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Abstract
High Asian mountain water resources, which serve as a lifeline for downstream communities, are vulnerable to warmer 
future climates. Following the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP) 3b protocol, the future 
changes in the mean and extreme streamflow of the Jhelum River under the shared socioeconomic pathways (SSPs) of 
SSP1-2.6, SSP3-7.0, and SSP5-8.5 were quantified. For this, successful calibration and validation of the eco-hydrological 
Soil and Water Integrated Model (SWIM) against observed streamflow for 1999–2004 and 1994–1999, respectively was 
completed. Then, the SWIM was forced with bias-adjusted ISIMIP3b historical (1985–2014) and future (2016–2100) data-
sets. Climate change analysis suggests a warming of 0.9 ºC, 5.7 ºC, and 7.5 ºC per century under SSP1-2.6, SSP3-7.0, and 
SSP5-8.5, whereas substantial wetting of 329 mm, 665 mm, and 1258 mm per century under SSP1-2.6, SSP3-7.0, and 
SSP5-8.5, relative to the historical period. Seasonal temperature changes reveal that during the monsoon temperature 
increase was more pronounced specifically 5.78 ºC whereas precipitation also increased markedly 20.84% during the 
monsoon season for the far future climate under the high-end warming scenario of SSP5-8.5. Subsequently, the mean 
ensemble changes suggest an increase in low flows (89% in February) but a decrease in high flows (37% in June) under 
all SSP scenarios, more pronounced under the high-end warming scenario of SSP5-8.5. Further, the 30-year return level 
will decrease for the near-future (2016–2043), mid-future (2044–2071) and far-future (2072–2100) climates under SSP1-
2.6, ranging from −7.01% to −9.87%, under SSP3-7.0, ranging from − 7.22% to − 13.35%, and under SSP5-8.5, ranging 
from − 9.41% to − 26.60% for the ensemble of five models under consideration which imply a reduction in the likelihood 
or magnitude of extreme river flow events. The outcomes of this study will advance our knowledge of the discharge 
dynamics of the Jhelum River Basin under climate change, which will facilitate the better management of precious water 
resources.
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1  Introduction

On a global scale, during 1880–2012, the average temperature (land and ocean combined) increased by 0.85 °C [1]. 
This unprecedented global warming is anticipated to escalate in future projections under prominent Representative 
Concentration Pathway (RCP) scenarios. Global atmospheric changes have triggered unprecedented imbalances 
in the hydrological cycle [2, 3]. Considering current and projected warming trends, the global hydrological cycle is 
under great stress. For example, accelerated evapotranspiration rates caused by the rise in global temperature have 
significantly changed the precipitation dynamics worldwide [4]. Additionally, the changing global mean surface 
temperature trend and altered rainfall regimes are likely to persist over the coming century [5]. In addition to the 
changes in the global climate, local and regional climates are also deviating [6, 7]. For instance, several studies have 
reported increased temperatures over the Himalayan watersheds [8, 9]. Climate change is expected to significantly 
influence the timing and magnitude of river flows [10, 11].

Rivers are critical for meeting the world’s water needs. Specifically, for agrarian economies’ rivers play a crucial 
role in economic development. Humans are affected by variations in flow regimes in terms of water availability for 
industrial and domestic use, electricity production, and extreme flooding events. Additionally, information about 
the likely changes in the availability of water is crucial for sustainable development because the region’s countries 
already find it difficult to work together because of limited transboundary water resources. Conflicts may arise due 
to inefficient use and uneven distribution of water resources in the Himalayan watersheds. The impact of climate 
change on water resources is a major issue for future development. Therefore, monitoring and management of these 
precious water resources is crucial in a warming world.

The prediction of future changes especially in the transboundary basins becomes difficult due to the limited 
number of studies that have examined current and projected climate change and its effects on the water resources. 
Nevertheless, few studies have reported the impacts of climate change on the water resources of the transboundary 
Jhelum River Basin (JRB). For instance, Mahmood and Jia [12] assessed the water resources of JRB under the climate 
change scenarios of HadCM3 where they reported an increase of 10%–15% in the mean annual flow relative to the 
historical period at the end of the twenty-first century. Saddique et al. [13] explored the impact of climate change 
on the hydrological regimes of the JRB using the Soil and Water Assessment Tool (SWAT) and reported an increase in 
annual streamflow. Munawar et al. [14] studied the impact of climate change on streamflow in the JRB by utilizing 
the Statistical Downscaling Method (SDSM) method for RCP scenarios and found a 3.3–7.4% increase in discharge 
for 2100 relative to the baseline period. Azmat et al. [15] employed the Hydrological Modelling System (HEC-HMS) 
and the Snowmelt Runoff Model (SRM) to examine future climate and cryosphere impacts on the hydrology of the 
JRB and they reported that the average annual streamflows of the catchment are expected to increase by 28%, for 
RCP8.5 using HEC-HMS and by 26.3% for RCP8.5 using SRM, during 2090s. On the other hand, studies also reported 
a decrease in the future discharge for the JRB. For instance, Ahsan et al. [16] employed a SWAT model and reported 
a decrease in future discharge by 23–37% for RCP4.5 and 19–46% for RCP8.5. Another study by Rizwan et al. [17] 
employed the Integrated Flood Analysis System (IFAS) model and found a decrease of − 37% to − 43% in the annual 
average flow for the ensemble of General Circulation Models (GCMs) in the JRB. In light of future projections, climate 
change will significantly alter the hydrological regime of the JRB, requiring the implementation of adaptive water 
resource management practices.

The previous studies have problems regarding the consistency of the forcing datasets for impact assessment. For 
instance, different bias-correction and downscaling techniques were used and the climate-forcing datasets used 
were not trend-preserving. Such shortcomings of the datasets induce inconsistency and ultimately influence future 
projections. Against this backdrop, there is a need for a consistent approach to overcome these problems. Therefore, 
standardized, bias-adjusted climate-forcing datasets prepared under the protocol of the Inter-Sectoral Impact Model 
Intercomparison Project (ISIMIP) were utilized to conduct impact analysis. The ISIMIP offers a GCMs driven histori-
cal and future climate under ISIMIP3b employing a variety of GCMs and different emission scenarios, ranging from 
optimistic to business as usual.

Projections of climate change have been extensively studied using GCMs [18]. The GCM mathematically depicts 
the general circulation of a planet’s atmosphere or ocean [4]. The development of each GCM is based on its own set 
of assumptions and mathematical representations of the physical processes that shape the climate system, leading 
to a range of climate projections [19]. These models simulate changes in the climate based on potential future rates 
of greenhouse gas emissions. GCMs provide large-scale forecasts for several climatic variables, but their coarser 
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resolution makes it difficult to accurately determine climatic variables. Similarly, these GCM outputs cannot resolve 
fine-scale basin processes because of their coarse resolution [20, 21]. It is generally advised to use an ensemble 
technique of different GCMs rather than a single GCM to envisage the future climate because this strategy could 
manifest diverse scenarios [5, 22]. Different downscaling methods are frequently used to downscale projected GCM 
data to a fine resolution to solve this problem, but these methods also introduce systematic deviations. Downscal-
ing methods, such as Dynamical and Statistical techniques, are required to use GCM outputs at the basin scale. The 
dynamical downscaling method utilizes a fine-resolution and computationally intensive Regional Climate Model 
(RCM) that incorporates coarse-resolution GCM outputs to generate fine-resolution data useful for analyzing basin-
scale dynamics. In contrast, statistical downscaling techniques create computationally efficient statistical relation-
ships between the observed fine-scale variables and coarse GCM scale variables to estimate fine-scale future climate.

