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Abstract.

Snow depth retrievals from spaceborne C-band synthetic aperture radar (SAR) backscatter have the potential to fill an impor-
tant gap in the remote monitoring of seasonal snow. Sentinel-1 SAR data have been used previously in an empirical algorithm to
generate snow depth products with near-global coverage, sub-weekly temporal resolution, and spatial resolutions on the order
of hundreds of meters to 1 km. However, there has been no published independent validation of this algorithm. In this work we
develop the first open-source software package that implements this Sentinel-1 snow depth retrieval algorithm as described in
the original papers, and evaluate the snow depth retrievals against nine high-resolution lidar snow depth acquisitions collected
during the winters of 20192020 and 2020—21-2020-2021 at six study sites across the western United States as part of the
NASA SnowEx Mission. Across all sites, we find peor-agreement between the Sentinel-1 snow depth retrievals and the lidar
snow depth measurements to be considerably lower than requirements placed for remotely sensed observation of snow depth,
with a mean RMSE of 0.92 m and a mean Pearson correlation coefficient £z of 0.46. Algorithm performance improves slightly

in deeper snowpacks and at higher elevations. We further investigate the underlying Sentinel-1 data for a snow signal through

an exploratory analysis of the eross-polarization-backseatterratio-cross- to co-backscatter ratio (o ay v 1.€. cross-ratio
relative to lidar snow depths. We find a-significant-correlation-between-this-eross—ratie-and-the cross-ratio increases through
the time series for snow depth over ~1.5 m but ne-relationship-to-a-shight-negative-correlation-that the cross-ratio decreases

for snow depths less than ~1.5 m. We attribute poor algorithm performance to a) the variable amount of apparent snow depth
signal in the S1 cross ratio and b) an algorithm structure that does not adequately convert S1 backscatter signal to snow depth.
Our findings provide an open-source frame-work-framework for future investigations, along with insight into the applicability

of C-band SAR for snow depth retrievals and directions for future C-band snow depth retrieval algorithm development. C-band
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SAR has the potential to address gaps in radar monitoring of deep snowpacks; however, more research into retrieval algorithms

is necessary to better understand the physical mechanisms and uncertainties of C-band volume scattering-based retrievals.

1 Introduction

Runoff from seasonal snow provides water for billions of people (Barnett et al., 2005; Mankin et al., 2015), supplies up to 70 %
of the annual discharge in the western United States (WUS; Li et al. (2017a)), generates clean hydroelectric power, and supports
agricultural and recreation industries at a total value estimated in the trillions of dollars (Sturm et al., 2017). Understanding
the spatial distribution of snow water equivalent (SWE), one of the defining hydrologic variable of the seasonal snowpack, is
essential for effective management of this critical resource (Bales et al., 2006). SWE is the product of snow depth and snow
density relative to water, with snow depth spatial variability providing the majority of the variation in SWE values (Sturm et al.,
2010). Therefore, accurate measurements of snow depth are crucial for global SWE estimation, since measurement of snow
depth is typically much easier and lower cost than direct measurements of SWE.

Current operational snow depth measurement techniques lack either the spatial or temporal resolution necessary to accu-
rately monitor basin-scale snow depth patterns for a variety of scientific and resource management applications (NASEM,
2018). Networks of in-situ weather stations (e.g., SNOTEL in the United States) make point measurements of snow depth
with high temporal resolutions-but-. However, accurate spatial interpolation required to generate distributed products presents a
significant challenge (Dressler et al., 2006; Bales et al., 2006; Schneider and Molotch, 2016);-, This challenge is largely due to
snowhaving-a-typical-correlation-’s typical spatial Wautocorrelation length of 50-200 m (Trujillo et al., 2009). Measurements
from spaceborne passive microwave instruments (Kelly and Chang, 2003; Takala et al., 2011) can be used to produce dis-
tributed snow depth products with 12-hour temporal resolutions. However, passive microwave measurements, at the typically
used 37 GHz, saturate in dry snowpacks approximately 0.8 m deep (Tedesco and Narvekar, 2010; Smith and Bookhagen,
2018), which represents a small fraction of total snow depth in some regions, and retrievals are unreliable over complex to-
pography (Tong et al., 2010) due to spatial resolutions at the km to 10s of km scale. No other global operational SWE remote
sensing tool currently exists, despite SWE being one of the largest uncertainties in the hydrologic cycle (National Academies
of Science, 2018). Given the challenges and limitations associated with widely operationalized methods, other techniques are
under development to produce spatially-distributed snow depth and SWE measurements.

