>>>     lon = poly.centroid.x
>>>     lat = poly.centroid.y
>>>     utm_epsg = util_gis.utm_epsg_from_latlon(lat, lon)
>>>     utm_codes.append(utm_epsg)
>>> s2_tiles['utm_epsg'] = utm_codes
>>> # Group all tiles within the same zone together
>>> groups = dict(list(s2_tiles.groupby('utm_epsg')))
>>> utm_groups = {}
>>> for utm_epsg in ub.ProgIter(groups, desc='proj to utm'):
>>>     utm_crs = pyproj.CRS.from_epsg(utm_epsg)
>>>     # convert group into its utm coordinates
>>>     utm_group = groups[utm_epsg].to_crs(utm_crs)
>>>     utm_groups[utm_epsg] = utm_group
>>> # Measure the area of each UTM Polygon
>>> all_utm_areas = []
>>> for utm_epsg, utm_group in utm_groups.items():
>>>     all_utm_areas.extend([s.area for s in utm_group.geometry])
>>> # Print out statistics about the chosen S2-tile UTM areas
>>> import kwarray
>>> area_stats = kwarray.stats_dict(all_utm_areas)
>>> print('area_stats = {}'.format(ub.urepr(
>>>     area_stats, nl=1, precision=0, align=':')))





…
area_stats = {


‘mean’ : 8463072768,
‘std’  : 3774869504,
‘min’  : 65260336,
‘max’  : 12056040448,
…
‘shape’: (100,),




}






	
geowatch.gis.sensors.sentinel2.s2_grid_tiles_for_geometry(geometry)

	Takes in a GeoJSON geometry and returns MGRS tile names that
intersect it, ordered by intersection area (descending)


	Returns:

	List of MGRS tile names



	Return type:

	List of strings





Example

>>> # xdoctest: +SKIP("slow, not currently used")
>>> from geowatch.gis.sensors.sentinel2 import *  # NOQA
>>> from shapely.geometry import shape
>>> geometry = shape({
>>>  "type": "Polygon",
>>>  "coordinates": [
>>>     [
>>>       [
>>>         126.84333152242021,
>>>         38.51998197874137
>>>       ],
>>>       [
>>>         129.5107776938883,
>>>         38.53873352863998
>>>       ],
>>>       [
>>>         129.49645974534624,
>>>         36.40500129696213
>>>       ],
>>>       [
>>>         126.90373488362242,
>>>         36.38763332541521
>>>       ],
>>>       [
>>>         126.84333152242021,
>>>         38.51998197874137
>>>       ]
>>>     ]
>>>   ]
>>>  })
>>> assert(s2_grid_tiles_for_geometry(geometry) ==
>>>        ['52SDG', '52SCG', '52SDH', '52SDF', '52SCH', '52SCF', '52SEG', '52SEH', '52SEF'])












            

          

      

      

    

  

    
      
          
            
  
geowatch.gis.sensors package


Submodules



	geowatch.gis.sensors.sentinel2 module
	sentinel2_grid()

	s2_grid_tiles_for_geometry()











Module contents

A submodule where each file contains information and functionality specific to
a particular GEO sensor.


	
geowatch.gis.sensors.sentinel2_grid()

	Grabs sentinel2 grid information from the web (if needed)


	Returns:

	A data frame where each row contains the tile name and the
reversed-WGS84 (GeoJSON style) coordinates in
shapely.geometry.Polygon format.



	Return type:

	geopandas.GeoDataFrame





References

https://gisgeography.com/arcgis-shapefile-files-types-extensions/
https://github.com/justinelliotmeyers/Sentinel-2-Shapefile-Index

CommandLine

xdoctest -m /home/joncrall/code/watch/geowatch/gis/sensors/sentinel2.py





Example

>>> # xdoctest: +SKIP("slow, not currently used")
>>> from geowatch.gis.sensors.sentinel2 import *  # NOQA
>>> s2_tiles = sentinel2_grid()
>>> assert s2_tiles.crs.name == 'WGS 84'
>>> # Print out the first 5 tile rows
>>> # print(s2_tiles.iloc[0:5])  # xdoctest: +IGNORE_WANT
>>> '''
>>>     Name                                           geometry
>>> 0  01CCV  POLYGON Z ((180.00000 -73.05974 0.00000, 176.8...
>>> 1  01CCV  POLYGON Z ((-180.00000 -72.07333 0.00000, -179...
>>> 2  01CDH  POLYGON Z ((180.00000 -83.80855 0.00000, 174.7...
>>> 3  01CDH  POLYGON Z ((-180.00000 -82.82590 0.00000, -176...
>>> 4  01CDJ  POLYGON Z ((180.00000 -82.91344 0.00000, 175.7...
>>> '''
>>> #
>>> # Demo how to convert each polygon into its UTM zone
>>> import kwimage
>>> from geowatch.utils import util_gis
>>> import pyproj
>>> utm_codes = []
>>> # Only take some of the tiles for test speed
>>> s2_tiles = s2_tiles.iloc[0:100]
>>> for poly in ub.ProgIter(s2_tiles.geometry, desc='find utm'):
>>>     lon = poly.centroid.x
>>>     lat = poly.centroid.y
>>>     utm_epsg = util_gis.utm_epsg_from_latlon(lat, lon)
>>>     utm_codes.append(utm_epsg)
>>> s2_tiles['utm_epsg'] = utm_codes
>>> # Group all tiles within the same zone together
>>> groups = dict(list(s2_tiles.groupby('utm_epsg')))
>>> utm_groups = {}
>>> for utm_epsg in ub.ProgIter(groups, desc='proj to utm'):
>>>     utm_crs = pyproj.CRS.from_epsg(utm_epsg)
>>>     # convert group into its utm coordinates
>>>     utm_group = groups[utm_epsg].to_crs(utm_crs)
>>>     utm_groups[utm_epsg] = utm_group
>>> # Measure the area of each UTM Polygon
>>> all_utm_areas = []
>>> for utm_epsg, utm_group in utm_groups.items():
>>>     all_utm_areas.extend([s.area for s in utm_group.geometry])
>>> # Print out statistics about the chosen S2-tile UTM areas
>>> import kwarray
>>> area_stats = kwarray.stats_dict(all_utm_areas)
>>> print('area_stats = {}'.format(ub.urepr(
>>>     area_stats, nl=1, precision=0, align=':')))





…
area_stats = {


‘mean’ : 8463072768,
‘std’  : 3774869504,
‘min’  : 65260336,
‘max’  : 12056040448,
…
‘shape’: (100,),




}









            

          

      

      

    

  

    
      
          
            
  
geowatch.gis.spatial_reference module

Tools relating to coordinate reference systems

Notes


	GEOJSON is assumed to be specified as reversed WGS84 with reversed axes
(i.e. lon/lat) unless another CRS is specified.


	WGS84 (aka EPSG 4326) is always given as latitude longitude


	EPSG stands for “European Petroleum Survey Group”





	
class geowatch.gis.spatial_reference.RPCTransform(rpcs, elevation='gtop30', axis_mapping='OAMS_TRADITIONAL_GIS_ORDER')

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Wrapper around rasterio RPC transforms


	Parameters:

	
	rpcs (rasterio.rpc.RPC) – rasterio RPC data


	elevation (str) – method used to determine the elevation when RPC
information is used. Available options are:



	“open-elevation”


	“gtop30”















Notes


	By definition rpcs are always referenced against WGS84 (EPSG:4326)
coordinates.


	However, we are accept and return lon/lat (i.e. reversed WGS84) points here.


	TODO: don’t use reversed. Use authority compliant




References

https://rasterio.readthedocs.io/en/latest/topics/reproject.html#reprojecting-with-other-georeferencing-metadata
http://geotiff.maptools.org/rpc_prop.html
https://github.com/mapbox/rasterio/blob/master/rasterio/rpc.py
https://github.com/mapbox/rasterio/blob/master/rasterio/_transform.pyx
https://gdal.org/doxygen/gdal__alg_8h.html#af4c3c0d4c79218995b3a1f0bac3700a0

Example

>>> # xdoctest: +REQUIRES(env:SLOW_DOCTEST)
>>> from geowatch.gis.spatial_reference import *  # NOQA
>>> self = RPCTransform.demo()
>>> pxl_pts = np.array([
>>>     [    0,     0],
>>>     [    0, 20000],
>>>     [20000,     0],
>>>     [20000, 20000],
>>> ])
>>> wld_pts = self.warp_world_from_pixel(pxl_pts)
>>> print('wld_pts =\n{}'.format(ub.urepr(wld_pts, nl=1, precision=2)))
wld_pts =
np.array([[128.87,  37.8 ],
          [128.87,  37.7 ],
          [129.  ,  37.81],
          [129.  ,  37.71]]...)





>>> wld_pts = np.array([[self.rpcs.long_off, self.rpcs.lat_off]])
>>> pxl_pts = self.warp_pixel_from_world(wld_pts)
>>> print('pxl_pts = {}'.format(ub.urepr(pxl_pts, nl=1, precision=2)))
pxl_pts = np.array([[17576.2 , 10690.73]]...)






	
classmethod demo(**kw)

	Return a demo RPCTransform for testing purposes






	
_default_elevation()

	Determine a default elevation if none is provided.






	
classmethod from_gdal(rpc_info, **kwargs)

	Build an RPC transform from GDAL-style metadata


	Parameters:

	
	rpc_info (dict) – gdal RPC dictionary. Typically aquired from
gdal.Open(<path>).GetMetadata(domain='RPC')


	**kwargs – passed to class:RPCTransform













	
_ensure_xyz(pts_in)

	Ensure that points include elevation data. If not specified,
attempts to determine a “reasonable” default elevation.






	
_ensure_lonlatz(pts_in)

	Ensure that points include elevation data. If not specified,
attempts to determine a “reasonable” default elevation.






	
warp_pixel_from_world(pts_in, return_elevation=False)

	
	Parameters:

	pts_in (ndarray) – Either an Nx2 array of lon/lat WGS84 coordinates or
an Nx3 array of lon/lat/elevation coordinates.






Todo


	[ ] Handle CRS







	Returns:

	An Nx2 array of pixel coordinates



	Return type:

	pts_out (ndarray)










	
warp_world_from_pixel(pts_in, return_elevation=False)

	
	Parameters:

	pts_in (ndarray) – Either an Nx2 array of x,y pixel coordinates, or
an Nx3 array of x,y,elevation coordinates.






Todo


	[ ] Handle CRS







	Returns:

	An Nx2 array of lon/lat WGS84 coordinates



	Return type:

	pts_out (ndarray)





Example

>>> # xdoctest: +SKIP
>>> # xdoctest: +REQUIRES(env:SLOW_DOCTEST)
>>> from geowatch.gis.spatial_reference import *  # NOQA
>>> self = RPCTransform.demo(elevation='gtop30')
>>> pts_in = pxl_pts = np.array([
>>>     [    0,     0],
>>>     [    0, 20000],
>>>     [20000,     0],
>>>     [20000, 20000],
>>> ])
>>> wld_pts = self.warp_world_from_pixel(pxl_pts)
>>> print('wld_pts =\n{}'.format(ub.urepr(wld_pts, nl=1, precision=2)))
>>> #
>>> import osgeo
>>> from geowatch.gis.spatial_reference import *  # NOQA
>>> gpath = '/home/joncrall/data/dvc-repos/smart_watch_dvc/drop0/KR-Pyeongchang-WV/_assets/20140131_a_KRG_011778204_10_0/011778204010_01_003/011778204010_01/011778204010_01_P002_PAN/14JAN31020440-P1BS-011778204010_01_P002.NTF'
>>> #gpath = '/home/joncrall/data/dvc-repos/smart_watch_dvc/drop0/KR-Pyeongchang-WV/_assets/20140131_a_KRG_011778204_10_0/011778204010_01_003/011778204010_01/011778204010_01_P001_PAN/14JAN31020439-P1BS-011778204010_01_P001.NTF'
>>> from osgeo import gdal
>>> ref = gdal.Open(gpath)
>>> rpc_info = ref.GetMetadata(domain='RPC')
>>> pts_in = pxl_pts = np.array([
>>>     [    0,                         0],
>>>     [    0,           ref.RasterYSize],
>>>     [ref.RasterXSize, ref.RasterYSize],
>>>     [ref.RasterXSize,               0],
>>> ])
>>> self = RPCTransform.from_gdal(rpc_info, elevation='gtop30')
>>> wld_pts = self.warp_world_from_pixel(pxl_pts)
>>> kwimage.Polygon(exterior=wld_pts).draw(color='purple', alpha=0.5)
>>> #
>>> self = RPCTransform.from_gdal(rpc_info, elevation='open-elevation')
>>> self.warp_world_from_pixel(pxl_pts)










	
make_warp_pixel_from_world()

	Hack for pickelability






	
make_warp_world_from_pixel()

	Hack for pickelability










	
class geowatch.gis.spatial_reference.RPCPixelFromWorldTransform(rpc_transform)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Helper class to pickle the warp_pixel_from_world method.
I’m not sure if this is really needed. I would think a method can be
pickled if its class can be pickeld…






	
class geowatch.gis.spatial_reference.RPCWorldFromPixelTransform(rpc_transform)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Helper class to pickle the warp_world_from_pixel method.
I’m not sure if this is really needed. I would think a method can be
pickled if its class can be pickeld…








            

          

      

      

    

  

    
      
          
            
  
geowatch.gis package


Subpackages



	geowatch.gis.sensors package
	Submodules
	geowatch.gis.sensors.sentinel2 module
	sentinel2_grid()

	s2_grid_tiles_for_geometry()









	Module contents
	sentinel2_grid()















Submodules



	geowatch.gis.digital_globe module
	DigitalGlobeBundle
	DigitalGlobeBundle.parse_delivery_metadata()

	DigitalGlobeBundle.from_pointer()

	DigitalGlobeBundle.coerce()





	search_path_ancestors()





	geowatch.gis.elevation module
	ElevationDatabase
	ElevationDatabase.coerce()





	ConstantElevationDatabase
	ConstantElevationDatabase.query()





	OpenElevationDatabase
	OpenElevationDatabase.query()





	_query_open_elevation()

	DEM_Collection
	DEM_Collection.find_reference_fpath()

	DEM_Collection.query()

	DEM_Collection.gtop30()





	ensure_iterable_latlons()

	girder_gtop30_elevation_dem()

	ensure_girder_gtop30_elevation_maps()





	geowatch.gis.geotiff module
	geotiff_metadata()

	geotiff_header_info()

	geotiff_crs_info()

	make_crs_info_object()

	axis_mapping_int_to_text()

	memo_auth_from_wkt()

	InvalidFormat

	geotiff_filepath_info()

	_parser_lut()

	parse_sentinel2_product_id()

	parse_landsat_product_id()

	walk_geotiff_products()





	geowatch.gis.spatial_reference module
	RPCTransform
	RPCTransform.demo()

	RPCTransform._default_elevation()

	RPCTransform.from_gdal()

	RPCTransform._ensure_xyz()

	RPCTransform._ensure_lonlatz()

	RPCTransform.warp_pixel_from_world()

	RPCTransform.warp_world_from_pixel()

	RPCTransform.make_warp_pixel_from_world()

	RPCTransform.make_warp_world_from_pixel()





	RPCPixelFromWorldTransform

	RPCWorldFromPixelTransform











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.heuristics module

In the interest of development speed we can’t always be perfect about correctly
passing the right metadata to functions that need it. This module serves as a
place to store hard-coded heuristics so we are explicit about where we are
cutting corners or using magic numbers. The idea is that  this will make it
easier for us to go back and make the code robust.

References

https://gitlab.kitware.com/smart/annotations-wiki/-/blob/main/Annotation-Status-Types.md


	
geowatch.heuristics.HEURISTIC_END_STATES = {'Post Construction'}

	
Status Data Info

The following is a long-form table, where list-items are rows and keys are
columns to describe how to interpret IARPA annotation status labels in
different cases. More information on status labels can be found in
[TEAnnotStatus] and in our internal fork [KWAnnotStatus].


	Column Info:
	
	
	status:
	the name of the site status label







	
	color:
	what color to use for this status in visualizations. These are
mostly taken from [EvalMetricColors], but in cases where they are
undefined we make them up.







	
	kwcoco_catname:
	what category to map this status to in the kwcoco dataset (and thus
what will be learned), Note: a status is different than a phase label,
and annotations with phase labels may overwrite the kwcoco category
defined here. This is used in geowatch reproject.







	
	positive_match_confusion
	This is the label the truth is given when it has some match in our set
of positive predictions.  Denote what type of confusion a truth status
incurs when it is matched.













The following code prints a concice version of this table and shows a legend
with colors.

from geowatch.heuristics import *  # NOQA
import pandas as pd
import rich
df = pd.DataFrame(HUERISTIC_STATUS_DATA)
rich.print(df.to_string())

import kwplot
kwplot.autompl()
status_to_color = {r['status']: r['color'] for r in HUERISTIC_STATUS_DATA}
img = kwplot.make_legend_img(status_to_color, dpi=300)
kwplot.imshow(img, fnum=1)





References



[TEAnnotStatus]
https://smartgitlab.com/TE/annotations/-/wikis/Annotation-Status-Types




[KWAnnotStatus]
https://gitlab.kitware.com/smart/annotations-wiki/-/blob/main/Annotation-Status-Types.md




[EvalMetricColors]
https://smartgitlab.com/TE/metrics-and-test-framework/-/blob/main/iarpa_smart_metrics/evaluation.py#L1205











	
geowatch.heuristics.IARPA_REAL_STATUS = {'ignore': 'ignore', 'negative': ['positive_excluded', 'negative', 'negative_unbounded'], 'positive': ['positive_annotated', 'positive_annotated_static', 'positive_partial', 'positive_pending']}

	For official color definitions see:

iarpa_smart_metrics.evaluation.Evaluation.get_sm_color() and
iarpa_smart_metrics.evaluation.Evaluation.get_gt_color()






	
geowatch.heuristics.iarpa_assign_truth_confusion(truth_status, has_positive_match)

	Example

>>> from geowatch.heuristics import *  # NOQA
>>> import pandas as pd
>>> rows = []
>>> for truth_status in IARPA_STATUS_TO_INFO.keys():
>>>     for has_positive_match in [0, 1]:
>>>         gt_cfsn = iarpa_assign_truth_confusion(truth_status, has_positive_match)
>>>         rows.append({
>>>             'truth_status': truth_status,
>>>             'has_positive_match': has_positive_match,
>>>             'confusion': gt_cfsn,
>>>         })
>>> print(pd.DataFrame(rows).to_string())










	
geowatch.heuristics.iarpa_assign_pred_confusion(truth_match_statuses)

	Example

>>> from geowatch.heuristics import *  # NOQA
>>> import itertools as it
>>> truth_match_statuses = {'positive_partial', 'positive_excluded'}
>>> for combo in it.combinations(IARPA_STATUS_TO_INFO, 2):
>>>     truth_match_statuses = combo
>>>     pred_cfsn = iarpa_assign_pred_confusion(truth_match_statuses)
>>>     print(f'{pred_cfsn=} for {truth_match_statuses}')










	
geowatch.heuristics.TAG_IF(tag, condition)

	




	
geowatch.heuristics.CONDITION(op, args)

	




	
geowatch.heuristics.ALL(*args)

	




	
geowatch.heuristics.hack_track_categories(track_catnames, task)

	
	Returns:

	Modified categories



	Return type:

	List[str [https://docs.python.org/3/library/stdtypes.html#str]]





Example

>>> from geowatch.heuristics import *  # NOQA
>>> basis = {
>>>     #'task': ['class', 'saliency'],
>>>     'task': ['class'],
>>>     'track_catnames': [
>>>         ['No Activity'],
>>>         ['Post Construction'],
>>>         ['Post Construction', 'Post Construction', ],
>>>         ['Post Construction', 'Post Construction', 'Post Construction', ],
>>>         ['No Activity', 'ignore', 'ignore'],
>>>         ['No Activity', 'Post Construction'],
>>>         ['No Activity', 'Site Preparation', 'Post Construction'],
>>>     ],
>>> }
>>> for kw in ub.named_product(basis):
>>>     task = kw['task']
>>>     track_catnames = kw['track_catnames']
>>>     kw['new_catnames'] = hack_track_categories(track_catnames, task)
>>>     print('kw = {}'.format(ub.urepr(kw, nl=1)))





Example

>>> from geowatch.heuristics import *  # NOQA
>>> track_catnames = ['negative', 'negative']
>>> task = 'saliency'
>>> result = hack_track_categories(track_catnames, task)
>>> print(result)
['negative', 'negative']










	
geowatch.heuristics.ensure_heuristic_coco_colors(coco_dset, force=False)

	
	Parameters:

	
	coco_dset (kwcoco.CocoDataset) – object to modify


	force (bool) – if True, overwrites existing colors if needed









Todo


	
	[ ] Move this non-heuristic functionality to
	kwcoco.CocoDataset.ensure_class_colors()











Example

>>> from geowatch.heuristics import *  # NOQA
>>> import kwcoco
>>> coco_dset = kwcoco.CocoDataset.demo()
>>> ensure_heuristic_coco_colors(coco_dset)
>>> assert all(c['color'] for c in coco_dset.cats.values())










	
geowatch.heuristics.ensure_heuristic_category_tree_colors(classes, force=False)

	
	Parameters:

	
	classes (kwcoco.CategoryTree) – object to modify


	force (bool) – if True, overwrites existing colors if needed









Todo


	
	[ ] Move this non-heuristic functionality to
	kwcoco.CategoryTree.ensure_colors()







	[ ] Consolidate with ~/code/watch/geowatch/tasks/fusion/utils :: category_tree_ensure_color


	[ ] Consolidate with ~/code/watch/geowatch/utils/kwcoco_extensions :: category_category_colors


	[ ] Consolidate with ~/code/watch/geowatch/heuristics.py :: ensure_heuristic_category_tree_colors


	[ ] Consolidate with ~/code/watch/geowatch/heuristics.py :: ensure_heuristic_coco_colors






Example

>>> from geowatch.heuristics import *  # NOQA
>>> import kwcoco
>>> classes = kwcoco.CategoryTree.coerce(['ignore', 'positive', 'Active Construction', 'foobar', 'Unknown', 'baz'])
>>> ensure_heuristic_category_tree_colors(classes)
>>> assert all(d['color'] for n, d in classes.graph.nodes(data=True))










	
geowatch.heuristics._ensure_distinct_dict_colors(data_dicts, force=False)

	




	
geowatch.heuristics.dummy_legend()

	from geowatch.heuristics import *  # NOQA
dummy_legend()






	
geowatch.heuristics.build_image_header_text(**kwargs)

	A heuristic for what sort of info is useful to plot on the header of an
image.


	Kwargs:
	img
coco_dset
vidname,
_header_extra

gid,
frame_index,
dset_idstr,
name,
sensor_coarse,
date_captured





Example

>>> from geowatch.heuristics import *  # NOQA
>>> img = {
>>>     'id': 1,
>>>     'frame_index': 0,
>>>     'date_captured': '2020-01-01',
>>>     'name': 'BLARG',
>>>     'sensor_coarse': 'Sensor1',
>>> }
>>> kwargs = {
>>>     'img': img,
>>>     'dset_idstr': '',
>>>     'name': '',
>>>     '_header_extra': None,
>>> }
>>> header_lines = build_image_header_text(**kwargs)
>>> print('header_lines = {}'.format(ub.urepr(header_lines, nl=1)))










	
geowatch.heuristics.auto_expt_dvc()

	




	
geowatch.heuristics.auto_data_dvc()

	




	
geowatch.heuristics.normalize_sensors(coco_dset, sensor_warnings=True, format='te')

	Convert to / from internal representations or IAPRA sensor standards






	
geowatch.heuristics.extract_region_id(fname)

	Example

>>> fname = 'foobar_KR_R001_otherstuff'
>>> extract_region_id(fname)












            

          

      

      

    

  

    
      
          
            
  
geowatch.mlops.__main__ module

Exposes the mlops tools in the CLI


	
geowatch.mlops.__main__.main(cmdline=None, **kwargs)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.mlops.aggregate module

Loads results from an evaluation, aggregates them, and reports text or visual
results.

This is the main entry point for the mlops.aggregate CLI. It contains the logic
to consolidate rows of results into macro averages and compute a parameter
hashid (param_hashid) for each row. It also contains the basic text report
logic (although maybe that should be moved out?). It relies on several other
files in this directory


	aggregate_loader.py - handles the loading of individual rows from mlops output


	aggregate_plots.py - handles plotting relationships between parameters and metrics


	
	smart_global_helper.py - quick and dirty project specific stuff that ideally wont
	get in the way of general use-cases but should eventually be factored out.










	
class geowatch.mlops.aggregate.AggregateLoader(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Base config that will be mixed in to the AggregateEvluationConfig.
This config just defines parts related to constructing the
Aggregator objects (i.e.  loading the tables).

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
coerce_aggregators()

	




	
default = {'cache_resolved_results': <Value(True)>, 'eval_nodes': <Value(None)>, 'io_workers': <Value('avail')>, 'pipeline': <Value('joint_bas_sc')>, 'target': <Value(None)>}

	




	
normalize()

	








	
class geowatch.mlops.aggregate.AggregateEvluationConfig(*args, **kwargs)

	Bases: AggregateLoader

Aggregates results from multiple DAG evaluations.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'cache_resolved_results': <Value(True)>, 'embed': <Value(False)>, 'eval_nodes': <Value(None)>, 'export_tables': <Value(False)>, 'inspect': <Value(None)>, 'io_workers': <Value('avail')>, 'output_dpath': <Value('./aggregate')>, 'pipeline': <Value('joint_bas_sc')>, 'plot_params': <Value(False)>, 'query': <Value(None)>, 'resource_report': <Value(False)>, 'rois': <Value('auto')>, 'stdout_report': <Value(True)>, 'symlink_results': <Value(False)>, 'target': <Value(None)>}

	




	
main(**kwargs)

	




	
normalize()

	








	
geowatch.mlops.aggregate.main(cmdline=True, **kwargs)

	




	
class geowatch.mlops.aggregate.TopResultsReport(region_id_to_summary, top_param_lut)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Object to hold the result of Aggregator.report_best().






	
class geowatch.mlops.aggregate.AggregatorAnalysisMixin

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Analysis methods for Aggregator.


	
macro_analysis()

	




	
varied_param_counts(min_variations=2, dropna=False)

	




	
analyze(metrics_of_interest=None)

	Does a stats analysis on each varied parameter. Note this makes
independence assumptions that may not hold in general.






	
report_best(top_k=100, shorten=True, per_group=None, verbose=1, reference_region=None, print_models=False, concise=False, show_csv=False) → TopResultsReport

	Report the top k pointwise results for each region / macro-region.


Note

Results are chosen per-region independently. To get comparable
results for a specific set of parameters choose a
reference_region, which could be a macro region.




	Parameters:

	
	top_k (int) – number of top results for each region


	shorten (bool) – if True, shorten the columns by removing
non-ambiguous prefixes wrt to a known node type.


	concise (bool) – if True, remove certain columns that communicate context for a
more concise report.


	reference_region (str | None) – if specified filter the top results in all other regions to
only be with respect to the top results in this region (or
macro region). Can be set to the special key “final” to choose
the last region, which is typically a macro region.


	show_csv (bool) – also print as a CSV suitable for copy/paste into google sheets.






	Returns:

	contains:
region_id_to_summary (T1=Dict[str, DataFrame]):


mapping from region_id to top k results





	top_param_lut (T2=Dict[str, DataFrame]):
	mapping from param hash to invocation details









	Return type:

	TopResultsReport










	
resource_summary_table()

	




	
report_resources()

	




	
make_summary_analysis(config)

	




	
make_result_node_symlinks()

	Builds symlinks to results node paths based on region and param
hashids.






	
build_plotter(rois=None, plot_config=None)

	




	
plot_all(rois=None, plot_config=None)

	




	
_wip_build_per_region_variance_tables()

	








	
class geowatch.mlops.aggregate.Aggregator(table, output_dpath=None, type=None, primary_metric_cols='auto', display_metric_cols='auto')

	Bases: NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr], AggregatorAnalysisMixin

Stores multiple data frames that separate metrics, parameters, and other
information using consistent pandas indexing. Can be filtered to a
comparable subsets of choice. Can also handle building macro averaged
results over different “regions” with the same parameters.

Set config based on your problem


	Parameters:

	
	table (pandas.DataFrame) – a table with a specific column structure (e.g. built by the
aggregate_loader). See the demo for an example. Needs more docs
here.


	output_dpath (None | PathLike) – Path where output aggregate results should be written


	type (str | None) – should not need to specify this anymore. This should just be
the “node” column in the table.


	primary_metric_cols (List[str] | Literal[‘auto’]) – if “auto”, then the “type” must be known by the global helpers.
Otherwise list the metric columns in the priority that should
be used to rank the rows.


	display_metric_cols (List[str] | Literal[‘auto’]) – if “auto”, then the “type” must be known by the global helpers.
Otherwise list the metric columns in the order they should be
displayed (after the primary metrics).









	
classmethod demo(num=10, rng=None)

	Build a demo aggregator for testing.

This gives an example of the very particular column format that is
expected as input the the aggregator.


	Parameters:

	num (int) – number of rows





Example

>>> from geowatch.mlops.aggregate import *  # NOQA
>>> agg = Aggregator.demo(rng=0, num=100)
>>> print(agg.table)
>>> agg.build()
>>> agg.analyze()
>>> agg.resource_summary_table()
>>> agg.report_best()










	
build()

	Inspect the aggregator’s table and build supporting information






	
property primary_macro_region

	




	
filterto(index=None, models=None, param_hashids=None, query=None)

	Build a new aggregator with a subset of rows from this one.


	Parameters:

	
	index (List | pd.Index) – a subset of pandas row indexes to restrict to


	models (List[str]) – list of effective model names (not paths) to restrict to.


	param_hashids (List[str]) – list of parameter hashids to restrict to


	query (str) – A custom query string currently parsed our_hack_query(),
which can either be a DataFrame.query or a simple eval using
df as the dataframe variable (i.e. agg.table) that
should resolve to flags or indexes to indicates which rows to
take. See the example for demo usage.






	Returns:

	A new aggregator with a subset of data



	Return type:

	Aggregator





Example

>>> from geowatch.mlops.aggregate import *  # NOQA
>>> agg = Aggregator.demo(rng=0, num=100)
>>> agg.build()
>>> subagg = agg.filterto(query='df["context.demo_node.uuid"].str.startswith("c")')
>>> assert len(subagg) > 0, 'query should return something'
>>> assert subagg.table['context.demo_node.uuid'].str.startswith('c').all()
>>> assert not agg.table['context.demo_node.uuid'].str.startswith('c').all()
>>> print(subagg.table['context.demo_node.uuid'])










	
compress(flags)

	




	
property metrics

	




	
property resources

	




	
property index

	




	
property params

	




	
property requested_params

	




	
property specified_params

	




	
property resolved_params

	




	
build_effective_params()

	Consolodate / cleanup / expand information

THIS COMPUTES THE param_hashid COLUMN!

The “effective params” normalize the full set of given parameters so we
can compute more consistent param_hashid. This is done by condensing
paths (which is a debatable design decision) as well as mapping
non-hashable data to strings.

Populates:



	self.hashid_to_params


	self.mappings


	self.effective_params












	
find_macro_comparable(verbose=0)

	Search for groups that have the same parameters over multiple regions.

We determine if two columns have the same parameters by using the
param_hashid, so the details of how that is computed (and which
parameters are ignored when computing it - e.g. paths to datasets) has
a big impact on the behavior of this function.


	SeeAlso:
	
	Aggregator.build_effective_params() -
	the method that determines what parameters go into the
param_hashid, and how to normalize them.














	
gather_macro_compatable_groups(regions_of_interest)

	Given a set of ROIs, find groups in the comparable regions that contain
all of the requested ROIs.






	
_coerce_rois(rois=None)

	




	
build_macro_tables(rois=None, **kwargs)

	Builds one or more macro tables






	
build_single_macro_table(rois, average='mean')

	Builds a single macro table for a choice of regions.

There is some hard-coded values in this function, but the core idea is
general, and they just need to be parameterized correctly.


	Parameters:

	average (str) – mean or gmean














	
geowatch.mlops.aggregate.inspect_node(subagg, id, row, group_agg, agg_group_dpath)

	




	
geowatch.mlops.aggregate.aggregate_param_cols(df, aggregator=None, hash_cols=None, allow_nonuniform=False)

	Aggregates parameter columns. Specified hash_cols should be
dataset-specific columns to be hashed. All other columns should
be effectively the same, otherwise we will warn.


	Parameters:

	hash_cols (None | List[str]) – columns whos values should be hashed together.






Todo


	[ ] optimize this


	[ ] Rectify with ~/code/watch/geowatch/utils/util_pandas.py :: aggregate_columns






Example

>>> from geowatch.mlops.aggregate import *  # NOQA
>>> import pandas as pd
>>> agg = Aggregator.demo(num=3)
>>> agg.build()
>>> df = pd.concat([agg.table] * 3).reset_index()
>>> import scipy.stats.mstats
>>> gmean = scipy.stats.mstats.gmean
>>> aggregator = {'metrics.demo_node.metric1': gmean}
>>> hash_cols = 'param_hashid'
>>> allow_nonuniform = True
>>> hash_cols = ['region_id'] + agg.test_dset_cols
>>> aggregate_param_cols(df, aggregator=aggregator, hash_cols=hash_cols, allow_nonuniform=allow_nonuniform)










	
geowatch.mlops.aggregate.macro_aggregate(agg, group, aggregator, average='mean')

	Helper function






	
geowatch.mlops.aggregate.hash_param(row, version=1)

	Rule of thumb for probability of a collision:


base, length = 16, 8
rule_of_thumb = np.sqrt(base ** length)
rule_of_thumb = base ** (length // 2)
print(f’rule_of_thumb={rule_of_thumb}’)

base, length = 26, 12
rule_of_thumb = np.sqrt(base ** length)
rule_of_thumb = base ** (length // 2)
print(f’rule_of_thumb={rule_of_thumb}’)









	
geowatch.mlops.aggregate.hash_regions(rois)

	




	
geowatch.mlops.aggregate.nan_eq(a, b)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.mlops.aggregate_loader module

Logic for loading raw results from the MLops DAG root dir.

Used by ./aggregate.py


	
geowatch.mlops.aggregate_loader.build_tables(root_dpath, pipeline, io_workers, eval_nodes, cache_resolved_results)

	




	
geowatch.mlops.aggregate_loader._lookup_result_loader(node_name)

	




	
geowatch.mlops.aggregate_loader.load_result_worker(fpath, node_name, out_node_key, use_cache=True)

	




	
geowatch.mlops.aggregate_loader.new_process_context_parser(proc_item)

	Load parameters out of data saved by a ProcessContext object






	
geowatch.mlops.aggregate_loader.load_result_resolved(node_dpath)

	Recurse through the DAG filesytem structure and load resolved
configurations from each step.


	Parameters:

	node_dpath (str | PathLike) – the path to the evaluation node directory. The specific type of
evaluation node must have a known (currently hard-coded) condition
in this function that knows how to parse it.



	Returns:

	Dict - flat_resolved - a flat dot-dictionary with resolved params






Todo

Some mechanism to let the user specify how to parse an evaluation node
of a given type.








	
geowatch.mlops.aggregate_loader._generalized_process_flat_resolved(fpath, node_process_name, node_type)

	Parses info out of json files where we conform to a pattern that the top
level json object has an “info” section as list of ProcessContext info
objects. We grab the context of a metric-less node there. We do need to
know the filepath of this json file and what the name used in process
context was.






	
geowatch.mlops.aggregate_loader.out_node_matching_fpaths(out_node)

	




	
geowatch.mlops.aggregate_loader._hashnp_bool(data)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.mlops.aggregate_plots module

Plotting logic for Aggregator. These plots illustrate the relationshp
between parameters and metrics from various vantage points.

Used by ./aggregate.py


	
geowatch.mlops.aggregate_plots.build_plotter(agg, rois, plot_config)

	




	
geowatch.mlops.aggregate_plots.build_all_param_plots(agg, rois, plot_config)

	Main entry point for plotting results from an Aggregator.






	
geowatch.mlops.aggregate_plots.build_special_columns(agg)

	




	
geowatch.mlops.aggregate_plots.preprocess_table_for_seaborn(agg, table)

	




	
class geowatch.mlops.aggregate_plots.ParamPlotter(agg, vantage_points=None)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Builds the scatter plots and barcharts over different params.
Working on cleaning this up


	
plot_requested()

	




	
plot_resources()

	




	
plot_overviews()

	




	
plot_params()

	




	
plot_vantage_per_region_overview(vantage)

	




	
plot_vantage_macro_overview(vantage)

	




	
plot_vantage_params(vantage, pman=None)

	




	
_add_sv_hack_lines(ax, table, x, y)

	








	
geowatch.mlops.aggregate_plots.edit_distance(string1, string2)

	Edit distance algorithm. String1 and string2 can be either
strings or lists of strings


	Parameters:

	
	string1 (str | List[str])


	string2 (str | List[str])









	Requirements:
	pip install python-Levenshtein






	Returns:

	float | List[float] | List[List[float]]





Example

>>> # xdoctest: +REQUIRES(module:Levenshtein)
>>> string1 = 'hello world'
>>> string2 = ['goodbye world', 'rofl', 'hello', 'world', 'lowo']
>>> edit_distance(['hello', 'one'], ['goodbye', 'two'])
>>> edit_distance('hello', ['goodbye', 'two'])
>>> edit_distance(['hello', 'one'], 'goodbye')
>>> edit_distance('hello', 'goodbye')
>>> distmat = edit_distance(string1, string2)
>>> result = ('distmat = %s' % (ub.repr2(distmat),))
>>> print(result)
>>> [7, 9, 6, 6, 7]










	
geowatch.mlops.aggregate_plots.shrink_param_names(param_name, param_values, text_len_thresh=20)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.mlops.confusor_analysis module

This is a SMART-specific analysis of TP/FP/TN/FN site cases with
visualizations.

#### LORES

DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=hdd)
python -m geowatch.mlops.confusor_analysis 


–metrics_node_dpath /home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_drop7_nowinter_baseline_joint_bas_sc/eval/flat/bas_poly_eval/bas_poly_eval_id_ec937017/ –out_dpath /home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_drop7_nowinter_baseline_joint_bas_sc/eval/flat/bas_poly_eval/bas_poly_eval_id_ec937017/lores-confusion –true_region_dpath=”$DVC_DATA_DPATH”/annotations/drop7/region_models –true_site_dpath=”$DVC_DATA_DPATH”/annotations/drop7/site_models –viz_sites=True –reload=0




#### TEST WITH HIGHRES KWCOCO

# ON KR_R002

DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=hdd)
python -m geowatch.mlops.confusor_analysis 


–metrics_node_dpath /home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_drop7_nowinter_baseline_joint_bas_sc/eval/flat/bas_poly_eval/bas_poly_eval_id_ec937017/ –true_region_dpath=”$DVC_DATA_DPATH”/annotations/drop7/region_models –true_site_dpath=”$DVC_DATA_DPATH”/annotations/drop7/site_models –src_kwcoco=$DVC_DATA_DPATH/Aligned-Drop7/KR_R002/imgonly-KR_R002.kwcoco.zip –viz_sites=True –reload=0




#### TEST WITH AC KWCOCO

DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=hdd)
python -m geowatch.mlops.confusor_analysis 


–metrics_node_dpath /home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_demo_ac_eval/eval/flat/sc_poly_eval/sc_poly_eval_id_f689ba48 –true_region_dpath=”$DVC_DATA_DPATH”/annotations/drop7/region_models –true_site_dpath=”$DVC_DATA_DPATH”/annotations/drop7/site_models –viz_sites=True –reload=1





	
class geowatch.mlops.confusor_analysis.ConfusorAnalysisConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Requires that IARPA metrics are computed

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
_infer_from_mlops_node()

	




	
default = {'ac_kwcoco': <Value(None)>, 'bas_kwcoco': <Value(None)>, 'bas_metric_dpath': <Value(None)>, 'detections_fpath': <Value(None)>, 'dst_kwcoco': <Value(None)>, 'embed': <Value(False)>, 'metrics_node_dpath': <Value(None)>, 'out_dpath': <Value(None)>, 'performer_id': <Value('kit')>, 'pred_sites': <Value(None)>, 'proposals_fpath': <Value(None)>, 'region_id': <Value(None)>, 'reload': <Value(False)>, 'src_kwcoco': <Value(None)>, 'stage_to_metrics': <Value(None)>, 'stage_to_sites': <Value(None)>, 'strict': <Value(False)>, 'true_region_dpath': <Value(None)>, 'true_site_dpath': <Value(None)>, 'viz_sites': <Value(False)>, 'viz_summary': <Value(False)>}

	




	
normalize()

	








	
geowatch.mlops.confusor_analysis.main(cmdline=1, **kwargs)

	CommandLine

xdoctest -m /home/joncrall/code/watch/geowatch/mlops/confusor_analysis.py main
HAS_DVC=1 xdoctest -m geowatch.mlops.confusor_analysis main:0





Example

>>> # xdoctest: +REQUIRES(env:HAS_DVC)
>>> from geowatch.mlops.confusor_analysis import *  # NOQA
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> region_id = 'NZ_R001'
>>> true_site_dpath = data_dvc_dpath / 'annotations/drop6/site_models'
>>> true_region_dpath = data_dvc_dpath / 'annotations/drop6/region_models'
>>> src_kwcoco = data_dvc_dpath / f'Drop6-MeanYear10GSD/imgonly-{region_id}.kwcoco.zip'
>>> dst_kwcoco = data_dvc_dpath / f'Drop6-MeanYear10GSD/confusor-{region_id}.kwcoco.zip'
>>> dag_dpath = ub.Path('/data/joncrall/dvc-repos/smart_expt_dvc/_airflow/ta2_preeval10_pyenv_t33_post3')
>>> dpath = dag_dpath / region_id
>>> bas_metric_dpath = dpath / 'metrics/overall/bas'
>>> #bas_metric_dpath = dpath / 'local_metrics' / region_id / 'overall/bas'
>>> out_dpath = dpath / 'local_metrics'
>>> cmdline = 0
>>> kwargs = dict(
>>>     bas_metric_dpath=bas_metric_dpath,
>>>     pred_sites=(dpath / 'sc-fusion/sc_out_site_models'),
>>>     true_site_dpath=true_site_dpath,
>>>     true_region_dpath=true_region_dpath,
>>>     out_dpath=out_dpath,
>>>     dst_kwcoco=dst_kwcoco,
>>>     src_kwcoco=src_kwcoco,
>>>     region_id=region_id,
>>> )
>>> main(cmdline=cmdline, **kwargs)










	
class geowatch.mlops.confusor_analysis.ConfusionAnalysis(config)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Note: this class is a refactoring of a large mono-function so its functions
need to be called in a particular order.


	
reload()

	Reloads data we assume is previously written


	FIXME:
	be robust to the case of anyone putting bad files in these dirs










	
load_geojson_models()

	Loads the true and predicted site models






	
load_confusion_assignment()

	Load the association between true and predicted site models computed by
the metrics framework.


Note

The possible confusion codes and the corresponding confusion_color
are assigned in geowatch.heuristics.IARPA_CONFUSION_COLORS








	
load_new_stage_stuff()

	We should redo confusion stuff at each stage of the pipeline and
determine when mistakes and good decisions are made.






	
add_confusion_to_geojson_models()

	Modify region / site models with a confusion info in their cache.

Add properties to each site model (and their associated site summaries)
indicating the type of confusion they are causing based on the
following “confusion specs”.

True Confusion Spec
-------------------

"cache":  {
    "confusion": {
        "true_site_id": str,          # redundant site id information,
        "pred_site_ids": List[str],   # the matching predicted site ids,
        "type": str,                  # the type of true confusion assigned by T&E
        "color": str,                 # a named color coercable via kwimage.Color.coerce
    }
}

Predicted Confusion Spec
-------------------

"cache":  {
    "confusion": {
        "pred_site_id": str,          # redundant site id information,
        "true_site_ids": List[str],   # the matching predicted site ids,
        "type": str,        # the type of predicted confusion assigned by T&E
        "color": str,       # a named color coercable via kwimage.Color.coerce
    }
}










	
build_hard_cases()

	Build feedback to retrain on. Does to things:

1. Find the false positive cases that do not overlap with any truth and
add them as negative examples to a new set of “hard annotations”.


	Finds the false negative examples and increases their weight.









	
dump_confusion_geojson()

	Write confusion geojson files for visualization and analysis






	
dump_hardneg_geojson()

	Write new annotation file that can be fed back to the system.






	
dump_hardneg_kwcoco()

	Write kwcoco files for potential system feedback (not used atm)






	
dump_confusion_kwcoco()

	Write confusion kwcoco files for visualization and analysis






	
dump_summary_viz()

	Too slow






	
dump_site_case_viz()

	Per-site visualization for analysis and presentations.






	
build_site_confusion_cases()

	Build a set of cases that inspect the predictions of a single site.










	
geowatch.mlops.confusor_analysis.make_case(pred_sites, true_sites, true_utm_geoms, pred_utm_geoms, main_pred_idx, region_start_date, region_end_date, performer_id, type_)

	Build a dict with enough into to make a plot






	
geowatch.mlops.confusor_analysis.visualize_case(coco_dset, case, true_id_to_site, pred_id_to_site)

	Creates a visualization for a confusion case.

cases = sorted(cases, key=lambda x: x[‘time_iou’])[::-1]
case = cases[1]






	
geowatch.mlops.confusor_analysis.make_pred_score_timeline(main_pred_site)

	




	
geowatch.mlops.confusor_analysis.make_case_timeline(case)

	executor = ub.Executor(‘process’, max_workers=1)
future = executor.submit(make_case_timeline, case)
future.result()






	
geowatch.mlops.confusor_analysis.visualize_all_timelines(cases, coco_dset, type_to_sites, type_to_summary)

	




	
geowatch.mlops.confusor_analysis.differentiate_site_id(site_id, tag)

	




	
geowatch.mlops.confusor_analysis.fix_site_id(site_id, region_id, performer_id)

	




	
geowatch.mlops.confusor_analysis.coco_upgrade_track_ids(coco_dset)

	




	
geowatch.mlops.confusor_analysis.make_summary_visualization(dst_dset, viz_dpath)

	




	
geowatch.mlops.confusor_analysis.to_styled_kml(data)

	Make a kml version of the geojson that works nice with QGIS






	
geowatch.mlops.confusor_analysis.nan_to_null(x)

	




	
geowatch.mlops.confusor_analysis.safediv(a, b)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.mlops.manager module

This is the CLI for expt_state

Synchronize DVC states across the machine.

This is a new Phase2 Variant of this script.

Example

export DVC_DATA_DPATH=$(geowatch_dvc –tags=”phase2_data”)
export DVC_EXPT_DPATH=$(geowatch_dvc –tags=”phase2_expt”)
cd $DVC_EXPT_DPATH

python -m geowatch.mlops.manager “status” –dataset_codes “Aligned-Drop4-2022-08-08-TA1-S2-WV-PD-ACC”

python -m geowatch.mlops.manager “status” –dataset_codes “Drop6”
python -m geowatch.mlops.manager “push packages” –dataset_codes “Drop6”
python -m geowatch.mlops.manager “push packages” –dataset_codes “Drop6-MeanYear10GSD”

python -m geowatch.mlops.manager “pull packages” –dataset_codes “Aligned-Drop4-2022-08-08-TA1-S2-WV-PD-ACC”

python -m geowatch.mlops.manager “push packages”
python -m geowatch.mlops.manager “status packages”

python -m geowatch.mlops.manager “status” –dataset_codes Drop4-SC

python -m geowatch.mlops.manager “list” –dataset_codes Drop4-BAS
python -m geowatch.mlops.manager “list” –dataset_codes Aligned-Drop4-2022-08-08-TA1-S2-WV-PD-ACC
python -m geowatch.mlops.manager “list” –dataset_codes Drop6 Drop4-BAS
python -m geowatch.mlops.manager “list” –dataset_codes Drop6-MeanYear10GSD
python -m geowatch.mlops.manager “list” –dataset_codes Drop6 Drop6-MeanYear10GSD-V2
python -m geowatch.mlops.manager “list” –dataset_codes Drop6 Drop6-MedianSummer10GSD

python -m geowatch.mlops.manager “push packages” –dataset_codes Drop6-MeanYear10GSD –yes
python -m geowatch.mlops.manager “push packages” –dataset_codes Drop6-MeanYear10GSD-V2 –yes
python -m geowatch.mlops.manager “push packages” –dataset_codes Drop6-MedianSummer10GSD –yes
python -m geowatch.mlops.manager “push packages” –dataset_codes Drop6-NoWinterMedian10GSD –yes
python -m geowatch.mlops.manager “push packages” –dataset_codes Drop7-MedianNoWinter10GSD –yes
python -m geowatch.mlops.manager “push packages” –dataset_codes Drop7-MedianNoWinter10GSD-NoMask –yes
python -m geowatch.mlops.manager “push packages” –dataset_codes Drop7-Cropped2GSD –yes
python -m geowatch.mlops.manager “push packages” –dataset_codes Drop7-Cropped2GSD-V2 –yes

HACK_SAVE_ANYWAY=1 python -m geowatch.mlops.manager “push packages” –dataset_codes Drop7-Cropped2GSD –yes

python -m geowatch.mlops.manager “list packages” –dataset_codes Drop7-Cropped2GSD

python -m geowatch.mlops.manager “status” –dataset_codes Drop6-MeanYear10GSD-V2
python -m geowatch.mlops.manager “pull packages” –dataset_codes Drop6-MeanYear10GSD –yes
python -m geowatch.mlops.manager “pull packages” –dataset_codes Drop6-MeanYear10GSD-V2 –yes
python -m geowatch.mlops.manager “pull packages” –dataset_codes Drop6-MedianSummer10GSD –yes
python -m geowatch.mlops.manager “pull packages” –dataset_codes Drop6-NoWinterMedian10GSD –yes
python -m geowatch.mlops.manager “pull packages” –dataset_codes Drop7-MedianNoWinter10GSD –yes
python -m geowatch.mlops.manager “pull packages” –dataset_codes Drop7-MedianNoWinter10GSD-NoMask –yes

python -m geowatch.mlops.manager “pull packages” –dataset_codes Drop6-MeanYear10GSD-V2 –yes

python -m geowatch.mlops.manager “list packages” –dataset_codes Drop7-MedianNoWinter10GSD
python -m geowatch.mlops.manager “list packages” –dataset_codes Drop7-MedianNoWinter10GSD-NoMask

# On training machine
python -m geowatch.mlops.manager “push packages” –dataset_codes Drop6
python -m geowatch.mlops.manager “push packages” –dataset_codes “Aligned-Drop4-2022-08-08-TA1-S2-WV-PD-ACC”

# On testing machine
python -m geowatch.mlops.manager “pull packages” –dataset_codes Drop6
python -m geowatch.mlops.manager “pull packages” –dataset_codes Drop7-MedianNoWinter10GSD-NoMask Drop7-MedianNoWinter10GSD –yes
python -m geowatch.mlops.manager “list packages” –dataset_codes Drop7-MedianNoWinter10GSD-NoMask Drop7-MedianNoWinter10GSD Drop7-MedianNoWinter10GSD-iMERIT –yes
python -m geowatch.mlops.manager “status”

# Run evals on testing machine
python -m geowatch.mlops.manager “evaluate” –dataset_codes “Aligned-Drop4-2022-08-08-TA1-S2-WV-PD-ACC”

# On testing machine
python -m geowatch.mlops.manager “push evals”

# On analysis machine
python -m geowatch.mlops.manager “pull evals”


Todo

### Make the Experiment Evaluation Reporter more robust and generalize to
### more problems.

It should quickly show the best models for various metric and it should be
easy for the user to inspect them further.  For example say the best model
of interest was:

MODEL_OF_INTEREST=”Drop4_BAS_Retrain_V002_epoch=45-step=23552”
MODEL_OF_INTEREST=”Drop4_BAS_Continue_15GSD_BGR_V004_epoch=78-step=323584”

# TODO:
# There is a problem with multiple .pt suffixes, just dont use any

# You should be able to pull things wrt to that model

python -m geowatch.mlops.manager “pull packages” –model_pattern=”${MODEL_OF_INTEREST}*”
python -m geowatch.mlops.manager “pull evals” –model_pattern=”${MODEL_OF_INTEREST}*”
python -m geowatch.mlops.manager “status” –model_pattern=”${MODEL_OF_INTEREST}*”

python -m geowatch.mlops.manager “status” –dataset_codes=Drop6
python -m geowatch.mlops.manager “add packages” –dataset_codes=Drop6




	
class geowatch.mlops.manager.ManagerConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Manage trained models in the GeoWATCH experiment DVC repo.

Certain parts of these names have special nomenclature to make them easier
to work with in Python and Bash.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'command': <Value(None)>, 'dataset_codes': <Value('*')>, 'dvc_remote': <Value('aws')>, 'expt_dvc_dpath': <Value('auto')>, 'model_pattern': <Value('*')>, 'yes': <Value(False)>}

	




	
main(**kwargs)

	








	
geowatch.mlops.manager.main(cmdline=True, **kwargs)

	




	
class geowatch.mlops.manager.DVCExptManager(expt_dvc_dpath, dvc_remote='aws', dataset_codes='*', model_pattern='*')

	Bases: NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr]

Implements an API around our DVC structure, which can be described as
follows.


Todo


	[ ] If we can somehow generate the output paths based on the




pipeline, then we will be in a very good position.



Notes


	<expt_dvc_dpath>
	
	
	training
	
	<hostname>/<user>/<dataset_code>/runs/<expt_name>/lightning_logs/…










	
	models
	
	<task>


	fusion/<dataset_code>/packages/<expt_name>/<model_name.pt>


	fusion/<dataset_code>/pred/<expt_name>/<model_name.pt>/***


	fusion/<dataset_code>/eval/<expt_name>/<model_name.pt>/***














	A breakdown of the packages dir is:
	packages/<expt_name>/<model_name.pt>





Example

>>> # xdoctest: +REQUIRES(env:DVC_EXPT_DPATH)
>>> from geowatch.mlops.manager import *  # NOQA
>>> import geowatch
>>> expt_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_expt')
>>> dataset_codes = ['Drop4-BAS']
>>> manager = DVCExptManager(expt_dvc_dpath=expt_dvc_dpath, dataset_codes=dataset_codes)
>>> manager.list()
>>> manager.summarize()





self = manager.stats[0]
self.list()
util_pandas.pandas_truncate_items(self.staging_table(), paths=0, max_length=32)[0]


	
summarize()

	




	
list()

	




	
classmethod coerce(expt_dvc_dpath=None)

	




	
_build_states()

	




	
pull_packages(yes=None)

	




	
add_packages(yes=None)

	TODO: break this up into smaller components.






	
push_packages(yes=None)

	TODO: break this up into smaller components.






	
push(targets, yes=None)

	




	
pull(targets, yes=None)

	




	
reverse_hash_lookup(key)

	








	
class geowatch.mlops.manager.ExperimentState(expt_dvc_dpath, dataset_code='*', dvc_remote=None, data_dvc_dpath=None, model_pattern='*', storage_dpath=None)

	Bases: NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr]


	
VERSIONED_COLUMNS = ['type', 'has_dvc', 'has_raw', 'needs_pull', 'is_link', 'is_broken', 'unprotected', 'needs_push', 'raw', 'dvc', 'dataset_code']

	




	
STAGING_COLUMNS = ['ckpt_exists', 'is_packaged', 'is_copied', 'needs_package', 'needs_copy']

	




	
_build_path_patterns()

	




	
_parse_pattern_attrs(template, path)

	




	
staging_rows()

	A staging item are items that are the result of non-deterministic
processes like training. These are not versioned or recomputable.
These are things in the training directory that need to be repackaged
or copied into the versioned folder.






	
versioned_rows(with_attrs=1, types=None, notypes=None)

	Versioned items are things that are tracked with DVC. These are
packages and evaluation measures.






	
staging_table()

	




	
versioned_table(**kw)

	Get a list of dictionaries with information for each known evaluation.

Information includes its real path if it exists, its dvc path if it exists
and what sort of actions need to be done to synchronize it.






	
cross_referenced_tables()

	




	
list()

	




	
summarize()

	from mlops.aggregate import Aggregate
agg = Aggregate(table)
agg.build()






	
package_checkpoints(yes=None)

	




	
copy_packages_to_dvc(yes=None)

	




	
add_packages_to_dvc(yes=None)

	




	
add_packages(yes=None)

	This does what repackage used to do.
Repackages checkpoints as torch packages, copies them to the DVC repo,
and then adds them to DVC.






	
push_packages(yes=None)

	This does what repackage used to do.
Repackages checkpoints as torch packages, copies them to the DVC repo,
and then adds them to DVC.

>>> # xdoctest: +REQUIRES(env:DVC_EXPT_DPATH)
>>> from geowatch.mlops.manager import *  # NOQA
>>> import geowatch
>>> expt_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_expt')
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data')
>>> dataset_code = 'Aligned-Drop4-2022-08-08-TA1-S2-L8-ACC'
>>> self = ExperimentState(expt_dvc_dpath, dataset_code, data_dvc_dpath)
>>> self.summarize()














	
geowatch.mlops.manager.checkpoint_filepath_info(fname)

	Finds information encoded in the checkpoint/model file path.


Todo

We need to ensure this info is encoded inside the file header as well!



CommandLine

xdoctest -m geowatch.mlops.manager checkpoint_filepath_info





Example

>>> from geowatch.mlops.manager import *  # NOQA
>>> fnames = [
>>>     'epoch1_step10.foo',
>>>     'epoch=2-step=10.foo',
>>>     'epoch=3-step=10-v2.foo',
>>>     'epoch=4-step=10',
>>>     'epoch=5-step=10-v2',
>>>     'junkepoch=6-step=10.foo',
>>>     'junk/epoch=7-step=10-v2.foo',
>>>     'junk-epoch=8-step=10',
>>>     'junk_epoch=9-step=10-v2',
>>>     'epoch10_val_loss.925.ckpt.ckpt',
>>>     'epoch11_val_loss1.925.ckpt',
>>>     'epoch=12_val_loss=1.925.ckpt',
>>>     'epoch=25-val_loss=1.995.ckpt',
>>> ]
>>> for fname in fnames:
>>>     info = checkpoint_filepath_info(fname)
>>>     print(f'info={info}')
info={'epoch': 1, 'step': 10, 'ckpt_ver': 'v0'}
info={'epoch': 2, 'step': 10, 'ckpt_ver': 'v0'}
info={'epoch': 3, 'step': 10, 'ckpt_ver': 'v2'}
info={'epoch': 4, 'step': 10, 'ckpt_ver': 'v0'}
info={'epoch': 5, 'step': 10, 'ckpt_ver': 'v2'}
info={'epoch': 6, 'step': 10, 'ckpt_ver': 'v0'}
info={'epoch': 7, 'step': 10, 'ckpt_ver': 'v2'}
info={'epoch': 8, 'step': 10, 'ckpt_ver': 'v0'}
info={'epoch': 9, 'step': 10, 'ckpt_ver': 'v2'}
info={'epoch': 10, 'val_loss': 0.925, 'ckpt_ver': 'v0', 'step': None}
info={'epoch': 11, 'val_loss': 1.925, 'ckpt_ver': 'v0', 'step': None}
info={'epoch': 12, 'val_loss': 1.925, 'ckpt_ver': 'v0', 'step': None}
info={'epoch': 25, 'val_loss': 1.995, 'ckpt_ver': 'v0', 'step': None}










	
geowatch.mlops.manager.summarize_tables(tables)

	pip install rich-dataframe






	
exception geowatch.mlops.manager.UserAbort

	Bases: Exception [https://docs.python.org/3/library/exceptions.html#Exception]








            

          

      

      

    

  

    
      
          
            
  
geowatch.mlops.pipeline_nodes module

The core pipeline data structure for MLOps.

This module outlines the structure for a generic DAG of bash process nodes.  It
contains examples of generic test pipelines. For the SMART instantiation of
project-specific dags see: smart_pipeline.py

The basic idea is that each bash process knows about:



	its filepath inputs


	its filepath outputs


	algorithm parameters


	performance parameters


	the command that invokes the job







Given a set of processes, a DAG is built by connecting process ouputs to
process inputs. This DAG can then be configured with customized input paths and
parameters. The resulting jobs can then be submitted to a cmd_queue.Queue for
actual execution.


	
class geowatch.mlops.pipeline_nodes.Pipeline(nodes=None, config=None, root_dpath=None)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

A container for a group of nodes that have been connected.

Allows these connected nodes to be jointly configured and submitted to a
cmd-queue for execution. Adds extra bookkeeping jobs that write invoke.sh
job_config.sh metadata as well as symlinks between node output directories.

Example

>>> from geowatch.mlops.pipeline_nodes import *  # NOQA
>>> node_A1 = ProcessNode(name='node_A1', in_paths={'src'}, out_paths={'dst': 'dst.txt'}, executable='node_A1')
>>> node_A2 = ProcessNode(name='node_A2', in_paths={'src'}, out_paths={'dst': 'dst.txt'}, executable='node_A2')
>>> node_A3 = ProcessNode(name='node_A3', in_paths={'src'}, out_paths={'dst': 'dst.txt'}, executable='node_A3')
>>> node_B1 = ProcessNode(name='node_B1', in_paths={'path1'}, out_paths={'path2': 'dst.txt'}, executable='node_B1')
>>> node_B2 = ProcessNode(name='node_B2', in_paths={'path2'}, out_paths={'path3': 'dst.txt'}, executable='node_B2')
>>> node_B3 = ProcessNode(name='node_B3', in_paths={'path3'}, out_paths={'path4': 'dst.txt'}, executable='node_B3')
>>> node_C1 = ProcessNode(name='node_C1', in_paths={'src1', 'src2'}, out_paths={'dst1': 'dst.txt', 'dst2': 'dst.txt'}, executable='node_C1')
>>> node_C2 = ProcessNode(name='node_C2', in_paths={'src1', 'src2'}, out_paths={'dst1': 'dst.txt', 'dst2': 'dst.txt'}, executable='node_C2')
>>> # You can connect outputs -> inputs directly (RECOMMENDED)
>>> node_A1.outputs['dst'].connect(node_A2.inputs['src'])
>>> node_A2.outputs['dst'].connect(node_A3.inputs['src'])
>>> # You can connect nodes to nodes that share input/output names (NOT RECOMMENDED)
>>> node_B1.connect(node_B2)
>>> node_B2.connect(node_B3)
>>> #
>>> # You can connect nodes to nodes that dont share input/output names
>>> # If you specify the mapping (NOT RECOMMENDED)
>>> node_A3.connect(node_B1, src_map={'dst': 'path1'})
>>> #
>>> # You can connect inputs to other inputs, which effectively
>>> # forwards the input path to the destination
>>> node_A1.inputs['src'].connect(node_C1.inputs['src1'])
>>> # The pipeline is just a container for the nodes
>>> nodes = [node_A1, node_A2, node_A3, node_B1, node_B2, node_B3, node_C1, node_C2]
>>> self = Pipeline(nodes=nodes)
>>> self.print_graphs()






	
classmethod demo()

	




	
_ensure_clean()

	




	
submit(executable, **kwargs)

	Dynamically create a new unique process node and add it to the dag






	
property node_dict

	




	
build_nx_graphs()

	




	
inspect_configurables()

	Show the user what config options should be specified.


Todo

The idea is that we want to give the user a list of options that
they could configure for this pipeline, as well as mark the one
that are required / suggested / unnecessary. For now it gives a
little bit of that information, but more work could be done to make
it nicer.



Example

>>> from geowatch.mlops.pipeline_nodes import *  # NOQA
>>> self = Pipeline.demo()
>>> self.inspect_configurables()










	
configure(config=None, root_dpath=None, cache=True)

	Update the DAG configuration

Example

>>> from geowatch.mlops.pipeline_nodes import *  # NOQA
>>> self = Pipeline.demo()
>>> self.configure()










	
print_graphs(shrink_labels=1, smart_colors=0)

	Prints the Process and IO graph for the DAG.






	
submit_jobs(queue=None, skip_existing=False, enable_links=True, write_invocations=True, write_configs=True)

	Submits the jobs to an existing command queue or creates a new one.

Also takes care of adding special bookkeeping jobs that add helper
files and symlinks to node output paths.






	
make_queue(queue=None, skip_existing=False, enable_links=True, write_invocations=True, write_configs=True)

	Submits the jobs to an existing command queue or creates a new one.

Also takes care of adding special bookkeeping jobs that add helper
files and symlinks to node output paths.










	
geowatch.mlops.pipeline_nodes.glob_templated_path(template)

	Given an unformated templated path, replace the format parts with “*” and
return a glob.


	Parameters:

	template (str | PathLike) – a path with a {} template pattern





Example

template = ‘/foo{}/bar’
glob_templated_path(template)






	
geowatch.mlops.pipeline_nodes._has_jq()

	




	
class geowatch.mlops.pipeline_nodes.Node(name: str [https://docs.python.org/3/library/stdtypes.html#str])

	Bases: NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr]

Abstract base class for a Process or IO Node.


	
_connect_single(other, src_map, dst_map)

	Handles connection rules between this node and another one.

TODO: cleanup, these rules are too complex and confusing.
There is a reasonable subset here; find and restrict to that.






	
connect(*others, param_mapping=None, src_map=None, dst_map=None)

	Connect the outputs of self to the inputs of others.

Conceptually, this creates an edge between the two nodes.






	
property key

	








	
class geowatch.mlops.pipeline_nodes.IONode(name, parent)

	Bases: Node


	
property final_value

	




	
property key

	








	
class geowatch.mlops.pipeline_nodes.InputNode(name, parent)

	Bases: IONode






	
class geowatch.mlops.pipeline_nodes.OutputNode(name, parent)

	Bases: IONode


	
property final_value

	




	
property template_value

	




	
matching_fpaths()

	Find all paths for this node.










	
geowatch.mlops.pipeline_nodes._classvar_init(self, args, fallbacks)

	Helps initialize class instance variables from class variable defaults.

Not sure what a good name for this is. The idea is that we will get a
dictionary containing all init args, and anything that is None will be
replaced by the class level attribute with the same name. Additionally, a
dictionary of fallback defaults is used if the class variable is also None.

Usage should look something like

class MyClass:
    def __init__(self, a, b, c):
        args = locals()
        fallback = {
            'a': [],
        }
        _classvar_init(self, args, fallbacks)










	
class geowatch.mlops.pipeline_nodes.memoize_configured_method(func)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

ubelt memoize_method but uses a special cache name






	
geowatch.mlops.pipeline_nodes.memoize_configured_property(fget)

	ubelt memoize_property but uses a special cache name






	
class geowatch.mlops.pipeline_nodes.ProcessNode(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: Node

Represents a process in the pipeline.

ProcessNodes are connected via their input / output nodes.

You can create an instance of this directly, or inherit from it and set its
class variables.

CommandLine

xdoctest -m geowatch.mlops.pipeline_nodes ProcessNode





Example

>>> from geowatch.mlops.pipeline_nodes import *  # NOQA
>>> from geowatch.mlops.pipeline_nodes import _classvar_init
>>> dpath = ub.Path.appdir('geowatch/test/pipeline/TestProcessNode')
>>> dpath.delete().ensuredir()
>>> pycode = ub.codeblock(
...     '''
...     import ubelt as ub
...     src_fpath = ub.Path(ub.argval('--src'))
...     dst_fpath = ub.Path(ub.argval('--dst'))
...     foo = ub.argval('--foo')
...     bar = ub.argval('--bar')
...     new_text = foo + src_fpath.read_text() + bar
...     dst_fpath.write_text(new_text)
...     ''')
>>> src_fpath = dpath / 'here.txt'
>>> src_fpath.write_text('valid input')
>>> dst_fpath = dpath / 'there.txt'
>>> self = ProcessNode(
>>>     name='proc1',
>>>     config={
>>>         'foo': 'baz',
>>>         'bar': 'biz',
>>>         'num_workers': 3,
>>>         'src': src_fpath,
>>>         'dst': dst_fpath
>>>     },
>>>     in_paths={'src'},
>>>     out_paths={'dst': 'there.txt'},
>>>     perf_params={'num_workers'},
>>>     group_dname='predictions',
>>>     #node_dname='proc1/{proc1_algo_id}/{proc1_id}',
>>>     executable=f'python -c "{chr(10)}{pycode}{chr(10)}"',
>>>     root_dpath=dpath,
>>> )
>>> self._finalize_templates()
>>> print('self.command = {}'.format(ub.urepr(self.command, nl=1, sv=1)))
>>> print(f'self.algo_id={self.algo_id}')
>>> print(f'self.root_dpath={self.root_dpath}')
>>> print(f'self.template_node_dpath={self.template_node_dpath}')
>>> print('self.templates = {}'.format(ub.urepr(self.templates, nl=2)))
>>> print('self.final = {}'.format(ub.urepr(self.final, nl=2)))
>>> print('self.condensed = {}'.format(ub.urepr(self.condensed, nl=2)))





Example

>>> # How to use a ProcessNode to handle an arbitrary process call
>>> # First let's write a program to disk
>>> from geowatch.mlops.pipeline_nodes import *  # NOQA
>>> import stat
>>> dpath = ub.Path.appdir('geowatch/test/pipeline/TestProcessNode2')
>>> dpath.delete().ensuredir()
>>> pycode = ub.codeblock(
        '''
        #!/usr/bin/env python3
        import scriptconfig as scfg
        import ubelt as ub







	class MyCLI(scfg.DataConfig):
	src = None
dst = None
foo = None
bar = None

@classmethod
def main(cls, cmdline=1, **kwargs):


config = cls.cli(cmdline=cmdline, data=kwargs, strict=True)
print(‘config = ‘ + ub.urepr(config, nl=1))






	if __name__ == ‘__main__’:
	MyCLI.main()








…     ‘’’)
>>> fpath = dpath / ‘mycli.py’
>>> fpath.write_text(pycode)
>>> fpath.chmod(fpath.stat().st_mode | stat.S_IXUSR)
>>> # Now that we have a script that accepts some cli arguments
>>> # Create a process node to represent it. We assume that
>>> # everything is passed as key/val style params, which you should
>>> # use for new programs, but this doesnt apply to a lot of programs
>>> # out there, so we will show how to handle non key/val arguments
>>> # later (todo).
>>> mynode = ProcessNode(command=str(fpath))
>>> # Get the invocation by runnning
>>> command = mynode.final_command()
>>> print(command)
>>> # Use a dictionary to configure key/value pairs
>>> mynode.configure({‘src’: ‘a.txt’, ‘dst’: ‘b.txt’})
>>> command = mynode.final_command()
>>> # Note: currently because of backslash formatting
>>> # we need to use shell=1 or system=1 with ub.cmd
>>> # in the future we will fix this in ubelt (todo).
>>> # Similarly this class should be able to provide the arglist
>>> # style of invocation.
>>> print(command)
>>> ub.cmd(command, verbose=3, shell=1)


	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = None

	




	
executable: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = None

	




	
algo_params: Dict [https://docs.python.org/3/library/typing.html#typing.Dict] | Set [https://docs.python.org/3/library/typing.html#typing.Set] | List [https://docs.python.org/3/library/typing.html#typing.List] | None [https://docs.python.org/3/library/constants.html#None] = None

	




	
perf_params: Dict [https://docs.python.org/3/library/typing.html#typing.Dict] | Set [https://docs.python.org/3/library/typing.html#typing.Set] | List [https://docs.python.org/3/library/typing.html#typing.List] | None [https://docs.python.org/3/library/constants.html#None] = None

	




	
in_paths: Dict [https://docs.python.org/3/library/typing.html#typing.Dict] | Set [https://docs.python.org/3/library/typing.html#typing.Set] | List [https://docs.python.org/3/library/typing.html#typing.List] | None [https://docs.python.org/3/library/constants.html#None] = None

	




	
out_paths: Dict [https://docs.python.org/3/library/typing.html#typing.Dict] | Set [https://docs.python.org/3/library/typing.html#typing.Set] | List [https://docs.python.org/3/library/typing.html#typing.List] | None [https://docs.python.org/3/library/constants.html#None] = None

	




	
group_dname: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = None

	




	
configure(config=None, cache=True, enabled=True)

	Update the node configuration.

This rebuilds the templates and formats them so the “final” variables
take on directory names based on the given configuration. This a






	
property condensed

	This is the dictionary that supplies the templated strings with the
values we will finalize them with. We may want to change the name.






	
_build_templates()

	




	
_finalize_templates()

	




	
property final_config

	This is not really “final” in the aggregate sense.
It is more of a “finalized” requested config.






	
_depends_config()

	The dag config that specifies the parameters this node depends on.
This is what we write to “job_config.json”. Note: this output must be
passed to dag.config, not node.config.






	
property final_perf_config

	




	
property final_algo_config

	




	
property final_in_paths

	




	
property template_out_paths

	template out paths are not impacted by out path config overrides,
but the final out paths are.


	SeeAlso:
	ProcessNode.final_out_paths()






	Type:

	Note










	
property final_out_paths

	These are the locations each output will actually be written to.

This is based on ProcessNode.template_out_paths() as well as any
manual overrides specified in self.config.






	
property final_node_dpath

	The configured directory where all outputs are relative to.






	
property final_root_dpath

	




	
property template_group_dpath

	The template for the directory where the configured node dpath will be placed.






	
property template_node_dpath

	The template for the configured directory where all outputs are relative to.






	
property template_root_dpath

	




	
predecessor_process_nodes()

	Process nodes that this one depends on.






	
successor_process_nodes()

	Process nodes that depend on this one.






	
ancestor_process_nodes()

	Example

>>> from geowatch.mlops.pipeline_nodes import *  # NOQA
>>> pipe = Pipeline.demo()
>>> self = pipe.node_dict['node_C1']
>>> ancestors = self.ancestor_process_nodes()
>>> print('ancestors = {}'.format(ub.urepr(ancestors, nl=1)))










	
_uncached_ancestor_process_nodes()

	




	
property depends

	The mapping from ancestor and self node names to their algorithm ids
Should probably rename.






	
property algo_id: str [https://docs.python.org/3/library/stdtypes.html#str]

	A unique id to represent the output of a deterministic process.

This does NOT have a dependency on the larger the DAG.






	
property process_id: str [https://docs.python.org/3/library/stdtypes.html#str]

	A unique id to represent the output of a deterministic process in a
pipeline. This id combines the hashes of all ancestors in the DAG with
its own hashed id.

This DOES have a dependency on the larger DAG.






	
static _make_argstr(config)

	




	
property inputs

	Input nodes representing specific input locations.

The output nodes of other processes can be connected to these.
Also input nodes for one process can connect to input nodes of another
process representing that they share the same input data.


	Returns:

	Dict[str, InputNode]










	
property outputs

	Output nodes representing specific output locations. These can be
connected to the input nodes of other processes.


	Returns:

	Dict[str, OutputNode]










	
property command: str [https://docs.python.org/3/library/stdtypes.html#str]

	Returns the string shell command that will execute the process.

Basic version of command, can be overwritten






	
test_is_computed_command()

	Generate a bash command that will test if all output paths exist

Example

>>> from geowatch.mlops.pipeline_nodes import *  # NOQA
>>> self = ProcessNode(out_paths={
>>>     'foo': 'foo.txt',
>>>     'bar': 'bar.txt',
>>>     'baz': 'baz.txt',
>>>     'biz': 'biz.txt',
>>> }, node_dpath='.')
>>> test_cmd = self.test_is_computed_command()
>>> print(test_cmd)
test -e foo.txt -a \
     -e bar.txt -a \
     -e baz.txt -a \
     -e biz.txt
>>> self = ProcessNode(out_paths={
>>>     'foo': 'foo.txt',
>>>     'bar': 'bar.txt',
>>> }, node_dpath='.')
>>> test_cmd = self.test_is_computed_command()
>>> print(test_cmd)
test -e foo.txt -a \
     -e bar.txt
>>> self = ProcessNode(out_paths={
>>>     'foo': 'foo.txt',
>>> }, node_dpath='.')
>>> test_cmd = self.test_is_computed_command()
>>> print(test_cmd)
test -e foo.txt
>>> self = ProcessNode(out_paths={}, node_dpath='.')
>>> test_cmd = self.test_is_computed_command()
>>> print(test_cmd)
None










	
property does_exist: bool [https://docs.python.org/3/library/functions.html#bool]

	Check if all of the output paths that would be written by this node
already exists.






	
property outputs_exist: bool [https://docs.python.org/3/library/functions.html#bool]

	Alias for does_exist

Check if all of the output paths that would be written by this node
already exists.






	
_raw_command()

	




	
final_command()

	Wraps self.command with optional checks to prevent the command from
executing if its outputs already exist.






	
find_template_outputs(workers=8)

	Look in the DAG root path for output paths that are complete or
unfinished










	
geowatch.mlops.pipeline_nodes._load_json(fpath)

	




	
geowatch.mlops.pipeline_nodes._add_prefix(prefix, dict_)

	




	
geowatch.mlops.pipeline_nodes._fixup_config_serializability(config)

	




	
geowatch.mlops.pipeline_nodes.demodata_pipeline()

	A simple test pipeline.

Example

>>> # Self test
>>> from geowatch.mlops.pipeline_nodes import *  # NOQA
>>> demodata_pipeline()










	
geowatch.mlops.pipeline_nodes.demo_pipeline_run()

	A simple test pipeline.

Example

>>> # Self test
>>> from geowatch.mlops.pipeline_nodes import *  # NOQA
>>> demo_pipeline_run()










	
geowatch.mlops.pipeline_nodes.PipelineDAG

	alias of Pipeline








            

          

      

      

    

  

    
      
          
            
  
geowatch.mlops.repackager module

Script for converting a checkpoint (that lives in a training directory) into a
pytorch package with appropriate metadata.


	
class geowatch.mlops.repackager.RepackageConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Convert a raw torch checkpoint into a torch package.

Attempts to combine checkpoint weights with its associated model code in a
standalone torch package.

To do this we must be able to infer how to construct an instance of the
model to load the weights into. Currently we implement hard coded
heuristics that only work for specific fusion models.


Note

The output filenames are chosen automatically. In the future we may
give the user more control here. We may also look for ways to provide
more hints for determening how to construct model instances either from
context or via these configuration arguments.



Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'checkpoint_fpath': <Value(None)>, 'force': <Value(False)>}

	




	
main(**kwargs)

	








	
geowatch.mlops.repackager.main(cmdline=True, **kwargs)

	




	
geowatch.mlops.repackager.repackage(checkpoint_fpath, force=False, dry=False)

	Logic for handling multiple checkpoint repackages at a time.
Automatically chooses the new package name.


Todo

generalize this beyond the fusion model, also refactor.








	
geowatch.mlops.repackager.inspect_checkpoint_context(checkpoint_fpath)

	Use heuristics to attempt to find the context in which this checkpoint was
trained.






	
geowatch.mlops.repackager.suggest_package_name_for_checkpoint(context)

	Suggest a more distinguishable name for the checkpoint based on context






	
geowatch.mlops.repackager.parse_and_init_config(config)

	




	
geowatch.mlops.repackager.repackage_single_checkpoint(checkpoint_fpath, package_fpath, train_dpath_hint=None, model_config_fpath=None)

	Primary logic for repackaging a checkpoint into a torch package.

To do this we need to have some information about how to construct the
specific module to associate with the weights. We have some heuristics
built in to take care of this for specific known models, but new models
will need new logic to handle them. It would be nice to find a way to
generalize this.

Example

>>> import ubelt as ub
>>> import torch
>>> dpath = ub.Path.appdir('geowatch/tests/repackage').delete().ensuredir()
>>> package_fpath = dpath / 'my_package.pt'
>>> checkpoint_fpath = dpath / 'my_checkpoint.ckpt'
>>> assert not package_fpath.exists()
>>> # Create an instance of a model, and save a checkpoint to disk
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> model = self = methods.MultimodalTransformer(
>>>     arch_name="smt_it_joint_p2", input_sensorchan=5,
>>>     change_head_hidden=0, saliency_head_hidden=0,
>>>     class_head_hidden=0)
>>> # Save a checkpoint to disk.
>>> model_state = model.state_dict()
>>> # (fixme: how to get a lightning style checkpoint structure?)
>>> checkpoint = {
>>>     'state_dict': model_state,
>>>     'hyper_parameters': model._hparams,
>>> }
>>> with open(checkpoint_fpath, 'wb') as file:
...     torch.save(checkpoint, file)
>>> from geowatch.mlops.repackager import *  # NOQA
>>> repackage_single_checkpoint(checkpoint_fpath, package_fpath)
>>> assert package_fpath.exists()
>>> # Test we can reload the package
>>> from geowatch.tasks.fusion.utils import load_model_from_package
>>> model2 = load_model_from_package(package_fpath)
>>> # TODO: get allclose working on the nested dict
>>> params1 = dict(model.named_parameters())
>>> params2 = dict(model2.named_parameters())
>>> k = 'encoder.layers.0.mlp.3.weight'
>>> assert torch.allclose(params1[k], params2[k])
>>> assert params1[k] is not params2[k]
>>> params1 = ub.IndexableWalker(dict(model.named_parameters()))
>>> params2 = ub.IndexableWalker(dict(model2.named_parameters()))
>>> for k, v in params1:
...     assert torch.allclose(params1[k], params2[k])
...     assert params1[k] is not params2[k]
>>> # Test that we can get model stats
>>> from geowatch.cli import torch_model_stats
>>> torch_model_stats.torch_model_stats(package_fpath)










	
geowatch.mlops.repackager.load_meta(fpath)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.mlops.schedule_evaluation module

Helper for scheduling a set of prediction + evaluation jobs.

This is the main entrypoint for running a bunch of evaluation jobs over a grid
of parameters. We currently expect that pipelines are predefined in
smart_pipeline.py but in the future they will likely be an external resource
file.


Todo


	[ ] Differentiate between pixel models for different tasks.


	[ ] Allow the output of tracking to feed into activity classification






Example

# Dummy inputs, just for demonstration


	python -m geowatch.mlops.schedule_evaluation 
	
	–params=”
	
	matrix:
	
	bas_pxl.package_fpath:
	
	./my_bas_model1.pt


	./my_bas_model2.pt






	bas_pxl.test_dataset:
	
	./my_test_dataset/bas_ready_data.kwcoco.json








bas_pxl.window_space_scale: 15GSD
bas_pxl.time_sampling:



	“auto”








	bas_pxl.input_space_scale:
	
	“15GSD”








bas_poly_eval.true_site_dpath: null
bas_poly_eval.true_region_dpath: null
bas_poly.moving_window_size:
bas_poly.thresh:



	0.1


	0.1


	0.2








	sc_pxl.test_dataset:
	
	crop.dst






	sc_pxl.window_space_scale:
	
	auto






	sc_poly.thresh:
	
	0.1






	sc_poly.use_viterbi:
	
	0






	sc_pxl.package_fpath:
	
	my_sc_model1.pt


	my_sc_model2.pt






	sc_poly_viz.enabled:
	
	false
















“ –root_dpath=./my_dag_runs –devices=”0,1” –tmux_workers=2 –backend=serial –skip_existing=0 –pipeline=joint_bas_sc –run=0



	python -m geowatch.mlops.schedule_evaluation 
	
	–params=”
	
	matrix:
	
	bas_pxl.package_fpath:
	
	./my_bas_model1.pt


	./my_bas_model2.pt






	bas_pxl.test_dataset:
	
	./my_test_dataset/bas_ready_data.kwcoco.json








bas_pxl.window_space_scale: 15GSD
bas_pxl.time_sampling:



	“auto”








	bas_pxl.input_space_scale:
	
	“15GSD”








bas_poly.moving_window_size:
bas_poly.thresh:



	0.1


	0.1


	0.2







bas_pxl.enabled: 1
bas_poly_eval.true_site_dpath: true-site
bas_poly_eval.true_region_dpath: true-region









“ –root_dpath=./my_dag_runs –devices=”0,1” –backend=serial –skip_existing=0 –pipeline=bas –run=0





# Real inputs, this actually will run something given the DVC repos
DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=auto)
DVC_EXPT_DPATH=$(geowatch_dvc –tags=’phase2_expt’ –hardware=auto)

SC_MODEL=$DVC_EXPT_DPATH/models/fusion/Drop4-SC/packages/Drop4_tune_V30_8GSD_V3/Drop4_tune_V30_8GSD_V3_epoch=2-step=17334.pt.pt
BAS_MODEL=$DVC_EXPT_DPATH/models/fusion/Drop4-BAS/packages/Drop4_TuneV323_BAS_30GSD_BGRNSH_V2/package_epoch0_step41.pt.pt


	python -m geowatch.mlops.schedule_evaluation 
	
	–params=”
	
	matrix:
	
	bas_pxl.package_fpath:
	
	$BAS_MODEL






	bas_pxl.test_dataset:
	
	$DVC_DATA_DPATH/Drop4-BAS/KR_R001.kwcoco.json








bas_pxl.window_space_scale: 15GSD
bas_pxl.time_sampling:



	“auto”








	bas_pxl.input_space_scale:
	
	“15GSD”








bas_poly.moving_window_size:
bas_poly.thresh:



	0.1








	sc_pxl.test_dataset:
	
	crop.dst






	sc_pxl.window_space_scale:
	
	auto






	sc_poly.thresh:
	
	0.1






	sc_poly.use_viterbi:
	
	0






	sc_pxl.package_fpath:
	
	$SC_MODEL






	sc_poly_viz.enabled:
	
	false
















“ –root_dpath=./my_dag_runs –devices=”0,1” –queue_size=2 –backend=serial –skip_existing=0 –pipeline=joint_bas_sc_nocrop –run=0





Example

# Real data
DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=auto)
DVC_EXPT_DPATH=$(geowatch_dvc –tags=’phase2_expt’ –hardware=auto)


	python -m geowatch.mlops.schedule_evaluation 
	
	–params=”
	
	matrix:
	
	bas_pxl.package_fpath:
	# - $DVC_EXPT_DPATH/models/fusion/Drop4-BAS/packages/Drop4_TuneV323_BAS_30GSD_BGRNSH_V2/package_epoch0_step41.pt.pt
- $DVC_EXPT_DPATH/package_epoch10_step200000.pt



	bas_pxl.test_dataset:
	
	$DVC_DATA_DPATH/Drop4-BAS/KR_R001.kwcoco.json




# - $DVC_DATA_DPATH/Drop4-BAS/KR_R002.kwcoco.json



	bas_pxl.window_space_scale:
	
	auto




# - “15GSD”
# - “30GSD”





# bas_pxl.chip_dims:
#     - “256,256”
bas_pxl.time_sampling:



	“auto”







# bas_pxl.input_space_scale:
#     - “window”
bas_poly.moving_window_size:



	null




# - 100
# - 200





	bas_poly.thresh:
	
	0.1




# - 0.13
# - 0.2



	sc_pxl.window_space_scale:
	
	auto






	sc_pxl.input_space_scale:
	
	“window”






	sc_pxl.chip_dims:
	
	“256,256”






	sc_poly.thresh:
	
	0.1






	sc_poly.use_viterbi:
	
	0






	sc_pxl.package_fpath:
	
	$DVC_EXPT_DPATH/models/fusion/Drop4-SC/packages/Drop4_tune_V30_8GSD_V3/Drop4_tune_V30_8GSD_V3_epoch=2-step=17334.pt.pt








bas_poly_eval.enabled: 1
bas_pxl_eval.enabled: 1
bas_poly_viz.enabled: 1
sc_poly_eval.enabled: 1
sc_pxl_eval.enabled: 1
sc_poly_viz.enabled: 1









“ –root_dpath=$DVC_EXPT_DPATH/_testpipe –enable_links=1 –devices=”0,1” –queue_size=2 –backend=serial –pipeline=bas –cache=1 –rprint=1 –run=1

–pipeline=joint_bas_sc





xdev tree –dirblocklist “_*” my_expt_dir/_testpipe/ –max_files=1


	
class geowatch.mlops.schedule_evaluation.ScheduleEvaluationConfig(*args, **kwargs)

	Bases: CMDQueueConfig

Driver for GEOWATCH mlops evaluation scheduling

Builds commands and optionally executes them via slurm, tmux, or serial
(i.e. one at a time). This is a [link=https://gitlab.kitware.com/computer-vision/cmd_queue]cmd_queue[/link] CLI.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'backend': <Value('tmux')>, 'cache': <Value(True)>, 'devices': <Value(None)>, 'draw_curves': <Value(1)>, 'draw_heatmaps': <Value(1)>, 'enable_links': <Value(True)>, 'max_configs': <Value(None)>, 'other_session_handler': <Value('ask')>, 'params': <Value(None)>, 'pipeline': <Value('joint_bas_sc')>, 'pred_workers': <Value(4)>, 'print_commands': <Value('auto')>, 'print_queue': <Value('auto')>, 'print_varied': <Value('auto')>, 'queue_name': <Value(None)>, 'queue_size': <Value(None)>, 'root_dpath': <Value('auto')>, 'run': <Value(False)>, 'skip_existing': <Value(False)>, 'slurm_options': <Value(None)>, 'tmux_workers': <Value(8)>, 'virtualenv_cmd': <Value(None)>, 'with_textual': <Value('auto')>}

	




	
main(**kwargs)

	




	
normalize()

	








	
geowatch.mlops.schedule_evaluation.main(cmdline=True, **kwargs)

	




	
geowatch.mlops.schedule_evaluation.schedule_evaluation(config)

	First ensure that models have been copied to the DVC repo in the
appropriate path. (as noted by model_dpath)






	
geowatch.mlops.schedule_evaluation.ensure_iterable(inputs)

	




	
geowatch.mlops.schedule_evaluation._auto_gpus()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.mlops.smart_global_helper module

Quick and dirty project specific stuff that ideally wont get in the way of
general use-cases but should eventually be factored out.

Special heuristics. Used by ./aggregate.py and ./aggregate_plots.py


	
class geowatch.mlops.smart_global_helper.SmartGlobalHelper

	Bases: object [https://docs.python.org/3/library/functions.html#object]

A class for SMART-specific hacks and defaults for mlops

Should be stateless


	
VIZ_BLOCKLIST = {'resolved_params.bas_poly.append_mode', 'resolved_params.bas_poly.clear_annots', 'resolved_params.bas_poly.default_track_fn', 'resolved_params.bas_poly.in_file', 'resolved_params.bas_poly.in_file_gt', 'resolved_params.bas_poly.out_kwcoco', 'resolved_params.bas_poly.out_site_summaries_dir', 'resolved_params.bas_poly.out_site_summaries_fpath', 'resolved_params.bas_poly.out_sites_dir', 'resolved_params.bas_poly.out_sites_fpath', 'resolved_params.bas_poly.region_id', 'resolved_params.bas_poly.site_summary', 'resolved_params.bas_poly_eval.enable_viz', 'resolved_params.bas_poly_eval.gt_dpath', 'resolved_params.bas_poly_eval.load_workers', 'resolved_params.bas_poly_eval.merge', 'resolved_params.bas_poly_eval.merge_fbetas', 'resolved_params.bas_poly_eval.merge_fpath', 'resolved_params.bas_poly_eval.name', 'resolved_params.bas_poly_eval.out_dir', 'resolved_params.bas_poly_eval.pred_sites', 'resolved_params.bas_poly_eval.tmp_dir', 'resolved_params.bas_poly_eval.true_region_dpath', 'resolved_params.bas_poly_eval.true_site_dpath', 'resolved_params.bas_poly_eval.use_cache', 'resolved_params.bas_pxl.balance_areas', 'resolved_params.bas_pxl.batch_size', 'resolved_params.bas_pxl.clear_annots', 'resolved_params.bas_pxl.compress', 'resolved_params.bas_pxl.config_file', 'resolved_params.bas_pxl.datamodule', 'resolved_params.bas_pxl.devices', 'resolved_params.bas_pxl.dist_weights', 'resolved_params.bas_pxl.downweight_nan_regions', 'resolved_params.bas_pxl.ignore_dilate', 'resolved_params.bas_pxl.max_epoch_length', 'resolved_params.bas_pxl.min_spacetime_weight', 'resolved_params.bas_pxl.neg_to_pos_ratio', 'resolved_params.bas_pxl.normalize_inputs', 'resolved_params.bas_pxl.num_workers', 'resolved_params.bas_pxl.pred_dataset', 'resolved_params.bas_pxl.quantize', 'resolved_params.bas_pxl.resample_invalid_frames', 'resolved_params.bas_pxl.sqlview', 'resolved_params.bas_pxl.temporal_dropout', 'resolved_params.bas_pxl.test_dataset', 'resolved_params.bas_pxl.torch_sharing_strategy', 'resolved_params.bas_pxl.torch_start_method', 'resolved_params.bas_pxl.track_emissions', 'resolved_params.bas_pxl.train_dataset', 'resolved_params.bas_pxl.upweight_centers', 'resolved_params.bas_pxl.upweight_time', 'resolved_params.bas_pxl.use_centered_positives', 'resolved_params.bas_pxl.use_grid_cache', 'resolved_params.bas_pxl.use_grid_positives', 'resolved_params.bas_pxl.use_grid_valid_regions', 'resolved_params.bas_pxl.vali_dataset', 'resolved_params.bas_pxl.weight_dilate', 'resolved_params.bas_pxl.with_change', 'resolved_params.bas_pxl.with_class', 'resolved_params.bas_pxl.with_saliency', 'resolved_params.bas_pxl.write_out_config_file_to_this_path', 'resolved_params.bas_pxl.write_preds', 'resolved_params.bas_pxl.write_probs', 'resolved_params.bas_pxl.write_workers', 'resolved_params.bas_pxl_eval.balance_area', 'resolved_params.bas_pxl_eval.draw_curves', 'resolved_params.bas_pxl_eval.draw_heatmaps', 'resolved_params.bas_pxl_eval.draw_workers', 'resolved_params.bas_pxl_eval.eval_dpath', 'resolved_params.bas_pxl_eval.eval_fpath', 'resolved_params.bas_pxl_eval.pred_dataset', 'resolved_params.bas_pxl_eval.resolution', 'resolved_params.bas_pxl_eval.score_space', 'resolved_params.bas_pxl_eval.true_dataset', 'resolved_params.bas_pxl_eval.viz_thresh', 'resolved_params.bas_pxl_eval.workers', 'resolved_params.bas_pxl_fit.accelerator', 'resolved_params.bas_pxl_fit.accumulate_grad_batches', 'resolved_params.bas_pxl_fit.datamodule', 'resolved_params.bas_pxl_fit.devices', 'resolved_params.bas_pxl_fit.gradient_clip_algorithm', 'resolved_params.bas_pxl_fit.gradient_clip_val', 'resolved_params.bas_pxl_fit.inference_mode', 'resolved_params.bas_pxl_fit.max_epochs', 'resolved_params.bas_pxl_fit.max_steps', 'resolved_params.bas_pxl_fit.method', 'resolved_params.bas_pxl_fit.name', 'resolved_params.bas_pxl_fit.patience', 'resolved_params.bas_pxl_fit.precision', 'resolved_params.bas_pxl_fit.sqlview', 'resolved_params.bas_pxl_fit.stochastic_weight_avg', 'resolved_params.bas_pxl_fit.use_grid_cache', 'resolved_params.bas_pxl_fit.use_grid_valid_regions'}

	




	
EXTRA_HASHID_IGNORE_COLUMNS = ['params.sc_poly.site_summary', 'params.sc_pxl.num_workers', 'params.bas_pxl.num_workers']

	




	
EXTRA_PATH_COLUMNS = ['params.bas_poly_eval.true_site_dpath', 'params.bas_poly_eval.true_region_dpath', 'params.bas_poly.boundary_region']

	




	
LABEL_MAPPINGS = {'metrics.sc_poly_eval.bas_f1': 'BAS-F1', 'metrics.sc_poly_eval.bas_faa_f1': 'BAS-FAA-F1', 'metrics.sc_poly_eval.bas_ffpa': 'FFPA', 'metrics.sc_poly_eval.sc_macro_f1': 'AC-F1 (macro)', 'region_id': 'Region', 'sc_poly_eval.bas_faa_f1': 'BAS-FAA-F1', 'sc_poly_eval.bas_ffpa': 'FFPA'}

	




	
shared_palettes(macro_table)

	For each key in a hard code set (relevant to SMART), assign a
consistent color to those values so our plots are comparble.






	
make_param_palette(param_values)

	




	
label_modifier()

	Build the label modifier for the SMART task.


	Returns:

	util_kwplot.LabelModifier










	
default_vantage_points(eval_type)

	




	
_default_metrics(agg)

	




	
mark_star_models(macro_table)

	




	
old_hacked_model_case(macro_table)

	




	
mark_delivery(table, include=None)

	self = SMART_HELPER






	
populate_test_dataset_bundles(agg)

	Attempt to parse out which kwcoco bundle test datasets belonged to






	
get_delivered_model_params()

	




	
custom_channel_relabel(sub_macro_table, channel_key, coarsen=False)

	




	
print_minmax_times(table)

	




	
threshold_param_groups(table, param_name, metric_name, metric_threshold)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.mlops.smart_pipeline module

Define the individual nodes that can be composed in a SMART pipeline.

The topology of the pipeline will define the resulting filesystem structure
used to store results.

CommandLine

xdoctest -m geowatch.mlops.smart_pipeline __doc__:0
WATCH_DEVCHECK=1 xdoctest -m geowatch.mlops.smart_pipeline __doc__:1





Example

>>> # xdoctest: +SKIP
>>> from geowatch.mlops.smart_pipeline import *  # NOQA
>>> from cmd_queue.util import util_networkx
>>> #
>>> config = {
>>>     'bas_pxl.package_fpath': '/global/models/bas_model2.pt',
>>>     'bas_pxl.num_workers': 3,
>>>     'bas_pxl.tta_time': 1,
>>>     'bas_pxl.test_dataset': '/global/datasets/foobar.kwcoco.zip',
>>> #
>>>     'bas_poly.thresh': 0.1,
>>>     'bas_poly.moving_window_size': 0.1,
>>> #
>>>     'sc_pxl.package_fpath': '/global/models/sc_model2.pt',
>>>     'sc_pxl.tta_fliprot': 8,
>>>     'sc_poly.use_viterbi': 0,
>>> }
>>> #
>>> dag = make_smart_pipeline('joint_bas_sc')
>>> # dag = make_smart_pipeline('bas')
>>> # dag = make_smart_pipeline('sc')
>>> dag.configure(config, root_dpath='/dag-root/dag-id')
>>> #
>>> for node in dag.nodes.values():
>>>     print('---')
>>>     print(f'node={type(node)}')
>>>     print(f'{node.name=}')
>>>     print(f'{node.config=}')
>>>     print(f'{node.in_paths=}')
>>>     print(f'{node.out_paths=}')
>>>     #print(f'{node.resources=}')
>>>     print(f'{node.algo_params=}')
>>>     print('node.depends = {}'.format(ub.urepr(node.depends, nl=1, sort=0)))
>>>     final = node._finalize_templates()
>>>     print('final = {}'.format(ub.urepr(final, nl=2)))
>>>     print('---')
>>> dag.print_graphs()
>>> print('dag.config = {}'.format(ub.urepr(dag.config, nl=1)))
>>> dag_templates = {}
>>> dag_paths = {}
>>> for node in dag.nodes.values():
>>>     dag_templates[node.name] = node._build_templates()['node_dpath']
>>>     dag_paths[node.name] = node._finalize_templates()['node_dpath']
>>>     print(node.command())
>>> import rich
>>> rich.print('dag_templates = {}'.format(
>>>     ub.urepr(dag_templates, nl=1, sv=1, align=':', sort=0)))
>>> rich.print('dag_paths = {}'.format(
>>>     ub.urepr(dag_paths, nl=1, sv=1, align=':', sort=0)))





Example

>>> # xdoctest: +REQUIRES(env:WATCH_DEVCHECK)
>>> from geowatch.mlops.smart_pipeline import *  # NOQA
>>> import geowatch
>>> expt_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_expt', hardware='auto')
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> #
>>> config = {}
>>> config['bas_pxl.test_dataset'] = data_dvc_dpath / 'Drop4-BAS/KR_R001.kwcoco.zip'
>>> #config['bas_pxl.test_dataset'] = data_dvc_dpath / 'Drop4-BAS/KR_R002.kwcoco.zip'
>>> #config['bas_pxl.test_dataset'] = data_dvc_dpath / 'Drop4-BAS/BR_R001.kwcoco.zip'
>>> config['bas_pxl.package_fpath'] = expt_dvc_dpath / 'models/fusion/Drop4-BAS/packages/Drop4_TuneV323_BAS_30GSD_BGRNSH_V2/package_epoch0_step41.pt.pt'
>>> config['bas_pxl.num_workers'] = 6
>>> #config['bas_pxl.chip_dims'] = "512,512"
>>> #config['bas_pxl.time_span'] = "1m"
>>> #config['bas_pxl.time_sampling'] = "hardish2"
>>> #config['bas_pxl.use_cloudmask'] = 0
>>> #config['bas_pxl.set_cover_algo'] = 'approx'
>>> #config['bas_pxl.resample_invalid_frames'] = 0
>>> config['bas_poly.thresh'] = 0.1
>>> #config['sc_pxl.chip_dims'] = "256,256"
>>> #config['sc_pxl.use_cloudmask'] = 0
>>> #config['sc_pxl.set_cover_algo'] = 'approx'
>>> #config['sc_pxl.resample_invalid_frames'] = 0
>>> config['sc_pxl.num_workers'] = 6
>>> config['sc_pxl.package_fpath'] = expt_dvc_dpath / 'models/fusion/Drop4-SC/packages/Drop4_tune_V30_8GSD_V3/Drop4_tune_V30_8GSD_V3_epoch=2-step=17334.pt.pt'
>>> #
>>> root_dpath = data_dvc_dpath / '_testdag'
>>> #
>>> nodes = make_smart_pipeline_nodes()
>>> #nodes = bas_nodes()
>>> from geowatch.mlops.pipeline_nodes import PipelineDAG
>>> self = dag = PipelineDAG(nodes)
>>> dag.configure(config=config, root_dpath=root_dpath)
>>> dag.print_graphs()
>>> cmd_queue = dag.submit_jobs()
>>> cmd_queue.write_network_text()
>>> cmd_queue.rprint()
>>> #cmd_queue.run()






	
class geowatch.mlops.smart_pipeline.FeatureComputation(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: ProcessNode


	
executable: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'python -m geowatch.cli.run_metrics_framework'

	




	
group_dname: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'pred'

	




	
in_paths: Collection = {'src'}

	




	
command()

	




	
property condensed

	








	
class geowatch.mlops.smart_pipeline.FeatureUnion(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: ProcessNode


	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'featunion'

	




	
executable: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'geowatch feature_union'

	




	
group_dname: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'pred'

	




	
in_paths: Collection = {'src'}

	




	
out_paths: Collection = {'dst': 'combo_{featunion_id}.kwcoco.zip'}

	




	
command()

	








	
class geowatch.mlops.smart_pipeline.HeatmapPrediction(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: ProcessNode


	
executable: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'python -m geowatch.tasks.fusion.predict'

	




	
group_dname: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'pred'

	




	
perf_params: Collection = {'batch_size': 1, 'devices': '0,', 'num_workers': 2}

	




	
in_paths: Collection = {'package_fpath', 'test_dataset'}

	




	
algo_params: Collection = {'drop_unused_frames': True, 'with_change': 'auto', 'with_class': 'auto', 'with_saliency': 'auto'}

	




	
out_paths: Collection = {'pred_pxl_fpath': 'pred.kwcoco.zip'}

	




	
command()

	








	
class geowatch.mlops.smart_pipeline.PolygonPrediction(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: ProcessNode


	
executable: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'python -m geowatch.cli.run_tracker'

	




	
group_dname: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'pred'

	




	
default_track_fn = NotImplemented

	




	
in_paths: Collection = {'boundary_region', 'pred_pxl_fpath', 'site_summary'}

	




	
out_paths: Collection = {'poly_kwcoco_fpath': 'poly.kwcoco.zip', 'site_summaries_dpath': 'site_summaries', 'site_summaries_fpath': 'site_summaries_manifest.json', 'sites_dpath': 'sites', 'sites_fpath': 'sites_manifest.json'}

	




	
command()

	








	
class geowatch.mlops.smart_pipeline.PolygonEvaluation(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: ProcessNode


	
executable: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'python -m geowatch.cli.run_metrics_framework'

	




	
group_dname: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'eval'

	




	
in_paths: Collection = {'sites_fpath', 'true_region_dpath', 'true_site_dpath'}

	




	
out_paths: Collection = {'eval_dpath': '.', 'eval_fpath': 'poly_eval.json'}

	




	
command()

	








	
geowatch.mlops.smart_pipeline._phase2_dvc_data_dpath()

	




	
class geowatch.mlops.smart_pipeline.HeatmapEvaluation(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: ProcessNode


	
executable: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'python -m geowatch.tasks.fusion.evaluate'

	




	
group_dname: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'eval'

	




	
in_paths: Collection = {'pred_pxl_fpath', 'true_dataset'}

	




	
out_paths: Collection = {'eval_pxl_dpath': '.', 'eval_pxl_fpath': 'pxl_eval.json'}

	




	
command()

	








	
class geowatch.mlops.smart_pipeline.KWCocoVisualization(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: ProcessNode


	
executable: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'python -m geowatch.cli.coco_visualize_videos'

	




	
group_dname: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'pred'

	




	
in_paths: Collection = {'poly_kwcoco_fpath'}

	




	
out_paths: Collection = {'viz_dpath': '.', 'viz_stamp_fpath': '_viz.stamp'}

	




	
command()

	








	
class geowatch.mlops.smart_pipeline.InvariantFeatureComputation(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: FeatureComputation


	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'invar_feat'

	




	
out_paths: Collection = {'dst': 'feat_I_{invar_feat_id}.kwcoco.zip'}

	








	
class geowatch.mlops.smart_pipeline.MaterialFeatureComputation(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: FeatureComputation


	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'mat_feat'

	




	
out_paths: Collection = {'dst': 'feat_M_{mat_feat_id}.kwcoco.zip'}

	








	
class geowatch.mlops.smart_pipeline.LandcoverFeatureComputation(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: FeatureComputation


	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'land_feat'

	




	
out_paths: Collection = {'dst': 'feat_L_{land_feat_id}.kwcoco.zip'}

	








	
class geowatch.mlops.smart_pipeline.BAS_HeatmapPrediction(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: HeatmapPrediction

CommandLine

xdoctest -m geowatch.mlops.smart_pipeline BAS_HeatmapPrediction





Example

>>> from geowatch.mlops.smart_pipeline import *  # NOQA
>>> node = BAS_HeatmapPrediction()
>>> node.configure({
>>>     'tta_time': 2,
>>>     'package_fpath': 'foo.pt',
>>>     'test_dataset': 'bar.json',
>>> })
>>> command = node.command()
>>> assert 'tta_time=2' in command
>>> print(command)






	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'bas_pxl'

	




	
algo_params: Collection = {'drop_unused_frames': True, 'with_change': False, 'with_class': False, 'with_saliency': True}

	




	
property condensed

	








	
class geowatch.mlops.smart_pipeline.SC_HeatmapPrediction(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: HeatmapPrediction


	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'sc_pxl'

	




	
algo_params: Collection = {'drop_unused_frames': True, 'saliency_chan_code': 'ac_salient', 'with_change': False, 'with_class': True, 'with_saliency': True}

	




	
property condensed

	








	
class geowatch.mlops.smart_pipeline.BAS_PolygonPrediction(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: PolygonPrediction


	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'bas_poly'

	




	
default_track_fn = 'saliency_heatmaps'

	




	
property final_algo_config

	








	
class geowatch.mlops.smart_pipeline.SC_PolygonPrediction(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: PolygonPrediction


	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'sc_poly'

	




	
default_track_fn = 'class_heatmaps'

	




	
property final_algo_config

	








	
class geowatch.mlops.smart_pipeline.BAS_HeatmapEvaluation(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: HeatmapEvaluation


	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'bas_pxl_eval'

	








	
class geowatch.mlops.smart_pipeline.SC_HeatmapEvaluation(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: HeatmapEvaluation


	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'sc_pxl_eval'

	








	
class geowatch.mlops.smart_pipeline.BAS_PolygonEvaluation(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: PolygonEvaluation


	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'bas_poly_eval'

	








	
class geowatch.mlops.smart_pipeline.SC_PolygonEvaluation(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: PolygonEvaluation


	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'sc_poly_eval'

	








	
class geowatch.mlops.smart_pipeline.BAS_Visualization(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: KWCocoVisualization


	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'bas_poly_viz'

	








	
class geowatch.mlops.smart_pipeline.SC_Visualization(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: KWCocoVisualization


	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'sc_poly_viz'

	








	
class geowatch.mlops.smart_pipeline.Cropping(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: ProcessNode

Used for both site cropping and validation-cropping


	
executable: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'python -m geowatch.cli.align'

	




	
group_dname: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'pred'

	




	
algo_params: Collection = {'context_factor': 1.5, 'convexify_regions': True, 'exclude_sensors': 'L8', 'force_min_gsd': None, 'force_nodata': -9999, 'include_channels': None, 'minimum_size': None, 'rpc_align_method': 'orthorectify', 'target_gsd': 4}

	




	
perf_params: Collection = {'aux_workers': 4, 'debug_valid_regions': False, 'geo_preprop': 'auto', 'img_workers': 32, 'keep': 'img', 'verbose': 1, 'visualize': False}

	




	
in_paths: Collection = {'crop_src_fpath', 'regions'}

	




	
property condensed

	




	
command()

	








	
class geowatch.mlops.smart_pipeline.SiteClustering(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: ProcessNode

Crop to each image of every site.

CommandLine

xdoctest -m geowatch.mlops.smart_pipeline SiteClustering





Example

>>> from geowatch.mlops.smart_pipeline import *  # NOQA
>>> node = SiteClustering()
>>> command = node.final_command()
>>> print(command)






	
executable: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'python -m geowatch.cli.cluster_sites'

	




	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'cluster_sites'

	




	
group_dname: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'crops'

	




	
algo_params: Collection = {'context_factor': 1.5, 'crop_time': True, 'maximum_size': '1024x1024@2GSD', 'minimum_size': '128x128@2GSD'}

	




	
perf_params: Collection = {'draw_clusters': False, 'io_workers': 4}

	




	
in_paths: Collection = {'src'}

	




	
out_paths: Collection = {'dst_dpath': 'clustered', 'dst_region_fpath': 'clustered.geojson'}

	








	
class geowatch.mlops.smart_pipeline.SC_Cropping(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: Cropping

Crop to each image of every site.

CommandLine

xdoctest -m geowatch.mlops.smart_pipeline SC_Cropping





Example

>>> from geowatch.mlops.smart_pipeline import *  # NOQA
>>> node = SC_Cropping()
>>> command = node.command()
>>> print(command)
>>> assert '--regions' in command






	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'sc_crop'

	




	
group_dname: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'crops'

	




	
algo_params: Collection = {'context_factor': 1.0, 'convexify_regions': True, 'exclude_sensors': 'L8', 'force_min_gsd': 2, 'force_nodata': -9999, 'include_channels': None, 'minimum_size': '128x128@10GSD', 'rpc_align_method': 'orthorectify', 'target_gsd': 4}

	




	
out_paths: Collection = {'crop_dst_fpath': 'sitecrop.kwcoco.zip'}

	








	
class geowatch.mlops.smart_pipeline.SV_Cropping(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: Cropping

Crop to high res images as the start / end of a sequence

CommandLine

xdoctest -m geowatch.mlops.smart_pipeline SV_Cropping





Example

>>> from geowatch.mlops.smart_pipeline import *  # NOQA
>>> node = SV_Cropping()
>>> command = node.command()
>>> print(command)
>>> assert '--regions' in command






	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'sv_crop'

	




	
algo_params: Collection = {'context_factor': 1.3, 'convexify_regions': True, 'force_min_gsd': 2, 'force_nodata': -9999, 'include_sensors': 'WV', 'minimum_size': '128x128@2GSD', 'num_end_frames': 3, 'num_start_frames': 3, 'rpc_align_method': 'orthorectify', 'target_gsd': 2}

	




	
out_paths: Collection = {'crop_dst_fpath': 'sv_crop.kwcoco.zip'}

	








	
class geowatch.mlops.smart_pipeline.SV_DepthPredict(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: ProcessNode

Node for DZYNEs high res depth-based parallel change detector.

This takes in a kwcoco file with images, and geojson annotations, projects
those annotations onto the videos, scores each video / track, and then
writes a modified kwcoco file.

Example

>>> from geowatch.mlops import smart_pipeline
>>> self = node = smart_pipeline.SV_DepthPredict(root_dpath='/ROOT/DPATH/')
>>> node.configure({
>>>     'input_kwcoco': 'my_highres.kwcoco.zip',
>>>     'input_region': 'myregion.geojson',
>>>     'input_sites': 'myinput_sites',
>>>     'model_fpath': 'models/depth_pcd/basicModel2.h5',
>>> })
>>> print(node.command())






	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'sv_depth_score'

	




	
executable: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'python -m geowatch.tasks.depth_pcd.score_tracks'

	




	
group_dname: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'pred'

	




	
in_paths: Collection = {'input_kwcoco', 'input_region'}

	




	
out_paths: Collection = {'out_kwcoco': 'pred_depth_scores.kwcoco.zip'}

	




	
algo_params: Collection = {'model_fpath': None}

	




	
command()

	








	
class geowatch.mlops.smart_pipeline.SV_DepthFilter(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: ProcessNode

Node for DZYNEs high res depth-based parallel change detector.

Takes in a scored kwcoco file from SV_DepthPredict and geojson annotations
and then filters the annotations based on the scores in the kwcoco file.

Example

>>> from geowatch.mlops import smart_pipeline
>>> self = node = smart_pipeline.SV_DepthFilter(node_dpath='/MY/OUPUT/DIR/')
>>> node.configure({
>>>     'input_kwcoco': 'myscored.kwcoco.zip',
>>>     'input_region': 'myregion.geojson',
>>>     'input_sites': 'mysites/*.geojson',
>>> })
>>> print(node.command())





Example

>>> from geowatch.mlops import smart_pipeline
>>> self = node = smart_pipeline.SV_DepthFilter(root_dpath='/ROOT/DPATH/')
>>> node.configure({
>>>     'input_kwcoco': 'foo.kwcoco',
>>>     'input_region': 'region.geojson',
>>>     'input_sites': 'input_sites',
>>>     #'output_sites_dpath': 'I_WANT_OUT_SITES_HERE',
>>>     'output_region_fpath': 'I_WANT_OUT_REGIONS_HERE',
>>>     'output_site_manifest_fpath': 'I_WANT_SITE_MANIFESTS_HERE',
>>> })
>>> print('self.template_out_paths = {}'.format(ub.urepr(self.template_out_paths, nl=1)))
>>> print('self.final_out_paths = {}'.format(ub.urepr(self.final_out_paths, nl=1)))
>>> print(node.command())






	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'sv_depth_filter'

	




	
executable: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'python -m geowatch.tasks.depth_pcd.filter_tracks'

	




	
group_dname: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'pred'

	




	
in_paths: Collection = {'input_kwcoco', 'input_region', 'input_sites'}

	




	
out_paths: Collection = {'output_region_fpath': 'sv_depth_out_region.geojson', 'output_site_manifest_fpath': 'sv_depth_out_site_manifest.json', 'output_sites_dpath': 'sv_depth_out_sites'}

	




	
algo_params: Collection = {'threshold': 0.4}

	




	
command()

	








	
class geowatch.mlops.smart_pipeline.DinoBoxDetector(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: ProcessNode

Used for both site cropping and validation-cropping

Example

>>> from geowatch.mlops.smart_pipeline import *  # NOQA
>>> node = DinoBoxDetector(root_dpath='/root/dpath/')
>>> node.configure({
>>>     'coco_fpath': 'foo.kwcoco',
>>>     'package_fpath': 'model.pt',
>>>     'data_workers': 2,
>>> })
>>> print(node.command())
>>> algo_id1 = node.algo_id
>>> print(f'node.algo_id={node.algo_id}')
>>> print(f'node.process_id={node.process_id}')
>>> node.configure({
>>>     'coco_fpath': 'foo.kwcoco',
>>>     'package_fpath': 'model.pt',
>>>     'data_workers': 10,
>>> })
>>> algo_id2 = node.algo_id
>>> node.configure({
>>>     'fixed_resolution': "10GSD",
>>> })
>>> algo_id3 = node.algo_id
>>> assert algo_id1 == algo_id2, 'perf params dont change hash'
>>> assert algo_id1 != algo_id3, 'algo params do change hash'






	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'sv_dino_boxes'

	




	
executable: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'python -m geowatch.tasks.dino_detector.predict'

	




	
group_dname: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'pred'

	




	
in_paths: Collection = {'coco_fpath'}

	




	
out_paths: Collection = {'out_coco_fpath': 'pred_boxes.kwcoco.zip'}

	




	
algo_params: Collection = {'batch_size': 1, 'fixed_resolution': '3GSD', 'package_fpath': None, 'window_dims': 256, 'window_overlap': 0.5}

	




	
perf_params: Collection = {'data_workers': 2, 'device': 0}

	




	
command()

	








	
class geowatch.mlops.smart_pipeline.SV_DinoFilter(*, name=None, executable=None, algo_params=None, perf_params=None, in_paths=None, out_paths=None, group_dname=None, root_dpath=None, config=None, node_dpath=None, group_dpath=None, _overwrite_node_dpath=None, _overwrite_group_dpath=None, _no_outarg=False, _no_inarg=False, **aliases)

	Bases: ProcessNode

Used for both site cropping and validation-cropping

Example

>>> from geowatch.mlops.smart_pipeline import *  # NOQA
>>> self = node = SV_DinoFilter(root_dpath='/ROOT/DPATH/')
>>> node.configure({
>>>     'input_kwcoco': 'foo.kwcoco',
>>>     'input_region': 'region.geojson',
>>>     'input_sites': 'input_sites',
>>>     #'output_sites_dpath': 'I_WANT_OUT_SITES_HERE',
>>>     'output_region_fpath': 'I_WANT_OUT_REGIONS_HERE',
>>>     'output_site_manifest_fpath': 'I_WANT_SITE_MANIFESTS_HERE',
>>> })
>>> print('self.template_out_paths = {}'.format(ub.urepr(self.template_out_paths, nl=1)))
>>> print('self.final_out_paths = {}'.format(ub.urepr(self.final_out_paths, nl=1)))
>>> print(node.command())






	
name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'sv_dino_filter'

	




	
executable: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'python -m geowatch.tasks.dino_detector.building_validator'

	




	
group_dname: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = 'pred'

	




	
in_paths: Collection = {'input_kwcoco', 'input_region', 'input_sites'}

	




	
out_paths: Collection = {'output_region_fpath': 'out_region.geojson', 'output_site_manifest_fpath': 'out_site_manifest.json', 'output_sites_dpath': 'out_sites'}

	




	
algo_params: Collection = {'box_isect_threshold': 0.1, 'box_score_threshold': 0.1, 'end_min_score': 0.1, 'start_max_score': 1.0}

	




	
command()

	








	
geowatch.mlops.smart_pipeline.bas_nodes()

	




	
geowatch.mlops.smart_pipeline.sc_nodes()

	




	
geowatch.mlops.smart_pipeline.make_smart_pipeline_nodes(with_bas=True, building_validation=False, depth_validation=False, site_crops=True, with_acsc=True, site_cluster=False)

	




	
geowatch.mlops.smart_pipeline.make_smart_pipeline(name)

	Get an unconfigured instance of the SMART pipeline

CommandLine

xdoctest -m geowatch.mlops.smart_pipeline make_smart_pipeline





Example

>>> from geowatch.mlops.smart_pipeline import *  # NOQA
>>> dag = make_smart_pipeline('sc')
>>> dag.print_graphs()
>>> dag.inspect_configurables()





>>> from geowatch.mlops.smart_pipeline import *  # NOQA
>>> dag = make_smart_pipeline('joint_bas_sc')
>>> dag.print_graphs()
>>> dag.inspect_configurables()





>>> from geowatch.mlops.smart_pipeline import *  # NOQA
>>> dag = make_smart_pipeline('joint_bas_sv_sc')
>>> dag.print_graphs()
>>> dag.inspect_configurables()





>>> from geowatch.mlops.smart_pipeline import *  # NOQA
>>> dag = make_smart_pipeline('full')
>>> dag.print_graphs()
>>> dag.inspect_configurables()





Example

>>> from geowatch.mlops.smart_pipeline import *  # NOQA
>>> dag = make_smart_pipeline('bas_depth_vali')
>>> dag.print_graphs()
>>> dag.inspect_configurables()





>>> from geowatch.mlops.smart_pipeline import *  # NOQA
>>> dag = make_smart_pipeline('dzyne_sv_only')
>>> dag.print_graphs()
>>> dag.inspect_configurables()










	
geowatch.mlops.smart_pipeline.dzyne_sv_only_pipeline()

	Demo Schedule Evaluate Inovcation:


HIRES_DVC_DATA_DPATH=$(geowatch_dvc –tags=’drop7_data’ –hardware=auto)
DVC_EXPT_DPATH=$(geowatch_dvc –tags=’phase2_expt’ –hardware=auto)


	python -m geowatch.mlops.schedule_evaluation –params=”
	pipeline: dzyne_sv_only
matrix:



	sv_depth_score.input_region:
	$HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_output/region_models/KR_R002.geojson
# $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_output/region_models/CN_C500.geojson
# $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_output/region_models/CO_C501.geojson
# $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_output/region_models/KW_C501.geojson



	sv_depth_score.model_fpath:
	
	$DVC_EXPT_DPATH/models/depth_pcd/basicModel2.h5




# - $DVC_EXPT_DPATH/models/depth_pcd/model3.h5



	sv_depth_filter.threshold:
	
	0.1




# - 0.2





sv_poly_eval.true_region_dpath:  $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_truth/region_models
sv_poly_eval.true_site_dpath:  $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_truth/site_models
pre_poly_eval.true_region_dpath:  $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_truth/region_models
pre_poly_eval.true_site_dpath:  $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_truth/site_models





	submatrices:
	# For each region, pair it with the appropriate input kwcoco


	sv_depth_score.input_region: $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_output/region_models/KR_R002.geojson
sv_depth_filter.input_sites: $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_output/region_models/KR_R002
pre_poly_eval.sites_fpath: $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_output/region_models/KR_R002
sv_depth_score.input_kwcoco: $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/KR_R002/imgonly-KR_R002-rawbands-small.kwcoco.zip


	sv_depth_score.input_region: $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_output/region_models/CN_C500.geojson
sv_depth_filter.input_sites: $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_output/region_models/CN_C500
pre_poly_eval.sites_fpath: $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_output/region_models/CN_C500
sv_depth_score.input_kwcoco: $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/CN_C000/imgonly-CN_C000-rawbands-small.kwcoco.zip


	sv_depth_score.input_region: $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_output/region_models/CO_C501.geojson
sv_depth_filter.input_sites: $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_output/region_models/CO_C501
pre_poly_eval.sites_fpath: $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_output/region_models/CO_C501
sv_depth_score.input_kwcoco: $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/CO_C001/imgonly-CO_C001-rawbands-small.kwcoco.zip


	sv_depth_score.input_region: $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_output/region_models/KW_C501.geojson
sv_depth_filter.input_sites: $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_output/region_models/KW_C501
pre_poly_eval.sites_fpath: $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/bas_small_output/region_models/KW_C501
sv_depth_score.input_kwcoco: $HIRES_DVC_DATA_DPATH/Drop7-StaticACTestSet-2GSD/KW_C001/imgonly-KW_C001-rawbands-small.kwcoco.zip








“ –root_dpath=”$DVC_EXPT_DPATH/_test_dzyne_sv_only” –devices=”0,1” –tmux_workers=8 –backend=tmux –queue_name “_test_dzyne_sv_only” –skip_existing=0 –run=0















            

          

      

      

    

  

    
      
          
            
  
geowatch.mlops.smart_result_parser module

This is a very task-specific file containing logic to parse fusion pipeline
metrics for BAS and SC.

Used by ./aggregate_loader.py


	
geowatch.mlops.smart_result_parser.parse_json_header(fpath)

	Ideally the information we need is in the first few bytes of the json file






	
geowatch.mlops.smart_result_parser.trace_json_lineage(fpath)

	We will expect a json file to contain a top-level “info” section that
indicates how it is derived.

fpath = ‘/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/models/fusion/Aligned-Drop4-2022-08-08-TA1-S2-L8-ACC/pred/trk/Drop4_BAS_Retrain_V002_epoch=31-step=16384.pt.pt/Aligned-Drop4-2022-08-08-TA1-S2-L8-ACC_data.kwcoco/trk_pxl_b788335d/trk_poly_f2218f0b/tracks.kwcoco.json’






	
geowatch.mlops.smart_result_parser.load_iarpa_evaluation(fpath)

	
	Parameters:

	fpath (PathLike | str) – path to the IARPA summary json file



	Returns:

	
	containing keys:
	
	metrics -
	which just contains a flat Dict[str, float] metric dictionary



	iarpa_info -
	which contains ALL of the information parsed out of the summary json file.













	Return type:

	Dict










	
geowatch.mlops.smart_result_parser.load_bas_poly_eval(fpath, expt_dvc_dpath=None, arg_prefix='trk.')

	fpath = ub.Path(‘/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_testpipe/eval/flat/bas_poly_eval/bas_poly_eval_id_1ad531cc/poly_eval.json’)
expt_dvc_dpath = None
arg_prefix = ‘’






	
geowatch.mlops.smart_result_parser.load_iarpa_poly_eval(fpath)

	




	
geowatch.mlops.smart_result_parser.load_sc_poly_eval(fpath, expt_dvc_dpath=None, arg_prefix='act.')

	




	
geowatch.mlops.smart_result_parser._handle_crop_and_trk_params(param_types, expt_dvc_dpath)

	




	
geowatch.mlops.smart_result_parser.parse_tracker_params(tracker_info, expt_dvc_dpath=None, arg_prefix='')

	
	Parameters:

	tracker_info (List[Dict]) – This should be the “info” section of a tracker result (i.e. “info”
in the kwcoco json or geojson manifest file), which is a list of
process context dictionaries. One of these dictionaries will have a
process name “geowatch.cli.run_tracker” or
“geowatch.cli.run_tracker”, and that item will contain the config used
to run the tracker. It may also contain an “extra.pred_info”
property containing the pixel prediction params, and that may
contain the training configuration.






Note

This is tricky because we need to find a way to differentiate if this
was a trk or bas tracker.








	
geowatch.mlops.smart_result_parser._handle_process_item(item)

	Json data written by the process context has changed over time slightly.
Consolidate different usages until a consistent API and usage patterns are
established.






	
geowatch.mlops.smart_result_parser.load_pxl_eval(fpath, expt_dvc_dpath=None, arg_prefix='', mode=0, with_param_types=True)

	




	
exception geowatch.mlops.smart_result_parser.Found

	Bases: Exception [https://docs.python.org/3/library/exceptions.html#Exception]






	
geowatch.mlops.smart_result_parser.resolve_cross_machine_path(path, dvc_dpath=None)

	HACK

Attempt to determine what the local path to a file/directry would be
if it exists on this machine. This assumes the path is something
that was checked into DVC.


	Parameters:

	dvc_dpath – the preferred dvc dpath to associate the file with
in case the older one points to multiple.










	
geowatch.mlops.smart_result_parser.global_ureg()

	




	
geowatch.mlops.smart_result_parser._add_prefix(prefix, dict_)

	




	
geowatch.mlops.smart_result_parser.relevant_pred_pxl_config(pred_pxl_config, dvc_dpath=None, arg_prefix='')

	




	
geowatch.mlops.smart_result_parser.relevant_fit_config(fit_config, arg_prefix='', add_prefix=True)

	




	
geowatch.mlops.smart_result_parser.relevant_track_config(track_args, arg_prefix='')

	




	
geowatch.mlops.smart_result_parser.parse_resource_item(item, arg_prefix='', add_prefix=True)

	




	
geowatch.mlops.smart_result_parser.find_pred_pxl_item(pred_info)

	




	
geowatch.mlops.smart_result_parser.find_info_items(info, query_type, query_name=None)

	




	
geowatch.mlops.smart_result_parser.parse_pred_pxl_params(pred_info, expt_dvc_dpath=None, arg_prefix='', mode=0)

	
	Parameters:

	pred_info (List[Dict]) – the info written to a heatmap prediction kwcoco










	
geowatch.mlops.smart_result_parser._load_json(fpath)

	




	
geowatch.mlops.smart_result_parser.find_track_item(tracker_info)

	




	
geowatch.mlops.smart_result_parser.find_metrics_framework_item(info)

	




	
geowatch.mlops.smart_result_parser.find_pxl_eval_item(info)

	




	
geowatch.mlops.smart_result_parser.shrink_channels(x)

	




	
geowatch.mlops.smart_result_parser.is_teamfeat(sensorchan)

	Check if the sensorchan spec contains a hard coded value we know is a team
feature








            

          

      

      

    

  

    
      
          
            
  
geowatch.mlops package


Submodules



	geowatch.mlops.__main__ module
	main()





	geowatch.mlops.aggregate module
	AggregateLoader
	AggregateLoader.coerce_aggregators()

	AggregateLoader.default

	AggregateLoader.normalize()





	AggregateEvluationConfig
	AggregateEvluationConfig.default

	AggregateEvluationConfig.main()

	AggregateEvluationConfig.normalize()





	main()

	TopResultsReport

	AggregatorAnalysisMixin
	AggregatorAnalysisMixin.macro_analysis()

	AggregatorAnalysisMixin.varied_param_counts()

	AggregatorAnalysisMixin.analyze()

	AggregatorAnalysisMixin.report_best()

	AggregatorAnalysisMixin.resource_summary_table()

	AggregatorAnalysisMixin.report_resources()

	AggregatorAnalysisMixin.make_summary_analysis()

	AggregatorAnalysisMixin.make_result_node_symlinks()

	AggregatorAnalysisMixin.build_plotter()

	AggregatorAnalysisMixin.plot_all()

	AggregatorAnalysisMixin._wip_build_per_region_variance_tables()





	Aggregator
	Aggregator.demo()

	Aggregator.build()

	Aggregator.primary_macro_region

	Aggregator.filterto()

	Aggregator.compress()

	Aggregator.metrics

	Aggregator.resources

	Aggregator.index

	Aggregator.params

	Aggregator.requested_params

	Aggregator.specified_params

	Aggregator.resolved_params

	Aggregator.build_effective_params()

	Aggregator.find_macro_comparable()

	Aggregator.gather_macro_compatable_groups()

	Aggregator._coerce_rois()

	Aggregator.build_macro_tables()

	Aggregator.build_single_macro_table()





	inspect_node()

	aggregate_param_cols()

	macro_aggregate()

	hash_param()

	hash_regions()

	nan_eq()





	geowatch.mlops.aggregate_loader module
	build_tables()

	_lookup_result_loader()

	load_result_worker()

	new_process_context_parser()

	load_result_resolved()

	_generalized_process_flat_resolved()

	out_node_matching_fpaths()

	_hashnp_bool()





	geowatch.mlops.aggregate_plots module
	build_plotter()

	build_all_param_plots()

	build_special_columns()

	preprocess_table_for_seaborn()

	ParamPlotter
	ParamPlotter.plot_requested()

	ParamPlotter.plot_resources()

	ParamPlotter.plot_overviews()

	ParamPlotter.plot_params()

	ParamPlotter.plot_vantage_per_region_overview()

	ParamPlotter.plot_vantage_macro_overview()

	ParamPlotter.plot_vantage_params()

	ParamPlotter._add_sv_hack_lines()





	edit_distance()

	shrink_param_names()





	geowatch.mlops.confusor_analysis module
	ConfusorAnalysisConfig
	ConfusorAnalysisConfig._infer_from_mlops_node()

	ConfusorAnalysisConfig.default

	ConfusorAnalysisConfig.normalize()





	main()

	ConfusionAnalysis
	ConfusionAnalysis.reload()

	ConfusionAnalysis.load_geojson_models()

	ConfusionAnalysis.load_confusion_assignment()

	ConfusionAnalysis.load_new_stage_stuff()

	ConfusionAnalysis.add_confusion_to_geojson_models()

	ConfusionAnalysis.build_hard_cases()

	ConfusionAnalysis.dump_confusion_geojson()

	ConfusionAnalysis.dump_hardneg_geojson()

	ConfusionAnalysis.dump_hardneg_kwcoco()

	ConfusionAnalysis.dump_confusion_kwcoco()

	ConfusionAnalysis.dump_summary_viz()

	ConfusionAnalysis.dump_site_case_viz()

	ConfusionAnalysis.build_site_confusion_cases()





	make_case()

	visualize_case()

	make_pred_score_timeline()

	make_case_timeline()

	visualize_all_timelines()

	differentiate_site_id()

	fix_site_id()

	coco_upgrade_track_ids()

	make_summary_visualization()

	to_styled_kml()

	nan_to_null()

	safediv()





	geowatch.mlops.manager module
	ManagerConfig
	ManagerConfig.default

	ManagerConfig.main()





	main()

	DVCExptManager
	DVCExptManager.summarize()

	DVCExptManager.list()

	DVCExptManager.coerce()

	DVCExptManager._build_states()

	DVCExptManager.pull_packages()

	DVCExptManager.add_packages()

	DVCExptManager.push_packages()

	DVCExptManager.push()

	DVCExptManager.pull()

	DVCExptManager.reverse_hash_lookup()





	ExperimentState
	ExperimentState.VERSIONED_COLUMNS

	ExperimentState.STAGING_COLUMNS

	ExperimentState._build_path_patterns()

	ExperimentState._parse_pattern_attrs()

	ExperimentState.staging_rows()

	ExperimentState.versioned_rows()

	ExperimentState.staging_table()

	ExperimentState.versioned_table()

	ExperimentState.cross_referenced_tables()

	ExperimentState.list()

	ExperimentState.summarize()

	ExperimentState.package_checkpoints()

	ExperimentState.copy_packages_to_dvc()

	ExperimentState.add_packages_to_dvc()

	ExperimentState.add_packages()

	ExperimentState.push_packages()





	checkpoint_filepath_info()

	summarize_tables()

	UserAbort





	geowatch.mlops.pipeline_nodes module
	Pipeline
	Pipeline.demo()

	Pipeline._ensure_clean()

	Pipeline.submit()

	Pipeline.node_dict

	Pipeline.build_nx_graphs()

	Pipeline.inspect_configurables()

	Pipeline.configure()

	Pipeline.print_graphs()

	Pipeline.submit_jobs()

	Pipeline.make_queue()





	glob_templated_path()

	_has_jq()

	Node
	Node._connect_single()

	Node.connect()

	Node.key





	IONode
	IONode.final_value

	IONode.key





	InputNode

	OutputNode
	OutputNode.final_value

	OutputNode.template_value

	OutputNode.matching_fpaths()





	_classvar_init()

	memoize_configured_method

	memoize_configured_property()

	ProcessNode
	ProcessNode.name

	ProcessNode.executable

	ProcessNode.algo_params

	ProcessNode.perf_params

	ProcessNode.in_paths

	ProcessNode.out_paths

	ProcessNode.group_dname

	ProcessNode.configure()

	ProcessNode.condensed

	ProcessNode._build_templates()

	ProcessNode._finalize_templates()

	ProcessNode.final_config

	ProcessNode._depends_config()

	ProcessNode.final_perf_config

	ProcessNode.final_algo_config

	ProcessNode.final_in_paths

	ProcessNode.template_out_paths

	ProcessNode.final_out_paths

	ProcessNode.final_node_dpath

	ProcessNode.final_root_dpath

	ProcessNode.template_group_dpath

	ProcessNode.template_node_dpath

	ProcessNode.template_root_dpath

	ProcessNode.predecessor_process_nodes()

	ProcessNode.successor_process_nodes()

	ProcessNode.ancestor_process_nodes()

	ProcessNode._uncached_ancestor_process_nodes()

	ProcessNode.depends

	ProcessNode.algo_id

	ProcessNode.process_id

	ProcessNode._make_argstr()

	ProcessNode.inputs

	ProcessNode.outputs

	ProcessNode.command

	ProcessNode.test_is_computed_command()

	ProcessNode.does_exist

	ProcessNode.outputs_exist

	ProcessNode._raw_command()

	ProcessNode.final_command()

	ProcessNode.find_template_outputs()





	_load_json()

	_add_prefix()

	_fixup_config_serializability()

	demodata_pipeline()

	demo_pipeline_run()

	PipelineDAG





	geowatch.mlops.repackager module
	RepackageConfig
	RepackageConfig.default

	RepackageConfig.main()





	main()

	repackage()

	inspect_checkpoint_context()

	suggest_package_name_for_checkpoint()

	parse_and_init_config()

	repackage_single_checkpoint()

	load_meta()





	geowatch.mlops.schedule_evaluation module
	ScheduleEvaluationConfig
	ScheduleEvaluationConfig.default

	ScheduleEvaluationConfig.main()

	ScheduleEvaluationConfig.normalize()





	main()

	schedule_evaluation()

	ensure_iterable()

	_auto_gpus()





	geowatch.mlops.smart_global_helper module
	SmartGlobalHelper
	SmartGlobalHelper.VIZ_BLOCKLIST

	SmartGlobalHelper.EXTRA_HASHID_IGNORE_COLUMNS

	SmartGlobalHelper.EXTRA_PATH_COLUMNS

	SmartGlobalHelper.LABEL_MAPPINGS

	SmartGlobalHelper.shared_palettes()

	SmartGlobalHelper.make_param_palette()

	SmartGlobalHelper.label_modifier()

	SmartGlobalHelper.default_vantage_points()

	SmartGlobalHelper._default_metrics()

	SmartGlobalHelper.mark_star_models()

	SmartGlobalHelper.old_hacked_model_case()

	SmartGlobalHelper.mark_delivery()

	SmartGlobalHelper.populate_test_dataset_bundles()

	SmartGlobalHelper.get_delivered_model_params()

	SmartGlobalHelper.custom_channel_relabel()

	SmartGlobalHelper.print_minmax_times()

	SmartGlobalHelper.threshold_param_groups()









	geowatch.mlops.smart_pipeline module
	FeatureComputation
	FeatureComputation.executable

	FeatureComputation.group_dname

	FeatureComputation.in_paths

	FeatureComputation.command()

	FeatureComputation.condensed





	FeatureUnion
	FeatureUnion.name

	FeatureUnion.executable

	FeatureUnion.group_dname

	FeatureUnion.in_paths

	FeatureUnion.out_paths

	FeatureUnion.command()





	HeatmapPrediction
	HeatmapPrediction.executable

	HeatmapPrediction.group_dname

	HeatmapPrediction.perf_params

	HeatmapPrediction.in_paths

	HeatmapPrediction.algo_params

	HeatmapPrediction.out_paths

	HeatmapPrediction.command()





	PolygonPrediction
	PolygonPrediction.executable

	PolygonPrediction.group_dname

	PolygonPrediction.default_track_fn

	PolygonPrediction.in_paths

	PolygonPrediction.out_paths

	PolygonPrediction.command()





	PolygonEvaluation
	PolygonEvaluation.executable

	PolygonEvaluation.group_dname

	PolygonEvaluation.in_paths

	PolygonEvaluation.out_paths

	PolygonEvaluation.command()





	_phase2_dvc_data_dpath()

	HeatmapEvaluation
	HeatmapEvaluation.executable

	HeatmapEvaluation.group_dname

	HeatmapEvaluation.in_paths

	HeatmapEvaluation.out_paths

	HeatmapEvaluation.command()





	KWCocoVisualization
	KWCocoVisualization.executable

	KWCocoVisualization.group_dname

	KWCocoVisualization.in_paths

	KWCocoVisualization.out_paths

	KWCocoVisualization.command()





	InvariantFeatureComputation
	InvariantFeatureComputation.name

	InvariantFeatureComputation.out_paths





	MaterialFeatureComputation
	MaterialFeatureComputation.name

	MaterialFeatureComputation.out_paths





	LandcoverFeatureComputation
	LandcoverFeatureComputation.name

	LandcoverFeatureComputation.out_paths





	BAS_HeatmapPrediction
	BAS_HeatmapPrediction.name

	BAS_HeatmapPrediction.algo_params

	BAS_HeatmapPrediction.condensed





	SC_HeatmapPrediction
	SC_HeatmapPrediction.name

	SC_HeatmapPrediction.algo_params

	SC_HeatmapPrediction.condensed





	BAS_PolygonPrediction
	BAS_PolygonPrediction.name

	BAS_PolygonPrediction.default_track_fn

	BAS_PolygonPrediction.final_algo_config





	SC_PolygonPrediction
	SC_PolygonPrediction.name

	SC_PolygonPrediction.default_track_fn

	SC_PolygonPrediction.final_algo_config





	BAS_HeatmapEvaluation
	BAS_HeatmapEvaluation.name





	SC_HeatmapEvaluation
	SC_HeatmapEvaluation.name





	BAS_PolygonEvaluation
	BAS_PolygonEvaluation.name





	SC_PolygonEvaluation
	SC_PolygonEvaluation.name





	BAS_Visualization
	BAS_Visualization.name





	SC_Visualization
	SC_Visualization.name





	Cropping
	Cropping.executable

	Cropping.group_dname

	Cropping.algo_params

	Cropping.perf_params

	Cropping.in_paths

	Cropping.condensed

	Cropping.command()





	SiteClustering
	SiteClustering.executable

	SiteClustering.name

	SiteClustering.group_dname

	SiteClustering.algo_params

	SiteClustering.perf_params

	SiteClustering.in_paths

	SiteClustering.out_paths





	SC_Cropping
	SC_Cropping.name

	SC_Cropping.group_dname

	SC_Cropping.algo_params

	SC_Cropping.out_paths





	SV_Cropping
	SV_Cropping.name

	SV_Cropping.algo_params

	SV_Cropping.out_paths





	SV_DepthPredict
	SV_DepthPredict.name

	SV_DepthPredict.executable

	SV_DepthPredict.group_dname

	SV_DepthPredict.in_paths

	SV_DepthPredict.out_paths

	SV_DepthPredict.algo_params

	SV_DepthPredict.command()





	SV_DepthFilter
	SV_DepthFilter.name

	SV_DepthFilter.executable

	SV_DepthFilter.group_dname

	SV_DepthFilter.in_paths

	SV_DepthFilter.out_paths

	SV_DepthFilter.algo_params

	SV_DepthFilter.command()





	DinoBoxDetector
	DinoBoxDetector.name

	DinoBoxDetector.executable

	DinoBoxDetector.group_dname

	DinoBoxDetector.in_paths

	DinoBoxDetector.out_paths

	DinoBoxDetector.algo_params

	DinoBoxDetector.perf_params

	DinoBoxDetector.command()





	SV_DinoFilter
	SV_DinoFilter.name

	SV_DinoFilter.executable

	SV_DinoFilter.group_dname

	SV_DinoFilter.in_paths

	SV_DinoFilter.out_paths

	SV_DinoFilter.algo_params

	SV_DinoFilter.command()





	bas_nodes()

	sc_nodes()

	make_smart_pipeline_nodes()

	make_smart_pipeline()

	dzyne_sv_only_pipeline()





	geowatch.mlops.smart_result_parser module
	parse_json_header()

	trace_json_lineage()

	load_iarpa_evaluation()

	load_bas_poly_eval()

	load_iarpa_poly_eval()

	load_sc_poly_eval()

	_handle_crop_and_trk_params()

	parse_tracker_params()

	_handle_process_item()

	load_pxl_eval()

	Found

	resolve_cross_machine_path()

	global_ureg()

	_add_prefix()

	relevant_pred_pxl_config()

	relevant_fit_config()

	relevant_track_config()

	parse_resource_item()

	find_pred_pxl_item()

	find_info_items()

	parse_pred_pxl_params()

	_load_json()

	find_track_item()

	find_metrics_framework_item()

	find_pxl_eval_item()

	shrink_channels()

	is_teamfeat()











Module contents

THIS IS AN EXPERIMENTAL MODULE.

The goal of this submodule is to provide tooling to create, manage, and
interact with DVC respositories of datasets and experiments.





            

          

      

      

    

  

    
      
          
            
  
geowatch.monkey._monkey_fbeta module

Lazilly loaded, but global module containing definitions for
monkey_torchmetrics


	
class geowatch.monkey._monkey_fbeta.FBetaScore_Patched(task: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['binary', 'multiclass', 'multilabel'] = None, beta: float [https://docs.python.org/3/library/functions.html#float] = 1.0, threshold: float [https://docs.python.org/3/library/functions.html#float] = 0.5, num_classes: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, num_labels: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, average: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['micro', 'macro', 'weighted', 'none'] | None [https://docs.python.org/3/library/constants.html#None] = 'micro', multidim_average: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['global', 'samplewise'] | None [https://docs.python.org/3/library/constants.html#None] = 'global', top_k: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = 1, ignore_index: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, validate_args: bool [https://docs.python.org/3/library/functions.html#bool] = True, **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any])

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Computes `F-score`_ metric:


\[F_{\beta} = (1 + \beta^2) * \frac{\text{precision} * \text{recall}}
{(\beta^2 * \text{precision}) + \text{recall}}\]

This function is a simple wrapper to get the task specific versions of this metric, which is done by setting the
task argument to either 'binary', 'multiclass' or multilabel. See the documentation of
binary_fbeta_score(), multiclass_fbeta_score() and multilabel_fbeta_score() for the specific
details of each argument influence and examples.






	
class geowatch.monkey._monkey_fbeta.Accuracy_Patched(task: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['binary', 'multiclass', 'multilabel'] = None, threshold: float [https://docs.python.org/3/library/functions.html#float] = 0.5, num_classes: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, num_labels: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, average: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['micro', 'macro', 'weighted', 'none'] | None [https://docs.python.org/3/library/constants.html#None] = 'micro', multidim_average: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['global', 'samplewise'] = 'global', top_k: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = 1, ignore_index: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, validate_args: bool [https://docs.python.org/3/library/functions.html#bool] = True, **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any])

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Computes `Accuracy`_








            

          

      

      

    

  

    
      
          
            
  
geowatch.monkey.monkey_albumentations module


	
geowatch.monkey.monkey_albumentations.patch_albumentations_for_311()

	Backport https://github.com/albumentations-team/albumentations/pull/1426








            

          

      

      

    

  

    
      
          
            
  
geowatch.monkey.monkey_kwcoco module


	
geowatch.monkey.monkey_kwcoco.fix_sorted_set()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.monkey.monkey_lightning module


	
geowatch.monkey.monkey_lightning.disable_lightning_hardware_warnings()

	Lightning likes to warn us when we use a CPU or when we aren’t using extr
workers, even when we explicilty requested it. This lets us squash these
warnings.








            

          

      

      

    

  

    
      
          
            
  
geowatch.monkey.monkey_numpy module


	
geowatch.monkey.monkey_numpy.patch_numpy_dtypes()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.monkey.monkey_pil module


	
geowatch.monkey.monkey_pil.fix_pil_version()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.monkey.monkey_tensorflow module


	
geowatch.monkey.monkey_tensorflow.disable_tensorflow_warnings()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.monkey.monkey_torch module


	
geowatch.monkey.monkey_torch.fix_gelu_issue(method)

	




	
geowatch.monkey.monkey_torch.fix_package_modules()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.monkey.monkey_torchmetrics module


	
geowatch.monkey.monkey_torchmetrics.fix_torchmetrics_compatability()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.monkey package


Submodules



	geowatch.monkey._monkey_fbeta module
	FBetaScore_Patched

	Accuracy_Patched





	geowatch.monkey.monkey_albumentations module
	patch_albumentations_for_311()





	geowatch.monkey.monkey_kwcoco module
	fix_sorted_set()





	geowatch.monkey.monkey_lightning module
	disable_lightning_hardware_warnings()





	geowatch.monkey.monkey_numpy module
	patch_numpy_dtypes()





	geowatch.monkey.monkey_pil module
	fix_pil_version()





	geowatch.monkey.monkey_tensorflow module
	disable_tensorflow_warnings()





	geowatch.monkey.monkey_torch module
	fix_gelu_issue()

	fix_package_modules()





	geowatch.monkey.monkey_torchmetrics module
	fix_torchmetrics_compatability()











Module contents

A submodule containing a collection of monkey patches





            

          

      

      

    

  

    
      
          
            
  
geowatch.rc.registry module

A registry of resource files bundled with the geowatch package

Schemas are from
* https://smartgitlab.com/TE/aristeas/-/tree/main/src/aristeas/schemas
* https://smartgitlab.com/TE/standards
* https://smartgitlab.com/TE/standards/-/snippets/18

Previous:
* https://smartgitlab.com/infrastructure/docs/-/tree/main/pages/schemas
* commit fe4343521d05e433d4ccfcf080d9bcf46c9d2e83

Geoidgrid is from
* https://smartgitlab.com/TE/annotations/-/wikis/WorldView-Annotations#notes-on-the-egm96-geoidgrid-file


	SeeAlso:
	../geoannots/geomodels.py
https://github.com/ResonantGeoData/RD-WATCH/blob/main/django/src/rdwatch/schemas/site_model.py






	
geowatch.rc.registry.load_site_model_schema(strict=True)

	
	Parameters:

	strict (bool) – if True we make a few changes the schema to be more permissive
towards things like region names and originator.





Example

>>> from geowatch.rc.registry import *  # NOQA
>>> data1 = load_site_model_schema(strict=True)
>>> data2 = load_site_model_schema(strict=False)
>>> import rich
>>> rich.print('data = {}'.format(ub.urepr(data1, nl=-2)))
>>> rich.print('data = {}'.format(ub.urepr(data2, nl=-2)))
>>> import jsonschema
>>> cls = jsonschema.validators.validator_for(data1)
>>> cls.check_schema(data1)
>>> cls = jsonschema.validators.validator_for(data2)
>>> cls.check_schema(data2)










	
geowatch.rc.registry.load_region_model_schema(strict=True)

	
	Parameters:

	strict (bool) – if True we make a few changes the schema to be more permissive
towards things like region names and originator.



	Returns:

	the schema



	Return type:

	Dict





CommandLine

xdoctest -m geowatch.rc.registry load_region_model_schema





Example

>>> from geowatch.rc.registry import *  # NOQA
>>> data1 = load_region_model_schema(strict=True)
>>> data2 = load_region_model_schema(strict=False)
>>> import rich
>>> rich.print('data = {}'.format(ub.urepr(data1, nl=-2)))
>>> rich.print('data = {}'.format(ub.urepr(data2, nl=-2)))
>>> import jsonschema
>>> cls = jsonschema.validators.validator_for(data1)
>>> cls.check_schema(data1)
>>> cls = jsonschema.validators.validator_for(data2)
>>> cls.check_schema(data2)










	
geowatch.rc.registry.load_job_schema()

	Example

>>> from geowatch.rc.registry import *  # NOQA
>>> data = load_job_schema()
>>> print('data = {!r}'.format(data))










	
geowatch.rc.registry.geoidgrid_path()

	




	
geowatch.rc.registry.dem_path(cache_dir=None, overwrite=False)

	




	
geowatch.rc.registry.requirement_path(fname)

	CommandLine

xdoctest -m geowatch.rc.registry requirement_path





Example

>>> from geowatch.rc.registry import requirement_path
>>> fname = 'runtime.txt'
>>> requirement_path(fname)












            

          

      

      

    

  

    
      
          
            
  
geowatch.rc.requirements package


Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.rc package


Subpackages



	geowatch.rc.requirements package
	Module contents











Submodules



	geowatch.rc.registry module
	load_site_model_schema()

	load_region_model_schema()

	load_job_schema()

	geoidgrid_path()

	dem_path()

	requirement_path()











Module contents


	
geowatch.rc.load_site_model_schema(strict=True)

	
	Parameters:

	strict (bool) – if True we make a few changes the schema to be more permissive
towards things like region names and originator.





Example

>>> from geowatch.rc.registry import *  # NOQA
>>> data1 = load_site_model_schema(strict=True)
>>> data2 = load_site_model_schema(strict=False)
>>> import rich
>>> rich.print('data = {}'.format(ub.urepr(data1, nl=-2)))
>>> rich.print('data = {}'.format(ub.urepr(data2, nl=-2)))
>>> import jsonschema
>>> cls = jsonschema.validators.validator_for(data1)
>>> cls.check_schema(data1)
>>> cls = jsonschema.validators.validator_for(data2)
>>> cls.check_schema(data2)










	
geowatch.rc.load_region_model_schema(strict=True)

	
	Parameters:

	strict (bool) – if True we make a few changes the schema to be more permissive
towards things like region names and originator.



	Returns:

	the schema



	Return type:

	Dict





CommandLine

xdoctest -m geowatch.rc.registry load_region_model_schema





Example

>>> from geowatch.rc.registry import *  # NOQA
>>> data1 = load_region_model_schema(strict=True)
>>> data2 = load_region_model_schema(strict=False)
>>> import rich
>>> rich.print('data = {}'.format(ub.urepr(data1, nl=-2)))
>>> rich.print('data = {}'.format(ub.urepr(data2, nl=-2)))
>>> import jsonschema
>>> cls = jsonschema.validators.validator_for(data1)
>>> cls.check_schema(data1)
>>> cls = jsonschema.validators.validator_for(data2)
>>> cls.check_schema(data2)










	
geowatch.rc.load_job_schema()

	Example

>>> from geowatch.rc.registry import *  # NOQA
>>> data = load_job_schema()
>>> print('data = {!r}'.format(data))










	
geowatch.rc.geoidgrid_path()

	




	
geowatch.rc.dem_path(cache_dir=None, overwrite=False)

	







            

          

      

      

    

  

    
      
          
            
  
geowatch.stac.stac_search_builder module

A tool to help build a STAC search json.

This does contain a command line interface, for legacy reasons, but
is not intended to be a fully supported part of the GEOWATCH CLI.


	SeeAlso:
	../cli/stac_search.py





Accenture Notes:



	New Procesing 2022-11-21:
	https://smart-research.slack.com/?redir=%2Ffiles%2FU028UQGN1N0%2FF04B998ANRL%2Faccenture_ta1_productdoc_phaseii_20211117.pptx%3Forigin_team%3DTN3QR7WAH%26origin_channel%3DC03QTAXU7GF

https://smartgitlab.com/TE/evaluations/-/wikis/Accenture-TA-1-Processing-Status









	
class geowatch.stac.stac_search_builder.StacSearchBuilderConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Helper to create STAC search json queries

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'default': {'api_key': <Value('env:SMART_STAC_API_KEY')>, 'cloud_cover': <Value(10)>, 'end_date': <Value(None)>, 'out_fpath': <Value(None)>, 'sensors': <Value('L2-S2')>, 'start_date': <Value(None)>}}

	








	
geowatch.stac.stac_search_builder.print_provider_debug_information()

	




	
geowatch.stac.stac_search_builder.check_processed_regions()

	




	
geowatch.stac.stac_search_builder._devcheck_providers_exist()

	




	
geowatch.stac.stac_search_builder.build_search_json(start_date, end_date, sensors, api_key, cloud_cover)

	Construct the json that can be used for a stac search

Example

>>> from geowatch.stac.stac_search_builder import build_search_json
>>> start_date = '2017-01-01'
>>> end_date = '2020-01-01'
>>> sensors = 'L2-S2'
>>> api_key = None
>>> cloud_cover = 20
>>> search_json = build_search_json(start_date, end_date, sensors, api_key, cloud_cover)
>>> print('search_json = {}'.format(ub.urepr(search_json, nl=-1)))
search_json = {
    'stac_search': [
        {
            'collections': ['sentinel-s2-l2a-cogs'],
            'endpoint': 'https://earth-search.aws.element84.com/v0',
            'query': {
                'eo:cloud_cover': {'lt': 20}
            },
            'headers': {},
            'start_date': '2017-01-01',
            'end_date': '2020-01-01'
        }
    ]
}










	
geowatch.stac.stac_search_builder.main(cmdline=1, **kwargs)

	Example

>>> # xdoctest: +SKIP
>>> # xdoctest: +REQUIRES(env:SLOW_DOCTEST)
>>> from geowatch.stac.stac_search_builder import main
>>> cmdline = 0
>>> kwargs = {
>>>     'start_date': '2017-01-01',
>>>     'end_date': '2020-01-01',
>>>     'sensors': 'L2-S2',
>>> }
>>> main(cmdline=cmdline, **kwargs)












            

          

      

      

    

  

    
      
          
            
  
geowatch.stac.util_stac module


	
geowatch.stac.util_stac.parallel_map_items(catalog, mapper_func, max_workers=4, mode='process', drop_on_error=True, extra_args=[], extra_kwargs={})

	Functions similarly to pystac.Catalog.map_items function but
in parallel, and allows the mapper function to return None
indicating that the mapped STAC item should be dropped from the
output catalog


	Parameters:

	
	catalog (pystac.Catalog) – catalog to apply transform to


	mapper_func (callable) – function to be applied to each STAC item.
The first positional argument must accept a pystac.Item,
and may take any arbitrary additional positional or keyword
arguments.


	max_workers (int) – number of jobs


	mode (str) – process, thread, or serial


	extra_args (List | Tuple) – extra positional args passed to mapper_func


	extra_kwargs (Dict[str, object]) – extra keyword args passed to mapper_func






	Returns:

	modified catalog



	Return type:

	pystac.Catalog





Example

>>> # xdoctest: +SKIP("too many https errors")
>>> from geowatch.stac.util_stac import *  # NOQA
>>> from geowatch.demo import stac_demo
>>> catalog_fpath = stac_demo.demo()
>>> catalog = pystac.Catalog.from_file(catalog_fpath)
>>> def demo_mapper_func(item):
>>>     import copy
>>>     print('Process: item = {}'.format(ub.urepr(item, nl=1)))
>>>     print('item.assets = {}'.format(ub.urepr(item.assets, nl=1)))
>>>     if 'data' not in item.assets:
>>>         print('Drop asset without data')
>>>         return None  # drop assets without data
>>>     # Pretend we do some image operation and write to a new path
>>>     in_fpath = item.assets['data'].href
>>>     out_fpath = ub.augpath(in_fpath, suffix='_demo_process')
>>>     print('in_fpath = {!r}'.format(in_fpath))
>>>     out_fpath = in_fpath
>>>     new_item = copy.deepcopy(item)
>>>     new_item.assets['data'].href = out_fpath
>>>     return item
>>> out_catalog = parallel_map_items(
>>>     catalog, demo_mapper_func, mode='serial')
>>> assert len(list(catalog.get_all_items())) == 2, 'two items in'
>>> assert len(list(out_catalog.get_all_items())) == 1, 'one item out'










	
geowatch.stac.util_stac.maps(_item_map=None, history_entry=None)

	General-purpose wrapper for STAC _item_maps.

An _item_map should take in a STAC item and return a STAC item, an
iterable of STAC items or None.  To support this, it should have
an arg ‘stac_item’ and an arg or kwarg ‘outdir’.


	This decorator handles the following tasks:
	
	add original item link


	create an item_outdir from a base outdir, and pass it to _item_map.


	update item’s self_href


	add an entry to ‘watch:process_history’








References

https://pybit.es/articles/decorator-optional-argument/
https://docs.python.org/3/library/inspect.html#inspect.BoundArguments






	
geowatch.stac.util_stac.associate_msi_pan(stac_catalog)

	Match up WorldView multispectral and panchromatic items.

Returns a dict {msi_item.id: pan_item}, where pan_item can be
nonunique.








            

          

      

      

    

  

    
      
          
            
  
geowatch.stac package


Submodules



	geowatch.stac.stac_search_builder module
	StacSearchBuilderConfig
	StacSearchBuilderConfig.default





	print_provider_debug_information()

	check_processed_regions()

	_devcheck_providers_exist()

	build_search_json()

	main()





	geowatch.stac.util_stac module
	parallel_map_items()

	maps()

	associate_msi_pan()











Module contents

Collections of tooling related to STAC to support the CLI





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.cold.assemble_cold_result_kwcoco module

This is step 4/4 in predict.py

SeeAlso:


predict.py

prepare_kwcoco.py

tile_processing_kwcoco.py

export_cold_result_kwcoco.py

assemble_cold_result_kwcoco.py *





	
class geowatch.tasks.cold.assemble_cold_result_kwcoco.AssembleColdKwcocoConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

TODO: write docs

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'coco_fpath': <Value(None)>, 'coefs': <Value(None)>, 'coefs_bands': <Value(None)>, 'combine': <Value(True)>, 'combined_coco_fpath': <Value(None)>, 'exclude_first': <Value(True)>, 'mod_coco_fpath': <Value(None)>, 'reccg_path': <Value(None)>, 'resolution': <Value('30GSD')>, 'sensors': <Value('L8')>, 'stack_path': <Value(None)>, 'timestamp': <Value(False)>, 'write_kwcoco': <Value(True)>, 'year_highbound': <Value(None)>, 'year_lowbound': <Value(None)>}

	








	
geowatch.tasks.cold.assemble_cold_result_kwcoco.assemble_main(cmdline=1, **kwargs)

	_summary_


	Parameters:

	cmdline (int, optional) – _description_. Defaults to 1.





Example:

>>> # xdoctest: +REQUIRES(env:TEST_COLD)
>>> from geowatch.tasks.cold.assemble_cold_result_kwcoco import assemble_main
>>> from geowatch.tasks.cold.assemble_cold_result_kwcoco import *
>>> kwargs= dict(
>>>    stack_path = "/gpfs/scratchfs1/zhz18039/jws18003/new-repos/smart_data_dvc2/Drop6-MeanYear10GSD-V2/_pycold/stacked/KR_R001/",
>>>    reccg_path = "/gpfs/scratchfs1/zhz18039/jws18003/new-repos/smart_data_dvc2/Drop6-MeanYear10GSD-V2/_pycold/reccg/KR_R001/",
>>>    coco_fpath = ub.Path('/gpfs/scratchfs1/zhz18039/jws18003/new-repos/smart_data_dvc2/Drop6/imgonly-KR_R001.kwcoco.json'),
>>>    mod_coco_fpath = ub.Path('/gpfs/scratchfs1/zhz18039/jws18003/new-repos/smart_data_dvc2/Drop6/imgonly_KR_R001_cold.kwcoco.zip'),
>>>    combined_coco_fpath = ub.Path('/gpfs/scratchfs1/zhz18039/jws18003/new-repos/smart_data_dvc2/Drop6-MeanYear10GSD-V2/imgonly-KR_R001.kwcoco.zip'),
>>>    coefs = 'cv,rmse,a0,a1,b1,c1',
>>>    year_lowbound = None,
>>>    year_highbound = None,
>>>    coefs_bands = '0,1,2,3,4,5',
>>>    timestamp = False,
>>>    combine = True,
>>>    sensors = 'L8',
>>>    resolution = '10GSD',
>>>    )
>>> cmdline=0
>>> assemble_main(cmdline, **kwargs)










	
geowatch.tasks.cold.assemble_cold_result_kwcoco.get_gdal_transform(coco_dset, sensor_name, resolution=None)

	




	
geowatch.tasks.cold.assemble_cold_result_kwcoco.read_json_metadata(stacked_path)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.cold.export_change_map module




            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.cold.export_cold_result_kwcoco module

This is step 3/4 in predict.py

SeeAlso:


predict.py

prepare_kwcoco.py

tile_processing_kwcoco.py

export_cold_result_kwcoco.py *

assemble_cold_result_kwcoco.py




This script is for exporting COLD algorithm results (change vector, coefficients, RMSEs)
to geotiff raster with kwcoco dataset.
See original code: ~/code/pycold/src/python/pycold/imagetool/export_change_map.py


	
class geowatch.tasks.cold.export_cold_result_kwcoco.ExportColdKwcocoConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

The docstring will be the description in the CLI help

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'coefs': <Value(None)>, 'coefs_bands': <Value(None)>, 'combine': <Value(False)>, 'combined_coco_fpath': <Value(None)>, 'exclude_first': <Value(True)>, 'meta_fpath': <Value(None)>, 'n_cores': <Value(None)>, 'rank': <Value(None)>, 'reccg_path': <Value(None)>, 'sensors': <Value('L8')>, 'stack_path': <Value(None)>, 'timestamp': <Value(False)>, 'year_highbound': <Value(None)>, 'year_lowbound': <Value(None)>}

	








	
geowatch.tasks.cold.export_cold_result_kwcoco.export_cold_main(cmdline=1, **kwargs)

	
	Parameters:

	cmdline (int, optional) – _description_. Defaults to 1.





Example:

>>> # xdoctest: +REQUIRES(env:TEST_COLD)
>>> from geowatch.tasks.cold.export_cold_result_kwcoco import export_cold_main
>>> from geowatch.tasks.cold.export_cold_result_kwcoco import *
>>> kwargs= dict(
>>>    rank = 0,
>>>    n_cores = 1,
>>>    stack_path = "/gpfs/scratchfs1/zhz18039/jws18003/new-repos/smart_data_dvc2/Drop6-MeanYear10GSD-V2/_pycold_combine2/stacked/KR_R001/",
>>>    reccg_path = "/gpfs/scratchfs1/zhz18039/jws18003/new-repos/smart_data_dvc2/Drop6-MeanYear10GSD-V2/_pycold_combine2/reccg/KR_R001/",
>>>    combined_coco_fpath = "/gpfs/scratchfs1/zhz18039/jws18003/new-repos/smart_data_dvc2/Drop6-MeanYear10GSD-V2/imgonly-KR_R001.kwcoco.zip",
>>>    coefs = 'cv,rmse,a0,a1,b1,c1',
>>>    year_lowbound = None,
>>>    year_highbound = None,
>>>    coefs_bands = '0,1,2,3,4,5',
>>>    timestamp = False,
>>>    combine = True,
>>>    )
>>> cmdline=0
>>> export_cold_main(cmdline, **kwargs)










	
exception geowatch.tasks.cold.export_cold_result_kwcoco.NoMatchingColdCurve

	Bases: Exception [https://docs.python.org/3/library/exceptions.html#Exception]






	
geowatch.tasks.cold.export_cold_result_kwcoco.extract_features(cold_plot, band, ordinal_day_list, nan_val, timestamp, feature_outputs, feature_set)

	




	
geowatch.tasks.cold.export_cold_result_kwcoco.read_json_metadata(stacked_path)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.cold.predict module

Main prediction script for cold

SeeAlso:


../../cli/prepare_teamfeats.py

predict.py *

prepare_kwcoco.py

tile_processing_kwcoco.py

export_cold_result_kwcoco.py

assemble_cold_result_kwcoco.py




CommandLine

##############
### SMALL TEST
##############

DATA_DVC_DPATH=$(geowatch_dvc --tags=phase2_data --hardware="auto")
EXPT_DVC_DPATH=$(geowatch_dvc --tags=phase2_expt --hardware="auto")

mkdir -p $DATA_DVC_DPATH/Drop6-SMALL
kwcoco subset \
    --src "$DATA_DVC_DPATH/Drop6/imgonly-KR_R001.kwcoco.json" \
    --dst "$DATA_DVC_DPATH/Drop6-SMALL/imgonly-KR_R001.kwcoco.json" \
    --select_images '(.sensor_coarse == "L8")'

# Pull out a small selection of images just so we can test.
python -c "if 1:
    import ubelt as ub
    import kwcoco
    dset = kwcoco.CocoDataset('$DATA_DVC_DPATH/Drop6-SMALL/imgonly-KR_R001.kwcoco.json')
    from kwutil import util_time
    images = dset.images()
    dates = list(map(util_time.coerce_datetime, images.lookup('date_captured')))
    flags = [d.year < 2017 for d in dates]
    chosen = images.compress(flags)
    sub = dset.subset(chosen)
    sub.fpath = dset.fpath
    sub.dump()
"

DATA_DVC_DPATH=$(geowatch_dvc --tags=phase2_data --hardware="auto")
EXPT_DVC_DPATH=$(geowatch_dvc --tags=phase2_expt --hardware="auto")
python -m geowatch.tasks.cold.predict \
    --coco_fpath="$DATA_DVC_DPATH/Drop6-SMALL/imgonly-KR_R001.kwcoco.json" \
    --out_dpath="$DATA_DVC_DPATH/Drop6-SMALL/_pycold" \
    --sensors='L8' \
    --resolution=30GSD \
    --mod_coco_fpath="$DATA_DVC_DPATH/Drop6-SMALL/_pycold/imgonly-KR_R001-cold.kwcoco.json" \
    --adj_cloud=False \
    --method='COLD' \
    --prob=0.99 \
    --conse=6 \
    --cm_interval=60 \
    --year_lowbound=None \
    --year_highbound=None \
    --coefs=cv \
    --coefs_bands=0,1,2,3,4,5 \
    --timestamp=False \
    --workermode='process' \
    --workers=16

kwcoco reroot \
    --src="$DATA_DVC_DPATH"/Drop6-SMALL/_pycold/imgonly-KR_R001-cold.kwcoco.json \
    --dst="$DATA_DVC_DPATH"/Drop6-SMALL/_pycold/imgonly-KR_R001-cold.fixed.kwcoco.zip \
    --old_prefix="KR_R001" --new_prefix="../KR_R001"

geowatch visualize \
    "$DATA_DVC_DPATH"/Drop6-SMALL/_pycold/imgonly-KR_R001-cold.fixed.kwcoco.zip \
    --channels="L8:(red|green|blue,red_COLD_cv|green_COLD_cv|blue_COLD_cv)" \
    --exclude_sensors="S2" \
    --smart=True --skip_aggressive=True

###################################################################################
### FULL REGION TEST: COLD FEATURES WITH HIGH TEMPORAL RESOLUTION (HTR) + L8/S2 ###
###################################################################################

DATA_DVC_DPATH=$(geowatch_dvc --tags=phase2_data --hardware="auto")
EXPT_DVC_DPATH=$(geowatch_dvc --tags=phase2_expt --hardware="auto")
python -m geowatch.tasks.cold.predict \
    --coco_fpath="$DATA_DVC_DPATH/Aligned-Drop7/KR_R001/imgonly-KR_R001.kwcoco.zip" \
    --out_dpath="$DATA_DVC_DPATH/Aligned-Drop7/_pycold_L8S2_HTR" \
    --mod_coco_fpath="$DATA_DVC_DPATH/Aligned-Drop7/KR_R001/imgonly_KR_R001_cold-L8S2-HTR.kwcoco.zip" \
    --sensors='L8,S2' \
    --coefs=cv,rmse,a0,a1,b1,c1 \
    --prob=0.99 \
    --conse=8 \
    --coefs_bands=0,1,2,3,4,5 \
    --combine=False \
    --resolution='10GSD' \
    --workermode='process' \
    --workers=8

######################################################################
### FULL REGION TEST: TRANSFER COLD FEATURE FROM RAW TO COMBINED INPUT
######################################################################

DATA_DVC_DPATH=$(geowatch_dvc --tags=phase2_data --hardware="auto")
EXPT_DVC_DPATH=$(geowatch_dvc --tags=phase2_expt --hardware="auto")
python -m geowatch.tasks.cold.transfer_features \
    --coco_fpath="$DATA_DVC_DPATH/Drop6/imgonly_KR_R001_cold-HTR.kwcoco.zip" \
    --combine_fpath="$DATA_DVC_DPATH/Drop6-MeanYear10GSD-V2/imgonly-KR_R001.kwcoco.zip" \
    --new_coco_fpath="$DATA_DVC_DPATH/Drop6-MeanYear10GSD-V2/imganns-KR_R001_uconn_cold.kwcoco.zip"

kwcoco stats "$DATA_DVC_DPATH/Drop6-MeanYear10GSD-V2/imganns-KR_R001_uconn_cold.kwcoco.zip"
geowatch stats "$DATA_DVC_DPATH/Drop6-MeanYear10GSD-V2/imganns-KR_R001_uconn_cold.kwcoco.zip"
kwcoco validate "$DATA_DVC_DPATH/Drop6-MeanYear10GSD-V2/imganns-KR_R001_uconn_cold.kwcoco.zip"

DATA_DVC_DPATH=$(geowatch_dvc --tags=phase2_data --hardware="auto")
geowatch visualize \
    "$DATA_DVC_DPATH/Drop6-MeanYear10GSD-V2/imganns-KR_R001_uconn_cold.kwcoco.zip" \
    --channels="L8:(red|green|blue,red_COLD_a1|green_COLD_a1|blue_COLD_a1,red_COLD_cv|green_COLD_cv|blue_COLD_cv,red_COLD_rmse|green_COLD_rmse|blue_COLD_rmse)" \
    --exclude_sensors=WV,PD,S2 \
    --smart=True

########################
### MULTIPLE REGION TEST
########################
DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=auto)

"$BUNDLE_DPATH"/imganns-*BR_[RC]*.kwcoco.zip \
"$BUNDLE_DPATH"/imganns-*KR_[RC]*.kwcoco.zip \
"$BUNDLE_DPATH"/imganns-*NZ_[RC]*.kwcoco.zip \
"$BUNDLE_DPATH"/imganns-*US_[RC]*.kwcoco.zip \

echo "$DVC_DATA_DPATH"
BUNDLE_DPATH=$DVC_DATA_DPATH/Drop6
python -m geowatch.cli.prepare_teamfeats \
    --base_fpath \
        "$BUNDLE_DPATH"/imganns-*AE_[RC]*.kwcoco.zip \
        "$BUNDLE_DPATH"/imganns-*BH_[RC]*.kwcoco.zip \
        "$BUNDLE_DPATH"/imganns-*CH_[RC]*.kwcoco.zip \
        "$BUNDLE_DPATH"/imganns-*LT_[RC]*.kwcoco.zip \
        "$BUNDLE_DPATH"/imganns-*NZ_[RC]*.kwcoco.zip \
        "$BUNDLE_DPATH"/imganns-*PE_[RC]*.kwcoco.zip \
        "$BUNDLE_DPATH"/imganns-*QA_[RC]*.kwcoco.zip \
        "$BUNDLE_DPATH"/imganns-*SA_[RC]*.kwcoco.zip \
        "$BUNDLE_DPATH"/imganns-*US_C*.kwcoco.zip \
    --with_cold=1 \
    --with_landcover=0 \
    --with_materials=0 \
    --with_invariants=0 \
    --with_depth=0 \
    --skip_existing=1 \
    --cold_workers=8 \
    --cold_workermode=thread \
    --tmux_workers=2 \
    --backend=tmux --run=0






	
class geowatch.tasks.cold.predict.ColdPredictConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

The docstring will be the description in the CLI help

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'adj_cloud': <Value(False)>, 'cm_interval': <Value(60)>, 'coco_fpath': <Value(None)>, 'coefs': <Value(None)>, 'coefs_bands': <Value(None)>, 'combine': <Value(False)>, 'combined_coco_fpath': <Value(None)>, 'conse': <Value(6)>, 'exclude_first': <Value(True)>, 'method': <Value('COLD')>, 'mod_coco_fpath': <Value(None)>, 'out_dpath': <Value(None)>, 'prob': <Value(0.99)>, 'resolution': <Value('30GSD')>, 'sensors': <Value('L8')>, 'timestamp': <Value(False)>, 'track_emissions': <Value(True)>, 'workermode': <Value('process')>, 'workers': <Value(16)>, 'write_kwcoco': <Value(True)>, 'year_highbound': <Value(None)>, 'year_lowbound': <Value(None)>}

	








	
geowatch.tasks.cold.predict.cold_predict_main(cmdline=1, **kwargs)

	
	Parameters:

	cmdline (int, optional) – _description_. Defaults to 1.










	
geowatch.tasks.cold.predict.read_json_metadata(folder_path)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.cold.prepare_ard module


	
geowatch.tasks.cold.prepare_ard.mask_value(vector, val)

	Build a boolean mask around a certain value in the vector.


	Parameters:

	
	vector – 1-d ndarray of values


	val – values to mask on






	Returns:

	1-d boolean ndarray










	
geowatch.tasks.cold.prepare_ard.qabitval_array_HLS(packedint_array)

	Institute a hierarchy of qa values that may be flagged in the bitpacked
value.

fill > cloud > shadow > snow > water > clear


	Parameters:

	packedint – int value to bit check



	Returns:

	offset value to use










	
geowatch.tasks.cold.prepare_ard.qabitval_array(packedint_array)

	Institute a hierarchy of qa values that may be flagged in the bitpacked
value.
fill > cloud > shadow > snow > water > clear
:Parameters: packedint – int value to bit check


	Returns:

	offset value to use










	
geowatch.tasks.cold.prepare_ard.qabitval_array_c2(packedint_array)

	Institute a hierarchy of qa values that may be flagged in the bitpacked
value for c2

fill > cloud > shadow > snow > water > clear


	Parameters:

	packedint – int value to bit check



	Returns:

	offset value to use










	
geowatch.tasks.cold.prepare_ard.load_data(file_name, gdal_driver='GTiff')

	Converts a GDAL compatable file into a numpy array and associated geodata.
The rray is provided so you can run with your processing - the geodata consists of the geotransform and gdal dataset object
if you’re using an ENVI binary as input, this willr equire an associated .hdr file otherwise this will fail.
This needs modifying if you’re dealing with multiple bands.

VARIABLES
file_name : file name and path of your file

RETURNS
image array
(geotransform, inDs)






	
geowatch.tasks.cold.prepare_ard.single_image_stacking_hls(source_dir, out_dir, logger, config, folder, is_partition=True, clear_threshold=0, low_date_bound=None, upp_date_bound=None)

	unzip single image, convert bit-pack qa to byte value, and save as numpy
:param source_dir: the parent folder to save image ‘folder’
:param out_dir: the folder to save result
:param folder: the folder name of image
:param logger: the handler of logger file
:param config
:param is_partition: True, partition each image into blocks; False, save original size of image
:param clear_threshold: threshold of clear pixel percentage, if lower than threshold, won’t be processed
:param low_date_bound: the lower date of user interested year range
:param upp_date_bound: the upper date of user interested year range
:return:






	
geowatch.tasks.cold.prepare_ard.single_image_stacking_hls14(out_dir, logger, config, folder, is_partition=True, clear_threshold=0, low_date_bound=None, upp_date_bound=None)

	unzip single image, convert bit-pack qa to byte value, and save as numpy
:param source_dir: the parent folder to save image ‘folder’
:param out_dir: the folder to save result
:param folder: the folder name of image
:param logger: the handler of logger file
:param config
:param is_partition: True, partition each image into blocks; False, save original size of image
:param clear_threshold: threshold of clear pixel percentage, if lower than threshold, won’t be processed
:param low_date_bound: the lower bound of user interested date range
:param upp_date_bound: the upper bound of user interested date range
:return:






	
geowatch.tasks.cold.prepare_ard.single_image_stacking(tmp_path, source_dir, out_dir, folder, clear_threshold, path_array, logger, config, is_partition=True, low_date_bound=None, upp_date_bound=None)

	unzip single image, convert bit-pack qa to byte value, and save as numpy
:param tmp_path: tmp folder to save unzip image
:param source_dir: image folder save source zipped files
:param out_dir: the folder to save result
:param folder: the folder name of image
:param clear_threshold: threshold of clear pixel percentage, if lower than threshold, won’t be processed
:param path_array: path array has the same dimension of inputted image, and the pixel value indicates


the path which the pixel belongs to; if path_array == none, we will use all path





	Parameters:

	logger – the handler of logger file





:param config
:param is_partition: True, partition each image into blocks; False, save original size of image
:param low_date_bound: the lower bound of user interested year range
:param upp_date_bound: the upper bound of user interested year range
:return:






	
geowatch.tasks.cold.prepare_ard.single_image_stacking_collection2(tmp_path, source_dir, out_dir, folder, clear_threshold, logger, config, bounds, is_partition=True, low_date_bound=None, upp_date_bound=None)

	for collection 2
:param tmp_path: tmp folder to save unzip image
:param source_dir: image folder save source zipped files
:param out_dir: the folder to save result
:param folder: the folder name of image
:param clear_threshold: threshold of clear pixel percentage, if lower than threshold, won’t be processed
:param logger: the handler of logger file
:param config
:param is_partition: True, partition each image into blocks; False, save original size of image
:param low_date_bound: the lower bound of user interested date range
:param upp_date_bound: the upper bound of user interested date range
:param bounds
:return:






	
geowatch.tasks.cold.prepare_ard.checkfinished_step1(tmp_path)

	
	Parameters:

	tmp_path – 



	Returns:

	










	
geowatch.tasks.cold.prepare_ard.checkfinished_step2(out_dir, n_cores)

	
	Parameters:

	
	out_dir – 


	n_cores – 






	Returns:

	










	
geowatch.tasks.cold.prepare_ard.checkfinished_step3_partition(out_dir)

	
	Parameters:

	out_dir – 



	Returns:

	










	
geowatch.tasks.cold.prepare_ard.checkfinished_step3_nopartition(out_dir)

	
	Parameters:

	out_dir – 



	Returns:

	










	
geowatch.tasks.cold.prepare_ard.get_extent(extent_geojson, res, buf=0)

	read shapefile of a tile from an S3 bucket, and convert projection to be aligned with sample image.
arg:


‘extent_geojson’: sharply geojson object
res: planet resolution





	Returns:

	(float, float, float, float), (int, int)) tuple










	
geowatch.tasks.cold.prepare_ard.get_feature(shp, id)

	




	
geowatch.tasks.cold.prepare_ard.explode(coords)

	Explode a GeoJSON geometry’s coordinates object and yield coordinate tuples.
As long as the input is conforming, the type of the geometry doesn’t matter.






	
geowatch.tasks.cold.prepare_ard.bbox(f)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.cold.prepare_kwcoco module

This is step 1 / 4 in predict.py

SeeAlso:


predict.py

prepare_kwcoco.py *

tile_processing_kwcoco.py

export_cold_result_kwcoco.py

assemble_cold_result_kwcoco.py




This is a proof-of-concept for converting kwcoco files into the
expected data structures for pycold.


	Relevant functions:
	
	grab_demo_kwcoco_dataset - downloads a small kwcoco dataset for testing


	stack_kwcoco - runs the stacking process on an entire kwcoco file


	process_one_coco_image - runs the stacking for a single coco image.






	Limitations:
	
	Currently only handles Landsat-8


	The quality bands are not exactly what I was expecting them to be,
some of the quality filtering is stubbed out or disabled.


	Not setup for an HPC environment yet, but that extension shouldn’t be too
hard.


	Nodata values are currently not masked or handled


	Configurations are hard-coded









Todo


	[ ] Incorporate geowatch/tasks/fusion/datamodules/qa_bands.py







	
class geowatch.tasks.cold.prepare_kwcoco.PrepareKwcocoConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

The docstring will be the description in the CLI help

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'adj_cloud': <Value(False)>, 'coco_fpath': <Value(None)>, 'method': <Value(None)>, 'out_dpath': <Value(None)>, 'resolution': <Value('30GSD')>, 'sensors': <Value('L8')>, 'workers': <Value(0)>}

	








	
geowatch.tasks.cold.prepare_kwcoco.prepare_kwcoco_main(cmdline=1, **kwargs)

	_summary_


	Parameters:

	cmdline (int, optional) – _description_. Defaults to 1.





Example

>>> # xdoctest: +REQUIRES(env:TEST_COLD)
>>> from geowatch.tasks.cold.prepare_kwcoco import prepare_kwcoco_main
>>> from geowatch.tasks.cold.prepare_kwcoco import *
>>> kwargs= dict(
>>>   coco_fpath = ub.Path('/home/jws18003/data/dvc-repos/smart_data_dvc/Drop6/data_vali_split1_KR_R001.kwcoco.json'),
>>>   out_dpath = ub.Path.appdir('/gpfs/scratchfs1/zhz18039/jws18003/kwcoco'),
>>>   sensors = 'L8,S2',
>>>   adj_cloud = False,
>>>   method = None,
>>> )
>>> cmdline=0
>>> prepare_kwcoco_main(cmdline, **kwargs)










	
geowatch.tasks.cold.prepare_kwcoco.qa_decoding(qa_array)

	This function is modified from qabitval_array_HLS function
(https://github.com/GERSL/pycold/blob/c5b380eccc2916e5c3aec0bbd2b1982e114b75b1/src/python/pycold/imagetool/prepare_ard.py#L74)






	
geowatch.tasks.cold.prepare_kwcoco.qa_decoding_no_boundary(qa_array)

	This function is modified from qabitval_array_HLS function
(https://github.com/GERSL/pycold/blob/c5b380eccc2916e5c3aec0bbd2b1982e114b75b1/src/python/pycold/imagetool/prepare_ard.py#L74)






	
geowatch.tasks.cold.prepare_kwcoco.setup_logging()

	




	
geowatch.tasks.cold.prepare_kwcoco.hist_cut(band, mask, fill_value=-9999, k=3, minmax='std')

	




	
geowatch.tasks.cold.prepare_kwcoco.minmax_norm(band, mask, fill_value=-9999)

	




	
geowatch.tasks.cold.prepare_kwcoco.artificial_surface_index(Blue, Green, Red, NIR, SWIR1, SWIR2, Scale, MaskValid_Obs, fillV)

	




	
geowatch.tasks.cold.prepare_kwcoco.stack_kwcoco(coco_fpath, out_dir, sensors, adj_cloud, method, pman=None, workers=0, resolution=None)

	
	Parameters:

	
	coco_fpath (str | PathLike | CocoDataset) – the kwcoco dataset to convert


	out_dir (str | PathLike) – path to write the data






	Returns:

	a list of dictionary result objects



	Return type:

	List[Dict]





Example

>>> # xdoctest: +SKIP
>>> # TODO: readd this doctest
>>> from pycold.imagetool.prepare_kwcoco import *  # NOQA
>>> setup_logging()
>>> coco_dset = geowatch.coerce_kwcoco('geowatch-msi')
>>> coco_fpath = coco_dset.fpath
>>> #coco_fpath = grab_demo_kwcoco_dataset()
>>> dpath = ub.Path.appdir('pycold/tests/stack_kwcoco').ensuredir()
>>> out_dir = dpath / 'stacked'
>>> results = stack_kwcoco(coco_fpath, out_dir)










	
geowatch.tasks.cold.prepare_kwcoco.process_one_coco_image(coco_image, out_dir, adj_cloud, method, resolution)

	
	Parameters:

	
	coco_image (kwcoco.CocoImage) – the image to process


	out_dir (Path) – path to write the image data


	resolution (str | None) – resolution to process at (e.g. 30GSD).






	Returns:

	
	result dictionary with keys:
	status (str) : either a string passed or failed
fpaths (List[str]): a list of files that were written









	Return type:

	Dict












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.cold.tile_processing module


	
geowatch.tasks.cold.tile_processing.tileprocessing_report(result_log_path, stack_path, version, algorithm, config, startpoint, cold_timepoint, tz, n_cores, starting_date=0, n_cm_maps=0, year_lowbound=0, year_uppbound=0)

	output tile-based processing report
:Parameters: * result_log_path (string) – outputted log path



	stack_path (string) – stack path


	version (string)


	algorithm (string)


	config (dictionary structure)


	startpoint (a time point, when the program starts)


	tz (string, time zone)


	n_cores (the core number used)


	starting_date (the first date of the total dataset)


	n_cm_maps (the number of snapshots)


	year_lowbound (the low bound of year range)


	year_uppbound (the upper bound of year range)












	
geowatch.tasks.cold.tile_processing.reading_start_dates_nmaps(stack_path, cm_interval)

	
	Parameters:

	
	stack_path (string) – stack_path for saving starting_last_dates.txt


	cm_interval (interval) – day interval for outputting change magnitudes






	Returns:

	
	(starting_date, n_cm_maps)


	starting_date - starting date is the first date of the whole dataset,


	n_cm_maps - the number of change magnitudes to be outputted per pixel per band















	
geowatch.tasks.cold.tile_processing.is_finished_cold_blockfinished(result_path, nblocks)

	check if the COLD algorithm finishes all blocks
:Parameters: * result_path (the path that save COLD results)



	nblocks (the block number)


	Returns (boolean)


	——- – True -> all block finished












	
geowatch.tasks.cold.tile_processing.is_finished_assemble_cmmaps(cmmap_path, n_cm, starting_date, cm_interval)

	
	Parameters:

	
	cmmap_path (the path for saving change magnitude maps)


	n_cm (the number of change magnitudes outputted per pixel)


	starting_date (the starting date of the whole dataset)


	cm_interval (the day interval for outputting change magnitudes)


	Returns (boolean)


	——-


	True -> assemble finished













	
geowatch.tasks.cold.tile_processing.get_stack_date(config, block_x, block_y, stack_path, low_datebound=0, high_datebound=0, nband=8)

	
	Parameters:

	
	config – configure file


	block_x – block id at x axis


	block_y – block id at y axis


	stack_path – stack path


	low_datebound – ordinal data of low bounds of selection date range


	high_datebound – ordinal data of upper bounds of selection date range






	Returns:

	img_tstack, img_dates_sorted
img_tstack - 3-d array (block_width * block_height, nband, nimage)












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.cold.tile_processing_kwcoco module

This is step 2/4 in predict.py and the step that runs pycold

SeeAlso


	predict.py


	prepare_kwcoco.py


	tile_processing_kwcoco.py


	export_cold_result_kwcoco.py


	assemble_cold_result_kwcoco.py




This script is for running COLD algorithm with kwcoco dataset.
See original code: ~/code/pycold/src/python/pycold/imagetool/tile_processing.py


	
class geowatch.tasks.cold.tile_processing_kwcoco.TileProcessingKwcocoConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

The docstring will be the description in the CLI help

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'b_c2': <Value(True)>, 'cm_interval': <Value(60)>, 'conse': <Value(6)>, 'method': <Value('COLD')>, 'n_cores': <Value(None)>, 'prob': <Value(0.99)>, 'rank': <Value(None)>, 'reccg_path': <Value(None)>, 'stack_path': <Value(None)>}

	








	
geowatch.tasks.cold.tile_processing_kwcoco.tile_process_main(cmdline=1, **kwargs)

	
	Parameters:

	
	n_cores (type=int) – _description_


	stack_path (_type_) – _description_


	reccg_path (_type_) – _description_


	method (_type_) – _description_


	year_lowbound (_type_) – _description_


	year_highbound (_type_) – _description_


	b_c2 (_type_) – _description_


	cmdline (int, optional) – _description_. Defaults to 1.








Example

>>> # xdoctest: +REQUIRES(env:TEST_COLD)
>>> from geowatch.tasks.cold.tile_processing_kwcoco import tile_process_main
>>> from geowatch.tasks.cold.tile_processing_kwcoco import *
>>> import ubelt as ub
>>> kwargs= dict(
>>>    rank = 1,
>>>    n_cores = 1,
>>>    stack_path = ub.Path('/gpfs/scratchfs1/zhz18039/jws18003/kwcoco/stacked/KR_R001'),
>>>    reccg_path = ub.Path('/gpfs/scratchfs1/zhz18039/jws18003/kwcoco/reccg/KR_R001'),
>>>    method = 'COLD',
>>>    b_c2 = True,
>>>    prob = 0.99,
>>>    conse = 6,
>>>    cm_interval = 60,
>>> )
>>> cmdline=0
>>> tile_process_main(cmdline, **kwargs)










	
geowatch.tasks.cold.tile_processing_kwcoco.read_json_metadata(stacked_path)

	




	
geowatch.tasks.cold.tile_processing_kwcoco.is_finished_cold_blockfinished(reccg_path, nblocks)

	check if the COLD algorithm finishes all blocks


	Parameters:

	
	reccg_path (str) – the path that save COLD results


	nblocks (int) – the block number






	Returns:

	True if all block finished



	Return type:

	bool [https://docs.python.org/3/library/functions.html#bool]










	
geowatch.tasks.cold.tile_processing_kwcoco.get_stack_date(block_x, block_y, stack_path, year_lowbound=0, year_highbound=0, nband=8)

	
	Parameters:

	
	block_x – block id at x axis


	block_y – block id at y axis


	stack_path – stack path


	year_lowbound – ordinal data of low bounds of selection date range


	year_highbound – ordinal data of upper bounds of selection date range






	Returns:

	img_tstack, img_dates_sorted
img_tstack - 3-d array (block_width * block_height, nband, nimage)



	Return type:

	Tuple










	
geowatch.tasks.cold.tile_processing_kwcoco.reading_start_dates_nmaps(stack_path, year_lowbound, year_highbound, cm_interval)

	
	Parameters:

	
	stack_path (str) – stack_path for saving starting_last_dates.txt


	cm_interval (interval) – day interval for outputting change magnitudes






	Returns:

	(starting_date, n_cm_maps)
starting_date - starting date is the first date of the whole dataset,
n_cm_maps - the number of change magnitudes to be outputted per pixel per band



	Return type:

	Tuple










	
geowatch.tasks.cold.tile_processing_kwcoco.is_finished_assemble_cmmaps(cmmap_path, n_cm, starting_date, cm_interval)

	
	Parameters:

	
	cmmap_path – the path for saving change magnitude maps


	n_cm – the number of change magnitudes outputted per pixel


	starting_date – the starting date of the whole dataset


	cm_interval – the day interval for outputting change magnitudes






	Returns:

	True -> assemble finished



	Return type:

	bool [https://docs.python.org/3/library/functions.html#bool]












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.cold.transfer_features module

Transfering cold features

CommandLine

DATA_DVC_DPATH=$(geowatch_dvc --tags=phase2_data --hardware="auto")
EXPT_DVC_DPATH=$(geowatch_dvc --tags=phase2_expt --hardware="auto")
python -m geowatch.tasks.cold.transfer_features \
    --coco_fpath="$DATA_DVC_DPATH/Drop6/imgonly_KR_R001_cold-HTR.kwcoco.zip" \
    --combine_fpath="$DATA_DVC_DPATH/Drop6-MeanYear10GSD-V2/imgonly-KR_R001.kwcoco.zip" \
    --new_coco_fpath="$DATA_DVC_DPATH/Drop6-MeanYear10GSD-V2/imganns-KR_R001_uconn_cold.kwcoco.zip"






	
class geowatch.tasks.cold.transfer_features.TransferCocoConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Transfer channels to one kwcoco file to the nearest image in the future.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'allow_affine_approx': <Value(False)>, 'channels_to_transfer': <Value(None)>, 'copy_assets': <Value(False)>, 'dst_kwcoco': <Value(None)>, 'io_workers': <Value(0)>, 'max_propogate': <Value(1)>, 'new_coco_fpath': <Value(None)>, 'respect_sensors': <Value(True)>, 'src_kwcoco': <Value(None)>}

	








	
geowatch.tasks.cold.transfer_features.transfer_features_main(cmdline=1, **kwargs)

	
	Parameters:

	cmdline (int, optional) – _description_. Defaults to 1.





Example

>>> from geowatch.tasks.cold.transfer_features import transfer_features_main
>>> from geowatch.tasks.cold.transfer_features import *
>>> import geowatch
>>> dset1 = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, heatmap=True, dates=True)
>>> dset2 = dset1.copy()
>>> # Remove saliency assets from dset2
>>> for img in dset2.images().coco_images:
>>>     asset = img.find_asset_obj('salient')
>>>     img['auxiliary'].remove(asset)
>>> dset2_orig = dset2.copy()
>>> # Transfer the saliency from dset1 onto dset2
>>> kwargs = TransferCocoConfig(**{
>>>     'src_kwcoco': dset1,
>>>     'dst_kwcoco': dset2,
>>>     'new_coco_fpath': 'return',
>>>     'channels_to_transfer': 'salient',
>>>     'copy_assets': False,
>>> })
>>> cmdline = False
>>> new_dset = transfer_features_main(cmdline, **kwargs)
>>> assert new_dset is dset2, 'modifies combine_fpath inplace'
>>> from geowatch.utils import kwcoco_extensions
>>> stats1 = kwcoco_extensions.coco_channel_stats(dset1)
>>> stats2 = kwcoco_extensions.coco_channel_stats(dset2)
>>> stats2_orig = kwcoco_extensions.coco_channel_stats(dset2_orig)
>>> assert stats2['single_chan_hist']['salient'] == stats1['single_chan_hist']['salient'], 'all assets should transfer'
>>> assert stats2['single_chan_hist']['salient'] == dset2.n_images, 'all dst images should get saliency here'
>>> assert stats2_orig['single_chan_hist']['salient'] == 0










	
geowatch.tasks.cold.transfer_features._update_coco_fpath(self, new_fpath)

	




	
geowatch.tasks.cold.transfer_features._make_new_asset_fname(src_asset, src_bundle_dpath, dst_bundle_dpath, copy_assets)

	Find a new path for the transfered asset relative to the destination bundle.


	Parameters:

	
	src_asset (Dict) – The asset dictionary we are transfering from src to dst


	src_bundle_dpath (str | PathLike) – source bundle


	dst_bundle_dpath (str | PathLike) – dest bundle


	copy_assets (bool) – if True, build a new fname to copy to if possible






	Returns:

	the new fname and a dictionary containing the copy task
if we need to perform one.