To outline the future vulnerability thresholds for society and ecosystems, impact models that can accurately 
interpret climate change signals are relevant for making efficient decisions. Impact models provide information that 
aids decision-makers and policymakers in creating long-term adaptation plans that are apposite to uncertain future 
conditions [23]. Therefore, the Soil and Water Integrated Model (SWIM) was employed in this research to unfold the 
discharge dynamics of the JRB under various climate change scenarios. To the best of our knowledge, no research 
has been conducted to determine how climate change may affect water resources in the JRB using the SWIM. This 
study is of great significance due to the highly dynamic and shifting climate of the Jhelum River Basin, where water 
resources are increasingly threatened by climate change. Even small changes in the region’s hydroclimatology could 
have severe consequences, as the Jhelum River and its tributaries depend heavily on the seasonal temperature and 
precipitation fluctuations for their streamflow. Additionally, with the help of this study, concerned authorities may be 
able to manage better and allocate precious water resources by making their management strategies more efficient 
in mitigating the future impacts of climate change.

2 � Study area

Jhelum River is the major tributary of the main Indus River. Its catchment area is located between 73 and 75.62 ºE and 
33–35 ºN (Fig. 1). Most of the basin area is on a moderate to steep slope. The mountains in the north are permanently 
covered with snow [13, 24]. The elevation ranges from 232 to 6285 m above sea level [25]. The basin hosts a wide variety 
of vegetation species, including subtropical conifer forests, alpine meadows, grassland, and agricultural fields. It contains 
two major soil groups: cambisols and leptosols [12]. Leptosols are very narrow soils over a hard rock or deeper soil that is 
extremely gravelly, whereas cambisols are young with barely any noticeable soil formation. The details of the land cover 
and soil types are shown in Figure S1 and Tables (S1-S2) of the supplementary material.

The basin’s average annual maximum temperature is 30.8 °C, while the average annual minimum temperature is 
0.3 °C [13]. The station with the lowest average air temperature in the basin is Naran, where the wintertime low is below 
0 °C and the summertime high is only 16 °C [13]. The two seasonal precipitation regimes that dominate the basin’s 
precipitation dynamics are the monsoons in the summer and western disturbances in the winter [26]. Between 1961 
and 2012, the basin’s mean annual precipitation was 1196 mm [27]. The winter season accounts for nearly 38% of the 
mean annual rainfall, with the summer season accounting for the remaining 62% [15]. Approximately 65% of the basin’s 
surface is covered in snow during the winter and only 3% of it is by the end of summer [15] whereas about 1% of the 
basin is covered by glaciers [28].

The Jhelum River is contributed by three major tributaries Kunhar, Neelum, and Poonch. The Great Himalayas’ southern 
slope and the Pir Punjal Mountains’ northern slopes are drained by the Jhelum River and its main tributaries, the Kunhar 
and Neelum. Another important tributary, the Kanshi River directly joins the Jhelum River at Mangla Lake. According 
to the observations made between 1976 and 2005, the annual mean runoff of JRB at Azad Pattan is 833 m3s−1. In June, 
Azad Pattan experienced its 1741 m3s−1 maximum discharge, while the minimum discharge of 223 m3s−1 occurred in 
January [13]. The JRB receives significant runoff contributions from snowmelt but negligible from glacier melt during 
spring and early summer (April to mid-June), while monsoon precipitation makes a significant contribution during sum-
mer and early autumn (end of June to September). The basin ultimately drains into the country’s second-largest Mangla 
reservoir, constructed in 1967 with a gross capacity of 7.29 km3 [15]. The reservoir receives more than 75% of its total 
water supplies during the high flow period of March to August [29]. The Mangla Reservoir irrigates six million hectares 
of agricultural land [30] and contributes 6% of the nation’s hydropower production.
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3 � Materials and methods

3.1 � Datasets

3.1.1 � Hydro‑climatic data

The climate input datasets from the ISIMIP framework were obtained, which under its 3b protocol provides the bias-
adjusted CMIP6 experiments for the historical period and for three future scenarios of SSP1-2.6 (SSP1-RCP2.6), SSP3-
7.0 (SSP3-RCP7), and SSP5-8.5 (SSP5-RCP8.5) at 0.5° spatial and daily temporal resolutions. These datasets are prepared 
by adjusting biases and statistically downscaling experiments from five CMIP6 ESMs (GFDL-ESM4, IPSL-CM6A-LR, 
MPI-ESM1-2-HR, MRI-ESM2-0, and UKESM1-0-LL) against the W5E5v2.0 observational dataset using ISIMIP3BASD 
v2.5.0 algorithm [31–34]. To calibrate and validate the SWIM model, the observed Jhelum river discharges at the Azad 
Patan gauge were obtained from the Surface Water Hydrology Project (SWHP) of the Water and Power Development 
Authority (WAPDA), Pakistan for the 1994–2004 period. Table 1 shows the summary of the hydro-climatic datasets 
that were employed in this study.

3.1.2 � Geospatial data

To define the Jhelum watershed up to the Azad Pattan gauging site, analyze its topographical features, and examine 
drainage patterns, the Shuttle Radar Topography Mission (SRTM) Digital Elevation Model (DEM) (https://​earth​explo​

Fig. 1   Study area of the transboundary Jhelum River Basin, western Himalaya

https://earthexplorer.usgs.gov/
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rer.​usgs.​gov/) was obtained from the United States Geological Survey [35]. The soil distribution was obtained from 
the United Nations Harmonized World Soil Database (HWSD) of the Food and Agriculture Organization (FAO). The 
HWSD is a raster dataset with 30 arc seconds that contains more than 15,000 unique soil mapping units [36]. The 
land use and land cover features were extracted from the GlobCover global land cover map for 2009, prepared at a 
300-m planar resolution based on imagery from the MERIS sensor on board the ENVISAT satellite [37]. The GlobCover 
land use classification was translated to 15 land cover classes used by the SWIM. Glacier ice thickness data was taken 
from the Randolph Glacier Inventory version 6.0 [38] prepared by Farinotti et al. [39].

3.1.3 � Shared socioeconomic pathways

The SSPs manifest five distinct global states (SSP1–5) with noticeably different socioeconomic circumstances [40, 41]. Fol-
lowing the ISIMIP3b protocol, the study analyzes projections of the Jhelum streamflow only under SSP1-2.6, SSP3-7.0, and 
SSP5-8.5. The SSP1 is a sustainability scenario that depicts a sustainable world where mitigating and adapting to climate 
change is manageable due to low-income countries’ swift economic growth, reduced disparity, fast technological signs 
of progress, and extensive consciousness of ecological degradation. Additionally, included in the scenario are effective 
technologies for agricultural land that increase yield. The SSP3, a fragmentation scenario, characterizes situations where 
it is cumbersome to mitigate and adapt to climate change due to extreme poverty and a quickly expanding population. 
The environment is seriously demeaning, and technological advancement in the energy sector is lethargic. The utiliza-
tion of local energy resources is improved by the limited synchronization between regions. The SSP5 corresponds to 
conventional development, in which adaptation is made simple by robust economic growth, but mitigating climate 
change impacts would be challenging due to the supremacy of fossil fuels in the energy system. The agroecosystems 
will be well-managed and benefit from the agricultural industry’s rapid technological development. According to the 
RCP scenarios, RCP2.6 is an optimistic pathway in which CO2 emissions start to decline by 2020 and reach zero by 2100. 
RCP8.5 is considered a worst-case scenario where emissions continue to increase throughout the twenty-first century. 
The SSP1-2.6 scenario, an update of RCP version (2.6 Wm−2), is associated with the Paris Agreement, which aims to limit 
global warming to 2.0 °C by 2100. The SSP3-7.0 is a newly introduced scenario to narrow down the gap between RCP6.0 
and RCP8.5 and in this scenario, the total radiative forcing is predicted to increase to roughly 7.0 Wm−2 [42]. In SSP5–8.5, 
the levels of radiative forcing are predicted to increase to roughly 8.5 Wm−2 by the year 2100.

