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ABSTRACT

Changing streamflow is one of the most visible consequences of climate change. In this study, the Soil and Water
Assessment Tool (SWAT) model was used to investigate the significant effects of climate change on streamflow in
aHimalayan River. We incorporated information from several Global Climate Models (GCM), considering two cli-
mate scenarios: SSP 2.45 and SSP 5.85, which are part of Shared Socioeconomic Pathways (SSPs) for the future
periods of 2022-2030 and 2031-2050. Substantial patterns in temperature and rainfall changes were identified
using ensemble modeling. Under both SSPs 2.45 and 5.85, the results indicated a rising trend in temperatures
from January to June, a decline from June to September, and a marginal increase from October to December. Ad-
ditionally, annual rainfall, real evapotranspiration, and river flow are anticipated to rise by 17.67-21.79%, up to
0.93%, and 23-53%, respectively in the upper region of the study basin. Conversely, across the two future periods
and scenarios, the lower region is depicted to have a decline in rainfall of 20.84-36.34%, evapotranspiration of up
to 4.35%, and river flow of 38-65%. These findings will be invaluable for the design and construction of climate-
resilient water resources related projects in the Himalayan regions, such as Nepal.
© 2023 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open
access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

The timing, intensity, pattern, temperature, and discharge of rainfall
are all influenced by climate change, which ultimately impacts on hy-
drological cycle both locally and worldwide. As per the Intergovern-
mental Panel on Climate Change 6th Assessment Report (IPCC, 2023),
there was a 0.85 °C rise in global temperature between 1881 and 2012
(Stocker et al., 2013). Numerous studies have repeatedly shown a per-
ceivable rise in temperatures in the Himalayan regions (Bharati et al.,
2019). As a consequence, the supply of water in rivers, especially in
fall and spring, is expected to be adversely affected by the temperature
rise (Maskey et al., 2011). By 2100, researchers expect Nepal's average
temperature to climb by 5.80 °C, with higher elevations observing
more significant warming (Mishra et al., 2021). In addition, the study
highlights that the capacity to store water in atmosphere will increase
by 7% for every 1°C increase in temperature (Trenberth, 2011), leading
to more frequent and heavy rainstorm events that will alter basin-scale
stream flow patterns. One of the mathematical models used to simulate
the general circulation of the planetary atmosphere is the global climate
model (GCM). The model's limited geographic resolution makes it
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unsuitable for local hydrological models, but it is valuable for analyzing
and forecasting long-term climatic patterns (Marchi et al., 2020). Both
GCMs and regional climate models (RCMs) can provide forecasts of
future climate conditions. When considering local-scale basins, RCMs
are preferred due to their superior spatial resolution, offering more
accurate simulations for smaller regions (Miyamoto et al., 2013;
Navarro-Racines et al., 2020; Satoh et al., 2019) compared to GCMs. To
assess the effects of climate change on a local scale, RCM forecasts
must first be adjusted for biases resulting from the coarse spatial resolu-
tion of the model. Researchers have developed downscaling methods,
such as statistical techniques like empirical quantile mapping (QM)
(Maraun, 2013), which are employed to correct these biases (Pandey
et al., 2020a; Shrestha et al., 2017). These techniques make use of Re-
gional Climate Models (RCMs). Representative Concentration Pathways
(RCPs) and Shared Socioeconomic Pathways (SSPs) are two climate
change scenarios created by the Coupled Model Intercomparison Pro-
ject Phase (CMIP) to examine potential futures for the planet under var-
ious climate change mitigation levels (Sato et al., 2007; Xu and Yang,
2015). The IPCC has developed these scenarios for the latest phase of
the Coupled Model Intercomparison Project, known as CMIP6 (Xu
et al.,, 2021). These scenarios, including Representative Concentration
Pathways (RCPs) and Shared Socioeconomic Pathways (SSPs), play
vital roles in climate modeling (Basheer et al., 2016). However, SSPs
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go beyond greenhouse gas emissions by considering socioeconomic as-
pects, while RCPs primarily focus on greenhouse gas concentrations and
emission pathways (Imada et al., 2019; Prein et al., 2017).

SSPs provide a more comprehensive understanding of how various
societal decisions and behaviors can influence future climate outcomes
(Adachi and Tomita, 2020). Climate models utilize five distinct SSP sce-
narios to explore how socioeconomic factors, such as population growth
and economic development, might impact greenhouse gas emissions in
the future. These SSPs are designed to complement the RCPs, offering a
more holistic perspective on how various factors can interact to shape
future climate outcomes. Temperature and precipitation data from
Global Climate Models (GCMs) are utilized in hydrological models
such as the Soil and Water Assessment Tools (SWAT) to project future
hydrological trends (Tan et al., 2014). Several factors, including spatial
dimensions, adaptability, and calibration simplicity, must be considered
when selecting an appropriate hydrological model.

