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A B S T R A C T   

Study region: The Chaohe watershed is a meso-scale watershed in northern China, and the primary 
reservoir watershed for Beijing’s drinking water supply. 
Study focus: This research aims to evaluate the effects of climate change on future seasonal 
streamflow regimes and understand the challenges to watershed management. The Regional 
Hydro-Ecological Simulation System (RHESSys) was applied to investigate the watershed’s future 
hydrographic characteristics under the forcing of the downscaled precipitation and temperature 
projected by General Circulation Models (GCMs) under three emissions scenarios. 
New hydrological insights for the region: The future climate exhibits a drier and warmer trend in the 
summer monsoon period contrasting with other seasons in the watershed. Precipitation will 
decrease by 47.5–57.2 mm during the summer monsoon period while increasing annually. Future 
summer streamflow will decrease accordingly, which is also driven by increased evapotranspi
ration due to rising temperature. An increased dispersion coefficient of streamflow also indicates 
more dramatic variations in summer. The annual streamflow magnitude with a 5-year return 
period increases significantly (p < 0.01), indicating a reduced risk for future water shortages. 
However, the magnitude of streamflow will decrease with the prolonged return periods (p <
0.01). This study emphasizes the critical significance of predicting the seasonal variability of 
streamflow and other hydrological property changes at the local scale to provide valuable in
formation for developing adaptive resource management and hazard relief strategies.   

1. Introduction 

Climate change accelerates the global water cycle, alters flow regime, induces more extreme events (López-Ballesteros et al., 2020), 
and modifies regional and global water resource distributions (Piao et al., 2010; Gizaw et al., 2017). However, there are significant 
discrepancies in climate change between different geographical regions and time scales (Blöschl et al., 2019). More complex 
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Fig. 1. Geographic information of the study area: (a) location of the Chaohe watershed and adjacent provinces in China, (b) location of the hydro-meteorological stations, and (c) land use within the 
watershed in 2009. 
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heterogeneous precipitation changes than the consistent warming trend will cause divergent fluctuations within hydrological pro
cesses across the scales (Donat et al., 2016). For instance, precipitation substantially increased in the southwestern China, but declined 
by 5% per decade in the northern region (Zhai et al., 2005). Extreme flows, such as high flows and low flows, are expected to rise within 
northern Europe and the high latitude regions of North America, whereas a decrease in the southern regions of Europe and North 
America (Dai et al., 2009; Hirabayashi et al., 2013). Streamflow is projected to decrease over the southwestern North America in the 
next 100 years, while the opposite trend is predicted over the eastern North America due to the increased precipitation (Reynolds et al., 
2015). The discrepancies in climate change and its hydrological impacts make it hard to develop adaptive watershed management 
without localized projections. 

The East Asian summer monsoon (EASM) transfers moisture to land from the ocean facilitating temporal heterogeneity in pre
cipitation. The EASM has been weakening for the last half-century, leading to drier conditions over northern China’s semi-arid areas 
(Shen et al., 2018). Since the late 1990s, a significant trend towards drier parts of northern China has been noticed, which played an 
essential role in modifying the drought pattern (Xu et al., 2018). More importantly, the monsoon system generates seasonal changes in 
climate and thus hydrological regimes. For instance, significant decreasing trends in the summer precipitation were detected over 
northern China, while the opposite trend was found for the same area in the winter months (Zhai et al., 2005). Temporal variability in 
climate and streamflow have significant consequences for regional water resources management (Seddon et al., 2016). Climatic 
change-induced seasonal fluctuations in climate and hydrological regimes pose severe challenges to disaster avoidance in northern 
China. It is estimated that extreme drought in Northwest China has caused major ecological and economic consequences (Ouyang 
et al., 2015). Therefore, it is important to detect the variations in the hydrological regime driven by climate change at different 
temporal scales (i.e., both annual and seasonal) at the watershed scale to achieve sustainable water resources management and 
adaptation strategies in the future. 

The effects of climate change on water resources can be investigated by incorporating climate change projections (e.g., air tem
perature and precipitation) into models that reliably quantify the spatio-temporal variations of water fluxes in a watershed under 
different socioeconomic pathways (Aloysius and Saiers, 2017). General Circulation Models (GCMs) are applied to provide estimates of 
the climate response and future climate scenarios over large regions (Asseng et al., 2013). The number of GCMs available for climate 
change projections is increased from 25 with the Coupled Model Inter-comparison Project (CMIP) Phase 3 to 61 with CMIP Phase 5. 
However, uncertainties in predicting the future climate remain large and might even increase with the increasing number of climate 
models available (Hargreaves, 2010; Lutz et al., 2016). Additionally, the performance of GCMs varies within geographic regions 
(Ahmadalipour et al., 2017). Therefore, it is vital to select the appropriate GCMs to capture and forecast the climatological patterns and 
variations for a specific region. At regional and watershed scales, GCMs must be downscaled to generate the accurate high-resolution 
climate variables used for hydrological simulation and prediction. Although GCMs could generate hydrological variables directly, the 
simulated hydrological processes and regimes are inadequate (Xu and Singh, 2004). For example, GCMs do not represent the lateral 
transfer of water fluxes very well (Kite et al., 1994). Physical processes-based, distributed hydrological models could dynamically 
simulate the transfer of horizontal and vertical water fluxes by dividing watershed into grids or sub-catchments and incorporating 
watershed physical characteristics (Fatichi et al., 2016; Tegegne et al., 2017). Hence, such models have been used in hydrological 
simulations under various scenarios, including changes in land use and land cover, and climate change (Zheng et al., 2018). 

