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principles governing the interaction between synthetic aperture radar (SAR) signals and snow and
summarizes the current state of the art in the retrieval of snow-related parameters from SAR observations.
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and describes the required SAR, auxiliary, and validation datasets that support the development,
calibration, and verification of algorithms for all snow parameters considered within the project. These
datasets form the basis for consistent algorithm testing and performance assessment across different
environmental and climatic conditions. Finally, the document defines the scientific baseline of the SUPSAR-
Snow project by systematically reviewing existing retrieval and monitoring approaches for physical snow
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1. INTRODUCTION

1.1. Purpose of document

This document constitutes the Science Requirements (SR), Deliverable 1 of the SUPSAR-Snow project, and
provides the high-level framework guiding all technical developments undertaken within the project.

The document outlines:

e the primary scientific questions to be addressed by the SUPSAR-Snow developments

e review of the physical background and state of the art of retrieval of snow parameters from SAR data

e consolidation of test areas together with the required SAR, auxiliary and validation datasets
supporting the development, calibration and verification of algorithms for all snow-related
parameters considered in the project.

e the scientific baseline for the project by reviewing the current state-of-the-art in the retrieval and
monitoring of physical snow parameters from SAR observations, for each parameter selected for
further development.

1.2. Structure

The report is organized into eight sections. Section 2 presents the primary objectives of the document.
Section 3 reviews the state of the art in methods for retrieving physical snow parameters from SAR data,
including the underlying physical principles, a review of existing algorithms, and an assessment of their
limitations. Section 4 identifies gaps and challenges in current retrieval approaches and consolidates the
proposed plan for algorithm development in line with the project proposal. Section 5 outlines related
activities and projects of relevance for technical and scientific coordination and information exchange.
Section 6 defines the test areas selected for algorithm development and demonstration, while Section 7
describes the available ground-based, airborne, and SAR datasets, together with reference data such as in
situ observations. Finally, Section 8 provides the references.

1.3. Acronyms and Abbreviations

Al Artificial Intelligence

ASCAT Advanced Scatterometer

CPD Co-polarized Phase Difference

CR Corner Reflectors

DEM Digital Elevation Model

DL Deep Learning

DLR Deutsches Zentrum fir Luft- und Raumfahrt (German Aerospace Center)
ESA European Space Agency

FMI-ARC Finnish Meteorological Institute Arctic Space Centre
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GEO Geostationary/Geosynchronous Earth Orbit
GPR Ground Penetrating Radar

I0P Intensive observation period

LEO Low Earth Orbit

MCh MultiChannel

NESZ Noise Equivalent Sigma Zero

PDF Probability Density Function

RC Range Compressed

ROSE-L Radar Observing System for Europe at L-band
RVoG Random Volume over Ground

SAR Synthetic Aperture Radar

SD Snow Depth

SLC Single-look Complex

SMP Snow Melt Phases (dry / wet / refrozen)
SoWw Statement of Work

SWE Snow Water Equivalent

TBD To be determined

uTC Universal Time Coordinated

WBSCAT

Wideband microwave Scatterometer




Doc No: SUPSAR-Snow-SR

SUPSAR-Snow
Issue: 1.0 Status: Issued

Release Date: 16/2/2026

Science requirements
Page 7 of 40

2. PRIMARY PROJECT OBJECTIVES

The SUPSAR-Snow project aims to strengthen readiness for the upcoming Sentinel SAR Expansion and Next
Generation SAR missions by advancing scientific capabilities and developing new methods for snow cover
monitoring that exploit the advanced imaging characteristics of these missions. The project targets key
physical snow parameters, including snow water equivalent (SWE), snow depth and snowmelt processes, and
seeks to fully leverage the opportunities offered by new radar frequencies and the increased availability of
SAR observations. Future missions like ROSE-L and Sentinel-1 FG/NG will facilitate the combination of C- and
L-band SAR data, which is a particular focus of the project. The project also emphasizes synergy with other
missions, wavelengths, and sensor types, for example in the context of the proposed Canadian TSMM
mission. In addition, possibilities of bistatic measurements will be explored for retrieval of snow parameters,
which are highly relevant for Sentinel companion missions such as the upcoming Earth Explorer Mission
Harmony. Furthermore, the project will investigate multi-sensor data fusion approaches, including the
integration of Sentinel-1 and ROSE-L observations, by exploiting the recent advances in the field of Artificial
Intelligence (Al) and, in particular of Deep Learning (DL)

The following key science and technical questions are addressed in the SUPSAR-Snow project:

e Retrieval and quantification of surface melt phases (wet / dry / refrozen) from SAR data for
monitoring changes for hydrology and climate research applications

e Retrieval of snow mass and snow depth from multi-frequency SAR for improved streamflow
predictions and seasonal runoff forecasts, leading to improvements in flood forecasting, water
management as a natural resource, hydropower and clean energy management, and advanced
numerical weather predictions.
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3. STATE OF THE ART FOR SAR RETRIEVAL OF PHYSICAL SNOW PARAMETERS

This section presents the state of the art in the retrieval of snow parameters from SAR data, based on a
comprehensive review of scientific and technical literature, including peer-reviewed publications, project
reports, and other publicly available sources. The review covers established and emerging approaches for
snow parameter retrieval from SAR data and provides a structured overview of their theoretical foundations,
performance, and limitations. Retrieval methods are classified according to whether they rely on SAR
backscatter information or on interferometric phase—based techniques, enabling a systematic comparison of
their capabilities, applicability, and sensitivity to different snow properties.

3.1. Snow Retrieval Methods based on Backscattering Intensity

Using backscatter data as input we review methods for two major physical parameters of the
snowpack, namely wet snow and snow melt phases and snow mass.

3.1.1.Wet Snow and Snow Melt Phases

3.1.1.1. Physical background

The transition from dry to wet snow is accompanied by a rapid rise in dielectric permittivity (Strozzi and
Matzler, 1998), which fundamentally changes how the snowpack interacts with microwave radiation. Even
small amounts of liquid water—on the order of 2% by volume—produce a strong dielectric contrast between
ice and water. This contrast drastically reduces the penetration depth of C-band microwaves, bringing it close
to the radar wavelength (Rott and Nagler, 1994). Whereas dry seasonal snow typically allows C-band signals
to penetrate to depths of roughly 20 m, wet snow containing about 5% liquid water by volume restricts
penetration to only a few centimetres (Matzler, 1987). Figure 3.1 shows the penetration length at X-, C- and
L-Band in dependence on the liquid water content. The increased permittivity and associated dielectric losses
suppress transmission at the air—snow interface and enhance absorption within the snowpack. As a result,
volume scattering is strongly diminished, and the dominant scattering shifts toward surface and near-surface
processes.
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Figure 3.1: Penetration length at X- Cand L- Band in dependence on liquid water content given in per cent
of Volume (Vw%).
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The electromagnetic changes manifest as a pronounced reduction in the backscattering coefficient (c°) for
wet snow compared to both dry snow and snow-free ground, providing a robust physical basis for detecting
snowmelt areas (e.g., Nagler and Rott, 2000; Matzler, 1987). As liquid water content increases, o° decreases
accordingly due to increased absorption and reduced penetration. Under wet-snow conditions, most of the
radar return at L-, C- and X-band originates from the uppermost centimetres of the snowpack, whereas for
dry snow, the deeper penetration means that a substantial portion of the signal originates from the snow—
ground interface.

Another issue that plays a role for snow retrievals is the angular dependence of backscatter. The backscatter
contrast between melting snow and snow-free surfaces changes with the local incidence angle of the radar
beam, which refers to the normal surface (Figure 3.2).
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Figure 3.2: Backscatter signatures measured by groundbased scatterometer at C- and X-band, co and cross
polarisation, in the test site Leutasch, Austria, for snow free, dry snow and wet snow conditions.

It is important to note that Sentinel-1, as well as most other operational SAR missions operating in the C- to
X-band range, do not routinely acquire fully polarimetric data. Moreover, fully polarimetric acquisition modes
are not planned for the upcoming Sentinel-1 Next Generation mission. This limits the operational use of
advanced polarimetric techniques for snow monitoring using SAR data.
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Figure 3.3: Backscatter signatures over wet snow from AIRSAR data, Otztal, Left: °; right HH-VV
correlation coefficient. (Floricioiu and Rott, 2001).

