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Abstract: The impacts of temperature and precipitation changes on regional evaporation and runoff
characteristics have been investigated for the Biliu River basin, which is located in Liaoning Province,
northeast China. Multiple climate change scenarios from phase 3 and phase 5 of the Coupled Model
Intercomparison Project (CMIP3 and CMIP5) (21 scenarios in total) were utilized. A calibrated
hydrologic model—SWAT model—was used to simulate future discharges based on downscaled
climate data through a validated morphing method. Results show that both annual temperature
and precipitation increase under most of the CMIP3 and CMIP5 scenarios, and increase more in
the far future (2041–2065) than in the near future (2016–2040). These changes in precipitation and
temperature lead to an increase in evaporation under 19 scenarios and a decrease in runoff under
two-thirds of the selected scenarios. Compared to CMIP3, CMIP5 scenarios show higher temperature
and wider ranges of changes in precipitation and runoff. The results provide important information
on the impacts of global climate change on water resources availability in the Biliu River basin, which
is beneficial for the planning and management of water resources in this region.
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1. Introduction

It has been recognized that climate change could have profound impacts on the global water
cycle [1–3]. Therefore, it is important to consider potential impacts of climate change in the planning
and management of regional water resources.

To quantitate climate change impacts on water resources, the output of general circulation models
(GCMs) is commonly used [4–6], coupled with hydrological models or forcing offline hydrological
models [7–10]. The results help to understand the impacts of climate change and develop strategies to
adapt to or possibly mitigate these impacts [3]. The Coupled Model Intercomparison Project phase 3
(CMIP3) and phase 5 (CMIP5) have provided abundant climate data (e.g., the IPCC’s AR5) [11], and
both CMIP3 and CMIP5 climate datasets have been widely utilized globally [12–16]. Several studies
have revealed that, compared to CMIP3, CMIP5 ensemble simulations have substantially improved the
statistical representation of daily mean precipitation and temperature [17,18]. However, few studies
have compared the impacts of CMIP3 and CMIP5 on the design of the planning and management
infrastructure of water resources [19–21], especially in China [22].
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Northeast China is an important food production area in China and it has suffered from droughts
in recent years. It has been reported that the inflow of Biliu River Reservoir (an important river in
northeast China) declined significantly over the period of 1990–2005 [23]. Because the reservoir is
the most important water source for nearby big cities and also because it plays an important role
in cropland irrigation, a water transfer project is currently being constructed to transfer water into
the reservoir. Zhang et al. optimized water diversion and supply rules of Biliu River Reservoir and
attempt to identify resilient water diversion strategies to mitigate the potential impacts of climate
change [10]. However, the design of the water transfer project was based on CMIP3 data, which may
inaccurately estimate the severity of a water resource shortage [19,20]. Therefore, it is necessary to
compare the availability of simulated water resources using CMIP3 and CMIP5, which can provide
important information on the differences in the availability of projected water resources and therefore
facilitate the design and evaluation of the water transfer project [19–21].

The overall objective of this study is to compare the projected availability of runoff using datasets
from CMIP3 and CMIP5 in the Biliu River basin. Three GCM outputs of CMIP3 for three emission
scenarios and six GCM outputs of CMIP5 for two representative concentration pathways are utilized.
A ‘morphing’ downscaling method is utilized to derive local climatic parameters on a daily time
scale. The downscaled datasets are utilized as the input of the SWAT hydrological model to simulate
future runoff.

2. Methodology

2.1. CMIP3 and CMIP5 Datasets

2.1.1. Climate Models and Emission Scenarios

Several studies have evaluated the precipitation and temperature simulation performance of the
CMIP3 and CMIP5 historical experiments and found that CMIP5 improved the simulation of basic
atmospheric variables compared to CMIP3 [17,18]. Three CMIP3 models and six CMIP5 models are
used in this study to consider the uncertainties of global climate prediction. They cover a representative
range of projections of the two experiments and perform well in the statistical representation of daily
precipitation and temperature [17,18].

Emission scenarios A1B, A2, and B1 from CMIP3, which can capture the emission uncertainties,
have been analyzed by other studies [24,25] and are considered in this study. Three GCMs for each
emission scenario are utilized (as shown in Table 1). The baseline scenario (20C3M) for the historical
period is also considered. The regional monthly temperature and precipitation of the study area
are derived by linear interpolation of the nearest GCM data. Although it is simple, its precision is
acceptable [26–28].