	Return type:

	Tuple[str [https://docs.python.org/3/library/stdtypes.html#str], Dict | None]






Todo

port to kwcoco proper and move most of these tests to a unit test



Example

>>> from geowatch.tasks.cold.transfer_features import _make_new_asset_fname





>>> # Case: asset is absolute and inside src bundle
>>> src_asset = {'file_name': '/my/src/rel/img.tif'}
>>> src_bundle_dpath = '/my/src'
>>> dst_bundle_dpath = '/my/dst'
>>> print(_make_new_asset_fname(src_asset, src_bundle_dpath, dst_bundle_dpath, False))
>>> print(_make_new_asset_fname(src_asset, src_bundle_dpath, dst_bundle_dpath, True))
('/my/src/rel/img.tif', None)
('rel/img.tif', {'src': '/my/src/rel/img.tif', 'dst': '/my/dst/rel/img.tif'})





>>> # Case: asset is absolute and inside dst bundle
>>> src_asset = {'file_name': '/my/dst/rel/img.tif'}
>>> src_bundle_dpath = '/my/src'
>>> dst_bundle_dpath = '/my/dst'
>>> print(_make_new_asset_fname(src_asset, src_bundle_dpath, dst_bundle_dpath, False))
>>> print(_make_new_asset_fname(src_asset, src_bundle_dpath, dst_bundle_dpath, True))
('rel/img.tif', None)
('rel/img.tif', None)





>>> # Case: asset is absolute and inside neither bundle
>>> src_asset = {'file_name': '/abs/img.tif'}
>>> src_bundle_dpath = '/my/src'
>>> dst_bundle_dpath = '/my/dst'
>>> print(_make_new_asset_fname(src_asset, src_bundle_dpath, dst_bundle_dpath, False))
>>> print(_make_new_asset_fname(src_asset, src_bundle_dpath, dst_bundle_dpath, True))
('/abs/img.tif', None)
('/abs/img.tif', None)





>>> # Case: asset is relative and inside src bundle
>>> src_asset = {'file_name': 'rel/img.tif'}
>>> src_bundle_dpath = '/my/src'
>>> dst_bundle_dpath = '/my/dst'
>>> print(_make_new_asset_fname(src_asset, src_bundle_dpath, dst_bundle_dpath, False))
>>> print(_make_new_asset_fname(src_asset, src_bundle_dpath, dst_bundle_dpath, True))
('/my/src/rel/img.tif', None)
('rel/img.tif', {'src': '/my/src/rel/img.tif', 'dst': '/my/dst/rel/img.tif'})





>>> # Case: asset is relative and inside src bundle but with ..
>>> src_asset = {'file_name': '../src/rel/img.tif'}
>>> src_bundle_dpath = '/my/src'
>>> dst_bundle_dpath = '/my/dst'
>>> print(_make_new_asset_fname(src_asset, src_bundle_dpath, dst_bundle_dpath, False))
>>> print(_make_new_asset_fname(src_asset, src_bundle_dpath, dst_bundle_dpath, True))
('/my/src/../src/rel/img.tif', None)
('rel/img.tif', {'src': '/my/src/../src/rel/img.tif', 'dst': '/my/dst/rel/img.tif'})





>>> # Case: asset is relative and inside dst bundle
>>> src_asset = {'file_name': '../dst/img.tif'}
>>> src_bundle_dpath = '/my/src'
>>> dst_bundle_dpath = '/my/dst'
>>> print(_make_new_asset_fname(src_asset, src_bundle_dpath, dst_bundle_dpath, False))
>>> print(_make_new_asset_fname(src_asset, src_bundle_dpath, dst_bundle_dpath, True))
('img.tif', None)
('img.tif', None)





>>> # Case: asset is relative and inside neither bundle
>>> src_asset = {'file_name': '../neither/img.tif'}
>>> src_bundle_dpath = '/my/src'
>>> dst_bundle_dpath = '/my/dst'
>>> print(_make_new_asset_fname(src_asset, src_bundle_dpath, dst_bundle_dpath, False))
>>> print(_make_new_asset_fname(src_asset, src_bundle_dpath, dst_bundle_dpath, True))
('/my/src/../neither/img.tif', None)
('/my/neither/img.tif', None)










	
geowatch.tasks.cold.transfer_features._test_cases()

	Embedding test cases as doctests for now

Example

>>> # Test case: transfer from temporal-lores to temporal-hires
>>> from geowatch.tasks.cold.transfer_features import transfer_features_main
>>> from geowatch.tasks.cold.transfer_features import *
>>> import geowatch
>>> dset1 = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, heatmap=True, dates=True)
>>> dset2 = dset1.copy()
>>> # Remove half of the images from dset1
>>> dset1.remove_images(list(dset1.images())[::2])
>>> # Remove saliency assets from dset2
>>> for img in dset2.images().coco_images:
>>>     asset = img.find_asset_obj('salient')
>>>     img['auxiliary'].remove(asset)
>>> dset2_orig = dset2.copy()
>>> # Transfer the saliency from dset1 onto dset2
>>> kwargs = TransferCocoConfig(**{
>>>     'src_kwcoco': dset1,
>>>     'dst_kwcoco': dset2,
>>>     'new_coco_fpath': 'return',
>>>     'channels_to_transfer': 'salient',
>>>     'copy_assets': False,
>>> })
>>> cmdline = False
>>> new_dset = transfer_features_main(cmdline, **kwargs)
>>> assert new_dset is dset2, 'modifies combine_fpath inplace'
>>> from geowatch.utils import kwcoco_extensions
>>> stats1 = kwcoco_extensions.coco_channel_stats(dset1)
>>> stats2 = kwcoco_extensions.coco_channel_stats(dset2)
>>> stats2_orig = kwcoco_extensions.coco_channel_stats(dset2_orig)
>>> assert stats2['single_chan_hist']['salient'] == stats1['single_chan_hist']['salient'], 'all assets should transfer'
>>> assert stats2['single_chan_hist']['salient'] == dset2.n_images // 2, 'only some dst images get saliency'
>>> assert stats2_orig['single_chan_hist']['salient'] == 0





Example

>>> # Test case: transfer from temporal-lores to temporal-hires multiple transfer
>>> from geowatch.tasks.cold.transfer_features import transfer_features_main
>>> from geowatch.tasks.cold.transfer_features import *
>>> import geowatch
>>> dset1 = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, heatmap=True, dates=True)
>>> dset2 = dset1.copy()
>>> # Remove half of the images from dset1
>>> dset1.remove_images(list(dset1.images())[::2])
>>> # Remove saliency assets from dset2
>>> for img in dset2.images().coco_images:
>>>     asset = img.find_asset_obj('salient')
>>>     img['auxiliary'].remove(asset)
>>> dset2_orig = dset2.copy()
>>> # Transfer the saliency from dset1 onto dset2
>>> kwargs = TransferCocoConfig(**{
>>>     'src_kwcoco': dset1,
>>>     'dst_kwcoco': dset2,
>>>     'new_coco_fpath': 'return',
>>>     'respect_sensors': False,
>>>     'max_propogate': None,
>>>     'channels_to_transfer': 'salient',
>>>     'copy_assets': False,
>>> })
>>> cmdline = False
>>> new_dset = transfer_features_main(cmdline, **kwargs)
>>> assert new_dset is dset2, 'modifies combine_fpath inplace'
>>> from geowatch.utils import kwcoco_extensions
>>> stats1 = kwcoco_extensions.coco_channel_stats(dset1)
>>> stats2 = kwcoco_extensions.coco_channel_stats(dset2)
>>> stats2_orig = kwcoco_extensions.coco_channel_stats(dset2_orig)
>>> assert stats2['single_chan_hist']['salient'] > stats1['single_chan_hist']['salient'], 'some assets should transfer multiple times'
>>> assert stats2_orig['single_chan_hist']['salient'] == 0





Example

>>> # Test case: transfer from temporal-hires to temporal-lores
>>> from geowatch.tasks.cold.transfer_features import transfer_features_main
>>> from geowatch.tasks.cold.transfer_features import *
>>> import geowatch
>>> dset1 = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, heatmap=True, dates=True)
>>> dset2 = dset1.copy()
>>> # Remove half of the images from dset2
>>> dset2.remove_images(list(dset1.images())[::2])
>>> # Remove saliency assets from dset2
>>> for img in dset2.images().coco_images:
>>>     asset = img.find_asset_obj('salient')
>>>     img['auxiliary'].remove(asset)
>>> dset2_orig = dset2.copy()
>>> # Transfer the saliency from dset1 onto dset2
>>> kwargs = TransferCocoConfig(**{
>>>     'src_kwcoco': dset1,
>>>     'dst_kwcoco': dset2,
>>>     'new_coco_fpath': 'return',
>>>     'channels_to_transfer': 'salient',
>>>     'copy_assets': False,
>>> })
>>> cmdline = False
>>> new_dset = transfer_features_main(cmdline, **kwargs)
>>> assert new_dset is dset2, 'modifies combine_fpath inplace'
>>> from geowatch.utils import kwcoco_extensions
>>> stats1 = kwcoco_extensions.coco_channel_stats(dset1)
>>> stats2 = kwcoco_extensions.coco_channel_stats(dset2)
>>> stats2_orig = kwcoco_extensions.coco_channel_stats(dset2_orig)
>>> assert stats2['single_chan_hist']['salient'] < stats1['single_chan_hist']['salient'], 'more saliency in dset1 than dset2'
>>> assert stats2['single_chan_hist']['salient'] == dset2.n_images, 'all dst images get saliency'
>>> assert stats2_orig['single_chan_hist']['salient'] == 0












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.cold.writing_kwcoco module

Writing cold kwcoco script after predict.py

CommandLine

#######################
### FULL REGION TEST-V1
#######################

DATA_DVC_DPATH=$(geowatch_dvc --tags=phase2_data --hardware="auto")
EXPT_DVC_DPATH=$(geowatch_dvc --tags=phase2_expt --hardware="auto")
python -m geowatch.tasks.cold.writing_kwcoco \
    --coco_fpath="$DATA_DVC_DPATH/Drop6/imgonly-KR_R001.kwcoco.json" \
    --combined_coco_fpath="$DATA_DVC_DPATH/Drop6-MeanYear10GSD-V2/imgonly-KR_R001.kwcoco.zip" \
    --out_dpath="$DATA_DVC_DPATH/Drop6-MeanYear10GSD-V2/_pycold_combine_V1" \
    --mod_coco_fpath="$DATA_DVC_DPATH/Drop6-MeanYear10GSD-V2/imgonly_KR_R001_cold-V1.kwcoco.zip" \
    --method='COLD' \
    --timestamp=False \
    --combine=True \
    --resolution='10GSD' \
    --workermode='serial' \
    --workers=0

kwcoco stats "$DATA_DVC_DPATH"/Drop6-MeanYear10GSD-V2/imgonly_KR_R001_cold-V1.kwcoco.zip
geowatch stats "$DATA_DVC_DPATH"/Drop6-MeanYear10GSD-V2/imgonly_KR_R001_cold-V1.kwcoco.zip
kwcoco validate "$DATA_DVC_DPATH"/Drop6-MeanYear10GSD-V2/imgonly_KR_R001_cold-V1.kwcoco.zip

geowatch visualize \
    "$DATA_DVC_DPATH"/Drop6-MeanYear10GSD-V2/imgonly_KR_R001_cold-V1.kwcoco.zip \
    --channels="L8:(red|green|blue,red_COLD_a1|green_COLD_a1|blue_COLD_a1,red_COLD_cv|green_COLD_cv|blue_COLD_cv,red_COLD_rmse|green_COLD_rmse|blue_COLD_rmse)" \
    --exclude_sensors=WV,PD,S2 \
    --smart=True

#######################
### FULL REGION TEST V2
#######################

DATA_DVC_DPATH=$(geowatch_dvc --tags=phase2_data --hardware="auto")
EXPT_DVC_DPATH=$(geowatch_dvc --tags=phase2_expt --hardware="auto")
python -m geowatch.tasks.cold.writing_kwcoco \
    --coco_fpath="$DATA_DVC_DPATH/Drop6/imgonly-KR_R001.kwcoco.json" \
    --out_dpath="$DATA_DVC_DPATH//Drop6/_pycold_combine_V2" \
    --mod_coco_fpath="$DATA_DVC_DPATH/Drop6/imgonly_KR_R001_cold-V2.kwcoco.zip" \
    --method='COLD' \
    --timestamp=False \
    --combine=False \
    --resolution='10GSD' \
    --workermode='serial' \
    --workers=0

kwcoco stats "$DATA_DVC_DPATH/Drop6/imgonly_KR_R001_cold-V2.kwcoco.zip"
geowatch stats "$DATA_DVC_DPATH/Drop6/imgonly_KR_R001_cold-V2.kwcoco.zip"
kwcoco validate "$DATA_DVC_DPATH/Drop6/imgonly_KR_R001_cold-V2.kwcoco.zip"

DATA_DVC_DPATH=$(geowatch_dvc --tags=phase2_data --hardware="auto")
geowatch visualize \
    "$DATA_DVC_DPATH/Drop6/imgonly_KR_R001_cold-V2.kwcoco.zip" \
    --channels="L8:(red|green|blue,red_COLD_a1|green_COLD_a1|blue_COLD_a1,red_COLD_cv|green_COLD_cv|blue_COLD_cv,red_COLD_rmse|green_COLD_rmse|blue_COLD_rmse)" \
    --exclude_sensors=WV,PD,S2 \
    --smart=True






	
class geowatch.tasks.cold.writing_kwcoco.WriteColdCocoConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

The docstring will be the description in the CLI help

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'coco_fpath': <Value(None)>, 'combine': <Value(True)>, 'combined_coco_fpath': <Value(None)>, 'method': <Value('COLD')>, 'mod_coco_fpath': <Value(None)>, 'out_dpath': <Value(None)>, 'resolution': <Value('30GSD')>, 'timestamp': <Value(False)>, 'track_emissions': <Value(True)>, 'workermode': <Value('process')>, 'workers': <Value(8)>}

	








	
geowatch.tasks.cold.writing_kwcoco.cold_writing_kwcoco_main(cmdline=1, **kwargs)

	
	Parameters:

	cmdline (int, optional) – _description_. Defaults to 1.










	
geowatch.tasks.cold.writing_kwcoco.read_json_metadata(folder_path)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.cold package


Submodules



	geowatch.tasks.cold.assemble_cold_result_kwcoco module
	AssembleColdKwcocoConfig
	AssembleColdKwcocoConfig.default





	assemble_main()

	get_gdal_transform()

	read_json_metadata()





	geowatch.tasks.cold.export_change_map module

	geowatch.tasks.cold.export_cold_result_kwcoco module
	ExportColdKwcocoConfig
	ExportColdKwcocoConfig.default





	export_cold_main()

	NoMatchingColdCurve

	extract_features()

	read_json_metadata()





	geowatch.tasks.cold.predict module
	ColdPredictConfig
	ColdPredictConfig.default





	cold_predict_main()

	read_json_metadata()





	geowatch.tasks.cold.prepare_ard module
	mask_value()

	qabitval_array_HLS()

	qabitval_array()

	qabitval_array_c2()

	load_data()

	single_image_stacking_hls()

	single_image_stacking_hls14()

	single_image_stacking()

	single_image_stacking_collection2()

	checkfinished_step1()

	checkfinished_step2()

	checkfinished_step3_partition()

	checkfinished_step3_nopartition()

	get_extent()

	get_feature()

	explode()

	bbox()





	geowatch.tasks.cold.prepare_kwcoco module
	PrepareKwcocoConfig
	PrepareKwcocoConfig.default





	prepare_kwcoco_main()

	qa_decoding()

	qa_decoding_no_boundary()

	setup_logging()

	hist_cut()

	minmax_norm()

	artificial_surface_index()

	stack_kwcoco()

	process_one_coco_image()





	geowatch.tasks.cold.tile_processing module
	tileprocessing_report()

	reading_start_dates_nmaps()

	is_finished_cold_blockfinished()

	is_finished_assemble_cmmaps()

	get_stack_date()





	geowatch.tasks.cold.tile_processing_kwcoco module
	TileProcessingKwcocoConfig
	TileProcessingKwcocoConfig.default





	tile_process_main()

	read_json_metadata()

	is_finished_cold_blockfinished()

	get_stack_date()

	reading_start_dates_nmaps()

	is_finished_assemble_cmmaps()





	geowatch.tasks.cold.transfer_features module
	TransferCocoConfig
	TransferCocoConfig.default





	transfer_features_main()

	_update_coco_fpath()

	_make_new_asset_fname()

	_test_cases()





	geowatch.tasks.cold.writing_kwcoco module
	WriteColdCocoConfig
	WriteColdCocoConfig.default





	cold_writing_kwcoco_main()

	read_json_metadata()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.depth.backbone module


	
geowatch.tasks.depth.backbone.get_backbone(backbone_params)

	




	
geowatch.tasks.depth.backbone.set_download_dir()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.depth.datasets module


	
class geowatch.tasks.depth.datasets.WVRgbDataset(*args, **kwargs)

	Bases: _CocoTorchDataset

Dataset for depth prediction


	Parameters:

	dset (kwcoco.CocoDataset) – input dataset to wrap





Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> from geowatch.tasks.depth.datasets import *  # NOQA
>>> import geowatch
>>> import kwcoco
>>> dvc_dpath = geowatch.find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'Drop2-Aligned-TA1-2022-02-15/data.kwcoco.json'
>>> input_dset = kwcoco.CocoDataset(coco_fpath)
>>> self = WVRgbDataset(input_dset)
>>> # Test that the "include" correctly filter to only WorldView
>>> images = input_dset.images(self.gids)
>>> assert all(s == 'WV' for s in images.lookup('sensor_coarse'))
>>> gid = self.gids[0]
>>> img = self._load(gid)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(kwarray.normalize(img))
>>> kwplot.show_if_requested()






	
_include(gid)

	Used on init to filter to only relevant images






	
_load(gid)

	








	
class geowatch.tasks.depth.datasets.WVSuperRgbDataset(*args, **kwargs)

	Bases: _CocoTorchDataset


	
_include(gid)

	Used on init to filter to only relevant images






	
_load(gid)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.depth.demo_transform module


	
geowatch.tasks.depth.demo_transform._is_pil_image(img)

	




	
geowatch.tasks.depth.demo_transform._is_numpy_image(img)

	




	
class geowatch.tasks.depth.demo_transform.Scale(size)

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
changeScale(img, size, interpolation=2)

	








	
class geowatch.tasks.depth.demo_transform.CenterCrop(size)

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
centerCrop(image, size)

	








	
class geowatch.tasks.depth.demo_transform.ToTensor

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Convert a PIL.Image or numpy.ndarray to tensor.
Converts a PIL.Image or numpy.ndarray (H x W x C) in the range
[0, 255] to a torch.FloatTensor of shape (C x H x W) in the range [0.0, 1.0].


	
to_tensor(pic)

	








	
class geowatch.tasks.depth.demo_transform.ToNumpy

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Converts a torch.FloatTensor of shape (C x H x W) to a
numpy.ndarray (H x W x C)


	
to_numpy(image)

	








	
class geowatch.tasks.depth.demo_transform.Normalize(mean, std)

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
normalize(tensor, mean, std)

	








	
class geowatch.tasks.depth.demo_transform.Lighting(alphastd, eigval, eigvec)

	Bases: object [https://docs.python.org/3/library/functions.html#object]








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.depth.dzyne_img_util module


	
geowatch.tasks.depth.dzyne_img_util.pad(img, pad_size=32)

	Pad image on the sides, so that eash side is divisible by 32 (network requirement)
if pad = True:


returns image as numpy.array,
tuple with padding in pixels as(x_min_pad, y_min_pad, x_max_pad, y_max_pad)





	else:
	returns image as numpy.array










	
geowatch.tasks.depth.dzyne_img_util.unpad(img, pads)

	img: numpy array of the shape (height, width)
pads: (x_min_pad, y_min_pad, x_max_pad, y_max_pad)
@return padded image






	
geowatch.tasks.depth.dzyne_img_util.minmax(img)

	




	
geowatch.tasks.depth.dzyne_img_util.equalizeRGB(img)

	




	
geowatch.tasks.depth.dzyne_img_util.normalizeRGB(img, percent_range=(2, 98))

	




	
geowatch.tasks.depth.dzyne_img_util.load_image(file_name_rgb, file_name_tif)

	




	
geowatch.tasks.depth.dzyne_img_util.readRasterImage(filename: str [https://docs.python.org/3/library/stdtypes.html#str], geoProps={}, convert=False)

	Reads ntf files

[description]


	Decorators:
	task






	Parameters:

	filename {str} – filename of the file to read in



	Keyword Arguments:

	
	(default (convert {bool} -- should raster be converted to float and normalized) – {{}})


	(default – {False})






	Returns:

	Tuple of (img, transform, bands, datatype)












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.depth.pl_highres_verify module


	
geowatch.tasks.depth.pl_highres_verify.modify_bn(model, track_running_stats=True, bn_momentum=0.1)

	




	
class geowatch.tasks.depth.pl_highres_verify.MultiTaskModel(batch_size: int [https://docs.python.org/3/library/functions.html#int] = 1, checkpoint: str [https://docs.python.org/3/library/stdtypes.html#str] = None, config: dict [https://docs.python.org/3/library/stdtypes.html#dict] = None, test_img_dir: str [https://docs.python.org/3/library/stdtypes.html#str] = None, test_img_list: str [https://docs.python.org/3/library/stdtypes.html#str] = None, gpus: str [https://docs.python.org/3/library/stdtypes.html#str] = '0', **kwargs)

	Bases: LightningModule


	
forward(x, tta=False)

	




	
test_step(batch, batch_idx)

	




	
static add_model_specific_args(parent_parser)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.depth.predict module


	
geowatch.tasks.depth.predict._image_pred_filename(torch_dataset, output_data_dir, img_info)

	




	
geowatch.tasks.depth.predict.fake_model(batch2, tta=True)

	




	
geowatch.tasks.depth.predict._test()

	Small test to check that stitching logic works when nan regions are
involved.






	
geowatch.tasks.depth.predict.run_inference(image, model, device=0)

	Example

>>> from geowatch.tasks.depth.predict import *  # NOQA
>>> import kwimage
>>> import kwarray
>>> src = kwimage.ensure_float01(kwimage.grab_test_image(dsize=(512, 512)))
>>> src = kwimage.Polygon.random(rng=None).scale(src.shape[0]).fill(src.copy(), np.nan)
>>> model = fake_model
>>> image = src * 255
>>> device = 'cpu'
>>> result = run_inference(image, model, device=device)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(src, pnum=(1, 2, 1), doclf=True)
>>> kwplot.imshow(result, pnum=(1, 2, 2))





[image: ../_images/fig_geowatch_tasks_depth_predict_run_inference_002.jpeg]





	
geowatch.tasks.depth.predict.anisotropic_diffusion(img, niter=1, kappa=50, gamma=0.1, voxelspacing=None, option=1)

	Edge-preserving, XD Anisotropic diffusion.


	Parameters:

	
	img (array_like) – Input image (will be cast to numpy.float).


	niter (integer) – Number of iterations.


	kappa (integer) – Conduction coefficient, e.g. 20-100. kappa controls conduction
as a function of the gradient. If kappa is low small intensity
gradients are able to block conduction and hence diffusion across
steep edges. A large value reduces the influence of intensity gradients
on conduction.


	gamma (float) – Controls the speed of diffusion. Pick a value \(<= .25\) for stability.


	voxelspacing (tuple of floats or array_like) – The distance between adjacent pixels in all img.ndim directions


	option ({1, 2, 3}) – Whether to use the Perona Malik diffusion equation No. 1 or No. 2,
or Tukey’s biweight function.
Equation 1 favours high contrast edges over low contrast ones, while
equation 2 favours wide regions over smaller ones. See [1] for details.
Equation 3 preserves sharper boundaries than previous formulations and
improves the automatic stopping of the diffusion. See [2] for details.






	Returns:

	anisotropic_diffusion – Diffused image.



	Return type:

	ndarray





Notes

Original MATLAB code by Peter Kovesi,
School of Computer Science & Software Engineering,
The University of Western Australia,
pk @ csse uwa edu au,
<http://www.csse.uwa.edu.au>

Translated to Python and optimised by Alistair Muldal,
Department of Pharmacology,
University of Oxford,
<alistair.muldal@pharm.ox.ac.uk>

Adapted to arbitrary dimensionality and added to the MedPy library Oskar Maier,
Institute for Medical Informatics,
Universitaet Luebeck,
<oskar.maier@googlemail.com>

June 2000  original version. -
March 2002 corrected diffusion eqn No 2. -
July 2012 translated to Python -
August 2013 incorporated into MedPy, arbitrary dimensionality -

References



[1]
P. Perona and J. Malik.
Scale-space and edge detection using ansotropic diffusion.
IEEE Transactions on Pattern Analysis and Machine Intelligence,
12(7):629-639, July 1990.



[2]
M.J. Black, G. Sapiro, D. Marimont, D. Heeger
Robust anisotropic diffusion.
IEEE Transactions on Image Processing,
7(3):421-432, March 1998.








	
geowatch.tasks.depth.predict._build_aux_info(img_info, pred_shape, pred_filename, output_bundle_dpath, quantization)

	




	
geowatch.tasks.depth.predict._write_output(img_info, pred, pred_filename, output_bundle_dpath, quantization)

	




	
geowatch.tasks.depth.predict._load_config()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.depth.utils module


	
geowatch.tasks.depth.utils._process_image_chunked_with_kwarray(image, process_func, chip_size=(2048, 2048, 3), overlap=(128, 128, 0), output_dtype=<class 'numpy.uint8'>, verbose=1)

	




	
geowatch.tasks.depth.utils._process_image_chunked_with_dask(image, process_func, chip_size=(2048, 2048, 3), overlap=(128, 128, 0), output_dtype=<class 'numpy.uint8'>, verbose=1)

	




	
geowatch.tasks.depth.utils.process_image_chunked(image, process_func, chip_size=(2048, 2048, 3), overlap=(128, 128, 0), output_dtype=<class 'numpy.uint8'>, verbose=1, sliding_window_method='kwarray')

	
	Parameters:

	chip_size – must be less than half of the overlap





Example

>>> from geowatch.tasks.depth.utils import *  # NOQA
>>> import kwimage
>>> import kwarray
>>> image = kwimage.ensure_float01(kwimage.grab_test_image(dsize=(512, 512)))
>>> nan_poly = kwimage.Polygon.random(rng=None).scale(image.shape[0])
>>> image = nan_poly.fill(image.copy(), np.nan)
>>> process_func = lambda x: kwimage.gaussian_blur(x, sigma=7).mean(axis=2)
>>> non_chunked = process_func(image)
>>> chip_size = (128, 128, 3)
>>> overlap = (32, 32, 0)
>>> output_dtype = np.uint8
>>> verbose = 0
>>> print('kwarray')
>>> result1 = process_image_chunked(image, process_func, chip_size, overlap, output_dtype, verbose=1, sliding_window_method='kwarray')
>>> print('dask')
>>> result2 = process_image_chunked(image, process_func, chip_size, overlap, output_dtype, verbose=1, sliding_window_method='dask')
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(image, pnum=(1, 3, 1), doclf=True)
>>> kwplot.imshow(result1, pnum=(1, 3, 2), title='kwarray')
>>> kwplot.imshow(result2, pnum=(1, 3, 3), title='dask')





[image: ../_images/fig_geowatch_tasks_depth_utils_process_image_chunked_002.jpeg]







            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.depth package


Submodules



	geowatch.tasks.depth.backbone module
	get_backbone()

	set_download_dir()





	geowatch.tasks.depth.datasets module
	WVRgbDataset
	WVRgbDataset._include()

	WVRgbDataset._load()





	WVSuperRgbDataset
	WVSuperRgbDataset._include()

	WVSuperRgbDataset._load()









	geowatch.tasks.depth.demo_transform module
	_is_pil_image()

	_is_numpy_image()

	Scale
	Scale.changeScale()





	CenterCrop
	CenterCrop.centerCrop()





	ToTensor
	ToTensor.to_tensor()





	ToNumpy
	ToNumpy.to_numpy()





	Normalize
	Normalize.normalize()





	Lighting





	geowatch.tasks.depth.dzyne_img_util module
	pad()

	unpad()

	minmax()

	equalizeRGB()

	normalizeRGB()

	load_image()

	readRasterImage()





	geowatch.tasks.depth.pl_highres_verify module
	modify_bn()

	MultiTaskModel
	MultiTaskModel.forward()

	MultiTaskModel.test_step()

	MultiTaskModel.add_model_specific_args()









	geowatch.tasks.depth.predict module
	_image_pred_filename()

	fake_model()

	_test()

	run_inference()

	anisotropic_diffusion()

	_build_aux_info()

	_write_output()

	_load_config()





	geowatch.tasks.depth.utils module
	_process_image_chunked_with_kwarray()

	_process_image_chunked_with_dask()

	process_image_chunked()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.depth_pcd.filter_tracks module


	
class geowatch.tasks.depth_pcd.filter_tracks.FilterTracksConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'input_kwcoco': <Value(None)>, 'input_region': <Value(None)>, 'input_sites': <Value(None)>, 'output_region_fpath': <Value(None)>, 'output_site_manifest_fpath': <Value(None)>, 'output_sites_dpath': <Value(None)>, 'threshold': <Value(0.4)>}

	








	
geowatch.tasks.depth_pcd.filter_tracks.main(cmdline=1, **kwargs)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.depth_pcd.model module




            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.depth_pcd.model_test module

CommandLine

HAS_DVC=1 xdoctest geowatch/tasks/depth_pcd/model_test.py __doc__





Example

>>> # xdoctest: +REQUIRES(env:HAS_DVC)
>>> import numpy as np
>>> import geowatch
>>> import ubelt as ub
>>> from geowatch.tasks.depth_pcd.model import getModel
>>> model = getModel()
>>> expt_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_expt', hardware='auto')
>>> model.load_weights(expt_dvc_dpath + '/models/depth_pcd/basicModel2.h5')
>>> out = model.predict(np.zeros((1,400,400,3)))
>>> shapes = [o.shape for o in out]
>>> print('shapes = {}'.format(ub.urepr(shapes, nl=1)))






	
geowatch.tasks.depth_pcd.model_test.mwe_tensorflow()

	Small example that tests if tensorflow will raise a DNN error in this env
or not.

References

https://www.tensorflow.org/install/pip

Check CuDNN version


!apt-cache policy libcudnn8





	Debugging:
	# Try running this example in the minimum pyenv311 env before
# installing geowatch
docker run 



	--gpus all

	





–volume “$HOME”/.cache/pip:/root/.cache/pip -it pyenv:311 bash




# pip install tensorflow ipython nvidia-cudnn-cu11
pip install tensorflow==”2.12.0” nvidia-cudnn-cu11==8.6.0.163


	python -c “if 1:
	import tensorflow as tf
print(tf.config.list_physical_devices())
from tensorflow.keras.models import Model
conv = tf.keras.models.Sequential([


tf.keras.layers.Conv2D(64, (3, 3), activation=’relu’, input_shape=(28, 28, 1)),




])
i = tf.keras.Input([28, 28, 1], batch_size=1)
out = conv(i)
model = Model(inputs=i, outputs=[out])
import numpy as np
model.predict(np.zeros((1, 28, 28, 1)))





“












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.depth_pcd.score_tracks module

PCD = parallel change detection


	
class geowatch.tasks.depth_pcd.score_tracks.ScoreTracksConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Filter tracks based on the depth detector.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'input_kwcoco': <Value(None)>, 'input_region': <Value(None)>, 'model_fpath': <Value(None)>, 'out_kwcoco': <Value(None)>}

	








	
geowatch.tasks.depth_pcd.score_tracks.score_tracks(img_coco_dset, model_fpath)

	




	
geowatch.tasks.depth_pcd.score_tracks.main(cmdline=True, **kwargs)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.depth_pcd package


Submodules



	geowatch.tasks.depth_pcd.filter_tracks module
	FilterTracksConfig
	FilterTracksConfig.default





	main()





	geowatch.tasks.depth_pcd.model module

	geowatch.tasks.depth_pcd.model_test module
	mwe_tensorflow()





	geowatch.tasks.depth_pcd.score_tracks module
	ScoreTracksConfig
	ScoreTracksConfig.default





	score_tracks()

	main()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.dino_detector.building_validator module

Uses the building detector to validate a construction event.

Given a site model:


	search for the K highest quality images at the start of the sequences.


	search for the K highest quality images at the end of the sequence.


	run the building detector on all of the chosen images.


	test if the site boundary intersects detections in the start images.


	test if the site boundary intersects detections in the end images.




StartTest | EndTest | Result
----------+---------+-------
    T     |    T    | Reject
----------+---------+-------
    T     |    F    | Reject
----------+---------+-------
    F     |    T    | Accept
----------+---------+-------
    F     |    F    | Reject
----------+---------+-------
    ?     |    T    | Accept
----------+---------+-------
    T     |    ?    | Reject
----------+---------+-------
    ?     |    F    | Reject
----------+---------+-------
    F     |    ?    | Accept
----------+---------+-------





Dataflow:



	BAS outputs a region model with candidate site summaries


	We should be given a kwcoco path that indexes all of the data we could
look at. In MLOPs this will be a region cropped kwcoco path that indexes
existant images on disk. In smartflow this will be a virtual kwcoco file
that requires network access.








	
class geowatch.tasks.dino_detector.building_validator.BuildingValidatorConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'box_isect_threshold': <Value(0.1)>, 'box_score_threshold': <Value(0.01)>, 'end_min_score': <Value(0.1)>, 'input_kwcoco': <Value(None)>, 'input_region': <Value(None)>, 'input_sites': <Value(None)>, 'output_region_fpath': <Value(None)>, 'output_site_manifest_fpath': <Value(None)>, 'output_sites_dpath': <Value(None)>, 'start_max_score': <Value(1.0)>}

	








	
geowatch.tasks.dino_detector.building_validator.main(cmdline=1, **kwargs)

	Example

>>> # xdoctest: +SKIP
>>> cmdline = 0
>>> kwargs = dict()
>>> main(cmdline=cmdline, **kwargs)










	
geowatch.tasks.dino_detector.building_validator.building_in_image_features(coco_img, site_id, config)

	




	
exception geowatch.tasks.dino_detector.building_validator.CouldNotValidate

	Bases: Exception [https://docs.python.org/3/library/exceptions.html#Exception]








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.dino_detector.predict module


	SeeAlso:
	
	~/data/dvc-repos/smart_expt_dvc/models/kitware/xview_dino/package_trained_model.py








Notes

# To test if mmcv is working on your machine:

python -c “from mmcv.ops import multi_scale_deform_attn”


	
class geowatch.tasks.dino_detector.predict.BuildingDetectorConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'batch_size': 1, 'coco_fpath': <Value(None)>, 'data_workers': 2, 'device': <Value(0)>, 'fixed_resolution': '1GSD', 'out_coco_fpath': <Value(None)>, 'package_fpath': <Value(None)>, 'select_images': None, 'track_emissions': True, 'window_dims': (1024, 1024), 'window_overlap': 0.5}

	








	
class geowatch.tasks.dino_detector.predict.WrapperDataset(subdset)

	Bases: Dataset






	
geowatch.tasks.dino_detector.predict.main(cmdline=1, **kwargs)

	Example

>>> # xdoctest: +SKIP
>>> from geowatch.tasks.dino_detector.predict import *  # NOQA
>>> import ubelt as ub
>>> import geowatch
>>> import kwcoco
>>> dvc_data_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> dvc_expt_dpath = geowatch.find_dvc_dpath(tags='phase2_expt', hardware='auto')
>>> coco_fpath = dvc_data_dpath / 'Drop6-MeanYear10GSD-V2/imgonly-KR_R001.kwcoco.zip'
>>> package_fpath = dvc_expt_dpath / 'models/kitware/xview_dino.pt'
>>> out_coco_fpath = ub.Path.appdir('geowatch/tests/dino/doctest0').ensuredir() / 'pred_boxes.kwcoco.zip'
>>> kwargs = {
>>>     'coco_fpath': coco_fpath,
>>>     'package_fpath': package_fpath,
>>>     'out_coco_fpath': out_coco_fpath,
>>>     'fixed_resolution': '10GSD',
>>>     'window_dims': (256, 256),
>>> }
>>> cmdline = 0
>>> _ = main(cmdline=cmdline, **kwargs)
>>> out_dset = kwcoco.CocoDataset(out_coco_fpath)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> import kwimage
>>> kwplot.plt.ion()
>>> gid = out_dset.images()[0]
>>> annots = out_dset.annots(gid=gid)
>>> dets = annots.detections
>>> list(map(len, out_dset.images().annots))
>>> config = out_dset.dataset['info'][-1]['properties']['config']
>>> delayed = out_dset.coco_image(gid).imdelay(channels='red|green|blue', resolution=config['fixed_resolution'])
>>> rgb = kwimage.normalize_intensity(delayed.finalize())
>>> import kwplot
>>> kwplot.plt.ion()
>>> kwplot.imshow(rgb, doclf=1)
>>> top_dets = dets.compress(dets.scores > 0.2)
>>> top_dets.draw()










	
geowatch.tasks.dino_detector.predict.dino_preproc_item(item)

	




	
geowatch.tasks.dino_detector.predict.dino_predict(model, batch)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.dino_detector package


Submodules



	geowatch.tasks.dino_detector.building_validator module
	BuildingValidatorConfig
	BuildingValidatorConfig.default





	main()

	building_in_image_features()

	CouldNotValidate





	geowatch.tasks.dino_detector.predict module
	BuildingDetectorConfig
	BuildingDetectorConfig.default





	WrapperDataset

	main()

	dino_preproc_item()

	dino_predict()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.__main__ module




            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.architectures.segmenter_decoder module

Adapted from https://github.com/rst


	
geowatch.tasks.fusion.architectures.segmenter_decoder._no_grad_trunc_normal_(tensor, mean, std, a, b)

	




	
geowatch.tasks.fusion.architectures.segmenter_decoder.trunc_normal_(tensor: Tensor, mean: float [https://docs.python.org/3/library/functions.html#float] = 0.0, std: float [https://docs.python.org/3/library/functions.html#float] = 1.0, a: float [https://docs.python.org/3/library/functions.html#float] = -2.0, b: float [https://docs.python.org/3/library/functions.html#float] = 2.0) → Tensor

	Fills the input Tensor with values drawn from a truncated
normal distribution. The values are effectively drawn from the
normal distribution \(\mathcal{N}(\text{mean}, \text{std}^2)\)
with values outside \([a, b]\) redrawn until they are within
the bounds. The method used for generating the random values works
best when \(a \leq \text{mean} \leq b\).
:Parameters: * tensor – an n-dimensional torch.Tensor



	mean – the mean of the normal distribution


	std – the standard deviation of the normal distribution


	a – the minimum cutoff value


	b – the maximum cutoff value







Examples

>>> w = torch.empty(3, 5)
>>> nn.init.trunc_normal_(w)










	
geowatch.tasks.fusion.architectures.segmenter_decoder.drop_path(x, drop_prob: float [https://docs.python.org/3/library/functions.html#float] = 0.0, training: bool [https://docs.python.org/3/library/functions.html#bool] = False)

	Drop paths (Stochastic Depth) per sample (when applied in main path of residual blocks).

This is the same as the DropConnect impl I created for EfficientNet, etc networks, however,
the original name is misleading as ‘Drop Connect’ is a different form of dropout in a separate paper…
See discussion: https://github.com/tensorflow/tpu/issues/494#issuecomment-532968956 … I’ve opted for
changing the layer and argument names to ‘drop path’ rather than mix DropConnect as a layer name and use
‘survival rate’ as the argument.






	
class geowatch.tasks.fusion.architectures.segmenter_decoder.DropPath(drop_prob=None)

	Bases: Module

Drop paths (Stochastic Depth) per sample  (when applied in main path of residual blocks).


	
forward(x)

	








	
geowatch.tasks.fusion.architectures.segmenter_decoder.init_weights(m)

	




	
class geowatch.tasks.fusion.architectures.segmenter_decoder.FeedForward(dim, hidden_dim, dropout, out_dim=None)

	Bases: Module


	
property unwrapped

	




	
forward(x)

	








	
class geowatch.tasks.fusion.architectures.segmenter_decoder.Attention(dim, heads, dropout)

	Bases: Module


	
property unwrapped

	




	
forward(x, mask=None)

	








	
class geowatch.tasks.fusion.architectures.segmenter_decoder.Block(dim, heads, mlp_dim, dropout, drop_path)

	Bases: Module


	
forward(x, mask=None, return_attention=False)

	








	
class geowatch.tasks.fusion.architectures.segmenter_decoder.DecoderLinear(n_cls, patch_size, d_encoder)

	Bases: Module


	
no_weight_decay()

	




	
forward(x, im_size)

	








	
geowatch.tasks.fusion.architectures.segmenter_decoder._string_to_hashvec(key, hasher='blake3')

	Example

from geowatch.tasks.fusion.architectures.segmenter_decoder import *  # NOQA
key = ‘’
key_tensor = _string_to_hashvec(key)
_string_to_hashvec(‘hi’)
_string_to_hashvec(‘class-name’, ‘xxh64’)
_string_to_hashvec(‘class-name’, ‘blake3’)
_string_to_hashvec(‘class-name’, ‘sha512’)
_string_to_hashvec(‘class-name’, ‘sha512’)






	
class geowatch.tasks.fusion.architectures.segmenter_decoder.MaskTransformerDecoder(n_cls, d_model=192, n_layers=2, d_encoder='auto', n_heads='auto', d_ff='auto', drop_path_rate=0.0, dropout=0.1)

	Bases: Module

This was originally the MaskTransformer and is being modified for the
arbitrary output size design.

Example

>>> from geowatch.tasks.fusion.architectures.segmenter_decoder import *  # NOQA
>>> self = MaskTransformerDecoder(8, n_layers=8)
>>> # Batch size, number of tokens, and token dimension size
>>> B, N, D = 1, 10, self.d_model
>>> x = torch.rand(B, N, D)
>>> y = self.forward(x)
>>> assert y.shape[0:2] == x.shape[0:2], 'only in case where x is token size'
>>> assert y.shape[2] == self.n_cls, 'should always be true'






	
no_weight_decay()

	




	
forward(x)

	




	
get_attention_map(x, layer_id)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.architectures.sits module

import sys
sys.path.append(‘/home/joncrall/code/SITS-Former/code’)
from model import classification_model as clf

import liberator
lib = liberator.Liberator()
lib.add_dynamic(clf.BERTClassification)
lib.expand([‘model’])
print(lib.current_sourcecode())


	
class geowatch.tasks.fusion.architectures.sits.PositionalEncoding(d_model, max_len=366)

	Bases: Module


	
forward(time)

	








	
class geowatch.tasks.fusion.architectures.sits.BERTEmbedding(num_features, dropout=0.1)

	Bases: Module


	BERT Embedding which is consisted with under features
	
	InputEmbedding : project the input to embedding size through a lightweight 3D-CNN


	PositionalEncoding : adding positional information using sin/cos functions




sum of both features are output of BERTEmbedding






	Parameters:

	
	num_features – number of input features


	dropout – dropout rate









	
forward(input_sequence, doy_sequence)

	








	
class geowatch.tasks.fusion.architectures.sits.BERT(num_features, hidden, n_layers, attn_heads, dropout=0.1)

	Bases: Module


	Parameters:

	
	num_features – number of input features


	hidden – hidden size of the SITS-Former model


	n_layers – numbers of Transformer blocks (layers)


	attn_heads – number of attention heads


	dropout – dropout rate









	
forward(x, doy, mask)

	








	
class geowatch.tasks.fusion.architectures.sits.MulticlassClassification(hidden, num_classes)

	Bases: Module


	
forward(x, mask)

	








	
class geowatch.tasks.fusion.architectures.sits.BERTClassification(bert: BERT, num_classes)

	Bases: Module

Downstream task: Satellite Time Series Classification


	Parameters:

	
	bert – the BERT-Former model


	num_classes – number of classes to be classified









	
forward(x, doy, mask)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.architectures.transformer module

Current encoder config names are:


‘smt_it_joint_p8’, ‘smt_it_joint_n12’, ‘smt_it_joint_t12’, ‘smt_it_joint_t24’,
‘smt_it_joint_s12’, ‘smt_it_joint_s24’, ‘smt_it_joint_m24’, ‘smt_it_joint_l24’,

‘smt_it_stm_p8’, ‘smt_it_stm_n12’, ‘smt_it_stm_t12’, ‘smt_it_stm_t24’,
‘smt_it_stm_s12’, ‘smt_it_stm_s24’, ‘smt_it_stm_m24’, ‘smt_it_stm_l24’,

‘smt_it_sm_p8’, ‘smt_it_sm_n12’, ‘smt_it_sm_t12’, ‘smt_it_sm_t24’,
‘smt_it_sm_s12’, ‘smt_it_sm_s24’, ‘smt_it_sm_m24’, ‘smt_it_sm_l24’,

‘smt_it_st_p8’, ‘smt_it_st_n12’, ‘smt_it_st_t12’, ‘smt_it_st_t24’,
‘smt_it_st_s12’, ‘smt_it_st_s24’, ‘smt_it_st_m24’, ‘smt_it_st_l24’,

‘smt_it_tm_p8’, ‘smt_it_tm_n12’, ‘smt_it_tm_t12’, ‘smt_it_tm_t24’,
‘smt_it_tm_s12’, ‘smt_it_tm_s24’, ‘smt_it_tm_m24’, ‘smt_it_tm_l24’,

‘smt_it_s_p8’, ‘smt_it_s_n12’, ‘smt_it_s_t12’, ‘smt_it_s_t24’,
‘smt_it_s_s12’, ‘smt_it_s_s24’, ‘smt_it_s_m24’, ‘smt_it_s_l24’,

‘smt_it_t_p8’, ‘smt_it_t_n12’, ‘smt_it_t_t12’, ‘smt_it_t_t24’,
‘smt_it_t_s12’, ‘smt_it_t_s24’, ‘smt_it_t_m24’, ‘smt_it_t_l24’,

‘smt_it_hwtm_p8’, ‘smt_it_hwtm_n12’, ‘smt_it_hwtm_t12’, ‘smt_it_hwtm_t24’,
‘smt_it_hwtm_s12’, ‘smt_it_hwtm_s24’, ‘smt_it_hwtm_m24’, ‘smt_it_hwtm_l24’,

‘smt_it_m_p8’, ‘smt_it_m_n12’, ‘smt_it_m_t12’, ‘smt_it_m_t24’,
‘smt_it_m_s12’, ‘smt_it_m_s24’, ‘smt_it_m_m24’, ‘smt_it_m_l24’,

‘sm_it_joint_p8’, ‘sm_it_joint_n12’, ‘sm_it_joint_t12’, ‘sm_it_joint_t24’,
‘sm_it_joint_s12’, ‘sm_it_joint_s24’, ‘sm_it_joint_m24’, ‘sm_it_joint_l24’,

‘sm_it_sm_p8’, ‘sm_it_sm_n12’, ‘sm_it_sm_t12’, ‘sm_it_sm_t24’,
‘sm_it_sm_s12’, ‘sm_it_sm_s24’, ‘sm_it_sm_m24’, ‘sm_it_sm_l24’




Notes

pip install reformer_pytorch
pip install performer-pytorch  <- this one


	
class geowatch.tasks.fusion.architectures.transformer.ResidualSequential(*args)

	Bases: Sequential

A Sequential layer with a residual operation at the end


	
forward(x)

	








	
class geowatch.tasks.fusion.architectures.transformer.ResidualAttentionSequential(norm, attention)

	Bases: ResidualSequential

Special case of ResidualSequential to support masking


	
forward(x, key_padding_mask=None)

	








	
geowatch.tasks.fusion.architectures.transformer.assert_allclose(a, b, rtol=1e-05, atol=1e-08)

	TODO: integrate with kwcoco.coco_sql_dataset.assert_dsets_allclose().

Add to kwarray






	
class geowatch.tasks.fusion.architectures.transformer.MultiheadSelfAttention(embed_dim, num_heads, *args, **kwargs)

	Bases: MultiheadAttention

Inherits from torch.nn.MultiheadAttention


	Parameters:

	
	embed_dim – total dimension of the model.


	num_heads – parallel attention heads.


	dropout – a Dropout layer on attn_output_weights. Default: 0.0.


	bias – add bias as module parameter. Default: True.


	add_bias_kv – add bias to the key and value sequences at dim=0.


	add_zero_attn – add a new batch of zeros to the key and
value sequences at dim=1.


	kdim – total number of features in key. Default: None.


	vdim – total number of features in value. Default: None.


	batch_first – If True, then the input and output tensors are provided
as (batch, seq, feature). Default: False (seq, batch, feature).








CommandLine

xdoctest -m geowatch.tasks.fusion.architectures.transformer MultiheadSelfAttention





Example

>>> from geowatch.tasks.fusion.architectures.transformer import *  # NOQA
>>> self = MultiheadSelfAttention(4, 1).eval()
>>> S, B, F = (7, 3, 4)
>>> x  = (torch.rand(S, B, F) * 10).round()
>>> # Results should be independent of the batch dim
>>> y  = self.forward(x)
>>> y0 = self.forward(x[:, 0:1, :])
>>> y1 = self.forward(x[:, 1:2, :])
>>> y2 = self.forward(x[:, 2:3, :])
>>> assert_allclose(y[:, 0:1, :], y0, rtol=1e-3, atol=1e-6)
>>> assert_allclose(y[:, 1:2, :], y1, rtol=1e-3, atol=1e-6)
>>> assert_allclose(y[:, 2:3, :], y2, rtol=1e-3, atol=1e-6)





>>> key_padding_mask = torch.rand(B, S) > 0.5
>>> masked_result = self.forward(x, key_padding_mask=key_padding_mask)






	
forward(x, key_padding_mask=None)

	
	Parameters:

	
	x (Tensor) – of shape (seq, batch, feature)


	key_padding_mask (Tensor) – of shape (batch, seq).
A value of True means we will ignore the token.






	Returns:

	of shape (seq, batch, feature)



	Return type:

	attn_out














	
geowatch.tasks.fusion.architectures.transformer.new_attention_layer(embedding_size, n_heads, attention_impl='exact', **kwargs)

	Example

>>> from geowatch.tasks.fusion.architectures.transformer import *  # NOQA
>>> import torch
>>> batch_size = 1
>>> embedding_size = 4
>>> n_heads = 2
>>> num_tokens = 3
>>> input_shape = (num_tokens, batch_size, embedding_size)
>>> inputs = torch.rand(*input_shape)
>>> layer1 = new_attention_layer(embedding_size, n_heads, 'exact')
>>> outputs1 = layer1(inputs)
>>> assert outputs1.shape == input_shape
>>> # xdoctest: +REQUIRES(module:performer_pytorch)
>>> layer2 = new_attention_layer(embedding_size, n_heads, 'performer')
>>> outputs2 = layer2(inputs)
>>> assert outputs2.shape == input_shape





Example

>>> # Test with a mask
>>> from geowatch.tasks.fusion.architectures.transformer import *  # NOQA
>>> import torch
>>> batch_size = 1
>>> embedding_size = 4
>>> n_heads = 2
>>> num_tokens = 3
>>> input_shape = (num_tokens, batch_size, embedding_size)
>>> inputs = torch.rand(*input_shape)
>>> key_padding_mask = torch.rand(batch_size, num_tokens) > 0.5
>>> layer1 = new_attention_layer(embedding_size, n_heads, 'exact')
>>> outputs1 = layer1(inputs, key_padding_mask=key_padding_mask)










	
geowatch.tasks.fusion.architectures.transformer.new_mlp_layer(embedding_size, dropout, **kwargs)

	Example

>>> import torch
>>> embedding_size = 3
>>> batch_size = 1
>>> layer = new_mlp_layer(embedding_size, dropout=0)
>>> input_shape = (batch_size, embedding_size)
>>> inputs = torch.rand(*input_shape)
>>> outputs = layer(inputs)
>>> assert outputs.shape == (batch_size, embedding_size)










	
class geowatch.tasks.fusion.architectures.transformer.ChannelwiseTransformerEncoderLayer(axes, embedding_size, n_heads, dropout=0.0, default_shape=('batch', 'time', 'mode', 'height', 'width', 'feature'), feature_axis='feature', batch_axis='batch', attention_impl='exact', attention_kwargs=None)

	Bases: Module


Todo


	
	[ ] Can we resitrict how far the spatial window looks, so it only
	sees neighboring spatial regions?







	
	[ ] Flatten tokens completely and have a mask that indicates
	what tokens are allowed to see each other in each step











Notes


	Currently ‘mode’ might indicate something like a sensor or special
computation. Each ‘mode’ might have a differet number of ‘features’.
In the future this might be better specified as a dictionary that
maps ‘mode’-codes to a tensor containing only the ‘features’ for that
mode. E.g.:



	inputs = {
	‘S2’:        Tensor([B, T, H, W, 13]),
‘WV’:        Tensor([B, T, H, W, 8]),
‘Latent’:    Tensor([B, T, H, W, 512]),
‘Materials’: Tensor([B, T, H, W, 16]),





}








Currently these are all stacked into a B x T x M x H x W x max(F)
and padded with zeros.

Correction: the last statement is not correct.
Curently F is hard coded to be F = 1 * ws * ws (where ws is the window
size), so features are really spatial positions in a window. And
the ‘width’ and ‘height’ here refer to the ‘number of windows’
in the area.

Example

>>> from geowatch.tasks.fusion.architectures.transformer import *  # NOQA
>>> import torch
>>> image_size = 128
>>> #
>>> ws = window_size = 32
>>> W = H = image_size // ws
>>> B = batch_size = 2
>>> T = num_times = 3
>>> M = num_modes = 13  # hack for number of features in S2
>>> F = 1 * ws * ws # hack to use spatial positions in a windows as features
>>> input_shape = (B, T, M, H, W, F)
>>> x = torch.rand(*input_shape)
>>> embedding_size = F   # Embedding size must be equal to F
>>> #
>>> # ================================
>>> # Joint Attentions Across all Axes
>>> self = ChannelwiseTransformerEncoderLayer(
>>>     axes=[('time', 'mode', 'height', 'width')],
>>>     default_shape=['batch', 'time', 'mode', 'height', 'width', 'feature'],
>>>     feature_axis='feature',
>>>     batch_axis='batch',
>>>     embedding_size=embedding_size,
>>>     n_heads=4
>>> )
>>> print(self)
>>> outputs = self(x)
>>> assert tuple(outputs.shape) == (2, 3, 13, 4, 4, 1024)
>>> #
>>> # ================================
>>> # Separable Attentions Across Time, Mode, and then Space
>>> self = ChannelwiseTransformerEncoderLayer(
>>>     axes=[('time', 'mode'), ('height', 'width')],
>>>     default_shape=['batch', 'time', 'mode', 'height', 'width', 'feature'],
>>>     feature_axis='feature',
>>>     batch_axis='batch',
>>>     embedding_size=embedding_size,
>>>     n_heads=4
>>> )
>>> print(self)
>>> outputs = self(x)
>>> assert tuple(outputs.shape) == (2, 3, 13, 4, 4, 1024)
>>> #
>>> # ================================
>>> # Space Only Attention
>>> self = ChannelwiseTransformerEncoderLayer(
>>>     axes=[('height', 'width')],
>>>     default_shape=['batch', 'time', 'mode', 'height', 'width', 'feature'],
>>>     feature_axis='feature',
>>>     batch_axis='batch',
>>>     embedding_size=embedding_size,
>>>     n_heads=4
>>> )
>>> print(self)
>>> outputs = self(x)
>>> assert tuple(outputs.shape) == (2, 3, 13, 4, 4, 1024)






	
forward(inputs, flat_coordinates=None, key_padding_mask=None)

	
	Parameters:

	
	x (Tensor) – of shape B, T, M, H, W, F if flat_coordinates is unspecified
otherwise it should be of shape N, F where N is the total
number of tokens


	flat_coordinates (Dict[str, Tensor]) – the time, mode, height, and width coordinate of each token
if specified batches are unsupported


	key_padding_mask (Tensor) – of shape B, T, M, H, W if flat_coordinates is unspecified
otherwise should be of shape N. A True value means ignore the
token.








CommandLine

xdoctest -m geowatch.tasks.fusion.architectures.transformer ChannelwiseTransformerEncoderLayer.forward





Example

>>> # Test that coordinate aware implementation exactly reproduces aligned variant
>>> from geowatch.tasks.fusion.architectures.transformer import *  # NOQA
>>> import numpy as np
>>> F = embedding_size = 4
>>> B, T, M, H, W = 1, 3, 5, 7, 11
>>> aligned_inputs = aligned_x = (torch.rand(B, T, M, H, W, F) * 100).round() / 10
>>> key_padding_mask = torch.rand(B, T, M, H, W) > 0.9
>>> flat_inputs = flat_x = aligned_inputs.view(-1, embedding_size)
>>> flat_kpm = key_padding_mask.view(-1)
>>> #inputs = flat_inputs
>>> flat_coordinates = None
>>> inputs = aligned_inputs
>>> # Test that coordinate-aware flat attention works
>>> t_coords, m_coords, h_coords, w_coords = np.meshgrid(np.arange(T), np.arange(M), np.arange(H), np.arange(W), indexing='ij')
>>> flat_coordinates = {
>>>     'time':   t_coords.ravel(),
>>>     'mode':   m_coords.ravel(),
>>>     'height': h_coords.ravel(),
>>>     'width':  w_coords.ravel(),
>>> }
>>> flat_coordinates = ub.map_vals(torch.from_numpy, flat_coordinates)
>>> self = ChannelwiseTransformerEncoderLayer(
>>>     #axes=[('height', 'width'), ('time',)],
>>>     axes=[('time',)],
>>>     default_shape=['batch', 'time', 'mode', 'height', 'width', 'feature'],
>>>     feature_axis='feature',
>>>     batch_axis='batch',
>>>     embedding_size=embedding_size,
>>>     n_heads=1
>>> )
>>> self = self.eval()
>>> with torch.set_grad_enabled(False):
>>>     print('----')
>>>     flat_y = self.forward(flat_inputs, flat_coordinates)
>>>     print('----')
>>>     aligned_y = self.forward(aligned_inputs)
>>>     print('----')
>>>     aligned_y_mask = self.forward(aligned_inputs, key_padding_mask=key_padding_mask)
>>>     print('----')
>>>     flat_y_mask = self.forward(flat_inputs, flat_coordinates, key_padding_mask=flat_kpm)
>>> print('----====-')
>>> recon_y1 = aligned_y.view(-1, embedding_size)
>>> recon_y1_mask = aligned_y_mask.view(-1, embedding_size)
>>> print('flat_y=\n{!r}'.format(flat_y))
>>> print('recon_y1=\n{!r}'.format(recon_y1))
>>> abs_diff = (flat_y - recon_y1).abs().max()
>>> print('abs_diff = {!r}'.format(abs_diff))
>>> assert abs_diff < 1e-5
>>> #
>>> flat_y_mask.nan_to_num_()
>>> recon_y1_mask.nan_to_num_()
>>> abs_diff_mask = (flat_y_mask - recon_y1_mask).abs().max()
>>> print('abs_diff_mask = {!r}'.format(abs_diff_mask))
>>> assert abs_diff_mask < 1e-5
>>> #flags = torch.isclose(flat_y, recon_y1)
>>> #assert flags.all()














	
class geowatch.tasks.fusion.architectures.transformer.TimmEncoder(arch_name='vit_base_patch16_224', pretrained=True, dropout=0.0, attention_impl='exact', in_features=None)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Example

>>> # xdoctest: +REQUIRES(module:timm)
>>> from geowatch.tasks.fusion.architectures.transformer import *  # NOQA
>>> import torch
>>> in_features = 7
>>> input_shape = B, T, M, H, W, F = (2, 3, 5, 2, 2, in_features)
>>> inputs = torch.rand(*input_shape)
>>> arch_name = 'vit_base_patch16_224'
>>> self = TimmEncoder(arch_name)










	
class geowatch.tasks.fusion.architectures.transformer.MM_VITEncoder

	Bases: Module

mmsegmentation variant of VIT

Needs 768 features.

Notes

https://github.com/open-mmlab/mmsegmentation/tree/master/configs/vit


	Results:
	# 1
https://github.com/open-mmlab/mmsegmentation/tree/master/configs/vit#ade20k
https://github.com/open-mmlab/mmsegmentation/blob/master/configs/vit/upernet_vit-b16_mln_512x512_80k_ade20k.py
https://github.com/open-mmlab/mmsegmentation/blob/master/configs/_base_/models/upernet_vit-b16_ln_mln.py






	
initialize_from_pretrained()

	




	
forward(x)

	








	
class geowatch.tasks.fusion.architectures.transformer.DeiTEncoder(in_features, pretrained=True)

	Bases: Module

https://github.com/rishikksh20/ViViT-pytorch
https://pytorch.org/tutorials/beginner/vt_tutorial.html

Example

>>> # xdoctest: +REQUIRES(module:timm)
>>> from geowatch.tasks.fusion.architectures.transformer import *  # NOQA
>>> import torch
>>> in_features = 7
>>> input_shape = B, T, M, H, W, F = (2, 3, 5, 2, 2, in_features)
>>> inputs = torch.rand(*input_shape)
>>> self = DeiTEncoder(in_features, pretrained=False)
>>> outputs = self.forward(inputs)






	
forward(inputs)

	








	
class geowatch.tasks.fusion.architectures.transformer.PerceiverEncoder(in_features, depth=4, dropout=0.0)

	Bases: Module

https://github.com/lucidrains/perceiver-pytorch/blob/main/perceiver_pytorch/perceiver_io.py

Example

>>> # xdoctest: +REQUIRES(module:perceiver_pytorch)
>>> from geowatch.tasks.fusion.architectures.transformer import PerceiverEncoder  # NOQA
>>> import torch
>>> B, T, M, H, W, F = 1, 2, 3, 5, 8, 13
>>> self = PerceiverEncoder(F, dropout=0.1)
>>> inputs = torch.rand(B, T, M, H, W, F)
>>> outputs = self(inputs)
>>> assert outputs.shape == (B, T, M, H, W, F)






	
forward(inputs)

	








	
class geowatch.tasks.fusion.architectures.transformer.FusionEncoder(axes, default_shape=('batch', 'sequence', 'feature'), feature_axis='feature', batch_axis='batch', embedding_size=128, n_layers=4, n_heads=8, dropout=0.0, attention_impl='exact', attention_kwargs={}, in_features=None)

	Bases: Module

Primary entry point to create a feature transformer

Performs multiple “channelwise” (maybe rename to axil?) attention
encodings in a row

Example

>>> from geowatch.tasks.fusion.architectures.transformer import *  # NOQA
>>> import torch
>>> in_features = 7
>>> input_shape = B, T, M, H, W, F = (2, 3, 5, 2, 2, in_features)
>>> inputs = torch.rand(*input_shape)
>>> model = FusionEncoder(
>>>     in_features=in_features,
>>>     axes=[("time", "mode", "height", "width")],
>>>     default_shape=["batch", "time", "mode", "height", "width", "feature"],
>>>     feature_axis="feature",
>>>     batch_axis="batch",
>>>     n_layers=8,
>>>     embedding_size=256,
>>>     n_heads=4
>>> )
>>> model(inputs)
>>> output = model(inputs)
>>> assert output.shape == (2, 3, 5, 2, 2, 256)
>>> #
>>> # Test Lazy variant
>>> model = FusionEncoder(
>>>     in_features=None,
>>>     axes=[("time", "mode", "height", "width")],
>>>     default_shape=["batch", "time", "mode", "height", "width", "feature"],
>>>     feature_axis="feature",
>>>     batch_axis="batch",
>>>     n_layers=8,
>>>     embedding_size=256,
>>>     n_heads=4
>>> )
>>> print(model)
>>> inputs = torch.rand(*input_shape)
>>> output = model(inputs)
>>> assert output.shape == (2, 3, 5, 2, 2, 256)






	
forward(x, flat_coordinates=None, key_padding_mask=None, mask=None)

	








	
geowatch.tasks.fusion.architectures.transformer._build_global_configs()

	Previously we manually defined a bunch of functions, now it
is defined programatically






	
geowatch.tasks.fusion.architectures.transformer.default(val, d)

	




	
geowatch.tasks.fusion.architectures.transformer.cache_fn(f)

	




	
class geowatch.tasks.fusion.architectures.transformer.PreNorm(dim, fn, context_dim=None)

	Bases: Module


	
forward(x, **kwargs)

	








	
class geowatch.tasks.fusion.architectures.transformer.GEGLU(*args, **kwargs)

	Bases: Module

Initializes internal Module state, shared by both nn.Module and ScriptModule.


	
forward(x)

	








	
class geowatch.tasks.fusion.architectures.transformer.FeedForward(dim, mult=4)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.fusion.architectures.transformer.Attention(query_dim, context_dim=None, output_dim=None, heads=8, dim_head=64)

	Bases: Module


	
forward(x, context=None, mask=None)

	








	
class geowatch.tasks.fusion.architectures.transformer.BackboneEncoderDecoder

	Bases: object [https://docs.python.org/3/library/functions.html#object]






	
class geowatch.tasks.fusion.architectures.transformer.TransformerEncoderDecoder(encoder_depth: int [https://docs.python.org/3/library/functions.html#int] = 2, decoder_depth: int [https://docs.python.org/3/library/functions.html#int] = 1, dim: int [https://docs.python.org/3/library/functions.html#int] = 128, queries_dim: int [https://docs.python.org/3/library/functions.html#int] = 96, logits_dim: int [https://docs.python.org/3/library/functions.html#int] = 32, decode_cross_every: int [https://docs.python.org/3/library/functions.html#int] = 1, cross_heads: int [https://docs.python.org/3/library/functions.html#int] = 1, latent_heads: int [https://docs.python.org/3/library/functions.html#int] = 8, cross_dim_head: int [https://docs.python.org/3/library/functions.html#int] = 64, latent_dim_head: int [https://docs.python.org/3/library/functions.html#int] = 64, weight_tie_layers: bool [https://docs.python.org/3/library/functions.html#bool] = False)

	Bases: Module, BackboneEncoderDecoder


	
forward(x, mask=None, queries=None)

	








	
class geowatch.tasks.fusion.architectures.transformer.TransformerEncoderLayerExtended(d_model: int [https://docs.python.org/3/library/functions.html#int], nhead: int [https://docs.python.org/3/library/functions.html#int], dim_feedforward: int [https://docs.python.org/3/library/functions.html#int] = 2048, dropout: float [https://docs.python.org/3/library/functions.html#float] = 0.1, activation: str [https://docs.python.org/3/library/stdtypes.html#str] = 'relu', layer_norm_eps: float [https://docs.python.org/3/library/functions.html#float] = 1e-05, batch_first: bool [https://docs.python.org/3/library/functions.html#bool] = False, norm_first: bool [https://docs.python.org/3/library/functions.html#bool] = False, mha_kwargs=None, device=None, dtype=None)

	Bases: TransformerEncoderLayer






	
class geowatch.tasks.fusion.architectures.transformer.VanillaTransformerEncoder(num_layers: int [https://docs.python.org/3/library/functions.html#int], d_model: int [https://docs.python.org/3/library/functions.html#int], nhead: int [https://docs.python.org/3/library/functions.html#int], dim_feedforward: int [https://docs.python.org/3/library/functions.html#int] = 2048, dropout: float [https://docs.python.org/3/library/functions.html#float] = 0.0, activation: str [https://docs.python.org/3/library/stdtypes.html#str] = 'gelu', layer_norm_eps: float [https://docs.python.org/3/library/functions.html#float] = 1e-05, batch_first: bool [https://docs.python.org/3/library/functions.html#bool] = True, norm_first: bool [https://docs.python.org/3/library/functions.html#bool] = True, mha_kwargs=None)

	Bases: Module, BackboneEncoderDecoder


	
forward(x, mask=None, queries=None)

	








	
class geowatch.tasks.fusion.architectures.transformer.MM_VITEncoderDecoder(dim, logits_dim, queries_dim=None, pretrained=None)

	Bases: Module, BackboneEncoderDecoder

mmsegmentation variant of VIT

Needs 768 features.

Notes

https://github.com/open-mmlab/mmsegmentation/tree/master/configs/vit


	Results:
	# 1
https://github.com/open-mmlab/mmsegmentation/tree/master/configs/vit#ade20k
https://github.com/open-mmlab/mmsegmentation/blob/master/configs/vit/upernet_vit-b16_mln_512x512_80k_ade20k.py
https://github.com/open-mmlab/mmsegmentation/blob/master/configs/_base_/models/upernet_vit-b16_ln_mln.py





Example

>>> # xdoctest: +REQUIRES(module:mmseg)
>>> from geowatch.tasks.fusion.architectures.transformer import *  # NOQA
>>> self = MM_VITEncoderDecoder(16, 16, 16)
>>> x = torch.rand(2, 3, 16)
>>> self.forward(x)






	
pretrained_fpath_shortnames = {'upernet_vit-b16_mln_512x512_80k_ade20k': 'https://download.openmmlab.com/mmsegmentation/v0.5/vit/upernet_vit-b16_mln_512x512_80k_ade20k/upernet_vit-b16_mln_512x512_80k_ade20k_20210624_130547-0403cee1.pth'}

	




	
initialize_from_pretrained(fpath)

	




	
forward(x, mask=None, queries=None)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.architectures.unet_blur module


	
class geowatch.tasks.fusion.architectures.unet_blur.BlurPool(channels, pad_type='reflect', filt_size=4, stride=2, pad_off=0)

	Bases: Module


	
forward(inp)

	








	
geowatch.tasks.fusion.architectures.unet_blur.get_pad_layer(pad_type)

	




	
class geowatch.tasks.fusion.architectures.unet_blur.double_conv(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.fusion.architectures.unet_blur.inconv(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.fusion.architectures.unet_blur.down(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.fusion.architectures.unet_blur.up(in_ch, out_ch)

	Bases: Module


	
forward(x1, x2)

	








	
class geowatch.tasks.fusion.architectures.unet_blur.outconv(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.fusion.architectures.unet_blur.UNet(in_channels, out_channels)

	Bases: Module


	
forward(x)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.architectures.wu_mae module

A liberated of WU’s MAE pretrained backbone

import sys
sys.path.append(‘/data/joncrall/dvc-repos/smart_expt_dvc/models/wu/MAE-2023-02-09’)
import pred_features

import liberator
lib = liberator.Liberator()
lib.add_dynamic(pred_features.ViT)
lib.expand([‘pred_features’])
print(lib.current_sourcecode())


	
class geowatch.tasks.fusion.architectures.wu_mae.PreNorm(dim, fn)

	Bases: Module


	
forward(x, **kwargs)

	








	
class geowatch.tasks.fusion.architectures.wu_mae.FeedForward(dim, hidden_dim, dropout=0.0)

	Bases: Module


	
forward(x, mask)

	








	
class geowatch.tasks.fusion.architectures.wu_mae.Attention(dim, heads=8, dim_head=64, dropout=0.0)

	Bases: Module


	
forward(x, mask)

	








	
geowatch.tasks.fusion.architectures.wu_mae.pair(t)

	




	
class geowatch.tasks.fusion.architectures.wu_mae.Transformer(dim, depth, heads, dim_head, mlp_dim, dropout=0.0)

	Bases: Module

Example

>>> dim = 4
>>> depth = 3
>>> heads = 2
>>> dim_head = 2
>>> mlp_dim = 2
>>> self = Transformer(dim, depth, heads, dim_head, mlp_dim)
>>> x = torch.rand(2, 3, dim)
>>> mask = torch.rand(2, 3) > 0
>>> out = self.forward(x, mask)
>>> print(f'out.shape={out.shape}')






	
forward(x, mask)

	








	
class geowatch.tasks.fusion.architectures.wu_mae.ViT(*, image_size, image_patch_size, frames, frame_patch_size, dim, depth, heads, mlp_dim, channels=6, dim_head=64, dropout=0.0, emb_dropout=0.0)

	Bases: Module


	
forward(video)

	








	
geowatch.tasks.fusion.architectures.wu_mae.wu_backbone()

	from torch_liberator import Pretrained
ckpt_fpath = ‘/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/models/wu/MAE-2023-02-09/goldenMae-epoch=07-val_loss=0.23.ckpt’
initializer = Pretrained(ckpt_fpath, association=’embedding’)
vit = wu_backbone()
result = initializer.forward(vit)








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.architectures package


Submodules



	geowatch.tasks.fusion.architectures.segmenter_decoder module
	_no_grad_trunc_normal_()

	trunc_normal_()

	drop_path()

	DropPath
	DropPath.forward()





	init_weights()

	FeedForward
	FeedForward.unwrapped

	FeedForward.forward()





	Attention
	Attention.unwrapped

	Attention.forward()





	Block
	Block.forward()





	DecoderLinear
	DecoderLinear.no_weight_decay()

	DecoderLinear.forward()





	_string_to_hashvec()

	MaskTransformerDecoder
	MaskTransformerDecoder.no_weight_decay()

	MaskTransformerDecoder.forward()

	MaskTransformerDecoder.get_attention_map()









	geowatch.tasks.fusion.architectures.sits module
	PositionalEncoding
	PositionalEncoding.forward()





	BERTEmbedding
	BERTEmbedding.forward()





	BERT
	BERT.forward()





	MulticlassClassification
	MulticlassClassification.forward()





	BERTClassification
	BERTClassification.forward()









	geowatch.tasks.fusion.architectures.transformer module
	ResidualSequential
	ResidualSequential.forward()





	ResidualAttentionSequential
	ResidualAttentionSequential.forward()





	assert_allclose()

	MultiheadSelfAttention
	MultiheadSelfAttention.forward()





	new_attention_layer()

	new_mlp_layer()

	ChannelwiseTransformerEncoderLayer
	ChannelwiseTransformerEncoderLayer.forward()





	TimmEncoder

	MM_VITEncoder
	MM_VITEncoder.initialize_from_pretrained()

	MM_VITEncoder.forward()





	DeiTEncoder
	DeiTEncoder.forward()





	PerceiverEncoder
	PerceiverEncoder.forward()





	FusionEncoder
	FusionEncoder.forward()





	_build_global_configs()

	default()

	cache_fn()

	PreNorm
	PreNorm.forward()





	GEGLU
	GEGLU.forward()





	FeedForward
	FeedForward.forward()





	Attention
	Attention.forward()





	BackboneEncoderDecoder

	TransformerEncoderDecoder
	TransformerEncoderDecoder.forward()





	TransformerEncoderLayerExtended

	VanillaTransformerEncoder
	VanillaTransformerEncoder.forward()





	MM_VITEncoderDecoder
	MM_VITEncoderDecoder.pretrained_fpath_shortnames

	MM_VITEncoderDecoder.initialize_from_pretrained()

	MM_VITEncoderDecoder.forward()









	geowatch.tasks.fusion.architectures.unet_blur module
	BlurPool
	BlurPool.forward()





	get_pad_layer()

	double_conv
	double_conv.forward()





	inconv
	inconv.forward()





	down
	down.forward()





	up
	up.forward()





	outconv
	outconv.forward()





	UNet
	UNet.forward()









	geowatch.tasks.fusion.architectures.wu_mae module
	PreNorm
	PreNorm.forward()





	FeedForward
	FeedForward.forward()





	Attention
	Attention.forward()





	pair()

	Transformer
	Transformer.forward()





	ViT
	ViT.forward()





	wu_backbone()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.coco_stitcher module

Defines the CocoStitchingManager, which stitches predictions from
subregions of an image or video (or more generally - data cube) back into
rasters corresponding to the original data. This requires that the user use a
sliding window (e.g. perhaps defined by kwarray.SlidingWindow [https://kwarray.readthedocs.io/en/latest/kwarray.html#kwarray.SlidingWindow]) to
iterate over space/time, produce predictions, and know the coordinates those
predictions should be stitched back together at.

The following attempts to provide a minimal example with a visualization.

Example

>>> from geowatch.tasks.fusion.coco_stitcher import *  # NOQA
>>> from geowatch.tasks.fusion.coco_stitcher import demo_coco_stitching_manager
>>> # See the contents of the function for details, might port it to a full
>>> # doctest later.
>>> demo_coco_stitching_manager()






	
geowatch.tasks.fusion.coco_stitcher.demo_coco_stitching_manager()

	




	
class geowatch.tasks.fusion.coco_stitcher.CocoStitchingManager(result_dataset, short_code=None, chan_code=None, stiching_space='video', device='numpy', thresh=0.5, write_probs=True, write_preds=False, num_bands='auto', prob_compress='DEFLATE', prob_blocksize=128, prob_format='cog', polygon_categories=None, expected_minmax=None, quantize=True, writer_queue=None, write_prediction_attrs=True, assets_dname='_assets', dtype='float32')

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Manage stitching for multiple images / videos in a CocoDataset.

This is done in a memory-efficient way where after all sub-regions in an
image or video have been completed, it is finalized, written to the kwcoco
manifest / disk, and the memory used for stitching is freed.


	Parameters:

	
	result_dataset (CocoDataset) – The CocoDataset that is being predicted on. This will be modified
when an image prediction is finalized.


	short_code (str) – short identifier used for directory names.
TODO: rename to prefix? OR or something more indicative that this
is a directory name?


	chan_code (str) – If saving the stitched features, this is the channel code to use.


	stiching_space (str) – Indicates if the results are given in image or video space (up to a
scale factor).


	device (‘numpy’ | torch.device) – Device to stitch on.


	thresh (float) – if making hard decisions, determines the threshold for converting a
soft mask into a hard mask, which can be converted into a polygon.


	prob_compress (str) – Compression algorithm to use when writing probabilities to disk.
Can be any GDAL compression code, e.g LZW, DEFLATE, RAW, etc.


	prob_blocksize (int) – tiled blocksize for output predictions. Defaults to 128.


	prob_format (str) – the format of the output images. (png, tif, cog).


	polygon_categories (List[str] | None) – These are the list of channels that should be transformed into
polygons. If not set, all are used.


	quantize (bool) – if True quantize heatmaps before writing them to disk


	expected_minmax (Tuple[float, float]) – The expected minimum and maximum values allowed in the output
to be stitched – i.e. (0, 1) for probabilities. If unspecified
this is infered per image.


	writer_queue (None | BlockingJobQueue) – if specified, uses this shared writer queue, otherwise creates
its own.


	write_prediction_attrs (bool) – set to True if you are adding predictions to the kwcoco file,
otherwise set to False to remove unnecessary attributes.


	dtype (str) – the dtype to stitch over. Defaults to ‘float32’


	assets_dname (str) – The name of the top-level directory to write new assets. Defaults
to _assets









Todo


	
	[ ] Handle the case where the input space is related to the output
	space by an affine transform.







	[X] Handle stitching in image space


	[X] Handle the case where we are only stitching over images


	
	[ ] Handle the case where iteration is non-contiguous, i.e. define
	a robust criterion to determine when an image is “done” being
stitched.







	
	[ ] Perhaps separate the “soft-probability” prediction stitcher
	from (a) the code that converts soft-to-hard predictions (b)
the code that adds hard predictions to the kwcoco file and (c)
the code that adds soft predictions to the kwcoco file?







	[ ] TODO: remove polygon “predictions” from this completely.






Example

>>> from geowatch.tasks.fusion.coco_stitcher import *  # NOQA
>>> import geowatch
>>> dset = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, dates=True,
>>>                            multispectral=True)
>>> result_dataset = dset.copy()
>>> self = CocoStitchingManager(
>>>     result_dataset=result_dataset,
>>>     short_code='demofeat',
>>>     chan_code='df1|df2',
>>>     prob_format='png',
>>>     stiching_space='video')
>>> coco_img = result_dataset.images().coco_images[0]
>>> # Compute a feature in 0.5 video space for a subset of an image
>>> gid = coco_img.img['id']
>>> hidden = coco_img.imdelay(space='video').finalize().mean(axis=2)
>>> my_feature = kwimage.imresize(hidden, scale=0.5)
>>> asset_dsize = my_feature.shape[0:2][::-1]
>>> space_slice = None
>>> self.accumulate_image(gid, space_slice, my_feature,
>>>                       asset_dsize=asset_dsize,
>>>                       scale_asset_from_stitchspace=0.5)
>>> self.finalize_image(gid)
>>> # The new auxiliary image is now in our result dataset
>>> result_img = result_dataset.coco_image(gid)
>>> print(ub.urepr(result_img.img, nl=-1))
>>> assert 'df1' in result_img.channels
>>> im1 = result_img.imdelay('df1', space='video')
>>> im2 = result_img.imdelay(channels='df1', space='asset')
>>> assert im1.shape[0] == hidden.shape[0]
>>> assert im2.shape[0] == my_feature.shape[0]





Example

>>> from geowatch.tasks.fusion.coco_stitcher import *  # NOQA
>>> import geowatch
>>> dset = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, dates=True,
>>>                            multispectral=True)
>>> result_dataset = dset.copy()
>>> self = CocoStitchingManager(
>>>     result_dataset=result_dataset,
>>>     short_code='demofeat',
>>>     chan_code='df1|df2',
>>>     stiching_space='image')
>>> coco_img = result_dataset.images().coco_images[0]
>>> # Compute a feature in 0.5 image space for a subset of an image
>>> gid = coco_img.img['id']
>>> hidden = coco_img.imdelay(space='image').finalize().mean(axis=2)
>>> my_feature = kwimage.imresize(hidden, scale=0.5)
>>> asset_dsize = my_feature.shape[0:2][::-1]
>>> space_slice = None
>>> self.accumulate_image(gid, space_slice, my_feature,
>>>                       asset_dsize=asset_dsize,
>>>                       scale_asset_from_stitchspace=0.5)
>>> self.finalize_image(gid)
>>> # The new auxiliary image is now in our result dataset
>>> result_img = result_dataset.coco_image(gid)
>>> print(ub.urepr(result_img.img, nl=-1))
>>> assert 'df1' in result_img.channels
>>> im1 = result_img.imdelay('df1', space='image')
>>> im2 = result_img.imdelay(channels='df1', space='asset')
>>> assert im1.shape[0] == 600
>>> assert im2.shape[0] == 300






	
accumulate_image(gid, space_slice, data, asset_dsize=None, scale_asset_from_stitchspace=None, is_ready='auto', weights=None, downweight_edges=False, **kwargs)

	Stitches a result into the appropriate image stitcher.


	Parameters:

	
	gid (int) – the image id to stitch into


	space_slice (Tuple[slice, slice] | None) – the slice (in “output-space”) the data corresponds to.
if None, assumes this is for the entire image.


	data (ndarray | Tensor) – the feature or probability data


	asset_dsize (Tuple) – the w/h of outputspace
(i.e. the asset we will write)


	scale_asset_from_stitchspace (float | None) – the scale to the outspace from from the stitching (i.e.
image/video) space.


	is_ready (bool) – todo, fix this to work better









Note

Output space is asset space for the new asset we are building.
The actual stitcher holds data in outspace / assetspace.
May want to adjust termonology here.








	
static _stitcher_center_weighted_add(stitcher, asset_space_slice, data, weights=None, downweight_edges=False)

	TODO: refactor






	
managed_image_ids()

	Return all image ids that are being managed and may be completed or in
the process of stitching.


	Returns:

	image ids



	Return type:

	List[int [https://docs.python.org/3/library/functions.html#int]]










	
ready_image_ids()

	Returns all image-ids that are known to be ready to finalize.


	Returns:

	image ids



	Return type:

	List[int [https://docs.python.org/3/library/functions.html#int]]










	
submit_finalize_image(gid)

	Like finalize image, but submits the job to the manager’s writer queue,
which could be asynchronous.






	
flush_images()

	Allow the writer queue to finish finalizing any incomplete images
before allowing the process to procede.






	
property seen_image_ids

	




	
finalize_image(gid)

	Finalizes the stitcher for this image, deletes it, and adds
its hard and/or soft predictions to the CocoDataset.


	Parameters:

	gid (int) – the image-id to finalize














	
geowatch.tasks.fusion.coco_stitcher.quantize_image(imdata, old_min=None, old_max=None, quantize_dtype=<class 'numpy.int16'>)

	New version of quantize_float01


Todo


	[ ] How does this live relative to dequantize in delayed image?




It seems they should be tied somehow.




	Parameters:

	
	imdata (ndarray) – image data to quantize


	old_min (float | None) – a stanard floor for minimum values to make quantization consistent
across images. If unspecified chooses the minimum value in the
data.


	old_max (float | None) – a stanard ceiling for maximum values to make quantization
consistent across images. If unspecified chooses the maximum value
in the data.


	quantize_dtype (dtype) – which type of integer to quantize as






	Returns:

	Tuple[ndarray, Dict] - new data with encoding information






Note

Setting old_min / old_max indicates the possible extend of the input
data (and it will be clipped to it). It does not mean that the input
data has to have those min and max values, but it should be between
them.



Example

>>> from geowatch.tasks.fusion.coco_stitcher import *  # NOQA
>>> from delayed_image.helpers import dequantize
>>> # Test error when input is not nicely between 0 and 1
>>> imdata = (np.random.randn(32, 32, 3) - 1.) * 2.5
>>> quant1, quantization1 = quantize_image(imdata)
>>> recon1 = dequantize(quant1, quantization1)
>>> error1 = np.abs((recon1 - imdata)).sum()
>>> print('error1 = {!r}'.format(error1))
>>> #
>>> for i in range(1, 20):
>>>     print('i = {!r}'.format(i))
>>>     quant2, quantization2 = quantize_image(imdata, old_min=-i, old_max=i)
>>>     recon2 = dequantize(quant2, quantization2)
>>>     error2 = np.abs((recon2 - imdata)).sum()
>>>     print('error2 = {!r}'.format(error2))





Example

>>> # Test dequantize with uint8
>>> from geowatch.tasks.fusion.coco_stitcher import *  # NOQA
>>> from delayed_image.helpers import dequantize
>>> imdata = np.random.randn(32, 32, 3)
>>> quant1, quantization1 = quantize_image(imdata, quantize_dtype=np.uint8)
>>> recon1 = dequantize(quant1, quantization1)
>>> error1 = np.abs((recon1 - imdata)).sum()
>>> print('error1 = {!r}'.format(error1))





Example

>>> # Test quantization with different signed / unsigned combos
>>> from geowatch.tasks.fusion.coco_stitcher import *  # NOQA
>>> print(quantize_image(None, 0, 1, np.int16))
>>> print(quantize_image(None, 0, 1, np.int8))
>>> print(quantize_image(None, 0, 1, np.uint8))
>>> print(quantize_image(None, 0, 1, np.uint16))










	
geowatch.tasks.fusion.coco_stitcher.quantize_float01(imdata, old_min=0, old_max=1, quantize_dtype=<class 'numpy.int16'>)

	DEPRECATE IN FAVOR OF quantize_image


Note

Setting old_min / old_max indicates the possible extend of the input
data (and it will be clipped to it). It does not mean that the input
data has to have those min and max values, but it should be between
them.



Example

>>> from geowatch.tasks.fusion.coco_stitcher import *  # NOQA
>>> from delayed_image.helpers import dequantize
>>> # Test error when input is not nicely between 0 and 1
>>> imdata = (np.random.randn(32, 32, 3) - 1.) * 2.5
>>> quant1, quantization1 = quantize_float01(imdata, old_min=0, old_max=1)
>>> recon1 = dequantize(quant1, quantization1)
>>> error1 = np.abs((recon1 - imdata)).sum()
>>> print('error1 = {!r}'.format(error1))
>>> #
>>> for i in range(1, 20):
>>>     print('i = {!r}'.format(i))
>>>     quant2, quantization2 = quantize_float01(imdata, old_min=-i, old_max=i)
>>>     recon2 = dequantize(quant2, quantization2)
>>>     error2 = np.abs((recon2 - imdata)).sum()
>>>     print('error2 = {!r}'.format(error2))





Example

>>> # Test dequantize with uint8
>>> from geowatch.tasks.fusion.coco_stitcher import *  # NOQA
>>> from delayed_image.helpers import dequantize
>>> imdata = np.random.randn(32, 32, 3)
>>> quant1, quantization1 = quantize_float01(imdata, old_min=0, old_max=1,
>>>                                          quantize_dtype=np.uint8)
>>> recon1 = dequantize(quant1, quantization1)
>>> error1 = np.abs((recon1 - imdata)).sum()
>>> print('error1 = {!r}'.format(error1))





Example

>>> # Test quantization with different signed / unsigned combos
>>> from geowatch.tasks.fusion.coco_stitcher import *  # NOQA
>>> print(quantize_float01(None, 0, 1, np.int16))
>>> print(quantize_float01(None, 0, 1, np.int8))
>>> print(quantize_float01(None, 0, 1, np.uint8))
>>> print(quantize_float01(None, 0, 1, np.uint16))










	
geowatch.tasks.fusion.coco_stitcher.fix_slice(sl)

	




	
geowatch.tasks.fusion.coco_stitcher._fix_int(d)

	




	
geowatch.tasks.fusion.coco_stitcher._fix_slice(d)

	




	
geowatch.tasks.fusion.coco_stitcher._fix_slice_tup(sl)

	




	
geowatch.tasks.fusion.coco_stitcher._force_shape_agreement_by_cropping2d(data1, data2)

	I feel like I’ve written this before.


	Parameters:

	
	data1 (ndarray) – data with ndim >= 2, first two dims are height / width


	data2 (ndarray) – data with ndim >= 2, first two dims are height / width















            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.datamodules.batch_visualization module


	
class geowatch.tasks.fusion.datamodules.batch_visualization.BatchVisualizationBuilder(item, item_output=None, combinable_extra=None, max_channels=5, max_dim=224, norm_over_time=0, overlay_on_image=False, draw_weights=True, draw_truth=True, classes=None, default_combinable_channels=None, requested_tasks=None, rescale=1)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Helper object to build a batch visualization.

The basic logic is that we will build a column for each timestep and then
arrange them from left to right to show how the scene changes over time.
Each column will be made of “cells” which could show either the truth, a
prediction, loss weights, or raw input channels.

CommandLine

xdoctest -m geowatch.tasks.fusion.datamodules.batch_visualization BatchVisualizationBuilder





Example

>>> from geowatch.tasks.fusion.datamodules.batch_visualization import *  # NOQA
>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import KWCocoVideoDataset
>>> import geowatch
>>> coco_dset = geowatch.coerce_kwcoco('vidshapes2-geowatch', num_frames=5)
>>> channels = 'r|g|b,B10|B8a|B1|B8|B11,X.2|Y.2'
>>> combinable_extra = [['B10', 'B8', 'B8a']]  # special behavior
>>> # combinable_extra = None  # uncomment for raw behavior
>>> self = KWCocoVideoDataset(
>>>     coco_dset, time_dims=5, window_dims=(224, 256), channels=channels,
>>>     use_centered_positives=True, neg_to_pos_ratio=0)
>>> index = len(self) // 4
>>> item = self[index]
>>> item_output = BatchVisualizationBuilder.populate_demo_output(item, self.sampler.classes)
>>> #binprobs[0][:] = 0  # first change prob should be all zeros
>>> requested_tasks = self.requested_tasks
>>> builder = BatchVisualizationBuilder(
>>>     item, item_output, classes=self.classes, requested_tasks=requested_tasks,
>>>     default_combinable_channels=self.default_combinable_channels, combinable_extra=combinable_extra)
>>> #builder.overlay_on_image = 1
>>> #canvas = builder.build()
>>> builder.max_channels = 4
>>> builder.overlay_on_image = 0
>>> canvas2 = builder.build()
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> #kwplot.imshow(canvas, fnum=1, pnum=(1, 2, 1))
>>> #kwplot.imshow(canvas2, fnum=1, pnum=(1, 2, 2))
>>> kwplot.imshow(canvas2, fnum=1, doclf=True)
>>> kwplot.show_if_requested()
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Example

>>> from geowatch.tasks.fusion.datamodules.batch_visualization import *  # NOQA
>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import KWCocoVideoDataset
>>> import geowatch
>>> coco_dset = geowatch.coerce_kwcoco('vidshapes2-geowatch', num_frames=5)
>>> channels = 'r|g|b,B10|B8a|B1|B8|B11,X.2|Y.2'
>>> #coco_dset = geowatch.coerce_kwcoco('vidshapes2', num_frames=5)
>>> #channels = None
>>> combinable_extra = [['B10', 'B8', 'B8a']]  # special behavior
>>> # combinable_extra = None  # uncomment for raw behavior
>>> self = KWCocoVideoDataset(
>>>     coco_dset, time_dims=5, window_dims=(128, 165), channels=channels,
>>>     use_centered_positives=True, neg_to_pos_ratio=0, input_space_scale='native')
>>> index = len(self) // 4
>>> index = 0
>>> target = native_target = self.new_sample_grid['targets'][index].copy()
>>> #target['space_slice'] = (slice(224, 448), slice(224, 448))
>>> target['space_slice'] = (slice(196, 196 + 148), slice(32, 128))
>>> #target['space_slice'] = (slice(0, 196 + 148), slice(0, 128))
>>> target['gids'] = target['gids']
>>> #target['space_slice'] = (slice(16, 196 + 148), slice(16, 198))
>>> #target['space_slice'] = (slice(-70, 196 + 148), slice(-128, 128))
>>> native_target.pop('fliprot_params', None)
>>> native_target['allow_augment'] = 0
>>> native_item = self[native_target]
>>> # Resample the same item, but without native scale sampling for comparison
>>> rescaled_target = native_item['target'].copy()
>>> rescaled_target.pop('fliprot_params', None)
>>> rescaled_target['input_space_scale'] = 1
>>> rescaled_target['output_space_scale'] = 1
>>> rescaled_target['allow_augment'] = 0
>>> rescale = 0
>>> draw_weights = 1
>>> rescaled_item = self[rescaled_target]
>>> print(ub.urepr(self.summarize_item(native_item), nl=-1, sort=0))
>>> native_item_output = BatchVisualizationBuilder.populate_demo_output(native_item, self.sampler.classes, rng=0)
>>> rescaled_item_output = BatchVisualizationBuilder.populate_demo_output(rescaled_item, self.sampler.classes, rng=0)
>>> #rescaled_item_output = None
>>> #rescaled_item_output = None
>>> #binprobs[0][:] = 0  # first change prob should be all zeros
>>> requested_tasks = self.requested_tasks
>>> builder = BatchVisualizationBuilder(
>>>     native_item, native_item_output, classes=self.classes,
>>>     requested_tasks=requested_tasks,
>>>     default_combinable_channels=self.default_combinable_channels,
>>>     combinable_extra=combinable_extra, rescale=rescale, draw_weights=draw_weights)
>>> builder.max_channels = 4
>>> builder.overlay_on_image = 0
>>> native_canvas = builder.build()
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> plt = kwplot.autoplt()
>>> #kwplot.imshow(canvas, fnum=1, pnum=(1, 2, 1))
>>> #kwplot.imshow(canvas2, fnum=1, pnum=(1, 2, 2))
>>> kwplot.imshow(native_canvas, fnum=1, doclf=True, figtitle='Native Sampling')
>>> plt.gcf().tight_layout()
>>> ######
>>> # Resample the same item, but without native sampling for comparison
>>> print(ub.urepr(self.summarize_item(rescaled_item), nl=-1, sort=0))
>>> builder = BatchVisualizationBuilder(
>>>     rescaled_item, rescaled_item_output, classes=self.classes,
>>>     requested_tasks=requested_tasks,
>>>     default_combinable_channels=self.default_combinable_channels,
>>>     combinable_extra=combinable_extra, rescale=rescale, draw_weights=draw_weights)
>>> builder.max_channels = 4
>>> builder.overlay_on_image = 0
>>> rescaled_canvas = builder.build()
>>> kwplot.imshow(rescaled_canvas, fnum=2, doclf=True, figtitle='Rescaled Sampling')
>>> plt.gcf().tight_layout()
>>> ######
>>> from geowatch.tasks.fusion.datamodules.batch_visualization import _debug_sample_in_context
>>> _debug_sample_in_context(self, target)
>>> kwplot.show_if_requested()
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classmethod populate_demo_output(item, classes, rng=None)

	Make dummy output for a batch item for testing






	
build()

	




	
_prepare_frame_metadata()

	




	
_build_canvas(frame_metas)

	




	
_build_frame_header(frame_meta)

	Make the text header for each timestep (frame)






	
_build_frame_vertical_stack(frame_meta, truth_overlay_keys, weight_overlay_keys)

	Build a vertical stack for a single frame










	
geowatch.tasks.fusion.datamodules.batch_visualization._draw_overlay_item_by_itself(builder, overlay_info, resizekw)

	




	
geowatch.tasks.fusion.datamodules.batch_visualization._draw_row_item(row, builder, overlay_info, resizekw)

	




	
geowatch.tasks.fusion.datamodules.batch_visualization._debug_sample_in_context(self, target)

	Draw the sampled images in videospace and draw the sample box on top of it
so we can check to ensure the sampled data corresponds.

This would be a nice helper for ndsampler itself (or at least the dataset).






	
geowatch.tasks.fusion.datamodules.batch_visualization.colorize_weights(weights)

	Normally weights will range between 0 and 1, but in some cases they may
range higher.  We handle this by coloring the 0-1 range in grayscale and
the 1-infinity range in color

Example

>>> from geowatch.tasks.fusion.datamodules.batch_visualization import *  # NOQA
>>> import kwarray
>>> weights = kwimage.gaussian_patch((32, 32))
>>> weights = kwarray.normalize(weights)
>>> weights[:16, :16] *= 10
>>> weights[16:, :16] *= 100
>>> weights[16:, 16:] *= 1000
>>> weights[:16, 16:] *= 10000
>>> canvas = colorize_weights(weights)
>>> # xdoctest: +REQUIRES(--show)
>>> canvas = kwimage.imresize(canvas, dsize=(512, 512), interpolation='nearest').clip(0, 1)
>>> canvas = kwimage.draw_text_on_image(canvas, '0-10', org=(1, 1), border=True)
>>> canvas = kwimage.draw_text_on_image(canvas, '0-100', org=(256, 1), border=True)
>>> canvas = kwimage.draw_text_on_image(canvas, '0-1000', org=(256, 256), border=True)
>>> canvas = kwimage.draw_text_on_image(canvas, '0-10000', org=(1, 256), border=True)
>>> import kwplot
>>> import kwplot
>>> kwplot.plt.ion()
>>> kwplot.imshow(canvas)
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Example

>>> from geowatch.tasks.fusion.datamodules.batch_visualization import *  # NOQA
>>> import kwarray
>>> weights = kwimage.gaussian_patch((32, 32))
>>> n = 512
>>> weight_rows = [
>>>     np.linspace(0, 1, n),
>>>     np.linspace(0, 10, n),
>>>     np.linspace(0, 100, n),
>>>     np.linspace(0, 1000, n),
>>>     np.linspace(0, 2000, n),
>>>     np.linspace(0, 5000, n),
>>>     np.linspace(0, 8000, n),
>>>     np.linspace(0, 10000, n),
>>>     np.linspace(0, 100000, n),
>>>     np.linspace(0, 1000000, n),
>>> ]
>>> canvas = np.array([colorize_weights(row[None, :])[0] for row in weight_rows])
>>> # xdoctest: +REQUIRES(--show)
>>> canvas = kwimage.imresize(canvas, dsize=(512, 512), interpolation='nearest').clip(0, 1)
>>> p = int(512 / len(weight_rows))
>>> canvas = kwimage.draw_text_on_image(canvas, '0-1', org=(1, 1 + p * 0), border=True)
>>> canvas = kwimage.draw_text_on_image(canvas, '0-10', org=(1, 1 + p * 1), border=True)
>>> canvas = kwimage.draw_text_on_image(canvas, '0-100', org=(1, 1 + p * 2), border=True)
>>> canvas = kwimage.draw_text_on_image(canvas, '0-1000', org=(1, 1 + p * 3), border=True)
>>> canvas = kwimage.draw_text_on_image(canvas, '0-2000', org=(1, 1 + p * 4), border=True)
>>> canvas = kwimage.draw_text_on_image(canvas, '0-5000', org=(1, 1 + p * 5), border=True)
>>> canvas = kwimage.draw_text_on_image(canvas, '0-8000', org=(1, 1 + p * 6), border=True)
>>> canvas = kwimage.draw_text_on_image(canvas, '0-10000', org=(1, 1 + p * 7), border=True)
>>> canvas = kwimage.draw_text_on_image(canvas, '0-100000', org=(1, 1 + p * 8), border=True)
>>> canvas = kwimage.draw_text_on_image(canvas, '0-1000000', org=(1, 1 + p * 9), border=True)
>>> import kwplot
>>> import kwplot
>>> kwplot.plt.ion()
>>> kwplot.imshow(canvas)
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geowatch.tasks.fusion.datamodules.data_augment module

Data augmentation utilities


	
class geowatch.tasks.fusion.datamodules.data_augment.SpacetimeAugmentMixin

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
_expand_targets_time(n_time_expands)

	Increase the number of test-time targets by expanding them in time.






	
_expand_targets_fliprot(n_fliprot)

	Increase the number of test-time targets via flips






	
_augment_target_time(target_)

	Jitters the time sample in a target






	
_augment_spacetime_target(target_)

	Given a target dictionary, shift around the space and time slice












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.datamodules.data_utils module

I dont like the name of this file. I want to rename it, but it exists to keep
the size of the datamodule down for now.


	
geowatch.tasks.fusion.datamodules.data_utils.resolve_scale_request(request=None, data_gsd=None)

	Helper for handling user and machine specified spatial scale requests


	Parameters:

	
	request (None | float | str) – Indicate a relative or absolute requested scale.  If given as a
float, this is interpreted as a scale factor relative to the
underlying data.  If given as a string, it will accept the format
“{:f} *GSD” and resolve to an absolute GSD.  Defaults to 1.0.


	data_gsd (None | float) – if specified, this indicates the GSD of the underlying data.
(Only valid for geospatial data). TODO: is there a better
generalization?






	Returns:

	
	resolvedcontaining keys
	scale (float): the scale factor to obtain the requested
gsd (float | None): if data_gsd is given, this is the absolute


GSD of the request.












	Return type:

	Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Any]






Note

The returned scale is relative to the DATA. If you are resizing a
sampled image, then use it directly, but if you are adjusting a sample
WINDOW, then it needs to be used inversely.



Example

>>> from geowatch.tasks.fusion.datamodules.data_utils import *  # NOQA
>>> resolve_scale_request(1.0)
>>> resolve_scale_request('native')
>>> resolve_scale_request('10 GSD', data_gsd=10)
>>> resolve_scale_request('20 GSD', data_gsd=10)





Example

>>> from geowatch.tasks.fusion.datamodules.data_utils import *  # NOQA
>>> import ubelt as ub
>>> grid = list(ub.named_product({
>>>     'request': ['10GSD', '30GSD'],
>>>     'data_gsd': [10, 30],
>>> }))
>>> grid += list(ub.named_product({
>>>     'request': [None, 1.0, 2.0, 0.25, 'native'],
>>>     'data_gsd': [None, 10, 30],
>>> }))
>>> for kwargs in grid:
>>>     print('kwargs = {}'.format(ub.urepr(kwargs, nl=0)))
>>>     resolved = resolve_scale_request(**kwargs)
>>>     print('resolved = {}'.format(ub.urepr(resolved, nl=0)))
>>>     print('---')










	
geowatch.tasks.fusion.datamodules.data_utils.polygon_distance_transform(poly, shape, dtype)

	Example

import cv2
import kwimage
poly = kwimage.Polygon.random().scale(32)
poly_mask = np.zeros((32, 32), dtype=np.uint8)
poly_mask = poly.fill(poly_mask, value=1)
dist = cv2.distanceTransform(poly_mask, cv2.DIST_L2, 3)
###
import kwplot
kwplot.autompl()
kwplot.imshow(dist, cmap=’viridis’, doclf=1)
poly.draw(fill=0, border=1)






	
geowatch.tasks.fusion.datamodules.data_utils.abslog_scaling(arr)

	




	
geowatch.tasks.fusion.datamodules.data_utils.fliprot(img, rot_k=0, flip_axis=None, axes=(0, 1))

	
	Parameters:

	
	img (ndarray) – H, W, C


	rot_k (int) – number of ccw rotations


	flip_axis (Tuple[int, …]) – either [], [0], [1], or [0, 1].
0 is the y axis and 1 is the x axis.


	axes (Typle[int, int]) – the location of the y and x axes








Example

>>> img = np.arange(16).reshape(4, 4)
>>> unique_fliprots = [
>>>     {'rot_k': 0, 'flip_axis': None},
>>>     {'rot_k': 0, 'flip_axis': (0,)},
>>>     {'rot_k': 1, 'flip_axis': None},
>>>     {'rot_k': 1, 'flip_axis': (0,)},
>>>     {'rot_k': 2, 'flip_axis': None},
>>>     {'rot_k': 2, 'flip_axis': (0,)},
>>>     {'rot_k': 3, 'flip_axis': None},
>>>     {'rot_k': 3, 'flip_axis': (0,)},
>>> ]
>>> for params in unique_fliprots:
>>>     img_fw = fliprot(img, **params)
>>>     img_inv = inv_fliprot(img_fw, **params)
>>>     assert np.all(img == img_inv)










	
geowatch.tasks.fusion.datamodules.data_utils.fliprot_annot(annot, rot_k, flip_axis=None, axes=(0, 1), canvas_dsize=None)

	




	
geowatch.tasks.fusion.datamodules.data_utils.inv_fliprot_annot(annot, rot_k, flip_axis=None, axes=(0, 1), canvas_dsize=None)

	




	
geowatch.tasks.fusion.datamodules.data_utils.inv_fliprot(img, rot_k=0, flip_axis=None, axes=(0, 1))

	Undo a fliprot


	Parameters:

	img (ndarray) – H, W, C










	
geowatch.tasks.fusion.datamodules.data_utils._string_to_hashvec(key)

	Transform a string into a 16D float32 uniformly distributed random Tensor
based on the hash of the string.






	
geowatch.tasks.fusion.datamodules.data_utils._boxes_snap_to_edges(given_box, snap_target)

	




	
class geowatch.tasks.fusion.datamodules.data_utils.NestedPool(pools, rng=None)

	Bases: list [https://docs.python.org/3/library/stdtypes.html#list]

Manages a sampling from a tree of indexes (represented as nested lists).

Helps with balancing samples over multiple criteria

Example

>>> from geowatch.tasks.fusion.datamodules.data_utils import NestedPool
>>> # Lets say that you have a grid of sample locations with information
>>> # about them - say a source region and what category they contain.
>>> # In this case region1 occurs more often than region2 and there is
>>> # a rare category that only appears twice.
>>> sample_grid = [
>>>     {'region': 'region1', 'category': 'background'},
>>>     {'region': 'region1', 'category': 'rare'},
>>>     {'region': 'region1', 'category': 'background'},
>>>     {'region': 'region1', 'category': 'background'},
>>>     {'region': 'region1', 'category': 'background'},
>>>     {'region': 'region1', 'category': 'background'},
>>>     {'region': 'region1', 'category': 'background'},
>>>     {'region': 'region1', 'category': 'background'},
>>>     {'region': 'region1', 'category': 'background'},
>>>     {'region': 'region2', 'category': 'background'},
>>>     {'region': 'region2', 'category': 'background'},
>>>     {'region': 'region2', 'category': 'rare'},
>>> ]
>>> #
>>> # First we can just create a flat uniform sampling grid
>>> # And inspect the imbalance that causes.
>>> sample_idxs = list(range(len(sample_grid)))
>>> self = NestedPool(sample_idxs)
>>> print(f'self={self}')
>>> sampled = list(self._sample_many(100, sample_grid))
>>> hist0 = ub.dict_hist([(g['region'], g['category']) for g in sampled])
>>> print('hist0 = {}'.format(ub.urepr(hist0, nl=1)))
>>> #
>>> # We can subdivide the indexes based on region to improve balance.
>>> self.subdivide([g['region'] for g in sample_grid])
>>> print(f'self={self}')
>>> sampled = list(self._sample_many(100, sample_grid))
>>> hist1 = ub.dict_hist([(g['region'], g['category']) for g in sampled])
>>> print('hist1 = {}'.format(ub.urepr(hist1, nl=1)))
>>> #
>>> # We can further subdivide by category.
>>> self.subdivide([g['category'] for g in sample_grid])
>>> print(f'self={self}')
>>> sampled = list(self._sample_many(100, sample_grid))
>>> hist2 = ub.dict_hist([(g['region'], g['category']) for g in sampled])
>>> print('hist2 = {}'.format(ub.urepr(hist2, nl=1)))





Example

>>> from geowatch.tasks.fusion.datamodules.data_utils import *  # NOQA
>>> nested1 = NestedPool([[[1], [2, 3], [4, 5, 6], [7, 8, 9, 0]], [[11, 12, 13]]])
>>> list(nested1.leafs())





>>> print({nested1.sample() for i in range(100)})
>>> nested2 = NestedPool([[101], [102, 103], [104, 105, 106], [107, 8, 9, 0]])
>>> print({nested2.sample() for i in range(100)})
>>> nested3 = NestedPool([nested1, nested2, [4, 59, 9, [], []]])
>>> print({nested3.sample() for i in range(100)})
>>> print(ub.urepr(ub.dict_hist(nested3.sample() for i in range(100))))






	
_sample_many(num, items)

	




	
subdivide(items, key=None)

	
	Parameters:

	
	items (List) – a list of items that the indexes index into.
If these are not the attributes to split nodes on, then
key must be specified:


	key (None | Callable) – if specified, for each items[i] found transform it into
the group-id based on key(items[i]).













	
leafs()

	Iterate over the deepest index lists in this pool.






	
sample()

	








	
geowatch.tasks.fusion.datamodules.data_utils.samecolor_nodata_mask(stream, hwc, relevant_bands, use_regions=0, samecolor_values=None)

	Find a 2D mask that indicates what values should be set to nan.
This is typically done by finding clusters of zeros in specific bands.

Example

>>> from geowatch.tasks.fusion.datamodules.data_utils import *  # NOQA
>>> import kwcoco
>>> import kwarray
>>> stream = kwcoco.FusedChannelSpec.coerce('foo|red|green|bar')
>>> stream_oset = ub.oset(stream)
>>> relevant_bands = ['red', 'green']
>>> relevant_band_idxs = [stream_oset.index(b) for b in relevant_bands]
>>> rng = kwarray.ensure_rng(0)
>>> hwc = (rng.rand(32, 32, stream.numel()) * 3).astype(int)
>>> use_regions = 0
>>> samecolor_values = {0}
>>> samecolor_mask = samecolor_nodata_mask(
>>>     stream, hwc, relevant_bands, use_regions=use_regions,
>>>     samecolor_values=samecolor_values)
>>> assert samecolor_mask.sum() == (hwc[..., relevant_band_idxs] == 0).any(axis=2).sum()










	
class geowatch.tasks.fusion.datamodules.data_utils.MultiscaleMask

	Bases: object [https://docs.python.org/3/library/functions.html#object]

A helper class to build up a mask indicating what pixels are unobservable
based on data from different resolution.

Example

>>> from geowatch.tasks.fusion.datamodules.data_utils import *  # NOQA
>>> image = kwimage.grab_test_image()
>>> image = kwimage.ensure_float01(image)
>>> rng = kwarray.ensure_rng(1)
>>> mask1 = kwimage.Mask.random(shape=(12, 12), rng=rng).data
>>> mask2 = kwimage.Mask.random(shape=(32, 32), rng=rng).data
>>> mask3 = kwimage.Mask.random(shape=(16, 16), rng=rng).data
>>> omask = MultiscaleMask()
>>> omask.update(mask1)
>>> omask.update(mask2)
>>> omask.update(mask3)
>>> masked_image = omask.apply(image, np.nan)
>>> masked_image = kwimage.fill_nans_with_checkers(masked_image, on_value=0.3)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> inputs = kwimage.stack_images(
>>>     [kwimage.atleast_3channels(m * 255) for m in [mask1, mask2, mask3]],
>>>     pad=2, bg_value='kw_green', axis=1)
>>> kwplot.imshow(inputs, pnum=(1, 3, 1), title='input masks')
>>> kwplot.imshow(omask.mask, pnum=(1, 3, 2), title='final mask')
>>> kwplot.imshow(masked_image, pnum=(1, 3, 3), title='masked image')
>>> #kwplot.set_figtitle
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update(mask)

	Expand the observable mask to the larger data and take the logical or
of the resized masks.






	
apply(image, value)

	Set the locations in image that correspond to this mask to
value.






	
property masked_fraction

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.datamodules.kwcoco_datamodule module

Defines a lightning DataModule for kwcoco video data.

The parameters to each are handled by scriptconfig objects, which prevents us
from needing to specify what the available options are in multiple places.


	
class geowatch.tasks.fusion.datamodules.kwcoco_datamodule.KWCocoVideoDataModuleConfig(*args, **kwargs)

	Bases: KWCocoVideoDatasetConfig

These are the argument accepted by the KWCocoDataModule.

The scriptconfig class is not used directly as it normally would be here.
Instead we use it as a convinience to minimize lightning boilerplate later
when it constructs its own argparse object, and for handling arguments
passed directly to the KWCocoDataModule

In the future this might be convertable to, or handled by omegaconfig

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'absolute_weighting': <Value(False)>, 'augment_space_rot': <Value(True)>, 'augment_space_shift_rate': <Value(0.9)>, 'augment_space_xflip': <Value(True)>, 'augment_space_yflip': <Value(True)>, 'augment_time_resample_rate': <Value(0.8)>, 'balance_areas': <Value(False)>, 'batch_size': <Value(4)>, 'channel_dropout': <Value(0.0)>, 'channel_dropout_rate': <Value(0.0)>, 'channels': <Value(None)>, 'chip_dims': <Value(128)>, 'chip_overlap': <Value(0.0)>, 'dist_weights': <Value(0)>, 'downweight_nan_regions': <Value(True)>, 'exclude_sensors': <Value(None)>, 'failed_sample_policy': <Value('warn')>, 'fixed_resolution': <Value(None)>, 'force_bad_frames': <Value(False)>, 'ignore_dilate': <Value(0)>, 'include_sensors': <Value(None)>, 'input_space_scale': <Value(None)>, 'mask_low_quality': <Value(False)>, 'mask_nan_bands': <Value('')>, 'mask_samecolor_bands': <Value('red')>, 'mask_samecolor_method': <Value(None)>, 'mask_samecolor_values': <Value(0)>, 'max_epoch_length': <Value(None)>, 'min_spacetime_weight': <Value(0.9)>, 'modality_dropout': <Value(0.0)>, 'modality_dropout_rate': <Value(0.0)>, 'neg_to_pos_ratio': <Value(1.0)>, 'normalize_inputs': <Value(True)>, 'normalize_perframe': <Value(False)>, 'normalize_peritem': <Value(None)>, 'num_workers': <Value(4)>, 'observable_threshold': <Value(0.0)>, 'output_space_scale': <Value(None)>, 'prenormalize_inputs': <Value(None)>, 'quality_threshold': <Value(0.0)>, 'request_rlimit_nofile': <Value('auto')>, 'resample_invalid_frames': <Value(3)>, 'reseed_fit_random_generators': <Value(True)>, 'sampler_backend': <Value(None)>, 'sampler_workdir': <Value(None)>, 'sampler_workers': <Value('avail/2')>, 'select_images': <Value(None)>, 'select_videos': <Value(None)>, 'set_cover_algo': <Value(None)>, 'sqlview': <Value(False)>, 'temporal_dropout': <Value(0.0)>, 'temporal_dropout_rate': <Value(1.0)>, 'test_dataset': <Value(None)>, 'test_with_annot_info': <Value(False)>, 'time_kernel': <Value(None)>, 'time_sampling': <Value('contiguous')>, 'time_span': <Value(None)>, 'time_steps': <Value(2)>, 'torch_sharing_strategy': <Value('default')>, 'torch_start_method': <Value('default')>, 'train_dataset': <Value(None)>, 'upweight_centers': <Value(True)>, 'upweight_time': <Value(None)>, 'use_centered_positives': <Value(False)>, 'use_cloudmask': <Value(None)>, 'use_grid_cache': <Value(True)>, 'use_grid_negatives': <Value(True)>, 'use_grid_positives': <Value(True)>, 'use_grid_valid_regions': <Value(True)>, 'vali_dataset': <Value(None)>, 'weight_dilate': <Value(0)>, 'window_space_scale': <Value(None)>}

	








	
class geowatch.tasks.fusion.datamodules.kwcoco_datamodule.KWCocoVideoDataModule(verbose=1, **kwargs)

	Bases: LightningDataModule

Prepare the kwcoco dataset as torch video datamodules

Example

>>> # Demo of the data module on auto-generated toy data
>>> from geowatch.tasks.fusion.datamodules.kwcoco_datamodule import *  # NOQA
>>> import geowatch
>>> import kwcoco
>>> coco_dset = geowatch.coerce_kwcoco('vidshapes8-geowatch')
>>> channels = None
>>> batch_size = 1
>>> time_steps = 3
>>> chip_size = 416
>>> self = KWCocoVideoDataModule(
>>>     train_dataset=coco_dset,
>>>     test_dataset=None,
>>>     batch_size=batch_size,
>>>     normalize_inputs=8,
>>>     channels=channels,
>>>     num_workers=0,
>>>     time_steps=time_steps,
>>>     chip_size=chip_size,
>>>     neg_to_pos_ratio=0,
>>> )
>>> self.setup('fit')
>>> dl = self.train_dataloader()
>>> dataset = dl.dataset
>>> batch = next(iter(dl))
>>> batch = [dl.dataset[0]]
>>> # Visualize
>>> canvas = self.draw_batch(batch)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()
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Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> # Run the following tests on real geowatch data if DVC is available
>>> from geowatch.tasks.fusion.datamodules.kwcoco_datamodule import *  # NOQA
>>> import geowatch
>>> import kwcoco
>>> dvc_dpath = geowatch.find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'Drop2-Aligned-TA1-2022-02-15/combo_ILM.kwcoco.json'
>>> #coco_fpath = dvc_dpath / 'Aligned-Drop2-TA1-2022-03-07/combo_DILM.kwcoco.json'
>>> #coco_fpath = dvc_dpath / 'Drop2-Aligned-TA1-2022-02-15/combo_DILM.kwcoco.json'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> images = dset.images()
>>> train_dataset = dset
>>> #sub_images = dset.videos(names=['KR_R002']).images[0]
>>> #train_dataset = dset.subset(sub_images.lookup('id'))
>>> test_dataset = None
>>> img = ub.peek(train_dataset.imgs.values())
>>> chan_info = kwcoco_extensions.coco_channel_stats(dset)
>>> #channels = chan_info['common_channels']
>>> channels = 'blue|green|red|nir|swir16|swir22,forest|bare_ground,matseg_0|matseg_1|matseg_2,invariants.0:3,cloudmask'
>>> #channels = 'blue|green|red|depth'
>>> #chan_spec = kwcoco.channel_spec.FusedChannelSpec.coerce(channels)
>>> #channels = None
>>> #
>>> batch_size = 1
>>> time_steps = 8
>>> chip_size = 512
>>> datamodule = KWCocoVideoDataModule(
>>>     train_dataset=train_dataset,
>>>     test_dataset=test_dataset,
>>>     batch_size=batch_size,
>>>     channels=channels,
>>>     num_workers=0,
>>>     normalize_inputs=8,
>>>     time_steps=time_steps,
>>>     chip_size=chip_size,
>>>     neg_to_pos_ratio=0,
>>>     min_spacetime_weight=0.5,
>>> )
>>> datamodule.setup('fit')
>>> dl = datamodule.train_dataloader()
>>> dataset = dl.dataset
>>> dataset.requested_tasks['change'] = False
>>> dataset.disable_augmenter = True
>>> target = 0
>>> item, *_ = batch = [dataset[target]]
>>> #item, *_ = batch = next(iter(dl))
>>> # Visualize
>>> canvas = datamodule.draw_batch(batch)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas, doclf=1)
>>> kwplot.show_if_requested()





Example

>>> # xdoctest: +SKIP
>>> # NOTE: I DONT KNOW WHY THIS IS FAILING ON CI AT THE MOMENT. FIXME!
>>> # Run the data module on coco demo datamodules for the CI
>>> from geowatch.tasks.fusion.datamodules.kwcoco_datamodule import *  # NOQA
>>> import kwcoco
>>> train_dataset = kwcoco.CocoDataset.demo('vidshapes2-multispectral', num_frames=5)
>>> test_dataset = kwcoco.CocoDataset.demo('vidshapes1-multispectral', num_frames=5)
>>> channels = '|'.join([aux['channels'] for aux in train_dataset.imgs[1]['auxiliary']])
>>> chan_spec = kwcoco.channel_spec.FusedChannelSpec.coerce(channels)
>>> #
>>> batch_size = 2
>>> time_steps = 3
>>> chip_size = 128
>>> channels = channels
>>> self = KWCocoVideoDataModule(
>>>     train_dataset=train_dataset,
>>>     test_dataset=test_dataset,
>>>     batch_size=batch_size,
>>>     channels=channels,
>>>     num_workers=0,
>>>     time_steps=time_steps,
>>>     chip_size=chip_size,
>>>     normalize_inputs=True,
>>> )
>>> self.setup('fit')
>>> dl = self.train_dataloader()
>>> item, *_ = batch = next(iter(dl))
>>> expect_shape = (batch_size, time_steps, len(chan_spec), chip_size, chip_size)
>>> assert len(batch) == batch_size
>>> for item in batch:
...     assert len(item['frames']) == time_steps
...     for mode_key, mode_val in item['frames'][0]['modes'].items():
...         assert mode_val.shape[1:3] == (chip_size, chip_size)





For details on accepted arguments see KWCocoVideoDataModuleConfig


	
setup(stage)

	




	
property train_dataset

	




	
property test_dataset

	




	
property vali_dataset

	




	
_make_dataloader(stage, shuffle=False)

	If the stage doesn’t exist, resturns None.


	Returns:

	torch.utils.data.DataLoader | None










	
_notify_about_tasks(requested_tasks=None, model=None)

	Hacky method. Given the multimodal model, tell all the datasets which
tasks they will need to generate data for. (This helps make the
visualizations cleaner).






	
classmethod add_argparse_args(parent_parser)

	Previously the arguments were in multiple places including here.  This
has been updated to use the KWCocoVideoDataModuleConfig as the
single point where arguments are defined. The functionality of this
method is roughly the same as it used to be given that scriptconfig
objects can be transformed into argparse objects.

CommandLine

xdoctest -m /home/joncrall/code/watch/geowatch/tasks/fusion/datamodules/kwcoco_datamodule.py add_argparse_args





Example

>>> from geowatch.tasks.fusion.datamodules.kwcoco_datamodule import *  # NOQA
>>> cls = KWCocoVideoDataModule
>>> # TODO: make use of geowatch.utils.lightning_ext import argparse_ext
>>> import argparse
>>> parent_parser = argparse.ArgumentParser()
>>> cls.add_argparse_args(parent_parser)
>>> parent_parser.print_help()
>>> args, _ = parent_parser.parse_known_args(['--use_grid_positives=True'])
>>> assert args.use_grid_positives
>>> args, _ = parent_parser.parse_known_args(['--use_grid_positives=False'])
>>> assert not args.use_grid_positives
>>> args, _ = parent_parser.parse_known_args(['--exclude_sensors=l8,f3'])
>>> assert args.exclude_sensors == 'l8,f3'
>>> args, _ = parent_parser.parse_known_args(['--exclude_sensors=l8'])
>>> assert args.exclude_sensors == 'l8'










	
classmethod compatible(cfgdict)

	Given keyword arguments, find the subset that is compatible with this
constructor. This is somewhat hacked because of usage of scriptconfig,
but could be made nicer by future updates.






	
draw_batch(batch, stage='train', outputs=None, max_items=2, overlay_on_image=False, classes=None, **kwargs)

	Visualize a batch produced by a KWCocoVideoDataset.


	Parameters:

	
	batch (Dict[str, List[Tensor]]) – dictionary of uncollated lists of Dataset Items
change: [ [T-1, H, W] in [0, 1] forall examples ]
saliency: [ [T, H, W, 2] in [0, 1] forall examples ]
class: [ [T, H, W, 10] in [0, 1] forall examples ]


	outputs (Dict[str, Tensor]) – maybe-collated list of network outputs?


	max_items (int) – Maximum number of items within this batch to draw in a single
figure. Defaults to 2.


	overlay_on_image (bool) – if True overlay annotations on image data for a more compact
view. if False separate annotations / images for a less
cluttered view.








Example

>>> from geowatch.tasks.fusion.datamodules.kwcoco_datamodule import *  # NOQA
>>> from geowatch.tasks.fusion import datamodules
>>> self = datamodules.KWCocoVideoDataModule(
>>>     train_dataset='special:vidshapes8-multispectral', channels='auto', num_workers=0)
>>> self.setup('fit')
>>> loader = self.train_dataloader()
>>> batch = next(iter(loader))
>>> item = batch[0]
>>> # Visualize
>>> B = len(batch)
>>> C, H, W = ub.peek(item['frames'][0]['modes'].values()).shape
>>> T = len(item['frames'])
>>> import torch
>>> outputs = {'change_probs': [torch.rand(T - 1, H, W) for _ in range(B)]}
>>> outputs.update({'class_probs': [torch.rand(T, H, W, 10) for _ in range(B)]})
>>> stage = 'train'
>>> canvas = self.draw_batch(batch, stage=stage, outputs=outputs)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()
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>>> # xdoctest: +REQUIRES(--slow)
>>> from geowatch.tasks.fusion.datamodules.kwcoco_datamodule import *  # NOQA
>>> from geowatch.tasks.fusion import datamodules
>>> import geowatch
>>> train_dataset = geowatch.demo.demo_kwcoco_multisensor()
>>> self = datamodules.KWCocoVideoDataModule(
>>>     train_dataset=train_dataset, chip_size=256, time_steps=5, num_workers=0, batch_size=3)
>>> self.setup('fit')
>>> loader = self.train_dataloader()
>>> batch_iter = iter(loader)
>>> batch = next(batch_iter)
>>> batch[1] = None  # simulate a dropped batch item
>>> batch[0] = None  # simulate a dropped batch item
>>> #item = batch[0]
>>> # Visualize
>>> B = len(batch)
>>> outputs = {'change_probs': [], 'class_probs': [], 'saliency_probs': []}
>>> # Add dummy outputs
>>> import torch
>>> for item in batch:
>>>     if item is None:
>>>         [v.append([None]) for v in outputs.values()]
>>>     else:
>>>         [v.append([]) for v in outputs.values()]
>>>         for frame_idx, frame in enumerate(item['frames']):
>>>             H, W = frame['class_idxs'].shape
>>>             if frame_idx > 0:
>>>                 outputs['change_probs'][-1].append(torch.rand(H, W))
>>>             outputs['class_probs'][-1].append(torch.rand(H, W, 10))
>>>             outputs['saliency_probs'][-1].append(torch.rand(H, W, 2))
>>> from geowatch.utils import util_nesting
>>> print(ub.urepr(util_nesting.shape_summary(outputs), nl=1, sort=0))
>>> stage = 'train'
>>> canvas = self.draw_batch(batch, stage=stage, outputs=outputs, max_items=4)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()





Example

>>> from geowatch.tasks.fusion.datamodules.kwcoco_datamodule import *  # NOQA
>>> from geowatch.tasks.fusion import datamodules
>>> self = datamodules.KWCocoVideoDataModule(
>>>     batch_size = 3,
>>>     train_dataset='special:vidshapes8-multispectral', channels='auto', num_workers=0)
>>> self.setup('fit')
>>> loader = self.train_dataloader()
>>> batch = next(iter(loader))
>>> batch[1] = None
>>> item = batch[0]
>>> # Visualize
>>> B = len(batch)
>>> C, H, W = ub.peek(item['frames'][0]['modes'].values()).shape
>>> T = len(item['frames'])
>>> import torch
>>> outputs = {'change_probs': [torch.rand(T - 1, H, W) for _ in range(B)]}
>>> outputs.update({'class_probs': [torch.rand(T, H, W, 10) for _ in range(B)]})
>>> stage = 'train'
>>> canvas = self.draw_batch(batch, stage=stage, outputs=outputs)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()
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geowatch.tasks.fusion.datamodules.kwcoco_dataset module

Defines a torch Dataset for kwcoco video data.

The parameters to each are handled by scriptconfig objects, which prevents us
from needing to specify what the available options are in multiple places.

# import liberator
# lib = liberator.Liberator()
# lib.add_dynamic(KWCocoVideoDataset)
# lib.expand([‘geowatch’])
# print(lib.current_sourcecode())


	For notes on Spaces, see
	~/code/geowatch/docs/development/coding_conventions.rst





CommandLine

xdoctest -m geowatch.tasks.fusion.datamodules.kwcoco_dataset __doc__:0 --show
xdoctest -m geowatch.tasks.fusion.datamodules.kwcoco_dataset __doc__:1 --show





Example

>>> # Demo toy data without augmentation
>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA
>>> import kwcoco
>>> coco_dset = kwcoco.CocoDataset.demo('vidshapes2-multispectral', num_frames=10)
>>> channels = 'B10,B8a|B1,B8'
>>> self = KWCocoVideoDataset(coco_dset, time_dims=4, window_dims=(300, 300),
>>>                           channels=channels,
>>>                           input_space_scale='native',
>>>                           output_space_scale=None,
>>>                           window_space_scale=1.2,
>>>                           augment_space_shift_rate=0.5,
>>>                           use_grid_negatives=False,
>>>                           use_grid_positives=False,
>>>                           use_centered_positives=True,
>>>                           absolute_weighting=True,
>>>                           time_sampling='uniform',
>>>                           time_kernel='-1year,0,1month,1year',
>>>                           modality_dropout=0.5,
>>>                           channel_dropout=0.5,
>>>                           temporal_dropout=0.7,
>>>                           temporal_dropout_rate=1.0)
>>> # Add weights to annots
>>> annots = self.sampler.dset.annots()
>>> annots.set('weight', 2 + np.random.rand(len(annots)) * 10)
>>> self.disable_augmenter = False
>>> index = self.new_sample_grid['targets'][self.new_sample_grid['positives_indexes'][3]]
>>> item = self[index]
>>> summary = self.summarize_item(item)
>>> print('item summary: ' + ub.urepr(summary, nl=3))
>>> canvas = self.draw_item(item, overlay_on_image=0, rescale=0, max_dim=1024)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()
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Example

>>> # Demo toy data with augmentation
>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA
>>> import kwcoco
>>> coco_dset = kwcoco.CocoDataset.demo('vidshapes2-multispectral', num_frames=10)
>>> channels = 'B10,B8a|B1,B8'
>>> self = KWCocoVideoDataset(coco_dset, time_dims=3, window_dims=(300, 300),
>>>                           channels=channels,
>>>                           input_space_scale='native',
>>>                           output_space_scale=None,
>>>                           window_space_scale=1.2,
>>>                           time_sampling='soft2+distribute',
>>>                           time_kernel='-1y,0,1y',
>>>                           modality_dropout=0.5,
>>>                           temporal_dropout=0.5)
>>> assert not self.disable_augmenter
>>> index = self.new_sample_grid['targets'][self.new_sample_grid['positives_indexes'][3]]
>>> item = self[index]
>>> assert item['target']['allow_augment']
>>> print('item summary: ' + ub.urepr(self.summarize_item(item), nl=3))
>>> canvas = self.draw_item(item, overlay_on_image=0, rescale=0)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()
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Known Issues


	[ ] FIXME: sensorchan codes should exclude non-specified sensors immediately before temporal sampling. Currently temporal sampling is given everything. E.g. (L8,S2):red|green|blue should not allow WV to be included in sampling.






	
class geowatch.tasks.fusion.datamodules.kwcoco_dataset.KWCocoVideoDatasetConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

This is the configuration for a single dataset that could be used for
train, test, or validation.

In the future this might be convertable to, or handled by omegaconfig

The core spacetime parameters are:



	window_space_scale


	input_space_scale


	output_space_scale


	time_steps


	time_sampling


	chip_dims / window_space_dims







Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'absolute_weighting': <Value(False)>, 'augment_space_rot': <Value(True)>, 'augment_space_shift_rate': <Value(0.9)>, 'augment_space_xflip': <Value(True)>, 'augment_space_yflip': <Value(True)>, 'augment_time_resample_rate': <Value(0.8)>, 'balance_areas': <Value(False)>, 'channel_dropout': <Value(0.0)>, 'channel_dropout_rate': <Value(0.0)>, 'channels': <Value(None)>, 'chip_dims': <Value(128)>, 'chip_overlap': <Value(0.0)>, 'dist_weights': <Value(0)>, 'downweight_nan_regions': <Value(True)>, 'exclude_sensors': <Value(None)>, 'failed_sample_policy': <Value('warn')>, 'fixed_resolution': <Value(None)>, 'force_bad_frames': <Value(False)>, 'ignore_dilate': <Value(0)>, 'include_sensors': <Value(None)>, 'input_space_scale': <Value(None)>, 'mask_low_quality': <Value(False)>, 'mask_nan_bands': <Value('')>, 'mask_samecolor_bands': <Value('red')>, 'mask_samecolor_method': <Value(None)>, 'mask_samecolor_values': <Value(0)>, 'max_epoch_length': <Value(None)>, 'min_spacetime_weight': <Value(0.9)>, 'modality_dropout': <Value(0.0)>, 'modality_dropout_rate': <Value(0.0)>, 'neg_to_pos_ratio': <Value(1.0)>, 'normalize_perframe': <Value(False)>, 'normalize_peritem': <Value(None)>, 'observable_threshold': <Value(0.0)>, 'output_space_scale': <Value(None)>, 'prenormalize_inputs': <Value(None)>, 'quality_threshold': <Value(0.0)>, 'resample_invalid_frames': <Value(3)>, 'reseed_fit_random_generators': <Value(True)>, 'sampler_backend': <Value(None)>, 'sampler_workdir': <Value(None)>, 'sampler_workers': <Value('avail/2')>, 'select_images': <Value(None)>, 'select_videos': <Value(None)>, 'set_cover_algo': <Value(None)>, 'temporal_dropout': <Value(0.0)>, 'temporal_dropout_rate': <Value(1.0)>, 'time_kernel': <Value(None)>, 'time_sampling': <Value('contiguous')>, 'time_span': <Value(None)>, 'time_steps': <Value(2)>, 'upweight_centers': <Value(True)>, 'upweight_time': <Value(None)>, 'use_centered_positives': <Value(False)>, 'use_cloudmask': <Value(None)>, 'use_grid_cache': <Value(True)>, 'use_grid_negatives': <Value(True)>, 'use_grid_positives': <Value(True)>, 'use_grid_valid_regions': <Value(True)>, 'weight_dilate': <Value(0)>, 'window_space_scale': <Value(None)>}

	




	
normalize()

	








	
class geowatch.tasks.fusion.datamodules.kwcoco_dataset.TruthMixin

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Methods related to drawing truth rasters / training objectives


	
_prepare_truth_info(final_gids, gid_to_sample, num_frames, target, target_)

	Helper used to construct information about the truth before we start
constructing the frames. This handles contextual relabeling of classes
(i.e. if all frames show post construction relabel it as background).






	
_populate_frame_labels(frame_item, gid, output_dsize, time_idx, mode_to_invalid_mask, resolution_info, truth_info, meta_info)

	Enrich a frame_item with rasterized truth-labels.

No return value frame_item is modified inplace.

Helper function to populate truth labels for a frame in a video
sequence. This was factored out of the original getitem, and
could use work to reduce the number of input params.










	
class geowatch.tasks.fusion.datamodules.kwcoco_dataset.GetItemMixin

	Bases: TruthMixin

This mixin defines what is needed for the getitem method.


	
_prepare_meta_info(num_frames)

	




	
_build_frame_items(final_gids, gid_to_sample, truth_info, meta_info, resolution_info)

	
	Returns:

	A dictionary for each frame containing metadata, input tensors,
and (optionally) truth tensors for the frame.



	Return type:

	List[Dict]










	
_build_generic_frame_weights(output_dsize, mode_to_invalid_mask, meta_info, time_idx)

	




	
_populate_positional_information(frame_items)

	Enrich each frame with information the model can use to build its
positional encodings. It currently returns these, but it shouldn’t


	Parameters:

	frame_items (List[Dict])






Note

There is a part of this where we actually compute a sinusoidal
positional encoding, but that should be part of the model, not the
dataset.

The dataset can provide metadata to tell the model what it can use
to build positional encodings, but it should never tell it how to
use them!








	
_coerce_target(index)

	Returns a target dictionary given an index or an explicit target dictionary






	
_sample_one_frame(gid, sampler, coco_dset, target_, with_annots, gid_to_isbad, gid_to_sample)

	Core logic that uses the target dictionary to sample a single frame at
a time via ndsampler. Some post-loading augmentation is also done here.






	
getitem(index)

	This is just the same thing as __getitem__ but it raises an error
when it fails, which is handled by __getitem__.


	Parameters:

	index (int | Dict) – index or target



	Returns:

	Dict





Example

>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA
>>> import kwcoco
>>> import geowatch
>>> coco_dset = geowatch.coerce_kwcoco('geowatch-msi-dates-geodata-heatmap', num_frames=5, image_size=(256, 256), num_videos=1)
>>> # Remove two annotations to test new time weights
>>> aids = coco_dset.images().take([0]).annots[0].lookup('id')
>>> coco_dset.remove_annotations(aids)
>>> #
>>> # Each sensor uses all of its own channels
>>> channels = 'auto'
>>> self = KWCocoVideoDataset(coco_dset, time_dims=5,
>>>                           window_resolution='0.09GSD',
>>>                           input_resolution='0.09GSD',
>>>                           window_dims=(256, 256),
>>>                           channels=channels,
>>>                           balance_areas=True,
>>>                           weight_dilate=3,
>>>                           normalize_perframe=False)
>>> self.disable_augmenter = True
>>> # Pretend that some external object has given us information about desired class weights
>>> from geowatch.tasks.fusion.methods import watch_module_mixins
>>> dataset_stats = self.cached_dataset_stats()
>>> from geowatch.tasks.fusion.methods.network_modules import _class_weights_from_freq
>>> class_keys = dataset_stats['class_freq']
>>> total_freq = np.array(list(dataset_stats['class_freq'].values()))
>>> class_importance_weights = _class_weights_from_freq(total_freq)
>>> catname_to_weight = ub.dzip(class_keys, class_importance_weights)
>>> catname_to_weight['star'] = 2.0
>>> self.catname_to_weight = catname_to_weight
>>> #
>>> index = 0
>>> index = target = self.new_sample_grid['targets'][self.new_sample_grid['positives_indexes'][4]]
>>> item = self[index]
>>> # xdoctest: +REQUIRES(--show)
>>> canvas = self.draw_item(item)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()
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_sample_from_target(target_, vidspace_box)

	Given a space-time target, samples frame rasters and annotation vectors.


	This includes
	
	rejection sampling


	quality masking


	dynamic resolution













	
_resolve_resolution(target_, video)

	




	
_resample_bad_images(video_gids, gid_to_isbad, sampler, coco_dset, target_, num_images_wanted, with_annots, gid_to_sample, vidspace_box, vidname, max_tries)

	If the initial sample has marked any of the images as “bad”, then we
attempt to find replacements by reusing the temporal sampler, but with
extra arguments to exclude the bad frames.










	
class geowatch.tasks.fusion.datamodules.kwcoco_dataset.IntrospectMixin

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Methods for introspection of data


	
draw_item(item, item_output=None, combinable_extra=None, max_channels=5, max_dim=224, norm_over_time='auto', overlay_on_image=False, draw_weights=True, rescale='auto', classes=None, show_summary_text=True, **kw)

	Visualize an item produced by this DataSet.

Each channel will be a row, and each column will be a timestep.


	Parameters:

	
	item (Dict) – An item returned from the torch Dataset.


	overlay_on_image (bool) – if True, the truth and prediction is drawn on top of
an image, otherwise it is drawn on a black image.


	max_dim (int) – max dimension to resize each grid cell to.


	max_channels (int) – maximum number of channel rows to draw


	item_output (Dict) – Special task keys that we know how to plot.
These should be some sort of binary or class prediction from
the network. I’m not sure how best to pass the details
of how they should be interpreted.


	Known keys:
	change_probs
saliency_probs
class_probs
pred_ltrb







	classes (kwcoco.CategoryTree | None) – Classes any “class_probs” in the ‘item_output’ dictionary
corresponds to.  If unspecified uses the classes from the
datamodule.


	show_summary_text (bool) – if True, draw additional summary debug information.
Defaults to True.









Note

The self.requested_tasks controls the task labels returned by
getitem, and hence what can be visualized here.



Example

>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA
>>> import kwcoco
>>> import kwarray
>>> import rich
>>> coco_dset = kwcoco.CocoDataset.demo('vidshapes2-multispectral', num_frames=5)
>>> channels = 'B10|B8a|B1|B8|B11'
>>> combinable_extra = [['B10', 'B8', 'B8a']]  # special behavior
>>> # combinable_extra = None  # uncomment for raw behavior
>>> mode = 'fit'
>>> mode = 'test'
>>> coco_dset.clear_annotations()
>>> self = KWCocoVideoDataset(coco_dset, mode=mode, time_dims=5, window_dims=(530, 610), channels=channels, balance_areas=True)
>>> #index = len(self) // 4
>>> #index = self.new_sample_grid['targets'][self.new_sample_grid['positives_indexes'][5]]
>>> index = self.new_sample_grid['targets'][0]
>>> # More controlled settings for debug
>>> self.disable_augmenter = True
>>> item = self[index]
>>> item_output = self._build_demo_outputs(item)
>>> rich.print('item summary: ' + ub.urepr(self.summarize_item(item), nl=3))
>>> canvas = self.draw_item(item, item_output, combinable_extra=combinable_extra, overlay_on_image=1)
>>> canvas2 = self.draw_item(item, item_output, combinable_extra=combinable_extra, max_channels=3, overlay_on_image=0)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas, fnum=1, pnum=(1, 2, 1))
>>> kwplot.imshow(canvas2, fnum=1, pnum=(1, 2, 2))
>>> kwplot.show_if_requested()
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summarize_item(item)

	Return debugging stats about the item


	Parameters:

	item (dict) – an item returned by __getitem__



	Returns:

	a summary of the item



	Return type:

	dict [https://docs.python.org/3/library/stdtypes.html#dict]














	
class geowatch.tasks.fusion.datamodules.kwcoco_dataset.BalanceMixin

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Helpers to build the sample grid and balance it


	
_init_balance(new_sample_grid)

	Build data structure used for balanced sampling.

Helper for __init__ which constructs a NestedPool to balance sampling
across input domains.


Todo

HELP WANTED: We would like to configure the distribution in some
easy to specify way. We should be domain aware, or rather accept
some encoding of the domain. We want to oversample underrepresented
or important batch items and undersample overrepresented or
unimportant easy batch items. The “batch item” part is what makes
this hard because we need the notation of goodness, easiness, etc
at the batch level, which can contain multiple annotations.












	
class geowatch.tasks.fusion.datamodules.kwcoco_dataset.PreprocessMixin

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Methods related to dataset preprocessing


	
cached_dataset_stats(num=None, num_workers=0, batch_size=2, with_intensity=True, with_class=True)

	Compute the normalization stats, and caches them


Todo


	[ ] Does this dataset have access to the workdir?


	[ ] Cacher needs to depend on config of this dataset











	
compute_dataset_stats(num=None, num_workers=0, batch_size=2, with_intensity=True, with_class=True, with_vidid=True)

	
	Parameters:

	num (int | None) – number of input items to compute stats for





CommandLine

xdoctest -m geowatch.tasks.fusion.datamodules.kwcoco_dataset KWCocoVideoDataset.compute_dataset_stats:2





Example

>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA
>>> import kwcoco
>>> dct_dset = coco_dset = kwcoco.CocoDataset.demo('vidshapes2-multispectral', num_frames=3)
>>> self = KWCocoVideoDataset(dct_dset, time_dims=2, window_dims=(256, 256), channels='auto')
>>> self.compute_dataset_stats(num_workers=2)





Example

>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA
>>> import kwcoco
>>> coco_dset = kwcoco.CocoDataset.demo('vidshapes2')
>>> self = KWCocoVideoDataset(coco_dset, time_dims=2, window_dims=(256, 256), channels='auto')
>>> stats = self.compute_dataset_stats()
>>> assert stats['class_freq']['star'] > 0 or stats['class_freq']['superstar'] > 0 or stats['class_freq']['eff'] > 0
>>> assert stats['class_freq']['background'] > 0





Example

>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA
>>> import geowatch
>>> from geowatch.tasks.fusion import datamodules
>>> num = 1
>>> datamodule = datamodules.KWCocoVideoDataModule(
>>>     train_dataset='vidshapes-geowatch', window_dims=64, time_steps=3,
>>>     num_workers=0, batch_size=3, channels='auto',
>>>     normalize_inputs=num)
>>> datamodule.setup('fit')
>>> self = datamodule.torch_datasets['train']
>>> coco_dset = self.sampler.dset
>>> print({c.get('sensor_coarse') for c in coco_dset.images().coco_images})
>>> print({c.channels.spec for c in coco_dset.images().coco_images})
>>> num_workers = 0
>>> batch_size = 6
>>> s = (self.compute_dataset_stats(num=num))
>>> print('s = {}'.format(ub.urepr(s, nl=3)))
>>> stats1 = self.compute_dataset_stats(num=num, with_intensity=False)
>>> stats2 = self.compute_dataset_stats(num=num, with_class=False)
>>> stats3 = self.compute_dataset_stats(num=num, with_class=False, with_intensity=False)














	
class geowatch.tasks.fusion.datamodules.kwcoco_dataset.MiscMixin

	Bases: object [https://docs.python.org/3/library/functions.html#object]

TODO: better groups


	
reseed()

	Reinitialize the random number generator


Todo

HELP WANTED: Lack of determenism likely comes from this module and
the order it gives data to predict. It would be very nice if we
could fix that.








	
property coco_dset

	




	
_notify_about_tasks(requested_tasks=None, model=None)

	Hacky method. Given the multimodal model, tell all the datasets which
tasks they will need to generate data for. (This helps make the
visualizations cleaner).






	
_build_demo_outputs(item)

	Construct dummy outputs that we would expect a network to generate.


Note

The ability to construct this method is a motivating factor behind
the design decision that “a batch item should describe what its
expected output should look like”.








	
make_loader(subset=None, batch_size=1, num_workers=0, shuffle=False, pin_memory=False)

	Use this to make the dataloader so we ensure that we have the right
worker init function.


	Parameters:

	subset (None | Dataset) – if specified, the loader is made for
this dataset instead of self.





Example

>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA
>>> import kwcoco
>>> coco_dset = kwcoco.CocoDataset.demo('vidshapes2-multispectral', num_frames=5)
>>> self = KWCocoVideoDataset(coco_dset, time_dims=3, window_dims=(530, 610), channels='auto')
>>> loader = self.make_loader(batch_size=2)
>>> batch = next(iter(loader))














	
class geowatch.tasks.fusion.datamodules.kwcoco_dataset.KWCocoVideoDataset(sampler, mode='fit', test_with_annot_info=False, **kwargs)

	Bases: Dataset, GetItemMixin, BalanceMixin, PreprocessMixin, IntrospectMixin, MiscMixin, SpacetimeAugmentMixin, SMARTDataMixin

Accepted keyword arguments are specified in
KWCocoVideoDatasetConfig

Example

>>> # Native Data Sampling
>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA
>>> import ndsampler
>>> import kwcoco
>>> import geowatch
>>> coco_dset = geowatch.coerce_kwcoco('geowatch-multisensor-msi', geodata=True)
>>> print({c.get('sensor_coarse') for c in coco_dset.images().coco_images})
>>> print({c.channels.spec for c in coco_dset.images().coco_images})
>>> sampler = ndsampler.CocoSampler(coco_dset)
>>> self = KWCocoVideoDataset(sampler, time_dims=4, window_dims=(100, 200),
>>>                           input_space_scale='native',
>>>                           window_space_scale='0.05GSD',
>>>                           output_space_scale='native',
>>>                           channels='auto',
>>> )
>>> self.disable_augmenter = True
>>> target = self.new_sample_grid['targets'][self.new_sample_grid['positives_indexes'][3]]
>>> item = self[target]
>>> canvas = self.draw_item(item, overlay_on_image=0, rescale=0, max_channels=3)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()





[image: ../_images/fig_geowatch_tasks_fusion_datamodules_kwcoco_dataset_KWCocoVideoDataset_002.jpeg]
Example

>>> # Target GSD Data Sampling
>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA
>>> import ndsampler
>>> import kwcoco
>>> import geowatch
>>> coco_dset = geowatch.coerce_kwcoco('geowatch', geodata=True)
>>> print({c.get('sensor_coarse') for c in coco_dset.images().coco_images})
>>> print({c.channels.spec for c in coco_dset.images().coco_images})
>>> sampler = ndsampler.CocoSampler(coco_dset)
>>> self = KWCocoVideoDataset(sampler, window_dims=(100, 100), time_dims=5,
>>>                           input_space_scale='0.35GSD',
>>>                           window_space_scale='0.7GSD',
>>>                           output_space_scale='0.2GSD',
>>>                           channels='auto',
>>> )
>>> self.disable_augmenter = True
>>> index = self.new_sample_grid['targets'][self.new_sample_grid['positives_indexes'][3]]
>>> Box = util_kwimage.Box
>>> index['space_slice'] = Box.from_slice(index['space_slice']).translate((30, 0)).quantize().to_slice()
>>> item = self[index]
>>> #print('item summary: ' + ub.urepr(self.summarize_item(item), nl=3))
>>> canvas = self.draw_item(item, overlay_on_image=1, rescale=0, max_channels=3)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()





[image: ../_images/fig_geowatch_tasks_fusion_datamodules_kwcoco_dataset_KWCocoVideoDataset_003.jpeg]

	Parameters:

	
	sampler (kwcoco.CocoDataset | ndsampler.CocoSampler) – kwcoco dataset


	mode (str) – fit or predict


	**kwargs – see KWCocoVideoDatasetConfig for valid options













	
geowatch.tasks.fusion.datamodules.kwcoco_dataset.more_demos()

	CommandLine

USE_RTREE=1 DVC_DPATH=1 XDEV_PROFILE=1 xdoctest -m geowatch.tasks.fusion.datamodules.kwcoco_dataset more_demos:0
USE_RTREE=0 DVC_DPATH=1 XDEV_PROFILE=1 xdoctest -m geowatch.tasks.fusion.datamodules.kwcoco_dataset more_demos:0





Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> # Demo with real data
>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA
>>> import geowatch
>>> import kwcoco
>>> dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> coco_fpath = dvc_dpath / 'Drop6/data_vali_split1.kwcoco.zip'
>>> coco_dset = kwcoco.CocoDataset(coco_fpath)
>>> ##'red|green|blue',
>>> self = KWCocoVideoDataset(
>>>     coco_dset,
>>>     time_dims=7, window_dims=(196, 196),
>>>     window_overlap=0,
>>>     channels="(S2,L8):blue|green|red|nir",
>>>     input_space_scale='3.3GSD',
>>>     window_space_scale='3.3GSD',
>>>     output_space_scale='1GSD',
>>>     prenormalize_inputs=True,
>>>     #normalize_peritem='nir',
>>>     dist_weights=0,
>>>     quality_threshold=0,
>>>     neg_to_pos_ratio=0, time_sampling='soft2',
>>> )
>>> self.requested_tasks['change'] = 1
>>> self.requested_tasks['saliency'] = 1
>>> self.requested_tasks['class'] = 0
>>> self.requested_tasks['boxes'] = 1
>>> index = self.new_sample_grid['targets'][self.new_sample_grid['positives_indexes'][3]]
>>> index['allow_augment'] = False
>>> item = self[index]
>>> target = item['target']
>>> #for idx in range(100):
... #    self[idx]
>>> print('item summary: ' + ub.urepr(self.summarize_item(item), nl=3))
>>> # xdoctest: +REQUIRES(--show)
>>> canvas = self.draw_item(item, max_channels=10, overlay_on_image=0, rescale=1)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas, fnum=1)
>>> kwplot.show_if_requested()





Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> # This shows how you can use the dataloader to sample an arbitrary
>>> # spacetime volume.
>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA
>>> import geowatch
>>> import kwcoco
>>> dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> #coco_fpath = dvc_dpath / 'Drop4-BAS/data_vali.kwcoco.json'
>>> coco_fpath = dvc_dpath / 'Drop6/data_vali_split1.kwcoco.zip'
>>> coco_dset = kwcoco.CocoDataset(coco_fpath)
>>> ##'red|green|blue',
>>> self = KWCocoVideoDataset(
>>>     coco_dset,
>>>     time_dims=7, window_dims=(196, 196),
>>>     window_overlap=0,
>>>     channels="(S2,L8):blue|green|red|nir",
>>>     input_space_scale='3.3GSD',
>>>     window_space_scale='3.3GSD',
>>>     output_space_scale='1GSD',
>>>     #normalize_peritem='nir',
>>>     dist_weights=0,
>>>     quality_threshold=0,
>>>     neg_to_pos_ratio=0, time_sampling='soft2',
>>> )
>>> self.requested_tasks['change'] = 1
>>> self.requested_tasks['saliency'] = 1
>>> self.requested_tasks['class'] = 0
>>> self.requested_tasks['boxes'] = 1
>>> target = {
>>>     'video_id': 3,
>>>     'gids': [529, 555, 607, 697, 719, 730, 768],
>>>     'main_idx': 3,
>>>     'space_slice': (slice(0, 65, None), slice(130, 195, None)),
>>> }
>>> item = self[target]





Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> # Tests the hard negative sampling
>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA
>>> import geowatch
>>> import kwcoco
>>> dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> coco_fpath = dvc_dpath / 'Drop6-MeanYear10GSD/data.kwcoco.zip'
>>> coco_dset = kwcoco.CocoDataset(coco_fpath)
>>> ##'red|green|blue',
>>> self = KWCocoVideoDataset(
>>>     coco_dset,
>>>     time_dims=5, window_dims=(196, 196),
>>>     window_overlap=0,
>>>     channels="(S2,L8):blue|green|red",
>>>     fixed_resolution='10GSD',
>>>     normalize_peritem=True,
>>>     use_grid_negatives='cleared',
>>>     use_grid_positives=False,
>>>     use_centered_positives= True,
>>>     time_kernel='(-2y,-1y,0,1y,2y)',
>>> )
>>> self.requested_tasks['change'] = 1
>>> self.requested_tasks['saliency'] = 1
>>> self.requested_tasks['class'] = 0
>>> self.requested_tasks['boxes'] = 1





>>> # Check that all of the negative regions are from cleared videos
>>> videos = self.sampler.dset.videos()
>>> vidid_to_cleared = ub.udict(ub.dzip(videos.lookup('id'), videos.lookup('cleared', False)))
>>> assert self.config['use_grid_negatives'] == 'cleared'
>>> positive_idxs = self.new_sample_grid['positives_indexes']
>>> negative_idxs = self.new_sample_grid['negatives_indexes']
>>> targets = self.new_sample_grid['targets']
>>> negative_video_ids = {targets[x]['video_id'] for x in negative_idxs}
>>> positive_video_ids = {targets[x]['video_id'] for x in positive_idxs}
>>> assert all(vidid_to_cleared.subdict(negative_video_ids).values())





>>> index = 0
>>> item = self[index]
>>> target = item['target']
>>> print('item summary: ' + ub.urepr(self.summarize_item(item), nl=3))
>>> # xdoctest: +REQUIRES(--show)
>>> canvas = self.draw_item(item, max_channels=10, overlay_on_image=0, rescale=1)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas, fnum=1)
>>> kwplot.show_if_requested()










	
geowatch.tasks.fusion.datamodules.kwcoco_dataset.worker_init_fn(worker_id)

	




	
geowatch.tasks.fusion.datamodules.kwcoco_dataset._space_weights(space_shape)

	




	
exception geowatch.tasks.fusion.datamodules.kwcoco_dataset.FailedSample

	Bases: Exception [https://docs.python.org/3/library/exceptions.html#Exception]






	
class geowatch.tasks.fusion.datamodules.kwcoco_dataset.Modality(sensor: str [https://docs.python.org/3/library/stdtypes.html#str], channels: str [https://docs.python.org/3/library/stdtypes.html#str], domain: str [https://docs.python.org/3/library/stdtypes.html#str])

	Bases: NamedTuple [https://docs.python.org/3/library/typing.html#typing.NamedTuple]

A modality consists of a domain, a sensor, and a FusedChannelSpec

Create new instance of Modality(sensor, channels, domain)


	
_asdict()

	Return a new dict which maps field names to their values.






	
_field_defaults = {}

	




	
_fields = ('sensor', 'channels', 'domain')

	




	
classmethod _make(iterable)

	Make a new Modality object from a sequence or iterable






	
_replace(**kwds)

	Return a new Modality object replacing specified fields with new values






	
sensor: str [https://docs.python.org/3/library/stdtypes.html#str]

	Alias for field number 0






	
channels: str [https://docs.python.org/3/library/stdtypes.html#str]

	Alias for field number 1






	
domain: str [https://docs.python.org/3/library/stdtypes.html#str]

	Alias for field number 2










	
class geowatch.tasks.fusion.datamodules.kwcoco_dataset.Domain(sensor: str [https://docs.python.org/3/library/stdtypes.html#str], channels: str [https://docs.python.org/3/library/stdtypes.html#str], video_name: str [https://docs.python.org/3/library/stdtypes.html#str])

	Bases: NamedTuple [https://docs.python.org/3/library/typing.html#typing.NamedTuple]

DO NOT USE. BUT DO NOT REMOVE. NEEDED FOR BACKWARDS COMPAT

Create new instance of Domain(sensor, channels, video_name)


	
_asdict()

	Return a new dict which maps field names to their values.






	
_field_defaults = {}

	




	
_fields = ('sensor', 'channels', 'video_name')

	




	
classmethod _make(iterable)

	Make a new Domain object from a sequence or iterable






	
_replace(**kwds)

	Return a new Domain object replacing specified fields with new values






	
sensor: str [https://docs.python.org/3/library/stdtypes.html#str]

	Alias for field number 0






	
channels: str [https://docs.python.org/3/library/stdtypes.html#str]

	Alias for field number 1






	
video_name: str [https://docs.python.org/3/library/stdtypes.html#str]

	Alias for field number 2












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.datamodules.kwcoco_video_data module

Defines a torch Dataset and lightning DataModule for kwcoco video data.

The parameters to each are handled by scriptconfig objects, which prevents us
from needing to specify what the available options are in multiple places.




            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.datamodules.qa_bands module

Describe how to interpret QA bands.

References

https://smart-research.slack.com/?redir=%2Ffiles%2FU028UQGN1N0%2FF04B998ANRL%2Faccenture_ta1_productdoc_phaseii_20211117.pptx%3Forigin_team%3DTN3QR7WAH%26origin_channel%3DC03QTAXU7GF


	
geowatch.tasks.fusion.datamodules.qa_bands._dump_qa_debug_vid()

	Make human interpretable sequences of QA bands and RGB data.






	
class geowatch.tasks.fusion.datamodules.qa_bands.QA_SpecMixin

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
draw_labels(quality_im, legend='separate', legend_dpi=96, verbose=0)

	The doctest can be used to debug cloudmasks for the datasets










	
class geowatch.tasks.fusion.datamodules.qa_bands.QA_BitSpecTable(spec)

	Bases: QA_SpecMixin

Bit tables are more efficient because we can reduce over the query input

Example

>>> from geowatch.tasks.fusion.datamodules import qa_bands
>>> import kwimage
>>> # Lookup a table for this spec
>>> self = qa_bands.QA_SPECS.find_table('ACC-1', 'S2')
>>> assert isinstance(self, qa_bands.QA_BitSpecTable)
>>> # Make a quality image with every value
>>> pure_patches = [np.zeros((32, 32), dtype=np.int16) + val for val in self.name_to_value.values()]
>>> # Also add in a few mixed patches
>>> mixed_patches = [
>>>     pure_patches[0] | pure_patches[1],
>>>     pure_patches[4] | pure_patches[1],
>>>     pure_patches[3] | pure_patches[5],
>>>     pure_patches[0] | pure_patches[4],
>>>     pure_patches[3] | pure_patches[4],
>>> ]
>>> patches = pure_patches + mixed_patches
>>> quality_im = kwimage.stack_images_grid(patches)
>>> # The mask_any method makes a mask where any of the semantically given labels will be masked
>>> query_names = ['cloud']
>>> is_iffy = self.mask_any(quality_im, ['cloud', 'cirrus'])
>>> drawings = self.draw_labels(quality_im)  # visualize
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> plt = kwplot.autoplt()
>>> qa_canvas = drawings['qa_canvas']
>>> legend = drawings['legend']
>>> kwplot.imshow(is_iffy, pnum=(1, 3, 1), title=f'mask matching {query_names}')
>>> kwplot.imshow(qa_canvas, pnum=(1, 3, 2), title='qa bits')
>>> kwplot.imshow(legend, pnum=(1, 3, 3), title='qa bit legend')
>>> kwplot.set_figtitle(f"QA Spec: name={self.spec['qa_spec_name']} sensor={self.spec['sensor']}")





[image: ../_images/fig_geowatch_tasks_fusion_datamodules_qa_bands_QA_BitSpecTable_002.jpeg]
Example

>>> from geowatch.tasks.fusion.datamodules import qa_bands
>>> import kwimage
>>> # Lookup a table for this spec
>>> self = qa_bands.QA_SPECS.find_table('qa_pixel', 'L8')
>>> assert isinstance(self, qa_bands.QA_BitSpecTable)
>>> # Make a quality image with every value
>>> pure_patches = [np.zeros((32, 32), dtype=np.int16) + val for val in self.name_to_value.values()]
>>> # Also add in a few mixed patches
>>> mixed_patches = [
>>>     pure_patches[0] | pure_patches[1],
>>>     pure_patches[2] | pure_patches[1],
>>> ]
>>> patches = pure_patches + mixed_patches
>>> quality_im = kwimage.stack_images_grid(patches)
>>> # The mask_any method makes a mask where any of the semantically given labels will be masked
>>> query_names = ['cloud']
>>> is_iffy = self.mask_any(quality_im, ['cloud'])
>>> drawings = self.draw_labels(quality_im)  # visualize
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> plt = kwplot.autoplt()
>>> qa_canvas = drawings['qa_canvas']
>>> legend = drawings['legend']
>>> kwplot.imshow(is_iffy, pnum=(1, 3, 1), title=f'mask matching {query_names}')
>>> kwplot.imshow(qa_canvas, pnum=(1, 3, 2), title='qa bits')
>>> kwplot.imshow(legend, pnum=(1, 3, 3), title='qa bit legend')
>>> kwplot.set_figtitle(f"QA Spec: name={self.spec['qa_spec_name']} sensor={self.spec['sensor']}")





[image: ../_images/fig_geowatch_tasks_fusion_datamodules_qa_bands_QA_BitSpecTable_003.jpeg]

	
mask_any(quality_im, qa_names)

	




	
describe_values(unique_qavals)

	Get a human readable description of each value for a legend










	
geowatch.tasks.fusion.datamodules.qa_bands.unpack_bit_positions(val, itemsize=None)

	Given an integer value, return the positions of the on bits.


	Parameters:

	
	val (int) – a signed or unsigned integer


	itemsize (int | None) – Number of bytes used to represent the integer. E.g. 1 for a uint8 4
for an int32. If unspecified infer the smallest number of bytes
needed, but warning this may produce ambiguous results for negative
numbers.






	Returns:

	the indexes of the 1 bits.



	Return type:

	List[int [https://docs.python.org/3/library/functions.html#int]]






Note

This turns out to be faster than a numpy or lookuptable strategy I
tried.  See github.com:Erotemic/misc/learn/bit_conversion.py



Example

>>> unpack_bit_positions(0)
[]
>>> unpack_bit_positions(1)
[0]
>>> unpack_bit_positions(-1)
[0, 1, 2, 3, 4, 5, 6, 7]
>>> unpack_bit_positions(-1, itemsize=2)
[0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15]
>>> unpack_bit_positions(9)
[0, 3]
>>> unpack_bit_positions(2132)
[2, 4, 6, 11]
>>> unpack_bit_positions(-9999)
[0, 4, 5, 6, 7, 11, 12, 14, 15]
>>> unpack_bit_positions(np.int16(-9999))
[0, 4, 5, 6, 7, 11, 12, 14, 15]
>>> unpack_bit_positions(np.int16(-1))
[0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15]










	
class geowatch.tasks.fusion.datamodules.qa_bands.QA_ValueSpecTable(spec)

	Bases: QA_SpecMixin

Value tables are less efficient


	
mask_any(quality_im, qa_names)

	




	
describe_values(unique_qavals)

	Get a human readable description of each value for a legend










	
class geowatch.tasks.fusion.datamodules.qa_bands.QA_SpecRegistry(iterable=(), /)

	Bases: list [https://docs.python.org/3/library/stdtypes.html#list]


	
query_table(spec_name='*', sensor='*')

	




	
find_table(spec_name='*', sensor='*')

	








	
geowatch.tasks.fusion.datamodules.qa_bands.demo()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.datamodules.smart_mixins module


	
class geowatch.tasks.fusion.datamodules.smart_mixins.SMARTDataMixin

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
check_nested_pool(num=4096)

	Developer function to check statistics about how the nested pool is
sampling regions.

Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA
>>> import geowatch
>>> import ndsampler
>>> import kwcoco
>>> dvc_dpath = geowatch.find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'Cropped-Drop3-TA1-2022-03-10/data_nowv_train.kwcoco.json'
>>> coco_dset = kwcoco.CocoDataset(coco_fpath)
>>> sampler = ndsampler.CocoSampler(coco_dset)
>>> self = KWCocoVideoDataset(
>>>     sampler,
>>>     time_dims=5, window_dims=(256, 256),
>>>     window_overlap=0,
>>>     #channels="ASI|MF_Norm|AF|EVI|red|green|blue|swir16|swir22|nir",
>>>     channels="blue|green|red|nir|swir16|swir22",
>>>     neg_to_pos_ratio=0, time_sampling='soft2', diff_inputs=0, temporal_dropout=0.5,
>>> )
>>> #self.requested_tasks['change'] = False






	if 0:
	infos = []
for num in [500, 1000, 2500, 5000, 7500, 10000, 20000]:


row = self.check_nested_pool(num=num)
infos.append(row)




df = pd.DataFrame(infos)
import kwplot
sns = kwplot.autosns()

data = df.melt(id_vars=[‘num’])
data[‘style’] = ‘raw’
data.loc[data.variable.apply(lambda x: ‘gids’ in x), ‘style’] = ‘gids’
data.loc[data.variable.apply(lambda x: ‘region’ in x), ‘style’] = ‘region’
data[‘region’] = data.variable.apply(lambda x: x.split(‘_’, 2)[-1].replace(‘seen’, ‘’) if ‘R’ in x else x)
sns.lineplot(data=data, x=’num’, y=’value’, style=’style’, hue=’region’)


frac_seen = info[‘frac_gids_seen’]
frac_seen[‘num’] = num
frac_seen[‘ideal_seen’] = ideal_seen
frac_seen[‘ideal_frac’] = ideal_frac













	
_interpret_quality_mask(sampler, coco_img, tr_frame)

	Construct a binary good/bad mask from the quality band in a coco image.






	
_input_grid_stats()

	








	
geowatch.tasks.fusion.datamodules.smart_mixins.draw_cloudmask_viz(qa_data, rgb_data)

	Helper visualization








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.datamodules.spacetime_grid_builder module

CommandLine

# Benchmark time sampling
SMART_DATA_DVC_DPATH=1 XDEV_PROFILE=1 xdoctest -m geowatch.tasks.fusion.datamodules.spacetime_grid_builder __doc__:0






Todo


	
	[ ] The functions that take too many arguments should be refactored as
	object oriented code and use object attribute to store the extra
data.











Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> from geowatch.tasks.fusion.datamodules.spacetime_grid_builder import *  # NOQA
>>> import geowatch
>>> import kwcoco
>>> dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='ssd')
>>> coco_fpath = dvc_dpath / 'Drop7-MedianNoWinter10GSD-V2/NZ_R001/imganns-NZ_R001-rawbands.kwcoco.zip'
>>> coco_dset = kwcoco.CocoDataset(coco_fpath)
>>> window_dims = 128
>>> time_dims = 5
>>> builder = SpacetimeGridBuilder(
>>>     coco_dset,
>>>     time_dims,
>>>     window_dims,
>>>     time_sampling='soft2+distribute',
>>>     time_kernel='-1y,-8m,-2w,0,2w,8m,1y',
>>>     keepbound=True,
>>>     use_annot_info=1,
>>>     use_grid_positives=1,
>>>     use_centered_positives=True,
>>>     respect_valid_regions=False,  # enabling this is slow
>>>     use_cache=0
>>> )
>>> grid = builder.build()
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> plt = kwplot.autoplt()
>>> canvas = visualize_sample_grid(coco_dset, grid, max_vids=1, max_frames=3)
>>> kwplot.imshow(canvas, doclf=1, fnum=2)
>>> plt.gca().set_title(ub.codeblock(
    '''
    Sampled using larger scaled windows
    '''))
>>> kwplot.show_if_requested()






	
class geowatch.tasks.fusion.datamodules.spacetime_grid_builder.SpacetimeGridBuilder(dset, time_dims, window_dims, window_overlap=0.0, negative_classes=None, keepbound=True, include_sensors=None, exclude_sensors=None, select_images=None, select_videos=None, time_sampling='hard+distribute', time_span=None, time_kernel=None, use_annot_info=True, use_grid_positives=True, use_grid_negatives=True, use_centered_positives=True, window_space_scale=None, set_cover_algo=None, respect_valid_regions=True, workers=0, use_cache=1)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

A helper class to help build a grid of spacetime windows for a coco
dataset.

See sample_video_spacetime_targets() for the main implementation.
This will move to a class based approach and ideally be cleaned up as time
moves on.


	Parameters:

	
	dset (kwcoco.CocoDataset) – coco dataset


	time_dims (int) – number of time steps


	window_dims (Tuple[int, int] | str) – spatial height, width of the sample region or a string code.


	window_overlap (float) – fractional spatial overlap


	set_cover_algo (str | None) – Algorithm used to find set cover of image IDs. Options are ‘approx’ (a greedy solution)
or ‘exact’ (an ILP solution). If None is passed, set cover is not computed. The ‘exact’
method requires the packe pulp, available at PyPi.


	window_space_scale (str) – Code indicating the scale at which to sample. If None uses the
videospace GSD.


	use_grid_positives (bool) – if False, will remove any grid sample that contains a positive
example. In this case use_centered_positives should be True.


	use_grid_negatives (bool | str) – Use non-annotation locations as negatives. Can be “cleared”.


	use_centered_positives (bool) – extend the grid with extra off-axis samples where positive
annotations are centered. TODO: we could do a box packing
to reduce the potential size here.


	use_annot_info (bool) – if True allows using annotation information to get a better
train-time grid. Should not be used at test-time.


	time_span (str) – indicates the desired start/stop date range of the sample


	time_kernel (str) – mutually exclusive with time span.


	time_sampling (str) – code for specific temporal sampler: see temporal_sampling.py for
more information.


	exclude_sensors (List[str]) – A list of sensors to exclude from the grid


	negative_classes (List[str]) – indicate class names that should not count towards a region being
marked as positive.


	respect_valid_regions (bool) – if True, only place windows in valid regions


	workers (int) – parallel workers


	use_cache (bool) – uses a disk cache if True









	
build()

	








	
geowatch.tasks.fusion.datamodules.spacetime_grid_builder.sample_video_spacetime_targets(dset, time_dims=None, window_dims=None, window_overlap=0.0, negative_classes=None, keepbound=True, include_sensors=None, exclude_sensors=None, select_images=None, select_videos=None, time_sampling='hard+distribute', time_span='2y', time_kernel=None, use_annot_info=True, use_grid_positives=True, use_grid_negatives=True, use_centered_positives=True, window_space_scale=None, set_cover_algo=None, respect_valid_regions=True, workers=0, use_cache=1)

	This is the main driver that builds the sample grid.

The basic idea is that you will slide a spacetime window over the dataset
and mark where positive andnegative “windows” are. We also put windows
directly on positive annotations if desired.

See the above visualize_sample_grid() for a visualization of what the
sample grid looks like.

Ask jon about what the params mean if you need this.
This code badly needs a refactor.

Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> import os
>>> from geowatch.tasks.fusion.datamodules.spacetime_grid_builder import *  # NOQA
>>> import geowatch
>>> dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='ssd')
>>> coco_fpath = dvc_dpath / 'Drop6/data_train_split1.kwcoco.zip'
>>> dset = geowatch.coerce_kwcoco(coco_fpath)
>>> window_overlap = 0.0
>>> window_dims = (128, 128)
>>> time_dims = 2
>>> sample_grid = SpacetimeGridBuilder(dset, time_dims, window_dims).build()
>>> time_sampling = 'hard+distribute'
>>> positives = list(ub.take(sample_grid['targets'], sample_grid['positives_indexes']))





Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> import os
>>> from geowatch.tasks.fusion.datamodules.spacetime_grid_builder import *  # NOQA
>>> import geowatch
>>> dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='ssd')
>>> coco_fpath = dvc_dpath / 'Aligned-Drop3-TA1-2022-03-10/combo_LM_nowv_vali.kwcoco.json'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> window_overlap = 0.5
>>> time_dims = 2
>>> window_dims = (128, 128)
>>> keepbound = False
>>> exclude_sensors = None
>>> set_cover_algo = 'approx'
>>> sample_grid = SpacetimeGridBuilder(dset, time_dims, window_dims, window_overlap, set_cover_algo=set_cover_algo).build()
>>> time_sampling = 'hard+distribute'
>>> positives = list(ub.take(sample_grid['targets'], sample_grid['positives_indexes']))





_ = xdev.profile_now(sample_video_spacetime_targets)(dset, window_dims, window_overlap)

Example

>>> from geowatch.tasks.fusion.datamodules.spacetime_grid_builder import *  # NOQA
>>> import ndsampler
>>> import kwcoco
>>> dset = kwcoco.CocoDataset.demo('vidshapes2-multispectral', num_frames=30)
>>> window_overlap = 0.0
>>> time_dims = 3
>>> window_dims = (256, 256)
>>> keepbound = False
>>> time_sampling = 'soft2+distribute'
>>> sample_grid1 = SpacetimeGridBuilder(
>>>     dset, time_dims, window_dims, window_overlap,
>>>     time_sampling='soft2+distribute').build()
>>> boxes = [kwimage.Boxes.from_slice(target['space_slice'], clip=False).to_xywh() for target in sample_grid1['targets']]
>>> all_boxes = kwimage.Boxes.concatenate(boxes)
>>> assert np.all(all_boxes.height == window_dims[0])
>>> assert np.all(all_boxes.width == window_dims[1])





Example

>>> from geowatch.tasks.fusion.datamodules.spacetime_grid_builder import *  # NOQA
>>> import ndsampler
>>> import kwcoco
>>> dset = kwcoco.CocoDataset.demo('vidshapes2-multispectral', num_frames=30)
>>> window_overlap = 0.0
>>> time_dims = 3
>>> window_dims = (32, 32)
>>> keepbound = False
>>> time_sampling = 'soft2+distribute'
>>> sample_grid1 = SpacetimeGridBuilder(
>>>     dset, time_dims, window_dims, window_overlap, exclude_sensors='Foo',
>>>     time_sampling='soft2+distribute').build()
>>> sample_grid2 = SpacetimeGridBuilder(
>>>     dset, time_dims, window_dims, window_overlap,
>>>     time_sampling='contiguous+pairwise').build()





ub.peek(sample_grid1[‘vidid_to_time_sampler’].values()).show_summary(fnum=1)
ub.peek(sample_grid2[‘vidid_to_time_sampler’].values()).show_summary(fnum=2)
_ = xdev.profile_now(sample_video_spacetime_targets)(dset, time_dims, window_dims, window_overlap)

import xdev
globals().update(xdev.get_func_kwargs(sample_video_spacetime_targets))






	
class geowatch.tasks.fusion.datamodules.spacetime_grid_builder.ImagePropertyCacher(dset)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Helper class for caching image property lookups


	
get_warp_vid_from_img(gid)

	Abstract the transform to bring us into whatever the internal “window
space” is. Depends on whatever “window_scale” is computed as.






	
get_image_valid_region_in_vidspace(gid)

	








	
geowatch.tasks.fusion.datamodules.spacetime_grid_builder._sample_single_video_spacetime_targets(dset, dset_hashid, video_id, video_gids, winspace_time_dims, winspace_space_dims, window_overlap, negative_classes, keepbound, affinity_type, update_rule, time_span, time_kernel, use_annot_info, use_grid_positives, use_grid_negatives, use_centered_positives, window_space_scale, set_cover_algo, use_cache, respect_valid_regions, refine_iosa_thresh, verbose)

	Do this for a single video so we can parallelize.

Called as the main worker function in
sample_video_spacetime_targets().


	Note this introduces a new temporary space:
	window-space, which is a scaled version of video-space.
This is only used internally. The final targets are returned in video
space.










	
geowatch.tasks.fusion.datamodules.spacetime_grid_builder._build_targets_around_track(video_id, infos, video_gids, vidspace_window_dims, time_sampler)

	Given information about a track, build targets to ensure the network trains
with it.


	Parameters:

	infos (List[Dict]) – each row contains gid, aid, cid, tid, frame-index for the track of
interest.










	
geowatch.tasks.fusion.datamodules.spacetime_grid_builder._build_targets_in_spatial_region(dset, video_id, vidspace_region, use_annot_info, qtree, main_idx_to_gids, refine_iosa_thresh, time_sampler, image_props, respect_valid_regions, set_cover_algo)

	Called for each spatial grid in the sliding window.
This adds multiple targets

Called as part of _sample_single_video_spacetime_targets().






	
geowatch.tasks.fusion.datamodules.spacetime_grid_builder._build_vidspace_track_qtree(dset, video_gids, negative_classes, vidspace_video_width, vidspace_video_height, image_props)

	Build a data structure that allows for fast lookup of which annotations
exist in the in the requested “Window Space”.

Called as part of _sample_single_video_spacetime_targets().


Todo


	[ ] For tracks with multiple annotations, we should build a range of




values indicating where the intersection occurs in spacetime instead of
putting each annotation on each frame. This should increase efficiency
by a lot.




	Returns:

	Tuple[pyqtree.Index, Dict, Dict]










	
geowatch.tasks.fusion.datamodules.spacetime_grid_builder._refine_time_sample(dset, main_idx_to_gids, vidspace_box, refine_iosa_thresh, time_sampler, image_props)

	Refine the time sample based on spatial information

Attempt to remove images where valid data does not spatially intersect the
query box.






	
geowatch.tasks.fusion.datamodules.spacetime_grid_builder.visualize_sample_grid(dset, sample_grid, max_vids=2, max_frames=6)

	Debug visualization for sampling grid

Draws multiple frames.

Places a red dot where there is a negative sample (at the center of the negative window)

Places a blue dot where there is a positive sample

Draws a yellow polygon over invalid spatial regions.

Notes


	Dots are more intense when there are more temporal coverage of that dot.


	Dots are placed on the center of the window.  They do not indicate its extent.


	Dots are blue if they overlap any annotation in their temporal region
so they may visually be near an annotation.




Example

>>> from geowatch.tasks.fusion.datamodules.spacetime_grid_builder import *  # NOQA
>>> from geowatch.demo.smart_kwcoco_demodata import demo_kwcoco_multisensor
>>> dset = coco_dset = demo_kwcoco_multisensor(num_frames=3, dates=True, geodata=True, heatmap=True, rng=10)
>>> window_overlap = 0.0
>>> window_dims = (32, 32)
>>> keepbound = False
>>> time_sampling = 'soft2+distribute'
>>> use_centered_positives = True
>>> use_grid_positives = 1
>>> time_dims = 3
>>> sample_grid = sample_video_spacetime_targets(
>>>     dset, time_dims, window_dims, window_overlap, time_sampling=time_sampling,
>>>     use_grid_positives=use_grid_positives, use_centered_positives=use_centered_positives)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> plt = kwplot.autoplt()
>>> canvas = visualize_sample_grid(dset, sample_grid, max_vids=1,
>>>                                max_frames=3)
>>> kwplot.imshow(canvas, doclf=1)
>>> plt.gca().set_title(ub.codeblock(
    '''
    Places a red dot where there is a negative sample (at the center of the negative window)






Places a blue dot where there is a positive sample

Draws a yellow polygon over invalid spatial regions.
‘’’))




>>> kwplot.show_if_requested()
>>> #
>>> # Now demo this same grid, but where we are sampling at a different resolution
>>> window_space_scale = 0.3
>>> sample_grid2 = sample_video_spacetime_targets(
>>>     dset, window_dims, window_overlap, time_sampling=time_sampling,
>>>     use_grid_positives=use_grid_positives,
>>>     use_centered_positives=use_centered_positives,
>>>     window_space_scale=window_space_scale)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> plt = kwplot.autoplt()
>>> canvas = visualize_sample_grid(dset, sample_grid2, max_vids=1,
>>>                                max_frames=3)
>>> kwplot.imshow(canvas, doclf=1, fnum=2)
>>> plt.gca().set_title(ub.codeblock(
    '''
    Sampled using larger scaled windows
    '''))
>>> kwplot.show_if_requested()





Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> from geowatch.tasks.fusion.datamodules.spacetime_grid_builder import *  # NOQA
>>> import geowatch
>>> # dset = coco_dset = demo_kwcoco_multisensor(dates=True, geodata=True, heatmap=True)
>>> dvc_dpath = geowatch.find_dvc_dpath(hardware='ssd', tags='phase2_data')
>>> #coco_fpath = dvc_dpath / 'Drop2-Aligned-TA1-2022-02-15/combo_DILM_train.kwcoco.json'
>>> coco_fpath = dvc_dpath / 'Drop6/data_vali_split1.kwcoco.zip'
>>> big_dset = kwcoco.CocoDataset(coco_fpath)
>>> vid_gids = big_dset.videos(names=['KR_R002']).images.lookup('id')[0]
>>> idxs = np.linspace(0, len(vid_gids) - 1, 12).round().astype(int)
>>> vid_gids = list(ub.take(vid_gids, idxs))
>>> dset = big_dset.subset(vid_gids)
>>> window_overlap = 0.0
>>> window_dims = (3, 256, 256)
>>> keepbound = False
>>> time_sampling = 'soft2+distribute'
>>> use_centered_positives = 0
>>> use_grid_positives = 1
>>> window_space_scale = '30GSD'
>>> sample_grid = sample_video_spacetime_targets(
>>>     dset, window_dims, window_overlap, time_sampling=time_sampling,
>>>     use_grid_positives=True,
>>>     use_centered_positives=use_centered_positives,
>>>     window_space_scale=window_space_scale)
>>> print(list(ub.unique([t['space_slice'] for t in sample_grid['targets']], key=ub.hash_data)))
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> plt = kwplot.autoplt()
>>> canvas = visualize_sample_grid(dset, sample_grid, max_vids=1, max_frames=12)
>>> kwplot.imshow(canvas, doclf=1)
>>> kwplot.show_if_requested()
>>> plt.gca().set_title(ub.codeblock(
>>>     f'''
>>>     Sample window {window_dims} @ {window_space_scale}
>>>     '''))












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.datamodules.temporal_sampling.affinity module


	
geowatch.tasks.fusion.datamodules.temporal_sampling.affinity.affinity_sample(affinity, size, include_indices=None, exclude_indices=None, allow_fewer=False, update_rule='pairwise', gamma=1, deterministic=False, time_kernel=None, unixtimes=None, error_level=2, rng=None, return_info=False, jit=False)

	Randomly select size timesteps from a larger pool based on affinity.

Given an NxN affinity matrix between frames and an initial set of indices
to include, chooses a sample of other frames to complete the sample.  Each
row and column in the affinity matrix represent a “selectable” timestamp.
Given an initial set of include_indices that indicate which timesteps
must be included in the sample. An iterative process is used to select
remaining indices such that size timesteps are returned. In each
iteration we choose the “next” timestep based on a probability distribution
derived from (1) the affinity matrix (2) the currently included set of
indexes and (3) the update rule.


	Parameters:

	
	affinity (ndarray) – pairwise affinity matrix


	size (int) – Number of sample indices to return


	include_indices (List[int]) – Indices that must be included in the sample


	exclude_indices (List[int]) – Indices that cannot be included in the sample


	allow_fewer (bool) – if True, we will allow fewer than the requested “size” samples to
be returned.


	update_rule (str) – Modifies how the affinity matrix is used to create the
probability distribution for the “next” frame that will be
selected.
a “+” separated string of codes which can contain:



	
	pairwise - if included, each newly chosen sample will
	modulate the initial “main” affinity with it’s own
affinity.  Otherwise, only the affinity of the initially
included rows are considered.







	
	distribute - if included, every step of weight updates will
	downweight samples temporally close to the most recently
selected sample.














	gamma (float, default=1.0) – Exponent that modulates the probability distribution. Lower gamma
will “flatten” the probability curve. At gamma=0, all frames will
be equally likely regardless of affinity. As gamma -> inf, the rule
becomes more likely to sample the maximum probability at each
timestep. In the limit this becomes equivalent to
deterministic=True.


	deterministic (bool) – if True, on each step we choose the next timestamp with maximum
probability. Otherwise, we randomly choose a timestep, but with
probability according to the current distribution.


	error_level (int) – Error and fallback behavior if perfect sampling is not possible.
error level 0:


might return excluded, duplicate indexes, or 0-affinity indexes
if everything else is exhausted.





	error level 1:
	duplicate indexes will raise an error



	error level 2:
	duplicate and excluded indexes will raise an error



	error level 3:
	duplicate, excluded, and 0-affinity indexes will raise an error







	rng (Coercible[RandomState]) – random state for reproducible sampling


	return_info (bool) – If True, includes a dictionary of information that details the
internal steps the algorithm took.


	jit (bool) – NotImplemented - do not use


	time_kernel (ndarray) – if specified, the sample will attempt to conform to this time
kernel.






	Returns:

	The chosen indexes for the sample, or if return_info is True,
then returns a tuple of chosen and the info dictionary.



	Return type:

	ndarray | Tuple[ndarray, Dict]



	Raises:

	TimeSampleError – if sampling is impossible






	Possible Related Work:
	
	Random Stratified Sampling Affinity Matrix


	A quasi-random sampling approach to image retrieval








Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling import *  # NOQA
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.affinity import *  # NOQA
>>> low = datetime_cls.now().timestamp()
>>> high = low + datetime_mod.timedelta(days=365 * 5).total_seconds()
>>> rng = kwarray.ensure_rng(0)
>>> unixtimes = np.array(sorted(rng.randint(low, high, 113)), dtype=float)
>>> #
>>> affinity = soft_frame_affinity(unixtimes, version=2, time_span='1d')['final']
>>> include_indices = [5]
>>> size = 5
>>> chosen, info = affinity_sample(affinity, size, include_indices, update_rule='pairwise',
>>>                                return_info=True, deterministic=True)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.plots import show_affinity_sample_process
>>> sns = kwplot.autosns()
>>> plt = kwplot.autoplt()
>>> show_affinity_sample_process(chosen, info)
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Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling import *  # NOQA
>>> low = datetime_cls.now().timestamp()
>>> high = low + datetime_mod.timedelta(days=365 * 5).total_seconds()
>>> rng = kwarray.ensure_rng(0)
>>> unixtimes = np.array(sorted(rng.randint(low, high, 5)), dtype=float)
>>> self = TimeWindowSampler(unixtimes, sensors=None, time_window=4,
>>>     affinity_type='soft2', time_span='0.3y',
>>>     update_rule='distribute+pairwise', allow_fewer=False)
>>> self.deterministic = False
>>> import pytest
>>> with pytest.raises(IndexError):
>>>     self.sample(0, exclude=[1, 2, 4], error_level=3)
>>> with pytest.raises(IndexError):
>>>     self.sample(0, exclude=[1, 2, 4], error_level=2)
>>> self.sample(0, exclude=[1, 2, 4], error_level=1)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> chosen, info = self.show_procedure(idx=0, fnum=10, exclude=[1, 2, 4])
>>> print('info = {}'.format(ub.urepr(info, nl=4)))





Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling import *  # NOQA
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.utils import coerce_time_kernel
>>> import kwarray
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> coco_fpath = data_dvc_dpath / 'Drop6/imgonly-KR_R001.kwcoco.json'
>>> dset = geowatch.coerce_kwcoco(coco_fpath)
>>> vidid = dset.dataset['videos'][0]['id']
>>> time_kernel_code = '-3m,-1w,0,3m,1y'
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_window=5,
>>>     time_kernel=time_kernel_code,
>>>     affinity_type='soft3',
>>>     update_rule='')
>>> self.deterministic = False
>>> self.show_affinity()
>>> include_indices = [len(self.unixtimes) // 2]
>>> exclude_indices = []
>>> affinity = self.affinity
>>> size = self.time_window
>>> deterministic = self.deterministic
>>> update_rule = self.update_rule
>>> unixtimes = self.unixtimes
>>> gamma = self.gamma
>>> time_kernel = self.time_kernel
>>> rng = kwarray.ensure_rng(None)
>>> deterministic = True
>>> return_info = True
>>> error_level = 2
>>> chosen, info = affinity_sample(
>>>     affinity=affinity,
>>>     size=size,
>>>     include_indices=include_indices,
>>>     exclude_indices=exclude_indices,
>>>     update_rule=update_rule,
>>>     gamma=gamma,
>>>     deterministic=deterministic,
>>>     error_level=error_level,
>>>     rng=rng,
>>>     return_info=return_info,
>>>     time_kernel=time_kernel,
>>>     unixtimes=unixtimes,
>>> )
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> info['title_suffix'] = chr(10) + time_kernel_code
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.plots import show_affinity_sample_process
>>> show_affinity_sample_process(chosen, info, fnum=1)










	
geowatch.tasks.fusion.datamodules.temporal_sampling.affinity.make_soft_mask(time_kernel, relative_unixtimes)

	Assign probabilities to real observations based on an ideal time kernel


	Parameters:

	
	time_kernel (ndarray) – A list of relative seconds in the time kernel. Each element in this
list is referred to as a “kernel entry”.


	relative_unixtimes (ndarray) – A list of available unixtimes corresponding to real observations.
These should be relative to an “ideal” center. I.e. the “main”
observation the kernel is centered around should have a relative
unixtime of zero.






	Returns:

	A tuple of (kernel_masks, kernel_attrs).  For each element in the
time kernel there is a corresponding entry in the output
kernel_masks and kernel_attrs list, with the former being a
probability assigned to each observation for that particular kernel
entry, and the latter is a dictionary of information about that
kernel entry.



	Return type:

	Tuple[List[ndarray], List[Dict]]





Example

>>> # Generates the time kernel visualization
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.affinity import *  # NOQA
>>> time_kernel = coerce_time_kernel('-1H,-5M,0,5M,1H')
>>> relative_unixtimes = coerce_time_kernel('-90M,-70M,-50M,0,1sec,10S,30M')
>>> # relative_unixtimes = coerce_time_kernel('-90M,-70M,-50M,-20M,-10M,0,1sec,10S,30M,57M,87M')
>>> kernel_masks, kernel_attrs = make_soft_mask(time_kernel, relative_unixtimes)
>>> #
>>> min_t = min(kattr['left'] for kattr in kernel_attrs)
>>> max_t = max(kattr['right'] for kattr in kernel_attrs)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwimage
>>> import kwplot
>>> plt = kwplot.autoplt()
>>> kwplot.figure(fnum=1, doclf=1)
>>> kernel_color = kwimage.Color.coerce('kitware_green').as01()
>>> obs_color = kwimage.Color.coerce('kitware_blue').as01()
>>> #
>>> kwplot.figure(fnum=1, pnum=(2, 1, 1))
>>> plt.plot(time_kernel, [0] * len(time_kernel), '-o', color=kernel_color, label='kernel')
>>> #
>>> for kattr in kernel_attrs:
>>>     rv = kattr['rv']
>>>     xs = np.linspace(min_t, max_t, 1000)
>>>     ys = rv.pdf(xs)
>>>     ys_norm = ys / ys.sum()
>>>     plt.plot(xs, ys_norm)
>>> #
>>> ax = plt.gca()
>>> ax.legend()
>>> ax.set_xlabel('time')
>>> ax.set_ylabel('ideal probability')
>>> ax.set_title('ideal kernel')
>>> #
>>> kwplot.figure(fnum=1, pnum=(2, 1, 2))
>>> plt.plot(relative_unixtimes, [0] * len(relative_unixtimes), '-o', color=obs_color, label='observation')
>>> ax = plt.gca()
>>> #
>>> for kattr in kernel_attrs:
>>>     rv = kattr['rv']
>>>     xs = relative_unixtimes
>>>     ys = rv.pdf(xs)
>>>     ys_norm = ys / ys.sum()
>>>     plt.plot(xs, ys_norm)
>>> ax.legend()
>>> ax.set_xlabel('time')
>>> ax.set_ylabel('sample probability')
>>> ax.set_title('discrete observations')
>>> plt.subplots_adjust(top=0.9, hspace=.3)
>>> kwplot.show_if_requested()
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Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.affinity import *  # NOQA
>>> time_kernel = coerce_time_kernel('-1H,-5M,0,5M,1H')
>>> relative_unixtimes = [np.nan] * 10
>>> # relative_unixtimes = coerce_time_kernel('-90M,-70M,-50M,-20M,-10M,0,1sec,10S,30M,57M,87M')
>>> kernel_masks, kernel_attrs = make_soft_mask(time_kernel, relative_unixtimes)










	
geowatch.tasks.fusion.datamodules.temporal_sampling.affinity._handle_degenerate_weights(affinity, size, chosen, exclude_indices, errors, error_level, return_info, rng)

	Called by affinity_sample() when the exact requested sampling is
impossible. Depending on the error level this function either tries to
recover or raises an error with debug info.






	
geowatch.tasks.fusion.datamodules.temporal_sampling.affinity.hard_time_sample_pattern(unixtimes, time_window, time_kernel=None, time_span=None)

	Finds hard time sampling indexes


	Parameters:

	
	unixtimes (ndarray) – list of unix timestamps indicating available temporal samples


	time_window (int) – number of frames per sample








References

https://docs.google.com/presentation/d/1GSOaY31cKNERQObl_L3vk0rGu6zU7YM_ZFLrdksHSC0/edit#slide=id.p

Example

>>> low = datetime_cls.now().timestamp()
>>> high = low + datetime_mod.timedelta(days=365 * 5).total_seconds()
>>> rng = kwarray.ensure_rng(0)
>>> base_unixtimes = np.array(sorted(rng.randint(low, high, 20)), dtype=float)
>>> unixtimes = base_unixtimes.copy()
>>> #unixtimes[rng.rand(*unixtimes.shape) < 0.1] = np.nan
>>> time_window = 5
>>> sample_idxs = hard_time_sample_pattern(unixtimes, time_window, time_span='2y')
>>> name = 'demo-data'





>>> #unixtimes[:] = np.nan
>>> time_window = 5
>>> sample_idxs = hard_time_sample_pattern(unixtimes, time_window, time_span='2y')
>>> name = 'demo-data'










	
geowatch.tasks.fusion.datamodules.temporal_sampling.affinity.soft_frame_affinity(unixtimes, sensors=None, time_kernel=None, time_span=None, version=1, heuristics='default')

	Produce a pairwise affinity weights between frames based on a dilated time
heuristic.

Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.affinity import *  # NOQA
>>> low = datetime_mod.datetime.now().timestamp()
>>> high = low + datetime_mod.timedelta(days=365 * 5).total_seconds()
>>> rng = kwarray.ensure_rng(0)
>>> base_unixtimes = np.array(sorted(rng.randint(low, high, 113)), dtype=float)





>>> # Test no missing data case
>>> unixtimes = base_unixtimes.copy()
>>> allhave_weights = soft_frame_affinity(unixtimes, version=2)
>>> #
>>> # Test all missing data case
>>> unixtimes = np.full_like(unixtimes, fill_value=np.nan)
>>> allmiss_weights = soft_frame_affinity(unixtimes, version=2)
>>> #
>>> # Test partial missing data case
>>> unixtimes = base_unixtimes.copy()
>>> unixtimes[rng.rand(*unixtimes.shape) < 0.1] = np.nan
>>> anymiss_weights_1 = soft_frame_affinity(unixtimes, version=2)
>>> unixtimes = base_unixtimes.copy()
>>> unixtimes[rng.rand(*unixtimes.shape) < 0.5] = np.nan
>>> anymiss_weights_2 = soft_frame_affinity(unixtimes, version=2)
>>> unixtimes = base_unixtimes.copy()
>>> unixtimes[rng.rand(*unixtimes.shape) < 0.9] = np.nan
>>> anymiss_weights_3 = soft_frame_affinity(unixtimes, version=2)





>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autoplt()
>>> pnum_ = kwplot.PlotNums(nCols=5)
>>> kwplot.figure(fnum=1, doclf=True)
>>> # kwplot.imshow(kwimage.normalize(daylight_weights))
>>> kwplot.imshow(kwimage.normalize(allhave_weights['final']), pnum=pnum_(), title='no missing dates')
>>> kwplot.imshow(kwimage.normalize(anymiss_weights_1['final']), pnum=pnum_(), title='any missing dates (0.1)')
>>> kwplot.imshow(kwimage.normalize(anymiss_weights_2['final']), pnum=pnum_(), title='any missing dates (0.5)')
>>> kwplot.imshow(kwimage.normalize(anymiss_weights_3['final']), pnum=pnum_(), title='any missing dates (0.9)')
>>> kwplot.imshow(kwimage.normalize(allmiss_weights['final']), pnum=pnum_(), title='all missing dates')





>>> import pandas as pd
>>> sns = kwplot.autosns()
>>> fig = kwplot.figure(fnum=2, doclf=True)
>>> kwplot.imshow(kwimage.normalize(allhave_weights['final']), pnum=(1, 3, 1), title='pairwise affinity')
>>> row_idx = 5
>>> df = pd.DataFrame({k: v[row_idx] for k, v in allhave_weights.items()})
>>> df['index'] = np.arange(df.shape[0])
>>> data = df.drop(['final'], axis=1).melt(['index'])
>>> kwplot.figure(fnum=2, pnum=(1, 3, 2))
>>> sns.lineplot(data=data, x='index', y='value', hue='variable')
>>> fig.gca().set_title('Affinity components for row={}'.format(row_idx))
>>> kwplot.figure(fnum=2, pnum=(1, 3, 3))
>>> sns.lineplot(data=df, x='index', y='final')
>>> fig.gca().set_title('Affinity components for row={}'.format(row_idx))
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Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling import *  # NOQA
>>> import geowatch
>>> import kwimage
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> coco_fpath = data_dvc_dpath / 'Drop6/imgonly-KR_R001.kwcoco.json'
>>> dset = geowatch.coerce_kwcoco(coco_fpath)
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(dset, vidid, time_window=5, time_kernel='-1y,-3m,0,3m,1y', affinity_type='soft3')
>>> unixtimes = self.unixtimes
>>> sensors = self.sensors
>>> time_kernel = self.time_kernel
>>> time_span = None
>>> version = 4
>>> heuristics = 'default'
>>> weights = soft_frame_affinity(unixtimes, sensors, time_kernel, time_span, version, heuristics)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autoplt()
>>> pnum_ = kwplot.PlotNums(nCols=5)
>>> kwplot.figure(fnum=1, doclf=True)
>>> kwplot.imshow(kwimage.normalize(weights['final']), pnum=pnum_(), title='all missing dates')





>>> import pandas as pd
>>> sns = kwplot.autosns()
>>> fig = kwplot.figure(fnum=2, doclf=True)
>>> kwplot.imshow(weights['final'], pnum=(1, 3, 1), title='pairwise affinity', cmap='viridis')
>>> row_idx = 200
>>> df = pd.DataFrame({k: v[row_idx] for k, v in weights.items()})
>>> df['index'] = np.arange(df.shape[0])
>>> data = df.drop(['final'], axis=1).melt(['index'])
>>> kwplot.figure(fnum=2, pnum=(1, 3, 2))
>>> sns.lineplot(data=data, x='index', y='value', hue='variable')
>>> fig.gca().set_title('Affinity components for row={}'.format(row_idx))
>>> kwplot.figure(fnum=2, pnum=(1, 3, 3))
>>> sns.lineplot(data=df, x='index', y='final')
>>> fig.gca().set_title('Affinity components for row={}'.format(row_idx))










	
geowatch.tasks.fusion.datamodules.temporal_sampling.affinity.hard_frame_affinity(unixtimes, sensors, time_window, time_kernel=None, time_span=None, blur=False)

	




	
geowatch.tasks.fusion.datamodules.temporal_sampling.affinity.cython_aff_samp_mod()

	Old JIT code, no longer works








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.datamodules.temporal_sampling.affinity_sampling module




            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.datamodules.temporal_sampling.exceptions module


	
exception geowatch.tasks.fusion.datamodules.temporal_sampling.exceptions.TimeSampleError

	Bases: IndexError [https://docs.python.org/3/library/exceptions.html#IndexError]








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.datamodules.temporal_sampling.plots module


	
geowatch.tasks.fusion.datamodules.temporal_sampling.plots.show_affinity_sample_process(chosen, info, fnum=1)

	Debugging / demo visualization of the iterative sample algorithm.
For details see TimeWindowSampler.show_procedure().






	
geowatch.tasks.fusion.datamodules.temporal_sampling.plots.plot_dense_sample_indices(sample_idxs, unixtimes, title_suffix='', linewidths=0)

	Visualization helper


	Parameters:

	
	sample_idxs (List[List[int]] | ArrayLike[ndim=2]) – A list of frame indexes that index into unixtimes.
I.e. multiple samples of frame index groups.


	unixtimes (List | ArrayLike[ndim=1] | None) – [
An array of unix timestamps corresonding to frame indexes.
If unspecified, then frame indexes are shown directly.








Example

>>> unixtimes = None
>>> sample_idxs = [
>>>     [0, 1, 2],
>>>     [3, 5, 6],
>>>     [2, 3, 6],
>>> ]
>>> plot_dense_sample_indices(sample_idxs, unixtimes)










	
geowatch.tasks.fusion.datamodules.temporal_sampling.plots.plot_temporal_sample_indices(sample_idxs, unixtimes=None, sensors=None, title_suffix='')

	Visualization helper


	Parameters:

	
	sample_idxs (List[List[int]]) – A list of frame indexes that index into unixtimes.
I.e. multiple samples of frame index groups.


	unixtimes (List | None) – An array of unix timestamps corresonding to frame indexes.
If unspecified, then frame indexes are shown directly.








Example

>>> unixtimes = None
>>> sample_idxs = [
>>>     [0, 1, 2],
>>>     [3, 5, 6],
>>>     [2, 3, 6],
>>> ]
>>> plot_temporal_sample_indices(sample_idxs, unixtimes)










	
geowatch.tasks.fusion.datamodules.temporal_sampling.plots.plot_temporal_sample(affinity, sample_idxs, unixtimes, sensors=None, fnum=1)

	Visualization helper








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.datamodules.temporal_sampling.sampler module

This module defines our generalized time sampling strategy.

This is used to define our dilated time sampling.

This following doctest illustrates the method on project data.

CommandLine

SMART_DATA_DVC_DPATH=1 XDEV_PROFILE=1 xdoctest -m geowatch.tasks.fusion.datamodules.temporal_sampling __doc__:3
SMART_DATA_DVC_DPATH=1 xdoctest -m geowatch.tasks.fusion.datamodules.temporal_sampling __doc__:3





Example

>>> # Basic overview demo of the algorithm
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import geowatch
>>> dset = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, dates=True, num_frames=16, image_size=(8, 8))
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_window=5,
>>>     affinity_type='soft2', time_span='8m', update_rule='distribute',
>>> )
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> plt = kwplot.autoplt()
>>> self.show_summary(samples_per_frame=3, fnum=3)
>>> self.show_procedure(fnum=1)
>>> plt.subplots_adjust(top=0.9)
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Example

>>> # Demo multiple different settings
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import geowatch
>>> dset = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, dates=True, num_frames=16, image_size=(8, 8))
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_window=7,
>>>     affinity_type='uniform', time_span='8m', update_rule='',
>>> )
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> plt = kwplot.autoplt()
>>> self.update_affinity(affinity_type='contiguous')
>>> self.show_summary(samples_per_frame=3, fnum=1)
>>> self.show_procedure(fnum=4)
>>> plt.subplots_adjust(top=0.9)
>>> self.update_affinity(affinity_type='soft2')
>>> self.show_summary(samples_per_frame=3, fnum=2)
>>> self.show_procedure(fnum=5)
>>> plt.subplots_adjust(top=0.9)
>>> self.update_affinity(affinity_type='hardish3')
>>> self.show_summary(samples_per_frame=3, fnum=3)
>>> self.show_procedure(fnum=6)
>>> self.update_affinity(affinity_type='uniform')
>>> self.show_summary(samples_per_frame=3, fnum=3)
>>> self.show_procedure(fnum=6)
>>> plt.subplots_adjust(top=0.9)
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Example

>>> # Demo corner case where there are too few observations
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import geowatch
>>> dset = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, dates=True, num_frames=1, num_videos=1, image_size=(8, 8))
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_window=2,
>>>     affinity_type='hardish3', time_span='1y', update_rule='',
>>> )
>>> idxs = self.sample()
>>> print(f'idxs={idxs}')
idxs=[0, 0]
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> plt = kwplot.autoplt()
>>> self.show_summary(samples_per_frame=3, fnum=1)
>>> self.show_procedure(fnum=4)
>>> plt.subplots_adjust(top=0.9)
>>> kwplot.show_if_requested()
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Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> coco_fpath = data_dvc_dpath / 'Drop6/imganns-KR_R001.kwcoco.zip'
>>> dset = geowatch.coerce_kwcoco(coco_fpath)
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_kernel='-1y,-8m,-2w,0,2w,8m,1y',
>>>     affinity_type='soft4', update_rule='', deterministic=True
>>>     #time_window=5,
>>>     #affinity_type='hardish3', time_span='3m', update_rule='pairwise+distribute', deterministic=True
>>> )
>>> idxs = self.sample()
>>> idxs = self.sample()
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> plt = kwplot.autoplt()
>>> self.show_summary(samples_per_frame=1, fnum=1)
>>> chosen, info = self.show_procedure(fnum=4, idx=10)
>>> plt.subplots_adjust(top=0.9)
>>> kwplot.show_if_requested()





Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling import *  # NOQA
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> coco_fpath = data_dvc_dpath / 'Drop6/imganns-KR_R001.kwcoco.zip'
>>> dset = geowatch.coerce_kwcoco(coco_fpath)
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = MultiTimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_window=11,
>>>     affinity_type='uniform-soft2-hardish3', update_rule=[''], gamma=2,
>>>     time_span='6m-1y')
>>> self.sample()
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autosns()
>>> self.show_summary(3)
>>> kwplot.show_if_requested()





Example

>>> # xdoctest: +SKIP
>>> # TODO: fix the time kernel
>>> # Test under / over sample with time kernels
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import geowatch
>>> dset = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, dates=True, num_frames=16, image_size=(8, 8))
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_window=4,
>>>     affinity_type='uniform', update_rule='', time_kernel='-1y,0,1y',
>>> )
>>> self.sample()






	
class geowatch.tasks.fusion.datamodules.temporal_sampling.sampler.CommonSamplerMixin

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
classmethod from_coco_video(dset, vidid, gids=None, **kwargs)

	




	
classmethod from_datetimes(datetimes, time_span='full', affinity_type='soft2', **kwargs)

	








	
class geowatch.tasks.fusion.datamodules.temporal_sampling.sampler.MultiTimeWindowSampler(unixtimes, sensors, time_window=None, affinity_type='hard', update_rule='distribute', deterministic=False, gamma=1, time_span=None, time_kernel=None, name='?', allow_fewer=True)

	Bases: CommonSamplerMixin

A wrapper that contains multiple time window samplers with different
affinity matrices to increase the diversity of temporal sampling.

Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import datetime as datetime_mod
>>> from datetime import datetime as datetime_cls
>>> low = datetime_cls.now().timestamp()
>>> high = low + datetime_mod.timedelta(days=365 * 5).total_seconds()
>>> rng = kwarray.ensure_rng(0)
>>> unixtimes = np.array(sorted(rng.randint(low, high, 32)), dtype=float)
>>> sensors = ['a' for _ in range(len(unixtimes))]
>>> time_window = 5
>>> self = MultiTimeWindowSampler(
>>>     unixtimes=unixtimes, sensors=sensors, time_window=time_window, update_rule='pairwise+distribute',
>>>     #time_span=['2y', '1y', '5m'])
>>>     time_span='7d-1m',
>>>     affinity_type='soft2')
>>> self.sample()
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autosns()
>>> self.show_summary(10)





[image: ../_images/fig_geowatch_tasks_fusion_datamodules_temporal_sampling_sampler_MultiTimeWindowSampler_002.jpeg]
Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import datetime as datetime_mod
>>> from datetime import datetime as datetime_cls
>>> low = datetime_cls.now().timestamp()
>>> high = low + datetime_mod.timedelta(days=365 * 5).total_seconds()
>>> rng = kwarray.ensure_rng(0)
>>> unixtimes = np.array(sorted(rng.randint(low, high, 32)), dtype=float)
>>> sensors = ['a' for _ in range(len(unixtimes))]
>>> time_window = 5
>>> self = MultiTimeWindowSampler(
>>>     unixtimes=unixtimes, sensors=sensors, time_window=time_window, update_rule='distribute',
>>>     time_kernel=['-1y,-3m,0,3m,+1y', '-1m,-1d,0,1d,1m'],
>>>     affinity_type='soft2')
>>> self.sample()
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autosns()
>>> self.show_summary(10, show_indexes=1, fnum=1)
>>> list(self.sub_samplers.values())[0].show_summary(10, show_indexes=1, fnum=2)
>>> list(self.sub_samplers.values())[1].show_summary(10, show_indexes=1, fnum=3)
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self.subplots_adjust


	Parameters:

	
	time_span (List[List[str]]) – a list of time spans. e.g. [‘2y’, ‘1y’, ‘5m’]


	time_kernel (List[str]) – a list of time kernels.









	
_build()

	




	
sample(main_frame_idx=None, include=None, exclude=None, return_info=False, error_level=0, rng=None)

	Chooses a sub-sampler and samples from it.


	Parameters:

	
	main_frame_idx (int) – “main” sample index.


	include (List[int]) – other indexes forced to be included


	exclude (List[int]) – other indexes forced to be excluded


	return_info (bool) – for debugging / introspection


	error_level (int) – See affinity_sample().






	Returns:

	ndarray | Tuple[ndarray, Dict]










	
property affinity

	Approximate combined affinity, for this multi-sampler






	
show_summary(samples_per_frame=1, show_indexes=0, fnum=1)

	Similar to TimeWindowSampler.show_summary()










	
class geowatch.tasks.fusion.datamodules.temporal_sampling.sampler.TimeWindowSampler(unixtimes, sensors, time_window=None, affinity_type='hard', update_rule='distribute', deterministic=False, gamma=1, time_span=None, time_kernel=None, affkw=None, name='?', allow_fewer=True)

	Bases: CommonSamplerMixin

Object oriented API to produce random temporal samples given a set of
keyframes with metadata.

This works by computing a pairwise “affinity” NxN matrix for each of the N
keyframes. The details of the affinity matrix depend on parameters passed
to this object. Intuitively, the value at Affinity[i, j] represents how
much frame-i “wants” to be in the same sample as frame-j.


	Parameters:

	
	unixtimes (List[int]) – list of unix timestamps for each frame


	sensors (List[str]) – list of attributes for each frame


	time_window (int) – number of frames to sample


	affinity_type (str) – Method for computing the affinity matrix for the underlying
sampling algorithm. Can be:


“soft” - The old generalized random affinity matrix.
“soft2” - The new generalized random affinity matrix.
“soft3” - The newer generalized random affinity matrix.
“hard” - A simplified affinity algorithm.
“hardish” - Like hard, but with a blur.
“contiguous” - Neighboring frames get high affinity.






	update_rule (str) – “+” separated string that can contain {“distribute”, “pairwise”}.
See affinity_sample() for details.


	gamma (float) – Modulates sampling probability. Higher values
See affinity_sample() for details.


	time_span (Coercible[datetime.timedelta]) – The ideal distince in time that frames should be separated in.
This is typically a string code. E.g. “1y” is one year.


	name (str) – A name for this object.  For developer convinience, has no
influence on the algorithm.


	deterministic (bool) – if True, on each step we choose the next timestamp with maximum
probability. Otherwise, we randomly choose a timestep, but with
probability according to the current distribution.  This is an
attribute, which can be modified to change behavior (not thread
safe).






	Variables:

	main_indexes – 





Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> import os
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import kwcoco
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> coco_fpath = data_dvc_dpath / 'Drop6/data_vali_split1.kwcoco.zip'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_window=5,
>>>     affinity_type='hardish3', time_span='1y',
>>>     update_rule='distribute')
>>> self.deterministic = False
>>> self.show_summary(samples_per_frame=1, fnum=1)
>>> self.deterministic = True
>>> self.show_summary(samples_per_frame=3, fnum=2)






	
update_affinity(affinity_type=None, update_rule=None)

	Construct the affinity matrix given the current affinity_type.

Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> import os
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> coco_fpath = dvc_dpath / 'Drop6/data_vali_split1.kwcoco.zip'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_window=5,
>>>     affinity_type='contiguous',
>>>     update_rule='pairwise')
>>> self.deterministic = True
>>> self.show_procedure(fnum=1)










	
compute_affinity(affinity_type=None, update_rule=None)

	Construct the affinity matrix given the current affinity_type.

Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> import os
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> coco_fpath = dvc_dpath / 'Drop6/data_vali_split1.kwcoco.zip'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_window=5,
>>>     affinity_type='contiguous',
>>>     update_rule='pairwise')
>>> self.deterministic = True
>>> self.show_procedure(fnum=1)










	
property main_indexes

	




	
sample(main_frame_idx=None, include=None, exclude=None, return_info=False, error_level=0, rng=None)

	
	Parameters:

	
	main_frame_idx (int) – “main” sample index.


	include (List[int]) – other indexes forced to be included


	exclude (List[int]) – other indexes forced to be excluded


	return_info (bool) – for debugging / introspection


	error_level (int) – See affinity_sample().






	Returns:

	ndarray | Tuple[ndarray, Dict]





Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> import os
>>> import kwcoco
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> from geowatch.utils.util_data import find_dvc_dpath
>>> dvc_dpath = find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'Drop2-Aligned-TA1-2022-02-15/data.kwcoco.json'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_span='1y',
>>>     time_window=3,
>>>     affinity_type='soft2',
>>>     update_rule='distribute+pairwise')
>>> self.deterministic = False
>>> self.show_summary(samples_per_frame=1 if self.deterministic else 10, fnum=1)
>>> self.show_procedure(fnum=2)





Example

>>> import os
>>> import kwcoco
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import geowatch
>>> dset = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, dates=True, num_frames=32, image_size=(32, 32))
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_span='1y',
>>>     time_window=3,
>>>     affinity_type='soft2',
>>>     update_rule='distribute+pairwise')
>>> self.deterministic = True
>>> # xdoctest: +REQUIRES(--show)
>>> self.show_summary(samples_per_frame=1 if self.deterministic else 10, fnum=1)
>>> self.show_procedure(fnum=2)
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show_summary(samples_per_frame=1, fnum=1, show_indexes=False, with_temporal=True, compare_determ=True, title_suffix='')

	Visualize the affinity matrix and two views of a selected sample.

Plots a figure with three subfigures.


	The affinity matrix.




(2) A visualization of a random sampled over “index-space”.
A matrix M, where each row is a sample index, each column is a
timestep, M[i,j] = 1 (the cell is colored white) to indicate that a
sample-i includes timestep-j.

(3) A visualization of the same random sample over “time-space”.  A
plot where x is the time-axis is drawn, and vertical lines indicate the
selectable time indexes. For each sample, a horizontal line indicates
the timespan of the sample and an “x” denotes exactly which timesteps
are included in that sample.

Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> import os
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling import *  # NOQA
>>> from geowatch.utils.util_data import find_dvc_dpath
>>> import kwcoco
>>> # xdoctest: +REQUIRES(--show)
>>> dvc_dpath = find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'Drop6/data_vali_split1.kwcoco.zip'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> video_ids = list(ub.sorted_vals(dset.index.vidid_to_gids, key=len).keys())
>>> vidid = video_ids[2]
>>> # Demo behavior over a grid of parameters
>>> grid = list(ub.named_product({
>>>     'affinity_type': ['hard', 'soft2', 'hardish3', 'hardish2'],
>>>     'update_rule': ['distribute', 'pairwise+distribute'][0:1],
>>>     #'deterministic': [False, True],
>>>     'deterministic': [False],
>>>     'time_window': [5],
>>> }))
>>> import kwplot
>>> kwplot.autompl()
>>> for idx, kwargs in enumerate(grid):
>>>     print('kwargs = {!r}'.format(kwargs))
>>>     self = TimeWindowSampler.from_coco_video(dset, vidid, **kwargs)
>>>     self.show_summary(samples_per_frame=30, fnum=idx, show_indexes=False, deterministic=True)










	
show_affinity(fnum=3)

	Simple drawing of the affinity matrix.






	
show_procedure(idx=None, exclude=None, fnum=2, rng=None)

	Draw a figure that shows the process of performing on call to
TimeWindowSampler.sample(). Each row illustrates an iteration of
the algorithm. The left column draws the current indicies included in
the sample and the right column draws how that sample (corresponding to
the current row) influences the probability distribution for the next
row.

Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> import os
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling import *  # NOQA
>>> from geowatch.utils.util_data import find_dvc_dpath
>>> dvc_dpath = find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'Drop1-Aligned-L1-2022-01/data.kwcoco.json'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_window=5,
>>>     affinity_type='soft2',
>>>     update_rule='distribute+pairwise')
>>> self.deterministic = False
>>> self.show_procedure(idx=0, fnum=10)
>>> self.show_affinity(fnum=100)






	for idx in xdev.InteractiveIter(list(range(self.num_frames))):
	self.show_procedure(idx=idx, fnum=1)
xdev.InteractiveIter.draw()





self = TimeWindowSampler.from_coco_video(dset, vidid, time_window=5, affinity_type=’soft2’, update_rule=’distribute+pairwise’)
self.deterministic = True
self.show_summary(samples_per_frame=20, fnum=1)
self.deterministic = False
self.show_summary(samples_per_frame=20, fnum=2)

self = TimeWindowSampler.from_coco_video(dset, vidid, time_window=5, affinity_type=’hard’, update_rule=’distribute’)
self.deterministic = True
self.show_summary(samples_per_frame=20, fnum=3)
self.deterministic = False
self.show_summary(samples_per_frame=20, fnum=4)

self = TimeWindowSampler.from_coco_video(dset, vidid, time_window=5, affinity_type=’hardish’, update_rule=’distribute’)
self.deterministic = True
self.show_summary(samples_per_frame=20, fnum=5)
self.deterministic = False
self.show_summary(samples_per_frame=20, fnum=6)

>>> self.show_procedure(fnum=1)
>>> self.deterministic = True
>>> self.show_procedure(fnum=2)
>>> self.show_procedure(fnum=3)
>>> self.show_procedure(fnum=4)
>>> self.deterministic = False
>>> self.show_summary(samples_per_frame=3, fnum=10)
















            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.datamodules.temporal_sampling.time_kernel_grammar module

A grammar to allow the user to define one or more time kernels.
Because we use “,” as the main separator, groups must be enclosed in parans.

