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Abstract Ensemble-based convective-scale radar data assimilation commonly suffers from an
underdispersive background ensemble. This study introduces a multivariate additive-inflation method

to address such deficiency. The multivariate additive inflation (AI) approach generates coherent random
perturbations drawn from a newly constructed convective-scale static background error covariance matrix for
all state variables including hydrometeors and vertical velocity. This method is compared with a previously
proposed univariate Al approach, which perturbs each variable individually without cross-variable coherency.
Comparisons are performed on the analyses and forecasts of the 8 May 2003 Oklahoma City tornadic supercell.
Within assimilation cycles, the multivariate approach is more efficient in increasing reflectivity spread and thus
has a reduced spinup time than the univariate approach; the additional inclusion of hydrometeors and vertical
velocity results in more background spread for both reflectivity and radial velocity. Significant differences
among Al experiments also exist in the subsequent forecasts and are more pronounced for the forecasts
initialized from the earlier assimilation cycles. The multivariate approach yields better forecasts of low-level
rotation, reflectivity distributions, and storm maintenance for most lead times. The additional inclusion

of hydrometeor and vertical velocity in the multivariate method is beneficial in forecasts. Conversely, the
additional inclusion of hydrometeor and vertical velocity in the univariate method poses negative impacts for
the majority of forecast lead times.

Plain Language Summary Data assimilation (DA) requires an accurate estimation of the
background uncertainty. In ensemble-based DA, such uncertainty is represented by the statistics of a
background ensemble. However, it is difficult to construct ideal background ensembles that truly represent
forecast errors. The deficient background ensemble becomes more problematic for convective-scale radar DA
when all ensemble members miss the observed storms. This study proposes a multivariate additive-inflation
approach to address such deficiency. The mitigation of ensemble deficiency is achieved by drawing spatially
and physically coherent random perturbations from a recently constructed convective-scale static background
error covariance matrix and adding them to each ensemble member. This study assesses the new approach by
comparing it with a previously proposed univariate approach, which perturbs each variable individually without
cross-variable coherency. Results and diagnostics from a tornadic supercell study show that the multivariate
approach improves the analysis and forecast compared to the univariate approach. The multivariate approach
by additionally perturbing hydrometeors and vertical velocity further improves the forecast. In contrast, the
univariate approach including the hydrometeors and vertical velocity perturbations degrades the forecast.

1. Introduction

Recently, multiple ensemble-based data assimilation (DA) methods, such as the ensemble Kalman filter (e.g.,
Aksoy et al., 2009; Dowell et al., 2004, 2011; Johnson et al., 2015; Jung et al., 2008; Lei et al., 2009; Tong &
Xue, 2005; Yokota et al., 2018; Yussoufetal.,2013; Zeng et al., 2020) and the hybrid ensemble-variational (EnVar,
e.g., Duda et al., 2019; Gasperoni et al., 2022; Y. Wang & Wang, 2017, 2020, 2021) methods, have been widely
adopted to initialize convection-allowing numerical weather prediction models through assimilating radar obser-
vations. Many results have demonstrated that the flow-dependent background error covariances (BECs) derived
from ensembles are useful in convective scale data assimilation (e.g., Dowell et al., 2011; Johnson et al., 2015;
Snyder & Zhang, 2003). However, the effectiveness of the flow-dependent BECs can be heavily degraded by
the ensemble misrepresentation of model error, including imperfect parameterizations of subgrid-scale physical
processes. Such an inadequate representation of uncertainties associated with the model error implies ensemble
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sampling deficiency, which leads to degraded performance of storm-scale ensemble-based DA and the quality of
the subsequent forecasts.

Many earlier DA studies have developed a series of techniques to account for the ensemble deficiency, including
multiplicative inflation (Anderson & Anderson, 1999; Houtekamer et al., 2005; Whitaker & Hamill, 2012), addi-
tive inflation (AI) (Dowell & Wicker, 2009; Houtekamer et al., 2005; X. Wang et al., 2009; Whitaker et al., 2008;
Zhang et al., 2004), multi-physics—multi-model method (Fujita et al., 2007; Meng & Zhang, 2008), and stochastic
physics schemes (Houtekamer et al., 2009; Leutbecher et al., 2007; Reynolds et al., 2008). These methods have
been examined and intercompared in the maintenance of ensemble spread during DA and in their impacts on the
subsequent forecasts in these early studies.

For the storm-scale radar DA, both relaxation to prior perturbation (Zhang et al., 2004) and relaxation to prior
spread (RTPS, Johnson et al., 2015; Y. Wang & Wang, 2017, 2020; Whitaker & Hamill, 2012) have been used to
relax the excessive ensemble spread reduction during DA. However, both relaxation methods may become inef-
fective to sustain sufficient ensemble spread when the background ensemble is severely underdispersive, that is,
most ensemble members fail to predict the observed reflectivity (Yokota et al., 2018). Alternatively, Dowell and
Wicker (2009) (hereafter DW09) proposed an Al method to add univariate random perturbations of conventional
variables, including winds (« and v), potential temperature (f), and water vapor mixing ratio (g), to each ensemble
member for initializing storm-scale ensemble and for accounting for ensemble underdispersion. Spatial correla-
tion is included during the generation of the random perturbations. Their work showed that Al provides sufficient
ensemble spread and causes fewer spurious convective cells than the multiplicative inflation. This technique
is easy to implement and commonly adopted for the ensemble-based radar DA (e.g., Dowell et al., 2011; Jung
et al., 2012; Sobash & Wicker, 2015; Y. Wang & Wang, 2017, 2020; Yussouf et al., 2013).

Nevertheless, Yokota et al. (2018) mentioned that adding univariate random perturbations for conventional
variables (DW09) may not be the most effective in addressing the severe underdispersion for reflectivity, that
is, zero spread of reflectivity. Those univariately perturbed conventional atmospheric states in DWO09 do not
directly correlate with the hydrometeors. Additionally, the univariate approach omits the coherent relationship
among variables. Therefore, recent studies (Labriola & Wicker, 2022; Vobig et al., 2021; Yokota et al., 2018)
have attempted to generate spatially and physically coherent random perturbations. Yokota et al. (2018) and
Vobig et al. (2021) separately proposed an additive covariance inflation (Add_CI) method to inflate the reflec-
tivity spread during DA. Their method constructs the ensemble reflectivity perturbations based on the horizontal
cross-correlations of reflectivity with other model variables. However, defects remain in the Add_CI method to
parameterize model error. First, the Add_CI method omits the vertical correlations to construct perturbations
(Vobig et al., 2021; Yokota et al., 2018). However, broad vertical cross-correlations were found within precipita-
tion areas (Michel et al., 2011; Y. Wang & Wang, 2021). Second, this Add_CI method may become ineffective
to provide sufficient spread to assimilate reflectivity when the other model states have a small amount of spread
(Vobig et al., 2021). Third, perturbations generated by Add_CI does not provide sampling beyond the space
spanned by the existing background ensemble. Labriola and Wicker (2022) drew spatially and physically coher-
ent convective-scale perturbations from the idealized CM1 turbulence simulations at a grid spacing of 250 m
initialized with random potential temperature perturbations. While their method obtained promising results in
the increase of ensemble spread, application of this method to real-model applications remains to be explored.

