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Abstract. Seasonal snow cover and meltwater runoff have wide-ranging ecological, hydrological, and socioeconomic effects

on regions within and downstream of mountainous areas, underscoring the need for accurate monitoring. Snow data assimila-

tion improves estimates of snowpack evolution by combining numerical simulations with observational data, as neither source

alone can adequately capture the strong spatial and temporal variability of mountain snowpacks. However, the benefit of as-

similating spatially sparse or temporally infrequent observations is maximized only when these observations are representative5

of unobserved areas and unmonitored periods. In this study, we present a novel two-step framework for the combined assimi-

lation of in situ snow depth observations and spaceborne snow cover fraction (SCF) observations. First, a particle filter–based

assimilation of point-scale snow depth observations accounts for spatiotemporal uncertainties in the meteorological forcing at

subregional scales over consecutive three-day assimilation windows. Second, the remaining small-scale errors are addressed by

assimilating SCF maps using a particle batch smoother, targeting grid-cell-specific uncertainties in model parameters that con-10

trol the representation of albedo decay and gravitational redistribution within the model. These parameters explicitly address

deviations in snowpack evolution related to slope and aspect relative to the flat-field locations, and are therefore independent

of the forcing corrections inferred during the first assimilation step. The proposed approach reduces the RMSE and bias of

SCF estimates during the ablation season by approximately 50 % at observed locations. At unobserved locations, estimates

are updated by interpolating the inferred parameters based on horizontal distance and terrain differences, yielding considerable15

albeit less pronounced improvements. Overall, this study demonstrates that assimilating complementary snow observations can

substantially improve near-real-time snowpack simulations across multiple spatial scales over complex mountainous terrain.

1 Introduction

Seasonal snow is an integral part of the hydrological cycle in high-latitude and mountainous regions, serving as a natural water

reservoir (DeWalle and Rango, 2008; Immerzeel et al., 2020). Snow cover duration as well as the timing and magnitude of20

meltwater runoff have wide-ranging ecological and socioeconomic effects, including impacts on flora and fauna (Slatyer et al.,

2022), freshwater availability (Siirila-Woodburn et al., 2021), hydropower production (Magnusson et al., 2020), agriculture
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(Qin et al., 2020), winter tourism (Morin et al., 2021), and the risk of natural hazards such as avalanches (Eckert et al., 2024)

and snowmelt-driven floods (Musselman et al., 2018). Hence, it is crucial to accurately estimate seasonal snow accumulation

and ablation, particularly under changing climatic conditions (Barnett et al., 2005; Beniston et al., 2018; Hock et al., 2022).25

The mountain snowpack exhibits pronounced spatial heterogeneity due to variations in accumulation and ablation patterns

across all scales, making it particularly challenging to quantify (Blöschl, 1999; Clark et al., 2011; Dozier et al., 2016). This

heterogeneity arises from interactions between atmospheric processes and complex terrain, including preferential deposition,

wind- and gravity-driven redistribution, and other small-scale micrometeorological effects that strongly shape the spatial distri-

bution of snow cover (López-Moreno et al., 2013; Sommer et al., 2015; Grünewald et al., 2010; Mott et al., 2018; Quéno et al.,30

2024). In situ observations of bulk snowpack properties, such as snow depth and snow water equivalent (SWE), are typically

too sparse to accurately characterize this spatial variability (Dozier et al., 2016; Largeron et al., 2020), given their inherently

limited representativeness of the surrounding terrain (Grünewald and Lehning, 2015). Complementary spatially distributed in-

formation can be obtained from remotely sensed snow observations, with spaceborne platforms providing coverage over large

spatial extents (e.g., Gascoin et al., 2019; Lievens et al., 2022). However, such observations can be limited by accuracy, spa-35

tial resolution, infrequent revisit times, reliance on daylight and cloud-free conditions for optical sensors, and other retrieval

uncertainties over complex and steep terrain (Tsang et al., 2022; Gascoin et al., 2024). Numerical models, in turn, provide

continuous estimates of snowpack evolution in space and time. Still, their outputs are inherently uncertain due to the necessary

parametrization of physical processes and errors in atmospheric forcing (Günther et al., 2019, 2020; Menard et al., 2021).

Data assimilation (DA) merges numerical simulations with observational data to yield more robust state estimates (e.g.,40

Carrassi et al., 2018) and has become an increasingly common tool in snow modeling (Helmert et al., 2018; Girotto et al.,

2020; Largeron et al., 2020; Alonso-González et al., 2022). Multiple studies have shown that assimilating in situ observations

substantially improves estimates of snow depth, SWE, and snow density, directly at the observation locations (Magnusson

et al., 2017; Smyth et al., 2019; Piazzi et al., 2019), but also over large domains and for operational applications (Winstral

et al., 2019; Cantet et al., 2019; Cluzet et al., 2022; Oberrauch et al., 2024) using different methods to propagate information45

to unobserved areas. For example, Alonso-González et al. (2023) demonstrated that multidimensional topographic correlations

within a small mountainous catchment can be leveraged to propagate information and improve distributed snowpack estimates

when assimilating sparse, high-accuracy snow depth observations. Furthermore, it was shown that assimilating a single spatially

distributed snow depth map, whether from airborne lidar observations (Margulis et al., 2019) or spaceborne stereoscopic

imagery (Deschamps-Berger et al., 2022), can improve snow depth and SWE estimates throughout the entire season. However,50

such distributed datasets are generally available only for smaller, selected regions (e.g., Marti et al., 2016; Bühler et al., 2015;

Bührle et al., 2023), with the exception of a growing number of catchments in the US (Painter et al., 2016).

Several studies have explored the assimilation of spaceborne snow observations spanning large spatial extents, such as

reflectance data from MODIS and Sentinel-2 (Charrois et al., 2016; Cluzet et al., 2020; Revuelto et al., 2021), or snow depth

retrievals from Sentinel-1 (Lievens et al., 2022; Girotto et al., 2024) and ICESat-2 lidar (Mazzolini et al., 2025). Although55

the potential of such approaches has been demonstrated, the availability and uncertainty of these data still limit their broader

use, particularly for operational applications (De Lannoy et al., 2022). In contrast, assimilating spaceborne snow cover fraction
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(SCF) observations, often via Ensemble Smoother techniques (e.g., Girotto et al., 2014b; Margulis et al., 2015; Aalstad et al.,

2018), is widely employed in snow reanalysis systems (e.g., Girotto et al., 2014a; Margulis et al., 2016; Baba et al., 2018;

Fiddes et al., 2019; Alonso-González et al., 2021; Liu et al., 2021). In this context, the seasonal evolution of the snowpack can60

be reconstructed from the observed snow disappearance (Girotto et al., 2014b), given that SCF observations contain the most

information during periods of partial snow cover. However, despite the information in SCF observations generally being limited

to the early-season accumulation and late-season ablation periods, there are potential benefits to sequentially assimilating SCF

observations (Baba et al., 2018). In particular, SCF can complement sparse in situ monitoring networks by capturing the spatial

heterogeneity of the mountain snowpack, which is not detectable from point-based observations (Cluzet et al., 2024; Oberrauch65

et al., 2025).

