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Abstract

Snow cover in the Himalayas plays a vital role in regulating elevation-dependent climate
processes and sustaining downstream hydrology. However, its altitude-specific dynamics
and implications for snow mass balance remain underexplored. Using the MOD(09A1
dataset (2004-2024), this study conducts a pixel-based, elevation-stratified analysis with
advanced spectral filtering and gap-filling techniques to enhance snow cover detection in
complex terrain. The mean SCA was ~2.10 x 10° km?, with sub-regional contributions
from WH: 8.59 x 10* km?, CH: 9.55 x 10* km?, and EH: 2.99 x 10* km?, indicating distinct
spatiotemporal variability. Correlation analysis revealed that SCA in WH and CH is mainly
precipitation-driven (r = +0.70 and r = +0.91), whereas EH is temperature-dominant (r = —0.65),
reflecting strong climatic control. Altitudinal and zonal snow cover changes were assessed using
Equilibrium Line Altitude-AAR and AABR methods for mass balance estimation. Regional
trends showed a positive mass balance of 0.0389 at 4105 m in WH, with increasing SCA around
4516.12 £ 531.94 m; CH exhibited a negative balance (—0.0268 at 4989 m), with declines at
higher altitudes; and EH demonstrated a negative balance (—0.015 at 4378 m), with notable
SCA reduction. Mann-Kendall and Kendall Tau tests validated these trends, highlighting
spatially heterogeneous snow-cover dynamics and their implications for Himalayan snow-
mass balance.

Keywords: snow-covered areas; elevation-dependent snow dynamics; altitudinal

variations; pixel-based analysis; climate variability

1. Introduction

The snow cover in High Mountain Asia (HMA), particularly in the Himalayas, is a crit-
ical water resource that strongly influences the regional hydrological cycle, supplying fresh
water to ~1.4 billion people across South Asia [1]. In these mountainous regions, snowmelt
contributes up to 60% of the annual water supply, supporting ecosystems, agriculture, and
local populations [2,3]. However, rising global temperatures have altered regional thermal
regimes, leading to substantial changes in the extent, timing, and duration of snow cover [4].
These changes affect regional climate dynamics and downstream water availability through
feedback mechanisms such as variations in surface albedo [5]. Therefore, monitoring snow
cover dynamics is crucial for informed water resource management and effective climate
adaptation strategies [6,7].
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The Himalayas exhibit unique climatic and topographic variability, making them
highly sensitive to climate change [8]. Southern slopes receive heavy monsoon rainfall,
whereas northern slopes remain arid due to persistent rain-shadow effects [9]. Near-surface
air temperature decreases markedly with elevation at an average lapse rate of ~0.5-0.7 °C
per 100 m. This rate varies regionally, higher in drier western regions (~0.66 °C/100 m),
lower in the humid Eastern Himalayas (~0.50 °C/100 m), and intermediate along Central
Himalayan transects (~0.52-0.54 °C/100 m), reflecting distinct elevation-dependent warm-
ing (EDW) patterns [10,11]. Long-term warming across the Hindu Kush-Himalaya has
intensified over the past century, with mean surface air temperature increasing by ~0.10 °C
per decade during 1901-2014 and accelerating to ~0.20 °C per decade since the 1950s. High-
elevation areas (>4000 m) of the Tibetan Plateau warmed more rapidly up to ~0.5 °C per
decade consistent with elevation-dependent warming [12,13]. Future projections indicate
regional warming of 1-2 °C by mid-century, potentially reaching 4-5 °C by the end of
the century [14], threatening snow cover stability by intensifying glacier retreat, altering
river discharge patterns, and increasing flash-flood risk. Additionally, Mukhtar et al. [15]
reported intensified greening of high-elevation vegetation in the Himalayas, which ad-
vances snowmelt timing and modulates ecosystem responses. These findings underscore
the urgent need for long-term snow cover variability studies that account for elevation
sensitivity to better understand and mitigate these climate-induced impacts [16,17].

Traditional in-situ snow measurements, such as snow gauges, manual depth surveys,
and meteorological stations, provide valuable point-based data but remain limited due
to their sparse distribution, inconsistent maintenance, and restricted spatial coverage in
remote, high-altitude terrains [18,19]. These limitations reduce their ability to capture the
full spatial heterogeneity and temporal dynamics of snow cover across the Himalayan land-
scape. Passive-microwave radiometry offers high-frequency, all-weather estimates of snow
water equivalent; however, its coarse resolution and sensitivity to snow microstructure
and vegetation canopy introduce uncertainties in rugged terrain [20]. To complement this,
optical and radar satellite observations enable systematic, synoptic monitoring at regional
scales, offering multi-spectral and multi-temporal datasets suitable for complex terrain
analysis [21-23]. Sensors such as MODIS onboard NASA’s Terra and Aqua satellites, Land-
sat 7, SPOT 5, WorldView-2, AVHRR, and Sentinel-1/2 provide critical datasets for snow
monitoring [21,24,25]. Similarly, satellite altimetry has been used to monitor surface-water
storage changes in remote, lake-rich Arctic regions, and adapting these methods could
enhance snowpack hydrology assessments in High Mountain Asia [26]. Among these,
MODIS snow products (e.g., MOD10A1F and MYD10A1) are especially valued for their
500 m resolution, cloud-gap-filled (CGF) capabilities, and ~93% accuracy under clear-sky
conditions [27].

Previous observational studies have revealed significant spatiotemporal variability in
snow cover trends across HMA. The region’s snow-covered area (SCA) has been shrinking
at an annual rate of 0.56%, with snow cover duration shortening by ~15.5 days over the
past four decades [28]. At elevations between 4000 and 6000 m, SCAs have declined by
~5% during 2000-2017, aggregated at 100-m intervals [29]. Historical analyses show that
between 1966 and 2001, the Greater Himalayas experienced a one-third reduction in snow
cover extent (SCE) and a 23-day shortening in snowfall duration, linked to a global temper-
ature rise of 0.6 &= 0.2 °C [30,31]. Central and northern Nepal have reported increased SCE of
10-30%, whereas Arunachal Pradesh and the Tibetan Plateau have experienced reductions of
similar magnitude [29]. Conversely, the Zanskar Valley and Northwestern Himalayas have
shown minimal changes [32]. The Kaligandaki Basin (Central Himalayas) exhibits declining
snow cover due to rising temperatures and decreasing precipitation [33,34], while the As-
tore Basin (Western Himalayas) shows increases attributed to higher winter precipitation
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and cooler summer temperatures [35]. These heterogeneous regional responses highlight
the complex and spatially variable nature of Himalayan snow dynamics under changing
climate conditions.

However, most existing studies remain limited in scope, often focusing on individual
basins or relying on coarse regional averages, while comprehensive, elevation-stratified,
pixel-based analyses linking snow cover variability to mass balance remain largely unex-
plored across the broader Himalayan arc. These knowledge gaps are further compounded
by persistent remote sensing challenges in high-relief terrains, including frequent cloud
cover, complex topography, and inconsistent snow density [36,37]. Although MODIS
products are widely used and accessible, they often lack the spatial granularity and ele-
vation sensitivity required to detect fine-scale snow trends, which can obscure pixel-level
variability and undermine the accuracy of mass-balance assessments. Addressing these
challenges requires technical advances in remote sensing and statistical trend detection,
along with interdisciplinary frameworks such as the iSTEP model, which integrates science,
technology, engineering, and policy perspectives to translate snow-cover insights into
sustainable development strategies [38]. Furthermore, aligning snow-cover monitoring
efforts with global policy agendas, including the Sustainable Development Goals and the
Paris Agreement, can further strengthen the link between elevation-sensitive snow-cover
studies and broader climate adaptation planning [39]. Therefore, an integrated, attitudi-
nally nuanced approach coupling cloud-gap-filling techniques, pixel-based trend detection,
and elevation-sensitive metrics is essential for improving our understanding of snow cover
dynamics in this climatically vulnerable region.