In this study, we propose a new multivariate Al approach to increase and maintain the ensemble spread in
ensemble-based radar DA. This approach adds multivariate random perturbations to both conventional atmos-
pheric states and variables critical to storm scales (e.g., hydrometeors, vertical velocity) in a dynamically and ther-
modynamically coherent fashion. Such coherency is achieved through generating random perturbations sampled
from a separately constructed convective-scale static BEC matrix (Y. Wang & Wang, 2021). As detailed in Y.
Wang and Wang (2021), this static BEC matrix was designed to additionally use vertical velocity, all hydrometeor
types and reflectivity as control variables and to include the three-dimensional (3D) cross-correlations between
any pair of all control variables. The proposed new Al method can generate perturbations that allow to directly
increase and maintain the ensemble spread for variables important to convective scales, allow to modify the back-
ground ensemble in a spatially and physically coherent manner, and allow sampling of system deficiency beyond
the space spanned by the background ensemble. A similar idea of realizing Al through sampling from static BECs
was applied in early studies for large-scale or coarse resolution applications (Houtekamer et al., 2005, 2009; X.
Wang et al., 2009; Zeng et al., 2018). The development of static BECs for convection-allowing scales (e.g., Y.
Wang & Wang, 2021) allows examining its use for convective-scale ensemble DA in real-data applications.
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In this study, the new Al method is first introduced and described. This method is implemented and examined in
the two-way coupled Gridpoint Statistical Interpolation (GSI)-based EnVar system (X. Wang et al., 2013) that has
the direct radar reflectivity assimilation capability (Y. Wang & Wang, 2017) to address two scientific objectives.
The first objective is to examine if the multivariate AI method is more efficient in the increase and maintenance
of ensemble spread, compared to the univariate Al method (i.e., DW09). As an apple-to-apple comparison with
DWO09, only the original conventional variables included in DWQ9 will first be perturbed. The second objective
of this study is to evaluate the impact of including perturbations of hydrometeors and vertical velocity (PHW)
in AL This objective is achieved by comparing experiments with and without the additional inclusion of PHW
using both the multivariate and univariate Al methods. Under the second objective, coherently adding hydrometer
and vertical velocity will be compared with univariately adding hydrometeor and vertical velocity as well. Such
a comparison can also address the first objective. Given that this study is the first to examine this new method
for convective-scale ensemble-based DA, we illustrate the new method and perform detailed examinations and
diagnostics using a case study of the 8 May 2003 Oklahoma City (OKC) tornadic supercell storm. The diagnos-
tics aims to offer an understanding of the newly proposed approach before systematic testing, which is left for
future studies.

The remainder of this paper is organized as follows. Section 2 describes the univariate and the new multivariate
Al methods. Section 3 provides an overview of the 8§ May 2003 OKC tornadic supercell storm and the experi-
mental design. Section 4 compares the performance of using two Al methods and evaluates the impact of further
including PHW in Al. A summary is given in Section 5.

2. Univariate and Multivariate Additive-Inflation Methods

This section introduces the univariate AI method of DW09 and the newly proposed multivariate Al method.
Both AI methods parameterize the ensemble system error by adding random perturbations 1, to the ith analysis
ensemble member x{,

X{ X! +1,, (1)

where i =1, 2, ..., K, and K denotes the ensemble size. Following DW09 and many other studies (e.g., Y. Wang
& Wang, 2017, 2020; Yussouf et al., 2013), random perturbations are added within high-reflectivity regions only.
In this study, perturbations in both methods are only added where the observed reflectivity exceeds 25 dBZ. The
differences between the two methods lie in the generation of 1, and the specific procedure of generating n, for
two methods is described as follows.

2.1. Univariate Additive-Inflation Method (UNI_AI)

In this method, we use the same generation procedure as DWQ9 to obtain 1. Briefly, the first step is to generate
a random number r(x, y, z) for each model grid point (x, y, z) within high-reflectivity regions independently
or univariately for each model variable and each ensemble member. Such a random number is generated from
a normal distribution N(0,s) with a mean of 0 and a standard deviation of ¢. All random numbers within
high-reflectivity regions consist of a perturbation array r. The second step is to obtain 1, at each grid point (I, m,
n) by smoothing the perturbation array r following Caya et al. (2005):

Ix—1] ly—m| |z—n|
Iy Iy L, )’

T],-(l, m,n) = Z r(x, Y, z)exp<—

X, )Z

@

where /, m, and n represent the indices of all model grid points; /, and /, are the horizontal and vertical smoothing
length scales, respectively.

The commonly perturbed variables in UNI_AI include u, v, ¢, and dewpoint temperature td (e.g., DW09, Dowell
et al., 2011; Sobash & Wicker, 2015; Y. Wang & Wang, 2017, 2020; Yussouf et al., 2013). The perturbed td field
is further transformed to ¢g. Hydrometeors (cloud water (ql), rainwater (qr), snow (gs), cloud ice (qi), and graupel
(qg)) and vertical velocity (w) were not perturbed in these past studies using UNI_AI. As one of the objectives
stated in Section 1, this study will explore the impact of additionally including these hydrometeors and vertical
velocity perturbations for the storm-scale DA in both the univariate and multivariate Al methods. Therefore, we
further develop UNI_ALI to include the above-mentioned variables.
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2.2. Multivariate Additive-Inflation Method (BEC_AI)

BEC_AI uses a static BEC matrix constructed for convective scales (Y. Wang & Wang, 2021) to sample random
perturbations. The detailed construction of this convective scale static BEC matrix and its benefits in improving
storm-scale analyses and forecasts have been presented in Y. Wang and Wang (2021). Briefly, such a static BEC
matrix was constructed using historical, 3-km ensemble forecast members during May 2019. In the construction
of this static BEC matrix, (a) reflectivity, w, and all hydrometeor types are extended as control variables; (b) 3D
cross-correlations between any pair of all control variables are established.

The variable-coherent perturbations are generated as follows. For each ensemble member, a random number
rdBZ(x, y, z) is drawn from a normal distribution N (0, o4sz) With a mean of 0 and a standard deviation of
oq4pz for each model grid point within observed high-reflectivity (above 25 dBZ) regions. All random numbers
within high-reflectivity regions consist of a perturbation array r,;,. This array r,,, is smoothed using Equa-
tion 2 and then adopted as the perturbation field for the reflectivity control variable. The properly constructed,
convective-scale static BEC matrix (Y. Wang & Wang, 2021) B is then employed to obtain perturbation 1, for u,
v, t, ¢, w, and mixing ratios of hydrometeor (ql, qr, gs, qi, and qg) following

N = Brasz = U,SUU,UTUIS Ul k. 3)

The physical transform U, denotes the cross-variable correlations between control variables (CVs), as defined in
B. This matrix U]7 maps I, into perturbations with respect to other CVs, u, v, t, g, w, ql, gr, gs, qi, and qg. The
horizontal and vertical transform U, and U, respectively define the horizontal and vertical correlations for each
CV. These two matrices are realized by spatially smoothing the perturbations using the recursive filters (Hayden
& Purser, 1995; Purser et al., 2003a, 2003b). The standard deviations S determine the magnitude of perturbations.
Thus, using this approach, the perturbation magnitude, spatial patterns, and relationships with other variables are
automatically determined after r g, is given.

Here the process of obtaining 1, for ¢ is shown as an example with some more details. First, applying UT on rasz
transforms reflectivity perturbations into perturbations V, for each CV using a regression relation,

V. = pravTapz, “4)

where x represents each of u, v, 1, g, w, ql, qr, gs, qi, and qg; pxav, consists of U, and is the regression to model
the cross-variable correlation between the x CV and reflectivity (dbz). Second, U,, U, and S as well as their trans-
poses are applied on V, following Equation 3 to obtain V, using the recursive filter transforms of GSI. Then, n;
specific for ¢ is calculated by applying U, on V, following

n = Vr + pu.tvu + pu,lvm (5)

where p,; and p,, represents the regression relations of # with u and v, respectively. To obtain ), for other varia-
bles, Equation 5 is replaced following the U, transform of Equation 7 in Y. Wang and Wang (2021).

Per Y. Wang and Wang (2021), the generated perturbations allow to directly increase and maintain ensemble
spread for all the variables including those specific to convective scales (e.g., hydrometeors and vertical velocity)
and to modify background ensemble in a spatially and physically coherent manner.

