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Abstract21

In small- to medium-sized river basins, flood forecast accuracy and adequate lead times are22
especially important for the scheduling of catchment management decisions, involving23
flood prevention measures and disaster mitigation. For this study, the Zhanghe River basin24
in China was selected as the study area. A meteorological–hydrological coupled model,25
which linked the Weather Research and Forecasting (WRF) model to the WRF-Hydro26
model, was used with radar data to explore the influence of data assimilation frequency on27
rainfall and runoff forecasts, as well as the differences in error propagation characteristics28
between meteorological and hydrological models. The results were as follows: (1) Doppler29
radar data assimilation has the ability to improve the temporal and spatial variability of30
rainfall forecasts. Appropriate data assimilation show positive effect on improving the31
rainfall forecast. 3h assimilation intervals data assimilation may result in over-estimating32
under the influence of complex topography in Zhanghe River Basin. The rainfall forecast33
results based on 6 and 12 h assimilation intervals were more accurate than those derived34
from a 3 h interval, with the average cumulative rainfall errors being reduced by 44.86%35
and 53.26%, respectively. (2) Rainfall forecasts have a significant impact on the accuracy36
of subsequent runoff forecasts. The runoff results showed that the assimilation of radar data37
at higher frequencies does not guarantee the further improvement of the runoff simulations38
due to the overestimation of forecast rainfall. The average flood peak error under the 6 and39
12 h assimilation intervals was 27.52% and 20.0%, respectively, less than that using the 3 h40
interval. Therefore, the effective information contained in the assimilation data is more41
important than the amount of data. (3) Error propagation between models differs with the42
changing assimilation frequency of the radar data and the consequent effect of the rainfall43
forecast. With the increase in assimilation frequency of the radar observations, the error44
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range increases. Compared with the rainfall errors, the runoff errors show greater45
variability. Through quantitative analysis, it was found that there is no well-defined linear46
relationship between the rainfall and runoff errors. At the same time, the potential of radar47
data assimilation is discussed, and some suggestions for improvement are put forward.48

Keywords: radar data assimilation; meteorological - hydrological coupling model; rainfall-runoff49
forecast; Zhanghe River basin; error propagation50

1. Introduction51

Global climate change, frequent extreme weather events, and flooding caused by heavy rainfall are52
extremely harmful to the residents of affected areas [1,6]. Traditional hydrological forecasts take conventional53
observational data as the input to a hydrological model, and the lead time depends on the confluence time of54
the basin [2,4,43]. However, the low density and likelihood of damage associated with station networks in55
small- and medium-sized river basins in mountainous areas leads to a lack of observational data; e.g.,56
precipitation and runoff amounts. Combined with the rapid confluence of such watersheds, this lack of data57
means that forecast lead times are short and prediction accuracy is low. One approach to generating58
longer-term flood forecasts, and thereby improving flood control and disaster mitigation in small- and59
medium-sized rivers basins, is by introducing precipitation forecasts during the lead time and using60
high-precision meteorological and hydrological information to carry out flood forecasting and early warning61
work [2-9]. Therefore, increasing attention has been paid to flood forecasting based on the coupling of62
numerical prediction models with hydrological models.63

In recent years, the development of Numerical Weather Prediction (NWP) models and distributed64
hydrological models has provided technical support for coupled meteorological–hydrological flood65
forecasting [2-24]. NWP models can provide quantitative precipitation forecast (QPF) products with long lead66
times [2-3]. The lead times associated with the latest weather prediction models fall within the range of 1–1567
days. At the same time, distributed hydrological models describe a catchment’s topographic features and68
streamflow formation processes based on a grid, which can simulate hydrological processes effectively and69
couple with NWP models conveniently [9,16]. However, it is still challenging to forecast rainfall and runoff70
using a coupled NWP and hydrological model for small- and medium-sized river basins. The primary reasons71
are as follows: (1) Due to the nonlinearity and complexity of the atmosphere, numerical weather forecasting is72
less precise for small to medium-sized river basins compared to larger basins [4,25-27]. (2) With the increase73
in resolution, it is more difficult to match meteorological and hydrological coupling in scale [6-8]. (3) Due to74
geographical conditions, the distribution of rainfall is uneven, and the time of concentration has a greater75
influence on small to medium basins than in larger basins. Consequently, any errors associated with the76
meteorological and hydrological data collection are not as readily smoothed out by the river network, which77
greatly increases the difficulty of hydro-meteorological forecasting in smaller basins [27].78

As an important model input for watershed runoff forecasting, the quality of rainfall data directly affects79
the accuracy of the flow forecasting results [2-4,10-12]. The temporal distribution of rainfall can lead to80
differences in the flood flow, total flood volume, and timing of the peak flood occurrence. Meanwhile, the81
uneven spatial distribution of rainfall will increase the uncertainty associated with the parameters in the82
hydrological model. Therefore, accurate acquisition of the regional spatial and temporal distribution of83
rainfall is the key to coupled meteorological–hydrological flood forecasting [10-12]. Numerical weather84
forecasting is a method used to predict future weather conditions by solving dynamic and thermodynamic85
equations through numerical calculation using specified initial conditions based on existing weather86
conditions [20-24]. Accurate initial values are key to successful numerical weather forecasting. Data87
assimilation can be used to improve the forecasting ability of NWP models by combining observation data88
and numerical models to provide more accurate initial values for numerical weather prediction models [13,19].89
However, conventional observations are far from sufficient for convective-scale data assimilation (DA),90
which requires information with a high temporal and spatial resolution. Thus, as a useful remote sensing91
instrument, radar can probe inside clouds to provide data regarding convective-scale phenomena and rainfall92
structure information with a high level of spatial and temporal precision [28]. Radial velocity assimilation can93
change the wind field and affect water vapor transport, and radar reflectivity assimilation is essentially a94
correction of the humidity field, which directly affects the formation of rainfall. Hence, to enhance the95
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precision and reliability of the numerical rainfall forecast, it is advantageous to assimilate high-resolution96
radar observations and regularly adjust the initial field and lateral boundary conditions of the NWP models97
[4,21-23].98

