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ABSTRACT: To assess the impact of four-dimensional variational (4D-Var) data assimilation on the performance of a
land–atmosphere coupled model, the satellite precipitation of the Integrated Multisatellite Retrievals for Global
Precipitation Measurement (IMERG) was assimilated into the Weather Research Forecast (WRF) Model, and the WRF
was coupled to the hydrological model TOPX. Precipitation and evaporation were both investigated as connecting elements
in the coupled model WRF–TOPX. Differing in whether the 4D-Var data assimilation and evaporation were applied, one
control experiment and four experiments were performed to simulate a historical flood event that happened in the
Wangjiaba watershed in eastern China. The key hydrological variables of precipitation, potential evaporation, soil moisture,
and discharge in the studied flood process were evaluated. The results showed that 1) the 4D-Var data assimilation with the
IMERG could reduce both the overestimations of the WRF-predicted precipitation and potential evaporation; 2) the
applied 4D-Var data assimilation could improve considerably the accuracy of the soil moisture and discharges from
the coupled model WRF–TOPX; and 3) evaporation was also an important factor to influence the net precipitation to affect
the performance of the coupled land–atmosphere model. With the two connecting elements of precipitation and evaporation, the 4D-Var assimilation based on IMERG could improve the Nash–Sutcliffe coefficient of the coupled model
WRF–TOPX from 0.483 to 0.521 at the hourly scale. These investigations can provide important implications for the land–
atmosphere coupling with both the precipitation and evaporation and using the 4D-Var data assimilation with IMERG for
flood simulation at a large scale.
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1. Introduction
The coupled land–atmosphere model based on the regional
climate model and hydrological model is an important tool to
extend the forecast period of local flood (Bosilovich and Sun
1999; Wu and Zhang 2013). In a coupled land–atmosphere
model, the regional climate model can provide a hydrological
model with continuous spatiotemporal variation fields of hydrological variables such as precipitation, evaporation, temperature, and radiation. The hydrological model has more
refined mechanisms for the generation and confluence of the
vertical and lateral streamflow, which can make up for consideration of only the vertical streamflow in the regional climate model (Arnault et al. 2016). Many related studies have
been carried out to examine the impacts of various factors on
the coupled land–atmosphere model, including solar radiation,
initial soil moisture, sea surface temperature, land surface
anomalies, runoff infiltration, physical parameters, land model
calibration, and bias correction (Dagon and Schrag 2016; DelSole
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et al. 2008; Dirmeyer and Zhao 2004; Ferguson et al. 2012;
Kim and Wang 2007; Santanello et al. 2013; Tian et al. 2017a).
However, as an important connecting element in the land–
atmosphere coupling, the accuracy of the precipitation simulated by the regional climate model is especially influential
to determine the success of flood simulation (Jasper et al.
2002; Tian et al. 2017b; Verbunt et al. 2006; Yang et al. 2010).
The performance of a regional climate model to predict
precipitation can be enhanced by reducing its system error
through solving the stochastic problem of atmospheric
motion, optimizing the physical parameterization scheme,
and improving its spatial resolution. Moreover, good initial
condition is also a key factor to improve the accuracy of
precipitation predicted by a climate model, since the essence of numerical weather prediction is to solve mathematical equations.
Data assimilation is an effective way to improve the initial
condition of the regional climate model. It mainly includes the
methods of polynomial interpolation, optimal interpolation,
spectral method, response function method, Kalman filter,
three-dimensional variational (3D-Var) assimilation, and fourdimensional variational (4D-Var) assimilation (Bannister 2017).
In spite of costing huge computational resources, 4D-Var is still
specially favored in improving the initial conditions of climate
models, since it can directly assimilate not only conventional
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FIG. 1. (a) Location of the Wangjiaba watershed. (b) Locations of the precipitation, evaporation, and hydrological stations in the
Wangjiaba watershed, and its altitude (m) above sea level.