This study, therefore, addresses the key methodological and observational gaps identi-
fied in previous research through five primary objectives: (i) accurately assessing SCAs in
the Himalayan region using a customized Google Earth Engine (GEE) workflow involv-
ing spectral thresholding (NDSI > 0.4) and spatial filtering techniques (Inverse Distance
Weighting and bi-cubic convolution); (ii) analyzing decadal and interannual trends to as-
sess spatial heterogeneity and climatic influences on snow-cover variabilty; (iii) analyzing
elevation-dependent pixel-level trends using non-parametric statistical tests including the
Mann-Kendall, Kendall’s T, and Pettitt’s change point analysis; and (iv) estimating snow
accumulation and ablation zones, calculating Equilibrium Line Altitude (ELA) shifts, and
assessing mass balance using the ELA-Accumulation Area Ratio (AAR) and Accumulation-
Area Balance Ratio (AABR) methodologies. By integrating advanced analytical techniques
with remote sensing data, this study aims to provide a comprehensive understanding of
snow cover dynamics under varying elevation and climate conditions in the Himalayas.

2. Materials and Methods
2.1. Study Area

The Himalayas stretch approximately 2500 km across Asia, covering an area of about
561,130 km?. This mountain range lies between latitudes 26°24’ and 36°30’N and longitudes
74°36" and 95°06'E. The region features complex geographical terrain, with elevations
ranging from the Terai lowlands, which are about 100 m above mean sea level, to peaks
that exceed 8000 m. The central axis of the Himalayas rises above the snowline, where
snowfields, alpine glaciers, and avalanches feed into glaciers found in the lower valleys.
These glaciers are the primary sources of most rivers in the Himalayas. However, a
significant portion of the range is situated below the snow line. Figure 1 provides detailed
information on the geographic location, characteristics, and distribution of the study area
to the respective sub-regions: the Western Himalayas (WH), Central Himalayas (CH), and
Eastern Himalayas (EH).
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Figure 1. Geographical location of the study area is categorized into Western, Central, and Eastern
Himalayas, extending across territories delineated by international borders.

2.2. Datasets

The study utilized NASA’s Moderate Resolution Imaging Spectroradiometer (MODIS)
Terra Surface Reflectance 8-day composite product, MOD09A1 V6.1, to detect snow cover
over the Himalayas from 2004 to 2024 [40,41]. This product provides surface reflectance
data at a spatial resolution of 500 m across seven spectral bands, including the blue
(Band 3), green (Band 4), and shortwave infrared (Band 6) bands, which are essential
for deriving the Normalized Difference Snow Index (NDSI). The data are atmospherically
corrected for gases, aerosols, and Rayleigh scattering to ensure high-quality reflectance
measurements. Additionally, MOD09A1 includes a comprehensive Quality Assurance (QA)
band that identifies and filters potential data inaccuracies caused by cloud cover, aerosols,
and other atmospheric interferences, thereby enhancing data reliability and supporting
robust cloud-gap-filling procedures and accurate NDSI derivation [40,41].

To validate the NDSI results, the MODIS Terra Snow Cover Daily L3 SIN Grid product
(MOD10A1F) was employed. Acquired through the NASA NSIDC DAAC at CIRES, this
dataset provides daily estimates of fractional snow cover and snow albedo at a 500 m
resolution. It incorporates cloud-gap-filled (CGF) snow data based on clear-sky composit-
ing, which improves continuity in regions frequently affected by cloud cover. Grid cells
impacted by cloud cover in MOD10A1F were retained using clear-sky observations from
unobstructed days [42,43].

Additionally, the ERA5 monthly averaged reanalysis dataset was obtained from the
Copernicus Climate Data Store (CDS) using the CDS API [44]. The dataset provides
2-m air temperature and total precipitation variables at a spatial resolution of 0.25° (~31 km).
This dataset was utilized to characterize the climatic regimes of the Western, Central,
and Eastern Himalayas. Furthermore, to evaluate how variations in temperature and
precipitation influence snow cover dynamics across the study period (2004-2024) [45].

Topographic information was derived from NASA’s Shuttle Radar Topography Mis-
sion (SRTM Plus) Global 1 Arc-Second DEM, Version 3, with a spatial resolution of ~30 m.
Provided by NASA /USGS/JPL-Caltech, this high-resolution elevation model supports
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elevation-stratified snow cover, enabling the assessment of accumulation and ablation
trends. It also facilitates the detection of elevation-sensitive snow distribution patterns in
the complex terrains of the Himalayas [41,46].

2.3. Methodology

This study uses the MODO09A1 dataset, an 8-day composite surface reflectance product
from the MODIS sensor. For each winter season (DJFM: December, January, February, and
March) from 2004 to 2024, ~16 MOD09A1 composites per year were processed in Google Earth
Engine (GEE) and averaged to create a seasonal mean mosaic per year (n = 21). The analysis
followed a structured methodological framework within GEE, incorporating advanced
spectral filtering, snow detection thresholding (NDSI > 0.4), and gap-filling techniques,
including Inverse Distance Weighting (IDW) and bi-cubic convolution. This workflow
ensured reliable detection of snow cover across complex mountainous terrain (Figure 2).
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Figure 2. Schematic diagram of the research methodology.

Vector and raster geoprocessing workflows were automated using ArcPy in ArcGIS
Pro (version 3.4.3). The ELA was calculated using the Python-based ELA Calculation
Toolbox developed by Pellitero et al. [47], implemented as a custom ArcGIS tool. Trend and
change-point analyses, including the Mann-Kendall test and Pettitt’s test, were performed
using the pyMannKendall package (version 1.4.3) in Python (version 3.10.9). Kendall’s t
correlation coefficient was calculated using the SciPy library (version 1.10.0).

2.3.1. Data Preprocessing

To mitigate spectral anomalies caused by atmospheric interference, such as clouds,
shadows, and water bodies, the MODO09A1 dataset was preprocessed using atmospheric
filtration techniques based on a quality assurance (QA) bitmask band. Cloud-covered,
shadowed, and water pixels were filtered by applying bitwise filtering procedures in
GEE [37,48]. By systematically excluding flagged pixels, the dataset’s suitability for snow
cover analysis during the snow season was significantly improved.

