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Abstract. Mesoscale numerical weather prediction (NWP) meteorological data; (2) radar reflectivity; (3) corrected radar
models are gaining more attention in providing high- reflectivity; (4) a combination of the original reflectivity and
resolution rainfall forecasts at the catchment scale for realimeteorological data; and (5) a combination of the corrected
time flood forecasting. The model accuracy is however neg+eflectivity and meteorological data. The WRF rainfall fore-
atively affected by the “spin-up” effect and errors in the casts before and after different modes of data assimilation are
initial and lateral boundary conditions. Synoptic studies in evaluated by examining the rainfall temporal variations and
the meteorological area have shown that the assimilation ofotal amounts which have direct impacts on rainfall-runoff
operational observations, especially the weather radar datdransformation in hydrological applications. It is found that
can improve the reliability of the rainfall forecasts from the by solely assimilating radar data, the improvement of rain-
NWP models. This study aims at investigating the poten-fall forecasts are not as obvious as assimilating meteoro-
tial of radar data assimilation in improving the NWP rain- logical data; whereas the positive effect of radar data can
fall forecasts that have direct benefits for hydrological ap-be seen when combined with the traditional meteorological
plications. The Weather Research and Forecasting (WRF)ata, which leads to the best rainfall forecasts among the five
model is adopted to generate 10km rainfall forecasts formodes. To further improve the effect of radar data assimi-
a 24 h storm event in the Brue catchment (135.2kio- lation, limitations of the radar correction ratio developed in
cated in southwest England. Radar reflectivity from the low-this study are discussed and suggestions are made on more
est scan elevation of a C-band weather radar is assimilatedfficient utilisation of radar data in NWP data assimilation.

by using the three-dimensional variational (3D-Var) data-
assimilation technique. Considering the unsatisfactory qual-

ity of radar data compared to the rain gauge observations,

the radar data are assimilated in both the original form andl Introduction

an improved form based on a real-time correction ratio de-

veloped according to the rain gauge observations. TradiAccurate rainfall forecasts are required in constructing a re-
tional meteorological observations including the surface andiable flood forecasting system. This is particularly true in
upper-air measurements of pressure, temperature, humiditShe flash flooding area where the forecast accuracy is highly
and wind speed are also assimilated as a bench mark tgependent on the rapid availability of the rainfall distribu-
better evaluate and test the potential of radar data assimildion in advance (Ferraris et al., 2002). Traditionally, now-

tion. Four modes of data assimilation are thus carried out orfasting methods are used in operational applications for short

on an extrapolation of the radar echoes (e.g. Dixon and

Published by Copernicus Publications on behalf of the European Geosciences Union.



