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Abstract: An assessment of how future climate change will impact water provision services is
important for formulating rational water resources management and development strategies as well
as for ecosystem protection. The East Asian monsoon is an important component of the Asian climate
and its changes affect the climate in East Asia and seriously affect the provision of water services.
In this study, through the coupling of the Integrated Valuation of Ecosystem Services and Tradeoffs
(InVEST) model and Statistical Downscaling Technique Model (SDSM), we evaluated the impact of
future climate change on water provisions in a typical East Asian monsoon basin of South China.
The results demonstrate the applicability of the InVEST model combined with the SDSM model
over the East Asian monsoon river basins. Under representative concentration pathway 4.5 scenario
(RCP4.5), the annual average maximum and minimum temperatures would continually increase far
into the future (2080–2095). However, the maximum and minimum temperatures slightly decreased
under representative concentration pathway 2.6 scenario (RCP2.6) in the far future (2080–2095).
The annual average precipitation and reference evapotranspiration experienced slight but steady
increasing trends under the RCP2.6 and RCP4.5 scenarios. Based on the InVEST model simulation,
annual average water yield would increase by 19.3% (33.5%) far in the future (2080–2095) under
RCP2.6 (4.5) scenario. This study provides a valuable reference for studying future climate change
impacts on water provisions in East Asian monsoon basins.
Keywords: statistical downscaling model; ecosystem service model; East Asian monsoon basins;
RCP scenarios; ecohydrology