Figure 1 shows an example of perturbations respectively produced by using UNI_AI and BEC_AI for the radar
reflectivity valid at 21:00 UTC 8 May 2003 for the OKC tornadic supercell. The standard deviations of random
perturbations are 0.25 m s~!, 0.25°C, 0.25°C, and 0.25 g kg~! for horizontal winds, ¢, td, and qr in UNI_AI, and
5.0 dBZ for reflectivity in BEC_AI. The horizontal and vertical length scales of 4 km Equation 2 are used for the
perturbation smoothing function in both methods. These parameters here in each Al method have been carefully
chosen by trial and error overall for best forecast performances. The perturbations from both methods show some
similarities. All perturbations are localized near the observed precipitation areas (Figure 1g), and both methods
have similar magnitudes in the  and gr perturbations (Figures 1a—1d). It is noted that BEC_AI has a ~2 m s~!
greater maximum of wind perturbations than UNI_AI Cross-variable correlations of perturbations show signifi-
cant differences between BEC_AI and UNI_ALI A typical internal storm structure can be revealed by the BEC_AI
perturbations due to the cross-correlations of BEC_AI but cannot by UNI_ALI Figures 1e and 1f show the vertical
cross-correlations of perturbations between g and qr respectively for UNI_AI and BEC_AI as an example. The
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Figure 1. Example of random perturbations in (a, b) temperature (colors; °C) and horizontal winds (vectors; m s~!), and (c, d) rainwater mixing ratio (colors; kg kg™")
at 2 km AGL generated by the use of (a, c) UNI_AI and (b, d) BEC_ALI (g) The corresponding reflectivity observations (colors; dBZ) valid at 21:00 UTC 8 May 2003.
Vertical cross-variable correlations between water vapor mixing ratio (¢) and rainwater mixing ratio (qr) calculated using the perturbations from (e) UNI_AI and (f)
BEC_AL The vertical cross-variable correlations are spatially averaged over the entire domain. The straight black line in panel (a) indicates the location of the vertical
cross section in Figures 4 and 5.

perturbations in BEC_AI are highly correlated with the maxima coefficient greater than 0.7, indicating that the
enhanced qr corresponds with the increased g. In contrast, UNI_AI generates perturbations with a correlation
value lower than 0.3. We also find that the qr perturbations are added only below the 28th model levels in BEC_
AI; however, UNI_AI adds qr perturbations at all vertical levels.
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3. Experimental Design

3.1. Overview of the 8 May 2003 Oklahoma City (OKC) Tornadic
Supercell Case

The 8 May 2003 OKC tornadic supercell storm has been introduced
and investigated in many studies (e.g., Romine et al., 2008; Y. Wang &
Wang, 2017, 2020, 2021; Yussouf et al., 2013). By midafternoon, several

storm cells occurred along the dryline across west-central Oklahoma between
20:00 and 21:00 UTC. Among these cells, a storm cell developed into an
isolated supercell with a significant hook appendage structure by 22:00 UTC.

The supercell propagated northeastward and generated two consecutive
east-northeast tornado damage tracks from 22:04 to 22:08 and from 22:10
to 22:38 UTC with track lengths of 3 and 30 km, respectively. This super-
cell storm started weakening at 23:00 UTC 8 May and finally decayed at

~00:20 UTC 9 May.
97°W 95°W

Figure 2. The domain for the storm-scale data assimilation and forecasts.

The overlaid blue lines are the observed tornado damage tracks during
22:04-22:38 UTC. Location of the KTLX radar site is indicated by the green
star. Locations for the Mesonet sites at Norman and Spencer stations are
labeled with black and red dots, respectively.

3.2. Design of Data Assimilation and Forecast Experiments

This study adopts a single domain (Figure 2) at a 2-km grid spacing, config-
ured as Y. Wang and Wang (2017, 2021). This domain has 226 X 181 hori-
zontal grid points and 50 vertical levels. The Advanced Research Weather
Research and Forecasting Model (WRF-ARW) version 3.9.1.1 is used. The
employed model physics schemes include the Thompson microphysics scheme (G. Thompson et al., 2008), the
Mellor—Yamada—Janji¢ planetary boundary layer scheme (Janji¢, 1990, 1994, 2001; Mellor & Yamada, 1982),
the Noah land surface model (Chen & Dudhia, 2001), and the longwave and shortwave radiation schemes of the
Rapid Radiative Transfer Model for general circulation models schemes (Iacono et al., 2008).

Most DA configurations in this study follow Y. Wang and Wang (2017, 2021). This study uses a 45-member
ensemble at a 2-km grid spacing in the ensemble-based DA. A 45-member mesoscale ensemble at an 18-km grid
in Yussouf et al. (2013) is downscaled to serve as initial conditions (ICs) and corresponding lateral boundary
conditions (LBCs). The ICs and LBCs for the EnVar control member are provided by the mean of the mesoscale
ensemble. A set of 45 samples was drawn from a default BEC in the WRF data assimilation (WRFDA) package and
was added to the Global Forecast System analysis at 12:00 UTC 5 May 2003 to form the mesoscale initial ensem-
ble (X. Wang et al., 2008a, 2008b). Please refer to Yussouf et al. (2013) for the details of the mesoscale ensemble.
Only radar reflectivity and radial velocity from the Weather Surveillance Radar-1988 Doppler (WSR-88D) in
Twin Lakes, Oklahoma (KTLX) are assimilated in this study. These radar observations are obtained by process-
ing the NEXRAD Level-II data retrieved from the National Climatic Data Center. The observation quality control
is performed by using the Warning Decision Support System-Integrated Information (Lakshmanan et al., 2007)
software. The observed reflectivity weaker than 5 dBZ is treated as the “no-precipitation” observations and
is reset to 0 dBZ. Assimilation of these “no-precipitation” observations intends to suppress spurious convec-
tions in the model (Aksoy et al., 2009; Duda et al., 2019; Y. Wang & Wang, 2017, 2021; Yussouf et al., 2013).
Consistent with past radar DA studies (Dowell et al., 2004; Duda et al., 2019; Johnson et al., 2015; Y. Wang &
Wang, 2017, 2020, 2021; Yussouf et al., 2013), the observation errors are defined as 5 dBZ and 2 m s~! for radar
reflectivity and radial velocity, respectively.

A two-way coupled GSI-based EnVar method (X. Wang et al., 2013) is applied to compare the impact of utilizing
UNI_AI versus BEC_AI on the analyses and forecasts. Figure 3 presents the procedure of radar DA and forecasts
with the application of Al Starting from 21:00 UTC 8 May 2003, the Al technique is applied every 15 min just
before the 15-min forecast between assimilation cycles from 21:00 to 21:45 UTC. The purpose of adding random
perturbations to ensemble analysis is to establish the flow-dependent structure of these perturbations during
the 15-min model integration between two DA cycles. Radar reflectivity and radial velocity are assimilated
every 15 min between 21:15 and 22:00 UTC. Free forecasts are launched from every DA cycle time and end at
23:00 UTC for each of the 45-member ensemble analyses and the EnVar control analysis. The control analysis is
updated in EnVar with its BEC purely estimated by ingesting background ensemble perturbations. The ensemble
analyses are obtained by updating ensemble perturbations using EnSRF and are further recentered around the
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Figure 3. Schematics of data assimilation experiments with the use of additive inflation (AI). The section “Add-I” denotes
the application of Al

control analysis. The same localization scales are used in EnVar and EnSRF with cutoff distances of 12 km in the
horizontal and 1.1 scale height (measured in nature log of pressure) in the vertical. Previous studies have shown
that the combination of various methods to account for the deficiency of background ensemble spread usually
outperforms either method used alone (Bowler et al., 2017; Hamrud et al., 2015; Whitaker & Hamill, 2012).
Therefore, this study implements the RTPS inflation method (Whitaker & Hamill, 2012) and the constant infla-
tion, as in Yussouf et al. (2013) and Y. Wang and Wang (2017, 2020), in addition to the Al method. To ensure a
homogenous comparison between UNI_AI and BEC_AI, the same RTPS and constant inflation parameters are
used. Specifically, in each assimilation cycle, the RTPS relaxes the posterior ensemble spread back to 90% of the
prior ensemble spread, and the constant inflation with a coefficient of 1.04 is applied to each ensemble perturba-
tion of the ensemble analyses.

