VOLUME 133

MONTHLY WEATHER REVIEW

JuLy 2005

Ensemble Kalman Filter Assimilation of Doppler Radar Data with a Compressible

Nonhydrostatic Model: OSS Experiments

MINGIING TONG AND MING XUE

School of Meteorology and Center for Analysis and Prediction of Storms, University of Oklahoma, Norman, Oklahoma

(Manuscript received 8 June 2004, in final form 20 September 2004)

ABSTRACT

A Doppler radar data assimilation system is developed based on an ensemble Kalman filter (EnKF)
method and tested with simulated radar data from a supercell storm. As a first implementation, it is assumed
that the forward models are perfect and that the radar data are sampled at the analysis grid points. A
general purpose nonhydrostatic compressible model is used with the inclusion of complex multiclass ice
microphysics. New aspects of this study compared to previous work include the demonstration of the ability
of the EnKF method to retrieve multiple microphysical species associated with a multiclass ice microphysics
scheme, and to accurately retrieve the wind and thermodynamic variables. Also new are the inclusion of
reflectivity observations and the determination of the relative role of the radial velocity and reflectivity data
as well as their spatial coverage in recovering the full-flow and cloud fields. In general, the system is able
to reestablish the model storm extremely well after a number of assimilation cycles, and best results are
obtained when both radial velocity and reflectivity data, including reflectivity information outside of the
precipitation regions, are used. Significant positive impact of the reflectivity assimilation is found even
though the observation operator involved is nonlinear. The results also show that a compressible model that
contains acoustic modes, hence the associated error growth, performs at least as well as an anelastic model
used in previous EnKF studies at the cloud scale.

Flow-dependent and dynamically consistent background error covariances estimated from the forecast
ensemble play a critical role in successful assimilation and retrieval. When the assimilation cycles start from
random initial perturbations, better results are obtained when the updating of the fields that are not directly
related to radar reflectivity is withheld during the first few cycles. In fact, during the first few cycles, the
updating of the variables indirectly related to reflectivity hurts the analysis. This is so because the estimated
background covariances are unreliable at this stage of the data assimilation process, which is related to the
way the forecast ensemble is initialized. Forecasts of supercell storms starting from the best-assimilated
initial conditions are shown to remain very good for at least 2 h.

1. Introduction

Since its introduction by Evensen (1994), the en-
semble Kalman filter (EnKF) technique for data as-
similation has received much attention. A rapidly in-
creasing number of studies are appearing that examine
its performance for various applications. In the field
of meteorology, EnKF was first applied to large-scale
data assimilation problems and observations are
treated as random variables that are subject to pertur-
bations (Evensen 1994; Burgers et al. 1998; Houteka-
mer and Mitchell 1998; Houtekamer 2001; Evensen
2003). Deterministic methods were developed more re-
cently to avoid sampling errors associated with the use
of perturbed observations or to address the adaptive
observational network design problem; these methods
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include the ensemble square-root filter (EnSRF,
Whitaker and Hamill 2002; Tippett et al. 2003), the
ensemble adjustment filter (Anderson 2001), and the
ensemble transform Kalman filter (Bishop et al. 2001),
which all belong to the broader class of square-root
filters (Tippett et al. 2003).

In general, EnKF and related methods are designed
to simplify or make possible the computation of flow-
dependent error statistics. Rather than solving the
equation for the time evolution of the probability den-
sity function of the model state, EnKF methods apply
the Monte Carlo method to estimate the forecast error
statistics. A large ensemble of model states are inte-
grated forward in time using the dynamic equations; the
moments of the probability density function are then
calculated from this ensemble for different times
(Evensen 2003).

In recent years, various techniques have been devel-
oped for analyzing and retrieving the atmospheric
state at the convective scale from Doppler radar data.
These methods range from purely kinematic to the so-
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phisticated 4D variational data assimilation method
(4DVAR), which employs a nonhydrostatic prediction
model and its adjoint (e.g., Gal-Chen 1978; Sun et al.
1991; Qiu and Xu 1992; Shapiro et al. 1995; Sun and
Crook 1997; Gao et al. 1999; Wu et al. 2000; Weygandt
et al. 2002). Most of the work deals with the retrieval
and assimilation of radial velocity and/or reflectivity
data from single-Doppler radar because dual- or mul-
tiple-Doppler coverage is not generally available. For
the purpose of initializing NWP models, the 4DVAR
method (e.g., Sun and Crook 1997; Gao et al. 1998)
promises to provide an initial condition that is consis-
tent with the prediction model and is able to effectively
use multiple volume scans from a radar. However, the
high cost of developing and maintaining an adjoint
code, especially one that can run efficiently on distrib-
uted-memory parallel computer systems, and the need
to include in the adjoint detailed physical processes that
are more important at the convective scales have lim-
ited 4DV AR assimilations of Doppler radar and other
high-resolution data to relatively simple applications
and model settings.