1. Introduction
The climate is predicted to change significantly by the end of the twenty-first century according
to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change (IPCC AR5) [1,2].
Climate change will significantly affect terrestrial hydrology, which in turn will affect water resources [3].
Water is important for all natural and socioeconomic systems. Climate change can directly impact the
variation and patterns of water resources availability and indirectly affect agriculture, energy supply
and overall water infrastructure [4,5]. Therefore, projecting climate change and assessing its potential
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effects on water provision services is important for present and future assessments and management
planning of water resources.
The impact of climate change has been extensively studied using general circulation models
(GCMs), which can provide credible information about the historical, current and future climate [6,7].
They are considered the most effective and commonly used tools to simulate the general circulation of
the oceans or planetary atmosphere [8]. The IPCC AR5 promoted the development of the fifth phase
of the Coupled Model Intercomparison Project Phase 5 (CMIP5), which includes a large number of
GCMs [9]. The Canadian Earth System Model (CanESM2) is one of these models which is widely used
in building future climate scenarios [10–12]. Chen et al. [13] demonstrated that the CanESM2 model
can accurately simulate the air temperature over China. The CanESM2 model can also simulate the
variability of precipitation over China quite well [14].
However, due to the relatively coarse spatial resolution (usually about 50,000 km2 ) of GCM outputs,
some climate information at regional and basin scale applications are not well predicted for climate
impact studies [15]. As a consequence, GCMs generally fail when considering the features required
in hydrologic modeling and impact assessment on water resources [16]. Hence, the downscaling
technique is used to bridge this difference and downscale the relatively coarse-resolution GCMs to
smaller regional or basin scales. One form of the downscaling technique is the dynamic downscaling
method, which has a clear physical meaning. The other form is the statistical downscaling method,
which builds a statistical relationship between the local and large-scale variables to project for the
future. The statistical downscaling method has an advantage over the dynamic downscaling method
because it is low-cost, computationally undemanding and the implementation is convenient [17,18].
There are various statistical downscaling methods available. The statistical downscaling model
(SDSM) is one of the most famous and promising downscaling methods [19,20]. It has been widely
used to downscale coarser-resolution GCMs to a finer-resolution regional or basin scale [21,22].
Many comparative studies have shown that the SDSM model is easy to operate and has the superior
capability to capture local-scale climate variability [23,24]. The SDSM model efficiently forecasts single
and multiple-site climate variables for current and different future emission scenarios while requiring
inexpensive computation [7]. It has been applied in many places around the world, and a variety of
previous work has focused on temperature and precipitation downscaling [23,25–27]. To quantify the
impacts of future climate change on regional hydrological regimes, some scholars used the SDSM
model to convert the GCM output into fine-resolution climate parameters for hydrological modeling.
Zhou et al. [28] integrated the soil and water assessment tool (SWAT) model and the SDSM model
to quantify the impacts of climate change on streamflow in the Lake Dianchi watershed, China.
Meenu et al. [21] assessed the impacts of future climate change scenarios on the hydrology in the
Tunga-Bhadra river basin of India with the Hydrologic Modeling System version 3.4 and SDSM
model. Liu and Xu [29] used two downscaling methods and a SWAT model to quantify the effects
of climate change on the basin water cycle in the Yangtze and Yellow River basins. However, as of
now, few studies have focused on future water provision responses to climate change scenarios by
integrating the SDSM model and ecosystem service models.
Water provision is an important ecosystem service that provides the foundation for human
survival and development [30]. Given the complexity involving the roles and pathways of water
resources in ecosystems, calculating and mapping water provision are still a challenge. Ecosystem
service models such as Integrated Valuation of Ecosystem Service and Tradeoffs (InVEST) [31] can
be easily used and provide a simple quantitative method to estimate water provisions under a wide
range of conditions. The InVEST model is a widely used ecosystem service model jointly developed by
Stanford University, the World Wildlife Fund, and the Nature Conservancy. The water yield module
in InVEST model is crucial to water-related ecosystem services and can quantitatively evaluate the
water provision capacity of different sub-watersheds on a large scale. It is a spatially explicit tool that
uses fewer data and variables compare to SWAT and the results can be reported in the gridded map,
table and shapefile. The InVEST model has been used to successfully evaluate the water provision
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in small and large river basins in different regions of the world, including China, Europe, India,
and Iran [32–35]. Moreover, many studies and results have suggested that water provision estimates
are highly sensitive to climate [36–38]. However, the application of the InVEST model combined
with the downscaling method to evaluate future water provisions is rare in the pertinent literature,
especially in East Asian monsoon basin. It is of vital importance to predict climate change and assess
its potential impact on water provision services.
This study aims to evaluate the impact of future climate change scenarios on the water provision
services in a typical East Asian monsoon basin of South China. There were two objectives of this
paper: (1) to investigate future climate scenarios developed from CanESM2 under two Representative
Concentration Pathway (RCP) emission scenarios (RCP2.6 and RCP4.5) using the SDSM model;
(2) to assess future water provisions using the InVEST model together with downscaling outputs.
The results may provide a useful reference for planning water infrastructure projects and water
resources management in the East Asian monsoon river basins.
2. Materials and Methods
2.1. Xiangjiang River Basin
The Xiangjiang River spans latitudes of 24◦ 300 N to 28◦ 400 N and longitudes of 110◦ 300 E and
It is one of the most important rivers and the major tributaries of the Yangtze River in China.
The study area covers an area of nearly 8.5 × 104 km2 , occupying about 88.9% of the total area of
the Xiangjiang River basin area (Figure 1). It covers 9 cities in Hunan Province including Changsha,
Xiangtan, Zhuzhou, Yongzhou, Loudi, Yueyang, Shaoyang, Chenzhou and Hengyang. The study
area covers 60% of the population and 40% of the total area of Hunan Province and is responsible for
63.5% of the gross domestic product [39]. It is located in the East Asian monsoon climate zone with
annual precipitation > 1200 mm and average temperature of 17 ◦ C. The major land use types of the
study area are woodland, farmland, grassland, residential area and water. According to the Water
Resources Bulletin of Hunan Province, the natural runoff of the Xiangjiang River Basin from 2000
to 2015 is 465.1–1059.6 × 108 m3 , which changed greatly. Moreover, serious and frequent droughts
and floods often occur in the study area, which affects the development of the river basin and has a
significant impact on Hunan’s agriculture and other economies [40].

114◦ 300 E.

