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Highlights

What are the main findings?

• Multi-source inputs reduced station-sample retrieval errors relative to single-source
inputs.

• SDFNet achieved an RMSE of 5.246 cm and an R2 of 0.702 in the station-based model
comparison.

What are the implications of the main finding?

• FSC and terrain inputs improved SD estimates in the ablation comparisons.
• Independent spatial validation is required before applying the maps in poorly moni-

tored mountains.

Abstract

High-resolution snow depth (SD) information supports hydrological and cryospheric
studies in complex mountain regions. Coarse SD products limit representation of terrain-
related snow variability in these environments. This study proposes SDFNet, a Snow Depth
Fusion Network combining Sentinel-1 SAR, Landsat optical data, digital elevation model
(DEM) variables, and fractional snow cover (FSC). Multi-scale feature extraction, channel
enhancement, and feature aggregation modules represent relationships among these inputs.
Observations from 95 meteorological stations across the Qinghai-Tibet Plateau supplied
supervision and reference measurements for evaluation. Station SD was the regression
target rather than a prediction input. In the station-based comparison, SDFNet achieved an
RMSE of 5.246 cm and an R2 of 0.702. It had the lowest RMSE and highest R2 among the
compared models. However, SD above 40 cm produced an RMSE of 21.927 cm and a bias
of −16.061 cm, indicating substantial deep-snow underestimation. Sparse station coverage
limits inference beyond the sampled environments, and independent spatial validation
remains necessary.

Keywords: snow depth retrieval; Qinghai-Tibet Plateau; Sentinel-1; Landsat-8; multi-source
data fusion; deep learning
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1. Introduction
Snow cover is a major component of the surface hydrological system. It regulates

winter surface temperature and supplies meltwater during the following warm season,
making snow depth an important input for climate, hydrological, agricultural, and ecolog-
ical models [1]. The Qinghai-Tibet Plateau, often referred to as the Roof of the World, is
one of China’s main stable snow-covered regions and one of the regions most sensitive to
climate change [2]. Snowmelt from the plateau and surrounding mountains strongly affects
irrigation, infrastructure, ecosystems, and regional water security [3]. Accurate snow cover
and snow depth mapping is therefore important for hydrology, remote sensing, and alpine
ecosystem studies [4].

Field measurements of snow depth are difficult to obtain across snow-covered moun-
tain regions because of harsh terrain and meteorological conditions. In situ observations
are therefore sparse over both space and time [5]. Remote sensing provides an effective
way to complement ground observations [6]. Optical and near-infrared imagery is useful
for snow-cover monitoring, whereas microwave remote sensing is particularly valuable for
snow-depth retrieval because microwave signals can penetrate the snowpack and are less
affected by clouds and atmospheric conditions [7]. Passive microwave products are useful
at broad scales [8] but usually have coarse spatial resolutions of approximately 1–25 km [9],
which is insufficient for complex mountain terrain [10]. Synthetic aperture radar (SAR)
offers higher spatial resolution and all-weather imaging capacity, making it suitable for
alpine SD retrieval [11].

Deep learning has recently become widely used for high-resolution remote-sensing
retrieval and image analysis [12]. Convolutional neural networks (CNNs) can learn spatial
features directly from image data and reduce reliance on hand-crafted feature extraction [13].
For snow-depth mapping over the Qinghai-Tibet Plateau, Zhou et al. [14] combined FY-
3B passive microwave observations with terrain, vegetation, and fractional snow-cover
features, and used XGBoost to produce 500 m snow-depth estimates. Dunmire et al. [10]
used Sentinel-1 C-band SAR data and XGBoost to estimate snow depth at 100 m resolution
in the European Alps. These studies demonstrate the value of machine learning for alpine
snow-depth retrieval, but shallow models have limited capacity for adaptive multi-source
feature fusion in heterogeneous terrain.

Sentinel-based snow-depth retrieval has developed along both physical-model and
data-driven paths. Lievens et al. used Sentinel-1 C-band SAR imagery to estimate snow
depth and showed that time-series C-band SAR observations are informative for moun-
tainous snow retrieval [15]. Feng et al. [16] further used dual-polarization Sentinel-1 data
to improve snow-depth estimates in the Scandinavian Mountains. These studies indicate
that SAR signals contain useful snow-depth information, but retrieval accuracy remains
sensitive to terrain, snow conditions, and sensor-specific limitations.

