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[1] Doppler radar observations with high spatial and temporal resolution can effectively
improve the description of small-scale structures in the initial condition and enhance
the mesoscale and microscale model skills of numerical weather prediction (NWP). In this
paper, Doppler radar radial velocity and reflectivity are simultaneously assimilated into a
weather research and forecasting (WRF) model by a proper orthogonal-decomposition-
based ensemble, three-dimensional variational assimilation method (referred to as
PODEn3DVar), which therefore forms the PODEn3DVar-based radar assimilation system
(referred to as WRF-PODEn3DVar). The main advantages of WRF-PODEn3DVar over
the standard WRF-3DVar are that (1) the PODEn3DVar provides flow-dependent
covariances through the evolving ensemble of short-range forecasts, and (2) the PODEn3DVar
analysis can be obtained directly without an iterative process, which significantly simplifies
the assimilation. Results from real data assimilation experiments with the WRF model
show that WRF-PODEn3DVar simulation yields better rainfall forecasting than radar
retrieval, and radar retrieval is better than the standard WRF-3DVar assimilation, probably
because of the flow-dependence character embedded in the WRF-PODEn3DVar.
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1. Introduction

[2] Numerical weather prediction (NWP) requires an
accurate initial condition–the precise present status of the
atmosphere–for models to accurately forecast future weather.
Data assimilation is a good strategy for constructing the best
possible initial condition for NWP using observational data.
Compared with the traditional observational data, Doppler
radar observations have become increasingly important for
data assimilation for mesoscale or microscale NWP because
of their high temporal and spatial resolution. They have been
more widely used, and they have been shown to improve
weather forecasting accuracy [Meischner, 2005].

[3] Doppler radar-observation data assimilation has been
developed since Gal-Chen [1978] first proposed an algo-
rithm to combine the use of equations of cloud dynamics and
the observed wind from Doppler radar to uniquely determine
the density and pressure fluctuations in the anelastic equa-
tions. There are two developing stages for Doppler radar-
observation variational data assimilation: one is the retrieval
of wind and/or thermal fields from Doppler radar observa-
tions by variational data assimilation in a simple atmospheric
model; the other is the assimilation of Doppler radar obser-
vations into a numerical weather prediction (NWP) model
directly. The common objective for these two stages is to
provide better initial conditions for the forecasting model. In
the first stage, Wolfsberg [1987] retrieved three-dimensional
wind and temperature fields from single Doppler radar radial-
velocity observations in a Boussinesq model based on the
four-dimensional variational data assimilation (4DVar), which,
in a comprehensive and complicated numerical model, pre-
sents a hard task in setting up a tangent linear model and its
adjoint model of the numerical model in order to obtain the
initial variable gradient in the cost function. A few years later,
Kapitza [1991] examined Doppler radar radial velocity by
4DVar using idealized observation data and a dry, non-
hydrostatic, numerical model without considering the back-
ground, and they obtained the approximate structure of a
thermal column. Sun et al. [1991] and Sun and Crook [1994]
retrieved wind and thermodynamic fields from Doppler radar
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radial-velocity and reflectivity data using a simple cloud
model and its adjoint model. Following this, Sun and Crook
[1997, 1998] used the warm cloud model to retrieve wind
and thermodynamic fields from Doppler radar radial-velocity
and reflectivity data. Based on the works of Sun et al.
[1991] and Sun and Crook [1994, 1997, 1998], the National
Center for Atmospheric Research (NCAR) built the four-
dimensional Variational Doppler Radar Analysis System
(VDRAS). Wu et al. [2000] developed a mixed-phase model
in VDRAS that adds the microphysical process of the simple
ice phase to the VDRAS; the improved VDRAS can describe
all the main characteristics of a deep-convective storm.
Weygandt et al. [2002a, 2002b] developed a single-Doppler-
parameter retrieval technique and applied it to a real-data case
to provide initial model conditions for a short-range predic-
tion of a supercell thunderstorm.
[4] In the second stage, Xiao et al. [2005] assimilated

Doppler radar radial velocity in the fifth-generation Penn-
sylvania State University-NCAR Mesoscale Model (MM5)
to simulate a heavy rainfall event. Xu et al. [2006] assimilated
Doppler radar data by 4DVar in MM5 to forecast convective
rainfall. Xiao et al. [2007] assimilated Doppler radar reflec-
tivity in MM5 to simulate Typhoon Rusa, the results show
that direct assimilation of Doppler radar observation data can
improve the typhoon initialization and improve the predic-
tion of the rainband movement and intensity change. Xiao
and Sun [2007] assimilated Doppler radar radial-velocity
and reflectivity data in the weather research and forecasting
(WRF) model known as the Advanced Research WRF
(ARW) to evaluate the impact of Doppler radar data assimi-
lation on quantitative precipitation forecasting (QPF).
[5] On the other hand, an ensemble Kalman filter (EnKF)

has been increasingly applied to radar-data assimilation.
Snyder and Zhang [2003] and Zhang et al. [2004] assimilated
radial-velocity data to improve wind, temperature, and
moisture field data for convective storms by EnKF. Dowell
et al. [2002] and Tong and Xue [2005] assimilated radial
velocity and reflectivity into a nonhydrostatic, anelastic
numerical model by EnKF.
[6] The main objective of this paper is to assimilate