Figure 1. Location of the Xiangjiang River Basin, digital elevation model (elevation, m),
and meteorological stations.
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2.2. Data
In this paper, we used InVEST (version 3.3.3) with input data which includes gridded maps of
land use/cover, soil properties, climate and some biophysical coefficients. Observed meteorological
data, the National Center of Environmental Prediction (NCEP), and the future GCM grid outputs were
used for the SDSM model. The basic data information and their sources are summarized as follows.
The observed daily precipitation, maximum and minimum temperatures data covering 1966–2015
from 22 weather stations around the study area (Figure 1) were taken from the Climatic Data Center,
National Meteorological Information Center, China Meteorological Administration (http://data.cma.cn/).
All observed data series were quality controlled. The reanalysis dataset predictor variables of the NCEP
is daily series for 1969–2005 at a spatial resolution of 2.8125◦ × 2.8125◦ , which includes 26 large-scale
atmospheric variables such as horizontal wind, near surface relative and specific humidity, mean sea
level pressure and others [41].
The CanESM2 under RCP2.6 and RCP4.5 scenarios were chosen in this study. These scenarios
were daily series for 2006–2100 and included the same large-scale atmospheric variables as NCEP
data. The RCP2.6 scenario is an ideal low emissions scenario which has a peak radiative forcing of
3.1 W m−2 (approximately 490 ppm CO2 ) before 2100 and then declines to 2.6 W m−2 by 2100 [42].
This scenario presents a future with many policies and technologies for reducing greenhouse gas
emissions. RCP4.5 scenario reflects an intermediate stabilization scenario, which assumes that radiative
forcing stabilizes at 4.5 W m−2 (about 650 ppm CO2 ) in 2100 [2]. This scenario considers the development
of the global economy, and there will still be long-term global greenhouse gas emissions and short-lived
material emissions [43], which is also in line with China’s future economic development. RCP8.5 is
an impossible high-risk future scenario, especially in China, which is not considered in this study.
The NCEP and CanESM2 datasets were downloaded from the Canadian Centre for Climate Modeling
and Analysis (https://www.canada.ca/en.html) and obtained for each location using the actual station
latitude and longitude grid-box at a resolution of 2.8125◦ ×2.8125◦ .
The gridded map of soil depth and soil texture (%silt, %sand, %clay, %organic carbon) were
generated based on the National Tibetan Plateau Data Center (http://data.tpdc.ac.cn/zh-hans/ [44]).
The land use/land cover (LULC) data from 2000 to 2015 were derived from the Climate Change Initiative
of the European Space Agency (http://maps.elie.ucl.ac.be/CCI/viewer/download.php) at 300 m spatial
resolution. For further study, twenty-Two land cover types in the study area were reclassified into six
major groups, which are woodland, farmland, grassland, residential area, water, and unused land.
2.3. Methods
In this study, we used SDSM 4.2 to downscale the precipitation, minimum and maximum
temperatures in the study area. The hydrological projections are performed by using the InVEST
(version 3.3.3) model, which has been tested on this basin prior to this study [38]. A flow chart of the
techniques using in this study is shown in Figure 2.
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Figure 2. The workflow of the study.

2.3.1. InVEST Model
The water yield module in InVEST model was used to map and quantify water provisions.
The module is a spatially explicit tool and calculates the sum and averages of the water yield based on
the Budyko curve [45] and the principle of water balance at the sub-watershed level. It runs in the
gridded map at an average annual time step which requires five types of gridded data, a sub-watershed
shapefile data, a biophysical table, and a constant parameter Z. A fully detailed description of InVEST
model can be found in Sharp et al. [31]. All gridded data were resampled at a spatial scale of 1000 m
and projected using the WGS84.
In addition to LULC and soil depth, the input gridded data also includes Plant available water
content (PAWC), annual reference evapotranspiration, and precipitation. The PAWC calculation
follows Zhou’s method [46] that requires soil chemical and physical properties. The reference
evapotranspiration (ET0 ) was estimated using the Hargreaves equation [47] which requires only
maximum and minimum temperatures. Gridded annual precipitation and annual ET0 were obtained
using the inverse distance weighted interpolation method in ArcGIS 10.4 software (http://www.esri.
com/software/arcgis) for each corresponding time period for the Xiangjiang River Basin. Figure 3a,b
showed the average annual precipitation and ET0 from 2000 to 2015. The sub-watershed was
extracted from the SRTM product with a spatial resolution of 30 m [48] (http://srtm.csi.cgiar.org/)
using ArcGIS 10.4. The parameter Z was assumed to be 7, which resulted in the lowest error [38].
The biophysical coefficients of each LULC class used in the module mainly include the root depth and
plant evapotranspiration coefficient (Kc). The root depth was obtained from Canadell et al.’s study [49],
and the Kc was provided by FAO 56 guidelines [50].
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Figure 3. Spatial pattern of (a) average annual precipitation and (b) average annual reference
evapotranspiration over the Xiangjiang River Basin from 2000 to 2015. The numerals in the map refer
to sub-basins.