Example

>>> time_kernel = '-1y,-30d,-1d,0,1d,30d,1y'
>>> time_kernel = '(-1y,-30d,-1d,0,1d,30d,1y),(0),(-1,0,1)'






	
class geowatch.tasks.fusion.datamodules.temporal_sampling.time_kernel_grammar.MultiTimeKernelTransformer(visit_tokens: bool [https://docs.python.org/3/library/functions.html#bool] = True)

	Bases: Transformer


	
bare_kernel(items)

	




	
paren_kernel(items)

	




	
multi_kernel(items)

	




	
_abc_impl = <_abc._abc_data object>

	








	
geowatch.tasks.fusion.datamodules.temporal_sampling.time_kernel_grammar._global_multi_time_kernel_parser()

	




	
geowatch.tasks.fusion.datamodules.temporal_sampling.time_kernel_grammar.parse_multi_time_kernel(time_kernel)

	Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.time_kernel_grammar import *  # NOQA
>>> time_kernel = '-3h,-1h,-1min,0,1min,1h,3h'
>>> multi_kernel = parse_multi_time_kernel(time_kernel)
>>> print('multi_kernel = {}'.format(ub.urepr(multi_kernel, nl=1)))
multi_kernel = [
    np.array([-10800.,  -3600.,    -60.,      0.,     60.,   3600.,  10800.], dtype=np.float64),
]
>>> time_kernel = '(-1d,-3h,-1h,0,1h,3h,1d),(0),(-1,0,1)'
>>> multi_kernel = parse_multi_time_kernel(time_kernel)
>>> print('multi_kernel = {}'.format(ub.urepr(multi_kernel, nl=1)))
multi_kernel = [
    np.array([-86400., -10800.,  -3600.,      0.,   3600.,  10800.,  86400.], dtype=np.float64),
    np.array([0.], dtype=np.float64),
    np.array([-1.,  0.,  1.], dtype=np.float64),
]












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.datamodules.temporal_sampling.utils module


	
geowatch.tasks.fusion.datamodules.temporal_sampling.utils.guess_missing_unixtimes(unixtimes, assume_delta=86400)

	Hueristic solution to fill in missing time values via interpolation /
extrapolation.

To succesfully interpolate nan values must be between two non-nan values.
In all other cases we have to make an assumption about the timedelta
between frames, which can be specified and is one day by default.


	Parameters:

	
	unixtimes (ndarray) – numpy array of numeric unix timestamps that may
contain nan values.


	assume_delta (float) – The fallback delta between timesteps when surrounding context is
unavailable.  Defaults to 86400 seconds - i.e. 1 day.






	Returns:

	The same array, but nan values are filled with interpolated or
extrapolated values.



	Return type:

	ndarray





Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.utils import *  # NOQA
>>> import ubelt as ub
>>> cases = [
>>>     np.array([np.nan, np.nan, np.nan, np.nan, np.nan]),
>>>     np.array([np.nan, 20, 30, np.nan, np.nan]),
>>>     np.array([0, np.nan, np.nan, np.nan, 10]),
>>>     np.array([np.nan, np.nan, 9001, np.nan, np.nan]),
>>>     np.array([1, 2, 3, 4, 5]),
>>>     np.array([1, 2, np.nan, 4, 5]),
>>> ]
>>> for case_ in cases:
>>>     unixtimes = case_
>>>     print('case_ = {}'.format(ub.urepr(case_, nl=1)))
>>>     guess = guess_missing_unixtimes(unixtimes)
>>>     print('guess = {}'.format(ub.urepr(guess, nl=1)))










	
geowatch.tasks.fusion.datamodules.temporal_sampling.utils.coerce_time_kernel(pattern)

	Obtain a time kernel from user input


	Parameters:

	pattern (str | Iterable[str | Number]) – A string code or a iterable of time coercable time deltas in
ascending order. A pattern code is a ‘,’ separated string of
coercable time deltas.



	Returns:

	ascending timedelta offsets in seconds



	Return type:

	ndarray





Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.utils import *  # NOQA
>>> import ubelt as ub
>>> valid_patterns = [
>>>     '-1y,-30d,-1d,0,1d,30d,1y',
>>>     '-60s,0s,60s',
>>>     '-1d,-60s,20s,60s,1d',
>>>     '1,1,1,1,1',
>>>     '(1,1,1,1,1)',
>>> ]
>>> for pattern in valid_patterns:
>>>     kernel = coerce_time_kernel(pattern)
>>>     assert np.all(kernel == coerce_time_kernel(pattern)), 'should be idempotent'
>>>     print('kernel = {}'.format(ub.urepr(kernel.tolist(), nl=0)))
kernel = [-31536000.0, -2592000.0, -86400.0, 0.0, 86400.0, 2592000.0, 31536000.0]
kernel = [-60.0, 0.0, 60.0]
kernel = [-86400.0, -60.0, 20.0, 60.0, 86400.0]
kernel = [1.0, 1.0, 1.0, 1.0, 1.0]
kernel = [1.0, 1.0, 1.0, 1.0, 1.0]
>>> import pytest
>>> invalid_patterns = [
>>>     '3s,2s,1s'
>>>     '-10,5,3,-2,0,1'
>>> ]
>>> for pattern in invalid_patterns:
>>>     with pytest.raises(ValueError):
>>>         kernel = coerce_time_kernel(pattern)
>>> with pytest.raises(TypeError):
>>>     coerce_time_kernel(3.14)










	
geowatch.tasks.fusion.datamodules.temporal_sampling.utils.coerce_multi_time_kernel(pattern)

	Obtain a list of time kernels from user input.

Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.utils import *  # NOQA
>>> import ubelt as ub
>>> valid_patterns = [
>>>     '(-1d,0,1d),(1,2)',
>>>     '1,1,1',
>>>     '(1,1,1,1,1)',
>>>     ['-1,0,+1', '0'],
>>> ]
>>> for pattern in valid_patterns:
>>>     multi_kernel = coerce_multi_time_kernel(pattern)
>>>     recon = coerce_multi_time_kernel(multi_kernel)
>>>     a = [r.tolist() for r in recon]
>>>     b = [r.tolist() for r in multi_kernel]
>>>     assert a == b, 'should be idempotent'
>>>     print('multi_kernel = {}'.format(ub.urepr(multi_kernel, nl=1)))
multi_kernel = [
    np.array([-86400.,      0.,  86400.], dtype=np.float64),
    np.array([1., 2.], dtype=np.float64),
]
multi_kernel = [
    np.array([1., 1., 1.], dtype=np.float64),
]
multi_kernel = [
    np.array([1., 1., 1., 1., 1.], dtype=np.float64),
]
multi_kernel = [
    np.array([-1.,  0.,  1.], dtype=np.float64),
    np.array([0.], dtype=np.float64),
]





Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.utils import *  # NOQA
>>> import ubelt as ub
>>> pattern = ('-3y', '-2.5y', '-2y', '-1.5y', '-1y', 0, '1y', '1.5y', '2y', '2.5y', '3y')
>>> multi_kernel = coerce_multi_time_kernel(pattern)
>>> print('multi_kernel = {}'.format(ub.urepr(multi_kernel, nl=2)))





>>> # FIXME: Bug ambigous case
>>> pattern = ('-3y', '-2.5y', '-2y', '-1.5y', '-1y', '0', '1y', '1.5y', '2y', '2.5y', '3y')
>>> multi_kernel = coerce_multi_time_kernel(pattern)
>>> print('multi_kernel = {}'.format(ub.urepr(multi_kernel, nl=2)))












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.datamodules.temporal_sampling package


Submodules



	geowatch.tasks.fusion.datamodules.temporal_sampling.affinity module
	affinity_sample()

	make_soft_mask()

	_handle_degenerate_weights()

	hard_time_sample_pattern()

	soft_frame_affinity()

	hard_frame_affinity()

	cython_aff_samp_mod()





	geowatch.tasks.fusion.datamodules.temporal_sampling.exceptions module
	TimeSampleError





	geowatch.tasks.fusion.datamodules.temporal_sampling.plots module
	show_affinity_sample_process()

	plot_dense_sample_indices()

	plot_temporal_sample_indices()

	plot_temporal_sample()





	geowatch.tasks.fusion.datamodules.temporal_sampling.sampler module
	CommonSamplerMixin
	CommonSamplerMixin.from_coco_video()

	CommonSamplerMixin.from_datetimes()





	MultiTimeWindowSampler
	MultiTimeWindowSampler._build()
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Module contents

Temporal sampling submodule

mkinit ~/code/watch/geowatch/tasks/fusion/datamodules/temporal_sampling/__init__.py –lazy_loader -w


	
class geowatch.tasks.fusion.datamodules.temporal_sampling.CommonSamplerMixin

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
classmethod from_coco_video(dset, vidid, gids=None, **kwargs)

	




	
classmethod from_datetimes(datetimes, time_span='full', affinity_type='soft2', **kwargs)

	








	
class geowatch.tasks.fusion.datamodules.temporal_sampling.MultiTimeWindowSampler(unixtimes, sensors, time_window=None, affinity_type='hard', update_rule='distribute', deterministic=False, gamma=1, time_span=None, time_kernel=None, name='?', allow_fewer=True)

	Bases: CommonSamplerMixin

A wrapper that contains multiple time window samplers with different
affinity matrices to increase the diversity of temporal sampling.

Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import datetime as datetime_mod
>>> from datetime import datetime as datetime_cls
>>> low = datetime_cls.now().timestamp()
>>> high = low + datetime_mod.timedelta(days=365 * 5).total_seconds()
>>> rng = kwarray.ensure_rng(0)
>>> unixtimes = np.array(sorted(rng.randint(low, high, 32)), dtype=float)
>>> sensors = ['a' for _ in range(len(unixtimes))]
>>> time_window = 5
>>> self = MultiTimeWindowSampler(
>>>     unixtimes=unixtimes, sensors=sensors, time_window=time_window, update_rule='pairwise+distribute',
>>>     #time_span=['2y', '1y', '5m'])
>>>     time_span='7d-1m',
>>>     affinity_type='soft2')
>>> self.sample()
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autosns()
>>> self.show_summary(10)
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Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import datetime as datetime_mod
>>> from datetime import datetime as datetime_cls
>>> low = datetime_cls.now().timestamp()
>>> high = low + datetime_mod.timedelta(days=365 * 5).total_seconds()
>>> rng = kwarray.ensure_rng(0)
>>> unixtimes = np.array(sorted(rng.randint(low, high, 32)), dtype=float)
>>> sensors = ['a' for _ in range(len(unixtimes))]
>>> time_window = 5
>>> self = MultiTimeWindowSampler(
>>>     unixtimes=unixtimes, sensors=sensors, time_window=time_window, update_rule='distribute',
>>>     time_kernel=['-1y,-3m,0,3m,+1y', '-1m,-1d,0,1d,1m'],
>>>     affinity_type='soft2')
>>> self.sample()
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autosns()
>>> self.show_summary(10, show_indexes=1, fnum=1)
>>> list(self.sub_samplers.values())[0].show_summary(10, show_indexes=1, fnum=2)
>>> list(self.sub_samplers.values())[1].show_summary(10, show_indexes=1, fnum=3)
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self.subplots_adjust


	Parameters:

	
	time_span (List[List[str]]) – a list of time spans. e.g. [‘2y’, ‘1y’, ‘5m’]


	time_kernel (List[str]) – a list of time kernels.









	
_build()

	




	
sample(main_frame_idx=None, include=None, exclude=None, return_info=False, error_level=0, rng=None)

	Chooses a sub-sampler and samples from it.


	Parameters:

	
	main_frame_idx (int) – “main” sample index.


	include (List[int]) – other indexes forced to be included


	exclude (List[int]) – other indexes forced to be excluded


	return_info (bool) – for debugging / introspection


	error_level (int) – See affinity_sample().






	Returns:

	ndarray | Tuple[ndarray, Dict]










	
property affinity

	Approximate combined affinity, for this multi-sampler






	
show_summary(samples_per_frame=1, show_indexes=0, fnum=1)

	Similar to TimeWindowSampler.show_summary()










	
exception geowatch.tasks.fusion.datamodules.temporal_sampling.TimeSampleError

	Bases: IndexError [https://docs.python.org/3/library/exceptions.html#IndexError]






	
class geowatch.tasks.fusion.datamodules.temporal_sampling.TimeWindowSampler(unixtimes, sensors, time_window=None, affinity_type='hard', update_rule='distribute', deterministic=False, gamma=1, time_span=None, time_kernel=None, affkw=None, name='?', allow_fewer=True)

	Bases: CommonSamplerMixin

Object oriented API to produce random temporal samples given a set of
keyframes with metadata.

This works by computing a pairwise “affinity” NxN matrix for each of the N
keyframes. The details of the affinity matrix depend on parameters passed
to this object. Intuitively, the value at Affinity[i, j] represents how
much frame-i “wants” to be in the same sample as frame-j.


	Parameters:

	
	unixtimes (List[int]) – list of unix timestamps for each frame


	sensors (List[str]) – list of attributes for each frame


	time_window (int) – number of frames to sample


	affinity_type (str) – Method for computing the affinity matrix for the underlying
sampling algorithm. Can be:


“soft” - The old generalized random affinity matrix.
“soft2” - The new generalized random affinity matrix.
“soft3” - The newer generalized random affinity matrix.
“hard” - A simplified affinity algorithm.
“hardish” - Like hard, but with a blur.
“contiguous” - Neighboring frames get high affinity.






	update_rule (str) – “+” separated string that can contain {“distribute”, “pairwise”}.
See affinity_sample() for details.


	gamma (float) – Modulates sampling probability. Higher values
See affinity_sample() for details.


	time_span (Coercible[datetime.timedelta]) – The ideal distince in time that frames should be separated in.
This is typically a string code. E.g. “1y” is one year.


	name (str) – A name for this object.  For developer convinience, has no
influence on the algorithm.


	deterministic (bool) – if True, on each step we choose the next timestamp with maximum
probability. Otherwise, we randomly choose a timestep, but with
probability according to the current distribution.  This is an
attribute, which can be modified to change behavior (not thread
safe).






	Variables:

	main_indexes – 





Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> import os
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import kwcoco
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> coco_fpath = data_dvc_dpath / 'Drop6/data_vali_split1.kwcoco.zip'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_window=5,
>>>     affinity_type='hardish3', time_span='1y',
>>>     update_rule='distribute')
>>> self.deterministic = False
>>> self.show_summary(samples_per_frame=1, fnum=1)
>>> self.deterministic = True
>>> self.show_summary(samples_per_frame=3, fnum=2)






	
update_affinity(affinity_type=None, update_rule=None)

	Construct the affinity matrix given the current affinity_type.

Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> import os
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> coco_fpath = dvc_dpath / 'Drop6/data_vali_split1.kwcoco.zip'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_window=5,
>>>     affinity_type='contiguous',
>>>     update_rule='pairwise')
>>> self.deterministic = True
>>> self.show_procedure(fnum=1)










	
compute_affinity(affinity_type=None, update_rule=None)

	Construct the affinity matrix given the current affinity_type.

Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> import os
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> coco_fpath = dvc_dpath / 'Drop6/data_vali_split1.kwcoco.zip'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_window=5,
>>>     affinity_type='contiguous',
>>>     update_rule='pairwise')
>>> self.deterministic = True
>>> self.show_procedure(fnum=1)










	
property main_indexes

	




	
sample(main_frame_idx=None, include=None, exclude=None, return_info=False, error_level=0, rng=None)

	
	Parameters:

	
	main_frame_idx (int) – “main” sample index.


	include (List[int]) – other indexes forced to be included


	exclude (List[int]) – other indexes forced to be excluded


	return_info (bool) – for debugging / introspection


	error_level (int) – See affinity_sample().






	Returns:

	ndarray | Tuple[ndarray, Dict]





Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> import os
>>> import kwcoco
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> from geowatch.utils.util_data import find_dvc_dpath
>>> dvc_dpath = find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'Drop2-Aligned-TA1-2022-02-15/data.kwcoco.json'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_span='1y',
>>>     time_window=3,
>>>     affinity_type='soft2',
>>>     update_rule='distribute+pairwise')
>>> self.deterministic = False
>>> self.show_summary(samples_per_frame=1 if self.deterministic else 10, fnum=1)
>>> self.show_procedure(fnum=2)





Example

>>> import os
>>> import kwcoco
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.sampler import *  # NOQA
>>> import geowatch
>>> dset = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, dates=True, num_frames=32, image_size=(32, 32))
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_span='1y',
>>>     time_window=3,
>>>     affinity_type='soft2',
>>>     update_rule='distribute+pairwise')
>>> self.deterministic = True
>>> # xdoctest: +REQUIRES(--show)
>>> self.show_summary(samples_per_frame=1 if self.deterministic else 10, fnum=1)
>>> self.show_procedure(fnum=2)
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show_summary(samples_per_frame=1, fnum=1, show_indexes=False, with_temporal=True, compare_determ=True, title_suffix='')

	Visualize the affinity matrix and two views of a selected sample.

Plots a figure with three subfigures.


	The affinity matrix.




(2) A visualization of a random sampled over “index-space”.
A matrix M, where each row is a sample index, each column is a
timestep, M[i,j] = 1 (the cell is colored white) to indicate that a
sample-i includes timestep-j.

(3) A visualization of the same random sample over “time-space”.  A
plot where x is the time-axis is drawn, and vertical lines indicate the
selectable time indexes. For each sample, a horizontal line indicates
the timespan of the sample and an “x” denotes exactly which timesteps
are included in that sample.

Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> import os
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling import *  # NOQA
>>> from geowatch.utils.util_data import find_dvc_dpath
>>> import kwcoco
>>> # xdoctest: +REQUIRES(--show)
>>> dvc_dpath = find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'Drop6/data_vali_split1.kwcoco.zip'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> video_ids = list(ub.sorted_vals(dset.index.vidid_to_gids, key=len).keys())
>>> vidid = video_ids[2]
>>> # Demo behavior over a grid of parameters
>>> grid = list(ub.named_product({
>>>     'affinity_type': ['hard', 'soft2', 'hardish3', 'hardish2'],
>>>     'update_rule': ['distribute', 'pairwise+distribute'][0:1],
>>>     #'deterministic': [False, True],
>>>     'deterministic': [False],
>>>     'time_window': [5],
>>> }))
>>> import kwplot
>>> kwplot.autompl()
>>> for idx, kwargs in enumerate(grid):
>>>     print('kwargs = {!r}'.format(kwargs))
>>>     self = TimeWindowSampler.from_coco_video(dset, vidid, **kwargs)
>>>     self.show_summary(samples_per_frame=30, fnum=idx, show_indexes=False, deterministic=True)










	
show_affinity(fnum=3)

	Simple drawing of the affinity matrix.






	
show_procedure(idx=None, exclude=None, fnum=2, rng=None)

	Draw a figure that shows the process of performing on call to
TimeWindowSampler.sample(). Each row illustrates an iteration of
the algorithm. The left column draws the current indicies included in
the sample and the right column draws how that sample (corresponding to
the current row) influences the probability distribution for the next
row.

Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> import os
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling import *  # NOQA
>>> from geowatch.utils.util_data import find_dvc_dpath
>>> dvc_dpath = find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'Drop1-Aligned-L1-2022-01/data.kwcoco.json'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_window=5,
>>>     affinity_type='soft2',
>>>     update_rule='distribute+pairwise')
>>> self.deterministic = False
>>> self.show_procedure(idx=0, fnum=10)
>>> self.show_affinity(fnum=100)






	for idx in xdev.InteractiveIter(list(range(self.num_frames))):
	self.show_procedure(idx=idx, fnum=1)
xdev.InteractiveIter.draw()





self = TimeWindowSampler.from_coco_video(dset, vidid, time_window=5, affinity_type=’soft2’, update_rule=’distribute+pairwise’)
self.deterministic = True
self.show_summary(samples_per_frame=20, fnum=1)
self.deterministic = False
self.show_summary(samples_per_frame=20, fnum=2)

self = TimeWindowSampler.from_coco_video(dset, vidid, time_window=5, affinity_type=’hard’, update_rule=’distribute’)
self.deterministic = True
self.show_summary(samples_per_frame=20, fnum=3)
self.deterministic = False
self.show_summary(samples_per_frame=20, fnum=4)

self = TimeWindowSampler.from_coco_video(dset, vidid, time_window=5, affinity_type=’hardish’, update_rule=’distribute’)
self.deterministic = True
self.show_summary(samples_per_frame=20, fnum=5)
self.deterministic = False
self.show_summary(samples_per_frame=20, fnum=6)

>>> self.show_procedure(fnum=1)
>>> self.deterministic = True
>>> self.show_procedure(fnum=2)
>>> self.show_procedure(fnum=3)
>>> self.show_procedure(fnum=4)
>>> self.deterministic = False
>>> self.show_summary(samples_per_frame=3, fnum=10)














	
geowatch.tasks.fusion.datamodules.temporal_sampling.affinity_sample(affinity, size, include_indices=None, exclude_indices=None, allow_fewer=False, update_rule='pairwise', gamma=1, deterministic=False, time_kernel=None, unixtimes=None, error_level=2, rng=None, return_info=False, jit=False)

	Randomly select size timesteps from a larger pool based on affinity.

Given an NxN affinity matrix between frames and an initial set of indices
to include, chooses a sample of other frames to complete the sample.  Each
row and column in the affinity matrix represent a “selectable” timestamp.
Given an initial set of include_indices that indicate which timesteps
must be included in the sample. An iterative process is used to select
remaining indices such that size timesteps are returned. In each
iteration we choose the “next” timestep based on a probability distribution
derived from (1) the affinity matrix (2) the currently included set of
indexes and (3) the update rule.


	Parameters:

	
	affinity (ndarray) – pairwise affinity matrix


	size (int) – Number of sample indices to return


	include_indices (List[int]) – Indices that must be included in the sample


	exclude_indices (List[int]) – Indices that cannot be included in the sample


	allow_fewer (bool) – if True, we will allow fewer than the requested “size” samples to
be returned.


	update_rule (str) – Modifies how the affinity matrix is used to create the
probability distribution for the “next” frame that will be
selected.
a “+” separated string of codes which can contain:



	
	pairwise - if included, each newly chosen sample will
	modulate the initial “main” affinity with it’s own
affinity.  Otherwise, only the affinity of the initially
included rows are considered.







	
	distribute - if included, every step of weight updates will
	downweight samples temporally close to the most recently
selected sample.














	gamma (float, default=1.0) – Exponent that modulates the probability distribution. Lower gamma
will “flatten” the probability curve. At gamma=0, all frames will
be equally likely regardless of affinity. As gamma -> inf, the rule
becomes more likely to sample the maximum probability at each
timestep. In the limit this becomes equivalent to
deterministic=True.


	deterministic (bool) – if True, on each step we choose the next timestamp with maximum
probability. Otherwise, we randomly choose a timestep, but with
probability according to the current distribution.


	error_level (int) – Error and fallback behavior if perfect sampling is not possible.
error level 0:


might return excluded, duplicate indexes, or 0-affinity indexes
if everything else is exhausted.





	error level 1:
	duplicate indexes will raise an error



	error level 2:
	duplicate and excluded indexes will raise an error



	error level 3:
	duplicate, excluded, and 0-affinity indexes will raise an error







	rng (Coercible[RandomState]) – random state for reproducible sampling


	return_info (bool) – If True, includes a dictionary of information that details the
internal steps the algorithm took.


	jit (bool) – NotImplemented - do not use


	time_kernel (ndarray) – if specified, the sample will attempt to conform to this time
kernel.






	Returns:

	The chosen indexes for the sample, or if return_info is True,
then returns a tuple of chosen and the info dictionary.



	Return type:

	ndarray | Tuple[ndarray, Dict]



	Raises:

	TimeSampleError – if sampling is impossible






	Possible Related Work:
	
	Random Stratified Sampling Affinity Matrix


	A quasi-random sampling approach to image retrieval








Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling import *  # NOQA
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.affinity import *  # NOQA
>>> low = datetime_cls.now().timestamp()
>>> high = low + datetime_mod.timedelta(days=365 * 5).total_seconds()
>>> rng = kwarray.ensure_rng(0)
>>> unixtimes = np.array(sorted(rng.randint(low, high, 113)), dtype=float)
>>> #
>>> affinity = soft_frame_affinity(unixtimes, version=2, time_span='1d')['final']
>>> include_indices = [5]
>>> size = 5
>>> chosen, info = affinity_sample(affinity, size, include_indices, update_rule='pairwise',
>>>                                return_info=True, deterministic=True)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.plots import show_affinity_sample_process
>>> sns = kwplot.autosns()
>>> plt = kwplot.autoplt()
>>> show_affinity_sample_process(chosen, info)
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Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling import *  # NOQA
>>> low = datetime_cls.now().timestamp()
>>> high = low + datetime_mod.timedelta(days=365 * 5).total_seconds()
>>> rng = kwarray.ensure_rng(0)
>>> unixtimes = np.array(sorted(rng.randint(low, high, 5)), dtype=float)
>>> self = TimeWindowSampler(unixtimes, sensors=None, time_window=4,
>>>     affinity_type='soft2', time_span='0.3y',
>>>     update_rule='distribute+pairwise', allow_fewer=False)
>>> self.deterministic = False
>>> import pytest
>>> with pytest.raises(IndexError):
>>>     self.sample(0, exclude=[1, 2, 4], error_level=3)
>>> with pytest.raises(IndexError):
>>>     self.sample(0, exclude=[1, 2, 4], error_level=2)
>>> self.sample(0, exclude=[1, 2, 4], error_level=1)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> chosen, info = self.show_procedure(idx=0, fnum=10, exclude=[1, 2, 4])
>>> print('info = {}'.format(ub.urepr(info, nl=4)))





Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling import *  # NOQA
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.utils import coerce_time_kernel
>>> import kwarray
>>> import geowatch
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> coco_fpath = data_dvc_dpath / 'Drop6/imgonly-KR_R001.kwcoco.json'
>>> dset = geowatch.coerce_kwcoco(coco_fpath)
>>> vidid = dset.dataset['videos'][0]['id']
>>> time_kernel_code = '-3m,-1w,0,3m,1y'
>>> self = TimeWindowSampler.from_coco_video(
>>>     dset, vidid,
>>>     time_window=5,
>>>     time_kernel=time_kernel_code,
>>>     affinity_type='soft3',
>>>     update_rule='')
>>> self.deterministic = False
>>> self.show_affinity()
>>> include_indices = [len(self.unixtimes) // 2]
>>> exclude_indices = []
>>> affinity = self.affinity
>>> size = self.time_window
>>> deterministic = self.deterministic
>>> update_rule = self.update_rule
>>> unixtimes = self.unixtimes
>>> gamma = self.gamma
>>> time_kernel = self.time_kernel
>>> rng = kwarray.ensure_rng(None)
>>> deterministic = True
>>> return_info = True
>>> error_level = 2
>>> chosen, info = affinity_sample(
>>>     affinity=affinity,
>>>     size=size,
>>>     include_indices=include_indices,
>>>     exclude_indices=exclude_indices,
>>>     update_rule=update_rule,
>>>     gamma=gamma,
>>>     deterministic=deterministic,
>>>     error_level=error_level,
>>>     rng=rng,
>>>     return_info=return_info,
>>>     time_kernel=time_kernel,
>>>     unixtimes=unixtimes,
>>> )
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> info['title_suffix'] = chr(10) + time_kernel_code
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.plots import show_affinity_sample_process
>>> show_affinity_sample_process(chosen, info, fnum=1)










	
geowatch.tasks.fusion.datamodules.temporal_sampling.cython_aff_samp_mod()

	Old JIT code, no longer works






	
geowatch.tasks.fusion.datamodules.temporal_sampling.guess_missing_unixtimes(unixtimes, assume_delta=86400)

	Hueristic solution to fill in missing time values via interpolation /
extrapolation.

To succesfully interpolate nan values must be between two non-nan values.
In all other cases we have to make an assumption about the timedelta
between frames, which can be specified and is one day by default.


	Parameters:

	
	unixtimes (ndarray) – numpy array of numeric unix timestamps that may
contain nan values.


	assume_delta (float) – The fallback delta between timesteps when surrounding context is
unavailable.  Defaults to 86400 seconds - i.e. 1 day.






	Returns:

	The same array, but nan values are filled with interpolated or
extrapolated values.



	Return type:

	ndarray





Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.utils import *  # NOQA
>>> import ubelt as ub
>>> cases = [
>>>     np.array([np.nan, np.nan, np.nan, np.nan, np.nan]),
>>>     np.array([np.nan, 20, 30, np.nan, np.nan]),
>>>     np.array([0, np.nan, np.nan, np.nan, 10]),
>>>     np.array([np.nan, np.nan, 9001, np.nan, np.nan]),
>>>     np.array([1, 2, 3, 4, 5]),
>>>     np.array([1, 2, np.nan, 4, 5]),
>>> ]
>>> for case_ in cases:
>>>     unixtimes = case_
>>>     print('case_ = {}'.format(ub.urepr(case_, nl=1)))
>>>     guess = guess_missing_unixtimes(unixtimes)
>>>     print('guess = {}'.format(ub.urepr(guess, nl=1)))










	
geowatch.tasks.fusion.datamodules.temporal_sampling.hard_frame_affinity(unixtimes, sensors, time_window, time_kernel=None, time_span=None, blur=False)

	




	
geowatch.tasks.fusion.datamodules.temporal_sampling.hard_time_sample_pattern(unixtimes, time_window, time_kernel=None, time_span=None)

	Finds hard time sampling indexes


	Parameters:

	
	unixtimes (ndarray) – list of unix timestamps indicating available temporal samples


	time_window (int) – number of frames per sample








References

https://docs.google.com/presentation/d/1GSOaY31cKNERQObl_L3vk0rGu6zU7YM_ZFLrdksHSC0/edit#slide=id.p

Example

>>> low = datetime_cls.now().timestamp()
>>> high = low + datetime_mod.timedelta(days=365 * 5).total_seconds()
>>> rng = kwarray.ensure_rng(0)
>>> base_unixtimes = np.array(sorted(rng.randint(low, high, 20)), dtype=float)
>>> unixtimes = base_unixtimes.copy()
>>> #unixtimes[rng.rand(*unixtimes.shape) < 0.1] = np.nan
>>> time_window = 5
>>> sample_idxs = hard_time_sample_pattern(unixtimes, time_window, time_span='2y')
>>> name = 'demo-data'





>>> #unixtimes[:] = np.nan
>>> time_window = 5
>>> sample_idxs = hard_time_sample_pattern(unixtimes, time_window, time_span='2y')
>>> name = 'demo-data'










	
geowatch.tasks.fusion.datamodules.temporal_sampling.plot_dense_sample_indices(sample_idxs, unixtimes, title_suffix='', linewidths=0)

	Visualization helper


	Parameters:

	
	sample_idxs (List[List[int]] | ArrayLike[ndim=2]) – A list of frame indexes that index into unixtimes.
I.e. multiple samples of frame index groups.


	unixtimes (List | ArrayLike[ndim=1] | None) – [
An array of unix timestamps corresonding to frame indexes.
If unspecified, then frame indexes are shown directly.








Example

>>> unixtimes = None
>>> sample_idxs = [
>>>     [0, 1, 2],
>>>     [3, 5, 6],
>>>     [2, 3, 6],
>>> ]
>>> plot_dense_sample_indices(sample_idxs, unixtimes)










	
geowatch.tasks.fusion.datamodules.temporal_sampling.plot_temporal_sample(affinity, sample_idxs, unixtimes, sensors=None, fnum=1)

	Visualization helper






	
geowatch.tasks.fusion.datamodules.temporal_sampling.plot_temporal_sample_indices(sample_idxs, unixtimes=None, sensors=None, title_suffix='')

	Visualization helper


	Parameters:

	
	sample_idxs (List[List[int]]) – A list of frame indexes that index into unixtimes.
I.e. multiple samples of frame index groups.


	unixtimes (List | None) – An array of unix timestamps corresonding to frame indexes.
If unspecified, then frame indexes are shown directly.








Example

>>> unixtimes = None
>>> sample_idxs = [
>>>     [0, 1, 2],
>>>     [3, 5, 6],
>>>     [2, 3, 6],
>>> ]
>>> plot_temporal_sample_indices(sample_idxs, unixtimes)










	
geowatch.tasks.fusion.datamodules.temporal_sampling.show_affinity_sample_process(chosen, info, fnum=1)

	Debugging / demo visualization of the iterative sample algorithm.
For details see TimeWindowSampler.show_procedure().






	
geowatch.tasks.fusion.datamodules.temporal_sampling.soft_frame_affinity(unixtimes, sensors=None, time_kernel=None, time_span=None, version=1, heuristics='default')

	Produce a pairwise affinity weights between frames based on a dilated time
heuristic.

Example

>>> from geowatch.tasks.fusion.datamodules.temporal_sampling.affinity import *  # NOQA
>>> low = datetime_mod.datetime.now().timestamp()
>>> high = low + datetime_mod.timedelta(days=365 * 5).total_seconds()
>>> rng = kwarray.ensure_rng(0)
>>> base_unixtimes = np.array(sorted(rng.randint(low, high, 113)), dtype=float)





>>> # Test no missing data case
>>> unixtimes = base_unixtimes.copy()
>>> allhave_weights = soft_frame_affinity(unixtimes, version=2)
>>> #
>>> # Test all missing data case
>>> unixtimes = np.full_like(unixtimes, fill_value=np.nan)
>>> allmiss_weights = soft_frame_affinity(unixtimes, version=2)
>>> #
>>> # Test partial missing data case
>>> unixtimes = base_unixtimes.copy()
>>> unixtimes[rng.rand(*unixtimes.shape) < 0.1] = np.nan
>>> anymiss_weights_1 = soft_frame_affinity(unixtimes, version=2)
>>> unixtimes = base_unixtimes.copy()
>>> unixtimes[rng.rand(*unixtimes.shape) < 0.5] = np.nan
>>> anymiss_weights_2 = soft_frame_affinity(unixtimes, version=2)
>>> unixtimes = base_unixtimes.copy()
>>> unixtimes[rng.rand(*unixtimes.shape) < 0.9] = np.nan
>>> anymiss_weights_3 = soft_frame_affinity(unixtimes, version=2)





>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autoplt()
>>> pnum_ = kwplot.PlotNums(nCols=5)
>>> kwplot.figure(fnum=1, doclf=True)
>>> # kwplot.imshow(kwimage.normalize(daylight_weights))
>>> kwplot.imshow(kwimage.normalize(allhave_weights['final']), pnum=pnum_(), title='no missing dates')
>>> kwplot.imshow(kwimage.normalize(anymiss_weights_1['final']), pnum=pnum_(), title='any missing dates (0.1)')
>>> kwplot.imshow(kwimage.normalize(anymiss_weights_2['final']), pnum=pnum_(), title='any missing dates (0.5)')
>>> kwplot.imshow(kwimage.normalize(anymiss_weights_3['final']), pnum=pnum_(), title='any missing dates (0.9)')
>>> kwplot.imshow(kwimage.normalize(allmiss_weights['final']), pnum=pnum_(), title='all missing dates')





>>> import pandas as pd
>>> sns = kwplot.autosns()
>>> fig = kwplot.figure(fnum=2, doclf=True)
>>> kwplot.imshow(kwimage.normalize(allhave_weights['final']), pnum=(1, 3, 1), title='pairwise affinity')
>>> row_idx = 5
>>> df = pd.DataFrame({k: v[row_idx] for k, v in allhave_weights.items()})
>>> df['index'] = np.arange(df.shape[0])
>>> data = df.drop(['final'], axis=1).melt(['index'])
>>> kwplot.figure(fnum=2, pnum=(1, 3, 2))
>>> sns.lineplot(data=data, x='index', y='value', hue='variable')
>>> fig.gca().set_title('Affinity components for row={}'.format(row_idx))
>>> kwplot.figure(fnum=2, pnum=(1, 3, 3))
>>> sns.lineplot(data=df, x='index', y='final')
>>> fig.gca().set_title('Affinity components for row={}'.format(row_idx))





[image: ../_images/fig_geowatch_tasks_fusion_datamodules_temporal_sampling_soft_frame_affinity_002.jpeg]
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Example

>>> # xdoctest: +REQUIRES(env:SMART_DATA_DVC_DPATH)
>>> from geowatch.tasks.fusion.datamodules.temporal_sampling import *  # NOQA
>>> import geowatch
>>> import kwimage
>>> data_dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> coco_fpath = data_dvc_dpath / 'Drop6/imgonly-KR_R001.kwcoco.json'
>>> dset = geowatch.coerce_kwcoco(coco_fpath)
>>> vidid = dset.dataset['videos'][0]['id']
>>> self = TimeWindowSampler.from_coco_video(dset, vidid, time_window=5, time_kernel='-1y,-3m,0,3m,1y', affinity_type='soft3')
>>> unixtimes = self.unixtimes
>>> sensors = self.sensors
>>> time_kernel = self.time_kernel
>>> time_span = None
>>> version = 4
>>> heuristics = 'default'
>>> weights = soft_frame_affinity(unixtimes, sensors, time_kernel, time_span, version, heuristics)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autoplt()
>>> pnum_ = kwplot.PlotNums(nCols=5)
>>> kwplot.figure(fnum=1, doclf=True)
>>> kwplot.imshow(kwimage.normalize(weights['final']), pnum=pnum_(), title='all missing dates')





>>> import pandas as pd
>>> sns = kwplot.autosns()
>>> fig = kwplot.figure(fnum=2, doclf=True)
>>> kwplot.imshow(weights['final'], pnum=(1, 3, 1), title='pairwise affinity', cmap='viridis')
>>> row_idx = 200
>>> df = pd.DataFrame({k: v[row_idx] for k, v in weights.items()})
>>> df['index'] = np.arange(df.shape[0])
>>> data = df.drop(['final'], axis=1).melt(['index'])
>>> kwplot.figure(fnum=2, pnum=(1, 3, 2))
>>> sns.lineplot(data=data, x='index', y='value', hue='variable')
>>> fig.gca().set_title('Affinity components for row={}'.format(row_idx))
>>> kwplot.figure(fnum=2, pnum=(1, 3, 3))
>>> sns.lineplot(data=df, x='index', y='final')
>>> fig.gca().set_title('Affinity components for row={}'.format(row_idx))
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python -m geowatch.tasks.fusion

mkinit ~/code/watch/geowatch/tasks/fusion/datamodules/__init__.py –nomods -w


	
class geowatch.tasks.fusion.datamodules.KWCocoVideoDataModule(verbose=1, **kwargs)

	Bases: LightningDataModule

Prepare the kwcoco dataset as torch video datamodules

Example

>>> # Demo of the data module on auto-generated toy data
>>> from geowatch.tasks.fusion.datamodules.kwcoco_datamodule import *  # NOQA
>>> import geowatch
>>> import kwcoco
>>> coco_dset = geowatch.coerce_kwcoco('vidshapes8-geowatch')
>>> channels = None
>>> batch_size = 1
>>> time_steps = 3
>>> chip_size = 416
>>> self = KWCocoVideoDataModule(
>>>     train_dataset=coco_dset,
>>>     test_dataset=None,
>>>     batch_size=batch_size,
>>>     normalize_inputs=8,
>>>     channels=channels,
>>>     num_workers=0,
>>>     time_steps=time_steps,
>>>     chip_size=chip_size,
>>>     neg_to_pos_ratio=0,
>>> )
>>> self.setup('fit')
>>> dl = self.train_dataloader()
>>> dataset = dl.dataset
>>> batch = next(iter(dl))
>>> batch = [dl.dataset[0]]
>>> # Visualize
>>> canvas = self.draw_batch(batch)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()





[image: ../_images/fig_geowatch_tasks_fusion_datamodules_KWCocoVideoDataModule_002.jpeg]
Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> # Run the following tests on real geowatch data if DVC is available
>>> from geowatch.tasks.fusion.datamodules.kwcoco_datamodule import *  # NOQA
>>> import geowatch
>>> import kwcoco
>>> dvc_dpath = geowatch.find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'Drop2-Aligned-TA1-2022-02-15/combo_ILM.kwcoco.json'
>>> #coco_fpath = dvc_dpath / 'Aligned-Drop2-TA1-2022-03-07/combo_DILM.kwcoco.json'
>>> #coco_fpath = dvc_dpath / 'Drop2-Aligned-TA1-2022-02-15/combo_DILM.kwcoco.json'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> images = dset.images()
>>> train_dataset = dset
>>> #sub_images = dset.videos(names=['KR_R002']).images[0]
>>> #train_dataset = dset.subset(sub_images.lookup('id'))
>>> test_dataset = None
>>> img = ub.peek(train_dataset.imgs.values())
>>> chan_info = kwcoco_extensions.coco_channel_stats(dset)
>>> #channels = chan_info['common_channels']
>>> channels = 'blue|green|red|nir|swir16|swir22,forest|bare_ground,matseg_0|matseg_1|matseg_2,invariants.0:3,cloudmask'
>>> #channels = 'blue|green|red|depth'
>>> #chan_spec = kwcoco.channel_spec.FusedChannelSpec.coerce(channels)
>>> #channels = None
>>> #
>>> batch_size = 1
>>> time_steps = 8
>>> chip_size = 512
>>> datamodule = KWCocoVideoDataModule(
>>>     train_dataset=train_dataset,
>>>     test_dataset=test_dataset,
>>>     batch_size=batch_size,
>>>     channels=channels,
>>>     num_workers=0,
>>>     normalize_inputs=8,
>>>     time_steps=time_steps,
>>>     chip_size=chip_size,
>>>     neg_to_pos_ratio=0,
>>>     min_spacetime_weight=0.5,
>>> )
>>> datamodule.setup('fit')
>>> dl = datamodule.train_dataloader()
>>> dataset = dl.dataset
>>> dataset.requested_tasks['change'] = False
>>> dataset.disable_augmenter = True
>>> target = 0
>>> item, *_ = batch = [dataset[target]]
>>> #item, *_ = batch = next(iter(dl))
>>> # Visualize
>>> canvas = datamodule.draw_batch(batch)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas, doclf=1)
>>> kwplot.show_if_requested()





Example

>>> # xdoctest: +SKIP
>>> # NOTE: I DONT KNOW WHY THIS IS FAILING ON CI AT THE MOMENT. FIXME!
>>> # Run the data module on coco demo datamodules for the CI
>>> from geowatch.tasks.fusion.datamodules.kwcoco_datamodule import *  # NOQA
>>> import kwcoco
>>> train_dataset = kwcoco.CocoDataset.demo('vidshapes2-multispectral', num_frames=5)
>>> test_dataset = kwcoco.CocoDataset.demo('vidshapes1-multispectral', num_frames=5)
>>> channels = '|'.join([aux['channels'] for aux in train_dataset.imgs[1]['auxiliary']])
>>> chan_spec = kwcoco.channel_spec.FusedChannelSpec.coerce(channels)
>>> #
>>> batch_size = 2
>>> time_steps = 3
>>> chip_size = 128
>>> channels = channels
>>> self = KWCocoVideoDataModule(
>>>     train_dataset=train_dataset,
>>>     test_dataset=test_dataset,
>>>     batch_size=batch_size,
>>>     channels=channels,
>>>     num_workers=0,
>>>     time_steps=time_steps,
>>>     chip_size=chip_size,
>>>     normalize_inputs=True,
>>> )
>>> self.setup('fit')
>>> dl = self.train_dataloader()
>>> item, *_ = batch = next(iter(dl))
>>> expect_shape = (batch_size, time_steps, len(chan_spec), chip_size, chip_size)
>>> assert len(batch) == batch_size
>>> for item in batch:
...     assert len(item['frames']) == time_steps
...     for mode_key, mode_val in item['frames'][0]['modes'].items():
...         assert mode_val.shape[1:3] == (chip_size, chip_size)





For details on accepted arguments see KWCocoVideoDataModuleConfig


	
setup(stage)

	




	
property train_dataset

	




	
property test_dataset

	




	
property vali_dataset

	




	
_make_dataloader(stage, shuffle=False)

	If the stage doesn’t exist, resturns None.


	Returns:

	torch.utils.data.DataLoader | None










	
_notify_about_tasks(requested_tasks=None, model=None)

	Hacky method. Given the multimodal model, tell all the datasets which
tasks they will need to generate data for. (This helps make the
visualizations cleaner).






	
classmethod add_argparse_args(parent_parser)

	Previously the arguments were in multiple places including here.  This
has been updated to use the KWCocoVideoDataModuleConfig as the
single point where arguments are defined. The functionality of this
method is roughly the same as it used to be given that scriptconfig
objects can be transformed into argparse objects.

CommandLine

xdoctest -m /home/joncrall/code/watch/geowatch/tasks/fusion/datamodules/kwcoco_datamodule.py add_argparse_args





Example

>>> from geowatch.tasks.fusion.datamodules.kwcoco_datamodule import *  # NOQA
>>> cls = KWCocoVideoDataModule
>>> # TODO: make use of geowatch.utils.lightning_ext import argparse_ext
>>> import argparse
>>> parent_parser = argparse.ArgumentParser()
>>> cls.add_argparse_args(parent_parser)
>>> parent_parser.print_help()
>>> args, _ = parent_parser.parse_known_args(['--use_grid_positives=True'])
>>> assert args.use_grid_positives
>>> args, _ = parent_parser.parse_known_args(['--use_grid_positives=False'])
>>> assert not args.use_grid_positives
>>> args, _ = parent_parser.parse_known_args(['--exclude_sensors=l8,f3'])
>>> assert args.exclude_sensors == 'l8,f3'
>>> args, _ = parent_parser.parse_known_args(['--exclude_sensors=l8'])
>>> assert args.exclude_sensors == 'l8'










	
classmethod compatible(cfgdict)

	Given keyword arguments, find the subset that is compatible with this
constructor. This is somewhat hacked because of usage of scriptconfig,
but could be made nicer by future updates.






	
draw_batch(batch, stage='train', outputs=None, max_items=2, overlay_on_image=False, classes=None, **kwargs)

	Visualize a batch produced by a KWCocoVideoDataset.


	Parameters:

	
	batch (Dict[str, List[Tensor]]) – dictionary of uncollated lists of Dataset Items
change: [ [T-1, H, W] in [0, 1] forall examples ]
saliency: [ [T, H, W, 2] in [0, 1] forall examples ]
class: [ [T, H, W, 10] in [0, 1] forall examples ]


	outputs (Dict[str, Tensor]) – maybe-collated list of network outputs?


	max_items (int) – Maximum number of items within this batch to draw in a single
figure. Defaults to 2.


	overlay_on_image (bool) – if True overlay annotations on image data for a more compact
view. if False separate annotations / images for a less
cluttered view.








Example

>>> from geowatch.tasks.fusion.datamodules.kwcoco_datamodule import *  # NOQA
>>> from geowatch.tasks.fusion import datamodules
>>> self = datamodules.KWCocoVideoDataModule(
>>>     train_dataset='special:vidshapes8-multispectral', channels='auto', num_workers=0)
>>> self.setup('fit')
>>> loader = self.train_dataloader()
>>> batch = next(iter(loader))
>>> item = batch[0]
>>> # Visualize
>>> B = len(batch)
>>> C, H, W = ub.peek(item['frames'][0]['modes'].values()).shape
>>> T = len(item['frames'])
>>> import torch
>>> outputs = {'change_probs': [torch.rand(T - 1, H, W) for _ in range(B)]}
>>> outputs.update({'class_probs': [torch.rand(T, H, W, 10) for _ in range(B)]})
>>> stage = 'train'
>>> canvas = self.draw_batch(batch, stage=stage, outputs=outputs)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()
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Example

>>> # xdoctest: +REQUIRES(--slow)
>>> from geowatch.tasks.fusion.datamodules.kwcoco_datamodule import *  # NOQA
>>> from geowatch.tasks.fusion import datamodules
>>> import geowatch
>>> train_dataset = geowatch.demo.demo_kwcoco_multisensor()
>>> self = datamodules.KWCocoVideoDataModule(
>>>     train_dataset=train_dataset, chip_size=256, time_steps=5, num_workers=0, batch_size=3)
>>> self.setup('fit')
>>> loader = self.train_dataloader()
>>> batch_iter = iter(loader)
>>> batch = next(batch_iter)
>>> batch[1] = None  # simulate a dropped batch item
>>> batch[0] = None  # simulate a dropped batch item
>>> #item = batch[0]
>>> # Visualize
>>> B = len(batch)
>>> outputs = {'change_probs': [], 'class_probs': [], 'saliency_probs': []}
>>> # Add dummy outputs
>>> import torch
>>> for item in batch:
>>>     if item is None:
>>>         [v.append([None]) for v in outputs.values()]
>>>     else:
>>>         [v.append([]) for v in outputs.values()]
>>>         for frame_idx, frame in enumerate(item['frames']):
>>>             H, W = frame['class_idxs'].shape
>>>             if frame_idx > 0:
>>>                 outputs['change_probs'][-1].append(torch.rand(H, W))
>>>             outputs['class_probs'][-1].append(torch.rand(H, W, 10))
>>>             outputs['saliency_probs'][-1].append(torch.rand(H, W, 2))
>>> from geowatch.utils import util_nesting
>>> print(ub.urepr(util_nesting.shape_summary(outputs), nl=1, sort=0))
>>> stage = 'train'
>>> canvas = self.draw_batch(batch, stage=stage, outputs=outputs, max_items=4)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()





Example

>>> from geowatch.tasks.fusion.datamodules.kwcoco_datamodule import *  # NOQA
>>> from geowatch.tasks.fusion import datamodules
>>> self = datamodules.KWCocoVideoDataModule(
>>>     batch_size = 3,
>>>     train_dataset='special:vidshapes8-multispectral', channels='auto', num_workers=0)
>>> self.setup('fit')
>>> loader = self.train_dataloader()
>>> batch = next(iter(loader))
>>> batch[1] = None
>>> item = batch[0]
>>> # Visualize
>>> B = len(batch)
>>> C, H, W = ub.peek(item['frames'][0]['modes'].values()).shape
>>> T = len(item['frames'])
>>> import torch
>>> outputs = {'change_probs': [torch.rand(T - 1, H, W) for _ in range(B)]}
>>> outputs.update({'class_probs': [torch.rand(T, H, W, 10) for _ in range(B)]})
>>> stage = 'train'
>>> canvas = self.draw_batch(batch, stage=stage, outputs=outputs)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()
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class geowatch.tasks.fusion.datamodules.KWCocoVideoDataset(sampler, mode='fit', test_with_annot_info=False, **kwargs)

	Bases: Dataset, GetItemMixin, BalanceMixin, PreprocessMixin, IntrospectMixin, MiscMixin, SpacetimeAugmentMixin, SMARTDataMixin

Accepted keyword arguments are specified in
KWCocoVideoDatasetConfig

Example

>>> # Native Data Sampling
>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA
>>> import ndsampler
>>> import kwcoco
>>> import geowatch
>>> coco_dset = geowatch.coerce_kwcoco('geowatch-multisensor-msi', geodata=True)
>>> print({c.get('sensor_coarse') for c in coco_dset.images().coco_images})
>>> print({c.channels.spec for c in coco_dset.images().coco_images})
>>> sampler = ndsampler.CocoSampler(coco_dset)
>>> self = KWCocoVideoDataset(sampler, time_dims=4, window_dims=(100, 200),
>>>                           input_space_scale='native',
>>>                           window_space_scale='0.05GSD',
>>>                           output_space_scale='native',
>>>                           channels='auto',
>>> )
>>> self.disable_augmenter = True
>>> target = self.new_sample_grid['targets'][self.new_sample_grid['positives_indexes'][3]]
>>> item = self[target]
>>> canvas = self.draw_item(item, overlay_on_image=0, rescale=0, max_channels=3)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()
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Example

>>> # Target GSD Data Sampling
>>> from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA
>>> import ndsampler
>>> import kwcoco
>>> import geowatch
>>> coco_dset = geowatch.coerce_kwcoco('geowatch', geodata=True)
>>> print({c.get('sensor_coarse') for c in coco_dset.images().coco_images})
>>> print({c.channels.spec for c in coco_dset.images().coco_images})
>>> sampler = ndsampler.CocoSampler(coco_dset)
>>> self = KWCocoVideoDataset(sampler, window_dims=(100, 100), time_dims=5,
>>>                           input_space_scale='0.35GSD',
>>>                           window_space_scale='0.7GSD',
>>>                           output_space_scale='0.2GSD',
>>>                           channels='auto',
>>> )
>>> self.disable_augmenter = True
>>> index = self.new_sample_grid['targets'][self.new_sample_grid['positives_indexes'][3]]
>>> Box = util_kwimage.Box
>>> index['space_slice'] = Box.from_slice(index['space_slice']).translate((30, 0)).quantize().to_slice()
>>> item = self[index]
>>> #print('item summary: ' + ub.urepr(self.summarize_item(item), nl=3))
>>> canvas = self.draw_item(item, overlay_on_image=1, rescale=0, max_channels=3)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()
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	Parameters:

	
	sampler (kwcoco.CocoDataset | ndsampler.CocoSampler) – kwcoco dataset


	mode (str) – fit or predict


	**kwargs – see KWCocoVideoDatasetConfig for valid options
















            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.evaluate module

Compute semantic segmentation evaluation metrics

TODO::
- RRMSE (relative root mean squared error) RMSE normalized by root mean sqare value where each residual is scaled against the actual value


sqrt((1 / n) * sum((y - y_hat) ** 2) / sum(y ** 2))





Todo


	[ ] Move to kwcoco proper







	
class geowatch.tasks.fusion.evaluate.SegmentationEvalConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Evaluation script for change/segmentation task

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'balance_area': <Value(False)>, 'draw_curves': <Value('auto')>, 'draw_heatmaps': <Value('auto')>, 'draw_workers': <Value('auto')>, 'eval_dpath': <Value(None)>, 'eval_fpath': <Value(None)>, 'pred_dataset': <Value(None)>, 'resolution': <Value(None)>, 'score_space': <Value('auto')>, 'true_dataset': <Value(None)>, 'viz_thresh': <Value('auto')>, 'workers': <Value('auto')>}

	








	
geowatch.tasks.fusion.evaluate.main(cmdline=True, **kwargs)

	Entry point: todo: doctest and CLI structure

todo: ProcessContext to track resource usage






	
geowatch.tasks.fusion.evaluate.single_image_segmentation_metrics(pred_coco_img, true_coco_img, true_classes, true_dets, video1=None, thresh_bins=None, config=None)

	
	Parameters:

	
	true_coco_img (kwcoco.CocoImage) – detatched true coco image


	pred_coco_img (kwcoco.CocoImage) – detatched predicted coco image


	thresh_bins (int) – if specified rounds scores into this many bins
to make calculating metrics more efficient













	
geowatch.tasks.fusion.evaluate._memo_legend(label_to_color)

	




	
geowatch.tasks.fusion.evaluate.draw_confusion_image(pred, target)

	




	
geowatch.tasks.fusion.evaluate.colorize_class_probs(probs, classes)

	probs = pred_cat_ohe
classes = pred_classes






	
geowatch.tasks.fusion.evaluate.draw_truth_borders(true_dets, canvas, alpha=1.0, color=None)

	




	
geowatch.tasks.fusion.evaluate.dump_chunked_confusion(full_classes, true_coco_imgs, chunk_info, heatmap_dpath, title=None, config=None)

	Draw a a sequence of true/pred image predictions






	
geowatch.tasks.fusion.evaluate.evaluate_segmentations(true_coco, pred_coco, eval_dpath=None, eval_fpath=None, config=None)

	
Todo


	[ ] Fold non-critical options into the config






CommandLine

XDEV_PROFILE=1 xdoctest -m geowatch.tasks.fusion.evaluate evaluate_segmentations





Example

>>> from geowatch.tasks.fusion.evaluate import *  # NOQA
>>> from kwcoco.coco_evaluator import CocoEvaluator
>>> from kwcoco.demo.perterb import perterb_coco
>>> import kwcoco
>>> true_coco1 = kwcoco.CocoDataset.demo('vidshapes2', image_size=(64, 64))
>>> true_coco2 = kwcoco.CocoDataset.demo('shapes2', image_size=(64, 64))
>>> #true_coco1 = kwcoco.CocoDataset.demo('vidshapes9')
>>> #true_coco2 = kwcoco.CocoDataset.demo('shapes128')
>>> true_coco = kwcoco.CocoDataset.union(true_coco1, true_coco2)
>>> kwargs = {
>>>     'box_noise': 0.5,
>>>     'n_fp': (0, 10),
>>>     'n_fn': (0, 10),
>>>     'with_probs': True,
>>>     'with_heatmaps': True,
>>>     'verbose': 1,
>>> }
>>> # TODO: it would be nice to demo the soft metrics
>>> # functionality by adding "salient_prob" or "class_prob"
>>> # auxiliary channels to this demodata.
>>> print('perterbing')
>>> pred_coco = perterb_coco(true_coco, **kwargs)
>>> eval_dpath = ub.Path.appdir('geowatch/tests/fusion_eval').ensuredir()
>>> print('eval_dpath = {!r}'.format(eval_dpath))
>>> config = {}
>>> config['score_space'] = 'image'
>>> draw_curves = 'auto'
>>> draw_heatmaps = 'auto'
>>> #draw_heatmaps = False
>>> config['workers'] = 'min(avail-2,6)'
>>> #workers = 0
>>> evaluate_segmentations(true_coco, pred_coco, eval_dpath, config=config)





Example

>>> # xdoctest: +REQUIRES(env:SLOW_DOCTEST)
>>> from geowatch.tasks.fusion.evaluate import *  # NOQA
>>> from kwcoco.coco_evaluator import CocoEvaluator
>>> from kwcoco.demo.perterb import perterb_coco
>>> import kwcoco
>>> true_coco = kwcoco.CocoDataset.demo('vidshapes2', image_size=(64, 64))
>>> kwargs = {
>>>     'box_noise': 0.5,
>>>     'n_fp': (0, 10),
>>>     'n_fn': (0, 10),
>>>     'with_probs': True,
>>>     'with_heatmaps': True,
>>>     'verbose': 1,
>>> }
>>> # TODO: it would be nice to demo the soft metrics
>>> # functionality by adding "salient_prob" or "class_prob"
>>> # auxiliary channels to this demodata.
>>> print('perterbing')
>>> pred_coco = perterb_coco(true_coco, **kwargs)
>>> eval_dpath = ub.Path.appdir('geowatch/tests/fusion_eval-video').ensuredir()
>>> print('eval_dpath = {!r}'.format(eval_dpath))
>>> config = {}
>>> config['score_space'] = 'video'
>>> config['balance_area'] = True
>>> draw_curves = 'auto'
>>> draw_heatmaps = 'auto'
>>> #draw_heatmaps = False
>>> config['workers'] = 'min(avail-2,6)'
>>> #workers = 0
>>> evaluate_segmentations(true_coco, pred_coco, eval_dpath, config=config)










	
geowatch.tasks.fusion.evaluate._redraw_measures(eval_dpath)

	hack helper for developer, not critical








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.fit module

THIS IS THE OLD FIT SCRIPT. MOST OF IT HAS BEEN REMOVED.
USE fit_lightning.py INSTEAD.

Trains a fusion machine learning model on target dataset.


	SeeAlso:
	README.md
fit.py
predict.py
evaluate.py
experiments/crall/onera_experiments.sh
experiments/crall/drop1_experiments.sh
experiments/crall/toy_experiments.sh






	
geowatch.tasks.fusion.fit.coerce_initializer(init)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.fit_lightning module


	
geowatch.tasks.fusion.fit_lightning.custom_yaml_load(stream)

	




	
geowatch.tasks.fusion.fit_lightning.custom_yaml_dump(data)

	




	
class geowatch.tasks.fusion.fit_lightning.SmartTrainer(*, accelerator: str [https://docs.python.org/3/library/stdtypes.html#str] | Accelerator = 'auto', strategy: str [https://docs.python.org/3/library/stdtypes.html#str] | Strategy = 'auto', devices: List [https://docs.python.org/3/library/typing.html#typing.List][int [https://docs.python.org/3/library/functions.html#int]] | str [https://docs.python.org/3/library/stdtypes.html#str] | int [https://docs.python.org/3/library/functions.html#int] = 'auto', num_nodes: int [https://docs.python.org/3/library/functions.html#int] = 1, precision: Literal [https://docs.python.org/3/library/typing.html#typing.Literal][64, 32, 16] | Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['16-mixed', 'bf16-mixed', '32-true', '64-true'] | Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['64', '32', '16', 'bf16'] = '32-true', logger: Logger | Iterable [https://docs.python.org/3/library/typing.html#typing.Iterable][Logger] | bool [https://docs.python.org/3/library/functions.html#bool] | None [https://docs.python.org/3/library/constants.html#None] = None, callbacks: List [https://docs.python.org/3/library/typing.html#typing.List][Callback] | Callback | None [https://docs.python.org/3/library/constants.html#None] = None, fast_dev_run: int [https://docs.python.org/3/library/functions.html#int] | bool [https://docs.python.org/3/library/functions.html#bool] = False, max_epochs: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, min_epochs: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, max_steps: int [https://docs.python.org/3/library/functions.html#int] = -1, min_steps: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, max_time: str [https://docs.python.org/3/library/stdtypes.html#str] | timedelta [https://docs.python.org/3/library/datetime.html#datetime.timedelta] | Dict [https://docs.python.org/3/library/typing.html#typing.Dict][str [https://docs.python.org/3/library/stdtypes.html#str], int [https://docs.python.org/3/library/functions.html#int]] | None [https://docs.python.org/3/library/constants.html#None] = None, limit_train_batches: int [https://docs.python.org/3/library/functions.html#int] | float [https://docs.python.org/3/library/functions.html#float] | None [https://docs.python.org/3/library/constants.html#None] = None, limit_val_batches: int [https://docs.python.org/3/library/functions.html#int] | float [https://docs.python.org/3/library/functions.html#float] | None [https://docs.python.org/3/library/constants.html#None] = None, limit_test_batches: int [https://docs.python.org/3/library/functions.html#int] | float [https://docs.python.org/3/library/functions.html#float] | None [https://docs.python.org/3/library/constants.html#None] = None, limit_predict_batches: int [https://docs.python.org/3/library/functions.html#int] | float [https://docs.python.org/3/library/functions.html#float] | None [https://docs.python.org/3/library/constants.html#None] = None, overfit_batches: int [https://docs.python.org/3/library/functions.html#int] | float [https://docs.python.org/3/library/functions.html#float] = 0.0, val_check_interval: int [https://docs.python.org/3/library/functions.html#int] | float [https://docs.python.org/3/library/functions.html#float] | None [https://docs.python.org/3/library/constants.html#None] = None, check_val_every_n_epoch: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = 1, num_sanity_val_steps: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, log_every_n_steps: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, enable_checkpointing: bool [https://docs.python.org/3/library/functions.html#bool] | None [https://docs.python.org/3/library/constants.html#None] = None, enable_progress_bar: bool [https://docs.python.org/3/library/functions.html#bool] | None [https://docs.python.org/3/library/constants.html#None] = None, enable_model_summary: bool [https://docs.python.org/3/library/functions.html#bool] | None [https://docs.python.org/3/library/constants.html#None] = None, accumulate_grad_batches: int [https://docs.python.org/3/library/functions.html#int] = 1, gradient_clip_val: int [https://docs.python.org/3/library/functions.html#int] | float [https://docs.python.org/3/library/functions.html#float] | None [https://docs.python.org/3/library/constants.html#None] = None, gradient_clip_algorithm: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = None, deterministic: bool [https://docs.python.org/3/library/functions.html#bool] | Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['warn'] | None [https://docs.python.org/3/library/constants.html#None] = None, benchmark: bool [https://docs.python.org/3/library/functions.html#bool] | None [https://docs.python.org/3/library/constants.html#None] = None, inference_mode: bool [https://docs.python.org/3/library/functions.html#bool] = True, use_distributed_sampler: bool [https://docs.python.org/3/library/functions.html#bool] = True, profiler: Profiler | str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = None, detect_anomaly: bool [https://docs.python.org/3/library/functions.html#bool] = False, barebones: bool [https://docs.python.org/3/library/functions.html#bool] = False, plugins: PrecisionPlugin | ClusterEnvironment | CheckpointIO | LayerSync | str [https://docs.python.org/3/library/stdtypes.html#str] | List [https://docs.python.org/3/library/typing.html#typing.List][PrecisionPlugin | ClusterEnvironment | CheckpointIO | LayerSync | str [https://docs.python.org/3/library/stdtypes.html#str]] | None [https://docs.python.org/3/library/constants.html#None] = None, sync_batchnorm: bool [https://docs.python.org/3/library/functions.html#bool] = False, reload_dataloaders_every_n_epochs: int [https://docs.python.org/3/library/functions.html#int] = 0, default_root_dir: str [https://docs.python.org/3/library/stdtypes.html#str] | Path [https://docs.python.org/3/library/pathlib.html#pathlib.Path] | None [https://docs.python.org/3/library/constants.html#None] = None)

	Bases: Trainer

Simple trainer subclass so we can ensure a print happens directly before
the training loop. (so annoying that we can’t reorder callbacks)

Customize every aspect of training via flags.


	Parameters:

	
	accelerator – Supports passing different accelerator types (“cpu”, “gpu”, “tpu”, “ipu”, “hpu”, “mps”, “auto”)
as well as custom accelerator instances.


	strategy – Supports different training strategies with aliases as well custom strategies.
Default: "auto".


	devices – The devices to use. Can be set to a positive number (int or str), a sequence of device indices
(list or str), the value -1 to indicate all available devices should be used, or "auto" for
automatic selection based on the chosen accelerator. Default: "auto".


	num_nodes – Number of GPU nodes for distributed training.
Default: 1.


	precision – Double precision (64, ‘64’ or ‘64-true’), full precision (32, ‘32’ or ‘32-true’),
16bit mixed precision (16, ‘16’, ‘16-mixed’) or bfloat16 mixed precision (‘bf16’, ‘bf16-mixed’).
Can be used on CPU, GPU, TPUs, HPUs or IPUs.
Default: '32-true'.


	logger – Logger (or iterable collection of loggers) for experiment tracking. A True value uses
the default TensorBoardLogger if it is installed, otherwise CSVLogger.
False will disable logging. If multiple loggers are provided, local files
(checkpoints, profiler traces, etc.) are saved in the log_dir of he first logger.
Default: True.


	callbacks – Add a callback or list of callbacks.
Default: None.


	fast_dev_run – Runs n if set to n (int) else 1 if set to True batch(es)
of train, val and test to find any bugs (ie: a sort of unit test).
Default: False.


	max_epochs – Stop training once this number of epochs is reached. Disabled by default (None).
If both max_epochs and max_steps are not specified, defaults to max_epochs = 1000.
To enable infinite training, set max_epochs = -1.


	min_epochs – Force training for at least these many epochs. Disabled by default (None).


	max_steps – Stop training after this number of steps. Disabled by default (-1). If max_steps = -1
and max_epochs = None, will default to max_epochs = 1000. To enable infinite training, set
max_epochs to -1.


	min_steps – Force training for at least these number of steps. Disabled by default (None).


	max_time – Stop training after this amount of time has passed. Disabled by default (None).
The time duration can be specified in the format DD:HH:MM:SS (days, hours, minutes seconds), as a
datetime.timedelta [https://docs.python.org/3/library/datetime.html#datetime.timedelta], or a dictionary with keys that will be passed to
datetime.timedelta [https://docs.python.org/3/library/datetime.html#datetime.timedelta].


	limit_train_batches – How much of training dataset to check (float = fraction, int = num_batches).
Default: 1.0.


	limit_val_batches – How much of validation dataset to check (float = fraction, int = num_batches).
Default: 1.0.


	limit_test_batches – How much of test dataset to check (float = fraction, int = num_batches).
Default: 1.0.


	limit_predict_batches – How much of prediction dataset to check (float = fraction, int = num_batches).
Default: 1.0.


	overfit_batches – Overfit a fraction of training/validation data (float) or a set number of batches (int).
Default: 0.0.


	val_check_interval – How often to check the validation set. Pass a float in the range [0.0, 1.0] to check
after a fraction of the training epoch. Pass an int to check after a fixed number of training
batches. An int value can only be higher than the number of training batches when
check_val_every_n_epoch=None, which validates after every N training batches
across epochs or during iteration-based training.
Default: 1.0.


	check_val_every_n_epoch – Perform a validation loop every after every N training epochs. If None,
validation will be done solely based on the number of training batches, requiring val_check_interval
to be an integer value.
Default: 1.


	num_sanity_val_steps – Sanity check runs n validation batches before starting the training routine.
Set it to -1 to run all batches in all validation dataloaders.
Default: 2.


	log_every_n_steps – How often to log within steps.
Default: 50.


	enable_checkpointing – If True, enable checkpointing.
It will configure a default ModelCheckpoint callback if there is no user-defined ModelCheckpoint in
:paramref:`~pytorch_lightning.trainer.trainer.Trainer.callbacks`.
Default: True.


	enable_progress_bar – Whether to enable to progress bar by default.
Default: True.


	enable_model_summary – Whether to enable model summarization by default.
Default: True.


	accumulate_grad_batches – Accumulates gradients over k batches before stepping the optimizer.
Default: 1.


	gradient_clip_val – The value at which to clip gradients. Passing gradient_clip_val=None disables
gradient clipping. If using Automatic Mixed Precision (AMP), the gradients will be unscaled before.
Default: None.


	gradient_clip_algorithm – The gradient clipping algorithm to use. Pass gradient_clip_algorithm="value"
to clip by value, and gradient_clip_algorithm="norm" to clip by norm. By default it will
be set to "norm".


	deterministic – If True, sets whether PyTorch operations must use deterministic algorithms.
Set to "warn" to use deterministic algorithms whenever possible, throwing warnings on operations
that don’t support deterministic mode (requires PyTorch 1.11+). If not set, defaults to False.
Default: None.


	benchmark – The value (True or False) to set torch.backends.cudnn.benchmark to.
The value for torch.backends.cudnn.benchmark set in the current session will be used
(False if not manually set). If :paramref:`~pytorch_lightning.trainer.trainer.Trainer.deterministic`
is set to True, this will default to False. Override to manually set a different value.
Default: None.


	inference_mode – Whether to use torch.inference_mode() or torch.no_grad() during
evaluation (validate/test/predict).


	use_distributed_sampler – Whether to wrap the DataLoader’s sampler with
torch.utils.data.DistributedSampler. If not specified this is toggled automatically for
strategies that require it. By default, it will add shuffle=True for the train sampler and
shuffle=False for validation/test/predict samplers. If you want to disable this logic, you can pass
False and add your own distributed sampler in the dataloader hooks. If True and a distributed
sampler was already added, Lightning will not replace the existing one. For iterable-style datasets,
we don’t do this automatically.


	profiler – To profile individual steps during training and assist in identifying bottlenecks.
Default: None.


	detect_anomaly – Enable anomaly detection for the autograd engine.
Default: False.


	barebones – Whether to run in “barebones mode”, where all features that may impact raw speed are
disabled. This is meant for analyzing the Trainer overhead and is discouraged during regular training
runs. The following features are deactivated:
:paramref:`~pytorch_lightning.trainer.trainer.Trainer.enable_checkpointing`,
:paramref:`~pytorch_lightning.trainer.trainer.Trainer.logger`,
:paramref:`~pytorch_lightning.trainer.trainer.Trainer.enable_progress_bar`,
:paramref:`~pytorch_lightning.trainer.trainer.Trainer.log_every_n_steps`,
:paramref:`~pytorch_lightning.trainer.trainer.Trainer.enable_model_summary`,
:paramref:`~pytorch_lightning.trainer.trainer.Trainer.num_sanity_val_steps`,
:paramref:`~pytorch_lightning.trainer.trainer.Trainer.fast_dev_run`,
:paramref:`~pytorch_lightning.trainer.trainer.Trainer.detect_anomaly`,
:paramref:`~pytorch_lightning.trainer.trainer.Trainer.profiler`,
log(),
log_dict().


	plugins – Plugins allow modification of core behavior like ddp and amp, and enable custom lightning plugins.
Default: None.


	sync_batchnorm – Synchronize batch norm layers between process groups/whole world.
Default: False.


	reload_dataloaders_every_n_epochs – Set to a non-negative integer to reload dataloaders every n epochs.
Default: 0.


	default_root_dir – Default path for logs and weights when no logger/ckpt_callback passed.
Default: os.getcwd().
Can be remote file paths such as s3://mybucket/path or ‘hdfs://path/’






	Raises:

	
	TypeError [https://docs.python.org/3/library/exceptions.html#TypeError] – If gradient_clip_val is not an int or float.


	MisconfigurationException – If gradient_clip_algorithm is invalid.
    If track_grad_norm is not a positive number or inf.









	
_run_stage(*args, **kwargs)

	




	
_write_inspect_helper_scripts()

	Write helper scripts to the main training log dir that the user can run
to inspect the status of training. This helps workaround the
ddp-workaround because we can run tasks that caused hangs indepenently
of the main train script.










	
class geowatch.tasks.fusion.fit_lightning.TorchGlobals(float32_matmul_precision='default')

	Bases: Callback

Callback to setup torch globals


	Parameters:

	float32_matmul_precision (str) – can be ‘medium’, ‘high’, ‘default’, or ‘auto’.
The ‘default’ value does not change any setting.
The ‘auto’ value defaults to ‘medium’ if the training devices have


ampere cores.









	
setup(trainer, pl_module, stage)

	








	
class geowatch.tasks.fusion.fit_lightning.WeightInitializer(init='noop', association='embedding')

	Bases: Callback

Netowrk weight initializer with support for partial weight loading.


	
setup(trainer, pl_module, stage)

	








	
class geowatch.tasks.fusion.fit_lightning.SmartLightningCLI(model_class: ~typing.Type[~pytorch_lightning.core.module.LightningModule] | ~typing.Callable[[...], ~pytorch_lightning.core.module.LightningModule] | None = None, datamodule_class: ~typing.Type[~pytorch_lightning.core.datamodule.LightningDataModule] | ~typing.Callable[[...], ~pytorch_lightning.core.datamodule.LightningDataModule] | None = None, save_config_callback: ~typing.Type[~pytorch_lightning.cli.SaveConfigCallback] | None = <class 'pytorch_lightning.cli.SaveConfigCallback'>, save_config_kwargs: ~typing.Dict[str, ~typing.Any] | None = None, trainer_class: ~typing.Type[~pytorch_lightning.trainer.trainer.Trainer] | ~typing.Callable[[...], ~pytorch_lightning.trainer.trainer.Trainer] = <class 'pytorch_lightning.trainer.trainer.Trainer'>, trainer_defaults: ~typing.Dict[str, ~typing.Any] | None = None, seed_everything_default: bool | int = True, parser_kwargs: ~typing.Dict[str, ~typing.Any] | ~typing.Dict[str, ~typing.Dict[str, ~typing.Any]] | None = None, subclass_mode_model: bool = False, subclass_mode_data: bool = False, args: ~typing.List[str] | ~typing.Dict[str, ~typing.Any] | ~jsonargparse.namespace.Namespace | None = None, run: bool = True, auto_configure_optimizers: bool = True)

	Bases: LightningCLI_Extension

Receives as input pytorch-lightning classes (or callables which return pytorch-lightning classes), which are
called / instantiated using a parsed configuration file and / or command line args.

Parsing of configuration from environment variables can be enabled by setting parser_kwargs={"default_env":
True}. A full configuration yaml would be parsed from PL_CONFIG if set. Individual settings are so parsed
from variables named for example PL_TRAINER__MAX_EPOCHS.

For more info, read the CLI docs.


	Parameters:

	
	model_class – An optional LightningModule class to train on or a
callable which returns a LightningModule instance when
called. If None, you can pass a registered model with --model=MyModel.


	datamodule_class – An optional LightningDataModule class or a
callable which returns a LightningDataModule instance when
called. If None, you can pass a registered datamodule with --data=MyDataModule.


	save_config_callback – A callback class to save the config.


	save_config_kwargs – Parameters that will be used to instantiate the save_config_callback.


	trainer_class – An optional subclass of the Trainer class or a
callable which returns a Trainer instance when called.


	trainer_defaults – Set to override Trainer defaults or add persistent callbacks. The callbacks added through
this argument will not be configurable from a configuration file and will always be present for
this particular CLI. Alternatively, configurable callbacks can be added as explained in
the CLI docs.


	seed_everything_default – Number for the seed_everything()
seed value. Set to True to automatically choose a seed value.
Setting it to False will avoid calling seed_everything.


	parser_kwargs – Additional arguments to instantiate each LightningArgumentParser.


	subclass_mode_model – Whether model can be any subclass [https://jsonargparse.readthedocs.io/en/stable/#class-type-and-sub-classes]
of the given class.


	subclass_mode_data – Whether datamodule can be any subclass [https://jsonargparse.readthedocs.io/en/stable/#class-type-and-sub-classes]
of the given class.


	args – Arguments to parse. If None the arguments are taken from sys.argv. Command line style
arguments can be given in a list. Alternatively, structured config options can be given in a
dict or jsonargparse.Namespace.


	run – Whether subcommands should be added to run a Trainer
method. If set to False, the trainer and model classes will be instantiated only.









	
static configure_optimizers(lightning_module: LightningModule, optimizer: Optimizer, lr_scheduler=None) → Any [https://docs.python.org/3/library/typing.html#typing.Any]

	Override to customize the configure_optimizers()
method.


	Parameters:

	
	lightning_module – A reference to the model.


	optimizer – The optimizer.


	lr_scheduler – The learning rate scheduler (if used).













	
add_arguments_to_parser(parser: LightningArgumentParser)

	








	
geowatch.tasks.fusion.fit_lightning.instantiate_datamodule(cls, *args, **kwargs)

	Custom instantiator for the datamodule that simply calls setup after
creating the instance.






	
geowatch.tasks.fusion.fit_lightning._final_pkg_compute_fn(root)

	




	
class geowatch.tasks.fusion.fit_lightning._ValueGetter(key)

	Bases: object [https://docs.python.org/3/library/functions.html#object]






	
geowatch.tasks.fusion.fit_lightning._data_value_getter(key)

	




	
geowatch.tasks.fusion.fit_lightning.make_cli(config=None)

	
Note

Currently, creating the CLI will invoke it. We could modify this
function to have the option to not invoke by specifying run=False
to LightningCLI, but for some reason that changes the expected
form of the config (you must specify subcommand if run=True but must
not if run=False). We need to understand exactly what’s going on there
before we expose a way to set run=False.








	
geowatch.tasks.fusion.fit_lightning.main(config=None)

	
	Parameters:

	config (None | Dict) – if specified disables sys.argv usage and executes a training run
with the specified config.





CommandLine

xdoctest -m geowatch.tasks.fusion.fit_lightning main:0





Example

>>> from geowatch.utils.lightning_ext.monkeypatches import disable_lightning_hardware_warnings
>>> from geowatch.tasks.fusion.fit_lightning import *  # NOQA
>>> disable_lightning_hardware_warnings()
>>> dpath = ub.Path.appdir('geowatch/tests/test_fusion_fit/demo_main_noop').delete().ensuredir()
>>> config = {
>>>     'subcommand': 'fit',
>>>     'fit.model': 'geowatch.tasks.fusion.methods.noop_model.NoopModel',
>>>     'fit.trainer.default_root_dir': dpath,
>>>     'fit.data.train_dataset': 'special:vidshapes4-frames9-gsize32',
>>>     'fit.data.vali_dataset': 'special:vidshapes1-frames9-gsize32',
>>>     'fit.data.chip_dims': 32,
>>>     'fit.trainer.accelerator': 'cpu',
>>>     'fit.trainer.devices': 1,
>>>     'fit.trainer.max_steps': 2,
>>>     'fit.trainer.num_sanity_val_steps': 0,
>>> }
>>> cli = main(config=config)





Example

>>> from geowatch.utils.lightning_ext.monkeypatches import disable_lightning_hardware_warnings
>>> from geowatch.tasks.fusion.fit_lightning import *  # NOQA
>>> disable_lightning_hardware_warnings()
>>> dpath = ub.Path.appdir('geowatch/tests/test_fusion_fit/demo_main_heterogeneous').delete().ensuredir()
>>> config = {
>>>     # 'model': 'geowatch.tasks.fusion.methods.MultimodalTransformer',
>>>     #'model': 'geowatch.tasks.fusion.methods.UNetBaseline',
>>>     'subcommand': 'fit',
>>>     'fit.model.class_path': 'geowatch.tasks.fusion.methods.heterogeneous.HeterogeneousModel',
>>>     'fit.optimizer.class_path': 'torch.optim.SGD',
>>>     'fit.optimizer.init_args.lr': 1e-3,
>>>     'fit.trainer.default_root_dir': dpath,
>>>     'fit.data.train_dataset': 'special:vidshapes8-gsize64-frames9-speed0.5-multispectral',
>>>     'fit.data.vali_dataset': 'special:vidshapes4-gsize64-frames9-speed0.5-multispectral',
>>>     'fit.data.chip_dims': 64,
>>>     'fit.trainer.accelerator': 'cpu',
>>>     'fit.trainer.devices': 1,
>>>     'fit.trainer.max_steps': 2,
>>>     'fit.trainer.num_sanity_val_steps': 0,
>>> }
>>> main(config=config)












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.methods.channelwise_transformer module

Our data might look like this, a sequence of frames where the frames can contain
heterogeneous data:



	[
	
	{
	‘frame_index’: 0,
‘time_offset’: 0,
‘sensor’: ‘S2’,
‘modes’: {


‘blue|green|red|swir1|swir2|nir’: <Tensor shape=(6, 64, 64),
‘pan’: <Tensor shape=(1, 112, 112),




}
‘truth’: {


‘class_idx’: <Tensor shape=(5, 128, 128),




}





},
{


‘frame_index’: 1,
‘time_offset’: 100,
‘sensor’: ‘L8’,
‘modes’: {


‘blue|green|red|lwir1|lwir2|nir’: <Tensor shape=(6, 75, 75),




}
‘truth’: {


‘class_idx’: <Tensor shape=(5, 128, 128),




}




},
{


‘frame_index’: 2,
‘time_offset’: 120,
‘sensor’: ‘S2’,
‘modes’: {


‘blue|green|red|swir1|swir2|nir’: <Tensor shape=(6, 64, 64),
‘pan’: <Tensor shape=(1, 112, 112),




}
‘truth’: {


‘class_idx’: <Tensor shape=(5, 128, 128),




}




},
{


‘frame_index’: 3,
‘time_offset’: 130,
‘sensor’: ‘WV’,
‘modes’: {


‘blue|green|red|nir’: <Tensor shape=(4, 224, 224),
‘pan’: <Tensor shape=(1, 512, 512),




},
‘truth’: {


‘class_idx’: <Tensor shape=(5, 128, 128),




}




},





]





	
class geowatch.tasks.fusion.methods.channelwise_transformer.MultimodalTransformerConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Arguments accepted by the MultimodalTransformer

The scriptconfig class is not used directly as it normally would be here.
Instead we use it as a convinience to minimize lightning boilerplate needed
for the __init__ and add_argparse_args methods.

Note, this does not entirely define the __init__ method, just the
parameters that are exposed on the command line. An update to
scriptconfig could allow that to be combined, but I’m not sure if its a
good idea. The arguments not specified here are usually ones that the
dataset must provide at definition time.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'arch_name': <Value('smt_it_joint_p8')>, 'attention_impl': <Value('exact')>, 'attention_kwargs': <Value(None)>, 'backbone_depth': <Value(None)>, 'change_head_hidden': <Value(2)>, 'change_loss': <Value('cce')>, 'class_head_hidden': <Value(2)>, 'class_loss': <Value('focal')>, 'class_weights': <Value('auto')>, 'continual_learning': <Value(False)>, 'decoder': <Value('mlp')>, 'decouple_resolution': <Value(False)>, 'dropout': <Value(0.1)>, 'focal_gamma': <Value(2.0)>, 'global_change_weight': <Value(1.0)>, 'global_class_weight': <Value(1.0)>, 'global_saliency_weight': <Value(1.0)>, 'learning_rate': <Value(0.001)>, 'lr_scheduler': <Value('CosineAnnealingLR')>, 'modulate_class_weights': <Value('')>, 'multimodal_reduce': <Value('max')>, 'name': <Value('unnamed_model')>, 'negative_change_weight': <Value(1.0)>, 'ohem_ratio': <Value(None)>, 'optimizer': <Value('RAdam')>, 'perterb_scale': <Value(0.0)>, 'positional_dims': <Value(48)>, 'positive_change_weight': <Value(1.0)>, 'rescale_nans': <Value(None)>, 'saliency_head_hidden': <Value(2)>, 'saliency_loss': <Value('focal')>, 'saliency_weights': <Value('auto')>, 'squash_modes': <Value(False)>, 'stream_channels': <Value(8)>, 'token_norm': <Value('none')>, 'tokenizer': <Value('rearrange')>, 'weight_decay': <Value(0.0)>, 'window_size': <Value(8)>}

	




	
normalize()

	








	
class geowatch.tasks.fusion.methods.channelwise_transformer.MultimodalTransformer(classes=10, dataset_stats=None, input_sensorchan=None, input_channels=None, **kwargs)

	Bases: LightningModule, WatchModuleMixins

CommandLine

xdoctest -m geowatch.tasks.fusion.methods.channelwise_transformer MultimodalTransformer






Todo


	[ ] Change name MultimodalTransformer -> FusionModel


	[ ] Move parent module methods -> models






CommandLine

xdoctest -m /home/joncrall/code/watch/geowatch/tasks/fusion/methods/channelwise_transformer.py MultimodalTransformer





Example

>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> from geowatch.tasks.fusion import datamodules
>>> print('(STEP 0): SETUP THE DATA MODULE')
>>> datamodule = datamodules.KWCocoVideoDataModule(
>>>     train_dataset='special:vidshapes-geowatch', num_workers=4, channels='auto')
>>> datamodule.setup('fit')
>>> dataset = datamodule.torch_datasets['train']
>>> print('(STEP 1): ESTIMATE DATASET STATS')
>>> dataset_stats = dataset.cached_dataset_stats(num=3)
>>> print('dataset_stats = {}'.format(ub.urepr(dataset_stats, nl=3)))
>>> loader = datamodule.train_dataloader()
>>> print('(STEP 2): SAMPLE BATCH')
>>> batch = next(iter(loader))
>>> for item_idx, item in enumerate(batch):
>>>     print(f'item_idx={item_idx}')
>>>     item_summary = dataset.summarize_item(item)
>>>     print('item_summary = {}'.format(ub.urepr(item_summary, nl=2)))
>>> print('(STEP 3): THE REST OF THE TEST')
>>> #self = MultimodalTransformer(arch_name='smt_it_joint_p8')
>>> self = MultimodalTransformer(arch_name='smt_it_joint_p2',
>>>                              dataset_stats=dataset_stats,
>>>                              classes=datamodule.classes,
>>>                              decoder='segmenter',
>>>                              change_loss='dicefocal',
>>>                              #attention_impl='performer'
>>>                              attention_impl='exact'
>>>                              )
>>> device = nh.XPU.coerce('cpu').main_device
>>> self = self.to(device)
>>> # Run forward pass
>>> num_params = nh.util.number_of_parameters(self)
>>> print('num_params = {!r}'.format(num_params))
>>> output = self.forward_step(batch, with_loss=True)
>>> import torch.profiler
>>> from torch.profiler import profile, ProfilerActivity
>>> with profile(activities=[ProfilerActivity.CPU, ProfilerActivity.CUDA], record_shapes=True) as prof:
>>>     with torch.profiler.record_function("model_inference"):
>>>         output = self.forward_step(batch, with_loss=True)
>>> print(prof.key_averages().table(sort_by="cpu_time_total", row_limit=10))





Example

>>> # Note: it is important that the non-kwargs are saved as hyperparams
>>> from geowatch.tasks.fusion.methods.channelwise_transformer import MultimodalTransformer
>>> self = model = MultimodalTransformer(arch_name="smt_it_joint_p2", input_sensorchan='r|g|b')
>>> assert "classes" in model.hparams
>>> assert "dataset_stats" in model.hparams
>>> assert "input_sensorchan" in model.hparams
>>> assert "tokenizer" in model.hparams






	
_HANDLES_NANS = True

	




	
get_cfgstr()

	




	
classmethod add_argparse_args(parent_parser)

	Only required for backwards compatibility until lightning CLI
is the primary entry point.

Example

>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> from geowatch.utils.configargparse_ext import ArgumentParser
>>> cls = MultimodalTransformer
>>> parent_parser = ArgumentParser(formatter_class='defaults')
>>> cls.add_argparse_args(parent_parser)
>>> parent_parser.print_help()
>>> parent_parser.parse_known_args()





print(scfg.Config.port_argparse(parent_parser, style=’dataconf’))






	
classmethod compatible(cfgdict)

	Given keyword arguments, find the subset that is compatible with this
constructor. This is somewhat hacked because of usage of scriptconfig,
but could be made nicer by future updates.
# init_kwargs = ub.compatible(config, cls.__init__)






	
configure_optimizers()

	
Todo


	[ ] Enable use of other optimization algorithms on the CLI


	[ ] Enable use of other scheduler algorithms on the CLI







Note

Is this even called when using LightningCLI?
Nope, the LightningCLI overwrites it.



References

https://pytorch-optimizer.readthedocs.io/en/latest/index.html
https://pytorch-lightning.readthedocs.io/en/stable/common/optimization.html

Example

>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # noqa
>>> from geowatch.utils.lightning_ext.monkeypatches import disable_lightning_hardware_warnings
>>> disable_lightning_hardware_warnings()
>>> self = MultimodalTransformer(arch_name="smt_it_joint_p2", input_sensorchan='r|g|b')
>>> max_epochs = 80
>>> self.trainer = pl.Trainer(max_epochs=max_epochs)
>>> [opt], [sched] = self.configure_optimizers()
>>> rows = []
>>> # Insepct what the LR curve will look like
>>> for _ in range(max_epochs):
...     sched.last_epoch += 1
...     lr = sched.get_last_lr()[0]
...     rows.append({'lr': lr, 'last_epoch': sched.last_epoch})
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> import pandas as pd
>>> data = pd.DataFrame(rows)
>>> sns = kwplot.autosns()
>>> sns.lineplot(data=data, y='lr', x='last_epoch')





[image: ../_images/fig_geowatch_tasks_fusion_methods_channelwise_transformer_MultimodalTransformer_configure_optimizers_002.jpeg]
Example

>>> # Verify lr and decay is set correctly
>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> my_lr = 2.3e-5
>>> my_decay = 2.3e-5
>>> kw = dict(arch_name="smt_it_joint_p2", input_sensorchan='r|g|b', learning_rate=my_lr, weight_decay=my_decay)
>>> self = MultimodalTransformer(**kw)
>>> [opt], [sched] = self.configure_optimizers()
>>> assert opt.param_groups[0]['lr'] == my_lr
>>> assert opt.param_groups[0]['weight_decay'] == my_decay
>>> #
>>> self = MultimodalTransformer(**kw, optimizer='sgd')
>>> [opt], [sched] = self.configure_optimizers()
>>> assert opt.param_groups[0]['lr'] == my_lr
>>> assert opt.param_groups[0]['weight_decay'] == my_decay
>>> #
>>> self = MultimodalTransformer(**kw, optimizer='AdamW')
>>> [opt], [sched] = self.configure_optimizers()
>>> assert opt.param_groups[0]['lr'] == my_lr
>>> assert opt.param_groups[0]['weight_decay'] == my_decay
>>> #
>>> # self = MultimodalTransformer(**kw, optimizer='MADGRAD')
>>> # [opt], [sched] = self.configure_optimizers()
>>> # assert opt.param_groups[0]['lr'] == my_lr
>>> # assert opt.param_groups[0]['weight_decay'] == my_decay










	
overfit(batch)

	Overfit script and demo

CommandLine

python -m xdoctest -m geowatch.tasks.fusion.methods.channelwise_transformer MultimodalTransformer.overfit --overfit-demo





Example

>>> # xdoctest: +REQUIRES(--overfit-demo)
>>> # ============
>>> # DEMO OVERFIT:
>>> # ============
>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> from geowatch.utils.util_data import find_dvc_dpath
>>> import geowatch
>>> import kwcoco
>>> from os.path import join
>>> import os
>>> if 1:
>>>     print('''
...     # Generate toy datasets
...     DATA_DPATH=$HOME/data/work/toy_change
...     TRAIN_FPATH=$DATA_DPATH/vidshapes_msi_train/data.kwcoco.json
...     mkdir -p "$DATA_DPATH"
...     kwcoco toydata --key=vidshapes-videos8-frames5-randgsize-speed0.2-msi-multisensor --bundle_dpath "$DATA_DPATH/vidshapes_msi_train" --verbose=5
...     ''')
>>>     coco_fpath = ub.expandpath('$HOME/data/work/toy_change/vidshapes_msi_train/data.kwcoco.json')
>>>     coco_fpath = 'vidshapes-videos8-frames5-randgsize-speed0.2-msi-multisensor'
>>>     coco_dset = kwcoco.CocoDataset.coerce(coco_fpath)
>>>     channels="B11,r|g|b,B1|B8|B11"
>>> if 0:
>>>     dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>>     coco_dset = (dvc_dpath / 'Drop4-BAS') / 'data_vali.kwcoco.json'
>>>     channels='swir16|swir22|blue|green|red|nir'
>>>     coco_dset = (dvc_dpath / 'Drop4-BAS') / 'combo_vali_I2.kwcoco.json'
>>>     channels='blue|green|red|nir,invariants.0:17'
>>> if 0:
>>>     coco_dset = geowatch.demo.demo_kwcoco_multisensor(max_speed=0.5)
>>>     # coco_dset = 'special:vidshapes8-frames9-speed0.5-multispectral'
>>>     #channels='B1|B11|B8|r|g|b|gauss'
>>>     channels='X.2|Y:2:6,B1|B8|B8a|B10|B11,r|g|b,disparity|gauss,flowx|flowy|distri'
>>> coco_dset = kwcoco.CocoDataset.coerce(coco_dset)
>>> datamodule = datamodules.KWCocoVideoDataModule(
>>>     train_dataset=coco_dset,
>>>     chip_size=128, batch_size=1, time_steps=5,
>>>     channels=channels,
>>>     normalize_peritem='blue|green|red|nir',
>>>     normalize_inputs=32, neg_to_pos_ratio=0,
>>>     num_workers='avail/2',
>>>     mask_low_quality=True,
>>>     observable_threshold=0.6,
>>>     use_grid_positives=False, use_centered_positives=True,
>>> )
>>> datamodule.setup('fit')
>>> dataset = torch_dset = datamodule.torch_datasets['train']
>>> torch_dset.disable_augmenter = True
>>> dataset_stats = datamodule.dataset_stats
>>> input_sensorchan = datamodule.input_sensorchan
>>> classes = datamodule.classes
>>> print('dataset_stats = {}'.format(ub.urepr(dataset_stats, nl=3)))
>>> print('input_sensorchan = {}'.format(input_sensorchan))
>>> print('classes = {}'.format(classes))
>>> # Choose subclass to test this with (does not cover all cases)
>>> self = methods.MultimodalTransformer(
>>>     # ===========
>>>     # Backbone
>>>     #arch_name='smt_it_joint_p2',
>>>     arch_name='smt_it_stm_p8',
>>>     stream_channels = 16,
>>>     #arch_name='deit',
>>>     optimizer='AdamW',
>>>     learning_rate=1e-5,
>>>     weight_decay=1e-3,
>>>     #attention_impl='performer',
>>>     attention_impl='exact',
>>>     #decoder='segmenter',
>>>     #saliency_head_hidden=4,
>>>     decoder='mlp',
>>>     change_loss='dicefocal',
>>>     #class_loss='cce',
>>>     class_loss='dicefocal',
>>>     #saliency_loss='dicefocal',
>>>     saliency_loss='focal',
>>>     # ===========
>>>     # Change Loss
>>>     global_change_weight=1e-5,
>>>     positive_change_weight=1.0,
>>>     negative_change_weight=0.5,
>>>     # ===========
>>>     # Class Loss
>>>     global_class_weight=1e-5,
>>>     class_weights='auto',
>>>     # ===========
>>>     # Saliency Loss
>>>     global_saliency_weight=1.00,
>>>     # ===========
>>>     # Domain Metadata (Look Ma, not hard coded!)
>>>     dataset_stats=dataset_stats,
>>>     classes=classes,
>>>     input_sensorchan=input_sensorchan,
>>>     #tokenizer='dwcnn',
>>>     tokenizer='linconv',
>>>     multimodal_reduce='learned_linear',
>>>     #tokenizer='rearrange',
>>>     # normalize_perframe=True,
>>>     window_size=8,
>>>     )
>>> self.datamodule = datamodule
>>> datamodule._notify_about_tasks(model=self)
>>> # Run one visualization
>>> loader = datamodule.train_dataloader()
>>> # Load one batch and show it before we do anything
>>> batch = next(iter(loader))
>>> print(ub.urepr(dataset.summarize_item(batch[0]), nl=3))
>>> import kwplot
>>> plt = kwplot.autoplt(force='Qt5Agg')
>>> plt.ion()
>>> canvas = datamodule.draw_batch(batch, max_channels=5, overlay_on_image=0)
>>> kwplot.imshow(canvas, fnum=1)
>>> # Run overfit
>>> device = 0
>>> self.overfit(batch)





nh.initializers.KaimingNormal()(self)
nh.initializers.Orthogonal()(self)






	
prepare_item(item)

	




	
forward_step(batch, with_loss=False, stage='unspecified')

	Generic forward step used for test / train / validation

CommandLine

xdoctest -m geowatch.tasks.fusion.methods.channelwise_transformer MultimodalTransformer.forward_step





Example

>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> import geowatch
>>> datamodule = datamodules.KWCocoVideoDataModule(
>>>     train_dataset='special:vidshapes-geowatch',
>>>     num_workers=0, chip_size=96, time_steps=4,
>>>     normalize_inputs=8, neg_to_pos_ratio=0, batch_size=5,
>>>     channels='auto',
>>> )
>>> datamodule.setup('fit')
>>> train_dset = datamodule.torch_datasets['train']
>>> loader = datamodule.train_dataloader()
>>> batch = next(iter(loader))
>>> # Test with "failed samples"
>>> batch[0] = None
>>> batch[2] = None
>>> batch[3] = None
>>> batch[4] = None
>>> if 1:
>>>   print(nh.data.collate._debug_inbatch_shapes(batch))
>>> # Choose subclass to test this with (does not cover all cases)
>>> self = model = methods.MultimodalTransformer(
>>>     arch_name='smt_it_joint_p8', tokenizer='rearrange',
>>>     decoder='segmenter',
>>>     dataset_stats=datamodule.dataset_stats, global_saliency_weight=1.0, global_change_weight=1.0, global_class_weight=1.0,
>>>     classes=datamodule.classes, input_sensorchan=datamodule.input_sensorchan)
>>> with_loss = True
>>> outputs = self.forward_step(batch, with_loss=with_loss)
>>> canvas = datamodule.draw_batch(batch, outputs=outputs, max_items=3, overlay_on_image=False)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()





[image: ../_images/fig_geowatch_tasks_fusion_methods_channelwise_transformer_MultimodalTransformer_forward_step_002.jpeg]
Example

>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> channels, classes, dataset_stats = MultimodalTransformer.demo_dataset_stats()
>>> self = MultimodalTransformer(
>>>     arch_name='smt_it_stm_p1', tokenizer='linconv',
>>>     decoder='segmenter', classes=classes, global_saliency_weight=1,
>>>     dataset_stats=dataset_stats, input_sensorchan=channels)
>>> batch = self.demo_batch()
>>> outputs = self.forward_step(batch, with_loss=True)
>>> print(nh.data.collate._debug_inbatch_shapes(batch))
>>> print(nh.data.collate._debug_inbatch_shapes(outputs))





Example

>>> # Test learned_linear multimodal reduce
>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> channels, classes, dataset_stats = MultimodalTransformer.demo_dataset_stats()
>>> self = MultimodalTransformer(
>>>     arch_name='smt_it_stm_p1', tokenizer='linconv',
>>>     decoder='mlp', classes=classes, global_saliency_weight=1,
>>>     dataset_stats=dataset_stats, input_sensorchan=channels, multimodal_reduce='learned_linear')
>>> batch = self.demo_batch()
>>> outputs = self.forward_step(batch, with_loss=True)
>>> print(nh.data.collate._debug_inbatch_shapes(batch))
>>> print(nh.data.collate._debug_inbatch_shapes(outputs))
>>> # outputs['loss'].backward()










	
forward_item(item, with_loss=False)

	Example

>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> channels, classes, dataset_stats = MultimodalTransformer.demo_dataset_stats()
>>> self = MultimodalTransformer(
>>>     arch_name='smt_it_stm_p1', tokenizer='linconv',
>>>     decoder='segmenter', classes=classes, global_saliency_weight=1,
>>>     dataset_stats=dataset_stats, input_sensorchan=channels)
>>> item = self.demo_batch(width=64, height=65)[0]
>>> outputs = self.forward_item(item, with_loss=True)
>>> print('item')
>>> print(nh.data.collate._debug_inbatch_shapes(item))
>>> print('outputs')
>>> print(nh.data.collate._debug_inbatch_shapes(outputs))





Example

>>> # Decoupled resolutions
>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> channels, classes, dataset_stats = MultimodalTransformer.demo_dataset_stats()
>>> self = MultimodalTransformer(
>>>     arch_name='smt_it_stm_p1', tokenizer='linconv',
>>>     decoder='mlp', classes=classes, global_saliency_weight=1,
>>>     dataset_stats=dataset_stats, input_sensorchan=channels, decouple_resolution=True)
>>> batch = self.demo_batch(width=(11, 21), height=(16, 64), num_timesteps=3)
>>> item = batch[0]
>>> print(nh.data.collate._debug_inbatch_shapes(batch))
>>> result1 = self.forward_step(batch, with_loss=True)
>>> print(nh.data.collate._debug_inbatch_shapes(result1))
>>> # Check we can go backward
>>> result1['loss'].backward()










	
forward_foot(sensor, chan_code, mode_val: Tensor, frame_enc)

	




	
_head_loss(head_key, head_logits, head_truth, head_weights, head_encoding)

	




	
_build_item_loss_parts(item, resampled_logits)

	




	
training_step(batch, batch_idx=None)

	




	
optimizer_step(*args, **kwargs)

	




	
parameter_hacking(optimizer)

	




	
validation_step(batch, batch_idx=None)

	




	
test_step(batch, batch_idx=None)

	




	
save_package(package_path, verbose=1)

	CommandLine

xdoctest -m geowatch.tasks.fusion.methods.channelwise_transformer MultimodalTransformer.save_package





Example

>>> # Test without datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = join(dpath, 'my_package.pt')





>>> # Use one of our fusion.architectures in a test
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> model = self = methods.MultimodalTransformer(
>>>     arch_name="smt_it_joint_p2", input_sensorchan=5,
>>>     change_head_hidden=0, saliency_head_hidden=0,
>>>     class_head_hidden=0)





>>> # Save the model (TODO: need to save datamodule as well)
>>> model.save_package(package_path)





>>> # Test that the package can be reloaded
>>> recon = methods.MultimodalTransformer.load_package(package_path)
>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = model.state_dict()
>>> assert recon is not model
>>> assert set(recon_state) == set(recon_state)
>>> for key in recon_state.keys():
>>>     assert (model_state[key] == recon_state[key]).all()
>>>     assert model_state[key] is not recon_state[key]










	
forward(batch)

	Example

>>> import pytest
>>> pytest.skip('not currently used')
>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> from geowatch.tasks.fusion import datamodules
>>> channels = 'B1,B8|B8a,B10|B11'
>>> channels = 'B1|B8|B10|B8a|B11'
>>> datamodule = datamodules.KWCocoVideoDataModule(
>>>     train_dataset='special:vidshapes8-multispectral', num_workers=0, channels=channels)
>>> datamodule.setup('fit')
>>> train_dataset = datamodule.torch_datasets['train']
>>> dataset_stats = train_dataset.cached_dataset_stats()
>>> loader = datamodule.train_dataloader()
>>> tokenizer = 'convexpt-v1'
>>> tokenizer = 'dwcnn'
>>> batch = next(iter(loader))
>>> #self = MultimodalTransformer(arch_name='smt_it_joint_p8')
>>> self = MultimodalTransformer(
>>>     arch_name='smt_it_joint_p8',
>>>     dataset_stats=dataset_stats,
>>>     change_loss='dicefocal',
>>>     decoder='dicefocal',
>>>     attention_impl='performer',
>>>     tokenizer=tokenizer,
>>> )
>>> #images = torch.stack([ub.peek(f['modes'].values()) for f in batch[0]['frames']])[None, :]
>>> #images.shape
>>> #self.forward(images)










	
_trainer: 'pl.Trainer' | None [https://docs.python.org/3/library/constants.html#None]

	




	
_example_input_array: Tensor | Tuple | Dict | None [https://docs.python.org/3/library/constants.html#None]

	




	
_current_fx_name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None]

	




	
_automatic_optimization: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
_param_requires_grad_state: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], bool [https://docs.python.org/3/library/functions.html#bool]]

	




	
_metric_attributes: Dict[int [https://docs.python.org/3/library/functions.html#int], str [https://docs.python.org/3/library/stdtypes.html#str]] | None [https://docs.python.org/3/library/constants.html#None]

	




	
_compiler_ctx: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Any] | None [https://docs.python.org/3/library/constants.html#None]

	




	
_fabric: 'lf.Fabric' | None [https://docs.python.org/3/library/constants.html#None]

	




	
_fabric_optimizers: List[_FabricOptimizer]

	




	
_dtype: str [https://docs.python.org/3/library/stdtypes.html#str] | torch.dtype

	




	
prepare_data_per_node: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
allow_zero_length_dataloader_with_multiple_devices: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
training: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
_parameters: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Parameter | None [https://docs.python.org/3/library/constants.html#None]]

	




	
_buffers: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Tensor | None [https://docs.python.org/3/library/constants.html#None]]

	




	
_non_persistent_buffers_set: Set[str [https://docs.python.org/3/library/stdtypes.html#str]]

	




	
_backward_pre_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_backward_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_is_full_backward_hook: bool [https://docs.python.org/3/library/functions.html#bool] | None [https://docs.python.org/3/library/constants.html#None]

	




	
_forward_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_forward_hooks_with_kwargs: Dict[int [https://docs.python.org/3/library/functions.html#int], bool [https://docs.python.org/3/library/functions.html#bool]]

	




	
_forward_hooks_always_called: Dict[int [https://docs.python.org/3/library/functions.html#int], bool [https://docs.python.org/3/library/functions.html#bool]]

	




	
_forward_pre_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_forward_pre_hooks_with_kwargs: Dict[int [https://docs.python.org/3/library/functions.html#int], bool [https://docs.python.org/3/library/functions.html#bool]]

	




	
_state_dict_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_load_state_dict_pre_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_state_dict_pre_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_load_state_dict_post_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_modules: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], 'Module' | None [https://docs.python.org/3/library/constants.html#None]]

	








	
geowatch.tasks.fusion.methods.channelwise_transformer.slice_to_agree(a1, a2, axes=None)

	Example

from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
a1 = np.random.rand(3, 5, 7, 9, 3)
a2 = np.random.rand(3, 5, 6, 9, 3)
b1, b2 = slice_to_agree(a1, a2)
print(f’{a1.shape=} {a2.shape=}’)
print(f’{b1.shape=} {b2.shape=}’)

a1 = np.random.rand(3, 5, 7, 9, 1)
a2 = np.random.rand(3, 1, 6, 9, 3)
b1, b2 = slice_to_agree(a1, a2, axes=[0, 1, 2, 3])
print(f’{a1.shape=} {a2.shape=}’)
print(f’{b1.shape=} {b2.shape=}’)






	
geowatch.tasks.fusion.methods.channelwise_transformer.perterb_params(optimizer, std)

	Given an optimizer, perterb all parameters with Gaussian noise








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.methods.heterogeneous module


	
geowatch.tasks.fusion.methods.heterogeneous.to_next_multiple(n, mult)

	Example

>>> from geowatch.tasks.fusion.methods.heterogeneous import to_next_multiple
>>> x = to_next_multiple(11, 4)
>>> assert x == 1, f"x = {x}, should be 1"










	
geowatch.tasks.fusion.methods.heterogeneous.positions_from_shape(shape, dtype='float32', device='cpu')

	




	
class geowatch.tasks.fusion.methods.heterogeneous.PadToMultiple(multiple: int [https://docs.python.org/3/library/functions.html#int], mode: str [https://docs.python.org/3/library/stdtypes.html#str] = 'constant', value=0.0)

	Bases: Module

Pads input image-shaped tensors following strategy defined by mode/value. All padding appended to bottom and right of input.


	Parameters:

	
	multiple – (int)


	mode – (str, default: ‘constant’) Padding strategy. One of (‘constant’, ‘reflect’, ‘replicate’, ‘circular’).
See: https://pytorch.org/docs/stable/generated/torch.nn.functional.pad.html#torch.nn.functional.pad


	value – (Any, default: None) Fill value for ‘constant’, set to 0 automatically when value=None.
See: https://pytorch.org/docs/stable/generated/torch.nn.functional.pad.html#torch.nn.functional.pad








Example

>>> from geowatch.tasks.fusion.methods.heterogeneous import PadToMultiple
>>> import torch
>>> pad_module = PadToMultiple(4)
>>> inputs = torch.randn(1, 3, 10, 11)
>>> outputs = pad_module(inputs)
>>> assert outputs.shape == (1, 3, 12, 12), f"outputs.shape actually {outputs.shape}"





Example

>>> from geowatch.tasks.fusion.methods.heterogeneous import PadToMultiple
>>> import torch
>>> pad_module = PadToMultiple(4)
>>> inputs = torch.randn(3, 10, 11)
>>> outputs = pad_module(inputs)
>>> assert outputs.shape == (3, 12, 12), f"outputs.shape actually {outputs.shape}"





Example

>>> from geowatch.tasks.fusion.methods.heterogeneous import PadToMultiple
>>> from torch import nn
>>> import torch
>>> token_width = 10
>>> pad_module = nn.Sequential(
>>>         PadToMultiple(token_width, value=0.0),
>>>         nn.Conv2d(
>>>             3,
>>>             16,
>>>             kernel_size=token_width,
>>>             stride=token_width,
>>>         )
>>> )
>>> inputs = torch.randn(3, 64, 65)
>>> outputs = pad_module(inputs)
>>> assert outputs.shape == (16, 7, 7), f"outputs.shape actually {outputs.shape}"






	
forward(x)

	








	
class geowatch.tasks.fusion.methods.heterogeneous.NanToNum(num=0.0)

	Bases: Module

Module which converts NaN values in input tensors to numbers.


	
forward(x)

	








	
class geowatch.tasks.fusion.methods.heterogeneous.ShapePreservingTransformerEncoder(token_dim, num_layers, batch_dim=0, chan_dim=1)

	Bases: Module


	
forward(src, mask=None)

	








	
class geowatch.tasks.fusion.methods.heterogeneous.ScaleAwarePositionalEncoder

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
abstract forward(mean, scale)

	




	
_abc_impl = <_abc._abc_data object>

	








	
class geowatch.tasks.fusion.methods.heterogeneous.MipNerfPositionalEncoder(in_dims: int [https://docs.python.org/3/library/functions.html#int], num_freqs: int [https://docs.python.org/3/library/functions.html#int] = 10, max_freq: float [https://docs.python.org/3/library/functions.html#float] = 4.0)

	Bases: Module, ScaleAwarePositionalEncoder

Module which computes MipNeRf-based positional encoding vectors from tensors of mean and scale values

out_dims = 2 * in_dims * num_freqs


	Parameters:

	
	in_dims – (int) number of input dimensions to expect for future calls to .forward(). Currently only needed for computing .output_dim


	num_freqs – (int) number of frequencies to project dimensions onto.








Example

>>> from geowatch.tasks.fusion.methods.heterogeneous import MipNerfPositionalEncoder
>>> import torch
>>> pos_enc = MipNerfPositionalEncoder(3, 4)
>>> input_means = torch.randn(1, 3, 10, 10)
>>> input_scales = torch.randn(1, 3, 10, 10)
>>> outputs = pos_enc(input_means, input_scales)
>>> assert outputs.shape == (1, pos_enc.output_dim, 10, 10)






	
forward(mean, scale)

	




	
_abc_impl = <_abc._abc_data object>

	








	
class geowatch.tasks.fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(in_dims: int [https://docs.python.org/3/library/functions.html#int], num_freqs: int [https://docs.python.org/3/library/functions.html#int] = 10, max_freq: float [https://docs.python.org/3/library/functions.html#float] = 4.0)

	Bases: Module, ScaleAwarePositionalEncoder

Module which computes MipNeRf-based positional encoding vectors from tensors of mean and scale values

out_dims = 2 * in_dims * num_freqs


	Parameters:

	
	in_dims – (int) number of input dimensions to expect for future calls to .forward(). Currently only needed for computing .output_dim


	num_freqs – (int) number of frequencies to project dimensions onto.








Example

>>> from geowatch.tasks.fusion.methods.heterogeneous import ScaleAgnostictPositionalEncoder
>>> import torch
>>> pos_enc = ScaleAgnostictPositionalEncoder(3, 4)
>>> input_means = torch.randn(1, 3, 10, 10)
>>> input_scales = torch.randn(1, 3, 10, 10)
>>> outputs = pos_enc(input_means, input_scales)
>>> assert outputs.shape == (1, pos_enc.output_dim, 10, 10)






	
forward(mean, scale)

	




	
_abc_impl = <_abc._abc_data object>

	








	
class geowatch.tasks.fusion.methods.heterogeneous.ResNetShim(submodule)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.fusion.methods.heterogeneous.HeterogeneousModel(classes=10, dataset_stats=None, input_sensorchan=None, name: str [https://docs.python.org/3/library/stdtypes.html#str] = 'unnamed_model', position_encoder: str [https://docs.python.org/3/library/stdtypes.html#str] | ScaleAwarePositionalEncoder = 'auto', backbone: str [https://docs.python.org/3/library/stdtypes.html#str] | BackboneEncoderDecoder = 'auto', token_width: int [https://docs.python.org/3/library/functions.html#int] = 10, token_dim: int [https://docs.python.org/3/library/functions.html#int] = 16, spatial_scale_base: float [https://docs.python.org/3/library/functions.html#float] = 1.0, temporal_scale_base: float [https://docs.python.org/3/library/functions.html#float] = 1.0, class_weights: str [https://docs.python.org/3/library/stdtypes.html#str] = 'auto', saliency_weights: str [https://docs.python.org/3/library/stdtypes.html#str] = 'auto', positive_change_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, negative_change_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, global_class_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, global_change_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, global_saliency_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, change_loss: str [https://docs.python.org/3/library/stdtypes.html#str] = 'cce', class_loss: str [https://docs.python.org/3/library/stdtypes.html#str] = 'focal', saliency_loss: str [https://docs.python.org/3/library/stdtypes.html#str] = 'focal', tokenizer: str [https://docs.python.org/3/library/stdtypes.html#str] = 'simple_conv', decoder: str [https://docs.python.org/3/library/stdtypes.html#str] = 'upsample', ohem_ratio: float [https://docs.python.org/3/library/functions.html#float] | None [https://docs.python.org/3/library/constants.html#None] = None, focal_gamma: float [https://docs.python.org/3/library/functions.html#float] | None [https://docs.python.org/3/library/constants.html#None] = 2.0)

	Bases: LightningModule, WatchModuleMixins


	Parameters:

	
	name – Specify a name for the experiment. (Unsure if the Model is the place for this)


	token_width – Width of each square token.


	token_dim – Dimensionality of each computed token.


	spatial_scale_base – The scale assigned to each token equals scale_base / token_density, where the token density is the number of tokens along a given axis.


	temporal_scale_base – The scale assigned to each token equals scale_base / token_density, where the token density is the number of tokens along a given axis.


	class_weights – Class weighting strategy.


	saliency_weights – Class weighting strategy.








Example

>>> # Note: it is important that the non-kwargs are saved as hyperparams
>>> from geowatch.tasks.fusion.methods.heterogeneous import HeterogeneousModel, ScaleAgnostictPositionalEncoder
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = ScaleAgnostictPositionalEncoder(3, 8)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> model = HeterogeneousModel(
>>>   input_sensorchan='r|g|b',
>>>   position_encoder=position_encoder,
>>>   backbone=backbone,
>>> )






	
_HANDLES_NANS = True

	




	
get_cfgstr()

	




	
process_input_tokens(example)

	Example

>>> from geowatch.tasks import fusion
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     backbone=backbone,
>>> )
>>> example = model.demo_batch(width=64, height=65)[0]
>>> input_tokens = model.process_input_tokens(example)
>>> assert len(input_tokens) == len(example["frames"])
>>> assert len(input_tokens[0]) == len(example["frames"][0]["modes"])










	
process_query_tokens(example)

	Example

>>> from geowatch.tasks import fusion
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     backbone=backbone,
>>> )
>>> example = model.demo_batch(width=64, height=65)[0]
>>> query_tokens = model.process_query_tokens(example)
>>> assert len(query_tokens) == len(example["frames"])










	
forward(batch)

	Example

>>> from geowatch.tasks import fusion
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     backbone=backbone,
>>>     position_encoder=position_encoder,
>>> )
>>> batch = model.demo_batch(width=64, height=65)
>>> batch += model.demo_batch(width=55, height=75)
>>> outputs = model.forward(batch)
>>> for task_key, task_outputs in outputs.items():
>>>     if "probs" in task_key: continue
>>>     if task_key == "class": task_key = "class_idxs"
>>>     for task_pred, example in zip(task_outputs, batch):
>>>         for frame_idx, (frame_pred, frame) in enumerate(zip(task_pred, example["frames"])):
>>>             if (frame_idx == 0) and task_key.startswith("change"): continue
>>>             assert frame_pred.shape[1:] == frame[task_key].shape, f"{frame_pred.shape} should equal {frame[task_key].shape} for task '{task_key}'"





Example

>>> from geowatch.tasks import fusion
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     backbone=backbone,
>>>     decoder="simple_conv",
>>> )
>>> batch = model.demo_batch(width=64, height=65)
>>> batch += model.demo_batch(width=55, height=75)
>>> outputs = model.forward(batch)
>>> for task_key, task_outputs in outputs.items():
>>>     if "probs" in task_key: continue
>>>     if task_key == "class": task_key = "class_idxs"
>>>     for task_pred, example in zip(task_outputs, batch):
>>>         for frame_idx, (frame_pred, frame) in enumerate(zip(task_pred, example["frames"])):
>>>             if (frame_idx == 0) and task_key.startswith("change"): continue
>>>             assert frame_pred.shape[1:] == frame[task_key].shape, f"{frame_pred.shape} should equal {frame[task_key].shape} for task '{task_key}'"





Example

>>> from geowatch.tasks import fusion
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     backbone=backbone,
>>>     decoder="trans_conv",
>>> )
>>> batch = model.demo_batch(width=64, height=65)
>>> batch += model.demo_batch(width=55, height=75)
>>> outputs = model.forward(batch)
>>> for task_key, task_outputs in outputs.items():
>>>     if "probs" in task_key: continue
>>>     if task_key == "class": task_key = "class_idxs"
>>>     for task_pred, example in zip(task_outputs, batch):
>>>         for frame_idx, (frame_pred, frame) in enumerate(zip(task_pred, example["frames"])):
>>>             if (frame_idx == 0) and task_key.startswith("change"): continue
>>>             assert frame_pred.shape[1:] == frame[task_key].shape, f"{frame_pred.shape} should equal {frame[task_key].shape} for task '{task_key}'"





Example

>>> from geowatch.tasks import fusion
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=0,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=0,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     backbone=backbone,
>>>     decoder="trans_conv",
>>> )
>>> batch = model.demo_batch(width=64, height=65)
>>> batch += model.demo_batch(width=55, height=75)
>>> outputs = model.forward(batch)
>>> for task_key, task_outputs in outputs.items():
>>>     if "probs" in task_key: continue
>>>     if task_key == "class": task_key = "class_idxs"
>>>     for task_pred, example in zip(task_outputs, batch):
>>>         for frame_idx, (frame_pred, frame) in enumerate(zip(task_pred, example["frames"])):
>>>             if (frame_idx == 0) and task_key.startswith("change"): continue
>>>             assert frame_pred.shape[1:] == frame[task_key].shape, f"{frame_pred.shape} should equal {frame[task_key].shape} for task '{task_key}'"





Example

>>> # xdoctest: +REQUIRES(module:mmseg)
>>> from geowatch.tasks import fusion
>>> from geowatch.tasks.fusion.architectures.transformer import MM_VITEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = MM_VITEncoderDecoder(
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     backbone=backbone,
>>>     position_encoder=position_encoder,
>>> )
>>> batch = model.demo_batch(width=64, height=65)
>>> batch += model.demo_batch(width=55, height=75)
>>> outputs = model.forward(batch)
>>> for task_key, task_outputs in outputs.items():
>>>     if "probs" in task_key: continue
>>>     if task_key == "class": task_key = "class_idxs"
>>>     for task_pred, example in zip(task_outputs, batch):
>>>         for frame_idx, (frame_pred, frame) in enumerate(zip(task_pred, example["frames"])):
>>>             if (frame_idx == 0) and task_key.startswith("change"): continue
>>>             assert frame_pred.shape[1:] == frame[task_key].shape, f"{frame_pred.shape} should equal {frame[task_key].shape} for task '{task_key}'"





Example

>>> # xdoctest: +REQUIRES(module:mmseg)
>>> from geowatch.tasks import fusion
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> self = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     #token_dim=708,
>>>     token_dim=768 - 60,
>>>     backbone='vit_B_16_imagenet1k',
>>>     position_encoder=position_encoder,
>>> )
>>> batch = self.demo_batch(width=64, height=65)
>>> batch += self.demo_batch(width=55, height=75)
>>> outputs = self.forward(batch)
>>> for task_key, task_outputs in outputs.items():
>>>     if "probs" in task_key: continue
>>>     if task_key == "class": task_key = "class_idxs"
>>>     for task_pred, example in zip(task_outputs, batch):
>>>         for frame_idx, (frame_pred, frame) in enumerate(zip(task_pred, example["frames"])):
>>>             if (frame_idx == 0) and task_key.startswith("change"): continue
>>>             assert frame_pred.shape[1:] == frame[task_key].shape, f"{frame_pred.shape} should equal {frame[task_key].shape} for task '{task_key}'"










	
shared_step(batch, batch_idx=None, stage='train', with_loss=True)

	Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )
>>> batch = model.demo_batch(batch_size=2, width=64, height=65, num_timesteps=3)
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )
>>> batch = model.demo_batch(batch_size=2, width=64, height=65, num_timesteps=3)
>>> batch += [None]
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )
>>> batch = model.demo_batch(width=64, height=65)
>>> for cutoff in [-1, -2]:
>>>     degraded_example = model.demo_batch(width=55, height=75, num_timesteps=3)[0]
>>>     degraded_example["frames"] = degraded_example["frames"][:cutoff]
>>>     batch += [degraded_example]
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )
>>> batch = model.demo_batch(batch_size=1, width=64, height=65, num_timesteps=3, nans=0.1)
>>> batch += model.demo_batch(batch_size=1, width=64, height=65, num_timesteps=3, nans=0.5)
>>> batch += model.demo_batch(batch_size=1, width=64, height=65, num_timesteps=3, nans=1.0)
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()










	
training_step(batch, batch_idx=None)

	




	
validation_step(batch, batch_idx=None)

	




	
test_step(batch, batch_idx=None)

	




	
predict_step(batch, batch_idx=None)

	




	
forward_step(batch, batch_idx=None, stage='train', with_loss=True)

	Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )
>>> batch = model.demo_batch(batch_size=2, width=64, height=65, num_timesteps=3)
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )
>>> batch = model.demo_batch(batch_size=2, width=64, height=65, num_timesteps=3)
>>> batch += [None]
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )
>>> batch = model.demo_batch(width=64, height=65)
>>> for cutoff in [-1, -2]:
>>>     degraded_example = model.demo_batch(width=55, height=75, num_timesteps=3)[0]
>>>     degraded_example["frames"] = degraded_example["frames"][:cutoff]
>>>     batch += [degraded_example]
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )
>>> batch = model.demo_batch(batch_size=1, width=64, height=65, num_timesteps=3, nans=0.1)
>>> batch += model.demo_batch(batch_size=1, width=64, height=65, num_timesteps=3, nans=0.5)
>>> batch += model.demo_batch(batch_size=1, width=64, height=65, num_timesteps=3, nans=1.0)
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()










	
log_grad_norm(grad_norm_dict) → None [https://docs.python.org/3/library/constants.html#None]

	Override this method to change the default behaviour of log_grad_norm.

Overloads log_grad_norm so we can supress the batch_size warning






	
save_package(package_path, verbose=1)

	CommandLine

xdoctest -m geowatch.tasks.fusion.methods.heterogeneous HeterogeneousModel.save_package





Example

>>> # Test without datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> #from geowatch.tasks.fusion.methods.heterogeneous import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = join(dpath, 'my_package.pt')





>>> # Use one of our fusion.architectures in a test
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> model = self = methods.HeterogeneousModel(
>>>     position_encoder=position_encoder,
>>>     input_sensorchan=5,
>>>     decoder="upsample",
>>>     backbone=backbone,
>>> )





>>> # Save the model (TODO: need to save datamodule as well)
>>> model.save_package(package_path)





>>> # Test that the package can be reloaded
>>> #recon = methods.HeterogeneousModel.load_package(package_path)
>>> from geowatch.tasks.fusion.utils import load_model_from_package
>>> recon = load_model_from_package(package_path)
>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = model.state_dict()
>>> assert recon is not model
>>> assert set(recon_state) == set(recon_state)
>>> for key in recon_state.keys():
>>>     assert (model_state[key] == recon_state[key]).all()
>>>     assert model_state[key] is not recon_state[key]





Example

>>> # Test without datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> #from geowatch.tasks.fusion.methods.heterogeneous import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = join(dpath, 'my_package.pt')





>>> # Use one of our fusion.architectures in a test
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> model = self = methods.HeterogeneousModel(
>>>     position_encoder=position_encoder,
>>>     input_sensorchan=5,
>>>     decoder="simple_conv",
>>>     backbone=backbone,
>>> )





>>> # Save the model (TODO: need to save datamodule as well)
>>> model.save_package(package_path)





>>> # Test that the package can be reloaded
>>> #recon = methods.HeterogeneousModel.load_package(package_path)
>>> from geowatch.tasks.fusion.utils import load_model_from_package
>>> recon = load_model_from_package(package_path)
>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = model.state_dict()
>>> assert recon is not model
>>> assert set(recon_state) == set(recon_state)
>>> for key in recon_state.keys():
>>>     assert (model_state[key] == recon_state[key]).all()
>>>     assert model_state[key] is not recon_state[key]





Example

>>> # Test without datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> #from geowatch.tasks.fusion.methods.heterogeneous import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = join(dpath, 'my_package.pt')





>>> # Use one of our fusion.architectures in a test
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> model = self = methods.HeterogeneousModel(
>>>     position_encoder=position_encoder,
>>>     input_sensorchan=5,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )





>>> # Save the model (TODO: need to save datamodule as well)
>>> model.save_package(package_path)





>>> # Test that the package can be reloaded
>>> #recon = methods.HeterogeneousModel.load_package(package_path)
>>> from geowatch.tasks.fusion.utils import load_model_from_package
>>> recon = load_model_from_package(package_path)
>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = model.state_dict()
>>> assert recon is not model
>>> assert set(recon_state) == set(recon_state)
>>> for key in recon_state.keys():
>>>     assert (model_state[key] == recon_state[key]).all()
>>>     assert model_state[key] is not recon_state[key]










	
configure_optimizers()

	Note: this is only a fallback for testing purposes. This should be
overwrriten in your module or done via lightning CLI.






	
_trainer: 'pl.Trainer' | None [https://docs.python.org/3/library/constants.html#None]

	




	
_example_input_array: Tensor | Tuple | Dict | None [https://docs.python.org/3/library/constants.html#None]

	




	
_current_fx_name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None]

	




	
_automatic_optimization: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
_param_requires_grad_state: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], bool [https://docs.python.org/3/library/functions.html#bool]]

	




	
_metric_attributes: Dict[int [https://docs.python.org/3/library/functions.html#int], str [https://docs.python.org/3/library/stdtypes.html#str]] | None [https://docs.python.org/3/library/constants.html#None]

	




	
_compiler_ctx: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Any] | None [https://docs.python.org/3/library/constants.html#None]

	




	
_fabric: 'lf.Fabric' | None [https://docs.python.org/3/library/constants.html#None]

	




	
_fabric_optimizers: List[_FabricOptimizer]

	




	
_dtype: str [https://docs.python.org/3/library/stdtypes.html#str] | torch.dtype

	




	
prepare_data_per_node: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
allow_zero_length_dataloader_with_multiple_devices: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
training: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
_parameters: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Parameter | None [https://docs.python.org/3/library/constants.html#None]]

	




	
_buffers: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Tensor | None [https://docs.python.org/3/library/constants.html#None]]

	




	
_non_persistent_buffers_set: Set[str [https://docs.python.org/3/library/stdtypes.html#str]]

	




	
_backward_pre_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_backward_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_is_full_backward_hook: bool [https://docs.python.org/3/library/functions.html#bool] | None [https://docs.python.org/3/library/constants.html#None]

	




	
_forward_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_forward_hooks_with_kwargs: Dict[int [https://docs.python.org/3/library/functions.html#int], bool [https://docs.python.org/3/library/functions.html#bool]]

	




	
_forward_hooks_always_called: Dict[int [https://docs.python.org/3/library/functions.html#int], bool [https://docs.python.org/3/library/functions.html#bool]]

	




	
_forward_pre_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_forward_pre_hooks_with_kwargs: Dict[int [https://docs.python.org/3/library/functions.html#int], bool [https://docs.python.org/3/library/functions.html#bool]]

	




	
_state_dict_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_load_state_dict_pre_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_state_dict_pre_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_load_state_dict_post_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_modules: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], 'Module' | None [https://docs.python.org/3/library/constants.html#None]]

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.methods.network_modules module

This module should be reorganized into architectures as it consists of smaller
modular network components


	
geowatch.tasks.fusion.methods.network_modules.drop_path(x, drop_prob: float [https://docs.python.org/3/library/functions.html#float] = 0.0, training: bool [https://docs.python.org/3/library/functions.html#bool] = False)

	Drop paths (Stochastic Depth) per sample (when applied in main path of residual blocks).

This is the same as the DropConnect impl I created for EfficientNet, etc networks, however,
the original name is misleading as ‘Drop Connect’ is a different form of dropout in a separate paper…
See discussion: https://github.com/tensorflow/tpu/issues/494#issuecomment-532968956 … I’ve opted for
changing the layer and argument names to ‘drop path’ rather than mix DropConnect as a layer name and use
‘survival rate’ as the argument.

From: from timm.models.layers import drop_path






	
class geowatch.tasks.fusion.methods.network_modules.RobustModuleDict(modules: Mapping [https://docs.python.org/3/library/typing.html#typing.Mapping][str [https://docs.python.org/3/library/stdtypes.html#str], Module] | None [https://docs.python.org/3/library/constants.html#None] = None)

	Bases: ModuleDict

Regular torch.nn.ModuleDict doesnt allow empty str. Hack around this.

Example

>>> from geowatch.tasks.fusion.methods.network_modules import *  # NOQA
>>> import string
>>> torch_dict = RobustModuleDict()
>>> # All printable characters should be usable as keys
>>> # If they are not, hack it.
>>> failed = []
>>> for c in list(string.printable) + ['']:
>>>     try:
>>>         torch_dict[c] = torch.nn.Linear(1, 1)
>>>     except KeyError:
>>>         failed.append(c)
>>> assert len(failed) == 0






	
repl_dot = '#D#'

	




	
repl_empty = '__EMPTY'

	




	
_normalize_key(key)

	




	
classmethod _unnormalize_key(key)

	




	
pop(key: str [https://docs.python.org/3/library/stdtypes.html#str]) → Module

	Remove key from the ModuleDict and return its module.


	Parameters:

	key (string) – key to pop from the ModuleDict














	
class geowatch.tasks.fusion.methods.network_modules.RobustParameterDict(parameters: Any [https://docs.python.org/3/library/typing.html#typing.Any] = None)

	Bases: ParameterDict

Regular torch.nn.ParameterDict doesnt allow empty str. Hack around this.

Example

>>> from geowatch.tasks.fusion.methods.network_modules import *  # NOQA
>>> import string
>>> torch_dict = RobustParameterDict()
>>> # All printable characters should be usable as keys
>>> # If they are not, hack it.
>>> failed = []
>>> for c in list(string.printable) + ['']:
>>>     try:
>>>         torch_dict[c] = torch.nn.Parameter(torch.ones((1, 1)))
>>>     except KeyError:
>>>         failed.append(c)
>>> assert len(failed) == 0
>>> for v in torch_dict.values():
>>>     assert list(v.shape) == [1, 1]






	
repl_dot = '#D#'

	




	
repl_empty = '__EMPTY'

	




	
_normalize_key(key)

	




	
classmethod _unnormalize_key(key)

	




	
pop(key: str [https://docs.python.org/3/library/stdtypes.html#str]) → Module

	








	
class geowatch.tasks.fusion.methods.network_modules.OurDepthwiseSeparableConv(in_chs, out_chs, kernel_size=3, stride=1, dilation=1, padding=0, residual=False, pw_kernel_size=1, norm='group', noli='swish', drop_path_rate=0.0)

	Bases: Module

DepthwiseSeparable block
Used for DS convs in MobileNet-V1 and in the place of IR blocks that have no expansion
(factor of 1.0). This is an alternative to having a IR with an optional first pw conv.

From timm

Example

from geowatch.tasks.fusion.methods.network_modules import *  # NOQA

norm = nh.layers.rectify_normalizer(in_channels=3, key={‘type’: ‘group’, ‘num_groups’: 1})
norm(torch.rand(2, 1))

self = OurDepthwiseSeparableConv(11, 13, kernel_size=3, padding=1, residual=1)
x = torch.rand(2, 11, 3, 3)
y = self.forward(x)

z = nh.OutputShapeFor(self.conv_dw)((2, 11, 1, 1))
print(‘z = {!r}’.format(z))
nh.OutputShapeFor(self.conv_pw)(z)

in_modes = 13
self =


	tokenizer = nn.Sequential(*[
	OurDepthwiseSeparableConv(in_modes, in_modes, kernel_size=3, stride=1, padding=1, residual=1, norm=None, noli=None),
OurDepthwiseSeparableConv(in_modes, in_modes * 2, kernel_size=3, stride=2, padding=1, residual=0, norm=None),
OurDepthwiseSeparableConv(in_modes * 2, in_modes * 4, kernel_size=3, stride=2, padding=1, residual=0),
OurDepthwiseSeparableConv(in_modes * 4, in_modes * 8, kernel_size=3, stride=2, padding=1, residual=0),





])


	tokenizer = nn.Sequential(*[
	OurDepthwiseSeparableConv(in_modes, in_modes, kernel_size=3, stride=1, padding=1, residual=1),
OurDepthwiseSeparableConv(in_modes, in_modes * 2, kernel_size=3, stride=2, padding=1, residual=0),
OurDepthwiseSeparableConv(in_modes * 2, in_modes * 4, kernel_size=3, stride=2, padding=1, residual=0),
OurDepthwiseSeparableConv(in_modes * 4, in_modes * 8, kernel_size=3, stride=2, padding=1, residual=0),





])


	
feature_info(location)

	




	
forward(x)

	








	
class geowatch.tasks.fusion.methods.network_modules.DWCNNTokenizer(in_chn, out_chn, norm='auto')

	Bases: Sequential

self = DWCNNTokenizer(13, 2)
inputs = torch.rand(2, 13, 16, 16)
self(inputs)






	
class geowatch.tasks.fusion.methods.network_modules.LinearConvTokenizer(in_channels, out_channels)

	Bases: Sequential

Example

>>> from geowatch.tasks.fusion.methods.network_modules import *  # NOQA
>>> LinearConvTokenizer(1, 512)










	
class geowatch.tasks.fusion.methods.network_modules.ConvTokenizer(in_chn, out_chn, norm=None)

	Bases: Module

Example

from geowatch.tasks.fusion.methods.network_modules import *  # NOQA
self = ConvTokenizer(13, 64)
print(‘self = {!r}’.format(self))
inputs = torch.rand(2, 13, 128, 128)
tokens = self(inputs)
print(‘inputs.shape = {!r}’.format(inputs.shape))
print(‘tokens.shape = {!r}’.format(tokens.shape))


Benchmark:


in_channels = 13
tokenizer1 = ConvTokenizer(in_channels, 512)
tokenizer2 = RearrangeTokenizer(in_channels, 8, 8)
tokenizer3 = DWCNNTokenizer(in_channels, 512)
tokenizer4 = LinearConvTokenizer(in_channels, 512)
print(nh.util.number_of_parameters(tokenizer1))
print(nh.util.number_of_parameters(tokenizer2))
print(nh.util.number_of_parameters(tokenizer3))
print(nh.util.number_of_parameters(tokenizer4))

print(nh.util.number_of_parameters(tokenizer4[0]))
print(nh.util.number_of_parameters(tokenizer4[1]))
print(nh.util.number_of_parameters(tokenizer4[2]))
print(nh.util.number_of_parameters(tokenizer4[3]))

inputs = torch.rand(1, in_channels, 128, 128)

import timerit
ti = timerit.Timerit(100, bestof=1, verbose=2)

tokenizer1(inputs).shape
tokenizer2(inputs).shape


	for timer in ti.reset(‘tokenizer1’):
	
	with timer:
	tokenizer1(inputs)







	for timer in ti.reset(‘tokenizer2’):
	
	with timer:
	tokenizer2(inputs)







	for timer in ti.reset(‘tokenizer3’):
	
	with timer:
	tokenizer3(inputs)







	for timer in ti.reset(‘tokenizer4’):
	
	with timer:
	tokenizer4(inputs)









input_shape = (1, in_channels, 64, 64)

print(tokenizer2(torch.rand(*input_shape)).shape)
downsampler1 = nh.layers.Sequential(*[



	nh.layers.ConvNormNd(
	dim=2, in_channels=in_channels, out_channels=in_channels,
groups=in_channels, norm=None, noli=None, kernel_size=3,
stride=2, padding=1,





),
nh.layers.ConvNormNd(


dim=2, in_channels=in_channels, out_channels=in_channels,
groups=in_channels, norm=None, noli=None, kernel_size=3,
stride=2, padding=1,




),
nh.layers.ConvNormNd(


dim=2, in_channels=in_channels, out_channels=in_channels,
groups=in_channels, norm=None, noli=None, kernel_size=3,
stride=2, padding=1,




),




])


	downsampler2 = nh.layers.Sequential(*[
	
	nh.layers.ConvNormNd(
	dim=2, in_channels=in_channels, out_channels=in_channels,
groups=in_channels, norm=None, noli=None, kernel_size=7,
stride=5, padding=3,





),





])
print(ub.urepr(downsampler1.output_shape_for(input_shape).hidden.shallow(30), nl=1))
print(ub.urepr(downsampler2.output_shape_for(input_shape).hidden.shallow(30), nl=1))








	
forward(inputs)

	








	
class geowatch.tasks.fusion.methods.network_modules.RearrangeTokenizer(in_channels, agree, window_size)

	Bases: Module

A mapping to a common number of channels and then rearrange

Not quite a pure rearrange, but is this way for backwards compat


	
forward(x)

	








	
geowatch.tasks.fusion.methods.network_modules._torch_meshgrid(*basis_dims)

	References

https://zhaoyu.li/post/how-to-implement-meshgrid-in-pytorch/






	
geowatch.tasks.fusion.methods.network_modules._class_weights_from_freq(total_freq, mode='median-idf')

	Example

>>> from geowatch.tasks.fusion.methods.network_modules import _class_weights_from_freq
>>> total_freq = np.array([19503736, 92885, 883379, 0, 0])
>>> print(_class_weights_from_freq(total_freq, mode='idf'))
>>> print(_class_weights_from_freq(total_freq, mode='median-idf'))
>>> print(_class_weights_from_freq(total_freq, mode='log-median-idf'))





>>> total_freq = np.array([19503736, 92885, 883379, 0, 0, 0, 0, 0, 0, 0, 0])
>>> print(_class_weights_from_freq(total_freq, mode='idf'))
>>> print(_class_weights_from_freq(total_freq, mode='median-idf'))
>>> print(_class_weights_from_freq(total_freq, mode='log-median-idf'))










	
geowatch.tasks.fusion.methods.network_modules.coerce_criterion(loss_code, weights, ohem_ratio, focal_gamma)

	Helps build a loss function and returns information about the shapes needed
by the specific loss.


	Parameters:

	
	loss_code (str) – The code that corresponds to loss function call.
One of [‘cce’, ‘focal’, ‘dicefocal’].


	weights (torch.Tensor) – Per class weights.
Note: Only used for ‘cce’ and ‘focal’ losses.


	ohem_ratio (float) – Ratio of hard examples to sample to compute loss.
Note: Only applies to focal losses.


	focal_gamma (float) – Focal loss gamma parameter.






	Raises:

	KeyError [https://docs.python.org/3/library/exceptions.html#KeyError] – if loss_code is not recognized.



	Returns:

	The loss function.



	Return type:

	torch.nn.modules.loss._Loss










	
geowatch.tasks.fusion.methods.network_modules.torch_safe_stack(tensors, dim=0, *, out=None, item_shape=None, dtype=None, device=None)

	Behaves like torch.stack, but does not error when tensors is empty.

When tensors are not empty this is exactly torch.stack().

When tensors are empty, it constructs an empty output tensor based on
explicit expected item shape if available, otherwise it assumes items would
have had a shape of [0]. Likewise dtype and device should be specified
otherwise they use torch.empty() defaults.


	Parameters:

	
	tensors (List[Tensor]) – sequence of tensors to concatenate.
Passed to torch.stack().


	dim (int) – dimension to insert. Has to be between 0 and the number of
dimensions of concatenated tensors (inclusive). Passed to
torch.stack().


	out (Tensor) – passed to torch.stack().


	item_shape (Tuple[int, …]) – what the shape of an item should be.
used to construct a default output.


	dtype (torch.dtype) – the expected output datatype when tensors is empty.


	device (torch.device | str | int | None) – the expected output device when tensors is empty.








Example

>>> from geowatch.tasks.fusion.methods.network_modules import *  # NOQA
>>> import ubelt as ub
>>> grid = list(ub.named_product({
>>>     # 'num': [0, 1, 2, 3],
>>>     'num': [0, 7],
>>>     'item_shape': ['auto', None],
>>>     'shape': [[], [0], [2], [2, 3], [2, 0, 3]],
>>>     'dim': [0, 1],
>>> }))
>>> results = []
>>> for item in grid:
>>>     print(f'item={item}')
>>>     dim = item['dim']
>>>     shape = item['shape']
>>>     item['shape'] = tuple(item['shape'])
>>>     if item['item_shape'] == 'auto':
>>>         item['item_shape'] = item['shape']
>>>     num = item['num']
>>>     tensors = [torch.empty(shape)] * num
>>>     if dim >= len(shape):
>>>         continue
>>>     out = torch_safe_stack(tensors, dim=dim,
>>>         item_shape=item['item_shape'])
>>>     row = {
>>>         **item,
>>>         'out.shape': out.shape,
>>>     }
>>>     print(f'row={row}')
>>>     results.append(row)
>>> import pandas as pd
>>> import rich
>>> df = pd.DataFrame(results)
>>> for _, subdf in df.groupby('shape'):
>>>     subdf = subdf.sort_values(['shape', 'dim', 'item_shape', 'num'])
>>>     print('')
>>>     rich.print(subdf.to_string())












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.methods.noop_model module


	
class geowatch.tasks.fusion.methods.noop_model.NoopModel(classes=10, dataset_stats=None, input_sensorchan=None, name: str [https://docs.python.org/3/library/stdtypes.html#str] = 'unnamed_model')

	Bases: LightningModule, WatchModuleMixins

No-op example model. Contains a dummy parameter to satisfy the optimizer
and trainer.


Todo


	[ ] Minimize even further.


	[ ] Identify mandatory steps in __init__ and move to a parent class.







	Parameters:

	name – Specify a name for the experiment. (Unsure if the Model is the place for this)






	
_HANDLES_NANS = True

	




	
get_cfgstr()

	




	
forward(x)

	




	
shared_step(batch, batch_idx=None, with_loss=True)

	




	
training_step(batch, batch_idx=None, with_loss=True)

	




	
forward_step(batch, batch_idx=None, with_loss=True)

	




	
configure_optimizers()

	




	
save_package(package_path, verbose=1)

	CommandLine

xdoctest -m geowatch.tasks.fusion.methods.noop_model NoopModel.save_package





Example

>>> # Test without datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> #from geowatch.tasks.fusion.methods.noop_model import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = join(dpath, 'my_package.pt')





>>> # Use one of our fusion.architectures in a test
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> model = self = methods.NoopModel(
>>>     input_sensorchan=5,)





>>> # Save the model (TODO: need to save datamodule as well)
>>> model.save_package(package_path)





>>> # Test that the package can be reloaded
>>> #recon = methods.NoopModel.load_package(package_path)
>>> from geowatch.tasks.fusion.utils import load_model_from_package
>>> recon = load_model_from_package(package_path)
>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = model.state_dict()
>>> assert recon is not model
>>> assert set(recon_state) == set(recon_state)
>>> for key in recon_state.keys():
>>>     assert (model_state[key] == recon_state[key]).all()
>>>     assert model_state[key] is not recon_state[key]





>>> # Check what's inside of the package
>>> import zipfile
>>> import json
>>> zfile = zipfile.ZipFile(package_path)
>>> header_file = zfile.open('my_package/package_header/package_header.json')
>>> package_header = json.loads(header_file.read())
>>> print('package_header = {}'.format(ub.urepr(package_header, nl=1)))
>>> assert 'version' in package_header
>>> assert 'arch_name' in package_header
>>> assert 'module_name' in package_header
>>> assert 'packaging_time' in package_header
>>> assert 'git_hash' in package_header
>>> assert 'module_path' in package_header





Example

>>> # Test with datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> from geowatch.tasks.fusion import datamodules
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion.methods.noop_model import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = dpath / 'my_package.pt'





>>> datamodule = datamodules.kwcoco_video_data.KWCocoVideoDataModule(
>>>     train_dataset='special:vidshapes8-multispectral-multisensor', chip_size=32,
>>>     batch_size=1, time_steps=2, num_workers=2, normalize_inputs=10)
>>> datamodule.setup('fit')
>>> dataset_stats = datamodule.torch_datasets['train'].cached_dataset_stats(num=3)
>>> classes = datamodule.torch_datasets['train'].classes





>>> # Use one of our fusion.architectures in a test
>>> self = methods.NoopModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats, input_sensorchan=datamodule.input_sensorchan)





>>> # We have to run an input through the module because it is lazy
>>> batch = ub.peek(iter(datamodule.train_dataloader()))
>>> outputs = self.training_step(batch)





>>> trainer = pl.Trainer(max_steps=0)
>>> trainer.fit(model=self, datamodule=datamodule)





>>> # Save the self
>>> self.save_package(package_path)





>>> # Test that the package can be reloaded
>>> recon = methods.NoopModel.load_package(package_path)





>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = self.state_dict()
>>> assert recon is not self
>>> assert set(recon_state) == set(recon_state)
>>> from geowatch.utils.util_kwarray import torch_array_equal
>>> for key in recon_state.keys():
>>>     v1 = model_state[key]
>>>     v2 = recon_state[key]
>>>     if not torch.allclose(v1, v2, equal_nan=True):
>>>         print('v1 = {}'.format(ub.urepr(v1, nl=1)))
>>>         print('v2 = {}'.format(ub.urepr(v2, nl=1)))
>>>         raise AssertionError(f'Difference in key={key}')
>>>     assert v1 is not v2, 'should be distinct copies'










	
_trainer: 'pl.Trainer' | None [https://docs.python.org/3/library/constants.html#None]

	




	
_example_input_array: Tensor | Tuple | Dict | None [https://docs.python.org/3/library/constants.html#None]

	




	
_current_fx_name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None]

	




	
_automatic_optimization: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
_param_requires_grad_state: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], bool [https://docs.python.org/3/library/functions.html#bool]]

	




	
_metric_attributes: Dict[int [https://docs.python.org/3/library/functions.html#int], str [https://docs.python.org/3/library/stdtypes.html#str]] | None [https://docs.python.org/3/library/constants.html#None]

	




	
_compiler_ctx: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Any] | None [https://docs.python.org/3/library/constants.html#None]

	




	
_fabric: 'lf.Fabric' | None [https://docs.python.org/3/library/constants.html#None]

	




	
_fabric_optimizers: List[_FabricOptimizer]

	




	
_dtype: str [https://docs.python.org/3/library/stdtypes.html#str] | torch.dtype

	




	
prepare_data_per_node: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
allow_zero_length_dataloader_with_multiple_devices: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
training: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
_parameters: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Parameter | None [https://docs.python.org/3/library/constants.html#None]]

	




	
_buffers: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Tensor | None [https://docs.python.org/3/library/constants.html#None]]

	




	
_non_persistent_buffers_set: Set[str [https://docs.python.org/3/library/stdtypes.html#str]]

	




	
_backward_pre_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_backward_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_is_full_backward_hook: bool [https://docs.python.org/3/library/functions.html#bool] | None [https://docs.python.org/3/library/constants.html#None]

	




	
_forward_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_forward_hooks_with_kwargs: Dict[int [https://docs.python.org/3/library/functions.html#int], bool [https://docs.python.org/3/library/functions.html#bool]]

	




	
_forward_hooks_always_called: Dict[int [https://docs.python.org/3/library/functions.html#int], bool [https://docs.python.org/3/library/functions.html#bool]]

	




	
_forward_pre_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_forward_pre_hooks_with_kwargs: Dict[int [https://docs.python.org/3/library/functions.html#int], bool [https://docs.python.org/3/library/functions.html#bool]]

	




	
_state_dict_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_load_state_dict_pre_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_state_dict_pre_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_load_state_dict_post_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_modules: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], 'Module' | None [https://docs.python.org/3/library/constants.html#None]]

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.methods.unet_baseline module


	
class geowatch.tasks.fusion.methods.unet_baseline.NanToNum(num=0.0)

	Bases: Module

Module which converts NaN values in input tensors to numbers.


	
forward(x)

	








	
class geowatch.tasks.fusion.methods.unet_baseline.UNetBaseline(classes=10, dataset_stats=None, input_sensorchan=None, token_dim: int [https://docs.python.org/3/library/functions.html#int] = 32, name: str [https://docs.python.org/3/library/stdtypes.html#str] = 'unnamed_model', class_weights: str [https://docs.python.org/3/library/stdtypes.html#str] = 'auto', saliency_weights: str [https://docs.python.org/3/library/stdtypes.html#str] = 'auto', positive_change_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, negative_change_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, global_class_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, global_change_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, global_saliency_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, change_loss: str [https://docs.python.org/3/library/stdtypes.html#str] = 'cce', class_loss: str [https://docs.python.org/3/library/stdtypes.html#str] = 'focal', saliency_loss: str [https://docs.python.org/3/library/stdtypes.html#str] = 'focal', ohem_ratio: float [https://docs.python.org/3/library/functions.html#float] | None [https://docs.python.org/3/library/constants.html#None] = None, focal_gamma: float [https://docs.python.org/3/library/functions.html#float] | None [https://docs.python.org/3/library/constants.html#None] = 2.0)

	Bases: LightningModule, WatchModuleMixins


	Parameters:

	
	name – Specify a name for the experiment. (Unsure if the Model is the place for this)


	token_width – Width of each square token.


	token_dim – Dimensionality of each computed token.


	spatial_scale_base – The scale assigned to each token equals scale_base / token_density, where the token density is the number of tokens along a given axis.


	temporal_scale_base – The scale assigned to each token equals scale_base / token_density, where the token density is the number of tokens along a given axis.


	class_weights – Class weighting strategy.


	saliency_weights – Class weighting strategy.








Example

>>> # Note: it is important that the non-kwargs are saved as hyperparams
>>> from geowatch.tasks.fusion.methods.unet_baseline import UNetBaseline
>>> model = UNetBaseline(
>>>   input_sensorchan='r|g|b',
>>> )






	
_HANDLES_NANS = True

	




	
get_cfgstr()

	




	
process_frame(frame) → Dict [https://docs.python.org/3/library/typing.html#typing.Dict][str [https://docs.python.org/3/library/stdtypes.html#str], Dict [https://docs.python.org/3/library/typing.html#typing.Dict][str [https://docs.python.org/3/library/stdtypes.html#str], Any [https://docs.python.org/3/library/typing.html#typing.Any]]]

	




	
process_example(example)

	




	
process_batch(batch)

	




	
encode_frame(processed_frame)

	




	
encode_example(processed_example)

	




	
encode_batch(processed_batch)

	




	
forward(batch)

	Example

>>> from geowatch.tasks import fusion
>>> channels, classes, dataset_stats = fusion.methods.UNetBaseline.demo_dataset_stats()
>>> model = fusion.methods.UNetBaseline(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>> )
>>> batch = model.demo_batch(width=64, height=64)
>>> outputs = model.forward(batch)
>>> for task_key, task_outputs in outputs.items():
>>>     if "probs" in task_key: continue
>>>     if task_key == "class": task_key = "class_idxs"
>>>     for task_pred, example in zip(task_outputs, batch):
>>>         for frame_idx, (frame_pred, frame) in enumerate(zip(task_pred, example["frames"])):
>>>             if (frame_idx == 0) and task_key.startswith("change"): continue
>>>             assert frame_pred.shape[1:] == frame[task_key].shape, f"{frame_pred.shape} should equal {frame[task_key].shape} for task '{task_key}'"










	
shared_step(batch, batch_idx=None, stage='train', with_loss=True)

	Example

>>> # xdoctest: +REQUIRES(env:SLOW_TESTS)
>>> from geowatch.tasks import fusion
>>> import torch
>>> channels, classes, dataset_stats = fusion.methods.UNetBaseline.demo_dataset_stats()
>>> model = fusion.methods.UNetBaseline(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>> )
>>> batch = model.demo_batch(batch_size=2, width=64, height=65, num_timesteps=3)
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> # xdoctest: +REQUIRES(env:SLOW_TESTS)
>>> from geowatch.tasks import fusion
>>> import torch
>>> channels, classes, dataset_stats = fusion.methods.UNetBaseline.demo_dataset_stats()
>>> model = fusion.methods.UNetBaseline(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>> )
>>> batch = model.demo_batch(batch_size=2, width=64, height=65, num_timesteps=3)
>>> batch += [None]
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> channels, classes, dataset_stats = fusion.methods.UNetBaseline.demo_dataset_stats()
>>> model = fusion.methods.UNetBaseline(
>>>     classes=classes, token_dim=2,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>> )
>>> batch = model.demo_batch(batch_size=1, width=32, height=35, num_timesteps=3, nans=0.1)
>>> batch += model.demo_batch(batch_size=1, width=32, height=35, num_timesteps=3, nans=0.5)
>>> batch += model.demo_batch(batch_size=1, width=32, height=35, num_timesteps=3, nans=1.0)
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()










	
training_step(batch, batch_idx=None)

	




	
validation_step(batch, batch_idx=None)

	




	
test_step(batch, batch_idx=None)

	




	
predict_step(batch, batch_idx=None)

	




	
forward_step(batch, batch_idx=None, stage='train', with_loss=True)

	Example

>>> # xdoctest: +REQUIRES(env:SLOW_TESTS)
>>> from geowatch.tasks import fusion
>>> import torch
>>> channels, classes, dataset_stats = fusion.methods.UNetBaseline.demo_dataset_stats()
>>> model = fusion.methods.UNetBaseline(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>> )
>>> batch = model.demo_batch(batch_size=2, width=64, height=65, num_timesteps=3)
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> # xdoctest: +REQUIRES(env:SLOW_TESTS)
>>> from geowatch.tasks import fusion
>>> import torch
>>> channels, classes, dataset_stats = fusion.methods.UNetBaseline.demo_dataset_stats()
>>> model = fusion.methods.UNetBaseline(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>> )
>>> batch = model.demo_batch(batch_size=2, width=64, height=65, num_timesteps=3)
>>> batch += [None]
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> channels, classes, dataset_stats = fusion.methods.UNetBaseline.demo_dataset_stats()
>>> model = fusion.methods.UNetBaseline(
>>>     classes=classes, token_dim=2,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>> )
>>> batch = model.demo_batch(batch_size=1, width=32, height=35, num_timesteps=3, nans=0.1)
>>> batch += model.demo_batch(batch_size=1, width=32, height=35, num_timesteps=3, nans=0.5)
>>> batch += model.demo_batch(batch_size=1, width=32, height=35, num_timesteps=3, nans=1.0)
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()










	
save_package(package_path, verbose=1)

	CommandLine

xdoctest -m geowatch.tasks.fusion.methods.unet_baseline UNetBaseline.save_package





Example

>>> # Test without datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> #from geowatch.tasks.fusion.methods.unet_baseline import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = join(dpath, 'my_package.pt')





>>> # Use one of our fusion.architectures in a test
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> model = self = methods.UNetBaseline(
>>>     input_sensorchan=5,
>>> )





>>> # Save the model (TODO: need to save datamodule as well)
>>> model.save_package(package_path)





>>> # Test that the package can be reloaded
>>> #recon = methods.UNetBaseline.load_package(package_path)
>>> from geowatch.tasks.fusion.utils import load_model_from_package
>>> recon = load_model_from_package(package_path)
>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = model.state_dict()
>>> assert recon is not self
>>> assert set(recon_state) == set(recon_state)
>>> from geowatch.utils.util_kwarray import torch_array_equal
>>> for key in recon_state.keys():
>>>     v1 = model_state[key]
>>>     v2 = recon_state[key]
>>>     if not torch.allclose(v1, v2, equal_nan=True):
>>>         print('v1 = {}'.format(ub.urepr(v1, nl=1)))
>>>         print('v2 = {}'.format(ub.urepr(v2, nl=1)))
>>>         raise AssertionError(f'Difference in key={key}')
>>>     assert v1 is not v2, 'should be distinct copies'





Example

>>> # Test without datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> #from geowatch.tasks.fusion.methods.unet_baseline import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = join(dpath, 'my_package.pt')





>>> # Use one of our fusion.architectures in a test
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> model = self = methods.UNetBaseline(
>>>     input_sensorchan=5,
>>> )





>>> # Save the model (TODO: need to save datamodule as well)
>>> model.save_package(package_path)





>>> # Test that the package can be reloaded
>>> #recon = methods.UNetBaseline.load_package(package_path)
>>> from geowatch.tasks.fusion.utils import load_model_from_package
>>> recon = load_model_from_package(package_path)
>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = self.state_dict()
>>> assert recon is not self
>>> assert set(recon_state) == set(recon_state)
>>> from geowatch.utils.util_kwarray import torch_array_equal
>>> for key in recon_state.keys():
>>>     v1 = model_state[key]
>>>     v2 = recon_state[key]
>>>     if not torch.allclose(v1, v2, equal_nan=True):
>>>         print('v1 = {}'.format(ub.urepr(v1, nl=1)))
>>>         print('v2 = {}'.format(ub.urepr(v2, nl=1)))
>>>         raise AssertionError(f'Difference in key={key}')
>>>     assert v1 is not v2, 'should be distinct copies'





Example

>>> # Test without datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> #from geowatch.tasks.fusion.methods.unet_baseline import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = join(dpath, 'my_package.pt')





>>> # Use one of our fusion.architectures in a test
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> model = self = methods.UNetBaseline(
>>>     input_sensorchan=5,
>>> )





>>> # Save the model (TODO: need to save datamodule as well)
>>> model.save_package(package_path)





>>> # Test that the package can be reloaded
>>> #recon = methods.UNetBaseline.load_package(package_path)
>>> from geowatch.tasks.fusion.utils import load_model_from_package
>>> recon = load_model_from_package(package_path)
>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = self.state_dict()
>>> assert recon is not self
>>> assert set(recon_state) == set(recon_state)
>>> from geowatch.utils.util_kwarray import torch_array_equal
>>> for key in recon_state.keys():
>>>     v1 = model_state[key]
>>>     v2 = recon_state[key]
>>>     if not torch.allclose(v1, v2, equal_nan=True):
>>>         print('v1 = {}'.format(ub.urepr(v1, nl=1)))
>>>         print('v2 = {}'.format(ub.urepr(v2, nl=1)))
>>>         raise AssertionError(f'Difference in key={key}')
>>>     assert v1 is not v2, 'should be distinct copies'










	
_trainer: 'pl.Trainer' | None [https://docs.python.org/3/library/constants.html#None]

	




	
_example_input_array: Tensor | Tuple | Dict | None [https://docs.python.org/3/library/constants.html#None]

	




	
_current_fx_name: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None]

	




	
_automatic_optimization: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
_param_requires_grad_state: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], bool [https://docs.python.org/3/library/functions.html#bool]]

	




	
_metric_attributes: Dict[int [https://docs.python.org/3/library/functions.html#int], str [https://docs.python.org/3/library/stdtypes.html#str]] | None [https://docs.python.org/3/library/constants.html#None]

	




	
_compiler_ctx: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Any] | None [https://docs.python.org/3/library/constants.html#None]

	




	
_fabric: 'lf.Fabric' | None [https://docs.python.org/3/library/constants.html#None]

	




	
_fabric_optimizers: List[_FabricOptimizer]

	




	
_dtype: str [https://docs.python.org/3/library/stdtypes.html#str] | torch.dtype

	




	
prepare_data_per_node: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
allow_zero_length_dataloader_with_multiple_devices: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
training: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
_parameters: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Parameter | None [https://docs.python.org/3/library/constants.html#None]]

	




	
_buffers: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Tensor | None [https://docs.python.org/3/library/constants.html#None]]

	




	
_non_persistent_buffers_set: Set[str [https://docs.python.org/3/library/stdtypes.html#str]]

	




	
_backward_pre_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_backward_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_is_full_backward_hook: bool [https://docs.python.org/3/library/functions.html#bool] | None [https://docs.python.org/3/library/constants.html#None]

	




	
_forward_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_forward_hooks_with_kwargs: Dict[int [https://docs.python.org/3/library/functions.html#int], bool [https://docs.python.org/3/library/functions.html#bool]]

	




	
_forward_hooks_always_called: Dict[int [https://docs.python.org/3/library/functions.html#int], bool [https://docs.python.org/3/library/functions.html#bool]]

	




	
_forward_pre_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_forward_pre_hooks_with_kwargs: Dict[int [https://docs.python.org/3/library/functions.html#int], bool [https://docs.python.org/3/library/functions.html#bool]]

	




	
_state_dict_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_load_state_dict_pre_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_state_dict_pre_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_load_state_dict_post_hooks: Dict[int [https://docs.python.org/3/library/functions.html#int], Callable]

	




	
_modules: Dict[str [https://docs.python.org/3/library/stdtypes.html#str], 'Module' | None [https://docs.python.org/3/library/constants.html#None]]

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.methods.watch_module_mixins module


	
class geowatch.tasks.fusion.methods.watch_module_mixins.WatchModuleMixins

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Mixin methods for geowatch lightning modules


	
reset_weights()

	




	
_device_dict()

	




	
devices()

	Returns all devices this module state is mounted on


	Returns:

	set of devices used by this model



	Return type:

	Set[torch.device]










	
property main_device

	The main/src torch device used by this model






	
classmethod demo_dataset_stats()

	Mock data that mimiks a dataset summary a kwcoco dataloader could
provide.






	
demo_batch(batch_size=1, num_timesteps=3, width=8, height=8, nans=0, rng=None, new_mode_sample=0)

	Example

>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> channels, clases, dataset_stats = MultimodalTransformer.demo_dataset_stats()
>>> self = MultimodalTransformer(
>>>     arch_name='smt_it_stm_p1', tokenizer='linconv',
>>>     decoder='mlp', classes=clases, global_saliency_weight=1,
>>>     dataset_stats=dataset_stats, input_sensorchan=channels)
>>> batch = self.demo_batch()
>>> if 1:
>>>   print(nh.data.collate._debug_inbatch_shapes(batch))
>>> result = self.forward_step(batch)
>>> if 1:
>>>   print(nh.data.collate._debug_inbatch_shapes(result))





Example

>>> # With nans
>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> channels, clases, dataset_stats = MultimodalTransformer.demo_dataset_stats()
>>> self = MultimodalTransformer(
>>>     arch_name='smt_it_stm_p1', tokenizer='linconv',
>>>     decoder='mlp', classes=clases, global_saliency_weight=1,
>>>     dataset_stats=dataset_stats, input_sensorchan=channels)
>>> batch = self.demo_batch(nans=0.5, num_timesteps=2)
>>> item = batch[0]
>>> if 1:
>>>   print(nh.data.collate._debug_inbatch_shapes(batch))
>>> result1 = self.forward_step(batch)
>>> result2 = self.forward_step(batch, with_loss=0)
>>> if 1:
>>>   print(nh.data.collate._debug_inbatch_shapes(result1))
>>>   print(nh.data.collate._debug_inbatch_shapes(result2))





Example

>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> channels, clases, dataset_stats = MultimodalTransformer.demo_dataset_stats()
>>> self = MultimodalTransformer(
>>>     arch_name='smt_it_stm_p1', tokenizer='linconv',
>>>     decoder='mlp', classes=clases, global_saliency_weight=1,
>>>     dataset_stats=dataset_stats, input_sensorchan=channels)
>>> batch = self.demo_batch(new_mode_sample=1)
>>> print(nh.data.collate._debug_inbatch_shapes(batch))










	
property has_trainer

	




	
classmethod load_package(package_path, verbose=1)

	DEPRECATE IN FAVOR OF geowatch.tasks.fusion.utils.load_model_from_package


Todo


	
	[ ] Make the logic that defines the save_package and load_package
	methods with appropriate package header data a lightning
abstraction.
















	
_coerce_class_weights(class_weights)

	Handles automatic class weighting based on dataset stats.


	Parameters:

	class_weights (str | FloatTensor) – If already a tensor does nothing. If the string “auto” then
class frequency weighting is used. The string “auto” can be
suffixed with a “class modulation code”.






Note

A class modulate code is a a special syntax that lets the user
modulate automatically computed class weights. Should be a comma
separated list of name*weight or name*weight+offset. E.g.
auto:negative*0,background*0.001,No Activity*0.1+1



Example

>>> # xdoctest: +IGNORE_WANT
>>> from geowatch.tasks.fusion.methods.watch_module_mixins import *  # NOQA
>>> self = WatchModuleMixins()
>>> self.classes = ['a', 'b', 'c', 'd', 'e']
>>> self.class_freq = {
>>>     'a': 100, 'b': 100, 'c': 100, 'd': 100, 'e': 100, 'f': 100,
>>> }
>>> self._coerce_class_weights('auto')
tensor([1., 1., 1., 1., 1.])
>>> self.class_freq = {
>>>     'a': 100, 'b': 100, 'c': 200, 'd': 300, 'e': 500, 'f': 800,
>>> }
>>> self._coerce_class_weights('auto')
tensor([1.0000, 1.0000, 0.5000, 0.3333, 0.2000])
>>> self._coerce_class_weights('auto:a+1,b*2,c*0+31415')
tensor([2.0000e+00, 2.0000e+00, 3.1415e+04, 3.3333e-01, 2.0000e-01])










	
_coerce_saliency_weights(saliency_weights)

	Finds weights to balance saliency forward / background classes.


	Parameters:

	saliency_weights (Tensor | str) – Can be a raw tensor, auto, or a string <fg>:<bg>.





Example

>>> # xdoctest: +IGNORE_WANT
>>> from geowatch.tasks.fusion.methods.watch_module_mixins import *  # NOQA
>>> self = WatchModuleMixins()
>>> self.saliency_num_classes = 2
>>> self.background_classes = ['a', 'b', 'c']
>>> self.foreground_classes = ['d', 'e']
>>> self.class_freq = {
>>>     'a': 100, 'b': 100, 'c': 100, 'd': 100, 'e': 100, 'f': 100,
>>> }
>>> self._coerce_saliency_weights('auto')
tensor([1.0000, 1.4925])
>>> self.background_classes = ['a', 'b', 'c']
>>> self.foreground_classes = []
>>> self._coerce_saliency_weights('auto')
tensor([  1., 300.])
>>> self.background_classes = []
>>> self.foreground_classes = []
>>> self._coerce_saliency_weights('auto')
tensor([1., 0.])
>>> self._coerce_saliency_weights('2:1')
tensor([2., 1.])
>>> self._coerce_saliency_weights('70:20')
tensor([70., 20.])










	
set_dataset_specific_attributes(input_sensorchan, dataset_stats)

	Set module attributes based on dataset stats it will be trained on.


	Parameters:

	
	input_sensorchan (str | kwcoco.SensorchanSpec | None) – The input sensor channels the model should expect


	dataset_stats (Dict | None) – See demo_dataset_stats() for an example of this structure






	Returns:

	input_stats



	Return type:

	None | Dict





The following attributes will be set after calling this method.



	self.class_freq


	self.dataset_stats


	self.input_sensorchan


	self.unique_sensor_modes







We also return an input_stats variable which should be used for
setting model-dependent handling of input normalization.

The handling of dataset_stats and input_sensorchan are weirdly coupled
for legacy reasons and duplicated across several modules. This is a
common location for that code to allow it to be more easily refactored
and simplified at a later date.






	
overfit(batch)

	Overfit script and demo

CommandLine

python -m xdoctest -m geowatch.tasks.fusion.methods.channelwise_transformer MultimodalTransformer.overfit --overfit-demo





Example

>>> # xdoctest: +REQUIRES(--overfit-demo)
>>> # ============
>>> # DEMO OVERFIT:
>>> # ============
>>> from geowatch.tasks.fusion.methods.heterogeneous import *  # NOQA
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> from geowatch.utils.util_data import find_dvc_dpath
>>> import geowatch
>>> import kwcoco
>>> from os.path import join
>>> import os
>>> if 0:
>>>     '''
>>>     # Generate toy datasets
>>>     DATA_DPATH=$HOME/data/work/toy_change
>>>     TRAIN_FPATH=$DATA_DPATH/vidshapes_msi_train/data.kwcoco.json
>>>     mkdir -p "$DATA_DPATH"
>>>     kwcoco toydata --key=vidshapes-videos8-frames5-randgsize-speed0.2-msi-multisensor --bundle_dpath "$DATA_DPATH/vidshapes_msi_train" --verbose=5
>>>     '''
>>>     coco_fpath = ub.expandpath('$HOME/data/work/toy_change/vidshapes_msi_train/data.kwcoco.json')
>>>     coco_dset = kwcoco.CocoDataset.coerce(coco_fpath)
>>>     channels="B11,r|g|b,B1|B8|B11"
>>> if 1:
>>>     dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>>     coco_dset = (dvc_dpath / 'Drop6') / 'imganns-KR_R001.kwcoco.zip'
>>>     channels='blue|green|red|nir'
>>> if 0:
>>>     coco_dset = geowatch.demo.demo_kwcoco_multisensor(max_speed=0.5)
>>>     # coco_dset = 'special:vidshapes8-frames9-speed0.5-multispectral'
>>>     #channels='B1|B11|B8|r|g|b|gauss'
>>>     channels='X.2|Y:2:6,B1|B8|B8a|B10|B11,r|g|b,disparity|gauss,flowx|flowy|distri'
>>> coco_dset = kwcoco.CocoDataset.coerce(coco_dset)
>>> datamodule = datamodules.KWCocoVideoDataModule(
>>>     train_dataset=coco_dset,
>>>     chip_size=128, batch_size=1, time_steps=5,
>>>     channels=channels,
>>>     normalize_peritem='blue|green|red|nir',
>>>     normalize_inputs=32, neg_to_pos_ratio=0,
>>>     num_workers='avail/2',
>>>     mask_low_quality=True,
>>>     observable_threshold=0.6,
>>>     use_grid_positives=False, use_centered_positives=True,
>>> )
>>> datamodule.setup('fit')
>>> dataset = torch_dset = datamodule.torch_datasets['train']
>>> torch_dset.disable_augmenter = True
>>> dataset_stats = datamodule.dataset_stats
>>> input_sensorchan = datamodule.input_sensorchan
>>> classes = datamodule.classes
>>> print('dataset_stats = {}'.format(ub.urepr(dataset_stats, nl=3)))
>>> print('input_sensorchan = {}'.format(input_sensorchan))
>>> print('classes = {}'.format(classes))
>>> # Choose subclass to test this with (does not cover all cases)
>>> self = methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     #token_dim=708,
>>>     #token_dim=768 - 60,
>>>     #backbone='vit_B_16_imagenet1k',
>>>     token_dim=208,
>>>     backbone='sits-former',
>>>     position_encoder=position_encoder,
>>>     )
>>> self.datamodule = datamodule
>>> datamodule._notify_about_tasks(model=self)
>>> # Run one visualization
>>> loader = datamodule.train_dataloader()
>>> # Load one batch and show it before we do anything
>>> batch = next(iter(loader))
>>> print(ub.urepr(dataset.summarize_item(batch[0]), nl=3))
>>> import kwplot
>>> plt = kwplot.autoplt(force='Qt5Agg')
>>> plt.ion()
>>> canvas = datamodule.draw_batch(batch, max_channels=5, overlay_on_image=0)
>>> kwplot.imshow(canvas, fnum=1)
>>> # Run overfit
>>> device = 0
>>> self.overfit(batch)





nh.initializers.KaimingNormal()(self)
nh.initializers.Orthogonal()(self)






	
_save_package(package_path, verbose=1)

	We define this as a protected method to allow modules to reuse the core
code, but force each module to define the save_package method
themselves with a doctest. In the future if this logic is general we
may remove that restriction and refactor tests to be part of unit
tests.






	
configure_optimizers()

	Note: this is only a fallback for testing purposes. This should be
overwrriten in your module or done via lightning CLI.
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Module contents

mkinit -m geowatch.tasks.fusion.methods -w


	
class geowatch.tasks.fusion.methods.MultimodalTransformer(classes=10, dataset_stats=None, input_sensorchan=None, input_channels=None, **kwargs)

	Bases: LightningModule, WatchModuleMixins

CommandLine

xdoctest -m geowatch.tasks.fusion.methods.channelwise_transformer MultimodalTransformer






Todo


	[ ] Change name MultimodalTransformer -> FusionModel


	[ ] Move parent module methods -> models






CommandLine

xdoctest -m /home/joncrall/code/watch/geowatch/tasks/fusion/methods/channelwise_transformer.py MultimodalTransformer





Example

>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> from geowatch.tasks.fusion import datamodules
>>> print('(STEP 0): SETUP THE DATA MODULE')
>>> datamodule = datamodules.KWCocoVideoDataModule(
>>>     train_dataset='special:vidshapes-geowatch', num_workers=4, channels='auto')
>>> datamodule.setup('fit')
>>> dataset = datamodule.torch_datasets['train']
>>> print('(STEP 1): ESTIMATE DATASET STATS')
>>> dataset_stats = dataset.cached_dataset_stats(num=3)
>>> print('dataset_stats = {}'.format(ub.urepr(dataset_stats, nl=3)))
>>> loader = datamodule.train_dataloader()
>>> print('(STEP 2): SAMPLE BATCH')
>>> batch = next(iter(loader))
>>> for item_idx, item in enumerate(batch):
>>>     print(f'item_idx={item_idx}')
>>>     item_summary = dataset.summarize_item(item)
>>>     print('item_summary = {}'.format(ub.urepr(item_summary, nl=2)))
>>> print('(STEP 3): THE REST OF THE TEST')
>>> #self = MultimodalTransformer(arch_name='smt_it_joint_p8')
>>> self = MultimodalTransformer(arch_name='smt_it_joint_p2',
>>>                              dataset_stats=dataset_stats,
>>>                              classes=datamodule.classes,
>>>                              decoder='segmenter',
>>>                              change_loss='dicefocal',
>>>                              #attention_impl='performer'
>>>                              attention_impl='exact'
>>>                              )
>>> device = nh.XPU.coerce('cpu').main_device
>>> self = self.to(device)
>>> # Run forward pass
>>> num_params = nh.util.number_of_parameters(self)
>>> print('num_params = {!r}'.format(num_params))
>>> output = self.forward_step(batch, with_loss=True)
>>> import torch.profiler
>>> from torch.profiler import profile, ProfilerActivity
>>> with profile(activities=[ProfilerActivity.CPU, ProfilerActivity.CUDA], record_shapes=True) as prof:
>>>     with torch.profiler.record_function("model_inference"):
>>>         output = self.forward_step(batch, with_loss=True)
>>> print(prof.key_averages().table(sort_by="cpu_time_total", row_limit=10))





Example

>>> # Note: it is important that the non-kwargs are saved as hyperparams
>>> from geowatch.tasks.fusion.methods.channelwise_transformer import MultimodalTransformer
>>> self = model = MultimodalTransformer(arch_name="smt_it_joint_p2", input_sensorchan='r|g|b')
>>> assert "classes" in model.hparams
>>> assert "dataset_stats" in model.hparams
>>> assert "input_sensorchan" in model.hparams
>>> assert "tokenizer" in model.hparams






	
_HANDLES_NANS = True

	




	
get_cfgstr()

	




	
classmethod add_argparse_args(parent_parser)

	Only required for backwards compatibility until lightning CLI
is the primary entry point.

Example

>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> from geowatch.utils.configargparse_ext import ArgumentParser
>>> cls = MultimodalTransformer
>>> parent_parser = ArgumentParser(formatter_class='defaults')
>>> cls.add_argparse_args(parent_parser)
>>> parent_parser.print_help()
>>> parent_parser.parse_known_args()





print(scfg.Config.port_argparse(parent_parser, style=’dataconf’))






	
classmethod compatible(cfgdict)

	Given keyword arguments, find the subset that is compatible with this
constructor. This is somewhat hacked because of usage of scriptconfig,
but could be made nicer by future updates.
# init_kwargs = ub.compatible(config, cls.__init__)






	
configure_optimizers()

	
Todo


	[ ] Enable use of other optimization algorithms on the CLI


	[ ] Enable use of other scheduler algorithms on the CLI







Note

Is this even called when using LightningCLI?
Nope, the LightningCLI overwrites it.



References

https://pytorch-optimizer.readthedocs.io/en/latest/index.html
https://pytorch-lightning.readthedocs.io/en/stable/common/optimization.html

Example

>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # noqa
>>> from geowatch.utils.lightning_ext.monkeypatches import disable_lightning_hardware_warnings
>>> disable_lightning_hardware_warnings()
>>> self = MultimodalTransformer(arch_name="smt_it_joint_p2", input_sensorchan='r|g|b')
>>> max_epochs = 80
>>> self.trainer = pl.Trainer(max_epochs=max_epochs)
>>> [opt], [sched] = self.configure_optimizers()
>>> rows = []
>>> # Insepct what the LR curve will look like
>>> for _ in range(max_epochs):
...     sched.last_epoch += 1
...     lr = sched.get_last_lr()[0]
...     rows.append({'lr': lr, 'last_epoch': sched.last_epoch})
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> import pandas as pd
>>> data = pd.DataFrame(rows)
>>> sns = kwplot.autosns()
>>> sns.lineplot(data=data, y='lr', x='last_epoch')





[image: ../_images/fig_geowatch_tasks_fusion_methods_MultimodalTransformer_configure_optimizers_002.jpeg]
Example

>>> # Verify lr and decay is set correctly
>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> my_lr = 2.3e-5
>>> my_decay = 2.3e-5
>>> kw = dict(arch_name="smt_it_joint_p2", input_sensorchan='r|g|b', learning_rate=my_lr, weight_decay=my_decay)
>>> self = MultimodalTransformer(**kw)
>>> [opt], [sched] = self.configure_optimizers()
>>> assert opt.param_groups[0]['lr'] == my_lr
>>> assert opt.param_groups[0]['weight_decay'] == my_decay
>>> #
>>> self = MultimodalTransformer(**kw, optimizer='sgd')
>>> [opt], [sched] = self.configure_optimizers()
>>> assert opt.param_groups[0]['lr'] == my_lr
>>> assert opt.param_groups[0]['weight_decay'] == my_decay
>>> #
>>> self = MultimodalTransformer(**kw, optimizer='AdamW')
>>> [opt], [sched] = self.configure_optimizers()
>>> assert opt.param_groups[0]['lr'] == my_lr
>>> assert opt.param_groups[0]['weight_decay'] == my_decay
>>> #
>>> # self = MultimodalTransformer(**kw, optimizer='MADGRAD')
>>> # [opt], [sched] = self.configure_optimizers()
>>> # assert opt.param_groups[0]['lr'] == my_lr
>>> # assert opt.param_groups[0]['weight_decay'] == my_decay










	
overfit(batch)

	Overfit script and demo

CommandLine

python -m xdoctest -m geowatch.tasks.fusion.methods.channelwise_transformer MultimodalTransformer.overfit --overfit-demo





Example

>>> # xdoctest: +REQUIRES(--overfit-demo)
>>> # ============
>>> # DEMO OVERFIT:
>>> # ============
>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> from geowatch.utils.util_data import find_dvc_dpath
>>> import geowatch
>>> import kwcoco
>>> from os.path import join
>>> import os
>>> if 1:
>>>     print('''
...     # Generate toy datasets
...     DATA_DPATH=$HOME/data/work/toy_change
...     TRAIN_FPATH=$DATA_DPATH/vidshapes_msi_train/data.kwcoco.json
...     mkdir -p "$DATA_DPATH"
...     kwcoco toydata --key=vidshapes-videos8-frames5-randgsize-speed0.2-msi-multisensor --bundle_dpath "$DATA_DPATH/vidshapes_msi_train" --verbose=5
...     ''')
>>>     coco_fpath = ub.expandpath('$HOME/data/work/toy_change/vidshapes_msi_train/data.kwcoco.json')
>>>     coco_fpath = 'vidshapes-videos8-frames5-randgsize-speed0.2-msi-multisensor'
>>>     coco_dset = kwcoco.CocoDataset.coerce(coco_fpath)
>>>     channels="B11,r|g|b,B1|B8|B11"
>>> if 0:
>>>     dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>>     coco_dset = (dvc_dpath / 'Drop4-BAS') / 'data_vali.kwcoco.json'
>>>     channels='swir16|swir22|blue|green|red|nir'
>>>     coco_dset = (dvc_dpath / 'Drop4-BAS') / 'combo_vali_I2.kwcoco.json'
>>>     channels='blue|green|red|nir,invariants.0:17'
>>> if 0:
>>>     coco_dset = geowatch.demo.demo_kwcoco_multisensor(max_speed=0.5)
>>>     # coco_dset = 'special:vidshapes8-frames9-speed0.5-multispectral'
>>>     #channels='B1|B11|B8|r|g|b|gauss'
>>>     channels='X.2|Y:2:6,B1|B8|B8a|B10|B11,r|g|b,disparity|gauss,flowx|flowy|distri'
>>> coco_dset = kwcoco.CocoDataset.coerce(coco_dset)
>>> datamodule = datamodules.KWCocoVideoDataModule(
>>>     train_dataset=coco_dset,
>>>     chip_size=128, batch_size=1, time_steps=5,
>>>     channels=channels,
>>>     normalize_peritem='blue|green|red|nir',
>>>     normalize_inputs=32, neg_to_pos_ratio=0,
>>>     num_workers='avail/2',
>>>     mask_low_quality=True,
>>>     observable_threshold=0.6,
>>>     use_grid_positives=False, use_centered_positives=True,
>>> )
>>> datamodule.setup('fit')
>>> dataset = torch_dset = datamodule.torch_datasets['train']
>>> torch_dset.disable_augmenter = True
>>> dataset_stats = datamodule.dataset_stats
>>> input_sensorchan = datamodule.input_sensorchan
>>> classes = datamodule.classes
>>> print('dataset_stats = {}'.format(ub.urepr(dataset_stats, nl=3)))
>>> print('input_sensorchan = {}'.format(input_sensorchan))
>>> print('classes = {}'.format(classes))
>>> # Choose subclass to test this with (does not cover all cases)
>>> self = methods.MultimodalTransformer(
>>>     # ===========
>>>     # Backbone
>>>     #arch_name='smt_it_joint_p2',
>>>     arch_name='smt_it_stm_p8',
>>>     stream_channels = 16,
>>>     #arch_name='deit',
>>>     optimizer='AdamW',
>>>     learning_rate=1e-5,
>>>     weight_decay=1e-3,
>>>     #attention_impl='performer',
>>>     attention_impl='exact',
>>>     #decoder='segmenter',
>>>     #saliency_head_hidden=4,
>>>     decoder='mlp',
>>>     change_loss='dicefocal',
>>>     #class_loss='cce',
>>>     class_loss='dicefocal',
>>>     #saliency_loss='dicefocal',
>>>     saliency_loss='focal',
>>>     # ===========
>>>     # Change Loss
>>>     global_change_weight=1e-5,
>>>     positive_change_weight=1.0,
>>>     negative_change_weight=0.5,
>>>     # ===========
>>>     # Class Loss
>>>     global_class_weight=1e-5,
>>>     class_weights='auto',
>>>     # ===========
>>>     # Saliency Loss
>>>     global_saliency_weight=1.00,
>>>     # ===========
>>>     # Domain Metadata (Look Ma, not hard coded!)
>>>     dataset_stats=dataset_stats,
>>>     classes=classes,
>>>     input_sensorchan=input_sensorchan,
>>>     #tokenizer='dwcnn',
>>>     tokenizer='linconv',
>>>     multimodal_reduce='learned_linear',
>>>     #tokenizer='rearrange',
>>>     # normalize_perframe=True,
>>>     window_size=8,
>>>     )
>>> self.datamodule = datamodule
>>> datamodule._notify_about_tasks(model=self)
>>> # Run one visualization
>>> loader = datamodule.train_dataloader()
>>> # Load one batch and show it before we do anything
>>> batch = next(iter(loader))
>>> print(ub.urepr(dataset.summarize_item(batch[0]), nl=3))
>>> import kwplot
>>> plt = kwplot.autoplt(force='Qt5Agg')
>>> plt.ion()
>>> canvas = datamodule.draw_batch(batch, max_channels=5, overlay_on_image=0)
>>> kwplot.imshow(canvas, fnum=1)
>>> # Run overfit
>>> device = 0
>>> self.overfit(batch)





nh.initializers.KaimingNormal()(self)
nh.initializers.Orthogonal()(self)






	
prepare_item(item)

	




	
forward_step(batch, with_loss=False, stage='unspecified')

	Generic forward step used for test / train / validation

CommandLine

xdoctest -m geowatch.tasks.fusion.methods.channelwise_transformer MultimodalTransformer.forward_step





Example

>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> import geowatch
>>> datamodule = datamodules.KWCocoVideoDataModule(
>>>     train_dataset='special:vidshapes-geowatch',
>>>     num_workers=0, chip_size=96, time_steps=4,
>>>     normalize_inputs=8, neg_to_pos_ratio=0, batch_size=5,
>>>     channels='auto',
>>> )
>>> datamodule.setup('fit')
>>> train_dset = datamodule.torch_datasets['train']
>>> loader = datamodule.train_dataloader()
>>> batch = next(iter(loader))
>>> # Test with "failed samples"
>>> batch[0] = None
>>> batch[2] = None
>>> batch[3] = None
>>> batch[4] = None
>>> if 1:
>>>   print(nh.data.collate._debug_inbatch_shapes(batch))
>>> # Choose subclass to test this with (does not cover all cases)
>>> self = model = methods.MultimodalTransformer(
>>>     arch_name='smt_it_joint_p8', tokenizer='rearrange',
>>>     decoder='segmenter',
>>>     dataset_stats=datamodule.dataset_stats, global_saliency_weight=1.0, global_change_weight=1.0, global_class_weight=1.0,
>>>     classes=datamodule.classes, input_sensorchan=datamodule.input_sensorchan)
>>> with_loss = True
>>> outputs = self.forward_step(batch, with_loss=with_loss)
>>> canvas = datamodule.draw_batch(batch, outputs=outputs, max_items=3, overlay_on_image=False)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)
>>> kwplot.show_if_requested()





[image: ../_images/fig_geowatch_tasks_fusion_methods_MultimodalTransformer_forward_step_002.jpeg]
Example

>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> channels, classes, dataset_stats = MultimodalTransformer.demo_dataset_stats()
>>> self = MultimodalTransformer(
>>>     arch_name='smt_it_stm_p1', tokenizer='linconv',
>>>     decoder='segmenter', classes=classes, global_saliency_weight=1,
>>>     dataset_stats=dataset_stats, input_sensorchan=channels)
>>> batch = self.demo_batch()
>>> outputs = self.forward_step(batch, with_loss=True)
>>> print(nh.data.collate._debug_inbatch_shapes(batch))
>>> print(nh.data.collate._debug_inbatch_shapes(outputs))





Example

>>> # Test learned_linear multimodal reduce
>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> channels, classes, dataset_stats = MultimodalTransformer.demo_dataset_stats()
>>> self = MultimodalTransformer(
>>>     arch_name='smt_it_stm_p1', tokenizer='linconv',
>>>     decoder='mlp', classes=classes, global_saliency_weight=1,
>>>     dataset_stats=dataset_stats, input_sensorchan=channels, multimodal_reduce='learned_linear')
>>> batch = self.demo_batch()
>>> outputs = self.forward_step(batch, with_loss=True)
>>> print(nh.data.collate._debug_inbatch_shapes(batch))
>>> print(nh.data.collate._debug_inbatch_shapes(outputs))
>>> # outputs['loss'].backward()










	
forward_item(item, with_loss=False)

	Example

>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> channels, classes, dataset_stats = MultimodalTransformer.demo_dataset_stats()
>>> self = MultimodalTransformer(
>>>     arch_name='smt_it_stm_p1', tokenizer='linconv',
>>>     decoder='segmenter', classes=classes, global_saliency_weight=1,
>>>     dataset_stats=dataset_stats, input_sensorchan=channels)
>>> item = self.demo_batch(width=64, height=65)[0]
>>> outputs = self.forward_item(item, with_loss=True)
>>> print('item')
>>> print(nh.data.collate._debug_inbatch_shapes(item))
>>> print('outputs')
>>> print(nh.data.collate._debug_inbatch_shapes(outputs))





Example

>>> # Decoupled resolutions
>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> channels, classes, dataset_stats = MultimodalTransformer.demo_dataset_stats()
>>> self = MultimodalTransformer(
>>>     arch_name='smt_it_stm_p1', tokenizer='linconv',
>>>     decoder='mlp', classes=classes, global_saliency_weight=1,
>>>     dataset_stats=dataset_stats, input_sensorchan=channels, decouple_resolution=True)
>>> batch = self.demo_batch(width=(11, 21), height=(16, 64), num_timesteps=3)
>>> item = batch[0]
>>> print(nh.data.collate._debug_inbatch_shapes(batch))
>>> result1 = self.forward_step(batch, with_loss=True)
>>> print(nh.data.collate._debug_inbatch_shapes(result1))
>>> # Check we can go backward
>>> result1['loss'].backward()










	
forward_foot(sensor, chan_code, mode_val: Tensor, frame_enc)

	




	
_head_loss(head_key, head_logits, head_truth, head_weights, head_encoding)

	




	
_build_item_loss_parts(item, resampled_logits)

	




	
training_step(batch, batch_idx=None)

	




	
optimizer_step(*args, **kwargs)

	




	
parameter_hacking(optimizer)

	




	
validation_step(batch, batch_idx=None)

	




	
test_step(batch, batch_idx=None)

	




	
save_package(package_path, verbose=1)

	CommandLine

xdoctest -m geowatch.tasks.fusion.methods.channelwise_transformer MultimodalTransformer.save_package





Example

>>> # Test without datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = join(dpath, 'my_package.pt')





>>> # Use one of our fusion.architectures in a test
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> model = self = methods.MultimodalTransformer(
>>>     arch_name="smt_it_joint_p2", input_sensorchan=5,
>>>     change_head_hidden=0, saliency_head_hidden=0,
>>>     class_head_hidden=0)





>>> # Save the model (TODO: need to save datamodule as well)
>>> model.save_package(package_path)





>>> # Test that the package can be reloaded
>>> recon = methods.MultimodalTransformer.load_package(package_path)
>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = model.state_dict()
>>> assert recon is not model
>>> assert set(recon_state) == set(recon_state)
>>> for key in recon_state.keys():
>>>     assert (model_state[key] == recon_state[key]).all()
>>>     assert model_state[key] is not recon_state[key]










	
forward(batch)

	Example

>>> import pytest
>>> pytest.skip('not currently used')
>>> from geowatch.tasks.fusion.methods.channelwise_transformer import *  # NOQA
>>> from geowatch.tasks.fusion import datamodules
>>> channels = 'B1,B8|B8a,B10|B11'
>>> channels = 'B1|B8|B10|B8a|B11'
>>> datamodule = datamodules.KWCocoVideoDataModule(
>>>     train_dataset='special:vidshapes8-multispectral', num_workers=0, channels=channels)
>>> datamodule.setup('fit')
>>> train_dataset = datamodule.torch_datasets['train']
>>> dataset_stats = train_dataset.cached_dataset_stats()
>>> loader = datamodule.train_dataloader()
>>> tokenizer = 'convexpt-v1'
>>> tokenizer = 'dwcnn'
>>> batch = next(iter(loader))
>>> #self = MultimodalTransformer(arch_name='smt_it_joint_p8')
>>> self = MultimodalTransformer(
>>>     arch_name='smt_it_joint_p8',
>>>     dataset_stats=dataset_stats,
>>>     change_loss='dicefocal',
>>>     decoder='dicefocal',
>>>     attention_impl='performer',
>>>     tokenizer=tokenizer,
>>> )
>>> #images = torch.stack([ub.peek(f['modes'].values()) for f in batch[0]['frames']])[None, :]
>>> #images.shape
>>> #self.forward(images)














	
class geowatch.tasks.fusion.methods.HeterogeneousModel(classes=10, dataset_stats=None, input_sensorchan=None, name: str [https://docs.python.org/3/library/stdtypes.html#str] = 'unnamed_model', position_encoder: str [https://docs.python.org/3/library/stdtypes.html#str] | ScaleAwarePositionalEncoder = 'auto', backbone: str [https://docs.python.org/3/library/stdtypes.html#str] | BackboneEncoderDecoder = 'auto', token_width: int [https://docs.python.org/3/library/functions.html#int] = 10, token_dim: int [https://docs.python.org/3/library/functions.html#int] = 16, spatial_scale_base: float [https://docs.python.org/3/library/functions.html#float] = 1.0, temporal_scale_base: float [https://docs.python.org/3/library/functions.html#float] = 1.0, class_weights: str [https://docs.python.org/3/library/stdtypes.html#str] = 'auto', saliency_weights: str [https://docs.python.org/3/library/stdtypes.html#str] = 'auto', positive_change_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, negative_change_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, global_class_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, global_change_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, global_saliency_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, change_loss: str [https://docs.python.org/3/library/stdtypes.html#str] = 'cce', class_loss: str [https://docs.python.org/3/library/stdtypes.html#str] = 'focal', saliency_loss: str [https://docs.python.org/3/library/stdtypes.html#str] = 'focal', tokenizer: str [https://docs.python.org/3/library/stdtypes.html#str] = 'simple_conv', decoder: str [https://docs.python.org/3/library/stdtypes.html#str] = 'upsample', ohem_ratio: float [https://docs.python.org/3/library/functions.html#float] | None [https://docs.python.org/3/library/constants.html#None] = None, focal_gamma: float [https://docs.python.org/3/library/functions.html#float] | None [https://docs.python.org/3/library/constants.html#None] = 2.0)

	Bases: LightningModule, WatchModuleMixins


	Parameters:

	
	name – Specify a name for the experiment. (Unsure if the Model is the place for this)


	token_width – Width of each square token.


	token_dim – Dimensionality of each computed token.


	spatial_scale_base – The scale assigned to each token equals scale_base / token_density, where the token density is the number of tokens along a given axis.


	temporal_scale_base – The scale assigned to each token equals scale_base / token_density, where the token density is the number of tokens along a given axis.


	class_weights – Class weighting strategy.


	saliency_weights – Class weighting strategy.








Example

>>> # Note: it is important that the non-kwargs are saved as hyperparams
>>> from geowatch.tasks.fusion.methods.heterogeneous import HeterogeneousModel, ScaleAgnostictPositionalEncoder
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = ScaleAgnostictPositionalEncoder(3, 8)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> model = HeterogeneousModel(
>>>   input_sensorchan='r|g|b',
>>>   position_encoder=position_encoder,
>>>   backbone=backbone,
>>> )






	
_HANDLES_NANS = True

	




	
get_cfgstr()

	




	
process_input_tokens(example)

	Example

>>> from geowatch.tasks import fusion
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     backbone=backbone,
>>> )
>>> example = model.demo_batch(width=64, height=65)[0]
>>> input_tokens = model.process_input_tokens(example)
>>> assert len(input_tokens) == len(example["frames"])
>>> assert len(input_tokens[0]) == len(example["frames"][0]["modes"])










	
process_query_tokens(example)

	Example

>>> from geowatch.tasks import fusion
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     backbone=backbone,
>>> )
>>> example = model.demo_batch(width=64, height=65)[0]
>>> query_tokens = model.process_query_tokens(example)
>>> assert len(query_tokens) == len(example["frames"])










	
forward(batch)

	Example

>>> from geowatch.tasks import fusion
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     backbone=backbone,
>>>     position_encoder=position_encoder,
>>> )
>>> batch = model.demo_batch(width=64, height=65)
>>> batch += model.demo_batch(width=55, height=75)
>>> outputs = model.forward(batch)
>>> for task_key, task_outputs in outputs.items():
>>>     if "probs" in task_key: continue
>>>     if task_key == "class": task_key = "class_idxs"
>>>     for task_pred, example in zip(task_outputs, batch):
>>>         for frame_idx, (frame_pred, frame) in enumerate(zip(task_pred, example["frames"])):
>>>             if (frame_idx == 0) and task_key.startswith("change"): continue
>>>             assert frame_pred.shape[1:] == frame[task_key].shape, f"{frame_pred.shape} should equal {frame[task_key].shape} for task '{task_key}'"





Example

>>> from geowatch.tasks import fusion
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     backbone=backbone,
>>>     decoder="simple_conv",
>>> )
>>> batch = model.demo_batch(width=64, height=65)
>>> batch += model.demo_batch(width=55, height=75)
>>> outputs = model.forward(batch)
>>> for task_key, task_outputs in outputs.items():
>>>     if "probs" in task_key: continue
>>>     if task_key == "class": task_key = "class_idxs"
>>>     for task_pred, example in zip(task_outputs, batch):
>>>         for frame_idx, (frame_pred, frame) in enumerate(zip(task_pred, example["frames"])):
>>>             if (frame_idx == 0) and task_key.startswith("change"): continue
>>>             assert frame_pred.shape[1:] == frame[task_key].shape, f"{frame_pred.shape} should equal {frame[task_key].shape} for task '{task_key}'"





Example

>>> from geowatch.tasks import fusion
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     backbone=backbone,
>>>     decoder="trans_conv",
>>> )
>>> batch = model.demo_batch(width=64, height=65)
>>> batch += model.demo_batch(width=55, height=75)
>>> outputs = model.forward(batch)
>>> for task_key, task_outputs in outputs.items():
>>>     if "probs" in task_key: continue
>>>     if task_key == "class": task_key = "class_idxs"
>>>     for task_pred, example in zip(task_outputs, batch):
>>>         for frame_idx, (frame_pred, frame) in enumerate(zip(task_pred, example["frames"])):
>>>             if (frame_idx == 0) and task_key.startswith("change"): continue
>>>             assert frame_pred.shape[1:] == frame[task_key].shape, f"{frame_pred.shape} should equal {frame[task_key].shape} for task '{task_key}'"





Example

>>> from geowatch.tasks import fusion
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=0,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=0,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     backbone=backbone,
>>>     decoder="trans_conv",
>>> )
>>> batch = model.demo_batch(width=64, height=65)
>>> batch += model.demo_batch(width=55, height=75)
>>> outputs = model.forward(batch)
>>> for task_key, task_outputs in outputs.items():
>>>     if "probs" in task_key: continue
>>>     if task_key == "class": task_key = "class_idxs"
>>>     for task_pred, example in zip(task_outputs, batch):
>>>         for frame_idx, (frame_pred, frame) in enumerate(zip(task_pred, example["frames"])):
>>>             if (frame_idx == 0) and task_key.startswith("change"): continue
>>>             assert frame_pred.shape[1:] == frame[task_key].shape, f"{frame_pred.shape} should equal {frame[task_key].shape} for task '{task_key}'"





Example

>>> # xdoctest: +REQUIRES(module:mmseg)
>>> from geowatch.tasks import fusion
>>> from geowatch.tasks.fusion.architectures.transformer import MM_VITEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = MM_VITEncoderDecoder(
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     backbone=backbone,
>>>     position_encoder=position_encoder,
>>> )
>>> batch = model.demo_batch(width=64, height=65)
>>> batch += model.demo_batch(width=55, height=75)
>>> outputs = model.forward(batch)
>>> for task_key, task_outputs in outputs.items():
>>>     if "probs" in task_key: continue
>>>     if task_key == "class": task_key = "class_idxs"
>>>     for task_pred, example in zip(task_outputs, batch):
>>>         for frame_idx, (frame_pred, frame) in enumerate(zip(task_pred, example["frames"])):
>>>             if (frame_idx == 0) and task_key.startswith("change"): continue
>>>             assert frame_pred.shape[1:] == frame[task_key].shape, f"{frame_pred.shape} should equal {frame[task_key].shape} for task '{task_key}'"





Example

>>> # xdoctest: +REQUIRES(module:mmseg)
>>> from geowatch.tasks import fusion
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> self = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     #token_dim=708,
>>>     token_dim=768 - 60,
>>>     backbone='vit_B_16_imagenet1k',
>>>     position_encoder=position_encoder,
>>> )
>>> batch = self.demo_batch(width=64, height=65)
>>> batch += self.demo_batch(width=55, height=75)
>>> outputs = self.forward(batch)
>>> for task_key, task_outputs in outputs.items():
>>>     if "probs" in task_key: continue
>>>     if task_key == "class": task_key = "class_idxs"
>>>     for task_pred, example in zip(task_outputs, batch):
>>>         for frame_idx, (frame_pred, frame) in enumerate(zip(task_pred, example["frames"])):
>>>             if (frame_idx == 0) and task_key.startswith("change"): continue
>>>             assert frame_pred.shape[1:] == frame[task_key].shape, f"{frame_pred.shape} should equal {frame[task_key].shape} for task '{task_key}'"










	
shared_step(batch, batch_idx=None, stage='train', with_loss=True)

	Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )
>>> batch = model.demo_batch(batch_size=2, width=64, height=65, num_timesteps=3)
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )
>>> batch = model.demo_batch(batch_size=2, width=64, height=65, num_timesteps=3)
>>> batch += [None]
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )
>>> batch = model.demo_batch(width=64, height=65)
>>> for cutoff in [-1, -2]:
>>>     degraded_example = model.demo_batch(width=55, height=75, num_timesteps=3)[0]
>>>     degraded_example["frames"] = degraded_example["frames"][:cutoff]
>>>     batch += [degraded_example]
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )
>>> batch = model.demo_batch(batch_size=1, width=64, height=65, num_timesteps=3, nans=0.1)
>>> batch += model.demo_batch(batch_size=1, width=64, height=65, num_timesteps=3, nans=0.5)
>>> batch += model.demo_batch(batch_size=1, width=64, height=65, num_timesteps=3, nans=1.0)
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()










	
training_step(batch, batch_idx=None)

	




	
validation_step(batch, batch_idx=None)

	




	
test_step(batch, batch_idx=None)

	




	
predict_step(batch, batch_idx=None)

	




	
forward_step(batch, batch_idx=None, stage='train', with_loss=True)

	Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )
>>> batch = model.demo_batch(batch_size=2, width=64, height=65, num_timesteps=3)
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )
>>> batch = model.demo_batch(batch_size=2, width=64, height=65, num_timesteps=3)
>>> batch += [None]
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )
>>> batch = model.demo_batch(width=64, height=65)
>>> for cutoff in [-1, -2]:
>>>     degraded_example = model.demo_batch(width=55, height=75, num_timesteps=3)[0]
>>>     degraded_example["frames"] = degraded_example["frames"][:cutoff]
>>>     batch += [degraded_example]
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = fusion.methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> channels, classes, dataset_stats = fusion.methods.HeterogeneousModel.demo_dataset_stats()
>>> model = fusion.methods.HeterogeneousModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>>     position_encoder=position_encoder,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )
>>> batch = model.demo_batch(batch_size=1, width=64, height=65, num_timesteps=3, nans=0.1)
>>> batch += model.demo_batch(batch_size=1, width=64, height=65, num_timesteps=3, nans=0.5)
>>> batch += model.demo_batch(batch_size=1, width=64, height=65, num_timesteps=3, nans=1.0)
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()










	
log_grad_norm(grad_norm_dict) → None [https://docs.python.org/3/library/constants.html#None]

	Override this method to change the default behaviour of log_grad_norm.