Doppler radar radial-velocity and reflectivity data in the
WRF model by 3DVar based on the proper orthogonal
decomposition (POD) for rainfall forecasting (referred to as
WRF-PODEn3DVar hereafter). The POD technique has
been shown to be an efficient way to produce an approximate
forecast ensemble by the Monte Carlo method in a four-
dimensional (4-D) or three-dimensional (3-D) space using a
set of base vectors that span the ensemble and capture its
spatial structure and temporal evolution [Tian et al., 2008,
2011; Daescu and Navon, 2007; Fang et al., 2009]. The
potential advantages of WRF-PODEn3DVar over traditional
WRF-3DVar are: (1) the PODEn3DVar constructs flow-
dependent covariances through the evolving ensemble of
short-range forecasts, and (2) the PODEn3DVar analysis can
be obtained directly, without an iterative process, thereby
reducing the computational costs.
[7] The paper is organized as follows. The numerical

model and its observation operators for Doppler radar radial-
velocity and reflectivity data as well as their increments are
described in Section 2 along with a brief introduction of
POD-based 3DVar. The experimental design, including
WRF configuration, traditional WRF-3DVar, Doppler radar

radial-observation data, rainfall retrieval based on Doppler
radial observation, and gauge data, are introduced in
Section 3. Analysis of sensitivity to ensemble number size
and localization radius and a single-observation simula-
tion are performed in Section 4 to test the robustness of the
WRF-PODEn3Dvar system. The results and discussion are
presented in Section 5, and Section 6 offers conclusions.

2. Methods

2.1. WRF Model and Observation Operators

[8] The numerical model chosen for this study is the WRF-
ARW model version 3.1 [Michalakes et al., 1999, 2001],
which is a next-generation, mesoscale, numerical weather
prediction system that serves both operational and research
communities. The use of the WRF system has been reported
in a variety of areas, including storm prediction and research,
air-quality modeling, wildfire, hurricane and tropical storm
prediction, and regional climate and weather prediction
[Michalakes et al., 2005].
[9] To assimilate Doppler radar radial-velocity and reflec-

tivity data, the observation operators (HZ andHV), which link
the model states and the radar observations (including data
for both the radar reflectivity and radial velocity) are built:HZ

links Doppler radar reflectivity and WRF-model output, and
HV links the Doppler radar radial velocity and WRF-model
output.
[10] HZ is formulated as below (according to Sun and

Crook [1997, 1998]):

Ze ¼ 2:04� 104 rqrð Þ1:75 ð1Þ

where qr is the model-predicted rainwater mixing ratio (units
of g kg�1), r is the density of air, and Ze is the model-predicted
reflectivity (units of mm6 m�3), which can be calculated using
the model output qr. In this study, the reflectivity is in units
of dBZ, and the Ze � qr relation becomes:

Ze ¼ 43:1þ 17:5 log rqrð Þ: ð2Þ

[11] HV is expressed as below (according to Sun and Crook
[1997, 1998]):

V ¼ u
x� xr

r
þ v

y� yr
r

þ w� VTmð Þ z� zr
r

; ð3Þ

where u, v and w are the wind velocities, and r is the distance
between a grid point (x, y, z) and the radar location (xr, yr, zr).
VTm is the terminal velocity of the precipitation given by:

VTm ¼ 5:40a rqrð Þ0:125: ð4Þ

[12] The quantity a is a correction factor defined by:

a ¼ p0=�pð Þ0:4; ð5Þ

where �p is the base-state pressure, and p0 is the pressure at the
ground.

2.2. PODEn3DVar

[13] The PODEn3DVar is degenerated from PODEn4DVar
[Tian et al., 2008, 2011] when the time window is set to 1.
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The traditional 3DVar optimal increment (x′a) is obtained
through the minimization of the following incremental for-
mat of the standard 3DVar cost function:

J x′ð Þ ¼ 1

2
x′ð ÞTP�1

b x′ð Þ þ 1

2
y′ x′ð Þ � y′obs½ �TR�1 y′ x′ð Þ � y′obs½ �

ð6Þ

where x′ = x � xb is the perturbation of the background field
xb at t0, and

y′ ¼ y xb þ x′ð Þ � y xbð Þ; ð7Þ

y′obs ¼ yobs � y xbð Þ; ð8Þ

y ¼ H M xð Þð Þ: ð9Þ

[14] Here the superscript T in (6) stands for a transpose,
b is the background value, H is the observation operator, and
matrices Pb andR are the background and observational error
covariances, respectively.
[15] Following Tian et al. [2011], this ensemble 3DVar

method starts from an ensemble of N observation perturba-
tions (OPs) y′: y′1; y′2; ⋯; y′N , which are generated by using
the observation operator H, the forecast model M and the
initial condition (IC) samples x′: x′1; x′2; ⋯; x′N . The POD of
this OP matrix y′ yields:

y′Ty′ ¼ VL2VT; ð10Þ

and

Py ¼ y′V: ð11Þ

where L is a diagonal matrix of the singular values of y′, V
is an orthogonal matrix and Py is the POD-transformed OP
matrix.
[16] Under the linear assumption between the OPs and

the model (or state) perturbations (MPs), the MP matrix is
transformed as follows:

Px ¼ x′V: ð12Þ

[17] The optimal solution x′a and its corresponding optimal
OP y′a can be expressed by the linear combinations of the
POD-transformed MPs and OPs, respectively, as follows:

x′a ¼ Pxb; ð13Þ

and

y′a ¼ Pyb: ð14Þ

[18] Substituting (13–14) and the ensemble background

covariance Pb ¼ PxPTx
N�1 into (6), (Px is the POD-transformedMP

matrix.) the control variable becomes b instead of x′, so the
control variable is expressed explicitly in the cost function:

J bð Þ ¼ 1

2
N � 1ð Þ � bTPT

x PT
x

� ��1
Pxð Þ�1Pxb

þ 1

2
Pyb� y′obs
� �T

R�1 Pyb� y′obs
� �

: ð15Þ

[19] Through simple calculations (see Tian et al. [2011] for
more details), the solution for x′a is simplified into the fol-
lowing form:

xa ¼ Px N � 1ð ÞIþ PT
yR

�1Py

h i�1
PT
yR

�1y′obs: ð16Þ

[20] Making Pa∗ = [(N � 1)I + Py
TR�1Py]

�1, the final
3DVar analysis xa can be calculated through:

xa ¼ xb þ PxP∗
aP

T
yR

�1y′obs: ð17Þ

[21] Furthermore, the analysis ensemble perturbations Xa

can be updated in a square-root filter way:

Xa ¼ Px N � 1ð ÞP∗
a

� �1
2; ð18Þ

which makes the PODEn3DVar flow-dependent. Further-
more, an implicit localization strategy was adopted to ame-
liorate the spurious long-range correlations (for more details
see Tian et al. [2011] and Tian and Xie [2012]).

2.3. WRF-PODEn3DVar

[22] In this system, the 3rd nested initial file named
“wrfinput_d03” was updated by the results from
PODEn3DVar, where the initial variables of the WRF model
are linked to Doppler radar observation by observation
operators and the cost function through the PODmethod. The
updated initial variables include x-wind, y-wind, z-wind,
perturbation temperature, perturbation pressure, rainwater
mixing ratio, water-vapor mixing ratio, and cloud-water
mixing ratio. The rain gauge data indicated that there were
two precipitation events on June 21, 2008; one was from 05
to 06 UTC, and the other was from 07 to 10 UTC. The whole
data assimilation time window is from 01 to 06 UTC. The
ensemble model state samples are generated by WRF simu-
lation at a certain data assimilation time with 103 different
initial conditions from June 19, 00 UTC, to June 23, 06 UTC,
for the first assimilation procedure, and the time interval is set
to one hour. Therefore, their corresponding simulated-
observation samples can be obtained by applying the obser-
vation operator to the ensemble model state ensemble. As a
result, the MPs are then obtained by the model state ensemble
minus the background state vector (which is obtained by
running the WRF-ARW model hourly by taking the anal-
ysis fields at the time step an hour ago as the initial fields).
Correspondingly, their OPs can also be achieved through
the simulated-observation ensemble minus the background
simulated-observation vector (applying the observation oper-
ator to the background model state). The background error

covariance can be also updated through Pb ¼ PxPTx
N�1 and Xa ¼

Px N � 1ð ÞP∗a
� �1

2: Furthermore, a localization radius with
10 grid points is set in this PODEn3DVar system through
sensitivity experiments.

3. Experimental Design

[23] Four groups of data are prepared, including rain gauge
data, precipitation retrieval data based on Doppler radar,
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WRF simulation and traditional WRF-3DVar assimilating
Doppler radar observation, to compare with the Doppler
radar assimilation by WRF-PODEn3DVar. A description
of WRF-PODEn3DVar has been addressed, and brief intro-
ductions to these four groups are given in the following
sections. Doppler radar observation data preprocessing is
also described here.

3.1. WRF Configuration

[24] The model’s physical configuration is given in Table 1,
and the nesting domains and locations of the Doppler radar
and gauges are shown in Figure 1. The number of model
vertical layers can be freely specified and is 27 in this system.
A description of the WRF is presented in Skamarock et al.
[2008]. The model is initialized by real boundary conditions
using NCAR-NCEP’s Final Analysis (FNL) data [U. S.
National Centers for Environmental Prediction, 2009], with
a resolution of 1� � 1� every six hours.

3.2. WRF-3DVar

[25] In this study, traditional WRF-3DVar [Barker et al.,
2004] for Doppler radar reflectivity and radial velocity
assimilation was performed. The dynamical and physical
configuration remained same as for the WRF simulation. The
first guess xb is an hour short-rang ARW forecast by cycling
mode. The background error (BE) covariance is generated by
the National Meteorological Center (NMC)-CV5 (local sta-
tistics method for WRF) method [Parrish and Derber, 1992]
with (T + 24) minus (T + 12) forecasting difference, and the
input data for statistically generating BE are WRF ensemble
forecasts from May 21, 2008, to June 21, 2008. The BE
length scaling parameter was 0.5, and the BE variance was
0.25 for all variables.

3.3. Doppler Radar Observation Data

[26] This experiment, as part of the Watershed Airborne
Telemetry Experimental Research (WATER; a detailed
introduction to WATER is given by Li et al. [2008, 2009])
project, was carried out on June 21, 2008, in Minle County of
Gansu Province. A dual-polarization Doppler weather radar
with X-band was used in our experiment. This radar was
developed by the Cold and Arid Regions Environmental
and Engineering Research Institute of Chinese Academic
Sciences. It uses a high-gain, low-sidelobe polarization
antenna, dual power feeders, a high-power solid-state mod-
ulator klystron transmitter, dual low-noise high dynamic
linear receivers, a high-precision digital IF processor, dual-
polarization Doppler signal processing and display terminals.
Its beam width is 1�, the number of bins is 1000, the bin

