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Abstract. Seasonal mountain snow is an indispensable resource, providing drinking water to more than a billion people

worldwide, supporting agriculture, industry and hydropower generation, and sustaining river discharge, soil moisture and

groundwater recharge. However,
:::
but accurate estimates of this seasonal 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

:::::
using5

:::::::
multiple

::::
input

::::::::::::
configurations

::::::
within

:
an extreme gradient boosting model (XGBoost) for the time period 2015-2024

:::::::
machine

:::::::
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 backscatter-based approaches, and include
:::::
either regionally downscaled

meteorological forcing data and
:
or

:
modeled snow depth

::
as

:::::::::
additional inputs to further explain interannual and spatial vari-

ability. To
::
A

::::::::
threefold

:::::
nested

::::::::::::::
cross-validation

:::::::
scheme

::
is

::::
used

:::
to account for the spatio-temporal dependencies present in10

the snow depth data, we conduct a threefold nested cross-validation, and incorporate spatial training data to better represent

topographical patterns in snow depth variability. Finally, we utilize .
:
XGBoost’s

::::::
internal booster and Shapley additive explana-

tion values to understand the relationship between the input features and predicted snow depths during
::::::
(SHAP)

::::::
values

:::
are

::::
used

::
to

::::
relate

:::
the

:::::
input

:::::::
features

:::
with

:::
the

::::::::::
predictions

::
for

:
both dry and wet snow conditions. Our results demonstrate that incorporating

Sentinel-1
::::::
indicate

::::
that

:::
the

:::::::
inclusion

:::
of PolSAR observations leads to more accurate snow depth retrievals compared to using15

backscatter 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 substantially improves the XGBoost snow depth estimates, both of which yield comparable accuracy. Finally,

we demonstrate that the inclusion of spatial training datais
::::::::::
substantially

::::::::
enhances

:::::::::
predictive

:::::::::::
performance,

::::::::::
particularly

:::::
when20

:::::::
spatially

:::::::::
distributed

:::::::
training

::::
data,

::::::
proven

::
to

::
be

:
essential for capturing the topographic influence

::::::::::
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

1



:::::::::::
(Switzerland),

:::::::::
achieving

:::::::::
correlation

:::::::::
coefficients

::::
(R)

::
of

::::
0.76 and to obtain good spatial prediction accuracy. Overall, this work

contributes to an improved large-scale monitoring of water stored in seasonal mountain snow
:::
0.78

::::
and

:::::
mean

:::::
biases

:::
of

::::
0.0725

:::
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 critical role in nature, society and climate. 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
::::::::

negative30

::::
trend

::
in

::::::
global

:::::
annual

:::::
snow

:::::
cover,

:::::
while

::::::::::::::::
Matiu et al. (2021)

:::::::
observed

:::
an

::::::
overall

:::::::::
decreasing

::::
trend

::
in

:::::::
monthly

:::::
mean

:::::
snow

:::::
depth

::::
(SD)

:::
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). In addition, snow
:
,
:::
and

::::::::
moreover

::::
fuels

:::::
water

::::::
basins

::::
used

:::
for

::::::::::
hydropower

:::::::::
generation35

::::::::::::::::::
(Bormann et al., 2018)

:
.
:::::
Snow

:::
also

:
provides drinking water to over 1.2

:
billion people worldwide, supports agricultural irrigation

via snow melt
:::::::
through

:::::::::::::
snowmelt-driven

:
runoff, and meets other essential human needs (Bales et al., 2006; Barnett et al., 2005; Luce et al., 2014; Bormann et al., 2018; Qin et al., 2020)

. Snow melt runoff is also indispensable for hydropower generation, can contribute to
::::
exerts

:::::::::
substantial

:::::::::::::
socioeconomic

:::::::
impacts,

::
for

:::::::
example

:::::::
through traffic delays and accidents , and sustains a multi-billion dollar

:::
and

::
by

:::::::::
sustaining

:
a
::::::::::::::::
multi-billion-dollar win-

ter recreation industry that is the dominant revenue source for many Alpine communities (Burakowski and Magnusson, 2012; Seeherman and Liu, 2015; Sturm et al., 2017; Parthum and Christensen, 2022)40

.
:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Bales et al., 2006; Barnett et al., 2005; Bormann et al., 2018; Qin et al., 2020; Sturm et al., 2017; Burakowski and Magnusson, 2012; Seeherman and Liu, 2015; Parthum and Christensen, 2022)

:
.

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.,45

1994; Marks and Dozier, 1992).

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 decreasing

trends in monthly mean snow depth (SD) for the months of November through May, at most of their surveyed sites across the

European Alps. Given the importanceof seasonal snow
::
As

::
a
:::::
result

::
of

::
its

::::::::::
importance, key snowpack properties such as SD and50

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 (Gascoin et al., 2024; Dozier et al., 2016; World Meteorological Organization, 2023)

:::::::::::::::::::::::::::::::::::::::::::::::::::
(Dozier 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

:::::::::
modeling55

techniques, including manual and automated point measurements; airborne passive and active optical sensors; airborne and
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space-borne passive microwave radiometers;andairborne and space-borne active microwave sensors, such as synthetic aper-

ture radar (SAR);
::::
and

::::::::::::
process-based

::::::
models. Manual and automated point measurements offer frequent data at many loca-

tions globally,
::::
(e.g.,

:::::::::::::::::::::::::
Fontrodona-Bach et al. (2023)

::
or

:::::::::::::::
Matiu et al. (2021)

::
), but fall short in capturing the snowpack's spatial

variability due to their relatively sparse and uneven spatial distribution within alpine regions (Miller et al., 2022; López-60

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 (Bührle et al.,

2023; Marty et al., 2019) and lidar altimetry-derived SD and SWE products (Painter et al., 2016; Deems et al., 2013), pro-

vide high-resolution, spatially distributed measurements
:::::
within

::::::::
mountain

::::::
ranges, yet their use is constrained by limited spatial65

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 resolution

(> 25 km) and signal saturation in deep (� 0.8 m) snowpacks (Tedesco and Narvekar, 2010)
:
,

:::::::
limiting

::::
their

:::::::::::
applicability

::
in

::::::::::
mountainous

:::::::
regions. Alternatively, space-borne SAR has demonstrated potential for monitoring SD or SWE at �ner spatial

scales, particularly with Ku- and X-band observations (Tsang et al., 2022). Unfortunately, X-band observations are not pub-70

licly available, and no Ku-band satellite mission currently exists (Tsang et al., 2022).
:
,
::::::
thereby

:::::::::::
constraining

:::
the

:::::::::::
development

::
of

::::
such

:::::::::::::
high-resolution

::::
SAR

:::::
snow

:::::::
products

::::
over

::::
vast

:::::
areas.

:::::::::
Differently,

::::::::
multiple

:::::::::::
process-based

:::::
snow

::::::
models

:::::
exist

::
to

:::::::
estimate

::::
both

:::
SD

:::
and

:::::
SWE

:::
at

:::::::
different

::::::
spatial

::::::
scales

::::
(e.g.

:::::::::
Snowclim

:::::::::::::::
(Lute et al., 2022);

::::::::::::
SNOWPACK

:::::::::::::::::::::::
(Bartelt and Lehning, 2002)

:
;

::::::::::
SnowModel

:::::::::::::::::::::
(Liston and Elder, 2006a);

::::::::
factorial

::::::::
snowpack

::::::
model

::::::::::::
(Essery, 2015)

:
).

:::::
Such

:::::::
models

:::
use

:::::::::::::
meteorological

:::::::
forcings

::
—

:::::
often

::::::::
reanalysis

::::
data

:::
—

::
to

::::::::
simulate

:::
the

::::::::
snowpack

:::
as

:::
one

:::
or

:::::::
multiple

::::::
layers;

::::::
solving

:::::
mass

::::
and

::::::
energy

::::::
balance

:::::::::
equations75

:::
and

:::::::::::::
mathematically

::::::::::
representing

:::
the

::::::::
physical

::::::::
processes

::::::::
occurring

::::::
within

:::
the

:::::::::
snowpack.

::::::::
However,

::::
due

::
to

:::::::::::
uncertainties

::
in

:::
the

::::::
forcing

::::
data

:::::
and/or

:::::::::
limitations

:::
in

:::::
model

:::::::::::::
representation,

:::
the

:::::::
modeled

:::::
snow

::::::::
properties

::::
may

:::::
differ

:::::::::::
substantially

::::::::
compared

:::
to

::
in

:::
situ

::::::::::::
measurements

:::
and

::::::
among

::::
each

:::::
other

::::
(e.g.,

::::::::::::::::::
Terzago et al. (2020),

::::::::::::::::::
Largeron et al. (2020)

:
,

:::
and

::::::::::::::::
Ryken et al. (2020)

:
).

:

Recentwork (Lievens et al., 2019; Brangers et al., 2024b)hasdemonstratedthe sensitivity of
:::::::
Recently,

::::
also

:::
SD

::::::::
retrieval

:::::::::
algorithms

::::
have

::::
been

:::::::::
developed

::::
that

:::::
utilize

:::::::::
Sentinel-1

::::
(S1)

:
active microwave observationsto snowat C-band (� 5:4 GHz).80

This work focuseson
:::
For

::::::::
instance,

::::::::::::::::::
Lievens et al. (2022)

::
use

:
C-bandbackscatterin co- (VV) and cross- (VH)polarization,

:::::::
polarized

::::::::::
backscatter

::::::::
intensity

::::::::::
observations

:::
in

:
a

::::::::::
conceptual

::::::
change

::::::::
detection

:::::::::
algorithm,

:::::
which

::::::
allows

:::::
them

::
to

:::::::
estimate

::::
SD

:::::
across

:::
the

:::::::::
European

::::
Alps

:::
at

:::::::::::
sub-kilometer

:::::::
spatial

:::::::::
resolution.

::::
This

:::::::::
algorithm

:::
has

:::::
been

:::::::::
developed

:::::
based

:::
on

:::
the

::::::
results

:::
of

:::::::::::::::::
Lievens et al. (2019)

:::
and

:::::::::::::::::::
Brangers et al. (2024b),

::::
who

::::::::::::
demonstrated

:::
the

::::::::
sensitivity

:::
of

:::::
active

:::::::::
microwave

:::::::::::
observations

::
to

:::::
snow

:
at

:::::::
C-band.

::::::
These

:::::::
previous

::::::
studies

:::::
have

::::::
focused

:::
on

::::::
C-band

::::::::::
backscatter

::::::::
intensity

::
in

:::
co-

:::
and

::::::::::::::::
cross-polarization, demonstrating85

that under dry snow conditions, an increasing snowpack
::::
depth

:
leads to enhanced signal depolarization. This depolarization

is thought to be related to snow volume scattering; ,
:
(multiple) scattering on anisotropic snow crystals or clusters of crys-

tals; ,
:
and scattering at snow (or snow-ground) layer interfaces, etc. As a result, mainlycross-polarizedbackscatter

:::
VH, or the

ratio of cross-to co-polarizedbackscatter,
:::
VH

::
to

:::
VV

::::::::::
backscatter

::::::::
intensity is sensitive to an increasing SD (Lievens et al.,

2019; Tsang et al., 2022). Jans et al. (2025) further explored the sensitivity ofSentinel-1(S1 ) C-band backscattersatellite90

:::::::
intensity

:
observations to seasonal patterns of SD and SWE. This work emphasizes

:::::
across

:::
the

:::::::::
European

:::::
Alps.

::
In

::::::::
addition,
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::::::::::::::
Jans et al. (2025)

:::::::::
emphasize the potential of S1 C-band dual-polarized SAR polarimetry (PolSAR) for SD retrieval, through

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.,95

2020). However,
:
,

:::
but no operational retrieval algorithms currently exist that utilize dual-polarized PolSAR observations for

estimating mountain SD or SWE.

In contrast,SDretrievalalgorithmsthatincorporateS1C-bandbackscatterobservationshavebeendevelopedpreviously.For

instance,Lievens et al. (2022)useC-bandco- andcross-polarizedbackscatterobservationsin a conceptualchangedetection

algorithmtoestimateSDacrosstheEuropeanAlpsatsub-kilometerspatialresolution.However
:::::::
Despite

::
its

:::::
ability

::
to

::::::::::
characterize100

::::::::
mountain

:::
SD

::
at

::::::::::::
high-resolution

::::
over

::::
vast

:::::
areas, the algorithm's performanceis limited

::
of

::::::::::::::::::
Lievens et al. (2022)

:::::
shows

::::::
limited

::::::::::
performance

:
during periods of wet and shallow snow, in forested areas, or after frequent freeze-thaw events (Lievens et al.,

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-band105

backscatter
::::::
intensity. For the latter, they focused on the same satellite observations used by Lievens et al. (2022), namelyco-

(VV ) polarizedbackscatter
:::
VV

::::::::::
backscatter

::::::::
intensity, and the cross-polarization ratio, de�ned as the ratio ofcross(VH )-

to co-polarizedbackscatter
:::
VH

::
to

::::
VV

:::::::::
backscatter

::::::::
intensity. Other studies have similarly explored the application of ML for

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., 2024).However,no work currentlyexiststhat incorporatesdual-polarizedPolSAR110

variablesfor snowretrieval;not in aconceptualalgorithm,norwithin anML model.

In additionto thepreviouslymentionedconceptual,empirical,andML approaches,physically-basedmodelsarealsoused

to estimatesnowproperties,including SD andSWE (e.g.,Lute et al. (2022); Bartelt and Lehning (2002); Niu et al. (2011)).

Suchmodelsusemeteorologicalforcings — often reanalysisdata— to simulatethe snowpackas one or multiple layers;

solving massand energybalanceequationsand mathematicallyrepresentingthe physical processesoccurringwithin the115

snowpack.However,due to uncertaintiesin the forcing dataand/orlimitations in model representation,modeledSD may

differ substantiallycomparedto in situ measurements.In an attemptto further improve the estimates,multiple
::::::::
Similarly,

:::::::
multiple authors have explored the potential of ML in a hybrid physical/data-driven approach

::
to

:::::::
enhance

:::
the

::::::::
outcomes

::
of

:::::
snow

::::::
models (e.g., Wang and Tian (2024); Pomarol Moya et al. (2025)). Thereby, additional information relevant to the snowpack

can be incorporated,e.g.,
::::
such

::
as

:
S1 C-band observations. A similar approach has been used by Brangers et al. (2024a)and120

De Lannoy et al. (2024),
::::::::::::::::::::
De Lannoy et al. (2024)

:::
and

:::::::::::::::::::
Dunmire et al. (2025) within a data-assimilation setup, who used S1 C-

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

models by directly estimating SD from meteorological forcings.
::::
(e.g.,

::::::::::::::::::::::
Charbonneau et al. (2025)

:
).

:::::::::::
Nevertheless,

::::
few

::::::
studies

::::
have

::::::::::
investigated

:::
ML

::::::
setups

::::
that

::::::
directly

::::::::
integrate

:::::::
modeled

::::
SD

::::
with

::
S1

:::::::
C-band

:::::::::::
observations.

