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Abstract: In the distributed hydrological simulations for complex mountain areas, large amounts of
meteorological input parameters with high spatial and temporal resolutions are necessary. However,
the extreme scarcity and uneven distribution of the traditional meteorological observation stations
in cold and arid regions of Northwest China makes it very difficult in meeting the requirements of
hydrological simulations. Alternatively, regional climate models (RCMs), which can provide a variety
of distributed meteorological data with high temporal and spatial resolution, have become an effective
solution to improve hydrological simulation accuracy and to further study water resource responses
to human activities and global climate change. In this study, abundant and evenly distributed
virtual weather stations in the upper reaches of the Heihe River Basin (HRB) of Northwest China
were built for the optimization of the input data, and thus a regional integrated environmental
model system (RIEMS) based on RCM and a distributed hydrological model of soil and water
assessment tool (SWAT) were integrated as a coupled climate–hydrological RIEMS-SWAT model,
which was applied to simulate monthly runoff from 1995 to 2010 in the region. Results show
that the simulated and observed values are close; Nash–Sutcliffe efficiency is higher than 0.65;
determination coefficient (R2) values are higher than 0.70; percent bias is controlled within ±20%;
and root-mean-square-error-observation standard deviation ratio is less than 0.65. These results
indicate that the coupled model can present basin hydrological processes properly, and provide
scientific support for prediction and management of basin water resources.

Keywords: Heihe River Basin; SWAT model; RIEMS model; coupled climate–hydrological model;
runoff simulation

1. Introduction

Global climate change caused by human activities and natural factors has a profound impact on
water resources. Water scarcity has threatened sustainable development around the world, and water
resource prediction and management have become a key issue [1,2]. In inland river basins in cold
and arid regions of Northwest China, runoff mainly comes from the upper reaches, and is important
for sustainable development of midstream and downstream regions. The runoff simulation in upper
reaches is fundamental for the prediction and management of basin water resources [3,4]. However,
due to the special climate, complex terrains, and lack of technical and financial support in this area,
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traditional meteorological observation stations are scarce and unevenly distributed. Using the existing
meteorological observation stations to drive hydrological model simulates hydrological process,
with the data discretisation scheme from point to surface, is limited by location, distribution, and data
precision of meteorological observation stations. It is difficult to represent spatial heterogeneity of
regional weather conditions, resulting in runoff simulation that deviates greatly from the actual
runoff, and has high uncertainty [5]. Alternatively, regional climate models (RCMs), which can
provide a variety of distributed meteorological data with high temporal and spatial resolution,
can compensate for the scarcity and uneven distribution of meteorological observation stations and
become an effective solution for hydrological model application and prediction and management
studies of water resources [6].

The development of a coupled climate–hydrological model is important to improve hydrological
simulation accuracy [7], and to further study water resource responses to human activities and global
climate change [8–10]. Lakhatkia et al. [11] used mesoscale model 5 to simulate the basin hydrological
processes and to further study water resource responses to climate scenarios. Evans et al. [12] compared
four RCMs coupled with a same hydrological model used in the Central United States. Christensen
and Lettenmaier [13] used general circulation and variable infiltration capacity models to estimate
influences of global climate change on the hydrological processes in Colorado River Basin. Climate and
hydrological models have been used increasingly to study the eco-environment in Heihe River Basin
(HRB), where the eco-environmental problems are typical in China’s inland river basins [14–19].
In such studies, large- or meso-scale climate models, which have high temporal resolution but low
spatial resolution, provide climate forcing for the hydrological model, and the simulation accuracy
is too poor to meet the requirements of hydrological analysis [20,21], and for a smaller basin such as
Heihe River Basin (HRB), topographic features have not been considered, and hydrological simulation
only focused on model modification.

