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A B S T R A C T

The Normalized Difference Snow Index (NDSI) is essential for accurate snow monitoring, but the widely used 
MODIS NDSI products generally have significant data gaps mainly due to cloud cover. Existing gap-filling 
methods often introduce artifact issue in regions with extensive and persistent cloud cover, where gap areas 
produce inaccurate results influenced by cloud shapes. To address NDSI gap-filling issue, we developed a mask- 
aware Transformer integrating multi-source data (MAT-MS) to effectively fill these gaps in MODIS NDSI data. 
The MAT-MS model leverages spatiotemporal information related to meteorology, topography, and geographic 
location. By incorporating a mask-aware technique, the MAT-MS can learn cloud shapes and patterns, helping to 
mitigate the common artifact issue. Validation using data from the Tibetan Plateau demonstrated the superior 
performance of the MAT-MS model, with averaged MAE, RMSE, and R2 of 1.585, 5.531, and 0.868, respectively. 
The model reduced RMSE by over 30 % compared to traditional spatiotemporal interpolation methods, and by 
9 % compared to mainstream deep learning models. Using MAT-MS, we generated a daily gap-free NDSI dataset 
for the Tibetan Plateau spanning from 2003 to 2020. This spatiotemporally continuous dataset is critical for 
detailed snow identification, enabling enhanced estimates of snow cover area, fractional snow cover, and snow 
depth. The flexibility of the MAT-MS model also makes it applicable to a wide range of continuous remote 
sensing datasets affected by data gaps.

1. Introduction

Snow cover is a crucial component of Earth’s surface, playing a key 
role in the global climate system (Fyfe et al., 2017). In recent decades, 
climate warming has led to substantial changes in snow cover patterns 
worldwide (Pepin et al., 2015; Pulliainen et al., 2020), including 
reduced snow cover, earlier snowmelt onset, and increased snowmelt 
runoff (Musselman et al., 2021). These changes have significant impli
cations for water resource management (Kraaijenbrink et al., 2021), 
ecosystem functions (Shen et al., 2022), and human health (Gottlieb and 
Mankin 2024). Effective snow cover monitoring is essential for under
standing these impacts and making informed decisions in response.

Due to the sparse and uneven distribution of in situ observations, 
satellite remote sensing has become an indispensable tool for continuous 
snow cover monitoring. The Normalized Difference Snow Index (NDSI) 
is an important snow detection index for optical satellite imagery. NDSI 
identifies snow based on its high reflectance in the visible spectrum and 
low reflectance in the shortwave infrared spectrum, producing a 
continuous numerical value that effectively indicates the presence of 
snow within a pixel (Hall et al., 1995). Currently, Moderate Resolution 
Imaging Spectroradiometer (MODIS) snow products are widely used for 
snow cover monitoring. In the latest Collection 6 (C6) product, snow 
cover is reported as NDSI snow cover, rather than as binary Snow Cover 
Area (SCA) and Fractional Snow Cover (FSC) as in Collection 5 (C5) 
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(Riggs et al., 2019), addressing several limitations of the previous 
product collection. While an NDSI threshold value of 0.4 has been 
commonly used for mapping SCA as a binary snow map (Hall et al., 
2002), increasing evidence suggests that the optimal NDSI threshold for 
SCA depends on various factors, such as landscape conditions, topog
raphy, and satellite viewing conditions (Hao et al., 2022; Härer et al., 
2018; Zhang et al., 2020). Therefore, applying a uniform threshold of 
0.4 for global NDSI binary classification may result in snow detection 
biases. Similarly, the determination of FSC in the MODIS C5 algorithm is 
based on a linear regression relationship of NDSI to FSC, developed from 
empirical relationships between MODIS and Landsat TM data 
(Salomonson and Appel 2004, 2006). However, due to regional differ
ences in these relationships, using a uniform empirical model can also 
introduce errors in product accuracy (Huang et al., 2022; Pan et al., 
2024). Consequently, MODIS C6 has replaced both SCA and FSC with 
direct NDSI data (Riggs et al., 2017, 2019; Zhang et al., 2019). Accurate 
NDSI data enables the derivation of more precise snow metrics, 
including snowlines (Xiao and Liang 2024) and snow phenology 
(Notarnicola 2020), which are crucial for understanding snow cover 
variations in the context of climate change. Recent studies have 
employed continuous NDSI curves to determine the snowmelt onset 
date, a critical parameter for evaluating the effect of snowmelt on 
vegetation, agricultural growing seasons, and other ecological processes 
(Zheng et al., 2022). The wide applications of NDSI highlight its sig
nificance as a tool for monitoring snow cover. However, the effective
ness of these applications relies on the availability of high-quality and 
spatiotemporally continuous NDSI data.

Numerous studies have reported that MODIS NDSI products achieve 
an accuracy of over 90 % under clear-sky conditions (Bousbaa et al., 
2024; Li et al., 2019). However, due to frequent cloud cover, daily 
MODIS NDSI products have significant data gaps, resulting in spatio
temporal discontinuities that significantly hinder their application (Hou 
et al., 2022; Huang et al., 2022; Muhammad and Thapa 2021). There
fore, there is an urgent need to fill these data gaps caused by cloud cover. 
Nevertheless, filling data gaps in continuous NDSI values presents a 
greater challenge than filling gaps in binary SCA products. Current 
methods for addressing this challenge can be broadly categorized into 
two approaches: traditional spatiotemporal modeling and machine 
learning approaches. Traditional spatiotemporal methods primarily 
employ two strategies: one involves interpolating the weight function 
relationship between the spatial or temporal distances of the data-gap 
pixels and their surrounding gap-free pixels (Deng et al., 2024; Jing 
et al., 2022), while the other employs pattern matching to identify and 
replace data-gap pixels with similar gap-free pixels (Li et al., 2020). 
Machine learning methods have evolved from ensemble learning ap
proaches like random forest (RF) (Luo et al., 2022) to deep learning 
techniques including Long Short-Term Memory networks (LSTM) (Hou 
et al., 2022) and U-Net architectures (Xing et al., 2022).

