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Abstract: It is unambiguous that climate change alters the intensity and frequency of precipitation
and temperature distribution at the global and local levels. The rate of change in temperature in the
northern latitudes is higher than the worldwide average. The annual distribution of precipitation
over the Himalayas in the northern latitudes shows substantial spatial and temporal heterogeneity.
Precipitation and temperature are the major driving factors that impact the streamflow and water
availability in the basin, illustrating the importance of research on the impact of climate change on
streamflow by varying the precipitation and temperature in the Thuli Bheri River Basin (TBRB). Mul-
tiple climate models were used to project and evaluate the precipitation and temperature distribution
changes in temporal and spatial domains. To analyze the potential impact of climate change on
the streamflow in the basin, the Soil and Water Assessment Tool (SWAT) hydrological model was
used. The climate projection was carried out in three future time windows. The result shows that the
precipitation fluctuates between approximately +12% and +50%, the maximum temperature varies
between −7% and +7%, and the minimum temperature rises from +0.7% to +5% in intermediate-
and high-emission scenarios. In contrast, the streamflow in the basin varies from −40% to +85%.
Thus, there is a significant trend in the temperature increase and precipitation reduction in the
basin. Further, the relationship between precipitation and temperature with streamflow shows a
substantial dependency between them. The variability in precipitation and streamflow is successfully
represented by the water yield in the basin, which plays an important role in the sustainability of
the water-related projects in the basin and downstream to it. This also helps quantify the amount
of water available for hydropower generation, agricultural production, and the water ecosystem in
the TBRB.

Keywords: climate change; climate models; snow-fed; Thuli Bheri River Basin; water yield

1. Introduction

Climate change (CC) is projected to impact the future precipitation, temperature,
and water availability at global [1], regional [2,3], and basin [4,5] scales. As a result, CC
will eventually impact the global and regional hydrological cycle, resulting in intense
floods and droughts [6]. The situation is exacerbated by other driving forces, such as
demography, urbanization, land use and land cover change, and many more [7]. In
addition, mushrooming urbanization and increased anthropogenic activities, such as
high carbon emission through industrial activities, have inflamed the fluctuations in the
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hydrological cycle, affecting the entire water distribution in the watershed. Various studies
have shown the impact of climate change on the long-term projection of hydro-climatic
variables at global, regional, and watershed scales [8–15]. However, only a few studies have
been carried out on the impact of climate change in the northern latitudes of Nepal [5,16].

Several studies have been conducted to assess the impact of climate change in the
Nepalese river basins using hydrological and climate models [4,17,18]. These studies
emphasize the projection and alteration in the precipitation and temperature distribution
in the respective river basins and the potential impact on hydropower generation and
water availability. However, only a few studies have evaluated the effect of climate change
on water yield distribution in future times under intermediate- and high-representative-
concentration-pathway (RCP) emission scenarios in the river basins located at the northern
latitudes of Nepal [19]. The RCPs describe the extent of the future climate based on the
volume of greenhouse gas emissions. For example, RCP 4.5 (intermediate-emission sce-
nario) and RCP 8.5 (high-emission scenario) refer to the radiative forcing of, respectively,
4.5 and 8.5 W/m2 by the end of the 21st century [1]. However, they failed to establish the
relationship between the climatic variables (precipitation and temperature) and streamflow
as precipitation, temperature, and streamflow are sensitive to climate change. Further,
few studies have used an ensemble of multiple climate models as an input to drive the
hydrological model in simulating the future streamflow [5]. In addition, special attention
should be paid to selecting the calibration parameters for efficient snow simulation for
snow-fed river basins. Unlike earlier research, this paper aims to evaluate and quantify
the likely changes in the precipitation, temperature, streamflow, and water yield under
changing climate conditions using multiple climate models in the snow-fed river basins in
western Nepal.

Hydrological models are used as one of the major tools in planning water resources
for sustainable management. The spatial extent of a hydrological model (HM) varies and
can be classified as a lumped or a distributed HM, which can simulate at the global-to-basin
scales for various purposes [20–24]. The lumped HM considers the entire watershed as
a single unit and does not include the spatial difference in the catchment. However, in
the distributed HM, parameters need to be defined for each spatial extent. The Soil and
Water Assessment Tool (SWAT) is a semi-distributed HM [25,26] widely used in simulating
the streamflow under current and future emission scenarios for both large and small
watersheds [16,27–34]. The model uses the hydrological response unit (HRU) as the smallest
unit to simulate streamflow and water availability. The regional climate model (RCM)
climate data are input into the modeling system to simulate the streamflow for the future
time window. As a RCM possesses significant climate biases, it must be corrected before
feeding into the SWAT modeling system [4,5,14,17]. Various bias-correcting techniques
have been devised [35] to reduce biases. Two popular methods, i.e., linear scaling and
quantile mapping (QM), have been widely used to correct biases [17,36].

The Thuli Bheri River Basin (TBRB), one of the subbasins of the Bheri River Basin
(BRB), is located in western Nepal in Karnali Province. The basin comprises a snow-fed
river, one of the major sources of water transfer to the southern river basins, such as the
Babai River Basin (BaRB) in the Lumbini province of the country [19]. The government
has started constructing a Bheri Babai Diversion Multipurpose Project (BBDMP) to transfer
water from the Bheri River to the BaRB. The latter basin is a water deficit basin aiming
to provide year-round irrigation facilities and generate hydroelectricity [37]. Therefore,
the intensity and frequency of the precipitation and temperature received in the basin will
impact the river’s spatiotemporal variability of water availability.

Moreover, further increase or decrease in the daily/monthly/annual temperature will
significantly impact snow melting, fluctuating the streamflow volume in space and time.
Thus, the water volume available in the TBRB will ultimately alter the transferring water
volume to BaRB. Additionally, the extent of climate change on the water resources in TBRB
will eventually impact the water resources’ availability in the BaRB and ultimately affect
the planned year-round irrigation, hydropower, and the country’s economy. In this context,
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a study focusing on the impact of climate change on the future precipitation, temperature,
and streamflow, and interdependencies between them would be valuable for the water
resource managers and different stakeholders active in BBDMP.

This study aims to assess the projection and changes in precipitation, temperature,
streamflow, and water yield and establish the interdependencies of precipitation and
temperature against streamflow in the snow-fed TBRB located in the northern latitudes of
Nepal using multiple climate models under the intermediate-and high-emission scenario.
The research results will help water management authorities of TBRB regulate river water
transfer through BBDMP under changing climate in the future. Further, the insights of
this study can be employed in other transboundary river basins with similar climatic,
geographic, and topographic features.

2. Materials and Methods
2.1. Materials

The data required for this research were acquired from various sources, as shown
in Table 1. The table illustrates the spatial and temporal extent of the acquired datasets
and their respective reference material. The hydro-meteorological data were collected
from the Department of Hydrology and Meteorology (DHM), Kathmandu, Nepal, and
their details are tabulated in Table S1. The spatial data such as land use and land cover
(LULC), soil, and digital elevation model (DEM) were collected from the International
Centre for Integrated Mountain Development (ICIMOD), soil and terrain database- food
and agricultural organization (SOTER-FAO), and the shuttle radar topography mission
(SRTM), respectively. The DEM is available at 30 m× 30 m horizontal resolution, one of the
high-resolution DEMs used for hydrological modeling purposes. Similarly, the LULC data
available from the ICIMOD are also at 30 m × 30 m horizontal resolution. The soil data
prepared by SOTER-FAO are available at 1:1 million spatial resolution. The daily climate
data with non-homogeneous spatial distribution well represent the study area. The climate
models were collected from the coordinated regional climate downscaling experiment
(CORDEX) South Asia experiment for climate projections. The climate models were chosen
based on their performance in different research carried out in the Himalayan River Basins
and considering their spatial and temporal resolution. The CORDEX South Asia RCM
is dynamically downscaled from six global climate models (GCMs), namely ACCESS1-0,
GFDL-CM3, CNRM-CM5, MPI-ESM-LR, and NorESM-1 M [38]. These climate models have
a horizontal resolution of 0.5◦ × 0.5◦ and are available for 1971–2005 (historical period)
and 2006–2100 (future period). In this study, we used the climate model data from 1981
to 2005 for the historical time window because of the data limitation in the observed data
from DHM, and the future climate data were used from 2021 to 2100.