The semi-distributed hydrological model SWAT can simulate the po-
tential impacts of climate change on various watersheds. Worldwide,
SWAT has been extensively employed to assess the effects of climate
change in multiple river basins, such as the Koshi River Basin in Nepal
(Agarwal et al., 2015), the Kelantan River Basin in Malaysia (Tan et al.,
2017), and numerous countries (Faramarzi et al., 2017; Schuol et al.,
2008), including India, where it has been used to quantify climate
change impacts in twelve major rivers (Gosain et al., 2006).

In Nepal, the use of SWAT has played a crucial role in evaluating fu-
ture projections and the effects of climate change in various watershed
studies, including Babai (Mishra et al., 2021), Karnali (Dahal et al., 2020;
Pandey et al., 2020a), Chamelia (Pandey et al., 2019), Kaligandaki
(Bajracharya et al., 2018), Indravati (Palazzoli et al., 2015), West Seti
(Gurung et al., 2013), and the Bagmati (Dahal et al., 2016; Gurung
etal, 2013).
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While SWAT provides valuable insights, it is important to note that
its forecasts are based on assumptions and approximations, and their
accuracy is directly linked to the quality of the input data. Therefore,
caution should be exercised when interpreting their projections, and a
diverse range of information sources should be considered when mak-
ing decisions related to agriculture and water resources.

The aim of the current study was to evaluate temperature and rain-
fall anomalies in the Himalayan region, with a specific focus on recent
and upcoming decades. Additionally, this research sought to investigate
the potential influence of climate change on hydrological variations in
2030 and 2050 using the SWAT hydrological tool, establishing a connec-
tion between present and future climatic shifts and assessing associated
risks.

The study had the following objectives: (i) Assess the uncertainty in
SWAT model performance by varying the number of sub-basins, HRUs,
and elevation bands, (ii) Project basin climate by employing the Statis-
tical Downscaling Method (SDM) bias correction method, (iii) Examine
the impacts of climate change on streamflow under the SSP 2.45 and SSP
5.85 scenarios. The findings of this study should prove valuable not only
for the development of water management plans in the SRB but also for
other river basins sharing similar geographical and climatic characteris-
tics.

2. Study area

In the central and northern regions of Nepal and Tibet, lies the
Sunkoshi River Basin (SRB), covering an area of approximately
5000 km?, with roughly 40% of its catchment situated in Tibet, China.
This basin encompasses the Sunkoshi River, a significant tributary of
the Koshi River. As illustrated in Fig. 1, the SRB is situated between lat-
itudes 27° 31’ 36" and 28° 30’ 35” north and longitudes 85° 25’ 53“ to
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Fig. 1. Location, DEM (Digital Elevation Model), Rainfall stations, Q (hydrological) stations, Temperature stations and River Tributaries of the SRB.
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86° 19’ 53” east. Among its major tributaries are the Bhotekosh,
Melamchi, Indrawati, Belephi, and Jhikhkhukhola rivers. The SRB's
length, as determined by the Pachuwar Ghat Stream Gauge Station
(630), is approximately 148.4 km. Elevations within the basin vary
from 546 m to over 5000 m above mean sea level (AMSL). The Sunkoshi
River Basin (SRB) serves as a critical water source for hydropower, agri-
culture, and various other purposes in Nepal and India. Despite its sig-
nificance, limited research has been conducted to comprehensively
understand its hydrology, water sources, and the potential impacts of
climate change on the region (Pandey et al., 2020b; Rocheta et al.,
2017).

Figure 2a illustrates the land use categorization of the SRB, revealing
that approximately 12% of the basin's area is designated for agricultural
use, while roughly 37% is covered by forests. Fig. 2b provides insights
into the three main soil types in the region, which are Cambisol, Regosol,
and Luvisol. In underdeveloped nations like Nepal, it is common to have
a limited density of climatological stations. Climatological and hydro-
logical stations were not given priority in the SRB due to its challenging
geographical terrain, often characterized by higher altitudes (Mishra
etal., 2018). Consequently, existing stations are predominantly situated
at lower elevations. Data collected by the Department of Hydrology and
Meteorology (DHM) in Nepal, spanning from 1980 to 2015 and ob-
tained from 16 rain gauge stations (as depicted in Fig. 1), reveal that
the average annual minimum and maximum precipitation amounts to
494 mm and 3363 mm, respectively. The monsoon season, occurring
from June to September, contributes to approximately 80% of the annual
rainfall. According to statistics gathered from four stations (1030, 1036,
1043, and 1103) over the same period, the average maximum
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temperature (Tmax) and minimum temperature (Tmin) in the region
are recorded at 28 °C and 8 °C, respectively.