The formulation of the long-term (century time-scale) simulations is a new part of CMIP5 when
compared with CMIP3. The long-term experiment was initiated from the end of freely evolving
simulations of the historical period; the experiment was conducted with atmosphere-ocean global
climate models (AOGCMs) which in some cases may be coupled with carbon cycle models [11,29].
The long-term experiment includes the pre-industrial control run, the historical run (1850 to at least
2005), and the future scenario run (~2006–2100, or extended to 2300), etc.

For future climate projections, four emission and concentration scenarios called ‘representative
concentration pathways’ (RCPs) were designed that lead to radiative forcing levels of 8.5, 6, 4.5, and
2.6 W/m2 around the end of the century. Each of the RCPs covers the period 2006–2100, and extensions
have been formulated for periods up to 2300 [30]. RCP4.5 and RCP8.5 are core experiments [29].
RCP4.5 is a medium forcing integration and RCP8.5 is a high radiative forcing case. They correspond
to a medium mitigation scenario and a high emissions scenario, respectively. RCP6 and RCP2.6 are
two carbon cycle feedback experiments, part of tier 1 experiments. The tier 1 and tier 2 experiments
explore various aspects of the core experiments in further detail. The core experiments (i.e., RCP4.5 and
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RCP8.5) are utilized in this study. Six climate models (as shown in Table 1) from CMIP5 are considered
for comparison.

Table 1. Details of CMIP3 and CMIP5 climate models and scenarios used in this study.

Model Country Resolution Scenarios

BCCR_BCM2.0 Norway 2.81◦ × 2.81◦

A1B, A2, B1 for each model respectivelyCSIRO_MK3.0 Australia 1.88◦ × 1.88◦

MIROC3.2m Japan 2.81◦ × 2.81◦

ACCESS1.0 Australia 1.88◦ × 2.48◦

RCP8.5 and RCP4.5 for each model respectively

BCC-CSM1.1(m) China 1.13◦ × 1.13◦

CESM1(BGC) USA 1.3◦ × 0.9◦

CESM1(CAM5) USA 1.3◦ × 0.9◦

CMCC-CM Italy 0.75◦ × 0.75◦

MPI-ESM-MR Germany 1.88◦ × 1.88◦

2.1.2. Downscaling Method

The coarse resolution climate model predictions need to be downscaled to fine spatial and
temporal resolutions to facilitate hydrological simulations. There are many downscaling methods,
and they can be divided into two categories: dynamical downscaling and statistical downscaling
methods. The statistical downscaling methods are relatively simpler than dynamical downscaling and
have been widely used [7–9]. One of the statistical downscaling methods called “morphing” [7] is
adopted here. The “morphing” approach has two characteristics. First, the ‘baseline climate’ is reliable,
because it is based on observed climate data. Second, the resulting weather sequence is likely to be
meteorologically consistent.

Morphing involves three generic operations: a shift, a linear stretch (scaling factor), and a combination
of shift and a stretch. A shift by ∆xm is applied to the present-day climate variable x0 by x = x0 + ∆xm.
Here, ∆xm is the absolute changes in monthly mean climate for month m. The monthly variance of
climate variables is unchanged. A stretch of αm is applied by x = αmx0, where αm is the fractional
change in the monthly-mean value for month m. A combination of shift and stretch is obtained by
x = x0 + ∆xm + αm ×

(
x0 − x0

m
)
, in which x0

m is the baseline climatological value for month m,
and is calculated as x0

m = 1
24 × dm × Y ∑

Y year
∑

month m
x0, where Y is the number of years and dm is the

number of days in month m.
Precipitation and temperature are two main climate variables considered in previous research in

runoff simulation. Therefore, we analyze runoff responses to changes in precipitation and temperature.
The precipitation data is downscaled by a combination of shift and stretch morphing, and the
temperature data is downscaled by shift morphing by

P1 = (1 + αm) × P0 = (1 +
Pm − Pb

m

Pb
m

) × P0 (1)

T1 = T0 + ∆T = T0 + (Tm − Tb
m) (2)

Tmax
1 = Tmax

0 + ∆Tmax = Tmax
0 + (Tmax

m − Tb,max
m ) (3)

Tmin
1 = Tmin

0 + ∆Tmin = Tmin
0 + (Tmin

m − Tb,min
m ) (4)

where P1, T1, Tmax
1 and Tmin

1 are downscaled precipitation, daily mean, and maximum and minimum
temperature; P0, T0, Tmax

0 and Tmin
0 are historical observation precipitation, daily mean, and maximum

and minimum temperature; Pm, Tm, Tmax
m and Tmin

m are average values of future precipitation, daily

mean, and maximum and minimum temperature over month m; Pb
m, Tb

m, Tb,max
m and Tb,min

m are average
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values of precipitation, daily mean, and maximum and minimum temperature over month m for the
historical period from GCMs.