Due to the wide and increasing use for prediction and management of water resources in cold and
arid regions of Northwest China [22–26], the soil and water assessment tool (SWAT), a physically-based,
semi-distributed hydrological model, is selected to simulate the runoff in the region. The model
performance mostly relies on the quality of large quantities of regional weather input parameters
with high spatial and temporal resolutions [27–30], and these weather input parameters required in
SWAT are supplied by regional integrated environmental model system (RIEMS), which takes the
effects of regional terrain, soil and vegetation into account and has good applicability for East Asia
and large-scale rivers in China [31–33].

In this study, RIEMS and SWAT are integrated to a coupled climate–hydrological RIEMS–SWAT
model, which focuses on both high-resolution RCM recalibration with observed data, and optimisation
of weather input parameters for the coupled climate–hydrological model. The model was applied to
simulate monthly runoff from 1995 to 2010 in the upper reaches of HRB. First, RIEMS was recalibrated
with observed data; second, abundant and evenly distributed virtual weather stations based on
RIEMS were built and provided input parameters for the SWAT model. Then, watershed delineation,
sensitivity analysis, and model calibration was conducted in sequence. Simulation results were
compared against the observed values to evaluate the applicability of the coupled model.

2. Study Area and Data Sources

2.1. Study Area

The upper reaches of HRB are located in the northwest of China, which geographically includes
the middle of Hexi Corridor and the Qilian Mountains. The watershed area covers about 10,009 km2,
and watershed elevation ranges from 1637 m asl to 5062 m asl. Watershed outlet is controlled by
Yingluoxia Hydrological Station (38.48◦ N, 100.11◦ E; 1637 m asl). Hydrological stations in Qilian
(38.12◦ N, 100.14◦ E; 2590 m asl) and Zhamashike (38.14◦ N, 99.59◦ E; 2635 m asl) are located in
the eastern and western tributaries of the upper reaches of HRB, respectively [5]. The mean runoff
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coefficient of the watershed reaches 0.85, and the runoff cumulative proportion reaches 68% [1].
Weather conditions in this watershed are characterised as an inland region with large spatial and
temporal variability, where winters are dry and cold, and summers are arid and hot. Annual average
temperature in this region is between –3 and 7 ◦C; annual precipitation is between 300 and 700 mm,
which is mainly concentrated in the summer and has a tendency to decrease from east to west
and increase along with the altitude [34,35]. Dominant land cover types in the region are steppe,
grassland, meadow, and snow, while dominant soil types include meadow, steppe, and desert [36].
The distribution of meteorological and hydrological observation stations in this region is shown
in Figure 1.
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Figure 1. Upper reaches of the Heihe River Basin.

2.2. Data Sources

Data used for model setup, calibration, and evaluation are usually divided into three categories:
spatial, climate forcing, and statistical data. Spatial data included digital elevation model (DEM),
and map of land cover types and soil types. ASTER Global DEM with 30 m × 30 m resolution was
used as DEM. The types of land cover and soil were extracted from a 1:100,000 vegetation map and
1:1,000,000 soil map of HRB, respectively. A total of 20 land cover types and 24 soil types were obtained
in the study area. Reclassification results are shown in Figure 2, and Tables 1 and 2. Climate-forcing
data generated by RIEMS include precipitation, temperature, solar radiation, wind speed, and relative
humidity. In addition, spatial and temporal resolutions reached 3 km × 3 km and 6 h, respectively.
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Time series of climate-forcing data were selected from January 1995 to December 2010. All of spatial
and climate-forcing data served as input parameters for the SWAT model. Statistical data included
hydrological and meteorological data from the records of three hydrological and six meteorological
observation stations, which were used for SWAT model calibration and evaluation, and REIMS
evaluation, respectively.

All data were downloaded from Cold and Arid Regions Science Data Centre at Lanzhou, China
and from Heihe Plan Science Data Centre. Moreover, attribute data of land cover types were obtained
from books and documents, while soil property data were downloaded from Soil Information System
of China.
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Figure 2. Distribution of soil types (a) and land cover types (b).