Missing values generated from the masking process were reconstructed using a bi-
cubic convolution approach. Initially, masked pixels were restored with an unmasking
function in GEE, followed by focal smoothing, using a 1.5 m-unit circular kernel to reduce
local anomalies while preserving spatial details [49]. Pixel values were then interpolated
using cubic polynomials, producing smoother and higher-quality results compared to
linear methods. Finally, the interpolated reflectance values were standardized using a
scaling factor of 0.0001 to match the radiometric scale of MOD(09A1.
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2.3.2. Snow Cover Pixels Detection
Snow-covered pixels (SCPs) were identified using the Normalized Difference Snow

Index (NDSI), a well-established matrix that utilizes MODIS Green (Band 4) and SWIR1
(Band 6) reflectance. The NDSI was computed using the formula in Equation (1):

Green(sur_refl b04) — SWIR1(sur_refl b06)

DSI =
NDS Green(sur_refl_b04) + SWIR1 (sur_refl_b06)”

)

A threshold value of NDSI > 0.4, proven effective for distinguishing stable snow
and glaciers, as well as other land surfaces [50,51], was applied to classify snow-covered
pixels. This threshold is consistent with the MODIS global snow-mapping standard and
validated through a sensitivity analysis by testing thresholds between 0.35 and 0.50. To
further enhance the accuracy, the NDSI results were normalized using the Z-score method,
improving overall comparability and enhancing the visual coherence of the snow cover
dataset. The classified NDSI images were then employed to delineate SCAs, and their
interannual variability was quantified using the annual rate of change (ROC).

Additionally, the SCAs were correlated with monthly averaged 2-m air temperature
and total precipitation from the ERA5 reanalysis dataset for 2004-2024. ERA5 grids overlap-
ping the Western, Central, and Eastern Himalayas were spatially aggregated using zonal
statistics to derive regional monthly means for the winter season (DJFM). These tempera-
ture and precipitation series were compared with MODIS-derived SCAs to evaluate the
influence of climatic variability on snow cover dynamics across the study period.

2.3.3. SCPs Variability Analysis

Three statistical approaches, i.e., (i) Mann-Kendall (MK) test, (ii) Kendall’s T, and
(iii) Pettitt’s test (for the change point detection), were used to analyze the variability
in winter snow cover from 2004 to 2024. These methods were specifically chosen for
their ability to detect trends, measure associations, and identify significant shifts in snow
cover patterns. Together, they form a more robust and reliable framework for assessing
snow cover variability by capturing both gradual changes and sudden transitions in snow
dynamics. This integrated approach offers deeper insights into snow accumulation and
melting behaviors over time, aligning with the research objective of evaluating long-term
snow cover dynamics.

(i) Mann-Kendall (MK) Test

The Mann-Kendall (MK) test was used to detect monotonic trends in snow cover
variability, specifically snow accumulation or reduction, over the study period. The MK
test statistic S was calculated as below:

-1
5 = Z:l Z;‘q:kﬂ sgn(X; — Xx), 2)
where the sgn function sgn(X; — X;) is defined as follows:
lf (X] — Xk) >0, 1

sgn(X; = Xi) = {if (X;—X) =0, 0, ®)
if (X;—X¢) <0, —1

Here, X; and X are the data values at times j and k, respectively, and 7 is the length of
the dataset. The standardized test statistic Zg was then computed:

5—1 ;
2ar(s) if S>0

Zs =10 ifS=0p, 4)
St1 ifS<0



Remote Sens. 2025, 17,3175

7 of 25

The significance of the trend was evaluated by comparing Zg to critical values corre-
sponding to specific confidence levels. Trends were considered statistically significant at
99%, 95%, and 90% confidence levels if Zg > 2.56, Zg > 1.96, and Zg > 1.65, respectively. If
Zg exceeded these thresholds, the null hypothesis of no trend was rejected. Positive Zg
values indicate increasing snow cover trends, while negative values indicate decreasing
trends in snow cover.

(ii) Kendall's T

Kendall’s T test was used to evaluate the strength and direction of the relationship
between time and changes in snow cover [52]. In combination with the MK test, it ensures
a more comprehensive understanding of the temporal patterns in snow cover variability.
The Kendall’s 7 is defined in Equation (5):

2§

R (n —1)7 ©
where S represents the sum of the ranks of the differences between all pairs of observations,
and 7 is the total number of observations in the time series. The value of S accounts for the
relative ordering of paired observations, making it particularly effective for datasets with
non-linear trends or fluctuations.

The sign of T indicates the direction of the trend; a positive T suggests an increasing
trend in snow cover, whereas a negative T indicates a decreasing trend over time. This
makes the Kendall’s 7 test especially suitable for analyzing snow cover variability in regions
characterized by non-uniform temporal patterns.

(iii) Pettitt’s Test (for change point detection)

Pettitt’s test (for change point detection) was used to identify abrupt shifts within the
time-series data. In the analysis of snow cover variability, this test was employed to identify
critical transition points in the snow cover time series, providing insights regarding abrupt
changes in snow patterns or melting dynamics. The test statistic U}, is defined in Equation (6):

Utn = 25:1 27:t+1 sgn(X; — Xj), (6)
where
if (Xi—X]-)>0, 1
sgn(Xl- - X]) = lf (Xl — X]) = 0, 0 (7)
if (Xl- —X]-) <0, —1

The change point in the snow cover time series is identified at the point where U ,
reaches its maximum value, denoted as Kr, as shown in Equation (8):

Kt =max Uy, 8)

A decreasing trend in U; over time suggests the presence of an abrupt change, whereas
an increasing trend implies no significant change. If the test statistic surpasses the p-value
threshold (p < 0.05), it confirms the existence of a statistically significant change point
detected in the dataset [53].

2.3.4. Snow Mass Balance Estimation Using ELA-Based AAR and AABR Methods

The hypsometrically controlled Accumulation Area Ratio (AAR) and Area-Altitude
Balance Ratio (AABR) methods were used to estimate the Equilibrium Line Altitude (ELA)
for snow mass balance in the WH, CH, and EH, respectively. The ELA separates the
accumulation zone (above ELA, where snow is retained) from the ablation zone (below
ELA, where snow mass loss occurs) and was derived using composite NDSI imagery
(2004-2024) combined with the SRTM DEM. The AAR method, originally proposed by
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Kurowski [54], estimates ELA based on the ratio of accumulation area to total SCA, as
expressed in Equation (9):

Accumulation Area (AA)

AAR =
Total Snow Cover Area (SCA),

©)

Considering the rugged topography of the Himalayas, AAR ratios between 0.4 and 0.8
were tested at 0.05 intervals, with a standard reflectance value of 0.5, indicating an equal
distribution between accumulation and ablation zones. The AABR method, following [55]
and [56], estimates ELA by considering the ratio of accumulation and ablation rates across
elevation bands, as given in Equation (10):

ELA

AABR = Lowest elevation
Highest elevati .
ELlf; el eReetOn Area x Ablation Rate dE

Area x Accumulation Rate dE

(10)

where E denotes elevation (m) and dE is the differential elevation increment (m).

This study employed AABR ratios between 0.9 and 4.4 at 0.01 intervals.

In this study, we used both AAR and AABR methods to cross-validate ELA estimates.
While the AAR method is widely applied in glaciological research, the AABR method
incorporates mass balance gradients and accounts for topographic asymmetry, providing
more robust and reliable results. The dual-method approach has been validated in previous
ELA estimation studies [47,57], particularly in regions with snow-fed glaciers and complex
hypsometric distributions.