:::::::::
Moreover,

:::::
direct

:::::::::::
comparisons

:::::::
between

:::
SD

::::
ML

::::::::::::
con�gurations

:::::::::::
incorporating

::::::::
modeled

:::
SD

:::
and

:::::
those

:::::
using

:::::::::::::
meteorological

::::::
forcing

::::
data

:::
as

::::::::
emulator

::::::
remain125
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Table 1. Overview of the datasets and their associated targeted resolutionmarkedby a cross(� ). The 100 m and 500 m resolutions refer to

the spatial resolution of the WGS84 grid.

Resolution

WGS84

In situ SD

photogrammetrymaps
::::
(incl.

::::::::::::
photogrammetry

:::::
maps)

S1 C-band

variables

Snow cover

data

Wet snow

mask

Meteorological

forcing data

Snowclim

SD

Auxiliary

data

100 m � � �

500 m � � � �

:::::
scarce,

:::::::
leaving

:::::::::
unresolved

:::::::
whether

::::::::::::::::
meteorology-driven

::::
ML

:::::
setups

:::
can

:::::::
achieve

:::::::::::
performance

:::::::::
comparable

::
to

::::::::::::
con�gurations

::::
that

::::::::
explicitly

::::::
include

:::::::
modeled

::::
SD.

In this manuscript, we further investigate the potential of MLto improveSDestimates
::::
with

:::::::
different

:::::
input

::::::::::::
con�gurations

::
to

::::::::
accurately

:::::::
estimate

:::
SD

:
across the European Alps

:
,

:::::::
essential

:::
for

:::::::::
accurately

:::::::::
quantifying

:::
the

::::::
annual

:::::
water

:::::
stored

:::
as

::::
snow. To this

end, we conduct various experiments comparing the performance of S1 C-band backscatter
:::::::
intensity with PolSAR observations.130

Additionally, we usefeatureimportance(FI) analysisto examine
::
To

::::
gain

:::::::
insights

::
in

:
when and where

:::::
which

::::
type

::
of

:
satellite

observations contribute to
::
the

:
SD predictions,

::
we

:::
use

::::::
feature

::::::::::
importance

:::
(FI)

:::::::
analysis

:
under both dry and wet snow conditions.

We also evaluate the added value of incorporating meteorological forcing data orphysically-based
::::::::::::
process-based snow model

SD estimates as features in our ML model, to improve the representation of interannual and site-speci�c variability. To validate

our approach, we implement a threefold nested cross-validation (nested CV) framework, which masks subsets of the data135

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 against
:::
nine

:
airborne photogrammetry snow surveys conducted across

the Dischma Valley, Switzerland.140

2 Data

Various datasets were collected and reprojected (and/or resampled) to two geographic grids used in this study: the� 100 m

(1/1008� ) resolution World Geodetic System 1984 (100 m WGS84) grid,
::::
used for �ne-resolution datasets or to preserve

more details in the target (SD) and auxiliary datasets, and the� 500 m (5/1008� ) WGS84 grid (500 m WGS84), used for

the course-scale
:::::::::
coarse-scale

:
and satellite datasets. Table 1 provides an overview of the data products and the grid to which145

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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Figure 1.Spatial distribution of (dots) staticpoint
::
or

::::::::
point-based

:
measurement sites colored by the number of available data in time, and (red

box) airborne photogrammetry snow surveys conducted across the Dischma valley, used to train XGBoost and evaluate the SD predictions.

The light grayshadedarea 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,150

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 Landscape

Research (WSL) - Institute for Snow and Avalanche Research (SLF)). In addition, wesupplemented
:::::::::
augmented our SD dataset155

with measurementsitesoriginating
::::
data

::::::
sourced

:
from the Synoptic Data platform and the National Oceanic and

:::
the

:
Atmo-

spheric Administration's Global Historical Climatology(GHC)network,extendingourcoverageto locationsin
::::::::::::
Network-Daily

:::::::
database

::::::::
(GHCNd,

:::::::::::::::::
Menne et al. (2012)

:
).

::::
With

:::
the

:::::::
addition

::
of

:::::
these

::::
data,

::::
our

::::::
dataset

:::
also

:::::::::
contained

::::
sites

:::::
within

:
Germany and

Slovenia.

Next, we collected spatial SD measurements, derived from airborne photogrammetry (Marty et al., 2019; Bührle et al., 2023)160

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.

2.2 S1 C-band PolSAR and backscatter
::::::::
intensity observations165

Within our research, we collected data from the European Space Agency (ESA) and Copernicus S1A and -B satellites, which

operatein the
::
at C-band(5.4GHz)and share the same orbital plane with a 180� orbital 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 since

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) data170

in dual-polarization (VV and VH) mode. The data were processed into two dual-polarized PolSAR variables: the polarimetric

scattering angle (� ) and the �rst Stokes parameter (S0), 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 the2� 2 covariance matrix (C2-matrix). The C2-matrix was then used as input for two distinct processing chains.175

The �rst one involved an eigenvector/value decomposition of the C2-matrix, followed by the H/� decomposition (Cloude and

Pottier, 1997), from which� was derived. The second processing chain utilized the compact-polarimetry Stokes parameter

generation to deriveS0 from the C2-matrix. Next, both variables were multilooked to� 25 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.180

Next, co- (
 0
VV ) and cross- (
 0

VH ) polarized backscatter
:::::::
intensity variables were retrieved from ground range detected (GRD)

amplitude data. Processing steps, described in Lievens et al. (2022) and Jans et al. (2025), were applied, including precise orbit

�le application, GRD border and thermal noise removal, radiometric calibration, terrain �attening to backscatter as
 0 (Small,

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-polarization185

ratio (
 0
CR ; calculated as the ratio between
 0

VH and
 0
VV in linear scale) was calculated.

Finally, both the PolSAR and backscatter
:::::::
intensity

:
observations were rescaled

::
and

::::::::::::::::
summer-corrected, to reduce inter-orbital

and interannual start-of-season differences,
::::::::::
respectively. To this end, we �rst reprojected the satellite observations onto the

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) between orbits, followed by190

subtracting.
:::::::
Finally,

::::
from

::::
each

::::::
scaled

::::
time

:::::
series

:::
for

:::::
each

:::::
snow

::::::
season

:::::::::::::::
(September-June),

:::
we

:::::::::
subtracted the mean summer

value (July-September)from the satelliteobservationsfor eachsnow season(September-June
::
of

:::
the

:::::::
summer

:::::::::
preceding

::::
that

::::
snow

:::::::
season,

::::::
thereby

::::::::
reducing

:::::::::
interannual

:::::::::::::
start-of-season

:::::::::
differences

::::
that

:::
are

:::
not

::::::
related

::
to

:::::
snow

:::::::::
conditions

:::::
(e.g.,

::::::::
changing

::::::::
vegetation). To indicate that these variables have been rescaled, we further append a superscript "s" (s) to the satellite variable

notation.195

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 onto200

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, remaining gaps
::::::
(3.95%

::
of

:::
the

::::
data

:::::
points

:::::
across

:::
the

::::::
whole

::::
Alps

::::
and

::::
study

:::::::
period) were �lled using IMS' binary snow cover information, reprojected205

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),210

provides a binary classi�cation between wet snow conditions, and dry, patchy or snow-free conditions. The data, available at

60 m resolution
::::
from

:::::::::
September

:::::
2016

::::::
onward, were �rst reprojected onto the 100 m WGS84 grid using majority resampling,

meanwhileexcluding
:::::::
whereby

:::
the

::::
most

:::::::::
frequently

:::::::::
occurring

::::
SWS

:::::
value

::::::
within

::::
each

::::
100

::
m

:::::
target

:::::
pixel

::::
was

:::::::
selected

:::::
while

::::::::
excluding

:::
any

:
no-data values. Subsequently, all non-wet pixels were classi�ed as dry, while quality �ags were retained to

identify locations and periods with no (reliable) classi�cation.215

2.4 Meteorological forcing data

We downscaledthree-hourly
:::::::
3-hourly meteorological forcing data over the European Alps to a 500 m spatial resolution, to

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 observations220

(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

derived from coarse-scale European centre for medium-range weather forecasts reanalysisv5
::::::
version

::
5 (ERA5) data re�ned

through bias correction and downscaling using monthly 0.1� reference climatologies (Beck et al., 2022).

Subsequently, we applied bilinear interpolation in combination withother downscalingtechniques
:::::::
different

:::::::::::
downscaling225

:::::::::
techniques,

::::::::
explained

::::::
below,

:
to account for local terrain features. To this end, the Copernicus GLO-30 DEM was employed,

linearly averaged to the 500 m WGS84 grid to match the target resolution for the meteorological forcings.For
:::::
First,

::::::::::
coarse-scale

::::::::::
precipitation

:::::::
(Pcoarse ;

:
[

::::::::
mm 3h� 1]

:
)
::::
was

:::::::
corrected

:::
as

:
a

:::::::
function

::
of

::::::::
elevation

::
to

:::::::
account

::
for

::::::::::
orographic

::::::
effects,

:::::
using

:
a

::::::::
rescaling

:::::::
function

::::::
adapted

:::::
from

::::::::::::::
Huss et al. (2013)

:
,

:::
who

::::::::
corrected

::
in

:::
situ

:::::::::::
precipitation

::::
data

::
for

::::::
gauge

:::::::::
undercatch

::
in

:
a

::::::
glacier

:::::::::::
mass-balance

:::::
study.

:::::
Thus,

:::
for each locationx within the 500 m gridand

:
at

:
time stept, thecoarsescaleprecipitation(Pcoarsex;t ; mm 3h� 1)230

datawere
:::
was

:
downscaled using the followingmethod:

:::::::
equation:

:

Px;t = (1 � D ) � Pcoarsex;t + D � Pcoarsex;t �
�
0:75 + 0:5

zx � zmin

zmax � zmin

�
with D =

zmax � zmin

Ddif
0 � D � 1 (1)

with zx the elevation [m] of the 500 m Copernicus GLO-30 DEM,zmin and zmax the minimum and maximum elevation

[m] within an interpolation window — centered on the locationx and spanning an area roughly matching the original 0.1
:
�

grid size — andDdif a user de�ned difference in elevation, set to 250 m. The user de�ned difference was introduced to235

focus the corrections on the study area, with minor adjustments for areas with small elevation differences.
:::::::
Different

:::::
from
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::::::::::::::
Huss et al. (2013)

:
,

:::::::
Equation

::
1

:::::
limits

:::
the

:::::::::
downscaled

:::::::::::
precipitation

:::::
values

:::::::
between

:::
75

:::
and

:::::
125%

::
of

:::
the

:::::::
original

::::::::
Pcoarsex;t ::::::

values.

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 converted240

to dewpoint temperature, then applied a lapse rate correction— similar 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.245

2.5 Physically-based snow modelSnowclim

Modeled SD estimates were obtained usingSnowclim(Lute et al., 2022), aphysically-based
:::::::::::
process-based

:
enhanced single

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 been250

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 andSnowclimdata), 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)255

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 following260

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 to a3� 3 grid window. Finally, we included a glacier mask, retrieved from the

Randolph Glacier Inventory version 7.0 (RGI 7.0 Consortium, 2023),
::::
and

:::::::
collected

:::
the

:::::::::::::::::::::
Sturm and Liston (2021)

::::
snow

::::::
classes.

3 Methods

3.1
:::::::
XGBoost

::::::
model

:::::::::
selection265
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:::::
Within

::::
this

:::::
study,

:::
we

::::::::
deployed

::::::::
XGBoost

:::
to

:::::::
estimate

:::
SD

::::::
across

:::
the

::::::::
European

:::::
Alps.

::::::::
XGBoost

::
is

:
a
:::::::::
tree-based

:::::::::
traditional

::::
ML

::::::::
algorithm

:::
that

:::::::::
constructs

:::::::
multiple

:::::::
decision

::::
trees

::
in

:
a

:::::::::
sequential

:::::
order,

::
to

:::::::
minimize

::
a

:::::::::::
differentiable

:::
loss

:::::::
function

::::::::::::::::::::::
(Chen and Guestrin, 2016)

:
.

:::::::
Thereby,

::::
new

::::
trees

:::
are

::::::
trained

::
to

::
�t

:::
the

::::::
residual

:::::
errors

::
of

:::
the

:::::::::
previously

:::::
�tted

::::
trees,

:::::
while

:::::::::::
incorporating

::::::::::::
regularization

:::::
terms

::
to

:::::
reduce

::::::
model

:::::::::
complexity,

::::
and

::::::::
including

::::::::
additional

::::::::::
mechanisms

::::
that

::::::::
contribute

::
to

::
its

::::::::::::
computational

::::::::
ef�ciency

::::::::::::::::::::::
(Chen and Guestrin, 2016)

:
.

:::
We

:::::
chose

:::
this

::::::
model

::::
after

::::::::::
comparative

::::::::::
experiments

::::
with

:::::
other

:::::::::
tree-based

:::::::
models,

::::::::
including

:::::::
Random

::::::
Forest,

:::::::::
LightGBM

::::
and270

::::::::
CatBoost;

:::
and

:::::::
because

::
of

:::
its

:::
use

::
in

:::::
recent

:::::
snow

::::::
studies

:::::
(e.g.,

::::::::::::::::::
Dunmire et al. (2024)

::
or

::::::::::::::::::
Goodarzi et al. (2025)

:
).

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, we

�rst excluded those stationary measurement sites located within glaciated areas, as well as those with less than 5% non-zero275

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 summer

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 both280

ascending and descending orbits. This allows a single location to have two S1 observation values for the same SD measurement

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 and

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

and time-independent auxiliary data.
::::
This

:::::::
resulted

::
in

:
a
:::::::
dataset

:::::::::
comprising

:::::
1022

:::::::::::
measurement

:::::
sites,

::::
with

:::
the

::::::::::
distributions

:::
of285

:::::::
observed

:::
SD

::::
and

:::::::
selected

:::::::
auxiliary

::::::::
variables

::::::
shown

::
in

:::
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 temporal290

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 separate

features using sine (DOY sin ) and cosine (DOY cos) functions:

DOY sin = sin
�

2� DOY
n

2� � � DOY
n:::::::::

�
(2)

DOY cos = cos
�

2� DOY
n

2� � � DOY
n:::::::::

�
(3)295

with n the number of days in the corresponding year.
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3.3 Feature con�gurations and SD prediction

3.3.1 S1 PolSAR vs. backscatter
:::::::
intensity

:
observations

XGBoostwastrainedandvalidatedwith threedifferent con�gurationsto compare
::
To

:::::
assess

:
the performance of ML setups

with PolSARandbackscatterobservations
::::
using

:::
S1

:::::::
PolSAR

::::::
versus

:::::::::
backscatter

::::::::
intensity

:::::::::::
observations,

::::::::
XGBoost

::::
was

::::::
trained300

:::
and

::::::::
validated

:::::
under

:::::
three

::::::
distinct

:::::::::::::
con�gurations (Table 2),

:::::::
without

::::::::
including

:::::::::::::
meteorological

:::::::
forcing

::::
data

::
or

::::::::
Snowclim

:::
SD

:::::::
estimates

:::
in

::::
these

:::::::::::
experiments. For each con�guration, XGBoost incorporated the same time-independent auxiliary features:

elevation, slope, aspect, TPI, and FCF. Next,
:::::
DOY

:::::::
features, FSC data and LIA information were included, the latter to indirectly

account for orbital differences. The �rst con�guration, referred to as PolSARML , incorporated� s andSs
0 next to the shared

:::::::
baseline input features.Conversely,thecon�guration

:::
The

::::::
second

:::::::::::
con�guration,

:
focusing on backscatter

:::::::
intensity

:
observations305

(BackscatterML con�guration)
:
, included
 0;s

VV and
 0;s
CR as satellite input features. In addition, we combined the PolSAR and

backscatter
::::::
intensity

:
satellite input features (CombinationML con�guration), to identify the satellite variables most effectively

used within XGBoost.