3096 J. Liu et al.: A study on WRF radar data assimilation for hydrological rainfall prediction

Wiener, 1993; Mecklenburg et al., 2000). In a recent studyoperational mesoscale model. It was found that the impact
by Germann et al. (2006b), the predictability of rainfall is of assimilation can be detected at a forecast range of 12h
examined from storm to synoptic scales through an experiand increasing the frequency of rainfall data from 3-hourly
mental approach using continent-scale radar composite imto hourly largely improved the first 6 h forecasts. Stephan
ages. The lifetime of radar reflectivity patterns in Eulerian et al. (2008) assimilated the surface rainfall rates derived
and Lagrangian coordinates are used as the measures of pfeem the radar reflectivity data into the COSMO (Consor-
dictability. Later, an ensemble method is proposed by Gertium for Small Scale Modelling) model. The precipitation
mann et al. (2009) to characterise the residual errors in radgpatterns were found to be better simulated in good agree-
rainfall estimation from the perspective of flash flood fore- ment with the radar observations for the first few hours of
casting. However, the common feature of radar nowcastindorecasts. Significant improvements were also made in short-
is statistical or empirical approaches prevail over physicalrange rainfall forecasts when the radar-derived surface rain-
approaches. This determines the nowcasting methods do nédll rates were assimilated into the 4 km grid length version of
allow for the development of new storms and lose their ac-the Met Office Unified Model (Dixon et al., 2009). In some
curacy rapidly with the increase of the forecast lead time. Acases, more obvious improvements were seen when the radar
comprehensive summary of various nowcasting methods careflectivity was assimilated together with Doppler radial ve-
be found in the work of Ebert et al. (2004) and Mecklenburg locity. Tong and Xue (2005) assimilated the Doppler radar
et al. (2002). observations to facilitate the forecast of a supercell storm.
In recent years, the mesoscale numerical weather predicthe best results were obtained when both radial velocity and
tion (NWP) models are gaining more and more popularity reflectivity data were assimilated, the impact of which re-
in the hydrometeorological community in providing high- mained for more than 2 h. Xiao et al. (2005, 2007) explored
resolution rainfall forecasts at the catchment scale. They aréhe use of the three-dimensional variational method (3D-Var)
capable of developing detailed precipitation fields and thusto assimilate radial velocity and radar reflectivity into MM5
can produce forecasts with a more lasting reliability. How- (the Fifth Generation Penn State/NCAR Mesoscale Model),
ever, the reliability of the mesoscale NWP models is largelyboth of which showed positive impacts on short-range pre-
dependent on the initial and lateral boundary conditions pro-diction of heavy rainfall events. However, without radial ve-
vided by global models as the model driving. Besides thelocity, the assimilation of only radar reflectivity can also re-
quality of the initial and lateral boundary conditions, the ac- sult in promising results. Sokol carried out a series of ex-
curacy of the mesoscale model is also negatively affected byeriments for radar reflectivity assimilation into the COSMO
the “spin-up” effect (Daley, 1991). It has been found that dur-model, i.e. assimilating solely radar reflectivity (Sokol and
ing the first 3 to 6 h, the rainfall forecasts from the mesoscaleRezacova, 2006), assimilating reflectivity together with satel-
NWP model are less accurate than predictions based on lite data (Sokol, 2009) and assimilating both observed and
simple advection of the radar echoes (Austin et al., 1987)1h-ahead extrapolated radar reflectivity (Sokol, 2010). Im-
Assimilation of suitable real-time observations into the NWP provements were seen in all cases in forecasting the basic
models can help significantly reduce the spin-up effect andeatures of the storm development for at least two to three
improve the initial and lateral boundary conditions of the hours ahead.
mesoscale model (Sokol anddree, 2009). Appropriate data However, in most of the previous studies, the improve-
assimilation cannot only involve the real-time observationsments of the NWP rainfall forecasts after data assimila-
used by the nowcasting systems (e.g. radar echoes and satébn were mainly evaluated from the meteorological aspect
lite data) into the mesoscale NWP model, but also helps ini-using synoptic analyses. For hydrological applications us-
tialise convective-scale events (Sokol, 2010). Weather radaing the NWP rainfall forecasts in real-time flood forecast-
plays a prominent role in revealing structures of the convecding, hydrologists are particularly concerned with the accu-
tive storms and the related mesoscale and microscale systemacy of the rainfall quantity at the catchment scale and its
(Wakimoto et al., 2004). Xiao and Sun (2007) illustrated in variations in time, both of which have direct impacts on
their study that with the high-resolution (2 km) radar data as-the forecast discharge and timing of the peak flow through
similated into the NWP model, the convective systems couldthe rainfall-runoff transformation done by the hydrological
be better represented in the model initial conditions. Recentnodels. Therefore, it is interesting to see how much the as-
investigations in the meteorological area have shown thasimilation of the radar observations can help improve the
with the assimilation of real-time observations, especially therainfall quantity and its temporal variation in a storm event,
radar data (reflectivity or derived Doppler velocity), rainfall which directly benefit the real-time flood forecasting. In this
forecasts from the NWP models can be obviously improvedstudy, the potential of assimilating radar reflectivity data in
for the next few hours. improving the NWP rainfall forecasts is investigated from
Some studies focused on assimilating rainfall observathe hydrological aspect at the catchment scale. The radar
tions converted from the radar reflectivity data into the data assimilation is compared with the assimilation of tra-
NWP model. Macpherson (2001) introduced the assimila-ditional meteorological observations, e.g. the surface and
tion of radar-derived rainfall data into the UK Met Office’s upper-air measurements of pressure, temperature, humidity
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and wind speed. The improvement of rainfall forecasts isalso A 24 h storm event is selected from the Brue in southwest
evaluated when the radar data are assimilated together witBngland with a drainage area of 135.2%nthe WRF rain-
the traditional meteorological observations. Since weathefall forecasts for this 24 h storm event before and after data
radar is normally subject to errors such as bright band, atassimilation are evaluated according to the rainfall quantity
tenuation of signal during high-resolution rainfall, occulta- and its variation in time. Radar reflectivity is taken from a
tion, orographic enhancement and anomalous propagatiof-band weather radar which gives a complete coverage of
(Hitschfeld and Bordan, 1954; Browning et al., 1975; Collier, the Brue catchment. The traditional meteorological obser-
1976; Bader and Roach, 1977; Joss and Waldvogel, 1990;sations are taken from the NCAR archives which provide
Han et al., 2000), the quality of the radar data is not satis-global operational surface and upper-air observations. Four
factory compared to the rain gauge observations. Germanmodes of data assimilation are carried out with the assistance
et al. (2006a) present the Swiss solution for the correction obf 3D-Var based on different types or combinations of ob-
real-time radar rainfall estimation in mountainous regions.servations: (1) traditional meteorological data; (2) radar re-
Berenguer and Zawadzki (2008, 2009) quantified the con{lectivity; (3) corrected radar reflectivity based on rain gauge
tribution of various physical sources of uncertainty affect- observations; (4) a combination of the original radar reflec-
ing radar rainfall estimates at the ground, e.g. the rangetivity and traditional meteorological data; and (5) a combina-
dependent error and the uncertainty due to the Z-R transfortion of the corrected radar reflectivity and traditional meteo-
mation, at a resolution typically used for radar data assimila+rological data. The rest of the paper is organised as follows:
tion in mesoscale NWP models. In this study, the correctionSect. 2 introduces the configurations of the WRF model and
of the radar data is carried out in real-time based on the rairthe functions of the 3D-Var data-assimilation system. Sect. 3
gauge observations before they are assimilated into the NWIBrovides background information of the study catchment and
model, and comparisons are made for assimilating the origithe storm event, the use of the ECMWF global forecast data
nal and corrected radar data. as the driving of the WRF model, and the NCAR and radar
The Weather Research and Forecasting (WRF) model imbservations to be assimilated. The quality of the radar data
the latest-generation mesoscale NWP model, which is develis evaluated for the storm event based on the rain gauge ob-
oped under joint efforts of the scientific community based servations, and a real-time correction ratio is developed to
on the experiences of its predecessors, such as the widelynprove the radar data quality. The results of five modes of
used MM5. Nowadays WRF has gained wide recognitiondata assimilation are evaluated in Sect. 4, by examining the
in mesoscale weather research and forecasting. Recent studkinfall cumulative curves and the total rainfall quantities of
ies have shown that the WRF model has good potentiathe storm event. Discussions are made in Section 5 regarding
in handling some rainfall features, e.g. the rainfall timing, the limitations of the radar correction ratio and enhancing the
location and evolution; however in producing the accurateefficiency of radar data utilisation in order to further improve
rainfall quantities, the results are still not ideal (Chang etthe NWP rainfall forecasts through data assimilation. Finally,
al., 2009; Hong and Lee, 2009; Shem and Shepherd, 2009;0nclusions of the paper are made in Sect. 5.
Chen et al., 2010; Liu et al., 2012a). As for data assimi-
lation, the three/four-dimensional variational methods (3D-
Var/4D-Var), ensemble Kalman filter (EnKF) and latentheat-2 The WRF model and 3D-Var data assimilation
ing nudging (LHN) are among the most effective assimi-
lation techniques that are commonly applied to radar dat2.1 WRF model set-up
(Sun, 2005). In continuous cycling mode, 3D-Var performs
better in producing rational analyses of hydrometeor fieldsThe numerical experiments of data assimilation are con-
with greater computational efficiency than 4D-Var, EnKF ducted with the Advanced Research WRF model (ARW)
and LHN (Barker et al., 2004; Xiao and Sun, 2007). The Version 3.1. WRF is a non-hydrostatic, primitive-equation
Mesoscale & Microscale Meteorology division (MMM) of mesoscale meteorological model with advanced dynamics,
the US National Center of Atmospheric Research (NCAR)physics and numerical schemes. Detailed descriptions of the
has developed and supports a unified model-space varianodel can be found in the model manual (Skamarock et
tional data-assimilation system for use with the WRF model,al., 2008) and also on the WRF user websh&p(//www.
which contains the 3D-Var utility. In this study, the WRF mmm.ucar.edu/wrf/usexsSigma coordinates are adopted in
model is used to produce the catchment-scale rainfall forethe model to describe the vertical pressure levels, and a two-
casts, driven by the operational data from the European Cenway nesting is allowed for the interaction between mother
tre for Medium-Range Weather Forecast (ECMWF). Theand child domains. In this study, three nested domains are
radar reflectivity data together with traditional meteorolog- used. Each domain is comprised of 28 vertical pressure lev-
ical observations are directly assimilated by the 3D-Var data-els with the top level set at 50 hPa. In order to decrease the
assimilation system in order to improve the WRF rainfall modelling time and to make the results applicable in oper-
forecasts. ational hydrological forecasting system, the grid size of the
WRF model needs to be relatively coarse. Considering that
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lumped hydrological models are normally used in the fore-is the assimilated observation and= H(x) is the model-
casting system, in this study the grid spacing of the WRFderived observation transformed from the analysisy the
innermost domain is set to be 10 km. In that case the Bruebservation operatdd for comparison against’. The solu-
catchment can be mostly covered by a single grid cell. Raintion of the cost function shown by Eq. (1) represents a pos-
fall forecasts extrapolated from the grid cell are thereforeteriori maximum likelihood (minimum variance) estimate of
treated as the catchment average rainfall and used for analyhe true atmosphere state given the two sources of a priori
ses. data: the first guess’ and the observatiog® (Lorenc, 1986).