A sophisticated toolbox developed by Pellitero et al. [47] for ArcGIS, which integrates
Python scripts, was used to automate the ELA calculation for the Himalayas. This tool
processed multiple snow cover datasets and leveraged DEM data with 50 m contour inter-
vals (£5 m error) to simplify ELA determination. The analysis was conducted for the WH,
CH, and EH, recording AAR and AABR values of 0.67 and 1.75, respectively. The lowest
standard deviation values for AAR (0.5) and AABR (0.6) were applied, indicating a steady
state for SCAs and a consistent accumulation-to-ablation ratio. Globally, several studies
have reported various AAR and AABR ratios for ELA estimation [58], demonstrating that
mass balance is strongly influenced by the altitudinal area relative to the ELA.

2.3.5. Model Performance Evaluation

To evaluate the MODO09A1-derived NDSI classifications, we computed annual con-
fusion metrics from 2004 to 2024. These metrics provide a comprehensive framework for
evaluating the performance of a predictive model. The key parameters include

u True Positives (TP): snow pixels correctly classified as snow;

u False Positives (FP): non-snow pixels incorrectly classified as snow;

= False Negatives (FN): snow pixels missed by the classifier; and

s True Negatives (TN): non-snow pixels correctly classified as non-snow.

These metrics collectively contribute to various evaluation measures such as Overall
Accuracy (OA), the proportion of correctly classified pixels, calculated as follows:

TP+ TN

A=
© TP+ TN+ FP+FN’

(11)

Precision, the fraction of predicted snow pixels that are truly snow (penalizing com-
mission errors), is calculated as follows:

- TP
Precision = TP 1 FD’ (12)

Overall accuracy reflects global correctness, while precision specifically addresses
commission errors in the snow class.
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Recall, the fraction of actual snow pixels correctly identified (penalizing omission

errors), calculated as follows:

TP
Recall = TP + N (13)

F1 score, the harmonic mean of Precision and Recall, balancing omission and commis-
sion errors, computed as follows:
Precision x Recall

h=2 Precision + Recall’ (14)

Misclassification rate (MR) is defined as the overall error rate, calculated as follows:
MR =1 — OA, (15)

Lastly, the Kappa statistic (K,), calculated using Equation (15), was quantitatively
essential for providing a detailed evaluation of pixel-to-pixel classification accuracy. This
approach considers the possibility of random agreement between predicted and observed
classifications, thereby offering a rigorous assessment of the model’s effectiveness in spatial
classification [59].

. . _ (TP+TN) _ .. .
where SC, is the proportion of observed agreement, SC, = ~——x—— while 5C, is the

proportion of expected (chance) agreement derived from the confusion-matrix marginals.

3. Results

3.1. Snow Cover Validation

The NDSI-based snow classification results derived from MOD09A1 were validated
against the reference MODIS Terra Snow Cover product (MOD10A1F). The results exhibited
a strong model fit and high-performance confidence, with an average Kappa coefficient (Ka)
of 0.9129. The Overall Accuracy (OA) averaged 0.99, while the Misclassification Rate (MR)
remained low (=0.01), further confirming the robustness and reliability of the classifier. Detailed
annual values for Ka, OA, Precision, Recall, F; score, and MR are summarized in Table 1.

Table 1. Annual classification performance of MOD09A1-derived NDSI (2004-2024): Kappa coeffi-
cient, Overall Accuracy, Precision, Recall, F; score, and Misclassification Rate.

True False False True Overall . Kappa . g
Year Negative Positive Negative Positive Accuracy P{;:(:S“ (Is{f:);il) F; Score Statistic MlSdaSS(llfl/[CI::wn Rate

(TN) (FP) (FN) (TP) (0A) (Ka)
2004 11,838,948 77,921 38,494 682,437 0.9908 0.8975 0.9466 0.9214 0.9165 0.0092
2005 11,641,374 163,161 22,526 810,739 0.9853 0.8325 0.9730 0.8972 0.8894 0.0147
2006 11,858,926 124,242 23,976 630,656 0.9883 0.8354 0.9634 0.8948 0.8887 0.0117
2007 11,710,598 126,439 29,097 771,666 0.9877 0.8592 0.9637 0.9084 0.9019 0.0123
2008 11,787,311 111,820 24,796 713,873 0.9892 0.8646 0.9664 0.9127 0.9069 0.0108
2009 11,835,634 66,844 25,012 710,310 0.9927 0.9140 0.9660 0.9393 0.9354 0.0073
2010 11,831,359 46,176 35,238 725,027 0.9936 0.9401 0.9537 0.9468 0.9434 0.0064
2011 11,766,435 210,256 16,287 644,822 0.9821 0.7541 0.9754 0.8506 0.8412 0.0179
2012 11,749,961 227,134 36,843 623,862 0.9791 0.7331 0.9442 0.8254 0.8145 0.0209
2013 11,654,108 170,621 33,045 780,026 0.9839 0.8205 0.9594 0.8845 0.8759 0.0161
2014 11,731,121 185,073 29,714 691,892 0.9830 0.7890 0.9588 0.8656 0.8567 0.0170
2015 11,646,289 113,399 25,108 853,004 0.9890 0.8827 0.9714 0.9249 0.9190 0.0110
2016 11,931,844 74,468 37,898 593,590 0.9911 0.8885 0.9400 0.9135 0.9089 0.0089
2017 11,849,531 202,106 13,932 572,231 0.9829 0.7390 0.9762 0.8412 0.8324 0.0171
2018 11,942,945 104,631 17,822 572,402 0.9903 0.8455 0.9698 0.9034 0.8983 0.0097
2019 11,573,962 191,270 21,768 850,800 0.9831 0.8165 0.9751 0.8887 0.8797 0.0169
2020 11,613,299 64,161 46,315 914,025 0.9913 0.9344 0.9518 0.9430 0.9383 0.0087
2021 11,934,850 43,342 46,142 613,466 0.9929 0.9340 0.9300 0.9320 0.9283 0.0071
2022 11,679,405 79,434 35,619 843,342 0.9909 0.9139 0.9595 0.9361 0.9312 0.0091
2023 11,918,071 81,725 31,951 606,053 0.9910 0.8812 0.9499 0.9143 0.9095 0.0090
2024 11,936,909 209,141 24,625 467,125 0.9815 0.6907 0.9499 0.7999 0.7904 0.0185

Mean 11,817,989 97,818 26,273 695,720 0.9902 0.8767 0.9636 0.9181 0.9129 0.0098
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3.2. Interannual Variability in SCAs

Figure 3 and Table S1 provide a comprehensive analysis of SCAs across the entire
Himalayas from 2004 to 2024. Over this period, the mean SCA was 2.10 x 10° km?,
with a pronounced peak of 2.55 x 10° km? in 2019 and a low of 1.68 x 10° km? in 2021.
The interannual Coefficient of Variation (CV) of 11.4% reflected moderate year-to-year
fluctuations around this mean. These results show substantial annual variability but no
marked long-term trend in overall snow cover.
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Figure 3. Normalized NDSI maps of the Himalayan snow-covered areas, showing inter-regional
spatiotemporal variability from 2004 to 2024 with an interval of four years.

Sub-regional variability indicates that the CH holds the largest share of snow cover
(45.2%), followed by the WH (40.65%) and EH (14.15%), respectively (Figure 4). This trend
suggests substantial regional disparities, with the CH having the most extensive snow
cover. It also exhibits a higher proportion of transient snow, which makes it potentially
more vulnerable to climatic shifts.