High-resolution commercial stereo imagery (Shaw et al., 2020; Hu et al., 2023), airborne lidar (Currier et al., 2019; Deems
et al., 2013) and structure-from-motion (Biihler et al., 2016; Nolan et al., 2015; Miller et al., 2022; Meyer et al., 2022) provide
distributed snow depth maps at meter to submeter-scale spatial resolutions with errors on the order of tens of centimeters (Mc-
Grath et al., 2019; Currier et al., 2019; Deems et al., 2013). The Airborne Snow Observatory (ASO; Painter et al., 2016)
and the Airborne Coastal Observatory (Geospatial, 2021) produce snow depth maps using airborne lidar in mountain basins
across western North America. However, logistical constraints (e.g., cloud cover, tree canopies, platform range, large expense)
typically limit acquisition frequency and spatial coverage. Spaceborne lidar has shown promise for measuring snow depth,

yet currently has high uncertainties (0.5-2 m) in complex terrain and only provides non-repeating sparsely distributed and
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infrequent linear transects of point-based returns, requiring high-resolution airborne lidar snow-free surveys to estimate snow
depth (Enderlin et al., 2022; Deschamps-Berger et al., 2023; Besso et al., 2024).

Synthetic aperture radar (SAR) is a promising technique to complement new and mature methods for snow depth monitor-
ing. SAR isatype-of-anactive microwave remote sensing that can operate in all weather conditions, does not rely on solar
illumination, and is capable of producing datasets at meter-scale spatial resolution from spaceborne platforms. Unlike optical
and lidar technigues, SAR signals penetrate the snow surface and interact with the snowpack, allowing for measurements of

snowpack properties. The extent of this penetration and which snowpack features are interacted with varies depending on the

i I | : I

idation-Two recent studies (Lievens et al., 2019, 2022) have demonstrated the potential of
deriving spatially distributed snow depth mapsaglobal-scale from Sentinel-1 (S1) SAR imagery. In the original studies, the
technique was validated using snow depth measurements from point-based stations and spatially-distributed modeled data. /
recent independent validation effort from Broxton et al. (2024) compared S1 snow depths to ASO lidar-based and University
of Arizona (Broxton et al., 2016) modeled depths at 500 m and 1 km spatial resolution. For all S1 pixeddptiney moderate

coef cient of determination values @= 0.62) and large negative biases (50 %) when compared to the ASO data. However,

error metrics improved when agging for wet snow pixels’(R0.89). Here, we provide another independent validation of the

S1 snow depth retrieval technique using spatially-distributed, lidar-based snow depth measurements across multiple sites in the

WUS (Abedisi et al., 2022a).
1.1 SAR volume scattering snow depth retrieval theory

SAR sensors emit electromagnetic energy in the microwave rargdl(—300 GHz) and measure the amplitude and phase
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The relationship between C-band volume scattering and snow depth is an ongoing area of investigation. Initial studies
suggested that dry snow has virtually no effect on volumetric scattering at C-band and any mid-winter changes in backscatter
were caused by variations in snow-ground interface scattering and variability in the soil dielectric constant (Wegmdiller, 1990;
Bernier et al., 1999; Sun et al., 2015). However, these studies were limited by shallom flepth) snowpacks (Bernier and
Fortin, 1998; Fuller et al., 2009), solely co-polarized (parallel transmitting and receiving antennas) backscatter (Matzler, 1987;
Fuller et al., 2009; Shi and Dozier, 2000), or an inconsistent ground footprint (Strozzi et al., 1997). These results align with
microwave scattering theory as the wavelength at C-band is too large to be scattered by individual snow grains, which are
typically <5 mm. Previous studies using tower-mounted radars (Strozzi et al., 1997; Matzler, 1987) and aerial radar (Bernier
and Fortin, 1998) detected either no relationship or even a slight negative correlation between C-band backscatter and snow
depth.
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studies showed 2-5 dB increases in co-polarized backscatter for C-band radiation (Naderpour et al., 2022) and signi cant
volume scattering from C-band cross-polarized backscatter at snowpack layering interfaces (Brangers et al., 2023), likely
due to surface roughness effects. More recently, the development of dense media radiative transfer (DMRT) models has sug
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with increasing snow depth.

