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H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• Glaciers in Chandra–Bhaga Basin lost 
0.26 ± 0.10 m w.e. a−1 since the 1970s.

• Summer temperature has most signifi
cant control on glacier mass budget.

• Rising temperature and declining winter 
precipitation accelerated mass loss.

• Up to 70 % glacier volume may be lost 
by 2100 even under a low emission 
scenario.

• Small glaciers (area < 0.5 km2) may 
disappear before mid-century.
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A B S T R A C T

Glaciers in the Chandra–Bhaga basin, western Indian Himalaya, are critical to the cryosphere–hydrosphere 
system, yet their long-term climate responses remain poorly understood due to sparse in-situ data. Our geodetic 
mass balance assessment reveal substantial ice loss from 1971 to 2022, with glaciers shrinking by 0.72 ± 0.08 
km2 a−1 and losing mass at 0.26 ± 0.10 m w.e. a−1. Debris-covered glaciers experienced greater ice loss (0.28 ±
0.10 m w.e. a−1) than clean-ice glaciers (0.20 ± 0.12 m w.e. a−1). CMIP6-based regression indicates modest pre- 
2000 loss, then average loss rates of −0.5 m w.e. a−1 until ~2035, after which trajectories diverge depending on 
SSP scenarios. Temperature sensitivity is strongest in summer (−0.49 m w.e. a−1 ◦C−1) and weakest in winter 
(−0.38 m w.e. a−1 ◦C−1). Precipitation sensitivity is highest for winter and lowest for summer. ERA5 Land 
reanalysis-based sensitivities show annual temperature has stronger influence than seasonal, with lower mag
nitudes than CMIP6. Winter precipitation from ERA5 Land reanalysis data show stronger correlation to glacier 
mass gain compared to CMIP6. These differences emphasize uncertainty over which dataset better represents 
regional climate, particularly for temperature–mass balance relationships and winter precipitation that largely 
governs glacier accumulation. Despite this, sensitivities align with broader Himalayan trends. Projections suggest 
stable winter precipitation, combined with increased summer and annual warming, will accelerate mass loss 
through the 21st century. This study proves that long-term geodetic data can provide an alternative solution to 
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understand glacier–climate interactions in data-scarce regions such as the Himalaya, enabling reconstructions, 
forecasts, and targeted adaptation for glacier-dependent communities.

1. Introduction

Under a changing climate, most of the glaciers worldwide have been 
losing mass at an accelerated rate in the last decades (GlaMBIE Team, 
2025) and projected increase in global temperatures raises concerns 
about the sustainability of the Alpine cryosphere (Hock et al., 2019; 
Rounce et al., 2023). Reflecting global trends, glaciers in High Mountain 
Asia (HMA), which hosts a substantial number of glaciers (~138,000) 
covering an area of approximately 102,100 km2 (RGI v7.0, Consortium, 
2023), are increasingly at risk of long-term sustainability. Meltwater 
from this high-altitude water tower influences the streamflow of major 
Asian rivers, impacting downstream agriculture, hydropower, and 
municipal needs particularly during dry seasons (Immerzeel et al., 
2020). Furthermore, intensified glacier melting significantly influences 
ongoing natural hazards, contributes to global sea-level rise, and alters 
the regional hydrological cycle (Bolch et al., 2012; GlaMBIE Team, 
2025).

However, glacier responses are notably more complex and hetero
geneous across spatial and temporal scales (Bhattacharya et al., 2021; 
Hugonnet et al., 2021). This heterogeneity is further influenced by 
morpho-topographical factors and the presence of supra and proglacial 
lakes (Bhattacharya et al., 2023). Enhanced mass loss has also acceler
ated glacier lake formation and increased GLOF-related risks to down
stream communities (Allen et al., 2019).

Building on these observations, the sensitivity of regional glacier 
mass balances to key climate drivers, combined with the influence of 
projected climate change, provides important insights into future glacier 
evolution and its implications for hydrological systems (Hock and Huss, 
2021). Model-based surface mass balance approaches are commonly 
used to assess climate-driven glacier sensitivity, though such approaches 
rely heavily on glaciological mass balance data which is only available 
for less than 1 % of the glaciers across the world (WGMS, 2024). Despite 
the high concentration of glaciers in the Himalayan region, long-term in- 
situ observations remain limited due to logistical and geopolitical 
challenges (Bolch et al., 2012). To bridge this knowledge gap, long-term 
satellite-based glacier mass balance estimates are essential for assessing 
regional variability. In this context, the availability of declassified sat
ellite data is a valuable input to reconstruct extended glacier mass bal
ance time series for periods when modern satellite stereo imagery was 
unavailable (Bolch et al., 2011; Maurer et al., 2019).

Across the diverse climatic regimes of the Indian Himalayas, the 
Chandra-Bhaga basin in Lahaul-Spiti, western Indian Himalaya, holds 
climatic significance as a transitional zone influenced by both winter 
westerlies and summer monsoon circulation (Tawde et al., 2017). Pre
vious studies have reported substantial glacier mass loss in this region, 
ranging from −0.36 to −0.65 m w.e. a−1 since around 2000 (Vijay and 
Braun, 2016; Mukherjee et al., 2018). However, these observations are 
limited to just one or two extended periods. Most of the available long- 
term glacier mass balance data and climate sensitivity in the Indian 
Himalaya are mostly confined to individual glaciers, with the Chhota 
Shigri Glacier being the only glacier maintaining an uninterrupted 
annual surface mass balance record exceeding 20 years (Azam et al., 
2024; WGMS, 2024). However, spatially resolved multi-temporal data
sets at the regional scale remain scarce, limiting our ability to capture 
the heterogeneous glacier responses and to understand the broader 
glacier–climate interactions across the Himalaya.

Bhattacharya et al. (2023) established a relationship between long- 
term regional geodetic mass balance and individual climate drivers, 
such as seasonal temperature and precipitation, in the nearby Alaknanda 
Basin. However, an integrated analysis that examines glacier mass bal
ance sensitivity to combined climate drivers and projects future mass 

changes has not yet been explored.
Therefore, in this study we investigate the long-term, multi-temporal 

variability of regional glacier mass balance and develop a relationship 
between mass balance and combined climate variables to assess the 
sensitivity to ongoing climate change in the Chandra-Bhaga basin, 
Lahaul-Spiti, western Indian Himalaya. We also project future regional 
glacier mass changes under multiple Shared Socioeconomic Pathway 
(SSP) scenarios. The specific objectives of this study are: 

• Developing a comprehensive multi-decadal (1971–2022) geodetic 
glacier mass balance record.

• Linking geodetic glacier mass balance with climate variables to 
reconstruct past and project future mass balance.

• Assessing mass balance sensitivity to individual climate parameters 
to identify the dominant controls.

2. Study region

The study region is located in the Chandra-Bhaga Basin within the 
Lahaul-Spiti region of the western Himalaya, in Himachal Pradesh, 
India, encompassing approximately 32.07◦N–32.72◦N latitude and 
77.08◦E–77.79◦E longitude (see Fig. 1). Spanning a total area of ~4113 
km2, the basin contains a glacierized extent of about 1060 km2, ac
counting for roughly 26 % of the study region. The Chandra and Bhaga 
sub-basins host approximately 370 and 320 glaciers, covering ~568 km2 

and ~ 370 km2 of glacierized area, respectively. Elevation in the 
Chandra Basin ranges from 1800 to 6600 m above sea level (asl.), while 
in the Bhaga Basin it varies between 2860 and 6460 m asl. (Tawde et al., 
2017). Two major rivers, the Chandra (~131 km) and the Bhaga (~80 
km), traverse this region, serving as critical freshwater sources for the 
downstream areas.

Glaciers in the Chandra-Bhaga Basin are influenced by dual climatic 
systems: the Indian summer monsoon in summer and the midlatitude 
westerlies during winter (Azam et al., 2024). Accumulation predomi
nantly occurs in the form of snowfall during the winter months from 
October to April (Azam et al., 2024). Meteorological records from the 
Bhuntar observatory, located approximately 50 km from the Chhota 
Shigri Glacier at an elevation of 1084 m asl, indicate a near-balanced 
seasonal precipitation pattern, with summer and winter contributing 
42 % and 40 % of the annual total, respectively. For the present study, a 
total of 348 glaciers were analyzed, of which 82 are located in the Bhaga 
Basin, while the remaining 266 are distributed across the Chandra Basin 
and its surrounding regions (Fig. 1).

3. Dataset

We used a variety of satellite images and auxiliary data for the 
analysis (Table 1, for detailed information we refer to Supplementary 
Table T1). We used the glacier outlines based on the Randolph Glacier 
Inventory 7.0 (RGI v7.0, Consortium, 2023), as the basis for our glacier 
inventory.

3.1. Satellite data

We analyzed glacier length/area and mass changes from 1971 to 
2022 using optical satellite stereo images with resolutions ranging from 
1.8 m to 15 m. Declassified stereo products like Corona (KH-4B) and 
Hexagon (KH-9) panoramic camera, along with SPOT-5 and ASTER-L1A, 
were used for regional glacier monitoring. Additionally, freely available 
Pleiades DEMs (2 m spatial resolution) from the Pléiades Glacier Ob
servatory (PGO) initiative by the French Space Agency (CNES) and 
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LEGOS, France (Berthier et al., 2024) and Cartosat-1 (2.5 m) stereo 
products supported detailed analyses of 10 specific glaciers (Fig. 1). 
Additionally, we used an open-source Digital Elevation Model (DEM) of 
30 m spatial resolution (NASA DEM) for raw stereo images processing.

3.2. Climate data

We used Coupled Model Intercomparison Project Phase 6 (CMIP6) 
ensemble mean data (Eyring et al., 2016) for monthly near-surface air 
temperature and precipitation across four SSPs (SSP126, SSP245, 
SSP370, SSP585) to calibrate a mass balance model and project future 
glacier mass balance. SSPs employed in CMIP6 provide an integrated 
framework that combines socioeconomic narratives with updated 
climate forcings, enabling more comprehensive and realistic glacier 
change projections (Eyring et al., 2016). Moreover, the use of bias- 
corrected monthly temperature and precipitation data from an 
ensemble of thirteen CMIP6 climate models under the SSP framework 
offers improved spatial resolution and a more accurate representation of 
key climate processes, enhancing the reliability of glacier mass balance 
estimations (Eyring et al., 2016). Additionally, we also used temperature 
and precipitation data (1971–2022) from nearby Bhuntar observatory at 
monthly temporal resolution to compare the CMIP6 temperature and 
precipitation trend during the observation period. ERA5 Land reanalysis 
climate data (Muñoz-Sabater et al., 2021) was used to estimate regional 
geodetic mass balance sensitivity and to compare the variations with 
CMIP6 climate data derived sensitivity.