Overloads log_grad_norm so we can supress the batch_size warning






	
save_package(package_path, verbose=1)

	CommandLine

xdoctest -m geowatch.tasks.fusion.methods.heterogeneous HeterogeneousModel.save_package





Example

>>> # Test without datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> #from geowatch.tasks.fusion.methods.heterogeneous import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = join(dpath, 'my_package.pt')





>>> # Use one of our fusion.architectures in a test
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> model = self = methods.HeterogeneousModel(
>>>     position_encoder=position_encoder,
>>>     input_sensorchan=5,
>>>     decoder="upsample",
>>>     backbone=backbone,
>>> )





>>> # Save the model (TODO: need to save datamodule as well)
>>> model.save_package(package_path)





>>> # Test that the package can be reloaded
>>> #recon = methods.HeterogeneousModel.load_package(package_path)
>>> from geowatch.tasks.fusion.utils import load_model_from_package
>>> recon = load_model_from_package(package_path)
>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = model.state_dict()
>>> assert recon is not model
>>> assert set(recon_state) == set(recon_state)
>>> for key in recon_state.keys():
>>>     assert (model_state[key] == recon_state[key]).all()
>>>     assert model_state[key] is not recon_state[key]





Example

>>> # Test without datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> #from geowatch.tasks.fusion.methods.heterogeneous import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = join(dpath, 'my_package.pt')





>>> # Use one of our fusion.architectures in a test
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> model = self = methods.HeterogeneousModel(
>>>     position_encoder=position_encoder,
>>>     input_sensorchan=5,
>>>     decoder="simple_conv",
>>>     backbone=backbone,
>>> )





>>> # Save the model (TODO: need to save datamodule as well)
>>> model.save_package(package_path)





>>> # Test that the package can be reloaded
>>> #recon = methods.HeterogeneousModel.load_package(package_path)
>>> from geowatch.tasks.fusion.utils import load_model_from_package
>>> recon = load_model_from_package(package_path)
>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = model.state_dict()
>>> assert recon is not model
>>> assert set(recon_state) == set(recon_state)
>>> for key in recon_state.keys():
>>>     assert (model_state[key] == recon_state[key]).all()
>>>     assert model_state[key] is not recon_state[key]





Example

>>> # Test without datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> #from geowatch.tasks.fusion.methods.heterogeneous import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = join(dpath, 'my_package.pt')





>>> # Use one of our fusion.architectures in a test
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> model = self = methods.HeterogeneousModel(
>>>     position_encoder=position_encoder,
>>>     input_sensorchan=5,
>>>     decoder="trans_conv",
>>>     backbone=backbone,
>>> )





>>> # Save the model (TODO: need to save datamodule as well)
>>> model.save_package(package_path)





>>> # Test that the package can be reloaded
>>> #recon = methods.HeterogeneousModel.load_package(package_path)
>>> from geowatch.tasks.fusion.utils import load_model_from_package
>>> recon = load_model_from_package(package_path)
>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = model.state_dict()
>>> assert recon is not model
>>> assert set(recon_state) == set(recon_state)
>>> for key in recon_state.keys():
>>>     assert (model_state[key] == recon_state[key]).all()
>>>     assert model_state[key] is not recon_state[key]










	
configure_optimizers()

	Note: this is only a fallback for testing purposes. This should be
overwrriten in your module or done via lightning CLI.










	
class geowatch.tasks.fusion.methods.UNetBaseline(classes=10, dataset_stats=None, input_sensorchan=None, token_dim: int [https://docs.python.org/3/library/functions.html#int] = 32, name: str [https://docs.python.org/3/library/stdtypes.html#str] = 'unnamed_model', class_weights: str [https://docs.python.org/3/library/stdtypes.html#str] = 'auto', saliency_weights: str [https://docs.python.org/3/library/stdtypes.html#str] = 'auto', positive_change_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, negative_change_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, global_class_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, global_change_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, global_saliency_weight: float [https://docs.python.org/3/library/functions.html#float] = 1.0, change_loss: str [https://docs.python.org/3/library/stdtypes.html#str] = 'cce', class_loss: str [https://docs.python.org/3/library/stdtypes.html#str] = 'focal', saliency_loss: str [https://docs.python.org/3/library/stdtypes.html#str] = 'focal', ohem_ratio: float [https://docs.python.org/3/library/functions.html#float] | None [https://docs.python.org/3/library/constants.html#None] = None, focal_gamma: float [https://docs.python.org/3/library/functions.html#float] | None [https://docs.python.org/3/library/constants.html#None] = 2.0)

	Bases: LightningModule, WatchModuleMixins


	Parameters:

	
	name – Specify a name for the experiment. (Unsure if the Model is the place for this)


	token_width – Width of each square token.


	token_dim – Dimensionality of each computed token.


	spatial_scale_base – The scale assigned to each token equals scale_base / token_density, where the token density is the number of tokens along a given axis.


	temporal_scale_base – The scale assigned to each token equals scale_base / token_density, where the token density is the number of tokens along a given axis.


	class_weights – Class weighting strategy.


	saliency_weights – Class weighting strategy.








Example

>>> # Note: it is important that the non-kwargs are saved as hyperparams
>>> from geowatch.tasks.fusion.methods.unet_baseline import UNetBaseline
>>> model = UNetBaseline(
>>>   input_sensorchan='r|g|b',
>>> )






	
_HANDLES_NANS = True

	




	
get_cfgstr()

	




	
process_frame(frame) → Dict [https://docs.python.org/3/library/typing.html#typing.Dict][str [https://docs.python.org/3/library/stdtypes.html#str], Dict [https://docs.python.org/3/library/typing.html#typing.Dict][str [https://docs.python.org/3/library/stdtypes.html#str], Any [https://docs.python.org/3/library/typing.html#typing.Any]]]

	




	
process_example(example)

	




	
process_batch(batch)

	




	
encode_frame(processed_frame)

	




	
encode_example(processed_example)

	




	
encode_batch(processed_batch)

	




	
forward(batch)

	Example

>>> from geowatch.tasks import fusion
>>> channels, classes, dataset_stats = fusion.methods.UNetBaseline.demo_dataset_stats()
>>> model = fusion.methods.UNetBaseline(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>> )
>>> batch = model.demo_batch(width=64, height=64)
>>> outputs = model.forward(batch)
>>> for task_key, task_outputs in outputs.items():
>>>     if "probs" in task_key: continue
>>>     if task_key == "class": task_key = "class_idxs"
>>>     for task_pred, example in zip(task_outputs, batch):
>>>         for frame_idx, (frame_pred, frame) in enumerate(zip(task_pred, example["frames"])):
>>>             if (frame_idx == 0) and task_key.startswith("change"): continue
>>>             assert frame_pred.shape[1:] == frame[task_key].shape, f"{frame_pred.shape} should equal {frame[task_key].shape} for task '{task_key}'"










	
shared_step(batch, batch_idx=None, stage='train', with_loss=True)

	Example

>>> # xdoctest: +REQUIRES(env:SLOW_TESTS)
>>> from geowatch.tasks import fusion
>>> import torch
>>> channels, classes, dataset_stats = fusion.methods.UNetBaseline.demo_dataset_stats()
>>> model = fusion.methods.UNetBaseline(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>> )
>>> batch = model.demo_batch(batch_size=2, width=64, height=65, num_timesteps=3)
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> # xdoctest: +REQUIRES(env:SLOW_TESTS)
>>> from geowatch.tasks import fusion
>>> import torch
>>> channels, classes, dataset_stats = fusion.methods.UNetBaseline.demo_dataset_stats()
>>> model = fusion.methods.UNetBaseline(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>> )
>>> batch = model.demo_batch(batch_size=2, width=64, height=65, num_timesteps=3)
>>> batch += [None]
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> channels, classes, dataset_stats = fusion.methods.UNetBaseline.demo_dataset_stats()
>>> model = fusion.methods.UNetBaseline(
>>>     classes=classes, token_dim=2,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>> )
>>> batch = model.demo_batch(batch_size=1, width=32, height=35, num_timesteps=3, nans=0.1)
>>> batch += model.demo_batch(batch_size=1, width=32, height=35, num_timesteps=3, nans=0.5)
>>> batch += model.demo_batch(batch_size=1, width=32, height=35, num_timesteps=3, nans=1.0)
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()










	
training_step(batch, batch_idx=None)

	




	
validation_step(batch, batch_idx=None)

	




	
test_step(batch, batch_idx=None)

	




	
predict_step(batch, batch_idx=None)

	




	
forward_step(batch, batch_idx=None, stage='train', with_loss=True)

	Example

>>> # xdoctest: +REQUIRES(env:SLOW_TESTS)
>>> from geowatch.tasks import fusion
>>> import torch
>>> channels, classes, dataset_stats = fusion.methods.UNetBaseline.demo_dataset_stats()
>>> model = fusion.methods.UNetBaseline(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>> )
>>> batch = model.demo_batch(batch_size=2, width=64, height=65, num_timesteps=3)
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> # xdoctest: +REQUIRES(env:SLOW_TESTS)
>>> from geowatch.tasks import fusion
>>> import torch
>>> channels, classes, dataset_stats = fusion.methods.UNetBaseline.demo_dataset_stats()
>>> model = fusion.methods.UNetBaseline(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>> )
>>> batch = model.demo_batch(batch_size=2, width=64, height=65, num_timesteps=3)
>>> batch += [None]
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()





Example

>>> from geowatch.tasks import fusion
>>> import torch
>>> channels, classes, dataset_stats = fusion.methods.UNetBaseline.demo_dataset_stats()
>>> model = fusion.methods.UNetBaseline(
>>>     classes=classes, token_dim=2,
>>>     dataset_stats=dataset_stats,
>>>     input_sensorchan=channels,
>>> )
>>> batch = model.demo_batch(batch_size=1, width=32, height=35, num_timesteps=3, nans=0.1)
>>> batch += model.demo_batch(batch_size=1, width=32, height=35, num_timesteps=3, nans=0.5)
>>> batch += model.demo_batch(batch_size=1, width=32, height=35, num_timesteps=3, nans=1.0)
>>> outputs = model.shared_step(batch)
>>> optimizer = torch.optim.Adam(model.parameters())
>>> optimizer.zero_grad()
>>> loss = outputs["loss"]
>>> loss.backward()
>>> optimizer.step()










	
save_package(package_path, verbose=1)

	CommandLine

xdoctest -m geowatch.tasks.fusion.methods.unet_baseline UNetBaseline.save_package





Example

>>> # Test without datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> #from geowatch.tasks.fusion.methods.unet_baseline import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = join(dpath, 'my_package.pt')





>>> # Use one of our fusion.architectures in a test
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> model = self = methods.UNetBaseline(
>>>     input_sensorchan=5,
>>> )





>>> # Save the model (TODO: need to save datamodule as well)
>>> model.save_package(package_path)





>>> # Test that the package can be reloaded
>>> #recon = methods.UNetBaseline.load_package(package_path)
>>> from geowatch.tasks.fusion.utils import load_model_from_package
>>> recon = load_model_from_package(package_path)
>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = model.state_dict()
>>> assert recon is not self
>>> assert set(recon_state) == set(recon_state)
>>> from geowatch.utils.util_kwarray import torch_array_equal
>>> for key in recon_state.keys():
>>>     v1 = model_state[key]
>>>     v2 = recon_state[key]
>>>     if not torch.allclose(v1, v2, equal_nan=True):
>>>         print('v1 = {}'.format(ub.urepr(v1, nl=1)))
>>>         print('v2 = {}'.format(ub.urepr(v2, nl=1)))
>>>         raise AssertionError(f'Difference in key={key}')
>>>     assert v1 is not v2, 'should be distinct copies'





Example

>>> # Test without datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> #from geowatch.tasks.fusion.methods.unet_baseline import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = join(dpath, 'my_package.pt')





>>> # Use one of our fusion.architectures in a test
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> model = self = methods.UNetBaseline(
>>>     input_sensorchan=5,
>>> )





>>> # Save the model (TODO: need to save datamodule as well)
>>> model.save_package(package_path)





>>> # Test that the package can be reloaded
>>> #recon = methods.UNetBaseline.load_package(package_path)
>>> from geowatch.tasks.fusion.utils import load_model_from_package
>>> recon = load_model_from_package(package_path)
>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = self.state_dict()
>>> assert recon is not self
>>> assert set(recon_state) == set(recon_state)
>>> from geowatch.utils.util_kwarray import torch_array_equal
>>> for key in recon_state.keys():
>>>     v1 = model_state[key]
>>>     v2 = recon_state[key]
>>>     if not torch.allclose(v1, v2, equal_nan=True):
>>>         print('v1 = {}'.format(ub.urepr(v1, nl=1)))
>>>         print('v2 = {}'.format(ub.urepr(v2, nl=1)))
>>>         raise AssertionError(f'Difference in key={key}')
>>>     assert v1 is not v2, 'should be distinct copies'





Example

>>> # Test without datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> #from geowatch.tasks.fusion.methods.unet_baseline import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = join(dpath, 'my_package.pt')





>>> # Use one of our fusion.architectures in a test
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> model = self = methods.UNetBaseline(
>>>     input_sensorchan=5,
>>> )





>>> # Save the model (TODO: need to save datamodule as well)
>>> model.save_package(package_path)





>>> # Test that the package can be reloaded
>>> #recon = methods.UNetBaseline.load_package(package_path)
>>> from geowatch.tasks.fusion.utils import load_model_from_package
>>> recon = load_model_from_package(package_path)
>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = self.state_dict()
>>> assert recon is not self
>>> assert set(recon_state) == set(recon_state)
>>> from geowatch.utils.util_kwarray import torch_array_equal
>>> for key in recon_state.keys():
>>>     v1 = model_state[key]
>>>     v2 = recon_state[key]
>>>     if not torch.allclose(v1, v2, equal_nan=True):
>>>         print('v1 = {}'.format(ub.urepr(v1, nl=1)))
>>>         print('v2 = {}'.format(ub.urepr(v2, nl=1)))
>>>         raise AssertionError(f'Difference in key={key}')
>>>     assert v1 is not v2, 'should be distinct copies'














	
class geowatch.tasks.fusion.methods.NoopModel(classes=10, dataset_stats=None, input_sensorchan=None, name: str [https://docs.python.org/3/library/stdtypes.html#str] = 'unnamed_model')

	Bases: LightningModule, WatchModuleMixins

No-op example model. Contains a dummy parameter to satisfy the optimizer
and trainer.


Todo


	[ ] Minimize even further.


	[ ] Identify mandatory steps in __init__ and move to a parent class.







	Parameters:

	name – Specify a name for the experiment. (Unsure if the Model is the place for this)






	
_HANDLES_NANS = True

	




	
get_cfgstr()

	




	
forward(x)

	




	
shared_step(batch, batch_idx=None, with_loss=True)

	




	
training_step(batch, batch_idx=None, with_loss=True)

	




	
forward_step(batch, batch_idx=None, with_loss=True)

	




	
configure_optimizers()

	




	
save_package(package_path, verbose=1)

	CommandLine

xdoctest -m geowatch.tasks.fusion.methods.noop_model NoopModel.save_package





Example

>>> # Test without datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> #from geowatch.tasks.fusion.methods.noop_model import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = join(dpath, 'my_package.pt')





>>> # Use one of our fusion.architectures in a test
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion import datamodules
>>> model = self = methods.NoopModel(
>>>     input_sensorchan=5,)





>>> # Save the model (TODO: need to save datamodule as well)
>>> model.save_package(package_path)





>>> # Test that the package can be reloaded
>>> #recon = methods.NoopModel.load_package(package_path)
>>> from geowatch.tasks.fusion.utils import load_model_from_package
>>> recon = load_model_from_package(package_path)
>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = model.state_dict()
>>> assert recon is not model
>>> assert set(recon_state) == set(recon_state)
>>> for key in recon_state.keys():
>>>     assert (model_state[key] == recon_state[key]).all()
>>>     assert model_state[key] is not recon_state[key]





>>> # Check what's inside of the package
>>> import zipfile
>>> import json
>>> zfile = zipfile.ZipFile(package_path)
>>> header_file = zfile.open('my_package/package_header/package_header.json')
>>> package_header = json.loads(header_file.read())
>>> print('package_header = {}'.format(ub.urepr(package_header, nl=1)))
>>> assert 'version' in package_header
>>> assert 'arch_name' in package_header
>>> assert 'module_name' in package_header
>>> assert 'packaging_time' in package_header
>>> assert 'git_hash' in package_header
>>> assert 'module_path' in package_header





Example

>>> # Test with datamodule
>>> import ubelt as ub
>>> from os.path import join
>>> from geowatch.tasks.fusion import datamodules
>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion.methods.noop_model import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/package').ensuredir()
>>> package_path = dpath / 'my_package.pt'





>>> datamodule = datamodules.kwcoco_video_data.KWCocoVideoDataModule(
>>>     train_dataset='special:vidshapes8-multispectral-multisensor', chip_size=32,
>>>     batch_size=1, time_steps=2, num_workers=2, normalize_inputs=10)
>>> datamodule.setup('fit')
>>> dataset_stats = datamodule.torch_datasets['train'].cached_dataset_stats(num=3)
>>> classes = datamodule.torch_datasets['train'].classes





>>> # Use one of our fusion.architectures in a test
>>> self = methods.NoopModel(
>>>     classes=classes,
>>>     dataset_stats=dataset_stats, input_sensorchan=datamodule.input_sensorchan)





>>> # We have to run an input through the module because it is lazy
>>> batch = ub.peek(iter(datamodule.train_dataloader()))
>>> outputs = self.training_step(batch)





>>> trainer = pl.Trainer(max_steps=0)
>>> trainer.fit(model=self, datamodule=datamodule)





>>> # Save the self
>>> self.save_package(package_path)





>>> # Test that the package can be reloaded
>>> recon = methods.NoopModel.load_package(package_path)





>>> # Check consistency and data is actually different
>>> recon_state = recon.state_dict()
>>> model_state = self.state_dict()
>>> assert recon is not self
>>> assert set(recon_state) == set(recon_state)
>>> from geowatch.utils.util_kwarray import torch_array_equal
>>> for key in recon_state.keys():
>>>     v1 = model_state[key]
>>>     v2 = recon_state[key]
>>>     if not torch.allclose(v1, v2, equal_nan=True):
>>>         print('v1 = {}'.format(ub.urepr(v1, nl=1)))
>>>         print('v2 = {}'.format(ub.urepr(v2, nl=1)))
>>>         raise AssertionError(f'Difference in key={key}')
>>>     assert v1 is not v2, 'should be distinct copies'

















            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.predict module

Fusion prediction script.

Given a kwcoco file and a packaged model, run prediction and output a new
kwcoco file where predicted heatmaps are new raster bands.

This is the module that handles heatmap prediction over a kwcoco file.
There are SMART-specific parts, but it’s mostly general. It makes heavy use of
CocoStitchingManager and KWCocoVideoDataModule. The critical
loop is a simple custom for loop over a dataloader. We currently do not
integrate with LightningCLI here, but we may want to in the future (it is
unclear).


Todo


	[ ] Prediction caching?


	[ ] Reduce memory usage?


	[ ] Pseudo Live.


	[ ] Investigate benefits of LightningCLI integration?


	
	[ ] Option to keep annotations and only loop over relevant areas for
	drawing interesting validation / test batches.







	[ ] Optimize for the case where we have an image-only dataset.


	[ ] Integrate debug visualizations to the CLI







	
class geowatch.tasks.fusion.predict.DataModuleConfigMixin(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'absolute_weighting': <Value(False)>, 'augment_space_rot': <Value(True)>, 'augment_space_shift_rate': <Value(0.9)>, 'augment_space_xflip': <Value(True)>, 'augment_space_yflip': <Value(True)>, 'augment_time_resample_rate': <Value(0.8)>, 'balance_areas': <Value(False)>, 'batch_size': <Value(1)>, 'channel_dropout': <Value(0.0)>, 'channel_dropout_rate': <Value(0.0)>, 'channels': <Value('auto')>, 'chip_dims': <Value('auto')>, 'chip_overlap': <Value(0.3)>, 'dist_weights': <Value(0)>, 'downweight_nan_regions': <Value(True)>, 'exclude_sensors': <Value(None)>, 'failed_sample_policy': <Value('warn')>, 'fixed_resolution': <Value(None)>, 'force_bad_frames': <Value(False)>, 'ignore_dilate': <Value(0)>, 'include_sensors': <Value(None)>, 'input_space_scale': <Value('auto')>, 'key': 'set_cover_algo', 'mask_low_quality': <Value('auto')>, 'mask_nan_bands': <Value('')>, 'mask_samecolor_bands': <Value('red')>, 'mask_samecolor_method': <Value(None)>, 'mask_samecolor_values': <Value(0)>, 'max_epoch_length': <Value(None)>, 'min_spacetime_weight': <Value(0.9)>, 'modality_dropout': <Value(0.0)>, 'modality_dropout_rate': <Value(0.0)>, 'neg_to_pos_ratio': <Value(1.0)>, 'normalize_inputs': <Value(True)>, 'normalize_perframe': <Value(False)>, 'normalize_peritem': <Value('auto')>, 'num_workers': <Value(4)>, 'observable_threshold': <Value('auto')>, 'output_space_scale': <Value('auto')>, 'prenormalize_inputs': <Value(None)>, 'quality_threshold': <Value('auto')>, 'request_rlimit_nofile': <Value('auto')>, 'resample_invalid_frames': <Value('auto')>, 'reseed_fit_random_generators': <Value(True)>, 'sampler_backend': <Value(None)>, 'sampler_workdir': <Value(None)>, 'sampler_workers': <Value('avail/2')>, 'select_images': <Value(None)>, 'select_videos': <Value(None)>, 'set_cover_algo': <Value('auto')>, 'sqlview': <Value(False)>, 'temporal_dropout': <Value(0.0)>, 'temporal_dropout_rate': <Value(1.0)>, 'test_dataset': <Value(None)>, 'test_with_annot_info': <Value(False)>, 'time_kernel': <Value('auto')>, 'time_sampling': <Value('auto')>, 'time_span': <Value('auto')>, 'time_steps': <Value('auto')>, 'torch_sharing_strategy': <Value('default')>, 'torch_start_method': <Value('default')>, 'train_dataset': <Value(None)>, 'upweight_centers': <Value(True)>, 'upweight_time': <Value(None)>, 'use_centered_positives': <Value(False)>, 'use_cloudmask': <Value('auto')>, 'use_grid_cache': <Value(True)>, 'use_grid_negatives': <Value(True)>, 'use_grid_positives': <Value(True)>, 'use_grid_valid_regions': <Value(True)>, 'vali_dataset': <Value(None)>, 'weight_dilate': <Value(0)>, 'window_space_scale': <Value('auto')>}

	








	
class geowatch.tasks.fusion.predict.PredictConfig(*args, **kwargs)

	Bases: DataModuleConfigMixin

Prediction script for the fusion task

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'absolute_weighting': <Value(False)>, 'augment_space_rot': <Value(True)>, 'augment_space_shift_rate': <Value(0.9)>, 'augment_space_xflip': <Value(True)>, 'augment_space_yflip': <Value(True)>, 'augment_time_resample_rate': <Value(0.8)>, 'balance_areas': <Value(False)>, 'batch_size': <Value(1)>, 'channel_dropout': <Value(0.0)>, 'channel_dropout_rate': <Value(0.0)>, 'channels': <Value('auto')>, 'chip_dims': <Value('auto')>, 'chip_overlap': <Value(0.3)>, 'clear_annots': <Value(1)>, 'compress': <Value('DEFLATE')>, 'datamodule': <Value('KWCocoVideoDataModule')>, 'devices': <Value(None)>, 'dist_weights': <Value(0)>, 'downweight_edges': <Value(True)>, 'downweight_nan_regions': <Value(True)>, 'draw_batches': <Value(False)>, 'drop_unused_frames': <Value(0)>, 'exclude_sensors': <Value(None)>, 'failed_sample_policy': <Value('warn')>, 'fixed_resolution': <Value(None)>, 'force_bad_frames': <Value(False)>, 'format': <Value('cog')>, 'ignore_dilate': <Value(0)>, 'include_sensors': <Value(None)>, 'input_space_scale': <Value('auto')>, 'key': 'set_cover_algo', 'mask_low_quality': <Value('auto')>, 'mask_nan_bands': <Value('')>, 'mask_samecolor_bands': <Value('red')>, 'mask_samecolor_method': <Value(None)>, 'mask_samecolor_values': <Value(0)>, 'max_epoch_length': <Value(None)>, 'min_spacetime_weight': <Value(0.9)>, 'modality_dropout': <Value(0.0)>, 'modality_dropout_rate': <Value(0.0)>, 'neg_to_pos_ratio': <Value(1.0)>, 'normalize_inputs': <Value(True)>, 'normalize_perframe': <Value(False)>, 'normalize_peritem': <Value('auto')>, 'num_workers': <Value(4)>, 'observable_threshold': <Value('auto')>, 'output_space_scale': <Value('auto')>, 'package_fpath': <Value(None)>, 'pred_dataset': <Value(None)>, 'prenormalize_inputs': <Value(None)>, 'quality_threshold': <Value('auto')>, 'quantize': <Value(True)>, 'record_context': <Value(True)>, 'request_rlimit_nofile': <Value('auto')>, 'resample_invalid_frames': <Value('auto')>, 'reseed_fit_random_generators': <Value(True)>, 'saliency_chan_code': <Value('salient')>, 'sampler_backend': <Value(None)>, 'sampler_workdir': <Value(None)>, 'sampler_workers': <Value('avail/2')>, 'select_images': <Value(None)>, 'select_videos': <Value(None)>, 'set_cover_algo': <Value('auto')>, 'sqlview': <Value(False)>, 'temporal_dropout': <Value(0.0)>, 'temporal_dropout_rate': <Value(1.0)>, 'test_dataset': <Value(None)>, 'test_with_annot_info': <Value(False)>, 'thresh': <Value(0.01)>, 'time_kernel': <Value('auto')>, 'time_sampling': <Value('auto')>, 'time_span': <Value('auto')>, 'time_steps': <Value('auto')>, 'torch_sharing_strategy': <Value('default')>, 'torch_start_method': <Value('default')>, 'track_emissions': <Value(True)>, 'train_dataset': <Value(None)>, 'tta_fliprot': <Value(0)>, 'tta_time': <Value(0)>, 'upweight_centers': <Value(True)>, 'upweight_time': <Value(None)>, 'use_centered_positives': <Value(False)>, 'use_cloudmask': <Value('auto')>, 'use_grid_cache': <Value(True)>, 'use_grid_negatives': <Value(True)>, 'use_grid_positives': <Value(True)>, 'use_grid_valid_regions': <Value(True)>, 'vali_dataset': <Value(None)>, 'weight_dilate': <Value(0)>, 'window_space_scale': <Value('auto')>, 'with_change': <Value('auto')>, 'with_class': <Value('auto')>, 'with_saliency': <Value('auto')>, 'write_preds': <Value(False)>, 'write_probs': <Value(True)>, 'write_workers': <Value('datamodule')>}

	








	
geowatch.tasks.fusion.predict.build_stitching_managers(config, model, result_dataset, writer_queue=None)

	




	
geowatch.tasks.fusion.predict.resolve_datamodule(config, model, datamodule_defaults)

	TODO: refactor / cleanup.

Breakup the sections that handle getting the traintime params, resolving
the datamodule args, and building the datamodule.






	
geowatch.tasks.fusion.predict._prepare_predict_data(config)

	Build the data needed to run prediction.


	Parameters:

	config (PredictConfig)



	Returns:

	modified config, network, and dataloader



	Return type:

	Tuple[PredictConfig, LightningModule, LightningDataModule]










	
geowatch.tasks.fusion.predict._debug_grid(test_dataloader)

	




	
geowatch.tasks.fusion.predict._jsonify(data)

	




	
geowatch.tasks.fusion.predict._predict_critical_loop(config, model, datamodule, result_dataset, device)

	




	
geowatch.tasks.fusion.predict.predict(cmdline=False, **kwargs)

	Predict entry point and doctests

CommandLine

xdoctest -m geowatch.tasks.fusion.predict predict:0





Example

>>> # Train a demo model (in the future grab a pretrained demo model)
>>> from geowatch.tasks.fusion.predict import *  # NOQA
>>> import os
>>> from geowatch.utils.lightning_ext.monkeypatches import disable_lightning_hardware_warnings
>>> disable_lightning_hardware_warnings()
>>> args = None
>>> cmdline = False
>>> devices = None
>>> test_dpath = ub.Path.appdir('geowatch/test/fusion/').ensuredir()
>>> results_path = (test_dpath / 'predict').ensuredir()
>>> results_path.delete()
>>> results_path.ensuredir()
>>> import kwcoco
>>> train_dset = kwcoco.CocoDataset.demo('special:vidshapes4-multispectral', num_frames=5, image_size=(64, 64))
>>> test_dset = kwcoco.CocoDataset.demo('special:vidshapes2-multispectral', num_frames=5, image_size=(64, 64))
>>> root_dpath = ub.Path(test_dpath, 'train').ensuredir()
>>> fit_config = kwargs = {
...     'subcommand': 'fit',
...     'fit.data.train_dataset': train_dset.fpath,
...     'fit.data.time_steps': 2,
...     'fit.data.time_span': "2m",
...     'fit.data.chip_dims': 64,
...     'fit.data.time_sampling': 'hardish3',
...     'fit.data.num_workers': 0,
...     #'package_fpath': package_fpath,
...     'fit.model.class_path': 'geowatch.tasks.fusion.methods.MultimodalTransformer',
...     'fit.model.init_args.global_change_weight': 1.0,
...     'fit.model.init_args.global_class_weight': 1.0,
...     'fit.model.init_args.global_saliency_weight': 1.0,
...     'fit.optimizer.class_path': 'torch.optim.SGD',
...     'fit.optimizer.init_args.lr': 1e-5,
...     'fit.trainer.max_steps': 10,
...     'fit.trainer.accelerator': 'cpu',
...     'fit.trainer.devices': 1,
...     'fit.trainer.max_epochs': 3,
...     'fit.trainer.log_every_n_steps': 1,
...     'fit.trainer.default_root_dir': os.fspath(root_dpath),
... }
>>> from geowatch.tasks.fusion import fit_lightning
>>> package_fpath = root_dpath / 'final_package.pt'
>>> fit_lightning.main(fit_config)
>>> # Unfortunately, its not as easy to get the package path of
>>> # this call..
>>> assert ub.Path(package_fpath).exists()
>>> # Predict via that model
>>> predict_kwargs = kwargs = {
>>>     'package_fpath': package_fpath,
>>>     'pred_dataset': ub.Path(results_path) / 'pred.kwcoco.json',
>>>     'test_dataset': test_dset.fpath,
>>>     'datamodule': 'KWCocoVideoDataModule',
>>>     'batch_size': 1,
>>>     'num_workers': 0,
>>>     'devices': devices,
>>>     'draw_batches': 1,
>>> }
>>> result_dataset = predict(**kwargs)
>>> dset = result_dataset
>>> dset.dataset['info'][-1]['properties']['config']['time_sampling']
>>> # Check that the result format looks correct
>>> for vidid in dset.index.videos.keys():
>>>     # Note: only some of the images in the pred sequence will get
>>>     # a change predictoion, depending on the temporal sampling.
>>>     images = dset.images(dset.index.vidid_to_gids[1])
>>>     pred_chans = [[a['channels'] for a in aux] for aux in images.lookup('auxiliary')]
>>>     assert any('change' in cs for cs in pred_chans), 'some frames should have change'
>>>     assert not all('change' in cs for cs in pred_chans), 'some frames should not have change'
>>>     # Test number of annots in each frame
>>>     frame_to_cathist = {
>>>         img['frame_index']: ub.dict_hist(annots.cnames, labels=result_dataset.object_categories())
>>>         for img, annots in zip(images.objs, images.annots)
>>>     }
>>>     assert frame_to_cathist[0]['change'] == 0, 'first frame should have no change polygons'
>>>     # This test may fail with very low probability, so warn
>>>     import warnings
>>>     if sum(d['change'] for d in frame_to_cathist.values()) == 0:
>>>         warnings.warn('should have some change predictions elsewhere')
>>> coco_img = dset.images().coco_images[1]
>>> # Test that new quantization does not existing APIs
>>> pred1 = coco_img.imdelay('salient', nodata_method='float').finalize()
>>> assert pred1.max() <= 1
>>> # new delayed image does not make it easy to remove dequantization
>>> # add test back in if we add support for that.
>>> # pred2 = coco_img.imdelay('salient').finalize(nodata_method='float', dequantize=False)
>>> # assert pred2.max() > 1





Example

>>> # xdoctest: +REQUIRES(env:SLOW_DOCTEST)
>>> # FIXME: why does this test hang on the strict dashboard?
>>> # Train a demo model (in the future grab a pretrained demo model)
>>> from geowatch.tasks.fusion.predict import *  # NOQA
>>> from geowatch.utils.lightning_ext.monkeypatches import disable_lightning_hardware_warnings
>>> disable_lightning_hardware_warnings()





>>> args = None
>>> cmdline = False
>>> devices = None
>>> test_dpath = ub.Path.appdir('geowatch/test/fusion/').ensuredir()
>>> results_path = ub.ensuredir((test_dpath, 'predict'))
>>> ub.delete(results_path)
>>> ub.ensuredir(results_path)





>>> import kwcoco
>>> train_dset = kwcoco.CocoDataset.demo('special:vidshapes4-multispectral-multisensor', num_frames=5, image_size=(64, 64))
>>> test_dset = kwcoco.CocoDataset.demo('special:vidshapes2-multispectral-multisensor', num_frames=5, image_size=(64, 64))
>>> datamodule = datamodules.kwcoco_video_data.KWCocoVideoDataModule(
>>>     train_dataset=train_dset, #'special:vidshapes8-multispectral-multisensor',
>>>     test_dataset=test_dset, #'special:vidshapes8-multispectral-multisensor',
>>>     chip_dims=32,
>>>     channels="r|g|b",
>>>     batch_size=1, time_steps=3, num_workers=2, normalize_inputs=10)
>>> datamodule.setup('fit')
>>> datamodule.setup('test')
>>> dataset_stats = datamodule.torch_datasets['train'].cached_dataset_stats(num=3)
>>> classes = datamodule.torch_datasets['train'].classes
>>> print("classes = ", classes)





>>> from geowatch.tasks.fusion import methods
>>> from geowatch.tasks.fusion.architectures.transformer import TransformerEncoderDecoder
>>> position_encoder = methods.heterogeneous.ScaleAgnostictPositionalEncoder(3)
>>> backbone = TransformerEncoderDecoder(
>>>     encoder_depth=1,
>>>     decoder_depth=1,
>>>     dim=position_encoder.output_dim + 16,
>>>     queries_dim=position_encoder.output_dim,
>>>     logits_dim=16,
>>>     cross_heads=1,
>>>     latent_heads=1,
>>>     cross_dim_head=1,
>>>     latent_dim_head=1,
>>> )
>>> model = methods.HeterogeneousModel(
>>>     classes=classes,
>>>     position_encoder=position_encoder,
>>>     backbone=backbone,
>>>     decoder="trans_conv",
>>>     token_width=16,
>>>     global_change_weight=1, global_class_weight=1, global_saliency_weight=1,
>>>     dataset_stats=dataset_stats, input_sensorchan=datamodule.input_sensorchan)
>>> print("model.heads.keys = ", model.heads.keys())





>>> # Save the self
>>> package_fpath = root_dpath / 'final_package.pt'
>>> model.save_package(package_fpath)
>>> assert ub.Path(package_fpath).exists()





>>> # Predict via that model
>>> test_dset = datamodule.train_dataset
>>> predict_kwargs = kwargs = {
>>>     'package_fpath': package_fpath,
>>>     'pred_dataset': ub.Path(results_path) / 'pred.kwcoco.json',
>>>     'test_dataset': test_dset.sampler.dset.fpath,
>>>     'datamodule': 'KWCocoVideoDataModule',
>>>     'channels': 'r|g|b',
>>>     'batch_size': 1,
>>>     'num_workers': 0,
>>>     'devices': devices,
>>> }
>>> result_dataset = predict(**kwargs)





>>> dset = result_dataset
>>> dset.dataset['info'][-1]['properties']['config']['time_sampling']
>>> # Check that the result format looks correct
>>> for vidid in dset.index.videos.keys():
>>>     # Note: only some of the images in the pred sequence will get
>>>     # a change predictoion, depending on the temporal sampling.
>>>     images = dset.images(dset.index.vidid_to_gids[1])
>>>     pred_chans = [[a['channels'] for a in aux] for aux in images.lookup('auxiliary')]
>>>     print("pred_chans = ", pred_chans)
>>>     assert any('change' in cs for cs in pred_chans), 'some frames should have change'
>>>     assert not all('change' in cs for cs in pred_chans), 'some frames should not have change'
>>>     # Test number of annots in each frame
>>>     frame_to_cathist = {
>>>         img['frame_index']: ub.dict_hist(annots.cnames, labels=result_dataset.object_categories())
>>>         for img, annots in zip(images.objs, images.annots)
>>>     }
>>>     assert frame_to_cathist[0]['change'] == 0, 'first frame should have no change polygons'
>>>     # This test may fail with very low probability, so warn
>>>     import warnings
>>>     if sum(d['change'] for d in frame_to_cathist.values()) == 0:
>>>         warnings.warn('should have some change predictions elsewhere')
>>> coco_img = dset.images().coco_images[1]
>>> # Test that new quantization does not existing APIs
>>> pred1 = coco_img.imdelay('salient', nodata_method='float').finalize()
>>> assert pred1.max() <= 1
>>> # new delayed image does not make it easy to remove dequantization
>>> # add test back in if we add support for that.
>>> # pred2 = coco_img.imdelay('salient').finalize(nodata_method='float', dequantize=False)
>>> # assert pred2.max() > 1










	
geowatch.tasks.fusion.predict.main(cmdline=True, **kwargs)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.production module

OLD File, but still has relevant information.

These are the current models that should be considered for use in production.
This also contains metadata about what data the models expect to run on.
(This should also be contained in the model metadata itself).


	Production code exists here:
	https://gitlab.kitware.com/smart/watch/-/blob/dev/eval3-integration/scripts/run_bas_fusion_eval3_for_baseline.py



	SeeAlso:
	~/code/watch/geowatch/mlops/smart_global_helper.py








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion.utils module


	
geowatch.tasks.fusion.utils.millify(n)

	




	
geowatch.tasks.fusion.utils._map_location(storage, location)

	Helper when calling torch.load to keep the data on the CPU


	Parameters:

	
	storage (torch.Storage) – the initial deserialization of the
storage of the data read by torch.load, residing on the CPU.


	location (str) – tag identifiying the location the data being read
by torch.load was originally saved from.






	Returns:

	the storage



	Return type:

	torch.Storage










	
geowatch.tasks.fusion.utils.load_model_from_package(package_path)

	Loads a kitware-flavor torch package (requires a package_header exists)

Notes


	I don’t like that we need to know module_name and arch_name a-priori
given a path to a package, I just want to be able to construct
the model instance. The package header solves this.









	
geowatch.tasks.fusion.utils._try_fixed_package_import(package_path)

	




	
class geowatch.tasks.fusion.utils.Lambda(lambda_)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.fusion.utils.DimensionDropout(dim, n_keep)

	Bases: Module


	
forward(x)

	








	
geowatch.tasks.fusion.utils.ordinal_position_encoding(num_items, feat_size, method='sin', device='cpu')

	A positional encoding that represents ordinal


	Parameters:

	
	num_items (int) – number of dimensions to be encoded (
e.g. this is a spatial or temporal index)


	feat_size (int) – this is the number of dimensions in the positional
encoding generated for each dimension / item








Example

>>> # Use 5 feature dimensions to encode 3 timesteps
>>> from geowatch.tasks.fusion.utils import *  # NOQA
>>> num_timesteps = num_items = 3
>>> feat_size = 5
>>> encoding = ordinal_position_encoding(num_items, feat_size)










	
class geowatch.tasks.fusion.utils.SinePositionalEncoding(dest_dim, dim_to_encode, size=4)

	Bases: Module


	Parameters:

	
	dest_dim (int) – feature dimension to concat to


	dim_to_encode (int) – dimension encoding is supposed to represent


	size (int) – number of different encodings for the dim_to_encode








Example

>>> from geowatch.tasks.fusion.utils import *  # NOQA
>>> dest_dim = 3
>>> dim_to_encode = 2
>>> size = 8
>>> self = SinePositionalEncoding(dest_dim, dim_to_encode, size=size)
>>> x = torch.rand(3, 5, 7, 11, 13)
>>> y = self(x)






	
_encoding_part(num, device='cpu')

	




	
forward(x)

	








	
geowatch.tasks.fusion.utils.model_json(model, max_depth=inf, depth=0)

	import torchvision
model = torchvision.models.resnet50()
info = model_json(model, max_depth=1)
print(ub.urepr(info, sort=0, nl=-1))






	
geowatch.tasks.fusion.utils._memo_legend(label_to_color)

	




	
geowatch.tasks.fusion.utils.category_tree_ensure_color(classes)

	Ensures that each category in a CategoryTree has a color


Todo


	[ ] Add to CategoryTree


	[ ] TODO: better function


	[ ] Consolidate with ~/code/watch/geowatch/tasks/fusion/utils :: category_tree_ensure_color


	[ ] Consolidate with ~/code/watch/geowatch/utils/kwcoco_extensions :: category_category_colors


	[ ] Consolidate with ~/code/watch/geowatch/heuristics.py :: ensure_heuristic_category_tree_colors


	[ ] Consolidate with ~/code/watch/geowatch/heuristics.py :: ensure_heuristic_coco_colors






Example

>>> import kwcoco
>>> classes = kwcoco.CategoryTree.demo()
>>> assert not any('color' in data for data in classes.graph.nodes.values())
>>> category_tree_ensure_color(classes)
>>> assert all('color' in data for data in classes.graph.nodes.values())












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.fusion package


Subpackages



	geowatch.tasks.fusion.architectures package
	Submodules
	geowatch.tasks.fusion.architectures.segmenter_decoder module
	_no_grad_trunc_normal_()

	trunc_normal_()

	drop_path()

	DropPath

	init_weights()

	FeedForward

	Attention

	Block

	DecoderLinear

	_string_to_hashvec()

	MaskTransformerDecoder





	geowatch.tasks.fusion.architectures.sits module
	PositionalEncoding

	BERTEmbedding

	BERT

	MulticlassClassification

	BERTClassification





	geowatch.tasks.fusion.architectures.transformer module
	ResidualSequential

	ResidualAttentionSequential

	assert_allclose()

	MultiheadSelfAttention

	new_attention_layer()

	new_mlp_layer()

	ChannelwiseTransformerEncoderLayer

	TimmEncoder

	MM_VITEncoder

	DeiTEncoder

	PerceiverEncoder

	FusionEncoder

	_build_global_configs()

	default()

	cache_fn()

	PreNorm

	GEGLU

	FeedForward

	Attention

	BackboneEncoderDecoder

	TransformerEncoderDecoder

	TransformerEncoderLayerExtended

	VanillaTransformerEncoder

	MM_VITEncoderDecoder





	geowatch.tasks.fusion.architectures.unet_blur module
	BlurPool

	get_pad_layer()

	double_conv

	inconv

	down

	up

	outconv

	UNet





	geowatch.tasks.fusion.architectures.wu_mae module
	PreNorm

	FeedForward

	Attention

	pair()

	Transformer

	ViT

	wu_backbone()









	Module contents





	geowatch.tasks.fusion.datamodules package
	Subpackages
	geowatch.tasks.fusion.datamodules.temporal_sampling package
	Submodules

	Module contents









	Submodules
	geowatch.tasks.fusion.datamodules.batch_visualization module
	BatchVisualizationBuilder

	_draw_overlay_item_by_itself()

	_draw_row_item()

	_debug_sample_in_context()

	colorize_weights()





	geowatch.tasks.fusion.datamodules.data_augment module
	SpacetimeAugmentMixin





	geowatch.tasks.fusion.datamodules.data_utils module
	resolve_scale_request()

	polygon_distance_transform()

	abslog_scaling()

	fliprot()

	fliprot_annot()

	inv_fliprot_annot()

	inv_fliprot()

	_string_to_hashvec()

	_boxes_snap_to_edges()

	NestedPool

	samecolor_nodata_mask()

	MultiscaleMask





	geowatch.tasks.fusion.datamodules.kwcoco_datamodule module
	KWCocoVideoDataModuleConfig

	KWCocoVideoDataModule





	geowatch.tasks.fusion.datamodules.kwcoco_dataset module
	Known Issues

	KWCocoVideoDatasetConfig

	TruthMixin

	GetItemMixin

	IntrospectMixin

	BalanceMixin

	PreprocessMixin

	MiscMixin

	KWCocoVideoDataset

	more_demos()

	worker_init_fn()

	_space_weights()

	FailedSample

	Modality

	Domain





	geowatch.tasks.fusion.datamodules.kwcoco_video_data module

	geowatch.tasks.fusion.datamodules.qa_bands module
	_dump_qa_debug_vid()

	QA_SpecMixin

	QA_BitSpecTable

	unpack_bit_positions()

	QA_ValueSpecTable

	QA_SpecRegistry

	demo()





	geowatch.tasks.fusion.datamodules.smart_mixins module
	SMARTDataMixin

	draw_cloudmask_viz()





	geowatch.tasks.fusion.datamodules.spacetime_grid_builder module
	SpacetimeGridBuilder

	sample_video_spacetime_targets()

	ImagePropertyCacher

	_sample_single_video_spacetime_targets()

	_build_targets_around_track()

	_build_targets_in_spatial_region()

	_build_vidspace_track_qtree()

	_refine_time_sample()

	visualize_sample_grid()









	Module contents
	KWCocoVideoDataModule
	KWCocoVideoDataModule.setup()

	KWCocoVideoDataModule.train_dataset

	KWCocoVideoDataModule.test_dataset

	KWCocoVideoDataModule.vali_dataset

	KWCocoVideoDataModule._make_dataloader()

	KWCocoVideoDataModule._notify_about_tasks()

	KWCocoVideoDataModule.add_argparse_args()

	KWCocoVideoDataModule.compatible()

	KWCocoVideoDataModule.draw_batch()





	KWCocoVideoDataset









	geowatch.tasks.fusion.methods package
	Submodules
	geowatch.tasks.fusion.methods.channelwise_transformer module
	MultimodalTransformerConfig

	MultimodalTransformer

	slice_to_agree()

	perterb_params()





	geowatch.tasks.fusion.methods.heterogeneous module
	to_next_multiple()

	positions_from_shape()

	PadToMultiple

	NanToNum

	ShapePreservingTransformerEncoder

	ScaleAwarePositionalEncoder

	MipNerfPositionalEncoder

	ScaleAgnostictPositionalEncoder

	ResNetShim

	HeterogeneousModel





	geowatch.tasks.fusion.methods.network_modules module
	drop_path()

	RobustModuleDict

	RobustParameterDict

	OurDepthwiseSeparableConv

	DWCNNTokenizer

	LinearConvTokenizer

	ConvTokenizer

	RearrangeTokenizer

	_torch_meshgrid()

	_class_weights_from_freq()

	coerce_criterion()

	torch_safe_stack()





	geowatch.tasks.fusion.methods.noop_model module
	NoopModel





	geowatch.tasks.fusion.methods.unet_baseline module
	NanToNum

	UNetBaseline





	geowatch.tasks.fusion.methods.watch_module_mixins module
	WatchModuleMixins









	Module contents
	MultimodalTransformer
	MultimodalTransformer._HANDLES_NANS

	MultimodalTransformer.get_cfgstr()

	MultimodalTransformer.add_argparse_args()

	MultimodalTransformer.compatible()

	MultimodalTransformer.configure_optimizers()

	MultimodalTransformer.overfit()

	MultimodalTransformer.prepare_item()

	MultimodalTransformer.forward_step()

	MultimodalTransformer.forward_item()

	MultimodalTransformer.forward_foot()

	MultimodalTransformer._head_loss()

	MultimodalTransformer._build_item_loss_parts()

	MultimodalTransformer.training_step()

	MultimodalTransformer.optimizer_step()

	MultimodalTransformer.parameter_hacking()

	MultimodalTransformer.validation_step()

	MultimodalTransformer.test_step()

	MultimodalTransformer.save_package()

	MultimodalTransformer.forward()





	HeterogeneousModel
	HeterogeneousModel._HANDLES_NANS

	HeterogeneousModel.get_cfgstr()

	HeterogeneousModel.process_input_tokens()

	HeterogeneousModel.process_query_tokens()

	HeterogeneousModel.forward()

	HeterogeneousModel.shared_step()

	HeterogeneousModel.training_step()

	HeterogeneousModel.validation_step()

	HeterogeneousModel.test_step()

	HeterogeneousModel.predict_step()

	HeterogeneousModel.forward_step()

	HeterogeneousModel.log_grad_norm()

	HeterogeneousModel.save_package()

	HeterogeneousModel.configure_optimizers()





	UNetBaseline
	UNetBaseline._HANDLES_NANS

	UNetBaseline.get_cfgstr()

	UNetBaseline.process_frame()

	UNetBaseline.process_example()

	UNetBaseline.process_batch()

	UNetBaseline.encode_frame()

	UNetBaseline.encode_example()

	UNetBaseline.encode_batch()

	UNetBaseline.forward()

	UNetBaseline.shared_step()

	UNetBaseline.training_step()

	UNetBaseline.validation_step()

	UNetBaseline.test_step()

	UNetBaseline.predict_step()

	UNetBaseline.forward_step()

	UNetBaseline.save_package()





	NoopModel
	NoopModel._HANDLES_NANS

	NoopModel.get_cfgstr()

	NoopModel.forward()

	NoopModel.shared_step()

	NoopModel.training_step()

	NoopModel.forward_step()

	NoopModel.configure_optimizers()

	NoopModel.save_package()



















Submodules



	geowatch.tasks.fusion.__main__ module

	geowatch.tasks.fusion.coco_stitcher module
	demo_coco_stitching_manager()

	CocoStitchingManager
	CocoStitchingManager.accumulate_image()

	CocoStitchingManager._stitcher_center_weighted_add()

	CocoStitchingManager.managed_image_ids()

	CocoStitchingManager.ready_image_ids()

	CocoStitchingManager.submit_finalize_image()

	CocoStitchingManager.flush_images()

	CocoStitchingManager.seen_image_ids

	CocoStitchingManager.finalize_image()





	quantize_image()

	quantize_float01()

	fix_slice()

	_fix_int()

	_fix_slice()

	_fix_slice_tup()

	_force_shape_agreement_by_cropping2d()





	geowatch.tasks.fusion.evaluate module
	SegmentationEvalConfig
	SegmentationEvalConfig.default





	main()

	single_image_segmentation_metrics()

	_memo_legend()

	draw_confusion_image()

	colorize_class_probs()

	draw_truth_borders()

	dump_chunked_confusion()

	evaluate_segmentations()

	_redraw_measures()





	geowatch.tasks.fusion.fit module
	coerce_initializer()





	geowatch.tasks.fusion.fit_lightning module
	custom_yaml_load()

	custom_yaml_dump()

	SmartTrainer
	SmartTrainer._run_stage()

	SmartTrainer._write_inspect_helper_scripts()





	TorchGlobals
	TorchGlobals.setup()





	WeightInitializer
	WeightInitializer.setup()





	SmartLightningCLI
	SmartLightningCLI.configure_optimizers()

	SmartLightningCLI.add_arguments_to_parser()





	instantiate_datamodule()

	_final_pkg_compute_fn()

	_ValueGetter

	_data_value_getter()

	make_cli()

	main()





	geowatch.tasks.fusion.predict module
	DataModuleConfigMixin
	DataModuleConfigMixin.default





	PredictConfig
	PredictConfig.default





	build_stitching_managers()

	resolve_datamodule()

	_prepare_predict_data()

	_debug_grid()

	_jsonify()

	_predict_critical_loop()

	predict()

	main()





	geowatch.tasks.fusion.production module

	geowatch.tasks.fusion.utils module
	millify()

	_map_location()

	load_model_from_package()

	_try_fixed_package_import()

	Lambda
	Lambda.forward()





	DimensionDropout
	DimensionDropout.forward()





	ordinal_position_encoding()

	SinePositionalEncoding
	SinePositionalEncoding._encoding_part()

	SinePositionalEncoding.forward()





	model_json()

	_memo_legend()

	category_tree_ensure_color()











Module contents

mkinit -m geowatch.tasks.fusion –lazy –noattrs
-w
mkinit -m geowatch.tasks.fusion –noattrs -w





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.change module


	
class geowatch.tasks.invariants.change.change(hparams)

	Bases: LightningModule


	
head(in_channels, out_channels, kernel_size=3, dilation=1)

	




	
forward(x, positions=None)

	




	
shared_step(batch)

	




	
training_step(batch, batch_idx)

	




	
validation_step(batch, batch_idx)

	




	
validation_epoch_end(outputs)

	




	
run_test(loader)

	




	
train_dataloader()

	




	
val_dataloader()

	




	
configure_optimizers()

	








	
geowatch.tasks.invariants.change.main(args)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.data.datasets module


	
class geowatch.tasks.invariants.data.datasets.GriddedDataset(coco_dset, sensor=['S2', 'L8'], bands=['shared'], segmentation=False, patch_size=128, num_images=2, mode='train', patch_overlap=0.25, bas=True, rng=None, window_space_scale=None, input_space_scale='window', output_space_scale='input', include_debug_info=False)

	Bases: Dataset

Example

>>> from geowatch.tasks.invariants.data.datasets import *  # NOQA
>>> import geowatch
>>> coco_dset = geowatch.coerce_kwcoco('geowatch-msi', dates=True, geodata=True)
>>> keep_ids = [img.img['id'] for img in coco_dset.images().coco_images if 'B11' in img.channels]
>>> coco_dset = coco_dset.subset(keep_ids)
>>> self = GriddedDataset(coco_dset, include_debug_info=True, sensor=None, bands=['B11'], patch_size=32, input_space_scale='3GSD')
>>> item = self[0]
>>> item_summary = self.summarize_item(item)
>>> import rich
>>> rich.print('item_summary = {}'.format(ub.urepr(item_summary, nl=1, sort=0, align=':')))





Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> from geowatch.tasks.invariants.data.datasets import *  # NOQA
>>> import geowatch
>>> dvc_dpath = geowatch.find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'Drop2-Aligned-TA1-2022-02-15/data_nowv_vali.kwcoco.json'
>>> import kwcoco
>>> coco_dset = kwcoco.CocoDataset(coco_fpath)
>>> self = GriddedDataset(coco_dset)
>>> idx = 0
>>> item = self[idx]
>>> rgb1 = item['image1'][0:3].permute(1, 2, 0).numpy()[..., ::-1]
>>> rgb2 = item['image2'][0:3].permute(1, 2, 0).numpy()[..., ::-1]
>>> rgb3 = item['offset_image1'][0:3].permute(1, 2, 0).numpy()[..., ::-1]
>>> rgb4 = item['augmented_image1'][0:3].permute(1, 2, 0).numpy()[..., ::-1]
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(kwimage.normalize(rgb1), pnum=(1, 4, 1), title='image1')
>>> kwplot.imshow(kwimage.normalize(rgb2), pnum=(1, 4, 2), title='image2')
>>> kwplot.imshow(kwimage.normalize(rgb3), pnum=(1, 4, 3), title='offset_image1')
>>> kwplot.imshow(kwimage.normalize(rgb4), pnum=(1, 4, 4), title='augmented_image1')
>>> kwplot.show_if_requested()






	loader = torch.utils.data.DataLoader(
	self, num_workers=0, batch_size=1, shuffle=False)





dliter = iter(loader)
batch = next(dliter)

Example

>>> # xdoctest: +SKIP
>>> from geowatch.tasks.invariants.data.datasets import *  # NOQA
>>> import geowatch
>>> dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='ssd')
>>> bundle_dpath = dvc_dpath / 'Drop6'
>>> coco_fpath = bundle_dpath / 'data_vali_split1.kwcoco.zip'
>>> import kwcoco
>>> coco_dset = kwcoco.CocoDataset(coco_fpath)
>>> self = GriddedDataset(
>>>     coco_dset,
>>>     window_space_scale='33GSD',
>>>     input_space_scale='33GSD',
>>>     output_space_scale='input',
>>>     patch_size=64,
>>>     include_debug_info=True,
>>> )
>>> dsize = (224, 224)
>>> # dsize = None
>>> # Draw multiple batch items
>>> rows = []
>>> max_idx = len(self) // 4 - 2
>>> indexes = np.linspace(0, max_idx, 4).round().astype(int)
>>> for idx in indexes:
>>>     item = self[idx]
>>>     row_canvas = self.draw_item(item, dsize)
>>>     rows.append(row_canvas)
>>> item_summary = self.summarize_item(item)
>>> import rich
>>> rich.print('item_summary = {}'.format(ub.urepr(item_summary, nl=1, sort=0, align=':')))
>>> canvas = kwimage.stack_images(rows, axis=0, pad=10)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)






	
update_target_properties(target)

	Populate the target so it has the correct input scale and bands.






	
choose_offset_target(target)

	




	
draw_item(item, dsize=(224, 224))

	Example

>>> from geowatch.tasks.invariants.data.datasets import *  # NOQA
>>> from geowatch.demo import coerce_kwcoco
>>> coco_dset = coerce_kwcoco('geowatch-msi', dates=True, geodata=True)
>>> keep_ids = [img.img['id'] for img in coco_dset.images().coco_images if 'B11' in img.channels]
>>> coco_dset = coco_dset.subset(keep_ids)
>>> self = GriddedDataset(coco_dset, include_debug_info=True, sensor=None, bands=['B11'])
>>> item = self[0]
>>> item_summary = self.summarize_item(item)
>>> print('item_summary = {}'.format(ub.urepr(item_summary, nl=1)))
>>> canvas = self.draw_item(item)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas)





[image: ../_images/fig_geowatch_tasks_invariants_data_datasets_GriddedDataset_draw_item_002.jpeg]





	
summarize_item(item)

	Return debugging stats about the item


	Parameters:

	item (dict) – an item returned by __getitem__



	Returns:

	a summary of the item



	Return type:

	dict [https://docs.python.org/3/library/stdtypes.html#dict]














	
geowatch.tasks.invariants.data.datasets.find_complete_image_indexes(samples, fast=True)

	
	Parameters:

	samples (List[dict]) – A list of target dictionaries from ndsampler that contains a key
‘gids’ which maps to a list of image ids that the sample touches.



	Returns:

	
	sample_to_complete_gids, g
	mapping from sample indexes to what images can be marked as done

g is the graph used for debug purposes









	Return type:

	Tuple





References

https://cs.stackexchange.com/questions/155186/algorithm-for-minimizing-the-number-of-resources-simultaneously-open-while-itera

Example

>>> from geowatch.tasks.invariants.data.datasets import *  # NOQA
>>> samples = [
>>>     {'gids': [0, 3]},
>>>     {'gids': [0, 3]},
>>>     {'gids': [1, 2]},
>>>     {'gids': [1, 4]},
>>>     {'gids': [2, 5]},
>>>     {'gids': [0, 5]},
>>> ]
>>> sample_to_complete_gids, graphs = find_complete_image_indexes(samples, fast=False)
>>> sample_to_complete_gids2, _ = find_complete_image_indexes(samples, fast=True)
>>> assert sample_to_complete_gids == sample_to_complete_gids2
>>> from cmd_queue.util.util_networkx import write_network_text
>>> write_network_text(graphs['node_ordered'])
>>> print('sample_to_complete_gids = {}'.format(ub.urepr(sample_to_complete_gids, nl=1)))





Example

>>> from geowatch.tasks.invariants.data.datasets import *  # NOQA
>>> samples = [
>>>     {'gids': [0, 1]},
>>>     {'gids': [1, 2]},
>>>     {'gids': [2, 3]},
>>>     {'gids': [3, 4]},
>>>     {'gids': [4, 5]},
>>>     {'gids': [5, 6]},
>>> ]
>>> sample_to_complete_gids, graphs = find_complete_image_indexes(samples, fast=False)
>>> sample_to_complete_gids2, _ = find_complete_image_indexes(samples, fast=True)
>>> assert sample_to_complete_gids == sample_to_complete_gids2
>>> from cmd_queue.util.util_networkx import write_network_text
>>> write_network_text(graphs['node_ordered'])
>>> print('sample_to_complete_gids = {}'.format(ub.urepr(sample_to_complete_gids, nl=1)))










	
class geowatch.tasks.invariants.data.datasets.HashableBox(boxes, _check: bool [https://docs.python.org/3/library/functions.html#bool] = False)

	Bases: Box [https://kwimage.readthedocs.io/en/latest/kwimage.structs.single_box.html#kwimage.structs.single_box.Box]


	
to_tuple()

	








	
geowatch.tasks.invariants.data.datasets.fixup_samples(coco_dset, sample_grid, time_dims)

	Takes the output of the sample grid and ensures we get at least one sample
on each frame. Getting this to happen is something the time sampler should
take care of, but for now we just hack it in.






	
geowatch.tasks.invariants.data.datasets.gridded_dataset

	alias of GriddedDataset








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.data.multi_image_datasets module


	
class geowatch.tasks.invariants.data.multi_image_datasets.kwcoco_dataset(coco_dset, sensor=['S2', 'L8'], bands=['shared'], patch_size=64, segmentation_labels=False, display=False, num_images=3, mode='train')

	Bases: Dataset


	
S2_l2a_channel_names = ['B02.tif', 'B01.tif', 'B03.tif', 'B04.tif', 'B05.tif', 'B06.tif', 'B07.tif', 'B08.tif', 'B09.tif', 'B11.tif', 'B12.tif', 'B8A.tif']

	




	
S2_channel_names = ['coastal', 'blue', 'green', 'red', 'B05', 'B06', 'B07', 'nir', 'B09', 'cirrus', 'swir16', 'swir22', 'B8A']

	




	
L8_channel_names = ['coastal', 'lwir11', 'lwir12', 'blue', 'green', 'red', 'nir', 'swir16', 'swir22', 'pan', 'cirrus']

	




	
get_img(idx, device=None)

	








	
class geowatch.tasks.invariants.data.multi_image_datasets.SpaceNet7(patch_size=128, splits='satellite_sort/data/spacenet/splits_unmasked/', train=True, display=False, num_images=3, segmentation_labels=False)

	Bases: Dataset

TO DO: Return segmentation labels for SpaceNet 7


	
normalize_params = [[0.16198677, 0.22665408, 0.1745371], [0.06108317, 0.06515977, 0.04128775]]

	




	
date_to_step(date)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.data.other_datasets module

Previously part of “datasets”, but moved here because they are not used
in the main code path.


	
class geowatch.tasks.invariants.data.other_datasets.kwcoco_dataset(coco_dset, sensor=['S2', 'L8'], bands=['shared'], patch_size=64, change_labels=False, display=False, mode='train')

	Bases: Dataset


	
S2_l2a_channel_names = ['B02.tif', 'B01.tif', 'B03.tif', 'B04.tif', 'B05.tif', 'B06.tif', 'B07.tif', 'B08.tif', 'B09.tif', 'B11.tif', 'B12.tif', 'B8A.tif']

	




	
S2_channel_names = ['coastal', 'blue', 'green', 'red', 'B05', 'B06', 'B07', 'nir', 'B09', 'cirrus', 'swir16', 'swir22', 'B8A']

	




	
L8_channel_names = ['coastal', 'lwir11', 'lwir12', 'blue', 'green', 'red', 'nir', 'swir16', 'swir22', 'pan', 'cirrus']

	




	
get_img(idx, device=None)

	








	
class geowatch.tasks.invariants.data.other_datasets.Onera(data_folder='/localdisk0/SCRATCH/watch/onera/', train=True, patch_size=96, num_channels=13, multihead=False, display=False, class_weight=1, randomize_order=False)

	Bases: Dataset

Change Detection dataset class, used for both training and test data.


	Parameters:

	
	csv_file (string) – Path to the csv file with annotations.


	root_dir (string) – Directory with all the images.


	transform (callable, optional) – Optional transform to be applied
on a sample.













	
class geowatch.tasks.invariants.data.other_datasets.SpaceNet7(patch_size=[128, 128], splits='satellite_sort/data/spacenet/splits_unmasked/', train=True, normalize=True, yearly=True, display=False)

	Bases: Dataset


	
normalize_params = [[0.16198677, 0.22665408, 0.1745371], [0.06108317, 0.06515977, 0.04128775]]

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.data package


Submodules



	geowatch.tasks.invariants.data.datasets module
	GriddedDataset
	GriddedDataset.update_target_properties()

	GriddedDataset.choose_offset_target()

	GriddedDataset.draw_item()

	GriddedDataset.summarize_item()





	find_complete_image_indexes()

	HashableBox
	HashableBox.to_tuple()





	fixup_samples()

	gridded_dataset





	geowatch.tasks.invariants.data.multi_image_datasets module
	kwcoco_dataset
	kwcoco_dataset.S2_l2a_channel_names

	kwcoco_dataset.S2_channel_names

	kwcoco_dataset.L8_channel_names

	kwcoco_dataset.get_img()





	SpaceNet7
	SpaceNet7.normalize_params

	SpaceNet7.date_to_step()









	geowatch.tasks.invariants.data.other_datasets module
	kwcoco_dataset
	kwcoco_dataset.S2_l2a_channel_names

	kwcoco_dataset.S2_channel_names

	kwcoco_dataset.L8_channel_names

	kwcoco_dataset.get_img()





	Onera

	SpaceNet7
	SpaceNet7.normalize_params















Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.fit module

This is a Template for writing training logic.


	
geowatch.tasks.invariants.fit.main(args)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.fit_segment module


	
geowatch.tasks.invariants.fit_segment.main(args)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.iarpa_dataset module


	
class geowatch.tasks.invariants.iarpa_dataset.kwcoco_dataset(coco_dset, sensor='S2', bands='all', patch_size=64, mode='train')

	Bases: Dataset


	
S2_channel_names = ['coastal', 'blue', 'green', 'red', 'B05', 'B06', 'B07', 'nir', 'B09', 'cirrus', 'swir16', 'swir22', 'B8A']

	




	
L8_channel_names = ['coastal', 'lwir11', 'lwir12', 'blue', 'green', 'red', 'nir', 'swir16', 'swir22', 'pan', 'cirrus']

	




	
common_channel_names = ['coastal', 'blue', 'green', 'red', 'nir', 'swir16', 'swir22', 'cirrus']

	




	
get_img(idx, device=None)

	




	
num_channels()

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.late_fusion.fit_late_fusion module

This is a Template for writing training logic.


	
geowatch.tasks.invariants.late_fusion.fit_late_fusion.main(args)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.late_fusion.pretext_model_late_fusion module


	
class geowatch.tasks.invariants.late_fusion.pretext_model_late_fusion.pretext(hparams)

	Bases: LightningModule


	
TASK_NAMES = ['sort', 'augment', 'overlap']

	




	
forward(image)

	




	
shared_step(batch)

	




	
training_step(batch, batch_idx)

	




	
validation_step(batch, batch_idx)

	




	
predict(batch)

	




	
predict_before_after(image)

	




	
train_dataloader()

	




	
val_dataloader()

	




	
configure_optimizers()

	




	
task_neck(in_chan, out_chan)

	




	
pixel_classification_head(in_chan)

	




	
image_classification_head(in_chan)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.late_fusion package


Submodules



	geowatch.tasks.invariants.late_fusion.fit_late_fusion module
	main()





	geowatch.tasks.invariants.late_fusion.pretext_model_late_fusion module
	pretext
	pretext.TASK_NAMES

	pretext.forward()

	pretext.shared_step()

	pretext.training_step()

	pretext.validation_step()

	pretext.predict()

	pretext.predict_before_after()

	pretext.train_dataloader()

	pretext.val_dataloader()

	pretext.configure_optimizers()

	pretext.task_neck()

	pretext.pixel_classification_head()

	pretext.image_classification_head()















Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.predict module

Basline Example:


DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=auto)
DVC_EXPT_DPATH=$(geowatch_dvc –tags=’phase2_expt’ –hardware=auto)

python -m geowatch.tasks.invariants.predict         –input_kwcoco=$DVC_DATA_DPATH/Drop4-BAS/data_vali_KR_R001.kwcoco.json         –output_kwcoco=$DVC_DATA_DPATH/Drop4-BAS/all_tests/model_thirteen_epoch/data_vali_KR_R001_invariants.kwcoco.json         –pretext_package=$DVC_EXPT_DPATH/models/uky/uky_invariants_2022_12_17/TA1_pretext_model/pretext_package.pt         –input_space_scale=10GSD          –window_space_scale=10GSD         –patch_size=256         –do_pca 0         –patch_overlap=0.3         –workers=”2”         –write_workers 0         –tasks before_after pretext

# After your model predicts the outputs, you should be able to use the
# geowatch visualize tool to inspect your features.
python -m geowatch visualize $DVC_DATA_DPATH/Drop4-BAS/all_tests/model_thirteen_epoch/data_vali_invariants.kwcoco.json         –channels “invariants.5:8,invariants.8:11,invariants.14:17” –stack=only –workers=avail –animate=True         –draw_anns=False





	SeeAlso:
	~/code/watch/geowatch/cli/prepare_teamfeats.py






	
class geowatch.tasks.invariants.predict.InvariantPredictConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Configuration for UKY invariant models

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'assets_dname': <Value('_assets')>, 'bands': <Value(['shared'])>, 'batch_size': <Value(1)>, 'device': <Value('cuda')>, 'do_pca': <Value(1)>, 'input_kwcoco': <Value(None)>, 'input_resolution': <Value('10GSD')>, 'io_workers': <Value(0)>, 'output_kwcoco': <Value(None)>, 'patch_overlap': <Value(0.25)>, 'patch_size': <Value(256)>, 'pca_projection_path': <Value('')>, 'pretext_ckpt_path': <Value(None)>, 'pretext_package_path': <Value(None)>, 'segmentation_ckpt_path': <Value(None)>, 'segmentation_package_path': <Value(None)>, 'sensor': <Value(['S2', 'L8'])>, 'tasks': <Value(['all'])>, 'track_emissions': <Value(True)>, 'window_resolution': <Value('10GSD')>, 'workers': <Value(4)>}

	




	
normalize()

	








	
class geowatch.tasks.invariants.predict.Predictor(args)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

CommandLine

DVC_DPATH=$(geowatch_dvc)
DVC_DPATH=$DVC_DPATH xdoctest -m geowatch.tasks.invariants.predict Predictor

python -m geowatch visualize $DVC_DPATH/Drop2-Aligned-TA1-2022-02-15/test_uky.kwcoco.json             --channels='invariants.0:3' --animate=True --with_anns=False





Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> from geowatch.tasks.invariants.predict import *  # NOQA
>>> import kwcoco
>>> import geowatch
>>> dvc_dpath = geowatch.find_dvc_dpath()
>>> #  Write out smaller version of the dataset
>>> dset = kwcoco.CocoDataset(dvc_dpath / 'Drop2-Aligned-TA1-2022-02-15/data_nowv_vali.kwcoco.json')
>>> images = dset.videos(names=['KR_R001']).images[0]
>>> sub_images = images.compress([s != 'WV' for s in images.lookup('sensor_coarse')])[::5]
>>> sub_dset = dset.subset(sub_images)
>>> sub_dset.fpath = (dvc_dpath / 'Drop2-Aligned-TA1-2022-02-15/small_test_data_nowv_vali.kwcoco.json')
>>> sub_dset.dump(sub_dset.fpath)
>>> input_kwcoco = sub_dset.fpath
>>> output_kwcoco = dvc_dpath / 'Drop2-Aligned-TA1-2022-02-15/test_uky.kwcoco.json'
>>> pretext_package_path = dvc_dpath / 'models/uky/uky_invariants_2022_03_11/TA1_pretext_model/pretext_package.pt'
>>> pca_projection_path = dvc_dpath / 'models/uky/uky_invariants_2022_03_11/TA1_pretext_model/pca_projection_matrix.pt'
>>> segmentation_package_path = dvc_dpath / 'models/uky/uky_invariants_2022_02_11/TA1_segmentation_model/segmentation_package.pt'
>>> argv = []
>>> argv += ['--input_kwcoco', f'{sub_dset.fpath}']
>>> argv += ['--output_kwcoco', f'{output_kwcoco}']
>>> argv += ['--pca_projection_path', f'{pca_projection_path}']
>>> argv += ['--pretext_package_path', f'{pretext_package_path}']
>>> argv += ['--segmentation_package_path', f'{segmentation_package_path}']
>>> argv += ['--patch_overlap', '0.25']
>>> argv += ['--workers', '2']
>>> argv += ['--tasks', 'all']
>>> argv += ['--do_pca', '1']
>>> args = InvariantPredictConfig.cli(argv=argv)
>>> self = Predictor(args)
>>> self.forward(args)






	
forward()

	








	
geowatch.tasks.invariants.predict.main()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.pretext_model module


	
class geowatch.tasks.invariants.pretext_model.pretext(hparams)

	Bases: LightningModule


	
TASK_NAMES = ['sort', 'augment', 'overlap']

	




	
forward(image_stack, positional_encoding=None)

	




	
shared_step(batch)

	




	
training_step(batch, batch_idx)

	




	
validation_step(batch, batch_idx)

	




	
predict(batch)

	




	
train_dataloader()

	




	
val_dataloader()

	




	
configure_optimizers()

	




	
task_neck(in_chan, out_chan)

	




	
pixel_classification_head(in_chan, num_classes)

	




	
image_classification_head(in_chan)

	




	
generate_pca_matrix(save_path, loader, reduction_dim=6)

	




	
on_save_checkpoint(checkpoint)

	




	
save_package(package_path)

	




	
classmethod load_package(package_path)

	DEPRECATE IN FAVOR OF geowatch.tasks.fusion.utils.load_model_from_package


Todo


	
	[ ] Make the logic that defines the save_package and load_package
	methods with appropriate package header data a lightning
abstraction.






















            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.segmentation_model module


	
class geowatch.tasks.invariants.segmentation_model.segmentation_model(hparams)

	Bases: LightningModule


	
forward(x, positions=None)

	




	
shared_step(batch)

	




	
training_step(batch, batch_idx)

	




	
validation_step(batch, batch_idx)

	




	
test_step(batch)

	




	
train_epoch_end(outputs)

	




	
validation_epoch_end(outputs)

	




	
run_test(loader)

	




	
train_dataloader()

	




	
val_dataloader()

	




	
configure_optimizers()

	




	
save_package(package_path)

	




	
classmethod load_package(package_path)

	DEPRECATE IN FAVOR OF geowatch.tasks.fusion.utils.load_model_from_package


Todo


	
	[ ] Make the logic that defines the save_package and load_package
	methods with appropriate package header data a lightning
abstraction.






















            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.utils.attention_unet module


	
class geowatch.tasks.invariants.utils.attention_unet.positional_encoding(dimensions=64)

	Bases: Module






	
class geowatch.tasks.invariants.utils.attention_unet.attention_unet(in_channels, out_channels, dropout_rate=0.2, pos_encode=False, positional_layers=None, attention_layers=1, mode='addition')

	Bases: Module


	
forward(images, timestamps=None)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.utils.focal_loss module


	
class geowatch.tasks.invariants.utils.focal_loss.FocalLoss(gamma=0, alpha=None, size_average=True)

	Bases: Module


	
forward(input, target)

	








	
class geowatch.tasks.invariants.utils.focal_loss.BinaryFocalLoss(weight=None, gamma=2.0, alpha=1, reduction='mean')

	Bases: Module


	
forward(inputs, targets)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.utils.read_sentinel_images module


	
geowatch.tasks.invariants.utils.read_sentinel_images.adjust_shape(Im, s)

	Adjust shape of grayscale image Im to s.






	
geowatch.tasks.invariants.utils.read_sentinel_images.read_sentinel_img(path, normalize=False)

	Read cropped Sentinel-2 image: RGB bands.






	
geowatch.tasks.invariants.utils.read_sentinel_images.read_sentinel_img_4(path, normalize=False)

	Read cropped Sentinel-2 image: RGB and NIR bands.






	
geowatch.tasks.invariants.utils.read_sentinel_images.read_sentinel_img_leq20(path, normalize=False)

	Read cropped Sentinel-2 image: bands with resolution less than or equals to 20m.






	
geowatch.tasks.invariants.utils.read_sentinel_images.read_sentinel_img_leq60(path, normalize=False)

	Read cropped Sentinel-2 image: all bands.






	
geowatch.tasks.invariants.utils.read_sentinel_images.read_sentinel_img_trio(img_path, mask_path, num_channels=13, normalize=False)

	Read cropped Sentinel-2 image pair and change map.








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.utils.unet_blur module


	
class geowatch.tasks.invariants.utils.unet_blur.BlurPool(channels, pad_type='reflect', filt_size=4, stride=2, pad_off=0)

	Bases: Module


	
forward(inp)

	








	
geowatch.tasks.invariants.utils.unet_blur.get_pad_layer(pad_type)

	




	
geowatch.tasks.invariants.utils.unet_blur.count_trainable_parameters(model)

	




	
class geowatch.tasks.invariants.utils.unet_blur.double_conv(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.invariants.utils.unet_blur.inconv(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.invariants.utils.unet_blur.down(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.invariants.utils.unet_blur.up(in_ch, out_ch)

	Bases: Module


	
forward(x1, x2)

	








	
class geowatch.tasks.invariants.utils.unet_blur.outconv(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.invariants.utils.unet_blur.UNet_blur(in_channels, out_channels)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.invariants.utils.unet_blur.UNetEncoder(in_channels)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.invariants.utils.unet_blur.UNetDecoder(out_channels)

	Bases: Module


	
forward(X)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.utils.unet_dropout module


	
class geowatch.tasks.invariants.utils.unet_dropout.BlurPool(channels, pad_type='reflect', filt_size=4, stride=2, pad_off=0)

	Bases: Module


	
forward(inp)

	








	
geowatch.tasks.invariants.utils.unet_dropout.get_pad_layer(pad_type)

	




	
class geowatch.tasks.invariants.utils.unet_dropout.BlurPool1D(channels, pad_type='reflect', filt_size=3, stride=2, pad_off=0)

	Bases: Module


	
forward(inp)

	








	
geowatch.tasks.invariants.utils.unet_dropout.get_pad_layer_1d(pad_type)

	




	
geowatch.tasks.invariants.utils.unet_dropout.count_trainable_parameters(model)

	




	
class geowatch.tasks.invariants.utils.unet_dropout.double_conv(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.invariants.utils.unet_dropout.inconv(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.invariants.utils.unet_dropout.down(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.invariants.utils.unet_dropout.down_blur(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.invariants.utils.unet_dropout.up(in_ch, out_ch)

	Bases: Module


	
forward(x1, x2)

	








	
class geowatch.tasks.invariants.utils.unet_dropout.outconv(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.invariants.utils.unet_dropout.UNet_Dropout(in_channels, out_channels, dropout_rate=0.5, dropout_at_eval=True)

	Bases: Module


	
forward(x)

	




	
eval()

	








	
class geowatch.tasks.invariants.utils.unet_dropout.UNet_Blur_Dropout(in_channels, out_channels, dropout_rate=0.5, dropout_at_eval=True)

	Bases: Module


	
forward(x)

	




	
eval()

	








	
class geowatch.tasks.invariants.utils.unet_dropout.UNet_Blur_Dropout_Encoder(in_channels, dropout_rate=0)

	Bases: Module


	
forward(x)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants.utils package


Submodules



	geowatch.tasks.invariants.utils.attention_unet module
	positional_encoding

	attention_unet
	attention_unet.forward()









	geowatch.tasks.invariants.utils.focal_loss module
	FocalLoss
	FocalLoss.forward()





	BinaryFocalLoss
	BinaryFocalLoss.forward()









	geowatch.tasks.invariants.utils.read_sentinel_images module
	adjust_shape()

	read_sentinel_img()

	read_sentinel_img_4()

	read_sentinel_img_leq20()

	read_sentinel_img_leq60()

	read_sentinel_img_trio()





	geowatch.tasks.invariants.utils.unet_blur module
	BlurPool
	BlurPool.forward()





	get_pad_layer()

	count_trainable_parameters()

	double_conv
	double_conv.forward()





	inconv
	inconv.forward()





	down
	down.forward()





	up
	up.forward()





	outconv
	outconv.forward()





	UNet_blur
	UNet_blur.forward()





	UNetEncoder
	UNetEncoder.forward()





	UNetDecoder
	UNetDecoder.forward()









	geowatch.tasks.invariants.utils.unet_dropout module
	BlurPool
	BlurPool.forward()





	get_pad_layer()

	BlurPool1D
	BlurPool1D.forward()





	get_pad_layer_1d()

	count_trainable_parameters()

	double_conv
	double_conv.forward()





	inconv
	inconv.forward()





	down
	down.forward()





	down_blur
	down_blur.forward()





	up
	up.forward()





	outconv
	outconv.forward()





	UNet_Dropout
	UNet_Dropout.forward()

	UNet_Dropout.eval()





	UNet_Blur_Dropout
	UNet_Blur_Dropout.forward()

	UNet_Blur_Dropout.eval()





	UNet_Blur_Dropout_Encoder
	UNet_Blur_Dropout_Encoder.forward()















Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.invariants package


Subpackages



	geowatch.tasks.invariants.data package
	Submodules
	geowatch.tasks.invariants.data.datasets module
	GriddedDataset

	find_complete_image_indexes()

	HashableBox

	fixup_samples()

	gridded_dataset





	geowatch.tasks.invariants.data.multi_image_datasets module
	kwcoco_dataset

	SpaceNet7





	geowatch.tasks.invariants.data.other_datasets module
	kwcoco_dataset

	Onera

	SpaceNet7









	Module contents





	geowatch.tasks.invariants.late_fusion package
	Submodules
	geowatch.tasks.invariants.late_fusion.fit_late_fusion module
	main()





	geowatch.tasks.invariants.late_fusion.pretext_model_late_fusion module
	pretext









	Module contents





	geowatch.tasks.invariants.utils package
	Submodules
	geowatch.tasks.invariants.utils.attention_unet module
	positional_encoding

	attention_unet





	geowatch.tasks.invariants.utils.focal_loss module
	FocalLoss

	BinaryFocalLoss





	geowatch.tasks.invariants.utils.read_sentinel_images module
	adjust_shape()

	read_sentinel_img()

	read_sentinel_img_4()

	read_sentinel_img_leq20()

	read_sentinel_img_leq60()

	read_sentinel_img_trio()





	geowatch.tasks.invariants.utils.unet_blur module
	BlurPool

	get_pad_layer()

	count_trainable_parameters()

	double_conv

	inconv

	down

	up

	outconv

	UNet_blur

	UNetEncoder

	UNetDecoder





	geowatch.tasks.invariants.utils.unet_dropout module
	BlurPool

	get_pad_layer()

	BlurPool1D

	get_pad_layer_1d()

	count_trainable_parameters()

	double_conv

	inconv

	down

	down_blur

	up

	outconv

	UNet_Dropout

	UNet_Blur_Dropout

	UNet_Blur_Dropout_Encoder









	Module contents











Submodules



	geowatch.tasks.invariants.change module
	change
	change.head()

	change.forward()

	change.shared_step()

	change.training_step()

	change.validation_step()

	change.validation_epoch_end()

	change.run_test()

	change.train_dataloader()

	change.val_dataloader()

	change.configure_optimizers()





	main()





	geowatch.tasks.invariants.fit module
	main()





	geowatch.tasks.invariants.fit_segment module
	main()





	geowatch.tasks.invariants.iarpa_dataset module
	kwcoco_dataset
	kwcoco_dataset.S2_channel_names

	kwcoco_dataset.L8_channel_names

	kwcoco_dataset.common_channel_names

	kwcoco_dataset.get_img()

	kwcoco_dataset.num_channels()









	geowatch.tasks.invariants.predict module
	InvariantPredictConfig
	InvariantPredictConfig.default

	InvariantPredictConfig.normalize()





	Predictor
	Predictor.forward()





	main()





	geowatch.tasks.invariants.pretext_model module
	pretext
	pretext.TASK_NAMES

	pretext.forward()

	pretext.shared_step()

	pretext.training_step()

	pretext.validation_step()

	pretext.predict()

	pretext.train_dataloader()

	pretext.val_dataloader()

	pretext.configure_optimizers()

	pretext.task_neck()

	pretext.pixel_classification_head()

	pretext.image_classification_head()

	pretext.generate_pca_matrix()

	pretext.on_save_checkpoint()

	pretext.save_package()

	pretext.load_package()









	geowatch.tasks.invariants.segmentation_model module
	segmentation_model
	segmentation_model.forward()

	segmentation_model.shared_step()

	segmentation_model.training_step()

	segmentation_model.validation_step()

	segmentation_model.test_step()

	segmentation_model.train_epoch_end()

	segmentation_model.validation_epoch_end()

	segmentation_model.run_test()

	segmentation_model.train_dataloader()

	segmentation_model.val_dataloader()

	segmentation_model.configure_optimizers()

	segmentation_model.save_package()

	segmentation_model.load_package()















Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.landcover.datasets module


	
class geowatch.tasks.landcover.datasets._CocoTorchDataset(dset)

	Bases: Dataset

Base dataset for landcover task


	
_include(gid)

	
	Parameters:

	gid





Returns: True to include the given image in this dataset.  False to exclude.






	
_load(img_info)

	Load an image and return a numpy array.






	
_load_channels_stacked(gid, channels_list, resolution)

	




	
_try_load_channel(gid, channels, resolution)

	








	
class geowatch.tasks.landcover.datasets.S2Dataset(dset)

	Bases: _CocoTorchDataset

Load S2 images and stack.


	
_include(gid)

	




	
_load(gid)

	








	
class geowatch.tasks.landcover.datasets.WVDataset(dset)

	Bases: _CocoTorchDataset

Load WorldView images and stack.


	
_include(gid)

	




	
_load(gid)

	








	
geowatch.tasks.landcover.datasets.imresize(img, **kwargs)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.landcover.detector module


	
geowatch.tasks.landcover.detector.run(model, image, metadata)

	




	
geowatch.tasks.landcover.detector.pad(fn)

	




	
geowatch.tasks.landcover.detector.predict_image(image, *args, **kwargs)

	




	
geowatch.tasks.landcover.detector.normalize(image, invalid_mask, low=2, high=98)

	Example

>>> from geowatch.tasks.landcover.detector import *  # NOQA
>>> import kwimage
>>> # orig_image = np.random.rand(32, 32, 3)
>>> orig_image = kwimage.ensure_float01(kwimage.grab_test_image())
>>> image = kwimage.Polygon.random().scale(orig_image.shape[0]).fill(orig_image.copy(), np.nan)
>>> invalid_mask = np.isnan(image)
>>> output = normalize(image, invalid_mask)
>>> assert np.isnan(image).sum() == np.isnan(output).sum()
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(image, pnum=(1, 2, 1), doclf=True)
>>> kwplot.imshow(output, pnum=(1, 2, 2))





[image: ../_images/fig_geowatch_tasks_landcover_detector_normalize_002.jpeg]
Example

>>> from geowatch.tasks.landcover.detector import *  # NOQA
>>> # Test 100% nan case
>>> image = np.full((32, 32, 3), fill_value=np.nan)
>>> invalid_mask = np.isnan(image)
>>> import pytest
>>> with pytest.raises(ValueError):
>>>     output = normalize(image, invalid_mask)
>>> # Test 100% nan in a single band case
>>> image = np.random.rand(32, 32, 3)
>>> image[..., 1] = np.nan
>>> invalid_mask = np.isnan(image)
>>> with pytest.raises(ValueError):
>>>     output = normalize(image, invalid_mask)










	
geowatch.tasks.landcover.detector.get_device()

	




	
geowatch.tasks.landcover.detector.get_model_device(model)

	Return the device associated with the model






	
geowatch.tasks.landcover.detector.load_model(filename, num_outputs, num_channels, device='auto')

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.landcover.fit module




            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.landcover.model_info module


	
class geowatch.tasks.landcover.model_info.ModelInfo

	Bases: ABC [https://docs.python.org/3/library/abc.html#abc.ABC]


	
abstract create_dataset(coco_dset: CocoDataset | str [https://docs.python.org/3/library/stdtypes.html#str]) → Dataset

	Create a torch dataset compatible with this model using a CocoDataset
:Parameters: coco_dset – CocoDataset of string filepath

Returns: torch dataset






	
abstract property model_outputs

	




	
abstract load_model(weights_filename: Path [https://docs.python.org/3/library/pathlib.html#pathlib.Path], device)

	




	
_abc_impl = <_abc._abc_data object>

	








	
class geowatch.tasks.landcover.model_info.S2ModelInfo

	Bases: ModelInfo

This model was trained on 13-band Sentinel-2 data with 5
segmentation classes


	
create_dataset(coco_dset)

	




	
property model_outputs

	




	
load_model(weights_filename, device)

	




	
_abc_impl = <_abc._abc_data object>

	








	
class geowatch.tasks.landcover.model_info.WVModelInfo

	Bases: ModelInfo

This model was trained on 8-band WorldView-3 data with 5
segmentation classes


	
create_dataset(coco_dset)

	




	
property model_outputs

	




	
load_model(weights_filename, device)

	




	
_abc_impl = <_abc._abc_data object>

	








	
geowatch.tasks.landcover.model_info.lookup_model_info(weights_filename: Path [https://docs.python.org/3/library/pathlib.html#pathlib.Path]) → ModelInfo

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.landcover.nets module


	
geowatch.tasks.landcover.nets.double_conv(in_channels, out_channels)

	




	
class geowatch.tasks.landcover.nets.UNetR(num_outputs, num_channels=3)

	Bases: Module


	
forward(x)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.landcover.predict module

Prediction script for landcover features.

Given a checkout of the model and drop6 data, the following demos computing and
visualizing a subset of the features.

CommandLine

DVC_EXPT_DPATH=$(geowatch_dvc --tags=phase2_expt --hardware=auto)
DVC_DATA_DPATH=$(geowatch_dvc --tags=phase2_data --hardware=auto)

KWCOCO_BUNDLE_DPATH=$DVC_DATA_DPATH/Drop6
DZYNE_LANDCOVER_MODEL_FPATH="$DVC_EXPT_DPATH/models/landcover/sentinel2.pt"

INPUT_DATASET_FPATH=$KWCOCO_BUNDLE_DPATH/imganns-KR_R001.kwcoco.zip
OUTPUT_DATASET_FPATH=$KWCOCO_BUNDLE_DPATH/imganns-KR_R001_landcover_small.kwcoco.zip

echo "
DVC_DATA_DPATH="$DVC_DATA_DPATH"
DVC_EXPT_DPATH="$DVC_EXPT_DPATH"

DZYNE_LANDCOVER_MODEL_FPATH="$DZYNE_LANDCOVER_MODEL_FPATH"

INPUT_DATASET_FPATH="$INPUT_DATASET_FPATH"
OUTPUT_DATASET_FPATH="$OUTPUT_DATASET_FPATH"
"

export CUDA_VISIBLE_DEVICES="1"
python -m geowatch.tasks.landcover.predict \
    --dataset="$INPUT_DATASET_FPATH" \
    --deployed="$DZYNE_LANDCOVER_MODEL_FPATH"  \
    --device=0 \
    --num_workers=4 \
    --select_images='(.frame_index < 100) and (.sensor_coarse == "S2")' \
    --with_hidden=6 \
    --output="$OUTPUT_DATASET_FPATH"

geowatch stats $OUTPUT_DATASET_FPATH

geowatch visualize $OUTPUT_DATASET_FPATH \
    --animate=True --channels="red|green|blue,barren|forest|water,landcover_hidden.0:3,landcover_hidden.3:6" \
    --skip_missing=True --workers=4 --draw_anns=False --smart=True






	
class geowatch.tasks.landcover.predict.LandcoverPredictConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'assets_dname': <Value('_assets')>, 'dataset': <Value(None)>, 'deployed': <Value(None)>, 'device': <Value('auto')>, 'io_workers': <Value('auto')>, 'num_workers': <Value(0)>, 'output': <Value(None)>, 'select_images': <Value(None)>, 'select_videos': <Value(None)>, 'track_emissions': <Value(True)>, 'window_dim': <Value(1024)>, 'with_hidden': <Value(None)>}

	








	
geowatch.tasks.landcover.predict.predict(cmdline=1, **kwargs)

	Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> from geowatch.tasks.landcover.predict import *  # NOQA
>>> from geowatch.tasks.landcover.predict import _predict_single
>>> import kwcoco
>>> import geowatch
>>> dvc_data_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> dvc_expt_dpath = geowatch.find_dvc_dpath(tags='phase2_expt', hardware='auto')
>>> dset = kwcoco.CocoDataset(dvc_data_dpath / 'Drop6/imganns-KR_R001.kwcoco.zip')
>>> deployed = dvc_expt_dpath / 'models/landcover/sentinel2.pt'
>>> kwargs = {
>>>     'dataset': dset.fpath,
>>>     'deployed': deployed,
>>>     'output': ub.Path(dset.fpath).augment(stemsuffix='_landcover', multidot=True),
>>>     'select_images': '.sensor_coarse == "S2"',
>>> }
>>> cmdline = 0
>>> predict(cmdline, **kwargs)










	
geowatch.tasks.landcover.predict._register_hidden_layer_hook(model)

	




	
geowatch.tasks.landcover.predict._predict_single(img_info, model, model_outputs, landcover_stitcher, hidden_stitcher, output_dset: CocoDataset, window_dim=1024)

	Modifies the coco dataset inplace, returns the data that needs to be
written to disk.






	
geowatch.tasks.landcover.predict.get_output_file(output)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.landcover.utils module


	
geowatch.tasks.landcover.utils.setup_logging(level=30)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.landcover package


Submodules



	geowatch.tasks.landcover.datasets module
	_CocoTorchDataset
	_CocoTorchDataset._include()

	_CocoTorchDataset._load()

	_CocoTorchDataset._load_channels_stacked()

	_CocoTorchDataset._try_load_channel()





	S2Dataset
	S2Dataset._include()

	S2Dataset._load()





	WVDataset
	WVDataset._include()

	WVDataset._load()





	imresize()





	geowatch.tasks.landcover.detector module
	run()

	pad()

	predict_image()

	normalize()

	get_device()

	get_model_device()

	load_model()





	geowatch.tasks.landcover.fit module

	geowatch.tasks.landcover.model_info module
	ModelInfo
	ModelInfo.create_dataset()

	ModelInfo.model_outputs

	ModelInfo.load_model()

	ModelInfo._abc_impl





	S2ModelInfo
	S2ModelInfo.create_dataset()

	S2ModelInfo.model_outputs

	S2ModelInfo.load_model()

	S2ModelInfo._abc_impl





	WVModelInfo
	WVModelInfo.create_dataset()

	WVModelInfo.model_outputs

	WVModelInfo.load_model()

	WVModelInfo._abc_impl





	lookup_model_info()





	geowatch.tasks.landcover.nets module
	double_conv()

	UNetR
	UNetR.forward()









	geowatch.tasks.landcover.predict module
	LandcoverPredictConfig
	LandcoverPredictConfig.default





	predict()

	_register_hidden_layer_hook()

	_predict_single()

	get_output_file()





	geowatch.tasks.landcover.utils module
	setup_logging()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.mae.predict module

Baseline Example:


DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=auto)
DVC_EXPT_DPATH=$(geowatch_dvc –tags=’phase2_expt’ –hardware=auto)
MAE_MODEL_FPATH=”$DVC_EXPT_DPATH/models/wu/wu_mae_2023_04_21/Drop6-epoch=01-val_loss=0.20.ckpt”
KWCOCO_BUNDLE_DPATH=$DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD

python -m geowatch.utils.simple_dvc request “$MAE_MODEL_FPATH”

python -m geowatch.tasks.mae.predict         –device=”cuda:0”         –mae_ckpt_path=”$MAE_MODEL_FPATH”         –input_kwcoco=”$KWCOCO_BUNDLE_DPATH/imganns-KR_R001.kwcoco.zip”        –output_kwcoco=”$KWCOCO_BUNDLE_DPATH/imganns-KR_R001-testmae2.kwcoco.zip”         –window_space_scale=1.0         –workers=8         –assets_dname=teamfeats2         –io_workers=8

# After your model predicts the outputs, you should be able to use the
# geowatch visualize tool to inspect your features.
python -m geowatch visualize “$KWCOCO_BUNDLE_DPATH/imganns-KR_R001-testmae.kwcoco.zip”         –channels “red|green|blue,mae.8:11,mae.14:17” –stack=only –workers=avail –animate=True         –draw_anns=False

# Batch computing

export CUDA_VISIBLE_DEVICES=”1”
DVC_DATA_DPATH=$(geowatch_dvc –tags=phase2_data –hardware=”hdd”)
DVC_EXPT_DPATH=$(geowatch_dvc –tags=’phase2_expt’ –hardware=’auto’)
BUNDLE_DPATH=$DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD
python -m geowatch.cli.prepare_teamfeats         –base_fpath “$BUNDLE_DPATH”/imganns-*[0-9].kwcoco.zip         –expt_dvc_dpath=”$DVC_EXPT_DPATH”         –with_mae=1         –skip_existing=1         –assets_dname=teamfeats         –gres=0,1 –tmux_workers=8 –backend=tmux –run=1





	
class geowatch.tasks.mae.predict.MAEPredictConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Configuration for WashU MAE models

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'assets_dname': <Value('_assets')>, 'bands': <Value(['shared'])>, 'batch_size': <Value(1)>, 'device': <Value('cuda:0')>, 'input_kwcoco': <Value(None)>, 'io_workers': <Value(8)>, 'mae_ckpt_path': <Value(None)>, 'output_kwcoco': <Value(None)>, 'patch_overlap': <Value(0.25)>, 'sensor': <Value(['S2', 'L8'])>, 'window_resolution': <Value(1.0)>, 'workers': <Value(4)>}

	








	
class geowatch.tasks.mae.predict.WatchDataset(coco_dset, sensor=['S2'], bands=['shared'], segmentation=False, patch_size=224, mask_patch_size=16, num_images=2, mode='train', patch_overlap=0.25, bas=True, rng=None, mask_pct=0.5, mask_time_width=2, temporal_mode='cat', window_space_scale=1.0)

	Bases: Dataset

Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> from geowatch.tasks.mae.predict import *  # NOQA
>>> import geowatch
>>> import kwcoco
>>> import ubelt as ub
>>> dvc_dpath = geowatch.find_dvc_dpath(tags='drop7_data', hardware='auto')
>>> coco_fpath = dvc_dpath / 'Drop7-Cropped2GSD/BR_R002/BR_R002.kwcoco.zip'
>>> self = WatchDataset(coco_fpath)
>>> for idx in ub.ProgIter(range(len(self))):
>>>     images, item = self[idx]






	
S2_l2a_channel_names = ['B02.tif', 'B01.tif', 'B03.tif', 'B04.tif', 'B05.tif', 'B06.tif', 'B07.tif', 'B08.tif', 'B09.tif', 'B11.tif', 'B12.tif', 'B8A.tif']

	




	
S2_channel_names = ['coastal', 'blue', 'green', 'red', 'B05', 'B06', 'B07', 'nir', 'B09', 'cirrus', 'swir16', 'swir22', 'B8A']

	




	
L8_channel_names = ['coastal', 'lwir11', 'lwir12', 'blue', 'green', 'red', 'nir', 'swir16', 'swir22', 'pan', 'cirrus']

	




	
update_target_properties(target)

	Populate the target so it has the correct input scale and bands.










	
geowatch.tasks.mae.predict.pair(t)

	




	
class geowatch.tasks.mae.predict.PreNorm(dim, fn)

	Bases: Module


	
forward(x, **kwargs)

	








	
class geowatch.tasks.mae.predict.FeedForward(dim, hidden_dim, dropout=0.0)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.mae.predict.Attention(dim, heads=8, dim_head=64, dropout=0.0)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.mae.predict.Transformer(dim, depth, heads, dim_head, mlp_dim, dropout=0.0)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.mae.predict.ViT(*, image_size, image_patch_size, frames, frame_patch_size, dim, depth, heads, mlp_dim, channels=6, dim_head=64, dropout=0.0, emb_dropout=0.0)

	Bases: Module


	
forward(video)

	








	
class geowatch.tasks.mae.predict.MAE(*, encoder, decoder_dim, masking_ratio=0.75, decoder_depth=8, decoder_heads=8, decoder_dim_head=64)

	Bases: Module


	
forward(img)

	








	
class geowatch.tasks.mae.predict.MaeCityscape(dataset, **kwargs)

	Bases: LightningModule


	
forward(x)

	




	
shared_step(batch, batch_idx)

	








	
geowatch.tasks.mae.predict.sigmoid(a)

	




	
class geowatch.tasks.mae.predict.Predict(args)

	Bases: object [https://docs.python.org/3/library/functions.html#object]






	
geowatch.tasks.mae.predict.main(cmdline=1, **kwargs)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.mae.predictV2 module

Basline Example:


DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=auto)
DVC_EXPT_DPATH=$(geowatch_dvc –tags=’phase2_expt’ –hardware=auto)

python -m geowatch.tasks.mae.predict         –device=”cuda:0”        –mae_ckpt_path=”/storage1/fs1/jacobsn/Active/user_s.sastry/smart_watch/new_models/checkpoints/Drop6-epoch=01-val_loss=0.20.ckpt”        –input_kwcoco=”$DVC_DATA_DPATH/Drop6-MeanYear10GSD-V2/data_train_I2L_split6.kwcoco.zip”        –output_kwcoco=”$DVC_DATA_DPATH/Drop6-MeanYear10GSD-V2/mae_v1_train_split6.kwcoco.zip”        –window_space_scale=1.0         –workers=8         –io_workers=8

# After your model predicts the outputs, you should be able to use the
# geowatch visualize tool to inspect your features.
python -m geowatch visualize $DVC_DATA_DPATH/Drop6-MeanYear10GSD-V2/mae_v1_train_split6.kwcoco.zip         –channels “red|green|blue,mae.8:11,mae.14:17” –stack=only –workers=avail –animate=True         –draw_anns=False





	
class geowatch.tasks.mae.predictV2.WatchDataset(coco_dset, sensor=['S2'], bands=['shared'], segmentation=False, patch_size=224, mask_patch_size=16, num_images=2, mode='train', patch_overlap=0.25, bas=True, rng=None, mask_pct=0.5, mask_time_width=2, temporal_mode='cat', window_space_scale=1.0)

	Bases: Dataset


	
S2_l2a_channel_names = ['B02.tif', 'B01.tif', 'B03.tif', 'B04.tif', 'B05.tif', 'B06.tif', 'B07.tif', 'B08.tif', 'B09.tif', 'B11.tif', 'B12.tif', 'B8A.tif']

	




	
S2_channel_names = ['coastal', 'blue', 'green', 'red', 'B05', 'B06', 'B07', 'nir', 'B09', 'cirrus', 'swir16', 'swir22', 'B8A']

	




	
L8_channel_names = ['coastal', 'lwir11', 'lwir12', 'blue', 'green', 'red', 'nir', 'swir16', 'swir22', 'pan', 'cirrus']

	




	
update_target_properties(target)

	Populate the target so it has the correct input scale and bands.










	
class geowatch.tasks.mae.predictV2.MAEPredictConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Configuration for WashU MAE models

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'assets_dname': <Value('_assets')>, 'bands': <Value(['shared'])>, 'batch_size': <Value(1)>, 'device': <Value('cuda:0')>, 'input_kwcoco': <Value(None)>, 'io_workers': <Value(8)>, 'mae_ckpt_path': <Value(None)>, 'output_kwcoco': <Value(None)>, 'patch_overlap': <Value(0.25)>, 'sensor': <Value(['S2', 'L8'])>, 'window_resolution': <Value(1.0)>, 'workers': <Value(4)>}

	








	
geowatch.tasks.mae.predictV2.pair(t)

	




	
class geowatch.tasks.mae.predictV2.PreNorm(dim, fn)

	Bases: Module


	
forward(x, **kwargs)

	








	
class geowatch.tasks.mae.predictV2.FeedForward(dim, hidden_dim, dropout=0.0)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.mae.predictV2.Attention(dim, heads=8, dim_head=64, dropout=0.0)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.mae.predictV2.Transformer(dim, depth, heads, dim_head, mlp_dim, dropout=0.0)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.mae.predictV2.ViT(*, image_size, image_patch_size, frames, frame_patch_size, dim, depth, heads, mlp_dim, channels=6, dim_head=64, dropout=0.0, emb_dropout=0.0)

	Bases: Module


	
forward(video)

	








	
class geowatch.tasks.mae.predictV2.MAE(*, encoder, decoder_dim, masking_ratio=0.75, decoder_depth=8, decoder_heads=8, decoder_dim_head=64)

	Bases: Module


	
forward(img)

	








	
class geowatch.tasks.mae.predictV2.MaeCityscape(dataset, **kwargs)

	Bases: LightningModule


	
forward(x)

	




	
shared_step(batch, batch_idx)

	








	
geowatch.tasks.mae.predictV2.sigmoid(a)

	




	
class geowatch.tasks.mae.predictV2.Predict(args)

	Bases: object [https://docs.python.org/3/library/functions.html#object]






	
geowatch.tasks.mae.predictV2.main()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.mae.predictV3 module

Basline Example:


DVC_DATA_DPATH=$(geowatch_dvc –tags=’phase2_data’ –hardware=auto)
DVC_EXPT_DPATH=$(geowatch_dvc –tags=’phase2_expt’ –hardware=auto)
MAE_MODEL_FPATH=”$DVC_EXPT_DPATH/models/wu/wu_mae_2023_04_21/Drop6-epoch=01-val_loss=0.20.ckpt”
KWCOCO_BUNDLE_DPATH=$DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD

python -m geowatch.utils.simple_dvc request “$MAE_MODEL_FPATH”

# NOTE: different predict files correspond to different models
# TODO: make the model size a parameter (or better yet inferred)

python -m geowatch.tasks.mae.predictV3         –device=”cuda:0”        –mae_ckpt_path=”$MAE_MODEL_FPATH”        –input_kwcoco=”$KWCOCO_BUNDLE_DPATH/imganns-KR_R001.kwcoco.zip”        –output_kwcoco=”$KWCOCO_BUNDLE_DPATH/imganns-KR_R001-testmae.kwcoco.zip”        –window_space_scale=1.0         –workers=8         –io_workers=8

# After your model predicts the outputs, you should be able to use the
# geowatch visualize tool to inspect your features.
python -m geowatch visualize “$KWCOCO_BUNDLE_DPATH/imganns-KR_R001-testmae.kwcoco.zip”         –channels “red|green|blue,mae.8:11,mae.14:17” –stack=only –workers=avail –animate=True         –draw_anns=False





	
class geowatch.tasks.mae.predictV3.WatchDataset(coco_dset, sensor=['S2'], bands=['shared'], segmentation=False, patch_size=224, mask_patch_size=16, num_images=2, mode='train', patch_overlap=0.25, bas=True, rng=None, mask_pct=0.5, mask_time_width=2, temporal_mode='cat', window_space_scale=1.0)

	Bases: Dataset


	
S2_l2a_channel_names = ['B02.tif', 'B01.tif', 'B03.tif', 'B04.tif', 'B05.tif', 'B06.tif', 'B07.tif', 'B08.tif', 'B09.tif', 'B11.tif', 'B12.tif', 'B8A.tif']

	




	
S2_channel_names = ['coastal', 'blue', 'green', 'red', 'B05', 'B06', 'B07', 'nir', 'B09', 'cirrus', 'swir16', 'swir22', 'B8A']

	




	
L8_channel_names = ['coastal', 'lwir11', 'lwir12', 'blue', 'green', 'red', 'nir', 'swir16', 'swir22', 'pan', 'cirrus']

	




	
update_target_properties(target)

	Populate the target so it has the correct input scale and bands.










	
class geowatch.tasks.mae.predictV3.MAEPredictConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Configuration for WashU MAE models

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'assets_dname': <Value('_assets')>, 'bands': <Value(['shared'])>, 'batch_size': <Value(1)>, 'device': <Value('cuda:0')>, 'input_kwcoco': <Value(None)>, 'io_workers': <Value(8)>, 'mae_ckpt_path': <Value(None)>, 'output_kwcoco': <Value(None)>, 'patch_overlap': <Value(0.25)>, 'sensor': <Value(['S2', 'L8'])>, 'window_resolution': <Value(1.0)>, 'workers': <Value(4)>}

	








	
geowatch.tasks.mae.predictV3.pair(t)

	




	
class geowatch.tasks.mae.predictV3.PreNorm(dim, fn)

	Bases: Module


	
forward(x, **kwargs)

	








	
class geowatch.tasks.mae.predictV3.FeedForward(dim, hidden_dim, dropout=0.0)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.mae.predictV3.Attention(dim, heads=8, dim_head=64, dropout=0.0)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.mae.predictV3.Transformer(dim, depth, heads, dim_head, mlp_dim, dropout=0.0)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.mae.predictV3.ViT(*, image_size, image_patch_size, frames, frame_patch_size, dim, depth, heads, mlp_dim, channels=6, dim_head=64, dropout=0.0, emb_dropout=0.0)

	Bases: Module


	
forward(video)

	








	
class geowatch.tasks.mae.predictV3.MAE(*, encoder, decoder_dim, masking_ratio=0.75, decoder_depth=8, decoder_heads=8, decoder_dim_head=64)

	Bases: Module


	
forward(img)

	








	
class geowatch.tasks.mae.predictV3.MaeCityscape(dataset, **kwargs)

	Bases: LightningModule


	
forward(x)

	




	
shared_step(batch, batch_idx)

	








	
geowatch.tasks.mae.predictV3.sigmoid(a)

	




	
class geowatch.tasks.mae.predictV3.Predict(args)

	Bases: object [https://docs.python.org/3/library/functions.html#object]






	
geowatch.tasks.mae.predictV3.main()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.mae package


Submodules



	geowatch.tasks.mae.predict module
	MAEPredictConfig
	MAEPredictConfig.default





	WatchDataset
	WatchDataset.S2_l2a_channel_names

	WatchDataset.S2_channel_names

	WatchDataset.L8_channel_names

	WatchDataset.update_target_properties()





	pair()

	PreNorm
	PreNorm.forward()





	FeedForward
	FeedForward.forward()





	Attention
	Attention.forward()





	Transformer
	Transformer.forward()





	ViT
	ViT.forward()





	MAE
	MAE.forward()





	MaeCityscape
	MaeCityscape.forward()

	MaeCityscape.shared_step()





	sigmoid()

	Predict

	main()





	geowatch.tasks.mae.predictV2 module
	WatchDataset
	WatchDataset.S2_l2a_channel_names

	WatchDataset.S2_channel_names

	WatchDataset.L8_channel_names

	WatchDataset.update_target_properties()





	MAEPredictConfig
	MAEPredictConfig.default





	pair()

	PreNorm
	PreNorm.forward()





	FeedForward
	FeedForward.forward()





	Attention
	Attention.forward()





	Transformer
	Transformer.forward()





	ViT
	ViT.forward()





	MAE
	MAE.forward()





	MaeCityscape
	MaeCityscape.forward()

	MaeCityscape.shared_step()





	sigmoid()

	Predict

	main()





	geowatch.tasks.mae.predictV3 module
	WatchDataset
	WatchDataset.S2_l2a_channel_names

	WatchDataset.S2_channel_names

	WatchDataset.L8_channel_names

	WatchDataset.update_target_properties()





	MAEPredictConfig
	MAEPredictConfig.default





	pair()

	PreNorm
	PreNorm.forward()





	FeedForward
	FeedForward.forward()





	Attention
	Attention.forward()





	Transformer
	Transformer.forward()





	ViT
	ViT.forward()





	MAE
	MAE.forward()





	MaeCityscape
	MaeCityscape.forward()

	MaeCityscape.shared_step()





	sigmoid()

	Predict

	main()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.metrics.merge_iarpa_metrics module

Code to consolidate and merge IARPA results across regions.


	
geowatch.tasks.metrics.merge_iarpa_metrics._read(fpath)

	




	
class geowatch.tasks.metrics.merge_iarpa_metrics.RegionResult(region_id: str [https://docs.python.org/3/library/stdtypes.html#str], region_model: Dict, site_models: List[Dict], bas_dpath: ubelt.util_path.Path [https://ubelt.readthedocs.io/en/latest/ubelt.util_path.html#ubelt.util_path.Path] | None [https://docs.python.org/3/library/constants.html#None] = None, sc_dpath: ubelt.util_path.Path [https://ubelt.readthedocs.io/en/latest/ubelt.util_path.html#ubelt.util_path.Path] | None [https://docs.python.org/3/library/constants.html#None] = None, unbounded_site_status: Literal['completed', 'partial', 'overall'] | None [https://docs.python.org/3/library/constants.html#None] = None)

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
region_id: str [https://docs.python.org/3/library/stdtypes.html#str]

	




	
region_model: Dict [https://docs.python.org/3/library/typing.html#typing.Dict]

	




	
site_models: List [https://docs.python.org/3/library/typing.html#typing.List][Dict [https://docs.python.org/3/library/typing.html#typing.Dict]]

	




	
bas_dpath: Path [https://ubelt.readthedocs.io/en/latest/ubelt.util_path.html#ubelt.util_path.Path] | None [https://docs.python.org/3/library/constants.html#None] = None

	




	
sc_dpath: Path [https://ubelt.readthedocs.io/en/latest/ubelt.util_path.html#ubelt.util_path.Path] | None [https://docs.python.org/3/library/constants.html#None] = None

	




	
unbounded_site_status: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['completed', 'partial', 'overall'] | None [https://docs.python.org/3/library/constants.html#None] = None

	




	
classmethod from_dpath_and_anns_root(region_dpath, true_site_dpath, true_region_dpath, unbounded_site_status='overall')

	




	
property bas_df

	
	index:
	region_id, rho, tau



	columns:
	same as merge_bas_metrics_results










	
property site_ids: List [https://docs.python.org/3/library/typing.html#typing.List][str [https://docs.python.org/3/library/stdtypes.html#str]]

	There are a few possible sets of sites it would make sense to return here.
- all gt sites
- “eligible” gt sites that could be matched against, ie with status ==
“predicted*”. This depends on temporal_unbounded handling choice of
completed, partial, or overall.
- “matched” gt sites with at least 1 observation matched to at least 1
observation in a proposed site.

Currently we are returning “matched” for consistency with the metrics
framework, but we should consider trying “eligible” to decouple BAS and
SC metrics; i.e. it would no longer be possible to do worse on SC by
doing better on BAS.






	
property sc_df

	
	index:
	region_id, site_id, [predicted] phase (w/o No Activity)
incl. special site_id __avg__


F1: micro (or option for macro)
TIoU: ~micro over all truth-prediction pairs, skipping


undetected truth sites




TE(p): micro
confusion: micro






	columns:
	F1, TIoU, TE, TEp, [true] phase (incl. No Activity)





confusion matrix and f1 scores apprently ignore subsites,
so we must do the same
https://smartgitlab.com/TE/metrics-and-test-framework/-/issues/24
MWE:
>>> from sklearn.metrics import f1_score, confusion_matrix
>>> f1 = f1_score([‘a,a’, ‘a’], [‘a,a’, ‘b’], labels=[‘a’, ‘b’],
>>>               average=None)
>>> confusion_matrix([‘a,a’, ‘a’], [‘a,a’, ‘b’], labels=[‘a’, ‘b’])
array([[0, 1],


[0, 0]])









	
property sc_te_df

	More detailed temporal error results; main value is included in sc_df.
index:


region_id, (site | __micro__), (ac | ap), phase





	columns:
	mean days (all detections)  <– main value
std days (all)
mean days (early detections)
std days (early)
mean days (late detections)
std days (late)
all detections
early
late
perfect
missing proposals
missing truth sites










	
property sc_phasetable

	Currently used only for Gantt chart viz. Could be used to recalculate
all SC metrics for micro-average.

This excludes gt sites with no matched proposals and proposals with no
matched gt sites.










	
geowatch.tasks.metrics.merge_iarpa_metrics.merge_bas_metrics_results(bas_results: List [https://docs.python.org/3/library/typing.html#typing.List][RegionResult], fbetas: List [https://docs.python.org/3/library/typing.html#typing.List][float [https://docs.python.org/3/library/functions.html#float]])

	Merge BAS results and return as a pd.DataFrame

with MultiIndex([region_id’, ‘rho’, ‘tau’])
incl. special region_ids __micro__, __macro__


	and columns:
	min_area                  int64
tp sites                  int64
tp exact                  int64
tp under                  int64
tp under (IoU)            int64
tp under (IoT)            int64
tp over                   int64
fp sites                  int64
fp area                 float64
ffpa                    float64
proposal area           float64
fpa                     float64
fn sites                  int64
truth annotations         int64
truth sites               int64
proposed annotations      int64
proposed sites            int64
total sites               int64
truth slices              int64
proposed slices           int64
precision               float64
recall (PD)             float64
F1                      float64
spatial FAR             float64
temporal FAR            float64
images FAR              float64










	
geowatch.tasks.metrics.merge_iarpa_metrics.merge_sc_metrics_results(sc_results: List [https://docs.python.org/3/library/typing.html#typing.List][RegionResult])

	Merge SC results and return as a pd.DataFrame

with MultiIndex([‘region_id’, ‘phase’])
incl. special region_ids
__micro__: micro-avg over regions (normalize by n_sites per region)
__macro__: macro-avg over regions
In neither case do we weight by the length/size of individual sites.


	and columns:
	F1                     float64
TIoU                   float64
TE                     float64
TEp                    float64
No Activity              int64
Site Preparation         int64
Active Construction      int64
Post Construction        int64





Notes


	For confusion matrix, rows are pred and cols are true.


	Confusion matrix is never normalized, so macro == micro.


	F1 is only defined for SP and AC.


	TEp is temporal error of next predicted phase


	
	merged TE(p) is RMSE, so nonnegative, but regions’ TE(p) can be
	negative.







	TE is temporal error of current phase


	TEp is temporal error of next predicted phase









	
geowatch.tasks.metrics.merge_iarpa_metrics.merge_metrics_results(region_dpaths, true_site_dpath, true_region_dpath, fbetas)

	Merge metrics results from multiple regions.


	Parameters:

	
	region_dpaths – List of directories containing the subdirs
bas/
phase_activity/ [optional]


	true_site_dpath, true_region_dpath – Path to GT annotations repo


	merge_dpath – Directory to save merged results.






	Returns:

	(bas_df, sc_df)
Two pd.DataFrames that are saved as


{out_dpath}/(bas|sc)_df.pkl















	
geowatch.tasks.metrics.merge_iarpa_metrics._devcheck()

	rsync -avprLPR –exclude ‘.succ’ –exclude ‘tmp’ $HOME/data/dvc-repos/smart_expt_dvc/_testpipe/aggregate/./agg_params_ffmpktiwwpbx horologic:data/dvc-repos/smart_expt_dvc/_testpipe/aggregate






	
geowatch.tasks.metrics.merge_iarpa_metrics.iarpa_bas_color_legend()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.metrics.viz_sc_results module


	
geowatch.tasks.metrics.viz_sc_results.viz_sc(region_dpaths, true_site_dpath, true_region_dpath, save_dpath)

	Seems broken in 1.0.0






	
geowatch.tasks.metrics.viz_sc_results.viz_sc_gantt(df, plot_title, save_fpath)

	




	
geowatch.tasks.metrics.viz_sc_results.viz_sc_multi(ph, plot_title, save_fpath, date: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['absolute', 'from_start', 'from_active'] = 'absolute', how: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['residual', 'strip'] = 'strip')

	




	
geowatch.tasks.metrics.viz_sc_results._align_start(grp, phase='Site Preparation', before=True)

	




	
geowatch.tasks.metrics.viz_sc_results._tp_idxs(grp)

	




	
geowatch.tasks.metrics.viz_sc_results._highlight_tp(y, **kwargs)

	




	
geowatch.tasks.metrics.viz_sc_results._add_colored_linesegments(x, y, phase, units, **kwargs)

	x = dfm[‘date’]
y = dfm[‘yval’]
phase = dfm[‘phase’]
units = dfm[‘yval’]








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.metrics package


Submodules



	geowatch.tasks.metrics.merge_iarpa_metrics module
	_read()

	RegionResult
	RegionResult.region_id

	RegionResult.region_model

	RegionResult.site_models

	RegionResult.bas_dpath

	RegionResult.sc_dpath

	RegionResult.unbounded_site_status

	RegionResult.from_dpath_and_anns_root()

	RegionResult.bas_df

	RegionResult.site_ids

	RegionResult.sc_df

	RegionResult.sc_te_df

	RegionResult.sc_phasetable





	merge_bas_metrics_results()

	merge_sc_metrics_results()

	merge_metrics_results()

	_devcheck()

	iarpa_bas_color_legend()





	geowatch.tasks.metrics.viz_sc_results module
	viz_sc()

	viz_sc_gantt()

	viz_sc_multi()

	_align_start()

	_tp_idxs()

	_highlight_tp()

	_add_colored_linesegments()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.datasets.base_dataset module


	
class geowatch.tasks.rutgers_material_change_detection.datasets.base_dataset.BaseDataset(dset_dir, split, video_slice, task_mode, transforms=None, seed_num=0, ignore_index=-1, normalize_mode=None, channels='RGB', max_iterations=None)

	Bases: Dataset


	
set_seed(seed_num)

	




	
get_total_binary_change_example(index)

	




	
get_total_semantic_change_example(index)

	




	
get_pairwise_binary_change_example(index)

	




	
get_pairwise_semantic_change_example(index)

	




	
get_future_frame_prediction_example(index)

	




	
get_semantic_segmentation_example(index)

	




	
get_self_supervised_triplet_example(index)

	




	
get_self_supervised_splice_change_example(index)

	




	
get_self_supervised_crop_splice_change_example(index)

	




	
get_self_supervised_arrow_of_time_example(index)

	




	
get_self_supervised_material_change_example(index)

	




	
get_self_supervised_splice_change_index_example(index)

	




	
get_self_supervised_material_reconstruction_example(index)

	




	
get_refine_site_characterization_example(index)

	




	
get_broad_area_search_example(index)

	




	
to_rgb(image)

	




	
load_frames(image_paths, crop_slice)

	




	
colorize_target_mask(target_mask)

	




	
compute_class_distribution(target_mask, n_classes, ignore_index=-1)

	Compute the class distribution of a target image as percentages.


	Parameters:

	
	target_mask (_type_) – TODO: _description_


	n_classes (_type_) – TODO: _description_


	ignore_index (int, optional) – TODO: _description_. Defaults to -1.













	
visualize_example(index, save_path=None, num_plot_images=5, overlay_last_anno=False)

	




	
generate_visualization_GIF(index, save_path, overlay_annos=False, overlay_dates=True)

	




	
get_subset_frame_ids(n_video_frames, n_req_frames)

	




	
visualize_dates(index, save_path=None)

	




	
scale_video(video, scale_factor, inter_mode=0)

	Up or down scale all frames of video.


	Parameters:

	
	video (numpy array) – A float numpy array of shape [n_frames, n_channels, height, width].


	scale_factor (int/float) – The factor to scale the video and target by. NOTE: This variable be between (0, inf).


	inter_mode (int, optional) – An OpenCV resize parameter to determine the resizing method. Defaults to cv2.INTER_NEAREST.






	Returns:

	A resized video.



	Return type:

	numpy array










	
scale_frame(frame, scale_factor, inter_mode=0)

	Up or down scale a frame.


	Parameters:

	
	frame (numpy array) – A numpy array of shape [n_channels, height, width].


	scale_factor (int/float) – The factor to scale the video and target by. NOTE: This variable be between (0, inf).


	inter_mode (int, optional) – An OpenCV resize parameter to determine the resizing method. Defaults to cv2.INTER_NEAREST.






	Returns:

	A resized frame.



	Return type:

	numpy array










	
get_pixel_normalization_params()

	




	
normalize(video)

	Normalize videos before they are transformed.


	Parameters:

	video (torch.tensor) – Shape [n_frames, channels, height, width]



	Returns:

	Shape [n_frames, channels, height, width]



	Return type:

	torch.tensor










	
unnormalize(video, mean=None, std=None)

	Undo the normalization process.


	Parameters:

	video (torch.tensor) – Shape [n_frames, channels, height, width]



	Returns:

	Shape [n_frames, channels, height, width]



	Return type:

	torch.tensor










	
pad_video_height_width(video, target_height, target_width)

	Pad a video to the bottom and right of the frames if not same resolution as target height and width.


	Parameters:

	
	video (np.array) – A numpy array of shape [n_frames, n_channels, og_height, og_width].


	target_height (int) – The target height resolution parameter.


	target_width (int) – The target width resolution parameter.






	Returns:

	A numpy array of shape [n_frames, n_channels, target_height, target_width].



	Return type:

	[np.array]
















            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.datasets.iarpa_kwdataset module


	
class geowatch.tasks.rutgers_material_change_detection.datasets.iarpa_kwdataset.IARPA_KWDATASET(root_dir, split, video_slice, task_mode, seed_num=0, sensor_type='S2', channels=None, transforms=None, normalize_mode=None, max_iterations=None)

	Bases: BaseDataset

Constructor.


	Parameters:

	
	kwcoco_path (str) – File path to kwcoco file.


	video_slice (namedtuple)


	task_mode (str, str) – Name of labels to produce for this dataset. Defaults to ‘total_bin_change’.


	sensor_type (str, optional) – The name of sensor to return image data from. Defaults to ‘S2’.









	
cid_to_name(cid)

	




	
cid_to_rgb(cid)

	




	
load_frames(image_ids, crop_slice)

	




	
subset_image_ids(image_ids)

	




	
get_total_binary_change_example(index)

	




	
get_total_semantic_change_example(index)

	




	
get_self_supervised_material_reconstruction_example(index)

	




	
get_datetime(image_id)

	




	
compute_target_mask(image_ids, mode, og_height, og_width, spatial_crop)

	




	
compute_segmentation_anno(image_id, og_height, og_width)

	




	
to_rgb(image, gamma=0.9)

	




	
get_image_paths_from_image_id(image_id)

	




	
get_pixel_normalization_params()

	




	
color_annotation(anno_image)

	Create a RGB image containing annotations.


	Parameters:

	anno_image (np.array) – A int numpy array of shape [height, width].



	Returns:

	A uint8 numpy arry of shape [height, width, 3].



	Return type:

	np.array










	
generate_propagated_annotation_gif(index, save_path=None)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.datasets.iarpa_sc_kwdataset module


	
class geowatch.tasks.rutgers_material_change_detection.datasets.iarpa_sc_kwdataset.IARPA_SC_EVAL_DATASET(kwcoco_path, split, video_slice, task_mode, seed_num=0, sensor_type='S2', channels=None, transforms=None, normalize_mode=None, max_iterations=None)

	Bases: BaseDataset

Constructor.


	Parameters:

	
	kwcoco_path (str) – File path to kwcoco file.


	video_slice (namedtuple)


	task_mode (str, str) – Name of labels to produce for this dataset. Defaults to ‘total_bin_change’.


	sensor_type (str, optional) – The name of sensor to return image data from. Defaults to ‘S2’.









	
cid_to_name(cid)

	




	
cid_to_rgb(cid)

	




	
get_datetime(image_id)

	




	
compute_equal_temporal_sampling(image_ids, frames_per_video)

	




	
get_total_semantic_change_example(index)

	




	
compute_sc_target_mask(image_ids, height, width, spatial_crop)

	




	
load_frame(image_id, crop_slice)

	Given an image ID and crop parameters, return a single multispectral image.


	Parameters:

	
	image_id (int) – A integer representing a unique image ID.


	crop_slice (list(int)) – A list of four integers corresponding to
[row_start, col_start, row_end, col_end].






	Returns:

	A uint16 numpy array of shape [n_channels, height, width] corresponding to a loaded and
cropped image.



	Return type:

	np.array










	
get_pixel_normalization_params()

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.datasets.peo_dataset module


	
class geowatch.tasks.rutgers_material_change_detection.datasets.peo_dataset.PassiveEarthObservationDataset(root_dir, split, video_slice, task_mode, seed_num=0, transforms=None, normalize_mode=None, channels=None, max_iterations=None)

	Bases: BaseDataset


	
to_rgb(image, gamma=1.0)

	




	
get_pixel_normalization_params()

	




	
load_frame(channel_image_paths)

	




	
load_frames(image_dirs, crop_slice, og_height, og_width)

	Create a video given a set of image directories and crop parameters.


	Parameters:

	
	image_dirs (list(str)) – A list containing the directories for all image channels paths in a region.


	crop_slice (tuple) – A tuple containing [top_height, left_width, height_size, width_size]






	Returns:

	A list of numpy arrays.
frame_indices (list(int)): a list of frame indices.



	Return type:

	frames (list [https://docs.python.org/3/library/stdtypes.html#list](np.array))










	
get_self_supervised_triplet_example(index)

	




	
get_self_supervised_arrow_of_time_example(index)

	




	
get_self_supervised_splice_change_example(index)

	




	
get_self_supervised_splice_change_index_example(index)

	




	
get_self_supervised_material_reconstruction_example(index)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.datasets package


Submodules



	geowatch.tasks.rutgers_material_change_detection.datasets.base_dataset module
	BaseDataset
	BaseDataset.set_seed()

	BaseDataset.get_total_binary_change_example()

	BaseDataset.get_total_semantic_change_example()

	BaseDataset.get_pairwise_binary_change_example()

	BaseDataset.get_pairwise_semantic_change_example()

	BaseDataset.get_future_frame_prediction_example()

	BaseDataset.get_semantic_segmentation_example()

	BaseDataset.get_self_supervised_triplet_example()

	BaseDataset.get_self_supervised_splice_change_example()

	BaseDataset.get_self_supervised_crop_splice_change_example()

	BaseDataset.get_self_supervised_arrow_of_time_example()

	BaseDataset.get_self_supervised_material_change_example()

	BaseDataset.get_self_supervised_splice_change_index_example()

	BaseDataset.get_self_supervised_material_reconstruction_example()

	BaseDataset.get_refine_site_characterization_example()

	BaseDataset.get_broad_area_search_example()

	BaseDataset.to_rgb()

	BaseDataset.load_frames()

	BaseDataset.colorize_target_mask()

	BaseDataset.compute_class_distribution()

	BaseDataset.visualize_example()

	BaseDataset.generate_visualization_GIF()

	BaseDataset.get_subset_frame_ids()

	BaseDataset.visualize_dates()

	BaseDataset.scale_video()

	BaseDataset.scale_frame()

	BaseDataset.get_pixel_normalization_params()

	BaseDataset.normalize()

	BaseDataset.unnormalize()

	BaseDataset.pad_video_height_width()









	geowatch.tasks.rutgers_material_change_detection.datasets.iarpa_kwdataset module
	IARPA_KWDATASET
	IARPA_KWDATASET.cid_to_name()

	IARPA_KWDATASET.cid_to_rgb()

	IARPA_KWDATASET.load_frames()

	IARPA_KWDATASET.subset_image_ids()

	IARPA_KWDATASET.get_total_binary_change_example()

	IARPA_KWDATASET.get_total_semantic_change_example()

	IARPA_KWDATASET.get_self_supervised_material_reconstruction_example()

	IARPA_KWDATASET.get_datetime()

	IARPA_KWDATASET.compute_target_mask()

	IARPA_KWDATASET.compute_segmentation_anno()

	IARPA_KWDATASET.to_rgb()

	IARPA_KWDATASET.get_image_paths_from_image_id()

	IARPA_KWDATASET.get_pixel_normalization_params()

	IARPA_KWDATASET.color_annotation()

	IARPA_KWDATASET.generate_propagated_annotation_gif()









	geowatch.tasks.rutgers_material_change_detection.datasets.iarpa_sc_kwdataset module
	IARPA_SC_EVAL_DATASET
	IARPA_SC_EVAL_DATASET.cid_to_name()

	IARPA_SC_EVAL_DATASET.cid_to_rgb()

	IARPA_SC_EVAL_DATASET.get_datetime()

	IARPA_SC_EVAL_DATASET.compute_equal_temporal_sampling()

	IARPA_SC_EVAL_DATASET.get_total_semantic_change_example()

	IARPA_SC_EVAL_DATASET.compute_sc_target_mask()

	IARPA_SC_EVAL_DATASET.load_frame()

	IARPA_SC_EVAL_DATASET.get_pixel_normalization_params()









	geowatch.tasks.rutgers_material_change_detection.datasets.peo_dataset module
	PassiveEarthObservationDataset
	PassiveEarthObservationDataset.to_rgb()

	PassiveEarthObservationDataset.get_pixel_normalization_params()

	PassiveEarthObservationDataset.load_frame()

	PassiveEarthObservationDataset.load_frames()

	PassiveEarthObservationDataset.get_self_supervised_triplet_example()

	PassiveEarthObservationDataset.get_self_supervised_arrow_of_time_example()

	PassiveEarthObservationDataset.get_self_supervised_splice_change_example()

	PassiveEarthObservationDataset.get_self_supervised_splice_change_index_example()

	PassiveEarthObservationDataset.get_self_supervised_material_reconstruction_example()















Module contents


	
geowatch.tasks.rutgers_material_change_detection.datasets.custom_collate_fn(data, stack_keys=['video', 'total_bin_change', 'total_sem_change', 'pw_bin_change', 'pw_sem_change', 'seq_frame_pred', 'active_frames', 'anchor', 'positive', 'negative', 'ss_arrow_of_time', 'ss_splice_change', 'ss_splice_change_index', 'ss_mat_recon', 'sem_seg'])

	




	
geowatch.tasks.rutgers_material_change_detection.datasets.build_dataset(dset_name, split, video_slice, task_mode, transforms=None, seed_num=0, normalize_mode=None, channels=None, max_iterations=None, overwrite_dset_dir=None)

	




	
geowatch.tasks.rutgers_material_change_detection.datasets.compute_dataset_example_weights(dataset, weight_method='ratio_pct')

	[summary]


	Parameters:

	
	dataset ([type]) – [description]


	weight_method (str, optional) – [description]. Defaults to ‘ratio_pct’.






	Returns:

	A probabilty for each example in dataset.



	Return type:

	list [https://docs.python.org/3/library/stdtypes.html#list]



	Raises:

	NotImplementedError [https://docs.python.org/3/library/exceptions.html#NotImplementedError] – [description]










	
geowatch.tasks.rutgers_material_change_detection.datasets.create_loader(dataset, split, batch_size, n_workers, collate_fn=<function custom_collate_fn>, example_sampler_method=None)

	







            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.fit module




            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.apnb module


	
class geowatch.tasks.rutgers_material_change_detection.models.apnb.AFNB(low_in_channels, high_in_channels, out_channels, key_channels, value_channels, dropout, sizes=[1], norm_type=None, psp_size=(1, 3, 6, 8))

	Bases: Module


	Parameters:

	
	in_features / out_features – the channels of the input / output feature maps.


	dropout – we choose 0.05 as the default value.


	size – you can apply multiple sizes. Here we only use one size.






	Returns:

	features fused with Object context information.






	
_make_stage(in_channels, output_channels, key_channels, value_channels, size)

	




	
forward(low_feats, high_feats)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.apnb._SelfAttentionBlock(low_in_channels, high_in_channels, key_channels, value_channels, out_channels=None, scale=1, norm_type=None, psp_size=(1, 3, 6, 8))

	Bases: Module

The basic implementation for self-attention block/non-local block
Input:


N X C X H X W





	Parameters:

	
	in_channels – the dimension of the input feature map


	key_channels – the dimension after the key/query transform


	value_channels – the dimension after the value transform


	scale – choose the scale to downsample the input feature maps (save memory cost)






	Returns:

	N X C X H X W
position-aware context features.(w/o concate or add with the input)






	
forward(low_feats, high_feats)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.apnb.SelfAttentionBlock2D(low_in_channels, high_in_channels, key_channels, value_channels, out_channels=None, scale=1, norm_type=None, psp_size=(1, 3, 6, 8))

	Bases: _SelfAttentionBlock






	
class geowatch.tasks.rutgers_material_change_detection.models.apnb.PSPModule(sizes=(1, 3, 6, 8), dimension=2)

	Bases: Module


	
_make_stage(size, dimension=2)

	




	
forward(feats)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.apnb.ModuleHelper

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
static BNReLU(num_features, norm_type=None, **kwargs)

	




	
static BatchNorm3d(norm_type=None, ret_cls=False)

	




	
static BatchNorm2d(norm_type=None, ret_cls=False)

	




	
static BatchNorm1d(norm_type=None, ret_cls=False)

	




	
static constant_init(module, val, bias=0)

	




	
static xavier_init(module, gain=1, bias=0, distribution='normal')

	




	
static normal_init(module, mean=0, std=1, bias=0)

	




	
static uniform_init(module, a=0, b=1, bias=0)

	




	
static kaiming_init(module, mode='fan_in', nonlinearity='leaky_relu', bias=0, distribution='normal')

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.base_model module


	
class geowatch.tasks.rutgers_material_change_detection.models.base_model.BaseFramework(task_mode, encoder, decoder, attention)

	Bases: Module






	
class geowatch.tasks.rutgers_material_change_detection.models.base_model.BaseDecoder(feat_sizes, out_channels, name)

	Bases: Module






	
class geowatch.tasks.rutgers_material_change_detection.models.base_model.BaseModel(input_size)

	Bases: Module

Constructor.


	Parameters:

	input_size (list) – A 2 length list containing integer values for the height and width of the input images.






	
load_resnet_model(backbone_name, n_input_channels, pretrained=False, freeze=False)

	




	
build_upsample_conv_decoder(height, width, feat_channels, out_channels, pad_size=2, upsample_mode='nearest')

	




	
build_transpose_conv_decoder(height, width, feat_channels, out_channels, upsample_mode='nearest')

	




	
forward(index)

	




	
video2frames(video)

	Separate frames of video object.


	Parameters:

	video (torch.Tensor) – A float tensor of shape [batch_size, n_frames, n_channels, height, width].



	Returns:

	A list containing each frame of video. Each frame is shape [n_channels, height, width].



	Return type:

	list [https://docs.python.org/3/library/stdtypes.html#list]
















            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.discritizers module


	
class geowatch.tasks.rutgers_material_change_detection.models.discritizers.ResidualDiscritizer(n_classes, feat_dim, norm='l2')

	Bases: Module


	
forward(feature)

	Computes the residual representation between features and a set of learnable classes.


	Parameters:

	feature (torch.tensor) – A float tensor of shape [batch_size, n_frames, n_tokens, token_dim].



	Returns:

	A float tensor of shape [batch_size, n_frames, n_tokens, n_classes].



	Return type:

	torch.tensor














	
class geowatch.tasks.rutgers_material_change_detection.models.discritizers.Gumbel_Softmax(n_codewords, in_feat_dim, out_feat_dim=None, init_temperature=0.01, norm=None, **kwargs)

	Bases: Module


	
mat_id_to_rgb(codework_mask)

	




	
forward(feats, temp=None)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.discritizers.VectorQuantizer2(n_codewords, in_feat_dim, out_feat_dim=None, init_temperature=0.01, norm=None, **kwargs)

	Bases: Module


	
mat_id_to_rgb(codework_mask)

	




	
mat_id_to_mat_feat(mat_id_mask)

	




	
forward(feats, temp=None)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.dynamic_unet module


	
class geowatch.tasks.rutgers_material_change_detection.models.dynamic_unet.DynamicUNet(feat_sizes, in_channels, out_channels, base_feat_channels=64, name='unet')

	Bases: BaseDecoder


	
build()

	




	
forward(feats, input)

	Foward method of Dynamic UNet model.


	Parameters:

	feats (dict(torch.tensor)) – A dict containing keys of form “layerX” and values of tensors of shape [batch_size, channels, height, width].



	Returns:

	A tensor of shape [batch_size, out_channels, height, width]



	Return type:

	(torch.tensor)














	
class geowatch.tasks.rutgers_material_change_detection.models.dynamic_unet.OutConv(in_channels, out_channels)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.dynamic_unet.DoubleConv(in_channels, out_channels, mid_channels=None)

	Bases: Module

(convolution => [BN] => ReLU) * 2


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.dynamic_unet.Up(in_channels, out_channels, bilinear=True)

	Bases: Module

Upscaling then double conv


	
forward(x1, x2)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.early_fusion_framework module


	
class geowatch.tasks.rutgers_material_change_detection.models.early_fusion_framework.EarlyFusionFramework(task_mode, encoder, decoder, attention, **kwargs)

	Bases: BaseFramework


	
forward(data)

	Forward pass.


	Parameters:

	data (dict) – [description]



	Returns:

	[description]



	Return type:

	[type [https://docs.python.org/3/library/functions.html#type]]
















            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.early_fusion_mat_framework module


	
class geowatch.tasks.rutgers_material_change_detection.models.early_fusion_mat_framework.EarlyFusionMatFramework(task_mode, encoder, decoder, attention, mat_encoder, mat_embed_dim, mat_integration, **kwargs)

	Bases: BaseFramework


	
forward(data)

	Forward pass.


	Parameters:

	data (dict) – [description]



	Returns:

	[description]



	Return type:

	[type [https://docs.python.org/3/library/functions.html#type]]
















            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.late_fusion_framework module


	
class geowatch.tasks.rutgers_material_change_detection.models.late_fusion_framework.LateFusionFramework(task_mode, encoder, decoder, attention, sequence_model, **kwargs)

	Bases: BaseFramework


	
forward(data)

	Forward pass.


	Parameters:

	data (dict) – [description]



	Returns:

	[description]



	Return type:

	[type [https://docs.python.org/3/library/functions.html#type]]
















            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.mat_ed_framework module


	
class geowatch.tasks.rutgers_material_change_detection.models.mat_ed_framework.MatED(task_mode, encoder, discretizer, decoder, attention_block=None, encoder_out_layer='layer1')

	Bases: Module


	
encode_mat_feats(frame)

	




	
mat_id_to_image(mat_id)

	




	
forward(data)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.mat_ed_framework.MTMatED(task_mode, encoder, discretizer, decoder, attention_block=None, encoder_out_layer='layer1')

	Bases: Module


	
encode_mat_feats(frame)

	




	
encode(frame)

	




	
mat_id_to_image(mat_id)

	




	
forward(data)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.patch_transformer module


	
class geowatch.tasks.rutgers_material_change_detection.models.patch_transformer.PatchTransformerEncoder(task_mode, in_channels, frame_shape, patch_shape, max_frames, dim=1024, n_heads=4, n_blocks=6, dim_linear_block=2048, p_dropout=0.0)

	Bases: Module


	
build()

	




	
forward(video, datetimes=None)

	Forward call for PatchTransformer feature encoder.


	Parameters:

	
	video (torch.tensor) – A tensor of shape [batch_size, n_frames, n_channels, height, width]


	datetimes (list(datetimes.datetimes), optional) – A list of datetimes. Used for positional encoding.






	Returns:

	TODO



	Return type:

	(torch.tensor)














	
class geowatch.tasks.rutgers_material_change_detection.models.patch_transformer.PatchTransformerDecoder(feat_size, task_mode, n_out_channels, decoder_agg_mode, patch_size)

	Bases: Module


	
build()

	




	
forward(patch_output)

	[summary]


	Parameters:

	patch_output (torch.tensor) – A tensor of shape [batch_size, n_tokens+1, token_dim].



	Returns:

	A torch.tensor of shape [batch_size, n_channels, patch_height, patch_width]



	Return type:

	(torch.tensor)














	
class geowatch.tasks.rutgers_material_change_detection.models.patch_transformer.PatchTransformer(task_mode, height, width, n_channels, patch_length, max_n_frames, out_mode='features', token_dim_reduce_factor=2, n_heads=4, hidden_dim_token_factor=1, p_dropout=0.0, n_enc_layers=3, positional_type='positional', patch_seq_normalize=True)

	Bases: Module


	
feature_refinement(image)

	




	
token_output(video, active_frames=None)

	




	
encode_image(image)

	




	
forward(data)

	




	
normalize_patch(patch, active_frames, eta=0.001)

	[summary]

Note: Only active frames are normalized.


	Parameters:

	patch (tensor) – A tensor of shape [batch_size, n_frames, channels*height*width]



	Returns:

	TODO














	
class geowatch.tasks.rutgers_material_change_detection.models.patch_transformer.PatchTransformer_0(cfg, token_length)

	Bases: Module


	
forward(data)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.patch_transformer_framework module


	
class geowatch.tasks.rutgers_material_change_detection.models.patch_transformer_framework.PatchTransformerFramework(task_mode, encoder, decoder, **kwargs)

	Bases: BaseFramework


	
forward(data)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.peri_resnet module

ResNet in PyTorch.
ImageNet-Style ResNet
[1] Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian Sun


Deep Residual Learning for Image Recognition. arXiv:1512.03385




Adapted from: https://github.com/bearpaw/pytorch-classification


	
class geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.ASPP(C, depth, num_classes, conv=<class 'torch.nn.modules.conv.Conv2d'>, norm=<class 'torch.nn.modules.batchnorm.BatchNorm2d'>, momentum=0.0003, mult=1)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.BasicBlock(in_planes, planes, stride=1, is_last=False)

	Bases: Module


	
expansion = 1

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.Bottleneck(in_planes, planes, stride=1, is_last=False)

	Bases: Module


	
expansion = 4

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.ResNet(block, num_blocks, num_channels=3, zero_init_residual=False, pretrained=False, num_classes=None, beta=False, weight_std=False, num_groups=32, out_dim=128, feats=[64, 64, 128, 256, 512])

	Bases: Module


	
_make_layer(block, planes, num_blocks, stride)

	




	
forward(x, layer=100)

	








	
geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.resnet18(**kwargs)

	




	
geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.resnet34(pretrained=False, **kwargs)

	




	
geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.resnet50(**kwargs)

	




	
geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.resnet101(**kwargs)

	




	
class geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.LinearBatchNorm(dim, affine=True)

	Bases: Module

Implements BatchNorm1d by BatchNorm2d, for SyncBN purpose


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.SupConResNet(name='resnet50', head='mlp', feat_dim=128)

	Bases: Module

backbone + projection head


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.SupCEResNet(name='resnet50', num_classes=10)

	Bases: Module

encoder + classifier


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.peri_resnet.LinearClassifier(name='resnet50', num_classes=10)

	Bases: Module

Linear classifier


	
forward(features)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.pos_embedding module


	
class geowatch.tasks.rutgers_material_change_detection.models.pos_embedding.PositionalEncoding(pos_emb_mode, seq_length, feat_dim, freq=10000)

	Bases: Module


	
_abs_positional_embedding()

	Generate an absolute positional embedding.


	Returns:

	A tensor of shape [feat_dim, seq_length]



	Return type:

	torch.tensor










	
_rel_positional_embedding(datetimes)

	




	
_learned_embedding(datetimes, metadata)

	








	
geowatch.tasks.rutgers_material_change_detection.models.pos_embedding.get_position_encoding(seq_length, token_length, freq, date_delta=None)

	




	
geowatch.tasks.rutgers_material_change_detection.models.pos_embedding.get_temporal_encoding(seq_length, token_length, period, date_delta)

	




	
class geowatch.tasks.rutgers_material_change_detection.models.pos_embedding.PositionEncoder(seq_length, token_length, pos_type='positional')

	Bases: Module


	
forward(x, date_delta=None)

	




	
visualize(date_delta=None, index=0)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.resnet module


	
class geowatch.tasks.rutgers_material_change_detection.models.resnet.ResNet(block: Type [https://docs.python.org/3/library/typing.html#typing.Type][BasicBlock | Bottleneck], layers: List [https://docs.python.org/3/library/typing.html#typing.List][int [https://docs.python.org/3/library/functions.html#int]], num_classes: int [https://docs.python.org/3/library/functions.html#int] = 1000, zero_init_residual: bool [https://docs.python.org/3/library/functions.html#bool] = False, groups: int [https://docs.python.org/3/library/functions.html#int] = 1, width_per_group: int [https://docs.python.org/3/library/functions.html#int] = 64, replace_stride_with_dilation: List [https://docs.python.org/3/library/typing.html#typing.List][bool [https://docs.python.org/3/library/functions.html#bool]] | None [https://docs.python.org/3/library/constants.html#None] = None, norm_layer: Callable [https://docs.python.org/3/library/typing.html#typing.Callable][[...], Module] | None [https://docs.python.org/3/library/constants.html#None] = None)

	Bases: Module


	
_make_layer(block: Type [https://docs.python.org/3/library/typing.html#typing.Type][BasicBlock | Bottleneck], planes: int [https://docs.python.org/3/library/functions.html#int], blocks: int [https://docs.python.org/3/library/functions.html#int], stride: int [https://docs.python.org/3/library/functions.html#int] = 1, dilate: bool [https://docs.python.org/3/library/functions.html#bool] = False) → Sequential

	




	
_forward_impl(x: Tensor) → Tensor

	




	
forward(x: Tensor) → Dict [https://docs.python.org/3/library/typing.html#typing.Dict]

	








	
geowatch.tasks.rutgers_material_change_detection.models.resnet.resnet18(pretrained: bool [https://docs.python.org/3/library/functions.html#bool] = False, progress: bool [https://docs.python.org/3/library/functions.html#bool] = True, **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any]) → ResNet

	ResNet-18 model from
“Deep Residual Learning for Image Recognition” [https://arxiv.org/pdf/1512.03385.pdf].


	Parameters:

	
	pretrained (bool) – If True, returns a model pre-trained on ImageNet


	progress (bool) – If True, displays a progress bar of the download to stderr













	
geowatch.tasks.rutgers_material_change_detection.models.resnet.resnet34(pretrained: bool [https://docs.python.org/3/library/functions.html#bool] = False, progress: bool [https://docs.python.org/3/library/functions.html#bool] = True, **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any]) → ResNet

	ResNet-34 model from
“Deep Residual Learning for Image Recognition” [https://arxiv.org/pdf/1512.03385.pdf].


	Parameters:

	
	pretrained (bool) – If True, returns a model pre-trained on ImageNet


	progress (bool) – If True, displays a progress bar of the download to stderr













	
geowatch.tasks.rutgers_material_change_detection.models.resnet.resnet50(pretrained: bool [https://docs.python.org/3/library/functions.html#bool] = False, progress: bool [https://docs.python.org/3/library/functions.html#bool] = True, **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any]) → ResNet

	ResNet-50 model from
“Deep Residual Learning for Image Recognition” [https://arxiv.org/pdf/1512.03385.pdf].


	Parameters:

	
	pretrained (bool) – If True, returns a model pre-trained on ImageNet


	progress (bool) – If True, displays a progress bar of the download to stderr













	
geowatch.tasks.rutgers_material_change_detection.models.resnet.resnet101(pretrained: bool [https://docs.python.org/3/library/functions.html#bool] = False, progress: bool [https://docs.python.org/3/library/functions.html#bool] = True, **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any]) → ResNet

	ResNet-101 model from
“Deep Residual Learning for Image Recognition” [https://arxiv.org/pdf/1512.03385.pdf].


	Parameters:

	
	pretrained (bool) – If True, returns a model pre-trained on ImageNet


	progress (bool) – If True, displays a progress bar of the download to stderr













	
geowatch.tasks.rutgers_material_change_detection.models.resnet.resnet152(pretrained: bool [https://docs.python.org/3/library/functions.html#bool] = False, progress: bool [https://docs.python.org/3/library/functions.html#bool] = True, **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any]) → ResNet

	ResNet-152 model from
“Deep Residual Learning for Image Recognition” [https://arxiv.org/pdf/1512.03385.pdf].


	Parameters:

	
	pretrained (bool) – If True, returns a model pre-trained on ImageNet


	progress (bool) – If True, displays a progress bar of the download to stderr













	
geowatch.tasks.rutgers_material_change_detection.models.resnet.resnext50_32x4d(pretrained: bool [https://docs.python.org/3/library/functions.html#bool] = False, progress: bool [https://docs.python.org/3/library/functions.html#bool] = True, **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any]) → ResNet

	ResNeXt-50 32x4d model from
“Aggregated Residual Transformation for Deep Neural Networks” [https://arxiv.org/pdf/1611.05431.pdf].


	Parameters:

	
	pretrained (bool) – If True, returns a model pre-trained on ImageNet


	progress (bool) – If True, displays a progress bar of the download to stderr













	
geowatch.tasks.rutgers_material_change_detection.models.resnet.resnext101_32x8d(pretrained: bool [https://docs.python.org/3/library/functions.html#bool] = False, progress: bool [https://docs.python.org/3/library/functions.html#bool] = True, **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any]) → ResNet

	ResNeXt-101 32x8d model from
“Aggregated Residual Transformation for Deep Neural Networks” [https://arxiv.org/pdf/1611.05431.pdf].


	Parameters:

	
	pretrained (bool) – If True, returns a model pre-trained on ImageNet


	progress (bool) – If True, displays a progress bar of the download to stderr













	
geowatch.tasks.rutgers_material_change_detection.models.resnet.wide_resnet50_2(pretrained: bool [https://docs.python.org/3/library/functions.html#bool] = False, progress: bool [https://docs.python.org/3/library/functions.html#bool] = True, **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any]) → ResNet

	Wide ResNet-50-2 model from
“Wide Residual Networks” [https://arxiv.org/pdf/1605.07146.pdf].

The model is the same as ResNet except for the bottleneck number of channels
which is twice larger in every block. The number of channels in outer 1x1
convolutions is the same, e.g. last block in ResNet-50 has 2048-512-2048
channels, and in Wide ResNet-50-2 has 2048-1024-2048.


	Parameters:

	
	pretrained (bool) – If True, returns a model pre-trained on ImageNet


	progress (bool) – If True, displays a progress bar of the download to stderr













	
geowatch.tasks.rutgers_material_change_detection.models.resnet.wide_resnet101_2(pretrained: bool [https://docs.python.org/3/library/functions.html#bool] = False, progress: bool [https://docs.python.org/3/library/functions.html#bool] = True, **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any]) → ResNet

	Wide ResNet-101-2 model from
“Wide Residual Networks” [https://arxiv.org/pdf/1605.07146.pdf].

The model is the same as ResNet except for the bottleneck number of channels
which is twice larger in every block. The number of channels in outer 1x1
convolutions is the same, e.g. last block in ResNet-50 has 2048-512-2048
channels, and in Wide ResNet-50-2 has 2048-1024-2048.


	Parameters:

	
	pretrained (bool) – If True, returns a model pre-trained on ImageNet


	progress (bool) – If True, displays a progress bar of the download to stderr















            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.self_attention module


	
class geowatch.tasks.rutgers_material_change_detection.models.self_attention.Attention(framework_name, feat_sizes, active_layers, n_heads)

	Bases: Module


	
build()

	




	
forward()

	








	
class geowatch.tasks.rutgers_material_change_detection.models.self_attention.SelfAttention(framework_name, feat_sizes, active_layers, n_heads)

	Bases: Attention


	
build()

	




	
forward(feats)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.self_attention.AsymmetricPyramidSelfAttention(framework_name, feat_sizes, active_layers, n_heads)

	Bases: Attention


	
build()

	




	
forward(feats)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.siamese_feature_diff_model module


	
class geowatch.tasks.rutgers_material_change_detection.models.siamese_feature_diff_model.SiameseDifference(input_size=256, num_channels=13, threshold=1.3, feat_layer=2, backbone_name='resnet18', pretrain=False, mode='bilinear', decoder_type='transpose_conv')

	Bases: BaseModel


	
build()

	




	
forward(data)

	Computes a forward pass of model.

Compare the difference in feature activation between two images and then resize to the input image shape.


	Parameters:

	data (dict) – A dictionary that must contain an ‘images’ key. The ‘images’ key corresponds to a tensor of
shape [batch_size, num_images, num_channels, height, width].



	Returns:

	
	A dictionary containing model predictions. Return dictionary with ‘change_pred’ key containing
	a int32 tensor of shape [batch_size, 1, height, width].









	Return type:

	output (dict [https://docs.python.org/3/library/stdtypes.html#dict])










	
encode(ref_frame, query_frame)

	




	
decode(feats, height, width)

	




	
decode_out_features(feats, height, width)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.siamese_fusion_model module


	
class geowatch.tasks.rutgers_material_change_detection.models.siamese_fusion_model.SiameseFusion(input_size=256, num_channels=13, feat_layer=2, backbone_name='resnet18', pretrain=False, mode='bilinear', decoder_type='transpose_conv')

	Bases: BaseModel


	
build()

	




	
encode(ref_frame, query_frame)

	




	
decode(feats, height, width)

	




	
decode_out_features(feats, height, width)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.simple_cnn_encoder module


	
class geowatch.tasks.rutgers_material_change_detection.models.simple_cnn_encoder.SimpleCNNEncoder(in_channels, bilinear=True)

	Bases: Module


	
build()

	




	
forward(input)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.simple_cnn_encoder.DoubleConv(in_channels, out_channels, mid_channels=None)

	Bases: Module

(convolution => [BN] => ReLU) * 2


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.simple_cnn_encoder.Down(in_channels, out_channels)

	Bases: Module

Downscaling with maxpool then double conv


	
forward(x)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.simple_decoder module


	
class geowatch.tasks.rutgers_material_change_detection.models.simple_decoder.SimpleDecoder(feat_sizes, out_channels, name='simple')

	Bases: BaseDecoder


	
build()

	




	
forward(feats)

	








	
geowatch.tasks.rutgers_material_change_detection.models.simple_decoder.Normalize(in_channels)

	




	
class geowatch.tasks.rutgers_material_change_detection.models.simple_decoder.AttnBlock(in_channels)

	Bases: Module


	
forward(x)

	








	
geowatch.tasks.rutgers_material_change_detection.models.simple_decoder.nonlinearity(x)

	




	
class geowatch.tasks.rutgers_material_change_detection.models.simple_decoder.ResnetBlock(*, in_channels, out_channels=None, conv_shortcut=False, dropout, temb_channels=512)

	Bases: Module


	
forward(x, temb)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.simple_decoder.Upsample(in_channels, with_conv, factor=2.0)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.simple_decoder.DoubleConv(in_channels, out_channels, mid_channels=None)

	Bases: Module

(convolution => [BN] => ReLU) * 2


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.simple_decoder.Upsample2(in_channels, out_channels, bilinear=True)

	Bases: Module

Upscaling then double conv


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.simple_decoder.Decoder(*, ch, out_ch, ch_mult=(1, 2, 4, 8), num_res_blocks, attn_resolutions, dropout=0.0, resamp_with_conv=True, in_channels, resolution, z_channels, give_pre_end=False, self_attention=True, **ignorekwargs)

	Bases: Module


	
forward(z)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.timesformer module


	
geowatch.tasks.rutgers_material_change_detection.models.timesformer._no_grad_trunc_normal_(tensor, mean, std, a, b)

	




	
geowatch.tasks.rutgers_material_change_detection.models.timesformer.trunc_normal_(tensor: Tensor, mean: float [https://docs.python.org/3/library/functions.html#float] = 0.0, std: float [https://docs.python.org/3/library/functions.html#float] = 1.0, a: float [https://docs.python.org/3/library/functions.html#float] = -2.0, b: float [https://docs.python.org/3/library/functions.html#float] = 2.0) → Tensor

	Fills the input Tensor with values drawn from a truncated
normal distribution. The values are effectively drawn from the
normal distribution \(\mathcal{N}(\text{mean}, \text{std}^2)\)
with values outside \([a, b]\) redrawn until they are within
the bounds. The method used for generating the random values works
best when \(a \leq \text{mean} \leq b\).
:Parameters: * tensor – an n-dimensional torch.Tensor



	mean – the mean of the normal distribution


	std – the standard deviation of the normal distribution


	a – the minimum cutoff value


	b – the maximum cutoff value







Examples

>>> tensor = torch.rand(1,4)
>>> trunc_normal_(tensor)










	
geowatch.tasks.rutgers_material_change_detection.models.timesformer._cfg(url='', **kwargs)

	




	
geowatch.tasks.rutgers_material_change_detection.models.timesformer._ntuple(n)

	




	
geowatch.tasks.rutgers_material_change_detection.models.timesformer.to_2tuple(x)

	




	
geowatch.tasks.rutgers_material_change_detection.models.timesformer.get_padding(kernel_size: int [https://docs.python.org/3/library/functions.html#int], stride: int [https://docs.python.org/3/library/functions.html#int] = 1, dilation: int [https://docs.python.org/3/library/functions.html#int] = 1, **_) → int [https://docs.python.org/3/library/functions.html#int]

	




	
geowatch.tasks.rutgers_material_change_detection.models.timesformer.get_padding_value(padding, kernel_size, **kwargs)

	




	
geowatch.tasks.rutgers_material_change_detection.models.timesformer.get_same_padding(x: int [https://docs.python.org/3/library/functions.html#int], k: int [https://docs.python.org/3/library/functions.html#int], s: int [https://docs.python.org/3/library/functions.html#int], d: int [https://docs.python.org/3/library/functions.html#int])

	




	
geowatch.tasks.rutgers_material_change_detection.models.timesformer.is_static_pad(kernel_size: int [https://docs.python.org/3/library/functions.html#int], stride: int [https://docs.python.org/3/library/functions.html#int] = 1, dilation: int [https://docs.python.org/3/library/functions.html#int] = 1, **_)

	




	
geowatch.tasks.rutgers_material_change_detection.models.timesformer.pad_same(x, k, s, d=(1, 1), value=0)

	




	
geowatch.tasks.rutgers_material_change_detection.models.timesformer.adaptive_pool_feat_mult(pool_type='avg')

	




	
geowatch.tasks.rutgers_material_change_detection.models.timesformer.drop_path(x, drop_prob: float [https://docs.python.org/3/library/functions.html#float] = 0.0, training: bool [https://docs.python.org/3/library/functions.html#bool] = False)

	Drop paths (Stochastic Depth) per sample (when applied in main path of residual blocks).
This is the same as the DropConnect impl I created for EfficientNet, etc networks, however,
the original name is misleading as ‘Drop Connect’ is a different form of dropout in a separate paper…
See discussion: https://github.com/tensorflow/tpu/issues/494#issuecomment-532968956 … I’ve opted for
changing the layer and argument names to ‘drop path’ rather than mix DropConnect as a layer name and use
‘survival rate’ as the argument.






	
class geowatch.tasks.rutgers_material_change_detection.models.timesformer.DropPath(drop_prob=None)

	Bases: Module

Drop paths (Stochastic Depth) per sample  (when applied in main path of residual blocks).


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.timesformer.Mlp(in_features, hidden_features=None, out_features=None, act_layer=<class 'torch.nn.modules.activation.GELU'>, drop=0.0)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.timesformer.Attention(dim, num_heads=8, qkv_bias=False, qk_scale=None, attn_drop=0.0, proj_drop=0.0, with_qkv=True)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.timesformer.Block(dim, num_heads, mlp_ratio=4.0, qkv_bias=False, qk_scale=None, drop=0.0, attn_drop=0.0, drop_path=0.1, act_layer=<class 'torch.nn.modules.activation.GELU'>, norm_layer=<class 'torch.nn.modules.normalization.LayerNorm'>, attention_type='divided_space_time')

	Bases: Module


	
forward(x, B, T, W)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.timesformer.PatchEmbed(img_size=224, patch_size=16, in_chans=3, embed_dim=768)

	Bases: Module

Image to Patch Embedding


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.timesformer.VisionTransformer(img_size=224, patch_size=16, in_chans=3, num_classes=1000, embed_dim=768, depth=12, num_heads=12, mlp_ratio=4.0, qkv_bias=False, qk_scale=None, drop_rate=0.0, attn_drop_rate=0.0, drop_path_rate=0.1, hybrid_backbone=None, norm_layer=<class 'torch.nn.modules.normalization.LayerNorm'>, num_frames=8, attention_type='divided_space_time', dropout=0.0)

	Bases: Module

Vision Transformere


	
_init_weights(m)

	




	
no_weight_decay()

	




	
get_classifier()

	




	
reset_classifier(num_classes, global_pool='')

	




	
forward_features(x)

	




	
forward(x)

	








	
geowatch.tasks.rutgers_material_change_detection.models.timesformer._conv_filter(state_dict, patch_size=16)

	convert patch embedding weight from manual patchify + linear proj to conv






	
class geowatch.tasks.rutgers_material_change_detection.models.timesformer.vit_base_patch16_224(cfg, **kwargs)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.timesformer.TimeSformer(img_size=224, patch_size=16, num_classes=400, num_frames=8, attention_type='divided_space_time', pretrained_model='', **kwargs)

	Bases: Module


	
forward(x)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.unet module


	
class geowatch.tasks.rutgers_material_change_detection.models.unet.DoubleConv(in_channels, out_channels, mid_channels=None)

	Bases: Module

(convolution => [BN] => ReLU) * 2


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.unet.Down(in_channels, out_channels)

	Bases: Module

Downscaling with maxpool then double conv


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.unet.Up(in_channels, out_channels, bilinear=True)

	Bases: Module

Upscaling then double conv


	
forward(x1, x2)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.unet.OutConv(in_channels, out_channels)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.unet.UNet(n_channels, n_classes, bilinear=True)

	Bases: Module


	
forward(x)

	




	
encode(x)

	




	
decode(feats)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.unet.UNetEncoder(n_channels, bilinear=True, base_feat_channels=64)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.unet.UNetDecoder(n_classes, bilinear=True, channel_factor=1, base_feat_channels=64)

	Bases: Module


	
forward(feats)

	




	
get_output_feats(feats)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.unet_lstm module


	
class geowatch.tasks.rutgers_material_change_detection.models.unet_lstm.conv_block(ch_in, ch_out)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.unet_lstm.up_conv(ch_in, ch_out)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.unet_lstm.RNNCell(input_size, hidden_size)

	Bases: Module


	
forward(input, h_state, c_state)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.unet_lstm.set_values(hidden_size, height, width)

	Bases: Module


	
forward(seq, xinp)

	[summary]


	Parameters:

	
	seq ([type]) – A set of nn.module functions such as nn.Conv2d.


	xinp ([type]) – [description]






	Returns:

	[description]



	Return type:

	[type [https://docs.python.org/3/library/functions.html#type]]














	
class geowatch.tasks.rutgers_material_change_detection.models.unet_lstm.UNetLSTM(in_channels, out_channels, patch_size)

	Bases: Module


	
encoder(x)

	




	
forward(input)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.unet_lstm.UNetLSTMEncoder(in_channels, patch_size)

	Bases: Module


	
forward(x)

	Compute forward pass of Encoder.


	Parameters:

	x [torch.Tensor] – A tensor of shape [batch_size, n_frames, n_channels, height, width].














	
class geowatch.tasks.rutgers_material_change_detection.models.unet_lstm.UNetLSTMDecoder(out_channels)

	Bases: Module


	
forward(feats)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models.vit module


	
geowatch.tasks.rutgers_material_change_detection.models.vit.pair(t)

	




	
class geowatch.tasks.rutgers_material_change_detection.models.vit.PreNorm(dim, fn)

	Bases: Module


	
forward(x, **kwargs)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.vit.FeedForward(dim, hidden_dim, dropout=0.0)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.vit.Attention(dim, heads=8, dim_head=64, dropout=0.0)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.vit.Transformer(dim, depth, heads, dim_head, mlp_dim, dropout=0.0)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_change_detection.models.vit.ViT(*, image_size, patch_size, num_classes, dim, depth, heads, mlp_dim, pool='cls', channels=3, dim_head=64, dropout=0.0, emb_dropout=0.0)

	Bases: Module


	
forward(img)

	




	
patch_forward(patches)

	Compute the forward pass of ViT with patches instead of single frame.


	Parameters:

	patches (torch.Tensor) – A tensor of shape [batch_size, n_patches, token_length].



	Returns:

	A tensor of shape [batch_size, ]



	Return type:

	torch.tensor
















            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.models package


Submodules



	geowatch.tasks.rutgers_material_change_detection.models.apnb module
	AFNB
	AFNB._make_stage()

	AFNB.forward()





	_SelfAttentionBlock
	_SelfAttentionBlock.forward()





	SelfAttentionBlock2D

	PSPModule
	PSPModule._make_stage()

	PSPModule.forward()





	ModuleHelper
	ModuleHelper.BNReLU()

	ModuleHelper.BatchNorm3d()

	ModuleHelper.BatchNorm2d()

	ModuleHelper.BatchNorm1d()

	ModuleHelper.constant_init()

	ModuleHelper.xavier_init()

	ModuleHelper.normal_init()

	ModuleHelper.uniform_init()

	ModuleHelper.kaiming_init()









	geowatch.tasks.rutgers_material_change_detection.models.base_model module
	BaseFramework

	BaseDecoder

	BaseModel
	BaseModel.load_resnet_model()

	BaseModel.build_upsample_conv_decoder()

	BaseModel.build_transpose_conv_decoder()

	BaseModel.forward()

	BaseModel.video2frames()









	geowatch.tasks.rutgers_material_change_detection.models.discritizers module
	ResidualDiscritizer
	ResidualDiscritizer.forward()





	Gumbel_Softmax
	Gumbel_Softmax.mat_id_to_rgb()

	Gumbel_Softmax.forward()





	VectorQuantizer2
	VectorQuantizer2.mat_id_to_rgb()

	VectorQuantizer2.mat_id_to_mat_feat()

	VectorQuantizer2.forward()









	geowatch.tasks.rutgers_material_change_detection.models.dynamic_unet module
	DynamicUNet
	DynamicUNet.build()

	DynamicUNet.forward()





	OutConv
	OutConv.forward()





	DoubleConv
	DoubleConv.forward()





	Up
	Up.forward()









	geowatch.tasks.rutgers_material_change_detection.models.early_fusion_framework module
	EarlyFusionFramework
	EarlyFusionFramework.forward()









	geowatch.tasks.rutgers_material_change_detection.models.early_fusion_mat_framework module
	EarlyFusionMatFramework
	EarlyFusionMatFramework.forward()









	geowatch.tasks.rutgers_material_change_detection.models.late_fusion_framework module
	LateFusionFramework
	LateFusionFramework.forward()









	geowatch.tasks.rutgers_material_change_detection.models.mat_ed_framework module
	MatED
	MatED.encode_mat_feats()

	MatED.mat_id_to_image()

	MatED.forward()





	MTMatED
	MTMatED.encode_mat_feats()

	MTMatED.encode()

	MTMatED.mat_id_to_image()

	MTMatED.forward()









	geowatch.tasks.rutgers_material_change_detection.models.patch_transformer module
	PatchTransformerEncoder
	PatchTransformerEncoder.build()

	PatchTransformerEncoder.forward()





	PatchTransformerDecoder
	PatchTransformerDecoder.build()

	PatchTransformerDecoder.forward()





	PatchTransformer
	PatchTransformer.feature_refinement()

	PatchTransformer.token_output()

	PatchTransformer.encode_image()

	PatchTransformer.forward()

	PatchTransformer.normalize_patch()





	PatchTransformer_0
	PatchTransformer_0.forward()









	geowatch.tasks.rutgers_material_change_detection.models.patch_transformer_framework module
	PatchTransformerFramework
	PatchTransformerFramework.forward()









	geowatch.tasks.rutgers_material_change_detection.models.peri_resnet module
	ASPP
	ASPP.forward()





	BasicBlock
	BasicBlock.expansion

	BasicBlock.forward()





	Bottleneck
	Bottleneck.expansion

	Bottleneck.forward()





	ResNet
	ResNet._make_layer()

	ResNet.forward()





	resnet18()

	resnet34()

	resnet50()

	resnet101()

	LinearBatchNorm
	LinearBatchNorm.forward()





	SupConResNet
	SupConResNet.forward()





	SupCEResNet
	SupCEResNet.forward()





	LinearClassifier
	LinearClassifier.forward()









	geowatch.tasks.rutgers_material_change_detection.models.pos_embedding module
	PositionalEncoding
	PositionalEncoding._abs_positional_embedding()

	PositionalEncoding._rel_positional_embedding()

	PositionalEncoding._learned_embedding()





	get_position_encoding()

	get_temporal_encoding()

	PositionEncoder
	PositionEncoder.forward()

	PositionEncoder.visualize()









	geowatch.tasks.rutgers_material_change_detection.models.resnet module
	ResNet
	ResNet._make_layer()

	ResNet._forward_impl()

	ResNet.forward()





	resnet18()

	resnet34()

	resnet50()

	resnet101()

	resnet152()

	resnext50_32x4d()

	resnext101_32x8d()

	wide_resnet50_2()

	wide_resnet101_2()





	geowatch.tasks.rutgers_material_change_detection.models.self_attention module
	Attention
	Attention.build()

	Attention.forward()





	SelfAttention
	SelfAttention.build()

	SelfAttention.forward()





	AsymmetricPyramidSelfAttention
	AsymmetricPyramidSelfAttention.build()

	AsymmetricPyramidSelfAttention.forward()









	geowatch.tasks.rutgers_material_change_detection.models.siamese_feature_diff_model module
	SiameseDifference
	SiameseDifference.build()

	SiameseDifference.forward()

	SiameseDifference.encode()

	SiameseDifference.decode()

	SiameseDifference.decode_out_features()









	geowatch.tasks.rutgers_material_change_detection.models.siamese_fusion_model module
	SiameseFusion
	SiameseFusion.build()

	SiameseFusion.encode()

	SiameseFusion.decode()

	SiameseFusion.decode_out_features()









	geowatch.tasks.rutgers_material_change_detection.models.simple_cnn_encoder module
	SimpleCNNEncoder
	SimpleCNNEncoder.build()

	SimpleCNNEncoder.forward()





	DoubleConv
	DoubleConv.forward()





	Down
	Down.forward()









	geowatch.tasks.rutgers_material_change_detection.models.simple_decoder module
	SimpleDecoder
	SimpleDecoder.build()

	SimpleDecoder.forward()





	Normalize()

	AttnBlock
	AttnBlock.forward()





	nonlinearity()

	ResnetBlock
	ResnetBlock.forward()





	Upsample
	Upsample.forward()





	DoubleConv
	DoubleConv.forward()





	Upsample2
	Upsample2.forward()





	Decoder
	Decoder.forward()









	geowatch.tasks.rutgers_material_change_detection.models.timesformer module
	_no_grad_trunc_normal_()

	trunc_normal_()

	_cfg()

	_ntuple()

	to_2tuple()

	get_padding()

	get_padding_value()

	get_same_padding()

	is_static_pad()

	pad_same()

	adaptive_pool_feat_mult()

	drop_path()

	DropPath
	DropPath.forward()





	Mlp
	Mlp.forward()





	Attention
	Attention.forward()





	Block
	Block.forward()





	PatchEmbed
	PatchEmbed.forward()





	VisionTransformer
	VisionTransformer._init_weights()

	VisionTransformer.no_weight_decay()

	VisionTransformer.get_classifier()

	VisionTransformer.reset_classifier()

	VisionTransformer.forward_features()

	VisionTransformer.forward()





	_conv_filter()

	vit_base_patch16_224
	vit_base_patch16_224.forward()





	TimeSformer
	TimeSformer.forward()









	geowatch.tasks.rutgers_material_change_detection.models.unet module
	DoubleConv
	DoubleConv.forward()





	Down
	Down.forward()





	Up
	Up.forward()





	OutConv
	OutConv.forward()





	UNet
	UNet.forward()

	UNet.encode()

	UNet.decode()





	UNetEncoder
	UNetEncoder.forward()





	UNetDecoder
	UNetDecoder.forward()

	UNetDecoder.get_output_feats()









	geowatch.tasks.rutgers_material_change_detection.models.unet_lstm module
	conv_block
	conv_block.forward()





	up_conv
	up_conv.forward()





	RNNCell
	RNNCell.forward()





	set_values
	set_values.forward()





	UNetLSTM
	UNetLSTM.encoder()

	UNetLSTM.forward()





	UNetLSTMEncoder
	UNetLSTMEncoder.forward()





	UNetLSTMDecoder
	UNetLSTMDecoder.forward()









	geowatch.tasks.rutgers_material_change_detection.models.vit module
	pair()

	PreNorm
	PreNorm.forward()





	FeedForward
	FeedForward.forward()





	Attention
	Attention.forward()





	Transformer
	Transformer.forward()





	ViT
	ViT.forward()

	ViT.patch_forward()















Module contents


	
geowatch.tasks.rutgers_material_change_detection.models.build_model(cfg, video_slice, n_in_channels, max_frames, n_out_channels, device=None)

	




	
geowatch.tasks.rutgers_material_change_detection.models.get_encoder(cfg, encoder_name, n_channels, max_frames, pretrain=None)

	Contruct an encoder to encode image(s) into features.


	Parameters:

	
	cfg (?) – TODO


	encoder_name (str) – Name of the encoder.


	n_channels (int) – Number of channels that go into the encoder.


	max_frames (int) – Maximum number of frames in a video.


	pretrain (str, optional) – [description]. Defaults to None.


	freeze (bool, optional) – [description]. Defaults to False.






	Raises:

	NotImplementedError [https://docs.python.org/3/library/exceptions.html#NotImplementedError] – [description]



	Returns:

	[description]
feat_dim (list[int]): [description]



	Return type:

	encoder (nn.Module)










	
geowatch.tasks.rutgers_material_change_detection.models.load_resnet_model(encoder_name, n_channels, pretrain=None, freeze=False)

	




	
geowatch.tasks.rutgers_material_change_detection.models.get_decoder(cfg, decoder_name, feat_sizes, n_in_channels, n_out_channels, task_mode)

	




	
geowatch.tasks.rutgers_material_change_detection.models.compute_encoder_output_sizes(framework_name, encoder, n_in_channels, video_slice, max_frames)

	




	
geowatch.tasks.rutgers_material_change_detection.models.get_sequence_model(seq_model_name, cfg, max_frames, feat_sizes, device=None)

	




	
geowatch.tasks.rutgers_material_change_detection.models.load_pretrained_weights(framework, pretrain, freeze_encoder=False)

	




	
geowatch.tasks.rutgers_material_change_detection.models.get_attention(framework_name, feat_sizes, cfg)

	







            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.predict module


	
class geowatch.tasks.rutgers_material_change_detection.predict.Evaluator(args)

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
_build_dataset(kwcoco_file_dir)

	




	
_build_model(model_data, video_slice)

	




	
gen_kwcoco_file()

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.predict_sc module


	
geowatch.tasks.rutgers_material_change_detection.predict_sc.main()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.utils.util_config module


	
geowatch.tasks.rutgers_material_change_detection.utils.util_config.update_options(cfg)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.utils.util_misc module


	
geowatch.tasks.rutgers_material_change_detection.utils.util_misc.get_device()

	




	
geowatch.tasks.rutgers_material_change_detection.utils.util_misc.get_repo_dir()

	




	
geowatch.tasks.rutgers_material_change_detection.utils.util_misc.load_cfg_file(path)

	




	
geowatch.tasks.rutgers_material_change_detection.utils.util_misc.create_gif(image_list, save_path, fps=1, image_text=None, fontpct=5, overlay_images=None, optimize=False)

	Create a gif image from a collection of numpy arrays.


	Parameters:

	
	image_list (list[numpy array]) – A list of images in numpy format of type uint8.


	save_path (str) – Path to save gif file.


	fps (float, optional) – Frames per second. Defaults to 1.


	image_text (list[str], optional) – A list of text to add to each frame of the gif.
Must be the same length as iimage_list.













	
geowatch.tasks.rutgers_material_change_detection.utils.util_misc.save_to_json(dict_obj, save_path)

	




	
geowatch.tasks.rutgers_material_change_detection.utils.util_misc.get_n_frames(n_frames, task_mode)

	




	
geowatch.tasks.rutgers_material_change_detection.utils.util_misc.flatten_deep_dictionary(d, parent_key='', sep='_')

	




	
geowatch.tasks.rutgers_material_change_detection.utils.util_misc.get_crop_slices(height, width, crop_height, crop_width, step=None, mode='exact')

	Given an image size and desried crop, return all possible crop slices over space.


	Parameters:

	
	height (int) – The height of the image to be cropped (y-axis).


	width (int) – The width of the image to be cropped (x-axis).


	crop_height (int) – The size of the crop height. Note: For certain modes,
e.g. mode = ‘under’, crop height must be less than original image height.


	crop_width (int) – The size of the crop width. Note: For certain modes,
e.g. mode = ‘under’, crop width must be less than original image width.


	step (int) – TODO. Defaults to None.


	mode (str, optional) – Method for how to handle edge cases. Defaults to ‘exact’.
- exact: Returns slices that do not go over original image size
- over: Returns slices that have fixed crop size, covers full image
- under: Returns slices that have fixed crop size, may not cover full image






	Raises:

	NotImplementedError [https://docs.python.org/3/library/exceptions.html#NotImplementedError] – If invalid crop mode given.



	Returns:

	A list of crop slices. Each crop slice has the following form [h0, w0, h, w].



	Return type:

	list [https://docs.python.org/3/library/stdtypes.html#list]










	
geowatch.tasks.rutgers_material_change_detection.utils.util_misc.generate_video_slice_object(height, width=None, n_frames=None, scale=None, stride=None)

	[summary]


	Parameters:

	
	height (int) – Height of crop slice.


	width (int, optional) – Width of crop slice. If None, then use equal to height. Defaults to None.


	n_frames (int, optional) – Number of frames to sample from video data. Defaults to None.


	scale (float, optional) – Scale the height and width by this factor. Note: The scale is used to resize the
height and width crop sizes. Defaults to None.


	stride (int, optional) – Value to determine the amount to move a crop over an image vertically or
horizontally. Defaults to None.






	Returns:

	[description]



	Return type:

	namedtuple










	
class geowatch.tasks.rutgers_material_change_detection.utils.util_misc.EmptyScheduler

	Bases: object [https://docs.python.org/3/library/functions.html#object]

A class that has the methods of a scheduler object but does nothing.


	
step()

	








	
geowatch.tasks.rutgers_material_change_detection.utils.util_misc.to_numpy(x)

	




	
geowatch.tasks.rutgers_material_change_detection.utils.util_misc.update_gradient_map(model, gradmap)

	




	
geowatch.tasks.rutgers_material_change_detection.utils.util_misc.log_gradients(experiment, gradmap, step)

	




	
geowatch.tasks.rutgers_material_change_detection.utils.util_misc.log_weights(model, step)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.utils.util_model module


	
class geowatch.tasks.rutgers_material_change_detection.utils.util_model.VideoPatchifyzer(frame_size, patch_size)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Divide and reshape a video into patches.

Input video shape [batch_size, n_frames, n_channels, height, width] gets divded into a
patch video of shape [batch_size, n_frames, n_channels, n_patches, patch_size, patch_size].


Where patch_size = frame_height/patch_height.




NOTE: The size of the frame and the patch must be squres and must be divisible.


	Parameters:

	
	frame_size (tupe(int, int)) – A tuple containing each frames height and width.


	patch_size (tupe(int, int)) – A tuple containing each patch height and width.















            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.utils.util_paths module


	
geowatch.tasks.rutgers_material_change_detection.utils.util_paths.get_dataset_root_dir(dataset_name)

	




	
geowatch.tasks.rutgers_material_change_detection.utils.util_paths.get_base_paths(key_name)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.utils.util_visualize module


	
class geowatch.tasks.rutgers_material_change_detection.utils.util_visualize.VideoPlotMaker(save_dir, task_mode, rgb_func, temp_dir='./temp/')

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
plot_total_bin_change(video, target, prediction, n_frames, datetimes)

	








	
geowatch.tasks.rutgers_material_change_detection.utils.util_visualize.get_instance_visualization(task_mode, model_pred, video, target, rgb_func, last_frame_index=-1, unnorm_func=None, save_path=None, title_str=None)

	Generate a plot to visualize an instance of the model prediction, input, and ground truth.


	Parameters:

	
	task_mode (str) – [description]


	model_pred (?) – The models prediction will depend on the task_mode.


	video (np.array) – A float numpy array of shape [n_frames, n_channels, height, width].


	target (?) – Depending on the task_mode parameter, this can be a np.array of shape [n_classes, height, width], integer, etc.


	rgb_func (?) – A function to translate a multi-modal image into a uint8 numpy array ready for plotting.


	last_frame_index (int, optional) – An integer representing the last frame of video that contains real data instead of padded data.


	unnorm_func (?, optional) – A function to unnormalize a normalized video. Defaults to None.


	save_path (str, optional) – A path to save the figure to. Defaults to None.






	Raises:

	NotImplementedError [https://docs.python.org/3/library/exceptions.html#NotImplementedError] – [description]



	Returns:

	A subplot figure.



	Return type:

	plt.Figure












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection.utils package


Submodules



	geowatch.tasks.rutgers_material_change_detection.utils.util_config module
	update_options()





	geowatch.tasks.rutgers_material_change_detection.utils.util_misc module
	get_device()

	get_repo_dir()

	load_cfg_file()

	create_gif()

	save_to_json()

	get_n_frames()

	flatten_deep_dictionary()

	get_crop_slices()

	generate_video_slice_object()

	EmptyScheduler
	EmptyScheduler.step()





	to_numpy()

	update_gradient_map()

	log_gradients()

	log_weights()





	geowatch.tasks.rutgers_material_change_detection.utils.util_model module
	VideoPatchifyzer





	geowatch.tasks.rutgers_material_change_detection.utils.util_paths module
	get_dataset_root_dir()

	get_base_paths()





	geowatch.tasks.rutgers_material_change_detection.utils.util_visualize module
	VideoPlotMaker
	VideoPlotMaker.plot_total_bin_change()





	get_instance_visualization()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_change_detection package


Subpackages



	geowatch.tasks.rutgers_material_change_detection.datasets package
	Submodules
	geowatch.tasks.rutgers_material_change_detection.datasets.base_dataset module
	BaseDataset





	geowatch.tasks.rutgers_material_change_detection.datasets.iarpa_kwdataset module
	IARPA_KWDATASET





	geowatch.tasks.rutgers_material_change_detection.datasets.iarpa_sc_kwdataset module
	IARPA_SC_EVAL_DATASET





	geowatch.tasks.rutgers_material_change_detection.datasets.peo_dataset module
	PassiveEarthObservationDataset









	Module contents
	custom_collate_fn()

	build_dataset()

	compute_dataset_example_weights()

	create_loader()









	geowatch.tasks.rutgers_material_change_detection.models package
	Submodules
	geowatch.tasks.rutgers_material_change_detection.models.apnb module
	AFNB

	_SelfAttentionBlock

	SelfAttentionBlock2D

	PSPModule

	ModuleHelper





	geowatch.tasks.rutgers_material_change_detection.models.base_model module
	BaseFramework

	BaseDecoder

	BaseModel





	geowatch.tasks.rutgers_material_change_detection.models.discritizers module
	ResidualDiscritizer

	Gumbel_Softmax

	VectorQuantizer2





	geowatch.tasks.rutgers_material_change_detection.models.dynamic_unet module
	DynamicUNet

	OutConv

	DoubleConv

	Up





	geowatch.tasks.rutgers_material_change_detection.models.early_fusion_framework module
	EarlyFusionFramework





	geowatch.tasks.rutgers_material_change_detection.models.early_fusion_mat_framework module
	EarlyFusionMatFramework





	geowatch.tasks.rutgers_material_change_detection.models.late_fusion_framework module
	LateFusionFramework





	geowatch.tasks.rutgers_material_change_detection.models.mat_ed_framework module
	MatED

	MTMatED





	geowatch.tasks.rutgers_material_change_detection.models.patch_transformer module
	PatchTransformerEncoder

	PatchTransformerDecoder

	PatchTransformer

	PatchTransformer_0





	geowatch.tasks.rutgers_material_change_detection.models.patch_transformer_framework module
	PatchTransformerFramework





	geowatch.tasks.rutgers_material_change_detection.models.peri_resnet module
	ASPP

	BasicBlock

	Bottleneck

	ResNet

	resnet18()

	resnet34()

	resnet50()

	resnet101()

	LinearBatchNorm

	SupConResNet

	SupCEResNet

	LinearClassifier





	geowatch.tasks.rutgers_material_change_detection.models.pos_embedding module
	PositionalEncoding

	get_position_encoding()

	get_temporal_encoding()

	PositionEncoder





	geowatch.tasks.rutgers_material_change_detection.models.resnet module
	ResNet

	resnet18()

	resnet34()

	resnet50()

	resnet101()

	resnet152()

	resnext50_32x4d()

	resnext101_32x8d()

	wide_resnet50_2()

	wide_resnet101_2()





	geowatch.tasks.rutgers_material_change_detection.models.self_attention module
	Attention

	SelfAttention

	AsymmetricPyramidSelfAttention





	geowatch.tasks.rutgers_material_change_detection.models.siamese_feature_diff_model module
	SiameseDifference





	geowatch.tasks.rutgers_material_change_detection.models.siamese_fusion_model module
	SiameseFusion





	geowatch.tasks.rutgers_material_change_detection.models.simple_cnn_encoder module
	SimpleCNNEncoder

	DoubleConv

	Down





	geowatch.tasks.rutgers_material_change_detection.models.simple_decoder module
	SimpleDecoder

	Normalize()

	AttnBlock

	nonlinearity()

	ResnetBlock

	Upsample

	DoubleConv

	Upsample2

	Decoder





	geowatch.tasks.rutgers_material_change_detection.models.timesformer module
	_no_grad_trunc_normal_()

	trunc_normal_()

	_cfg()

	_ntuple()

	to_2tuple()

	get_padding()

	get_padding_value()

	get_same_padding()

	is_static_pad()

	pad_same()

	adaptive_pool_feat_mult()

	drop_path()

	DropPath

	Mlp

	Attention

	Block

	PatchEmbed

	VisionTransformer

	_conv_filter()

	vit_base_patch16_224

	TimeSformer





	geowatch.tasks.rutgers_material_change_detection.models.unet module
	DoubleConv

	Down

	Up

	OutConv

	UNet

	UNetEncoder

	UNetDecoder





	geowatch.tasks.rutgers_material_change_detection.models.unet_lstm module
	conv_block

	up_conv

	RNNCell

	set_values

	UNetLSTM

	UNetLSTMEncoder

	UNetLSTMDecoder





	geowatch.tasks.rutgers_material_change_detection.models.vit module
	pair()

	PreNorm

	FeedForward

	Attention

	Transformer

	ViT









	Module contents
	build_model()

	get_encoder()

	load_resnet_model()

	get_decoder()

	compute_encoder_output_sizes()

	get_sequence_model()

	load_pretrained_weights()

	get_attention()









	geowatch.tasks.rutgers_material_change_detection.utils package
	Submodules
	geowatch.tasks.rutgers_material_change_detection.utils.util_config module
	update_options()





	geowatch.tasks.rutgers_material_change_detection.utils.util_misc module
	get_device()

	get_repo_dir()

	load_cfg_file()

	create_gif()

	save_to_json()

	get_n_frames()

	flatten_deep_dictionary()

	get_crop_slices()

	generate_video_slice_object()

	EmptyScheduler

	to_numpy()

	update_gradient_map()

	log_gradients()

	log_weights()





	geowatch.tasks.rutgers_material_change_detection.utils.util_model module
	VideoPatchifyzer





	geowatch.tasks.rutgers_material_change_detection.utils.util_paths module
	get_dataset_root_dir()

	get_base_paths()





	geowatch.tasks.rutgers_material_change_detection.utils.util_visualize module
	VideoPlotMaker

	get_instance_visualization()









	Module contents











Submodules



	geowatch.tasks.rutgers_material_change_detection.fit module

	geowatch.tasks.rutgers_material_change_detection.predict module
	Evaluator
	Evaluator._build_dataset()

	Evaluator._build_model()

	Evaluator.gen_kwcoco_file()









	geowatch.tasks.rutgers_material_change_detection.predict_sc module
	main()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.datasets.bigearthnet module


	
class geowatch.tasks.rutgers_material_seg.datasets.bigearthnet.BigEarthNetDataset(root, transforms, split='train', crop_size=300, channels='B02|B03|B04', rnd_seed=0)

	Bases: Dataset


	
label_names_to_onehot(label_names: list [https://docs.python.org/3/library/stdtypes.html#list])

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.datasets.deepglobe module


	
class geowatch.tasks.rutgers_material_seg.datasets.deepglobe.RandomCrop(size, padding=None, pad_if_needed=True, fill=0, padding_mode='constant')

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
static get_params(img, output_size)

	








	
class geowatch.tasks.rutgers_material_seg.datasets.deepglobe.DeepGlobeDataset(root, transforms, channels=None, split=False, crop_size=64)

	Bases: object [https://docs.python.org/3/library/functions.html#object]








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.datasets.dynamicearthnet module


	
class geowatch.tasks.rutgers_material_seg.datasets.dynamicearthnet.DynEarthNetDataset(root, transforms, split, crop_size=300, channels='B02|B03|B04', seed_num=0)

	Bases: Dataset

Assumptions:
- Only using data with labels (10 regions)
- Test split does not have labels



	Need to submit results to:




https://competitions.codalab.org/competitions/30441#participate-submit_results





	Divide splits based on regions.











            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.datasets.hrscd module


	
class geowatch.tasks.rutgers_material_seg.datasets.hrscd.RandomCrop(size, padding=None, pad_if_needed=True, fill=0, padding_mode='constant')

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
static get_params(img, output_size)

	








	
class geowatch.tasks.rutgers_material_seg.datasets.hrscd.HRSCDDataset(root, transforms, channels=None, split=False, crop_size=64)

	Bases: object [https://docs.python.org/3/library/functions.html#object]








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.datasets.iarpa_contrastive_dataset module


	
class geowatch.tasks.rutgers_material_seg.datasets.iarpa_contrastive_dataset.SequenceDataset(sampler, window_dims, input_dims=None, channels=None, rng=None, training=True, window_overlap=0.0, inference_only=False)

	Bases: Dataset

Example

>>> from geowatch.tasks.rutgers_material_seg.datasets.iarpa_contrastive_dataset import *  # NOQA
>>> import ndsampler
>>> import itertools as it
>>> sampler = ndsampler.CocoSampler.demo('vidshapes8', image_size=(64, 64))
>>> channels = 'r|g|b'
>>> window_dims = (2, 128, 128)
>>> self = SequenceDataset(sampler, window_dims=window_dims, training=False, channels=channels)
>>> index_iter = it.count()
>>> index = next(index_iter)
>>> item = self[index]
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import kwplot
>>> import einops
>>> kwplot.autompl()
>>> frames = item['inputs']['im'].data
>>> frame_masks = item['label']['class_masks'].data
>>> frames_ = einops.rearrange(frames, 'c t h w -> t c h w').numpy()
>>> frames_ = kwimage.normalize_intensity(frames_)
>>> frames_ = np.nan_to_num(frames_)
>>> pnum_ = kwplot.PlotNums(nSubplots=len(frames_))
>>> for frame, mask in zip(frames_, frame_masks):
>>>     kwplot.imshow(frame, pnum=pnum_())
>>>     heatmap = kwimage.Heatmap(class_idx=mask, classes=self.sampler.classes)
>>>     heatmap.draw(with_alpha=0.3)





[image: ../_images/fig_geowatch_tasks_rutgers_material_seg_datasets_iarpa_contrastive_dataset_SequenceDataset_002.jpeg]
Example

>>> from geowatch.tasks.rutgers_material_seg.datasets.iarpa_contrastive_dataset import *  # NOQA
>>> import ndsampler
>>> import itertools as it
>>> sampler = ndsampler.CocoSampler.demo('vidshapes8-msi', image_size=(64, 64))
>>> channels = 'B1|B8|B11'
>>> window_dims = (2, 128, 128)
>>> self = SequenceDataset(sampler, window_dims=window_dims, training=False, inference_only=True, channels=channels)
>>> index_iter = it.count()
>>> index = next(index_iter)
>>> item = self[index]
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import kwplot
>>> import einops
>>> kwplot.autompl()
>>> frames = item['inputs']['im'].data
>>> assert 'label' not in item
>>> frames_ = einops.rearrange(frames, 'c t h w -> t c h w').numpy()
>>> frames_ = kwimage.normalize_intensity(frames_)
>>> frames_ = np.nan_to_num(frames_)
>>> pnum_ = kwplot.PlotNums(nSubplots=len(frames_))
>>> for frame in frames_:
>>>     kwplot.imshow(frame, pnum=pnum_())





[image: ../_images/fig_geowatch_tasks_rutgers_material_seg_datasets_iarpa_contrastive_dataset_SequenceDataset_003.jpeg]

	
make_loader(batch_size=16, num_workers=0, shuffle=False, pin_memory=True, drop_last=True, multiscale=False, num_batches='auto', xpu=None)

	Create a loader for this dataset with custom sampling logic and
container collation.










	
geowatch.tasks.rutgers_material_seg.datasets.iarpa_contrastive_dataset.worker_init_fn(worker_id)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.datasets.iarpa_dataset module


	
class geowatch.tasks.rutgers_material_seg.datasets.iarpa_dataset.SequenceDataset(sampler, window_dims, input_dims=None, channels=None, rng=None, window_overlap=0.0)

	Bases: Dataset


	
make_loader(batch_size=16, num_workers=0, shuffle=False, pin_memory=True, drop_last=True, multiscale=False, balance=False, num_batches='auto', xpu=None)

	Create a loader for this dataset with custom sampling logic and
container collation.










	
geowatch.tasks.rutgers_material_seg.datasets.iarpa_dataset.worker_init_fn(worker_id)

	




	
geowatch.tasks.rutgers_material_seg.datasets.iarpa_dataset.decollate_batch(batch)

	Breakup a collated batch of BatchContainers back into ItemContainers








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.datasets.inria module


	
class geowatch.tasks.rutgers_material_seg.datasets.inria.InriaDataset(root: str [https://docs.python.org/3/library/stdtypes.html#str], transforms: object [https://docs.python.org/3/library/functions.html#object], split: str [https://docs.python.org/3/library/stdtypes.html#str] = False)

	Bases: object [https://docs.python.org/3/library/functions.html#object]








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.datasets.s2_self module


	
class geowatch.tasks.rutgers_material_seg.datasets.s2_self.S2SelfCollectDataset(root, transforms, split=False, crop_size=300, channels='B02|B03|B04')

	Bases: object [https://docs.python.org/3/library/functions.html#object]








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.datasets.s2mcp module


	
class geowatch.tasks.rutgers_material_seg.datasets.s2mcp.S2MCPDataset(root, transforms, split=False, crop_size=300)

	Bases: object [https://docs.python.org/3/library/functions.html#object]








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.datasets.spacenet module


	
class geowatch.tasks.rutgers_material_seg.datasets.spacenet.RandomCrop(size, padding=None, pad_if_needed=True, fill=0, padding_mode='constant')

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
static get_params(img, output_size)

	








	
class geowatch.tasks.rutgers_material_seg.datasets.spacenet.HRSCDDataset(root, transforms, channels=None, split=False, crop_size=64)

	Bases: object [https://docs.python.org/3/library/functions.html#object]








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.datasets.spacenet2 module


	
class geowatch.tasks.rutgers_material_seg.datasets.spacenet2.RandomCrop(size, padding=None, pad_if_needed=True, fill=0, padding_mode='constant')

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
static get_params(img, output_size)

	








	
class geowatch.tasks.rutgers_material_seg.datasets.spacenet2.SpaceNet2Dataset(root, transforms, channels=None, split=False, crop_size=64)

	Bases: object [https://docs.python.org/3/library/functions.html#object]








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.datasets.sysucd module


	
class geowatch.tasks.rutgers_material_seg.datasets.sysucd.RandomCrop(size, padding=None, pad_if_needed=True, fill=0, padding_mode='constant')

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
static get_params(img, output_size)

	








	
class geowatch.tasks.rutgers_material_seg.datasets.sysucd.SYSUCDDataset(root, transforms, split=False)

	Bases: object [https://docs.python.org/3/library/functions.html#object]








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.datasets package


Submodules



	geowatch.tasks.rutgers_material_seg.datasets.bigearthnet module
	BigEarthNetDataset
	BigEarthNetDataset.label_names_to_onehot()









	geowatch.tasks.rutgers_material_seg.datasets.deepglobe module
	RandomCrop
	RandomCrop.get_params()





	DeepGlobeDataset





	geowatch.tasks.rutgers_material_seg.datasets.dynamicearthnet module
	DynEarthNetDataset





	geowatch.tasks.rutgers_material_seg.datasets.hrscd module
	RandomCrop
	RandomCrop.get_params()





	HRSCDDataset





	geowatch.tasks.rutgers_material_seg.datasets.iarpa_contrastive_dataset module
	SequenceDataset
	SequenceDataset.make_loader()





	worker_init_fn()





	geowatch.tasks.rutgers_material_seg.datasets.iarpa_dataset module
	SequenceDataset
	SequenceDataset.make_loader()





	worker_init_fn()

	decollate_batch()





	geowatch.tasks.rutgers_material_seg.datasets.inria module
	InriaDataset





	geowatch.tasks.rutgers_material_seg.datasets.s2_self module
	S2SelfCollectDataset





	geowatch.tasks.rutgers_material_seg.datasets.s2mcp module
	S2MCPDataset





	geowatch.tasks.rutgers_material_seg.datasets.spacenet module
	RandomCrop
	RandomCrop.get_params()





	HRSCDDataset





	geowatch.tasks.rutgers_material_seg.datasets.spacenet2 module
	RandomCrop
	RandomCrop.get_params()





	SpaceNet2Dataset





	geowatch.tasks.rutgers_material_seg.datasets.sysucd module
	RandomCrop
	RandomCrop.get_params()





	SYSUCDDataset











Module contents


	
class geowatch.tasks.rutgers_material_seg.datasets.DeepGlobeDataset(root, transforms, channels=None, split=False, crop_size=64)

	Bases: object [https://docs.python.org/3/library/functions.html#object]






	
geowatch.tasks.rutgers_material_seg.datasets.decollate_batch(batch)

	Breakup a collated batch of BatchContainers back into ItemContainers






	
geowatch.tasks.rutgers_material_seg.datasets.worker_init_fn(worker_id)

	







            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.fit module




            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.canny_edge module


	
geowatch.tasks.rutgers_material_seg.models.canny_edge.get_gaussian_kernel(k=3, mu=0, sigma=1, normalize=True)

	




	
geowatch.tasks.rutgers_material_seg.models.canny_edge.get_sobel_kernel(k=3)

	




	
geowatch.tasks.rutgers_material_seg.models.canny_edge.get_thin_kernels(start=0, end=360, step=45)

	




	
class geowatch.tasks.rutgers_material_seg.models.canny_edge.CannyFilter(k_gaussian=3, mu=0, sigma=1, k_sobel=3, use_cuda=False)

	Bases: Module


	
forward(img, low_threshold=None, high_threshold=None, hysteresis=False)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.deeplab module

ResNet in PyTorch.
ImageNet-Style ResNet
[1] Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian Sun


Deep Residual Learning for Image Recognition. arXiv:1512.03385




Adapted from: https://github.com/bearpaw/pytorch-classification


	
class geowatch.tasks.rutgers_material_seg.models.deeplab.ASPP(C, depth, num_classes, conv=<class 'torch.nn.modules.conv.Conv2d'>, norm=<class 'torch.nn.modules.batchnorm.BatchNorm2d'>, momentum=0.0003, mult=1)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.deeplab.DoubleConv(in_channels, out_channels)

	Bases: Module

(convolution => [BN] => ReLU) * 2


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.deeplab.Up(in_channels, out_channels, bilinear=True)

	Bases: Module

Upscaling then double conv


	
forward(x1, x2)

	








	
class geowatch.tasks.rutgers_material_seg.models.deeplab.BasicBlock(in_planes, planes, stride=1, is_last=False)

	Bases: Module


	
expansion = 1

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.deeplab.Bottleneck(in_planes, planes, stride=1, is_last=False)

	Bases: Module


	
expansion = 4

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.deeplab.ResNet(block, num_blocks, num_channels=3, zero_init_residual=False, pretrained=False, num_classes=None, beta=False, weight_std=False, num_groups=32, out_dim=128, feats=[64, 128, 256, 512, 256])

	Bases: Module


	
_make_layer(block, planes, num_blocks, stride)

	




	
forward(x, layer=100)

	








	
geowatch.tasks.rutgers_material_seg.models.deeplab.resnet18(**kwargs)

	




	
geowatch.tasks.rutgers_material_seg.models.deeplab.resnet34(pretrained=False, **kwargs)

	Constructs a ResNet-34 model.


	Parameters:

	pretrained (bool) – If True, returns a model pre-trained on ImageNet










	
geowatch.tasks.rutgers_material_seg.models.deeplab.resnet50(**kwargs)

	




	
geowatch.tasks.rutgers_material_seg.models.deeplab.resnet101(**kwargs)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.deeplabWS module


	
class geowatch.tasks.rutgers_material_seg.models.deeplabWS.ResNet(block, layers, num_classes, num_groups=None, weight_std=True, beta=False, num_channels=3, feats=None, out_dim=None)

	Bases: Module


	
_make_layer(block, planes, blocks, stride=1, dilation=1)

	




	
forward(x)

	








	
geowatch.tasks.rutgers_material_seg.models.deeplabWS.resnet50(pretrained=False, **kwargs)

	Constructs a ResNet-50 model.


	Parameters:

	pretrained (bool) – If True, returns a model pre-trained on ImageNet










	
geowatch.tasks.rutgers_material_seg.models.deeplabWS.resnet101(pretrained=False, num_groups=None, weight_std=False, **kwargs)

	Constructs a ResNet-101 model.


	Parameters:

	pretrained (bool) – If True, returns a model pre-trained on ImageNet










	
geowatch.tasks.rutgers_material_seg.models.deeplabWS.resnet152(pretrained=False, **kwargs)

	Constructs a ResNet-152 model.


	Parameters:

	pretrained (bool) – If True, returns a model pre-trained on ImageNet












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.deeplab_diff module

ResNet in PyTorch.
ImageNet-Style ResNet
[1] Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian Sun


Deep Residual Learning for Image Recognition. arXiv:1512.03385




Adapted from: https://github.com/bearpaw/pytorch-classification


	
class geowatch.tasks.rutgers_material_seg.models.deeplab_diff.ASPP(C, depth, num_classes, conv=<class 'torch.nn.modules.conv.Conv2d'>, norm=<class 'torch.nn.modules.batchnorm.BatchNorm2d'>, momentum=0.0003, mult=1)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.deeplab_diff.DoubleConv(in_channels, out_channels)

	Bases: Module

(convolution => [BN] => ReLU) * 2


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.deeplab_diff.Up(in_channels, out_channels, bilinear=True)

	Bases: Module

Upscaling then double conv


	
forward(x1, x2)

	








	
class geowatch.tasks.rutgers_material_seg.models.deeplab_diff.BasicBlock(in_planes, planes, stride=1, is_last=False)

	Bases: Module


	
expansion = 1

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.deeplab_diff.Bottleneck(in_planes, planes, stride=1, is_last=False)

	Bases: Module


	
expansion = 4

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.deeplab_diff.ResNet(block, num_blocks, num_channels=3, zero_init_residual=False, pretrained=False, num_classes=None, beta=False, weight_std=False, num_groups=32, out_dim=128, feats=[64, 128, 256, 512, 256])

	Bases: Module


	
_make_layer(block, planes, num_blocks, stride)

	




	
forward(img1, img2, layer=100)

	








	
geowatch.tasks.rutgers_material_seg.models.deeplab_diff.resnet18(**kwargs)

	




	
geowatch.tasks.rutgers_material_seg.models.deeplab_diff.resnet34(pretrained=False, **kwargs)

	Constructs a ResNet-34 model.


	Parameters:

	pretrained (bool) – If True, returns a model pre-trained on ImageNet










	
geowatch.tasks.rutgers_material_seg.models.deeplab_diff.resnet50(**kwargs)

	




	
geowatch.tasks.rutgers_material_seg.models.deeplab_diff.resnet101(**kwargs)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.encoding module


	
class geowatch.tasks.rutgers_material_seg.models.encoding.Encoding(channels, num_codes)

	Bases: Module

Encoding Layer: a learnable residual encoder.

Input is of shape  (batch_size, channels, height, width).
Output is of shape (batch_size, num_codes, channels).


	Parameters:

	
	channels – dimension of the features or feature channels


	num_codes – number of code words









	
static scaled_l2(x, codewords, scale)

	




	
static aggregate(assignment_weights, x, codewords)

	




	
forward(x)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.gci module


	
class geowatch.tasks.rutgers_material_seg.models.gci.Pre_Norm_Conv2d(in_channels, out_channels, kernel_size, stride=1, padding=0, dilation=1, groups=1, bias=True)

	Bases: Conv2d


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.gci.GCI(NormLayer=<class 'torch.nn.modules.batchnorm.BatchNorm2d'>)

	Bases: Module

Global Cue Injection
Takes shallow features with low receptive
field and augments it with global info via
adaptive instance normalisation


	
_conv2d(*args, **kwargs)

	




	
_bnorm(*args, **kwargs)

	




	
_init_params()

	




	
forward(x, y)

	Forward pass


	Parameters:

	
	x – shalow features


	y – deep features













	
_adin_conv(x, y)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.linear_classifier module


	
class geowatch.tasks.rutgers_material_seg.models.linear_classifier.VSNet(num_channels=3, num_classes=3, bilinear=True, pretrained=False, beta=False, weight_std=False, num_groups=32)

	Bases: Module


	
forward(image)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.losses module


	
geowatch.tasks.rutgers_material_seg.models.losses.SoftCE(predicted, target)

	




	
class geowatch.tasks.rutgers_material_seg.models.losses.CrossEntropyLabelSmooth(num_classes, epsilon=0.1)

	Bases: Module

Cross entropy loss with label smoothing regularizer.

Reference:
Szegedy et al. Rethinking the Inception Architecture for Computer Vision. CVPR 2016.
Equation: y = (1 - epsilon) * y + epsilon / K.


