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ABSTRACT: The main objective of this paper is to improve the accuracy of radar rainfall estimation by accounting for a
storm movement into a radar rainfall accumulation process. The multi-resolution viscous alignment (MVA) technique was
used to estimate the velocity of a rain field from two consecutively measured radar images. The analysis used the 10-min
radar reflectivity of the Pasicharoen radar and the corresponding 47 rain gauges measurements of 41 rainfall events that
occurred in Bangkok during 2005–2007. The 28 rainfall events occurring during 2005–2006 were used for calibration, and
the 13 rainfall events recorded in 2007 were used for validation. Finer temporal resolutions of radar reflectivity data, taken
at 1–9 min intervals, were generated using the MVA technique in order to investigate the optimal temporal resolution of the
Pasicharoen radar when the MVA technique was integrated into an hourly radar rainfall estimation algorithm to account for
a storm movement within a sampling interval. The results showed that using the generated 5-min MVA reflectivity data for
estimating hourly radar rainfall gave the smallest root mean square error (RMSE) between hourly radar rainfall estimates
and corresponding rain gauge data when compared to other temporal resolutions of generated MVA reflectivity. Hourly
radar rainfall obtained from the proposed algorithm, which integrates the MVA technique into the accumulation approach,
was compared with the traditional simple linear interpolation (SLI) technique and conventional method. Using the 5-min
generated MVA reflectivity data to estimate hourly radar rainfall can reduce RMSEs between hourly radar and rain gauge
rainfall by 10% and 17% for the calibration period, and by 27% and 29% for the validation period when compared to the
SLI and conventional methods, respectively.
KEYWORDS: effect of storm movement, storm tracking, radar rainfall accumulation

INTRODUCTION
The space-time resolution requirements for areal rainfall estimations vary depending on the application,
catchment area, type of rainfall event, and type of
model used 1 . Accurate hourly areal rainfall with fine
temporal resolution is an essential prerequisite for
successful flood estimation and forecasts. Weather
radar covering a large area provides spatially and
temporally continuous measurements that can be used
almost simultaneously as the storm occurs. However,
radar rainfall measurement suffers from various types
of errors and uncertainties 2–5 . Methods to improve
the accuracy of radar rainfall estimates have been
proposed by many researchers. These include the
algorithm to remove errors due to reflectivity measurement 6–8 , Z–R conversion error 9–12 , and residual error
in radar rainfall estimation when compared to rain
gauge data 13–15 . Radar usually operates a scheduler
with volume scan by rotating the antenna in azimuth

