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Abstract 20 

The spatial extent of the Snow Cover Area (SCA) of the Bhagirathi River Basin (BRB) has 21 

changed in recent decades, impacting the hydrology of the region. Previous studies examining 22 

variations in SCA in the region have yet been limited to the effects of terrain variables, namely 23 

elevation, slope and aspect, without considering the influence of climate variability. This study 24 

first investigates temporal changes in SCA and Terrestrial Water Storage (TWS) in the BRB 25 

during the period 2001-2019, which were calculated using satellite images from the Moderate 26 

Resolution Imaging Spectroradiometer (MODIS) and Gravity Recovery and Climate 27 

Experiment (GRACE), respectively, and their linkages to variation in climatic variables, and 28 

then examines how future climate change could impact on the SCA of the basin and its 29 

implications for water resources.  30 

 31 

A trend analysis revealed an increase in the SCA during the study period, correlating with an 32 

increase in precipitation and TWS over the basin. Statistically significant positive correlation 33 

coefficients were detected between the post-monsoon (r = 0.49, p<0.05) and winter (r = 0.54, 34 

p<0.05) SCA and precipitation, while a negative correlation was identified between SCA and 35 

Tmax during the post-monsoon (r = -0.53, p < 0.05) and winter (r = -0.69, p < 0.05) seasons. 36 

Climate change scenarios, obtained from the Coupled Model Intercomparison Project Phase 6 37 

(CMIP6) and downscaled over the study region, project an increase in both maximum and 38 

minimum temperature, and precipitation for the pre-monsoon and winter seasons in the 2030s 39 

under two Shared Socio-economic Pathway (SSP) greenhouse gas (GHG) emission scenarios: 40 

SSP245 and SSP585. These scenarios, together with a multiple-linear regression (MLR) model 41 

developed on the basis of the relationships identified between variations in SCA and climatic 42 

variables, indicate a reduction in the SCA at 4000+ m altitudes in all seasons under both the 43 

scenarios, thereby resulting a decline in the Bhagirathi river flow in spite of a projected increase 44 
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in precipitation. This study demonstrates the impact of projected changes in climate on the 45 

SCA of a Himalayan catchment, and the potential implications for regions where snowmelt is 46 

important to streamflow regimes. 47 

 48 

Keywords: Bhagirathi River Basin; CMIP6; climate change; MODIS; snow cover area; 49 

terrestrial water storage. 50 

51 



4 
 

 

1. Introduction 52 

The Himalayan-Karakoram (HK) region is covered by an estimated glacier ice volume ranging 53 

from 2.9×103 to 4.7×103 km3 (Frey et al., 2014). It is the largest cryospheric store of water outside 54 

of the polar regions, with ice melting providing approximately 8.6×103 m3 of water every year to 55 

rivers downstream (Bolch et al., 2012; Frey et al., 2014; Srivastava et al. 2014). This region is the 56 

headwaters of major rivers in South Asia, including the Ganges, Indus, and Tsangpo-57 

Brahmaputra. Together, these three river systems form one of the largest river basins in the world, 58 

providing a critical source of water to India, Pakistan, Bangladesh, Nepal and Bhutan for domestic 59 

and industrial uses, hydropower, and irrigation (Bookhagen, 2012; Singh et al., 2016). 60 

Collectively, these three river systems are often referred to as the Indo-Gangetic Basin (IGB) 61 

(MacDonald et al., 2016), which is a very fertile and one of the most extensively irrigated basins 62 

in the world, supporting the livelihoods of approximately 800 million people (Immerzeel et al., 63 

2010; Kaser et al., 2010; Bolch et al., 2012).  64 

 65 

The flow of rivers originating in the Himalayas depends on snowmelt and glacier melt (Immerzeel 66 

et al., 2012; Lutz et al., 2014) and, for this reason, snow and glacier melt are important 67 

hydrological processes in the region (Lutz et al., 2014; Chen et al., 2016). A number of studies 68 

have suggested that climate change is affecting the accumulation of snow and the snowmelt 69 

processes of the region (Collins et al., 2013; Masson-Delmotte et al., 2018; Wang et al., 2019), 70 

causing changes in the Snow Cover Area (SCA) and thereby a reduction in glacial ice volume, 71 

with inevitable hydrological impacts downstream (Singh et al., 2014a; Rai et al., 2019; Kumar et 72 

al., 2019; Chandel and Ghosh, 2021). For this reason, the mapping and monitoring of snow cover 73 

in the headwaters of major South Asian rivers is critical to water resource management. The latter 74 

is an extremely challenging task using in-situ measurements given the rugged topography and the 75 

severe climatic conditions of the Himalayas.  76 
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 77 

The advent of satellite remote sensing has provided an opportunity to regularly monitor the SCA 78 

of the Himalayas (Dozier et al., 2008; Gafurov et al., 2015). Remote sensing detects the physical 79 

characteristics of a given surface area by measuring its reflected/or emitted radiation and 80 

backscattered energy from a sensor on board a satellite (Berthier et al., 2007), which can be either 81 

active or passive, depending on whether it provides its own source of energy. Images from a 82 

number of satellites can be used to determine the SCA at various temporal (1-16 days) and spatial 83 

(8 m to ~1 km) resolutions, including the Indian Remote Sensing (IRS) satellites 1C and 1D, 84 

GaoFen-1 (GF-1) Panchromatic and Multi-Spectral (PMS) sensor from the China National Space 85 

Administration, the Geostationary Operational Environmental Satellites (GOES) from the 86 

National Oceanic and Atmospheric Administration (NOAA), the Advanced Very-High 87 

Resolution Radiometer (AVHRR) from the United States Geological Survey (USGS) and the 88 

Landsat Programme, a joint initiative between NOAA and the USGS, as well as RADARSAT 89 

from the Canadian Space Agency. Moreover, topographic data from satellite based Digital 90 

Elevation Models (DEMs) are routinely used in studies focusing on glacier distribution and 91 

dynamics, for instance Nuth and Kääb (2011).  92 

 93 

Different algorithms have been developed to estimate the SCA from satellite images (Shreve et 94 

al., 2009; Hall et al., 2019), including a linear mixture approach for GOES (Romanov et al., 2003), 95 

and a Support Vector Machine technique (He et al., 2015) and a multi-temporal ensemble learning 96 

framework (Xiao et al., 2020) for GF-1. Indices are also widely used to estimate SCA from 97 

satellite images, notably the Normalized Difference Snow Index (NDSI) (Hall and Riggs, 2010). 98 

