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Abstract. Snowmelt conditions in high-altitude environments are increasingly infl uenced by rising 
temperatures, changing climatic conditions and local topography. The present study develops 
a  multispectral geospatial framework to draw a Snow Melt Sensitivity Index (SMSI) for the 
Gulmarg region of Jammu and Kashmir using Landsat-9 OLI/TIRS and SRTM-DEM datasets. Four 
multispectral snow indices, namely Normalised Difference Snow Index (NDSI), Normalised Difference 
Snow-Cover Index (NDSCI), Normalised Difference Snow Moisture Index (NDSMI) and Snow 
Wetness Index (SWI) were integrated with Land Surface Temperature (LST) and elevation data. All 
variables were standardised using Z-score normalisation and weighted objectively through Principal 
Component Analysis (PCA). SMSI classifi cation indicates that 67.79% of the region falls under 
moderate melt sensitivity, while 16.54% lies in high to very high sensitivity zones, primarily below 
3,000 m elevation. Strong positive correlation between LST and SMSI (r=0.72) confi rms thermal 
dominance in melt processes. The fi ndings highlight elevation-moderated thermal control over snow 
dynamics and provide a robust framework for climate-sensitive mountain hydrology assessment.

Elevation-moderated thermal controls on Snow Melt 
Sensitivity: a remote sensing-based SMSI framework 
for Gulmarg in Jammu and Kashmir, India

Key words:
Snow Cover, 

Melting Sensitivity, 
Himalaya, 

LST, 
Elevation,

India

Introduction

Th e study of snowmelt dynamics in high-altitude 
mountainous environments has transitioned from 
a niche meteorological interest to a critical priority 
in global climate research. As the Earth undergoes 
unprecedented warming, the cryosphere stands 
as the most sensitive indicator of environmental 
change (Brahmbhatt et al. 2012; Joshi et al. 2015). 
In the Western Himalayas, specifi cally within the 
Pir Panjal range that cradles the Gulmarg region, 
the seasonal accumulation and subsequent deple-
tion of snow cover serve as the primary regulator 
of regional hydrology, ecology and socio-economic 
stability (Vinze and Azam 2023; Bhat et al. 2025). 
For tourism, the ski-based winter industry in the 
Gulmarg region is highly sensitive to snow duration 

    

and depth, so shortened snow seasons and increased 
mid-winter melt led to reduced ski days, operational 
uncertainty and economic losses for local commu-
nities dependent on winter sports and snow-based 
recreation (Steiger et al. 2019; Sinha et al. 2025).

Th e global snow cover has been declining over 
recent decades. Over the period 2000–2022, annual 
snow cover declined by an average of 5.12%, with 
decreases exceeding increases two- to ten-fold, de-
pending on the season and region studied (Young 
2023). Long-term records indicate a negative trend 
in snow cover extent and duration, with trends such 
as a −3.6% per decade decrease in yearly snow cover 
extent and a shortening of snow cover duration by 
15 days over recent decades (Notarnicola 2022).

Th e acceleration of snowmelt, driven by ris-
ing land surface temperature (LST) and altered 
precipitation patterns, is no longer a localised 
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phenomenon. It is a cascading crisis affecting the 
cryosphere, tourism-dependent livelihoods and 
agricultural water security (Shafiq et al. 2019). In 
the Jammu and Kashmir region, a steady warm-
ing trend of ~0.0016°C per year has been identi-
fied over a five-decade period (Bhat et al. 2025). 
Snowmelt also aggravates natural disaster risks in 
the form of wet-snow and glide avalanches on steep 
slopes. Furthermore, Glacial Lake Outburst Floods 
(GLOFs) represent a significant threat, where rapid 
melting and ice-dam failure can generate high-mag-
nitude flood waves threatening infrastructure and 
settlements (Dar et al. 2024).

Monitoring these complex cryospheric processes 
requires methodologies that can navigate the phys-
ical inaccessibility and harsh conditions of the high 
Himalayas. Remote sensing (RS) and Geographic 
Information System (GIS) have emerged as the most 
suitable tools for such studies due to their inherent 
advantages in cost-effectiveness, time efficiency and 
wide-area coverage (Taylor et al. 2021). Modern 
platforms such as Landsat-9, MODIS and Sentinel-2 
offer a wide range of spectral bands that allow for 
the calculation of advanced indices. These include 
the Normalised Difference Snow Index (NDSI), the 
Normalised Difference Snow-Cover Index (NDSCI), 
the Snow Wetness Index (SWI) and the Normalised 
Difference Snow Moisture Index (NDSMI), which 
are essential for quantifying the sensitivity of snow-
melt to climatic forcing. NDSI exploits high snow 
reflectance in the green band and strong SWIR ab-
sorption to map snow presence; NDSCI uses the 
NIR-SWIR contrast to improve discrimination of 
snow from other bright mountain surfaces; NDSMI 
is sensitive to changes in snow moisture because 
liquid water modifies NIR and SWIR2 reflectance; 
and SWI emphasises wetness or near-melting snow 
conditions through the SWIR/NIR relationship.

Against this backdrop, the Snow Melt Sensitivity 
Index (SMSI) provides an integrated framework 
to map how different terrain units in the Gulmarg 
region respond to thermal forcing. By integrating 
multi-spectral indices with LST modelling, it be-
comes possible to analyse snowmelt sensitivity with 
high accuracy. This framework can systematically 
identify zones of snowmelt sensitivity. This high 
vulnerability supports avalanche hazard assessments 
and informs adaptive management of water resourc-
es in a warming Himalayan climate.

Literature review

The cryosphere, comprising the Earth’s frozen water 
components, is widely recognised as the most sensitive 
indicator of global climate oscillations. Within this con-
text, the Himalayan mountain system, often referred to 
as the “Third Pole”, is experiencing warming rates higher 
than the global average (Steger et al., 2013; Thiebault and 
Young, 2020). Research in the Western Himalayas and 
the Pir Panjal range has documented a significant shift 
in snowmelt dynamics, where the timing and volume 
of runoff are increasingly decoupled from historical 
norms (Garg et al. 2014). This transition is not merely 
meteorological; it is a cascading crisis affecting regional 
hydrology, biodiversity and the socio-economic stabil-
ity of communities dependent on winter tourism and 
agriculture (Vinze and Azam 2023).