3. Materials and methods

This study employs a model-based approach to assess the distribu-
tion of water availability within the SRB. Fig. 3 provides an overview
of the research methodology. Future climate conditions were projected
using various climate scenarios, including SSP 2.45 and SSP 5.85. The as-
sessment of water availability in both the present and future relied on a
hydrological model developed with SWAT.

3.1. Data collection

Meteorological and hydrological data were provided by the Depart-
ment of Hydrology and Meteorology (DHM) in Nepal. Rainfall data
spanning from 1980 to 2015 were collected from 16 locations, as
depicted in Fig. 1. However, data on maximum and minimum tempera-
tures were available only from four climatically stations (1030, 1036,
1043, and 1103). For calibration and validation, data from the Jalire
(620) and Pachuwar Ghat (630) hydrological stations were used in
this study. The entire SRB lacked data on humidity, daylight hours,
and wind speed. All hydrological and meteorological data were col-
lected on a daily basis. Additionally, the study incorporated Digital Ele-
vation Model (DEM), soil, and land use data as inputs for the SWAT
model, alongside climatic data. The study sourced soil type maps from
https://data.isric.org, a 30-m resolution land use map from https://
livingatlas.arcgis, and a 30-m resolution DEM from http://srtm.csi.
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Fig. 2. Classification of a) Land Use and b) Soil Type in Sunkoshi River Basin.
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cgiar.org/srtmdata (Uddin et al., 2015). These datasets were instrumen-
tal in enhancing the analysis and modeling of the SRB.

3.2. Shared socioeconomic pathways scenario

Shared Socioeconomic Pathways (SSPs) encompass a set of scenar-
ios designed to depict potential future shifts in human civilization.
These transformations could be driven by factors such as population
growth, economic advancements, technological innovations, and
more. SSPs hold critical importance in projecting future greenhouse
gas emissions and their consequent impacts on climate change. They
classify the Earth's energy budget imbalance caused by fluctuations in
greenhouse gas concentrations in the atmosphere into five distinct
levels of radiative forcing. Within the spectrum of SSPs, each level sig-
nifies a specific trajectory. For instance, SSP1-1.9 envisions that by the
year 2100, global warming can be limited to an increase of less than
1.5 °C compared to pre-industrial levels, with radiative forcing peaking
at 1.9 W/m? before declining. In contrast, SSP5-8.5 suggests excessive
greenhouse gas emissions and inadequate climate mitigation, resulting
in global warming of 4-6 °C above pre-industrial levels by the century's
end, with a peak radiative forcing of 8.5 W/m? before a subsequent de-
crease (Richter and Tokinaga, 2020). For this study, the scenarios em-
ployed were SSP 2.45 and SSP 5.85. In the initial stages of the research,
Global Climate Models (GCMs) were selected based on a comprehen-
sive literature review. Four widely utilized GCMs with complete data
availability for SSPs in comparable regions of Nepal were utilized
(Almazroui et al., 2020; Pandey et al., 2020a). Subsequently, down-
scaled data derived from these GCMs were compared with meteorolog-
ical data from the baseline period spanning from 1980 to 2014. The
Model for Interdisciplinary Research on Climate Version 6 (MIROC6)
was collaboratively developed by the Japan Agency for Marine-Earth
Science and its associated institutions. The Norwegian Earth System
Model, created by the Norwegian Climate Centre, is referred to as
NorESM. The global climate model known as MPI-ESM1-2-LR, or Max
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Planck Institute Earth System Model version 1.2, Low Resolution, was
developed by the Max Planck Institute for Meteorology in Germany.
These models are all part of the Coupled Model Intercomparison Project
Phase 6 (CMIP6). Following a comparison of their results with observ-
able data using bias adjustment techniques, the GCM that best suited
the research region was chosen. This GCM is well-suited to the study
area and has a history of extensive use in climate forecasting.

