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Abstract: Dual-polarization radar data are useful for numerical models to improve precipitation
forecasts. For an extremely heavy precipitation event that occurred in Central China on 11 August
2021, the hydrometeor concentration and water vapor content used in the initial field of the Weather
Research and Forecasting (version 4.1) model are retrieved by the statistical relationship of relative hu-
midity with dual-polarization radar reflectivity in Suizhou City of Central China. Three experiments
are conducted, and the simulation results are compared after assimilating the radar data. The results
indicate that the multiple factors contributing to this extreme heavy precipitation event included
the divergence of upper-level airflows, the middle- and low-level low vortex/shear, the easterly
jet stream in front of the low vortex, and the continuous intrusion of cold air on the ground. In
addition, with the retrieval of the hydrometeor concentration and water vapor content, the composite
reflectivity forecast results are more similar to the observations. Also, the location and intensity of the
short-term extremely heavy precipitation event are less different from the observations. In addition,
by cyclically adjusting the hydrometeor concentration and water vapor content in the initial field, we
can obtain better forecasts of the reflectivity and short-term extremely heavy precipitation, and this
improvement can be maintained for approximately 3 h.

Keywords: radar polarization; hydrometeor concentration; water vapor content

1. Introduction

Short-term extremely heavy precipitation is one of the most significant causes of mete-
orological disasters [1,2], and its accurate prediction is of great practical significance for
facilitating smoother travel, guiding agricultural production, and preventing and mitigat-
ing disasters. At present, short-term extremely heavy precipitation forecasts mainly rely on
numerical weather models. However, accurate precipitation forecasts, especially convective
precipitation forecasts, remain challenging in numerical weather prediction [3–5], which
depends on factors such as the initial field, parameterization schemes, and microphysics
schemes [6–12]. Short-term extremely heavy precipitation is characterized by intense rain-
fall with a short duration, and it is closely related to mesoscale and convective-scale weather
systems. The data from Doppler weather radars have high spatio-temporal resolutions,
which can serve as one of the main sources of precipitation information and can provide
useful indications for short-term weather prediction [13–19]. Therefore, Doppler weather
radars play a key role in high-resolution convective and mesoscale data assimilation sys-
tems. The successful assimilation of radar data is essential for skillful convective-scale
numerical prediction.
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Previous studies have focused on radar data assimilation, and there are three main
assimilation methods: variational assimilation, ensemble Kalman filter (EnKF) assimilation,
and cloud analysis. Sun and Crook [20] (1997), Gao et al. [21] (1999), Hu et al. [22] (2006),
Li et al. [23] (2009), Wan et al. [24] (2006), Shu et al. [25] (2022), and He et al. [26] (2021)
have carried out variational assimilation experiments of radar reflectivity or radial velocity
data. Their results indicated that heavy precipitation forecast skills were significantly
improved after assimilation. Tong et al. [27] (2006) and Dowell et al. [28] (2011) used
EnKFs to assimilate radar reflectivity data directly to improve storm forecasts. To improve
typhoon forecasts, Zhang et al. [29] (2009) applied EnKFs for the direct assimilation of
radial velocity to represent the best-track position and intensity of Hurricane Humberto.
For cloud analysis, Lin et al. [30] (1993) initialized a cloud-resolving model using radar data,
where the retrieved rainwater was derived from radar reflectivity, and the air pressure and
temperature fields were obtained by thermodynamic retrieval. The results showed that the
short-term storm forecasts were in good agreement with the observations. Takano et al. [31]
(1993), Aonashi [32] (1993), Guo et al. [33] (1999), and Haase et al. [34] (2003) improved
precipitation forecasts by changing the humidity and temperature profile in the initial
field. Li et al. [35] (2004) used radar reflectivity data to retrieve microphysical variables
and directly adjust the humidity field in the initial field, which remarkably improved the
accuracy of short-term precipitation forecasts. Zhang et al. [36] (1998), Xue et al. [37] (2003),
Hu et al. [22] (2006), and Schenkman et al. [38] (2011) also simulated convective storms
successfully based on cloud analysis schemes.