but also unconventional observed precipitation in continuous
time and with better dynamic constraints (Bannister 2017;
Bouttier and Kelly 2001). As the technology of remote sensing
observation develops, more and more satellite precipitation
products with wide coverage and high resolution are freely
open to the public, such as TRMM, GPM, CMORPH, GSMaP,
PERSIANN, and MSWEP (Maggioni and Massari 2018). This
provides plenty of unconventional observation operators for
the 4D-Var data assimilation.
Assimilating unconventional observations of the satellitebased precipitation product based on the 4D-Var data assimilation method provides another possible way to improve the performance of a regional climate model for
precipitation simulation (Lin et al. 2015; Mahfouf et al.
2005; Pan et al. 2017; Yi et al. 2018b). However, the impact
of 4D-Var assimilation with precipitation observation on
the accuracy of evaporation, which is also another important
input in most hydrology models, is seldom analyzed, and the
performance of the land–atmosphere coupled with both
precipitation and evaporation is seldom investigated as well.
Therefore, we looked into the possible influence of 4D-Var
assimilation with the satellite-based precipitation on the
performance of the coupled land–atmosphere model,
through detailed analysis of its impacts on the two connecting elements (precipitation and evaporation) and the
two hydrological variables (soil moisture and discharge) in
one flood process. In the rest of this paper, section 2 will
introduce the study data and methods applied in the 4D-Var
assimilation, land–atmosphere model coupling, and evaluation. Section 3 will discuss the accuracy changes of the
precipitation and evaporation predicted by the atmosphere
model due to the application of 4D-Var data assimilation,

and the accuracy variations of the soil moisture and discharge simulated by the coupled land–atmosphere models
due to the application of 4D-Var and different coupling
elements. Section 4 will give the conclusions and highlight
the limitations of this study.

2. Data and methods
a. Study area and event
1) STUDY AREA
This research was carried out in the Wangjiaba (WJB) watershed, covering an area of 30 630 km2. It is an upstream
subbasin of the Huaihe River basin (HRB), which is one of the
seven major basins in China and lies between the Yellow River
and the Yangze River (Fig. 1a). The HRB is in the climate
transition zone between north and south China; it has a warm
temperature and semihumid monsoon climate. Its annual
mean precipitation and actual evaporation are approximately
900 and 720 mm, respectively (Gao et al. 2018; Sun et al. 2018).
The elevation difference in the WJB is about 170 m, which is
much higher than that in the middle (;16 m) and lower (;6 m)
streams of the HRB. Such a big decrease of elevation in the
WJB watershed results in rapid flow transfer from the upstream to the middle and lower reaches of the HRB. This may
increase the risk of flood occurrence in the HRB. Therefore,
accurate simulation for the rainfall–runoff process in the WJB
is crucial for flood forecasting and management in the HRB.

2) STUDY PERIOD AND EVENT
A regional climate model commonly demands vast computational resources and computing time, particularly when it
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FIG. 2. Daily precipitation (mm) observed at each CMWR station in the WJB watershed in August 2015 and their
mean daily values (mm).

applies 4D-Var data assimilation and runs at a very fine grid
spacing of 1 km (Bukovsky and Karoly 2009; Lin et al. 2015;
Pennelly et al. 2014; Rogelis and Werner 2018). Therefore,
considering the limitation of computational resources, the data
availability, the spinup problem (Kleczek et al. 2014; Srinivas
and Rao 2014; Veerse and Thepaut 1998), and the fact that a
single heavy precipitation event is the main contributor to the
amount of annual precipitation in the WJB watershed (Xia
et al. 2012; Yuan et al. 2012), we selected the flood process from
17 to 30 August 2015 triggered by a 2-day continuous precipitation as the study event.
In the study period, precipitation observations were collected from the 215 precipitation stations (Fig. 1b) of China
Ministry of Water Resources (CMWR). As shown in Fig. 2, the
mean daily precipitation based on the CMWR stations reached
27.4 and 21.5 mm on 18 and 19 August, respectively; there are
26 and 12 CMWR stations that observed heavy precipitation
(more than 50 mm day21) on these two consecutive rainy days.
The highest daily precipitation reached 97.8 mm on 18 August.
Then on the second day, the mean rainfall decreased, and the
detected highest precipitation dropped to around 68.7 mm.