Table 1. Characteristics and spatial extent of different data used in the current study.

SN Data Type Source
Characteristics

Reference
Period Spatial/Temporal Resolution

1 Precipitation

DHM, Nepal 1981–2014 Daily http://www.dhm.gov.np/ (accessed on
15 July 2018).

2 Temperature

3 Solar Radiation

4 Humidity

5 Wind

6 Streamflow

7 Land use and Land cover ICIMOD, Nepal 2010 30 m × 30 m [39]

8 Soil SOTER-FAO 2009 1:1 Million [40]

9

Climate Models
CORDEX South Asia

RCM Experiment 1981–2100 0.5◦ × 0.5◦

[4,38]
http://cccr.tropmet.res.in (accessed on

10 December 2017).

ACCESS1-0, GFDL-CM3, CNRM-CM5,
MPI-ESM-LR, NorESM1-M

Commonwealth Scientific and Industrial
Research Organisation (CSIRO)

10 Digital Elevation Model SRTM 2010 30 m × 30 m

ICIMOD: International Center for Integrated Mountain Development, SOTER-FAO: Soil and Terrain Database-Food and Agricultural
Organization, DHM: Department of Hydrology and Meteorology, SRTM-DEM: The shuttle radar topography mission-digital elevation
model, CORDEX: coordinated regional climate downscaling experiment.

http://www.dhm.gov.np/
http://cccr.tropmet.res.in
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2.2. Methods
2.2.1. Bias Correction of Precipitation and Temperature

The climate model data were extracted to a point scale at gauge stations. Future precip-
itation and temperature projection were evaluated after correcting bias from the extracted
climate model data using the quantile mapping (QM) approach. The QM approach as-
sumes that the bias in the historical data is fixed and will remain the same when projecting
the future climates [41]. QM corrects the climate model data’s quantile by matching the
observed data’s quantiles by creating a transfer function [35,36]. Empirical QM was used
and implemented in the R-programming language using the ‘qmap’ package. The general
equation representing the empirical QM technique is shown by Equations (1)–(4):

Phis (d)* = F−1
obs,m {Fhis,m (Phis,m)} (1)

Psim (d)* = F−1
obs,m {Fsim,m (Psim,m)} (2)

This (d)* = F−1
obs,m {Fhis,m (This,m)} (3)

Tsim (d)* = F−1
obs,m {Fsim,m (Tsim,m)} (4)

where F is the cumulative distribution function and F−1 is the inverse. P represents precip-
itation, T represents temperature, and his, sim, and obs represents historical, simulated,
and observed, respectively.

The bias-corrected (BC) precipitation and temperature data were projected at monthly
and annual scales for future time windows. The future time windows are referred to as
Near Future (2021–2040), Mid Future (2041–2070), and Far Future (2071–2100). The Near
Future was shortening to 20 years to account for the future climatic variability and provide
the equal temporal length of Mid Future and Far Future.

2.2.2. Development of SWAT Hydrological Model

The physically based semi-distributed SWAT hydrological model was developed to
simulate the river runoff for historical and future time windows in the TBRB. Firstly, the
whole TBRB was divided into 27 sub-basins incorporating the major river tributaries as
far as possible. Then, the sub-basins were further divided into 362 hydrologic response
units (HRUs) with similar land use, soil, and slopes, taking 2%, 5%, and 10% as thresholds,
respectively. The model was then calibrated and validated at the Rimma gauge station
(represented by triangle symbol in Figure 1) using the SUFI-2 algorithm in the Soil and Wa-
ter Assessment Tool-Calibration Uncertainties Program (SWAT-CUP) module considering
Nash–Sutcliffe efficiency (NSE) as an objective function. Three iterations, 500 simulations of
each, were carried out in SWAT-CUP to improve the parameters’ values in each iteration to
meet the objective function. The calibrated parameters were then used in the SWAT model
to enhance the efficiency of the model further. Calibration was carried out for 19 years
(1988–2006) and then validated for seven years (2007–2013). The bias-corrected projected
climate model precipitation and temperature data were then fed into the SWAT model to
simulate the future streamflow and water yield in each sub-basin.

2.3. Study Area

The TBRB is one of the sub-basins of the Bheri River Basin system of the Karnali
Province in western Nepal. The basin is situated in the upper Himalayas of Nepal, which
is snow-fed and extends from 82◦16′ E to 83◦40′ E to 28◦ 41′ N to 29◦10′ N. It encompasses
6866 km2, covering approximately 49.3% of the Bheri River watershed area [19]. As per
SRTM-DEM, the vertical elevation in the basin varies from 742.7 m to 7724.0 m above mean
sea level (masl). The basin occupies more than 25% of the snow-covered mountains. The
grassland (25.4%) and snow cover (25.1%) occupy more than 50% of the total land area of the
basin, which is followed by barren land (23.7%). The forest area in the basin covers almost
18.6% of the total basin area. The other land cover types are agriculture (5.3%), shrubland
(1.7%), water bodies (0.2%), and built-up (<0.1%). The basin is located in a remote area of
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the country and is less impacted by human intervention (built-up area <0.1%) [37,40]. The
Bheri River, a major tributary of the Karnali River, runs along TBRB and BRB, where the
government of Nepal is constructing a multipurpose diversion project. The river drains
through the Surkhet district before joining the Karnali River. The national pride project,
BBDMP, aims to transfer water from the Bheri River (site A in Figure 1) to Babai River (site
B in Figure 1) through a diversion tunnel (shown by the solid black line in Figure 1). The
transferred water is proposed to irrigate 51,000 Ha of command area in Banke, Bardiya,
and current irrigated land by the Babai Irrigation Project throughout the year and generate
46.8 MW of hydroenergy [37].
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Figure 1. Location of the hydro-meteorological stations, land use land cover (LULC), digital elevation model (DEM), and
hill shade of the study area at the Thuli Bheri River Basin (TBRB) and the provinces in the country and Karnali Province
enclosing the study area (inset). The lower left of the figure shows the Babai River Basin (BaRB) and the diversion tunnel
connecting (A) diversion site in Bheri river and (B) powerhouse site in Babai river of Bheri Babai Diversion Multipurpose
Project (BBDMP).

3. Results
3.1. Statistical Performance of Bias-Corrected Precipitation and Temperature

The ensemble average monthly distribution of precipitation for different climate
models before and after bias correction against the observed data is shown in Figure 2.
All the climate models overestimated the historical uncorrected precipitation data at all
gauge stations. The maximum overestimation in the monthly precipitation was seen at
station 303, while the minimum overestimation was at station 418. For example, at station
303 in July, the monthly precipitation was 177.9 mm, while the ACCESS1-0 model was
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overestimated to be 572.1 mm, which was found to be 172.0 mm after bias correction.
Similarly, at station 418 in the same month, the observed precipitation was 531.0 mm, but
the ACCESS1-0 model overestimated it to be 618.6 mm. After applying the bias correction,
monthly precipitation was found to be 554.8 mm. Similar tendencies were observed at
other stations when using the other climate models with varying intensities.