3.3. Mass balance data

We generated a comprehensive set of 21 multi-temporal glacier mass 
balance data by employing various combinations of DEM pairs. These 
DEM pairs allowed us to compute 21 glacier elevation change grids 
covering various time intervals from 1971 to 2022, which in turn 
facilitated the estimation of glacier mass balance through geodetic 
methods. To enhance the robustness and temporal coverage of our 
analysis, we supplemented our datasets with seven additional mass 
balance estimates obtained from existing literature: five decadal and 
multi-decadal estimates (for the periods 2000–2005, 2005–2010, 
2010–2015, 2015–2020, and the cumulative 2000–2020) from Hugon
net et al. (2021); one estimate covering 2000–2016 from Brun et al. 
(2017); and one long-term estimate from 1975 to 2000 reported by 
Maurer et al. (2019). This aggregation resulted in a total of 28 glacier 
mass balance observations, each representing a distinct time interval.

3.4. Ancillary data

The Randolph Glacier Inventory (RGI v7.0, Consortium, 2023) was 
used as a baseline, and multi-temporal inventories were created using 
orthoimages from the DEM sources and Landsat ETM+/OLI data. We 
also incorporated global debris thickness data (Rounce et al., 2021) to 
identify debris-covered glaciers and ice thickness maps (Farinotti et al., 
2019) to analyze the glacier mass balance response in changing climate.

Fig. 1. Location map of the study area and mean glacier surface elevation changes for 2002 to 2021/22. Ten representative glaciers were selected for detailed 
analysis [1: Bara Shigri (RGI2000-v7.0-G-14-32,495); 2: Samudra Tapu (RGI2000-v7.0-G-14-30,345); 3: RGI2000-v7.0-G-14-30,407; 4: Mulkila (RGI2000-v7.0-G-14- 
30,161); 5: RGI2000-v7.0-G-14-32,569; 6: RGI2000-v7.0-G-14-30,491; 7: Sutri-Dhaka (RGI2000-v7.0-G-14-32,508); 8: Batal (RGI2000-v7.0-G-14-32,505); 9: Chhota 
Shigri (RGI2000-v7.0-G-14-30,579); 10: Hamtah (RGI2000-v7.0-G-14-30,385)]. Multi-temporal mass balance estimates (in m w.e. a−1) of overall, debris covered, 
clean-ice and small glacier are in the accompanying pie diagrams.
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4. Methods

4.1. Glacier mapping and associated uncertainty

The debris-covered regions of the identified glaciers (Rounce et al., 
2021) were delineated manually using the slope gradient and curvature 
information derived from corresponding DEMs and shaded relief was 
also used to visually inspect and manually adjust the glacier boundaries. 
The clean-ice glaciers were adjusted by using the band ratio of near 
infrared to short wave infrared (NIR/SWIR) of the available multi 
spectral optical data. We could hardly identify changes in accumulation 
areas on the utilised medium to high resolution images. As the changes 
are typically minor above the median elevations, we kept the upper 
glacier area constant and only adjusted the parts below the median el
evations. We have analyzed length fluctuation of the individual glaciers 
along the lines drawn parallel (every 50 m distance) to the main flow 
direction. The length change uncertainty (U) was estimated using the 
method proposed by Hall et al. (2003) as follows 

U =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(r1)
2
+ (r2)

2
√

+ σNMAD (i) 

Where U is the length change uncertainty, r1 and r2 refers to the spatial 
resolution of the first image and second image respectively. σNMAD refers 
to the coregistration error.

We accounted for mapping inaccuracies in glacier area estimation by 
applying a ± 2 % uncertainty for debris-free glaciers (Bolch et al., 2010), 
and an additional ± 0.5 % for debris-covered glaciers due to the diffi
culty in visually identifying debris-covered tongues (Bolch et al., 2010). 
Image coregistration uncertainty was included using -a buffer with 
buffer widths set to twice the root-mean-square error (RMSE) of map
ping and digitizing errors. Estimated RMSEs were 7.2 m (4 pixels) for 
Corona KH-4B, 7.2 m (6 pixels) for Hexagon-KH9, 10 m (2 pixels) for 
SPOT-5, 7.5 m (0.5 pixels) for ASTER-L1A, 7.5 m (3 pixels) for Cartosat- 
1, and 7.5 m (0.5 pixels) for Landsat 7/8 outlines. We also considered 

another error component (3 % for clean ice and debris cover individu
ally) due to scene quality, clouds, seasonal snow and shadow (Bolch 
et al., 2010). Overall area change uncertainty was calculated using the 
law of error propagation.

4.2. Generation of DEMs from stereo satellite data

We generated all DEMs in this study using photogrammetric methods 
via various software platforms and automated pipelines.

4.2.1. DEMs from declassified data
Older panchromatic declassified satellite images (Corona KH-4 and 

Hexagon KH-9) have lower contrast; therefore, we enhanced the 
contrast prior to DEM generation by using a local adaptive filtering 
along with histogram equalization.

The Corona KH-4 DEMs were generated using the Remote Sensing 
Software Graz (RSG) version 22.0.7, developed by Joanneum Research 
Graz. We employed a corona-adopted distortion model which was based 
on a modified collinearity equation. Initially, the panoramic camera's 
orientation parameters were determined using ground control points 
(GCPs) taken from Landsat 7 ETM+ panchromatic images in combina
tion with elevation data from the NASA DEM. Then we co-registered 
stereo image pairs using RSG's automated tie point measurement tool, 
which utilizes the Förstner operator for identifying suitable points. 
Before applying epipolar registration, we employed a polynomial 
rectification technique to reduce parallax error (Bhattacharya et al., 
2021). Following this, disparity matching was performed in three stages 
employing variable search windows. These window sizes were itera
tively refined to improve the accuracy of pixel matching. Finally, we 
generated DEMs at 10-m spatial resolution using area resampling 
techniques.

To reconstruct complete image scenes from the KH9 Panoramic 
Camera, we first mosaicked individual image strips by identifying and 
aligning overlapping areas using tie points (Ghuffar et al., 2023). We 
used the Corona Stereo Pipeline (CoSP) framework (Ghuffar et al., 2022) 
for remaining processing. We used SuperGlue deep learning model 
(Ghuffar et al., 2022) for point matching between KH9 imagery and 
Landsat 7 ETM+ panchromatic reference images. The matched image 
points, in combination with elevation data from the NASA DEM, were 
used to extract ground control points (GCPs), which supported the 
estimation and refinement of camera orientation through bundle 
adjustment (Ghuffar et al., 2023). We used epipolar resampling to 
ensure geometric alignment of stereo image pairs, followed by dense 
image matching using the semi-global matching (SGM) algorithm to 
generate a high-density 3D point cloud via triangulation. To accurately 
geolocate this 3D dataset, a tile-based coregistration was carried out 
using a least-squares surface matching technique. Finally, the adjusted 
point cloud was interpolated into a raster-format DEM at a 10-m spatial 
resolution. The overall workflow for generating DEMs from declassified 
KH-4 and KH-9 data, along with the key processing parameters, is 
summarized in Fig. 2 (a-b) to provide a clearer overview of the 
procedure.

4.2.2. DEMs from stereo pairs acquired after 2000
We used AMES Stereo Pipeline (ASP, v3.1.0), a software suite orig

inally developed by NASA and subsequently enhanced by Shean et al. 
(2016) to generate DEMs for stereo images (ASTER Level-1 A, SPOT5, 
Cartosat-1 and Pleiades 1B) acquired after 2000. We used an external 
DEM (1 arc-second NASA DEM) for initial orthorectification of the stereo 
images. We used semi-global matching (SGM) algorithm with a 7 × 7- 
pixel correlation window (Shean et al., 2016) for matching stereo pairs. 
To mitigate artifacts in the resulting disparity images we used SGM 
disparity map filters (Shean et al., 2016). Valid disparity pixels were 
further refined using a Bayesian Expectation-Maximization (Bayes EM) 
weighted affine adaptive window correlator. We carried out stereo 
triangulation by using a rational polynomial coefficient (RPC) sensor 

Table 1 
Brief information about the satellite images and other data used in this study.

Sensors Spatial 
resolution 

(m)

Date of acquisition Usages

Corona KH-4B 1.8 28-09-1971
Glacier mapping 
& Mass balance

Hexagon KH-9 
PC 0.6–1.2 21-08-1980 & 10-07-1982

Glacier mapping 
& Mass balance

SPOT-5 2.5–5.0 26-11-2002 & 22-12-2002 Glacier mapping 
& Mass balance

ASTER 15

29-10-2005; 07-11-2005; 
25-10-2012; 01-11-2012; 
21-09-2017; 14-10-2017; 

30-10-2017; 19-12-2021 & 
05-10-2022

Glacier mapping 
& Mass balance

Cartosat-1 2.5
19-10-2011; 02-11-2012; 
04-10-2014; 16-10-2014

Glacier mapping 
& Mass balance

Pléiades 1B 
DEM

2.0 26-09-2014 & 12-09-2020 Glacier Mass 
balance

Landsat 7 
ETM+

15 02-12-2000 Glacier mapping

Landsat 8 OLI 15 30-10-2020 Glacier mapping
NASADEM 

V001 30 11-02-2000
Orto- 

rectification
CMIP6 – 1971–2100 Climate analysis
ERA5 Land 

Reanalysis
10 km 1971–2022 Climate analysis

Weather 
Station 
(Bhuntar)

– 1971–2022 Climate analysis

Randolph 
Glacier 
Inventory

RGI7.0 Glacier Mapping
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model. Finally, we produced DEMs of 30 m, 10 m, 5 m and 2 m spatial 
resolution for ASTER, SPOT5, Cartosat-1 and Pleiades respectively in the 
WGS84 ellipsoidal coordinate system.