3.3. Bias correction

Given the inherent limitations of climate change models, bias adjust-
ment becomes imperative when applied at the local level. These models,
operating at coarse scales, often fall short in effectively capturing local
climatic variations, resulting in systematic inaccuracies or biases.
Aligning model outputs with observed local climate data through bias
correction enhances model accuracy, a crucial aspect for informed
decision-making. However, the application of this technique requires
caution to avoid introducing new errors. While bias correction improves
the precision of local climate model estimates, it cannot completely elim-
inate all sources of uncertainty. Downscaling methods are employed to
address the coarse spatial resolution data from Global Climate Models
(GCMs) (GIORGI and GAO, 2018). There are two primary downscaling
approaches: statistical and dynamic downscaling. Statistical Downscal-
ing Method (SDM) establishes an empirical link between GCM outputs
and ground data from specific stations, while dynamic downscaling inte-
grates a Regional Climate Model (RCM) into the GCM (Teutschbein and
Seibert, 2012; Wang et al., 2004). In this study, biases in temperature
and precipitation simulations produced by climate models are adjusted
using a statistical downscaling technique known as quantile mapping
(QMAP) bias downscaling, implemented in R with the gqmap package
(Colette et al., 2012; Xu and Yang, 2015). QMAP bias downscaling is a
widely adopted method in climate research to enhance the accuracy of
climate model predictions for temperature and precipitation (Dai et al.,
2020). When estimating future climates, the QMAP technique assumes
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that the bias in historical data remains constant. QMAP achieves this by
establishing appropriate transfer functions to align quantiles of RCM
data with observed data (Shrestha et al., 2017). Performance assessment
of climate models includes metrics such as mean, standard deviation
(SD), as well as R?, and root mean square error (RMSE).

3.4. Model setup, calibration, and validation

Through the precise adjustment of projected climate data, SWAT
proves to be a valuable tool for exploring future climate changes
(Agarwal et al., 2015). The basin is divided into multiple sub-basins
and Hydrological Response Units (HRUs) based on land use, slope, and
soil characteristics. In this study, the SRB model was constructed using
ArcSWAT 2012, integrated into the ArcGIS 10.4 program. SWAT simu-
lates hydrological factors and runoff outcomes at the HRU level, which
are then aggregated at the catchment scale using a weighted average
of HRU results (Abbaspour et al., 2019). The research revealed that rely-
ing solely on land use, soil, and slope parameters to delineate HRUs
within a sub-basin is insufficient for capturing the nuanced sub-basin
characteristics. To address this, various scenarios were explored by
adjusting the threshold combinations of land use, soil, and slope. A
10% criterion for each component resulted in a more accurate represen-
tation of streamflow when combined, yielding a total of 805 HRUs for
the entire SRB. This approach led to a more comprehensive and inclu-
sive database, providing a more realistic portrayal of the region's
diversity and variability (Kumar and Bhattacharjya, 2020).

Utilizing the provided rainfall and temperature data as inputs to the
model, the Hargreaves potential evapotranspiration (PET) technique
was employed for PET calculations. Following a five-year warm-up
phase spanning from 1980 to 1985, the SWAT model was executed
from 1985 to 2015. SWAT-CUP is a freely available software application
designed for the automatic calibration of SWAT models. It offers various
calibration methods, including MCMC (Markov Chain Monte Carlo), PSO
(Particle Swarm Optimization), GLUE (Generalized Likelihood Uncer-
tainty Estimation), and SUFI-2 (Sequential Uncertainty Fitting 2). The
SUFI-2 technique is particularly advantageous in terms of computa-
tional efficiency and model performance when calibrating and assessing
uncertainties in a model (Pang et al., 2020; Singh and Saravanan, 2020).
In this study, the SUFI-2 tool within SWAT-CUP was employed for
model calibration. A total of 17 parameters were used to achieve the
best fit, with at least 100 simulations conducted. Calibration involves
adjusting model components to establish a strong correlation between
model outputs and observed data. The model was both calibrated and
validated for monthly and daily applications at two key locations within
the study area: the primary outlet at the Pachuwar Ghat station (630)
and a hydrological station situated in the middle of the study area,
known as Jalire (620), as indicated in Fig. 1. During validation, input pa-
rameter values of the model remain unaltered. In this study, the calibra-
tion was performed using a heuristic approach, which involves
estimating the number of simulations required for each parameter
based on the total number of parameters engaged in the calibration pro-
cess. Several metrics, including R?, Nash-Sutcliffe Efficiency (NSE), and
Percent Bias (PBIAS), were employed to evaluate the model's perfor-
mance. Moriasi et al. (2007) suggest that a PBIAS within 25%, NSE
greater than 0.5, and R? exceeding 0.6 serve as indicators of satisfactory
model performance. In the context of this study, the results demon-
strate a commendable level of model performance, with R? and NSE
values surpassing 0.8 and 0.7 for both monthly and daily calibration
and validation at the outlet stations.

