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Abstract: Radar reflectivity assimilation is often used to initialize hydrometeors, to which Numerical
Weather Prediction (NWP) is highly sensitive. To better initialize hydrometeors, this study further
developed the background error covariance (BEC) with vertical and multivariable correlations of
hydrometeor control variables (H-BEC) in the WRF three-dimensional variational data assimilation
system (WRFDA-3DVar). The impacts of the H-BEC are discussed using single radar reflectivity tests
and series of cycling data assimilation and forecasting experiments for five multi-type convective
rainfall cases. The conclusions are summarized as follows: (1) The vertical correlations can speed up
the minimization of the cost function, whereas the multivariable correlations further accelerate this
minimization; (2) The vertical correlations slightly improve the precipitation forecasting and only
in the first hour, while multivariate correlations lead to a larger improvement and persist into the
third hour; (3) The application of H-BEC leads to a more reasonable thermodynamic and dynamical
structure of the initial field, thereby improving the capability of short-term precipitation forecasting.

Keywords: precipitation forecasting; data assimilation; radar reflectivity; hydrometeors; background
error covariance

1. Introduction

Accurate precipitation forecasting, especially convective precipitation, remains chal-
lenging in Numerical Weather Prediction (NWP) [1,2]. Due to the cloud microphysical
parameterization and the highly nonlinear characteristics of hydrometeors, it is essential to
reasonably initialize hydrometeors in NWP models [3–8]. Doppler weather radar sound-
ings can provide high spatial and temporal resolution observations and are one of the main
sources of falling hydrometeor information, which give useful indications for short-term
weather prediction [9–11].

Among radar observations, radial velocities and radar reflectivity are widely used
in mesoscale data assimilation systems. The assimilation of radial velocities is relatively
mature, and it can be very useful for convective weather processes [12,13]. Many stud-
ies have pointed out that the assimilation of radial velocities can adjust the dynamical
structure of the initial field, which is crucial for the occurrence and development of con-
vective storms [14–18]. The assimilation of radar reflectivity can obtain a more reason-
able initial field of hydrometeors and improve the forecasting of thermal and dynamical
processes [19–23]. As mentioned by Sun et al. [13] and Wang et al. [21], the assimilation of
radar reflectivity can reduce the spin-up time and improve the precipitation forecast skill, at
least in the first few hours. In addition, some studies have indicated that convective storm
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forecasts can be improved in the first 0–6 h when radial velocity and radar reflectivity are
used together [14,16,24]. However, the assimilation of radar reflectivity is still challenging
in terms of initialization of the hydrometeors.

There are many radar reflectivity assimilation approaches to initialize hydrometeors
in numerical weather prediction (NWP) models. For example, cloud analysis [25], varia-
tional assimilation [16,20,21], ensemble Kalman filter (EnKF) [26] and hybrid variational
and ensemble approaches [8,27]. Among these data assimilation approaches, variational
assimilation is still widely used for radar data assimilation at convective scales, due to its
relatively mature development and high computational efficiency [13,21,22,28–33].

For radar data assimilation in a variational framework, the background error covari-
ance (BEC) plays a crucial role, which reflects the statistical characteristics of the spatial and
variational covariances of the error variance [8,34–36]. Many studies have highlighted the
prospect of the hydrometeor variables in the BEC [37–39]. The application of hydrometeors
as control variables in BEC is also under development, especially in radar data assimilation.
Wang et al. [21] defined background error characteristics for rainwater, the application of
which enhanced the ability of indirect radar assimilation on the convective scale. However,
this approach does not consider the propagation in vertical space and between multiple
variables. Liu et al. [40] improved the vertical correlations of the hydrometeors background
error by defining a temperature-dependent hydrometeors vertical profile, but the multi-
variable correlations are still absent. The multivariable correlations of hydrometeors were
considered in data assimilations by Chen et al. [5,6] and Meng et al. [7], but the assimilations
were mainly for satellite cloud observations and further practice was needed for radar
assimilation. Very recently, Wang and Wang [8] developed a hydrometeors multivariate
correlated radar assimilation framework, based on Grid-point Statistical Interpolation (GSI),
which has given encouraging results. However, related studies are still relatively few, and
need to be further validated in other models.

