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Abstract: Projecting future changes of streamflow in the Jinsha River Basin (JRB) is important for
the planning and management of the west route of South-to-North Water Transfer Project (SNWTP).
This paper presented an analysis of the implications of CMIP5 climate models on the future streamflow
in the JRB, using SWAT model. Results show that: (1) In the JRB, a 10% precipitation decrease might
result in a streamflow increase of 15 to 18% and a 1 ◦C increase in temperature might results in a 2
to 5% decrease in streamflow; (2) GFDL-ESM2M and NORESM1-M showed considerable skill in
representing the observed precipitation and temperature, which can be chosen to analyze the changes
in streamflow in the future; (3) The precipitation and temperature were projected to increase by 0.8 to
5.0% and 1.31 to 1.87 ◦C. The streamflow was projected to decrease by 4.1 to 14.3% in the upper JRB.
It was excepted to change by −4.6 to 8.1% in the middle and lower JRB (MLJRB). The changes of low
streamflow in the MLJRB were −5.8 to 7.4%. Therefore, the potential impact of climate on streamflow
will have little effect on the planning and management of the west route of SNWTP.

Keywords: climate change; streamflow; CMIP5 climate models; Jinsha River Basin

1. Introduction

Global surface temperature increased by 0.85 ◦C in the 20th century and this trend has been even
more obvious over the past 30 years [1]. Because of warmer climate, the atmospheric moisture content
will be higher than before, which will further affect the earth's hydrological cycle [2,3]. Streamflow
is an important factor in environmental, agricultural and economical applications [4]. Therefore,
investigating changes about streamflow under future climate conditions is important to the discussion
of climate change effects. Predicting the impacts of climate change on streamflow is mainly based
on hydrological modeling driven by outputs from general circulation models (GCMs). Githui et al.
have assessed the potential future climatic changes on the streamflow in western Kenya using SWAT
model and MAGICC and Scenario Generator [5]. The predicted streamflow increase in this region was
about 6 to 115%. Chien et al. have found that the annual streamflow was projected to decrease up to
41.1% to 61.3% in agricultural watersheds of the Midwestern United States for the second half of the
21th century [6]. Eisner et al. have detected an increase trend of high-flows and/or a decrease trend
of low-flows in 11 representative large river basins (e.g., Rhine and Tagus in Europe, upper Amazon
in South America, upper Mississippi in North America) for the twenty-first century [7]. Yuan et al.
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have projected the streamflow in typical regions of China by a water balance model and multiple
climate change scenarios [8]. The results showed that streamflow was expected to decrease by 12
to 13% in the northern part of China, while those in the southern part would be likely to decrease
by 7 to 10%. However, the performance of GCMs remain variable because that the realization and
structure of GCMs are different [9,10]. Some studies analyze the climate change impact based on
multiple GCM-scenario combinations without GCMs selection. Thus, uncertainty may exist among
the projected results. Filtering out the GCMs that under perform in comparison to the others will help
to predict changes in future climate and their impacts reasonably. There is a wide range of metrics for
evaluating the GCMs performance, such as means and standard deviations, comparisons of seasonal
or diurnal fluctuations, skill in reproducing probability density functions (PDFs) of specific climate
variables [11]. The study by Perkins et al. has demonstrated that the PDF-based assessment can test
the ability of climate models to simulate entire distributions of climate variables (e.g., precipitation,
temperature) [12]. It can offer a tougher test than only comparisons of the mean and variance.

The Jinsha River Basin (JRB) is located in the upstream Yangtze River. It is an important water
source region in the west route of South-to-North Water Transfer Project (SNWTP). The climate change
may have potential impact on streamflow in the JRB. It is needed to discuss whether this impact will
have effect on the planning and management of the west route of SNWTP. Thus, this research did a case
study in the JRB. Relatively optimal GCMs in this study area were selected with PDF-based assessment,
and future changes of streamflow in the context of climate change were projected. The sections of
this paper are organized as follows: the study area, data sets and methodologies are introduced in
Section 2; Section 3 shows the performance of hydrological model, sensitivity of streamflow to climate
change, comparison of GCM simulations with observations, changes in precipitation, temperature and
streamflow for 2020 to 2050; The conclusions are summarized in Section 4.