Very recently, EnKF was applied to the assimilation
of simulated Doppler radar data for a modeled convec-
tive storm (Snyder and Zhang 2003; Zhang et al. 2004)
and of real radar data (Dowell et al. 2004). Very en-
couraging results are obtained in these studies in re-
trieving wind, temperature, and moisture field data for
convective storms. The first two studies assimilated
only radial velocity data, while in Dowell et al. (2004),
the use of reflectivity data is limited to the update of the
rainwater mixing ratio only. Neither of these studies
included ice microphysics processes, and the assimila-
tion system was based on an anelastic cloud model. A
warm-rain microphysics scheme is also used in all of the
aforementioned 4DVAR studies except for Wu et al.
(2000) in which a simplified ice microphysics scheme
was used. Dual-polarization radar data were assimi-
lated by Wu et al. (2000) by first deriving hydrometeor
mixing ratios from regular and differential reflectivities.

Because of the need to run an ensemble of the fore-
cast and analysis of nontrivial sizes (usually a few tens
to a few hundreds runs), the overall computational cost
of ensemble-based assimilation methods is also signifi-
cant. Fortunately, a sizeable portion of the assimilation
procedure, including the forecast components, is easily
parallelizable. There is no need, in general, for the ad-
joint of the forward observation operators, therefore
indirect observations with complex observation opera-
tors, at least those that involve primarily local influ-
ences, can be easily included. Furthermore, the analysis
code is more or less independent of the prediction
model, which is just the opposite of the 4DVAR
method. In addition, the system provides valuable un-
certainty information on both analysis and forecast, and
when combined with an existing ensemble prediction
system, the incremental cost can be small.

The EnKF method is, however, not as mature as
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4DVAR. No ensemble Kalman filter assimilation sys-
tem has been implemented so far for operational use;
EnKF also shares some common problems with
4DVAR, including issues with model errors, linear as-
sumption associated with the optimality of solution,
and the Gaussian error assumption. For observations,
such as the integrated total water along the slant paths
of global positioning system (GPS) data, the data influ-
ence region tends to be nonlocal. In such a case, the
covariance localization will have to be done around the
entire slant path instead of around local observation
points. Additional issues may arise in such cases, with
cost being one. For systems that involve error growth at
very different temporal and spatial scales, more diffi-
culties may arise. For these reasons, much research is
still needed before reliable operational implementa-
tions of ensemble-based assimilation methods can be
achieved. More recently, work has been done in com-
paring the relative performance of the 4DVAR and
EnKF methods when assimilating Doppler radar data
(Crook et al. 2002; Dowell et al. 2002; Caya et al. 2005,
hereafter CSS).

In this study, we report on the development of an
EnKF system based on a general purpose compressible
nonhydrostatic model, and on the application of the
system to the assimilation of the simulated radial ve-
locity and/or reflectivity data from a single Doppler
radar. The forecast model employs a complex multi-
class ice microphysics scheme. The performance of the
EnKF scheme in “recovering” the complete state of the
model thunderstorms, including wind, temperature,
pressure, and all water and ice fields, is examined. The
relative impact of radial velocity and reflectivity data as
well as their spatial coverage on the analysis are also
investigated. The use of a compressible model, the in-
clusion of three-category ice microphysics in addition to
the liquid water species, and the retrieval of multiple
microphysics species with and without reflectivity data
are aspects that are new compared to previous studies.

Even though we also performed experiments using
an ensemble square-root filter, we report here only re-
sults using the perturbed observation method. The rest
of the paper is outlined as follows. In section 2, we
describe our EnKF assimilation system and the design
of our observing system simulation (OSS) experiments.
In section 3 we present the experiment results. The
impact of various analyses on the forecast is discussed
in section 4. A concluding section is given at the end of
the paper.

2. Assimilation system and experimental design

a. The prediction model and truth simulation

In this study, we test our EnKF assimilation system
using simulated data from a classic supercell storm case
that occurred on 20 May 1977 in Del City, Oklahoma
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(Ray et al. 1981). Such simulation experiments are com-
monly referred to as observing system simulation ex-
periments (OSSEs; see, e.g., Lord et al. 1997). The fore-
cast model used is the Advanced Regional Prediction
System (ARPS; Xue et al. 2000, 2001, 2003). In this
study, the ARPS model is used in a 3D cloud model
mode and the prognostic variables include three veloc-
ity components, u, v, w; potential temperature, 6; pres-
sure, p; and six categories of water substances: water
vapor specific humidity, ¢,; and mixing ratios for cloud
water, ¢ rainwater, ¢,; cloud ice, g;; snow, ¢,; and hail,
q,- In addition, turbulence kinetic energy is also pre-
dicted, which is used to determine turbulent mixing co-
efficients based on a 1.5-order turbulence closure
scheme. The microphysical processes are parameter-
ized using the three-category ice scheme of Lin et al.
(1983) and its implementation follows Tao and Simpson
(1993). More details on the model can be found in Xue
et al. (2000, 2001).