The Weather Research and Forecasting model data assimilation system (WRFDA) is
widely used by lots of operations and studies. Previous studies have shown that WRFDA-
based radar variational assimilation resulted in positive effects [16,21,31–33]. However,
WRFDA-based radar assimilation still lacks multivariate correlations of hydrometeor vari-
ables. To better assimilate radar data and analyze the impacts of hydrometeor control
variables with multivariate correlations, in the study presented herein. BEC with the verti-
cal and multivariable correlations of hydrometeors (H-BEC) was further developed, based
on the WRFDA-3Dvar, and the impacts of H-BEC were analyzed in detail.

This paper is organized as follows. Section 2 introduces the assimilation methods.
Section 3 demonstrates the characteristics of the H-BEC, analyzes the vertical and multivari-
able correlations in detail, and evaluates the observational information spread contributed
using single radar observation tests. The configuration of the experimental schemes is also
introduced. Section 4 gives a description of the model domain, microphysics schemes,
and methodology of radar reflectivity assimilation based on the H-BEC, and evaluates
the performance of the hydrometeors vertical and multivariable correlations through cy-
cling assimilation and forecasting experiments. In Section 5, the impacts of vertical and
multivariable correlations on convective precipitation forecasting are further investigated.
Finally, the summary and conclusions are presented in Section 6.

2. Methods
2.1. H-BEC in Variational Assimilation Framework

The three-dimensional variational assimilation in WRFDA combines background and
observations by minimizing a cost function (J), defined as [41]:

J(x) =
1
2
(x − xb)

TB−1(x − xb) +
1
2
(H(x)− yo)TR−1(H(x)− yo). (1)

Here, J is the cost function of the NWP model variables, x is the vector of the NWP
model variable, and xb is the background vector. B and R are the background and observa-
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tion error covariance matrices, respectively. The value yo is the observation vector, and H
is the nonlinear observation operator mapping model space to the observation space.

An incremental approach [42] was used in WRFDA to solve the computational and
storage costs problems of minimizing the cost function (J), which can be expressed in
terms of the analysis increment δx = x − xb. As B is symmetric positive definite, it can be
partitioned in terms of a lower triangular matrix (U) as B = UUT. Here, UT is the transpose
of U. Following Derber and Bouttier [43], we defined a set of analysis control variables (v)
as Uv = δx. Thus, in terms of analysis control variables (v), the objective cost function may
be written as:

J(v) =
1
2

vTv +
1
2
(d − HUv)TR−1(d − HUv). (2)

Here, d = yo − H(xb) is the innovation vector, representing the departure between
observation and the background, H is the linearized version of the non-linear observation
operator (H), and v is the analysis control variables (CVs). Most studies for mesoscale
weather applications use CV options, such as 7 (CV7), in WRFDA. In CV7, the control
variables for v are wind components (U, V), temperature (T), pseudo relative humidity
(RHs), and surface pressure (Ps) [29]:

vold = (U, V, T, Ps, RHs). (3)

In this paper, differing from Equation (3), the control variables were used as follows:
longitudinal velocity (U), unbalanced latitudinal velocity (Vu), unbalanced temperature
(Tu), unbalanced pseudo relative humidity (RHs,u), unbalanced surface pressure (Ps,u),
unbalanced cloud water mixing ratio (qc,u), unbalanced cloud ice mixing ratio (qi,u), unbal-
anced rain mixing ratio (qr,u), unbalanced snow mixing ratio (qs,u) and unbalanced graupel
mixing ratio (qg,u). Then, the v in the data assimilation system would be:

v =
(
U, Vu, Tu, Ps,u, RHs,u, qc,u, qi,u, qr,u, qs,u, qg,u

)
. (4)

In NWP models, the full B is usually a huge matrix (107 × 107), which may make it
hard to perform matrix operations on B directly [29]. To solve this problem, the B matrix
can be transformed from the physical space to the control variable space using the control
variable transform (U) method to simplify the computation. Typically, the U consists
of a sequence of three transforms, the horizontal (Uh), vertical (Uv), and physical (Up)
transforms, defined as:

U = UpUvUh. (5)

B = UpUvUhUT
hUT

v UT
p . (6)

In the three transform operators, Up changes the analysis control variables to model
state variables using the statistical balance relationship, Uv is the application of vertical
correlations through empirical orthogonal functions (EOF) of analysis control variables,
and Uh is a Laplacian method to impose the horizontal correlations.