Estimating SCA from satellite images is a challenging task, and, for this reason, it has essentially 99 

been limited to specialists in the processing and analysis of satellite images. This has changed, 100 

however, with the launch of the Moderate Resolution Imaging Spectroradiometer (MODIS) 101 
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sensor on board the Terra and Aqua satellites in 1999 and 2002, respectively, as the latter was 102 

used to develop products providing estimates of snow cover extent at high temporal (1-day and 103 

8-day) and moderate spatial (500 m) resolutions. MODIS images have been used to calculate the 104 

NDSI, see for instance Hall and Riggs (2010) and Hall et al. (2019), with robust results (accuracy 105 

estimates greater than 80%) obtained in different landscapes and under varying environmental 106 

conditions. Hence, several studies worldwide have used the datasets derived from the MODIS 107 

satellite images to estimate the SCA and investigate its seasonal variation in glacierised 108 

catchments (Parajka and Blöschl 2006; Sirguey et al., 2009; Rittger et al., 2013). 109 

 110 

The Bhagirathi River Basin (BRB), located in the Western Himalayas, is an important river basin, 111 

as it is one of the headwaters of the Ganga (also known as Ganges) River. Part of this basin is 112 

covered with glaciers and snow throughout the year, which Khan et al. (2017) estimated that their 113 

melting contributes approximately 11and 12% of the total discharge of the Bhagirathi River near 114 

Devprayag during the pre-monsoon and post-monsoon seasons, respectively. A recent study 115 

focusing on this catchment has raised concerns about the impacts of changes in climate variability 116 

on hydrological extremes (Chug et al., 2020), given that a warming climate has caused changes 117 

in the spatial extent of the SCA in the western Himalayas (Thakur et al., 2017), with potential 118 

impacts on the flow of rivers originating in the region (Rai et al., 2019). Therefore, studying the 119 

variability of the SCA in the BRB in the context of climate change is essential for assessing the 120 

sustainability of the water resources and the socio-economic development of the regions located 121 

downstream of the basin. Some studies have previously used remote sensing to study the 122 

variability of the SCA in the BRB region (Joshi et al., 2015; Singh et al., 2019). These studies, 123 

however, focused on the effects of terrain parameters, for instance altitude, slope, and aspect on 124 

SCA variations rather than climate variability and climate change. Hence, this study examines 125 

the variability and trend in the SCA, as determined by MODIS satellite imagery, over the BRB 126 
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during the period 2001-2019, and its relationship to changes in climatic parameters. The identified 127 

relationships were then used to investigate the potential impacts of climate change on the SCA 128 

using downscaled projections from four General Circulation Models (GCMs) part of the Coupled 129 

Model Intercomparison Project Phase 6 (CMIP6), and their implications on the water storage of 130 

the basin.  131 

 132 

2. Study Area 133 

The study focuses on the BRB, which is located within the administrative boundaries of the 134 

state of Uttarakhand in northern India (Figure 1). The catchment area of the Bhagirathi River 135 

at Devprayag is approximately 7650 km2. An undulating topography is found at altitudes above 136 

2000 m, while the catchment topography ranges from gentle to rugged at lower elevations, 137 

notably in the valleys. Given this mountainous terrain, the region comprises different types of 138 

climates. Below 3800 m altitude, a sub-humid tropical climate with four seasons prevails, 139 

namely the pre-monsoon (April-June), south-west monsoon (July-September), post-monsoon 140 

(October-November) and winter (December-March), while an alpine climate is found at higher 141 

altitudes. Precipitation in the region originates from both the south-west monsoon and the 142 

western disturbances that occur in the winter, the latter leading to precipitation falling mainly 143 

in the form of snow (Dimri et al., 2015). From May until September, the 0°C isotherm is found 144 

at elevations between 4500 m to 5500 m (Larsen, 2017), but it descends to an altitude of 145 

approximately 2600-3200 m in the winter. This altitudinal movement of the 0°C isotherm is 146 

hydrologically important, as it determines whether precipitation falls as snow or rain. Over the 147 

basin, total precipitation fluctuates between 1000 to 2000 mm, 60-80% of which falls during 148 

the south-west monsoon depending on the year. The mean annual maximum (Tmax) and 149 

minimum (Tmin) temperature based on 2001-2020 data is 14.2°C and 1.9°C, respectively.  150 

Insert Figure 1 151 
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 152 

Glaciers cover approximately 10% of the surface area of the BRB. There are 238 glaciers of 153 

varying lengths covering an area of approximately 755 km2, among which Gangotri Glacier 154 

(length: 30.20 km; width: 0.20–2.35 km; surface area: ~86 km2) is the largest glacier1. Gangotri 155 

Glacier, together with the other glaciers of the basin, forms a cluster of glaciers known as the 156 

Gangotri Glacier System (GGS), a valley-type glacier system in which the trunk part is formed 157 

by the main Gangotri Glacier and fed by numerous glacier tributaries (Figure 1). The total area 158 

of the GGS is approximately 286 km2 (Rai et al., 2019). Glaciers are generally found at altitudes 159 

above 3800 m. Also, a large area of the BRB, at altitudes above 2000 m is seasonally covered 160 

by snow (Thayyen and Gergan, 2010). 161 

 162 

3. Materials and Methods 163 

3.1 Satellite and meteorological data 164 

The MODIS daily snow cover data were used to determine the extent of the SCA over the study 165 

basin. MODIS is a payload-imaging sensor launched by the National Aeronautics and Space 166 

Administration (NASA) on December 18, 1999, onboard the Terra satellite and on May 4, 167 

2002, onboard the Aqua satellite. The first satellite has provided data since February 24, 2000, 168 

at 10:30 a.m., local time, in a descending node, while the Aqua satellite has supplied images 169 

since June 24, 2002, at 1:30 p.m., local time, in an ascending node. MODIS snow cover 170 

products Terra (MOD10A1) and Aqua (MYD10A1) are generated using a snow mapping 171 

algorithm (Riggs et al., 2017), and daily data from both products, version 6, were downloaded 172 

from the website of the National Snow and Ice Data Centre2 for a 20-year period (1st October 173 

2000 to 30th September 2019). However, due to an incomplete time series for the year 2000, 174 

