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groundwaterrecharge—However;-but accurate estimates of this seasenal-water storage remain limited, even in the European
Alps, where there is a dense network of in situ monitoring stations. In this study, we address this-issue-by-estimating-Alpine
snow depth estimation at a 100 m spatial resolution and sub-weekly temporal resolution with-over the 2015-2024 period using.
multiple input configurations within an extreme gradient boosting medel(XGBoost) for-the-time-period-261+5-2024machine
learning (ML) model. We explore the potential for-using-of Sentinel-1 C-band dual-polarized synthetic aperture radar po-

larimetry (PolSAR) observationsto-improve-upon-backseatter-based-approaches, and include either regionally downscaled

meteorological forcing data ard¢-or modeled snow depth as additional inputs to further explain interannual and spatial vari-

ability. Fo-A threefold nested cross-validation scheme is used to account for the spatio-temporal dependencies present in

the snow depth data;—w

. XGBoost’s internal booster and Shapley additive explana-

ing-(SHAP) values are used
to relate the input features with the predictions for both dry and wet snow conditions. Our results demeonstrate-thatineorporating
Sentinel-+-indicate that the inclusion of PoISAR observations leads to mere-acetrate-snow-depthretrievals-compared-to-using
backseatter alone—In-addition—our-analyses-indicate-that-including-modest improvements over a backscatter-intensity-based
configuration, whereas the SHAP-based feature attribution reveals a high reliance of XGBoost on the polarimetric scattering

angle and co-polarized (VV) backscatter intensity. Next, incorporating either meteorological forcing data or modeled snow
depth estimates-substantialy e Dok i arable-aceura iha

WWWHWWM@WWW
spatially distributed training data, proven to be essential for capturing the-topegraphie-inflaenee-topographic controls on snow
depth estimates; variability, are included. When supplemented with spatial training data and either meteorological forcing data
or modeled snow depth estimates, XGBoost shows good agreement with nine snow surveys conducted in the Dischma valley.
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Switzerland), achieving correlation coefficients (R) of 0.76 andfeﬂbkafwgeeéfpaﬂa}jafedie&eiﬁeeufaew@vefa%k&m—weﬂe

and 0.17 m, respectively. When applied to unseen locations across the Alps, the performance remains high, with R = 0:80 and
biases of 0:04 and 0:03 m, respectively.

1 Introduction

Seasonal-snow-plays—a-eritical-role-in-nature;society-and-eclimate-First,-snow-Globally, the spatial and temporal dynamics
of seasonal snow have been changing over the last decades. Notarnicola (2022) and Bormann et al. (2018) report a negative
trend in global annual snow cover, while Matiu et al. (2021) observed an overall decreasing trend in monthly mean snow depth
(8D) for the months of November through May across the European Alps. These changes in seasonal snow dynamics have

implications for society, ecosystems, and the climate system, given the critical role that snow plays in each of these domains.
Snow namely serves as a natural water reservoir that contributes to river discharge, soil moisture and groundwater recharge

(Gascoin et al., 2024; Dozier et al., 2016)-tnr-addition;snow-, and moreover fuels water basins used for hydropower generation
Bormann et al., 2018). Snow also provides drinking water to over 1.2 billion people worldwide, supports agricultural irrigation
viaspow-meltthrough snowmelt-driven runoff, and # i

xerts substantial socioeconomic impacts
for example through traffic delays and accidents ;-and-sustains-a-multi-billien-deHar-and by sustaining a multi-billion-dollar win-

ter recreation industry

—(Bales et al., 2006; Barnett et al., 2005; Bormann et al., 2018;

The climatic significance of snow is arguably even greater, albeit harder to monetize (Sturm et al., 2017). The combination of
the high albedo of snow, which reflects of-a large portion of the incoming solar radiation, with the vast area of the world covered
yearly by snow, enhances global cooling, and thus influences the Earth’s surface energy balance (Warren, 1982; Groisman et al.,

1994; Marks and Dozier, 1992).

European-Alps—Given-the-importanceof seasonal-spowAs a result of its importance, key snowpack properties such as SD and

snow water equivalent (SWE), the latter relating to SD through snow bulk density, have been designated as essential climate

variables (Gascoin et al., 2024; Global Climate Observing System), and various scientific institutions and international organi-

zations have prioritized their enhanced observation and monitoring (Gas

Douzier et al., 2016; World Meteorological Organization, 2023).