After bias correction, the statistical performance of all the climate models at each
station was checked, as shown in Table 2. The statistical indicators (R2, r, mean, Stdev,
RMSE, RSR) showed an increase in the performance after bias corrections. For example, at
station 303, the statistical indicators (R2, r, Stdev, RMSE, RSR) were found to be 0.4 (0.5),
0.6 (0.7), 215.1 mm (65.7 mm), 263.7 mm (54.1 mm), 1.2 (0.8) for Raw (BC), respectively.
Similar behavior of the statistical indicators was observed for other climate models and
ground stations (Table 2). The same for the minimum and maximum temperature is shown
in Supplementary Figure S2 and Table S2. Thus, the statistical performance results show
that the indicator values are improved after the bias correction.
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Table 2. The statistical performance of different climate models at various stations before and after application of bias
correction. ‘Raw’ represents the statistical performance of the climate model before bias correction, while BC represents
after bias correction.

Climate Model Statistical Indicator
Station 303 Station 304 Station 404 Station 418 Station 501

Raw BC Raw BC Raw BC Raw BC Raw BC

ACCESS 1-0

R2 0.4 0.5 0.3 0.5 0.3 0.6 0.4 0.6 0.4 0.6

r 0.6 0.7 0.5 0.7 0.6 0.7 0.6 0.8 0.6 0.7

Mean 259.3 68.9 213.8 89.0 225.8 163.7 276.3 177.8 259.1 149.1

Stdev 215.1 65.7 148.9 97.2 264.2 216.8 251.6 209.5 283.0 183.2

RMSE 263.7 54.1 181.6 77.5 231.7 153.4 238.2 134.3 254.0 132.7

RSR 1.2 0.8 1.2 0.8 0.9 0.7 0.9 0.6 0.9 0.7

CNRM-CM5

R2 0.4 0.4 0.3 0.6 0.4 0.6 0.5 0.7 0.5 0.6

r 0.6 0.7 0.6 0.7 0.7 0.8 0.7 0.8 0.7 0.8

Mean 239.4 68.9 198.0 89.1 231.1 163.4 270.0 177.8 261.6 149.2

Stdev 209.1 66.8 150.0 96.2 266.9 210.6 257.9 206.2 295.6 180.1

RMSE 245.6 56.0 165.6 72.2 212.2 139.7 229.0 123.6 239.5 124.2

RSR 1.2 0.8 1.1 0.8 0.8 0.7 0.9 0.6 0.8 0.7

GFDL-CM3

R2 0.3 0.6 0.3 0.5 0.4 0.6 0.5 0.5 0.4 0.6

r 0.6 0.7 0.6 0.7 0.7 0.8 0.7 0.7 0.7 0.8

Mean 244.0 178.1 199.1 163.4 209.1 89.0 262.3 68.9 253.9 149.4

Stdev 193.1 208.7 138.5 212.5 236.2 98.8 230.6 65.8 273.3 178.8

RMSE 239.7 197.2 159.6 171.2 193.3 166.6 214.3 206.2 231.1 124.5

RSR 1.2 0.9 1.2 0.8 0.8 1.7 0.9 3.1 0.8 0.7

MPI-ESM-LR

R2 0.3 0.5 0.3 0.6 0.5 0.6 0.5 0.5 0.4 0.6

r 0.6 0.7 0.6 0.8 0.7 0.8 0.7 0.7 0.7 0.8

Mean 267.0 177.7 222.2 163.5 234.4 88.9 293.3 69.1 272.4 149.2

Stdev 215.6 206.5 156.4 211.9 267.1 96.5 259.4 65.9 284.1 181.7

RMSE 271.9 196.5 187.1 166.2 202.8 166.7 235.1 206.1 245.2 125.4

RSR 1.3 1.0 1.2 0.8 0.8 1.7 0.9 3.1 0.9 0.7

NorESM1-M

R2 0.3 0.5 0.3 0.5 0.4 0.6 0.5 0.5 0.5 0.6

r 0.6 0.7 0.5 0.7 0.6 0.8 0.7 0.7 0.7 0.8

Mean 267.4 177.7 220.2 163.1 231.8 89.1 285.4 69.1 267.7 149.1

Stdev 210.7 206.0 156.5 211.0 271.0 95.8 256.5 66.4 284.6 180.8

RMSE 268.5 195.8 190.0 168.1 221.2 167.6 252.5 206.7 239.2 118.2

RSR 1.3 1.0 1.2 0.8 0.8 1.7 1.0 3.1 0.8 0.7

3.2. Projection and Changes in Monthly Precipitation

The monthly projection and percentage change in precipitation using multiple climate
models under two RCP scenarios in the TBRB are shown in Figure 3. The average pre-
cipitation in the basin is projected to vary from 14.9 mm (ACCESS1-0) in November to
433.1 mm (GFDL-CM3) in July under RCP 4.5 (Figure 3a). Similarly, under RCP 8.5, the
monthly precipitation is projected to vary from 10.8 mm (GFDL-CM3) in November to 415.8
mm (ACCESS1-0) in August (Figure 3b). Under RCP 4.5 and 8.5 the ACCESS1-0 climate
model overestimated the precipitation projection in January, March, June, August, and
October and underestimated the rest of the months. In contrast, the projected precipitation
results from the CNRM-CM5 climate model showed an underestimation in December
under RCP 4.5 and an underestimation in July and December under RCP 8.5. Similarly,
an underestimation in precipitation projection was observed in November, February, and
September and May as projected by GFDL-CM3, MPI-ESM-LR, and NorESM1-M, respec-
tively, and an overestimation during the remaining months. In contrast, under RCP 8.5,
the CNRM-CM5 climate model showed an underestimation in February, July, August,
November, and December, and MPI-ESM-LR and NorESM1-M showed an underestimation
in July and December and July, September, and November, respectively.
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The highest (+49.3%) and lowest (−12.4%) change in projected precipitation was ob-
served in March and February, respectively, under RCP 4.5 as projected by the ACCESS1-0
climate model (Figure 3c). Under RCP 8.5, the maximum change in the projected precip-
itation was found to be +51.1%, and the minimum change was found to be −11.9%, as
depicted by ACCESS1-0 and GFDL-CM3 (Figure 3d). The greatest monthly precipitation
shift was found to be +149.9% and +192.4% at station 418 and station 404 under RCP 4.5
and RCP 8.5, respectively. Similarly, the minimum change in monthly precipitation was
found to be −41.9% and −44.9% at station 404 and station 303 under RCP 4.5 and RCP 8.5,
respectively (Table 3). The maximum change in the precipitation projection at station 418
and station 404 under RCP 4.5 and RCP 8.5 was projected to occur in March and April,
respectively, while the minimum change in the precipitation projection was projected to
occur in February and November under RCP 4.5 and RCP 8.5, respectively. Results of the
precipitation projection and their changes show an underestimation in low flow months
and overestimation in high flow months.

Table 3. The maximum and minimum shift in precipitation and temperature projection values at various stations under
different climatic scenarios in the Thuli Bheri River Basin. The ‘+’ sign indicates the overestimation, and the ‘−‘ sign
indicates the underestimation. The values within parentheses represent the respective values in percentage (%).