This study aims to predict the future hydrological regimes in the Chaohe watershed, situated in the temperate East Asian monsoon 
climate region of northern China. We used downscaled GCMs data to forecast future climate change and drive the process-based 
distributed eco-hydrological model RHESSys. Our specific objectives are to (1) project the annual and monthly variations in precip
itation and air temperature, (2) simulate the responses of annual and seasonal streamflow dynamics under future climate scenarios, 
and (3) evaluate the hydrological regime changes and forecast the risks for hydrological management at the study watershed. 

2. Study region, data, and methods 

2.1. The Chaohe watershed 

The Chaohe watershed located in northern China (116◦08’–117◦28′E, 40◦34′–41◦37′N, Fig. 1a) has a drainage area of 4854.8 km2 

elevated between 159 and 2218 m above the sea level. This watershed, the essential water source region of Miyun Reservoir, provides 
more than 70% of the drinking water for the urban population in Beijing (Tang et al., 2011). The watershed is dominated by brown 
loam and luvic cinnamon soils (Li et al., 2010). In addition, more than 80% of the watershed is covered by forests, shrubs, and grass 
(Fig. 1c), while the rest is used for crop and construction or as bared areas. The mean annual temperature (MAT) and precipitation 
(MAP) during 1961–2015 is 12.3 ℃ and 509.2 mm, respectively. As a unique feature of the monsoon climate, the summer is warm and 
wet, contributing more than 80% of the annual precipitation. 

2.2. Data 

Daily precipitation series (1961–2015) from eight precipitation monitoring sites (Fig. 1b) were attained by the Haihe River Water 
Conservancy Commission, Beijing Water Authority, and Hydrology and Water Resource Survey Bureau of Hebei Province. The 
Thiessen polygon method was used to calculate the annual average precipitation (Thiessen, 1911). In addition, daily minimum, mean, 
and maximum temperature during 1961–2015 (representing the historical period) were obtained from three national meteorological 
stations (Miyun, Fengning, and Chengde) maintained by the State Meteorological Administration, China. Daily streamflow data at 
Xiahui Hydrological Station (the outlet station of the watershed, Fig. 1b) were obtained from the same source for daily precipitation 
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Fig. 2. The schematic diagram of the analytical procedures and techniques used in this study.  
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data (Cao et al., 2018; Lou et al., 2015). 
The digital elevation model (DEM) and land use maps for 1979, 1989, 1999, and 2009 with 30 m resolution were derived from the 

Computer Network Information Center and Institute of Remote Sensing and Digital Earth (http://www.ceode.cas.cn/sjyhfw/), Chinese 
Academy of Sciences, respectively. The River network was built up by calculating flow direction from the DEM data using the eight 
flow directions (D8) algorithm (O’Callaghan and Mark, 1984). The DEM specified flow directions by assigning flow from each pixel to 
one of its eight neighbors in the direction with the steepest downward slope. Soil information was derived from the Environmental and 
Ecological Science Data Center for western China (Wang et al., 2013). Finally, land use data were reclassified into the evergreen forest, 
deciduous forest, shrub, grass, agriculture land, and undeveloped land according to RHESSys land cover database requirements. 

2.3. Scenario datasets and downscaling 

The present and future daily precipitation and temperature projected by GCMs were obtained from the Earth System Grid 
Federation (ESGF, http://esgf-node.llnl.gov/search/cmip5/). An increasing number of climate models are available predicting 
important climatic variables. For example, the Coupled Model Inter-comparison Project Phase 5 involves outputs from 61 different 
GCMs (Lutz et al., 2016). Many GCMs such as CanESM2, CNRM-CM5, and GFDL-CM3 can realistically capture China’s climatological 
patterns and spatial variations (Yang, 2014). The CanESM2 model is widely used because readily available daily predictor variables 
can be directly fed into the Statistical Downscaling Model (SDSM). Thus, a decision support tool for assessing local climate change 
effects and the model outputs can be applied for further impact analysis with a high degree of certainty under new sets of emission 
scenarios downscaled by the SDSM (Getachew et al., 2021). Previous evaluation studies indicated that the CanESM2 and GFDL-CM3 
could realistically reproduce the observed seasonal precipitation by national weather stations over northern China (Chen and 
Frauenfeld, 2014). In addition, the CNRM-CM5 also shows higher accuracy than the other models in simulating spatial patterns in the 
decadal change of climate zones over China (He et al., 2019). The selected CMIP5 GCMs (including GFDL-CM3, CanESM2, and 
CNRM-CM5, Fig. 2) were found to be able to reproduce climate variability (i.e., statistical methods of annual average, monthly 
average, correlation coefficient, and percent bias, Fig. S1 and S2) in the study area during calibration and validation. Moreover, three 
Representative Concentration Pathways (RCP) scenarios (i.e., RCP8.5, RCP4.5, and RCP2.6) representing distinct radiative forcing 
levels were applied to reflect the high, medium stabilization, and mitigation emission scenario, respectively (Moss et al., 2010). All 
data were uniformly interpolated to identical resolution with the US National Oceanic and Atmospheric Administration National 
Centers for Environmental Prediction reanalysis data. 