Table 1. Code List of Soil Types.

Code Soil Description Code Soil Description

23111121 GRCS Grey cinnamon soils 23117104 MEMS Meadow marsh soils
23111123 LGCS Leaching grey cinnamon soils 23117111 LMPS Low moor peat soils
23112101 CHER Chernozem 23120102 ALMS Alpine meadow soils
23112112 CHES Chestnut soils 23120104 BAMS Brown alpine meadow soils
23112113 LICS Light chestnut soils 23120112 DAFS Dark felty soils
23113113 MESI Meadow sierozem 23120113 TDFS Thin dark felty soils
23115181 CHIS Chisley soils 23120114 BDFS Brown dark felty soils
23115184 CALI Calcium lithosol 23120122 FRCS Frigid calcic soils
23116102 LIMS Limy meadow soils 23120132 COCS Cold calcic soils
23117101 BOGS Bog soils 23120133 DCCS Dark cold calcic soils
23117102 SAMS Sapropel mire soils 23120171 FRFS Frigid frozen soils
23117103 PEMS Peat mire soils 23127101 SNOW Glacier snow
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Table 2. Code list of land cover types.

Code Land Cover Description Code Land Cover Description

14 PICR Picea crassifolia 415a STPS Stipa purpurea steppe

197 HIRS Hippophae rhamnoides scrubland 497 LWAM Little wormwood alpine meadow

239 SAGS Salix gilashanica scrubland 498 KHAM Kobresia humilis alpine meadow

241 SAOS Salix oritrepha scrubland 503b KFKM Kobresia folifolia alpine meadow

241a SOBC Salix oritrepha,
bush cinquefoil scrubland 504a TWSS Tibet wormwood,

sedge swamp alpine meadow

246 BUCS Bush cinquefoil scrubland 506 ENRN Elymus nutans, roegneria nutans

312 SYRD Sympegma regelii desert 556 SMSS Saussurea medusa maxim,
saussurea sparse vegetation

369 STKS Stipa krylovii steppe 557 SRHS Saussurea, rhodiola rosea, herba
cremanthodium sparse vegetation

374 LONS Looseflower needlegrass steppe 561 HSPR Highland barley, spring wheat,
potato, round radish, pea, rape

375 SBSB Stipa breviflora,
stipa bungeana steppe Gs SNOW Glacier snow

3. Methods

RIEMS evaluation and SWAT simulation were conducted in this study. First, we performed
RIEMS evaluation, which is a precondition step of the coupled climate–hydrological model.
Second, weather input parameters were prepared by scale transformation and climate parameter
calculation and virtual weather stations, which served as climate forcing input parameters for SWAT,
were used based on RIEMS; Next, coupling model simulation could be done accordingly. Further,
a comprehensive hydrological calibration of SWAT had been selected. Finally, simulation results
were evaluated according to certain criteria. Figure 3 shows a flowchart describing the model
coupling method.
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3.1. SWAT Hydrological Model

SWAT model is a physically based, semi-distributed hydrological model developed by
United States Department of Agriculture. The model is used to simulate watershed movement in water,
sediments, nutrients, etc. [37]. Two parts were included in the SWAT hydrological simulation. The first
part consists of land areas that control water transported to channels together with other bodies of water,
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sediments, nutrients, and so on. The second part includes movements of water and sediment through
stream networks to watershed outlets [38]. A watershed is divided into multiple subwatersheds that
are further divided into hydrologic response units (HRUs). HRUs are basic elements for hydrological
calculation, which integrate land areas with unique land cover, soil type, and slope combinations.
Calculation of HRU hydrological balance is based on precipitation, evapotranspiration, surface runoff,
groundwater flow, and so on. The hydrological cycle is simulated by SWAT based on water balance
equation, which is as follows:

SWt,i = SW0,i +
t

∑
i=1

(Qday,i − Qsur f ,i − Ea,i − Wseep,i − Qgw,i) (1)

where SWt,i is final soil water content (mm H2O), SW0,i is initial soil water content on day i (mm H2O),
t is time (days), Qday,i is precipitation amount of precipitation on day i (mm H2O), Qsurf,i is surface
runoff amount on day i (mm H2O), Ea,i is amount of evapotranspiration on day i (mm H2O), Wseep,i is
amount of water that enters vadose zone from soil profile on day i (mm H2O), and Qgw,i is return flow
amount on day i (mm H2O).