Based on dual-polarization radar parameters, the raindrop/particle size distribution
and related properties can be more accurately retrieved [39–41], and the classification of
hydrometeors can be improved [42,43]. Jung et al. [44,45] (2008) developed observation op-
erators for polarization parameters in response to single-parameter microphysics schemes.
They found that the assimilation of polarization parameters based on an EnKF system
can improve the analysis results of the model variables in the vertical direction. Using
the Weather Research and Forecasting (WRF) three-dimensional variational assimilation
system, Li et al. [46] (2017) indicated that the ice-phase three-dimensional variational as-
similation of reflectivity factor and radial velocity could greatly improve the short-term
precipitation forecasts, while assimilating a specific differential phase (KDP) had a pos-
itive effect on rain and snow weather prediction in the middle and lower layers of the
troposphere. Kawabata et al. [47] (2018) developed two dual-polarization radar observa-
tion and simulation modules based on the WRF-variational system and a non-hydrostatic
four-dimensional variational assimilation system. The results of a simple assimilation
experiment showed good agreement with the observations in terms of reflectivity and KDP,
but not for differential reflectivity.

As the dual-polarization radars were being upgraded in several Chinese provinces,
such as Guangdong, Jiangsu, Hubei, and Anhui, the quality control and analysis of severe
weather based on dual-polarization radar in China have shown promising results [48–50].
Additionally, research on quantitative precipitation estimation using dual-polarization
observations has achieved significant progress [51,52]. Therefore, effectively incorporating
dual-polarization radar information into numerical models holds great practical signifi-
cance for improving precipitation prediction, and exploring approaches to efficiently utilize
these data in high-resolution numerical simulations is crucial.

The remainder of this paper is arranged as follows. Section 2 introduces the methods
used in this study. Section 3 shows the case selection and the diagnostic analysis. The
numerical experiments and the simulation results are presented in Section 4. The main
conclusions and discussion are shown in Section 5.
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2. Methods
2.1. Hydrometeor Concentration Retrieval Method

In this research, we consider the mixing ratios of three hydrometeors, namely rain
(qr), snow (qs), and graupel (qg) [28]. The equivalent radar reflectivity (Ze) is the sum of the
reflectivity of these three hydrometeors, as shown in Equation (1).

Ze = Z(qr) + Z(qs) + Z(qg) (1)

Since the reflectivity factor in Equation (1) is assumed to be a function of the mixing
ratios of the three hydrometeors, the reflectivity may bring more uncertainty to the mixing
ratios of hydrometeors. For example, the mixing ratio of rainwater may appear at the
upper level in the initial field of the model. In order to reduce the uncertainty, the retrieve
operators based on the temperature in the background field are adopted [53], as presented
in Equation (2).

Ze =


Z(qr) + Z(qs) Tb > 5 ◦C

Z(qs) + Z
(
qg
)

Tb < −5 ◦C
αZ(qr) + (1 − α)

[
Z(qs) + Z

(
qg
)]

− 5 ◦C < Tb < 5 ◦C
(2)

where Tb denotes the background temperature, and it ranges from −5 ◦C to 5 ◦C.
α = (Tb + 5)/10, and α varies linearly between 0 and 1. The reflectivity of rain, snow, and
graupel can be calculated by Equation (3).

Z(qx) = a × (ρqx)
1.75 (3)

where x represents rain, snow, and graupel. a denotes the dielectric constant, which is
3.63 × 109 for rain, 9.80 × 108 for dry snow, 4.26 × 1011 for wet snow, and 1.09 × 109 for
graupel. ρ denotes the air density.

To distinguish the hydrometeor concentration between rainfall areas and clear-sky
areas, we set the reflectivity of 20 dBZ as the threshold at the observation stations following
Gao et al. [54] (2018). The retrieved hydrometeor concentration in the model’s initial field
can be obtained according to Equations (2) and (3).