2.3.2. SDSM Downscaling Method
The SDSM model is an integration of the Stochastic Weather Generator (SWG) and the Multiple
Linear Regression (MLR) promoted by Wilby, Dawson and Barrow [51]. Regression parameters were
created by MLR downscaling method based on the empirical relationship between the local climate
predictands (temperature and precipitation data) and relevant large-scale predictors (NCEP). Then the
parameters along with GCMs large-scale (CanESM2) were revised by SWG to imitate future climate
change scenarios. Generally, the SDSM model is applied by a set of steps (Figure 4). Detail procedures
and steps can be found in Wilby et al. [22,51].
In the study, the precipitation, maximum and minimum temperatures were chosen as predictands.
We applied the SDSM model to downscale their future time series at different meteorological stations.
The future climate change scenarios were developed from the CanESM2 under the two RCP emission
scenarios (RCP2.6 and RCP4.5) in three future periods: near future (2020s, 2020–2035), middle future
(2050s, 2050–2065) and far future (2080s, 2080–2095). The most relevant predictors were selected in the
SDSM model based on correlation and partial correlation analysis between the large-scale predictors
and predictands from all given stations. Following the user manual, the wet day threshold was set to
0 mm, and a fourth root transformation was applied to the original precipitation data to convert it to a
normal distribution [22]. In the predicators selected, the mean temperature at 2 m, surface meridional
velocity, near surface specific humidity and mean sea level pressure were determined to be generally
suitable large-scale predictors for the simulation of temperature predictands. As for precipitation,
the usage frequency of 850 hPa velocity, surface meridional velocity, relative humidity at 500 hPa and
850 hPa were amongst the highest in this downscaling experiment. These selected predictors were
used in the calibration procedure.
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Figure 4. SDSM climate scenario generation process.

2.3.3. Performance Assessment
The accuracy of the water yield simulation was performed by comparing the observed and
simulated annual streamflow data. Prior study showed the proper application of the InVEST model
and showed that it can provide a reliable base for future projections of water yield in the study area [38].
The SDSM model was used to calibrate the relationship between predictands and predictors before
generating future climate change scenarios, and validation was required subsequent to calibration.
The performance of the model was determined by the root mean square error (RMSE) and coefficient
of determination (R2 ). Details of these statistical methods are available in Gupta, Sorooshian and
Yapo [52] and Moriasi et al. [53].
The downscaled baseline precipitation and ET0 generated from the SDSM model were input
to the InVEST model to simulate the water yield. The water yield of the Xiangjiang River Basin for
the baseline period (2000–2015) was characterized using simulated results from the InVEST model
developed in this study. The downscaled future precipitation and ET0 for the CanESM2 under RCP2.6
and RCP4.5 scenarios were input into the InVEST model to explore water yield response to projected
future climate change scenarios. Other input data (i.e., sub-watershed shapefile, biophysical table,
soil depth, Z, and LULC in 2015) were kept constant for all future scenarios. The simulated water yield
based on the future projections was then synthesized in terms of long-term annual average values
for the near future (2020–2035), middle future (2050–2065) and far future (2080–2095). The change of
water yield was reported as the effects of climate change on water provision services, with respect to a
simulated baseline period (2000–2015).
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3. Results and Discussion
3.1. Climate Change Scenarios
3.1.1. SDSM Calibration and Validation
According to the availability of observed data, the calibration period of daily meteorological
data was 30 years from 1966 to 1995 and data from the last 10 years (1996–2005) were used for
validation of each predictand in each meteorological station. Ordinary least squares were used for
optimization. As shown in Figure 5a,b there was good agreement between the observed and simulated
minimum and maximum temperature values. The R2 were 0.96 and 0.97 between yearly observed and
simulated minimum and maximum temperatures. The RMSE was 0.4 and 0.3 ◦ C for the maximum and
minimum temperatures, respectively. However, precipitation did not perform better than temperature.
The R2 between yearly observed and simulated data was 0.54 and RMSE was 165.7 mm, as shown
in Figure 5c. In conclusion, the SDSM model can generate projected climate scenarios over the
Xiangjiang River Basin. Relatively speaking, the simulation effect of precipitation is not as good as
that of temperature. Precipitation is heterogeneous, more complex, and difficult to simulate precisely,
and many previous studies have demonstrated that downscaling can better construct temperature
series than precipitation [6,23,54]. Further research is needed to gain insights regarding the future
atmospheric circulation change on precipitation.