2. Materials and Methods

2.1. Study Area

The Jinsha River Basin (JRB, 90◦30′–105◦15′ E and 24◦36′–35◦44′ N) is watershed of the upper
Yibin city, covering an area of 473,200 km2 shared by four provinces and autonomous region (namely
Qinghai, Tibet, Yunnan, Sichuan and Guizhou), is about 26% of the total drainage area of the Yangtze
River Basin [8,13]. The Jinsha River is about 3464 km in length and originates from the peak of east
Geladan Snowy Mountain in the Tanggula Mountains, flowing through Western Sichuan Plateau,
Hengduan Mountains and Yunnan-Guizhou Plateau to the mountain area of Southwest Sichuan [14].
The Yalong River is the longest tributary of the JRB, with 1187 km in length (Figure 1). The mean
annual temperature is 10.2 ◦C in the JRB. It increases progressively from northwest to southeast [13].
The general distribution of precipitation in JRB increases gradually from upstream to downstream.
The annual average precipitation in the upper, middle and lower reaches is 350 mm, 600 mm and
1000 mm respectively [15]. The wet season lasts from June to October when 75 to 85% of total yearly
rainfall happens. The average annual runoff is about 152 billion m3.

The JRB acts as an important water source in the west route of South-to-North Water Transfer
Project. A total of 1.5 billion m3 of water will be transferred from the upper reaches of the Yalong River
to the northern part of China in the first phase every year. The JRB also contributes to irrigation, water
supply, flood control, wood drift, and tourism. Overall, the JRB plays a very important role in regional
and national economic development.
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2.2. A Brief Review of ArcSWAT Model

The ArcGIS10.2.2 interface of SWAT (ver.2012) was used in this study for water cycle simulation.
It is a watershed-scale, process-based, continuous-time, and semi-distributed hydrological model,
which can be used for predicting the impacts of climate change on the water hydrology of river
basins [16]. The water balance equation which governs the hydrological components of SWAT model
is given as:

SWt i = SW0 +
t

∑
i=1

(
Rdayi

−Qsur fi
− Eai −Wseepi −Qgwi

)
(1)

where, SWti is soil water content at time t (mm H2O), SW0 is initial soil water content (mm H2O), t is
simulation period (days), Rdayi is the amount of precipitation on the i-th day (mm H2O), Qsurfi is the
amount of surface runoff on the i-th day (mm H2O), Eai is the amount of evapotranspiration on the i-th
day (mm H2O), Wseepi is the amount of water entering the vadose zone from the soil profile on the i-th
day (mm H2O) and Qgwi is the amount of baseflow on the i-th day (mm H2O).

The JRB is comprised of 181 sub-basins which were divided into 579 Hydrological Response
Units (HRUs) that satisfactorily represent watershed’s heterogeneity. In defining HRUs, 20% and 10%
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threshold values of land use and soil area have been considered to ignore minor land uses and soil
types in each sub basin so as to avoid unnecessary large number of HRUs (Figure 2).
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The coefficient of determination of the linear regression equation (R2) and the Nash-Sutcliffe
efficiency coefficient (ENS) are chosen to assess the model’s feasibility in the study area [17].
The calculation formulas are as follows:

R2 =

[
n
∑
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(
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)]2
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(3)

Robs-i is observed depth of runoff (mm); Rsim-i is simulated depth of runoff(mm); Robs and Rsim are
the mean value of observed and simulated depth of runoff respectively(mm); n is the number of
observed value. Models perform better with higher R2 and greater ENS. When ENs ≥ 0.75, it means
the simulation is good; when 0.36 < ENS < 0.75, the simulation is basically good; when ENS ≤ 0.36,
the simulation is poor [18].
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2.3. Data

2.3.1. Observed Hydro-Meteorological Data

In this study, as the SWAT was used in water balance mode, the meteorological parameters which
were considered to force the model were daily precipitation and the daily minimum and maximum
temperature. The daily meteorological data during 1956 to 2013 from 196 meteorological stations in
and around the JRB were collected for this study.

The observations used to evaluate the AR5 Climate Models’ simulated monthly precipitation
and temperature are gridded monthly temperature and precipitation data prepared by the National
Meteorological Information Center (NMIC) of the China Meteorological Administration (CMA) [19].
In this study, 208 grid boxes are selected to describe the areas of the JRB (Figure 3).
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Streamflow data was collected from four hydrological stations in different parts of the JRB during
the period from 1957 to 2012. It was used to analyze the runoff trend and sensitivity of streamflow to
climate change, and to calibrate and validate the SWAT. The basic information of the four hydrological
stations is listed in Table 1.