To integrate spaceborne SCF observations into an operational nowcasting application, we propose a two-step assimilation

scheme that incorporates point-based snow depth measurements and spatial SCF observations into the distributed, physics-

based, multi-layer snow model FSM2OSHD (Mott et al., 2023). In a first step, the particle-filter-based assimilation of in

situ snow depth observations (Oberrauch et al., 2024) corrects errors in the meteorological forcing data at a subregional scale.70

However, the information content of point observations from flat-field locations is limited and does not allow addressing uncer-

tainties in model parameterizations that govern small-scale accumulation and ablation patterns, as evidenced by comparisons

with SCF observations derived from Sentinel-2 retrievals (Cluzet et al., 2024; Oberrauch et al., 2025). Hence, in a second step,

these corrected forcings are used to drive local ensemble simulations at each grid cell, while explicitly perturbing model param-

eters that control aspect- and slope-dependent processes that modulate snow accumulation and ripening relative to flat fields.75

A Particle Batch Smoother is then used to assimilate multiple high-resolution SCF observations over the course of the season,

thereby estimating optimal model parameters for all observable grid cells, which are subsequently interpolated to unobserved

locations.

In this study, we describe and evaluate the proposed two-step assimilation framework, with particular emphasis on the

second step, namely the assimilation of SCF maps to estimate optimal model parameters. We first illustrate the progressive80

improvements in modeled snow-cover patterns as the two assimilation steps are applied. We then quantify the improvements

from assimilating SCF observations at both observed and unobserved grid cells and evaluate the sensitivity of the results to

the interpolation settings. Finally, we assess how the proposed approach can be integrated into an operational framework for

near-real-time estimation of snowpack evolution across large mountainous regions.

2 Methods85

2.1 Study area

The study domain comprises Switzerland and its hydrologically connected bordering regions (Figure 1, top center). Covering

more than 58,000 km2 and spanning elevations from 180 m to 4750 m, it was selected to ensure national-scale applicability for

operational use across a wide range of climatic and topographic conditions. For better illustration, the results are presented in
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Figure 1. Overview of the study domain and topographic parameters. The top central map illustrates the model domain covering Switzerland

and hydrologically connected bordering regions, showing the Swiss border as a black line, the snow monitoring stations as grey circles, and

the Lake Thun and Inn catchments in yellow and orange shading, respectively. Lower panels display the digital elevation model (DEM) at

250 m resolution for both catchments, while upper side panels show the corresponding aspect and slope. All coordinates are given in the

Swiss CH1903+/LV95 reference system (EPSG:2056, in km).

detail for two individual catchments: the Lake Thun catchment in west-central Switzerland and the Inn catchment in the eastern90

Alps, highlighted in yellow and orange, respectively, in Figure 1.

The Lake Thun catchment extends roughly 50 km in both the north–south and east–west directions and covers an area

of approximately 1300 km2. The Inn catchment, by contrast, stretches about 90 km along the Engadine valley and covers

approximately 2300 km2. Elevations in both catchments range from around 500 m to more than 4000 m. The lower panels of

Figure 1 show the digital elevation model (DEM) at 250 m resolution, while the upper side panels display the corresponding95

terrain aspect and slope of the two catchments.
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2.2 FSM2OSHD snow model

FSM2OSHD (Mott et al., 2023) is a fully distributed, physics-based snow model of intermediate complexity, solving the

coupled mass and energy balance for individual numerical snow layers without explicitly accounting for snow microstructure

and metamorphism. FSM2OSHD is based on the Flexible Snow Model (FSM Essery, 2015; Essery et al., 2025) and has been100

specifically adapted, extended, and tuned for use within the Swiss Operational Snow Hydrological Service (OSHD Mott et al.,

2023). In this study, the model is forced with hourly data from the numerical weather prediction (NWP) model ICON (Zängl

et al., 2015), run by the Swiss Federal Office for Meteorology and Climatology (MeteoSwiss). The 1 km resolution NWP data

are downscaled using dedicated statistical and dynamical downscaling schemes to the 250 m model resolution (Mott et al.,

2023).105

The assimilation of SCF observations presented hereafter (Section 2.5) is based on an ensemble simulation created by

perturbing two terrain-dependent model parameters that control the grid-cell specific albedo decay and precipitation input.

Local changes to the albedo decay scheme affect the seasonal ripening of the snowpack, while slope-dependent adjustments

to the precipitation input affect the representation of snow redistribution patterns, together accounting for small-scale errors in

accumulation and ablation patterns. The following sections briefly outline the surface albedo parameterization, the precipitation110

multiplier, and the SCF parameterization. For further details on model implementation, please refer to Mott et al. (2023); Essery

(2015); Essery et al. (2025).

2.2.1 Albedo parametrization

The albedo parametrization in FSM2OSHD follows Douville et al. (1995) and Essery et al. (2013) with specific operational

adaptations and tuning (Mott et al., 2023; Cluzet et al., 2024). The broadband snow surface albedo α is a prognostic variable115

that decays from its maximum fresh-snow value αmax
fresh = 0.86 as a function of time. The albedo decay for each time step

follows a linear decay rate for cold snow and an exponential decay rate for melting snow, determined based on the snow

surface temperature Tsurf.

∆αdecay =




− ∆t
τcold

for Tsurf < 0°C

(α−αmin)
(
exp

(
− ∆t
τmelt

)
− 1
)

for Tsurf ≥ 0°C
(1)

The decay time scales for cold and melting snow are τcold = 3000h and τmelt = 130h, respectively, and the minimum albedo120

of melting snow is set to αmin = 0.6.

To account for the gradual brightening of the snow surface during snowfall, the albedo increases proportionally to the amount

of snowfall (SF ) in that time step. If the 24 h accumulation of snow SF24h exceeds the threshold SFmin = 10mm, the surface

albedo value fully resets to its maximum value αmax
fresh.