4.3. Geodetic mass balance and uncertainty estimation

We coregistered DEMs from various stereo sources with the void- 
filled 30 m NASA DEM using methods by Nuth and Kääb (2011). We 
estimated and removed elevation-dependent biases due to the tilt for 
each dataset using two-dimensional first-order polynomial trend sur
faces (Hugonnet et al., 2021). We applied a two-step filtering process to 
remove outliers from the elevation difference (dH) grids over glaciated 
regions: first, pixels with dH values beyond ±150 m were excluded; 
second, a three-cell buffer around data gaps was used to remove high- 
magnitude dH values (Falaschi et al., 2023). Regional elevation differ
ences were then estimated in 50 m altitude bins using pixels within μ ±
3σ (μ = mean and σ =standard deviation within the elevation bin), 
following Gardelle et al. (2013).

Due to low contrast in the accumulation zones of Corona KH-4 and 
Hexagon KH-9, we applied an elevation-dependent sigmoid function to 
model the non-linear glacier thickness change, constraining maximum 
change in the ablation zone and minimum in the accumulation zone 
(Pieczonka and Bolch, 2015). In the first step, we normalized each 
glacier pixel's elevation (N) while taking its maximum elevation range 
into account as follows 

N =
Maxe − Mine

Glace
(ii) 

where, N is the normalized glacier elevation in each pixel; Maxe and Mine 
are the maximum and minimum elevation for the whole region 
respectively and Glace is the glacier elevation of the pixel in meter.

We then estimated the maximum allowable thickness change (Δhmax)

for any pixel in a specific region as follows: 

Δhmax = [5−5tanh(2π −5N) ] × σg (iii) 

where, σg is the overall standard deviation of the glacier elevation 
differences.

To fill the data gaps in the resulting elevation change grid, we used 
global mean hypsometric approach (McNabb et al., 2019) by fitting a 
third order polynomial function to the mean elevation change on 50 m 
elevation bins. Finally, the volume changes were converted into mass 
changes by considering the average ice density of 850 ± 60 kg m−3 

(Huss, 2013).
We estimated geodetic mass balance uncertainty by extracting pixels 

over stable terrain. Overall glacier mass balance uncertainty (σmb) was 
calculated using the method by Brun et al. (2017) by considering (i)
uncertainty in elevation change (σΔH), (ii) uncertainty associated in 
glacier area (σe) estimation and (iii) uncertainty associated in volume to 
mass conversion.

First, we estimated surface elevation changes uncertainty (σΔH) as 

Fig. 2. The overall workflow for generating DEMs from (a) declassified KH-4 and (b) KH-9 data, along with the key processing parameters (modified after Ghuffar 
et al., 2022).

A. Bhattacharya et al.                                                                                                                                                                                                                         Science of the Total Environment 1014 (2026) 181261 

5 



described by Rolstad et al. (2009) as follows 

σΔH =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

σ2
Δh ×

Acor

5 × GAi

√

(iv) 

where, σ2
Δh is the variance of elevation change estimates over stable 

terrain in meter, Acor is the area over which elevation change data are 
correlated, which was estimated as Acor = π × L2, where, L is the auto
correlation length (500 m, Brun et al., 2017) and GAi is the glacier area 
at the beginning of our observation period for each DEM pair.

Next, we estimated uncertainty associated with glacier area/volume 
change (σΔv) according to Brun et al. (2017) as follows by considering 
data void which varies from 11.7 % to 37.1 % in different combinations 
of elevation difference girds. 

σΔv =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

[σΔH{DPi + 5 × (1 − DPi) } × GAi ]
2
+ [σe × dh]2

√

(v) 

Where DPi is the fraction of glacier area having valid elevation differ
ence values after outlier removal, σe is uncertainty associated with 
glacier area which was considered as 10 % of the initial glacier area (0.1 
× GAi) as mentioned by Kääb et al. (2012). dh is the mean rate of 
elevation change in the glacierized area from the corresponding DEMs.

Finally, the overall uncertainty was obtained by using the following 
Eq. (vi)

σmb =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(σΔv × ρV1)
2
+ (σρV1 × Δv)2

√

(vi) 

Where ρV1 is the volume to mass conversion factor (850 kg m−3) and 
σρV1 is the uncertainty of the volume to mass conversion factor (60 kg 
m−3) by Huss (2013). Δv is the volume change. A summary of glacier 
area and geodetic mass balance uncertainties is provided in the sup
plementary materials (Supplementary Table T2).

4.4. Development of mass balance model for future projection and 
sensitivity analysis

We extracted six key climatic variables, as predictor variables, from 
the SSP dataset to develop a relationship of climate with geodetic mass 
balance observations. These included mean summer (May–September), 
winter (October–April), and annual temperature, and precipitation. The 
climate variables were computed as averages across all available SSP 
scenarios to generalize the climatic trends across different future emis
sion trajectories.

In climatic datasets, high multicollinearity among predictor vari
ables, such as seasonal and annual temperature and precipitation, is 
common and can significantly compromise the reliability of standard 
multiple linear regression by inflating the variance of coefficient esti
mates, making them unstable and difficult to interpret. To mitigate this 
issue, we applied Principal Component Analysis (PCA), which trans
forms the original correlated variables into a new set of uncorrelated 
variables known as principal components (PCs).

To achieve this, we first standardized all predictor variables to have 
zero mean and unit variance to ensure comparability and remove scale- 
related biases. Then we performed principal component transformation 
on this standardized set. We plotted the cumulative explained variance 
against the number of principal components and applied the elbow 
method to determine the optimal number of PCs to retain. The selected 
components together accounted for over 95 % of the total variance, 
beyond which additional components added negligible information.

Each principal component represents a weighted linear combination 
of the original standardized variables, including summer, winter, and 
annual temperature and precipitation. We have calculated the loading 
vectors to the selected PCs, which quantify contribution of each pre
dictor variable in a given PC. Using the retained PCs, we developed a 
Principal Component Regression (PCR) model to predict glacier mass 

balance based on 28 mass balance observation data. Finally, for inter
pretability, we subsequently projected the regression coefficients from 
the PC space back into the original climate variable space, enabling a 
clearer understanding of how each variable contributes to mass balance 
variability.

Model performance was evaluated using standard statistical metrics 
such as the Root Mean Squared Error (RMSE) and the coefficient of 
determination (R2). To further assess model robustness and its ability to 
generalize across independent data subsets, we employed Leave-One- 
Out Cross-Validation (LOOCV).

To project future glacier mass balance under varying climate change 
scenarios, we compiled seasonal and annual climate projections (tem
perature and precipitation) for each future year across different SSPs. 
These projected climatic variables were then input into our trained 
regression model to estimate glacier mass balance under each future 
scenario, allowing for an assessment of potential glacier responses to 
different climate pathways.

Finally, to calculate the mass balance sensitivities to temperature 
(βT) and precipitation (βP), linear regression was performed between 
mass balance and each climate parameter. This approach allowed us to 
isolate and quantify the influence of each seasonal and annual temper
ature and precipitation variable on glacier mass balance and relative 
sensitivity of mass balance to individual climate components. According 
to the definitions of mass balance sensitivity (Oerlemans et al., 1998) the 
temperature sensitivity represents the average change in mass balance 
for 1 ◦C change in temperature. This can be directly computed from the 
slopes of the regression lines. The precipitation sensitivity is defined as 
the change in mass balance for a 10 % change in average precipitation. 
We also estimated regional glacier mass balance sensitivity using ERA5 
Land reanalysis data and compared the results with those derived from 
CMIP6 climate data.

5. Results

5.1. Glacier area and length changes

The area of 348 glaciers in the Chandra-Bhaga Basin decreased by 
36.5 ± 3.9 km2 from 1971 to 2022, shrinking from 798.9 ± 54.2 km2 to 
762.4 ± 61.9 km2, which represents a 4.6 ± 0.5 % (0.09 ± 0.01 % a−1) 
reduction in total glacier area (Table 2; for more details we refer to 
Supplementary Table T3-T4). The loss accelerated after 2002, averaging 
1.05 ± 0.13 km2 a−1 or 2.7 ± 0.3 % during 2002–2022, compared to 
0.50 ± 0.6 km2 a−1 or 1.9 ± 0.2 % in 1971–2002. Debris-covered gla
ciers lost more area (23.5 ± 1.7 km2) than clean-ice glaciers (13.1 ± 1.0 
km2) over the full period, though clean-ice glaciers experienced a higher 
percentage loss (11.3 ± 0.9 % vs 3.4 ± 0.2 %). The small glaciers' (<0.5 
km2) area also reduced significantly from 42.1 ± 4.2 km2 to 37.7 ± 5.1 
km2 (10.5 ± 1.7 %) during the entire observation period.

Length and area change analysis for 10 individual glaciers over 
1971–2002 and 2002–2022 revealed that Samudra Tapu Glacier 
(RGI2000-v7.0-G-14-30,345) had the highest area loss (0.05 ± 0.01 km2 

a−1) and retreat rate (33.4 ± 1.01 m a−1), likely due to the expansion of 
its proglacial lake (0.24 ± 0.02 km2 in 1971 to 1.69 ± 0.05 km2 in 
2022). Chhota Shigri Glacier (RGI2000-v7.0-G-14-30,579) lost 0.01 ±
0.00 km2 a−1 and retreated at 5.7 ± 1.01 m a−1. Bara Shigri Glacier 
(RGI2000-v7.0-G-14-32,495) showed a significant retreat of 28.4 ±
1.01 m a−1 over the entire period, with the highest fluctuation (38.6 ±
0.97 m a−1) during 1971–2002. Other selected glaciers showed variable 
retreat rates ranging from 5.7 ± 1.01 m a−1 to 33.4 ± 1.01 m a−1 over 
the observation period (Table 2; Supplementary Table T3-T4).

5.2. Multi-temporal geodetic mass balance of the regional and individual 
glaciers

Glaciers in the study region experienced significant mass loss of 0.26 
± 0.10 m w.e. a−1 over the entire period 1971–2022 (Figs. 3 & 4; 
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Table 2 
Mass balance, glacierised area and length change of regional and individual glaciers (RG: Regional Glacier; DCG: Debris Covered Glacier; CIG: Clean Ice Glacier and SG: 
Small Glacier).