Despite the effectiveness of traditional spatiotemporal modeling and 
machine learning methods for filling MODIS NDSI data gaps, both 
encounter significant challenges in regions with extensive and persistent 
cloud cover. Traditional spatiotemporal modeling often fails when there 
are insufficient surrounding pixels for effective interpolation. More 
critically, both approaches are susceptible to the influence of cloud 
shapes and extent, leading to inaccurate results and unnatural transi
tions at the data gap boundaries—commonly referred to as the ’’artifact 
issue’’ (Zhang et al., 2022). Xing et al. (2022) mitigated this limitation 
by integrating partial convolution into the U‑Net architecture and 
reinforcing boundary continuity through a smoothing loss function. 
However, the effectiveness of this approach was constrained by the 
inherent limitations of partial convolution—most notably, the use of a 
binary mask, which tends to discard fine-grained pixel-level informa
tion—thereby only partially resolving the artifact issue (Yu et al. 2019). 
Filling data gaps in MODIS NDSI under conditions of extensive cloud 
cover still remains a significant challenge. Additionally, NDSI is influ
enced by various factors, including meteorological conditions, 

topography, geographical location, and time variations (Xu et al., 2024; 
You et al., 2020). Integrating this information could substantially 
improve gap-filled accuracy. Therefore, developing advanced gap-filling 
models that leverage multi-source data is crucial for overcoming these 
challenges in complex environments.

Recently, Transformer models have gained significant attention for 
their ability to capture long-range dependencies (Dosovitskiy et al., 
2021; Vaswani et al., 2017). Their embedding structure is particularly 
well-suited for integrating multi-source data. Meanwhile, the mask- 
aware technique shows great potential in mitigating artifact issue by 
more effectively focusing on data-gap regions, while preserving the 
original gap-free information and preventing model error propagation 
(Li et al., 2022; Motamed et al., 2023). Building upon these advance
ments, this study proposes a Mask-Aware Transformer integrating Multi- 
Source data (MAT-MS) model to address the limitations of existing gap- 
filling methods. We selected the Tibetan Plateau as the case study area to 
validate the effectiveness of the MAT-MS model. The Tibetan Plateau’s 
complex topography, heterogeneous snow cover distribution, and 
extensive cloud cover make it an ideal yet challenging environment for 
gap-filling model validation.

The paper is organized as follows: we begin by introducing the study 
area and datasets used. Next, we provide a detailed description of the 
MAT-MS model and evaluate its performance, with a particular focus on 
its ability to address artifact issue and fill data gaps across varying 
conditions. Finally, we present a 20-year daily gap-free NDSI dataset for 
the Tibetan Plateau, generated using the MAT-MS model, and explore its 
potential applications of this spatiotemporally continuous NDSI product.

2. Case study area and datasets

2.1. Case study area

The Tibetan Plateau encompasses the world’s largest nonpolar 
terrestrial cryosphere and is one of the most sensitive regions to climate 
change (Yao et al., 2022). It is characterized by complex topography and 
extreme climatic conditions, including low precipitation, cold temper
atures, and strong solar radiation. Snow cover on the Tibetan Plateau is 
typically shallow, patchy, and changes rapidly over time (You et al., 
2020; Zhang et al., 2023), resulting in uneven and rapidly fluctuating 
distributions of NDSI. Additionally, due to the monsoon circulation in 
Oceania, warm and moist air from low-latitude oceans is continuously 
transported inland, supplying abundant water vapor for cloud forma
tion. This leads to extensive and irregular cloud cover over the Tibetan 
Plateau (Wu et al., 2024), with over 58 % of the area under cloud cover 
for more than 120 days per year (Fig. 1a). These factors make filling 
MODIS NDSI data gaps in the Tibetan Plateau particularly challenging.

2.2. Datasets

2.2.1. MODSI NDSI products
We used daily MODIS C6 Terra (MOD10A1) and Aqua (MYD10A1) 

snow products to fill data gaps, with a spatial resolution of 500 m, 
covering the period from 1 January 2003 to 31 December 2020. The 
data were accessed via the Google Earth Engine cloud platform (htt 
ps://earthengine.google.com/, last accessed 15 September 2023) and 
reprojected to Universal Transverse Mercator (UTM) zone 45. The 
original MODIS snow products include raw NDSI data, NDSI snow cover, 
snow albedo, and quality control flags, with the raw NDSI data and NDSI 
snow cover used in this study. The preprocessing steps were as follows:

Firstly, we used the NDSI snow cover as a mask to identify pixels in 
the raw NDSI data corresponding to cloud, missing data, detector satu
rated, night, no decision, and reclassified them as data-gap pixels. Pixels 
unaffected by these issues retained their original values. We then com
bined the reclassified MOD10A1 and MYD10A1 data for the same day 
using the following rules (Deng et al., 2024): if a pixel was available in 
both the MOD10A1 and MYD10A1 products, the MOD10A1 NDSI was 
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used; if a pixel was available in only one product, the available obser
vation was retained. This approach efficiently reduced cloud coverage 
by 5 %–20 % with minimal loss in precision. Finally, the combined NDSI 
values, originally ranging from − 10,000 to 10,000, were normalized to a 
range of − 1 to 1.