Table 1. Basic information of the 4 hydrological stations.

Hydrological
Station River Lon. (E◦) Lat. (N◦) Catchment Area

(103 km2)
Area Percent

(%) Data Period

Zhimenda Tongtian River 97.24 33.01 159.8 32.4 1957–2012
Shigu Jinsha River 99.96 26.87 234.1 47.4 1956–2010

Panzhihua Jinsha River 101.72 26.58 280.9 56.9 1966–2000
Huatan Jinsha River 102.88 26.88 447.7 90.7 1977–2000
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2.3.2. Future Climate Scenarios

The Inter-Sectoral Impact Model Intercomparison Project (ISI-MIP) [20] provides continuous
daily-series meteorological data derived from GFDL-ESM2M, HADGEM2-ES, IPSL-CM5A-LR,
MIROC-ESM-CHEM and NORESM1-M (Table 2), including historical scenario and future emission
scenarios RCP 2.6, RCP4.5, RCP6.0 and RCP8.5. The data was bias-corrected and resampled by the
ISI-MIP. It covers the period from 1960 to 2099 on a horizontal grid with 0.5◦ × 0.5◦ resolution [21].
The statistical characteristic of simulated data and observed data are consistent with each other.
The spatial resolution of data can meet the requirements of hydrological simulation in the JRB.
In this study, we used the three mitigation emissions scenarios (RCP2.6, RCP4.5, RCP8.5) and the
period 2011–2050.

Table 2. List of general circulation models (GCMs) used in this study.

Centre Country Name

Geophysical Fluid Dynamics Laboratory (GFDL) United States GFDL-ESM2M

Hadley Centre for Climate Prediction and Research, Met Office United Kingdom HADGEM2-ES

L’Institut Pierre-Simon Laplace (IPSL) France IPSL-CM5A-LR

Technology, Atmosphere and Ocean Research Institute,
and National Institute for Environmental Studies Japan MIROC-ESM-CHEM

Norwegian Climate Centre Norway NORESM1-M

2.3.3. Digital Elevation Model, Land Use/Land Cover Map and Soil Map

The Digital Elevation Model (DEM) with a spatial resolution of 90 m was obtained from the
CGIAR-CSI GeoPortal [22]. Land use/land cover map for 1980 and 2000 was obtained from the Data
Center for Resources and Environmental Sciences, Chinese Academy of Sciences (Figure 4), and land
use properties were directly from the SWAT model database. Soil map of JRB at a scale of 1:1,000,000
was procured from Institute of Soil Science, Chinese Academy of Sciences [23] (Figure 5).
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2.4. Sensitivity Analysis of Runoff to Climate Change

In this study, we defined the sensitivity of streamflow to climate change as the proportional
change of simulated streamflow by comparing their values with hypothetical climatic scenarios to
their values with observed climatic data [24]. We consider the proportional change in precipitation
and mean temperature as the factors contained by climate change. Then the sensitivity of streamflow
to climate change could be defined as

δ(∆P, ∆T) =
f (P + ∆P, T + ∆T)− f (P, T)

f (P, T)
× 100% (4)

where, P and T are precipitation and temperature; ∆P and ∆T are the hypothetical changes of
precipitation and temperature; f (P,T) is the relation function between streamflow and climatic scenario;
δ(∆P,∆T) is the sensitivity of streamflow to climate change. Based on the mean precipitation and
temperature in the period 1961–1990 (baseline), precipitation is assumed to change by +30%, +20%,
+10%, 0%, −10%, −20% and −30% in the future; temperature is assumed to change by +3 ◦C, +2 ◦C,
+1 ◦C, 0 ◦C, −1 ◦C, −2 ◦C and −3 ◦C in the future [8].

2.5. Selection of Global Climate Model

This study evaluated the coupled climate models and selected the relatively optimal GCMs for
hydro-meteorological variability projection. The evaluation was focused on 4 regions of the JRB for the
daily simulation of precipitation and temperature. It was based on probability density functions (PDFs).
We defined an alternative metric to describe the similarity between two PDFs. This metric calculates
the cumulative minimum value of two distributions of each binned value, thereby measuring the
common area between two PDFs. The skill score (SS) can range between 0 and 1. SS is close to 1 when
the model simulates the observed conditions perfectly (Figure 6a) and it is close to 0 when the overlap
is negligible (Figure 6b) [12].
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Expressed formally,

SS =
n

∑
1

min(Fsn, Fon) (5)

where n is the number of bins, Fsn is the frequency of values in a given bin from the model, and Fon is
the frequency of values in a given bin from the observed data. SS was the summation of the minimum
frequency values over all bins.