while tilting the antenna vertically so as to sample
the atmosphere as a series of cones. The rate at
which a radar rotates about its axis, and the number of
elevation angles used in one volume scan cycle fix the
time between successive scans of the same position in
space by the radar. This time difference represents the
temporal resolution of the radar 16 . Conventional radar
rainfall accumulation algorithm is normally derived
by multiplying instantaneous radar rainfall intensity
fields by the measured time interval between samples and then accumulating into a required temporal
resolution. Consequently, there is an error in the
derived areal radar rainfall particularly for a fastmoving storm.
Rainfall events occurring in the Bangkok area
usually arise from convective clouds 17 . This is
because Bangkok is located in the central part of
Thailand which is influenced by southwest monsoons,
tropical cyclones, and depressions. Convective rainfall is produced by adiabatic (constant heat) cooling of
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vertically rising columns of air which have high temporal and spatial variabilities. Flooding in Bangkok is
a serious problem since it causes enormous economic
losses and also environmental impacts. The Bangkok
Municipal Administration (BMA) has called for a
flood forecasting system integrating information from
rain gauges, hydrometric stations, radar measurements, satellite measurements, and numerical weather
prediction results. The Pasicharoen radar data have
been used in this project for providing hourly radar
rainfall measurement and forecasts over the Bangkok
vicinity. This radar operates every 10 min, and most
of the rainfall events that lead to flooding in Bangkok
are convective storms. Hence, there will be errors
in hourly radar rainfall estimates and, consequently,
rainfall forecasts. This is because the movement and
development of the rainfall field often occur at a
shorter time scale than the sampling interval.
The objective of this paper is to propose an
hourly radar rainfall estimation process that accounts
for a storm movement within the sampling interval.
The multi-resolution viscous alignment (MVA) technique 18 was used to estimate the velocity of a reflectivity field between two consecutive measured radar
images and provide finer temporal reflectivity data
between the sampling intervals. Radar reflectivity data
from the Pasicharoen radar located in Bangkok and
corresponding rain gauges data were used in this analysis. To investigate the optimal temporal resolution
of the generated reflectivity data of the Pasicharoen
radar when the MVA technique was integrated into
an hourly radar rainfall estimation algorithm, finer
temporal resolution of radar reflectivity data taken at
1-min to 9-min intervals were produced. Thereafter,
the RMSEs between rain gauge data and radar rainfall
obtained from different data sets were compared.
Effect of storm movement on radar rainfall
Many studies have investigated the effect of sampling
interval on the radar rainfall accumulation process.
They found that the error on radar rainfall estimation
increased with increased space resolution and time between samples 19–21 . The temporal resolution of radar
rainfall measurement of most operational meteorological radars is 5–10 min. To obtain radar rainfall data
at a required temporal resolution, these instantaneous
radar rainfall maps are simply added by neglecting
the fact that the storm moved and evolved during
the sampling period. This leads to error on derived
accumulated radar rainfall, especially for the case of a
fast-moving storm such as convective rainfall.
To reduce the sampling problem on radar rainfall
estimation, different tracking techniques have been
www.scienceasia.org
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proposed to derive information on the movement and
development of rainfall. This information has been
used to simulate the rainfall development system between two consecutive radar samples. Thereafter, the
measured and simulated rainfall fields are added to
obtain accumulated radar rainfall data at a specified
temporal resolution.
The tracking techniques can be classified into
three main groups. The first group is the cell centroid
tracking technique 22–25 . This technique must first
identify a rainfall cell by considering an exceeded
intensity threshold. Then, the centre position, shape,
and size of each rain cell are calculated. The identified
cells of consecutive radar data samples are compared
to the previous sample. If the corresponding movement vector and rate of change in size of a considered
rain cell are within the allowed limits, the history of
rain cell development is taken into account. Although
this concept is simple, it is difficult to simulate an
automatic model to identify the rain cell boundary,
especially for joined or split cells. Moreover, each
centroid velocity vector is not easy to derive 26 . All
existing centroid-type techniques use the storm centroid displacement to forecast the storm motion. This
may result in large errors if the shape or sizes of the
storm change rapidly 27 .
The second group is the cross-correlation tracking
technique 28–31 . This technique divides Cartesian radar
data into equally-spaced grid cells. A movement
vector of each grid cell is derived by finding positions
of cells from the Cartesian data array of the previous
and the next radar data samples which have the highest
similarity. The strength of this technique is that it provides more accurate velocity and position information
of reflectivity echoes 24 . However, Ravela and Chatdarong 18 suggest that there are several disadvantages
of this method.
The third group is the variational technique 32 .
The basic idea of the variational technique is to guess
a trial function for the problem and then adjust the
function until the velocity field of the trial function is minimized. In this technique, an arithmetic
equation or function represents an event or pattern
of observation and its constrained function must be
defined. The variational technique can be performed
by following a model such as optical flow model 33 ,
feature calibration alignment 34 , data assimilation by
field alignment 35 , and MVA 18 . Frequently, all of
these models provide intensive details of velocity field
more accurately than the cell-centroid tracking and
cross-correlation methods 34 . The MVA method was
directly developed from the field alignment 34 and the
algorithm was extended into a multi-resolution pro-
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cedure 18 which is used to find displacement vectors
more quickly than those procedures mentioned above.
This technique derives a vector field from two images
continuously by following the image flow approach 36 .
The displacement fields produced by MVA are dense,
the spatial consistency of the displacement vector field
is implicit, and high-order and small scale deformations can be handled easily. Unlike an optical-flow
algorithm, it can calculate the displacement vector
field from mesoscale features as a result of large
time-steps or rapid deformation. In addition, the
MVA algorithm produces displacement fields quickly.
Therefore, in this study, the effect of storm movement within the sampling interval was accounted for
in an hourly radar rainfall estimation algorithm by
using the MVA technique to derive the reflectivity
field velocity from two consecutive measured radar
images. Thereafter, new reflectivity images between
each sampling interval were generated and the hourly
radar rainfall was derived by adding up the subsequent
rainfall intensities within an hour.
Multi-resolution viscous alignment
The MVA algorithm uses a Bayesian formulation to
solve the motion estimation problem and imposes
smoothness constraints to provide a consistent velocity field. It is a position adjustment technique 35, 37 .
It iteratively solves for the position error problem by
minimizing an adjustment function based on gradient
and divergence terms. This algorithm is practical
for data without well-defined features and more robust than the correlation-based approaches where the
displacement is given by the maximum correlation
between two patches of images within a searching
distance 38, 39 . In addition, the MVA technique uses
local constraints for relating displacements and represents the displacement as smooth flow fields. This
could be useful when working on a large region of the
atmosphere where characteristics and features vary.
The concept of field alignment is demonstrated
in Fig. 1. A state vector on a discrete grid is moved
by deforming its grid (r) by a displacement (q). The
displacement field q is real-valued, so X(r − q) must
be evaluated by interpolation. This displacement q
represents a warping of the underlying grid, which in
effect is able to move structures in the image around.
To calculate the field alignment we use 18
w1 ∇2 qi + w2 ∇(∇qi )