3.3.2 S1 observations plus meteorological orSnowclimSD estimates

The satellite observations were further complemented with either meteorological forcing data (WeatherML con�guration) or310

SnowclimSD estimates (SnowclimML con�guration) to better resolve interannual and in-between-site variability (Table 2). The

WeatherML con�guration was an extension of the CombinationML setup, now including cumulative snowfall, cumulative wind

speed, cumulative shortwave radiation, a cumulative number of melt days, and the mean daily temperature (Ta). Cumulative

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-315

quently summing these fractions from the 1st of September of the corresponding snow year up to the prediction date. Similarly,

the cumulative wind speed (Uac) was derived as the sum of the daily wind speed from the 1st of September of the correspond-

ing snow year up to the prediction date. Cumulative shortwave radiation (SWd7), on the other hand, was summed over the

seven days preceding the prediction date. Similarly, the cumulative number of melt days (MD 7) was de�ned as the number of

days with a maximum temperature above 0� C within the 7 days preceding the prediction date. TheSnowclimML con�guration320

did not include meteorological forcing data as direct inputs, but instead makes use of modeled SD estimates fromSnowclim

(SDSC), which are driven by meteorological conditions.

3.3.3 Snow
::::::::
XGBoost

:::::
snow depth prediction

:::::::::
procedure

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 predicting325

(test) datasets as well, ensuring compatibility across all data splits. Input features from ascending and descending orbits were
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Table 2. Features included in thedifferent ML con�gurations testedwithin
:
in

:
this manuscript

:::::
study:

:::::::::
polarimetric

::::::::
scattering

::::
angle

:::::
(� s);

:::
�rst

:::::
Stokes

::::::::
parameter

:::::
(Ss

0);
:::::::::::::
cross-polarization

::::
ratio

::::::
(
 0;s

CR );
:::::::::
co-polarized

:::::::::
backscatter

:::::::
intensity

::::::
(
 0;s

VV );
::::::::
cumulative

:::::
snow

:::::::::
precipitation

::::
and

::::
wind

::::
speed

::::
(Ps;c:::

and
::::
Uac ,

:::::::
summed

::::::
between

:::::::::
September

::
1st

::
of

:::
the

::::::::::
corresponding

:::::
snow

:::
year

:::
and

:::
the

::::::::
prediction

::::
date);

:::::::::
cumulative

::::::::
shortwave

::::::
radiation

::::
and

:::
melt

::::
days

::::
over

:::
the

:::::::
preceding

::
7

::::
days

::::::
(SWd7 :::

and
::::::
MD 7);

::::
mean

::::
daily

:::::::::
temperature

:::
on

:::
the

::::::::
prediction

:::
day

::::
(Ta);

:::
and

::::::::
Snowclim

::
SD

::::::::
estimates

::::::
(SDSC ). A cross (� ) denotes the presence of a feature in a given con�guration. Additionally, all con�gurations include the

following baselineinput features,which arenot listed
:::::::
indicated

::
as

::::::
baselinein the table: elevation, slope, aspect,

:::::::::
topographic

::::::
position

:::::
index

:
(TPI

:
),

::::
forest

::::
cover

::::::
fraction

:
(FCF),

:::::::
fractional

::::
snow

:::::
cover

:
(FSC

:
),

::
sine

::::
and

:::::
cosine

:::::
values

::
of

::
the

:::
day

::
of

::::
year

:
(DOY sin ,

::
and

:
DOY cos :

), and
::
the

:::
local

::::::::
incidence

::::
angle

:
(LIA

:
).

ML con�guration
::::::
baseline � s Ss

0 
 0;s
CR 
 0;s

VV Ps;c SWd7 Uac Ta ::::
SWd7:

MD 7 ::
Ta:

SDSC

PolSARML � �
::
�

BackscatterML ::
� � �

CombinationML � � � �
:
�

:

WeatherML � � � � � � � � �
::
�

SnowclimML � � � �
:
�

:
�

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

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; Abdulaal330

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 suscepti-

bility of SD measurements to spatial and temporal autocorrelation, we implemented thecross-validation
:::
CV strategy described

in Landschoot et al. (2012) within a threefold nested CV framework for the site data (excluding the snow surveys), in which335

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

were partitioned into spatial, temporal and spatio-temporal folds.

The spatial folds were constructed using a two-step approach: �rst,the sites located within �ve km of one another were

grouped into clusters,which werethen
::::::
thereby

:::::::::
preventing

::::::
nearby

::::
sites

::::
with

::::::
similar

::::::::
(climatic)

::::::::::::
characteristics

::::
and

:::
SD

:::::::
patterns

::::
from

:::::
being

::::
split

::::::
across

:::::::
training

:::
and

::::
test

::::
sets.

::::::::::::
Subsequently,

::::
these

:::::::
clusters

:::::
were randomly assigned to �ve unique folds, en-340

suring that each fold contained a comparable amount of data andmaintained
:::::::
preserved

:
a similar SD distribution. For the

temporal folds,measurementsiteswerekeptseparate,but datafrom all siteswithin a single
:::
sites

:::::
were

:::
not

::::::::
clustered;

:::::::
instead,

::
all

:::::::::::
observations

::::
from

::
a

:::::
given snow season (September–June)weregroupedandthendivided

:::
and

::::
from

::::::
across

:::
the

:::::
study

::::
area

::::
were

:::::::
grouped

::::
into

::::
nine

:::::
blocks

:::::::::::::
(corresponding

::::
with

:::
the

:::::::
number

::
of

:::::
snow

:::::::
seasons

:::
for

:::::
which

:::
SD

::::
data

::
is

:::::::::
available),

:::::
which

:::::
were

12



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.

:::
then

::::::::::
partitioned into �ve folds, again ensuring comparable fold sizes and a

:::::::::
consistent

:
SD distribution. Finally, by combining345

spatialandtemporalfolds
:::
both

:::::::::::
fold-creation

:::::::::
techniques, we constructed 25 unique spatio-temporal folds.

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).350

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 al., 2011)RandomizedSearchCValgo-

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-355

parameters yielding the best mean MSE score across the validation folds were selected. This approach produced independent

predictions for every instance in the dataset, enabling the calculation of performance metrics and the construction of FI scores.
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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 selected thegain FI, which informs about the contribution of each360

input feature in minimizing the loss function during model training. As such, for every outer resampling loop within the nested

CV framework, we computed thegain
::::
gainFI 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 computed365

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.

We further used SHAP values to assess the contribution of the
::
S1

:
PolSAR and backscattersatellite

:::::::
intensity

:
observations to

the SD predictions throughout the seasonal evolution of the snowpack. To this end, for each site and snow season in the test370

sets, we �rst identi�ed the periods during which a snowpack was present, based on the measured SD. The season start date was

identi�ed as the �rst date with SD� 10 cm, that was followed by nine consecutive days with SD� 1 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 season

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,375

where possible, between dry and wet snow conditions.
:::
As

:::
this

:::::::
product

::
is

::::
only

::::::::
available

:::::
from

:::::::::
September

::::
2016

::::::::
onward,

:::
the

:::::::::
2015-2016

::::
snow

::::::
season

::::
was

::::::
omitted

:::::
from

:::
the

::::::::::::
corresponding

:::::::
analyses.

:

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 computed380

thespatiotemporal
::::::::::::
spatio-temporal

:
Pearson correlation coef�cient (R), mean absolute error (MAE), root mean squared error

(RMSE) and bias between predicted and measured SD (all averaged over time and space). Since cross-validation is conducted

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.385

Next, we evaluatedtheXGBoost'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 exclusively onmeasurement

sitedata
::::::::
stationary

:::
and

::::::::::
point-based

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

rameter tuning were performed using �vefold spatialcross-validation
:::
CV, 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.390
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After training, XGBoost was applied to predict SD for each of the nine snow surveys, and performance metricsof predicted

vs.observedSD were 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 spatialcross-validation
:::
CV

:
for training and tuning, where every395

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

4.1 Performance of ML con�gurations with S1 PolSAR and backscatter
:::::::
intensity

:
variables

AcrossthethreenestedCV frameworksand
::
In

:::::::
general,

::
all

:
con�gurations (i.e., PolSARML , BackscatterML and CombinationML )400

, performanceis highestfor the temporal
::::::
achieve

::::
best

::::::
results

::::::
within

:::
the

::::::::
temporal

::::::
nested

::::
CV framework (Table E1), and

::::::::::
performance progressively deteriorates in the spatial and spatio-temporal frameworks. Thedifferencesbetweenthecon�gurations

are moreovermost pronouncedfor the temporalnestedCV framework,with signi�cant improvementsin site MAE when

comparingthePolSARML or CombinationML con�gurationswith theBackscatterML con�guration(p � 0.05,95%con�dence

level).While this indicatesthatat thetrainingsites,PolSARvariables,or a combinationof PolSARandbackscattervariables,405

seemto bettercapturethe seasonalevolutionof SD , the temporalframeworkoverestimatesmodelperformancerelativeto

the overall objectiveof this study,namelypredictingSD at
:::::
(Table

:::
3).

::::
This

::::::::
behavior

::
is

::::::::
expected,

:::
as

:::
SD

:::::::
patterns

::::::
within

:::
the

::::
same

::::
area

::::
(i.e.,

:::
at

:::
the

:::::
same

:::::
sites)

::::
tend

::
to

:::::
recur

::::::
across

:::::::
different

::::::
years,

::::
such

::::
that

:::
SD

:::::::::
prediction

:::
for

::
an

:::::::
unseen

:::::
snow

::::::
season

::::
(i.e.,

:::
the

::::::::
temporal

::::::::::
framework)

::
is

:::::::::
inherently

:::::
more

::::::::
favorable

:::
for

::::::::
XGBoost

::::
than

:::::::::
prediction

::
at

::::::::::
unobserved

::::::::
locations

:::::
(i.e.,

:::
the

:::::
spatial

:::::::::::
framework).

::::::::
Predicting

::
at

::::::::::
unobserved

::::::::
locations

:::
and

::::::
during

::::::
unseen

:::::
snow

::::::
seasons

::::
(i.e.,

:::
the

:::::::::::::
spatio-temporal

:::::::::::
framework),410

::::::::
including

::::
times

:::::::
outside

::
the

:::::
study

::::::
period

:
is

:::::
even

::::
more

::::::::::
challenging,

::
as

::::::::
XGBoost

::::::
cannot

::::::
exploit

:::::::::::::
season-speci�c

:::::::::
information

:::::
from

::
the

:::::::
training

::::
data

:::
nor

::::
rely

::
on

::::::::
recurrent

::::::::::
site-speci�c

:::
SD

:::::::
patterns.

::::::::::::
Consequently,

:::::::
because

:::
the

:::::::
intended

::::::::::
application

::
of

::::::::
XGBoost

::
is

::
to

::::::
predict

:::
SD

::
at

:::::::::
previously unseen locations across the European Alps.

Thespatialandspatio-temporalframeworksprovideamorerealistic
:::::
within

:::
the

:::::::
training

::::::
dataset

::::
time

::::::
period

::::
(e.g.,

::::
Fig.

::::
3a),

::::::
reliance

:::
on

:::
the

::::::::
temporal

:::::::::
framework

::::::
would

::::
lead

::
to

::
an

::::::
overly

:::::::::
optimistic evaluation of model performancefor this study.For

:
,415

:::::::
whereas

::
the

::::::::::::::
spatio-temporal

:::::::::
framework

:::::
would

:::::::
provide

:
a

:::::
more

::::::::::
conservative

::::::::::
assessment.

:

:::
The

::::::::
absolute

::::::::::::
improvements

::
of

::::::
using

:::::::
PolSAR

:::::::::::
observations,

:::
as

::
a

::::::::::
replacement

:::
for

::::
(or

::
in

:::::::::::
combination

:::::
with)

::::::::::
backscatter

:::::::::
intensities,

:::
are

:::::
small

::::::
within

:::
all

:::::
nested

::::
CV

:::::::::::
frameworks,

::
or

:::::
even

:::::::
minimal

::::::
within

:::::
some

::::
CV

::::::::::
frameworks.

:::::::
Within the spatial

framework, the PolSARML and BackscatterML con�gurations display marginal differences in performance metrics (Table 3).

This is likely the result of the
:
,

:::::
which

::::::
likely

:::::
stems

:::::
from

:::
the

::::::
similar

:::::::::::
relationship

::
of

:::
the

::::::::
variables

:::::
with

::::
SD,

:::
and

::::
the spa-420

tial noise present in both types of S1 variables, and the similar relationshipof the variableswith SD. However,the
:
.
::::
The

CombinationML con�guration exhibits
::::
also

:::::
shows

::::::
similar

::::::
overall

:::::::::::
performance

:::::::::
compared

::
to

:::
the

::::::::::::
BackscatterML ::::::::::::

con�guration,

::
yet

::::
the

::::::::::::
improvements

::
in

::::::
MAE,

:::::::::
computed

:::
per

::::
site,

:::
are

:
signi�cant (p � 0.05, 95% con�dence level)improvementsin site

15



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).Thesevaluesareslightly higherthanthosereportedby Dunmire et al. (2024), whichmaystemfrom differences425

in satelliteobservationscaling,input featurecon�gurations(e.g.,a cumulativeFSC)
:::::::
PolSAR

::::::::::
observations

:::::::::
moreover

:::::::
improve

:::::
model

:::::::::::
performance

::
for

:::
the

:::::::::::::
spatio-temporal

::::::::::
framework,

::::
with

:::::::::
signi�cant

:::::::::::
improvements

::
in

::::
site

:::::
MAE

::
for

::::
both

:::
the

:::::::::
PolSARML::::

and

:::::::::::::
CombinationML ::::::::::::

con�gurations
::
(p

:::
�

::::
0.05,

:::::
95%

:::::::::
con�dence

::::::::
interval).

::::
This

:::::::::::
improvement

::::::::
suggests

:::
that

::::::::
PolSAR

:::::::::::
observations,

::::
alone

:::
or

::
in

:::::::::::
combination

::::
with

::::::::::
backscatter

:::::::::
intensities,

:::::
more

::::::::::
effectively

::::::
capture

:::
the

::::::::
seasonal

::::::::
evolution

:::
of

::::
SD,

:
a
::::::::::
conclusion

:::
that

::
is

::::
also

:::::::::
supported

::
by

::::::::::
statistically

:::::::::
signi�cant

:::::
gains

::
(p

:::
�

::::
0.05,and the largernumberof sitesandyearsincludedin the430

presentevaluation.
:::
95%

:::::::::
con�dence

:::::
level)

::::::::
observed

::
in

:::
the

::::::::
temporal

:::::
nested

:::
CV

::::::::::
framework.