2.2.2. Auxiliary data
Since extensive studies have identified temperature as the primary 

factor influencing snow cover variability (Musselman et al., 2021; Zhao 
et al., 2022), we selected temperature as the key meteorological variable 
in our modeling. We used daily temperature data from the National 
Tibetan Plateau Data Center (https://data.tpdc.ac.cn/, last accessed 21 
December 2023) for the Tibetan Plateau at a resolution of 1/30◦. This 
dataset, generated by integrating long-term ERA5 reanalysis, short-term 
high-resolution atmospheric simulations, and in situ observations, has 
been validated as more accurate than widely used reanalysis datasets 
(He et al., 2020; Yang et al., 2023a). All daily temperature data from 
2003 to 2020 was first reprojected and resampled to a 500 m resolution 
to align with the MODIS snow product, and then normalized.

In addition, elevation is recognized as a critical factor influencing the 
timing of snow accumulation and melting, with higher elevations typi
cally experiencing earlier accumulation and later melting compared to 
lower elevations (Ma et al., 2023). To incorporate topographic infor
mation, we used elevation data from the 90 m Shuttle Radar Topography 
Mission (SRTM) gridded digital elevation model (DEM). The DEM data 
was reprojected and resampled to 500 m to maintain consistency with 
the MODIS snow product.

3. Mask-aware Transformer integrating multi-source data (MAT- 
MS)

The flowchart of the MAT-MS model is described in Fig. 2. The model 
incorporates temperature, topography, geographic location (latitude 
and longitude), time variations (date, ranging from 1 to 365), and the 
spatiotemporal information of NDSI values derived from traditional 
spatiotemporal interpolation. The MAT-MS effectively integrates this 
information while also learning cloud patterns using masks that indicate 
data gaps. Consequently, our MAT-MS model input consists of four 
channels: spatiotemporal interpolated NDSI, cloud mask, DEM, and 
temperature, along with a three-dimensional vector including date, 
latitude, and longitude (Fig. 2). The input slice size is set to 128 × 128 
for computational efficiency. The MAT-MS architecture integrates a 
Transformer-based encoder with a CNN-based decoder for NDSI recon
struction. Then, the model’s accuracy was compared with mainstream 
models across varying conditions. Finally, we produced a 20-year daily 
gap-free NDSI dataset for the Tibetan Plateau using the MAT-MS model.

3.1. Model structure

The Transformer model has achieved significant advancements in 
image reconstruction (Motamed et al., 2023; Yang et al., 2023b), which 
is analogous to filling data gaps in remote sensing images. Its core 
strength lies in the self-attention mechanism, which evaluates correla
tion scores across different regions of an input image to model global 
contextual similarity (e.g., spatial correlations between distant regions) 
(Vaswani et al., 2017). It also exhibits superior scalability and 

Fig. 1. Distribution of annual average cloud cover days (a), annual average temperature from 2003 to 2020 (b), and elevation (c) on the Tibetan Plateau. Note: the 
blue rectangle in panel (a) marks the sample area analyzed in Section 5.2. (For interpretation of the references to colour in this figure legend, the reader is referred to 
the web version of this article.)
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compatibility, making it particularly suitable for processing remote 
sensing datasets (Zhao et al., 2023; Zhou et al., 2023). In addition, the 
Convolutional Neural Networks (CNN) model is more effective at 
capturing local spatial hierarchies within an image through shared 
convolutional kernels (Redmon et al., 2016). Therefore, we employed 
the Transformer as the encoder to extract global contextual similarity, 
and the CNN as the decoder to reconstruct localized spatial details to 
combine their complementary strengths.

To address the cloud-induced artifact issue, we introduce a novel 
mask-aware technique integrated into the architecture through three 

key modifications (Li et al., 2022). Specifically, the cloud mask is pro
cessed as an independent input channel in the encoder, while the 
decoder employs a soft-gated convolution instead of traditional convo
lution (Yu et al., 2019), coupled with a weighted composite loss function 
that differentially handles data-gap and gap-free regions. These modi
fications collectively enhance the model’s recognition of cloud shapes 
and patterns, while improving boundary precision between data-gap 
and gap-free regions.

Compared to prior approaches, our methodology emphasizes 
leveraging a robust encoder for novel representation of multi-source 

Fig. 2. Flowchart of the mask-aware Transformer integrating multi-source data (MAT-MS) model for filling data gaps in MODIS NDSI.

Fig. 3. The schematic diagram of the encoder in the MAT-MS model.
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information, while employing a mask-aware technique to further miti
gate artifact issue.

3.1.1. Encoder
We employ the widely used Swin Transformer architecture as the 

encoder, which effectively balances model performance and computa
tional complexity (Liu et al., 2021). The encoder first consists of 
embedders (Fig. 3), which map low-dimensional input data into high- 
dimensional representations, enabling features to form more complex 
and nonlinear combinations. This is followed by a series of Transformer 
layers that further refine these representations.

During the embedding stage, the cloud mask is also incorporated as 
an independent input channel, enabling explicit feature differentiation 
between data-gap and gap-free regions (Fig. 3). Along with spatiotem
poral interpolated NDSI, temperature, and DEM, this four-channel data 
was first embedded to a 48-dimensional feature maps through a 1 × 1 
convolutional embedder (Fig. 3). The three-dimensional vector (date, 
latitude, and longitude) was embedded into a 48-dimensional vector 
using a three-layer linear projection with Gaussian Error Linear Unit 
(GELU) activation (Zheng et al., 2022a). GELU is a smooth activation 
function that scales inputs according to their cumulative probability 
under the standard normal distribution. It has been widely adopted in 
deep learning as a modern alternative to the ReLU activation function 
(Liu et al., 2022).