3.1.1.2. Algorithms for mapping wet snow

The ratio method for wet-snow mapping was first developed for detecting snowmelt in alpine regions using
repeat-pass ERS C-band SAR data (Nagler, 1996; Nagler and Rott, 2000). It was later applied to a wide range
of environments and sensors, including ERS observations in Scotland, Sweden, and Norway (Caves et al.,
1998; Malnes et al., 2002) and adapted for agricultural areas in Québec (Baghdadi et al., 1997). The approach
has also been extended to L-band (e.g., ALOS PALSAR; Solorza, 2011) and X-band sensors such as SIR-C/X-
SAR, TerraSAR-X, and COSMO-SkyMed for snow mapping in mountainous terrain (Nagler, 1996; Nagler et al.,
2008; Schellenberger et al., 2012).

Wet-snow detection uses a change-detection approach to distinguish snow containing liquid water from dry-
snow or snow-free surfaces, relying primarily on co-polarized SAR backscatter (Nagler, 1996; Nagler and Rott,
2000) from sensors such as ERS, RADARSAT-1, and ENVISAT. The procedure comprises three main steps. First,
a geocoded ratio image is generated from repeat-pass SAR acquisitions to detect backscatter changes linked
to snowmelt. This involves coregistration of the snow (slave) and reference (master) images, multilooking,
speckle filtering, ratio computation, and geocoding using a DEM. Layover and shadow masks, along with local
incidence angle maps, are also derived from orbital geometry and DEM information.

In the second processing step, a binary snow map is derived by applying a pixel-wise threshold to the
geocoded ratio image, while masking areas affected by layover, shadow, and low (<17°) or grazing (>78°)
local incidence angles. Signature analyses, field observations, and comparisons with optical data indicate that
a threshold of TR = —3 dB is suitable for co-polarized data (VV or HH) from ERS SAR, ENVISAT ASAR, and
Radarsat SAR over alpine terrain, Scotland, Sweden, and Norway (Nagler, 1996; Nagler et al., 2000; Caves et
al., 1998; Malnes et al., 2002).

The third step includes environment dependent post-processing rules, e.g. to exclude agricultural areas, open
water areas, etc. (Nagler 1996; Nagler and Rott, 2004; Nagler et al., 2016).

With the launch of Sentinel-1 in 2014, routine dual-polarization SAR acquisitions over Europe enabled the
development of a multi-temporal dual-pol wet-snow mapping algorithm (Nagler et al., 2016). This approach
extends the original ratio method (Nagler, 1996) by exploiting the distinct incidence-angle dependencies of
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co- and cross-polarized backscatter. The resulting polarization-specific ratios enhance the separability
between wet snow, dry snow, and snow-free surfaces, thereby improving the robustness and reliability of
wet-snow detection. Manickam and Barros et al., (2020) were adapting the method by Nagler et al., (2016)
by using land surface classes as weighting factors for merging co- and cross pol backscatter data.

The Sentinel-1 baseline wet-snow products exhibit a high level of consistency, demonstrating overall
agreement rates of 95% or greater when compared with high-resolution snow products derived from Landsat
data across multiple test sites in the Alps and Iceland during melt conditions. Karbou et al. (2022) used this
product for deriving the snow line for mountain ranges in the Alps during the melting period in the Alps and
reports a good agreement with Sentinel-2 products. The dual-pol Sentinel-1 algorithm by Nagler et al. (2016)
is the basis for the wet snow products generated from Sentinel-1 within the Copernicus High Resolution
Water Snow and Ice Service, funded by the European Environment Agency EEA (Copernicus Land Monitoring
Service web site https://land.copernicus.eu).

3.1.1.3. Methods for monitoring Snow Surface Melt / Refreeze

The physical basis for generating high resolution maps of snow melt extent, accounting for different melting
phases (dry snow, wet snow, refrozen snow surface on top of wet snow) from C-band backscatter
measurements was studied in the AlpSnow project for Alpine regions (AlpSnow D3.2/2 ATBD v2, 2023). The
snow melt phase product is an extension of the wet snow mapping procedure described in the previous
section and analyses the evolution of the backscatter time series.

The sensitivity to refreezing of wet snow increases with decreasing wavelength. At X-band the refrozen snow
grains and grain clusters are efficient scatterers. The Shuttle Radar Experiment data on Rofental Glaciers
show an increase of ¢°(X-VV) of 8 dB within 4 days due to refreezing of wet snow in the accumulation areas
in early autumn (Floricioiu and Rott, 2001). X-band (10.4 GHz) backscatter measurements of night-time
refreezing at Weissfluhjoch show c° increase of up to 5 dB within a single night (Reber et al., 1987). These
observations confirm the relevance of X-band data for the observation of melt-freeze cycles. At C-band the
impact of the refrozen crust is less strong. Backscatter simulations reveal an increase of up to 3to 4 dB for a
surface crust with 10 cm thickness depending on the grainsize and clusters of the refrozen crust (AlpSnow
D3.2/2 ATBD, 2023).
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Figure 3.4: Backscatter increase (X-band VV) due to refreezing crust on top of wet snow on Rofental
glaciers, SRL-2, 1 Oct. 1994 (DT18) to 5 Oct. 1994 (DT78) (Floricioiu and Rott, 2001).
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Within AlpSnow, dense Sentinel-1 time series were analysed to assess the mission’s capability to monitor the
melt-refreeze cycle of the seasonal snowpack during the main melt period. Based on the temporal evolution
of C-band backscatter in repeat-pass acquisitions, three characteristic phases were identified on a pixel-by-
pixel basis. With Sentinel-1A and 1B, 6-day repeat pass SAR data were available, following the loss of Sentinel-
1B in December 2021, the repeat interval increased to 12 days. This temporal sampling allows
characterization of early- and late-season melt dynamics in the Alps. However, detecting individual melt—
refreeze events requires same-day observations from ascending (afternoon) and descending (morning)
orbits. Over the Alps, such paired acquisitions are available only at multi-day intervals. Systematic monitoring
of melt-refreeze events therefore requires more frequent—ideally daily or sub-daily—SAR observations, as
they could be provided by EE12 Candidate Mission Hydroterra+. For testing the approach ground-based
observations with continuous observations every few hours are useful. Although such data sets are currently
not acquired by spaceborne SAR systems, ground-based systems will provide the high sub-daily observations
to develop and test methods for detecting surface crust formation.

3.1.1.4. Mapping of snow melt phases and surface refreezing depth for polar ice sheets and ice shelves

The melt and refreeze conditions of ice sheet surfaces are basic information for modelling the meltwater
volume, surface runoff and surface energy budget. Data on surface meltwater production and presence are
also crucial for estimating changes in the subglacial water pressure, a main parameter for glacier speed-up.
The melt dynamics play an important role for the stability of ice sheets and ice shelves, as the amplification
of surface melting as precursor to glacier speed-up in Greenland and the collapse of ice shelves on the
Antarctic Peninsula have shown. Based on Scatterometer and SAR data Nagler et al. (2024) proposed a
procedure to map surface melt phases for ice sheets and ice shelves by timeseries analysis of ASCAT and
Sentinel-1 data. Three surface melt phases are discriminated, (i) dry, (ii) wet surface layer, (iii) refrozen
surface layer on top of wet snow. Figure 3.5 shows the time series of Sentinel-1 A and 1B backscatter at the
Larsen Iceshelf, Antarctic Peninsula. Short-term melting of a thin surface layer is observed in November and
May, indicated by a decrease in backscatter, followed by complete refreezing of the melted layer by the next
observation. In January, surface-layer melting is more pronounced, as evidenced by a strong decrease in
backscatter, and refreezing occurs over a period of several weeks.
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Figure 3.5: Sentinel-1 C-Band HH backscatter timeseries, Larsen Shelf Ice, Antarctica. Melt of a thin surface
layer is observed in November 2020 and May 2021, in January 2021 full melt is observed, refreezing is
indicated by the increase of backscatter end of January.
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Due to the strong dielectric losses of liquid water, the penetration depth of C-band microwaves in wet snow
is limited, causing the backscatter signal to saturate once the surface melt layer reaches a moderate
thickness. On the other hand, wet snow below a refrozen surface layer can be detected down to larger depth
(Figure 3.6). The algorithm for identifying different melt stages exploits both the attenuation of the
backscatter signal within the wet snow layer and the vertical position and extent of this layer within the firn
column (Nagler et al., 2024). Figure 3.7 illustrates a C-band backscatter simulation for wet snow surfaces with
liquid water contents ranging from 1%"°' to 5%"°, as well as for a refrozen surface layer overlying wet snow.
Owing to the strong absorption by liquid water, the C-Band backscatter from wet snow saturates rapidly
(Figure 3.7). The backscatter simulations assume homogeneous layers with a density of 400 kg m=3 and
spatially uniform wetness. In a wet snow layer, the C-band signal saturates at a total liquid water content of
only a few millimetres and has a maximum sensing depth of several decimetres, limiting its suitability for
guantitative wetness retrievals Figure 3.7a). The temporal evolution of the signal during refreezing, however,
exhibits a substantially larger sensing depth (Figure 3.7b). The sensitivity of the C-band backscatter change
to the refreezing depth decreases as the refrozen layer thickens.

