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Abstract. The spatiotemporal evolution of snow melt is fundamental for water resources management and risk mitigation
in mountain catchments. Synthetic Aperture Radar (SAR) images acquired by satellite systems such as Sentinel-1 (S1) are
promising for monitoring wet snow due to their high sensitivity to liquid water content (LWC) and ability to provide spatially
distributed data at a high temporal resotutionsresolution. While recent studies have sueeessfully-tinked-linked multitemporal
S1 backscattering to various-phasesof-snowpack-meltingsnow melt phases, a correlation with detailed snowpack properties is
still missing. To address this, we collected the first dataset of detatled-comprehensive wet snow properties tailored for SAR

applications over two consecutive snow seasons at the Weissfluhjoch field site in-near Davos, Switzerland. First, eur-dataset

we tested previous methods which use multitemporal
S1 backscattering to characterize melting snowpacks-and-physteally-tinked-the-phases, and demonstrated that the observed
monotonous increase in backscattering following the local minimum te-the-evelution-is due to the development of surface

roughness. Then, the-dataset-was—used-we used the measured snow properties as input to the Snow Microwave Radiative
Transfer (SMRT) model to reproduce the-S1 backscattering stgralsignals. Our simulations showed a-general-negativebias

ompared to the sateHite data: with the mo epificant-drivers—beineWECthat rather than melting phases, time series of

backscattering rather identify regimes dominated by either LWC, early in the melt-seasonand-the-surface-roughnessseason, or
surface roughness, later on. The results also highlight several key challenges for reconciling S1 signals with radiative transfer

simulations of wet snow: (i) the discrepancy in spatiotemporal variability of LWC as seen by the satellite and validation
measurements, (ii) the lack of fully validated permittivity, microstructure and roughness models for wet snow in the C-band,
(iii) the difficulty of capturing wet snow features potentially generating stronger scattering effects on a large scale s— such as
internal snowpack structures, soil features in case of low LWC, and surface roughness s— which are not necessarily captured

by point-wise measurements.
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1 Introduction

Seasonal snowpack in mountain catchments is one of the most important water resources, as it accumulates and stores water

during winter and releases it consistently in the form of runoff during the melting period (Viviroli and Weingartner, 2004). In

s-alpine streams, discharge is largely dominated by snow melt from May to July and more than
one sixth of the world’s population relies on meltwater released from higher altitudes for drinking water, crop irrigation and
hydropower production (Beniston et al., 2018). However, this-melting snow can also cause wet- and glide-snow avalanches
(Bellaire et al., 2017; Fromm et al., 2018), which pose significant threats to human life and infrastructures. Additionally, rain-
on-snow events on spowpacks-with-high-liquid-watercontent-already wet snowpacks are linked to increased runoff and shorter
time lags between the-onset-of-the-eventprecipitation onset and the resulting runoff (Wiirzer et al., 2016). These events can
have catastrophic consequences and their occurrence is supposed to increase as-a-firstresponse-to-in response to a sustained
warming (Beniston and Stoffel, 2016). Therefore, information about the spatiotemporal evolution of snow melt is beneficial
for both the management of water resources and for risk mitigation.

Identifying wet snow is complex both when using manual measurements, automatic instruments and physieally—based

physics-based snow models. Datasets of manual measurements of snow water equivalent (SWE) and liquid water content

(LWC hereafter) at high temporal resolution are generally rare due to the required-amount-of-work-and-reseurces—to-colleet
themtime, effort and resources required for their collection. There have been considerable advances in the-development-of
technologies-thatexploit-technologies that use the dielectric properties of snow in the microwave range to estimate LWC in a

non-destructive way (Schmid et al., 2014; Koch et al., 2014). However, the application of these methods is limited to one single
point without the possibility to capture the spatial variability of the processes. Additionally, their installation and maintenance
is often complicated and expensive, and the extraction of the physical parameters is usually hindered by noise. Physically
based-physics-based layered snow models like the SNOWPACK-Alpine3D model chain (Bartelt and Lehning, 2002; Lehning
et al., 2006) or GEOtop (Endrizzi et al., 2014) are used to overcome these challenges, as they can simulate LWC and SWE at
high spatial and temporal resolutions enly-based on meteorological forcings. However, meteorological forcings also represent
a major source of uncertainty — especially when needed at high spatial resolution — affecting the accuracy of the results
(Raleigh et al., 2015);-together-with-the-uneertainty-, This adds up to the uncertainties related to the amount and type of used

parametrizations-parametrizations used (Giinther et al., 2019).
In this context, a valuable opportunity to identify wet snow is offered by synthetic aperture radar (SAR hereafter) systems.