The WRF model has options for different physical param- The fit to individual observation points is weighted by the es-
eterisations, including microphysics, cumulus physics, surtimates of their errors, i.8 andR, which are the background
face physics, planetary boundary layer physics and radiatiomrror covariance matrix and the observation error covariance
physics. The model performance is highly dependent on thematrix, respectively.
parameterisation schemes which might be suitable for one The three-dimensional variational (3D-Var) system devel-
storm event but inappropriate for others. Since it is difficult oped by Barker et al. (2004) is used in this study in tandem
to tell the best choice for future events, the parameterisatiorwith the WRF model for assimilating the weather radar re-
schemes are normally fixed beforehand for operational apflectivity and the traditional observations. Its configuration is
plications. In this study, the most extensively used param-based on an incremental formulation of the variational prob-
eterisation schemes are used. The main physics packagésm, producing a multivariate incremental analysis for pres-
include the WRF Single-Moment 3-class (WSM3) micro- sure, wind, temperature, and relative humidity in the model
physics scheme (Hong et al., 2004), the new Kain—Fritschspace. The incremental cost function minimisation is per-
cumulus parameterisation scheme (Kain, 2004), the Yonseformed in a preconditioned control variable space. The pre-
University planetary scheme for the planetary boundary layerconditioned control variables include stream function, un-
(Hong et al., 2006), the Dudhia shortwave radiation schemébalanced potential velocity, unbalanced temperature, unbal-
(Dudhia, 1989), and the Rapid Radiative Transfer Modelanced surface pressure and pseudo relative humidity. In the
(RRTM) longwave radiation scheme (Mlawer et al., 1997). case of assimilating radar reflectivity, the total water mix-
Other physics options include the Monin—Obukhov schemeing ratiog; is used as the moisture control variable instead of
(Monin and Obukhov, 1954) for the description of the sur- pseudo relative humidity. Equation (2) shows the observation
face layer and the Pleim—Xiu Land Surface Model (Xiu and operator adopted in the 3D-Var system for the assimilation of
Pleim, 2001) to present the land surface physics. reflectivity (Sun and Crook, 1997):

The initial and lateral boundary conditions of the WRF
model are provided by the ECMWF global operational data.Z =431+ 175log(pg,), )
ECMWF produces global 10-day forecasts based on thevhere Z is the reflectivity in dBZ,p is the air density in
00:00 and 12:00 UTC analyses (the 00:00 UTC run is onlykg m—3 andg, is the rainwater mixing ratio.
available in specific years as an experimental suite for severe Equation (2) is derived analytically by assuming the
weather predictions). To keep consistency with the outermosMarshall-Palmer distribution of raindrop size. In practice,
domain which has a grid spacing of 250 km, the spatial resovarious empiricalZ—g, relations have been used. However,
lution of the ECMWF products used in this study was chosenin the current 3D-Var system, the modification of this equa-
to be 2.5 x 2.5> with a temporal resolution of 6 h. Detailed tion is beyond the control of users. It is natural to ask how
information for the operational use of the ECMWF forecast sensitive the assimilation is to the variations in #;, re-

data is given in Sect. 3.1. lation. Since any—g, relation contains approximations, Sun
o and Crook (1997) varied the constants in Eq. (2) to test the
2.2 3D-Var data assimilation sensitivity of the assimilation system to these variations. It

was shown that the system was rather robust to the error

Data assimilation is the technique by which observrcltlonscauseoI by changes in the-g, relation, and also to the cali-

are combined with a NWP prod_uct (calleq the first 9UESSh ation errors in reflectivity. More information about the de-
or background forecast) and their respective error statistic$;-tion and sensitivity of Eq. (2) can be found in the work

to provide an improved estimate (i.e. the analysis) of the at-o¢f sun and Crook (1997, 1998). A very recent study con-

mospheric state. The variational data-assimilation techniquey o by Wang et al. (2013) also showed that this indirect
achieves this through the iterative minimisation of a pre- reflectivity assimilation scheme in 3D-Var (i.e. assimi-

scribed cost function (lde et al., 1997): lating retrieved rainwater rather than assimilating reflectivity

T(x) = }(x —xPTBL(x —xP) directly) resulted in a better performance of the retrieval pro-
cedure, and this indirect scheme helped avoid the linearisa-
1 0\T -1 0 tion errors of theZ—q, equation
50— R -y, 1 . " Lo
+2(y ) =7 @ Since the total water mixing ratig; is used as the con-

wherex is the analysis to be found that minimises the costtrol variable in the 3D-Var system, the partitioning of the
function J(x), x? is the first guess of the NWP model moisture and hydrometeor increments is necessary during
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the minimisation procedure. A warm-rain parameterisation g
(Dudhia, 1989) is used in the 3D-Var system, which builds

a constraint of the relations among rainwater, cloud water, &7
moisture and temperature. When the rainwater information B
(from the reflectivity through Eq. 2) enters the minimisation ¥
iteration procedure, the forward warm-rain process and its p
backward adjoint distribute the information to the increments P
of other variables under the constraint of the warm-rain pa-
rameterisation scheme.

The performance of the data-assimilation system largely
depends on the plausibility of the background error covari-
ance (BE), i.e. the matriB in Eq. (1). In this study, the de- _ )
fault NCEP (National Centers for Environmental Prediction) Fig. 1. Location of the Brue catchment and the Wardon Hill weather
global BE is adopted, which is named as CV3. Itis estimated 2¢2"
in the grid space using the National Meteorological Centre
(NMC) method (Parrish and Derber, 1992) and is applicableyk Environment Agency for the Brue catchment. Accord-
for any regional domains. The control variables for CV3 arejnq 1o the weather log of the Royal Meteorological Society
estimated based on the differences of 24 h and 48 h forecasiggen, 1999), the storm happened under the control of the cy-
of GFS (Global Forecast System) with T170 resolution valid cionic weather system and was identified as a heavy thundery
at the same time for 357 cases distributed over a period oghower. For continuous assimilation of the real-time observa-
one year. tions, WRF needs to run in the cycling mode in tandem with

the 3D-Var system. As previously mentioned, the ECMWF
operational forecast data are used as the input for the WRF

X
W

3 Study area and data model. The cycling runs of the WRF model are illustrated in
Fig. 2 with the ECMWEF input for continuous data assimila-
3.1 Study area, storm event and global forecast data tion in the case of the 24 h storm event.

_ _ ) In Fig. 2, there are two ECMWF forecast origins produc-

The Brue catchment in southwest England (Fig. 1) is chosening forecasts covering the 24 h duration of the storm event. It
as the study area. It is a predominantly rural catchment withs 3ssumed that the most recent origin can provide more ac-
a drainage area of 135.2 Rrand an elevation range between cyrate and reliable forecasts than the past origins. That is to
35m and 190 m above sea level. The average annual rainfallay as soon as a new origin becomes available (e.g. as time
over the catchment is 867 mm from 1961 to 1990. The caichzomes to 12:00 of 24 October 1999 in Fig. 2), forecasts made
ment size and relief together with its previous history of no- from the past origin (origin1) are no longer used and results
table storms and floods (Clark, 1996) make it a representativg the new origin (origin2) are input into the model instead.
among the catchments in the UK requiring flood warning. In gefore the use of the forecast data from an ECMWF forecast
addition, a hydrological radar experiment (named HYREX) origin, a 6h spin-up period (as shown by the dashed lines
funded by Natural Environment _Researc_h Council (NERC) a5 parts of run1 and run6 in Fig. 2) is adopted to provide
was run from May 1993 to April 1997 in the catchment. 5 petter state of the model control variables. Data used for
Data collection was extended to 2000. A dense rain gaugdgne 6 n spin-up are the 40yr re-analysis data from ECMWF
network (Moore et al., 2000) containing 49 Casella 0.2 MM(ERA-40). In Fig. 2, runl and runé are the original runs of
tipping bucket rain gauges was set up and a C-band weathghe \WWRF model using the ECMWF forecast data respectively
radar was located 30 km to the south (see Fig. 1, at Wardofyom origin1 and origin2. Data assimilation starts at 12:00 of
Hill) which gave a complete coverage of the catchment dur-23 October 1999 and happens onwards with a time interval
ing the project. In this study, the radar reflectivity measuredof 6 h, The data-assimilation times are marked with circles in
by the Wardon Hill radar together with traditional meteoro- Fig. 2. The remaining six runs (run2, run3, run4, run5, run7
logical observations is assimilated into the WRF model toand rung) are data-assimilation runs, generating the updated
improve the rainfall forecasts. Rainfall observations from the o Its after assimilating observations at the starting time of
rain gauge network are used as the ground truth to evaluatgach run. For the cycling mode of WRF, the boundary files
the WRF output before and after the data assimilation. of the data-assimilation runs are generated from their previ-