3.2 � Methodology

The methodological framework of the study is shown in Fig. 2. The eco-hydrological model SWIM was set up for the JRB 
up to the Azad Pattan discharge gauging site. The model has been validated for the hydrological years of October 1994 
to September 1999 after being calibrated for the hydrological years of October 1999 to September 2004. The validated 
model was run for the historical (1985–2014) and future (2016–2100) climates. The future climate inputs provided by the 
ISIMIP-3b are derived from five ESMs for three SSP scenarios (SSP1-2.6, SSP3-7.0, and SSP5-8.5). For each scenario and 
ESM, the temperature, precipitation, and streamflow changes were evaluated for the near-future (2016–2043), mid-future 
(2044–2071), and far-future (2072–2100) climates relative to the historical climate.

A nonparametric Mann–Kendall (MK) test was applied to identify trends [43, 44] and utilized the Theil-Sen method 
to estimate the trend slope [45, 46]. These approaches do not necessitate normal distribution of time series data 
[47] and are robust against missing values, outliers, and discontinuities [48]. The MK test is commonly employed for 

Table 1   Summary of the 
hydro-climatic datasets

Dataset Data Source Data Type Resolution Time Span

Historical Future

GFDL-ESM4 ISIMIP3b Simulated Climate 0.5º Daily 1985–2014 2016–2100
IPSL-CM6A-LR ISIMIP3b Simulated Climate 0.5º Daily 1985–2014 2016–2100
MPI-ESM1-2-HR ISIMIP3b Simulated Climate 0.5º Daily 1985–2014 2016–2100
MRI-ESM2-0 ISIMIP3b Simulated Climate 0.5º Daily 1985–2014 2016–2100
UKESM1-0-LL ISIMIP3b Simulated Climate 0.5º Daily 1985–2014 2016–2100
W5E5v2.0 ISIMIP Observed Climate 0.5º Daily 1994–2004
Jhelum at Azad Pattan WAPDA Observed Discharge Daily 1994–2004

https://earthexplorer.usgs.gov/
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detecting monotonic trends in hydrometeorological time series, as extensively discussed in various studies [49, 50]. 
To mitigate the impact of serial dependence in naturally observed time series, a modified version of the MK test was 
utilized. This modification involves pre-whitening the time series for autoregressive processes before assessing a 
trend [49, 51].

3.2.1 � Hydrological modelling

The SWIM offers a GIS-based tool for the coupled modeling of hydrology, vegetation, and water quality that can be 
parameterized using locally accessible data. The model can thus be employed to analyze how changes in land use 
and climate impact regionally scaled changes in water quality, agricultural yield, and hydrological processes [99]. 
The water balance equation forms the basis of the hydrological module, which incorporates precipitation, evapo-
transpiration, percolation, surface runoff, and subsurface runoff for the soil profile spanning over several layers. The 
SWIM employs a three-level disaggregation scheme like MATSALU [100], which assumes basins, sub-basins, and 
hydrotopes inside of sub-basins. A basin is first divided into sub-basins with sizeable areas, and further into hydro-
topes or Hydrologic Response Units (HRUs), which are defined by particular soil type and land use and are assumed 
to behave hydrologically uniformly throughout the sub-basin. As meteorological input data, the SWIM uses daily 
precipitation, average, minimum, and maximum temperatures, solar radiation, and relative humidity.

3.2.2 � Model performance metrics

The Percent Bias (PBIAS), Nash–Sutcliffe Efficiency (NSE), coefficient of determination (R2), Root Mean Squared Error 
(RMSE), Volumetric Efficiency (VE), and Mean Error were used to evaluate the SWIM performance against observed 
discharges. The value of R2 ranges from zero to one, with one indicating a perfect fit and zero indicating a poor fit. 
The NSE ranges from minus infinity to one quantifies how closely the observed discharges match the simulated dis-
charges. Percent Bias has an ideal value of zero, whereas low PBIAS manifests good model simulation. Positive values 
of PBIAS indicate model underestimation, whereas negative values suggest model overestimation. Lower values of 
RMSE indicate good model fit. The value of VE ranges between zero and one. For the daily simulated flows, Moriasi 
et al. [52] considered the performance of the watershed-scale model to be “satisfactory” if the conditions of R2 > 0.60, 
NSE > 0.50, and PBIAS <  ± 15% are satisfied. As shown in Table 2, four performance evaluation classes based on R2, 
NSE, and PBIAS were considered.

Fig. 2   Methodological frame-
work of the present study
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3.2.3 � Mean changes

First, the focus was on the variation of the mean annual and seasonal changes in temperature, precipitation, and flows for 
the historical and future periods. Seasonal scale changes in streamflow were analyzed according to the seasons defined 
as MS: Monsoon (JAS), SA: Snow Accumulation (ONDJF), and SM: Snow Melt (MAMJ). Furthermore, the distribution of 
the aforementioned variables in terms of the annual cycle was studied. The emergence of temperature, precipitation, 
and flows relative to the baseline period was also analyzed. Moreover, the Gini coefficient (GC) was computed to inves-
tigate the distribution of annual flows. The MK test was applied to study the trends of historical and future mean annual 
temperature and discharge along with the total annual precipitation. Moreover, the MK test was also applied to assess 
the variation of historical and future flows in terms of GC.

3.2.3.1  Emergence of  temperature, precipitation, and  discharge  Anthropogenic influences are leading to a warming 
Earth, altering the temperature, precipitation, and discharge patterns. These changes become most relevant when a 
new climate emerges, differing significantly from an undisturbed or a given baseline state. Determining when changes 
emerge is crucial for informing the development of adaptation and mitigation strategies [53, 54]. Past efforts to deter-
mine the emergence have primarily focused on mean temperature and precipitation [55–58]. Nevertheless, few studies 
have also focused on the emergence of river discharges. John et al. [59] analyzed the time of emergence of climate-
induced variations in river discharge across Australia. Muelchi et al. [60] analyzed variation in runoff regimes and their 
time of emergence for 93 catchments in Switzerland. Here we investigate the emergence to determine the year when 
change signals in hydroclimatic timeseries become detectable. The change signal is considered to have emerged when 
it departs beyond the mean plus (or minus) standard deviation of the baseline period on a 31-year running mean time-
series within the 1985–2100 period.

3.2.3.2  Gini Coefficient  The GC is a widely used measure for quantifying distribution. It was originally employed to assess 
income inequality among households in economics and has been used in ecological and biological studies to evaluate 
inequality in the size distribution among individuals. Jawitz and Mitchell [61] utilized the GC to analyze hydrological 
inequality. The GC was computed to quantitatively assess future changes in annual streamflow inequality following:

Here, xk represents the value, and rk denotes its rank in descending order. The highest value xk is assigned a rank of rk
=1, the second-highest as rk=2, and so forth. When applied to daily streamflow, a GC value of one indicates that a single 
day contributed to the yearly streamflow, while a value of zero signifies a uniform distribution. In this study, the GC is 
computed for yearly daily streamflow values, covering the period 1985–2100.