Traditionally, NDSI has been the “gold standard” for 
mapping snow-covered extent (Saloranta et al. 2019). 
However, recent studies argue that mapping snow ex-
tent is insufficient for understanding melt sensitivity. 
Modern research has shifted toward multi-spectral 
indices that characterise the internal physical state of 
the snowpack. Snow purity and compaction indices are 
used to identify the presence of light-absorbing impu-
rities like black carbon/dust, which lowers albedo and 
accelerates melt (Dixit et al. 2019; Stillinger et al. 2023).

LST serves as the primary driver of the energy bal-
ance at the snow–atmosphere interface. Studies in the 
Indian Himalaya consistently show a strong negative 
correlation (ranging from −0.7 to −0.9) between tem-
perature and snow water equivalent (Singh et al. 2012). 
LST is critical because it integrates both radiative and 
turbulent heat exchanges. Analysis in the Tien Shan 
Mountains demonstrated that LST, alongside eleva-
tion, explains the vast majority of spatial variability in 
snow consumption during peak ablation (Li et al. 2022). 
Although early literature treated the LST−snow relation-
ship as linear, contemporary critical analysis, e.g., Haq 
et al. (2020) suggests a non-linear threshold effect. Once 
LST crosses a specific thermal threshold, the rate of melt 
accelerates exponentially due to the liquid water content 
in the snow. Furthermore, the interaction between LST 
and surface albedo creates a positive feedback loop: as 
LST rises, snow melts, exposing darker surfaces that ab-
sorb more radiation, further driving up LST. Integrated 
approaches that couple LST with multi-spectral snow in-
dices provide a more process-oriented view of snowmelt 
sensitivity. In recent work on high-elevation Himalayan 
terrain, NDSCI, NDSMI and SWI provide additional 
diagnostic information on snow-cover purity, moisture 
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and wetness, which are important indicators of melt 
readiness and albedo reduction (Bormann et al. 2018; 
Dixit et al. 2019; Varade and Dikshit 2020; Husain et 
al. 2022; Stillinger et al. 2023).

Elevation fundamentally structures the environ-
ment in which snow persists. The concept of Elevation-
Dependent Warming suggests that higher altitudes may 
experience more rapid warming than lowlands due to 
various feedback mechanisms (Desinayak et al. 2022). 
Himalayan studies show that temperature lapse rates 
are seasonally variable, steep during winter (~7°C per 
1,000 m) and weaker during the monsoon (~2–3°C per 
1,000 m), implying that modest vertical differences can 
lead to large contrasts in surface temperature and thus 
in snow persistence during the cold season (Kulkarni 
et al. 2007). Hypsographic analyses in the Hindu Kush 
Himalaya have revealed that snow cover decline is not 
uniform; specific elevation bands (e.g., 4,000–4,500 m) 
show more significant depletion than others, indicat-
ing “melt hotspots” where the climate sensitivity of the 
snowpack is at its peak (Stigter et al. 2016).

Research gap

Existing studies predominantly concentrate either on 
mapping snow-covered areas or basin-scale runoff mod-
elling (Singh et al. 2012; Shafiq et al. 2019; Dimri et al. 
2022; Poussin et al. 2023; Czapla-Myers et al. 2024). 
Studies have shown changes in snow cover and how 
it relates to NDVI and LST (Dixit et al. 2019; Shafiq 
et al. 2019; Haq et al. 2020; Dimri et al. 2022). A few 
studies look at LST and elevation separately instead of 
combining them into a single SMSI (Salomonson and 
Appel 2004; Stigter et al. 2016; Thiebault and Young 
2020). There is currently no method of quantifying 
pixel-level snowmelt sensitivity that jointly incorporates 
spectral snow properties, LST and topography. They 
seldom use multi-spectral indices to show snow qual-
ity, moisture and wetness, nor do they turn these into 
clear sensitivity categories. Consequently, there is a clear 
gap in systematically analysing snowmelt sensitivity in 
the Gulmarg region using a full suite of multi‑spectral 
snow indices rigorously derived from LST and detailed 
elevation data.

Objectives

The primary objective of the study is to develop 
an SMSI framework for Gulmarg using Landsat-9 

multispectral/thermal data and SRTM-DEM topo-
graphic information.

The primary objective is subdivided into the follow-
ing secondary objectives: (I) to derive NDSI, NDSCI, 
NDSMI and SWI and estimate LST from Landsat-9 
data; (II) examine the influence of elevation and LST on 
spatial snowmelt sensitivity; (III) analyse correlations 
between LST and multispectral snow indices; (IV) 
generate SMSI using Z-score normalisation and PCA 
(Principal Component Analysis)-based weighting.

Profile of study area

The Gulmarg region is a primary study area within 
the Kashmir Valley, situated at an altitude of ~2,719 
metres above mean sea level in the Pir Panjal mountain 
range of the inner Himalayas. The location of the study 
area is presented in Figure 2. The physiography of the 
Gulmarg sub-basin encompasses an area of 1,461 km2 
with a mean elevation of 3,034 m, a forest cover of 
248.3 km2, and a permanent glaciated area of 18 km2. 
Topographic analysis reveals that 50% of the region 
lies between 3,000 m and 4,000 m altitude, while 74% 
of the ground cover is forested. The terrain is char-
acterised by a predominantly northern aspect (53%) 
and slopes ranging between 15° and 30° across 44% of 
the area. This region experiences 48 average snowfall 
days annually, with maxima in February (14 days) and 
January (11 days) (Sharma et al. 2012; Misra et al. 2020; 
Rafiq et al. 2021). Meteorological data for the basin is 
monitored by an observatory at an altitude of 2,823 m. 
The Pir Panjal range, which divides the Kashmir Valley 
from the outer Himalayas, extends from east-south-east 
to west-north-west across Jammu and Kashmir and 
Himachal Pradesh, measuring ~2,621 km in length and 
50 km in breadth. Globally recognised for its tourism, 
the charm of the region is deeply rooted in its snowfall, 
which serves as a major source of supply for the River 
Jhelum. A total of 66% of the discharge of the river 
is contributed by snowmelt, with annual stream flow 
contributions from snow and glacier melt reaching 33% 
in early spring, 73% in late spring and 68% during the 
summer (Jeelani et al. 2012). This water is critical for 
regional irrigation and the generation of hydropower. 
According to Figure 1, the annual mean temperature in 
Gulmarg shows a strong increasing trend over the last 
decade, with a slope of 0.73°C per year, indicating rapid 
warming. Despite interannual fluctuations, the over-
all trajectory is clearly upward, especially after 2019. 
The sharp rise from earlier low values to consistently 
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Fig. 1. Annual Mean Temperature in Gulmarg

Fig. 2. Location of the study area

warmer years suggests intensifi ed thermal conditions 
in recent years. Th is accelerated warming trend may 
signifi cantly enhance snow melt sensitivity and reduce 
snow persistence at higher elevations.