To date, mountain SD and SWE have been observed and monitored using a wide range of measurement and modeling

techniques, including manual and automated point measurements; airborne passive and active optical sensors; airborne and
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space-borne passive microwave radiometarstairborne and space-borne active microwave sensors, such as synthetic aper-
ture radar (SAR)an
tions globally;(e.g.,.F

variability due to their relatively sparse and uneven spatial distribution within alpine regions (Miller et al., 2022; Lopez-
Moreno et al., 2015). Moreover, this type of monitoring is often conducted at relatively at and open sites, rarely covers the
highest elevations, and can disturb the snowpack (Dozier et al., 2016; Deems et al., 2013; Miller et al., 2022). Snow mea-
surements derived from airborne passive and active optical sensors, such as photogrammetry-based SD maps (Bihrle et al
2023; Marty et al., 2019) and lidar altimetry-derived SD and SWE products (Painter et al., 2016; Deems et al., 2013), pro-

coverage and sparse temporal sampling (Tsang et al., 2022; Dozier et al., 2016; Hill et al., 2019). In contrast, space-borne

passive microwave radiometers provide broad spatial coverage, but their effectiveness is reduced by a coarse spatial resolutio

don the resultsof

is thought to be related to snow volume scatterinfmultiple) scattering on anisotropic snow crystals or clusters of crys-
tals-, and scattering at snow (or snow-ground) layer interfags As a result, mainlgross-pelarizedbackseatteVH, or the
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the use of derived PolSAR variables that inform about the dominant snow scattering mechanism (i.e., a polarimetric scattering
angle that increases with a growing snowpack), or about the intensity of the total received backscatter (i.e., the rst Stokes
parameter). Previous work has explored PolSAR for wet snow or snow cover area detection (Tsai et al., 2019; Varade et al.,
2020)-Hewever;, but no operational retrieval algorithms currently exist that utilize dual-polarized PolSAR observations for

estimating mountain SD or SWE.

2022; Brangers et al., 2024b). To address some of these limitations, Dunmire et al. (2024) implemented machine learning
(ML) to enhance S1-based SD estimates at a high spatial resolution (100 m). They utilized an extreme gradient boosting model
(XGBoost; Chen and Guestrin (2016)), incorporating input features related to topography, land and snow cover, and S1 C-band

estimating SD and SWE, both with and without integrating S1 C-band satellite observations (Xiong et al., 2022; Daudt et al.,

2023; Broxton et al., 2024; Duan et al., 2024pweverne-we drrentlye hatincorperatedual-polarizedPolSAR

band snow retrievals to enhance modeled SD. Additionally, ML models can also be used as emulators, replacing physical

everthelessfew studies
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Table 1. Overview of the datasets and their associated targeted resehatibadby-a-cress(—). The 100 m and 500 m resolutions refer to
the spatial resolution of the WGS84 grid.

Resolution In situ SD S1C-band Snow cover Wetsnow Meteorological Snowclim Auxilic
WGS84  phetegrammetryraps(incl. photogrammetrynaps)  variables data mask forcing data SD date
100 m
500 m

SD estimates as features in our ML model, to improve the representation of interannual and site-speci ¢ variability. To validate
our approach, we implement a threefold nested cross-validation (nested CV) framework, which masks subsets of the data
during training and predicting (testing). This framework accounts for the spatial, temporal and spatio-temporal dependencies
in the data, an essential consideration when validating ML models for spatio-temporal purposes (Meyer et al., 2018). Finally, to
address the limitations of relying solely on point-based training data, we compare input con gurations trained with and without
airborne snow survey data, and validate the predictions ag@mesairborne photogrammetry snow surveys conducted across

the Dischma Valley, Switzerland.