α=




αmax

fresh if SF24h > SFmin,

α+(αmax
fresh −α) SF

SFmin
otherwise.

(2)125

5

https://doi.org/10.5194/egusphere-2026-2725
Preprint. Discussion started: 27 May 2026
c© Author(s) 2026. CC BY 4.0 License.



Additionally, the parametrization accounts for vegetation and soil shining through thin snowpacks with a total SWE below

75 mm by reducing αmax
fresh by 20 %.

The initial tuning of the minimum, maximum, and threshold parameters is based on flat-field snow depth and SWE obser-

vations (Mott, 2023) and was recently refined using wet-snow maps derived from Sentinel-1 retrievals (Cluzet et al., 2024). In

addition, an aspect-dependency was introduced to mitigate a delay in the modeled melt onset, identified especially on southerly130

slopes relative to Sentinel-1 wet-snow observations (Cluzet et al., 2024). The dynamical downscaling routine for shortwave

radiation estimates incoming radiation for each grid cell separately for horizontal and inclined surfaces, explicitly resolving

local slopes and shading from the surrounding terrain (Jonas et al., 2020). The ratio of inclined radiation to horizontal radiation

is then used to scale the albedo decay timescales, τ . The same ratio is also employed in the definition of the albedo-change

perturbations, as described in Section 2.5.1.135

2.2.2 Precipitation multiplier

Mountain snow cover is characterized by strong spatial heterogeneity due to preferential deposition over complex terrain and

wind- and gravity-driven redistribution processes (Mott et al., 2018). Explicitly resolving such processes in snow models

requires simulations at hectometer or finer spatial resolutions and corresponding accurate wind forcing (Quéno et al., 2024;

Berg et al., 2024; Reynolds et al., 2024). At coarser spatial resolutions, FSM2OSHD parameterizes these terrain effects by140

applying an empirical slope-dependent precipitation multiplier (e.g., Blöschl et al., 1991; Huss et al., 2008), which reduces

the amount of solid precipitation over steep terrain to better reproduce observed accumulation patterns. The precipitation

multiplier pm is computed via a hyperbolic tangent function of the slope angle β (in degrees), calibrated against high-resolution

distributed snow depth observations based on airborne photogrammetry data (Vögeli et al., 2016).

pm(β) = p1 tanh(p2 (β− p3)) + (1− p1) (3)145

The parameters p1 = 0.32, p2 =−4.3, and p3 = 37° are fitted to match distributed snow depth observation from airborne Lidar

scans across the European Alps (Grünewald and Lehning, 2015). The precipitation multiplier is computed for a 25 m resolution

DEM and then upscaled to account for subgrid variability within the 250 m model grid cells.

2.2.3 Snow cover fraction parametrization

The SCF parametrization of FSM2OSHD tracks the seasonal evolution of snow depth and SWE to account for alternating accu-150

mulation and ablation patterns dependent on the topographic subgrid variability (Helbig et al., 2021b). The subgrid parametriza-

tion is based on an empirical relationship between mean snow depths d and its standard deviation σd estimated from detailed

distributed snow depths observations at the peak of winter (Helbig et al., 2015). For each time step, three separate SCF esti-

mates are computed to account for both seasonal evolution and short-term changes, as detailed below. The maximum of the

three values determines the final SCF estimate.155
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The algorithm computes the seasonal SCF using a hyperbolic tangent function as

SCF = tanh(1.3
d

σd
). (4)

Here σd depends on the snow depths and the topographic subgrid variabilities in slope and elevations obtained from a high-

resolution DEM (Helbig et al., 2015), with further adjustments to account for scale-dependent effects (Helbig et al., 2021a).

Furthermore, the algorithm uses the most recent minimum snow depth as a value for d, and the current seasonal maximum160

snow depth to compute σd (Helbig et al., 2021b).

To account for abrupt increases in SCF following snowfall events, two additional SCF values are computed, the first based on

the snow accumulated over the previous 14 days and the second based on the most recent snowfall event (Helbig et al., 2021b).

To ensure that only the new snow contributes to these values, as if it had fallen on bare ground, the SCF is calculated using the

same formulation as in Eq. 4, but with the change in snow depth ∆d rather than the absolute value. Under the assumption that165

new snow is deposited relatively homogeneously across the grid cell, σd depends solely on ∆d following a simple power law

(Egli and Jonas, 2009), disregarding any potential subgrid variability.

2.3 Particle Filter and Particle Batch Smoother

The particle filter (PF, Chopin and Papaspiliopoulos, 2020) is a Bayesian data assimilation method that represents the true

but unknown state of a system by sequentially updating a set of weighted ensemble members, the so-called particles. The170

prior distribution, which reflects the model uncertainty, is estimated from an ensemble simulation, typically generated by

perturbing input data, model parameters, and/or model states. As observations become available, particle weights are updated

based on the agreement between simulated and observed values. This is done via the likelihood function, which reflects the

probability of observing the given value under the assumption that the particle represents the true state of the system. The

resulting posterior distribution combines the prior estimate with the observational information, accounting for their respective175

uncertainties, yielding a more precise and more accurate estimate. To mitigate the risk of filter degeneracy, in which only a few

particles retain non-negligible weights, a resampling step is commonly applied. Thereby, low-weight particles are discarded,

while high-weight particles are duplicated, after which the weights are reset. The (resampled) particles of the posterior are then

propagated forward in time by the model dynamics, forming the prior for the next assimilation cycle, in which the weighting

step is repeated with new observations. Through this iterative process and the absence of any Gaussian assumption, the PF is180

particularly well suited to nowcasting frameworks that employ complex, nonlinear models.

The Particle Batch Smoother (PBS, Margulis et al., 2015) can be viewed as a PF that assimilates all available observations

within a given time period, rather than sequentially assimilating individual observations as they become available. Analogous

to the filter, the PBS operates on a set of weighted ensemble members, whereby the weights reflect the integrated evidence from

all observations over the respective periods. Hence, the PBS computes the particles’ weights based on their trajectories over185

the entire assimilation window, rather than their final state at the end of the assimilation window. Because of this retrospective

nature, PBS and other ensemble smoothers are commonly used in reanalysis applications (e.g., Aalstad et al., 2018).
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Figure 2. Simplified workflow of the two-step assimilation scheme.

2.4 Step 1: PF-based assimilation of in situ snow depth observations

This first assimilation step targets subregional error patterns in the meteorological forcing by assimilating snow depth observa-

tions from 444 snow monitoring stations over sequential three-day windows, following Oberrauch et al. (2024). This section190

briefly summarizes the approach. An in-depth description of the method, along with a comprehensive validation and sensitivity

analysis, is provided in Oberrauch et al. (2024) and Oberrauch et al. (2025).