:::::::::::
Nonetheless,

::::
also

::::
here

:::
the

:::::::
absolute

:::::::::::
improvements

::::::
remain

:::::::
limited,

:::
and

:::
the

::::::::
increased

::::::::::::
computational

::::
cost

::
of

:::::::::
processing

:::
S1

::::
SLC

::::
data

::::
into

:::::::
PolSAR

:::::::
variables

:::::::
relative

::
to

:::::::
deriving

:::::::::
backscatter

::::::::
intensity

::::
from

:::::
GRD

:::
data

:::::
must

::
be

::::::::::
considered.

Additionally, all three con�gurations exhibit dif�culties in predicting high SD values
::
at

:::::::::
unobserved

::::
sites

:
(Fig. ??a

:
3), which

we attributeto the relatively small numberof observationsiteswith alargerecordof observedSD >
:::::
likely

:::::
arises

:::::
from

:::
the435

::::::
scarcity

:::
of

::::
high

:::
SD

:::::::::::
observations

::
in

::::
the

:::::::
training

::::::
dataset

::::
(Fig.

:::::
E1a).

::::
For

:::
the

::::::
spatial

::::::
nested

::::
CV

::::::::::
framework,

:::
the

::::::::::
PolSARML ,

::::::::::::
BackscatterML :::

and
::::::::::::::

CombinationML ::::::::::::
con�gurations

::::::
exhibit

::
a

::::
bias

:::
of

:::::
-1.46,

:::::
-1.51

::::
and

:::::
-1.48

::
m

::::
for

::::::::
observed

:::
SD

::
�

:
2.5 m.

Speci�cally, at those,
::::::

which
::::::
further

::::::::::
deteriorates

:::
in

:::
the

:::::::::::::
spatio-temporal

::::::::::
framework.

:::::
This

::
is

::::
also

::::::
visible

::
in

::::
Fig.

::::
3a,

:::::
when

:::::::::
comparing

:::
the

::::::::::
observations

::::::::
(squares)

:::::
with

:::
the

:::
SD

:::::::::
prediction,

::::
and

::
in

::::
Fig.

:::
3b,

::::
that

:::::::
displays

:
sites with asite bias � � 0.5 m

(mostlylocatedin Switzerland(
:::
-0.5

::
m

:::
for

::
the

::::::::
different

::::::::::::
con�gurations

:::::
within

:::
the

::::::
spatial

:::::
nested

::::
CV

:::::::::
framework

:::::::::::::
(zero-measured440

:::
SD

::::::::
excluded).

::::::::::::
Interestingly,

:::::
many

::
of

:::
the

::::
sites

::::::::
displayed

::
in

:
Fig. ??b )) 14.2%of theobservedSD measurementsexceed3 m,

comparedto only 1% acrosstheentiretrainingdataset.Thelimited
::
3b

::::
also

::::::
appear

::
to

::::
have

::::::
strong

:::::::
negative

:::::
biases

::
in

::::
Fig.

:::
2a

::
of

:::::::::::::::::
Dunmire et al. (2024)

:
.

::::::::::::
Consequently,

:::
the

:::::::
reduced ability of XGBoost

::::::
models, trained with S1 variables to explain interannual

and site-speci�c variability, to predict high SD values must beconsideredwhenapplying
:::::
taken

:::
into

:::::::
account

:::::
when

:::::::::
deploying

the model across the European Alps,especiallywhenonewantsto apply the model to predictoutsidethe training dataset445

time period.For the latter,Table3 indicatesa furtherdeteriorationin modelperformancefor thespatio-temporalnestedCV

framework,which mustbe seenasan accuraterepresentationof the modelperformancewhenapplyingXGBoostto predict

acrosstheAlps outsidethetrainingperiod.Nonetheless,thePolSARvariablesalsoimprovedmodeloutcomesfor thisscenario,

with signi�cant (p � 0.05,95%con�denceinterval) improvementsin siteMAE for boththePolSARML andCombinationML

con�gurations.
::::::::::
particularly

::::
when

::::::::
applying

::
it

::::::
beyond

:::
the

::::::::
temporal

::::
range

:::::::
covered

:::
by

:::
the

::::::
training

:::::
data.450

4.2 Feature importance for ML con�gurations with S1 PolSAR and backscatter
:::::::
intensity variables

Figure 4 displaysthe importanceof the various input featuresacrossthe PolSARML , BackscatterML and CombinationML

con�gurations,asdeterminedby (a)XGBoost'sinternalgainmetricand(b) SHAPvaluescomputedfrom theouterresampling

testsets.Across the con�gurations and nested CV frameworks, FSC and elevation consistently emerge as the most impor-

tant features, similar to what has been reported by Dunmire et al. (2024). In addition, the
:
,
::::::::
indicated

:::
by

::::
both

::::::::::
XGBoost's455

::::::
internal

:
gain -basedFI indicatesanincreasedimportanceof FSC

:::::
metric

:::
and

::::::
SHAP

:::::
values

:::::
(Fig.

::
4a

:::
and

:::
b).

::::
FSC

::
is

::::::::::
particularly

::::::::
important,

::::::
which

:::::
makes

:::
the

:::::::::
predictions

::::::
prone

::
to

:::::::
potential

:::::
errors

::
in

::::
this

::::
input

::::::
feature

:::::
(e.g.,

:::
the

:::::
yellow

::::
box

::
in

::::
Fig.

:::
3a).

::::
The

::::
gain
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Table 3. Overall performance metrics for the PolSARML , BackscatterML and CombinationML con�gurations for the spatial and spatio-

temporal nested CV frameworks,
::::
when

::::::::
evaluated

:::
over

:::
all

:::
sites

::::::::
displayed

::
in

:::
Fig.

::
1.

:
The values inside the brackets denote the metric values

when zero-measured SD are included in the evaluation.

Spatial Spatio-temporal

Metric PolSARML BackscatterML CombinationML PolSARML BackscatterML CombinationML

R [-] 0.73 (0.81) 0.73 (0.81) 0.74 (0.82) 0.70 (0.79) 0.69 (0.79) 0.70 (0.79)

RMSE [m]
:::
0.53

:::::
(0.41)

:::
0.53

:::::
(0.42)

: :::
0.52

:::::
(0.41)

:::
0.55

:::::
(0.43)

:::
0.56

:::::
(0.44)

:::
0.55

:::::
(0.43)

MAE [m] 0.35 (0.23) 0.35 (0.23) 0.35 (0.22) 0.37 (0.24) 0.37 (0.24) 0.37 (0.24)

bias [m] 0.53(0.41
:::
-0.04

::::
(0.00) 0.53(0.42

:::
-0.04

:::::
(-0.00) 0.52(0.41

:::
-0.04

::::
(0.00) 0.55(0.43

:::
-0.04

::::
(0.00) 0.56(0.44

:::
-0.04

::::
(0.00) 0.55(0.43

:::
-0.04

::::
(0.00)

::
FI

:::::::::
importance

::::
(Fig.

:::
4a)

:::::::::
moreover

:::::::
indicates

::
an

:::::::::
increasing

::::
FSC

::::::::::
importance when transitioning from temporal to spatio-temporal

nested CV, whereaselevationfollows
::::::::::
frameworks

::::::
(� 25%

::
to

:::
>

:::::
40%),

::::
with

:
an opposite trend. In temporalnestedCV, the

ML modelcan leveragerecurringSD patternsat siteswithin the training data,where— mainly at high-elevationsites—460

interannualvariability is relativelylimited andSDtendsto follow similar trajectoriesacrossmultipleyears.As aresult,theML

modelmayplacegreateremphasison elevation
::
for

::::::::
elevation

::::
(� 20

::
to

:::::::
� 10%).

::::::
When

::::::::
predicting

::
at

::::::
unseen

:::::::::
locations,

::::::::
XGBoost

:::::
seems

:
to adjustthe predictions.Conversely,in spatio-temporalnestedCV, XGBoostmay rely lesson recurringSD patterns

andtherefore,seemsto placegreateremphasison FSCandlesson elevation
:::
rely

:::::
more

::::::
heavily

:::
on

::::
FSC to distinguish snow-

coveredfrom snow-freeperiods.Figure4b, which displaysthe FI basedon the training data,on the otherhand,indicatesa465

strongerimportancefor FSC,butshowsasimilar increasein fSCFI for spatio-temporalnestedCV. Differently,Fig 4bdisplays

a lessclearpatternfor theelevationfeature.Nevertheless,non-relativemeanabsoluteSHAPvaluesdisplaysimilar patternsas

::::::
periods,

::::
and

::::::
cannot

:::
rely

:::
as

:::::
much

::
on

::::::::
recurring

:::
SD

:::::::
patterns

::::
that

::::::
display

::
a

:::::
strong

::::::::::
relationship

:::::
with

::::::::
elevation.

:::::::
Finally, thegain

FI.

Figure
::::
DOY

::::::::
features,

::::::
which

::::
help

::::::::
capturing

:::
the

::::::::
seasonal

::::::::
variations

:::
in

:::
the

:::::::::
estimates,

::::
also

::::::
emerge

:::
as

::::::::
important

::::::
inputs,

:::
as470

:::::::
re�ected

::::::
across

:::
the

::::::::::::
con�gurations

::
in

::::
both

::::
Fig. 4aalsorevealsthat within PolSARML andBackscatterML con�gurations,the

:::
and

::
b.

:::::
When

::::
used

:::
in

:::
the

:::::::
separate

:::::::::::::
con�gurations,

::::
The S1

:::::::
PolSAR

::::
and

:::::::::
backscatter

::::::::
intensity

:
features are similarly used during

model training. Speci�cally, Ss
0 and
 0;s

VV appearto be lessimportantthan� s and
 0;s
CR in thePolSARML andBackscatterML

con�gurations, respectively.In addition, (Fig. 4b showsthat
::
a).

::::::::
However,

::::
the

::::
gain

:
FI

::::::::
indicates

::
a

:::::::
stronger

::::::::::
importance

:::
of475

� s is more importantin
::::::
within the PolSARML con�guration than

::::
over

:

 0;s

CR is in the BackscatterML one, which indicates
:
.

::::
This

:::::::::
observation

::
is

:::::::
further

::::::::
con�rmed

:::
in

:::
Fig.

:::
4b

::::::
across

::
all

::::::
nested

::::
CV

::::::::::
frameworks,

:::::::::
indicating that XGBoost seems to effec-

tively extract more information from� s during
:::::
model

:::::::
training

::::
and SD prediction.Moreover,

:::::::::
Consistent

::::
with

:::
this

:::::::
�nding,

:::
the

:::::::::::::
CombinationML :::::::::::

con�guration
::::
also

:::::::
exhibits

::
a

::::
clear

:::::::::
preference

:::
of

::
� s

:::::
over

::::

 0;s

CR .
:::
In

:::::::
addition,

:
both thegain-based and SHAP

value FI analyses reveal a less distinct separation between the S1 input features in the BackscatterML con�guration, with the480

SHAP values even suggesting that
 0;s
VV contributes as much as, or slightly more than,
 0;s

CR . This impliesthatdespitethelower
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importanceduringmodeltraining(i.e., thegain-basedFI), XGBoostseemsto rely moreon 
 0;s
VV whenpredicting

::::::
during

:::
SD

::::::::
prediction

:
at unseen locations and/or time periods.

Finally, bothFig. 4aandb showcaseaconsistentpreferenceof theCombinationML con�gurationfor � s over
 0;s
CR . Although

Fig. 4 providesanaggregatedview acrossall sitesandthefull snowseason,includingdry andwet snowconditionsaswell as485

zero-measuredSD, the resultalignswith �ndings from Jans et al. (2025), who reportedstrongercorrelationsbetween� and

modeledSD during the accumulation(dry snow)periodat mostlocationsin their studyarea,comparedto 
 0
CR . In contrast,

our resultsindicatethatS0 contributeslessthan
 0
VV duringbothtrainingandprediction,despiteits strongercorrelationwith

dry snowreportedby Jans et al. (2025). Thisdifferencemaystemfrom severalfactors,includingadifferentsatelliteresolution

(1 km in thework of Jans et al. (2025)), the input scalingappliedbeforemodeltraining,variationsin landcoveracrosssites,490

andespeciallytheinclusionof bothdry andwetsnowperiods.

4.2.1 SHAP value analysis during snowpack presence

We furtherassessedtheimpact
:::
The

:::::
SHAP

:::::
value

::
FI

:
of the S1 variables

:::
(Fig.

::::
4b)

::::
were

::::::
further

::::::::
evaluated

:
during snow-covered

periods, duringbothdry andwetsnowconditions.To thisend,wefocusedon
::
—

::::::::::::
encompassing

::::
both

:::
wet

::::
and

:::
dry

::::
snow

:::::::
periods

::
—

::::::
within the spatial nested CV framework, asit bestaligns

:::
this

:::::::::
framework

:::::::
matches

::::
best

:
with the objective ofthis research;495

i.e., predictingSD at unseenlocationswithin the
::
the

::::::
study:

:::
SD

:::::::::
prediction

:::::
across

:::
the

:::::
Alps

::::
using

:::
the

::::::::
available

:
S1 archivetime

period.Sincethewetsnowmaskis only availablefrom September2016onward,the2015–2016snowyearwasexcludedfrom

thisanalysis.

Fig.
:
.

:::::
Figure 5ashowcasesthat in the

:::::::
presents

:::
the

::
FI

:::
for

::::
both

:::
the

::::
full

::
set

:::
of

:::::::::
predictions

:::::
(fully

:::::::
colored

:::::
bars),

:::
and

:::
the

::::::
subset

::::::::
remaining

::::
after

:::::::::
excluding

:::
the

::::::::
non-valid

::::
areas

:::::::
masked

::::::
within

:::
the

:::
wet

:::::
snow

:::::::
product

::::
(dark

::::
gray

::::::
lines).

:::::::::
Excluding

:::
the

::::::::
non-valid500

::::
areas

::::::::
increases

::::
the

::::::
overall

::::
and

:::::::::
dry-period

:::
FI

:::
for

::::
both

:::
� s

::::
and

::::

 0;s

CR ::::::
within

:::
the

:
PolSARML con�guration, the contribution

of � s is similar underboth dry and wet snow conditions(� 9%), with a slightly lower contributionobservedduring dry

conditions.However,this result is basedon a binary classi�cation betweenthe snow conditionsthat doesnot accountfor

maskedareas, andthereforestill includeslower-elevationlocationsand/or denselyforestedlocations.Without the masked

data,thedry-conditionrelativeimportanceof � s increasesto approximately13%(Fig. 5a),while therelativeimportanceof505

the elevationfeaturedecreases(not shown). Sincethe maskeddatapointspredominantlycorrespondto
:::
and

::::::::::::
BackscatterML

:::::::::::
con�guration,

:::::::::::
respectively.