For Up, it defines the set of control variables and their relationships, which are used
to minimize cross-correlations between model variables. Statistical linear regression is
applied to reduce the existing cross-correlations (the balanced part). In this way, the
control variables are less correlated with each other; i.e., off-diagonal terms in the lower
matrix vanish:
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

U
V
T
Ps

RHs
qc
qi
qr
qs
qg


=



I 0 0 0 0 0 0 0 0 0
r2_1 I 0 0 0 0 0 0 0 0
r3_1 r3_2 I 0 0 0 0 0 0 0
r4_1 r4_2 r4_3 I 0 0 0 0 0 0
r5_1 r5_2 r5_3 r5_4 I 0 0 0 0 0
r6_1 r6_2 r6_3 r6_4 r6_5 I 0 0 0 0
r7_1 r7_2 r7_3 r7_4 r7_5 0 I 0 0 0
r8_1 r8_2 r8_3 r8_4 r8_5 0 0 I 0 0
r9_1 r9_2 r9_3 r9_4 r9_5 0 0 0 I 0
r10_1 r10_2 r10_3 r10_4 r10_5 0 0 0 0 I





U
Vu
Tu
Ps,u

RHs,u
qc,u
qi,u
qr,u
qs,u
qg,u


. (7)

Here, U, V, T . . . qg are the analysis variables, and Vu, Tu, Ps,u . . . qg,u are the unbal-
anced parts of the analysis variables. The ri_j (i: 2, . . . , 10, and j: 1, . . . , 9) is balance operator
calculated by linear regression, which defines the balance relationship between the ith and
jth control variables. In this study, each hydrometeor variable (qc,u, qi,u, qr,u, qs,u and qg,u)
was correlated with the conventional variables (U, Vu, Tu, Ps,u and RHs,u) by the balance
relationship [35]. In this way, the analysis of hydrometeors could influence conventional
control variables, and vice versa. Notably, differing from Wang and Wang [8], the direct
cross-correlations and effects among hydrometeor variables were ignored in Equation (7),
due to the nonlinearity of the hydrometeors, but could still affect other hydrometeors
indirectly through the updated conventional variables. Take qc for example:

qc,u = qc − (r6_1U + r6_2Vu + r6_3Tu + r6_4Ps,u + r6_5RHs,u). (8)

The other two operators (Uv, Uh) define the spatial auto-correlations of the control
variables. The Uv defines the vertical auto-correlations for each control variable Empirical
Orthogonal Functions (EOF) mode. The BEC matrix is then decomposed into eigenvalues
and eigenvectors in the vertical direction. Moreover, Uh defines the horizontal auto-
correlations for the control variables using the Laplacian method on the EOF modes, and
this method can significantly improve the computational efficiency of the horizontal length
scale in Uh [39,44].

2.2. Hydrometeor Mixing Ratio Retrievals for Indirect Reflectivity Assimilation

In the indirect reflectivity assimilation approach, the hydrometeor mixing ratios re-
trieved from the reflectivity factor are assimilated [21]. The equivalent radar reflectivity fac-
tor (Ze) can be obtained by summing the backscattering of the hydrometeor particles [45–48]:

Ze = Z(qr) + Z(qs) + Z
(
qg
)
. (9)

Here, Z(qr), Z(qs), and Z
(
qg
)

are the reflectivity factor (unit: mm6m−3) of rain, snow,
and graupel, respectively. For each hydrometeor variable x (e.g., “r” means rain, “s” means
snow and “g” means graupel), its equivalent radar reflectivity can be calculated using a
simplified Z-q relation, which can be expressed as:

Z(qx) = ax(ρqx)
1.75. (10)

Here, ρ is the air density, qx is the mixing ratio of the hydrometeor variable x, and ax is
the coefficient of hydrometeor variable x. The values of ax refer to Gao and Stensrud [20].

To retrieve hydrometeor mixing ratios from radar reflectivity data, the total equivalent
reflectivity needs to be partitioned to each hydrometeor variable x with its contribution Cx:

Z(qx) = CxZe. (11)
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In WRFDA, the Cx is determined by temperature discrimination. In this scheme, the
contribution of rainwater increases linearly from 0 to 1 within −5 ◦C and 5 ◦C, while the
proportion of snow and graupel is a fixed value, measured by the ratio of their coefficients.
Lastly, the hydrometeor mixing ratio can be retrieved from observed reflectivity with:

qx = exp
(

ln
(

Z(qx)

ax

)
/1.75

)
/ρ. (12)

3. Characteristics of H-BEC

To analyze the characteristics in the H-BEC, the National Meteorological Center (NMC)
method [49] was used to compute H-BEC, using error samples with different forecast
durations (12 and 24 h) at the same times. The period of samples covered the period
from 1 to 31 July, 2017. The vertical characteristics and balanced part contribution to
hydrometeors is discussed in detail. The propagation characteristics of observational
information is investigated using single radar reflectivity observation tests.