The SDSM was used to generate the regional climate data for our study area. The SDSM was selected based on the model’s excellent 
climate downscaling techniques (Liu et al., 2021). First, long-term and high-quality observation data (1961–2015) was used to 
establish the robust statistical relationship between large-scale downscaling predictor variables (i.e., GCMs predictors) and local 
climate variables (i.e., observed temperature and precipitation) over the study area. This step was needed to develop the statistical 
downscaling method. Second, the SDSM combined two primary statistical downscaling transfer function generators that relate 
large-area climate to local weather or from the upper air to the ground weather (Wilby and Wigley, 1997). The first method includes 
applying efficient regression analysis, and the second is used to produce a temporary series of local variables such as precipitation with 
high stochastic fluctuations. Thirdly, the SDSM is especially effective for hydrological research (Wilby, 2002). As indicated in many 
evaluation studies, this method replicated the main features of the observed hydrometeorology (Liu et al., 2021). The goal of the SDSM 
is to establish the empirical relationship between the local climate variables and large-scale variables. This study selected different 
predictors, including mean temperature, relative and specific humidity near the ground surface, and mean sea level pressure for 
temperature downscaling (Table 1 and S1). Meanwhile, we chose the 500 hPa geopotential height, divergence, and zonal velocity for 
precipitation downscaling (Table S1). We used the conventional bias correction method within the SDSM to inflate the variance of the 
downscaled time series. Finally, we split the historical period of 1961–2015 into a calibration period (i.e., 1961–1990) and the 
validation period (i.e., 1991–2015). The detailed downscaling process was implemented in the following steps:  

(1) Quality control and transformation for observed temperature and precipitation data. Enable the diagnosis of missing data and 
outliers in observed precipitation and temperature data before running the SDSM.  

(2) Selecting suitable downscaling predictors. The observed temperature and precipitation data were used to screen the preferred 
predictors for precipitation, minimum and maximum temperature in the Chaohe watershed, respectively. Finally, we selected 
ten predictors: mean temperature, relative and specific humidity near the ground surface, mean sea level pressure, and geo
potential height. The details are described in Table S1. 

Table 1 
List of the daily predictor variables selected in the Chaohe watershed.  

Description Predictors Description Predictors 

Mean temperature at 2 m Temp Divergence at 500 hPa P5zh 
Near-surface relative humidity Rhum Divergence at 850 hPa P8zh 
Surface specific humidity Shum 500 hPa zonal velocity P5_u 
Mean sea level pressure Mslp 850 hPa zonal velocity P8_u 
500 hPa geopotential height P500 850 hPa meridional velocity P8_v  
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(3) Calibrating and validating the SDSM. The daily temperature and precipitation data and selected predictors were used to 
construct downscaling multiple regression equations.  

(4) Generating the daily weather series for the next eighty years based on the selected GCMs under the three emission scenarios. 
Although 2020 is no longer a future year, it is included in the future period for the convenience of analysis. 

2.4. Regional Hydro-Ecological Simulation System model 

2.4.1. Model construction and parameterization 
The Regional Hydro-Ecological Simulation System (RHESSys), a process-based distributed model, was used in our study to project 

the future streamflow variation. The RHESSys represents watersheds in a spatially nested hierarchical structure with a range of 
meteorological and hydrological processes associated with different hierarchy levels (Fig. S3). The RHESSys model includes an explicit 
hillslope hydrology model linking the ecosystem patches in a catena, resolving coupled water, carbon, and nitrogen cycling with 
spatially varying topo-climate drivers (Tague et al., 2008). Specifically, the soil water profile is depicted in a vertically three-layer 
model, covering a saturated zone, an unsaturated zone, and a surface detention zone (Tague and Band, 2004). The standard 
Penman-Monteith approach is used to calculate evaporation and transpiration rates. Stomatal conductance is used for surface 
conductance in a multiplicative model (Jarvis, 1976). Stomatal conductance is driven by solar radiation, vapor pressure deficit, rooting 
zone soil moisture, air CO2 concentration, and air temperature controls. The RHESSys further scales leaf-level transpiration to canopy 
transpiration by integrating over the leaf area index (LAI). Canopy interception is a function of the water-holding capacity of the 
vegetation. Net throughfall from the canopy is first added to surface detention storage and then allowed to infiltrate into the soil 
following Phillip’s infiltration (Philip, 1957). A condensed description of the hydrological processes, including interception, tran
spiration, and evaporation is shown in the following equation. A more detailed description of the RHESSys can be found in the 
literature (Band et al., 1996; Tague et al., 2004). 

Infiltration in RHESSys is calculated by Phillip equation: 

qinfil = Itp + Sp
̅̅̅̅̅̅̅̅̅̅̅̅̅
td + tp

√
+ Ksat

(
td − tp

)
for td > tp (1)  

qinfil = Itd for td < tp (2)  

Sp =
̅̅̅
2

√
Ksat0.76φae (3)  

Ksat(z) = Ksat 0exp(− z
m) (4)  

tp = Ksat0.76φae
(Ф − θ0)

I(I − Ksat)
(5)  

where qinfil is infiltration; I and td are input intensity and duration; tp is the time to ponding; Ksat is saturated hydraulic conductivity 
defined by the saturation depth z; Ksat_0 is hydraulic conductivity at the surface, and m describes the decay rate of conductivity with 
depth; Sp is sorptivity; φae is air entry pressure; Φ is porosity, and θ0 is initial soil moisture content. 

Evaporation and transpiration rates are computed using the standard Penman-Monteith equation. Evapotranspiration rates are 
computed for rainy and dry periods of each day, and the vapor pressure deficit is adjusted accordingly. Total daily evaporation (E) is 
computed as: 

E = min
[
θI ,E(vpd = 0; gs)(Drain)+E

(
vpd = vpd; gs

)(
Dday − Drain

) ]
(6)  

where θI is the interception storage; vpd is the daily vapor pressure deficit; Drain is the rain duration; Dday is the day length; gs is the 
nonvascular stratum conductance. 