3.2.4 � Extreme changes

Secondly, to investigate the extremes, the Gumbel distribution was used in this study to analyze changes in flood 
levels induced by climate change [62, 63]. The annual maximum discharges were fitted using the Gumbel distri-
bution, and changes in the 30-year flood levels were estimated. The location parameter and the scale parameter 
serve as the two defining characteristics of the Gumbel distribution. By using a block-maximum strategy, the peak 

G = 1 +
1

n
−

2
∑

k
rkxk

n
∑

k
xk

Table 2   Summary of the 
flow performance evaluation 
criteria for the daily temporal 
scale, Moriasi et al. [52]

R2 refers to the coefficient of determination, NSE refers to Nash–Sutcliffe Efficiency, and PBIAS is the Per-
centage Bias

Performance Evaluation Criteria

Measure Very Good Good Satisfactory Unsatisfactory

R2 R2 > 0.85 0.75 < R2 ≤ 0.85 0.60 < R2 ≤ 0.75 R2 ≤ 0.60
NSE NSE > 0.80 0.70 < NSE ≤ 0.80 0.50 < NSE ≤ 0.70 NSE ≤ 0.50
PBIAS PBIAS <  ± 5  ± 5 ≤ PBIAS <  ± 10  ± 10 ≤ PBIAS <  ± 15 PBIAS ≥  ± 15
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flow event for each year was chosen. Gumbel’s probability distribution is frequently used in extreme value theory 
for analyses of flood frequency to assess the impact of climate change on floods [64, 65]. Moreover, the changes in 
low, medium, and high flows in terms of 10th, 25th, 50th, 75th, and 90th percentiles (P10, P25, P50, P75, and P90) 
were quantified. The MK test was applied to analyze the trends of low, medium, and high flows.

4 � Results

4.1 � SWIM calibration and validation

The observed and simulated daily streamflow along with observed precipitation (W5E5v2.0) during the calibration 
and validation period is shown in Fig. 3. The sensitive SWIM parameters were tuned to produce the best possible 
agreement between the simulated and observed discharge. The model parameters finalized during the calibration 
period were used to simulate the discharge during the validation period. The results of the model evaluation criteria 
are shown in Table 3. The values of NSE and R2 during the calibration were 0.83 and 0.84 respectively while during 
the validation period, NSE and R2 were 0.73 and 0.75 respectively. The underestimation of the high flows and over-
estimation of the low flows was also observed during the calibration and validation periods. The validation period 
manifests high peaks owing to the heavy precipitation while during the calibration period, a prolonged dry spell 
was observed with relatively low peaks. According to the model performance criteria defined by Moriasi et al. [52], 
the overall outcome of the model simulation was classified as good. Hence, it indicates that SWIM can efficiently 
generate the simulated discharge with reasonable accuracy.

Fig. 3   Comparison of daily 
observed and simulated 
discharges for the calibra-
tion (1999–2004), validation 
(1994–1999), and overall 
(1994–2004) periods

Table 3   SWIM calibration and 
validation statistics

NSE (Nash–Sutcliffe Efficiency), PBIAS (Percent Bias), VE (Volumetric Efficiency), ME (Mean Error), R2 (Coef-
ficient of Determination), RMSE (Root Mean Square Error)

Basin Procedure Period (Oct-Sep) NSE PBIAS VE ME R2 RMSE (m3s−1) Overall 
(Moriasi 
et al.52   )

Jhelum Calibration 1999–2004 0.83 − 0.50 0.76 − 3.02 0.84 206.08 Very Good
Validation 1994–1999 0.73 − 5.40 0.71 − 47.97 0.75 379.24 Good
Overall 1994–2004 0.78 − 3.30 0.73 − 24.75 0.78 305.12 Good
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4.2 � Mean changes

4.2.1 � Future temperature, precipitation, and discharge projections

The projected increase in mean temperature is more pronounced under the high-end warming scenarios of SSP3-7.0 
(0.057 ºC/year) and SSP5-8.5 (0.075 ºC/year), Fig. 4a. For all three future climates under SSP1-2.6, SSP3-7.0, and SSP5-
8.5 scenarios, the monthly mean temperatures were projected to be higher than the historical period (1985–2014) 
shown in Fig. 4d. The projected increase in the mean temperature is in line with the study conducted by Munawar 
et al. [14] where they reported an increase of 1.5 to 3.8 °C relative to the reference period. Overall, the temperature 
increase is projected to be more pronounced for the high-end warming scenario of SSP5-8.5. The ensemble Tmean 
was projected to increase between 1.01 and 5.46 ºC as shown in Table 4. Following the three SSP scenarios, Fig. 5a 
manifests the ensemble mean (intermodel mean of five ESMs) change in the monthly mean temperatures for the 
three future periods relative to the historical period. In September compared to the other months, the variation in 
Tmean was higher specifically for the high-end warming scenarios.

Figure 4b shows the ESMs precipitation projections for the three future periods under the three SSP scenarios. In 
all scenarios, a rising trend was observed. Under SSP5-8.5, the increment was higher than it was under SSP3-7.0 and 

Fig. 4   Annual Historical and future (a) mean temperature and (b) total precipitation and (c) mean discharge trends under SSP1-2.6, SSP3-
7.0, and SSP5-8.5 in the JRB. Long-term variation of (d) temperature (e) precipitation and (f) discharge under SSP1-2.6, SSP3-7.0, and SSP5-
8.5 during the three future climates relative to the historical period. Note: The shaded background region indicates the model spread 
(Standard Deviation)
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Fig. 5   Long-term monthly 
change in (a) Tmean (ºC) 
(b) precipitation (%) and (c) 
discharge (%) relative to the 
historical period (1985–2014)
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SSP1-2.6. With a p-value less than 0.05 at the 95% confidence interval, the modified Mann–Kendall test revealed a 
significant rising trend in precipitation for the SSP5-8.5 scenario. With the Thiel-Sen slope estimator, SSP5-8.5 showed 
an increasing slope of 12.58 mm/year. According to the SSP1-2.6, SSP3-7.0, and SSP5-8.5 scenarios, Table 4 shows 
the projected change in precipitation for the three future climates relative to the historical period. According to the 
GFDL model, the precipitation is projected to decrease under high-end warming scenarios of SSP3-7.0 and SSP5-8.5 
for all three future climates, ranging between −2.23 to −5.62% under SSP3-7.0 and − 4.60 to − 6.22% under SSP5-8.5. 
The ensemble mean data projected that precipitation would rise throughout the study period from 2.08 to 5.34% 
under SSP1-2.6, 5.44 to 9.74% under SSP3-7.0, and 1.89 to 10.03% under SSP5-8.5. The highest variation in future 
precipitation relative to the historical period was projected by UKESM out of the five ESMs, specifically 26.02% and 
21.47% for the high-end warming scenarios of SSP3-7.0 and SSP5-8.5 respectively. The variation of long-term monthly 
precipitation relative to the historical period is shown in Fig. 4e. Two distinct precipitation peaks were observed during 
March and July [70]. The summer monsoon (June–July–August–September), which results from southwestern winds 
from the Bay of Bengal and the Arabian Sea, causes the peak in July while the Western Disturbances (WDs) system 
in the winter is responsible for the other peak in March. Furthermore, the annual cycles of rain (liquid precipitation) 
and snow (solid precipitation) for the historical and future periods are shown in the supplementary material (Figure 
S2). Figure 5b manifests the ensemble mean change in the monthly precipitation for the three future periods under 
three different SSP scenarios. Precipitation was projected to decrease in February (−8 to −6%) and March (−7 to −1%) 
while increasing in May (14 to 24%), June (14 to 33%), July (7 to 21%), and October (10 to 39%) for all future climates 
under the high-end warming scenario of SSP5-8.5. In August and September, precipitation was also projected to 
increase except for a slight decrease of −1% in the near future under the SSP5-8.5 scenario.