:::
As

::::
these

:::::::::
non-valid

::::
areas

:::::::
include

:::::::::::
low-elevation

:::::
areas

::::
(i.e.,

:::::::
valleys)

::::
and

::::::::::::::
densely-forested

:::::::
regions,

:::::::
locations

::::::
where

:::::::
typically

:
low SD values(� 1 m), the SHAP valueFI suggeststhat

:::
are

::::::::
observed,

:::::
these

::::::
results

:::::::
suggests

::::
that

::::::::
XGBoost

:::::
places

::::::::
relatively

:::::
more

:::::::::
importance

:::
on

:::::
these

::
S1

::::::::
variables

:
at bare, higher-elevation locationswith deepersnowpacks,

XGBoostplacesrelatively more importanceon � s, a patternalsoobservedfor 
 0;s
CR in the BackscatterML con�guration.

:::
that510

::
are

:::::
often

::::::::::::
characterized

::
by

:::::::
deeper

:::::::::
snowpacks.

:::::::::::
Conversely,

:::
the

:::::::
decrease

:::
in

::::::
SHAP

:::::
value

::
FI

:::::
when

:::::::::
including

::::
these

:::::::::
non-valid

::::
areas

::::::::
indicates

:::
the

:::::::
limited

::::::
added

:::::
value

::
of

::::
the

::
S1

:::::::::
variables

::
to

::::::
predict

::::
SD

::
at

::::::::::::
low-elevation

::::::
and/or

::::::::::::::
densely-forested

:::::
sites.

::::::::
Although

::
no

:::::
valid

::::::::
wet-snow

::::::::::::
classi�cation

::
is

:::::::
available

:::
for

:::::
such

:::::
areas

::::
(e.g.,

::::
Fig.

:::
5d

::::::
where

::::
only

::::
low

::::
FCF

::::::
values

::::::
appear

:::
for

::
the

:::::::::
wet-snow

:::::::
subplot)

::::
and

::::
more

:::::::::
advanced

:::::::::::
classi�cation

:::::::::
approaches

::::::::::::
incorporating

::::::::::::
meteorological

::::
data

::::::
could

:::::
enable

::
a

:::::
more

:::::::
accurate

::::::::
separation

:::
of

:::
dry

:::
and

::::
wet

::::
snow

:::::::
periods,

:::
we

:::::
argue

::::
that

::
the

:::::::
current

:::::::
analysis

:
is

::::::::
suf�cient

:::::
given

:::
the

::::::
limited

:::::::::::
contribution515
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::
of

::
S1

::::::::
variables

::
in

:::::
these

::::::::::::
environments.

::::
This

::::::::
marginal

:::::::::::
contribution

:::
was

::::
also

::::::::
reported

::
by

:::::::::::::::::::
Dunmire et al. (2024)

:::
and

::
is

::::::
further

::::::
evident

::
in

::::
Fig.

::::
C1d.

:::
As

:::
this

:::::::::
limitation

:::::
arises

::::
from

:::
the

::::
raw

:::
S1

::::::::::
observations

::::::
rather

::::
than

:::
the

::::
type

::
of

::::::::
processed

:::
S1

:::::::::::
observations

::::
(i.e.,

:::::::
PolSAR

:::
vs.

:::::::::
backscatter

::::::::::
intensities),

::::
this

::::::::
limitation

::::::
should

::
be

:::::::::
addressed

::
by

::::::::::::
incorporating

::::::::
additional

:::::
input

:::::::
features

:::::
(e.g.,

:::
Fig.

::::
C2).

:

Figure 5a also explains the more pronounced difference in SHAP value FI between the PolSAR variables, as XGBoost520

relies more heavily on� s than onSs
0 across all snow conditions. In contrast,Fig. 5a displaysthat for the BackscatterML

con�guration , XGBoostplaces greater emphasis on
 0;s
VV than on
 0;s

CR during wet snow conditions, which accounts for their

nearly equivalent overall SHAP value FI (Fig. 4). In addition, the FI patterns observed in the CombinationML con�guration

closely resemble those of the PolSARML and BackscatterML con�gurations, with the
::::::
notable exception of
 0;s

CR . Weattributethis

to overlappinginformationbetween
 0;s
CR and� s, with XGBoostnowrelying

:::::
Here,

::::::::
XGBoost

:::::
seems

::
to

::::
rely more heavily on� s525

at the expense of
 0;s
CR . Additionally, internalcompensationsarisingfrom thejoint useof bothPolSARandbackscatterinputs

mayfurtherreducetherelativeimportanceof 
 0;s
CR .

:
,
:::::
which

::::
was

::::
also

::::::
evident

::::
from

::::
Fig.

::
4,

:::
and

::
is

::::
also

:::::::
observed

::
at

::
a

:::::::::::
measurement

:::
site

::::::
located

::::
near

::::::
Prato,

::::::::::
Switzerland

::::::
(46.47�

::
N,

:::::
8.72�

::
E;

::::
Fig

:::::
C1c).

::::::
Similar

:::::::::::
observations

::::
were

:::::
made

:::
by

::::::::::::::
Jans et al. (2025)

:
,

::::
who

:::::::
reported

:::::::
stronger

::::::::::
correlations

:::::::
between

:
�

::::
and

:::::::
modeled

:::
SD

::::::
during

:::
the

:::::::::::
accumulation

::::
(dry

:::::
snow)

::::::
period

::
at

::::
most

::::::::
locations

::
in

::::
their

::::
study

::::
area

::::
than

::::::::
between

:::::::
modeled

::::
SD

:::
and

:::::

 0

CR .
::
In

::::::::
addition,

:::
S0 :::::

shows
::

a
::::::
similar

::::::
SHAP

:::::
value

:::
FI

:::::::::
importance

:::
as

::::

 VV ::::::

during530

:::
dry

:::::
snow

:::::::::
conditions

::::
(Fig.

:::
5a,

:::::::::::::
CombinationML:::::::::::::

con�guration),
::::
and

::
is

::::
even

:::::
more

::::::::
important

::
at

::::
bare

:::::::::::::
high-elevation

::::
sites

:::::
(dark

::::
gray

:::::
lines),

::::::
further

::::::::::
con�rming

:::
the

:::::::
�ndings

::
of

::::::::::::::
Jans et al. (2025)

:
.
::
In

::::::::
contrast,

::::

 VV ::

is
:::::
more

:::::::::
extensively

:::::
used

:::::
during

::::
wet

:::::
snow

:::::::::
conditions,

:::::::
resulting

::
in

:::
the

:::::::
slightly

:::::
higher

::::::::
observed

::::::
overall

::
FI

:::
for

::::
this

::
S1

::::::::
variable.

Figure5b furtherillustratestheSHAPvaluecontributionof � s within the
::::::
Within

:::
the PolSARML con�guration . During dry

conditions
::::
(Fig.

::::
5b), XGBoost has learned a positive relationship between� s and its contribution to the SD estimates. This535

canbe relatedto
:
,
:::::::::
consistent

::::
with

:
the �ndings of Jans et al. (2025), whofound that

::::::
reported

:::::::::
increasing

::
�

::::::
values

::::
with

::::
dry

::::::::
snowpack

:::::::::::
accumulation

:
at sites with medium to high LIA, � progressivelyaugmentswith an increasingsnowpackduring

theaccumulationperiod. However, at certain medium-high elevation sites (1500 - 2500 m;not shown),mean
:::
e.g.,

::::
Fig.

:::::
C1b),

::::
both � s and corresponding

::
its

:
SHAP value contributions remain low, eventhoughpredicted(and observed)SD are still

relativelyhigh . At theselocations,thereis oftennoclearincreasein � s with increasingSD; instead,a risein
:
or

:::::
even

:::::::
negative540

::::
(Fig.

::::
C1b)

::::::
despite

::::::::
relatively

::::
high

::::::::
predicted

:::
and

::::::::
observed

:::
SD.

:::::::
Instead,

::::::::
increases

::
in 
 0;s

VV or Ss
0 maybeobserved.Wehypothesize

that this patternis morecommon
::
are

::::::::
observed,

::
a

::::::
pattern

:::
we

::::::::::
hypothesize

::
to

:::
be

:::::
more

::::::::
prevalent at sites withlow LIA, where

Jans et al. (2025)similarly observeddecreasingvaluesof � . Furthermore,Fig. 5b andd illustratethat,while for � s valuesthe

associatedSHAPvaluesandSHAPvalueFI remainelevatedunderwet snowconditions,this is lessthecasefor 
 0;s
CR within

theBackscatterML con�guration,suggestingthatSD estimationbasedon � s might be lesssensitiveto thepresenceof liquid545

waterthanwhenbasedon 
 0;s
CR .

Conversely,Fig. 5c displaysthat XGBoosthaslearneda dual relationshipbetweenthe observedvaluesfor 
 0;s
VV andthe

SHAP value contribution.The lower importanceof 
 0;s
VV during dry snow conditionscan be explainedby the �ndings of

Lievens et al. (2019), who notedthatvolumescatteringin VV-polarizationwithin a dry snowpackat C-bandis generallytoo

weakto producea signi�cant impact.However,at certainlocations– mostly with low-LIA satellite overpasses– increasing550
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 0;s
VV and associatedpositive SHAP valuesmay be observed.We hypothesizethat in certainsimilar locations,the ,

::::::
where

S1 observations are
::::::::::
hypothesized

:::
to

::
be

:
more sensitive to surface scattering fromsnow layer interfaces,resultingin rising

valuesfor
:::::::::
snow-layer

:::::::::
interfaces,

::::
and

::::::
where

:::::::::::::::
Jans et al. (2025)

:::::::
similarly

::::::::
observed

:::::::::
decreasing

:::::::::
� -values.

::::
This

::::
also

::::::::
explains

::
the

:::::
dual

::::::::::
relationship

::::::::
revealed

:::
for

:

 0;s

VV , while both � s and associatedSHAP valuestend to decrease.During wet snow

conditions,however,the
 0;s
VV - SHAPvaluerelationshipis theopposite.During theseconditions,XGBoostseemsto leverage555

the informationcontainedwithin the low observed
 0;s
VV valuesdueto liquid waterpresence,to positively contributeto the

predictedSD.

Oneof themainlimitationsof ourcurrentapproachis thatonlyvalidwetsnowclassi�cationsareavailablefor higher-elevation

andsparselyforestedsites(Fig5d),whilesomepixelslabeledasdrymayin factcorrespondtowetsnowconditions,or topatchy

snowconditions.Although a moresophisticatedclassi�cationmethodthat incorporatesmeteorologicaldatacould providea560

moreaccurateseparationof dry andwet snowperiods,we arguethatthecurrentapproachremainssuitablefor identifying the

contributionof thesatellitevariableswithin XGBoostundervaryingsnowconditions.Thewet snowmaskprovidesa reliable

classi�cationprimarily athigher-elevationsites— locationsthattypically exhibitdeepersnowpacks— wheresatellitevariables

contributemoresubstantiallyto modelperformance.At maskedlocations,by contrast,thecontributionof satellitevariablesis

generallylimited. This is consistentwith �ndings by Dunmire et al. (2024), who showedthatS1C-bandbackscatteris most565

informative in non-forestedterrainwith SD > 1 m, andhaslimited in�uence in areaswherethe wet snowmaskdoesnot

provideavalid classi�cation.

SHAPvalueanalysisfor thespatialnestedCV frameworkduringsnowpresence.(a)RelativeSHAPvalueFI of thesatellite

input featuresfor the PolSARML , BackscatterML and CombinationML con�gurations.The dark gray lines representthe FI

aftermaskingout non-validdry snowclassi�cations.(b) Scatterplot of mean� s valuesandcorrespondingSHAPvaluesfor570

the PolSARML con�guration, takenas the meanper site andsnowseasonduring dry andwet snowconditions(only valid

classi�cations).The dotsarecoloredaccordingto the meanpredictedSD (SDpred ). (c) Sameas(b), but for 
 0;s
VV within the

BackscatterML con�guration.(d) Sameas(c) for 
 0;s
CR , but colorizedto thesiteFCF,indicatingthattheclassi�cationprimarily

targetshigher-elevationnon-forestedareas.

4.2.2 Time seriesof SDand SHAP values575

Finally, we assessedthe SHAP value contributionof the S1 variableswithin the CombinationML con�guration during the

temporalevolution of the snowpack.To this end,Fig. C1 displaysthe resultsfor two snow seasonsat threedistinct sites

in Switzerland,all operatedby SLF, whereasFig. ?? representsanadditionalsitenearGrindelwald,Switzerland.To provide

a realisticoverviewof themodelperformancewithin this study,thetime seriesshowcasetheresultsof thespatialnestedCV

framework.580

FigureC1ashowsthetimeseriesfor ameasurementsite(46.41N, 8.92E) nearArolla, Valais,locatedin abarerockareawith

a 0% forestcoverfractionandsurroundedby mountainsto theeast,north,andwest.At this high-elevationandbaresite,the

addedvalueof � s underdry snowconditionsand
 0;s
VV under

:
in

::::
Fig.

:::
5c:

::
at

::::::
certain

:::::::
low-LIA

::::::::
locations,

:::::
there

:
is

::
a

::::::
limited

:::::::
positive

::::::::::
contribution,

:::::::
whereas

::
at

::::
the

:::::::
majority

::
of

:::
the

:::::
sites,

:
a
::::::
strong

::::::
inverse

::::::::::
relationship

::::::::
emerges

:::::
during

:
wet snow conditionsbecomes

20



clear.During the 2017–2018snowseason,namely,a clear increasein � s is observedduring the accumulationphase.After585

reachingpeakvaluesaroundlateJanuary,associatedwith a largesnowfall event,� s andits associatedSHAP valuesremain

elevateduntil the snowpackstartsto wet nearthe endof March. However,the peakoccursbeforethe maximummeasured

SD in earlyApril, a phenomenonnot uniqueto this siteandalsoreportedby Jans et al. (2025), who foundanaveragelag of

around60 daysbetweenpeak� andpeakSD in their studyarea.In contrast,theobserved
 0;s
VV valuesdo not increaseduring

theaccumulationphase,consistentwith the�ndings of Lievens et al. (2019), andcontributeminimally to theSD predictions.590

At certainsites— usuallywith low-LIA satelliteoverpasses— however,
 0;s
VV andit's SHAP valuesdo increaseduring the

accumulationperiod(e.g.,Fig.??). Assuch,dependingontheLIA, � s and
 0;s
VV mightcontributemoreor lessto thepredictions.

During the ablationphase,markedby a declinein 
 0;s
VV in early April, the contributionof � s dropssharply,in line with

decreasingobservedvalues.In contrast,
 0;s
VV emergesasthemostinformative,

:::::
when

::::::::
typically

:
a
::::
drop

:::
in

:::
this S1featureunder595

thesewetsnowconditions,with positiveSHAPvaluespeakingnearits lowestobservedbackscattervalues.Beyondthispoint,

as
 0;s
VV increasesdueto thegrowingin�uenceof super�cialscatteringprocesses(Marin et al., 2020), thecontributiongradually

declines.Similar patternshavebeenobservedat othersites
::::::
variable

::
is

::::::::
observed

:
(e.g.,46.42N, 8.23E and46.39N, 7.97E) and

is alsoevidentfrom Fig. 5c. In contrast,thebehaviorof � s andits contributionto theSD estimatesduringtheablationperiod

is lessconsistent.At somesites(e.g.,46.08N, 7.92E), thedropin 
 0;s
VV coincideswith asuddenincreasein � s, whereasatother600

sites,no suchincreaseis observedor anincreaseis linked to late-seasonsnowfallevents.Furtherresearchis requiredto better

understandtheinteractionbetweenwetsnowand� , thoughthis is beyondthescopeof this study.