A single sensor usually cannot balance spatial resolution, temporal coverage, and
snow-depth sensitivity. SAR and optical imagery provide complementary information
about surface scattering, snow albedo, and terrain-related snow distribution [17]. Multi-
source fusion is therefore a promising strategy for improving snow-depth retrieval in
complex alpine environments. Daudt et al. [18] fused optical, radar, and topographic data
with deep learning to produce high-resolution snow-depth maps for Switzerland. Singh
et al. [19] combined DInSAR and Landsat-9 data to estimate snow wetness and dielectric
parameters for snow-depth modelling. These studies support multi-source fusion, but
further work is needed for the Qinghai-Tibet Plateau, where terrain complexity, sparse
station data, and heterogeneous snow conditions remain major challenges.

To address these limitations, this study develops SDFNet, a deep-learning model
that fuses Sentinel-1 SAR data, Landsat optical data, DEM-derived terrain variables, and
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FSC information for snow-depth retrieval over the Qinghai-Tibet Plateau. The model is
designed to enhance multi-scale spatial representation, adaptive channel weighting, and
cross-scale feature aggregation under complex alpine conditions.

2. Materials and Methods
2.1. Study Area

The study area covers the Qinghai-Tibet Plateau, the world’s highest and one
of its most topographically complex plateaus. The plateau includes high mountains,
lakes, grasslands, and glaciers. It covers approximately 3.0834 million km2, including
about 2.5813 million km2 within China, and has an average elevation of approximately
4400 m [20].

The meteorological stations are concentrated mainly along the eastern and north-
eastern parts of the plateau (Figure 1). Station coverage is limited in the western and
central plateau and in high-elevation mountain environments. The available observations
therefore support station-based evaluation but do not provide uniform validation of the
entire study area.

Figure 1. Study area and distribution of the 95 meteorological stations on the Qinghai-Tibet Plateau.
Diamond colours indicate mean observed snow depth, grouped as 0–<5, 5–<10, 10–<30, and ≥30 cm.
Terrain colours represent DEM elevation and saturate below 4242 m and above 6522 m. Context
boundary source: Esri World Countries (Generalized; Esri/Garmin/CIA/National Geographic).

2.2. Datasets and Preprocessing
2.2.1. Sentinel-1 GRD Data

Sentinel-1 provides freely available C-band SAR observations for land-surface mon-
itoring [21]. This study used VV-polarized Sentinel-1A GRD data obtained from https:
//search.earthdata.nasa.gov/search (accessed on 10 October 2026). The data were pre-
processed in SNAP 10.0 using orbit correction, noise removal, radiometric calibration,
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filtering, and terrain correction. The snow-season sampling window used for dataset
construction is described in Section 3.1.

VV backscatter was used as the radar feature in this implementation and combined
with optical, terrain, and FSC inputs. This choice defines the evaluated input configuration;
it does not establish that VV is sufficient or preferable to dual-polarization observations.
The implications of excluding VH, temperature, and temporal radar features are discussed
in Section 5.4.

2.2.2. Landsat Data

Landsat-8 optical imagery supplied four visible and near-infrared input bands. The
images were selected for the 2018, 2019, and 2020 snow seasons defined in Section 3.1
and combined with concurrent radar and station observations. The optical bands were
reprojected to the common spatial reference and resampled from their 30 m resolution to
the 10 m input grid for multi-source feature fusion. This resampling aligns the input grids
but does not create independent optical observations at 10 m resolution.

2.2.3. In Situ Station Measurements

Daily in situ snow-depth observations were obtained from the National Meteorological
Science Data Center (http://data.cma.cn/; accessed on 23 May 2025). The records include
station identifiers, elevation, latitude and longitude, observation date, snow depth, snow
pressure, and quality-control flags. After screening station IDs and geographic locations,
95 meteorological stations were retained for the study dataset. Only station records with
concurrent satellite observations were used to construct labelled samples. Code 32766
denotes a missing observation, whereas code 32700 denotes trace snow and was treated as
0 cm. Samples with missing observations were excluded, as described in Section 3.1.

2.2.4. SRTM Elevation Data

SRTM elevation data were used for terrain correction during Sentinel-1 preprocessing
and as auxiliary terrain information in the retrieval model. The data use the WGS84 spatial
reference system [22] and were obtained from http://earthexplorer.usgs.gov/ (accessed on
10 October 2026). Slope and aspect were derived in ArcMap 10.8.

2.2.5. Fractional Snow Cover Data

Fractional snow cover (FSC) data were generated using the RepFNet-based FSC
inversion approach developed in our previous study [23]. In that study, FY-4A/AGRI
remote-sensing observations and Landsat-8 OLI imagery were used to retrieve FSC, and
the resulting FSC information was used here as an auxiliary snow-cover prior for SDFNet
snow-depth retrieval.