Figure 4c shows the ESM annual mean discharge variations for the historical and three future periods under the three 
SSP scenarios. No significant rising or falling trend was observed for the annual mean future discharge projections under 
all climate change scenarios. However, we found significant rising and falling trends in the yearly mean discharge of 
snow accumulation and monsoon season respectively, under the high-end warming scenarios of SSP3-7.0 and SSP5-8.5 
(Figure S3). The annual cycles of historical (1985–2014), and projected (2016–2100) discharges for three 21st-century 
climates under three different SSP scenarios are shown in Fig. 4f. All SSPs project a peak discharge during May and this 
peak shift towards April for the far-future climate under the high-end warming scenarios of SSP3-7.0 and SSP5-8.5. This 
shift in peak discharge is primarily attributable to the earlier snowmelt [15, 72]. All the models under consideration show 
no change in the timing of the peak discharge under the SSP1, SSP3, and SSP5 scenarios for the near-future climate. The 
catchments at high elevations are particularly vulnerable to changes in the timing of runoff generation [73]. Overall, a 
decrease in the magnitude of the peak discharge is observed for all the future climates relative to the historical period, 
where such a decrease is more pronounced for the high-end warming scenarios.

An overall decrease in the discharge is observed for all the future climates under the high-end warming scenario 
(SSP5-8.5) except for the discharge obtained via MPI-ESM and UKESM. Also, the near and far future climates of MRI under 
SSP5-8.5 show an increase in the discharge. Specifically, for the Intermodel ensemble mean, the discharge will reduce by 
−0.16% and −2.64% in the near and mid-future respectively, under SSP5, Table 4. The near, mid, and far future climates of 
MPI-ESM show an increase in discharge for all three SSP scenarios, notably, 20.58% in the near future and 15.89% in the 
far future under SSP3-7.0. Likewise, 19.11% in the mid-future under SSP1-2.6. The UKESM projects a rise in the discharge 
by 2.44, 5.16, and 13.34% in the near, mid, and far future respectively, under SSP5-8.5.

The comparison between the projected discharge for each month of the future period relative to the historical periods 
under SSP1-2.6, SSP3-7.0, and SSP5-8.5 is shown in Fig. 5c. It is worth noting that the projected discharge continues to 
increase during the 7 months, specifically, from January to April and October to December under all the SSP scenarios. 
Contrarily, under all the SSP scenarios, the projected stream flow mostly decreases during the remaining 5 months, 
explicitly, from May to September. Hence, the flows during the wet (summer) and dry (winter) periods are projected to 
decrease and increase respectively relative to the historical period. The likelihood of increased streamflow in the winter 
and spring is associated with increased winter temperatures [75]. The decrease in future discharge relative to the historical 
period despite the increase in precipitation during monsoon is mainly attributed to the increase in evapotranspiration. 
During monsoon, the rate of increase in potential evapotranspiration is higher than the rate of increase in precipitation, 
implying a decline in future water availability (Figure S4). Secondly, due to the temperature rise, there is a phase change 
in precipitation (from snow to rain) during the winter months [76]. This shift from solid to more liquid precipitation leads 
to less snow accumulation in the future relative to the historical period. More rain (liquid precipitation) during winter 
leads to an increase in future winter discharge relative to the historical period. The percentage change in future snow and 
rain relative to the historical period under climate change scenarios for the snow accumulation season (ONDJF) is shown 
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in the supplementary material (Figure S5). The reduction in future snow accumulation and earlier snowmelt due to the 
rise in temperature leads to decreased water availability in monsoon months [77]. Owing to the less snow accumulation 
during winter the snowpacks are diminishing therefore a significant decrease in the annual mean snow area and depth 
was observed for the historical and three future periods under all SSP scenarios (Figure S6).

During the winter and summer months, February shows the maximum increase and June shows the maximum 
decrease in the discharge respectively under all SSP scenarios. Specifically, 89% increase during February and a 37% 
decrease during June for the far-future climate under the SSP5-8.5 scenario. In Fig. 5c, it is evident that most of the per-
centage changes in the mean monthly projected discharge are more pronounced under SSP5-8.5 relative to the low-end 

Fig. 6   Seasonal changes in the Jhelum River Basin’s (a) Mean temperature, (b) Precipitation, and (c) Mean discharge for future climates 
under SSP1-2.6, SSP3-7.0, and SSP5-8.5. Note: Seasons are defined as (SA: Snow Accumulation; SM: Snow Melt; MS: Monsoon)
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warming scenarios of SSP1-2.6 and SSP3-7.0. The far future period under SSP3-7.0 and SSP5-8.5 manifests more significant 
flow alterations relative to the near and mid-future climates.

Seasonal variations of temperature, precipitation, and discharge relative to the historical period are shown in Fig. 6. 
The seasonal analysis revealed that mean temperature across all seasons notably increased relative to the historical 
period. This warming trend persists consistently in the near, mid, and far-future projections. Under various climate change 
scenarios, the observed temperature increase is particularly pronounced, for high-end warming scenarios (SSP3-7.0 and 
SSP5-8.5). Specifically, temperature increase under the SSP5-8.5 scenario is more pronounced during the MS season fol-
lowed by SA and SM seasons for the mid and far-future climates. In the near future precipitation will increase during the 
MS and SM seasons while decreasing during the SA season under all SSP scenarios. The reduced precipitation during 
the SA season is attributed to the reduction in snowfall. During the mid and far-future climates, precipitation increased 
during all seasons except during SA for the far-future climate under SSP1-2.6 relative to the historical period. The increase 
was most noticeable for the far-future climate under high-end warming scenarios. The future discharge dynamics show 
an increase in flows during the SA season a decrease during the MS season (except for the near future under the SSP3-
7.0 scenario) and a mixed pattern of increase and decrease during the SM season. The highest increase and decrease are 
during SA and MS seasons for the far future climate under the SSP5-8.5 scenario respectively.

Under all SSP scenarios, the simulated flows during the SA period are projected to increase for the majority of future 
climates, except for the few cases of GFDL (SSP1-2.6 mid-future, SSP3-7.0 near future, and SSP5-8.5 near future) and MRI 
(SSP1-2.6 mid-future and far-future). Specifically, SA ensemble mean discharge is projected to increase by 7.86–13.83% 
under SSP1-2.6, 12.47–38.39% under SSP3-7.0, and 7.48–47.75% under SSP5-8.5 throughout the future period. In con-
trast, the SM flows are projected to decrease for the far-future climates under the SSP5-8.5 scenario, except for the MPI 
and UKESM. Specifically, the ensemble mean SM flows are anticipated to decrease by − 0.79% for the near future under 
SSP1-2.6, − 0.94% for the far future under SSP3-7.0, and − 8.30% under SSP5-8.5 for the far-future climate. Under the 
SSP5-8.5 scenario, variations in MS discharge volumes manifest a decrease. The vicissitudes in the ensemble mean MS 
flows are projected to vary between − 7.78 to − 3.44% under SSP1-2.6, from − 11.27 to 1.09% under SSP3-7.0, and from 
− 15.74 to − 5.05% under SSP5-8.5. The summary of the projected changes in seasonal temperature, precipitation, and 
discharge for individual models are shown in (Tables S3-S5) of the Supplementary Material.

