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An inter-comparison of ground radar reCectivity with space-borne TRMM’s Precipitation Radar using
alignment methodology has been presented. For this purpose, reCectivity data from Dual Polarization
Ground Radar (GR) maintained by the India Meteorological Department (IMD) at the IMD Delhi site is
utilized. IMD Delhi has collected radar data during Continental Tropical Convergence Zone (CTCZ)
programme from 2011 to 2013. The present study utilizes monsoon data collected during 4 months,
namely, June, July, August, and September (JJAS) from the year 2013. The GR observables are Brst
converted from polar coordinates to Cartesian coordinates and then spatially aligned with TRMM PR
data at a near-real-time to a common volume. It was found that in all the overpass cases, IMD’s GR
reCectivity has a positive bias when compared with TRMM PR. A methodology is proposed to ‘correct’
the GR reCectivity data by considering TRMM PR data as ‘truth’ using a neural network-based
approach. A supervised learning algorithm based on the back-propagation neural network is used for this
purpose. Ground radar reCectivity is fed as input to the network, while the TRMM PR reCectivity is the
target. The trained network is then tested for its performance against data which is not used as part of the
training process. The present methodology demonstrates the match up of uncalibrated ground radar
measured reCectivity and a well-calibrated space-borne radar.
Keywords. Ground radar; space radar; alignment methodology; spaceborne; artiBcial neural network.

1. Introduction
The earliest measurement of rainfall from radar
using the Z–R relationship was proposed by Marshall et al. (1947) using experiments. Since then,
weather radars have been widely used to quantify
precipitation over a wide range up to 100 km (Bne
resolution)/500 km (coarse resolution) from the
radar site. To reduce the uncertainty of radar
rainfall estimate, the radar measured reCectivity is
compared with gauge observations and the Z–R

relationship is Bne-tuned based on meteorological
conditions (Byers 1948). With the launch of the
Tropical Rainfall Measuring Mission (TRMM) in
November 1998, observation of precipitating systems from a space platform on a global scale was
made possible. TRMM was a joint venture between
the NASA of USA and JAXA of Japan. During the
Brst three years from the launch date, TRMM
operated at a nominal altitude of 350 km. With the
aim to increase the mission life, the orbit was
boosted to 403 km in August 2001 that produced
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small changes in the wide range of observing
parameters (DeMoss and Bowman 2007; Shimizu
et al. 2009).
The TRMM satellite had Bve instruments on
board, of which three were primarily meant for
observation of precipitation systems in near-realtime (Kummerow et al. 1998) namely the TRMM’s
Microwave Imager (TMI), TRMM’s Precipitation
Radar (TRMM PR), and Visible and Infrared
Scanner (VIRS). TRMM PR was one of the three
rain measuring instruments that measured reCectivity proBles in Ku band with a vertical spacing of
250 m up to a height of 20 km or 80 vertical levels
from the surface, over both land and ocean (Nesbitt
and Zipser 2003). The TRMM PR made a crosstrack scan within ±17° with respect to the nadir
angle, which was then converted to 49 cross-track
pixels having a footprint size of 5 km each.
The TRMM PR measured vertical proBles of
reCectivity factor is combined with miscellaneous
rain height information to estimate the true eAective reCectivity factor. The input to the TRMM
PR rain proBling algorithm includes the rain type,
height of bright-band, freezing height, an estimate
of path attenuation, and its reliability. The algorithm uses a hybrid of surface reference method
and the Hirschfeld–Bordan method for attenuation
correction (Iguchi and Meneghini 1994).
Between 1998 and 2015, TRMM made an
unprecedented observation of precipitating systems across the tropical region bounded between
±45° from the equator. The TRMM PR measurements are calibrated against various ground-based
instruments such as ground radar or network of
rain gauges, and the results are well documented.
Nirala and Cracknell (2002) and Wang and WolA
(2012) have compared the reCectivity observations
from spaceborne and ground observations over
Florida, USA. Islam et al. (2012) reported the
comparison results as part of the GPM ground
validation network. The comparison of TRMM PR
and ground radar stationed in Korea is made by
Park et al. (2015). In a similar exercise, Gabella
et al. (2005) have compared the observations from
the two instruments over Europe, while Kou et al.
(2018) reported the same over China.
A comparison of TRMM PR observations with
rain gauge measurements over the Indian subcontinent is performed by Mitra et al. (2013) and
Cheema and Bastiaanssen (2012). Considering the
above studies, it can be concluded that the TRMM
PR observed reCectivity proBle could be considered
as ‘reference standard’, thereby allowing us to
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compare any uncalibrated ground radar measurements made within the TRMM coverage area
(Warre et al. 2018).
In the present study, observations from the
ground radar (GR) operated by the India Meteorological Department (IMD Delhi) are used for
comparison with the TRMM PR. However, the
difference between the GR and PR due to their
scan strategy and view geometry needs to be
addressed Brst. The GR makes horizontal sweeps
to make a scan and has a different viewing angle as
compared to the PR. Hence, to compare GR
observations with PR, both the observations need
to be spatially aligned to a common volume. A
methodology to align GR and PR reCectivity, as
explained in Schwaller and Morris (2011) based on
the earlier work of Bolen and Chandrasekar (2003)
has been used in this study. The following section
describes the data considered in this study and the
salient features of alignment methodology that is
used to spatially align IMD GR with TRMM PR
reCectivity in a common footprint. A common
database at aligned pixels forms an ‘a priori’
database that is then used for comparison. In section 3, use of the neural network to train the
ground radar reCectivity to match with TRMM
PR reCectivity data is explained, followed by a
discussion of results. The paper is concluded in
section 4.