3.2. RIEMS RCM

RIEMS RCM was designed and developed by START TEA-COM RRC and Department of
Atmospheric Science of Nanjing University. RIEMS, which is a grid-based, terrain-following model,
can be used to describe regional characteristics of East Asia [39]. RIEMS includes dynamical
component of mesoscale model 5 [40], biosphere-atmosphere transfer scheme for land surface process
representation, cumulus parameterisation [41–43], and modified radiation package of community
climate model 3 [44].

HRB-observed datasets and remote sensing data were used to recalibrate RIEMS parameters,
which include topography elevation, land cover type, saturated soil water potential, saturated soil
hydraulic conductivity, field moisture capacity, wilting point moisture, soil porosity, and parameter b
of soil hydraulic conductivity [45]. The high-resolution topographic dataset, vegetation classification
data and land surface process parameters provided by United States Geological Survey (USGS) and
Cold and Arid Regions Science Data Centre at Lanzhou, China. A high-resolution RCM was built for
HRB with spatial and temporal resolutions of 3 km × 3 km and 6 h, respectively. This high-resolution
RCM based on RIEMS was used to compensate for the deficiency of meteorological observation dataset
and to drive the ecological–hydrological model in HRB.

3.3. Coupling Method

The purpose of the coupling method is to capture spatial heterogeneity of regional weather
conditions in detail. One-way coupling is the climate model used as a forcing function to drive the
hydrological model [46,47]. In this study, we proposed a one-way coupling method by building
abundant and evenly distributed virtual weather stations based on RIEMS. SWAT was directly coupled
with RIEMS by using virtual weather stations data that served as SWAT input parameters. Then,
climate model evaluation and climate-forcing data processing were conducted to drive the SWAT
model simulation of the runoff process.

3.4. Scale Transformation

Scale transformation was conducted to match the climate-forcing data with the SWAT format.
Scale transformation includes temporal and spatial scale transformations. In temporal scale
transformation, the SWAT model needs daily climate data; we used a cumulative summation method
to convert 6 h interval climate model data into 24 h interval. In terms of spatial scale transformation,
the SWAT model generates many subwatersheds after watershed delineation, each subwatersheds
reads the data of the station which is closest to its centre. Then, 3 km × 3 km grid climate model
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data were converted into 3 km × 3 km point datasets, and the virtual weather stations were built
according to the location of subwatersheds and the number of subwatersheds.

3.5. Calibration and Validation

In this study, January 1995 to December 1998 were taken as warm-up periods. Periods from
January 1998 to December 2004 and January 2005 to December 2010 were taken as calibration and
validation periods, respectively. Calibration is the most important steps in model setup. According to
natural basin characteristics, a data-deficient basin should be calibrated to the model with principles of
multi-temporal, multi-variable, and multi-site calibration, which can improve the runoff simulation [5]
Multi-temporal calibration for hydrological process was first conducted to average annual values,
and then shifted to monthly average annual values. Multi-variable calibration for calibrated model
parameters includes surface runoff, lateral flow, underground water, and evaporation simulation
values. Calibration simulation values that are only based on observed data are avoided, and the
hydrological process can be described properly. Multi-site calibration using the hydrological data of
multiple sites on spacing started from the upstream to the downstream, and it did not change the
calibrated parameters in the upstream catchment site. Calibration based on natural basin characteristics
should be further developed to help calibrate the model better.

