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Abstract.1

Understanding how the sparse distribution of precipitation gauges at higher elevations contributes to uncertainty in snowfall2

estimation is crucial in mountainous regions. This is particularly important because uncertainties arising in headwater areas can3

propagate through hydrological modelling, ultimately affecting the estimation of all components of the water balance. How-4

ever, establishing dense gauge networks in complex mountain terrain remains challenging, highlighting the value of exploring5

whether remote sensing observations can help reduce uncertainties in snowfall estimates.6

This study assimilates Sentinel-1 C-band snow-depth observations into the snow module of the GEOframe hydrological7

model, coupled with a snow-density scheme, to update snow depth, snow water equivalent (SWE), and snowfall estimates. The8

approach is applied to two key Alpine catchments, the Aosta River catchment and the headwaters of the Piemonte catchment9

in the upper Po River basin, which are critical sources of snowmelt-driven river discharge for sustaining agricultural activities10

in the Po Valley and have limited high-elevation gauge coverage. Results show that assimilating satellite-derived snow depth11

increases snowfall estimates across elevation gradients compared to snowfall partitioned by the hydrological model, and sub-12

stantially improves simulated river discharge during the snowmelt season. Similar improvements are also observed in years13

without data assimilation, indicating a sustained positive influence on model performance.14

1 Introduction15

Accurate knowledge about the spatial and temporal distribution of snowfall is essential for managing water resources effec-16

tively, supporting agricultural needs and sustaining ecosystems over mountainous regions. Uncertainty in understanding the17

spatial and temporal patterns of snowfall mainly arises from variability in the magnitude and seasonality of snow–elevation18

gradients, as well as from landscape characteristics and atmospheric conditions (Harpold et al., 2017; Avanzi et al., 2020;19

Girotto et al., 2020).20

Uncertainties in meteorological forcing data strongly influence snowpack simulation results, particularly limitations in ob-21

servational networks and forcing data represent a major source of uncertainty in modeling mountain snow patterns (Cho et al.,22
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2022; Raleigh et al., 2016; Lundquist et al., 2019). These uncertainties propagate through snowpack models, leading to signif-23

icant biases in the simulations (Pflug et al., 2024). The high-quality meteorological input data e.g., precipitation is often scarce24

in remote or complex terrain. However, precipitation data collected from ground stations remains the most reliable source for25

quantifying this variable and plays a vital role in meteorological and hydrological studies. These measurements often face26

challenges due to spatial variability and limited station coverage. Kriging interpolation is a commonly applied geostatistical27

method for estimating the spatial distribution of ground-based precipitation measurements. Despite its strengths, kriging ac-28

curacy decreases in areas where gauge networks are sparse or unevenly distributed, as is commonly the case for mountainous29

regions. Moreover, kriging tends to smooth out spatial variability, potentially leading to underestimation of localized intense30

precipitation events (Yamamoto, 2005).31

Global and semi-global satellite precipitation products are important sources of precipitation, providing wide spatial cover-32

age, especially in regions with sparse ground-based observations (e.g., Ashouri et al., 2014; Funk et al., 2015; Hou et al., 2014;33

Hersbach et al., 2020; Gelaro et al., 2017; Dee et al., 2011). However, these global datasets frequently exhibit notable biases34

compared to ground-based observations. Reanalysis products, which are commonly used as meteorological forcing in models,35

tend to underestimate precipitation, especially in mountainous regions. This underestimation arises because reanalysis systems36

have limited ability to capture orographic effects, leading to systematic precipitation deficits in complex terrain (Cho et al.,37

2022).38

Earth observations data supply information on several snow-related variables, including snow cover extent, snow depth,39

snow surface temperature, and albedo. Recently, the C-band Synthetic Aperture Radar (SAR) observations from the Sentinel-140

European Space Agency constellation have shown significant potential for providing high-quality, moderate-resolution snow41

data, particularly in regions with deep snowpacks (Lievens et al., 2019, 2022). Additionally, radar-based approaches, which42

utilize volume scattering principles, have been validated in several airborne campaigns and form the basis of various proposed43

snow monitoring missions. These techniques are particularly valued for their ability to provide high-resolution, global snow44

coverage across a wide range of snow depths (Rott et al., 2010). However, these measurements typically face challenges related45

to revisit frequency and spatial resolution, and they are less accurate over deep or wet snow, in complex terrain, and in areas46

with dense vegetation (Derksen et al., 2014; Foster et al., 2005; Lievens et al., 2019, 2022).47