1.2 Research Objectives

These theoretical results form the basis for satellite-based snow depth retrievals. Lievens et al. (2019) developed an empirica
algorithm based on the ratio of VH (cross-polarized) to VV (co-polarized) backscatter, referred to as the cross-ratio, from
S1 imagery to map snow depth at 1 km resolution. This approach attempts to reduce the impacts of changes in the soil anc
geometric signals, which would affect both polarizations, and isolate the snow signal, which is expected to primarily affect the
cross-polarized backscatter. Initial results over the Northern Hemisphere showed mean absolute errors (MAE) of 0.31 m when
compared to in-situ station measurements. The technique was further re ned in a subsequent study by Lievens et al. (2022)
over Switzerland and Austria, where the authors compared the spaceborne retrievals to modeled snow depth changes. The be
results were achieved in regions with snow depths greater than 1.5 m, forest cover (FC) less than 80 %, and elevations highe|
than 1000 m, which would minimize wet snow.
While the results presented-by Lievens et al. (2019, 2022) are encouraging, the original works only validated their al-

gorithm against point-based in situ measurements and modeled snow depths. Moreover, a publicly-available version of the
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algorithm has not been released by the authors, hindering any independent validation and algorithm enhancements. In this
study we present an open-source Python package called 'spicy_snhow' (Hoppinen et al., 2023) that implements the S1 snow
depth retrieval algorithm as describechy Lievens et al. (2022). We then evaluate algorithm performance using new spatially
distributed lidar snow depth datasets collected during NASA SnowEx 2020—2021 campaigns.

2 Methods

2.1 Datasets

2.1.1 Sentinel-1 (S1) imagery

The S1 mission is a constellation of polar-orbiting satellites that acquire C-band (5.405 GHz or 5.55 cm) SAR data with

a 12-day orbital cycle. We used S1 images acquired in interferometric wide (IW) swath wieide;are-dual-polarized-

days for mid-latitudes and up to daily revisits at polar latitudes. S1 images were processed using the Alaska Satellite Facil-

ity's (ASF) HyP3 pipeline (Hogenson et al., 2020) to produce radiometrically terrain corregtieaickscatter images using
GAMMA software {(Frerebeau-etal;2023:-Lebrun-etal;20@0erner et al., 2000; Wegndller et al., 2016) and the GLO-30

Copernicus DEM (European Space Agency, 2021). Although this DEM is different from the SRTM DEM used by Lievens

et al. (2019, 2022) in their S1 image processing, we selected the GLO-30 dataset in order to avoid inaccuracies inherent in the
SRTM data over mountainous regions in North America (Tarricone et al., 2023). Image pre-processing included precise orbit
le application, border noise removal, thermal noise removal, radiometric calibration, range-doppler terrain correction, and
terrain attening to produce images at 30 m resolution. We implemented 3 multi-looking processing step to produce

images at 90 m resolution, which approximates but does not exactly match the 100 m resolution used by Lievens et al. (2022).

the images from each S1 orbit geometry, as done in the Lievens et al. (2022) algorithm. For each speci c orbit geometry and
polarization, we applied a constant shift to all images so that the mean of a particular image matched the overall mean for
the given orbit geometry and polarization. To correct for outliers, we calculated the 10th and 90th percentiles of backscattered
power for each polarization and subset of images. We then masked any values that were 3 dB above the 90th percentile or 3 dE
below the 10th percentile. We also masked out pixels with local incidence angles greater thiaravéid regions of radar
shadow. Additional processing details are given in Appendix A.