Melting Phase Refreezing Phase
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Figure 3.6: Main backscatter contributions from snow volumes with (a) wet surface layer and (b) refrozen
layer on top.

Nagler et al (2024) developed a method for monitoring surface melt and refreeze phases on ice sheets,
exploiting dense time series of C-Band backscatter data from spaceborne active microwave sensors. The
procedure was applied to ASCAT SIR products with 4.45 km pixel spacing to observe the evolution of the
surface melt and refreeze on the Greenland and Antarctic ice sheets but was tested only for a few Sentinel-
1 C data, which would provide much higher resolution suitable for complex terrain such as outlet glaciers on
the Antarctic Peninsula.

The depth of the refrozen surface layer is a new product, which provides detailed insights into the melt—
refreeze cycle on ice sheets, supporting studies and modelling of surface processes as well as the
quantification of surface melt. At C-Band the backscatter signal saturates already a about 1 m thickness of
the refrozen layer (Figure 3.7b). The integration of C- and L-Band will provide a more robust estimation of
the refrozen layer, but close acquisition of both frequencies is needed.
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Figure 3.7: (a) Simulation of C-band backscatter coefficient, VV polarization (6i = 30°), for a wet snow layer
of depth dw with volumetric water content Vw = 1, 2, 3, 5 % °, above a semi-infinite dry snow/firn layer.
(b) Simulation of C-band backscatter coefficient (6i = 30°) of a refreezing snow and firn layer of thickness
dr above an opaque layer of wet snow and firn with ¢° = -22 dB. For the refrozen layer two volume

scattering cases are assumed, corresponding in the semi-infinite case to 6°=-3 dB (A) and ¢° = -6 dB (m).

3.1.2.Snow Water Equivalent from backscatter data
High frequency radar observations have been proposed as a potential tool to retrieve Snow Water Equivalent.
This section describes the physical basis of the approach, summarizes recent field work and development in

forward models and retrieval algorithms.

3.1.2.1. Physical background

The method for detecting snow mass using radar assumes that an increasing amount of snow will induce
increased volume scattering from the snow medium, observed as an increase in backscattering intensity,
when observed at an optimal wavelength. In passive microwave remote sensing, the same principle is
exploited from the point of view of observing increasing extinction in the snow with increasing snow mass.

t
For the radar case, the total backscatter %4 ohserved from a snow-covered surface by a monostatic radar

can be considered to consist of several components so that

t _ .S v g _
Opq = Opq + Opgq + 0pq €Xp (—27sec6;)

where azfq is scattering from the snow surface, a;,’q is scattering from the snow volume, and az;qq is scattering
from the ground surface, attenuated by a two-way extinction term (Tsang et al., 2022). Figure 3.8 shows a

sketch of the scattering components.
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Figure 3.8: Scattering components from snow-covered surfaces.

For dry snow, scattering from the snow surface (g;,,) can typically be considered minimal. The interaction of
electromagnetic waves with the snow volume depends on the snow properties, the frequency and
polarization of the waves. To derive volumetric properties such as snow mass, the chosen frequency should
penetrate the snowpack while still interacting with the snow medium sufficiently to provide a backscattering
signal (g,,) from the snow volume. A critical factor here is the size of snow particles (‘snow grains’) compared
to the wavelength; longer wavelengths (low frequencies, C-band and below) where the wavelength is in the
order of several centimeters or more, will largely penetrate a dry snowpack and the main backscattering
contribution will originate from the background (o q) attenuated by the snow. For wet snow and for higher

frequencies, the surface scattering term (g;,,) becomes the dominant source of scattering.

Higher frequencies such as X (8-10 GHz) and Ku-band (12-18 GHz) have a wavelength proportional to the
snow microstructure and should, from the theoretical point of view, experience increasing volume scatter
with increasing frequency and increasingly coarse microstructure (Zhu et al.,, 2018). For e.g. Ka-band,
scattering should already be strong, and the penetration of the radar signal limited to a few centimetres for
coarse-grained snow. Table 3.1 summarizes generalized behaviour of different wavelengths.
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Table 3.1:

Generalized radar backscattering response to dry seasonal snow cover from C- to Ka-bands.

Frequency Typical 2-way penetration depth Comments / Sensitivity
Fine-grained snow Coarse snow (depth
hoar, melt/freeze)
Ka (35 GHz) <05m few cm Mainly sensitive to micro-structure of top snow layer.
Ku (17 GHz) <2m <ca.20cm Low sensitivity to fresh, fine grained snow.

Possible saturation for deep coarse-grained snow layers.

Ku (13.5 GHz) <3m <ca.50cm Low sensitivity to fine-grained snow.
X (10 GHz) <10m <ca.1m Very low sensitivity to snow with fine to medium sized grains.
Sensitivity for deeper snowpacks and coarse-grained snow.
C(5GHz) <20m <ca.5m Backscatter signal from ground surface below dry snow
dominates.

Ratio of co- and cross-polarized backscatter has been
proposed for retrieval of deep snow (> 1.5 m)

Already early theoretical simulations identified a response to SWE at Ku-band (Ulaby and Stiles, 1980). These
findings were initially supported by airborne Ku-band measurements from the NASA Cold Land Processes
Experiment (CLPX; Yueh et al., 2009). Exploiting these findings, several mission proposals have been
submitted to space Agencies for retrieving snow properties with high-resolution SAR. Notably, the Cold
Regions High Resolution Hydrological Observatory (CoReH20) was proposed as a mission candidate for the
ESA Earth Explorer 7 (Rott et al., 2010). CoReH20 proposed a combination of an X- and Ku-band SAR to derive
Snow Water Equivalent and snow accumulation on glaciers at high spatial resolution, every 3 or 15 days
depending on the mission Phase. The frequency combination was thought to be optimal for sensing both
fine-grained boreal & taiga snowpacks and deep snowpacks in Alpine areas.

The Canadian Space Agency (CSA) is currently considering a concept study, the Terrestrial Snow Mass Mission
(TSMM), proposing a dual Ku-band scatterometer to derive SWE (Derksen et al., 2021). Evolved from the
CoreH20 mission proposal, the mission would be the first spaceborne Ku-band SAR mission of its kind. The
concept also plans to use C-band SAR, Radarsat Constellation Mission over Canada and Sentinel-1 over
Europe, to decouple the backscattered signal of the snow from the underlaying ground and improve the
accuracy of SWE retrievals (Montpetit et al., 2024).

3.1.2.2. Forward models and retrieval algorithms for SWE

Tsang et al. (2022) provide a review of retrieval algorithm development since CoReH20, highlighting
advancements in both forward modelling and retrieval approaches. In forward model developments, Proksch
et al. (2015) presented an active microwave version of the Microwave Emission Model for Layered
Snowpacks (MEMLS). SnowScat observations from the NoSREx campaign were applied for validating model
simulations at X- and Ku bands. Chang et al. (2015) applied the same observations for comparisons of
backscattering estimates using two derivations of the dense media radiative transfer (DMRT), the
bicontinuous model and quasi-crystalline approximations (QCAs). Both approaches showed reasonable
agreement with SnowScat observations collected during the second campaign season. Furthermore, Tan et
al. (2015) demonstrated the necessity of multiple scattering enhancement in DMRT, using both active and
passive observations from NoSREx for model evaluation.
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The review paper by Tsang et al. (2022) highlights four different approaches (Lemmetyinen et al., 2018; King
et al., 2019; Thompson and Kelly, 2021; Zhu et al., 2018) of which the one by Zhu et al. (2018) is presented in
more detail; the authors propose a radar-only SWE retrieval method that uses a physically based bi-
continuous Dense Media Radiative Transfer (DMRT) model, but simplifies its inversion so it can be applied
operationally with X/Ku-band radar. The method first subtracts the ground-surface backscatter (estimated
from snow-free data or DMRT simulations) to isolate the snow volume-scattering signal. Using DMRT, the
authors build extensive lookup tables and then apply regression algorithms to compress the snow scattering
physics into two effective parameters—albedo (w) and optical thickness (t). The algorithm then performs a
two-channel inversion (typically X- and Ku-band co-pol ¢°) to solve for w and T, after first classifying the
snowpack into low- or high-albedo regimes to reduce ambiguity. Finally, SWE is retrieved using a simple
empirical relation linking SWE to (1 - w)t, calibrated from DMRT simulations and validation datasets. The
result is a compact, physically guided SWE retrieval that avoids the full complexity of DMRT forward
modelling during inversion.