Liu et al. [21] designed 11 data assimilation models to reproduce 24-hour rainfall in the Zijingguan99
Basin and compared the performance of different data assimilation schemes. They found that the assimilation100
of radar reflectivity data generated the most accurate results. Gu et al. [4] conducted several case studies in the101
Qingjiang Basin in Hubei Province to examine the effects of conventional observation data and radar data102
assimilation on QPF and flood forecasting. Their results showed that radar data assimilation made the time103
distribution of the rainfall more accurate and the peak error smaller. Liu Y et al. [22] explored the potential104
influence of data assimilation frequency, indicating that a high assimilation frequency can better predict the105
temporal and spatial distribution of convective torrential rain. It can be seen that radar data assimilation can106
improve the initial conditions and short-term predictions for NWP models. However, the related studies107
mentioned that assimilating radar observations into a numerical prediction model may produce spurious108
precipitation and large errors in the position and magnitude of precipitation, and high-frequency cyclic109
assimilation may exacerbate this problem [65-70]. Thus, the accuracy of the rainfall forecasts differs for110
different river basins, different types of rainfall processes, and different radar data assimilation schemes. The111
influence of data assimilation frequency on rainfall and runoff forecasts requires further investigation.112

The key to successful meteorological–hydrological coupled flood forecasting also lies in matching the113
temporal and spatial resolution between the models. The WRF-Hydro model is an extension of the mesoscale114
numerical weather prediction model WRF (which focuses on land surface hydrological processes). It was115
primarily developed mainly by the National Center for Atmospheric Research (NCAR) in 2013. This116
high-resolution distributed hydrological model can simulate runoff and related hydrological processes based117
on river grids, so it can better match the WRF model in time and space resolution, and be more effectively118
coupled with the WRF model by using one-way and two-way couplings, resulting in improved runoff119
forecasting [29]. WRF-Hydro has been applied to river basins in many countries and has achieved good120
simulation results [29-39]. However, the impact of improving radar data assimilation on WRF rainfall121
forecasts and its propagation characteristics in the coupled WRF/WRF-Hydro meteorological–hydrological122
model needs further study [40-42].123

Therefore, it is important that we study the influence of radar data assimilation on rainfall forecasts and124
meteorological–hydrological forecast error propagation characteristics, and also to improve the effectiveness125
of meteorological–hydrological forecasts in small- to medium-sized river basins. A typical small- to126
medium-sized basin in the southern regions, the Zhanghe River basin in Hubei Province, China, is prone to127
flooding. This study focuses on the Zhanghe Basin utilising Doppler radar data and a three-dimensional128
variational data assimilation method to construct the coupled WRF/WRF-Hydro meteorological–hydrological129
model. The effects of different frequencies of radar data assimilation on rainfall accumulation processes, as130
well as the temporal and spatial distributions, are investigated for four different types of storm event that131
occurred in the Zhanghe Basin in 2017 and 2018. The effectiveness of using Doppler radar data for132
rainfall–runoff forecasting, and the transmission characteristics of errors in the coupled133
meteorological–hydrological process, are also explored.134

2. Study area and data135

2.1 Zhanghe River Basin136

The Zhanghe River Basin is located in Hubei Province, China (30.9 °N ~ 31.7 °N, 111.4 °E ~ 112.2 °E)137
(Figure 1). The area of the basin is about 2228km2. The topography is mainly mountainous and hilly. The138
average length and width of the basin is about 100km, the width is about 30km, the elevation range is 65m ~139
1583m [43].140

There are mainly six types of land use in the river basin, with the highest forest coverage, followed by141
cultivated land (Figure 1b). The main soil types are clay loam and clay (Figure 1c). The mountain climate has142
remarkable characteristics, and it is a typical small and medium-sized river basin in the humid mountain area143
of the south of China. The average annual rainfall is 1003.6mm, the rainfall is abundant, and the annual144
distribution of precipitation is extremely uneven, mainly from May to September, with the characteristics of145
short duration, high intensity, concentrated rainfall [43].146

147
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(a)

(b) (c)

Figure 1. Geographical characteristics of the study area

Elevation, stream network and hydrological station of Zhanghe River Basin; (b) land use; (c) soil category.