b. Data
1) PRECIPITATION
In this investigation, precipitation from the in situ observation, climate model prediction, and remote sensing were collected. The in situ observed precipitation was applied to
evaluate the accuracy of the precipitation predicted by the
regional climate model and to drive the hydrological model
for a control experiment. The daily gauged precipitation data
were obtained from the dense network of 215 CMWR stations
in the WJB watershed (Fig. 1b). They were gathered from
the book of Annual Hydrological Reports for China published by the CMWR (http://www.mwr.gov.cn; hereafter
referenced as the CMWR data). Integrated Multisatellite
Retrievals for Global Precipitation Measurement (IMERG)
data with spatiotemporal resolutions of 0.18 and 30 min (Liu
2016; Sharifi et al. 2016; Wang et al. 2017) were applied as
observation operators in the 4D-Var data assimilation.

According to Li et al. (2018) the Pearson’s correlation coefficient (CC) of the daily IMERG in the HRB reaches 0.76,
and its root-mean-square error (RMSE) is 6.48 mm day21
when comparing with daily gauged precipitation.

2) EVAPORATION
Evaporation is another important hydrological variable in
water cycle. It is also a direct input of most hydrological models
that can be obtained from the regional climate model. Therefore,
evaporation can be another connecting element during the land–
atmosphere coupling. The daily evaporation data were collected
from the 10 evaporation stations (Fig. 1b) located in the WJB
watershed and recorded by the CMWR. The data were applied to
evaluate the potential evaporation calculated by the employed
regional climate model.

3) SOIL MOISTURE AND OUTLET STREAMFLOW
DISCHARGE

As the measurement network for soil moisture is sparse in
the WJB watershed and the gauged data are generally not
available, the Soil Moisture Active Passive (SMAP) product
launched by the National Aeronautics and Space Administration
(NASA) was taken as the benchmark to evaluate the soil moisture
simulations (Liu et al. 2009; Santi et al. 2013). Taking advantage of

TABLE 1. The main configuration of the WRF Model.
Physical parameterization schemes
Cloud microphysics

WRF double-moment 6-class scheme
(Lim and Hong 2010)
Longwave radiation
Rapid Radiative Transfer Model
(RRTM) (Mlawer et al. 1997)
Shortwave radiation
Dudhia scheme (Dudhia 1989)
Land surface model
Noah land surface model (LSM) (Chen
and Dudhia 2001)
Planetary boundary layer Yonsei University scheme (Hong
et al. 2006)
Cumulus
New Grell–Devenyi 3 scheme (Grell
parameterization
and Devenyi 2002) (only in D01)
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TABLE 2. Main parameters in the hydrological model TOPX.
Parameter

Value

21

Decay factor (f; m )
Evaporation coefficient (E)
Initial soil moisture content (W; mm)
Impact factor of vegetation root (C)
Maximum subsurface runoff
(Rsb,max; mm)

160
0.95
90
0.12
80

the relative strengths of both active (radar) and passive (radiometer) microwave remote sensing, the SMAP product has high
spatiotemporal resolutions of 9 km and 3 h. Generally, the remote
sensing product with finer resolution is considered to have higher
accuracy (Liu et al. 2016). The accuracy of the SMAP soil moisture reaches an unbiased RMSE of 0.04 m3 m23 or better (Reichle
et al. 2017). In this study, the SMAP L4_SM product at the root
zone (0–100 cm) was used since the vegetation root was considered during the calculation of the soil moisture in the TOPX. The
hourly streamflow discharge of the hydrological station (Fig. 1b)
at the WJB outlet was provided by the China Institute of Water
Resources and Hydropower Research (IWHR).