	Parameters:

	
	num_classes (int) – number of classes.


	epsilon (float) – weight.









	
forward(inputs, targets)

	
	Parameters:

	
	inputs – prediction matrix (before softmax) with shape (batch_size, num_classes)


	targets – ground truth labels with shape (num_classes)

















	
class geowatch.tasks.rutgers_material_seg.models.losses.SoftEntropy

	Bases: Module


	
forward(inputs, targets)

	








	
class geowatch.tasks.rutgers_material_seg.models.losses.QuadrupletLoss(margin1=2.0, margin2=1.0)

	Bases: Module

Quadruplet loss function.
Builds on the Triplet Loss and takes 4 data input: one anchor, one positive
and two negative examples. The negative examples needs not to be matching
the anchor, the positive and each other.


	
forward(anchor, positive, negative1, negative2)

	








	
geowatch.tasks.rutgers_material_seg.models.losses.simCLR_loss(features, temperature=0.07, device='cuda')

	




	
class geowatch.tasks.rutgers_material_seg.models.losses.SupConLoss(temperature=0.07, contrast_mode='all', base_temperature=0.07)

	Bases: Module

Supervised Contrastive Learning: https://arxiv.org/pdf/2004.11362.pdf.
It also supports the unsupervised contrastive loss in SimCLR


	
forward(features, labels=None, mask=None)

	Compute loss for model. If both labels and mask are None,
it degenerates to SimCLR unsupervised loss:
https://arxiv.org/pdf/2002.05709.pdf


	Parameters:

	
	features – hidden vector of shape [bsz, n_views, …].


	labels – ground truth of shape [bsz].


	mask – contrastive mask of shape [bsz, bsz], mask_{i,j}=1 if sample j
has the same class as sample i. Can be asymmetric.






	Returns:

	A loss scalar.














	
class geowatch.tasks.rutgers_material_seg.models.losses.SoftSupConLoss(temperature=0.07, contrast_mode='all', base_temperature=0.07)

	Bases: Module

Supervised Contrastive Learning: https://arxiv.org/pdf/2004.11362.pdf.
It also supports the unsupervised contrastive loss in SimCLR


	
forward(features, labels=None, soft_mask=None)

	Compute loss for model. If both labels and mask are None,
it degenerates to SimCLR unsupervised loss:
https://arxiv.org/pdf/2002.05709.pdf


	Parameters:

	
	features – hidden vector of shape [bsz, n_views, …].


	labels – ground truth of shape [bsz].


	mask – contrastive mask of shape [bsz, bsz], mask_{i,j}=1 if sample j
has the same class as sample i. Can be asymmetric.






	Returns:

	A loss scalar.
















            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.moco module


	
class geowatch.tasks.rutgers_material_seg.models.moco.MoCo(base_encoder, dim=128, K=65536, m=0.999, T=0.07, mlp=False)

	Bases: Module

Build a MoCo model with: a query encoder, a key encoder, and a queue
https://arxiv.org/abs/1911.05722

dim: feature dimension (default: 128)
K: queue size; number of negative keys (default: 65536)
m: moco momentum of updating key encoder (default: 0.999)
T: softmax temperature (default: 0.07)


	
_momentum_update_key_encoder()

	Momentum update of the key encoder






	
_dequeue_and_enqueue(keys)

	




	
_batch_shuffle_ddp(x)

	Batch shuffle, for making use of BatchNorm.
* Only support DistributedDataParallel (DDP) model. *






	
_batch_unshuffle_ddp(x, idx_unshuffle)

	Undo batch shuffle.
* Only support DistributedDataParallel (DDP) model. *






	
forward(im_q, im_k)

	
	Input:
	im_q: a batch of query images
im_k: a batch of key images



	Output:
	logits, targets














	
geowatch.tasks.rutgers_material_seg.models.moco.concat_all_gather(tensor)

	Performs all_gather operation on the provided tensors.
* Warning *: torch.distributed.all_gather has no gradient.








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.quantizer module


	
class geowatch.tasks.rutgers_material_seg.models.quantizer.Quantizer(n_clusters, max_iter=100, tol=0.0001, verbose=0, mode='euclidean', minibatch=None)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Kmeans clustering algorithm implemented with PyTorch


	Parameters:

	
	n_clusters – int,
Number of clusters


	max_iter – int, default: 100
Maximum number of iterations


	tol – float, default: 0.0001
Tolerance


	verbose – int, default: 0
Verbosity


	mode – {‘euclidean’, ‘cosine’}, default: ‘euclidean’
Type of distance measure


	minibatch – {None, int}, default: None
Batch size of MinibatchKmeans algorithm
if None perform full KMeans algorithm






	Variables:

	centroids – torch.Tensor, shape: [n_clusters, n_features]
cluster centroids






	
static cos_sim(a, b)

	Compute cosine similarity of 2 sets of vectors

Parameters:
a: torch.Tensor, shape: [m, n_features]

b: torch.Tensor, shape: [n, n_features]






	
static euc_sim(a, b)

	Compute euclidean similarity of 2 sets of vectors

Parameters:
a: torch.Tensor, shape: [m, n_features]

b: torch.Tensor, shape: [n, n_features]






	
remaining_memory()

	Get remaining memory in gpu






	
max_sim(a, b)

	Compute maximum similarity (or minimum distance) of each vector
in a with all of the vectors in b

Parameters:
a: torch.Tensor, shape: [m, n_features]

b: torch.Tensor, shape: [n, n_features]






	
fit_predict(X, centroids=None)

	Combination of fit() and predict() methods.
This is faster than calling fit() and predict() seperately.

Parameters:
X: torch.Tensor, shape: [n_samples, n_features]


	centroids: {torch.Tensor, None}, default: None
	if given, centroids will be initialized with given tensor
if None, centroids will be randomly chosen from X





Return:
labels: torch.Tensor, shape: [n_samples]






	
predict(X)

	Predict the closest cluster each sample in X belongs to

Parameters:
X: torch.Tensor, shape: [n_samples, n_features]

Return:
labels: torch.Tensor, shape: [n_samples]






	
fit(X, centroids=None)

	Parameters:
X: torch.Tensor, shape: [n_samples, n_features]












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.resnet module

ResNet in PyTorch.
ImageNet-Style ResNet
[1] Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian Sun


Deep Residual Learning for Image Recognition. arXiv:1512.03385




Adapted from: https://github.com/bearpaw/pytorch-classification


	
class geowatch.tasks.rutgers_material_seg.models.resnet.ASPP(C, depth, num_classes, conv=<class 'torch.nn.modules.conv.Conv2d'>, norm=<class 'torch.nn.modules.batchnorm.BatchNorm2d'>, momentum=0.0003, mult=1)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet.BasicBlock(in_planes, planes, stride=1, is_last=False)

	Bases: Module


	
expansion = 1

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet.Bottleneck(in_planes, planes, stride=1, is_last=False)

	Bases: Module


	
expansion = 4

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet.ResNet(block, num_blocks, num_channels=3, zero_init_residual=False, pretrained=False, num_classes=None, beta=False, weight_std=False, num_groups=32, out_dim=128, feats=[64, 64, 128, 256, 512])

	Bases: Module


	
_make_layer(block, planes, num_blocks, stride)

	




	
forward(x, layer=100)

	








	
geowatch.tasks.rutgers_material_seg.models.resnet.resnet18(**kwargs)

	




	
geowatch.tasks.rutgers_material_seg.models.resnet.resnet34(pretrained=False, **kwargs)

	




	
geowatch.tasks.rutgers_material_seg.models.resnet.resnet50(**kwargs)

	




	
geowatch.tasks.rutgers_material_seg.models.resnet.resnet101(**kwargs)

	




	
class geowatch.tasks.rutgers_material_seg.models.resnet.LinearBatchNorm(dim, affine=True)

	Bases: Module

Implements BatchNorm1d by BatchNorm2d, for SyncBN purpose


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet.SupConResNet(name='resnet50', head='mlp', feat_dim=128)

	Bases: Module

backbone + projection head


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet.SupCEResNet(name='resnet50', num_classes=10)

	Bases: Module

encoder + classifier


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet.LinearClassifier(name='resnet50', num_classes=10)

	Bases: Module

Linear classifier


	
forward(features)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.resnetGNWS module


	
class geowatch.tasks.rutgers_material_seg.models.resnetGNWS.Conv2d(in_channels, out_channels, kernel_size, stride=1, padding=0, dilation=1, groups=1, bias=True)

	Bases: Conv2d


	
forward(x)

	








	
geowatch.tasks.rutgers_material_seg.models.resnetGNWS.BatchNorm2d(num_features)

	




	
geowatch.tasks.rutgers_material_seg.models.resnetGNWS.conv3x3(in_planes, out_planes, stride=1)

	3x3 convolution with padding






	
geowatch.tasks.rutgers_material_seg.models.resnetGNWS.conv1x1(in_planes, out_planes, stride=1)

	1x1 convolution






	
class geowatch.tasks.rutgers_material_seg.models.resnetGNWS.BasicBlock(inplanes, planes, stride=1, downsample=None)

	Bases: Module


	
expansion = 1

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnetGNWS.Bottleneck(inplanes, planes, stride=1, downsample=None)

	Bases: Module


	
expansion = 4

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnetGNWS.ResNet(block, layers, num_channels=3, num_classes=1000, zero_init_residual=False, pretrained=False, beta=False, weight_std=False, num_groups=32, out_dim=128, feats=[64, 64, 128, 256, 512])

	Bases: Module


	
_make_layer(block, planes, blocks, stride=1)

	




	
forward(x)

	








	
geowatch.tasks.rutgers_material_seg.models.resnetGNWS.resnet18(pretrained=False, **kwargs)

	Constructs a ResNet-18 model.
:Parameters: pretrained (bool) – If True, returns a model pre-trained on ImageNet






	
geowatch.tasks.rutgers_material_seg.models.resnetGNWS.resnet34(pretrained=False, **kwargs)

	Constructs a ResNet-34 model.
:Parameters: pretrained (bool) – If True, returns a model pre-trained on ImageNet






	
geowatch.tasks.rutgers_material_seg.models.resnetGNWS.resnet50(pretrained=False, **kwargs)

	Constructs a ResNet-50 model.
:Parameters: pretrained (bool) – If True, returns a model pre-trained on ImageNet






	
geowatch.tasks.rutgers_material_seg.models.resnetGNWS.resnet101(pretrained=False, **kwargs)

	Constructs a ResNet-101 model.
:Parameters: pretrained (bool) – If True, returns a model pre-trained on ImageNet






	
geowatch.tasks.rutgers_material_seg.models.resnetGNWS.resnet152(pretrained=False, **kwargs)

	Constructs a ResNet-152 model.
:Parameters: pretrained (bool) – If True, returns a model pre-trained on ImageNet








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune module

ResNet in PyTorch.
ImageNet-Style ResNet
[1] Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian Sun


Deep Residual Learning for Image Recognition. arXiv:1512.03385




Adapted from: https://github.com/bearpaw/pytorch-classification


	
class geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.ASPP(C, depth, num_classes, conv=<class 'torch.nn.modules.conv.Conv2d'>, norm=<class 'torch.nn.modules.batchnorm.BatchNorm2d'>, momentum=0.0003, mult=1)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.BasicBlock(in_planes, planes, stride=1, is_last=False)

	Bases: Module


	
expansion = 1

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.Bottleneck(in_planes, planes, stride=1, is_last=False)

	Bases: Module


	
expansion = 4

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.ResNet(block, num_blocks, num_channels=3, zero_init_residual=False, pretrained=False, num_classes=None, beta=False, weight_std=False, num_groups=32, out_dim=128, feats=[64, 64, 128, 256, 512])

	Bases: Module


	
_make_layer(block, planes, num_blocks, stride)

	




	
forward(x, layer=100)

	








	
geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.resnet18(**kwargs)

	




	
geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.resnet34(pretrained=False, **kwargs)

	




	
geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.resnet50(**kwargs)

	




	
geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.resnet101(**kwargs)

	




	
class geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.LinearBatchNorm(dim, affine=True)

	Bases: Module

Implements BatchNorm1d by BatchNorm2d, for SyncBN purpose


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.SupConResNet(name='resnet50', head='mlp', feat_dim=128)

	Bases: Module

backbone + projection head


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.SupCEResNet(name='resnet50', num_classes=10)

	Bases: Module

encoder + classifier


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune.LinearClassifier(name='resnet50', num_classes=10)

	Bases: Module

Linear classifier


	
forward(features)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.resnet_enc module

ResNet in PyTorch.
ImageNet-Style ResNet
[1] Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian Sun


Deep Residual Learning for Image Recognition. arXiv:1512.03385




Adapted from: https://github.com/bearpaw/pytorch-classification


	
class geowatch.tasks.rutgers_material_seg.models.resnet_enc.ASPP(C, depth, num_classes, conv=<class 'torch.nn.modules.conv.Conv2d'>, norm=<class 'torch.nn.modules.batchnorm.BatchNorm2d'>, momentum=0.0003, mult=1)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet_enc.BasicBlock(in_planes, planes, stride=1, is_last=False)

	Bases: Module


	
expansion = 1

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet_enc.Bottleneck(in_planes, planes, stride=1, is_last=False)

	Bases: Module


	
expansion = 4

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet_enc.ResNet(block, num_blocks, num_channels=3, zero_init_residual=False, pretrained=False, num_classes=None, beta=False, weight_std=False, num_groups=32, out_dim=128, feats=[64, 64, 128, 256, 512])

	Bases: Module


	
_make_layer(block, planes, num_blocks, stride)

	




	
uncrop(cropped_image, params, H, W)

	




	
forward(x, original_image, sampled_crops)

	








	
geowatch.tasks.rutgers_material_seg.models.resnet_enc.resnet18(**kwargs)

	




	
geowatch.tasks.rutgers_material_seg.models.resnet_enc.resnet34(**kwargs)

	




	
geowatch.tasks.rutgers_material_seg.models.resnet_enc.resnet50(**kwargs)

	




	
geowatch.tasks.rutgers_material_seg.models.resnet_enc.resnet101(**kwargs)

	




	
class geowatch.tasks.rutgers_material_seg.models.resnet_enc.LinearBatchNorm(dim, affine=True)

	Bases: Module

Implements BatchNorm1d by BatchNorm2d, for SyncBN purpose


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet_enc.SupConResNet(name='resnet50', head='mlp', feat_dim=128)

	Bases: Module

backbone + projection head


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet_enc.SupCEResNet(name='resnet50', num_classes=10)

	Bases: Module

encoder + classifier


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.resnet_enc.LinearClassifier(name='resnet50', num_classes=10)

	Bases: Module

Linear classifier


	
forward(features)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.sg module


	
class geowatch.tasks.rutgers_material_seg.models.sg.StochasticGate

	Bases: Module

Stochastically merges features from two levels
with varying size of the receptive field


	
forward(x1, x2, alpha_rate=0.3)

	Stochastic Gate (SG)

SG stochastically mixes deep and shallow features
at training time and deterministically combines
them at test time with a hyperparam. alpha












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.shallow_seg module


	
class geowatch.tasks.rutgers_material_seg.models.shallow_seg.Conv2d(in_channels, out_channels, kernel_size, stride=1, padding=0, dilation=1, groups=1, bias=True)

	Bases: Conv2d


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.shallow_seg.DoubleConv(in_channels, out_channels)

	Bases: Module

(convolution => [BN] => ReLU) * 2


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.shallow_seg.Down(in_channels, out_channels)

	Bases: Module

Downscaling with maxpool then double conv


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.shallow_seg.Up(in_channels, out_channels, bilinear=True)

	Bases: Module

Upscaling then double conv


	
forward(x1, x2)

	








	
class geowatch.tasks.rutgers_material_seg.models.shallow_seg.OutConv(in_channels, out_channels)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.shallow_seg.ShallowSeg(num_channels=3, num_classes=3, bilinear=True, pretrained=False, beta=False, weight_std=False, num_groups=32, out_dim=128, feats=[64, 64, 128, 256, 512])

	Bases: Module


	
forward(x)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.supcon module

ResNet in PyTorch.
ImageNet-Style ResNet
[1] Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian Sun


Deep Residual Learning for Image Recognition. arXiv:1512.03385




Adapted from: https://github.com/bearpaw/pytorch-classification


	
class geowatch.tasks.rutgers_material_seg.models.supcon.BasicBlock(in_planes, planes, stride=1, is_last=False)

	Bases: Module


	
expansion = 1

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.supcon.Bottleneck(in_planes, planes, stride=1, is_last=False)

	Bases: Module


	
expansion = 4

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.supcon.ResNet(block, num_blocks, in_channel=3, zero_init_residual=False)

	Bases: Module


	
_make_layer(block, planes, num_blocks, stride)

	




	
forward(x, layer=100)

	








	
geowatch.tasks.rutgers_material_seg.models.supcon.resnet18(**kwargs)

	




	
geowatch.tasks.rutgers_material_seg.models.supcon.resnet34(**kwargs)

	




	
geowatch.tasks.rutgers_material_seg.models.supcon.resnet50(**kwargs)

	




	
geowatch.tasks.rutgers_material_seg.models.supcon.resnet101(**kwargs)

	




	
class geowatch.tasks.rutgers_material_seg.models.supcon.LinearBatchNorm(dim, affine=True)

	Bases: Module

Implements BatchNorm1d by BatchNorm2d, for SyncBN purpose


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.supcon.SupConResNet(name='resnet50', head='mlp', feat_dim=128)

	Bases: Module

backbone + projection head


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.supcon.SupCEResNet(name='resnet50', num_classes=10)

	Bases: Module

encoder + classifier


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.supcon.LinearClassifier(name='resnet50', num_classes=10)

	Bases: Module

Linear classifier


	
forward(features)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.tex_refine module


	
class geowatch.tasks.rutgers_material_seg.models.tex_refine.LocalAffinity(dilations=[1])

	Bases: Module


	
_init_aff()

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.tex_refine.LocalAffinityCopy(dilations=[1])

	Bases: LocalAffinity


	
_init_aff()

	








	
class geowatch.tasks.rutgers_material_seg.models.tex_refine.LocalStDev(dilations=[1])

	Bases: LocalAffinity


	
_init_aff()

	




	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.tex_refine.LocalAffinityAbs(dilations=[1])

	Bases: LocalAffinity


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.tex_refine.TeRN(num_iter=10, dilations=[1])

	Bases: Module


	
forward(x, mask)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.transformer_model module


	
geowatch.tasks.rutgers_material_seg.models.transformer_model.swish(x)

	




	
geowatch.tasks.rutgers_material_seg.models.transformer_model.gelu(x)

	




	
geowatch.tasks.rutgers_material_seg.models.transformer_model.mish(x)

	




	
class geowatch.tasks.rutgers_material_seg.models.transformer_model.TransConfig(patch_size, in_channels, out_channels, sample_rate=4, hidden_size=768, num_hidden_layers=8, num_attention_heads=6, intermediate_size=1024, hidden_act='gelu', hidden_dropout_prob=0.1, attention_probs_dropout_prob=0.1, max_position_embeddings=512, initializer_range=0.02, layer_norm_eps=1e-12)

	Bases: object [https://docs.python.org/3/library/functions.html#object]






	
class geowatch.tasks.rutgers_material_seg.models.transformer_model.TransLayerNorm(hidden_size, eps=1e-12)

	Bases: Module

Construct a layernorm module in the TF style (epsilon inside the square root).


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.transformer_model.TransEmbeddings(config)

	Bases: Module

Construct the embeddings from word, position and token_type embeddings.


	
forward(input_ids)

	








	
class geowatch.tasks.rutgers_material_seg.models.transformer_model.TransSelfAttention(config: TransConfig)

	Bases: Module


	
transpose_for_scores(x)

	




	
forward(hidden_states)

	








	
class geowatch.tasks.rutgers_material_seg.models.transformer_model.TransSelfOutput(config)

	Bases: Module


	
forward(hidden_states, input_tensor)

	








	
class geowatch.tasks.rutgers_material_seg.models.transformer_model.TransAttention(config)

	Bases: Module


	
forward(hidden_states)

	








	
class geowatch.tasks.rutgers_material_seg.models.transformer_model.TransIntermediate(config)

	Bases: Module


	
forward(hidden_states)

	








	
class geowatch.tasks.rutgers_material_seg.models.transformer_model.TransOutput(config)

	Bases: Module


	
forward(hidden_states, input_tensor)

	








	
class geowatch.tasks.rutgers_material_seg.models.transformer_model.TransLayer(config)

	Bases: Module


	
forward(hidden_states)

	








	
class geowatch.tasks.rutgers_material_seg.models.transformer_model.TransEncoder(config)

	Bases: Module


	
forward(hidden_states, output_all_encoded_layers=True)

	








	
class geowatch.tasks.rutgers_material_seg.models.transformer_model.InputDense2d(config)

	Bases: Module


	
forward(hidden_states)

	








	
class geowatch.tasks.rutgers_material_seg.models.transformer_model.InputDense3d(config)

	Bases: Module


	
forward(hidden_states)

	








	
class geowatch.tasks.rutgers_material_seg.models.transformer_model.TransModel2d(config)

	Bases: Module


	
forward(input_ids, output_all_encoded_layers=True)

	








	
class geowatch.tasks.rutgers_material_seg.models.transformer_model.TransModel3d(config)

	Bases: Module


	
forward(input_ids, output_all_encoded_layers=True)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models.transformer_seg module


	
class geowatch.tasks.rutgers_material_seg.models.transformer_seg.Encoder2D(config: TransConfig, is_segmentation=True)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.transformer_seg.PreTrainModel(patch_size, in_channels, out_class, hidden_size=1024, num_hidden_layers=8, num_attention_heads=16, decode_features=[512, 256, 128, 64])

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.transformer_seg.Vit(patch_size, in_channels, out_class, hidden_size=1024, num_hidden_layers=8, num_attention_heads=16, sample_rate=4)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.transformer_seg.Decoder2D(in_channels, out_channels, features=[512, 256, 128, 64])

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.rutgers_material_seg.models.transformer_seg.SETRModel(patch_size=(32, 32), in_channels=3, out_channels=1, hidden_size=1024, num_hidden_layers=8, num_attention_heads=16, decode_features=[512, 256, 128, 64], sample_rate=4)

	Bases: Module


	
forward(x)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.models package


Submodules



	geowatch.tasks.rutgers_material_seg.models.canny_edge module
	get_gaussian_kernel()

	get_sobel_kernel()

	get_thin_kernels()

	CannyFilter
	CannyFilter.forward()









	geowatch.tasks.rutgers_material_seg.models.deeplab module
	ASPP
	ASPP.forward()





	DoubleConv
	DoubleConv.forward()





	Up
	Up.forward()





	BasicBlock
	BasicBlock.expansion

	BasicBlock.forward()





	Bottleneck
	Bottleneck.expansion

	Bottleneck.forward()





	ResNet
	ResNet._make_layer()

	ResNet.forward()





	resnet18()

	resnet34()

	resnet50()

	resnet101()





	geowatch.tasks.rutgers_material_seg.models.deeplabWS module
	ResNet
	ResNet._make_layer()

	ResNet.forward()





	resnet50()

	resnet101()

	resnet152()





	geowatch.tasks.rutgers_material_seg.models.deeplab_diff module
	ASPP
	ASPP.forward()





	DoubleConv
	DoubleConv.forward()





	Up
	Up.forward()





	BasicBlock
	BasicBlock.expansion

	BasicBlock.forward()





	Bottleneck
	Bottleneck.expansion

	Bottleneck.forward()





	ResNet
	ResNet._make_layer()

	ResNet.forward()





	resnet18()

	resnet34()

	resnet50()

	resnet101()





	geowatch.tasks.rutgers_material_seg.models.encoding module
	Encoding
	Encoding.scaled_l2()

	Encoding.aggregate()

	Encoding.forward()









	geowatch.tasks.rutgers_material_seg.models.gci module
	Pre_Norm_Conv2d
	Pre_Norm_Conv2d.forward()





	GCI
	GCI._conv2d()

	GCI._bnorm()

	GCI._init_params()

	GCI.forward()

	GCI._adin_conv()









	geowatch.tasks.rutgers_material_seg.models.linear_classifier module
	VSNet
	VSNet.forward()









	geowatch.tasks.rutgers_material_seg.models.losses module
	SoftCE()

	CrossEntropyLabelSmooth
	CrossEntropyLabelSmooth.forward()





	SoftEntropy
	SoftEntropy.forward()





	QuadrupletLoss
	QuadrupletLoss.forward()





	simCLR_loss()

	SupConLoss
	SupConLoss.forward()





	SoftSupConLoss
	SoftSupConLoss.forward()









	geowatch.tasks.rutgers_material_seg.models.moco module
	MoCo
	MoCo._momentum_update_key_encoder()

	MoCo._dequeue_and_enqueue()

	MoCo._batch_shuffle_ddp()

	MoCo._batch_unshuffle_ddp()

	MoCo.forward()





	concat_all_gather()





	geowatch.tasks.rutgers_material_seg.models.quantizer module
	Quantizer
	Quantizer.cos_sim()

	Quantizer.euc_sim()

	Quantizer.remaining_memory()

	Quantizer.max_sim()

	Quantizer.fit_predict()

	Quantizer.predict()

	Quantizer.fit()









	geowatch.tasks.rutgers_material_seg.models.resnet module
	ASPP
	ASPP.forward()





	BasicBlock
	BasicBlock.expansion

	BasicBlock.forward()





	Bottleneck
	Bottleneck.expansion

	Bottleneck.forward()





	ResNet
	ResNet._make_layer()

	ResNet.forward()





	resnet18()

	resnet34()

	resnet50()

	resnet101()

	LinearBatchNorm
	LinearBatchNorm.forward()





	SupConResNet
	SupConResNet.forward()





	SupCEResNet
	SupCEResNet.forward()





	LinearClassifier
	LinearClassifier.forward()









	geowatch.tasks.rutgers_material_seg.models.resnetGNWS module
	Conv2d
	Conv2d.forward()





	BatchNorm2d()

	conv3x3()

	conv1x1()

	BasicBlock
	BasicBlock.expansion

	BasicBlock.forward()





	Bottleneck
	Bottleneck.expansion

	Bottleneck.forward()





	ResNet
	ResNet._make_layer()

	ResNet.forward()





	resnet18()

	resnet34()

	resnet50()

	resnet101()

	resnet152()





	geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune module
	ASPP
	ASPP.forward()





	BasicBlock
	BasicBlock.expansion

	BasicBlock.forward()





	Bottleneck
	Bottleneck.expansion

	Bottleneck.forward()





	ResNet
	ResNet._make_layer()

	ResNet.forward()





	resnet18()

	resnet34()

	resnet50()

	resnet101()

	LinearBatchNorm
	LinearBatchNorm.forward()





	SupConResNet
	SupConResNet.forward()





	SupCEResNet
	SupCEResNet.forward()





	LinearClassifier
	LinearClassifier.forward()









	geowatch.tasks.rutgers_material_seg.models.resnet_enc module
	ASPP
	ASPP.forward()





	BasicBlock
	BasicBlock.expansion

	BasicBlock.forward()





	Bottleneck
	Bottleneck.expansion

	Bottleneck.forward()





	ResNet
	ResNet._make_layer()

	ResNet.uncrop()

	ResNet.forward()





	resnet18()

	resnet34()

	resnet50()

	resnet101()

	LinearBatchNorm
	LinearBatchNorm.forward()





	SupConResNet
	SupConResNet.forward()





	SupCEResNet
	SupCEResNet.forward()





	LinearClassifier
	LinearClassifier.forward()









	geowatch.tasks.rutgers_material_seg.models.sg module
	StochasticGate
	StochasticGate.forward()









	geowatch.tasks.rutgers_material_seg.models.shallow_seg module
	Conv2d
	Conv2d.forward()





	DoubleConv
	DoubleConv.forward()





	Down
	Down.forward()





	Up
	Up.forward()





	OutConv
	OutConv.forward()





	ShallowSeg
	ShallowSeg.forward()









	geowatch.tasks.rutgers_material_seg.models.supcon module
	BasicBlock
	BasicBlock.expansion

	BasicBlock.forward()





	Bottleneck
	Bottleneck.expansion

	Bottleneck.forward()





	ResNet
	ResNet._make_layer()

	ResNet.forward()





	resnet18()

	resnet34()

	resnet50()

	resnet101()

	LinearBatchNorm
	LinearBatchNorm.forward()





	SupConResNet
	SupConResNet.forward()





	SupCEResNet
	SupCEResNet.forward()





	LinearClassifier
	LinearClassifier.forward()









	geowatch.tasks.rutgers_material_seg.models.tex_refine module
	LocalAffinity
	LocalAffinity._init_aff()

	LocalAffinity.forward()





	LocalAffinityCopy
	LocalAffinityCopy._init_aff()





	LocalStDev
	LocalStDev._init_aff()

	LocalStDev.forward()





	LocalAffinityAbs
	LocalAffinityAbs.forward()





	TeRN
	TeRN.forward()









	geowatch.tasks.rutgers_material_seg.models.transformer_model module
	swish()

	gelu()

	mish()

	TransConfig

	TransLayerNorm
	TransLayerNorm.forward()





	TransEmbeddings
	TransEmbeddings.forward()





	TransSelfAttention
	TransSelfAttention.transpose_for_scores()

	TransSelfAttention.forward()





	TransSelfOutput
	TransSelfOutput.forward()





	TransAttention
	TransAttention.forward()





	TransIntermediate
	TransIntermediate.forward()





	TransOutput
	TransOutput.forward()





	TransLayer
	TransLayer.forward()





	TransEncoder
	TransEncoder.forward()





	InputDense2d
	InputDense2d.forward()





	InputDense3d
	InputDense3d.forward()





	TransModel2d
	TransModel2d.forward()





	TransModel3d
	TransModel3d.forward()









	geowatch.tasks.rutgers_material_seg.models.transformer_seg module
	Encoder2D
	Encoder2D.forward()





	PreTrainModel
	PreTrainModel.forward()





	Vit
	Vit.forward()





	Decoder2D
	Decoder2D.forward()





	SETRModel
	SETRModel.forward()















Module contents


	
geowatch.tasks.rutgers_material_seg.models.build_model(model_name: str [https://docs.python.org/3/library/stdtypes.html#str] = 'deeplabWS', backbone: str [https://docs.python.org/3/library/stdtypes.html#str] = 'resnet101', **kwargs) → object [https://docs.python.org/3/library/functions.html#object]

	Model building module


	Parameters:

	
	model_name (str, optional) – which model to use, by default “deeplabWS”


	backbone (str, optional) – backbone of model, by default “resnet101”






	Returns:

	model object



	Return type:

	model













            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.predict module

Prediction script for Rutgers Material Semenatic Segmentation Models

CommandLine

export CUDA_VISIBLE_DEVICES=1
DVC_DPATH=$(geowatch_dvc)

KWCOCO_BUNDLE_DPATH=$DVC_DPATH/Drop2-Aligned-TA1-2022-02-15
KWCOCO_BUNDLE_DPATH=$DVC_DPATH/Aligned-Drop3-TA1-2022-03-10
BASE_COCO_FPATH=$KWCOCO_BUNDLE_DPATH/data.kwcoco.json

RUTGERS_MATERIAL_MODEL_FPATH="$DVC_DPATH/models/rutgers/rutgers_peri_materials_v3/experiments_epoch_18_loss_59.014100193977356_valmF1_0.18694573888313187_valChangeF1_0.0_time_2022-02-01-01:53:20.pth"

RUTGERS_MATERIAL_COCO_FPATH=$KWCOCO_BUNDLE_DPATH/rutgers_material_seg_v3.kwcoco.json

# Generate Rutgers Features
python -m geowatch.tasks.rutgers_material_seg.predict \
    --test_dataset=$BASE_COCO_FPATH \
    --checkpoint_fpath=$RUTGERS_MATERIAL_MODEL_FPATH  \
    --default_config_key=iarpa \
    --pred_dataset=$RUTGERS_MATERIAL_COCO_FPATH \
    --num_workers=avail \
    --batch_size=4 --devices auto:1
    --export_raw_features True






	
class geowatch.tasks.rutgers_material_seg.predict.Evaluator(model: object [https://docs.python.org/3/library/functions.html#object], checkpoint_fpath: str [https://docs.python.org/3/library/stdtypes.html#str], input_coco_dset: SequenceDataset, output_coco_dataset: CocoDataset, write_probs: bool [https://docs.python.org/3/library/functions.html#bool] = True, device=None, config: dict [https://docs.python.org/3/library/stdtypes.html#dict] = None, output_feat_dpath: Path [https://docs.python.org/3/library/pathlib.html#pathlib.Path] = None, batch_size=1, num_workers=0, imwrite_kw={}, cache: bool [https://docs.python.org/3/library/functions.html#bool] = False, save_raw_features: bool [https://docs.python.org/3/library/functions.html#bool] = False)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

CommandLine

DVC_DPATH=$(geowatch_dvc)
DVC_DPATH=$DVC_DPATH xdoctest -m geowatch.tasks.rutgers_material_seg.predict Evaluator





Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> from geowatch.tasks.rutgers_material_seg.predict import *  # NOQA
>>> import geowatch
>>> dvc_dpath = geowatch.find_dvc_dpath()
>>> checkpoint_fpath = dvc_dpath / 'models/rutgers/rutgers_peri_materials_v3/experiments_epoch_18_loss_59.014100193977356_valmF1_0.18694573888313187_valChangeF1_0.0_time_2022-02-01-01:53:20.pth'
>>> #checkpoint_fpath = dvc_dpath / 'models/rutgers/experiments_epoch_62_loss_0.09470022770735186_valmIoU_0.5901660531463717_time_2021101T16277.pth'
>>> #  Write out smaller version of the dataset
>>> import kwcoco
>>> dset = kwcoco.CocoDataset(dvc_dpath / 'Drop2-Aligned-TA1-2022-02-15/data_nowv_vali.kwcoco.json')
>>> images = dset.videos(names=['KR_R001']).images[0]
>>> sub_images = images.compress([s != 'WV' for s in images.lookup('sensor_coarse')])[::100]
>>> sub_dset = dset.subset(sub_images)
>>> sub_dset.fpath = (dvc_dpath / 'Drop2-Aligned-TA1-2022-02-15/small_test_data_nowv_vali.kwcoco.json')
>>> sub_dset.dump(sub_dset.fpath)
>>> input_kwcoco = sub_dset.fpath
>>> #
>>> src_coco_fpath = sub_dset.fpath
>>> dst_coco_fpath = dvc_dpath / 'Drop2-Aligned-TA1-2022-02-15/mat_test.kwcoco.json'
>>> kwargs = dict(
>>>     default_config_key='iarpa',
>>>     checkpoint_fpath=checkpoint_fpath,
>>>     test_dataset=src_coco_fpath,
>>>     pred_dataset=dst_coco_fpath,
>>>     feat_dpath=dst_coco_fpath.parent / '_assets/test_rutgers_material_seg',
>>>     devices='auto:1',
>>>     num_workers='avail',
>>>     save_raw_features=1,
>>>     batch_size=32,
>>>     cache=0,
>>>     #num_workers=0,
>>>     #gpu=None,
>>> )
>>> cmdline = False
>>> evaler = build_evaler(cmdline=cmdline, **kwargs)
>>> self = evaler
>>> evaler.forward()





Evaluator class


	Parameters:

	
	model (object) – trained or untrained model


	eval_loader (SequenceDataset) – dataset with evaluation data


	optimizer (object) – optimizer to train with


	scheduler (object) – scheduler to train with


	cache (bool) – if True, will only predict on images that do
not have a feature computed for them yet.









	
_output_path_for_image(gid)

	




	
_features_path_for_image(gid, layer)

	




	
finalize_image(gid, cached=False)

	Finializes the probabilities accumulated in the stitcher for a
particular image, saves it to disk, and updates the kwcoco file in
memory.


	Parameters:

	
	gid (int) – image id to finalize


	cached (bool) – if True, only updates the kwcoco file, assumes
the file exists on disk.













	
eval() → tuple [https://docs.python.org/3/library/stdtypes.html#tuple]

	Execute predictions on the evaluator kwcoco file.

Dumps images and the final kwcoco file to disk.






	
forward() → tuple [https://docs.python.org/3/library/stdtypes.html#tuple]

	forward pass for all epochs


	Parameters:

	
	cometml_experiment (object) – comet ml experiment for logging


	world_size (int, optional) – for distributed training. Defaults to 8.






	Returns:

	(train losses, validation losses, mIoU)



	Return type:

	tuple [https://docs.python.org/3/library/stdtypes.html#tuple]














	
geowatch.tasks.rutgers_material_seg.predict.impute(a, imputation='zero', mask=None)

	Replaces nan values according to a imputation method


	Parameters:

	
	a (Tensor) – input data


	imputation (dict | str) –


	dictionary containing keys:
	method (str): either zeros or mean





if this is a string, it becomes the method in an imputation
dictionary created with auto defaults.



	mask (Tensor) – precomputed nan mask













	
geowatch.tasks.rutgers_material_seg.predict.nan_normalize(a, dim, p=2, imputation='zero', assume_nans=False, keepna=True, mask=None)

	Like torch.functional.normalize, but handles nans


	Parameters:

	
	a (Tensor) – input data


	dim (int) – dimension to normalize over


	p (int) – type of norm


	imputation (dict | str) – See impute()


	dictionary containing keys:
	method (str): either zeros or mean





if this is a string, it becomes the method in an imputation
dictionary created with auto defaults.



	assume_nans (bool) – If true, skips the check if any nans exist and assume they do.
Otherwise we check if there are no nans and just use normal
normalize.


	keepna (bool) – if False, keep the imputed results rather than re-masking them.


	mask (Tensor) – if specified, use these as masked values






	Returns:

	normalized array



	Return type:

	Tensor





Example

>>> shape = (7, 5, 3)
>>> a = data = torch.from_numpy(np.arange(np.prod(shape)).reshape(*shape)).float()
>>> a[0:2, 0:2, 0:2] = float('nan')
>>> dim = 2
>>> p = 2
>>> r1 = nan_normalize(a, dim, p, imputation='zero')
>>> r2 = nan_normalize(a, dim, p, imputation='mean')
>>> assert r1.isnan().sum() == a.isnan().sum()
>>> assert r2.isnan().sum() == a.isnan().sum()





>>> nan_data = torch.full((3, 2), fill_value=float('nan'))
>>> dim = 1
>>> nan_result = nan_normalize(nan_data, dim, p, imputation='mean')
>>> assert torch.isnan(nan_result).all()





>>> # Ensure this works when no nans exist
>>> clean_data = torch.rand(3, 2)
>>> v1 = nan_normalize(clean_data, dim, p, imputation='mean')
>>> v2 = nan_normalize(clean_data, dim, p, imputation='mean', assume_nans=True)










	
geowatch.tasks.rutgers_material_seg.predict.make_predict_config(cmdline=False, **kwargs)

	Configuration for material prediction






	
geowatch.tasks.rutgers_material_seg.predict.hardcoded_default_configs(default_config_key)

	




	
geowatch.tasks.rutgers_material_seg.predict.build_evaler(cmdline=False, **kwargs)

	




	
geowatch.tasks.rutgers_material_seg.predict.main(cmdline=False, **kwargs)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.predict_patchwise module

Prediction script for Rutgers Material Semenatic Segmentation Models

CommandLine

DVC_DPATH=${DVC_DPATH:-$HOME/data/dvc-repos/smart_watch_dvc}
KWCOCO_BUNDLE_DPATH=${KWCOCO_BUNDLE_DPATH:-$DVC_DPATH/drop1-S2-L8-aligned}
BASE_COCO_FPATH=$KWCOCO_BUNDLE_DPATH/data.kwcoco.json
RUTGERS_MATERIAL_MODEL_FPATH="$DVC_DPATH/models/rutgers/experiments_epoch_30_loss_0.05691597167379317_valmIoU_0.5694727912477856_time_2021-08-07-09:01:01.pth"
RUTGERS_MATERIAL_COCO_FPATH=$KWCOCO_BUNDLE_DPATH/rutgers_material_seg.kwcoco.json

DVC_DPATH=${DVC_DPATH:-/media/native/data/data/smart_watch_dvc}
KWCOCO_BUNDLE_DPATH=${KWCOCO_BUNDLE_DPATH:-$DVC_DPATH/drop1-S2-L8-aligned}
BASE_COCO_FPATH=$KWCOCO_BUNDLE_DPATH/data.kwcoco.json
RUTGERS_MATERIAL_MODEL_FPATH="/home/native/projects/data/smart_watch/models/experiments_onera/tasks_experiments_onera_2021-10-20-17:15/experiments_epoch_37_loss_7.454268312454223_valmF1_0.7629152048972937_valChangeF1_0.5579948695099214_time_2021-10-20-18:04:59.pth"
RUTGERS_MATERIAL_COCO_FPATH=$KWCOCO_BUNDLE_DPATH/rutgers_material_seg.kwcoco.json


# Generate Rutgers Features
python -m geowatch.tasks.rutgers_material_seg.predict_test \
    --test_dataset=$BASE_COCO_FPATH \
    --checkpoint_fpath=$RUTGERS_MATERIAL_MODEL_FPATH  \
    --default_config_key=iarpa \
    --pred_dataset=$RUTGERS_MATERIAL_COCO_FPATH \
    --num_workers=8 \
    --batch_size=32 --devices auto:1






	
class geowatch.tasks.rutgers_material_seg.predict_patchwise.Evaluator(model: object [https://docs.python.org/3/library/functions.html#object], dataset: object [https://docs.python.org/3/library/functions.html#object], eval_loader: DataLoader, output_coco_dataset: CocoDataset, write_probs: bool [https://docs.python.org/3/library/functions.html#bool] = True, device=None, config: dict [https://docs.python.org/3/library/stdtypes.html#dict] = None, output_feat_dpath: Path [https://docs.python.org/3/library/pathlib.html#pathlib.Path] = None)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Evaluator class


	Parameters:

	
	model (object) – trained or untrained model


	eval_loader (torch.utils.data.DataLader) – loader with evaluation data


	optimizer (object) – optimizer to train with


	scheduler (object) – scheduler to train with









	
eval() → tuple [https://docs.python.org/3/library/stdtypes.html#tuple]

	evaluate a single epoch

Args:


	Returns:

	None










	
forward() → tuple [https://docs.python.org/3/library/stdtypes.html#tuple]

	forward pass for all epochs


	Parameters:

	
	cometml_experiment (object) – comet ml experiment for logging


	world_size (int, optional) – for distributed training. Defaults to 8.






	Returns:

	(train losses, validation losses, mIoU)



	Return type:

	tuple [https://docs.python.org/3/library/stdtypes.html#tuple]














	
geowatch.tasks.rutgers_material_seg.predict_patchwise.make_predict_config(cmdline=False, **kwargs)

	Configuration for material prediction






	
geowatch.tasks.rutgers_material_seg.predict_patchwise.hardcoded_default_configs(default_config_key)

	




	
geowatch.tasks.rutgers_material_seg.predict_patchwise.main(cmdline=True, **kwargs)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.predict_test module

Prediction script for Rutgers Material Semenatic Segmentation Models

CommandLine

DVC_DPATH=${DVC_DPATH:-$HOME/data/dvc-repos/smart_watch_dvc}
KWCOCO_BUNDLE_DPATH=${KWCOCO_BUNDLE_DPATH:-$DVC_DPATH/drop1-S2-L8-aligned}
BASE_COCO_FPATH=$KWCOCO_BUNDLE_DPATH/data.kwcoco.json
RUTGERS_MATERIAL_MODEL_FPATH="$DVC_DPATH/models/rutgers/experiments_epoch_30_loss_0.05691597167379317_valmIoU_0.5694727912477856_time_2021-08-07-09:01:01.pth"
RUTGERS_MATERIAL_COCO_FPATH=$KWCOCO_BUNDLE_DPATH/rutgers_material_seg.kwcoco.json

DVC_DPATH=${DVC_DPATH:-/media/native/data/data/smart_watch_dvc}
KWCOCO_BUNDLE_DPATH=${KWCOCO_BUNDLE_DPATH:-$DVC_DPATH/drop1-S2-L8-aligned}
BASE_COCO_FPATH=$KWCOCO_BUNDLE_DPATH/data.kwcoco.json
RUTGERS_MATERIAL_MODEL_FPATH="/home/native/projects/data/smart_watch/models/experiments_onera/tasks_experiments_onera_2021-10-20-17:15/experiments_epoch_37_loss_7.454268312454223_valmF1_0.7629152048972937_valChangeF1_0.5579948695099214_time_2021-10-20-18:04:59.pth"
RUTGERS_MATERIAL_COCO_FPATH=$KWCOCO_BUNDLE_DPATH/rutgers_material_seg.kwcoco.json


# Generate Rutgers Features
python -m geowatch.tasks.rutgers_material_seg.predict_test \
    --test_dataset=$BASE_COCO_FPATH \
    --checkpoint_fpath=$RUTGERS_MATERIAL_MODEL_FPATH  \
    --default_config_key=iarpa \
    --pred_dataset=$RUTGERS_MATERIAL_COCO_FPATH \
    --num_workers=8 \
    --batch_size=32 --devices auto:1






	
class geowatch.tasks.rutgers_material_seg.predict_test.Evaluator(model: object [https://docs.python.org/3/library/functions.html#object], dataset: object [https://docs.python.org/3/library/functions.html#object], eval_loader: DataLoader, output_coco_dataset: CocoDataset, write_probs: bool [https://docs.python.org/3/library/functions.html#bool] = True, device=None, config: dict [https://docs.python.org/3/library/stdtypes.html#dict] = None, output_feat_dpath: Path [https://docs.python.org/3/library/pathlib.html#pathlib.Path] = None)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Evaluator class


	Parameters:

	
	model (object) – trained or untrained model


	eval_loader (torch.utils.data.DataLader) – loader with evaluation data


	optimizer (object) – optimizer to train with


	scheduler (object) – scheduler to train with









	
eval() → tuple [https://docs.python.org/3/library/stdtypes.html#tuple]

	evaluate a single epoch

Args:


	Returns:

	None










	
forward() → tuple [https://docs.python.org/3/library/stdtypes.html#tuple]

	forward pass for all epochs


	Parameters:

	
	cometml_experiment (object) – comet ml experiment for logging


	world_size (int, optional) – for distributed training. Defaults to 8.






	Returns:

	(train losses, validation losses, mIoU)



	Return type:

	tuple [https://docs.python.org/3/library/stdtypes.html#tuple]














	
geowatch.tasks.rutgers_material_seg.predict_test.make_predict_config(cmdline=False, **kwargs)

	Configuration for material prediction






	
geowatch.tasks.rutgers_material_seg.predict_test.hardcoded_default_configs(default_config_key)

	




	
geowatch.tasks.rutgers_material_seg.predict_test.main(cmdline=True, **kwargs)

	Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> from geowatch.tasks.rutgers_material_seg.predict_test import *  # NOQA
>>> import geowatch
>>> dvc_dpath = geowatch.find_dvc_dpath()
>>> #checkpoint_fpath = dvc_dpath / 'models/rutgers/rutgers_peri_materials_v3/experiments_epoch_18_loss_59.014100193977356_valmF1_0.18694573888313187_valChangeF1_0.0_time_2022-02-01-01:53:20.pth'
>>> checkpoint_fpath = dvc_dpath / 'models/rutgers/experiments_epoch_62_loss_0.09470022770735186_valmIoU_0.5901660531463717_time_2021101T16277.pth'
>>> src_coco_fpath = dvc_dpath / 'Drop2-Aligned-TA1-2022-01/data.kwcoco.json'
>>> dst_coco_fpath = dvc_dpath / 'Drop2-Aligned-TA1-2022-01/mat_test.kwcoco.json'
>>> cmdline = False
>>> kwargs = dict(
>>>     default_config_key='iarpa',
>>>     checkpoint_fpath=checkpoint_fpath,
>>>     test_dataset=src_coco_fpath,
>>>     pred_dataset=dst_coco_fpath,
>>> )
>>> main(cmdline=cmdline, **kwargs)












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.scripts.filter_by_sensor module

Filter out images that don’t correspond with the desired channels and
creates a new dataset json file.

Warning: make sure that the dst path is different than the source path,
or it will re-write the original dataset json file.


	
class geowatch.tasks.rutgers_material_seg.scripts.filter_by_sensor.FilterBySensorConfig(data=None, default=None, cmdline=False)

	Bases: Config [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.config.html#scriptconfig.config.Config]


	Parameters:

	
	data (object) – filepath, dict, or None


	default (dict | None) – overrides the class defaults


	cmdline (bool | List[str] | str | dict) – If False, then no command line information is used.
If True, then sys.argv is parsed and used.
If a list of strings that used instead of sys.argv.
If a string, then that is parsed using shlex and used instead


of sys.argv.




If a dictionary grants fine grained controls over the args
passed to Config._read_argv(). Can contain:



	strict (bool): defaults to False


	argv (List[str]): defaults to None


	special_options (bool): defaults to True


	autocomplete (bool): defaults to False







Defaults to False.










Note

Avoid setting cmdline parameter here.  Instead prefer
to use the cli classmethod to create a command line
aware config instance..




	
default = {'channels': <Value(['r|g|b'])>, 'dst': <Value(None)>, 'src': <Value('in.geojson.json')>}

	








	
geowatch.tasks.rutgers_material_seg.scripts.filter_by_sensor.main(**kwargs)

	CommandLine

python -m geowatch.tasks.rutgers_material_seg.scripts.filter_by_sensor \
    --src toydata.kwcoco.json \
    --dst toydata-gsd10.kwcoco.json \












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.scripts.labelbox2coco module


	
geowatch.tasks.rutgers_material_seg.scripts.labelbox2coco.from_json(labeled_data, coco_output)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.scripts package


Submodules



	geowatch.tasks.rutgers_material_seg.scripts.filter_by_sensor module
	FilterBySensorConfig
	FilterBySensorConfig.default





	main()





	geowatch.tasks.rutgers_material_seg.scripts.labelbox2coco module
	from_json()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.utils.convert_sysucd_to_kwcoco module


	
geowatch.tasks.rutgers_material_seg.utils.convert_sysucd_to_kwcoco.convert_sysucd_to_kwcoco(extract_dpath, coco_fpath, type)

	Converts the raw SpaceNet7 dataset to kwcoco
.. note:

* The "train" directory contains 60 "videos" representing a region over time.
* Each "video" directory contains :
    * images           - unmasked images
    * images_masked    - images with masks applied
    * labels           - geojson polys in wgs84?
    * labels_match     - geojson polys in wgs84 with track ids?
    * labels_match_pix - geojson polys in pixels with track ids?
    * UDM_masks - unusable data masks (binary data corresponding with an image, may not exist)
File names appear like:
    "global_monthly_2018_01_mosaic_L15-1538E-1163N_6154_3539_13"










	
geowatch.tasks.rutgers_material_seg.utils.convert_sysucd_to_kwcoco.main()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.utils.cva module

containing some widely-used pre-processing method for change detection


	
geowatch.tasks.rutgers_material_seg.utils.cva.norm_img(img, channel_first=True)

	




	
geowatch.tasks.rutgers_material_seg.utils.cva.stad_img(img, channel_first=True, get_para=False)

	normalization image
:param channel_first:
:param img: (C, H, W)
:return:


norm_img: (C, H, W)









	
geowatch.tasks.rutgers_material_seg.utils.cva.CVA(img_X, img_Y, stad=False)

	




	
geowatch.tasks.rutgers_material_seg.utils.cva.main()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.utils.eval_utils module


	
geowatch.tasks.rutgers_material_seg.utils.eval_utils.get_ap_score(y_true, y_scores)

	Get average precision score between 2 1-d numpy arrays


	Parameters:

	
	y_true – batch of true labels


	y_scores – batch of confidence scores






	Returns:

	sum of batch average precision










	
geowatch.tasks.rutgers_material_seg.utils.eval_utils.val_mae(pred_counts, gt_counts)

	




	
geowatch.tasks.rutgers_material_seg.utils.eval_utils.mae(pred_counts, gt_counts)

	




	
geowatch.tasks.rutgers_material_seg.utils.eval_utils.rmse(pred_counts, gt_counts)

	




	
geowatch.tasks.rutgers_material_seg.utils.eval_utils.mape(pred_counts, gt_counts)

	




	
geowatch.tasks.rutgers_material_seg.utils.eval_utils._take_channels(*xs, ignore_channels=None)

	




	
geowatch.tasks.rutgers_material_seg.utils.eval_utils._threshold(x, threshold=None)

	




	
geowatch.tasks.rutgers_material_seg.utils.eval_utils.iou_npy(pr, gt, eps=1e-07, threshold=None, ignore_channels=None)

	Calculate Intersection over Union between ground truth and prediction
:Parameters: * pr (torch.Tensor) – predicted tensor



	gt (torch.Tensor) – ground truth tensor


	eps (float) – epsilon to avoid zero division


	threshold – threshold for outputs binarization








	Returns:

	IoU (Jaccard) score



	Return type:

	float [https://docs.python.org/3/library/functions.html#float]










	
geowatch.tasks.rutgers_material_seg.utils.eval_utils.iou(pr, gt, eps=1e-07, threshold=None, ignore_channels=None)

	Calculate Intersection over Union between ground truth and prediction
:Parameters: * pr (torch.Tensor) – predicted tensor



	gt (torch.Tensor) – ground truth tensor


	eps (float) – epsilon to avoid zero division


	threshold – threshold for outputs binarization








	Returns:

	IoU (Jaccard) score



	Return type:

	float [https://docs.python.org/3/library/functions.html#float]










	
geowatch.tasks.rutgers_material_seg.utils.eval_utils.jaccard(pr, gt, eps=1e-07, threshold=None, ignore_channels=None)

	Calculate Intersection over Union between ground truth and prediction
:Parameters: * pr (torch.Tensor) – predicted tensor



	gt (torch.Tensor) – ground truth tensor


	eps (float) – epsilon to avoid zero division


	threshold – threshold for outputs binarization








	Returns:

	IoU (Jaccard) score



	Return type:

	float [https://docs.python.org/3/library/functions.html#float]










	
geowatch.tasks.rutgers_material_seg.utils.eval_utils.f_score(pr, gt, beta=1, eps=1e-07, threshold=None, ignore_channels=None)

	Calculate F-score between ground truth and prediction
:Parameters: * pr (torch.Tensor) – predicted tensor



	gt (torch.Tensor) – ground truth tensor


	beta (float) – positive constant


	eps (float) – epsilon to avoid zero division


	threshold – threshold for outputs binarization








	Returns:

	F score



	Return type:

	float [https://docs.python.org/3/library/functions.html#float]










	
geowatch.tasks.rutgers_material_seg.utils.eval_utils.accuracy(pr, gt, threshold=0.5, ignore_channels=None)

	Calculate accuracy score between ground truth and prediction
:Parameters: * pr (torch.Tensor) – predicted tensor



	gt (torch.Tensor) – ground truth tensor


	eps (float) – epsilon to avoid zero division


	threshold – threshold for outputs binarization








	Returns:

	precision score



	Return type:

	float [https://docs.python.org/3/library/functions.html#float]










	
geowatch.tasks.rutgers_material_seg.utils.eval_utils.precision(pr, gt, eps=1e-07, threshold=None, ignore_channels=None)

	Calculate precision score between ground truth and prediction
:Parameters: * pr (torch.Tensor) – predicted tensor



	gt (torch.Tensor) – ground truth tensor


	eps (float) – epsilon to avoid zero division


	threshold – threshold for outputs binarization








	Returns:

	precision score



	Return type:

	float [https://docs.python.org/3/library/functions.html#float]










	
geowatch.tasks.rutgers_material_seg.utils.eval_utils.recall(pr, gt, eps=1e-07, threshold=None, ignore_channels=None)

	Calculate Recall between ground truth and prediction
:Parameters: * pr (torch.Tensor) – A list of predicted elements



	gt (torch.Tensor) – A list of elements that are to be predicted


	eps (float) – epsilon to avoid zero division


	threshold – threshold for outputs binarization








	Returns:

	recall score



	Return type:

	float [https://docs.python.org/3/library/functions.html#float]










	
class geowatch.tasks.rutgers_material_seg.utils.eval_utils.BaseObject(name=None)

	Bases: Module






	
class geowatch.tasks.rutgers_material_seg.utils.eval_utils.Activation(activation)

	Bases: Module


	
forward(x)

	








	
geowatch.tasks.rutgers_material_seg.utils.eval_utils._fast_hist(label_pred, label_true, num_classes)

	




	
geowatch.tasks.rutgers_material_seg.utils.eval_utils.calc_mAP(predictions, gts, num_classes=2)

	




	
class geowatch.tasks.rutgers_material_seg.utils.eval_utils.Metric(name=None)

	Bases: BaseObject






	
class geowatch.tasks.rutgers_material_seg.utils.eval_utils.IoU(eps=1e-07, threshold=0.5, activation=None, ignore_channels=None, **kwargs)

	Bases: Metric


	
forward(y_pr, y_gt)

	








	
class geowatch.tasks.rutgers_material_seg.utils.eval_utils.Fscore(beta=1, eps=1e-07, threshold=0.5, activation=None, ignore_channels=None, **kwargs)

	Bases: Metric


	
forward(y_pr, y_gt)

	








	
class geowatch.tasks.rutgers_material_seg.utils.eval_utils.Accuracy(threshold=0.5, activation=None, ignore_channels=None, **kwargs)

	Bases: Metric


	
forward(y_pr, y_gt)

	








	
class geowatch.tasks.rutgers_material_seg.utils.eval_utils.Recall(eps=1e-07, threshold=0.5, activation=None, ignore_channels=None, **kwargs)

	Bases: Metric


	
forward(y_pr, y_gt)

	








	
class geowatch.tasks.rutgers_material_seg.utils.eval_utils.Precision(eps=1e-07, threshold=0.5, activation=None, ignore_channels=None, **kwargs)

	Bases: Metric


	
forward(y_pr, y_gt)

	








	
geowatch.tasks.rutgers_material_seg.utils.eval_utils.compute_jaccard(preds_masks_all, targets_masks_all, num_classes=21)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.utils.utils module


	
geowatch.tasks.rutgers_material_seg.utils.utils.bandwise_norm(image, channel_first=True)

	




	
geowatch.tasks.rutgers_material_seg.utils.utils.otsu(image, num=400, get_bcm=False)

	




	
geowatch.tasks.rutgers_material_seg.utils.utils.stad_image(image, channel_first=True, get_params=False, patches=False)

	




	
geowatch.tasks.rutgers_material_seg.utils.utils.denorm(image: Tensor, mean: list [https://docs.python.org/3/library/stdtypes.html#list] = [0.485, 0.456, 0.406], std: list [https://docs.python.org/3/library/stdtypes.html#list] = [0.229, 0.224, 0.225]) → Tensor

	denorm shifted image


	Parameters:

	
	image (torch.Tensor) – image to denorm


	mean (list, optional) – mean applied to original image, by default [0.485, 0.456, 0.406]


	std (list, optional) – std applied to original image, by default [0.229, 0.224, 0.225]






	Returns:

	denromed image



	Return type:

	torch.Tensor










	
geowatch.tasks.rutgers_material_seg.utils.utils.create_dir_if_doesnt_exist(dir_path: str [https://docs.python.org/3/library/stdtypes.html#str]) → None [https://docs.python.org/3/library/constants.html#None]

	creates directory in given path


	Parameters:

	dir_path (str) – path to be created










	
geowatch.tasks.rutgers_material_seg.utils.utils.normalize_image(image: array) → array

	normalize image between 0-1


	Parameters:

	image (np.array)



	Return type:

	np.array










	
geowatch.tasks.rutgers_material_seg.utils.utils.normalize_image_255(image: array) → array

	normalizes image between 0-255


	Parameters:

	image (np.array) – image to be normalized



	Returns:

	normalized image



	Return type:

	np.array










	
geowatch.tasks.rutgers_material_seg.utils.utils.normalize_dm(image: array, confidence_score: float [https://docs.python.org/3/library/functions.html#float] = 0) → array

	normalize distance map


	Parameters:

	
	image (np.array) – distance map to be nromalized


	confidence_score (float, optional) – confidence score, by default 0






	Returns:

	normalized distance map



	Return type:

	np.array










	
geowatch.tasks.rutgers_material_seg.utils.utils.max_norm(p, version='torch', e=1e-05)

	




	
geowatch.tasks.rutgers_material_seg.utils.utils.batch_crf_inference(img: Tensor, probs: Tensor, t: int [https://docs.python.org/3/library/functions.html#int] = 1, scale_factor: int [https://docs.python.org/3/library/functions.html#int] = 1, labels: int [https://docs.python.org/3/library/functions.html#int] = 21) → Tensor

	crf inference for a batch


	Parameters:

	
	img (torch.Tensor) – image


	probs (torch.Tensor) – probablity map


	t (int, optional)


	scale_factor (int, optional)


	labels (int, optional) – number of labels, by default 21






	Returns:

	batch crf predictions



	Return type:

	torch.Tensor










	
geowatch.tasks.rutgers_material_seg.utils.utils.crf_inference(img: array, probs: array, t: int [https://docs.python.org/3/library/functions.html#int] = 10, scale_factor: int [https://docs.python.org/3/library/functions.html#int] = 1, labels: int [https://docs.python.org/3/library/functions.html#int] = 21) → array

	crf prediction for single image


	Parameters:

	
	img (np.array) – image


	probs (np.array) – probability map


	t (int, optional)


	scale_factor (int, optional)


	labels (int, optional)






	Returns:

	single crf prediction



	Return type:

	np.array










	
geowatch.tasks.rutgers_material_seg.utils.utils.t2n(x: Tensor) → array

	convert tensor to numpy array


	Parameters:

	x (torch.Tensor) – tensor



	Returns:

	numpy array



	Return type:

	np.array










	
geowatch.tasks.rutgers_material_seg.utils.utils.mat_to_csv(mat_path: str [https://docs.python.org/3/library/stdtypes.html#str], save_to: str [https://docs.python.org/3/library/stdtypes.html#str]) → None [https://docs.python.org/3/library/constants.html#None]

	convert mat file to csv


	Parameters:

	
	mat_path (str) – mat file path


	save_to (str) – target path for csv file













	
geowatch.tasks.rutgers_material_seg.utils.utils.load_yaml_as_dict(yaml_path: str [https://docs.python.org/3/library/stdtypes.html#str]) → dict [https://docs.python.org/3/library/stdtypes.html#dict]

	load config file as dictionarry


	Parameters:

	yaml_path (str) – path to yaml file



	Return type:

	dict [https://docs.python.org/3/library/stdtypes.html#dict]










	
geowatch.tasks.rutgers_material_seg.utils.utils.dictionary_contents(path: str [https://docs.python.org/3/library/stdtypes.html#str], types: list [https://docs.python.org/3/library/stdtypes.html#list], recursive: bool [https://docs.python.org/3/library/functions.html#bool] = False) → list [https://docs.python.org/3/library/stdtypes.html#list]

	extyract dictionary and subdictionary contents


	Parameters:

	
	path (str) – path of root


	types (list) – types of files to be extracted


	recursive (bool, optional) – search in subsequent directories, by default False






	Returns:

	list of files with full paths



	Return type:

	list [https://docs.python.org/3/library/stdtypes.html#list]










	
geowatch.tasks.rutgers_material_seg.utils.utils.save_pickle(object: object [https://docs.python.org/3/library/functions.html#object], path: str [https://docs.python.org/3/library/stdtypes.html#str], file_name: str [https://docs.python.org/3/library/stdtypes.html#str]) → None [https://docs.python.org/3/library/constants.html#None]

	save pickle to location


	Parameters:

	
	object (object) – object to be saved


	path (str) – path to location


	file_name (str) – name of file to be saved













	
geowatch.tasks.rutgers_material_seg.utils.utils.load_pickle(path: str [https://docs.python.org/3/library/stdtypes.html#str]) → object [https://docs.python.org/3/library/functions.html#object]

	load pickle


	Parameters:

	path (str) – path to pickle file



	Returns:

	object loaded



	Return type:

	object [https://docs.python.org/3/library/functions.html#object]










	
geowatch.tasks.rutgers_material_seg.utils.utils.load_config_as_dict(path_to_config)

	




	
geowatch.tasks.rutgers_material_seg.utils.utils.config_parser(path_to_config, experiment_type)

	




	
geowatch.tasks.rutgers_material_seg.utils.utils.load_json_as_dict(path_to_json)

	




	
geowatch.tasks.rutgers_material_seg.utils.utils.random_horizonal_flip(image: <module 'PIL.Image' from '/home/docs/checkouts/readthedocs.org/user_builds/geowatch/envs/latest/lib/python3.11/site-packages/PIL/Image.py'>, mask: <module 'PIL.Image' from '/home/docs/checkouts/readthedocs.org/user_builds/geowatch/envs/latest/lib/python3.11/site-packages/PIL/Image.py'>, points: object = False) → tuple [https://docs.python.org/3/library/stdtypes.html#tuple]

	random horizontal flip of both image and mask


	Parameters:

	
	image (PIL.Image) – image to be flipped


	mask (PIL.Image) – mask to be flipped


	points (bool, optional) – whether points are also provided. Can be either boolean or PIL.Image, by default False






	Returns:

	typle of image, mask, and possibly points



	Return type:

	tuple [https://docs.python.org/3/library/stdtypes.html#tuple]










	
geowatch.tasks.rutgers_material_seg.utils.utils.random_vertical_flip(image: <module 'PIL.Image' from '/home/docs/checkouts/readthedocs.org/user_builds/geowatch/envs/latest/lib/python3.11/site-packages/PIL/Image.py'>, mask: <module 'PIL.Image' from '/home/docs/checkouts/readthedocs.org/user_builds/geowatch/envs/latest/lib/python3.11/site-packages/PIL/Image.py'>, points: object = False) → tuple [https://docs.python.org/3/library/stdtypes.html#tuple]

	random vertical flip of both image and mask


	Parameters:

	
	image (PIL.Image) – image to be flipped


	mask (PIL.Image) – mask to be flipped


	points (bool, optional) – whether points are also provided. Can be either boolean or PIL.Image, by default False






	Returns:

	typle of image, mask, and possibly points



	Return type:

	tuple [https://docs.python.org/3/library/stdtypes.html#tuple]












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.utils.visualization module


	
geowatch.tasks.rutgers_material_seg.utils.visualization.hex_to_rgb(hex)

	




	
geowatch.tasks.rutgers_material_seg.utils.visualization.n_distinguishable_colors(nlabels: int [https://docs.python.org/3/library/functions.html#int] = 10, first_color_black=True, last_color_black=True, bg_alpha=0.75, fg_alpha=0.9)

	




	
geowatch.tasks.rutgers_material_seg.utils.visualization.rand_cmap(nlabels, type='bright', first_color_black=True, last_color_black=False, verbose=False, bg_alpha=0.75, fg_alpha=0.9, random_colors=False)

	Creates a random colormap to be used together with matplotlib. Useful for segmentation tasks
:param nlabels: Number of labels (size of colormap)
:param type: ‘bright’ for strong colors, ‘soft’ for pastel colors
:param first_color_black: Option to use first color as black, True or False
:param last_color_black: Option to use last color as black, True or False
:param verbose: Prints the number of labels and shows the colormap. True or False
:return: colormap for matplotlib






	
geowatch.tasks.rutgers_material_seg.utils.visualization.plot_grad_flow(named_parameters)

	




	
geowatch.tasks.rutgers_material_seg.utils.visualization.plot_grad_flow_v2(named_parameters)

	Plots the gradients flowing through different layers in the net during training.
Can be used for checking for possible gradient vanishing / exploding problems.

Usage: Plug this function in Trainer class after loss.backwards() as
“plot_grad_flow(self.model.named_parameters())” to visualize the gradient flow








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg.utils package


Submodules



	geowatch.tasks.rutgers_material_seg.utils.convert_sysucd_to_kwcoco module
	convert_sysucd_to_kwcoco()

	main()





	geowatch.tasks.rutgers_material_seg.utils.cva module
	norm_img()

	stad_img()

	CVA()

	main()





	geowatch.tasks.rutgers_material_seg.utils.eval_utils module
	get_ap_score()

	val_mae()

	mae()

	rmse()

	mape()

	_take_channels()

	_threshold()

	iou_npy()

	iou()

	jaccard()

	f_score()

	accuracy()

	precision()

	recall()

	BaseObject

	Activation
	Activation.forward()





	_fast_hist()

	calc_mAP()

	Metric

	IoU
	IoU.forward()





	Fscore
	Fscore.forward()





	Accuracy
	Accuracy.forward()





	Recall
	Recall.forward()





	Precision
	Precision.forward()





	compute_jaccard()





	geowatch.tasks.rutgers_material_seg.utils.utils module
	bandwise_norm()

	otsu()

	stad_image()

	denorm()

	create_dir_if_doesnt_exist()

	normalize_image()

	normalize_image_255()

	normalize_dm()

	max_norm()

	batch_crf_inference()

	crf_inference()

	t2n()

	mat_to_csv()

	load_yaml_as_dict()

	dictionary_contents()

	save_pickle()

	load_pickle()

	load_config_as_dict()

	config_parser()

	load_json_as_dict()

	random_horizonal_flip()

	random_vertical_flip()





	geowatch.tasks.rutgers_material_seg.utils.visualization module
	hex_to_rgb()

	n_distinguishable_colors()

	rand_cmap()

	plot_grad_flow()

	plot_grad_flow_v2()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.rutgers_material_seg package


Subpackages



	geowatch.tasks.rutgers_material_seg.datasets package
	Submodules
	geowatch.tasks.rutgers_material_seg.datasets.bigearthnet module
	BigEarthNetDataset





	geowatch.tasks.rutgers_material_seg.datasets.deepglobe module
	RandomCrop

	DeepGlobeDataset





	geowatch.tasks.rutgers_material_seg.datasets.dynamicearthnet module
	DynEarthNetDataset





	geowatch.tasks.rutgers_material_seg.datasets.hrscd module
	RandomCrop

	HRSCDDataset





	geowatch.tasks.rutgers_material_seg.datasets.iarpa_contrastive_dataset module
	SequenceDataset

	worker_init_fn()





	geowatch.tasks.rutgers_material_seg.datasets.iarpa_dataset module
	SequenceDataset

	worker_init_fn()

	decollate_batch()





	geowatch.tasks.rutgers_material_seg.datasets.inria module
	InriaDataset





	geowatch.tasks.rutgers_material_seg.datasets.s2_self module
	S2SelfCollectDataset





	geowatch.tasks.rutgers_material_seg.datasets.s2mcp module
	S2MCPDataset





	geowatch.tasks.rutgers_material_seg.datasets.spacenet module
	RandomCrop

	HRSCDDataset





	geowatch.tasks.rutgers_material_seg.datasets.spacenet2 module
	RandomCrop

	SpaceNet2Dataset





	geowatch.tasks.rutgers_material_seg.datasets.sysucd module
	RandomCrop

	SYSUCDDataset









	Module contents
	DeepGlobeDataset

	decollate_batch()

	worker_init_fn()









	geowatch.tasks.rutgers_material_seg.models package
	Submodules
	geowatch.tasks.rutgers_material_seg.models.canny_edge module
	get_gaussian_kernel()

	get_sobel_kernel()

	get_thin_kernels()

	CannyFilter





	geowatch.tasks.rutgers_material_seg.models.deeplab module
	ASPP

	DoubleConv

	Up

	BasicBlock

	Bottleneck

	ResNet

	resnet18()

	resnet34()

	resnet50()

	resnet101()





	geowatch.tasks.rutgers_material_seg.models.deeplabWS module
	ResNet

	resnet50()

	resnet101()

	resnet152()





	geowatch.tasks.rutgers_material_seg.models.deeplab_diff module
	ASPP

	DoubleConv

	Up

	BasicBlock

	Bottleneck

	ResNet

	resnet18()

	resnet34()

	resnet50()

	resnet101()





	geowatch.tasks.rutgers_material_seg.models.encoding module
	Encoding





	geowatch.tasks.rutgers_material_seg.models.gci module
	Pre_Norm_Conv2d

	GCI





	geowatch.tasks.rutgers_material_seg.models.linear_classifier module
	VSNet





	geowatch.tasks.rutgers_material_seg.models.losses module
	SoftCE()

	CrossEntropyLabelSmooth

	SoftEntropy

	QuadrupletLoss

	simCLR_loss()

	SupConLoss

	SoftSupConLoss





	geowatch.tasks.rutgers_material_seg.models.moco module
	MoCo

	concat_all_gather()





	geowatch.tasks.rutgers_material_seg.models.quantizer module
	Quantizer





	geowatch.tasks.rutgers_material_seg.models.resnet module
	ASPP

	BasicBlock

	Bottleneck

	ResNet

	resnet18()

	resnet34()

	resnet50()

	resnet101()

	LinearBatchNorm

	SupConResNet

	SupCEResNet

	LinearClassifier





	geowatch.tasks.rutgers_material_seg.models.resnetGNWS module
	Conv2d

	BatchNorm2d()

	conv3x3()

	conv1x1()

	BasicBlock

	Bottleneck

	ResNet

	resnet18()

	resnet34()

	resnet50()

	resnet101()

	resnet152()





	geowatch.tasks.rutgers_material_seg.models.resnet_classification_finetune module
	ASPP

	BasicBlock

	Bottleneck

	ResNet

	resnet18()

	resnet34()

	resnet50()

	resnet101()

	LinearBatchNorm

	SupConResNet

	SupCEResNet

	LinearClassifier





	geowatch.tasks.rutgers_material_seg.models.resnet_enc module
	ASPP

	BasicBlock

	Bottleneck

	ResNet

	resnet18()

	resnet34()

	resnet50()

	resnet101()

	LinearBatchNorm

	SupConResNet

	SupCEResNet

	LinearClassifier





	geowatch.tasks.rutgers_material_seg.models.sg module
	StochasticGate





	geowatch.tasks.rutgers_material_seg.models.shallow_seg module
	Conv2d

	DoubleConv

	Down

	Up

	OutConv

	ShallowSeg





	geowatch.tasks.rutgers_material_seg.models.supcon module
	BasicBlock

	Bottleneck

	ResNet

	resnet18()

	resnet34()

	resnet50()

	resnet101()

	LinearBatchNorm

	SupConResNet

	SupCEResNet

	LinearClassifier





	geowatch.tasks.rutgers_material_seg.models.tex_refine module
	LocalAffinity

	LocalAffinityCopy

	LocalStDev

	LocalAffinityAbs

	TeRN





	geowatch.tasks.rutgers_material_seg.models.transformer_model module
	swish()

	gelu()

	mish()

	TransConfig

	TransLayerNorm

	TransEmbeddings

	TransSelfAttention

	TransSelfOutput

	TransAttention

	TransIntermediate

	TransOutput

	TransLayer

	TransEncoder

	InputDense2d

	InputDense3d

	TransModel2d

	TransModel3d





	geowatch.tasks.rutgers_material_seg.models.transformer_seg module
	Encoder2D

	PreTrainModel

	Vit

	Decoder2D

	SETRModel









	Module contents
	build_model()









	geowatch.tasks.rutgers_material_seg.scripts package
	Submodules
	geowatch.tasks.rutgers_material_seg.scripts.filter_by_sensor module
	FilterBySensorConfig

	main()





	geowatch.tasks.rutgers_material_seg.scripts.labelbox2coco module
	from_json()









	Module contents





	geowatch.tasks.rutgers_material_seg.utils package
	Submodules
	geowatch.tasks.rutgers_material_seg.utils.convert_sysucd_to_kwcoco module
	convert_sysucd_to_kwcoco()

	main()





	geowatch.tasks.rutgers_material_seg.utils.cva module
	norm_img()

	stad_img()

	CVA()

	main()





	geowatch.tasks.rutgers_material_seg.utils.eval_utils module
	get_ap_score()

	val_mae()

	mae()

	rmse()

	mape()

	_take_channels()

	_threshold()

	iou_npy()

	iou()

	jaccard()

	f_score()

	accuracy()

	precision()

	recall()

	BaseObject

	Activation

	_fast_hist()

	calc_mAP()

	Metric

	IoU

	Fscore

	Accuracy

	Recall

	Precision

	compute_jaccard()





	geowatch.tasks.rutgers_material_seg.utils.utils module
	bandwise_norm()

	otsu()

	stad_image()

	denorm()

	create_dir_if_doesnt_exist()

	normalize_image()

	normalize_image_255()

	normalize_dm()

	max_norm()

	batch_crf_inference()

	crf_inference()

	t2n()

	mat_to_csv()

	load_yaml_as_dict()

	dictionary_contents()

	save_pickle()

	load_pickle()

	load_config_as_dict()

	config_parser()

	load_json_as_dict()

	random_horizonal_flip()

	random_vertical_flip()





	geowatch.tasks.rutgers_material_seg.utils.visualization module
	hex_to_rgb()

	n_distinguishable_colors()

	rand_cmap()

	plot_grad_flow()

	plot_grad_flow_v2()









	Module contents











Submodules



	geowatch.tasks.rutgers_material_seg.fit module

	geowatch.tasks.rutgers_material_seg.predict module
	Evaluator
	Evaluator._output_path_for_image()

	Evaluator._features_path_for_image()

	Evaluator.finalize_image()

	Evaluator.eval()

	Evaluator.forward()





	impute()

	nan_normalize()

	make_predict_config()

	hardcoded_default_configs()

	build_evaler()

	main()





	geowatch.tasks.rutgers_material_seg.predict_patchwise module
	Evaluator
	Evaluator.eval()

	Evaluator.forward()





	make_predict_config()

	hardcoded_default_configs()

	main()





	geowatch.tasks.rutgers_material_seg.predict_test module
	Evaluator
	Evaluator.eval()

	Evaluator.forward()





	make_predict_config()

	hardcoded_default_configs()

	main()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.sam.predict module

Example

>>> # xdoctest: +REQUIRES(env:DVC_EXPT_DPATH)
>>> import geowatch
>>> import kwcoco
>>> import ubelt as ub
>>> # Define where to write the output
>>> output_dpath = ub.Path.appdir('geowatch/tests/sam/demo')
>>> output_kwcoco_fpath = output_dpath / 'demo_sam.kwcoco.zip'
>>> # Define the input
>>> dset = kwcoco.CocoDataset.demo('vidshapes', num_frames=4, num_videos=1)
>>> dset.reroot(absolute=True)
>>> dset.fpath = output_dpath / 'sam_input.kwcoco.zip'
>>> dset.dump()
>>> input_kwcoco_fpath = dset.fpath
>>> # The main external data this test needs is the SAM weights
>>> dvc_dpath = geowatch.find_dvc_dpath(tags='phase2_expt')
>>> weights_fpath = dvc_dpath / "models/sam/sam_vit_h_4b8939.pth"
>>> # Setup the arguments to SAM predict
>>> from geowatch.tasks.sam import predict as sam_predict
>>> kwargs = {
>>>     'input_kwcoco': input_kwcoco_fpath,
>>>     'output_kwcoco': output_kwcoco_fpath,
>>>     'fixed_resolution': None,
>>>     'weights_fpath': weights_fpath,
>>>     'channels': 'r|g|b',
>>> }
>>> cmdline = 0
>>> sam_predict.main(cmdline=cmdline, **kwargs)
>>> if 1:
>>>     ub.cmd(f'geowatch visualize {output_kwcoco_fpath} --stack=only --channels "r|g|b,sam.0:3,sam.3:6,sam.6:9"')






	
class geowatch.tasks.sam.predict.SAMConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Compute SAM encoder features


	Usage:
	DVC_EXPT_DPATH=$(geowatch_dvc –tags=’phase2_expt’ –hardware=auto)
python -m geowatch.tasks.sam.predict 


–input_kwcoco <input-kwcoco>
–output_kwcoco <output-kwcoco>
–fixed_resolution=None
–channels=”red|green|blue”
–weights_fpath “$DVC_EXPT_DPATH/models/sam/sam_vit_h_4b8939.pth” –window_overlap=0.33333 –data_workers=”2” –io_workers 0 –assets_dname=”sam_feats”








Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'assets_dname': 'sam', 'batch_size': 1, 'channels': <Value(['red|green|blue', 'pan'])>, 'data_workers': 2, 'device': <Value(0)>, 'fixed_resolution': '10GSD', 'input_kwcoco': <Value(None)>, 'io_workers': 0, 'output_kwcoco': <Value(None)>, 'select_images': None, 'track_emissions': True, 'weights_fpath': <Value(None)>, 'window_dims': (1024, 1024), 'window_overlap': 0.33333}

	








	
geowatch.tasks.sam.predict.rgb_from_kwcoco_frame(frame, channel_priority)

	




	
class geowatch.tasks.sam.predict.SAMWrapperDataset(subdset, channel_priority)

	Bases: Dataset






	
class geowatch.tasks.sam.predict.DenseFeaturePredictor(config)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Base class for computing per-image dense features


	
short_code = NotImplemented

	




	
chan_code = NotImplemented

	




	
proc_name = NotImplemented

	




	
WrapperDsetClass = NotImplemented

	




	
setup()

	




	
run()

	




	
predict_batch(batch)

	








	
class geowatch.tasks.sam.predict.SAMFeaturePredictor(config)

	Bases: DenseFeaturePredictor


	
short_code = 'sam'

	




	
proc_name = 'geowatch.tasks.sam.predict'

	




	
chan_code = 'sam.0:256'

	




	
WrapperDsetClass

	alias of SAMWrapperDataset






	
predict_batch(batch)

	








	
geowatch.tasks.sam.predict.main(cmdline=1, **kwargs)

	CommandLine

DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=auto)
DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=auto)





CommandLine

TEST_SAM=1 xdoctest -m geowatch.tasks.sam.predict main





Example

>>> # xdoctest: +REQUIRES(env:TEST_SAM)
>>> from geowatch.tasks.sam.predict import *  # NOQA
>>> import geowatch
>>> dvc_expt_dpath = geowatch.find_dvc_dpath(tags='phase2_expt', hardware='auto')
>>> dvc_data_dpath = geowatch.find_dvc_dpath(tags='phase2_data', hardware='auto')
>>> weights_fpath = dvc_expt_dpath / 'models/sam/sam_vit_h_4b8939.pth'
>>> input_kwcoco = dvc_data_dpath / 'Drop6-MeanYear10GSD-V2/imgonly-KR_R001.kwcoco.zip'
>>> kwargs = dict(
>>>     weights_fpath=weights_fpath,
>>>     input_kwcoco=input_kwcoco,
>>>     output_kwcoco=(dvc_data_dpath / 'Drop6-MeanYear10GSD-V2/_test.kwcoco.zip')
>>> )
>>> cmdline = 0
>>> main(cmdline, **kwargs)





Example

>>> # xdoctest: +SKIP
>>> cmdline = 0
>>> kwargs = dict()
>>> main(cmdline=cmdline, **kwargs)












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.sam package


Submodules



	geowatch.tasks.sam.predict module
	SAMConfig
	SAMConfig.default





	rgb_from_kwcoco_frame()

	SAMWrapperDataset

	DenseFeaturePredictor
	DenseFeaturePredictor.short_code

	DenseFeaturePredictor.chan_code

	DenseFeaturePredictor.proc_name

	DenseFeaturePredictor.WrapperDsetClass

	DenseFeaturePredictor.setup()

	DenseFeaturePredictor.run()

	DenseFeaturePredictor.predict_batch()





	SAMFeaturePredictor
	SAMFeaturePredictor.short_code

	SAMFeaturePredictor.proc_name

	SAMFeaturePredictor.chan_code

	SAMFeaturePredictor.WrapperDsetClass

	SAMFeaturePredictor.predict_batch()





	main()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.tracking.abstract_classes module


	
class geowatch.tasks.tracking.abstract_classes.TrackFunction

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Abstract class that all track functions should inherit from.


	
apply_per_video(coco_dset, overwrite=False)

	Main entrypoint for this class.






	
safe_apply(coco_dset, gids, overwrite, legacy=True)

	




	
static safe_partition(coco_dset, gids, remove=True)

	




	
static safe_union(coco_dset, new_dset, existing_aids=[])

	








	
class geowatch.tasks.tracking.abstract_classes.NoOpTrackFunction(**kwargs)

	Bases: TrackFunction

Use existing tracks.






	
class geowatch.tasks.tracking.abstract_classes.NewTrackFunction

	Bases: TrackFunction

Specialization of TrackFunction to create polygons that do not yet exist
in coco_dset, and add them as new annotations


	
create_tracks(sub_dset)

	
	Parameters:

	sub_dset (CocoDataset)



	Returns:

	GeoDataFrame










	
add_tracks_to_dset(sub_dset, tracks)

	
	Parameters:

	tracks (GeoDataFrame)



	Returns:

	kwcoco.CocoDataset
















            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.tracking.agg_functions module

aggregation functions for heatmaps


	
geowatch.tasks.tracking.agg_functions._norm(heatmaps, norm_ord)

	Computes the generalized mean over axis=0.


	Parameters:

	
	heatmaps (List[ndarray])


	norm_ord (int | float) – the exponent of the generalized mean.






	Returns:

	the axis=0 is marginalized over.



	Return type:

	ndarray





Notes

like np.linalg.norm but with special nan handling and a division factor

References

https://en.wikipedia.org/wiki/Generalized_mean
https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.pmean.html

Example

>>> from geowatch.tasks.tracking.agg_functions import *  # NOQA
>>> from geowatch.tasks.tracking.agg_functions import _norm
>>> import ubelt as ub
>>> import kwimage
>>> import numpy as np
>>> num_frames = 16
>>> num_sequences = 6
>>> # Setup 5 sequences to norm
>>> heatmaps = [np.empty(num_sequences) for _ in range(num_frames)]
>>> heatmaps = np.array(heatmaps)
>>> # Sequence 0 is all nan
>>> heatmaps[:, 0] = np.nan
>>> # Sequence 1 is random
>>> heatmaps[:, 1] = np.random.rand(num_frames)
>>> # Sequence 2 is Sequence1, but half of the data is nan
>>> heatmaps[0:, 2] = heatmaps[:, 1]
>>> heatmaps[0:num_frames // 2, 2] = np.nan
>>> # Sequence 3 is all zero except for an impulse
>>> heatmaps[0:, 3] = 0
>>> heatmaps[num_frames // 2, 3] = 1
>>> # Sequence 4 is a gaussian response
>>> heatmaps[0:, 4] = kwimage.gaussian_patch(shape=(1, num_frames))[0]
>>> # Sequence 5 is a a gaussian response 1 / 4 nans
>>> heatmaps[0:, 5] = kwimage.gaussian_patch(shape=(1, num_frames))[0]
>>> heatmaps[0:num_frames // 4, 5] = np.nan
>>> norm_ord = 1
>>> x = _norm(heatmaps, norm_ord)
>>> y = np.linalg.norm(heatmaps, ord=norm_ord, axis=0)
>>> print('heatmaps = {}'.format(ub.urepr(heatmaps, nl=1, precision=2)))
>>> print(x)
>>> print(y)
>>> # xdoctest: +REQUIRES(--show)
>>> # Visualize how this works for random signals
>>> import kwplot
>>> sns = kwplot.sns
>>> kwplot.plt.ion()
>>> # kwplot.close_figures()
>>> # Add in the original signals
>>> rows = []
>>> for c in range(num_sequences):
>>>     for x in range(num_frames):
>>>         rows.append(
>>>             {'x': x, 'col': c, 'ord': 'raw-signal', 'value': heatmaps[x, c]})
>>> #
>>> import pandas as pd
>>> import scipy.stats
>>> for norm_ord in [1, 2, 3, float('inf')]:
>>>     v1 = _norm(heatmaps, norm_ord)
>>>     v2 = scipy.stats.pmean(heatmaps, p=norm_ord, axis=0, nan_policy='omit')
>>>     print(f'norm_ord={norm_ord}')
>>>     print(f'v1={v1}')
>>>     print(f'v2={v2}')
>>>     for c in range(num_sequences):
>>>         for x in range(num_frames):
>>>             rows.append({'x': x, 'col': c, 'ord': norm_ord, 'value': v1[c]})
>>>     ...
>>> df = pd.DataFrame(rows)
>>> pnum_ = kwplot.PlotNums(nSubplots=num_sequences)
>>> for c in range(num_sequences):
>>>     kwplot.figure(fnum=1, pnum=pnum_())
>>>     subdata = df[df['col'] == c]
>>>     sns.lineplot(data=subdata, x='x', y='value', hue='ord')





[image: ../_images/fig_geowatch_tasks_tracking_agg_functions__norm_002.jpeg]





	
geowatch.tasks.tracking.agg_functions.binary(heatmaps, norm_ord, morph_kernel, thresh, viz_dpath=None)

	




	
geowatch.tasks.tracking.agg_functions.rescaled_binary(heatmaps, norm_ord, morph_kernel, thresh, upper_quantile=0.999, viz_dpath=None)

	




	
geowatch.tasks.tracking.agg_functions.probs(heatmaps, norm_ord, morph_kernel, thresh, viz_dpath=None)

	




	
geowatch.tasks.tracking.agg_functions.rescaled_probs(heatmaps, norm_ord, morph_kernel, thresh, upper_quantile=0.999, viz_dpath=None)

	




	
geowatch.tasks.tracking.agg_functions.mean_normalized(heatmaps, norm_ord=1, morph_kernel=1, thresh=None, viz_dpath=None)

	Normalize average_heatmap by applying a scaling based on max(heatmaps) and
max(average_heatmap)






	
geowatch.tasks.tracking.agg_functions.frequency_weighted_mean(heatmaps, thresh, norm_ord=0, morph_kernel=3, viz_dpath=None)

	Convert a list of heatmaps to an aggregated score, averaging is computed
based on samples for every pixel








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.tracking.from_heatmap module

Main tracker logic


	SeeAlso:
	
	../../cli/run_tracker.py









	
class geowatch.tasks.tracking.from_heatmap.TimePolygonFilter(threshold)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Cuts off start and end of each track based on min response.






	
class geowatch.tasks.tracking.from_heatmap.TimeSplitFilter(threshold, frame_buffer)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Splits tracks based on start and end of each subtracks min response.






	
class geowatch.tasks.tracking.from_heatmap.ResponsePolygonFilter(gdf, threshold)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Filters each track based on the average response of all tracks.






	
geowatch.tasks.tracking.from_heatmap._add_tracks_to_dset(sub_dset, tracks, thresh, key, bg_key=None)

	This takes the GeoDataFrame with computed or modified tracks and adds them
to sub_dset.

We are assuming the polygon geometry in “tracks” is in video space.






	
geowatch.tasks.tracking.from_heatmap.site_validation(sub_dset, thresh=0.25, span_steps=15)

	Example

>>> import geowatch
>>> from geowatch.tasks.tracking.from_heatmap import *  # NOQA
>>> coco_dset = geowatch.coerce_kwcoco(
>>>     'geowatch-msi', heatmap=True, geodata=True, dates=True)
>>> vid_id = coco_dset.videos()[0]
>>> sub_dset = coco_dset.subset(list(coco_dset.images(video_id=vid_id)))
>>> import numpy as np
>>> for ann in sub_dset.anns.values():
>>>     ann['score'] = float(np.random.rand())
>>> sub_dset.remove_annotations(sub_dset.index.trackid_to_aids[None])
>>> sub_dset = site_validation(sub_dset)










	
geowatch.tasks.tracking.from_heatmap.time_aggregated_polys(sub_dset, **kwargs)

	Polygon extraction and tracking function.

Aggregate heatmaps across time, threshold them to get polygons,
and add one track per polygon.


	Parameters:

	
	sub_dset (kwcoco.CocoDataset) – a kwcoco dataset with exactly 1 video


	**kwargs – see TimeAggregatedPolysConfig and
PolygonExtractConfig.








Example

>>> # test interpolation
>>> from geowatch.tasks.tracking.from_heatmap import time_aggregated_polys
>>> from geowatch.demo import demo_kwcoco_with_heatmaps
>>> import geowatch
>>> sub_dset = geowatch.coerce_kwcoco(
>>>     'geowatch-msi', num_videos=1, num_frames=5, image_size=(480, 640),
>>>     geodata=True, heatmap=True, dates=True)
>>> thresh = 0.01
>>> min_area_square_meters = None
>>> kwargs = dict(thresh=thresh, min_area_square_meters=min_area_square_meters, time_thresh=None)
>>> orig_track = time_aggregated_polys(sub_dset, **kwargs)
>>> # Test robustness to frames that are missing heatmaps
>>> skip_gids = [1,3]
>>> for gid in skip_gids:
>>>      sub_dset.imgs[gid]['auxiliary'].pop()
>>> inter_track = time_aggregated_polys(sub_dset,  **kwargs)
>>> assert inter_track.iloc[0][('fg', -1)] == 0
>>> assert inter_track.iloc[1][('fg', -1)] > 0





Example

>>> # test interpolation
>>> from geowatch.tasks.tracking.from_heatmap import time_aggregated_polys
>>> from geowatch.demo import demo_kwcoco_with_heatmaps
>>> import geowatch
>>> sub_dset = geowatch.coerce_kwcoco(
>>>     'geowatch-msi', num_videos=1, num_frames=5, image_size=(480, 640),
>>>     geodata=True, heatmap=True, dates=True)
>>> thresh = 0.01
>>> min_area_square_meters = None
>>> kwargs = dict(thresh=thresh, min_area_square_meters=min_area_square_meters, time_thresh=None)
>>> orig_track = time_aggregated_polys(sub_dset, **kwargs)
>>> # Test robustness to frames that are missing heatmaps
>>> skip_gids = [1,3]
>>> for gid in skip_gids:
>>>      sub_dset.imgs[gid]['auxiliary'].pop()
>>> inter_track = time_aggregated_polys(sub_dset,  **kwargs)
>>> assert inter_track.iloc[0][('fg', -1)] == 0
>>> assert inter_track.iloc[1][('fg', -1)] > 0










	
geowatch.tasks.tracking.from_heatmap._determine_tracking_scale(config, sub_dset, video_gids, video)

	Factored out code from time_aggregated_polys()






	
class geowatch.tasks.tracking.from_heatmap.TimeAggregatedPolysConfig(*args, **kwargs)

	Bases: PolygonExtractConfig

This is an intermediate config that we will use to transition between the
current dataclass configuration and a new scriptconfig based one.


	python -c “if 1:
	from geowatch.tasks.tracking.from_heatmap import TimeAggregatedBAS
TimeAggregatedBAS().argparse().print_help()





“

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'agg_fn': <Value('probs')>, 'bg_key': <Value(None)>, 'inner_agg_fn': <Value('mean')>, 'inner_window_size': <Value(None)>, 'key': <Value('salient')>, 'max_area_behavior': <Value('drop')>, 'max_area_square_meters': <Value(None)>, 'min_area_square_meters': <Value(None)>, 'modulate_post_construction': <Value(None)>, 'morph_kernel': <Value(3)>, 'moving_window_size': <Value(None)>, 'new_algo': <Value(None)>, 'norm_ord': <Value(1)>, 'poly_merge_method': <Value('v1')>, 'polygon_simplify_tolerance': <Value(None)>, 'resolution': <Value(None)>, 'response_thresh': <Value(None)>, 'thresh': <Value(0.0)>, 'thresh_hysteresis': <Value(None)>, 'time_split_frame_buffer': <Value(2)>, 'time_split_thresh': <Value(None)>, 'time_thresh': <Value(1)>, 'use_boundaries': <Value(False)>, 'viz_out_dir': <Value(None)>}

	




	
normalize()

	








	
class geowatch.tasks.tracking.from_heatmap.CommonTrackFn(*args, **kwargs)

	Bases: NewTrackFunction, TimeAggregatedPolysConfig

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'agg_fn': <Value('probs')>, 'bg_key': <Value(None)>, 'inner_agg_fn': <Value('mean')>, 'inner_window_size': <Value(None)>, 'key': <Value('salient')>, 'max_area_behavior': <Value('drop')>, 'max_area_square_meters': <Value(None)>, 'min_area_square_meters': <Value(None)>, 'modulate_post_construction': <Value(None)>, 'morph_kernel': <Value(3)>, 'moving_window_size': <Value(None)>, 'new_algo': <Value(None)>, 'norm_ord': <Value(1)>, 'poly_merge_method': <Value('v1')>, 'polygon_simplify_tolerance': <Value(None)>, 'resolution': <Value(None)>, 'response_thresh': <Value(None)>, 'thresh': <Value(0.0)>, 'thresh_hysteresis': <Value(None)>, 'time_split_frame_buffer': <Value(2)>, 'time_split_thresh': <Value(None)>, 'time_thresh': <Value(1)>, 'use_boundaries': <Value(False)>, 'viz_out_dir': <Value(None)>}

	




	
normalize()

	








	
class geowatch.tasks.tracking.from_heatmap.TrackFnWithSV(*args, **kwargs)

	Bases: CommonTrackFn

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
site_validation: bool [https://docs.python.org/3/library/functions.html#bool]

	




	
site_validation_span_steps: int [https://docs.python.org/3/library/functions.html#int]

	




	
site_validation_thresh: float [https://docs.python.org/3/library/functions.html#float]

	




	
default = {'agg_fn': <Value('probs')>, 'bg_key': <Value(None)>, 'inner_agg_fn': <Value('mean')>, 'inner_window_size': <Value(None)>, 'key': <Value('salient')>, 'max_area_behavior': <Value('drop')>, 'max_area_square_meters': <Value(None)>, 'min_area_square_meters': <Value(None)>, 'modulate_post_construction': <Value(None)>, 'morph_kernel': <Value(3)>, 'moving_window_size': <Value(None)>, 'new_algo': <Value(None)>, 'norm_ord': <Value(1)>, 'poly_merge_method': <Value('v1')>, 'polygon_simplify_tolerance': <Value(None)>, 'resolution': <Value(None)>, 'response_thresh': <Value(None)>, 'site_validation': False, 'site_validation_span_steps': 120, 'site_validation_thresh': 0.1, 'thresh': <Value(0.0)>, 'thresh_hysteresis': <Value(None)>, 'time_split_frame_buffer': <Value(2)>, 'time_split_thresh': <Value(None)>, 'time_thresh': <Value(1)>, 'use_boundaries': <Value(False)>, 'viz_out_dir': <Value(None)>}

	








	
class geowatch.tasks.tracking.from_heatmap.TimeAggregatedBAS(*args, **kwargs)

	Bases: TrackFnWithSV

Wrapper for BAS that looks for change heatmaps.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
thresh: float [https://docs.python.org/3/library/functions.html#float]

	




	
key: str [https://docs.python.org/3/library/stdtypes.html#str]

	




	
agg_fn: str [https://docs.python.org/3/library/stdtypes.html#str]

	




	
create_tracks(sub_dset)

	




	
add_tracks_to_dset(sub_dset, tracks)

	




	
default = {'agg_fn': 'probs', 'bg_key': <Value(None)>, 'inner_agg_fn': <Value('mean')>, 'inner_window_size': <Value(None)>, 'key': 'salient', 'max_area_behavior': <Value('drop')>, 'max_area_square_meters': <Value(None)>, 'min_area_square_meters': <Value(None)>, 'modulate_post_construction': <Value(None)>, 'morph_kernel': <Value(3)>, 'moving_window_size': <Value(None)>, 'new_algo': <Value(None)>, 'norm_ord': <Value(1)>, 'poly_merge_method': <Value('v1')>, 'polygon_simplify_tolerance': <Value(None)>, 'resolution': <Value(None)>, 'response_thresh': <Value(None)>, 'site_validation': False, 'site_validation_span_steps': 120, 'site_validation_thresh': 0.1, 'thresh': 0.2, 'thresh_hysteresis': <Value(None)>, 'time_split_frame_buffer': <Value(2)>, 'time_split_thresh': <Value(None)>, 'time_thresh': <Value(1)>, 'use_boundaries': <Value(False)>, 'viz_out_dir': <Value(None)>}

	








	
class geowatch.tasks.tracking.from_heatmap.TimeAggregatedSC(*args, **kwargs)

	Bases: TrackFnWithSV

Wrapper for Activity Characterization / Site Characterization that looks
for phase heatmaps.

Alias: class_heatmaps


Note

This is a valid choice of track_fn in ../../cli/run_tracker.py



Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
thresh: float [https://docs.python.org/3/library/functions.html#float]

	




	
key: Tuple [https://docs.python.org/3/library/typing.html#typing.Tuple][str [https://docs.python.org/3/library/stdtypes.html#str]]

	




	
bg_key: Tuple [https://docs.python.org/3/library/typing.html#typing.Tuple][str [https://docs.python.org/3/library/stdtypes.html#str]]

	




	
boundaries_as: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['bounds', 'polys', 'none']

	




	
create_tracks(sub_dset)

	
	boundaries_as: use for Site Boundary annots in coco_dsennjk
	‘bounds’: generated polys will lie inside the boundaries
‘polys’: generated polys will be the boundaries
‘none’: generated polys will ignore the boundaries










	
add_tracks_to_dset(sub_dset, tracks, **kwargs)

	




	
default = {'agg_fn': <Value('probs')>, 'bg_key': ('No Activity',), 'boundaries_as': 'bounds', 'inner_agg_fn': <Value('mean')>, 'inner_window_size': <Value(None)>, 'key': ('Site Preparation', 'Active Construction', 'Post Construction', 'No Activity', 'ac_salient'), 'max_area_behavior': <Value('drop')>, 'max_area_square_meters': <Value(None)>, 'min_area_square_meters': <Value(None)>, 'modulate_post_construction': <Value(None)>, 'morph_kernel': <Value(3)>, 'moving_window_size': <Value(None)>, 'new_algo': <Value(None)>, 'norm_ord': <Value(1)>, 'poly_merge_method': <Value('v1')>, 'polygon_simplify_tolerance': <Value(None)>, 'resolution': <Value(None)>, 'response_thresh': <Value(None)>, 'site_validation': False, 'site_validation_span_steps': 120, 'site_validation_thresh': 0.1, 'thresh': 0.01, 'thresh_hysteresis': <Value(None)>, 'time_split_frame_buffer': <Value(2)>, 'time_split_thresh': <Value(None)>, 'time_thresh': None, 'use_boundaries': <Value(False)>, 'viz_out_dir': <Value(None)>}

	








	
class geowatch.tasks.tracking.from_heatmap.TimeAggregatedSV(*args, **kwargs)

	Bases: CommonTrackFn

Wrapper for Site Validation that looks for phase heatmaps.


	Alias:
	site_validation






Note

This is a valid choice of track_fn in ../../cli/run_tracker.py



Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
thresh: float [https://docs.python.org/3/library/functions.html#float]

	




	
key: str [https://docs.python.org/3/library/stdtypes.html#str]

	




	
boundaries_as: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['bounds', 'polys', 'none']

	




	
span_steps: int [https://docs.python.org/3/library/functions.html#int]

	




	
create_tracks(sub_dset)

	
	boundaries_as: use for Site Boundary annots in coco_dset
	‘bounds’: generated polys will lie inside the boundaries
‘polys’: generated polys will be the boundaries
‘none’: generated polys will ignore the boundaries










	
add_tracks_to_dset(sub_dset, tracks, **kwargs)

	




	
default = {'agg_fn': <Value('probs')>, 'bg_key': <Value(None)>, 'boundaries_as': 'polys', 'inner_agg_fn': <Value('mean')>, 'inner_window_size': <Value(None)>, 'key': 'salient', 'max_area_behavior': <Value('drop')>, 'max_area_square_meters': <Value(None)>, 'min_area_square_meters': <Value(None)>, 'modulate_post_construction': <Value(None)>, 'morph_kernel': <Value(3)>, 'moving_window_size': <Value(None)>, 'new_algo': <Value(None)>, 'norm_ord': <Value(1)>, 'poly_merge_method': <Value('v1')>, 'polygon_simplify_tolerance': <Value(None)>, 'resolution': <Value(None)>, 'response_thresh': <Value(None)>, 'span_steps': 120, 'thresh': 0.1, 'thresh_hysteresis': <Value(None)>, 'time_split_frame_buffer': <Value(2)>, 'time_split_thresh': <Value(None)>, 'time_thresh': <Value(1)>, 'use_boundaries': <Value(False)>, 'viz_out_dir': <Value(None)>}

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.tracking.from_polygon module


	
class geowatch.tasks.tracking.from_polygon.MonoTrack(**kwargs)

	Bases: TrackFunction

Combine all polygons into the same track.






	
geowatch.tasks.tracking.from_polygon.as_shapely_polys(annots)

	




	
class geowatch.tasks.tracking.from_polygon.OverlapTrack(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig], TrackFunction

Put polygons in the same track if their areas overlap.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
min_overlap: float [https://docs.python.org/3/library/functions.html#float]

	




	
default = {'min_overlap': 0}

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.tracking.normalize module


	
geowatch.tasks.tracking.normalize.dedupe_annots(coco_dset)

	Check for annotations with different aids that are the same geometry






	
geowatch.tasks.tracking.normalize.remove_small_annots(coco_dset, min_area_px=1, min_geo_precision=6)

	There are several reasons for a detection to be too small to keep.
Remove these and return the rest of the dataset.


	
	Detections that aren’t well-formed polygons.
	These are simply errors.
They show up fairly often in an arbitrary dset; TODO figure out why
possible culprits:


mask_to_scored_polygons?
cropping in propagate_labels?




>>> # xdoctest: +SKIP
>>> d = kwcoco.CocoDataset('pred_KR_R01.kwcoco_timeagg_v1.json')
>>> sum(are_invalid(d.annots())), d.n_annots
6686, 13136











	
	Very small detections in pixel-space (area <1 pixel).
	These probably couldn’t represent something visible,
unless the GSD is very large.
Skip this check by setting min_area_px=0







	
	Overly-precise geo-detections.
	Because GSD varies, and because lat-lon isn’t equal-area, detections
can be trivial in geo space but not pixel space.
GeoJSON spec recommends a precision of 6 decimal places, which is
~10cm. (IARPA annotations conform to this).
This check removes detections that are empty when rounded.
Skip this check by setting min_geo_precision=None










	Sources:
	[1] https://pypi.org/project/geojson/#default-and-custom-precision





Example

>>> import kwimage
>>> from copy import deepcopy
>>> from geowatch.tasks.tracking.normalize import remove_small_annots
>>> from geowatch.demo import smart_kwcoco_demodata
>>> coco_dset = smart_kwcoco_demodata.demo_kwcoco_with_heatmaps()
>>> # This dset has 1 video with all images the same size
>>> # For testing, resize one of the images so there is a meaningful
>>> # difference between img space and vid space
>>> scale_factor = 0.5
>>> aff = kwimage.Affine.coerce({'scale': scale_factor})
>>> img = coco_dset.imgs[1]
>>> img['width'] *= scale_factor
>>> img['height'] *= scale_factor
>>> img['warp_img_to_vid']['scale'] = 1/scale_factor
>>> for aux in img['auxiliary']:
>>>     aux['warp_aux_to_img']['scale'] = np.array(
>>>         aux['warp_aux_to_img'].get('scale', 1)) * scale_factor
>>> annots = coco_dset.annots(gid=img['id'])
>>> old_annots = deepcopy(annots)
>>> dets = annots.detections.warp(aff)
>>> # TODO this doesn't handle keypoints, and is rather brittle, is
>>> # there a way to simply do something like:
>>> #    annots.detections = annot.detections.warp(w)
>>> annots.set('bbox', dets.boxes.to_coco(style='new'))
>>> annots.set('segmentation', dets.data['segmentations'].to_coco(
>>>     style='new'))
>>> # test that scaling worked
>>> assert np.all(annots.boxes.area < old_annots.boxes.area)
>>> assert np.allclose(annots.boxes.warp(aff.inv()).area,
>>>     old_annots.boxes.area)
>>> # test that remove_small_annots no-ops with no threshold
>>> # (ie there are no invalid annots here)
>>> assert coco_dset.n_annots == remove_small_annots(deepcopy(coco_dset),
>>>     min_area_px=0, min_geo_precision=None).n_annots
>>> # test that annots can be removed
>>> assert remove_small_annots(deepcopy(coco_dset), min_area_px=1e99,
>>>     min_geo_precision=None).n_annots == 0
>>> # test that annotations are filtered in video space
>>> # pick a threshold above the img annot size and below the vid
>>> # annot size; annot should not be removed
>>> thresh = annots.boxes.area[0] + 1
>>> assert annots.aids[0] in remove_small_annots(deepcopy(coco_dset),
>>>     min_area_px=thresh, min_geo_precision=None).annots(
>>>         gid=img['id']).aids
>>> # test that some but not all annots can be removed
>>> filtered = remove_small_annots(
>>>     deepcopy(coco_dset), min_area_px=10000,
>>>     min_geo_precision=None)
>>> assert filtered.n_annots > 0 and filtered.n_annots < coco_dset.n_annots
>>> # TODO test min_geo_precision










	
geowatch.tasks.tracking.normalize.ensure_videos(coco_dset)

	Ensure every image belongs to a video, even a dummy video
and has a frame_index






	
geowatch.tasks.tracking.normalize.dedupe_tracks(coco_dset)

	Assuming that videos are made of disjoint images, ensure that trackids
are not shared by two tracks in different videos.






	
geowatch.tasks.tracking.normalize.shapely_round(geom, precision)

	References

https://gis.stackexchange.com/questions/188622






	
geowatch.tasks.tracking.normalize.normalize_phases(coco_dset, use_viterbi=False, t_probs=None, e_probs=None, baseline_keys={'salient'}, prediction_key='phase_transition_days')

	Convert internal representation of phases to their IARPA standards as well
as inserting a baseline guess for activity classification and removing
empty tracks.

HACK: add a Post Construction frame at the end of every track
until we support partial sites


	The only remaining categories in the returned coco_dset should be:
	Site Preparation
Active Construction
Post Construction





TODO make this a step in track_fn to take advantage of heatmap info?
.. rubric:: Example

>>> # test baseline guess
>>> from geowatch.tasks.tracking.normalize import normalize_phases
>>> from geowatch.tasks.tracking.normalize import normalize_phases
>>> from geowatch.demo import smart_kwcoco_demodata
>>> dset = smart_kwcoco_demodata.demo_kwcoco_with_heatmaps()
>>> dset.remove_categories([1,3,4,5])
>>> dset.cats[2]['name'] = 'salient'
>>> assert dset.cats == {2: {'id': 2, 'name': 'salient'}}
>>> # HACK, this shouldn't be needed?
>>> # TODO file bug report
>>> dset._build_index()
>>> dset = normalize_phases(dset)
>>> assert (dset.annots(track_id=1).cnames ==
>>>     ((['Site Preparation'] * 10) +
>>>      (['Active Construction'] * 9) +
>>>      (['Post Construction'])))
>>> # try again with smoothing
>>> dset = normalize_phases(dset, use_viterbi=True)
>>> from geowatch.demo import smart_kwcoco_demodata
>>> dset = smart_kwcoco_demodata.demo_kwcoco_with_heatmaps()
>>> dset.remove_categories([1,3,4,5])
>>> dset.cats[2]['name'] = 'salient'
>>> assert dset.cats == {2: {'id': 2, 'name': 'salient'}}
>>> # HACK, this shouldn't be needed?
>>> # TODO file bug report
>>> dset._build_index()
>>> dset = normalize_phases(dset)
>>> assert (dset.annots(track_id=1).cnames ==
>>>     ((['Site Preparation'] * 10) +
>>>      (['Active Construction'] * 9) +
>>>      (['Post Construction'])))
>>> # try again with smoothing
>>> dset = normalize_phases(dset, use_viterbi=True)










	
geowatch.tasks.tracking.normalize.dedupe_dates(coco_dset)

	Ensure a tracked kwcoco file has at most 1 annot per track per date. [1]


	There are several potential ways to do this.
	
	take highest-resolution sensor [currently done]


	take image with best coverage (least nodata)


	take latest time


	majority-vote labels/average scores


	average heatmaps before polygons are created








Given that this probably has a minimal impact on scores, the safest method
is chosen.

References

[1] https://smartgitlab.com/TE/metrics-and-test-framework/-/issues/63

Example

>>> from geowatch.tasks.tracking.normalize import *  # NOQA
>>> import geowatch
>>> import kwarray
>>> coco_dset = geowatch.coerce_kwcoco('geowatch-msi', geodata=True, dates=True)
>>> # Add 0-4 duplicate images to each video
>>> rng = kwarray.ensure_rng(613544)
>>> gids_to_duplicate = list(ub.flatten([rng.choice(gs, rng.randint(0, 4)) for gs in coco_dset.videos().images]))
>>> for gid in gids_to_duplicate:
>>>     img1 = ub.udict(coco_dset.index.imgs[gid]) - {'id'}
>>>     img1['name'] = img1['name'] + '_duplicated'
>>>     coco_dset.add_image(**img1)
>>> coco_dset_with_dups = coco_dset.copy()
>>> coco_dset_fixed = dedupe_dates(coco_dset.copy())
>>> assert coco_dset_fixed.n_images < coco_dset_with_dups.n_images










	
geowatch.tasks.tracking.normalize.run_tracking_pipeline(coco_dset, track_fn, gt_dset=None, viz_out_dir=None, use_viterbi=False, sensor_warnings=True, **track_kwargs)

	Driver function to apply all normalizations


Todo

Rename this to something like run_tracker. This is the entry point to
the main tracking pipeline.



Example

>>> import kwcoco as kc
>>> from geowatch.tasks.tracking.normalize import *
>>> from geowatch.tasks.tracking.from_polygon import OverlapTrack
>>> # create demodata
>>> d = kc.CocoDataset.demo()
>>> ann_dct = d.anns[1]
>>> d.remove_annotations(range(1,12))
>>> ann_dct.pop('keypoints')
>>> ann_dct.pop('id')
>>> for i in range(1,4):
>>>     ann_dct.update(image_id=i)
>>>     d.add_annotation(**ann_dct)
>>> for img, sensor in zip(d.imgs.values(), ['WV', 'S2', 'L8']):
>>>     img['sensor_coarse'] = sensor
>>> d.remove_categories(range(2,9))
>>> d.cats[1]['supercategory'] = None
>>> d.cats[1]['name'] = 'change'
>>> d.images().set('channels', 'rgb')
>>> # test everything except geo-info
>>> def _normalize_annots(coco_dset):
>>>     coco_dset = dedupe_annots(coco_dset)
>>>     coco_dset = remove_small_annots(coco_dset,
>>>         min_geo_precision=None)
>>>     return coco_dset
>>> coco_dset = d.copy()
>>> coco_dset = _normalize_annots(coco_dset)
>>> assert coco_dset.anns == d.anns
>>> coco_dset = ensure_videos(coco_dset)
>>> assert coco_dset.index.vidid_to_gids[1] == coco_dset.imgs.keys()
>>> n_existing_annots = coco_dset.n_annots
>>> coco_dset = OverlapTrack().apply_per_video(coco_dset)
>>> assert set(coco_dset.annots().get('track_id')) == {1}
>>> assert coco_dset.n_annots == n_existing_annots
>>> coco_dset = dedupe_tracks(coco_dset)
>>> assert set(coco_dset.annots().get('track_id')) == {1}
>>> coco_dset = normalize_phases(coco_dset, baseline_keys={'change'})
>>> assert (coco_dset.annots().cnames ==
>>> ['Site Preparation', 'Site Preparation', 'Post Construction'])
>>> from geowatch import heuristics
>>> coco_dset = heuristics.normalize_sensors(
>>>     coco_dset, sensor_warnings=False, format='iarpa')
>>> assert (coco_dset.images().get('sensor_coarse') ==
>>>     ['WorldView', 'Sentinel-2', 'Landsat 8'])










	
geowatch.tasks.tracking.normalize.normalize(coco_dset, track_fn, gt_dset=None, viz_out_dir=None, use_viterbi=False, sensor_warnings=True, **track_kwargs)

	Driver function to apply all normalizations


Todo

Rename this to something like run_tracker. This is the entry point to
the main tracking pipeline.



Example

>>> import kwcoco as kc
>>> from geowatch.tasks.tracking.normalize import *
>>> from geowatch.tasks.tracking.from_polygon import OverlapTrack
>>> # create demodata
>>> d = kc.CocoDataset.demo()
>>> ann_dct = d.anns[1]
>>> d.remove_annotations(range(1,12))
>>> ann_dct.pop('keypoints')
>>> ann_dct.pop('id')
>>> for i in range(1,4):
>>>     ann_dct.update(image_id=i)
>>>     d.add_annotation(**ann_dct)
>>> for img, sensor in zip(d.imgs.values(), ['WV', 'S2', 'L8']):
>>>     img['sensor_coarse'] = sensor
>>> d.remove_categories(range(2,9))
>>> d.cats[1]['supercategory'] = None
>>> d.cats[1]['name'] = 'change'
>>> d.images().set('channels', 'rgb')
>>> # test everything except geo-info
>>> def _normalize_annots(coco_dset):
>>>     coco_dset = dedupe_annots(coco_dset)
>>>     coco_dset = remove_small_annots(coco_dset,
>>>         min_geo_precision=None)
>>>     return coco_dset
>>> coco_dset = d.copy()
>>> coco_dset = _normalize_annots(coco_dset)
>>> assert coco_dset.anns == d.anns
>>> coco_dset = ensure_videos(coco_dset)
>>> assert coco_dset.index.vidid_to_gids[1] == coco_dset.imgs.keys()
>>> n_existing_annots = coco_dset.n_annots
>>> coco_dset = OverlapTrack().apply_per_video(coco_dset)
>>> assert set(coco_dset.annots().get('track_id')) == {1}
>>> assert coco_dset.n_annots == n_existing_annots
>>> coco_dset = dedupe_tracks(coco_dset)
>>> assert set(coco_dset.annots().get('track_id')) == {1}
>>> coco_dset = normalize_phases(coco_dset, baseline_keys={'change'})
>>> assert (coco_dset.annots().cnames ==
>>> ['Site Preparation', 'Site Preparation', 'Post Construction'])
>>> from geowatch import heuristics
>>> coco_dset = heuristics.normalize_sensors(
>>>     coco_dset, sensor_warnings=False, format='iarpa')
>>> assert (coco_dset.images().get('sensor_coarse') ==
>>>     ['WorldView', 'Sentinel-2', 'Landsat 8'])












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.tracking.old_polygon_extraction module

The original heatmap -> polygon extraction code.


	
class geowatch.tasks.tracking.old_polygon_extraction.PolygonExtractConfig(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
default = {'agg_fn': <Value('probs')>, 'inner_agg_fn': <Value('mean')>, 'inner_window_size': <Value(None)>, 'key': <Value('salient')>, 'morph_kernel': <Value(3)>, 'moving_window_size': <Value(None)>, 'new_algo': <Value(None)>, 'norm_ord': <Value(1)>, 'poly_merge_method': <Value('v1')>, 'resolution': <Value(None)>, 'thresh': <Value(0.0)>, 'thresh_hysteresis': <Value(None)>, 'use_boundaries': <Value(False)>, 'viz_out_dir': <Value(None)>}

	








	
geowatch.tasks.tracking.old_polygon_extraction._gids_polys(sub_dset, **kwargs)

	This is associated with PolygonExtractConfig

Example

>>> from geowatch.tasks.tracking.old_polygon_extraction import *  # NOQA
>>> from geowatch.tasks.tracking.old_polygon_extraction import _gids_polys
>>> import geowatch
>>> coco_dset = geowatch.coerce_kwcoco(data='geowatch-msi', dates=True, geodata=True, heatmap=True)
>>> sub_dset = coco_dset.subset(coco_dset.videos().images[0])
>>> key = ['salient']
>>> agg_fn = 'probs'
>>> thresh = 0.001
>>> morph_kernel = 3
>>> thresh_hysteresis = 0
>>> norm_ord = 1
>>> resolution = None
>>> outer_window_size = None
>>> inner_window_size = '1year'
>>> kwargs = dict(key=key,
>>>     agg_fn=agg_fn,
>>>     thresh=thresh,
>>>     morph_kernel=morph_kernel,
>>>     thresh_hysteresis=thresh_hysteresis,
>>>     norm_ord=norm_ord,
>>>     resolution=resolution,
>>>     outer_window_size=outer_window_size,
>>>     use_boundaries=None)
>>> results1 = list(_gids_polys(sub_dset, **kwargs))
>>> kwargs['new_algo'] = 'crall'
>>> results2 = list(_gids_polys(sub_dset, **kwargs))






	Returns:

	
	Iterable[Tuple[List[int], MultiPolygon]] -
	For each track return a list of image ids and a single associated
polygon.
















	
geowatch.tasks.tracking.old_polygon_extraction._process(track, _heatmaps, image_dates, gids, config)

	
	Yields:

	
	Tuple[List[int], MultiPolygon] -
	a list of image ids a polygon is valid for, and
the single polygon corresponding.














	
geowatch.tasks.tracking.old_polygon_extraction.heatmaps_to_polys(heatmaps, track_bounds, heatmap_dates=None, config=None)

	Use parameters: agg_fn, thresh, morph_kernel, thresh_hysteresis, norm_ord


	Parameters:

	
	heatmaps (ndarray) – A [T, H, W] heatmap


	track_bounds (kwimage.MultiPolygon | None) – a valid region in the heatmaps where new polygons can be extracted.


	heatmap_dates (List[datetime] | None) – dates corresponding with each heatmap time dimension


	config (PolygonExtractConfig) – polygon extraction config








Example

>>> from geowatch.tasks.tracking.old_polygon_extraction import *  # NOQA
>>> import kwimage
>>> from kwutil import util_time
>>> import numpy as np
>>> from geowatch.tasks.tracking.old_polygon_extraction import PolygonExtractConfig  # NOQA
>>> config = PolygonExtractConfig()
>>> heatmaps = np.zeros((7, 64, 64))
>>> heatmaps[2, 20:40, 20:40] = 1
>>> heatmaps[5, 30:50, 30:50] = 1
>>> heatmap_dates = [util_time.coerce_datetime(x) for x in [
>>>     '2020-01-01', '2020-02-01', '2020-03-01', '2020-04-01',
>>>     '2020-05-01', '2020-06-01', '2020-07-01', ]]
>>> track_bounds = kwimage.Polygon.random(rng=0).scale((64, 64))
>>> # V1 merges everything together across all time
>>> config.poly_merge_method = 'v1'
>>> polygons_final = heatmaps_to_polys(heatmaps, track_bounds, heatmap_dates=heatmap_dates, config=config)
>>> # V3 does some time separation
>>> config.poly_merge_method = 'v3'
>>> polygons_final = heatmaps_to_polys(heatmaps, track_bounds, heatmap_dates=heatmap_dates, config=config)










	
geowatch.tasks.tracking.old_polygon_extraction._compute_time_window(window, num_frames=None, heatmap_dates=None)

	Example

>>> window = 5
>>> num_frames = 23
>>> groupxs = _compute_time_window(window, num_frames)
>>> print(f'groupxs={groupxs}')
>>> #
>>> window = '7days'
>>> from kwutil import util_time
>>> heatmap_dates = list(map(util_time.coerce_datetime, [
>>>     '2020-01-01', '2020-01-02', '2020-02-01',
>>>     '2020-02-02', '2020-03-14', '2020-03-23',
>>>     '2020-04-01', '2020-06-23', '2020-06-26',
>>>     '2020-06-27', '2020-06-28', ]))
>>> groupxs = _compute_time_window(window, num_frames, heatmap_dates)
>>> print(f'groupxs={groupxs}')
>>> groupxs = _compute_time_window(None, num_frames, heatmap_dates)
>>> print(f'groupxs={groupxs}')










	
geowatch.tasks.tracking.old_polygon_extraction._process_1_step(heatmaps, _agg_fn, track_bounds, step_idx, config)

	
	Parameters:

	
	heatmaps (ndarray)


	_agg_fn (Callable)


	track_bounds (None | Coercable[kwimage.MultiPolygon])


	step_idx (int)


	config (DataConfig)






	Returns:

	List[kwimage.Polygon]










	
geowatch.tasks.tracking.old_polygon_extraction._merge_polys(p1, t1, p2, t2, poly_merge_method=None)

	
	Given two lists of polygons, p1 and p2, merge these according to:
	
	add all unique polygons in the merged list


	for overlapping polygons, add the union of both polygons









	Parameters:

	
	p1 (List[shapely.geometry.polygon.Polygon]) – List of polygons in group1


	t1 (List[float]) – List of times corresponding with polygons in group1


	p2 (List[shapely.geometry.polygon.Polygon]) – List of polygons in group1


	t2 (List[float]) – List of times corresponding with polygons in group2


	poly_merge_method (str) – Codename for the algorithm used. Can be “v1”, “v2”, “v3”, or “v3_noop”.








Example

>>> from geowatch.tasks.tracking.old_polygon_extraction import * # NOQA
>>> from geowatch.tasks.tracking.old_polygon_extraction import _merge_polys  # NOQA
>>> import kwimage
>>> import numpy as np
>>> #
>>> p1 = [kwimage.Polygon.random().scale(0.2).to_shapely() for _ in range(1)]
>>> t1 = np.arange(len(p1) * 2).reshape(-1, 2)
>>> p2 = [kwimage.Polygon.random().to_shapely() for _ in range(1)]
>>> t2 = np.arange(len(p2) * 2).reshape(-1, 2)
>>> poly_merge_method = 'v3'
>>> #
>>> _merge_polys(p1, t1, p2, t2, poly_merge_method)












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.tracking.phase module


	
geowatch.tasks.tracking.phase.viterbi(input_sequence, transition_probs, emission_probs)

	Viterbi decoding function.

Obtain a MAP estimate for the most likely sequence of hidden states using a
hidden Markov model.


	Parameters:

	
	input_sequence (ndarray[int]) – Input sequence of shape (T,) encoding the sequence we believe we
observed. Items are integers ranging from 0 to (S - 1), where S is
the number of possible states. These indicate the “observed” state.


	transition_probs (ndarray[float]) – Transition probabilities of shape (S, S), where
transition_probs[i, j] indicates the probability that state
i transitions to state j. Rows should sum to 1.


	emission_probs (ndarray[float]) – Emission probabilities of shape (S, S), where
transition_probs[i, j] indicates the probability that
when we observed state i the real state was actually j.
This encodes now noisy we believe the observations are.






	Returns:

	
	best_path
	The sequence of most likely true states









	Return type:

	ndarray[int [https://docs.python.org/3/library/functions.html#int]]





References


	https://en.wikipedia.org/wiki/Viterbi_algorithm#Pseudocode


	https://stackoverflow.com/q/9729968




Example

>>> # Demo based loosely on a star's simplified life sequence
>>> import numpy as np
>>> import pandas as pd
>>> states = ['cloud', 'small', 'giant', 'dwarf', 'large',
>>>           'supergiant', 'supernova', 'neutron_star', 'black_hole']
>>> # How likely is it for a state to change at any given time?
>>> transitions = [
>>>     {'src': 'cloud',        'dst': 'cloud',        'prob': 0.9},
>>>     {'src': 'small',        'dst': 'small',        'prob': 0.9},
>>>     {'src': 'giant',        'dst': 'giant',        'prob': 0.9},
>>>     {'src': 'dwarf',        'dst': 'dwarf',        'prob': 0.9},
>>>     {'src': 'large',        'dst': 'large',        'prob': 0.9},
>>>     {'src': 'supergiant',   'dst': 'supergiant',   'prob': 0.9},
>>>     {'src': 'supernova',    'dst': 'supernova',    'prob': 0.9},
>>>     {'src': 'neutron_star', 'dst': 'neutron_star', 'prob': 0.9},
>>>     {'src': 'black_hole',   'dst': 'black_hole',   'prob': 0.9},
>>>     #
>>>     {'src': 'cloud',      'dst': 'small',        'prob': 0.8},
>>>     {'src': 'cloud',      'dst': 'large',        'prob': 0.2},
>>>     {'src': 'small',      'dst': 'giant',        'prob': 1.0},
>>>     {'src': 'giant',      'dst': 'dwarf',        'prob': 1.0},
>>>     {'src': 'large',      'dst': 'supergiant',   'prob': 1.0},
>>>     {'src': 'supergiant', 'dst': 'supernova',    'prob': 1.0},
>>>     {'src': 'supernova',  'dst': 'neutron_star', 'prob': 6.0},
>>>     {'src': 'supernova',  'dst': 'black_hole',   'prob': 4.0},
>>> ]
>>> # How likely is it that we made an error in observation?
>>> emissions = [
>>>     {'obs': 'cloud',        'real': 'cloud',        'prob': 0.5},
>>>     {'obs': 'small',        'real': 'small',        'prob': 0.5},
>>>     {'obs': 'giant',        'real': 'giant',        'prob': 0.5},
>>>     {'obs': 'dwarf',        'real': 'dwarf',        'prob': 0.5},
>>>     {'obs': 'large',        'real': 'large',        'prob': 0.5},
>>>     {'obs': 'supergiant',   'real': 'supergiant',   'prob': 0.5},
>>>     {'obs': 'supernova',    'real': 'supernova',    'prob': 0.5},
>>>     {'obs': 'neutron_star', 'real': 'neutron_star', 'prob': 0.5},
>>>     {'obs': 'black_hole',   'real': 'black_hole',   'prob': 0.5},
>>> ]
>>> emission_table = pd.DataFrame.from_dict(emissions)
>>> emission_df = emission_table.pivot(index=['obs'], columns=['real'], values=['prob'])
>>> # Fill unspecified values in pairwise probability tables
>>> import kwarray
>>> rng = kwarray.ensure_rng(42110)
>>> randfill = rng.rand(*emission_df.shape) * 0.01
>>> flags = emission_df.isnull().astype(int)
>>> emission_df = emission_df.fillna(0) + randfill * flags
>>> transition_table = pd.DataFrame.from_dict(transitions)
>>> transition_df = transition_table.pivot(
>>>     index=['src'], columns=['dst'], values=['prob']).fillna(0)
>>> # Normalize probs
>>> emission_df = emission_df.div(emission_df.groupby(
>>>     axis=1, level=0).sum(), level=0)
>>> transition_df = transition_df.div(transition_df.groupby(
>>>     axis=1, level=0).sum(), level=0)
>>> # Reorder indexes so we can use integer states
>>> transition_df2 = transition_df.droplevel(axis=1, level=0)
>>> emission_df2 = emission_df.droplevel(axis=1, level=0)
>>> transition_df2 = transition_df2[states].loc[states]
>>> emission_df2 = emission_df2[states].loc[states]
>>> #
>>> # Convert to ndarrays
>>> transition_probs = transition_df2.values
>>> emission_probs = emission_df2.values
>>> #
>>> observed_states = ['cloud', 'small', 'cloud', 'small', 'large',
>>>     'supergiant', 'black_hole', 'giant', 'dwarf', 'dwarf']
>>> input_sequence = np.array(
>>>     [states.index(s) for s in observed_states], dtype=int)
>>> from geowatch.tasks.tracking.phase import viterbi
>>> best_path = viterbi(
>>>     input_sequence, transition_probs, emission_probs)
>>> predicted_states = [states[idx] for idx in best_path]
>>> print('predicted_states = {!r}'.format(predicted_states))
predicted_states = ['cloud', 'small', 'small', 'small', 'small',
                    'small', 'giant', 'giant', 'dwarf', 'dwarf']










	
geowatch.tasks.tracking.phase._load_probs(arr_or_file, registry, default=None)

	




	
geowatch.tasks.tracking.phase.class_label_smoothing(track_cats, transition_probs=None, emission_probs=None)

	
	Parameters:

	
	
	track_cats – a list of scored SC phase names.
	
	Ex. [‘Site Preparation’, ‘Active Construction’, ‘Site Preparation’]













	transition_probs, emission_probs: see viterbi().
	These can be an (n_classes x n_classes) == (4x4) ndarray,
or a format read by np.loadtxt - pathlike or list of strings,
or None (use default).







	Returns:

	A smoothed list using Viterbi decoding.
Ex. [‘Site Preparation’, ‘Active Construction’, ‘Active Construction’]





# TODO make this work for subsites

Example

>>> from geowatch.tasks.tracking.phase import *  # NOQA
>>> import ubelt as ub
>>> track_cats = (
>>>     ['No Activity'] * 2 +
>>>     ['Active Construction'] * 1 +
>>>     ['Site Preparation'] * 2 +
>>>     ['Active Construction'] * 3 +
>>>     ['Site Preparation'] * 1 +
>>>     ['Post Construction'] * 2
>>> )
>>> transition_probs = 'v1'
>>> emission_probs = 'v6'
>>> smoothed_cats = class_label_smoothing(track_cats, transition_probs, emission_probs)
>>> print('smoothed_cats = {}'.format(ub.urepr(smoothed_cats, nl=1)))
smoothed_cats = [
    'No Activity',
    'No Activity',
    'Site Preparation',
    'Site Preparation',
    'Site Preparation',
    'Active Construction',
    'Active Construction',
    'Active Construction',
    'Active Construction',
    'Post Construction',
    'Post Construction',
]










	
geowatch.tasks.tracking.phase.interpolate(coco_dset, track_id, cnames_to_keep=['Site Preparation', 'Active Construction', 'Post Construction'])

	Replace any annot’s cat not in cnames_to_keep with the most recent of
cnames_to_keep






	
geowatch.tasks.tracking.phase.baseline(coco_dset, track_id, cnames_to_insert=['Site Preparation', 'Active Construction', 'Post Construction'])

	Predict site prep for the first half of the track and then active
construction for the second half with post construction on the last frame






	
geowatch.tasks.tracking.phase.sort_by_gid(coco_dset, track_id, prune=True)

	Group annots by image and return in sorted order by frame_index.


	Parameters:

	prune – if True, remove gids with no anns, else, return whole video



	Returns:

	(Images, AnnotGroups)



	Return type:

	Tuple










	
geowatch.tasks.tracking.phase.ensure_post(coco_dset, track_id, post_cname='Post Construction', neg_cnames=['No Activity'])

	If the track ends before the end of the video, and the last frame is
not post construction, add another frame of post construction

TODO this is not a perfect approach, since we don’t have per-subsite
tracking across frames. We can run into a case where:
frame  1   2   3
ss1    AC  AC  PC
ss2    AC  AC
it is ambiguous whether ss2 ends on AC or merges with ss1.






	
geowatch.tasks.tracking.phase.dedupe_background_anns(coco_dset, track_id, post_cname='Post Construction', neg_cnames=['No Activity'])

	Chop off extra Post Construction and No Activity annots from the end of the
track so they don’t count as FPs.

TODO same edge case as ensure_post() for lack of subsite tracking






	
geowatch.tasks.tracking.phase.current_date(annots)

	




	
geowatch.tasks.tracking.phase.phase_prediction_baseline(annots) → List [https://docs.python.org/3/library/typing.html#typing.List][float [https://docs.python.org/3/library/functions.html#float]]

	Number of days until the next expected activity phase transition.

Baseline: (average days in current_phase - elapsed days in current_phase)


	Returns:

	number of days in the future



	Return type:

	float [https://docs.python.org/3/library/functions.html#float]












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.tracking.polygon_extraction module


	
class geowatch.tasks.tracking.polygon_extraction.PolygonExtractor(heatmap_thwc, heatmap_time_intervals=None, bounds=None, classes=None, config=None)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Given a timesequence of heatmaps, extract spatially static polygons.

This class is being developed on dev/refine-ac-polys in the file:
geowatch/tasks/tracking/polygon_extraction.py


	Distributed Tweaking on:
	https://colab.research.google.com/drive/1NEJpm36LviesZb45qy59myezi7JHu0bI#scrollTo=G8kHgCXSI3VS





Example

>>> from geowatch.tasks.tracking.polygon_extraction import *  # NOQA
>>> cls = PolygonExtractor
>>> self = PolygonExtractor.demo(real_categories=True)
>>> self.config['algo'] = 'crall'
>>> print(f'self.heatmap_thwc.shape={self.heatmap_thwc.shape}')





>>> polys, info = self.predict_polygons(return_info=True)
>>> label_mask = info['label_mask']





>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> from geowatch.utils import util_kwimage
>>> kwplot.autompl()
>>> stacked = self.draw_timesequence()
>>> canvas = label_mask.colorize()
>>> for p in polys:
>>>     canvas = p.draw_on(canvas, fill=0, edgecolor='black')
>>> pnum_ = kwplot.PlotNums(nSubplots=2)
>>> kwplot.imshow(stacked, pnum=pnum_(), title='Colorized Time Series')
>>> kwplot.imshow(canvas, pnum=pnum_(), title='Cluster Labels')
>>> kwplot.show_if_requested()





[image: ../_images/fig_geowatch_tasks_tracking_polygon_extraction_PolygonExtractor_002.jpeg]

	Parameters:

	
	heatmap_thwc (ndarray) – An heatmap with dimensions [T, H, W, C]
where T is number of timesteps and C are feature map reponces
for each channel.


	heatmap_time_intervals (None | List[Tuple[datetime, datetime]]) – A list of length T rows. Each row corresponds to a timestep
in the heatmaps, and contains a tuple of two datetimes:
corresponding to the start and end of times that
information corresponds to. If a heatmap only corrseponds to a
single time, then start and end will be the same.


	bounds (kwimage.MultiPolygon | None) – if given, this is the polygon detected at BAS time.


	classes (None | List[str]) – If specified, this corresponds to the class in each position
of the C dimension.


	config (None | Dict) – optional configuration









	
_predict_leotta()

	




	
_predict_crall()

	




	
predict()

	Predict the spatial polygons


	Returns:

	A single [H, W] integer map indicating a cluster label for each
pixel. I.e. a spatial segmentation of the sites.



	Return type:

	ndarray










	
predict_polygons(return_info=False)

	




	
show()

	




	
draw_intermediate()

	




	
draw_timesequence()

	




	
classmethod demo(**kwargs)

	Create an instance of the problem on toy data.


	Parameters:

	**kwargs – passed to PolygonExtractor.demodata()



	Returns:

	PolygonExtractor










	
classmethod demodata(real_categories=False, rng=0)

	Create toydata to test and demo the API


	Parameters:

	
	real_categories (bool) – if False, use fake cateogires


	rng (int | None) – random seed, or None to use global seed.






	Returns:

	
	A dictionary that can be used as kwargs
	to construct and instance of this class.









	Return type:

	Dict[str [https://docs.python.org/3/library/stdtypes.html#str], Any]














	
geowatch.tasks.tracking.polygon_extraction.impute_nans(data)

	interpolate to fill nan values

TODO: tests

data = np.random.rand(5, 3, 3, 2)
data[data < 0.1] = np.nan

data = np.random.rand(54, 295, 296, 5)
data[data < 0.1] = np.nan

import timerit
ti = timerit.Timerit(1, bestof=1, verbose=3)


	for timer in ti.reset(‘impute_nans2’):
	
	with timer:
	impute_nans2(data)







	for timer in ti.reset(‘impute_nans’):
	
	with timer:
	impute_nans(data)














	
geowatch.tasks.tracking.polygon_extraction.impute_nans2(data)

	




	
class geowatch.tasks.tracking.polygon_extraction.FeatureCube(heatmap_thwc, heatmap_time_intervals=None, classes=None)

	Bases: NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr]

Container for a [T, H, W, C] heatmap and corresponding T-lengthed time
intervals.


	
take_channels(channels)

	




	
window_max(window)

	




	
classmethod demo()

	




	
draw()

	








	
class geowatch.tasks.tracking.polygon_extraction.TimeIntervalSequence(iterable=(), /)

	Bases: list [https://docs.python.org/3/library/stdtypes.html#list]

A list of non-overlapping time intervals


	
apply_grouping(groupxs)

	




	
classmethod coerce(data)

	




	
_compute_time_window(window)

	Example

>>> window = '7days'
>>> from kwutil import util_time
>>> self = heatmap_dates = TimeIntervalSequence(map(TimeInterval.coerce, [
>>>     '2020-01-01', '2020-01-02', '2020-02-01',
>>>     '2020-02-02', '2020-03-14', '2020-03-23',
>>>     '2020-04-01', '2020-06-23', '2020-06-26',
>>>     '2020-06-27', '2020-06-28', ]))
>>> groupxs = heatmap_dates._compute_time_window(window)
>>> new = self.apply_grouping(groupxs)
>>> print(f'groupxs={groupxs}')
>>> print(f'new={new}')
>>> groupxs = heatmap_dates._compute_time_window(None)
>>> new = self.apply_grouping(groupxs)
>>> print(f'groupxs={groupxs}')
>>> print(f'new={new}')
>>> groupxs = heatmap_dates._compute_time_window(3)
>>> new = self.apply_grouping(groupxs)
>>> print(f'groupxs={groupxs}')
>>> print(f'new={new}')














	
class geowatch.tasks.tracking.polygon_extraction.TimeInterval(*intervals)

	Bases: Interval

Represents an interval in time.

Example

from geowatch.tasks.tracking.polygon_extraction import *  # NOQA
a = TimeInterval.coerce((‘2020-01-01’, ‘2020-02-01’))
b = TimeInterval.coerce((‘2020-02-01’, ‘2020-03-01’))
c = TimeInterval.coerce((‘2020-03-01’, ‘2020-03-15’))
d = TimeInterval.coerce((‘2020-03-07’, ‘2020-04-01’))
e = TimeInterval.coerce((‘2020-04-15’, ‘2020-05-01’))

Create a disjunction of zero, one or more intervals.


	Parameters:

	intervals – zero, one or more intervals.






	
property start

	




	
property stop

	




	
classmethod coerce(data)

	




	
classmethod closed(start, stop=None)

	




	
classmethod random()

	




	
_intervals

	








	
geowatch.tasks.tracking.polygon_extraction.toydata_demo()

	Example

from geowatch.tasks.tracking.polygon_extraction import *  # NOQA
cls = PolygonExtractor(heatmaps, bounds)
self = PolygonExtractor.demo()






	
geowatch.tasks.tracking.polygon_extraction.real_data_demo_case_1()

	




	
geowatch.tasks.tracking.polygon_extraction.real_data_demo_case_2()

	




	
geowatch.tasks.tracking.polygon_extraction.real_data_demo_case_3()

	




	
geowatch.tasks.tracking.polygon_extraction.real_data_demo_case_1_fixed()

	




	
geowatch.tasks.tracking.polygon_extraction.generate_real_example()

	




	
class geowatch.tasks.tracking.polygon_extraction.LabelMask(data)

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
colorize()

	




	
resize(scale=None, dsize=None)

	




	
classmethod demo()

	




	
to_multi_polygons()

	








	
geowatch.tasks.tracking.polygon_extraction._rasterio_labelimg_to_polygons(label_img)

	
Note

The rasterio.features.shapes() is capable of multi-label polygon
extraction.




Todo


	[ ] Kwimage needs a good multi-label image polygon extraction tool











	
geowatch.tasks.tracking.polygon_extraction.coco_make_track_gdf(coco_dset, video_id, resolution=None)

	




	
geowatch.tasks.tracking.polygon_extraction.imread_many(dset, gids, channels=None, space='video', resolution=None, workers=0)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.tracking.utils module


	
geowatch.tasks.tracking.utils.trackid_is_default(trackid)

	Hack to decide if a trackid is really a site_id or if it was randomly
assigned






	
geowatch.tasks.tracking.utils.check_only_bg(category_sequence, bg_name=['No Activity'])

	




	
geowatch.tasks.tracking.utils.gpd_sort_by_gid(gdf, sorted_gids)

	




	
geowatch.tasks.tracking.utils.gpd_len(gdf)

	




	
geowatch.tasks.tracking.utils.gpd_compute_scores(gdf, sub_dset, thrs: Iterable [https://docs.python.org/3/library/typing.html#typing.Iterable], ks: Dict [https://docs.python.org/3/library/typing.html#typing.Dict], USE_DASK=False, resolution=None, modulate=None)

	TODO: This needs docs and examples for the BAS and SC/AC cases.


	Parameters:

	
	gdf (gdf.GeoDataFrame) – input data frame tracks dataframe containing
track_idx, gid, and poly columns.


	sub_dset (kwcoco.CocoDataset) – dataset with reference to images


	thrs (List[float]) – thresholds (-1) means take the average response, other values is
the fraction of pixels with responses above that value.


	ks (Dict[str, List[str]]) – mapping from “fg” to a list of “foreground classes”
optionally also
mapping from “bg” to a list of “background classes”


	resolution (str | None) – resolution spec to compute scores at (e.g. “2GSD”).








Calls _compute_group_scores() on each dataframe row, which will
execute the read for the image prediction scores for polygons with
score_poly().


	Returns:

	gdf.GeoDataFrame - a scored variant of the input data frame


returns the per-channels scores as well as summed groups of
channels. (not sure if that last one is necessary, might need to
refactor to simplify)










Example

>>> import kwcoco
>>> from geowatch.tasks.tracking.utils import *  # NOQA
>>> from geowatch.tasks.tracking.utils import _compute_group_scores, _build_annot_gdf
>>> sub_dset = kwcoco.CocoDataset.demo('vidshapes1')
>>> gdf, _ = _build_annot_gdf(sub_dset)
>>> thrs = [-1, 'median']
>>> ks = {'r|g': ['r', 'g'], 'bg': ['b']}
>>> USE_DASK = 0
>>> resolution = None
>>> gdf2 = gpd_compute_scores(gdf, sub_dset, thrs, ks, USE_DASK, resolution)










	
geowatch.tasks.tracking.utils._compute_group_scores(grp, thrs=[], _valid_keys=[], resolution=None, sub_dset=None, modulate=None)

	Helper for gpd_compute_scores().






	
geowatch.tasks.tracking.utils.score_track_polys(coco_dset, cnames=None, score_chan=None, resolution: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = None)

	Score the polygons in a kwcoco dataset based on heatmaps without modifying
the polygon boundaries.


	Parameters:

	
	coco_dset (kwcoco.CocoDataset)


	cnames (Iterable[str] | None) – category names. Only annotations with these names will be
considered.


	score_chan (kwcoco.ChannelSpec | None) – score the track polygons by image overlap with this channel









Note

This function needs a rename because we don’t want this to mutate the
kwcoco dataset ever.




	Returns:

	
	With columns:
	gid: the image id
poly: the polygon in video space
track_idx: the annotation trackid


	And then for each score chan: c you get a column:
	(c, -1) where the -1 indicates that no threshold was
applied, and that this is the mean of that channel
intensity under the polygon.





Then there is another column where all channels are fused: f
and you get a column: (f, -1)









	Return type:

	gpd.GeoDataFrame






Note

The returned unerlying GDF should return polygons in video space as it
will be consumed by _add_tracks_to_dset().



Example

>>> import kwcoco
>>> coco_dset = kwcoco.CocoDataset.demo('vidshapes8-msi')
>>> cnames = None
>>> resolution = None
>>> score_chan = kwcoco.ChannelSpec.coerce('B1|B8|B8a|B10|B11')
>>> gdf = score_track_polys(coco_dset, cnames, score_chan, resolution)
>>> print(gdf)










	
geowatch.tasks.tracking.utils._build_annot_gdf(coco_dset, aids=None, cnames=None, resolution=None)

	




	
geowatch.tasks.tracking.utils._rasterized_poly(shp_poly, h, w, pixels_are)

	




	
geowatch.tasks.tracking.utils.score_poly(poly, probs, threshold=-1, use_rasterio=True)

	Compute the average heatmap response of a heatmap inside of a polygon.


	Parameters:

	
	poly (kwimage.Polygon | MultiPolygon) – in pixel coords


	probs (ndarray) – heatmap to compare poly against in […, c, h, w] format.
The last two dimensions should be height, and width.
Any leading batch dimensions will be preserved in output,
e.g. (gid, chan, h, w) -> (gid, chan)


	use_rasterio (bool) – use rasterio.features module instead of kwimage


	threshold (float | List[float | str]) – Return fraction of poly with probs > threshold.  If -1, return
average value of probs in poly. Can be a list of values, in which
case returns all of them.






	Returns:

	When thresholds is a list, returns a corresponding list of ndarrays
with an entry keeping the leading dimensions of probs and
marginalizing over the last two.



	Return type:

	List[ndarray] | ndarray





Example

>>> import numpy as np
>>> import kwimage
>>> from geowatch.tasks.tracking.utils import score_poly
>>> h = w = 64
>>> poly = kwimage.Polygon.random().scale((w, h))
>>> probs = np.random.rand(1, 3, h, w)
>>> # Test with one threshold
>>> threshold = [0.1, 0.2]
>>> result = score_poly(poly, probs, threshold=threshold, use_rasterio=True)
>>> print('result = {}'.format(ub.urepr(result, nl=1)))
>>> # Test with multiple thresholds
>>> threshold = 0.1
>>> result = score_poly(poly, probs, threshold=threshold, use_rasterio=True)
>>> print('result = {}'.format(ub.urepr(result, nl=1)))
>>> # Test with -1 threshold
>>> threshold = [-1, 'min', 'median']
>>> result = score_poly(poly, probs, threshold=threshold, use_rasterio=True)
>>> print('result = {}'.format(ub.urepr(result, nl=1)))





Example

### Grid of cases


	basis = {
	‘threshold’:





}






	
geowatch.tasks.tracking.utils.mask_to_polygons(probs, thresh, bounds=None, use_rasterio=True, thresh_hysteresis=None)

	Extract a polygon from a 2D heatmap. Optionally within the bounds of
another mask or polygon.


	Parameters:

	
	probs (ndarray) – aka heatmap, image of probability values


	thresh (float) – to turn probs into a hard mask


	bounds (kwimage.Polygon) – a kwimage or shapely polygon to crop the results to


	use_rasterio (bool) – use rasterio.features module instead of kwimage


	thresh_hysteresis – if not None, only keep polygons with at least one
pixel of score >= thresh_hysteresis






	Yields:

	kwcoco.Polygon – extracted polygons.





Example

>>> from geowatch.tasks.tracking.utils import mask_to_polygons
>>> import kwimage
>>> probs = kwimage.Heatmap.random(dims=(64, 64),
>>>                                rng=0).data['class_probs'][0]
>>> thresh = 0.5
>>> polys = mask_to_polygons(probs, thresh)
>>> poly1 = list(polys)[0]
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(probs > 0.5)





[image: ../_images/fig_geowatch_tasks_tracking_utils_mask_to_polygons_002.jpeg]
Example

>>> from geowatch.tasks.tracking.utils import mask_to_polygons
>>> import kwimage
>>> import kwarray
>>> rng = kwarray.ensure_rng(1043462368)
>>> probs = kwimage.Heatmap.random(dims=(256, 256), rng=rng,
>>>                                 ).data['class_probs'][0]
>>> thresh = 0.5
>>> polys1 = list(mask_to_polygons(
>>>             probs, thresh, use_rasterio=0))
>>> polys2 = list(mask_to_polygons(
>>>             probs, thresh, use_rasterio=1))
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> plt = kwplot.autoplt()
>>> pnum_ = kwplot.PlotNums(nSubplots=4)
>>> kwplot.imshow(probs, pnum=pnum_(), title='pixels_are=points')
>>> for poly in polys1:
>>>     poly.draw(facecolor='none', edgecolor='kitware_blue', alpha=0.5, linewidth=8)
>>> kwplot.imshow(probs, pnum=pnum_(), title='pixels_are=areas')
>>> for poly in polys2:
>>>     poly.draw(facecolor='none', edgecolor='kitware_green', alpha=0.5, linewidth=8)





[image: ../_images/fig_geowatch_tasks_tracking_utils_mask_to_polygons_003.jpeg]





	
geowatch.tasks.tracking.utils._validate_keys(key, bg_key)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.tracking.visualize module


	
geowatch.tasks.tracking.visualize.visualize_videos(pred_dset, out_dir, true_dset=None)

	




	
geowatch.tasks.tracking.visualize.are_bas_dct(dset)

	This isn’t needed because BAS annots will get normalized to SC anyway.


	Assumes:
	
	every image is in a video


	every video has either only BAS tracks or only SC tracks









	Returns:

	Dict[video_id, True if BAS else SC]










	
geowatch.tasks.tracking.visualize.viz_track_scores(dset, out_fpath, gt_dset=None)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.tracking package


Submodules



	geowatch.tasks.tracking.abstract_classes module
	TrackFunction
	TrackFunction.apply_per_video()

	TrackFunction.safe_apply()

	TrackFunction.safe_partition()

	TrackFunction.safe_union()





	NoOpTrackFunction

	NewTrackFunction
	NewTrackFunction.create_tracks()

	NewTrackFunction.add_tracks_to_dset()









	geowatch.tasks.tracking.agg_functions module
	_norm()

	binary()

	rescaled_binary()

	probs()

	rescaled_probs()

	mean_normalized()

	frequency_weighted_mean()





	geowatch.tasks.tracking.from_heatmap module
	TimePolygonFilter

	TimeSplitFilter

	ResponsePolygonFilter

	_add_tracks_to_dset()

	site_validation()

	time_aggregated_polys()

	_determine_tracking_scale()

	TimeAggregatedPolysConfig
	TimeAggregatedPolysConfig.default

	TimeAggregatedPolysConfig.normalize()





	CommonTrackFn
	CommonTrackFn.default

	CommonTrackFn.normalize()





	TrackFnWithSV
	TrackFnWithSV.site_validation

	TrackFnWithSV.site_validation_span_steps

	TrackFnWithSV.site_validation_thresh

	TrackFnWithSV.default





	TimeAggregatedBAS
	TimeAggregatedBAS.thresh

	TimeAggregatedBAS.key

	TimeAggregatedBAS.agg_fn

	TimeAggregatedBAS.create_tracks()

	TimeAggregatedBAS.add_tracks_to_dset()

	TimeAggregatedBAS.default





	TimeAggregatedSC
	TimeAggregatedSC.thresh

	TimeAggregatedSC.key

	TimeAggregatedSC.bg_key

	TimeAggregatedSC.boundaries_as

	TimeAggregatedSC.create_tracks()

	TimeAggregatedSC.add_tracks_to_dset()

	TimeAggregatedSC.default





	TimeAggregatedSV
	TimeAggregatedSV.thresh

	TimeAggregatedSV.key

	TimeAggregatedSV.boundaries_as

	TimeAggregatedSV.span_steps

	TimeAggregatedSV.create_tracks()

	TimeAggregatedSV.add_tracks_to_dset()

	TimeAggregatedSV.default









	geowatch.tasks.tracking.from_polygon module
	MonoTrack

	as_shapely_polys()

	OverlapTrack
	OverlapTrack.min_overlap

	OverlapTrack.default









	geowatch.tasks.tracking.normalize module
	dedupe_annots()

	remove_small_annots()

	ensure_videos()

	dedupe_tracks()

	shapely_round()

	normalize_phases()

	dedupe_dates()

	run_tracking_pipeline()

	normalize()





	geowatch.tasks.tracking.old_polygon_extraction module
	PolygonExtractConfig
	PolygonExtractConfig.default





	_gids_polys()

	_process()

	heatmaps_to_polys()

	_compute_time_window()

	_process_1_step()

	_merge_polys()





	geowatch.tasks.tracking.phase module
	viterbi()

	_load_probs()

	class_label_smoothing()

	interpolate()

	baseline()

	sort_by_gid()

	ensure_post()

	dedupe_background_anns()

	current_date()

	phase_prediction_baseline()





	geowatch.tasks.tracking.polygon_extraction module
	PolygonExtractor
	PolygonExtractor._predict_leotta()

	PolygonExtractor._predict_crall()

	PolygonExtractor.predict()

	PolygonExtractor.predict_polygons()

	PolygonExtractor.show()

	PolygonExtractor.draw_intermediate()

	PolygonExtractor.draw_timesequence()

	PolygonExtractor.demo()

	PolygonExtractor.demodata()





	impute_nans()

	impute_nans2()

	FeatureCube
	FeatureCube.take_channels()

	FeatureCube.window_max()

	FeatureCube.demo()

	FeatureCube.draw()





	TimeIntervalSequence
	TimeIntervalSequence.apply_grouping()

	TimeIntervalSequence.coerce()

	TimeIntervalSequence._compute_time_window()





	TimeInterval
	TimeInterval.start

	TimeInterval.stop

	TimeInterval.coerce()

	TimeInterval.closed()

	TimeInterval.random()

	TimeInterval._intervals





	toydata_demo()

	real_data_demo_case_1()

	real_data_demo_case_2()

	real_data_demo_case_3()

	real_data_demo_case_1_fixed()

	generate_real_example()

	LabelMask
	LabelMask.colorize()

	LabelMask.resize()

	LabelMask.demo()

	LabelMask.to_multi_polygons()





	_rasterio_labelimg_to_polygons()

	coco_make_track_gdf()

	imread_many()





	geowatch.tasks.tracking.utils module
	trackid_is_default()

	check_only_bg()

	gpd_sort_by_gid()

	gpd_len()

	gpd_compute_scores()

	_compute_group_scores()

	score_track_polys()

	_build_annot_gdf()

	_rasterized_poly()

	score_poly()

	mask_to_polygons()

	_validate_keys()





	geowatch.tasks.tracking.visualize module
	visualize_videos()

	are_bas_dct()

	viz_track_scores()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.uky_temporal_prediction.drop0_datasets module


	
class geowatch.tasks.uky_temporal_prediction.drop0_datasets.drop0_pairs(coco_dset, sensor='S2', panchromatic=True, video=1, min_time_step=1, change_labels=[0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13])

	Bases: Dataset

Dataset return pairs if images from the subset aligned drop0 data. The
output is a pair of images along with a pair of dates for the images.
Sensor may be chosen from S2, LC, or WV. Uses the underlying
drop0_aligned_segmented class.

Example

>>> # Test with coco demodata
>>> from geowatch.tasks.uky_temporal_prediction.drop0_datasets import *  # NOQA
>>> sensor = None
>>> coco_dset = kwcoco.CocoDataset.demo('special:vidshapes8-multispectral')
>>> # Hack in date_captured to each image
>>> # TODO: we could make a demodata wrapper that constructs
>>> # a demo dataset that works for our purposes
>>> import dateutil.parser
>>> import datetime
>>> base_time = dateutil.parser.parse('2020-03-15')
>>> delta_time = datetime.timedelta(days=1)
>>> next_time = base_time
>>> for vidid, gids in coco_dset.index.vidid_to_gids.items():
...     for gid in gids:
...         next_time = next_time + delta_time
...         img = coco_dset.index.imgs[gid]
...         img['date_captured'] = datetime.datetime.isoformat(next_time)
>>> self = drop0_pairs(coco_dset, sensor=sensor, video=None)
>>> idx = 0
>>> item = self[idx]










	
class geowatch.tasks.uky_temporal_prediction.drop0_datasets.drop0_aligned_change(coco_dset, sensor='S2', panchromatic=True, video=1, soften_by=0, change_labels=[0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13])

	Bases: Dataset

Example

>>> # Test with coco demodata
>>> from geowatch.tasks.uky_temporal_prediction.drop0_datasets import *  # NOQA
>>> coco_dset = 'special:vidshapes8-multispectral'
>>> sensor = None
>>> self = drop0_aligned_change(coco_dset, sensor=sensor, video=None)
>>> idx = 0
>>> item = self[idx]










	
class geowatch.tasks.uky_temporal_prediction.drop0_datasets.drop0_aligned_segmented(coco_dset, sensor='S2', panchromatic=True, video=1, change_labels=[2, 3, 4, 7, 8, 9, 11])

	Bases: Dataset

Dataset compatible with drop0_aligned_v2 (now just drop0_aligned on DVC).

Sensor must be ‘WV’ (Worldview), ‘LC’ (Land Cover) or ‘S2’ (Sentinel 2). If
‘WV’ is chosen, specify if you want panchromatic (single channel) images by
setting panchromatic=True. If False, 8 channel multi-spectral images will
be returned.

In current drop, all Sentinel 2 images are RGB only. Annotations give
bounding box/segmentation outlines of construction sites, but we do not
have pixel level annotations for building segmentation or change detection.

There are 5 “videos” in the dataset of aligned images across a single
location. Set video=0 to return images from all videos (note these will not
all be the same size). Otherwise choose which video to return images from.

Land Cover: Videos 1,4
WV multi-sprectral: Video 5
WV panchromatic: Videos 1,2,5
S2: Videos 1,4,5






	
class geowatch.tasks.uky_temporal_prediction.drop0_datasets.drop0_aligned(coco_dset, sensor='S2', panchromatic=True, video=None, change_labels=[2, 3, 4, 7, 8, 9, 11])

	Bases: Dataset

Dataset compatible with drop0_aligned_v2 (now just drop0_aligned on DVC).

Data input can be a generic kwcoco file, but we do expect certain fields
associated with watch data.

Sensor must be ‘WV’ (Worldview), ‘LC’ (Land Cover) or ‘S2’ (Sentinel 2). If
‘WV’ is chosen, specify if you want panchromatic (single channel) images by
setting panchromatic=True. If False, 8 channel multi-spectral images will
be returned.

In current drop, all Sentinel 2 images are RGB only. Annotations give
bounding box/segmentation outlines of construction sites, but we do not
have pixel level annotations for building segmentation or change detection.

There are 5 “videos” in the dataset of aligned images across a single
location. Set video=0 to return images from all videos (note these will not
all be the same size). Otherwise choose which video to return images from.

Land Cover: Videos 1,4
WV multi-sprectral: Video 5
WV panchromatic: Videos 1,2,5
S2: Videos 1,4,5

Example

>>> # Test with coco demodata
>>> from geowatch.tasks.uky_temporal_prediction.drop0_datasets import *  # NOQA
>>> coco_dset = 'special:vidshapes8-multispectral'
>>> sensor = None
>>> self = drop0_aligned(coco_dset, sensor=sensor, video=None)
>>> idx = 0
>>> item = self[idx]












            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.uky_temporal_prediction.fit module


	
geowatch.tasks.uky_temporal_prediction.fit.main(args)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.uky_temporal_prediction.models.resnets module


	
class geowatch.tasks.uky_temporal_prediction.models.resnets.BasicBlock(in_planes, planes, stride=1)

	Bases: Module


	
expansion = 1

	




	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.resnets.Bottleneck(in_planes, planes, stride=1)

	Bases: Module


	
expansion = 4

	




	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.resnets.ResNet(in_channels, block, num_blocks)

	Bases: Module


	
_make_layer(block, planes, num_blocks, stride)

	




	
forward(x, view=None)

	








	
geowatch.tasks.uky_temporal_prediction.models.resnets.ResNet18(in_channels)

	




	
class geowatch.tasks.uky_temporal_prediction.models.resnets.Head(in_size, out_size)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.resnets.Prob_ResNet18(in_channels=3, in_size=512, encoded_size=2)

	Bases: Module


	
forward(x)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.uky_temporal_prediction.models.unet module


	
geowatch.tasks.uky_temporal_prediction.models.unet.count_trainable_parameters(model)

	




	
class geowatch.tasks.uky_temporal_prediction.models.unet.double_conv(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet.inconv(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet.down(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet.up(in_ch, out_ch)

	Bases: Module


	
forward(x1, x2)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet.outconv(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet.UNet(in_channels, out_channels)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet.UNetEncoder(in_channels)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet.UNetDecoder(out_channels)

	Bases: Module


	
forward(X)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet.UNetHalfsizeEncoder(in_channels)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet.UNetHalfsizeDecoder(out_channels)

	Bases: Module


	
forward(X)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.uky_temporal_prediction.models.unet_blur module


	
class geowatch.tasks.uky_temporal_prediction.models.unet_blur.BlurPool(channels, pad_type='reflect', filt_size=4, stride=2, pad_off=0)

	Bases: Module


	
forward(inp)

	








	
geowatch.tasks.uky_temporal_prediction.models.unet_blur.get_pad_layer(pad_type)

	




	
class geowatch.tasks.uky_temporal_prediction.models.unet_blur.BlurPool1D(channels, pad_type='reflect', filt_size=3, stride=2, pad_off=0)

	Bases: Module


	
forward(inp)

	








	
geowatch.tasks.uky_temporal_prediction.models.unet_blur.get_pad_layer_1d(pad_type)

	




	
geowatch.tasks.uky_temporal_prediction.models.unet_blur.count_trainable_parameters(model)

	




	
class geowatch.tasks.uky_temporal_prediction.models.unet_blur.double_conv(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet_blur.inconv(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet_blur.down(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet_blur.up(in_ch, out_ch)

	Bases: Module


	
forward(x1, x2)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet_blur.outconv(in_ch, out_ch)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet_blur.UNet(in_channels, out_channels)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet_blur.HalfUNet(in_channels, out_channels)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet_blur.UNetEncoder(in_channels)

	Bases: Module


	
forward(x)

	








	
class geowatch.tasks.uky_temporal_prediction.models.unet_blur.UNetDecoder(out_channels)

	Bases: Module


	
forward(X)

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.uky_temporal_prediction.models package


Submodules



	geowatch.tasks.uky_temporal_prediction.models.resnets module
	BasicBlock
	BasicBlock.expansion

	BasicBlock.forward()





	Bottleneck
	Bottleneck.expansion

	Bottleneck.forward()





	ResNet
	ResNet._make_layer()

	ResNet.forward()





	ResNet18()

	Head
	Head.forward()





	Prob_ResNet18
	Prob_ResNet18.forward()









	geowatch.tasks.uky_temporal_prediction.models.unet module
	count_trainable_parameters()

	double_conv
	double_conv.forward()





	inconv
	inconv.forward()





	down
	down.forward()





	up
	up.forward()





	outconv
	outconv.forward()





	UNet
	UNet.forward()





	UNetEncoder
	UNetEncoder.forward()





	UNetDecoder
	UNetDecoder.forward()





	UNetHalfsizeEncoder
	UNetHalfsizeEncoder.forward()





	UNetHalfsizeDecoder
	UNetHalfsizeDecoder.forward()









	geowatch.tasks.uky_temporal_prediction.models.unet_blur module
	BlurPool
	BlurPool.forward()





	get_pad_layer()

	BlurPool1D
	BlurPool1D.forward()





	get_pad_layer_1d()

	count_trainable_parameters()

	double_conv
	double_conv.forward()





	inconv
	inconv.forward()





	down
	down.forward()





	up
	up.forward()





	outconv
	outconv.forward()





	UNet
	UNet.forward()





	HalfUNet
	HalfUNet.forward()





	UNetEncoder
	UNetEncoder.forward()





	UNetDecoder
	UNetDecoder.forward()















Module contents


	
geowatch.tasks.uky_temporal_prediction.models.UNet_blur

	alias of UNet






	
class geowatch.tasks.uky_temporal_prediction.models.UNet(in_channels, out_channels)

	Bases: Module


	
forward(x)

	








	
geowatch.tasks.uky_temporal_prediction.models.ResNet18(in_channels)

	




	
class geowatch.tasks.uky_temporal_prediction.models.Prob_ResNet18(in_channels=3, in_size=512, encoded_size=2)

	Bases: Module


	
forward(x)

	











            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.uky_temporal_prediction.predict module


	
geowatch.tasks.uky_temporal_prediction.predict.extract_features(checkpoint, data_folder, kwcoco_file, output_kwcoco, output_folder, image_ids, sensor, panchromatic, device='cuda')

	Function for extracting features given kwcoco reference to data and
annotations. Output is copy of input kwcoco file with path towards saved
pixel-wise features for image_id x saved under
dset.imgs[x][‘time_sort_features’].


	Parameters:

	
	checkpoint – Path to checkpoint of lightning module. Default is UNet base trained on image sorting into before/after.


	data_folder – Path to dvc repo


	kwcoco_file – Path to kwcoco file with data annotations


	output_kwcoco – Destination of output kwcoco file. set to same path as kwcoco_file to simply add paths to feature tensors to the existing file


	output_folder – destination for feature tensors, stored as .pt files


	image_ids – Set of image ids (corresponding to image ids in kwcoco_file) from which to extract features. image_ids from non-specified sensors will be skipped. Set to 0 to include all available images.


	sensor – Choose from S2, LC, or WV. Note: with default checkpoint, only S2 (3 channel) images can be processed


	panchromatic – Set to True to return panchromatic (single channel) WV images where applicable. Otherwise 8 channel images will be returned.













	
geowatch.tasks.uky_temporal_prediction.predict._temp_add_auxiliary(self, gid, fpath, width, height, warp_aux_to_img, channels, num_bands)

	Adds an auxiliary file to an image.

Temporary function while the kwcoco API is finalized






	
geowatch.tasks.uky_temporal_prediction.predict.main()

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.uky_temporal_prediction.time_sort_S7 module


	
class geowatch.tasks.uky_temporal_prediction.time_sort_S7.space7_sort(hparams)

	Bases: LightningModule


	
head(in_channels)

	




	
forward(image1, image2, date1, date2)

	




	
shared_step(batch)

	




	
training_step(batch, batch_idx)

	




	
validation_step(batch, batch_idx)

	




	
train_dataloader()

	




	
val_dataloader()

	




	
configure_optimizers()

	








	
geowatch.tasks.uky_temporal_prediction.time_sort_S7.main(args)

	






            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.uky_temporal_prediction.time_sort_module module


	
class geowatch.tasks.uky_temporal_prediction.time_sort_module.time_sort(hparams)

	Bases: LightningModule


	
head(in_channels)

	




	
forward(image1, image2, date1, date2)

	




	
shared_step(batch)

	




	
training_step(batch, batch_idx)

	




	
validation_step(batch, batch_idx)

	




	
train_dataloader()

	




	
val_dataloader()

	




	
configure_optimizers()

	










            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.uky_temporal_prediction.utils module


	
geowatch.tasks.uky_temporal_prediction.utils.get_python_logger()

	




	
geowatch.tasks.uky_temporal_prediction.utils.setup_python_logging(log_dir)

	Adds logging to the console and puts it in the tensorboard
logging directory.








            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks.uky_temporal_prediction package


Subpackages



	geowatch.tasks.uky_temporal_prediction.models package
	Submodules
	geowatch.tasks.uky_temporal_prediction.models.resnets module
	BasicBlock

	Bottleneck

	ResNet

	ResNet18()

	Head

	Prob_ResNet18





	geowatch.tasks.uky_temporal_prediction.models.unet module
	count_trainable_parameters()

	double_conv

	inconv

	down

	up

	outconv

	UNet

	UNetEncoder

	UNetDecoder

	UNetHalfsizeEncoder

	UNetHalfsizeDecoder





	geowatch.tasks.uky_temporal_prediction.models.unet_blur module
	BlurPool

	get_pad_layer()

	BlurPool1D

	get_pad_layer_1d()

	count_trainable_parameters()

	double_conv

	inconv

	down

	up

	outconv

	UNet

	HalfUNet

	UNetEncoder

	UNetDecoder









	Module contents
	UNet_blur

	UNet
	UNet.forward()





	ResNet18()

	Prob_ResNet18
	Prob_ResNet18.forward()



















Submodules



	geowatch.tasks.uky_temporal_prediction.drop0_datasets module
	drop0_pairs

	drop0_aligned_change

	drop0_aligned_segmented

	drop0_aligned





	geowatch.tasks.uky_temporal_prediction.fit module
	main()





	geowatch.tasks.uky_temporal_prediction.predict module
	extract_features()

	_temp_add_auxiliary()

	main()





	geowatch.tasks.uky_temporal_prediction.time_sort_S7 module
	space7_sort
	space7_sort.head()

	space7_sort.forward()

	space7_sort.shared_step()

	space7_sort.training_step()

	space7_sort.validation_step()

	space7_sort.train_dataloader()

	space7_sort.val_dataloader()

	space7_sort.configure_optimizers()





	main()





	geowatch.tasks.uky_temporal_prediction.time_sort_module module
	time_sort
	time_sort.head()

	time_sort.forward()

	time_sort.shared_step()

	time_sort.training_step()

	time_sort.validation_step()

	time_sort.train_dataloader()

	time_sort.val_dataloader()

	time_sort.configure_optimizers()









	geowatch.tasks.uky_temporal_prediction.utils module
	get_python_logger()

	setup_python_logging()











Module contents





            

          

      

      

    

  

    
      
          
            
  
geowatch.tasks package


Subpackages



	geowatch.tasks.cold package
	Submodules
	geowatch.tasks.cold.assemble_cold_result_kwcoco module
	AssembleColdKwcocoConfig

	assemble_main()

	get_gdal_transform()

	read_json_metadata()





	geowatch.tasks.cold.export_change_map module

	geowatch.tasks.cold.export_cold_result_kwcoco module
	ExportColdKwcocoConfig

	export_cold_main()

	NoMatchingColdCurve

	extract_features()

	read_json_metadata()





	geowatch.tasks.cold.predict module
	ColdPredictConfig

	cold_predict_main()

	read_json_metadata()





	geowatch.tasks.cold.prepare_ard module
	mask_value()

	qabitval_array_HLS()

	qabitval_array()

	qabitval_array_c2()

	load_data()

	single_image_stacking_hls()

	single_image_stacking_hls14()

	single_image_stacking()

	single_image_stacking_collection2()

	checkfinished_step1()

	checkfinished_step2()

	checkfinished_step3_partition()

	checkfinished_step3_nopartition()

	get_extent()

	get_feature()

	explode()

	bbox()





	geowatch.tasks.cold.prepare_kwcoco module
	PrepareKwcocoConfig

	prepare_kwcoco_main()

	qa_decoding()

	qa_decoding_no_boundary()

	setup_logging()

	hist_cut()

	minmax_norm()

	artificial_surface_index()

	stack_kwcoco()

	process_one_coco_image()





	geowatch.tasks.cold.tile_processing module
	tileprocessing_report()

	reading_start_dates_nmaps()

	is_finished_cold_blockfinished()

	is_finished_assemble_cmmaps()

	get_stack_date()





	geowatch.tasks.cold.tile_processing_kwcoco module
	TileProcessingKwcocoConfig

	tile_process_main()

	read_json_metadata()

	is_finished_cold_blockfinished()

	get_stack_date()

	reading_start_dates_nmaps()

	is_finished_assemble_cmmaps()





	geowatch.tasks.cold.transfer_features module
	TransferCocoConfig

	transfer_features_main()

	_update_coco_fpath()

	_make_new_asset_fname()

	_test_cases()





	geowatch.tasks.cold.writing_kwcoco module
	WriteColdCocoConfig

	cold_writing_kwcoco_main()

	read_json_metadata()









	Module contents





	geowatch.tasks.depth package
	Submodules
	geowatch.tasks.depth.backbone module
	get_backbone()

	set_download_dir()





	geowatch.tasks.depth.datasets module
	WVRgbDataset

	WVSuperRgbDataset





	geowatch.tasks.depth.demo_transform module
	_is_pil_image()

	_is_numpy_image()

	Scale

	CenterCrop

	ToTensor

	ToNumpy

	Normalize

	Lighting





	geowatch.tasks.depth.dzyne_img_util module
	pad()

	unpad()

	minmax()

	equalizeRGB()

	normalizeRGB()

	load_image()

	readRasterImage()





	geowatch.tasks.depth.pl_highres_verify module
	modify_bn()

	MultiTaskModel





	geowatch.tasks.depth.predict module
	_image_pred_filename()

	fake_model()

	_test()

	run_inference()

	anisotropic_diffusion()

	_build_aux_info()

	_write_output()

	_load_config()





	geowatch.tasks.depth.utils module
	_process_image_chunked_with_kwarray()

	_process_image_chunked_with_dask()

	process_image_chunked()









	Module contents





	geowatch.tasks.depth_pcd package
	Submodules
	geowatch.tasks.depth_pcd.filter_tracks module
	FilterTracksConfig

	main()





	geowatch.tasks.depth_pcd.model module

	geowatch.tasks.depth_pcd.model_test module
	mwe_tensorflow()





	geowatch.tasks.depth_pcd.score_tracks module
	ScoreTracksConfig

	score_tracks()

	main()









	Module contents





	geowatch.tasks.dino_detector package
	Submodules
	geowatch.tasks.dino_detector.building_validator module
	BuildingValidatorConfig

	main()

	building_in_image_features()

	CouldNotValidate





	geowatch.tasks.dino_detector.predict module
	BuildingDetectorConfig

	WrapperDataset

	main()

	dino_preproc_item()

	dino_predict()









	Module contents





	geowatch.tasks.fusion package
	Subpackages
	geowatch.tasks.fusion.architectures package
	Submodules

	Module contents





	geowatch.tasks.fusion.datamodules package
	Subpackages

	Submodules

	Module contents





	geowatch.tasks.fusion.methods package
	Submodules

	Module contents









	Submodules
	geowatch.tasks.fusion.__main__ module

	geowatch.tasks.fusion.coco_stitcher module
	demo_coco_stitching_manager()

	CocoStitchingManager

	quantize_image()

	quantize_float01()

	fix_slice()

	_fix_int()

	_fix_slice()

	_fix_slice_tup()

	_force_shape_agreement_by_cropping2d()





	geowatch.tasks.fusion.evaluate module
	SegmentationEvalConfig

	main()

	single_image_segmentation_metrics()

	_memo_legend()

	draw_confusion_image()

	colorize_class_probs()

	draw_truth_borders()

	dump_chunked_confusion()

	evaluate_segmentations()

	_redraw_measures()





	geowatch.tasks.fusion.fit module
	coerce_initializer()





	geowatch.tasks.fusion.fit_lightning module
	custom_yaml_load()

	custom_yaml_dump()

	SmartTrainer

	TorchGlobals

	WeightInitializer

	SmartLightningCLI

	instantiate_datamodule()

	_final_pkg_compute_fn()

	_ValueGetter

	_data_value_getter()

	make_cli()

	main()





	geowatch.tasks.fusion.predict module
	DataModuleConfigMixin

	PredictConfig

	build_stitching_managers()

	resolve_datamodule()

	_prepare_predict_data()

	_debug_grid()

	_jsonify()

	_predict_critical_loop()

	predict()

	main()





	geowatch.tasks.fusion.production module

	geowatch.tasks.fusion.utils module
	millify()

	_map_location()

	load_model_from_package()

	_try_fixed_package_import()

	Lambda

	DimensionDropout

	ordinal_position_encoding()

	SinePositionalEncoding

	model_json()

	_memo_legend()

	category_tree_ensure_color()









	Module contents





	geowatch.tasks.invariants package
	Subpackages
	geowatch.tasks.invariants.data package
	Submodules

	Module contents





	geowatch.tasks.invariants.late_fusion package
	Submodules

	Module contents





	geowatch.tasks.invariants.utils package
	Submodules

	Module contents









	Submodules
	geowatch.tasks.invariants.change module
	change

	main()





	geowatch.tasks.invariants.fit module
	main()





	geowatch.tasks.invariants.fit_segment module
	main()





	geowatch.tasks.invariants.iarpa_dataset module
	kwcoco_dataset





	geowatch.tasks.invariants.predict module
	InvariantPredictConfig

	Predictor

	main()





	geowatch.tasks.invariants.pretext_model module
	pretext





	geowatch.tasks.invariants.segmentation_model module
	segmentation_model









	Module contents





	geowatch.tasks.landcover package
	Submodules
	geowatch.tasks.landcover.datasets module
	_CocoTorchDataset

	S2Dataset

	WVDataset

	imresize()





	geowatch.tasks.landcover.detector module
	run()

	pad()

	predict_image()

	normalize()

	get_device()

	get_model_device()

	load_model()





	geowatch.tasks.landcover.fit module

	geowatch.tasks.landcover.model_info module
	ModelInfo

	S2ModelInfo

	WVModelInfo

	lookup_model_info()





	geowatch.tasks.landcover.nets module
	double_conv()

	UNetR





	geowatch.tasks.landcover.predict module
	LandcoverPredictConfig

	predict()

	_register_hidden_layer_hook()

	_predict_single()

	get_output_file()





	geowatch.tasks.landcover.utils module
	setup_logging()
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	geowatch.tasks.mae package
	Submodules
	geowatch.tasks.mae.predict module
	MAEPredictConfig

	WatchDataset

	pair()

	PreNorm

	FeedForward

	Attention

	Transformer

	ViT

	MAE

	MaeCityscape

	sigmoid()

	Predict

	main()





	geowatch.tasks.mae.predictV2 module
	WatchDataset

	MAEPredictConfig

	pair()

	PreNorm

	FeedForward

	Attention

	Transformer

	ViT

	MAE

	MaeCityscape

	sigmoid()

	Predict

	main()





	geowatch.tasks.mae.predictV3 module
	WatchDataset

	MAEPredictConfig

	pair()

	PreNorm

	FeedForward

	Attention

	Transformer

	ViT

	MAE

	MaeCityscape

	sigmoid()

	Predict

	main()









	Module contents





	geowatch.tasks.metrics package
	Submodules
	geowatch.tasks.metrics.merge_iarpa_metrics module
	_read()

	RegionResult

	merge_bas_metrics_results()

	merge_sc_metrics_results()

	merge_metrics_results()

	_devcheck()

	iarpa_bas_color_legend()





	geowatch.tasks.metrics.viz_sc_results module
	viz_sc()

	viz_sc_gantt()

	viz_sc_multi()

	_align_start()

	_tp_idxs()

	_highlight_tp()

	_add_colored_linesegments()









	Module contents





	geowatch.tasks.rutgers_material_change_detection package
	Subpackages
	geowatch.tasks.rutgers_material_change_detection.datasets package
	Submodules

	Module contents





	geowatch.tasks.rutgers_material_change_detection.models package
	Submodules

	Module contents





	geowatch.tasks.rutgers_material_change_detection.utils package
	Submodules

	Module contents









	Submodules
	geowatch.tasks.rutgers_material_change_detection.fit module

	geowatch.tasks.rutgers_material_change_detection.predict module
	Evaluator





	geowatch.tasks.rutgers_material_change_detection.predict_sc module
	main()









	Module contents





	geowatch.tasks.rutgers_material_seg package
	Subpackages
	geowatch.tasks.rutgers_material_seg.datasets package
	Submodules

	Module contents





	geowatch.tasks.rutgers_material_seg.models package
	Submodules

	Module contents





	geowatch.tasks.rutgers_material_seg.scripts package
	Submodules

	Module contents





	geowatch.tasks.rutgers_material_seg.utils package
	Submodules

	Module contents









	Submodules
	geowatch.tasks.rutgers_material_seg.fit module

	geowatch.tasks.rutgers_material_seg.predict module
	Evaluator

	impute()

	nan_normalize()

	make_predict_config()

	hardcoded_default_configs()

	build_evaler()

	main()





	geowatch.tasks.rutgers_material_seg.predict_patchwise module
	Evaluator

	make_predict_config()

	hardcoded_default_configs()

	main()





	geowatch.tasks.rutgers_material_seg.predict_test module
	Evaluator

	make_predict_config()

	hardcoded_default_configs()

	main()









	Module contents





	geowatch.tasks.sam package
	Submodules
	geowatch.tasks.sam.predict module
	SAMConfig

	rgb_from_kwcoco_frame()

	SAMWrapperDataset

	DenseFeaturePredictor

	SAMFeaturePredictor

	main()
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	geowatch.tasks.tracking package
	Submodules
	geowatch.tasks.tracking.abstract_classes module
	TrackFunction

	NoOpTrackFunction

	NewTrackFunction





	geowatch.tasks.tracking.agg_functions module
	_norm()
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	rescaled_binary()

	probs()

	rescaled_probs()
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	frequency_weighted_mean()





	geowatch.tasks.tracking.from_heatmap module
	TimePolygonFilter

	TimeSplitFilter
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	time_aggregated_polys()

	_determine_tracking_scale()

	TimeAggregatedPolysConfig

	CommonTrackFn

	TrackFnWithSV
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	TimeAggregatedSV





	geowatch.tasks.tracking.from_polygon module
	MonoTrack

	as_shapely_polys()

	OverlapTrack





	geowatch.tasks.tracking.normalize module
	dedupe_annots()

	remove_small_annots()

	ensure_videos()

	dedupe_tracks()

	shapely_round()

	normalize_phases()

	dedupe_dates()

	run_tracking_pipeline()

	normalize()





	geowatch.tasks.tracking.old_polygon_extraction module
	PolygonExtractConfig

	_gids_polys()

	_process()

	heatmaps_to_polys()

	_compute_time_window()

	_process_1_step()

	_merge_polys()





	geowatch.tasks.tracking.phase module
	viterbi()

	_load_probs()

	class_label_smoothing()

	interpolate()

	baseline()

	sort_by_gid()

	ensure_post()

	dedupe_background_anns()

	current_date()

	phase_prediction_baseline()





	geowatch.tasks.tracking.polygon_extraction module
	PolygonExtractor

	impute_nans()

	impute_nans2()

	FeatureCube

	TimeIntervalSequence

	TimeInterval

	toydata_demo()

	real_data_demo_case_1()

	real_data_demo_case_2()

	real_data_demo_case_3()

	real_data_demo_case_1_fixed()

	generate_real_example()

	LabelMask

	_rasterio_labelimg_to_polygons()

	coco_make_track_gdf()

	imread_many()





	geowatch.tasks.tracking.utils module
	trackid_is_default()

	check_only_bg()

	gpd_sort_by_gid()

	gpd_len()

	gpd_compute_scores()

	_compute_group_scores()

	score_track_polys()

	_build_annot_gdf()

	_rasterized_poly()

	score_poly()

	mask_to_polygons()

	_validate_keys()





	geowatch.tasks.tracking.visualize module
	visualize_videos()
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	viz_track_scores()
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	geowatch.tasks.uky_temporal_prediction package
	Subpackages
	geowatch.tasks.uky_temporal_prediction.models package
	Submodules

	Module contents









	Submodules
	geowatch.tasks.uky_temporal_prediction.drop0_datasets module
	drop0_pairs

	drop0_aligned_change

	drop0_aligned_segmented

	drop0_aligned





	geowatch.tasks.uky_temporal_prediction.fit module
	main()





	geowatch.tasks.uky_temporal_prediction.predict module
	extract_features()

	_temp_add_auxiliary()

	main()





	geowatch.tasks.uky_temporal_prediction.time_sort_S7 module
	space7_sort

	main()





	geowatch.tasks.uky_temporal_prediction.time_sort_module module
	time_sort





	geowatch.tasks.uky_temporal_prediction.utils module
	get_python_logger()

	setup_python_logging()
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geowatch.utils.configargparse_ext module


	
class geowatch.utils.configargparse_ext.RawDescriptionDefaultsHelpFormatter(prog, indent_increment=2, max_help_position=24, width=None)

	Bases: RawDescriptionHelpFormatter [https://docs.python.org/3/library/argparse.html#argparse.RawDescriptionHelpFormatter], ArgumentDefaultsHelpFormatter [https://docs.python.org/3/library/argparse.html#argparse.ArgumentDefaultsHelpFormatter]






	
class geowatch.utils.configargparse_ext.ArgumentParser(*args, **kwargs)

	Bases: ArgumentParser

Todo: maybe submit these as new features to configargparse

Adds additional ability to handle special string settings


	New keys:
	formatter_class : can be “raw”
config_file_parser_class : can be “yaml”






	
parse_known_args(args=None, namespace=None, config_file_contents=None, env_vars=environ({'READTHEDOCS_VIRTUALENV_PATH': '/home/docs/checkouts/readthedocs.org/user_builds/geowatch/envs/latest', 'READTHEDOCS_CANONICAL_URL': 'https://geowatch.readthedocs.io/en/latest/', 'HOSTNAME': 'build-23171890-project-1035586-geowatch', 'READTHEDOCS_GIT_CLONE_URL': 'https://gitlab.kitware.com/computer-vision/geowatch', 'HOME': '/home/docs', 'NO_COLOR': '1', 'READTHEDOCS': 'True', 'READTHEDOCS_PROJECT': 'geowatch', 'READTHEDOCS_OUTPUT': '/home/docs/checkouts/readthedocs.org/user_builds/geowatch/checkouts/latest/_readthedocs/', 'PATH': '/home/docs/checkouts/readthedocs.org/user_builds/geowatch/envs/latest/bin:/home/docs/.asdf/shims:/home/docs/.asdf/bin:/usr/local/sbin:/usr/local/bin:/usr/sbin:/usr/bin:/sbin:/bin', 'READTHEDOCS_VERSION_TYPE': 'branch', 'LANG': 'C.UTF-8', 'READTHEDOCS_LANGUAGE': 'en', 'DEBIAN_FRONTEND': 'noninteractive', 'READTHEDOCS_GIT_COMMIT_HASH': '64c93bcc13ac2c93a55c48224945251f67ac9af8', 'READTHEDOCS_VERSION_NAME': 'latest', 'READTHEDOCS_VERSION': 'latest', 'PWD': '/home/docs/checkouts/readthedocs.org/user_builds/geowatch/checkouts/latest/docs/source', 'READTHEDOCS_GIT_IDENTIFIER': 'main', 'DOCUTILSCONFIG': '/home/docs/checkouts/readthedocs.org/user_builds/geowatch/checkouts/latest/docs/source/docutils.conf', 'USE_PYGEOS': '0', 'LD_LIBRARY_PATH': '/home/docs/checkouts/readthedocs.org/user_builds/geowatch/envs/latest/lib/python3.11/site-packages/cv2/../../lib64:', 'GDAL_CURL_CA_BUNDLE': '/home/docs/checkouts/readthedocs.org/user_builds/geowatch/envs/latest/lib/python3.11/site-packages/certifi/cacert.pem', 'PROJ_CURL_CA_BUNDLE': '/home/docs/checkouts/readthedocs.org/user_builds/geowatch/envs/latest/lib/python3.11/site-packages/certifi/cacert.pem', 'PYTORCH_NVML_BASED_CUDA_CHECK': '1', 'PROJ_DATA': '/home/docs/checkouts/readthedocs.org/user_builds/geowatch/envs/latest/lib/python3.11/site-packages/osgeo/proj', 'GDAL_DATA': '/home/docs/checkouts/readthedocs.org/user_builds/geowatch/envs/latest/lib/python3.11/site-packages/osgeo/gdal', 'CPL_LOG': '/dev/null', 'CURL_CA_BUNDLE': '/etc/ssl/certs/ca-certificates.crt', 'KMP_DUPLICATE_LIB_OK': 'True', 'KMP_INIT_AT_FORK': 'FALSE', 'TF_CPP_MIN_LOG_LEVEL': '3'}), ignore_help_args=False, ignore_write_args=False)

	Supports all the same args as the ArgumentParser.parse_args(..),
as well as the following additional args.


	Parameters:

	
	args – a list of args as in argparse, or a string (eg. “-x -y bla”)


	config_file_contents (str)


	env_vars (dict)


	ignore_help_args (bool) – This flag determines behavior when user specifies –help or -h. If False,
it will have the default behavior - printing help and exiting. If True, it won’t do either.



















            

          

      

      

    

  

    
      
          
            
  
geowatch.utils.ext_monai module

Monai extensions.


	
class geowatch.utils.ext_monai.FocalLoss(include_background: bool [https://docs.python.org/3/library/functions.html#bool] = True, to_onehot_y: bool [https://docs.python.org/3/library/functions.html#bool] = False, gamma: float [https://docs.python.org/3/library/functions.html#float] = 2.0, weight: Sequence [https://docs.python.org/3/library/typing.html#typing.Sequence][float [https://docs.python.org/3/library/functions.html#float]] | float [https://docs.python.org/3/library/functions.html#float] | int [https://docs.python.org/3/library/functions.html#int] | Tensor | None [https://docs.python.org/3/library/constants.html#None] = None, reduction: LossReduction | str [https://docs.python.org/3/library/stdtypes.html#str] = LossReduction.MEAN, ohem_ratio: float [https://docs.python.org/3/library/functions.html#float] | None [https://docs.python.org/3/library/constants.html#None] = None)

	Bases: _Loss

FocalLoss is an extension of BCEWithLogitsLoss that down-weights loss from
high confidence correct predictions.

Reimplementation of the Focal Loss (with a build-in sigmoid activation) described in:



	“Focal Loss for Dense Object Detection”, T. Lin et al., ICCV 2017


	“AnatomyNet: Deep learning for fast and fully automated whole‐volume segmentation of head and neck anatomy”,
Zhu et al., Medical Physics 2018







Example

>>> import torch
>>> #from monai.losses import FocalLoss
>>> from torch.nn import BCEWithLogitsLoss
>>> shape = B, N, *DIMS = 2, 3, 5, 7, 11
>>> input = torch.rand(*shape)
>>> target = torch.rand(*shape)
>>> # Demonstrate equivalence to BCE when gamma=0
>>> fl_g0_criterion = FocalLoss(reduction='none', gamma=0)
>>> fl_g0_loss = fl_g0_criterion(input, target)
>>> bce_criterion = BCEWithLogitsLoss(reduction='none')
>>> bce_loss = bce_criterion(input, target)
>>> assert torch.allclose(fl_g0_loss, bce_loss)
>>> # Demonstrate "focus" by setting gamma > 0.
>>> fl_g2_criterion = FocalLoss(reduction='none', gamma=2)
>>> fl_g2_loss = fl_g2_criterion(input, target)
>>> # Mark easy and hard cases
>>> is_easy = (target > 0.7) & (input > 0.7)
>>> is_hard = (target > 0.7) & (input < 0.3)
>>> easy_loss_g0 = fl_g0_loss[is_easy].mean()
>>> hard_loss_g0 = fl_g0_loss[is_hard].mean()
>>> easy_loss_g2 = fl_g2_loss[is_easy].mean()
>>> hard_loss_g2 = fl_g2_loss[is_hard].mean()
>>> # Gamma > 0 causes the loss function to "focus" on the hard
>>> # cases.  IE, easy cases are downweighted, so hard cases
>>> # receive a higher proportion of the loss.
>>> hard_to_easy_ratio_g2 = hard_loss_g2 / easy_loss_g2
>>> hard_to_easy_ratio_g0 = hard_loss_g0 / easy_loss_g0
>>> assert hard_to_easy_ratio_g2 > hard_to_easy_ratio_g0






	Parameters:

	
	include_background – if False, channel index 0 (background category) is excluded from the calculation.


	to_onehot_y – whether to convert y into the one-hot format. Defaults to False.


	gamma – value of the exponent gamma in the definition of the Focal loss.


	weight – weights to apply to the voxels of each class. If None no weights are applied.
This corresponds to the weights 
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geowatch.utils.ijson_ext module

Add NaN parsing to normal ijson pure-python parsing backend.

This is not RFC 8259, but RFC 8259 is wrong. :Skinner Out Of Touch meme:.

References

https://github.com/ICRAR/ijson/issues/33

Example

>>> import ubelt as ub
>>> from geowatch.utils import ijson_ext as ijson_ext
>>> #
>>> import kwcoco
>>> dset = kwcoco.CocoDataset.demo()
>>> text = dset.dumps()
>>> import io
>>> file = io.StringIO(text)
>>> list(ijson_ext.items(file, 'categories'))
>>> #
>>> text = ub.codeblock(
>>>     '''
>>>     {"id": 246, "image_id": 123, "flag": true, "empty": null, "category_id": 2, "bbox": [ NaN, 5, 130, 290 ] }
>>>     ''')
>>> import io
>>> import json
>>> #
>>> file = io.StringIO(text)
>>> json.load(file)
>>> #
>>> file = io.StringIO(text)
>>> list(ijson_ext.items(file, 'bbox'))





>>> import ijson
>>> # Regular ijson does not support NaN
>>> text = ub.codeblock(
>>>     '''
>>>     {"id": 246, "image_id": 123, "flag": true, "empty": null, "category_id": 2, "bbox": [ null, 5, 130, 290 ] }
>>>     ''')





import timerit
ti = timerit.Timerit(100, bestof=10, verbose=2)
for timer in ti.reset(‘time’):



	with timer:
	file = io.StringIO(text)
list(ijson.items(file, ‘bbox’))









	for timer in ti.reset(‘time’):
	
	with timer:
	file = io.StringIO(text)
list(ijson_ext.items(file, ‘bbox’))










	
exception geowatch.utils.ijson_ext.UnexpectedSymbol(symbol, pos)

	Bases: JSONError






	
geowatch.utils.ijson_ext.utf8_encoder(target)

	




	
geowatch.utils.ijson_ext.Lexer(target)

	Parses lexemes out of the incoming content, and sends them to parse_value.
A special EOF result is sent when the data source has been exhausted to
give parse_value the possibility of raising custom exceptions due to missing
content.






	
geowatch.utils.ijson_ext.parse_value(target, multivalue, use_float)

	Parses results coming out of the Lexer into ijson events, which are sent to
target. A stack keeps track of the type of object being parsed at the time
(a value, and object or array – the last two being values themselves).
A special EOF result coming from the Lexer indicates that no more content is
expected. This is used to check for incomplete content and raise the
appropriate exception, which wouldn’t be possible if the Lexer simply closed
this co-routine (either explicitly via .close(), or implicitly by itself
finishing and decreasing the only reference to the co-routine) since that
causes a GeneratorExit exception that cannot be replaced with a custom one.






	
geowatch.utils.ijson_ext.parse_string(symbol)

	




	
geowatch.utils.ijson_ext.basic_parse_basecoro(target, multiple_values=False, allow_comments=False, use_float=False)

	Iterator yielding unprefixed events.
Parameters:
- file: a readable file-like object with JSON input
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geowatch.utils.kwcoco_extensions module

Adds fields needed by ndsampler to correctly “watch” a region.

Some of this is done hueristically. We assume images come from certain sensors.
We assume input is orthorectified.  We assume some GSD “target” gsd for video
and image processing. Note a video GSD will typically be much higher (i.e.
lower resolution) than an image GSD.


	
geowatch.utils.kwcoco_extensions.filter_image_ids(coco_dset, gids=None, include_sensors=None, exclude_sensors=None, select_images=None, select_videos=None)

	Filters to a specific set of images given query parameters






	
geowatch.utils.kwcoco_extensions.populate_watch_fields(coco_dset, target_gsd=10.0, vidids=None, overwrite=False, default_gsd=None, conform=True, enable_video_stats=True, enable_valid_region=False, enable_intensity_stats=False, workers=0, mode='thread', remove_broken=False, skip_populate_errors=False)

	Aggregate populate function for fields useful to GEOWATCH.


	Parameters:

	
	coco_dset (Dataset) – dataset to work with


	target_gsd (float) – target gsd in meters


	overwrite (bool | List[str]) – if True or False overwrites everything or nothing. Otherwise it can
be a list of strings indicating what is
overwritten. Valid keys are warp, band, and channels.


	default_gsd (None | float) – if specified, assumed any images without geo-metadata have this
GSD’








Example

>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> import kwcoco
>>> # TODO: make a demo dataset with some sort of gsd metadata
>>> coco_dset = kwcoco.CocoDataset.demo('vidshapes8-multispectral')
>>> print('coco_dset = {!r}'.format(coco_dset))
>>> target_gsd = 13.0
>>> populate_watch_fields(coco_dset, target_gsd, default_gsd=1)
>>> print('coco_dset.index.imgs[1] = ' + ub.urepr(coco_dset.index.imgs[1], nl=2))
>>> print('coco_dset.index.videos = {}'.format(ub.urepr(coco_dset.index.videos, nl=1)))





>>> # TODO: make a demo dataset with some sort of gsd metadata
>>> coco_dset = kwcoco.CocoDataset.demo('vidshapes8')
>>> print('coco_dset = {!r}'.format(coco_dset))
>>> target_gsd = 13.0
>>> populate_watch_fields(coco_dset, target_gsd, default_gsd=1)
>>> print('coco_dset.index.imgs[1] = ' + ub.urepr(coco_dset.index.imgs[1], nl=2))
>>> print('coco_dset.index.videos = {}'.format(ub.urepr(coco_dset.index.videos, nl=1)))










	
geowatch.utils.kwcoco_extensions.coco_populate_geo_heuristics(coco_dset: CocoDataset, gids=None, overwrite=False, default_gsd=None, workers=0, mode='thread', remove_broken=False, **kw)

	Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> from geowatch.utils.util_data import find_dvc_dpath
>>> import kwcoco
>>> dvc_dpath = find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'drop1-S2-L8-aligned/data.kwcoco.json'
>>> coco_dset = kwcoco.CocoDataset(coco_fpath)
>>> coco_populate_geo_heuristics(coco_dset, overwrite=True, workers=12,
>>>                              keep_geotiff_metadata=False,
>>>                              mode='process')





Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> from geowatch.utils.util_data import find_dvc_dpath
>>> import kwcoco
>>> dvc_dpath = find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'drop1-S2-L8-aligned/data.kwcoco.json'
>>> coco_dset = kwcoco.CocoDataset(coco_fpath)
>>> coco_populate_geo_heuristics(coco_dset, overwrite=True, workers=12,
>>>                              keep_geotiff_metadata=False,
>>>                              mode='process')










	
geowatch.utils.kwcoco_extensions.coco_populate_geo_img_heuristics2(coco_img, overwrite=False, default_gsd=None, keep_geotiff_metadata=False, enable_intensity_stats=False, enable_valid_region=False, skip_populate_errors=False)

	Note: this will not overwrite existing channel info unless specified


	Commandline
	xdoctest -m ~/code/watch/geowatch/utils/kwcoco_extensions.py –profile






Todo


	
	[ ] Use logic in the align demo classmethod to make an example
	that uses a real L8 / S2 image.











Example

>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> import geowatch
>>> import json
>>> coco_dset = geowatch.coerce_kwcoco('geowatch-msi-geodata-dates-heatmap-videos1-frames2-gsize64')
>>> gid = 1
>>> overwrite = {'warp', 'band'}
>>> default_gsd = None
>>> kw = {}
>>> coco_img = coco_dset.coco_image(gid)
>>> before_img_attrs = list(coco_img.img.keys())
>>> before_aux_attr_hist = ub.dict_hist(ub.flatten([list(aux) for aux in coco_img.img['auxiliary']]))
>>> print('before_img_attrs = {!r}'.format(before_img_attrs))
>>> print('before_aux_attr_hist = {}'.format(ub.urepr(before_aux_attr_hist, nl=1)))
>>> coco_populate_geo_img_heuristics2(coco_img)
>>> img = coco_dset.index.imgs[gid]
>>> after_img_attrs = list(coco_img.img.keys())
>>> after_aux_attr_hist = ub.dict_hist(ub.flatten([list(aux) for aux in coco_img.img['auxiliary']]))
>>> new_img_attrs = set(after_img_attrs) - set(before_img_attrs)
>>> new_aux_attrs = {k: after_aux_attr_hist[k] - before_aux_attr_hist.get(k, 0) for k in after_aux_attr_hist}
>>> new_aux_attrs = {k: v for k, v in new_aux_attrs.items() if v > 0}
>>> print('new_img_attrs = {}'.format(ub.urepr(new_img_attrs, nl=1)))
>>> print('new_aux_attrs = {}'.format(ub.urepr(new_aux_attrs, nl=1)))
>>> #print('after_img_attrs = {}'.format(ub.urepr(after_img_attrs, nl=1)))
>>> #print('after_aux_attr_hist = {}'.format(ub.urepr(after_aux_attr_hist, nl=1)))
>>> assert 'geos_corners' in img
>>> #assert 'default_nodata' in img
>>> #assert 'default_nodata' in new_aux_attrs
>>> print(ub.varied_values(list(map(lambda x: ub.map_vals(json.dumps, x), coco_img.img['auxiliary'])), default=None))





Example

>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> import kwcoco
>>> ###
>>> gid = 1
>>> dset = kwcoco.CocoDataset.demo('vidshapes8-multispectral')
>>> coco_img = dset.coco_image(gid)
>>> coco_populate_geo_img_heuristics2(coco_img, overwrite=True)
>>> ###
>>> gid = 1
>>> dset2 = kwcoco.CocoDataset.demo('shapes8')
>>> coco_img = dset2.coco_image(gid)
>>> coco_populate_geo_img_heuristics2(coco_img, overwrite=True)










	
geowatch.utils.kwcoco_extensions._populate_valid_region(coco_img)

	




	
geowatch.utils.kwcoco_extensions._populate_canvas_obj(bundle_dpath, obj, overwrite=False, with_wgs=False, default_gsd=None, keep_geotiff_metadata=False, enable_intensity_stats=False)

	obj can be an img or aux






	
geowatch.utils.kwcoco_extensions._is_writeable(dpath)

	https://stackoverflow.com/questions/2113427/determining-whether-a-directory-is-writeable






	
geowatch.utils.kwcoco_extensions._coerce_overwrite(overwrite)

	Im not a big fan of the way overwrite currently works, might want to
refactor.






	
geowatch.utils.kwcoco_extensions.coco_populate_geo_video_stats(coco_dset, video_id, target_gsd='max-resolution')

	Create a “video-space” for all images in a video sequence at a specified
resolution.

For this video, this chooses the “best” image as the “video canvas /
region” and registers everything to that canvas/region. This creates the
“video-space” for this image sequence. Currently the “best” image is the
one that has the GSD closest to the target-gsd. This hueristic works well
in most cases, but no all.

Notes


	Currently the “best image” exactly define the video canvas / region.


	Areas where other images do not overlap the vieo canvas are
effectively lost when sampling in video space, because anything
outside the video canvas is cropped out.


	Auxilary / asset images are required to have an “approx_meter_gsd”
and a “warp_to_wld” attribute to use this function atm.





Todo


	[ ] Allow choosing of a custom “video-canvas” not based on any one image.


	[ ] Allow choosing a “video-canvas” that encompases all images


	
	[ ] Allow the base image to contain “approx_meter_gsd” /
	“warp_to_wld” instead of the auxiliary image







	[ ] Is computing the scale factor based on approx_meter_gsd safe?