A 24 h storm event which occurred over the Brue catch-gys runs. In this way the information of the assimilated ob-
ment on 24 October 1999 was chosen as a test case for thigryations in previous runs can be kept and delivered to the
study. The event produced a 24 h rainfall accumulation ofg|1ow-on runs.
29.38 mm and resulted in a peak flow of 51.33sn! at the
catchment outlet. The peak flow exceeded the “flood watch”
threshold discharge, which is 36.0881?, issued by the
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Table 1. Number of NCAR data records distributed inside each of 24hr duration
the triple nested domains. 23/10/1999 24/10/1999 25101999
\ \ & & \ &
Data assimilation Surface data records Upper-air data records 06:00 12<L00 18:00 00:00 06:00 1100 18:00 00:00
time Doml Dom2 Dom3 Doml Dom2 Dom3 origin origin2
1] | \ \ \ |
Tmel 23/1012:00 75 8 0 1873 233 2 run 5 ‘ ‘ ‘ |
Time2 23/10 18:00 51 7 0 1744 213 2 run2 ¢
Time3  23/10 00:00 78 8 0 1416 186 2 run3 ¢ ! ! ‘
Time4 24/10 06:00 58 7 0 1819 218 2 und g 1]
Time5 24/10 12:00 78 3 0 1871 233 2 uns |
Time 6  24/10 18:00 50 6 0 1780 215 1 runé | | ! |
run7 @
rung

3.2 NCAR surface and upper-air observations Fig. 2. Time bars of the cycling WRF runs for continuous data as-

) . similation using the ECMWF operational forecast data.
The US National Center of Atmospheric Research (NCAR)

archives operational global meteorological observations

which are freely downloadable and suitable for use in real-square pixels covering a radius of 210 km. Figure 3 shows
time cases. The surface and upper-air data assimilated ithe radar images from the lowest scan {9.6n the 2km
this study are obtained respectively from the “ds353.4" andCartesian grid at the six data-assimilation times of the storm
“ds464.0” datasets, which contain the surface and upper-aievent. The colour of each pixel (with an area of 2 kn?)
measurements of pressure, temperature, humidity and wingepresents the rainfall intensity in the unit of mm/5 min. The
from fixed and mobile land/sea stations. The data are ini-red circle in the centre of the image shows the location of
tially downloaded in ADP format and then converted into the Wardon Hill radar (50.49N, 2.33 W, with an altitude of
LITTLE R format before they are assimilated in the 3D-Var 255 m above the sea level). The Brue catchment (outlined in
system. Table 1 shows the number of NCAR data recordsed) is located in a radar sector free of beam blocking and
located in each of the triple nested domains at the six dataground clutter for all the four scans (Borga et al., 2002). In
assimilation times marked in Fig. 2. this study, the radar reflectivity shown by the six images in
It can be seen from Table 1 that the number of data recordsig. 3 is assimilated into WRF with a time interval of 6 h.
decreases ObViOUS'y from the outermost to the innermost do- The number of the 2 km pixe|s located in the three nested
main. The majority of records is distributed in the two outer domains are 4418, 4418 and 441 from the outermost to the
domains, with quite few data found in the innermost domain.innermost. The identical number for the two outer domains
For the surface observations, there is even no data record i due to the complete coverage of the radar image by those
the innermost domain. It should be mentioned that in thistwo domains. When the reflectivity is assimilated in the 3D-
study the WRF model is run with two-way nesting, which var system, the latitude and longitude at the central point of
allows for interaction and information exchange between theeach pixel and the height of the radar beam above that pixel
coarse and fine domain. Therefore, data assimilated by thgeed to be stated together with the corresponding reflectivity.
two outer domains can finally benefit the innermost domain.|t should be mentioned that a thorough quality control of the
The quality control of the assimilated observations is realisedtadar data has been carried out throughout the HYREX ex-
by defining the observation error covariance, i.e. the ma&trix periment to remove invalid and missing data due to anoma-
of Eq. (1) in the 3D-Var system. The US Air Force (AFWA) |ous propagation and technical problems leading to disrup-
OBS error file is used in this study for the NCAR surface andtjon of the radar image and the lack of radar response.
upper-air observations, which defines the instrumental and As aforementioned, there were 49 rain gauges in the Brue
sensor errors for various air, water and surface observatiogatchment during the HYREX project. The catchment areal

types as well as satellite retrievals. rainfall obtained from the rain gauge network by the Thiessen
) ) polygon method can be used for a preliminary examination
3.3 Weather radar data and the radar correction ratio of the radar data quality. It should be mentioned that during

the HYREX experiment, software at the Wardon Hill radar
site converted the measured reflectivity directly into rainfall
rates based on the following—R relationship:

The radar reflectivity to be assimilated is from the Wardon
Hill radar. The radar cycles through 4 different scan eleva-
tions (0.5, 1., 1.5°, 2.5°) every 5min up to a range of
210km. The 3dB radar beam width is 1.@or the lowest 7 — 200x R™S, (3)
scan elevation of 0% the radar beam height above the Brue

catchment is approximately 0.4 km. The local software at thewhereZ andr are the reflectivity in mfim=2 and the rain-
radar site converts the measurements of reflectivity from rafall rate in mmh®. Equation (3) is the original form of
dial grids to two Cartesian grids: a ¥66 grid of 2km square  the Marshall-Palmer equation. A detailed description of the
pixels covering a radius of 76 km and anx884 grid of 5km  signal processing during the HYREX experiment (including
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Fig. 3. Radar images of the lowest scan (Q.bn the 2 km Cartesian grid at the six data-assimilation times of the storm event (mm/5 min).