length is from 50 m to 250 m, the volume scan number is 23,
and the time interval is around 15 min. In this experiment, the
radar was located at 38.72�N, 100.65�E, at an elevation of
1669.0 m. Figures 2a and 2b show the difference displays of
radar reflectivity and radial velocity for periods of no rain and
heavy rain, respectively.
[27] The preprocessing of the original Doppler radar data

before they were assimilated into the WRF-PODEn3DVar
system in this study includes (1) erasing folded velocity and
clutter for radial velocity, (2) smoothing for radar reflectivity
and radial velocity, and (3) interpolating and gridding for
radar reflectivity and radial velocity. The James and Houze
[2001] algorithm was adopted to erase folded velocity and
clutter, The Barnes [1964] scheme was used to interpolate
three-dimensional radar data from measured points to the
model setting with resolution of 1000 m in the horizontal
dimensions and 27-layer in the model’s vertical dimension.
Figure 3 shows the difference between pre- and post-data
preprocessing for radar reflectivity and radial velocity in the
model’s first layer at 08:30 UTC on June 21, 2008. It is
obvious that there is much noise in the original radar reflec-
tivity and radial velocity, and the data after preprocessing are
much smoother. There were weak Doppler radial velocity
and reflectivity before 04 UTC on June 21, 2008. They
gradually became stronger from 05 to 09 UTC, and then to
11 UTC, gradually becoming weaker until they disappeared.
In order to illustrate this developing process, the time interval
for gridded radar reflectivity maps and radial velocity maps is
a half hour in Figure 4 and Figure 5 in the model’s first ver-
tical layer. The time period is from 05 to 11 UTC, June 21,
2008.

3.4. Precipitation Retrieval Based on Doppler Radar
Observation

[28] The following retrieval algorithm was given by Zhao
et al. [2011] for the rainfall rate from Doppler radar data:

Pr ¼ 0:198∗K0:4405
DP ∗10 0:035∗Z�0:036∗ZDRð Þ ð19Þ

where Pr is the rainfall rate (units of mm/h), KDP is the spe-
cific differential phase, Z is the reflectivity, and ZDR is the
differential reflectivity. The rainfall rate from 00:00 to 15:00
on June 21, 2008, is shown in Figure 6.

3.5. Gauge Data

[29] To provide validation data for Doppler radar data
assimilation in WRF-PODEn3DVar, 9 HOBO Data Logging
Rain Gauges were distributed in the research region. The
gauges are named R01, R02, R03, R04, R05, R06, R07, R08

Table 1. WRF Model Physical Configuration in This Study

Physics Processes Domain 1 (25 km) Domain 2 (5 km) Domain 3 (1 km)

Horizontal 20 � 20 30 � 30 50 � 50
Time interval 150 s 30 s 6 s
Microphysics Lin et al. scheme Lin et al. scheme Lin et al. scheme
Cumulus Parameterization Kain-Fritsch scheme Kain-Fritsch scheme None
PBL YSU scheme YSU scheme YSU scheme
Radiation Dudhia scheme Dudhia scheme Dudhia scheme
Surface-Land Noah LSM Noah LSM Noah LSM
Initial and Boundary data NCEP / FNL analysis 1st domain 2nd domain
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Figure 1. Nesting domain configuration for the numerical experiment (a black dot means a gauge site, and
a yellow star means a Doppler radar site).
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Figure 2. Maps of Doppler radar reflectivity and velocity at (a) 00:02:22 and (b) 07:13:13 on June 21,
2008.
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Figure 3. Pre- and post-data-preprocessing for radar data on June 21, 08:30 UTC, 2008.
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Figure 4. Gridded Doppler radar reflectivity maps at the 1st model vertical layer from 05:00 to 12:30 on
June 21, 2008, at half-hour intervals (units of dBZ).
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Figure 5. Gridded Doppler radial-velocity maps at the 1st model vertical layer from 05:00 to 12:30 on
June 21, 2008, at half-hour intervals (units of m/s).
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Figure 6. Retrieval rainfall rate from 00:00 to 15:00, at 1-h intervals (units of mm/h).

PAN ET AL.: RADAR ASSIMILATION IN WRF BY PODEN3DVAR D17113D17113

10 of 22



and R09. The exact locations of these gauges are given in
Figure 1.

4. WRF-PODEn3DVar Sensitivity Analyses
and Single-Observation Test

4.1. Analysis of Sensitivity to the Initial Ensemble Size

[30] The initial ensemble size and the selection of the initial
ensemble members are two important issues in using
ensembles of discrete forecasting to approximate the evo-
lution of an initial probability distribution in a model
[Anderson, 1996]. Atmospheric processes have the charac-
teristic of time continuity, so the selection of initial ensemble
members for the WRF model is a focus in WRF forecasting
during pre- and post-analysis times. The size of the initial
ensemble is 103 in our study, and two comparison groups are
set as 80 and 120 for the analysis of sensitivity to the initial
ensemble size. Figure 7 displays wind contours and rainwa-
ter-mixing-ratio contours demonstrating the analysis of sen-
sitivity to the initial ensemble size for values of 80, 103 and
120 in the 9th vertical layer of the model. The wind contours
for three ensemble sizes are similar and have no significant

differences among them. However, the rainwater-mixing-
ratio contours for an initial ensemble size of 80 is a little
different from those for sizes of 103 and 120. The rainwater-
mixing-ratio contours for sizes of 103 and 120 are similar,
so it is reasonable to take 103 as the initial ensemble size in
our study.