2.2. Water Vapor Content Retrieval Method

The water vapor content (qv) used in this experiment can be obtained by qv = q × RH,
where q denotes the saturation specific humidity of the atmosphere calculated from the
air pressure and air temperature. In order to distinguish the radar echoes of effective
precipitation from the clear-sky echoes, the echoes exceeding 20 dBZ are considered as
effective precipitation echoes, and those below 20 dBZ are taken as clear-sky echoes. For
areas with reflectivity exceeding 20 dBZ, the RH is calculated by RH = f (Z), and f (Z) is
given in Table 1. For the grid point with a KDP value of more than 0.3◦ km−1, RH is set to
100. For the grid point with KDP of less than 0.3◦ km−1 and ZDR of less than 0.25, RH is set
as min (RHb, 50), where RHb denotes the background RH [55]. In addition, Equations (2)
and (3) have also been used to adjust the hydrometeor concentration field when retrieving
water vapor content.

Table 1. Statistical relationship of radar reflectivity factor Z (dBZ)—relative humidity RH (%).

Temperature Z-RH Relationship Function

<5 ◦C RH = 100, Z > 20
≥5 ◦C RH = 83.7 + 0.28Z

2.3. Quality Control of Radar Data

The radar data used in this study were obtained from the dual-polarization Doppler
weather radar of the Suizhou Meteorological Bureau. The rainfall observations were from
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the Hubei Meteorological Service. The radar key parameters are shown in Table 2, and the
radar detection area is shown in Figure 1. The dual-polarization radar can measure several
parameters, including the reflectivity factor (Z), differential reflectivity (ZDR), differential
phase (ΦDP), specific differential phase (KDP), and co-polar cross-correlation coefficient
(CC). Radar data quality control, such as removing ground echoes and noise points, is
critical. The quality control procedures were as follows. Firstly, if the number of valid
observations was less than 4, the observation data were rejected [29]. GDBZ is regarded as
the difference in the reflectivity between 0.5◦ elevation and 1.5◦ elevation. When the GDBZ
exceeded 30 dBZ, the reflectivity data were removed at 0.5◦ elevation (Jiang et al., 2009).
Additionally, reflectivity greater than 20 dBZ was considered precipitation echoes in this
study [56]. The observations were excluded if the CC was less than 0.95, while a CC less
than 0.9 was near the melting layer height.

Table 2. Key parameters of the S-band polarization radar in Suizhou.

Radar Name Z9722

Temporal resolution(min) 6
Grid dimensions (m) 250

Angular resolution (◦) 0.95
Number of elevations 9
Lowest elevation (◦) 0.5
Detection range(km) 460

Figure 1. Radar remote detection area. “SZRD” means the Suizhou radar.

3. Case Selection and Diagnostic Analysis
3.1. Overview of the Rainstorm Process

From 00:00 UTC on 11 August to 00:00 UTC on 12 August 2021, an extreme heavy
precipitation event occurred in Xiangyang City and Suizhou City of Hubei Province,
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accompanied by extreme hourly rainfall (Figure 2). There were 64 stations with accumulated
rainfall over 100 mm, and 228 stations with accumulated rainfall exceeding 50 mm during
this rainstorm event. The maximum 24 h accumulated rainfall reached 474.4 mm at Yinghe
Station in Yicheng City. The hourly rainfall was 105.4 mm at Liulin Station in Suizhou City
(21:00–22:00 on 11 August) and 117.9 mm at Chaoyang Temple Station in Yicheng City
(22:00–23:00 UTC on 11 August).

Figure 2. Accumulated rainfall (mm) from 00:00 UTC on 11 August to 00:00 UTC on 12 August 2021
in Hubei Province.