2.2. Hydrological Model

The continuous and physically distributed hydrological model—the Soil and Water Assessment
Tool (SWAT) [31]—is utilized in this study. The main components of SWAT include hydrology, climate,
nutrient cycling, soil temperature, sediment movement, crop growth, agricultural management, and
pesticide dynamics [32]. The model has been widely applied to simulate hydrological processes
globally [23,33–35] and it can conveniently consider weather adjustment.

Model calibration and validation are necessary to identify the SWAT model parameters before it
can be used for prediction. Sensitive parameters were first identified by the LH-OAT (latin hypercube
sampling based on one-factor-at-a-time) method [36] incorporated in SWAT. Manual calibration was
then carried out for several of the most sensitive parameters. The performance of SWAT was estimated
by three performance metrics: the Nash–Sutcliffe model efficiency (NSE), the average relative error
(Re) and the coefficient of determination (R2). These metrics are defined as

NSE = 1 −
T

∑
t=1

(Qmt − Qst)
2/

T

∑
t=1

(Qmt − Qmavg)
2 (5)

Re = (Qmavg − Qsavg)/Qsavg × 100 (6)

R2 =
T

∑
t=1

(Qst − Qsavg)(Qmt − Qmavg)/

{
[

T

∑
t=1

(Qst − Qsavg)
2][

T

∑
t=1

(Qmt − Qmavg)
2]

} 1
2

(7)

where Qmt and Qst are measured and simulated flow at time t; Qmavg and Qsavg are average values of
observed flow and simulated flow; T is the total number of time steps. The model performance is
considered to be acceptable when NSE > 0.50, R2 > 0.60, and Re < ±20% according to the study by
Hao et al. [37].

3. Study Region and Datasets

3.1. Biliu River Basin

The Biliu River basin is located in the Liaoning Province, northeast China (Figure 1). The study
area is about 2085 km2. The Biliu River Reservoir was built in 1975 and it has a storage capacity of
934 × 106 m3. The reservoir is the most important water source of nearby big cities and also plays an
important role in cropland irrigation. The study area is located in the north temperate zone and is
characterized by a moist climate. Forest land and farmland are the main land use types. The main soil
types are brown soil and meadow soil. Another reservoir, named Yushi Reservoir, with a drainage
area of 313 km2 and a storage capacity of 89 × 106 m3, was built upstream in 2001. The reservoir
supplies water to the outside of the basin. Therefore, the impact of Yushi Reservoir needs to be
considered in the hydrological model. The Biliu River Reservoir has experienced severe water shortage
problems recently and therefore future runoff conditions under climate change need to be analyzed for
adaptation measures.
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Figure 1. The Biliu River basin.

3.2. Dataset

The climate data in 1901–2099 for A1B, A2, and B1 were downloaded from the National
Climate Center (http://ncc.cma.gov.cn). The long-term experiment data of 1850–2100 for the chosen
six climate models in CMIP5 were downloaded from the Program for Climate Model Diagnosis
and Intercomparison (PCMDI, http://pcmdi3.llnl.gov/esgcet/). The climate data were extracted
for 1980–2004 period and two future periods (2016–2040 and 2041–2065). Future precipitation and
temperature data output from the climate models are used as the input of the SWAT model to simulate
future runoff.

Yearly and monthly precipitation and runoff data in 1958–2011 and daily runoff data in 1978–2004,
were obtained from the Biliu River Reservoir administration. Daily precipitation data in 1978–2004
at nine precipitation stations were obtained from the Hydrology Bureau of Liaoning Province. Daily
meteorological data—including mean, maximum, and minimum temperature, humidity, wind speed
and direction, and solar radiation—were obtained from the China Meteorological Data Sharing Service
System (http://cdc.cma.gov.cn/index.jsp). The Digital Elevation Model (DEM) data (90 × 90 m) were
obtained from the CGIAR Consortium for Spatial Information (CGIAR-CSI) (http://srtm.csi.cgiar.org).
Soil type and land use maps were obtained from the Data Center for Resources and Environmental
Sciences, Chinese Academy of Sciences (http://www.resdc.cn/first.asp).