2 Data

Various datasets were collected and reprojected (and/or resampled) to two geographic grids used in this std@ the
(1/1008) resolution World Geodetic System 1984 (100 m WGS84) gnkd for ne-resolution datasets or to preserve
more details in the target (SD) and auxiliary datasets, and B0 m (5/1008) WGS84 grid (500 m WGS84), used for

the eourse-sealeoarse-scaland satellite datasets. Table 1 provides an overview of the data products and the grid to which

each was aligned to be used within this study.
2.1 In situ SD measurements

We compiled in situ SD data over the European Alps by combining stationary and point-based measurements and airborne
photogrammetry snow surveys, sourced from multiple regional providers across the Alpine countries (Fig. 1). Point-based
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box) airborne photogrammetry snow surveys conducted across the Dischma valley, used to train XGBoost and evaluate the SD predictions

The light grayshadecarea delineates the Alpine region as de ned by the Alpine Convention (Aureliano, 2020).

measurements were collected for the time period 2015-2024, and include data from Austria (provided by Geosphere Austria,
formerly ZAMG, and TIWAG), France (from measurement stations operated by partners under agreement of MetéoFrance),
Italy (collected in the autonomous regions of Valle d'Aosta, Trento and Alto-Adige, Piemonte, Lombardy and data provided
by the International Center for Environmental Monitoring CIMA Research Foundation), and Switzerland (manual and auto-
mated point-based SD measurements collected and managed by the Swiss Federal Institute for Forest, Snow and Landscay

Slovenia.

Next, we collected spatial SD measurements, derived from airborne photogrammetry (Marty et al., 2019; Buhrle et al., 2023)
over the Dischma valley, Switzerland (Fig. 1, red box). A total of nine photogrammetry SD surveys (snow surveys) were added
to our dataset, with an original resolution of 0.5 m (6 maps, measured yearly near peak SD between 2017 and 2022) or 2 m (3
maps, collected on 3 distinct days in 2016). For both resolutions, we applied a linear averaging and reprojected all surveys to
the target grid of our SD estimates, the 100 m WGS84 grid.

Within our research, we collected data from the European Space Agency (ESA) and Copernicus S1A and -B satellites, which
operaten-theat C-band5-4GHz)and share the same orbital plane with a 18fbital phasing difference. Both have a 12 day
repeat cycle. Combined, they offer a repeat cycle of 6 days over the study area. S1B, however, has been out of operation sinc
24 December 2021, and thus does not cover the complete study period (2015-2024).
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S1 dual-polarized PolSAR observations were acquired from interferometric wide swath (IW) single look complex (SLC) data
in dual-polarization (VV and VH) mode. The data were processed into two dual-polarized PoISAR variables: the polarimetric
scattering angle () and the rst Stokes paramete®(), using the Sentinel application platform (SNAP) toolbox, version 9,
with processing steps described in Jans et al. (2025). These processing steps included applying precise orbit le corrections,
radiometric calibration, debursting TOPSAR bursts, and merging sub-swaths into a single image. This was followed by the
generation of th 2 covariance matrix (C2-matrix). The C2-matrix was then used as input for two distinct processing chains.
The rst one involved an eigenvector/value decomposition of the C2-matrix, followed by thelétfomposition (Cloude and
Pottier, 1997), from which was derived. The second processing chain utilized the compact-polarimetry Stokes parameter
generation to deriv§, from the C2-matrix. Next, both variables were multilooked t@5 m to reduce speckle and nally, a
Range Doppler terrain correction was applied to both variables, reducing (geometric) distortions due to topographical variations

in the scene. For the latter, the Copernicus 30 m global digital elevation model (GLO-30 DEM) was used.

amplitude data. Processing steps, described in Lievens et al. (2022) and Jans et al. (2025), were applied, including precise orbi
le application, GRD border and thermal noise removal, radiometric calibration, terrain attening to backscatlgSasall,

2011) and nally a Range Doppler terrain correction. As for the PolSAR variables, the Copernicus GLO-30 DEM was used
during the processing steps. Additionally, local incidence angle (LIA) information was preserved and the cross-polarization

ratio ( 25 ; calculated as the ratio betwee}, and J,, in linear scale) was calculated.

100 m WGS84 grid using linear averaging, and resampled to the 500 m WGS84 grid by taking the mean. Then, we performed
a rst and second-order moment scaling (to correct for differences in the mean and variance) betweefeibhits-by

notation.