3.6. Statistical Evaluation Criteria

Model performances were evaluated with four different measures, which include Nash–Sutcliffe
efficiency (NSE), root-mean-square-error-observation standard deviation ratio (RSR), percent bias
(PBIAS), and determination coefficient (R2) [48–51]. These criteria are widely used in hydrological
model studies [52,53]. Calculation processes are as follows:

NSE = 1 −

n
∑

i=1
(Qobs

i − Qsim
i )

2

n
∑

i=1
(Qobs

i − Qobs
avg)

2
(2)

RSR =
RMSE

STDEVobs
=

√
n
∑

i=1
(Qobs

i − Qsim
i )

2

√
n
∑

i=1
(Qobs

i − Qobs
avg)

2
(3)

PBIAS =

n
∑

i=1
(Qobs

i − Qsim
i )

n
∑

i=1
Qobs

i

× 100 (4)

R2 =

[
n
∑

i=1
(Qobs

i − Qobs
avg)(Qsim

i − Qsim
avg)

]2

n
∑

i=1
(Qobs

i − Qobs
avg)

2 n
∑

i=1
(Qsim

i − Qobs
avg)

2
(5)

where Qsim
i is simulated streamflow, and Qobs

i is observed streamflow at time step i; whereas Qobs
avg and

Qsim
avg are average observed and simulated streamflow values, respectively, in time periods 1, 2, . . . , n.

For NSE, average observation data are used to measure the representation of simulation values.
The NSE range is from −∞ to 1, and its optimal value is 1 [48]. For RSR, measured values are
used to standardise RMSE and integrate the advantages of error statistics. RSR ranges from 0 to 1.
PBIAS measures the average tendency of simulated values. Positive values show overestimation and
negative values indicate underestimation; the optimal value is 0 [50]. R2 ranges from 0 to 1; it represents
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the proportion of total variance in observation values. Simulation results with higher R2 show better
model performance [36]. Monthly runoff evaluation standards are summarised in Table 3 [48].

Table 3. Monthly runoff evaluation standard.

Standard NSE RSR PBIAS (%)

Very good 0.75 < NSE ≤ 1.00 0.00 < RSR ≤ 0.50 PBIAS < ±10
Good 0.65 < NSE ≤ 0.75 0.50 < RSR ≤ 0.60 ±10 ≤ PBIAS < ±15

Satisfactory 0.50 < NSE ≤ 0.65 0.60 < RSR ≤ 0.70 ±15 ≤ PBIAS < ±25
Unsatisfactory NSE ≤ 0.50 RSR > 0.7 PBIAS ≥ ±25

4. Results

4.1. RIEMS Evaluation

RIEMS evaluation is a precondition of coupled climate–hydrological coupling. Accurate weather
data can fairly represent regional climate conditions. It can also help to improve runoff simulation
effects to conduct hydrology analysis and scenario predictions. High-resolution RCM based on
RIEMS has been applied in HRB and focused on the applicability of simulated precipitation. In the
upper reaches of HRB, various observation datasets were used for RIEMS evaluation. Precipitation
was evaluated against meteorological observation station dataset. Simulated precipitation was
overestimated in the upper reaches of HRB, with a bias of about 8.21%. The precipitation bias range is
−1.6% to 34.3%, which is mostly consistent with IPCC report [54]. Correlation coefficients between
simulation and observation data were 0.81, reaching the 0.01 significance level. Compared with the
global monthly gridded climate data for precipitation averaged, the spatial correlation coefficient was
0.88, and significant at the 99% confidence level [55]. High-resolution RCM based on RIEMS can also
simulate the spatial distribution characteristics of regional precipitation.