The PF-based assimilation scheme relies on ensemble simulations at all station locations, generated by perturbing incom-

ing longwave radiation, air temperature, and precipitation. Additive perturbations of incoming longwave radiation and air

temperature are sampled from the central 80 % of normal distributions with mean µLW = µTA = 0, and standard deviations195

σLW = 117W/m2 and σTA = 2.73°C, respectively. The precipitation input is scaled using factors drawn from the central 80 %

of a log-normal distribution with parameters µPR = 0 and σPR = 1.174. This perturbation strategy modifies the radiative energy

input and the amount and phase of precipitation (the latter via temperature-based phase partitioning), resulting in an ensemble

of modeled snow depths that typically encompasses the observations (Oberrauch et al., 2025).

The agreement between simulated and observed snow depths is evaluated sequentially at the end of each three-day assimila-200

tion window to update particle weights. Specifically, the weight of each particle ωti is determined from the mismatch between

simulated dtsim,i and observed snow depths dtobs:

ωti ∝ exp


−0.5

(
dtsim,i− dtobs

σtobs

)2

 . (5)
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Here, σtobs denotes the observation uncertainty, set to 5 % of the observed snow depth, with lower and upper bounds of 5 and

20 cm, respectively (following Oberrauch et al., 2025). The weights are normalized such that
∑
iω

t
i = 1.205

Rather than retaining the full posterior distribution and propagating it into the next assimilation window, the probabilistic

information is deliberately collapsed by selecting the mode of the perturbation posterior, i.e., the point of highest probability

density. In cases of equifinality, where multiple local modes share comparably high probability density, we select the most

conservative solution, namely the one closest to the unperturbed state (Oberrauch et al., 2024, Section 2.3). This yields a

single set of optimal forcing corrections for each station and assimilation window, which are subsequently interpolated to210

unobserved locations across the domain following Oberrauch et al. (2024, Section 2.4). For each model grid cell, a three-

dimensional Gaussian interpolation (Jörg-Hess et al., 2014) estimates the forcing corrections from all stations within a 35 km

radius, weighted by the combined horizontal and vertical distance between station and grid cell (whereby the vertical distance

is scaled by a factor γ = 50). These correction fields are then applied to the downscaled forcing data that drive the gridded

simulations in the second assimilation step (see the workflow diagram in Figure 2).215

2.5 Step 2: PBS-based assimilation of SCF observations

After correcting the dominant uncertainties in the forcing data at subregional scales, SCF observations can be used to address

the remaining seasonally stationary, cumulative errors in small-scale accumulation and ablation patterns. Individually, SCF

observations provide only limited information about the instantaneous model state for most of the season, as they primarily

capture the onset of snow cover and the timing of melt-out (Jiang and Shi, 2026). However, the temporal evolution of snow220

cover derived from multiple SCF observations enables the reconstruction of snowpack dynamics over the entire season (e.g.,

Girotto et al., 2014b; Margulis et al., 2015). The novelty of this study lies in incorporating such temporally sparse yet spatially

distributed information into an operational nowcasting framework.

As illustrated in Figure 2, the second assimilation step builds on the corrected forcing data and aims to adjust key model pa-

rameters by assimilating spatially distributed SCF observations using a PBS. Following Oberrauch et al. (2024), each observed225

grid cell is treated independently during the assimilation, after which the probabilistic information is collapsed onto a single

set of optimal model parameters that are subsequently interpolated across the domain.

The assimilation scheme is based on an ensemble of simulations generated by perturbing the albedo decay and the precipita-

tion multiplier, allowing for grid-cell-specific adjustments to melt and accumulation processes. Modifying the broadband snow

albedo by accelerating or decelerating its decay directly affects the energy balance and, consequently, the seasonal ripening230

of the snowpack. Adjusting the precipitation multiplier function, in turn, enables a better representation of snow redistribution

patterns. To maintain computational efficiency, the ensemble comprises 36 members, resulting from the factorial combination

of six albedo decay perturbations and six precipitation multiplier perturbations (see Section 2.5.1). The perturbations are de-

fined such that their effects depend on the aspect and slope angle of each grid cell, while flat grid cells remain unperturbed (see

Figure 3). This design ensures that the forcing corrections inferred from flat-field station locations in the first assimilation step235

remain applicable, thereby enabling a consistent combination of both steps.
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The results presented hereafter are based on the PBS assimilation of all available SCF observations from January to June,

intended to showcase the full potential of the approach by the end of the ablation season. Accordingly, each ensemble member

is assigned a single weight ωi that represents the integrated evidence from all observations.

ωi ∝ exp

(
−0.5 ΣNt

t=1

(
SCF tobs −SCF tsim

σSCF

)2
)

(6)240

Here, SCF tobs and SCF tsim refer to the observed and modeled SCF of a given grid cell at time t, respectively, Nt is the total

number of observation dates, and the SCF observation uncertainty is set to σSCF = 25%. A PBS is, however, equivalent to a PF

without resampling (Van Leeuwen, 2012), as there is no difference between computing a single weight ωi that accounts for all

observations at once (as in Eq. 6), or sequentially updating particle weights for each observation date t and multiplying them

like245

ωi ∝ΠNt
t=1ω

t
i , with ωti = exp

(
−0.5

(
SCF tobs −SCF tsim

σSCF

)2
)
. (7)

This equivalence implies that the presented results would be unchanged if the parameters were updated sequentially as new

observations become available, which is how the method would be applied in an operational nowcasting context, as discussed

in Section 4.

After the assimilation step, the optimal parameters for each observed grid cell are defined as those corresponding to the250

particle with the highest weight. In the case of equifinal solutions, that is, when multiple particles share the same maximum

weight, the most conservative solution is selected, defined as the parameter set closest to the unperturbed values. This results

in spatially distributed maps of optimal adjustments to the albedo decay and precipitation multiplier for all observed grid cells

(see Figure 5a and b), which are then used for the pixel-by-pixel simulation (see Section 2.6).

The subsequent interpolation step primarily serves to propagate the inferred parameter adjustments to unobserved grid cells,255

such as urban, glaciated, and forested areas, as well as regions obscured by cloud cover (see Figure 5c and d). An inherent

side effect of this interpolation is the smoothing of the pixel-by-pixel estimates. While the objective is to correct small-scale

accumulation and ablation patterns, typically on the order of 100 m or less (Quéno et al., 2024), this smoothing may attenuate

locally optimal parameter values.