Each of our Transformer layers contains two consecutive blocks 
(Fig. 3, Liu et al., 2021): window-based multi-head self-attention 
(WMSA), and its shifted version (SWMSA). WMSA is a computational 
block that associates features within the windows by dividing the 
feature map into windows of an appropriate size. SWMSA is a similar 
block, except that it shifts the window by half of its size. Therefore, the 
features within the windows can also compute attention with adjacent 
windows. We applied layer normalization (LN) at the output of each 
block following Liu et al. (2022): 

attn1 = LN
(
WMSA

(
xl− 1) ) (1) 

x̂l
1 = LN

(
FFN

(
attn1 + xl− 1) ) (2) 

attn2 = LN
(
SWMSA

(
x̂l

1
) )

(3) 

x̂l
2 = LN

(
FFN

(
attn2 + x̂l

1
) )

(4) 

xl = LN
(
sampler

(
x̂l

2
))

(5) 

where x̂l
1 and x̂l

2 represent the outputs from the lth layer’s WMSA and 
SWMSA, respectively, while xl denotes the final output of the lth layer. 
FFN represents a fully connected feed-forward network, including two 
linear projections and a GELU activation function. sampler after blocks 
represents the resampling of the size of the feature map x̂l.

We set seven Transformer layers (Figs. 2 and 3): the first three layers 
use downsampling to extract high-dimensional features, the middle 
layer concatenates the embedded vector, and the last three layers use 
upsampling to restore the size of the input slices, with skip connection to 
reduce the loss of feature information (Li et al., 2022). The attention 
heads patch size, window size, and expansion scale of the FFN were set 
to 3, 1, 8, and 3, respectively.

3.1.2. Decoder
The decoder is designed to dynamically select the channels of critical 

features extracted from the aforementioned encoder. Compared to 
traditional convolutional layers, soft-gated convolution enables the 
model to capture feature interactions while maintaining relatively low 
computational complexity (Yu et al., 2019). More importantly, it 
dynamically adjusts the weighting of pixel-level information, effectively 
suppressing the propagation of errors from inaccurately reconstructed 

regions and preserving feature continuity, thereby alleviating the arti
fact issue.

Our decoder has six layers of soft-gated convolution, with the num
ber of channels gradually decreasing from 48 to 1 (Fig. 2). The output of 
the lth soft-gated convolution (Layerl) is calculated as follows: 

Layerl = σ(Conv1(Layerl− 1))×ϕ(Conv2(Layerl− 1) (6) 

where σ and ϕ are the sigmoid function and exponential linear unit 
(ELU) function, respectively. Conv1 and Conv2 represent two convolu
tion filters with the same channels of input and output, but with 
different parameters.

3.1.3. Loss function
Conventional loss functions typically compute mean squared error 

(MSE) solely within data-gap pixels during backpropagation. However, 
this approach often results in boundary discontinuities between data- 
gap and gap-free regions. To address this limitation, a weighted com
posite loss function within both data-gap and gap-free pixels was 
introduced to enhance the smoothness of cloud mask boundaries: 

Loss = α • MSE(G, x̂ − x) + β • MSE(GF, x̂ − x) (7) 

MSE =
∑

M • (x̂ − x)2
/∑

M (8) 

where x and x̂ represent the ground truth and the predicted NDSI value, 
respectively. G denotes the data-gap regions, GF denotes the gap-free 
regions. Based on experimental validation and practical consider
ations, the weighting coefficients are set to α = 10 for the data-gap re
gions, and β = 1 for the gap-free regions. The MSE function computes the 
average squared difference between x and x̂, where M denotes the 
number of pixels in the respective region.

3.2. Dataset generation

3.2.1. Input dataset generation
Given the challenges of obtaining actual NDSI values under cloud- 

covered conditions, we established ground truth for both training and 
testing using gap-free NDSI slices sampled across the Tibetan Plateau. 
Data from 2003 to 2018 were used for training, while data from 2019 to 
2020 were used for testing. Due to the highly uneven spatial distribution 
of cloud cover across the Tibetan Plateau (Fig. 1a), we balanced the 
dataset by ensuring an approximately equal number of samples across 
different regions of the plateau. Using this approach, we sampled 
190,000 NDSI slices for training and 30,000 NDSI slices for testing 
(hereafter referred to as the baseline test dataset). Additionally, we 
generated a snow-intensive test dataset to evaluate the model’s perfor
mance in snow-covered areas. This snow-intensive test dataset consisted 
of 2,336 NDSI slices, selected from the baseline test dataset, where at 
least 50 % of the pixels have NDSI values greater than 0.1 (Zhang et al., 
2020; Zhang et al., 2019).

We then overlaid a range of cloud masks onto ground truth to 
simulate data gaps caused by cloud cover (Fig. 4). These cloud masks 
were constructed directly from actual data gaps, ensuring that the cloud 
distribution accurately reflected real-world conditions. A total of 76,000 
cloud mask slices were obtained. Subsequently, we implemented a dy
namic cloud mask matching strategy to reduce the model’s dependency 
on specific cloud shapes. Compared to static cloud masks strategy, this 
adaptive data generation strategy continuously produced various 
training inputs, thereby enhancing model robustness to heterogeneous 
cloud cover shapes and patterns.

3.2.2. Spatiotemporal interpolation
In computer vision, data-gap pixels are often initialized with fixed 

values (e.g., grayscale intensities) before being processed by deep 
learning models. Building on this strategy, while leveraging the spatio
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temporal characteristics inherent in remote sensing data (Huang et al., 
2022; Jing et al., 2022), we first employed a traditional spatiotemporal 
interpolation model to prefill the gaps, followed by refinement using the 
MAT-MS model. To effectively capture the relevant spatiotemporal in
formation, the spatial and temporal distances were set to 20 and 10, 
respectively, generating a 168 × 168 × 21 spatiotemporal cube (Fig. 4). 
We then applied a sliding 3 × 3 × 3 spatiotemporal cube across this 
larger structure, using an inverse distance-weighted (IDW) averaging 
approach to fill data gaps by incorporating information from valid 
neighboring pixels (Deng et al., 2024): 

NDSIi,j,t =
∑

e
We(i,j,t)NDSIe(i,j,t)

/
∑

e
We(i,j,t) (9) 

We(i,j,t) = Dist− 2(e(i, j, t), (i, j, t)) (10) 

where e is an enumeration function of the coordinates of valid pixels 
around the center pixel of the spatiotemporal coordinate (i, j, t). Dist 
means Euclidean Distance.