c. Method
1) REGIONAL CLIMATE MODEL WRF
The universally applied regional climate models include MM5,
National Meteorological Center (NMC), and the WRF Model
from the United States, the UKMO model from the United
Kingdom, the JMA mesoscale model from Japan, the ECMWF
model from Europe, and the Regional Integrated Environment
Modeling System (RIEMS) model from China (Shrestha et al.
2013; Xiong et al. 2003). In this study, the WRF Model was employed since it has merged many of the latest developments in
atmosphere research (Li et al. 2019) and can provide a high spatial
resolution of 1 km, which is also feasible in a hydrological model,
thus overcoming the spatial-scale mismatch problem between the
regional climate model and hydrological model when coupling.
In the WRF Model, the final (FNL) analysis data obtained
from the National Centers for Environmental Prediction
(NCEP) were used as the initial and boundary conditions. A
four-layer nested domain around the WJB watershed was set
(Fig. 1a). The outer domain (D01) was set as large as possible
to cover the important weather system influencing the precipitation in the WJB, which mainly includes the East Asian
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subtropical monsoon, the Asian monsoon, and the Indian
southwestern monsoon. The D01, D02, D03, and D04 domains
contained 80 3 155, 322 3 271, 604 3 433, and 700 3 700 grids,
respectively; their spatial resolutions were 27, 9, 3, and 1 km,
respectively; and their temporal resolutions were 150, 50, 17,
and 6 s, respectively. Twenty-seven layers were set in the vertical direction. The physical configuration of the WRF Model
and its related dominant parameters were set by taking the
reference of successful forecast case (Yi et al. 2018b). The main
physical configuration of the WRF Model is listed in Table 1.

2) HYDROLOGICAL MODEL TOPX
The hydrological model was selected to meet the following
two needs: 1) it is constructed on a grid that facilitates the
coupling with atmosphere model, and 2) it can be applied to
large-scale watershed and reflect the different runoff generation mechanisms in areas with different topographies as hill
and plains. Based on these criteria, the distributed hydrological model TOPX was employed in this study. The TOPX
model is constructed on the basis of the topographic index
(TOP) and the water balance concept of the Xin’anjiang
model (Yong et al. 2009). The input data of the TOPX model
include precipitation, potential evaporation, and the distribution of topographic index. Before coupling, the calibration
and validation of the TOPX were performed by simulating
two long-term rainfall runoff processes covering the periods
of 2001–05 and 2014–15, and seven short-term flood events
that happened during the long-term rainfall runoff processes.
The final main parameters of the TOPX are listed in Table 2.
The details of calibration and validation, and the related topographic index in the WJB watershed can be found in a prior
study (Yi et al. 2018a).

3) 4D-VAR DATA ASSIMILATION AND COUPLING
EXPERIMENTS

The commonly used incremental 4D-Var formulation (Barker
et al. 2012; Courtier et al. 1994; Lorenc 2003; Yi et al. 2018b) was
utilized in this study. The incremental approach was designed
to determine an analysis increment that minimized the cost
function, which was defined as a function of the analysis increment instead of the analysis itself. The background error
covariance matrices in August 2015 required in the 4D-Var
assimilation was generated with one-month ensemble forecasts
every 12 h using the NMC method (Parrish and Derber 1992).
For the 4D-Var assimilation, the IMERG was aggregated to

TABLE 3. Design of the land–atmosphere coupling experiments. The CMWR_PreEvp denotes the hydrological modeling only applying
the TOPX model driven by the in situ gauged precipitation and evaporation (from the CMWR); it serves as a benchmark for the assessment of coupling experiments. Experiments 2–5 were of land–atmosphere coupling; they are labeled as A_B, where A denotes the
applied atmosphere model (the WRF Model or the WRF 4D-Var system), and B denotes the connected element (only precipitation or
both precipitation and evaporation).
No.

Experiment label

Precipitation

Evaporation

Hydrological model

Resolution

1
2
3
4
5

CMWR_PreEvp
WRF_Pre
WRF_PreEvp
4D-Var_Pre
4D-Var_PreEvp

CMWR
WRF
WRF
WRF 4D-Var
WRF 4D-Var

CMWR
CMWR
WRF
CMWR
WRF 4D-Var

TOPX
TOPX
TOPX
TOPX
TOPX

Daily, 1 km
Hourly, 1 km
Hourly, 1 km
Hourly, 1 km
Hourly, 1 km
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TABLE 4. Statistical metrics applied in the evaluations. The terms Ps,i and Po,i denote the simulated and observed values, respectively, of
the i grid, and Ps,i and Po,i are their respective means. The terms Qo,i and Qs,i are the observed and simulated discharges at time step i, and
Qo is the average of the observed discharge during the study period.
Statistical metric
Mean error (ME; mm)

Equation
ME 5

Relative error (RE)

Perfect value

1
å (Ps,i 2 Po,i )
N i51

0

N

0

N

å (Ps,i 2 Po,i )