2.5.1 Model parameter ensemble generation260

The albedo change perturbations are based on the ratio between the incoming shortwave radiation (SW) per inclined surface

SWincl and the SW radiation per horizontal surface SWhor. For each grid cell and each hourly time step, the albedo decay ∆α

is scaled by a factor 20q , with q(φ) defined as

q(φ) =
arctan

(
φ log

(
SWincl
SWhor

))

π/2
. (8)

Here, φ ∈ {−0.58,0,0.2,0.58,1.71,5} is the varying perturbation parameter that scales for the arcus tangens function. The265

arcus tangens function is normalized by π/2 so that the resulting range of q lies between [−1,1]. The resulting scaling factor
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of the hourly albedo change for different values of φ is shown in the left panel of Figure 3, covering a (theoretical) range of

20q ∈ [0.05,20]. Edge cases where either SWincl, SWhor, or both are zero are handled by setting q to -1, 1, or 0, respectively.

The perturbations of the precipitation multiplier change the p3 parameter in Equation (3), which defines the inflection point

of the tangens hyperbolicus (i.e., the slope angle where the curvature changes). Proper scaling ensures that the precipitation270

multiplier for flat grid cells equals pm= 1 while retaining its original minimum value of pm= 0.36. Hence, for a given slope

angle β and a given perturbation ζ, the perturbed precipitation multiplier pm′ is defined as

pm′(β,ζ) = 0.36+ (1− 0.36)
ϑ(β,ζ)−ϑ(90°, ζ)
ϑ(0°, ζ)−ϑ(90°, ζ)

, (9)

where

ϑ(β,ζ) = tanh(p2 (β− ζ)), with p2 =−4.3. (10)275

In other words, lower (higher) values of ζ shift the inflection point towards flatter (steeper) slopes, resulting in a reduced

(increased) amount of solid precipitation.

For ζ = z = 37°, the perturbed precipitation multiplier reduces back to the original Equation (3). In addition to this zero-

member, we chose the following perturbation values ζ ∈ {10,20,30,37,40,50,60}. The right panel of Figure 3 illustrates the

perturbed precipitation multiplier functions for the selected values of ζ.280

Figure 3. Model parameter perturbations used in the second assimilation step. The left panel shows the scaling of hourly albedo decay as a

function of the ratio between incoming shortwave radiation on the inclined surface (SWincl) and on a horizontal surface (SWhor) for different

perturbation values φ. The right panel shows the precipitation multiplier as a function of slope angle for different perturbation values ζ. Here,

the albedo perturbation φ= 0.00 and the precipitation multiplier perturbation ζ = 37° represent the original, unperturbed formulations.
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2.5.2 Multidimensional Gaussian interpolation of model parameter adjustments

In analogy to Oberrauch et al. (2024), we use a multidimensional Gaussian interpolation scheme adapted from Jörg-Hess

et al. (2014). For each target grid cell (denote by a), the interpolated parameters are computed as a weighted average of

the 49 nearest source cells (denoted by b), with weights determined by a Gaussian scaling of the n-dimensional distance as

ωa,b ∝ exp(−0.5 ra,b/σinterp). The n-dimensional distance ra,b is computed from the horizontal distance in x- and y-direction,285

∆xa,b and ∆ya,b, and a scaled difference of the aspect predictor Ψ for the albedo change parameter

ralbedo
a,b =

√
(∆xa,b)2 +(∆ya,b)2 +(γψ ∆Ψa,b)2, (11)

or a scaled difference in slope angle β for the precipitation multiplier

rprec.mult.
a,b =

√
(∆xa,b)2 +(∆ya,b)2 +(γβ ∆βa,b)2. (12)

Based on the sensitivity analysis presented in Section 3.4, the interpolation parameters are define as σinterp = 250m and γψ =290

γβ ≡ γ = 250m/5°.

The aspect predictor is computed from the cosine of the aspect angle ψ shifted by −45°, which appropriately accounts for

the circular nature of aspect angles. The shift reflects the assumption that differences in aspects have unequal influence across

sectors. Differences in the south-east and north-west sectors are assumed to have a greater impact due to the lower solar angles

during morning and evening hours. In contrast, the same variations in the north-east and south-west sectors, which receive295

minimal and maximal solar input, respectively, are assumed to have a comparatively smaller effect. Hence, the aspect predictor

is computed as

∆Ψa,b = 90° · (cos(ψa − 45°)− cos(ψb − 45°)) . (13)

Therein, to allow for a valid scaling with γ in Equation 11, the difference of the cosine functions is multipled by 90°, yielding

a range of Ψ ∈ [±90°].300

2.5.3 SCF assimilation data

We assimilate spaceborne SCF maps based on Sentinel-2 retrievals provided by the AlpSnow science activity within the Euro-

pean Space Agency’s Alpine Regional Initiative (European Space Agency, 2025). The AlpSnow SCF product is generated by

applying multi-spectral unmixing to Level-1C reflectance data, which improves snow detection in shaded terrain by exploiting

spectral differences across the available spectral reflective bands (Keuris et al., 2023). The product is provided at 0.0002 ° pixel305

spacing in a latitude-longitude grid on the WGS84 ellipsoid (EPSG:4326), corresponding to approximately 20 m in the Swiss

CH1903+/LV95 reference system (EPSG:2056) used by the model.

Known limitations of spaceborne optical snow cover observations include difficulties in differentiating between snow, bare

ice (on glaciers), and clouds (especially thin cirrus), identifying cloud shadows, and accurately detecting snow cover within

forests (Keuris et al., 2023; Barrou Dumont et al., 2021). To mitigate these issues, SCF retrievals are masked for clouds, glaciers,310
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forests, and urban areas at the 10 m subpixel level before aggregation to the 250 m model resolution. The classification of each

model grid cell follows a weighted voting scheme adapted from Cluzet et al. (2024). A grid cell is masked as cloud, forest,

or urban area when more than 50 %, 66 %, or 33 % of its subpixels correspond to the respective class. This reflects a lenient

forest threshold to preserve snow information in partially forested areas and a stricter one for urban areas. Glacier and water

body masks are directly applied within FSM2OSHD (Mott et al., 2023). All landcover information is based on the CORINE315

dataset (European Union’s Copernicus Land Monitoring Service information, 2020), with the forest classification being refined

using additional high-resolution canopy data (Webster et al., 2025). The final SCF value for non-masked 250 m grid cells is

computed as the mean over all valid, non-masked subpixels. Additionally, we manually discard observations on dates where

most of the domain is cloud-covered and only a few scattered grid cells are observed.