Station Name
RCP 4.5 RCP 8.5

Remarks
Maximum Change Minimum Change Maximum Change Minimum Change

Station 303 +44.9 mm (+89.6%) −9.6 mm (−22.1%) +15.1 mm (+97.5%) −4.8 mm (−44.9%)

Precipitation

Station 304 +37.7 mm (+91.1%) −9.1 mm (−27.0%) +12.3 mm (+112.7%) −2.2 mm (−20.6%)

Station 404 +42.8 mm (+133.6%) −17.6 mm (−41.9%) +61.6 mm (+192.4%) −5.1 mm (−36.0%)

Station 418 +72.7 mm (+149.9%) −19.3 mm (−32.3%) +70.3 mm (+144.8%) −7.8 mm (−37.3%)

Station 501 +48.7 mm (+123.8%) −5.7 mm (−32.1%) +54.3 mm (+138.1%) −7.5 mm (−42.6%)

Station 303 +5.9 ◦C (+39.6%) −3.4 ◦C (−14.3%) +7.3 ◦C (+53.6%) −2.6 ◦C (−10.7%)
Maximum Temperature

Station 513 +4.6 ◦C (+22.5%) −11.1 ◦C (−32.2%) +7.2 ◦C (+35.4%) −11.1 ◦C (−32.2%)

Station 303 +3.7 ◦C (+20.8%) +0.6 ◦C (+3.1%) +5.8 ◦C (+30.7%) +1.5 ◦C (+6.1%)
Minimum Temperature

Station 513 +2.3 ◦C (+11.5%) −0.4 ◦C (+1.3%) +4.9 ◦C (+16.9%) +1.1 ◦C (+4.0%)
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3.3. Projection and Changes in Monthly Temperature

The projection and changes in average monthly maximum and minimum temperature
are shown in Figure 4. The monthly projection in average maximum temperature showed
both overestimation and underestimation by the climate models (Figure 4a,b). The drier
months (October to February) showed the overestimation in maximum temperature pro-
jection, and the wetter months (March to September) showed the underestimation in the
maximum temperature projection, which implies that summer temperature is projected
to reduce, and the winter temperature is projected to increase in the future. The monthly
projection in average minimum temperature showed an overestimated temperature pro-
jection when using all the climate models (Figure 4c,d). The change in projected average
maximum temperature varied from−6.9 ◦C (NorESM1-M) to +4.9 ◦C (MPI-ESM-LR) under
RCP 4.5 and vary from −6.7 ◦C (NorESM1-M) to +6.6 ◦C (GFDL-CM3) under RCP 8.5.
Similarly, the projection in average minimum temperature varied from +0.7 (NorESM1-M)
to +2.5 ◦C (ACCESS1-0) under RCP 4.5 and from +1.4 (CNRM-CM5) to 4.9 ◦C (GFDL-CM3)
under the RCP 8.5 climatic scenario. The minimum and maximum changes in average
maximum temperature are projected to occur in June and January, respectively. At the
same time, the change in average minimum temperature is projected to occur in Febru-
ary and June, respectively, under RCP 4.5. Under RCP 8.5, the minimum and maximum
changes in average maximum temperature are projected to occur in June and January.
These changes in average minimum temperature are projected to occur in November and
October, respectively.

The station-wise absolute and relative change distribution of minimum and maximum
change in both maximum and minimum temperature are shown in Table 3. At station 303,
the relative change in the maximum and minimum value of maximum temperature was
found to be +5.9 ◦C (ACCESS1-0) and −3.4 ◦C (NorESM1-M) under RCP 4.5 and +7.3 ◦C
(MPI-ESM-LR) and −2.6 ◦C (NorESM1-M) under RCP 8.5. Similarly, the relative change in
minimum temperature at the same station is projected to be +3.7 ◦C (MPI-ESM-LR) and
+0.6 ◦C (CNRM-CM5) under RCP 4.5 and +5.8 ◦C (GFDL-CM3) and +1.5 ◦C (NorESM1-M)
under RCP 8.5 climatic.
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Figure 4. Monthly projection in maximum and minimum temperature averaged over two stations in the Thuli River
Basin using multiple climate models under RCP 4.5 (a,c) and RCP 8.5 (b,d) emission scenarios. (a,c) show the projected
precipitation and percentage change in precipitation amount under the RCP 4.5 emission scenario. (b,d) show the same
under the RCP 8.5 emission scenario.
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3.4. Calibration and Validation of SWAT Hydrological Model

The developed SWAT hydrological model for the TBRB was calibrated and validated
for 1988–2006 and 2007–2013, respectively, as shown in Figure 5. The black dotted line
represents observed daily discharge data. The solid purple line represents the simulated
daily discharge data at Rimma gauge station. The grey vertical bar represents the average
daily precipitation in the basin. Three statistical indicators, percentage bias (PBIAS),
coefficient of determination (R2), and Nash–Sutcliffe efficiency (NSE), were observed to
be −12.9%, 0.81, 0.58 for calibration, and +14.3%, 0.73, 0.72 for validation, respectively.
Model performance can be considered satisfactory at PBIAS within ±25%, R2 greater than
0.6, and NSE greater than 0.5 [42]. Thus, the statistical indicators showed the justifiable
performance of model calibration and validation for the TBRB. During the simulation of
the SWAT model, 20 sets of parameters were used, out of which 12 were found to be more
sensitive towards observed discharge data. The parameters used in this study are tabulated
in Table 4.

Table 4. Parameters, their fitted value, and mode of changing the parameters used in the SWAT modeling.

Parameter Name Description Fitted Value Change Method

SOL_K Saturated hydraulic conductivity (mm/h) −0.1 Multiply

CN2 SCS runoff curve number −0.38 Multiply

SOL_AWC Available water capacity of the soil layer (mm H2O/mm) 0.06 Multiply

GWQMN Threshold depth of water in a shallow aquifer 3500 Replace

REVAPMN Threshold depth if water in a shallow aquifer for revap 30 Replace

GW_REVAP Groundwater revap coefficeient 0.2 Replace

RECHRG_DP Deep aquifer percolation factor 0.15 Replace

GW_DELAY Groundwater delay time (days) 100 Replace

ESCO Soil evaporation compensation factor 0.5 Multiply

EPCO Plant water uptake compensation factor 0.3 Replace

ALPHA_BF Baseflow alpha factor 0.08 Replace

SURLAG Surface runoff lag coefficient (days) 2.5 Replace

SNOCOVMX Snow water equivalent to 100% snow cover (mm) 93.03 Replace

SNO50COV Snow water equivalent to 50% snow cover (mm) 0.62 Replace

TLAPS Temperatuure lapse rate (◦C/km) −6.3 Replace

PLAPS Rainfall lapse rate (mm/km) −170 Replace

SFTMP Snowfall temperature [◦C] 1.0 Replace

SMTMP Snow melt base temperature [◦C] 0.5 Replace

SMFMX Melt factor for snow on June 21 [mm H2O/◦C-day] 4.5 Replace

SMFMN Melt factor for snow on December 21 [mm H2O/◦C-day] 4.5 Replace
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3.5. Projection and Changes in Monthly Streamflow