Description of dataset

Multispectral satellite data have been used in this study, 
which was acquired from Landsat-9 Operational Land 
Imager and Th ermal Infrared Sensor (OLI/TIRS) on 4 
February, 2025. Th e western disturbances bring heavy 
precipitation during the winter months from November 
to April. Th e month-wise average snowfall days are 
maximum in February; hence, the snow cover extent 
is also maximum during this month (Negi et al. 2009; 
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Mishra and Rafiq 2017; Rafiq et al. 2021). Therefore, 
the selection of the date is based on minimal cloud 
cover (<5%) over the study area. The dataset was 
downloaded from an open-access website, the United 
States Geological Survey Earth Explorer portal (https://
earthexplorer.usgs.gov/). The imagery corresponds to 
Path/Row of 149/037 and is projected in the Universal 
Transverse Mercator (UTM) projection, Zone 43N. It 
referenced the WGS 1984 datum. The visible, NIR and 
SWIR OLI bands have 30 m spatial resolution and were 
used for snow-index computation. The Landsat-9 TIRS 
thermal bands are originally acquired at 100 m spatial 
resolution and are resampled to 30 m in Collection 2 
products; therefore, although the LST layer is spatially 
aligned with 30 m optical bands, its effective thermal 
detail remains coarser than the VIS/NIR/SWIR infor-
mation. The topographic information was obtained 
from the Shuttle Radar Topography Mission Digital 
Elevation Model (SRTM-DEM) at 30 m spatial reso-
lution. The SRTM-DEM was used to examine altitu-
dinal controls on snow distribution and land surface 
temperature. The DEM was resampled and spatially 
aligned with the Landsat-9 data to ensure pixel-level 
consistency before integrated analysis. Table 1 contains 
all the essential information of dataset.

Pre-processing of data

The transformation of raw satellite data into geophysical 
meaningful parameters begins with the radiometric 

calibration and atmospheric restoration. Digital num-
ber (DN) values of the required bands of the Landsat-9 
imagery were converted into Top-of-Atmosphere 
(TOA) spectral radiance and reflectance using radi-
ometric rescaling coefficients provided in the metadata 
file (Yin et al. 2022; Trevisiol et al. 2024). This step was 
taken to ensure the comparability of spectral informa-
tion across bands and scenes. Following the radiometric 
calibration, the atmospheric correction is performed 
to derive the Bottom-of-Atmosphere (BOA) surface 
reflectance (Gross et al. 2022; Choate et al. 2023). This 
step is critical because the atmospheric dust particles 
and aerosols can scatter and absorb radiation, which 
may affect the derivation of snow-related spectral in-
dices and LST. However, snow and ice surfaces pose 
specific atmospheric-correction challenges because 
their high visible reflectance, anisotropic reflectance 
behaviour, topographic illumination effects and poten-
tial adjacency effects differ from vegetation or bare-soil 
targets. Accordingly, the above-mentioned corrections 
were considered appropriate for a regional-scale SMSI 
assessment, similarly used in the other studies. The 
uncertainty over bright snow and mixed terrain is also 
explicitly acknowledged. The clouds, cloud shadow and 
snow cloud confusion were addressed using the Quality 
Assessment (QA) bands and index-based thresholding 
techniques (Voskanian et al. 2023; Czapla-Myers et 
al. 2024). The pixels affected by clouds and shadows 
were masked out to avoid the contamination of the 
calculation of the spectral indices and LST.

Methods

This section sequentially presents the calculation of all 
spectral indices, LST and elevation from satellite data. 
Additionally, it explains the integration of all layers 
to analyse the SMSI. All the steps are represented in 
Figure 3.

Calculation of multispectral snow indices

A total of four snow indices has been calculated to en-
sure the higher accuracy and robustness of the model. 
The purpose and equation for the calculation of all mul-
tispectral snow indices are given in Table 2. The higher 
NDSI values indicate the presence of snow cover in the 
area, while lower or negative values represent snow-free 
surfaces like vegetation cover, barren land, built-up 

Sr. No. Parameter Description
1. Date 04-02-2025
2. Map projection UTM
3. UTM Zone 43N
4. Datum WGS1984
5. Projection unit Meter
6. Pixel area (100m×100m for 

thermal bands) 
30m×30m for other 
bands

7. Number of bands 11
8. Path/Row 149/037
9. Satellite Landsat-9
10. Sensor OLI/TIRS
11. Source https://earthexplorer.

usgs.gov/

Table 1. Description of the dataset
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Sr. 
No.

Spectral indices Purpose Equation Bands in 
Landsat-9

References

1. Normalised 
Difference Snow 
Index (NDSI)

Indicates the presence of 
snow cover in the area

(Green - SWIR) 
/ (Green + 
SWIR)

Green = Band 3;
SWIR (Short 
Wave Infrared) = 
Band 6

(Dixit et 
al. 2019a; 
Mudryk et 
al. 2017; 
Potopová 
et al. 2016; 
Raghubanshi 
et al. 2023; 
Satti et al. 
2023; Zaz et 
al. 2018)

2. Normalised 
Difference 
Snow-Cover 
Index (NDSCI)

Enhances discrimination 
between snow and other 
bright surfaces, e.g., clouds, 
exposed mountain rock

(NIR - SWIR) / 
(NIR + SWIR)

NIR (Near 
Infrared) = Band 
5;
SWIR = Band 6

3. Normalised 
Difference Snow 
Moisture Index 
(NDSMI)

Calculates moisture content 
within snowpack

(NIR - SWIR2) 
/ (NIR + 
SWIR2)

NIR = Band 5;
SWIR2 = Band 7

4. Snow Wetness 
Index (SWI)

Directly captures relative 
increase in liquid water 
within snowpack

SWIR / NIR SWIR = Band 6;
NIR = Band 5

Table 2. Derivation of the multispectral snow indices

Fig. 3. Study methodology 
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area or water surfaces (Singh et al. 2012). It exploits 
the high reflectance of snow in the visible green region 
and its strong absorption in the shortwave infrared 
region (Sharma et al. 2012). The NDSCI is calculated 
using the high reflectance of the NIR region and low 
reflectance in the SWIR region by the snow, making it 
effective for identifying persistent and pure snow cover 
(Gurung et al. 2017). In the NDSMI, the NIR region of 
the spectrum is strongly absorbed by the water within 
the snowpacks (Sharma et al. 2012; Huang et al. 2016). 
As the snow becomes wet, the absorption of the SWIR2 
region increases strongly due to the water, because this 
spectrum region is more sensitive to liquid water con-
tent. The SWI quantifies the melting of near-melting 
conditions using the reflectance ratio of the SWIR to 
the NIR (Dixit et al. 2019). It also exploits the strong 
absorption of SWIR by the liquid water (Dar et al. 2014).