RE 5 i51

N

å Po,i

i51

Root-mean-square error (RMSE; mm)

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1 N
RMSE 5
å (Ps,i 2 Po,i )2
N i51

Correlation coefficient (CC)

0

N

å (Ps,i 2 Ps,i )(Po,i 2 Po,i )

1

CC 5 sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
i51

N

n

å (Ps,i 2 Ps,i )2 å (Po,i 2 Po,i )2

i51

Nash–Sutcliffe coefficient (NS)

i51

1

N

å (Qo,i 2 Qs,i )2

NS 5 1 2 i51
N

å (Qo,i 2 Qo )2

i51

6 h as to be assimilated in a time window of 6 h. Furthermore,
except for the initial conditions, the setting of the WRF 4D-Var
system is almost the same as that set in the WRF Model (Table 1).
Although the WRF contains its own land surface model such
as Noah, RUC, CLM, and others (Pei et al. 2014; Smirnova
et al. 2016; Srivastava et al. 2015), these land surface models
can only simulate runoff in vertical direction. While the TOPX
model can numerically describe the runoff in both vertical and
lateral directions, while the lateral flow is especially important
when simulating the water cycle in watershed at large scale.
Therefore, we used the coupled model WRF–TOPX to simulate

the rainfall runoff process in the WJB watershed. One-way
coupling was applied in this study. The outputs of the WRF were
directly collected to drive the TOPX.
To investigate the impact of 4D-Var data assimilation on the
performance of the coupled model WRF–TOPX, five numerical experiments were designed (Table 3). The CMWR_
PreEvp experiment is a kind of traditional rainfall runoff
simulation only by the TOPX. It served as a control experiment
and was driven by in situ gauged precipitation and evaporation from the CMWR. Furthermore, to assess the impact of
the applied 4D-Var and different connecting element on the

FIG. 3. Daily watershed means of precipitation and potential evaporation from the WRF
Model, the WRF 4D-Var system, and the CMWR in situ stations.
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TABLE 5. Statistics of the precipitation simulated by the WRF and
WRF 4D-Var against the daily CMWR in situ observations.
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TABLE 6. Statistics of the potential evaporation simulated by the
WRF Model and the WRF 4D-Var system comparing to the
CMWR in situ observations.

Simulated daily precipitation
Error score

WRF

WRF 4D-Var

ME
RE
RMSE
CC

0.159
0.037
13.411
0.343

21.868
20.436
11.946
0.444

performance of the coupled model, we set four coupling experiments that were different in whether they applied the 4DVar in the WRF Model and whether they used the connecting
element of evaporation except for the precipitation. Meanwhile,
to overcome the spatial-scale mismatch between the WRF and
the TOPX, the spatial resolution of the WRF was set to 1 km
through a four-layer nested domain, and the grid resolution in the
TOPX set to 1 km as well. Given the temporal resolution of
the WRF output and the data for the performance evaluation, the
TOPX ran at the time interval of 1 h. Limited by the input data,
the CMWR_PreEvp experiment was performed at daily scale.

4) EVALUATIONS OF THE HYDROLOGICAL VARIABLES
Before the five experiments were conducted, the connecting
elements of precipitation and evaporation predicted by the
WRF Model and the WRF 4D-Var system were evaluated
against the in situ observations. The hourly precipitation or
evaporation values were extracted from the grid points nearest
to the precipitation or evaporation stations, then accumulated
to daily values for comparison with the daily station observations. In this evaluation, we used the error scores of the mean
error (ME), relative error (RE), RMSE, and CC (Table 4),
which describe the errors, deviations, and correlation between
the simulations and the observations.
The soil moisture and watershed discharges simulated by the
control experiment and four coupling experiments were evaluated as well. The unit of soil moisture set by the TOPX is the
depth of the water column (mm), which is different from water
volume content (mm3 mm23) used in the SMAP. Moreover,

Potential evaporation
Error score

WRF

WRF 4D-Var

ME
RE
RMSE
CC

2.817
0.963
3.065
0.620

2.709
0.926
2.905
0.746

the soil depth cannot be concretely defined in the TOPX; it
applies parameters such as maximum storage capacities of the
three soil layers and impact of vegetation root to control the
variation of soil moisture. Given the different units of soil
moisture in the TOPX and the SMAP and the unspecified soil
depth in the TOPX, we indirectly evaluated the soil moisture
simulated by the coupled experiments with the index of CC,
which is frequently used in the evaluation of soil moisture (Cui
et al. 2018). The Nash–Sutcliffe (NS) coefficient was used to
evaluate the simulated discharge at the outlet of the WJB
watershed.