                                                 
1 http://117.252.14.242/Gangakosh/Water%20Resources/glaciers.htm 
2 http://nsidc.org/data/MOD10A2 
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that year was excluded, and this study focused on the period 2001-2019. Version 6 is the latest 175 

of MODIS snow products, which has shown higher accuracy than the previous version (Zhang 176 

et al., 2019). MODIS data are available in the Hierarchal Data Format (HDF) and supplied in 177 

the form of tiles (tile size: 10°x10°). In addition, a Digital Elevation Model (DEM) at a 30 m 178 

spatial resolution generated using CartoSat-1 stereo data (tile id: H44G) was obtained from 179 

Bhuvan, the Geo-Platform of the Indian Space Research Organization (ISRO)3, and used to 180 

create a hypsometric area curve of the basin (Figure 2). 181 

Insert Figure 2 182 

 183 

Daily precipitation and maximum and minimum temperature (Tmax and Tmin) data were 184 

obtained for the period 2001-2020. Precipitation data were acquired from the Climate Hazards 185 

Group Infra-Red Precipitation with Station (CHIRPS) dataset, which provides precipitation 186 

estimates on the basis of measurements from rain gauges and satellite observations at a spatial 187 

resolution of 0.05°×0.05°4, while temperature data were extracted from the National Centers 188 

for Environmental Prediction/National Centre for Atmospheric Research (NCEP/NCAR) 189 

reanalysis dataset5, which has a spatial resolution of 2.5°×2.5°. The entire study area is covered 190 

by 11 grid cells in the CHIRPS dataset and two grid cells in the NCEP/NCAR reanalysis (one 191 

falling within the lower part of the catchment and the second is very close to the upper 192 

catchment). The coarse spatial resolution of the NCEP/NCAR reanalysis introduces 193 

uncertainty in the temperature data (Singh et al., 2015a). To address this, the NCEP/NCAR 194 

grid was interpolated from its 2.5°×2.5° spatial resolution to a higher grid resolution of 195 

0.25°x0.25° using environmental temperature lapse rate (6.5°C/1000 m). The values of 196 

precipitation and temperature (Tmax and Tmin) at each grid were then averaged over the 197 

                                                 
3 www.bhuvan.nrsc.gov.in 
4 https://www.chc.ucsb.edu/data/chirps 
5 https://psl.noaa.gov/data/gridded/data.ncep.reanalysis.derived.pressure.html 

http://www.bhuvan.nrsc.gov.in/
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catchment using Thiessen polygon method to generate daily climatic data integrated at the 198 

catchment scale.  199 

 200 

The Gravity Recover and Climate Experiments (GRACE) and GRACE Follow-On (GRACE-201 

FO) satellite missions (Save, 2020), which produced the recently released monthly CSR 202 

GRACE/GRACE-FO RL06 Mascon Solutions products6, were also obtained to investigate the 203 

implications of changes in SCA on the Terrestrial Water Storage (TWS) of the BRB. GRACE 204 

was launched in 2002 and discontinued in October 2017, but it was re-launched in May 2018 205 

with the name of GRACE-FO7, with the gap in GRACE and GRACE-FO bridged using an 206 

Artificial Neural Network (ANN) technique. The data cleaning process and extraction of the 207 

TWS from GRACE and GRACE-FO is explained in Zhu et al. (2021). 208 

 209 

3.2 Climate change scenarios  210 

To investigate the impact of climate change on the SCA, outputs from GCMs are used. GCMs 211 

forced by different trajectories of greenhouse gas (GHG) emissions, each one based on a set of 212 

assumptions about demographic change and future economic and technological development, 213 

are used to examine potential future changes in the state of the climate (Riahi et al., 2017). As 214 

they are computationally expensive to run, they have a coarse spatial resolution and are 215 

therefore not always adequate for regional studies (Singh et al, 2015a), especially in 216 

mountainous regions where simulating the complexity of the landscape is required to obtain 217 

reliable projections (Singh et al, 2015b). For this reason, GCM outputs are typically 218 

downscaled using Regional Climate Models (RCMs), nonetheless, the RCM outputs still 219 

inherit the biases from the GCM from which they take their boundary conditions. The latter, 220 

                                                 
6 http://www2.csr.utexas.edu/grace/RL06_mascons.html 
7 https://gracefo.jpl.nasa.gov/mission/overview/). 
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however, were corrected in a dataset providing downscaled climate change scenarios for South 221 

Asia, as described in Mishra et al. (2020). This dataset provides bias-corrected downscaled 222 

climate change projections for a number of CMIP6 models and four Shared Socio-economic 223 

Pathway (SSP) greenhouse gas GHG emission scenarios: SSP126, SSP245, SSP370, and 224 

SSP585, which are briefly summarised in Riahi et al. (2017). The data are available at a daily 225 

time-scale and at a horizontal spatial resolution of 0.25°×0.25°. This study uses outputs from 226 

four of those GCMs: the Beijing Climate Centre Climate System Model version 2 (BCC-227 

CSM2-MR), the Canadian Earth System Model version 5 (CanESM5), the Earth Consortium-228 

Earth 3 Model (EC-Earth3), and the Max Planck Institute for Meteorology Earth System Model 229 

version 1.2 (MPI-ESM1.2. These GCMs were selected given their performance in simulating 230 

the precipitation and temperature conditions of the western Himalaya (Joseph et al., 2018). The 231 

climate change projections were obtained for the period 2021-2050 (2030s) over the BRB 232 

according to two GHG emissions scenarios: SSP245 and SSP585. 233 

 234 

3.3  Assessment of the normality and homogeneity of the climatic data 235 

Violating the assumption of normality of data in small datasets, as well as the presence of 236 

inhomogeneity in time series may yield inaccurate results assumption in a distribution 237 

(Peterson et al, 1998; WMO, 2011), and it is therefore recommended that these be checked 238 

prior to conducting the statistical analyses (WMO, 2011). There are number of graphical and 239 

statistical methods available to check for normality in a dataset (Altman and Bland, 1995; 240 

Mishra et al., 2019), and this study used Shapiro-Wilk (W) test (Shapiro and Wilk., 1965) for 241 

that purpose. The presence of inhomogeneity in the time series, for its part, was examined using 242 

the Buishand’s Range test (Buishand, 1982).  Table 1 shows the results of these tests on the 243 

temperature and precipitation, respectively, revealing that all the time series of temperature and 244 

precipitation follow normality at 5% significance level, except for Tmin at the annual time-245 
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scale and during the monsoon season, Tmax and Tmin during the monsoon season, and 246 

precipitation in the pre-monsoon and monsoon seasons. Similarly, inhomogeneity (Q/sqrt 247 