The generation and application framework of the FSC dataset used in this study
is shown in Figure 2. The FSC dataset was generated from FY-4A/AGRI observations
and Landsat-8 OLI imagery using the RepFNet-based inversion method developed in
our previous study [23]. The generated FSC data were then spatially and temporally
matched with Sentinel-1 SAR observations, Landsat optical data, DEM-derived terrain
variables, and station-based snow-depth samples. In SDFNet, FSC was used as an auxiliary
snow-cover prior to improve the representation of snow-cover heterogeneity and support
high-resolution snow-depth retrieval over the Qinghai-Tibet Plateau.

2.3. Dataset Construction

Sentinel-1 SAR observations were combined with Landsat optical data and auxiliary
variables within the sampling window described in Section 3.1. The VV-polarized SAR
band was selected after orbit correction, noise removal, radiometric calibration, filtering,
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and terrain correction. DEM, slope, aspect, and FSC were used as auxiliary inputs. Station-
centred boundary files were generated to clip the overlapping raster layers. The fused
input was reported to contain 11 channels, with station-observed SD used as the target
variable rather than an input channel.

 FY-4A/AGRI

Landsat-8 OLI

RepFNet-based FSC 
inversion  

 our previous study      

 Fractional Snow Cover dataset     
FSC product

Spatial-temporal matching         
Sentinel-1 + Landsat + DEM + 

slope + aspect  

Auxiliary snow-
cover prior for 

SDFNet 

Snow depth retrieval 
over QTP 

Figure 2. Generation and application framework of the FSC dataset used in this study. The RepFNet-
based FSC retrieval method was developed in our previous study [23].

3. Methodology
The workflow in Figure 3 links satellite preprocessing, station-observation matching,

and supervised SD estimation. Sentinel-1, Landsat, terrain, and FSC observations supplied
the model input features. Daily SD measured at the corresponding station supplied the
regression target for each matched sample. The resulting image patches were used to train
SDFNet, and model estimates were compared with station observations using the metrics
in Section 3.3. Station SD observations were not supplied as prediction-time input features.

Data
collection

Data
processing

Sentinel-1 VV

Landsat-8 OLI

Station-observed snow depth (cm)
Supervisory target y

Auxiliary data

Data preprocessing
Resampling
Registration

Clipping

FSC

DEM

Slope

Aspect

Spatial and temporal matching
Input features X and station labels y

Training
set

Validation
set

Snow-sample screening
FSC > 0.2

SDFNet model development and evaluation
Input: X; supervisory target: snow depth y

Snow depth
prediction (cm)  

Figure 3. Workflow of SDFNet, with station-observed snow depth as the supervised regression target.
Colors distinguish workflow components and do not represent quantitative values.
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3.1. Data Preprocessing

The dataset covered the 2018, 2019, and 2020 snow seasons. Each season is named
by its starting year and extends from 1 October to 31 March of the following year. The
2018, 2019, and 2020 seasons therefore correspond to 1 October 2018 to 31 March 2019,
1 October 2019 to 31 March 2020, and 1 October 2020 to 31 March 2021, respectively.
Sentinel-1 and Landsat observations were integrated with DEM-derived variables and
FSC information. Sentinel-1 VV-polarized observations and four Landsat visible and near-
infrared bands were pre-processed to a common projection and resampled to a 10 m grid.
Station-centred 32 × 32 pixel patches were matched with concurrent station SD records.
Each patch therefore covered a 320 m × 320 m neighbourhood, while its supervisory target
was a point-scale station observation. Samples affected by cloud contamination, invalid
pixels, or missing observations were excluded. Approximately 10,000 samples with the
reported 11-channel input and corresponding station SD labels were constructed. Dataset
partitioning is described in Section 3.3.

3.2. SDFNet Model Construction

Multi-scale feature extraction and contextual representation are critical for snow-
depth retrieval from remote-sensing images. Terrain, illumination, land cover, and local
redistribution processes cause snow features to vary across spatial scales. Conventional
convolutional networks may not adequately balance local texture and broader spatial
context. SDFNet was therefore designed around multi-kernel dynamic fusion and context
enhancement. The network includes a feature extraction module, a channel enhancement
module, and a multi-scale feature aggregation module to improve the representation of
heterogeneous snow-depth patterns. The overall network architecture is shown in Figure 4.