Figure 5. Scatter plots of yearly maximum and minimum temperatures and precipitation (a–c) between
measured and simulated series for the Xiangjiang River Basin.

3.1.2. Downscaling Future Climate Change Scenarios
The CanESM2 under RCP2.6 and RCP4.5 data were entered into the calibrated SDSM model for
each weather station to produce the future time series of precipitation, and maximum and minimum
temperatures. It provided a basis for the next step of estimating the spatial and temporal changes of
water yield under the future climate change scenarios in the study area. The predicted range of the
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mean annual precipitation, ET0 , and maximum and minimum temperatures under RCP2.6 and RCP4.5
scenarios were drawn using box-plot to observe the changes in the baseline and three future periods.
The Figure 6a and b both showed an increase in average annual maximum and minimum temperatures
under the RCP2.6 scenario of the study area in the 2020s. The average annual maximum and minimum
temperatures were projected to increase by 0.5 and 0.6 ◦ C more than the baseline value, respectively.
In the 2050s, the maximum and minimum temperatures would be consistently warming. They were
both likely to increase by 0.2 ◦ C in comparison with the 2020s, but the uncertainty of the maximum
temperature was higher. However, the maximum temperature stopped increasing in the 2080s, and the
minimum temperature even began to decrease. The average annual precipitation under the RCP2.6
scenario of the study area was roughly equivalent to the baseline period in the 2020s (Figure 6c). It was
observed that the average annual precipitation was likely to increase 9% and 10% in the 2050s and
2080s, respectively. Figure 6d showed the average annual ET0 of the study area under the RCP2.6
scenario. The results indicate that the average annual ET0 showed an increasing trend in the 2020s and
2050s. The average annual ET0 of the study area was projected to increase by 4% in the 2020s. In the
2050s and 2080s, the average annual ET0 both increased by around 6%, but the uncertainty was higher
in the 2050s.

Figure 6. Box plots of the simulated and observed mean annual maximum and minimum temperature,
precipitation and reference crop evapotranspiration (a–d) over the Xiangjiang River Basin under the
RCP2.6 scenario.

The baseline and three future periods of precipitation, ET0 , and minimum and maximum
temperatures of the study area under the RCP4.5 scenario are shown in Figure 7. The average annual
maximum and minimum temperatures of the study area were projected to increase consistently over
three future periods under the RCP4.5 scenario (Figure 7a,b). The projected average annual maximum
temperature of the study area was likely to increase 0.3, 1.1 and 1.4 ◦ C in the 2020s, 2050s and 2080s,
respectively. It was observed that the minimum temperature was gradually increasing compared to the
baseline period over three future periods by 0.4 ◦ C for the 2020s, 1.2 ◦ C for the 2050s and 1.5 ◦ C for the
2080s. The average annual precipitation of the study area under the RCP4.5 scenario was similar to that
under the RCP2.6 scenario (Figure 7c). In the 2020s, the precipitation seemed to be roughly equivalent
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to the baseline period. A difference occurs in the 2050s and 2080s in the average annual precipitation
of the study area under the RCP4.5 scenario, with a change rate of 18% and 20.4% compared to the
baseline period. It was clearly higher than that under the RCP2.6 scenario, with a change rate of 9% and
10% compared to the baseline period. The projected average annual ET0 of the study area has increased
similarly to temperature under the RCP4.5 scenario (Figure 7d). It was likely to increase by 3.3% for
the 2020s, 6.2% for the 2050s and 8% for the 2080s compared to the baseline period. As expected,
the temperature rise in the RCP4.5 scenario is greater than in the RCP2.6 scenario, which is consistent
with many studies [55,56]. RCP4.5 is a higher-emission scenario and projects higher atmospheric
carbon dioxide (CO2 ) concentrations. In addition, Ma et al. [57] used four GCMs to estimate future
precipitation under RCP4.5 scenario in the same basin. Their results show that the annual precipitation
will continue to increase in the future, which is consistent with our research results.