4. Results

This section includes three main parts. First, the SWAT model used is calibrated and validated
based on observed data; second, the variations of precipitation and temperature in the study region are
studied based on GCMs data from CMIP3 and CMIP5; third, the precipitation and temperature data
are used as the input of SWAT model to predict the runoff in this region. In the resulting figures, runoff
data are for the location of the Biliu River Reservoir, while precipitation, temperature, and evaporation
data are the mean values of the Biliu River Reservoir basin in Figure 1.

http://ncc.cma.gov.cn
http://pcmdi3.llnl.gov/esgcet/
http://cdc.cma.gov.cn/index.jsp
http://srtm.csi.cgiar.org
http://www.resdc.cn/first.asp
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4.1. SWAT Model Calibration and Validation Results

The SWAT model is calibrated and validated beforehand. The periods 1980–1994 and 1995–2004
were used as the calibration period and validation period, respectively. Yushi Reservoir runs after
2001 in the model. The simulated and measured monthly runoff are shown in Figure 2. The values of
NSE and R2 exceed 0.90 and 0.95, respectively. Re values are 4.04% and 12.64% in the calibration and
validation. Therefore, the SWAT model is applicable for runoff prediction in this area.
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(b) validation period of 1990–1999.

4.2. Precipitation and Temperature Variations

After the 1980s, the Biliu River basin is affected by both climate change and human activities.
The influence will exist in the future, and it is difficult to return to the natural state before 1980s.
Therefore, the period after 1980s is used for precipitation and temperature downscaling. In addition,
daily data are required for hydrological simulation. Thus, 1980–2004 is considered for downscaling
since daily scale is not available after 2004. The climate model outputs in 1980–2004 and two future
periods, 2016–2040 (near future) and 2041–2065 (far future), are utilized. Precipitation and temperature
of the two future periods are downscaled respectively on the basis of 1980–2004 data. The output of
the GCMs is bias corrected according to the observation in the historically period, and the same bias
correction approach is applied to the output of GCMs in the future.
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4.2.1. Temperature Variations

Two time periods, 1985–1994 and 1995–2004, were utilized to validate the morphing method
for temperature downscaling. The downscaled temperature of 1995–2004 can be calculated using
Equations (2)–(4). The downscaled temperature was compared with the historical observation in
Figures 3 and 4. The nine selected models are verified detail by detail because there is no scenario
difference in the historical period.
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Figure 4. Comparison of the average downscaled temperature from CMIP5 using morphing and
historical observation temperature series: (a) annual series; (b) monthly distribution.

Figure 3a compares the average annual mean temperatures of CMIP3 models. For BCCR_BCM2.0,
CSIRO_MK3.0, and MIROC3.2m, the relative errors (Re) are −1.2%, −3.1%, and −4.8% respectively,
and correlation coefficients (R2) all are larger than 0.60. Figure 3b compares monthly temperature
variations. It can be seen that they agree well. Figure 4a shows the average annual mean temperature
of the six models from CMIP5. Three of them—ACCESS1.0, CMCC-CM and MPI-ESM-MR—slightly
overestimate the temperature with Re being 2.7%, 5.2%, and 3.4% respectively. The other three models
slightly underestimate the temperature with Re of BCC-CSM1.1(m), CESM1(BGC), and CESM1(CAM5)
being −3.4%, −2.3%, and −7.0% respectively. The R2 of the six models all are larger than 0.60.
Figure 4b shows the comparison of monthly temperature variations, and it can be seen that the
downscaled temperatures agree well with observation. Overall, the morphing approach shows
acceptable performance in the temperature downscaling.
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The annual mean temperature changes relative to 1980–2004 period are shown in Figures 5 and 6.
The horizontal dash lines refer to the maximum and minimum multi-year mean temperature changes,
which show the ranges of change uncertainty, and can be calculated by Equations (8) and (9).

zMAX = max

{
1
Y

Y

∑
j=1

∆zj
i , i = 1, 2, · · · , k

}
(8)

zMIN = min

{
1
Y

Y

∑
j=1

∆zj
i , i = 1, 2, · · · , k

}
(9)

where zMAX and zMIN represent the maximum and minimum multi-year mean changes, respectively;
∆zj

i is the absolute or fractional changes in annual mean climate for year j based on the ith scenario;
Y is the number of years and k is the number of scenarios.
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As shown in Figures 5 and 6, the annual mean temperature increases under all of the CMIP3 and
CMIP5 scenarios. The annual mean temperature changes range from 0.41 to 1.16 ◦C under CMIP3
and range from 0.76 to 1.50 ◦C under CMIP5 in 2016–2040. The temperatures under all of the CMIP3
and CMIP5 scenarios increase even more in 2041–2065 than in 2016–2040, and the increases range
from 0.68 to 1.96 ◦C under CMIP3 and range from 1.53 to 3.38 ◦C under CMIP5. Overall, future
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temperature increases range from 0.41 to 1.50 ◦C in 2016–2040 and 0.68 to 3.38 ◦C in 2041–2065 relative
to 1980–2004 period on the basis of the selected scenarios. The results imply that temperatures are
likely to increase in the future and increase more in the far future than in the near future. Moreover,
temperature increases more under CMIP5 than under CMIP3.