(n)>1.22, for n =20 at 5% significance level) in Tmean and Tmax during the post-monsoon 248 

season were identified according to the Buishand’s Range test. These time series were, further, 249 

homogenised using a multistep process based on non-parametric statistics as described in 250 

Peterson and Easterling (1994). 251 

Insert Table 1 252 

 253 

3.4  Cloud removal and estimating SCA  254 

The downloaded MODIS data were provided in a sinusoidal map projection and were projected 255 

into a Universal Transverse Mercator (UTM) Zone 44N coordinate system with the World 256 

Geodetic System (WGS) 84. There were 49 missing Terra images and 16 missing Aqua images 257 

during the study period, and the missing Terra images were replaced by the corresponding 258 

Aqua images and vice-versa. The MODIS raw data contain different parameters, one of which 259 

being the NDSI snow cover parameter, which was used to determine the SCA. The NDSI is 260 

calculated using equation 1: 261 

 262 

)band(SWIR)band(VIS

)band(SWIR)band(VIS
NDSI

64

64




 ……………………………......…….....(1) 263 

 264 

where VIS and SWIR represent the visible and shortwave infrared reflectance, respectively. 265 

When a pixel has a NDSI ≤ 0.0, it is normally considered to be snow-free, while some snow is 266 

present when it is greater than zero (Hall et al., 2019). Sometimes, non-snow pixels may also 267 

have NDSI values greater than 0.0, owing to the presence of clouds. Thus, cloud coverage is a 268 

significant problem when using MODIS images to estimate the SCA, notably in the Himalayan 269 



13 
 

 

region where persistent cloud coverage is common during the southwest monsoon as well as 270 

during the winter because of western disturbances (Lopez-Burgos et al., 2013; Snehmani et al., 271 

2016). Therefore, a five-step non-spectral composite methodology, as described in Dharpure 272 

et al. (2021) was applied to remove and substitute the cloud contaminated pixels, and which 273 

consisted of combining the Terra and Aqua products and using a temporal filter, a spatial filter, 274 

a regional snowline filter, and a multiday backward filter to remove the cloud contaminated 275 

pixels and to generate snow cover images to fill the gaps. The overall mean accuracy achieved 276 

through this methodology was 92.8%. Furthermore, a NDSI threshold ≥ 0.4, as recommended 277 

by Riggs et al., (2017), was used for considering whether a pixel is covered by snow or not, 278 

and the MODIS snow product images were reclassified using that criteria, as described in Table 279 

2.  280 

Insert Table 2 281 

 282 

3.5 Trend detection and change point analysis 283 

The non-parametric Mann-Kendall (MK) test (Mann, 1945) and the associated Sen’s slope 284 

estimator (Sen, 1968) were used to determine whether there is a statistically significant trend 285 

in the SCA, temperature and precipitation time series, and their magnitude, respectively. A 286 

cumulative sum chart (CUSUM) was then used to identify potential shifts in a time series, 287 

including an examination of changes in the thermal regime of the region during the study 288 

period. The CUSUM chart depicts the cumulative sum (Si) of the deviations of data in a time 289 

series about a target value (which in this study is the mean of value of each time series), and is 290 

computed using equation 2:  291 

 292 

)(
1

0



i

j

ji xS 

  ……………………………………………………………………….. 

(2) 293 
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294 

where, xj and µ0 are the mean of jth sample and sample, respectively (Page, 1961; Singh et al., 295 

2015b). The Upper Control Limit (UCL) and Lower Control Limit (LUC) on the CUSUM chart 296 

are defined by a statistical parameter H (decision interval) that should not exceed five times 297 

the sample standard deviation. The change point in a time series was identified in a CUSUM 298 

chart using the allowable value (k), which is positioned halfway between µ0 and xj- µ0. In this 299 

study, limits of UCL and LCL have been estimated between ±2σ and k = 0.5. 300 

 301 

3.6 Development of a multiple linear regression model for projecting changes in 302 

SCA under future climate change  303 

A multiple linear regression model (MLR) was developed to establish a relationship between 304 

daily SCA and climatic variables at different elevation zones (e.g., 2000-3000m, 3000-4000m, 305 

4000-5000m, 5000-6000m and 6000-7010m). There are occasions, however, when two 306 

explanatory (independent) variables are highly linearly related, which can affect the validity of 307 

a MLR if both variables are used in its construction (Gough et al., 2004). Hence, 308 

multicollinearity among independent variables are recommended to be removed in the MLR. 309 

The variance Inflation Factor (VIF), which measures the dependence between a predictor and 310 

the other independent variables is used as a diagnostic tool for multicollinearity (Helsel and 311 

Hirsch, 1992; Neter et al., 1996). A VIF score greater than four indicates that multicollinearity 312 

might be a problem, while serious problems exist with multicollinearity when the VIF is greater 313 

than ten (Neter et al., 1996). In this study, all regression models of different elevation zones 314 

were tested for multicollinearity in the predictors, and in all cases the VIF was found to be less 315 

than four. However, with the given threshold of VIF values for multicollinearity, only three 316 

independent climatic variables namely, precipitation, Tmax and Tmin were found suitable at 317 

all elevation zones for the model development and the developed MLR was expressed as  318 
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 319 

𝑌𝑠𝑐𝑎 = 𝑤1𝑋𝑝𝑟𝑐𝑝 + 𝑤2𝑋𝑡𝑚𝑎𝑥 + 𝑤3𝑋𝑡𝑚𝑖𝑛 + 𝑤0………………………………………………(3) 320 

 321 

where, 𝑋𝑝𝑟𝑐𝑝, 𝑋𝑡𝑚𝑎𝑥, 𝑋𝑡𝑚𝑖𝑛,  are  daily values of  precipitation, Tmax and Tmin, respectively,  322 

the vector w= (w1,w2,w3,) represents the weight of each parameter, and the w0 is the intercept 323 

value. There are four steps for forecasting the SCA based on MLR in each elevation zone. 324 

Firstly, multicollinearity in the climate variables was detected to avoid autocorrelation. 325 

