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A need to monitor snow depth? ¢ | &= Sentinel -1 dual -polarized SAR polarimetry vs. backscatter variables 600N
Mountain seasonal snow is an indispensable natural resource, ||PUal-polarized SAR polarimetry variables  have been found to show stronger sensitivity to snow depth compared to backscatter variables, 2] 02 o
sustaining both nature and society with water, and altering the A Polarimetric scattering angle ~ » A Co-polarized backscatter ﬁn n - Y aean
E ar t leatsbudget. However, unravelling the temporal and A First Stokes parameter | A Cross -polarization ratio ﬁA /ﬁ' .
spatial dynamics remains challenging in mountainous areas, even |
across the European Alps. Experiments N - o
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to Improve snow survey predictions

ASentinel -1 C-band polarimetric
scattering angle » ' more effectively
used than cross -polarization ratio ﬂAn
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ADrop in co -polarized backscatter is
leveraged to positively contribute to
predicted snow depth

Alncorporating meteorological forcing
data yields similar performance to
using modeled snow depth

Potentially combined with

additional meteorological

forcing data or modeled
snow depth
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