Total transpiration Tc is computed as: 

Tc = E(vpd = 0; gssun)+E(vpd = 0; gsshade)(Drain)

+E
(

vpd = vpd; gssun

)
+E

(
vpd = vpd; gsshade

)(
Dday − Drain

)
(7)  

where gssun and gsshade are the canopy conductance for sun and shaded leaves. 

2.4.2. Model calibration and validation 
The RHESSys was run with a daily time step based on available meteorological data. Our previous studies indicated an abrupt 

change in streamflow in the late 1980 s occurred due to implementing large-scale afforestation programs (Zheng et al., 2015; Wang 
et al., 2013). Therefore, we chose streamflow data from 1961 to 1979 and land use data of 1979 to calibrate the RHESSys model to 
avoid influence from human activities. First, two years (i.e., 1961–1962) of data were selected to spin up this model. The model was 
validated using the calibrated parameters, land use data in 2009, and hydro-meteorological data from 2000 to 2015. The RHESSys 
relies on parameters to describe typical soil, vegetation, and land use characteristics. Literature-based estimates and the RHESSys 
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parameter database (https://github.com/RHESSys/RHESSys/wiki/Parameter-Definition-Files) have been used to modify values for 
the vegetation and soil types in our study area. Seven key hydrologic parameters reflecting drainage efficiency and storage capacity of 
soils required calibration and validation, including vertical and horizontal saturated hydraulic conductivity (Ksat_v and Ksat_h), decay of 
saturated hydraulic conductivity with depth (m), percentage of infiltrated water bypass to the deeper groundwater store (gw1), 
drainage rate of the groundwater (gw2), and soil depth (Tague et al., 2004). A Monte-Carlo simulation was implemented to sample 
3000 initial parameter sets from recommended ranges in the RHESSys parameter database, and finally, the optimum parameter set was 
calibrated and validated (Table 2). In addition, the relative bias (Bias), coefficient of determination (R2), and Nash-Sutcliffe efficiency 
(NSE, Nash and Sutcliffe, 1970) were applied to evaluate the model performances (Legates and Mccabe, 1999; Tong et al., 2014): 

Bias =

∑n

t=1
(Ot − St )

∑n

t=1
St

× 100% (8)  

R2 =

[
∑n

t=1

(
St − S

)(
Ot − O

)]2

∑n

t=1

(
St − S

)2∑n

t=1

(
Ot − O

)2 (9)  

NSE = 1 −

∑n

t=1
(St − Ot)

2

∑n

t=1

(
Ot − O

)2 (10)  

where St is the simulated data; Ot is the observed data; S and O are the average of the simulated and observed, respectively; n is the 
length of the time series in days. 

The closer to 1 NSE and R2 are, the better the RHESSys model performs. Model performance is reliable when NSE and R2 are larger 
than 0.5 and 0.6, and Bias is within ± 25%, respectively (Moriasi et al., 2013). 

2.5. Analysis of streamflow changes 

The dispersion coefficient (Dc) of streamflow was used to depict the stability of streamflow and calculated as follows (Zhang et al., 
2016): 

Dc =
75th − 25th

50th × 100% (11)  

where 25th, 50th, 75th are the annual streamflow percentiles. The flow duration curve was estimated to depict the frequency dis
tribution of streamflow from high flow to drought events for 2020–2100 under the three RCPs. Return periods under five levels, 
including 100-year, 50-year, 20-year, 10-year, and 5-year, were applied to analyze streamflow frequency’s temporal variation during 
the historical and future periods. 

3. Results 

3.1. Calibration and validation of GCM downscaling and RHESSys 

To run the SDSM, we need to calibrate and validate the relationship between observed temperature/precipitation and large-scale 
predictors before future climate scenarios with the GCM outputs could be effectively downscaled. The scatter plots between down
scaled and observed daily maximum, minimum temperature, and precipitation for the calibration and validation period are depicted in  
Fig. 3. The downscaled temperature data has been assessed to be generally consistent with observed historical data, although it 
somewhat overestimated the observed maximum (Figs. 3a and 3d) and minimum (Figs. 3b and 3e) temperatures in the upper end. In 

Table 2 
Calibrated model parameters scalar values for the RHESSys model.  

Parameter Definition Initial Range Optimal Value Reference 

Ksat_v Vertical saturated hydraulic conductivity 1.00–150.00  112.27 (Tague et al., 2004) 
Ksat_h Horizontal saturated hydraulic conductivity 1.00–150.00  141.37 (Tague et al., 2004) 
m_v The decay of vertical K with depth 0.01–20.00  10.28 (Band et al., 2000) 
m_h The decay of lateral K with depth 0.01–20.00  1.05 (Band et al., 2000) 
gw1 Percentage of infiltrated water bypass to the deeper groundwater store 0.001–0.30  0.21 (Tague et al., 2008) 
gw2 Drainage rate of the groundwater 0.01–0.90  0.82 (Tague et al., 2008) 
soil_depth Soil depth 0.10–10.00  2.24 (Tague et al., 2008)  
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addition, downscaled precipitation was close to the observed values except for extreme conditions. Monthly precipitation was under- 
predicted for the values close to zero but over-predicted for large values during the calibration (Fig. 3c) and validation (Fig. 3f) periods. 
The downscaled maximum temperature, minimum temperature, and precipitation produced R2 of 0.94, 0.95, and 0.83 during the 
calibration period. The values exhibited a little better than those in the verification period (i.e., 0.94, 0.91, and 0.65, respectively). 
Overall, the SDSM model was very capable of generating projected climate scenarios over the Chaohe watershed. 