The temperature differences between emission scenarios are also compared. Among A1B,
A2, and B1, the increase in temperature from largest to smallest is A1B > A2 > B1 on the basis
of BCCR_BCM2.0 and MIROC3.2m in both future periods, while it is A2 > A1B > B1 based on
CSIRO_MK3.0. In addition, it is found that the temperature increases more in RCP8.5 than in RCP4.5
under all the models in both future periods except ACCESS1.0 in 2016–2040. This implies that climate
emission scenarios are closely associated with temperature.

4.2.2. Precipitation Variations

Similar to the temperature downscaling validation, two time periods, 1985–1994 and 1995–2004,
were used to validate the applicability of the morphing method for precipitation downscaling.
Downscaled precipitation of 1995–2004 can be calculated by Equation (1). The downscaled precipitation
is compared with the historical observation precipitation to verify its accuracy in Figures 7 and 8.
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Figure 7a compares the annual precipitation of CMIP3 models. For BCCR_BCM2.0, CSIRO_MK3.0
and MIROC3.2m, Re are 6.4%, 10.7% and 32.2% respectively, and R2 are larger than 0.72. Figure 7b
compares monthly precipitation variations. It can be seen that they agree well. Figure 8a shows the
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average annual precipitation of the six models from CMIP5. Only one of them—CESM1(CAM5)—slightly
underestimated the precipitation (Re is −1.8%). The other five models all overestimate the precipitation.
The Re of ACCESS1.0, BCC-CSM1.1(m), CMCC-CM, CESM1(BGC), and MPI-ESM-MR are 11.9, 8.8,
6.5, 16.3, and 4.0% respectively. The R2 of the six models all are larger than 0.70. Figure 8b shows
a comparison of monthly precipitation variations. The fitting result is accurate: R2 values are larger than
0.93. Overall, the morphing results basically meet the downscaling requirements, which demonstrates
that the morphing method is valid for precipitation downscaling.

The annual mean change percentages relative to 1980–2004 period are shown in Figures 9 and 10.
The horizontal dash lines refer to the maximum and minimum multi-year mean precipitation change
percentages, which show the ranges of change uncertainty, as calculated by Equations (8) and (9).
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As shown in Figure 9, annual precipitation increases under most of the CMIP3 scenarios except
CSIRO_MK3.0 (B1). The mean annual change percentage ranges from −2.13% to 21.85% in 2016–2040.
The range is slightly smaller in 2041–2065, which ranges from −4.08% to 14.65%. The difference
of MIROC3.2m (B1) in the two future periods is the greatest, followed by BCCR_BCM2.0 (A2)
and MIROC3.2m (A1B). The other six scenarios differ by less than ±5%. This implies that future
precipitation is likely to increase, with similar changes in the near future and far future.

As shown in Figure 10, annual precipitation increases under most of the CMIP5 scenarios except
CMCC-CM (RCP4.5 and RCP8.5) in 2016–2040 and MPI-ESM-MR (RCP8.5) in 2041–2065. The annual
mean change percentage ranges from −12.23% to 18.42% in 2016–2040. The range is significantly
wider in 2041–2065, which ranges from −0.6% to 42.2%. Compared to the results in 2016–2040,
the precipitation change percentage in 2041–2065 decreases only under MPI-ESM-MR (RCP8.5), while
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the other 11 scenarios all increase. This implies that future precipitation is likely to increase. Moreover,
precipitation in the far future is likely to increase more significantly than in the near future. On the
other hand, future precipitation decreases under a few scenarios, which reveals the uncertainties of
future precipitation. Overall, future precipitation changes range from −12.23% to 21.85% in 2016–2040
and −4.08% to 42.2% in 2041–2065 relative to 1980–2004 period on the basis of the selected scenarios.