2.2 Meteorological and hydrological datasets148

The the China Meteorological Administration Multisource Precipitation Analysis System (CMPAS)149
product is a three-source data fusion of satellite, radar and ground station data. For this study, we used150
CMPAS to analyze and evaluate the rainfall forecast results of WRF model in different assimilation151
frequencies, and as the forcing data of atmospheric precipitation for WRF Hydro model in uncoupled mode152
[44-45]. CMPAS is available at spatial and temporal resolutions of 0.05° and 1 h, respectively.153

The radar data in the S-band are assimilated to correct the initial state of the numerical prediction model.154
DEM data comes from SRTMDEM 90m resolution raw elevation data (http://www.gscloud.cn/sources).155

The data of landuse type and soil type are from the MODIS (Moderate-resolution Imaging Spectroradiometer)156
dataset, which the resolution is 30 s. DEM data, landuse types and soil types are used to generate hydrological157
information files by the GIS pre-processing tools of WRF-Hydro model.158

Based on the hourly runoff data of Guanyinsi hydrological station, the parameters of WRF-Hydro159
hydrological model are calibrated, and the runoff forecast results under different assimilation frequencies are160
evaluated. In this study, four typical flood events in Zhanghe River Basin from 2017 to 2018 were selected as161
a case study (Figure 2). The flood process and peak runoff of each event are shown in Table 1. Among the162
four typical rainfall events, 20170708 has a short duration and high intensity; 20171001 has a long duration163
and weak intensity; 20180505 has a long duration and strong intensity, and 20180704 is a bimodal event. The164
characteristics of the four rainfall processes are different, so the rainfall and runoff processes with different165
characteristics are simulated and reproduced to explore the effect of meteorological-hydrological coupling166
forecast based on radar data assimilation.167

168
169
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Table 1. The characteristics of four typical storm events between 2017 and 2018.170

Events Start time End time
Peak flow

(m3/s)

Cumulative rainfall

(mm)

20170708 08/07/2017 06:00 10/07/2017 06:00 939.37 62.34

20171001 01/10/2017 06:00 08/10/2017 06:00 566.5555556 65.10

20180505 30/06/2018 00:00 03/07/2018 00:00 374.59259 51.77

20180704 04/07/2018 04:00 07/07/2018 00:00 384 35.06

171

Figure 2. Rainfall-runoff process lines for four typical storm events.

3. Research method172

3.1 Mode Setting173

3.1.1 WRF mode setting174

In this study, the Weather Research and Forecasting (WRF V4.1.1) model is selected to forecast rainfall.175
Taking 33.20°N and 111.80°E as the center, the three-layer nesting scheme is adopted. The horizontal176
resolutions of d01, d02 and d03 are 15km, 5km and 1km respectively, which can cover the whole Zhanghe177
River basin (Figure 3). The NCEP GFS prediction data with a horizontal resolution of 0.25 °× 0.25 °are used178
as the initial and boundary fields of the WRF model. The main parameterization schemes adopted in WRF179
model refer to Gao's research results [43]. Microphysical process scheme Thompson scheme, land surface180
scheme Noah, cumulus convection scheme KF, boundary layer MYJ, long wave radiation RRTM and short181
wave radiation Dudhia are set as the physical parameterization scheme of WRF model in this study.182
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183
Figure 3. The WRF domain. Zhang River basin is indicated by black polygons.184

3.1.2 Assimilation method of WRF-3DVAR185

In order to obtain more accurate rainfall forecast results, the three-dimensional variational assimilation186
(3DVar) technique with high computational efficiency and strong stability is selected in this study [22,24,46].187
The background field error and observation data are used to modify the background field of the atmospheric188
model to make the background field of the model closer to the actual meteorological situation, so as to adjust189
and improve the background field of the model [47].190

The main objective of the 3DVar method is to obtain a statistically optimal estimate of the true191
atmospheric state by minimising a cost function in an iterative manner over a given analysis time, which can192
also be interpreted as solving for an analytical variable, which makes an object function to measure the193
distance reach the minimum among the analysis variable (corrected initial field and lateral boundary194
conditions), the background field (initial field and lateral boundary conditions) and the observation field195
(meteorological observation information)]. The cost function can be expressed as the distance between �196
weighted by the inverse matrix of the background error covariance and the background field �� plus the197
distance between � weighted by the inverse matrix of the observation error covariance and the observation198 �0 [51,61-62]. The objective functional can be expressed by the following expression:199 � � = 12 � − �� ��−1 � − �� + �0 − � � ��−1 �0 − � � (1)

Where � is expressed as an �-dimensional analytical field (including temperature, pressure, humidity,200
wind). �� is the background field of � -dimensional vector. � is the error covariance matrix of201 � × � -dimensional background field. � refers to the degree of freedom of the analytical field. �0 is the202 � -dimensional observation vector and � is the observation operator, which projects the pattern variables203
from the model space to the observation space. � is the �×� dimension observation error covariance204
matrix, � = � + � , � is the instrument observation error covariance matrix, � is the observation205
representative error covariance matrix. � refers to the degree of freedom of the observation field. After the206
background field, observation data and background error covariance are inputted into the system, the207
analytical field of the model can be obtained by iterative processing of the assimilation system. Finally, the208
assimilated boundary conditions need to be updated for further simulation or prediction.209
3.1.2.1 Selection of background error covariance210

In the assimilation system, the background error covariance matrix is an important parameter, which not211
only represents the background error characteristics of large-scale circulation, but also contains mesoscale212
disturbance information, and largely determines the error correlation between different variables [47].213
Through the NMC (National Meteorological Center) method widely used in the assimilation system, the214
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background field error covariance selected in this paper is calculated by using the control variables based on215
CV7 (u, v, T, RHs, Ps) [56]. The prediction errors of the regional samples of the 12h prediction effectiveness216
WRF model at the same time in July 2018 are counted as the background error covariance during assimilation,217
which can be calculated by the following expression:218 � = �24 − �12 �24 − �12 T� ������������������������ (2)

Among them, � is the background error covariance matrix. For the regional numerical model, �24 and219 �12 in equation (2) are two prediction fields which are predicted to the same time but the prediction time is 24220
hours and 12 hours respectively. The prediction error samples can be obtained by making the difference221
between the two prediction fields.222
3.1.2.2 Assimilation data223