In this study, the monthly precipitation was fitted by a mixture function which was shown in
Equation (6).

G(x) = (1− p)H(x) + pF(x) (6)

where, x represents a rainfall amount. G(x) is the mixture function. p is the probability of no rainfall.
H(x) is step function, when x > 0, H(x) = 1, else H(x) = 0. F(x) is gamma cumulative probability function,
the PDF is shown in Equation (7).

f (x) =
(x/β)α−1e− x/β

βΓ(α)
(7)

where, f (x) is the PDF. α is called the shape parameter and β is called the scale parameter. Γ(α) is
gamma function.

The monthly average temperature was fitted by beta function. The PDF was shown in Equation
(8).

f (x) =
1

B(p, q)(b− a)p+q+1 (x− a)p−1 · (b− x)q−1 (8)

where, x represents monthly average temperature. f (x) is the PDF. a, b, p and q are the parameters for
beta function(B(p,q)).

Driven by the baseline daily climatology and the projected future daily climate data sets coming
from the relatively optimal GCMs, the calibrated SWAT model can output the simulated daily
streamflow in both baseline (1961 to 1990) and future period (2020 to 2050). Then the changes of
future streamflow can be estimated.

3. Results and Discussion

3.1. Calibration and Verification

Table 3 summarized the performance of the SWAT in the four catchments. The ENS and R2 were
higher than 0.8 in all catchments. Figure 7 showed the simulated and observed monthly streamflow in
the calibration period and verification period. The results denoted good performance of the SWAT,
although there were some differences between observation and simulation. Overall, the calibration
and verification accuracy of the SWAT was acceptable for monthly streamflow simulation in the JRB.
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Table 3. Performance of the SWAT for monthly streamflow simulation in the Zhimenda, Shigu,
Panzhihua and Huatan catchment.

Catchment Period Year ENS R2

Zhimenda
Calibration period 1959–1990 0.80 0.84
Verification period 1991–2012 0.88 0.91

Shigu Calibration period 1959–1990 0.82 0.91
Verification period 1991–2010 0.80 0.93

Panzhihua
Calibration period 1966–1990 0.85 0.92
Verification period 1991–2000 0.88 0.93

Huatan
Calibration period 1977–1990 0.90 0.95
Verification period 1991–2000 0.93 0.96
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Figure 7. Simulated and observed monthly discharge during the calibration period and the verification
period: (a) Zhimenda catchment; (b) Shigu catchment; (c) Panzhihua catchment; (d) Huatan catchment.

3.2. Sensitivity of Streamflow to Climate Change

With the output of the SWAT using hypothetical climate scenarios, the sensitivity of runoff
to climate change was estimated by Equation (5). Then the response of streamflow to changes of
precipitation and temperature can be analyzed (shown in Figures 8 and 9). In general, a rise in
temperature would be a negative impact in streamflow due to higher evaporation and an increase in
precipitation would certainly lead to higher streamflow.
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Figure 8. Sensitivity on mean streamflow due to mean precipitation change in JRB: Zhimenda (a);
Shigu (b); Panzhihua (c); and Huatan (d).

Figure 8 showed the relation between ∆P (the changes in precipitation) and ∆Q (the changes in
streamflow). It can be seen that a 10% precipitation increase might result in a streamflow increase of 15
to 18%. The responses of streamflow to temperature change were illustrated in Figure 9. From the figure
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we can find that a 1 ◦C increase in temperature will result in a 2 to 5% decrease in streamflow. Among
26 hypothetical climate scenarios, the precipitation in wettest scenario will increase by 30%, while the
temperature will decrease by 3 ◦C. In addition, the precipitation in driest situation will decrease by
30%, while the temperature will increase by 3 ◦C. Under the wettest scenario, streamflow would be
likely to change by 39 to 49%, while it might change by −35 to −33% under the driest scenario.
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Figure 9. Sensitivity on mean streamflow due to mean temperature change in JRB: Zhimenda (a);
Shigu (b); Panzhihua (c); and Huatan (d).