The heavy rainfall mainly occurred at night, i.e., from 16:00 UTC on 11 August to
00:00 UTC on 12 August (Figure 3). The hourly rainfall over 30 mm lasted about 3–8 h,
specifically for 6–8 h at Yinghe Station and Liulin Station. Moreover, rainfall of more than
50 mm h−1 was observed from 20:00 UTC on 11 August to 00:00 UTC on 12 August at
Liulin Station. Specifically, the hourly rainfall was more than 100 mm in 21:00–23:00 UTC.
The 6 h of accumulated rainfall reached 462.6 mm from 18:00 UTC on 11 August to 00:00
UTC on 12 August. The extreme heavy precipitation caused flash floods in Xiangyang City
and Suizhou City, resulting in severe economic losses.

3.2. Circulation Situation and Influence System

During this extreme heavy precipitation process, southern China was controlled by
the strong South Asian high at 00:00 UTC on 11 August 2021 (Figure 4a). At 12:00 UTC
on 11 August, the South Asian high extended eastward, and Hubei was located in the
divergence zone on the eastern side of South Asian high at 200 hPa (Figure 4b). The ridge
of the western Pacific subtropical high (WPSH) was located around 24 ◦N at 500 hPa, which
was more southward than that in the same period of normal years. The WPSH ridge
swung near 24 ◦N and was maintained for a long time. However, the southwesterly wind
speed of the WPSH on its outside was weak, which could not transport large amounts of
water vapor to Hubei. At the same time, the low trough located in the northern part of
northeastern China consistently extended eastward at 200 hPa, and the cold air continued to
propagate southward (Figure 4b). The water vapor flux transport was enhanced eastward
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(Figure 4c,d). The 5880 gpm line of the WPSH extended westward, and the mesoscale
convective clouds inside the WPSH began to increase (Figure 5a). The shear appeared
at 700 hPa in northern Hubei, and the low vortex system was located in central Hubei
at 850 hPa. The positive vorticity advection in front of the low vortex strengthened the
convergence uplifting movement in the middle layers (Figure 5b,c). The easterly airflow on
the eastern side of the low vortex continuously transported water vapor from the western
Pacific Ocean to the vicinity of the low vortex and Hubei at 925 hPa in the boundary layer
(Figure 5d).

Around 21:00 UTC on 11 August, the cold air on the ground continued to invade
western Hubei, passing through the Nanyang Basin, and then it entered Xiangfan, Suizhou,
and other places. Meanwhile, the mesoscale low-vortex wind field appeared on the ground
(Figure 6a,b).

In summary, the upper-level airflow divergence, the low- and middle-level vor-
tex/shear, the easterly jet stream at the front of the low-level vortex, and the continuous
intrusion of cold air on the ground jointly contributed to this extreme heavy precipitation
event. The extreme hourly precipitation mainly occurred near the low vortex at the ground.

Figure 3. Hourly rainfall at (a) Yicheng Station in Xiangyang, (b) Yinghe Station in Yicheng, and
(c) Liulin Station in Suizhou from 00:00 UTC 11 August to 12:00 UTC on 13 August (the time range
is indicated as “1100–1312” in the figure). The red lines represent the dividing lines of the dates
(11–13 August).



Atmosphere 2023, 14, 1722 7 of 17

Figure 4. Geopotential height (10 gpm) and wind (m·s−1) fields at 200 hPa at (a) 00:00 UTC and
(b) 12:00 UTC on 11 August 2021, and 200 hPa water vapor flux (g·cm−1·hPa−1·s−1) at (c) 00:00 UTC
and (d) 12:00 UTC on 11 August 2021.

Figure 5. Vorticity (shaded areas; 105 s−1) and wind field (wind vectors) at (a) 500 hPa, (b) 700 hPa,
(c) 850 hPa, and (d) 925 hPa at 00:00 UTC on 12 August 2021.
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Figure 6. Surface low-vortex wind field at (a) 21:00 UTC and (b) 22:00 UTC on 11 August 2021.