This initial spatiotemporal interpolated NDSI, along with the corre
sponding cloud mask, DEM, temperature, and a three-dimensional 
vector including date, latitude, and longitude, served as the input for 
model training (Fig. 2).

3.3. Model evaluation

To better illustrate the variations in NDSI, we rescaled the original 
NDSI values from the range of − 1 to 1 to a new range of − 100 to 100. 
Following Jing et al. (2022) for accuracy calculations, NDSI values 
below 0 were reclassified as 0, and accuracy was computed using values 
greater than or equal to 0. We evaluated our model’s performance using 
mean absolute error (MAE), root mean square error (RMSE), and coef
ficient of determination (R2): 

MAE =

∑N
n=1

⃒
⃒xp,n − xt,n

⃒
⃒

N
(11) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

n=1
(
xp,n − xt,n

)2

N

√

(12) 

R2 =

∑N
n=1

(
xp,n − xt

)2

∑N
n=1

(
xt,n − xt

)2 (13) 

where xp,n and xt,n represent predicted NDSI value and ground truth in 
pixel n, respectively. N is the total number of data-gap pixels. xt is the 
average of all ground truth NDSI values.

Considering the capabilities of LSTM (Hou et al., 2022) and U-Net 
(Xing et al., 2022) in NDSI gap-filling tasks, we also constructed models 
based on architectures from those previous studies for comparative 
analysis. Additionally, we included a comparison with CNN models, 
given their widespread use in image processing tasks (Redmon et al., 
2016). The first version, CNN v1 model, is similar to our decoder but 
without the encoder output (Yu et al., 2019). This comparison highlights 
the role of the encoder in enhancing the model’s ability to understand 
and process the inputs. The second version, CNN v2 model, uses the 
same decoder but incorporates contextual attention in the encoder (Yu 
et al., 2018). This comparison directly demonstrates the strength of the 
MAT-MS model’s ability to capture global contextual similarity.

4. Results

4.1. Accuracy assessment of the MAT-MS model

Our MAT-MS model achieved an MAE of 1.585, an RMSE of 5.531, 
and an R2 of 0.868 on the baseline test dataset, and an MAE of 5.760, an 
RMSE of 9.899, and an R2 of 0.879 on the snow-intensive test dataset 

Fig. 4. The construction and spatiotemporal interpolation for data-gap NDSI.
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(Fig. 5). Compared to the traditional spatiotemporal interpolation, our 
model reduced MAE and RMSE by 36.65 % and 30.65 %, respectively, 
while increasing R2 by 19.39 % on the baseline test dataset (Fig. 5). 
These improvements were even more pronounced on the snow-intensive 
test dataset, with a 37.88 % reduction in RMSE, demonstrating the MAT- 
MS’s ability to effectively refine data and maintain strong robustness 
against potential errors in spatiotemporal interpolation inputs. 
Comparative analysis with mainstream deep learning architectures also 
revealed improvements. On the snow-intensive dataset, our model 
achieved RMSE reductions of 33.79 % (vs CNN v1), 29.48 % (vs LSTM), 
21.98 % (vs U-net), and 9.72 % (vs CNN v2), respectively (Fig. 5).

To further illustrate these improvements, we visualized the results of 
different models (Fig. 6). The spatiotemporal interpolation (Fig. 6b1- 
b4), CNN v1 (Fig. 6c1-c4), LSTM (Fig. 6d1-d4), and U-net (Fig. 6e1-e4) 
models, which lack a mask-aware technique, often suffer from cloud- 
induced artifact issue, resulting in unnatural transitions and inaccu
rate gap-filled results. In contrast, both the CNN v2 (Fig. 6f1-f4) and 
MAT-MS (Fig. 6g1-g4) models, which incorporate mask-aware pro
cessing, significantly mitigated artifact issue, producing NDSI values 
that more accurately approximate true NDSI value while preserving 
edge coherence. The MAT-MS model outperformed CNN v2 by 
enhancing the texture and patterns of snow cover, owing to the Swin 
Transformer encoder’s ability to model global context effectively. 
Additionally, under extreme cloud cover conditions (Fig. 6a5), where 
comparative models failed to generate high precision gap-filled results 
(Fig. 6b5-f5), the MAT-MS outputs demonstrated remarkable alignment 
with the ground truth (Fig. 6g5 and 6 h5). These advancements 
-including artifact reduction, improved edge coherence, better spatial 
texture preservation, and superior performance under extreme cloud 
conditions- enable the MAT-MS model to achieve precise NDSI 

prediction, effectively reducing both overestimation and underestima
tion biases.

4.2. Performance across varying conditions

4.2.1. Cloud cover testing
We further evaluated the models’ performance across varying cloud 

cover percentages based on the snow-intensive test dataset (Fig. 7a). 
While all models experienced accuracy degradation with increasing 
cloud cover, the MAT-MS model consistently demonstrated superior 
performance. Specifically, MAT-MS maintained RMSE values below 9 
for cloud cover less than 45 % and remained under 11 for cloud coverage 
between 50 % and 85 %. Even under dense cloud conditions (85 %–95 
%), the model maintained great performance, yielding RMSE values 
within 11–12. Under complete cloud obstruction (100 %), the MAT-MS 
model has its highest RMSE of 14.35, yet still outperformed spatiotem
poral interpolation (15.50), CNN v1 (16.92), LSTM (15.61), U-Net 
(15.90), and CNN v2 (14.70).