4. Results and discussions
4.1. Performance of bias correction

Bias adjustments were applied to historical simulations spanning
from 1985 to 2014, as well as to two future scenarios, namely SSP 2.45
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and SSP 5.85, covering the period from 2015 to 2050. During the base-
line period, the bias-corrected results closely aligned with the mean
monthly values of Tmax, Tmin, and precipitation. These outcomes,
depicted in Fig. 4, underscore the remarkable improvement achieved
in GCM data quality, with a close match to observed data for Tmin in-
crease and Tmax decrease. Likewise, Fig. 5 presents the achieved results
for select rainfall stations, demonstrating that bias-adjusted rainfall
closely approximates observed data. The study's findings establish that
downscaled data from various models, particularly MIROCS, can be re-
lied upon to provide accurate predictions regarding future water avail-
ability in the SRB.

4.2. Model calibration and validation

Figure 6 shows the outcomes daily hydrograph of both calibration
and validation. Due to the absence of observed data for certain days
within the regular daily time frame, we conducted the calibration and
validation processes based on the availability of complete data for
both daily and monthly periods. That's why, the different time frame
daily and monthly data were used for calibration and validation. This
approach ensured that the model's performance was assessed across
various time intervals and justified its reliability under different time
conditions. In this study, validation covers the years 2007 to 2012,
whereas calibration covers the years 1989 to 2007 at the main outlet hy-
drological station (630) of the study area. Similarly, Fig. 6b illustrates
the hydrograph for calibration and validation at the Jalire hydrological
station (620), located in the central region of the study area. For calibra-
tion, daily flow data from 1990 to 2004 were utilized, while validation
tests employed data from 2005 to 2010, with a five-year warm-up
phase between 1980 and 1985. The validation process employed the
same input parameters as the calibration process. The evaluation was
conducted using daily datasets from the outflow hydrological stations
(630) and the hydrological stations (620) within the basin. Determinis-
tic parameters, such as NSE and R-squared (R?), which assess the
model's performance, are detailed in Table 1. Although calibration and
validation were performed for both hydrological stations at both daily
and monthly timescales, Fig. 6 displays only the daily hydrographs.
The NSE and R? values for calibration at station 630 were 0.73/0.79
(daily) and 0.82/0.91 (monthly), while those for validation were 0.75/
0.82 (daily) and 0.84/0.91 (monthly). For the Jalire station (620), the
calibration parameters, i.e., NSE and R?, were 0.74/0.75 for daily and
0.80/0.81 for monthly. Similarly, the validation parameters for daily/
monthly were 0.76/0.76 (NSE) and 0.70/0.79 (R?). The analysis of
model evaluation indicates that the model performed admirably. It ac-
curately predicted peak flows during monthly calibration, suggesting
its suitability for assessing streamflow volume. However, it may not
be suitable for flood estimation and forecasting (Mishra et al., 2018).

4.3. Future temperature

Four distinct models MIROC6, MPI-ESM1-2-LR, NorESM, and
CNRM-CM6 were used in the ArcSWAT model to generate the future
daily data for maximum and lowest temperatures as well as precipita-
tion. These datasets were modified after bias correction to account for
any errors.

The results obtained using the MIROC6 model demonstrated the
highest accuracy in predicting future temperatures, while the NorESM
model exhibited superior performance in forecasting future flow pat-
terns. Fig. 7 specifically presents a comparison of anticipated monthly
average maximum temperatures for SSP 2.45 and SSP 5.85, contrasted
with historical averages for the period spanning 1985 to 2014, as simu-
lated by the MIROC6 model. When compared to observed data, the
projected Tmax (maximum temperature) and Tmin (minimum tem-
perature) for the near future (2022 to 2030) and mid-future (2031 to
2050) indicated an increase from January to June, followed by a de-
crease during the monsoon period (June to September). Conversely,
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Fig. 4. Mean monthly Ty,.x and Ty, raw GCM, Observed (obs.) and bias-adjusted (bias) temperature at stations 1030, 1036, 1043 and 1103 in the MIROC6 model.

temperatures showed relatively little variation from October to Decem-
ber. These temperature trends were consistent across all four
temperature-measuring stations in the SRB. Depending on the specific
scenario, temperature increases ranged from 1.62 °C to 5.72 °C, with po-
tential declines of up to 2.91 °C. Tmax was predicted to rise by 0.85 °C to
4.59 °C but could also be projected to decrease by as much as 3.81 °C
during the monsoon season.