the Marshall-PalmeZ—R conversion) is given by Brown et  of the 24 h rainfall accumulations are shown in Fig. 4b and c,
al. (1991) and Kitchen and Jackson (1993). The Marshall-respectively, for the gauge and radar observations. Obvious
Palmer equation is found to be appropriate to be used irunderestimation of the Wardon Hill radar can be noticed by
southwest England, which has been proven by a series odomparing the spatial distributions of the gauge- and radar-
follow-on studies based on the converted HYREX radarestimated rainfall in Fig. 4b and c. However, the time series
dataset (Wood et al., 2000; Wheater et al., 2000; Bell andbars in Fig. 4a show a good consistency of the radar with
Moore, 2000a, b; Borga, 2002; Borga et al., 2002). More-the rain gauges in estimating the rainfall occurrences and the
over, the observation operator for reflectivity assimilation in temporal variances of the rainfall rate. For this reason, the
3D-Var, i.e. Eqg. (2), is derived based on the Marshall-Palmerassimilation of the radar reflectivity is still expected to have
raindrop size distribution. To keep consistency with that, thesome positive effect on improving the rainfall forecasts from
converted rainfall rates from the Wardon Hill radar follow- the WRF model.
ing Eq. (3) are used to make a comparison with the gauge As pointed out by Borga et al. (2002), the underestimation
observations. of the Wardon Hill radar in the Brue catchment is mainly
Figure 4 shows the comparison between the gauge- andaused by the non-uniform vertical profile of reflectivity, the
radar-estimated rainfall for the 24 h storm event. The timeorographic enhancement of precipitation, the radar calibra-
series bars are shown in Fig. 4a and the spatial distributionsion stability effects and the uncertainty #+R conversion.
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y 4 Results

(a) 1 Radar

s With the NCAR observations and the original and corrected
‘ radar reflectivity data, 3D-Var data assimilation is carried out
3 for the 24 h storm event in the following five modes:

Rainfall rate (mm/h)

. 1. Mode 1: assimilating NCAR surface and upper-air ob-
servations only;
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Fig. 4. Comparison of the Wardon Hill radar and the rain gauge
network:(a) time series bars of the hourly catchment areal rainfall;

b) 24 h rainfall accumulation observed by the rain gauge network . . .
Enzm); (c) 24 h rainfall accumulation measa/red by thegwe?;\ther radarThe !mprovements ofthe WR,F ramfa” foreca§ts bY apP'y'“g
(mm). the five modes of d.ata aSS|m|I§\t|_on are examined in this sec-

tion. Besides the different assimilated data, there is no other

difference in the five modes regarding the settings of the

To better improve the radar data quality, a real-time correc-\WRF model and the 3D-Var system. The purpose is to find
tion ratio is developed to correct the radar bias at each datawhich type of observations (or a combination of two types)
assimilation time based on the rain gauge observations:  is more effective in improving the accuracy of the forecasted
rainfall. For processing the WRF output, in the beginning,

R6 hyauge @) WRF outputs are extracted at the same locations of the 49
R6 hyadar’ rain gauges and then averaged using the Thiessen polygon

. method to get the catchment areal rainfall. It is found that the
where R6 hgauge and R6 Myaar represent the accgmulatwe averaged WRF results have very little differences compared
amounts of the catchm.en.t average rainfall during the aNt9 those extracted from the central single grid cell with more
tec_edent 6h Of. the assimilation time, base‘?' on the Obsert'han 60 % coverage of the Brue catchment in area. For sim-
vations from rain gauges and radar, respectively. The dura; le calculation, the rainfall forecasts extrapolated from that

tion of 6 h is chosen as a compromise between the real-img;, 10 oriq cell are therefore treated as the catchment areal

represgntativgng SS and stabil!ty.of the correction ratio. This‘rainfall and used for analyses. Since the temporal variation
correction ratio is directly multiplied to the 2 km pixel-based and total amount of the rainfall prediction are of more im-
rainfall rates measured by the Wardon Hill radar onthe whole . - o i operational use (e.g. in real-time flood forecast-

scan range before they are converted into the reflectivity. Th ng), the following analyses and comparisons are based on

values of the radar correction ratio at the six data-assimilatioqhe cumulative curves and the total cumulative amounts of
times for the 24 h storm event are shown in Table 2. For 8the catchment areal rainfall. No investigation of the rainfall

more stable correction, the ra'up IS “m'ted _to arange fromimprovement in the spatial dimension after data assimilation
0.3 to 3. In Table 2, the correction ratio varies from 1.96 to is made

3.21, which also reveals obvious underestimation of the War-
don Hill radar: the radar-estimated rainfall is less than half of4 1 cumulative curves of the catchment areal rainfall
the gauge-observed values at the six data-assimilation times.

In this study, both the original and the corrected radar re-The presumed trends of the rainfall cumulative curves after
flectivity data are assimilated into the WRF model to see ifdata assimilation are shown in Fig. 5 for the WRF cycling
the radar data can help improve the rainfall forecasts. Comruns illustrated in Fig. 2. For better comparison, an extension
parisons are further made on the improvement by assimilatof 12 h is added to each of the WRF runs in order to show
ing the corrected and the original radar data. Since the realelearer trends of the rainfall cumulative curves. In Fig. 5, the
time radar correction ratio is applied directly on the radarblack line indicates the cumulative curve of the catchment
data, no measurement error is assumed when defining the olreal rainfall obtained by averaging the rain gauge observa-
servation error covariance in the 3D-Var system. tions using the Thiessen polygon method. It is treated as the

ground truth for evaluating the WRF results. As shown by

2. Mode 2: assimilating the original radar reflectivity data
only;

3. Mode 3: assimilating the corrected radar reflectivity
data only;

4. Mode 4: assimilating both NCAR observations and the
original radar data; and

5. Mode 5: assimilating both NCAR observations and the
corrected radar data.

correctionratio=
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Table 2.Correction ratios for the Wardon Hill radar data at the data- —
assimilation times. Fun
Run3
Gauge Radar Correctionratio £ s
Data-assimilation time (mm)  (mm) (gauge/radar) g Rund
o Run8
Time 1l 23/10/1999, 12:00 5.08 2.14 2.38 é
Time 2 23/10/1999, 18:00 2.19 1.11 1.96 E
Time 3 24/10/1999, 00:00 1.21 0.54 2.23 «
Time 4 24/10/1999, 06:00 472 1.83 2.58 : : ‘ ‘ !
Tlme 5 24/10/1999, 1200 14 16 441 3'(21 12:00 15‘00 UD"OD 06“00 12"00 13“00 00"00 06"00 12:00 .
Time 6 24/10/1999,18:00 10.42  4.05 2.57 Time ()
Note: * correction ratios larger than 3 are limited to 3; the gauge and radar Fig. 5. Presumed trends of the rainfall cumulative curves after data

observations at each data-assimilation time represent the accumulative amounts for gssimilation.
the previous 6 h.