The assimilation data used in the study are derived from the SA band Doppler weather radar reflectivity224
and radial velocity data installed in Yichang, Hubei Province, China (111.296 °E, 30.702 °N). The temporal225
resolution is 6min, the scanning height is 13km, the scanning radius is 230km, the scanning range can226
completely cover the Zhanghe River basin, and the spatial resolution is 1kmx1km. The quality control227
procedures include removing ground clutter, radial interference echo, non-meteorological echoes, speckles,228
and so on. The relationship between radar coverage and watershed location is shown in Figure 4.229

Considering the discontinuity of wind speed analysis field and the inability to effectively exclude230
observations with large wind update vectors in the near-surface layer during the quality control process, the231
radial wind is directly assimilated in this study [28,48,63]. One the other hand, the direct assimilation method232
in the process of variational minimization, the linearization of nonlinear reflectivity forward operator may233
introduce error, convergence and stability problems. Therefore, we adopts the method of indirectly234
assimilating radar reflectivity, that is, assimilating four kinds of hydrometeor from radar reflectivity factors:235
rain (qr), snow (qs), graupel (qg) and water vapor (qv) [46,50]. The forward model for equivalent radar236
reflectivity factor (Ze) is the sum of the contribution of qr, qs and qg to radar reflectivity. The reflectivity and237
radial wind data of Doppler weather radar in Yichang station are transformed into WRF-3DVar assimilable238
data format (ob.radar) through the program, which is used as the input file of the observation field.239

Figure 4. Scanning range of Doppler radar and geographical location of river basin. The blue star is the radar

position of Yichang Station, the blue outline is the radar scanning range, the red outline is the Zhang River

basin, and the shadow is the altitude

3.1.2.3 Assimilation test design.240
According to the spatial scale and characteristics of radar data, this study assimilates the inner grid d02241

region based on WRF model. Experiments with different time intervals are designed to assimilate Doppler242
radar data, and four individual rainfall forecasts are carried out. Previous studies have shown that for243
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short-term heavy rainfall events, assimilating radar radial wind and reflectivity at the same time is better than244
assimilating radial wind or reflectivity alone [49]. In this study, radar radial wind and reflectivity are245
assimilated at the same time for different assimilation frequencies in d02 region. Among them, the cycle246
prediction test (cycle) did not carry out data assimilation, and the model carried out 24-hour cycle prediction247
after 6 hours of spin-up. Assim_03h, assim_06h and assim_12h represent the assimilation test schemes of248
radar radial wind and reflectivity at 3h, 6h and 12h intervals in d02 area, respectively.249

Table 2. Assimilation and forecast experiment design250
Test Name Assimilation Scheme

cycle No assimilation

assim_03h 3 h interval assimilation radar reflectivity and radial velocity in the WRF
d02 area.

assim_06h 6 h interval assimilation radar reflectivity and radial velocity in the WRF
d02 area.

assim_12h 12 h interval assimilation radar reflectivity and radial velocity in the
WRF d02 area.

3.1.3 WRF-Hydro mode settings251

The WRF-Hydro model, as an extension of the widely used Noah and Noah-MP multi-parameter land252
surface models, is a physical, fully distributed and multi-parameter model that provides hydrologic processes253
with the land surface, subsurface, channel routing, underground, and base flow processes [29]. In this study,254
WRF-Hydro model version 5.0.3 was selected for runoff simulation, and the research process was carried out255
in d03 area, which he resolution of the coarse grid of the land surface model is 1km, the resolution of the fine256
grid of the confluence model is 100m, and the river density is 0.01 km2. In this study, the WRF-Hydro model257
is driven by CMPAS and rainfall forecast data to simulate the runoff process. The WRF-Hydro model settings258
are shown in Table 3.259

Table 3. The main parameterization schemes of the WRF-Hydro model260

WRF-HydroV5.0.3 Option

Land surface model Noah-MP model

Overland & subsurface flow routing D8

Subsurface flow routing Exponential bucket model

Channel routing Wave-gridded method

Time step of forcing data 1 h

Time step of routing 6 s

3.2 WRFDA/WRF/WRF-Hydro coupling system261

In this study, the initial field and lateral boundary conditions of the WRF model are derived from the262
GFS prediction data, and the radar reflectivity and radial wind data are assimilated by the WRF-3DVAR263
system, update the initial field and side boundary conditions to further run the WRF mode. The WRF-Hydro264
model is driven by the intermodal data interface to process the forecast rainfall data. The technical framework265
and forecast flow of the system is shown in Figure 5. The WRF model carries out a 6-hour spin-up before266
making rainfall forecast. The WRF-Hydro model uses CMPAS data for two months of “spin-up” before267
running run-off simulations.268
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269

Figure 5. Construction of WRF/WRF-Hydro Meteorological-Hydrological Coupling system based on Radar data270
assimilation271

3.3 Evaluation methods272

Correlation coefficient (RR), flood peak present time difference (ΔT), absolute value of relative273
error of total discharge in runoff process (|TE|), absolute value of relative error of flood peak discharge274
(|PE|), Nash efficiency coefficient (NSE) were used as parameters of WRF-Hydro hydrological model275
calibration and runoff simulation [57-60], as shown in Formula (3-7).276

