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ABSTRACT: A convective-scale static background-error covariance (BEC) matrix is further developed to include the
capability of direct reflectivity assimilation and evaluated within the GSI-based three-dimensional variational (3DVar) and
hybrid ensemble-variational (EnVar) methods. Specific developments are summarized as follows: 1) Control variables
(CVs) are extended to include reflectivity, vertical velocity, and all hydrometeor types. Various horizontal momentum and
moisture CV options are included. 2) Cross correlations between all CVs are established. 3) A storm intensity-dependent
binning method is adopted to separately calculate static error matrices for clear-air and storms with varying intensities. The
resultant static BEC matrices are simultaneously applied at proper locations guided by the observed reflectivity. 4) The
EnVar is extended to adaptively incorporate static BECs based on the quality of ensemble covariances. Evaluation and
examination of the new static BECs are first performed on the 8 May 2003 Oklahoma City supercell. Detailed diagnostics
and 3DVar examinations suggest zonal/meridional winds and pseudo-relative humidity are selected as horizontal mo-
mentum and moisture CVs for direct reflectivity assimilation, respectively; inclusion of cross correlations favors spin up and
maintains the analyzed storms; application of binning improves characteristics and persistence of the simulated storm.
Relative to an experiment using the full ensemble BECs (Exp-PureEnVar), incorporating static BECs in hybrid EnVar
reduces spinup time and better analyzes reflectivity distributions while the background ensemble is deficient in sampling
errors. Compared to both pure 3DVar and Exp-PureEnVar, hybrid EnVar better predicts reflectivity distributions and
better maintains a strong mesocyclone. Further examination through the 20 May 2013 Oklahoma supercells confirms these
results and additionally demonstrates the effectiveness of adaptive hybridization.

KEYWORDS: Convective-scale processes; Kalman filters; Variational analysis; Cloud resolving models; Data assimilation;
Numerical weather prediction/forecasting

1. Introduction and Bouttier 1999; Lorenc et al. 2000; Ingleby 2001) or hybrid
EnVar systems (e.g., Buehner 2005; Buehner et al. 2010a,b;
Clayton et al. 2013; X. Wang et al. 2013; Buehner et al. 2013).
These early studies have demonstrated that the static BECs
can compensate the flow-dependent ensemble covariances
when they are deficient to sample the background errors due to
either the use of limited ensemble members or undersampling
of model errors (e.g., X. Wang et al. 2007a,b, 2009; Buehner
et al. 2010a,b; Buehner et al. 2013). For convective-scale DA,
such deficiency of the ensemble covariance can be even more
problematic due to e.g., many sources of model errors.
Therefore, efforts are needed to construct a static BEC matrix
for convective-scale DA. Several earlier studies (Brousseau
et al. 2008; Montmerle and Berre 2010; Michel et al. 2011) have
suggested the static BECs appropriate for convective scales fa-
vor convective-scale DA and forecasts.

One challenge to specify the static BECs for convective-
scale radar DA is the prescription of the cross-variable rela-
tionship. All previous pure Var studies typically neglected the
cross-correlations between hydrometeors and other variables
in their static BECs (Gao and Stensrud 2012; Gao et al. 2004;
Johnson et al. 2015; Sun et al. 2016; Liu et al. 2019). Even when
vertical velocity was included as the CV, it was treated as a
univariate variable in the static BEC matrix without any corre-
lations to other variables (Gao and Stensrud 2012; Gao et al.
2004; Johnson et al. 2015; Liu et al. 2019). Such inconsistencies or
lack of updates of other variables in 3DVar can lead to unreal-
Corresponding author: Xuguang Wang, xuguang.wang@ou.edu istic duration and structure of storms (Johnson et al. 2015).

Accurate initialization of storms is essential to the success of
convective-scale numerical weather prediction (NWP). Given
the high spatiotemporal resolution capable of depicting the
internal structure and evolution of storms (Lilly 1990), radar
reflectivity and radial velocity are the most widely used ob-
servations (Sun 2005; Dowell et al. 2011) for convective-scale
data assimilation (DA). However, the effective assimilation of
radar data still poses major challenges, especially the radar
reflectivity assimilation in a dynamically and thermodynami-
cally coherent fashion. Several methods have been proposed to
assimilate radar observations, including cloud analysis (CA;
e.g., Albers et al. 1996; Hu et al. 2006); pure variational as-
similation (3DVar/4DVar; e.g., Sun and Crook 1997; Gao and
Stensrud 2012; H. Wang et al. 2013a,b); and DA methods in-
volving the use of ensembles such as the ensemble Kalman
filter (EnKF; e.g., Dowell et al. 2004, 2011; Johnson et al. 2015)
and ensemble—variational (EnVar; e.g., Wang and Wang 2017)
methods.

In both a pure variational and a hybrid EnVar approach for
convective-scale radar DA, one critical component is the static
background-error covariances (BECs) that can reflect the
convective-scale error variance and spatial and cross-variable
correlation statistics. Such a static BEC matrix is established
and widely used for global large-scale pure Var (e.g., Derber
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Another challenge to specity the static BECs for convective-
scale radar DA is the appropriate inclusion and selection of
control variables (CVs). For momentum CVs, only a limited
number of studies include the vertical momentum CV, a crit-
ical variable for the nonhydrostatic convective-scale motions,
in the static BEC matrix (Gao and Stensrud 2012; Gao et al.
2004; Johnson et al. 2015; Liu et al. 2019). For horizontal mo-
mentum CVs, streamfunction ¢ and velocity potential y have
been historically and widely used in large-scale variational DA
(e.g., Berre 2000; Lorenc et al. 2000; Wu and Purser 2002; Xiao
et al. 2005; Huang et al. 2009; H. Wang et al. 2013a,b; X. Wang
et al. 2008a,b, 2013), considering the benefit that y is approx-
imately linearly linked with the mass fields through the geo-
strophic assumption. However, such benefit is not valid at
convective scales (Berre 2000). Several studies have compared
the use of zonal/meridional winds (u/v) or vorticity/divergence
(¢/m) relative to /y as the horizontal momentum CVs (e.g.,
Xie and MacDonald 2012, Sun et al. 2016). However, these
studies were performed either without assimilation of re-
flectivity (Xie and MacDonald 2012) or with indirect assimi-
lation of reflectivity (Sun et al. 2016). For the moisture CV,
several studies highlighted the strong statistical couplings of
specific humidity (g) with other variables and used g as the
moisture CV in construction of their convective-scale static
BECs (e.g., Montmerle and Berre 2010; Michel et al. 2011).
However, Dee and Da Silva (2003) found that g as the moisture
CV leads to harmful extrapolation errors due to its large ver-
tical gradients and recommended pseudorelative humidity (rh)
as the moisture CV to construct the static BEC matrix. Therefore,
uncertainty remains to select the moisture CV in the construction
of the convective-scale static BECs for direct Var-based re-
flectivity assimilation.

Recently, Wang and Wang (2017) developed an approach to
directly assimilate reflectivity within the Gridpoint Statistical
Interpolation (GSI)-based EnVar framework. This EnVar
method includes reflectivity as a state variable and therefore
bypasses the issue of variational minimization caused by the
nonlinear reflectivity observation operator. This approach has
been demonstrated to improve the analyses and forecasts for a
tornadic supercell storm (Wang and Wang 2017) and system-
atic convective-scale forecasts over the continental United
States (CONUS) (Duda et al. 2019). Given the challenges,
unknowns, and limitations of the static BECs in previous Var
studies for direct reflectivity assimilation, the primary goals of
this study are (i) to construct a convective-scale static BEC
matrix appropriate for the direct reflectivity assimilation, (ii) to
implement it within the GSI-based 3DVar and EnVar systems
that are capable of directly assimilating radar reflectivity ob-
servations (Wang and Wang 2017), and (iii) to perform ex-
periments on two supercell events to evaluate the effectiveness
of this new static BECs. Briefly, compared to the static BEC
models in earlier studies, the newly constructed static BECs
(i) includes vertical velocity, reflectivity, and all hydrometeor
types as CVs; (ii) permits the cross-correlations between
hydrometeors/vertical velocity and other dynamic and ther-
modynamic variables; (iii) allows building background-error
statistics for clear-air and storms with varying intensities, ex-
tended from Michel et al. (2011); (iv) selects horizontal
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momentum and moisture CVs for direct reflectivity assimila-
tion; and (v) can be adaptively hybridized with the ensemble
BEC:s in the hybrid EnVar depending on the quality of the
ensemble.

This paper is organized as follows. Section 2 describes the
GSI-based hybrid EnVar algorithm, including the methodol-
ogy of construction and implementation of the convective-
scale static BECs for the direct reflectivity assimilation. A
description of the 8 May 2003 supercell, datasets used to cal-
culate static BECs, and the experimental designs are presented
in section 3. Section 4 first presents the results toward opti-
mizing the static BECs for the direct assimilation of reflectivity
through analytical approaches and running pure 3DVar ex-
periments, and then compares the results in hybrid EnVar with
and without the static BECs on the analysis and prediction of
the 8 May 2003 tornadic supercell storm. Results for another
case on 20 May 2013 are also included. Conclusions are given in
section 5.