4.2. Analysis of Sensitivity to Localization

[31] Localization is a means to improve sampling error
when small ensembles are used to sample the statistical
relations between an observation and a state variable
[Anderson, 2007]. It is essential to apply localization to large
models that contain many state variables. A localization
radius of 10 grid points is used in our study, and the two
compared groups are set as 8 grid points and 12 grid points.
Figure 8 displays wind contours and rainwater-mixing-ratio
contours for localization radii of 8, 10 and 12 grid points in
the 9th vertical layer of the model. Figures 8a, 8b and 8c
display the Z-direction wind fields, which all have similar
patterns with strong wind speeds in the northeast portion of
the 3rd domain, although in the south portion, the Z-wind
simulated with a localization radius of 10 grid points is very

Figure 7. Wind contours and rainwater-mixing-ratio contours demonstrating the sensitivity to the initial
ensemble sizes at the 9th model vertical layer: (a, b and c) Z-direction wind for the sizes of 80, 103 and 120,
respectively, with units of m/s; (d, e, and f) rainwater mixing ratio for the sizes of 80, 103 and 120, respec-
tively, with units of g/kg.
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similar to that with a localization radius of 8 grid points.
Figures 8d, 8e and 8f show the rainwater-mixing-ratio fields
for different simulations with different localization radii. The
rainwater-mixing-ratio contour distributions simulated by
WRF-PODEn3DVar with localization radii of 8, 10 and 12
grid points are alike, though the contours simulated with
a 12-grid point radius are a little sparser than the others.
Therefore, the localization radius of 10 grid points adopted in
this study is reasonable.

4.3. Single-Observation Test

[32] Before the real-data experiment, a single-radial-
velocity test was executed for WRF-3DVar and WRF-
PODEn3DVar. In the single-observation test, one radial
velocity was set to 15 m/s at the grid point location (9, 25,
25), which is the location relative to the total (27, 50, 50). The
first dimension is the model vertical layer (9/27), the second
dimension is latitude (25/50), and the last dimension is lon-
gitude (25/50). Figures 9a and 9b illustrate the increments of
Z-direction wind and temperature by WRF-3DVar at the 9th
model vertical layer, respectively, Figures 9c and 9d are by
WRF-PODEn3DVar accordingly. Comparison of Figures 9c
and 9d with Figures 9a and 9b indicates that the increments

contours of Z-direction wind and temperature are within the
localization radius and the spreading is more uniform by
WRF-PODEn3DVar than WRF-3DVar. This test shows that
our PODEn3DVar is effective and can be applied to real-data
cases.

5. Results and Discussion

5.1. Initial Variable Increments

[33] Figure 10 includes comparison plots of rainwater
mixing ratios at the 9th model vertical layer from 01 to
06 UTC on June 21, 2008, among WRF simulation, WRF-
3DVar assimilation and WRF-PODEn3Var assimilation.
Rainwater mixing ratios from 01 to 06 UTC simulated by the
WRF-PODEn3DVar system show a strong aggregation in
the southeast portion of the 3rd domain. The results of the
WRF simulation are irregular. The WRF-PODEn3DVar
simulation yields higher rainwater mixing ratios than the
WRF simulation or the WRF-3DVar assimilation. The hori-
zontal wind fields show that a cyclone was forming, and there
was a gradual increase in the rainwater mixing ratio field
from 01 UTC to 06 UTC in the WRF-PODEn3DVar assim-
ilation. Apparently, there is a larger change in wind fields

Figure 8. Wind contours and rainwater-mixing-ratio contours demonstrating the sensitivity to the locali-
zation radius at the 9th model vertical layer: (a, b, and c) Z-direction wind for radii of 8, 10 and 12 grid
points, respectively, with units of m/s; (d, e, and f) rainwater mixing ratio for radii of 8, 10 and 12 grid
points, respectively, with units of g/kg.
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Figure 9. Wind contours and temperature contours demonstrating the application of the increments
to a single radial-velocity (15 m s�1) observation relative to the radar at the 9th model vertical layer:
(a) Z-direction wind increment by WRF-3DVAR (m s�1); (b) temperature increment by WRF-3DVAR
(m s�1); (c) Z-direction wind increment by WRF-3DVar (K); (d) temperature increment by WRF-
PODEn3DVar (K).
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between the WRF-3DVar assimilation and the WRF simu-
lation. However, there is not so obvious a change in the
rainwater mixing ratio in the WRF-3DVar assimilation. The
difference is possibly caused by moisture spinup, which is
still an unresolved problem in the WRF-3DVar [Lee et al.,
2006] and limits the accuracy of rainfall forecasting in the
early period of the Doppler radar-observation data assimila-
tion. Another possibility is that the difference is due to the
state BE covariance in the WRF-3DVar system.
[34] In Figure 11, differences in rainwater mixing ratio,

temperature and geopotential height between WRF-
PODEn3DVar assimilation and WRF simulation are shown
for 06 UTC, June 21, 2008, at the 3rd, 6th and 9th model
vertical layers. Overall, rainwater mixing ratio increases,
especially in the southeast. Temperature decreases in the
northeast and increases in the southwest at the 3rd and 6th
model vertical layers. Rainwater mixing ratio and tempera-
ture both increase at the 9th model vertical layer, especially in
the southeast. Geopotential height increases in the southwest
portion of the 3rd domain and decreases in the northeast
portion, especially at the 9th model vertical layer.
[35] Figure 12 illustrates the vertical profiles of Doppler