2.6 Experimental design for evaluating the second assimilation step320

To evaluate the second assimilation step, we present four distinct simulations, all forced with the same corrected meteorological

input data derived from PF-based assimilation of in situ snow depth observations (as outlined in Section 2.4).

1. The control simulation without any adjustment to the albedo decay or precipitation multiplier.

2. The pixel-by-pixel simulation applies the best model parameters estimated independently for each of the observed grid

cells, as outlined above. For grid cells without any valid SCF observations (i.e., forested, glaciated, urban, or cloud-325

covered grid cells), no parameter adjustments can be computed, and these unobserved grid cells will run with the original

configuration identical to the control run.

3. To update the simulation at all grid cells, including those without direct observations, we run a simulation that inter-

polates the parameters from the observed grid cells using an N-dimensional Gaussian interpolation scheme as defined

in Section 2.5.2. While interpolation smooths the pixel-by-pixel parameters, we can still only validate the simulation at330

observed grid cells, which are not fully independent in this setup.

4. We also run a simulation using a leave-one-pixel-out (LOO) interpolation of the estimated parameters, which serves as

a proxy for fully independent validation. Therefore, we interpolate the optimal model parameters for each grid cell from

the surrounding cells, disregarding the values estimated at the respective target cell.

3 Results335

3.1 Two-step assimilation scheme

To provide a qualitative illustration of the proposed two-step assimilation framework, Figure 4 compares the progressive

improvements in modeled snow-cover patterns for the Inn catchment as the two assimilation steps are applied. To this end, the

simulated SCF maps are compared against Sentinel-2 observations acquired on June 19, 2024. Panel (a) shows the reference
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simulation without assimilation, which substantially overestimates the extent of snow cover, as reflected by the large dark blue340

areas in the corresponding difference map shown in panel (b).

The first assimilation step, in which forcing corrections inferred from in situ snow depth observations are applied, leads

to markedly improved agreement with the observed SCF, as shown in panel (c). Accordingly, the corresponding difference

map (panel d) exhibits smaller deviations that are more closely centered around zero. This demonstrates that the information

contained in in situ snow depth observations is sufficient to correct forcing errors at the subregional scale, whereas errors345

associated with small-scale accumulation and ablation patterns that deviate from flat-field conditions remain unresolved (c.f.

Oberrauch et al., 2025).

The second assimilation step addresses these remaining errors by adjusting model parameters that control the snowpack

evolution in sloped terrain relative to the flat-field station locations. Assimilating SCF observations to optimize parameters

controlling local albedo decay and snow redistribution (panel e) almost completely removes the differences between the simu-350

lated and observed SCF (panel f). It shows that the dominant uncertainties in the forcing data can be reduced through the first

assimilation step, while the second step effectively targets the remaining small-scale errors in snowpack evolution. Since the

PF-based assimilation framework used in the first step is described and validated in detail by Oberrauch et al. (2024, 2025), the

following sections focus on the second step of assimilating SCF observations.

3.2 Parameter estimation and interpolation355

Figure 5 presents the estimated optimal adjustments to the albedo decay parametrization and the precipitation multiplier for

the Lake Thun catchment over the winter season 2022/23. Panels (a) and (b) show the pixel-by-pixel estimates, available only

where observations are available, while panels (c) and (d) display the interpolated and smoothed parameter fields covering

the entire domain. Because the assimilation scheme targets local corrections at the slope scale, the resulting parameter fields

exhibit substantial pixel-to-pixel variability, and the patterns reflect multiple terrain characteristics, including slope and aspect,360

beyond simple spatial proximity.

A first qualitative interpretation suggests that the optimal albedo change parameters (Figure 5a) are generally higher along

ridge lines and lower in valley bottoms, however, with considerable spatial heterogeneity. In contrast, the precipitation multi-

plier exhibits (Figure 5b) slightly more coherent spatial patterns, generally aligned along the mountain range’s northern and

southern sides. These distinct spatial patterns indicate that adjustments to the albedo decay and the precipitation multiplier365

provide sufficiently independent handles on the evolution of the snowpack. Furthermore, a statistical assessment indicates

that global correlations between the perturbation parameters and various topographic characteristics, such as aspect, slope,

and elevation, are weak (results not shown). This aligns with the goal of correcting only non-systematic, small-scale errors in

accumulation and ablation patterns that a global, terrain-dependent tuning cannot resolve.

The interpolation estimates the model parameters for unobserved locations by drawing from grid cells in the immediate370

neighborhood and on the same or adjacent aspects and hill slopes. The resulting parameter maps (Figure 5c and d) therefore

exhibit complex spatial structures that reflect multiple topographic dimensions. Note that interpolation produces continuous

parameter fields rather than the discrete perturbation parameters shown in pixel-by-pixel estimation. For improved compara-
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Figure 4. Observed and modeled snow-cover fraction maps for the Inn catchment on June 19, 2024. Sentinel-2-based observations are

shown in the upper-left panel. Panel (a) shows the reference simulation without assimilation, panel (c) the simulation after applying the

forcing corrections inferred in the first assimilation step, and panel (e) the simulation after additionally optimizing model parameters in the

second assimilation step. The corresponding difference maps are shown in the right-hand panels (b), (d), and (f), respectively.
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Figure 5. Parameter adjustments to the albedo decay and the precipitation multiplier inferred from the SCF assimilation. The upper panels

show pixel-by-pixel estimates, whereas the lower panels show interpolated parameters. Note that in the upper panels, the unobserved grid

cells shown in white, where no parameter updates are computed, use the default parameters (φ= 0 and ζ = 37).
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bility, particularly of the nonlinear albedo parameters, the lower panels also show discretized values, with class boundaries

placed at the midpoints between the initial perturbation levels. Since the resulting patterns depend on the parameters of the375

Gaussian interpolation scheme (as defined in Section 2.5.2), a dedicated sensitivity analysis to these parameters is presented in

Section 3.4.

3.3 Improvements in SCF estimates

Figure 6 shows SCF observations and model bias of the different simulations for the Lake Thun catchment on May 4, 2023. The

control simulation, shown in panel (a), generally overestimates SCF relative to the observations, shown in the top-left panel,380

except that it underestimates SCF on southwesterly slopes near the observed snow line altitude. The pixel-by-pixel simulation

with adjusted parameters, shown in panel (d), provides a substantially better match to the observations and reduces both over-

and underestimation apparent in the control run. Nonetheless, some biases remain, mostly positive on the westerly to northerly

slopes, visible along the ridge line in the center, and in the foothills of the high mountains to the south of the catchment.