The projection and changes in average monthly streamflow using multiple climate
models under RCP 4.5 and RCP 8.5 are shown in Figure 6. Under RCP 4.5, the streamflow
projection is anticipated to vary from 35.9 m3/s to 699.4 m3/s as shown by MPI-ESM-LR
and CNRM-CM5 climate models, respectively. Similarly, the streamflow projection under
RCP 8.5 ranges from 38.7 m3/s to 728.7 m3/s as depicted by GFDL-CM3 and ACCESS1-0
climate models, respectively. The minimum streamflow projection is projected to occur in
February under RCP 4.5 and in March under RCP 8.5. In contrast, the maximum streamflow
projection is anticipated in August under RCP 4.5 and RCP 8.5 (Figure 6a,b). Further, the
results portray an underestimation in low flow months and an under- and overestimation
in high flow months in both climatic scenarios, which implies that the basin is projected
to have heavy floods in high flow months and drought conditions in low flow months
attenuated by fluctuations in precipitation and temperature patterns.
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(a,c) show the projected precipitation and percentage change in precipitation amount under the RCP 4.5 emission scenario.
(b,d) show the same under the RCP 8.5 emission scenario.
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All the climate models showed an overestimated streamflow projection from July to
March and an underestimated streamflow projection from May to June under RCP 4.5 and
8.5, respectively. However, a mixed tendency of overestimation and underestimation is
observed by different climate models in April. GFDL-CM3 and MPI-ESM-LR projected an
underestimation in streamflow simulation under both climatic scenarios, while ACCESS1-
0, CNRM-CM5, and NorESM1-M projected an overestimated streamflow. Small traces
(0.3 to 0.5%) of changes in streamflow are observed as shown by ACCESS1-0 and NorESM1-
M under RCP 4.5. The results show that the minimum and maximum changes in streamflow
projection are−62.4 mm (52.9%) and +32.1 mm (85.9%) under RCP 4.5. ACCESS1-0 projects
the minimum change in streamflow to occur in May. In contrast, the maximum change
in streamflow is projected by CNRM-CM5 in March. Under RCP 8.5, the minimum and
maximum streamflow change are−52.5 mm (−44.5%) and +29.4 mm (+78.7%), respectively.
The minimum and maximum changes in streamflow are projected by MPI-ESM-LR and
NorESM1-M in May and March, respectively (Figure 6c,d).

3.6. Projection and Changes in Precipitation Pattern for Future Time Windows

The projection and changes in precipitation pattern for three future time windows
are shown in Figure S2 and Figure 7, respectively, under RCP 4.5 and RCP 8.5 emission
scenarios. The projection in the precipitation pattern for three future time windows ranges
from 818.8 mm (ACCESS1-0) to 2376.1 mm (CNRM-CM5) in Near Future, 884.2 mm (MPI-
ESM-LR) to 2318.6 mm (CNRM-CM5) in Mid Future, and 852.4 mm (MPI-ESM-LR) to
2362.2 mm (CNRM-CM5) in Far Future under RCP 4.5. Under RCP 8.5, the projected
precipitation in the basin is found to vary from 846.0 mm (MPI-ESM-LR) to 2308.8 mm
(CNRM-CM5) in Near Future, 925.8 mm (ACCESS1-0) to 2257.8 mm (ACCESS1-0) in
Mid Future, and 920.0 mm (MPI-ESM-LR) to 2258.3 mm (CNRM-CM5) in the Far Future.
The spatial distribution of the precipitation pattern shows that the maximum amount of
precipitation is projected to occur at Station 418, and the minimum is projected to occur
at Station 303 under both climatic scenarios. Similarly, the basin average of the projected
precipitation showed the variation in precipitation amount from 1528.2 mm (MPI-ESM-
LR) to 1687.8 mm (CNRM-CM5) in Near Future, 1579.9 mm (NorESM1-M) to 1678.1 mm
(GFDL-CM3) in Mid Future, and 1556.8 mm (ACCESS1-0) to 1714.1 mm (FGDL-CM3)
in Far Future under RCP 4.5. Likewise, under RCP 8.5, the projection in basin average
precipitation distribution varied from 1598.2 mm (MPI-ESM-LR) to 1692.2 mm (CNRM-
CM5) in Near Future, 1558.3 mm (GFDL-CM3) to 1656.0 mm (ACCESS1-0) in Mid Future,
and 1557.5 mm (MPI-ESM-LR) to 1737.1 mm (CNRM-CM5) in Far Future. The projection of
the precipitation distribution is overestimated by all the considered climate models against
the basin average observed precipitation (1474.2 mm), which signifies the plausible risk of
heavy rains and floods in the future.

The absolute changes in the precipitation distribution for three future time windows
vary from −2.8% to +23.5%, +1.1% to +20.5%, and +0.9% to +22.8% in Near Future, Mid
Future, and Far Future, respectively, under RCP 4.5. The changes in the future precipitation
pattern fluctuate from +3.2% to +20.0%, 0.0% to +18.4%, and −2.8% to +31.6% in Near
Future, Mid Future, and Far Future, respectively. Under RCP 4.5, the lowest and highest
change in the precipitation projection are projected by MPI-ESM-LR and CNRM-CM5 in
Near Future, respectively. Similarly, the precipitation projection in Mid Future shows the
maximum and minimum changes when using MPI-ESM-LR and CNRM-CM5 climate mod-
els, respectively. In contrast, the climate models ACCESS1-0 and CNRM-CM5 projected
the minimum and maximum changes in precipitation occurrence in the Far Future. This
states that uncertainty exists in the projection of future precipitation [4]. MPI-ESM-LR
and CNRM-CM5 climate models exhibit the minimum and maximum changes in the
future precipitation projection during Near Future, and GFDL-CM3 and CNRM-CM5
climate models during Mid and Far Future. The absolute and relative changes in the
projected precipitation in three future periods are heterogeneous in spatial distribution
under both emission scenarios. Under RCP 4.5, the lowest and highest variability in the
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projected precipitation are found at Stations 404 and 418 in Near, Mid, and Far Future,
respectively. The spatial distribution at precipitation gauge stations shows the lowest
alteration in Station 303 and the highest alteration in Station 418 in Near Future. Stations
404 and 303 exhibited the lowest and highest fluctuations in projected precipitation in
Mid Future, and Stations 501 and 303 in Far Future under RCP 8.5. The non-homogenous
projection of the precipitation pattern in temporal and spatial extent will eventually impact
the water-related activities, such as agricultural yield, hydropower generation, hydropower
generated economic development, and many more in the basin.
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3.7. Projection and Changes in Temperature Pattern for Future Time Windows