4. Numerical Experiments and Simulation Results
4.1. Experiment Design

In this study, three experiments were conducted to compare the simulation results
after assimilating the radar data. The experiment design is shown in Table 3, and WRF
version 4.1 was used for the experiments. The model has double-layer nested grids,
with an outer grid of 193 × 193 (a horizontal grid spacing of 9 km) and an inner grid of
289 × 289 (a horizontal grid spacing of 3 km). There are 35 levels in the vertical direction
of the model, and the top level of the model is at 50 hPa. The parameterization scheme
of the model includes the WRF single-moment 6-class microphysics scheme, the Yonsei
University parameterization scheme for the boundary layer process, and the Kain–Fritsch
cumulus parameterization scheme. The real-time analysis and forecast data provided by
the European Center for Medium-Range Weather Forecasts to the China Meteorological
Administration were used as the initial field and boundary conditions of the model. The
flow chart of the assimilation experiment is shown in Figure 7.

Table 3. Experiment design.

Serial Number Experiment Experiment Scheme Cycle

Exp1 Control (CON) No-radar data No

Exp2 RADAR-QV_S
Hydrometeor and

water vapor retrieval;
WRF

No

Exp3 RADAR-QV_C
Hydrometeor and

water vapor retrieval;
WRF

Yes

Figure 7. Flow chart of assimilation cycle.
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4.2. Simulation Results
4.2.1. Simulation for Composite Reflectivity

The simulated results of the composite reflectivity are shown in Figure 8. Compared to
the observed composite reflectivity at 16:00, 17:00, and 18:00 on 11 August (Figure 8(a1–a3)),
the intensity of echoes from both the CON experiment and the RADAR-QV_S experi-
ment (Figure 8(b1–b3,c1–c3)) were weaker than that in the observation in northern Hubei
province. In addition, the area of the simulated echo was also smaller. The echo from
the RADAR-QV_S experiment at 16:00 was similar to those in the observations in south-
ern Henan province. However, the echo of RADAR-QV was stronger than that in the
observation at 17:00 and 18:00. To quantitatively assess the effectiveness of the composite
reflectivity forecasts, Figure 9 shows the TS values of 1 h composite reflectivity forecast at
16:00, 17:00, and 18:00 11 August. It is obvious that the composite reflectivity forecasts of
RADAR-QV_S at 18:00 generally exhibit the best quality.

Figure 8. Composite reflectivity (dBZ) at 1600 UTC, 1700 UTC, and 1800 UTC on 11 August 2021.
(1, 2, and 3 denote the composite reflectivity at 1600 UTC, 1700 UTC, and 1800 UTC, respectively.
(a–c) denote the observation, CON experiment, and RADAR-QV_S experiment, respectively).
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Figure 9. TS of 1 h composite reflectivity forecasts at (a) 16:00 11 August, (b) 17:00 11 August, and
(c) 18:00 11 August for the thresholds of 25 dBZ, 35 dBZ, and 45 dBZ.

4.2.2. Precipitation Simulation

By analyzing the 3 h precipitation from 15:00 11 August to 18:00 11 August 2021
(Figure 10), it can be seen that the false precipitation in Hubei from the RADAR-QV_S
experiment was weaker than that from the CON experiment. It can also be found that the
precipitation from the RADAR-QV_C experiment was closer to that in the observation in
northeastern Hubei province.

Figure 10. Three hours of accumulated precipitation from 15:00 11 August to18:00 11 August 2021.
(a) Observation; (b) CON experiment; (c) RADAR-QV_S experiment.