Recently, Pan et al. (2024) adapted the MEMLS3&a(Proksch et al.,
MCMC framework, using minimal, uninformed prior constraints on snow microstructure, to jointly retrieve

2015) forward model within a Bayesian

snowpack parameters (including SWE, layering, density) and surface properties from three-frequency (X +
dual Ku) radar backscatter. The method was applied to the NoSREx dataset. The results (Figure 3.9) suggest
that the method can potentially improve SWE and snow-depth retrieval accuracy over simple prior-based
estimates.
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Figure 3.9: Estimated snow depth (SD, a, c) and SWE (b, d) using a Bayesian Markov Chain Monte Carlo
method versus observations at Sodankyla during the NoSREx experiment. Scatterplots are shown in (a)
and (b), and the time series are shown in (c) and (d). Pan et al., 2024.
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3.2. Snow Retrieval Methods using Interferometric Phase data

The interferometric SAR (InSAR) phase provides sensitive information on changes of snow parameters. We
separate repeat-pass INSAR (RP-INSAR) and single-pass InSAR (SP-InSAR) methods.

3.2.1.ASWE Retrieval using Repeat-Pass InSAR

Changes in SWE (ASWE) can be calculated using repeat-pass differential Interferometric SAR (Guneriussen et
al. 2001; Rott et al., 2003, Nagler et al., 2022), for dry snow conditions. Since dry snow has a higher real
permittivity than air, its presence induces an increase in the optical path of the microwaves. Furthermore,
absorption for dry snow (imaginary part of the permittivity) is low for frequencies below 18 GHz. Therefore,
the difference in the snow conditions (e.g., its presence or accumulation) between two SAR acquisitions
separated in time will induce differences in the phase that can be linked to ASWE. Figure 3.10 illustrates the
method. The method has been demonstrated using tower-based radar (Leinss et al., 2015; Jorge-Ruiz et al.,
2022), airborne (Hoppinen et al., 2024, Nagler et al., 2022, Nagler et al., 2024a), and spaceborne datasets
(Oveisgharan et al., 2024, Jorge-Ruiz et al., 2024, Nagler et al., 2022, Nagler et al. 2024b).

Air

Snow
é(p)

Ground

Figure 3.10: Illustration of the method for ASWE using repeat-pass InSAR. The difference in the travel
distance between the snow scenario (red line) and the snow-free scenario (blue line), can be linked to
changes in ASWE.

Tower-based experiments have demonstrated the retrieval for frequencies between 1 and 18 GHz, leveraging
short temporal baselines between 4 and 12 hours, to reduce temporal decorrelation (Leinss et al., 2015;
Jorge-Ruiz et al.,, 2022). These studies also analysed the meteorological effects leading to temporal
decorrelation in snow, suggesting that air temperatures above 0°C are what environmental effects lead
temporal decorrelation in snow, suggesting that the presence of liquid water in the snowpack has a significant
impact on SAR signal. Airborne investigations have validated the method across multiple frequency bands (L-
and C-band), diverse topographic settings, and varying snow regimes (Hoppinen et al., 2024; Nagler et al.,
2022; Palomadki et al., 2023; Bonnell et al., 2024). These studies investigated how topography, vegetation,
and snow cover impact the retrieval performance, often using extensive ancillary datasets, such as Ground
Penetrating Radar (GPR), LiDAR, and snow course measurements, to support the analysis. Finally, studies
using satellite imagery have demonstrated the technique over extended areas. In Jorge-Ruiz et al., (2024), L-
band ALOS2 imagery with 14 days temporal baseline was used against snow simulations from SnowModel,
and the effect of the vegetation in the retrieval analysed. Results indicate that retrievals over vegetation are
affected by air temperatures, since vegetation's transmissivity increases for freezing temperatures. The first
season-long retrieval of ASWE was presented in Oveisgharan et al., (2024), where in-situ snow stations were
used to calibrate the interferometric phase. Figure 3.11 presents the cumulative or total SWE over two areas
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was compared to LiDAR measurements, showing moderate agreement between them. An improvement to
the calibration method was proposed in Zhou et al. (2025), exploiting connected networks of interferograms.
A comparison between frequency bands, and possible combinations of them was proposed in Belinska et al.,
2023, highlighting some of the limitations of the technique with respect to lost phase cycles.

LIDAR Snow Depth (cm), 03/15/21 Sentinel-1 SWE (cm) on 03/19/21
- 1350 - =

correlation = 0.47

o 100 200 300
LIDAR Snow Depth [cm)

(c)

Figure 3.11: Comparison of LiDAR snow depth and cumulative SWE derived from Sentinel-1 InSAR time
series over Banner Summit, Idaho, during mid-March 2021, presented in Oveisgharan et al., (2024). (a)
LIDAR snow depth in cm, (b) Sentinel-1 SWE in cm, and (c) 2D histogram between data from (a) and (b).

3.2.1.1. Challenges of RP-INSAR ASWE retrieval

Temporal decorrelation of the InSAR signal is the primary limitation of the method and is driven by changes
in snow properties such as structure, liquid water content, and surface roughness. The underlying model
assumes sufficient radar penetration into the snowpack, with the effective phase center located at the snow—
ground interface, allowing interferometric phase variations to be related to changes in snow depth or snow
water equivalent. Accordingly, the method has mainly been applied using radar systems operating between
1 and 10 GHz, where penetration into dry snow can be expected. However, retrieval accuracy is strongly
reduced by temporal decorrelation and loss of phase coherence, which are particularly pronounced during
strong snowfall events and snow redistribution by wind drift. These effects increase with higher frequencies
and rapidly evolving snow conditions. To mitigate these limitations, lower-frequency radar bands such as L-
band, and in some cases C-band, are generally preferred due to their improved temporal coherence and
greater penetration depth, despite trade-offs in sensitivity that must be considered depending on the
application (Luzi et al., 2009; Nagler et al., 2022, 2024; Jorge-Ruiz et al., 2022; Belinska et al., 2023; Benedikter
et al., 2024).

Snowmelt represents another major source of decorrelation, as the presence of liquid water rapidly destroys
signal coherence (Rott et al., 2003, Jorge-Ruiz et al., 2022). Consequently, areas affected by snowmelt should
be masked using wet-snow detection approaches, for example based on changes in radar backscatter.

Another challenge of the method is the high sensitivity of the interferometric phase to snow accumulation,
which can cause the phase change to exceed the unambiguous range of 27. This effect is more pronounced
at higher frequencies due to their shorter wavelengths. For example, at C-band, assuming an incidence angle
of 22.5° and a snow density of 0.2 kg m?3, a full phase cycle corresponds to approximately 31 mm of snow
accumulation, which can occur within typical SAR revisit intervals of 6 to 14 days. In contrast, under the same
conditions, the unambiguous retrieval range at L-band increases to approximately 120 mm, substantially
reducing the likelihood of phase wrapping errors (Figure 3.12).
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Figure 3.12: ASWE for a phase cycle of 2P for L- (24 cm wavelength), S- (13 cm) C- (5.6 cm) band in
dependence on the local incidence angle. (b) Interferometric phase shift A at L-band calculated for ASWE
=20 cm, at for different snow densities between 0.1 and 0.5 g cm™.

Selection of references for INSAR derived ASWE, can be complicated, as scenes may lack snow-free pixels,
targets with stable phase behaviour (e.g. buildings of Corner Reflectors, CR), or in-situ measurements. In the
present literature, all these methods have been used, but it’s application over remote areas may be limited
(Oveisgharan et al., 2024; Belinska et al., 2023; Jorge-Ruiz et al., 2022, Palomaki et al., 2023). Selecting a
suitable reference point for the retrieval can be difficult, since some remote areas lack a known ground point
(e.g., a snow station). Some images may lack a snow-free area that could be use as reference, as the whole
image may be covered by snow.

Another limitation is the presence of vegetation, which in many areas of the world (such as Lapland)
dominates the landscape. Vegetation also affects the retrievals, with increasing effect for higher frequency
bands, by inducing an additional phase component and increasing decorrelation (both volume and temporal).
Studies have shown that L-band can effectively penetrate through the vegetation structure and effectively
retrieve ASWE, even with the model presented in Guneriussen et al. 2001, thus assuming that the error
induced from the vegetation is small. Jorge-Ruiz et al., 2024 proposed that this can only be applied when the
air temperature is sufficiently low, as the vegetation complex permittivity decreases in freezing conditions
(Lemmetyinen et al., 2022). Although the technique has been applied over forested areas with no additional
modifications to the basic method (Jorge-Ruiz et al., 2024, Bonnell et al., 2024), the results for the retrieval
depend on environmental conditions, with increasing error for close to 0OC temperatures. Additional
modelling of the wave interaction with the vegetation can compensate the additional phase component. A
modification based on the well-known Random Volume over Ground (RVoG) model has been proposed, but
it has not been widely validated (Lei et al., 2023).