4.2.2 � Temperature, precipitation, and discharge emergence

First, the mean and standard deviation of the reference period (1985–2014) was calculated. Subsequently, a 31-year 
moving average spanning from 1985 to 2100 was computed. Remarkably, by 2025, the temperature (9.31 ºC) surpassed 
the mean plus one standard deviation (9.27 ºC) of the reference period as shown in Fig. 7a. This pivotal event signals a 
notable deviation from the historical temperature patterns, indicating a potential shift in climatic trends. The emergence 
of mean temperature beyond this threshold in 2025 under the high-end warming scenario of SSP5-8.5 underscores 
the significance of ongoing climate changes. Such an emergence of temperature could accelerate snowmelt and alter 

Fig. 7   Future emergence of (a) temperature (b) precipitation, and (c) discharge relative to the historical period under the SSP5-8.5 scenario
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precipitation patterns, impacting the timing and volume of streamflow. Secondly, rising temperatures may reduce snow-
pack accumulation or accelerate melting, affecting the availability of water for downstream flow. Moreover, Increased 
temperatures can intensify evaporation rates, potentially leading to decreased water availability. Similarly, precipitation 
emergence was also computed considering the same reference and future periods. We found that the precipitation 
(1481.91 mm) emerged by 2092 relative to the reference data (1480.68 mm), Fig. 7b. Figure 7c shows the emergence 
of low (P10 and P25) and high (P75 and P90) flows under the SSP5-8.5 scenario. The low flows are projected to increase 
relative to the historical period and we found that P10 emerged earlier (2061) than P25 (2069). On the contrary, projec-
tions indicate a decrease in high flows compared to the historical period, and our findings reveal that P75 emerged 
earlier in 2078 than P90, which emerged in 2096. Leng et al. [85] investigated the emergence of hydrological variations 
in surface water resources across the conterminous United States in response to future warming. A study conducted in 
the Hanjiang River watershed used climate model ensembles to analyze the timing of climate change emergence from 
internal variability for hydrological impact studies [86].

4.2.3 � Gini coefficient

The GC analysis revealed a decreasing trend for the streamflow under all future scenarios relative to the historical period 
as shown in Fig. 8. The yearly daily flows during the historical period were more concentrated during the high flow 
periods and less during the low flow periods which resulted in an unequal distribution of flows. In contrast, during the 
future periods, a reduction in the high flows during the summer months was observed while an increase in the low 
flows during the winter months. Such a future pattern of streamflow distribution results in lower values of GC resulting 
in a comparatively equal distribution of flows. The lower values of GC are more pronounced for the high-end warming 
scenario of SSP5-8.5. Similarly, Ye et al. [87] applied the Mann–Kendall test and reported a declining trend in GC across 
six Karst watersheds. The GC, allows us to investigate the pattern of intra-annual variability in river discharge [87]. In a 
recent study, Kuntla et al. [88] used an observational streamflow dataset and GC to investigate the spatiotemporal vari-
ations in streamflow inequality.

4.3 � Extreme changes

4.3.1 � Flood frequency analysis

Analyses of flood frequency were conducted using the simulated discharge. The projected changes in flood return 
periods up to 100 years and the 30-year flood levels are presented in Fig. 9 and Table 5. All the models for the mid and 
far-future climates under SSP1-2.6, except for the MPI-ESM1-2-HR and MRI-ESM2-0 (mid-future), show a decrease in 
30-year flood levels ranging from − 13.15% to − 1.53%. Future projections under SSP3-7.0 also show a mixed pattern of 
increases and decreases in the 30-year flood levels with the highest increase and decrease of 6.39% for the near future 
climate of MPI-ESM1-2-HR and − 24.75% for the far future climate of GFDL-ESM4, respectively. The models manifest more 
pronounced projected changes in the 30-year flood levels under the high-end warming scenario of SSP5, specifically, 

Fig. 8   Future variation of the 
Gini coefficient relative to 
the historical period under 
climate change scenarios
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a decrease of − 26.51% and an increase of 9.69% for the mid-future climate of GFDL-ESM4 and near-future climate of 
MRI-ESM2-0, respectively.

4.3.2 � Variation of extreme flows

For three future climates, the projected changes in the low, medium, and high flows relative to the historical period 
under the SSP scenarios are shown in Table 6. The Inter-model Ensemble’s low flows (P10) will increase in near, mid, 
and far future climates under all SSP scenarios. In contrast, the high flows (P90) are projected to decrease throughout 
the twenty-first century under all SSP scenarios, except for the near-future climate under SSP3-7.0 and the mid-future 
climate under SSP1-2.6. The aforementioned decrement is more pronounced under the high-end warming scenarios 
of SSPs. Specifically, for the high flows (P90), a decrement of − 18.6% is projected for the far-future climate followed by 
− 12.4% for the mid-future climate and − 4.8% for the near-future climate under SSP5-8.5. An increase of 16.9%—54.8% 

Fig. 9   Flood frequency curves of simulated discharge rates for three future periods relative to the historical period under SSP1-2.6, SSP3-7.0, 
and SSP5-8.5 based on the Gumbel distribution fit to the annual maxima

Table 5   Projected changes in the 30-year flood levels based on the Gumbel distribution fit to the annual maxima

Percentage change of more than ± 15% is shown in bold italic

Scenarios Datasets Historical (m3/s) Near (m3/s) Mid (m3/s) Far (m3/s) Near-Diff (%) Mid-Diff (%) Far-Diff (%)

SSP1-2.6 GFDL 3588 3327 3232 3533 − 7.27 − 9.92 − 1.53
IPSL 3245 3485 3017 3033 7.40 − 7.03 − 6.53
MPI 4070 4292 4824 4259 5.45 18.53 4.64
MRI 3705 3887 3707 3263 4.91 0.05 − 11.93
UKESM 4144 3760 3599 3849 − 9.27 − 13.15 − 7.12
Ensemble 2868 2589 2667 2585 − 9.73 − 7.01 − 9.87

SSP3-7.0 GFDL 3588 3043 2863 2700 − 15.19 − 20.21 − 24.75
IPSL 3245 2929 3396 3399 − 9.74 4.65 4.75
MPI 4070 4330 4205 4268 6.39 3.32 4.86
MRI 3705 3283 3715 3690 − 11.39 0.27 − 0.40
UKESM 4144 3888 4277 3939 − 6.18 3.21 − 4.95
Ensemble 2868 2661 2516 2485 − 7.22 − 12.27 − 13.35

SSP5-8.5 GFDL 3588 3309 2637 2789 − 7.78 − 26.51 − 22.27
IPSL 3245 3018 3076 3300 − 7.00 − 5.21 1.69
MPI 4070 4434 3221 3414 8.94 − 20.86 − 16.12
MRI 3705 4064 3388 3373 9.69 − 8.56 − 8.96
UKESM 4144 3675 3648 3400 − 11.32 − 11.97 − 17.95
Ensemble 2868 2598 2291 2105 − 9.41 − 20.12 − 26.60
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and 3.4%—15.1% in low (P10 and P25) and median flows (P50) respectively were projected under SSP scenarios for the 
far-future climate. The median flows (P50) are projected to increase except for the near-future climate under SSP1-2.6 and 
SSP5-8.5 scenarios. The decline in the high flows indicates that the JRB will face a reduction in future water availability. 
Future projection uncertainties and constraints are primarily caused by the input data, the internal climatic variability, 
and the dynamics and parametrization of the climate and hydrological models. The maximum increase of 74.0% in the 
low flows (P10) is projected for the UKESM far-future climate under the SSP3-7.0 scenario followed by 73.1% for the MPI 
far-future climate under the SSP5-8.5 scenario, 31.8% for the IPSL far-future climate under the SSP5-8.5 scenario, 25.3% 
for the MRI far-future climate under the SSP5-8.5 scenario, and 21.1% for the GFDL mid-future climate under the SSP3-
7.0 scenario. The maximum decrease in the high flows (P90) is projected for the high-end warming scenario of SSP5-8.5, 
specifically, − 25.1% followed by − 14.3%, − 9.0, − 6.4%, and − 5.4%, for the GFDL far-future, IPSL far-future, MPI mid-future, 
UKESM far-future, and MRI far-future climates, respectively.

The trend analysis of the low (P10 and P25) medium (P50) and high (P75 and P90) flows is shown in Table 7. Significant 
rising (falling) trends were observed for the low (high) flows specifically for the MPI, MRI, and UKESM (for the GFDL and 
MRI) for the future climate under the SSP5-8.5 scenario. Overall, the ensemble-mean projected flows show a significant ris-
ing trend for the P10 (2.35 m3s−1), P25 (2.41 m3s−1), and P50 (1.84 m3s−1) for the far future climate under SSP5-8.5 scenario.