The projections of maximum and minimum temperature (Figures S3 and S4) and their
changes in percentage for future time windows under RCPs 4.5 and 8.5 (Figures 8 and 9)
show the increase in temperature on average. The future maximum temperature in the
basin varied from 19.9 (CNRM-CM5) to 27.5 (ACCESS1-0 and CNRM-CM5) ◦C in Near Fu-
ture, 20.6 (CNRM-CM5) to 28.2 (GFDL-CM3) ◦C in Mid Future, and 21.4 (CNRM-CM5) to
30.1 (GFDL-CM3) ◦C in Far Future under RCP 4.5 (Figure S2a–c). The projected max-
imum temperature in the basin is projected to vary from 20.0 (CNRM-CM5) to 27.6
(ACCESS1-0) ◦C in Near Future, 21.4 (CNRM-CM5) to 29.2 (GFDL-CM3) ◦C in Mid Future,
and 23.4 (CNRM-CM5) to 31.2 (GFDL-CM3) ◦C in Far Future under RCP 8.5 (Figure S3d–f).
Results of maximum temperature projection show an underestimation in Near Future and
an overestimation in the Mid and Far Future, which indicates that the basin will have more
heat events. The increase in heat events would have a potential impact on the regional
hydrological cycle. Additionally, this will further increase the rate of evaporation and
unconventional precipitation pattern in the basin. An increase in the maximum temper-
ature would significantly impact biotic activities. Similarly, projection of the minimum
temperature in the basin shows a variation from 5.3 (CNRM-CM5) to 15.7 (ACCESS1-0,
CNRM-CM5, and MPI-ESM-LR) ◦C in Near Future, 6.0 (CNRM-CM5) to 16.3 (ACCESS1-0
and CNRM-CM5) ◦C in Mid Future, and 6.6 (CNRM-CM5) to 17.0 (ACCESS1-0 and CNRM-
CM5) ◦C in Far Future under RCP 4.5 (Figure S3a–c). The projection in minimum temper-
ature in the basin varied from 5.3 (CNRM-CM5) to 16.2 (GFDL-CM3) ◦C in Near Future,
6.7 (CNRM-CM5) to 17.9 (GFDL-CM3) ◦C in Mid Future, and 8.5 (CNRM-CM5) to 19.9
(GFDL-CM3) ◦C under RCP 8.5 (Figure S3d–f). The basin average maximum temperature
in the basin is projected to fluctuate from 23.6 to 24.4 ◦C in Near Future, 24.2 to 25.3 ◦C in
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Mid Future, and 24.4 to 26.3 ◦C in Far Future under RCP 4.5. Under RCP 8.5, the basin
average maximum temperature demonstrated a variation from 23.3 to 24.7 ◦C in Near
Future, 24.4 to 26.3 ◦C in Mid Future, and 26.1 to 28.5 ◦C in Far Future. The projected
average minimum temperature in the basin shows variations ranging from 10.6 to 10.8 ◦C
in Near Future, 11.1 to 11.5 ◦C in Mid Future, and 11.5 to 12.3 ◦C in Far Future under
RCP 4.5. The average projected minimum temperature in the basin varied from 10.4 to
11.1 ◦C in Near Future, 11.5 to 13.2 ◦C in Mid Future, and 13.0 to 15.3 ◦C in Far Future
under RCP 8.5 (Figure S4).

The relative change in projected maximum temperature shows a reducing tendency
in Near Future and an increasing tendency in the Mid and Far Future (Figure 8) under
both emission scenarios. The relative change in station-based maximum temperature is
found to vary from −5.3% (NorESM1-M) to +6.0% (MPI-ESM-LR) in Near Future, −4.2%
(NorESM1-M) to +10.0% (GFDL-CM3) in Mid Future, and −3.2% (NorESM1-M) to +12.8%
(ACCESS1-0) in Far Future under RCP 4.5 (Figure 8a–c), whereas under RCP 8.5, it vary
from −6.2% (CNRM-CM5) to +7.6% (MPI-ESM-LR) in Near Future, −3.5% (NorESM1-M)
to +14.6% (GFDL-CM3) in Mid Future, and +1.2% (NorESM1-M) to 27.0% (GFDL-CM3) in
Far Future (Figure 8d–f). The minimum change in maximum temperature is pronounced
at Station 513 (elevation: 910 masl), and the maximum change is pronounced in Station
303 (elevation: 2300 masl) for all future time windows under both climatic scenarios. High
variation in maximum temperature is projected to occur in the high elevation area (northern
belt of the basin). Less variation is projected to occur in the low elevation area (southern
belt of the basin). The large increase in the maximum temperature will have a potential
impact on surface water availability. An increase in flood events and drought events
might be witnessed with an increase in maximum temperature. The increase in maximum
temperature (Station 303) in the snow-fed region of the basin might melt the summer snow
and increase the glacier flow as surface water with increased flood events. In contrast, the
increased temperature will accelerate evaporation, increasing the dryness of the landmass.
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Figure 8. Temporal changes in the maximum temperature for three future time windows, namely, Near Future (2021–2040),
Mid Future (2041–2070), and Far Future (2071–2100) using multiple climate models under RCP 4.5 (a–c) and RCP 8.5 (d–f).
(a–c) show the percentage change in temperature under the RCP 4.5 emission scenario. (d–f) show the same under the
RCP 8.5 emission scenario. Additionally, (a,d) show the same for the Near Future, (b,e) for the Mid Future, and (c,f) for the
Far Future.

The relative change in the minimum temperature for three future time windows is
shown in Figure 9. Results of the projection of minimum temperature show an increasing
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tendency for all future time windows. The change is found to vary from +9.0% (NorESM1-
M) to 28.1% (ACCESS1-0 and MPI-ESM-LR) in Near Future, +12.3% (NorESM1-M) to
+47.2% (ACCESS1-0) in Mid Future, and +14.0% (NorESM1-M) to 64.1% (ACCESS1-0) in
Far Future under RCP 4.5 (Figure 9a–c). Similarly, the change is witnessed to vary from
+8.3% (CNRM-CM5) to +41.6% (GFDL-CM3) in Near Future, +14.8% (CNRM-CM5) to
+84.5% (GFDL-CM3) in Mid Future, and +25.2% (CNRM-CM5) to +133.4% (GFDL-CM3) in
Far Future (Figure 9d–f). The research results revealed that the basin average minimum
temperature alteration fluctuates from +11.8 to 14.6% in Near Future, +18.4 to 22.4% in Mid
Future, and +21.9 to 30.2% in Far Future. Further, the basin average minimum temperature
is found to vary from +10.2 to +20.3% in Near Future, +22.3 to 33.4% in Mid Future,
and +38.6 to 62.1% in Far Future under RCP 8.5. The results portray a relatively large
increase in the projected minimum temperature in Mid and Far Future periods, which
might significantly impact different components of the hydrological cycle of the basin.
Similar to maximum temperature, the skyrocketing increase in the minimum temperature
might be responsible for increased climatic hazards, such as heatwaves, dry days, and
drought events in the future.
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Figure 9. Changes in the minimum temperature for three future time windows, namely, Near Future (2021–2040), Mid
Future (2041–2070), and Far Future (2071–2100) using multiple climate models under RCP 4.5 (a–c) and RCP 8.5 (d–f).
(a–c) show the percentage change in temperature under the RCP 4.5 emission scenario. (d–f) show the same under the
RCP 8.5 emission scenario. Additionally, (a,d) show the same for the Near Future, (b,e) for the Mid Future, and (c,f) for the
Far Future.

3.8. Projection and Changes in Streamflow Pattern for Future Time Windows

The projection and changes in the future streamflow measured at the Rimma gauge
station are shown in Figure S5 and Figure 10. The projected result shows a variation in
streamflow from 188.8 m3/s (MPI-ESM-LR) to 231.1 m3/s (CNRM-CM5) in Near Future,
196.9 m3/s (NorESM1-M) to 223.6 m3/s (CNRM-CM5) in Mid Future, and 191.4 m3/s
(ACCESS1-0) to 221.4 m3/s (CNRM-CM5) in Far Future under RCP 4.5 (Figure S5a–c).
The streamflow at the gauge station varied from 211.3 m3/s (MPI-ESM-LR) to 230.3 m3/s
(CNRM-CM5) in Near Future, 194.5 m3/s (GFDL-CM3) to 217.7 m3/s (ACCESS1-0) in Mid
Future, and 176.2 m3/s (MPI-ESM-LR) to 212.5 m3/s (CNRM-CM5) in Far Future under
RCP 8.5 (Figure S5d–f). The projected result shows increased streamflow in the Near and
Mid Future and decreased streamflow in the Far Future by some models. MPI-ESM-LR
projected the reduced streamflow in the Near Future, and ACCESS1-0 and MPI-ESM-LR
in the Far Future under RCP 4.5. In contrast, under RCP 8.5, GFDL-CM3 and MPI-ESM-
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LR projected reduced streamflow only in the Far Future. The other models projected an
increase in the future streamflow under both RCPs.