+ ∇X|p H T R−1 (HX(p) − Y ) i = 0, (1)
where H is transformation matrix which is an identity
matrix, X and Y are the intensity scalar fields of

X( r-q )

X(r)

q = ( x, y)

Fig. 1 Graphical illustration of field alignment. X(r) is the
image on the normal grid, q is a displacement vector, and
X(r − q) represents displacement of X by q. ∆x and ∆y
are the difference in displacements in x and y directions,
respectively.

the first and second images, respectively, R is the
covariance matrix, qi is the vector of displacements,
and w1 and w2 are weight factors. Because the state
of interest to be interpolated and the measurement are
in dBZ units, the measurement is also performed at all
pixels.
Eq. (1) is nonlinear and can be solved numerically
by an iterative procedure similar to that used to solve
the Poisson equation. An estimate of displacement
can then be obtained. During each iteration, qi is
computed and used to deform the original image X(r)
to X(r − q). The process is repeated using bi-cubic
interpolation until the misfit between the deformation
of the first image, X(r − q), and the second image
Y (r) does not improve, or an iteration limit is reached.
The vector of displacement qi in (1) can be split into
two velocity field equations; the velocity fields in x
and y axes are qxi = ∆xi and qyi = ∆yi , respectively.
Finally, we have an aligned image, X(r − q), with deformation and a displacement velocity field that is the
sum
PN of the displacement vector at each iteration q̂ =
i=1 qi for individual displacements q̂ at iterations
i = 1, . . ., N . Since the process to obtain q̂ is time
consuming, the multi-resolution concept is applied to
speed up the algorithm. It starts by coarsening the
resolution of the two images to obtain the coarse-scale
displacement. At the coarser resolution, the alignment
www.scienceasia.org
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will converge faster because the displacement will be
small relative to the coarser resolution. Then, this
coarse displacement velocity field is rescaled to the
finer resolution and used to initially deform the finer
resolution of X. Finally, the algorithm solves for
another displacement field at the finer resolution and
repeats the coarse-to-fine process until the resolution
of interest is reached. When iteratively solving for
(1), the unit of the displacement field q̂ is equal to the
resolution of the underlying images X and X(r − q).
Therefore, it is essential to rescale the displacement
field velocity when it is used at a different resolution,
or when using the multi-resolution approach 18 .
DATA COLLECTION
Radar reflectivity data
The polar plan position indicator (PPI) reflectivity
data of rainfall events recorded from the C-band
Pasicharoen radar were used in the analysis. The
Pasicharoen radar is located in the western part of
Bangkok, and belongs to the BMA. The radar
transmitted radiation with wavelength of 5.42 cm and
produced a beam with a 40 dB width of 2.2°. It
was operated in a volume scan mode by measuring
reflectivity data from 3 elevation angles (0.5°, 1.5°,
3.5°) every 10 min. To avoid the effects of the bright
band, the PPI reflectivity data used in this study were
extracted from the raw polar data at the lowest elevation where the height of radar beam was below the
freezing level of the study area. These polar data were
converted to lie on a 120 km × 120 km Cartesian grid
with 0.5 km × 0.5 km spatial resolution and 10 min
temporal resolution. To avoid the effects of noise
and hail, the measured radar reflectivity, values that
were less than 15 dBZ were assumed to represent
zero reflectivity of and the reflectivity values that were
greater than 53 dBZ were assumed to be 53 dBZ 40 .
Additionally, the errors due to the effect of ground
clutter were also removed from the reflectivity data
by using a map of known ground clutter locations, and
the radar measurement was discarded and interpolated
in these areas. In this study, 41 rainfall events which
occurred in Bangkok during June 2005 to September
2007 were used. (Table 1).
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Table 1 Rainfall events used in the analysis.
Start time
18:20 23/06/05
17:20 29/06/05
16:10 03/07/05
08:20 10/07/05
16:20 28/07/05
16:51 12/10/05
02:41 14/10/05
14:01 14/10/05
19:41 15/10/05
15:31 19/10/05
17:01 26/10/05
17:01 04/11/05
11:31 08/11/05
13:21 11/11/05
12:31 12/11/05
16:11 18/11/05
11:31 20/02/06
14:51 01/07/06
17:01 02/07/06
20:01 30/08/06
21:51 07/09/06
11:31 26/09/06
15:31 26/09/06
19:11 27/09/09
11:11 05/10/06
00:41 10/10/06
00:01 18/10/06
12:21 18/10/06
06:01 19/03/07
03:11 20/03/07
11:01 09/05/07
09:31 10/05/07
16:41 14/05/07
15:01 16/06/07
17:01 20/07/07
11:21 23/07/07
11:51 25/07/07
19:31 10/09/07
18:11 11/09/07
00:01 19/09/07
20:21 20/09/07