Table 6   Percentage changes in high, medium, and low flows in the Jhelum River basin under SSP1-2.6, SSP3-7.0, and SSP5-8.5

Percentage change of more than ± 15% is shown in bold italic. P10/ P25/ P50/ P75/ P90 denote percentile values

Climates Hist (m3/s) Change Near-Future (%) Change Mid-Future (%) Change Far-Future 
(%)

Model Percentile SSP1-2.6 SSP3-7.0 SSP5-8.5 SSP1-2.6 SSP3-7.0 SSP5-8.5 SSP1-2.6 SSP3-7.0 SSP5-8.5

Ensemble P10 287.4 9.9 13.3 11.0 17.4 31.2 21.8 16.9 42.2 54.8
P25 369.9 12.2 15.0 10.6 15.4 30.1 23.5 17.0 40.2 46.2
P50 620.1 − 1.4 8.0 − 1.0 4.5 10.1 8.1 3.4 14.0 15.1
P75 1134.3 − 2.3 2.8 − 1.7 − 0.3 − 4.6 − 12.9 − 5.3 − 7.6 − 13.3
P90 1525.9 − 4.0 1.6 − 4.8 1.6 − 7.4 − 12.4 − 2.8 − 8.4 − 18.6

GFDL P10 212.4 11.0 6.8 − 4.6 6.0 21.1 4.7 17.9 12.2 15.8
P25 321.6 11.5 1.1 − 1.2 3.8 13.2 8.5 9.7 6.9 11.7
P50 616.6 0.1 − 3.5 − 11.2 − 8.8 − 1.3 − 3.8 − 2.1 − 6.5 − 9.6
P75 1101.3 0.1 − 9.3 − 15.9 − 10.2 − 12.8 − 16.7 − 0.7 − 15.9 − 22.3
P90 1610.9 − 6.3 − 11.5 − 15.2 − 6.8 − 14.4 − 18.5 − 0.1 − 22.6 − 25.1

IPSL P10 218.6 10.0 19.3 14.7 24.1 15.2 18.0 25.3 14.2 31.8
P25 344.9 10.6 15.4 8.9 12.4 7.4 8.7 17.7 1.2 14.7
P50 597.5 4.5 9.8 4.7 8.8 − 2.5 − 0.5 6.6 − 6.7 − 3.0
P75 1052.9 − 5.6 − 0.1 − 3.9 − 1.0 − 10.8 − 11.2 − 3.0 − 12.3 − 15.6
P90 1498.3 − 4.9 2.1 − 2.2 0.5 − 8.7 − 6.8 − 4.4 − 10.6 − 14.3

MPI P10 221.4 19.1 22.7 12.1 33.7 39.7 36.2 20.0 62.9 73.1
P25 326.9 12.9 28.9 11.9 24.9 35.5 35.3 19.8 51.4 64.5
P50 596.6 7.2 20.2 5.4 13.6 18.1 18.3 11.1 28.1 29.2
P75 1130.5 1.6 24.1 6.5 18.4 12.0 1.0 1.4 6.8 2.6
P90 1739.4 5.8 14.1 3.8 18.2 7.1 − 9.0 3.0 0.2 − 4.6

MRI P10 226.7 − 0.2 5.2 3.6 2.9 12.2 5.6 − 0.1 10.8 25.3
P25 342.9 − 4.8 3.2 3.4 − 1.6 6.4 2.6 0.5 13.1 25.7
P50 597.3 − 3.7 7.6 2.6 − 1.1 1.5 − 2.8 − 2.0 9.5 9.0
P75 1044.7 2.1 9.1 7.2 4.2 5.7 − 2.3 3.0 1.6 − 0.6
P90 1558.4 4.4 1.3 9.2 4.3 4.9 − 2.8 0.1 5.8 − 5.4

UKESM P10 221.8 0.8 13.7 18.6 25.2 46.2 29.2 15.0 74.0 63.6
P25 340.2 0.7 8.2 11.1 24.7 37.0 26.0 7.6 55.5 54.9
P50 575.5 − 2.5 7.5 7.5 11.1 22.0 16.1 1.2 31.9 34.5
P75 1043.9 − 3.4 1.0 1.1 − 3.6 8.5 − 2.2 − 3.8 13.7 4.3
P90 1608.8 − 1.0 1.5 − 1.2 − 3.5 6.8 − 2.0 − 0.5 7.4 − 6.4
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5 � Discussions

The eco-hydrological model SWIM employed in this study was calibrated/validated using the meteorological forcing 
of the observational dataset W5E5. The 5 CMIP6 GCMs used in this study were bias-adjusted to the W5E5 dataset 
within the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP) phase 3b. Based on the model performance 
evaluation we observed that the model reproduces the observed discharge with reasonable accuracy but the per-
formance was relatively lower during the validation period. The lower performance during the validation period is 
due to the coarse resolution of the observed climate data. To resolve the fine-scale hydro-meteorological processes 
and improve the model evaluation, high-resolution datasets are required.

The climatic projections for the twenty-first century showed a significant increase in Tmax and Tmin [24]. A study 
conducted by Mahmood et al. [66] also reported a significant increase in future mean annual temperature for A2 
and B2 scenarios of HadCM3. Compared to other regions of the country, Pakistan’s higher mountainous regions 
experience a greater rise in temperatures [67]. Saddique et al. [68] reported increasing precipitation trends in the 
JRB towards the end of the twenty-first century. Munawar et al. [14] also reported an increase of about 2–7% in 
mean annual precipitation for the twenty-first century. A study conducted by Hartmann and Buchanan [69] reported 
significantly increasing trends in extreme precipitation in the eastern and northern mountainous regions while sig-
nificantly decreasing trends in the western Indus River Basin. A study by Yaseen et al. [71] in the Upper Indus River 
Basin reported increasing and decreasing trends for winter and summer streamflows respectively. Snowmelt has a 
noticeable impact on streamflow in the Jhelum River basin, where almost 65% of the catchment is covered in snow 
at the end of the winter season [72]. Rizwan et al. [17] also reported a decrease in the magnitude of peak discharge 
for the JRB. Ahmad et al. [74] reported falling trends in annual runoff volumes (1978–2005) for the Jhelum River at 
Azad Pattan. Rizwan et al. [17] also reported a decrease in the projected streamflow for the near (2020–2059) and 

Table 7   Summary of the low, 
medium, and high flow trends

Hist and Fut represent historical (1985–2014) and future (2016–2100) climates, respectively. Slopes (m3s−1) 
significant at the 95% level are given in bold italic. P10/ P25/ P50/ P75/ P90 denote percentile values