2. Methodology
a. Brief review of GSI-based hybrid EnVar

Wang (2010) described the mathematical framework of the
GSI-based hybrid EnVar system, which utilizes a blended BEC
matrix including flow-dependent and static BECs. The system
is designed to produce a hybrid increment x’ that minimizes the
following cost function J:

J(xp.a)=B,J, +B,J, +1,
=B,05(x) B (x}) + B,0.5(a) A (a)
+0.5(y” — HX') 'R (y” — H). (1)

In the term J;, By represents the static BEC matrix, and its
associated analysis increment is x;. The term J, shows the cost
function term associated with the ensemble BECs. Here, vec-
tor a is formed by concatenating K vectors a;, k =1, ..., K,
denoting the extended CVs for each ensemble member, where K
is the ensemble size. The covariance localization for the en-
semble BECs is determined in the block-diagonal matrix A. The
static and ensemble BECs are weighted by two factors 8; and 3,
respectively. The two factors are related by (1/8;) + (1/8,) = 1.
The last term is the observation term J,, where R is the obser-
vation error covariance, y”' is the innovation vector, and H is the
linearized observation operator. The hybrid increment x’ is de-
fined as

X =x, +Da=(I D)(’;l), @)
where D is denoted as [diag(x{) - - - diag(x%)], X, is the kth en-
semble perturbation divided by v K — 1, | is an identity matrix,
and the operator diag translates a vector to a diagonal matrix
(Wang 2010).

Given the typically large number of grid points used in NWP
models, the BEC matrix and its inverse [sizes of O(107 X 107)]
are difficult to be explicitly calculated during minimizing the
cost function of Eq. (1). To avoid the large dimensions of the
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inverse problem, the minimization procedure in GSI is pre-

conditioned upon the full BEC matrix by defining a new vari-
able (Derber and Rosati 1989; Wang 2010):

B;! 0 ! B, 'x/
noB (Blo1 B A‘l) <);1> ) ([;1 Al—::>’ ©
2 2

where B is
1
—B 0
B, !
B= e Q)
0 —A
B,
and x is the CV for the hybrid system:
X
X = . )
a

In practice, B is modeled to avoid the large dimensions of the
explicit calculation problem. Specifically, the same recursive
filter transform is applied to approximate the K identically
prescribed correlation submatrices in A (Wang et al. 2008a;
Wang 2010). The matrix B; is decomposed to several operators:

B, =U,SUU,U;U'S'U,, (6)
and each operator accounting for an elemental transform is
individually modeled (Barker et al. 2004; Descombes et al.
2015). The physical transform U, defines the set of CVs asso-
ciated with B; and their cross-variable correlations. The ma-
trices U, and U,, are horizontal and vertical transforms, respectively,
defining the horizontal and vertical autocorrelations for the CVs.

u 0 0 0 0 0
v L1 0 0 0 0
t I, I, I 0 0 0
ps Iy Iy Iy I 0 0
rh Iy Ip Iy r, I 0
w _ I Iy Iy rg, rss I
ql g Ty g Ty Tes T
qr Ly T T Iy Ty Ty
as Ty Ty Ty Ty Tgs Ty
qt Ty, Iy Ty Ty, 95 Toq
qg Lot Tz Tios  Tios  Tios  Tios
dbz r r r r r

The matrix that premultiplies the right most column of Eq. (7)
is called physical transform or multivariate balance operator.
The rightmost column of Eq. (7) comprises CVs, which include
the zonal wind (), unbalanced meridional wind (v,), unbal-
anced temperature (¢,), unbalanced surface pressure (ps,), and
unbalanced pseudorelative humidity (rh,), typically used in
Var (e.g., Zou et al. 1995; Sun et al. 1991; Sun and Crook 1997,
Gao et al. 1999; Sun et al. 2016). To achieve the goal of direct
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Both U, and U, transforms are modeled through the recursive
filters (Hayden and Purser 1995; Purser et al. 2003a,b) in GSI for
the regional applications. The diagonal matrix S consists of the
standard deviations of the background errors of the CVs. More
details on these operators and their specific calculations can be
found in Descombes et al. (2015).

b. Development of convective-scale static background-error
covariance for direct reflectivity assimilation

This section provides the specific developments of the
convective-scale static BEC matrix introduced in section 1.

1) AUGMENTING CONTROL VARIABLES ASSOCIATED
WITH REFLECTIVITY AND CONSTRUCTING THEIR
CROSS-VARIABLE CORRELATIONS

To construct B, for direct reflectivity assimilation at con-
vective scales, we first augment CVs to include reflectivity, all
hydrometeor types, and vertical velocity. To effectively spread
observation information, B, is expected not only to depict hori-
zontal and vertical spatial structures of covariance, but also to
include the cross-variable correlations (Daley 1991). Background
errors of hydrometers are highly correlated with errors in other
variables (Michel et al. 2011). However, as discussed in section 1,
the covariance between hydrometeors and other CVs were often
ignored in the previous Var-based reflectivity assimilation (e.g.,
Caya et al. 2005; Carley 2012; H. Wang et al. 2013a; Johnson
et al. 2015) and in the current GSI. A proper cross-variable
correction is expected to minimize adjustment and spinup at the
beginning of a forecast (Sun et al. 2016) through projecting in-
crements from radar observations and related variables to other
variables during the DA procedure. Therefore, in addition to
extending the CVs, their cross-variable correlations are aug-
mented. Equation (7) shows the extended CVs and their cross-
variable correlations, i.e., the U,, transform:

u . (7 )
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reflectivity assimilation without the tangent linear and adjoint
of nonlinear reflectivity operator, the CV is first extended to
include the unbalanced reflectivity (dbz,). Consistent with the
previous studies (e.g., Gao and Stensrud 2012; Johnson et al.
2015; Wang and Wang 2017), as the vertical velocity is used in
the radial velocity operator and updraft is a vital dynamical
variable for convective scales, the unbalanced vertical velocity
(w,,) is added as a CV. Consistent with the previous Var-based
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reflectivity assimilation (e.g., Caya et al. 2005; Carley 2012; H.
Wang et al. 2013a; Johnson et al. 2015), the unbalanced mixing
ratios of hydrometer [cloud water (ql,), rainwater (qr,,), snow
(gs.), cloud ice (qi,), and graupel (qg,)] are also included in
this study. The subscript “u’* as well as the word ““‘unbalanced”
refer to the residual after a statistical balance with the preceding
CVs is removed from the full model variable. For example, ¢, is
calculated by subtracting its balanced part attributed to « and v,
from the full temperature (¢) perturbation following

I N AL (8)
Here the balance operator ry, wherei =1,...,11,andj=1,...,11,
represents the linear regression to model the multivariate error
covariances. Following a similar procedure, these unbalanced
fields in Eq. (7) are successively calculated. The correlation
among CVs can be shown to be zero, a desirable feature for an
effective solution of the conditioning issue (Michel et al. 2011).
The multivariate covariance is expected to allow the state
variables to be updated more coherently. The reader can refer
to Michel et al. (2011) and Descombes et al. (2015) for the
detailed calculations of the balance operators.

To identify the optimal horizontal momentum and moisture
CVs for the direct reflectivity assimilation, this study includes two
additional horizontal momentum CV choices using ¢//x,, (CV_tx)
and ¢/m,, (CV_{7), as well as one additional moisture CV option
using g, (CV_q). These will be compared with the other corre-
sponding CV options (CV_uv and CV_rh) used in Eq. (7).

2) THE STORM INTENSITY-DEPENDENT BINNING

Previous studies found that significant differences in the
background-error statistics exist between precipitating and
nonprecipitating areas (Caron and Fillion 2010; Montmerle
and Berrer 2010; Michel et al. 2011). Therefore, homogeneous
background-error statistics are inappropriate to concurrently
account for both storms and clear-air locations. To increase the
heterogeneity of static BECs, this study simultaneously applies
different static error statistics at appropriate locations based
on a geographical mask as in Michel et al. (2011) and Ménétrier
and Montmerle (2011). The binary geographical mask parti-
tions the entire domain into three bins featured by different
storm intensities. The storm intensity here is represented by
composite reflectivity. Specifically, the bins of the “strong
storm” P, and the “‘clear-air” N represent the points where the
composite reflectivity in both ensemble-mean and all back-
ground ensemble members are greater than 35 dBZ and
weaker than 10 dBZ, respectively; the areas with the composite
reflectivity between 10 and 35 dBZ in both ensemble-mean and
each forecast member compose the bin of “weak storm” P,,.
Locations where the ensemble-mean and each forecast mem-
ber do not fall in the same category are omitted from the static
BEC computation. In this study, the grid points in Py take
~34% of the storm area (the composite reflectivity above
10 dBZ); the remaining 66% consists of the grid points in P,,;
the number of grid points in N is ~20 times of that in the storm
area. Further optimizing these reflectivity thresholds to dis-
tinguish the above bins may be needed in future work. To
calculate the static BEC matrix, each operator in Eq. (6) is

Brought to you by NOAA Central Library | Unauthenticated | Downloaded 08/13/24 07:54 PM UTC

MONTHLY WEATHER REVIEW

VOLUME 149

spatially averaged over each bin. Then the decomposed B, of
Eq. (6) is modified to Eq. (9) as in Michel et al. (2011):

B, =P,US'UU;(US'UU)'P]
+P U'S"U U} (UyS U U P

P
+NUYS¥UNUY (UYSMUYUY) NT ©)

During the Var update, the storm intensities provided by the
reflectivity observations are employed to define the geo-
graphical mask to guide on where a particular class of By is
adopted. For example, the BEC matrices from the bin of P, N,
and P, are, respectively, applied on the locations where the
observed reflectivity exceeding 35 dBZ, less than 10 dBZ, and
between 10 and 35 dBZ. To a certain extent, such binning
method allows the static BECs to be partially flow dependent.