Fig. 2, runl and run6 are the WRF original runs without datawith the radar data. For Mode 2 in Fig. 6b, the assimila-
assimilation, driven by ECMWF global data from two differ- tion of the radar reflectivity does not show any positive ef-
ent forecast origins. These two runs are represented by solifect. Even using the corrected radar data (Mode 3 in Fig. 6c),
curves in Fig. 5. The remaining colour lines are the cumu-the improvement is negligible. However, the best results are
lative curves of the data-assimilation runs, which are solidachieved by assimilating both the NCAR observations and
lines at the beginning and then become dashed after the nexthe radar reflectivity. In Fig. 6d and e, the data-assimilation
data assimilation. It is assumed that after each time of datauns show a gradual increase following similar trends as the
assimilation which happens every 6 h, the rainfall forecastsground truth, i.e. the black curve of the gauge observations.
from the new run are closer to the ground truth than the preThe most obvious case is run5, which generates rainfall in a
vious runs. That is why the solid curve becomes dashed aftevery consistent pattern with the ground truth, although there
6 h when the forecasts from a new data-assimilation run arés a little difference with respect to the rainfall quantities.
available. By assuming the WRF original run gives an under-For Mode 4 in Fig. 6d, the final cumulative amount is in-
estimated accumulation of the catchment areal rainfall, thecreased to 88 % of the gauge-observed value; and for Mode
following runs show a gradual uplifting of the original curve 5 in Fig. 6e, the cumulative amount also exceeds the radar-
as a result of the continuous data assimilation by the 3D-Varestimated value and is up to 55 % of the gauge observation.
system. Against expectations, when combined with the NCAR obser-
The purpose of Fig. 5 is only to show the symbols and thevations, the corrected radar reflectivity does not perform bet-
meanings of the different WRF runs. In reality, the curvester in improving the rainfall forecasts than the original radar
may vary considerably from the presumed ones. Figure &ata.
presents the actual curves of the catchment areal rainfall To further investigate the performances of data assimila-
of the original WRF runs and after the five modes of 3D- tion in different modes, the amount of data assimilated in
Var data assimilation. Only results of the innermost domaineach of the five modes is examined. Table 3 summarises the
(Dom3) are shown. Results of the two outer domains havenumber of data actually assimilated in the five modes of 3D-
similar trends as the innermost domain, thus their cumulativevar at the six assimilation times of the storm event. As ex-
curves are not shown in this section, while the total cumula-pected, the amount of assimilated data decreases from the
tive amounts in all the three domains are later summariseeutermost domain (Dom1) to the innermost domain (Dom3).
and compared in Sect. 4.2. In Fig. 6, the same symbols ar&he number of data assimilated is also highly related to the
used as those shown in Fig. 5. The curve in light grey repre-data validity and quality. For some data-assimilation times
sents the rainfall accumulation estimated by the Wardon Hillsuch as Time 1, Time 2 and Time 6, the radar data assimilated
radar. The radar reflectivity is transformed into the rainfall are much less than those assimilated at the other assimilation
rate following theZ—R relation shown by Eq. (3). times in Mode 2 and Mode 3. The reason can be found by ex-
Using the ECMWF operational forecast data as the driv-amining the radar images in Fig. 3. Since there is less rainfall
ing of the WRF model, the original runs (i.e. runl and run6 observed by the radar (i.e. more zero pixels in the images)
in all the subfigures of Fig. 6) are much worse than expectedin Fig. 3a, b and f, the number of data assimilated at these
Almost no rainfall is produced by the original runs without assimilation times is much less that the other cases.
assimilating any data. When the NCAR observations are as- For the comparison of the number of data assimilated in
similated as Mode 1, significant improvement can be seen irdifferent modes, it is expected that the data assimilated in
Fig. 6a. However, the results are not satisfactory since the fiMode 4 should be equal to a sum of the data assimilated
nal cumulative amount (see the curve of run8 in Fig. 6a) isin the corresponding domain of Mode 1 and Mode 2 (ditto
still less than the radar-estimated value. The case is worséor Mode 5, the number of data assimilated should be a sum
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Table 3. Number of observations actually assimilated in each of the triple nested domains.

Time 1 Time 2 Time 3 Time 4 Time 5 Time 6
23/1012:00 23/1018:00 24/1000:00 24/1006:00 24/1012:00 24/1018:00
Mode1 Doml 11487 8933 12231 9553 11604 8717
Dom?2 1620 1689 1618 1605 1701 1603
Dom3 3 5 3 5 5 3
Mode 2 Doml 379 194 488 2288 1762 241
Dom?2 389 197 494 2284 1770 251
Dom3 4 20 0 156 63 4
Mode 3 Doml 385 242 875 1232 1436 338
Dom2 395 251 884 1246 1437 348
Dom3 1 22 1 74 65 9
Mode 4 Doml 11866 9068 12625 11484 13366 8144
Dom2 2009 1870 1569 3003 3471 1503
Dom3 7 24 3 236 68 6
Mode 5 Doml 11872 9174 13086 11522 13040 8972
Dom?2 2015 1960 1625 3159 3138 1882
Dom3 4 25 4 88 70 12

351 (a) Model

Rainfall accumulation (mm)

Rainfall accumulation (mm)

(b) Mode2

Rainfall accumulation (mm)

(c) Mode3

9

Rainfall accumulation (mm)
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Rainfall accumulation (mm)
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12

— o
00 18:00 00:00 06:00 12:00 18:00 00:00 06:00 12:0
Time (h)

12

Time (h)

assimilated in Mode 2 does not equal to that in Mode 3, and
Mode 4 does not equal to Model 5. This is caused by the
consistency checking of the observations with the WRF first
guesses and the removal of the duplicate and conflict obser-
vations before the assimilation takes place. Similarly, it can
also be found that for Mode 2 and Mode 3 (assimilating radar
data only) in Table 3, the radar data assimilated by Dom2 is
slightly more than that assimilated by Dom1 for all the assim-
ilation times, although the same number of radar data is lo-
cated in the two domains (as mentioned, 4418). This is proba-
bly due to the difference of the horizontal resolution between
the domain and the radar image. Compared to Dom2 (with
a resolution of 50 km), there might be more radar data (2 km
resolution) deemed to be redundant in Dom1 (250 km resolu-
tion) by the 3D-Var system. As a consequence, less data are
actually assimilated in Dom1 than Dom2.

4.2 Error quantification using the 24 h rainfall totals

For a more quantitative evaluation of the five modes of data
assimilation, the total cumulative amounts of the catchment
areal rainfall are calculated for the 24 h duration of the storm
event. The results are shown in Table 4, which summarises
the 24 h rainfall totals observed by the rain gauges and the
Wardon Hill radar, and also rainfall totals produced by WRF

Fig. 6. Cumulative curves of the forecast rainfall after applying the before and after data assimilation of the five modes. The

five modes of data assimilation from 23 October 1999 at 12:00 tOWRF results in all the three nested domains are presented
25 October 1999 at 12:00.

in the table. It should be mentioned that when calculating the
rainfall totals for the data-assimilation runs, the first six hours
of the runs covering the duration of the storm event are used;

of those assimilated in Mode 1 and Mode 3). However, asi.e. the first six hours of run4, run5, run7 and run8 are used to
shown by Table 3, Mode 4 and Mode 5 do not assimilate thecalculate the 24 h accumulation after data assimilation. This
same numbers of data as expected. Also, the number of daguarantees that for each 6 h period of the storm duration, the
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Table 4. Cumulative amounts (in mm) of rainfall observations and forecasts for the 24 h storm duration.