A potential approach to address limitations of both remote sensing observations and snow models is data assimilation,48

which integrates observations with models, thereby mitigating uncertainties arising from both sources (Girotto et al., 2014;49

Margulis et al., 2015; Winstral et al., 2019; Girotto et al., 2020; Smyth et al., 2022). In this regard, this study introduces a data50

assimilation framework aimed at improving snowfall estimates over mountainous regions. Specifically, Sentinel-1 snow depth51

observations are assimilated into the GEOframe-NewAge hydrological model’s snow module, coupled with a snow density52

module, to update critical model states such as snow depth, snow water equivalent, and snowfall estimates. The analysis focuses53

on two key alpine catchments in the upper Po River basin, the Aosta Valley and the headwaters of the Piemonte catchment,54

both characterized by sparse precipitation gauge coverage at higher elevations and serving as the main sources of snowmelt,55

which feeds river discharge mostly used for irrigation purposes. We validate our snowfall correction method using observed56
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river discharge during the melt season and a leave-one-out approach, and examine how Sentinel-1 data assimilation modifies57

snowfall estimates relative to the model’s original partitioned snowfall.58

The structure of the manuscript is as follows: Section 2 provides an overview of the study area and the datasets used. Section59

3 describes the hydrological model and the data assimilation workflow implemented in this research. Sections 4.1 presents the60

results of the data assimilation process used to correct snowfall over the study area, while Section 4.2 focuses on the effect61

of the corrected snowfall on the simulated river discharge, particularly during the snowmelt season. Section 4.3 discusses the62

positive implications of the results, as well as the limitations of the proposed snowfall-correction approach. The final section63

summarizes the conclusions of the study.64

2 Study Area and Datasets65

2.1 Study area and ground observed data66

The mountainous Aosta Valley catchment, shown in Fig. 1(a) and outlined in red, covers an area of 3,263 km2 and is located67

at the northwestern edge of the Italian peninsula. It includes the Italian slopes of Monte Bianco (4,809 m), Monte Rosa (4,63468

m), Cervino (4,478 m), and Gran Paradiso (4,061 m), making it the highest region in Italy. The area experiences a typical Cold69

Continental Climate, with short summers and prolonged cold winters, where temperatures can fall to −20◦ and below −30◦70

at elevations above 2,000 meters. As a typical inner-Alpine valley, Aosta Valley experiences substantial rain shadows, with71

annual precipitation ranging from 1,600 to 1,800 mm in the southeastern and windward slopes in the northwest to less than 60072

mm in the central valley. This significant variation in precipitation, along with steep temperature gradients, contributes to the73

region susceptibility to droughts and resulting vegetation stress. A ground-based dataset of daily precipitation and temperature74

measurements from 81 gauges across the Aosta Valley is used for the period 2010–2020 (see gauge locations in Fig. 1(a)).75

Fig. 1(b) shows the elevation bands within the Aosta catchment along with the number of rain gauges in each band. The figure76

indicates that most gauges are located below 2,400 meters. While a significant portion of the Aosta catchment lies above 2,40077

meters, there are only seven rain gauges in these higher elevation bands. This sparse coverage can introduce substantial bias in78

precipitation estimates when using interpolation methods such as kriging.79

The high-elevation areas of the Piemonte catchment, covering 7,870 km2 in the western and northern Alps of Italy, generally80

rise above 1,500 meters and are characterized by substantial snowfall and rugged terrain (see orange border in Fig. 1(a)). Daily81

precipitation data from approximately 150 gauges, distributed across these high-elevation areas (gauge locations also shown82

in Fig. 1(a)), were used for the period 2015–2018. Fig. 1(c) presents the elevation bands within the high-elevation areas of the83

Piemonte catchment, along with the number of rain gauges in each band. Although the number of rain gauges in the highest84

elevation bands is still limited, gauge coverage is higher than in the Aosta River catchment.85

Daily river discharge data from 12 hydrometric stations over the Aosta Valley catchmentnt, covering the period 2010–2020,86

were used to calibrate model parameters, validate results, and support further analysis. All data were provided by the Regional87

Functional Center of the Aosta Valley and are available for download at https://cf.regione.vda.it/portaledati.php.88
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Figure 1. (a) Map of the study area, including the Aosta Valley catchment (red outline) and the high-elevation regions of the Piemonte

catchment (orange outline). The area outlined in red represents the Aosta Valley catchment, while the remaining delineated subcatchments

correspond to the high-elevation regions of the Piemonte catchment. The headwaters of the Piemonte and Aosta Valley catchments lie within

the upstream Alpine sector of the Po River basin. In this study, only the high-elevation sub-catchments of Piemonte are considered, rather

than the entire region. The distribution of precipitation gauges across the study area is also shown in the histogram graphics. (b) Histogram

showing the elevation distribution and the number of gauges within each elevation band in the Aosta River catchment. (c) Histogram showing

the elevation distribution and the number of gauges within each elevation band in the headwater of the Piemonte catchment.