FEM

C×H×W
3×3

Conv FEM

1×1conv

Batch N
orm

ReLu

Maxpool 3×3
Conv FEM

1×1conv

Batch N
orm

ReLu

3×3
Conv FEM

1×1conv

R
eL
u

3×3
Conv

1×1conv

Batch N
orm

ReLu

CEMCEMCEMCEM

FFR
Module

FFR
Module

FFR
Module

C×H×W Batch N
orm

 

Figure 4. Overall architecture of the SDFNet model. Colors distinguish computational blocks and
schematic feature maps; they do not indicate numerical feature values.

3.2.1. Feature Extraction Module (FEM)

The Feature Extraction Module (FEM) was designed to capture multi-scale snow-depth
signals in alpine terrain. Snow-depth patterns vary with macro-topographic relief, local
wind redistribution, slope aspect, and microtopographic shading. Windward and leeward
slopes can show metre-scale differences in snow accumulation, whereas valleys and ridges
affect snow retention at broader spatial scales. A retrieval model must therefore represent
both local snow texture and larger terrain-controlled patterns.

FEM uses parallel 3 × 3, 5 × 5, and 7 × 7 convolution branches to capture local texture,
mesoscale structure, and broader spatial variation (Figure 5). A 1 × 1 convolution follows
each branch to compress and align channel dimensions, reducing computational cost while
preserving scale-specific information. Bilinear interpolation is used when needed to align
feature-map sizes before concatenation. The fused multi-scale representation improves
sensitivity to terrain relief and snow texture under complex mountain conditions.
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Input

3×3 5×5 7×7

1×1 1×1 1×1

DownSample UpSample

Output

Figure 5. Structure of the Feature Extraction Module (FEM).

3.2.2. Channel Enhancement Module (CEM)

Snow distribution in high-resolution remote-sensing imagery is spatially heteroge-
neous because of wind, terrain relief, slope aspect, vegetation, and land-cover differ-
ences. Snow thickness can differ between windward and leeward slopes, snowdrifts
may form in local depressions, and exposed rock or vegetation can interrupt continuous
snow cover. Snow-depth retrieval therefore requires both spatial-scale representation and
feature-channel discrimination.

Different land-cover types also have distinct spectral reflectance and microwave
scattering responses. Optical bands are sensitive to snow albedo, whereas microwave bands
respond to snow structure, liquid water content, and snow thickness. Terrain shadow,
sensor noise, and local occlusion can weaken single-channel information. Modelling
correlations and complementarities among channels is therefore necessary to enhance
physically meaningful snow-depth features.

The Channel Enhancement Module (CEM) adaptively models dependencies among
feature channels (Figure 6). It summarizes global channel responses, learns the contribution
of each channel to snow-depth variation, and assigns dynamic channel weights. This
process emphasizes spectral or scattering channels that are more informative for snow-
depth retrieval and suppresses noisy or redundant responses.

Figure 6. Structure of the Channel Enhancement Module (CEM).
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The input feature tensor F ∈ RC×H×W is flattened along its spatial dimensions to
obtain channel-level representations, as shown in Equation (1).

{FA, FB, FC} ∈ RC×N, N = H × W (1)

To represent the dependencies between different feature channels, the channel correla-
tion matrix S is computed, as shown in Equation (2).

S = FB · FT
C (2)

Softmax normalization is applied to the correlation matrix along the channel dimension
to obtain the channel dependency weight matrix A, where each element is calculated as
shown in Equation (3).

Aij =
exp(Sij)

∑C
j=1 exp(Sij)

(3)

Here, Aij represents the response intensity of the i-th channel to the j-th channel
and characterizes dependencies among feature channels. The original channel features
are reweighted and reconstructed using the channel-dependency weights. A learnable
scale parameter is then introduced, and the reconstructed features are mapped back to
the original spatial dimensions for residual fusion with the input features, as shown in
Equation (4).

E = γ · ∑C
i=1(AijSi) + Sj (4)

The scale parameter is initialized to 0 at the beginning of training, allowing the model
to learn the importance of channel dependencies gradually. This design stabilizes training
while adaptively enhancing discriminative feature channels for snow-depth retrieval.

3.2.3. Multi-Scale Feature Aggregation Module (MFAM)

Multi-source remote-sensing inputs differ in spatial resolution and spectral response, and
features at different scales provide complementary information for characterizing snow-depth
patterns. The Multi-scale Feature Aggregation Module (MFAM) integrates mid- and high-level
encoder features through multi-path convolution and pooling operations, enabling cross-scale
fusion and deeper representation of multi-modal snow-depth information.

MFAM uses a multi-branch structure to model features at different scales. Channel
dimensions from different downsampling stages are first aligned using 1 × 1 convolutions.
Local structure is then modelled using 3 × 3 convolution and depthwise separable convolu-
tion. An element-wise multiplicative attention mechanism strengthens correlations between
cross-scale features and aggregates shallow detail features with deeper semantic features.