Expectedly, the same bias patterns are even more pronounced in both the interpolated and the leave-one-out runs, in panels (b)385

and (c), respectively, even though both still outperform or match the performance of the control simulation. It should be noted,

however, that this assessment on May 4 is not necessarily representative of the model’s performance over the entire season.

Figure 7 shows the temporal evolution of SCF RMSE and bias between January and July 2023, with the observational

coverage of the catchment for each retrieval date shown in the uppermost panel. The pixel-by-pixel simulation yields lower

RMSE and absolute bias than the control simulation throughout most of the season, reducing the RMSE by about 50 % from390

May onward. The interpolated simulation yields RMSE and bias values between those of the control and pixel-by-pixel sim-

ulations, corresponding to a reduction in RMSE of about 25 %. While improvements in the LOO simulations are expected to

be the lowest, they still show a decrease in RMSE of about 10 % relative to the control run. These improvements are largely

constrained to the late ablation season, while the performance earlier in the season is, as expected, comparable to that of the

control simulation. The bias of all shown experiments is comparatively small, with absolute values below 15 % and mostly395

even below 10 %. As with the RMSE, improvements in bias are most notable during the ablation season and are strongest for

the pixel-by-pixel simulation, with less improvement for the interpolated and LOO simulations.

Overall, the performance differences between the simulations are most pronounced during the ablation season, starting in

April 2023, again because SCF observations are most influential in this data assimilation context during periods of partial snow

cover. Hence, for observations taken shortly after snowfall events (e.g., in mid-March), the differences between simulations400

diminish, largely because the fresh-snow SCF parameterization is only weakly sensitive to adjustments to albedo decay and

the precipitation multiplier, and SCF values increase to 100% over most of the domain. On the contrary, snow-free conditions

over large parts of the domain in the late season tend to reduce RMSE and bias across all simulations. Nevertheless, a seasonal

bias pattern remains evident, with negative bias (underestimation of SCF) during the accumulation season until mid-March and

positive bias (overestimation) during the ablation period.405

Figure 8 shows RMSE and bias for January to July 2023, but for the entire model domain. As in the Lake Thun catchment

(Figure 7), the pixel-by-pixel simulation clearly outperforms the control run throughout the season. Notably, the interpolated
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Figure 6. Snow cover fraction observations and model bias (Obs. - Sim.) for Lake Thun catchment on May 4, 2023. The postprocessed

observation based on Sentinel-2 retrievals is shown in the top-left panel. The model SCF biases of the control, leave-one-out, interpolated,

and pixel-by-pixel simulations are shown in panels (a), (b), (c), and (d), respectively, with forested areas in green. Note that the forest masks

for the observation and the simulations are not identical.
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Figure 7. RMSE (central panel) and bias (lower panel) between January and June 2023, across the different experiments. The upper panel

indicates the observational coverage, i.e., the percentage of observed grid cells in the corresponding SCF map. The vertical dashed line

indicates May 4, 2023, which is shown in Figures 6.

and LOO runs also show consistent improvements throughout the season, indicating arguably better domain-wide performance

than for the Lake Thun catchment alone. The observed improvements are therefore not limited to a single catchment but are

representative of the broader model domain, suggesting that the insights gained from the following sensitivity experiment in410

the Lake Thun catchment are generalizable for the full domain.

3.4 Sensitivity to the interpolation parameters

Although the assimilated SCF observations are, in principle, fully spatially distributed, limitations of optical retrievals require

that information be propagated to unobserved grid points. The multidimensional Gaussian interpolation scheme used for this

purpose has two key parameters (see Section 2.5.2). The standard deviation σ defines how the trust in neighboring information415

is scaled with distance, while the scaling factor γ modulates the relative importance of horizontal distance versus differences

in aspect and slope for the albedo change parameter and the precipitation multiplier.

Figure 9 illustrates the interpolated precipitation multiplier fields for four parameter combinations. As expected, a wider

standard deviation (larger σ values) and a stronger weighting of horizontal distance over slope angle differences (larger γ

values) yield smoother spatial patterns. Thereby, variations in σ have a stronger impact than changes in γ, indicating that the420

radius of influence exerts greater control over the interpolation than the relative weighting of horizontal distance and terrain

differences. The leave-one-out interpolation fields are not shown, as they are visually almost indistinguishable from the standard
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Figure 8. Sames as Figure 7, but for the entire model domain.

interpolation results, despite having a considerable influence on simulation outcomes (compare RMSE of the interpolated and

leave-one-out simulations in Figure 7).

Figure 10 shows RMSE values between January and July 2023 (same as Figure 7) for six combinations of interpolation425

parameters, with σ ∈ {250,400,800m} and 250m≡ γ ∈ {5,10,15°}. The upper panel shows the RMSE of interpolated sim-

ulations, while the lower panel shows the RMSE of the leave-one-out simulation. As expected, a more local interpolation

(smaller σ and γ values) results in better performance of the interpolated simulations, because the interpolated parameter fields

remain closer to the pixel-by-pixel estimates. Thus, sensitivity to differences in aspect and slope decreases with wider standard

deviations; in simulations with σ = 800m, the values of γ appear to have no effect.430

The leave-one-out simulations exhibit minimal sensitivity to the interpolation parameters. Interestingly, stronger local in-

terpolation does not lead to overfitting or degraded performance. Instead, simulations using smaller σ values perform slightly

better overall, while variations in γ have a negligible impact. Based on this assessment, we chose σ = 250m and γ = 250m
5 ° as

interpolation parameters since they perform best in both the interpolated and leave-one-out simulations.