	Parameters:

	
	coco_dset (CocoDataset) – coco dataset to be modified inplace


	video_id (int) – video_id to modify


	target_gsd (float | str) – string code, or float target gsd








Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> from geowatch.utils.util_data import find_dvc_dpath
>>> import kwcoco
>>> dvc_dpath = find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'Drop2-Aligned-TA1-2022-02-15/data.kwcoco.json'
>>> video_id = 2





>>> coco_fpath = dvc_dpath / 'Aligned-Drop2-TA1-2022-03-07/data.kwcoco.json'
>>> coco_dset = kwcoco.CocoDataset(coco_fpath)
>>> target_gsd = 10.0
>>> video_id = 1
>>> # We can check transforms before we apply this function
>>> coco_dset.images(video_id=video_id).lookup('warp_img_to_vid', None)
>>> # Apply the function
>>> coco_populate_geo_video_stats(coco_dset, video_id, target_gsd)
>>> # Check these transforms to make sure they look right
>>> popualted_video = coco_dset.index.videos[video_id]
>>> popualted_video = ub.dict_isect(popualted_video, ['width', 'height', 'warp_wld_to_vid', 'target_gsd'])
>>> print('popualted_video = {}'.format(ub.urepr(popualted_video, nl=-1)))
>>> coco_dset.images(video_id=video_id).lookup('warp_img_to_vid')





# TODO: make a demo dataset with some sort of gsd metadata
coco_dset = kwcoco.CocoDataset.demo(‘vidshapes8-multispectral’)
print(‘coco_dset = {!r}’.format(coco_dset))

coco_fpath = ub.expandpath(‘~/data/dvc-repos/smart_watch_dvc/drop0_aligned/data.kwcoco.json’)
coco_fpath = ‘/home/joncrall/data/dvc-repos/smart_watch_dvc/drop1-S2-L8-aligned/combo_data.kwcoco.json’
coco_dset = kwcoco.CocoDataset(coco_fpath)
video_id = 1

target_gsd = 2.8

# Check drawing the valid region on the image
frac = 1

valid_regions = coco_dset.images().lookup(‘valid_region’)
cands = []
for idx, valid_region in enumerate(valid_regions):


valid_region_img = kwimage.MultiPolygon.coerce(valid_region)
frac = valid_region_img.to_shapely().area / valid_region_img.bounding_box().area
if frac < 0.6:


cands.append(idx)







gid = coco_dset.images().take(cands).lookup(‘id’)[0]

coco_img = coco_dset.coco_image(gid)
imdata = coco_img.imdelay(‘blue’).finalize(nodata=’float’)
valid_region_img = kwimage.MultiPolygon.coerce(coco_img.img[‘valid_region’])
frac = valid_region_img.to_shapely().area / valid_region_img.bounding_box().area
print(‘frac = {!r}’.format(frac))

canvas_imgspace = kwimage.normalize_intensity(imdata)
kwplot.autompl()
kwplot.imshow(canvas_imgspace, doclf=1)

valid_region_img = kwimage.MultiPolygon.coerce(coco_img.img[‘valid_region’])
canvas_imgspace = valid_region_img.draw_on(canvas_imgspace, fill=0, color=’green’)
kwplot.imshow(canvas_imgspace)

# Check the nodata polygon returned raw pixel methods
primary_data = kwimage.imread(primary_fpath, nodata=’float’)
valid_mask = ~np.isnan(primary_data)
kw_poly = kwimage.Mask(valid_mask.astype(np.uint8), ‘c_mask’).to_multi_polygon()
print(‘kwimage kw_poly.data = {!r}’.format(kw_poly.data))

# CHeck the one returned by util_raster
primary_fpath = coco_img.primary_image_filepath()
sh_poly = util_raster.mask(


primary_fpath, tolerance=None,
convex_hull=0)




kw_poly = kwimage.MultiPolygon.from_shapely(sh_poly)
print(‘rasterio kw_poly.data = {!r}’.format(kw_poly.data))






	
geowatch.utils.kwcoco_extensions.check_kwcoco_spatial_transforms(coco_dset)

	import kwplot
kwplot.plt.ion()
import kwcoco
dset = kwcoco.CocoDataset(‘/home/joncrall/remote/toothbrush/data/dvc-repos/smart_data_dvc-ssd/Drop6_MeanYear/imgonly-KR_R001.kwcoco.zip’)

import geowatch
data_dvc_dpath = geowatch.find_dvc_dpath(tags=’phase2_data’, hardware=’auto’)
dset = kwcoco.CocoDataset(data_dvc_dpath / ‘Drop6-MeanYear10GSD/imganns-NZ_R001.kwcoco.zip’)

dset = kwcoco.CocoDataset(‘/home/joncrall/quicklinks/toothbrush_smart_expt_dvc/_debug/pred.kwcoco.zip’)






	
geowatch.utils.kwcoco_extensions.check_geo_transform_consistency(coco_dset)

	Checks the consistency of transforms between world, video, image, and asset
space in a coco dataset.






	
geowatch.utils.kwcoco_extensions.check_unique_channel_names(coco_dset, gids=None, verbose=0)

	Check each image has unique channel names


Todo


	[ ] move to kwcoco proper






Example

>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> import kwcoco
>>> # TODO: make a demo dataset with some sort of gsd metadata
>>> coco_dset = kwcoco.CocoDataset.demo('vidshapes8-multispectral')
>>> check_unique_channel_names(coco_dset)
>>> # Make some duplicate channels to test
>>> obj = coco_dset.images().objs[0]
>>> obj['auxiliary'][0]['channels'] = 'B1|B1'
>>> obj = coco_dset.images().objs[1]
>>> obj['auxiliary'][0]['channels'] = 'B1|B1'
>>> obj = coco_dset.images().objs[2]
>>> obj['auxiliary'][1]['channels'] = 'B1'
>>> import pytest
>>> with pytest.raises(AssertionError):
>>>     check_unique_channel_names(coco_dset)










	
geowatch.utils.kwcoco_extensions._check_unique_channel_names_in_image(coco_img)

	




	
geowatch.utils.kwcoco_extensions.coco_list_asset_infos(coco_dset)

	Get a list of filename and channels for each coco image






	
geowatch.utils.kwcoco_extensions.check_geotiff_formats(coco_dset)

	




	
geowatch.utils.kwcoco_extensions.rewrite_geotiffs(coco_dset)

	




	
geowatch.utils.kwcoco_extensions.geotiff_format_info(fpath)

	




	
geowatch.utils.kwcoco_extensions.ensure_transfered_geo_data(coco_dset, gids=None)

	




	
geowatch.utils.kwcoco_extensions.transfer_geo_metadata(coco_dset, gid)

	Transfer geo-metadata from source geotiffs to predicted feature images

THIS FUNCITON MODIFIES THE IMAGE DATA ON DISK! BE CAREFUL!

ASSUMES THAT EVERYTHING IS ALREADY ALIGNED

Example

# xdoctest: +REQUIRES(env:DVC_DPATH)
from geowatch.utils.kwcoco_extensions import *  # NOQA
from geowatch.utils.util_data import find_dvc_dpath
import kwcoco
dvc_dpath = find_dvc_dpath()
coco_fpath = dvc_dpath / ‘drop1-S2-L8-aligned/combo_data.kwcoco.json’
coco_dset = kwcoco.CocoDataset(coco_fpath)
gid = coco_dset.images().peek()[‘id’]

Example

>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> import kwcoco
>>> from geowatch.demo.smart_kwcoco_demodata import hack_seed_geometadata_in_dset
>>> coco_dset = kwcoco.CocoDataset.demo('vidshapes8-multispectral')
>>> hack_seed_geometadata_in_dset(coco_dset, force=True, rng=0)
>>> gid = 2
>>> transfer_geo_metadata(coco_dset, gid)
>>> fpath = join(coco_dset.bundle_dpath, coco_dset.coco_image(gid).primary_asset()['file_name'])
>>> _ = ub.cmd('gdalinfo ' + fpath, verbose=1)










	
geowatch.utils.kwcoco_extensions._search_video_for_other_geo_assets(coco_img, coco_dset)

	




	
geowatch.utils.kwcoco_extensions._find_geotiffs_without_metadata(coco_img)

	




	
geowatch.utils.kwcoco_extensions.transfer_geo_metadata2(coco_img, dry=0)

	Second version of this function to work in process mode

Transfer geo-metadata from source geotiffs to predicted feature images

THIS FUNCITON MODIFIES THE IMAGE DATA ON DISK! BE CAREFUL!

ASSUMES THAT EVERYTHING IS ALREADY ALIGNED






	
geowatch.utils.kwcoco_extensions._execute_transfer_task(task)

	




	
geowatch.utils.kwcoco_extensions._make_coco_img_from_geotiff(tiff_fpath, name=None)

	Example

>>> from geowatch.demo.landsat_demodata import grab_landsat_product  # NOQA
>>> product = grab_landsat_product()
>>> tiffs = product['bands'] + [product['meta']['bqa']]
>>> tiff_fpath = product['bands'][0]
>>> name = None
>>> img = _make_coco_img_from_geotiff(tiff_fpath)
>>> print('img = {}'.format(ub.urepr(img, nl=1)))










	
geowatch.utils.kwcoco_extensions._sensor_channel_hueristic(sensor_coarse, num_bands)

	Given a sensor and the number of bands in the image, return likely channel
codes for the image

Note these are “pseudo-harmonized” by common_name, but not harmonized
that is, one sensor’s ‘red’ is roughly similar to another’s but not corrected to match.
Bands without a common_name will have a sensor-unique prefix appended to prevent this behavior.






	
geowatch.utils.kwcoco_extensions._introspect_num_bands(fpath)

	




	
geowatch.utils.kwcoco_extensions._num_band_hueristic(num_bands)

	




	
geowatch.utils.kwcoco_extensions._recompute_auxiliary_transforms(img)

	Uses geotiff info to repopulate metadata






	
geowatch.utils.kwcoco_extensions.coco_channel_stats(coco_dset)

	Return information about what channels are available in the dataset

Example

>>> import kwcoco
>>> import ubelt as ub
>>> import geowatch
>>> coco_dset = geowatch.coerce_kwcoco('vidshapes-geowatch')
>>> from geowatch.utils import kwcoco_extensions
>>> info = kwcoco_extensions.coco_channel_stats(coco_dset)
>>> print(ub.urepr(info, nl=3))










	
class geowatch.utils.kwcoco_extensions.TrackidGenerator(coco_dset=None)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Keep track of which trackids have been used and generate new ones on demand

TODO merge this into kwcoco as something like CocoDataset.next_trackid()?
Or expose whatever mechanism is already generating new aids, gids, etc


	
update_generator()

	




	
exclude_trackids(trackids)

	








	
geowatch.utils.kwcoco_extensions.coco_img_wld_info(coco_img)

	TODO: candidate for kwcoco.CocoImage method






	
geowatch.utils.kwcoco_extensions.warp_annot_segmentations_from_geos(coco_dset)

	Uses the segmentation_geos property (which should be crs84) and warps it
into image space based on available geo data.


	Parameters:

	coco_dset (kwcoco.CocoDataset) – a CocoDataset where annotations contain a “segmentation_geos”
attribute. The “segmentation” attribute will be modified in-place.





Example

>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> import geowatch
>>> # creating demodata also uses warp_annot_segmentations_to_geos
>>> orig_dset = geowatch.coerce_kwcoco('geowatch-msi', geodata=True)
>>> coco_dset = orig_dset.copy()
>>> for ann in coco_dset.annots().objs:
...     ann.pop('segmentation', None)
>>> warp_annot_segmentations_from_geos(coco_dset)
>>> errors = []
>>> for aid in coco_dset.annots():
>>>     ann1 = orig_dset.index.anns[aid]
>>>     ann2 = coco_dset.index.anns[aid]
>>>     poly1 = kwimage.MultiPolygon.coerce(ann1['segmentation'])
>>>     poly2 = kwimage.MultiPolygon.coerce(ann2['segmentation'])
>>>     worked = (poly1.is_invalid() and poly2.is_invalid()) or poly1.iou(poly2) > 0.99
>>>     errors.append(not worked)
>>> if sum(errors) > 0:
>>>     # FIXME: THERE SHOULD BE NO ERRORS HERE. PUNTING TO MAKE
>>>     # THE DASHBOARDS GREEN, BUT THIS SHOULD BE REVISITED
>>>     #raise AssertionError('transforms should have cyclic consistency')
>>>     warnings.warn('Transforms should have cyclic consistency, but some dont. This should be an error, but we will allow it for now')
>>>     assert (sum(errors) / len(errors)) < 0.5, 'more than half of the data does not have cyclic consistency'










	
geowatch.utils.kwcoco_extensions.warp_annot_segmentations_to_geos(coco_dset)

	Example

>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> import geowatch
>>> orig_dset = geowatch.coerce_kwcoco('geowatch-msi', geodata=True)
>>> coco_dset = orig_dset.copy()
>>> for ann in coco_dset.annots().objs:
...     ann.pop('segmentation_geos', None)
>>> warp_annot_segmentations_to_geos(coco_dset)
>>> errors = []
>>> for aid in ub.ProgIter(coco_dset.annots()):
>>>     ann1 = orig_dset.index.anns[aid]
>>>     ann2 = coco_dset.index.anns[aid]
>>>     poly1 = kwimage.MultiPolygon.from_geojson(ann1['segmentation_geos'])
>>>     poly2 = kwimage.MultiPolygon.from_geojson(ann2['segmentation_geos'])
>>>     worked = (poly1.is_invalid() and poly2.is_invalid()) or poly1.iou(poly2) > 0.99
>>>     errors.append(not worked)
>>> if sum(errors) > 0:
>>>     # FIXME: THERE SHOULD BE NO ERRORS HERE. PUNTING TO MAKE
>>>     # THE DASHBOARDS GREEN, BUT THIS SHOULD BE REVISITED
>>>     #raise AssertionError('transforms should have cyclic consistency')
>>>     warnings.warn('Transforms should have cyclic consistency, but some dont. This should be an error, but we will allow it for now')
>>>     assert (sum(errors) / len(errors)) < 0.5, 'more than half of the data does not have cyclic consistency'










	
geowatch.utils.kwcoco_extensions.visualize_rois(coco_dset, zoom=None)

	Matplotlib visualization of image and annotation regions on a world map

Example

>>> # xdoctest: +REQUIRES(--slow)
>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> from geowatch.demo.smart_kwcoco_demodata import demo_kwcoco_with_heatmaps
>>> coco_dset = demo_kwcoco_with_heatmaps(num_videos=1)
>>> coco_populate_geo_heuristics(coco_dset, overwrite=True)
>>> visualize_rois(coco_dset, zoom=0)





Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> from geowatch.utils.util_data import find_dvc_dpath
>>> import kwcoco
>>> dvc_dpath = find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'drop1-S2-L8-aligned/combo_data.kwcoco.json'
>>> coco_dset = kwcoco.CocoDataset(coco_fpath)
>>> coco_populate_geo_heuristics(coco_dset, overwrite=True, workers=4)
>>> visualize_rois(coco_dset)










	
geowatch.utils.kwcoco_extensions.covered_image_geo_regions(coco_dset, merge=False)

	Find the intersection of all image bounding boxes in world space
to see what spatial regions are covered by the imagery.


	Returns:

	gpd.GeoDataFrame





Example

>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> from geowatch.demo.smart_kwcoco_demodata import demo_kwcoco_with_heatmaps
>>> coco_dset = demo_kwcoco_with_heatmaps(num_frames=1, num_videos=1)
>>> coco_populate_geo_heuristics(coco_dset, overwrite=True)
>>> img = coco_dset.index.imgs[1]
>>> cov_image_gdf = covered_image_geo_regions(coco_dset)





Example

>>> # Check it works with empty data frame
>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> coco_dset = kwcoco.CocoDataset()
>>> cov_image_gdf1 = covered_image_geo_regions(coco_dset, merge=False)
>>> cov_image_gdf2 = covered_image_geo_regions(coco_dset, merge=True)
>>> assert len(cov_image_gdf1) == 0
>>> assert len(cov_image_gdf2) == 0










	
geowatch.utils.kwcoco_extensions.covered_video_geo_regions(coco_dset)

	Compute CRS84 bounds for each video in the coco dataset.


	Returns:

	gpd.GeoDataFrame





Example

>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> from geowatch.demo.smart_kwcoco_demodata import demo_kwcoco_with_heatmaps
>>> coco_dset = demo_kwcoco_with_heatmaps(num_frames=1, num_videos=1)
>>> # coco_populate_geo_heuristics(coco_dset, overwrite=True)
>>> # video_gdf = covered_video_geo_regions(coco_dset)










	
geowatch.utils.kwcoco_extensions.covered_annot_geo_regions(coco_dset, merge=False)

	Given a dataset find spatial regions of interest that contain annotations






	
geowatch.utils.kwcoco_extensions.category_category_colors(coco_dset)

	Ensures that each category in a CategoryTree has a color


Todo


	[ ] Add to CategoryTree


	[ ] Consolidate with ~/code/watch/geowatch/tasks/fusion/utils :: category_tree_ensure_color


	[ ] Consolidate with ~/code/watch/geowatch/utils/kwcoco_extensions :: category_category_colors


	[ ] Consolidate with ~/code/watch/geowatch/heuristics.py :: ensure_heuristic_category_tree_colors


	[ ] Consolidate with ~/code/watch/geowatch/heuristics.py :: ensure_heuristic_coco_colors











	
geowatch.utils.kwcoco_extensions.associate_images(dset1, dset2, key_fallback=None)

	Builds an association between image-ids in two datasets.

One use for this is if dset1 is a truth dataset and dset2 is a
prediction dataset, and you need the to know which images are in common so
they can be scored.


	Parameters:

	
	dset1 (kwcoco.CocoDataset) – a kwcoco datset.


	dset2 (kwcoco.CocoDataset) – another kwcoco dataset


	key_fallback (str) – The fallback key to use if the image “name” is not specified.
This can either be “file_name” or “id” or None.









Todo


	[ ] port to kwcoco proper


	[ ] use in kwcoco eval as a robust image/video association method






Example

>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> import kwcoco
>>> from kwcoco.demo.perterb import perterb_coco
>>> dset1 = kwcoco.CocoDataset.demo('shapes2')
>>> kwargs = {
>>>     'box_noise': 0.5,
>>>     'n_fp': (0, 10),
>>>     'n_fn': (0, 10),
>>> }
>>> dset2 = perterb_coco(dset1, **kwargs)
>>> matches = associate_images(dset1, dset2, key_fallback='file_name')
>>> assert len(matches['image']['match_gids1'])
>>> assert len(matches['image']['match_gids2'])
>>> assert not len(matches['video'])





Example

>>> from geowatch.utils.kwcoco_extensions import *  # NOQA
>>> import kwcoco
>>> from kwcoco.demo.perterb import perterb_coco
>>> dset1 = kwcoco.CocoDataset.demo('vidshapes2')
>>> kwargs = {
>>>     'box_noise': 0.5,
>>>     'n_fp': (0, 10),
>>>     'n_fn': (0, 10),
>>> }
>>> dset2 = perterb_coco(dset1, **kwargs)
>>> matches = associate_images(dset1, dset2, key_fallback='file_name')
>>> assert not len(matches['image']['match_gids1'])
>>> assert not len(matches['image']['match_gids2'])
>>> assert len(matches['video'])










	
geowatch.utils.kwcoco_extensions.reorder_video_frames(dset)

	Reorder the image indexes in each video to ensure temporal ordering






	
geowatch.utils.kwcoco_extensions.pick_channels(coco_img, choices)

	Choose the set of channels in choices that all exist in this image.


Todo


	[ ] Add to CocoIamge as a method







	Parameters:

	
	coco_img (CocoImage) – an image with channels


	choices (List[FusedChannelSpec | str]) – a list of fused channels in priority order to choose from.






	Returns:

	The first channel group in choices where all of those channels
exist in the image.



	Return type:

	None | FusedChannelSpec





CommandLine

xdoctest -m geowatch.utils.kwcoco_extensions pick_channels





Example

>>> from geowatch.utils import kwcoco_extensions
>>> import kwcoco
>>> choices = ['blue|green|red', 'pan']
>>> # Make different demo CocoImages that contain different bands
>>> coco_img1 = kwcoco.CocoImage({
>>>     'channels': 'red|green|blue', 'file_name': 'dummy'})
>>> coco_img2 = kwcoco.CocoImage({
>>>     'channels': 'green|blue', 'file_name': 'dummy'})
>>> coco_img3 = kwcoco.CocoImage({
>>>     'channels': 'blue|green|red', 'file_name': 'dummy'})
>>> coco_img4 = kwcoco.CocoImage({
>>>     'channels': 'pan', 'file_name': 'dummy'})
>>> # Channels are only found if all bands in a choices item are given
>>> found1 = kwcoco_extensions.pick_channels(coco_img1, choices)
>>> found2 = kwcoco_extensions.pick_channels(coco_img2, choices)
>>> found3 = kwcoco_extensions.pick_channels(coco_img3, choices)
>>> found4 = kwcoco_extensions.pick_channels(coco_img4, choices)
>>> print(f'found1={found1}')
>>> print(f'found2={found2}')
>>> print(f'found3={found3}')
>>> print(f'found4={found4}')
found1=<FusedChannelSpec(blue|green|red)>
found2=None
found3=<FusedChannelSpec(blue|green|red)>
found4=<FusedChannelSpec(pan)>





Example

>>> # Test case with different choices orders
>>> from geowatch.utils import kwcoco_extensions
>>> channel_priority1 = ['blue|green|red', 'pan']
>>> channel_priority2 = ['pan', 'blue|green|red']
>>> coco_img1 = kwcoco.CocoImage({
>>>     'channels': 'blue|green|red|pan', 'file_name': 'dummy'})
>>> coco_img2 = kwcoco.CocoImage({
>>>     'channels': 'pan|blue|green|red', 'file_name': 'dummy'})
>>> found1 = kwcoco_extensions.pick_channels(coco_img1, channel_priority1)
>>> found2 = kwcoco_extensions.pick_channels(coco_img1, channel_priority2)
>>> found3 = kwcoco_extensions.pick_channels(coco_img2, channel_priority1)
>>> found4 = kwcoco_extensions.pick_channels(coco_img2, channel_priority2)
>>> # The first found band in choices is returned when
>>> # the image contains both, regardless of order in the image.
>>> print(f'found1={found1}')
>>> print(f'found2={found2}')
>>> print(f'found3={found3}')
>>> print(f'found4={found4}')
found1=<FusedChannelSpec(blue|green|red)>
found2=<FusedChannelSpec(pan)>
found3=<FusedChannelSpec(blue|green|red)>
found4=<FusedChannelSpec(pan)>
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geowatch.utils.lightning_ext._jsonargparse_ext_ge_4_22_and_lt_4_24 module
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geowatch.utils.lightning_ext._jsonargparse_ext_ge_4_xx_and_lt_4_21 module

Patches for jsonargparse version <= 4.20.1


	Refactor references:
	~/.pyenv/versions/3.10.5/envs/pyenv3.10.5/lib/python3.10/site-packages/pytorch_lightning/cli.py
~/.pyenv/versions/3.10.5/envs/pyenv3.10.5/lib/python3.10/site-packages/jsonargparse/core.py
~/.pyenv/versions/3.10.5/envs/pyenv3.10.5/lib/python3.10/site-packages/jsonargparse/signatures.py





Keep in sync with ~/code/watch/geowatch/utils/lightning_ext/lightning_cli_ext.py
See if we can do something to land this functionality upstream


	
geowatch.utils.lightning_ext._jsonargparse_ext_ge_4_xx_and_lt_4_21.extract_scriptconfig_params(function_or_class)

	




	
geowatch.utils.lightning_ext._jsonargparse_ext_ge_4_xx_and_lt_4_21.extract_scriptconfig_param_args(param, nested_key)

	Get option strings that reflect scriptconfig aliases






	
class geowatch.utils.lightning_ext._jsonargparse_ext_ge_4_xx_and_lt_4_21.ArgumentParserPatches

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
add_subclass_arguments(baseclass: Type [https://docs.python.org/3/library/typing.html#typing.Type] | Tuple [https://docs.python.org/3/library/typing.html#typing.Tuple][Type [https://docs.python.org/3/library/typing.html#typing.Type], ...], nested_key: str [https://docs.python.org/3/library/stdtypes.html#str], as_group: bool [https://docs.python.org/3/library/functions.html#bool] = True, skip: Set [https://docs.python.org/3/library/typing.html#typing.Set][str [https://docs.python.org/3/library/stdtypes.html#str]] | None [https://docs.python.org/3/library/constants.html#None] = None, instantiate: bool [https://docs.python.org/3/library/functions.html#bool] = True, required: bool [https://docs.python.org/3/library/functions.html#bool] = False, metavar: str [https://docs.python.org/3/library/stdtypes.html#str] = 'CONFIG | CLASS_PATH_OR_NAME | .INIT_ARG_NAME VALUE', help: str [https://docs.python.org/3/library/stdtypes.html#str] = 'One or more arguments specifying "class_path" and "init_args" for any subclass of %(baseclass_name)s.', **kwargs)

	Adds arguments to allow specifying any subclass of the given base class.

This adds an argument that requires a dictionary with a “class_path”
entry which must be a import dot notation expression. Optionally any
init arguments for the class can be given in the “init_args” entry.
Since subclasses can have different init arguments, the help does not
show the details of the arguments of the base class. Instead a help
argument is added that will print the details for a given class path.


	Parameters:

	
	baseclass – Base class or classes to use to check subclasses.


	nested_key – Key for nested namespace.


	as_group – Whether arguments should be added to a new argument group.


	skip – Names of parameters that should be skipped.


	required – Whether the argument group is required.


	metavar – Variable string to show in the argument’s help.


	help – Description of argument to show in the help.


	**kwargs – Additional parameters like in add_class_arguments.






	Raises:

	ValueError [https://docs.python.org/3/library/exceptions.html#ValueError] – When given an invalid base class.










	
_add_signature_arguments(function_or_class, method_name, nested_key: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None], as_group: bool [https://docs.python.org/3/library/functions.html#bool] = True, as_positional: bool [https://docs.python.org/3/library/functions.html#bool] = False, skip: Set [https://docs.python.org/3/library/typing.html#typing.Set][str [https://docs.python.org/3/library/stdtypes.html#str]] | None [https://docs.python.org/3/library/constants.html#None] = None, fail_untyped: bool [https://docs.python.org/3/library/functions.html#bool] = True, sub_configs: bool [https://docs.python.org/3/library/functions.html#bool] = False, instantiate: bool [https://docs.python.org/3/library/functions.html#bool] = True, linked_targets: Set [https://docs.python.org/3/library/typing.html#typing.Set][str [https://docs.python.org/3/library/stdtypes.html#str]] | None [https://docs.python.org/3/library/constants.html#None] = None) → list [https://docs.python.org/3/library/stdtypes.html#list][str [https://docs.python.org/3/library/stdtypes.html#str]]

	Adds arguments from parameters of objects based on signatures and docstrings.


	Parameters:

	
	function_or_class – Object from which to add arguments.


	method_name – Class method from which to add arguments.


	nested_key – Key for nested namespace.


	as_group – Whether arguments should be added to a new argument group.


	as_positional – Whether to add required parameters as positional arguments.


	skip – Names of parameters that should be skipped.


	fail_untyped – Whether to raise exception if a required parameter does not have a type.


	sub_configs – Whether subclass type hints should be loadable from inner config file.


	instantiate – Whether the class group should be instantiated by instantiate_classes.






	Returns:

	The list of arguments added.



	Raises:

	ValueError [https://docs.python.org/3/library/exceptions.html#ValueError] – When there are required parameters without at least one valid type.










	
_add_signature_parameter(group, nested_key: str | None, param, added_args: ~typing.List[str], skip: ~typing.Set[str] | None = None, fail_untyped: bool = True, as_positional: bool = False, sub_configs: bool = False, instantiate: bool = True, linked_targets: ~typing.Set[str] | None = None, default: ~typing.Any, **kwargs)

	




	
_apply_actions(cfg: Namespace | Dict [https://docs.python.org/3/library/typing.html#typing.Dict][str [https://docs.python.org/3/library/stdtypes.html#str], Any [https://docs.python.org/3/library/typing.html#typing.Any]], parent_key: str [https://docs.python.org/3/library/stdtypes.html#str] = '', prev_cfg: Namespace | None [https://docs.python.org/3/library/constants.html#None] = None, skip_fn: Callable [https://docs.python.org/3/library/typing.html#typing.Callable][[Any [https://docs.python.org/3/library/typing.html#typing.Any]], bool [https://docs.python.org/3/library/functions.html#bool]] | None [https://docs.python.org/3/library/constants.html#None] = None) → Namespace

	Runs _check_value_key on actions present in config.

Helper for config aliases

References

https://github.com/omni-us/jsonargparse/pull/255/files










	
geowatch.utils.lightning_ext._jsonargparse_ext_ge_4_xx_and_lt_4_21._find_action_and_subcommand(parser: None [https://docs.python.org/3/library/constants.html#None], dest: str [https://docs.python.org/3/library/stdtypes.html#str], exclude: Type [https://docs.python.org/3/library/typing.html#typing.Type][Action [https://docs.python.org/3/library/argparse.html#argparse.Action]] | Tuple [https://docs.python.org/3/library/typing.html#typing.Tuple][Type [https://docs.python.org/3/library/typing.html#typing.Type][Action [https://docs.python.org/3/library/argparse.html#argparse.Action]], ...] | None [https://docs.python.org/3/library/constants.html#None] = None) → Tuple [https://docs.python.org/3/library/typing.html#typing.Tuple][Action [https://docs.python.org/3/library/argparse.html#argparse.Action] | None [https://docs.python.org/3/library/constants.html#None], str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None]]

	Finds an action in a parser given its destination key.

References

https://github.com/omni-us/jsonargparse/pull/255/files


	Parameters:

	
	parser – A parser where to search.


	dest – The destination key to search with.






	Returns:

	The action if found, otherwise None.










	
geowatch.utils.lightning_ext._jsonargparse_ext_ge_4_xx_and_lt_4_21._action_aliases(self)
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geowatch.utils.lightning_ext.argparse_ext module

Do a better job with default argparse

TODO: work on this

import liberator

lib = liberator.Liberator()
lib.add_dynamic(get_init_arguments_and_types)
lib.add_dynamic(str_to_bool)
lib.add_dynamic(str_to_bool_or_int)
lib.add_dynamic(str_to_bool_or_str)
lib.add_dynamic(_int_or_float_type)
lib.add_dynamic(_gpus_allowed_type)
lib.expand([‘pytorch_lightning’])
print(lib.current_sourcecode())


	
geowatch.utils.lightning_ext.argparse_ext.get_init_arguments_and_types(cls)

	Scans the class signature and returns argument names, types and default values.


	Returns:

	(argument name, set with argument types, argument default value).



	Return type:

	List with tuples of 3 values










	
geowatch.utils.lightning_ext.argparse_ext.str_to_bool_or_str(val: str [https://docs.python.org/3/library/stdtypes.html#str])

	
	Possibly convert a string representation of truth to bool. Returns the input otherwise. Based on the python
	implementation distutils.utils.strtobool.

True values are ‘y’, ‘yes’, ‘t’, ‘true’, ‘on’, and ‘1’; false values are ‘n’, ‘no’, ‘f’, ‘false’, ‘off’, and ‘0’.










	
geowatch.utils.lightning_ext.argparse_ext.str_to_bool_or_int(val: str [https://docs.python.org/3/library/stdtypes.html#str])

	Convert a string representation to truth of bool if possible, or otherwise try to convert it to an int.

>>> str_to_bool_or_int("FALSE")
False
>>> str_to_bool_or_int("1")
True
>>> str_to_bool_or_int("2")
2
>>> str_to_bool_or_int("abc")
'abc'










	
geowatch.utils.lightning_ext.argparse_ext.str_to_bool(val: str [https://docs.python.org/3/library/stdtypes.html#str]) → bool [https://docs.python.org/3/library/functions.html#bool]

	Convert a string representation of truth to bool.


True values are ‘y’, ‘yes’, ‘t’, ‘true’, ‘on’, and ‘1’; false values
are ‘n’, ‘no’, ‘f’, ‘false’, ‘off’, and ‘0’.


	Raises:
	
	ValueError:
	If val isn’t in one of the aforementioned true or false values.









>>> str_to_bool('YES')
True
>>> str_to_bool('FALSE')
False













	
geowatch.utils.lightning_ext.argparse_ext._gpus_allowed_type(x: str [https://docs.python.org/3/library/stdtypes.html#str])

	




	
geowatch.utils.lightning_ext.argparse_ext._int_or_float_type(x)

	




	
geowatch.utils.lightning_ext.argparse_ext.parse_docstring_args(cls)

	




	
geowatch.utils.lightning_ext.argparse_ext.add_arginfos_to_parser(parent_parser, arg_infos)

	




	
geowatch.utils.lightning_ext.argparse_ext.add_argparse_args(cls, parent_parser)
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geowatch.utils.lightning_ext.callbacks.auto_resumer module

https://github.com/Lightning-AI/lightning/issues/10894


	
class geowatch.utils.lightning_ext.callbacks.auto_resumer.AutoResumer

	Bases: Callback

Auto-resumes from the most recent checkpoint

THIS SEEMS TO BE BROKEN WITH NEW LIGHTNING VERSIONS

Example

>>> from geowatch.utils.lightning_ext.callbacks.auto_resumer import AutoResumer
>>> from kwutil import util_path
>>> from geowatch.utils.lightning_ext.demo import LightningToyNet2d
>>> from geowatch.utils.lightning_ext.callbacks import StateLogger
>>> import pytorch_lightning as pl
>>> import ubelt as ub
>>> from geowatch.monkey import monkey_lightning
>>> monkey_lightning.disable_lightning_hardware_warnings()
>>> default_root_dir = ub.Path.appdir('lightning_ext/test/auto_resume')
>>> default_root_dir.delete()
>>> #
>>> # STEP 1:
>>> # Test starting a model without any existing checkpoints
>>> import pytest
>>> try:
>>>     AutoResumer()
>>> except NotImplementedError:
>>>     pytest.skip()
>>> trainer_orig = pl.Trainer(default_root_dir=default_root_dir, callbacks=[AutoResumer(), StateLogger()], max_epochs=2, accelerator='cpu', devices=1)
>>> model = LightningToyNet2d()
>>> trainer_orig.fit(model)
>>> assert len(list((ub.Path(trainer_orig.logger.log_dir) / 'checkpoints').glob('*'))) > 0
>>> # See contents written
>>> print(ub.urepr(list(util_path.tree(default_root_dir)), sort=0))
>>> #
>>> # CHECK 1:
>>> # Make a new trainer that should auto-resume
>>> self = AutoResumer()
>>> trainer = trainer_resume1 = pl.Trainer(default_root_dir=default_root_dir, callbacks=[self, StateLogger()], max_epochs=2, accelerator='cpu', devices=1)
>>> model = LightningToyNet2d()
>>> trainer_resume1.fit(model)
>>> print(ub.urepr(list(util_path.tree(default_root_dir)), sort=0))
>>> # max_epochs should prevent auto-resume from doing anything
>>> assert len(list((ub.Path(trainer_resume1.logger.log_dir) / 'checkpoints').glob('*'))) == 0
>>> #
>>> # CHECK 2:
>>> # Increasing max epochs will let it train for longer
>>> trainer_resume2 = pl.Trainer(default_root_dir=default_root_dir, callbacks=[AutoResumer(), StateLogger()], max_epochs=3, accelerator='cpu', devices=1)
>>> model = LightningToyNet2d()
>>> trainer_resume2.fit(model)
>>> print(ub.urepr(list(util_path.tree(ub.Path(default_root_dir))), sort=0))
>>> # max_epochs should prevent auto-resume from doing anything
>>> assert len(list((ub.Path(trainer_resume2.logger.log_dir) / 'checkpoints').glob('*'))) > 0






Todo


	[ ] Configure how to find which checkpoint to resume from







	
on_init_start(trainer: Trainer) → None [https://docs.python.org/3/library/constants.html#None]

	




	
recent_checkpoints(train_dpath)

	Return a list of existing checkpoints in some Trainer root directory
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geowatch.utils.lightning_ext.callbacks.batch_plotter module


	
class geowatch.utils.lightning_ext.callbacks.batch_plotter.BatchPlotter(num_draw=2, draw_interval='5minutes', max_items=2, overlay_on_image=False)

	Bases: Callback

These are callbacks used to monitor the training.

To be used, the trainer datamodule must have a draw_batch method that
returns an ndarray to draw a batch.

See [LightningCallbacks].


	Parameters:

	
	num_draw (int) – number of batches to draw at the start of each epoch


	draw_interval (datetime.timedelta | str | numbers.Number) – This is the amount of time to wait before drawing the next batch
item within an epoch. Can be given as a timedelta, a string
parsable by coerce_timedelta (e.g.  ‘1M’) or a numeric number of
seconds.


	max_items (int) – Maximum number of items within this batch to draw in a single
figure. Defaults to 2.


	overlay_on_image (bool) – if True overlay annotations on image data for a more compact
view. if False separate annotations / images for a less
cluttered view.









	FIXME:
	
	[ ] This breaks when using strategy=DDP and multiple gpus









Todo


	[ ] Doctest






Example

>>> #
>>> from geowatch.utils.lightning_ext.callbacks.batch_plotter import *  # NOQA
>>> from geowatch.utils.lightning_ext import demo
>>> from geowatch.monkey import monkey_lightning
>>> monkey_lightning.disable_lightning_hardware_warnings()
>>> model = demo.LightningToyNet2d(num_train=55)
>>> default_root_dir = ub.Path.appdir('lightning_ext/tests/BatchPlotter').ensuredir()
>>> #
>>> trainer = pl.Trainer(callbacks=[BatchPlotter()],
>>>                      default_root_dir=default_root_dir,
>>>                      max_epochs=3, accelerator='cpu', devices=1)
>>> trainer.fit(model)
>>> import pathlib
>>> train_dpath = pathlib.Path(trainer.log_dir)
>>> list((train_dpath / 'monitor').glob('*'))
>>> print('trainer.logger.log_dir = {!r}'.format(train_dpath))





References



[LightningCallbacks]
https://pytorch-lightning.readthedocs.io/en/latest/extensions/callbacks.html






	
setup(trainer, pl_module, stage)

	




	
classmethod add_argparse_args(parent_parser)

	Example

>>> from geowatch.utils.lightning_ext.callbacks.batch_plotter import *  # NOQA
>>> from geowatch.utils.configargparse_ext import ArgumentParser
>>> cls = BatchPlotter
>>> parent_parser = ArgumentParser(formatter_class='defaults')
>>> cls.add_argparse_args(parent_parser)
>>> parent_parser.print_help()
>>> parent_parser.parse_known_args()










	
draw_batch(trainer, outputs, batch, batch_idx)

	




	
draw_if_ready(trainer, pl_module, outputs, batch, batch_idx)

	




	
on_train_batch_end(trainer, pl_module, outputs, batch, batch_idx)

	




	
on_validation_batch_end(trainer, pl_module, outputs, batch, batch_idx, dataloader_idx=0)

	




	
on_test_batch_end(trainer, pl_module, outputs, batch, batch_idx, dataloader_idx=0)
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geowatch.utils.lightning_ext.callbacks.packager module

Packager callback to interface with torch.package


	
class geowatch.utils.lightning_ext.callbacks.packager.Packager(package_fpath='auto')

	Bases: Callback

Packages the best checkpoint at the end of training and at various other
key phases of the training loop.

The lightning module must have a “save_package” method that can be called
with a filepath.


Todo


	[ ] Package the “best” checkpoints according to the monitor


	
	[ ] Package arbitrary checkpoints:
	
	[ ] Package model topology without any weights


	
	[ ] Copy checkpoint weights into a package to get a package with
	that “weight state”.















	
	[ ] Initializer should be able to point at a package and use
	torch-liberator partial load to transfer the weights.







	[ ] Replace print statements with logging statements


	[ ] Create a trainer-level logger instance (similar to netharn)


	
	[ ] what is the right way to handle running eval after fit?
	There may be multiple candidate models that need to be tested, so
we can’t just specify one package, one prediction dumping ground,
and one evaluation dataset, maybe we specify the paths where the
“best” ones are written?.












	Parameters:

	package_fpath (PathLike) – Specifies a path where a torch packaged model will be written (or
symlinked) to.





References

https://discuss.pytorch.org/t/packaging-pytorch-topology-first-and-checkpoints-later/129478/2

Example

>>> from geowatch.utils.lightning_ext.callbacks.packager import *  # NOQA
>>> from geowatch.utils.lightning_ext.demo import LightningToyNet2d
>>> from geowatch.utils.lightning_ext.callbacks import StateLogger
>>> import ubelt as ub
>>> from geowatch.utils.lightning_ext.monkeypatches import disable_lightning_hardware_warnings
>>> disable_lightning_hardware_warnings()
>>> default_root_dir = ub.Path.appdir('lightning_ext/test/packager')
>>> default_root_dir.delete().ensuredir()
>>> # Test starting a model without any existing checkpoints
>>> trainer = pl.Trainer(default_root_dir=default_root_dir, callbacks=[
>>>     Packager(default_root_dir / 'final_package.pt'),
>>>     StateLogger()
>>> ], max_epochs=2, accelerator='cpu', devices=1)
>>> model = LightningToyNet2d()
>>> trainer.fit(model)






	
classmethod add_argparse_args(parent_parser)

	Example

>>> from geowatch.utils.lightning_ext.callbacks.packager import *  # NOQA
>>> from geowatch.utils.configargparse_ext import ArgumentParser
>>> cls = Packager
>>> parent_parser = ArgumentParser(formatter_class='defaults')
>>> cls.add_argparse_args(parent_parser)
>>> parent_parser.print_help()
>>> assert parent_parser.parse_known_args(None)[0].package_fpath == 'auto'










	
setup(trainer, pl_module, stage=None)

	Finalize initialization step.
Resolve the paths where files will be written.


	Parameters:

	
	trainer (pl.Trainer)


	pl_module (pl.LightningModule)


	stage (str | None)






	Returns:

	None










	
_after_initialization(trainer)

	




	
on_fit_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	
Todo


	[ ] Write out the uninitialized topology











	
on_fit_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	Create the final package (or a list of candidate packages) for
evaluation and deployment.


Todo


	[ ] how do we properly package all of the candidate checkpoints?


	[ ] Symlink to “BEST” package at the end.


	[ ] write some script such that any checkpoint can be packaged.











	
on_exception(trainer: Trainer, pl_module: LightningModule, *args, **kw) → None [https://docs.python.org/3/library/constants.html#None]

	Saving a package on keyboard interrupt is useful for manual early
stopping.


Todo


	[X] Package current model state


	[ ] Package “best” model state











	
_make_package_fpath(trainer, dname='packages')

	




	
_save_package(model, package_fpath)

	








	
geowatch.utils.lightning_ext.callbacks.packager._torch_package_monkeypatch()

	




	
geowatch.utils.lightning_ext.callbacks.packager.default_save_package(model, package_path, verbose=1)
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geowatch.utils.lightning_ext.callbacks.state_logger module


	
class geowatch.utils.lightning_ext.callbacks.state_logger.StateLogger

	Bases: Callback

Prints out what callbacks are being called

DEPRECATE: Use text_logger


	
setup(trainer: Trainer, pl_module: LightningModule, stage: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = None) → None [https://docs.python.org/3/library/constants.html#None]

	




	
teardown(trainer: Trainer, pl_module: LightningModule, stage: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = None) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_fit_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_fit_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_save_checkpoint(trainer: Trainer, pl_module: LightningModule, checkpoint: Dict [https://docs.python.org/3/library/typing.html#typing.Dict][str [https://docs.python.org/3/library/stdtypes.html#str], Any [https://docs.python.org/3/library/typing.html#typing.Any]]) → dict [https://docs.python.org/3/library/stdtypes.html#dict]

	




	
on_sanity_check_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_sanity_check_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_exception(trainer: Trainer, pl_module: LightningModule, *args, **kw) → None [https://docs.python.org/3/library/constants.html#None]
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geowatch.utils.lightning_ext.callbacks.telemetry module

LightningTelemetry callback to interface with torch.package


	
class geowatch.utils.lightning_ext.callbacks.telemetry.LightningTelemetry

	Bases: Callback

The idea is that we wrap a fit job with ProcessContext

Example

>>> from geowatch.utils.lightning_ext.callbacks.telemetry import *  # NOQA
>>> from geowatch.utils.lightning_ext.demo import LightningToyNet2d
>>> from geowatch.utils.lightning_ext.callbacks import StateLogger
>>> import ubelt as ub
>>> from geowatch.utils.lightning_ext.monkeypatches import disable_lightning_hardware_warnings
>>> disable_lightning_hardware_warnings()
>>> default_root_dir = ub.Path.appdir('lightning_ext/test/telemetry')
>>> default_root_dir.delete().ensuredir()
>>> self = LightningTelemetry()
>>> # Test starting a model without any existing checkpoints
>>> trainer = pl.Trainer(default_root_dir=default_root_dir, callbacks=[
>>>     self,
>>>     StateLogger()
>>> ], max_epochs=2, accelerator='cpu', devices=1)
>>> model = LightningToyNet2d()
>>> trainer.fit(model)






	
classmethod add_argparse_args(parent_parser)

	Example

>>> from geowatch.utils.lightning_ext.callbacks.telemetry import *  # NOQA
>>> from geowatch.utils.configargparse_ext import ArgumentParser
>>> cls = LightningTelemetry
>>> parent_parser = ArgumentParser(formatter_class='defaults')
>>> cls.add_argparse_args(parent_parser)
>>> parent_parser.print_help()










	
setup(trainer, pl_module, stage=None)

	Finalize initialization step.
Resolve the paths where files will be written.


	Parameters:

	
	trainer (pl.Trainer)


	pl_module (pl.LightningModule)


	stage (str | None)






	Returns:

	None










	
_after_initialization(trainer)

	




	
on_fit_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	
Todo


	[ ] Write out the uninitialized topology











	
on_fit_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_exception(trainer: Trainer, pl_module: LightningModule, *args, **kw) → None [https://docs.python.org/3/library/constants.html#None]

	




	
_dump(trainer)
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geowatch.utils.lightning_ext.callbacks.tensorboard_plotter module

Parses an existing tensorboard event file and draws the plots as pngs on disk
in the monitor/tensorboard directory.

Derived from netharn/mixins.py for dumping tensorboard plots to disk

CommandLine

# cd into training directory
WATCH_PREIMPORT=0 python -m geowatch.utils.lightning_ext.callbacks.tensorboard_plotter .

python -m geowatch.utils.lightning_ext.callbacks.tensorboard_plotter \
    /data/joncrall/dvc-repos/smart_expt_dvc/training/toothbrush/joncrall/Drop6/runs/Drop6_BAS_scratch_landcover_10GSD_split2_V4/lightning_logs/version_4/






	
class geowatch.utils.lightning_ext.callbacks.tensorboard_plotter.TensorboardPlotter

	Bases: Callback

Asynchronously dumps PNGs to disk visualize tensorboard scalars.
exit

CommandLine

xdoctest -m geowatch.utils.lightning_ext.callbacks.tensorboard_plotter TensorboardPlotter





Example

>>> # xdoctest: +REQUIRES(module:tensorboard)
>>> from geowatch.utils.lightning_ext import demo
>>> from geowatch.monkey import monkey_lightning
>>> monkey_lightning.disable_lightning_hardware_warnings()
>>> self = demo.LightningToyNet2d(num_train=55)
>>> default_root_dir = ub.Path.appdir('lightning_ext/tests/TensorboardPlotter').ensuredir()
>>> #
>>> trainer = pl.Trainer(callbacks=[TensorboardPlotter()],
>>>                      default_root_dir=default_root_dir,
>>>                      max_epochs=3, accelerator='cpu', devices=1)
>>> trainer.fit(self)
>>> train_dpath = trainer.logger.log_dir
>>> print('trainer.logger.log_dir = {!r}'.format(train_dpath))
>>> data = read_tensorboard_scalars(train_dpath)
>>> for key in data.keys():
>>>     d = data[key]
>>>     df = pd.DataFrame({key: d['ydata'], 'step': d['xdata'], 'wall': d['wall']})
>>>     print(df)






	
_on_epoch_end(trainer, logs=None, serial=False)

	




	
on_train_epoch_end(trainer, logs=None)

	




	
on_validation_epoch_end(trainer, logs=None)

	




	
on_test_epoch_end(trainer, logs=None)
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geowatch.utils.lightning_ext.callbacks.text_logger module


	
class geowatch.utils.lightning_ext.callbacks.text_logger.TextLogger(args=None)

	Bases: Callback

Writes logging information to text files.

Example

>>> #
>>> from geowatch.utils.lightning_ext.callbacks.text_logger import *  # NOQA
>>> from geowatch.utils.lightning_ext import demo
>>> from geowatch.monkey import monkey_lightning
>>> monkey_lightning.disable_lightning_hardware_warnings()
>>> self = demo.LightningToyNet2d(num_train=55)
>>> default_root_dir = ub.Path.appdir('lightning_ext/tests/TextLogger').ensuredir()
>>> #
>>> trainer = pl.Trainer(callbacks=[TextLogger()],
>>>                      default_root_dir=default_root_dir,
>>>                      max_epochs=3, accelerator='cpu', devices=1)
>>> trainer.fit(self)
>>> text_logs = ub.Path(trainer.text_logger.log_fpath).read_text()
>>> print(text_logs)






	
setup(trainer: Trainer, pl_module: LightningModule, stage: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = None) → None [https://docs.python.org/3/library/constants.html#None]

	




	
teardown(trainer: Trainer, pl_module: LightningModule, stage: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = None) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_fit_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_fit_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
state_dict()

	




	
load_state_dict(checkpoint)

	




	
on_train_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_train_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_sanity_check_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_sanity_check_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_exception(trainer: Trainer, pl_module: LightningModule, *args, **kw) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_train_epoch_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_train_epoch_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_validation_epoch_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_validation_epoch_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	








	
class geowatch.utils.lightning_ext.callbacks.text_logger._InstanceLogger(name=None, fpath=None, verbose=1)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

This wraps a Python logger and handlers and is targeted to a specific
instance of an object.

Example

>>> dpath = ub.Path.appdir('geowatch/test/logger').ensuredir()
>>> fpath = ub.Path(dpath) / 'mylog.log'
>>> self = _InstanceLogger(fpath=fpath)






	
_ensure_prog_newline()

	




	
log(msg, level='info')

	Logs a message with a specified verbosity level.


	Parameters:

	
	msg (str) – an info message to log


	level (str) – either info, debug, error, or warn













	
info(msg)

	Writes an info message to the logs


	Parameters:

	msg (str) – an info message to log










	
error(msg)

	Writes an error message to the logs


	Parameters:

	msg (str) – an error message to log










	
warn(msg)

	Writes a warning message to the logs


	Parameters:

	msg (str) – a warning message to log










	
debug(msg)

	Writes a debug message to the logs


	Parameters:

	msg (str) – a debug message to log










	
classmethod _instance_name(instance)

	




	
classmethod from_instance(instance, fpath)

	Construct a name from the instance










	
geowatch.utils.lightning_ext.callbacks.text_logger._strip_ansi(text)

	Removes all ansi directives from the string.

References

http://stackoverflow.com/questions/14693701/remove-ansi
https://stackoverflow.com/questions/13506033/filtering-out-ansi-escape-sequences

Examples

>>> line = '\t\u001b[0;35mBlabla\u001b[0m     \u001b[0;36m172.18.0.2\u001b[0m'
>>> escaped_line = _strip_ansi(line)
>>> assert escaped_line == '\tBlabla     172.18.0.2'
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geowatch.utils.lightning_ext.callbacks package


Submodules



	geowatch.utils.lightning_ext.callbacks.auto_resumer module
	AutoResumer
	AutoResumer.on_init_start()

	AutoResumer.recent_checkpoints()









	geowatch.utils.lightning_ext.callbacks.batch_plotter module
	BatchPlotter
	BatchPlotter.setup()

	BatchPlotter.add_argparse_args()

	BatchPlotter.draw_batch()

	BatchPlotter.draw_if_ready()

	BatchPlotter.on_train_batch_end()

	BatchPlotter.on_validation_batch_end()

	BatchPlotter.on_test_batch_end()









	geowatch.utils.lightning_ext.callbacks.packager module
	Packager
	Packager.add_argparse_args()

	Packager.setup()

	Packager._after_initialization()

	Packager.on_fit_start()

	Packager.on_fit_end()

	Packager.on_exception()

	Packager._make_package_fpath()

	Packager._save_package()





	_torch_package_monkeypatch()

	default_save_package()





	geowatch.utils.lightning_ext.callbacks.state_logger module
	StateLogger
	StateLogger.setup()

	StateLogger.teardown()

	StateLogger.on_fit_start()

	StateLogger.on_fit_end()

	StateLogger.on_save_checkpoint()

	StateLogger.on_sanity_check_start()

	StateLogger.on_sanity_check_end()

	StateLogger.on_exception()









	geowatch.utils.lightning_ext.callbacks.telemetry module
	LightningTelemetry
	LightningTelemetry.add_argparse_args()

	LightningTelemetry.setup()

	LightningTelemetry._after_initialization()

	LightningTelemetry.on_fit_start()

	LightningTelemetry.on_fit_end()

	LightningTelemetry.on_exception()

	LightningTelemetry._dump()









	geowatch.utils.lightning_ext.callbacks.tensorboard_plotter module
	TensorboardPlotter
	TensorboardPlotter._on_epoch_end()

	TensorboardPlotter.on_train_epoch_end()

	TensorboardPlotter.on_validation_epoch_end()

	TensorboardPlotter.on_test_epoch_end()









	geowatch.utils.lightning_ext.callbacks.text_logger module
	TextLogger
	TextLogger.setup()

	TextLogger.teardown()

	TextLogger.on_fit_start()

	TextLogger.on_fit_end()

	TextLogger.state_dict()

	TextLogger.load_state_dict()

	TextLogger.on_train_start()

	TextLogger.on_train_end()

	TextLogger.on_sanity_check_start()

	TextLogger.on_sanity_check_end()

	TextLogger.on_exception()

	TextLogger.on_train_epoch_start()

	TextLogger.on_train_epoch_end()

	TextLogger.on_validation_epoch_end()

	TextLogger.on_validation_epoch_start()





	_InstanceLogger
	_InstanceLogger._ensure_prog_newline()

	_InstanceLogger.log()

	_InstanceLogger.info()

	_InstanceLogger.error()

	_InstanceLogger.warn()

	_InstanceLogger.debug()

	_InstanceLogger._instance_name()

	_InstanceLogger.from_instance()





	_strip_ansi()











Module contents


	
class geowatch.utils.lightning_ext.callbacks.AutoResumer

	Bases: Callback

Auto-resumes from the most recent checkpoint

THIS SEEMS TO BE BROKEN WITH NEW LIGHTNING VERSIONS

Example

>>> from geowatch.utils.lightning_ext.callbacks.auto_resumer import AutoResumer
>>> from kwutil import util_path
>>> from geowatch.utils.lightning_ext.demo import LightningToyNet2d
>>> from geowatch.utils.lightning_ext.callbacks import StateLogger
>>> import pytorch_lightning as pl
>>> import ubelt as ub
>>> from geowatch.monkey import monkey_lightning
>>> monkey_lightning.disable_lightning_hardware_warnings()
>>> default_root_dir = ub.Path.appdir('lightning_ext/test/auto_resume')
>>> default_root_dir.delete()
>>> #
>>> # STEP 1:
>>> # Test starting a model without any existing checkpoints
>>> import pytest
>>> try:
>>>     AutoResumer()
>>> except NotImplementedError:
>>>     pytest.skip()
>>> trainer_orig = pl.Trainer(default_root_dir=default_root_dir, callbacks=[AutoResumer(), StateLogger()], max_epochs=2, accelerator='cpu', devices=1)
>>> model = LightningToyNet2d()
>>> trainer_orig.fit(model)
>>> assert len(list((ub.Path(trainer_orig.logger.log_dir) / 'checkpoints').glob('*'))) > 0
>>> # See contents written
>>> print(ub.urepr(list(util_path.tree(default_root_dir)), sort=0))
>>> #
>>> # CHECK 1:
>>> # Make a new trainer that should auto-resume
>>> self = AutoResumer()
>>> trainer = trainer_resume1 = pl.Trainer(default_root_dir=default_root_dir, callbacks=[self, StateLogger()], max_epochs=2, accelerator='cpu', devices=1)
>>> model = LightningToyNet2d()
>>> trainer_resume1.fit(model)
>>> print(ub.urepr(list(util_path.tree(default_root_dir)), sort=0))
>>> # max_epochs should prevent auto-resume from doing anything
>>> assert len(list((ub.Path(trainer_resume1.logger.log_dir) / 'checkpoints').glob('*'))) == 0
>>> #
>>> # CHECK 2:
>>> # Increasing max epochs will let it train for longer
>>> trainer_resume2 = pl.Trainer(default_root_dir=default_root_dir, callbacks=[AutoResumer(), StateLogger()], max_epochs=3, accelerator='cpu', devices=1)
>>> model = LightningToyNet2d()
>>> trainer_resume2.fit(model)
>>> print(ub.urepr(list(util_path.tree(ub.Path(default_root_dir))), sort=0))
>>> # max_epochs should prevent auto-resume from doing anything
>>> assert len(list((ub.Path(trainer_resume2.logger.log_dir) / 'checkpoints').glob('*'))) > 0






Todo


	[ ] Configure how to find which checkpoint to resume from







	
on_init_start(trainer: Trainer) → None [https://docs.python.org/3/library/constants.html#None]

	




	
recent_checkpoints(train_dpath)

	Return a list of existing checkpoints in some Trainer root directory










	
class geowatch.utils.lightning_ext.callbacks.BatchPlotter(num_draw=2, draw_interval='5minutes', max_items=2, overlay_on_image=False)

	Bases: Callback

These are callbacks used to monitor the training.

To be used, the trainer datamodule must have a draw_batch method that
returns an ndarray to draw a batch.

See [LightningCallbacks].


	Parameters:

	
	num_draw (int) – number of batches to draw at the start of each epoch


	draw_interval (datetime.timedelta | str | numbers.Number) – This is the amount of time to wait before drawing the next batch
item within an epoch. Can be given as a timedelta, a string
parsable by coerce_timedelta (e.g.  ‘1M’) or a numeric number of
seconds.


	max_items (int) – Maximum number of items within this batch to draw in a single
figure. Defaults to 2.


	overlay_on_image (bool) – if True overlay annotations on image data for a more compact
view. if False separate annotations / images for a less
cluttered view.









	FIXME:
	
	[ ] This breaks when using strategy=DDP and multiple gpus









Todo


	[ ] Doctest






Example

>>> #
>>> from geowatch.utils.lightning_ext.callbacks.batch_plotter import *  # NOQA
>>> from geowatch.utils.lightning_ext import demo
>>> from geowatch.monkey import monkey_lightning
>>> monkey_lightning.disable_lightning_hardware_warnings()
>>> model = demo.LightningToyNet2d(num_train=55)
>>> default_root_dir = ub.Path.appdir('lightning_ext/tests/BatchPlotter').ensuredir()
>>> #
>>> trainer = pl.Trainer(callbacks=[BatchPlotter()],
>>>                      default_root_dir=default_root_dir,
>>>                      max_epochs=3, accelerator='cpu', devices=1)
>>> trainer.fit(model)
>>> import pathlib
>>> train_dpath = pathlib.Path(trainer.log_dir)
>>> list((train_dpath / 'monitor').glob('*'))
>>> print('trainer.logger.log_dir = {!r}'.format(train_dpath))





References



[LightningCallbacks]
https://pytorch-lightning.readthedocs.io/en/latest/extensions/callbacks.html






	
setup(trainer, pl_module, stage)

	




	
classmethod add_argparse_args(parent_parser)

	Example

>>> from geowatch.utils.lightning_ext.callbacks.batch_plotter import *  # NOQA
>>> from geowatch.utils.configargparse_ext import ArgumentParser
>>> cls = BatchPlotter
>>> parent_parser = ArgumentParser(formatter_class='defaults')
>>> cls.add_argparse_args(parent_parser)
>>> parent_parser.print_help()
>>> parent_parser.parse_known_args()










	
draw_batch(trainer, outputs, batch, batch_idx)

	




	
draw_if_ready(trainer, pl_module, outputs, batch, batch_idx)

	




	
on_train_batch_end(trainer, pl_module, outputs, batch, batch_idx)

	




	
on_validation_batch_end(trainer, pl_module, outputs, batch, batch_idx, dataloader_idx=0)

	




	
on_test_batch_end(trainer, pl_module, outputs, batch, batch_idx, dataloader_idx=0)

	








	
class geowatch.utils.lightning_ext.callbacks.Packager(package_fpath='auto')

	Bases: Callback

Packages the best checkpoint at the end of training and at various other
key phases of the training loop.

The lightning module must have a “save_package” method that can be called
with a filepath.


Todo


	[ ] Package the “best” checkpoints according to the monitor


	
	[ ] Package arbitrary checkpoints:
	
	[ ] Package model topology without any weights


	
	[ ] Copy checkpoint weights into a package to get a package with
	that “weight state”.















	
	[ ] Initializer should be able to point at a package and use
	torch-liberator partial load to transfer the weights.







	[ ] Replace print statements with logging statements


	[ ] Create a trainer-level logger instance (similar to netharn)


	
	[ ] what is the right way to handle running eval after fit?
	There may be multiple candidate models that need to be tested, so
we can’t just specify one package, one prediction dumping ground,
and one evaluation dataset, maybe we specify the paths where the
“best” ones are written?.












	Parameters:

	package_fpath (PathLike) – Specifies a path where a torch packaged model will be written (or
symlinked) to.





References

https://discuss.pytorch.org/t/packaging-pytorch-topology-first-and-checkpoints-later/129478/2

Example

>>> from geowatch.utils.lightning_ext.callbacks.packager import *  # NOQA
>>> from geowatch.utils.lightning_ext.demo import LightningToyNet2d
>>> from geowatch.utils.lightning_ext.callbacks import StateLogger
>>> import ubelt as ub
>>> from geowatch.utils.lightning_ext.monkeypatches import disable_lightning_hardware_warnings
>>> disable_lightning_hardware_warnings()
>>> default_root_dir = ub.Path.appdir('lightning_ext/test/packager')
>>> default_root_dir.delete().ensuredir()
>>> # Test starting a model without any existing checkpoints
>>> trainer = pl.Trainer(default_root_dir=default_root_dir, callbacks=[
>>>     Packager(default_root_dir / 'final_package.pt'),
>>>     StateLogger()
>>> ], max_epochs=2, accelerator='cpu', devices=1)
>>> model = LightningToyNet2d()
>>> trainer.fit(model)






	
classmethod add_argparse_args(parent_parser)

	Example

>>> from geowatch.utils.lightning_ext.callbacks.packager import *  # NOQA
>>> from geowatch.utils.configargparse_ext import ArgumentParser
>>> cls = Packager
>>> parent_parser = ArgumentParser(formatter_class='defaults')
>>> cls.add_argparse_args(parent_parser)
>>> parent_parser.print_help()
>>> assert parent_parser.parse_known_args(None)[0].package_fpath == 'auto'










	
setup(trainer, pl_module, stage=None)

	Finalize initialization step.
Resolve the paths where files will be written.


	Parameters:

	
	trainer (pl.Trainer)


	pl_module (pl.LightningModule)


	stage (str | None)






	Returns:

	None










	
_after_initialization(trainer)

	




	
on_fit_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	
Todo


	[ ] Write out the uninitialized topology











	
on_fit_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	Create the final package (or a list of candidate packages) for
evaluation and deployment.


Todo


	[ ] how do we properly package all of the candidate checkpoints?


	[ ] Symlink to “BEST” package at the end.


	[ ] write some script such that any checkpoint can be packaged.











	
on_exception(trainer: Trainer, pl_module: LightningModule, *args, **kw) → None [https://docs.python.org/3/library/constants.html#None]

	Saving a package on keyboard interrupt is useful for manual early
stopping.


Todo


	[X] Package current model state


	[ ] Package “best” model state











	
_make_package_fpath(trainer, dname='packages')

	




	
_save_package(model, package_fpath)

	








	
class geowatch.utils.lightning_ext.callbacks.StateLogger

	Bases: Callback

Prints out what callbacks are being called

DEPRECATE: Use text_logger


	
setup(trainer: Trainer, pl_module: LightningModule, stage: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = None) → None [https://docs.python.org/3/library/constants.html#None]

	




	
teardown(trainer: Trainer, pl_module: LightningModule, stage: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = None) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_fit_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_fit_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_save_checkpoint(trainer: Trainer, pl_module: LightningModule, checkpoint: Dict [https://docs.python.org/3/library/typing.html#typing.Dict][str [https://docs.python.org/3/library/stdtypes.html#str], Any [https://docs.python.org/3/library/typing.html#typing.Any]]) → dict [https://docs.python.org/3/library/stdtypes.html#dict]

	




	
on_sanity_check_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_sanity_check_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_exception(trainer: Trainer, pl_module: LightningModule, *args, **kw) → None [https://docs.python.org/3/library/constants.html#None]

	








	
class geowatch.utils.lightning_ext.callbacks.TensorboardPlotter

	Bases: Callback

Asynchronously dumps PNGs to disk visualize tensorboard scalars.
exit

CommandLine

xdoctest -m geowatch.utils.lightning_ext.callbacks.tensorboard_plotter TensorboardPlotter





Example

>>> # xdoctest: +REQUIRES(module:tensorboard)
>>> from geowatch.utils.lightning_ext import demo
>>> from geowatch.monkey import monkey_lightning
>>> monkey_lightning.disable_lightning_hardware_warnings()
>>> self = demo.LightningToyNet2d(num_train=55)
>>> default_root_dir = ub.Path.appdir('lightning_ext/tests/TensorboardPlotter').ensuredir()
>>> #
>>> trainer = pl.Trainer(callbacks=[TensorboardPlotter()],
>>>                      default_root_dir=default_root_dir,
>>>                      max_epochs=3, accelerator='cpu', devices=1)
>>> trainer.fit(self)
>>> train_dpath = trainer.logger.log_dir
>>> print('trainer.logger.log_dir = {!r}'.format(train_dpath))
>>> data = read_tensorboard_scalars(train_dpath)
>>> for key in data.keys():
>>>     d = data[key]
>>>     df = pd.DataFrame({key: d['ydata'], 'step': d['xdata'], 'wall': d['wall']})
>>>     print(df)






	
_on_epoch_end(trainer, logs=None, serial=False)

	




	
on_train_epoch_end(trainer, logs=None)

	




	
on_validation_epoch_end(trainer, logs=None)

	




	
on_test_epoch_end(trainer, logs=None)

	








	
class geowatch.utils.lightning_ext.callbacks.TextLogger(args=None)

	Bases: Callback

Writes logging information to text files.

Example

>>> #
>>> from geowatch.utils.lightning_ext.callbacks.text_logger import *  # NOQA
>>> from geowatch.utils.lightning_ext import demo
>>> from geowatch.monkey import monkey_lightning
>>> monkey_lightning.disable_lightning_hardware_warnings()
>>> self = demo.LightningToyNet2d(num_train=55)
>>> default_root_dir = ub.Path.appdir('lightning_ext/tests/TextLogger').ensuredir()
>>> #
>>> trainer = pl.Trainer(callbacks=[TextLogger()],
>>>                      default_root_dir=default_root_dir,
>>>                      max_epochs=3, accelerator='cpu', devices=1)
>>> trainer.fit(self)
>>> text_logs = ub.Path(trainer.text_logger.log_fpath).read_text()
>>> print(text_logs)






	
setup(trainer: Trainer, pl_module: LightningModule, stage: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = None) → None [https://docs.python.org/3/library/constants.html#None]

	




	
teardown(trainer: Trainer, pl_module: LightningModule, stage: str [https://docs.python.org/3/library/stdtypes.html#str] | None [https://docs.python.org/3/library/constants.html#None] = None) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_fit_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_fit_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
state_dict()

	




	
load_state_dict(checkpoint)

	




	
on_train_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_train_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_sanity_check_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_sanity_check_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_exception(trainer: Trainer, pl_module: LightningModule, *args, **kw) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_train_epoch_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_train_epoch_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_validation_epoch_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_validation_epoch_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	








	
geowatch.utils.lightning_ext.callbacks.default_save_package(model, package_path, verbose=1)

	




	
class geowatch.utils.lightning_ext.callbacks.LightningTelemetry

	Bases: Callback

The idea is that we wrap a fit job with ProcessContext

Example

>>> from geowatch.utils.lightning_ext.callbacks.telemetry import *  # NOQA
>>> from geowatch.utils.lightning_ext.demo import LightningToyNet2d
>>> from geowatch.utils.lightning_ext.callbacks import StateLogger
>>> import ubelt as ub
>>> from geowatch.utils.lightning_ext.monkeypatches import disable_lightning_hardware_warnings
>>> disable_lightning_hardware_warnings()
>>> default_root_dir = ub.Path.appdir('lightning_ext/test/telemetry')
>>> default_root_dir.delete().ensuredir()
>>> self = LightningTelemetry()
>>> # Test starting a model without any existing checkpoints
>>> trainer = pl.Trainer(default_root_dir=default_root_dir, callbacks=[
>>>     self,
>>>     StateLogger()
>>> ], max_epochs=2, accelerator='cpu', devices=1)
>>> model = LightningToyNet2d()
>>> trainer.fit(model)






	
classmethod add_argparse_args(parent_parser)

	Example

>>> from geowatch.utils.lightning_ext.callbacks.telemetry import *  # NOQA
>>> from geowatch.utils.configargparse_ext import ArgumentParser
>>> cls = LightningTelemetry
>>> parent_parser = ArgumentParser(formatter_class='defaults')
>>> cls.add_argparse_args(parent_parser)
>>> parent_parser.print_help()










	
setup(trainer, pl_module, stage=None)

	Finalize initialization step.
Resolve the paths where files will be written.


	Parameters:

	
	trainer (pl.Trainer)


	pl_module (pl.LightningModule)


	stage (str | None)






	Returns:

	None










	
_after_initialization(trainer)

	




	
on_fit_start(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	
Todo


	[ ] Write out the uninitialized topology











	
on_fit_end(trainer: Trainer, pl_module: LightningModule) → None [https://docs.python.org/3/library/constants.html#None]

	




	
on_exception(trainer: Trainer, pl_module: LightningModule, *args, **kw) → None [https://docs.python.org/3/library/constants.html#None]

	




	
_dump(trainer)
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geowatch.utils.lightning_ext.demo module


	
class geowatch.utils.lightning_ext.demo.LightningToyNet2d(num_train=100, num_val=10, batch_size=4)

	Bases: LightningModule

Toydata lightning module


	
forward(x)

	




	
get_cfgstr()

	




	
forward_step(batch, batch_idx)

	




	
validation_step(batch, batch_idx)

	




	
training_step(batch, batch_idx)

	




	
train_dataloader()

	




	
val_dataloader()

	




	
configure_optimizers()

	








	
geowatch.utils.lightning_ext.demo.demo_trainer()

	Notes wrt to the trainer:

~/.pyenv/versions/3.8.6/envs/pyenv3.8.6/lib/python3.8/site-packages/pytorch_lightning/__init__.py

~/.pyenv/versions/3.8.6/envs/pyenv3.8.6/lib/python3.8/site-packages/pytorch_lightning/trainer/trainer.py

~/.pyenv/versions/3.8.6/envs/pyenv3.8.6/lib/python3.8/site-packages/pytorch_lightning/trainer/connectors/logger_connector/logger_connector.py

~/.pyenv/versions/3.8.6/envs/pyenv3.8.6/lib/python3.8/site-packages/pytorch_lightning/callbacks/model_checkpoint.py

~/.pyenv/versions/3.8.6/envs/pyenv3.8.6/lib/python3.8/site-packages/pytorch_lightning/trainer/connectors/checkpoint_connector.py

Example

>>> # xdoctest: +SKIP
>>> from geowatch.utils.lightning_ext.demo import *  # NOQA
>>> trainer = demo_trainer()
>>> print('trainer.log_dir = {!r}'.format(trainer.log_dir))
>>> trainer.fit(trainer.model)
>>> print('trainer.log_dir = {!r}'.format(trainer.log_dir))
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geowatch.utils.lightning_ext.lightning_cli_ext module

This module is an exension of jsonargparse and lightning CLI that will respect
scriptconfig style arguments

References

https://github.com/Lightning-AI/lightning/issues/15038


	
class geowatch.utils.lightning_ext.lightning_cli_ext.LightningArgumentParser_Extension(*args: Any [https://docs.python.org/3/library/typing.html#typing.Any], description: str [https://docs.python.org/3/library/stdtypes.html#str] = 'Lightning Trainer command line tool', env_prefix: str [https://docs.python.org/3/library/stdtypes.html#str] = 'PL', default_env: bool [https://docs.python.org/3/library/functions.html#bool] = False, **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any])

	Bases: ArgumentParserPatches, LightningArgumentParser

CommandLine

xdoctest -m geowatch.utils.lightning_ext.lightning_cli_ext LightningArgumentParser_Extension





Example

>>> from geowatch.utils.lightning_ext.lightning_cli_ext import *  # NOQA
>>> LightningArgumentParser_Extension()






	Refactor references:
	~/.pyenv/versions/3.10.5/envs/pyenv3.10.5/lib/python3.10/site-packages/pytorch_lightning/cli.py
~/.pyenv/versions/3.10.5/envs/pyenv3.10.5/lib/python3.10/site-packages/jsonargparse/core.py
~/.pyenv/versions/3.10.5/envs/pyenv3.10.5/lib/python3.10/site-packages/jsonargparse/signatures.py





Initialize argument parser that supports configuration file input.

For full details of accepted arguments see ArgumentParser.__init__ [https://jsonargparse.readthedocs.io/en/stable/#jsonargparse.ArgumentParser.__init__].


	Parameters:

	
	description – Description of the tool shown when running --help.


	env_prefix – Prefix for environment variables. Set default_env=True to enable env parsing.


	default_env – Whether to parse environment variables.













	
class geowatch.utils.lightning_ext.lightning_cli_ext.LightningCLI_Extension(model_class: ~typing.Type[~pytorch_lightning.core.module.LightningModule] | ~typing.Callable[[...], ~pytorch_lightning.core.module.LightningModule] | None = None, datamodule_class: ~typing.Type[~pytorch_lightning.core.datamodule.LightningDataModule] | ~typing.Callable[[...], ~pytorch_lightning.core.datamodule.LightningDataModule] | None = None, save_config_callback: ~typing.Type[~pytorch_lightning.cli.SaveConfigCallback] | None = <class 'pytorch_lightning.cli.SaveConfigCallback'>, save_config_kwargs: ~typing.Dict[str, ~typing.Any] | None = None, trainer_class: ~typing.Type[~pytorch_lightning.trainer.trainer.Trainer] | ~typing.Callable[[...], ~pytorch_lightning.trainer.trainer.Trainer] = <class 'pytorch_lightning.trainer.trainer.Trainer'>, trainer_defaults: ~typing.Dict[str, ~typing.Any] | None = None, seed_everything_default: bool | int = True, parser_kwargs: ~typing.Dict[str, ~typing.Any] | ~typing.Dict[str, ~typing.Dict[str, ~typing.Any]] | None = None, subclass_mode_model: bool = False, subclass_mode_data: bool = False, args: ~typing.List[str] | ~typing.Dict[str, ~typing.Any] | ~jsonargparse.namespace.Namespace | None = None, run: bool = True, auto_configure_optimizers: bool = True)

	Bases: LightningCLI

Our customized LightningCLI extension.

Receives as input pytorch-lightning classes (or callables which return pytorch-lightning classes), which are
called / instantiated using a parsed configuration file and / or command line args.

Parsing of configuration from environment variables can be enabled by setting parser_kwargs={"default_env":
True}. A full configuration yaml would be parsed from PL_CONFIG if set. Individual settings are so parsed
from variables named for example PL_TRAINER__MAX_EPOCHS.

For more info, read the CLI docs.


	Parameters:

	
	model_class – An optional LightningModule class to train on or a
callable which returns a LightningModule instance when
called. If None, you can pass a registered model with --model=MyModel.


	datamodule_class – An optional LightningDataModule class or a
callable which returns a LightningDataModule instance when
called. If None, you can pass a registered datamodule with --data=MyDataModule.


	save_config_callback – A callback class to save the config.


	save_config_kwargs – Parameters that will be used to instantiate the save_config_callback.


	trainer_class – An optional subclass of the Trainer class or a
callable which returns a Trainer instance when called.


	trainer_defaults – Set to override Trainer defaults or add persistent callbacks. The callbacks added through
this argument will not be configurable from a configuration file and will always be present for
this particular CLI. Alternatively, configurable callbacks can be added as explained in
the CLI docs.


	seed_everything_default – Number for the seed_everything()
seed value. Set to True to automatically choose a seed value.
Setting it to False will avoid calling seed_everything.


	parser_kwargs – Additional arguments to instantiate each LightningArgumentParser.


	subclass_mode_model – Whether model can be any subclass [https://jsonargparse.readthedocs.io/en/stable/#class-type-and-sub-classes]
of the given class.


	subclass_mode_data – Whether datamodule can be any subclass [https://jsonargparse.readthedocs.io/en/stable/#class-type-and-sub-classes]
of the given class.


	args – Arguments to parse. If None the arguments are taken from sys.argv. Command line style
arguments can be given in a list. Alternatively, structured config options can be given in a
dict or jsonargparse.Namespace.


	run – Whether subcommands should be added to run a Trainer
method. If set to False, the trainer and model classes will be instantiated only.









	
init_parser(**kwargs)

	




	
parse_arguments(parser: LightningArgumentParser, args) → None [https://docs.python.org/3/library/constants.html#None]

	Parses command line arguments and stores it in self.config.
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geowatch.utils.lightning_ext.monkeypatches module

TODO: remove this file and use the monkey module directly




            

          

      

      

    

  

  
    
    

    geowatch.utils.lightning_ext.old_parser_devices module
    

    
 
  

    
      
          
            
  
geowatch.utils.lightning_ext.old_parser_devices module

Lightning deprecated its device parser. We should eventually move to their
strategy method, but for now we are copying their implementation.


	Augogen:
	from pytorch_lightning.utilities import device_parser
from lightning_lite.utilities.device_parser import _parse_gpu_ids
lib = liberator.Liberator()
lib.add_dynamic(_parse_gpu_ids)
# lib.expand([‘lightning_lite’])
print(lib.current_sourcecode())

# Broken because liberator fails “as” checks
# from lightning_lite.utilities.device_parser import _parse_gpu_ids
# from pytorch_lightning.utilities import device_parser
# lib = liberator.Liberator()
# lib.add_dynamic(device_parser.parse_gpu_ids)
# lib.expand([‘lightning_lite.utilities.device_parser’])
# print(lib.current_sourcecode())






	
geowatch.utils.lightning_ext.old_parser_devices.parse_gpu_ids(*args: Any [https://docs.python.org/3/library/typing.html#typing.Any], **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any]) → Any [https://docs.python.org/3/library/typing.html#typing.Any]

	




	
geowatch.utils.lightning_ext.old_parser_devices._sanitize_gpu_ids(gpus: List [https://docs.python.org/3/library/typing.html#typing.List][int [https://docs.python.org/3/library/functions.html#int]], include_cuda: bool [https://docs.python.org/3/library/functions.html#bool] = False, include_mps: bool [https://docs.python.org/3/library/functions.html#bool] = False) → List [https://docs.python.org/3/library/typing.html#typing.List][int [https://docs.python.org/3/library/functions.html#int]]

	Checks that each of the GPUs in the list is actually available. Raises a MisconfigurationException if any of
the GPUs is not available.


	Parameters:

	gpus – List of ints corresponding to GPU indices



	Returns:

	Unmodified gpus variable



	Raises:

	MisconfigurationException – If machine has fewer available GPUs than requested.










	
geowatch.utils.lightning_ext.old_parser_devices._normalize_parse_gpu_string_input(s: int [https://docs.python.org/3/library/functions.html#int] | str [https://docs.python.org/3/library/stdtypes.html#str] | List [https://docs.python.org/3/library/typing.html#typing.List][int [https://docs.python.org/3/library/functions.html#int]]) → int [https://docs.python.org/3/library/functions.html#int] | List [https://docs.python.org/3/library/typing.html#typing.List][int [https://docs.python.org/3/library/functions.html#int]]

	




	
geowatch.utils.lightning_ext.old_parser_devices._normalize_parse_gpu_input_to_list(gpus: int [https://docs.python.org/3/library/functions.html#int] | List [https://docs.python.org/3/library/typing.html#typing.List][int [https://docs.python.org/3/library/functions.html#int]] | Tuple [https://docs.python.org/3/library/typing.html#typing.Tuple][int [https://docs.python.org/3/library/functions.html#int], ...], include_cuda: bool [https://docs.python.org/3/library/functions.html#bool], include_mps: bool [https://docs.python.org/3/library/functions.html#bool]) → List [https://docs.python.org/3/library/typing.html#typing.List][int [https://docs.python.org/3/library/functions.html#int]] | None [https://docs.python.org/3/library/constants.html#None]

	




	
geowatch.utils.lightning_ext.old_parser_devices._get_all_available_gpus(include_cuda: bool [https://docs.python.org/3/library/functions.html#bool] = False, include_mps: bool [https://docs.python.org/3/library/functions.html#bool] = False) → List [https://docs.python.org/3/library/typing.html#typing.List][int [https://docs.python.org/3/library/functions.html#int]]

	
	Returns:

	A list of all available GPUs










	
geowatch.utils.lightning_ext.old_parser_devices._check_unique(device_ids: List [https://docs.python.org/3/library/typing.html#typing.List][int [https://docs.python.org/3/library/functions.html#int]]) → None [https://docs.python.org/3/library/constants.html#None]

	Checks that the device_ids are unique.


	Parameters:

	device_ids – List of ints corresponding to GPUs indices



	Raises:

	MisconfigurationException – If device_ids of GPUs aren’t unique










	
geowatch.utils.lightning_ext.old_parser_devices._check_data_type(device_ids: Any [https://docs.python.org/3/library/typing.html#typing.Any]) → None [https://docs.python.org/3/library/constants.html#None]

	Checks that the device_ids argument is one of the following: None, int, string, or sequence of integers.


	Parameters:

	device_ids – gpus/tpu_cores parameter as passed to the Trainer



	Raises:

	MisconfigurationException – If device_ids of GPU/TPUs aren’t int, str, sequence of int or None










	
geowatch.utils.lightning_ext.old_parser_devices._parse_gpu_ids(gpus: int [https://docs.python.org/3/library/functions.html#int] | str [https://docs.python.org/3/library/stdtypes.html#str] | List [https://docs.python.org/3/library/typing.html#typing.List][int [https://docs.python.org/3/library/functions.html#int]] | None [https://docs.python.org/3/library/constants.html#None], include_cuda: bool [https://docs.python.org/3/library/functions.html#bool] = True, include_mps: bool [https://docs.python.org/3/library/functions.html#bool] = False) → List [https://docs.python.org/3/library/typing.html#typing.List][int [https://docs.python.org/3/library/functions.html#int]] | None [https://docs.python.org/3/library/constants.html#None]

	Parses the GPU IDs given in the format as accepted by the
Trainer.


	Parameters:

	
	gpus – An int -1 or string ‘-1’ indicate that all available GPUs should be used.
A list of unique ints or a string containing a list of comma separated unique integers
indicates specific GPUs to use.
An int of 0 means that no GPUs should be used.
Any int N > 0 indicates that GPUs [0..N) should be used.


	include_cuda – A boolean value indicating whether to include CUDA devices for GPU parsing.


	include_mps – A boolean value indicating whether to include MPS devices for GPU parsing.






	Returns:

	A list of GPUs to be used or None if no GPUs were requested



	Raises:

	MisconfigurationException – If no GPUs are available but the value of gpus variable indicates request for GPUs






Note

include_cuda and include_mps default to False so that you only
have to specify which device type to use and all other devices are not disabled.
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geowatch.utils.lightning_ext.util_device module


	
geowatch.utils.lightning_ext.util_device.coerce_devices(gpus)

	Coerce a command line argument for GPUs into a valid set of torch devices

This is a wrapper around lightning
pytorch_lightning.utilities.parse_gpu_ids() (which was deprecated in
lighting 1.8 so we have to vendor it)

It extends the cases
that it can handle and is specific to torch devices. As of lightning 1.6
their own device parsing is pretty good, so this may not be necessary.

If gpus is a list of integers, then those devices are used.

If gpus is None or “cpu”, then the CPU is used.

If gpus is “cuda”, that is equivalent to gpus=[0].


	If gpus is a string without commas, then the string should be of a number
	indicating how many gpus should be used.



	If gpus is a string with commas separating integers, then that
	indicates the device indexes that should be used.






	Parameters:

	gpus (List[int] | str | int | None) – adds ability to parse “cpu”, “auto”, “auto:N”.



	Returns:

	List[torch.device]





Example

>>> from geowatch.utils.lightning_ext import util_device
>>> print(util_device.coerce_devices('cpu'))
>>> print(util_device.coerce_devices(None))
>>> # xdoctest: +SKIP
>>> # breaks without a cuda machine
>>> #print(util_device.coerce_devices("0"))
>>> print(util_device.coerce_devices("1"))
>>> print(util_device.coerce_devices("0"))
>>> print(util_device.coerce_devices("0,"))
>>> print(util_device.coerce_devices(1))
>>> print(util_device.coerce_devices([0, 1]))
>>> print(util_device.coerce_devices("0, 1"))
>>> print(util_device.coerce_devices("auto"))
>>> if torch.cuda.device_count() > 0:
>>>     print(util_device.coerce_devices("auto:1"))
>>> if torch.cuda.device_count() > 1:
>>>     print(util_device.coerce_devices("auto:2"))
>>> if torch.cuda.device_count() > 2:
>>>     print(util_device.coerce_devices("auto:3"))










	
geowatch.utils.lightning_ext.util_device._test_lightning_is_sane()

	




	
geowatch.utils.lightning_ext.util_device._test_coerce_is_sane()
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geowatch.utils.lightning_ext.util_globals module

moved to geowatch.utils.util_globals
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geowatch.utils.lightning_ext.util_model module


	
geowatch.utils.lightning_ext.util_model.model_hparams(model)
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geowatch.utils.lightning_ext package


Subpackages



	geowatch.utils.lightning_ext.callbacks package
	Submodules
	geowatch.utils.lightning_ext.callbacks.auto_resumer module
	AutoResumer





	geowatch.utils.lightning_ext.callbacks.batch_plotter module
	BatchPlotter





	geowatch.utils.lightning_ext.callbacks.packager module
	Packager

	_torch_package_monkeypatch()

	default_save_package()





	geowatch.utils.lightning_ext.callbacks.state_logger module
	StateLogger





	geowatch.utils.lightning_ext.callbacks.telemetry module
	LightningTelemetry





	geowatch.utils.lightning_ext.callbacks.tensorboard_plotter module
	TensorboardPlotter





	geowatch.utils.lightning_ext.callbacks.text_logger module
	TextLogger

	_InstanceLogger

	_strip_ansi()









	Module contents
	AutoResumer
	AutoResumer.on_init_start()

	AutoResumer.recent_checkpoints()





	BatchPlotter
	BatchPlotter.setup()

	BatchPlotter.add_argparse_args()

	BatchPlotter.draw_batch()

	BatchPlotter.draw_if_ready()

	BatchPlotter.on_train_batch_end()

	BatchPlotter.on_validation_batch_end()

	BatchPlotter.on_test_batch_end()





	Packager
	Packager.add_argparse_args()

	Packager.setup()

	Packager._after_initialization()

	Packager.on_fit_start()

	Packager.on_fit_end()

	Packager.on_exception()

	Packager._make_package_fpath()

	Packager._save_package()





	StateLogger
	StateLogger.setup()

	StateLogger.teardown()

	StateLogger.on_fit_start()

	StateLogger.on_fit_end()

	StateLogger.on_save_checkpoint()

	StateLogger.on_sanity_check_start()

	StateLogger.on_sanity_check_end()

	StateLogger.on_exception()





	TensorboardPlotter
	TensorboardPlotter._on_epoch_end()

	TensorboardPlotter.on_train_epoch_end()

	TensorboardPlotter.on_validation_epoch_end()

	TensorboardPlotter.on_test_epoch_end()





	TextLogger
	TextLogger.setup()

	TextLogger.teardown()

	TextLogger.on_fit_start()

	TextLogger.on_fit_end()

	TextLogger.state_dict()

	TextLogger.load_state_dict()

	TextLogger.on_train_start()

	TextLogger.on_train_end()

	TextLogger.on_sanity_check_start()

	TextLogger.on_sanity_check_end()

	TextLogger.on_exception()

	TextLogger.on_train_epoch_start()

	TextLogger.on_train_epoch_end()

	TextLogger.on_validation_epoch_end()

	TextLogger.on_validation_epoch_start()





	default_save_package()

	LightningTelemetry
	LightningTelemetry.add_argparse_args()

	LightningTelemetry.setup()

	LightningTelemetry._after_initialization()

	LightningTelemetry.on_fit_start()

	LightningTelemetry.on_fit_end()

	LightningTelemetry.on_exception()

	LightningTelemetry._dump()



















Submodules



	geowatch.utils.lightning_ext._jsonargparse_ext_ge_4_21_and_lt_4_22 module

	geowatch.utils.lightning_ext._jsonargparse_ext_ge_4_22_and_lt_4_24 module

	geowatch.utils.lightning_ext._jsonargparse_ext_ge_4_24_and_lt_4_xx module

	geowatch.utils.lightning_ext._jsonargparse_ext_ge_4_xx_and_lt_4_21 module
	extract_scriptconfig_params()

	extract_scriptconfig_param_args()

	ArgumentParserPatches
	ArgumentParserPatches.add_subclass_arguments()

	ArgumentParserPatches._add_signature_arguments()

	ArgumentParserPatches._add_signature_parameter()

	ArgumentParserPatches._apply_actions()





	_find_action_and_subcommand()

	_action_aliases()





	geowatch.utils.lightning_ext.argparse_ext module
	get_init_arguments_and_types()

	str_to_bool_or_str()

	str_to_bool_or_int()

	str_to_bool()

	_gpus_allowed_type()

	_int_or_float_type()

	parse_docstring_args()

	add_arginfos_to_parser()

	add_argparse_args()





	geowatch.utils.lightning_ext.demo module
	LightningToyNet2d
	LightningToyNet2d.forward()

	LightningToyNet2d.get_cfgstr()

	LightningToyNet2d.forward_step()

	LightningToyNet2d.validation_step()

	LightningToyNet2d.training_step()

	LightningToyNet2d.train_dataloader()

	LightningToyNet2d.val_dataloader()

	LightningToyNet2d.configure_optimizers()





	demo_trainer()





	geowatch.utils.lightning_ext.lightning_cli_ext module
	LightningArgumentParser_Extension

	LightningCLI_Extension
	LightningCLI_Extension.init_parser()

	LightningCLI_Extension.parse_arguments()









	geowatch.utils.lightning_ext.monkeypatches module

	geowatch.utils.lightning_ext.old_parser_devices module
	parse_gpu_ids()

	_sanitize_gpu_ids()

	_normalize_parse_gpu_string_input()

	_normalize_parse_gpu_input_to_list()

	_get_all_available_gpus()

	_check_unique()

	_check_data_type()

	_parse_gpu_ids()





	geowatch.utils.lightning_ext.util_device module
	coerce_devices()

	_test_lightning_is_sane()

	_test_coerce_is_sane()





	geowatch.utils.lightning_ext.util_globals module

	geowatch.utils.lightning_ext.util_model module
	model_hparams()











Module contents

mkinit geowatch.utils.lightning_ext –noattr -w
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geowatch.utils.process_context module

Defines the ProcessContext object, which is what mlops expects jobs to
be wrapped in.


Todo


	[ ] Make “most” telemetry opt-in







	
class geowatch.utils.process_context.ProcessContext(name=None, type='process', args=None, config=None, extra=None, track_emissions=False, request_all_telemetry=True, request_most_telemetry=True)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Context manager to track the context under which a result was computed.

This tracks things like start / end time. The command line that can
reproduce the process (assuming an appropriate environment. The
configuration the process was run with. The machine details the process was
run on. The power usage / carbon emissions the process used, and other
information.


	Parameters:

	
	args (str | List[str]) – This should be the sys.argv or the command line string that can be
used to rerun the process


	config (Dict) – This should be a configuration dictionary (likely based on
sys.argv)


	name (str) – the name of this process


	type (str) – The type of this process
(usually keep the default of process)


	request_all_telemetry (bool) – if False, telemetry is disabled. This is forced to False if
PROCESS_CONTEXT_DISABLE_MOST_TELEMETRY is in the environment.


	request_most_telemetry (bool) – if False, telemetry is disabled. This is forced to False if
PROCESS_CONTEXT_DISABLE_ALL_TELEMETRY is in the environment.









Note

This module provides telemetry, which records user-identifiable
information. While useful, it does raise ethical concerns about user
privacy, and the people running this code have a right to know about it
and opt out. In the future we will change our policy to opt-in, but for
system stability, we are not changing defaults.




Note

There are two levels of telemetry.

Enviornment telemetry. These are things like the machine the code was
run on. Use PROCESS_CONTEXT_DISABLE_MOST_TELEMETRY=0 to opt-out.

The start / stop / sys.argv / config objects are necessary for mlops to
do anything. But these can leak information by containing system paths.
Emissions is also in this category. Use
PROCESS_CONTEXT_DISABLE_ALL_TELEMETRY to opt out.



CommandLine

xdoctest -m geowatch.utils.process_context ProcessContext





Example

>>> from geowatch.utils.process_context import *
>>> import torch
>>> import rich
>>> device = torch.device(0) if torch.cuda.is_available() else torch.device('cpu')
>>> # Adding things like disk info an tracking emission usage
>>> self = ProcessContext(track_emissions='offline')
>>> obj1 = self.start().stop()
>>> self.add_disk_info('.')
>>> self.add_device_info(device)
>>> #
>>> # Telemetry can be mostly disabled
>>> self = ProcessContext(track_emissions='offline', request_most_telemetry=False)
>>> obj2 = self.start().stop()
>>> self.add_disk_info('.')
>>> self.add_device_info(device)
>>> # Telemetry can be completely disabled
>>> self = ProcessContext(track_emissions='offline', request_all_telemetry=False)
>>> obj3 = self.start().stop()
>>> self.add_disk_info('.')
>>> self.add_device_info(device)
>>> rich.print('full_telemetry = {}'.format(ub.urepr(obj1, nl=3)))
>>> rich.print('some_telemetry = {}'.format(ub.urepr(obj2, nl=3)))
>>> rich.print('no_telemetry = {}'.format(ub.urepr(obj3, nl=3)))





Example

>>> from geowatch.utils.process_context import *
>>> # flush can measure intermediate progress
>>> self = ProcessContext(track_emissions='offline')
>>> self.add_disk_info('.')
>>> obj1 = self.start().flush()
>>> obj1_orig = obj1.copy()
>>> obj2 = self.stop()






	
write_invocation(invocation_fpath)

	Write a helper file that contains a locally reproducable invocation of
this process.






	
_timestamp()

	




	
_hostinfo()

	




	
_osinfo()

	




	
_pyinfo()

	




	
_meminfo()

	




	
_cpuinfo()

	




	
_machine()

	




	
start()

	




	
flush()

	




	
stop()

	




	
_start_emissions_tracker()

	




	
_flush_emissions_tracker()

	




	
_stop_emissions_tracker()

	




	
add_device_info(device)

	Add information about a torch device that was used in this process.

Does nothing if telemetry is disabled.


	Parameters:

	device (torch.device) – torch device to add info about










	
add_disk_info(path)

	Add information about a storage disk that was used in this process

Does nothing if telemetry is disabled.










	
geowatch.utils.process_context.jsonify_config(config)

	Converts an object to a jsonifiable config as best as possible






	
class geowatch.utils.process_context.Reconstruction

	Bases: object [https://docs.python.org/3/library/functions.html#object]






	
geowatch.utils.process_context.main()

	Simple CLI to get hardware measurements that process context would provide.
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geowatch.utils.result_analysis module

This utility provides a method to define a table of hyperparameter key/values
and associated metric key/values. Given this table, and information about if
metrics are better when they are higher / lower, the ResultAnalysis class uses
several statistical methods to estimate parameter importance.

Example

>>> # Given a list of experiments, configs, and results
>>> from geowatch.utils.result_analysis import ResultAnalysis
>>> # Given a table of experiments with parameters, and metrics
>>> table = [
>>>     Result('expt0', {'param1': 2, 'param2': 'b'}, {'f1': 0.75, 'loss': 0.5}),
>>>     Result('expt1', {'param1': 0, 'param2': 'c'}, {'f1': 0.92, 'loss': 0.4}),
>>>     Result('expt2', {'param1': 1, 'param2': 'b'}, {'f1': 0.77, 'loss': 0.3}),
>>>     Result('expt3', {'param1': 1, 'param2': 'a'}, {'f1': 0.67, 'loss': 0.2}),
>>> ]
>>> # Create a ResultAnalysis object and tell it what metrics should be maximized / minimized
>>> analysis = ResultAnalysis(table, metric_objectives={'f1': 'max', 'loss': 'min'})
>>> # An overall analysis can be obtained as follows
>>> analysis.analysis()  # xdoctest: +IGNORE_WANT
PARAMETER: param2 - METRIC: f1
==============================
f1      count  mean       std   min    25%   50%    75%   max
param2
c         1.0  0.92       NaN  0.92  0.920  0.92  0.920  0.92
b         2.0  0.76  0.014142  0.75  0.755  0.76  0.765  0.77
a         1.0  0.67       NaN  0.67  0.670  0.67  0.670  0.67
...
ANOVA: If p is low, the param 'param2' might have an effect
  Rank-ANOVA: p=0.25924026
  Mean-ANOVA: p=0.07823610
...
Pairwise T-Tests
  If p is low, param2=c may outperform param2=b.
    ttest_ind:  p=nan
  If p is low, param2=b may outperform param2=a.
    ttest_ind:  p=nan
    ttest_rel:  p=nan, n_pairs=1
...
PARAMETER: param1 - METRIC: loss
================================
loss    count  mean       std  min    25%   50%    75%  max
param1
1         2.0  0.25  0.070711  0.2  0.225  0.25  0.275  0.3
0         1.0  0.40       NaN  0.4  0.400  0.40  0.400  0.4
2         1.0  0.50       NaN  0.5  0.500  0.50  0.500  0.5
...
ANOVA: If p is low, the param 'param1' might have an effect
  Rank-ANOVA: p=0.25924026
  Mean-ANOVA: p=0.31622777
...
Pairwise T-Tests
  If p is low, param1=1 may outperform 0.
    ttest_ind:  p=nan
  If p is low, param1=0 may outperform 2.
    ttest_ind:  p=nan
  param_name metric  anova_rank_H  anova_rank_p  anova_mean_F  anova_mean_p
0     param2     f1           2.7       0.25924       81.1875      0.078236
3     param1   loss           2.7       0.25924        4.5000      0.316228
1     param2   loss           1.8       0.40657        0.7500      0.632456
2     param1     f1           1.8       0.40657        2.7675      0.391181





>>> # But specific parameters or groups of parameters can be inspected
>>> # individually
>>> analysis.build()
>>> analysis.abalate(['param1'], metrics=['f1'])  # xdoctest: +IGNORE_WANT
skillboard.ratings = {
    (0,): Rating(mu=25, sigma=8.333333333333334),
    (1,): Rating(mu=27.63523138347365, sigma=8.065506316323548),
    (2,): Rating(mu=22.36476861652635, sigma=8.065506316323548),
}
win_probs = {
    (0,): 0.3333333333333333,
    (1,): 0.3445959888771101,
    (2,): 0.32207067778955656,
}
...
When config(param1=1) is better than config(param1=2), the improvement in f1 is
   count  mean  std   min   25%   50%   75%   max
0    1.0  0.02  NaN  0.02  0.02  0.02  0.02  0.02
...
When config(param1=2) is better than config(param1=1), the improvement in f1 is
   count  mean  std  min  25%  50%  75%  max
0    0.0   NaN  NaN  NaN  NaN  NaN  NaN  NaN





Example

>>> # Simple example for computing a p-values between a set of baseline
>>> # results and hypothesis you think might do better.
>>> # Given a list of experiments, configs, and results
>>> from geowatch.utils.result_analysis import ResultAnalysis, Result
>>> # Given a table of experiments with parameters, and metrics
>>> table = [
>>>     Result('expt0', {'group': 'baseline'}, {'f1': 0.75}),
>>>     Result('expt1', {'group': 'baseline'}, {'f1': 0.72}),
>>>     Result('expt2', {'group': 'baseline'}, {'f1': 0.79}),
>>>     Result('expt3', {'group': 'baseline'}, {'f1': 0.73}),
>>>     Result('expt4', {'group': 'baseline'}, {'f1': 0.74}),
>>>     Result('expt5', {'group': 'baseline'}, {'f1': 0.74}),
>>>     Result('expt5', {'group': 'hypothesis'}, {'f1': 0.76}),
>>>     Result('expt6', {'group': 'hypothesis'}, {'f1': 0.78}),
>>>     Result('expt7', {'group': 'hypothesis'}, {'f1': 0.77}),
>>>     Result('expt8', {'group': 'hypothesis'}, {'f1': 0.75}),
>>> ]
>>> # Create a ResultAnalysis object and tell it what metrics should be maximized / minimized
>>> analysis = ResultAnalysis(table, metric_objectives={'f1': 'max'})
>>> # An overall analysis can be obtained as follows
>>> analysis.analysis()





This seems related to [RijnHutter2018]. Need to look more closely to determine
its exact relation and what we can learn from it (or what we do better /
worse). Also see followup [Probst2019].

References



[RijnHutter2018]
Hyperparameter Importance Across Datasets - https://arxiv.org/pdf/1710.04725.pdf




[Probst2019]
https://www.jmlr.org/papers/volume20/18-444/18-444.pdf






	Look into:
	https://scikit-optimize.github.io/stable/
https://wandb.ai/site/articles/find-the-most-important-hyperparameters-in-seconds

https://docs.ray.io/en/latest/tune/index.html

ray.tune



	Requires:
	pip install ray
pip install openskill






	
class geowatch.utils.result_analysis.Result(name, params, metrics, meta=None)

	Bases: NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr]

Storage of names, parameters, and quality metrics for a single experiment.


	Variables:

	
	name (str [https://docs.python.org/3/library/stdtypes.html#str] | None) – Name of the experiment. Optional. This is unused in the analysis.
(i.e. names will never be used computationally. Use them for keys)


	params (Dict[str [https://docs.python.org/3/library/stdtypes.html#str], object [https://docs.python.org/3/library/functions.html#object]]) – configuration of the experiment.
This is a dictionary mapping a parameter name to its value.


	metrics (Dict[str [https://docs.python.org/3/library/stdtypes.html#str], float [https://docs.python.org/3/library/functions.html#float]]) – quantitative results of the experiment
This is a dictionary for each quality metric computed on this
result.


	meta (Dict | None) – any other metadata about this result.
This is unused in the analysis.








Example

>>> self = Result.demo(rng=32)
>>> print('self = {}'.format(self))
self = <Result(name=53f57161,f1=0.33,acc=0.75,param1=1,param2=6.67,param3=a)>





Example

>>> self = Result.demo(mode='alt', rng=32)
>>> print('self = {}'.format(self))






	
to_dict()

	




	
classmethod demo(mode='null', rng=None)

	








	
class geowatch.utils.result_analysis.ResultTable(params, metrics)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

An object that stores two tables of corresponding metrics and parameters.

Helps abstract away the old Result object.

Example

>>> from geowatch.utils.result_analysis import *  # NOQA
>>> self = ResultTable.demo()
>>> print(self.table)






	
property table

	




	
property result_list

	




	
classmethod demo(num=10, mode='null', rng=None)

	




	
classmethod coerce(data, param_cols=None, metric_cols=None)

	




	
property varied

	








	
class geowatch.utils.result_analysis.ResultAnalysis(results, metrics=None, params=None, ignore_params=None, ignore_metrics=None, metric_objectives=None, abalation_orders={1}, default_objective='max', p_threshold=0.05)

	Bases: NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr]

Groups and runs stats on results

Runs statistical tests on sets of configuration-metrics pairs


	Variables:

	
	results (List[Result] | DataFrame) – list of results, or something coercable to one.


	ignore_metrics (Set[str [https://docs.python.org/3/library/stdtypes.html#str]]) – metrics to ignore


	ignore_params (Set[str [https://docs.python.org/3/library/stdtypes.html#str]]) – parameters to ignore


	metric_objectives (Dict[str [https://docs.python.org/3/library/stdtypes.html#str], str [https://docs.python.org/3/library/stdtypes.html#str]]) – indicate if each metrix should be maximized “max” or minimized
“min”


	metrics (List[str [https://docs.python.org/3/library/stdtypes.html#str]]) – only consider these metrics


	params (List[str [https://docs.python.org/3/library/stdtypes.html#str]]) – if given, only consider these params


	abalation_orders (Set[int [https://docs.python.org/3/library/functions.html#int]]) – The number of parameters to be held constant in each statistical
grouping. Defaults to 1, so it groups together results where 1
variable is held constant. Including 2 will include pairwise
settings of parameters to be held constant. Using -1 or -2 means
all but 1 or 2 parameters will be held constant, repsectively.


	default_objective (str [https://docs.python.org/3/library/stdtypes.html#str]) – assume max or min for unknown metrics








Example

>>> self = ResultAnalysis.demo()
>>> self.analysis()





Example

>>> self = ResultAnalysis.demo(num=5000, mode='alt')
>>> self.analysis()





Example

>>> # Given a list of experiments, configs, and results
>>> # Create a ResultAnalysis object
>>> from geowatch.utils.result_analysis import *  # NOQA
>>> result_table = ResultTable.coerce([
>>>     Result('expt0', {'param1': 2, 'param3': 'b'}, {'f1': 0.75}),
>>>     Result('expt1', {'param1': 0, 'param3': 'c'}, {'f1': 0.92}),
>>>     Result('expt2', {'param1': 1, 'param3': 'b'}, {'f1': 0.77}),
>>>     Result('expt3', {'param1': 1, 'param3': 'a'}, {'f1': 0.67}),
>>>     Result('expt4', {'param1': 0, 'param3': 'c'}, {'f1': 0.98}),
>>>     Result('expt5', {'param1': 2, 'param3': 'a'}, {'f1': 0.86}),
>>>     Result('expt6', {'param1': 1, 'param3': 'c'}, {'f1': 0.77}),
>>>     Result('expt7', {'param1': 1, 'param3': 'c'}, {'f1': 0.41}),
>>>     Result('expt8', {'param1': 1, 'param3': 'a'}, {'f1': 0.64}),
>>>     Result('expt9', {'param1': 0, 'param3': 'b'}, {'f1': 0.95}),
>>> ])
>>> analysis = ResultAnalysis(result_table)
>>> # Calling the analysis method prints something like the following
>>> analysis.analysis()






PARAMETER ‘param1’ - f1

f1       mean       std   max   min  num  best
param1
0       0.950  0.030000  0.98  0.92  3.0  0.98
2       0.805  0.077782  0.86  0.75  2.0  0.86
1       0.652  0.147377  0.77  0.41  5.0  0.77


	ANOVA hypothesis (roughly): the param ‘param1’ has no effect on the metric
	
Reject this hypothesis if the p value is less than a threshold




Rank-ANOVA: p=0.0397
Mean-ANOVA: p=0.0277



	Pairwise T-Tests
	
	Is param1=0 about as good as param1=2?
	ttest_ind:  p=0.2058



	Is param1=1 about as good as param1=2?
	ttest_ind:  p=0.1508











PARAMETER ‘param3’ - f1

f1          mean       std   max   min  num  best
param3
c       0.770000  0.255734  0.98  0.41  4.0  0.98
b       0.823333  0.110151  0.95  0.75  3.0  0.95
a       0.723333  0.119304  0.86  0.64  3.0  0.86


	ANOVA hypothesis (roughly): the param ‘param3’ has no effect on the metric
	
Reject this hypothesis if the p value is less than a threshold




Rank-ANOVA: p=0.5890
Mean-ANOVA: p=0.8145



	Pairwise T-Tests
	
	Is param3=b about as good as param3=c?
	ttest_ind:  p=0.7266



	Is param3=a about as good as param3=b?
	ttest_ind:  p=0.3466
ttest_rel:  p=0.3466



	Is param3=a about as good as param3=c?
	ttest_ind:  p=0.7626










	
classmethod demo(num=10, mode='null', rng=None)

	




	
run()

	




	
analysis()

	




	
property table

	




	
metric_table()

	




	
property varied

	




	
abaltion_groups(param_group, k=2)

	Return groups where the specified parameter(s) are varied, but all
other non-ignored parameters are held the same.


	Parameters:

	
	param_group (str | List[str]) – One or more parameters that are allowed to vary


	k (int) – minimum number of items a group must contain to be returned






	Returns:

	a list of subsets of in the table where all but the specified
(non-ignored) parameters are allowed to vary.



	Return type:

	List[DataFrame]





Example

>>> self = ResultAnalysis.demo()
>>> param = 'param2'
>>> self.abaltion_groups(param)










	
_objective_is_ascending(metric_key)

	
	Parameters:

	metric_key (str) – the metric in question



	Returns:

	True if we should minimize the objective (lower is better)
False if we should maximize the objective (higher is better)



	Return type:

	bool [https://docs.python.org/3/library/functions.html#bool]










	
tune()

	
	Look into:
	# Old bayes opt?
https://github.com/Erotemic/clab/blob/master/clab/live/urban_pred.py#L459





Example

>>> self = ResultAnalysis.demo(100)










	
ablate(param_group, metrics=None, use_openskill='auto')

	
Todo

rectify with test-group



Example

>>> self = ResultAnalysis.demo(100)
>>> param = 'param2'
>>> # xdoctest: +REQUIRES(module:openskill)
>>> self.ablate(param)





>>> self = ResultAnalysis.demo()
>>> param_group = ['param2', 'param3']
>>> # xdoctest: +REQUIRES(module:openskill)
>>> self.ablate(param_group)










	
abalation_groups(param_group, k=2)

	Return groups where the specified parameter(s) are varied, but all
other non-ignored parameters are held the same.


	Parameters:

	
	param_group (str | List[str]) – One or more parameters that are allowed to vary


	k (int) – minimum number of items a group must contain to be returned






	Returns:

	a list of subsets of in the table where all but the specified
(non-ignored) parameters are allowed to vary.



	Return type:

	List[DataFrame]





Example

>>> self = ResultAnalysis.demo()
>>> param = 'param2'
>>> self.abaltion_groups(param)










	
abalate(param_group, metrics=None, use_openskill='auto')

	
Todo

rectify with test-group



Example

>>> self = ResultAnalysis.demo(100)
>>> param = 'param2'
>>> # xdoctest: +REQUIRES(module:openskill)
>>> self.ablate(param)





>>> self = ResultAnalysis.demo()
>>> param_group = ['param2', 'param3']
>>> # xdoctest: +REQUIRES(module:openskill)
>>> self.ablate(param_group)










	
test_group(param_group, metric_key)

	Get stats for a particular metric / constant group


	Parameters:

	
	param_group (List[str]) – group of parameters to hold constant.


	metric_key (str) – The metric to test.






	Returns:

	dict
# TODO : document these stats clearly and accurately





Example

>>> self = ResultAnalysis.demo(num=100)
>>> print(self.table)
>>> param_group = ['param2', 'param1']
>>> metric_key = 'f1'
>>> stats_row = self.test_group(param_group, metric_key)
>>> print('stats_row = {}'.format(ub.urepr(stats_row, nl=2, sort=0, precision=2)))










	
build()

	




	
report()

	




	
_report_one(grid_item)

	




	
conclusions()

	




	
plot(xlabel, metric_key, group_labels, data=None, **kwargs)

	
	Parameters:

	group_labels (dict) – Tells seaborn what attributes to use to distinsuish curves like
hue, size, marker. Also can contain “col” for use with
FacetGrid, and “fig” to separate different configurations into
different figures.



	Returns:

	A list for each figure containing info abou that figure for any
postprocessing.



	Return type:

	List[Dict]





Example

>>> self = ResultAnalysis.demo(num=1000, mode='alt')
>>> self.analysis()
>>> print('self = {}'.format(self))
>>> print('self.varied = {}'.format(ub.urepr(self.varied, nl=1)))
>>> # xdoctest: +REQUIRES(--show)
>>> # xdoctest: +REQUIRES(module:kwplot)
>>> import kwplot
>>> kwplot.autosns()
>>> xlabel = 'x'
>>> metric_key = 'acc'
>>> group_labels = {
>>>     'fig': ['u'],
>>>     'col': ['y', 'v'],
>>>     'hue': ['z'],
>>>     'size': [],
>>> }
>>> kwargs = {'xscale': 'log', 'yscale': 'log'}
>>> self.plot(xlabel, metric_key, group_labels, **kwargs)





[image: ../_images/fig_geowatch_utils_result_analysis_ResultAnalysis_plot_002.jpeg]










	
class geowatch.utils.result_analysis.SkillTracker(player_ids)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Wrapper around openskill


	Parameters:

	player_ids (List[T]) – a list of ids (usually ints) used to represent each player





Example

>>> # xdoctest: +REQUIRES(module:openskill)
>>> self = SkillTracker([1, 2, 3, 4, 5])
>>> self.observe([2, 3])  # Player 2 beat player 3.
>>> self.observe([1, 2, 5, 3])  # Player 3 didnt play this round.
>>> self.observe([2, 3, 4, 5, 1])  # Everyone played, player 2 won.
>>> win_probs = self.predict_win()
>>> print('win_probs = {}'.format(ub.urepr(win_probs, nl=1, precision=2)))
win_probs = {
    1: 0.20,
    2: 0.21,
    3: 0.19,
    4: 0.20,
    5: 0.20,
}






	Requirements:
	openskill






	
predict_win()

	Estimate the probability that a particular player will win given the
current ratings.


	Returns:

	mapping from player ids to win probabilites



	Return type:

	Dict[T, float [https://docs.python.org/3/library/functions.html#float]]










	
observe(ranking)

	After simulating a round, pass the ranked order of who won
(winner is first, looser is last) to this function. And it
updates the rankings.


	Parameters:

	ranking (List[T]) – ranking of all the players that played in this round
winners are at the front (0-th place) of the list.














	
geowatch.utils.result_analysis.varied_values(longform, min_variations=0, max_variations=None, default=NoParam, dropna=False)

	Given a list of dictionaries, find the values that differ between them.


	Parameters:

	
	longform (List[Dict[KT, VT]] | DataFrame) – This is longform data, as described in [SeabornLongform]. It is a
list of dictionaries.

Each item in the list - or row - is a dictionary and can be thought
of as an observation. The keys in each dictionary are the columns.
The values of the dictionary must be hashable. Lists will be
converted into tuples.



	min_variations (int, default=0) – “columns” with fewer than min_variations unique values are
removed from the result.


	max_variations (int | None) – If specified only return items with fewer than this number of
variations.


	default (VT | NoParamType) – if specified, unspecified columns are given this value.
Defaults to NoParam.






	Returns:

	a mapping from each “column” to the set of unique values it took
over each “row”. If a column is not specified for each row, it is
assumed to take a default value, if it is specified.



	Return type:

	Dict[KT, List[VT]]



	Raises:

	KeyError [https://docs.python.org/3/library/exceptions.html#KeyError] – If default is unspecified and all the rows
    do not contain the same columns.





References



[SeabornLongform]
https://seaborn.pydata.org/tutorial/data_structure.html#long-form-data










	
geowatch.utils.result_analysis.varied_value_counts(longform, min_variations=0, max_variations=None, default=NoParam, dropna=False)

	Given a list of dictionaries, find the values that differ between them.


	Parameters:

	
	longform (List[Dict[KT, VT]] | DataFrame) – This is longform data, as described in [SeabornLongform]. It is a
list of dictionaries.

Each item in the list - or row - is a dictionary and can be thought
of as an observation. The keys in each dictionary are the columns.
The values of the dictionary must be hashable. Lists will be
converted into tuples.



	min_variations (int) – “columns” with fewer than min_variations unique values are
removed from the result. Defaults to 0.


	max_variations (int | None) – If specified only return items with fewer than this number of
variations.


	default (VT | NoParamType) – if specified, unspecified columns are given this value.
Defaults to NoParam.






	Returns:

	a mapping from each “column” to the set of unique values it took
over each “row” and how many times it took that value. If a column
is not specified for each row, it is assumed to take a default
value, if it is specified.



	Return type:

	Dict[KT, Dict[VT, int [https://docs.python.org/3/library/functions.html#int]]]



	Raises:

	KeyError [https://docs.python.org/3/library/exceptions.html#KeyError] – If default is unspecified and all the rows
    do not contain the same columns.





References



[SeabornLongform]
https://seaborn.pydata.org/tutorial/data_structure.html#long-form-data





Example


	longform = [
	{‘a’: ‘on’,  ‘b’: ‘red’},
{‘a’: ‘on’,  ‘b’: ‘green’},
{‘a’: ‘off’, ‘b’: ‘blue’},
{‘a’: ‘off’, ‘b’: ‘black’},





]






	
class geowatch.utils.result_analysis.GroupbyFutureWrapper

	Bases: ObjectProxy

Wraps a groupby object to get the new behavior sooner.






	
geowatch.utils.result_analysis.fix_groupby(groups)
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geowatch.utils.reverse_hashid module

Utilities for saving the data that gave rise to particular hash values.


	
class geowatch.utils.reverse_hashid.ReverseHashTable(type='global')

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Make a lookup table of hashes we’ve made, so we can refer to what the heck
those directory names mean!

/home/joncrall/data/dvc-repos/smart_expt_dvc/models/fusion/Aligned-Drop4-2022-08-08-TA1-S2-L8-ACC/pred/Drop4_BAS_Continue_10GSD_BGR_V003/Drop4_BAS_Continue_10GSD_BGR_V003_epoch=93-step=48128.pt.pt/Aligned-Drop4-2022-08-08-TA1-S2-L8-ACC_data_vali.kwcoco/predcfg_1c530993/pred.kwcoco.json

Example

>>> from geowatch.utils.reverse_hashid import *  # NOQA
>>> data = {'test': 'data'}
>>> key = ub.hash_data(data)[0:8]
>>> self = ReverseHashTable(type='test-rhash')
>>> self.register(key, data)
>>> self.register('conflict-hash', 'conflict-data1')
>>> self.register('conflict-hash', 'conflict-data2')
>>> full_shelf = self.load()
>>> print('full_shelf = {}'.format(ub.urepr(full_shelf, nl=2)))






	
load()

	




	
register(key, data)

	
	Parameters:

	
	key (str) – the hash


	data (Any) – the hashed data (must be serializable)













	
classmethod query(key=None, verbose=1)

	If the type of the hash is unknown, we can search in a few different
locations for it.










	
geowatch.utils.reverse_hashid.condense_config(params, type, human_opts=None, register=True)

	Given a dictionary of parameters and a type, makes a hash of the params
prefixes it with a type and ensures it is registered in the global system
reverse hash lookup table. Some config parts can be given human readable
descriptions.
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geowatch.utils.simple_dvc module

A simplified Python DVC API


	
geowatch.utils.simple_dvc.__test_simple_dvc()

	
	Builds a medium complexity dvc repo, todo:
	implement some tests










	
class geowatch.utils.simple_dvc.SimpleDVC(dvc_root=None, remote=None)

	Bases: NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr]

A Simple DVC API


	Parameters:

	
	dvc_root (Path) – path to DVC repo directory


	remote (str) – dvc remote to sync to by default









	
classmethod init(dpath, no_scm=False, force=False, verbose=0)

	Initialize a DVC repo in a path






	
property cache_dir

	




	
classmethod demo_dpath(reset=False)

	




	
classmethod coerce(dvc_path, **kw)

	Given a path inside DVC, finds the root.






	
classmethod find_root(path=None)

	Given a path, search its ancestors to find the root of a dvc repo.


	Returns:

	Path | None










	
_ensure_root(paths)

	




	
_ensure_remote(remote)

	




	
_resolve_root_and_relative_paths(paths)

	




	
add(path, verbose=0)

	
	Parameters:

	path (str | PathLike | Iterable[str | PathLike]) – a single or multiple paths to add










	
pathsremove(path, verbose=0)

	
	Parameters:

	path (str | PathLike | Iterable[str | PathLike]) – a single or multiple paths to add










	
_dvc_path_op(op, path, verbose=0)

	
	Parameters:

	path (str | PathLike | Iterable[str | PathLike]) – a single or multiple paths to add










	
check_ignore(path, details=0, verbose=0)

	




	
git_pull()

	




	
git_push()

	




	
git_commit(message)

	




	
git_commitpush(message='', pull_on_fail=True)

	TODO: better name here?






	
_verbose_extra_args(verbose)

	




	
_remote_extra_args(remote, recursive, jobs, verbose)

	




	
push(path, remote=None, recursive=False, jobs=None, verbose=0)

	Push the content tracked by .dvc files to remote storage.


	Parameters:

	
	path (Path | List[Path) – one or more file paths that should have an associated .dvc
sidecar file or if recursive is true, a directory containing
multiple tracked files.


	remote (str) – the name of the remote registered in the .dvc/config to push to


	recursive (bool) – if True, then items in path can be a directory.


	jobs (int) – number of parallel workers













	
pull(path, remote=None, recursive=False, jobs=None, verbose=0)

	




	
request(path, remote=None)

	Requests to ensure that a specific file from DVC exists.

Any files that do not exist, check to see if there is an associated
.dvc sidecar file. If any sidecar files are missing, an error is
thrown.  Otherwise we attempt to pull the missing files.


	Parameters:

	path (Path | List[Path) – one or more file paths that should have an associated .dvc
sidecar file.










	
unprotect(path)

	




	
is_tracked(path)

	




	
classmethod find_file_tracker(path)

	




	
find_dir_tracker(path)

	




	
read_dvc_sidecar(sidecar_fpath)

	




	
resolve_cache_paths(sidecar_fpath)

	Given a .dvc file, enumerate the paths in the cache associated with it.


	Parameters:

	sidecar_fpath (PathLike | str) – path to the .dvc file










	
find_sidecar_paths(dpath)

	
	Parameters:

	dpath (Path | str) – directory in dvc repo to search



	Yields:

	ub.Path – existing dvc sidecar files










	
resolve_sidecar(path)

	Given a path in a DVC repo, resolve it to a sidecar file that it
corresponds to. If the input is a .dvc file return it.

If it is inside a directory that corresponds to a dvc repo, search for
that.


	Parameters:

	path (Path | str) – directory or file in dvc repo to search



	Yields:

	ub.Path – existing dvc sidecar files














	
geowatch.utils.simple_dvc._ensure_iterable(inputs)

	




	
class geowatch.utils.simple_dvc.SimpleDVC_CLI(description='', sub_clis=None, version=None)

	Bases: ModalCLI [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.modal.html#scriptconfig.modal.ModalCLI]

A DVC CLI That uses our simplified (and more permissive) interface.

The main advantage is that you can run these commands outside a DVC repo as
long as you point to a valid in-repo path.


	
class Add(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Add data to the DVC repo.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
classmethod main(cmdline=1, **kwargs)

	




	
default = {'paths': <Value([])>}

	








	
class Request(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Pull data if the requested file doesn’t exist.

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
classmethod main(cmdline=1, **kwargs)

	




	
default = {'paths': <Value([])>, 'remote': <Value(None)>}

	








	
class CacheDir(*args, **kwargs)

	Bases: DataConfig [https://scriptconfig.readthedocs.io/en/latest/scriptconfig.dataconfig.html#scriptconfig.dataconfig.DataConfig]

Print the cache directory

Valid options: []


	Parameters:

	
	*args – positional arguments for this data config


	**kwargs – keyword arguments for this data config









	
classmethod main(cmdline=1, **kwargs)

	




	
default = {'dvc_root': <Value('.')>}

	












	
geowatch.utils.simple_dvc._import_dvc_main()
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geowatch.utils.util_bands module

Collected information about satellite bands from https://github.com/stac-extensions/eo/

This should be mostly independent of the data source used.
(eg Google Cloud vs element84 AWS, Collection-1 vs Collection-2)
No guarantees that every value will be indentical, but close enough for heuristics.

Each constant is a list of ‘eo:bands’ Band Object dicts.
They are sorted in the same order in which they appear if the bands come stacked in a single image,
or in lexicographic order if the bands come in separate images.

Coverage of the catalogs is inconsistent. Where necessary, info has been filled in by hand.

Notes


Sentinal 2 Band Table

Band    Resolution    Central Wavelength    Description
B1            60 m                443 nm    Ultra blue (Coastal and Aerosol)
B2            10 m                490 nm    Blue
B3            10 m                560 nm    Green
B4            10 m                665 nm    Red
B5            20 m                705 nm    Visible and Near Infrared (VNIR)
B6            20 m                740 nm    Visible and Near Infrared (VNIR)
B7            20 m                783 nm    Visible and Near Infrared (VNIR)
B8            10 m                842 nm    Visible and Near Infrared (VNIR)
B8a           20 m                865 nm    Visible and Near Infrared (VNIR)
B9            60 m                940 nm    Short Wave Infrared (SWIR)
B10           60 m               1375 nm    Short Wave Infrared (SWIR)
B11           20 m               1610 nm    Short Wave Infrared (SWIR)
B12           20 m               2190 nm    Short Wave Infrared (SWIR)



Landsat 8 Band Table

Band    Resolution    Central Wavelength    Description
1            30 m                 430 nm    Coastal aerosol
2            30 m                 450 nm    Blue
3            30 m                 530 nm    Green
4            30 m                 640 nm    Red
5            30 m                 850 nm    Near Infrared (NIR)
6            30 m                1570 nm    SWIR 1
7            30 m                2110 nm    SWIR 2
8            15 m                 500 nm    Panchromatic
9            30 m                1360 nm    Cirrus
10           100 m              10600 nm    Thermal Infrared (TIRS) 1
11           100 m              11500 nm    Thermal Infrared (TIRS) 2



Worldview 3 MUL Band Table

Band    Resolution    Central Wavelength    Description
1           1.38 m                 400 nm    Coastal aerosol
2           1.38 m                 450 nm    Blue
3           1.38 m                 510 nm    Green
4           1.38 m                 585 nm    Yellow
5           1.38 m                 630 nm    Red
6           1.38 m                 705 nm    Red edge
7           1.38 m                 770 nm    Near-IR1
8           1.38 m                 860 nm    Near-IR2



Worldview 3 PAN Band Table

1           0.34 m                 450-800 nm  Panchromatic

References

https://gis.stackexchange.com/questions/290796/how-to-edit-the-metadata-for-individual-bands-of-a-multiband-raster-preferably
https://gisgeography.com/sentinel-2-bands-combinations/
https://earth.esa.int/eogateway/missions/worldview-3
https://www.usgs.gov/faqs/what-are-band-designations-landsat-satellites?qt-news_science_products=0#qt-news_science_products
.. [MODIS-SPEC] https://modis.gsfc.nasa.gov/about/specifications.php
.. [SentinelHub] https://apps.sentinel-hub.com/eo-browser/?zoom=15&lat=42.87425&lng=-73.83164&themeId=DEFAULT-THEME&visualizationUrl=https%3A%2F%2Fservices.sentinel-hub.com%2Fogc%2Fwms%2Fbd86bcc0-f318-402b-a145-015f85b9427e&datasetId=S2L2A&fromTime=2022-02-16T00%3A00%3A00.000Z&toTime=2022-02-16T23%3A59%3A59.999Z&layerId=4-FALSE-COLOR-URBAN



	
geowatch.utils.util_bands.dicts_contain(d_list, dsub_list)

	




	
geowatch.utils.util_bands.SENTINEL2 = [{'center_wavelength': 0.4439, 'common_name': 'coastal', 'full_width_half_max': 0.027, 'gsd': 60, 'name': 'B01'}, {'center_wavelength': 0.4966, 'common_name': 'blue', 'full_width_half_max': 0.098, 'gsd': 10, 'name': 'B02'}, {'center_wavelength': 0.56, 'common_name': 'green', 'full_width_half_max': 0.045, 'gsd': 10, 'name': 'B03'}, {'center_wavelength': 0.6645, 'common_name': 'red', 'full_width_half_max': 0.038, 'gsd': 10, 'name': 'B04'}, {'center_wavelength': 0.7039, 'full_width_half_max': 0.019, 'gsd': 20, 'name': 'B05'}, {'center_wavelength': 0.7402, 'full_width_half_max': 0.018, 'gsd': 20, 'name': 'B06'}, {'center_wavelength': 0.7825, 'full_width_half_max': 0.028, 'gsd': 20, 'name': 'B07'}, {'center_wavelength': 0.8351, 'common_name': 'nir', 'full_width_half_max': 0.145, 'gsd': 10, 'name': 'B08'}, {'center_wavelength': 0.8648, 'full_width_half_max': 0.033, 'gsd': 20, 'name': 'B8A'}, {'center_wavelength': 0.945, 'full_width_half_max': 0.026, 'gsd': 60, 'name': 'B09'}, {'center_wavelength': 1.3735, 'common_name': 'cirrus', 'full_width_half_max': 0.075, 'gsd': 60, 'name': 'B10'}, {'center_wavelength': 1.6137, 'common_name': 'swir16', 'full_width_half_max': 0.143, 'gsd': 20, 'name': 'B11'}, {'center_wavelength': 2.22024, 'common_name': 'swir22', 'full_width_half_max': 0.242, 'gsd': 20, 'name': 'B12'}]

	This band info is taken from the sentinelhub AWS catalog.
It will need to be updated to match RGD’s when that is STAC-compliant.

References

https://www.element84.com/earth-search/
https://docs.sentinel-hub.com/api/latest/data/landsat-8/
https://landsat.gsfc.nasa.gov/satellites/landsat-8/
https://planetarycomputer.microsoft.com/dataset/landsat-c2-l2

Example

>>> from pystac_client import Client
>>> # for Collection 1
>>> cat = Client.open('https://earth-search.aws.element84.com/v0')
>>> search = cat.search(bbox=[-110, 39.5, -105, 40.5], max_items=1, collections=['landsat-8-l1-c1'])
>>> # for Collection 2
>>> # cat = Client.open('https://earth-search.aws.element84.com/v1')
>>> # search = cat.search(bbox=[-110, 39.5, -105, 40.5], max_items=1, collections=['landsat-ot-l1'])
>>> i = list(search.items())[0]
>>> # one image for all bands
>>> bands = [v.to_dict()['eo:bands'][0] for k,v in i.assets.items() if k.startswith('B') and (k != 'BQA')]
>>>
>>> from geowatch.utils.util_bands import *
>>> assert dicts_contain(LANDSAT8, bands)










	
geowatch.utils.util_bands.LANDSAT8 = [{'alias': ['aerosol'], 'center_wavelength': 0.48, 'common_name': 'coastal', 'full_width_half_max': 0.02, 'gsd': 30, 'name': 'B1'}, {'center_wavelength': 0.44, 'common_name': 'blue', 'full_width_half_max': 0.06, 'gsd': 30, 'name': 'B2'}, {'center_wavelength': 0.56, 'common_name': 'green', 'full_width_half_max': 0.06, 'gsd': 30, 'name': 'B3'}, {'center_wavelength': 0.65, 'common_name': 'red', 'full_width_half_max': 0.04, 'gsd': 30, 'name': 'B4'}, {'alias': ['nir08'], 'center_wavelength': 0.86, 'common_name': 'nir', 'full_width_half_max': 0.03, 'gsd': 30, 'name': 'B5'}, {'center_wavelength': 1.6, 'common_name': 'swir16', 'full_width_half_max': 0.08, 'gsd': 30, 'name': 'B6'}, {'center_wavelength': 2.2, 'common_name': 'swir22', 'full_width_half_max': 0.2, 'gsd': 30, 'name': 'B7'}, {'center_wavelength': 0.59, 'common_name': 'pan', 'full_width_half_max': 0.18, 'gsd': 15, 'name': 'B8'}, {'center_wavelength': 1.37, 'common_name': 'cirrus', 'full_width_half_max': 0.02, 'gsd': 30, 'name': 'B9'}, {'alias': ['tir1'], 'center_wavelength': 10.9, 'common_name': 'lwir11', 'full_width_half_max': 0.8, 'gsd': 100, 'name': 'B10', 'notes': 'thermal-ir'}, {'alias': ['tir2'], 'center_wavelength': 12, 'common_name': 'lwir12', 'full_width_half_max': 1, 'gsd': 100, 'name': 'B11', 'notes': 'thermal-ir'}]

	This band info is taken from the USGS Landsat catalog.

This is for Collection-2 Level-1; may be slightly different from
Collection-1 Level-1 (RGD’s current source)

Example

>>> # not compatible with pystac_client for some reason
>>> import requests
>>> item = requests.get(('https://landsatlook.usgs.gov/sat-api/collections'
>>>                      '/landsat-c2l1/items/LE07_L1TP_026043_20210518_20210518_02_RT')).json()
>>> assets = item['assets']
>>> keys = sorted(k for k in assets.keys() if 'B' in k)
>>> bands = [assets[k]['eo:bands'][0] for k in keys]
>>>
>>> from geowatch.utils.util_bands import *
>>> assert dicts_contain(LANDSAT7, bands)










	
geowatch.utils.util_bands.LANDSAT7 = [{'center_wavelength': 0.49, 'common_name': 'blue', 'gsd': 30, 'name': 'B1'}, {'center_wavelength': 0.56, 'common_name': 'green', 'gsd': 30, 'name': 'B2'}, {'center_wavelength': 0.66, 'common_name': 'red', 'gsd': 30, 'name': 'B3'}, {'center_wavelength': 0.84, 'common_name': 'nir08', 'gsd': 30, 'name': 'B4'}, {'center_wavelength': 1.65, 'common_name': 'swir16', 'gsd': 30, 'name': 'B5'}, {'center_wavelength': 11.45, 'common_name': 'tir', 'gsd': 30, 'name': 'B6'}, {'center_wavelength': 11.45, 'common_name': 'tir', 'gsd': 30, 'name': 'B6'}, {'center_wavelength': 2.22, 'common_name': 'swir22', 'gsd': 30, 'name': 'B7'}, {'center_wavelength': 0.71, 'common_name': 'pan', 'gsd': 30, 'name': 'B8'}]

	This band info is taken from the IARPA T&E STAC catalog.

Example

>>> # xdoctest: +SKIP
>>> # requires the api_key for this catalog
>>> from pystac_client import Client
>>> catalog = Client.open('https://api.smart-stac.com/', headers={"x-api-key": api_key})
>>> search = catalog.search(collections=['worldview-nitf'], bbox=[128.662489, 37.659517, 128.676673, 37.664560])
>>> items = list(search.items())
>>> props = [i.to_dict()['properties'] for i in items]
>>>
>>> wv01 = [p for p in props if p['mission'] == 'WV01']
>>> assert np.unique([p['instruments'] for p in wv01]) == ['panchromatic']
>>> wv01_pan = [p for p in wv01 if p['instruments'] == ['panchromatic']][0]['eo:bands']
>>>
>>> wv02 = [p for p in props if p['mission'] == 'WV02']
>>> assert np.all(np.unique([p['instruments'] for p in wv02]) == ['panchromatic', 'vis-multi'])
>>> assert np.all(np.unique([len(p['eo:bands']) for p in wv02]) == [1, 4, 8])
>>> wv02_pan = [p for p in wv02 if p['instruments'] == ['panchromatic']][0]['eo:bands']
>>> wv02_ms = [p['eo:bands'] for p in wv02 if p['instruments'] == ['vis-multi']]
>>> wv02_ms4 = [p for p in wv02_ms if len(p) == 4][0]
>>> wv02_ms8 = [p for p in wv02_ms if len(p) == 8][0]
>>>
>>> wv03 = [p for p in props if p['mission'] == 'WV03']
>>> assert np.all(np.unique([p['instruments'] for p in wv03]) == ['panchromatic', 'vis-multi'])
>>> assert np.all(np.unique([len(p['eo:bands']) for p in wv03]) == [1, 8])
>>> wv03_pan = [p for p in wv03 if p['instruments'] == ['panchromatic']][0]['eo:bands']
>>> wv03_ms = [p['eo:bands'] for p in wv03 if p['instruments'] == ['vis-multi']]
>>> wv03_ms8 = [p for p in wv03_ms if len(p) == 8][0]
>>>
>>> # not sure if this must be true, but it is
>>> assert wv02_pan == wv03_pan
>>> assert wv02_ms8 == wv03_ms8
>>>
>>> from geowatch.utils.util_bands import *
>>> assert dicts_contain(WORLDVIEW1_PAN, wv01_pan)
>>> assert dicts_contain(WORLDVIEW2_PAN, wv02_pan)
>>> assert dicts_contain(WORLDVIEW2_MS4, wv02_ms4)
>>> assert dicts_contain(WORLDVIEW2_MS8, wv02_ms8)
>>> assert dicts_contain(WORLDVIEW3_PAN, wv03_pan)
>>> assert dicts_contain(WORLDVIEW3_MS8, wv03_ms8)










	
geowatch.utils.util_bands.PLANETSCOPE_8BAND = [{'common_name': 'coastal', 'name': 'B1'}, {'common_name': 'blue', 'name': 'B2'}, {'common_name': 'green1', 'name': 'B3'}, {'common_name': 'green', 'name': 'B4'}, {'common_name': 'yellow', 'name': 'B5'}, {'common_name': 'red', 'name': 'B6'}, {'common_name': 'red-edge', 'name': 'B7'}, {'common_name': 'nir', 'name': 'B8'}]

	TODO

fix wv doctest






	
geowatch.utils.util_bands.ALL_BANDS = [{'center_wavelength': 0.4439, 'common_name': 'coastal', 'full_width_half_max': 0.027, 'gsd': 60, 'name': 'B01'}, {'center_wavelength': 0.4966, 'common_name': 'blue', 'full_width_half_max': 0.098, 'gsd': 10, 'name': 'B02'}, {'center_wavelength': 0.56, 'common_name': 'green', 'full_width_half_max': 0.045, 'gsd': 10, 'name': 'B03'}, {'center_wavelength': 0.6645, 'common_name': 'red', 'full_width_half_max': 0.038, 'gsd': 10, 'name': 'B04'}, {'center_wavelength': 0.7039, 'full_width_half_max': 0.019, 'gsd': 20, 'name': 'B05'}, {'center_wavelength': 0.7402, 'full_width_half_max': 0.018, 'gsd': 20, 'name': 'B06'}, {'center_wavelength': 0.7825, 'full_width_half_max': 0.028, 'gsd': 20, 'name': 'B07'}, {'center_wavelength': 0.8351, 'common_name': 'nir', 'full_width_half_max': 0.145, 'gsd': 10, 'name': 'B08'}, {'center_wavelength': 0.8648, 'full_width_half_max': 0.033, 'gsd': 20, 'name': 'B8A'}, {'center_wavelength': 0.945, 'full_width_half_max': 0.026, 'gsd': 60, 'name': 'B09'}, {'center_wavelength': 1.3735, 'common_name': 'cirrus', 'full_width_half_max': 0.075, 'gsd': 60, 'name': 'B10'}, {'center_wavelength': 1.6137, 'common_name': 'swir16', 'full_width_half_max': 0.143, 'gsd': 20, 'name': 'B11'}, {'center_wavelength': 2.22024, 'common_name': 'swir22', 'full_width_half_max': 0.242, 'gsd': 20, 'name': 'B12'}, {'alias': ['aerosol'], 'center_wavelength': 0.48, 'common_name': 'coastal', 'full_width_half_max': 0.02, 'gsd': 30, 'name': 'B1'}, {'center_wavelength': 0.44, 'common_name': 'blue', 'full_width_half_max': 0.06, 'gsd': 30, 'name': 'B2'}, {'center_wavelength': 0.56, 'common_name': 'green', 'full_width_half_max': 0.06, 'gsd': 30, 'name': 'B3'}, {'center_wavelength': 0.65, 'common_name': 'red', 'full_width_half_max': 0.04, 'gsd': 30, 'name': 'B4'}, {'alias': ['nir08'], 'center_wavelength': 0.86, 'common_name': 'nir', 'full_width_half_max': 0.03, 'gsd': 30, 'name': 'B5'}, {'center_wavelength': 1.6, 'common_name': 'swir16', 'full_width_half_max': 0.08, 'gsd': 30, 'name': 'B6'}, {'center_wavelength': 2.2, 'common_name': 'swir22', 'full_width_half_max': 0.2, 'gsd': 30, 'name': 'B7'}, {'center_wavelength': 0.59, 'common_name': 'pan', 'full_width_half_max': 0.18, 'gsd': 15, 'name': 'B8'}, {'center_wavelength': 1.37, 'common_name': 'cirrus', 'full_width_half_max': 0.02, 'gsd': 30, 'name': 'B9'}, {'alias': ['tir1'], 'center_wavelength': 10.9, 'common_name': 'lwir11', 'full_width_half_max': 0.8, 'gsd': 100, 'name': 'B10', 'notes': 'thermal-ir'}, {'alias': ['tir2'], 'center_wavelength': 12, 'common_name': 'lwir12', 'full_width_half_max': 1, 'gsd': 100, 'name': 'B11', 'notes': 'thermal-ir'}, {'center_wavelength': 0.49, 'common_name': 'blue', 'gsd': 30, 'name': 'B1'}, {'center_wavelength': 0.56, 'common_name': 'green', 'gsd': 30, 'name': 'B2'}, {'center_wavelength': 0.66, 'common_name': 'red', 'gsd': 30, 'name': 'B3'}, {'center_wavelength': 0.84, 'common_name': 'nir08', 'gsd': 30, 'name': 'B4'}, {'center_wavelength': 1.65, 'common_name': 'swir16', 'gsd': 30, 'name': 'B5'}, {'center_wavelength': 11.45, 'common_name': 'tir', 'gsd': 30, 'name': 'B6'}, {'center_wavelength': 11.45, 'common_name': 'tir', 'gsd': 30, 'name': 'B6'}, {'center_wavelength': 2.22, 'common_name': 'swir22', 'gsd': 30, 'name': 'B7'}, {'center_wavelength': 0.71, 'common_name': 'pan', 'gsd': 30, 'name': 'B8'}, {'center_wavelength': 0.65, 'common_name': 'panchromatic', 'name': 'PAN'}, {'center_wavelength': 0.625, 'common_name': 'panchromatic', 'name': 'PAN'}, {'center_wavelength': 0.48, 'common_name': 'blue', 'name': 'B2'}, {'center_wavelength': 0.545, 'common_name': 'green', 'name': 'B3'}, {'center_wavelength': 0.66, 'common_name': 'red', 'name': 'B5'}, {'center_wavelength': 0.833, 'common_name': 'near-ir1', 'name': 'B7'}, {'center_wavelength': 0.425, 'common_name': 'coastal', 'name': 'B1'}, {'center_wavelength': 0.48, 'common_name': 'blue', 'name': 'B2'}, {'center_wavelength': 0.545, 'common_name': 'green', 'name': 'B3'}, {'center_wavelength': 0.605, 'common_name': 'yellow', 'name': 'B4'}, {'center_wavelength': 0.66, 'common_name': 'red', 'name': 'B5'}, {'center_wavelength': 0.725, 'common_name': 'red-edge', 'name': 'B6'}, {'center_wavelength': 0.833, 'common_name': 'near-ir1', 'name': 'B7'}, {'center_wavelength': 0.95, 'common_name': 'near-ir2', 'name': 'B8'}, {'center_wavelength': 0.625, 'common_name': 'panchromatic', 'name': 'PAN'}, {'center_wavelength': 0.425, 'common_name': 'coastal', 'name': 'B1'}, {'center_wavelength': 0.48, 'common_name': 'blue', 'name': 'B2'}, {'center_wavelength': 0.545, 'common_name': 'green', 'name': 'B3'}, {'center_wavelength': 0.605, 'common_name': 'yellow', 'name': 'B4'}, {'center_wavelength': 0.66, 'common_name': 'red', 'name': 'B5'}, {'center_wavelength': 0.725, 'common_name': 'red-edge', 'name': 'B6'}, {'center_wavelength': 0.833, 'common_name': 'near-ir1', 'name': 'B7'}, {'center_wavelength': 0.95, 'common_name': 'near-ir2', 'name': 'B8'}]

	WIP
Collect synonyms for allowed common_names values (not enforced by STAC)
TODO do we even need to conform to this? Should we only collect
“true” synonyms like {‘pan’: ‘panchromatic’} ?

Example

>>> from geowatch.utils.util_bands import *
>>> import itertools
>>> names = set(b.get('common_name', '') for b in ALL_BANDS)
>>> accounted_names = set(EO_COMMONNAMES.keys()).union(
>>>     set(itertools.chain.from_iterable(EO_COMMONNAMES.values())))
>>> todo = names.difference(accounted_names)
>>> # not sure what to do with these
>>> print(todo)
{'', 'tir'}





References

https://github.com/stac-extensions/eo/blob/main/json-schema/schema.json#L151






	
geowatch.utils.util_bands.EO_COMMONNAMES = {'blue': [], 'cirrus': [], 'coastal': [], 'green': [], 'lwir': [], 'lwir11': [], 'lwir12': [], 'nir': ['near-ir1', 'near-ir2'], 'nir08': [], 'nir09': [], 'pan': ['panchromatic'], 'red': [], 'rededge': ['red-edge'], 'swir16': [], 'swir22': [], 'yellow': []}

	WIP
Bands that are used to observe targets on the ground
This is just a rough first pass

Example

>>> from geowatch.utils.util_bands import *
>>> assert GROUND.issubset(set(EO_COMMONNAMES.keys()))










	
geowatch.utils.util_bands.GROUND = {'blue', 'coastal', 'green', 'nir', 'nir08', 'nir09', 'pan', 'red', 'rededge', 'yellow'}

	These band fields can be accessed as python objects as well using pystac

Example

>>> from pystac.extensions.eo import Band
>>> from geowatch.utils.util_bands import *
>>> for band in ALL_BANDS:
>>>     band.pop('gsd', None)  # pystac doesn't support this yet
>>>     b = Band.create(**band)










	
geowatch.utils.util_bands.specialized_index_bands(bands=None, coco_img=None, symbolic=False)

	Ported from code from by (Yongquan Zhao on 26 April 2017)

References

https://mail.google.com/mail/u/1/#chat/space/AAAAE5jpxTc

Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> from geowatch.utils.util_bands import *  # NOQA
>>> from geowatch.utils.util_data import find_dvc_dpath
>>> import kwcoco
>>> import ubelt as ub
>>> dvc_dpath = find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'drop1-S2-L8-aligned/data.kwcoco.json'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> from geowatch.utils import kwcoco_extensions
>>> gid = ub.peek(dset.index.imgs.keys())
>>> vidid = dset.index.name_to_video['BH_Manama_R01']['id']
>>> gid = dset.index.vidid_to_gids[vidid][0]
>>> coco_img = dset.coco_image(gid)
>>> print('coco_img.channels = {!r}'.format(coco_img.channels))
>>> symbolic = False
>>> indexes = specialized_index_bands(coco_img=coco_img)
>>> #indexes = ub.dict_isect(indexes, {"ASI", 'AF_Norm', 'SSF_Norm', 'VSF_Norm', 'MF_Norm'})
>>> indexes = ub.dict_isect(indexes, {"ASI"})
>>> import kwarray
>>> print(ub.urepr(ub.map_vals(kwarray.stats_dict, indexes), nl=1))
>>> import pandas as pd
>>> print(pd.DataFrame(ub.map_vals(kwarray.stats_dict, indexes)))
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> import kwimage
>>> kwplot.autompl()
>>> pnum_ = kwplot.PlotNums(nSubplots=len(indexes))
>>> #value = kwimage.normalize_intensity(coco_img.imdelay('red|green|blue').finalize())
>>> #kwplot.imshow(value, title='red|green|blue', pnum=pnum_())
>>> for key, value in indexes.items():
>>>     kwplot.imshow(kwimage.normalize(value), title=key, pnum=pnum_())





# Example:
#     >>> # xdoctest: +REQUIRES(module:sympy)
#     >>> from geowatch.utils.util_bands import *  # NOQA
#     >>> symbolic = True
#     >>> indexes = specialized_index_bands(coco_img=None, symbolic=symbolic)
#     >>> import sympy as sym
#     >>> for key, index in indexes.items():
#     >>>     print(‘===============’)
#     >>>     print(‘key = {!r}’.format(key))
#     >>>     print(’nOrig {}’.format(key))
#     >>>     print(index)
#     >>>     print(’nSimplified {}’.format(key))
#     >>>     print(sym.simplify(index))






	
geowatch.utils.util_bands.specialized_index_bands2(delayed=None)

	Ported from code from by (Yongquan Zhao on 26 April 2017)

References

https://mail.google.com/mail/u/1/#chat/space/AAAAE5jpxTc

Example

>>> # xdoctest: +REQUIRES(env:DVC_DPATH)
>>> from geowatch.utils.util_bands import *  # NOQA
>>> from geowatch.utils.util_data import find_dvc_dpath
>>> import kwcoco
>>> dvc_dpath = find_dvc_dpath()
>>> coco_fpath = dvc_dpath / 'Aligned-Drop4-2022-07-28-c20-TA1-S2-L8-ACC/data_vali.kwcoco.json'
>>> dset = kwcoco.CocoDataset(coco_fpath)
>>> #from geowatch.utils import kwcoco_extensions
>>> gid = dset.images().compress([s == 'L8' for s in dset.images().get('sensor_coarse')]).objs[200]['id']
>>> #gid = ub.peek(dset.index.imgs.keys())
>>> coco_img = dset.coco_image(gid)
>>> #print('coco_img.channels = {!r}'.format(coco_img.channels))
>>> delayed = coco_img.imdelay(space='video', nodata_method='float')
>>> symbolic = False
>>> indexes = specialized_index_bands2(delayed)
>>> import kwarray
>>> #print(ub.urepr(ub.map_vals(kwarray.stats_dict, indexes), nl=1))
>>> #import pandas as pd
>>> #print(pd.DataFrame(ub.map_vals(kwarray.stats_dict, indexes)))
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> import kwimage
>>> kwplot.autompl()
>>> pnum_ = kwplot.PlotNums(nSubplots=len(indexes) + 1)
>>> kwplot.figure(fnum=3)
>>> kwplot.imshow(value, title=key, pnum=pnum_(), cmap=None if key == 'MaskValid' else 'viridis', data_colorbar=True)
>>> rgb = delayed.take_channels('red|green|blue').finalize()
>>> rgb_canvas = kwimage.normalize_intensity(rgb)
>>> kwplot.imshow(rgb_canvas, title='rgb', pnum=pnum_())
>>> indexes['MaskValid'] = indexes['MaskValid'].astype(np.float32)
>>> for key, value in indexes.items():
>>>     value = value.astype(np.float32)
>>>     #value = kwimage.normalize(value.astype(np.float32))
>>>     kwplot.imshow(value, title=key, pnum=pnum_(), cmap=None if key == 'MaskValid' else 'viridis', data_colorbar=True)
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geowatch.utils.util_codes module


	
geowatch.utils.util_codes.parse_delimited_argstr(data)

	Special suffixes can be added to generic demo names. Parse them out here.
Arguments are - separated, only known defaulted values are parsed. Bare
default names are interpreted as a value of True, otherwise the value
should be numeric. TODO: generalize this and conslidate in the kwcoco
demo method.

Example

>>> from geowatch.utils.util_codes import *  # NOQA
>>> data = 'foo-bar-baz1-biz2.3'
>>> defaults = {}
>>> alias_to_key = None
>>> parse_delimited_argstr(data)
{'foo': True, 'bar': True, 'baz': 1, 'biz': 2.3}
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geowatch.utils.util_data module


Todo


	[ ] make a nicer DVC registry API and CLI


	[ ] rename







	SeeAlso:
	../cli/find_dvc.py
python -m geowatch find_dvc list –hardware=ssd –tags=phase2_data
python -m geowatch find_dvc list –hardware=hdd –tags=phase2_data
python -m geowatch find_dvc list –hardware=auto –tags=phase2_data






	
class geowatch.utils.util_data.DataRegistry(registry_fpath=None)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Provide a quick way of storing and querying for machine specific paths


	
pandas(**kwargs)

	




	
list(**kwargs)

	




	
_open()

	




	
add(name, path, **kwargs)

	




	
set(name, path=None, **kwargs)

	Set an attribute of a row






	
remove(name)

	




	
read()

	




	
query(must_exist=False, **kwargs)

	




	
find(on_error='raise', envvar=None, **kwargs)

	








	
geowatch.utils.util_data.find_dvc_dpath(name=NoParam, on_error='raise', **kwargs)

	Return the location of the GEOWATCH DVC Data path if it exists and is in
a “standard” location.

NOTE: other team members can add their “standard” locations if they want.


	SeeAlso:
	WATCH_DATA_DPATH=$(geowatch_dvc)

python -m geowatch.cli.find_dvc –hardware=hdd
python -m geowatch.cli.find_dvc –hardware=ssd










	
geowatch.utils.util_data.find_smart_dvc_dpath(*args, **kw)
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geowatch.utils.util_dotdict module

Utilities for dictionaries where dots in keys represent nestings


	
geowatch.utils.util_dotdict.dotdict_to_nested(d)

	




	
geowatch.utils.util_dotdict.dotkeys_to_nested(keys)

	
	Parameters:

	keys (List[str]) – a list of dotted key names










	
class geowatch.utils.util_dotdict.DotDict(*args, **kwargs)

	Bases: UDict [https://ubelt.readthedocs.io/en/latest/ubelt.util_dict.html#ubelt.util_dict.UDict]

I’m sure this data structure exists on pypi.
This should be replaced with that if we find it.


	SeeAlso:
	DotDictDataFrame





Example

>>> from geowatch.utils.util_dotdict import *  # NOQA
>>> self = DotDict({
>>>     'proc1.param1': 1,
>>>     'proc1.param2': 2,
>>>     'proc2.param1': 3,
>>>     'proc2.param2': 4,
>>>     'proc3.param1': 5,
>>>     'proc3.param2': 6,
>>>     'proc4.part1.param1': 7,
>>>     'proc4.part1.param2': 8,
>>>     'proc4.part2.param2': 9,
>>>     'proc4.part2.param2': 10,
>>> })
>>> self.get('proc1')
>>> self.prefix_get('proc4')
>>> 'proc1' in self





>>> nested = self.to_nested()
>>> recon = DotDict.from_nested(nested)
>>> assert nested != self
>>> assert recon == self






	
classmethod from_nested(data)

	
	Parameters:

	data (Dict) – nested data










	
to_nested()

	




	
to_nested_keys()

	




	
property _prefix_trie

	




	
prefix_get(key, default=NoParam)

	




	
add_prefix(prefix)

	Adds a prefix to all items






	
insert_prefix(prefix, index)

	Adds a prefix to all items


	Parameters:

	
	prefix (str) – prefix to insert


	index (int) – the depth to insert the new param








Example

>>> from geowatch.utils.util_dotdict import *  # NOQA
>>> self = DotDict({
>>>     'proc1.param1': 1,
>>>     'proc1.param2': 2,
>>>     'proc2.param1': 3,
>>>     'proc4.part1.param2': 8,
>>>     'proc4.part2.param2': 9,
>>>     'proc4.part2.param2': 10,
>>> })
>>> new = self.insert_prefix('foo', index=1)
>>> print('self = {}'.format(ub.urepr(self, nl=1)))
>>> print('new = {}'.format(ub.urepr(new, nl=1)))










	
print_graph()

	




	
query_keys(col)

	Finds columns where one level has this key

Example

>>> from geowatch.utils.util_dotdict import *  # NOQA
>>> self = DotDict({
>>>     'proc1.param1': 1,
>>>     'proc1.param2': 2,
>>>     'proc2.param1': 3,
>>>     'proc4.part1.param2': 8,
>>>     'proc4.part2.param2': 9,
>>>     'proc4.part2.param2': 10,
>>> })
>>> list(self.query_keys('param1'))














	
geowatch.utils.util_dotdict.indexable_to_graph(data)

	




	
geowatch.utils.util_dotdict.explore_nested_dict(data)

	TODO: some sort of textual interface
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geowatch.utils.util_framework module


	
geowatch.utils.util_framework.egress_item(stac_item, outbucket, aws_base_command)

	




	
geowatch.utils.util_framework.ingress_item(feature, outdir, aws_base_command, dryrun, relative=False, virtual=False)

	Originally from the baseline_framework_ingress code; could probably be
cleaned up.

FIXME: Something is this is not concurrent-safe






	
geowatch.utils.util_framework.download_mtd_msil1c(product_id, metadata_href, outdir, aws_base_command, dryrun)

	




	
geowatch.utils.util_framework.download_file(href, outpath, aws_base_command, dryrun)

	




	
geowatch.utils.util_framework.download_http_file(url, outpath)

	




	
class geowatch.utils.util_framework.CacheItemOutputS3Wrapper(item_map, outbucket, aws_profile=None)

	Bases: object [https://docs.python.org/3/library/functions.html#object]






	
geowatch.utils.util_framework._default_item_selector(stac_item)

	




	
geowatch.utils.util_framework._default_asset_selector(asset_name, asset)

	




	
class geowatch.utils.util_framework.IngressProcessEgressWrapper(item_map, outbucket, aws_base_command, dryrun=False, stac_item_selector=<function _default_item_selector>, asset_selector=<function _default_asset_selector>, skip_egress=False)

	Bases: object [https://docs.python.org/3/library/functions.html#object]






	
geowatch.utils.util_framework.download_region(input_region_path, output_region_path, aws_profile=None, strip_nonregions=False, ensure_comments=False)

	




	
geowatch.utils.util_framework.determine_region_id(region_fpath)

	
	Parameters:

	region_fpath (str | PathLike) – the path to a region model geojson file



	Returns:

	the region id if we can find one



	Return type:

	str [https://docs.python.org/3/library/stdtypes.html#str] | None










	
class geowatch.utils.util_framework.AWS_S3_Command(command, *args, **options)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Helper to build and execute AWS S3 bash commands


Note

probably should use fsspec instead of this in most cases.



References

https://docs.aws.amazon.com/cli/latest/reference/s3/

Example

>>> from geowatch.utils.util_framework import *  # NOQA
>>> self = AWS_S3_Command('ls', 's3://foo/bar')
>>> self.update(profile='myprofile')
>>> print(self.finalize())
['aws', 's3', '--profile', 'myprofile', 'ls', 's3://foo/bar']
>>> self = AWS_S3_Command('cp', 's3://foo/bar', '/foo/bar', quiet=True, no_progress=True, color='auto')
>>> print(self.finalize())
['aws', 's3', '--quiet', '--no-progress', '--color', 'auto', 'cp', 's3://foo/bar', '/foo/bar']





Example

>>> # Reuse the same command object with different positional args
>>> aws_cmd = AWS_S3_Command('cp')
>>> aws_cmd.update(
>>>     profile='myprof',
>>>     only_show_errors=True
>>> )
>>> aws_cmd.args = ['s3://data1', '/local/data1']
>>> print(aws_cmd.finalize())
['aws', 's3', '--only-show-errors', '--profile', 'myprof', 'cp', 's3://data1', '/local/data1']
>>> # Set the `args` attribute to get a new command while keeping
>>> # existing options.
>>> aws_cmd.update(recursive=True)
>>> aws_cmd.args = ['s3://data2', '/local/data2']
>>> print(aws_cmd.finalize())
['aws', 's3', '--only-show-errors', '--recursive', '--profile', 'myprof', 'cp', 's3://data2', '/local/data2']





Example

>>> # There is no need to specify the entire command. If you want
>>> # to simply build a command prefix, then that works too.
>>> aws_cmd = AWS_S3_Command('cp', profile='myprof', aws_storage_class='foobar')
>>> print(aws_cmd.finalize())
['aws', 's3', '--profile', 'myprof', '--aws-storage-class', 'foobar', 'cp']






	Parameters:

	
	command (str) – can be: cp, ls, mv, rm, sync


	*args – positional arguments


	**options – key value options (e.g. profile)









	
cmd_known_flags = {'cp': ['dryrun', 'quiet', 'follow-symlinks', 'no-follow-symlinks', 'no-guess-mime-type', 'only-show-errors', 'no-progress', 'ignore-glacier-warnings', 'force-glacier-transfer', 'recursive', 'debug', 'no-verify-ssl', 'no-paginate'], 'ls': ['recursive', 'human-readable', 'summarize', 'debug', 'no-verify-ssl', 'no-paginate', 'no-sign-request'], 'sync': ['dryrun', 'quiet', 'follow-symlinks', 'no-follow-symlinks', 'no-guess-mime-type', 'only-show-errors', 'no-progress', 'ignore-glacier-warnings', 'force-glacier-transfer', 'size-only', 'exact-timestamps', 'delete', 'debug', 'no-verify-ssl', 'no-paginate', 'no-sign-request']}

	




	
cmd_known_keyvals = {'cp': ['include', 'exclude', 'acl', 'sse', 'sse-c', 'sse-c-key', 'sse-kms-key-id', 'sse-c-copy-source', 'sse-c-copy-source-key', 'storage-class', 'grants', 'website-redirect', 'content-type', 'cache-control', 'content-disposition', 'content-encoding', 'content-language', 'expires', 'source-region', 'page-size', 'request-payer', 'metadata', 'metadata-directive', 'expected-size', 'endpoint-url', 'output', 'query', 'profile', 'region', 'version', 'color', 'no-sign-request', 'ca-bundle', 'cli-read-timeout', 'cli-connect-timeout'], 'ls': ['endpoint-url', 'page-size', 'request-payer', 'output', 'query', 'profile', 'region', 'version', 'color', 'ca-bundle', 'cli-read-timeout', 'cli-connect-timeout'], 'sync': ['include', 'exclude', 'acl', 'sse', 'sse-c', 'sse-c-key', 'sse-kms-key-id', 'sse-c-copy-source', 'sse-c-copy-source-key', 'storage-class', 'grants', 'website-redirect', 'content-type', 'cache-control', 'content-disposition', 'content-encoding', 'content-language', 'expires', 'source-region', 'page-size', 'request-payer', 'metadata', 'metadata-directive', 'endpoint-url', 'output', 'query', 'profile', 'region', 'version', 'color', 'ca-bundle', 'cli-read-timeout', 'cli-connect-timeout']}

	




	
update(arg=None, /, **options)

	Update key / value options.

This function is aware of what options need to be flags versus key/values

So quiet=True will result in –quiet, quiet=False will have include no option.
Likewise profile=foo will result in –profile foo and profile=None will include no option.






	
finalize()

	
	Returns:

	commands suitable for passing to POpen



	Return type:

	List[str [https://docs.python.org/3/library/stdtypes.html#str]]










	
run(check=True, shell=False, capture=False, verbose=3)

	Execute the S3 command


	Returns:

	ubelt cmd info dict



	Return type:

	Dict














	
geowatch.utils.util_framework.ta2_collate_output(aws_base_command, local_region_dir, local_sites_dir, destination_s3_bucket, performer_suffix='KIT')

	I think this is for putting the final system regions / sites into the place
that T&E wants them.






	
geowatch.utils.util_framework.fixup_and_validate_site_and_region_models(region_dpath, site_dpath)

	Read, fix, and validate all site and region models.






	
class geowatch.utils.util_framework.NodeStateDebugger

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Prints information about the current node that is helpful for debugging.

Use in the smartflow CLI nodes.

Maintains some internal state to keep things organized.

Example

>>> from geowatch.utils.util_framework import *  # NOQA
>>> import ubelt as ub
>>> watch_appdir_dpath = ub.Path.appdir('geowatch')
>>> self = NodeStateDebugger()
>>> self.print_environment()
>>> self.print_current_state(watch_appdir_dpath)
>>> self.print_current_state(watch_appdir_dpath)






	
print_environment()

	




	
print_current_state(dpath)

	








	
class geowatch.utils.util_framework.PrintLogger

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Ducktype a logger


	
info(msg, *args, **kwargs)

	




	
debug(msg, *args, **kwargs)

	




	
error(msg, *args, **kwargs)

	




	
warning(msg, *args, **kwargs)

	




	
critical(msg, *args, **kwargs)

	








	
geowatch.utils.util_framework._devcheck_retry()

	




	
geowatch.utils.util_framework._test_s3_hack()

	An issue that can occur in will manifest as:

[2023-10-27, 23:28:51 UTC] {pod_manager.py:342} INFO - botocore.exceptions.ClientError: An error occurred (RequestTimeTooSkewed) when calling the PutObject operation: The difference between the request time and the current time is too large.

botocore.exceptions.ClientError: An error occurred (RequestTimeTooSkewed) when calling the PutObject operation: The difference between the request time and the current time is too large.
File “/root/code/watch/geowatch/cli/smartflow_egress.py”, line 174, in smartflow_egress
local_path.copy(asset_s3_outpath)
File “/root/.pyenv/versions/3.11.2/lib/python3.11/site-packages/s3fs/core.py”, line 140, in _error_wrapper
raise err
PermissionError: The difference between the request time and the current time is too large.
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geowatch.utils.util_fsspec module

fsspec wrappers that should make working with S3 / the local file system
seemless.


Todo

Someone must have already implemented this somewhere. Find that to
either use directly or as a reference.




	Look into:
	https://github.com/fsspec/universal_pathlib
https://pypi.org/project/pathlibfs/






	
class geowatch.utils.util_fsspec.FSPath(path, *, fs=None)

	Bases: str [https://docs.python.org/3/library/stdtypes.html#str]

Provide a pathlib.Path-like way of interacting with fsspec.

This has a few notable differences with pathlib.Path. We inherit from
str [https://docs.python.org/3/library/stdtypes.html#str] because pathlib.Path [https://docs.python.org/3/library/pathlib.html#pathlib.Path] semantics can break protocols
sections of URIs. This means we have to use os.path [https://docs.python.org/3/library/os.path.html#module-os.path] functions
to implement things like FSPath.relative_to() and
FSPath.joinpath() (which behave differently than pathlib)


Note

Not all of the fsspec / pathlib operations are currently implemented,
add as needed.



Example

>>> cwd = FSPath.coerce('.')
>>> print(cwd)
>>> print(cwd.fs)






	
classmethod _new_fs(**kwargs)

	Create a new filesystem instance based on __protocol__






	
classmethod _current_fs(**kwargs)

	The “default” FileSystem object.  Get the most recent filesystem with
this protocol, or create a new one with defaults.


	Returns:

	AbstractFileSystem










	
property fs: AbstractFileSystem

	




	
classmethod coerce(path)

	Determine which backend to use automatically

Example

>>> path2 = FSPath.coerce('/local/path')
>>> print(f'path2={path2}')
>>> assert path2.is_local()
>>> # xdoctest: +REQUIRES(module:s3fs)
>>> path1 = FSPath.coerce('s3://demo_bucket')
>>> print(f'path1={path1}')
>>> assert path1.is_remote()










	
relative_to(other)

	




	
is_remote()

	




	
is_local()

	




	
open(mode='rb', block_size=None, cache_options=None, compression=None)

	Example

>>> from geowatch.utils import util_fsspec
>>> dpath = util_fsspec.LocalPath.appdir('geowatch/fsspec/tests/open').ensuredir()
>>> fpath = dpath / 'file.txt'
>>> file = fpath.open(mode='w')
>>> file.write('hello world')
>>> file.close()
>>> assert fpath.read_text() == fpath.open('r').read()










	
ls(detail=False, **kwargs)

	




	
touch(truncate=False, **kwargs)

	




	
move(path2, recursive='auto', maxdepth=None, verbose=1, **kwargs)

	




	
delete(recursive='auto', maxdepth=True, verbose=1)

	Deletes this file or this directory (and all of its contents)

Unlike fs.delete, this will not error if the file doesnt exist. See
FSPath.rm() if you want standard error-ing behavior.






	
rm(recursive='auto', maxdepth=True)

	Deletes this file or this directory (and all of its contents)






	
mkdir(create_parents=True, **kwargs)

	
Note

does nothing on some filesystems (e.g. S3)








	
stat()

	




	
is_dir()

	




	
is_file()

	




	
is_link()

	




	
exists()

	




	
write_text(value, **kwargs)

	




	
read_text(**kwargs)

	




	
walk(include_protocol='auto', **kwargs)

	
	Yields:

	Tuple[Self, List[str], List[str]] - root, dir names, file names










	
property parent

	




	
property name

	




	
property stem

	




	
property suffix

	




	
property suffixes

	




	
property parts

	




	
copy(dst, recursive='auto', maxdepth=None, on_error=None, callback=None, verbose=1, idempotent=True, overwrite=False, **kwargs)

	Copies this file or directory to dst

Abtracts fsspec copy / put / get.

If dst ends with a “/”, it will be assumed to be a directory, and
target files will go within.

Unlike fsspec, this attempts to be idempotent. See [FSSpecCopy].


	Parameters:

	
	dst (FSPath) – location to copy to


	recursive (bool | str) – If ‘auto’ (the default), attempt to determine if this is a
directory or a file. Set to True if it is a directory and False
otherwise. If you know what this is beforehand, you can set it
explicitly to be more efficient.


	maxdepth (int | None) – only makes sense when recursive is True


	callback (None | callable) – for put / get cases


	on_error (str) – either “raise”, “ignore”. Only applicable in the “copy” case.


	idempotent (bool) – if False, use standard fsspec behavior, otherwise attempt to
be idempotent.


	overwrite (bool) – if True, overwrite existing data instead of erroring. Defaults
to False.









Note

There are different functions depending on if we are going from
remote->remote (copy), local->remote (put), or remote->local (get)



References



[FSSpecCopy]
https://filesystem-spec.readthedocs.io/en/latest/copying.html





Example

>>> from geowatch.utils import util_fsspec
>>> dpath = util_fsspec.LocalPath.appdir('geowatch/fsspec/tests/copy').ensuredir()
>>> src_dpath = (dpath / 'src').ensuredir()
>>> for i in range(100):
...     (src_dpath / 'file_{i:03d}.txt').write_text('hello world' * 100)
>>> dst_dpath = (dpath / 'dst')
>>> dst_dpath.delete()
>>> src_dpath.copy(dst_dpath, verbose=3)
>>> dst_dpath.delete()
>>> if 0:
>>>     from fsspec.callbacks import TqdmCallback
>>>     callback = TqdmCallback(tqdm_kwargs={"desc": "Your tqdm description"})
>>>     src_dpath.copy(dst_dpath, callback=callback)










	
joinpath(*others)

	




	
tree(max_files=100, dirblocklist=None, show_nfiles='auto', return_text=False, return_tree=True, pathstyle='name', max_depth=None, with_type=False, abs_root_label=True, colors=False)

	Filesystem tree representation

Like the unix util tree, but allow writing numbers of files per directory
when given -d option

Ported from xdev.misc.tree_repr


Todo

instead of building the networkx structure and then waiting to
display everything, build and display simultaniously. Will require
using a modified version of write_network_text




	Parameters:

	
	max_files (int | None) – maximum files to print before supressing a directory


	pathstyle (str) – can be rel, name, or abs


	return_tree (bool) – if True return the tree


	return_text (bool) – if True return the text


	maxdepth (int | None) – maximum depth to descend


	abs_root_label (bool) – if True force the root to always be absolute


	colors (bool) – if True use rich

















	
class geowatch.utils.util_fsspec.LocalPath(path, *, fs=None)

	Bases: FSPath

The implementation for the local filesystem

CommandLine

xdoctest -m geowatch.utils.util_fsspec LocalPath
xdoctest geowatch/utils/util_fsspec.py





Example

>>> from geowatch.utils.util_fsspec import *  # NOQA
>>> dpath = ub.Path.appdir('geowatch/tests/util_fsspec/demo')
>>> dpath.delete().ensuredir()
>>> (dpath / 'file1.txt').write_text('data')
>>> (dpath / 'dpath').ensuredir()
>>> (dpath / 'dpath/file2.txt').write_text('data')
>>> self = LocalPath(dpath).absolute()
>>> print(f'self={self}')
>>> print(self.ls())
>>> info = self.tree()
>>> fsspec_dpath = (dpath / 'dpath')
>>> fsspec_fpath = (dpath / 'file1.txt')
>>> pathlib_dpath = ub.Path(dpath / 'pathlib_dpath')
>>> pathlib_fpath = ub.Path(dpath / 'pathlib_fpath')
>>> assert not pathlib_dpath.exists()
>>> assert not pathlib_fpath.exists()
>>> fsspec_dpath.copy(pathlib_dpath)
>>> fsspec_fpath.copy(pathlib_fpath)
>>> assert pathlib_dpath.exists()
>>> assert pathlib_fpath.exists()






	
ensuredir(mode=511)

	




	
absolute()

	




	
classmethod appdir(*args, **kw)

	








	
class geowatch.utils.util_fsspec.RemotePath(path, *, fs=None)

	Bases: FSPath

Abstract implementation for all remote filesystems






	
class geowatch.utils.util_fsspec.S3Path(path, *, fs=None)

	Bases: RemotePath

The specific S3 remote filesystem.

Control credentials with the environment variables: AWS_ACCESS_KEY_ID,
AWS_SECRET_ACCESS_KEY, and AWS_SESSION_TOKEN.

A single S3 filesystem is used by default, but you can work with multiple
of them if you pass in the fs object. E.g.


fs = S3Path._new_fs(profile=’iarpa’)
self = S3Path(‘s3://kitware-smart-watch-data/’, fs=fs)
self.ls()




To work with different S3 filesystems,

See [S3FS_Docs].


	Requirements:
	s3fs>=2023.6.0





References



[S3FS_Docs]
https://s3fs.readthedocs.io/en/latest/?badge=latest





Example

>>> # xdoctest: +REQUIRES(module:s3fs)
>>> fs = S3Path._new_fs()






	
_as_gdal_vsi()

	




	
ensuredir(mode=511)

	








	
class geowatch.utils.util_fsspec.SSHPath(path, *, fs=None)

	Bases: RemotePath


	
property host

	








	
class geowatch.utils.util_fsspec.MemoryPath(path, *, fs=None)

	Bases: FSPath








            

          

      

      

    

  

  
    
    

    geowatch.utils.util_gdal module
    

    
 
  

    
      
          
            
  
geowatch.utils.util_gdal module


	SeeAlso
	util_raster.py





References

https://gdal.org/programs/gdalwarp.html#cmdoption-gdalwarp-multi
https://gis.stackexchange.com/a/241810
https://trac.osgeo.org/gdal/wiki/UserDocs/GdalWarp#WillincreasingRAMincreasethespeedofgdalwarp
https://github.com/OpenDroneMap/ODM/issues/778


Todo


	TODO test this and see if it’s safe to add:
	–config GDAL_PAM_ENABLED NO





Removes .aux.xml sidecar files and puts them in the geotiff metadata
ex. histogram from fmask
https://stackoverflow.com/a/51075774
https://trac.osgeo.org/gdal/wiki/ConfigOptions#GDAL_PAM_ENABLED
https://gdal.org/drivers/raster/gtiff.html#georeferencing




	
geowatch.utils.util_gdal.import_gdal()

	




	
geowatch.utils.util_gdal.import_osr()

	




	
class geowatch.utils.util_gdal.DummyLogger

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
warning(msg, *args)

	








	
geowatch.utils.util_gdal._demo_geoimg_with_nodata()

	Example

fpath = _demo_geoimg_with_nodata()
self = LazyGDalFrameFile.demo()






	
class geowatch.utils.util_gdal.GDalCommandBuilder(command_name)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Helper for templating out gdal commands

Example

>>> from geowatch.utils.util_gdal import *  # NOQA
>>> builder = GDalCommandBuilder('madeupcmd')
>>> builder.flags.append('-flag1')
>>> builder.flags.append('-flag2')
>>> builder['-of'] = 'VRT'
>>> builder['-f1'] = 'flag1'
>>> builder['-f2'] = 'a b c d'
>>> builder['-xywh'] = ['x', 'y', 'w', 'h']
>>> builder.options['-oo']['FOO'] = 'bar'
>>> builder.options['-oo']['BAZ'] = 'biz'
>>> builder.options['--config']['CPL_LOG'] = '/dev/null'
>>> builder.options['--config']['SPACE_PATH'] = '/path with/spaces'
>>> builder.append('pos1')
>>> builder.append('pos2')
>>> builder.set_cog_options()
>>> command = builder.finalize()
>>> print(command)






	
property config_options

	




	
property common_options

	




	
property options

	




	
property flags

	




	
append(item)

	




	
extend(items)

	




	
finalize()

	
	Returns:

	the final bash command



	Return type:

	str [https://docs.python.org/3/library/stdtypes.html#str]










	
set_cog_options(compress='DEFLATE', blocksize=256, overviews='AUTO', overview_resampling='CUBIC')

	








	
geowatch.utils.util_gdal.gdal_single_translate(in_fpath, out_fpath, pixel_box=None, blocksize=256, compress='DEFLATE', tries=1, cooldown=1, verbose=0, eager=True, gdal_cachemax=None, num_threads=None, use_tempfile=True, timeout=None, overviews='AUTO', overview_resampling='CUBIC')

	Crops geotiffs using pixels


	Parameters:

	
	in_fpath (PathLike) – geotiff to translate


	out_fpath (PathLike) – output geotiff


	pixel_box (kwimage.Boxes) – box to crop to in pixel space.


	blocksize (int) – COG tile size


	compress (str) – gdal compression


	verbose (int) – verbosity level


	cooldown (int) – number of seconds to wait (i.e. “cool-down”) between tries


	eager (bool) – if True, executes the command, if False returns a list of all the
bash commands that would be executed, suitable for use in a command
queue.


	timeout (None | float) – number of seconds allowed to run gdal before giving up








CommandLine

xdoctest -m geowatch.utils.util_gdal gdal_single_translate





Example

>>> from geowatch.utils.util_gdal import *  # NOQA
>>> from geowatch.utils.util_gdal import _demo_geoimg_with_nodata
>>> from geowatch.utils import util_gis
>>> from geowatch.gis import geotiff
>>> in_fpath = ub.Path(_demo_geoimg_with_nodata())
>>> info = geotiff.geotiff_crs_info(in_fpath)
>>> gdf = util_gis.crs_geojson_to_gdf(info['geos_corners'])
>>> gdf = gdf.to_crs(4326) # not really wgs84, this is crs84
>>> # Test CRS84 cropping
>>> crs84_poly = kwimage.Polygon.coerce(gdf['geometry'].iloc[0])
>>> crs84_epsg = gdf.crs.to_epsg()
>>> crs84_space_box = crs84_poly.scale(0.5, about='center').to_boxes()
>>> crs84_out_fpath = ub.augpath(in_fpath, prefix='_crs84_crop')
>>> gdal_single_warp(in_fpath, crs84_out_fpath, local_epsg=crs84_epsg, space_box=crs84_space_box)





>>> # Test UTM cropping
>>> utm_gdf = util_gis.project_gdf_to_local_utm(gdf)
>>> utm_poly = kwimage.Polygon.coerce(utm_gdf['geometry'].iloc[0])
>>> utm_epsg = utm_gdf.crs.to_epsg()
>>> utm_space_box = utm_poly.scale(0.5, about='center').to_boxes()
>>> utm_out_fpath = ub.augpath(in_fpath, prefix='_utmcrop')
>>> gdal_single_warp(in_fpath, utm_out_fpath, local_epsg=utm_epsg, space_box=utm_space_box, box_epsg=utm_epsg)





>>> # Test Pixel cropping
>>> pxl_poly = kwimage.Polygon(exterior=info['pxl_corners'])
>>> pixel_box = pxl_poly.scale(0.5, about='center').to_boxes()
>>> pxl_out_fpath = ub.augpath(in_fpath, prefix='_pxlcrop')
>>> gdal_single_translate(in_fpath, pxl_out_fpath, pixel_box=pixel_box)





>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> imdata0 = kwimage.normalize(kwimage.imread(in_fpath, nodata='float'))
>>> imdata1 = kwimage.normalize(kwimage.imread(crs84_out_fpath, nodata='float'))
>>> imdata2 = kwimage.normalize(kwimage.imread(utm_out_fpath, nodata='float'))
>>> imdata3 = kwimage.normalize(kwimage.imread(pxl_out_fpath, nodata='float'))
>>> kwplot.imshow(imdata0, pnum=(1, 4, 1), title='orig')
>>> kwplot.imshow(imdata1, pnum=(1, 4, 2), title='crs84-crop')
>>> kwplot.imshow(imdata2, pnum=(1, 4, 3), title='utm-crop')
>>> kwplot.imshow(imdata3, pnum=(1, 4, 4), title='pxl-crop')





[image: ../_images/fig_geowatch_utils_util_gdal_gdal_single_translate_002.jpeg]
Example

>>> from geowatch.utils.util_gdal import *  # NOQA
>>> import kwimage
>>> in_fpath = kwimage.grab_test_image_fpath('amazon')
>>> out_fpath = 'foo.tif'
>>> commands = gdal_single_translate(in_fpath, out_fpath, eager=False)
>>> assert len(commands) == 2










	
class geowatch.utils.util_gdal._ShrinkingTimeout(value, minimum=0.0)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Helper to track timeouts over multiple sequential calls to subprocess such
that the value shrinks based on how much time has already passed. The
time shrinks down to a minimum value which is zero by default.

Example

>>> from geowatch.utils.util_gdal import _ShrinkingTimeout
>>> self = _ShrinkingTimeout(3.5)
>>> assert self.remaining() >= 0
>>> assert _ShrinkingTimeout(-3).remaining() == 0
>>> new1 = _ShrinkingTimeout.coerce(self)
>>> assert self is new1
>>> new2 = _ShrinkingTimeout.coerce(3.5)
>>> assert self is not new2
>>> new3 = _ShrinkingTimeout.coerce(None)
>>> assert new3.remaining() is None






	
remaining()

	Return the remaining timeout






	
classmethod coerce(value)

	








	
geowatch.utils.util_gdal.gdal_single_warp(in_fpath, out_fpath, space_box=None, local_epsg=4326, box_epsg=4326, nodata=None, rpcs=None, blocksize=256, compress='DEFLATE', overviews='AUTO', overview_resampling='CUBIC', as_vrt=False, use_te_geoidgrid=False, dem_fpath=None, error_logfile=None, tries=1, verbose=0, force_spatial_res=None, eager=True, timeout=None, cooldown=1, use_tempfile=True, gdal_cachemax=None, num_threads=None, warp_memory=None)

	Wrapper around gdalwarp


	Parameters:

	
	in_fpath (PathLike) – input geotiff path


	out_fpath (PathLike) – output geotiff path


	space_box (kwimage.Boxes) – Should be traditional crs84 ltrb (or lbrt?) – i.e.
(lonmin, latmin, lonmax, latmax) - when box_epsg is 4326


	local_epsg (int) – EPSG code for the CRS the final geotiff will be projected into.
This should be the UTM zone for the region if known. Otherwise
It can be 4326 to project into WGS84 or CRS84 (not sure which
axis ordering it will use by default).


	box_epsg (int) – this is the EPSG of the bounding box. Should usually be 4326.


	nodata (int | None) – only specify if in_fpath does not already have a nodata value


	rpcs (dict) – the “rpc_transform” from
geowatch.gis.geotiff.geotiff_crs_info, if that information
is available and orthorectification is desired.


	as_vrt (bool) – undocumented


	use_te_geoidgrid (bool) – undocumented


	dem_fpath (bool) – undocumented


	error_logfile (None | PathLike) – If specified, errors will be logged to this filepath.


	tries (int) – gdal can be flakey, set to force some number of retries.
Ignored if eager is False.


	force_spatial_res (float | tuple(float, float)) – Force spatial
resolution for output images.


	eager (bool) – if True, executes the command, if False returns a list of all the
bash commands that would be executed, suitable for use in a command
queue.


	cooldown (int) – number of seconds to wait (i.e. “cool-down”) between tries


	timeout (None | float) – number of seconds allowed to run gdal before giving up






	Returns:

	Nothing if executing the command. If eager=False, returns the
commands that would have been executed.



	Return type:

	None | List[str [https://docs.python.org/3/library/stdtypes.html#str]]





Notes


	In gdalwarp:
	-s_srs - Set source spatial reference
-t_srs - Set target spatial reference

-te_srs - Specifies the SRS in which to interpret the coordinates given with -te.
-te - Set georeferenced extents of output file to be created





Example

>>> import kwimage
>>> from geowatch.utils.util_gdal import gdal_single_warp
>>> in_fpath = '/vsicurl/https://sentinel-cogs.s3.us-west-2.amazonaws.com/sentinel-s2-l2a-cogs/23/K/PQ/2019/6/S2B_23KPQ_20190623_0_L2A/B03.tif'
>>> from osgeo import gdal
>>> info = gdal.Info(in_fpath, format='json')
>>> bound_poly = kwimage.Polygon.coerce(info['wgs84Extent'])
>>> crop_poly = bound_poly.scale(0.02, about='centroid')
>>> space_box = crop_poly.to_boxes()
>>> out_fpath = ub.Path.appdir('fds').ensuredir() / 'cropped.tif'
>>> error_logfile = '/dev/null'
>>> gdal_single_warp(in_fpath, out_fpath, space_box=space_box, error_logfile=error_logfile, verbose=3)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> data = kwimage.imread(out_fpath)
>>> canvas = kwimage.normalize_intensity(data)
>>> kwplot.imshow(canvas)





[image: ../_images/fig_geowatch_utils_util_gdal_gdal_single_warp_002.jpeg]
Example

>>> # Test non-eager version
>>> import kwimage
>>> from geowatch.utils.util_gdal import gdal_single_warp
>>> in_fpath = '/vsicurl/https://sentinel-cogs.s3.us-west-2.amazonaws.com/sentinel-s2-l2a-cogs/23/K/PQ/2019/6/S2B_23KPQ_20190623_0_L2A/B03.tif'
>>> from osgeo import gdal
>>> info = gdal.Info(in_fpath, format='json')
>>> bound_poly = kwimage.Polygon.coerce(info['wgs84Extent'])
>>> crop_poly = bound_poly.scale(0.02, about='centroid')
>>> space_box = crop_poly.to_boxes()
>>> out_fpath = ub.Path.appdir('fds').ensuredir() / 'cropped.tif'
>>> commands = gdal_single_warp(in_fpath, out_fpath, space_box=space_box, verbose=3, eager=False)
>>> assert len(commands) == 2





References

https://gdal.org/programs/gdalwarp.html






	
geowatch.utils.util_gdal.gdal_multi_warp(in_fpaths, out_fpath, space_box=None, local_epsg=4326, box_epsg=4326, nodata=None, tries=1, cooldown=1, blocksize=256, compress='DEFLATE', overviews='AUTO', overview_resampling='CUBIC', error_logfile=None, _intermediate_vrt=False, verbose=0, return_intermediate=False, force_spatial_res=None, eager=True, gdal_cachemax=None, num_threads=None, warp_memory=None, use_tempfile=True, timeout=None, **kwargs)

	See gdal_single_warp() for args

NOTE: it is important to set the nodata argument for gdalmerge [SO187522]
if you want to preserver them.

Example

>>> # xdoctest: +REQUIRES(--slow)
>>> # Uses data from the data cube with extra=1
>>> from geowatch.utils.util_gdal import *  # NOQA
>>> from geowatch.cli.coco_align import SimpleDataCube
>>> import ubelt as ub
>>> cube, region_df = SimpleDataCube.demo(with_region=True, extra=True)
>>> local_epsg = 32635
>>> space_box = kwimage.Polygon.from_shapely(region_df.geometry.iloc[1]).bounding_box().to_ltrb()
>>> dpath = ub.Path.appdir('geowatch/test/gdal_multi_warp').ensuredir()
>>> out_fpath = ub.Path(dpath) / 'test_multi_warp.tif'
>>> out_fpath.delete()
>>> in_fpath1 = cube.coco_dset.get_image_fpath(2)
>>> in_fpath2 = cube.coco_dset.get_image_fpath(3)
>>> in_fpaths = [in_fpath1, in_fpath2]
>>> rpcs = None
>>> gdal_multi_warp(in_fpaths, out_fpath=out_fpath, space_box=space_box,
>>>                 local_epsg=local_epsg, rpcs=rpcs, verbose=3)





Example

>>> from geowatch.utils.util_gdal import *  # NOQA
>>> from geowatch.utils.util_gdal import _demo_geoimg_with_nodata
>>> from geowatch.utils import util_gis
>>> from geowatch.gis import geotiff
>>> in_fpath = ub.Path(_demo_geoimg_with_nodata())
>>> info = geotiff.geotiff_crs_info(in_fpath)
>>> gdf = util_gis.crs_geojson_to_gdf(info['geos_corners'])
>>> gdf = gdf.to_crs(4326) # not really wgs84, this is crs84
>>> crs84_poly = kwimage.Polygon.coerce(gdf['geometry'].iloc[0])
>>> crs84_epsg = gdf.crs.to_epsg()
>>> crs84_space_box = crs84_poly.scale(0.5, about='center').to_boxes()
>>> crs84_out_fpath = ub.augpath(in_fpath, prefix='_crs84_crop_2_')
>>> in_fpaths = [in_fpath, in_fpath, in_fpath]
>>> # Test that timeouts work
>>> import pytest
>>> with pytest.raises(subprocess.TimeoutExpired):
...     gdal_multi_warp(in_fpaths, crs84_out_fpath, local_epsg=crs84_epsg, space_box=crs84_space_box, timeout=0)





# Dev case:
# The first part should work, but later parts should fail
if 0:



	with ub.Timer() as timer:
	gdal_multi_warp(in_fpaths, crs84_out_fpath, local_epsg=crs84_epsg, space_box=crs84_space_box, verbose=3)





print(f’timer.elapsed={timer.elapsed}’)
gdal_multi_warp(in_fpaths, crs84_out_fpath, local_epsg=crs84_epsg, space_box=crs84_space_box, timeout=timer.elapsed * 0.6, verbose=3)




Example

>>> # xdoctest: +REQUIRES(--slow)
>>> # Uses data from the data cube with extra=1
>>> from geowatch.utils.util_gdal import *  # NOQA
>>> import ubelt as ub
>>> local_epsg = 32635
>>> space_box = kwimage.Polygon.random().bounding_box().to_ltrb()
>>> out_fpath = 'lazy_multi_warp.tif'
>>> in_fpaths = ['dummy1.tif', 'dummy2.tif']
>>> commands = gdal_multi_warp(
>>>     in_fpaths, out_fpath=out_fpath, space_box=space_box,
>>>     local_epsg=local_epsg, verbose=3, eager=False)
>>> for cmd in commands:
>>>     print(cmd)






	Returns:

	Nothing if executing the command. If eager=False, returns the
commands that would have been executed.



	Return type:

	None | List[str [https://docs.python.org/3/library/stdtypes.html#str]]





References



[SO187522]
https://gis.stackexchange.com/questions/187522/keep-nodata-values-when-using-gdal-merge










	
geowatch.utils.util_gdal._execute_gdal_command_with_checks(command, out_fpath, tries=1, cooldown=1, shell=False, check_after=True, verbose=0, timeout=None)

	Given a gdal command and the expected file that it should produce
try to execute a few times and check that it produced a valid result.






	
geowatch.utils.util_gdal.list_gdal_drivers()

	List all drivers currently available to GDAL to create a raster


	Returns:

	list((driver_shortname, driver_longname, list(driver_file_extension)))





Example

>>> from geowatch.utils.util_gdal import *
>>> drivers = list_gdal_drivers()
>>> print('drivers = {}'.format(ub.urepr(drivers, nl=1)))
>>> assert ('GTiff', 'GeoTIFF', ['tif', 'tiff']) in drivers










	
geowatch.utils.util_gdal.GdalOpen(path, mode='r', **kwargs)

	A simple context manager for friendlier gdal use.


	Returns:

	GdalDataset





Example

>>> # xdoctest: +REQUIRES(--network)
>>> from geowatch.utils.util_gdal import *
>>> from osgeo import gdal
>>> from geowatch.demo.landsat_demodata import grab_landsat_product
>>> path = grab_landsat_product()['bands'][0]
>>> #
>>> # standard use:
>>> dataset = gdal.Open(path)
>>> print(dataset.GetDescription())  # do stuff
>>> del dataset  # or 'dataset = None'
>>> #
>>> # equivalent:
>>> with GdalOpen(path) as dataset:
>>>     print(dataset.GetDescription())  # do stuff
>>> #
>>> # open for writing:
>>> with GdalOpen(path, gdal.GA_Update) as dataset:
>>>     print(dataset.GetDescription())  # do stuff










	
class geowatch.utils.util_gdal.GdalSupressWarnings

	Bases: object [https://docs.python.org/3/library/functions.html#object]

References

https://gdal.org/api/python_gotchas.html

This currently will suppress warnings entirely. We could build this into
something a big nicer.


	
handler(err_level, err_no, err_msg)

	








	
class geowatch.utils.util_gdal.GdalDataset(_GdalDataset__ref, _path='?', _str_mode='?')

	Bases: NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr]

A wrapper around gdal.Open and the underlying dataset it returns.

This object is completely transparent and offers the same API as the
osgeo.gdal.Dataset returned by :func`:osgeo.gdal.GDalOpen`.

This object can be used as a context manager. By default the GDAL dataset
is opened when the object is created, and it is closed when either
close is called or the __exit__ method is called by a context
manager. When the object is closed the underlying GDAL objet is
dereferenced and garbage collected.


	Parameters:

	
	path (PathLike) – a path or string referencing a gdal image file


	mode (str | int) – a gdal GA (Gdal Access) integer code or
a string that can be: ‘readonly’ or ‘update’ or the equivalent
standard mode codes: ‘r’ and ‘w+’.


	virtual_retries (int) – If the path is a reference to a virtual file system
(i.e. starts with vsi) then we try to open it this many times
before we finally fail.








Example

>>> # Demonstrate use cases of this object
>>> from geowatch.utils.util_gdal import *
>>> import kwimage
>>> # Grab demo path we can test with
>>> path = kwimage.grab_test_image_fpath()
>>> #
>>> #
>>> # Method1: Use GDalOpen exactly the same as gdal.Open
>>> ref = GdalDataset.open(path)
>>> print(f'{ref=!s}')
>>> assert not ref.closed
>>> ref.GetDescription()  # use GDAL API exactly as-is
>>> assert not ref.closed
>>> ref.close()  # Except you can now do this
>>> print(f'{ref=!s}')
>>> assert ref.closed
>>> #
>>> #
>>> # Method2: Use GDalOpen exactly the same as gdal.GdalDataset
>>> with GdalDataset.open(path, mode='r') as ref:
>>>     ref.GetDescription()  # do stuff
>>>     print(f'{ref=!s}')
>>>     assert not ref.closed
>>> print(f'{ref=!s}')
>>> assert ref.closed





Example

>>> # Test virtual filesystem
>>> # xdoctest: +REQUIRES(--network)
>>> from geowatch.utils.util_gdal import *  # NOQA
>>> path = '/vsicurl/https://i.imgur.com/KXhKM72.png'
>>> ref = GdalDataset.open(path)
>>> data = ref.GetRasterBand(1).ReadAsArray()
>>> assert data.sum() == 37109758





Do not call this method directly. Use GdalDataset.open


	
classmethod open(path, mode='r', virtual_retries=3, cooldown=0.1)

	Create a new dataset in read or write mode.


	Parameters:

	
	path (str | PathLike) – the path or URI to open


	mode (str) – either ‘r’ for read only or ‘w+’ for update mode.


	virtual_retries (int) – number of times to attempt to open the
dataset when the URI points to a non-local resource


	cooldown (float) – seconds between retry attempts






	Returns:

	GdalDataset










	
classmethod coerce(data, mode=None, **kwargs)

	Ensures the underlying object is a gdal dataset.






	
property closed

	




	
property mode

	




	
property shape

	




	
close()

	Closes this dataset.

Part of the GDalOpen Wrapper.
Closes this dataset and dereferences the underlying GDAL object.

Note: this will not work if the __ref attribute as accessed outside of
this wrapper class.






	
info()

	Information similar to gdalinfo (in json format)






	
get_overview_info()

	get number of overviews for each band.






	
get_all_metadata()

	References

https://gdal.org/user/raster_data_model.html
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geowatch.utils.util_girder module


	
geowatch.utils.util_girder.grabdata_girder(api_url, resource_id, name=None, dpath=None, hash_prefix=None, appname='geowatch/girder', api_key=None, verbose=1)

	Downloads and caches a file or folder from girder.


	Parameters:

	
	api_url (str) – the URL to the girder server


	resource_id (str) – the id of the resource (e.g. file or folder).


	name (str, default=None) – the desired name of the downloaded resource
on disk if unspecified, the name of the resource on the girder
server will be used.


	dapth (str, default=None) – the path to download the resource to


	hash_prefix (str, default=None) – If provided, and the item is a file, check that the prefix of the
hash provided by girder matches this prefix. If the item is a
folder, then this is not used.


	appname (str, default=’geowatch’) – if dpath is not given, then the ubelt app_cache_dir for this
application name is used.


	api_key (str) – Your API key to autheticate with to access private data.
If unspecified the GIRDER_API_KEY environ is used.


	verbose (int, default=1) – verbosity flag, if non-zero prints download progress.









	Requirements:
	pip install girder-client





Example

>>> # xdoctest: +REQUIRES(--network)
>>> from geowatch.utils.util_girder import *  # NOQA
>>> from os.path import basename
>>> api_url = 'https://data.kitware.com/api/v1'
>>> resource_id = '59eb64678d777f31ac6477eb'
>>> fpath = grabdata_girder(api_url, resource_id,
>>>                         hash_prefix='79974f400aa50')
>>> assert basename(fpath) == 'us.json'
>>> resource_id = '59eb64298d777f31ac6477e8'
>>> fpath = grabdata_girder(api_url, resource_id)
>>> assert basename(fpath) == 'boundries'
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geowatch.utils.util_gis module

Utilities for geopandas and other geographic information system tools


	
geowatch.utils.util_gis.plot_geo_background()

	




	
geowatch.utils.util_gis.geopandas_pairwise_overlaps(gdf1, gdf2, locator='iloc', predicate='intersects')

	Find pairwise relationships between each geometries


	Parameters:

	
	gdf1 (GeoDataFrame) – query geo data


	gdf2 (GeoDataFrame) – database geo data (builds spatial index)


	locator (str) – either iloc for positional indexes or loc for pandas indexes.


	predicate (str, default=’intersects’) – a DE-9IM [1] predicate.
(e.g. if intersection finds intersections between geometries)








References

..[1] https://en.wikipedia.org/wiki/DE-9IM


Todo


	[ ] This can move to geowatch.utils







	Returns:

	mapping from integer-iloc-indexes in gdf1 to
overlapping integer-iloc-indexes in gdf2



	Return type:

	dict [https://docs.python.org/3/library/stdtypes.html#dict]





Example

>>> from geowatch.utils.util_gis import *  # NOQA
>>> import geopandas as gpd
>>> gpd.GeoDataFrame()
>>> gdf1 = gpd.read_file(
>>>     gpd.datasets.get_path('naturalearth_lowres')
>>> )
>>> gdf2 = gpd.read_file(
>>>     gpd.datasets.get_path('naturalearth_cities')
>>> )
>>> gdf1 = gdf1.set_index('name')
>>> gdf2 = gdf2.set_index('name')
>>> idx_mapping = geopandas_pairwise_overlaps(gdf1, gdf2, locator='iloc')
>>> id_mapping = geopandas_pairwise_overlaps(gdf1, gdf2, locator='loc')





Benchmark

import timerit
ti = timerit.Timerit(10, bestof=3, verbose=2)
for timer in ti.reset(‘with sindex O(N * log(M))’):



	with timer:
	fast_mapping = geopandas_pairwise_overlaps(gdf1, gdf2)









	for timer in ti.reset(‘without sindex O(N * M)’):
	
	with timer:
	from collections import defaultdict
slow_mapping = defaultdict(list)
for idx1, geom1 in enumerate(gdf1.geometry):


slow_mapping[idx1] = []
for idx2, geom2 in enumerate(gdf2.geometry):



	if geom1.intersects(geom2):
	slow_mapping[idx1].append(idx2)



















# check they are the same
assert set(slow_mapping) == set(fast_mapping)
for idx1 in slow_mapping:


slow_idx2s = slow_mapping[idx1]
fast_idx2s = fast_mapping[idx1]
assert sorted(fast_idx2s) == sorted(slow_idx2s)









	
geowatch.utils.util_gis.latlon_text(lat, lon, precision=6)

	Make a lat,lon string suitable for a filename.

Pads with leading zeros so file names will align nicely at the same level
of prcision.


	Parameters:

	
	lat (float) – degrees latitude


	lon (float) – degrees longitude


	precision (float, default=6) –


	Number of trailing decimal places. As rule of thumb set this to:
	6 - for ~10cm accuracy,
5 - for ~1m accuracy,
2 - for ~1km accuracy,














Todo


	[ ] This can move to geowatch.utils






Notes

1 degree of latitude is very roughly the order of 100km, so the
default precision of 6 localizes down to ~0.1 meters, which will
usually be sufficient for satellite applications, but be mindful of
using this text in applications that require more precision. Note 1
degree of longitude will vary, but will always be at least as precise
as 1 degree of latitude.

Example

>>> lat = 90
>>> lon = 180
>>> print(latlon_text(lat, lon))
N90.000000E180.000000





>>> lat = 0
>>> lon = 0
>>> print(latlon_text(lat, lon))
N00.000000E000.000000





Example

>>> print(latlon_text(80.123, 170.123))
>>> print(latlon_text(10.123, 80.123))
>>> print(latlon_text(0.123, 0.123))
N80.123000E170.123000
N10.123000E080.123000
N00.123000E000.123000





>>> print(latlon_text(80.123, 170.123, precision=2))
>>> print(latlon_text(10.123, 80.123, precision=2))
>>> print(latlon_text(0.123, 0.123, precision=2))
N80.12E170.12
N10.12E080.12
N00.12E000.12





>>> print(latlon_text(80.123, 170.123, precision=5))
>>> print(latlon_text(10.123, 80.123, precision=5))
>>> print(latlon_text(0.123, 0.123, precision=5))
N80.12300E170.12300
N10.12300E080.12300
N00.12300E000.12300










	
geowatch.utils.util_gis.demo_regions_geojson_text()

	




	
geowatch.utils.util_gis.load_geojson(file, default_axis_mapping='OAMS_TRADITIONAL_GIS_ORDER')

	
	Parameters:

	
	file (str | file) – path or file object containing geojson data.


	axis_mapping (str, default=’OAMS_TRADITIONAL_GIS_ORDER’) – The axis-ordering of the geojson file on disk.  This is assumed to
be traditional ordering by default according to the geojson spec.






	Returns:

	
	a dataframe with geo info.
	Note: geopandas always stores data in traditional XY, although its
CRS does seem to hold axis order info?





# OLD: This will ALWAYS return
# with an OAMS_AUTHORITY_COMPLIANT wgs84 crs (i.e. lat,lon) even
# though the on disk order is should be OAMS_TRADITIONAL_GIS_ORDER.





	Return type:

	GeoDataFrame





References

https://geopandas.org/docs/user_guide/projections.html#the-axis-order-of-a-crs

Example

>>> import io
>>> from geowatch.utils.util_gis import *  # NOQA
>>> geojson_text = demo_regions_geojson_text()
>>> file = io.StringIO()
>>> file.write(geojson_text)
>>> file.seek(0)
>>> region_df = load_geojson(file)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> import geopandas as gpd
>>> kwplot.autompl()
>>> wld_map_gdf = gpd.read_file(
>>>     gpd.datasets.get_path('naturalearth_lowres')
>>> ).to_crs('crs84')
>>> ax = wld_map_gdf.plot()
>>> region_df.plot(ax=ax, edgecolor='orange', alpha=0.8)
>>> # https://gis.stackexchange.com/questions/372564/userwarning-when-trying-to-get-centroid-from-a-polygon-geopandas
>>> centroid = region_df.to_crs('+proj=cea').centroid.to_crs(region_df.crs)
>>> centroid.plot(ax=ax, edgecolor='orange', alpha=0.8)





[image: ../_images/fig_geowatch_utils_util_gis_load_geojson_002.jpeg]
print(‘region_df.crs = {!r}’.format(region_df.crs))
print(‘wld_map_gdf.crs = {!r}’.format(wld_map_gdf.crs))






	
geowatch.utils.util_gis.read_geojson(file, default_axis_mapping='OAMS_TRADITIONAL_GIS_ORDER')

	
	Parameters:

	
	file (str | file) – path or file object containing geojson data.


	axis_mapping (str, default=’OAMS_TRADITIONAL_GIS_ORDER’) – The axis-ordering of the geojson file on disk.  This is assumed to
be traditional ordering by default according to the geojson spec.






	Returns:

	
	a dataframe with geo info.
	Note: geopandas always stores data in traditional XY, although its
CRS does seem to hold axis order info?





# OLD: This will ALWAYS return
# with an OAMS_AUTHORITY_COMPLIANT wgs84 crs (i.e. lat,lon) even
# though the on disk order is should be OAMS_TRADITIONAL_GIS_ORDER.





	Return type:

	GeoDataFrame





References

https://geopandas.org/docs/user_guide/projections.html#the-axis-order-of-a-crs

Example

>>> import io
>>> from geowatch.utils.util_gis import *  # NOQA
>>> geojson_text = demo_regions_geojson_text()
>>> file = io.StringIO()
>>> file.write(geojson_text)
>>> file.seek(0)
>>> region_df = load_geojson(file)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> import geopandas as gpd
>>> kwplot.autompl()
>>> wld_map_gdf = gpd.read_file(
>>>     gpd.datasets.get_path('naturalearth_lowres')
>>> ).to_crs('crs84')
>>> ax = wld_map_gdf.plot()
>>> region_df.plot(ax=ax, edgecolor='orange', alpha=0.8)
>>> # https://gis.stackexchange.com/questions/372564/userwarning-when-trying-to-get-centroid-from-a-polygon-geopandas
>>> centroid = region_df.to_crs('+proj=cea').centroid.to_crs(region_df.crs)
>>> centroid.plot(ax=ax, edgecolor='orange', alpha=0.8)





[image: ../_images/fig_geowatch_utils_util_gis_read_geojson_002.jpeg]
print(‘region_df.crs = {!r}’.format(region_df.crs))
print(‘wld_map_gdf.crs = {!r}’.format(wld_map_gdf.crs))






	
geowatch.utils.util_gis.get_crs84()

	Constructing the CRS84 is slow.
This function memoizes it so it only happens once.


	Returns:

	pyproj.crs.crs.CRS





Example

>>> get_crs84()










	
geowatch.utils.util_gis._get_crs84()

	Constructing the CRS84 is slow.
This function memoizes it so it only happens once.


	Returns:

	pyproj.crs.crs.CRS





Example

>>> get_crs84()










	
geowatch.utils.util_gis._flip(x, y)

	




	
geowatch.utils.util_gis.shapely_flip_xy(geom)

	




	
geowatch.utils.util_gis.project_gdf_to_local_utm(gdf_crs84, max_utm_zones=1, mode=0, tolerance=None)

	Find the local UTM zone for a geo data frame and project to it.

Assumes geometry is in CRS-84.

All geometry in the GDF must be in the same UTM zone.


	Parameters:

	
	gdf_crs84 (geopandas.GeoDataFrame) – The data with CRS-84 geometry to project into a local UTM


	max_utm_zones (int) – If the data spans more than this many UTM zones, error.
Otherwise, we take the first one.


	mode (int) – which version of the logic to use. Default is 0, which is the
original.  Also have version 1 which is experimental and maybe
faster.


	tolerance (int) – if the projected region is further than this many meters from the
center of the estimated UTM zone, raise a
pyproj.exceptions.CRSError error.
Only used in mode 1.






	Returns:

	geopandas.GeoDataFrame





Example

>>> import geopandas as gpd
>>> from geowatch.utils.util_gis import *  # NOQA
>>> import kwarray
>>> import kwimage
>>> rng = kwarray.ensure_rng(0)
>>> # Gen lat/lons between 0 and 1, which is in UTM zone 31N
>>> gdf_crs84 = gpd.GeoDataFrame({'geometry': [
>>>     kwimage.Polygon.random(rng=rng).to_shapely(),
>>>     kwimage.Polygon.random(rng=rng).to_shapely(),
>>>     kwimage.Polygon.random(rng=rng).to_shapely(),
>>> ]}, crs='crs84')
>>> gdf_utm = project_gdf_to_local_utm(gdf_crs84)
>>> assert gdf_utm.crs.name == 'WGS 84 / UTM zone 31N'





Example

>>> import geopandas as gpd
>>> from geowatch.utils.util_gis import *  # NOQA
>>> import kwarray
>>> import kwimage
>>> # If the data is too big for a single UTM zone,
>>> rng = kwarray.ensure_rng(0)
>>> gdf_crs84 = gpd.GeoDataFrame({'geometry': [
>>>     kwimage.Polygon.random(rng=rng).scale(90).to_shapely(),
>>>     kwimage.Polygon.random(rng=rng).scale(90).to_shapely(),
>>>     kwimage.Polygon.random(rng=rng).scale(90).to_shapely(),
>>> ]}, crs='crs84')
>>> import pytest
>>> with pytest.raises(ValueError):
>>>     gdf_utm = project_gdf_to_local_utm(gdf_crs84)





Example

>>> from geowatch.utils.util_gis import *  # NOQA
>>> import geopandas as gpd
>>> import kwarray
>>> import kwimage
>>> # Data convers a lot of utm zones
>>> rng = kwarray.ensure_rng(0)
>>> gdf_crs84 = gpd.GeoDataFrame({'geometry': [
>>>     kwimage.Polygon.random(rng=rng).scale(2).translate((-1, -1)).scale(0.001, about='centroid').scale((180, 90)).to_shapely()
>>>     for _ in range(30)
>>> ]}, crs='crs84')
>>> # Mode 1 uses a tolerance test instead
>>> gdf_utm = project_gdf_to_local_utm(gdf_crs84, mode=1, tolerance=float('inf'))
>>> import pytest
>>> import pyproj
>>> with pytest.raises(pyproj.exceptions.CRSError):
>>>     gdf_utm = project_gdf_to_local_utm(gdf_crs84, mode=1, tolerance=10000)
>>> # Mode 1 uses the bounds of the entire region





# TODO: Gracefully handle cases where the UTM zones are different
# but all neighbors. Find a good example of this.
# Example:
#     >>> import geopandas as gpd
#     >>> from geowatch.utils.util_gis import *  # NOQA
#     >>> import kwarray
#     >>> # If the data is too big for a single UTM zone,
#     >>> rng = kwarray.ensure_rng(0)
#     >>> # Corner case in Madagascar where the extent isn’t too big, but it
#     >>> # spans multiple UTM zones
#     >>> poly = kwimage.Polygon.coerce({
#     >>>     “type”: “Polygon”,
#     >>>     “coordinates”: [
#     >>>         [[-73.77200379967688, 42.864783745778894],
#     >>>          [-73.77177715301514, 42.86412514733195],
#     >>>          [-73.77110660076141, 42.8641654498268],
#     >>>          [-73.77105563879013, 42.86423720786224],
#     >>>          [-73.7710489332676, 42.864399400374786],
#     >>>          [-73.77134531736374, 42.8649134986743],
#     >>>          [ -73.77200379967688, 42.864783745778894]]]
#     >>> })
#     >>> gdf_crs84 = gpd.GeoDataFrame({
#     >>>     ‘geometry’: [poly.to_shapely()]}, crs=’crs84’)






	
geowatch.utils.util_gis.utm_epsg_from_latlon(lat, lon)

	Find a reasonable UTM CRS for a given lat / lon

The purpose of this function is to get a reasonable CRS for computing
distances in meters. If the region of interest is very large, this may not
be valid.