Secondly, the data involved in the MLR were normalized to 0-1 by using max-min scale 326 

method. Thirdly, the normalized data were split into two parts, and the 80% of data were used 327 

for training the model and the rest of data for validation. Finally, the established model was 328 

employed to predict the standardized SCA and transform standardized SCA to SCA by using 329 

established scaler.  330 

Insert Figure 3 331 

 332 

The low Root Mean Square Error (RMSE) and Mean Absolute Deviation (MAE) between the 333 

observed and predicted SCA suggest that the developed MLRs have a stronger association with 334 

predictors (climatic variables), and can be used for simulating SCA (Table 3). By 335 

reconstructing the SCA using the MLR, it was observed that the model showed good 336 

performance in simulating the inter-annual variability in SCA (Figure 3). Despite the peak 337 

values were not captured due to limited samples for training, the forecast results included most 338 

effective information (e.g., the long-term changes and the seasonal cycles). The developed 339 

models were further used to simulate temporal changes in SCA over the BRB under projected 340 

climate change scenarios. 341 

 342 

4. Results 343 
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4.1 Altitudinal variability and trends in SCA 344 

Variability as well as trends in SCA were investigated for different elevation zones (e.g., 3000-345 

4000, 4000-5000, 5000-6000 and a 6000-7010 m) of the BRB to comprehend sensitivity of 346 

SCA with elevation. The elevation zones below 2000 m were excluded due to their insignificant 347 

SCA contributions. It was observed that most of SCA (28.62% of the catchment area) in the 348 

BRB was concentrated within zones ranging from 3000 to 6000 m, with a maximum of 15.57% 349 

of the catchment area in the elevation zone of 5000-6000 m. The zones lying between 2000-350 

3000 m and 6000-7010 m were marked with a minimum SCA of 0.47% and 1.15% of the 351 

catchment area, respectively. The trend analysis revealed an increase in SCA for all elevation 352 

zones, albeit lacking statistical significance. The SCA increased by 0.46 km²/year in the 353 

elevation zone of 2000-3000 m, by 1.86 km²/year in the elevation zone of 3000-4000 m, by 354 

0.76 km²/year in the elevation zone of 4000-5000 m, by 1.69km²/year in the elevation zone of 355 

5000-6000 m and by 0.13 km²/year in the elevation zone of 6000-7010 m over the period 2000-356 

2019. Thus, the rate of change was maximum in the elevation zone of 3000-4000 m and 357 

minimum in that of the 6000-7010 m zone during the study period. 358 

 359 

4.2 Inter- annual variability and trends in SCA  360 

Figure 4 depicts the inter-annual variability in the SCA of the BRB during the period 2000-361 

2019. During that period, the mean annual SCA varied from a maximum of 33.23% of the 362 

catchment area to a minimum of 22.36% in 2019 and 2016, respectively. The Sen’s slope 363 

estimator revealed a positive trend of approximately 13.62 km²/year (approximately 0.02% per 364 

year) in the SCA at the annual time-scale over the basin, albeit lacking statistical significance. 365 

It was also found that the increasing trend in the annual SCA was of higher magnitude, and 366 

showing statistical significance, during the earlier 2000-2009 period (38.20 km²/year) than in 367 

the latter 2010-2019 period (13.40 km²/year). An examination of the time series of the annual 368 
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maximum SCA revealed a downward trend, although lacking statistical significance, but a 369 

statistically significant increasing trend in the time series of the annual minimum SCA. This 370 

implies that it might be a reason of relatively lower magnitude observed in mean annual SCA 371 

between 2010-2019. Figure 4 also shows that the highest and lowest SCA is recorded during 372 

the winter (57.07% in 2019) and monsoon (6.44% in 2001) seasons, respectively. Within 373 

months, the maximum and minimum snow cover extent were recorded in February (59.8% in 374 

2005) and August (4.6% in 2001), respectively. The SCA typically increases from September 375 

until February, after which it begins to decline (Figure 5), following the seasonality of snowfall, 376 

its accumulation, and melting. Snow begins to accumulate in September/October, and the 377 

maximum snow cover thickness is reached in February and March. From April onwards, the 378 

snow cover starts to deplete due to the warmer temperatures and precipitation (rainfall), 379 

resulting with the minimum SCA in August. The trend analysis detected an increase in SCA 380 

during all the seasons. The SCA increased by 21.85 km²/year during the pre-monsoon season, 381 

by 3.44 km²/year during the monsoon season, by 4.51 km²/year during the post-monsoon 382 

season and by 3.01 km²/year in the winter over the period 2000-2019.  383 

Insert Figure 4 384 

 385 

This result of annual and seasonal change in SCA agrees with the findings of Joshi et al. (2015) 386 

and Rathore et al. (2015), who also reported an increasing, although lacking statistical 387 

significance, in the annual and seasonal SCA of the BRB for the period 2000-2010 and 2004-388 

2014, respectively. However, it differs from the study of Gusain et al. (2015) who reported a 389 

declining trend in annual snowfall by analysing annual time series of Bhojwasa station located 390 

at an altitude of approximately 3900 m in the basin during the period 2000-2012. This 391 

difference in observation is likely because of the length of data period and the presence of 392 

various distinct topoclimatic zones in the catchment (Yadav et al., 2020), where snowfall 393 
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events are largely controlled with the movement of the Indian Summer Monsoon (ISM) and 394 

the Indian Winter Monsoon (IWM) and their interaction with the local topography (Dimri et 395 

al., 2015). The northern region of the basin (altitude: ~5200m and above), characterised as 396 

monsoon deficit zone, receives maximum snowfall as compared to the southern part of the 397 

basin (Yadav et al., 2020). The station of which data was analysed falls in southern part of the 398 

basin. Moreover, rising trends in annual SCA were also reported in Indus basin (2000-2017; 399 

Singh et al., 2014b), Kashmir Himalaya (2000-2016; Shafiq et al., 2019) and Chenab basin 400 

(2001-2017; Dharpure et al., 2020; Sahu and Gupta, 2020). 401 

Insert Figure 5 402 

 403 

4.3 Temporal variations in Terrestrial Water Storage (TWS) in the BRB 404 

Snow is one of the most important components in TWS. The linear trend of the TWS represents 405 

the influence of long-term signals such as the extraction of groundwater on TWS and the 406 

detrended TWS can be used as an indicator of snow mass changes in a basin where the 407 

hydrological processes are largely affected by snowmelt and glacier melt (Zhu et al., 2021). 408 

