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Jgﬁowmqe Importance of snow vs limited data

* Snow covers almost half of the Northern Hemisphere

* Cooling effect on our planet
e Critical water resource

Shortage of data:
e Optical: only cover, not water
* Passive microwave: too coarse, not in mountains
* Lidar: only local

Solutions:
e Opportunity C-band Sentinel-1
e New mission proposals
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Overall hypothesis: (1) improved snow retrievals from S1 backscatter

* Machine Learning (ML) instead of change detection
* Inclusion of auxiliary EO data
e Test site: European Alps

Scientific objectives: (2) retrieval

* Improved snow depth, by addressing topography,
soil, vegetation, snow microstructure

e Retrieval of SWE
 Extend during wet snow conditions

Scientific objectives: (3) ML setup
* EOinput data
ML type and architecture
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SNOWTRANE Preliminary results
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