radar reflectivity and differences in initial variables (rain-
water mixing ratio, temperature and geopotential height);
1: WRF-PODEn3DVar assimilation minus WRF simulation,
2: WRF-3DVar assimilation minus WRF simulation) from
the 1st to the 20th model vertical layers on 06 UTC, June 21,
2008. Figure 12a is the observation reflectivity. The top
panels in Figures 12b, 12d and 12f are rainwater mixing ratio,
temperature and geopotential height difference between the
WRF-PODEn3DVar and WRF simulations, the bottom
panels in Figures 12c, 12e and 12g are differences between
the WRF-3DVar and WRF simulations. The profile patterns
of rainwater mixing ratio in the two panels of Figures 12b

and 12c are almost the same; however, Figure 12b has a
much stronger contrast between the east portion and west
portion. Finally, the two panels of Figures 12d and 12e have
the same profile pattern of temperature, but Figure 12d has a
much higher absolute value than Figure 12e. The profile
patterns of geopotential height are different. Figure 12g
shows small negative values over almost the whole profile,
and there is a contrast between south and north in Figure 12f.
There are high values of radar reflectivity in the east and,
accordingly, an obvious increase in rainwater mixing ratio
and centers of decreasing temperature and geopotential
height in the east below the 10th layer; from the 10th to the
20th model vertical layers, neither radar reflectivity nor
rainwater mixing ratio has significant changes. Increases in
the geopotential height and the temperature are obvious at the
layers above the 10th layer, and there is a center of strongly
increasing values in the east and of weakly decreasing values
in the west for rainwater mixing ratio. The pattern is just the
opposite for temperature.
[36] Figures 10–12 show the rainwater mixing ratio

simulated by is higher than that by WRF and WRF-3DVar,
the vertical difference profile of rainwater ratio (WRF-
PODEn3DVar simulation minus WRF simulation) is more
similar to observation reflectivity. These indicate that the
initial conditions provided by WRF-PODEn3DVar are rea-
sonable and better than those by WRF and WRF-3DVar.

5.2. Forecasting Results

[37] Figures 13 and 14 are the curve and the chart for
accumulated rainfall during the period from 00 UTC to
15 UTC comparing rain observation, Doppler radar retrieval,
WRF simulation, WRF-3DVar assimilation and WRF-
PODEn3DVar assimilation at 9 rain gauges. Rainfall simu-
lated and forecasted by the WRF model (in blue color) is far

Figure 10. Rainwater mixing ratio overlain with horizontal wind fields at the 9th model vertical layer on
June 21, 2008. (a1–a6) WRF simulation from 01 UTC to 06 UTC; (b1–b6) WRF-3DVar assimilation from
01 to 06 UTC; (c1–c6) WRF-PODEn3DVar assimilation from 01 UTC to 06 UTC.
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Figure 11. Initial variable differences (WRF-PODEn3DVar assimilation minus WRF simulation) at
06 UTC, June 21, 2008 (a) increments of rainwater mixing ratio for the 3rd, 6th and 9th model vertical
layer, respectively, units of g/kg; (b) increments of temperature for the same model layers, units of K;
(c) increments of geopotential height for the same model layers, units of m2/s2).
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Figure 13. Comparisons of accumulated rainfall curves for Doppler radar retrieval, WRF simulation,
WRF-3DVar, WRF-PODEn3DVar and gauge observations (time period is from 00 UTC to 15 UTC).
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lower than the observation. Rainfall assimilated and fore-
casted by WRF-PODEn3DVar agrees well with observation
data at the R01, R02, R03, R06, R07 and R08 gauges. Cor-
respondingly, possibly because of spinup problems, there are
almost no precipitation fluxes from 00 UTC to 10 UTC in
the WRF-3DVar assimilation at the gauge sites; however,
the precipitation fluxes sharply increase from 11 UTC to
13 UTC, and the accumulated volumes of rainfall assimilated
and forecasted by WRF-3DVar are far higher than the WRF
model’s, though the volumes are lower than those of the rain
gauges and WRF-PODEn3DVar. The accumulated volumes
of rainfall retrieved by Doppler radar observation data in
equation (12) also agree well with the rain gauges, especially
at R06 and R07. Normally, the retrieval rainfall rates are

higher than the rain gauges, especially at R08, which is
located at the edge of a mountain (see Figure 1), has a strong
reflectivity at 09 UTC (see Figure 4), and shows a high
rainfall rate at 09 UTC (see Figure 6). Apparently, the much
higher accumulated rainfall volume at R08 is derived from
the above sequent “higher”; however, a reasonable explana-
tion is that the wrong information is implied in the data pre-
processing of radar reflectivity when applied to a complex
mountainous region.
[38] Table 2 illustrates the accumulated rainfall and error

estimate. Compared with the gauge data, the average error
of accumulated rainfall volumes from the WRF simulation at
the gauge sites is 0.28 mm, which is much lower than the
average of the gauge observations (2.22 mm). The average of

Figure 14. Same as Figure 13 but in chart form.