The Arolla site (Fig. C1a)showsa similar seasonalevolutionof 
 0;s
VV in 2018–2019as in 2017–2018,further supporting

the �ndings of .
:::::::
Finally, Fig. 5on the role of this S1 featureunderdifferent snowconditions.In contrast,although

:
b
::::

and
::
d

:::::::
illustrate

::::
that

:::::
under

:::
wet

:::::
snow

::::::::::
conditions,� s increasesslightly in mid-March,it beginsto declineasearly aslate February,605

whereasno correspondingsharpdecreaseis observedin 
 0;s
VV (not shown).While dif�cult to con�rm, this may be relatedto

melt-freezeeventsand/ormetamorphismprocesseshappeningin thesnowpackstartingin earlyMarch.Nevertheless,� is also

herestronglycontributionduringsnowaccumulation,whenit is mostinformative.

Thepotentiallyaddedvalueof � s to theSD predictionsat higher-elevated,barelocationsis furthersupportedby Fig. C1b,

thatdisplaysthetime seriesat a measurementsite locatednearPrato,Ticino (46.47N, 8.72E), with a similar 0% forestcover610

fractionbut lowerelevation(2222m abovesealevel).Unlike theArolla site,however,� s is notonly mainly informativeduring

snowaccumulation,butremainsrelativelyelevatedthroughoutFebruaryandMarchfor bothsnowseasons,whenthesnowpack

exceeds2 m of snow.In addition,following the drop in 
 0;s
VV nearthe beginningof the accumulationperiod,a (very) slight

increaseof 
 0;s
VV is observedtowardtheablationphaseat this site(not shown),a patternalsoobservedby Jans et al. (2025)at

somelocationswith very deep(anddry) snowpacks.In addition,Fig. C1bhelpsto explaintherelativeSHAPvalueFI of 
 0;s
CR615

in Fig. 5a.AlthoughXGBoostcapturesthe increasein
::::::
remains

:::::
more

:::::::
elevated

::::::::
compared

::
to

:::::

 0;s

CR ,
::::::
leading

::
to

::::::
higher

:::::::::
associated

::
� s

::::::
SHAP

::::::
values

::
in

:::
the

:::::::::
PolSARML::::::::::::

con�guration
::::
than

:::
the

::::::::::::
corresponding

:

 0;s

CR during the accumulationperiod to contribute

positivelyto thepredictedSD,theSHAPvaluecontributionis waysmallercomparedto � s, indicatingapreferencefor � s over


 0;s
CR by XGBoost.
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Finally, thebottomtimeseries(Fig. C1c)correspondsto aforested(63%FCF,1868m abovesealevel)sitein Sobrio,Ticino620

(46.41N, 8.92E). Despitebeingconsistentlyclassi�ed asdry snowin thetime series,this areais actuallymaskedasforestin

theCLMS SWSwet snowproduct.This sitewasalsoanalyzedby Dunmire et al. (2024), who concludedthat , giventhelow

FI of 
 0;s
VV and
 0;s

CR in theirstudy,S1satelliteobservationsshouldnotbeusedfor this location.Our �ndings supportthelimited

contributionof
:::::
SHAP

::::::
values

::
in theS1featuresatsimilar lowerand/orforestedareas,asweobserveminimaladdedvaluefrom

both
::::::::::::
BackscatterML :::::::::::

con�guration.
::::
This

::::::::
suggests

:::
that

:::
SD

:::::::::
estimation

:::::
based

:::
on � s and
 0;s

VV at this site,andthepredictionsfrom625

XGBoosttrainedwithout satelliteobservationsaresimilar to, or evenoutperform,thosebasedon satelliteinputsfor thetime

seriesat this site(not shown)
:::::
might

::
be

::::
less

:::::::
sensitive

::
to

:::
the

::::::::
presence

::
of

:::::
liquid

:::::
water

::::
than

:::
SD

:::::::::
estimation

:::::
based

::
on

::::

 0;s

CR .

4.3 Added value of meteorological forcings andSnowclimSD estimates

Figure 6 illustrates the improvements when incorporating either regionally downscaled meteorological forcing data(Fig. 6b)

or SnowclimSD estimates(
::::
when

:::::::::
predicting

::
at

::::::
unseen

::::::::
locations

::::
(and

::::
time

:::::::
periods;

:
Fig. 6c

:
a
::::
and

:
b), with the most important630

improvements for highobservedSDvalues
:::
SD

::::::::::
observations

:
(� 2.5 m)whenpredictingatunseenlocations(andtimeperiods).

As an example,the biasfor SD
:
.

::::
The

:::
bias

:::
for

:::::::::::
observations

:
� 2.5 m improves by 27 cm when comparing the WeatherML to

the CombinationML con�guration within the spatial nested CV framework
::::
(Fig.

:::
6a), decreasing from� 1:47 m to � 1:20 m.

IncorporatingSnowclimSD estimates further reduces this bias to� 1:12m, likely re�ecting a stronger correspondence between

themodeledandobservedhighSDvalues
::::::::
Snowclim

:::::::
estimates

::::
and

::::
high

:::
SD

::::::::::
observations

:
than what is captured through derived635

meteorological variables. Despite these gains, the number of sites with a mean bias� � 0:5 m remains similar in both the

WeatherML andSnowclimML con�gurations,
::
—

:
with most of these sites again located in Switzerland (not shown).Althougha

smallerclusteringradiusduringfold creationcouldmitigatethisunderestimationthroughmorebalancedfold SDdistributions,

thecurrentclusteringoffersa fair evaluationof modelperformance,indicatinga
:::
Fig.

::::
E2)

::
—

::::::::
re�ecting

:::
the

:
need for expanded

datacollectionof highobservedSD values.640

The
:::
high

:::
SD

::::
data

:::::::::
collection.

:::::::::::
Furthermore,

:::::
while

::::
the

:::::::
inclusion

:::
of meteorological forcing dataandSnowclimSD estimates

alsohelpXGBoostbetterestimatelow-snowandsnow-freeconditionsat unseenlocations,particularlyat low-elevationsites

(< 1000m) nearthe endof the snowseason.While the SnowclimML con�guration performsbestat high-elevationsites(>

2500m) duringpeaksnowdepthandtheablationperiod,it tendsto overestimateSDatmid-elevationsites(1000– 2500m)near

theendof theseason,andathigh-elevationsitesatthebeginningof theseason,comparedto theCombinationML andWeatherML645

con�gurations(notshown).Overall
::
or

:::::::
modeled

:::
SD

::::::::
estimates

:::::::
reduces

::
the

:::::::
relative

:::::
SHAP

:::::
value

:::
FI

::
of

:::
the

::
S1

:::::
input

:::::::
features,

:::::
these

::::::
features

::::::::
continue

::
to

::::::::
in�uence

::::
SD

:::::::::
predictions

:::::
(Fig.

:::
6d), however,

:::::::::
accounting

::
in

::::
total

::::
for

::::::::::::
approximately

:::
9%

::::
and

:::
7%

:::
of

:::
the

:::::
SHAP

:::::
value

::
FI

::
in

:::
the

:::::::::
WeatherML::::

and
::::::::
Snowclim

::ML:::::::::::::
con�gurations,

::::::::::
respectively,

:::::
when

:::::::::
predicting

::
at

::::::
unseen

::::::::
locations.

::::::
Overall,

:
theSnowclimML con�guration yields the best performance (Fig. 6c

:
a

:::
and

::
b). Under the spatio-temporal nested CV

framework, site MAE during snow-covered periods decreases by at least 2.5 cm at 55% of sites, while only 16% exhibit650

an increase of 2.5 cm or more, relative to the CombinationML con�guration. Compared to the WeatherML con�guration, the

difference in site MAE is minimal, and only signi�cant for the spatio-temporal framework.Theseresultsthus indicatethat
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directly usingmeteorologicalforcingscanachievecomparablepredictiveperformance,underscoringthepotentialof machine

learningasavaluablecomplementto physically-basedsnowmodels,providedsuf�cient trainingdataareavailable.

Althoughtheinclusionof
:::::::
However,

:::
the

::::::::
Snowclim

::
SD

::::::::
estimates

::::::
appear

::
to

::::
more

:::::::::
accurately

:::::::
represent

:::::::::
conditions

::
at

:::::::::::
low-elevation655

::::
sites

::
(<

:::::
1000

:::
m)

:::::
during

:::
the

:::::
early

:::::
snow

:::::
season

:::::
(Fig.

:::
6c),

:::::::::::
highlighting

:::
the

:::::::::
importance

::
of

:::::::
reliable

::::
FSC

::::::::::
information

::
to

::::::::
correctly

::::::
indicate

:::::::::
snow-free

:::::::::
conditions

:::::
when

::::::
relying

::::::
solely

::
on

:
meteorological forcing dataor modeledSD reducesthe relativeSHAP

valueFI of the S1 input features,thesefeaturesstill in�uence the SD predictions.In the spatialandspatio-temporalnested

CV frameworks,S1 featuresaccountfor approximately9% and� 7% of the total SHAPvalueFI for the
:
.

::
In

::::::::
addition,

:::::
while

::
the

:
WeatherML ::::::::::

con�guration
::::::::
displays

:::
the

::::::
lowest

::::
bias

::
of

:::
the

:::::
three

::::::::::::
con�gurations

::
at

:::::::::::::::
medium-elevation

::::::::::
(1000-2500

:::
m)

:::::
sites660

::::
(Fig.

:::
6c),

:::
the

:::::::::
Snowclim

::ML :::::::::::
con�guration

:::
still

::::::::
performs

::::
best

::
at

::::::::::::
high-elevation

::::
sites

::
(>

:::::
2500

:::
m)

:::::
during

::::
peak

::::
SD and

:::
the

:::::::
ablation

::::::
period.

:::::::::::
Nonetheless,

::::
both

:::
the

::::::::::
WeatherML :::

and
:
SnowclimML con�gurations , respectively,with � s and 
 0;s

VV contributingthe

most.Similarly, therelativegain-basedFI revealsa non-negligiblerole for theS1features,with contributionsof around12%

for bothcon�gurationsandnestedCV frameworks
::::
seem

::
to

::::::::::::
underestimate

:::
SD

::::
near

::::::::::
March-May,

::::
with

:::
the

:::::::::
differences

:::::
being

::::
less

:::::::::
pronounced

:::
for

:::
the

::::::::::
1500-2500

::
m

:::::::
elevation

:::::
class.

:::
As

:::::
such,

:::
the

::::::
results

:::::::
indicate

:::
that

:::::::
directly

:::::
using

::::::::::::
meteorological

:::::::
forcings

::::
can665

::::::
achieve

::::::::::
comparable

::::::::
predictive

:::::::::::
performance

::::::
within

:::
the

::::::
applied

:::::::::
XGBoost

:::::
setup.

::::
This

::::::
would

::::::::
eliminate

:::
the

::::
need

::
to

:::
run

::
a

:::::
snow

::::::
model,

::::::
which

::::::
reduces

:::::
both

:::::::::::
computational

::::
cost

::::
and

:::::
model

::::::::::
complexity.

4.4 Spatial snow depth prediction

::
To

:::::::
address

:::
the

:::::::
�ndings

:::
of

:
López-Moreno et al. (2015) and Miller et al. (2022)

:
,

::::
who

:
emphasized that stationarysite SD

measurementsareinsuf�cient to representthespatialvariability within thesnowpack. To addressthislimitation,Fig.7 displays670

the SD predictionsfor the nine Dischmavalley snow surveys,madewith (a and e) the CombinationML (b and f) the
:::
and

:::::::::
point-based

:::
SD

:::::::::::::
measurements

::::::::::
inadequately

:::::::
capture

::::::
spatial

::::::::
snowpack

:::::::::
variability,

:::
we

::::::
trained

::::
the

:::::::::::::
CombinationML ,

:
WeatherML

and(c andg) theSnowclimML con�gurations, all trainedwith spatialSDdataincluded.Amongthese,
::::
with

::::::::
additional

::::::::
spatially

:::::::::
distributed

:::
SD

:::::::
training

:::::::
(survey)

::::
data,

::::
and

::::::::
compared

:::
its

::::::
impact

::::
over

:::
the

::::::::
Dischma

::::::
valley.

::::
Fig.

::::
7a-c

::::::
display

:::
the

::::::
results

:::
of the

CombinationML con�gurationexhibitsthehighestMAE for the16 March 2017 snow survey (Fig. 7a),alsowhentrainedsolely675

with stationarysite data(Fig. E3). However,by including spatialtraining data,
::
d),

::
in

::::::
which

:
mountain ridges appear more

distinctly in the predictions, and high SDpredictions
::::::::
estimates at steep locations and near ridges are more accurately corrected

. This effect is alsore�ected in
::::::::
compared

::
to

:
Fig. 7h,which showsthat including

:::::
E3a-e,

::::::
which

:::::
depict

::::::
results

:::::::
obtained

:::::::
without

spatial training dataleadsto agenerallylowerSHAPvalueFI for thetopographicinput features,with apronounceddropfor the

slope.Whentrainedwithoutspatialdata,XGBoostnamelyhadincorrectlyestablishedarelationshipbetweenincreasingslopes680

andpredictedSD – explainingthe previouslyhigh slopeFI – leadingto high SD .
::::::::
Negative

::::::::::
adjustments

:::
can

:::
be

::::::::
observed at

high-elevation areas with (relatively) steep slopes(Fig. E3a).Thismisrepresentationlikely stemmedfrom thetrainingdataset,

that containsfew high-elevationstationarymeasurementsitesin steep-slopeterrain– sitesthat moreoverdisplaydeepsnow

accumulationduringMarch(datanot shown).

SDpredictionsfurtherimprovefor boththe
:::
for

::
all

:::::::::::::
con�gurations,

::
but

::
is

::::
most

::::::::::
pronounced

:::
for

:::
the

:::::::::::::
CombinationML :::::::::::

con�guration685

:::::::::
(Appendix

:::
D).

:::
For

::::
the

:::::
latter,

:::
the

:::::::
negative

::::::::::
corrections

:::
are

::::::::
re�ected

::
in

::
a

:::::::
reduced

::::::
SHAP

:::::
value

::
FI

:::
of

:::
the

::::::::::
topographic

::::::
inputs
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::::
(Fig.

:::
7h,

::::::
survey

::::
data;

:::::::::
Appendix

:::
D).

