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1. Introduction and Motivation 4. Target Flood Maps 5. Inputs and Dataset 6. Model Training and Validation

 RAPID Near Real Time Flood Inundation Archive [4] « Static: elevation, slope, Height Above Nearest Drainage » K-Fold Cross-Validation with 5 folds (80/20 split); batch size 32

* Maps created from Sentinel-1 imagery (HAND), HydroSHEDS flow accumulation « Set a max of 250 epochs with early stopping sensitive to RMSE
* 10m flood maps rescaled to fractional 1km maps * Dynamic: LSM output for soil moisture, surface-subsurface ., | R Scheduler: reduce by 0.5 from after 10 stagnant epochs

« 31 flood events from 2017-2019 over the study area runoff, ponding, and snowmelt, aggregated daily

» Custom Weighted Huber Loss Function
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“overbacramento watershea O * Training Time: 3 h, 1 m, 16 s using one Tesla P100 GPU
« 4 /80 samples, each with 8 inputs and 1 target flood map
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surface flood water using U-Net model architecture
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