3. Results and discussions
a. Evaluations of the simulated precipitation and
evaporation
Before coupling, the accuracies of the two connecting elements, i.e., the precipitation and evaporation simulated by the
WRF Model or the WRF 4D-Var system, were evaluated.
Their daily means in the WJB watershed are calculated and
illustrated in Fig. 3. It is found that both the precipitation and
potential evaporation are overestimated by the WRF Model.
During the continuous 2-day raining, the evaporation decreased as the precipitation continued. This may be related to
the reduction of temperature during rainfalls. The precipitation simulated by the WRF Model and the WRF 4D-Var system had been evaluated in detail at the hourly, 12-hourly, and
daily scales with station observations and merged CMORPH

FIG. 4. Linear fittings among the potential evaporation (mm day21) observed by the CMWR stations, the WRF Model, and the WRF
4D-Var system.
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FIG. 5. The 9-km grid data of the average daily soil moisture in the Wangjiaba watershed extracted from (a) the
SMAP and the experiments of (b) CMWR_PreEvp, (c) WRF_Pre, (d) WRF_PreEvp, (e) 4D-Var_Pre, and (f)
4D-Var_PreEvp during the study period.

data in a prior study of Yi et al. (2018a), more detailed information can be found in it. According to that investigation, it
can be concluded that, after the use of the 4D-Var data assimilation with GPM, the ME and RE values turned from
positive to negative. This implied a change of the simulated
precipitation from overestimation to underestimation. The
larger absolute values of the ME and RE of the WRF 4D-Var

simulations indicated larger errors and deviations. However,
the RMSE of the WRF 4D-Var system decreased from 13.411
to 11.946 (Table 5). This reduction indicated decreases in errors of the extremely high and low precipitation and enhancement in the accuracy of the WRF 4D-Var simulated
precipitation. Meanwhile, the CC value was improved from
0.343 to 0.444 (Table 5). This indicated a better correlation
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FIG. 6. The Wangjiaba watershed average of the daily soil moisture obtained from the SMAP
(mm3 mm23) and the different land–atmosphere modeling experiments (mm).

between the simulations and observations. In sum, the 4D-Var
assimilation with GPM could play a positive effect on the
precipitation simulation of the WRF Model.
The daily values of the grids nearest to the evaporation
stations were extracted out and evaluated with the evaporation
station measurements. The ME, RE, RMSE, and CC of the
evaporation simulations are listed in Table 6. The ME of the
evaporation predicted by the WRF Model and the WRF 4DVar system were 2.817 and 2.709 mm, respectively. The RE,
RMSE, and CC values of the WRF 4D-Var simulations were
all slightly improved than the simulations of the WRF
Model. After using the 4D-Var assimilation, the determination coefficient (R2) between the WRF prediction and the
CMWR observation increased from 0.385 to 0.556 (Fig. 4).
These indicated that the 4D-Var data assimilation with
IMERG could improve the accuracy of the WRF-predicted
potential evaporation as well. However, looking into the RE
changes of the simulated precipitation and potential evaporation, we found that before and after the data assimilation, the RE of the former stayed at 3.7% and 243.6%,
respectively (Table 5), and the RE of the latter stayed at
96.3% and 92.6%, respectively (Table 6). The smaller
change of the latter RE implied a weaker impact of the
applied 4D-Var data assimilation on the simulated potential
evaporation than those on the precipitation. This slight influence is also indirectly reflected in Fig. 4c, since the determination coefficient between the WRF-simulated and the
WRF_4D-Var-simulated evaporation is still relatively high.
The reason for this weaker impact on evaporation mostly
laid in the observation operator of the data assimilation; we
used direct satellite-estimated precipitation but not evaporation or other basic satellite radiance, which has closer
relationship with evaporation than precipitation.