The utilization of multiple frequency bands has been proposed in order to reduce uncertainties derived from
low coherence and lost phase cycles. Leinss et al., 2015 proposed joint utilization of Ku-low and Ku-low to
recover lost phase cycles, but its parametrization does not depend on interferometric observables. Belinska
et al., 2023 investigated the utilization of non-coincidental INSAR images to recover lost phase cycles, but the
method assumes a constant increase of SWE over time, which does not reflect common accumulation
patterns. MultiChannel (MCh) techniques emerge as a solution not only to recover lost phase cycles but also
mitigate noise in the estimation (Baselice et al., 2015). By exploiting the Probability Density Functions (PDFs)
of coincidental and statistically independent InSAR acquisitions, some uncertainties inherent in InSAR
estimation can be mitigated. Using L-S, L—C, and C—X band combinations from a tower-based radar system,
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Jorge-Ruiz et al. (in preparation) achieved R? > 0.8 for ASWE over temporal baselines of up to 80 days, when
validated against an in-situ snow scale.

Compensating for the Atmospheric Phase Screening (APS) is also required. In particular, L-band is heavily
affected by the ionosphere. While some methods to compensate for it have been proposed (such as the split
spectrum method, Liang et al., 2017), these depend on unwrapping the phase from the sub band
interferograms. This is prone to fail in low coherence scenarios, such as are common in snow covered terrain.
Alternatives relying from external sources (not dependent on the InSAR image quality), such as GACOS (Xiao
et al., 2021), present an interesting alternative.

3.2.2. Snow Depth Retrieval using Single-Pass InSAR

This section reviews methods for retrieving changes in snow depth by differencing digital elevation models
(DEMs) acquired before and after snowfall events. The approach relies on the accurate generation of surface
DEMs (also called Digital Surface Models (DSM)), typically derived from SAR interferometry or other remote
sensing techniques, and assumes that elevation changes between acquisitions are primarily driven by snow
accumulation or ablation. Key aspects discussed include DEM accuracy requirements, sources of uncertainty
such as surface roughness and vegetation, and the temporal and spatial constraints that affect the reliability
of snow depth change estimates.

In situ snow depth can be measured through manual probing or automated ultrasonic sensors, but such point
measurements are highly sensitive to local effects related to elevation, topography, vegetation, and wind
redistribution. As a result, they are typically not representative of spatially extensive snow conditions.
Remote sensing approaches operating in the optical and microwave domains address this limitation by
enabling snow depth estimation across larger regions. Among these methods, single-pass INSAR enables a
robust framework for snow depth retrieval by exploiting the interferometric phase generated from two SAR
images acquired simultaneously by spatially separated antennas. This configuration avoids the presence of
temporal decorrelation and atmospheric phase screen variability that can affect repeat-pass interferometry
-- which is particularly important given the rapid change of snowpack properties through accumulation,
metamorphism and melt -- and enables meter-scale spatial resolution and sub-meter to centimeter-scale
vertical accuracy Digital Elevation Models (DEMs).

In this context, a widely used implementation of single-pass INSAR for snow depth estimation relies on DEM
differencing, where the measured InSAR DEM elevation h,;54r snow is compared with a snow-free reference
elevation, hgpow—free, derived from LiDAR, photogrammetry, or earlier SAR acquisitions:

AZS = hInSAR,snow - hsnow-free.

This formulation has been applied extensively in recent years for snow depth retrieval using a variety of
single-pass INSAR systems. For example, Moller et al., 2017 demonstrated the effectiveness of the airborne
Ka-band GLISTIN system in the Tuolumne River Basin, where wet-snow depth maps showed a standard
deviation below 1 m, with the largest discrepancies occurring on steep slopes. Similarly, Leinss et al., 2018
applied single-pass DEM differencing to TanDEM-X acquisitions in northern Finland, confirming that the
approach is operationally attractive for wet-snow conditions, although its accuracy remains dependent on
precise co-registration, low noise-equivalent sigma0 (NESZ), and high-quality reference DEMs. In particular,
the bistatic TanDEM-X system (Krieger et al., 2007), launched in 2010 and operational to this day, has been



Doc No: SUPSAR-Snow-SR
SUPSAR-Snhow

Issue: 1.0 Status: Issued

Release Date: 16/2/2026

Science requirements
Page 22 of 40

widely employed to estimate relative snow depth and glacier height changes using DEM differencing.
Numerous glaciological studies have exploited TanDEM-X DEM pairs for glacier mass-balance and elevation-
change assessments (e.g., Braun et al., 2019; Sommer et al., 2020; Rankl et al., 2016). An intrinsic limitation
of such approaches is the penetration of the radar wave into the snow. While Ka-band systems such as
GLISTIN typically show limited penetration depths of approximately 0.3—1 m in dry firn on the Greenland Ice
Sheet (Hensley et al., 2016), the X-band TanDEM-X system can experience penetration biases of several
meters under dry-firn conditions (Becker Campos et al., 2025a). The penetration depth of the radar signal
depends on different factors, such as the sensor frequency, the acquisition geometry, and the snowpack
characteristics (e.g., snow grain size, density, and liquid water content) (Rignot et al.,1993). In the presence
of penetration, the interferometric phase center of the backscattered radar signal is positioned below the
actual surface, resulting in a bias relative to the surface which can be particularly significant over dry snow,
where the absence of liquid water and the homogeneity of the medium exacerbates penetration effects to
potentially several meters, depending on the radar wavelength.

Benedikter et al., 2023 showed that the relationship between the true surface height hgrace and the apparent
phase center height measured with conventionally processed InSAR hinsar can be approximated as

hsurface, snow — hInSAR + Ah — Ahz

where Ah is the physical penetration bias (assumed positive) and Ah, (assumed negative for biases oriented
downward) is the propagation bias, which may be quantified by evaluating the change in the interferometric
vertical wavenumber when propagating into the firn volume, as the vertical wavenumber is stretched when
penetrating in the dielectric denser medium. Figure 3.13 illustrates this relationship. Therefore, a bias
correction step to be applied to the InSAR DEM, either through physical-based radiative transfer models
(Weber Hoen and Zebker, 2000) or through data-driven approaches such as deep learning (Becker Campos
et al.,, 2025a), is required to accurately estimate snow depth from InSAR measurements affected by
penetration.

When working with InSAR-derived DEMs, it is important to account for residual offsets and tilts resulting
from uncertainties in the estimation of the normal baseline. These effects must be properly corrected before
performing DEM differencing to ensure reliable retrieval of elevation and snow depth changes (Krieger et al.,
2007). For example, regarding TanDEM-X, an error in the baseline estimation in the order of 1 mm leads to a
height error in the resulting DEM in the order of 1 m. Therefore, the order of magnitude of residual offsets
and tilts is comparable to the quantity to be estimated, i.e. the snow depth, making their compensation of
paramount importance for archiving reliable results. This residual mutual calibration of DEMs is in general
performed by utilizing reference tie-points, whose location and height is known a priori, or estimated through
other reference sensors, such as GPS or LiDAR data. The manual procedure is time-consuming and can be
jeopardized by the absence of available external reference points. To overcome this limitation, a method for
performing an automatic selection of reliable natural tie-points from repeat-pass InSAR time-series, by
exploiting persistent scatterers (PS) candidates, has been developed in the frame of the AlpSnow project and
was presented in (Gonzalez et al., 2024), demonstrated by utilizing exemplary Sentinel-1 and TanDEM-X data.
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Figure 3.13: Schematic representation for deriving the surface height error as in Benedikter et al., 2023

for the bistatic TanDEM-X system. Higher penetration depths are expected as we move from the ablation
and wet snow to the dry snow zone.

Recent preliminary results over a limited area of the Aletsch Gletscher, Switzerland demonstrate that
compensating TanDEM-X DEMs for penetration-induced biases can substantially improve snow depth

retrievals, yielding an average 66% reduction in relative snow depth estimation error (Becker Campos et al.,
2026).
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4. GAPS AND SCIENTIFIC CHALLENGES OF CURRENT RETRIEVAL ALGORITHMS

4.1. Snow Melt Phases

Ground-based and airborne SAR observations demonstrate that radar backscatter in the frequency range
between 5 and 20 GHz is highly sensitive to changes in snow surface conditions, including transitions between
dry snow, wet snow, and refrozen surface crusts. These changes strongly affect the dielectric properties and
surface roughness of the snowpack, resulting in pronounced variations in SAR backscatter.