In detail, the WH recorded an average SCA of 8.59 x 10* km?, with a maximum snow
cover recorded in 2019 at 9.61 x 10* km?, which exceeded the average by 1.28 x 10* km?.
A declining trend in SCA was observed between 2019 and 2023; however, this trend was
statistically non-significant, indicating no consistent long-term changes in this region. The
SCA varied between 7.26 x 10* km? and 9.61 x 10* km?, with the highest positive mass
balance observed between 2018 and 2019 at a rate of +32.31%. This gain was primarily
driven by a sharp temperature drop of about 1.92 °C (—6.78 °C to —8.71 °C) and a con-
current rise in precipitation of +179.6 mm (from 264.3 mm to 443.9 mm), both favoring
enhanced snow accumulation. Conversely, the most substantial negative mass balance
occurred between 2017 and 2018, with a rate of change of —16.12%, correlating with a
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significant decrease in precipitation of about —195.9 mm (460.2 mm to 264.3 mm). Pear-
son correlation analysis confirms that SCA in WH is strongly influenced by precipitation
(r=+0.70, p < 0.001), predominantly associated with Western Disturbances (WDs), whereas
the temperature showed a moderate and negative relation with SCA (r = —0.43, p ~ 0.05),
shown in Figure 5. The variability within the SCAs was quantified using the Coefficient of
Variation (CV), which was calculated at 6.97%. The CV indicates a low degree of variability
in SCAs and suggests a relatively stable snow cover pattern for this region.
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Figure 4. Interannual variability in SCAs across the Himalayas and its sub-regions from 2004 to 2024,

including the annual rate of change (ROC) representing the year-over-year percentage variation in SCA.
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Figure 5. Correlation between standardized SCA, Temperature (°C), and Precipitation (mm) from

2004 to 2024 across (a) Western Himalayas, (b) Central Himalayas, and (c) Eastern Himalayas.
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The average SCA recorded in the CH was ~9.55 x 10* km?, with major peaks ob-
served in 2005 (11.22 x 10* km?), 2013 (11.57 x 10* km?), 2015 (12.26 x 10* km?), and 2019
(11.93 x 10* km?), respectively. Among these, 2015 marked the absolute maximum, ex-
ceeding the average by +2.71 X 10* km?, mainly driven by relatively low temperatures
(—2.99 °C) and high precipitation (394.2 mm). In contrast, 2009, 2016, 2018, 2021, and 2023
experienced relatively low SCAs, with 2021 marking the minimum at 6.76 x 10* km?, about
—2.79 x 10* km? below the average, associated with warmer and drier climate conditions
(—1.17 °C temperature; 173.7 mm precipitation). The highest positive percentage gain in
SCA was recorded between 2021 and 2022 (+58.46%), driven by a cooling of ~1.88 °C (from
—1.17 °C to —3.05 °C) and an increase in precipitation of +98.0 mm (from 173.7 mm to
271.7 mm). Conversely, the period between 2015 and 2016 showed a substantial negative
mass balance (—41.37%), caused by a warming of +1.38 °C and a sharp precipitation decline
of —166.9 mm. The SCA in the CH exhibits a strong positive correlation with precipitation
(r = 4091, p < 0.0001) and a strong negative correlation with temperature (r = —0.83,
p < 0.001), as shown in Figure 5. This highlights the region’s high sensitivity to climatic
variability, primarily driven by WDs, Indian Summer Monsoon (ISM), and steep topog-
raphy, which together make the CH snow cover highly sensitive to short-term climatic
fluctuations. The mean CV for the CH was noted at 17.24%, indicating a moderate but
notable variability in SCAs.

In the EH, significant increases in snow cover extent were recorded in 2005 (3.63 x 10* km?),
2007 (3.72 x 10* km?), 2019 (4.01 x 10* km?), and 2022 (3.66 x 10* km?), resulting in an av-
erage SCA of ~2.99 x 10* km? from 2004 to 2024. The maximum SCA was observed in 2019,
exceeding the average by +1.34 x 10* km?, attributed to colder temperatures (—0.34 °C) and
relatively high precipitation (600.6 mm). In contrast, 2006, 2016, 2021, and 2023 recorded rel-
atively low SCAs, with 2021 marking the lowest at 2.02 x 10* km?, nearly —0.97 x 10* km?
below the average, linked to warmer and drier conditions (+1.91 °C temperature; 413.3 mm
precipitation). The largest absolute SCA gains occurred during 2021-22 (+80.8%; —1.65 °C,
+77.1 mm) and 2018-19 (+60.5%; —2.25 °C, +108.4 mm). Conversely, the period from 2019
to 2020 recorded the highest negative rate of change at —38.9%%, when the snow cover
declined by ~1.56 x 10* km?, indicating a significant mass loss. This decline was primarily
attributed to warming temperature (+0.43 °C) and reduced precipitation (—29.1 mm). In
the EH, SCA is strongly and negatively correlated with temperature (r = —0.65, p ~ 0.001)
and weakly correlated with precipitation (r = +0.31, p ~ 0.17) (Figure 5). This indicates
that warming-driven reductions in winter snow cover are dominant, largely caused by
rain-snow phase shifts, resulting in a higher snowline, and earlier rain-on-snow events
that accelerate melting in this region. The mean CV for the EH was 17.45%, underscoring
significant variability in snow extent from 2004 to 2024.

3.3. Temporal Variability of Snow Cover at Pixel Scale

The interannual variability of snow cover at the pixel scale was quantified using the
CV of the NDSI time series. As shown in Figure 6, there is relatively low variability across
all regions, with mean CV values of 7.14% in the WH, 9.84% in the CH, and 7.80% in the
EH, indicating overall stability. Approximately 70% of SCPs exhibit low variability, with
the majority located in the WH (74.9%), followed by the EH (64.7%) and the CH (48.0%).
Moderate variability is more prevalent in the CH, where 50.6% of SCPs show moderate
variation in snow cover extent. In comparison, the WH and EH exhibit only 24.9% and
34.9% of SCPs with moderate variability, respectively. The proportion of high-variability
pixels remains minimal across all regions, with only 0.2% in the WH, 1.5% in the CH, and
0.4% in the EH. This indicates limited significant changes in snow cover variability over the
study period (2004-2024). Overall, these results demonstrate that Himalayan snow cover
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has remained largely stable over the past two decades. Among all regions, only the CH
shows a modestly higher tendency toward moderate variability, whereas high variability
remains notably low across all SCPs.
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Figure 6. Map of pixel-level coefficient of variation (CV) for snow cover across the Western, Central,
and Eastern Himalayas (2004-2024).