Dom1l Dom2 Dom3
Observations Rain gauge 29.38 29.38 29.38
Radar 10.36 10.36 10.36

WRF forecasts  Original run 1.27-06 %) 0.23 (99 %) 0.15 (99 %)
3D-VarMode 1 6.11{79%) 8.34(72%) 8.52(71%)
3D-VarMode 2 0.16499%) 0.01(100%) 0.00 {100 %)
3D-Var Mode 3  3.78(87%)  2.26 (92 %) 1.95 (93 %)
3D-Var Mode 4 20.21431%) 24.61{(16%) 25.95{12%)
3D-Var Mode 5 16.82443%) 16.13{45%) 16.17 {45%)

latest updating results are adopted. Similarly, when calculatcompared with Mode 1) might lie with the inefficient utilisa-
ing the rainfall accumulation for the WRF original runs (i.e. tion of the radar data with the current assimilation frequency
runl and run6), the downscaled results from the most receni.e. the time interval of 6 h for radar data assimilation).
ECMWF origins are used; e.g. the results of runl are usedis aforementioned, the Wardon Hill radar completes an az-
the first two 6 h intervals of the storm duration, whereas theimuthal scan at certain elevation every 5 min. In this case, the
results of run6 are used for the last two 6 h intervals. assimilation of the radar data is technically possible at a time
The 24h accumulation observed by the rain gauges isnterval as short as 5min. More frequent data assimilation
treated as the ground truth to calculate the relative errors ofvith a shortened time interval can help include more useful
the WRF original run and the 3D-Var runs of different modes, information of the rainfall formation process and thus might
as shown in the brackets in Table 4. The original run of WRFfurther improve the rainfall forecasts of the WRF model (Liu
produces quite little rainfall, with the accumulative errors be- et al., 2012b). As for the correction of the radar data using the
ing —96 %, —99 % and—99 % in the three nested domains. correction ratio developed in this study, it had been expected
After assimilating the observations, obvious improvementsthat the assimilation of the corrected data could lead to better
can be seen in the 24 h totals of the catchment areal rainfalainfall improvement compared to the original data. When
When comparing the five modes of 3D-Var, the conclusionsassimilating only the radar data in Mode 2 and Mode 3, the
made in Sect. 4.1 can be further verified quantitatively by theresults are better using the corrected radar data in Mode 3,
24 h accumulative amounts and their corresponding errors imlthough the improvement is not significant. However, when
Table 4. The assimilation of the combinations of NCAR and combining the radar data with the NCAR observations, the
radar data are found to generate better results than assinuse of the corrected radar data in Mode 5 does not show
ilating each single type of the data. Compared to Mode 5any advantage compared with using the original radar data in
which assimilates the corrected radar data, Mode 4 show#lode 4. The limitations of the radar correction ratio are in-
better capability in improving the rainfall forecasts by com- vestigated in the following section, and discussions are made
bining the NCAR observations with the original radar data. on more effective correction and efficient utilisation of the
The accumulative errors in Mode 4 are81%,—16% and  radar data in data assimilation of the NWP model.
—12 % from the outermost to the innermost domain, which
are the best results among the five 3D-Var modes. For the _ .
cases assimilating one type of observations only, Mode 1° Discussion

(using NCAR observations) performs better than Mode 2 . : : -
and Mode 3 (assimilating respectively original and CorrectedThe real-time correction ratio of the radar reflectivity adopted
gresp y ong in this study has limitations itself. The radar errors are ob-

radar data). Although the 24 h rainfall totals are increased[&lined by examining the difference between the gauge- and

after applying the radar correction ratios in Mode 3, the im- ) .
; radar-observed rainfall accumulations from the Brue catch-
provements are not obvious. Compared to Mode 2, the ac-

cumulative errors are only reduced by 12 %, 8% and 7 % inment (with an area of 135.2 K which are then used to

the three nested domains in Mode 3. For the difference of thé:orrect the whole radar image (2 kw2 km pixels covering

24 h rainfall totals in different domains, except for Mode 1 an area with a radius of 76 km). This is actually not appro-

and Mode 4 where the rainfall forecasts are imoroved frompriate since the radar error in the Brue catchment cannot be
the outermost to the innermost domain. there ig no big dif_approved to be representative of the errors in the whole radar

; o gcan range. In addition, the use of the catchment average er-
ference in the three nested domains in the other modes o : . . .
3D-Var ror to correct each single pixel value also brings uncertain-

The reason for the unsatisfactory results of assimilatin ties. However, this is the best that can be done considering

the radar data (i.e. the worse results of Mode 2 and Modeg§he _curren_t avallat_Jlllty_of the gauge observ_atl_ons. The cor-
rection ratio used in this study is only a preliminary trial for
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improving the quality of the radar data. With more obser- ‘ ‘ :
vations available beyond the Brue catchment, the correction 21t () 52:;3? -
could be more promising. Moreover, since only the WRF-
forecasted rainfall in the Brue catchment is examined, further
investigation of the WRF results over an extended area might
help find more obvious improvement after the assimilation of
the corrected radar data.

It is noteworthy that this gauge-based correction ratio only
accounts for the mean-field bias of the radar data, which is
normally generated due to the beam height above the ground,
the deviation of theZ—R relationship, and the imperfect
radar calibration (Anagnostou et al., 1998; Seo et al., 1999).
It should be mentioned that for radar data assimilation, the
rainfall rates estimated by the Wardon Hill radar have to be
converted back into reflectivities before they are assimilated Time (h)
by WRF-3D-Var. If the underestimation of the Wardon Hill
radar found in this study is largely caused by the bidseft
relationship, then the application of the correction ratio could
make the case even worse when the corrected rainfall rates
are converted back into reflectivities following the original
biasedZ—R relationship. This may to some extent explain
why the assimilation results are not much improved when us-
ing the corrected radar data in Mode 3. Moreover, the gauge-
based radar adjustment can be best applied only when the ho-
mogeneity in the accuracy of the radar rainfall estimates with
respect to range and scanning elevation is ensured (Borga et
al., 2002). For further improvement, the range-dependent er-
rors associated with the non-uniform vertical profile of re-

Rainfall rate (mm/h)

12:00 15:.00 18:00 21:00 00:00 03:00 06:00 09:00 12:00

Gauge

25¢ Radar (b)
Runl
Run2
Run3
Run4
Run5
Run6

20

15+

10

Rainfall accumulation (mm)

(5]

flectivity and beam attenuation should be corrected before 1500 1500 0000 0600 1200 1500 00:00

the adjustment of the mean-field bias. In addition, consider- Time (h)

ing the complex terrain of the study area, the orographic en-

hancement may only be partially detected or entirely missed 9. 7. Data-assimilation results for a highly convective storm:

by the Wardon Hill radar. Therefore, a physically based ad_(a) radar and rain gauge observations for the _24h duration_ (3 Au-
justment scheme could help take into account the low-leveUSt 1994 at 12:00-4 August 1994 at 12:QQ);ra|nfaII cumulative

. . curves after assimilating both radar reflectivity and NCAR surface
orograph!c growth and further improve the radar measure-, upper-air observations (24 h duration2 h).
ments (Kitchen et al., 1994).