Snow cover extent analysis

The snow-covered and snow-free areas were de-
lineated using the threshold-based classification of 
NDSI derived from the satellite data. A widely ac-
cepted threshold of NDSI>0.4 was applied to identify 
snow-covered pixels, while values of NDSI<0.4 were 
classified as snow-free surfaces. The same threshold 
method was applied in many cryospheric studies on 
the Himalayan region (Ma and Zhang 2022; Poussin 
et al. 2023). Additionally, the NDSCI was also used 
to minimise the confusion between the snow pixels 
and clouds and other bright surfaces (Oparin et al. 
2014). This combined threshold approach enhanced 
the classification accuracy and ensured the reliable 
discrimination between the snow-covered and snow-
free areas before further SMSI analysis.

Elevation analysis

The elevation analysis for the Gulmarg region was 
conducted using the SRTM-DEM data. Elevation 
is used as the primary topographic control because 
it directly influences air and surface temperature 
through lapse-rate effects, controls snow persistence, 
and structures the vertical distribution of accumu-
lation and melt zones. Further, the hypsometric and 
area distribution analyses were performed to derive, 
respectively, the maximum, minimum and mean 

elevation and the area under each elevation class. 
The classified elevation zones were subsequently 
integrated with the final SMSI classes.

Calculation of LST

The LST was calculated from the thermal infra-
red band (band 10) of Landsat-9 data. The official 
Landsat Collection 2 Surface Temperature products 
were considered as a reference alternative; however, 
a custom LST derivation was retained to maintain 
methodological consistency with the selected optical 
preprocessing, masking and SMSI layer construc-
tion. LST was calculated using the following steps:
1.	 Conversion of DN to spectral radiance: The DN 

values of the pixels were converted into TOA 
spectral radiance using Equation 1 (Dubey et 
al. 2025).

𝐿𝐿𝜆𝜆 = 𝑀𝑀𝐿𝐿 × 𝑄𝑄𝑐𝑐𝑐𝑐𝑐𝑐 + 𝐴𝐴𝐿𝐿  

 Where, Lλ= TOA spectral radiance, ML= Radiance 
multiplicative scaling factor (given in Metadata file), 
Qcal= DN value pixels, AL= Radiance additive scaling 
factor (given in Metadata file).

2.	 Conversion to brightness temperature (BT): 
The radiance values were converted to at-sen-
sor brightness temperature using Planck’s law, 
given as Equation 2 (Adeola Fashae et al. 2020).

𝑇𝑇𝐵𝐵 = 𝐾𝐾2

𝑙𝑙𝑙𝑙 (𝐾𝐾1
𝐿𝐿𝜆𝜆

+ 1)
 

Where, TB= Brightness Temperature (BT) in Kelvin, 
K1  and K2= Thermal conversion constants (given 
in the Metadata file), Lλ= TOA spectral radiance.

3.	 Estimation of land surface emissivity (ε): Surface 
emissivity was estimated using the Normalised 
Difference Vegetation Index (NDVI) based 
method, because the Gulmarg contains heter-
ogeneous mixtures of snow, exposed rock, forest, 
meadow and partially snow-covered pixels. It 
provides a practical approximation of emissivity 
for heterogeneous mountainous terrain. The 
NDVI was calculated using Equations 3, 4 and 
5 (Panahi et al. 2013; Malik et al. 2019; Guha 
et al. 2020). 

(1)

(2)
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𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =
(𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑅𝑅𝑅𝑅𝑅𝑅)
(𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑅𝑅𝑅𝑅𝑅𝑅) 

Where, NIR = Band 5 and Red = Band 4 in Landsat-9 
data.

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑃𝑃𝑣𝑣) = ( 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚

)
2

 

𝜀𝜀 = 0.004 × 𝑃𝑃𝑣𝑣 + 0.986 

4.	 Final LST derivation: The final LST was de-
rived using the following Equation 6 (Grover 
and Singh 2016; Wang et al. 2017; Sam and 
Balasubramanian 2023).

𝐿𝐿𝐿𝐿𝐿𝐿(𝐾𝐾) = 𝑇𝑇𝐵𝐵
1 + (ʎ𝑇𝑇𝐵𝐵𝜌𝜌 ) ln⁡(𝜀𝜀)

 

Where, LST (K) = Land surface temperature in 
Kelvin, TB= Brightness temperature in Kelvin, ʎ= 
Effective wavelength of band 10, ρ=hc/σ (h= Plank’s 
constant, c = speed of light, σ = Boltzmann con-
stant), ε = Emissivity.

5.	 LST Kelvin to LST Celsius: Equation 7 
was used to convert the derived LST from 
Kelvin to Celsius (Adeola Fashae et al. 2020).

𝐿𝐿𝐿𝐿𝐿𝐿 (℃) = 𝐿𝐿𝐿𝐿𝐿𝐿(𝐾𝐾) − 273.15 

Correlation analysis

The Karl Pearson correlation coefficient was used 
in this study to quantify the linear relationship 
between LST and the multispectral snow indices 
(NDSI, NDSCI, NDSMI and SWI). Pearson cor-
relation was selected to measure the strength and 
direction of linear association among continuous 
variables derived from satellite data (Blyth 1994; 
Akinkunmi and Etebefia 2019). Initially, the corre-
lation analysis was conducted between LST and each 
of the multispectral snow indices to evaluate their 
thermal sensitivity. Subsequently, the analysis was 
extended to assess the combined influence of LST 
and elevation on the SMSI. This approach was used 
to determine whether SMSI is primarily thermally 
driven or controlled by topographic factors. The 
Karl Pearson correlation coefficient was computed 
using Equation (8):

𝑟𝑟𝑟𝑟𝑟𝑟 = ∑(𝑋𝑋𝑖𝑖 − 𝑋̄𝑋)(𝑌𝑌𝑖𝑖 − 𝑌̄𝑌)
√∑(𝑋𝑋𝑖𝑖 − 𝑋̄𝑋)2∑(𝑌𝑌𝑖𝑖 − 𝑌̄𝑌)2

 

Where Xi and Yi represent paired observations of the 
two variables, X̄ and Ȳ denote their respective means 
and i is the total number of valid observations. The 
coefficient rranges between −1 and +1, where pos-
itive values indicate direct relationships, negative 
values indicate inverse relationships and values near 
zero suggest weak or no linear association.