Using the time difference of rainfall peak (ΔT1 (h)), the hourly correlation coefficient of rainfall277
(RR1) , the absolute value of relative error of total rainfall (|TE1|) , the absolute value of cumulative278
relative error of rainfall at flood peak (|PE1|) , and the present time difference of flood peak (ΔT2 (h)) ,279
the hourly correlation coefficient (RR2) of runoff forecast, the absolute value of total runoff relative error280
(|TE2|) and the absolute value of flood peak runoff relative error (|PE2|) of runoff process, the results of281
rainfall-runoff forecast with different radar data assimilation frequency, and the error transfer between282
the models for quantitative comparative analysis, calculation formula see formula (3-6).283 �� = �=1�=� ����� − ����� ���� ����� − ����� �����

�=1�=� ����� − ����� ���� 2� �=1�=� ����� − ����� ���� 2� (3)

∆T = �������� − �������� (4)�� = �=1�=������� − �=1�=�������
�=1�=������� × 100% (5)

�� = ������� − �������������� × 100% (6)

��� = 1 − �=1�=� ����� − ����� 2�
�=1�=� ����� − ����� ���� 2� (7)

In the formula, T is the duration of each runoff process, TAobsmax
、TAsimmax

represent the peak time of284
observation and simulation, respectively; Aobst 、Asimt represent the observed value and simulated value285
of t time, respectively; Aobs� ����、Asim� ���� represent the average value of observed value and simulated value in286
T time, respectively.287

4. Results288

4.1 WRF-Hydro model parameter calibration289

The main objective of the calibration is to ensure that the rainfall-to-runoff conversion of specific290
events will be as real as possible, with reducing the impact on error propagation analysis. In this study,291
three events (20150630, 20150714, 20160630) are selected for calibration, and the CMPAS data are292
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interpolated into 1km as the rainfall driver of the WRF-Hydro model. The stepwise approach is used to293
further calibrate the main parameters of the WRF-Hydro model on the basis of Gao, Y.F. et al [43]. Four294
events (20170708, 20171001, 20180505, 20180704) verify the parameter combination. The evaluation295
results of hourly simulated runoff of calibration and verification are shown in Table 4. It can be seen that296
the result of runoff simulation is good, and the parameter combination can be further applied to the study297
of flood forecasting in Zhanghe river basin.298

Table 4. Calibration and verification of the evaluation results.299

case RR Relative error of flow/% NSE ΔT/h|PE| |TE|

Calibration
20150630 0.88 14.61 14.28 0.75 0h
20150714 0.94 18.16 11.07 0.87 0h
20160630 0.91 17.75 16.71 0.78 0h

Verification

20170708 0.92 14.60 11.52 0.83 0h
20171001 0.92 0.98 17.94 0.76 0h
20180505 0.85 7.24 1.16 0.72 -2h
20180704 0.88 15.26 6.94 0.77 1h

4.2 Rainfall forecast results based on radar data assimilation300

In this study, four rainfall events with different characteristics from 2017 to 2018 were selected to301
simulate the rainfall process through different assimilation experiments. By analyzing the cumulative rainfall302
results of rainfall events in the basin, the temporal and spatial distribution characteristics of rainfall, this303
section will explore the influence of radar data assimilation on the forecast of rainfall results.304

4.2.1 Forecast results of cumulative rainfall305

Figure 6 shows the forecasting process of four rainfall events under different data assimilation models.306
Compared with the CMPAS, it can be seen that different data assimilation models perform differently in307
different rainfall events. The cumulative rainfall forecast results of assim_03h、assim_06h、assim_12h were all308
overestimated in 20170708、20171001 events, which the result of assim_03h test was overestimated the most309
and the cumulative rainfall of cycle test is closer to CMPAS. The prediction results of cycle and assim_12h310
test in 20180505 event were underestimated. The cumulative rainfall forecast results of assim_03h and311
assim_06h tests were both overestimated, which the assim_03h test was overestimated more seriously. For312
20180704 event, the cumulative rainfall forecast results of the four schemes were all overestimated, with313
assim_03h overestimating significantly. Compared with the other three events, the cumulative rainfall forecast314
results were unsatisfactory.315

316

317
Figure 6. Variation curve of cumulative rainfall forecast results with time318
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According to the results of data assimilation at 3h intervals, it appears that all accumulated rainfall has319
been overestimated. The rainfall forecast results of assim_06h and assim_12h tests are better than those of320
assim_03h, with a reduction in the mean cumulative precipitation errors of 44.86% and 53.26%, respectively.321
Therefore, the appropriate assimilation frequency is more important for the rainfall forecast of Zhanghe River322
Basin. The reason may be that the significant adjustment during the initial forecast period, too frequent of an323
interval does not give the model enough time to adjust to the increments. And frequent stopping and restarting324
of the model with intermittent DA updates can potentially introduce imbalances and result in insertion noise325
in numerical models [68-70]. In addition to the error in boundary conditions, it can be seen that the326
assimilation of information related to water vapor will make the rain in the initial field easier to form rainfall327
[21,53-55,65-67], and high-frequency cyclic assimilation may exacerbate this problem. However, the328
cumulative rainfall results alone are not enough to analyze rainfall, and the temporal and spatial changes of329
rainfall need to be further analyzed.330

4.2.2 Forecast the spatial and temporal distribution of rainfall331

Forecasting the change of rainfall with time and rainfall areal is critical to understanding runoff332
generation, as it has a significant impact on the flood peak discharge, flood peak occurrence time and other333
related factors [15-16]. The spatial distribution of rainfall based on data assimilation and its variation with334
time are shown in Figure 7 and Figure 8 respectively. The spatial distribution and temporal variation of335
precipitation based on data assimilation show varying degrees of improvement, but a significant forecast error336
remains even after data assimilation.337