4.3. Simulation Results from RADAR-QV_C Experiment
4.3.1. Simulation for Composite Reflectivity

The reflectivity from the experiments is shown in Figure 10. Compared to the obser-
vations (Figure 11(a1–a3)), the composite reflectivity (Figure 11(b1–b3)) from the control
(CON) experiment at 20:00 UTC, 21:00 UTC, and 22:00 UTC on 11 August is noticeably
more northward and eastward than that from the RADAR-QV_S and RADAR-QV_C ex-
periments. The comparison of the echoes between the RADAR-QV_S and RADAR-QV_C
experiments shows that the composite reflectivity from the RADAR-QV_S experiment
(Figure 11(c1)) and the RADAR-QV_C experiment (Figure 11(d1)) is closer to the observa-
tions in terms of the echo center of the extreme heavy precipitation in Suizhou (113.333 ◦E,
31.617 ◦N) and Yicheng (112.826 ◦E, 31.65 ◦N) at 20:00 UTC on 11 August. At 21:00 UTC,
the composite reflectivity from the RADAR-QV_S experiment (Figure 11(c2)) and the
RADAR-QV_C experiment (Figure 11(d2)) is closer to the observed echo in Yicheng but
is slightly northward. The composite reflectivity from the RADAR-QV_S experiment is
weaker and more eastward than that from the RADAR-QV_C experiment, while the results
from the RADAR-QV_C experiment are closer to the observations. At 22:00 UTC, the
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composite reflectivity simulation in the RADAR-QV_C experiment (Figure 11(d3)) is also
better than that in the RADAR-QV_S experiment (Figure 11(c2)), which is the same as the
situation at 21:00 UTC. The echoes in the centers of the extreme heavy precipitation in
Suizhou (113.333 ◦E, 31.617 ◦N) and Yicheng (112.826 ◦E, 31.65 ◦N) are clearly visible in the
RADAR-QV_C experiment.

Figure 11. Composite reflectivity at (a1–d1) 20:00 UTC, (a2–d2) 21:00 UTC, and (a3–d3) 22:00 UTC
on 11 August 2021 from (a1–a3) the observations, (b1–b3) CON experiment, (c1–c3) RADAR-QV_S
experiment, and (d1–d3) RADAR-QV_C experiment.

In addition, Figure 12 displays the TS values of the composite reflectivity forecasts to
further assess their forecast skills. Clearly, the TS values of RADAR-QV_S and RADAR-
QV_C are overall higher than those of CON, which implies that the hydrometeor and water
vapor retrieval tended to improve the forecast skill. Furthermore, compared to CON and
RADAR-QV_S, the RADAR-QV_C experiment has more accuracy in the reflectivity forecast
at the thresholds of 25 dBZ and 35 dBZ. For the threshold of 45 dBZ, all experiments seem
to depart from the truth.
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Figure 12. TS of 1 h composite reflectivity forecasts at (a) 20:00 11 August, (b) 21:00 11 August,
(c) 22:00 11 August for the thresholds of 25 dBZ, 35 dBZ, and 45 dBZ.

Overall, the mesoscale information is better characterized by assimilating the retrieved
hydrometeor concentration and water vapor content. To be specific, the simulated compos-
ite reflectivity is closer to the observed echo, leading to a more accurate rainfall forecast after
assimilating the hydrometeor concentration and the water vapor content. It should also be
noted that, although the predicted short-term extreme heavy precipitation is closer to the
observation, the intensity of the simulated echo is slightly stronger than the observations
after using the cycling retrieval scheme.

4.3.2. Precipitation Simulation

By analyzing the 3 h rainfall from 21:00 UTC on 11 August to 00:00 UTC on 12
August 2021 (Figure 13), it can be seen that the 3 h rainfall of more than 50 mm from
the CON experiment is more northward than the observations. However, the forecasted
precipitation in the RADAR-QV_S experiment and the RADAR-QV_C experiment agrees
well with the observations. In particular, the areas with rainfall of more than 50 mm in
the RADAR-QV_C experiment are more comparable to the observation than those in the
RADAR-QV_S experiment.

The threat score (TS) and bias score (BIAS) were used to quantitatively verify the
simulation results from the three experiments.

TS =
NA

NA + NB + NC
(4)

BIAS =
NA + NB
NA + NC

(5)

where NA represents the number of stations (times) with correct forecasts, NB is the
number of stations (times) with false alarms, and NC is the number of stations (times) with
missing alarms. The larger the TS value, the better the forecast.