b. Evaluation of the simulated soil moisture
To keep consistency with the spatiotemporal resolutions of
the referenced data, the soil moisture simulated by the five
experiments was extracted from the three soil layers of the
TOPX model and vertically averaged, then upscaled from 1 to
9 km with a kriging interpolation method, and the hourly results of the other four coupling experiments were aggregated to

mean daily values. The distributions of the mean daily soil
moistures are depicted in Fig. 5. It is obvious that the simulated
soil moisture from the five experiments all reflect the main
trend with the SMAP (Fig. 5); the northwest has lower soil
moisture while the southeast has higher soil moisture. This is
closely influenced by the precipitation distribution.
According to the water balance rule, the amounts of soil
moisture mainly depend on the initial soil moisture and the
net precipitation, which is determined by precipitation and
evaporation. Therefore, the mean daily soil moisture of the
WRF_Pre was higher than that of the CMWR_Pre and the
WRF_PreEvp as the WRF-predicted precipitation and potential evaporation were overestimated, and the mean daily
soil moistures simulated by the 4D-Var_PreEvp were lower
than those simulated by the 4D-Var_Pre experiments, as the
potential evaporation predicted by the WRF Model was still
overestimated after using 4D-Var assimilation. This can be
also found in the simulated watershed mean daily soil moistures (Fig. 6). As the precipitation occurred, the watershed
mean of the daily soil moisture started to increase after the
precipitation on 18 August, reached the peak values one or two
days later, and then began to fall as the rain stopped and
evaporation from bare soils took place.
For the evaluation at field scale, the 412 grids in the WJB
watershed with resolution of 9 km were compared to the corresponding grid values of the daily SMAP. There were 96.1%,
78.4%, 94.7%, 93.2%, and 94.9% of the total grids passed the
statistical assessment at the level of 0.05 for the five experiments, respectively. The daily simulated soil moisture of the
CMWR_PreEvp showed the best agreement with the SMAP
data (Fig. 7a); its mean CC value reached 0.820, while the mean
CC value of the WRF_Pre showed the lowest 0.650, due to the
overestimation of precipitation in the WRF_Pre (Fig. 7b). The
mean values of CC for the WRF_PreEvp, 4D-Var_Pre, and
4D-Var_PreEvp were 0.783, 0.781, and 0.802, respectively. The
results showed that the coupled models with the 4D-Var assimilation generally produced better matches with the SMAP.

c. Evaluation of the simulated discharge
The discharges at the WJB watershed outlet simulated by
the five experiments were compared to the in situ gauged
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FIG. 7. The 9-km grid data of the Pearson’s correlation coefficient (CC) between the daily soil moisture from the
SMAP and the land–atmosphere coupling experiments of (a) CMWR_PreEvp, (b) WRF_Pre, (c) 4D-Var_Pre,
(d) WRF_PreEvp, and (e) 4D-Var_PreEvp during the study period in the Wangjiaba watershed. The black filled
circles denote the CC value that is statistically significant at the level of 0.05.

discharges at hourly and daily scales. It is clear in Fig. 8 that
the WJB watershed outlet experienced the flood peak
(773.7 m3 s21) one day after the precipitation on 18 August,
the peak simulated by the four coupling experiments were
one day later. Nevertheless, the simulated discharges all

reflected the similar fluctuation tendency with the in situ
observations.
As listed in Table 7, the CC values of the simulated discharges with the 4D-Var were less than those without data
assimilation. This might be caused by the increase of the RE of
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FIG. 8. The simulated and observed discharges at the Wangjiaba watershed outlet: (a) hourly and (b) daily.