The downscaled results, as illustrated in Fig. 8 and derived from two
global climate models (GCMs), indicated that the average Tmax
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(maximum temperature) and Tmin (minimum temperature) between
2022 and 2050 would deviate from the average monthly observed
Tmax. Specifically, Tmax was projected to increase, while Tmin exhib-
ited variations relative to the baseline period. Notably, Tmin was ex-
pected to be higher in the future, except during the monsoon season
(June to September). Furthermore, when compared to the SSP 5.85 sce-
nario, all models projected a more rapid rate of temperature increase
under the SSP 2.45 scenario. Consequently, these findings demonstrated
consistent temperature increase patterns across all GCMs. Additionally,
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Fig. 5. Mean monthly raw GCM, observed (obs.) and bias-adjusted (bias) rainfall at stations 1017, 1018, 1020, 1023, 1030, 1036, 1058 and 1062 in MIROC6 model.

Fig. 9a depicted a hydrograph indicating a rising trend with a positive
slope of 0.018 in the mean annual average temperature over time.
This suggests that both average monthly and annual temperatures are
anticipated to increase within the study area.

4.4. Future rainfall and streamflow

The average annual precipitation displayed different patterns under
the two scenarios. Under the SSP 2.45 scenario, precipitation steadily
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increased over time, with a positive slope of 0.0051 mm/year, as indi-
cated by the Thiel-Sen slope estimator study (Fig. 9b). Conversely, the
SSP 5.85 scenario showed a different trend, with a negative slope of
—0.0026 mm/year (Fig. 9c), suggesting a minor decrease in precipita-
tion. Thus, the findings indicated a declining trend in rainfall for the
study area.

Table 2 presents estimates of variations in yearly rainfall and flow
under the SSP 2.45 and SSP 5.85 scenarios for two future periods. The
forecasts indicate that, under the SSP 2.45 scenario, yearly rainfall is
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Fig. 6. Hydrograph result of calibration and validation in observed and simulated flow at a daily timescale with rainfall at a) Pachuwar Ghat Station (630) and b) Jalire Station (620).

anticipated to rise by 0.05% in the near future (2022—2030) and by
1.54% in the mid-future (2030-2050) compared to the average baseline
period. Conversely, under the SSP 5.85 scenario, the near future is
projected to see a 0.11% increase, while the mid-future is expected to
experience a 0.01% decline. Flow predictions differ significantly be-
tween the two scenarios. The SSP 2.45 scenario predicts a flow decrease
of 15.35% in the near future and a 9.27% decrease in the mid-future. In
contrast, the SSP 5.85 scenario forecasts a more substantial flow reduc-
tion, with a 24.93% decrease in the near future and a 14.37% decrease in
the mid-future. Additionally, Fig. 10 displays monthly average rainfall
and flow datasets for both observed and anticipated data for the

Table 1
Performance characteristics for daily and monthly calibration and validation at hydrolog-
ical Stations.

Parameters Calibration Validation

Station 630 Daily Monthly Daily Monthly
NSE 0.73 0.82 0.75 0.84

R? 0.79 091 0.82 0.91
Station 620 Daily Monthly Daily Monthly
NSE 0.74 0.80 0.76 0.76

R? 0.75 0.81 0.70 0.79
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upcoming time periods. Under both SSP scenarios, rainfall and flow ex-
hibit declining trends, with shifts in the monsoon pattern.

Table 2 and Figs. 10b present the streamflow data obtained from the
calibrated SWAT model, which utilized expected values for temperature
and rainfall based on various climate change scenarios. To assess these
results, a comparison was made with the actual streamflow data re-
corded during the baseline period from 1980 to 2015. Table 2 illustrates
a decrease in discharge, indicating a gradual reduction in rainfall over
the two future time periods, while temperature shows an increasing
trend. Consequently, it can be observed that the yearly streamflow fluc-
tuations do not align consistently with the patterns in rainfall and tem-
perature, as depicted in Fig. 10a and b.