A major limitation in detecting and characterizing snowmelt phases is their strong temporal variability, which
is driven by rapidly changing meteorological conditions and solar illumination. Consequently, dense time
series of SAR acquisitions are required to adequately capture melt-refreeze dynamics. In alpine regions, snow
surface conditions can evolve on sub-daily timescales due to diurnal melt—freeze cycles. Current satellite SAR
systems are not able to fully resolve these rapid changes. For example, Sentinel-1 provides repeat-pass
observations every six days using its two-satellite constellation, or approximately every 12 hours when
considering ascending and descending orbits, but only on specific days. This temporal sampling is insufficient
to continuously track sub-daily snowmelt dynamics.

To observe these rapid processes, new SAR system concepts with much higher temporal resolution, such as
geostationary SAR (such as Earth Explorer 12 Candidate Hydroterra+), are required. In addition, the strong
spatial variability of local incidence angles in mountainous terrain poses a further challenge, as it can
significantly influence backscatter signatures and complicate the detection and monitoring of snowmelt
phases.

In contrast, snowmelt and refreezing processes in polar regions are generally less dynamic on short
timescales. There, daily to weekly SAR observations are often sufficient to monitor the onset of melt and the
subsequent evolution of refreezing within the snowpack. Therefore, the development and validation of
methods for detecting snowmelt phases and tracking the temporal evolution of refrozen crust thickness will
initially focus on polar regions, such as the Antarctic Peninsula. These regions benefit from continuous
coverage by existing C-band and L-band SAR satellite systems, providing an ideal testbed for methodological
development before transferring the approaches to more dynamic alpine environments.

The developments and methods will be supported by numerical backscatter modelling and by applying an
testing the methods on ground-based data sets with sub-daily data acquisitions.

4.2. Repeat-pass INSAR SWE retrieval:

Temporal decorrelation is a major source of error in repeat-pass INSAR SWE retrievals due to the fast-
changing nature of snow. Even for relatively short temporal baselines of 6 days, coherence can decrease
significantly for C- and L-band. The low coherence causes the image to contain high degree of noise, and
heavy filtering is often required. Additionally, snow accumulation presents high spatial variability, often
observing variations of 100 % within a few meters. These two effects complicate the accuracy of the retrieval
as the heavy filtering required from the low coherence images, masks the spatial variability inherent in snow
accumulation. Furthermore, high presence of noise can make successful phase unwrapping difficult.
Techniques to reduce noise in the interferometric phase, while preserving the spatial structure of the snow
are required for high spatial resolution retrievals. Coherence is commonly calculated using a boxcar-type
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estimator, which assumes that the pixels within it are spatially stationary and represents the maximum-

likelihood estimator of the INSAR coherence. Considering the high spatial variability of snow, this condition

may not be fulfilled, with an increasing effect if large estimation windows are used to reduce noise and bias.

Alternatives for it consist of e.g., adaptative networks (Vasile et al., 2006), or patch-wise non-local filters

(Deledalle et al., 2010), which aim at providing a higher-resolution, denoised estimation of the

interferometric phase and coherence. Additionally, MCh techniques and Maximum a Posteriori can provide

alternatives to traditional InSAR workflows, where phase denoising and unwrapping are treated as different

processes (Baselice et al., 2015).

Some of the current gaps in the retrieval of snow using ASWE using repeat-pass InSAR are:

Temporal decorrelation is a strong limiting factor for high resolution retrieval, since it requires
mitigation of noise through heavy filtering, often hindering spatial resolution. Snow accumulation
often presents high spatial variability, which is lost in this process. Techniques preserving spatial
feature could improve the accuracy of the retrievals.

Phase unwrapping can be challenging in InNSAR images with low coherence, even more if they present
high spatial variability. For this reason, faulty unwrapping, leading to lost phase cycles, is relatively
common in this application of InSAR (Belsinka et al., 2023; Benedikter et al., 2024).

Changes in subnivean soil moisture induce an additional phase component which needs to be
compensated (De Zan et al., 2013). During winter snow acts as an insulator and soil moisture remains
relatively stable. However, during early season, when snow depth is small, liquid water resulting from
melting of the upper layers can percolate to the soil, thus inducing an additional phase component.

4.3. Single-pass InSAR snow depth retrieval

Several methodological and scientific challenges remain for the accurate estimation of snow depth using

single-pass InSAR:

DEM-differencing approaches require effective compensation for radar penetration-derived biases.
Recent studies have demonstrated the potential of data-driven bias correction strategies for
TanDEM-X under varying InSAR acquisition geometries and snow conditions over the Greenland Ice
Sheet (Becker Campos et al.,, 2026); however, these approaches require further validation and
extension to more complex environments such as alpine glaciers and ice caps, as well as to other
acquisition parameters (e.g. frequency, acquisition geometry).

Long-term elevation changes assessments that combine DEMs from different missions, for example
SRTM and TanDEM-X for multi-decadal glacier height change analyses (Rankl et al., 2016), encounter
systematic discrepancies in elevation differences arising from distinct InSAR acquisition geometries,
processing pipelines, and overall DEM quality.

Progress in InSAR-based snow depth retrieval will depend on extending current methodologies
beyond the X-band, particularly toward C- and L-band systems that will support forthcoming missions
such as Harmony, ROSE-L, NISAR, and Sentinel-1-NG.

The C- and X-band data acquired during the SRTM mission provide a valuable opportunity to transfer
and adapt data-driven frameworks for X-band penetration-bias correction to C-band using fine-
tuning or domain-adaptation strategies based on deep learning.
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4.4. SWE from backscatter

Many of the challenges in relation to retrieving SWE from radar backscatter are common with passive
microwave observations. These include:

e The spatial and temporal variability of snow microstructure affecting scattering intensity has been
identified as one of the main impediments for accurate SWE retrievals from backscatter. Changes
in microstructure may cause an equivalent or even larger change of the backscattering signal than
increases in snow mass. Already for CoReH20, assessments concluded that snow microstructure
must be known a priori with a precision of +/- 15% in order to meet mission requirements
(ESA2012). This can potentially be addressed by assigning retrieval priors based on physical snow
process models predicting snow states, although this can lead to additional complications
(Merkouriadi et al., 2020).

e Description of snow microstructure in physical scattering models. Two microstructure parameters
are needed to fully characterize the microwave scattering of snow. The recently proposed
microwave grain size (Picard et al., 2022) may offer a solution in this regard. However, this
parameter is challenging to fully obtain from field observations, and is not directly simulated by
physical snow process models.

e Dense forest cover remains and impediment to retrieving any surface properties using SAR. The
response of vegetation transmissivity to freezing (Lemmetyinen et al., 2022) may enhance these
possibilities but remains to be quantified and accurately represented in forward models of canopy
scattering. Methods already derived for CoReH20, which characterize forest scattering behaviour
at local scales based on model fitting (Montomoli et al., 2015; Cohen et al., 2015) may offer a
solution but remain to be tested over larger areas and different vegetation conditions/tree species.

e The snow background (i.e. ground) contribution to backscatter needs to be isolated from the snow
volume contribution for retrieval of snow parameters. While the CoReH20 concept relied on a snow—
free reference SAR acquisition to account for this component, it has been acknowledged that the
ground scattering contribution during winter may differ from one measured prior to snowfall.
Ground scattering will be affected by e.g. compaction of surface vegetation and changes in the soil
permittivity due to freezing, and melt-refreeze crust formation at the snow-ground interface. The
use of low frequency C- and L-band imagery to define the ground surface scattering properties has
been proposed as a solution. However, the accuracy of present surface scattering models for
transferring scattering properties across wavelengths needs to be validated for realistic winter
conditions over diverse landscapes.
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5. COORDINATION WITH OTHER RELEVANT PROJECTS AND ACTIVITIES

Table 5.1 summarizes key projects and activities from recent years, as well as those currently in progress.
This activity will enable the exchange of information, facilitate access to reference and in situ data as well as
ground-based, airborne, and satellite-based SAR datasets, and support the potential dissemination of
advanced products generated within the SUPSAR-Snow project.