the 4D-Var simulated precipitation, which indicated larger
deviations of the simulated precipitation. Although the evaluated indices showed different changes, the NS coefficient has
higher weight in the assessment of flood simulation. The NS
values of the 4D-Var_Pre and the 4D-Var_PreEvp were
improved after applying the 4D-Var. The WRF_Pre and
WRF_PreEvp showed higher positive RE values than the
CMWR_PreEvp because of the overestimation of precipitation
in the WRF. The join of simulated evaporation as connecting
element increased the uncertainty of the final simulation
through its impact on net precipitation. The overestimation of
evaporation in the WRF reduced the overestimated magnitude
of the net precipitation in the WRF_PreEvp, and resulted in a
better NS than the WRF_Pre. However, since the WRF 4D-Var
predicted much lower precipitation and still relatively higher
evaporation than the observations, the net precipitation in the
4D-Var_PreEvp was much smaller and rendered a lower NS
than that in the 4D-Var_Pre, and also resulted in a higher
absolute RE and lower NS than that in the WRF_PreEvp as
well. It can be concluded that whether applying the connecting
element of evaporation during the land–atmosphere coupling
depends on whether its application could render a better simulation of net precipitation, this is also the reason why the NS
and RE of the WRF_PreEvp are much closer to their perfect values than the WRF_Pre, while the NS and RE of the
4D-Var_PreEvp are further from their perfect values than the
4D-Var_Pre.
The hourly and daily NS values of the 4D-Var_Pre were
0.547 and 0.560, respectively. The daily NS of the CMWR_
PreEvp (0.673) was still higher than any other four coupled
models. Nevertheless, the CMWR_PreEvp experiment can
only represent the daily discharges limited by the temporal

resolution of the available CMWR data. On the whole, the
4D-Var data assimilation with the IMERG data could generally improve the discharge simulation.

4. Conclusions
Differing in whether they applied 4D-Var assimilation with
the IMERG and the connecting elements for land–atmosphere
coupling, four coupling experiments based on the WRF and
TOPX were applied to simulate a flood event that happened in
the WJB watershed at 1-km and hourly scales. Before coupling,
the precipitation and potential evaporation predicted by the
WRF 4D-Var system were evaluated. It was found that the
WRF Model overestimated both the precipitation and potential
evaporation. Although the observation operator in the 4D-Var
assimilation is precipitation, the accuracy of the WRF-predicted
evaporation could be improved as well. The determination
coefficient between the simulated potential evaporation and
the CMWR observation increased from 0.385 to 0.556 after
using the 4D-Var assimilation.
The spatiotemporal variation of the soil moisture in the WJB
watershed simulated by the WRF–TOPX was largely determined by the distribution of the predicted precipitation.
Compared to the daily SMAP soil moisture, the CC values of
the WRF_PreEvp was 0.019 higher than the 4D-Var_PreEvp
experiment. The applied 4D-Var assimilation could improve
the discharge simulation by the coupled land–atmosphere
model as well. Among the four coupling models, the 4DVar_Pre gave the best NS coefficients of 0.547 and 0.560 at the
hourly and daily scales, respectively, due to having more exact
net precipitation. The NS of the four coupled models ranged
from 0.464 to 0.547 at the hourly scale and from 0.499 to 0.560

TABLE 7. Statistical results of the simulated discharges at the Wangjiaba watershed outlet.
Experiment label

NS (hourly/daily)

CC (hourly/daily)

RE (hourly/daily)

CMWR_PreEvp
WRF_Pre
WRF_PreEvp
4D-Var_Pre
4D-Var_PreEvp

—/0.673
0.464/0.499
0.483/0.527
0.547/0.560
0.521/0.540

—/0.894
0.816/0.832
0.805/0.823
0.787/0.796
0.783/0.794

—/20.026
0.048/0.048
0.022/0.022
20.010/20.010
20.049/20.047
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at daily scale. The performances of the coupled land–atmosphere
models with 4D-Var assimilation were better than the coupled
models without 4D-Var assimilation.
The 4D-Var assimilation with the IMERG could improve
the performance of the coupled land–atmosphere model
WRF–TOPX in simulating both soil moisture and discharge, as
it played positive impacts on decreasing the overestimations of
the WRF-predicted precipitation and potential evaporation.
The four coupled models showed no better performances than
the TOPX simulation only driven by traditional in situ observations, but they had much higher temporal resolutions and
forecasting abilities that the TOPX model cannot provide; this
makes the land–atmosphere model much more preponderant.
The application of the 4D-Var assimilation with the IMERG
can provide a new way to improve the performance of the
coupled land–atmosphere model. The biases between the observed and simulated values may result from the hypothesis in
the atmospheric and hydrological models, biases in the satellite
observations, and computational errors, which need more investigations in future related studies.
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