2.2 Sentinel-1 snow depth89

We use data from a two-satellite constellation, S1A and S1B, of the Sentinel-1 mission, launched in April 2014 and 2016,90

respectively. Each satellite follows an exact 12-day repeat cycle, completing 175 orbits within each cycle. Positioned in the91

same orbital plane with a 6-day phase offset, this dual-satellite setup achieves a precise 6-day repeat cycle. Additionally,92

depending on the area, more frequent observations (averaging every 2–3 days) are possible due to partly overlapping swaths93
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and the combination of ascending and descending orbital passes (Lievens et al., 2019, 2022). The snow depth retrieval process94

utilizes the sensitivity of the radar C-band backscatter signal to changes in snow accumulation and melting and it uses a change95

detection method to derive snow depth values (Lievens et al., 2019). The snow depth algorithm leverages the volume scattering96

principle caused by the snowpack as a dense medium composed of clustered, irregular ice crystals. Additionally, enhanced97

scattering can arise from interactions at snow layer interfaces and at the snow-ground boundary. Generally, a deeper snowpack98

results in more intense scattering, allowing the strength of the scattering signal to be correlated with snow depth (Girotto et al.,99

2024). The data with 500m spatial resolution is freely downloadable from https://ees.kuleuven.be/project/c-snow for the period100

from mid-2016 to 2023.101

Figure 2. January–April mean snow depth retrieved from Sentinel-1 data during 2017-2020, averaged over subcatchments within the Aosta

Valley catchment and the headwater of the Piemonte catchment.

Fig. 2 presents the January-April mean snow depth retrieved from Sentinel-1 data for the water years 2017-2020, averaged102

over subcatchments within the Aosta Valley catchment and the high-elevation areas of the Piemonte catchment. The figure103
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indicates that a large part of the snow accumulation occurs in the Aosta Valley, with higher snow depths observed in the 2018104

and 2020 water years.105

3 Methods106

3.1 GEOframe-NewAGE hydrological model107

The GEOframe-NewAGE modeling system is a semi-distributed hydrological model that integrates different components to108

simulate various processes within the hydrological cycle. It is developed to manage the complexities of hydrological processes,109

offering a flexible, modular, and open-source environment (Bancheri et al., 2019; Formetta et al., 2014). The delineation of110

subcatchments is derived using the Horton Machine toolbox (Abera et al., 2017). Additionally, the Extended Petri Net (EPN)111

(Bancheri et al., 2019) illustrated in Fig. 3 delineates the allocation of precipitation flux into snowfall and rainfall based on air112

temperature (Formetta et al., 2014). Subsequently, melted snow augments the liquid water in snow, with options for refreezing113

or transferring to the vegetation. The input flux into the canopy reservoir either evaporates from the canopy or descends to the114

soil (Fig. 3(b)). The portion reaching the soil is distributed across three reservoirs, outlined in Fig. 3(c). For a comprehensive115

understanding of reservoir functionality, readers are encouraged to refer to primary references such as Formetta et al. (2014) and116

Bancheri et al. (2019). Including the correction factors for rainfall and snowfall (αr and αs), the model contains 19 parameters117

(see Table A1), all of which can be calibrated by the user following a sensitivity analysis.118

3.1.1 Snow component in GEOframe-NewAGE119

The snow component in GEOframe-NewAge (Formetta et al., 2014) is modeled through two primary steps: separating snowfall120

and rainfall, and generating meltwater discharge. Rainfall and snowfall are separated using the following equations:121

Pr = αr

(
P

π
arctan(T −Tm) +

P

2

)
(1)122

Ps = αs(P −Pr) (2)123

where Pr and Ps represent the rainfall and snowfall components of total precipitation P , respectively. Here, T is the air124

temperature, Tm is the melting temperature, and αr and αs are correction factors of rainfall and snowfall that can be adjusted125

during calibration.126

The snow modeling, including the computation of snow water equivalent and melting discharge, is achieved by solving the127

following differential equations. For a detailed description of the terms in these equations, please refer to (Formetta et al.,128