The evaluation of temperature, wind speed, and specific humidity is also important for
hydrological simulation. A terrain representative index, the terrain representation of station using
thiessen polygon method and the ones in the elevation zones, were analyzed to quantify the
level of terrain representation of the climate stations [56]. After terrain representative analysis of
climate stations, we selected the most representative Zhangye station to compare with monthly
simulation and monthly observation data from 1995 to 2010. A scatter diagram of temperature,
specific humidity, and wind speed is shown in Figure 4. Three climate parameters were all
underestimated for observation, but the fitted line is close to 1. Wind-speed dispersive degree
is the highest, and temperature aggregation degree is the best. The fitted line of the wind speed
slope is separated from the diagonal line, which suggests that the simulated value is less than the
observed value.
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Slopes (a), correlation coefficients (r), RMSE, RSR, and PBIAS are shown in Table 4. Temperature,
specific humidity, and wind speed of correlation coefficient reaches 0.93 and 0.01 significance levels.
Specific humidity RMSE is the minimum, followed by temperature, and wind speed is the worst.
RSR and PBIAS values of temperature are minimum and wind speed RSR is maximum, but it does not
exceed 0.5. The specific humidity simulation value is greater than the observed value, and its overall
deviation is the largest. Based on the evaluation results, a high-resolution RCM based on RIEMS has
superior capability to capture basin climate variability.

Table 4. Simulated evaluation of temperature, specific humidity and wind speed.

Elements a r RMSE RSR PBIAS

Temperature 1.04 1.00 2.26 0.10 1.82
Specific humidity 0.88 0.97 0.00 0.36 −27.35

Wind speed 0.93 0.93 4.08 0.42 6.77

4.2. Watershed Delineation

SWAT and RIEMS were coupled by building abundant and relatively evenly distributed virtual
weather stations. Virtual weather stations, which served as input parameters to drive the SWAT
simulation runoff process, were used to optimise the SWAT model weather input parameters.
The efficiency of using high-resolution RCM data was restricted by the number of subwatersheds.
Catchment area thresholds were used to define the watershed. The catchment area of watershed
delineation was as small as theoretically possible. Based on the Alpine Mountain River, the best
catchment threshold in the upper reaches of HRB [57], 80 km2 was selected as catchment area thresholds.
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Watershed outlet was set at Yingluoxia Hydrological Station, which controlled mountainous watershed
runoffs. Two other outlets were set at Qilian and Zhamashike hydrological stations, which controlled
the runoffs in the watershed of eastern and western tributaries, respectively. Finally, the watershed
was divided into 3 hydrological regions and 61 subwatersheds. The 61 evenly distributed virtual
weather stations were built, as shown in Figure 5.
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4.3. Sensitivity Analysis and Calibration

Sensitivity analysis is an important method to understand how model parameters affect output
variables [5]. It is used to calibrate the model with target. In this study, sensitivity analysis was
conducted by using model parameters extracted from calibrated instructions of SWAT model user’s
manual [58].

In the SWAT model, 26 parameters were sensitive to the hydrological process. Every value
was difficult to confirm. Thus, we adjusted the parameters with high sensitivity to achieve
optimal simulation results [59]. The 10 most sensitive parameters (Table 5) extracted from the
26 parameters were analysed. Among the 10 parameters, Cn2 is the most sensitive, followed by
Tlaps, which determines surface runoff. Esco and Sol_Z determine soil water. Compared with the
results of previous studies, lateral flow and baseflow have important contributions on the runoff
in the upper reaches of HRB [16,18], while Alpah_Bf, Sol_K, Sol_Awc, and Ch_K2 are important in
hydrological simulation. Then, Canmax and Bali determine interception. The watershed is located
in a high and cold mountainous region. Snowfall and perennial snow also account for important
contributions to the watershed. The parameters of the snow-melting process are also important.

Table 5. Most sensitive parameters.