The values of R2, NSE, and Bias during the RHESSys model calibration period were 0.87%, 0.86%, and 13.31%, respectively, 
indicating that the model performed exceptionally well to capture the hydrograph for the watershed (Fig. 4a). Calibrated soil pa
rameters governing the hydrological processes include horizontal and vertical saturated hydraulic conductivity (i.e., Ksat_h and Ksat_v, 
respectively), decay of horizontal and vertical K with depth (i.e., m_h and m_v, respectively), groundwater bypass flow (i.e., gw1), and 
groundwater drainage rate (i.e., gw2). In addition, soil depth, a critical parameter for the hydrological process in the rocky mountain 
area of northern China, was also calibrated (Table 2). 

Model validation further confirmed the modeling system’s capacity to simulate the watershed’s hydrological processes, although 
the values of R2, NSE, and Bias declined slightly in the validation period to 0.76%, 0.74%, and 18.46%, respectively (Fig. 4b). As a result, 
there was a slight overestimate in the monthly streamflow with the RHESSys for the watershed. However, overall, the modeling system 
was able to reproduce the observed streamflow satisfactorily. 

Fig. 3. Comparison of observed and GCM-downscaled maximum (a, d), minimum temperature (b, e), and precipitation (c, f) during the calibration 
(1961–1990) and validation (1991–2015) periods, respectively. 
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3.2. Future climate changes under three RCPs 

3.2.1. Projected future temperature and precipitation changes 
The projected annual temperature compared with the historical measurement is presented in Fig. 5a under all RCP scenarios across 

the study area. The MAT will increase significantly by 0.8 ◦C until 2100 under the RCP2.6 scenario, which is within one of the long- 
term temperature increase targets (i.e., below 1.5 ◦C from the ’pre-industrial’ era until 2100). The temperature under the medium 
stabilization scenario is expected to increase by 1.6 ◦C, crossing the 1.5 ◦C threshold. MAT will rise by 3.8 ◦C under the high baseline 
emission pathway, which is beyond the threshold for keeping global warming below 2.0 ◦C. With the radiative forcing increasing, MAT 
under the RCP8.5 scenario shows the most significant warming (change by 31.2% compared with the historical period) than that 
increase under the medium (13.3%) and low-level (6.8%) emission scenarios. Moreover, an increasing trend of annual precipitation is 
projected for all three scenarios over the Chaohe watershed (Fig. 5b–d): relative to the mean annual precipitation (MAP) for the 
historical period 1961–2015, future MAP will increase by 10.3%, 9.6%, and 8.0% under the high, medium, and low- level emission 

Fig. 4. RHESSys calibration (a) and validation (b) for monthly streamflow in the Chaohe watershed.  
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Fig. 5. Projected mean annual temperature (MAT, a), precipitation (MAP, b–d), as well as mean monthly temperature (e) and precipitation var
iations (f) over the Chaohe watershed under three RCPs compared with the historical period from 1961 to 2015. 

Fig. 6. Predicted mean annual (a), changes in monthly streamflow (b, inserted panel), and return periods of annual streamflow (c, inserted panel) 
under three emission scenarios from 2020 to 2100. 
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pathways, respectively. In addition, among the three RCPs, there is an upward trend detected in RCP8.5 and RCP 4.5 scenarios, while 
there has less variation in the low-level emission scenario. 

3.2.2. Monthly temperature and precipitation changes in the future 
Global climate change has also altered the intra-annual distribution of precipitation and temperature. The same is true for annual 

and monthly temperatures that also show notable warming trends, although there are slight differences between the three emission 
pathways (Fig. 5e). Specifically, mean monthly temperature change is sensitive to radiation forcing and increases with intensifying 
radiation conditions from scenario RCP2.6 to RCP8.5. As a result, future temperature increases during summer exceed the mean annual 
change by 1.2 ℃ (RCP8.5), 0.6 ℃ (RCP4.5), and 0.4 ℃ (RCP2.6). In addition, a majority of the future monthly precipitation is higher 
than the historical level reflected by observed data for the period 1961–2015. Significant differences in intra-annual precipitation 
variation between the summer monsoon and other seasons are also projected. Although mean annual precipitation is projected to 
increase (Figs. 5b–d), the precipitation decrease was forecasted in the summer months (i.e., July to September) in the Chaohe 
watershed (Fig. 5f). Hereinto, the rates of summer precipitation variation were 18.3%, 14.2%, and 13.3% below the low-level, me
dium-level and high-level emission pathways, respectively, relative to the summer precipitation for the historical period 1961–2015. 

3.3. Future streamflow and evapotranspiration change under climate change 

3.3.1. Streamflow and evapotranspiration variations at the annual scale 
The increasing trend of annual streamflow agrees well with the projected annual precipitation under all three RCPs conditions 

(Fig. 6a). Hereinto, the increase of annual streamflow is more dramatic under the RCP8.5 scenario (increase by 4.6% compared with 
the historical period) than that under the medium (3.7%) and low (1.3%) emission scenarios, until the end of the 21st century. 
Moreover, similar to the annual precipitation variation, there will be a small change in the low and medium emission conditions but a 
significant upward under the RCP8.5 pathway. 

As critical information for risk assessment, streamflow return levels of the historical and future periods are illustrated in Fig. 6c. 
Under three warming scenarios, the 5-year streamflow return period will increase by 10.5–21.9% (p < 0.01) until the end of this 
century. The streamflow under 20-year, 50-year, or 100-year return scenarios are all projected to decrease (p < 0.01). For example, 
streamflow with the return period of 100 years will decrease by 14.1–22.8%. Conversely, the difference in streamflow with a 10-year 
return period is insignificant (p = 0.46). Moreover, no significant differences are found among the three future climate scenarios with 
all return period levels (p = 0.41). A similar long-term rising trend of annual evapotranspiration (ET) will occur among the different 
RCP pathways from the early 2020 s to the late 2100 s (Fig. 7a). From 2020–2100, the watershed ET is expected to increase by 13.1% 
(p = 0.25), 9.6% (p = 0.12), and 5.3% (p = 0.11) compared with the historical annual average (461.1 mm) under the high, medium 
and low emission scenarios, respectively. 