¢. The formulation of adaptively incorporating
convective-scale background-error covariance in
GSI-based hybrid EnVar

One goal of incorporating static BECs in hybrid EnVar is to
mitigate the deficiency of the ensemble in sampling the back-
ground errors. Conversely, when the ensemble has a suffi-
ciently good quality, the full ensemble BECs are used. To make
sure that the static BECs are properly blended with the en-
semble BECs, a consistency ratio (CR) is used as an indicator
of ensemble quality to define the regions where the combina-
tion of static and ensemble BECs is required. Similar to Dowell
and Wicker (2009), the CR here denotes as the ratio of the total
spread (including observation error variance and ensemble
variance) over the square root of the averaged squared inno-
vation (observation-minus-background) for reflectivity. After
projecting the computed CR into the model space using a bi-
linear interpolation, a spatial mask is then defined by vector m
whose components are composed of 1/8; and 0 for the areas
where CR < a and CR = a, respectively, where 0 <« = 1. The
scalar B; is the same as that used in Eq. (1) to indicate the
weight placed on the static BEC matrix. Vector m has a length
n that represents the number of state variables. The value of 1/3;
can be varied based on the CR value following a similar ap-
proach for the estimation of the inflation factors in Minamide
and Zhang (2019). In this study, the static BEC matrix with a
fixed covariance weight is only applied on the areas with CR <
a, where the ensemble spread is insufficient. Otherwise, the full
ensemble covariances are applied where the sufficient spread is
indicated by CR = «. For the observed clear-air areas, the value
of CR is forced to be 1. In other words, the full ensemble co-
variances are applied in both clear-air and storm areas with
CR = a. The hybridized BECs are used in storm areas with
CR < a, a is a tunable parameter. In this study, « = 1.0 is used.

Mathematically, the resultant B matrix in Eq. (4) becomes

~ M1—1/2BIM1—1/2T 0
B= e (10)
-12 -12
0 M, “AM,

Here the complementary matrices M; = diag[m] and M, = diag[I —
m] define the spatially adaptive covariance weights, and I is
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the n-dimensional identity vector. The hybrid cost function
[Eq. (1)] is accordingly modified to

J(x;,a) =0.5(x;)" (M2 B 'MY2)(x,)
+0.5(a)" (M}> A" M) (a)
(1)

Equation (11) is mathematically equivalent to Eq. (1) if m
becomes an identity vector multiplied by the scalar 1/8;. It can
be demonstrated that the minimization of Eq. (11) with respect
to adaptive covariance weights can be achieved through the full
BEC preconditioning as in the original GSI-based hybrid
EnVar minimization (Wang 2010).

+0.5(y” — Hx') "R (y — Hx).

3. Experimental design
a. Case overview

We first demonstrate and test the newly proposed method
using the 8 May 2003 supercell case. The synoptic-scale envi-
ronment within Oklahoma on 8 May 2003 promoted a signifi-
cant outbreak of severe storms by midafternoon (Romine et al.
2008). A relatively deep southerly flow carrying warm and
moist air sustained over Texas and Oklahoma all day. A dry-
line was located in west-central Oklahoma along with the
midlevel west-southwesterly flow by 1800 UTC 8 May. Strong
vertical wind shear was in place throughout the warm sector.
The isolated Oklahoma City (OKC) supercell storm appeared
at ~2100 UTC and propagated until 2300 UTC, when it began
to weaken and finally dissipate by 0020 UTC 9 May. More
details about the evolution of the OKC thunderstorm were
introduced in Hu and Xue (2007) and Romine et al. (2008).

Additional results are presented for the 20 May 2013 case in
section 4e(3). During 1830-2100 UTC 20 May 2013, three su-
percell storms initiated and propagated northeastward over
central Oklahoma.

b. Calculation and datasets of static background-error
covariance

An ensemble method (Fisher 2003) is used to generate the
static BEC matrix in this study. The utility GEN_BE_v2.0
described in Descombes et al. (2015) is extended to calculate
each operator in Eq. (6) to model the static BECs. Specifically,
the static BEC matrix is calculated from the covariances of past
ensemble perturbations. The datasets used to calculate the en-
semble perturbations are from independent ensemble forecasts at
3-km grid spacing from the OU MAP ensembles! of the 2019
National Oceanic and Atmospheric Administration (NOAA)
Hazardous Weather Test bed (HWT) Spring Forecast Experiment
(Clark et al. 2020). The ensemble forecast is selected when its
ensemble mean can well depict the typical structure of a mature
supercell storm. Given the computational cost, three supercell

! More details about the OU MAP ensembles in the 2019 NOAA
HWT can be found in https:/hwt.nssl.noaa.gov/sfe/2019/docs/
HWT_SFE2019_operations_plan.pdf.
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FIG. 1. The domain for storm-scale data assimilation and free
forecast.

storms cases are selected: the supercell storms over northwest-
ern Texas at 2300 UTC 5 May and 0100 UTC 24 May, and over
southwestern Oklahoma at 0000 UTC 23 May 2019. For each
case, 40-member ensemble perturbations were computed by
subtracting the ensemble mean from their ensemble forecasts,
yielding 120 members in total to calculate the static BEC matrix.

c. Design of data assimilation and forecast experiments

In this study, many of the DA configurations are designed
following Wang and Wang (2017). Briefly, the model uses a
single domain (Fig. 1) at a 2-km grid spacing with 226 X 181
horizontal grid points and 50 vertical levels. Only radar re-
flectivity and radial velocity collected from the WSR-88D ra-
dar station KTLX (Oklahoma City, Oklahoma) are assimilated
in this domain. The initial conditions (ICs) for the 45-member
ensemble as well as their corresponding lateral boundary
conditions (LBCs) are interpolated from the 45-member me-
soscale ensemble at an 18-km grid spacing in Yussouf et al.
(2013). The mean of the mesoscale ensemble provides the ICs
and LBC:s for the hybrid control member. The reader can refer
to Yussouf et al. (2013) and Wang and Wang (2017, 2020) for
more details of the mesoscale ensemble. According to earlier
studies, the static BEC benefits the hybrid DA system more
when the ensemble size is reduced (e.g., X. Wang et al. 2007a,
2009). This result was recently confirmed by Gao and Stensrud
(2014) and Kong et al. (2018) for radar DA. The rest of the
paper will focus on using the 45-member ensemble.

The Advanced Research Weather Research and Forecasting
Model (WRF-ARW) version 3.9.1.1 is employed for all simu-
lations. The model physics configuration is listed in Table 1.

The radar reflectivity and radial velocity observations are
retrieved from the National Climatic Data Center (NCDC)
archive. The data quality is controlled by the Warning Decision
Support System-Integrated Information (WDSSII; Lakshmanan
et al. 2007) utility. The observed reflectivity below 5 dBZ, con-
sidered as the “‘no-precipitation’ observation, is reset to 0 dBZ
to suppress spurious reflectivity in DA (Yussouf et al. 2013;
Wang and Wang 2017; Duda et al. 2019). The observation errors
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TABLE 1. Model physics configuration.

Physics option Specification

Thompson scheme (Thompson
et al. 2008)
Mellor-Yamada—-Janji¢ scheme
(Mellor and Yamada 1982;
Janji¢ 1990, 1994, 2002)
Noah (Chen and Dudhia 2001)
RRTMG scheme (Iacono et al. 2008)

Microphysics scheme
Boundary layer scheme
Land surface model

Longwave—shortwave
radiation schemes

for reflectivity and radial velocity are defined as 5 dBZ and
2ms !, respectively, consistent with the previous storm-scale
DA studies (Dowell et al. 2004; Yussouf et al. 2013; Johnson
et al. 2015; Wang and Wang 2017; Duda et al. 2019).