Parameter Description Hydrologic Process Range Value Sensitive

Cn2 Moisture condition curve number Surface runoff −0.2–0.2 −10–−6 1

Tlaps Temperature lapse rate (◦C/km) Snow fall and melt,
evapotranspiration −15–15 −5.5 2

Alpha_Bf Baseflow recession constant Baseflow 0–1 0.072–0.06 3

Esco Soil evaporation compensation factor Soil water and soil evaporation 0–1 0.75–0.90 4

Sol_Z Depth from soil surface to bottom of
layer (mm) Soil water 0–3500 100–1700 5

Ch_K2 Effective hydraulic conductivity in
main channel alluvium (mm/h) Concentration of channel −0.01–500 13–35 6

Sol_Awc Available soil water capacity
(mm/mm) Soil water 0.01–0.4 0.02–0.04 7

Sol_K Saturated hydraulic conductivity of
first layer (mm/h) Infiltration and soil water 0–300 0.15–0.2 8

Bali Potential maximum leaf area index
for the plant Interception 0–10 0.05–0.09 9

Canmx Maximum canopy storage (mm) Interception 0–10 0.06–0.09 10
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4.4. Simulation Results and Applicability Assessment

The calibration procedure was based on natural basin characteristics and followed the principles
of multi-temporal, multi-variable, and multi-site calibration method. Figure 6 shows the fitting results
of monthly simulation and observation runoffs at Yingluoxia, Qilian, and Zhamashike hydrological
stations. Results show that simulation values are close to observation values, and that the model
performed well during a drought period, but exhibited a certain bias during wet season runoff
simulation. In some years, the peak value had been overestimated.
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Table 6 shows the evaluation results of runoff simulations of four assessment parameters.
SWAT monthly simulation results show that NSEs are higher than 0.65. Yingluoxia has the best
result, which reaches 0.82, during the validation period. RSRs are less than 0.65. PBIAS is controlled
in the range of ±10%, except for the Zhamashike validation period that exceeded ±15%. R2 values
are higher than 0.70, with Yingluoxia having the best result during the validation period at 0.83.
The simulation results effectively indicated that the coupled climate–hydrological model is suitable
for simulating runoff in the upper reaches of the HRB and that the model can provide an improved
understanding of regional hydrological processes.
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Table 6. Evaluation of runoff simulation.

Station

Calibration
(January 1998–December 2004)

Validation
(January 2005–December 2010)

NSE RSR PBIAS (%) R2 NSE RSR PBIAS (%) R2

Yingluoxia 0.66 0.57 −7.24 0.75 0.82 0.46 9.13 0.83
Qilian 0.75 0.49 −4.32 0.80 0.69 0.62 6.74 0.76

Zhamashike 0.69 0.55 6.91 0.73 0.78 0.44 18.34 0.81

5. Discussion

Most of the previous studies used large- or meso-scale climate models that served as input
parameters for the hydrological model [11–13]. Distributed hydrological simulations require a mass of
high spatial and temporal resolutions of weather input parameters, which causes difficulty in meeting
the requirements of hydrological simulation because of their coarse spatial resolution. The upper
reaches of HRB only have six unevenly distributed meteorological observation stations. In this
study, we used a high-resolution RCM based on RIEMS, with spatial and temporal resolutions
reaching 3 km × 3 km and 6 h, respectively. RIEMS and SWAT were coupled by building abundant
and evenly distributed virtual weather stations. Hydrological simulation achieved a good result,
thereby indicating that RIEMS–SWAT coupling has optimised weather input data for hydrological
simulation. In addition, the coupling model can provide scientific support for prediction and
management of basin water resources.