Duration Number of Ravg
Rmax
(min)
gauges
(mm/h) (mm/h)
120
130
60
200
70
90
280
150
120
230
170
80
170
120
110
100
70
390
180
270
200
130
260
130
200
170
150
220
100
150
140
230
160
350
250
150
260
110
90
180
80

28
26
10
34
23
9
33
11
17
37
20
12
20
14
10
23
21
43
39
32
29
13
32
20
15
21
27
12
17
26
25
27
37
46
28
29
37
41
44
37
38

11.14
11.35
8.19
29.44
6.56
18.39
17.58
11.03
5.71
24.7
8.65
12.14
19.32
24.35
9.78
9.28
18.54
6.37
5.70
7.44
8.01
2.92
12.39
5.61
3.31
4.05
4.52
5.44
1.20
15.73
34.26
7.88
14.84
24.20
5.28
8.39
28.64
18.86
15.80
17.97
11.44

132.00
84.00
52.80
98.00
63.80
77.00
105.60
105.60
46.20
94.60
85.40
103.40
114.20
99.00
90.20
73.20
52.80
15.40
23.10
17.05
32.27
16.50
28.05
24.20
28.05
14.70
20.35
22.00
59.46
79.47
85.33
100.93
68.40
115.06
64.00
106.66
121.60
64.80
83.60
54.13
45.06

Accumulated rain gauge rainfall were averaged from
rainfall > 0.5 mm/h;
Rmax is the maximum rain gauge rainfall.

Gauge rainfall data
Rain gauge data used in this study were obtained from
a network of 47 tipping bucket rain gauge stations
located 5–50 km from the radar site (Fig. 2). These
rain gauge stations are owned and operated by BMA.
All of these stations have a tipping bucket size of 0.5
mm and record rainfall data every 15 min. Quality
www.scienceasia.org

control of these data was performed by considering
rainfall data from adjacent gauges and the plots of
time series. If unusual rainfall data were found, these
data were excluded from the analysis. Note that rain
gauge stations less than 5 km from the radar site were
not used as the radar could not provide reflectivity data
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Fig. 2 Map of Bangkok area showing rain gauges (small
circles) and the Pasicharoen radar (radar symbol).

for them.
METHOD
Application of MVA technique for temporal
downscaling of reflectivity data
The MVA technique is applied to reflectivity fields,
not rainfall rates, because the power law relationship
between reflectivity and rainfall rate will have an
effect on spatial interpolation that is used to generate
intermediate data fields. The following procedures
were followed to generate new radar images between
two consecutive reflectivity measurements.
Step 1. Assign time interval t, t1 < t < t2 where
t1 and t2 represent times of the first and the second
images, respectively.
Step 2. For each time interval, the forward and
backward weight factors are calculated from
w1 = (t − t1 )/(t2 − t1 ) and w2 = (t2 − t)/(t2 − t1 ),
respectively.
Step 3. Read reflectivity from row and column data
files to matrix. Let A = the first image, B = the second
image, C = new generated image, and V = velocity.
Step 4.
Produce new forwards and backwards
images by using C12 = w1 AV1 and C21 = w2 BV2 ,
respectively.
Step 5.
Produce a new image using C =
w2 C12 + w1 C21 .
Step 6. Repeat steps 1 to 5 by changing t = 1, 2, 3, 4,
5, 6, 7, 8, and 9 min.
An example of a comparison between generated
radar images based on MVA and simple linear in-