Geodetic mass balance and area across the study region in different time periods

Time 
period

Mass Budget (m w.e.a¡1)
Year

Total Glacier Area (km2)
RG (348) DCG (119) CIG (229) SG (< 0.5km2) RG (348) DCG (119) CIG (229) SG (< 0.5 km2)

71–81 −0.13 ± 0.07 −0.13 ± 0.09 −0.09 ± 0.09 −0.12 ± 0.15 1971 798.9 ± 54.2 682.7 ± 34.9 116.2 ± 5.2 42.1 ± 4.2
81–02 −0.13 ± 0.07 −0.13 ± 0.08 −0.13 ± 0.09 −0.13 ± 0.08 1981 791.6 ± 53.1 677.8 ± 35.1 113.9 ± 4.9 41.4 ± 3.9
02–05 −0.29 ± 0.11 −0.31 ± 0.12 −0.19 ± 0.17 −0.29 ± 0.18 2002 783.4 ± 68.3 672.1 ± 41.1 111.3 ± 6.9 40.4 ± 4.7
05–12 −0.35 ± 0.09 −0.36 ± 0.09 −0.32 ± 0.11 −0.37 ± 0.16 2005 782.3 ± 66.5 671.5 ± 38.9 110.8 ± 6.9 40.3 ± 5.5
12–17 −0.46 ± 0.10 −0.50 ± 0.11 −0.23 ± 0.13 −0.48 ± 0.17 2012 779.6 ± 74.9 670.1 ± 37.3 109.5 ± 8.6 39.8 ± 5.6
17–22 −0.62 ± 0.13 −0.64 ± 0.15 −0.54 ± 0.18 −0.63 ± 0.18 2017 769.3 ± 60.1 661.6 ± 30.7 107.8 ± 6.8 38.5 ± 5.8
71–22 −0.26 ± 0.10 −0.28 ± 0.10 −0.20 ± 0.12 −0.28 ± 0.11 2022 762.4 ± 61.9 659.2 ± 33.1 103.2 ± 6.6 37.7 ± 5.1
Individual glacier area (km2), length change (LC) (m a¡1) and mass balance (MB) (m w.e.a¡1)

Sl. No. Glacier Area LC (71–22) MB 71–81 MB 02–05 MB 05–12 MB 12–17 MB 17–22 MB 71–22
1971 2022

1 113.13 ± 0.87 112.31 ± 2.16 28.4 ± 1.01 −0.10 ± 0.10 −0.09 ± 0.14 −0.33 ± 0.15 −0.47 ± 0.16 −0.72 ± 0.15 −0.26 ± 0.13
2 82.12 ± 0.53 79.82 ± 1.32 33.4 ± 1.01 −0.15 ± 0.12 −0.27 ± 0.12 −0.39 ± 0.15 −0.64 ± 0.18 −0.68 ± 0.12 −0.31 ± 0.16
3 35.58 ± 0.33 34.18 ± 0.83 16.6 ± 1.01 −0.10 ± 0.12 −0.59 ± 0.17 −0.48 ± 0.16 −0.71 ± 0.17 −0.92 ± 0.17 −0.35 ± 0.14
4 30.01 ± 0.26 29.47 ± 0.65 18.6 ± 1.01 −0.13 ± 0.10 −0.32 ± 0.11 −0.59 ± 0.17 −0.65 ± 0.17 −0.55 ± 0.13 −0.29 ± 0.11
5 26.55 ± 0.18 25.38 ± 0.45 19.1 ± 1.01 −0.20 ± 0.12 −0.23 ± 0.10 −0.43 ± 0.14 −0.26 ± 0.14 −0.75 ± 0.17 −0.25 ± 0.14
6 25.65 ± 0.32 25.22 ± 0.77 12.8 ± 1.01 −0.13 ± 0.12 −0.35 ± 0.11 −0.71 ± 0.12 −0.53 ± 0.16 −0.62 ± 0.17 −0.32 ± 0.14
7 23.97 ± 0.19 22.92 ± 0.48 21.1 ± 1.01 −0.06 ± 0.11 −0.29 ± 0.13 −0.37 ± 0.19 −0.19 ± 0.14 −0.39 ± 0.12 −0.27 ± 0.13
8 20.74 ± 0.18 19.77 ± 0.4 23.4 ± 1.01 −0.01 ± 0.12 −0.21 ± 0.12 −0.26 ± 0.15 −0.20 ± 0.13 −0.59 ± 0.12 −0.22 ± 0.16
9 13.52 ± 0.15 13.27 ± 0.37 5.70 ± 1.01 −0.05 ± 0.11 −0.30 ± 0.13 −0.32 ± 0.13 −0.47 ± 0.16 −0.69 ± 0.14 −0.33 ± 0.13
10 4.18 ± 0.14 3.41 ± 0.12 25.1 ± 1.01 −0.26 ± 0.12 −0.46 ± 0.12 −0.55 ± 0.15 −0.73 ± 0.16 −0.80 ± 0.17 −0.44 ± 0.14

Fig. 3. Multi-temporal glacier elevation change rate of the study region for the periods of (a) 1971–1981; (b) 1981–2002; (c) 2002–2005; (d) 2005–2012; (e) 
2012–2017 and (f) 2017–2022.
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Table 2). Over 85 % of this thinning occurred between 3700 and 5000 m 
asl, with maximum thinning (~60 m) on glacier tongues below ~4150 
m asl. The mass loss rate increased notably after 2000: from 0.11 ± 0.08 

m w.e. a−1 during 1971–2002 to 0.47 ± 0.12 m w.e. a−1 in 2002–2022 
(Supplementary Table T5). Debris-covered glaciers exhibited an ice loss 
rate at 0.28 ± 0.10 m w.e. a−1, approximately 29 % more than that of 

Fig. 4. Temporal mass balance for entire study region, debris-covered glaciers; clean-ice glaciers and small glaciers (< 0.5 km2).

Fig. 5. (a) correlation coefficient matrix of the mass balance (MB) and other climate parameters from the average SSPs scenarios; (b) Explained variables vs principal 
components; (c) Loading vectors for all 3 selected principal components and (d) Loading values for all principal components.
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clean-ice glaciers (0.20 ± 0.12 m w.e. a−1) over the entire study period 
(Fig. 4; Table 2). Debris-covered parts of glaciers showed even greater 
surface lowering: 0.86 ± 0.17 m a−1 on average, with 0.33 ± 0.13 m a−1 

during 1971–2002 and 1.41 ± 0.21 m a−1 in 2002–2022. Smaller gla
ciers (< 0.5 km2), covering ~5.3 % of the glacierized area, lost slightly 
more mass (0.28 ± 0.11 m w.e. a−1) than the regional average- and their 
mass loss increased from 0.14 ± 0.09 m w.e. a−1 during 1971–2002 to 
0.48 ± 0.11 m w.e. a−1 in 2002–2022. Overall, results confirm contin
uous mass loss in the region, with accelerated thinning after 2002 
(Table 2; Supplementary Table T5).

Ten individual glaciers exhibited heterogeneous mass balances with 
debris cover ranging from 55.7 % to 7.2 % (Rounce et al., 2021). Hamtah 
Glacier (RGI2000-v7.0-G-14-30,385, 55.7 % debris) showed the highest 
loss (0.44 ± 0.14 m w.e. a−1), while RGI2000-v7.0-G-14-32,505 (7.2 % 
debris) had the lowest loss (0.22 ± 0.16 m w.e. a−1) during 1971–2022 
(Supplementary Table T5). Between 2014 and 2020, Chhota Shigri 
(RGI50–14.15990) and Hamtah glaciers lost mass at 0.62 ± 0.16 m w.e. 
a−1 and 0.75 ± 0.18 m w.e. a−1, respectively, based on high-resolution 
Pleiades stereo data. During 1971–1981, similar to Chhota Shigri (−0.05 
± 0.11 m w.e. a−1), RGI2000-v7.0-G-14-32,508 (−0.06 ± 0.11 m w.e. 
a−1) and RGI2000-v7.0-G-14-32,505 (−0.01 ± 0.12 m w.e. a−1) were 
also nearly in balance (Supplementary Table T5).

A summary of regional glacier mass balance and area change is 
presented in Table 2, with more detailed estimates of mass balance and 
area/length changes for regional and individual glaciers available in 
Supplementary Table T3-T5.

5.3. Mass balance model

5.3.1. Selection of Principal Components (PCs)
We observed strong multicollinearity among the climate variables 

(Fig. 5a). Most of the predictor variables showed a strong negative 
correlation with the glacier mass budget (r ranging from −0.89 to 
−0.96), with the exception of winter precipitation, which exhibited a 
moderate positive correlation (r = 0.69). Furthermore, the in
tercorrelations among the predictor variables themselves were highly 
positive, ranging from 0.94 to 0.99. However, winter precipitation 
showed moderate to strong negative correlations with the other pre
dictor variables, with r values ranging from −0.48 to −0.71.

To develop a predictive mass balance equation using Principal 
Component Regression (PCR), we selected the first three principal 
components (PCs), which together explained over 95 % of the total 
variance in the dataset. The selection was guided not only by statistical 
criteria such as cumulative variance (Fig. 5b) but also by examining the 
loading vectors (Fig. 5c) and corresponding loading values (Fig. 5d), 
which allowed us to quantify the contribution of each original climate 
variable to the respective PCs. Importantly, the chosen PCs were also 
evaluated for their physical relevance and interpretability in the context 
of glacier–climate interactions, ensuring that the final model is both 
statistically robust and climatologically meaningful.

PC1 displayed moderate positive loadings (0.41 to 0.43) of summer, 
winter, and annual temperatures, along with summer and annual pre
cipitation, and a negative loading (−0.30) from winter precipitation. 
This component reflects an overall regional climatic effect, dominated 
by rising temperatures and enhanced summer precipitation.

PC2 exhibited a strong positive loading for winter precipitation 
(0.90) and moderate contribution from annual precipitation (0.42), 
highlighting the role of winter snowfall as another primary contributor 
to glacier mass gain.

PC3 was selected as another component which likely captures 
interannual variability in monsoon strength. The positive loadings on 
summer precipitation (0.49) and annual precipitation (0.49) suggesting 
that higher PC3 scores are linked to increased monsoonal and overall 
precipitation. The negative loadings on summer (−0.48), winter 
(−0.28), and annual (−0.35) temperatures indicate that wetter years 
tend to coincide with cooler conditions across seasons. The 

comparatively small negative loading on winter precipitation (−0.25) 
suggests that this variable varies less in phase with the other loadings in 
PC3. Given the regional climate, this may reflect the influence of west
erly disturbances, which contribute to winter precipitation indepen
dently of monsoonal variability. Therefore, This PC suggests a strong 
climatic contrast between cool, wet monsoonal conditions and warm, 
dry periods, a pattern typical of a transitional Himalayan zone influ
enced by both Indian summer monsoon and western disturbances.