This pixel-based stability is further confirmed by the distribution of NDSI values
(> 0.4) across the Himalayas (2004-2024), as shown in Figure 7. The mean NDSI fluctuated
between 0.55 and 0.75, suggesting a relatively stable central tendency. Higher interquartile
ranges (IQRs) in 2010 and 2018 indicated significant variability in those years, whereas
smaller IQRs in 2015 and 2024 reflected more consistent snow cover with less variability.
The linear regression analysis of annual mean NDSI values reveals a marginal upward
trend (y = 0.0001x + 0.6289), with a slight increase in snow cover over time (2004-2024).
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Figure 7. Statistical evaluation of NDSI values across the Himalayas from 2004 to 2024, including the
first, second, and third quartiles (Q1, Q2, and Q3). The 2-year moving average smooths short-term
fluctuations and highlights underlying trends in snow cover dynamics over time.
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3.4. Elevation-Dependent Spatial Distribution of the SCPs Across the Himalayas

The trend analysis, using the Mann-Kendall (MK) test, reveals that ~30% of the SCPs
across the Himalayas exhibited statistically significant trends (p < 0.05), as shown in
Figure 8. These trends indicate spatially heterogeneous patterns of snow accumulation and
ablation during 2004 to 2024. Most of these significant changes were concentrated at higher
elevations. In contrast, the remaining 70% of SCPs showed no statistically significant trends
(p > 0.05), suggesting a stable winter snow cover across much of the region.
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Figure 8. Trends in SCPs across the Western, Central, and Eastern Himalayas. (a) Total SCP count
showing statistically significant (p < 0.05) and non-significant (p > 0.05) trends based on the Mann-
Kendall test; (b) Distribution of SCPs exhibiting upward (1) and downward (] ) trends determined
using Kendall’s T correlation coefficient, highlighting the direction and strength of change.

Within the WH, ~21% of SCPs (~65,109 pixels) exhibited statistically significant trends
(p < 0.05), mostly concentrated in slightly higher-altitude zones. These regions include
the Zanskar Range (Ladakh, Northwestern India), Pir Panjal range (Jammu and Kashmir,
Northwestern India), and Northern Pakistan, with a mean elevation of 4528.90 + 536.91 m.
In contrast, non-significant trends (p > 0.05) were more broadly distributed across mid-
altitude zones, with a mean elevation of 4151.29 + 699.47 m (Figure 9a). Kendall’s T
analysis indicated that ~97% of significantly changed pixels in WH exhibited increasing
trends, concentrated at marginally higher altitudes around 4516.12 £ 531.94 m. In com-
parison, only 3% showed decreasing trends, mainly across lower to mid-elevation areas
(3797.82 £ 725.37 m) (Figure 9b). Between 2008 and 2022, the annual pixel count with
statistically significant change-points increased steadily, reaching a Theil-Sen slope of
+356 pixels yr~!. Significant change-points were detected in 2016 (decline) and 2019 (in-
crease), followed by a resurgence of increasing snow cover post-2021 (Figure 9c). Together,
these results indicate an overall positive mass balance, with increasing snow cover across
the WH during the study period.

In the CH, only 3% of SCPs exhibited statistically significant trends (p < 0.05), predom-
inantly situated in high-altitude zones (5525.14 & 704.69 m). In contrast, non-significant
trends, comprising ~97% of SCPs, were primarily distributed across mid-altitude zones
(5019.42 + 674.50 m) (Figure 9d). Of the significant pixels, ~86.9% exhibited increasing
trends, centered around 5487.34 & 701.33 m, located in the Nanda Devi Range (Garhwal
Himalaya, Uttarkhand, Northern India). While ~13.1% showed decreasing trends, located
within the Kumaon Himalayas (Uttarkhand, Northern India), at slightly higher elevations
(5781.01 £ 681.81 m) (Figure 9e). Between 2008 and 2022, change-point counts in the CH
reached a Theil-Sen slope of +30 pixels yr~!, indicating only moderate statistical support
for a long-term increase. Pettitt’s test detects an early surge in 2008-2009, a downturn
in 2014-2015, a brief recovery around 2018, and then a downward phase. By 2019, the
cumulative curve reaches roughly 75% of all significant pixels, pinpointing the late 2010s
as the critical interval for CH snow-cover change (Figure 9f).
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Figure 9. (a—c) Elevation-specific distribution of SCPs with significant trend (at 5% significance level)
for the WH, CH, and EH. The dotted lines represent the mean elevations across the respective trend;
(d-f) Elevation-specific increasing and decreasing trend for the significantly changed SCPs; and
(g-i) Distribution of significantly changed SCPs with corresponding change-points year over the
study period (2004-2024).

In the EH, ~15% of SCPs exhibited statistically significant trends (p < 0.05) primarily
concentrated at high elevation zones (5404.72 £ 612.41 m), compared to non-significant
pixels, which were common at mid-elevations (4579.15 £ 734.90 m) (Figure 9g). Notably, all
statistically significant pixels in the EH exhibited decreasing trends, mainly located within
the Kanchenjunga region (Northeastern India and Eastern Nepal), Tongshanjiabu (Bhutan-
Tibet border, Northern Bhutan), Kangkar Punzum (Bhutan-China border, Northern Bhutan),
Kula Kangri (China), and Arunachal Pradesh (Northeastern India), centered around a mean
elevation of 5408.02 £ 608.48 m (Figure %h). In the EH, significant change-point pixels
reach a Theil-Sen rate of +33 pixels yr~!, between 2008 and 2022. Pettitt’s test identifies
two key breakpoints in 2014 and 2018, both corresponding to intervals of snow loss, with
2020 marking the peak year of change (Figure 9i). However, the overall linear trend in
snow cover itself is negative, pointing to a gradual decline in EH snow extent over the
twenty-one-year period.

3.5. Snow Cover Mass Balance Estimation Based on AAR and AABR

SCAs in the WH followed a quasi-normal distribution, peaking between 3855 m and
4605 m with the highest concentration of 33.93%. The distribution tapers sharply toward
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both extremes (0.58% below 2155 m; 1.14% above 5855 m), highlighting sharp declines
at both extremes (Figure 10a). Nearly 81.08% of SCAs occupy the mid-elevation range
(3155-5150 m), where the hypsometric curve exhibited a gradual slope (relatively flat),
indicating a central tendency around these altitudes with stable snow retention. At an
AAR of 0.67, 64.48% of the total SCPs lie in the steeper regions < 3705 m, representing the
ablation zone, while the remaining 35.52% constitutes the accumulation zone. Whereas,
for an AABR of 0.96, the ablation zone expanded to 60.77%, while the accumulation zone
reduced to 39.23%, extending up to 3805 m. This reflects the dominant role of mid-altitude
terrain in governing WH snow cover dynamics and the vulnerability of extreme elevations
to snow loss.
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Figure 10. Reconstructed SCAs at constant contour intervals with a hypsometric curve representing
constant AAR (0.5 and 0.67) and AABR ratios (0.96 and 1.75) for (a) Western Himalayas (WH);
(b) Central Himalayas (CH); and (c) Eastern Himalayas (EH).