Table 2. Rain-Rate-Error Statistics Between Doppler Retrieval, WRF Simulation, WRF-3DVar and WRF-PODEn3DVara

Gauge
Number

Accumulated Rainfall
(mm)

Retrieval
(mm/h)

WRF
(mm/h)

WRF-3DVar
(mm/h)

WRF-
PODEn3DVar

(mm/h)

Gauge Retrieval WRF WRF-3DVar WRF-PODEn3DVar MBE RMSE MBE RMSE MBE RMSE MBE RMSE

R01 2.80 1.79 0.27 2.22 2.50 �0.06 0.36 �0.16 0.57 �0.04 0.58 �0.02 0.42
R02 2.80 4.05 0.20 2.33 3.50 0.08 0.58 �0.16 0.41 �0.03 0.58 0.04 0.63
R03 1.40 2.88 0.31 0.75 1.20 0.09 0.31 �0.07 0.21 �0.04 0.25 �0.01 0.22
R04 1.70 2.74 0.39 1.17 0.28 0.07 0.17 �0.08 0.25 �0.03 0.33 �0.09 0.25
R05 1.60 2.30 0.73 0.64 0.29 0.04 0.19 �0.16 0.23 �0.06 0.26 �0.08 0.24
R06 2.70 2.58 0.01 0.53 2.40 �0.01 0.30 �0.10 0.47 �0.14 0.41 �0.02 0.40
R07 2.50 2.73 0.00 0.96 2.78 0.01 0.39 �0.15 0.36 �0.10 0.40 0.02 0.08
R08 2.10 4.66 0.55 1.36 2.46 0.16 0.48 �0.07 0.29 �0.05 0.34 0.02 0.25
R09 2.40 1.38 0.08 0.75 4.06 �0.06 0.36 �0.17 0.60 �0.06 0.45 0.10 0.43
AVG 2.22 2.79 0.28 1.19 2.16 0.04 0.35 �0.12 0.38 �0.06 0.40 0.00 0.32

aMBE: mean bias error, RMSE: root-mean square error.
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accumulated rainfall volume from the WRF-PODEn3Var
assimilation at the gauge sites is 2.16 mm, which is much
closer to the average gauge observation. They are 0.28 mm
and 1.19 mm for WRF simulation and WRF-3DVar assimi-
lation. However, the rainfall simulation and forecasting were
affected by spinup problems. The Doppler radar assimilation
in WRF-3DVar plays an important role in improving the
determination of accumulated rainfall volume, though the
accumulated rainfall volume is only half that of the rain
gauges. The mean bias errors (MBEs) of rainfall rate (unit of
mm/s) for radar retrieval, WRF simulation, WRF-3DVar
assimilation and WRF-PODEn3DVar assimilation are 0.04,
�0.12, �0.06 and 0.00, respectively. The root-mean square
errors (RMSEs) are 0.35 mm/h, 0.38 mm/h, 0.40 mm/h and
0.32 mm/h, respectively.
[39] The 2 � 2 contingency tables among rain gauge,

Doppler radar retrieval, WRF simulation, WRF-3DVar
assimilation andWRF-PODEn3DVar assimilation were built
(Table 3). In this table, “Yes” is set if rain rate >=0.1 mm/h;
otherwise “No” is set to avoid “Yes” for Doppler radar
retrieval every hour, at some of which the rain rate is bitty.
The time period is from 00 UTC to 15 UTC, the time interval
is 1 h, and the number of rain gauges is 9. Thus, the number
of total analysis times is 144, and the number of raining times
is 34 h. The scalar attributes [Wilks, 2006] characterizing
2 � 2 contingency tables are probability of detection (POD),
threat score (TS), false alarm ratio (FAR), frequency bias
(B or FBI) and equitable threat score (ETS). The higher the
values of POD, TS and ETS are, the better the simulation or
retrieval is; the lower FAR is, the better the simulation or
retrieval is; and the closer to 1 FBI is, the better the simula-
tion of retrieval is. The results from the calculation of these
scalar attributes are shown in Table 4. Values of POD (with a
threshold of rainfall rate >=0.1, the same as for other indi-
cators) are 0.65, 0.47, 0.00 and 0.74 for Doppler radar
retrieval, WRF simulation, WRF-3DVar assimilation and
WRF-PODEn3DVar assimilation, respectively. Values of TS
are 0.42, 0.37, 0.00 and 0.57, respectively. Values of FAR
are 0.46, 0.36, 1.00 and 0.29, respectively. Values of FBI are
1.21, 0.74, 0.53 and 1.03, respectively. Values of ETS are
0.28, 0.27, �0.09 and 0.46, respectively. With thresh-
old >=0.1 mm/h, it is apparent that WRF-PODEn3DVar
assimilation yields the highest values of POD, TS and ETS,
the lowest value of FAR and an FBI value closer to 1.
Figure 15 shows the trend curves for POD, TS, FAR, FBI and
ETS across a range of rainfall-rate thresholds from 0.1 mm/h
to 0.8 mm/h. Rainfall simulated and forecasted by WRF-
3DVar is zero during the rainfall period (from 05 UTC to
09 UTC), values of PC and TS are zero, values of FAR are
highest and reach 1, and values of ETS are lowest and almost
0 for all thresholds. Rainfall rate simulated by WRF is far

lower than that of the rain gauges, except for a threshold of
0.1 mm/h. Values of POD, TS, FAR and ETS of WRF are
the same as those of WRF-3DVar; however, the FBI is
much worse than that of WRF-3DVar because rainfall rate
simulated by WRF is too small to reach the threshold
(>0.1 mm/h). With the threshold increases, the values of FBI
from WRF-3DVar are steady, close to that of Doppler radar
retrieval and near 0.6. The results from WRF-PODEn3DVar
are comparable to those of Doppler radar retrieval for POD,
TS and ETS. FARs estimated from WRF-PODEn3DVar
are lower than those from Doppler radar retrieval. FBIs
from WRF-PODEn3DVar are a little higher than those from
Doppler radar retrieval.
[40] Figures 13–15 indicates that WRF-PODEn3DVar

yields better precipitation forecasting than WRF and
WRF-3DVar.

