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Abstract. Snow Water Equivalent (SWE) is a key variable in climate and hydrology studies. Current-SWE-products-mask-out

erYet, designing a SWE retrieval algorithm
is not trivial, as multiple combinations of snow microstructure representations and SWE can yield the same radar signal.
The community is converging towards forward modeling approaches using an educated first guess on the snowpack structure.
YetHowever, snow highly varies in space and time, especially in mountain environments where the complex topography affects
atmospheric and snowpack state variables in numerous ways. Automatic Weather Stations (AWS) are too sparse, and high-
resolution Numerical Weather Predictions systems have a maximal resolution of 2.5 km x 2.5 km, which is too coarse to
capture snow spatial variability in a complex topography. In this study, we designed a subgridding framework for the Canadian
High Resolution Deterministic Prediction System. The native 2.5 km x 2.5 km resolution forecast was subgridded to a 100
m X 100 m resolution and used as the input for snow modeling over two winters in Glacier National Park, British Columbia,
Canada. Air temperature, relative humidity, precipitation and wind speed were first parameterized regarding elevation using
six Automatic Weather Stations. Alpine3D was then used to spatialize atmospheric parameters and radiation input accounting
for terrain reflections and perform the snow simulations. Modeled snowpack state variables relevant for microwave remote
sensing were evaluated against profiles generated with Automatic Weather Stations data and compared to raw HRDPS driven

profiles. Overall, the subgridding framework improves on average the optical grain size (OGS) bias by 0:04-mm;-the-density

bias-by27+kg—m—>-18%, and the modelled SWE by +7%(up-to-4+%-in-the-bestcase-seenarioy—Overat-this-werk-16% with

regards to simulations driven with raw HRDPS forecasts. This work could lead up to a 7 dB improvement in the snowpack
SAR backscattering modelling, and hence provides the necessary basis for SWE retrieval algorithms using forward modeling

in a Bayesian framework.
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1 Introduction

Seasonal snow governs several feedback loops that directly affect our planet’s climate and plays a major role in its hydrological
dynamics. With its high albedo, snow reflects a large proportion of the incoming solar radiation, which in return helps to
mitigate global warming (IPCC, 2019). Furthermore, snow insulates the underlying soil, affecting the microbial activity, carbon
fluxes, and permafrost freeze/thaw cycles (Natali et al., 2019; Biskaborn et al., 2019). Moreover, seasonal snow melt provides
connected watersheds with freshwater, sustaining natural ecosystems and human infrastructure . Finally, extreme precipitation
events and resulting snow melt can cause devastating floods (Pomeroy et al., 2016; Vionnet et al., 2020), so that managing

runoff would highly benefit both society and the economy (Sturm et al., 2017).

Yet, snow mass (or Snow Water Equivalent, SWE) remains poorly characterized, especially in mountainous regions where
a significant amount of SWE is stored at the continent scale (Wrzesien et al., 2018). Global SWE products inferred from
passive microwave observations are available at a 25 km resolution (Luojus et al., 2021), which is too coarse to capture the
SWE spatial variability (Derksen et al., 2021), and mountains are simply omitted or masked out. Moreover, both observations
from passive microwaves and modeling efforts yield negative biases when estimating mountain or deep-snow SWE on the
global scale (Vuyovich et al., 2014; Wrzesien et al., 2018; Pulliainen et al., 2020). Hence, the snow remote sensing community
is promoting active remote sensing, which provides higher spatial resolution information compared to passive microwaves
products (Tsang et al., 2022; Rott et al., 2010; Derksen et al., 2021). The sensitivity of the Synthetic Aperture Radar (SAR)
signal to SWE has been proven at the Ku-band (King et al., 2015; Lemmetyinen et al., 2016), and recent studies suggest that
C-band could also be used for snow depth retrieval (Lievens et al., 2019, 2022), a key parameter for SWE retrieval, although
it is contrasting with previous research (Dozier and Shi, 2000). However, linking SWE to SAR backscattering is not trivial
as it does not depend solely on SWE (which is a function of snow height and density), but also on the snow microstructure.
Consequently, several combinations of SWE and snowpack microstructures can yield similar backscattering values, creating a
non-unique inversion solution (Tsang et al., 2022). As a result, recent inversion algorithms tend towards a Bayesian framework
where a forward scattering model is used to generate possible backscattering values, and the best fitting one is selected using a
weighted cost function (Lemmetyinen et al., 2018; King et al., 2018, 2019; Zhu et al., 2021). So far, these studies only paired
airborne radar observations with fields measurements, but coupling a radiative transfer model with a snow physics model still

has to be explored in the active microwaves domain.

Advanced thermodynamic multi-layered snow models such as Crocus or SNOWPACK produce SWE and microstructure
parameters estimates (Brun et al., 1992; Vionnet et al., 2012; Lehning et al., 2002). Such models can be driven either by
Automatic Weather Stations (AWS) measurements, atmospheric models, or reanalysis products. On the one hand, weather

stations provide very accurate measurements of the atmospheric conditions at the local scale. However, they need human

maintenance, are subject to outagesand-, local biases, and as-usually undersample the spatial heterogeneity of the processes
at stake, especially in complex terrain. As a result, AWS spatial interpolation in eomplex—terrati-mountainous areas is not
always accurate (Lundquist et al., 2019). On the other hand, high-resolution—atmospheric-models-are-knownfor-their-the
High-Resolution Deterministic Prediction System (HRDPS, Milbrandt et al. (2016)) model is known for its negative bias in
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precipitation, resulting in a negative bias in snow depth and SWE (Bellaire et al., 2011, 2013; C6té et al M2oaayer,
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includean atmospherignodelsubgriddingscheme This highlightsthe fact thereis currentlya

and performed snow simulations on the study area using the Alpine3D rfieslehing-et-al;2006pver two consecutive
winters (2018-2019 and 2019-2020). Weather parameters subgridding and snowpack state parameters were assessed at th

reference weather stations using an array of statistical criteria and a Dynamic Time Warping algorithm (Hagenmuller and
Pilloix, 2016; Hagenmuller et al., 2018; Herla et al., 2021). Finally, we assessed the spatial variability capacity of the proposed

(Delparte et al., 2008)-heoperatiorhasheenongoingsincel965andthesite hasheenusedasa snowresearclgitegversince,

. Thestudy area is 18 km by 16 km wide, covering 288%km? of complex topography, with elevations ranging from 840 m