In Figure 7, C, W, and H denote the channel count, width, and height of feature maps,
respectively. C1×1 and C3×3 denote convolutions with kernel sizes of 1 and 3. B denotes
batch normalization, Cd denotes depthwise convolution, Up denotes upsampling, and Ap
denotes average pooling. The corresponding calculations are given in Equations (5)–(7).

F1 = C1×1{B[Cd(X1)]} · Sigmoid{Up[B(C3×3(X2))]} (5)

F2 = Ap{B[C3×3(X1)]} · Sigmoid{C1×1[B(Cd(X2))]} (6)

Out = B{C 3×3[F1 + Up(F 2)] (7)
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Stage2

H/2×W/2×C

H/4×W/4×C

Stage4

  

  

H/2×W/2×C

H/4×W/4×C
H/2×W/2×C

H/4×W/4×C

H/2×W/2×C

H/4×W/4×C

F1

F2

Conv3×3

Conv3×3

Conv1×1

Conv1×1

Avgpool

Out

Up

Figure 7. Structure of the Multi-scale Feature Aggregation Module (MFAM). Colored cuboids schemat-
ically represent feature maps at the indicated stages; the colors do not encode feature magnitudes.

3.3. Accuracy Evaluation Metrics

Samples from the 2018 and 2019 snow seasons were used for training and validation,
whereas the 2020 snow season was reserved for an independent temporal test. This season-
based separation assesses performance in a different period; it does not by itself establish
generalization to unseen stations or regions. Model performance was assessed using the
coefficient of determination (R2), root mean square error (RMSE), mean absolute error
(MAE), bias (BIAS), positive mean error (PME), and negative mean error (NME).

R2 = 1 − ∑n
i=1 (yi − ŷi)

2

∑n
i=1 (yi − y)2 (8)

RMSE =

√︄
1
n

n

∑
i=1

(yi − ŷi)
2 (9)

BIAS =
1
N

N

∑
i=1

(ŷi − yi) (10)

MAE =
1
n

n

∑
i=1

|yi − ŷi| (11)

PME =
1
p

p

∑
i=1

(ŷi − yi), ŷi > yi (12)

NME =
1
q

q

∑
i=1

(ŷi − yi), ŷi < yi (13)

Here, yi is observed station SD, ŷi is estimated SD, y is mean observed SD, and n (N in
Equation (10)) is the number of samples. In Equations (12) and (13), p and q count samples
with positive and negative errors, respectively. RMSE and MAE quantify error magnitude,
while BIAS measures the mean signed error. Lower RMSE and MAE, and an absolute
BIAS closer to zero, indicate lower errors. Positive BIAS denotes overestimation, whereas
negative BIAS denotes underestimation of observed SD. PME and NME summarize mean
errors conditional on their positive and negative signs, respectively. RMSE, MAE, BIAS,
PME, and NME are expressed in centimetres; R2 is dimensionless.
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4. Results
All experiments were conducted on a workstation with an Intel Core i9-14900KF CPU

(Intel Corporation, Santa Clara, CA, USA), 32 GB of RAM, and an NVIDIA GeForce RTX
4090 GPU (NVIDIA Corporation, Santa Clara, CA, USA) with 24 GB of VRAM. Python
3.8.19 and PyTorch 2.4.1+cu121 were used for model implementation. The Adam optimizer
was used with an initial learning rate of 1 × 10−3 and a batch size of 64. Models were
trained for up to 300 epochs, with early stopping when validation loss did not improve for
20 consecutive epochs. The learning rate was reduced by a factor of 0.1 when validation
loss increased.

4.1. FSC Threshold Selection

FSC was used as a prior constraint to identify snow-covered pixels and reduce inter-
ference from snow-free or trace-snow samples. An initial threshold of FSC > 0 retained
many trace or mixed pixels, which increased uncertainty between station labels and remote-
sensing features. We therefore evaluated several FSC thresholds to identify a threshold that
improved sample quality while retaining enough training samples.

FSC ∈ {0, 0.1, 0.2, 0.3, 0.4, 0.5} (14)

For each threshold, pixels with FSC above the threshold were retained as valid snow
samples. SDFNet was trained and evaluated under identical model and training settings for
each dataset. Validation accuracy metrics were then compared across thresholds (Figure 8).

Figure 8. FSC threshold selection experiment results. Green-outlined circles mark mean values.