Principal Component Analysis (PCA)  
to weigh the factors

The PCA method is used to assign the weights to 
all the multi-spectral indices, LST and elevation to 
SMSI. This method was applied through the fol-
lowing steps:
1.	 Data standardisation: All the input variables 

were standardised before assigning the weights 
to eliminate the differences in scale and unit. 
Since these variables represent different quan-
tities, direct comparison is not statistically 
meaningful. The standardisation was performed 
using the Z-Score normalisation presented as 
the following Equation 9 (Rani et al. 2025).

𝑍𝑍𝑖𝑖 =
𝑋𝑋𝑖𝑖 − 𝜇𝜇𝑖𝑖
𝜎𝜎𝑖𝑖

 

Where, Zi = Normalised value for the variable i, Xi = 
Original pixel value, μi = Mean value of that variable, 
σi = Standard deviation of that specific variable.

2.	 PCA loadings: The PCA was applied to the 
standardised dataset to objectively determine 
the contribution of each variable to the snow 
melt variability. The first principal component 
(PC1), which accounts for the highest propor-
tion of the total variance, was selected for the 
weight extraction (Abdi and Williams 2010; 
Bro and Smilde 2014) because it presents the 
dominant environmental gradient influencing 
the snow melt sensitivity. The loading values 
obtained from PC1 indicate the relative con-
tribution of each variable. Variables exhibiting 
higher absolute loading values exert greater 
influence on snow melt dynamics. The abso-
lute value of the PC1 loadings was normalised 

(3) (8)

(9)

(4)

(5)

(6)

(7)
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using the following Equation 10 to compute the 
proportional weights for each variable (Ringnér 
2008):

𝑤𝑤𝑖𝑖 =
|𝑙𝑙𝑖𝑖|
∑|𝑙𝑙𝑖𝑖|

 

3. Th e weighted overlay for the fi nal SMSI: Th e 
weighted overlay of all thematic layers was 
performed on ArcMap to construct an SMSI 
(Karimi et al. 2019). Before overlay, all the raster 
layers were reclassifi ed to a common scale and 
resampled to a uniform spatial resolution to en-
sure pixel-level compatibility (Özkan et al. 2019; 
Dwivedi et al. 2024). Th e PCA-derived weights 
were assigned to each corresponding raster layer 
in the Weighted Overlay tool within the Spatial 
Analyst extension. Th e positive weights were 
assigned to variables directly related to melt 
sensitivity. Th e fi nal SMSI raster was generated 
using a weighted linear combination approach, 

where each pixel value represents the cumulative 
infl uence of LST, multi-spectral snow indices 
and topographic factors on snow melt suscepti-
bility (Olusina and Shyllon 2014; Oyedele et al. 
2022; Devaki and Shanmugapriya 2023).

Results and discussion

Description of multi-spectral snow indices

Th e NDSI map (Fig. 4A) shows a strong dominance 
of high index values across the central zones, indi-
cating widespread snow cover during the acquisition 
period. Th e index ranges from −0.0714 to 0.7472 
(Table 3), with a relatively high mean value of 0.53 
and standard deviation of 0.1229, suggesting sub-
stantial snow coverage with moderate spatial var-
iability. Areas exhibiting lower or slightly negative 

Fig. 4. Multi-Spectral Snow Indices (A: NDSI, B: NDSCI, C: NDSMI and D: SWI)

(10)
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Sr. No Snow Indices Maximum Minimum Mean Std.
1. NDSI 0.7472 -0.0714 0.53 0.1229
2. NDSCI 0.7469 0.0072 0.534 0.1289
3. NDSMI 0.119 -0.051 -0.005 0.016
4. SWI 0.746 0.005 0.531 0.124

Table 3. Description of the multi-spectral snow indices

Fig. 5. Snow cover extent in Gulmarg

values correspond to non-snow surfaces such as 
exposed rock, vegetation or mixed pixels. The high 
maximum value (0.7472) validates the presence of 
dense and relatively clean snowpack in the study 
area.

The NDSCI map (Fig. 4B) displays a spatial pat-
tern closely aligned with NDSI, which is expected 
since both indices exploit SWIR absorption char-
acteristics of snow. However, NDSCI shows slightly 
refined differentiation in ridge and slope regions, 
likely enhancing snow-cloud and snow-bright sur-
face discrimination. According to Table 3, the index 
varies from 0.0072 to 0.7469, with a mean of 0.534 
and a standard deviation of 0.1289, slightly higher 
than NDSI. This indicates marginally greater dis-
persion and improved sensitivity to surface snow 
condition. The absence of strongly negative values 
suggests more stable classification of snow-covered 
pixels and reduced misclassification of non-snow 
surfaces.

In contrast to NDSI and NDSCI, the NDSMI 
map (Fig. 4C) exhibits significantly lower magnitude 
values, ranging from −0.051 to 0.119, with a mean 
of −0.005 and a very low standard deviation of 0.016 
(Table 3). This narrow value range indicates subtle 
spectral differences associated with internal snow 
moisture rather than snow presence. The spatial 
pattern shows a patchy distribution, particularly on 
south-facing slopes, where melt processes are more 
active. Positive and higher values suggest increasing 
liquid water content, indicating moist or melting 
snow conditions. The relatively small standard devia-
tion confirms that moisture variation is less spatially 
dominant compared to overall snow extent.

The SWI map (Fig. 4D) demonstrates patterns 
similar to NDSI and NDSCI in terms of spatial dis-
tribution but reflects snow wetness dynamics more 
directly. The index ranges from 0.005 to 0.746, with 
a mean of 0.531 and standard deviation of 0.124, 
indicating moderate variability in snow wetness 
conditions. Higher SWI values are observed in lower 
and transitional elevation zones, consistent with 
melt-prone regions. Compared to NDSMI, SWI 

shows a broader dynamic range, making it more 
responsive to active melt processes.