::
In

:::::::
contrast,

:::
the

::::::
SHAP

:::::
value

::
FI

::
of

:::
the

::::::::::
topographic

::::::
inputs

::::::::
increases

::
in

:::
the WeatherML and

SnowclimML con�gurations, asshownnotonly in the16March2017snowsurvey,butalsoin the2D histograms(Fig. 7b, c, f

andg), andwhatwasalreadyclearfrom Fig. 6. IncludingspatialSD trainingdatamainly leadsto betterestimatesfor lower

observedSD , whereasthe differenceswith the samecon�gurations,trainedwithout spatialdata,arelessclearfor high (�690

2.5m) SD(Fig. E3f andg). AlthoughhighSDvaluesaregenerallybettercapturedby includingi
::::
and

::
j).

:::::
Here,

:::
the

::::::::::
topographic

::::::
features

::::::::::
contributed

:::
less

:::::
when

:::
the

::::::
models

::::
were

::::::
trained

:::::
solely

:::
on

::::::::::
point-based

:::::::::::
measurements

:::
but

:::::::
become

::::::::::
increasingly

:::::::::
in�uential

::::
once

:::::
spatial

:::::::
training

::::
data

:::
are

::::::::
included,

:::::::
enabling

::::::::
improved

::::::::::::
representation

::
of

::::::::::
topographic

:::::::
controls

::
on

:::
the

:::
SD

::::::::
estimates.

::::::::
Notably,

::
� s

:::::::
remains

::::::
among

:::
the

::::
more

:::::::::
in�uential

:::::::
features

::
for

:::::
these

::::::::::::
con�gurations,

:::::::::
indicating

:::
that

::::::
despite

:::
its

::::::
reduced

:::::::
relative

::::::::::
importance,

::
the

::::::::
inclusion

::
of

::::
this

::
S1

:::::::
variable

::::
(and

:::::::::
potentially

:::::
other

:::
S1

::::::::
variables)

::::::::
continues

::
to

:::::
affect

:::
the

::::
�nal

:::
SD

::::::::::
predictions.

:
695

::::::
Despite

:::
the

:::::::::::::
improvements,

:::
SD

:::::::
remains

::::::::::::
overestimated

:::
for

:::
the

::
16

::::::
March

:::::
2017

:::::
snow

::::::
survey

:::::
across

:::
all

:::::::::::::
con�gurations.

::::
This

::::::::::::
overestimation

::
is

::::
most

::::::::::
pronounced

::
for

:::
the

:::::::::::::
CombinationML:::::::::::

con�guration
::::
and

::::::
exceeds

:::
the

::::
bias

:::::::
reported

::
by

::::::::::::::::::
Dunmire et al. (2024)

:
.

::::::::
Although

::
it

::
is

:::
not

:::
the

::::::::
objective

::
of

::::
this

:::::
study

::
to

::::::::
perform

:
a
::::::
direct

::::::::::
comparison,

:::
the

::::::::::
persistence

::
of

:::
the

::::::::::::::
CombinationML ::::

bias

:::::::
indicates

::::::::
potential

:::::::::
limitations

::
in

:::
the

::::::
current

::::::
feature

::::::::
selection

::
or

:::::::
training

::::::
dataset.

:::::::::::
Nonetheless,

::::
both

:::
the

::::::::::
WeatherML :::

and
:
Snow-

climSDestimatesthanby usingmeteorologicalforcings(Fig. 7f andg), their inclusionalsoleadsto substantialoverestimation700

for
::ML ::::::::::::

con�gurations
:::::::::
outperform

:::
the

::::::
results

:::::::
reported

::
by

::::::::::::::::::
Dunmire et al. (2024)

:
.

:::
For

:::
the

:
9

::::::
March

::::
2016

::::
and

::
16

::::::
March

::::
2017

:::::
snow

::::::
surveys

::::
used

:::
by

:::::::::::::::::::
Dunmire et al. (2024)

::
for

::::::
model

:::::::::
validation,

:::
the

::::::::::
WeatherML :::

and
:::::::::
Snowclim

::ML ::::::::::::
con�gurations

:::::::
achieve

::::::
higher

:::::::::
correlation

::::::::::
coef�cients

:::::
(0.68

:::
and

:::::
0.64)

::::
and

:::::
lower

:::::
mean

::::::::
absolute

:::::
errors

::::
(31

:::
and

:::
36

::::
cm,

:::::::::::
respectively)

::::
than

:::::
those

::::::::
reported

::
by

:::::::::::::::::::
Dunmire et al. (2024)

::::
(0.56

:::
and

:::
41

::::
cm).

::::
For the 16 March 2017snowsurvey, particularlyat locations� 1500m. The

overestimationintroducedby
:::::
survey

::::::::::
speci�cally,

::::::::::::::::::
Dunmire et al. (2024)

:::::::
reported

:
a

:::::
mean

::
SD

:::::::::
difference

::::::::
(predicted

::::::
minus

::::::::
observed)705

::
of

::
16

::::
cm,

:::::::
whereas

:::
the

:::::::::
WeatherML :::

and
:::::::::
Snowclim

::ML ::::::::::::
con�gurations

::::::
exhibit

:::::::::
differences

::
of

:::
� 5

::::
and

::
14

::::
cm,

::::::::::
respectively.

::::::::
Thereby,

::
the

:::::
more

::::::::::
pronounced

:::::::::::::
overestimation

::
of

:
the SnowclimSD estimates– on average53 cm higher thanobservedvalueswithin

the 1-2 m range–
:::ML :::::::::::

con�guration
:::::
likely

::::::
results

::::
from

::::
the

:::::::::
systematic

::::::::::::
overestimation

::
in

:::
the

:::::::::
Snowclim

::
SD

::::::::
estimates

:::
for

::::
this

:::::
survey

:::::
(Fig.

:::::
D2d),

:::::
which

:
may also explainits

::
the

:
6 cm higheroverallMAE compared to the WeatherML con�guration (Fig. 7b

and c).Betweenapproximately1500and2500m, theWeatherML con�gurationshowsaslightly negativebiasof 4 cm,whereas710

SnowclimML maintainsa consistentpositivebiasof around17 cm . In the 2500to 3200m elevationrangea similar pattern

is noted,with the WeatherML con�gurationunderestimatingthe observedvaluesby approximately7 cm, while SnowclimML

overestimatesthem by around13 cm. At the highestelevations,both con�gurationsdisplay lessconsistentpatterns,with

instancesof bothunder-andoverestimation.

Nevertheless,evenwith spatialtrainingdataincluded,
::::::
Across

:::
the

::::
nine

:::::
snow

:::::::
surveys,

:::
the

::::::::
inclusion

::
of

::::::::
spatially

:::::::::
distributed715

:::
SD

::::::
training

::::
data

:::::::::
primarily

::::::::
improves

:::::::::
predictions

:::
for

:::::
lower

::::::::
observed

::::
SD

:::::
values

:::::
(Fig.

:
7
::::

and
:::::::
E3e–g),

:::::::
whereas

::::::::::
differences

:::
for

:::::
higher

:::
SD

:::::::::::
observations

::::::
(� 2.5

:::
m)

::::::
remain

::::
less

::::::::::
pronounced,

::::::
albeit

::::
best

:::::::
captured

:::
by

:::
the

:::::::::
Snowclim

::ML ::::::::::::
con�guration.

:::::::
Despite

:
a

::::::::
persistent

:::::::
positive

::::
bias

::::::
across

:::
all

::::::::::::
con�gurations,

:::
the

::::::::::
WeatherML :::::::::::

con�guration
:::::::
exhibits

::
a

::::
bias

::::::::
reduction

::
of

:::::::::::::
approximately

::
10

:::
cm

:::::::
relative

::
to

:
the WeatherML and

:::::::
Snowclim

:::ML :::::::::::
con�guration,

::::::::::
suggesting

::::
that

::::::::
explicitly

:::::::
running

:
Snowclim

::::
may

:::
not

:::
be

:::::::
required

::::
when

:::
the

:::::::
primary

::::::::
objective

::
is

::
to

:::::
obtain

:::::::
accurate

:::
SD

::::::::
estimates

::::::
across

:::
the

::::::::
European

::::
Alps.

:::::::
Indeed,

::::::::
XGBoost

:::::::::
effectively720

:::::
learns

:::
the

::::::::::
relationship

:::::::
between

:::
the

::::::::::::
meteorological

:::::::
forcing

::::
data

:::
and

::::::::
observed

:::
SD,

:::::::
without

::::::::
explicitly

:::::::::::
representing

:::
the

:::::::
physical
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::::::::
processes

::::::::
governing

:::::::::
snowpack

:::::::::
evolution.

:::
For

:::
the

:::::::::
SnowclimML con�gurationsstill overestimateobservedvalues,leadingto

overallbiasesof 7 cmand17cmacrosstheninesnowsurveys,respectively.Albeit it is harderto pinpointtheunderlyingcause

for the
:::::::::::
con�guration,

:::
the

:::::::::
remaining

:::::::::::::
overestimation

::::::
largely

::::::::
originates

:::::
from

:::::
biases

::
in

::::
the

::::::::
Snowclim

::
SD

::::::::
estimates

::::::::::
themselves

::::
(Fig.

::::
B1b

::::
and

:::
Fig.

::::::
D2d).

::
In

::::::::
contrast,

:::
the

:::::
origin

:::
of

:::
the

:::::::
positive

::::
bias

::
in

:::
the

:
WeatherML con�guration , the (strong)positive725

discrepanciesmaybedrivenby
:
is

::::
less

:::::::::::::
straightforward

:::
and

::::
may

::::::
re�ect

:::::
either an overestimation of

::::::::
cumulative

::::::::
snowfall

:
(Ps;c.

Alternatively,it is alsopossiblethatXGBoostisunableto (indirectly)accountfor increases
:
)

::
or

:::::::::
limitations

::
in

:::::::::
XGBoost's

::::::
ability

::
to

::::::::
implicitly

::::::::
represent

::::::::
variations

:
in snow bulk density, suchthatPs;c maybeaccurate, but SD is nonethelessoverestimated

:
.

::
In

:::
the

:::::
latter

::::
case,

:::::
even

:::::::
accurate

::::::::
snowfall

::::::
forcing

::::
may

::::
still

:::::
result

::
in

:::
SD

:::::::::::::
overestimation

:
due to an implicitunderestimation

of snowdensity
::::::::::::::::
underrepresentation

::
of

::::
snow

:::::::::::
densi�cation

:::::::::
processes.

::::::
Further

:::::::
research

::::::
should

:::::::
attempt

::
to

::::::
include

::::::
factors

:::
or

:::
use730

:::
ML

::::::
models

::::
that

::::::
govern

:::::::::
variations

::
in

:::::
snow

::::::
density,

:::::::::
especially

::
to

:::::::
enhance

:::
the

::::::::
potential

::
of

:::::::::
predicting

:::::::::
short-term

:::::::::
variations

::
in

:::
SD. Finally,largeelevationdifferenceswithin therelative

:::::::
elevation

::::::::::
mismatches

::::::
within

:::
the

::::::::
relatively coarse 500 mforcingdata

mightalsoleadto inaccuratetemperaturerepresentations,resultingin incorrectsnowfallestimatesor anunder-/overestimation

of the
::::::::::::
meteorological

::::::
forcing

::::
data

::::
may

::::::::
introduce

:::::::::::
temperature

::::::
biases,

:::::::
thereby

:::::::
affecting

::::::::
snowfall

::::::::
estimates

::::
and

:::
the

:::::::
inferred

number of melt days.735

Similarasfor theCombinationML con�guration,modeltrainingwith spatialSDdatadecreasestheelevationSHAPvalueFI

for boththeWeatherML andSnowclimML con�gurations(Fig.7i andj). However,here,thisreductionappearsto bedrivenby the

increasedtopographiccomplexityin the trainingdataset,which weakensthe relationshipbetweenelevationandSD. Indeed,

for bothcon�gurations,elevationcontributeslessconsistentlyacrossspace,while othertopographicfeaturesplayagreaterrole

in adjustingpredictionsfor slopes,mountainridgesand/orlocal depressions(not shown).In addition,� s still emergesamong740

themoreimportantfeatures,indicatingthatdespitethedecreasedimportanceof this S1variable,includingit (and/orotherS1

variables)canstill in�uence the�nal predictions.

Finally, Fig. 8 illustrateshow the estimatesareadjustedoutsidethe Dischmavalley, following the inclusionof
:::::
Figure

::
8

:::::
further

:::::::::
illustrates

:::
the

::::::
impact

::
of

:::
the

:
spatial training data

::::::
outside

:::
the

:::::::
Dischma

::::::
valley. The top row displays the SD estimates

across the Ötztal region (Austria) on 29 January 2018, while the bottom row showcases the results for the Lötschental region745

(Switzerland), on the same date. For both valleys,trainingXGBoostwith spatialSD dataleadsto improved
:::
the

:::::::
inclusion

:::
of

:::::
spatial

:::::::
training

::::
data

:::::::::
improved

:::
the spatial patterns, manifested by the appearance of mountain ridges and local depressions

(Fig. 8a andd
:
b

:::
and

:
f). These patterns also appear in the difference maps (Fig. 8b ande

:
c

::::
and

:
g), and seem to be related to

the TPI (Fig. 8c andf
:
d

:::
and

::
h). Speci�cally, it appearsthat thereis negativerelationshipbetweenincreasingTPI, a proxy for

themicrotopographypresentin thearea,andtheadjustedSD estimates.Thisindicatesthatafter incorporatingspatialtraining750

data,XGBoostassignshigherSD valuesto areaswith negativeTPI (i.e., locations
:::
Fig.

::
8d

::::
and

:
h

:::::::
indicate

::::
that

:::
SD

::::::::
estimates

::
at

::::
areas

:
situated below their surroundings) thanit wouldwhentrainedsolelyonstationarysitedata.On thecontrary,placeswith

high TPI values(i.e., mountainridges)havebeennegativelyadjustednow. While therelationshipwith theothertopographic

features(e.g.,aspect)is lessclear,Fig. 8c andf also
::::::::
(negative

::::
TPI)

:::
are

::::::::
positively

:::::::::
corrected,

:::::::
whereas

:::
the

:::::::
opposite

::
is

::::
true

::::
near

::::::::
mountain

::::::
ridges.

::::::
Figure

::
8d

::::
and

::
h

::::::::
moreover

:
indicate a dependency with the slope of the area. Steeperslopesappearto be755

correctedmorenegatively,while the oppositeis true for more�at locations
:
,
::::
with

::::::
steeper

:::::
areas

:::::::::
exhibiting

:::::
more

::::::::::
pronounced
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:::::::
negative

::::::::::
corrections,

:::::
while

:::::
�atter

:::::::
regions

:::::
show

:::
the

:::::::
opposite

::::::::
tendency.

::::
The

::::::::::
relationship

:::::
with

:::
the

::::
other

:::::::::::
topographic

:::::::
features

::::
(e.g.,

:::::::
aspect),

:::::::
however,

::
is

::::
less

::::
clear.