The effectiveness of the static BEC matrix to mitigate the
ensemble deficiency is explored in a two-way coupled GSI-
based hybrid EnVar (X. Wang et al. 2013). The procedure of
DA and forecast configuration is shown in Fig. 2. Starting at
2100 UTC 8 May 2003, both reflectivity and radial velocity
observations are assimilated every 15 min for a 1-h period until
2200 UTC. The static BEC matrices are applied at all DA cy-
cles. At each cycle, the two geographical masks for the ob-
servation based binning (section 2b) and for the CR-value
based adaptive hybridization (section 2c) are computed, re-
spectively. After the DA cycling, a deterministic forecast is
then initialized to advance the control analysis from 2200 to
2300 UTC. The control analysis is generated in the hybrid
EnVar system leveraging BECs that combine the ensemble
BECs with the static BECs. The ensemble square root filter
algorithm (EnSRF; Whitaker and Hamill 2002) is utilized to
update the ensemble perturbations through assimilating the
same radar observations every 15min. To obtain the final
analysis, the analysis ensemble is further recentered around the
control analysis. Similar to Wang and Wang (2017), equivalent
localization cutoff distances with lengths of 12 km in the hori-
zontal and of 1.1 scale height in the vertical are used in hybrid
EnVar and EnSRF. The analysis perturbations are inflated to
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be 90% of the prior ensemble spread using the relaxation-to-
prior-spread inflation method (Whitaker and Hamill 2012).

Given that the static BECs can be directly evaluated in 3DVar
without the influences from the ensemble covariances, a series of
3DVar experiments utilizing only the static BECs are first con-
ducted (Table 2) to examine the impact of binning and selection
of CVs for the static BECs. The same configuration of storm-
scale DA and forecast as in Fig. 2 is adopted in these 3DVar
experiments (without the use of ensembles). The benchmark
experiment REF uses CV_uv and CV_rh as the horizontal
momentum and moisture CVs, respectively, without the use of
the binning. Experiments Exp-y, and Exp-{n determine the
optimal choice of horizontal momentum CVs when compared
against REF using CV_uv. The comparison between REF and
Exp-q reveals the influences of different moisture CVs (CV_rh
versus CV_g, respectively). Exp-Bin uses the same CVs as REF
but incorporates the binning method to evaluate its impact. The
static BEC matrix in Exp-Bin is obtained by calculating error
statistics for P, N, and P,, bins, respectively.

To explore the impact of including the new static BECs within
the hybrid EnVar on the convective-scale analyses and forecasts,
two experiments that blend static BECs from Exp-Bin with
ensemble covariances, Exp-hyb0.1 and Exp-hyb0.3, are com-
pared to an experiment using the full ensemble covariances,
Exp-PureEnVar (Table 3). These hybrid experiments differ by
the blending weight on static BECs used for each (10% and 30%
for Exp-hyb0.1 and Exp-hyb0.3, respectively).

4. Results

a. Evaluation of CV selection for the construction of
convective-scale static background-error covariance for
direct reflectivity assimilation

1) CHOICE OF HORIZONTAL MOMENTUM
CONTROL VARIABLES

Different from the previous studies (e.g., Xie and MacDonald
2012; Sun et al. 2016), this paper examines the selection of
horizontal momentum CVs in the context of direct reflectivity

Mesoscale ensemble | |~/ 5cs LBCs LBCs LBCs LBCs LBCs
analyses and forecasts l l l l l l
Storm-scale data L ] 1 1 1-h forecast
assimilation and
forecast 21:00 21:15 21:30 21:45 22:00 23:00
T T T UTC
dBZ / Vr dBZ/Vr dBZ / Vr dBZ / Vr
Geographical Geographical Geographical Geographical
masks masks masks masks
T T T t
Convective scale static background error covariance

FIG. 2. Schematics of data assimilation experiments with the use of convective-scale static background error covariances. The radar data, including
both reflectivity dBZ and radial velocity Vr, are assimilated every 15 min from 2115 to 2200 UTC, with the initial conditions (ICs) and lateral
boundary conditions (LBCs) provided by the mesoscale ensemble analyses and forecasts. During the 1-h data assimilation period, the same static
background error covariance matrix is used for all cycles, while two varied geographical masks, respectively, for the storm intensity-dependent
binning and the adaptive hybridization are defined and used at each cycle. The 1-h forecast is then launched to advance the analysis at 2200 UTC.
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TABLE 2. List of 3DVar experiments and their main configurations
to construct static error covariance.

Configurations
Use of
Expt Momentum CVs  Humidity CV  binning method
REF u, v, rh,, No
EXP‘§”) ga Nu rhu No
EXp—(/}X l/’: Xu rhu No
EXp-q u, v, qu No
Exp-Bin u, v, rh,, Yes

data assimilation. In addition, unlike Sun et al. (2016) only fo-
cusing on the comparison between CV_uv and CV_yy, this
study compares three horizontal momentum CV choices for
convective-scale DA.

To select appropriate horizontal momentum CVs for con-
vective scales, correlations are calculated of various horizontal
momentum variables with variables important to convective
scales. As a representative example, the vertical cross-variable
correlations of w with each of y, n, and u are shown in Fig. 3.
Such correlations are constructed by computing the correla-
tions between each level of w and other variables at every level.
The variable y has the weakest correlation with w across all
vertical levels, with maxima less than 0.2 (Fig. 3a). In contrast,
the correlation of w with 7 is largest, where the maximum value
is 0.9 (Fig. 3b), presumably governed by the continuity equa-
tion. The variable u is moderately correlated with w below the
35th model level with the largest correlation value greater than
0.2 (Fig. 3c). Therefore, CV_uv and CV_¢n better describe the
coupling between w and horizontal momentum variables, rel-
ative to CV_iy.

Significant discrepancies in the cost function gradients
among different CVs prevent efficient convergence during the
variational minimization procedure (Sun and Crook 1997;
Wang and Wang 2017). The impact of using various CV choices
on the cost function gradient is revealed using the first guess
and radar observations valid at 2115 UTC 8 May 2003 from the
3DVar experiments. The J, gradient with respect to B;'x] is
given by

\ (13)

5/, = BHR™ (Hx| —y”).
The observation error standard deviations of 5 dBZ and
2ms” ! are assigned to reflectivity and radial velocity, respec-
tively, in R. The summed J, gradient with respect to horizontal
momentum CVs, moisture CV, w,,, and dbz, from the assimi-
lation of both reflectivity and radial velocity are shown
in Fig. 4.

Figures 4a—4c shows the gradient of J, with respect to three
choices of horizontal momentum CVs. Here we compare the J,
gradients with representative variables. In CV_yy (Fig. 4a),
the summed gradient of J,, with respect to ¢ has a value greater
than 2.1 X 10° that is remarkably larger than that for dbz,,
~1.1 X 10°. Conversely, the J,, gradient in CV_¢n has a much
larger value for dbz, (5.9 X 10*) than that for £ (2.2 X 1072). In
comparison, CV_uv has comparable J, gradient values with
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TABLE 3. List of hybrid-EnVar experiments.

Expt Configurations

Exp-PureEnVar Background error covariance is fully

provided by ensemble covariance

Exp-hyb0.1 Background error covariance comprises
0.1/0.9 weights between static and
ensemble covariances

Exp-hyb0.3 Background error covariance comprises

0.3/0.7 weights between static and
ensemble covariances

respect to u and dbz,. This type of ill-conditioned J, gradient
among CVs in CV_¢y and CV_{n prevent efficient minimi-
zation convergence, as discussed in Sun and Crook (1997) and
Wang and Wang (2017). In particular, relative to CV_uv, using
CV_¢ix has a slower convergence rate during the minimization;
with the use of CV_¢7, the minimization fails to converge.
The impact of three choices of horizontal momentum CVs
on the locations and characteristics of the 8 May 2003 supercell
storm is explored in Fig. 5. The analyzed reflectivity in the forward-
flank region from three experiments [Figs. Sa(1),b(1),d(1)] are
similar to the size and shape of observations [Fig. 5o(1)]. Exp-x
and REF reproduce the hook-echo structure at approximately the
correct location, as well as the strong low-level rotation, which
compare well with the observations. However, Exp-{n fails to
analyze the hook-echo structure and produces a weak rotation
~10km ahead of the correct location [Fig. 5b(1)]. In the subse-
quent forecast, the predicted storm in REF maintains its hook-
echo structure, flanks, and strong low-level rotation until
2230 UTC [Figs. 5d(2)-d(4)], which compare well with the
observations [Figs. 50(2)-o0(4)]. Conversely, the low-level ro-
tation in Exp-yry quickly weakens and decays after 2220 UTC
and its forward flanks separate into several patches from
2220 UTC trailing some developing spurious cells [Fig. 5a(3)].
Exp-{n seems to outperform both Exp-iy and REF in the size
and shape of the predicted reflectivity before 2240 UTC
[Figs. 5b(2)-b(5)]. However, its strong low-level rotation
propagates from the weak rotation in Fig. 5b(1). This explains
the storm in Exp-{n moves ~10km faster than the radar ob-
servations and REF during 2210-2240 UTC [Figs. 5b(2)-b(5)].

2) CHOICE OF MOISTURE CONTROL VARIABLE

Figures 6a and 6b show vertical cross-variable correlations
between reflectivity (dbz) and moisture variables (rh and ¢,
respectively) over the entire domain. Both moisture variables
are similarly correlated to dbz with their maxima coefficients
above 0.5. Therefore, options CV_rh and CV_q similarly de-
scribe the coupling between reflectivity and moisture variables.