To demonstrate the effectiveness of Al in improving the background ensemble spread, Exp-noAl is first
conducted to compare with the remaining experiments in Table 1. The remaining experiments apply Al to each
cycle during 21:00-21:45 UTC (hereafter “the Al experiments”). The impact of UNI_AI versus BEC_AI on
the convective-scale analyses and forecasts is compared using Exp-UNI and Exp-BEC. Exp-UNI uses UNI_AI
with the standard deviations (o) of 0.25, 0.25 m s~!, 0.25°C, and 0.25°C for u, v, ¢, and td, respectively, and
I, = I, = 4 km in the perturbation smoothing function of Equation 2. These parameters are similar to those in
DWO09 and many other studies (e.g., Dowell et al., 2011; Y. Wang & Wang, 2017, 2020; Yussouf et al., 2013).
BEC_AI is employed in Exp-BEC with a standard deviation (o4pz) of 5.0 dBZ for the reflectivity perturbation.
For a fair comparison between Exp-UNI and Exp-BEC, Exp-BEC only adds perturbations of u, v, ¢, and g to
the ensemble. To investigate the impact of adding random perturbations of hydrometeors and w on the increase
of reflectivity spread, Exp-UNI_AIl and Exp-BEC_All are designed. Exp-UNI_AII is the same as Exp-UNI
except that hydrometeors and w are additionally perturbed with the standard deviations (o) of 0.25 g kg~!, and
0.25 m s7, respectively. Exp-BEC_All is the same as Exp-BEC but adds perturbations to all fields, including u,
v, t, q, W, qc, q1, qi, gs, and qg. The magnitude of perturbations for each variable in Exp-BEC and Exp-BEC_All
is automatically determined, following the description in Section 2.2. Therefore, comparisons between Exp-BEC
and Exp-BEC_AII and between Exp-UNI and Exp-UNI_AII aim to identify the impact of further adding PHW
in both AI methods. Note as discussed in Figure 1, the perturbation magnitude parameters for the Al experi-
ments were selected based on sensitivity tests that produce the best forecasts. The perturbation magnitudes in

Table 1
List of Experiments and Their Configurations of Additive Inflation

Configurations

Experiments Additive-inflation method Perturbed fields Standard deviation (c) of random noise

Exp-noAl \ \ \
Exp-UNI Univariate u, v, t, td 0.25 ms~'/°C
Exp-BEC Multivariate u, v, t,q 5.0dBZ
Exp-UNI_All Univariate u, v, t, td, w, qc, qr, qi, gs, and qg 0.25 m s~'/°Clg kg™!
Exp-BEC_All Multivariate u, v, t,q,w, qc, qr, qi, gs, and qg 5.0dBZ
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Figure 4. Vertical cross sections along the black line in Figure 1a of reflectivity prior ensemble standard deviations (dBZ) valid at 21:15 UTC for (a) Exp-noAl, (b)
Exp-UNI, (c) Exp-BEC, (d) Exp-UNI_All, and (e) Exp-BEC_AIL

Exp-BEC_AII are determined by the computed S Equation 3 in the static BEC matrix in this study. Sensitivity
tests by increasing and decreasing the values of S with a factor of 50% in Exp-BEC_AIl showed less sensitivity
than by increasing and decreasing ¢ with the same factor in Exp-UNI_AII (not shown). In addition, like the
comparisons between Exp-UNI and Exp-BEC, comparisons between Exp-UNI_AIl and Exp-BEC_All are also
performed to examine the impact of multivariate correlations in producing perturbations of all variables. These
experiments are compared using both deterministic and ensemble analyses and forecasts to explore the two scien-
tific objectives in Section 1.

4. Results

4.1. Impact on Data Assimilation Cycling
4.1.1. Comparisons in the Increase of Ensemble Spread and the Impact on the First DA Cycle

The direct impact of different Al methods on the increase of ensemble spread can be revealed by comparing the
background ensemble of the first DA cycle valid at 21:15 UTC 8 May 2003. The background ensemble spread of
reflectivity below 10 km from the first DA cycle for all experiments (Table 1) is presented in Figure 4. Exp-noAl
has zero spread as a result of the entire reflectivity distributions missed by all ensemble members (Figure 4a).
Compared to Exp-noAl, the AI experiments increase the spread of reflectivity (Figures 4b—4d). These compar-
isons between Exp-noAl and the Al experiments demonstrate the usefulness of Al in increasing spread. For the
comparisons between UNI_AI and BEC_AI, Exp-UNI produces spread up to 4 dBZ below 4 km AGL (Figure 4b),
while Exp-BEC has spread 5-13 dBZ larger than Exp-UNI across most vertical levels (Figure 4c). Similarly, the
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Figure 5. Vertical cross sections along the black line in Figure 1a of reflectivity (colors) and vertical velocity (contours from —4 to 10 m s~! at 3 m s~! interval) from
the EnVar control analyses valid at 21:15 UTC for (a) Exp-noAl, (b) Exp-UNI, (c) Exp-BEC, (d) Exp-UNI_All and (e) Exp-BEC_AIl and from the EnVar control first
guesses (15-min forecasts) valid at 21:30 UTC for (g) Exp-UNI_AIl and (h) Exp-BEC_AIL (f) The corresponding reflectivity observations (colors) at 21:15 UTC.

spread in Exp-BEC_All is 3-5 dBZ greater than that in Exp-UNI_AII across all levels (Figures 4d and 4e). These
results suggest that BEC_AI is more efficient in increasing spread than UNI_AI. Additionally, larger spread is
obtained in Exp-UNI_AIl (Exp-BEC_AIlI) than in Exp-UNI (Exp-BEC). Such larger spread is associated with the
additional inclusion of PHW in both AI methods.
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At 21:15 UTC, the first guess control fails to predict all the observed storms (not shown). Consequently, the
quality of the analyzed reflectivity highly relies on the magnitude of ensemble spread. Reflectivity is still miss-
ing in the analysis of Exp-noAl (Figure 5a) due to its zero spread of reflectivity. Exp-UNI produces some weak
reflectivity with the maxima below 15 dBZ between 1 and 4 km AGL (Figure 5b). The analyzed reflectivity
of Exp-BEC is significantly improved across all levels, where the largest value exceeds 35 dBZ (Figure 5c).
Exp-UNI_AIll (Figure 5d) and Exp-BEC_All (Figure 5e) share a similar pattern of the analyzed reflectivity
distributions, both reaching a maximum value greater than 40 dBZ. Compared to the observation (Figure 5f),
the vertical spatial structures of reflectivity in Exp-UNI_AIl and Exp-BEC_AIl are closer to reality than in the
other experiments. It is noted that all analyzed reflectivity from five experiments is weaker than the observation.
Such weaker reflectivity is expected in the first DA cycle and indicates the requirement of a longer spinup time,
consistent with previous storm-scale radar DA studies (e.g., Dowell et al., 2011; Y. Wang & Wang, 2017, 2021;
Yussouf et al., 2013).