The precipitation differences between emission scenarios are also compared. Among A1B, A2,
and B1, the increase in precipitation from largest to smallest is A1B > A2 > B1 on the basis of
CSIRO_MK3.0 in both future periods. However, the pattern is not obvious under the other two
models. In addition, it is found that half of the models have larger change percentages under RCP8.5
while the other half have larger change percentages under RCP4.5. This implies that climate emission
scenarios are not so closely associated with precipitation.

The historical annual series of 1958–2011 data are considered as the baseline to further analyze
the precipitation variations. Compared to the historical mean annual precipitation of the baseline
period (739.4 mm), the change percentages of the forecasted long series (2016–2065) are no more than
±10% under CMIP3 scenarios. Specifically, the forecasted mean annual precipitation decreases by 0.56,
1.77, and 8.3% under BCCR_BCM2.0 (B1), CSIRO_MK3.0 (A2), and CSIRO_MK3.0 (B1) respectively,
while it increases under the other six CMIP3 scenarios. Among the 12 CMIP5 scenarios, the decline
in precipitation only appears in the CMCC-CM model, with declines of 8.67% and 6.56% for RCP4.5
and RCP8.5, respectively. The maximum increase appears in the ACCESS1.0 model, while the other
scenarios show smaller increases. The increased proportions of precipitation are mostly below 10%,
with two exceptions: the ACCESS1.0 models for RCP4.5 and RCP8.5. A comparison of the results is
shown in Table 2.

Table 2. Mean annual precipitation and runoff in the historical period (1958–2011) and future period
(2016–2065).

Climate Scenario
Precipitation

(mm)
Runoff
(mm)

Runoff
Coefficient

Change Percentage (%)

Precipitation Runoff Runoff
Coefficient

Historical observation 739.43 275.43 0.37 - - -
BCCR_BCM2.0(A1B) 741.76 258.55 0.35 0.31 −6.13 −6.43
BCCR_BCM2.0(A2) 739.93 263.35 0.36 0.07 −4.39 −4.45
BCCR_BCM2.0(B1) 735.28 260.24 0.35 −0.56 −5.52 −4.98

CSIRO_MK3.0(A1B) 790.78 300.37 0.38 6.94 9.06 1.97
CSIRO_MK3.0(A2) 726.37 249.02 0.34 −1.77 −9.59 −7.97
CSIRO_MK3.0(B1) 678.03 217.10 0.32 −8.30 −21.18 −14.04
MIROC3.2m(A1B) 805.40 306.29 0.38 8.92 11.20 2.10
MIROC3.2m(A2) 760.50 276.14 0.36 2.85 0.26 −2.52
MIROC3.2m(B1) 793.18 300.71 0.38 7.27 9.18 1.78

ACCESS1.0 (RCP4.5) 841.15 331.45 0.39 13.76 20.34 5.79
ACCESS1.0 (RCP8.5) 909.90 398.39 0.44 23.05 44.64 17.54

BCC-CSM1.1(m)(RCP4.5) 752.82 261.36 0.35 1.81 −5.11 −6.80
BCC-CSM1.1(m)(RCP8.5) 759.89 269.18 0.35 2.77 −2.27 −4.90

CESM1(BGC) (RCP4.5) 741.93 254.00 0.34 0.34 −7.78 −8.09
CESM1(BGC) (RCP8.5) 748.55 264.06 0.35 1.23 −4.13 −5.30

CESM1(CAM5) (RCP4.5) 807.84 307.95 0.38 9.25 11.81 2.34
CESM1(CAM5) (RCP8.5) 761.03 268.87 0.35 2.92 −2.38 −5.15

CMCC-CM (RCP4.5) 675.31 204.83 0.30 −8.67 −25.63 −18.57
CMCC-CM (RCP8.5) 690.96 204.70 0.30 −6.56 −25.68 −20.47

MPI-ESM-MR (RCP4.5) 766.74 266.63 0.35 3.69 −3.20 −6.64
MPI-ESM-MR (RCP8.5) 756.81 248.18 0.33 2.35 −9.90 −11.97

4.3. Future Evaporation and Runoff Conditions under Climate Changes

The annual evaporation and runoff of the 21 scenarios in the two future periods are predicted by
the SWAT model using the downscaled daily precipitation and temperature data. The predicted
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evaporation and runoff percentage differences relative to the 1980–2004 period are shown in
Figures 11–14, respectively. The horizontal dashed lines in the figures refer to the maximum and
minimum multi-year mean evaporation and runoff change percentages, which can be calculated by
Equations (8) and (9), show the ranges of change uncertainty.