(1)20170708

(2)20171001

(3)20180505

(4)20180704

Figure 7. Spatial distribution of accumulated rainfall. (1)20170708; (2)20171001; (3)20180505; (4)20180704.
(a-e) represent CMPAS、cycle、assim_03h、assim_06h、assim_12h

The spatial variations observed in event 20170708 show that both assim_06h and assim_12h improve338
the spatial distribution after data assimilation, mainly in the position of the rainfall centre. However, for the339
assim_03 results show a significant overestimation of rainfall In the lower reaches of the basin. For Event340
20171001, the cycle experiment underestimated the amount of rainfall in the river basin downstream.341
However, the three remaining groups of assimilation experiments exhibited different levels of enhancement.342
Concerning the 20180505 event, except for the assim_03h test, the other tests undervalue the rainfall in the343
river basin. Especially the amount of rainfall in the upper reaches of the basin. For the 20180704 case,344
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regardless of the data assimilation method employed to predict rainfall, the outcomes are clearly345
overestimated. This may be due to the bimodal rainfall events are usually affected by the complex circulation346
situation, resulting in a secondary rainfall peak. As for 20180704 event, the short-term rainfall forecast can347
not capture the change of the circulation situation accurately. The four groups of experimental results show348
that the Doppler radar data assimilation method can improve the simulation results of the spatial distribution349
of precipitation, but with different degrees of improvement.350

To compare the variation of rainfall predicted by WRF model with time under different assimilation351
tests, the hourly variation of QPF average rainfall is shown in Figure 8 by calculating the one-hour352
cumulative average rainfall of CMPAS and WRF QPF in Zhanghe river basin. For 20170708 event, the353
rainfall peak values of cycle test and assim_03 test were close to CMPAS, and the peak appeared 1 hour354
and 3 hours earlier respectively. However, the peak value of rainfall of assim_06h and assim_12h test is355
lower, and the error of the occurrence time is larger, which is up to 9 hours. The rainfall intensity of356
20171001 event was weak and lasted for a long time, with a certain deviation in the peak value and peak357
time of all tests. Although the cumulative rainfall value of assim_03h test in 20180505 event is higher358
than CMPAS, the rainfall peak value and rainfall process of assim_06h test are closest to CMPAS for359
hourly area rainfall.360

(1)20170708

(2)20171001

(3)20180505

(4)20180704

Figure 8. Time series charts of WRF predicted hourly precipitation versus CMPAS under different assimilation
experiments: (1)20170708; (2)20171001; (3)20180505; (4)20180704

To further explore the impact of Doppler radar on time series of rainfall prediction, it was found361
that the peak rainfall time of the four events is earlier than CMPAS, except for the 20180505 cycle test.362
Currently, the analyses are performed only for the present study, this outcome may be attributed to the363
instability of the model's initial period, resulting in a better prediction effect of the WRF model in the364
spatial dimension of precipitation and a slightly worse prediction effect in the temporal dimension. The365
phenomenon that the predicted rainfall is earlier than the observation has a certain impact on the runoff366
simulation, such as flood rising time, peak time, and so on. Therefore, it is necessary to further explore367
the improvement degree of Doppler radar data assimilation on runoff forecast and the impact of rainfall368
forecast errors on runoff simulation results.369

4.3 Error transfer characteristic370
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4.3.1 Runoff forecast result371

Based on different radar data assimilation schemes, the runoff prediction results of372
WRFDA/WRF/WRF-Hydro coupling prediction of four events are shown in figure 9. It can be seen from373
Figure 9 that for different rainfall-runoff events, the flood peak occurrence time, flood peak discharge and374
total runoff deviation predicted by the coupled model under different assimilation frequency of radar data are375
different.376

Among them, the cycle tests of 20171001 and 20180505 events did not predict the runoff process.377
Although the cumulative rainfall forecast error of the 20171001 event cycle test is very small, the378
corresponding runoff forecast error is large. The cumulative rainfall of the assim_06h test of this event is379
higher than that of the CMPAS, but the predicted flood peak discharge is relatively low. This phenomenon is380
mainly due to the fact that the formation of runoff is affected by the temporal and spatial distribution of381
rainfall. For the 20180505 event, although the rainfall accumulation value of assim_03h test is higher than382
that of assim_06h, the runoff forecast result of assim_06h test is higher. The reasons analysed may be that the383
peak rainfall for the assim_06h experiment was higher, the timing of the rainfall was more concentrated and384
the peak rainfall area was located in the lower part of the basin. The occurrence time of the peak rainfall is385
advanced, which leads to the occurrence time of the peak runoff predicted in advance.386

(a) 20170708 (b) 20171001

(c) 20180505 (d) 20180704

Figure 9. WRF-Hydro runoff forecast results based on rainfall forecasts from different radar data assimilation

schemes: (1)20170708; (2)20171001; (3)20180505; (4)20180704

Although the cumulative rainfall forecast of the 20170708 event cycle experiment is relatively accurate,387
the occurrence time of the predicted flood peak is delayed due to the location of the rainfall centre in the388
upper reaches of the basin, which delays the entire hydrological process line towards the right. The prediction389
of runoff peak value of assim_03h test is overestimated, primarily due to the corresponding rainfall forecast390
being highly overestimated. Despite the assim_06h and assim_12h experiments are more accurate in391
predicting the location of the rainfall center, the rainfall center of this event is located in the lower reaches of392
the basin with a short confluence time. The final forecast for the peak discharge of the flood is underestimated393
due to the complex hydrological processes that amplify the impact of rainfall errors.394