2.3 Snow cover data and wet snow mask

Snow cover data were obtained from two sources: binary snow cover information from the interactive multisensor snow and
ice mapping system (IMS; U.S. National Ice Center (2008)) at 1 km resolution, and fractional snow cover (FSC) information
from the moderate resolution imaging spectroradiometer (MODIS; Hall and Riggs (2020a, b)) at 500 m resolution. For the
latter, we collected cloud gap- lled FSC data separately from the Terra and Aqua satellites, which we both reprojected onto
the 500 m WGS84 grid using linear averaging. Subsequently, we combined the individual products using a weighted average,
which accounted for the quality ags of each product, the time lag between the last cloud-free FSC observation and the current

date, and the time lag of the individual satellite observations relative to each other (Appendix A). Next, a cutoff was set on the
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combined product, only allowing for FSC information less than 7 days before the current date. Finally, remainii3gog&jps

to the same 500 m WGS84 grid using majority resampling. Hereby, a no-snow indication of IMS was set to an FSC value of
0%, while an IMS snow covered pixel received a value of 100%.

Additionally, a wet snow mask was acquired to differentiate between dry and wet snow periods. This dataset, based on S1
C-band satellite observations and obtained from the Copernicus Land Monitoring Service (CLMS) High Resolution Snow and
Ice Monitoring (HRSIM) SAR Wet Snow in high mountains (SWS) product (Copernicus Land Monitoring Service, 2024),
provides a binary classi cation between wet snow conditions, and dry, patchy or snow-free conditions. The data, available at

identify locations and periods with no (reliable) classi cation.

2.4 Meteorological forcing data

serve as additional input to the ML model. To this end, we rst collected coarse three-hourly meteorological forcing data with
a 0.1 spatial resolution. Precipitation data were sourced from the multi-source weighted-ensemble precipitation (MSWEP,
Beck et al. (2019)) dataset, which combines various state-of-the-art reanalysis products with gauge and satellite observations
(Beck et al., 2019). Other variables, including downward shortwave and longwave radiation, 2-m air temperature, wind speed,

and 2-m relative humidity, were obtained from the multi-source weather (MSWX, Beck et al. (2022)) product. This dataset is

Pet =(1 D) Peowse, + D Peousey,  0:75+0:5-2% 2 yithp = Zmx_ Zmn g 5o @
' ' Zmax  Zmin D gif

with z, the elevation [m] of the 500 m Copernicus GLO-30 DE}, andzmnax the minimum and maximum elevation
[m] within an interpolation window — centered on the locatiorand spanning an area roughly matching the original 0.1

grid size — andD gy a user de ned difference in elevation, set to 250 m. The user de ned difference was introduced to
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The other forcings were adjusted as follows. The temperature was corrected using a seasonally varying lapse rate, following
Liston and Elder (2006b), to account for elevation-dependent temperature variations. For relative humidity, we rst converted
to dewpoint temperature, then applied a lapse rate correetieimilar as for the temperature, and nally converted the
corrected dewpoint temperature back to relative humidity (Liston and Elder, 2006b). Downward shortwave radiation was
adjusted following the method of Fiddes and Gruber (2014), which involved partitioning the radiation data into direct and
diffuse components, accounting for the elevation effect on the direct component, and applying a topographic correction to both
components. In contrast, downward longwave radiation and wind speed were not adjusted after bilinear interpolation.

2.5 Physically-based snow modesnowclim

layer snow model utilizing a fully distributed energy and mass balance. We ran the model over the entire European Alps with
the downscaled meteorological forcing data at a 500 m spatial and 3-hourly temporal resolution. To obtain daily values, the
3-hourly SD estimates were averaged to a daily time step. A description of the model's parameter settings, how they have been

calibrated, and the model's performance when validated against in situ measurements, is provided in Appendix B.
2.6 Time-independent auxiliary data

In addition to time-dependent data, we employed time-independent auxiliary data, sourced from various providers. As with the
other datasets (except the meteorological forcing@molwclimdata), these data were rst projected onto the 100 m WGS84
grid, using linear averaging for continuous variables and majority resampling for categorical data. Forest cover fraction (FCF)
data and land cover information, including a water mask, were acquired from the 2018 epoch of the 100 m Copernicus PROBA-
V global land cover dataset (Buchhorn et al., 2020). Next, we used the Copernicus GLO-30 DEM to extract elevation and three
topographic features: slope, aspect, and topographic position index (TPI), the latter quantifying the relative elevation of a
grid cell concerning its surroundings within a prede ned diameter. Slope and aspect were computed in MATLAB using the
Geodetic (Craymer, 2022) and TopoToolbox (Schwanghart and Scherler, 2014) toolboxes, while TPI was calculated following
the methodologies of Weiss (2001) and Lundblad et al. (2006). For this study, we computed the TPI using only the neighboring
pixels of a speci c grid cell, corresponding to3a 3 grid window. Finally, we included a glacier mask, retrieved from the