SAR measurements are highly sensitive to the free liquid water contained in wet snow (Nagler and Rott, 2000). At certain fre-
quencies, the increase in liquid water generates high dielectric losses and increased absorption coefficients (Denoth et al., 1984;
Sihvola and Tiuri, 1986; Mitzler, 1987; Ulaby et al., 2014). Therefore, the radar backseattering-backscatter drops to lower in-

tensities with respect to winter averages {ota

Basing-onthisprinciple;multitemporal-SAR-data-(Ulaby et al., 1987; Strozzi et al., 1997; Strozzi and Matzler, 1998; Nagler and Rott, 200!

. This raised the question of whether different types of snow cover could be classified based on their response to active
microwave signals. This challenge has been addressed with various approaches over the years. Between 1993 and 1995
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wasarenewedeld measurementgheresearch interest in theseef-radarwaveste-tracksnewmeltingprecessegopic was

regardless of the weather, with a revisit time of 6 days. The SAR imagery is available free of charge. Marin et al. (2020) used
these images for the rst time to develop a correlation between the multitemporal Sb&&Recatteringindthesnowmelt
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on the snow surface during the ablation season (Post and LaChapelle, 2000; Mitchell and Tiedje, 2010), increasing the sur-

face roughness signi cantly (Fassnacht et al., 2009). These phenomena are known to impact the radar response to wet snov

is-threughHowever,high-resolutioranddetailedsnowmeasurementaloneareinsuf cient to addresghis

e.g. ground, ice, or water. SMRT responds to the need of a modular and exible approach to unify and compare the wide range
of pre-existing representations of microstructure, electromagnetic theories, soil models and permittivity formulations. While

wet snow holds signi cant importance for various applications, both SMRT and other similar nradels-marity-beenvere

etal., 2015; Rott et al., 2021; Soriot et al., 2022; Meloche et al., 2022; Husman et al., 2023). Both the vertical structure and the

surface of these types of snowpack are often less complex than that of a sedparablpine snowpack. To date, the above

mentioned ensemble of complex melting snowpack processes has been scarcely investigated by means of radiative transfe
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models due to the lack of ground reference data (Shi and Dozier, 1995; Strozzi et al., 1997; Kendra et al., 1998; Nagler and
Rott, 2000; Magagi and Bernier, 2003; Lodigiani et al., 2025). Mur tt et al. (2024) recently used SMRT to explore, for the rst
time, the temporal evolution of the interaction between wet snow and radar waves in a study on lake ice melt. However, the

to noise ratlo for Wet snow (Naderpour et aI., 2022) and to the fact that, due to the partial implementation of some of the key

processes, it is not possible to simulate accurate cross-polarized backscattering responses with the current version of SMRT. Ti
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dominant wind blows from north-west addition to katabatic wind. For this measurement campaign, we secured a protected

eld covering approximatelythe sametwo timesthe footprint area of S1, i.e. 20 x 20nmxtte-the of cially—delimited-eld.

sensors recording meteorological forcings at sub-hourly resolutions, and moreover, with rst snow observations dating back
to 1936, it holds one of the longest recorded time series of snow measurements for a high-altitude research station (Marty
and Meister, 2012). The site is ideal for intensive measurement campaigns, as it is easily accessible, protected from avalanch
danger and the two huts provide shelter, storage space for instruments, power and internet connection.

The objective of the measurement campaign was to build a dateseteuld-provideof ground-truth reference for the
interpretation of S1 ¥V to monitor snow melt processes. Therefore ghagpaigrmeasurementargeted the main scattering