According to the study of Chiew, basins with higher runoff coefficients will be less sensitive to
climatic changes [25]. If the runoff coefficient is more than 0.2 (high runoff coefficient), 10% decrease
in precipitation may result in a 10 to 20% decrease in streamflow. While the same 10% decrease
in precipitation may lead to a 40% decrease in streamflow in a basin with a low runoff coefficient.
In Jinsha River Basin, the annual average runoff is 143 billion m3 (319.4mm) and the annual average
precipitation is 592 mm. Therefore, the runoff coefficient in the JRB is about 0.54. It means that this
basin should be less sensitive to climatic changes. Our results on the JRB are in accordance with
this rule.

3.3. Assessment of Skill Score from GCMs’ Outputs and Changes in Precipitation and Temperature for 2020 to
2050 with the Output of the SWAT Using Hypothetical Climate Scenarios, the Sensitivity of Runoff to
Climate Change

Figures 10 and 11 showed the ensemble monthly skill score for each model averaged over all 4
regions defined in Figure 1. Because the outputs from five GCMs in this study have been bias-corrected
by ISI-MIP, the SSs for precipitation and temperature simulation were not low. The SSs averaged over
the JRB were more than 0.46. However, there still exists some difference among GCMs or variables.
The averaged SSs over the JRB and all 12 months for precipitation were between 0.63 and 0.68. However,
these averaged SSs for temperature were between 0.50 to 0.63 and the SSs for 3 of the 5 models were
less than 0.6. These models were HadGEM2-ES, IPSL-CM5A-LR and MIROC-ESM-CHEM. Based on



Water 2018, 10, 910 12 of 19

the above analysis, we considered GFDL-ESM2M and NORESM1-M as the relatively optimal GCMs in
simulating the precipitation and temperature in the JRB. The outputs came from these two GCMs were
chosen for the analysis of future climate change and its effects on streamflow.
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Figure 10. Skill score for precipitation simulation: GFDL-ESM2M (a); HADGEM2-ES (b);
IPSL-CM5A-LR (c); MIROC-ESM-CHEM (d); NORESM1-M (e).Water 2018, 10, x FOR PEER REVIEW  13 of 19 
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Figure 11. Skill score for temperature simulation: GFDL-ESM2M (a); HADGEM2-ES (b);
IPSL-CM5A-LR (c); MIROC-ESM-CHEM (d); NORESM1-M (e).

The precipitation and temperature are the two main factors driving SWAT model. The changes
in precipitation and temperature will directly affect the change in streamflow simulated by SWAT.
Thus, we would firstly analyze changes in precipitation and temperature for the baseline (1961 to
1990) to the projection period (2020 to 2050). To eliminate the impacts of systematic deviation in GCMs
on precipitation and temperature projection in the future, relative change between simulated value
in projection period and that in baseline was chosen to reveal the evolution trend. To reduce the
uncertainty from GCMs, we only used the relatively optimal GCMs (GFDL-ESM2M and NORESM1-M)
to analysis the changes in precipitation and temperature in the future period.



Water 2018, 10, 910 13 of 19

Figures 12 and 13 showed the relative changes in mean annual precipitation simulated by the
relatively optimal GCMs between RCP2.5, RCP4.5 and RCP8.5 when compared with that of the baseline.
The spatial pattern was different in GFDL-ESM2M and NORESM1-M. GFDL-ESM2M suggested that
the precipitation would increase in the upper and middle Jinsha River Basin (UMJRB), but decrease
in the lower basin (LJRB). Future precipitation changes in the UJRB, MJRB, YLRB and LJRB were
projected to be 4.3 to 6.7%, 1.1 to 5.7%, 0.6 to 4.2% and −6.9 to −1.5%, respectively. However,
the spatial characteristics of changes in annual precipitation predicted by NORESM1-M were different
from GFDL-ESM2M. Large increases in precipitation covered the LJRB throughout the projection
period. The precipitation was likely to increase by 2.8 to 8.1% in this area. However, it would change
slightly in the whole JRB by only 0.8 to 5.0%.
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Figure 12. Changes in mean precipitation for 2021 to 2050.Water 2018, 10, x FOR PEER REVIEW  14 of 19 
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Models have a variable performance in simulating precipitation and temperature. Limited by the
complexity of climate models and existing methods, only one or several indices (e.g., skill score) can
be used to evaluate the simulation effect. So the SS in UJRB is higher than the SS in the other regions,
but it is hard to explain from the aspects of climate model structure why a certain climate model has
better simulation of precipitation or temperature in some certain places. Further research will be done
to improve this issue.