While Exp-UNI_AIl and Exp-BEC_All have a similar pattern of reflectivity distributions, their analyzed w fields
are remarkably different. The strong updraft with the maxima above 8 m s~! in Exp-BEC_AII coincides with
the high magnitude of the analyzed reflectivity (Figure 5e). In contrast, the analysis in Exp-UNI_AIl has much
weaker updrafts lower than 2 m s~! corresponding to the analyzed reflectivity (Figure 5d), leading to quickly
weakened convection in the subsequent 15-min forecast (Figure 5g). Such a consistent relationship between
reflectivity and updraft in Exp-BEC_All favors the maintenance and enhancement of great reflectivity in the
subsequent forecast (Figure Sh) and thus a fast spinup in the later cycles. In summary, Figures 4 and 5 suggest that
BEC_AI provides better sampling of background errors compared to their UNI_AI counterpart.

4.1.2. Observation-Space Diagnostics

The observation-space diagnostic metrics of the root-mean-square fit to observations (RMSF) and the total
ensemble spread (total spread, Dowell & Wicker, 2009) are used to quantify the performance of all experiments
during DA cycling (Figure 6). The total spread is the square root of the sum of the squared observation error and
the observation-space ensemble variance. These two metrics are calculated every 15 min using the assimilated
KTLX radar reflectivity and radial velocity observations during 21:15-22:00 UTC. The RMSF of the posterior
in Exp-noAl is the largest among five experiments consistently during the entire assimilation period, especially
for the reflectivity observations. Compared to the Al experiments, the prior of Exp-noAl fits less to reflectivity
during the entire assimilation period and to radial velocity at the last DA cycle. This result can be explained by its
barely increased total spread, which only gets slightly enlarged after 21:45 UTC in Exp-noAl. Such smaller total
spread of Exp-noAl than the Al experiments further confirms the usefulness of Al in the increase of ensemble
spread. Compared to Exp-noAl, the Al experiments present the reduced RMSF of the prior and the posterior and
the increased total spread for both radial velocity and reflectivity.

Differences among the Al experiments are more apparent for the reflectivity than for the radial velocity. The
differences of RMSF and spread in the reflectivity during the assimilation period (Figure 6b) are consistent with
those in the first DA cycle (Figures 4 and 5). Specifically, the total spread from Exp-BEC is larger than that from
Exp-UNI by 1-4 dBZ during the assimilation period, especially in the first two cycles. Consequently, the analysis
in Exp-BEC fits better to the reflectivity observations in Exp-UNI. The RMSF of the prior from Exp-BEC is
smaller than that from Exp-UNI at the first two cycles but their RMSF of the prior becomes similar at the last two
cycles. The differences in the total spread and RMSF for reflectivity between Exp-UNI_AIll and Exp-BEC_All
are smaller than those between Exp-UNI and Exp-BEC. The total spread for reflectivity from Exp-BEC_All
is slightly larger than that from Exp-UNI_AIL. Exp-BEC_AIll produces slightly smaller RMSF of the prior and
slightly larger RMSF of the posterior than Exp-UNI_AIll. Compared to Exp-BEC (Exp-UNI), Exp-BEC_All
(Exp-UNI_AIlI) obtains enlarged total spread of reflectivity as well as reduced RMSF of the posterior and prior
for reflectivity during the assimilation period.

For radial velocity, the RMSF of the posterior is very similar to each other in the Al experiments. The smallest
and largest RMSF of the prior are respectively obtained by Exp-BEC_AIl and Exp-UNI_AIl. The RMSFs of
Exp-UNI and Exp-BEC are similar; so are the RMSFs between Exp-BEC_All and Exp-UNI_AII. The total spread
of the prior from Exp-BEC and Exp-UNI are mixed. It is noted that Exp-UNI_AII has consistently larger total
spread than Exp-BEC_All from 21:15 to 22:00 UTC. Such more quickly enlarged total spread of Exp-UNI_AIl
could be attributed to its more spurious convective cells around the primary storms. The spurious cells are
induced by spuriously strong cold pools, which are associated with the added hydrometeor perturbations failing
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Figure 6. Observation-space diagnostic statistics for the assimilated KTLX (a) radial velocity (m s~!) and (b) reflectivity
(dBZ) for Exp-noAlI (blue), Exp-UNI (red), Exp-BEC (green), Exp-UNI_AIIl (orange), and Exp-BEC_All (cyan) during the
entire data assimilation period. The root-mean-square fit statistics for the first guess control and analyses control shown in the
upper points and lower points of the sawtooth patterns, respectively. The dotted lines represent the total spread for the first
guess ensemble.

to be supported due to the absence of strong updrafts, as indicated in Figure 5g. Exp-BEC_AIll (Exp-UNI_AII)
has a larger total spread value for radial velocity than Exp-BEC (Exp-UNI).

Figure 7 compares the reflectivity analyses from each cycle for all experiments to reveal their impact on the spinup
time reduction during DA cycling. Exp-noAl fails to analyze reflectivity until the third DA cycle (21:45 UTC,
Figure 7a3) where some spotted reflectivity is produced as a result of its small ensemble spread in Figure 6b.
At 22:00 UTC, the reflectivity analysis of Exp-noAl still misses the forward-flank region of the observed storm
(Figure 7a4 vs. Figure 704). This result indicates that Exp-noAl fails to spinup in 1 hr. In comparison, some
weak reflectivity can be analyzed at 21:30 in Exp-UNI (Figure 7b2) and 21:15 UTC in Exp-BEC, Exp-UNI_AII,
and Exp-BEC_AIl (Figure 7c1-7el). The spinup time is remarkably reduced in all Al experiments compared to
Exp-noAl. Specifically, Exp-UNI reaches the stable reflectivity value at around 21:45 UTC (Figure 7b3), and
Exp-BEC, Exp-UNI_AII, and Exp-BEC_AIl similarly reach it at around 21:30 UTC (Figures 7c2-7e2). The Al
experiments share similar reflectivity analyses at the third and fourth DA cycles (21:45 and 22:00 UTC), which
are comparable with the observed reflectivity (Figures 703 and 704). Note that the similar reflectivity analyses
in these experiments do not necessarily mean their other state fields are similarly and reasonably analyzed, as
suggested by Figure 5d. The quality of analyses from each DA cycle for all experiments will be further evaluated
through verifying the corresponding free forecasts in the next subsection.

4.2. Impact on Forecasts

As all experiments fail to predict the primary characteristics of this supercell storm in the forecasts initialized at
21:15 UTC (not shown), this section will present the forecasts initialized from the analyses valid at 21:30, 21:45,
and 22:00 UTC. The evaluated forecasts include the ensemble forecasts initialized from the recentered EnSRF
ensemble analyses and the deterministic forecast initialized from the EnVar control analysis from each DA cycle.

4.2.1. Ensemble Probabilistic Forecasts of Low-Level Vorticity and Reflectivity

We first verify the ensemble forecasts against the observed tornado damage track to evaluate the forecast perfor-
mances of five experiments on low-level rotations. A forecast tornado probability is usually used to represent the
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Figure 7. The reflectivity analyses at 1 km AGL for (al—a4) Exp-noAl, (b1-b4) Exp-UNI, (c1—c4) Exp-BEC, (d1-d4) Exp-UNI_AII, and (el1—e4) Exp-BEC_AIl from
each assimilation cycle during the 1-hr data assimilation period. The corresponding observed reflectivity is shown in panels (01-04).