Table 5.1: Summary of other relevant projects and activities

Project Description Time period Web page Contact person
NASA SnowEx Multiyear series of 2017, 2020, https://snow.nasa.gov/campaigns/snowex Carrie Vuyovich
coordinated airborne 2021, 2023
remote sensing and
field campaigns
SNOWWI Deployment of three- 2023, 2024 https://science.nasa.gov/science-research/science- Paul Siqueira,
frequency airborne enabling-technology/technology-highlights/new-nasa- Hans-Peter
radar with instrument-for-studying-snowpack-completes-airborne- Marshall
interferometric testing/
capabilities
M*OCCA International doctorate 2022 -- 2030 https://www.idp-mocca.forschung.fau.de/ Matthias Braun
program conducting
various in-situ
measurement
campaigns across
glaciers in the
European Alps
SUPSAR-IV SUPSAR project on 2025-2027 Thomas Nagler
improving retrieval of
ice velocity of ice
sheets and glaciers.
HYDROSWE Multiyear timeseries of 2022-2025 NA Juha
ground-based radar Lemmetyinen
measurements of
seasonal snow, with
focus on C-band signal
at high temporal
resolution
AlpSnow Generation or snow 2024-2026 The INARCH sites provide dedicated in situ data on Thomas Nagler
INARCH products for more than snowpack characteristics. Within the AlpSnow project,
40 InARCH sites snow extent and albedo products derived from Sentinel-2
around the world and Sentinel-3 are generated, together with wet snow
products based on Sentinel-1 observations. New products
developed within SUPSAR-Snow may also be of interest.
SnowCCl Generation of global 2026-2027 At present, snow water equivalent (SWE) products are Thomas Nagler
SWE products primarily derived from passive microwave (PMW) data,

which are not well suited for mountainous regions. SAR-
based SWE products have the potential to fill this gap.




SUPSAR-Snow

Doc No: SUPSAR-Snow-SR

Issue: 1.0

Status: Issued

Science requirements

Release Date: 16/2/2026

Page 28 of 40

6. TEST SITES FOR ALGORITHM DEVELOPMENT

Table 6.1 describes test areas selected for the project, including the main airborne and satellite datasets
available. The main driver in test area selection was the availability of data.

Table 6.1: Test areas for SUPSAR-Snow demonstration.

Test site

Characteristics

Main satellite and airborne
datasets

Ancillary data

Parameters to be tested

Sodankyla,
Finland

Taiga/boreal
forest

Sentinel-1, ALOS-2/4

Snow observation network
(automated sensors for SWE
and SD from several ecotypes)

Manual snow observation
program (weekly snow
observations from main

ecotypes)

Monthly snow course
observations (snow depth and
SWE distriubution

Tower-based radar
observations from 9-17 GHz
(forest clearing); 1-18 GHz
(boreal forest stand) and 1-40
GHz (wetland)

SWE from repeat-pass InSAR

SWE from multi-frequency
microwave backscatter

Snow melt processes from
radar backscatter

Austrian Alps

Alpine

Sentinel-1, RCM, ALOS-2/4,
TanDEM-X,, CosmoSkymed,
SAOCOM, NISAR*

Dense network of automatic in
situ meteo stations with snow
height observations; manual
snow pits;

SWE from repeat-pass InSAR

Snow melt processes from
radar backscatter

Snow depth from DEM
differencing

Antarctic ice
sheet and shelves

Polar ice sheets /
shelves

Sentinel-1, RCM, ASCAT,
SAOCOM, ALOS-2/4,
NISAR*, TerraSAR-X,

TanDEM-X, BIOMASS*

Snow melt processes from
radar backscatter

Trail Valley
Creek, Northwest
Territories,
Canada

Tundra

Sentinel-1, RCM, ALOS-2/4,
TanDEM-X, CryoSAR (L- and
Ku-band)

Multi-year measurements of
snow microstructure (layering,
SSA), manual snow pits, bulk

snow properties (SWE, SD).

SWE from repeat-pass InNSAR

SWE from multi-frequency
microwave backscatter

Powassan,
Ontario, Canada

Mid-latitude,
agricultural

Sentinel-1, RCM, ALOS-2/4,
TanDEM-X, CryoSAR (L- and
Ku-band)

Winter 2022-2023 field
campaign with measurements
of bulk snow properties (SWE,

SD), snow microstructure
(layering, SSA), manual snow
pits, soil status (freeze/thaw)
and met observations.

SWE from repeat-pass INSAR

SWE from multi-frequency
microwave backscatter

Fortress, Alberta,
Canada

Mid-latitude,
mountain

Sentinel-1, RCM, ALOS-2/4,
TanDEM-X, CryoSAR (L- and
Ku-band)

Winter 2024-2026 field
campaign with measurements
of bulk snow properties (SWE,

SD), snow microstructure
(layering, SSA), manual snow
pits, soil status (freeze/thaw)
and met observations.

SWE from repeat-pass InNSAR

SWE from multi-frequency
microwave backscatter
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7. DATA SETS

7.1. Ground-based SAR experiments

While not being selected, CoReH20 provided the impetus for extensive field and modelling studies including
acquisition of new radar datasets over seasonal snow and ice. The Nordic Snow Radar Experiment
(Lemmetyinen et al., 2016) provided a four-season dataset (2009-2013) of near-continuous X-Ku band radar
observations of boreal snow using the ground-based radar SnowScat (Werner et al., 2010). The
measurements were used extensively to study forward models and retrieval concepts using radar
backscatter.

Figure 7.1 summarizes the measured backscatter vs. in situ measured SWE during the first two seasons of
NoSREx, comparing these for forward model simulations using MEMLS3Aa (Proksch et al., 2015). The
measured average correlation length, a measure of the snow microstructure, was highly similar for these two
seasons. Simulations results are shown with a +/- 20 % uncertainty in the correlation length. Subsequent
seasons exhibited differing snow microstructural conditions and a differing sensitivity (see Lemmetyinen et
al., 2016). Overall, the results demonstrate the differing response to SWE and snow microstructure of the
two Ku band frequencies.

—13.3 GHz W —13.3 GHz VH
—16.7 GHz VV —16.7 GHz VH

J‘exp =0.26 mm +/- 20%

2% 100 200 30 100 200
SWE (mm) SWE (mm)

Figure 7.1: The relationship between SnowScat backscatter at 13.3 and 16.7 GHz and SWE for two seasons
of the Nordic Snow Radar Experiment (NoSREx). Co-polarized VV (Left panel), cross-polarized VH (right
panel). Blank symbols: 2009-2010; filled symbols: 2010-2011. Comparison to MEMLS3&a simulations
(Proksch et al., 2015b) using measured correlation length +/- 20 %.

FMI has deployed the SodSAR ground-based SAR since 2018 for quasi-continuous measurements of radar
backscatter over a boreal forest stand (Jorge Ruiz et al., 2020). The instrument is a stepped-frequency radar
at four polarizations. The original instrument operated between 1-10 GHz; the radar was upgraded in 2022
to cover frequencies between 1-18 GHz. SodSAR includes a 3-axis positioner and a 5-m horizontal
displacement rail, enabling SAR imaging. The instrument is mounted at a height of ca. 19 m overlooking a
sparse forest consisting of mainly Scots pines; the imaged area also contains a non-vegetated area. The
instrument acquires a SAR image of the test area typically every 6 hours. Ancillary data collection includes
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sensors for measuring snow depth, SWE, soil temperature, soil moisture, and vegetation permittivity. Manual
snow measurements (snowpits) have been conducted weekly at the site during winter periods. Data from
the instrument has been applied to study the effect of environmental factors on decorrelation between SAR
image pairs (Ruiz et al.,, 2022) and to examine the effect of temperature and snow on the canopy on
attenuation of the radar signal in forests (Lemmetyinen et al., 2022).

The ESA HydroSWE (HydroSWE — Scatterometer Campaign and Data Analysis Study for Snow Water
Equivalent Retrieval and GEO- and LEO-SAR Development) deployed the ESA WBSCAT instrument (Werner et
al.,, 2019) in Sodankyla, Finland for three winter seasons. The instrument was deployed on a platform
overlooking a wetland. Ancillary data collection includes snow depth, SWE, soil temperature and soil
moisture from automated sensors. Manual snow measurements (stratigraphy, density, grain size etc.) were
conducted weekly. The HydroSWE campaign was designed to analyse the potential to retrieve SWE at
intervals of 1-12 days and identifying the limitations of SWE retrieval at these bands, which is relevant for
missions like ROSE-L, Sentinel-1 and Hydroterra+. The analysis also covers investigations of coherence decay
versus environmental factors such as snow accumulation rate, wind speed and temperature, and the
investigation of synergies between L and C-bands for gap filling missed phase cycles. The project also includes
an analysis of the measured multi-frequency time series of backscatter amplitude signatures at various bands
(L, C, X, Ku-low, Ku-high, Ka) and polarizations (co- and cross-pol) over full winter periods. This aims to study
the response of backscatter to changing physical snow parameters such as snow height, SWE, melt, liquid
water content, and changing ground conditions. Finally, the study investigates the capabilities for retrieving
freezing depth using combined C- and L-band data, which is relevant for Sentinel-1, Sentinel-1 Next
Generation, and ROSE-L missions. Overall, the HydroSWE goals and dataset will contribute to the SUPSAR-
Snow project.