For a more efficient utilisation of the weather radar obser-

vations for data assimilation, as mentioned in the previous
section, the assimilation time interval could be shortened.consistent with the gauge and radar observations. The storm
This is of great importance to short-duration storms with process is so short that the assimilated observations at a time
large rainfall intensities. Figure 7 shows a highly convectiveinterval of 6 h cannot provide sufficient information to trig-
storm that happened during a 24 h period from 3 August 1994er storm process in the WRF model. A heavy convective
at 12:00 to 5 August 1994 at 12:00 in the Brue catchmentstorm may develop very quickly without preceding precipita-
(Liu et al., 2012b). The time series bars of the catchmention being easily detected in the surrounding regions (Sokol,
areal rainfall observed by both the rain gauges and the War2009). A shortened assimilation time interval together with
don Hill radar are shown in Fig. 7a. The majority of rain fell data containing information of the cloud development (e.qg.
in one hour from 22:00 to 23:00 on 3 August 1994 with very the satellite data) that precedes the formation of precipitation
large intensity. The cumulative curves of the WRF rainfall may help in this case to capture the evolution of the highly
outputs for this convective event before and after data assimeonvective storm.
ilation are shown in Fig. 7b. Runl and run4 are original runs However, it should be noted that with the decrease of the
using forecast data from two ECMWF origins; the others areassimilation time interval, the added information will not
data assimilation runs with both NCAR and radar reflectiv- necessarily make the assimilation more effective (e.g. the
ity data assimilated at a 6 h interval. The curves in Fig. 7binformation will become redundant with a very small inter-
show very poor assimilation results: only a small amount ofval). Therefore, the selection of an appropriate assimilation
rainfall appears after 06:00 on 4 August 1994, which is nottime interval remains an interesting issue that deserves more
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attention in future studies. Besides the time interval issue, irobserved regarding both the rainfall cumulative curve and the
this study only data from the lowest scan elevation {0 24 h rainfall total after assimilating the NCAR observations;
the Wardon Hill radar are used. Actually in the 3D-Var sys- however for radar data assimilation, although there is some
tem, data from different scan elevations can be assimilatedmprovement after the radar data are corrected by the real-
in the meanwhile. Other scan elevations {105, 2.5°) of time correction ratio, the improvements in both of the two
the Wardon Hill radar that are available in the 5 km Carte-cases are negligible compared with the assimilation of the
sian grids are also worth trying. Further, comparison on thetraditional meteorological observations. This might be due
assimilation results of the 2 km and 5 km radar data could bdo the inefficiency of the radar data utilisation in this study.
made in order to investigate the appropriate horizontal resoTo better use the radar data, reflectivity from different scan
lution of the assimilated observations that well matches theelevations should be assimilated together at an appropriate
resolutions of the nested domains. The involvement of the rahorizontal resolution. Decreasing the data-assimilation time
dial velocity together with the reflectivity might also help im- interval can involve more observational information which
prove the assimilation results of the forecasted rainfall. Withmay assist in capturing the development of short-duration
all the above investigated, the assimilation of radar data istorms. For weather radars with Doppler capacity, the assim-
expected to be comparable to or even more efficient than théation of reflectivity together with radial velocity may also
assimilation of traditional meteorological observations. Fi- help to further improve the rainfall forecasts from the NWP
nally, it should be emphasised that in this study the simplestmodel.
configurations of 3D-Var data assimilation is adopted, i.e. by In order to fully investigate the potential of radar data as-
using the default background error covariance CV3 and assimilation, the original and corrected radar reflectivity data
suming zero error of the radar reflectivity data. The perfor-are assimilated respectively in combination with the NCAR
mance of the data-assimilation system largely depends on theurface and upper-air observations. The results of assimilat-
plausibility of the background and observation error covari-ing both the two types of observations (i.e. the radar reflectiv-
ances. However, the estimation of the error covariances haiy and the traditional meteorological data) are found to gen-
always been a problem due to the unavailability of the trueerate the best rainfall improvement compared with assimilat-
state of the atmosphere. The use of the background-erroiing either one type of data. The effect of assimilating NCAR
generating facility “GENBE” in the 3D-Var system might observations can be further improved by the involvement of
help more appropriately define the background error, and adthe radar reflectivity. This is because of the good ability of the
ditional runs should be carried out to check the sensitivity ofweather radar in estimating the rainfall occurrences and their
the results to the uncertainty in the background and obsertemporal tendencies in spite of the underestimated rainfall
vation error before the most plausible ones could be ascerguantities. However, for the overall improvement of the rain-
tained. fall forecasts, the contribution made by the corrected radar
data is less significant than the original radar data. Regarding
this and the unobvious improvement made by the corrected
6 Conclusions data when the radar reflectivity is assimilated alone, it is con-
cluded that the radar correction method adopted in this study
This study investigates the potential of assimilating radar re4s not mature enough. Limitations of the radar correction ra-
flectivity data in improving the NWP rainfall forecasts with tio are fully discussed, and a more comprehensive approach
respect to the cumulative quantities and temporal variationsfor direct adjustment of the radar reflectivity data consider-
which have direct impact on rainfall-runoff transformation in ing not only the mean-field bias but also the range-dependent
hydrological applications. The latest-generation mesoscal@rror and the orographic enhancement is to be found.
NWP model, WRF, is used in tandem with the 3D-Var data- It should be mentioned that the conclusions made in this
assimilation technique to carry out the rainfall forecasting study are subject to the specific parameterisation schemes.
experiments for a 24 h storm event in a catchment with aDifferent parameterisation schemes may lead to different
drainage area of 135.2 KmRadar reflectivity data from a rainfall forecasting results of the WRF model after data as-
C-band weather radar is assimilated into the WRF model insimilation. However, as aforementioned, it is difficult to set
their original quality, and also in a improved version by ap- in advance the most appropriate parameterisations for future
plying a real-time correction ratio developed according to theclimatic events. Therefore, the most widely used parameter-
rain gauge observations. Besides the radar reflectivity, tradiisations are adopted in this study. Further research is needed
tional meteorological data taken from the NCAR global datawith different types of parameterisation schemes and vari-
archive containing the surface and upper-air measurementsus storm events so that the assimilation of radar data can
of pressure, temperature, humidity and wind speed are alsbe fully investigated and more general patterns can be found
assimilated as a benchmark of the radar data assimilation. o better improve the effectiveness of radar data assimilation
is found in this study that the effect of assimilating either and the accuracy of NWP rainfall forecasts. Besides the pa-
the original or the corrected radar reflectivity is not as goodrameterisation schemes, a plausible acquisition of the back-
as the NCAR observations. Obvious improvement can beground error covariance and the observation error of the radar
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reflectivity should be taken into consideration during the pro-Borga, M., Tonelli, F., Moore, R. J., and Andrieu, H.: Long-term
cedure of data assimilation. Finally, it is noteworthy that in  assessment of bias adjustment in radar rainfall estimation, Water
this study only the improvement of the catchment areal rain- Resour. Res., 38, 1226, db.1029/2001WR000552002.

fall is examined in time. For larger catchments where the uséown, R., Sargent, G. P., and Blackall, R. M.: Range and oro-
of the distributed hydrological model is necessary, the spa- graphic c_orrectlor_15 fc_>r use in real-time radar qlata ar.1aly3|s,_ in:
tial accuracy of the rainfall forecasts after data assimilation .Hygr(zﬂg'Cé')ﬁ}gf"éatgnsz(’lfgfggtgheéﬁfﬁé} Viggzd g{“gzgﬁ
is also worth investigating. However, the increase of the spa- F;nglland, 1991, T ' ' '
tial reS,OIUI'On and the _domam size of the NWP r_nOdel W_'” Browning, K. A., Pardoe, C. W., and Hill, F. F.: The nature of oro-
result in a remarkable increase of the modelling time, which  graphic rain at wintertime cold fronts, Q. J. Roy. Meteorol. Soc.,
is not realistic in operational forecasting. In this study, the 101, 333-352, 1975.

relatively “coarse” resolution and the limited size of the in- Chang, H. I., Kumar, A., Niyogi, D., Mohanty, U. C., Chen, F., and
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which deserves more attentions in further studies. Optimised a heavy ralm_‘all event over_southwestern Ta_lwan associated with
domain setting together with more efficient data-assimilation & SUPSYynoptic cyclone during the 2003 Mei-Yu season, Atmos.
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