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INTRODUCTION

Landslide change detection using SAR images with Deep Learning
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Analysis ready SAR Datacubes
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Datacubes published at
https://doi.org/10.5281/zenodo.7248056
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OUTPUT: REGIONAL ZARR DATACUBES
B= Puerto Rico

- ® Hokkaido, Japan
‘%‘% #= Gunung Talamau, Indonesia

@l Kaikoura, New Zealand

y pixels

o— (Geographic metadata

L+ landslide labels (Segmentation maps)

T—» Topography (Digital Elevation Model, slope, aspect, etc)

Time-series of intensity data(VV, VH) pre- & post- event
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» Time-pair phase-derived data(coherence, interferogram)
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https://doi.org/10.5281/zenodo.7248056
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Experiments
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SAR(VV): Only VV band before and after the earthquake - 2 channels

SAR(VH): Only VH band before and after the earthquake - 2 channels

SAR(VV,VH): Only SAR bands(VV and VH) are used before and after the earthquake - 4 channels
SAR+DEM: SAR bands(VV and VH) before and after the earthquake, plus DEM-derived data
(elevation, slope, aspect, curvature)- 8 channels

For each input configuration, we train using 1, 2, 3 or 4 time steps (average pixel-wise into 1
channel) before and after the event.
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Results

Performance measured with the
Area Under the Precision-Recall Curve (AUPRC)

e More timesteps improve landslide detection

e (Complementarity of the bands
SAR(VH)<SAR(VV)<SAR(VV,VH)

e Adding DEM helps early detection

Predictions of the best model on the test set
match very well the target label
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Conclusion

1. Deep Learning models on SAR data perform skillful Landslide Detection.
2. Elevation data enhance rapid detection capabilities, when having access to few satellite passes.
3. Werelease our datasets and code.

Datacubes in four regions for Landslide Detection - https://zenodo.org/record/ 7248056
Code - https://qgithub.com/iprapas/landslide-sar-unet
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