ESMs-Climate P10 P25 P50 P75 P90

GFDL-Hist − 0.57 − 1.43 − 6.70 − 7.67 − 13.99
IPSL-Hist 1.92 4.72 6.62 7.62 17.67
MPI-Hist 3.23 2.91 3.68 4.22 2.18
MRI-Hist − 0.04 0.01 2.59 2.69 0.87
UKESM-Hist 0.28 0.03 − 0.75 − 2.50 − 1.86
Ens-Hist 0.65 0.85 2.77 − 1.35 0.35
GFDL-Fut (SSP1-2.6) 0.08 0.21 0.49 − 0.31 1.48
IPSL-Fut (SSP1-2.6) 0.36 0.59 0.20 0.42 − 0.36
MPI-Fut (SSP1-2.6) 0.53 0.21 0.005 0.52 − 0.84
MRI-Fut (SSP1-2.6) 0.51 0.63 0.53 0.92 1.98
UKESM-Fut (SSP1-2.6) 0.30 0.39 0.61 1.49 1.73
Ens-Fut (SSP1-2.6) 0.26 0.33 0.49 0.23 1.57
GFDL-Fut (SSP3-7.0) 0.37 0.29 − 0.09 − 1.85 − 2.45
IPSL-Fut (SSP3-7.0) − 0.31 − 0.42 − 1.57 − 2.87 − 4.74
MPI-Fut (SSP3-7.0) 1.71 1.72 1.42 − 3.32 − 4.36
MRI-Fut (SSP3-7.0) 0.46 0.29 0.52 − 1.01 − 2.34
UKESM-Fut (SSP3-7.0) 2.66 3.40 2.76 1.68 1.44
Ens-Fut (SSP3-7.0) 1.61 1.61 1.18 − 1.84 − 3.17
GFDL-Fut (SSP5-8.5) 0.83 0.86 0.63 − 2.21 − 3.29
IPSL-Fut (SSP5-8.5) 0.75 0.59 − 0.45 − 2.32 − 2.82
MPI-Fut (SSP5-8.5) 2.90 3.57 3.36 0.70 0.19
MRI-Fut (SSP5-8.5) 1.01 1.63 1.32 − 1.50 − 4.85
UKESM-Fut (SSP5-8.5) 2.04 2.44 2.78 0.33 − 0.31
Ens-Fut (SSP5-8.5) 2.35 2.41 1.84 − 1.52 − 3.16
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far (2060–2099) future climates for five GCMs (BCC-CSM1-1, GFDL-ESM2M, IPSL-CM5A-LR, IPSL-CM5A-MR, and MPI-
ESM-LR) under three RCP (RCP 2.6, RCP 4.5, and RCP 8.5) scenarios. A study by Babur et al. [29] reported a decrease 
in the future average annual discharge for the near-, mid-, and far-future climates for one GCM (CCSM4). In contrast, 
an increase was observed for four GCMs (MRICGM3, MIROC5, CSIRO BOM ACCESS1-0, and GFDL-CM3) under RCP 4.5 
and RCP 8.5 scenarios. A study carried out in the JRB reported discharge fluctuations tend to rise during the winter 
and spring seasons while falling during the summer and autumn [29]. The occurrence of precipitation in the form 
of rain (liquid precipitation) during winter and the increased contribution of snowmelt to the runoff in the basin 
are the likely causes of the increased streamflow during the winter and spring [78]. According to a study conducted 
by Khattak et al. [75], the streamflow at Besham, a hydrometric station upstream of Tarbela Reservoir, increased in 
the winter and spring and decreased in the summer. Several studies conducted in the JRB reported that the aver-
age annual stream flow in future climates could decline [16, 17]. Mahmood and Jia [79] found decreasing trends for 
summer flows while increasing trends for winter flows in the JRB at Azad Pattan. Shafiq et al. [80] reported signifi-
cantly decreasing streamflow trends for all stations of JRB and the decrease was more pronounced during spring 
and summer. Saddique et al. [13] found an increasing trend for winter and autumn while for summer and spring, the 
trends were inconsistent. Khattak et al. [81] reported increasing trends for winter and spring flows at Mangla while 
decreasing trends during summer. The studies conducted in the JRB by Jasrotia et al. [82] and Munawar et al. [14] 
also reported a declining trend in the runoff during the last two decades of the twenty-first century.

Lehner et al. [83] reported the emergence of observed temperature changes in both winter and summer in the north-
ern extratropics. Nguyen et al. [84] used several climate models from the Coupled Model Intercomparison Project phase 5 
(CMIP5) to perform an updated Time of Emergence (ToE) analysis of regional precipitation changes over 14 precipitation 
change hotspots worldwide. Another study conducted across China studied the precipitation and flow regimes using GC 
and reported that temporally the flow regimes manifest increasing homogenization [89]. Masaki et al. [90] performed a 
global study to analyze the characteristics of GC to understand the changes in future flow regimes of major rivers and 
found a declining seasonal inequality at high northern latitudes.

The ISIMIP dataset utilized in this study was previously employed in the study conducted by Gädeke et al. [18] to 
analyze peak flow magnitude. In their study, they also employed the eco-hydrological model SWIM to simulate the 
hydrological cycle of the Ganges, Brahmaputra, and Meghna basins at a daily time step. The authors reported that the 
recurrence intervals of Qmax exhibit a strong agreement between the observed datasets and hydrological model simula-
tions driven by the observed climate of W5E5 and simulations forced by the historical CMIP datasets.

A study based on the flood frequency analysis conducted by Zakaullah et al. [91] reported that Gumbel distribution 
is best for the JRB. Another study by Ahsan et al. [92] also reported that Gumbel distribution is the best fit for the Indus 
and Jhelum River basins. Several other studies in Pakistan also reported Gumbel distribution as a best fit. For instance, 
Boota et al. [93] studied Probable Maximum Precipitation in the mountainous regions of Pakistan and found the Gumbel 
distribution as best. Ijaz et al. [94] performed a Chenab River flood frequency analysis and reported the Gumbel distri-
bution as the most appropriate. Haider and Massod [95] performed flood frequency analysis in the Upper Indus Basin 
and reported that the Gumbel distribution is best for predicting river flow. Naz et al. [96] applied Gumbel distribution to 
study the flood risk assessment of the Indus River at Guddu Barrage. Faisal et al. [97] found that Gumbel distribution is 
suitable for predicting streamflows of Nullah Deg located in Northeast Punjab Pakistan.

An overall increase (decrease) in the low (high) flows is in line with the findings of Mahmood and Jia [12]. A study by 
Yaseen et al. [98] reported a decrease in the magnitude of annual maximum/high flows for the JRB.

The present study has several limitations. For example, throughout the simulated periods, the land cover and soil 
characteristics remained unchanged, which may have an impact on the basin’s streamflow projections. GCMs owing to 
their coarse spatial resolution have the limited ability to capture small-scale watershed processes. Another limitation is 
the short duration of observed discharge for model calibration and validation. Researchers can improve the accuracy 
and robustness of streamflow estimates for the management of water resources by addressing these limitations.

6 � Conclusions

The impacts of climate change on the streamflow regime of the JRB by forcing the eco-hydrological model SWIM with five 
ESMs under SSP1-2.6, SSP3-7.0, and SSP5-8.5 scenarios, for the historical (1985–2014) and three future periods defined 
as near (2016–2043), mid (2044–2071), and far (2072–2100) were investigated. Based on the model evaluation criteria, 
the calibrated/validated model adequately replicated the observed discharge in the JRB and accurately represented the 
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hydrological processes of the basin. All ESMs indicated that the mean temperature would rise over the century under all 
SSP scenarios. The findings also indicate that precipitation will increase in the future period. Streamflows were projected 
to decrease during summer and increase during winter compared to the historical period. The analysis regarding the time 
of emergence of streamflow revealed an earlier emergence of future low flows as compared to the high flows. The GC 
results showed a pattern of increasing homogenization of future streamflows under all SSP scenarios. Flood frequency 
analysis revealed a decrease in 30-year flood levels implying that the severity of such events is expected to be lower in the 
future. Under all SSP scenarios, the high flows will mostly decrease, while low flows will rise in the near, mid, and far future 
climates relative to the historical period. The findings of this study will advance our knowledge of the climate change 
impacts on future discharge and serve as a guide for developing future watershed water resource management policies.

7 � Recommendations

For Future research, the main recommendations are as follows:
Focus on improving the spatial resolution of the climate models to capture regional and local climate variations more 

accurately.
Enhanced representation of land-surface processes and their interactions with atmospheric conditions.
Employing more than one hydrological model to analyze the range of possible outcomes and to identify the degree 

of uncertainty in streamflow projections.
Utilizing fully distributed hydrological models for effective water management and environmental decision-making 

in diverse and complex landscapes.
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