existence of low-level rotations (vorticity) because the 2-km grid spacing is too coarse to explicitly predict torna-
does (Stensrud et al., 2013; T. E. Thompson et al., 2015; Y. Wang & Wang, 2017; Yussouf et al., 2013). Consist-
ent with Yussouf et al. (2013) and Y. Wang and Wang (2017), we calculate the forecast probabilities of vorticity
exceeding 0.003 s~! at 150 m AGL with a 6-km neighborhood radius at each grid point in Figure 8. As described
in Section 3.1, the observed tornado damage track appeared between 22:04 and 22:38 UTC. Therefore, we only
present the forecast probabilities of vorticity during 22:00-23:00 UTC for all forecasts initialized from different
analysis times. Results indicate that the forecast probabilities of vorticity for all experiments enlarge along with
the increase of DA cycles. These results are expected because the ensemble analyses from a later DA cycle are
obtained by assimilating more radar observations and closer to the period of interest. Not surprisingly, Exp-noAl
only produces some spotted swaths of the weak probability of vorticity (Figures 8a2 and 8a3), which fail to
correlate with the observed tornado damage track for all three initialization times considered. In comparison, a
non-zero probability of the swaths of significant mesocyclones is predicted by the forecasts initialized as early
as 21:30 UTC in Exp-BEC and Exp-BEC_AlL, and as early as 21:45 UTC in Exp-UNI and Exp-UNI_AIl. The
probabilities of significant low-level mesocyclones for Exp-BEC and Exp-BEC_All are 10%-40%, 40%-80%,
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Figure 8. Neighborhood ensemble probability (%) of vorticity exceeding a threshold of 0.003 s~! at 150 m AGL during 22:00-23:00 UTC initialized from the analyses
at (al-el) 21:30, (a2—e2) 21:45, and (a3-e3) 22:00 UTC, respectively, for (al-a3) Exp-noAl, (b1-b3) Exp-UNI, (c1—c3) Exp-BEC, (d1-d3) Exp-UNI_AIl, and (el-e3)
Exp-BEC_AIlL The overlaid lines in each panel are the observed tornado damage tracks during 22:04-22:38 UTC.

and 40%-90% higher than for Exp-noAl for the ensemble forecasts initialized at 21:30, 21:45, and 22:00 UTC,
respectively. The probabilities for Exp-UNI and Exp-UNI_AIl are 20%-70% and 40%-90% higher than for
Exp-noAl for the ensemble forecasts initialized at 21:45 and 22:00 UTC, respectively.

Exp-UNI and Exp-BEC are further compared to reveal the impact of UNI_AI versus BEC_AI on the forecast prob-
abilities of low-level vorticity. Exp-BEC predicts a non-zero probability of the swaths of significant mesocyclones
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at a forecast initialization time as early as 21:30 UTC. In comparison, Exp-UNI does not detect such swaths of
significant mesocyclones until at a forecast initialization time as early as 21:45 UTC (Figures 8b2 and 8b3). The
probabilities of significant mesocyclones of Exp-BEC are ~20%—45% consistently higher than those of Exp-UNI
for the ensemble forecasts initialized at the same DA cycle (Figures 8b1-8b3 vs. Figures 8c1-8c3). The improve-
ment of the forecast probabilities of vorticity of Exp-BEC_AIl relative to Exp-UNI_AIIl is similar to that of
Exp-BEC relative to Exp-UNI. Specifically, all ensemble forecasts in Exp-BEC_All detect the swaths of signif-
icant mesocyclones at an initialization time as early as 21:30 UTC (Figures 8e1-8e3). In contrast, Exp-UNI_All
fails to produce such a swath for the forecasts initialized at 21:30 UTC (Figure 8d1). The probabilities of low-level
vorticity of Exp-BEC_All are ~20%—40% consistently higher than those of Exp-UNI_AIl (Figures 8d1-8d3 vs.
Figures 8e1-8e3). The selected threshold of vorticity is expected to only appear around the tornado track and its
swath can extend beyond the track because this supercell that spawn the tornadoes persisted beyond the tornado
track as introduced in Section 3.1. However, we notice that for both the 21:45 and 22:00 UTC initialization times,
Exp-UNI_AII has spurious vorticity spreading over the northwest of the tornado track for the forecasts valid after
22:45 UTC (Figures 8d2 and 8d3).

In terms of the impact of further including PHW in Al on the forecast probabilities of vorticity, ensemble fore-
casts from Exp-UNI (Exp-BEC) are compared with those from Exp-UNI_AIl (Exp-BEC_All). In the later fore-
cast stage, Exp-UNI has less spurious vorticity and 5%—10% higher probabilities of vorticity overlapped with the
observed tornado track than Exp-UNI_AII for the ensemble forecasts initialized at both 21:45 and 22:00 UTC. In
comparison, in the early lead time, Exp-UNI_AIl has ~5% higher probabilities than Exp-UNI before 22:05 UTC
(Figures 8b2 and 8b3 vs. Figures 8d2 and 8d3). Exp-BEC shares some similarities in the pattern of the swaths
of significant mesocyclones with Exp-BEC_All (Figures 8c1-8c3 and 8e1-8e3). The major difference between
Exp-BEC and Exp-BEC_All is the value of the probability for the ensemble forecasts initialized at 21:30 and
21:45 UTC (Figures 8cl and 8c2 vs. Figures 8el and 8¢2). In the first 50-min forecast period, Exp-BEC has
5%—10% lower probabilities of vorticity than Exp-BEC_AIl. In the later 10-min forecast period, Exp-BEC has
~10% higher probabilities than Exp-BEC_AIL In other words, during the majority of the forecast lead times,
Exp-BEC_AIl has higher probability than Exp-BEC. These results indicate that for BEC_AI the inclusion of
PHW further improves the low-level vorticity forecasts with higher probabilities at most lead times except for
the brief degradation (smaller probabilities) in the later forecast stage. At later DA cycles such as 22:00 UTC,
Exp-BEC and Exp-BEC_AIl obtain similar probabilities of low-level vorticity for the ensemble forecasts
(Figures 8c3 and 8e3). In comparison, for UNI_AI, the inclusion of PHW improves briefly very short-term fore-
casts of low-level vorticity with higher probabilities but significantly reduces the forecasts probabilities in the
remaining majority of forecast lead times.

Many previous studies have found that the evolution of a low-level mesocyclone highly relies on the char-
acteristics of rear-flank (RF) cold pools (e.g., Lerach & Cotton, 2012; Leslie & Smith, 1978; Markowski
et al., 2002, 2003; Snook & Xue, 2008; Y. Wang & Wang, 2020). A tornado-related low-level mesocyclone can
be maintained only with a proper strength of RF cold pools. Too strong cold pools may lead to the tilt between
near-surface mesocyclone and midlevel updraft, resulting in the demise of the mesocyclone (Marquis et al., 2012;
Wakimoto & Martner, 1992; Y. Wang & Wang, 2020; Wicker & Wilhelmson, 1995). Too weak cold pools may
not be able to maintain the low-level mesocyclone due to the lack of sufficient stretching (Noda & Niino, 2010;
Roberts et al., 2016; Rotunno et al., 2017) and horizontal baroclinic vorticity supply (Klemp & Rotunno, 1983;
Markowski et al., 2008). Here we use the cold pool forecasts of member 1 initialized at 21:45 UTC in Figure 9
as an example to understand the differences in the forecast probabilities of low-level vorticity among all experi-
ments. Exp-noAl predicts the warmest cold pools during the 1-hr forecast period (Figures 9a1-9a7), compared
to the AI experiments. The weaker cold pools than observations in Exp-noAl may be responsible for its failure
in producing the significant low-level mesocyclone (Figure 8b2). The RF cold pools in Exp-BEC are 2°C-5°C
weaker than Exp-UNI before 22:20 UTC (Figures 9c1 and 9¢c2 vs. Figures 9b1l and 9b2) but become ~3°C
stronger than Exp-UNI in the later forecast stage (Figures 9¢3-9¢7 vs. Figures 9b3-9b7). These stronger cold
pools in Exp-BEC better match the observed surface temperature than in Exp-UNI. This result suggests that
the greatly decreased probabilities of vorticity in the later forecast stage of Exp-UNI (Figure 8b2) could be
attributed to its weakened RF cold pools. Compared to Exp-BEC, the more quickly weakened RF cold pools
in Exp-UNI could be caused by its more rapidly decaying storms (indicated by Figures 10 and 11), probably
resulting from the inconsistency between hydrometeors and other state fields during the model integration. The
negative impact of such a variable-inconsistency is further amplified in Exp-UNI_AIl by additionally including
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Figure 9. The 2-m temperature (colors; °C) and vertical vorticity (black contours from 0.003 to 0.009 s~! at 0.003 s~! interval) at 150 m AGL from the deterministic
forecasts initialized from 21:45 UTC for (al-a7) Exp-noAl, (b1-b7) Exp-UNI, (c1-c7) Exp-BEC, (d1-d7) Exp-UNI_Al], and (el-e7) Exp-BEC_All during the period

from 22:00 to 23:00 UTC. The observed surface temperature from Norman and Spencer stations (labeled in Figure 2) is overlaid in color circles. Corresponding forecast

time is indicated in the first column. The green line in each panel is the same as in Figure 8.