3 Methods

3.1 XGBoostmode]selection
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Within_this study,we deployedXGBoostto estimateSD acrossgthe EuropeanAlps. XGBoost

3.2 Dataset preparation

We trained, validated, and tested XGBoost with various con gurations on a dataset containing input features associated with
each SD measurement (predictor variable) from the in situ measurement sites and snow surveys. To construct this dataset, w
rst excluded those stationary measurement sites located within glaciated areas, as well as those with less than 5% non-zerc
SD observations. Subsequently, we identi ed the unique locations of the stationary sites within the 100 m WGS84 grid, and
averaged time series from sites within the same grid cell. Furthermore, we excluded SD measurements during the summel
months July and August, and resampled the data with a 500 m spatial resolution to the 100 m WGS84 grid using value
replication.

The S1 data spatially and temporally coinciding with available SD measurements on the 100 m WGS84 grid include both
ascending and descending orbits. This allows a single location to have two S1 observation values for the same SD measuremer
on a given date. Importantly, we chose not to exclude satellite observations with high or low LIA, as we assumed that XGBoost
could effectively learn the relationships between these satellite observations and the corresponding SD. For each location anc

date with an available satellite observation, we also selected the corresponding (nearest) time-dependent non-satellite dat

observedSD andselectedauxiliary variablesshownin Fig. E1.

A similar procedure was applied for the photogrammetry snow survey data: for each SD measurement, the nearest input
feature values within the 100 m WGS84 grid were selected and compiled into a dataset, linking each SD observation with its
corresponding input features. Since satellite acquisitions did not always coincide with the exact date of the snow surveys, we
used the most recent S1 observation prior to the survey, with a maximum offset of two days. Lastly, to represent the temporal
component of our datasets, we computed the day of the year (DOY) for each instance. To account for the cyclic nature of
the calendar year and prevent discontinuity between 31 December and 1 January, we transformed the DOY into two separats
features using sind>QY gj,) and cosine@OY .s) functions:

2 DOY 2 DOY

DOYSin = Sln L::::ZZ::: n (2)
2 DOY 2 DOY
DOY ¢os = COS n n )

with n the number of days in the corresponding year.

10
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3.3 Feature con gurations and SD prediction

] 'S

(Backscattay con guration), included %2 and 23 as satellite input features. In addition, we combined the PolSAR and

used within XGBoost.
3.3.2 S1 observations plus meteorological @nowclimSD estimates

The satellite observations were further complemented with either meteorological forcing data (W{eatreguration) or
SnowclimSD estimates§nowcliny,. con guration) to better resolve interannual and in-between-site variability (Table 2). The
Weatheg,. con guration was an extension of the Combinatjgrsetup, now including cumulative snowfall, cumulative wind
speed, cumulative shortwave radiation, a cumulative number of melt days, and the mean daily temfgpjatQrer(ulative
snowfall Ps.c) was estimated by rst calculating the daily fraction of precipitation falling as snow, based on temperature,
precipitation and relative humidity using the bivariate logistic regression model described by Jennings et al. (2018), and subse-
guently summing these fractions from th&df September of the corresponding snow year up to the prediction date. Similarly,
the cumulative wind speedl@.) was derived as the sum of the daily wind speed from fhefiSeptember of the correspond-

ing snow year up to the prediction date. Cumulative shortwave radia®drd¢), on the other hand, was summed over the
seven days preceding the prediction date. Similarly, the cumulative number of meltiay} as de ned as the number of
days with a maximum temperature above&Qvithin the 7 days preceding the prediction date. Shewcliny,_ con guration

did not include meteorological forcing data as direct inputs, but instead makes use of modeled SD estima@esivolim
(SDsc), which are driven by meteorological conditions.