5.3.2. Projected mass balance using principal component regression (PCR) 
model

Based on three selected PCs, the regression model achieved a RMSE 
of 0.037 and R2 of 0.93. Additionally, based on LOOCV we found R2 =

0.88 and RMSE = 0.040. Since these RMSEs are lower than the observed 
uncertainty range of the geodetic mass balance estimates (0.05 to 0.13 
m w.e. a−1), the model was deemed suitable for future mass balance 
predictions. We plotted the estimated mass balance by the model vs the 
observed mass balance values (Fig. 6a) using the above equation for all 
28 mass balance periods and found an excellent correlation (r = 0.97, p 
= 0.0) between them.

The final mass balance (MB) regression equation derived from the 
PCR model is presented below. 

MB = 6.1866706334− 0.2436578585× ST− 0.1417002387×

WT−0.1756984084×AT+0.0008162107× SP−0.0017057614
×WP+0.0009326694×AP

(vii) 

where, ST, WT and AT are summer, winter and annual temperature 
respectively and SP, WP and AP are summer, winter and annual pre
cipitation respectively. The coefficients are rounded up to 10 decimal 
places.

The trained regression model (Eq. vii) was then applied to estimate 
glacier mass balance from 1971 to 2100 across all SSP scenarios 
(Fig. 6b). The model results show relatively modest mass loss prior to 
2000, followed by a gradual increase in mass loss rates, averaging 
around 0.5 m w.e. a−1, which remained consistent across all SSP sce
narios until approximately 2035. After 2035, the mass balance trajec
tories begin to diverge markedly, depending on the emission scenarios. 
Under the low-emission SSP126 scenario, the projected regional mass 
loss is expected to remain moderate, reaching a maximum of approxi
mately 1.24 m w.e. a−1 by the end of the century, with an average loss of 
1.04 m w.e. a−1 between 2035 and 2100. In contrast, under the high- 
emission SSP585 scenario, glacier mass loss is projected to intensify 
considerably, reaching up to 3.26 m w.e. a−1 by 2100, with an average 
loss of 2.04 m w.e. a−1 over the same period. Intermediate scenarios 
SSP245 and SSP370 indicate average mass losses of 1.38 m w.e. a−1 and 
1.69 m w.e. a−1, respectively, during 2035–2100. These results under
score the increasing impact of future climatic changes on glacier health, 
with higher emissions leading to more pronounced mass loss.

5.3.3. Mass balance sensitivity derived from CMIP6 and ERA5 Land 
reanalysis climate data

Simple linear regression between CMIP6 climate parameter and 
regional glacier mass balance revealed a strong negative correlation 
with all variables except winter precipitation, which showed a signifi
cant positive correlation (Fig. 7). Notably, all correlations were statis
tically significant (Fig. 7).

Temperature sensitivity analysis indicates the strongest response to 
summer temperature (−0.49 m w.e. a−1 ◦C−1) and the weakest to winter 
temperature (0.38 m w.e. a−1 ◦C−1). A 1 ◦C rise in annual temperature 
results in a mass loss of 0.42 m w.e. a−1 ◦C−1.

For precipitation, sensitivity is strongest for winter precipitation and 
lowest for summer precipitation (Table 3). Other than winter precipi
tation, an increase in all other climate parameters would lead to mass 
loss. A 10 % increase in summer and annual precipitation causes 
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additional losses of 0.31 m w.e. a−1 and 0.71 m w.e. a−1, respectively, 
whereas a 10 % rise in winter precipitation offsets mass loss by 0.84 m 
w.e. a−1.

Regression models for summer, winter, and annual temperatures 
yield geodetic glacier mass balance estimates of −0.24 to −0.25 m w.e. 
a−1, closely matching the observed geodetic value of −0.25 ± 0.10 m w. 
e. a−1. Similarly, precipitation-based models give values from −0.23 to 
−0.30 m w.e. a−1, again consistent with observations for 1971–2022.

Future projections (2023−2100) suggest substantial increases in 
glacier mass loss, reaching 1.3 m w.e. a−1 for summer temperature and 
1.2 m w.e. a−1 for winter and annual temperatures. Precipitation pro
jections indicate mass losses of 0.8 m w.e. a−1 for summer and annual 
precipitation, and 0.3 m w.e. a−1 for winter precipitation.

Regression analysis using ERA5 Land reanalysis data shows some 
differences compared with CMIP6 results (Fig. 8). Summer and annual 
temperatures exhibited similar negative correlations with mass balance 
(r = 0.41–0.42), but with weaker statistical significance (p = 0.03–0.02). 
Winter temperature showed no significant relationship (p = 0.4). Sum
mer precipitation also displayed a weak, non-significant relationship (r 
= 0.17; p = 0.4). In contrast, both annual and winter precipitation 

Fig. 6. (a) Observed vs. predicted mass balance using the Principal Component Regression model and (b) predicted future mass balance for all SSP's scenarios (For 
the simulation, average temperature and precipitation data from CMIP6 for four SSP scenarios—SSP126, SSP245, SSP370, and SSP585—were used, https://climexp. 
knmi.nl/).

Fig. 7. Multi-temporal geodetic mass balance sensitivity with individual climate parameters based on average of 4 SSP's scenarios (a) summer temperature (b) winter 
temperature (c) annual temperature (d) summer precipitation (e) winter precipitation and (f) annual precipitation.

Table 3 
Annual (A) and seasonal (summer: S, winter: W) mass balance sensitivity using 
CMIP6 and ERA5 Land reanalysis climate data.

Using CMIP6

BS BW BA

βT 0.49 0.38 0.42
βP 0.31 0.84 0.71
Using ERA5 Land Reanalysis
βT 0.28 0.24 0.57
βP 0.05 0.25 0.23

Unit of βT: m w.e. a−1 ◦C−1; Unit of βP: m w.e. a−1 for 10 % increase in 
precipitation.
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demonstrated strong, statistically significant positive correlations with 
mass balance (r = 0.64–0.81; p = 0.0), underscoring their predominant 
role under current climatic conditions.

Mass balance sensitivities from ERA5 Land reanalysis data (Table 3) 
indicate that annual temperature has a stronger influence than seasonal 
temperature; a 1 ◦C rise in annual temperature results in a mass balance 
of −0.57 m w.e. a−1 ◦C−1, compared to −0.28 m w.e. a−1 ◦C−1 for 
summer temperature. These sensitivities are lower than those derived 
from CMIP data.

Precipitation sensitivity indicates that glaciers in the region gain 
mass from winter (βP = 0.25 m w.e. a−1) and annual precipitation (βP =

0.23 m w.e. a−1). However, these sensitivities are less pronounced 
compared to CMIP6 sensitivities.

We have observed discrepancies between CMIP6 and ERA5 Land 
reanalysis results which can be attributed to several factors. The ERA5 
Land reanalysis data is relatively high spatial resolution (0.1◦–0.25◦), 
which captures fine-scale climatic variability that is particularly rele
vant in the complex topographic setting of the Himalaya. In contrast, 
CMIP6 global climate models operate at coarser resolutions (1◦–2.5◦), 
which tend to smooth localized signals, especially those related to 
orographic precipitation and valley-scale temperature gradients (Dimri 
et al., 2013). Additionally, ERA5 Land reanalysis assimilates multiple 
observational datasets and is therefore better constrained by present-day 
variability, whereas CMIP6 outputs are purely model-driven projections 
that can exhibit systematic biases in both temperature and precipitation 
across the Himalaya (Zhu and Yang, 2020). Finally, ERA5 Land rean
alysis represents reanalysis of past climate conditions, while CMIP6 in
tegrates both historical and future scenarios under prescribed radiative 
forcing, making their sensitivities not strictly comparable (Eyring et al., 
2016).

Overall, these differences emphasize the complementary strengths of 
the two datasets, whereby ERA5 Land reanalysis provides greater 
observational fidelity in representing present-day glacier–climate in
teractions, while CMIP6 offers valuable insights into long-term climate 
forcing and future trajectories, albeit with increased uncertainties at the 
basin scale. At the same time, the above differences between CMIP6- and 
ERA5 Land reanalysis-based sensitivities raise important questions 
about which dataset better represents the region's climate, particularly 
in relation to temperature–mass balance relationships and the role of 
winter precipitation.

6. Discussions

6.1. Comparison of glacier area and length changes with previous studies

Regional and glacier-specific variations in glacier area and length 
changes covering our study area have been widely studied (Kulkarni 
et al., 2011; Pandey and Venkataraman, 2013; Garg et al., 2017; 
Mukherjee et al., 2018; Sahu and Gupta, 2020; Patel et al., 2021). 
However, direct quantitative comparisons with our results remain 
difficult due to differences in data sources, glacier populations, time 
scales, and inventory baselines. Unlike many prior studies that analyzed 
a single time interval, our assessment covers multiple periods and in
cludes both debris-covered and clean-ice glaciers. Overall, our results 
align with the regional trend of glacier retreat, though we observed 
notable temporal variability (Table 4).

We estimated a slightly higher glacier area loss (~3.7 %; 0.08 % a−1 

during 1971–2017) than Mukherjee et al. (2018), who reported ~1.7 % 
(0.04 % a−1) during a nearly similar timeframe (1971–2015). This dif
ference may be due to higher spatial coverage (17 % more glacierized 
area) and a higher minimum glacier size (>2 km2) in their study. In 
contrast, our reduction rates are lower than those reported by Kulkarni 
et al. (2011); 0.52 % a−1) and Patel et al. (2021); 0.21 % a−1), possibly 
due to the use of lower-accuracy Survey of India maps and differing 
glacier selection criteria. Despite such variations, our results compare 
well with other studies. Sahu and Gupta (2020) observed a loss rate of 
0.11 ± 0.04 % a−1 (1971–2016), while Pandey and Venkataraman 
(2013) reported ~0.08 % a−1 between 1980 and 2010. More recently, 
Vatsal et al. (2024) quantified glacier area reduction in the Chandra 
Basin at 0.09 ± 0.03 % a−1 over the period 1993–2019 (Table 4).

Individual glaciers showed variable changes. For Chhota Shigri 
Glacier, our estimate (1971–2022) shows an area loss of 0.04 % a−1 and 
frontal retreat of 5.7 ± 1.01 m a−1, in line with previous studies. For 
example, Mukherjee et al. (2018) and Sahu and Gupta (2020) reported 
area loss rates of 0.03 % and 0.02 % a−1, respectively, with similar 
retreat rates. Garg et al. (2017) and Pandey and Venkataraman (2013)
also reported comparable trends. Similar variability was observed for 
Bara Shigri and Samudra Tapu glaciers (Table 4).