The threshold experiment compared FSC values of 0, 0.1, 0.2, 0.3, 0.4, and 0.5. FSC
thresholds and R2 are dimensionless, whereas RMSE is expressed in centimetres. The
configuration with FSC > 0.2 gave the most favourable combination of R2 and RMSE
among the tested thresholds. Increasing the threshold further did not improve the reported
accuracy, and FSC > 0.2 was selected for snow-sample screening. This screening defines the
evaluated sample population and should not be interpreted as validation of performance at
every snow-cover fraction. Mixed pixels and threshold selection are known considerations
in optical snow-cover estimation [24–26].
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4.2. Ablation Experiments
4.2.1. Data-Source Ablation

Data-source ablation experiments compared the contribution of the input groups
under the reported model settings. The full input comprised Sentinel-1 SAR, Landsat
optical data, and auxiliary DEM, slope, aspect, and FSC variables. Five configurations
were compared: SAR only; SAR with auxiliary variables; SAR with Landsat; Landsat with
auxiliary variables; and all three input groups. RMSE, MAE, BIAS, and R2 were reported for
500 samples drawn from the 2020 independent test season. These ablation results describe
this sampled evaluation and are distinguished from the overall model comparison in the
following model-comparison section.

Auxiliary inputs comprise DEM, slope, aspect, and FSC. RMSE, MAE, and BIAS are
expressed in centimetres; R2 is dimensionless. BIAS is the mean estimated minus observed
snow depth, so negative values indicate underestimation.

In Table 1, the SAR-only configuration had the largest reported RMSE, at 12.342
cm, with an R2 of 0.470. Adding auxiliary variables reduced RMSE to 10.883 cm, while
combining SAR with Landsat reduced it to 8.872 cm, with an R2 of 0.653. Landsat with
auxiliary variables gave an RMSE of 6.915 cm and an R2 of 0.682. The full input gave an
RMSE of 5.081 cm, an MAE of 2.013 cm, and an R2 of 0.763. This sample-based comparison
supports the benefit of combining the input groups. The corresponding observed-versus-
estimated scatter-density plots are presented in Figure 9.

  
(1) (2) (3) 

  
 

(4) (5) 

Figure 9. Observed versus estimated snow depth for the Table 1 configurations: (1) SAR; (2) SAR +
auxiliary; (3) SAR + Landsat; (4) Landsat + auxiliary; (5) SAR + Landsat + auxiliary. Auxiliary inputs are
DEM, slope, aspect, and FSC.
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Table 1. Station-sample evaluation of the data-source ablation configurations.

Method RMSE (cm) MAE (cm) BIAS (cm) R2

SAR 12.342 8.032 −2.442 0.470
SAR + Auxiliary Data 10.883 6.293 −1.926 0.569

SAR + Landsat 8.872 3.452 −0.469 0.653
Landsat + Auxiliary Data 6.915 5.457 −0.898 0.682

SAR + Landsat + Auxiliary
Data 5.081 2.013 −0.429 0.763

4.2.2. FSC Feature Ablation

The FSC ablation compared two input configurations on the reported evaluation
sample set. Both configurations used Sentinel-1 SAR, Landsat optical data, DEM, slope, and
aspect under the same model architecture. The experimental configuration additionally
included FSC, whereas the control configuration excluded this feature. The comparison
isolates the reported difference between these two input configurations.

Including FSC improved all evaluation metrics (Table 2). The result indicates that
FSC provides useful spatial information about snow distribution and helps the model
characterize snow-depth variability more accurately.

Table 2. Station-sample evaluation with and without the FSC input.

Method R2 RMSE (cm) BIAS (cm) MAE (cm)

SAR + Landsat + terrain
auxiliary data 0.734 6.432 −0.827 4.219

SAR + Landsat + terrain
auxiliary data + FSC 0.763 5.081 −0.429 2.013

4.2.3. Network-Module Ablation

A stepwise model ablation experiment was conducted to quantify the contribution
of FEM, CEM, and MFAM. ResNet was used as the baseline, and the proposed modules
were added sequentially under the same data and training settings. Changes in BIAS
distributions were compared to assess the effect of each module on snow-depth retrieval
error (Figure 10).

A1

A2

A3

A4

Method FEM CEM MFAM

× × ×

√ × ×

√

√

×

√√

√

 

Figure 10. BIAS distribution results of module ablation experiment. In the configuration table, check
marks denote included modules and crosses denote omitted modules. A1 is the baseline; A2 includes
FEM; A3 includes FEM and MFAM; and A4 includes FEM, CEM, and MFAM.