2014).129
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Figure 3. Representation of the water cycle in the GEOframe modeling system, illustrating: (a) the snow reservoir along with satellite-derived

snow data assimilated into the model, (b) the canopy layer, and (c) the ground and subground reservoirs.





dSr

dt = Pr + m− f −Md

dSs

dt = Ps + f −m

SWE = Ss + Sr

(3)130

where m and f represent the melt and freeze water, respectively, and Md denotes the melting discharge. The sum of the131

liquid water (Sr) and solid water (Ss) in the snowpack is defined as the snow water equivalent (SWE).132

To enable snow depth estimation, a snow density scheme using the iSnobal parameterization (Marks et al., 1999) has been in-133

tegrated into the GEOframe model. This parameterization, widely adopted by the snow science community, has been validated134

across various scales and mountain environments (Painter et al., 2016; Hedrick et al., 2018; Girotto et al., 2024).135
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Figure 4. Flowchart to illustrate the methods used to assimilate Sentinel-1 snow depth retrieval with snow depth simulated by GEOframe

model. In the flowchart, SD denotes snow depth.

3.2 Particle filter batch smoother136

The primary aim of a particle filter is to estimate the unknown state of a system based on a series of noisy observations. Instead137

of relying on a single estimate, the particle filter employs a set of possible states, known as particles, to approximate the proba-138

bility distribution of the system state. Each particle represents a potential state, and together they provide an approximation of139

the system’s actual underlying state. Particle filters are well-suited for highly nonlinear systems and can handle non-Gaussian140

state variables, unlike the Kalman filter, which assumes linearity and Gaussian distributions (Gordon et al., 1993). The particle141

batch smoother is a particular case of the traditional particle filter that allows for a more refined estimate of the system state142

by considering all available observations (Leeuwen, 2009). It is useful in situations where a complete understanding of the143

system state is required over the entire observation period, not just in real-time (Margulis et al., 2015). In following section,144

we describe the methodology used to assimilate Sentinel-1 snow depth retrievals with snow depth simulated by GEOframe145

hydrological model. Specifically, we present a particle filter batch smoother to estimate the posterior distribution of snow depth146

and to adjust the snowfall forcing accordingly (see Fig. 4).147

3.2.1 Data assimilation setup in GEOframe model148

The core approach follows the method outlined in Girotto et al. (2024), with key differences: here, data assimilation is imple-149

mented within the GEOframe hydrological model, focusing specifically on correcting the portion of precipitation classified as150

snowfall in the model.151
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– Ensemble generation152

In this study, we assume that the primary source of uncertainty in estimating snow depth in mountainous regions is153

the bias in snowfall estimates, which is accounted for by adjusting the parameter snowfall correction factor (αs). An154

ensemble of 100 particles, αs, is used, as our analysis indicates this number of particles is sufficient to ensure stable155

performance of the particle filter method. Values for αs are drawn from a log-normal distribution with a mean and156

coefficient of variation set to 1. Uncertainty is also attributed to the remaining five snow-related parameters in the model.157

These are sampled from a normal distribution within predefined ranges specified by the model. Additionally, the rainfall158

correction factor (αr) is set to 1. The GEOframe model is run 100 times, with each run incorporating the αs along with159

other snow parameters generated during the particle sampling step.160

Before the update step, each particle is assigned an equal probability of occurrence, resulting in weights defined as:161

w−j =
1

Nens
(4)162

where
∑Nens

j=1 w−j = 1.163

– Updating the state variables164

The target of the update step is to adjust the weights of the ensemble particles by assimilating Sentinel-1 snow depth165

retrievals. The weights are determined by comparing the predicted state of the particle to the observed data. The pre-166

dicted state here is snow depths obtained by the model and observed data refers to the Sentinel-1 snow depth retrievals.167

This is achieved by calculating the likelihood function p(Z|Y ), where Z is Sentinel-1 snow depth retrievals within the168

assimilation window, and Y represents the assimilation control vector. In our case, Y consists of the Nens values of169

snowfall correction factor αs. The likelihood function corresponds to the specified probability distribution function for170

observation errors, pv(Z−M−
j ), where M−

j denotes the predicted snow depth from particle j (which is snowfall factor171

j).172

The probability distribution function pv(Z −M−
j ) is generally represented by a Gaussian process, assuming that obser-173

vation errors have a zero mean with a specified error covariance, Cv (Eq. 5).174

pv(Z −M−
j ) =

1√
(2π)Nobs |Cv|

exp
(
−1

2
(Z −M−

j )T C−1
v (Z −M−

j )
)