	Parameters:

	
	lat (float) – degrees in latitude


	lon (float) – degrees in longitude






	Returns:

	the ESPG code of the UTM zone



	Return type:

	int [https://docs.python.org/3/library/functions.html#int]





References

https://gis.stackexchange.com/questions/190198/how-to-get-appropriate-crs-for-a-position-specified-in-lat-lon-coordinates
https://gis.stackexchange.com/questions/365584/convert-utm-zone-into-epsg-code

Example

>>> from geowatch.utils.util_gis import *  # NOQA
>>> epsg_code = utm_epsg_from_latlon(0, 0)
>>> print('epsg_code = {!r}'.format(epsg_code))
epsg_code = 32631










	
class geowatch.utils.util_gis.UTM_TransformContext(data_crs84)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Helper to project into UTM space, perform some transform, and then project
back to the original CRS.

Currently only supports CRS84

Example

>>> import kwimage
>>> from geowatch.utils.util_gis import *  # NOQA
>>> data_crs84 = kwimage.Polygon.random()
>>> with UTM_TransformContext(data_crs84) as self:
>>>     orig_utm_poly = kwimage.Polygon.coerce(self.geoms_utm.iloc[0])
>>>     new_utm_poly = orig_utm_poly.scale(2, about='center')
>>>     self.finalize(new_utm_poly)
>>> final_result = kwimage.Polygon.coerce(self.final_geoms_crs84.iloc[0])
>>> naive_result = data_crs84.scale(2, about='center')
>>> # Note the subtle difference in the naive vs context result
>>> print(f'final_result={final_result}')
>>> print(f'naive_result={naive_result}')






	Parameters:

	data_crs84 (Coercible[GeoSeries]) – something we know how to transform into a GeoSeries






	
_coerce_geo_series(data, default_crs=None)

	




	
finalize(final_utm)

	
	Parameters:

	final_utm (Coercible[GeoSeries]) – something coercable to geometry in UTM coordinates














	
geowatch.utils.util_gis._demo_convert_latlon_to_utm()

	




	
geowatch.utils.util_gis.find_local_meter_epsg_crs(geom_crs84)

	Find the “best” meter based CRS for a smallish geographic region.

Currently this only returns UTM zones. Might be better to return an Albers
projection if the geometry spans more than one UTM zone.


	Parameters:

	geom_crs84 (shapely.geometry.base.BaseGeometry) – shapely geometry in CRS84 (lon/lat wgs84)



	Returns:

	epsg code



	Return type:

	int [https://docs.python.org/3/library/functions.html#int]





References

[1] https://gis.stackexchange.com/questions/148181/choosing-projection-crs-for-short-distance-based-analysis/148187
[2] http://projfinder.com/

Example

>>> from geowatch.utils.util_gis import *  # NOQA
>>> import kwimage
>>> geom_crs84 = kwimage.Polygon.random().translate(-0.5).scale((180, 90)).to_shapely()
>>> epsg_zone = find_local_meter_epsg_crs(geom_crs84)






	SeeAlso:
	GeoDataFrame.estimate_utm_crs






Todo


	[ ] Albers?


	[ ] Better UTM zone intersection


	[ ] Fix edge cases











	
geowatch.utils.util_gis.check_latlons(lat, lon)

	Quick check to see if latitudes and longitudes are valid.

Longitude (x) is always between -180 and 180 (degrees east)
Latitude (y) is always between -90 and 90 (degrees north)

Example

>>> from geowatch.utils.util_gis import *  # NOQA
>>> import pytest
>>> assert not check_latlons(1000, 1000)
>>> assert check_latlons(0, 0)










	
geowatch.utils.util_gis.coerce_geojson_datas(arg, format='dataframe', allow_raw=False, workers=0, mode='thread', verbose=1, desc=None, parse_float=None)

	Attempts to resolve an argument into multiple geojson datas.

Multiple threads / processes are used to load the specified information and
the function generates dictionaries of information containing the file path
and the loaded data as they become available.

The argument can be:



	A path to a geojson file (or a list of them)


	A glob string specifying multiple geojson files (or a list of them)


	A path to a json manifest file.


	If allow_raw is True, then the input can be a raw json string,
dict, or GeoDataFrame.








	Parameters:

	
	arg (str | PathLike | List[str | PathLike]) – an argument that is coerceable to one or more GeoDataFrames.


	format (str) – Indicates the returned format of the data. Can be ‘dataframe’ where
the ‘data’ key will be a GeoDataFrame, or ‘json’ where the raw json
data will be returned.


	allow_raw (bool) – if True, we will also check if the arguments are raw json /
geopandas data that can be loaded. In general try not to enable
this.


	workers (int) – number of io workers


	mode (str) – concurrent executor mode. Can be ‘serial’, ‘thread’, or ‘process’.


	desc (str) – custom message for progress bar.






	Yields:

	List[Dict[str, Any | GeoDataFrame | Dict]] –

A list of dictionaries formated with the keys:



	
	fpath (str): the file path the data was loaded from (
	if applicable)







	
	data (GeoDataFrame | dict):
	the data loaded in the requested format

















	SeeAlso:
	
	
	load_site_or_region_dataframes - the function that does the loading
	after the arguments are coerced.













Example

>>> # xdoctest: +SKIP("failing on CI. unsure why")
>>> from geowatch.utils.util_gis import *  # NOQA
>>> from geowatch.demo.metrics_demo import generate_demodata
>>> info1 = generate_demodata.generate_demo_metrics_framework_data(roi='DR_R001')
>>> info2 = generate_demodata.generate_demo_metrics_framework_data(roi='DR_R002')
>>> info3 = generate_demodata.generate_demo_metrics_framework_data(roi='DR_R003')
>>> info4 = generate_demodata.generate_demo_metrics_framework_data(roi='DR_R012')
>>> info5 = generate_demodata.generate_demo_metrics_framework_data(roi='DR_R022')
>>> #
>>> region_fpaths = sorted(info1['true_region_dpath'].glob('*.geojson'))
>>> site_fpaths = sorted(info1['true_site_dpath'].glob('*.geojson'))
>>> #
>>> import json
>>> manifest_fpath1 =  info1['output_dpath'] / 'demo_manifest1.json'
>>> manifest_fpath2 =  info1['output_dpath'] / 'demo_manifest2.json'
>>> manifest_data1 = {
>>>     'files': [str(p) for p in region_fpaths[0:2]]
>>> }
>>> manifest_data2 = {
>>>     'files': [str(p) for p in region_fpaths[3:4]]
>>> }
>>> manifest_fpath1.write_text(json.dumps(manifest_data1))
>>> manifest_fpath2.write_text(json.dumps(manifest_data2))
>>> variants = []
>>> # ==========
>>> # Test Cases
>>> # ==========
>>> #
>>> # List of region files
>>> arg = region_fpaths
>>> result = list(coerce_geojson_datas(arg))
>>> assert len(result) == 5
>>> #
>>> # Glob for region files
>>> arg = str(info1['true_region_dpath']) + '/*R*2*.geojson'
>>> result = list(coerce_geojson_datas(arg))
>>> assert len(result) == 3
>>> #
>>> # Manifest file
>>> arg = manifest_fpath1
>>> result = list(coerce_geojson_datas(arg))
>>> assert len(result) == 2
>>> #
>>> # Manifest file glob
>>> arg = str(manifest_fpath1.parent / '*.json')
>>> result = list(coerce_geojson_datas(arg))
>>> assert len(result) == 3
>>> #
>>> # Manifest file glob and a region path
>>> arg = [manifest_fpath2, region_fpaths[0]]
>>> result = list(coerce_geojson_datas(arg))
>>> assert len(result) == 2
>>> #
>>> # Site glob and a manifest glob
>>> arg = [str(info1['true_site_dpath']) + '/DR_R002_*.geojson',
...        str(manifest_fpath1 + '*')]
>>> result = list(coerce_geojson_datas(arg))
>>> assert len(result) == 9
>>> #
>>> # Site directory and manifest file.
>>> arg = [str(info1['true_site_dpath']),
...        str(manifest_fpath1 + '*')]
>>> result = list(coerce_geojson_datas(arg))
>>> assert len(result) == 31





>>> # Test raw loading and format swapping
>>> from geowatch.utils import util_gis
>>> arg = util_gis.demo_regions_geojson_text()
>>> result1 = list(coerce_geojson_datas(arg, allow_raw=False))
>>> assert len(result1) == 0
>>> result2 = list(coerce_geojson_datas(arg, allow_raw=True))
>>> assert len(result2) == 1
>>> arg = result2
>>> result3 = list(coerce_geojson_datas(arg, format='dataframe', allow_raw=True))
>>> assert result3 == result2
>>> result4 = list(coerce_geojson_datas(arg, format='json', allow_raw=True))
>>> assert isinstance(result4[0]['data'], dict)
>>> result5 = list(coerce_geojson_datas(
>>>     result4, format='dataframe', allow_raw=True))
>>> assert isinstance(result4[0]['data'], dict)





>>> #
>>> # Test nothing case
>>> assert len(list(coerce_geojson_datas([], allow_raw=True))) == 0










	
geowatch.utils.util_gis.coerce_geojson_paths(data, return_manifests=False)

	Resolves the argument to a list of geojson paths.  The argument can be a
full path, a glob string, a path to a manifest file or any combination of
the previous in a list.


	Parameters:

	
	data (Any) – argument to coerce


	return_manifests (bool) – if True additionally returns paths to
any intermediate manifest files.








Example

>>> from geowatch.utils.util_gis import *  # NOQA
>>> import json
>>> from geowatch.demo.metrics_demo import generate_demodata
>>> # Setup a bunch of geojson files
>>> outdir = ub.Path.appdir("geowatch/tests/gis/coerce_geojson_v1")
>>> # outdir.delete().ensuredir()
>>> info1 = generate_demodata.generate_demo_metrics_framework_data(roi='DR_R001', outdir=outdir)
>>> info2 = generate_demodata.generate_demo_metrics_framework_data(roi='DR_R002', outdir=outdir)
>>> info3 = generate_demodata.generate_demo_metrics_framework_data(roi='DR_R003', outdir=outdir)
>>> info4 = generate_demodata.generate_demo_metrics_framework_data(roi='DR_R012', outdir=outdir)
>>> info5 = generate_demodata.generate_demo_metrics_framework_data(roi='DR_R022', outdir=outdir)
>>> region_fpaths = sorted(info1['true_region_dpath'].glob('*.geojson'))
>>> site_fpaths = sorted(info1['true_site_dpath'].glob('*.geojson'))
>>> manifest_fpath1 =  info1['output_dpath'] / 'demo_manifest1.json'
>>> manifest_data1 = {'files': [str(p) for p in region_fpaths[0:2]]}
>>> geojson_dpath = info1['true_site_dpath']
>>> manifest_fpath1.write_text(json.dumps(manifest_data1))
>>> # Test manifest case
>>> geojson_fpaths = coerce_geojson_paths(manifest_fpath1)
>>> assert len(geojson_fpaths) == 2
>>> # Test directory case
>>> geojson_fpaths = coerce_geojson_paths(geojson_dpath)
>>> assert len(geojson_fpaths) == 15, 'maybe cache is bad?'
>>> # Test glob case
>>> geojson_fpaths = coerce_geojson_paths(geojson_dpath / '*R001_*')
>>> assert len(geojson_fpaths) == 3
>>> # Test list of files and globstr
>>> data = [geojson_dpath / '*R002_*'] + geojson_fpaths
>>> geojson_fpaths = coerce_geojson_paths(data)
>>> assert len(geojson_fpaths) == 6
>>> # Test manifest case2
>>> info = coerce_geojson_paths(manifest_fpath1, return_manifests=True)
>>> assert len(info['manifest_fpaths']) == 1
>>> assert len(info['geojson_fpaths']) == 2










	
geowatch.utils.util_gis._coerce_raw_geojson(item, format)

	Helper for the coerce method






	
geowatch.utils.util_gis._load_json_from_path(path, parse_float=None)

	




	
geowatch.utils.util_gis.load_geojson_datas(geojson_fpaths, format='dataframe', workers=0, mode='thread', verbose=1, desc=None, yield_after_submit=False, parse_float=None)

	Generator that loads sites (and the path they loaded from) in parallel


	Parameters:

	
	geojson_fpaths (Iterable[PathLike]) – geojson paths to load


	format (str) – Can be “dataframe” (for pandas) or “json” (for nested dict / list)


	workers (int) – number of background loading workers


	mode (str) – concurrent executor mode


	desc (str) – overwrite message for the progress bar


	yield_after_submit (bool) – backend argument that will yield None after the data is submitted
to force the data loading to start processing in the background.









Todo

pass something in to allow for better progress management when a lot of
functions are calling this.




	Yields:

	Dict –     containing keys, ‘fpath’ and ‘gdf’.






	SeeAlso:
	
	coerce_geojson_datas - the coercable version of this function.


	coerce_geojson_paths - only coerces paths








Example

>>> from geowatch.utils.util_gis import *  # NOQA
>>> import ubelt as ub
>>> dpath = ub.Path.appdir('geowatch', 'tests', 'util_gis', 'load_geojson_data')
>>> dpath.ensuredir()
>>> fpath = dpath / 'data.geojson'
>>> fpath.write_text(demo_regions_geojson_text())
>>> # Test both format loaders work correctly.
>>> gdf = list(load_geojson_datas([fpath], format='dataframe'))[0]['data']
>>> dct = list(load_geojson_datas([fpath], format='json'))[0]['data']
>>> import geopandas as gpd
>>> assert isinstance(gdf, gpd.GeoDataFrame)
>>> assert isinstance(dct, dict)










	
geowatch.utils.util_gis.crs_geojson_to_gdf(geometry, crs_info=None)

	TODO: fix the name and scope of this function.

The idea is to convert one of our CRS aware geojson geometries to a
GeoDataFrame for manipulation.


	Parameters:

	
	geometry – This is a geojson geometry object with that has a crs_info object
in its properties.


	crs_info (Dict | None) – if the geojson does not have a crs_info in its properties you
can specify it here.






	Returns:

	gpd.GeoDataFrame





Example

>>> # xdoctest: +REQUIRES(env:LARGE_DOWNLOAD)
>>> from geowatch.gis.geotiff import *  # NOQA
>>> from geowatch.utils.util_gis import *  # NOQA
>>> import kwimage
>>> from geowatch.demo.dummy_demodata import dummy_rpc_geotiff_fpath
>>> gpath_or_ref = gpath = dummy_rpc_geotiff_fpath()
>>> info = geotiff_crs_info(gpath)
>>> # Case 1: Traditional CRS84 Geojson
>>> geometry = info['geos_corners']
>>> gdf = crs_geojson_to_gdf(geometry)
>>> assert gdf.crs.axis_info[0].name == 'Geodetic longitude'
>>> assert gdf.crs.axis_info[1].name == 'Geodetic latitude'
>>> # Case 2: Authority Compliant WGS84 Geojson
>>> wgs84_poly = kwimage.Polygon.coerce(info['wgs84_corners'])
>>> wgs84_geometry = wgs84_poly.to_geojson()
>>> wgs84_geometry['properties'] = {'crs_info': info['wgs84_crs_info']}
>>> crs84_gdf = crs_geojson_to_gdf(wgs84_geometry)
>>> assert crs84_gdf.crs.axis_info[0].name == 'Geodetic longitude'
>>> assert crs84_gdf.crs.axis_info[1].name == 'Geodetic latitude'
>>> # Case 3: UTM
>>> utm_poly = kwimage.Polygon.coerce(info['utm_corners'])
>>> utm_geometry = utm_poly.to_geojson()
>>> utm_geometry['properties'] = {'crs_info': info['utm_crs_info']}
>>> utm_gdf = crs_geojson_to_gdf(utm_geometry)
>>> assert utm_gdf.crs.axis_info[0].name == 'Easting'
>>> assert utm_gdf.crs.axis_info[1].name == 'Northing'










	
geowatch.utils.util_gis.coerce_crs(crs_info)

	Get a pyproj CRS from something they should be inferrable from

Example

>>> from geowatch.gis.geotiff import *  # NOQA
>>> from geowatch.utils.util_gis import *  # NOQA
>>> coerce_crs('crs84')
>>> coerce_crs(['EPSG', '4326'])












            

          

      

      

    

  

  
    
    

    geowatch.utils.util_globals module
    

    
 
  

    
      
          
            
  
geowatch.utils.util_globals module

Utilities for handling global resources


	
geowatch.utils.util_globals.configure_global_attributes(**config)

	Configures hacks to fix global settings in external modules


	Parameters:

	config (dict) – exected to contain certain special keys.


	
	“workers” with an integer value equal to the number of dataloader
	processes.







	“torch_sharing_strategy” to specify the torch multiprocessing backend


	
	“request_rlimit_nofile”
	the maximum number of open files to request ulimit raise the
soft limit to.














	Modules we currently hack:
	
	cv2 - fix thread count


	torch sharing strategy








References

https://pytorch.org/docs/stable/multiprocessing.html#torch.multiprocessing.get_all_sharing_strategies
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geowatch.utils.util_hardware module

See: ~/code/watch/geowatch/utils/process_context.py


	
geowatch.utils.util_hardware.get_cpu_mem_info()

	




	
geowatch.utils.util_hardware.get_cpu_info()

	




	
geowatch.utils.util_hardware.get_mem_info()

	




	
geowatch.utils.util_hardware.disk_info_of_path(path)

	Get disk info wrt where a file lives

WIP - needs more work

CommandLine

xdoctest -m geowatch.utils.util_hardware disk_info_of_path





Example

>>> path = '.'
>>> x = disk_info_of_path(path)
>>> import ubelt as ub
>>> print(ub.urepr(x))






Todo


	[ ] Handle btrfs


	[ ] Handle whatever AWS uses


	[ ] Use udisksctl or udevadm






References

https://askubuntu.com/questions/609708/how-to-find-hard-drive-brand-name-or-model
https://stackoverflow.com/questions/38615464/how-to-get-device-name-on-which-a-file-is-located-from-its-path-in-c






	
geowatch.utils.util_hardware._device_is_hdd(path)

	




	
geowatch.utils.util_hardware._zfs_status(pool, verbose=0)

	Semi-parsable zfs status output.  This is a proof-of-concept and needs some
work to handle the nested pool structure.
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geowatch.utils.util_iter module


	
geowatch.utils.util_iter.consume(iterator, n=None)

	Consume n items from an iterator and discard them.


	Parameters:

	
	iterator (Iterable) – an iterator to consume


	n (int | None) – number of items to consume (or consume all if None)








References

https://stackoverflow.com/questions/50937966/fastest-most-pythonic-way-to-consume-an-iterator
https://docs.python.org/3/library/itertools.html#itertools-recipes

Benchmark

>>> from geowatch.utils.util_iter import *  # NOQA
>>> import timerit
>>> ti = timerit.Timerit(100, bestof=10, verbose=2)
>>> #
>>> def make_iterator():
>>>     return iter(range(100000))
>>> #
>>> for timer in ti.reset('our-consume'):
>>>     iterator = make_iterator()
>>>     with timer:
>>>         consume(iterator)
>>> #
>>> for timer in ti.reset('list'):
>>>     iterator = make_iterator()
>>>     with timer:
>>>         list(iterator)
>>> #
>>> for timer in ti.reset('consume-100'):
>>>     iterator = make_iterator()
>>>     with timer:
>>>         consume(iterator, n=100)
>>> #
>>> for timer in ti.reset('list-100'):
>>>     iterator = make_iterator()
>>>     with timer:
>>>         list(zip(iterator, range(100)))










	
geowatch.utils.util_iter.chunks(items, nchunks)

	
Note

ubelt.chunks does not handle this case (yet)




Todo


	[ ] Fix ubelt.chunks to handle this remainder case






Example

>>> from geowatch.utils.util_iter import *  # NOQA
>>> items = list(range(11))
>>> nchunks = 4
>>> list(chunks(items, nchunks))
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geowatch.utils.util_kwarray module

Functions that may eventually be moved to kwarray


	
geowatch.utils.util_kwarray.cartesian_product(*arrays)

	Fast numpy version of itertools.product

TODO: Move to kwarray


	Referencs:
	https://stackoverflow.com/a/11146645/887074










	
geowatch.utils.util_kwarray.tukey_biweight_loss(r, c=4.685)

	Beaton Tukey Biweight


	Computes the function :
	
	L(r) = (
	(c ** 2) / 6 * (1 - 1 * (r / c) ** 2) ** 3) if abs(r) <= c else
(c ** 2)





)






	Parameters:

	
	r (float | ndarray) – residual parameter


	c (float) – tuning constant (defaults to 4.685 which is 95% efficient
for normal distributions of residuals)









Todo


	[ ] Move elsewhere or find a package that provides it


	[ ] Move elsewhere (kwarray?) or find a package that provides it







	Returns:

	float | ndarray





References

https://en.wikipedia.org/wiki/Robust_statistics
https://mathworld.wolfram.com/TukeysBiweight.html
https://statisticaloddsandends.wordpress.com/2021/04/23/what-is-the-tukey-loss-function/
https://arxiv.org/pdf/1505.06606.pdf

Example

>>> from geowatch.utils.util_kwarray import *  # NOQA
>>> import ubelt as ub
>>> r = np.linspace(-20, 20, 1000)
>>> data = {'r': r}
>>> grid = ub.named_product({
>>>     'c': [4.685, 2, 6],
>>> })
>>> for kwargs in grid:
>>>     key = ub.urepr(kwargs, compact=1)
>>>     loss = tukey_biweight_loss(r, **kwargs)
>>>     data[key] = loss
>>> import pandas as pd
>>> melted = pd.DataFrame(data).melt(['r'])
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> sns = kwplot.autosns()
>>> kwplot.figure(fnum=1, doclf=True)
>>> ax = sns.lineplot(data=melted, x='r', y='value', hue='variable', style='variable')
>>> #ax.set_ylim(*robust_limits(melted.value))





[image: ../_images/fig_geowatch_utils_util_kwarray_tukey_biweight_loss_002.jpeg]





	
geowatch.utils.util_kwarray.asymptotic(x, offset=1, gamma=1, degree=0, horizontal=1)

	A function with a horizontal asymptote at horizontal


	Parameters:

	
	x (ndarray) – input parameter


	offset (float) – shifts function to the left or the right


	gamma (float) – higher values approach the asymptote more slowly


	horizontal (float) – location of the horiztonal asymptote









Todo


	[ ] Move elsewhere (kwarray?) or find a package that provides it






Example

>>> from geowatch.utils.util_kwarray import *  # NOQA
>>> import ubelt as ub
>>> x = np.linspace(0, 27, 1000)
>>> data = {'x': x}
>>> grid = ub.named_product({
>>>     #'gamma': [0.5, 1.0, 2.0, 3.0],
>>>     'gamma': [1.0, 3.0],
>>>     'degree': [0, 1, 2, 3],
>>>     'offset': [0, 2],
>>>     'horizontal': [1],
>>> })
>>> for kwargs in grid:
>>>     key = ub.urepr(kwargs, compact=1)
>>>     data[key] = asymptotic(x, **kwargs)
>>> import pandas as pd
>>> melted = pd.DataFrame(data).melt(['x'])
>>> print(melted)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> sns = kwplot.autosns()
>>> kwplot.figure(fnum=1, doclf=True)
>>> ax = sns.lineplot(data=melted, x='x', y='value', hue='variable', style='variable')
>>> ax.set_ylim(0, 2)





[image: ../_images/fig_geowatch_utils_util_kwarray_asymptotic_002.jpeg]





	
geowatch.utils.util_kwarray.robust_limits(values)

	# TODO: Proper Robust estimator for matplotlib ylim and general use

values = np.array([-1000, -4, -3, -2, 0, 2.7, 3.1415, 1, 2, 3, 4, 100000])
robust_limits(values)






	
geowatch.utils.util_kwarray.unique_rows(arr, ordered=False)

	Note: function also added to kwarray and will be available in >0.5.20

Example

>>> import kwarray
>>> from kwarray.util_numpy import *  # NOQA
>>> rng = kwarray.ensure_rng(0)
>>> arr = rng.randint(0, 2, size=(12, 3))
>>> arr_unique = unique_rows(arr)
>>> print('arr_unique = {!r}'.format(arr_unique))










	
geowatch.utils.util_kwarray.find_robust_normalizers(data, params='auto')

	Finds robust normalization statistics for a single observation


	Parameters:

	
	data (ndarray) – a 1D numpy array where invalid data has already been removed


	params (str | dict) – normalization params






	Returns:

	normalization parameters



	Return type:

	Dict[str [https://docs.python.org/3/library/stdtypes.html#str], str [https://docs.python.org/3/library/stdtypes.html#str] | float [https://docs.python.org/3/library/functions.html#float]]






Todo


	[ ] No Magic Numbers! Use first principles to deterimine defaults.


	[ ] Probably a lot of literature on the subject.


	[ ] Is this a kwarray function in general?


	[ ] https://arxiv.org/pdf/1707.09752.pdf


	[ ] https://www.tandfonline.com/doi/full/10.1080/02664763.2019.1671961


	[ ] https://www.rips-irsp.com/articles/10.5334/irsp.289/






Example

>>> data = np.random.rand(100)
>>> norm_params1 = find_robust_normalizers(data, params='auto')
>>> norm_params2 = find_robust_normalizers(data, params={'low': 0, 'high': 1.0})
>>> norm_params3 = find_robust_normalizers(np.empty(0), params='auto')
>>> print('norm_params1 = {}'.format(ub.urepr(norm_params1, nl=1)))
>>> print('norm_params2 = {}'.format(ub.urepr(norm_params2, nl=1)))
>>> print('norm_params3 = {}'.format(ub.urepr(norm_params3, nl=1)))










	
geowatch.utils.util_kwarray._custom_quantile_extreme_estimator(data, params)

	




	
geowatch.utils.util_kwarray._tukey_quantile_extreme_estimator(data)

	




	
geowatch.utils.util_kwarray.apply_normalizer(data, normalizer, mask=None, set_value_at_mask=nan)

	




	
geowatch.utils.util_kwarray.normalize(arr, mode='linear', alpha=None, beta=None, out=None, min_val=None, max_val=None)

	Rebalance signal values via contrast stretching.

By default linearly stretches array values to minimum and maximum values.


	Parameters:

	
	arr (ndarray) – array to normalize, usually an image


	out (ndarray | None) – output array. Note, that we will create an
internal floating point copy for integer computations.


	mode (str) – either linear or sigmoid.


	alpha (float) – Only used if mode=sigmoid.  Division factor
(pre-sigmoid). If unspecified computed as:
max(abs(old_min - beta), abs(old_max - beta)) / 6.212606.
Note this parameter is sensitive to if the input is a float or
uint8 image.


	beta (float) – subtractive factor (pre-sigmoid). This should be the
intensity of the most interesting bits of the image, i.e. bring
them to the center (0) of the distribution.
Defaults to (max - min) / 2.  Note this parameter is sensitive
to if the input is a float or uint8 image.


	min_val – override minimum value


	max_val – override maximum value








References

https://en.wikipedia.org/wiki/Normalization_(image_processing)

Example

>>> raw_f = np.random.rand(8, 8)
>>> norm_f = normalize(raw_f)





>>> raw_f = np.random.rand(8, 8) * 100
>>> norm_f = normalize(raw_f)
>>> assert isclose(norm_f.min(), 0)
>>> assert isclose(norm_f.max(), 1)





>>> raw_u = (np.random.rand(8, 8) * 255).astype(np.uint8)
>>> norm_u = normalize(raw_u)





>>> raw_m = (np.zeros((8, 8)) + 10)
>>> norm_m = normalize(raw_m, min_val=0, max_val=20)
>>> assert isclose(norm_m.min(), 0.5)
>>> assert isclose(norm_m.max(), 0.5)





>>> # Ensure that we're clamping if explicit min or max values
>>> # are provided
>>> raw_m = (np.zeros((8, 8)) + 10)
>>> norm_m = normalize(raw_m, min_val=0, max_val=5)
>>> assert isclose(norm_m.min(), 1.0)
>>> assert isclose(norm_m.max(), 1.0)





Example

>>> # xdoctest: +REQUIRES(module:kwimage)
>>> import kwimage
>>> arr = kwimage.grab_test_image('lowcontrast')
>>> arr = kwimage.ensure_float01(arr)
>>> norms = {}
>>> norms['arr'] = arr.copy()
>>> norms['linear'] = normalize(arr, mode='linear')
>>> norms['sigmoid'] = normalize(arr, mode='sigmoid')
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.figure(fnum=1, doclf=True)
>>> pnum_ = kwplot.PlotNums(nSubplots=len(norms))
>>> for key, img in norms.items():
>>>     kwplot.imshow(img, pnum=pnum_(), title=key)





[image: ../_images/fig_geowatch_utils_util_kwarray_normalize_002.jpeg]
Benchmark

# Our method is faster than standard in-line implementations.

import timerit
ti = timerit.Timerit(100, bestof=10, verbose=2, unit=’ms’)
arr = kwimage.grab_test_image(‘lowcontrast’, dsize=(512, 512))

print(’— uint8 —‘)
arr = ensure_float01(arr)
out = arr.copy()
for timer in ti.reset(‘naive1-float’):



	with timer:
	(arr - arr.min()) / (arr.max() - arr.min())








import timerit
for timer in ti.reset(‘simple-float’):



	with timer:
	max_ = arr.max()
min_ = arr.min()
result = (arr - min_) / (max_ - min_)









	for timer in ti.reset(‘normalize-float’):
	
	with timer:
	normalize(arr)







	for timer in ti.reset(‘normalize-float-inplace’):
	
	with timer:
	normalize(arr, out=out)









print(’— float —‘)
arr = ensure_uint255(arr)
out = arr.copy()
for timer in ti.reset(‘naive1-uint8’):



	with timer:
	(arr - arr.min()) / (arr.max() - arr.min())








import timerit
for timer in ti.reset(‘simple-uint8’):



	with timer:
	max_ = arr.max()
min_ = arr.min()
result = (arr - min_) / (max_ - min_)









	for timer in ti.reset(‘normalize-uint8’):
	
	with timer:
	normalize(arr)







	for timer in ti.reset(‘normalize-uint8-inplace’):
	
	with timer:
	normalize(arr, out=out)














	
geowatch.utils.util_kwarray.balanced_number_partitioning(items, num_parts)

	Greedy approximation to multiway number partitioning

Uses Greedy number partitioning method to minimize the size of the largest
partition.


	Parameters:

	
	items (np.ndarray) – list of numbers (i.e. weights) to split
between paritions.


	num_parts (int) – number of partitions






	Returns:

	A list for each parition that contains the index of the items
assigned to it.



	Return type:

	List[np.ndarray]





References

https://en.wikipedia.org/wiki/Multiway_number_partitioning
https://en.wikipedia.org/wiki/Balanced_number_partitioning

Example

>>> from geowatch.utils.util_kwarray import *  # NOQA
>>> items = np.array([1, 3, 29, 22, 4, 5, 9])
>>> num_parts = 3
>>> bin_assignments = balanced_number_partitioning(items, num_parts)
>>> import kwarray
>>> groups = kwarray.apply_grouping(items, bin_assignments)
>>> bin_weights = [g.sum() for g in groups]










	
geowatch.utils.util_kwarray.torch_array_equal(data1, data2, equal_nan=False) → bool [https://docs.python.org/3/library/functions.html#bool]

	Example

>>> # xdoctest: +REQUIRES(module:torch)
>>> import torch
>>> data1 = torch.rand(5, 5)
>>> data2 = data1 + 1
>>> result1 = torch_array_equal(data1, data2)
>>> result3 = torch_array_equal(data1, data1)
>>> assert result1 is False
>>> assert result3 is True





Example

>>> # xdoctest: +REQUIRES(module:torch)
>>> import torch
>>> data1 = torch.rand(5, 5)
>>> data1[0] = np.nan
>>> data2 = data1
>>> result1 = torch_array_equal(data1, data2)
>>> result3 = torch_array_equal(data1, data2, equal_nan=True)
>>> assert result1 is False
>>> assert result3 is True










	
geowatch.utils.util_kwarray.combine_mean_stds(means, stds, nums=None, axis=None, keepdims=False, bessel=True)

	
	Parameters:

	
	means (array) – means[i] is the mean of the ith entry to combine


	stds (array) – stds[i] is the std of the ith entry to combine


	nums (array | None) – nums[i] is the number of samples in the ith entry to combine.
if None, assumes sample sizes are infinite.


	axis (int | Tuple[int] | None) – axis to combine the statistics over


	keepdims (bool) – if True return arrays with the same number of dimensions they were
given in.


	bessel (int) – Set to 1 to enables bessel correction to unbias the combined std
estimate.  Only disable if you have the true population means, or
you think you know what you are doing.








References

https://stats.stackexchange.com/questions/55999/is-it-possible-to-find-the-combined-standard-deviation


	SeeAlso:
	development kwarray has a similar hidden function in util_averages.
Might expose later.





Example

>>> means = np.stack([np.array([1.2, 3.2, 4.1])] * 100, axis=0)
>>> stds = np.stack([np.array([4.2, 0.2, 2.1])] * 100, axis=0)
>>> nums = np.stack([np.array([10, 100, 10])] * 100, axis=0)
>>> cm1, cs1, _ = combine_mean_stds(means, stds, nums, axis=None)
>>> print('combo_mean = {}'.format(ub.urepr(cm1, nl=1)))
>>> print('combo_std  = {}'.format(ub.urepr(cs1, nl=1)))
>>> means = np.stack([np.array([1.2, 3.2, 4.1])] * 1, axis=0)
>>> stds = np.stack([np.array([4.2, 0.2, 2.1])] * 1, axis=0)
>>> nums = np.stack([np.array([10, 100, 10])] * 1, axis=0)
>>> cm2, cs2, _ = combine_mean_stds(means, stds, nums, axis=None)
>>> print('combo_mean = {}'.format(ub.urepr(cm2, nl=1)))
>>> print('combo_std  = {}'.format(ub.urepr(cs2, nl=1)))
>>> means = np.stack([np.array([1.2, 3.2, 4.1])] * 5, axis=0)
>>> stds = np.stack([np.array([4.2, 0.2, 2.1])] * 5, axis=0)
>>> nums = np.stack([np.array([10, 100, 10])] * 5, axis=0)
>>> cm3, cs3, combo_num = combine_mean_stds(means, stds, nums, axis=1)
>>> print('combo_mean = {}'.format(ub.urepr(cm3, nl=1)))
>>> print('combo_std  = {}'.format(ub.urepr(cs3, nl=1)))
>>> assert np.allclose(cm1, cm2) and np.allclose(cm2,  cm3)
>>> assert not np.allclose(cs1, cs2)
>>> assert np.allclose(cs2, cs3)





Example

>>> from geowatch.utils.util_kwarray import *  # NOQA
>>> means = np.random.rand(2, 3, 5, 7)
>>> stds = np.random.rand(2, 3, 5, 7)
>>> nums = (np.random.rand(2, 3, 5, 7) * 10) + 1
>>> cm, cs, cn = combine_mean_stds(means, stds, nums, axis=1, keepdims=1)
>>> print('cs = {}'.format(ub.urepr(cs, nl=1)))
>>> assert cm.shape == cs.shape == cn.shape
...
>>> print(f'cm.shape={cm.shape}')
>>> cm, cs, cn = combine_mean_stds(means, stds, nums, axis=(0, 2), keepdims=1)
>>> assert cm.shape == cs.shape == cn.shape
>>> print(f'cm.shape={cm.shape}')
>>> cm, cs, cn = combine_mean_stds(means, stds, nums, axis=(1, 3), keepdims=1)
>>> assert cm.shape == cs.shape == cn.shape
>>> print(f'cm.shape={cm.shape}')
>>> cm, cs, cn = combine_mean_stds(means, stds, nums, axis=None)
>>> assert cm.shape == cs.shape == cn.shape
>>> print(f'cm.shape={cm.shape}')
cm.shape=(2, 1, 5, 7)
cm.shape=(1, 3, 1, 7)
cm.shape=(2, 1, 5, 1)
cm.shape=()










	
geowatch.utils.util_kwarray._no_keepdim_indexer(result, axis)

	Computes an indexer to postprocess a result with keepdims=True
that will modify the result as if keepdims=False






	
geowatch.utils.util_kwarray._postprocess_keepdims(original, result, axis)

	Can update the result of a function that does not support keepdims to look
as if keepdims was supported.






	
geowatch.utils.util_kwarray.apply_robust_normalizer(normalizer, imdata, imdata_valid, mask, dtype, copy=True)

	
data = [self.dataset[idx] for idx in possibly_batched_index]





	File “/home/joncrall/code/watch/geowatch/tasks/fusion/datamodules/kwcoco_dataset.py”, line 1004, in __getitem__
	return self.getitem(index)



	File “/home/joncrall/code/watch/geowatch/tasks/fusion/datamodules/kwcoco_dataset.py”, line 1375, in getitem
	imdata_normalized = apply_robust_normalizer(



	File “/home/joncrall/code/watch/geowatch/tasks/fusion/datamodules/kwcoco_dataset.py”, line 2513, in apply_robust_normalizer
	imdata_valid_normalized = kwarray.normalize(



	File “/home/joncrall/code/kwarray/kwarray/util_numpy.py”, line 760, in normalize
	old_min = np.nanmin(float_out)





File “<__array_function__ internals>”, line 5, in nanmin
File “/home/joncrall/.pyenv/versions/3.10.5/envs/pyenv3.10.5/lib/python3.10/site-packages/numpy/lib/nanfunctions.py”, line 319, in nanmin


res = np.fmin.reduce(a, axis=axis, out=out, **kwargs)









	
geowatch.utils.util_kwarray.biased_1d_weights(upweight_time, num_frames)

	import kwplot
plt = kwplot.autoplt()

kwplot.figure()
import sys, ubelt
sys.path.append(ubelt.expandpath(‘~/code/watch’))
from geowatch.tasks.fusion.datamodules.kwcoco_dataset import *  # NOQA

kwplot.figure(fnum=1, doclf=1)
num_frames = 5
values = biased_1d_weights(0.5, num_frames)
plt.plot(values)
values = biased_1d_weights(0.1, num_frames)
plt.plot(values)
values = biased_1d_weights(0.0, num_frames)
plt.plot(values)
values = biased_1d_weights(0.9, num_frames)
plt.plot(values)
values = biased_1d_weights(1.0, num_frames)
plt.plot(values)






	
class geowatch.utils.util_kwarray.Remedian(obs_size, n_obs, t)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Remedian object for a robust averaging method for large data sets.
Implementation of the Remedian algorithm, see [1] [2] [3] for
references. This algorithm is used to approximate the median of several
data chunks if these data chunks cannot (or should not) be loaded into
memory at once. See “Notes” section for further information.
:Parameters: * obs_size (ndarray) – The shape of each data chunk (=observation) to be fed into the Remedian



object.





	n_obs (int) – The number of observations to be stored within each array.
If n_obs >= t, Remedian will equal the median. The smaller this
parameter, the fewer data have to be loaded into memory at once, but
the less accurate the approximation of the median will be.


	t (int) – The total number of observations from which a median should be
approximated.








	Variables:

	
	obs_count (int [https://docs.python.org/3/library/functions.html#int]) – Counter of number of observations that have already been given
to the Remedian object.


	remedian (None | ndarray, shape(obs_size)) – The calculated remedian of the same shape as the input data.
Will be None until all observations n_obs have been fed into
the object using the add_obs method.








Notes

Given a data chunk of size obs_size, and t data chunks overall, the
Remedian class sets up a number k_arrs of arrays of length n_obs.
The median of the t data chunks of size obs_size is then approximated
as follows: One data chunk after another is fed into the n_obs positions
of the first array. When the first array is full, its median is calculated
and stored in the first position of the second array. After this, the first
array is re-used to fill the second position of the second array, etc.
When the second array is full, the median of its values is stored in the
first position of the third array, and so on.
The final “Remedian” is the median of the last array, after all t data
chunks have been fed into the object.
In other words, given an n-dimensional array, the Remedian class
approximates the median of this array across the ith dimension and you have
to break up your n-dimensional array into t n-1-dimensional arrays that
are given to Remedian one after another.

References



[1]
P.J. Rousseeuw, G.W. Bassett Jr., “The remedian: A robust averaging
method for large data sets”, Journal of the American Statistical
Association, vol. 85 (1990), pp. 97-104



[2]
M. Chao, G. Lin, “The asymptotic distributions of the remedians”,
Journal of Statistical Planning and Inference, vol. 37 (1993), pp. 1-11



[3]
Domenico Cantone, Micha Hofri, “Further analysis of the remedian
algorithm”, Theoretical Computer Science, vol. 495 (2013), pp. 1-16

https://stackoverflow.com/questions/62352762/is-it-possible-to-compute-median-while-data-is-still-being-generated-python-onl
https://wis.kuleuven.be/stat/robust/papers/publications-1990/rousseeuwbassett-remedian-jasa-1990.pdf
https://github.com/sappelhoff/remedian/blob/master/remedian/remedian.py




Todo


	[ ] Can we make this work so we don’t need t?






Examples

>>> import sys, ubelt
>>> from geowatch.utils.util_kwarray import Remedian
>>> #
>>> shape = (7, 5)
>>> self = Remedian(shape, n_obs=11, t=101)
>>> #
>>> obs0 = np.arange(7 * 5).reshape(7, 5).astype(np.float32)
>>> raw_obs = []
>>> for _ in range(self.t):
>>>     obs = obs0.copy()
>>>     obs[2:, 3:] = np.random.rand(5, 2)
>>>     raw_obs.append(obs.copy())
>>>     self.add_obs(obs)
>>> approx_median = self.remedian
>>> real_median = np.median(np.stack(raw_obs, -1), axis=-1)
>>> delta = approx_median - real_median





Initialize the Remedian object.
See class docstring for more thorough information.
:Parameters: * obs_size (ndarray) – Size of the observations. Must be (1,) for scalars.



	n_obs (int) – Observations per array.


	t (int) – Number of total observations.








	
_calc_k_arrs()

	Calculate number of arrays to accommodate the observations.






	
_calc_k_arr_sizes()

	Calculate the size of each array to accomodate the observations.






	
add_obs(obs)

	Add an observation to the Remedian.
:Parameters: obs (ndarray, shape(obs_size)) – A single data observation.










	
geowatch.utils.util_kwarray.argsort_threshold(arr, threshold=None, num_top=None, objective='maximize')

	Find all indexes over a threshold, but always return at least the
num_top, and potentially more.


	Parameters:

	
	arr (ndarray) – array of scores


	threshold (float) – return indexes that are better than this threshold.


	num_top (int) – always return at least this number of “best” indexes.


	objective (str) – if maximize, filters things above the threshold, otherwise filters
below the threshold.






	Returns:

	top indexes



	Return type:

	ndarray





Example

>>> from geowatch.utils.util_kwarray import *  # NOQA
>>> arr = np.array([0.3, .2, 0.1, 0.15, 0.11, 0.15, 0.2, 0.6, 0.32])
>>> argsort_threshold(arr, threshold=0.5, num_top=0)
array([7])
>>> argsort_threshold(arr, threshold=0.5, num_top=3)
array([7, 8, 0])
>>> argsort_threshold(arr, threshold=0.0, num_top=3)
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geowatch.utils.util_kwimage module

These functions might be added to kwimage


	
geowatch.utils.util_kwimage._auto_kernel_sigma(kernel=None, sigma=None, autokernel_mode='ours')

	Attempt to determine sigma and kernel size from heuristics

Example

>>> _auto_kernel_sigma(None, None)
>>> _auto_kernel_sigma(3, None)
>>> _auto_kernel_sigma(None, 0.8)
>>> _auto_kernel_sigma(7, None)
>>> _auto_kernel_sigma(None, 1.4)










	
geowatch.utils.util_kwimage.upweight_center_mask(shape)

	Example

>>> from geowatch.utils.util_kwimage import *  # NOQA
>>> shapes = [32, 64, 96, 128, 256]
>>> results = {}
>>> for shape in shapes:
>>>     results[str(shape)] = upweight_center_mask(shape)
>>> # xdoc: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> pnum_ = kwplot.PlotNums(nSubplots=len(results))
>>> for k, result in results.items():
>>>     kwplot.imshow(result, pnum=pnum_(), title=k)
>>> kwplot.show_if_requested()





[image: ../_images/fig_geowatch_utils_util_kwimage_upweight_center_mask_002.jpeg]





	
geowatch.utils.util_kwimage.perchannel_colorize(data, channel_colors=None)

	Note: this logic semi-exists in kwimage.Heatmap.
It would be good to consolidate it.


	Parameters:

	data (ndarray) – the last dimension should be chanels, and they should
be probabilities between zero and one.





Example

>>> from geowatch.utils.util_kwimage import *  # NOQA
>>> import itertools as it
>>> import kwarray
>>> channel_colors = ['tomato', 'gold', 'lime', 'darkturquoise']
>>> c = len(channel_colors)
>>> s = 32
>>> cx_combos = list(ub.flatten(it.combinations(range(c), n) for n in range(0, c + 1)))
>>> w = s // len(cx_combos)
>>> data = np.zeros((s, s, c), dtype=np.float32)
>>> y_slider = kwarray.SlidingWindow((s, s), (w, s,))
>>> x_slider = kwarray.SlidingWindow((s, s), (s, w,))
>>> for idx, cxs in enumerate(cx_combos):
>>>     for cx in cxs:
>>>         data[x_slider[idx] + (cx,)] =  1
>>>         data[y_slider[idx] + (cx,)] =  0.5
>>> canvas = perchannel_colorize(data, channel_colors)[..., 0:3]
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas, docla=1)
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Example

>>> from geowatch.utils.util_kwimage import *  # NOQA
>>> import itertools as it
>>> import kwarray
>>> channel_colors = ['blue']
>>> data = np.linspace(0, 1, 512 * 512).reshape(512, 512, 1)
>>> canvas = perchannel_colorize(data, channel_colors)[..., 0:3]
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas, docla=1)
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geowatch.utils.util_kwimage.ensure_false_color(canvas, method='ortho')

	Given a canvas with more than 3 colors, (or 2 colors) do
something to get it into a colorized space.


Todo


	[ ] I have no idea how well this works. Probably better methods exist. Find them.






Example

>>> import kwimage
>>> import numpy as np
>>> demo_img = kwimage.ensure_float01(kwimage.grab_test_image('astro'))
>>> canvas = demo_img @ np.random.rand(3, 2)
>>> rgb_canvas2 = ensure_false_color(canvas)
>>> canvas = np.tile(demo_img, (1, 1, 10))
>>> rgb_canvas10 = ensure_false_color(canvas)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(rgb_canvas2, pnum=(1, 2, 1))
>>> kwplot.imshow(rgb_canvas10, pnum=(1, 2, 2))
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geowatch.utils.util_kwimage.colorize_label_image(labels, with_legend=True, label_mapping=None, label_to_color=None, legend_dpi=200)

	Rename to draw_label_image?

Replace an image with integer labels with colors


	Parameters:

	
	labels (ndarray) – a label image


	with_legend (bool)


	legend_mapping (dict) – maps the label used in the label image to what should appear in the
legend.








CommandLine

python -X importtime -m xdoctest geowatch.utils.util_kwimage colorize_label_image





Example

>>> from geowatch.utils.util_kwimage import *  # NOQA
>>> labels = (np.random.rand(32, 32) * 10).astype(np.uint8) % 5
>>> label_to_color = {0: 'black'}
>>> label_mapping = {0: 'background'}
>>> with_legend = True
>>> canvas1 = colorize_label_image(labels, with_legend,
>>>     label_mapping=label_mapping, label_to_color=label_to_color)
>>> canvas2 = colorize_label_image(labels, with_legend,
>>>     label_mapping=label_mapping, label_to_color=None)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas1, pnum=(1, 2, 1), fnum=1)
>>> kwplot.imshow(canvas2, pnum=(1, 2, 2), fnum=1)
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Example

>>> from geowatch.utils.util_kwimage import *  # NOQA
>>> labels = (np.random.rand(4, 4) * 10) % 5
>>> labels[0:2] = np.nan
>>> label_to_color = {0: 'black'}
>>> label_mapping = {0: 'background'}
>>> with_legend = True
>>> canvas1 = colorize_label_image(labels, with_legend,
>>>     label_mapping=label_mapping, label_to_color=label_to_color)
>>> canvas2 = colorize_label_image(labels, with_legend,
>>>     label_mapping=label_mapping, label_to_color=None)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(canvas1, pnum=(1, 2, 1), fnum=1)
>>> kwplot.imshow(canvas2, pnum=(1, 2, 2), fnum=1)
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geowatch.utils.util_kwimage.local_variance(image, kernel, handle_nans=True)

	The local variance at each point in the image (take the sqrt to get the
local std)


	Parameters:

	
	image (ndarray)


	kernel (int | Tuple[int, int]) kernel size (w, h)






	Returns:

	the image with the variance at each point



	Return type:

	ndarray





References

https://answers.opencv.org/question/193393/local-mean-and-variance/
https://stackoverflow.com/questions/11456565/opencv-mean-sd-filter

Example

>>> # Test with nans
>>> from geowatch.utils.util_kwimage import *  # NOQA
>>> import kwimage
>>> import kwarray
>>> shape = (512, 512)
>>> dsize = shape[::-1]
>>> image = np.zeros(shape + (3,), dtype=np.uint8)
>>> image = kwimage.ensure_float01(image)
>>> rng = kwarray.ensure_rng(0)
>>> image[:, 256:, :] = rng.rand(512, 256, 3)  # high frequency noise
>>> poly1 = kwimage.Polygon.random(rng=rng).scale(dsize)
>>> poly2 = kwimage.Polygon.random(rng=rng).scale(dsize)
>>> poly3 = kwimage.Polygon.random(rng=rng).scale(dsize)
>>> poly1.draw_on(image, color='kitware_blue')
>>> poly2.draw_on(image, color='pink')
>>> poly3.draw_on(image, color='kitware_green')
>>> image[50:70, :, :] = 1  # a line of ones
>>> image[150:170, :, :] = np.nan  # a line of nans
>>> #image = kwimage.convert_colorspace(image, 'rgb', 'gray')
>>> varimg = local_variance(image, kernel=7)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(kwimage.fill_nans_with_checkers(image), pnum=(1, 2, 1), title='input image')
>>> kwplot.imshow(kwimage.fill_nans_with_checkers(kwarray.normalize(varimg)), pnum=(1, 2, 2), title='variance image')
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geowatch.utils.util_kwimage.find_lowvariance_regions(image, kernel=7)

	The idea is that we want to detect large region in an image that are filled
entirely with the same color.

The approach is that we are going to find the local variance of the image
in a KxK window (K is the size of a kernel and corresponds to a minimum
size of homogenous region that we care to segment).  Then we are going to
find all regions with zero variance. The connected components of that
binary image should be roughly what we want.

We can postprocess this with floodfills to get nearly exacly what we want.

Example

>>> from geowatch.utils.util_kwimage import *  # NOQA
>>> import kwimage
>>> import kwarray
>>> shape = (512, 512)
>>> dsize = shape[::-1]
>>> image = np.zeros(shape + (3,), dtype=np.uint8)
>>> rng = kwarray.ensure_rng(0)
>>> image[:, 256:, :] = (rng.rand(512, 256, 3) * 255)  # high frequency noise
>>> poly1 = kwimage.Polygon.random(rng=rng).scale(dsize)
>>> poly2 = kwimage.Polygon.random(rng=rng).scale(dsize)
>>> poly3 = kwimage.Polygon.random(rng=rng).scale(dsize)
>>> poly1.draw_on(image, color='kitware_blue')
>>> poly2.draw_on(image, color='pink')
>>> poly3.draw_on(image, color='kitware_green')
>>> image[50:70, :, :] = 255  # a "thin" line
>>> labels = find_lowvariance_regions(image)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> canvas = colorize_label_image(labels)
>>> kwplot.imshow(image, pnum=(1, 2, 1), title='input image')
>>> kwplot.imshow(canvas, pnum=(1, 2, 2), title='labeled regions')
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Example

>>> # Test with nans
>>> from geowatch.utils.util_kwimage import *  # NOQA
>>> import kwimage
>>> import kwarray
>>> shape = (512, 512)
>>> dsize = shape[::-1]
>>> image = np.zeros(shape + (3,), dtype=np.uint8)
>>> image = kwimage.ensure_float01(image)
>>> rng = kwarray.ensure_rng(0)
>>> image[:, 256:, :] = rng.rand(512, 256, 3)  # high frequency noise
>>> poly1 = kwimage.Polygon.random(rng=rng).scale(dsize)
>>> poly2 = kwimage.Polygon.random(rng=rng).scale(dsize)
>>> poly3 = kwimage.Polygon.random(rng=rng).scale(dsize)
>>> poly1.draw_on(image, color='kitware_blue')
>>> poly2.draw_on(image, color='pink')
>>> poly3.draw_on(image, color='kitware_green')
>>> image[50:70, :, :] = 1  # a line of ones
>>> image[150:170, :, :] = np.nan  # a line of nans
>>> image = kwimage.convert_colorspace(image, 'rgb', 'gray')
>>> labels = find_lowvariance_regions(image, kernel=7)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> canvas = colorize_label_image(labels)
>>> kwplot.imshow(image, pnum=(1, 2, 1), title='input image')
>>> kwplot.imshow(canvas, pnum=(1, 2, 2), title='labeled regions')
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geowatch.utils.util_kwimage.find_samecolor_regions(image, min_region_size=49, seed_method='grid', connectivity=8, scale=1.0, grid_stride='auto', PRINT_STEPS=0, values=None)

	Find large spatially connected regions in an image where all pixels have
the same value.

Works by selecting a set of initial seed points. A flood fill is run at
each seed point to find potential large samedata regions.

More specifically, we find seed points using a regular grid, or finding
pixels in regions with low spatial variance.  Then for each candidate seed
point, we do a flood-fill to see if it in a large samecolor region. Each
connected region that satisfies the requested criteria is given an integer
label. The return value is a label-mask where each pixel that is part of a
region is given a value corresponding to that region’s integer label. Any
pixel not part of a region is given a label of zero. For technical reasons,
returned labels will start at 1.


	Parameters:

	
	image (ndarray) – image to find regions of the same color


	min_region_size (int) – the minimum number of pixels in a region for it to be
considered valid.


	seed_method (str) – can be grid or variance


	connectivity (int) – cc connectivity. Either 4 or 8.


	scale (float) – scale at which the computation is done.
Should be a value between 0 and 1. The default is 1.  Setting to
less than 1 will resize the image, perform the computation, and
then upsample the output. This can cause a significant speed
increase at the cost of some accuracy.


	values (None | List) – if specified, only finds the samecolor regions with this intensity
value, otherwise any value will be considered.








References

https://docs.opencv.org/3.4/d7/d1b/group__imgproc__misc.html#ga366aae45a6c1289b341d140839f18717

Example

>>> from geowatch.utils.util_kwimage import *  # NOQA
>>> import kwimage
>>> import kwarray
>>> shape = (512, 512)
>>> dsize = shape[::-1]
>>> image = np.zeros(shape + (3,), dtype=np.uint8)
>>> rng = kwarray.ensure_rng(0)
>>> image[:, 256:, :] = (rng.rand(512, 256, 3) * 255)  # high frequency noise
>>> poly1 = kwimage.Polygon.random(rng=rng).scale(dsize)
>>> poly2 = kwimage.Polygon.random(rng=rng).scale(dsize)
>>> poly3 = kwimage.Polygon.random(rng=rng).scale(dsize)
>>> poly1.draw_on(image, color='kitware_blue')
>>> poly2.draw_on(image, color='pink')
>>> poly3.draw_on(image, color='kitware_green')
>>> image[50:70, :, :] = 255  # a "thin" line
>>> #labels = find_samecolor_regions(image, seed_method='grid')
>>> labels = find_samecolor_regions(image, seed_method='variance')
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> canvas = colorize_label_image(labels)
>>> kwplot.imshow(image, pnum=(1, 2, 1), title='input image')
>>> kwplot.imshow(canvas, pnum=(1, 2, 2), title='labeled regions')
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Example

>>> # Test with nans
>>> from geowatch.utils.util_kwimage import *  # NOQA
>>> import kwimage
>>> import kwarray
>>> shape = (512, 512)
>>> dsize = shape[::-1]
>>> image = np.zeros(shape + (3,), dtype=np.uint8)
>>> image = kwimage.ensure_float01(image).astype(np.float32)
>>> rng = kwarray.ensure_rng(0)
>>> image[:, 256:, :] = rng.rand(512, 256, 3)  # high frequency noise
>>> poly1 = kwimage.Polygon.random(rng=rng).scale(dsize)
>>> poly2 = kwimage.Polygon.random(rng=rng).scale(dsize)
>>> poly3 = kwimage.Polygon.random(rng=rng).scale(dsize)
>>> poly1.draw_on(image, color='kitware_blue')
>>> poly2.draw_on(image, color='pink')
>>> poly3.draw_on(image, color='kitware_green')
>>> image[50:70, :, :] = 1  # a line of ones
>>> image[150:170, :, :] = np.nan  # a line of nans
>>> image = kwimage.convert_colorspace(image, 'rgb', 'gray')
>>> labels = find_samecolor_regions(image, seed_method='grid')
>>> #labels = find_samecolor_regions(image, seed_method='variance')
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> canvas = colorize_label_image(labels)
>>> kwplot.imshow(image, pnum=(1, 2, 1), title='input image')
>>> kwplot.imshow(canvas, pnum=(1, 2, 2), title='labeled regions')
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Example

>>> from geowatch.utils.util_kwimage import *  # NOQA
>>> w, h = 5, 4
>>> image = (np.arange(w * h).reshape(h, w)).astype(np.uint8)
>>> image[2, 2] = 0
>>> image[2, 3] = 0
>>> image[3, 4] = 0
>>> min_region_size = 2
>>> seed_method = 'grid'
>>> connectivity = 8
>>> scale = 1.0
>>> grid_stride = 1
>>> labels = find_samecolor_regions(
>>>     image, min_region_size, seed_method, connectivity, scale,
>>>     grid_stride, PRINT_STEPS=0)
>>> print(labels)
>>> print(image)
>>> assert (labels > 0).sum() == 3





Example

>>> # Check dtypes
>>> from geowatch.utils.util_kwimage import *  # NOQA
>>> dtypes = [np.uint8, np.float32, np.float64, int, np.int16, np.uint16]
>>> failed = []
>>> for dtype in dtypes:
...    image = (np.random.rand(32, 32) * 512).astype(dtype)
...    try:
...        find_samecolor_regions(image, min_region_size=10)
...    except Exception:
...        failed.append(dtype)
>>> print(f'failed={failed}')
>>> assert len(failed) == 0





Example

>>> # Check specifying valid values
>>> from geowatch.utils.util_kwimage import *  # NOQA
>>> w, h = 32, 32
>>> image = np.zeros((h, w), dtype=np.uint8)
>>> image[0:8, :] = 1
>>> image[8:16, :] = 2
>>> image[16:32, :] = 3
>>> image[:, 16:32] = 4
>>> image[24:32, :] = 1
>>> image[2, 3] = 5
>>> image[7, 11] = 13
>>> image[17, 19] = 23
>>> image[29, 31] = 37
>>> #image = kwimage.imresize(image, dsize=(256, 256), interpolation='lanczos')
>>> min_region_size = 2
>>> seed_method = 'grid'
>>> connectivity = 8
>>> scale = 1.0
>>> grid_stride = 1
>>> labels1 = find_samecolor_regions(
>>>     image, min_region_size, seed_method, connectivity, scale,
>>>     grid_stride, PRINT_STEPS=0)
>>> labels2 = find_samecolor_regions(
>>>     image, min_region_size, seed_method, connectivity, scale,
>>>     grid_stride, PRINT_STEPS=0, values={1})
>>> #labels = find_samecolor_regions(image, seed_method='variance')
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> import kwarray
>>> kwplot.imshow(image, pnum=(1, 3, 1), title='input image', cmap='viridis')
>>> kwplot.imshow(colorize_label_image(labels1), pnum=(1, 3, 2), title='values=None')
>>> kwplot.imshow(colorize_label_image(labels2), pnum=(1, 3, 3), title='values={1}')






	Returns:

	
	a label array where 0 indicates background and a
	non-zero label is a samecolor region.









	Return type:

	ndarray






Todo


	[ ] Could generalize this to search for values within a tolerence, in




which case we would get a fuzzyfind sort of function.




Note

this is a kwimage candidate




	Optimizing:
	>>> import xdev
>>> xdev.profile_now(find_lowvariance_regions)(image)
>>> xdev.profile_now(find_samecolor_regions)(image)
>>> find_samecolor_regions(image)
>>> #
>>> import timerit
>>> ti = timerit.Timerit(30, bestof=3, verbose=2)
>>> for timer in ti.reset('find_lowvariance_regions'):
>>>     with timer:
>>>         find_lowvariance_regions(image)
>>> #
>>> ti = timerit.Timerit(30, bestof=3, verbose=2)
>>> for timer in ti.reset('find_samecolor_regions'):
>>>     with timer:
>>>         labels = find_samecolor_regions(image)
>>> #
>>> # Test to see the overhead compared to different levels of downscale / upscale
>>> ti = timerit.Timerit(30, bestof=3, verbose=2)
>>> for timer in ti.reset('find_samecolor_regions + resize'):
>>>     with timer:
>>>         labels = find_samecolor_regions(image, scale=0.5)
>>> #
>>> # Test to see the overhead compared to different levels of downscale / upscale
>>> ti = timerit.Timerit(30, bestof=3, verbose=2)
>>> for timer in ti.reset('find_samecolor_regions + resize'):
>>>     with timer:
>>>         labels = find_samecolor_regions(image, scale=0.25)





>>> from geowatch.utils.util_kwimage import *  # NOQA
>>> import kwimage
>>> image = kwimage.grab_test_image('amazon', dsize=(512, 512))[..., 0:1]
>>> poly = kwimage.Polygon.random().scale(image.shape[0:2][::-1])
>>> image = poly.fill(image, value=0)
>>> mask = (np.random.rand(*image.shape[0:2]) > 0.999)
>>> rs, cs = np.where(mask)
>>> image[rs[0:5], cs[0:5]] = 0
>>> ti = timerit.Timerit(2, bestof=2, verbose=2)
>>> for timer in ti.reset('find_samecolor_regions, with values'):
>>>     labels = find_samecolor_regions(image, values={0})
>>> for timer in ti.reset('find_samecolor_regions, with values, seed_method=values'):
>>>     labels = find_samecolor_regions(image, values={0}, seed_method='values')
>>> for timer in ti.reset('find_samecolor_regions, with values, seed_method=variance'):
>>>     labels = find_samecolor_regions(image, values={0}, seed_method='variance')
>>> for timer in ti.reset('find_samecolor_regions, without values'):
>>>     labels = find_samecolor_regions(image, values=None)
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geowatch.utils.util_kwimage.find_high_frequency_values(image, values=None, abs_thresh=0.2, rel_thresh=None)

	Values that appear in the image very often, may be indicative of an
artifact that we should remove.


	Parameters:

	values (None | List) – the values of interest to find.
if unspecified, any highly frequent value is flagged.










	
geowatch.utils.util_kwimage.polygon_distance_transform(poly, shape)

	The API needs work, but I think the idea could be useful

Example

>>> from geowatch.utils.util_kwimage import *  # NOQA
>>> import cv2
>>> import kwimage
>>> poly = kwimage.Polygon.random().scale(32)
>>> shape = (32, 32)
>>> dist, poly_mask = polygon_distance_transform(poly, shape)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.imshow(dist, cmap='viridis', doclf=1)
>>> poly.draw(fill=0, border=1)
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geowatch.utils.util_kwimage.devcheck_frame_poly_weights(poly, shape, dtype=<class 'numpy.uint8'>)

	import kwimage
import kwplot
kwplot.autompl()
from geowatch.utils import util_kwimage
space_shape = (380, 380)
weights1 = util_kwimage.upweight_center_mask(space_shape)
weights2 = kwimage.normalize(kwimage.gaussian_patch(space_shape))
sigma3 = 4.8 * ((space_shape[0] - 1) * 0.5 - 1) + 0.8
weights3 = kwimage.normalize(kwimage.gaussian_patch(space_shape, sigma=sigma3))

min_spacetime_weight = 0.5

weights1 = np.maximum(weights1, min_spacetime_weight)
weights2 = np.maximum(weights2, min_spacetime_weight)
weights3 = np.maximum(weights3, min_spacetime_weight)

# Hack so color bar goes to 0
weights3[0, 0] = 0
weights2[0, 0] = 0
weights1[0, 0] = 0

kwplot.imshow(weights1, pnum=(1, 3, 1), title=’current’, cmap=’viridis’, data_colorbar=1)
kwplot.imshow(weights2, pnum=(1, 3, 2), title=’variant1’, cmap=’viridis’, data_colorbar=1)
kwplot.imshow(weights3, pnum=(1, 3, 3), title=’variant2’, cmap=’viridis’, data_colorbar=1)






	
geowatch.utils.util_kwimage.find_low_overlap_covering_boxes(polygons, scale, min_box_dim, max_box_dim, merge_thresh=0.001, max_iters=100)

	Given a set of polygons we want to find a small set of boxes that
completely cover all of those polygons.

We are going to do some set-cover shenanigans by making a bunch of
candidate boxes based on some hueristics and find a set cover of those.

Then we will search for small boxes that can be merged, and iterate.


	Parameters:

	
	polygons (List[Polygon) – the input shapes that need clustering


	scale (float) – scale factor for context we want around each polygon.


	min_box_dim (float) – minimum side length of a returned box


	max_box_dim (float) – maximum side length of a returned box








References

https://aip.scitation.org/doi/pdf/10.1063/1.5090003?cookieSet=1
Mercantile - https://pypi.org/project/mercantile/0.4/
BingMapsTiling - XYZ Tiling for webmap services
https://mercantile.readthedocs.io/en/stable/api/mercantile.html#mercantile.bounding_tile
https://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.713.6709&rep=rep1&type=pdf

Example

>>> # Create random polygons as test data
>>> from geowatch.utils.util_kwimage import *  # NOQA
>>> import kwimage
>>> import kwarray
>>> from kwarray import distributions
>>> rng = kwarray.ensure_rng(934602708841)
>>> num = 200
>>> #
>>> canvas_width = 2000
>>> offset_distri = distributions.Uniform(canvas_width, rng=rng)
>>> scale_distri = distributions.Uniform(10, 150, rng=rng)
>>> #
>>> polygons = []
>>> for _ in range(num):
>>>     poly = kwimage.Polygon.random(rng=rng)
>>>     poly = poly.scale(scale_distri.sample())
>>>     poly = poly.translate(offset_distri.sample(2))
>>>     polygons.append(poly)
>>> polygons = kwimage.PolygonList(polygons)
>>> #
>>> scale = 1.0
>>> min_box_dim = 240
>>> max_box_dim = 500
>>> #
>>> keep_bbs, overlap_idxs = find_low_overlap_covering_boxes(polygons, scale, min_box_dim, max_box_dim)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> plt = kwplot.autoplt()
>>> kwplot.figure(fnum=1, doclf=1)
>>> polygons.draw(color='pink')
>>> keep_bbs.draw(color='orange', setlim=1)
>>> plt.gca().set_title('find_low_overlap_covering_boxes')





[image: ../_images/fig_geowatch_utils_util_kwimage_find_low_overlap_covering_boxes_002.jpeg]





	
geowatch.utils.util_kwimage.find_low_overlap_covering_boxes_optimize(polygons, scale, min_box_dim, max_box_dim, merge_thresh=0.001, max_iters=100)

	A variant of the covering problem that doesn’t work that well, but might in
the future with tweaks.






	
geowatch.utils.util_kwimage.exactly_1channel(image, ndim=2)

	Like atleast_3channels, exactly_1channel returns a 2D image as either
a 2D or 3D array, depending on if ndim is 2 or 3. For a 3D array the last
dimension is always 1.  An error is thrown if assumptions are not met.

PORTED TO kwimage in version 0.9.14


	Parameters:

	
	image (ndarray)


	ndim (int) – either 2 or 3








Example

>>> assert exactly_1channel(np.empty((3, 3)), ndim=2).shape == (3, 3)
>>> assert exactly_1channel(np.empty((3, 3)), ndim=3).shape == (3, 3, 1)
>>> assert exactly_1channel(np.empty((3, 3, 1)), ndim=2).shape == (3, 3)
>>> assert exactly_1channel(np.empty((3, 3, 1)), ndim=3).shape == (3, 3, 1)
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geowatch.utils.util_kwplot module


	
geowatch.utils.util_kwplot.phantom_legend(label_to_color, mode='line', ax=None, legend_id=None, loc=0)

	




	
geowatch.utils.util_kwplot.cropwhite_ondisk(fpath)

	




	
geowatch.utils.util_kwplot.dataframe_table(table, fpath, title=None, fontsize=12, table_conversion='auto', dpi=None, fnum=None, show=False)

	Use dataframe_image (dfi) to render a pandas dataframe.


	Parameters:

	
	table (pandas.DataFrame | pandas.io.formats.style.Styler)


	fpath (str | PathLike) – where to save the image


	table_conversion (str) – can be auto, chrome, or matplotlib (auto tries to default to
chrome)








Example

>>> # xdoctest: +REQUIRES(module:dataframe_image)
>>> from geowatch.utils.util_kwplot import *  # NOQA
>>> import ubelt as ub
>>> dpath = ub.Path.appdir('kwplot/tests/test_dfi').ensuredir()
>>> import pandas as pd
>>> table = pd.DataFrame({'foo': ['one', 'one', 'one', 'two', 'two', 'two'],
...                       'bar': ['A', 'B', 'C', 'A', 'B', 'C'],
...                       'baz': [1, 2, 3, 4, 5, 6],
...                       'zoo': ['x', 'y', 'z', 'q', 'w', 't']})
>>> fpath = dpath / 'dfi.png'
>>> dataframe_table(table, fpath, title='A caption / title')










	
geowatch.utils.util_kwplot.humanize_dataframe(df, col_formats=None, human_labels=None, index_format=None, title=None)

	




	
geowatch.utils.util_kwplot.scatterplot_highlight(data, x, y, highlight, size=10, color='orange', marker='*', val_to_color=None, ax=None, linewidths=None)

	




	
geowatch.utils.util_kwplot.humanize_labels()

	




	
geowatch.utils.util_kwplot.relabel_xticks(mapping, ax=None)

	Change the tick labels on the x-axis.


	Parameters:

	
	mapping (dict)


	ax (Axes | None)













	
class geowatch.utils.util_kwplot.LabelModifier(mapping=None)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Registers multiple ways to relabel text on axes


Todo


	[ ] Maybe rename to label manager?






Example

>>> # xdoctest: +SKIP
>>> import sys, ubelt
>>> from geowatch.utils.util_kwplot import *  # NOQA
>>> import pandas as pd
>>> import kwarray
>>> rng = kwarray.ensure_rng(0)
>>> models = ['category1', 'category2', 'category3']
>>> data = pd.DataFrame([
>>>     {
>>>         'node.metrics.tpr': rng.rand(),
>>>         'node.metrics.fpr': rng.rand(),
>>>         'node.metrics.f1': rng.rand(),
>>>         'node.param.model': rng.choice(models),
>>>     } for _ in range(100)])
>>> # xdoctest: +REQUIRES(env:PLOTTING_DOCTESTS)
>>> import kwplot
>>> sns = kwplot.autosns()
>>> fig = kwplot.figure(fnum=1, pnum=(1, 2, 1), doclf=1)
>>> ax1 = sns.boxplot(data=data, x='node.param.model', y='node.metrics.f1')
>>> ax1.set_title('My node.param.model boxplot')
>>> kwplot.figure(fnum=1, pnum=(1, 2, 2))
>>> ax2 = sns.scatterplot(data=data, x='node.metrics.tpr', y='node.metrics.f1', hue='node.param.model')
>>> ax2.set_title('My node.param.model scatterplot')
>>> ax = ax2
>>> #
>>> def mapping(text):
>>>     text = text.replace('node.param.', '')
>>>     text = text.replace('node.metrics.', '')
>>>     return text
>>> #
>>> self = LabelModifier(mapping)
>>> self.add_mapping({'category2': 'FOO', 'category3': 'BAR'})
>>> #fig.canvas.draw()
>>> #
>>> self.relabel(ax=ax1)
>>> self.relabel(ax=ax2)
>>> fig.canvas.draw()






	
copy()

	




	
add_mapping(mapping)

	




	
update(dict_mapping)

	




	
_modify_text(text: str [https://docs.python.org/3/library/stdtypes.html#str])

	




	
_modify_labels(label: Text [https://matplotlib.org/stable/api/text_api.html#matplotlib.text.Text])

	




	
_modify_legend(legend)

	




	
relabel_yticks(ax=None)

	




	
relabel_xticks(ax=None)

	




	
relabel_axes_labels(ax=None)

	




	
relabel_legend(ax=None)

	




	
relabel(ax=None, ticks=True, axes_labels=True, legend=True)

	








	
class geowatch.utils.util_kwplot.FigureFinalizer(dpath='.', size_inches=None, cropwhite=True, tight_layout=True, **kwargs)

	Bases: NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr]

Helper for defining where and how figures will be saved on disk.


	Known Parameters:
	dpi : float
format : str
metadata : dict
bbox_inches : str
pad_inches : float
facecolor : color
edgecolor : color
backend : str
orientation :
papertype :
transparent :
bbox_extra_artists :
pil_kwargs :





Example

from geowatch.utils.util_kwplot import *  # NOQA
self = FigureFinalizer()
print(‘self = {}’.format(ub.urepr(self, nl=1)))
self.update(dpi=300)


	
copy()

	Create a copy of this object.






	
update(*args, **kwargs)

	Modify this config






	
finalize(fig, fpath, **kwargs)

	Sets the figure properties, like size, tight layout, etc, writes to
disk, and then crops the whitespace out.


	Parameters:

	
	fig (matplotlib.figure.Figure) – figure to safe


	fpath (str | PathLike) – where to save the figure image


	**kwargs – overrides this config for this finalize only

















	
geowatch.utils.util_kwplot.fix_matplotlib_dates(dates, format='mdate')

	
	Parameters:

	
	dates (List[None | Coerceble[datetime]]) – input dates to fixup


	format (str) – can be mdate for direct matplotlib usage or datetime for seaborn usage.









Note

seaborn seems to do just fine with timestamps…
todo:


add regular matplotlib test for a real demo of where this is useful






Example

>>> from geowatch.utils.util_kwplot import *  # NOQA
>>> from kwutil.util_time import coerce_datetime
>>> from kwutil.util_time import coerce_timedelta
>>> import pandas as pd
>>> import numpy as np
>>> delta = coerce_timedelta('1 day')
>>> n = 100
>>> min_date = coerce_datetime('2020-01-01').timestamp()
>>> max_date = coerce_datetime('2021-01-01').timestamp()
>>> from kwarray.distributions import Uniform
>>> distri = Uniform(min_date, max_date)
>>> timestamps = distri.sample(n)
>>> timestamps[np.random.rand(n) > 0.5] = np.nan
>>> dates = list(map(coerce_datetime, timestamps))
>>> scores = np.random.rand(len(dates))
>>> table = pd.DataFrame({
>>>     'isodates': [None if d is None else d.isoformat() for d in dates],
>>>     'dates': dates,
>>>     'timestamps': timestamps,
>>>     'scores': scores
>>> })
>>> table['fixed_dates'] = fix_matplotlib_dates(table.dates, format='datetime')
>>> table['fixed_timestamps'] = fix_matplotlib_dates(table.timestamps, format='datetime')
>>> table['fixed_isodates'] = fix_matplotlib_dates(table.isodates, format='datetime')
>>> table['mdate_dates'] = fix_matplotlib_dates(table.dates, format='mdate')
>>> table['mdate_timestamps'] = fix_matplotlib_dates(table.timestamps, format='mdate')
>>> table['mdate_isodates'] = fix_matplotlib_dates(table.isodates, format='mdate')
>>> # xdoctest: +REQUIRES(env:PLOTTING_DOCTESTS)
>>> import kwplot
>>> sns = kwplot.autosns()
>>> pnum_ = kwplot.PlotNums(nSubplots=8)
>>> ax = kwplot.figure(fnum=1, doclf=1)
>>> for key in table.columns.difference({'scores'}):
>>>     ax = kwplot.figure(fnum=1, doclf=0, pnum=pnum_()).gca()
>>>     sns.scatterplot(data=table, x=key, y='scores', ax=ax)
>>>     if key.startswith('mdate_'):
>>>         # TODO: make this formatter fixup work better.
>>>         import matplotlib.dates as mdates
>>>         ax.xaxis.set_major_formatter(mdates.DateFormatter('%Y-%m-%d'))
>>>         ax.xaxis.set_major_locator(mdates.DayLocator(interval=90))










	
geowatch.utils.util_kwplot.fix_matplotlib_timedeltas(deltas)

	




	
geowatch.utils.util_kwplot.extract_legend(ax)

	Creates a new figure that contains the original legend.






	
class geowatch.utils.util_kwplot.ArtistManager

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Accumulates artist collections (e.g. lines, patches, ellipses) the user is
interested in drawing so we can draw them efficiently.

References

https://matplotlib.org/stable/api/collections_api.html
https://matplotlib.org/stable/gallery/shapes_and_collections/ellipse_collection.html
https://stackoverflow.com/questions/32444037/how-can-i-plot-many-thousands-of-circles-quickly

Example

>>> # xdoctest: +SKIP
>>> from geowatch.utils.util_kwplot import *  # NOQA
>>> # xdoctest: +REQUIRES(env:PLOTTING_DOCTESTS)
>>> import kwplot
>>> sns = kwplot.autosns()
>>> fig = kwplot.figure(fnum=1)
>>> self = ArtistManager()
>>> import kwimage
>>> points = kwimage.Polygon.star().data['exterior'].data
>>> self.add_linestring(points)
>>> ax = fig.gca()
>>> self.add_to_axes(ax)
>>> ax.relim()
>>> ax.set_xlim(-1, 1)
>>> ax.set_ylim(-1, 1)





Example

>>> # xdoctest: +SKIP
>>> from geowatch.utils.util_kwplot import *  # NOQA
>>> # xdoctest: +REQUIRES(env:PLOTTING_DOCTESTS)
>>> import kwplot
>>> sns = kwplot.autosns()
>>> fig = kwplot.figure(fnum=1)
>>> self = ArtistManager()
>>> import kwimage
>>> points = kwimage.Polygon.star().data['exterior'].data
>>> y = 1
>>> self.add_linestring([(0, y), (1, y)], color='kitware_blue')
>>> y = 2
>>> self.add_linestring([(0, y), (1, y)], color='kitware_green')
>>> y = 3
>>> self.add_circle((0, y), r=.1, color='kitware_darkgreen')
>>> self.add_circle((0.5, y), r=.1, color='kitware_darkblue')
>>> self.add_circle((0.2, y), r=.1, color='kitware_darkblue')
>>> self.add_circle((1.0, y), r=.1, color='kitware_darkblue')
>>> self.add_ellipse((0.2, 1), .1, .2, angle=10, color='kitware_gray')
>>> self.add_linestring([(0, y), (1, y)], color='kitware_blue')
>>> y = 4
>>> self.add_linestring([(0, y), (1, y)], color='kitware_blue')
>>> self.add_circle_marker((0, y), r=10, color='kitware_darkgreen')
>>> self.add_circle_marker((0.5, y), r=10, color='kitware_darkblue')
>>> self.add_circle_marker((0.2, y), r=10, color='kitware_darkblue')
>>> self.add_circle_marker((1.0, y), r=10, color='kitware_darkblue')
>>> self.add_ellipse_marker((0.2, 2), 10, 20, angle=10, color='kitware_gray')
>>> self.add_linestring(np.array([
...     (0.2, 0.5),
...     (0.45, 1.6),
...     (0.62, 2.3),
...     (0.82, 4.9),
>>> ]), color='kitware_yellow')
>>> self.add_to_axes()
>>> ax = fig.gca()
>>> ax.set_xlim(0, 1)
>>> ax.set_ylim(0, 5)
>>> ax.autoscale_view()






	
_normalize_attrs(attrs)

	




	
plot(xs, ys, **attrs)

	Alternative way to add lines






	
add_linestring(points, **attrs)

	
	Parameters:

	points (List[Tuple[float, float]] | ndarray) – an Nx2 set of ordered points






Note

perhaps allow adding markers based on ax.scatter?








	
add_ellipse(xy, rx, ry, angle=0, **attrs)

	Real ellipses in dataspace






	
add_circle(xy, r, **attrs)

	Real ellipses in dataspace






	
add_ellipse_marker(xy, rx, ry, angle=0, color=None, **attrs)

	
	Parameters:

	
	xy – center


	rx – radius in the first axis (size is in points, i.e. same way plot markers are sized)


	ry – radius in the second axis


	angle (float) – The angles of the first axes, degrees CCW from the x-axis.













	
add_circle_marker(xy, r, **attrs)

	
	Parameters:

	
	xy (List[Tuple[float, float]] | ndarray) – an Nx2 set of circle centers


	r (List[float] | ndarray) – an Nx1 set of circle radii













	
build_collections(ax=None)

	




	
add_to_axes(ax=None)

	




	
bounds()

	




	
setlims(ax=None)

	








	
geowatch.utils.util_kwplot.time_sample_arcplot(time_samples, yloc=1, ax=None)

	Example

>>> import sys, ubelt
>>> sys.path.append(ubelt.expandpath('~/code/watch'))
>>> from geowatch.utils.util_kwplot import *  # NOQA
>>> time_samples = [
>>>     [1, 3, 5, 7, 9],
>>>     [2, 3, 4, 6, 8],
>>>     [1, 5, 6, 7, 9],
>>> ]
>>> import kwplot
>>> kwplot.autompl()
>>> time_sample_arcplot(time_samples)





References

https://stackoverflow.com/questions/42162787/arc-between-points-in-circle






	
class geowatch.utils.util_kwplot.Palette

	Bases: UDict [https://ubelt.readthedocs.io/en/latest/ubelt.util_dict.html#ubelt.util_dict.UDict]

Dictionary subclass that maps a label to a particular color.

Explicit colors per label can be given, but for other unspecified labels we
attempt to generate a distinct color.

Example

>>> from geowatch.utils.util_kwplot import *  # NOQA
>>> self1 = Palette()
>>> self1.add_labels(labels=['a', 'b'])
>>> self1.update({'foo': 'blue'})
>>> self1.update(['bar', 'baz'])
>>> self2 = Palette.coerce({'foo': 'blue'})
>>> self2.update(['a', 'b', 'bar', 'baz'])
>>> self1 = self1.sorted_keys()
>>> self2 = self2.sorted_keys()
>>> # xdoctest: +REQUIRES(env:PLOTTING_DOCTESTS)
>>> import kwplot
>>> kwplot.autoplt()
>>> canvas1 = self1.make_legend_img()
>>> canvas2 = self2.make_legend_img()
>>> canvas = kwimage.stack_images([canvas1, canvas2])
>>> kwplot.imshow(canvas)






	
classmethod coerce(data)

	




	
update(other)

	




	
add_labels(label_to_color=None, labels=None)

	Forces particular labels to take a specific color and then chooses
colors for any other unspecified label.


	Parameters:

	
	label_to_color (Dict[str, Any] | None) – mapping to colors that are forced


	labels (List[str] | None) – new labels that should take distinct colors













	
make_legend_img(dpi=300, **kwargs)

	




	
sorted_keys()

	




	
reorder(head=None, tail=None)

	








	
class geowatch.utils.util_kwplot.PaletteManager

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Manages colors that should be kept constant across different labels for
multiple parameters.

self = PaletteManager()
self.update_params(‘region_id’, {‘region1’: ‘red’})






	
geowatch.utils.util_kwplot.color_new_labels(label_to_color, labels)

	




	
geowatch.utils.util_kwplot.autompl2()

	New autompl with inline logic for notebooks
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geowatch.utils.util_logging module


Todo


	[ ] This needs to be cleaned up. Python logging is way too global for my




taste. I would prefer something more instance level, but that will require
some thought. The netharn.FitHarn has a way of accomplishing this that I
reasonably like. That might be worth generalizing and porting here.  But
for now, this will remain somewhat ad-hoc.




	
geowatch.utils.util_logging.setup_logging(verbose=1)

	Define logging level


	Parameters:

	verbose (int) –


	Accepted values:
	
	0: no logging


	1: INFO level


	2: DEBUG level

















	
geowatch.utils.util_logging.get_logger(verbose=1)

	




	
class geowatch.utils.util_logging.PrintLogger(name='<print-logger>', level=None, verbose=1)

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Simple print-based logger that duck-types the logging.Logger class and
“simply works” without configuration.

Example

>>> from geowatch.utils.util_logging import *  # NOQA
>>> logger = PrintLogger(level=logging.INFO)
>>> logger.info('hello')
>>> logger.debug('world')
hello
>>> logger = PrintLogger(level=logging.DEBUG)
>>> logger.info('hello')
>>> logger.debug('world')
hello
world






	
setLevel(level)

	




	
debug(msg, *args, **kwargs)

	Log ‘msg % args’ with severity ‘DEBUG’.






	
info(msg, *args, **kwargs)

	Log ‘msg % args’ with severity ‘INFO’.






	
warning(msg, *args, **kwargs)

	Log ‘msg % args’ with severity ‘WARNING’.






	
error(msg, *args, **kwargs)

	Log ‘msg % args’ with severity ‘ERROR’.






	
exception(msg, *args, exc_info=True, **kwargs)

	Convenience method for logging an ERROR with exception information.






	
critical(msg, *args, **kwargs)

	Log ‘msg % args’ with severity ‘CRITICAL’.






	
log(level, msg, *args, **kwargs)

	Log ‘msg % args’ with the integer severity ‘level’.






	
findCaller(stack_info=False, stacklevel=1)

	Find the stack frame of the caller so that we can note the source
file name, line number and function name.






	
makeRecord(name, level, fn, lno, msg, args, exc_info, func=None, extra=None, sinfo=None)

	A factory method which can be overridden in subclasses to create
specialized LogRecords.






	
filter(record)

	




	
_log(level, msg, args, exc_info=None, extra=None, stack_info=False, stacklevel=1)

	Low-level logging routine which creates a LogRecord and then calls
all the handlers of this logger to handle the record.






	
handle(record)

	Call the handlers for the specified record.

This method is used for unpickled records received from a socket, as
well as those created locally. Logger-level filtering is applied.






	
addHandler(hdlr)

	Add the specified handler to this logger.






	
removeHandler(hdlr)

	Remove the specified handler from this logger.






	
hasHandlers()

	See if this logger has any handlers configured.

Loop through all handlers for this logger and its parents in the
logger hierarchy. Return True if a handler was found, else False.
Stop searching up the hierarchy whenever a logger with the “propagate”
attribute set to zero is found - that will be the last logger which
is checked for the existence of handlers.






	
callHandlers(record)

	




	
getEffectiveLevel()

	Get the effective level for this logger.






	
isEnabledFor(level)

	Is this logger enabled for level ‘level’?






	
getChild(suffix)
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geowatch.utils.util_nesting module


	
geowatch.utils.util_nesting.debug_shapes(data)

	




	
geowatch.utils.util_nesting.shape_summary(data, flat=0)
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geowatch.utils.util_netharn module

Ported bits of netharn

import liberator
lib = liberator.Liberator()

import netharn as nh
lib.add_dynamic(nh.api.Initializer)

lib.expand([‘netharn’])
print(lib.current_sourcecode())

lib.add_dynamic(nh.initializers.KaimingNormal)
print(lib.current_sourcecode())

import liberator
lib = liberator.Liberator()
lib.add_dynamic(nh.util.number_of_parameters)
print(lib.current_sourcecode())


	
geowatch.utils.util_netharn._update_defaults(config, kw)

	




	
class geowatch.utils.util_netharn.Initializer

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Base class for all netharn initializers


	
forward(model)

	Abstract function that does the initailization






	
history()

	Initializer methods have histories which are short for algorithms and
can be quite long for pretrained models






	
get_initkw()

	Initializer methods have histories which are short for algorithms and
can be quite long for pretrained models






	
static coerce(config={}, **kw)

	Accepts ‘init’, ‘pretrained’, ‘pretrained_fpath’, ‘leftover’, and
‘noli’.


	Parameters:

	config (dict | str) – coercable configuration dictionary.
if config is a string it is taken as the value for “init”.



	Returns:

	initializer_ = initializer_cls, kw



	Return type:

	Tuple[Initializer, dict [https://docs.python.org/3/library/stdtypes.html#dict]]





Examples

>>> print(ub.urepr(Initializer.coerce({'init': 'noop'})))
>>> config = {
...     'init': 'pretrained',
...     'pretrained_fpath': '/fit/nice/untitled'
... }
>>> print(ub.urepr(Initializer.coerce(config)))
>>> print(ub.urepr(Initializer.coerce({'init': 'kaiming_normal'})))














	
class geowatch.utils.util_netharn.NoOp

	Bases: Initializer

An initializer that does nothing, which is useful when you have initialized
the weights yourself.

Example

>>> # xdoctest: +SKIP
>>> import copy
>>> self = NoOp()
>>> model = toynet.ToyNet2d()
>>> old_state = sum(v.sum() for v in model.state_dict().values())
>>> self(model)
>>> new_state = sum(v.sum() for v in model.state_dict().values())
>>> assert old_state == new_state
>>> assert self.history() is None






	
forward(model)

	








	
class geowatch.utils.util_netharn.Orthogonal(gain=1)

	Bases: Initializer

Same as Orthogonal, but uses pytorch implementation

Example

>>> # xdoctest: +SKIP
>>> self = Orthogonal()
>>> model = toynet.ToyNet2d()
>>> try:
>>>     self(model)
>>> except RuntimeError:
>>>     import pytest
>>>     pytest.skip('geqrf: Lapack probably not availble')
>>> layer = torch.nn.modules.Conv2d(3, 3, 3)
>>> self(layer)






	
forward(model)

	








	
class geowatch.utils.util_netharn.KaimingUniform(param=0, mode='fan_in')

	Bases: Initializer

Same as HeUniform, but uses pytorch implementation

Example

>>> # xdoctest: +SKIP
>>> from netharn.models import toynet
>>> self = KaimingUniform()
>>> model = toynet.ToyNet2d()
>>> self(model)
>>> layer = torch.nn.modules.Conv2d(3, 3, 3)
>>> self(layer)






	
forward(model)

	








	
class geowatch.utils.util_netharn.KaimingNormal(param=0, mode='fan_in')

	Bases: Initializer

Same as HeNormal, but uses pytorch implementation

Example

>>> # xdoctest: +SKIP
>>> from netharn.models import toynet
>>> self = KaimingNormal()
>>> model = toynet.ToyNet2d()
>>> self(model)
>>> layer = torch.nn.modules.Conv2d(3, 3, 3)
>>> self(layer)






	
forward(model)

	








	
geowatch.utils.util_netharn.apply_initializer(input, func, funckw)

	Recursively initializes the input using a torch.nn.init function.

If the input is a model, then only known layer types are initialized.


	Parameters:

	
	input (Tensor | Module) – can be a model, layer, or tensor


	func (callable) – initialization function


	funckw (dict)








Example

>>> from torch import nn
>>> import torch
>>> class DummyNet(nn.Module):
>>>     def __init__(self, n_channels=1, n_classes=10):
>>>         super(DummyNet, self).__init__()
>>>         self.conv = nn.Conv2d(n_channels, 10, kernel_size=5)
>>>         self.norm = nn.BatchNorm2d(10)
>>>         self.param = torch.nn.Parameter(torch.rand(3))
>>> self = DummyNet()
>>> func = nn.init.kaiming_normal_
>>> apply_initializer(self, func, {})
>>> func = nn.init.constant_
>>> apply_initializer(self, func, {'val': 42})
>>> assert np.all(self.conv.weight.detach().numpy() == 42)
>>> assert np.all(self.conv.bias.detach().numpy() == 0), 'bias is always init to zero'
>>> assert np.all(self.norm.bias.detach().numpy() == 0), 'bias is always init to zero'
>>> assert np.all(self.norm.weight.detach().numpy() == 1)
>>> assert np.all(self.norm.running_mean.detach().numpy() == 0.0)
>>> assert np.all(self.norm.running_var.detach().numpy() == 1.0)










	
geowatch.utils.util_netharn.trainable_layers(model, names=False)

	Returns all layers containing trainable parameters

Notes

It may be better to simply use model.named_parameters() instead in most
situation. This is useful when you need the classes that contains the
parameters instead of the parameters themselves.

Example

>>> import torchvision
>>> model = torchvision.models.AlexNet()
>>> list(trainable_layers(model, names=True))










	
geowatch.utils.util_netharn.number_of_parameters(model, trainable=True)

	Returns number of trainable parameters in a torch module

Example

>>> from geowatch.utils.util_netharn import *  # NOQA
>>> model = torch.nn.Conv1d(2, 3, 5)
>>> number_of_parameters(model)
33
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geowatch.utils.util_nvidia module

Ported from netharn.device, previously called gpu_infos


	
exception geowatch.utils.util_nvidia.NvidiaSMIError

	Bases: Exception [https://docs.python.org/3/library/exceptions.html#Exception]






	
geowatch.utils.util_nvidia.nvidia_smi(ignore_environ=False)

	Run nvidia-smi and parse output


	Parameters:

	
	new_mode – internal argument that changes the underlying implementation


	ignore_environ (bool) – if True respects
CUDA_VISIBLE_DEVICES environment variable, otherwise returns
data corresponding to physical GPU indexes.  Defaults to False.






	Returns:

	info about each nvidia GPU indexed by gpu number



	Return type:

	dict [https://docs.python.org/3/library/stdtypes.html#dict]






Note

Not gaurenteed to work if CUDA is not installed.




Warning

if nvidia-smi is not found



Example

>>> # xdoctest: +REQUIRES(env:HAS_CUDA)
>>> from geowatch.utils.util_nvidia import *  # NOQA
>>> gpus = nvidia_smi()
>>> # xdoctest: +IGNORE_WANT
>>> import torch
>>> print('gpus = {}'.format(ub.repr2(gpus, nl=4)))
>>> assert len(gpus) == torch.cuda.device_count()
gpus = {
    0: {
        'gpu_uuid': 'GPU-348ebe36-252b-46fa-8a97-477ae331f6f4',
        'index': '0',
        'mem_avail': 10013.0,
        'mem_total': 11170.0,
        'mem_used': 1157.0,
        'memory.free': '10013 MiB',
        'memory.total': '11170 MiB',
        'memory.used': '1157 MiB',
        'name': 'GeForce GTX 1080 Ti',
        'num': 0,
        'num_compute_procs': 1,
        'procs': [
            {
                'gpu_num': 0,
                'gpu_uuid': 'GPU-348ebe36-252b-46fa-8a97-477ae331f6f4',
                'name': '/usr/bin/python',
                'pid': '19912',
                'type': 'C',
                'used_memory': '567 MiB',
            },
        ],
    },
}










	
geowatch.utils.util_nvidia._query_nvidia_smi(mode, fields)

	Runs nvidia smi in query mode


	Parameters:

	
	mode (str) – the query cli flag to pass to nvidia-smi


	fields (List[str]) – csv header fields to query






	Returns:

	parsed csv output



	Return type:

	List[Dict[str [https://docs.python.org/3/library/stdtypes.html#str], str [https://docs.python.org/3/library/stdtypes.html#str]]]
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geowatch.utils.util_pandas module


	
class geowatch.utils.util_pandas.DataFrame(data=None, index: ExtensionArray [https://pandas.pydata.org/docs/reference/api/pandas.api.extensions.ExtensionArray.html#pandas.api.extensions.ExtensionArray] | ndarray [https://numpy.org/doc/stable/reference/generated/numpy.ndarray.html#numpy.ndarray] | Index [https://pandas.pydata.org/docs/reference/api/pandas.Index.html#pandas.Index] | Series [https://pandas.pydata.org/docs/reference/api/pandas.Series.html#pandas.Series] | List [https://docs.python.org/3/library/typing.html#typing.List] | range [https://docs.python.org/3/library/stdtypes.html#range] | None [https://docs.python.org/3/library/constants.html#None] = None, columns: ExtensionArray [https://pandas.pydata.org/docs/reference/api/pandas.api.extensions.ExtensionArray.html#pandas.api.extensions.ExtensionArray] | ndarray [https://numpy.org/doc/stable/reference/generated/numpy.ndarray.html#numpy.ndarray] | Index [https://pandas.pydata.org/docs/reference/api/pandas.Index.html#pandas.Index] | Series [https://pandas.pydata.org/docs/reference/api/pandas.Series.html#pandas.Series] | List [https://docs.python.org/3/library/typing.html#typing.List] | range [https://docs.python.org/3/library/stdtypes.html#range] | None [https://docs.python.org/3/library/constants.html#None] = None, dtype: ExtensionDtype [https://pandas.pydata.org/docs/reference/api/pandas.api.extensions.ExtensionDtype.html#pandas.api.extensions.ExtensionDtype] | str [https://docs.python.org/3/library/stdtypes.html#str] | dtype [https://numpy.org/doc/stable/reference/generated/numpy.dtype.html#numpy.dtype] | Type [https://docs.python.org/3/library/typing.html#typing.Type][str [https://docs.python.org/3/library/stdtypes.html#str] | complex [https://docs.python.org/3/library/functions.html#complex] | bool [https://docs.python.org/3/library/functions.html#bool] | object [https://docs.python.org/3/library/functions.html#object]] | None [https://docs.python.org/3/library/constants.html#None] = None, copy: bool [https://docs.python.org/3/library/functions.html#bool] | None [https://docs.python.org/3/library/constants.html#None] = None)

	Bases: DataFrame [https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.html#pandas.DataFrame]

https://stackoverflow.com/questions/22155951/how-can-i-subclass-a-pandas-dataframe

Example

from geowatch.utils.util_pandas import *  # NOQA
from geowatch.utils import util_pandas
df = util_pandas.DataFrame.random()


	
property _constructor

	




	
classmethod random(rows=10, columns='abcde', rng=None)

	rows=10
columns=’abcde’
rng = None
cls = util_pandas.DataFrame






	
safe_drop(labels, axis=0)

	
	Parameters:

	
	df (pd.DataFrame) – df


	labels (List) – …


	axis (int) – todo








Example

>>> from geowatch.utils.util_pandas import *  # NOQA
>>> import numpy as np
>>> self = DataFrame({k: np.random.rand(10) for k in 'abcde'})
>>> self.safe_drop(list('bdf'), axis=1)










	
reorder(labels, axis=0, intersect=False)

	Change the order of the row or column index. Unspecified labels will
keep their existing order after the specified labels.


	Parameters:

	intersect (bool) – if True ignores labels that doen’t exist, otherwise an error
will occur if a label is specified that does not exist.





Example

>>> from geowatch.utils import util_pandas
>>> self = util_pandas.DataFrame.random(columns=['a', 'b', 'c', 'd', 'e', 'f'])
>>> self.reorder(['b', 'c'], axis=1)
>>> self.reorder([1, 0], axis=0)
>>> self.reorder(['q'], axis=1)
>>> self.reorder(['q'], axis=1, intersect=True)










	
_orig_groupby(by=None, **kwargs)

	




	
groupby(by=None, **kwargs)

	Fixed groupby behavior so length-one arguments are handled correctly


	Parameters:

	
	df (DataFrame)


	** kwargs – groupby kwargs








Example

>>> from geowatch.utils import util_pandas
>>> df = util_pandas.DataFrame({
>>>     'Animal': ['Falcon', 'Falcon', 'Parrot', 'Parrot'],
>>>     'Color': ['Blue', 'Blue', 'Blue', 'Yellow'],
>>>     'Max Speed': [380., 370., 24., 26.]
>>>     })
>>> new1 = dict(list(df.groupby(['Animal', 'Color'])))
>>> new2 = dict(list(df.groupby(['Animal'])))
>>> new3 = dict(list(df.groupby('Animal')))
>>> assert sorted(new1.keys())[0] == ('Falcon', 'Blue')
>>> assert sorted(new3.keys())[0] == 'Falcon'
>>> # This is the case that is fixed.
>>> assert sorted(new2.keys())[0] == ('Falcon',)










	
match_columns(pat, hint='glob')

	Find matching columns in O(N)






	
search_columns(pat, hint='glob')

	Find matching columns in O(N)






	
varied_values(**kwargs)

	








	
geowatch.utils.util_pandas.pandas_reorder_columns(df, columns)

	




	
geowatch.utils.util_pandas.pandas_argmaxima(data, columns, k=1)

	Finds the top K indexes for given columns.


	Parameters:

	
	data – pandas data frame


	columns – columns to maximize.
If multiple are given, then secondary columns are used as
tiebreakers.


	k – number of top entries






	Returns:

	
	indexes into subset of data that are in the top k for any of the
	requested columns.









	Return type:

	List





Example

>>> from geowatch.utils.util_pandas import *  # NOQA
>>> import numpy as np
>>> import pandas as pd
>>> data = pd.DataFrame({k: np.random.rand(10) for k in 'abcde'})
>>> columns = ['b', 'd', 'e']
>>> k = 1
>>> top_indexes = pandas_argmaxima(data=data, columns=columns, k=k)
>>> assert len(top_indexes) == k
>>> print(data.loc[top_indexes])










	
geowatch.utils.util_pandas.pandas_suffix_columns(data, suffixes)

	Return columns that end with this suffix






	
geowatch.utils.util_pandas.pandas_nan_eq(a, b)

	




	
geowatch.utils.util_pandas.pandas_shorten_columns(summary_table, return_mapping=False, min_length=0)

	Shorten column names

Example

>>> from geowatch.utils.util_pandas import *  # NOQA
>>> df = pd.DataFrame([
>>>     {'param_hashid': 'badbeaf', 'metrics.eval.f1': 0.9, 'metrics.eval.mcc': 0.8, 'metrics.eval.acc': 0.3},
>>>     {'param_hashid': 'decaf', 'metrics.eval.f1': 0.6, 'metrics.eval.mcc': 0.2, 'metrics.eval.acc': 0.4},
>>>     {'param_hashid': 'feedcode', 'metrics.eval.f1': 0.5, 'metrics.eval.mcc': 0.3, 'metrics.eval.acc': 0.1},
>>> ])
>>> print(df.to_string(index=0))
>>> df2 = pandas_shorten_columns(df)
param_hashid  metrics.eval.f1  metrics.eval.mcc  metrics.eval.acc
     badbeaf              0.9               0.8               0.3
       decaf              0.6               0.2               0.4
    feedcode              0.5               0.3               0.1
>>> print(df2.to_string(index=0))
param_hashid  f1  mcc  acc
     badbeaf 0.9  0.8  0.3
       decaf 0.6  0.2  0.4
    feedcode 0.5  0.3  0.1





Example

>>> from geowatch.utils.util_pandas import *  # NOQA
>>> df = pd.DataFrame([
>>>     {'param_hashid': 'badbeaf', 'metrics.eval.f1.mean': 0.9, 'metrics.eval.f1.std': 0.8},
>>>     {'param_hashid': 'decaf', 'metrics.eval.f1.mean': 0.6, 'metrics.eval.f1.std': 0.2},
>>>     {'param_hashid': 'feedcode', 'metrics.eval.f1.mean': 0.5, 'metrics.eval.f1.std': 0.3},
>>> ])
>>> df2 = pandas_shorten_columns(df, min_length=2)
>>> print(df2.to_string(index=0))
param_hashid  f1.mean  f1.std
     badbeaf      0.9     0.8
       decaf      0.6     0.2
    feedcode      0.5     0.3










	
geowatch.utils.util_pandas.pandas_condense_paths(colvals)

	Condense a column of paths to keep only the shortest distinguishing
suffixes






	
geowatch.utils.util_pandas.pandas_truncate_items(data, paths=False, max_length=16)

	from geowatch.utils.util_pandas import pandas_truncate_items


	Parameters:

	data (pd.DataFrame) – data frame to truncate



	Returns:

	Tuple[pd.DataFrame, Dict[str, str]]










	
class geowatch.utils.util_pandas.DotDictDataFrame(*args, **kw)

	Bases: DataFrame [https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.html#pandas.DataFrame]

A proof-of-concept wrapper around pandas that lets us walk down the nested
structure a little easier.

The API is a bit weird, and the caches are not invalidated if any column
changes, but it does a reasonable job otherwise.

Is there another library out there that does this?


	SeeAlso:
	DotDict





Example

>>> from geowatch.utils.util_pandas import *  # NOQA
>>> rows = [
>>>     {'node1.id': 1, 'node2.id': 2, 'node1.metrics.ap': 0.5, 'node2.metrics.ap': 0.8},
>>>     {'node1.id': 1, 'node2.id': 2, 'node1.metrics.ap': 0.5, 'node2.metrics.ap': 0.8},
>>>     {'node1.id': 1, 'node2.id': 2, 'node1.metrics.ap': 0.5, 'node2.metrics.ap': 0.8},
>>>     {'node1.id': 1, 'node2.id': 2, 'node1.metrics.ap': 0.5, 'node2.metrics.ap': 0.8},
>>> ]
>>> self = DotDictDataFrame(rows)
>>> # Test prefix lookup
>>> assert set(self['node1'].columns) == {'node1.id', 'node1.metrics.ap'}
>>> # Test suffix lookup
>>> assert set(self['id'].columns) == {'node1.id', 'node2.id'}
>>> # Test mid-node lookup
>>> assert set(self['metrics'].columns) == {'node1.metrics.ap', 'node2.metrics.ap'}
>>> # Test single lookup
>>> assert set(self[['node1.id']].columns) == {'node1.id'}
>>> # Test glob
>>> assert set(self.find_columns('*metri*')) == {'node1.metrics.ap', 'node2.metrics.ap'}






	
_clear_column_caches()

	




	
property _column_prefix_trie

	




	
property _column_suffix_trie

	




	
property _column_node_groups

	




	
property nested_columns

	




	
find_column(col)

	




	
query_column(col)

	




	
lookup_suffix_columns(col)

	




	
lookup_prefix_columns(col)

	




	
find_columns(pat, hint='glob')

	




	
match_columns(pat, hint='glob')

	




	
search_columns(pat, hint='glob')

	




	
subframe(key, drop_prefix=True)

	Given a prefix key, return the subet columns that match it with the
stripped prefix.










	
geowatch.utils.util_pandas.pandas_add_prefix(data, prefix)

	




	
geowatch.utils.util_pandas.aggregate_columns(df, aggregator=None, fallback='const', nonconst_policy='error')

	Aggregates parameter columns based on per-column strategies / functions
specified in aggregator.


	Parameters:

	
	hash_cols (None | List[str]) – columns whos values should be hashed together.


	aggregator (Dict[str, str | callable]) – a dictionary mapping column names to a callable function that
should be used to aggregate them. There a special string codes that
we accept as well.
Special functions are: hist, hash, min-max, const,


	fallback (str | callable) – Aggregator function for any column without an explicit aggregator.
Defaults to “const”, which passes one value from the columns
through if they are constant. If they are not constant, the
nonconst-policy is triggered.


	nonconst_policy (str) – Behavior when the aggregator is “const”, but the input is
non-constant. The policies are:



	‘error’ - error if unhandled non-uniform columns exist


	‘drop’ - remove unhandled non-uniform columns













	Returns:

	pd.Series






Todo


	[ ] optimize this






CommandLine

xdoctest -m geowatch.utils.util_pandas aggregate_columns





Example

>>> from geowatch.utils.util_pandas import *  # NOQA
>>> import numpy as np
>>> num_rows = 10
>>> columns = {
>>>     'nums1': np.random.rand(num_rows),
>>>     'nums2': np.random.rand(num_rows),
>>>     'nums3': (np.random.rand(num_rows) * 10).astype(int),
>>>     'nums4': (np.random.rand(num_rows) * 10).astype(int),
>>>     'cats1': np.random.randint(0, 3, num_rows),
>>>     'cats2': np.random.randint(0, 3, num_rows),
>>>     'cats3': np.random.randint(0, 3, num_rows),
>>>     'const1': ['a'] * num_rows,
>>>     'strs1': [np.random.choice(list('abc')) for _ in range(num_rows)],
>>> }
>>> df = pd.DataFrame(columns)
>>> aggregator = ub.udict({
>>>     'nums1': 'mean',
>>>     'nums2': 'max',
>>>     'nums3': 'min-max',
>>>     'nums4': 'stats',
>>>     'cats1': 'histogram',
>>>     'cats3': 'first',
>>>     'cats2': 'hash12',
>>>     'strs1': 'hash12',
>>> })
>>> #
>>> # Test that the const fallback works
>>> row = aggregate_columns(df, aggregator, fallback='const')
>>> print('row = {}'.format(ub.urepr(row.to_dict(), nl=1)))
>>> assert row['const1'] == 'a'
>>> row = aggregate_columns(df.iloc[0:1], aggregator, fallback='const')
>>> assert row['const1'] == 'a'
>>> #
>>> # Test that the drop fallback workds
>>> row = aggregate_columns(df, aggregator, fallback='drop')
>>> print('row = {}'.format(ub.urepr(row.to_dict(), nl=1)))
>>> assert 'const1' not in row
>>> row = aggregate_columns(df.iloc[0:1], aggregator, fallback='drop')
>>> assert 'const1' not in row
>>> #
>>> # Test that non-constant policy triggers
>>> aggregator_ = aggregator - {'cats3'}
>>> import pytest
>>> with pytest.raises(NonConstantError):
>>>     row = aggregate_columns(df, aggregator_, nonconst_policy='error')
>>> row = aggregate_columns(df, aggregator_, nonconst_policy='drop')
>>> assert 'cats3' not in row
>>> row = aggregate_columns(df, aggregator_, nonconst_policy='hash')
>>> assert 'cats3' in row
>>> #
>>> # Test an empty dataframe returns an empty series
>>> row = aggregate_columns(df.iloc[0:0], aggregator)
>>> assert len(row) == 0
>>> #
>>> # Test single column cases work fine.
>>> for col in df.columns:
...     subdf = df[[col]]
...     subagg = aggregate_columns(subdf, aggregator, fallback='const')
...     assert len(subagg) == 1
>>> #
>>> # Test single column drop case works
>>> subagg = aggregate_columns(df[['cats3']], aggregator_, fallback='const', nonconst_policy='drop')
>>> assert len(subagg) == 0
>>> subagg = aggregate_columns(df[['cats3']], aggregator_, fallback='drop')
>>> assert len(subagg) == 0





Example

>>> from geowatch.utils.util_pandas import *  # NOQA
>>> import numpy as np
>>> num_rows = 10
>>> columns = {
>>>     'dates': ['2101-01-01', '1970-01-01', '2000-01-01'],
>>>     'lists': [['a'], ['a', 'b'], []],
>>>     'nums':  [1, 2, 3],
>>> }
>>> df = pd.DataFrame(columns)
>>> aggregator = ub.udict({
>>>     'dates': 'min-max',
>>>     'lists': 'hash',
>>>     'nums':  'mean',
>>> })
>>> row = aggregate_columns(df, aggregator)
>>> print('row = {}'.format(ub.urepr(row.to_dict(), nl=1)))





Example

>>> from geowatch.utils.util_pandas import *  # NOQA
>>> import numpy as np
>>> num_rows = 10
>>> columns = {
>>>     'items': [['a'], ['bcd', 'ef'], [], ['3', '234', '2343']],
>>> }
>>> df = pd.DataFrame(columns)
>>> row = aggregate_columns(df, 'last', fallback='const')
>>> columns = {
>>>     'items': ['a', 'c', 'c', 'd'],
>>>     'items2': [['a'], ['bcd', 'ef'], [], ['3', '234', '2343']],
>>> }
>>> df = pd.DataFrame(columns)
>>> row = aggregate_columns(df, 'unique')










	
geowatch.utils.util_pandas._handle_const(toagg, nonconst_policy)

	




	
class geowatch.utils.util_pandas.SpecialAggregators

	Bases: object [https://docs.python.org/3/library/functions.html#object]


	
hash()

	




	
hash12()

	




	
unique()

	




	
min_max()

	




	
static normalize_special_key(k)

	




	
special_lut = {'first': <function SpecialAggregators.<lambda>>, 'hash': <function SpecialAggregators.hash>, 'hash12': <function SpecialAggregators.hash12>, 'hist': <function dict_hist>, 'histogram': <function dict_hist>, 'last': <function SpecialAggregators.<lambda>>, 'min_max': <function SpecialAggregators.min_max>, 'stats': <function stats_dict>, 'unique': <function SpecialAggregators.unique>}

	








	
exception geowatch.utils.util_pandas.NonConstantError

	Bases: ValueError [https://docs.python.org/3/library/exceptions.html#ValueError]






	
geowatch.utils.util_pandas.nan_eq(a, b)

	




	
class geowatch.utils.util_pandas.GroupbyFutureWrapper

	Bases: ObjectProxy

Wraps a groupby object to get the new behavior sooner.






	
geowatch.utils.util_pandas._fix_groupby(groups)

	




	
geowatch.utils.util_pandas.pandas_fixed_groupby(df, by=None, **kwargs)

	Fixed groupby behavior so length-one arguments are handled correctly


	Parameters:

	
	df (DataFrame)


	** kwargs – groupby kwargs








Example

>>> from geowatch.utils.util_pandas import *  # NOQA
>>> df = pd.DataFrame({
>>>     'Animal': ['Falcon', 'Falcon', 'Parrot', 'Parrot'],
>>>     'Color': ['Blue', 'Blue', 'Blue', 'Yellow'],
>>>     'Max Speed': [380., 370., 24., 26.]
>>>     })
>>> # Old behavior
>>> old1 = dict(list(df.groupby(['Animal', 'Color'])))
>>> old2 = dict(list(df.groupby(['Animal'])))
>>> old3 = dict(list(df.groupby('Animal')))
>>> new1 = dict(list(pandas_fixed_groupby(df, ['Animal', 'Color'])))
>>> new2 = dict(list(pandas_fixed_groupby(df, ['Animal'])))
>>> new3 = dict(list(pandas_fixed_groupby(df, 'Animal')))
>>> assert sorted(new1.keys())[0] == ('Falcon', 'Blue')
>>> assert sorted(old1.keys())[0] == ('Falcon', 'Blue')
>>> assert sorted(new3.keys())[0] == 'Falcon'
>>> assert sorted(old3.keys())[0] == 'Falcon'
>>> # This is the case that is fixed.
>>> assert sorted(new2.keys())[0] == ('Falcon',)
>>> assert sorted(old2.keys())[0] == 'Falcon'
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geowatch.utils.util_param_grid module

Handles github actions like parameter matrices


	
geowatch.utils.util_param_grid.handle_yaml_grid(default, auto, arg)

	Example

>>> default = {}
>>> auto = {}
>>> arg = ub.codeblock(
>>>     '''
>>>     matrix:
>>>         foo: ['bar', 'baz']
>>>     include:
>>>         - {'foo': 'buz', 'bug': 'boop'}
>>>     ''')
>>> handle_yaml_grid(default, auto, arg)





>>> default = {'baz': [1, 2, 3]}
>>> arg = '''
>>>     include:
>>>     - {
>>>       "thresh": 0.1,
>>>       "morph_kernel": 3,
>>>       "norm_ord": 1,
>>>       "agg_fn": "probs",
>>>       "thresh_hysteresis": "None",
>>>       "moving_window_size": "None",
>>>       "polygon_fn": "heatmaps_to_polys"
>>>     }
>>>     '''
>>> handle_yaml_grid(default, auto, arg)










	
geowatch.utils.util_param_grid.coerce_list_of_action_matrices(arg)

	Preprocess the parameter grid input into a standard form






	
geowatch.utils.util_param_grid.prevalidate_param_grid(arg)

	Determine if something may go wrong






	
geowatch.utils.util_param_grid.expand_param_grid(arg, max_configs=None)

	Our own method for specifying many combinations. Uses the github actions
method under the hood with our own






	
geowatch.utils.util_param_grid.github_action_matrix(arg)

	Implements the github action matrix strategy exactly as described.

Unless I’ve implemented something incorrectly, I believe this method is
limited and have extended it in extended_github_action_matrix().


	Parameters:

	arg (Dict | str) – a dictionary or a yaml file that resolves to a
dictionary containing the keys “matrix”, which maps parameters to a
list of possible values. For convinieince if a single scalar value
is detected it is converted to a list of 1 item. The matrix may
also include an “include” and “exclude” item, which are lists of
dictionaries that modify existing / add new matrix configurations
or remove them. The “include” and “exclude” parameter can also be
specified at the same level of “matrix” for convinience.



	Yields:

	item – a single entry in the grid.





References

https://docs.github.com/en/actions/using-jobs/using-a-matrix-for-your-jobs#expanding-or-adding-matrix-configurations

CommandLine

xdoctest -m geowatch.utils.util_param_grid github_action_matrix:2





Example

>>> from geowatch.utils.util_param_grid import *  # NOQA
>>> arg = ub.codeblock(
         '''
           matrix:
             fruit: [apple, pear]
             animal: [cat, dog]
             include:
               - color: green
               - color: pink
                 animal: cat
               - fruit: apple
                 shape: circle
               - fruit: banana
               - fruit: banana
                 animal: cat
         ''')
>>> grid_items = list(github_action_matrix(arg))
>>> print('grid_items = {}'.format(ub.urepr(grid_items, nl=1)))
grid_items = [
    {'fruit': 'apple', 'animal': 'cat', 'color': 'pink', 'shape': 'circle'},
    {'fruit': 'apple', 'animal': 'dog', 'color': 'green', 'shape': 'circle'},
    {'fruit': 'pear', 'animal': 'cat', 'color': 'pink'},
    {'fruit': 'pear', 'animal': 'dog', 'color': 'green'},
    {'fruit': 'banana'},
    {'fruit': 'banana', 'animal': 'cat'},
]





Example

>>> from geowatch.utils.util_param_grid import *  # NOQA
>>> arg = ub.codeblock(
        '''
          matrix:
            os: [macos-latest, windows-latest]
            version: [12, 14, 16]
            environment: [staging, production]
            exclude:
              - os: macos-latest
                version: 12
                environment: production
              - os: windows-latest
                version: 16
    ''')
>>> grid_items = list(github_action_matrix(arg))
>>> print('grid_items = {}'.format(ub.urepr(grid_items, nl=1)))
grid_items = [
    {'os': 'macos-latest', 'version': 12, 'environment': 'staging'},
    {'os': 'macos-latest', 'version': 14, 'environment': 'staging'},
    {'os': 'macos-latest', 'version': 14, 'environment': 'production'},
    {'os': 'macos-latest', 'version': 16, 'environment': 'staging'},
    {'os': 'macos-latest', 'version': 16, 'environment': 'production'},
    {'os': 'windows-latest', 'version': 12, 'environment': 'staging'},
    {'os': 'windows-latest', 'version': 12, 'environment': 'production'},
    {'os': 'windows-latest', 'version': 14, 'environment': 'staging'},
    {'os': 'windows-latest', 'version': 14, 'environment': 'production'},
]





Example

>>> from geowatch.utils.util_param_grid import *  # NOQA
>>> arg = ub.codeblock(
         '''
         matrix:
           old_variable:
               - null
               - auto
         include:
             - old_variable: null
               new_variable: 1
             - old_variable: null
               new_variable: 2
         ''')
>>> grid_items = list(github_action_matrix(arg))
>>> print('grid_items = {}'.format(ub.urepr(grid_items, nl=1)))










	
geowatch.utils.util_param_grid.extended_github_action_matrix(arg)

	A variant of the github action matrix for our mlops framework that
overcomes some of the former limitations.

This keeps the same weird include / exclude semantics, but
adds an additional “submatrix” component that has the following semantics.

A submatrices is a list of dictionaries, but each dictionary may have more
than one value, and are expanded into a list of items, similarly to a
dictionary. In this respect the submatrix is “resolved” to a list of
dictionary items just like “include”. The difference is that when a
common elements of a submatrix grid item matches a matrix grid item, it
updates it with its new values and yields it immediately. Subsequent
submatrix grid items can yield different variations of this item.
The actions include rules are then applied on top of this.


	Parameters:

	arg (Dict | str) – See github_action_matrix, but with new submatrices



	Yields:

	item – a single entry in the grid.





CommandLine

xdoctest -m geowatch.utils.util_param_grid extended_github_action_matrix:2





Example

>>> from geowatch.utils.util_param_grid import *  # NOQA
>>> from geowatch.utils import util_param_grid
>>> arg = ub.codeblock(
         '''
           matrix:
             fruit: [apple, pear]
             animal: [cat, dog]
             submatrix:
               - color: green
               - color: pink
                 animal: cat
               - fruit: apple
                 shape: circle
               - fruit: banana
               - fruit: banana
                 animal: cat
         ''')
>>> grid_items = list(extended_github_action_matrix(arg))
>>> print('grid_items = {}'.format(ub.urepr(grid_items, nl=1)))





Example

>>> from geowatch.utils.util_param_grid import *  # NOQA
>>> arg = ub.codeblock(
        '''
          matrix:
            os: [macos-latest, windows-latest]
            version: [12, 14, 16]
            environment: [staging, production]
            exclude:
              - os: macos-latest
                version: 12
                environment: production
              - os: windows-latest
                version: 16
    ''')
>>> grid_items = list(extended_github_action_matrix(arg))
>>> print('grid_items = {}'.format(ub.urepr(grid_items, nl=1)))





Example

>>> from geowatch.utils.util_param_grid import *  # NOQA
>>> from geowatch.utils import util_param_grid
>>> # Specifying an explicit list of things to run
>>> arg = ub.codeblock(
         '''
         submatrices:
            - common_variable: a
              old_variable: a
            - common_variable: a
              old_variable: null
              new_variable: 1
            - common_variable: a
              old_variable: null
              new_variable: 11
            - common_variable: a
              old_variable: null
              new_variable: 2
            - common_variable: b
              old_variable: null
              new_variable: 22
         ''')
>>> grid_items = list(extended_github_action_matrix(arg))
>>> print('grid_items = {}'.format(ub.urepr(grid_items, nl=1)))
>>> assert len(grid_items) == 5





Example

>>> from geowatch.utils.util_param_grid import *  # NOQA
>>> from geowatch.utils import util_param_grid
>>> arg = ub.codeblock(
         '''
         matrix:
           common_variable:
               - a
               - b
           old_variable:
               - null
               - auto
         submatrices:
             - old_variable: null
               new_variable1:
                   - 1
                   - 2
               new_variable2:
                   - 3
                   - 4
             - old_variable: null
               new_variable2:
                   - 33
                   - 44
             # These wont be used because blag doesn't exist
             - old_variable: blag
               new_variable:
                   - 10
                   - 20
         ''')
>>> grid_items = list(extended_github_action_matrix(arg))
>>> print('grid_items = {}'.format(ub.urepr(grid_items, nl=1)))
>>> assert len(grid_items) == 14





Example

>>> from geowatch.utils.util_param_grid import *  # NOQA
>>> from geowatch.utils import util_param_grid
>>> arg = ub.codeblock(
         '''
         matrix:
           step1.src:
               - dset1
               - dset2
               - dset3
               - dset4
           step1.resolution:
               - 10
               - 20
               - 30
         submatrices1:
            - step1.resolution: 10
              step2.resolution: [10, 15]
            - step1.resolution: 20
              step2.resolution: 20
         submatrices2:
            - step1.src: dset1
              step2.src: big_dset1A
            - step1.src: dset2
              step2.src:
                 - big_dset2A
                 - big_dset2B
            - step1.src: dset3
              step2.src: big_dset3A
         ''')
>>> grid_items = list(extended_github_action_matrix(arg))
>>> print('grid_items = {}'.format(ub.urepr(grid_items, nl=1)))
>>> assert len(grid_items) == 20












            

          

      

      

    

  

  
    
    

    geowatch.utils.util_raster module
    

    
 
  

    
      
          
            
  
geowatch.utils.util_raster module

Utilities for rasterio


	SeeAlso
	util_gdal.py






	
geowatch.utils.util_raster._ensure_open(raster: DatasetReader | str [https://docs.python.org/3/library/stdtypes.html#str]) → DatasetReader

	




	
geowatch.utils.util_raster._swapxy(poly: Polygon) → Polygon

	




	
geowatch.utils.util_raster.mask(raster: DatasetReader | str [https://docs.python.org/3/library/stdtypes.html#str], default_nodata=None, save=False, convex_hull=False, as_poly=True, tolerance=None, max_polys=None, use_overview=0)

	Compute a raster’s valid data mask in pixel coordinates.

Note that this is the rasterio mask, which for multi-band rasters is the
binary OR of the individual band masks. This is different from the gdal
mask, which is always per-band.


	Parameters:

	
	raster (str) – Path to a dataset (raster image file)


	default_nodata (int) – if raster’s nodata value is None, default to this


	save (bool) – if True and raster’s nodata value is None, write the
default to it. If False, performance overhead is incurred from
creating a tempfile


	convex_hull (bool) – if True, return the convex hull of the mask image or poly


	as_poly (bool) – if True, return the mask as a shapely Polygon or
MultiPolygon instead of a raster image, in (w, h) order (opposite
of Python convention).


	tolerance (int) – if specified, simplifies the valid polygon.


	use_overview (int) – if non-zero uses the closest overview if it is available.
This increases computation time, but gives a better polygon when
use_overview is closer to 0. Note, the polygon is rescaled to
ensure it is returned in the input pixel space, not the overview
space.






	Returns:

	If as_poly, a shapely Polygon or MultiPolygon bounding the valid
data region(s) in pixel coordinates.

Else, a uint8 raster mask of the same shape as the input, where
255 == valid and 0 == invalid.







Example

>>> # xdoctest: +REQUIRES(--network)
>>> from geowatch.utils.util_raster import *
>>> # FIXME; this demo path no longer has any nodata values
>>> # Find a better demo with nodata
>>> from geowatch.demo.landsat_demodata import grab_landsat_product
>>> path = grab_landsat_product()['bands'][0]
>>> #
>>> mask_img = mask(path, as_poly=False)
>>> import kwimage as ki
>>> assert mask_img.shape == ki.load_image_shape(path)[:2]
>>> got = set(np.unique(mask_img))
>>> print(f'got={got}')
>>> # assert got == {0, 255}  # cant do this until nodata is fixed
>>> #
>>> mask_poly = mask(path, as_poly=True)
>>> import shapely
>>> assert isinstance(mask_poly, shapely.geometry.Polygon)
>>> # xdoctest: +REQUIRES(--show)
>>> import kwplot
>>> kwplot.autompl()
>>> kwplot.figure(fnum=1, doclf=True)
>>> imdata = kwimage.imread(path)
>>> imdata = kwimage.normalize_intensity(imdata)
>>> kw_poly = kwimage.Polygon.coerce(mask_poly.buffer(0).simplify(10))
>>> canvas = imdata.copy()
>>> mask_alpha = kwimage.ensure_alpha_channel(mask_img, alpha=(mask_img > 0))
>>> canvas = kwimage.overlay_alpha_layers([mask_alpha, canvas])
>>> canvas = kw_poly.scale(0.9, about='center').draw_on(canvas, color='green', alpha=0.6)
>>> kw_poly.scale(1.1, about='center').draw(alpha=0.5, color='red', setlim=True)
>>> kwplot.imshow(canvas)





Example

>>> # Test how the "save" functionality modifies the data
>>> import kwimage
>>> from geowatch.utils.util_raster import *
>>> import pathlib
>>> dpath = ub.Path.appdir('geowatch/tests/empty_raster').ensuredir()
>>> raster = dpath / 'empty.tif'
>>> ub.delete(raster)
>>> kwimage.imwrite(raster, np.zeros((3, 3, 5)))
>>> info1 = ub.cmd('gdalinfo {}'.format(raster))
>>> nodata = 0
>>> mask_img = mask(raster, as_poly=False)
>>> print('mask_img = {!r}'.format(mask_img))
>>> info2 = ub.cmd('gdalinfo {}'.format(raster))
>>> mask_poly = mask(raster, as_poly=True)
>>> info3 = ub.cmd('gdalinfo {}'.format(raster))
>>> print(info1['out'])
>>> print(info2['out'])
>>> print(info3['out'])










	
class geowatch.utils.util_raster.ResampledRaster(raster: str [https://docs.python.org/3/library/stdtypes.html#str] | DatasetReader, scale: float [https://docs.python.org/3/library/functions.html#float] = 2, read: bool [https://docs.python.org/3/library/functions.html#bool] = True, resampling: Resampling = Resampling.bilinear)

	Bases: ExitStack [https://docs.python.org/3/library/contextlib.html#contextlib.ExitStack]

Context manager to rescale a raster on the fly using rasterio

This changes the number of pixels in the raster while maintaining its
geographic bounds, that is, it changes the raster’s GSD.


	Parameters:

	
	raster – a DatasetReader (the object returned by rasterio.open) or path
to a dataset


	scale – factor to upscale the resolution, aka downscale the GSD, by


	read – if True, read and return the resampled data (an expensive
operation if scale>1) else, return the resampled dataset’s .profile
attribute (metadata)


	resampling – resampling algorithm, from rasterio.enums.Resampling [1]








Example

>>> # xdoctest: +REQUIRES(--slow)
>>> # xdoctest: +REQUIRES(--network)
>>> from geowatch.utils.util_raster import *
>>> from geowatch.demo.landsat_demodata import grab_landsat_product
>>> path = grab_landsat_product()['bands'][0]
>>> #
>>> current_gsd_meters = 60
>>> desired_gsd_meters = 10
>>> scale = current_gsd_meters / desired_gsd_meters
>>> #
>>> with rasterio.open(path) as f:
>>>     old_profile = f.profile
>>> #
>>> # can instantiate this class in a with-block
>>> with ResampledRaster(path, scale=scale, read=False) as f:
>>>     pass
>>> #
>>> # or have it stick around and change the resampling on the fly
>>> resampled = ResampledRaster(path, scale=scale, read=False)
>>> #
>>> # the computation only happens when you invoke 'with'
>>> with resampled as new_profile:
>>>     assert new_profile['width'] == int(old_profile['width'] * scale)
>>>     assert new_profile['crs'] == old_profile['crs']
>>> #
>>> resampled.scale = scale / 2
>>> resampled.read = True
>>> #
>>> with resampled as new:
>>>     assert new.profile['width'] == int(old_profile['width'] * scale / 2)
>>>     assert new.profile['crs'] == old_profile['crs']
>>>     # do other stuff with new





References

https://gis.stackexchange.com/a/329439
https://rasterio.readthedocs.io/en/latest/topics/reading.html
https://rasterio.readthedocs.io/en/latest/topics/profiles.html
[1] https://rasterio.readthedocs.io/en/latest/api/rasterio.enums.html#rasterio.enums.Resampling


	
raster: str [https://docs.python.org/3/library/stdtypes.html#str] | DatasetReader

	




	
scale: float [https://docs.python.org/3/library/functions.html#float] = 2

	




	
read: bool [https://docs.python.org/3/library/functions.html#bool] = True

	




	
resampling: Resampling = 1

	




	
_abc_impl = <_abc._abc_data object>
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geowatch.utils.util_resolution module


	
geowatch.utils.util_resolution._int_or_float(x)

	




	
class geowatch.utils.util_resolution.ExtendedTransformer(visit_tokens: bool [https://docs.python.org/3/library/functions.html#bool] = True)

	Bases: Transformer

Enriches the Transformer with parse and parser classmethods which rely on a
__grammar__ attribute


	
classmethod parser()

	




	
classmethod parse(text)

	Parses the text and transforms the output tree based on
__grammar__






	
_abc_impl = <_abc._abc_data object>

	








	
class geowatch.utils.util_resolution.ResolvedTransformer(visit_tokens: bool [https://docs.python.org/3/library/functions.html#bool] = True)

	Bases: ExtendedTransformer

Base class for resolving a resolution 1D scalar or 2D window.


	
magnitude(items)

	




	
unit(items)

	




	
resolved_unit(items)

	




	
_abc_impl = <_abc._abc_data object>

	








	
class geowatch.utils.util_resolution.ResolvedUnitTransformer(visit_tokens: bool [https://docs.python.org/3/library/functions.html#bool] = True)

	Bases: ResolvedTransformer

Transform for ResolvedUnit


	
_abc_impl = <_abc._abc_data object>

	








	
class geowatch.utils.util_resolution.ResolvedScalarTransformer(visit_tokens: bool [https://docs.python.org/3/library/functions.html#bool] = True)

	Bases: ResolvedTransformer

Transform for ResolvedScalar


	
resolved_scalar(items)

	




	
_abc_impl = <_abc._abc_data object>

	








	
class geowatch.utils.util_resolution.ResolvedWindowTransformer(visit_tokens: bool [https://docs.python.org/3/library/functions.html#bool] = True)

	Bases: ResolvedTransformer

Transform for ResolvedWindow


	
window_1d_dim(items)

	




	
window_2d_dim(items)

	




	
window(items)

	




	
resolved_window(items)

	




	
_abc_impl = <_abc._abc_data object>

	








	
class geowatch.utils.util_resolution.Resolved

	Bases: DictProxy2

Base class for all resolved objects.
Must define the __transformer__ attribute.


	
classmethod parse(data)

	




	
classmethod coerce(data)

	








	
class geowatch.utils.util_resolution.ResolvedUnit(mag, unit)

	Bases: Resolved, NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr]

Holds just the unit information (e.g. X GSD)

Example

>>> from geowatch.utils.util_resolution import *  # NOQA
>>> self = ResolvedUnit.parse('8GSD')
>>> print('self = {}'.format(ub.urepr(self, nl=1, si=1)))
self = <ResolvedUnit(8 GSD)>






	
classmethod coerce(data, default_unit=None)

	Example

>>> from geowatch.utils.util_resolution import *  # NOQA
>>> self1 = ResolvedUnit.coerce(8, default_unit='GSD')
>>> self2 = ResolvedUnit.coerce('8', default_unit='GSD')
>>> self3 = ResolvedUnit.coerce('8GSD')
>>> assert self1 == self2
>>> import pytest
>>> with pytest.raises(ValueError):
>>>     ResolvedUnit.coerce(8)














	
class geowatch.utils.util_resolution.ResolvedScalar(scalar, resolution)

	Bases: Resolved, NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr]

Example

>>> from geowatch.utils.util_resolution import *  # NOQA
>>> self1 = ResolvedScalar.parse("128@10GSD")
>>> self2 = ResolvedScalar.parse("128  @  10  GSD")
>>> print('self1 = {}'.format(ub.urepr(self1, sv=1, nl=1)))
>>> print('self2 = {}'.format(ub.urepr(self2, sv=1, nl=1)))
self1 = <ResolvedScalar(128 @ 10 GSD)>
self2 = <ResolvedScalar(128 @ 10 GSD)>






	
at_resolution(new_resolution)

	Update the resolution


	Parameters:

	new_resolution (dict | ResolvedUnit) – new base resolution unit to use.



	Returns:

	The same scalar but in terms of the new resolution.



	Return type:

	ResolvedScalar





Example

>>> new_resolution = {'mag': 1, 'unit': 'GSD'}
>>> self = ResolvedScalar.parse("128@10GSD")
>>> print(self.at_resolution(new_resolution))
>>> print(self.at_resolution({'mag': 20, 'unit': 'GSD'}))
<ResolvedScalar(1280.0 @ 1 GSD)>
<ResolvedScalar(64.0 @ 20 GSD)>














	
class geowatch.utils.util_resolution.ResolvedWindow(window, resolution)

	Bases: Resolved, NiceRepr [https://ubelt.readthedocs.io/en/latest/ubelt.util_mixins.html#ubelt.util_mixins.NiceRepr]

Parse a window size at a particular resolution

Example

>>> from geowatch.utils.util_resolution import *  # NOQA
>>> data = "128x128@10GSD"
>>> self1 = ResolvedWindow.parse(data)
>>> self2 = ResolvedWindow.parse("128  ,  128  @  10  GSD")
>>> self3 = ResolvedWindow.parse("128@10GSD")
>>> print('self1 = {}'.format(ub.urepr(self1, nl=1, sv=1)))
>>> print('self2 = {}'.format(ub.urepr(self2, nl=1, sv=1)))
>>> print('self3 = {}'.format(ub.urepr(self3, nl=1, sv=1)))
self1 = <ResolvedWindow((128, 128) @ 10 GSD)>
self2 = <ResolvedWindow((128, 128) @ 10 GSD)>
self3 = <ResolvedWindow((128, 128) @ 10 GSD)>






	
at_resolution(new_resolution)

	Update the resolution


	Parameters:

	new_resolution (dict | ResolvedUnit) – new base resolution unit to use.



	Returns:

	The same window but in terms of the new resolution.



	Return type:

	ResolvedWindow





Example

>>> from geowatch.utils.util_resolution import *  # NOQA
>>> new_resolution = {'mag': 1, 'unit': 'GSD'}
>>> self = ResolvedWindow.parse("128x64@10GSD")
>>> print(self.at_resolution(new_resolution))
>>> print(self.at_resolution({'mag': 20, 'unit': 'GSD'}))
<ResolvedWindow((1280.0, 640.0) @ 1 GSD)>
<ResolvedWindow((64.0, 32.0) @ 20 GSD)>
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geowatch.utils.util_rgdc module


	
geowatch.utils.util_rgdc.group_tiles(query, timediff_sec=300)

	Given a RGDC search query result, nest results so that scenes
that can be merged are grouped together

TODO when RGDC STAC endpoint is available, calculate overlap with AOI here


	Parameters:

	
	query – output of rgdc.search


	timediff_sec – max allowed time between adjacent scenes.
Should nominally be 23 seconds for Landsat 7 and 8. Some buffer is included.
TODO what is it for Sentinel?








Example

>>> # xdoctest: +SKIP
>>> from rgd_client import Rgdc
>>> client = Rgdc('username', 'password')
>>> query = (client.search(**kwargs, instrumentation='ETM') +
>>>          client.search(**kwargs, instrumentation='OLI_TIRS'))
>>> # query == [scene1, scene2, scene3, scene4]
>>> query = group_tiles(query)
>>> # query == [[scene1], [scene2, scene3], [scene4]]










	
geowatch.utils.util_rgdc.bands_landsat(entry)

	Get only the band files from a Landsat RasterMetaEntry downloaded from RGD.


	Parameters:

	entry – RasterMetaEntry, the output type of rgdc.download_raster



	Returns:

	list of pathlib paths to band files










	
geowatch.utils.util_rgdc.bands_sentinel2(entry)

	Get only the band files from a Sentinel-2 RasterMetaEntry downloaded from RGD.


	Parameters:

	entry – RasterMetaEntry, the output type of rgdc.download_raster



	Returns:

	list of pathlib paths to band files
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geowatch.utils.util_s3 module


	
geowatch.utils.util_s3.get_file_from_s3(uri, path)

	




	
geowatch.utils.util_s3.send_file_to_s3(path, uri)
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geowatch.utils.util_stringalgo module

pip install pygtrie


	
geowatch.utils.util_stringalgo.shortest_unique_prefixes(items, sep=None, allow_simple=True, min_length=0, allow_end=False)

	The shortest unique prefix algorithm.


	Parameters:

	
	items (List[str]) – returned prefixes will be unique wrt this set


	sep (str) – if specified, all characters between separators are treated
as a single symbol. Makes the algo much faster.


	allow_simple (bool) – if True tries to construct a simple feasible
solution before resorting to the optimal trie algorithm.


	min_length (int) – minimum length each prefix can be


	allow_end (bool) – if True allows for string terminators to be
considered in the prefix






	Returns:

	
	a prefix for each item that uniquely identifies it
	wrt to the original items.









	Return type:

	list [https://docs.python.org/3/library/stdtypes.html#list] of str [https://docs.python.org/3/library/stdtypes.html#str]





References

http://www.geeksforgeeks.org/find-all-shortest-unique-prefixes-to-represent-each-word-in-a-given-list/
https://github.com/Briaares/InterviewBit/blob/master/Level6/Shortest%20Unique%20Prefix.cpp


	Requires:
	pip install pygtrie





Example

>>> # xdoctest: +REQUIRES(module:pygtrie)
>>> items = ["zebra", "dog", "duck", "dove"]
>>> shortest_unique_prefixes(items)
['z', 'dog', 'du', 'dov']





Example

>>> # xdoctest: +REQUIRES(module:pygtrie)
>>> from geowatch.utils.util_stringalgo import *  # NOQA
>>> smeti = ["params.metrics.foo.mean", "params.metrics.foo.std", "params.metrics.foo.count"]
>>> items = [p[::-1] for p in smeti]
>>> euqine = shortest_unique_prefixes(items, sep='.', min_length=2)
>>> unique = [p[::-1] for p in euqine]
>>> print(f'unique={unique}')
unique=['foo.mean', 'foo.std', 'foo.count']






	Timeing:
	>>> # DISABLE_DOCTEST
>>> # make numbers larger to stress test
>>> # L = max length of a string, N = number of strings,
>>> # C = smallest gaurenteed common length
>>> # (the setting N=10000, L=100, C=20 is feasible we are good)
>>> import timerit
>>> import random
>>> def make_data(N, L, C):
>>>     rng = random.Random(0)
>>>     return [''.join(['a' if i < C else chr(rng.randint(97, 122))
>>>                      for i in range(L)]) for _ in range(N)]
>>> items = make_data(N=1000, L=10, C=0)
>>> timerit.Timerit(3).call(shortest_unique_prefixes, items).print()
Timed for: 3 loops, best of 3
    time per loop: best=24.54 ms, mean=24.54 ± 0.0 ms
>>> items = make_data(N=1000, L=100, C=0)
>>> timerit.Timerit(3).call(shortest_unique_prefixes, items).print()
Timed for: 3 loops, best of 3
    time per loop: best=155.4 ms, mean=155.4 ± 0.0 ms
>>> items = make_data(N=1000, L=100, C=70)
>>> timerit.Timerit(3).call(shortest_unique_prefixes, items).print()
Timed for: 3 loops, best of 3
    time per loop: best=232.8 ms, mean=232.8 ± 0.0 ms
>>> items = make_data(N=10000, L=250, C=20)
>>> timerit.Timerit(3).call(shortest_unique_prefixes, items).print()
Timed for: 3 loops, best of 3
    time per loop: best=4.063 s, mean=4.063 ± 0.0 s














	
geowatch.utils.util_stringalgo._trie_iternodes(self)

	Generates all nodes in the trie

# Hack into the internal structure and insert frequencies at each node






	
geowatch.utils.util_stringalgo._trie_iteritems(self)

	Generates all nodes in the trie

# Hack into the internal structure and insert frequencies at each node






	
geowatch.utils.util_stringalgo.shortest_unique_suffixes(items, sep=None, min_length=0)

	Example

>>> # xdoctest: +REQUIRES(--pygtrie)
>>> items = ["zebra", "dog", "duck", "dove"]
>>> shortest_unique_suffixes(items)
['a', 'g', 'k', 'e']





Example

>>> # xdoctest: +REQUIRES(--pygtrie)
>>> items = ["aa/bb/cc", "aa/bb/bc", "aa/bb/dc", "aa/cc/cc"]
>>> shortest_unique_suffixes(items)
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geowatch.utils.util_torchmetrics module


	
class geowatch.utils.util_torchmetrics.BinaryF1Score(task: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['binary', 'multiclass', 'multilabel'], threshold: float [https://docs.python.org/3/library/functions.html#float] = 0.5, num_classes: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, num_labels: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, average: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['micro', 'macro', 'weighted', 'none'] | None [https://docs.python.org/3/library/constants.html#None] = 'micro', multidim_average: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['global', 'samplewise'] | None [https://docs.python.org/3/library/constants.html#None] = 'global', top_k: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = 1, ignore_index: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, validate_args: bool [https://docs.python.org/3/library/functions.html#bool] = True, **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any])

	Bases: StatScores

Initialize task metric.


	
compute()

	




	
_abc_impl = <_abc._abc_data object>

	








	
class geowatch.utils.util_torchmetrics.BinaryOverallAccuracy(task: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['binary', 'multiclass', 'multilabel'], threshold: float [https://docs.python.org/3/library/functions.html#float] = 0.5, num_classes: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, num_labels: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, average: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['micro', 'macro', 'weighted', 'none'] | None [https://docs.python.org/3/library/constants.html#None] = 'micro', multidim_average: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['global', 'samplewise'] | None [https://docs.python.org/3/library/constants.html#None] = 'global', top_k: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = 1, ignore_index: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, validate_args: bool [https://docs.python.org/3/library/functions.html#bool] = True, **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any])

	Bases: StatScores

Initialize task metric.


	
compute()

	




	
_abc_impl = <_abc._abc_data object>

	








	
class geowatch.utils.util_torchmetrics.BinaryBalancedAccuracy(task: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['binary', 'multiclass', 'multilabel'], threshold: float [https://docs.python.org/3/library/functions.html#float] = 0.5, num_classes: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, num_labels: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, average: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['micro', 'macro', 'weighted', 'none'] | None [https://docs.python.org/3/library/constants.html#None] = 'micro', multidim_average: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['global', 'samplewise'] | None [https://docs.python.org/3/library/constants.html#None] = 'global', top_k: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = 1, ignore_index: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, validate_args: bool [https://docs.python.org/3/library/functions.html#bool] = True, **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any])

	Bases: StatScores

Initialize task metric.


	
compute()

	




	
_abc_impl = <_abc._abc_data object>

	








	
class geowatch.utils.util_torchmetrics.BinaryTruePositiveRate(task: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['binary', 'multiclass', 'multilabel'], threshold: float [https://docs.python.org/3/library/functions.html#float] = 0.5, num_classes: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, num_labels: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, average: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['micro', 'macro', 'weighted', 'none'] | None [https://docs.python.org/3/library/constants.html#None] = 'micro', multidim_average: Literal [https://docs.python.org/3/library/typing.html#typing.Literal]['global', 'samplewise'] | None [https://docs.python.org/3/library/constants.html#None] = 'global', top_k: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = 1, ignore_index: int [https://docs.python.org/3/library/functions.html#int] | None [https://docs.python.org/3/library/constants.html#None] = None, validate_args: bool [https://docs.python.org/3/library/functions.html#bool] = True, **kwargs: Any [https://docs.python.org/3/library/typing.html#typing.Any])

	Bases: StatScores

Initialize task metric.


	
compute()

	




	
_abc_impl = <_abc._abc_data object>
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	Return the location of the GEOWATCH DVC Data path if it exists and is in
a “standard” location.

NOTE: other team members can add their “standard” locations if they want.


	SeeAlso:
	WATCH_DATA_DPATH=$(geowatch_dvc)

python -m geowatch.cli.find_dvc –hardware=hdd
python -m geowatch.cli.find_dvc –hardware=ssd
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	DummyLogger
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	geowatch.utils.util_kwimage module
	_auto_kernel_sigma()

	upweight_center_mask()

	perchannel_colorize()
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	geowatch.utils.util_kwplot module
	phantom_legend()
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	get_logger()
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	geowatch.utils.util_param_grid module
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	geowatch.utils.util_raster module
	_ensure_open()
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	ResampledRaster





	geowatch.utils.util_regex module
	_AbstractRegexBuilder
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	geowatch.utils.util_resolution module
	_int_or_float()
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	ResolvedTransformer
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	ResolvedWindow





	geowatch.utils.util_rgdc module
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	geowatch.utils.util_s3 module
	get_file_from_s3()

	send_file_to_s3()





	geowatch.utils.util_stringalgo module
	shortest_unique_prefixes()

	_trie_iternodes()
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	geowatch.utils.util_torchmetrics module
	BinaryF1Score
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	BinaryBalancedAccuracy
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Submodules



	geowatch.__main__ module

	geowatch.exceptions module
	MetadataNotFound

	GeoMetadataNotFound





	geowatch.heuristics module
	HEURISTIC_END_STATES

	IARPA_REAL_STATUS

	iarpa_assign_truth_confusion()

	iarpa_assign_pred_confusion()

	TAG_IF()

	CONDITION()

	ALL()

	hack_track_categories()

	ensure_heuristic_coco_colors()

	ensure_heuristic_category_tree_colors()

	_ensure_distinct_dict_colors()

	dummy_legend()

	build_image_header_text()

	auto_expt_dvc()

	auto_data_dvc()

	normalize_sensors()

	extract_region_id()











Module contents

The GEOWATCH module



	The GEOWATCH Gitlab Repo

	https://gitlab.kitware.com/computer-vision/geowatch/



	Pypi

	https://pypi.org/project/geowatch/



	Read the docs

	https://geowatch.readthedocs.io



	Slides

	Software Overview Slides [https://docs.google.com/presentation/d/125kMWZIwfS85lm7bvvCwGAlYZ2BevCfBLot7A72cDk8/]  and KHQ Demo Slides [https://docs.google.com/presentation/d/1HKH_sGJX4wH60j8t4iDrZN8nH71jGX1vbCXFRIDVI7c/]






Main modules of interest are:



	geowatch.cli


	geowatch.mlops


	geowatch.tasks







Main Tasks:



	geowatch.tasks.fusion


	geowatch.tasks.tracking







Supported Feature Tasks:



	geowatch.tasks.cold


	geowatch.tasks.depth


	geowatch.tasks.depth_pcd


	geowatch.tasks.dino_detector


	geowatch.tasks.invariants


	geowatch.tasks.landcover


	geowatch.tasks.mae


	geowatch.tasks.rutgers_material_seg_v2


	geowatch.tasks.sam







Also see:



	geowatch.gis


	geowatch.geoannots


	geowatch.demo


	geowatch.stac


	geowatch.utils


	geowatch.utils.lightning_ext


	geowatch.utils.lightning_ext.callbacks







You probably wont need:



	geowatch.rc


	geowatch.monkey







# Useful environs

DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=auto)
DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=auto)
HIGHRES_DVC_EXPT_DPATH=$(geowatch_dvc --tags='smart_drop7' --hardware=auto)
DATA_DVC_DPATH=$DVC_DATA_DPATH
EXPT_DVC_DPATH=$DVC_EXPT_DPATH

# To get the above make sure you have run:
geowatch_dvc add my_phase2_data_repo --path=<path-to-your-phase2-data-dvc-repo> --hardware=hdd --priority=100 --tags=phase2_data
geowatch_dvc add my_phase2_expt_repo --path=<path-to-your-phase2-expt-dvc-repo> --hardware=hdd --priority=100 --tags=phase2_expt






	
geowatch.coerce_kwcoco(data='geowatch-msi', **kwargs)

	coerce with geowatch special datasets

Calls kwcoco.CocoDataset.coerce unless the code is geowatch-msi, and then
we construct a special dataset with extra variables expected by the watch
project.


	Parameters:

	
	data (str | Coercible[kwcoco.CocoDataset]) – the special code to coerce


	**kwargs – modify how the demodata is created. For geowatch-msi, see
demo_kwcoco_multisensor(), which has args like: dates,
geodata, heatmap.








Example

>>> import geowatch
>>> dates=True
>>> geodata=True
>>> heatmap=True
>>> kwargs = {}
>>> coco_dset = geowatch.coerce_kwcoco(data='geowatch-msi', dates=dates, geodata=geodata, heatmap=heatmap)
>>> coco_dset2 = geowatch.coerce_kwcoco(data='geowatch-msi-dates-geodata-gsize32')
>>> assert 'date_captured' in coco_dset2.images().peek()










	
geowatch.find_dvc_dpath(name=NoParam, on_error='raise', **kwargs)

	Return the location of the GEOWATCH DVC Data path if it exists and is in
a “standard” location.

NOTE: other team members can add their “standard” locations if they want.


	SeeAlso:
	WATCH_DATA_DPATH=$(geowatch_dvc)

python -m geowatch.cli.find_dvc –hardware=hdd
python -m geowatch.cli.find_dvc –hardware=ssd










	
geowatch.find_smart_dvc_dpath(*args, **kw)
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  # Using the MLOps tool to run GEOWATCH

NOTE: THE PATH FORMAT IS IN HIGH FLUX. DOCS MAY BE OUTDATED

MLOps is a wrapper around the cmd_queue library that provides a single entrypoint for all steps of the GEOWATCH TA-2 pipeline, starting with a model checkpoint and the program data:


	Predict BAS on low-res data (S2/L8)


	Pixel evaluation metrics on BAS


	Convert to polygons in IARPA site model geojson format


	Score on IARPA metrics [using a heuristic for SC phases]


	Visualize BAS


	Create cropped SC dataset from BAS predictions with high-res data (S2/WV/PD)




7. Predict SC on high-res data
2. Pixel evaluation metrics on SC
3. Convert to polygons in IARPA site model geojson format (again)
4. Score on IARPA metrics (again)
5. Visualize SC

You can invoke any one of these things through python -m geowatch… without MLOps, but it handles all the plumbing of feeding jobs’ input/output to each other and spawning them to use all your available compute resources.

## using DVC and geowatch_dvc

(Note: geowatch_dvc will be replaced by sdvc from the simple_dvc package.)

geowatch_dvc is an alias for python -m geowatch.cli.find_dvc.
MLOps uses it to manage paths to your DVC repos.

To get started:
geowatch_dvc list

Do you see a data and expt repo with exists=True? If not,


	you have an existing local DVC checkout, but it’s not listed




`bash
geowatch_dvc add --name=my_data_repo --path=path/to/smart_data_dvc --hardware=hdd --priority=100 --tags=phase2_data
geowatch_dvc add --name=my_expt_repo --path=path/to/smart_expt_dvc --hardware=hdd --priority=100 --tags=phase2_expt
`


	you don’t have an existing local DVC checkout




clone the source repos:
https://gitlab.kitware.com/smart/smart_data_dvc
https://gitlab.kitware.com/smart/smart_expt_dvc

and put them in the recommended places.

these can also be overridden by environment variables; do so at your own risk

if this worked, you can:
`bash
cd $(geowatch_dvc --tags="phase2_expt")
`
cd doesn’t work when the terminal is too narrow for 1 line, because it’ll prettyprint with linebreaks

### sidebar: setting up a shared DVC cache on a shared machine

Multiple users can share a DVC cache so they don’t have to duplicate the data!
`bash
dvc config cache.shared group
dvc config cache.type symlink
dvc cache dir /data/dvc-caches/smart_watch_dvc  # make sure everyone can read/write here
dvc checkout
`

## using mlops to checkout a model

geowatch mlops is an alias for python -m geowatch.cli.mlops_cli or python -m geowatch.mlops.expt_manager.
The entrypoint in code is watch/mlops/expt_manager.py.

Let’s choose a model and do stuff with it!
```bash
geowatch mlops –help

MODEL=”Drop4_BAS_Retrain_V002”

geowatch mlops “pull packages” –model_pattern=”${MODEL}*”
geowatch mlops “pull evals” –model_pattern=”${MODEL}*”
geowatch mlops “status”
python -m geowatch.mlops.expt_manager “list” –model_pattern=”${MODEL_OF_INTEREST}*”  # for more info
python -m geowatch.mlops.expt_manager “report” –model_pattern=”${MODEL_OF_INTEREST}*”  # for more info
```
The “volatile” table shows model predictions, which are not versioned for space reasons, but are an intermediate product of running pixel and polygon evaluations. The “versioned” table shows models and evaluations which should now exist in your local DVC repo.


	the “versioned” table in more detail:
	
	type - “pkg_fpath” (model) or “eval_*”


	has_raw - the file exists


	has_dvc - the .dvc file exists


	needs_pull - the .dvc file is not backed by data on this machine


	needs_push - the .dvc file is not backed by data on the remote








TODO does “staging” still exist?

models on disk live in $(geowatch_dvc –tags=”phase2_expt”)/models/fusion/${DATASET}/packages.

predictions on disk live in $(geowatch_dvc –tags=”phase2_expt”)/models/fusion/${DATASET}/pred.

evals on disk live in $(geowatch_dvc –tags=”phase2_expt”)/models/fusion/${DATASET}/eval.

## using mlops to run an evaluation

geowatch mlops “evaluate” should work as an alias but doesn’t right now

if you haven’t used this TEST_DATASET yet, remember to unzip its splits.zip first

```bash
DATASET_CODE=Aligned-Drop4-2022-08-08-TA1-S2-L8-ACC
DATA_DVC_DPATH=$(geowatch_dvc –tags=”phase2_data”)
DVC_EXPT_DPATH=$(geowatch_dvc –tags=”phase2_expt”)
TEST_DATASET=$DATA_DVC_DPATH/$DATASET_CODE/data.kwcoco.json
python -m geowatch.mlops.schedule_evaluation 



	–params=”
	
	matrix:
	
	trk.pxl.model:
	
	$DVC_EXPT_DPATH/models/fusion/Aligned-Drop4-2022-08-08-TA1-S2-L8-ACC/packages/Drop4_BAS_Retrain_V002/Drop4_BAS_Retrain_V002_epoch=31-step=16384.pt.pt






	trk.pxl.data.test_dataset:
	
	$TEST_DATASET








trk.pxl.data.window_scale_space: 15GSD
trk.pxl.data.time_sampling:



	“contiguous”








	trk.pxl.data.input_scale_space:
	
	“15GSD”






	trk.poly.thresh:
	
	0.07


	0.1


	0.12


	0.175






	crop.src:
	
	/home/joncrall/remote/toothbrush/data/dvc-repos/smart_data_dvc/online_v1/kwcoco_for_sc_fielded.json






	crop.regions:
	
	trk.poly.output






	act.pxl.data.test_dataset:
	
	/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/models/fusion/Aligned-Drop4-2022-08-08-TA1-S2-L8-ACC/crop/online_v1_kwcoco_for_sc_fielded/trk_poly_id_0408400f/crop_f64d5b9a/crop_id_59ed6e1b/crop.kwcoco.json






	act.pxl.data.input_scale_space:
	
	3GSD






	act.pxl.data.time_steps:
	
	3






	act.pxl.data.chip_overlap:
	
	0.35






	act.poly.thresh:
	
	0.01






	act.poly.use_viterbi:
	
	0






	act.pxl.model:
	
	$DVC_EXPT_DPATH/models/fusion/Aligned-Drop4-2022-08-08-TA1-S2-WV-PD-ACC/packages/Drop4_SC_RGB_scratch_V002/Drop4_SC_RGB_scratch_V002_epoch=99-step=50300-v1.pt.pt










	include:
	
	act.pxl.data.chip_dims: 256,256
act.pxl.data.window_scale_space: 3GSD
act.pxl.data.input_scale_space: 3GSD
act.pxl.data.output_scale_space: 3GSD












“ –enable_pred_trk_pxl=1 –enable_pred_trk_poly=1 –enable_eval_trk_pxl=1 –enable_eval_trk_poly=1 –enable_crop=0 –enable_pred_act_pxl=0 –enable_pred_act_poly=0 –enable_eval_act_pxl=0 –enable_eval_act_poly=0 –enable_viz_pred_trk_poly=1 –enable_viz_pred_act_poly=0 –enable_links=1 –devices=”0,1” –queue_size=2 –queue_name=’secondary-eval’ –backend=serial –skip_existing=0 –run=0




```
the enable pred, eval, crop, and viz flags are the various stages of the GEOWATCH TA2 system. They are all enabled by default. Any params for a step with –enable_*=0 will be ignored, and duplicate params will be grid-searched over.


	The params are namespaced for convenience
	
	trk.pxl - BAS predict and pixel evaluate


	trk.poly - BAS tracking and IARPA poly evaluate


	crop - create SC dataset


	act.pxl - SC predict and pixel evaluate


	act.poly - SC tracking and IARPA poly evaluate








First, dry-run with run=0, and if it looks ok, set run=1. –backend=tmux is also highly recommended instead of serial, it makes the running queue much easier to debug (backend=”slurm” is also available if your machine supports it).
–virtualenv_cmd=”conda activate watch”
or something to that effect is also needed if your bashrc does not automatically drop you into the watch virtualenv.

## debugging/examining a running mlops invocation

This assumes you’re using –backend=tmux.

check on a running queue with
`bash
tmux a
<C-b> s # switch between sessions
<C-b> d # quit back to main window
`

You’ll see each session start with the command source /long/path/_cmd_queue_schedule/${QUEUE_NAME}_etc/etc/etc.sh. The paths will also be printed to the main window for convenience, along with the commands to kill any leftover tmux sessions or drop into them.
These sourced scripts define what is being run in each tmux session (“job”). In serial mode, they will all run in the main window.

When each job finishes, the result will be cached and its dependencies will start running.

### sidebar: help, my predict step is hanging!
This might happen due to data workers not being cleaned up; you’ll see “return dset.fpath = …” but then the predict job will never finish. Kill the python process, open the sourced script for that job and manually run the steps under “# Signal this worker is complete”. You may have to kill and rerun the whole mlops pipeline, but it will pick up where it left off.

## What does an mlops invocation run?

You can dig through the sourced scripts to piece together what a full GEOWATCH TA2 run looks like, minus the boilerplate and error handling. (There are plenty of examples in the mlops source code, but here’s how to tell exactly what you were running.) For example, the pipeline above turns into:

```bash
# prediction (omitted)
# python -m geowatch.tasks.fusion.predict …

# tracking
ROOT=”/home/local/KHQ/matthew.bernstein/data/dvc-repos/smart_expt_dvc-ssd/models/fusion/Aligned-Drop4-2022-08-08-TA1-S2-L8-ACC/pred/trk/Drop4_BAS_Retrain_V002_epoch=31-step=16384.pt.pt/Aligned-Drop4-2022-08-08-TA1-S2-L8-ACC_data.kwcoco”
PXL_EXPT=”${ROOT}/trk_pxl_b788335d”
TRK_EXPT=”trk_poly_ca4372e1”
python -m geowatch.cli.run_tracker 


“${TRK_ROOT}/pred.kwcoco.json” –default_track_fn saliency_heatmaps –track_kwargs ‘{“thresh”: 0.12, “moving_window_size”: null, “polygon_fn”: “heatmaps_to_polys”}’ –clear_annots –out_sites_dir “${TRK_ROOT}/${TRK_EXPT}/sites” –out_site_summaries_dir “${TRK_ROOT}/${TRK_EXPT}/site-summaries” –out_sites_fpath “${TRK_ROOT}/${TRK_EXPT}/site_tracks_manifest.json” –out_site_summaries_fpath “${TRK_ROOT}/${TRK_EXPT}/site_summary_tracks_manifest.json” –out_kwcoco “${TRK_ROOT}/${TRK_EXPT}/tracks.kwcoco.json”




# pxl eval
python -m geowatch.tasks.fusion.evaluate 


–true_dataset=/home/local/KHQ/matthew.bernstein/data/dvc-repos/smart_data_dvc-ssd/Aligned-Drop4-2022-08-08-TA1-S2-L8-ACC/data.kwcoco.json –pred_dataset=”${TRK_ROOT}/pred.kwcoco.json” –eval_dpath=”${TRK_ROOT}”
–score_space=video –draw_curves=True –draw_heatmaps=True –viz_thresh=0.2 –workers=2




# iarpa poly eval
python -m geowatch.cli.run_metrics_framework 


–merge=True –name “Drop4_BAS_Retrain_V002_epoch=31-step=16384.pt.pt-trk_pxl_b788335d-${TRK_EXPT}” –true_site_dpath “/home/local/KHQ/matthew.bernstein/data/dvc-repos/smart_data_dvc-ssd/annotations/site_models” –true_region_dpath “/home/local/KHQ/matthew.bernstein/data/dvc-repos/smart_data_dvc-ssd/annotations/region_models” –pred_sites “${TRK_ROOT}/${TRK_EXPT}/site_tracks_manifest.json” –tmp_dir “${TRK_ROOT}/${TRK_EXPT}/_tmp” –out_dir “${TRK_ROOT}/${TRK_EXPT}” –merge_fpath “${TRK_ROOT}/${TRK_EXPT}/merged/summary2.json” 




# viz
geowatch visualize 


“${TRK_ROOT}/${TRK_EXPT}/tracks.kwcoco.json” –channels=”red|green|blue,salient” –stack=only –workers=avail/2 –workers=avail/2 –extra_header=”ntrk_pxl_b788335d-${TRK_EXPT}” –animate=True




```
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GEOWATCH Onboarding

The purpose of this document is to guide a new user in the installation and
usage of the GEOWATCH system.

For a high level overview of the system, see the overview.

This document assumes you are proficient with Python and have an understanding
of virtual environments.

For internal collaberators you will want to clone this geowatch Python repo, and
the two DVC repos one for data and the other for experimental results. We
recommend the following directory structure:

# Create a directory for CODE
mkdir -p $HOME/code

# Create a directory for DATA
# Either:
mkdir -p $HOME/data/

# XOR: create a symlink to a drive that has space on it.
ln -s /data $HOME/data

# Clone the code repos
# Internal
# git clone https://gitlab.kitware.com/smart/watch/  $HOME/code/watch

# Public
git clone https://gitlab.kitware.com/computer-vision/geowatch/  $HOME/code/watch

# Clone the data repos
mkdir -p $HOME/data/dvc-repos
git clone https://gitlab.kitware.com/smart/smart_data_dvc/ $HOME/data/dvc-repos/smart_data_dvc
git clone https://gitlab.kitware.com/smart/smart_expt_dvc/ $HOME/data/dvc-repos/smart_expt_dvc

# Or if you have credentials
git clone git@gitlab.kitware.com:smart/smart_data_dvc.git $HOME/data/dvc-repos/smart_data_dvc
git clone git@gitlab.kitware.com:smart/smart_expt_dvc.git $HOME/data/dvc-repos/smart_expt_dvc





For details on installing the geowatch system in development mode see
installing geowatch for development guide.

For more detailed instructions on setting up the DVC repos see:
accessing dvc repos.

This onboarding document is a work in progress. While things are are still
being organized, here is a list of current documentation files:

For quick reference, review the list of current documentation files in the README

Please ensure you review :



	Contribution Instructions


	Rebasing Procedure


	Testing Practices


	Coding Conventions


	Supporting Projects







TODO: Point to the FAQ examples in kwcoco and other projects with them


Tutorials

The following tutorials detail how to train simple fusion models


	Tutorial 1: Toy RGB Tutorial


	Tutorial 2: Toy MSI Tutorial


	Tutorial 3: Feature Fusion Tutorial


	Tutorial 4: TODO: tutorial about kwcoco (See docs for kwcoco [https://gitlab.kitware.com/computer-vision/kwcoco])






Module Structure

The current geowatch module struture is summarized as follows:

╙── geowatch {'.py': 4, '': 1}
    ├─╼ cli {'.py': 45}
    │   ├─╼ smartflow {'.py': 17, '.rst': 1}
    │   └─╼ special {'.py': 2}
    ├─╼ demo {'.py': 8}
    │   └─╼ metrics_demo {'.py': 6}
    ├─╼ mlops {'.py': 13}
    ├─╼ stac {'.py': 3}
    ├─╼ monkey {'.py': 10}
    ├─╼ geoannots {'.py': 3}
    ├─╼ gis {'.py': 5}
    │   └─╼ sensors {'.py': 2}
    ├─╼ rc {'.json': 3, '.gtx': 1, '.xml': 1, '.py': 2}
    │   └─╼ requirements {'.txt': 18, '.py': 1}
    ├─╼ utils {'.py': 39}
    │   └─╼ lightning_ext {'.py': 13}
    │       └─╼ callbacks {'.py': 8, '.txt': 1}
    └─╼ tasks {'.py': 1}
        ├─╼ fusion {'.py': 9, '.md': 1}
        │   ├─╼ datamodules {'.py': 10}
        │   │   └─╼ temporal_sampling {'.py': 7, '.pyx': 1}
        │   ├─╼ methods {'.py': 7}
        │   └─╼ architectures {'.py': 6}
        ├─╼ dino_detector {'.py': 3, '.sh': 1}
        ├─╼ depth {'.py': 8, '.json': 1, '.md': 1}
        ├─╼ sam {'.py': 2}
        ├─╼ rutgers_material_seg {'.py': 5}
        │   ├─╼ datasets {'.py': 13}
        │   ├─╼ models {'.py': 21}
        │   ├─╼ utils {'.py': 6}
        │   └─╼ scripts {'.py': 3}
        ├─╼ metrics {'.py': 3}
        ├─╼ cold {'.py': 11, '.yaml': 1}
        ├─╼ mae {'.py': 4, '': 1}
        ├─╼ invariants {'.py': 8, '.md': 1, '': 1}
        │   ├─╼ late_fusion {'.py': 3}
        │   ├─╼ data {'.py': 4}
        │   └─╼ utils {'.py': 6}
        ├─╼ rutgers_material_change_detection {'.py': 4, '.md': 1}
        │   ├─╼ datasets {'.py': 5}
        │   ├─╼ models {'.py': 23, '.tmp': 1}
        │   └─╼ utils {'.py': 6}
        ├─╼ landcover {'.py': 8, '.md': 1}
        ├─╼ uky_temporal_prediction {'.py': 7, '.md': 1, '.yml': 1, '': 1}
        │   └─╼ models {'.py': 4}
        ├─╼ tracking {'.py': 11}
        └─╼ depth_pcd {'.py': 5}
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GeoWATCH Overview

This is an overview of GeoWATCH framework and its relation to RasterVision as of 2024-01-16.

In 2020 Kitware won a contract to compete in the
IARPA SMART [https://www.iarpa.gov/research-programs/smart] program.
The SMART program challenged 5 teams to design algorithms for utilizing
satellite imagery from multiple sensors (e.g., Sentinel2, Landsat-8, Worldview,
Planetscope) to search over multiple large areas of space and time (e.g., 1000
square kilometers over 8 years) for events of interest. The driving use case
was heavy construction (e.g., construction of buildings more than 8000 square
kilometers). The program also evaluated performers on other tasks such as
detecting transient events (e.g. burning man, renaissance fairs) encouraged
teams to look for solutions that were generalizable.

The input to the problem is a SpatioTemporal Asset Catalog (STAC) catalog that
indexes the images available for use. The goal is to ingest data from a region
of interest, and predict geojson “sites summaries”: polygons with a start and
end date that should contain the “event of interest”. Additionally, each “site”
is sub-classified into phases of the event (i.e. for heavy construction the
phases are site-preparation and active construction).

Kitware, and team members from University of Connecticut, Washington
University, Rutgers, and DZYNE Technologies developed GeoWATCH as its
solution. The initial pitch was that each subteam would develop a semantically
meaningful raster feature, and then Kitware would develop a “fusion” module
that combined these features together, producing a heatmap for every (selected)
input image in the sequence.  The heatmaps are trained to be bright when an
event occurs and dark otherwise. We extract polygons from these heatmaps using
a “tracker module” to produce the final geojson output.


KWCOCO Data Interchange

To facilitate data interchange between the teams in a machine-learning friendly
way, we expanded the
kwcoco [https://gitlab.kitware.com/computer-vision/kwcoco] module with additional
features to support large multispectral satellite images.
The kwcoco module itself, uses the MS-COCO format as a starting point. We
augmented each “image” dictionary to be able to reference one or more “assets”,
which each correspond to a file on disk. Each asset contains a channel code as
well as a transform (usually affine) that warps the pixels in the asset into an
aligned “image view” or “image space”. Similarly, multiple images can be
registered to a “video”, and another transform can be specified that aligns the
images in a “video view” or “video space”. More details on warping and space (which we are going to rename views) can be found in
the KWCOCO Spaces document [https://gitlab.kitware.com/computer-vision/kwcoco/-/blob/40386202aa34ce9cf5b48fd3b93cd5e9a2fc0db0/docs/source/concepts/warping_and_spaces.rst].
The KWCOCO spec isn’t specifically for geospatial data, but it allows user-defined keys, so in the geowatch tooling, we define
kwcoco extensions [https://gitlab.kitware.com/computer-vision/geowatch/-/blob/11da8ebfa94c2723d9649429331844e60d1bc7d6/geowatch/utils/kwcoco_extensions.py?ref_type=heads] that populate
each image with fields like “sensor_coarse”, and uses geotiff metadata to infer the transforms.

To create the initial base KWCOCO for a region, we use
a pipeline [https://gitlab.kitware.com/computer-vision/geowatch/-/blob/11da8ebfa94c2723d9649429331844e60d1bc7d6/geowatch/cli/prepare_ta2_dataset.py] that
pulls the STAC catalog that points to processed large image tiles,
creates a virtual uncropped kwcoco dataset that points to the large image tiles
(using the GDAL vitual filesystem), and then crops out (othorectifing if
necessary) a set of images that are
aligned [https://gitlab.kitware.com/computer-vision/geowatch/-/blob/11da8ebfa94c2723d9649429331844e60d1bc7d6/geowatch/cli/coco_align.py?ref_type=heads]
up to an affine transform. The idea is that we are going to try and delay as
much resampling until the very last minute so we can leverage fused affine
transforms. In production, datasets are constructed on the fly, but for
development, we gather kwcoco datasets for each region and push them to members
of the development team using DVC [https://dvc.org/].



Semantically Rich Features

Because the KWCOCO format allows an image to reference multiple assets, we
define an API such that the input to each module is a KWCOCO file, and the
output is a new KWCOCO file.  In this way we can compute a kwcoco where each
image points to both its original sensed assets as well as the semantically
rich features.  Some of the features our team members contributed generate
rasters for: landcover, depth, COLD [https://github.com/GERSL/pycold],
materials features, SAM-features, MAE-features, and time-invariant features.

For example, if we wanted to enrich a kwcoco file
with an additional feature (e.g. features from SegmentAnything), we would run a
command like:

python -m geowatch.tasks.sam.predict \
    --input_kwcoco "/path/to/input.kwcoco.zip" \
    --output_kwcoco "/path/to/output.kwcoco.zip" \
    --weights_fpath "/path/to/models/sam/sam_vit_h_4b8939.pth"







Training Pipeline

Given a kwcoco file with (or without) enriched features, we can now train a
“fusion” model. Our training backend is implemented with a customized
LightningCLI [https://gitlab.kitware.com/computer-vision/geowatch/-/blob/11da8ebfa94c2723d9649429331844e60d1bc7d6/geowatch/tasks/fusion/fit_lightning.py].
The main components are the
KWCocoDataModule [https://gitlab.kitware.com/computer-vision/geowatch/-/blob/11da8ebfa94c2723d9649429331844e60d1bc7d6/geowatch/tasks/fusion/datamodules/kwcoco_datamodule.py], the KWCocoDataset [https://gitlab.kitware.com/computer-vision/geowatch/-/blob/11da8ebfa94c2723d9649429331844e60d1bc7d6/geowatch/tasks/fusion/datamodules/kwcoco_dataset.py], and the MultimodalTransformer [https://gitlab.kitware.com/computer-vision/geowatch/-/blob/11da8ebfa94c2723d9649429331844e60d1bc7d6/geowatch/tasks/fusion/methods/channelwise_transformer.py].
To train a fusion model you specify:


	A path to an input kwcoco file


	The size of the spatial window for each batch


	A “time kernel”, which defines how images will be sampled over time to construct a batch


	A sensor-channel code, which defines which sensors / channels will be fed to the network as input




A typical configuration will use a 196 x 196 @ 2m GSD spatial window (note
that the sampling resolution is specified here, and our dataloader will
efficiently resample data at that resolution), and 7 time samples spread over 2
years. While this is the basic case, we can do more complex sampling where each
image is sampled in its native resolution based on a common spatial window, but
we are still working on making that work better. However, in order to ensure we
can handle this case we define a very particular output of our dataloader where
we do not collate batch items.
Instead it is up to the network to determine how to tokenize structure data in
the forward pass.  Our main network network processes batch items 1 at a time
because each batch item may contain a different number of tokens. Tokens are
enriched with positional encodings that specify relative space/time location,
which sensor the image is from, and which channel the modality is from.

To sample data efficiently, we abstract the sampling of data via the
ndsampler [https://gitlab.kitware.com/computer-vision/ndsampler/] API, which uses
delayed-image [https://gitlab.kitware.com/computer-vision/delayed_image] under the hood to
translate the “virtual coordinate system” visible to the developer to the
correct locations in the larger images.  As long as the images are COGs this is
reasonably fast. For annotation sampling, ndsampler builds an rtree to lookup
annotations that overlap a target region.

When training a model, we check if the hash of the kwcoco file has been seen
before. If not, then we compute and cache dataset statistics like mean/std for
each modality and class frequencies. Based on the configuration of the
KWCocoDataset, the sample grid can be spatially regular, or centered on
specific annotations. Similarly, the “time kernel” controls the time steps
selected for each spatial location. This defines a large flat list of grid
“targets”, which we organize in a tree in order to balance sampling of data
(e.g. positive / negative regions).

Our Lightning trainer is fairly standard with a few extensions. First, we have
sophisticated batch item visualization that provides the developer with real
time feedback on qualitative performance. An example of this visualization for a training run that
used the following sensor/channel configuration:

(L8,S2):(blue|green|red|nir),
(WV):(blue|green|red),
(WV,WV1):pan,
(S2):(water|forest|field|impervious|barren|landcover_hidden.0:32,invariants:16),
(L8):(COLD.0:36),(L8,S2,WV,WV1):(sam.0:64)





[image: ../_images/download.jpg]
This image gives a summary of much of the information provided in the batch
including: truth heatmaps, truth bounding boxes, per-task pixelwise weights,
and selected bands from the underlying imagery. Also notable in the above data
is some of the images have checkerboard patterns. This represents NODATA
regions. These are maintained as nans in the tensors all the way up to the
network forward pass, at which point we subtract the mean and divide by the
std, and then zero the nans, which means that the nan values are always imputed
as the mean of the datasets.

In the above sensorchan spec, the pipe separated channels early fused channels,
for each frame all of these channels are stacked into a single tensor that is
passed through a sensor-specific ConvNet to normalize the number of channels
(we literally maintain a dictionary that maps a sensorchan code to a specific stem).
Then we tokenize these channel-normalized features, add positional encodings,
stack them, and send them through the transformer. At the end we pool
activations from timesteps that have multiple sensors and pass them to task
specific heads, which produce heatmaps aligned to the inputs (although in the
future we plan on adding a decoder to ask for predictions at unobserved times).
Given the outputs, the network computes the loss and then lightning does its
thing.

A rough illustration of the network looks like this:

[image: ../_images/download1.png]
Additional interesting training capabilities we have is a partial
implementation of
loss-of-plasticity [https://www.reddit.com/r/MachineLearning/comments/164qc8c/r_loss_of_plasticity_in_deep_continual_learning/].
We also have the ability to initialize a network from another one that is
similar, but may have different numbers of layers / heads / stems, using
partial-weight-loading [https://devpost.com/software/torchliberator-partial-weight-loading],
which maps weights from one network to another by finding a maximal subtree
isomorphism.
This has been critical to continue training our networks over a long time and
changing the feature configurations. We have observed that after models are
improved by training on semantically rich features, we can drop those features
and retrain a new network that retains some of the old performance. In other
words, the heavyweight features seem to be “instilled” into the network.



Prediction Pipeline

After a model is trained, we use torch.package to build a model bundle that
contains its training configuration, model code, and weights. The idea is that
we should be able to pass this model to our prediction script, and have all
train time configurations (e.g. batch sampling) inferred by the predict script
as defaults.

The predict script itself will run a model over a sliding window and stitch the
heatmaps back into a larger raster as illustrated:

[image: ../_images/download2.png]


Software Testing

GeoWATCH places a much larger emphasis on testing than the average research
repository. To enable testing we’ve developed “kwcoco toydata”, which can
produce demo kwcoco dataset for object detection / tracking / segmentation /
classification problems. It can generate dummy MSI imagery and has several
knobs that can be configured. A sample RGB visualization looks like this:

[image: ../_images/LNBkckz.gif]
For GeoWATCH itself, we sometimes need geo-referenced data and not just image
data, and for this geowatch
extends kwcoco demodata [https://gitlab.kitware.com/computer-vision/geowatch/-/blob/main/geowatch/demo/smart_kwcoco_demodata.py?ref_type=heads] to add these additional fields.

Additionally, many other data structures defined in geowatch and other
supporting libraries come equipped with a .random() or .demo() classmethod
to help create instances of them on the fly for testing.

While there are some unit tests, most of the testing is done via doctests and
run with xdoctest [https://github.com/Erotemic/xdoctest].



MLOps

To evaluate our systems over a parameter grid, we’ve written an
mlops [https://gitlab.kitware.com/computer-vision/geowatch/-/tree/11da8ebfa94c2723d9649429331844e60d1bc7d6/geowatch/mlops]
system to define prediction pipelines, and run them over a grid of parameters
(using a github actions-like YAML configuration).

The
basic pipeline structure [https://gitlab.kitware.com/computer-vision/geowatch/-/blob/11da8ebfa94c2723d9649429331844e60d1bc7d6/geowatch/mlops/pipeline_nodes.py]
has the user define the paths a process is expected to take as inputs and
produce as outputs. Outputs of one process can be connected as inputs of
another without the user needing to manually specify them.  Only unconnected
inputs need to be given or non-default configuration variables must be
specified. The user specifies the relative name for each output file, but the
mlops system chooses the directory the outputs will be written to.
It does this using a hashed directory structure, which lets it determine if a
process has completed or not and causes changes in pipeline configurations to
only cause new results to be recomputed. To make navigation of this directory
structure easier, each node’s output folder is equipped with a symlinks to its
predecessor nodes that it depends on as well as its successor nodes that depend
on it.

The system assumes that all processes are invokable as a bash script (i.e.
there is a CLI for each operation a user might want), which is a key design
decision. This allows the mlops system to only be concerned about generating
the right bash invocations to run a pipeline. In each output node we write an
“invoke.sh” script which provides the bash invocation used to compute the nodes
results. This has been instrumental when debugging.

The bash-script assumption also means that we can abstract how a pipeline or
DAG is run. We do this via the
cmd_queue [https://gitlab.kitware.com/computer-vision/cmd_queue] module. To
use this module the user creates a queue and then submits job as a bash command
in the form of a string as well as references to the jobs that it depends on.
The actual execution of the jobs is abstracted by one of three (perhaps soon to
be four) backends:


	The serial backend where all commands are topologically sorted and run one
by one in the current terminal. This is great for debugging and stability,
but does not leverage any parallelism.


	The SLURM backend, which uses the SLURM CLI to submit all jobs into a SLURM queue.
This is a very powerful way of submitting jobs, but SLURM is heavyweight and
can be difficult to setup correctly. Thus we have implemented a third backend


	The TMUX backend. This is a lightweight custom backend which distributes
jobs that can run in parallel across multiple TMUX sessions. This also lets
a user attach to the sessions to watch multiple jobs simultaneously.
It just statically runs a set sequence of jobs, so it doesn’t maximize
CPU usage like a more dynamic scheduler, but its often good enough.






Relationship to RasterVision

Our dataloader automatically computes mean/std of input dataset as well as
class frequency. This seems similar to the “ANALYZE” step in RasterVision.
Something GeoWATCH does not yet do is allow the user to specify the mean/std or
frequency statistics so training is not forced to compute those.

Our virtual sample grid seems to corresponds to “CHIP” in the RasterVision
pipeline. Raster visions direct sampling seems to correspond to what we can do
with ndsampler. We are going to run some tests further compare them and see
which if one is faster than the other. GeoWATCH doesn’t have the ability to
pre-chip data, but if you can afford the preprocessing it will likely be
faster than sampling directly from COGs, although it does limit the translation
augmentation that can be done by the dataloader.

For the “TRAIN” step it seems like both frameworks settled on Lightning, so porting
our callbacks [https://gitlab.kitware.com/computer-vision/geowatch/-/blob/11da8ebfa94c2723d9649429331844e60d1bc7d6/geowatch/utils/lightning_ext/callbacks?ref_type=heads]
for use in RasterVision shouldn’t be too hard.

Something that is nice about like about how geowatch invokes LightningCLI is
that it can specify the entire config inline in bash.
Our tutorial 1 shows an example of this.
This requires a small hack [https://gitlab.kitware.com/computer-vision/geowatch/-/blame/11da8ebfa94c2723d9649429331844e60d1bc7d6/geowatch/tasks/fusion/fit_lightning.py#L430]
to make it work.

RasterVision uses pydantic for configuration, whereas we use
(what is a less popular but more flexible tool)
scriptconfig [https://gitlab.kitware.com/utils/scriptconfig].
This also requires some
monkeypatches [https://gitlab.kitware.com/computer-vision/geowatch/-/blob/11da8ebfa94c2723d9649429331844e60d1bc7d6/geowatch/utils/lightning_ext/lightning_cli_ext.py]
on top of jsonargparse to make it work, but my hope is that I can upstream some
of those changes so pydantic and scriptconfig based configs can both be used.

For PREDICT it seems both frameworks have similar strategies of incrementally
stitching together heatmap predictions from batches. For vector outputs such as
bounding boxes, the main GeoWATCH fusion tool doesn’t work with it yet, but it
is in development and it will work similarly to our
implementation of a DINO box predictor [https://gitlab.kitware.com/computer-vision/geowatch/-/blob/11da8ebfa94c2723d9649429331844e60d1bc7d6/geowatch/tasks/dino_detector/predict.py],
where detections are accumulated and non-max suppressed. Note that our
implementation of non-max suppression and other efficient annotation data
structures are powered by a standalone library
kwimage [https://gitlab.kitware.com/computer-vision/kwimage].
Something we’ve strived for in building these tools is to modularize them into
separate Python modules with fewer dependencies, so it is easier to re-use or
re-purpose them in other libraries.

For EVAL, we have object detection and pixelwise segmentation metrics, as well
as official metrics code which was provided to us by IARPA. Currently object
detection metrics live in kwcoco, and the plan is to port the pixelwise
segmentation metrics there as well. A good deal of work has gone into making
them efficient, so it will be interesting to compare implementations.

For BUNDLE, it looks like both frameworks again have similar solutions.
I’m glad others have realized how important this is. We use torch.package to bundle the code and the weights.
One tweak we needed to make is to include a
package header [https://gitlab.kitware.com/computer-vision/geowatch/-/blob/11da8ebfa94c2723d9649429331844e60d1bc7d6/geowatch/tasks/fusion/methods/watch_module_mixins.py#L790] so the predict script knows the name of the module that is packaged.
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Important GEOWATCH Scripts

The GEOWATCH module comes with a command line interface (CLI). This can be
invoked via geowatch --help (note: alternatively you can invoke the module
directly via python using python -m geowatch).

In these examples we use the geowatch invocation to be concise, but you
can simply replace them with python -m geowatch if your shell does not
support the entrypoint.

The following is a list of the primary CLI commands:


	geowatch find_dvc --help - Helper to return the path the the GEOWATCH DVC Repo (if it is a known location)


	geowatch stats --help - Print statistics about a kwcoco file with a focus on sensor / channel frequency and region information.


	geowatch coco_spectra --help - Show per-band / per-sensor histograms of pixel intensities. This is useful for acessing the harmonization between sensors.


	geowatch coco_visualize_videos --help - Visualize a video sequence with and without annotations. This can also create an animation of arbitrary feature channels.


	geowatch coco_align_geotiffs --help - Crop a set of unstructured kwcoco file (that registers a set of geotiffs) into a TA-2 ready kwcoco file containing cropped video sequences corresponding to each region in a specified set of regions files.


	geowatch reproject_annotations --help - Project annotations from raw site/region models onto the pixel space of a kwcoco file. This also propogates these annotations in time as needed.


	geowatch kwcoco_to_geojson --help - Transform “saliency” or “class” heatmaps into tracked geojson site models, and optionally score these with IARPA metrics.




Using --help shows the top level modal CLI:

usage: geowatch [-h] [--version]
                {add_fields,align,stats,reproject,visualize,spectra,dvcdir,run_tracker,iarpa_eval,model_stats,clean_geotiffs,animate,average_features,time_combine,crop_sitemodels,remove_bad_images,schedule,manager,aggregate}
                ...

🌐🌐🌐 The GEO-WATCH CLI 🌐🌐🌐

An open source research and production environment for image and video
segmentation and detection with geospatial awareness.

Developed by Kitware. Funded by the IARPA SMART challenge.

options:
  -h, --help            show this help message and exit
  --version             show version number and exit (default: False)

commands:
  {add_fields,align,stats,reproject,visualize,spectra,dvcdir,run_tracker,iarpa_eval,model_stats,clean_geotiffs,animate,average_features,time_combine,crop_sitemodels,remove_bad_images,schedule,manager,aggregate}
                        specify a command to run
    add_fields (coco_add_watch_fields)
                        Updates image transforms in a kwcoco json file to align all videos to a
    align (coco_align, coco_align_geotiff, coco_align_geotiffs)
                        Create a dataset of aligned temporal sequences around objects of interest
    stats (watch_coco_stats)
                        Print watch-relevant information about a kwcoco dataset.
    reproject (project, reproject_annotations)
                        Projects annotations from geospace onto a kwcoco dataset and optionally
    visualize (coco_visualize_videos)
                        Visualizes annotations on kwcoco video frames on each band
    spectra (coco_spectra)
                        Updates image transforms in a kwcoco json file to align all videos to a
    dvcdir (find_dvc)   Command line helper to find the path to the watch DVC repo
    run_tracker (kwcoco_to_geojson)
                        Convert KWCOCO to IARPA GeoJSON
    iarpa_eval (run_metrics_framework)
                        Score IARPA site model GeoJSON files using IARPA's metrics-and-test-framework
    model_stats (model_info, torch_model_stats)
                        Print stats about a torch model.
    clean_geotiffs (coco_clean_geotiffs)
                        A preprocessing step for geotiff datasets.
    animate (gifify)    Convert a sequence of images into a video or gif.
    average_features (ensemble, coco_average_features)
                        Create a new kwcoco file with averaged features from multiple kwcoco files.
    time_combine (coco_time_combine)
                        Averages kwcoco images over a sliding temporal window in a video.
    crop_sitemodels (crop_sites_to_regions)
                        Crops site models to the bounds of a region model.
    remove_bad_images (coco_remove_bad_images)
                        Remove image frames that have little or nothing useful in them from a
    schedule (mlops_schedule, schedule_evaluation)
                        Driver for GEOWATCH mlops evaluation scheduling
    manager (mlops_manager)
                        Certain parts of these names have special nomenclature to make them easier
    aggregate (mlops_aggregate)
                        Aggregates results from multiple DAG evaluations.





As a researcher / developer / user the most important commands for you to know are:


	geowatch stats <kwcoco_file> - Get geowatch-relevant statistics about data in a kwcoco file


	geowatch visualize <kwcoco_file> - Visualize the image / videos / annotations in a kwcoco file.


	geowatch spectra <kwcoco_file> - Look at the distribution of intensity values per band / per sensor in a kwcoco file.


	geowatch model_stats <fusion_model_file> - Get stats / info about a trained fusion model.


	geowatch reproject - Reproject CRS84 (geojson) annoations to image space and write to a kwcoco file.


	geowatch align - Crop a kwcoco dataset based on CRS84 (geojson) regions.


	geowatch clean_geotiff - Heuristic to detect large regions of black pixels and edit them to NODATA in the geotiff.


	geowatch geotiffs_to_kwcoco - Create a kwcoco file from a set of on-disk geotiffs.


	geowatch_dvc - Helper to register / retreive your DVC paths so scripts can be written agnostic to filesystem layouts. See docs for more details.




Other important commands that are not exposed via the main CLI are:


	python -m geowatch.tasks.fusion.fit --help - Train a TA2 fusion model.


	python -m geowatch.tasks.fusion.predict --help - Predict using a pretrained TA2 fusion model on a target dataset.


	python -m geowatch.tasks.fusion.evaluate --help - Measure pixel-level quality metrics between a prediction and truth kwcoco file.




Note to developers: if an important script exists and is not listed here,
please submit an MR.

New Python command line scripts can be added under the geowatch/cli directory.
New tools can be registered with the geowatch tool in the
geowatch/cli/__main__.py file, or invoked explicitly via python -m
geowatch.cli.<script-name>.

Scripts that don’t quite belong in the GEOWATCH Python module itself
(e.g. due to a lack of general purpose use, or lack of polish) can be
added to the scripts or dev directory. Generally, the scripts
directory is for data processing and dev is for scripts related to
repository maintenence.



Summary of GEOWATCH Scripts

The following document summarizes some of the scripts in the geowatch CLI.


Main Commands / Scripts

watch_coco_stats - Very useful. Stats about bands / videos in a kwcoco file.

coco_visualize_videos - Very useful. Renders bands and annotations to images or animated gifs. Lots of options. Should be ported to kwcoco proper eventaully.

torch_model_stats - Very useful. Human readable metadata report for a trained torch package. (i.e. what bands / sensors / datasets was it trained on).

coco_spectra - Reasonably useful. Makes histograms to visualize and compare channel intensity across sensors / videos.

find_dvc - This is “geowatch_dvc”. This helps register / recall paths to DVC repos based on tags to help allow scripts to be written in a magic agnostic way.



Dataset Preparation / Management

prepare_ta2_dataset - The cmdqueue script that does the entire STAC -> Finalized kwcoco “DropX” dataset. This is how we make new drops.

stac_search - Step 1 in “prepare_ta2_dataset”. How we search stac to find images. Produces an “inputs” file.

baseline_framework_ingress - Step 2 in “prepare_ta2_dataset”. Creates a catalog from results of a STAC query.

stac_to_kwcoco - Step 3 in “prepare_ta2_datset”. Very useful. The main stac to kwcoco conversion. Given a stac catalog makes a kwcoco file that references the virtual gdal images. Might need a rename.

coco_add_watch_fields - Step 3 in “prepare_ta2_dataset. Helper to add special fields (e.g. geodata) to an existing kwcoco file from geotiff metata.

coco_align_geotiffs - Step 4 in “prepare_ta2_dataset”. The big cropping script that creates the main videos. Could be better.

reproject_annotations - Step 5 in “prepare_ta2_dataset”. Projects site models onto a kwcoco set and adds the them as kwcoco annotations.

prepare_splits - Runs after “prepare_ta2_dataset” to finalize train/valiation splits. Computes predefined train / validation splits on main kwcoco files.



Production / Prediction / Evaluation


	Note: new geowatch.mlops stuff will go in this category.


	TODO: The geowatch.<task>.predict scripts should be exposed here.


	TODO: The geowatch.<task>.evaluate scripts should be exposed here.




prepare_teamfeats - The cmdqueue team feature computation script. Computes team features on an existing raw kwcoco dataset. Part of evaluation.

kwcoco_to_geojson - This is the tracking / activity classification pipeline. A rename would be good.

run_metrics_framework - Executes IARPA metrics

coco_average_features - Takes the average of specified bands. The idea is this is used to ensemble the output of multiple predictions from different models.

coco_combine_features - Takes two kwcoco files with complementary feature bands (i.e. materials and landcover team features) and combines them to a single one. Might need a rename to concatenate assets?

gifify - Helper script that should be moved elsewhere.

crop_sites_to_regions - Crops site models to remove ones outside region models. Used at the end of the production pipeline.



Secondary Scripts

coco_crop_tracks - Crops an existing kwcoco to per-track videos. Originally designed to move from BAS to SC, but it might not be useful anymore. Not quite sure.

animate_visualizations - Helper to make animated gifs from visualize videos. Should be folded into visualize_videos

coco_shard - The idea is to split kwcoco files into multiple smaller ones. Not really used.

coco_bad_empty_images - helper to find images with no data in a kwcoco file and remove them

coco_reformat_channels - helps quantize data to uint16 if any underlying image data is float32, this is a fixit script for old results that didnt quantize predictions. Might still be useful.

geotiffs_to_kwcoco - Make a kwcoco from unordered geotiffs collections.

merge_region_models - merges a multiple geojson file into a single one. Probably not needed, but still used in one demo.




The “geowatch_dvc” command

We provide a utility to help manage data paths called “geowatch_dvc”.  It
comes preconfigured with common paths for core-developer machines You can see
what paths are available by using the “list” command

geowatch_dvc list





which outputs something like this:

               name hardware         tags                                                               path  exists
0    drop4_expt_ssd      ssd  phase2_expt                            /root/data/dvc-repos/smart_expt_dvc-ssd   False
1    drop4_data_ssd      ssd  phase2_data                            /root/data/dvc-repos/smart_data_dvc-ssd   False
2    drop4_expt_hdd      hdd  phase2_expt                                /root/data/dvc-repos/smart_expt_dvc   False
3    drop4_data_hdd      hdd  phase2_data                                /root/data/dvc-repos/smart_data_dvc   False





To see full help use geowatch_dvc –help

usage: FindDVCConfig

Command line helper to find the path to the watch DVC repo

positional arguments:
  command               can be find, set, add, list, or remove
  name                  specify a name to query or store or remove

options:
  -h, --help            show this help message and exit
  --command COMMAND     can be find, set, add, list, or remove (default: find)
  --name NAME           specify a name to query or store or remove (default: None)
  --hardware HARDWARE   Specify hdd, ssd, etc..., Setable and getable property (default: None)
  --priority PRIORITY   Higher is more likely. Setable and getable property (default: None)
  --tags TAGS           User note. Setable and queryable property (default: None)
  --path PATH           The path to the dvc repo. Setable and queryable property (default: None)
  --verbose VERBOSE     verbosity mode (default: 1)
  --must_exist MUST_EXIST
                        if True, filter to only directories that exist. Defaults to false except on "find", which is True. (default: auto)
  --config CONFIG       special scriptconfig option that accepts the path to a on-disk configuration file, and loads that into this 'FindDVCConfig' object. (default: None)
  --dump DUMP           If specified, dump this config to disk. (default: None)
  --dumps               If specified, dump this config stdout (default: False)
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GEOWATCH System

Kitware’s GEOWATCH Python module is deep-learning segmentation tool for single
or multi-frame data of a region over time with multiple sensors, modalities,
and resolutions.

How it works:
* A kwcoco dataset registers images which can have different combinations of bands / resolutions
* If the images are geo-registered, SMART-GEOWATCH can crop and stitch images into an aligned sequence that matches the bounds of a geojson file.
* User specifies groups of channels
* Each combination of sensor / channel group to fit a segmentation model
* Each unique combination gets its own input “stem” that normalizes the number of channels.
* The output of each foot is divided into a grid of “tokens”.
* Each token is given a positional encoding describing its spatial position, temporal position, sensor, and mode-group.
* Tokens are stacked over all modes and time steps.
* This flat input of tokens is fed to an arbitrary transformer backbone.
* A simple MLP decoder or (in the future) Segmenter-style decoder produces an output heatmap for each category at each space/time position.
* A kwcoco dataset is output that contains the new predictions as polygons or additional heatmaps.

Comments:


	The flattening of tokens is the key to heterogeneous processing. The
coordinates are numerically encoded in the tokens themselves, this is in
contrast to convolutional networks, which rely on the locality of the data in
a tensor.


	The heterogeneous processing enables the network to fuse information from
multiple sensors
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  We use the following notation to describe combinations of channels in a human readable way.

Say you are computing

If you want to write a raster that has 17 channels, you need to give them a
name. Let’s call them mychan. The channel spec would refers to multiple bands
with the same name using a slice-like notation: mychan:17

from delayed_image import ChannelSpec
spec = ChannelSpec('mychan:17')
spec.normalize()





You can see that each “fused-band” is connected together by a pipe |.

So when I want to train a model that fuses RGB and the new mychan features, I
would tell my network to run with –channels=red|green|blue|mychan:17 (which
actually gets expanded out as previously shown)

We also have the idea of “Late-fused” channels. These are channels that will be
input to the network via different stems, so they may be at different
resolutions. We use a comma , to separate these. So if I wanted to late fuse
RGB with the mychan features I might use red|green|blue,mychan:17.

Additionally, there is an extension to the channel spec called the sensorchan
spec, which allows for specification of what sensor the channels belong to.

We refer to sensors using the following codes: S2=sentinel 2, WV=worldview,
L8=landsat-8, PD=planet dove.

Say I have a feature that only belongs to worldview called mywvfeat:4, and I
want to early fuse that with worldview RGB channels, but I want to late fuse
sential2 RGB channels as well. I would specify that like:

S2:(red|green|blue),WV:(red|green|blue|mywvfeat:4)

The sensors are able to distribute over late fused sensors as well, so if I
wanted to include late fused nir|swir16|swir22 with the S2 sensor I would write:

S2:(red|green|blue,nir|swir16|swir22),WV:(red|green|blue|mywvfeat:4)

That expands  like this

from delayed_image import SensorChanSpec
spec = SensorChanSpec.coerce('S2:(red|green|blue,nir|swir16|swir22),WV:(red|green|blue|mywvfeat:4)')
print(spec.normalize())





S2:red|green|blue,S2:nir|swir16|swir22,WV:red|green|blue|mywvfeat.0|mywvfeat.1|mywvfeat.2|mywvfeat.3

Its also possible to take an expanded code and shorten it.

from delayed_image import SensorChanSpec
spec = SensorChanSpec.coerce('S2:red|green|blue,WV:red|green|blue,L8:red|green|blue')
print(spec.concise())





Results in:

(L8,S2,WV):red|green|blue

So long story short, if you are writing hidden features as your final output,
make sure you specify "channels": "<featname>:<num>" in your auxiliary
dictionary.
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  On 2020-05-21 Jon Crall gave a TA2 deep dive presentation on kwcoco. These
talks were recorded. And uploaded to girder:

https://data.kitware.com/#collection/602457272fa25629b95d1718/folder/60a8270c2fa25629b98533c6

There is the one from 2020-05-21: https://data.kitware.com/#item/60a836722fa25629b9869bab

There is also a 1-on-1 discussion with Matt Purri:
https://data.kitware.com/#item/60a82d722fa25629b9854130

Corresponding slides are here:
https://docs.google.com/presentation/d/1ezxopzQDhfRzUoQ1oSmoAJKSGmAzT3Q4ESgdz52-F-Y/
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  The following is the EVAL11 baseline MLOPs grid.

from watch.mlops.smart_pipeline import *  # NOQA
dag = make_smart_pipeline('bas')

# Show the graph structure of inputs and outputs
dag.print_graphs()

# List what known parameters are configurable
dag.inspect_configurables()





# Eval11 Baseline on Drop7-MedianNoWinter10GSD
DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=auto)
DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=auto)
python -m geowatch.mlops.schedule_evaluation --params="
    matrix:
        bas_pxl.package_fpath:
            - $DVC_EXPT_DPATH/models/fusion/Drop6-MeanYear10GSD-V2/packages/Drop6_TCombo1Year_BAS_10GSD_V2_landcover_split6_V47/Drop6_TCombo1Year_BAS_10GSD_V2_landcover_split6_V47_epoch47_step3026.pt
        bas_pxl.test_dataset:
            - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-KR_R002_EI2LMSC.kwcoco.zip
            - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-CH_R001_EI2LMSC.kwcoco.zip
            - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-NZ_R001_EI2LMSC.kwcoco.zip
            - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-BR_R002_EI2LMSC.kwcoco.zip
            - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-KR_R001_EI2LMSC.kwcoco.zip
            - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-AE_R001_EI2LMSC.kwcoco.zip
            - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-PE_R001_EI2LMSC.kwcoco.zip
            - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-BR_R004_EI2LMSC.kwcoco.zip
        bas_pxl.chip_overlap: 0.3
        bas_pxl.chip_dims:
            - [196,196]
        bas_pxl.time_span:
            - auto
        bas_pxl.input_space_scale:
            - 10GSD
        bas_pxl.time_sampling:
            - soft4
        bas_poly.thresh:
            - 0.425
        bas_poly.time_thresh:
            - 0.8
        bas_poly.inner_window_size:
            - 1y
        bas_poly.inner_agg_fn:
            ### NOTE: this should have been mean!
            - max
        bas_poly.norm_ord:
            - inf
        bas_poly.moving_window_size:
            - null
        bas_poly.poly_merge_method:
            - 'v2'
        bas_poly.polygon_simplify_tolerance:
            - 1
        bas_poly.agg_fn:
            - probs
        bas_poly.min_area_square_meters:
            - 7200
        bas_poly.max_area_square_meters:
            - 8000000
        bas_poly.boundary_region: $DVC_DATA_DPATH/annotations/drop6/region_models
        bas_poly_eval.true_site_dpath: $DVC_DATA_DPATH/annotations/drop6/site_models
        bas_poly_eval.true_region_dpath: $DVC_DATA_DPATH/annotations/drop6/region_models
        bas_pxl.enabled: 1
        bas_pxl_eval.enabled: 1
        bas_poly.enabled: 1
        bas_poly_eval.enabled: 1
        bas_poly_viz.enabled: 0
    submatrices:
        - bas_pxl.input_space_scale: 10GSD
          bas_pxl.window_space_scale: 10GSD
          bas_pxl.output_space_scale: 10GSD
          bas_poly.resolution: 10GSD
    " \
    --root_dpath="$DVC_EXPT_DPATH/_drop7_nowinter_baseline" \
    --devices="0,1" --tmux_workers=6 \
    --backend=tmux --queue_name "_drop7_nowinter_baseline" \
    --pipeline=bas --skip_existing=1 \
    --run=1





The process graph for this pipeline looks like:

Process Graph
╙── bas_pxl
    ├─╼ bas_pxl_eval
    └─╼ bas_poly
        ├─╼ bas_poly_eval
        └─╼ bas_poly_viz





To report your scores:

# Pull out baseline tables
DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=auto)
python -m geowatch.mlops.aggregate \
    --pipeline=joint_bas_sc \
    --target "
        - $DVC_EXPT_DPATH/_drop7_nowinter_baseline
    " \
    --output_dpath="$DVC_EXPT_DPATH/_drop7_nowinter_baseline/aggregate" \
    --resource_report=0 \
    --eval_nodes="
        - bas_poly_eval
        #- bas_pxl_eval
    " \
    --plot_params="
        enabled: 0
        stats_ranking: 0
        min_variations: 1
    " \
    --stdout_report="
        top_k: 10
        per_group: 1
        macro_analysis: 0
        analyze: 0
        print_models: True
        reference_region: final
    " \
    --rois="auto"





This will result in something like this table:

           region_id  param_hashid  bas_faa_f1  bas_tp  bas_fp  bas_fn   bas_tpr    bas_f1  bas_ffpa
7            AE_R001  fovtyjydzdjx    0.451815   183.0   279.0    76.0  0.706600  0.507600  0.109900
0            BR_R002  fovtyjydzdjx    0.397880     2.0     5.0     1.0  0.666700  0.400000  0.005300
5            BR_R004  fovtyjydzdjx    0.220783     6.0    39.0     1.0  0.857100  0.230800  0.043400
4            CH_R001  fovtyjydzdjx    0.421669    37.0    87.0    12.0  0.755100  0.427700  0.014100
1            KR_R001  fovtyjydzdjx    0.688673     8.0     6.0     1.0  0.888900  0.695700  0.010100
2            KR_R002  fovtyjydzdjx    0.572208    17.0    11.0    14.0  0.548400  0.576300  0.007100
6            NZ_R001  fovtyjydzdjx    0.486650    15.0    27.0     3.0  0.833300  0.500000  0.026700
3            PE_R001  fovtyjydzdjx    0.055333     1.0    31.0     3.0  0.250000  0.055600  0.004800
0    macro_08_0bcb55  fovtyjydzdjx    0.411877   269.0   485.0   111.0  0.688262  0.424212  0.027675
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  The following is a baseline joint BAS + SC grid that runs BAS, crops the
candidates, and then runs the baseline SC model. This is effectively a superset
of the corresponding BAS model for this date.