3.1. Vertical Correlations of the Hydrometeor Background Errors

In order to analyze the vertical characteristics of the hydrometeor in H-BEC, the
hydrometeor vertical background errors are analyzed. The first-mode eigenvectors of the
vertical transform represented the main vertical characteristics of the background error in
EOF space [6]. The vertical auto-covariance defined the variance among the mode levels,
which reflected the vertical propagation characteristics of the observational information [38].
Figure 1 displays vertical eigenvectors and vertical auto-covariance of hydrometeors.
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Figure 1. Vertical eigenvectors and vertical auto-covariance of hydrometeors. (a) First-mode eigen-
vector of hydrometeors, the horizontal axis is eigenvector value. (b–f) The vertical auto-covariance
(units: 10−9 kg2/kg2) of (b) qc, (c) qi, (d) qr, (e) qs and (f) qg, the horizontal axis is model level. The
left vertical axis is model level, and the right vertical axis is the pressure level (units: hPa).

Figure 1a shows that the main error levels of the liquid-phase hydrometeors (qc and
qr) were lower than the solid-phase hydrometeors (qi, qs, and qg). The reason is that lower
temperature in the upper troposphere prevents the formation of liquid-phase hydrometeors.
At the middle and upper model levels, the background errors of qs and qg span wider
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vertically than qi (Figure 1a), which allows the analysis of qs and qg to propagate more
widely in the vertical direction than the analysis of qi.

The vertical auto-covariance of qc (Figure 1b) and qr (Figure 1d) appeared below the
26th level (~400 hPa), which could limit the analysis of qc and qr to propagate to upper
levels. It could be found that the vertical auto-covariance was stronger for qs (Figure 1e)
and qg (Figure 1f) than for qi (Figure 1c), which indicated that the analysis of qs and qg were
more easily propagated in the vertical direction than the analysis of qi. This phenomenon
was consistent with the findings of Descombes et al. [39].

3.2. Multivariable Correlations in the H-BEC

The magnitude arising from the balance part in the physical transform (Up) reflects
the correlations between two CVs. Figure 2 shows the vertical distribution of the bal-
anced part contribution to pseudo relative humidity (RHs) and hydrometeors. The larger
the contribution, the stronger were the correlations between the two CVs. The contribu-
tion of conventional control variables to the balanced part of the liquid hydrometeors
(Figure 2b,d) was located mainly in the middle and lower troposphere, whereas that of the
solid hydrometeors were located in the middle and upper troposphere (Figure 2c,e,f). The
contributions to hydrometeors came mostly from unbalanced temperature (Tu), unbalanced
pseudo relative humidity (RHs,u), and unbalanced surface pressure (Ps,u). Moisture is the
source for hydrometeors, whereas latent heat provides the energy for the moisture’s phase
transformation, which can be seen in Figure 2a, where the unbalanced temperature (Tu)
had the greatest contribution to pseudo relative humidity (RHs). In addition, unbalanced
surface pressure (Ps,u) was also closely related to hydrometeors, especially the precipitable
hydrometeors (qr, qs, and qg), which reflected the close connection between low pressure
and precipitation. Based on the weak correlations between zonal and meridional wind (U
and V) and other basic variables that were found by Sun et al. [29], we further found that
U and V were also weakly correlated with hydrometeor variables.
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Figure 2. Vertical distribution of the balance part contribution to (a) RHs, (b) qc, (c) qi, (d) qr, (e) qs

and (f) qg. The “Balance” line is the sum of others, and the larger the contribution, the stronger the
correlation between the two CVs.

3.3. Single Radar Reflectivity Observation Tests

Before applying this H-BEC to real radar reflectivity assimilation, single radar reflectiv-
ity observation tests are required to investigate the characteristics of spread of observation
information introduced by the BEC [21]. A pseudo radar reflectivity observation was as-
sumed to be located at 26.5◦N, 112.5◦E at a height of 1500 m (~850 hPa), and the innovation
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was +5 dBZ. Three schemes were applied to generate the parallel single radar reflectivity
observation tests (Table 1). The first experiment was the control run (CTRL), where no
vertical or multivariable correlations were introduced into the H-BEC. The vertical correla-
tions were included in the Hydro experiment, and the multivariable correlations were then
introduced in the Hydro+reg experiment.

Table 1. Summary of three experiments.