For all experiments, the physical domain is 64 km X
64 km X 16 km. The model grid comprises 35 X 35 X
35 grid points (including points that facilitate the speci-
fication of boundary conditions), with grid intervals of
2 km in the horizontal directions and 0.5 km in the
vertical. The truth simulation or nature run is initialized
from a modified real sounding as used in Xue et al.
(2001). The CAPE of the sounding is about 3300 J kg '
A 4-K ellipsoidal thermal bubble centered at x = 48,
y = 16, and z = 1.5 km, with radii of 10 km in the x and
y directions and 1.5 km in the z direction is used to
initiate the storm. Open conditions are used at the lat-
eral boundaries. A wave radiation condition is also ap-
plied at the top boundary. Free-slip conditions are ap-
plied to the bottom boundary. The length of simulation
is up to 3 h. A constant wind of u =3 ms ' andv = 14
m s~ ! is subtracted from the observed sounding to keep
the primary storm cell near the center of the model
grid. Despite the differences in resolutions, the evolu-
tion of the simulated storms is very similar to those
documented in Xue et al. (2001).

During the truth simulation, the initial convective
cell strengthens over the first 20 min. The strength of
the cell then decreases over the next 30 min or so, which
is associated with the splitting of the cell into two at
around 55 min (Fig. 1). The right-moving (relative to
the storm motion vector, which is toward the north-
northeast) cell tends to dominate the system; the up-
draft reaches a peak value of 44 ms™' at 90 min. The
left-moving cell starts to split again at 95 min. The ini-
tial cloud started to form at about 10 min, and rainwater
formed at about 15 min. Ice-phase fields appeared at
about 20 min.

b. Simulation of radar observations

As a first implementation, we assume that the simu-
lated observations are available on the scalar grid
points. Future work will assume the availability of data
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in the radar coordinates.The simulated radial velocity,
V,, is calculated from

V, = u cosa sin + vcosa cosB + w sina
+ arandom error, 1)

where « is the elevation angle and B the azimuth angle
of radar beams, and u, v, and w are the model-simulated
velocities interpolated to the scalar points of the stag-
gered model grid. The random error is drawn from a
normal distribution with zero mean and a standard de-
viation of 1 ms~'. Since V, is sampled directly from
velocity fields, the effect of hydrometeor sedimentation
does not come into play.

The simulated logarithmic reflectivity factor (re-
ferred to simply as reflectivity in most parts of this pa-
per; in dBZ) is estimated from the following equations:

e

Z
Z =10 logm(T) + arandom error.  (2)
ITmm°m™

The equivalent reflectivity factor, Z,, is made up of
three components,

Ze = Zer + Zes + Zeha (3)

where Z.., Z.,, and Z,, are contributions from rainwa-
ter, snow, and hail. The random error is drawn from a
normal distribution with zero mean and standard de-
viation of 5 dB. Reflectivity relations corresponding to
the 10-cm wavelength of the Weather Surveillance Ra-
dar-1988 Doppler (WSR-88Ds) are given below and
used in our experiments.

The rain component of the reflectivity is calculated,
based on Smith et al. (1975), from

B 10" X 720(pq,)""

4)
er 1.75x70.75 1.75 ’ (
m™ N, p,

where p, = 1000 kg m ™ is the density of rainwater and
p (in kg m?) is the density of air; N, = 8.0 X 10° m™*
is the intercept parameter in the assumed Marshall-
Palmer exponential raindrop size distribution.

If the temperature is less than 0°C, then the compo-
nent of the reflectivity is, for dry snow,

1018 X 720K12p?25(pq3)175
= > : ®)

1.75 -2 770.75
™ KYNS pl

es

Here p, = 100 kg m ™ is the density of snow and p; =
917 kg m > the density of ice, N, = 3.0 X 10° m~*is the
intercept parameter for snow, and K7 = 0.176 is the
dielectric factor for ice while K2 = 0.93 is the same for
water. Wet snow, which occurs at temperatures higher
than 0°C, is treated in a similar way as rainwater, and
the equivalent reflectivity factor-mixing ratio relation is

10'® x 720(pg.)""°
Z. - (pq,) ‘ ©
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