Prior to being used in XGBoost for SD prediction, each feature was standardized individually, using the mean and standard
deviation calculated from the training set values. This standardization was consistently applied to the validation and predicting
(test) datasets as well, ensuring compatibility across all data splits. Input features from ascending and descending orbits were

11
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ML conguration baselne 5 S§ & % Psc SWerUa. F-SWd;, MD7; Ta SDsc

PolSARuL
Backscatteayi
Combinatiom.
Weatheg
Snowcliny.

fed to XGBoost separately. In case a location had both an ascending and descending satellite observation on a given date, th

mean of both XGBoost SD outputs was taken.

3.4 Spatio-temporal nested cross-validation and hyperparameter tuning

The concept of nested cross-validation (nested CV) has been extensively utilized in other studies (Dora et al., 2018; Abdulaal
et al., 2018; Parvandeh et al., 2020), since nested CV allows to characterize the generalization error of an ML model correctly
(Blancas, 2021). Figure 2 illustrates that nested CV involves both inner and outer resampling to, respectively, train and tune the

ML model (and its hyperparameters), and evaluate predictions on unseen and independent test data. Considering the suscep

bility of SD measurements to spatial and temporal autocorrelation, we implementedskesatidatiorCV strategy described

in Landschoot et al. (2012) within a threefold nested CV framework for the site data (excluding the snow surveys), in which

subsets of the data are masked during training, validation and predicting (testing). To this end, the data of the site measurement

were partitioned into spatial, temporal and spatio-temporal folds.
The spatial folds were constructed using a two-step approach:thssites located within ve km of one another were

12
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Figure 2. Principle of nested CV for (a) the spatio-temporal setup, (b) the spatial setup and (c) the temporal setup. The predicting (test) and
training folds during outer resampling are colored in turquoise and light gray respectively. The validation and training folds during inner
resampling are colored in dark and light blue. The striped boxes in (a) represent the excluded folds during training and testing within the
spatio-temporal setup. During outer resampling, predictions are made with the trained ML model, with hyperparameters that are tuned during
inner resampling. The numbers indicated in the arrows represent the amount of times outer and inner resampling are performed, respectively

For (a), four iterations are shown, while for (b) and (c), three iterations are displayed.

For each unique fold ( ve for spatial and temporal nested CV; 25 for spatio-temporal nested CV), we iteratively designated
one fold as the test set during outer resampling, using the remaining folds for training and validation. To ensure independence
of the test data, all data from the sites and/or years present in the test fold were excluded from the training and validation sets
(Fig. 2).

The same approach was applied during inner resampling, to split the training and validation data used for tuning XGBoost's
hyperparameters. To tune the hyperparameters, we utilized Scikit-learn's (Pedregosa et aRa2@tbhyizedSearchCalgo-
rithm, employing the mean squared error (MSE) as loss function. A different random seed was set for each outer resampling
loop, introducing variability in the selection of optimal hyperparameter combinations. During each loop, 150 hyperparameter
combinations were chosen from a prede ned tuning grid, based on the one provided in PyCaret (PyCaret, 2020). The hyper-
parameters yielding the best mean MSE score across the validation folds were selected. This approach produced independel
predictions for every instance in the dataset, enabling the calculation of performance metrics and the construction of FI scores.

13
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3.5 Feature importance scores

We used both XGBoost's booster and Shapley additive explanations (SHAP; Lundberg and Lee (2017)) values to assess the
feature's impact on the SD estimates. For the booster, we selecteaithEl, which informs about the contribution of each

input feature in minimizing the loss function during model training. As such, for every outer resampling loop within the nested
CV framework, we computed thgaingain FI of the individual features during model training.

SHAP values, on the other hand, quantify the contribution of each input feature to an individual (SD) prediction, measured
relative to an expected prediction (SD) value. Within the nested CV framework, SHAP values thus indicate how each feature
in uences the SD predictions made for the outer resampling predicting sets, relative to the average (SD) prediction computed
from the training set. Consequently, SHAP values can be both positive and negative. To assess the overall global SHAP value
FI during SD prediction, mean absolute SHAP values were computed for each input feature during every outer resampling
loop. The latter were converted into relative contributions by normalizing them with the sum across all features.

the SD predictions throughout the seasonal evolution of the snowpack. To this end, for each site and snow season in the tes
sets, we rstidenti ed the periods during which a snowpack was present, based on the measured SD. The season start date wa
identi ed as the rst date with SD 10 cm, that was followed by nine consecutive days with SI cm. For low elevation

sites with (very) shallow snowpacks, where this condition was not met for an entire snow season, the start of the snow seasor
was marked by the rst date with SD 10 cm. Conversely, we de ned the end of a site's snow season as the rst day of a
10-day period with 0 cm SD, near the end of snowpack presence. In addition, we used the CLMS SWS product to distinguish,