The change in projected streamflow varied from −2.7% to +19.1% in Near Future, +1.5
to +15.2% in Mid Future, and −0.4% to +14.1% in Far Future under RCP 4.5 (Figure 10a–c).
In contrast, the relative change in the projected streamflow varied from +8.8 to +18.6% in
Near Future, +0.2 to +12.2% in Mid Future, and −9.2 to +8.6% in Far Future under RCP 8.5
(Figure 10d–f). The maximum change in the streamflow is projected using the CNRM-CM5
climate model, and the minimum change is projected by the MPI-ESM-LR climate model
in the Near Future under RCP 4.5. In contrast, in the Mid Future, NorESM1-M projected
low streamflow, and CNRM-CM5 projected high streamflow. MPI-ESM-LR projected
reduced streamflow, and CNRM-CM5 projected increased streamflow in the Far Future.
The temporal variation of the projected streamflow shows a high value when using the
CNRM-CM5 climate model and a low value when using the MPI-ESM-LR climate model
in the Near Future. Compared to the Near Future, the climate model GFDL-CM3 projected
low streamflow, and ACCESS1-0 climate model projected high streamflow in the Mid
Future. In contrast to Near and Mid Future, underestimation in streamflow is projected
by the MPI-ESM-LR climate model, and overestimation in streamflow is projected by the
CNRM-CM5 climate model in the Far Future.
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Figure 10. Changes in the streamflow (discharge) measured at Rimma gauge station for three future time windows, namely,
Near Future (2021–2040), Mid Future (2041–2070), and Far Future (2071–2100) using multiple climate models under RCP 4.5
(a–c) and RCP 8.5 (d–f). (a–c) show the percentage change in streamflow under the RCP 4.5 emission scenario. (d–f) show
the same under the RCP 8.5 emission scenario. Additionally, (a,d) show the same for the Near Future, (b,e) for the Mid
Future, and (c,f) for the Far Future.

3.9. Relation between Precipitation, Temperature, and Streamflow

The scatter plot in Figure 11 shows the relation between precipitation, temperature,
and streamflow for observed and projected events using multiple climate models. The
coefficient of determination (R2) and the governing regression equation are shown in
Table 5 for 1981–2099. The observed data were plotted for 1981–2014 and the projected
data for 2021–2099. The temporal relation between precipitation and streamflow is shown
in Figure S6 for all the climate models under RCP 4.5 and RCP 8.5. The association between
precipitation and streamflow indicates poor agreement for observed value while a medium
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to good agreement for projected value. The R2 values varied from 0.515 (MPI-ESM-LR) to
0.863 (ACCESS1-0) under RCP 4.5, whereas under RCP 8.5, the R2 value varied from 0.523
(CNRM-CM5) to 0.876 (ACCESS1-0). The linear regression between observed precipitation
and streamflow shows that unit change in precipitation measured in the ‘mm’ unit will alter
the streamflow by 0.0124 m3/s. A large variation in streamflow against the unit change
in precipitation amount is projected to occur when predicting the river streamflow using
CNRM-CM5 (0.1851 m3/s) under RCP 4.5 and using MPI-ESM-LR (0.2083 m3/s) under
RCP 8.5. The results of the precipitation–streamflow relation reveal that the streamflow
will increase substantially in the future compared to the historical trend, indicating that
the basin may face frequent flash floods, increased runoff, and reduced groundwater
recharge potential in the future. A large variation in the precipitation amount is predicted
to widen variation in streamflow using ACCESS1-0 and CNRM-CM5 under RCP 4.5 and
ACCESS1-0 under RCP 8.5. A medium-to-low streamflow is expected when NorESM1-
M is considered in streamflow simulation, highlighting that the climate model shows
uncertainty in the streamflow simulation [43,44]. An ensemble of various climate models
can minimize the uncertainty in predicting future streamflow, which helps in efficient
water resource management.

In terms of temperature, there is no significant change in streamflow with the tem-
perature change. However, the linear regression equation showed a slight reduction in
the streamflow with a unit increase in the maximum and minimum temperature for all
the climate models, except MPI-ESM-LR under RCP 4.5 and NorESM1-M under RCP 8.5.
The linear model predicts a rise in the streamflow by 1.965 m3/s and 4.0496 m3/s (MPI-
ESM-LR), increasing maximum and minimum temperature by unit degree, respectively,
under RCP 4.5. On the other hand, the model predicted a unit degree increase in minimum
temperature would increase the streamflow by 0.6096m3/s (NorESM1-M) under RCP 8.5.
Our results show that with an increase in temperature, the glaciers and snow of the basin
will melt and result in increased streamflow.

Table 5. Coefficient of determination (R2) and governing regression equation to establish the relationship between precipita-
tion, maximum temperature (Tmax), minimum temperature (Tmin) and streamflow.

Climate Models
Precipitation-Streamflow Tmax-Streamflow Tmin-Streamflow Emission

ScenarioR2 Reg. Equation R2 Reg. Equation R2 Reg. Equation

Observed 0.006 0.0124x + 175.64 0.079 −7.698x + 379.12 0.003 −1.2092x + 203.34 Historical

ACCESS1-0 0.863 0.1753x − 75.104 0.232 −21.089x + 729.13 0.089 −15.141x + 376.70

RCP 4.5

CNRM-CM5 0.776 0.1851x − 88.705 0.042 −12.564x + 524.14 0.004 −4.3053x + 273.13

GFDL-CM3 0.802 0.1506x − 39.548 5 × 10−5 −0.226x + 220.55 0.006 −5.2209x + 272.88

MPI-ESM-LR 0.515 0.1573x − 52.339 0.002 +1.965x + 147.37 0.005 +4.0496x + 150.72

NorESM1-M 0.529 0.1444x − 28.840 0.065 −12.113x + 491.00 0.002 −3.0306c + 233.68

ACCESS1-0 0.876 0.1656x − 62.265 0.078 −8.4302x + 431.13 0.036 −5.9331x + 285.90

RCP 8.5

CNRM-CM5 0.523 0.1405x − 22.635 0.012 −3.243x + 294.35 0.000 −0.3233x + 218.37

GFDL-CM3 0.842 0.1806x − 90.913 0.098 −6.6536x + 375.23 0.089 −7.0859x + 293.84

MPI-ESM-LR 0.706 0.2083x − 137.99 0.135 −8.3592x + 411.21 0.104 −8.4461x + 297.08

NorESM1-M 0.644 0.1649x − 61.762 0.002 −1.1695x + 236.94 0.001 +0.6096x + 200.59
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4. Discussion
4.1. Projection and Changes in Precipitation, Temperature, and Streamflow

The results reveal an indication of hydro-climatic variability in TBRB in the future.
The precipitation, temperature, and streamflow projection and their changes showed
wide fluctuations in both monthly and annual temporal scales. The spatial and temporal
average monthly projected precipitation varied from −12.4 to +49.3% under RCP 4.5 and
−11.9 to +51.1% under RCP 8.5. The maximum temperature distribution varied from
−6.9 to +4.9% under RCP 4.5 and −6.7 to +6.6% under RCP 8.5. Similarly, the minimum
temperature distribution showed fluctuations ranging from +0.7 to +2.5% under RCP 4.5
and +1.4% to +4.9% under RCP 8.5. In contrast, the streamflow fluctuates from −52.9 to
85.9% under RCP 4.5 and −44.5 to +78.7% under RCP 8.5. The result showed that alteration
in precipitation and temperature due to climate change has a significant impact on the
streamflow of TBRB. Even a small precipitation elasticity will have a substantial impact
on river streamflow generation [45]. The results outline that significant fluctuations in
precipitation, temperature and streamflow are predicted to occur, which need serious
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attention. The results are congruent with other Nepalese and Indian river basins with
similar topographic features [5,16,19,46,47].