4.2.2. Complex topography and snow transition period
Given the challenges posed by the Tibetan Plateau’s complex 

topography and seasonal snow cover variations, we conducted addi
tional evaluations to assess model performance across different eleva
tions and months. The results indicate that performance trends remain 
generally consistent across these factors. Statistical analyses show that 
the MAT-MS model maintains stable accuracy even under extreme high- 
elevation conditions (>5 km, Fig. 7b), consistently achieving lower 
RMSE values than other models. During critical snow transition periods, 
particularly in October-November (snow accumulation) and February- 
April (snowmelt) periods, the MAT-MS model outperforms its 

Fig. 5. Accuracy evaluation of different models for filling data gaps in MODIS NDSI. Note: the values at 0 are not displayed on the scatter plot due to the large 
number of points at that position, but they are still included in the accuracy metrics calculations.
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counterparts in both accuracy and robustness (Fig. 7c). These findings 
suggest that MAT-MS is better suited to capturing the dynamic evolution 
of snow cover and mitigating the challenges posed by complex topo
graphical influences.

4.2.3. Importance of input channel
To demonstrate the importance of input channels, we conducted an 

ablation experiment by progressively adding different data sources to 
the MAT-MS model and comparing the resulting accuracy. To reduce the 
computational costs, we employed a light-weight version of the model 
and trained it to convergence based on the snow-intensive test dataset. 
We began with an initial model using only spatiotemporal information 
and then sequentially added cloud mask, date, latitude and longitude, 
DEM, and temperature data.

As illustrated in Fig. 8, incorporating DEM led to the most substantial 
improvement, reducing the RMSE by 0.611 (from 14.913 to 14.301), 
highlighting the critical role of topography. Including the cloud mask as 
an independent input channel allowed the model to identify data-gap 
regions, leading to the second-largest RMSE reduction of 0.457. The 
addition of date, latitude, and longitude resulted in modest improve
ments, reducing the RMSE by 0.027 and 0.152, respectively. While these 
vectors contain relatively less information compared to other data 
sources, they provide important macro-level spatiotemporal constraints.

These results indicate that relying solely on spatiotemporal infor
mation is insufficient to address the complexities associated with 
extensive data gaps. Instead, integrating multi-source information 
proves to be a more effective approach, particularly for regions with 
extensive gaps. Future research should explore incorporating additional 
information to further enhance accuracy.

Fig. 6. Comparison of the predicted results of different models at 128 × 128 pixel level: cloud mask for input (a1-a5), spatiotemporal interpolated NDSI (b1-b5), 
CNNv1 outputs (c1-c5), LSTM outputs (d1-d5), U-Net outputs (e1-e5), CNN v2 outputs (f1-f5), MAT-MS outputs (g1-g5), and ground truth (h1-h5). Note: the purple- 
boxed areas highlight regions of significant improvement. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version 
of this article.)

Fig. 7. The models’ performance across varying cloud cover percentages (a), 
elevation (b), and month (c) based on the snow-intensive test dataset.
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4.3. Daily gap-free NDSI dataset across the Tibetan Plateau

The comprehensive evaluations confirm the effectiveness of the 

MAT-MS model in addressing the challenges posed by persistent cloud 
cover and complex topography over the Tibetan Plateau. Using this 
trained model, we reconstructed the original MODIS NDSI dataset by 

Fig. 8. The evaluation of incorporating different input channels using a converged light-weight MAT-MS model based on the snow-intensive test dataset.

Fig. 9. Comparison of original and gap-filled MODIS NDSI from the MAT-MS model during three snow phenological stages on the Tibetan Plateau: snow-stable (a-b), 
melting (c-d), and accumulation (e-f).
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filling data gaps across the entire plateau, generating a daily gap-free 
NDSI dataset at 500 m resolution spanning from 2003 to 2020. To 
illustrate the gap-filled results, we randomly selected three days in 2019, 
each representing a distinct snow phenological stage: snow-stable 
(January 19, 2019), melting (April 17, 2019), and accumulation 
(October 11, 2019) (Fig. 9). Our results demonstrate robust gap-filling 
capabilities across all critical snow phenological stages, ensuring 
seamless spatiotemporal continuity in the reconstructed data while 
effectively mitigating cloud-induced artifact issue. This improvement is 
particularly valuable for applications requiring high-precision snow 
cover mapping, as it enables accurate capturing of fine-scale variations 
in snow distribution.

Furthermore, we provide the spatial distribution of RMSE across the 
entire plateau as a reference for users. All test datasets were spatially 
aligned to obtain pixel-based model accuracy (Fig. 10). The results 
indicate high model accuracy, with 58.16 % of the area exhibiting an 
RMSE below 4. Only 0.90 % of the region recorded an RMSE exceeding 
20, primarily in regions with high cloud cover. However, a comparison 
between the RMSE spatial distribution and average annual cloud cover 
(Fig. 1a) reveals no significant increase in errors in regions with 
persistent cloud cover. These findings demonstrate the effectiveness of 
the sampling strategy described in Section 3.2.1 and highlight the 
model’s robustness even under challenging conditions.

5. Discussion

5.1. Generalizability of MAT-MS model

This study developed a MAT-MS model for snow cover reconstruc
tion, achieving high accuracy in filling data gaps in MODIS NDSI. Our 
model effectively leverages spatiotemporal information as input while 
avoiding interference from it, excelling particularly in challenging re
gions characterized by extensive cloud cover and complex topography – 
areas where traditional spatiotemporal interpolation methods exhibit 
critical limitations. By incorporating a spatiotemporal interpreted NDSI 
as input and employing Transformer-based architecture, we were able to 
characterize short-term snow dynamics while mitigating temporal 
discontinuity in the original data (Figs. 5 and 6).