6.2. Regional and individual geodetic glacier mass balance variability

The overall glacier mass balance estimated in this study is consistent 
with global geodetic assessments (Brun et al., 2017; Hugonnet et al., 

Fig. 8. Multi-temporal geodetic mass balance sensitivity with individual climate parameters based on ERA5 Land reanalysis climate data (a) summer temperature (b) 
winter temperature (c) annual temperature (d) summer precipitation (e) winter precipitation and (f) annual precipitation.
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2021), (Supplementary Fig. S1). Our mass loss rate of 0.47 ± 0.12 m w. 
e. a−1 for 2002–2022 is slightly higher, yet remains within the uncer
tainty ranges from the data by Brun et al. (2017) (0.37 ± 0.09 m w.e. a−1 

for 2000–2016) and Hugonnet et al. (2021) (0.41 ± 0.05 m w.e. a−1 for 
2000–2020). For a more detailed comparison of our results with previ
ously published studies, including time periods, methodologies and 
associated uncertainties, we refer to Supplementary Table T6.

While our estimates align with global trends of glacier mass loss, 
regional comparisons show notable variability. Consistent with previous 
findings, we find limited pre-2000 (0.11 ± 0.08 m w.e. a−1 for 
1971–2002) and accelerated post-2000 (0.37 ± 0.10 m w.e. a−1 for 
2002–2017) mass loss (Fig. 9a). These results closely match Mukherjee 
et al. (2018), who reported mass balance of −0.07 ± 0.1 m w.e. a−1 

(1971–1999) and − 0.36 ± 0.1 m w.e. a−1 (1999–2013). Maurer et al. 
(2019) also found comparable values (−0.14 ± 0.10 m w.e. a−1 for 
1975–2000) in Lahaul-Spiti using Hexagon and ASTER data (Fig. 9a).

Vincent et al. (2013) and Gardelle et al. (2013) reported mass bal
ances of −0.44 ± 0.09 and − 0.45 ± 0.13 m w.e. a−1 (1999–2011), 
slightly more negative than our −0.37 ± 0.10 m w.e. a−1 (2002−2012). 
Kääb et al. (2012) found a less negative value (−0.30 ± 0.04 m w.e. a−1 

for 2003–2008), possibly due to broader regional coverage. Vijay and 
Braun (2016) reported a higher loss of 0.65 ± 0.43 m w.e. a−1 

(2000−2012), likely due to differing uncertainty methods. Ramsan
karan et al. (2019) estimated mass balance of −0.68 ± 0.15 m w.e. a−1 

(1999–2013) for Chandra basin, more negative than our −0.47 ± 0.12 
m w.e. a−1 (2002−2022), possibly due to glacier selection and lack of 
radar penetration correction.

Multiple studies have assessed individual glaciers (Fig. 9b–c, Sup
plementary Table T6), especially Chhota Shigri Glacier, which is the 
only Indian reference glacier having more than twenty years of glacio
logical mass balance records. Satellite-based estimates post-2000 range 
from −0.15 to −0.77 m w.e. a−1, mostly aligning with our −0.57 ± 0.16 
m w.e. a−1 (2002–2022), except Garg et al. (2017), who reported −0.77 
± 0.22 m w.e. a−1.

Despite broad agreement, temporal differences persist. Our 

2005–2012 estimate (−0.32 ± 0.13 m w.e. a−1) aligns with Mukherjee 
et al. (2018) (−0.24 ± 0.10 m w.e. a−1), but our 1971–2012 value 
(−0.31 ± 0.12 m w.e. a−1) is more negative than theirs (−0.08 ± 0.10 
m w.e. a−1). Similarly, our post-2000 estimate (−0.56 ± 0.16 m w.e. 
a−1) is more negative than Brun et al. (2017) (−0.31 ± 0.09 m w.e. a−1) 
and Hugonnet et al. (2021) (−0.22 ± 0.05 m w.e. a−1), but comparable 
to Azam et al. (2024) (−0.43 ± 0.08 m w.e. a−1). This difference may 
result from our use of modified polygons which isolated Chhota Shigri 
Glacier from its neighbouring glacier, while the others used unmodified 
RGI 6.0 outlines.

Our mass balance estimate for Bara Shigri Glacier (−0.46 ± 0.16 m 
w.e. a−1 for 2002–2022) aligns well with Brun et al. (2017) and 
Hugonnet et al. (2021) data, which shows −0.41 ± 0.09 m w.e. a−1 for 
2000–2016/2020. The pre-2000 estimate (−0.15 ± 0.11 m w.e. a−1 for 
1971–2002) is also consistent with Mukherjee et al. (2018). Hamtah 
Glacier shows similar post-2000 losses, with a notable increase to 0.75 
± 0.18 m w.e. a−1 after 2014. However, the mass loss might be slightly 
overestimated as this glacier had a strong ice avalanche contribution 
which is difficult to asses using the geodetic method (Laha et al., 2017).

While long-term glacier mass loss estimates from various datasets, 
time periods, and methodologies remain broadly consistent within un
certainty limits, our multi-temporal geodetic mass balance analysis of
fers a distinct advantage by capturing the temporal variability in glacier 
mass loss. This approach reveals that mass loss rates are not uniform 
over time or across individual glaciers, underscoring the importance of 
temporal resolution in glacier monitoring. By resolving these inter- 
temporal variations, our study enhances understanding of glacier dy
namics and their sensitivity to regional climate variability, providing 
valuable insights for both scientific assessments and climate adaptation 
strategies.

6.3. Comparison of SSPs and ERA5 Land reanalysis climate data with 
weather station data

An overall increase in summer, winter, and annual temperatures was 

Table 4 
Comparison of area/retreats of regional & some individual glaciers with previous studies.

SL 
No.

Glacier Area 
(km2)

No of glaciers 
(N)

Time period Data used Area Change 
(% a1)

Reference This study (N = 348; Area in 
1971: 798.9 ± 54.2 km²)

Time Span Area Change 
(% a1)

Regional Glacier

1 960 ± 20 198 1971–2015 KH 4B Corona; ASTER; 
Cartosat-1

−0.04 Mukherjee et al. (2018) 1971–2017 −0.08

2 696 116 1962–2001
SOI-Toposheet; IRS LISS- 

III −0.52 Kulkarni et al. (2011) 1971–2012 −0.06

3 1306 ± 65 257 1971–2018 KH 4B Corona; Sentinel 2 −0.21 Patel et al. 2021 1971–2017 −0.08
4 639.4 ± 5.8 156 1971–2016 KH 4B Corona; Sentinel 2 −0.11 Sahu and Gupta (2020) 1971–2017 −0.08

5 377.6 15 1980–2010 Landsat MSS, TM; LISS; 
AWiFS

−0.08 Pandey and Venkataraman 
(2013)

1981–2012 −0.05

6 696 ± 62 251 1993–2019 Landsat TM ETM+ & OLI −0.09 Vatsal et al. (2024) 1971–2022 −0.09
Individual Glacier

Glacier Name Time Span
Length change (m 

a¡1) Area Change (% a1) Reference

Chhota Shigri 
RGI60–14.15990

1971–2015 −5.9 ± 0.44 −0.03 Mukherjee et al. (2018)
1971–2016 −5.8 ± 0.50 −0.02 Sahu and Gupta (2020)
1993–2014 −4.1 ± 2.52 −0.06 Garg et al. (2017)
1980–2010 −7.7 −0.02 Pandey and Venkataraman (2013)
1971–2022 −5.7 ± 1.01 −0.04 This study

Bara Shigri 
RGI60–14.15447

1971–2015 −27 ± 0.44 −0.02 Mukherjee et al. (2018)
1971–2016 −27.6 ± 0.50 −0.02 Sahu and Gupta (2020)
1980–2010 −18.67 −0.05 Pandey and Venkataraman (2013)
1993–2014 −15.5 ± 2.52 −0.04 Garg et al. (2017)
1971–2022 −28.4 ± 1.01 −0.02 This study

Samudra Tapu 
RGI60–14.15613

1971–2015 −21 ± 0.44 −0.02 Mukherjee et al. (2018)
1971–2016 −23.5 ± 0.50 −0.04 Sahu and Gupta (2020)
1980–2010 −19.90 −0.08 Pandey and Venkataraman (2013)
1962–2000 −19.5 −0.29 Kulkarni et al. (2006)
1971–2022 −23.4 ± 1.01 −0.05 This study
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observed during 1971–2022, whereas seasonal (summer and winter) 
precipitation displayed divergent patterns throughout the observation 
period based on the average of all CMIP6 SSP scenarios. In 2022, the 
summer temperature peaked at approximately 19.0 ◦C, which was 0.7 ◦C 
above the long-term average of 18.3 ◦C. Prior to 2000, the average 
summer temperature was around 18.0 ◦C, rising to about 18.7 ◦C for the 
period 2000-2022. Similarly, winter and annual temperatures increased 
by 0.9 ◦C and 0.8 ◦C, respectively, when compared with the post-2000 
period to the pre-2000 period. All three temperature measures—sum
mer, winter, and annual—exhibited a strong positive correlation with 
time (ranging from 0.93 to 0.95, p = 0.00). In contrast, the average SSP 
outputs for precipitation revealed seasonally divergent trends: summer 
precipitation increased by ~11 % after 2000 with a significant positive 
correlation with time (r = 0.83, p = 0.0), whereas winter precipitation 
declined slightly (~1.4 %) after 2000 but showed an insignificant cor
relation (r = 0.12, p = 0.4). Annual precipitation, consistent with the 
summer trend, increased by approximately 5 % post-2000 with a sig
nificant positive correlation (r = 0.73, p = 0.0).

ERA5 Land reanalysis data also indicated a similar warming trend in 
temperatures as observed in the average SSPs, though the precipitation 

patterns differed. The average summer temperature increased by 
approximately 0.3 ◦C after 2000 compared to the pre-2000 period, 
whereas winter and annual temperatures also rose (by 0.04 ◦C and 
0.14 ◦C, respectively), though these increases were not statistically 
significant. In contrast to the average SSP data, ERA5 Land reanalysis 
winter and annual temperatures did not show significant correlations 
with time (r = 0.02, p = 0.9 and r = 0.18, p = 0.2, respectively), while 
summer temperature exhibited a significant, albeit weaker than average 
SSPs, correlation with time (r = 0.24, p = 0.04). On the other hand, 
ERA5 Land reanalysis precipitation trends diverged from SSPs: both 
summer and annual precipitation decreased by approximately 5.6 % and 
10.2 %, respectively, after 2000, while winter precipitation showed a 
marked decline of about 13 % relative to pre-2000 levels, consistent 
with the SSP-based estimates.