Figure 11 shows the annual evaporation changes under CMIP3 scenarios. The annual mean
change percentage ranges from −1.09% to 5.50% in 2016–2040. The range is slightly wider in 2041–2065,
which ranges from −0.85% to 7.21%. Figure 12 shows the annual evaporation changes under CMIP5
scenarios. The annual mean change percentage ranges from −2.05% to 8.90% in 2016–2040. The range
is slightly smaller in 2041–2065, which ranges from 5.10% to 12.55%. Compared to the results in
2016–2040, the annual evaporation change percentages are similar under CMIP3 but much larger
under CMIP5. Future annual evaporation all increase except CSIRO_MK3.0 (B1) for two future periods
and CMCC-CM (RCP4.5) for 2016–2040. Overall, future evaporation changes range from −2.05% to
8.90% in 2016–2040 and −2.70% to 12.55% in 2041–2065 relative to 1980–2004 period on the basis of the
selected scenarios. The increase in future evaporation is mainly caused by the rising temperature.
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Figure 13 shows the annual runoff changes under CMIP3 scenarios. The annual mean change
percentage ranges from −13.35% to 46.59% in 2016–2040. The range is slightly smaller in 2041–2065,
which ranges from −19.39% to 25.47%. The difference of MIROC3.2m (B1) in the two future periods is
the greatest, followed by MIROC3.2m (A1B) and BCCR_BCM2.0 (A2). The other six scenarios differ by
less than ±10%.

Figure 14 shows the annual runoff changes under CMIP5 scenarios. The annual mean change
percentage ranges from −37.97% to 37.60% in 2016–2040. The range is significantly wider in 2041–2065,
which ranges from −24.05% to 90.16%. Compared to the results in 2016–2040, the runoff change
percentage in 2041–2065 decreases most under MPI-ESM-MR (RCP8.5), which is also the only scenario
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under which precipitation decreases. Meanwhile, runoff slightly decreases under BCC-CSM1.1(m)
(RCP4.5), CMCC-CM (RCP8.5), and MPI-ESM-MR (RCP4.5), while under the other eight scenarios
runoff increases. Overall, future runoff changes range from −37.97% to 46.59% in 2016–2040 and
−24.05% to 90.16% in 2041–2065 relative to 1980–2004 period on the basis of the selected scenarios.
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This implies that changes in future runoff are greater than changes in precipitation under both
CMIP3 and CMIP5. However, future runoff changes are relatively similar in the near future and far
future under CMIP3, but are much more severe in the far future than in the near future under CMIP5.
In addition, the ranges of change in runoff under CMIP5 are much wider than under CMIP3.

Among A1B, A2, and B1, the change of runoff from largest to smallest is A1B > A2 > B1 under
CSIRO_MK3.0 in both future periods. However, the pattern is not obvious under the other two
models. In addition, it is found that half of the models have larger change percentages under RCP8.5
while the other half have larger change percentages under RCP4.5. The situation is just like that of
the precipitation changes, but with different change percentages. This implies that climate emission
scenarios are also not so closely associated with runoff.

The forecasted long series (2016–2065) of runoff is compared with the baseline series (1958–2011)
in order to thoroughly analyze the future runoff changes which are more practical for decision makers.
Compared to the historical mean annual runoff (275.43 mm), the mean annual runoff decreases under
five CMIP3 scenarios while it increases under the other four scenarios. Specifically, the scenarios under
which mean annual runoff increases include MIROC3.2m for A1B, A2, and B1, and CSIRO_MK3.0
(A1B). The forecasted mean annual runoff increases by up to 11.20% under MIROC3.2m (A1B), while
it decreases by up to 21.18% under CSIRO_MK3.0 (B1); this is because the precipitation under these
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scenarios increases the most and decreases the most respectively. Among the 12 CMIP5 scenarios,
runoffs increase in the ACCESS1.0 model for RCP4.5 and RCP8.5, as well as the CESM1 (CAM5) model
for RCP4.5, while the other scenarios all have a decline in runoff. Runoff increases by up to 20.34%
and 44.64% under the ACCESS1.0 model for RCP4.5 and RCP8.5 respectively, mainly because their
precipitation increases the most. On the other hand, runoffs of the CMCC-CM model decrease by up
to 25.63% and 25.68% for RCP4.5 and RCP8.5 respectively, which is because the precipitation decreases
the most. A comparison of the results is shown in Table 2. Overall, compared to the baseline series,
the runoff decreases under two-thirds of the selected scenarios including five CMIP3 scenarios and
nine CMIP5 scenarios.