Name Vertical Correlations Multivariable Correlations

CTRL No No
Hydro Yes No

Hydro+reg Yes Yes

Figure 3 shows the increments of qr, qc, T, and qv after assimilating the pseudo radar
reflectivity observation. The assimilation of radar reflectivity could result in increments
in qr. In the CTRL experiment, the analysis increment of qr was only around the pseudo-
observation point (Figure 3a) without transferring to other levels and variables (Figure 3d,g).
Compared with the CTRL experiment, there was clear vertical transfer of the qr analysis
increment in the Hydro experiment (Figure 3b) due to the addition of vertical correlations.
However, due to the lack of multivariate correlations, there was no increment of T and
qv in the Hydro and CTRL experiments (Figure 3a,b). In the Hydro+reg experiment, the
analysis increment of qr not only showed a vertical propagation like the Hydro experiment
(Figure 3c), but also transferred to T and qv, via multivariable correlations.
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Figure 3. Cross-sections of analysis increment of qr, qc, T and qv by assimilating single radar reflec-
tivity observation at 26.5◦N in CTRL (the left column), Hydro (the center column), and Hydro+reg
(the right column) experiments: (a–c) qr (shaded, units: 10−2 g/kg), T (red contour, units: K) and
qv (black contour, units: g/kg); (d–f) qc (shaded, units: 10−2 g/kg), the T and qv were set in the
same way as (a–c). The horizontal axis represents the longitude, the left vertical axis is model height
(units: km), and the right vertical axis is the pressure level (units: hPa).

In addition, the increments of qr can influence conventional variables via the multi-
variate correlations between conventional variables and hydrometeor variables, and can
also indirectly influence other hydrometeors (e.g., qc and qi) by the updated conventional
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variables (Equations (7) and (8)). As Figure 3f shows, the Hydro+reg experiment also
had an increment of qc, while the Hydro and CTRL experiments did not (Figure 3d,e).
Similar conclusions could be obtained from the analysis of other hydrometeors (not shown).
As mentioned above, multivariate correlations could allow the transfer of observational
information across more variables, thus leading to a more coordinated analysis of con-
trol variables.

4. Evaluation of Cycling Data Assimilation and Forecasting Experiments
4.1. Model, Configurations, and Convective Rainfall Cases

The model grid is shown in Figure 4. Double two-way nested grids (d01 and d02)
were configured using 481 × 361 (15 km) and 505 × 505 (5 km) horizontal grid points,
respectively. Both domains were configured using 42 vertical levels with a model top of
50 hPa. The Advanced Research WRF model (ARW-WRF) [50] was used as the NWP model,
configured using the WRF Single-Moment 6-class (WSM6) microphysics parameterization
scheme [51], the Rapid Radiative Transfer Model (RRTM) longwave radiation scheme [52],
the Dudhia shortwave radiation scheme [53], the Yonsei University (YSU) boundary layer
scheme [54], the Kain-Fritsch cumulus parameterization scheme [55], and the Unified Noah
Land Surface Model [56]. Note that the cumulus parameterization scheme was applied
only in the coarser grid (d01).
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Figure 4. Model grid configuration and observation stations distribution. (a) Domain configuration
and the conventional observation stations distribution; (b) D02 configuration and the radar observa-
tion stations (purple points), where the blue box is the evaluation area in cycling data assimilation
and forecasting experiments.

For radar assimilation, the indirect three-dimensional variational (3DVar) method [21]
was applied. Following previous studies [8,57], the observation errors of radial velocity
and reflectivity were set as 2 m/s and 5 dBZ, respectively.

The three schemes mentioned in Section 3.3 (Table 1) were applied to generate parallel
radar data assimilation and forecasting experiments. The procedures followed in these
three schemes are shown in Figure 5. A 6-h spin-up was performed using the analysis
and forecast field of the Global Forecast System (GFS), then the Global Telecommunication
System (GTS) observations (Figure 4a) were assimilated in d01 and d02 at 3 h intervals
with an assimilation window of ±1 h. Radar data from 78 stations (Figure 4b) were
only assimilated in d02 at 1 h intervals with an assimilation window of ±3 min, and the
radar observations were thinned to a resolution of 5 km to reduce correlations among
observations. Similar to Sun et al. [23], only reflectivity above 25 dBZ was assimilated.
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Figure 5. Schematic diagram showing the assimilation and forecast cycles.