According to previous studies, hydrological simulation application in the upper reaches of HRB
has achieved satisfactory results [3,5,19–21]. However, this study has certain limitations compared with
previous studies. The coupling model exhibits good performance during the drought season, but runoff
simulation had a certain bias during the wet season, especially in some years when the peak value
had been overestimated (Figure 6). We used virtual weather stations and meteorological observation
stations that serve as input parameters for SWAT, and the SWAT model exports two results of basin
monthly average precipitation (Figure 7). Precipitation of the meteorological observation station is
close to that of the virtual weather station. However, during wet seasons in 1999, 2002, 2005, and 2009,
virtual weather station precipitation was apparently higher than those of meteorological observation
stations. Compared with previous findings on watershed characteristics of precipitation, precipitation
was overestimated by RIEMS in these periods [1,36], which was mostly consistent with the runoff
simulation performance and RIEMS evaluation results. It is worth noting that specific humidity cannot
be directly used by the SWAT model, we used an empirical formula to calculate relative humidity
from specific humidity. To some extent, it has formed the error transfer and influenced the final
simulation results.

Further research on enhancing simulation capability of coupled climate–hydrological model is
needed. Weather input parameters are important in hydrological simulation. Further, improving the
spatial description capability of high-resolution RCM in the upper reaches of HRB is necessary.
In addition, the spatial discretisation scheme of the SWAT model based on weather stations failed to
fully utilise high-resolution RCM data. Thus, it should be modified to adopt a grid-based discretisation
scheme for hydrological simulation. Weather input parameters should also properly reflect the
spatial heterogeneity of regional climate conditions. Ultimately, this study selected a one-way
coupling method, where a climate model was used as a forcing function to drive the hydrological
model, and there was no feedback from the land surface to the climate system. The climate model
and hydrological model run independently, and the determination of land surface parameters of
two models are different, so the calculation of evaporation and soil water is not same. Two models
cannot share the land surface simulation results, where the hydrological model cannot use climate
forcing to improve the calculation of evaporation and soil water in real-time; the climate model cannot
use hydrological simulation results to modify the precision of land surface process simulation result in
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real-time [60]. Conversely, the two-way coupling method allows feedback loop simulation, which can
avoid the problem of one-way coupling. Thus, selecting the two-way coupling method would
assist future research on soil-plant-atmosphere-hydrology interaction and fundamentally enhance the
simulation effects of the coupled climate–hydrological model.
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6. Conclusions

In this study, we proposed a climate and hydrological coupling model to properly understand
the basin hydrological process. An integration method, which coupled the RIEMS RCM and SWAT
hydrological model based on input data optimisation, was also presented. This model coupling can
provide an effective attempt to compensate for the deficiency of meteorological observation stations.
Developing a stronger model can be applied to watershed for runoff simulation.

Before climate and hydrological model coupling, we verified the high-resolution RCM based on
RIEMS with high resolution and precision. The correlation coefficients of precipitation, temperature,
specific humidity, and wind speed are all above 0.8, with 0.01 significance levels. Spatial and temporal
resolutions reached 3 km × 3 km and 6 h, respectively. RIEMS can represent watershed weather
variability, but it has less satisfactory results with wet season precipitation of some years. In addition,
we proposed a one-way coupling method by building abundant and evenly distributed virtual weather
stations based on RIEMS. We also used the climate model that served as input parameters for the
hydrological model. By using this method to capture spatial heterogeneity of weather variability
accurately, deficiencies of scarce and unevenly distributed meteorological observations stations were
compensated, and optimisation of SWAT weather input parameters was achieved. Considering the
natural characteristics of watersheds, we followed the principles of multi-temporal calibration,
multi-variable calibration, and multi-site calibration. We also simulated the monthly runoff process.
According to statistical evaluation, NSEs were higher than 0.65, R2 values exceeded 0.70, PBIAS values
were controlled in the range of ±20%, and RSRs were less than 0.65. These results prove that the
coupling model has a fair applicability to simulate the runoff process in the upper reaches of HRB.

Future studies should focus on improving the numerical simulation accuracy of high-resolution
RCM. We should also modify the spatial discretisation scheme of the hydrological model and choose
the two-way coupling method. Developing the coupled climate–hydrological model research in the
upper reaches of HRB will also contribute scientific support for the prediction and management of
water resources, as well as assist in further research on the responses of water resources to global
climate change and human activities.
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