Meteorological observations from the Bhuntar station reflected 
broadly similar patterns. During 2000–2022, summer, winter, and 
annual temperatures increased by approximately 0.7 ◦C, 0.8 ◦C, and 
0.6 ◦C, respectively, relative to 1971–2000. Precipitation showed con
trasting seasonal changes: winter precipitation decreased by ~14 % 
after 2000 compared to the pre-2000 period, whereas summer 

Fig. 9. The mass budget as estimated by various authors in Lahul-Spiti region (a) Regional glaciers, (b) Chhota Shigri and (c) Bara Shigri. The size of the scatter 
points and the colour represent the mass balance value. The error bar represents the uncertainty associated with the mass budget (1: Kääb et al. (2012); 2: Gardelle 
et al. (2013); 3: Vijay and Braun (2016); 4: Brun et al. (2017); 5: Tawde et al. (2017); 6–8: Mukherjee et al. (2018); 9: Ramsankaran et al. (2019); 10: Maurer et al. 
(2019); 11–15: Hugonnet et al. (2021); 16–19: This study; 20: Vincent et al. (2013); 21: Azam et al. (2012); 22–23: Azam et al. (2024); 24–25: WGMS (2024) and 26: 
Patel et al. (2021)).
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precipitation increased by ~11 % over the same interval. Both summer 
and annual temperatures exhibited significant positive correlations with 
time (r = 0.41, p = 0.0 and r = 0.47, p = 0.0, respectively), while the 
winter temperature trend was not statistically significant (r = 0.21, p =
0.15). In contrast, none of the precipitation components demonstrated a 
significant correlation with time.

Although the average SSPs, ERA5 Land reanalysis and Bhuntar sta
tion records revealed heterogeneous trends, direct comparisons were 
constrained by elevation differences and the influence of elevation- 
dependent climate variability. To refine the comparison, SSP and ERA5 
Land reanalysis grid cell data corresponding to the Bhuntar station 
location were used (Supplementary Fig. S2). This analysis yielded sig
nificant correlations between average SSPs with station data for tem
peratures, summer (r = 0.47, p = 0.00), winter (r = 0.29, p = 0.05), and 
annual (r = 0.56, p = 0.00) respectively. Whereas, the ERA5 Land 
reanalysis temperature data showed similar trend but comparatively 
stronger correlation with the station data for summer (r = 0.59, p = 0.0), 
winter (r = 0.39, p = 0.0) and annual (r = 0.57, p = 0.0). Similarly, 
summer (r = 0.36, p = 0.01) and winter (r = 0.33, p = 0.02) precipitation 
of SSPs also showed significant correlation, however, annual (r = 0.16, p 
= 0.51) precipitation indicated weak or no statistical relationship. The 
ERA5 Land reanalysis precipitation correlation with station data (sum
mer: r = 0.41, p = 0.0; winter: r = 0.79, p = 0.0 and annual: r = 0.41, p 
= 0.0) also exhibited similar but strong correlation as compared to 
average SSPs.

The lack of correlation in annual precipitation between SSP model 
outputs and station observations is mainly attributed to the mismatch in 
spatial scale. Where climate models represent area-averaged values over 
large grid cells (typically 100–250 km), stations provide point-based 
measurements. Additionally, model biases in capturing local precipita
tion dynamics, especially in topographically complex regions, 
contribute to this disparity (Sun et al., 2018). These differences are 
further amplified by the limited temporal and spatial resolution of 
climate models, which restricts their ability to simulate short-term, 
localized rainfall events effectively (Sun et al., 2018).

Moreover, ERA5 Land reanalysis shows slightly higher correlation 
than average SSPs with station precipitation because it assimilates in- 

situ observations and better captures regional variability, whereas 
CMIP6 SSPs operate at coarser scales and are not directly constrained by 
observations (Eyring et al., 2016). This explains the weaker correspon
dence of SSP precipitation with station data compared to ERA5 Land 
reanalysis data.

6.4. Temporal and seasonal climate variability

To understand the seasonal variation of the climate parameters and 
their influence on regional geodetic glacier mass balance, we defined 
four seasons, namely, summer (June-Sept), autumn (Oct-Nov), winter 
(Dec-March) and spring (Apr-may) in our analysis (Fig. 10). In general, 
temperature has consistently increased in all seasons, while precipita
tion shows an increasing trend only in summer. Average winter pre
cipitation remained relatively stable, showing only a slight decrease of 
approximately 1.5 % in the post-2000 period compared to the pre-2000 
period. Mukherjee et al. (2018), using NCEP, PREC/L, and ERA-Interim 
data, reported an increase in winter precipitation after 2000, while 
APHRODITE data showed a significant decrease. Summer temperatures 
increased (0.7 ◦C) from 2000 to 2022 compared to 1971–2000. Azam 
et al. (2014) also found a rise in summer temperatures and decrease in 
winter precipitation from 2001 to 2012 relative to 1986–2000, based on 
data from a station near the Chhota Shigri glacier.

Mean autumn temperatures increased (~0.8 ◦C) after 2002 and 
reached ~1.0 ◦C in 2017–2022. We also observed a persistent positive 
anomaly of summer-autumn transition (Sept-Oct) temperature 
throughout the observation period with a temperature increase of 
~0.7 ◦C during last glacier mass balance period (2017–2022) compared 
to the average summer-autumn transition temperature. Since 2000, 
temperatures during the spring–summer transition (May–June) 
increased by approximately 0.7 ◦C compared to the pre-2000 period, 
with a further increase of about 0.9 ◦C observed during 2017–2022. 
Additionally, post-2000, autumn precipitation decreased insignificantly 
(1 %) compared to pre-2000, while spring precipitation increased by ~3 
%. Our findings suggest that though the precipitation does not signifi
cantly affect the melting rate, rising temperatures during the sum
mer–autumn and spring–summer transitions may prolong the ablation 

Fig. 10. Seasonal variations of climate driver's anomaly (a) summer temperature and annual precipitation (b) autumn temperature and precipitation (c) winter 
temperature and precipitation and (d) spring temperature and precipitation with multi-temporal glacier mass balance.

A. Bhattacharya et al.                                                                                                                                                                                                                         Science of the Total Environment 1014 (2026) 181261 

14 



season and hence increase melt.

6.5. Influence of individual climate drivers on regional glacier mass 
balance variability

Future precipitation projections (2023–2100) under different SSP 
scenarios indicate a 12 % to 27 % (with an average of approximately 19 
%) increase in summer precipitation after 2022, whereas winter pre
cipitation remain nearly unchanged or shows only a negligible increase 
(approximately 1 %) over the same period. Both increase in summer 
precipitation, and considerable glacier mass loss is projected—likely 
because, in monsoon-influenced or transitional climate zones, enhanced 
summer precipitation often coincides with warmer temperatures. This 
leads to intensified melting, as a substantial portion of the precipitation 
falls as rain rather than snow, especially at mid-to-low elevations, 
thereby contributing directly to surface melt through latent heat release 
and reduced surface albedo (Sakai and Fujita, 2017). Azam et al. (2024)
also reported that in transitional regions influenced by both monsoon 
and westerlies, increased summer precipitation, if occurring as rainfall 
or during peak melt periods, may exacerbate glacier mass loss. Slight 
increase in winter precipitation can also enhance melting probably due 
to warmer winter temperatures (increased ̴ 1.5 ◦C after 2022), shifts from 
snow to rain mainly at the beginning and the end of the winter months, 
and energy balance feedbacks. This phenomenon was also observed in 
other parts of HMA region particularly in climate transition zone in the 
western Himalaya and Karakoram (Azam et al., 2024).

Our estimated regional glacier mass balance sensitivity to summer 
temperature (−0.49 m w.e. a−1 ◦C−1) closely aligns with that of the 
Chhota Shigri Glacier reported elsewhere (−0.52 m w.e. a−1 ◦C−1, Azam 
et al., 2014 and − 0.43 m w.e. a−1 ◦C−1, Mukherjee et al., 2025) are 
presented using different modelling approaches. This alignment sup
ports the robustness of the multi-temporal geodetic mass balance 
modelling approach used in this study, highlighting its potential for 
application across other Himalayan regions to investigate glacier–cli
mate interactions and project future mass balance changes. Given that 
summer temperature exerts the strongest control on glacier mass bal
ance reconstructing regional mass balance time series using temperature 
records appears to be a feasible and effective strategy.

The regional sensitivity to winter precipitation based on average 
SSPs (+0.84 m w.e. for 10 % increase) is significantly higher than the 
Chhota Shigri glacier's estimated precipitation sensitivity reported 
elsewhere (+0.16 m w.e. a−1 per 10 % increase in precipitation, Azam 
et al., 2014; +0.27 m w.e. a−1 for 30 % change in precipitation, 
Mukherjee et al., 2025). This likely arises from the spatial averaging of 
CMIP6 precipitation over a much larger area when calculating the 
regional sensitivity compared to the point based meteorological station 
data used by Azam et al. (2014) and 10 km resolution ERA5 Land 
reanalysis data used by Mukherjee et al. (2025). Additionally, precipi
tation exhibits greater spatial variability and uncertainty over moun
tainous regions than temperature (Rasmussen et al., 2012; Silverman 
and Maneta, 2016), further contributing to discrepancy. It is worth 
noting that the region is projected to experience continuous glacier mass 
loss throughout the century—despite increases in summer and annual 
precipitation. A 10 % rise in these variables is associated with further 
mass loss, while only an increase in winter precipitation has the po
tential to offset the negative mass balance. Projections under the opti
mistic scenario (SSP126) suggest that by 2100, summer and annual 
precipitation may increase by approximately 19 % and 6 %, respec
tively, while winter precipitation, the principal source of glacier accu
mulation, will remain almost unchanged, with only a negligible rise of 
about 1 %. Under the high-emission scenario (SSP585), summer and 
annual precipitation are projected to increase by around 27 % and 13 %, 
respectively, whereas winter precipitation may decline by approxi
mately 1 %. These findings indicate that, regardless of the emission 
pathway, limited enhancement or reduction of winter precipitation is 
likely to constrain glacier accumulation. Consequently, sustained glacier 

mass loss in the region appears probable even under optimistic climate 
trajectories, with potentially amplified losses under high-emission 
conditions.