Fig. 7. Mean annual (a, inserted panel) and monthly evapotranspiration (ET) changes (b), and the change rate of ET (c, inserted panel) under 
three pathways. 
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3.3.2. Streamflow and evapotranspiration variations at the seasonal scale 
The monthly dispersion coefficient (Dc) of streamflow will increase overall from the historical period under the three RCPs and will 

be the largest under the high-level emission pathway than the other two scenarios in most months (Fig. 8). Notably, monthly Dc from 
July to September shows a sizeable increase of up to 200%, manifesting an apparent unstable streamflow variation during the summer 
monsoon months in the future. 

Large differences in streamflow are found between seasons caused by seasonal differences in precipitation and temperature changes 
(Fig. 6). Mean monthly streamflow projection during 2020–2100 shows the maximum in summer (27.3 mm, 28.4 mm, and 29.1 mm 
under the scenario RCP2.6, RCP4.5, and RCP8.5, respectively), consistent with the timing of the observed mean monthly streamflow in 
the historical period. In addition, a negative trend of mean monthly streamflow is projected during the summer monsoon period for all 
the RCP scenarios by a range of 21.3–30.5% in July, 16.9–31.7% in August, and 28.1–37.0% in September, compared with the his
torical period, respectively. The streamflow trends are contrary to the increase projected for all other months throughout the year. The 
seasonal variations in ET for three pathways are shown in Fig. 7b. Minimum cumulative ET in the winter months from December to 
February, ET is lower than other seasons because of low evaporation demand. Afterwards, ET increases gradually due to canopy 
emergence. Monthly ET exhibits a single peak at the watershed per year with the maximum value appeared in July (113.2–124.1 mm 
under the three RCPs). In spring and autumn, the cumulative ET ranges from 130.5 to 145.3 mm, and 58.5–64.7 mm under the 
scenario RCP2.6, RCP4.5, and RCP8.5, respectively (Fig. 7b). Additionally, the distribution of the change rate (CR, mm per year) of 
monthly ET differs under the three RCPs. The positive monthly ET trend is consistent with the expected acceleration of the hydrological 
cycle caused by an increased evaporative demand associated with rising radiative forcing and temperatures (Fig. 7c). For instance, a 
relatively high CR of ET from the early 2020 s to the late 2090 s in summer has the values of 5.5 mm, 6.3 mm, and 6.9 mm per year 
without a significant variation under low, medium, and high emission scenarios, respectively. 

Fig. 9 depicts the relationships between streamflow and precipitation variations at monthly and annual scales under the three RCPs 
from 2020 to 2100, respectively. Overall, the correlation coefficients between monthly streamflow and monthly precipitation are 0.91 
(in RCP2.6, p < 0.001), 0.86 (in RCP4.5, p < 0.001), and 0.89 (in RCP8.5, p < 0.001), which indicate the monthly streamflow change 
under all the RCPs scenarios corresponds to the precipitation variation very well (Fig. 9a). Annual streamflow and precipitation 
variations are significantly correlated (i.e., correlation coefficients 0.77, 0.72. and 0.67 under three pathways, respectively, p < 0.001, 
Fig. 9b). Correlation coefficients between summer streamflow and precipitation variations are as high as 0.99 under the RCP4.5 
(p < 0.01, Fig. 9c) and 0.76 under the RCP2.6 (p < 0.01, Fig. 9c). The correlation coefficients between non-summer streamflow 
variations and the monthly precipitation fluctuations are significant (Fig. 9d, p < 0.001 and p < 0.01 under the RCP2.6, the RCP4.5, 
and the RC8.5, respectively). 

4. Discussion 

4.1. Climate differences between summer monsoon and other seasons 

Projected annual precipitation and temperature under all the emission scenarios indicated that the watershed is likely to be wetter 
and warmer until the end of this century. The projected future temperature for the watershed will increase by 0.8–3.8 ◦C by 2100 
under the three representative concentration pathways in line with the projected future warming over China, particularly in northern 
China, and an even more significant warming trend compared with the annual mean temperature increase by 0.4–1.3 ◦C per century 
from 1906 to 2005 (Chen and Frauenfeld, 2014; Wu and Ma, 2012). In northern China, the warming and its consequences for the water 
cycle are related to the northwards shift of climate zones (Litschi et al., 2006). Although there is some inter-annual and decadal 
fluctuation, the wetting trend is consistent with most global model predictions (Alfieri et al., 2015; Aloysius and Saiers, 2017). 

Decreased precipitation forecasted in this watershed during the summer monsoon period, (contrary to other seasons), is mainly 

Fig. 8. Changes in future dispersion coefficient (Dc) of monthly streamflow from the historical period (1961–2015).  
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Fig. 9. Changes in streamflow against the variations in precipitation at monthly (a) and annual scales (b), and for summer months (c, inserted panel in (a)) and non-summer months (d, inserted panel in 
(a)) under three RCPs during 2020–2100 (*, **, and *** mean significant at p < 0.05, p < 0.01 and p < 0.001, respectively). 
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driven by a weakening of the EASM. In northern China, the EASM delivers around 60–70% of yearly precipitation (Lei et al., 2010). 
Reduced sea-surface temperature gradients hinder the Asian summer monsoon, thus preventing ocean moisture from reaching 
northern China (Jiang et al., 2017). Moreover, El Niño’s strongly impact on summer precipitation is also responsible for the northern 
China droughts (Ouyang et al., 2014). Summer precipitation in northern China might be reduced by up to 30% in reaction to a 1 ◦C El 
Niño sea surface temperature anomaly (Wen et al., 2015). Beyond that, other reasons such as surface cooling caused by aerosol forcing 
also facilitate the weakening of the EASM (Song et al., 2014). 