(5)175

The updated weights for each particle are computed as follows:176

w+
j =

C0

Nens
pv

(
Z −M−

j

)
, (6)177

C0 =
Nens∑Nens

k=1 pv

(
Z −M−

j

) (7)178
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where w+
j is the updated weight for particle j, C0 is a integration constant, Nens denotes the ensemble size, and pv(Z −179

M−
j ) represents the likelihood of the observation errors. The updated weights provide a discrete approximation of the180

posterior probability distribution, enabling the estimation of posterior snowfall and snow depth values. Fig. 4 illustrates181

the process of assimilating modelled snow depth with Sentinel-1 snow depth retrievals to estimate the posterior values182

of snowfall and snow depth.183

– Data assimilation implementation steps184

The process of data assimilation for each subcatchment (HRUs) begins by generating the particles, which are the cor-185

rection factors of snowfall (αs), after which the snow components of the GEOframe model are run for each correction186

factor. The other parameters in the snow component of the model, melting temperature, freezing factor, melting factor,187

radiation factor, and snow porosity, are sampled within their respective allowable ranges to account for parameter un-188

certainty in the data assimilation process (see Table A1 for the parameter ranges). In addition, the average snow depth189

retrieved from each subcatchment from Sentinel-1 is incorporated into the assimilation process. Sentinel-1 snow depth190

data are assimilated only on dates following storm events occurring between January and mid-April, when the likelihood191

of dry snow conditions is higher. The weights corresponding to particles (αs) are updated during the "update" phase of192

the data assimilation based on Eq. 5 and 6. Subsequently, αs and other snow model parameters, in each subcatchment,193

are estimated as weighted averages using the updated particle weights.194

4 Results and Discussion195

In this section, we present the results of assimilating Sentinel-1 snow depth data into the GEOframe model, applied to Aosta196

River Catchment and the headwater of Piemonte, as a part of the Italian Alps. The general data assimilation framework is197

first described in Section 4.1. We then present the corrected snowfall obtained using the proposed assimilation method and its198

evaluation. Subsequently, the modified snowfall are used to simulate river discharge in the Aosta Valley catchment, enabling199

an assessment of the proposed method effectiveness in reproducing observed streamflow during the snowmelt season (Section200

4.2). Finally, Section 4.3 discusses the benefits and limitations of the proposed approach.201

4.1 Data assimilation over Aosta Valley and headwater of Piemonte catchments202

Given the difficulty of maintaining dense gauge networks in high-elevation terrain, this section evaluates the potential of203

remote-sensing observations to reduce uncertainty in snowfall estimates at these elevations. In this regard, the potential of the204

data assimilation approach proposed in Section 3.2.1 is investigated through the incorporation of Sentinel-1 snow depth data205

into the model. Through a comparison of ground measurements and Sentinel-1 snow depth, the average of the Mean Absolute206

Error (MAE) is 454.1± 216.4 mm for the Aosta Valley catchment.207

For the Aosta Valley catchment, the data assimilation is applied over the 2017–2020 water years, corresponding to the208

period of available Sentinel-1 snow depth observations. Fig. 5 presents that 100 snow depth ensemble members are generated209
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Figure 5. Snow depth ensemble (100 samples) generated based on different particles (snowfall correction factors, αs). The color scale

indicates the updated weights (Eq. 6) of the generated snow depths, with black representing values closer to the posterior snow depth, and

light grey indicating values further from it. This plot specifically shows the results for a subcatchment within the Aosta Valley catchment.

Figure 6. Snowfall correction factor distribution across different elevation bands over the entire study area. Higher correction factors at

higher elevation bands indicate increased uncertainty in snowfall estimation by the model compared to lower elevations.

by the model for a subcatchment over the Aosta Valley catchment, each corresponding to a set of αs and the other perturbed210

snow model parameters. In this figure, darker colors indicate higher particle weights, reflecting a stronger agreement with the211

posterior snow depth, while lighter grey colors represent lower weights and a greater deviation from the posterior estimate.212