Figure 7. Box plots of the simulated and observed mean annual maximum and minimum temperature,
precipitation and reference crop evapotranspiration (a–d) over the Xiangjiang River Basin under the
RCP4.5 scenario.

In this study, the ET0 was estimated using the Hargreaves equation which is recognized by FAO
which may generate improved results over the Penman-Monteith model, especially where the latter
cannot be fully parameterized [58]. Nowadays, many researchers developed some approaches and
models to estimate ET0 , taking into account the effects of CO2 concentration. The recent work of
Yang et al. [59], published in Nature Climate change, establishes the relationship between canopy
resistance rs and CO2 to improve the FAO Penman-Monteith model. However, it requires a lot of input
parameters that are difficult to record and their findings are based on CMIP5 model outputs.
Whether and to extent results could represent the real world remains an open question for
future investigations. In fact, the relationship between CO2 concentration and ET0 is complicated.
Allen et al. [60] considered that fluctuation in rs value would have a negligible effect on the ET0
calculation. Lovelli et al. [61] and Snyder et al. [62] concluded that the effect of increasing CO2
concentration may be annulled by an increase in air temperature and subsequent increase in
evapotranspiration rate. In other hand, CO2 concentration variation at regional or basin scale
may be less obvious and difficult to obtain. Most regional and basin scale studies do not specifically
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consider the influence of CO2 concentration [19,63,64]. In our study, the weather station data used did
not contain so many observation parameters including CO2 concentration data. The RCP scenarios
have considered the change of CO2 concentration in the future period. RCP2.6 scenario is a low
emissions scenario which has approximately 490 ppm CO2 before 2100. For RCP4.5 scenario, year 2100
concentrations are approximately 650 ppm CO2 . In this future scenario, they included 26 large-scale
atmospheric variables such as mean temperature at 2 m, horizontal wind, near surface relative and
specific humidity, mean sea level pressure and others. We use local climate predictands and relevant
large-scale atmospheric variables to imitate future climate change scenarios based on the SDSM model.
To some extent, the effects of CO2 concentration has been considered under different RCPs and periods.
In our study, ET0 are projected to slightly increase under both RCPs. This is similar to the previous
studies from Tao et al. [18] in the same basin, which suggests that the annual ET0 shows an upward
trend under the RCP4.5 scenario during the period from 2011 to 2100. Further studies are necessary to
gain insights regarding the complex relationship between ET0 and CO2 concentration.
3.2. Impact of Climate Change on Water Yield
The water yield computations obtained by the InVEST model were aggregated for each
sub-watershed. The spatial distribution of average annual water yields was displayed in the baseline
period for the Xiangjiang River Basin (Figure 8a). The average annual water yield of the Xiangjiang
River Basin for the baseline period was 7.1 × 103 m3 ha−1 . The spatial distribution patterns exhibited
that water yields in the north and west were generally lower than in other areas. Sub-watershed 8 and
25 had the highest water yield contribution per hectare area which was around 8.1 × 103 m3 ha−1 .
In Figure 3, the spatial distribution of average annual precipitation from 2000 to 2015 is similar to that
of water yield, which is lower in the northern and western sub-basins, and higher in the southern and
northeastern sub-basins. These results are consistent with many studies, which show that precipitation
has a particularly strong influence over water yield [65–67].

Figure 8. Spatial distribution of simulated annual mean water yield over the Xiangjiang River Basin
under the current (a) and two climate change scenarios in the three future periods (b–g).