Variations in SCA geometries of WH, based on AAR and AABR-ELA ratios, are
summarized in Figure 11a,b and detailed in Table S2. At an AAR of 0.5 and ELA of 4105 m,
48.37% of the area lies in the ablation zone (<4105 m), while 51.63% is in the accumulation
zone (>4105 m). For an AABR of 0.96, the ablation area comes out to be 51.42%, and the
accumulation 48.58%, located at an ELA of 4025 m. Raising AAR from 0.4 to 0.8 lowered
the ELA by 1100 m, from 4355 m to 3255 m, corresponding to a 41.64% reduction in the
accumulation area. Similarly, increasing the AABR from 0.9 to 4.4 lowered the ELA by
550 m, from 4055 m to 3505 m, resulting in a 20.47% gain in the ablation area. When
maintaining a constant AAR between 0.4 and 0.45, a 100 m ELA decrease from 4355 m to
4255 m led to a 4.44% reduction in SCA. The most significant decrease, 200 m, was observed
for a constant AAR of 0.75 to 0.8, resulting in a 5.98% loss in snow cover geometries. The
losses in SCAs were highly variable, with the highest positive mass balance occurring
between elevations (3855-4005 m). In contrast, a relatively low degree of positive mass
balance was reported between elevations of 3755 m and 3855 m for varying AAR values.
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Snow cover in the CH exhibits a normal distribution, peaking between 4389 m and
5589 m, with the highest concentration (59.66%) of SCAs (Figure 10b). Snow coverage
tapers at extremes, with only 1.38% found at higher elevations (6489 m and 8739 m), and
1.04% at lower elevations < 2889 m, representing a skew toward mid-altitudinal ranges.
A significant portion (84.67%) of SCAs was concentrated between 3739 m and 5889 m,
where the hypsometric curve exhibited a steep slope. Almost 64% of the total SCA was
concentrated in steeper regions > 4989 m, corresponding to the accumulation zone, while
the remaining 36% occupied the ablation zone, based on an AAR of 0.67. When applying
an AABR of 0.96, the distribution shifted, with the accumulation zone expanding to 53.03%
and the ablation zone decreasing to 46.97%, extending up to an elevation of 4860 m. This
indicates a redistribution of snow cover across the elevation gradient, reflecting changes in
the snow accumulation and ablation dynamics of CH.
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Figure 11. Elevation range of WH (a,b), CH (c,d), and EH (e f) plotted against the cumulative SCA
in percentage for constant AAR (0.4 to 0.8, with 0.05 interval) and AABR values (0.9 to 4.4, with
0.01 intervals).

ELA analysis (Figure 11c,d; Table S3) confirms that positive mass balance was con-
centrated in the steeper portion of the curve > 4989 m. At this elevation, 53.05% of the
area lies in the accumulation zone and 46.98% in the ablation zone, based on an AAR of
0.5. In comparison, at an AABR of 0.96 (ELA of 4860 m), the accumulation area constitutes
50.48% while the ablation area of 49.42% relative to the total SCA. Raising AAR from 0.4 to
0.8 lowered the ELA by 900 m, from 5139 m to 4239 m, corresponding to an approximate
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38.89% reduction in the ablation area. Moreover, increasing the AABR from 0.9 to 4.4
reduced the ELA by 500 m, from 4889 m to 3889 m, resulting in a ~22.09% decrease in
the accumulation area. A 100 m decrease in ELA, from 5089 m to 4989 m, resulted in a
5.39% reduction in SCA while maintaining a constant AAR between 0.45 and 0.5. The most
significant degree of negative mass balance, a 150 m drop in ELA, was observed with a
constant AAR of 0.7 to 0.75, leading to a 7.87% loss in snow cover geometries. The lowest
negative mass balance was concentrated between the elevations of 5139 m and 5089 m,
resulting in a 2.72% reduction in area, indicating a zone for mass loss.

Snow cover in the EH showed a slightly positive skewed distribution (Figure 10c),
with the majority (49.88%) of SCA concentrated between elevations of 3628 m and 4528 m.
Snow cover falls off sharply toward the extremes, with only 0.15% of the snow found at
higher elevations (7028-7478 m) and 0.21% at lower elevations (<2728 m). This underscores
a strong mid-elevation focus. Almost 92.77% of SCAs lie between 3328 m and 5678 m,
where the hypsometric curve showed a steep gradient. Approximately 64% of the total
SCA was located in the steeper regions >4028 m, corresponding to the ablation zone. The
remaining 35.82% lies in the accumulation zone, as defined by an AAR of 0.67. Applying an
AABR of 0.96 shifts the equilibrium to 4228 m, expanding the ablation zone to 53.84% and
reducing the accumulation zone to 46.15%. This indicates a notable upward redistribution
of snow cover.

ELA analysis for the EH (Figure 11e,f and Table 54) indicated a positive mass balance,
predominantly concentrated in the steeper section of the curve, centered at>4378 m. At
this elevation, 53.52% of the SCA is in the accumulation zone, while 46.48% in the ablation
zone, at an AAR of 0.5. Conversely, for an AABR of 0.96, the mass balance at 4387 m
comprised 55.47% of the accumulation area and 44.53% of the ablation area relative to the
total SCA. Raising AAR from 0.4 to 0.8 lowers the ELA by 800 m, from 4578 m to 3778 m,
corresponding to an approximate 40.41% reduction in the accumulation area. Similarly,
elevating the AABR from 0.9 to 4.4 decreased the ELA by 450 m, from 4428 m to 3978 m,
leading to an approximate 22.75% reduction in the accumulation area. A 100 m decrease
in ELA, from 4478 m to 4378 m, resulted in a 4.76% reduction in the SCA when the AAR
was held constant between 0.45 and 0.5. The most pronounced negative mass balance was
observed with a constant AAR between 0.55 and 0.6, where a 100 m drop in ELA led to a
6.18% loss in snow cover geometries. The lowest negative mass balance was concentrated
between elevations of 4378 m, resulting in a 3.71% reduction in area, marking a critical zone
of mass loss.

4. Discussion

This study applied a pixel-based methodology to analyze snow cover variability across
the Himalayan region. The results demonstrate the effectiveness of advanced spectral fil-
tering and gap-filling techniques. The spectral filtration approach specifically targeted
spectral anomalies such as cloud cover, shadows, and water bodies [60-62]. By systemati-
cally excluding non-snow pixels, this process significantly enhanced the reliability of snow
cover mapping, ensuring that the analysis focused solely on high-confidence snow pixels.
To manage data, bi-cubic convolution interpolation was employed, effectively addressing
masked pixels. This method maintained spatial continuity and mitigated common interpo-
lation errors like voids and spectral confusion. Validation against the MOD10A1F snow
cover product, which has ~93% accuracy under clear-sky conditions [27], highlighted the
robustness of the applied methodology. The validation achieved an overall accuracy of
99.02%, with a precision of 87.67%, a recall of 96.36%, an F score of 91.81%, and a Kappa
statistic of 0.9129, demonstrating the strong performance of the algorithm across diverse
Himalayan terrains and climatic conditions. Moreover, owing to the sensor-independent
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and scalable design of the adopted methodology, it is methodologically adaptable to other
mountainous regions, such as the European Alps and the Andes. However, the application
may require minor region-specific adjustments (e.g., canopy-aware indices in forested
regions and fractional snow mapping in patchy snow environments).

4.1. Variations in Snow Cover Trends Across Different Regions of the Himalayas

This study identified region-specific trends in snow cover across the Himalayan range.
In the WH], there is a significant increasing trend in SCAs, with maximum concentrations
occurring at higher altitudes (4516.12 £ 531.94 m). These results align closely with previous
studies by [63] and [64]. These results are further supported by an increasing frequency
and magnitude of Western-Induced Precipitation, the Indian Ocean Dipole, and cloudburst
events, all of which positively influence the snow mass balance in this region [63-67].
The IPCC Fifth Assessment Report (AR5) similarly indicated positive SCA trends for the
WH due to increased precipitation [68]. Additionally, recent studies have observed slight
shifts in the Western Disturbances linked to the westerly jet stream during winter, shifting
precipitation patterns toward the pre-monsoon season. This supports the observed positive
anomaly in snow cover for the WH [69-71].