ERA5 Land reanalysis data indicate that annual temperature sensi
tivity (−0.57 m w.e. a−1) exceeds that of seasonal temperatures 
(Table 3). Although ERA5 Land reanalysis also shows that glaciers in the 
region accumulate mass from winter and annual precipitation, the 
values are not as high as indicated by CMIP6 projections (Table 3). The 
differences in sensitivity values can be attributed to differences in spatial 
resolution, climate variability representation, bias correction, as well as 
modelling assumptions (Wang et al., 2021).

Additionally, ERA5 Land reanalysis data suggests that a 25 % in
crease in both annual and winter precipitation would be required to 
offset the mass loss associated with a 1 ◦C rise in annual temperature. 
This estimate aligns well with previous studies, which indicated that 
approximately a 30 % increase in precipitation is necessary to coun
terbalance a + 1 ◦C warming at the Chhota Shigri Glacier (Sahu et al., 
2024). Long-term trends (1971–2022) from ERA5 Land reanalysis data 
reveal that despite an increase in all temperature components since 
2000, winter and annual precipitation have declined by 12 % and 10 %, 
respectively. If this trend continues in the near future, precipitation 
changes will likely be insufficient to offset the warming-induced mass 
loss, leading to substantial glacier retreat in the region.

6.6. Implications for wider Himalaya

Projected changes in temperature and precipitation under different 
SSP scenarios will substantially impact the future glacier mass balance. 
Notably, nearly unchanged winter precipitation, along with increased 
summer and annual precipitation, will further intensify glacier mass loss 
through the end of the 21st century. In extended projections for the 
period 2075–2100, we observed that though the glacier mass loss may 
stabilize under SSP126 (< 1 % increase), a substantial mass loss of 
23–54 % is likely under intermediate to high-emission scenarios. These 
findings emphasize the urgent need for sustained and aggressive climate 
action, even under optimistic emission pathways, to curb future glacier 
loss (Matthews et al., 2021).

The average ice thickness in this region in 2022 (using thickness 
maps from Farinotti et al. (2019) and considering elevation change 
−11.01 ± 2.82 m during 2002–2022 from our analysis) was approxi
mately 110 m. Our analysis indicates that the average rate of ice 
thickness loss will be 1.0 m a−1 during the period 2023–2100. Conse
quently, even under the optimistic emission scenario (SSP126), ongoing 
climate change may lead to a regional glacier volume loss of approxi
mately 69 % by the end of the 21st century, assuming a constant glacier 
area. Miles et al. (2021) estimated that, even without accounting for 
further warming, the total glacier ice volume across High Mountain Asia 
(HMA) could decrease by 21 % ± 1 % by century's end due to the 
existing climatic-geometric imbalance. In their regional assessment, 
they projected about 38 % ice volume loss for Lahaul-Spiti under similar 
conditions. Our estimate exceeds their findings, likely due to differences 
in the glacierized area considered. Miles et al. (2021) included 3381 km2 

of glacier area, and did not factor in future warming. Additionally, under 
similar climate change conditions and even in the SSP126 scenario, we 
found that most small glaciers (average thickness: 23.5 ± 11.2 m in 
2000; Farinotti et al., 2019) are projected to lose ice at an average rate of 
approximately 0.7 m a−1 during 2000–2050 and may disappear before 
the middle of this century.

As glacier retreat progresses, the replacement of high-albedo glacier 
ice and snow surfaces by lower-albedo debris or exposed bedrock en
hances local energy absorption, thereby intensifying melt rates and 
accelerating negative mass balance trends. This albedo–melt feedback 
has been widely recognized as a key amplifying process in glacier–cli
mate interactions (Brock et al., 2010). The effect is particularly critical 
for small glaciers with limited ice reserves, as their reduced resilience 
makes them more susceptible to rapid volume loss once feedback 
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processes become dominant (Huss and Hock, 2018). Consequently, the 
persistence of small glaciers under projected warming scenarios is 
further threatened by this feedback, increasing the likelihood of their 
disappearance by mid-century.

However, climate models have inherent limitations, and associated 
uncertainties tend to increase with projections for longer lead times 
(Collins et al., 2012). Therefore, the projected impacts of climate on 
glacier mass balance must be interpreted within this context. These 
impacts may evolve as new climate scenarios become available or as we 
approach the projected timeframes, potentially reducing uncertainty.

Using a basic positive degree day mass balance model, Rasmussen 
(2013) found that temperature sensitivity of mass balance for eight High 
Mountain Asia (HMA) glaciers monitored by the World Glacier Moni
toring Service (WGMS) varied between −0.5 and − 0.2 m w.e. a−1 ◦C−1. 
In a similar context, the Tuyuksu Glacier, located in the Northern Tien 
Shan in Kazakhstan, demonstrated a sensitivity value of −0.4 m w.e. 
a−1 ◦C−1. Wang et al. (2019) examined 45 HMA glaciers with in-situ 
mass balance data available for a minimum of two years, and reported 
an average mass balance sensitivity in the range of −0.59 to −0.4 m w.e. 
a−1 ◦C−1. Engelhardt et al. (2015), using a simplified melt index 
approach, assessed four glaciers in Norway and found their annual mass 
balance sensitivity to temperature to fall between 0.55 and 1.74 m w.e. 
a−1 K−1. However, mass balance sensitivity to precipitation for this re
gion does not coincide with the findings by Wang et al. (2019) and 
Engelhardt et al. (2015), who estimated 0.22 m w.e. a−1 and 0.5–1.39 m 
w.e. a−1 for 30 % increase in precipitation.

Winter precipitation showed a slight decline in 2000–2022 
compared to the pre-2000 period, while winter temperature increased. 
Regional glacier mass loss was also positively correlated with winter 
temperature. Therefore, probably the overall accumulation likely re
mains limited, and temperature-driven melt processes dominate glacier 
mass balance. As a result, small variations in precipitation have only a 
minor influence on net mass balance, while temperature fluctuations 
exert a much more direct and amplified impact (Sakai and Fujita, 2017).

The mass balance response in this study is derived solely from CMIP6 
climate data. The differences observed in mass balance sensitivity esti
mates when using ERA5-Land reanalysis climate data raise concerns 
about the reliability of various climate datasets. These datasets are 
derived from different climate models, which are calibrated and vali
dated using observations from meteorological stations. In data-scarce 
regions such as the Himalaya, this often leads to challenges in accu
rately representing local conditions (Mukherjee et al., 2025). Strength
ening climate observations and promoting data sharing in such regions 
are essential to improve the accuracy of climate–mass balance re
lationships, enhance the reliability of future mass balance projections, 
and support informed policy decisions for sustainable water manage
ment. Despite these uncertainties, the overall trend highlights a critical 
concern: without immediate and effective mitigation efforts, glaciers in 
the region are likely to undergo significant degradation, threatening 
downstream water availability, ecological stability, and long-term 
sustainability.

7. Conclusions

This multi-decadal assessment of glacier change in Lahaul–Spiti re
veals a persistent and accelerating pattern of glacier retreat and mass 
loss since the 1970s, with a marked intensification after the early 2000s. 
By combining multi-temporal geodetic observations with climate data
sets, we capture both the spatial heterogeneity and temporal evolution 
of glacier response, showing that mass loss is neither uniform across 
glaciers nor constant through time. The acceleration in ice loss coincides 
with sustained summer and annual temperature rise, warmer transi
tional seasons, and marginally increasing or declining winter precip
itation—conditions that collectively extend the ablation season and 
intensify melt, even when summer precipitation increases.

The sensitivity of glacier mass balance to summer temperature 

(−0.49 m w.e. a−1 ◦C−1) closely matches with Chhota Shigri Glacier and 
falls within the range reported for other High Mountain Asia sites. 
Precipitation exerts a comparatively weaker influence unless significant 
winter snow accumulation occurs, underscoring the dominant role of 
temperature in this transitional climatic zone. Projections suggest that, 
even under the most optimistic emission pathway, the region could lose 
nearly 70 % of its glacier volume by 2100, with small, low-volume 
glaciers disappearing well before mid-century. Under intermediate- to 
high-emission scenarios, losses could exceed half the current volume, 
threatening downstream hydrology, ecosystems, and socio-economic 
stability.

A central outcome of this work is the demonstrated value of long- 
term geodetic measurements as a practical, scalable, and reliable 
means of quantifying regional geodetic mass balance sensitivity in en
vironments where in-situ data are scarce due to cost and logistical 
constraints. Unlike single-epoch or short-term studies, sustained 
geodetic time series reveal critical inter-annual variability and periods 
of acceleration or slowdown, improving both scientific understanding 
and model calibration. They provide a cost-effective bridge between 
sparse field measurements and the need for continuous, large-scale 
glacier monitoring.

In summary, long-term geodetic observations offer an indispensable 
pathway to understanding glacier–climate interactions in data-limited 
mountain regions. They enable accurate reconstructions of past 
changes, sharpen predictions of future glacier evolution, and inform 
adaptation strategies for communities reliant on glacier-fed water re
sources. The evidence here underscores that without such sustained 
monitoring, both scientific insight and climate resilience planning risk 
being compromised, particularly in one of the most climate-sensitive 
regions of the Indian Himalaya. Looking forward, further integrating 
such geodetic datasets into coordinated global initiatives like the World 
Glacier Monitoring Service (WGMS) and IPCC assessment frameworks 
will not only enhance the robustness of climate models but also 
strengthen the scientific foundation for transboundary water policy, 
disaster preparedness, and sustainable mountain development 
strategies.
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high-resolution digital elevation models and ortho-imagery to monitor glacier 
change. Cryosphere 18 (12), 5551–5571. https://doi.org/10.5194/egusphere-2024- 
250.

Bhattacharya, A., Bolch, T., Mukherjee, K., King, O., Menounos, B., Kapitsa, V., 
Neckel, N., Yang, W., Yao, T., 2021. High Mountain Asian glacier response to climate 
revealed by multi-temporal satellite observations since the 1960s. Nat. Commun. 12, 
4133. https://doi.org/10.1038/s41467-021-24180-y.

Bhattacharya, A., Mukherjee, K., King, O., Karmakar, S., Remya, S.N., Kulkarni, A.V., 
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