4.5. Future water availability

Referring to Fig. 11a, it is observed that the western part of the study
area experiences higher rainfall, while the northern part, near the Hima-
layan region, receives lower rainfall compared to other parts of the
study area. Based on the baseline period, there is a declining trend in
rainfall magnitude across the entire study area. Furthermore, the find-
ings suggest that the decline in rainfall would be more pronounced
under the SSP 5.85 scenario compared to the SSP 2.45 scenario. Simi-
larly, Fig. 11b presents the results related to Potential Evapotranspira-
tion (PET). In the SSP 2.45 scenario, PET is projected to increase, while
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Fig. 7. Comparison of average monthly Tmax and Tmin between observed (1985-2014) and projected in two future periods in two climate scenarios.

in the SSP 5.85 scenario, PET exhibits a decreasing trend in the future.
Notably, PET is expected to slightly decrease in the near future (NF)
but significantly decrease in the mid-future (MF) under the SSP 5.85
scenario. Regarding climatic changes, both the upper and lower parts
of the study area show increases in PET by approximately 0.93% and de-
creases in PET by —4.35%, respectively. This pattern is mirrored in the
river flow, which also exhibits a declining trend. The impact of flow de-
crease is more pronounced under the SSP 5.85 scenario compared to the
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SSP 2.45 scenario. Future increases in PET and decreases in flow could be
attributed to variations in land use, particularly in agricultural and for-
ested zones such as those in the Indrawati and Melamchi River Tribu-
taries (western part of the sub-basin). Conversely, the arid and
Himalayan areas contribute to the observed rise in rainfall and river
flow in the higher region. In contrast, the lower and middle portions
of the study area are characterized by forests and agricultural lands
with chromic CAMBISOLS and humic CAMBISOLS soil, leading to an
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Table 2
Average annual change in rainfall and flow under the SSP2.45 and SSP 5.85 scenarios.

mean annual change (%) mean annual change (%) mean annual change (%)

in rainfall in rainfall in flow)
2022-2030

SSP2.45 0.05% —15.35
SSP5.85 0.11% —2493
2031-2050

SSP2.45 1.54% —9.27
SSP5.85 —0.01% —14.37

increase in PET and a decrease in rainfall and flow in the future, despite
the overall increasing trend in average annual temperature in the
study area.

4.6. Discussions

The direct use of Global Climate Models (GCMs) for climate change
forecasts at the local level is unsuitable. As seen in Fig. 4, GCM projec-
tions for Tmax were higher and Tmin was lower than observed values.
However, after bias correction, these values exhibit closer alignment,
yielding more plausible results. A similar challenge is observed in rain-
fall projections, making bias correction a crucial step to align GCM rain-
fall data with observed values. The model evaluation parameters,
specifically R? (greater than 0.8) and NSE (greater than 0.7) for both
monthly and daily calibration and validation in two hydrological
stations, indicate that the SWAT model, coupled with SWAT-CUP, is a
suitable choice for future climate change impact analysis on water
availability. These values meet the acceptable criteria in hydrological
modeling (R? greater than 0.6 and NSE greater than 0.5). Projected tem-
perature changes show an increase from January to June and a decrease
during the monsoon period (June to September). The extent of temper-
ature change depends on the SSP scenarios. Potential changes include
an increase of Tmax by up to 5.72 °C and a decrease of Tmin by up to
2.91 °C. However, in annual analysis, there is an overall increasing
trend in temperature with a rate of 0.018 °C per year (Fig. 9a). Con-
versely, the average annual rainfall trend suggests a decrease. Under
the SSP 2.45 scenario, annual rainfall would experience a slight increase
of 0.0051 mm/year, while the SSP 5.85 scenario predicts a decrease of
0.0026 mmy/year. In terms of average monthly rainfall analysis, a rise
of 0.11% is projected for the near future, but a decline of 0.01% is antic-
ipated under the SSP 2.45 scenario. Flow in the study area is expected
to decrease by up to 15.35% under SSP 2.45 and 24.93% under SSP
5.85. The analysis of rainfall and flow patterns, as depicted in Fig. 10,
suggests a potential shift in the regular rainfall during the monsoon sea-
son. Other studies in Nepalese river basins have found a similar trend in
Tamor, Bagmati, Indrawati, Kaligandaki, Karnali, Bheri, and Koshi
(Bharati et al., 2014; Bharati et al., 2019; Bhatta et al., 2019; V. Dahal
et al,, 2016; Dhami et al., 2018; Maharjan et al., 2021; Palazzoli et al.,
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2015). Similarly, in a research utilizing the SWAT model, (Zhou et al.,
2017) discovered that the annual runoff of the Yinma River Basin
(China) in the future (2021-2050) will rise by 88% for RCP 4.5 and
48% for RCP 8.5 compared to the baseline period (1981-2010).
Phi Hoang et al. (2016) discovered that the ensemble flow owing to
climate change increases yearly river flows in the Mekong River by
+5 to +16%.