Fig. 3 Comparison between observed radar images measured on 26 September 2009 and generated radar images
based on MVA and SLI methods: (a–c) Measured radar
images at 17:21, 17:31, and 17:41, respectively. Generated
images for 17:31 using (d) MVA estimation (e) SLI estimation.

terpolation (SLI) is illustrated in Fig. 3. The RMSEs of the generated reflectivity, image obtained by
using the MVA and SLI methods were 12.72 dBZ
and 13.25 dBZ, respectively, when compared to the
observed reflectivity image. It is evident that the
generated radar reflectivity image based on the MVA
technique is closer to the observed reflectivity image
than that generated based on the SLI method. It should
to be noted that the radar image generated from SLI
method was calculated by using w2 A + w1 B.
Investigation of the optimum temporal resolution
of generated reflectivity data
To investigate the optimum temporal resolution of
generated reflectivity data when the MVA technique is
integrated into radar rainfall estimation process, new
reflectivity images between two consecutive measured
reflectivity data were generated with different temporal resolutions. Since the 10-min reflectivity data were
available in this study, MVA reflectivity data with 1min to 9-min temporal resolutions were generated.
The generated reflectivity data were divided into 9
data sets. The number of generated reflectivity images
between two consecutive reflectivity measurements
www.scienceasia.org
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were 8, 4, 3, and 1 for the 1-, 2-, 3-, and 4 to 9min temporal resolutions, respectively. Note that the
calculation time for generating one reflectivity image
is about 42 s (based on core2DUO 1.8 GHz). The climatological MVA Z–R parameters of the 9 data sets
were calculated, and estimated radar rainfall obtained
from the 9 data sets were compared. The optimum
temporal resolution was examined by considering the
smallest RMSE between rain gauge and radar rainfall
of each data set. The RMSEs of the radar rainfall
estimates at the rain gauge locations were used to
evaluate the quality of radar rainfall. The RMSEs can
be estimated from
v
u
Nt X
NG
u1 X
2
RMSE = t
(Ri,t − Gi,t ) ,
N t=1 i=1
where Ri,t is the radar-rainfall accumulations at the
pixel corresponding to the ith rain gauge for hour t,
Gi,t is the corresponding rain gauge rainfall for hour t,
NG is the number of rain gauges that measure nonzero
rainfall, Nt is the number of time periods (in hours),
and N is the total number of radar-gauge pairs used in
the computation.
Calibration of climatological Z–R relationship
Radar rainfall is derived by converting measured radar
reflectivity (Z) into rainfall intensity (R) using an
appropriate Z–R relationship 41 that can be expressed
as Z = aRb , where a and b are model parameters
which depend on the rainfall drop size distributions
that have been sampled, assuming that the terminal
velocity of the raindrops is a function of their diameter, and that they are falling at terminal velocity
through still air 13 . Parameters of climatological Z–
R relationship are usually calibrated using reflectivity
and a rain gauge network data over a period. Estimation of the coefficients a and b in the Z–R relation
involves minimization of a measure of error between
the estimated radar rainfall and corresponding raingauge data. Doelling et al 42 , Steiner and Smith 43 and
Hagen and Yuter 44 studied parameters of the Z–R
relationship using several years of disdrometer data.
They found that the most suitable value of b was 1.5.
In the same way, the results from the study by Seed
et al 45 showed that variation of b did not affect the
RMSE between radar and rain gauge rainfall much.
Therefore, in this study we used b = 1.5 and the value
of a was estimated by minimizing the RMSE between
rain gauge and radar-rainfall estimates.
To study the effectiveness of the MVA algorithm
to radar rainfall estimation, three different climatological Z–R relationships were estimated. Firstly, the Z–
www.scienceasia.org
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R relationship was retrieved by calibration using the
10-min reflectivity data, hereafter referred as conventional calibrated Z–R. Secondly, the SLI technique
was used to generate 5-min reflectivity data. These
5-min SLI generated reflectivity data were used for
calibration of the SLI Z–R relationship. Thirdly, the
MVA algorithm presented in the earlier section was
used for temporal downscaling of radar reflectivity in
order to increase the frequency of the reflectivity data.
The 5-min MVA reflectivity data were generated and
used for calibrating the MVA Z–R relationship. The
calibrations of the above three cases were performed
hourly. The reflectivity data settings of the three cases
and the corresponding rain gauge rainfall of 28 rainfall
events that occurred from June 2005 to October 2006
were used for calibration of the three Z–R relationships. These three derived relationships were used for
converting their corresponding reflectivity data sets
into rainfall intensities. Then an accumulation algorithm was used to accumulate radar rainfall intensities
into an hourly time-step. In addition, the uncalibrated
Z–R relationship (Z = 200R1.6 ) 41 was also used
to convert the three reflectivity data settings into rain
rates for comparison.
To confirm the utility of the estimated Z–R parameters obtained from the three cases, a validation
was performed using 13 rainfall events that occurred
during 2007. The effectiveness of applying the MVA
technique to radar rainfall estimation was evaluated by
comparing RMSEs between hourly rainfall and hourly
radar rainfall obtained from the above cases.
RESULTS
Optimum temporal resolution of generated MVA
reflectivity data
Nine finer temporal resolutions (1 min to 9 min) of
radar reflectivity data settings of the 28 calibrated rainfall events were generated using the MVA technique as
explained in the previous section. The a parameters
of the MVA Z–R relationships of these 9 data sets are
presented in Fig. 4(a). It should be noted that high
variability in a for the calibrated Z–R relationships
illustrates that these parameters were sensitive to the
reflectivity data settings used for the calibration. Since
this paper aims to investigate the effectiveness of
applying of the MVA technique to hourly radar rainfall
estimation, variability of the a vaalues obtained from
different data settings should not affect the result of
this study because they have been applied to their
corresponding data sets. These derived MVA Z–R
relationships were used to estimate the corresponding
radar rainfall intensity. Then, the hourly radar rainfall
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Table 2 Climatological Z–R relationships of the ensemble
of 28 calibrated events.