PHW, leading to the strongest and the most widespread cold pools before 22:30 UTC (Figures 9d1-9d3) among
all experiments. The surface temperature observations suggest that Exp-UNI_AIl produces spuriously strong
cold pools (Figures 9d1-9d3). The strongest cold pools result in the development of new spurious convective
cells and the tilt between near-surface mesocyclone and midlevel updraft. Therefore, Exp-UNI_AIl produces
spurious vorticity in the northwest of the tornado track and lower probabilities of vorticity in the later forecast
stage (Figures 8d2 and 9d1). Compared to Exp-BEC, Exp-BEC_All produces the enhanced RF cold pools and
consequently, the intensified low-level vorticity in the earlier forecast stage (Figures 9e1-9e4). The strength
of cold pools in Exp-BEC_AIll agree well with the observations. In the later forecast stage (Figures 9e5-9¢7),
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Figure 10. Fractions skill score of reflectivity exceeding 40 dBZ at 1 km AGL from the ensemble forecasts initialized at (a)
21:30, (b) 21:45, and (c) 22:00 UTC for Exp-noAl (solid-black), Exp-UNI (solid-blue), Exp-BEC (dash-blue), Exp-UNI_AIl
(solid-red), and Exp-BEC_AlI (dash-red).

however, the additionally enhanced cold pools (not shown) of Exp-BEC_AII for some members may result in
weakened low-level vorticity (Figure 8e2). This result suggests that additional tuning efforts in Exp-BEC_AlI,
that is, reducing the magnitude of hydrometeor and w perturbations, may be required in the future to further
improve the forecast probabilities in the later lead times.

Important differences among all experiments also exist in reflectivity forecasts. The fractions skill score (FSS) is
computed for the reflectivity above 40 dBZ at 1 km AGL every 5 min using a neighborhood radius of 6 km for
the ensemble forecasts initialized at 21:30, 21:45, and 22:00 UTC (Figure 10). The differences in the FSS among
all experiments are more pronounced for the ensemble forecasts initialized from the earlier DA cycles than those
initialized at 22:00 UTC. Among all experiments, Exp-noAl generally has the lowest forecast skills. Exp-BEC
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Figure 11. Probability (%) of reflectivity at 1 km AGL exceeding 40 dBZ for (al-a6) Exp-noAl, (b1-b6) Exp-UNI, (c1-c6) Exp-BEC, (d1-d6) Exp-UNI_All, and
(el-e6) Exp-BEC_AIIl during the period from 21:45 to 23:00 UTC. The first column shows the probability from the analyses at 21:45 UTC; the probabilities from
the 15-, 30-, 45-, 60-, and 75-min forecasts are shown in the second to sixth column, respectively. The black line in each panel indicates the observed reflectivity at a
threshold of 40 dBZ at the corresponding times.

outperforms Exp-UNI at most lead times except for the period around 22:00 UTC for the forecasts from 21:30
to 21:45 UTC (Figures 10a and 10b). Exp-UNI and Exp-BEC have a mixed performance for the forecasts from
22:00 UTC (Figure 10c). Exp-BEC_AIll consistently yields higher FSSs than Exp-UNI_AIl during the entire
forecast period for all forecasts, except around 22:15 UTC for the forecasts from 22:00 UTC.

In terms of the impact of further including PHW on the reflectivity forecasts, Exp-UNI_AIl has higher skills
than Exp-UNI in the first 5-25 min forecast periods and lower skills in the remaining 35—70 min lead times for
all forecasts. Conversely, Exp-BEC_AII produces higher FSSs than Exp-BEC during the entire 90-min forecast
period for the forecasts from 21:30 UTC (Figure 10a), during 60 out of 75 forecast minutes for the forecasts from
21:45 UTC (Figure 10b), and during 45 out of 60 forecast minutes for the forecasts from 22:00 UTC (Figure 10c),
respectively. Overall, the inclusion of PHW in BEC_AI improves the reflectivity forecasts at most lead times.
In comparison, the inclusion of PHW in UNI_AI improves very short-term forecasts of reflectivity but quickly
degrades them in the later forecast stage.

As an example, Figure 11 shows the gridpoint-based probability of reflectivity distributions at 1 km AGL exceed-
ing a threshold of 40 dBZ calculated from the ensemble forecasts initialized at 21:45 UTC. Differences in the
forecast probabilities of reflectivity distributions shown in Figure 11 are generally consistent with the FSS differ-
ences in Figure 10. Exp-noAl fails to predict a large portion of the observed reflectivity in the forward-flank
region during the entire 75-min forecast period (Figures 11al-11a6). Exp-UNI and Exp-BEC produce a similar
probability at 21:45 UTC (Figures 11b1 and 11c1). However, Exp-UNI obtains a larger coverage of the high prob-
ability above 80% than Exp-BEC at 22:00 UTC (Figure 11b2 vs. Figure 11c2). After that, while the coverage with
the high probabilities of 40 dBZ reflectivity in both experiments matches well with the observations, the probabil-
ities in Exp-BEC are ~10% higher than in Exp-UNI (Figures 11b3-11b6 vs. Figures 11c3-11c6). Exp-UNI_All
shows a spuriously widespread high probability area at 21:45 UTC (Figure 11d1), which suggests the presence
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Figure 12. The reflectivity (colors; dBZ) and vertical velocity (contours from 0.003 to 0.009 s~! at 0.003 s~ interval) at 1 km AGL during 21:45-23:00 UTC from
the forecasts initialized at 21:30 UTC of (al-a6) Exp-noAl, (b1-b6) Exp-UNI, (c1-c6) Exp-BEC, (d1-d6) Exp-UNI_AIl, and (el-e6) Exp-BEC_AIL. The observed
reflectivity at corresponding times is shown in panels (01-06).

of spurious convective cells induced by too strong cold pools (Figure 8d2). In the subsequent forecast, these
spurious cells quickly dissipate (Figure 11d2). The primary storm weakens from 22:15 UTC (Figure 11d3) and
nearly dissipates at 22:45 UTC (Figure 11d5). The decay of storms in Exp-UNI_All is probably affected by the
too-strong cold pools as well (Figures 9d1-9d3). In comparison, Exp-BEC_All predicts the reflectivity distri-
butions with high probabilities matching well with the observations and has the best performance among all
experiments (Figures 11e1-11e6).