Additionally, previous studies have often overlooked the cloud- 
induced artifact issue, leading to unnatural transitions and inaccurate 

gap-filled results (Hou et al., 2022; Xing et al., 2022). To overcome these 
limitations, we developed a novel mask-aware technique integrated into 
the architecture through three key modifications: (1) processing the 
cloud mask as an independent encoder input, (2) implementing a soft- 
gated convolution in the decoder, and (3) incorporating a weighted 
composite loss function that operates on both data-gap and gap-free 
pixels. To validate the generalizability of the mask-aware technique, 
we implemented it into the existing deep learning models for NDSI gap- 
filling (LSTM and U-Net). Cross-model validation showed RMSE re
ductions of 16.81 % and 6.23 % compared to their original imple
mentations without the mask-aware technique based on the snow- 
intensive test dataset (Fig. S1), demonstrating consistent improve
ments across different deep learning architectures.

The superior performance of the MAT-MS model also stems from its 
effective use of the Transformer’s self-attention mechanism, which 
captures long-range spatial dependencies. Comparative experiments 
with the CNN v2 model, which employs the same mask-aware technique 
and decoder architecture but lacks the self-attention mechanism, 
revealed that the MAT-MS model better preserves the spatial texture of 
snow cover (Fig. 6).

Another strength of the MAT-MS model is its flexibility and gener
alizability. The architecture and code are freely available to the research 
community (see Data availability section for details), and the model can 
be adapted to include auxiliary information based on specific study 
areas. For instance, in our case study of the Tibetan Plateau, topographic 
data was essential due to the region’s complexity. However, when 
applying this model to other regions, such as Northeastern China, where 
forest cover significantly impacts the gap-filling accuracy (Hao et al., 
2022), researchers can easily adjust the auxiliary inputs to better suit 
local environmental conditions. Moreover, our model is not limited to 
NDSI datasets. Its flexibility makes it applicable to a wide range of 
continuous remote sensing datasets with data gaps, such as Land Surface 
Temperature (LST) (Wang et al., 2024), Leaf Area Index (LAI) (Zhu et al., 
2022), and Aerosol Optical Depth (AOD) (Bai et al., 2024). The encoder- 
decoder structure of the model is also designed for scalability, allowing 
it to be expanded or simplified based on available computational re
sources and data requirements.

However, the current framework has certain limitations. While the 
model significantly improves temporal continuity, its reliance on 
spatiotemporal interpolation-based prefilling assumes linear 

Fig. 10. The spatial distribution of the root mean square error (RMSE) across the Tibetan Plateau.
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relationships that may not fully capture the nonlinear response mech
anisms inherent in snowmelt dynamics. Future research should focus on 
developing nonlinear temporal modeling approaches to better represent 
progressive snow ablation patterns through advanced temporal feature 
extraction.

5.2. Application potential of the gap-free NDSI product

Using the novel MAT-MS model, we generated a daily gap-free NDSI 
dataset for the Tibetan Plateau spanning from 2003 to 2020. These high- 
quality NDSI products have significant applications across various fields. 
One common application is the generation of binary SCA products based 
on NDSI, which provide clear visualizations of snow extent and its 
temporal variations. While an NDSI threshold of 0.4 is often used to 
derive SCA, some studies have suggested that a threshold of 0.1 may be 
more appropriate for the unique environmental conditions of the Ti
betan Plateau (Zhang et al., 2020; Zhang et al., 2019). To evaluate the 
effectiveness of gap-filling, we compared MODIS SCA based on a 
threshold of 0.1, both before and after gap-filling, against high- 
resolution Landsat-derived SCA on the Tibetan Plateau (Fig. 11). The 
Landsat-derived SCA was obtained using NDSI and snowline extraction 
based on elevation data (Gascoin et al., 2019). The results showed a 
strong agreement between the MODIS SCA and the Landsat-derived 
SCA. Specifically, the accuracy of the MODIS SCA based on original 
NDSI was 84.54 %, while the MODIS SCA based on our gap-free NDSI 
achieved a slightly higher accuracy of 86.02 % (Table 1). These results 
demonstrate that our gap-free NDSI dataset effectively fills data gaps 
while maintaining comparable accuracy. The SCA based on this high- 

quality NDSI data can support the derivation of more detailed snow 
metrics, such as snow lines (Xiao and Liang 2024) and snow phenology 
(Notarnicola 2020; Xu et al., 2024), enabling more precise analysis of 
snow cover trends in the context of global warming.

Moreover, binary SCA products have some inherent limitations due 
to the mixed pixel problem, where a single pixel contains both snow and 
other land surface types. This can affect subsequent applications, lead
ing to unreliable analyses. To address these limitations, the FSC was 
introduced as a more refined metric derived from continuous NDSI 
values (Salomonson and Appel 2004). The FSC represents the percent
age of snow cover within a pixel, reducing the impact of the mixed pixel 
problem and providing a more detailed view of snow distribution 
compared to binary products. As a result, this metric provides more 

Fig. 11. The Landsat-derived snow cover area (SCA) based on Landsat-5 image (path/row: 134/37) from November 30, 2006 (a), the SCA based on original MODIS 
NDSI (b), and the SCA based on our gap-free MODIS NDSI (c). The Landsat-derived fractional snow cover (FSC) (d), the simulated FSC from original MODIS NDSI (e), 
and the simulated FSC from our gap-free MODIS NDSI (f).

Table 1 
Confusion matrices comparing MODIS SCA from original MODIS NDSI products, 
gap-filled NDSI products, and Landsat-derived SCA based on Landsat-5 image 
from November 30, 2006 (path/row: 134/37).