The anomalies in TWS, hereafter referred as TWSA, derived from GRACE/GRACE-FO 409 

showed inter-annual variability in the BRB (Figure 6a). A rising trend in TWSA is indicative 410 

of an increase in TWS, which is consistent with the increasing trend in mean annual SCA 411 

(Figure 4(a)). 412 

Insert Figure 6 413 

 414 

The first wave crest in the seasonal cycle of TWSA agree with the intra-annual variability of 415 

snowfall in the region and thus the variations in SCA and TWSA were unchanged (e.g., two 416 

features present the rising trends from 2006 to 2009) except for individual year (e.g., 2016). It 417 

should be noticed that another peak in TWSA (Figure 6b) presented the signal of monsoon 418 
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rainfall. The different performance in SCA indicated that winter snowfall was the main positive 419 

factor affecting the SCA pattern. However, the snowfall during the monsoon is mainly limited 420 

to high altitudes, above approximately 5500 m (Yadav et al., 2020), and, for this reason, it has 421 

a minimal impact of the overall SCA of the catchment as a whole. This is also an important 422 

reason why the variations in TWS partly different from SCA despite having a similar long-423 

term rising trend and seasonal pattern between them. Therefore, the variability in TWSA from 424 

January to June may be considered as variability in snow water equivalent. 425 

 426 

4.4 Trends in temperature and precipitation  427 

Temperature (Tmean, Tmax, Tmin, and DTR) and precipitation influence the extent of snow 428 

cover area over the catchment. This variability is best explained by examining anomalies in 429 

Tmean, Tmax, Tmin and precipitation, and investigating their trends over the study period 430 

(Singh et al., 2016). Time series of anomalies in temperature and precipitation were derived by 431 

subtracting the annual mean value averaged over the period 2001-2020. The MK test and the 432 

Sen’s slope estimator revealed increasing trends in annual Tmean, Tmax, Tmin and DTR over 433 

the BRB during the study period (Table 4). Increasing trends in annual Tmean, Tmax, Tmin 434 

and DTR were observed in the BRB for the study period, however, these were statistically 435 

insignificant. Further, Tmax (+0.06°C/year) was found to be rising as much faster rate than 436 

Tmin (+0.04°C/year) resulting increase in DTR (+0.01°C/year). Similar patterns were also 437 

observed in seasonal trends of Tmean, Tmax, Tmin and DTR. It was statistically significant 438 

for Tmean, Tmax and Tmin during monsoon and for Tmean and Tmax in post-monsoon. It 439 

ranged from -0.02°C/year (winter) to +0.11°C/year (post-monsoon) for Tmean, +0.003°C/year 440 

(winter) to +0.11°C/year (post-monsoon) for Tmax, -0.01°C/year (winter) to +0.10°C/year 441 

(monsoon) for Tmin and +0.01°C/year (winter) to +0.04°C/year (post-monsoon) for DTR. The 442 

rate of increase in Tmean, Tmax and Tmin was relatively higher during monsoon and post-443 
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monsoon. Additionally, Tmax was found to be rising as much faster rate than Tmin and hence 444 

caused DTR to increase. Rathore et al. (2013) also reached on similar conclusions through their 445 

studies conducted in Uttarakhand (1951-2010). 446 

Insert Table 4 447 

 448 

The variability in the time series of annual and seasonal Tmean, Tmax and Tmin was also 449 

investigated using CUSUM charts. In this method, individual values are compared with the 450 

overall average, and a sudden variation (±2σ) in slope of CUSUM charts from the mean values 451 

is considered to be an indicative of regime shift (Singh et al., 2015b), as it implies that the value 452 

is either above (positive shift (C+)) or below (negative shift (C-)) the climatic average. From 453 

examining the CUSUM charts, one can see a negative regime shift in annual Tmean, Tmax and 454 

Tmin in 2003 with a small negative departure from their mean values between 2001 and 2006. 455 

However, CUSUM slope showed a positive departure from their mean values from 2012 to 456 

2014 and 2015 to 2018. Thus, warming of the recent decade (2011-2020) surpassed cooling 457 

effects detected during 2001-2010, which eventually attributed to the rising trends in annual 458 

Tmean, Tmax and Tmin in the BRB. Furthermore, all warming in the region could be attributed 459 

to Tmax and Tmin increase. Similarly, analysis of seasonal CUSUM charts showed sporadic 460 

positive/or negative regime shifts in Tmean, Tmax and Tmin. For examples:  positive regime 461 

shifts in monsoon Tmax were observed at 2014, 2015 and 2016 whereas a negative regime 462 

shift was reported in 2003. For Tmean, positive regime shifts were observed at 2014 and 2019, 463 

while a negative regime shift at 2003. However, negative regime shifts in monsoon Tmin were 464 

observed at 2003, 2004 and 2005 with large positive departures from their mean values after 465 

2011. In post-monsoon season, negative regime shifts were observed in Tmean, Tmax and 466 

Tmin at 2003-2006. Despite these negative regime shifts, statistically significant increasing 467 

trends observed in monsoon Tmean and Tmin, and post-monsoon Tmax are attributed to the 468 
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recent warming (2011-2020). However, increase in DTR might be attributed to the increase in 469 

solar irradiance, and decrease in clouds and soil moistures (Rai et al., 2012). 470 

Insert Figure 7 471 

 472 

In addition, a weak increasing trend and lacking statistical significance, in annual 473 

(3.85mm/year) and seasonal precipitation was observed. The rate of increase during pre-474 

monsoon, monsoon, post-monsoon and winter seasons was 0.77mm/year, 5.81mm/year 475 

0.61mm/year and 0.71 mm/year, respectively. This finding is different from the previous 476 

studies conducted over Uttarakhand by Rathore et al. (2013) and Malik et al. (2019) who had 477 

reported a decreasing trend in annual and seasonal rainfall. This dissimilarity might be linked 478 

to the length of data period and controls of local topography on rainfall. Rathore et al. (2013) 479 

and Malik et al. (2019) had analysed data (13 stations) of 1951-2010 and 1966-2015, and 480 

estimated trends in rainfall for Uttarakhand state and Uttarkashi (district), respectively. This 481 

was a generalised trend without considering effect of altitude on rainfall measurement. 482 

However, within the BRB, altitude ranges from ~420 to7010m and there is no observing station 483 

above 4000m. CHIRPS rainfall data used in this study is available at a spatial resolution of 484 