Conversely, the CH experienced significant reductions in SCA during 2016 and 2021. In
2016, SCA decreased by 41.37% due to warmer and drier conditions (+1.38 °C temperature,
—166.9 mm precipitation). While in 2021, the SCA declined by ~29.2%, reaching the
absolute minimum of 6.76 x 10* km? under similar conditions (—1.17 °C, 173.7 mm).
Previous studies reinforce this temperature sensitivity, indicating that years with increased
SCAs typically coincide with lower temperatures [72,73]. Our findings corroborate existing
literature, highlighting an insignificant decreasing trend in snow cover at lower elevations.
In contrast, a slightly significant increasing trend is observed at higher altitudes due to
less exposure of these elevations to solar radiation and persistently freezing conditions
throughout the year [67,74-77].

In the EH, a significant decreasing trend in SCA was marked by a notable decline
in snow extent. This reduction is attributed primarily to the subtropical climate condi-
tions prevalent in the region, characterized by shorter winters, delayed snow onset, and
early snowmelt processes [78,79]. These findings also align with research documenting
reductions in SCA at higher elevations, particularly during winter months. This decline is
attributed to rising air and surface temperatures, indicative of shifting climatic patterns
within this region [65,80].

4.2. Climatic Influences and Spatial Variability

The dynamic snow cover trends observed across the Western, Central, and Eastern
Himalayas highlight significant climatic and spatial variability within the region. This vari-
ability is driven by the vast east-west extent of the Himalayan range and diverse local and
regional atmospheric processes. Specifically, the climate of the WH is strongly influenced by
Western-induced precipitation patterns, closely resembling that of the southern Karakoram
region. As a result, the WH exhibits comparable snow cover characteristics, similar to those
observed in Shigar [65]. In contrast to the global glacier melting trends driven by climate
warming, certain valleys in the Karakoram and WH show localized positive snow cover
trends. This phenomenon is commonly referred to as the Karakoram anomaly [70,81,82].
Moreover, recent temperature increases in regions such as the Pamir Mountains and Tibetan
Plateau have further enhanced the moisture transfer and deep convection processes. These
changes influence snow cover variability within the Himalayan foothills [65].
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4.3. Snow Mass Balance and ELA

The evaluation of positive and negative mass balances indicated the ELA for the
EH at an altitude of 4378 m, corresponding to an AAR of 0.5, yielding a negative mass
balance of —0.015. Similarly, a slightly higher altitude ELA of 4989 m was recorded for
the CH, associated with a negative net mass balance (—0.0268). These negative balances
correlate with significant temperature variability and warming trends observed within
these regions [83,84]. Conversely, the WH exhibited a positive mass balance (0.0389),
strongly correlating with regional topographical and temperature variability across the
Himalayas. Lin et al. [85] documented mass gains of 0.043 %+ 0.078 to 0.363 £ 0.065 m
between 2011 and 2014 in west Kunlun, eastern Pamir, and northern Karakoram, while
western Karakorum exhibited a near-stable balance of —0.020 & 0.064 m. The Upper Tarim
Basin in Karakorum also exhibited a positive mass balance, with a decreasing gradient from
northeast to southwest [85]. These contrasting mass-balance trends are primarily controlled
by regional climatic regimes. The positive mass balance in the WH is driven by enhanced
winter precipitation from WDs. In contrast, negative trends in the CH and EH, dominated
by monsoonal influence, are mainly attributed to elevation-dependent warming, resulting
in accelerated snow retreat at higher elevations [86]. While traditional applications of
ELA-AAR and AABR techniques primarily focus on glacier mass balances [87,88], our
approach uniquely emphasizes snow cover balance, utilizing both constant and variable
ratios. Cross-validation of the AAR (0.5) and AABR (0.67) ratios, with variable AAR
(0.4-0.8) and AABR (0.9-4.4), reduced methodological uncertainty by ~33%. This thereby
enhances the reliability of our results and provides comprehensive insights into Himalayan
snow cover dynamics.

5. Conclusions

This study provides a comprehensive assessment of snow cover variability across the
Himalayas from 2004 to 2024. Advanced spectral filtering and gap-filling techniques were
applied to mitigate anomalies caused by cloud cover and shadows. The use of a circular
kernel method with bi-cubic convolution preserved spatial continuity and effectively
addressed data gaps. The model’s robustness was validated against the MOD10A1F
dataset, achieving strong performance metrics, including a Kappa coefficient of 0.9129,
an Overall Accuracy of 99.02%, and an F; score of 91.81%. High Recall and Precision
values further confirm the reliability of this approach for regional snow cover mapping and
highlight its value for hydrological and environmental monitoring,.

Two key findings emerge from the analysis. First, a significant increase in snow cover
was observed at higher elevations, particularly around 4516 m. Regional variability is
evident, with the WH exhibiting increasing snow cover trends, driven mainly by winter
precipitation, whereas the EH demonstrates declining trends primarily attributed to warm-
ing temperatures. This contrast highlights the interactions between global atmospheric
processes and localized climatic factors across the Himalaya’s extensive east-west gradi-
ent. This variability emphasizes the complexity inherent in Himalayan climate systems.
Second, the mass balance analysis using the ELA-AAR and AABR methods revealed dis-
tinct regional differences. The WH shows a positive mass balance, while the Central and
Eastern Himalayas display negative balances. These findings align with the recognized
“Karakoram anomaly”, where localized glacier growth occurs in specific parts of the WH
and Karakoram, despite the broader global trend of glacier retreat. This variability em-
phasizes the crucial role of localized climatic drivers in shaping snow dynamics across
mountainous regions.

Overall, this study highlights the importance of assessing spatial and temporal snow
cover variability across the Himalayas. It provides valuable insights for climate impact



Remote Sens. 2025, 17,3175

21 0f 25

analysis, water resource management, and ecosystem sustainability in this ecologically
vulnerable region. By integrating cloud-corrected MODIS data, spectral indices, statistical
models, and elevation-based metrics (e.g., ELA-based AAR and AABR), the research
addresses key spatial and methodological gaps. The findings support informed decision-
making for water management, climate adaptation, and hazard preparedness, emphasizing
the need for continued monitoring and long-term assessment in the Himalayas.
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2004 to 2024 relative to total extent; Table S2: AAR-AABR ratios for SCAs of WH; Table S3: AAR-AABR
ratios for SCAs of CH; Table S4: AAR-AABR ratios for SCAs of EH.
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EDW Elevation-dependent warming
EH Eastern Himalayas

ELA Equilibrium Line Altitude

FN False Negatives

FP False Positives
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GEE Google Earth Engine
HMA High Mountain Asia
IDW Inverse Distance Weighting

IQORs Interquartile ranges

ISM Indian Summer Monsoon

MGE Median Glacier Elevation

MK Mann-Kendall test

MODIS Moderate Resolution Imaging Spectroradiometer
MR Misclassification rate

Ka Kappa statistic

Ccv Coefficient of Variation

NDSI Normalized Difference Snow Index
OA Overall Accuracy

QA Quality Assurance

SCA Snow-covered Area

SCE Snow cover extent

SCPs Snow-covered Pixels

SRTM Shuttle Radar Topography Mission
N True Negatives (TN)

TP True Positives

WDs Western Disturbances
WH Western Himalayas
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