4.2.2. Deterministic Forecasts of Reflectivity and Midlevel Updraft and Vorticity

As mentioned in Section 3.2, the control analysis is obtained using EnVar with the BECs estimated by back-
ground ensemble perturbations from the 15-min free ensemble forecast between two cycles. Therefore, the
performance of control analysis and its subsequent forecast heavily depends on the quality of background
ensemble perturbations. Exp-noAl fails to add reflectivity at 21:30 UTC (Figure 7a2) and misses the observed
storms during the entire 90-min forecast period (Figures 12al-12a6). In contrast, Exp-UNI analyzes weaker
and narrower reflectivity than Exp-BEC at 21:30 UTC (Figures 7b2 and 7c2). Subsequently, compared to the
observations (Figures 1201-1203), the predicted reflectivity in Exp-UNI is slightly better than that in Exp-BEC
before 22:15 UTC (Figures 12b1-12b3 vs. Figures 12c1-12¢3). From 22:30 UTC, the forecast storm of Exp-UNI
quickly weakens (Figures 12b4—-12b6) and produces a smaller reflectivity coverage than that of Exp-BEC
(Figures 12c4-12c6). Exp-UNI_All and Exp-BEC_AIll have comparable analyzed reflectivity distributions
(Figures 7d2 and 7e2). However, significantly different reflectivity distributions are produced from 22:15 UTC
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Figure 13. The evolution of vertical velocity (colors; m s~!) and vertical vorticity (contours from 0.002 to 0.02 s~! at 0.002 s~! interval) at 4 km AGL during
22:00-23:00 UTC from the forecasts initialized at 21:30 UTC for (al-a7) Exp-noAl, (b1-b7) Exp-UNI, (c1-7) Exp-BEC, (d1-d7) Exp-UNI_AIl, and (e1-€7)

Exp-BEC_AIL

between Exp-UNI_AIl and Exp-BEC_AIl (Figures 12d3—12d6 vs. Figures 12e3-12e6). The forecast storm in
Exp-UNI_AII quickly weakens and dissipates at 22:30 UTC (Figure 12d4). Conversely, the predicted reflectivity
in Exp-BEC_AIl maintains the hook-echo structure and the forward flank closest to the observations during the
forecast period. Among all the experiments, only Exp-BEC_All has the maximum low-level vorticity above
0.003 s~! near the hook echo during the entire 90-min forecast period. All experiments produce improved reflec-
tivity distributions for the forecasts at later DA cycles (not shown). While Exp-noAl is still less skillful in reflec-
tivity forecast than the Al experiments, differences among the Al experiments become slight.

We further examine the midlevel updraft and vorticity during 22:00-23:00 UTC to explore the performance of
all experiments in the maintenance of the supercell storm. For the forecasts initialized at 21:30 UTC (Figure 13),
Exp-noAl, Exp-UNI, and Exp-UNI_AII fail to maintain the storm with strong updrafts exceeding 10 m s~! and
vorticity above 0.004 s~! before 22:30 UTC. The storm in Exp-UNI is better maintained than that in Exp-UNI_AIl
because the storm in Exp-UNI_AIl dissipates at 22:20 UTC (Figure 13d3). In contrast, the maximum updraft and
vorticity remain above 10 m s~! and 0.004 s~!, respectively, before 22:40 UTC in both Exp-BEC and Exp-BEC_AIL.
Particularly, the strong storm in Exp-BEC_AlI persists beyond 23:00 UTC (Figure 13d7). All experiments have
an enhanced storm presented by the updraft for the forecasts from the later DA cycles (not shown). The storm in
Exp-noAl is still the weakest among all experiments. Exp-UNI, Exp-BEC, and Exp-BEC_AIll have similar results
and maintain the strong storm during the 1-hr forecast period. In contrast, the strong storm in Exp-UNI_AIl
persists a shorter period partially due to its less balanced fields than the other experiments (not shown).

5. Summary

Ensemble-based convective-scale data assimilation (DA) commonly suffers from ensemble sampling deficiency
with an insufficient amount of ensemble spread due to misrepresentation of model error. In this study, a multi-
variate Al method (BEC_AI) is developed to increase and maintain ensemble spread. In this method, perturba-
tions are generated for all variables including hydrometeors and vertical velocity. Through including spatial and
cross-variable correlations, perturbations are generated in a spatially and physically coherent fashion. This new
method is achieved by drawing random perturbations from a recently constructed convective-scale static BEC
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matrix (Y. Wang & Wang, 2021). This convective-scale static BEC matrix is extended to include hydrometeors,
vertical velocity (w), and reflectivity as control variables, and to include 3D cross-correlations between any
pair of control variables. The primary objective of this study is to introduce the new method and to understand
the effect of this method versus a previously proposed univariate AI (UNI_AI) method (DW09). As a first step
of exploring the new approach, the method is demonstrated with a 8 May 2003, OKC tornadic supercell case
study.

Five experiments are conducted using the WRF-ARW model and the GSI-based EnVar DA system. Exp-noAl,
without Al, serves as the baseline experiment to demonstrate the effectiveness of the Al experiments. The Al
experiment named Exp-UNI uses UNI_AI to perturb conventional variables such as winds (u and v), potential
temperature (), and water vapor mixing ratio (g) only, following DW09. Exp-BEC applies BEC_AI to generate
perturbations for the same variables as DW09. Exp-UNI_AII is the same as Exp-UNI except to further perturb
hydrometeors and w univariately. Exp-BEC_All, is the same as Exp-BEC except to further include perturbations
of hydrometeors and w in a multivariate fashion. These perturbations are added to the regions with the observed
reflectivity exceeding 25 dBZ for each ensemble member every DA cycle for the 8 May 2003 experiments. All
experiments assimilate the same radar observations every 15 min from 21:15 to 22:00 UTC. Free forecasts ending
at 23:00 UTC are launched from every DA cycle.

During DA cycling, all Al experiments have increased ensemble spread and thus produced better analyses and
first guesses during the assimilation period, compared to Exp-noAl. Among the Al experiments, Exp-BEC
increases reflectivity spread more efficiently than Exp-UNI. As a result, Exp-BEC has a reduced reflectiv-
ity spinup time compared to Exp-UNI. Exp-BEC_AIll produces larger reflectivity spread than Exp-UNI_AIL.
Exp-BEC_AIll and Exp-UNI_AIl obtain enlarged spread for both radial velocity and reflectivity and produce
first guesses better fitting to the reflectivity observations, compared to their counterparts, Exp-BEC and
Exp-UNIL

Both probabilistic and deterministic forecasts initialized from all DA cycles are evaluated for all experiments.
The Al experiments significantly improve the forecasts of low-level rotations, reflectivity distributions and storm
maintenance, compared to Exp-noAl. Differences among Al experiments are more apparent for the forecasts
initialized from the earlier DA cycles. Exp-BEC and Exp-BEC_All overall yield better forecasts than their coun-
terparts, Exp-UNI and Exp-UNI_ALI, for the majority of forecast lead times. Exp-BEC_AII produces more skill-
ful forecasts for the low-level mesocyclone, reflectivity forecasts, and storm maintenance than Exp-BEC for most
lead times. In contrast, compared to Exp-UNI, Exp-UNI_AIl poses negative impacts on the forecasts for most
lead times.

As an initial effort to examine the newly proposed additive-inflation approach, a tornadic supercell case study is
adopted to introduce, demonstrate, and understand the method. A systematic study using many cases to assess
the robustness of BEC_AI and to determine its optimal configuration needs to be performed in the future. As
discussed in Y. Wang and Wang (2021), future efforts are needed to develop the convective-scale static covari-
ances and the Al approach for a variety of storm types.

Data Availability Statement

The WRF model (Skamarock et al., 2008) version 3.9.1.1 used to produce forecasts in this study is licensed under
a Creative Commons Attribution-Noncommercial 4.0 International License, available at https:/www2.mmm.
ucar.edu/wrf/users/download/get_sources.html. The GSI EnVar/EnSRF (Shao et al., 2016) used to perform data
assimilation can be downloaded from https://dtcenter.org/community-code/gridpoint-statistical-interpolation-gsi.
The Warning Decision Support System-Integrated Information (WDSSII) software (Lakshmanan et al., 2007)
can be obtained through further request at http://www.wdssii.org/download.shtml. The radar observations for
assimilation and forecast evaluation can be obtained from National Centers for Environmental Information
(NCEIL, 1995). The surface temperature observations for verifying cold pool strength can be grabbed from the
Oklahoma Mesonet (Mesonet, 1994). The Global Forecast System (GFS, 2003) analysis data was used to gener-
ate mesoscale initial ensemble.
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