The most important difference is that the --pipeline=bas parameter changed
to  --pipeline=joint_bas_sc, which provides a different “pipeline template”
that the YAML parameter grid will be used to configure.

To get a sense of what the parameters are that are necessary for the user to
specify, you can make an instance of one of these template pipelines and then
inspect the graphs structure as well as the “known configurable parameters”.

from watch.mlops.smart_pipeline import *  # NOQA
dag = make_smart_pipeline('joint_bas_sc')

# Show the graph structure of inputs and outputs
dag.print_graphs()

# List what known parameters are configurable
dag.inspect_configurables()

# (Note: you can always specify
# unknown parameters for any node by using
# ``<node_name>.<param_name>: <list of options>``, which will result in the
# bash call to the node associated with ``<node_name>`` to get an extra
# ``--<param_name>=<val>`` in its bash invocation. Make use of the
#``--print-commands`` options when running schedule. to see these.





In the above configurables you will see that there is a table of consiting of


	nodes: the name of the mlops node,


	keys: parameter names associated with the node


	connected: if it is automatically connected as in the pipeline template or not


	type: if the parmater is an “algo_param” (chances algorithm behavior), “perf_param” (changes algorithm resource usage, but not results), “in_path” (a required input), or “out_path” (a node output, which are always connected for you).


	maybe_required: a flag that indicates if the user (might) need to set this to work. Some of these are optional, but currently mlops cant distinguish this. In general, it’s a good idea to specify these if possible.




The ones to pay extra attention to are the in_paths that might be required.
These are likely inputs to the algorithm that you have to specify where to get
them from.

# Note the location of the low resolution and the high resolution data
# might be different. (E.g. I have the lowres data on my SSD and the highres
# data on my HDD)
LORES_DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=auto)
HIRES_DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=hdd)

DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=auto)

python -m geowatch.mlops.schedule_evaluation --params="
    matrix:

        ######################
        ## BAS PIXEL PARAMS ##
        ######################

        bas_pxl.package_fpath:
            - $DVC_EXPT_DPATH/models/fusion/Drop6-MeanYear10GSD-V2/packages/Drop6_TCombo1Year_BAS_10GSD_V2_landcover_split6_V47/Drop6_TCombo1Year_BAS_10GSD_V2_landcover_split6_V47_epoch47_step3026.pt
        bas_pxl.test_dataset:
            - $LORES_DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-KR_R002_EI2LMSC.kwcoco.zip
            #- $LORES_DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-CH_R001_EI2LMSC.kwcoco.zip
            #- $LORES_DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-NZ_R001_EI2LMSC.kwcoco.zip
            #- $LORES_DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-BR_R002_EI2LMSC.kwcoco.zip
            #- $LORES_DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-KR_R001_EI2LMSC.kwcoco.zip
            #- $LORES_DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-AE_R001_EI2LMSC.kwcoco.zip
            #- $LORES_DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-PE_R001_EI2LMSC.kwcoco.zip
            #- $LORES_DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-BR_R004_EI2LMSC.kwcoco.zip
        bas_pxl.chip_overlap: 0.3
        bas_pxl.chip_dims:
            - [196,196]
        bas_pxl.time_span: auto
        bas_pxl.input_space_scale: 10GSD
        bas_pxl.time_sampling: soft4

        ######################
        ## BAS POLY PARAMS  ##
        ######################

        bas_poly.thresh: 0.425
        bas_poly.time_thresh: 0.8
        bas_poly.inner_window_size: 1y
        bas_poly.inner_agg_fn: max
        bas_poly.norm_ord: inf
        bas_poly.moving_window_size: null
        bas_poly.poly_merge_method: 'v2'
        bas_poly.polygon_simplify_tolerance: 1
        bas_poly.agg_fn: probs
        bas_poly.min_area_square_meters: 7200
        bas_poly.max_area_square_meters: 8000000
        bas_poly.boundary_region: $LORES_DVC_DATA_DPATH/annotations/drop6/region_models

        ###########################
        ## BAS POLY EVAL PARAMS  ##
        ###########################

        bas_poly_eval.true_site_dpath: $LORES_DVC_DATA_DPATH/annotations/drop6/site_models
        bas_poly_eval.true_region_dpath: $LORES_DVC_DATA_DPATH/annotations/drop6/region_models

        ########################
        ## SC CROPPING PARAMS ##
        ########################

        sc_crop.force_nodata: -9999
        sc_crop.include_channels: 'red|green|blue|quality'
        sc_crop.exclude_sensors: 'L8'
        sc_crop.minimum_size: '128x128@8GSD'
        sc_crop.convexify_regions: True
        sc_crop.target_gsd: 2
        sc_crop.context_factor: 1.5
        sc_crop.force_min_gsd: 8
        sc_crop.img_workers: 16
        sc_crop.aux_workers: 2

        #####################
        ## SC PIXEL PARAMS ##
        #####################

        sc_pxl.package_fpath:
            - $DVC_EXPT_DPATH/models/fusion/Drop4-SC/packages/Drop4_tune_V30_8GSD_V3/Drop4_tune_V30_8GSD_V3_epoch=2-step=17334.pt.pt
        sc_pxl.tta_fliprot: 0.0
        sc_pxl.tta_time: 0.0
        sc_pxl.chip_overlap: 0.3
        sc_pxl.input_space_scale: 8GSD
        sc_pxl.window_space_scale: 8GSD
        sc_pxl.output_space_scale: 8GSD
        sc_pxl.time_span: 6m
        sc_pxl.time_sampling: auto
        sc_pxl.time_steps: 12
        sc_pxl.chip_dims: auto
        sc_pxl.set_cover_algo: null
        sc_pxl.resample_invalid_frames: 3
        sc_pxl.observable_threshold: 0.0
        sc_pxl.mask_low_quality: true
        sc_pxl.drop_unused_frames: true
        sc_pxl.num_workers: 12
        sc_pxl.batch_size: 1
        sc_pxl.write_workers: 0

        #####################
        ## SC POLY PARAMS  ##
        #####################

        sc_poly.thresh: 0.07
        sc_poly.boundaries_as: polys
        sc_poly.resolution: 8GSD
        sc_poly.min_area_square_meters: 7200

        ##########################
        ## SC POLY EVAL PARAMS  ##
        ##########################

        sc_poly_eval.true_site_dpath: $LORES_DVC_DATA_DPATH/annotations/drop6/site_models
        sc_poly_eval.true_region_dpath: $LORES_DVC_DATA_DPATH/annotations/drop6/region_models

        ##################################
        ## HIGH LEVEL PIPELINE CONTROLS ##
        ##################################
        bas_pxl.enabled: 1
        bas_pxl_eval.enabled: 1
        bas_poly.enabled: 1
        bas_poly_eval.enabled: 1
        sc_crop.enabled: 1
        sc_pxl.enabled: 1
        sc_pxl_eval.enabled: 1
        sc_poly.enabled: 1
        sc_poly_eval.enabled: 1
        bas_poly_viz.enabled: 0
        sc_poly_viz.enabled: 0

    submatrices:
        - bas_pxl.input_space_scale: 10GSD
          bas_pxl.window_space_scale: 10GSD
          bas_pxl.output_space_scale: 10GSD
          bas_poly.resolution: 10GSD

    submatrices1:
        - bas_pxl.test_dataset: $LORES_DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-KR_R001_EI2LMSC.kwcoco.zip
          sc_crop.crop_src_fpath: $HIRES_DVC_DATA_DPATH/Aligned-Drop7/KR_R001/imgonly-KR_R001.kwcoco.zip
        - bas_pxl.test_dataset: $LORES_DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-KR_R002_EI2LMSC.kwcoco.zip
          sc_crop.crop_src_fpath: $HIRES_DVC_DATA_DPATH/Aligned-Drop7/KR_R002/imgonly-KR_R002.kwcoco.zip
        - bas_pxl.test_dataset: $LORES_DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-AE_R001_EI2LMSC.kwcoco.zip
          sc_crop.crop_src_fpath: $HIRES_DVC_DATA_DPATH/Aligned-Drop7/AE_R001/imgonly-AE_R001.kwcoco.zip
        - bas_pxl.test_dataset: $LORES_DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-BR_R002_EI2LMSC.kwcoco.zip
          sc_crop.crop_src_fpath: $HIRES_DVC_DATA_DPATH/Aligned-Drop7/BR_R002/imgonly-BR_R002.kwcoco.zip
        - bas_pxl.test_dataset: $LORES_DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-CH_R001_EI2LMSC.kwcoco.zip
          sc_crop.crop_src_fpath: $HIRES_DVC_DATA_DPATH/Aligned-Drop7/CH_R001/imgonly-CH_R001.kwcoco.zip
        - bas_pxl.test_dataset: $LORES_DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-NZ_R001_EI2LMSC.kwcoco.zip
          sc_crop.crop_src_fpath: $HIRES_DVC_DATA_DPATH/Aligned-Drop7/NZ_R001/imgonly-NZ_R001.kwcoco.zip
        - bas_pxl.test_dataset: $LORES_DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-PE_R001_EI2LMSC.kwcoco.zip
          sc_crop.crop_src_fpath: $HIRES_DVC_DATA_DPATH/Aligned-Drop7/PE_R001/imgonly-PE_R001.kwcoco.zip
        - bas_pxl.test_dataset: $LORES_DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD/combo_imganns-BR_R004_EI2LMSC.kwcoco.zip
          sc_crop.crop_src_fpath: $HIRES_DVC_DATA_DPATH/Aligned-Drop7/BR_R004/imgonly-BR_R004.kwcoco.zip
    " \
    --pipeline=joint_bas_sc \
    --root_dpath="$DVC_EXPT_DPATH/_drop7_nowinter_baseline_joint_bas_sc" \
    --queue_name "_drop7_nowinter_baseline_joint_bas_sc" \
    --devices="0,1" \
    --backend=tmux --tmux_workers=6 \
    --cache=1 --skip_existing=1 --run=1





The above submatrices “tie” high res dataset to low res dataset needed by the
cropping step. These are needed because the BAS algorithm starts working on the
lowres dataset, but eventually requires information from the highres data when
it gets to the sc crop step. I used the following code can help generate these
submatrices.

### Helper to build SV crop dataset submatrix
python -c "if 1:
    import ubelt as ub
    regions = ['KR_R001', 'KR_R002', 'AE_R001', 'BR_R002', 'CH_R001', 'NZ_R001', 'PE_R001', 'BR_R004']
    feature_code = 'EI2LMSC'
    dollar = chr(36)
    dvc_var1 = dollar + 'LORES_DVC_DATA_DPATH'
    dvc_var2 = dollar + 'HIRES_DVC_DATA_DPATH'
    for region_id in regions:
        print(ub.codeblock(
            f'''
            - bas_pxl.test_dataset: {dvc_var1}/Drop7-MedianNoWinter10GSD/combo_imganns-{region_id}_{feature_code}.kwcoco.zip
              sc_crop.crop_src_fpath: {dvc_var2}/Aligned-Drop7/{region_id}/imgonly-{region_id}.kwcoco.zip
            '''))
"





The process graph for this pipeline look like this:

Process Graph
╙── bas_pxl
    ├─╼ bas_pxl_eval
    └─╼ bas_poly
        ├─╼ sc_crop
        │   ╽
        │   sc_pxl
        │   ├─╼ sc_pxl_eval
        │   └─╼ sc_poly ╾ bas_poly
        │       ├─╼ sc_poly_eval
        │       └─╼ sc_poly_viz
        ├─╼ bas_poly_eval
        ├─╼ bas_poly_viz
        └─╼  ...





To report your scores:

# Pull out baseline tables
DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=auto)
python -m geowatch.mlops.aggregate \
    --pipeline=joint_bas_sc \
    --target "
        - $DVC_EXPT_DPATH/_drop7_nowinter_baseline_joint_bas_sc
    " \
    --output_dpath="$DVC_EXPT_DPATH/_drop7_nowinter_baseline_joint_bas_sc/aggregate" \
    --resource_report=0 \
    --eval_nodes="
        - sc_poly_eval
        #- bas_poly_eval
        #- bas_pxl_eval
    " \
    --plot_params="
        enabled: 0
        stats_ranking: 0
        min_variations: 1
    " \
    --stdout_report="
        top_k: 10
        per_group: 1
        macro_analysis: 0
        analyze: 0
        print_models: True
        reference_region: final
    " \
    --rois="auto"





Note: in the current version there seems to be some sort of bug and this is
producing zero SC F1 scores.


Tips and Tricks

To get a better senese of exactly what the pipeline is doing set --run=0,
--skip_existing=0, add the --print-commands argument, set
--backend=serial, --cache=False and comment out all execpt one of the
bas_pxl.test_dataset entries. This will print a list of the exact bash
commands that the pipeline will run.

Because there is only one input region, the sequence of commands would be
exactly what you would execute to run to manually execute the pipeline.

For this joint bas + sc case, you will see the following sequence:


	a BAS fusion predict step on the bas pixel test dataset using your specified package and params


	a bas pixel evaluation step


	a run tracker step to turn the bas pixel heatmaps into polygons


	a run metrics framework step that evaluates the bas polygon predictions


	a coco-align step that crops the high res data using the polygons output by bas-poly


	a SC fusion predict step that is run on the output of the cropped high res dataset


	a pixel evaluation on the SC pixel predictions


	a tracker step to convert the SC heatmaps to polygons


	a run metrics step to evaluate the SC polygons




You will also set a “network text” graph that shows the dependencies between
these steps.

Note: the exact order might shift as long as all dependencies needed by a step have been met.



Troubleshooting

The most basic way to debug a failure is to switch to serial mode, but there
are also efficient ways to do this with the tmux backend.

When a tmux pipeline fails, there are several ways you can debug. You can
tmux a to attach to an existing tmux sessions and then <ctrl-b>
followed by s to view all sessions interactively. Navigate to the failed
session and look at the logs.

If a run failed and you just want to get rid of all of the cmd-queue tmux sessions use the cmd-queue CLI as such:

cmd_queue cleanup





which will exit all the tmux sessions cmd_queu started.




            

          

      

      

    

  

  
    
    

    <no title>
    

    
 
  

    
      
          
            
  The following is an SC baseline that uses the ground truth to pre-crop regions. Please see the docs in baseline_joint_bas_sc_2023-06-22.rst for more comments on the general process.

Use this code to get a feel for what parameters are available / required

from watch.mlops.smart_pipeline import *  # NOQA
dag = make_smart_pipeline('crop_sc')

# Show the graph structure of inputs and outputs
dag.print_graphs()

# List what known parameters are configurable
dag.inspect_configurables()





HIRES_DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=hdd)
DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=auto)

python -m geowatch.mlops.schedule_evaluation --params="
    matrix:

        ########################
        ## SC CROPPING PARAMS ##
        ########################

        sc_crop.crop_src_fpath:
          #- $HIRES_DVC_DATA_DPATH/Aligned-Drop7/KR_R001/imgonly-KR_R001.kwcoco.zip
          - $HIRES_DVC_DATA_DPATH/Aligned-Drop7/KR_R002/imgonly-KR_R002.kwcoco.zip
          #- $HIRES_DVC_DATA_DPATH/Aligned-Drop7/AE_R001/imgonly-AE_R001.kwcoco.zip
          #- $HIRES_DVC_DATA_DPATH/Aligned-Drop7/BR_R002/imgonly-BR_R002.kwcoco.zip
          #- $HIRES_DVC_DATA_DPATH/Aligned-Drop7/CH_R001/imgonly-CH_R001.kwcoco.zip
          #- $HIRES_DVC_DATA_DPATH/Aligned-Drop7/NZ_R001/imgonly-NZ_R001.kwcoco.zip
          #- $HIRES_DVC_DATA_DPATH/Aligned-Drop7/PE_R001/imgonly-PE_R001.kwcoco.zip
          #- $HIRES_DVC_DATA_DPATH/Aligned-Drop7/BR_R004/imgonly-BR_R004.kwcoco.zip

        # Because there is no BAS component here, we have to hard-code what
        # the annotations to use are. We will just use the truth annotations
        # here, but you could swap these out with specific BAS preditions of
        # interest.  (You can also use submatrices to tie regions - i.e.
        # site summaries - to crop paths, but if the polygons dont overlap
        # the data they are ignored, so we can just specify a glob of
        # everything here.)
        sc_crop.regions: '$HIRES_DVC_DATA_DPATH/annotations/drop6/region_models/*.geojson'

        sc_crop.force_nodata: -9999
        sc_crop.include_channels: 'red|green|blue|quality'
        sc_crop.exclude_sensors: 'L8'
        sc_crop.minimum_size: '128x128@8GSD'
        sc_crop.convexify_regions: True
        sc_crop.target_gsd: 2
        sc_crop.context_factor: 1.5
        sc_crop.force_min_gsd: 8
        sc_crop.img_workers: 16
        sc_crop.aux_workers: 2

        #####################
        ## SC PIXEL PARAMS ##
        #####################

        sc_pxl.package_fpath:
            - $DVC_EXPT_DPATH/models/fusion/Drop4-SC/packages/Drop4_tune_V30_8GSD_V3/Drop4_tune_V30_8GSD_V3_epoch=2-step=17334.pt.pt
        sc_pxl.tta_fliprot: 0.0
        sc_pxl.tta_time: 0.0
        sc_pxl.chip_overlap: 0.3
        sc_pxl.input_space_scale: 8GSD
        sc_pxl.window_space_scale: 8GSD
        sc_pxl.output_space_scale: 8GSD
        sc_pxl.time_span: 6m
        sc_pxl.time_sampling: auto
        sc_pxl.time_steps: 12
        sc_pxl.chip_dims: auto
        sc_pxl.set_cover_algo: null
        sc_pxl.resample_invalid_frames: 3
        sc_pxl.observable_threshold: 0.0
        sc_pxl.mask_low_quality: true
        sc_pxl.drop_unused_frames: true
        sc_pxl.num_workers: 12
        sc_pxl.batch_size: 1
        sc_pxl.write_workers: 0

        #####################
        ## SC POLY PARAMS  ##
        #####################

        sc_poly.thresh: 0.07
        sc_poly.boundaries_as: polys
        sc_poly.resolution: 8GSD
        sc_poly.min_area_square_meters: 7200

        ##########################
        ## SC POLY EVAL PARAMS  ##
        ##########################

        sc_poly_eval.true_site_dpath: $HIRES_DVC_DATA_DPATH/annotations/drop6/site_models
        sc_poly_eval.true_region_dpath: $HIRES_DVC_DATA_DPATH/annotations/drop6/region_models

        ##################################
        ## HIGH LEVEL PIPELINE CONTROLS ##
        ##################################
        sc_crop.enabled: 1
        sc_pxl.enabled: 1
        sc_pxl_eval.enabled: 1
        sc_poly.enabled: 1
        sc_poly_eval.enabled: 1
        sc_poly_viz.enabled: 0
    " \
    --pipeline=crop_sc \
    --root_dpath="$DVC_EXPT_DPATH/_drop7_baseline_sc_truth2" \
    --queue_name "_drop7_baseline_sc_truth" \
    --devices=",1" \
    --backend=tmux --tmux_workers=6 \
    --cache=1 --skip_existing=1 --run=1





The process level graph for this pipeline looks like this:

╙── sc_crop
    ╽
    sc_pxl
    ├─╼ sc_pxl_eval
    └─╼ sc_poly
        ├─╼ sc_poly_eval
        └─╼ sc_poly_viz







            

          

      

      

    

  

  
    
    

    <no title>
    

    
 
  

    
      
          
            
  This is the full BAS+SV+AC pipeline that extends the joint_bas_sc pipeline.

Currrently WIP, might not be totally right yet. Help wanted.

DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=ssd)

# Should contain the high resolution data needed for SC
DVC_HIRES_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=hdd)

DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=hdd)

geowatch schedule --params="
    pipeline: full

    # Convinience argument which uses SMART-specific assumptions
    # to correctly set the paths that the AC/SC clusters will be cropped
    # from.
    smart_highres_bundle: $DVC_HIRES_DATA_DPATH/Aligned-Drop7

    matrix:

        sc_pxl.package_fpath:
            - $DVC_EXPT_DPATH/models/fusion/Drop4-SC/packages/Drop4_tune_V30_8GSD_V3/Drop4_tune_V30_8GSD_V3_epoch=2-step=17334.pt.pt

        bas_pxl.package_fpath:
            - $DVC_EXPT_DPATH/models/fusion/Drop7-MedianNoWinter10GSD/packages/Drop7-MedianNoWinter10GSD_bgrn_split6_V74/Drop7-MedianNoWinter10GSD_bgrn_split6_V74_epoch46_step4042.pt

        bas_pxl.test_dataset:
            - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD-V2/KR_R001/imgonly-KR_R001-rawbands.kwcoco.zip
            # - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD-V2/KR_R002/imgonly-KR_R002-rawbands.kwcoco.zip
            # Uncomment to run on more regions
            # - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD-V2/KW_C001/imgonly-KW_C001-rawbands.kwcoco.zip
            # - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD-V2/CO_C001/imgonly-CO_C001-rawbands.kwcoco.zip
            # - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD-V2/CN_C000/imgonly-CN_C000-rawbands.kwcoco.zip
            # - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD-V2/NZ_R001/imgonly-NZ_R001-rawbands.kwcoco.zip
            # - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD-V2/CH_R001/imgonly-CH_R001-rawbands.kwcoco.zip

        bas_pxl.chip_overlap: 0.3
        bas_pxl.chip_dims: auto
        bas_pxl.time_span: auto
        bas_pxl.time_sampling: soft4
        bas_poly.thresh:
            - 0.37
        bas_poly.inner_window_size: 1y
        bas_poly.inner_agg_fn: mean
        bas_poly.norm_ord: inf
        bas_poly.polygon_simplify_tolerance: 1
        bas_poly.agg_fn: probs
        bas_poly.time_thresh:
            - 0.8
        bas_poly.resolution: 10GSD
        bas_poly.moving_window_size: null
        bas_poly.poly_merge_method: 'v2'
        bas_poly.min_area_square_meters: 7200
        bas_poly.max_area_square_meters: 8000000
        bas_poly.boundary_region: $DVC_DATA_DPATH/annotations/drop7/region_models
        bas_poly_eval.true_site_dpath: $DVC_DATA_DPATH/annotations/drop7/site_models
        bas_poly_eval.true_region_dpath: $DVC_DATA_DPATH/annotations/drop7/region_models

        ######################
        ## SV Params Params ##
        ######################
        sv_crop.enabled: 1
        sv_crop.minimum_size: '256x256@2GSD'
        sv_crop.num_start_frames: 3
        sv_crop.num_end_frames: 3
        sv_crop.context_factor: 1.6

        sv_dino_boxes.enabled: 1
        sv_dino_boxes.package_fpath: $DVC_EXPT_DPATH/models/kitware/xview_dino.pt
        sv_dino_boxes.window_dims: 256
        sv_dino_boxes.window_overlap: 0.5
        sv_dino_boxes.fixed_resolution: 3GSD

        sv_dino_filter.enabled: 1
        sv_dino_filter.end_min_score:
            - 0.15
        sv_dino_filter.start_max_score: 1.0
        sv_dino_filter.box_score_threshold: 0.01
        sv_dino_filter.box_isect_threshold: 0.1

        sv_depth_score.enabled: 1
        sv_depth_score.model_fpath:
            - $DVC_EXPT_DPATH/models/depth_pcd/basicModel2.h5
        sv_depth_filter.threshold:
            - 0.10

        ##########################
        ## Cluster Sites Params ##
        ##########################
        cluster_sites.context_factor: 1.5
        cluster_sites.minimum_size: '128x128@8GSD'
        cluster_sites.maximum_size: '1024x1024@8GSD'

        ########################
        ## AC/SC CROP PARAMS  ##
        ########################
        sc_crop.target_gsd: 8GSD
        sc_crop.minimum_size: '128x128@8GSD'
        sc_crop.force_min_gsd: 8GSD
        sc_crop.context_factor: 1.0
        sc_crop.rpc_align_method: affine_warp
        sc_crop.sensor_to_time_window:
            - 'S2: 1month'

        ########################
        ## AC/SC PIXEL PARAMS ##
        ########################

        sc_pxl.tta_fliprot: 0.0
        sc_pxl.tta_time: 0.0
        sc_pxl.chip_overlap: 0.3
        sc_pxl.input_space_scale: 8GSD
        sc_pxl.window_space_scale: 8GSD
        sc_pxl.output_space_scale: 8GSD
        sc_pxl.chip_dims: '128,128'
        #sc_pxl.time_span: 6m
        #sc_pxl.time_sampling: auto
        #sc_pxl.time_steps: 12
        #sc_pxl.chip_dims: auto
        sc_pxl.set_cover_algo: null
        sc_pxl.resample_invalid_frames: 3
        sc_pxl.observable_threshold: 0.0
        sc_pxl.mask_low_quality: false
        sc_pxl.drop_unused_frames: true
        #sc_pxl.num_workers: 12
        #sc_pxl.batch_size: 1
        sc_pxl.write_workers: 0

        ########################
        ## AC/SC POLY PARAMS  ##
        ########################

        sc_poly.thresh:
            - 0.07
        sc_poly.boundaries_as:
            - polys
            - bounds
        sc_poly.resolution: 8GSD
        sc_poly.min_area_square_meters: 7200
        sc_poly.new_algo: crall

        #############################
        ## AC/SC POLY EVAL PARAMS  ##
        #############################

        sc_poly_eval.true_site_dpath: $DVC_DATA_DPATH/annotations/drop7/site_models
        sc_poly_eval.true_region_dpath: $DVC_DATA_DPATH/annotations/drop7/region_models

        ##################################
        ## HIGH LEVEL PIPELINE CONTROLS ##
        ##################################
        bas_poly.enabled: 1
        bas_poly_eval.enabled: 1
        bas_pxl.enabled: 1
        bas_pxl_eval.enabled: 1
        sc_crop.enabled: 1
        sc_poly.enabled: 1
        sc_poly_eval.enabled: 1
        sc_pxl.enabled: 1
        sc_pxl_eval.enabled: 1
        sc_poly_viz.enabled: 0
        bas_poly_viz.enabled: 0
    " \
    --root_dpath="$DVC_EXPT_DPATH/_baseline_2023-10-12_full_pipeline" \
    --devices="0," --tmux_workers=4 \
    --backend=tmux --queue_name "_baseline_2023-10-12_full_pipeline" \
    --skip_existing=1 \
    --run=0
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  This is the full BAS+SV+AC pipeline that extends the joint_bas_sc pipeline.

Currrently WIP, might not be totally right yet. Help wanted.

rm -rf /home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/pred/flat/sc_poly
rm -rf /home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/eval/flat/sc_poly_eval

ls -al /home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/pred/flat/sc_poly
ls -al /home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/eval/flat/sc_poly_eval/*


	python -c “if 1:
	path1 = ub.Path(‘/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/pred/flat/sc_poly’)
path2 = ub.Path(‘/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/eval/flat/sc_poly_eval’)

blocklist = {‘sc_poly_id_49e78bbb’, ‘sc_poly_eval_id_40027f22’}


	for p in path1.glob(‘*’):
	
	if p.name not in blocklist:
	print(p)
p.delete()







	for p in path2.glob(‘*’):
	
	if p.name not in blocklist:
	print(p)
p.delete()













“

Baseline:

DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=ssd)

# Should contain the high resolution data needed for SC
DVC_HIRES_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=hdd)

DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=hdd)

geowatch schedule --params="
    pipeline: full

    # Convinience argument which uses SMART-specific assumptions
    # to correctly set the paths that the AC/SC clusters will be cropped
    # from.
    smart_highres_bundle: $DVC_HIRES_DATA_DPATH/Aligned-Drop7

    matrix:

        sc_pxl.package_fpath:
            # - $DVC_EXPT_DPATH/models/fusion/Drop4-SC/packages/Drop4_tune_V30_8GSD_V3/Drop4_tune_V30_8GSD_V3_epoch=2-step=17334.pt.pt
            - $DVC_EXPT_DPATH/models/fusion/Drop7-Cropped2GSD/packages/Drop7-Cropped2GSD_SC_bgrn_gnt_split6_V84/Drop7-Cropped2GSD_SC_bgrn_gnt_split6_V84_epoch17_step1548.pt

        bas_pxl.package_fpath:
            - $DVC_EXPT_DPATH/models/fusion/Drop7-MedianNoWinter10GSD/packages/Drop7-MedianNoWinter10GSD_bgrn_split6_V74/Drop7-MedianNoWinter10GSD_bgrn_split6_V74_epoch46_step4042.pt

        bas_pxl.test_dataset:
            - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD-V2/KR_R001/imgonly-KR_R001-rawbands.kwcoco.zip
            - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD-V2/KR_R002/imgonly-KR_R002-rawbands.kwcoco.zip
            # Uncomment to run on more regions
            # - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD-V2/KW_C001/imgonly-KW_C001-rawbands.kwcoco.zip
            # - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD-V2/CO_C001/imgonly-CO_C001-rawbands.kwcoco.zip
            # - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD-V2/CN_C000/imgonly-CN_C000-rawbands.kwcoco.zip
            # - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD-V2/NZ_R001/imgonly-NZ_R001-rawbands.kwcoco.zip
            # - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD-V2/CH_R001/imgonly-CH_R001-rawbands.kwcoco.zip

        bas_pxl.chip_overlap: 0.3
        bas_pxl.chip_dims: auto
        bas_pxl.time_span: auto
        bas_pxl.time_sampling: soft4
        bas_poly.thresh:
            - 0.37
        bas_poly.inner_window_size: 1y
        bas_poly.inner_agg_fn: mean
        bas_poly.norm_ord: inf
        bas_poly.polygon_simplify_tolerance: 1
        bas_poly.agg_fn: probs
        bas_poly.time_thresh:
            - 0.8
        bas_poly.resolution: 10GSD
        bas_poly.moving_window_size: null
        bas_poly.poly_merge_method: 'v2'
        bas_poly.min_area_square_meters: 7200
        bas_poly.max_area_square_meters: 8000000
        bas_poly.time_pad_before:
            - 3 months
            - null
        bas_poly.boundary_region: $DVC_DATA_DPATH/annotations/drop7/region_models
        bas_poly_eval.true_site_dpath: $DVC_DATA_DPATH/annotations/drop7/site_models
        bas_poly_eval.true_region_dpath: $DVC_DATA_DPATH/annotations/drop7/region_models

        ######################
        ## SV Params Params ##
        ######################
        sv_crop.enabled: 1
        sv_crop.minimum_size: '256x256@2GSD'
        sv_crop.num_start_frames: 3
        sv_crop.num_end_frames: 3
        sv_crop.context_factor: 1.6

        sv_dino_boxes.enabled: 1
        sv_dino_boxes.package_fpath: $DVC_EXPT_DPATH/models/kitware/xview_dino.pt
        sv_dino_boxes.window_dims: 256
        sv_dino_boxes.window_overlap: 0.5
        sv_dino_boxes.fixed_resolution: 3GSD

        sv_dino_filter.enabled: 1
        sv_dino_filter.end_min_score:
            - 0.15
        sv_dino_filter.start_max_score: 1.0
        sv_dino_filter.box_score_threshold: 0.01
        sv_dino_filter.box_isect_threshold: 0.1

        sv_depth_score.enabled: 1
        sv_depth_score.model_fpath:
            - $DVC_EXPT_DPATH/models/depth_pcd/basicModel2.h5
        sv_depth_filter.threshold:
            - 0.10

        ##########################
        ## Cluster Sites Params ##
        ##########################
        cluster_sites.context_factor: 1.5
        cluster_sites.minimum_size: '128x128@8GSD'
        cluster_sites.maximum_size: '1024x1024@8GSD'

        ########################
        ## AC/SC CROP PARAMS  ##
        ########################
        sc_crop.target_gsd: 8GSD
        sc_crop.minimum_size: '128x128@8GSD'
        sc_crop.force_min_gsd: 8GSD
        sc_crop.context_factor: 1.0
        sc_crop.rpc_align_method: affine_warp
        sc_crop.sensor_to_time_window:
            - 'S2: 1month'

        ########################
        ## AC/SC PIXEL PARAMS ##
        ########################

        sc_pxl.tta_fliprot: 0.0
        sc_pxl.tta_time: 0.0
        sc_pxl.chip_overlap: 0.3
        sc_pxl.input_space_scale: 8GSD
        sc_pxl.window_space_scale: 8GSD
        sc_pxl.output_space_scale: 8GSD
        sc_pxl.chip_dims: '128,128'
        #sc_pxl.time_span: 6m
        #sc_pxl.time_sampling: auto
        #sc_pxl.time_steps: 12
        #sc_pxl.chip_dims: auto
        sc_pxl.set_cover_algo: null
        sc_pxl.resample_invalid_frames: 3
        sc_pxl.observable_threshold: 0.0
        sc_pxl.mask_low_quality: false
        sc_pxl.drop_unused_frames: true
        #sc_pxl.num_workers: 12
        #sc_pxl.batch_size: 1
        sc_pxl.write_workers: 0

        ########################
        ## AC/SC POLY PARAMS  ##
        ########################

        sc_poly.thresh:
            - 0.1
            - 0.07
        sc_poly.site_score_thresh:
            - 0.0
            - 0.35
        sc_poly.smoothing:
            - 0.0
            - 0.66
        sc_poly.boundaries_as:
            - polys
        sc_poly.resolution: 8GSD
        sc_poly.min_area_square_meters: 7200
        sc_poly.polygon_simplify_tolerance: null

        #############################
        ## AC/SC POLY EVAL PARAMS  ##
        #############################

        sc_poly_eval.true_site_dpath: $DVC_DATA_DPATH/annotations/drop7/site_models
        sc_poly_eval.true_region_dpath: $DVC_DATA_DPATH/annotations/drop7/region_models

        ##################################
        ## HIGH LEVEL PIPELINE CONTROLS ##
        ##################################
        bas_poly.enabled: 1
        bas_poly_eval.enabled: 1
        bas_pxl.enabled: 1
        bas_pxl_eval.enabled: 1
        sc_crop.enabled: 1
        sc_poly.enabled: 1
        sc_poly_eval.enabled: 1
        sc_pxl.enabled: 1
        sc_pxl_eval.enabled: 1
        sc_poly_viz.enabled: 0
        bas_poly_viz.enabled: 0

    submatrices2:
        - bas_poly.time_pad_before: 3 months
          bas_poly.time_pad_after: 3 months

        - bas_poly.time_pad_before: null
          bas_poly.time_pad_after: null
    " \
    --root_dpath="$DVC_EXPT_DPATH/_baseline_2023-10-12_full_pipeline" \
    --devices="0," --tmux_workers=8 \
    --backend=tmux --queue_name "_baseline_2023-10-12_full_pipeline" \
    --skip_existing=0 \
    --run=0





DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=ssd)

# Should contain the high resolution data needed for SC
DVC_HIRES_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=hdd)

DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=hdd)

geowatch schedule --params="
    pipeline: full

    # Convinience argument which uses SMART-specific assumptions
    # to correctly set the paths that the AC/SC clusters will be cropped
    # from.
    smart_highres_bundle: $DVC_HIRES_DATA_DPATH/Aligned-Drop7

    matrix:

        sc_pxl.package_fpath:
            - $DVC_EXPT_DPATH/models/fusion/Drop7-Cropped2GSD/packages/Drop7-Cropped2GSD_SC_bgrn_gnt_split6_V84/Drop7-Cropped2GSD_SC_bgrn_gnt_split6_V84_epoch17_step1548.pt

        bas_pxl.package_fpath:
            - $DVC_EXPT_DPATH/models/fusion/Drop7-MedianNoWinter10GSD/packages/Drop7-MedianNoWinter10GSD_bgrn_split6_V74/Drop7-MedianNoWinter10GSD_bgrn_split6_V74_epoch46_step4042.pt

        bas_pxl.test_dataset:
            - $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD-V2/KR_R001/imgonly-KR_R001-rawbands.kwcoco.zip
            #- $DVC_DATA_DPATH/Drop7-MedianNoWinter10GSD-V2/KR_R002/imgonly-KR_R002-rawbands.kwcoco.zip

        bas_pxl.chip_overlap: 0.3
        bas_pxl.chip_dims: auto
        bas_pxl.time_span: auto
        bas_pxl.time_sampling: soft4
        bas_poly.thresh:
            - 0.37
        bas_poly.inner_window_size: 1y
        bas_poly.inner_agg_fn: mean
        bas_poly.norm_ord: inf
        bas_poly.polygon_simplify_tolerance: 1
        bas_poly.agg_fn: probs
        bas_poly.time_thresh:
            - 0.8
        bas_poly.resolution: 10GSD
        bas_poly.moving_window_size: null
        bas_poly.poly_merge_method: 'v2'
        bas_poly.min_area_square_meters: 7200
        bas_poly.max_area_square_meters: 8000000
        bas_poly.time_pad_before:
            - 3 months
            - null
        # bas_poly.time_pad_after:
        #    - 3 months
        bas_poly.boundary_region: $DVC_DATA_DPATH/annotations/drop7/region_models
        bas_poly_eval.true_site_dpath: $DVC_DATA_DPATH/annotations/drop7/site_models
        bas_poly_eval.true_region_dpath: $DVC_DATA_DPATH/annotations/drop7/region_models

        ######################
        ## SV Params Params ##
        ######################
        sv_crop.enabled: 1
        sv_crop.minimum_size: '256x256@2GSD'
        sv_crop.num_start_frames: 3
        sv_crop.num_end_frames: 3
        sv_crop.context_factor: 1.6

        sv_dino_boxes.enabled: 1
        sv_dino_boxes.package_fpath: $DVC_EXPT_DPATH/models/kitware/xview_dino.pt
        sv_dino_boxes.window_dims: 256
        sv_dino_boxes.window_overlap: 0.5
        sv_dino_boxes.fixed_resolution: 3GSD

        sv_dino_filter.enabled: 1
        sv_dino_filter.end_min_score:
            - 0.15
        sv_dino_filter.start_max_score: 1.0
        sv_dino_filter.box_score_threshold: 0.01
        sv_dino_filter.box_isect_threshold: 0.1

        sv_depth_score.enabled: 1
        sv_depth_score.model_fpath:
            - $DVC_EXPT_DPATH/models/depth_pcd/basicModel2.h5
        sv_depth_filter.threshold:
            - 0.10

        ##########################
        ## Cluster Sites Params ##
        ##########################
        cluster_sites.context_factor: 1.5
        cluster_sites.minimum_size: '128x128@8GSD'
        cluster_sites.maximum_size: '1024x1024@8GSD'

        ########################
        ## AC/SC CROP PARAMS  ##
        ########################
        sc_crop.target_gsd: 8GSD
        sc_crop.minimum_size: '128x128@8GSD'
        sc_crop.force_min_gsd: 8GSD
        sc_crop.context_factor: 1.0
        sc_crop.rpc_align_method: affine_warp
        sc_crop.sensor_to_time_window:
            - 'S2: 1month'

        ########################
        ## AC/SC PIXEL PARAMS ##
        ########################

        sc_pxl.tta_fliprot: 0.0
        sc_pxl.tta_time: 0.0
        sc_pxl.chip_overlap: 0.3
        sc_pxl.input_space_scale: 8GSD
        sc_pxl.window_space_scale: 8GSD
        sc_pxl.output_space_scale: 8GSD
        sc_pxl.chip_dims: '128,128'
        #sc_pxl.time_span: 6m
        #sc_pxl.time_sampling: auto
        #sc_pxl.time_steps: 12
        #sc_pxl.chip_dims: auto
        sc_pxl.set_cover_algo: null
        sc_pxl.resample_invalid_frames: 3
        sc_pxl.observable_threshold: 0.0
        sc_pxl.mask_low_quality: false
        sc_pxl.drop_unused_frames: true
        #sc_pxl.num_workers: 12
        #sc_pxl.batch_size: 1
        sc_pxl.write_workers: 0

        ########################
        ## AC/SC POLY PARAMS  ##
        ########################

        sc_poly.thresh:
            #- 0.07
            #- 0.1
            #- 0.275
            - 0.3
            #- 0.325
            #- 0.35
            #- 0.4
        sc_poly.site_score_thresh:
            #- 0.0
            - 0.3
            #- 0.35
        sc_poly.smoothing:
            - 0.0
            #- 0.66
        sc_poly.boundaries_as:
            #- polys
            - bounds
        sc_poly.resolution: 8GSD
        sc_poly.min_area_square_meters: 7200
        sc_poly.new_algo: crall
        sc_poly.polygon_simplify_tolerance:
            #- 0
            - 1

        #############################
        ## AC/SC POLY EVAL PARAMS  ##
        #############################

        sc_poly_eval.true_site_dpath: $DVC_DATA_DPATH/annotations/drop7/site_models
        sc_poly_eval.true_region_dpath: $DVC_DATA_DPATH/annotations/drop7/region_models

        ##################################
        ## HIGH LEVEL PIPELINE CONTROLS ##
        ##################################
        bas_poly.enabled: 1
        bas_poly_eval.enabled: 1
        bas_pxl.enabled: 1
        bas_pxl_eval.enabled: 1
        sc_crop.enabled: 1
        sc_poly.enabled: 1
        sc_poly_eval.enabled: 1
        sc_pxl.enabled: 1
        sc_pxl_eval.enabled: 1
        sc_poly_viz.enabled: 0
        bas_poly_viz.enabled: 0

    submatrices2:
        - bas_poly.time_pad_before: 3 months
          bas_poly.time_pad_after: 3 months

        - bas_poly.time_pad_before: null
          bas_poly.time_pad_after: null
    " \
    --root_dpath="$DVC_EXPT_DPATH/_baseline_2023-10-12_full_pipeline" \
    --devices="0," --tmux_workers=8 \
    --backend=tmux --queue_name "_baseline_2023-10-12_full_pipeline" \
    --skip_existing=0 \
    --run=0 --print-commands


DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=auto)
python -m geowatch.mlops.aggregate \
    --pipeline=full \
    --target "
        - $DVC_EXPT_DPATH/_baseline_2023-10-12_full_pipeline
    " \
    --output_dpath="$DVC_EXPT_DPATH/_baseline_2023-10-12_full_pipeline/aggregate" \
    --resource_report=0 \
    --eval_nodes="
        - sc_poly_eval
        #- bas_poly_eval
        #- bas_pxl_eval
    " \
    --plot_params="
        enabled: 0
        stats_ranking: 0
        min_variations: 1
        params_of_interest:
            - params.bas_poly.thresh
    " \
    --stdout_report="
        top_k: 111
        per_group: 1
        macro_analysis: 0
        analyze: 0
        print_models: True
        reference_region: final
        concise: 1
        show_csv: 0
    " --rois="KR_R002"





python -m geowatch.cli.run_tracker \
    --input_kwcoco "/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/pred/flat/bas_pxl/bas_pxl_id_0bf6f958/pred.kwcoco.zip" \
    --default_track_fn saliency_heatmaps \
    --track_kwargs '{"agg_fn": "probs", "thresh": 0.37, "inner_window_size": "1y", "inner_agg_fn": "mean", "norm_ord": "inf", "polygon_simplify_tolerance": 1, "time_thresh": 0.8, "resolution": "10GSD", "moving_window_size": null, "poly_merge_method": "v2", "min_area_square_meters": 7200, "max_area_square_meters": 8000000}' \
    --clear_annots=True \
    --out_site_summaries_fpath "/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/pred/flat/bas_poly/bas_poly_id_2444e464/site_summaries_manifest.json" \
    --out_site_summaries_dir "/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/pred/flat/bas_poly/bas_poly_id_2444e464/site_summaries" \
    --out_sites_fpath "/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/pred/flat/bas_poly/bas_poly_id_2444e464/sites_manifest.json" \
    --out_sites_dir "/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/pred/flat/bas_poly/bas_poly_id_2444e464/sites" \
    --out_kwcoco "/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/pred/flat/bas_poly/bas_poly_id_2444e464/poly.kwcoco.zip" \
    --boundary_region=/home/joncrall/remote/toothbrush/data/dvc-repos/smart_data_dvc-ssd/annotations/drop7/region_models \
    --site_summary=None

python -m geowatch.cli.run_tracker \
    --input_kwcoco "/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/pred/flat/sc_pxl/sc_pxl_id_c26ada5f/pred.kwcoco.zip" \
    --default_track_fn class_heatmaps \
    --track_kwargs '{"boundaries_as": "bounds", "thresh": 0.07, "resolution": "8GSD", "min_area_square_meters": 7200, "new_algo": "crall"}' \
    --clear_annots=True \
    --out_site_summaries_fpath "/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/custom/flat/sc_poly/sc_poly_id_6e4c366b/site_summaries_manifest.json" \
    --out_site_summaries_dir "/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/custom/flat/sc_poly/sc_poly_id_6e4c366b/site_summaries" \
    --out_sites_fpath "/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/custom/flat/sc_poly/sc_poly_id_6e4c366b/sites_manifest.json" \
    --out_sites_dir "/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/custom/flat/sc_poly/sc_poly_id_6e4c366b/sites" \
    --out_kwcoco "/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/custom/flat/sc_poly/sc_poly_id_6e4c366b/poly.kwcoco.zip" \
    --viz_out_dir "/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/custom/flat/sc_poly/sc_poly_id_6e4c366b/viz" \
    --boundary_region=None \
    --site_summary=/home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/pred/flat/sv_depth_filter/sv_depth_filter_id_6c373e98/sv_depth_out_region.geojson


geowatch visualize /home/joncrall/remote/toothbrush/data/dvc-repos/smart_expt_dvc/_baseline_2023-10-12_full_pipeline/custom/flat/sc_poly/sc_poly_id_6e4c366b/poly.kwcoco.zip --smart
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Accessing GEOWATCH DVC Repos

This document outlines how to access the GEOWATCH DVC repos for internal
collaberators.

DVC stands for Data Version Control, and is a layer on top of git that helps
manage larger data files. For more information on DVC see
getting started with dvc <getting_started_dvc.rst>_.

As of 2022-09-29 there are two primary internal DVC repos:


	The Phase 2 Internal SMART GEOWATCH DVC Data Repo:  https://gitlab.kitware.com/smart/smart_data_dvc/


	The Phase 2 Internal SMART GEOWATCH DVC Experiment Repo: https://gitlab.kitware.com/smart/smart_expt_dvc/




Note: There is an additional repo for Drop7 Cropped AC/SC data:


	The Phase 2 Internal SMART GEOWATCH DVC AC/SC Data Repo:  https://gitlab.kitware.com/smart/smart_drop7




This document will outline how to clone the DVC repos, and then how to pull
relevant data from them.


Prerequistes

To clone the DVC repos you must have access to gitlab.kitware.com/smart <https://gitlab.kitware.com/smart>_.
If you do not have permission please contact someone at Kitware to gain access and have them add you to the smart group.

Once you have access to gitlab.kitware.com/smart <https://gitlab.kitware.com/smart>_, ensure that you
have ssh keys setup and registered with gitlab. More details on generating ssh
keys and registering them with gitlab can be found in the
ssh setup instructions.

To access the internal DVC remotes you must have AWS credentials.
For details see the aws getting started docs.

You should also have DVC installed.
See getting started with dvc
if you are unfamiliar with the concepts of DVC.



Clone the Repos

Assuming you have your ssh keys registered with gitlab.kitware.com, and you are
a member of the smart group, you should be able to clone the repos with ssh
credentials.

We recommend using $HOME/data/dvc-repos as the location for storing the DVC
repos, but we will abstract this with an environment variable
DVC_REPOS_DIR, that you can change to the location you want to store the
data. (Note: that some geowatch tools can auto-detect DVC repos if they are
in the recommended locations).

# Ensure you have git on your system
dpkg -l git > /dev/null || sudo apt install git -y

# This is the recommended location to checkout DVC repos. Change as needed
DVC_REPOS_DIR=$HOME/data/dvc-repos
mkdir -p "$DVC_REPOS_DIR"

# Clone the Data DVC Repo
git clone git@gitlab.kitware.com:smart/smart_data_dvc.git $DVC_REPOS_DIR/smart_data_dvc

# Clone the Experiment DVC Repo
git clone git@gitlab.kitware.com:smart/smart_expt_dvc.git $DVC_REPOS_DIR/smart_expt_dvc





The clone should be very fast. A DVC repo is just a git repo that contains
pointers to data that lives elsewhere. The next section provides instructions
on how to access that data.



Access data in the Data DVC repo

Assuming you have cloned the data DVC repo the next step is to access data in it.

This will require that you have your AWS credentials setup. By default the DVC
repos are configured to access a remote called “aws” via the iarpa aws profile.

First ensure DVC is installed with the S3 backend:

# Ensure dvc is installed
pip install dvc[s3]





To start lets pull the data associated with one the BAS “Drop4” datasets. This
is part the “Aligned-Drop4-2022-08-08-TA1-S2-L8-ACC” kwcoco bundle. We will
refer to this with an environment variable DATASET_CODE.

# Navigate to the kwcoco bundle
DVC_REPOS_DIR=$HOME/data/dvc-repos
DATASET_CODE=Aligned-Drop4-2022-08-08-TA1-S2-L8-ACC

cd $DVC_REPOS_DIR/smart_data_dvc/$DATASET_CODE

# List the files that exist
ls





You will notice that there are several folders and some “.dvc” files. We need
to use these to access the data they are pointing to.

Currently (as of 2022-09-29) the annotations are pointed to by the
“splits.zip.dvc” file and the images for each region are pointed to by their
own DVC file.

Lets start by grabbing the kwcoco annotation files. The following command will
pull the data pointed to by the splits.zip.dvc file from the aws DVC
remote.

dvc pull -r aws splits.zip.dvc





This should download in a few seconds.  Now if you ls you should see
splits.zip. Unzip the kwcoco files from this archive.

unzip splits.zip





Now if you ls you should see
data_train.kwcoco.json data.kwcoco.json and data_vali.kwcoco.json.

Note that we only have the kwcoco files, we still have not pulled any of the
images that they point to.

To inspect these files we need to ensure we have kwcoco installed. So pip
install kwcoco if needed.

Now, if you were to run:

kwcoco validate data_vali.kwcoco.json





You will see that there are 17714 missing images.

To get started more quickly, lets only work with a subset of the data. We can
make a new kwcoco file that only points to landsat8 data in “KR_R001” via the
kwcoco subset command:

kwcoco subset \
    --src data_vali.kwcoco.json \
    --dst data_KR_R001.kwcoco.json \
    --select_videos '.name == "KR_R001"' \
    --select_images '.sensor_coarse == "L8"'





Running kwcoco validate data_KR_R001.kwcoco.json on this file will now report only 1705 missing images,
which will correspond to the data pointed to by the KR_R001/L8.dvc file.
To obtain this data we can run:

dvc pull -r aws KR_R001/L8.dvc





This will take a bit longer, but likely no more than a minute or two. Now running:

kwcoco validate data_KR_R001.kwcoco.json





will report no issues.

Using kwcoco stats data_KR_R001.kwcoco.json will provide some information about the dataset.

We could use kwcoco show data_KR_R001.kwcoco.json to inspect the data, but
because this is MSI imagery it would be more appropriate to use
geowatch visualize data_KR_R001.kwcoco.json
(assuming the geowatch system has been installed).
Likewise, geowatch stats data_KR_R001.kwcoco.json can provide more geowatch-relevant information.

It is now possible to use this kwcoco file for testing purposes.

Obtaining the rest of the data is similar: simply use dvc pull, and keep in
mind kwcoco subset is a useful tool for taking out only a smaller part of
the data.

To download all of the data in a directory run with the -R flag for recursive.

dvc pull -r aws -R .





After this downloads, any of the kwcoco files in the directory can be used.

We recommend using geowatch_dvc tool to register the path you cloned
these repos to as illustrated in ../environment/getting_started_dvc.rst
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  While GEOWATCH is designed and intended to be a fully open source system, some
aspects of the GEOWATCH module are developed in private. Additionally, there are
some data sources which will not be made public.

This page is meant to provide references to these resources that require
authentication to our internal collaberators. If you do not have credentials
you will not be able to access these resources.



	The Internal SMART GEOWATCH Python Module

	https://gitlab.kitware.com/smart/watch/



	The Phase 1 Internal SMART GEOWATCH DVC Repo

	https://gitlab.kitware.com/smart/smart_watch_dvc/



	The Phase 2 Internal SMART GEOWATCH DVC Data Repo

	https://gitlab.kitware.com/smart/smart_data_dvc/



	The Phase 2 Internal SMART GEOWATCH DVC Experiment Repo

	https://gitlab.kitware.com/smart/smart_expt_dvc/






Also see: https://gitlab.kitware.com/smart/watch/-/wikis/Resource-Clearinghouse
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  In order to make reproducing results as easy as copy/pasting commands into a
terminal, we provide the geowatch_dvc tool to register the paths to their
DVC repos as follows:

When you register your drop4 data / experiment paths, the DVC examples in this
repo will generally work out of the box. The important part is that your path
agrees with the tags used in the examples. Telling the registry if the path
lives on an HDD or SSD is also useful.

# Register the path you cloned the smart_data_dvc and smart_expt_dvc repositories to.
geowatch_dvc add my_drop4_data --path=$HOME/Projects/SMART/smart_data_dvc --hardware=hdd --priority=100 --tags=phase2_data
geowatch_dvc add my_drop4_expt --path=$HOME/Projects/SMART/smart_expt_dvc --hardware=hdd --priority=100 --tags=phase2_expt





The examples in this repo will generally use this pattern to query for the
machine-specific data location. Ensure that these commands work and output
the correct paths

DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=auto)
DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=auto)

# Test to make sure these work.
echo "DVC_DATA_DPATH = $DVC_DATA_DPATH"
echo "DVC_EXPT_DPATH = $DVC_EXPT_DPATH"
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Debugging Cmd-Queue Powered Scripts

When running a cmd-queue based script it is important to understand that it is
primarilly a mechanism for building a sequence of commands to accomplish a
task. The execution of those commands is secondary.

Idomatically, most cmd-queue scripts will have the options: --run and
--print_commands. By setting  --run=0 and  --print_commands=1 it
will simply show you the commands that it would execute in order. You can
manually execute these commands step-by-step to diagnose problems.

Also there is usually a --backend option. Often this is set to
--backend=tmux, but if you use --backend=serial it will run everything
in the foreground terminal session allowing you to see everything happen one at
a time. This is very similar to running commands one-by-one, but there are
minor differences so its important to be aware of both strategies.

When using the tmux cmd-queue backend, if jobs are failing you can use tmux to
inspect the status of the jobs. Use tmux a to attach to one of the tmux
sessions, and you can use CTRL-b followed by s to show an interactive
overview of all sessions. You can navigate to inspect what each session is
doing. You will also notice that each tmux session has an associate script that
it sources at the very beginning. You can look at that to see the details of
what is happening in each tmux session (Note: there is a lot of bash
boilerplate in these files, and most of it can be ignored: look for the part of
the code with the # command comment).




            

          

      

      

    

  

  
    
    

    Coding Conventions in the GEOWATCH REPO
    

    
 
  

    
      
          
            
  
Coding Conventions in the GEOWATCH REPO

This document is an effort to list concepts and patterns that you will see if
you work in this repo that may cause confusion unless you have this prior
knowledge. In some cases we may try to make the code more clear in the future,
but in other cases these patterns bring enough of a benefit that we require
prerequisite knowledge.

This is not necesarilly a style guide, it simply documents the patterns that
you will encounter. Some of these are recommended, while others we are
modifying. When possible we will note this.

NOTE: If you find a coding pattern or abbreviation that confused you at first,
please contribute it here!

Common abbreviations:


	GSD - ground sample distance




Variable abbreviations:


	aid - annotation id - try to use annot_id instead


	gid - imaGe id - try to use image_id instead


	cid - category id  - try to use category_id instead


	A suffix of x or idx - an index (e.g. cx for category index)


	tr often means “target”, but that pattern has been deprecated and its usually just spelled out as target now.


	The “xywh”, “ltrb”, and “cxywh” are codes indicating the format of bounding boxes for kwimage.Boxes [https://kwimage.readthedocs.io/en/release/kwimage.structs.boxes.html#module-kwimage.structs.boxes]. They stand for “left-x, top-y, width, height”, “left-x, top-y, right-x, bottom-y”, and “center-x, center-y, width, height” respectively.


	dsize - This ALWAYS means a (width, height) pair, usually a Tuple[int, int], but not always. In VERY rare circumstances, an individual width or height may be None to represent that it is not known or needed to be specified. This is a recommended pattern; please follow this.


	shape - This is going to be the row-major shape of an array usually. Often (h, w, channel) or just (h, w).  This is a recommended pattern; please follow this.


	fpath - a “file” path. This is used to store a string of Path object representing a path that points to a file (i.e. not a directory).  This is a recommended pattern; please follow this.


	dpath - a “directory” path. This is used to store a string of Path object representing a path that points to a directory (i.e. not a file). This is a recommended pattern; please follow this.




Notes on row-vs-column major coordinate axes:

Because numpy makes heavy use of row-major indexing and opencv uses
column-major indexing, it is worth developing a separate notation for when one
style of indexing is being used so we do not confuse them.


	Variables named dsize / size  or used with cv2 / warping
operations will use a column-major (i.e. [x, y]) indexing style. Think
width/height when you see these patterns.


	Variables named dims, shape or used in numpy / torch / array
logic will use a row-major (i.e. [r, c]) indexing style. Think row /
column when you see these patterns.




Misc termonology:


	Functions / methods called “coerce” are designed to auto-detect the type of
data that is given to them and then convert it into a stanardized expected
type. These allow you to write functions that accept multiple different input
formats, but guarentee a single output format.  For instace
kwcoco.CocoDataset.coerce will accept either a file path to a kwcoco file, an
existing kwcoco dataset, or a special string indicating the type of demodata
to produce, but the outptut is always a kwcoco.CocoDataset object. Another
example is watch.util_gis.coerce_geojson_datas, which can take one or more
json objects, path to json files, glob patterns, paths to files containing
lists of json files, etc, but the output is always the json data. Using these
coerce methods should be done with care and never in a critical loop because
they are slower than more direct methods and more prone to unintended
results, but the flexibile behavior can be very convinient, and it is often
worth using in system entry points before core logic takes place.




Short semi-ambiguous identifiers:



	ub.udict - The extended ubelt dictionary with set operations and other nice methods


	ub.ddict - A defaultdict alias







Module aliases


	import ubelt as ub


	import numpy as np


	import networkx as nx


	import geopandas as gpd


	import pytorch_lightning as pl


	import geopandas as gpd


	import pandas as pd


	import seaborn as sns


	import scriptconfig as scfg




Best Practices:


	When you are working with a list of classes, try to make sure you have it wrapped in a kwcoco.CategoryTree and use that to shuffle around relevant metadata.


	When working with a set of channels wrt to a single sensor use: kwcoco.ChannelSpec or  kwcoco.FusedChannelSpec


	When working with a set of channels wrt to known or unknown sensors use: kwcoco.SensorChanSpec or  kwcoco.FusedSensorChanSpec


	DONT IMPORT PYPLOT AT THE MODULE LEVEL!!! Always do it in a function. If fact, do most everything inside a function. Reduce the amount of globally scoped code.





Spaces

See KWCOCO Spaces [https://kwcoco.readthedocs.io/en/release/concepts/warping_and_spaces.html] section in the in kwcoco docs.

There are several ‘spaces’ here and that can get confusing.

Native Space / Asset Space - The space of the data on disk

Image Space - The space all bands in an image are aligned to.


	Video Space - The space a sequence is geo-aligned in.  This is the space we generally want to be thinking in.
	It is hard coded wrt to the kwcoco dataset.



	Window Space - GSD the sliding window is expressed in.
	Defaults to video space.
Computes a integer-sized box as the ‘space_slice’ in video space.
Effectively this space is only used to compute the size of the box
in the underlying video space. It does nothing else.
Alias: Grid Space



	Input Space - GSD of the input to the network
	Computes a scale factor relative to video space.
Alias: Sample Space
Alias: Data Space



	Output Space - GSD of the output of the network
	Scale factor is wrt to video space.
Alias: Prediction Space





The following visualizes the key asset, image, and video spaces:

[image: ../../_images/QuiSJwR.png]
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  The following are guidelines and suggestion that might help produce code that
is easier to integrate.  These are based on and may be biased by Jon Crall’s
opinions.


	Carefully think about inputs and outputs. Try to write functions in such a
way that the inputs are easy to construct. If there is a bug, it helps to be
able to quickly define a simple entrypoint into the code that exercies
the behavior in question. Doctests are great for this!


	Don’t try to do too much in a single step. The outputs should be a
reasonably simple transformation of the inputs. If you are doing a lot of
different things to the inputs and have many intermediate forms, perhaps
it’s better to split up the functionality into multiple stages. This is not
always true. Use best judgement.


	Think about serializability. If you have a lot of nested custom Python
classes, it may be difficult to reconstruct states in debugging, or refactor
later if a better way of doing something is discovered.


	Try make code easy for static analysis. Try to avoid decorators and other
code that is run at import time. When possible it’s best to simply define
classes and functions at import time, and then leave any complex logic to
the functions themselves. As always, there are exceptions to this rule.


	Try to avoid polymorphism in cases where mixin classes would work well.
It’s usually better to start with something non-polymorphic and then
refactor it to be polymorphic later if it turns out that that strategy is
useful. Often mixin classes are enough. In general, try to keep code
structures flat when possible.


	Use pathlib (or ubelt.Path) instead of os.path methods.


	Don’t import pyplot in the global scope. It has runtime side effects we
would like to avoid.


	Use python -m to invoke scripts via their module name, instead of
specifying the path to them directly.





Valuable Code Properties


Code Patterns



	Idempotence - https://en.wikipedia.org/wiki/Idempotence


	Examples and Entry Points - Try to make it easy to test small units of
code. See the doctests section for one good way to do this.


	When writing configurations use default values of “auto”, if you can
infer a reasonable default behavior at runtime. Using None also works,
depending on the context.









Testing



	Doctests - https://github.com/Erotemic/xdoctest


	“Demo Data” - see kwcoco demodata


	Continuous Integration - CI Server









Filesystems



	
	User-agnostic or relative paths - Dont hard code your paths. Use things
	like “~” or “$HOME” environment variables. Use the python -m
mechanism to invoke code by module name rather than using the
absolute path (some exceptions apply).







	
	Content addressable data - IPFS, DVC, Hasing - Make dedup easy, this may
	be the future of data storage.







	
	fpath for file-paths, dpath for directory-paths, path for an
	unspecified path type.  If possible, avoid dir because it
conflicts with builtins.dir.















Misc


	Statically parsable declarative configurations are useful, this is why I
like scriptconfig over argparse. I would like to add jsonargparse
integration as the mechanism of handling nested configurations, so it
should be compatible with jsonargparse powered things like LightningCLI in
the future.


	When you are writing a python package, give your module a distinctive name.
Don’t name it “lib” or “model” or “net”, do something that wont conflict
with other python packages. This is a tip based off of observing this
anti-pattern in research repos.
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Contributing New Models to the WATCH Project

This document describes the required steps to share your model and model
configuration files within the WATCH team. This guide assumes that you
already have a model and the associated files ready to be shared.

Remember: NEVER COMMIT LARGE FILES DIRECTLY TO GIT! Git works well for small files. For large files we use DVC.

NOTE: PyTorch models with hyperparameters are typically are saved as .pt
files whereas models files only containing weights are typically saved as
.ckpt files.

NOTE: Check out docs/environment/getting_started_dvc.rst [https://gitlab.kitware.com/smart/watch/-/blob/main/docs/environment/getting_started_dvc.rst] for more information
regarding how DVC works.


Assumptions:


	The smart_expt_dvc [https://gitlab.kitware.com/smart/smart_expt_dvc] has been locally cloned.


	You have copied your model and associated files to the smart_expt_dvc repository.






Steps to sharing your model:


	Create a new branch for your model. For example, <feature_name>_MM_DD_YYYY. Using git switch -c <feature_name>_MM_DD_YYYY will create a new branch and switch to it.


	Track model and associated files using dvc add <file>. This will create a <file>.dvc file and move the <file> to the DVC cache.


	Track the newly created <file>.dvc file(s) using git add <file>.dvc.


	Commit the changes using git commit -m "<commit messaage>". E.g. git commit -m "Add <model_name> model and associated files.".


	Push the changes to the remote repository using git push. E.g. git push -u origin <feature_name>_MM_DD_YYYY.


	Create a merge request to merge your branch into the main branch.






Whats going on behind the scenes:

When you begin tracking files via DVC (step 2), your local DVC cache has a reference to that file.
You can dvc push <file> -r <remote> to upload the file itself to a remote. However, at this point
other people have no way of getting access to the file you just uploaded. You need to provide them
with the small <file>.dvc, which is what they will use to query the DVC remote for that actual file.
With our current default config that will automatically git add <file>.dvc for you, but if you
didn’t set that up, then you would need to do that. Then you git commit to add the small <file>.dvc
to the git repo, and git push so other people can git pull and get that small .dvc file. Now that
other people have the .dvc file, they have enough information to retreive the actual data. They
dvc pull <file>.dvc to do this.
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How to contribute

We follow a merge requests [https://docs.gitlab.com/ee/user/project/merge_requests/] workflow.

Here is a complete, minimal example of how to add code to this repository, assuming you have followed the instructions above. You should be inside this repo’s directory tree on your local machine and have the GEOWATCH environment active.

git checkout -b my_new_branch

# example commit: change some files
git commit -am "changed some files"

# example commit: add a file
echo "some work" > new_file.py
git add new_file.py
git commit -am "added a file"

# now, integrate other changes that have occurred in this time
git merge origin/master

# If you are brave, use `git rebase -i origin/master` instead. It produces a
# nicer git history, but can be more difficult for people unfamiliar with git.

# make sure you lint your code!
python dev/lint.py watch

# make sure all tests pass (including ones you wrote!)
python run_tests.py

# and add your branch to gitlab.kitware.com
git push --set-upstream origin my_new_branch

# This will print a URL to make a MR (merge request)
# Follow the steps on gitlab to submit this. Then it will be reviewed.
# Tests and the linter will run on the CI, so make sure they work
# on your local machine to avoid surprise failures.





To get your code merged, create an MR from your branch here [https://gitlab.kitware.com/smart/watch/-/merge_requests] and @ someone from Kitware to take a look at it. It is a good idea to create a draft MR [https://docs.gitlab.com/ee/user/project/merge_requests/drafts.html] a bit before you are finished, in order to ask and answer questions about your new feature and make sure it is properly tested.

You can use markdown [https://docs.gitlab.com/ee/user/markdown.html] to write an informative merge message.
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Rebasing Procedure

Given that teams work on different branches, while sharing common code that is updated on the main branch, conflicts and breakage may occur. If we consider team A developing the task A_task, which uses function x from the core source code. At some point, function x is updated, which will cause errors when A_task is merged into the main branch. To avoid that, we encourage rebasing your working branch to the main branch periodically. To do that, follow the following steps:

Before starting, we assume you are on your development branch. Check this with git status. Given this, then:

First commit all changes to your current branch

git add <files you have changed or added>
git commit -m "description of changes"





Then checkout the main branch, and pull to update main to the latest state.

git checkout main
git pull





If there is an error pulling the main branch try:

git fetch origin
git reset --hard origin/main





Now that main is up to date, go back to your working branch:

git checkout -
# OR:
# git checkout <your_branchname>





And then start the interactive rebase:

git rebase -i main





This will prompt you with a list of your commits that should be added on top of
main. Typically you can just accept the list that it finds.

If you have only updated code that hasn’t been touched by anyone else, then the
reabse should happen smoothly with no issues.

Otherwise, it may be the case that conflicts exist. If they do use git status to determine which files
have conflicts and fix them. Edit them and search for ===== to find the sections with conflicts and resolve them.
Then git add the resolved files and run git rebase --continue. Repeat these steps until the rebase is finished.
If something goes wrong you can always git rebase --abort to return your branch to its previous state.

If the rebase does work smoothly the last thing to do is update your branch on
the remote. Because the rebase copies your commits, you will need to overwrite
the status of your branch on the remote by doing a force push:

git push --force





Now your code is rebased and on a branch on the git remote server.

Note: if you have your dev branch checked out across multiple machines / repos, other
repo checkouts will have to force update to the new rebased branch head. This is done via
checkout on your branch and running

git fetch

git reset --hard origin/<your_branchname>





Ensure you don’t have any changes as it will completely reset the state on that
checkout to the state of the remote.

Reference tutorials:


	Git Branching and Rebasing [https://git-scm.com/book/en/v2/Git-Branching-Rebasing]


	Git Interactive Rebase [https://thoughtbot.com/blog/git-interactive-rebase-squash-amend-rewriting-history]


	Git Rebase and Re Witing History [https://www.atlassian.com/git/tutorials/rewriting-history/git-rebase]


	Git Rebase [https://www.benmarshall.me/git-rebase/]


	The Ultimate Guide to Git Merge and Git Rebase [https://www.freecodecamp.org/news/the-ultimate-guide-to-git-merge-and-git-rebase/]
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Roadmap


Features


	[ ] Per-domain normalization: keep track of mean/std per “domain”, which can be user-defined.


	[ ] Lineage tracking: design the storage format and parser.


	[ ] Bounding Box Head: Add support for bounding box heads and associated loss functions.


	[ ] Multi-head objectives: Allow multiple non-weight-tied versions of the same head to have different losses


	[ ] Balanced Sampling: Better balanced API and code structure.


	[ ] Augmentation: Better augmentation API with more options (time symmetry).


	[ ] Online Hard Negative Mining: Track per-item loss and update sampling probabilities to target some degree of medium to hard difficulty.


	[ ] OTS Models: Off-the-shelf Model wrapper API.


	[ ] Distilation: Easy distilation (i.e. student / teacher networks) by settting heatmaps from existing predictions as truth targets.


	[ ] SMQTK: Integrate with SMQTK by providing it feature descriptors derived from our network activations / heatmaps


	[ ] Train Monitoring: Log more weight statistics like rank, magnitude, etc. in tensorboard to better understand the training process.






Quality of Life


	[ ] Manual specification of input mean / std at train (or predict) time.


	[ ] Better checkpoint / package management CLI tools


	[ ] Remove old nomenclature (which may involve swapping scriptconfig aliases with the main variable).


	[ ] Refactor tracking API. It’s the odd-duck, otherwise everything else follows very similar patterns.






Bugs


	[ ] Delayed Image #1 - bottom-left pixel bug


	[ ] Callbacks with DDP can cause system freeze; we can workaround by disabling our callbacks, but results in other limitations.






Performance


	[ ] Delayed Image #2 - memoize the optimization


	[ ] JIT The Network - Or otherwise build efficient inference structure


	[ ] Improve augmentation efficiency - Dataloaders can be bottlenecks depending on params


	[ ] NDsampler Zarr / HDF5 backend - Zarr is newer, HDF5 works similarly.


	[ ] On-disk stitching. Allow predictions to be stitched into context directly on disk (perhaps using an Zarr/HDF5 continer?) instead of always in memory (keep the in-memory option though).






Research


	[ ] Design experiment to determine if continual learning helps in this context.


	[ ] Design experiment to compare heterogeneous network to divided-attention network.


	[ ] Reproduce and integrate ScaleMAE.


	[ ] Can we find a better way to use SAM as foundational model feature?


	[ ] Support “soft” targets for instance segmentation loss.


	[ ] Build new KWCoco datasets



	[ ] QFabric


	[ ] Black Marble









	[ ] Support for point-based annotations at train time. Build a loss function.






Compatibility


	[ ] Further subdivide and sequester software dependencies.


	[ ] Upgrade pytorch lightning / jsonargparse to latest versions.






Documentation


	[ ] External review / revision.


	[ ] Document how to effectively use MLOps (and potentially improve on).






System Design


	[ ] Use the MLops directory structure in smartflow. This will ultimately allow us to gain the caching advantages of mlops with the horiztonal scaling of smartflow.


	[ ] Ensure smartflow output can be connected to mlops aggregate.


	[ ] Extend mlops to make it easier to test and evaluate ensembles.


	[ ] Extend mlops with teamfeats nodes.


	[ ] Smartflow tiling to split up regions, run prediction on smaller regions, and then consolidate stitching.


	[ ] Better support for training on AWS / HPC systems: https://www.reddit.com/r/MachineLearning/comments/18mfi70/p_kubernetes_plugin_for_mounting_datasets_to/






Algorithmic Exploration


	[ ] Improve High Resolution “Tracking” (Polygon Extraction / Classification).


	[ ] Measure uncertainty.


	[ ] Recurrent transformers that can look at previous predictions in a different context, and then update the predictions.


	[ ] Add decoder to predict unobserved events.






User Interface


	[ ] Lightning Extension that replaces the rich progress bar with a textual TUI, the idea is the engineer can manually tweak hyperparameters, or request status / visualizations on the fly.
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  The following is a set of high level instructions for integrating your feature model into the TA2 fusion system.

Recall that the input – for both training and prediction – into the TA2
fusion system is a kwcoco file. In the case of training the kwcoco file will
contain “images”, “videos”, and “annotations”. In the case of prediction only
“images” and “videos” will be registered with the kwcoco file and it will be
the job of the fusion predictor to populate the “annotations” with labeled
(i.e. binary change/no-change for BAS, and fine-grained-activity label for
activity characterization) polygon predictions.

Thus, to provide your feature as input to the fusion module you must register
it with the kwcoco file. This is done by adding your rasterized feature map as
an auxiliary file for the image in question.

For instance consider the following kwcoco image json from drop1.

```python
{‘id’: 2,


‘file_name’: None,
‘name’: ‘crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0’,
‘auxiliary’: [



	{‘file_name’: ‘US_Jacksonville_R01/S2/affine_warp/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0_coastal.tif’,
	‘channels’: ‘coastal’,
‘num_bands’: 1,
‘sensor_coarse’: ‘S2’,
‘height’: 125,
‘width’: 158,
‘warp_aux_to_img’: {‘scale’: [6.0189873407872065, 6.008000000052702],


‘type’: ‘affine’}},






	{‘file_name’: ‘US_Jacksonville_R01/S2/affine_warp/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0_blue.tif’,
	‘channels’: ‘blue’,
‘num_bands’: 1,
‘sensor_coarse’: ‘S2’,
‘height’: 751,
‘width’: 951,
‘warp_aux_to_img’: {‘type’: ‘affine’}},



	{‘file_name’: ‘US_Jacksonville_R01/S2/affine_warp/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0_green.tif’,
	‘channels’: ‘green’,
‘num_bands’: 1,
‘sensor_coarse’: ‘S2’,
‘height’: 751,
‘width’: 951,
‘warp_aux_to_img’: {‘type’: ‘affine’}},



	{‘file_name’: ‘US_Jacksonville_R01/S2/affine_warp/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0_red.tif’,
	‘channels’: ‘red’,
‘num_bands’: 1,
‘sensor_coarse’: ‘S2’,
‘height’: 751,
‘width’: 951,
‘warp_aux_to_img’: {‘type’: ‘affine’}},



	{‘file_name’: ‘US_Jacksonville_R01/S2/affine_warp/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0_B05.tif’,
	‘channels’: ‘B05’,
‘num_bands’: 1,
‘sensor_coarse’: ‘S2’,
‘height’: 376,
‘width’: 475,
‘warp_aux_to_img’: {‘scale’: [2.0021052628305385, 1.9973404255478528],


‘type’: ‘affine’}},






	{‘file_name’: ‘US_Jacksonville_R01/S2/affine_warp/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0_B06.tif’,
	‘channels’: ‘B06’,
‘num_bands’: 1,
‘sensor_coarse’: ‘S2’,
‘height’: 376,
‘width’: 475,
‘warp_aux_to_img’: {‘scale’: [2.0021052628305385, 1.9973404255478528],


‘type’: ‘affine’}},






	{‘file_name’: ‘US_Jacksonville_R01/S2/affine_warp/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0_B07.tif’,
	‘channels’: ‘B07’,
‘num_bands’: 1,
‘sensor_coarse’: ‘S2’,
‘height’: 376,
‘width’: 475,
‘warp_aux_to_img’: {‘scale’: [2.0021052628305385, 1.9973404255478528],


‘type’: ‘affine’}},






	{‘file_name’: ‘US_Jacksonville_R01/S2/affine_warp/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0_nir.tif’,
	‘channels’: ‘nir’,
‘num_bands’: 1,
‘sensor_coarse’: ‘S2’,
‘height’: 751,
‘width’: 951,
‘warp_aux_to_img’: {‘type’: ‘affine’}},



	{‘file_name’: ‘US_Jacksonville_R01/S2/affine_warp/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0_B09.tif’,
	‘channels’: ‘B09’,
‘num_bands’: 1,
‘sensor_coarse’: ‘S2’,
‘height’: 125,
‘width’: 158,
‘warp_aux_to_img’: {‘scale’: [6.0189873407872065, 6.008000000052702],


‘type’: ‘affine’}},






	{‘file_name’: ‘US_Jacksonville_R01/S2/affine_warp/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0_cirrus.tif’,
	‘channels’: ‘cirrus’,
‘num_bands’: 1,
‘sensor_coarse’: ‘S2’,
‘height’: 125,
‘width’: 158,
‘warp_aux_to_img’: {‘scale’: [6.0189873407872065, 6.008000000052702],


‘type’: ‘affine’}},






	{‘file_name’: ‘US_Jacksonville_R01/S2/affine_warp/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0_swir16.tif’,
	‘channels’: ‘swir16’,
‘num_bands’: 1,
‘sensor_coarse’: ‘S2’,
‘height’: 376,
‘width’: 475,
‘warp_aux_to_img’: {‘scale’: [2.0021052628305385, 1.9973404255478528],


‘type’: ‘affine’}},






	{‘file_name’: ‘US_Jacksonville_R01/S2/affine_warp/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0_swir22.tif’,
	‘channels’: ‘swir22’,
‘num_bands’: 1,
‘sensor_coarse’: ‘S2’,
‘height’: 376,
‘width’: 475,
‘warp_aux_to_img’: {‘scale’: [2.0021052628305385, 1.9973404255478528],


‘type’: ‘affine’}},






	{‘file_name’: ‘US_Jacksonville_R01/S2/affine_warp/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0_B8A.tif’,
	‘channels’: ‘B8A’,
‘num_bands’: 1,
‘sensor_coarse’: ‘S2’,
‘height’: 376,
‘width’: 475,
‘warp_aux_to_img’: {‘scale’: [2.0021052628305385, 1.9973404255478528],


‘type’: ‘affine’}},






	{‘file_name’: ‘US_Jacksonville_R01/S2/affine_warp/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0_r|g|b.tif’,
	‘channels’: ‘r|g|b’,
‘num_bands’: 3,
‘sensor_coarse’: ‘S2’,
‘height’: 751,
‘width’: 951,
‘warp_aux_to_img’: {‘type’: ‘affine’}}],








‘height’: 751,
‘width’: 951,
‘utm_corners’: [[433138.5566065939, 3359577.635952],


[433138.5566065939, 3352066.8746835054],
[442644.31407875166, 3352066.8746835054],
[442644.31407875166, 3359577.635952]],





	‘wld_crs_info’: {‘auth’: [‘EPSG’, ‘32617’],
	‘axis_mapping’: ‘OAMS_TRADITIONAL_GIS_ORDER’},



	‘utm_crs_info’: {‘auth’: [‘EPSG’, ‘32617’],
	‘axis_mapping’: ‘OAMS_AUTHORITY_COMPLIANT’},



	‘wld_to_pxl’: {‘offset’: [-43333.18712783946, 335923.71191231254],
	‘scale’: [0.10004463113912444, -0.09998986429647493],
‘type’: ‘affine’},





‘date_captured’: ‘2018-10-16T16:02:29’,
‘sensor_coarse’: ‘S2’,
‘parent_file_name’: None,
‘frame_index’: 14,
‘timestamp’: 736983,
‘video_id’: 1,
‘warp_img_to_vid’: {‘scale’: 1.01379425737959, ‘type’: ‘affine’}}




```

This image currently registers the raw sensor bands. Thus the fusion module can access them.

Note that the base image has a “width” and “height” entry. This is the size of
the “canvas” that auxiliary images are warped onto when sampling via ndsampler
or with kwcoco’s new delayed_load feature.

Also note that each auxiliary dictionary has a “width” and “height”, which are
the size of the actual images on disk. The warp_aux_to_img field indicates
how to warp the native auxiliary space onto the image canvas. Likewise the
image has a warp_img_to_vid attribute which is used to align the images in a
sequence, but that is not relevant when we are operating on a per-image basis.

To add your band you would add another entry to the image’s “auxiliary” list.

For instance, say you were adding “invariant” features (with 8 channels)
computed by your neural network. In your prediction script, you would read in
the input kwcoco, and then write an augmented output kwcoco file, where the new
entry in each image’s auxiliary list might look like this:

```python
{


‘file_name’: ‘US_Jacksonville_R01/S2/affine_warp/crop_2018-10-16_N30.298499W081.695322_N30.366761W081.596884_S2_0/DATA_FOR_YOUR_NEW_FEATURE.tif’,
‘channels’: ‘myinv1|myinv2|myinv3|myinv4|myinv5|myinv6|myinv7|myinv8’,
‘num_bands’: 8,
‘height’: 751,
‘width’: 951,
‘warp_aux_to_img’: {‘scale’: [1.0, 1.0], ‘type’: ‘affine’





}

Now the fusion module will be able to fuse in your feature by referencing the
myinv1|myinv2|myinv3|myinv4|myinv5|myinv6|myinv7|myinv8 channel code. Note
that in this example I gave a name to each individual band in the set of
invariant features delimited by a |. The current state of the code may be
sensitive to this, but the plan is that this could be a more concise alias and
the num_bands item will specify how many channels are actually stored in the
feature to be fused.

In terms of actionable items, we would like each subteam producing a TA2
feature to add their features to the datasets on DVC. While doing this each
subteam should ensure they have a “predict.py” script as previously discussed
that inputs and outputs kwcoco so each subteams features can be computed for
new data.

The datasets we would like to immediately target are:

https://gitlab.kitware.com/smart/smart_watch_dvc/-/tree/master/drop1_S2_aligned_c1

and

https://gitlab.kitware.com/smart/smart_watch_dvc/-/tree/master/drop1-S2-L8-LS-aligned-c1

NOTES:

When you write your raster features to disk it will be important to write them
as a cloud optimized geotiff. This can be done with kwimage:


	```python
	# image_path: will be the file you are writing your auxiliary data to
# image_data: is a H x W x C array where C is the number of channels
# space=None tells imwrite that you are not saving RGB, so it wont complain about multiple channels
# using backend=’gdal’ will write the data as a tiled GeoTiff
kwimage.imwrite(image_path, image_data, space=None, backend=’gdal’)





```



Notes for slides

Input KWCOCO File:

```
{
“videos”: [



{“name”: “TheRegionName”, “width”: 300, “height”: 400},




…],





	“images”: [
	
	{
	“name”: “TheImageName”,
“width”: 600,
“height”: 800,
“video_id”: 1,
“date_captured”: “2018-10-16T16:02:29”,
“warp_img_to_vid”: {“scale”: 0.5},
“auxiliary”: [



	{
	“file_name”: “B1.tif”,
“warp_aux_to_img”: {“scale”: 2.0},
“width”: 300, “height”: 400
“channels”: “coastal”, “num_bands”: 1,





},
{


“file_name”: “B2.tif”,
“warp_aux_to_img”: {“scale”: 1.0},
“channels”: “blue”, “num_bands”: 1,







],





}, …  ]







}

Output KWCOCO File, Simply append to the “auxiliary list” in each appropriate
image dictionary.


```


	“auxiliary”: [
	{“file_name”: “B1.tif”, …},
{“file_name”: “B2.tif”, …},
{


“file_name”: “YOUR_FEATURE_PATH.tif”,
“warp_aux_to_img”: {“scale”: 4.0},
“width”: 75, “height”: 100,
“channels”: “your_channel_code”,
“num_bands”: 32,
…











]
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Getting started with AWS

This document provides instructions on installing the AWS CLI tool and setting
up credentials on your local machine.


Installing AWS CLI

This section provides instructions to install the AWS CLI tool.

For more details or troubleshooting, please refer to the the
official instructions for installing the AWS CLI [https://docs.aws.amazon.com/cli/latest/userguide/install-cliv2.html].

We attempt to summarize the above with a series of commands that should “just
work” and install the aws tool on your machine. This does assume a Linux
Ubuntu machine with an x86_64 processor. For other systems refer to the
official docs.

It is also important to have the curl, zip, and gpg packages installed.

# Ensure you have curl on your system
dpkg -l curl > /dev/null || sudo apt install curl -y

# Ensure unzip is installed
dpkg -l zip > /dev/null || sudo apt install zip -y

# Ensure gpg is installed
dpkg -l gnupg > /dev/null || sudo apt install gnupg -y





We recommend running the following in a temporary directory.

mkdir -p $HOME/tmp
cd $HOME/tmp





The first step is to download the aws cli tool.

# Download the CLI tool for linux
curl "https://awscli.amazonaws.com/awscli-exe-linux-x86_64.zip" -o "awscli-exe-linux-x86_64.zip"





The next step is to verify the integrity of the downloaded tool. This step can
be skipped, but it is usually a good idea to do this.

# Import the amazon GPG public key
echo "
    -----BEGIN PGP PUBLIC KEY BLOCK-----

    mQINBF2Cr7UBEADJZHcgusOJl7ENSyumXh85z0TRV0xJorM2B/JL0kHOyigQluUG
    ZMLhENaG0bYatdrKP+3H91lvK050pXwnO/R7fB/FSTouki4ciIx5OuLlnJZIxSzx
    PqGl0mkxImLNbGWoi6Lto0LYxqHN2iQtzlwTVmq9733zd3XfcXrZ3+LblHAgEt5G
    TfNxEKJ8soPLyWmwDH6HWCnjZ/aIQRBTIQ05uVeEoYxSh6wOai7ss/KveoSNBbYz
    gbdzoqI2Y8cgH2nbfgp3DSasaLZEdCSsIsK1u05CinE7k2qZ7KgKAUIcT/cR/grk
    C6VwsnDU0OUCideXcQ8WeHutqvgZH1JgKDbznoIzeQHJD238GEu+eKhRHcz8/jeG
    94zkcgJOz3KbZGYMiTh277Fvj9zzvZsbMBCedV1BTg3TqgvdX4bdkhf5cH+7NtWO
    lrFj6UwAsGukBTAOxC0l/dnSmZhJ7Z1KmEWilro/gOrjtOxqRQutlIqG22TaqoPG
    fYVN+en3Zwbt97kcgZDwqbuykNt64oZWc4XKCa3mprEGC3IbJTBFqglXmZ7l9ywG
    EEUJYOlb2XrSuPWml39beWdKM8kzr1OjnlOm6+lpTRCBfo0wa9F8YZRhHPAkwKkX
    XDeOGpWRj4ohOx0d2GWkyV5xyN14p2tQOCdOODmz80yUTgRpPVQUtOEhXQARAQAB
    tCFBV1MgQ0xJIFRlYW0gPGF3cy1jbGlAYW1hem9uLmNvbT6JAlQEEwEIAD4WIQT7
    Xbd/1cEYuAURraimMQrMRnJHXAUCXYKvtQIbAwUJB4TOAAULCQgHAgYVCgkICwIE
    FgIDAQIeAQIXgAAKCRCmMQrMRnJHXJIXEAChLUIkg80uPUkGjE3jejvQSA1aWuAM
    yzy6fdpdlRUz6M6nmsUhOExjVIvibEJpzK5mhuSZ4lb0vJ2ZUPgCv4zs2nBd7BGJ
    MxKiWgBReGvTdqZ0SzyYH4PYCJSE732x/Fw9hfnh1dMTXNcrQXzwOmmFNNegG0Ox
    au+VnpcR5Kz3smiTrIwZbRudo1ijhCYPQ7t5CMp9kjC6bObvy1hSIg2xNbMAN/Do
    ikebAl36uA6Y/Uczjj3GxZW4ZWeFirMidKbtqvUz2y0UFszobjiBSqZZHCreC34B
    hw9bFNpuWC/0SrXgohdsc6vK50pDGdV5kM2qo9tMQ/izsAwTh/d/GzZv8H4lV9eO
    tEis+EpR497PaxKKh9tJf0N6Q1YLRHof5xePZtOIlS3gfvsH5hXA3HJ9yIxb8T0H
    QYmVr3aIUes20i6meI3fuV36VFupwfrTKaL7VXnsrK2fq5cRvyJLNzXucg0WAjPF
    RrAGLzY7nP1xeg1a0aeP+pdsqjqlPJom8OCWc1+6DWbg0jsC74WoesAqgBItODMB
    rsal1y/q+bPzpsnWjzHV8+1/EtZmSc8ZUGSJOPkfC7hObnfkl18h+1QtKTjZme4d
    H17gsBJr+opwJw/Zio2LMjQBOqlm3K1A4zFTh7wBC7He6KPQea1p2XAMgtvATtNe
    YLZATHZKTJyiqA==
    =vYOk
    -----END PGP PUBLIC KEY BLOCK-----
" | sed -e 's|^ *||' > aws.pub
cat aws.pub
gpg --import aws.pub

# Download the signature and verify the CLI tool is signed by amazon
curl "https://awscli.amazonaws.com/awscli-exe-linux-x86_64.zip.sig" -o "awscli-exe-linux-x86_64.zip.sig"

gpg --verify awscli-exe-linux-x86_64.zip.sig awscli-exe-linux-x86_64.zip





Now that we have verified the integrity, install the aws CLI tool to your local
PATH.

# Unzip the downloaded installer
unzip -o awscli-exe-linux-x86_64.zip

# If you want to install somewhere else, change the PREFIX variable
PREFIX="$HOME/.local"
mkdir -p $PREFIX/bin
./aws/install --install-dir $PREFIX/aws-cli --bin-dir $PREFIX/bin --update





Note the value of PREFIX in the above step. The directory $PREFIX/bin
should be in your PATH. If you do not have that location in your path we
recommend adding it like this:

# Add to the path in the current shell
export PATH=$HOME/.local/bin/:$PATH

# Add the line to your bashrc so all new shells will have the local bin in
# your path
echo 'export PATH=$HOME/.local/bin/:$PATH' >> $HOME/.bashrc





Test that your new AWS CLI is working by running:

aws --version





Now that you have the AWS CLI, the next step is to ensure you have the correct
credentials.



AWS Credentials

This document is designed for internal collaberators and will provide
instructions on setting up credentials for an IARPA profile, which will give
you access to the SMART S3 buckets.

To use the AWS CLI (and by extension a DVC AWS remote), you must have
credentials and a config.  The default location to store credentials is:
$HOME/.aws/credentials The default location to store a config is:
$HOME/.aws/config.


Obtaining Credentials

To obtain credentials, the current point of contact is
yonatan.gefen@kitware.com (as of 2022-10-06). Please send Yoni an email and CC
matt.leotta@kitware.com and jon.crall@kitware.com to request credentials.

We will then start the process of securely sending you your credentials. If you
have a public GPG key, please send that with your request. We will encrypt your
credentials with your GPG public key, send it to you, and then only you can
decrypt it with your GPG private key.

If you don’t have a GPG we will use manual Diffie Hellman handshake. Navigate
to https://cryptotools.net/dhe and generate a private and public key. Send the
public key in your email (don’t leave this page, until the process is done). We
will then do the same process on our end, and we will send you our public key.
The next step is we will both paste each other’s public keys into the webpage
which will establish a shared secret key. Copy down this shared key, you will
need it later.

On our end, we will take your credentials and encrypt them with this shared
secret. We will send you the encrypted data. Then navigate to
https://cryptotools.net/aes, click “decrypt”, paste in both the shared secret
key and then the encrypted message. The plaintext credentials will be generated
in the top box. These are your credentials that we will use in the subsequent
steps.

To summarize, here is an example. Alice wants to send Bob the secret message:
“hello world”.


	Alice navigates to https://cryptotools.net/dhe, generates a public key: bSoNKmm2qF2HLo2tG39gVN4c5xuMnBqX6ES4C0nLdOI=, and sends it to Bob.


	Bob navigates to https://cryptotools.net/dhe, generates a public key: UYXjuE9QpXASQM8QQmjImECyvIg4MsOwkS3YrTXXLB0=, and sends it to Alice.


	Alice enters Bob’s secret key into her “Public key” on the right.


	Bob enters Alices’s secret key into his “Public key” on the right.


	Both Alice and Bob now see a shared secret: arnE9PLCOHrvKRLAXsrx+Nc4pyCBZtjCoESjo16Fvi8= appear, which they can now use for encryption and decryption.


	Alice navigates to https://cryptotools.net/aes, enters the plain text “hello world” and uses the shared secret arnE9PLCOHrvKRLAXsrx+Nc4pyCBZtjCoESjo16Fvi8= as the encryption key. This generates the encrypted cyphertext U2FsdGVkX19sofdkwHQvnur20N8KwDULOxqVPkboYxI=, which Alice can send to Bob.


	Bob receives the cyphertext from Alice, navigates to https://cryptotools.net/aes, and hits the “Decrypt” button. He enters the cyphertext U2FsdGVkX19sofdkwHQvnur20N8KwDULOxqVPkboYxI= into the bottom pane, and also enters the shared secret arnE9PLCOHrvKRLAXsrx+Nc4pyCBZtjCoESjo16Fvi8= into the key feild. The decryption happens automatically and the secret message appears in the top plaintext box.






Using Credentials

In the credentials file ($HOME/.aws/credentials) append the following text
to create credentials associated with the “iarpa” AWS_PROFILE.

[iarpa]
aws_access_key_id = <YOUR_ACCESS_KEY>
aws_secret_access_key = <YOUR_SECRET_KEY>





For the config file ($HOME/.aws/config), it is important to specify the
region for the iarpa profile. Set output to either text or json.

[profile iarpa]
region=us-west-2
output=json





That completes the install. Verify that it worked by attempting to access bucket containing the DVC cache:

aws --profile iarpa s3 ls s3://kitware-smart-watch-data/dvc/





Note the --profile iarpa tells aws to authenticate using the “iarpa”
profile in our config/credentials. We could also set an environment variable
export AWS_PROFILE=iarpa.

The contents of that folder will be a long list of 2 letter folders and temp
files. This is the hashed file structure that the dvc cache uses. include a
“dvc” directory. Seeing this means that you authenticated sucessfully. Note
that when working with DVC you will not need to use the cache directly, we are
simply checking that you have access to it.




AWS Security

It is important to periodically rotate your AWS credentials.

See detailed internal instructions for rotating keys:
here [https://docs.google.com/document/d/1bW8UM1jR3opJ2qf-OU28Yr3Gyg7chZQ2MH5YQYGBIhs/edit#heading=h.z29n19ypsfef].

# Install the AWS key rotation script

[[ -d $HOME/code/aws-rotate-iam-keys ]] || git clone https://github.com/rhyeal/aws-rotate-iam-keys.git $HOME/code/aws-rotate-iam-keys
cp $HOME/code/aws-rotate-iam-keys/src/bin/aws-rotate-iam-keys $HOME/.local/bin

cat $HOME/.aws/config
cat $HOME/.aws/credentials

# Execute key rotation on your local machine on the IARPA profile
export AWS_PROFILE=iarpa
aws-rotate-iam-keys --profile $AWS_PROFILE

# Synchronize those keys to all other machine that need them.
# Doing this will depend on how the user synchronizes keys.







Next Steps


	getting started with kubectl <getting_started_kubectl.rst>


	getting started with dvc <getting_started_dvc.rst>
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Minimal DVC

Data Version Control (DVC) is program that helps maintain datasets. It has
excellent documentation [https://dvc.org/doc] but, the number of things that
it can do is enormous. The goal of this document is to provide a brief overview
of minimal DVC usage, focusing only on the case of dataset management.

First we need to install dvc. Either see the official docs [https://dvc.org/doc/install] or assuming you have a Python environment:

pip install dvc[ssh,s3]





In this tutorial we assume you understand :


	git


	hashing




DVC builds on top of git.

A “DVC repository” can only exist inside of an existing git repository. In
addition to your repositories root .git folder initializing dvc in a git repo
(via dvc init) will create a special adjacent .dvc folder.

DVC requires a “remote cache”

DVC allows you to “check in” large files or folders (via dvc add <path>).
However, these files are not stored in git. Instead dvc add will hash
your file, and copy the data into your “local cache”, create a special
<path>.dvc file which just contains the hash. The small *.dvc files that
contain the hash is what you will commit to the git repo. The files themselves
are stored in your local cache. You can “push” these real files to a remove
with dvc push -r <remote-name>.

When you clone a git repo that contains a DVC repo, you are only cloning the
git repo that contains these small *.dvc files. To obtain the real files
you can dvc checkout <path>.dvc, and it will fetch the data that matches
that hash from the remote cache and add it to your local cache.

Files managed by DVC will be visible in your local repo, but they will
generally be symlinked to your local cache. For example if you clone
a dvc git repo, and dvc checkout "bigfile.json", you will notice that
"bigfile.json" will actually be symlink like:
bigfile.json -> .dvc/cache/7b/ab735272e1b6dd4f0027d8fe123424.

An overview of the 4 locations to be aware of is illustrated:

[ REMOTE-GIT-REPO ]

    * Contains the ".dvc" files, which only store the hash corresponding to the real file

[ REMOTE-DVC-CACHE ]

    * Contains the real data (stored in a hashed file tree)

[ LOCAL-GIT-REPO ]

    * This will contain the ".dvc" files. The raw data files will also
      appear here, but they will generally by symlinked to your cache
      directory.

[ LOCAL-DVC-CACHE ]

    * Usually this lives in your <repo>/.dvc/cache folder, but it can be
      configured to live elsewhere.  This just contains a copy of whatever
      data on the remote-dvc-cache that you "pulled" onto your local machine.





These locations are illustrated in the following image from the DVC docs

[image: ../../_images/1_VIES1isu2zvmlZhJgIefYA.png]


Installation

DVC is a pure python package. You can simply pip install it. Ensure that you
include [ssh] to get the ssh dependencies, otherwise you wont be able to
talk to remote servers. It is best practice to do this in a virtual
environment.

pip install dvc[ssh]







Core Commands

The following links to the official documentation on core commands to use DVC minimally:


	dvc add - https://dvc.org/doc/command-reference/add - Track data files or directories with DVC, by creating a corresponding .dvc file.


	dvc checkout - https://dvc.org/doc/command-reference/checkout - Update DVC-tracked files and directories in the workspace based on current dvc.lock and .dvc files.


	dvc push - https://dvc.org/doc/command-reference/push - Upload tracked files or directories to remote storage based on the current dvc.yaml and .dvc files.


	dvc pull - https://dvc.org/doc/command-reference/pull - Download tracked files or directories from remote storage based on the current dvc.yaml and .dvc files, and make them visible in the workspace.


	dvc move - https://dvc.org/doc/command-reference/move - Rename a file or directory tracked with a .dvc file, and modify the .dvc file to reflect the change. The .dvc file is renamed if the file or directory has the same base name (typical).


	dvc remove - https://dvc.org/doc/command-reference/remove - Remove stages from dvc.yaml and/or stop tracking files or directories (and optionally delete them).


	dvc init - https://dvc.org/doc/command-reference/init - Initialize a DVC project in the current working directory.


	dvc unprotect - https://dvc.org/doc/command-reference/unprotect - Unprotect tracked files or directories (when hardlinks or symlinks have been enabled with dvc config cache.type).


	dvc cache - https://dvc.org/doc/command-reference/cache - Contains a helper command to set the cache directory location: dir.


	dvc config - https://dvc.org/doc/command-reference/config - Get or set project-level (or global) DVC configuration options.


	dvc remote - https://dvc.org/doc/command-reference/remote - A set of commands to set up and manage data remotes: add, default, list, modify, remove, and rename.






Details

Because a checked out DVC file will be a symlink, if you need to modify a file,
you will generally need to run dvc unprotect <path>, which will replace the
symlink with a copy of the real file. Then you can modify it as desired. Once
you are finished you can run dvc add <path>, which will check in the new
hashed file to the cache and modify the <path>.dvc file, which can then be
checked into git. You must then run dvc push <path>.dvc -r <remote> to
ensure the new data exists on the remote, otherwise when others check out your
new .dvc file, that corresponding hashed data won’t exist in the remote
cache!.

You can modify where your local cache directory lives. This is very useful for
shared machines that serve as the remote itself.

dvc cache dir --local /data/shared/dvc-cache/smart_watch_dvc





You can tell DVC about credentials needed to login to a remote server,
otherwise you will be prompted for a password each time.

dvc remote modify --local horologic user $AD_USERNAME
dvc remote modify --local horologic url ssh://horologic.kitware.com/data/dvc-caches/smart_watch_dvc

dvc remote modify horologic user jon.crall
dvc remote modify horologic url ssh://horologic.kitware.com/data/dvc-caches/smart_watch_dvc
dvc remote modify horologic port 22

dvc config core.check_update False







Use Cases

Change the name of a directory managed by dvc. Use dvc move on the file itself (not the dvc file).

Change the name of a file inside a directory manged by dvc. Use regular mv on the file and then dvc add the dvc managed directory.
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Getting started with AWS


Prerequisites

This assumes you have aws setup.


	get started with aws <getting_started_aws.rst>






Install Kubernetes CLI

We summarize the official kubectl install instructions [https://kubernetes.io/docs/tasks/tools/#kubectl] here.
The following is a script that will install the latest version of kubectl.

mkdir -p "$HOME/tmp/kub"
cd "$HOME/tmp/kub"

curl -LO "https://dl.k8s.io/release/$(curl -L -s https://dl.k8s.io/release/stable.txt)/bin/linux/amd64/kubectl"
curl -LO "https://dl.k8s.io/$(curl -L -s https://dl.k8s.io/release/stable.txt)/bin/linux/amd64/kubectl.sha256"
echo "$(<kubectl.sha256)  kubectl" | sha256sum --check

PREFIX=$HOME/.local
chmod +x kubectl
mkdir -p "$PREFIX"/bin
cp ./kubectl "$PREFIX"/bin/kubectl
# ensure $PREFIX/bin is in the PATH





Test that the install worked:

# Ensure that this works.
kubectl version --client --output=yaml







Next Steps


	get started with smartflow <../smartflow/getting_started_smartflow.rst>
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Setup your SSH Keys


Generating SSH Keys

If you do not have ssh keys generated, you will need to do that.

We recommend creating an ssh identity (using the ed25519 backend [https://en.wikipedia.org/wiki/EdDSA]). The following bash code shows how to
do this, ensuring the file has the correct permissions.

REMOTE_USERNAME="$USER"  # set to an identifier
PRIVATE_KEY_FPATH="$HOME/.ssh/id_${REMOTE_USERNAME}_ed25519"

if [ -f $PRIVATE_KEY_FPATH ]; then
    echo "Found PRIVATE_KEY_FPATH = $PRIVATE_KEY_FPATH"
else
    echo "Create PRIVATE_KEY_FPATH = $PRIVATE_KEY_FPATH"

    ssh-keygen -t ed25519 -b 256 -f $PRIVATE_KEY_FPATH -N "" -C ""
    echo $PRIVATE_KEY_FPATH

    # Ensure permissions correct and the new key is registered with the ssh-agent
    chmod 700 ~/.ssh
    chmod 400 ~/.ssh/id_*
    chmod 644 ~/.ssh/id_*.pub
    eval "$(ssh-agent -s)"
    ssh-add $PRIVATE_KEY_FPATH
fi





Remember to ensure the correct permissions:

chmod 700 ~/.ssh
chmod 600 ~/.ssh/config
chmod 600 ~/.ssh/authorized_keys
chmod 600 ~/.ssh/known_hosts
chmod 400 ~/.ssh/id_*
chmod 644 ~/.ssh/id_*.pub







Register SSH Keys with a Gitlab

For official instructions see: https://docs.gitlab.com/ee/user/ssh.html

For the kitware gitlab, navigate to your user preferences, by clicking your
user icon in the top right and then clicking preferences.

Then on the left menu click SSH keys.

Print out the contents of your public key via:

PUBLIC_KEY="$HOME/.ssh/id_${REMOTE_USERNAME}_ed25519.pub"
cat $PUBLIC_KEY





Then copy/paste that info the prompt for your “Key” on the website. Adding this
will allow you to clone and interact with repos without being prompted for
credentials each time.



Register SSH Keys with a DVC server

This is for Kitware employees with access to the VPN only.

This tutorial is also slightly older, and needs an update.

By creating pair of public/private SSH keys, you will be able to access git
repos and remote DVC caches without being prompted for server login
credentials.

We will assume you have these following environment variables. Please populate
with your information.

# This is usually Kitware active-directory username
REMOTE_USERNAME=<your-username-on-the-remote>

# This is the remote machine that is hosting the data cache
REMOTE_URI=the-remote-dvc-server.kitware.com

# Optional: make a one-word name for the server
REMOTE_NICKNAME=an alias for the server





For example, my username on horologic.kitware.com is jon.crall, and I
like to refer to the server as horologic.

REMOTE_USERNAME=jon.crall
REMOTE_URI=horologic.kitware.com
REMOTE_NICKNAME=$(echo $REMOTE_URI | cut -d. -f1)





Once you have this information, create an ssh identity (
using the ed25519 backend [https://en.wikipedia.org/wiki/EdDSA]). The
following bash code shows how to do this, ensuring the file has the correct
permissions, and also sending the public key to the remote server you want to
authenticate with:

PRIVATE_KEY_FPATH="$HOME/.ssh/id_${REMOTE_USERNAME}_ed25519"

if [ -f $PRIVATE_KEY_FPATH ]; then
    echo "Found PRIVATE_KEY_FPATH = $PRIVATE_KEY_FPATH"
else
    echo "Create PRIVATE_KEY_FPATH = $PRIVATE_KEY_FPATH"

    ssh-keygen -t ed25519 -b 256 -f $PRIVATE_KEY_FPATH -N ""
    echo $PRIVATE_KEY_FPATH

    # Ensure permissions correct and the new key is registered with the ssh-agent
    chmod 700 ~/.ssh
    chmod 400 ~/.ssh/id_*
    chmod 644 ~/.ssh/id_*.pub
    eval "$(ssh-agent -s)"
    ssh-add $PRIVATE_KEY_FPATH

    # -----------------------------------------
    # Step 2: Register SSH Keys with dvc remote
    # -----------------------------------------
    # Run ssh-copy-id to let the remote know about your ssh keys
    # You will have to enter your active-directory password here
    ssh-copy-id -i $PRIVATE_KEY_FPATH $REMOTE_USERNAME@$REMOTE_URI
fi





Depending on your configuation you may need to explicitly register this key
with this remote on your local machine.  Append the appropriate lines to your
$HOME/.ssh/config file:

Host $REMOTE_NICKNAME $REMOTE_URI
    HostName $REMOTE_URI
    Port 22
    User ${REMOTE_USERNAME}
    identityfile "$HOME/.ssh/id_${REMOTE_USERNAME}_ed25519"





If you defined the above environment variables you should be able to run this
code to ensure it exists programatically:

codeblock(){
    __doc__="
    Helper function for unindenting text
    "
    echo "$1" | python -c "import sys; from textwrap import dedent; print(dedent(sys.stdin.read()).strip('\n'))"
}

# If the host is not already registered in your config then add it
HOST_IN_CONFIG="$(cat $HOME/.ssh/config | grep '^ *HostName *'$REMOTE_URI)"
if [[ "$HOST_IN_CONFIG" == "" ]]; then
    echo "Adding host do your config"
    codeblock "
        # Programatically added bock
        Host $REMOTE_NICKNAME $REMOTE_URI
            HostName $REMOTE_URI
            Port 22
            User ${REMOTE_USERNAME}
            identityfile "$HOME/.ssh/id_${REMOTE_USERNAME}_ed25519"
    " >> $HOME/.ssh/config
    chmod 600 ~/.ssh/config
else
    echo "Host was already in your config"
fi





For the working example variables it may look like this:

Host horologic horologic.kitware.com
    HostName horologic.kitware.com
    Port 22
    User jon.crall
    identityfile ~/.ssh/id_jon.crall_ed25519





Remember to ensure the correct permissions:

chmod 700 ~/.ssh
chmod 600 ~/.ssh/config
chmod 600 ~/.ssh/authorized_keys
chmod 600 ~/.ssh/known_hosts
chmod 400 ~/.ssh/id_*
chmod 644 ~/.ssh/id_*.pub







Troubleshooting SSH Keys

If you receive a permission error when you do a git pull and you are sure your
public ssh key is correctly registered with gitlab, you can do the following to
force git to use a particular ssh key.

export GIT_SSH_COMMAND="ssh -i <path-to-key>"

# OR

git config --local core.sshCommand 'ssh -i <path-to-key>'





Information from SO41385199 [https://stackoverflow.com/questions/41385199/force-git-to-use-specific-key-pub].
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Installing Python

On Linux we recommend using pyenv to install Python.
Alternatively, you can use conda, but note that
on Linux we only use pip install to install Python packages, and we never
use conda install. This ensures we have access to all depenedencies while
minimizing the possibility of dependency conflicts.

To install Python on windows, we only support conda because we
don’t know of any other easy way to obtain GDAL wheels.




            

          

      

      

    

  

  
    
    

    Create GEOWATCH Environment with Conda
    

    
 
  

    
      
          
            
  To install Miniconda3, follow the instructions below for Linux. For Windows 11
users, the Windows Subsystem for Linux (WSL) allows you to run Linux within
Windows.

# Download the conda install script into a temporary directory
mkdir -p ~/tmp
cd ~/tmp

# To update to a newer version see:
# https://docs.conda.io/en/latest/miniconda_hashes.html for updating
CONDA_INSTALL_SCRIPT=Miniconda3-py310_23.3.1-0-Linux-x86_64.sh
curl https://repo.anaconda.com/miniconda/$CONDA_INSTALL_SCRIPT > $CONDA_INSTALL_SCRIPT

# For security, it is important to verify the hash
CONDA_EXPECTED_SHA256=aef279d6baea7f67940f16aad17ebe5f6aac97487c7c03466ff01f4819e5a651
echo "${CONDA_EXPECTED_SHA256}  ${CONDA_INSTALL_SCRIPT}" > conda_expected_hash.sha256
if ! sha256sum --status -c conda_expected_hash.sha256; then
    echo "Downloaded file does not match hash! DO NOT CONTINUE!"
else
    echo "Hash verified, continue with install"
    chmod +x $CONDA_INSTALL_SCRIPT
    # Install miniconda to user local directory
    _CONDA_ROOT=$HOME/.local/conda
    sh $CONDA_INSTALL_SCRIPT -b -p $_CONDA_ROOT
    # Activate the basic conda environment
    source $_CONDA_ROOT/etc/profile.d/conda.sh
    # Update the base
    conda update --name base conda --yes
fi





NOTE: If using conda, do NOT use conda install to install Python packages.


Create GEOWATCH Environment with Conda

If using conda, the instructions below can be used to create the GEOWATCH Conda
environment.

mkdir WATCH_DIR #(pick a name of your choice)
cd WATCH_DIR
git clone https://gitlab.kitware.com/computer-vision/geowatch.git
cd geowatch
conda env create -f conda_env.yml
conda activate geowatch





To deactivate the geowatch environment, run:

conda deactivate





To remove the geowatch environment, run:

conda deactivate #(if geowatch is activated before)
conda remove --name geowatch --all





To update the geowatch environment when new packages have been added, run:

conda activate geowatch
conda env update -f deployment/conda/conda_env.yml
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Installing Pyenv

An fully FOSS alternative to a conda environment is pyenv.
The only real drawback to pyenv is that you must be able to compile Python
itself.

On ubuntu this can be setup as follows:

### Based on code in https://github.com/Erotemic/local/blob/main/tools/pyenv_ext/pyenv_ext_commands.sh

apt_ensure(){
     __doc__="
     Checks to see if the packages are installed and installs them if needed.
     "
     ARGS=("$@")
     MISS_PKGS=()
     HIT_PKGS=()
     # Only use the sudo command if we need it (i.e. we are not root)
     _SUDO=""
     if [ "$(whoami)" != "root" ]; then
         _SUDO="sudo "
     fi
     # shellcheck disable=SC2068
     for PKG_NAME in ${ARGS[@]}
     do
         # Check if the package is already installed or not
         if dpkg -l "$PKG_NAME" | grep "^ii *$PKG_NAME" > /dev/null; then
             echo "Already have PKG_NAME='$PKG_NAME'"
             # shellcheck disable=SC2268,SC2206
             HIT_PKGS=(${HIT_PKGS[@]} "$PKG_NAME")
         else
             echo "Do not have PKG_NAME='$PKG_NAME'"
             # shellcheck disable=SC2268,SC2206
             MISS_PKGS=(${MISS_PKGS[@]} "$PKG_NAME")
         fi
     done
     # Install the packages if any are missing
     if [ "${#MISS_PKGS}" -gt 0 ]; then
         if [ "${UPDATE}" != "" ]; then
             $_SUDO apt update -y
         fi
         $_SUDO apt install -y "${MISS_PKGS[@]}"
     else
         echo "No missing packages"
     fi
 }

 # Install requirements for building Python (apt-specific command, might be different for other distros)
 apt_ensure \
     make build-essential libssl-dev zlib1g-dev \
     libbz2-dev libreadline-dev libsqlite3-dev wget curl llvm libncurses5-dev \
     libncursesw5-dev xz-utils tk-dev libffi-dev liblzma-dev

 # Download pyenv
 export PYENV_ROOT="$HOME/.pyenv"
 if [[ ! -d "$PYENV_ROOT" ]]; then
     git clone https://github.com/pyenv/pyenv.git $PYENV_ROOT
     (cd $PYENV_ROOT && src/configure && make -C src)
 fi

 # We will need to add something similar in your bashrc
 if [ -d "$PYENV_ROOT" ]; then
     export PATH="$PYENV_ROOT/bin:$PATH"
     eval "$($PYENV_ROOT/bin/pyenv init -)"
     source $PYENV_ROOT/completions/pyenv.bash
 fi

 # Compiling with optimizations makes Python run ~20% faster:
 # For more info see:
 # https://github.com/docker-library/python/issues/160#issuecomment-509426916
 # https://gist.github.com/nszceta/ec6efc9b5e54df70deeec7bceead0a1d
 # https://clearlinux.org/news-blogs/boosting-python-profile-guided-platform-specific-optimizations
 CHOSEN_PYTHON_VERSION=3.10.5

 PROFILE_TASK="-m test.regrtest --pgo test_array test_base64 test_binascii test_binhex test_binop test_c_locale_coercion test_csv test_json test_hashlib test_unicode test_codecs test_traceback test_decimal test_math test_compile test_threading test_time test_fstring test_re test_float test_class test_cmath test_complex test_iter test_struct test_slice test_set test_dict test_long test_bytes test_memoryview test_io test_pickle"

 PYTHON_CONFIGURE_OPTS="--enable-shared --enable-optimizations --with-computed-gotos --with-lto"

 PYTHON_CFLAGS="-march=native -O2 -pipe"

 PROFILE_TASK=$PROFILE_TASK \
 PYTHON_CFLAGS="$PYTHON_CFLAGS" \
 PYTHON_CONFIGURE_OPTS="$PYTHON_CONFIGURE_OPTS" \
 pyenv install $CHOSEN_PYTHON_VERSION --verbose

 # Set your global pyenv version, so your prefix maps correctly.
 pyenv shell $CHOSEN_PYTHON_VERSION
 pyenv global $CHOSEN_PYTHON_VERSION

 # Create the virtual environment
 PYENV_PREFIX=$(pyenv prefix)
 python -m venv $PYENV_PREFIX/envs/pyenv$CHOSEN_PYTHON_VERSION

 # Add this to your bashrc so you have access to the pyenv command
 # and optionally auto-start in a virtual environment

 #### START BASHRC PART ###
 echo "#### ADD THIS TO YOUR BASH RC ####"
 BASHRC_CONTENTS='

 # Add the pyenv command to our environment if it exists
 export PYENV_ROOT="$HOME/.pyenv"
 if [ -d "$PYENV_ROOT" ]; then
     export PATH="$PYENV_ROOT/bin:$PATH"
     eval "$($PYENV_ROOT/bin/pyenv init -)"
     source $PYENV_ROOT/completions/pyenv.bash
     export PYENV_PREFIX=$(pyenv prefix)
 fi

 # Optionally auto-activate the chosen pyenv pyenv environment
 CHOSEN_PYTHON_VERSION=3.10.5
 if [ -d "$PYENV_PREFIX/envs/pyenv$CHOSEN_PYTHON_VERSION" ]; then
     source $PYENV_PREFIX/envs/pyenv$CHOSEN_PYTHON_VERSION/bin/activate
 fi
 '
 echo "#### ADD THE ABOVE TO YOUR BASH RC ####"
 echo "$BASHRC_CONTENTS"
 #### END BASHRC PART ####






Create GEOWATCH environment with Pyenv

First create and activate a new virtual environment (note this could be done
with conda as well).

A virtual environment can be created with the standard venv module.
Assuming you have installed Python with pyenv the following will create a
virtual environment.

CHOSEN_PYTHON_VERSION=3.10.5
# Set your shell to use this pyenv shim
pyenv shell $CHOSEN_PYTHON_VERSION

# Create the virtual environment
python -m venv $(pyenv prefix)/envs/pyenv-geowatch

# Activate the virtual environment
source $(pyenv prefix)/envs/pyenv-geowatch/bin/activate





Once you are in a virtual environment (managed by either conda or pyenv), the
GEOWATCH Python module can then be installed with pip via the following
command, where /path/to/geowatch-repo is the absolute path to the directory
containing to GEOWATCH repo.

NOTE: It is important you install the module with the editable (-e) flag,
otherwise changes you make to the module, will not be reflected when you run
your scripts.

pip install -e /path/to/geowatch-repo





This is more commonly done as

cd /path/to/geowatch-repo
pip install -e .





This installation process is also scripted in the top-level
run_developer_setup.sh script and takes care of issues that can arise with
opencv-python.

After the geowatch module has been installed to your python environment, it
can be imported from anywhere regardless of the current working directory as
long as the virtual environment was installed in is active.





            

          

      

      

    

  

  
    
    

    Installing GEOWATCH For Development
    

    
 
  

    
      
          
            
  
Installing GEOWATCH For Development

There are two methods for installing GEOWATCH in development mode.
The first is a local install (recommended), and the second is using a docker
image. This document goes over both options.


Option 1: Local Install


Install Python

Python 3.8+ is required for GEOWATCH. Python versions can be managed with either
conda or pyenv. Working with conda is more beginner friendly, but pyenv has
less commercial restrictions, but requires a compiler certain system libraries
(e.g. openssl, sqlite3, readline, ffi, curses, bz2, etc..) to compile Python.
If you are able to compile Python We recommend using pyenv.

To install pyenv, see the pyenv installation instructions.

To install conda, see the conda installation instructions.

NOTE: If using conda, do NOT use conda install to install Python packages,
we only use conda to install the Python binaries. We exclusively use pip to
manage packages.



Non-Python Requirements

There are several binary libraries that some components of the geowatch
module might assume exist, but don’t have Python distributions. These are:


	ffmpeg - for making animated gifs


	tmux - for the tmux queue (to be replaced by slurm)


	jq - for special kwcoco json queries




On Debian-based systems install these via:

sudo apt install ffmpeg tmux jq







Installing

Assuming you have cloned this repo, and you are in a Python virtual
environment, cd into the root of the repo and then geowatch can be setup using
the run_developer_setup script.

cd $HOME/code/watch
bash ./run_developer_setup.sh





or more explicitly via:

# Update Python build tools
pip install pip setuptools wheel build -U

# Install Kitware's gdal wheels
pip install -r requirements/gdal.txt

# Install linting tools
pip install -r requirements/linting.txt

# Install the main geowatch package with all development extras
pip install -e .[development,optional,headless]







Testing

You can test that geowatch is correctly installed by running the run tests script:

./run_tests.py








Option 2: Docker Image

This repository also includes a Dockerfile that can be used to
build the GEOWATCH Docker image.  The built Docker image will have the
GEOWATCH Conda environment and GEOWATCH Python module pre-installed.

To build the conda Docker image:

docker build .





To build the pyenv Docker image:

# Requires pulling this file for new docker-buildkit syntax
docker login
docker pull docker/dockerfile:1.3.0-labs

DOCKER_BUILDKIT=1 docker build --progress=plain -t "watch_pyenv310" -f ./dockerfiles/pyenv.Dockerfile .





The usage of conda is no longer directly supported, but still exists for user
convinience. However, pyenv is strongly recommended.
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Understanding Editable Installs

This document provides a brief overview of how Python packages interact in your
system.

Within a Python (virtual) environment there are several ways that
the Python import system [https://docs.python.org/3/reference/import.html]
determines which package you mean when you run import packagename.

It needs to resolve packagename to a path containing the package, and it
does this by searching in
the following order [https://docs.python.org/3/tutorial/modules.html#the-module-search-path]:


	The current working directory.


	Each directory listed in the PYTHONPATH environment variable (which is reflected as sys.path inside Python interpreter).


	The “site-packages” directory.




In 99% of cases the final package it finds will be in the site-packages
directory. This is because 1. Quality code should not rely on a user being
in a specific working directory and, 2. The user should never need to modify
their PYTHONPATH as a manner of routine (modifying PYTHONPATH is for
rare hacks). Thus for the rest of this document we will focus on the
site-packages case. This begs the question: “Where is my site packages?”. The
following code snippet will print it out for you.

python -c "import sysconfig; print(sysconfig.get_paths()['platlib'])"






Installing to Site Packages

A Python package can be installed into your site-packages directory in two ways:


	A normal static installation where the entire package is copied into your site-packages directory.


	An development editable installation, where a link to your code is copied into site-packages, thus changes are reflected immediately.




Whenever you type pip install packagename, pip will download all of the
code associated with packagename and copy it directly into your your
site-packages folder.

A similar story occurs when you pass pip a path to a package repo with a
setup.py or pyproject.toml. In this case,
pip install <path-to-repo> or if you are currently in that repo
pip install . will copy all of the code from your repo into
site-packages.  Thus, if you were to make a modification to your original code,
in general, it would not be reflected because the code in site-packages was an
exact copy of your code at install time.

However, this leads to a GOTCHA. If you are in the repo directory, and you have
previously done a full copy install, and you open IPython and type
import packagename, the import mechanism will see your current working path
before it sees the copy of the package in site-packages, so it might seem
like changes you are making are reflected, but if you move to a different
directory, you will get the package in site-packages.

To remedy this, we typically use an editable install.
Instead of running pip install <path-to-repo>
we run pip install -e <path-to-repo> or more
typically in the repo directory:  pip install -e .. This means no matter
where you are in your file system, when you type import packagename you
will get the one you are developing on.

GOTCHA: Even though editable installs reflect changes immediately, they only
reflect changes up to the point where the module was imported, so if you run a
long running script, but make changes, the code that is executing will not see
those changes. However in IPython you can use the
autoreload plugin [https://ipython.org/ipython-doc/3/config/extensions/autoreload.html]
to make code refresh between statements.

GOTCHA: You can get your system into a weird state where site-packages has both
an editable install and a static install of the same package. The general
strategy to deal with this is to keep uninstalling the package until pip says
that there is nothing left to uninstall. Typically this means you run pip
install packagename 2 or 3 times and then you can pip install -e . to get
a clean development install of the package.

GOTCHA: Any console scripts (i.e. the invocations of programs specified in the
entry_points['console_scripts'] section of setup.py) are statically
installed even in editable mode. Thus the console scripts change at all you may
need to rerun pip install -e ..




See Also

There are several other documents on the topic:


	https://tenthousandmeters.com/blog/python-behind-the-scenes-11-how-the-python-import-system-works/


	https://towardsdatascience.com/understanding-python-imports-init-py-and-pythonpath-once-and-for-all-4c5249ab6355


	https://www.devdungeon.com/content/python-import-syspath-and-pythonpath-tutorial
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GEOWATCH On Windows

Windows usage is far less tested than Linux. If possible use Linux, but we will
try to support windows.  This document outlines high level steps to get
geowatch running on windows.  We will use miniconda3 for Python. Other options
will works.

Steps I used on windows 10:


Installer Miniconda

Download Miniconda3 Windows 64-bit installer [https://docs.conda.io/en/latest/miniconda.html] (with Python 3.10 as the default).

Run the installer (using default settings).



Install Bash

We will also need msys or git-bash

Download the git-bash 64-bit standalone installer <https://git-scm.com/download/win> and install it with default settings.



Environment Setup

From the start menu, run the Anaconda Prompt (miniconda).

BEFORE installing geowatch we will need to use conda to get some dependencies
that don’t have windows binaries hosted on pypi.

It is recommened to be in a virtual enviornment

conda create -n geowatch python=3.10 -y
conda activate geowatch

conda install gdal jq scikit-learn ffmpeg curl -c conda-forge -y

# If you don't have a GPU
conda install pytorch torchvision cpuonly -c pytorch -y

# If you have a NVIDIA GPU (untested)
conda install pytorch torchvision pytorch-cuda=11.8 -c pytorch nvidia -y





Now that these initial requirements have been satisfied we will use pip to
install the rest of the requirements:

pip install geowatch[headless]







Optional: Installing From Source

If you want to use the source code directly, open an anaconda prompt and run:

# Or the path to wherever you installed the git bash executable
"C:\Program Files\Git\bin\bash.exe"

source $USERPROFILE/miniconda3/etc/profile.d/conda.sh
conda activate geowatch

git clone https://gitlab.kitware.com/computer-vision/geowatch
cd geowatch
pip install -e .[headless]







Running The Tutorial

Unfortunately I’ve been unable to figure out how to get the bash kernel for
Jupyter notebooks to work on Windows. To run the tutorial you will need to run
the bash commands directly in msys or git-bash.

From the start menu, open an anaconda prompt. In this shell we need to start bash and then activate our conda virtualenv:

"C:\Program Files\Git\bin\bash.exe"

source $USERPROFILE/miniconda3/etc/profile.d/conda.sh
conda activate geowatch





The bash tutorial lives here [https://gitlab.kitware.com/computer-vision/geowatch/-/blob/main/tutorial/tutorial1_rgb_network.sh],
and can be downloaded and run via:

curl -LJO https://gitlab.kitware.com/computer-vision/geowatch/-/raw/main/tutorial/tutorial1_rgb_network.sh

# Show the tutorial (it's readable)
cat tutorial1_rgb_network.sh

# The tutorial is self-executing.
source tutorial1_rgb_network.sh





OR if you cloned the source repo:

cd geowatch
./tutorial/tutorial1_rgb_network.sh





Or you can run the tutorial commands one at a time by copy / pasting commands
from the script into your terminal.


WSL2 Instructions

Ensure you have WSL2 enabled:

In the start menu search for “Turn Windows Features On or Off”. A Windows
Features dialog will pop up. Scroll down to “Windows Subsystem for Linux” and
ensure it is checked. Press OK, and restart your computer when prompted.

After rebooting type “powershell” in the start menu. Right click the powershell
icon and click run as administrator.

wsl --install -d Ubuntu





You might be prompted to visit a web page for more information. You will need
to do this to download and install a WSL2 Linux kernel update package.

You might get an error:

“Error: 0x80370102 The virtual machine could not be started because a required feature is not installed.”

Which means you need to enable virtualization in your BIOS, AND ensure that
“Virtual Machine Platform” windows feature is enabled.

https://support.microsoft.com/en-us/windows/enable-virtualization-on-windows-11-pcs-c5578302-6e43-4b4b-a449-8ced115f58e1

If this works you will be prompted to enter a new username/password.




Running on WSL2

If you have a working WSL2 prompt, install conda:

# Download the conda install script into a temporary directory
mkdir -p ~/tmp
cd ~/tmp

# To update to a newer version see:
# https://docs.conda.io/en/latest/miniconda_hashes.html for updating
CONDA_INSTALL_SCRIPT=Miniconda3-py310_23.3.1-0-Linux-x86_64.sh
curl https://repo.anaconda.com/miniconda/$CONDA_INSTALL_SCRIPT > $CONDA_INSTALL_SCRIPT

# For security, it is important to verify the hash
CONDA_EXPECTED_SHA256=aef279d6baea7f67940f16aad17ebe5f6aac97487c7c03466ff01f4819e5a651
echo "${CONDA_EXPECTED_SHA256}  ${CONDA_INSTALL_SCRIPT}" > conda_expected_hash.sha256
if ! sha256sum --status -c conda_expected_hash.sha256; then
    echo "Downloaded file does not match hash! DO NOT CONTINUE!"
else
    echo "Hash verified, continue with install"
    chmod +x $CONDA_INSTALL_SCRIPT
    # Install miniconda to user local directory
    _CONDA_ROOT=$HOME/.local/conda
    sh $CONDA_INSTALL_SCRIPT -b -p $_CONDA_ROOT
    # Activate the basic conda environment
    source $_CONDA_ROOT/etc/profile.d/conda.sh
    # Update the base
    conda update --name base conda --yes
fi





Create an activate the virtual env

conda create -n geowatch python=3.10 -y
conda activate geowatch





Install geowatch and GDAL:

pip install geowatch[headless,development,optional]

pip install --prefer-binary GDAL>=3.4.1 --find-links https://girder.github.io/large_image_wheels





You will also want to install ffmpeg:

sudo apt update -y
sudo apt install ffmpeg -y





It also may be necessary to install the following packages:

sudo apt install libxcb-icccm4, libxcb-image0, libxcb-keysyms1, libxcb-render-util0, libxcb-xkb1, libxkbcommon-x11-0 -y





You can download the shell version of the tutorial:

curl -LJO https://gitlab.kitware.com/computer-vision/geowatch/-/raw/main/tutorial/tutorial1_rgb_network.sh

# Can be run directly
source tutorial1_rgb_network.sh





Or the Jupyter version of the tutorial:

curl -LJO https://gitlab.kitware.com/computer-vision/geowatch/-/raw/main/tutorial/tutorial1_rgb_network.ipynb

# ensure you have jupyter with bash_kernel installed
pip install jupyter bash_kernel
python -m bash_kernel.install

# Start the notebook
jupyter notebook tutorial1_rgb_network.ipynb





For Jupyter on WSL you will need to start a browser on your host machine. Use
the URL with the authentication token the jupyter notebook command printed
out (you should be able to ctrl+click it)
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Question

I have a general question regarding model prediction. During the model training
phase, we utilized a specific input data dimension (e.g., 192). When our
trained model generates predictions, does it predict a cropped test image of
the same size as the input data (e.g., 192), subsequently stitching the
prediction image into the original size of the test image? Alternatively, does
the model directly predict the original size of the test image?



Answer

By default, yes. The input sizes: T H W (i.e. time, width, height) should be the same as the output.

The input resolution and output resolution are allowed to be different (e.g.
you can set --input_resolution=2GSD --output_resolution=8GSD).
The data loader will always produce data at the specified input resolution, and
it encodes the desired output resolution in each batch item, but ultimately,
it’s the underlying model’s job to produce the output. I think the
MultimodalTransformer does respect it, but the feature is still experimental,
so it might need to be debuged / developed more.

By default, at predict time, the input window size and output window size will
be the same as whatever the train time parameters were (this information is
encoded in the torch package - and tracking metadata like this is one of most
important reasons that we use torch package). But all of the parameters of the
KWCocoVideoDatasetConfig can be overloaded by the user (E.g. we can request
that a model trained at 2GSD predict at 4GSD), so we can use different window
sizes at predict time. I have tested this, and the model still seems to do
well, but I didn’t measure if there is a impact on the output quality or not -
it looks reasonable, but I imagine it might have a hard time extrapolating to
positional encodings that are very different than what it saw at train time
(although our continuous ad-hoc curriculum learning ensures the model has seen
a few different variations of the positional encodings).

Wrt to the stitcher, we know:


	input video size (e.g. 24 frames, 4,000 x 4,000 @ 2GSD)


	input time kernel (e.g. 5-consecutive-frames)


	input window size (e.g. 128x128@2GSD)


	input window resolution (e.g. 2GSD)


	output window resolution (e.g. 4GSD)




So, we grid up video spacetime into  a set of “targets”, each target species a
spacetime window (e.g. 128x128 and the selected 5 frames).

Now we iterate through each of these targets. Whenever we load a target the
KWCocoVideoDataset also computes its expected output dimensions, and where the
expected output should be stitched into video space (e.g. this output will go
on image-ids x,y,z in bounding box location LTRB). The sampled input for each
target is fed to the model, and it’s the model’s job to produce data that
agrees with the computed output dimensions. Now, we have an output, and know
where it should go. We pass that to the stitcher, which “accumulates” the new
information into a pre-allocated memory buffer big enough to hold the entire
output (this actually needs optimization, sometimes videos are too long / bit).
Overlaping windows are smoothed out by having the stitcher accumulate running
weighted averages. The final image written to disk is the mean image of all
data that was stitched in each location.

I think this image illustrates the process well:

[image: ../../_images/exGv3uX.png]
[image: ../../_images/download.png]
I’ve been writing up slides like this with software-level descriptions here:
https://docs.google.com/presentation/d/125kMWZIwfS85lm7bvvCwGAlYZ2BevCfBLot7A72cDk8/edit#slide=id.g2947606d6c1_0_309

Lastly, I want to point out that a transformer with a proper decoder can
“encode” any sequence of images in any resolution and then “decode” those to a
completely different set of spacetime locations. I envision a future network
doing this. Given an input sequence we provide it with positional encodings
that seed the output locations we are interested in prediction (which could be
the same as the inputs, or it could ask a what if question by choosing a
positional encoding for a place it hasn’t seen yet).
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Question

Does geowatch integrate with STAC?



Answer

Yes, we use STAC.

In fact STAC is the basis for all of our geospatial-first data interchange.
Kitware is a performer in the IARPA SMART program, which provides all data via
STAC endpoints. We started using it in early 2021, and we’ve seen it improve
over the past 3 years. Kitware’s entry for this challenge is powered by our
geowatch software.

We have a process to convert STAC to KWCOCO, which puts the geospatial data
into a pixel-first context. The end-to-end pipeline is outlined here:
geowatch/cli/prepare_ta2_dataset.py where the input is a geojson file
indicating the spacetime area of interest. The output is a corresponding kwcoco
dataset.

The above just defines the pipeline. The information flow is as follows:


	Run geowatch.cli.stac_search to identify matching STAC entries.


	Run geowatch.cli.baseline_framework_ingress  which converts query results to a STAC catalog.


	Run geowatch.cli.stac_to_kwcoco which does the conversion to kwcoco (note: no data is pulled here, we just make a kwcoco file that points at the remote URLs for each relevant asset)


	Run geowatch.cli.coco_align which uses GDAL to download crops / overviews of the underlying assets. This is what puts the data on disk and lets the ML engineers play with it. Everything in the geowatch system is KWCOCO from this point on, but I do see a future where predicted heatmaps added as new raster bands to the KWCOCO file are then indexed via STAC and pushed back up to some storage location.




Once inside of a kwcoco file we have a fairly sophisticated dataloader that
allows users to request data in arbitrary resolutions. This logic lives in
geowatch.tasks.fusion.datamodules.kwcoco_dataset. It’s powered by the
delayed-image library.
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  ## Directory Structure for Multi-task Integration

## Design Goals (2021):



	[ ] Standard format in which individual tasks (e.g. semantic segmentation, fusion, etc…) can be executed.


	[ ] Make common code shared among teams for increased re-usability.


	[ ] All tasks can be executed through a common fit and predict modules with similar APIs.







## Design Goals (2023):



	[ ] Have tools infer sensible defaults whenever possible.


	[ ]







## Directory Structure:


watch
├── datasets                                    # generatic re-usable dataset templates
│   ├── video.py
│   ├── segmentation.py
│   ├── detection.py
│   ├── classification.py
│   └── …
├── tasks                                       # Individual tasks for each group
│   ├── <fusion_task>
│   │   └── …
│   ├── <rutgers_task>
│   │   ├── <rutgers_task>_dataset.py           # method specific datasets
│   │   ├── models                              # method specific models
│   │   │   ├── <rutgers_task>_model.py
│   │   ├── utils                               # method specific utilities
│   │   │   ├── <rutgers_task>_specific_util.py
│   │   ├── fit.py
│   │   ├── predict.py
│   │   └── …
│   ├── <u_maryland_task>
│   │   └── …
│   ├── <u_conn_task>
│   │   └── …
│   ├── <u_kentucky_task>
│   │   └── …
│   └── …
├── models                                      # generaic or common models. This can also contain all models.
│   ├── resnet.py
│   ├── unet.py
│   ├── segnet.py
│   ├── deeplabv3.py
│   ├── aspp.py
│   ├── swin.py
│   └── …
├── utils                                       # generic re-usable utilities
│   ├── util_raster.py
│   ├── util_girder.py
│   ├── util_visualization.py
│   └── …
├── gis                                         #
├── demo                                        # Demos
├── validation                                  #
└── …




The name of each task, can be chosen by the owners of that task.
Code in each task folder should contain at minimum two scripts:


	fit.py  for training a model from a specified dataset, and


	predict.py for predicting on a specified dataset given a specified model.




Other code in each task folder can be arbitrary, and task-developers should be
able to expect that their task folder to be somewhat sandboxed, and
other developers will not introduce conflicts.

#### Usage:
This structure allows for training and evaluating tasks independently,
or evaluate models jointly (meaning concatenated features) through
the fusion module. When a method stores the best performing model,
it saves a “deployed.zip” zipfile which contains dataset hyperparameters,
model weights, and method specific configurations.

#### Fit API:
To train a model, we expect that the task-specific fit script will use
a command line interface somewhat like this:

`bash
python -m geowatch.tasks.<task_name>.fit --train_dataset=<path-to-kwcoco> --vali_dataset=<path-to-kwcoco> <additional hyperparam config>
`

The <additional hyperparam config> could be additional command line
parameters (e.g. –lr=3e-4, –batch_size=4) or a path to a config
file (e.g. –config=<path-to-yml>), which might also contain the
train and validation dataset paths (although we strongly recommend
that passing paths to the training / validation / testing datasets
be specifiable via the command line). Note the best-of-both-worlds
can be obtained by using scriptconfig (https://pypi.org/project/scriptconfig/)
for configuration management.

At a minimum, this fit task should produce a trained state-dict for a
particular model. Ideally the task will use torch-liberator
(https://pypi.org/project/torch-liberator/) to package that state-dict
with the model code itself, and a json file containing relevant metadata
into a standalone deploy zipfile.

NOTE: if your method does not require learning parameters of a model, it is
fine to omit the “fit” script and just provide “predict”.

#### Predict API:
To predict with a model, we expect that there will be a task-specific
predict script. This should take model weights to predict with,
and a kwcoco dataset to predict on.

`bash
python -m geowatch.tasks.<task_name>.predict --deployed=<path-to-deploy-zipfile> --dataset=<path-to-kwcoco> <additional prediction config>
`

The output of this script should be a modified version of the input
kwcoco file with additional annotations / auxiliary channels predictions.
Again <additional prediction config> can be a config file, or additional
command line arguments (again we suggest using scriptconfig).

#### Evaluation:

Evaluation will be handled by using the predict API in conjunction with an
external evaluation tool.

### Examples:

Example invocations of fit and predict scripts may look like this:


	```bash
	python -m geowatch.tasks.rutgers.fit –train_dataset=drop0-train.kwcoco.json –config=train_config_v1.yml

python -m geowatch.tasks.rutgers.predict –deployed=model_v1.zip –dataset=drop0-test.kwcoco.json

python -m geowatch.tasks.invariants.fit –train_dataset=drop0-train.kwcoco.json –vali_dataset=drop0-train.kwcoco.json –model=custom_arch_v1 –init=<path/to/pretrained/state.pt> –lr=1e-3 –workers=8 –workdir=$HOME/work/smart –name=myexpt_v1
python -m geowatch.tasks.invariants.predict –deployed=$HOME/work/smart/myexpt_v1/deployed.zip –dataset=drop0-test.kwcoco.json –output=drop0-test-predictions.kwcoco.json

python -m geowatch.tasks.fusion.fit –config fusion_fit_config_v5.yml
python -m geowatch.tasks.fusion.predict –config fusion_predict_config_v5.yml





```
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Supporting Projects

These are a list of important projects that are used extensively in GEOWATCH. In
some cases these are being developed simultaneously with GEOWATCH.


	https://gitlab.kitware.com/computer-vision/kwcoco - Importance: CRITICAL - This is our data exchange


	https://gitlab.kitware.com/computer-vision/ndsampler - Importance: VERY HIGH - The engine behind the dataloader, the CocoSampler API should be understood if working with the KWCocoVideoDataset.


	https://gitlab.kitware.com/computer-vision/delayed_image - Importance: HIGH - This is what enables efficient sampling of COGs.


	https://gitlab.kitware.com/computer-vision/kwimage - Importance: HIGH - expressive but concise wrappers around cv2, gdal, PIL, scikit-image, rasterio, and some custom tooling


	https://gitlab.kitware.com/computer-vision/kwarray - Importance: HIGH - defines many numpy / torch functional utilities


	https://gitlab.kitware.com/utils/scriptconfig - Importance: HIGH - This library is how the CLI tools are written and configured, basic familiarly is required to modify anything that requires configuration.


	https://github.com/Erotemic/xdoctest - Importance: HIGH - The front line of our testing and documentation


	https://github.com/Erotemic/ubelt : Importance : HIGH - There are a lot of ubelt constructs used in this library. Path, cmd, Cacher, CacheStamp, download, grabdata, Executor, ProgIter, NiceRepr, etc…


	https://gitlab.kitware.com/computer-vision/cmd_queue - Importance: Medium - This is the tool we use for running DAGs of bash commands locally. It is the engine that powers MLOPs.


	https://gitlab.kitware.com/smart/metrics-and-test-framework - Importance: Medium-high - This is our internal fork of the IARPA metrics module / scoring scripts. This is important only for SMART performers.


	https://gitlab.kitware.com/computer-vision/torch_liberator - Importance: Medium - partial weight loading


	https://github.com/Erotemic/networkx_algo_common_subtree - Importance: Low - part of torch-liberator


	https://gitlab.kitware.com/computer-vision/kwplot - Importance: Low - matplotlib stuff. Useful, but usually not on the critical path.


	https://github.com/Erotemic/xdev - Importance: Low - mainly for debugging, xdev.embed, xdev.embed_on_exception_context, developed for and by Jon C, but has some nifty things in it. Using this in production must be avoided.
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SMART Activity Characterization Tutorial

This document is a tutorial on Activity Characterization (AC) in the context of the SMART project.
It goes over:


	Access AC data via DVC.


	Modifying the data / predicting features on the data


	Train a model geowatch.tasks.fusion


	Evaluate a model with geowatch.mlops





1. Access AC Data

Due to an issue [https://discuss.dvc.org/t/dvc-says-everything-is-up-to-date-when-it-is-not/1717] that I don’t fully understand, the pre-clustered and pre-cropped Drop7 AC training data is in a different DVC repo.

Navigate to where you would like to store it and grab the DVC repo.

git clone git@gitlab.kitware.com:smart/smart_drop7.git





To ensure commands in this tutorial are runnable, be sure to register this new
repo with geowatch using the “drop7_data” tag. (Important, I’m assuming you
have not changed directories after you ran git clone, make sure the path is
correctly set in the following command. Also change the hardware or name params
to your liking, the only thing that matters is that the tag is exactly
“drop7_data” and the path is correct).

geowatch_dvc add drop7_data_ssd --path="$(pwd)/smart_drop7" --tags drop7_data --hardware ssd





Now that you have that setup, pull the data

AC_DATA_DVC_DPATH=$(geowatch_dvc --tags drop7_data)
# Make sure this prints the expected path to the repo, otherwise the rest of
# the tutorial will not work.
echo "AC_DATA_DVC_DPATH=$AC_DATA_DVC_DPATH"

# Navigate to the DVC repo
cd $AC_DATA_DVC_DPATH

# Run DVC pull on Drop7-Cropped2GSD to grab the cropped raw bands.
# (in the future I may add precomputed team features here)
dvc pull -r aws -R Drop7-Cropped2GSD
dvc pull -r toothbrush_ssd -R Drop7-Cropped2GSD







2. Modify AC Data

The raw bands AC data is training-ready as is, but you may want to compute team
features on it, or update the annotations in some way.

The following is a loose (untested) way of accomplishing this. Using
prepare_teamfeats will requires that your feature is registered with it (which
hopefully it is).

AC_DATA_DVC_DPATH=$(geowatch_dvc --tags drop7_data)

export CUDA_VISIBLE_DEVICES="0,1"
DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=auto)
DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware='auto')
BUNDLE_DPATH=$AC_DATA_DVC_DPATH/Drop6-MeanYear10GSD-V2
python -m geowatch.cli.prepare_teamfeats \
    --base_fpath "$AC_DATA_DVC_DPATH"/imganns-*[0-9].kwcoco.zip \
    --expt_dvc_dpath="$DVC_EXPT_DPATH" \
    --with_landcover=1 \
    --with_invariants2=1 \
    --with_sam=1 \
    --with_materials=0 \
    --with_depth=0 \
    --with_cold=0 \
    --skip_existing=1 \
    --assets_dname=teamfeats \
    --gres=0, --tmux_workers=1 --backend=tmux --run=0





Alternatively, we can write a bash script that loops over regions, and submits
jobs to cmd-queue which can then be inspected before being executed. You can
get pretty fancy here.

TODO: show example of actually doing a feature computation here.

REGION_IDS=(KR_R001 KR_R002 AE_R001 PE_R001 US_R007 BH_R001 BR_R001 BR_R002 BR_R004 BR_R005 CH_R001 LT_R001 NZ_R001 US_C010 US_C011 US_C012 US_C016 US_R001 US_R004 US_R005 US_R006)

# Grab the regular DVC repo to get acces to the truth
TRUTH_DVC_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware='auto')

# Create a new queue
python -m cmd_queue new "modify_ac_queue"

for REGION_ID in "${REGION_IDS[@]}"; do

    python -m cmd_queue submit --jobname="feature-$REGION_ID" -- modify_ac_queue \
        ... THE COMMAND TO COMPUTE YOUR FEATURE ...

    python -m cmd_queue submit --jobname="reproject-$REGION_ID" --depends="feature-$REGION_ID" -- modify_ac_queue \
        geowatch reproject_annotations \
            --src "$DST_BUNDLE_DPATH/$REGION_ID/$REGION_ID.kwcoco.zip" \
            --dst "$DST_BUNDLE_DPATH/$REGION_ID/imgannots-$REGION_ID.kwcoco.zip" \
            --io_workers="avail/2" \
            --region_models="$TRUTH_DVC_DPATH/annotations/drop6_hard_v1/region_models/${REGION_ID}.geojson" \
            --site_models="$TRUTH_DVC_DPATH/annotations/drop6_hard_v1/site_models/${REGION_ID}_*.geojson"

done

# Show the generated script
python -m cmd_queue show "modify_ac_queue"

# Execute the generated script
python -m cmd_queue run --workers=8 "modify_ac_queue"





Lastly, after you update per-region kwcoco files you will need to write new
kwcoco train/validation splits that use these updated files (because the ones
that exist in the repo only reference raw bands).

# TODO:
# * Modify the suffix depending on the team feats
# * Modify the base fpath to be correct.
python -m geowatch.cli.prepare_splits \
    --base_fpath "$AC_DATA_DVC_DPATHVC_DATA_DPATH"/Drop7-Cropped2GSD/*/imgannots-*.kwcoco.zip \
    --dst_dpath "$AC_DATA_DVC_DPATH"/Drop7-Cropped2GSD \
    --suffix=rawbands --run=1 --workers=2





Note: see ../../scripts/prepare_drop7.sh for details on how this dataset was
initially computed.



3. Train an AC Model

The following is a training run that I recently ran, and I have no idea if its
params are good or not, but it provides an example of how to train an AC model

Be sure to grab a pretrained model to start from:

DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware='auto')
python -m geowatch.utils.simple_dvc request \
    "$DVC_EXPT_DPATH"/models/fusion/Drop7-Cropped2GSD/packages/Drop7-Cropped2GSD_SC_bgrn_split6_V08/Drop7-Cropped2GSD_SC_bgrn_split6_V08_epoch336_step28982.pt





export CUDA_VISIBLE_DEVICES=1
DVC_DATA_DPATH=$(geowatch_dvc --tags='drop7_data' --hardware='auto')
DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware='auto')
echo "DVC_EXPT_DPATH = $DVC_EXPT_DPATH"
WORKDIR=$DVC_EXPT_DPATH/training/$HOSTNAME/$USER
DATASET_CODE=Drop7-Cropped2GSD
KWCOCO_BUNDLE_DPATH=$DVC_DATA_DPATH/$DATASET_CODE
TRAIN_FPATH=$KWCOCO_BUNDLE_DPATH/data_train_rawbands_split6.kwcoco.zip
VALI_FPATH=$KWCOCO_BUNDLE_DPATH/data_vali_rawbands_split6.kwcoco.zip
CHANNELS="(L8,S2):(blue|green|red|nir),(WV):(blue|green|red),(WV,WV1):pan"
EXPERIMENT_NAME=Drop7-Cropped2GSD_SC_bgrn_split6_V11
DEFAULT_ROOT_DIR=$WORKDIR/$DATASET_CODE/runs/$EXPERIMENT_NAME
TARGET_LR=1e-4
WEIGHT_DECAY=$(python -c "print($TARGET_LR * 0.01)")
echo "WEIGHT_DECAY = $WEIGHT_DECAY"
MAX_STEPS=80000
WATCH_GRID_WORKERS=0 python -m geowatch.tasks.fusion fit --config "
data:
    select_videos          : $SELECT_VIDEOS
    num_workers            : 5
    train_dataset          : $TRAIN_FPATH
    vali_dataset           : $VALI_FPATH
    window_dims            : '224,224'
    time_steps             : 9
    time_sampling          : soft4
    time_kernel            : '(-1.08y,-1y,-0.25y,-0.08y,0.0y,0.08y,0.25y,1y,1.08y)'
    window_resolution     : 2.0GSD
    input_resolution      : 2.0GSD
    output_resolution     : 2.0GSD
    neg_to_pos_ratio       : 1.0
    batch_size             : 2
    normalize_perframe     : false
    normalize_peritem      : 'blue|green|red|nir|pan'
    max_epoch_length       : 1000000
    channels               : '$CHANNELS'
    min_spacetime_weight   : 0.6
    temporal_dropout       : 0.5
    mask_low_quality       : False
    mask_samecolor_method  : None
    observable_threshold   : 0.1
    quality_threshold      : 0.0
    weight_dilate          : 10
    use_centered_positives : True
    use_grid_positives     : False
    use_grid_negatives     : False
    normalize_inputs       : 1024
    balance_areas          : True
model:
    class_path: MultimodalTransformer
    init_args:
        #saliency_weights      : '1:1'
        #class_weights         : auto
        tokenizer              : linconv
        arch_name              : smt_it_stm_p16
        decoder                : mlp
        positive_change_weight : 1
        negative_change_weight : 0.01
        stream_channels        : 16
        class_loss             : 'dicefocal'
        saliency_loss          : 'focal'
        saliency_head_hidden   : 6
        change_head_hidden     : 6
        class_head_hidden      : 6
        global_change_weight   : 0.00
        global_class_weight    : 1.00
        global_saliency_weight : 0.00001
        multimodal_reduce      : learned_linear
optimizer:
    class_path: torch.optim.AdamW
    init_args:
        lr           : $TARGET_LR
        weight_decay : $WEIGHT_DECAY
        betas:
            - 0.85
            - 0.998
lr_scheduler:
  class_path: torch.optim.lr_scheduler.OneCycleLR
  init_args:
    max_lr: $TARGET_LR
    total_steps: $MAX_STEPS
    anneal_strategy: cos
    pct_start: 0.3
    div_factor: 10
    final_div_factor: 10000
    cycle_momentum: false
trainer:
    accumulate_grad_batches: 48
    default_root_dir     : $DEFAULT_ROOT_DIR
    accelerator          : gpu
    devices              : 0,
    limit_val_batches    : 256
    limit_train_batches  : 2048
    num_sanity_val_steps : 0
    max_epochs           : 560
    callbacks:
        - class_path: pytorch_lightning.callbacks.ModelCheckpoint
          init_args:
              monitor: val_loss
              mode: min
              save_top_k: 5
              filename: '{epoch}-{step}-{val_loss:.3f}.ckpt'
              save_last: true

torch_globals:
    float32_matmul_precision: auto

initializer:
    init: $DVC_EXPT_DPATH/models/fusion/Drop7-Cropped2GSD/packages/Drop7-Cropped2GSD_SC_bgrn_split6_V08/Drop7-Cropped2GSD_SC_bgrn_split6_V08_epoch336_step28982.pt
"







4. Evaluate an AC Model with MLOps

The following code runs an AC-only mlops evaluation using the ground truth
polygons as a proxy for the polygons that come out of BAS. This provides a
consistent way to compare models, but a full evaluation of BAS+SV+AC is needed
for final evaluation (TODO, add this).

The following command only runs over KR1 and KR2, add more regions as necessary.

This also includes 3 existing baseline SC models (which you will need to pull
from the dvc expt repo) to compare your model against. Put the path to your
packaged model in the grid and adjust parameters as desired.

python -m geowatch.mlops.manager "list" --dataset_codes Drop7-Cropped2GSD

HIRES_DVC_DATA_DPATH=$(geowatch_dvc --tags='drop7_data' --hardware=auto)
TRUTH_DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=auto)
DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=auto)

kwcoco stats \
    $HIRES_DVC_DATA_DPATH/Drop7-Cropped2GSD/KR_R001/KR_R001.kwcoco.zip \
    $HIRES_DVC_DATA_DPATH/Drop7-Cropped2GSD/KR_R002/KR_R002.kwcoco.zip \
    $HIRES_DVC_DATA_DPATH/Drop7-Cropped2GSD/CH_R001/CH_R001.kwcoco.zip

geowatch stats $HIRES_DVC_DATA_DPATH/Drop7-Cropped2GSD/KR_R001/KR_R001.kwcoco.zip
geowatch stats $HIRES_DVC_DATA_DPATH/Drop7-Cropped2GSD/KR_R002/KR_R002.kwcoco.zip
geowatch stats $HIRES_DVC_DATA_DPATH/Drop7-Cropped2GSD/CH_R001/CH_R001.kwcoco.zip

python -m geowatch.mlops.schedule_evaluation --params="
    matrix:
        ########################
        ## AC/SC PIXEL PARAMS ##
        ########################

        sc_pxl.test_dataset:
          - $HIRES_DVC_DATA_DPATH/Drop7-Cropped2GSD/KR_R001/KR_R001.kwcoco.zip
          - $HIRES_DVC_DATA_DPATH/Drop7-Cropped2GSD/KR_R002/KR_R002.kwcoco.zip
          - $HIRES_DVC_DATA_DPATH/Drop7-Cropped2GSD/CH_R001/CH_R001.kwcoco.zip

        sc_pxl.package_fpath:
            - $DVC_EXPT_DPATH/models/fusion/Drop4-SC/packages/Drop4_tune_V30_8GSD_V3/Drop4_tune_V30_8GSD_V3_epoch=2-step=17334.pt.pt
            #- $DVC_EXPT_DPATH/models/fusion/Drop7-Cropped2GSD/packages/Drop7-Cropped2GSD_SC_bgrn_split6_V07/Drop7-Cropped2GSD_SC_bgrn_split6_V07_epoch73_step6364.pt
            #- $DVC_EXPT_DPATH/models/fusion/Drop7-Cropped2GSD/packages/Drop7-Cropped2GSD_SC_bgrn_split6_V11/Drop7-Cropped2GSD_SC_bgrn_split6_V11_epoch444_step19135.pt

        sc_pxl.tta_fliprot: 0.0
        sc_pxl.tta_time: 0.0
        sc_pxl.chip_overlap: 0.3
        #sc_pxl.input_space_scale: 2GSD
        #sc_pxl.window_space_scale: 2GSD
        #sc_pxl.output_space_scale: 2GSD
        #sc_pxl.time_span: 6m
        #sc_pxl.time_sampling: auto
        #sc_pxl.time_steps: 12
        #sc_pxl.chip_dims: auto
        sc_pxl.set_cover_algo: null
        sc_pxl.resample_invalid_frames: 3
        sc_pxl.observable_threshold: 0.0
        sc_pxl.mask_low_quality: true
        sc_pxl.drop_unused_frames: true
        sc_pxl.num_workers: 12
        sc_pxl.batch_size: 1
        sc_pxl.write_workers: 0

        ########################
        ## AC/SC POLY PARAMS  ##
        ########################

        sc_poly.thresh: 0.07
        sc_poly.boundaries_as: polys
        #sc_poly.resolution: 2GSD
        sc_poly.min_area_square_meters: 7200

        #############################
        ## AC/SC POLY EVAL PARAMS  ##
        #############################

        sc_poly_eval.true_site_dpath: $TRUTH_DVC_DATA_DPATH/annotations/drop6/site_models
        sc_poly_eval.true_region_dpath: $TRUTH_DVC_DATA_DPATH/annotations/drop6/region_models

        ##################################
        ## HIGH LEVEL PIPELINE CONTROLS ##
        ##################################
        sc_pxl.enabled: 1
        sc_pxl_eval.enabled: 1
        sc_poly.enabled: 1
        sc_poly_eval.enabled: 1
        sc_poly_viz.enabled: 0

    submatrices:
        - sc_pxl.test_dataset: $HIRES_DVC_DATA_DPATH/Drop7-Cropped2GSD/KR_R001/KR_R001.kwcoco.zip
          sc_poly.site_summary: $TRUTH_DVC_DATA_DPATH/annotations/drop6/region_models/KR_R001.geojson
        - sc_pxl.test_dataset: $HIRES_DVC_DATA_DPATH/Drop7-Cropped2GSD/KR_R002/KR_R002.kwcoco.zip
          sc_poly.site_summary: $TRUTH_DVC_DATA_DPATH/annotations/drop6/region_models/KR_R002.geojson
        - sc_pxl.test_dataset: $HIRES_DVC_DATA_DPATH/Drop7-Cropped2GSD/CH_R001/CH_R001.kwcoco.zip
          sc_poly.site_summary: $TRUTH_DVC_DATA_DPATH/annotations/drop6/region_models/CH_R001.geojson
    " \
    --pipeline=sc \
    --root_dpath="$DVC_EXPT_DPATH/_demo_ac_eval" \
    --queue_name "_demo_ac_eval" \
    --devices="0,1" \
    --backend=tmux --tmux_workers=6 \
    --cache=1 --skip_existing=1 --run=1





After mlops evaluation completes you can inspect your results with mlops
aggregate to produce reports and gain insight.

DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=auto)
python -m geowatch.mlops.aggregate \
    --pipeline=sc \
    --target "
        - $DVC_EXPT_DPATH/_demo_ac_eval
    " \
    --output_dpath="$DVC_EXPT_DPATH/_demo_ac_eval/aggregate" \
    --resource_report=0 \
    --eval_nodes="
        - sc_poly_eval
    " \
    --plot_params="
        enabled: 0
        stats_ranking: 0
        min_variations: 1
        params_of_interest:
            - params.sc_poly.thresh
    " \
    --stdout_report="
        top_k: 13
        per_group: 1
        macro_analysis: 0
        analyze: 0
        print_models: True
        reference_region: final
        concise: 0
        show_csv: 0
    "

    #\
    #--rois="KR_R002,NZ_R001,CH_R001,KR_R001"
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SMART Ensemble Tutorial

TODO: finish me.

Note: if you are following this tutorial, please help me make it better as you
play with it and learn from it!

Ensembles are driven by the watch/cli/coco_average_features.py script, which can be accessed via

geowatch average_features --help





While this tutorial is still being written you can check out doctests inside the CLI file for more examples.

It takes multiple kwcoco files with either saliency or class predictions and
then writes them to a new kwcoco file where those channels are averaged
together. This new kwcoco file can be sent to the tracker for polygon
extraction as if it was a kwcoco file from a single model. The rests of the
pipeline can run from these polygons as-is.

Currently running this in mlops is not possible because there is an assumption
that only one model is used at a time. A new specialized ensemble pipeline will
likely need to be defined to use this effectively, but what you can do is use
mlops to generate the commands required for a single model evaluation and then
manually add in this step to produce the averaged output. Then just plug that
into the tracker inputs and the rest of it should be straight forward to execute.

For example say you have predicted saliency with two models so you have:


	model1/pred.kwcoco.json and


	model2/pred.kwcoco.json




You could ensemble them like:

geowatch average_features \
    --kwcoco_file_paths \
        model1/pred.kwcoco.zip \
        model2/pred.kwcoco.zip \
    --output_kwcoco_path model_ensemble/averaged.kwcoco.zip \
    --channel_name saliency \
    --sensors all





Then for reference you could grab a template for bas commands like:

geowatch schedule --params="
    matrix:
        bas_pxl.package_fpath:
            - MY_PACKAGE.pt
        bas_pxl.test_dataset:
            - MY_DATASET.kwcoco.zip
        bas_pxl.chip_overlap: 0.3
        bas_pxl.chip_dims: auto
        bas_pxl.time_span: auto
        bas_pxl.time_sampling: soft4
        bas_poly.thresh:
            - 0.4
        bas_poly.inner_window_size: 1y
        bas_poly.inner_agg_fn: mean
        bas_poly.norm_ord: inf
        bas_poly.polygon_simplify_tolerance: 1
        bas_poly.agg_fn: probs
        bas_poly.time_thresh:
            - 0.8
        bas_poly.resolution: 10GSD
        bas_poly.moving_window_size: null
        bas_poly.poly_merge_method: 'v2'
        bas_poly.min_area_square_meters: 7200
        bas_poly.max_area_square_meters: 8000000
        bas_poly.boundary_region: $DVC_DATA_DPATH/annotations/drop6/region_models
        bas_poly_eval.true_site_dpath: $DVC_DATA_DPATH/annotations/drop6/site_models
        bas_poly_eval.true_region_dpath: $DVC_DATA_DPATH/annotations/drop6/region_models
        bas_pxl.enabled: 1
        bas_pxl_eval.enabled: 0
        bas_poly.enabled: 1
        bas_poly_eval.enabled: 1
        bas_poly_viz.enabled: 0
    " \
    --root_dpath="$DVC_EXPT_DPATH/_reference" \
    --backend=serial --queue_name "_reference" \
    --pipeline=bas \
    --skip_existing=0 \
    --run=0





And using this as a reference you might construct a set of command that look like this:

# I copied the pixel predict step twice  and put in some custom paths
python -m geowatch.tasks.fusion.predict \
    --package_fpath=MY_MODEL1.pt \
    --test_dataset=MY_DATASET.kwcoco.zip \
    --pred_dataset=./_reference/pred/flat/bas_pxl/model1_preds/pred.kwcoco.zip \
    --chip_overlap=0.3 \
    --chip_dims=auto \
    --time_span=auto \
    --time_sampling=soft4 \
    --drop_unused_frames=True  \
    --num_workers=2 \
    --devices=0, \
    --batch_size=1 \
    --with_saliency=True \
    --with_class=False \
    --with_change=False

python -m geowatch.tasks.fusion.predict \
    --package_fpath=MY_MODEL2.pt \
    --test_dataset=MY_DATASET.kwcoco.zip \
    --pred_dataset=./_reference/pred/flat/bas_pxl/model2_preds/pred.kwcoco.zip \
    --chip_overlap=0.3 \
    --chip_dims=auto \
    --time_span=auto \
    --time_sampling=soft4 \
    --drop_unused_frames=True  \
    --num_workers=2 \
    --devices=0, \
    --batch_size=1 \
    --with_saliency=True \
    --with_class=False \
    --with_change=False

# Inserting the custom average feature script here.

geowatch average_features \
   --kwcoco_file_paths \
       ./_reference/pred/flat/bas_pxl/model1_preds/pred.kwcoco.zip \
       ./_reference/pred/flat/bas_pxl/model2_preds/pred.kwcoco.zip \
   --output_kwcoco_path "./_reference/pred/flat/bas_ensemble/bas_ensemble_custom/pred.kwcoco.zip" \
   --channel_name saliency \
   --sensors all

# The rest of the tracking + eval part of the pipeline is unchanged.

python -m geowatch.cli.run_tracker \
    --in_file "./_reference/pred/flat/bas_ensemble/bas_ensemble_custom/pred.kwcoco.zip" \
    --default_track_fn saliency_heatmaps \
    --track_kwargs '{"agg_fn": "probs", "thresh": 0.4, "inner_window_size": "1y", "inner_agg_fn": "mean", "norm_ord": "inf", "polygon_simplify_tolerance": 1, "time_thresh": 0.8, "resolution": "10GSD", "moving_window_size": null, "poly_merge_method": "v2", "min_area_square_meters": 7200, "max_area_square_meters": 8000000}' \
    --clear_annots=True \
    --site_summary 'None' \
    --boundary_region './annotations/drop6/region_models' \
    --out_site_summaries_fpath "./_reference/pred/flat/bas_poly/bas_poly_id_custom/site_summaries_manifest.json" \
    --out_site_summaries_dir "./_reference/pred/flat/bas_poly/bas_poly_id_custom/site_summaries" \
    --out_sites_fpath "./_reference/pred/flat/bas_poly/bas_poly_id_custom/sites_manifest.json" \
    --out_sites_dir "./_reference/pred/flat/bas_poly/bas_poly_id_custom/sites" \
    --out_kwcoco "./_reference/pred/flat/bas_poly/bas_poly_id_custom/poly.kwcoco.zip"
#
python -m geowatch.cli.run_metrics_framework \
    --merge=True \
    --name "some-name" \
    --true_site_dpath "./annotations/drop6/site_models" \
    --true_region_dpath "./annotations/drop6/region_models" \
    --pred_sites "./_reference/pred/flat/bas_poly/bas_poly_id_custom/sites_manifest.json" \
    --tmp_dir "./_reference/eval/flat/bas_poly_eval/bas_poly_eval_id_custom/tmp" \
    --out_dir "./_reference/eval/flat/bas_poly_eval/bas_poly_eval_id_custom" \
    --merge_fpath "./_reference/eval/flat/bas_poly_eval/bas_poly_eval_id_custom/poly_eval.json"





Note: you could do a similar thing with the more complex bas_building_and_depth_vali pipeline.

Note: I do plan to eventually support ensembles in mlops, but the above should
work in the meantime, and showing positive results would make me prioritize it
higher.
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Getting Started With Smartflow


Requirements

We assume you have the aws and kubernetes command line tools installed.


	Get started with aws CLI.


	Get started with kubectl CLI.






Configure Kubernetes

To configure kubernetes to talk to the Kitware smartflow server run:


Note

If you have an old configuration you should remove it. You can list
existing contexts with

kubectl config get-contexts

To remove a context:

kubectl config delete-context <chosen-context>

If you want to start fresh, delete the .kube/config directory

rm -rf $HOME/.kube/config



#export ENVIRONMENT_NAME=kitware-prod-v4

export ENVIRONMENT_NAME="kw-v3-0-0"
export AWS_PROFILE="iarpa"
export AWS_REGION=us-west-2
export AWS_ACCOUNT_ID=$(aws sts --profile "$AWS_PROFILE" get-caller-identity --query "Account" --output text)

echo "
Verify this is your correct kitware-smart AWS Account ID
AWS_ACCOUNT_ID = $AWS_ACCOUNT_ID
"

aws eks --profile iarpa --region $AWS_REGION update-kubeconfig \
    --name "smartflow-${ENVIRONMENT_NAME}-eks" \
    --role-arn "arn:aws:iam::${AWS_ACCOUNT_ID}:role/smartflow-${ENVIRONMENT_NAME}-${AWS_REGION}-eks-admin"





Test that you can reach the service with:

kubectl get svc

# or

kubectl get nodes







Troubleshooting

If you get the error message:

error: exec plugin: invalid apiVersion "client.authentication.k8s.io/v1alpha1"





Update your AWS CLI and then reconfigure kubernetes by removing the previous
context and rerunning the configuration step.

If you need permissions for something, it is helpful to send your account info which can be queried with:

aws sts get-caller-identity







Running the Webserver

To access the airflow GUI we need tos tart a web service.

kubectl -n airflow port-forward service/airflow-webserver 2746:8080





In your browser navigate to localhost:2746/home, which can be done via the command:

# I'm not sure why, but does not seem to be working correctly.
python -c "import webbrowser; webbrowser.open('https://localhost:2746/home', new=1)"







References

Blacksky also has detailed instructions for setting up smartflow and setting up DAGS.


	https://smartgitlab.com/blacksky/smartflow/-/blob/main/docs/Administration/Deployment.md


	https://blacksky.smartgitlab.com/smartflow/markdown/Framework/Getting-Started.html#authoring-your-first-dag






Next Steps


	Running smartflow


	Copy large files to EFS


	Training fusion models on AWS






SeeAlso

k9s TUI - https://k9scli.io/topics/install/

https://smartgitlab.com/blacksky/smartflow

To upgrade smartflow

export ENVIRONMENT_NAME=”kw-v3-0-0”
export AWS_PROFILE=”iarpa”
export AWS_REGION=us-west-2
export AWS_ACCOUNT_ID=$(aws sts –profile “$AWS_PROFILE” get-caller-identity –query “Account” –output text)

# Clone smartflow

export AWS_PROFILE="iarpa"
export SMARTFLOW_ENVIRONMENT_NAME="kw-v3-0-0"
export SMARTFLOW_AWS_ACCOUNT_ID=$(aws sts --profile "$AWS_PROFILE" get-caller-identity --query "Account" --output text)

echo $SMARTFLOW_AWS_ACCOUNT_ID
python3 scripts/env_update.py \
    --aws_account_id $SMARTFLOW_AWS_ACCOUNT_ID \
    --environment_name $SMARTFLOW_ENVIRONMENT_NAME





# Can monitor progress in the cloud formation dashboard
https://us-west-2.console.aws.amazon.com/cloudformation/home?region=us-west-2

To tune a parameter go to parameter store,

https://us-west-2.console.aws.amazon.com/systems-manager/parameters/?region=us-west-2&tab=Table

change it and then re-run the update script

To monitor EC2:

https://us-west-2.console.aws.amazon.com/ec2/home?region=us-west-2#Instances:instanceState=running;search=:smartflow;v=3;$case=tags:true%5C,client:false;$regex=tags:false%5C,client:false;sort=desc:tag:Name

To remove an old environment

export AWS_PROFILE="iarpa"
export TEARDOWN_SMARTFLOW_ENVIRONMENT_NAME="kitware-prod-v4-eks"
export SMARTFLOW_AWS_ACCOUNT_ID=$(aws sts --profile "$AWS_PROFILE" get-caller-identity --query "Account" --output text)

echo "SMARTFLOW_AWS_ACCOUNT_ID=$SMARTFLOW_AWS_ACCOUNT_ID"
echo "TEARDOWN_SMARTFLOW_ENVIRONMENT_NAME=$TEARDOWN_SMARTFLOW_ENVIRONMENT_NAME"
echo "AWS_PROFILE=$AWS_PROFILE"
python3 scripts/env_teardown.py \
    --aws_account_id $SMARTFLOW_AWS_ACCOUNT_ID \
    --environment_name "$TEARDOWN_SMARTFLOW_ENVIRONMENT_NAME"
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  # Prerequisites
Install:
- AWS CLI tool aws ([https://docs.aws.amazon.com/cli/latest/userguide/getting-started-install.html](https://docs.aws.amazon.com/cli/latest/userguide/getting-started-install.html))
- Kubernetes command-line tool kubectl ([https://kubernetes.io/docs/tasks/tools/#kubectl](https://kubernetes.io/docs/tasks/tools/#kubectl))
- rsync installed on destination machine

## AWS Configuration
Run aws configure. This common will ask you for some parameters:
- aws account id: 023300502152
- region: us-west-2
- user name, access key id, secret key: Coordinate with [Yoni](mailto:yonatan.gefen@kitware.com ) to get these if you don’t have them already

## Configuring kubctl to reach smartflow
(From David Joy)

Once kubectl and aws are installed you’ll want to configure it to be able to reach the cluster where Smartflow is running, here’s a little bash script that should do that for you:
```
################################
ENVIRONMENT_NAME=kitware-prod-v2
################################
AWS_ACCOUNT_ID=$(aws sts –profile iarpa get-caller-identity –query “Account” –output text)
AWS_REGION=us-west-2


	aws eks –profile iarpa –region $AWS_REGION update-kubeconfig 
	–name “smartflow-${ENVIRONMENT_NAME}-eks” –role-arn “arn:aws:iam::${AWS_ACCOUNT_ID}:role/smartflow-${ENVIRONMENT_NAME}-${AWS_REGION}-eks-admin”





```

## rsync and kubernetes


	Copying files to a kubernetes pod is tricky, below is a script which makes this less painful.
	[Source](https://serverfault.com/a/887402)





krsync.sh

```bash
#!/bin/bash


	if [ -z “$KRSYNC_STARTED” ]; then
	export KRSYNC_STARTED=true
exec rsync –blocking-io –rsh “$0” $@





fi

# Running as –rsh
namespace=’’
pod=$1
shift

# If use uses pod@namespace rsync passes as: {us} -l pod namespace …
if [ “X$pod” = “X-l” ]; then


pod=$1
shift
namespace=”-n $1”
shift




fi

exec kubectl $namespace exec -i $pod – “$@”
```

Then you can use krsync where you would normally rsync:
`
krsync -av --progress --stats src-dir/ pod:/dest-dir
`

Or you can set the namespace:
`
krsync -av --progress --stats src-dir/ pod@namespace:/dest-dir
`

# Connecting to Smartflow
You can forward the Smartflow GUI port to your local machine with the following command:

`
>>> kubectl -n airflow port-forward service/airflow-webserver 8080:8080
`

And then reach the GUI at: [http://localhost:8080](http://localhost:8080/)

# Launch a KIT_DEMO_WAIT  job
Find the KIT_DEMO_WAIT job in the main interface. To launch, click the green “Play” button, and choose to run with params. Set the wait time to the amount of time you estimate rsyncing and then unpacking your dataset will take (plus a healthy buffer to account for error and slowdowns).

# Finally we can copy!
To find the $POD_ADDR of your waiting pod:
`
kubectl -n airflow get pods
`

To log into it (if necessary to install rsync or other packages):
`
kubectl -n airflow exec -it pods/$POD_ADDR -- bash
`

To copy files to the EFS share mounted to the pod:
`
krsync -av --progress --stats $DATA_FPATH $POD_ADDR:/efs/work/$DEST_FPATH
`

In my experience, copying from KHQ runs at around 8-10 MB/s.

# Common pitfalls
1. When rsyncing a tarball, make sure to follow [[Dealing with tar error, cannot change owner]] when untarring the file.
2. You must have rsync executable in the pod image for this to work. On a minimal Docker image: apt update; apt install rsync
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Note

This file is currently a working document and contains a lot of notes



This goes over how to run the GEOWATCH system in smartflow.

The outline of this document is:


	
	Building the Docker Image,
	
	Building the Pyenv Base Image,


	Building the GEOWATCH Image 2.


	Baking Models into the Image.


	Updating Existing Images.










	
	Submit a DAG.
	
	Debugging a DAG.










	Old Notes.





Prerequisites

Be sure you have


	Setup the AWS CLI


	Setup the kubectl CLI


	Setup smartflow






Section 0: NOTICE OF AUTOMATION

This entire process has been scripted and lives in the watch-smartflow-dags repo [https://gitlab.kitware.com/smart/watch-smartflow-dags] repo.

The
prepare_system.sh [https://gitlab.kitware.com/smart/watch-smartflow-dags/-/blob/main/prepare_system.sh]
script is the main driver. TODO: We should document how to use that script here
instead of these manual instructions.

Other script of interest are:


	run_smartflow_dags.py [https://gitlab.kitware.com/smart/watch-smartflow-dags/-/blob/main/run_smartflow_dags.py] - This is used by prepare_system to trigger dags and can be used as a standalone script to trigger dags that have already been uploaded.


	pull_results.py [https://gitlab.kitware.com/smart/watch-smartflow-dags/-/blob/main/pull_results.py] - This pulls results down from smartflow DAG runs and can optionally sumarize metrics.






Section 1: The GEOWATCH Docker Image

In this section we will go over how to build the docker image used in a submission:

There are two images that need to be build, first the
pyenv dockerfile.
And then the watch dockerfile that builds on top of it
watch dockerfile.
The heredocs in these files provide futher instructions.
We will also need to add models to the image


Building the Pyenv Base Image

Here we will go over the basic use case for a specific version of Python /
dependencies. We will use Python 3.11 and strict dependencies. We will assume
that your watch repo is in ~/code/watch, but if it is not then change the
environment variable:

export WATCH_REPO_DPATH=$HOME/code/watch
export STAGING_DPATH=$HOME/temp/container-staging
# The name/tag of the image we will create
export PYENV_IMAGE=pyenv:3.11.2
# The Python version we want
export PYTHON_VERSION=3.11.2

# Create a directory on the host for context
mkdir -p $STAGING_DPATH

# For pyenv we will use an empty directory
mkdir -p $STAGING_DPATH/empty

DOCKER_BUILDKIT=1 docker build --progress=plain \
    -t $PYENV_IMAGE \
    --build-arg PYTHON_VERSION=$PYTHON_VERSION \
    -f $WATCH_REPO_DPATH/dockerfiles/pyenv.Dockerfile \
    $STAGING_DPATH/empty

# Optional: push this image to kitware and smartgitlab registries

# optional: Push to smartgitlab
docker tag $PYENV_IMAGE registry.smartgitlab.com/kitware/$PYENV_IMAGE
docker push registry.smartgitlab.com/kitware/$PYENV_IMAGE

# optional: Push to gitlab.kitware.com
docker tag $PYENV_IMAGE gitlab.kitware.com:4567/smart/watch/$PYENV_IMAGE
docker push gitlab.kitware.com:4567/smart/watch/$PYENV_IMAGE





Now that the pyenv image pyenv:3.11.2 has been created we can quickly test it:

export PYENV_IMAGE=pyenv:3.11.2

# Hello world should always run
docker run --runtime=nvidia -it $PYENV_IMAGE echo "hello world"

# Ensure the right python is exposed by default
docker run --runtime=nvidia -it $PYENV_IMAGE python --version

# if you have a GPU you can run
docker run --runtime=nvidia -it $PYENV_IMAGE nvidia-smi







Building the GEOWATCH Image

Now we build the watch image on top of the pyenv image. To ensure we do this
cleanly we will make a fresh clone of your local repo which will ensure you
dont accidently bake in any secrets or other large files.

export WATCH_REPO_DPATH=$HOME/code/watch
export STAGING_DPATH=$HOME/temp/container-staging
export PYENV_IMAGE=pyenv:3.11.2
export WATCH_VERSION=$(python -c "import watch; print(watch.__version__)")
export BUILD_STRICT=1

# A descriptive name for our watch image
PYENV_TAG_SUFFIX=$(python -c "print('$PYENV_IMAGE'.replace(':', ''))")
if [[ "$BUILD_STRICT" == "1" ]]; then
    export WATCH_IMAGE=watch:$WATCH_VERSION-strict-$PYENV_TAG_SUFFIX
else
    export WATCH_IMAGE=watch:$WATCH_VERSION-loose-$PYENV_TAG_SUFFIX
fi
echo "
===========
WATCH_REPO_DPATH = $WATCH_REPO_DPATH
STAGING_DPATH    = $STAGING_DPATH
WATCH_VERSION    = $WATCH_VERSION
PYENV_IMAGE      = $PYENV_IMAGE
BUILD_STRICT     = $BUILD_STRICT
-----------
WATCH_IMAGE=$WATCH_IMAGE
===========
"

# Create a directory on the host for context
mkdir -p $STAGING_DPATH
# For watch we make a fresh clone of our local repo
[ -d $STAGING_DPATH/watch ] && rm -rf $STAGING_DPATH/watch
git clone --origin=host-$HOSTNAME $WATCH_REPO_DPATH/.git $STAGING_DPATH/watch

DOCKER_BUILDKIT=1 docker build --progress=plain \
    -t "$WATCH_IMAGE" \
    --build-arg "BUILD_STRICT=$BUILD_STRICT" \
    --build-arg "BASE_IMAGE=$PYENV_IMAGE" \
    -f $STAGING_DPATH/watch/dockerfiles/watch.Dockerfile .

# Optional: push this image to kitware and smartgitlab registries

# optional: Push to smartgitlab
docker tag $WATCH_IMAGE registry.smartgitlab.com/kitware/$WATCH_IMAGE
docker push registry.smartgitlab.com/kitware/$WATCH_IMAGE

# optional: Push to gitlab.kitware.com
docker tag $WATCH_IMAGE gitlab.kitware.com:4567/smart/watch/$WATCH_IMAGE
docker push gitlab.kitware.com:4567/smart/watch/$WATCH_IMAGE





It is a good idea to run some tests to ensure the image built properly

# Hello world should always run
docker run --runtime=nvidia -it $WATCH_IMAGE echo "hello world"

# Ensure the right python is exposed by default
docker run --runtime=nvidia -it $WATCH_IMAGE python --version

# Ensure the watch module is exposed by default
docker run --runtime=nvidia -it $WATCH_IMAGE geowatch --version

# if you have a GPU you can run
docker run --runtime=nvidia -it $WATCH_IMAGE nvidia-smi

# run the full test suite
docker run --runtime=nvidia -it $WATCH_IMAGE ./run_tests.py





You may wish to upload this base image to the smartgitlab registry, but we will
need to bake in models, so this step is optional, but useful if you want to
build the base image on one machine and then bake in models on a different
machine.

# Push the container to smartgitlab
docker tag $WATCH_IMAGE registry.smartgitlab.com/kitware/$WATCH_IMAGE

docker push registry.smartgitlab.com/kitware/$WATCH_IMAGE







How to Bake a Model into a Pyenv Dockerfile

Assuming that you have already build a pyenv docker image we will add a model
to it.

# Set this to the name of the pyenv watch image that you built
IMAGE_NAME=watch:0.4.5-strict-pyenv3.11.2

NEW_IMAGE_NAME=${IMAGE_NAME}-models-2023-03-28
echo $NEW_IMAGE_NAME

# These are more models than we really need, but it will let use resuse this image for more experiments
MODELS_OF_INTEREST="
models/fusion/Drop6-MeanYear10GSD/packages/Drop6_TCombo1Year_BAS_10GSD_split6_V42_cont2/Drop6_TCombo1Year_BAS_10GSD_split6_V42_cont2_epoch3_step941.pt
models/fusion/Drop4-BAS/packages/Drop4_BAS_2022_12_15GSD_BGRN_V10/Drop4_BAS_2022_12_15GSD_BGRN_V10_v0_epoch0_step0.pt
models/fusion/Drop4-BAS/packages/Drop4_BAS_15GSD_BGRNSH_invar_V8/Drop4_BAS_15GSD_BGRNSH_invar_V8_epoch=16-step=8704.pt
models/fusion/Drop4-BAS/packages/Drop4_TuneV323_BAS_30GSD_BGRNSH_V2/package_epoch0_step41.pt.pt
models/fusion/Drop4-SC/packages/Drop4_tune_V30_8GSD_V3/Drop4_tune_V30_8GSD_V3_epoch=2-step=17334.pt.pt \
models/uky/uky_invariants_2022_03_21/pretext_model/pretext_pca_104.pt \
models/uky/uky_invariants_2022_12_17/TA1_pretext_model/pretext_package.pt \
models/landcover/sentinel2.pt
"

DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=auto)

# Ensure the models of interest are pulled locally on your machine
(cd $DVC_EXPT_DPATH && dvc pull -r aws $MODELS_OF_INTEREST)

# We are also going to bake the metrics and data DVC into the repo too for
# completeness
DVC_DATA_DPATH=$(geowatch_dvc --tags='phase2_data' --hardware=auto)
METRICS_REPO_DPATH=$(python -c "import iarpa_smart_metrics, pathlib; print(pathlib.Path(iarpa_smart_metrics.__file__).parent.parent)")

# Run the base image as a container so we can put stuff into it
# We will use DVC to facilitate the transfer to keep things consistent
# We mount our local experiment directory, and pull relevant files
docker run \
    --volume $DVC_EXPT_DPATH:/host-smart_expt_dvc:ro \
    --volume $DVC_DATA_DPATH:/host-smart_data_dvc:ro \
    --volume $METRICS_REPO_DPATH:/host-metrics_repo:ro \
    -td --name temp_container $IMAGE_NAME

docker exec -t temp_container pip install dvc
docker exec -t temp_container mkdir -p /root/data
docker exec -t temp_container git clone /host-smart_expt_dvc/.git /root/data/smart_expt_dvc
docker exec -t temp_container git clone /host-smart_data_dvc/.git /root/data/smart_data_dvc
docker exec -t temp_container git clone /host-metrics_repo/.git /root/code/metrics-and-test-framework

docker exec -w /root/data/smart_expt_dvc -t temp_container \
    dvc remote add host /host-smart_expt_dvc/.dvc/cache

# Workaround DVC Issue by removing aws remote
# References: https://github.com/iterative/dvc/issues/9264
docker exec -w /root/data/smart_expt_dvc -t temp_container \
    dvc remote remove aws

# Pull in relevant models you want to bake into the container
# These will be specified relative to the experiment DVC repo
docker exec -w /root/data/smart_expt_dvc -t temp_container \
    dvc pull --remote host $MODELS_OF_INTEREST


# Save the modified container as a new image
docker commit temp_container $NEW_IMAGE_NAME

# Cleanup the temp container
docker stop temp_container
docker rm temp_container

# Push the container to smartgitlab
docker tag $NEW_IMAGE_NAME registry.smartgitlab.com/kitware/$NEW_IMAGE_NAME
docker push registry.smartgitlab.com/kitware/$NEW_IMAGE_NAME
echo $NEW_IMAGE_NAME

# optional: Push to gitlab.kitware.com
docker tag $WATCH_IMAGE gitlab.kitware.com:4567/smart/watch/$WATCH_IMAGE
docker push gitlab.kitware.com:4567/smart/watch/$WATCH_IMAGE







Update An Existing Image

Say you need to make a small change to the code, but don’t want to rebuild the
entire model. We can handle that case by mounting the latest repos onto the
container, setting the remotes of the repo to point to those, pulling the
latest code, and commiting the change as a new image.

export WATCH_REPO_DPATH=$HOME/code/watch
export DVC_EXPT_DPATH=$(geowatch_dvc --tags='phase2_expt' --hardware=auto)

IMAGE_NAME=watch:0.4.5-strict-pyenv3.11.2-models-2023-03-28
NEW_IMAGE_NAME=watch:0.4.5-strict-pyenv3.11.2-models-2023-03-28-v04

# Mount the image with
docker run \
    --volume $DVC_EXPT_DPATH:/host-smart_expt_dvc:ro \
    --volume $WATCH_REPO_DPATH:/host-watch_repo:ro \
    -td --name temp_container $IMAGE_NAME

docker exec -w /root/code/watch  -t temp_container \
    git remote add host /host-watch_repo/.git

docker exec -w /root/code/watch  -t temp_container \
    git pull host dev/0.4.5

# Save the modified container as a new image
docker commit temp_container $NEW_IMAGE_NAME

docker stop temp_container
docker rm temp_container

# Push the container to smartgitlab
echo $NEW_IMAGE_NAME
docker tag $NEW_IMAGE_NAME registry.smartgitlab.com/kitware/$NEW_IMAGE_NAME
docker push registry.smartgitlab.com/kitware/$NEW_IMAGE_NAME








How to Submit a DAG

We maintain the airflow DAGS in the watch-smartflow-dags repo [https://gitlab.kitware.com/smart/watch-smartflow-dags].
Ensure that you have the DAG repo:

 # This is the repo containing the smartflow dags
git clone git@gitlab.kitware.com:smart/watch-smartflow-dags.git $HOME/code/watch-smartflow-dags





Choose a DAG file and modify it as necessary


Note

TODO: Describe in more detail



Once you have a DAG file ready upload it to AWS via:

# The path to our DAG repo
LOCAL_DAG_DPATH=$HOME/code/watch-smartflow-dags

# The name of the DAG file we edited
DAG_FNAME=KIT_TA2_PREEVAL10_PYENV_V13.py

# Upload the DAG file to AWS
aws s3 --profile iarpa cp $LOCAL_DAG_DPATH/$DAG_FNAME \
    s3://smartflow-023300502152-us-west-2/smartflow/env/kitware-prod-v4/dags/$DAG_FNAME





If you have not done so ensure that we are forwarding the smartflow web service
to your machine:

kubectl -n airflow port-forward service/airflow-webserver 2746:8080





Now, navigate to your airflow GUI in the browser at localhost:2746/home,
which can be done via the command:

# Not working?
python -c "import webbrowser; webbrowser.open('https://localhost:2746/home', new=1)"







Building / Modifying a DAG

Our smartflow DAGs are built as sequences of smartflow CLI commands that wrap
our local CLI commands. These smartflow CLI commands live in
geowatch/cli/smartflow.

Each of these uses ffsspec to grab manifests of available assets from an s3
bucket, which then points to the data the task could use. It is the scripts job
to pull the data, perform the computation, print debugging info, and push
results and debug data back to a new output bucket.

See [ComputeInstanceTypes] for details on available instance types.


	References:
	

[ComputeInstanceTypes]
https://smartgitlab.com/blacksky/smartflow/-/blob/main/docs/Framework/Smartflow-Framework.md#selecting-compute-resources-for-tasks










Running DAGS

In the GUI you can simply search for your dag and hit the run buttom.

To programatically interact with airflow on the command line, you need to exec
into the airflow scheduler pod.

JQ_QUERY='.items[] | select(.metadata.name | startswith("airflow-scheduler-")) | .metadata.name'
AIRFLOW_SCHEDULER_POD_NAME=$(kubectl -n airflow get pods -o json | jq -r "$JQ_QUERY")
echo "AIRFLOW_SCHEDULER_POD_NAME=$AIRFLOW_SCHEDULER_POD_NAME"

# Get a shell into the scheduler to run airflow commands
kubectl -n airflow exec -it pods/$AIRFLOW_SCHEDULER_POD_NAME -- /bin/bash

# Inside the airflow shell
echo '

airflow dags list

airflow dags list -o json > dags.json

airflow dags list-jobs

# To run a dag you need to trigger and unpause it.
airflow dags trigger kit_ta2_preeval10_pyenv_t29_batch_AE_R001
airflow dags unpause kit_ta2_preeval10_pyenv_t29_batch_AE_R001

airflow dags trigger kit_ta2_preeval10_pyenv_t29_batch_KW_R001
airflow dags unpause kit_ta2_preeval10_pyenv_t29_batch_KW_R001

REGION_IDS=("KR_R002" "KR_R001" "NZ_R001")
for REGION_ID in "${REGION_IDS[@]}"; do
    echo "trigger $REGION_ID"
    airflow dags trigger kit_ta2_preeval10_pyenv_t29_batch_$REGION_ID
    airflow dags unpause kit_ta2_preeval10_pyenv_t29_batch_$REGION_ID
done

REGION_IDS=("KR_R002" "KR_R001" "NZ_R001" "KW_R001" "AE_R001")
for REGION_ID in "${REGION_IDS[@]}"; do
    echo "trigger $REGION_ID"
    airflow dags trigger kit_ta2_preeval10_pyenv_t31_batch_$REGION_ID
    airflow dags unpause kit_ta2_preeval10_pyenv_t31_batch_$REGION_ID
done


# Status queries
airflow dags list-jobs -d kit_ta2_preeval10_pyenv_t33_post1_batch_KR_R001 -o yaml
airflow dags list-runs -d kit_ta2_preeval10_pyenv_t33_post1_batch_KR_R001 -o yaml
airflow dags list-runs -d kit_eval_11_rerun_batch_AE_R001 -o yaml
'


### Alternative - execute commands from local shell
# Oddly this tends to send outputs with color that we need to strip out.
JQ_QUERY='.items[] | select(.metadata.name | startswith("airflow-scheduler-")) | .metadata.name'
AIRFLOW_SCHEDULER_POD_NAME=$(kubectl -n airflow get pods -o json | jq -r "$JQ_QUERY")
export AIRFLOW_SCHEDULER_POD_NAME
kubectl -n airflow exec -it pods/$AIRFLOW_SCHEDULER_POD_NAME -- airflow dags list -o json > dags.json
cat dags.json | sed -r "s/\x1B\[([0-9]{1,3}(;[0-9]{1,2};?)?)?[mGK]//g" | cat > dags_nocolor.json

airflow dag_state kit_eval_11_rerun_batch_AE_C002

# Note:
# This idea will be further developed in
~/code/watch-smartflow-dags/monitor_dags.py

python -c "if True:
    import json
    import pathlib
    import cmd_queue

    # Build pattern to identify the jobs you want to run
    import xdev
    pattern = xdev.MultiPattern.coerce([
        'kit_eval_11_rerun_batch*'
        #f'kit_ta2_preeval10_pyenv_t{t}*'
        #for t in [31, 35]
    ])
    # FIXME: the json can be output with an error, need to strip it.
    text = pathlib.Path('dags_nocolor.json').read_text()
    data = json.loads(text[86:])


    valid_rows = []
    for item in data:
        if pattern.match(item['dag_id']):
            valid_rows.append(item)


    if 0:
        # Query the status of the selected dags
        import os
        AIRFLOW_SCHEDULER_POD_NAME = os.environ['AIRFLOW_SCHEDULER_POD_NAME']
        prefix = f'kubectl -n airflow exec -it pods/{AIRFLOW_SCHEDULER_POD_NAME} -- '

        import base64
        # easy-to-represent char encoding of the strip ansi pattern
        pat = base64.b32decode(b'DNOFWKC3GAWTSXL3GEWDG7JIHNNTALJZLV5TCLBSPU5T6KJ7FE7VW3KHJNOQ====').decode('utf8')
        import re
        pat = re.compile(pat)
        from watch.utils.util_yaml import Yaml
        row_to_states = {}
        for row in valid_rows:
            dag_id = row['dag_id']
            info = ub.cmd(prefix + f'airflow dags list-runs -d {dag_id} -o yaml', shell=True)
            text = pat.sub('', info['out'])
            states = Yaml.loads(text)
            print(ub.urepr(states))
            row_to_states[dag_id] = states

        orig_row = {r['dag_id']: r for r in valid_rows}
        dag_info_rows = []
        for dag_id, states in row_to_states.items():
            row = orig_row[dag_id]
            if len(states) == 0:
                row['status'] = None
            else:
                mrs = states[-1]
                row['status'] = mrs['state']
                row['execution_date'] = mrs['execution_date']
                row['run_id'] = mrs['run_id']
                row['start_date'] = mrs['start_date']
                row['end_date'] = mrs['end_date']
            dag_info_rows.append(row)

        import pandas as pd
        df = pd.DataFrame(dag_info_rows)
        import rich
        rich.print(df)

        num_need_run = pd.isna(df['status']).sum()
        num_running = (df['status'] == 'running').sum()
        print(f'num_need_run={num_need_run}')
        print(f'num_running={num_running}')

    import pandas as pd
    df = pd.DataFrame(valid_rows)
    import rich
    rich.print(df)

    # Build cmd-queue with the commands to execute
    queue = cmd_queue.Queue.create(backend='serial')
    prefix = 'kubectl -n airflow exec -it pods/$AIRFLOW_SCHEDULER_POD_NAME -- '
    for item in data:
        if pattern.match(item['dag_id']):
            print(item['dag_id'])
            queue.submit(prefix + 'airflow dags trigger ' + item['dag_id'])
            queue.submit(prefix + 'airflow dags unpause ' + item['dag_id'])

    # It is a good idea to comment out the run to check that you
    # are doing what you want to do before you actually execute.
    queue.print_commands()
    queue.run()
"







Debuggging DAGS

Here is a useful command to get a list of running pods that contain jobs.

kubectl -n airflow get pods





Given a pod id there are useful commands

# Pod logs
kubectl -n airflow logs pods/{pod_addr}

# Exec into a pod
kubectl -n airflow exec -it pods/{pod_addr} -- bash





Here is a snippet to automatically list pods and allow you to select one to
exec info:

kubectl -n airflow get pods
# Find your POD_ADDR
# POD_ADDR=site-cropped-kwcoco-6254ac27fab04f0b8eb302ac19b09745
# kubectl -n airflow exec -it pods/$POD_ADDR -- bash

# Script to list and exec into a running pod
python -c "if True:
import json
import pandas as pd
import rich
import ubelt as ub
info = ub.cmd('kubectl -n airflow get pods -o json')
data = json.loads(info['out'])

from dateutil.parser import isoparse
from datetime import datetime as datetime_cls
utc_now = datetime_cls.utcnow()

rows = []
for item in data['items']:
    restart_count = sum([cs['restartCount'] for cs in item['status']['containerStatuses']])
    start_time = item['status']['startTime']
    start_dt = isoparse(start_time)
    utc_now = utc_now.replace(tzinfo=start_dt.tzinfo)
    age_delta = utc_now - start_dt
    row = {
        'name': item['metadata']['name'],
        'status': item['status']['phase'],
        'startTime': start_time,
        'restarts': restart_count,
        'age': str(age_delta),
    }
    rows.append(row)
df = pd.DataFrame(rows)
rich.print(df.to_string())
import rich.prompt
ans = rich.prompt.Prompt.ask('which one?', choices=list(map(str, df.index.to_list())))
idx = int(ans)
pod_addr = df.iloc[idx]['name']
ub.cmd(f'kubectl -n airflow exec -it pods/{pod_addr} -- bash', system=True)
"








Old Notes


How to Bake a Model into a Dockerfile (OLD)


	Must be run in repo root


	Ensure whatever variant of the repo you want to be run is checked out.


	Need a base directory with a model in ./models.




DOCKER_BUILDKIT=1 \
    docker build --build-arg BUILD_STRICT=1 -f dockerfiles/ta2_features.Dockerfile . \
    --tag registry.smartgitlab.com/kitware/watch/ta2:post-jan31-invariant-rescaled-debug4





In the DAG need to change path to point to the new baked in model.

Need to push container to smartgitlab



Running Dags After Containers are Using (OLD)

Now we edit a DAG file for airflow

Choose a DAG file in ~/code/watch-smartflow-dags/ then edit it to give it a unique name
.e.g. ~/code/watch-smartflow-dags/KIT_TA2_20221121_BATCH.py


	change name of file and then change EVALUATION to be a unique string to name it what you want.


	change the image names / tags e.g. image="registry.smartgitlab.com/kitware/watch/ta2:Ph2Nov21EvalBatch", these are all “pod tasks” create_pod_task


	purpose is something about the node that it runs on.
For a subset of valid options see: https://smartgitlab.com/blacksky/smartflow/-/blob/118140a81362c5721b5e9bb65ab967fb8bd28163/CHANGELOG.md


	make cpu limit a bit less than what is availble on the pod.


	Copy the DAG to smartflow S3:

aws s3 --profile iarpa cp Kit_DatasetGeneration.py s3://smartflow-023300502152-us-west-2/smartflow/env/kitware-prod-v2/dags/Kit_DatasetGeneration.py









Need to run service to access airflow gui:

kubectl -n airflow port-forward service/airflow-webserver 2746:8080





navigate to localhost:2746/home

Now dags show up in the GUI.



SeeAlso


	Connor’s Smartflow Training Nodes


	Dags live in: https://gitlab.kitware.com/smart/watch-smartflow-dags









            

          

      

      

    

  

  
    
    

    <no title>
    

    
 
  

    
      
          
            
  # Prerequisites

Running smartflow requires setting up aws and kubectl.
We have [streamlined aws and kubctl install
instructions](../docs/getting_started_aws.rst) but you may also fine the
official resources useful:

Install:
- AWS CLI tool aws ([https://docs.aws.amazon.com/cli/latest/userguide/getting-started-install.html](https://docs.aws.amazon.com/cli/latest/userguide/getting-started-install.html))
- Kubernetes command-line tool kubectl ([https://kubernetes.io/docs/tasks/tools/#kubectl](https://kubernetes.io/docs/tasks/tools/#kubectl))
-

## AWS Configuration

Run aws configure. This common will ask you for some parameters:
-   aws account id: 023300502152
-   region: us-west-2
-   user name, access key id, secret key: Coordinate with [Yoni](mailto:yonatan.gefen@kitware.com) to get these if you don’t have them already

## Configuring kubctl to reach smartflow
(From David Joy)

Once kubectl and aws are installed you’ll want to configure it to be able to reach the cluster where Smartflow is running, here’s a little bash script that should do that for you:

```
ENVIRONMENT_NAME=kitware-prod-v2
export AWS_PROFILE=”iarpa”
AWS_ACCOUNT_ID=$(aws sts –profile “$AWS_PROFILE” get-caller-identity –query “Account” –output text)
echo “Verify this is your correct kitware-smart AWS Account ID”
echo “AWS_ACCOUNT_ID = $AWS_ACCOUNT_ID”
AWS_REGION=us-west-2


	aws eks –profile iarpa –region $AWS_REGION update-kubeconfig 
	–name “smartflow-${ENVIRONMENT_NAME}-eks” –role-arn “arn:aws:iam::${AWS_ACCOUNT_ID}:role/smartflow-${ENVIRONMENT_NAME}-${AWS_REGION}-eks-admin”





```

# Connecting to Smartflow

You can forward the Smartflow GUI port to your local machine with the following command:

`
kubectl -n airflow port-forward service/airflow-webserver 8080:8080
`

And then reach the GUI at: [http://localhost:8080](http://localhost:8080/)

# Launch a KIT_TRAIN_WITH_YAML job

Find the KIT_TRAIN_WITH_YAML job in the main interface. To launch, click the green “Play” button, and choose to “Trigger DAG w/ config”. Currently available options:
- smart_version_tag: Defaults to “main”. This is the git tag for the smart repo that you want to run your experiment. You will want to change this if you have changes in a feature branch you want to try.
- dataset_name: Defaults to “Drop4-BAS”. This is the name of the dataset stored on EFS that your model will be trained against. The assumed full path to the training kwcoco file (at this time) will be /efs/work/greenwell/data/smart_data_dvc/$DATASET_NAME/data_train.kwcoco.json.
- experiment_name: Defaults to “Baseline”. Determines, among other things, where the default logs will write to.
- experiment_yaml_relpath: The relative path within the smart codebase to a yaml file describing your fusion experiment.

# Copying your own DAG to Smartflow’s S3 Bucket

`
aws s3 --profile iarpa cp $DAG_FNAME s3://smartflow-023300502152-us-west-2/smartflow/env/kitware-prod-v2/dags/$DAG_FNAME
`

# Logging into a running DAG step / K8s pod

`
kubectl -n airflow get pods
kubectl -n airflow exec -it pods/$POD_ADDR -- bash
`
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Running CI Locally

This document aims to detail how to install the gitlab-runner and run a CI
script locally.

Instructions on intalling the gitlab runner are here: https://docs.gitlab.com/runner/install/

For ubuntu concise instructions are:

ARCH="$(dpkg --print-architecture)"
echo "ARCH=$ARCH"

# Download the runner
curl -LJO "https://gitlab-runner-downloads.s3.amazonaws.com/latest/deb/gitlab-runner_${ARCH}.deb"

### Hash Verification
curl -LJO "https://gitlab-runner-downloads.s3.amazonaws.com/latest/release.sha256"
python -c "if 1:
    import pathlib
    import subprocess
    deb_fname = 'gitlab-runner_${ARCH}.deb'
    fpath = pathlib.Path('release.sha256')
    known_hashes = fpath.read_text().split(chr(10))
    name_to_hash = dict([line.split(chr(9))[::-1] for line in known_hashes if line.strip()])
    x = subprocess.check_output(['sha256sum', deb_fname])
    hashval = x.strip().decode('utf8').split(' ')[0].strip()
    wanthash = name_to_hash['deb/' + deb_fname]
    print(hashval)
    print(wanthash)
    assert wanthash == hashval
    "

### GPG Verification
## See Also: https://about.gitlab.com/blog/2021/06/16/gpg-key-used-to-sign-gitlab-runner-packages-rotated/
curl -LJO "https://gitlab-runner-downloads.s3.amazonaws.com/latest/release.sha256.asc"
curl -JLO "https://packages.gitlab.com/runner/gitlab-runner/gpgkey/runner-gitlab-runner-4C80FB51394521E9.pub.gpg"
gpg --import runner-gitlab-runner-4C80FB51394521E9.pub.gpg
gpg --verify release.sha256.asc release.sha256

# Install the runner
sudo dpkg -i gitlab-runner_${ARCH}.deb





Now that the gitlab runner is installed try executing the linting job:

gitlab-runner exec docker run_linter





Now try the full strict and full loose job

gitlab-runner exec docker test_full_strict/pyenv-linux

gitlab-runner exec docker test_full_loose/pyenv-linux
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Running tests

The run_tests.py script provided here will run all tests in the tests
directory and in docstrings and report coverage. This script is simply a
wrapper around the pytest command.

Alternatively doctests can be invoked specivially via xdoctest -m watch to
run all doctests, or xdoctest -m <path-to-file> to run all doctests in a
file.



Writing tests

GEOWATCH uses the pytest module for running unit tests. Unit tests
should be added into the tests directory and files should be
prefixed with test_.

Additionally, code blocks in function docstrings will be interpreted as tests using
xdoctest [https://xdoctest.readthedocs.io/en/latest/autoapi/xdoctest/index.html]
as part of the Google docstring convention [https://sphinxcontrib-napoleon.readthedocs.io/en/latest/example_google.html].

For example here are what doctests look like for a class and for a function:

class GdalOpen:
    """
    A simple context manager for friendlier gdal use.

    Example:
        >>> # xdoctest: +REQUIRES(--network)
        >>> from watch.utils.util_raster import *
        >>> from watch.demo.landsat_demodata import grab_landsat_product
        >>> path = grab_landsat_product()['bands'][0]
        >>>
        >>> # standard use:
        >>> dataset = gdal.Open(path)
        >>> print(dataset.GetDescription())  # do stuff
        >>> del dataset  # or 'dataset = None'
        >>>
        >>> # equivalent:
        >>> with GdalOpen(path) as dataset:
        >>>     print(dataset.GetDescription())  # do stuff
    """
    # code goes here

def my_cool_function(inputs):
    """
    The purpose of this function is to demonstrate how to write a doctest.

    Example:
        >>> # An example of how to use my cool function
        >>> # The xdoctest module will run this as a test
        >>> inputs = 'construct-demo-data'
        >>> my_cool_function(inputs)
    """
    import this
    print('You input: {}'.format(inputs))
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Tutorials

This folder contains several tutorials on how to use the GeoWATCH system to train simple fusion models:


	Tutorial 1: Generate toy RGB data and fit a simple network  [image: Tutorial1_Shell] [image: Tutorial1_Jupyter] [image: Tutorial1_Colab] [https://colab.research.google.com/drive/1zGgs47WglRf3lLpjS3vHUmgxIM4oziBH?usp=share_link]


	Tutorial 2: Generate toy multi-spectral data and fit a simple network [image: Tutorial2_Shell]


	Tutorial 3: Fuse features from multiple sources [image: Tutorial3_Shell]


	Tutorial 4: Advanced Training [image: Tutorial4_Shell]


	Tutorial 5: IARPA SMART Demo [image: Tutorial5_Shell] [image: Tutorial5_Colab] [https://colab.research.google.com/drive/1SiNUDCn1sBMu2wybB8dyal6CM-fqAj1Y?usp=share_link]


	Tutorial 6: KHQ SMART Demo [image: Tutorial6_Shell]






	See Also: KQH Demo Slides [https://docs.google.com/presentation/d/1HKH_sGJX4wH60j8t4iDrZN8nH71jGX1vbCXFRIDVI7c/edit#slide=id.p].







TODO: tutorial about kwcoco (See docs for kwcoco [https://gitlab.kitware.com/computer-vision/kwcoco])

SeeAlso SMART-specific tutorials:


	SMART Activity Characterization Tutorial


	SMART Ensemble Tutorial
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