Snow cover extent analysis

The classified Figure 5 indicates that ~76.22 km² (Table 
4) of the study area is covered by snow, accounting 
for nearly 58.44% of the total area of Gulmarg. Snow 
cover is predominantly concentrated in the central 
and higher-altitude regions. These zones correspond 
to ridge tops, upper slopes and north-facing aspects, 
where snow accumulation and persistence are higher. 
In contrast, 54.20 km² (41.56%) of the area is snow-
free, primarily in lower elevation zones, south-fac-
ing slopes and valley regions. These areas are more 
exposed to solar radiation and experience relatively 
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Sr. No. Class Area in km2 %
1. Snow-covered area 76.22 58.44
2. Snow-free area 54.20 41.56
3. Total 130.42 100

Table 4. Snow cover extent in Gulmarg

Fig. 6. Land Surface Temperature in Gulmarg

higher land surface temperatures, leading to reduced 
snow retention and increased melt activity.

Thermal dynamics of Gulmarg

The LST distribution across Gulmarg exhibits substan-
tial spatial variability, with temperatures ranging from 
a minimum of −3.90°C to a maximum of 12.92°C. All 
the stats of LST are given in Table 5 and in Figure 6. 
The mean LST of 4.59°C indicates overall cool surface 
conditions during the observation period, consistent 
with the presence of widespread snow cover at higher 
elevations. The relatively high standard deviation of 
5.47°C reflects pronounced spatial heterogeneity in 
surface temperature, likely influenced by elevation gra-
dients, slope–aspect variations, land cover differences 

Sr. No. LST Parameter Value in ℃
1. Maximum 12.92
2. Minimum -3.90
3. Mean 4.59
4. Standard Deviation 5.47

Table 5. Description of the multi-spectral snow indices

and snow distribution patterns. This marked thermal 
contrast highlights the strong topographic control on 
surface temperature and its critical role in regulating 
snow persistence and melt dynamics within the study 
area (Romshoo et al. 2014; Xu et al. 2017; Prakash and 
Norouzi 2020).

Correlation between LST and multi-spectral 
snow indices

The correlation analysis between LST and the mul-
tispectral snow indices is presented in Figure 7. It re-
veals statistically significant relationships (p<0.001) 
across all variables, highlighting strong thermal 
control on snow dynamics in Gulmarg. The relation-
ship between LST and NDSI shows a strong negative 
correlation (R2=−0.61), indicating that higher snow 
cover values are associated with lower LST, which is 
physically consistent, as snow-covered areas exhibit 
lower thermal signatures due to high albedo and latent 
heat effects (Thiebault and Young 2020). Similarly, LST 
and NDSCI demonstrate a moderate negative corre-
lation (R2=−0.47), suggesting that cleaner and more 
persistent snow cover corresponds to LST conditions, 
although the relationship is slightly weaker compared 
to NDSI. In contrast, LST exhibits a strong positive 
correlation with NDSMI (R2=0.61), implying that 
increasing LST enhances internal snow moisture and 
melt progression. A moderate positive correlation is 
also observed between LST and SWI (R2=0.52), con-
firming that snow wetness intensifies under warmer 
conditions (Rasul and Ningthoujam 2021). Overall, 
the negative correlations for NDSI and NDSCI and 
positive correlations for NDSMI and SWI collectively 
demonstrate that, with rising surface temperature, 
snow presence decreases while moisture and wetness 
increase, reinforcing the thermally driven nature of 
snow melt processes in the study area (Arekhi 2016; 
Husain et al. 2022).
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Fig. 7. Correlation between LST and Multi-Spectral Snow Indices

Elevation modelling of Gulmarg

Figures 8 and 9 represent the elevation map and ele-
vation-area distribution profi le of Gulmarg, respec-
tively. Th e elevation profi le of Gulmarg demonstrates 
pronounced topographic variability characteristic of 
high-altitude Greater Himalayan terrain (Steger et al. 
2013). According to Table 6, elevation ranges from 
a minimum of 2,331 m to a maximum of 4,557 m, 
resulting in a substantial altitudinal range of 2,226 m 
across the study area. Th e mean elevation of 3,589.30 
m indicates that the region is predominantly situated 
in a high-mountain environment, which strongly 
infl uences climatic conditions, snow accumulation 
and melt dynamics. Th e relatively moderate standard 
deviation of 408.41 metres refl ects considerable but 
spatially structured variation in terrain, with steep 

gradients observed between ridge crests and valley 
bottoms (Steger et al. 2013). Higher elevations are 
concentrated along ridge systems and central moun-
tainous zones, while comparatively lower elevations 
occur in valley corridors and peripheral slopes (Baba 
et al. 2019). Th is signifi cant altitudinal contrast plays 
a critical role in regulating temperature distribution, 
snow persistence and moisture variability, reinforc-
ing the importance of topographic control in the 
snow melt processes observed within the region.

Assigning weight to SMSI drivers

Since the selected variables (LST in°C, Elevation in me-
tres, and snow indices as unitless ratios) are measured 
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in diff erent units and scales, direct comparison is not 
statistically appropriate. Th erefore, all variables were 
standardised using Z-score normalisation method to 
remove scale eff ects and ensure comparability (Bro and 
Smilde 2014). Aft er standardisation, the correlation ma-
trix was computed. Th e correlation matrix represents 
the linear association between variables independent of 
their units. PCA was performed on this matrix instead 
of the covariance matrix to ensure equal weighting of 
scale (Abdi and Williams 2010; Shrestha 2021). PCA 
decomposes the correlation matrix into eigenvalues and 
eigenvectors. Each principal component represents a 
linear combination of the original variables. Th e fi rst 
principal component (PC1) captures the maximum 
proportion of total variance. All the values of PC1 load-
ing, absolute loading, fi nal PCA weightage and weight 
in % for the overlaying are given in Table 7.

According to Table 7, the PCA results indicate that 
PC1 explains 55.77% of the total variance, refl ecting 
a dominant environmental gradient controlling snow 
melt sensitivity in the Gulmarg region. Among the 
variables, LST exhibits the highest loading (0.536) 
and corresponding PCA weight of 0.246585 (24.7%), Fig. 8. Elevation modelling in Gulmarg

Fig. 9. Elevation and area distribution in Gulmarg

Elevation parameter Value in metres
Maximum 4,557
Minimum 2,331
Mean 3,589.30
Standard deviation 408.41

Table 6. Elevation in Gulmarg
identifying it as the primary driver of melt process-
es. Elevation follows closely with a loading of 0.520 
and a weight of 0.239122 (23.9%), highlighting strong 
topographic control through lapse-rate eff ects. Th e 
SWI also contributes substantially with a loading of 
0.505119 and PCA weightage of 0.232218 (23.2%), 
suggesting that surface wetness conditions play a sig-
nifi cant role in active melt dynamics. NDSMI shows a 
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Variance Explained by PC1: 0.55774015
Variable PC1 loading Absolute loading PCA weight Weight in %