To evaluate the impacts of vertical and multivariable correlations in the H-BEC on
radar reflectivity assimilation and convective precipitation forecasting, five multi-type
convective rainfall cases (Table 2), that occurred in the Yangtze-Huaihe basin, were selected
for cycling data assimilation and forecasting. All five cases followed the process in Figure 5
for a total of 20 assimilation and forecasting cycles.

Table 2. Multi-type cases for cycling data assimilation and forecasting.

Case
(Period in the Whole Process Except Spin-Up) Type and Characteristics of the Case

17 July 2018, 0600–1200 UTC Squall line, slow-moving
6 July 2019, 0600–1200 UTC Squall line, fast-moving

17 July 2019, 0900–1500 UTC Multicellular storm, stable
26 July 2019, 1800 UTC–27 July, 0000 UTC Multicellular storm, local

27 July 2019, 1200–1800 UTC Multicellular storm, fast-moving

4.2. Root Mean Square Error (RMSE)

The 20-cycle-averaged root mean square error (RMSE) of U, V, T, and specific humidity
(Q) in the main precipitation area (29◦–35◦N, 115◦–123◦E; blue box in Figure 4b) of the 3 h
forecast was calculated with reference to the 5th generation climate reanalysis dataset from
ECMWF (ERA5–0.25o) [58] and is shown in Figure 6. Compared with the CTRL, Hydro
had a slightly smaller RMSE at some levels for these four variables, indicating that the
propagation of vertical observations could have a slightly positive effect. After considering
the multivariable correlations in assimilation, the RMSE of these four variables reduced at
most levels. The forecasting capability of the model variables in Hydro+reg were improved,
relative to the case with only vertical correlations. However, the low resolution of the
reference field (ERA5–0.25◦) compared to the model field (5 km) might lead to a dilution of
the assimilation effect, resulting in some levels being statistically insignificant. Even so, the
Hydro+reg could still show neutral to positive effects.
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Figure 6. The 20-cycle-averaged RMSE of 3 h forecast in main precipitation area from 5 cases. (a) U
(units: m/s), (b) V (units: m/s), (c) T (units: K), (d) Q (units: g/kg).

4.3. Precipitation Score

The fractions skill score (FSS) and bias score (BS) were calculated in the main precipita-
tion area (29◦–35◦N, 115◦–123◦E; blue box in Figure 4b), based on the merged precipitation
observation data from automatic weather stations in China and Climate Prediction Center
morphing technique (CMORPH) satellite data [59],

FSS =

1
N ∑N

(
Pf − Po

)2

1
N

[
∑N

(
Pf

)2
+ ∑N(Po)

2
] , (13)

BS =
NA + NB
NA + NC

. (14)

where N is the number of the field radius space windows in the examination area, Pf is the
proportion of the events of the forecast in a certain field radius, and Po is the proportion
of observation in a certain field radius [60]. The FSS radius was 25 km. NA indicated the
number of accurate forecasts in the examination area, NB indicated the number of false
alarms in the examination area, and NC indicated the number of misses in the examination
area. For FSS, 1 was the best score, and 0 was the worst. For BS, the closer the value was
to 1, the smaller the bias. These two precipitation scores have been widely used in similar
studies [7,21,22,27].
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Figure 7 shows the 20-cycle-averaged FSS, BS and improvements in the percentage
compared to the CTRL experiment for the cumulative precipitation forecast for each hour
in the main precipitation area in the five cases. In the first hour (Figure 7a,b), the FSS in the
Hydro experiment was higher than that in CTRL for most magnitudes of precipitation, and
the BS was closer to 1. Compared to the CTRL and the Hydro experiment, the Hydro+reg
experiment had the highest FSS, and the BS was closest to 1. In the second and third hours
(Figure 7d,e,g,h), the FSS in the Hydro experiment became similar to that of the CTRL
experiment, but the BS of heavy precipitation (>20 mm/h) remained closer to 1 than in
the CTRL experiment. Compared to the CTRL and the Hydro experiment, the Hydro+reg
experiment still had the highest FSS, and the BS was also closest to 1.
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For heavy precipitation (>20 mm/h), the FSS and BS in the Hydro+reg experiment
showed greater improvements, especially in the third hour (Figure 7i). For FSS, the im-
provement in the Hydro+reg experiment was positive compared to the CTRL experiment,
with an improvement percentage of about 20% at the third hour (Figure 7i), while the
improvement in the Hydro experiment was negative. For BS, the improvement percentage
of the Hydro+reg experiment compared to the CTRL experiment remained above 25%
and reached about 40% at the third hour, while the Hydro experiment showed a weaker
improvement of only 6.5% at the third hour.