For the J, gradient, the summed J, gradient in CV_q with
respect to dbz, has a value 2.2 X 107, which is much greater
than that with respect to u (~4.97 X 10% Fig. 4d). Therefore,
CV_q experiences a much slower convergence rate, relative
to CV_rh.

The performance of two moisture CV choices is further
examined through comparing REF with Exp-q. Both ex-
periments produce similar reflectivity analyses in terms of
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FIG. 3. Vertical cross-variable correlations (a) between vertical velocity w and velocity potential y, (b) between vertical velocity w and
divergence 7, and (c) between vertical velocity w and zonal wind u.

hook-echo structure, the forward flank, and the strong low-
level rotations [Fig. 5¢(1)]. However, Exp-q produces many
strong spurious patches in the flanks with multiple rotation
centers during 2210-2250 UTC [Figs. 5¢(2)—c(5)], which
does not compare well with observations.

To conclude, for the 8 May 2003 case, CV_uv and CV_rh are
identified as the best horizontal momentum and moisture CVs
for convective-scale direct reflectivity assimilation, consistent
with the previous studies, e.g., Sun et al. (2016) for horizontal
momentum CVs and Dee and Da Silva (2003) for moisture CV.

b. Descriptions of the newly constructed static BECs and
their effects in physical space

To assess the multivariate relationships in the newly con-
structed static BECs, the ratios of explained-variance to the
total variance are computed through, for example,

(r,;5Q, )" Q, ’

Ratio = T
Qar, Qi

(14)

where Ratio is the ratio of the dbz variance explained by rh,,
ri15 represents the balance operator statistically coupling dbz
with rh in Eq. (7), Q, and Qgp, denote vectors of samples of rh,,
and dbz, respectively. The static BECs here use CV_uv and
CV_rh as the horizontal momentum and moisture CVs, re-
spectively. Figures 7a and 7b show Ratio for qg and dbz as
examples. The variance of qg is primarily contributed by qr,,
rh,, w,, gs,, and qi,. Below the 20th model level, ~10%—-60%
of the qg variance is explained, while the explained qg variance
above the 20th level exceeds 80%. The large contributions
from qr,, gs,, and qi, highlights microphysical process: the
increase of low-level rainwater due to the melting of sediment
graupel, and the depositional growth and conversion of ice and
snow leading to the variations of graupel. The contribution
from w, above the 18th level (~20%) indicates that the for-
mation and enhancement of graupel are largely supported by
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the strong updraft and the decrease of graupel and its particle
falling are associated with the downdraft. The contribution
from rh, peaks at about the midtroposphere, probably indi-
cating the sublimation processes at these levels.

For reflectivity (Fig. 7b), the ratio of the total explained
variance relative to the total variance for reflectivity is 41%—
85%. The predominant coupling is with qr, and 7, below the
10th level and with rh,, and gs, above that. The small contri-
bution from qg could be caused by the fact that variances in
both dbz and qg are greatly explained by rh,, qr,, and gs,
(Figs. 7a,b). This indicates that a strong coupling exists be-
tween dbz and the balanced part of qg at most levels.
Furthermore, the coupling between dbz and w is expected to be
strong, as the variations of hydrometeors could be directly
linked to the vertical motion. The small Ratio by w, could
be due to that dbz strongly correlates with the balanced w,
suggested by variances in both w (not shown) and dbz
(Fig. 7b) greatly explained by the unbalanced hydrome-
teors and rh,. Around 10% of the variance of dbz is ex-
plained by ¢,, a result reflecting the effect of evaporation
and condensation in the cloud at upper levels and in the
cold pool near the ground. Figures 7a and 7b also show
weak couplings of graupel and reflectivity with u and v,
(Ratio <3%) across all levels for both variables, suggesting
that the variation of hydrometeors has small impact on the
changes in horizontal winds.

The vertical mixing is reflected by the structure of vertical
correlations. For reflectivity, broad vertical correlations (Fig. 7c)
appear at all levels below the 35th level, ~200 hPa. The broad
correlations are the consequence of rain falling freely under the
10th level and the variations of hydrometeors associated with
the vertical motions in the midtroposphere. Figure 7d shows that
the horizontal scales for hydrometeors reach about 6 km, which
is smaller than for temperature and other variables (not shown),
consistent with Michel et al. (2011). For hydrometeors, the error
distributions are physically reasonable. Errors in rainwater
tend to be correlated in horizontal only below the 10th level,
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FIG. 4. The J, gradients (unit: 1) with respect to horizontal momentum CVs, moisture CV, w,, and dbz, for
(a) CV_yyx, (b) CV_{n, (c) CV_uv, and (d) CV_q. The variable rh,, is used in (a)-(c) as moisture CV, while CV_q
adopts uv, as momentum CVs. CV_rh has the same horizontal momentum and moisture CVs with CV_uv. The J,
gradients are calculated based on the DA cycle valid at 2115 UTC 8 May 2003.

conversely, errors in snow are correlated in horizontal only
above the 28th level, and horizontally correlated errors in
graupel exist at almost all levels. The horizontal length scale
pattern for reflectivity is an integrated consequence over
rainwater, snow, and graupel.

To examine the effect of the new static BEC matrix in
physical space, a 3DVar experiment is conducted with the as-
similation of reflectivity valid at 2115 UTC 8 May 2003. Both
first-guess field and the static BEC matrix are from REF.
Figure 8 shows that the physically reasonable increments of
hydrometeors are produced by adding rainwater below 8km
AGL, graupel across the entire troposphere, and snow above
10km AGL, respectively. This result suggests that the use of
the new static BECs avoids the problem of unphysical incre-
ments of hydrometeors discussed in Liu et al. (2019). The
added reflectivity corresponds well with the increase of hu-
midity (Fig. 8b) and updraft (Fig. 8a). The increments for
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horizontal winds are slight (not shown). These increments are
produced in agreement with the statistics shown in Fig. 7.

c¢. Impact of the inclusion of cross correlations of
hydrometeors and vertical velocity with other variables

To reveal the impact of the inclusion of cross-correlations
between hydrometeors/vertical velocity and other variables in
the static BECs, three single DA cycle experiments using
3DVar, including an analysis valid at 2115 UTC and a subse-
quent 5-min forecast valid at 2120 UTC 8 May 2003, are
designed (Table 4). In Exp-CNTL, the static BECs adopted is
the same as that in REF, which includes correlations of both
hydrometeors and w,, with other variables. Exp-noBAL_H uses
the same static BECs except omitting the cross-correlations
between hydrometeors and other CVs. Reflectivity of Exp-
CNTL is ~5 dBZ greater than Exp-noBAL_H at 2115 UTC
(Figs. 9a,b). Such reflectivity is missing in the first-guess (not
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FIG. 5. The reflectivity (colors; dBZ) and vertical vorticity (contours from 0.001 to 0.01s™* at 0.001-s ! interval) at 1 km AGL for (al)-
(a7) Exp-¢rx, (b1)—(b7) Exp-{n, (c1)-(c7) Exp-q, (d1)-(d7) REF, and (e1)-(e7) Exp-Bin. The first column represents the last analysis time
valid at 2200 UTC and the second to seventh columns are for the forecast time at 2210, 2220, 2230, 2240, 2250, and 2300 UTC, respectively.
The observed reflectivity at corresponding times is also shown in (01)—(07).

shown). The analysis in Exp-CNTL has stronger updraft and
more saturated relative humidity corresponding to the analyzed
reflectivity than Exp-noBAL_H, likely attributed to its more
consistent adjustment of vertical velocity and humidity fields
(Fig. 9a). Therefore, the convection of Exp-CNTL can be
maintained along with the development of a strong updraft
during the subsequent forecast (Fig. 9d). However, the added
reflectivity in the analysis of Exp-noBAL_H does not corre-
spond to increased humidity (Fig. 9b). At 2120 UTC, much of
the added hydrometeors quickly evaporate due to the unsatu-
rated air (Fig. 9¢). These results for the 8 May case suggest that
the inclusion of cross-correlations between hydrometeors and
other variables can be vital in the static BECs for consistently
adjusting dynamic and thermodynamic fields.