The 20180704 event is multi-peak rainfall. Due to the complexity of rainfall and soil infiltration in the395
basin, all runoff forecasting results are unsatisfactory, which the forecast of flood peak discharge far exceeds396
the observation, regardless of the data assimilation method employed to predict rainfall. The error of flood397
peak discharge predicted by assim_03h test is the largest, followed by assim_12h and assim_06h. The398
assim_03h experiment can capture the multi-peak rainfall-runoff process, so the correlation coefficient (RR)399
between the forecast and the observation is higher (Table 5).400



14

Through the simulation results of four rainfall processes, we find that the rainfall forecast results include401
cumulative rainfall, rainfall time and spatial distribution, which is very important for the formation process of402
runoff. The runoff results under different radar data assimilation frequencies show that the assimilation of403
radar data at higher frequencies can not guarantee the further improvement of runoff simulation for the404
Zhanghe River basin. The average peak flow error of assim_06h and assim_12h test is 23.97% lower than that405
of assim_03h test (Table 5). Therefore, the effective information contained in assimilation data is more406
important than the amount of data. For small- to medium-sized watersheds, rainfall intensity and falling area407
have great influence on runoff flood peak discharge and peak time. Rainfall in mountainous watershed408
presents high spatial variability due to elevation effects, which adds to the difficulty of numerical rainfall409
prediction in small and medium sized catchments. At the same time, the WRF forecast results themselves410
have a relatively large error, and the radar itself has a certain error and amplifies this error through411
assimilation. Small differences in amounts or shifts in time or space of modelled rainfall, in comparison with412
observed precipitation, can strongly modify the hydrologic response of small watersheds to extreme events413
[71-72].414

4.3.2 Error transfer characteristics415

The box chart of the evaluation results of rainfall and runoff forecast for four rainfall events is shown in416
Figure 10. It can be seen that with the increase of radar data assimilation frequency, the error range increases,417
and the variability of runoff error (|PE2|, |TE2|) increases significantly compared with rainfall error (|PE1|,418
|TE1|). However, the rainfall correlation coefficient and runoff correlation coefficient of assim_03 test (Table419
5) are relatively higher.420

Figure 10. The statistical indexes of rainfall and runoff change with the frequency of radar assimilation data
(|PE1| is the error of corresponding cumulative rainfall at peak time, |PE2| is the error of forecast of peak flood

discharge; |TE1| is the forecast error of cumulative rainfall, and |TE2| is the forecast error of total runoff. RR1 is the
correlation coefficient between rainfall forecast results and fusion data, and RR2 is the correlation coefficient between

runoff forecast results and fusion data runoff simulation results.)
It can be found that the temporal and spatial errors caused by rainfall forecast will be magnified in421

different degrees when propagating to the hydrological process line by comparing the forecast results of422
rainfall and runoff. This phenomenon can be attributed to the increase of spatial variability of high-resolution423
rainfall products and the highly nonlinear conversion of rainfall and runoff, especially for typical small- to424
medium-sized watersheds such as the Zhanghe River Basin with highly complex topography [27].425
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Figure 11. Scatter diagram of rainfall-runoff errors
(a) Cumulative rainfall error and peak runoff error corresponding to flood peak time (b) total rainfall error and total

runoff error (c) current difference of rainfall peak and runoff peak
Table 5. Evaluation index results of rainfall-runoff forecast426

Event test |PE1|/% |PE2|/% |TE1|/% |TE2|/% RR1 RR2

20170708

cycle 12.95 2.93 1.84 4.20 0.93 0.50
assim_03h 10.58 23.16 66.11 69.74 0.63 0.75
assim_06h 10.21 38.93 20.19 0.54 0.39 0.77
assim_12h 10.14 46.46 16.45 1.87 0.74 0.87

20171001

cycle 15.60 71.19 3.19 21.71 0.10 0.72
assim_03h 15.98 18.10 69.36 42.91 0.26 0.91
assim_06h 9.68 43.35 18.79 0.56 0.03 0.90
assim_12h 3.43 22.27 36.80 19.52 0.06 0.89

20180505

cycle 9.65 91.64 8.65 84.49 0.71 0.69
assim_03h 43.33 11.92 43.37 9.89 0.33 0.49
assim_06h 26.35 102.17 25.80 65.45 0.17 0.17
assim_12h 10.41 2.56 10.83 16.42 0.13 0.15

20180704

cycle 54.06 153.41 48.20 2.90 0.69 0.30
assim_03h 168.69 535.70 150.52 328.48 0.21 0.63
assim_06h 100.20 294.37 85.14 135.55 0.01 0.29
assim_12h 67.39 437.58 52.26 142.03 0.00 0.13

The error scatter of rainfall and runoff under different assimilation frequencies of radar data are shown in427
Figure 11. It can be seen from Figure 11a that the peak error of runoff corresponding to the flood peak time is428
magnified after the hydrological model, but there is no clear linear relationship between rainfall error and429
runoff error. The main reason for the analysis is the complex structure of the hydrological model and the430
uncertainty of temporal and spatial errors in rainfall. It can be seen from Figure 11b and c that the error of431
total rainfall and the time difference of rainfall peak are magnified or reduced. Due to the uncertainty of432
rainfall area, there is no evident quantitative relationship between them [26-27].433