For the TS of the 3 h precipitation forecast from 21:00 UTC on 11 August to 00:00
UTC on 12 August 2021 (Figure 14a), the TS differences among the CON, RADAR-QV_S
and RADAR-QV_C experiments are not obvious for the thresholds above 0.1 mm, and
the TS for the CON experiment is slightly higher. For the thresholds above 5 mm, the TS
values for the RADAR-QV_S and RADAR-QV_C experiments are higher than those for
the CON experiment. In terms of the thresholds above 10 mm and 15 mm, the TS value
for the RADAR-QV_C experiment is higher than that for the RADAR-QV_S experiment,
while the TS for the CON experiment is the lowest. Also, the BIAS (Figure 14b) for the
RADAR-QV_C experiment is less than that for the RADAR-QV_S experiment, and closer
to 1.0.
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Figure 13. Three hours of accumulated precipitation from 21:00 UTC on 11 August to 00:00 UTC on
12 August 2021 from (a) the observations, (b) CON experiment, (c) RADAR-QV_S experiment, and
(d) RADAR-QV_C experiment.

Figure 14. (a) Threat score and (b) bias score of the accumulated precipitation from 21:00 UTC on 11
August to 00:00 UTC on 12 August 2021.
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For the case of retrieving the hydrometeor concentration and water vapor content by
Z, KDP, and ZDR, the location and intensity of the short-term precipitation are the closest
to the observations, and the echo features are more obvious. The precipitation forecast is
better after assimilating the dual-polarization radar data in the assimilation cycle, and the
positive improvement can last up to 3 h.

5. Conclusions and Discussion

In this study, numerical simulation experiments with radar data assimilations were
conducted for an extreme heavy precipitation event that occurred on 11 August 2021.
The hydrometeor concentration and water vapor content in the initial field of the model
were retrieved by using the statistical relationship of the RH and the radar reflectivity.
This is because the RH field is constrained by the KDP and ZDR, which are the dual-
polarization radar parameters, and adjusting the humidity field can suppress the false
alarm of convection. The main conclusions are as follows.

The extreme heavy precipitation was caused by multiple factors. The easterly jet in
front of the vortex and the continuous southward cold air were the direct causes. The
divergence of upper-level airflow and the middle- and lower-layer vortex/shear provided
dynamic conditions for the occurrence of this extreme heavy precipitation event.

The experiment results show that the forecast of the composite reflectivity of this
convective process more clearly reflects the characteristics of the mesoscale system after
adjusting the hydrometeor concentration and water vapor content by the radar data. In
addition, the short-term extreme heavy precipitation forecast is closer to the observation.
The improvement of the assimilating radar data can be maintained for about 3 h.

The composite reflectivity forecast is consistent with the observation by cyclically
adjusting the water vapor field. In addition, the 3 h precipitation rainfall area is closer to
the observation after cyclically adjusting the hydrometeor concentration and water vapor
content. Meanwhile, the rainfall intensity is stronger than the observation in the areas with
strong echoes.

Based on the above conclusions, it is found that using polarization data as KDP and ZDR
and reflectivity data retrievals of the hydrometeor concentration and water vapor content
over background values can improve extreme heavy precipitation forecasts. However, there
are still problems yet to be answered and considerable potential for improvement. Firstly,
false precipitation still exists after adjusting the water vapor, although it is less than that in
the background field. This phenomenon can be explained by the fact that only RH and Z are
used in the statistical relationships. Thus, the polarization radar parameters may need to be
added as constraints. Secondly, the variable balance needs to be considered after adjusting
the hydrometeor concentration and water vapor content. More effective strategies, such
as four-dimensional/three-dimensional variational or EnKF data assimilation methods,
should be tried in future studies to correct the false alarm of convection.

This study focuses on the application of hydrometeor and water vapor retrievals,
and more experiments will be planned in the future to verify the water vapor retrieval
relationship in other cases. It is worth noting that the water vapor content was retrieved
in this study by the statistical relationship between the radar reflectivity and the relative
humidity, and the polarization parameter was mainly used to constrain the overestimation
of the water vapor content. Therefore, a new retrieval relationship should be established to
change the water vapor content in clouds by using KDP/ZDR. The related technique will
also be considered by applying other widely used hydrological models.
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