The impact of adding the cross-correlations between w,, and
other variables in the static BECs is examined in the third
experiment, Exp-noBAL_W. The static BECs used in Exp-
noBAL_W differs from that in Exp-CNTL by skipping the
calculation of the balance operators associated with w. All
analyzed fields in Exp-noBAL_W (Fig. 9c) are similar with
those in Exp-CNTL (Fig. 9a) except the w field, where w in
Exp-noBAL_W is 1-3ms ™! weaker than that in Exp-CNTL.
At 2120 UTC, Exp-noBAL_W (Fig. 9f) has a weaker updraft
than Exp-CNTL (Fig. 9d). Therefore, the corresponding re-
flectivity core in Exp-CNTL is ~3 dBZ higher than that in Exp-
noBAL_W. The reflectivity magnitude in Exp-CNTL is closer
to the observations than Exp-noBAL_W (not shown). This
result indicates that although most of the storm spinup can be
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achieved in Exp-noBAL_W (Fig. 9f), the correlations of w,,
with other variables additionally favors to produce a
variable-coherent analysis and therefore assists accelerat-
ing storm spinup in the subsequent forecast of the 8 May
case. It noted that including the correlations of w, with
other variables in the static BECs is relatively secondary,
compared to including the correlations between hydrome-
teors and other variables.

d. Evaluation of binning method for the construction of
convective-scale static background-error covariance for
direct reflectivity assimilation

To reveal how the error statistics vary for different storm
intensity bins, the cross-variable relationships between reflec-
tivity and rh over the full domain and over the storm areas with
varying intensities are represented in Figs. 6b and 6d. Without
binning, the reflectivity correlates (correlation value above 0.3)
with rh mostly between the 15th and 30th levels (Fig. 6b). In
comparison, this cross-correlation inside strong storms is gen-
erally enhanced and becomes broader between the 15th and
40th levels and below the 5th level (Fig. 6d). Weak storms have
more vertically localized and weaker correlations than strong
storms (Fig. 6¢). This result is consistent with the stronger and
deeper convective processes associated with strong storms.
The notably different correlations suggest the need to use
different error statistics in areas with varying storm intensities.

We further explore the accumulated effect of the binning
through cycled 3DVar experiments. REF has more weak
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domain, (c) weak, and (d) strong storms, respectively.

spurious reflectivity and drier air surrounding the primary super-
cell storm in the first-guess compared to Exp-Bin (Figs. 10a,b).
The spurious reflectivity in REF are suppressed in the analysis
through assimilating ‘‘no-precipitation” observations; however,
the corresponding water vapor is unrealistically reduced to be
nearly 0gkg ™! (Fig. 10c). In comparison, Exp-Bin does not ex-
cessively reduce the moisture when removing spurious reflectivity
(Fig. 10d). Similar with Michel et al. (2011), Exp-Bin has a much
shorter horizontal error correlation for reflectivity inside the
strong storm areas than REF. Specifically, the maximum length of
horizontal correlation in Exp-Bin is below 2.5km, while the
maxima in REF reaches 6.0km. Therefore, the spurious re-
flectivity in REF is likely because the updated storm information
spreads over clear-air areas through the effect of a wider spatial
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error correlation in the preceding cycle’s analysis. In contrast, the
added storm information in Exp-Bin is confined due to the shorter
horizontal correlation inside the storm areas. When suppressing
spurious reflectivity in DA procedure, the strong coupling of re-
flectivity with rh indicated in Fig. 6b leads to the excessive re-
duction of moisture in REF, while the moisture in Exp-Bin is
properly adjusted based on the error statistics from the clear-air
bin with a weak correlation between reflectivity and rh (not
shown). Diagnostics for Fig. 10 suggest that Exp-Bin can alleviate
the generation of spurious reflectivity and the excessive reduction
of moisture when suppressing the spurious reflectivity, rela-
tive to REF.

Reflectivity analyses from both experiments reproduce the
hook-echo structure at approximately the correct location
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[Figs. 5d(1),e(1)]. Both experiments also produce the strong
low-level rotation at 1km AGL, with REF showing slightly
stronger vorticity than Exp-Bin. An isolated storm with the
low-level vorticity greater than 0.002s ™! persists in Exp-Bin
during the entire 1-h forecast period, despite its reflectivity
in the forward-flank region weakens at 2300 UTC [Fig. 5e(7)].
In comparison, REF enhances spurious storms in southwest of
the main storm from 2230 UTC [Fig. 5d(4)] and dissipates re-
flectivity in the forward-flank regions at 2300 UTC [Fig. 5d(7)].
The low-level rotation of REF also dissipates and is replaced
by that associated with the spurious storms at 2240 UTC
[Fig. 5d(5)]. At 4km AGL, Exp-Bin and REF produce similar
midlevel mesocyclones with the maximum updraft greater than
25ms ! and the vorticity maxima exceeding 0.008s ' at
2200 UTC [Figs. 11a(1),b(1)]. During the forecast, Exp-Bin
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further extends the persistence of the storm beyond 2300 UTC
[Fig. 11b(7)] relative to REF, although its maximum updraft
and vorticity get weakened after 2240 UTC. In REF, the
midlevel mesocyclone dissipates at 2240 UTC [Fig. 11a(5)],
followed by several weak spurious cells [Figs. 11a(5)-a(7)].
Overall, Exp-Bin produces a more realistic analysis, predicts
the storm with its storm morphology closer to the reality, and
persists the strong midlevel mesocyclone for a longer duration,
relative to REF.

e. Effect of hybridizing static and ensemble
background-error covariance in hybrid EnVar
for direct reflectivity assimilation

As expected, direct reflectivity assimilation using 3DVar
with the constructed static BECs efficiently and effectively
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FIG. 8. Vertical cross sections of analysis increments of (a) vertical velocity (colors; m s~ ') and reflectivity
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strong updraft core valid at 2115 UTC 8 May 2003. Both colors and contours represent the analysis increments.

adds storms for the 8 May 2003 OKC supercell in Exp-Bin.
Note that the predicted supercell storm in the 3DVar Exp-Bin
experiment still deviates from the reality for intensity and
reflectivity morphology. Early studies suggest that the hybrid
EnVar can leverage the benefits of both static and ensemble
BECs (X. Wang et al. 2007a, 2008a, 2009, 2013; Li et al. 2012;
Gao et al. 2013; Gao and Stensrud 2014; Schwartz 2016; Kong
et al. 2018; Montmerle et al. 2018; Wang et al. 2019). This
section therefore performs hybrid EnVar experiments to 1)
examine the effect of adding static BEC on top of the ensemble
covariance and to 2) explore if hybrid EnVar has benefits over
3DVar with the new static BECs. Optimizations of the
convective-scale static BECs in sections 4a and 4d are also
valid in hybrid EnVar. We use the adaptive hybridization, in
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addition to the optimized static BECs, in both hybrid experi-
ments of Table 3.

1) DA CYCLING

Figure 12 provides the root-mean-square fit to observations
(RMSF) used to quantify the effect of including static BECs
during the hybrid DA cycling. The RMSF of both prior and
posterior in Exp-PureEnVar are larger than those in two hy-
brid experiments, especially for the reflectivity observations.
The closer fit of the posterior to the reflectivity in hybrid ex-
periments confirms that the constructed static BECs can effi-
ciently add reflectivity in the analysis. The ability of this static
BECs to add reflectivity is further indicated by the better fit
of the prior to the reflectivity observations in the subsequent
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TABLE 4. List of the configuration of static BEC:s in sensitivity
experiments.

Expt
Exp-CNTL

Static BECs configuration

Inclusion of correlations of hydrometeors
and vertical velocity with other
variables

Same as Exp-CNTL but without the
correlation between hydrometeors and
other variables

Same as Exp-CNTL but without the
correlation between vertical velocity
and other variables

Exp-noBAL_H

Exp-noBAL_W

15-min forecasts, as those added reflectivity is well maintained
(Fig. 12b). Both forecasts and analyses in two hybrid experi-
ments better fit radial velocity observations than in Exp-
PureEnVar at 2200 UTC. The RMSF of the posterior in
Exp-hyb0.3 is slightly less than that in Exp-hyb0.1 for re-
flectivity observations. Exp-hyb0.1 and Exp-hyb0.3 compara-
bly fit the radial velocity observations. Despite both hybrid
experiments has slightly larger spread for reflectivity at 2130
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and 2145 UTC than Exp-PureEnVar, the total spreads for both
radial velocity and reflectivity are still smaller than the RMSF
in all three experiments. This result indicates that the ensemble
is underdispersive during all DA cycles. By the design of the
adaptive hybridization (section 2c), the static BECs are there-
fore applied to the entire storm regions.