The average precipitation scores and improvements indicated that the vertical correla-
tions could slightly improve the quantitative precipitation forecasting (QPF) ability, and the
improvement existed mainly in the first hour. The multivariable correlations could further
improve the precipitation forecast, especially for the heavy precipitation forecast. Further-
more, this improvement persisted into the third hour, due to the multivariate correlations
of the hydrometeor control variables.

5. Diagnostics for a Fast-Moving Squall Line Case on 6 July 2019

To further explore the impacts of the vertical and multivariable correlations in H-BEC
on the actual radar reflectivity assimilation, QPF, and thermal and dynamic conditions, a
fast-moving squall line case on 6 July 2019 was selected for detailed analysis. This case
was a typical squall line process in the Yangtze-Huaihe basin, China, which was difficult to
accurately forecast in NWP model.

5.1. Overview of the Squall Line

The observed composite reflectivity of this case is shown in Figure 8. The squall line
lay across the north of Jiangsu and Anhui provinces at 0600 UTC, the strong reflectivity
was fragmented, and the whole system was weakly organized (Figure 8a). At 0900 UTC,
the squall line moved south to the central Jiangsu and Anhui provinces with a significant
linear structure, following a broad stratocumulus precipitation area. At this time, the squall
line was strongly organized and vigorously developed (Figure 8b). At 1200 UTC, the squall
line continued moving south and lay across the south of Jiangsu and Anhui provinces, still
with a significant, but weaker, linear structure (Figure 8c). At 1500 UTC, the line continued
to weaken (Figure 8d). The period 0600–0900 UTC was selected to assimilate radar data,
and the whole process covered the developing and the most robust stages of the squall line.
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5.2. The Analysis Increment in the First Assimilation Cycle

The first analysis increments of qr, T, and qv in the first assimilation cycle at level 16
(~700 hPa) are displayed in Figure 9, and the differences among the three experiments
related mainly to the characteristics of the BEC. The analysis increment of qr in CTRL was
small and fragmented (Figure 9a) over the north of Jiangsu and Anhui provinces, whereas
it was stronger and continuous in Hydro, because the vertical correlations transferred
the observation information vertically. The analysis of qs and qg at higher model levels
resembled that of qr (not shown). However, the analysis increment of T and qv in Hydro
was the same as in CTRL (Figure 9d,e), whereas higher increments and wider propagation
were observed in Hydro+reg, retaining the structure of qr.
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Figure 9. Analysis increment at level 16 of (a–c) qr (units: g/kg), (d–f) T (units: K) and (g–i) qv

(units: g/kg) in CTRL (the left column), Hydro (the center column), and Hydro+reg (the right
column) experiments.

5.3. Cost Function

The cost function is also shown in Figure 10, and was used to investigate the impacts of
vertical and multivariable correlations on actual radar data assimilation. Note that the cost
function in Hydro was smaller than in CTRL at the first cycle and was further reduced in
Hydro+reg. In addition, the cost function minimized faster in Hydro+reg than in CTRL and
Hydro (Figure 10a); this was maintained in further cycles, whereas the difference between
these experiments gradually increased (Figure 10b,c). Therefore, the minimization of the
cost function improved when the vertical correlations were included. The multivariable
correlations further accelerated the convergence of minimization.
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5.4. Precipitation Forecast

The 3 h accumulated precipitation after three cycles is shown in Figure 11, which
was used to investigate the impacts of vertical and multivariable correlations on the QPF.
The observations along the line AB showed low precipitation at the center of the line with
strong precipitation on either side (Figure 11a). The distribution and intensity of heavy
precipitation in CTRL was greater than observations (Figure 11b), and this was slightly
reduced in Hydro (Figure 11c). The distribution and intensity of heavy precipitation in the
Hydro+reg (Figure 11d) were much closer to the observations, and the main fall areas of
precipitation could be consistent with the observations.
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Figure 11. Distribution of 3-h accumulated precipitation forecast from 0800 UTC to 1100 UTC on
6 July 2019, in main precipitation area (units: mm), and the triangle is the position of (33.2◦N, 119.7◦E)
where Skew-T plots will be analyzed: (a) Observation, (b) CTRL, (c) Hydro, (d) Hydro+reg. The
black line A(32◦N, 118.5◦E) −B(34◦N, 120.5◦E) indicates the position of the vertical section shown in
Figure 13.