LST 0.536372 0.536372 0.246585 24.7
Elevation 0.520138 0.520138 0.239122 23.9

SWI -0.505119 0.505119 0.232218 23.2
NDSMI -0.339028 0.339028 0.155861 15.6
NDSI 0.267636 0.267636 0.123040 12.3

NDSCI 0.006904 0.006904 0.003174 0.3

Table 7. PCA weightage to the drivers

Fig. 10. Final SMSI Analysis A: Index, B: Classes

moderate infl uence with 0.339028 loading values and 
a weight of 0.155861 (15.6%), with its negative loading 
indicating an inverse relationship with the dominant 
gradient, although its magnitude confi rms a meaning-
ful contribution. With a loading of 0.267636 and PCA 
weightage of 0.123040 (12.3%), the NDSI contributes 
modestly, refl ecting the secondary role of snow extent 
in determining melt sensitivity. In contrast, NDSCI has 
a negligible loading value of 0.006904 and PCA weight 
of 0.003174 (0.3%), indicating minimal infl uence on 
the dominant melt variability pattern. Overall, the table 
demonstrates that snow melt sensitivity is primarily 
thermally driven, strongly moderated by elevation and 
further infl uenced by wetness and moisture conditions, 
while snow cover conditions play an insignifi cant role 
(Tian et al. 2022).

Final SMSI analysis

Th e spatial distribution of the SMSI across the Gulmarg 
region reveals a pronounced altitudinal and thermal 
gradient controlling melt dynamics. Figure 10A shows 
the continuous SMSI index and Figure 10B highlights 
the SMSI classes across the Gulmarg region. According 
to Table 8, the moderate sensitivity class dominates the 
landscape, covering an area of 88.40 km2 (67.79%), 
primarily between elevations of 3,000 m and 3,499 m 
and corresponding LST ranges of 5.34°C to 7.57°C. Th is 
indicates that nearly two thirds of the region exists in 
a transitional melt regime where snowpack conditions 
are neither completely stable nor undergoing extreme 
ablation (Brahmbhatt et al. 2012). Such mid-elevation 
zones are climatically sensitive and may respond rapidly 
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SMSI class Area [km2] Area [%] LST Range [℃] Elevation [m]
Very low 1.12 0.86 <0 >4,000
Low 19.32 14.81 1–5.33 3,500–3,999
Moderate 88.40 67.79 5.34–7.57 3,000–3,499
High 16.24 12.45 7.58–11.23 2,501–2,999
Very high 5.34 4.09 >11 <2,500
Total 130.42 100 - -

Table 8. Final SMSI of the Gulmarg region

to incremental temperature increases, making them 
critical from a climate-change vulnerability perspective.

Th e low-sensitivity zone (14.81%), distributed be-
tween 3,500 m and 3,999 m, corresponds to relatively 
cooler temperature conditions ranging from 1°C to 
5.33°C, where melt processes remain limited due to 
reduced thermal forcing. Above 4,000 m, the Very 
Low class occupies only 0.86% (1.12 km²) of the total 
area, refl ecting persistent sub-zero LST (<0°C) and 
stable snowpack conditions. Th e small proportion of 
this class suggests that only a limited high-altitude core 
retains strong resistance to melt under present thermal 
conditions (Yadav et al. 2021). In contrast, the lower 
elevation zones exhibit intensifi ed melt sensitivity. Th e 
high sensitivity class and the very high class extended 
over 12.45% and 4.09% area, respectively. Both are 
lies predominantly below 3,000 m, where LST exceeds 
7.5°C, reaching above 12°C in the most vulnerable 
regions. Th ese areas likely represent active melt corri-
dors, possibly aligned with south-facing slopes, valley 
bottoms and thermally exposed terrain (Saloranta et 
al. 2019). Although they cover a smaller spatial extent 
compared to the moderate class, their contribution to 
seasonal runoff  and snow depletion may be dispro-
portionately high.

Critically, the class-wise distribution demonstrates 
a clear inverse relationship between elevation and melt 
sensitivity: as altitude decreases and surface temper-
ature increases, melt intensity rises sharply (Shrestha 
et al. 2012). Th e dominance of the moderate class 
suggests that Gulmarg currently lies in a thermally 
responsive equilibrium state. However, the fact that 
nearly one sixth of the landscape is assigned to high 
to very high sensitivity categories indicates potential 
susceptibility to accelerated snow loss under contin-
ued warming. Th e minimal very-low area further 
emphasises that truly stable, cold snowpack zones are 
spatially restricted (Bothale et al. 2015). Overall, the 
SMSI classifi cation confi rms that snow melt sensitivity 
in Gulmarg is strongly thermally driven and eleva-
tion-moderated, with mid-elevation zones acting as 

the most climate-sensitive transition belt. Th is pattern 
highlights the importance of monitoring temperature 
trends and elevation-dependent melt responses for 
future hydrological and ecological stability in the region 
(Huang et al. 2016).

Relationship between SMSI, LST and Elevation

Th e correlation matrix illustrates the interrelationship 
among LST, Elevation and SMSI in the Gulmarg region, 
highlighting the dominant environmental controls gov-
erning snow melt dynamics (Fig. 11). Th e strongest re-
lationship observed is between LST and SMSI (r=0.72), 
indicating a strong positive correlation. Th is suggests 
that melt sensitivity increases substantially with rising 
surface temperature, confi rming that thermal forcing is 
the primary driver of snow melt processes in the region 
(Husain et al. 2022). Areas experiencing higher LST 
values correspond to higher SMSI values, refl ecting 
intensifi ed melt susceptibility under warmer surface 
conditions. A strong negative correlation exists between 
LST and Elevation (r=−0.66), demonstrating a clear 

Fig. 11. Correlation between SMSI with LST and elevation
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lapse-rate effect where temperature decreases with 
increasing altitude (Zhao et al. 2019). The magnitude 
of this correlation indicates that elevation significantly 
regulates the spatial variability of surface temperature 
(Prakash and Norouzi 2020). The relationship between 
Elevation and SMSI (r=0.49) shows a moderate positive 
association. Although melt energy generally decreas-
es with altitude, higher elevations in the study area 
also contain more persistent snow reserves and larger 
areas of snow cover; when these zones show wetness 
or elevated LST, they can register as sensitive within 
the integrated SMSI. Therefore, elevation acts both 
as a cooling control and as a proxy for snow-storage 
potential, producing a positive but secondary associ-
ation with SMSI (Yadav et al. 2021; Dimri et al. 2022). 
Nevertheless, the weaker magnitude compared to 
LST-SMSI suggests that elevation acts as a secondary 
control, which influences melt indirectly through its 
effect on temperature rather than directly driving melt 
intensity (Tiwari et al. 2016).