Figures 14 and 15 illustrated the absolute change in annual mean temperature in the future period.
The spatial pattern was almost the same in multiple GCM-scenario combinations, but the magnitude
varied considerably. Extreme warming was more widespread in NORESM1-M than in GFDL-ESM2M,
particularly under RCP4.5. The larger warming was projected in the UMJRB. The annual mean
temperature over the UMJRB was predicted to increase by more than 1.77 ◦C in RCP8.5 scenario. In the
future period, the temperature would increase by 1.31 to 1.38 ◦C for RCP2.6, 1.38 to 1.75 ◦C for RCP4.5
and 1.72 to 1.87 ◦C for RCP8.5.
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3.4. Changes in Streamflow for 2020 to 2050

Using GFDL-ESM2M and NORESM1-M-projected daily precipitation and temperature under
the three RCP scenarios, the SWAT model was run on the JRB from 1961 to 2050. Because it is hard
to project future human activities (e.g., land use), the anthropogenic effects were not taken into
consideration in projection of future streamflow changes. All parameters of the SWAT model were
kept with no change. With the outputs from the SWAT model, the changes in streamflow for period
2020 to 2050 were statistically analyzed. Results showed that different GCM-scenario combinations
were associated with different changes in streamflow, resulting in opposite conclusions. Taking Huatan
Station as an example, GFDL-ESM2M projected 4.2% streamflow decrease for the future period under
RCP4.5, while NORESM1-M estimated 6.0% increase in streamflow for the same period and climate
scenario. However, projected trends from the different GCMs were the same under RCP2.6 and RCP8.5.
The streamflow in Zhimenda was projected to decrease by 4.1 to 5.2% under RCP2.6 and 6.6 to 8.1%
under RCP8.5. The streamflow in the MLJRB (Shigu, Panzhihua and Huatan) was likely to increase by
2.4 to 8.1% under RCP2.6, but was excepted to increase by 0.3 to 4.5% in the same region under RCP8.5
(Figure 16).
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Figure 16. Changes in mean streamflow for 2021 to 2050 in different stations.

To compare the frequency of annual mean streamflow between baseline and future period, P-III
frequency distributions were illustrated for comparison (Figure 17). When the frequency is less
than 10%, RCP2.6 and RCP4.5 scenarios suggested a rather similar increasing trend in the MLJRB
(Shigu, Panzhihua and Huatan). The opposite trend was found in the same region under 8.5 scenario.
To further investigate the changes in streamflow, three different frequencies (P = 90%, P = 50% and
P = 10%) were chosen (Table 4). As shown in Table 4, the low streamflow (P = 90%, Q90), median
streamflow (P = 50%, Q50) and higher streamflow (P = 10%, Q10) in Zhimenda were projected to
decrease in all the climate change scenarios. The largest percentage decreases in these three kinds
of streamflow were mainly found for NORESM1-M. In Shigu station, nearly all the climate change
scenarios showed that the Q90 and Q50 would likely to decrease, but there was a relatively large
uncertainty in the projection of Q10. One of the six scenarios projected that the Q10 would increase by
5%. Two of the scenarios projected that the Q10 would decrease by 5%. The rest scenarios projected
no significant change. The Q90 will increase slightly in Panzhihua and Huatan under RCP2.6 while
may decrease under RCP4.5 and RCP8.5. The Q10 will increase in the same stations under RCP2.6.
However, the changes in Q10 under RCP4.5 and RCP8.5 were not obvious.
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Table 4. Percentage changes (%) in streamflow under different scenarios.