2. Problem formulation and alignment
methodology
Ground radar data collected during Continental
Tropical Convergence Zone (CTCZ) programme
during the monsoon season from 2013 is utilized in
the present study. The CTCZ programme was
envisaged as a multi-institutional programme under
the leadership of the Ministry of Earth Sciences,
Government of India, with significant contributions
from different institutions under the ministry such
as IMD, IITM, INCOIS, NIOT, etc. The main
objective of the CTCZ project is to understand the
mechanisms leading to the space-time variation of
rainfall and the embedded monsoon disturbances
during the summer monsoon. The programme
activities include Beld experiments, analysis of
existing data from conventional platforms as
well as satellites, buoys, ARGO Coats, and theoretical studies with process models, atmospheric
general circulation models, as well as ocean–
atmospheric coupled models. The large component
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of observation program is land-based; hence, the
contribution of the India Meteorological Department
with its dense network of stations with Automatic
Weather Stations (AWS), Doppler Weather Radars
(DWR), high-resolution radiosondes, and automatic
rain gauges is important.
At present, the IMD weather radar network has
16 operational Doppler radars at Agartala, Bhopal,
Chennai, Delhi, Hyderabad, Jaipur, Kolkata,
Lucknow, Machilipatnam, Mohanbari, Mumbai,
Nagpur, Patiala, Patna, Srinagar, and Visakhapatnam. Among the 16 sites, IMD Delhi has a dual
polarization radar that measures additional
parameters such as differential reCectivity, crosspolarization, etc. ReCectivity data collected from
IMD’s dual-pol radar situated at Delhi during the
summer monsoon campaign 2013 is used for the
present purpose. The Beld campaign was conducted during the monsoon months, namely, June,
July, August, and September 2013. Radar data
collected during the period are mentioned in
table 1. In total, GR data was available for 89 days
during monsoon 2013. TRMM made 10 overpasses
coinciding with GR observations at the IMD Delhi
site. The details of TRMM overpasses are provided
in table 2.
For the alignment to work accurately, significant
precipitation events (deBned as a minimum of 100
rain-certain pixels exist within 100 km range from
the ground radar site location) must occur. The
overpass cases considered in table 2 satisBes this
criterion. The overpass time of PR over GR sweep
is also essential for matching reCectivity data from
the two instruments. The PR is onboard the
TRMM mission. The orbital speed of the mission is
22 km/s (down-track direction). The PR, therefore
takes about a few seconds to make an overpass
above the GR site. On the other hand, GR
approximately takes a minute to scan the same
place azimuthally at a particular elevation angle.
So, in comparison to GR, PR observations can be
considered as almost instantaneous. The timestamp of the PR cross scan (49 rays) in minutes