5. Discussion

The morphing results are affected by the characteristics of the ‘baseline climate’. However,
the morphing results meet the downscaling requirements in this study; in addition, the method is
simple and requires only a small computation volume. That is the reason why morphing is utilized in
this study.

Compared to 1980–2004 period, both temperature and precipitation increase under most of the
scenarios, and they both increase more in the far future than in the near future under both CMIP3
and CMIP5. Moreover, the temperature increases more under CMIP5 than under CMIP3 scenarios.
Several studies have shown that CMIP5 presents warmer and wetter predictions [19,20]. Meanwhile,
the ranges of change in both precipitation and runoff under CMIP5 are much wider than under
CMIP3, which indicates that the selected CMIP5 scenarios are more effective in capturing future runoff
uncertainties than the selected CMIP3 scenarios. In addition, the results imply that climate emission
scenarios are closely associated with temperature but not so closely associated with precipitation
and runoff.

As shown in Table 2, the runoff changes differ from precipitation changes. In most scenarios (15 of
the 21 chosen scenarios), the decline in precipitation results in a more significant decline in runoff,
while the increase in precipitation results in less increase in runoff. This implies that whether the
precipitation increases or decreases, part of the water is failed to form runoff. There are six exceptions
when the annual precipitation is more than 790 mm and the increase in runoff is larger than that of
precipitation. The six exceptions include three CMIP3 scenarios (CSIRO_MK3.0 (A1B), MIROC3.2m
(A1B), and MIROC3.2m (B1)) and three CMIP5 scenarios (the ACCESS1.0 model for RCP4.5, RCP8.5,
and CESM1(CAM5) (RCP4.5)), which are the same as the six runoff increase scenarios. Precipitation
supplements the soil moisture content when precipitation reaches or exceeds a certain amount. After
the soil moisture content is saturated, most of the remaining precipitation forms runoff [31]. The runoff
coefficient of precipitation thus increases (as show in Table 2), which may result in the larger increase
in runoff than precipitation.

The relatively low flow conditions of the 1980–2004 period may partly result in the decline
in future runoff when compared to the baseline series. Three impact factors are further analyzed.
First, Yushi Reservoir supplies water to the outside of the basin, about 46 million m3 each year
(about 22.1 mm). This is one cause of the decline in runoff. Second, compared to 1980–2004 period,
the simulated future evaporation increased under all the selected scenarios in both future periods
except CSIRO_MK3.0 (B1) and CMCC-CM (RCP4.5) with slightly decreases. Evaporation increases
greater in the far future than in the near future, which is the same to the temperature increase pattern.
The increase in evaporation caused by the rising temperature is another cause of the decline in future
runoff. Third, on the basis of water balance in the basin, the upstream water consumption, such as
farmers getting water from the stream for irrigation, may be another factor which affects future runoff.
Unlike the former two factors, the amount of upstream water consumptions is relatively small, and the
impact on runoff is not obvious in these scenarios.

Acknowledging the uncertainty of the simulated runoff using the GCMs in the future [13,20,21,38],
it is hard to give an accurate estimate about how much water the reservoir will have. However,
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the results in this study do show that the runoff in the future could decrease. This decrease could
provide important information for the long-term planning of the development of this region. At present,
the study region has a few factories that consume much water every year, and the water demand
may increase in the future. In addition, the water used for irrigation could also increase in the
future. The decreasing runoff (as shown in this study) suggests that this region may suffer from
water shortages if industrial and irrigation demands keep increasing in the future. This information is
beneficial for regional sustainable development, and indicates that possible adaption measures (e.g.,
building water transfer projects) should be taken in advance to adapt to climate change.

6. Conclusions

This study investigated the variations of future climate and water resources availability in
an important river basin (the Biliu River basin) in northeast China. We found that both temperature
and precipitation increase under most of the CMIP3 and CMIP5 scenarios, and CMIP5 shows higher
temperature and wider ranges of changes in precipitation and runoff than CMIP3. We also found that
the evaporation could increase and the runoff could decrease in the future. The decline in runoff may
aggravate water shortages in the Biliu River basin, which may influence the water security in nearby big
cities. The results provide very important information for water resources planning and management
in this region and could have important implications to the regional sustainable development.

The uncertainties caused by the downscaling method and hydrological model, which are not
considered in this article, require further research. In addition, the impact of human activities on
future runoff, as well as the comprehensive impact of change conditions, also requires further research.
Furthermore, it is necessary to combine these results with the analysis of reservoir regulation rules
in order to use this information to make an informed decision about the future water availability for
this reservoir.
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