Figure 13 shows the effect of static BECs on the reduction of
the spinup during DA cycling. Exp-PureEnVar fails to add
reflectivity at 2115 and 2130 UTC (Figs. 13e,f) as a result of all
the ensemble members failing to produce the observed storm.
Until 2145 UTC, some spotted reflectivity is analyzed (Fig. 13g).
The reflectivity analysis still largely deviates from the observa-
tions in size and shape at 2200 UTC, as the forward-flank region
of the observed storm are missed by all ensemble background
members (purple lines in Fig. 13h). This result indicates that
Exp-PureEnVar requires a spinup time beyond the 1-h period.
In comparison, both Exp-hyb0.1 and Exp-hyb0.3 efficiently add
some reflectivity at 2115 UTC (Figs. 13i,m), with their in-
tensity much weaker than the reality. Both hybrid experi-
ments reach their stable reflectivity value at 2145 UTC
(Figs. 13k,0), which shows that the spinup time in both hybrid
experiments is notably reduced. At 2200 UTC, the reflectivity
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FIG. 9. Vertical cross sections of vertical velocity (colors; m s 1), reflectivity (black contours from 5 to 50 dBZ at 5-dBZ intervals; dBZ),

and relative humidity (blue contours from 20% to 80% at 30% interval) for (top) analyses at 2115 UTC and (bottom) 5-min forecasts at
2120 UTC 8 May 2003 from (a),(d) Exp-CNTL; (b),(e) Exp-noBAL_H; and (c),(f) Exp-noBAL_W.
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FIG. 10. Water vapor mixing ratio (colors; 2 g kg~ ! interval) and reflectivity (contours, starting from 5 dBZ with a

15-dBZ interval) at 1.5km AGL in (a),(b) first-guess and (c),(d) analysis valid at 2200 UTC from (left) REF and
(right) Exp-Bin.

distributions in both Exp-hyb0.1 and Exp-hyb0.3 (Figs. 131,p)  structure. Consistent with Fig. 12, the difference between
compare well with the size and shape of the observed re- Exp-hyb0.1 and Exp-hyb0.3 shown in Figs. 131 and 13p is
flectivity (Fig. 13d). Moreover, both hybrid experiments small. The 3DVar Exp-Bin experiment (Fig. Sel) has com-
outperform Exp-PureEnVar in reproducing the hook-echo parable reflectivity analyses with both hybrid experiments

) 2
o L 4 y

al 2200 a2 2210 [flo a3 2220 a4 2230 ab 2240

24 20 -16 12 -8 -4 0 4 8 12 16 20 24

FIG. 11. The evolution of vertical velocity (colors; m s~ ') and vertical vorticity (contour starting from 0.002s ™! at 0.002s™ ! interval) at
4km AGL during a 1-h forecast period starting from the analyses at 2200 UTC and ending at 2300 UTC from (al)-(a7) REF and (b1)—(b7)
Exp-Bin. The first column represents the last analysis time valid at 2200 UTC and the second to seventh columns are for the forecast time
at 2210, 2220, 2230, 2240, 2250, and 2300 UTC, respectively. The overlaid line in each panel is the NWS observed tornado damage tracks
during 2204-2208 and 2210-2238 UTC.

ms"
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b) Reflectivity RMSF & Total spread
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FIG. 12. The RMSF (solid) and total spread (dash) statistics in observation-space diagnostics for the assimilated
KTLX (a) radial velocity and (b) reflectivity for Exp-PureEnVar (blue), Exp-hyb0.1 (red), and Exp-hyb0.3 (green).
The RMSEF statistics for the first guess and analysis are, respectively, shown in the upper points and lower points of
the sawtooth patterns in (a) and (b). The total spread for the first guess is also provided.

(Figs. 131,p) at 2200 UTC. All of them capture the storm much
better than Exp-PureEnVar.

2) FORECASTS

Although all experiments predict an isolated storm during
the entire forecast period, important differences remain in the
forecasts. Exp-hyb0.1 and Exp-hyb0.3 show comparable reflec-
tivity throughout the forecast that are closer to the observations
than Exp-PureEnVar, especially before 2230 UTC. In particular,
these hybrid experiments outperform Exp-PureEnVar with a
larger spatial coverage of strong reflectivity in the forward flank
region and a stronger low-level rotation (Figs. 14i—j,m-n). Strong
low-level rotations above 0.002s ™! persist during the entire 1-h
forecast period for Exp-hyb0.1 and Exp-hyb0.3; in contrast,
vorticity maxima are below 0.002s ™' for Exp-PureEnVar at most
forecast lead times (Figs. 14e-h). At 4km AGL, the forecasts of
updraft and vorticity from Exp-hyb0.1 and Exp-hyb0.3 are very
similar, while that of Exp-PureEnVar is weaker (1-3ms™"
and 0.002s~') than both hybrid experiments at 2210 UTC
[Figs. 15a(2),b(2),c(2)] and after 2240 UTC [Figs. 15a(5)-
a(7),b(5)-b(7),c(5)-c(7)].

Both hybrid experiments also improve upon pure 3DVar
Exp-Bin for reflectivity coverage at 2300 UTC [Figs. 5¢(7) vs
13L,p], suggesting the positive impact of inclusion of ensemble
covariance. At midlevel, the mesocyclone in Exp-Bin is gradually
weakening after 2240 UTC [Figs. 11b(5)-b(7)] where the maxi-
mum updraft is reduced from above 25ms ™' tounder 10ms~'. In
contrast, all EnVar experiments in Table 3 maintain a much
stronger mesocyclone than Exp-Bin [Figs. 15a(5)—(7),b(5)-
(7),¢(5)—(7)], with the maximum updraft consistently exceed-
ing 19ms™ .

For a quantitative evaluation, Fig. 16 shows the RMSF of
radial velocity and reflectivity at a 5-min interval during 2200—
2300 UTC. During 2200-2220 UTC, Exp-Bin, Exp-hyb0.1, and
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Exp-hyb0.3 have 6-19 dBZ smaller reflectivity RMSF than
Exp-PureEnVar and such advantage is maintained throughout
the 1-h forecast period (Fig. 16b). For the radial velocity
RMSF, both hybrid experiments perform consistently better
than Exp-Bin and Exp-PureEnVar during the entire forecast
period (Fig. 16a). Overall, Exp-PureEnVar has the largest re-
flectivity RMSF due to its ensemble deficiency (Fig. 12b); the
hybrid experiments blending the ensemble and static BECs
produce overall better convective-scale forecasts than the pure
3DVar and EnVar.

3) FURTHER EXAMINATION USING THE 20 MAY 2013
OKLAHOMA SUPERCELLS

Experiments for an additional 20 May 2013 multisupercell
case confirm the selection of horizontal momentum and
moisture CVs for the 8 May 2003 case (not shown). This case is
also used to further examine the impact of the newly con-
structed convective-scale static covariances, and to demon-
strate the effect of the adaptive hybridization. The impact of
the static BECs in hybrid EnVar is further demonstrated
through experiments in Table 3 for this case with a DA period of
1915-45 UTC at a 15-min interval. As discussed in section 4e(1),
most early cycles during the DA cycling period for the 8 May
2003 case dominate by most or all ensemble members failing to
sample the observed storm. Even at the final analysis time
(2200 UTC), all ensemble members miss the forward-flank of
this observed storm (purple lines in Fig. 13h). In contrast, the
20 May 2013 case includes cycles where the background en-
semble is much improved. For example, like at 1945 UTC, in-
dicated by the purple lines in Fig. 17a(1), the ensemble is
underdispersive, but most ensemble members do not miss the
observed storms. Similar qualitative differences in reflectivity
between two experiments as the 8 May case are produced in
analysis and prediction. Similar reflectivity distributions are
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FIG. 13. The reflectivity analysis at 1 km AGL for (e)—(h) Exp-PureEnVar, (i)-(1) Exp-hyb0.1, and (m)—(p) Exp-hyb0.3 from each data
assimilation cycle during the entire 1-h DA period. (a)-(d) The observed reflectivity at corresponding times is also shown. The purple
outline in (h) indicates the locations where any ensemble member has reflectivity exceeding 10 dBZ at 1 km AGL valid at 2200 UTC.

predicted in Exp-hyb0.1 [Figs. 17b(1)-b(5)] and Exp-hyb0.3
[Figs. 17¢(1)—c(5)]. Their reflectivity distribution compares
well with the size and shape of the observed reflectivity, es-
pecially for the storm A and B. In contrast, Exp-PureEnVar
produces multicellular convective storms rather than super-
cells in Figs. 17a(1)-a(5). For the storm C, all experiments fail
to predict it after 2000 UTC [Figs. 17a(2),b(2),c(2)].

For the 8 May 2003 case in section 4e(1), given the large
ensemble background deficiency during a few early DA cycling
period, the adaptive hybridization approach ends up assigning
static BECs for all storm regions. To further examine the
adaptive hybridization, we further extend the DA cycling to
2000 UTC for the 20 May 2013 case, design and conduct three
experiments (Table 5). Analyzed reflectivity by Exp-PureEnVar
captures most storms [Figs. 170(2),d(1)]. This result suggests
that its ensemble prior at 2000 UTC samples the background
errors properly for most of the storms. As expected, Exp-
Adaptive using the adaptive hybridization allows the static
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BECs to be incorporated only at limited regions, indicated by
the black contours in Fig. 17e(1). The reflectivity analyses in
Exp-PureEnVar and Exp-Adaptive are similar, except that
some reflectivity patches in the edge of storm B, C are pre-
cisely added by Exp-Adaptive through using the static BECs
[Fig. 17e(1)]. At 2015 UTC, Exp-Adaptive slightly outper-
forms Exp-PureEnVar in the forward-flank of storm B
[Figs. 170(3),d(2),e(2)]. After that, comparable reflectivity
forecasts for the storm A—C are produced by Exp-PureEnVar
and Exp-Adaptive [Figs. 17d(3)-d(4),e(3)-e(4)]. In contrast
to Exp-Adaptive, Exp-NoAdaptive uses the hybridized BECs
on the whole computational domain. Relative to Exp-Adaptive,
Exp-NoAdaptive overly enhances the reflectivity for all
storms and produces some spurious weak reflectivity sur-
rounding the primary storms [Fig. 17f(1)]. Forecasts by Exp-
Adaptive have the reflectivity distributions in size and shape
closer to the observations for storm B, C after 2030 UTC
[Figs. 17e(3)-e(4)] than by Exp-NoAdaptive, which obtains
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weakening storm B, C with shrinking reflectivity coverages
from 2030 UTC [Figs. 17f(3)-f(4)]. The results for 20 May
2013 and the 8 May 2003 case collectively show the benefits of
the adaptive hybridization and static BECs when the en-
semble suffers from its deficiency in sampling the forecast
errors. Additional examinations of these developments will
be required for more robust conclusions using more cases.