Landsat 
observation

Original MODIS NDSI products Our gap-free NDSI products

Snow Non- 
snow

Total Snow Non- 
snow

Total

Snow 60,815 
(85.31 
%)

10,470 
(14.69 
%)

71,285 90,574 
(87.31 
%)

13,170 
(12.69 
%)

103,744

Non-snow 6026 
(17.02 
%)

29,389 
(82.98 
%)

35,415 6383 
(17.65 
%)

29,780 
(82.35 
%)

36,163

Overall 
accuracy

84.54 % 86.02 %
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accurate inputs for various models and analyses (Xiao et al., 2021). 
However, the variability in landscape types and environmental condi
tions across different regions presents significant challenges to the ac
curacy of globally applied FSC algorithms. When FSC values are derived 
from NDSI calculations on a global scale, substantial errors often occur 
in complex regions, leading to discrepancies in snow cover estimates 
(Huang et al., 2022; Pan et al., 2024). Consequently, the latest MODIS 
C6 products provide NDSI data rather than FSC. To assess the contri
bution of gap-free NDSI to FSC calculation, we re-simulated FSC using an 
FSC equation specifically developed for the Tibetan Plateau (Eq.14, 
Huang et al., 2022). The results showed that the simulated FSC exhibited 
strong consistency with the high-resolution Landsat-derived FSC 
(Fig. 11). This confirms that our gap-free NDSI product enables more 
detailed and consistent FSC simulations, thus providing more reliable 
snow data for further analyses and applications. 

FSC = 1.222 × NDSI+0.038 (14) 

In addition, the temporal dynamics of continuous NDSI curves can be 
used to extract key phenological metrics, such as the snowmelt onset 
date (Zheng et al., 2022b). During the snowmelt process, changes in 
snow grain size and water content primarily affect the spectral proper
ties of snow, particularly in the shortwave infrared band. These changes 
are effectively captured by NDSI, which is calculated based on the 
visible (0.545–0.565 µm) and shortwave infrared (1.628–1.652 µm) 
bands (Roy et al., 2013). In contrast, a reduction in snow depth occurs 
later in the snowmelt process, as liquid water is generated and begins to 
flow out. As a result, NDSI is capable of detecting the onset of snowmelt 
earlier than snow depth measurements, providing an earlier indication 
of melt timing. To test this, we selected a sample area (Fig. 1a) to explore 
the relationship between variations in NDSI and snow depth. The snow 
depth data we used was the 5 km data produced by Yan et al. (2022)
based on the SMMR, SSM/I, and SSMI/S downscaling. Fig. 12a illus
trates the temporal trends of gap-free NDSI and snow depth throughout a 
snow season. The result shows that as snow accumulation begins, the 
NDSI value increases first, followed by an increase in snow depth. 
Similarly, during the onset of snowmelt, the NDSI value decreases 
initially, and snow depth gradually declines thereafter. Further analysis 
reveals a strong correlation between the normalized curves of NDSI and 
snow depth, with a correlation coefficient of 0.877. This suggests that 
changes in snowpack are first reflected in the spectral signals (i.e., 
NDSI), which are subsequently observed in snow depth data derived 
from passive microwave sensors. Therefore, by combining NDSI curves 

with snow depth data, it is possible to more accurately determine the 
onset of snowmelt in a given region.

This finding has practical implications for snow depth studies. Snow 
depth is crucial but challenging to measure accurately due to the low 
resolution of passive microwave sensors and the mixed pixel problem in 
complex topography like the Tibetan Plateau. Existing downscaling 
methods often include snow cover days as an input factor, which rep
resents optical snow information from SCA products. For instance, Gu 
et al. (2024) used a LightGBM model with in situ snow depth observa
tions, incorporating 9 critical factors (including snow cover days), to 
downscale AMSR2 data (10 km) and obtain 500 m snow depth estimates. 
When we added our gap-filled NDSI as an additional factor to this model, 
the RMSE decreased by 7.5 %, and the R2 increased by 8.1 % (Fig. 12b). 
This improvement may be due to NDSI’s ability to capture early snow
melt signals through spectral changes in snow grain size and water 
content—information that snow cover days alone do not provide. Our 
spatiotemporally continuous NDSI data thus provides a robust dataset 
for snow depth downscaling studies on the Tibetan Plateau.

6. Conclusions

This study presents a MAT-MS model for filling data gaps in MODIS 
NDSI products by integrating multi-source data. A mask-aware tech
nique was also integrated into the architecture to mitigate cloud- 
induced artifact issue. We applied the model to the Tibetan Plateau 
and demonstrated its effectiveness, achieving an MAE of 1.585, an RMSE 
of 5.531, and an R2 of 0.868. Specifically, the model improved RMSE by 
over 30 % compared to traditional spatiotemporal interpolation 
methods and by 9 % compared to mainstream deep learning models. The 
model’s performance remained stable even in regions with extensive 
cloud cover and complex topography, highlighting its robustness and 
accuracy.

Using this model, we generated a daily gap-free NDSI dataset for the 
Tibetan Plateau spanning from 2003 to 2020. This dataset enables more 
detailed and continuous snow detection, providing high-quality input 
data for research and applications in hydrology, climatology, and ecol
ogy. The flexible and generalized MAT-MS model is also applicable to a 
wide range of continuous remote sensing datasets that suffer from data 
gaps.

Fig. 12. The temporal trends of gap-free NDSI and snow depth on a sample area within a snow season from September 1, 2017, to August 1, 2018 (a), the accuracy of 
the LightGBM snow depth downscaled model with and without the NDSI factor (b).
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Data availability

The original MODIS NDSI and dem data were accessed via the Google 
Earth Engine cloud platform (https://earthengine.google.com/). The 
daily temperature was accessed from the National Tibetan Plateau Data 
Center (https://cstr.cn/18406.11.Atmos.tpdc.300398) (Yang et al., 
2023a). The Python code for the MAT-MS model developed in this study 
can be available at https://github.com/YanHuang-ECNU/MAT-MS. The 
daily gap-free NDSI dataset for the Tibetan Plateau from 2003 to 2020, 
generated using the MAT-MS model can be assessed at https://doi. 
org/10.11888/Cryos.tpdc.301533.
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