(a)

180
160

140
120

Z–R relationship

Measured 10-min
reflectivity

Z = 200R1.6
Z = 45R1.5 (calibrated)

3.66
3.61

5-min
SLI reflectivity

Z = 200R1.6
Z = 86R1.5 (calibrated)

3.45
3.32

5-min
MVA reflectivity

Z = 200R1.6
Z = 130R1.5 (calibrated)

3.29
2.99

100
80
60
40

1

RMSE (mm h-1)

4

2
3
4
5
6
7
8
MVA temporal frequency of reflectivity data (min)

9

(b)

RMSE*
(mm/h)

Reflectivity data
settings

*

RMSE between hourly radar rainfall estimates and corresponding rain gauge data.

3.5
3
2.5
2
1

2

3

4
5
6
Temporal resolution (min)

7

8

9

Fig. 4 (a) Variation of a of the calibrated MVA Z–R
relationships; (b) RMSE between radar rainfall estimates
from different frequencies of MVA reflectivity data and rain
gauge measurement.

was obtained by adding up the subsequent rainfall
intensity within an hour. The RMSEs between hourly
radar rainfall and the corresponding rain gauge data
of these 9 data sets were calculated and plotted as
illustrated in Fig. 4(b). The results showed that the 5min temporal resolution of generated MVA reflectivity
data gave the smallest RMSE. Moreover, the computation time used to generate 5-min temporal resolution
of MVA reflectivity data was less than the temporal
resolutions at 1- to 4-min and it was equal to the 6-, 7, 8- and 9-min temporal resolutions. Based on the data
used in this study, we can consider that the optimum
temporal resolution of the generated reflectivity data
using the MVA technique is 5 min.
Effectiveness of applying MVA technique into
hourly radar rainfall estimates Calibration result
Three reflectivity data settings, i.e., measured 10-min
reflectivity, 5-min SLI reflectivity, and 5-min MVA
reflectivity of the ensemble of 28 rainfall events which
occurred during June 2005 to October 2006 were
used to calibrate the climatological Z–R (conventional calibrated Z–R), climatological 5-min SLI Z–
R and climatological 5-min MVA Z–R relationships,