Figure 10 compares the error distributions of configurations A1–A4 under the reported
module-ablation settings. The full configuration A4 includes FEM, CEM, and MFAM,
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and its distribution is more concentrated near zero than the baseline distribution. This
comparison describes the observed error distributions but does not establish robustness
across unobserved terrain or snow conditions.

4.3. Comparison with Baseline Models

SDFNet was compared with ResNet [27], VGG16 [28], EfficientNetV2 [29], UNet [30],
ShuffleNetV2 [31], PKINet [32], and random forest (RF) [33]. The compared methods used
the same dataset and preprocessing pipeline, with the reported training and evaluation
partitions kept consistent. The neural-network models used Adam and the same loss
function; this optimization description does not apply to RF. Quantitative station-sample
results are reported in Table 3, while Figure 11 illustrates the estimated spatial patterns.

Table 3. Station-sample snow-depth retrieval errors for the compared methods.

Method RMSE (cm) MAE (cm) BIAS (cm) R2 PME (cm) NME (cm)

ResNet-18 8.352 4.351 −0.527 0.682 1.324 −1.923
ResNet-50 7.573 5.047 −0.713 0.619 1.372 −1.724
VGG-16 10.352 4.603 1.307 0.634 1.393 −2.041

EfficientNetV2 9.784 4.690 −0.821 0.606 2.961 −2.731
UNet 7.363 5.332 1.473 0.592 2.081 −2.363

ShuffleNetV2 8.367 4.442 −2.091 0.651 2.022 −2.937
PKINet 7.235 3.064 0.826 0.652 1.621 −2.641

RF 7.874 4.236 0.324 0.625 1.848 −2.784
SDFNet 5.246 2.452 −0.642 0.702 0.924 −1.823

Figure 11. Qualitative comparison of local snow-depth retrieval patterns from the nine models.

SDFNet had the lowest RMSE and MAE and the highest R2 among the methods in
Table 3. Its RMSE was 5.246 cm, compared with 7.235 cm for PKINet, the next-lowest
RMSE. This difference represents a 27.5% reduction in RMSE relative to PKINet on the
reported evaluation samples. SDFNet also had a mean bias of −0.642 cm, indicating
residual underestimation rather than complete removal of systematic error. It did not
minimize every signed-error metric, and its overall advantage should not be interpreted as
uniform superiority across snow-depth ranges.
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The local image patches in Figure 11 illustrate differences in spatial smoothness and
local variability among model estimates. Without an independent spatial snow-depth
reference, these differences cannot identify which map is most accurate. The quantitative
comparison in Table 3 therefore supports performance at the sampled stations rather
than accuracy at every mapped location. Fine spatial texture alone does not demonstrate
improved retrieval accuracy in unobserved mountain areas.

5. Discussion
5.1. Retrieval Accuracy Across Snow-Depth Ranges

SDFNet performance was further evaluated across snow-depth intervals. Evaluation
samples were grouped by observed snow depth, and accuracy metrics were calculated for
each interval (Table 4).

Table 4. Snow-depth retrieval errors grouped by observed station snow depth.

Snow Depth Range (cm) RMSE (cm) MAE (cm) BIAS (cm)

0–10 3.123 2.147 1.035
10–20 4.361 4.298 −2.150
20–30 6.325 5.541 −3.219
30–40 7.651 7.254 −7.168
>40 21.927 19.201 −16.061

Depth groups are defined by station observations. All reported error metrics are in
centimetres, and negative BIAS indicates underestimation.

Errors increased as observed SD increased, with a transition from shallow-snow
overestimation to pronounced deep-snow underestimation (Table 4). For 0–10 cm snow,
RMSE was 3.123 cm and BIAS was +1.035 cm, indicating a positive mean error. For
10–20 cm snow, RMSE increased to 4.361 cm and BIAS became −2.150 cm. BIAS decreased
further to −3.219 cm and −7.168 cm in the 20–30 cm and 30–40 cm groups, respectively.
For SD above 40 cm, RMSE reached 21.927 cm, MAE reached 19.201 cm, and BIAS was
−16.061 cm. These errors indicate a substantial limitation in deep-snow estimation that is
obscured by the aggregate RMSE of 5.246 cm.

Several processes could contribute to the deep-snow errors, but the present exper-
iments do not separate their effects. C-band VV backscatter can be weakly sensitive to
dry-snow accumulation and strongly affected by wet-snow absorption [15]. Optical re-
flectance and FSC describe surface and snow-cover conditions rather than independently
measuring snowpack thickness. Limited depth sensitivity, an uneven distribution of train-
ing samples, and station-to-patch representativeness are therefore possible contributors to
underestimation. Their contributions require sample counts by depth, snow-state informa-
tion, and controlled feature comparisons. The 40 cm grouping boundary in Table 4 is an
evaluation interval, not a demonstrated physical saturation threshold for C-band SAR.