5.3. Discussion

[41] Doppler radar data are assimilated in the WRF model
by two methods. One is the traditional 3DVar, and the
other is PODEn3DVar. As far as WRF-PODEn3DVar is
concerned, the value of the rainwater mixing ratio (refer to
Figure 10) from WRF-PODEn3Var is higher than from the
WRF simulation. Similarly, the value of the rainfall rate
simulated (refer to Figures 13 and 14) by WRF-PODEn3Var
is far higher than that from the WRF simulation. From
Table 2, it can be found that the accumulated rainfall volume
yielded by the WRF-PODEn3DVar simulation is closer to
the observation data than that by the WRF simulation, which
is far lower than the rain gauge observations. Rainfall-event
verification metrics also show that the WRF-PODEn3DVar
assimilation is much better than the WRF simulation. For
WRF-3DVar, there is a large change in the wind fields,
though there is almost no improvement for the rainwater
mixing ratio. The latter phenomenon is possibly due to the
spinup problem in WRF-3DVar. The accumulated rainfall
volume estimated by WRF-3DVar is clearly improved over
the WRF simulation, though the improvement is limited and
the accumulated rainfall volume is only half that of the rain

Table 3. The 2 � 2 Contingency Tables Between Rain Gauge and Doppler Retrieval, WRF Simulation, WRF-3DVar, and WRF-
PODEn3DVara

Rain Gauge

Retrieval WRF WRF-3DVar WRF-PODEn3Dvar

Yes No Yes No Yes No Yes No SUM

Yes 22 12 16 18 0 34 25 9 34
No 19 91 9 101 18 92 10 100 110
SUM 41 103 25 119 18 126 35 109 144

aYes if rainfall >=0.1 mm/h, otherwise No.

Table 4. Verification for Doppler Radar Retrieval, WRF
Simulation, WRF-3DVar and WRF-PODEn3DVar by Rain Gaugea

POD TS FAR FBI ETS

Retrieval 0.65 0.42 0.46 1.21 0.28
WRF 0.47 0.37 0.36 0.74 0.27
WRF-3DVar 0.00 0.00 1.00 0.53 �0.09
WRF-PODEn3DVar 0.74 0.57 0.29 1.03 0.47

aRainfall >=0.1 mm/h. POD: probability of detection (different from
proper orthogonal decomposition), TS: threat score, FAR: false alarm
ratio, FBI: frequency bias, ETS: equitable threat score.
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gauges, A possible reason is that WRF-3DVar uses the
state BE in the whole assimilation time window. Based on
the results of the Doppler radar assimilation in WRF-
PODEn3DVar and WRF-3DVar, it is certain that it is effec-
tive in improving the initial condition for the WRF model by
assimilating the Doppler radar observation data.
[42] The WRF model initialized by NCEP GFS-fnl data is

difficult to graph for the finer-scale weather processes in
complex mountainous regions. Even more significant, rain-
fall simulated by the WRF model is also affected by spinup
problems, which limit the accuracy of rainfall forecasting
by WRF-3DVar. There are many approaches [Lynch and
Huang, 1992; Grell et al., 1995; Bloom et al., 1996;
Benjamin et al., 2004; Lee et al., 2006] for reducing spinup
effects on the WRF-3DVar system. These approaches are not
used in this paper, so (1) there is a large change for wind
fields and almost no improvement for rainwater mixing ratio
by WRF-3DVar assimilation compared with WRF simula-
tion, and (2) rainfall verification shows poor results for WRF
simulation and WRF-3DVar assimilation. Because flow-
dependent covariances developed from the ensemble of
short-range forecasts minus background state vector are
provided in the WRF-PODEn3DVar system, the spinup

problem is greatly reduced, and the rainwater mixing ratio
simulated by WRF-PODEn3DVar is greatly improved. It is
thus helpful for theWRFmodel to reduce the spinup problem
using WRF-PODEn3DVar to assimilate the Doppler radar
observation data.

6. Conclusions

[43] This study investigated the performance of Doppler
radar assimilation on the capability of forecasting rainfall
in the WRF model based on PODEn3DVar. The following
conclusions can be drawn:
[44] 1. Assimilating the Doppler radar radial velocity and

reflectivity can effectively improve the description of the
3-dimensional structures in the initial conditions for theWRF
model.
[45] 2. It is effective to assimilate Doppler radar-reflectiv-

ity and radial-velocity observations in the WRF model by
PODEn3DVar.
[46] 3. Compared with WRF-3DVar, flow-dependent

covariances developed from the ensemble of short-range
forecasts minus background state vector provided in WRF-
PODEn3DVar are more helpful in reducing the spinup

Figure 15. Verification metrics trend curves across the rainfall thresholds arranged from 0.1 mm/h to
0.8 mm/h.
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problem in the WRF model and avoiding a state BE in the
assimilation time windows.
[47] 4. Comparisons of the accumulated rainfall volumes

and the verification scalars, including POD, TS, FAR, FBI
and ETS, indicate that WRF-PODEn3DVar simulation
yields better rainfall forecasting than radar retrieval, and
radar retrieval is better than WRF-3DVar assimilation. The
worst performer is WRF simulation.
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