The rainfall correction factor (αr) is fixed at 1, based on the assumption that only snowfall is subject to correction using snow213

depth observations. Hereafter, rainfall and snowfall with αr and αs equal to 1 are referred to as baseline rainfall and baseline214

snowfall, respectively, and their sum is defined as baseline precipitation. (see Eq. 2). When αs is instead derived through data215

assimilation, the resulting snowfall is referred to as corrected snowfall. The distribution of the snowfall correction factor across216
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Figure 7. Spatial variation of total precipitation during January-March (snowfall plus rainfall) across the catchment, shown for each sub-

catchment, as derived from (a) the kriging interpolation method and (b) after correcting snowfall through the assimilation of Sentinel-1 snow

depth data. Panel (c) presents the difference between (a) and (b), highlighting that the largest differences occur at the higher elevations of

the Aosta catchment, while differences in the valley areas are minimal. The red border indicates the Aosta River catchment, and the orange

border indicates the headwaters of the Piemonte catchment.

elevation bands for the entire study area, shown in Fig. 6, demonstrates that this factor increases with elevation, suggesting that217

the model increasingly underestimates snowfall at higher elevations and that associated uncertainty grows with elevation.218
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Fig. 7(a) (red border) illustrates the spatial distribution of January–March precipitation across the Aosta Valley catchment219

during the 2016–2018, showing lower values in the central part of the catchment, which is characterized by lower elevations.220

Total precipitation in this panel is obtained through interpolation of ground observed precipitation measurements for each221

subcatchment and corresponds to the sum of the baseline rainfall and snowfall in Eq. 2 (with αr and αs both set to 1).222

Additionally, the winter values (January–March) associated with the total precipitation, calculated as the sum of the corrected223

snowfall and baseline rainfall during 2016–2018, are shown in Fig. 7(b). The results indicate an increase in total precipitation224

at higher elevations, primarily due to the enhanced snowfall estimates. Fig. 7(c) shows the difference between panels (a) and225

(b), allowing visualization of the areas where snowfall has been corrected. The figure indicates that, at lower elevations (the226

central part of the Aosta Valley), the differences are close to zero, while most of the changes occur at higher elevations (see the227

red boxes in Fig. 7). Owing to the longer data availability in the Aosta River catchment, the comparison between the corrected228

and original snowfall for this area is shown separately in Fig. A1. Fig. A1 also demonstrates that the difference between the229

corrected and baseline snowfall at higher elevations is more pronounced, while it remains close to zero in the low-elevation230

valley.231

The study area is extended to the high-elevation regions of the Piemonte catchment, where Sentinel-1 snow depth retrievals232

(MAE 398.6± 193.6 mm relative to ground measurements) are assimilated into the GEOframe model to improve snowfall233

estimates. Compared to the Aosta Valley catchment, gauge density is higher across the upper elevation bands. Figure 7(a)234

(orange outline) shows the January–March total precipitation for each subcatchment for 2016–2018, obtained by interpolation235

as the sum of baseline snowfall and rainfall. The corresponding panels in Fig. 7(b) show January–March total precipitation after236

assimilation (corrected snowfall plus baseline rainfall). Unlike the Aosta Valley catchment, baseline and corrected snowfall in237

the Piemonte catchment differ only slightly across most subcatchments, with generally higher corrected values, as further238

illustrated in Fig. 7(c) (orange border).239

The corrected snowfall over the study area is validated using a leave-one-out approach, in which one precipitation gauge is240

excluded and its precipitation is first estimated via kriging. Sentinel-1 snow depth from the nearest grid cell is then assimilated241

to adjust snowfall, and total precipitation is obtained by adding this corrected snowfall to the baseline rainfall. These two242

estimates are subsequently compared to evaluate the correction performance. Fig. 8 presents the RMSE against observations at243

the excluded gauge, demonstrating the improvement in winter precipitation (January–March) estimates with data assimilation.244

Additionally, a cross-comparison is performed between SWE values derived from the corrected snowfall in the GEOframe245

model and the IT-SNOW dataset (Avanzi et al., 2022). The correlation coefficients, along with time series comparisons for246

different elevation bands, are presented in Fig. A3 and Fig. A4 in the Appendix.247

4.2 Hydrological modeling over Aosta Valley catchment248

In this section, the hydrological model forced with kriged precipitation is referred to as the baseline model, while the model249

using corrected precipitation values through data assimilation is referred to as the DA-based model. In the baseline model,250

17 parameters related to snow, canopy, runoff, root zone, and groundwater components are calibrated using observed river251
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Figure 8. Variation in Root Mean Square Error (RMSE) between observed January–March precipitation and estimates from kriging and data

assimilation at gauge locations excluded during leave-one-out validation.