Frequency Scenario Zhimenda Shigu Panzhihua Huatan

P = 90%

RCP2.6
GFDL-ESM2M −3.0 −1.0 1.6 0.0
NORESM1-M −17.4 −6.0 2.5 6.6

RCP4.5
GFDL-ESM2M −10.8 −7.0 −6.0 −8.1
NORESM1-M −23.5 −11.2 −3.1 2.1

RCP8.5
GFDL-ESM2M −10.6 −5.4 −2.1 −4.3
NORESM1-M −16.0 −13.4 −6.8 −4.2

P = 50%

RCP2.6
GFDL-ESM2M −5.8 2.4 3.8 3.2
NORESM1-M −14.1 −3.3 2.2 4.8

RCP4.5
GFDL-ESM2M −9.8 −2.3 −3.3 −4.7
NORESM1-M −23.2 −8.6 −0.8 4.0

RCP8.5
GFDL-ESM2M −8.6 −2.7 −2.2 −4.1
NORESM1-M −18.2 −10.5 −4.3 −2.1

P = 10%

RCP2.6
GFDL-ESM2M −6.2 5.7 7.4 6.7
NORESM1-M −11.9 −0.5 4.1 7.3

RCP4.5
GFDL-ESM2M −6.1 1.2 0.7 −0.8
NORESM1-M −23.1 −5.6 1.4 5.7

RCP8.5
GFDL-ESM2M −5.7 −0.6 −1.4 −4.8
NORESM1-M −14.5 −5.8 −1.7 −0.4

4. Discussion and Conclusions

Based on five CMIP5 CMs, this study discussed the changes in projected streamflow of the JRB
under RCP2.6, RCP4.5 and RCP8.5 scenarios. The SWAT model was employed to simulate monthly
streamflow, using observed meteorological data from NMIC and the ISI-MIP climate dataset.

Observed monthly streamflow at four stations in the JRB was used for calibration and validation
of the SWAT model. The model performed well in simulating monthly streamflow in the JRB, with
ENS and R2 higher than 0.8 in the four catchments. This demonstrated that calibrated model can be
used to estimate the impact of climate change on future streamflow in the JRB.

The study of Chiew revealed that the sensitivity of a river basin to changes in precipitation and
temperature was strongly related to the runoff coefficient [24]. The basin with higher runoff coefficient
is less sensitivity to climate change. The JRB is in this category. In this study, area, a 10% precipitation
decrease might result in a streamflow increase of 15 to 18% and a 1 ◦C increase in temperature might
results in a 2 to 5% decrease in streamflow.

The skill of the selected five GCMs was assessed using a skill score (SS) based on the overlap
between the observed and simulated PDFs (grid by grid) in the baseline (1961 to 1990). In general,
GFDL-ESM2M and NORESM1-M showed considerable skill in representing the observed PDFs
of monthly precipitation and temperature. The averaged SSs over the JRB and all 12 months for
precipitation and temperature were more than 0.6. Therefore, GFDL-ESM2M and NORESM1-M can be
chosen as the relatively optimal GCMs to analysis the changes in precipitation and temperature and
their effects on streamflow in the future period.

In the future period, the precipitation was projected to increase slightly in the whole JRB by
only 0.8 to 5.0%. While the temperature was likely to increase significantly. It would increase by
1.31 to 1.38 ◦C for RCP2.6, 1.38 to 1.75 ◦C for RCP4.5 and 1.72 to 1.87 ◦C for RCP8.5. The projected
changes in mean annual streamflow were generally similar under RCP2.6 and RCP8.5. The streamflow
was projected to decrease in the UJRB (Zhimenda) while it was excepted to increase in the MLJRB
(Shigu, Panzhihua and Huatan). However, all the changes (increase or decrease) were less than
10%. The projections of future mean annual streamflow carried high uncertainty under RCP4.5.
The different GCMs were associated with different changes in mean annual streamflow, resulting in
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opposite conclusions. When considering the results from three future scenarios of the two relatively
optimal GCMs, the range of relative changes in the UJRB and the MLJRB was 4.1 to 14.3% and −4.6 to
8.1%, respectively. The low streamflow, median streamflow and higher streamflow were projected to
change more obvious in the Zhimenda and Shigu than other stations. These three kinds of streamflow
in Zhimenda were projected to decrease in all the climate change scenarios. In Shigu station, nearly
all the climate change scenarios showed that the low streamflow and median streamflow would
likely to decrease, but there was a relatively large uncertainty in the projection of higher streamflow.
In the MLJRB, the changes of low streamflow for 2020 to 2050 were between −5.8 to 7.4%. Therefore,
the potential impact of climate on streamflow will have little effect on the planning and management
of the west route of SNWTP.

This research chose SWAT model to do hydrological simulation. Hydrologic model is likely to
cause less error (or uncertainty) than the climate projections. However, compared with physics-based
hydrological models, transferring the calibration of model parameters under historical conditions
to futures with different climatic characteristics raises questions of validity [26,27]. In future
research, different kinds of hydrological models coupled with more GCMs will be added to do
uncertainty analysis.
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