Under the RCP2.6 scenario in the 2020s, the average annual precipitation and total annual water
yield seemed to be roughly equivalent to the baseline period. The areas with undergoing an increase in
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water yield were mainly in the southwest and northeast. But water yield was lower in the western
part of the region, which was approximately 5.5 × 103 m3 ha−1 . With the increase of the precipitation,
water yields were generally higher in every sub-watershed under the RCP2.6 scenario in the 2050s
compared to 2020s. This was particularly true in the sub-watersheds 7 and 8 with the highest water
yield contribution (approximately 9.7 × 103 m3 ha−1 ). The spatial distribution and average annual
water yield of the Xiangjiang River Basin in the 2080s were similar in 2050s, which was approximately
8.5 ×103 m3 ha−1 . Compare with the RCP4.5 scenario, the average annual water yield was generally
higher under the RCP4.5 scenario. Especially in the 2050s and 2080s (Figure 8f,g), the average annual
water yield of the entire basin was 9.4 × 103 m3 ha−1 and 9.5 × 103 m3 ha−1 . Water yield showed a
maximum value of 1.1 × 103 m3 ha−1 in the northern and eastern parts of the region.
Figure 9 showed details of changes in the simulated water yield over the Xiangjiang River Basin
during the current and future climate change scenarios. Under the RCP2.6 scenario in the 2020s,
the total annual water yield seemed to be roughly equivalent to the baseline period. The increase in
annual water yield was located in the northeast and southwest parts of the region, while the decrease
included the other parts of the region. As shown in Figure 9b and c, the results showed an increase
in most of the sub-watersheds under the RCP2.6 scenario in the 2050s and 2080s. Large increases
(>40%) occurred located in the sub-watersheds 18, 21 and 22 in the southwest part of the region.
However, the sub-watershed 6 in the western part of the region was expected to show a negative trend.
On the whole, most of the regions may experience growth trend under the RCP4.5 scenario, especially
compared to the RCP2.6 scenario. Under the RCP4.5 scenario in the 2020s (Figure 9d), the average
annual water yield of the entire basin only increased by 1.2% compared to the baseline period. It was
observed that the water yield of the entire basin was likely to increase by 33% and 33.5% in the 2050s
and 2080s, respectively. Especially in the southwest part of the region, the average annual water yield
had a large increase (>40%).

Figure 9. Variation of the simulated water yield over the Xiangjiang River Basin in the three future
periods under RCP2.6 (a–c) and RCP4.5 (d–f).
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Since LULC, soil parameters, and other characteristics of the sub-basins are major inputs for the
InVEST model, it can also change the hydrological cycle and thereby influencing water yield. However,
these parameters usually do not change much compared with climate data, and this study mainly
studies the impact of future climate change on water yield. So, we assume that other input data besides
climate data (i.e., sub-watershed shapefile, biophysical table, soil depth, Z, and LULC) were kept
constant for all future scenarios. Further studies are necessary to gain insights regarding the model
performance with changes in LULC or other characteristics. GCMs are one of the most useful tools in
quantifying the impacts of climate change. Limitations of this study are that one GCM was used for
the downscaling, and the results will be largely dependent on the climate change signals from one
GCM. Previous studies have shown that the inherent uncertainty in the original GCMs introduces a
certain degree of uncertainty to future projected water yield [25,68]. To better understand water yields
under different climates and reduce predictive uncertainty, more GCMs and downscaling techniques
should be adopted.
4. Conclusions
In the present study, we conducted suitability assessments of the CanESM2 and SDSM downscaling
models in a typical East Asian monsoon basin of South China. Through the coupling of the SDSM and
InVEST model, the influence of future climate change on water provisions was quantified.
The SDSM model was used to project future precipitation, and minimum and maximum
temperatures. The results demonstrate the applicability of the SDSM model over the East Asian
monsoon river basins. The downscaled results of the CanESM2 based on the calibrated SDSM model
show that annual average maximum and minimum temperatures will continue to increase under the
RCP4.5 scenario. But the maximum and minimum temperatures slightly decrease under the RCP2.6
scenario in the far future (2080–2095). Under the RCP2.6 and RCP4.5 scenarios, average precipitation
and reference evapotranspiration both show slight but steady increasing trends.
Based on the InVEST model simulation, the result suggests that the ecosystem service model was
able to explain the temporal and spatial changes of observed water yields. Annual average water
yield would increase by 19.3% (33.5%) in the far future (2080–2095) under the RCP2.6 (4.5) scenario.
The results of this study would help to understand the potential impact of future climate change on
water provisions and planning water resource management and adaptation strategies in the East Asian
monsoon river basins.
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