discharge data from 12 hydrometric stations across the Aosta catchment. In this setup, the rainfall and snowfall correction252

factors, αr and αs, are both fixed at 1.253

In the DA-based model, snow-related parameters including αs and the five other parameters described in Section 3.1.1254

are estimated through the assimilation of Sentinel-1 snow depth retrievals into the model for the period 2017–2020. For the255

remaining years within the 2010–2020 period, the same set of snow parameters derived during the assimilation period is256

applied. The remaining parameters, related to canopy processes, runoff generation, root zone, and groundwater, are calibrated257

using observed discharge data from 12 hydrometric stations distributed across the catchment over the period 2015–2018 and258

subsequently validated during the remaining years within the 2010–2020 period. Fig. A2 presents the variation in KGE values259

between simulated and observed river discharge during the calibration period across the Aosta Valley catchment for both the260

baseline and DA-based models, highlighting the differences in their performance. The figure demonstrates that assimilating261

Sentinel-1 snow depth retrievals into the hydrological model enhances its ability to more accurately reproduce observed river262

discharge. The baseline model results for reproducing river discharge at the catchment outlet yielded KGE scores of 0.72263

during the calibration period and 0.71 during the validation period. The DA-based model demonstrates enhanced performance264

in simulating river discharge at the catchment outlet, achieving improved KGE scores of 0.87 during the calibration period265

and 0.88 during the validation period (see Fig. 9). Moreover, Fig. 9(a) illustrates that the DA-based model reproduces low266

flows more accurately than the baseline model, as indicated by the comparison of the red and green time series during periods267

of low discharge. The flow duration curve in Fig. 9(b) further supports this observation . In addition, the figure shows that268

the DA-based model provides better estimates of peak and higher flows during spring and summer, when snowmelt occurs,269

compared to the baseline model. The correlation between observed discharge and that simulated by the DA-based model and270

the baseline model during spring and summer (periods dominated by snowmelt) is shown in Fig. 10. The results demonstrate a271

higher correlation for the DA-based model compared to the baseline, indicating that correcting snowfall positively contributes272

to a more accurate simulation of river discharge.273
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Figure 9. Simulated river discharge by the GEOframe model forced with the baseline snowfall (red) and with corrected snowfall (green).

The rainfall input values in both simulations are the same. Results are shown for the calibration period (water years 2015–2018) and the

validation period (remaining years from 2010 to 2020). The horizontal grey bars indicate the periods used for calibrating and validating the

model parameters. (b) Flow duration curves corresponding to the simulations in panel (a), using the same color scheme.

Figure 10. Correlation between observed river discharge during spring and summer (shown in grey and blue, respectively, representing the

snowmelt period) and the simulations obtained from the DA-based and baseline models over the Aosta Valley catchment.

4.3 Positive implications and limitations of the proposed method274

We investigated how the description of snowfall dynamics in mountainous regions can be improved by combining satellite275

observations with a simple numerical model, both of which are subject to uncertainty. The study addresses a critical research276

challenge by demonstrating how uncertainties in snowfall propagate through modeling frameworks and significantly affect277

estimates of snow dynamics and river discharge in regions that supply snowmelt-driven discharge to downstream areas. The278

validation results in this study demonstrate that the proposed framework is extendable to other regions with limited data279

availability. One limitation of our proposed approach for snowfall correction potentially is related to wet-snow conditions,280

where Sentinel-1 C-band snow-depth estimates are more uncertain. Although we only assimilated Sentinel-1 C-band data281
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during storm events when the snow was dry, there remains an opportunity to better identify dry-snow conditions for assimilation282

into the model. Additionally, we applied a constant rainfall correction factor of 1 and only adjusted the snowfall component,283

meaning that total precipitation was not modified and only the snowfall portion was corrected.284

5 Conclusions285

In this study, a snow depth data assimilation framework was implemented to correct snow model states and improve snowfall286

estimation in parts of the Italian Alps, including the Aosta Valley catchment and Piemonte headwaters, which supply snowmelt-287

driven discharge to downstream areas. Specifically, the study explored the potential of assimilating Sentinel-1 C-band snow288

depth observations into the snow model within the GEOframe framework, coupled with a snow-density model.289

The data assimilation process for each sub-catchment involved generating 100 particles representing correction factors for290

snowfall and associated snow parameters. Each particle set was then used to run the snow components of the GEOframe model.291