5. Discussion434
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Runoff forecasts depend directly on the accuracy of the rainfall input. The coupling of NWP and435
distributed hydrological models can effectively extend the flood forecasting lead time. In addition, the436
Doppler radar data assimilation method also provides an effective way to improve the accuracy of the coupled437
model. However, experimental results show that the prediction accuracy is markedly different for different438
rainstorm events and different data assimilation models.439

In this study, it is found that the appropriate assimilation frequency is more helpful for rainfall and440
runoff forecasting in Zhanghe River, a small and medium-sized watershed with complex terrain. Although441
many studies [21-23] have emphasized that shortening the time interval of assimilation, and increasing the442
assimilation frequency, help to improve accuracy in rainfall predictions. The rainfall and runoff forecast443
results of assim_03h are not significantly better than assim_06h and assim_12h for every for different events.444
It may be due to the fact that the more frequent assimilation may exacerbate model imbalances and lead to a445
decrease in forecast quality [68-70]. On the other side, Zhanghe River Basin, as a typical small and446
medium-sized basin in the humid mountainous areas of the south, is dominated by mountainous hills and447
complex topography, which reduces the accuracy of weather radar [64]. More observations must be448
assimilated, potentially resulting in the coupled model absorbing more observational errors. In future, we449
could attempt to to assimilate different types of information, including satellite observations, to enhance the450
validity of the observations. At the same time, it is important to take into account the relationship between451
reflectivity and rainfall intensity during assimilation, as it is one of the key factors that influences the452
effectiveness of the process. It should be noted that a single Z-R relationship is insufficient for all types of453
storms [52]. To enhance the impact of indirect radar reflectivity assimilation, a dynamic Z-R relationship454
specific to different rainfall types could be utilised in the future.455

The significance of enhancing the precision of rainfall prediction is indisputable, and there is a need to456
enhance the efficiency of data assimilation as well. Generally speaking, the larger the amount of data457
assimilated by the numerical atmospheric model, the more complex the solution of the model, leading to458
longer operation times and decreasing computational efficiency. When exploring methods to enhance the459
accuracy of rainfall and runoff forecasts subsequent to data assimilation, it is crucial to also evaluate460
approaches for enhancing the efficacy of data assimilation to reduce its running time as much as feasible. In461
this study, for the multiple cases, a 24 hour forecast was undertaken on the primaryframe of the462
supercomputer employing 20 cores. The duration of assim_03h was greater than that of assim_12h, with a463
discrepancy of approximately 26-27 h. In practice, it is crucial to enhance the effectiveness of the combination464
of meteorological and hydrological forecasting to provide more time for decision makers to attempt to465
mitigate the serious impacts of heavy rainfall events.466

The generation of rainfall and runoff is an intricate and nonlinear process. In small- to medium-sized467
river basins, rapid hydrological responses exacerbate the challenge of flood prediction. Therefore, the error468
propagation characteristics between meteorology and hydrology are of immense practical importance to469
understand the variation law of rainfall and runoff, and provide scientific and decision-making support. The470
experimental results of this study demonstrate that the runoff formation process will amplify the rainfall errors471
when the rainfall accumulation and temporal - spatial distribution errors are large. Additionally, due to the472
complex structure of the hydrological model and the uncertainty generated by rainfall errors in both time and473
space, there is no clear linear relationship between runoff and rainfall errors [39-42]. In the future, we aim to474
gather more observation data to further investigate the correlation between errors in rainfall and runoff.475

6. Conclusions476
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This study takes Zhanghe River Basin as the study area, establishes WRF/WRF-Hydro477
meteorological-hydrological coupling model based on Doppler radar data assimilation, and selects four478
different types of rainfall events occurred in Zhanghe River Basin in Hubei Province from 2017 to 2018 as the479
research object. The results show that:480

(1) Doppler radar data assimilation has the potential to enhance the accuracy of rainfall forecasting. For481
short rainfall duration and large intensity event (20170708), the temporal and spatial distribution is improved482
obviously. But for bimodal events (20180704), the enhancement effect is inadequate. The rainfall forecast of483
radar data assimilation at high frequency will be overestimated under the influence of complex topography in484
Zhanghe River Basin, and the result at 6 h and 12 h assimilation interval is better than 3h. Appropriate data485
assimilation show positive effect on improving the rainfall forecast.486

(2) Radar data assimilation have direct benefits for runoff forecasts. For events 20171001 and 20180505,487
the flood process can not be simulated without radar data assimilation. After radar data assimilation, the488
coupling model can simulated accurate flood peak discharge. For event 20180704 with 03h assimilation489
frequency, the runoff forecast result is more consistent with the observed process than other prediction results,490
and can capture the bimodal process with higher correlation.491

(3) Error propagation between models differs with the changing assimilation frequency of the radar data492
and the consequent effect of the rainfall forecast. Through the analysis of the box chart and scatter plot of493
rainfall and runoff forecast errors, the error range increases with the increase of radar data assimilation494
frequency. Compared with rainfall error, runoff error shows greater variability. Through quantitative analysis,495
it was found that there is no well-defined linear relationship between the rainfall and runoff errors.496

The accuracy of radar data, the selection of assimilation methods and better hydrological model497
determination methods, and so on, still need to be further studied, which tailor the coupled498
atmosphere-hydrology system for the research area. Most of the small watersheds do not have enough rainfall499
and runoff data or belong to the area without data. The effectiveness of rainfall and runoff forecasting for500
small and medium-sized watersheds is limited due to the impact of human activities, rainfall, and other factors501
on flood forecasting in small watersheds. Therefore, the rainfall and runoff forecasting for small and502
medium-sized watersheds still need to be optimised.503
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