3.6 Performance metrics

In addition to the FI and SHAP value analysis, several performance metrics were used to validate XGBoost SD predictions
with measured SD. For each con guration and across all outer resampling predicting sets (thus the total dataset), we computec

(RMSE) and bias between predicted and measured SD (all averaged over time and space). Since cross-validation is conducte
in both space and time, the performance metrics re ect the ML model's ability to generalize across purely spatial, purely
temporal, and combined spatio-temporal domains. Additionally, certain metrics were calculated on a per-site basis, such as the
MAE.

Next, we evaluatethe XGBoost's capability to generate spatial SD predictions by comparing them with the photogrammetry
snow surveys conducted in the Dischma Valley, Switzerland. For this case, we trained XGBoost exclusiwebserement
sitedatastationaryandpoint-basedn

asurements, excluding spatial data from the snow surveys. Model training and hyperpa-

rameter tuning were performed using vefold spatiabss-vatidatioQV, as this approach best re ects the intended application

of the ML model: predicting SD on unseen locations across the European Alps within the time period of our S1 data collection.

14
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After training, XGBoost was applied to predict SD for each of the nine snow surveys, and performance efhgtricsicted
vs-observedsBwere computed.

We then repeated this process, but now incorporating all snow survey data except those of the targeted date into the training
dataset. This resulted in nine independently trained and tuned XGBoost models, each applied to predict SD for the correspond-
ing unseen snow survey. In this approach, we also employed spaitial-vatidatiorCV for training and tuning, where every
training snow survey was randomly assigned to one of the ve folds. This ensured that the distribution of training and validation
data remained consistent across folds.

4 Results and discussion

15
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MAE, resulting in an overall MAE of 35 cm, a mean site MAE of 29 cm, and a mean site bias of 11 mm (excluding zero-

measured SD)hesey




Table 3. Overall performance metrics for the PoISAR Backscattas. and Combinatiog. con gurations for the spatial and spatio-

when zero-measured SD are included in the evaluation.

Spatial Spatio-temporal
Metric PolSARwL Backscatten Combinationy. PoISARwL Backscatten Comt
R[] 0.73 (0.81) 0.73(0.81) 0.74 (0.82) 0.70 (0.79) 0.69 (0.79) 0
RMSE[m] | 0.53(0.41) 0.53(0.42) 052(0.41) 0.55(0.43) 0.56(0.44) 05
MAE [m] 0.35(0.23) 0.35 (0.23) 0.35(0.22) 0.37 (0.24) 0.37 (0.24) 0

bias [m] | ©:53(6:4%0.04(0.00) 6:53(6:420.04(-0.00) 6:52(0:41-0.04(0.00) | 0:55(0:430.04(0.00) 6:56{6-440.04(0.00) 0:55(0:4

460
modetmayplacegreateremphasisnelevationfor glevation(. 20to_10%).Whenpredictingat unseeriocations, XGBoost
seemgo adjustthepredictions:Converselyin " , el .

465

470

475

® is-mereimpertantin-within the PoISAR,_ con guration thanover 8}; is-in the Backscattef, one-which-indicates.

This observationis further con rmed in Fig. 4b acrossall. nestedCV frameworks,indicating that XGBoost seems to effec-

Combinatiomy. con guration also exhibits a clear preferenceof . $ over . In addition, both thegain-based and SHAP

480 value Fl analyses reveal a less distinct separation between the S1 input features in the Bagksoattguration, with the

SHAP values even suggesting th§t contributes as much as, or slightly more thag}; - Thisimpliesthatdespitethelower
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Figure 5a also explains the more pronounced difference in SHAP value FI between the PoISAR variables, as XGBoost
relies more heavily on ® than onS; across all snow conditions. In contrasig—5a-displaysthatfer-the Backscattgi
con guration—XGBeestplaces greater emphasis 0&, than on gRS during wet snow conditions, which accounts for their

nearly equivalent overall SHAP value FI (Fig. 4). In addition, the FI patterns observed in the Commnaimnguratmn
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620

625 bethBackscattey con guration, This suggestghatSD estimationbasecbn s and—O2-atthis site;andthe predictionsfrom

seriesatthissite trotshewn)night be lesssensitiveto the presencef liquid waterthanSD estimationbasecon gﬁ.