7.2. Airborne experiments

7.2.1.SnowSAR Campaign Finland, Austria, Canada

The ESA SnowSAR is a dual-frequency (X-band and Ku-band), dual-polarized (VV, VH) airborne SAR, developed
as a demonstrator instrument for the CoReH20 mission (Coccia et al., 2017). During Phase A studies of
CoReH20, the instrument was used to conduct multiple airborne campaigns in Finland, Canada, and Austria
(Lemmetyinen et al., 2022), aiming to collect X-band and Ku-band signatures in diverse snow regimes and
snow conditions including the boreal forest, Alpine glaciers, and tundra. Airborne acquisitions were
supported by ground data collection along the instrument footprint. The measurements highlighted the
sensitivity of the radar response to different types of snow. A low sensitivity to SWE was observed in
particular over tundra sites, where predicted sensitivity by single-layer backscattering models was not
reproduced in the observations (Figure 7.2). The SnowSAR data have been further exploited in the
development of forward models and retrieval algorithms for snow water equivalent (SWE) (Zhu et al., 2018;
Santi et al., 2022). The data have enabled to study the impact of forest vegetation on the X- and Ku-band SAR
signal (Cohen et al., 2015; Montomoli et al., 2016).
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Figure 7.2: Relationship between SnowSAR o,,° and SWE at the SS and UT sites (black dots and boxplots).
Grey shaded area shows the MEMLS 1-layer simulated range of variability based on snow pit
measurements. The solid and dashed lines are for lex of 0.383 and 0.247 mm, representing the first
standard deviation of measurements (King et al., 2018).

7.2.2.ESA SARSIM HT-NH - Airborne Campaign Worgetal / Kiihtai by ENVEO / DLR

F-SAR (Flugzeug Synthetic Aperture Radar) is an airborne SAR system developed and operated by the
Microwaves and Radar Institute of the German Aerospace Center (DLR). F-SAR is typically operated on a
twin-engine turboprop Dornier DO 228-212. The instrument supports five fully polarimetric frequencies at X-
, C-, S-, L-, and P-bands; four bands can be operated simultaneously. F-SAR has been deployed for a campaign
focusing on snow mass retrieval using INSAR over Worgetal, Austria, in 2021. Dual polarization C- and L-band
data were collected, together with supporting snow surveys on the ground performed by ENVEO.

7.2.3.Cryosphere-Observing SAR (CryoSAR) Campaign

The Cryosphere-Observing SAR (CryoSAR) system is a Ku- (13.5 GHz) and L-band (1.3 GHz) polarimetric SAR
system designed to conduct observations of snow and ice on land and over water bodies, and soil moisture
status (Kelly et al., 2024). Deployable from a small aircraft, CryoSAR has been used for several flight surveys
over terrestrial, lake and sea ice sites between 2022-2025 (Figure 7.3). These data are available in the
SUPSAR-Snow project through the University of Waterloo.

o —

Figure 7.3: Example of airborne L-band CryoSAR data (VV, HH and VH polarization) from Powassan field
site, Ontario, Canada on 3 March 2023. The superimposed data points are locations where magnaprobe
snow depths were acquired during the campaign.
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7.3. Summary of available datasets

Table 7.1 summarizes the datasets to be used in the SUPSAR-Snow project, including ground-based, airborne

and satellite SAR datasets.

Table 7.1: Datasets available for SUPSAR-Snow.

Dataset Type Availability Characteristics In situ data
GROUND BASED DATA
SodSAR Ground- Full dataset available Continuous (6-12 hour repeat) ground-based Automated sensors (snow
based SAR from FMI SAR measurements at L-X band, 2018-present depth, SWE, AWS, soil
from boreal forest stand in Sodankyla, Finland. properties, vegetation
properties)
Weekly Snow pits (stratigraphy,
density, grain size, temperature,
moisture profiles)
WBSCAT Ground- Full dataset available Continuous (3-6 hour repeat) radar Automated sensors (snow
based radar | via FMI. Instrument on observations at 1-40 GHz, winters of 2022- depth, SWE, AWS, soil
loan from ESA 2023, 2023-2024 and 2024-2025. Wetland site properties, vegetation
in Sodankyla, Finland. Co-incident snow properties)
measurements. Weekly Snow pits (stratigraphy,
density, grain size, temperature,
moisture profiles)
Monthly snow course
observations (snow depth and
SWE distriubution
AIRBORNE DATA
F-SAR Airborne Available (ESA Snow Mass Campaign, Wérgetal/Kithai, Co-incident snow campaigns,
SAR Campaign), provided Austria, 2021. C- and L-Band data, Dual available through ENVEO.
by DLR polarization
UAVSAR Airborne Freely available. Greenland and Alaska Campaigns, L-, P- Co-incident snow campaigns,
SAR Distributed by NASA- and Ka-Band (2008 — present) available through NSIDC
JPL/NSIDC Repeat-pass flights from NASA SnowEx SnowEx database.
test sites in Western US, 2020 and 2021.
CryoSAR Airborne Available through the | Airborne L- and Ku-band quad-polarimetric Ground correlative
SAR University of SAR data from flight and field surveys over measurements acquired
Waterloo terrestrial, lake and sea ice sites 2022- (build and microstructure).
2025.
- Powassan, Ontario (terrestrial,
agricultural): Dec 22, Mar. 2023; Nov. 23 —
Jan. 24)
- Inuvik/ TVC, NWT (tundra) Apr. 24
(planned Mar. 25)
- Cambridge Bay, Nunavut (tundra): Apr.
24 (and planned for Apr. 25).
- Fortress Mountain, AB (alpine): Jan-Feb
25.
SATELLITE DATA
TanDEM-X | Spaceborne The DLR Bistatic INSAR data at X-Band, StripMap
SAR investigators have mode 12 m resolution, HH polarization,
Bistatic full access to the global coverage (2010-present)
global archive and
commanding
possibilities
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Sentinel-1 Spaceborne Public, free C-band Dual pol HH/VV and HV/VH, TOPS
SAR IWS, EW mode
ICESat-2 Spaceborne Freely available. Six laser beams, global coverage, ground
LiDAR Distributed through tracks (2018-present)
the National Snow &
Ice Data Center
(NSIDC)
NISAR Spaceborne | To be confirmed at a L-band SAR data. On-demand global
SAR later stage of the coverage (future acquisitions)
project. Launch
foreseen in 2025.
Data will be made
freely available by
NASA
TerraSAR-X | Spaceborne Available through Powassan, Ontario, Canada. StripMap campaign data on co-incident
SAR DLR mode, VV/HH acquisitions over two swaths snow observations
every 12 days, from October 2022- June
2023
RCM Spaceborne Available through Powassan, Ontario, Canada campaign data on co-incident
SAR ECCC tasking. Data Fully polarimetric data acquired every 8 snow observations
is available to all days from October 2022- June 2023
vetted users of RCM i .
data (including Otztal, Austria
international users). Compact polarimetric (5m resolution) and
fully polarimetric data. Many repeat passes
have a four-day interval. Acquisitions
started in October 2020 and is ongoing.
Trail Valley Creek, NWT, Canada
Compact polarimetric (5m resolution) and
fully polarimetric data since January 2021.
ALOS-2/4 | Spaceborne Available through Time series from Sodankyla, Finland, Sodankyla: Network of
SAR ESA-JAXA HH/HV since 2019. 14-28 day repeat track automated sensors (snow
collaboration (two orbits). depth, SWE, AWS, soil
agreement. Trail Valley Creek, NWT, Canada properties, vegetation
Fine Mode, HH/HV since July 2021 properties)
High sensitive mode full polarimetry since Weekly Snow pits
August 2021. (stratigraphy, density, grain
size, temperature, moisture
profiles)
Monthly snow course
observations (snow depth and
SWE distribution
Canada: campaign data on
co-incident snow
observations

7.3.1.Auxiliary data

Dataset Type Availability Characteristics

Copernicus Digital Global coverage; static product with Global elevation data available at multiple spatial
DEM Elevation periodic updates Freely available resolutions (e.g. 30 m and 90 m);
Model

Copernicus Discrete global | Global coverage; annual or near-real-time Consistent worldwide classification scheme; spatial
Global Land land cover products, freely available resolution of ~100-300 m;
Cover (GLC) classification

Copernicus Thematic land European coverage; multi-annual updates High spatial resolution (10-20 m); derived mainly from

High cover layers (varies by layer) Sentinel-1 and Sentinel-2 data; provides detailed

Resolution Global information on specific land cover components (e.g.

Layers (HRLs) imperviousness, forests, grasslands, water and wetlands);
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