5.2. Time-Series Comparison

Figure 12 compares estimated and observed SD at five selected meteorological stations
during the illustrated 2018–2019 period. The curves show seasonal accumulation and
melt, together with deviations in individual peaks and underestimation in the deeper-
snow example. These examples illustrate temporal behaviour at the selected stations and
complement the depth-stratified errors in Table 4. They do not by themselves establish
performance in independent seasons, at unseen stations, or across the full mapped area.
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Figure 12. Comparison of observed and estimated snow-depth time series at five selected meteoro-
logical stations. Panels show stations (a) 51356, (b) 51470, (c) 52602, (d) 51288, and (e) 56071. In each
panel, the horizontal dashed line indicates the maximum value across the observed and predicted
snow-depth series during the plotted period.

5.3. Spatial Distribution of Retrieval Error

Figure 13 summarizes station-level RMSE in six plotted classes: 0–3, 3–6, 6–8, 8–10,
10–12, and >12 cm. The station symbols are overlaid on elevation to show the locations
of the reported errors. These values represent errors at observation sites rather than a
continuously validated error surface for the plateau.

The mapped stations show spatial variation in RMSE, but the network is concentrated
along the eastern and northeastern parts of the study area. Western, central, and high-
elevation mountain environments have limited observational representation in the available
station network (Figures 1 and 13). Consequently, low errors at observed stations cannot
establish accuracy in poorly monitored terrain. Differences in snow conditions, terrain,
and point-to-patch representativeness may affect the spatial error pattern, but their effects
were not independently quantified. Additional observations are needed to evaluate these
explanations and the reliability of estimates beyond the sampled environments.
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Figure 13. Spatial distribution of station-level snow-depth RMSE overlaid on elevation. Circle colours
indicate station-level RMSE classes (cm); the background represents elevation (m).

5.4. Observation and Validation Limitations

The use of point-scale station labels is a central limitation of spatial snow-depth estima-
tion. A 32 × 32 input patch provides neighbourhood context, but one station observation
does not describe snow depth at every pixel. Resampling Landsat and terrain inputs to a
10 m grid also does not create independent observations at that scale. The station-based met-
rics and maps should therefore be interpreted at their respective observational supports.

Only VV-polarized radar observations were included, while VH polarization, snow-
pack temperature, and temporal backscatter differences were not evaluated as additional
input features. Polarimetric and time-series information has supported snow-depth re-
trieval in previous studies [15,16], but its benefit for SDFNet remains to be tested. The
present inputs do not explicitly separate wet- and dry-snow effects, so improved feature
fusion cannot be assumed to resolve this ambiguity.

The current evaluation does not include an independent, spatially distributed snow-
depth reference for the estimated maps. A temporal holdout does not by itself demonstrate
generalization to unseen stations or regions. Spatially separated validation and indepen-
dent snow-depth surveys would provide stronger tests of this capability. Such observations
are also needed to assess deep snow in sparsely monitored terrain and to quantify uncer-
tainty beyond the sampled sites.

6. Conclusions
This study developed SDFNet to estimate snow depth from Sentinel-1 VV observations,

Landsat optical data, terrain variables, and FSC information. Station SD observations
supplied the supervision and reference measurements, while the satellite and auxiliary
variables supplied the prediction inputs. The ablation comparisons indicated lower station-
sample errors when complementary input groups were combined.

In the reported model comparison, SDFNet achieved an RMSE of 5.246 cm and an R2

of 0.702, outperforming the baselines on these metrics. This result describes the evaluated
station samples and should not be extended to every mountain environment represented
in the maps.
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Deep-snow performance remained a substantial limitation, with an RMSE of 21.927 cm
and BIAS of −16.061 cm for an SD above 40 cm. The aggregate model advantage therefore
does not imply reliable estimation across the full snow-depth range.

Sparse and uneven station coverage limits evaluation of the western, central, and
high-elevation plateau. Point-scale supervision and resampled imagery do not establish
independent spatial accuracy at the nominal input grid spacing. The model should therefore
be interpreted as a station-supported retrieval framework whose map accuracy requires
further assessment.

Future evaluation should prioritize independent spatial reference observations and
validation that separates stations or spatial regions between training and evaluation. Depth-
balanced training and additional radar-polarization, temperature, and temporal features
are also candidates for assessing the observed deep-snow errors. These extensions require
explicit comparison rather than an assumption that multi-source fusion alone resolves the
current limitations.
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