0.05° × 0.05°, which is able to capture rainfall variability at much finer scale in the mountainous 485 

region and considered to be a good representative of spatially distributed rainfall patterns 486 

(Prakash, 2019).  487 

 488 

4.5 Projected changes in temperature and precipitation  489 

Figure 8 shows the projected changes in mean annual temperature (Tmean, Tmax and Tmin) 490 

and precipitation for the 2030s under both the SSP245 and SSP585 GHG emission scenarios. 491 

All four models project an increase in annual Tmean, Tmax and Tmin under both GHG 492 

scenarios, although the magnitude of the warming varies between models, while for 493 
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precipitation an increase is projected for most models, with the exception of the least severe 494 

GHG emission scenario for the CanESM5 model, which project a decrease in precipitation. 495 

The projected warming varies between models from 0.9°C to 2.2°C under SSP245 and from 496 

1.1°C to 2.4°C under SSP585 for Tmean, 0.4-1.7°C under SSP245 and 0.6-2.1°C under SSP585 497 

for Tmax, 1.4-2.8°C under SSP245 and 1.6-3.2°C under SSP585 for Tmin, clearly showing that 498 

a greater warming is projected for Tmin than Tmax. The projected change in precipitation also 499 

varies between models, from -0.29% to 4.3% under SSP245 and from +3.9% to 28.8% under 500 

SSP585.  501 

 502 

The projected changes in seasonal precipitation under both the SSP245 and SSP585 GHG 503 

emission scenarios for the period 2021-2050 are shown in Table 5. In general, all models under 504 

both scenarios predict a significant decrease in monsoonal precipitation. It was in range of ~-8 505 

to -75% under SSP245 and ~-29 to -82% under SSP585. However, considerable increase in 506 

precipitation of pre-monsoon, post-monsoon and winter are anticipated in the future. Maximum 507 

and minimum increase in seasonal precipitation was predicted during post-monsoon and pre-508 

monsoon seasons, respectively. Joseph et al. (2018) showed that GCMs had overestimated 509 

precipitation in post-monsoon and winter season over the upper Ganga basin. Therefore, such 510 

a high increase in projected precipitation includes large uncertainties and may be unrealistic on 511 

the ground. However, they agreed over the rising trend of precipitation during these seasons. 512 

Similarly, analysis of future scenarios data in general revealed increase in Tmean, Tmax and 513 

Tmin for pre-monsoon and winter seasons under both scenarios for all the models. It was in 514 

range of +1.1°C to +5.5°C for Tmean, +0.3°C to +4.4°C for Tmax, and +1.3°C to +6.6°C for 515 

Tmin during pre-monsoon, and +1.1°C to +7.7°C for Tmean, +1.1°C to +9.0°C for Tmax, and 516 

+2.5°C to 11.4°C for Tmin during winter season. Thus, the projected increment is substantial 517 

in winter temperature and it would be highest for Tmin. Opposite to this, a decrease in Tmin is 518 
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predicted for the monsoon season under both scenarios for all models. The variability in results 519 

of models owe to their parameterisation and grid resolution (Singh et al., 2015b). 520 

Insert Table 5 521 

 522 

The results obtained in this study agree with previous work of other researchers conducted over 523 

the western Himalaya and Ganga basin. Tiwari et al. (2018) analysed data of seven fifth 524 

generation of the CMIP models and reported an increase of +1.5°C to +5.0°C in mean annual 525 

temperature for future periods (2006-2060) under RCP4.5 and RCP8.5 over the western 526 

Himalaya. Their studies also predicted decrease in monsoon precipitation and overall increase 527 

in annual precipitation. Similarly, Joseph et al. (2018) also observed overall increase in mean 528 

annual temperature and precipitation (based on 3 GCMs) over the Ganga basin, with large 529 

seasonal variability for the period 2011-2037. 530 

Insert Figure 8 531 

 532 

4.6 The relationship between SCA and climatic variables  533 

Table 6 presents the results of a cross correlation analysis between the variability in SCA and 534 

different climatic variables during the period 2001-2019, while Figure 9 and Figure 10 show 535 

the regression of the SCA against different climatic variables at the annual and seasonal time-536 

scales, respectively. These analyses were performed after removing multicollinearity among 537 

the climatic variables that eventually reduced the number of independent variables from five 538 

to three. Overall, it was found that the annual SCA is negatively correlated with changes in 539 

Tmax and Tmin while positively with that of the precipitation. But, it lacks statistical 540 

significance. However, moderate to high negative correlations of SCA with Tmax and Tmin 541 

are observed during pre-monsoon, post-monsoon and winter seasons. The negative correlations 542 

are found to be statistically significant  with Tmax for pre-monsoon (r = -0.59, p<0.05), post-543 
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monsoon (r = -0.53, p<0.05) and winter r = -0.69, p<0.05) seasons; and with Tmin for pre-544 

monsoon (r = -0.60, p<0.05) seasons. It is also observed that SCA is positively correlated with 545 

monsoon , post-monsoon  and winter precipitation , while negatively with the pre-monsoon 546 

precipitation . However, the correlation coefficient is statistically significant only for post-547 

monsoon (r = 0.49, p<0.05) and winter (r = 0.54, p<0.05) precipitation. 548 

Insert Table 6 549 

 550 

Insert Figure 9 551 

 552 

Thus, annual and seasonal (monsoon and winter) SCA has been increasing, but the trend is not 553 

statistically significant, and that this increasing trend is associated with an increase in 554 

precipitation, although the latter also lacks statistical significance. This positive correlation 555 

between SCA and precipitation at the annual time-scale and during the post-monsoon and 556 

winter seasons is in accordance with previous studies conducted in other Himalayan basins 557 

(Dharpure et al., 2020; Sahu and Gupta, 2020), but completely fluctuates for the pre-monsoon 558 

and monsoon seasons. For example: Dharpure et al. (2020) reported a positive correlation 559 

between SCA and precipitation for pre-monsoon and negative correlation in monsoon season. 560 

Therefore, this relationship is required to be re-investigated in other catchments across the 561 