4 Discussion435

This study demonstrates improvements in distributed snowpack estimates by applying stationary updates to selected model

parameters inferred from a PBS assimilation of multiple SCF observations within a single season. The most obvious strategy

for operational implementation within a nowcasting framework is to update the PBS-based parameters whenever new SCF

observations with sufficient coverage become available. Such sequential assimilation without resampling would progressively
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Figure 9. Results of the interpolated adjustments to the precipitation multiplier for different values of the interpolation parameters (σ and γ),

based on the pixel-by-pixel estimates shown in the uppermost panel (wherein unobserved grid cells are shown in white).
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Figure 10. RMSE of the different sensitivity experiments with varying interpolation parameters between January and June 2023, with the

interpolation simulations in the upper panel and the leave-one-out simulations in the lower panel.

refine parameter estimates over the course of the season at minimal additional computational cost, requiring only repeated as-440

similation and interpolation steps, with no additional ensemble simulations. The deterministic simulation using the interpolated

parameters would need to be restarted from the beginning of the season after each update, but given its deterministic nature,

this remains computationally feasible. Based on the results presented in Section 3.3, however, major improvements in the

model estimates are not expected until the beginning of the ablation season, when the SCF observations become increasingly

informative. Nevertheless, since the operational model domain spans from near sea level to 4500 m, regions of partial snow445

cover can be found somewhere across the domain throughout most of the winter, suggesting that improvements to the model

estimates can be expected at any given time, albeit not uniformly across the entire domain.

An alternative strategy would be to estimate optimal parameters for multiple distinct seasonal phases, e.g., accumulation,

ripening, and ablation, through sequential PBS assimilation, with a reset or resampling step between phases. However, this

approach faces a fundamental limitation of SCF observations as, at any given location, both observed and modeled SCF values450

remain close to 100 % for most of the local snow season, resulting in near-identical particle weights across ensemble members.

This is already evident in the RMSE and bias time series (Figures 7 and 8), which show little sensitivity to different param-

eters during the accumulation season. Consequently, all perturbations would be assigned nearly equal likelihood, and, in our

setup, the most conservative, non-perturbed member would be selected as optimal, which in turn undermines the rationale for

having multiple assimilation windows in the first place. More fundamentally, local adjustments to both the albedo decay and455

precipitation multiplier are most effective when applied consistently over a substantial portion of the season, as model short-
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comings may have accumulated for months before SCF observations become informative. Constraining parameter adjustments

to the depletion period would therefore likely require unrealistically large perturbations to compensate for errors that have

accumulated throughout the season.

A key question for any distributed snow data assimilation scheme concerns spatial correlation and the extent to which460

improvements at observed locations can inform unobserved locations. The leave-one-out simulations show only marginal

improvement over the control simulations, suggesting that SCF-derived adjustments to the albedo decay and the precipitation

multiplier are highly local and cannot be easily propagated to neighboring unobserved cells. Other patterns of spatial correlation

across topographic dimensions not tested in this study, such as terrain position indices or climatological meltout timing, may

nevertheless exist and should be explored in future work, following the example of Alonso-González et al. (2023); Mazzolini465

et al. (2025). Despite limited performance gains at unobserved locations, the improvements at observed grid cells are sub-

stantial. From an operational perspective, it would be inappropriate to disregard this information simply because unobserved

locations do not benefit to the same extent. The leave-one-out results further indicate that applying interpolated parameters

across the domain does not degrade model performance at unobserved locations, although performance within forests could

not be evaluated.470

While we are directly comparing observed and modeled SCF, the retrieval of SCF data from spaceborne spectral reflectance

data, as well as the model’s internal SCF parameterization, are additional sources of uncertainty. The assimilated SCF data are

not direct observations but are derived from reflectance data through multi-spectral unmixing (Keuris et al., 2023), followed

by masking of clouds, forests, and urban areas, and upscaling to the model resolution (Cluzet et al., 2024). Each of these

post-processing steps contributes to the uncertainty of the assimilated data. On the other hand, SCF is not a physical state475

within FSM2OSHD but rather computed through a complex subgrid parametrization based on snow depth, SWE, and snowfall

history (Helbig et al., 2021b). Hence, the comparison between modeled and observed SCF may be intrinsically flawed, despite

the assimilation scheme already accounting for the relevant uncertainties. For example, the model’s fresh-snow SCF parame-

terization (as outlined in Section 2.2.3) assigns an SCF of 97 % for a snow depth of only 15 cm, which might be realistic for

flat meadows but not for rugged mountain terrain. On the other hand, shallow snowpacks viewed from space may appear less480

bright, corresponding to an observed SCF of less than 100 %, particularly when vegetation or soil is visible beneath the snow

(Keuris et al., 2023; Cluzet et al., 2024). This mismatch highlights an additional source of structural uncertainty that could be

mitigated by adapting the model’s SCF parametrization.

5 Conclusions

This study demonstrates the potential of combined assimilation of in situ snow depth observations and spaceborne SCF ob-485

servations in an operational snow-modeling application. The proposed framework follows a two-step approach, driven by the

availability of assimilation data and operational constraints on computational efficiency. First, subregional errors in the mete-

orological forcing are corrected by assimilating flat-field in situ snow depth observations (following Oberrauch et al., 2024).

Second, two key model parameters controlling small-scale accumulation and ablation processes are adjusted via a PBS as-
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similation of spatially distributed SCF observations derived from Sentinel-2 data. An important design feature ensures that490

model parameters at flat locations remain unaffected, allowing the two assimilation steps to be independent from each other.

Grid-cell-specific adjustments to the aspect-dependent albedo decay and the slope-dependent precipitation multiplier improve

the representation of melt timing, melt rates, and preferential deposition and redistribution patterns, which are otherwise un-

derresolved by the model physics. The parameter adjustments are distributed across the domain to unobserved grid cells using

a local interpolation scheme based on the horizontal distance and differences in aspect and slope. While substantial improve-495

ments are achieved at observed grid cells, unobserved grid cells, evaluated using a leave-one-out strategy, benefit to a lesser

extent.

Because SCF observations contain the most useful information primarily during periods of partial snow cover, the chosen

PBS approach enables estimation of stationary parameter adjustments that best reconstruct the seasonal evolution of the snow-

pack. For an operational nowcasting application, however, sequential updates of the PBS without resampling could progres-500

sively refine parameter estimates over the season, with updates performed whenever valid SCF observations become available.

In this context, the potential benefit of partitioning the season into multiple assimilation windows should also be investigated.

Code and data availability. The source code of the FSM2OSHD snow model is publicly accessible at https://github.com/oshd-slf/FSM2osh

d. Meteorological forcing data can be obtained from MeteoSwiss under https://www.meteoswiss.admin.ch/services-and-publications/servic

e/open-data.html. In situ snow depth measurements from the monitoring network are provided by the WSL Institute for Snow and Avalanche505

Research SLF at https://measurement-data.slf.ch/ and by MeteoSwiss at https://data.geo.admin.ch/browser/index.html#/collections/ch.met

eoschweiz.ogd-nime. Snow cover fraction maps derived from Sentinel-2 imagery are distributed through ESA’s AlpSnow EXPRO+ project

at https://alpsnow.enveo.at/.
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