respectively. The calibrations were performed at
hourly time steps and the results are present in Table 2.
It was found that the climatological conventional calibrated Z–R, climatological calibrated 5-min SLI Z–
R, and climatological calibrated 5-min MVA Z–R
relationships were Z = 45R1.5 , Z = 86R1.5 , and
Z = 130R1.5 , respectively. Hourly radar rainfall of
the above three data settings was estimated using their
corresponding Z–R relationships. RMSEs between
rain gauge data and hourly radar rainfall of the ensemble of the 28 events that were calculated by using
the three reflectivity data sets and their corresponding calibrated Z–R relationships were 3.61 mm/h,
3.32 mm/h, and 2.99 mm/h, respectively. Based
on the 28 calibrated rainfall events, we found that
applying the MVA technique to hourly radar rainfall
estimation could reduce RMSEs between hourly radar
rainfall and rain gauge data when compared to the
calibrated 5-min SLI Z–R and conventional methods.
The improvement in the accuracy of radar rainfall
was the result of accounting for the effect of storm
movement within the sampling interval into radar
rainfall accumulation by increasing reflectivity data
between two consecutive reflectivity images using the
MVA technique. Nevertheless, a validation process
needs to be performed to confirm the effectiveness
of applying the MVA technique into radar rainfall
estimation. Different rainfall events that had not
been used in the calibration process were used for
validation purposes.
Validation result
The validation was performed to confirm whether
the calibration results presented earlier hold true in
a generic situation. The assessment was performed
based on the rainfall events that were not used for
estimating the Z–R relationship, and hence provide
a good indication of how either approach performs.
www.scienceasia.org
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Table 3 RMSEs between radar rainfall estimates and rain
gauge data of the validation events.
Event

RMSE (mm/h)
Measured 10-min
reflectivity

5-min SLI
reflectivity

5-min MVA
reflectivity

200
1.6

45
1.5

200
1.6

86
1.5

200
1.6

130
1.5

19 Mar
20 Mar
9 May
10 May
14 May
16 May
20 July
23 July
25 July
10 Sep
11 Sep
17 Sep
20 Sep

2.36
4.54
4.36
3.89
4.32
5.12
4.24
3.88
5.28
3.43
3.89
4.23
3.94

2.19
3.54
3.96
3.75
3.52
4.84
4.11
3.64
5.01
3.03
3.49
3.26
3.24

2.29
4.03
3.97
3.43
4.25
5.08
4.36
3.76
5.52
3.18
3.79
4.19
3.73

2.13
3.42
3.87
3.25
3.15
4.80
3.94
3.17
5.33
3.01
3.26
3.34
3.56

2.09
3.99
4.17
3.19
2.84
4.78
5.26
3.78
6.3
2.97
3.66
4.17
2.04

0.59
2.39
3.37
1.96
2.97
4.80
1.10
1.85
5.07
2.84
2.24
2.88
1.88

Mean

4.11

3.66

3.96

3.56

3.79

2.61

a
b

13 rainfall events which occurred during March–
September 2007 were used for validation. These
rainfall events had not been used for calibration.
Accuracies of radar rainfall estimates were compared
for six different cases (Table 3).
From Table 3, we found that accounting for storm
movement by applying MVA technique to increase
temporal frequency of reflectivity data (rightmost column in Table 3) gave the smallest RMSEs for all
of the validation rainfall events. The validation results showed that, on average, integrating the MVA
technique into the hourly radar rainfall estimation
process could reduce RMSEs between hourly radar
rainfall and rain gauge measurement by 0.95 mm/h
and 1.05 mm/h when compared to using the SLI and
conventional methods, respectively. This confirmed
the effectiveness of the MVA Z–R relationship and
the efficiency of the MVA technique for taking into
account the effect of storm movement on hourly radar
rainfall estimates.
CONCLUSIONS
The main conclusions of this study are as follows.
(1) The optimum temporal resolution of generated
reflectivity data of the Pasicharoen radar based on the
MVA technique is 5 min. (2) The climatological Z–R
relationship of the Pasicharoen radar based on 5-min
MVA reflectivity data is Z = 130R1.5 . (3) Accounting for the storm movement in hourly radar rainfall eswww.scienceasia.org

timation by using the MVA technique to calculate the
velocity of reflectivity field and generating reflectivity
data between two consecutive measured radar images
can reduce RMSEs between hourly radar and rain
gauge rainfall by 0.33 mm/h and 0.62 mm/h for the
calibration period and by 0.95 mm/h and 1.05 mm/h
for the validation period when compared to the SLI
and conventional methods, respectively.
Acknowledgements: The authors gratefully acknowledge the Department of Drainage and Sewerage of the
Bangkok Municipal Administration for providing the radar
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