5 Conclusions

In this study,we appliedan
::
An

:
extreme gradient boosting model (XGBoost)that integrates

:::
was

:::::::
applied

::
to

::::::
assess

:::::::
whether760

::
the

::::::::::
integration

::
of

:
Sentinel-1 (S1) C-band synthetic aperture radar (SAR)backscatteror dual-polarizedSAR polarimetry

::::::::::
polarimetric (PolSAR) observations, orboth,alongwith regionallydownscaled

::
—

:::::
either

::
as

:
a
:::::::::::
replacement

:::
for,

::
or

::
in

::::::::::
combination

::::
with

::
S1

:::::::::
backscatter

::::::::
intensity

::::::::::
observations

:::
—

:::::::
improves

:::
SD

:::::::::
predictions

::::::
across

:::
the

::::::::
European

::::
Alps

::::::
relative

::
to

:
a
::::::::::::::::::::::
backscatter-intensity-based

:::::::::::
con�guration.

::
In

::::::::
addition,

:::
two

::::::::
extended

::::::::::::
con�gurations

:::::
were

::::::::
evaluated

::
in

:::::
which

:::
the

:::
S1

:::::::::::
observations

::::
were

::::::::::::
supplemented

::::
with

:::::
either meteorological forcing data, andsnowdepth(SD )

::
or

:::
SD

:
estimates from thephysically-basedmodel

:::::::::::
process-based765

Snowclim, to furtheradvanceSD predictionsacrosstheEuropeanAlps. We implementeda threefoldnestedcross-validation

(nestedCV) frameworkto analysemodelperformancewhenpredictingat eitherunseentime periods,unseenlocations, or

at unseenlocations
:::::
model,

::
to

::::::
assess

::::
both

:::
the

:::::::::
associated

::::::::::
performance

:::::
gains

::::
and

:::
the

::::::::
continued

::::::::::
contribution

::
of

:::
S1

:::::::::::
observations

::
to

:::
SD

:::::::::
prediction.

:::::::
Results

::::
were

::::::::
evaluated

::
at

::::::::
locations

::::::
and/or

:
during time periods not covered by the training data. We also

evaluatedXGBoost'sability to generatespatialpredictions,assessedthe impactof spatialtrainingdataon SD estimates,and770

used
:::::
using

:
a
::::::::
threefold

::::::
nested

::::::::::::::
cross-validation

::::::
(nested

::::
CV)

:::::::
scheme,

::::::
while feature importance analysisto betterunderstand

the relationshipbetweenthe input featuresandmodeloutput.
:::
was

::::::::
employed

::
to

::::::
assess

:::
the

::::::::::
contribution

::
of

::::
the

:::::::
different

:::::
input

:::::::
variables

::::::
during

::::
both

::::
dry

:::
and

::::
wet

:::::
snow

:::::::
periods.

::
In

::::::::
addition,

::::
nine

::::::::::::::
photogrammetry

:::::
snow

::::::
surveys

:::::
were

::::
used

:::
to

:::::::
validate

:::
the

:::::
spatial

:::::::::
prediction

:::::::
capacity

::
of

:::
the

:::::::::::::
con�gurations.

Our resultsshowthat incorporatingS1 C-bandPolSARobservations,either in additionto or in placeof backscatter,can775

slightly improveSD predictionscomparedto utilizing an ML model trainedwith only backscatterasS1 satellitevariables.

Althoughmodest— likely dueto thesimilar informationalcontentandnoisein bothtypes
::::::::
showcase

::::::
modest

::::::::::::
improvements

::
in

::::::::
estimated

:::
SD

::::
with

:::
the

::::::::
inclusion of S1variables— theimprovementsaremostevidentwhenpredictingatknownlocationsfor

unseen
::::::
C-band

:::::::
PolSAR

:::::::::::
observations,

::::
with

:::::::
evident

:::::::::::
improvements

::
at

:::::::
unseen

:::::::
locations

::::::
during

:::::::::
uncovered time periods,andless

pronouncedwhengeneralizingto
::::::
whereas

:::
no

:::::::::
signi�cant

::::::::::::
improvements

:::
are

::::::::
observed

::
at

:
unseen locations.Thereby

:::::::
However,780

feature importance analysis indicatesthatamongtheS1variables,thepolarimetricscatteringangle(� ) contributesthemost.

In addition, FI revealsthat XGBoost consistentlyrelies more
:
a

:::::::
stronger

:::::::
reliance

:
on � than on the cross-polarization ra-

tio (
 0
CR )underboth wet anddry snowconditionswhenboth PolSARandbackscatterobservationsare included.XGBoost

moreoveractivelyexploits,
::::::
during

::::
both

:::
dry

::::
and

:::
wet

:::::
snow

:::::::
periods,

:::::
while

:
the drop in co-polarized (VV) backscatter

:::::::
intensity

(
 0
vv )

:::::
seems

::
to

::
be

:::::::
actively

:::::
used during the ablation periodto re�ne its SD estimates.Theseresultsshowcasethe potentialof785

usingPolSARobservationswithin non-machinelearningapplications,e.g.,within aconceptualmodel.

Next, we revealedthat incorporating.
::::::::::::
Incorporating meteorological forcing data orSnowclimSD estimatessubstantially

improvethepredictions,becausebothhelptocaptureinterannualandsite-speci�cvariability.Besidesimprovingthepredictions

for low-snowandsnow-freeconditionsat low-elevationsites,particularlynearthe beginningandendof the snowseason,
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theseadditionalinput featurescanhelpmitigatetheunderestimationof high observed(� 2.5 m) SD values
::::::
further

::::::::
improved790

:::::::::
XGBoost's

:::::::::::
performance

:::::::::::
substantially,

:::::
while

::::
the

::::::
model

::::::::
continued

:::
to

:::::
make

:::
use

:::
of

::::::::::
information

:::::
from

:::
the

:::
S1

::::::::::::
observations,

:::::::::
particularly

::
� . Nonetheless,ourresultsrevealthathighSDvalues

:::
high

:::
SD

:::::::::::
observations remain systematically underestimated,

primarily due to their limited representation in the training dataset, andthattheS1C-bandobservationsmaystill in�uence the

predictions,re�ectedthroughtheirFI.

:
. Finally, our resultsunderscore

:::::
depict

:
the importance ofincorporatingspatial

:::::::
spatially

:::::::::
distributed

:::
SD

:
training data to795

moreaccuratelycapture topographic variabilityin SD estimates.This is primarily re�ected in ,
::::::::
re�ected

:::::::
through

:
a negative

relationship between topographic position index (TPI) and adjustments in SD estimates, relative to predictions fromthesame

model
::::::::
XGBoost trained without spatialdata.With theinclusionof spatialtrainingdata,andmeteorologicalforcingsor modeled

SD asadditionalinput features,XGBoostpredictionsachievea spatiotemporalPearsoncorrelationcoef�cient of 0.77anda

meanabsoluteerror of approximately40 cm when comparedto airbornephotogrammetrysnow surveysconductedin the800

DischmaValley, Switzerland
::::::
training

::::
data.

Despite these advances, SD values above3
:::::::::::
approximately

:::
2.5 m remain underestimated, emphasizing the need for more

extensive snow monitoring and additional spatial snow surveys
:::::
within

:::
the

:::::::::
European

::::
Alps. Furthermore, XGBoost operates at

the pixel level, limiting its ability to incorporate information from neighboring pixels. Finally, while improving SD estimates is

a step toward addressing snow mass knowledge gaps, future research should focusdirectly on
::
on

:::::
direct snow mass estimation805

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 and

by using the earthaccess Python package ("MOD10A1F" and "MYD10A1F" collections), respectively. The SAR Wet Snow product can be810

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.gloh2o.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/EO.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/

copernicus-global-land-service-land-cover-100m-collection-3-epoch-2018-globe.815

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)

– MeteoTrentino (Italy)820
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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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Figure 3.
:::::
Spatial

::
SD

:::::::
estimate

:::
and

::::::::::::
underestimation

::
of

:::
the

::::::::::::
CombinationML ::::::::::

con�guration.
:::

(a)
::::::::
Prediction

::
on

:::
18

::::::
January

::::
2018

:::::::::::
encompassing

:::
both

:::
an

::::::::
ascending

:::
and

:::::::::
descending

::
S1

::::::::::
observation,

::::::
derived

::
as

:::
the

:::::
mean

:::
SD

::::
from

:::
the

::::
�ve

:::::::
XGBoost

::::::
models

::::::
trained

:::::
within

:::
the

::::::
spatial

:::::
nested

:::
CV

:::::::::
framework.

::::::::::
Observations

:::
are

:::::::
indicated

::
by

::::
dots

:::
and

:::::::
squares,

::::
with

::::::
squares

:::::::::
representing

::::
sites

::::::::
exhibiting

::
a

:::
site

:::
bias

::
�

:::::
� 0.5

::
m

::
for

:::
this

:::::::::
framework

::::::::
(displayed

::
in

::::
(b)).

:::::::
Estimates

::::
over

::::::
Austria

::
are

::::::::::
highlighted,

::::
with

::
the

::::::
yellow

:::::
square

:::::::
marking

::
an

:::
area

:::
of

::::::::::::
underestimation

::::::::
attributable

::
to

:::::
errors

::
in

::
the

::::
SCF

::::::
product

::::
used.

:::
(b)

::::::::::
Measurement

::::::
stations

::::::::
exhibiting

:
a

::::
mean

:::
site

::::
bias

::
�

::::
� 0.5

::
m

:::::
within

::
the

::::::
spatial

:::::
nested

:::
CV

::::::::
framework

::::::::::::
(zero-measured

::
SD

::::::::
excluded).

::::
Sites

::::
with

:::::
fewer

:::
than

:::
10

:::::::::
observations

:::
are

:::::::
excluded.

::::::
Colors

::::::
indicate

::
the

:::::::::::
con�gurations

:::
for

:::::
which

:::
this

::::::::::::
underestimation

:::::
occurs.

::::::
Across

:::
the

:::::::
displayed

::::
sites,

::::
23%

::
of

:::
the

:::::::
observed

:::
SD

:::::::::::
measurements

::
�

::
2.5

:::
m,

:::::::
compared

::
to

::::
only

:::
2%

:::::
across

:::
the

:::
full

::::::
training

:::::
dataset.
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Figure 4. Upperrow (a): Relativegain-basedFI
::::::
Feature

::::::::
importance

:
for the PolSARML , BackscatterML , and CombinationML con�gurations

:
,

:::::::
indicating

:::
the

:::::
strong

:::::::
in�uence

::
of

::::
FSC,

:::::::
elevation

::::
and

::::
DOY

::
on

:::
the

:::::
model

:::::::
outcome

::
(a

:::
and

::
b),

:::
the

:::::::
elevated

::::
usage

::
of

:::
� s

:::
and

::::

 0;s

VV :::::
during

:::
SD

:::::::
prediction

:::
(b),

:::
and

:::
the

::::::::
preference

::
of

::
the

::::::::::::
CombinationML ::::::::::

con�guration
:::
for

::
� s

:::
over

::::

 0;s

CR ::
(a

:::
and

::
b).

:::::
Upper

:::
row

:::
(a):

::::::
Relative

:::::::::
gain-based

::
FI. Bars

represent the mean FI 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 FI 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.

30



Figure 5. Time series
:::::
SHAP

::::
value

:::::::
analysis for theCombinationML con�guration within the spatial nested CV framework

::::
during

:::::
snow

:::::::
presence,

:::::::
indicating

:::::::::
XGBoost's

::::::
stronger

::::::
reliance

:::
of,

:::
and

::::::::
preference forthreesiteswithin Switzerland,

:::
� s

:::::::
compared

::
to

::::

 0;s

CR ,
:::
and

:::
the

::::::
notable

::
use

:::
of

:::

 0;s

VV ::::::
during

:::
wet

:::::
snow

::::::
periods.The time seriesdisplay measured(gray

:
a) and predicted(light blue) SD

::::::
Relative

:::::
SHAP

::::
value

:::
FI

:
of

:::
the

:::::::
satellite

::::
input

::::::
features

:
for the 2017-2018

::::::::
PolSARML ,

:::::::::::
BackscatterML and2018-2019

:::::::::::
CombinationML::::::::::::

con�gurations.
:::
The

::::
dark

::::
gray

:::
lines

::::::::
represent

::
the

:::
FI

::::
after

::::::
masking

:::
out

::::::::
non-valid

:::
dry snowseasons

::::::::::
classi�cations.

::
(b)

::::::
Scatter

:::
plot

::
of

:::::
mean

::
� s

::::::
values

:::
and

:::::::::::
corresponding

SHAP values fortwo satellitevariables
::
the

::::::::
PolSARML:::::::::::

con�guration, representingtheir contributionin time, areplotted
::::
taken aswell,

::
the

::::
mean

:::
per

:::
site

:
and

::::
snow

:::::
season

:::::
during

:::
dry

::::
and

:::
wet

::::
snow

:::::::::
conditions

::::
(only

::::
valid

::::::::::::
classi�cations).

:::
The

::::
dots

:::
are

:
colored according totheir

input valuein XGBoost
::
the

:::::
mean

:::::::
predicted

:::
SD

:::::::
(SDpred ). Thestripesbelow

::
(c)

::::
Same

::
as

::::
(b),

::
but

:::
for

::::

 0;s

VV :::::
within thetime seriesindicatedry

::::::::::
BackscatterML:::::::::::

con�guration. (light gray
:
d) or wet

::::
Same

:
as

:
(darkblue

:
c) snowconditionsaccording

::
for

::::

 0;s

CR ,
::
but

:::::::
colorized

:
to CLMS SWSwet

snowproduct
::
the

:::
site

::::
FCF,

:::::::
indicating

::::
that

::
the

::::::::::
classi�cation

:::::::
primarily

:::::
targets

:::::::::::::
higher-elevation

:::::::::
non-forested

::::
areas.
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Figure 6.
::::::::::
Improvements

::::::
brought

::
by

::::::::
additional

::::
input

:::
of

:::::::::::
meteorological

::::::
forcing

:::
data

::
or

::::::::
Snowclim

:::
SD

:::::::
estimates

::::
when

::::::::
predicting

::
at

::::::
unseen

::::::
locations

::::
and

:::
time

::::::
periods.

:::
(a) 2D histograms of measured vs. predicted SD fordifferentML con�gurationsandnestedCV frameworks:(a)

::
the

:
CombinationML , (b) WeatherML , and(c) SnowclimML :::::::::::

con�gurations
::
for

:::
the

:::::
spatial

:::::
nested

:::
CV

::::::::
framework. Performance metrics, excluding

::
are

::::::::
computed

:::
with

::::::::
exclusion

::
of zero-measured SD

:
.

::
(b)

::::
same

::
as

:::
(a),areshownin

::
but

:::
for theleft-uppercorner

::::::::::::
spatio-temporal

::::::::
framework.

:::
(c)

::::
7-day

:::::
mean

:::
bias

::::::::
(including

:::::::::::
zero-measured

:::
SD)

::::
over

:::
the

:::::
course of

:
a
::::::
general

::::
snow

::::::
season,

:::
for

::::::
different

:::::::
elevation

::::::
classes.

:::
(d)

::::::
relative

:::::
SHAP

::::
value

::
FI

::
for

:
thesubplots

::::::
different

::::::::::
con�gurations

:::
for

:::
the

:::::
spatial

:::
(full

::::::
colored

::::
bars)

:::
and

:::
the

::::::::::::
spatio-temporal

:::::
nested

:::
CV

::::::::
framework

::::
(gray

::::
line).
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