5. Summary and discussion

In this study, the static background-error covariance (BEC)
matrix is further developed for convective-scale direct radar
reflectivity assimilation. It is then implemented and tested
within the GSI-based 3DVar and hybrid EnVar framework.
Major developments for the static BECs include four aspects.
First, the static BEC matrix is extended to include all hydro-
meteor types, vertical velocity, and reflectivity as control var-
iables (CVs). Linear regressions among all CVs including those
newly extended CVs are calculated to model the multivariate
error covariances for convective scales. Second, a storm
intensity-dependent binning method is adopted to separately
calculate the static BEC matrices for clear-air and storms with
varying intensities. During the variational minimization, these
different static BEC matrices are simultaneously applied at
proper locations guided by the observed reflectivity. Third, an
adaptive hybridization is implemented so that the static BEC is
included in hybrid EnVar only when ensemble covariances
demonstrate deficiencies, measured here by consistency ratios
less than «, where 0 < a = 1. Fourth, several options of
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dBZ
FI1G. 14. As in Fig. 5, but for (e)-(h) Exp-PureEnVar, (i)-(1) Exp-hyb0.1, and (m)-(p) Exp-hyb0.3 during 2215-2300 UTC every 15 min.

horizontal momentum and moisture CVs are included for the
purpose of selecting the appropriate CVs for convective-scale
radar DA.

The Oklahoma City (OKC) tornadic supercell storm oc-
curring on 8 May 2003 is first used to examine and evaluate
various aspects of the newly extended static BECs through
running diagnostics with 3DVar. First, uv and rh are identified
as the selected horizontal momentum and moisture CVs, re-
spectively, by comparing with other CVs choices. They avoid
the large discrepancy of the cost function gradient among CVs.
Such discrepancy is present in other CV options and leads to
inefficient convergence in the minimization. The 3DVar ex-
periments suggest that the predicted tornadic supercell with
the use of uv and rh as CVs maintains the strong midlevel
updraft and vorticity beyond 2215 UTC, while ¢y, {7, and q as
CVs fail to accurately initialize the storm at the analysis time.
Second, the benefits of the inclusion of cross-correlations of
hydrometeors and vertical velocity with other variables on the
maintenance of the analyzed storms and the acceleration of
the storm spinup are demonstrated using the new static
BECs. Including correlations between hydrometeors and
other variables shows more benefit compared to those be-
tween vertical velocity and other variables. Third, the storm
intensity-dependent binning allows more appropriate cou-
pling between reflectivity and other variables within storms.
In the 3DVar DA cycling, the binning (Exp-Bin) alleviates
the generation of spurious reflectivity and the excessive re-
duction of moisture when suppressing spurious reflectivity
compared to without the binning (REF). Compared to REF,
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FIG. 15. As in Fig. 11, but for (al)-(a5) Exp-PureEnVar, (b1)—(b5) Exp-hyb0.1, and (c1)-(c5) Exp-hyb0.3 during a 1-h forecast period
starting from 2200 to 2300 UTC at 15-min interval.

Exp-Bin produces a more realistic analysis, predicts the
storm with its proper characteristics (i.e., the hook echo, and
the reflectivity shape in the forward-flank) closer to the re-
ality, and persists the strong midlevel mesocyclone for a
longer duration.

The effectiveness of the new static BECs is further examined
in the GSI-based hybrid EnVar system first for the 8 May 2003
case and then with an additional 20 May 2003 multisupercell
case. For the 8 May 2003 case, three experiments are conducted
and compared. The BEC is fully provided by the ensemble co-
variance in Exp-PureEnVar. Two hybrid experiments, Exp-
hyb0.1 and Exp-hyb0.3, use a blended BEC matrix with a static
covariance weight of 10% and 30%, respectively. During DA
cycling, both hybrid experiments produce first guesses and an-
alyses better fitting to the reflectivity observations, relative to
Exp-PureEnVar. Increasing the static covariance weight in Exp-
hyb0.3 slightly enhances the magnitude of reflectivity analysis
compared to Exp-hyb0.1 as shown in the RMSF. During the

a) Radial velocity RMSF
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Forecast minutes starting from 2200 UTC

forecast, both hybrid experiments perform similarly, and out-
perform Exp-PureEnVar in the spatial coverage of reflectivity,
the hook-echo structure and the midlevel updraft and vorticity.
The benefit of hybrid experiments relative to Exp-PureEnVar
is a result of the poor sampling of the background ensemble
on the observed storms. Compared to the pure 3DVar ex-
periment with the new static covariances, both hybrid EnVar
experiments also have more accuracy in the reflectivity cov-
erage at 2300 UTC, and in the persistence of the strong
midlevel mesocyclone from 2240 UTC. Quantitively, both
hybrid experiments perform better than the pure 3DVar and
EnVar in terms of the 1-h forecasts of radial velocity and
reflectivity. Overall, these results suggest the hybrid EnVar
leverages the strength of both the static and ensemble BECs.
Further examination on the 20 May 2013 Oklahoma super-
cells demonstrates the adaptive hybridization method serves
as expected to apply the static BECs only where ensemble
has deficiencies and a similar positive impact of the static

b) Reflectivity RMSF

4 T T T T T T
0 10 20 30 40 50 60

Forecast minutes starting from 2200 UTC

FIG. 16. RMSFs of the KTLX (a) radial velocity and (b) reflectivity for Exp-Bin (blue), Exp-PureEnVar (red),
Exp-hyb0.1 (green), and Exp-hyb0.3 (yellow) during 2200-2300 UTC.
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FIG. 17. As in Fig. 12, but for the 1-h forecasts initialized at 1945 UTC from (al)—(a5) Exp-PureEnVar, (bl)-
(b5) Exp-hyb0.1, (c1)-(cS) Exp-hyb0.3, and for the 45-min forecasts initialized at 2000 UTC from (d1)—(d4)
Exp-PureEnVar, (el)-(e4) Exp-Adaptive, and (f1)—(f4) Exp-NoAdaptive. The three observed supercells are
labeled as A, B, and C in a north-south direction in (o1). The purple outline in (al) is as in Fig. 13h but valid at
1945 UTC. The black contours in (el) indicate the locations of applying the static BECs.
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TABLE 5. List of the single cycle DA experiments to reveal the
impact of the adaptive hybridization. The analysis time is valid at
2000 UTC 20 May 2013. The same first-guess and ensemble from
Exp-PureEnVar in Table 3 are used in three experiments. To
demonstrate the effect of the static BECs in hybrid EnVar, the full
BECGs in Exp-Adaptive and Exp-NoAdaptive comprise 0.7/0.3
weights between static and ensemble covariances.

Expt Configurations

Exp-PureEnVar Same as Exp-PureEnVar in Table 3, using
full ensemble covariances

Adaptively incorporating the static BECs

Applying the static BECs to the entire

domain

Exp-Adaptive
Exp-NoAdaptive

BECs in hybrid EnVar when the ensemble covariance shows
deficiencies.

This study introduces an approach to construct the
convective-scale static BEC matrix for direct radar reflec-
tivity assimilation. As an initial effort to illustrate the ap-
proach, the demonstrations for the approach are only
obtained from one isolated tornadic supercell event and one
multisupercell event. Systematic experiments using more
cases are warranted for future studies. In addition to the
storm intensity-dependent binning method, given that dif-
ferent climatological background-error statistics may exist
among various convection and storm types (e.g., isolated
supercells versus organized mesoscale convective systems),
efforts toward constructing static BECs and simultaneously
implementing them for a variety of convective-scale sce-
narios concurrently occurring over the CONUS may likely
be needed. Moreover, although the adaptive hybridization
performs as expected for the two cases examined, further
examination is required for the multiple convective-scale
scenarios over the CONUS. As discussed earlier, one ap-
plication of the constructed convective-scale static covari-
ance is to directly improve 3DVar, 4DVar, and hybrid
EnVar for convective-scale analysis and prediction. Static
covariance can also be used to mitigate the ensemble defi-
ciency in a pure EnKF through sampling and adding co-
herent perturbations to the storm areas (Wang et al. 2009).
This study investigates the impact of static BECs in hybrid
EnVar when the RTPS is used to inflate the ensemble.
Additional study of the impact of the static covariance when
other approaches are used to improve the sampling of the
ensemble such as stochastic physics (Gasperoni et al. 2020)
and additive perturbation approach (Dowell and Wicker
2009) is left for future studies.
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