4.3 Added value of meteorological forcings andnowclimSD estimates

Figure 6 illustrates the improvements when incorporating either regionally downscaled meteorological forciixégdéata

630 or SnowclimSD estimategwhen predictingat unseerlocations(andtime periods;Fig. 6ea andb), with the most important

the Combinatiog. con guration within the spatial nested CV framewoffkig. 6a), decreasing from 1:47mto 1:20 m.
IncorporatingSnowclimSD estimates further reduces this bias th12m, likely re ecting a stronger correspondence between
635 themoedelecandebservedhighSbvatuesSnowclimestimatesndhigh SD observationshan what is captured through derived

meteorological variables. Despite these gains, the number of sites with a mean bias m remains similar in both the
Weathef;. andSnowcliny con gurations;— with most of these sites again located in Switzerlamet-thewn)-Altheugha

640

645

650 framework, site MAE during snow-covered periods decreases by at least 2.5 cm at 55% of sites, while only 16% exhibit
an increase of 2.5 cm or more, relative to the Combinggiocon guration. Compared to the Weathgr con guration, the
difference in site MAE is minimal, and only signi cant for the spatio-temporal framewsHeseresultsthusindicatethat
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655  AftheughtheinetusionefHowevertheSnowclimSDestimategppeato moreaccuratelyepresentonditionsatlow-elevation

660 the Weatheg con guration displaysthe lowestbias of the threecon gurations at medium-elevatior(1000-2500m) sites

period. Nonethelesshoth the Weatheg .and Snowcliny. con gurationsrrespeetivelywith—sand%eemﬁbumg%he
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665 pronouncedor th
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675 Combinatiog—con-gurationexhibitsthehighestMAEforthe16 March 2017 snow survey (Figaf-alsowhentrainedsolely
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and integrating spatial dependencies through methods that incorporate information from adjacent pixels.

Code availability. The datasets with the ML experiments, used for visualization and analyses, will be made freely available after review.

Data availability. The Sentinel-1 data is freely available on the Alaska Satellite Facility's Vertex data portal (https://search.asf.alaska.edu).

IMS and MODIS snow cover data can be downloaded at https://cmr.earthdata.nasa.gov/search/concepts/C1386246258-NSIDCV0.html anc
810 by using the earthaccess Python package ("MOD10AL1F" and "MYD10A1F" collections), respectively. The SAR Wet Snow product can be

sourced from https://land.copernicus.eu/en/products/snow/high-resolution-sar-wet-snow. Instructions to download the MSWX and MSWEP

meteorological data can be found at https://www.gloh20.org/. The Copernicus 30 m digital elevation model can be retrieved from the

STAC collection described at https://hda.data.destination-earth.eu/ui/dataset/EOQ.DEM.DAT.COP-DEM_GLO-30-DTED. Finally, land cover

data can be sourced from the Copernicus Land Monitoring Service via: https://land.copernicus.eu/en/products/global-dynamic-land-cover/
815 copernicus-global-land-service-land-cover-100m-collection-3-epoch-2018-globe.

The majority of the in situ snow depth measurements can be freely downloaded from the various providers across the European Alps:

IMIS measuring network (Switzerland)

Manual measuring network (Switzerland)

METEO FRANCE (France)

820

MeteoTrentino (Italy)
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— Open Meteo Data V1 (Italy)
— GeoSphere Austria (Austria)

Additional snow depth measurements were collected through personal communication.
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prediction(b), andthepreferencef the Combinatiom..con gurationfor . * over. N (aandb). Upperrow (a): Relativegain-based|. Bars

represent the mean Fl across the XGBoost models trained during inner resampling, with colors indicating the type of nested CV framework.
Lower row (b): Similar to (a), but here Fl is quanti ed as the mean absolute SHAP value per feature (relative values), computed separately

for each test fold during outer resampling. The black lines in the bars denote the 95% con dence interval.
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presenceindicatingXGBoost'sstrongenelianceof, andpreference fahreesiteswithin-Switzerand, ¢ comparedo g‘;; ,.andthenotable
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