4.2. Changes in annual streamflow characteristics 

Precipitation is fundamental for the sustainable development of terrestrial ecosystems. As a vital natural water resource, precip
itation influences streamflow directly, while evapotranspiration is also constrained by other environmental factors such as temper
ature, humidity, and radiation (Qi et al., 2019). Previous studies indicated that the precipitation changes are the dominant cause of 
streamflow variations (Zhang et al., 2011). A strong positive correlation (p < 0.001) existed between precipitation and streamflow 
over this water-limited watershed at both annual and monthly scales (Fig. 9), and increasing precipitation provides more available 
water. Besides the water supply, increasing evapotranspiration caused by surface warming is also a critical driver of streamflow 
variation and drought risk prediction. Evapotranspiration affects streamflow similarly in different seasons, though having different 
magnitudes. The positive ET variation trend, until 2100, is expected to increase by 13.1%, 9.6%, and 5.3% compared with the his
torical annual average (461.1 mm) under high, medium, and low emission scenarios, respectively. Previous studies also verified a 
persistent increase in evapotranspiration over China for both target warming scenarios (Yao et al., 2020; Zhang et al., 2018). Hereinto, 
the positive changes in evapotranspiration are more significant for the 2.0 ◦C warming in the parts of northern China than those at the 
1.5 ◦C warming (Su et al., 2018). Meanwhile, significant increases in potential evapotranspiration are also projected throughout China 
for both target periods. The percentage increase in precipitation averaged over land is around 1.7% per degree Celsius rise in mean 
surface air temperature, while the increase in potential evapotranspiration is 5.3% per degree Celsius (Fu and Feng, 2014). 

It is vital to weigh the increasing precipitation and the intensifying water consumption under climate warming. Studied suggested 
that, under the 1.5 ◦C global warming scenario, increasing trends of evapotranspiration and precipitation are projected across China. 
The scenario also suggests a trend toward wetter conditions in north China caused by a more substantial impact of increases in pre
cipitation than in evapotranspiration (Su et al., 2018). Nevertheless, the opposite tendency is also found in arid northwestern China 
caused by high evapotranspiration. The rate of ET increases would be two or three times larger than that of precipitation at the end of 
the 21st century (Yao et al., 2019). Moreover, soil moisture and groundwater recharge are likely to decrease due to the 
warming-induced increase in vapor pressure deficit and the increase in evaporative demand of the atmosphere (i.e., potential 
evapotranspiration) (Berg and Sheffield, 2018). These changes will substantially impact the terrestrial ecosystem structure and 
function (Xu et al., 2019; Zhu et al., 2020). 

4.3. Changes in seasonal streamflow characteristics 

As climate variability primarily refers, the variations in air temperature and precipitation control the response of the watershed’s 
flow to changing climate (Yang et al., 2014). And studies across China did exhibit this response, and also projected that varied hy
drological responses of seasonal climate change patterns (Shi et al., 2007; Zhang et al., 2011). Streamflow from October to February 
increases in all RCPs due to the combined effects of increasing precipitation in winter and low evapotranspiration demand (Figs. 5f and 
6b). Consistent with other studies that increasing streamflow is mainly caused by the combined effects of increasing precipitation in 
winter and spring, and therefore warmer watersheds that experience flood events throughout this period are predominately projected 
to show increases in peak monthly flow (Byun et al., 2019). While, higher evapotranspiration stimulated by rising temperature 
(Fig. 5e) with declining precipitation (Fig. 5f) contributed substantially to the streamflow decreased during the summer monsoon 
season (Fig. 6). Although the higher available water for plants could mitigate the effects of higher temperatures to some extent, because 
of diminished precipitation and subsequent reductions in available water will limit the response of ET at the watershed to increases in 
air temperature. Diminished precipitation during the growing season increases water stress on vegetation and decreases the photo
synthetic rate, which causes a decrease in ET (Pourmokhtarian et al., 2017). Therefore, reduced available moisture supply and drought 
risks driven by a warmer and drier summer climate would negatively affect vegetation and further increase the carbon emission for 
terrestrial ecosystems. Undoubtedly, streamflow fluctuation caused by climate change poses more difficult challenges to dealing with 
extreme hydrological events and watershed ecosystem management (Rana et al., 2014). On the positive side, increased precipitation in 
spring, fall, and winter would reduce the drought risks and provide more available water for terrestrial vegetation (Gherardi and Sala, 
2015). 

In addition, alterations in the magnitude of characteristic flows identify potential threats from global warming and have critical 
implications for future water resource management (Soriano et al., 2020; Yazdandoost et al., 2020). An upward trend in the annual 
streamflow with a short-term return period is projected under all scenarios (Fig. 6c). Increased precipitation across the watershed 
could favor mitigation of water scarcity and drought in the water-limited regions during the non-summer monsoon months (Fig. 5f). 
While the opposite trend is also revealed in parts of northern China, where may experience warmer annual temperatures, and have 
drier springs and early summers (March–June) under 1.5 and 2 ◦C global warming (Liu et al., 2017). Moreover, streamflow with 
long-term return periods, such as 20-year, 50-year, or 100-year return levels, is expected to decrease in the future (Fig. 6c). To some 
extent, the study catchment may benefit from the warming environment during the drier summers to early autumns (July–September), 
which would potentially lead to fewer floods during the rainy season. Consequently, it is critical to establish appropriate adaptation 
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strategies to mitigate climate change’s adverse effects on streamflow and increase watershed resilience to extreme climate events 
(Hongxing et al., 2007). 