The precipitation, temperature, and streamflow projection and their changes show
the non-homogenous distribution in monthly and future time windows, which is anal-
ogous to other research carried out in the Koshi river basin [48]. The non-homogeneity
in both space and time is shown by overestimation and underestimation of the projected
precipitation, temperature, and streamflow. The underestimation and overestimation in the
projected precipitation and temperature might be the consequences of various uncertainties
associated with the climate models. At the same time, the fluctuation in the streamflow
might be the result of the uncertainty attributed to the hydrological model and bias cor-
rection techniques [4,17]. Further, the variation in the temporal and spatial heterogeneity
of the observed precipitation and temperature distribution is controlled by natural and
anthropogenic activities. The basin’s geomorphology and natural landscape also impact
the precipitation and temperature the basin receives. Depending on the spatio-temporal
precipitation distribution and a land interception, the surface and sub-surface streamflow
are controlled. The streamflow is low during the pre-monsoon season until the soil is
supersaturated, even with heavy precipitation for the first few days. However, the ground
is already saturated during the monsoon season, and the rain falling in the basin will flow
as streamflow. Thus, future land use and land cover type might be a controlling factor for
future streamflow besides precipitation and temperature.

4.2. Impact of Climate Change on the Basin Water Yield

The changes in the water yield (WYLD) imposed by the changes in the projected
precipitation and temperature pattern under RCP 4.5 and RCP 8.5 show a mixed tendency
of increase and decrease in the spatial distribution of water yield in TBRB (Figure 12). The
water yield varies from −28.4% in the east of the basin in the Far Future under RCP 8.5
to +5.4% towards the west in the Near Future under RCP 8.5. The monthly distribution
of water yield is more during wet months (June–September) and less observed in dry
months (October–May) in Himalayan basins [49,50]. The reduction in the water yield was
reported by various pieces of research in Nepalese [5,19] and other river basins across the
world [51,52]. The fluctuations in water yield in TBRB will eventually have an impact
on the BBDMP. The increase in water yield ensures the project’s sustainability, while the
reverse is the case when the water yield in the basin is reduced. The two basins (TBRB and
BaRB) fall in two different provinces according to the new constitution of Nepal. This might
create water disputes between the provincial governments with the increase or decrease of
water yield in the TBRB. Further, the fluctuations in the water yield will also impact the
future water-related projects in the TBRB and BaRB. Therefore, a major discussion on water
distribution in the trans-boundaries is essential at national and provincial levels. Climatic
and non-climatic factors attenuate the reduction in water yield. The climatic factors include
precipitation and temperature, while the non-climatic elements include land use and cover
change, soil type, basin slope, and many more [5].
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Figure 12. Changes in the water yield (WYLD) measured in % unit of each sub-basin in the Thuli
River Basin with respect to Baseline period for Near Future (NF), Mid Future (MF), and Far Future
(FF) under RCP 4.5 and RCP 8.5.

5. Conclusions

The study used multiple climate models to assess the future projection and changes
in the precipitation and temperature over TBRB in the Karnali Province, Nepal. Further,
the study used the SWAT model to simulate the future streamflow under RCPs 4.5 and 8.5.
Since the basin is snow-fed, the parameters controlling the snow were well-judged and
calibrated in the SWAT model. The projected changes in the precipitation, temperature, and
streamflow were evaluated using five RCMs under medium and high RCPs. The projected
precipitation and temperature in the basin vary both temporally and spatially. The temporal
projection shows that the precipitation fluctuates from −42 to +150% under RCP 4.5 and
from −44 to 192% under RCP 8.5 for 2021–2100. The overestimation of the precipitation
projection in high flow months suggests that the basin will receive more intense floods
during these months. Similarly, the underestimated precipitation projection in low flow
months highlights that the basin is at risk of drought conditions that will eventually impact
the surface water availability and agricultural yield. Similarly, the projection and changes
in the temperature show an increase in both minimum and maximum temperature. The
temperature rise leads to the melting of the snow in the basin, resulting in flooding.

The spatial and temporal distribution of the water yield in the basin show the non-
homogenous distributional impact of changing climate. The water yield in the basin is
anticipated to alter from −28 to +5%. The reduction in the water yield and increase in the
precipitation distribution suggests that the study area will likely receive short-duration
precipitation leading to flash floods, which is one of the major findings of the research. The
increased intensity of the flash floods will carry large sediments with it and might damage
the infrastructure of BBMDP downstream. Further, increased sediment load will signif-
icantly impact agricultural productivity in the basin itself and downstream. In contrast,
the reduced precipitation will lead to reduced streamflow, which might raise questions on
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the sustainability of the BBDMP. The reduced river water volume will eventually impact
the hydropower generation and year-round irrigation of the BBMDP through the Babai
Irrigation Project. This finding suggests that the basin needs to be addressed soon against
the changing climate.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/10
.3390/hydrology8030117/s1. Figure S1: Ensemble average monthly distribution of (A) maximum
and (B) minimum temperature for different climate models before and after bias correction. The
‘Observed’ data represents the ground station data, ‘Raw’ data represents the climate model data
before correction is applied, and ‘Corrected’ represents the climate model data after applying the
correction. The ensemble is obtained by taking the average from two ground stations. Figure S2:
Temporal projection (mm) in precipitation pattern at various stations using multiple climate models
for three future time windows, namely, Near Future (2020–2040), Mid Future (2041–2070), and
Far Future (2071–2100) under RCP 4.5 (a–c) and RCP 8.5 (d–f). Figure S3: Temporal projection in
maximum temperature (oC) pattern at various stations using multiple climate models for three future
time windows, namely, Near Future (2020-2040), Mid Future (2041–2070), and Far Future (2071–2100)
under RCP 4.5 (a–c) and RCP 8.5 (d–f). Figure S4: Temporal projection in minimum temperature (oC)
pattern at various stations using multiple climate models for three future time windows, namely,
Near Future (2020-2040), Mid Future (2041–2070), and Far Future (2071–2100) under RCP 4.5 (a–c)
and RCP 8.5 (d–f). Figure S5: Temporal projection in streamflow (m3/s) pattern at various stations
using multiple climate models for three future time windows, namely, Near Future (2020–2040), Mid
Future (2041–2070), and Far Future (2071–2100) under RCP 4.5 (a–c) and RCP 8.5 (d–f). Figure S6:
Temporal relation between precipitation (mm) and streamflow (m3/s) pattern at various stations
using multiple climate models for three future time windows, namely, Near Future (2020–2040),
Mid Future (2041–2070), and Far Future (2071–2100) under RCP 4.5 (a,c,e,g,i) and RCP 8.5 (b,d,f,h,j).
Table S1: The temporal and spatial extent of the hydro-climatic variables used in the study at the
Thuli Bheri River Basin, Nepal. Table S2: The statistical performance of the maximum and minimum
temperature at two ground stations for all the climate models before and after applying the bias
corrections. ‘Raw’ represents the data before bias correction is applied, and ‘BC’ represents the data
after applying bias correction.
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