5.5. Thermodynamic and Dynamical Diagnostics

The Skew-T plots, reflectivity, and vertical velocity were selected to analyze both the
thermal and dynamic causes for the precipitation improvement. The Skew-T plots over
33.2◦N, 119.7◦E (triangle in Figure 11) in the initial field after three cycles (Figure 12) showed
that the CTRL experiment had the maximum convective available potential energy (CAPE),
which favored triggering of convection. Although the CAPE in the Hydro experiment was
smaller than in the CTRL experiment, the level of free convection (LFC) was the same. This
indicated that the vertical hydrometeor information could transfer to other variables via
cycling assimilation and forecasting, but the impact was slight. The Hydro+reg experiment
achieved the smallest CAPE and the highest LFC, impeding the triggering of convection.
Owing to these initial thermal differences, a strong reflectivity was forecast between the
two heavy rainfall regions (near 119.3◦E and 120◦E) in CTRL and Hydro (Figure 13b,c),
resulting in spurious heavy precipitation. However, the strong reflectivity in Hydro+reg
was divided between the two heavy rainfall regions (Figure 13d) and this distribution was
closer to the observations (Figure 13a).

To further analyze the causes for the precipitation improvements, Contoured Fre-
quency by Altitude Diagrams (CFADs) [61] are shown in Figure 14, which displayed the
frequency distribution of reflectivity [per bin size (~0.5 km × 5 dBZ)] as a function of
height. Since weak reflectivity has a small effect on convective weather processes, only
reflectivity above the 25 dBZ threshold are shown in this paper. For CTRL (Figure 14b), the
frequencies of strong radar reflectivity at the middle and lower atmosphere were much
stronger than the observations (Figure 14a), resulting in stronger precipitation (Figure 11b).
The frequencies of Hydro (Figure 14c) were slightly reduced compared to CTRL. After
considering multivariate correlations, the frequencies of strong radar reflectivity in Hy-
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dro+reg (Figure 14d) was further reduced. as well as being closer to the observations. This
phenomenon was consistent with the cross sections of radar reflectivity (Figure 13).
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In summary, radar assimilation, considering multivariate correlations, led to a more
reasonable thermal and dynamic structure in the initial field, and the radar reflectivity
simulated in the forecast field was closer to the observations, resulting in improvement of
the precipitation forecasting.

6. Conclusions

Weather radar soundings give useful indications for short-term weather prediction,
while radar assimilation can improve precipitation forecasting. Background error covari-
ance (BEC) plays an essential role in variational data assimilation. To further clarify BEC
with vertical and multivariable correlations of hydrometeors (H-BEC) and their impacts
on radar reflectivity assimilation, this study further developed the H-BEC with vertical
and multivariable correlations in WRFDA for better consideration of the vertical correla-
tions and cross-correlations of hydrometeor CVs, and their impacts on radar reflectivity
assimilation. Furthermore, model short-term precipitation forecasting was investigated.
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The characteristics of the H-BEC indicates that hydrometeors are strongly correlated
with temperature and relative humidity. The vertical correlations can speed up the mini-
mization of the cost function on radar data assimilation, and the multivariable correlations
further accelerate this minimization by leading to more balanced relationships amongst the
model variables. The single tests showed that the radar reflectivity assimilation could facili-
tate the analysis of hydrometeor variables and propagate this analysis to vertical spatial
and other control variables by vertical and multivariate correlations in H-BEC, improving
the coordination of the analysis of control variables.

The evaluation of cycling assimilation and forecasting experiments demonstrated
that the vertical correlations could slightly improve the forecasting, and this improvement
occurred mainly during the first hour. When the multivariable correlations were added,
the predictive capacity of heavy precipitation further improved. In addition, due to the
multivariate correlations of hydrometeors, the model variables were more balanced and
coordinated, resulting in the improvement persisting into the third hour.

The diagnostics of the fast-moving squall line case further showed that the over-
estimation of strong convective precipitation forecasts was mitigated, due to a more bal-
anced and coordinated relationship of control variables. Moreover, this improved control
variable relationship led to a more reasonable thermodynamic and dynamical structure,
resulting in an improvement in short-term precipitation forecasting.

In this paper, the application of BEC with vertical and multivariable correlations of
hydrometeors not only highlighted the potential of hydrometeors in radar data assimilation,
but also provided some helpful suggestions for better precipitation forecasting in the NWP
models. In addition, dual-polarization radar has a greater ability to detect hydromete-
ors [62]. Therefore, as a next step, it would be valuable to assimilate dual-polarization radar
observations using the H-BEC.
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