Himalaya, so as to validate the current observations, and comprehend the processes responsible 562 

for such behaviours. 563 

Insert Figure 10 564 

 565 

5. Discussion 566 

5.1 Implications of projected changes in temperature and precipitation on SCA  567 
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The impact of projected changes in temperature and precipitation on SCA were examined using 568 

the developed MLR which was based on mean of the multi-model ensembles. Figure 11 shows 569 

the projected mean annual patterns in SCA of different elevation zones over the BRB under 570 

the SSP245 and SSP585 GHG emissions scenarios for period 2021-2050 (2030s).  A reduction 571 

in mean annual SCA of the basin was predicted and it was slightly lower under SSP585(-572 

0.58%) compared to SSP245 (-0.95%) (Table 7). However, the nature of change in mean 573 

annual SCA was not found identical for all the elevation zones. The model predicted an increase 574 

in mean annual SCA of the zones below 4000 m while decrease for the zones above 4000 m. 575 

Within the zones, the highest decrease in mean annual SCA was observed at the elevation zone 576 

of 5000-6000 m (1.29%) under SSP245. Likewise, a decrease in mean seasonal (pre-monsoon, 577 

post-monsoon and winter) SCA ranging from -0.3% to -1.2% and -0.6% to -1.2% was also 578 

predicted under SSP585 and SSP245 for the study period, respectively.  579 

Insert Figure 11 580 

 581 

Insert Table 7 582 

 583 

Moreover, a large inter-annual variability in mean annual SCA of different elevation zones was 584 

predicted under both the scenarios (Figure 12). From the interpretation of the Figure 11, it is 585 

evident that mean annual SCA would decline for elevation zones above 3000 m between 2021 586 

and 2050. The rate of decrease would be higher in the elevation zone of 5000-6000 m. Opposite 587 

to this, the zone of 2000-3000 m would record increase in the mean annual SCA, but it is not 588 

of a statistical significance due to its lower areal coverage (below 10% of the zone area). This 589 

difference in SCA reduction is attributed to the varied increase in projected temperature which 590 

under both scenarios is negatively correlated with SCA. The predicted SCA under both 591 

scenarios reveal similarity with the observed pattern of SCA derived from the MODIS. For 592 
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example, monthly patterns (averaged over period of 2021-2050) in SSP245 and SSP585 shows 593 

minimum SCA in July and is consistent with the MODIS SCA (Figure 5), which indicates that 594 

the change in SCA will be in line with the given scenarios in the future. 595 

Insert Figure 12 596 

 597 

The changes revealed in SCA during pre-monsoon and winter are in line with previous studies 598 

conducted over the western Himalaya. Tiwari et al. (2018) showed that snow amount would be 599 

less by about 30 to 40 mm (RCP4.5 scenario) and about 50 mm (RCP8.5 scenario) in February 600 

by the end of mid-century as compared to present climate. These seasonal transformations in 601 

snow cover can adversely influence the climate into a responsive system. In comparison to 602 

other natural land surfaces snow cover has a high reflectance capability with high proportion 603 

of the incoming solar radiation and a much higher albedo. Hence the decrease in the snow cover 604 

may increase amount of solar radiation absorbed by the surface thereby disturbing the region’s 605 

heat balance, leading changes in the hydrological cycle (Huntington, 2006).  606 

 607 

5.2 Implications of changes in SCA on water resources 608 

Snow cover is a vital source of water; any alteration in snow cover is likely to impact glaciers 609 

and affect the flow of rivers and their regime. Water stored in glaciers serves as a natural 610 

reservoir, discharging water into the Bhagirathi River and its tributaries during the ablation 611 

(May-September) period. The warming climate has not only caused changes in the temporal 612 

and spatial extent of SCA over the BRB, but also in snowpack and glacier melting, which has 613 

resulted in a decrease in length and surface area, volume and mass of glaciers. For example, 614 

Gangotri Glacier experienced a reduction of ~2.65±1.78 km2 in its area between 2000 and 2020 615 

(Figure 13). The snout of the glacier has retreated by 256±24.50 m during this period (Figure 616 

14). Bhambri et al. (2012) found that the glacier retreated by 819±14 m from its initial position 617 



27 
 

 

over the span of 41 years (1965-2006). Other glaciers of the catchment also have exhibited 618 

retreats in their snouts and area in recent decades, with the smaller glaciers being most 619 

vulnerable (Bhambri et al., 2011). 620 

 621 

The melting of glaciers is intrinsically related to seasonal climate variability and change. This 622 

could be explained from the results of trend analysis of temperature and precipitation, and 623 

pattern of river flows. The analysis of discharge data (2000, 2004, 2005, and 2016) collected 624 

during ablation period near the snout of the Gangotri Glacier revealed a decline in the flow of 625 

the Bhagirathi River. This attributes to the rise in seasonal (monsoon) temperature. The warmer 626 

monsoon temperature (1.6-2.0°C) accelerated glacier melting, thereby reducing the amount of 627 

river flow over the time periods. However, in future, most the models predict decrease in 628 

monsoon temperatures, but relatively higher increases are predicted during pre-monsoon and 629 

winter seasons. This may result in the earlier melting of glaciers and reduction in snow 630 

accumulation processes.  631 

Insert Figure 13 632 

 633 

Insert Figure 14 634 

 635 

6. Conclusions 636 

In this study, remote sensing datasets along with the latest CMIP6 climate change scenarios 637 

were used to assess the impact of projected changes in climate on the snow cover of Himalayan 638 

catchment and deducing its potential implications on the cryospheric water store of the basin. 639 

The study on correlation of SCA with climatic variables has revealed that SCA is more 640 

sensitive to temperature (Tmax and Tmin) change as compared to precipitation. The overall 641 

analysis of this research indicates that mean annual and seasonal (pre-monsoon, post-monsoon 642 
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and winter) SCA in the catchment would decrease in the 2030s under both the scenarios 643 

(SSP245 and SSP585) owing to the projected increase in temperatures (Tmax and Tmin) for 644 

the region. The decrease in mean annual SCA would be in range of -.58% (SSP585) to -0.95% 645 

(SSP245), however, it would be decreased by -0.35% to -0.64% during the pre-monsoon and -646 

1.22% to -1.21% during winter under SSP585 and SSP245, respectively. Further, the elevation 647 

zones above 4000 m would record decrease in their mean annual and seasonal snow cover area. 648 

Moreover, the projected rise in temperatures may cause early start in the melting of glaciers 649 

and affect the flow of rivers and their regime. This would directly have an effect on water 650 

accessibility, notably for hydro-power generation and irrigation. 651 

 652 

  653 
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