Subsequently, the average snow depth retrieved from Sentinel-1 for each subcatchment was incorporated into the assimilation292

process. Sentinel-1 snow depth data were assimilated only on dates following storm events between January and mid-April,293

when dry snow conditions are more likely and radar backscatter is more reliable. The updated weights derived from the294

assimilation were then used to generate the posterior distributions of snow parameters, snow depth, and snowfall. The results295

showed that the snowfall correction factor increases with elevation, indicating that the model increasingly underestimates296

snowfall at higher elevations and that associated uncertainty grows with altitude. Consequently, the corrected snowfall at297

higher elevations is larger than the baseline (model’s estimated snowfall with αs set to 1), particularly in the Aosta Valley298

catchment.299

The reliability of the corrected snowfall produced by the proposed data assimilation method was evaluated using a leave-300

one-out approach, which indicates that the snowfall estimates from the proposed method are more accurate than those of the301

baseline. Corrected snowfall forcing of the GEOframe snow component improved river discharge simulations across the catch-302

ments, particularly during the snowmelt season, compared with the baseline model. In this regard, a better correlation between303

observed and simulated river discharge during the snowmelt season demonstrates that the corrected snowfall outperformed the304

baseline snowfall. River discharge–based validation was conducted exclusively over the Aosta Valley catchment, which fully305

coincides with the study area; only the headwater portion of the Piemonte catchment was included.306

By leveraging Sentinel-1 snow depth retrievals, we improved the ability to accurately estimate river discharge and snow307

dynamics, particularly in snow-dominated regions. These advancements have important implications for water management,308

flood forecasting, and climate resilience in mountainous catchments.309
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Figure A1. January–March precipitation over the Aosta Valley for different water years, based on the original snowfall (column a) and

corrected snowfall via data assimilation (column b). Column (c) shows the difference between a and b, highlighting areas most affected by

the correction. Higher elevations show larger changes, while the lower variations occur in the valley areas.21
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Figure A2. The variation of KGE values between observed and simulated river discharge during the calibration period across the Aosta

Valley catchment.
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Figure A3. Correlation coefficient between the SWE time series obtained from the GEOframe model forced with corrected snowfall and the

IT-SNOW data (Avanzi et al., 2022) over the study area (Aosta Valley and the headwater of Piemonte catchments).
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Figure A4. Comparison of SWE obtained from the GEOframe model using snowfall corrected by the proposed method with IT-SNOW

datasets. The comparison is performed for subbasins with different mean elevations over the study area (Aosta Valley and the headwater

of Piemonte catchments) to provide a comprehensive overview. IT-SNOW generally underestimates SWE compared to the C-band dataset.

(Avanzi et al., 2022) reported that IT-SNOW underestimates snow depth relative to C-band measurements (which we used for assimilation

into the model), which may explain the observed underestimation of SWE in this analysis. The overestimation of SWE by IT-SNOW in the

subbasin with high elevations (e.g., 3200 m in Aosta Valley) needs further investigation.
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Table A1. Applied ranges of the GEOframe hydrological model parameters used in this study.

Parameter Lower Bound Upper Bound Description

Precipitation parameters

αS – – Snowfall correction factor, to be corrected during data assimilation [-]

αr – – Rainfall correction factor, considered equal to 1 [-]

Snow parameters

meltingTemperature -3 3 Melting temperature threshold [°C]

combinedMeltingFactor 2.5 11.6 Melting factor [mm °C−1 day−1]

freezingFactor 0.1 0.5 Freezing factor [mm °C−1 day−1]

radiationFactor 1.0E-5 0.01 Radiation factor (Hock model) [mm °C−1 day−1]

αl 0.00001 1 Snow porosity coefficient [-]

Other parameters

kc 0.00001 2 Canopy outflow coefficient [-]

p 0.001 0.98 Free throughfall partitioning coefficient [-]

s_RootZoneMax 10 3000 Maximum root-zone water storage [mm]

g 0.1 7 Maximum percolation rate [-]

h 0.1 7 Non-linear reservoir exponent [-]

pB_soil 0.1 4.0 Soil moisture capacity spatial variability [-]

c 0.1 10 Non-linear reservoir coefficient [-]

d 0.1 10 Non-linear reservoir exponent [-]

s_RunoffMax 1 2000 Maximum runoff storage [mm]

e 0.0001 5 Non-linear reservoir coefficient [-]

f 0.1 5 Non-linear reservoir exponent [-]

s_GroundWaterMax 10 3000 Maximum groundwater storage [mm]
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