The ensemble of Global Climate Models (GCMs) estimated water
availability such as surface runoff would rise between 30% and 53% in
the upper region sub-basins and drop between 38% and 49% in the mid-
dle and downstream sub-basins of the study area (Fig. 11c). In the
2031-2050 timeframe, the SSP 5.85 scenario showed the most signifi-
cantincrease in annual surface runoff (53%), while the SSP 2.45 scenario
exhibited the most substantial decline (—49%) in the upstream sub-
basins. In comparison to the baseline average annual rainfall, the find-
ings indicated a decreasing trend in rainfall for the majority of the re-
search area's sub-basins. The projected rainfall for the SSP 2.45 and
SSP 5.85 scenarios exhibited a similar pattern in the future. While the
upper regions were expected to experience an increase in rainfall
between 17.67% and 20.84%, the middle and downstream sub-
basins were predicted the reduction in rainfall between —20.84%
and — 36.34%. Fig. 11c displayed an upward trend in river flow in the
upper area of the river basin (Himalayan region) but a declining trend
in the western region (Indrawati and Melamchi tributaries).

5. Conclusions

In this study, we conducted an analysis of the impact of climate
change on temperature, rainfall, and streamflow in the SRB. We utilized
top-performing GCMs, namely MIROC6 and NorESM, under the SSP 2.45
and SSP 5.85 scenarios for the time periods of 2022-2030 and
2031-2050 to project future climate changes in the basin. Tmax
(highest temperature) and Tmin (lowest temperature) were projected
using MIROC6 and the Statistical Downscaling Method, while NorESM
provided information on future rainfall. The calibrated SWAT model
was employed to determine expected streamflow using these projec-
tions as inputs. We then used the aforementioned GCMs and scenarios,
in conjunction with baseline data, to examine and compare the effects
of climate change on streamflow regimes, rainfall patterns, and actual
evapotranspiration in each sub-basin. The key findings of this study
can be summarized as follows:

- The SWAT model performed satisfactorily during daily calibration,
particularly in anticipating low flow. Evaluation indices (NSE and
R?) above 0.7 for both calibration and validation indicated the
model's satisfactory performance at the daily timescale. Despite
data limitations, the calibrated model provided accurate estimates
of future streamflow in the SRB, faithfully reflecting the basin's hy-
drological processes.

\@“ Q@O &‘b& Y’Q‘ @@ \QQ \Q' Yy?o
= == == 0bs
SSP2.45 (2031-2050)

SSP5.85 (2031-2050)

%@Q O(} %04 Qé‘
SSP2.45 (2022-2030)
SSP5.85 (2022-2030)

b)

Fig. 10. Mean monthly a) rainfall and b) flow at two different scenarios in two different future time scale.
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Fig 11. Continued

- Long-term forecasts indicated a general increase in temperatures
(Tmax and Tmin) by the middle of the century. The period from Jan-
uary to June experienced the most significant temperature rise,
followed by a slight drop from June to September during the mon-
soon season and modest increases from October to December. Aver-
age annual temperatures displayed an upward trend.

Moreover, downscaled data revealed an increase in rainfall for future
periods. The higher regions of the basin exhibited a maximum rise of
17.67% under the SSP 2.45 scenario and a maximum increase of
21.79% under the SSP 5.85 scenario. Conversely, downstream re-
gions of the SRB showed decreased rainfall, ranging from —36.34%
in SSP 2.45 scenarios to —20.84% in SSP 5.85 scenarios. Streamflow
estimates under the SSP 2.45 scenario indicated an increase ranging
from 23% to 53% and a reduction from —38% to —40%. Meanwhile,
the SSP 5.85 scenario suggested an increase ranging from 14% to
27% in the near future (NF) and 36% to 54% in the mid-future (MF),
with a decrease ranging from —17% to —33% in NF and — 14% to
—26% in MF. Remarkably, these forecasts depicted increased stream-
flow in the Himalayan regions but decreased flow in the middle and
lower regions, known for their agricultural practices and wooded
areas with soils rich in humic and chromic CAMBISOLS.

Rainfall projections indicated an increase between 7.67% and 21.79%
in the upper regions of the SRB, accompanied by reductions ranging
from —20.84% to —36.34% in the lower and middle regions under differ-
ent scenarios and time periods. These rainfall and PET changes aligned
with the streamflow findings. The maximum anticipated increase in
PET was 0.93% in the future. Consequently, projected water availability
in SRB may fluctuate due to the impacts of climate change, underscoring
the need for further research on how climate change will affect water
resources in the basin.
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