Overall, the figure confirms that snow melt sensi-
tivity in Gulmarg is predominantly thermally driven, 
with strong topographic moderation through ele-
vation-dependent temperature gradients. The clear 
hierarchical structure of correlations (LST-SMSI>LST-
Elevation>Elevation-SMSI) supports the earlier PCA 
findings, where LST and elevation emerged as dom-
inant contributors to melt variability. This integrated 
statistical evidence strengthens the conclusion that 
temperature is the principal melt driver, while terrain 
modulates its spatial expression across the landscape.

Conclusion and suggestions

This study successfully demonstrates a multispectral, 
temperature and topographic integrated geospatial 
framework for assessing snow melt sensitivity in the 
Gulmarg region of the Western Himalayas. By com-
bining snow presence, snow moisture, snow wetness, 
land surface temperature and topographic elevation 
within a standardised and statistically weighted mod-
elling structure, the SMSI provides a spatially explicit 
understanding of melt vulnerability across high-altitude 
terrain.

The snow cover extent analysis revealed that more 
than half of the total study area remained snow-covered 
during early February 2025, reflecting peak winter ac-
cumulation conditions. However, the thermal analysis 
indicated substantial heterogeneity, with LST ranging 
from −3.90°C to 12.92°C and a relatively high standard 

deviation (5.47°C), suggesting strong topographic and 
surface-condition controls. Elevation ranged from 
2,331 m to 4,557 m, reinforcing the pronounced alti-
tudinal gradient that governs both temperature distri-
bution and snow persistence.

The PCA-based weighting approach proved critical 
in objectively identifying dominant melt drivers. The 
first principal component explained 55.77% of total 
variance, capturing the primary environmental gradi-
ent influencing snow melt. LST emerged as the most 
influential variable (24.7%), confirming that thermal 
forcing is the principal control of snow melt sensitivity. 
Elevation followed closely (23.9%), demonstrating that 
topography regulates melt primarily through tempera-
ture lapse-rate effects rather than independent control. 
The strong contribution of SWI (23.2%) and moderate 
role of NDSMI (15.6%) highlight the importance of 
internal snowpack wetness and moisture conditions 
in accelerating ablation processes. In contrast, NDSI 
(12.3%) and especially NDSCI (0.3%) contributed 
comparatively less to the dominant melt gradient, 
suggesting that snow presence alone is insufficient to 
explain melt sensitivity without integrating thermal 
and moisture dynamics.

The SMSI classification further clarifies spatial 
vulnerability patterns. Nearly 67.79% of the land-
scape falls under moderate melt sensitivity, primar-
ily between 3,000 m and 3,499 m elevation. These 
mid-elevation zones represent transitional climatic 
belts that are neither thermally stable nor fully abla-
tion-dominated. Such areas are particularly vulnerable 
to incremental warming and may shift rapidly toward 
higher melt classes under continued temperature rise. 
Approximately 16.54% of the area falls under high to 
very high sensitivity categories, predominantly below 
3,000 m, where LST exceeds 7.5°C and reaches above 
11°C in localised pockets. Although spatially limited, 
these zones likely contribute disproportionately to sea-
sonal runoff generation and snow depletion.

Correlation analysis reinforces the hierarchical 
structure of environmental controls. The correlation 
between LST and SMSI confirms that snow melt 
sensitivity increases substantially with rising surface 
temperature. The negative correlation between LST 
and elevation reflects classic lapse-rate behaviour, while 
the moderate elevation-SMSI relationship indicates 
indirect topographic influence mediated through tem-
perature gradients. Together with PCA findings, these 
relationships provide statistically consistent evidence 
that snow melt in Gulmarg is fundamentally thermally 
driven but topographically moderated.
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From a broader climatic perspective, the observed 
upward temperature trend in Gulmarg (0.73°C per 
year over the last decade) is particularly alarming. The 
snowmelt contributes substantially to river basin dis-
charge, and changes in the timing and intensity of melt 
can affect irrigation supply, hydropower scheduling, 
drinking-water availability and spring-summer low-
flow conditions. High-sensitivity zones may contribute 
disproportionately to early runoff pulses, while rapid 
warming or rain-on-snow episodes can increase flood 
risk and compound hazards associated with avalanches, 
slope instability and glacial-lake outburst flood vulner-
ability in the wider Himalayan region. Water-resource 
managers should therefore combine SMSI-type spatial 
products with streamflow observations, snow-depth 
records and seasonal forecasts.

The methodological framework adopted in this 
study demonstrates several strengths. The integra-
tion of multi-spectral indices with LST and elevation 
enhances process-level interpretation beyond simple 
snow-cover mapping. Z-score normalisation ensures 
statistical comparability across variables measured in 
different units, while PCA provides an objective weight 
assignment mechanism free from subjective bias. The 
weighted overlay approach allows translation of com-
plex statistical relationships into spatially interpretable 
vulnerability zones.

However, certain limitations remain. The analy-
sis is based on a single-date winter observation and 
thus represents a snapshot of spatial sensitivity, not a 
temporal melt trajectory. Multi-temporal or seasonal 
datasets would strengthen temporal trend detection 
and improve dynamic modelling of melt progres-
sion. Additionally, incorporating meteorological 
ground observations such as snowfall depth, snow 
water equivalent or albedo measurements could 
further validate remote sensing-derived indices. 
Finally, slope, aspect, terrain shadowing and poten-
tial solar radiation were not explicitly incorporated, 
although they are important local controls on melt 
energy. Despite these limitations, the present SMSI 
framework provides a reproducible, policy-relevant 
and spatially explicit tool for identifying thermally 
sensitive snow zones in Gulmarg and can be adapt-
ed for other Himalayan basins to support climate 
adaptation, water-resource planning and sustainable 
mountain tourism.

In conclusion, this study confirms that snow 
melt sensitivity in Gulmarg is primarily controlled 
by land surface temperature, strongly influenced 
by elevation-dependent warming, and dynamically 

modulated by snow wetness and moisture condi-
tions. The dominance of moderate sensitivity zones 
indicates that the region currently exists in a climat-
ically responsive equilibrium state, yet the presence 
of expanding high-sensitivity areas suggests poten-
tial instability under future warming scenarios.
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