One of the critical challenges in assessing the effects of climate change on the hydrological regimes is determining how vegetation 
changes with increasing carbon dioxide concentration and variations in precipitation and temperature (Novick et al., 2016) because 
ecological processes are inextricably linked to hydrological processes and both of which are subject to climate change (Jiao et al., 
2017). Specifically, changes in ecological processes regulate hydrological processes (e.g., streamflow and infiltration) through altering 
precipitation interception, interception/soil evaporation, and plant transpiration (Asbjornsen et al., 2011). Therefore, future climate 
change can indirectly modulate hydrological regimes by affecting vegetation dynamics. Vegetation growth induced by increasing 
carbon dioxide concentration will consume more available water through transpiration in the future, resulting in local streamflow 
reduction, despite the fact that they accelerate the water cycle at a large scale (Hunt et al., 2020; Sun et al., 2020). Future studies 
should focus on incorporating and quantifying the interactions and feedbacks among climate change, vegetation dynamics, and hy
drological regimes. 

5. Conclusions 

Variations in climate and streamflow in the future at annual and seasonal scales are forecasted for the most critical drinking water 
reservoir watershed for metropolitan Beijing, located in the temperate monsoon climate region of northern China. Overall, the 
watershed is likely to become warmer and wetter while the summer monsoon period experiences a drier and warmer trend until the 
end of this century. Consequently, future monthly streamflow during the summer will decrease due to reduced precipitation and 
increased evapotranspiration while increasing in other seasons. Moreover, climate change also affects watershed water resources and 
extreme hydrological events. On one hand, the predicted increase in the short-term return period annual streamflow could ease the 
water shortage and reduce the drought risks in the non-summer monsoon seasons. On the other hand, the projected variations in 
streamflow with return periods of 20-year, 50-year, or 100-year will be reduced due to the decrease in summer precipitation, which 
could reduce flood risks during the summer monsoon period. 

CRediT authorship contribution statement 

Wenxu Cao: Conceptualization, Writing – original draft, Methodology, Formal analysis, Zhiqiang Zhang: Conceptualization, Data 
curation, Supervision, Writing – review & editing, Yongqiang Liu: Writing – review & editing, Lawrence E. Band: Writing – review & 
editing, Shengping Wang: Writing – review & editing, Hang Xu: Writing – review & editing. 

Declaration of Competing Interest 

The authors declare that they have no known competing financial interests or personal relationships that could have appeared to 
influence the work reported in this paper. 

Acknowledgments 

This study was financially supported by the National Key Research and Development Program of China (2017YFE0118100), the 
National Natural Science Foundation of China (Grant No. 41140011) and the Beijing Municipal Education Committee for Inter- 
disciplinary Program Ecological Restoration Engineering. We acknowledge the Hydrology and Water Resource Survey Bureau of 
Hebei Province, Beijing Water Authority and Haihe River Water Conservancy Commission for providing climate and hydrological data. 
The first author also acknowledges the support from Beijing Municipal Education Committee through a postgraduate training program 
entitled ‘‘Effect of forest vegetation restoration on hydrology in the upper reaches of Miyun Reservoir’’. Finally, all authors 
acknowledge anonymous reviewers and the handling editor for their constructive and insightful comments and suggestions, signifi
cantly improving the final version. Meanwhile, the authors also thank Dr. Steven G. McNulty, Research Scientist of USDA Forest 
Service for his linguistic assistance to revise this manuscript. 

Appendix A. Supporting information 

Supplementary data associated with this article can be found in the online version at doi:10.1016/j.ejrh.2021.100959. 

References 

Ahmadalipour, A., Rana, A., Moradkhani, H., Sharma, A., 2017. Multi-criteria evaluation of CMIP5 GCMs for climate change impact analysis. Theor. Appl. Climatol. 
128, 71–87. https://doi.org/10.1007/s00704-015-1695-4. 

Alfieri, L., Burek, P., Feyen, L., Forzieri, G., 2015. Global warming increases the frequency of river floods in Europe. Hydrol. Earth Syst. Sci. 19, 2247–2260. https:// 
doi.org/10.5194/hess-19-2247-2015. 

Aloysius, N., Saiers, J., 2017. Simulated hydrologic response to projected changes in precipitation and temperature in the Congo River basin. Hydrol. Earth Syst. Sci. 
21, 4115–4130. https://doi.org/10.5194/hess-21-4115-2017. 

W. Cao et al.                                                                                                                                                                                                            

https://doi.org/10.1016/j.ejrh.2021.100959
https://doi.org/10.1007/s00704-015-1695-4
https://doi.org/10.5194/hess-19-2247-2015
https://doi.org/10.5194/hess-19-2247-2015
https://doi.org/10.5194/hess-21-4115-2017


Journal of Hydrology: Regional Studies 38 (2021) 100959

16

Asbjornsen, H., Goldsmith, G.R., Alvarado-Barrientos, M.S., Rebel, K., Van Osch, F.P., Rietkerk, M., Chen, J., Gotsch, S., Tobón, C., Geissert, D.R., Gómez-Tagle, A., 
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