Table 1. Availability of IMD ground radar data during
monsoon 2013.
Month

Start date

End date

June
July
August
September

01/06/2013
01/07/2013
01/08/2013
01/09/2013

15/06/2013
18/07/2013
31/08/2013
25/09/2013

remains the same as the PR makes an overpass.
The GR observations closest to this overpass time
(in minutes) are considered for alignment. However, cases with an overpass time difference of more
than 5 minutes are not considered further in this
study.
The GR and PR reCectivity data are spatially
aligned based on calculating PR and GR averages
at the geometric intersection of PR rays with
individual GR radar elevation sweeps. The
matchup is done by averaging PR and GR full
resolution data within a minimum volume that is
required to produce a spatially coincident sample.
The graphical representation of the alignment
methodology is reproduced here from Le and
Chandrasekar (2019) as Bgure 1 for illustrative
purposes.
The data from TRMM PR is obtained from
standard TRMM version 7 products (http://
mirador.gsfc.nasa.gov). The attenuation corrected
PR radar reCectivity along with geolocation is
taken from the 2A25 dataset, while the 2A23
dataset contains information about the height and
width of the bright band with further information
useful for performing a quality check of the data
such as rain Cag and type of rainfall. The raincertain cases (100% chance of rainfall) alone are
considered for the present study.
Further, the frequencies of the two instruments
under consideration are different. The GR operates
with a frequency at 5.6246 GHz in the C band,
while the TRMM PR scans the rain scene at
13.6 GHz in Ku band. The increase in frequency
causes changes in the scattering properties of
hydrometeors as they move towards the Mie scattering regime. However, at low frequency, the GR
remains nearly unaffected due to the scattering
dominated in the Rayleigh regime.
The scattering eAect in the Mie regime can be
estimated using a suitable drop size distribution.
Liao and Meneghini (2009) assumed a Marshall–Palmer drop size distribution (Marshall et al.
1947) for rain and Gunn–Marshall (Gunn and
Marshall 1958) snow size distribution for snow.
Using drop size modelling, the authors derived
empirical relationships between Ku and S band
reCectivity in the rain and snow region, leading to
the following equations:
ZKu ¼ 0:185074 þ 1:01378Zs  0:00189212Zs2 ;

ð1Þ

ZKu ¼ 1:50393 þ 1:07274Zs þ 0:000165393Zs2 ; ð2Þ
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Table 2. TRMM PR overpass details.
Date
06/06/2013
14/06/2013
02/07/2013
10/07/2013
01/08/2013
05/08/2013
09/08/2013
09/08/2013
13/08/2013
16/08/2013

TRMM
orbit no.
88616
88738
89028
89138
89486
89547
89608
89611
89669
89718

GR time
(UTC)

PR time
(UTC)

12:32
08:20
22:52
00:32
08:12
06:02
04:02
08:53
01:53
05:42

12:31
08:22
22:55
00:35
08:12
06:06
04:02
08:56
01:58
05:43

where Z represents the reCectivity in dBZ.
Equations (1 and 2) are used for snow and rain,
respectively. In Schwaller and Morris (2011), the
authors have proposed a multiplication factor to
account for the difference between S and C band
observations. The same corrections are used in the
present work to account for the eAect of C band
reCectivity.
The spatially aligned IMD’s GR and TRMM PR
reCectivity for a rain event observed on August 9,
2013, is shown in Bgure 2. It can be seen from
Bgure 2 that both the GR and PR have picked up
the heavy rain band located 100 km east of the
IMD GR site. However, the IMD’s GR reCectivity
has a positive bias on most pixels as compared to
TRMM PR reCectivity. The maximum reCectivity
factor observed by IMD GR in C band (Ku band)
was found to be 58.3 dBZ (60.02 dBZ), and the

corresponding value from TRMM PR in Ku band
was 50.5 dBZ. Since the signal-to-noise ratio of
weak precipitation from TRMM PR measurement
is very low (Schumacher and Houze 2000), TRMM
PR observed reCectivity values below 18 dBZ are
set to 0 dBZ and are classiBed as no rain. This may
introduce error in the prediction of drizzle by GR
using the present methodology, irrespective of IMD
GR’s sensitivity.
3. Results and discussion
Following the alignment methodology brieCy
explained in the previous section, several matching
GR and PR pixels are identiBed. The PPI scan
with an elevation angle of 0.5° is considered in all
the overpass cases. From the GR data, the azimuth
scan was found to vary from 0° to 360° with nonuniform spacing. The alignment code developed
based on Chandrasekar et al. (2014) by the same
authors was modiBed to take the actual azimuth
angles as per the GR data while identifying the
common grid. A total of 6,551 number of spatially
aligned pixels have been obtained, and this data is
considered for further analysis. Figure 3 shows the
scatter plot of the IMD GR (in Ku band) and
TRMM PR reCectivity factor (in Ku band) at
spatially aligned pixels for comparison purposes.
The positive bias of IMD GR is now apparent from
Bgure 3. The correlation coefBcient between the
two instruments was found to be 0.45, with a bias
of 12.45 dBZ. The comparison of GR reCectivity in
C band with PR reCectivity values in the Ku band

Figure 1. Illustrative diagram for GR and TRMM PR matched common resolution volume (reproduced from Le and
Chandrasekar 2019).
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Figure 2. Spatial alignment of IMD GR and TRMM PR for overpass on August 09, 2013.

Figure 3. Scatter plot of IMD GR and TRMM PR reCectivity
at spatially aligned pixels.

Figure 4. Scatter plot of IMD GR and TRMM PR reCectivity
at spatially aligned pixels (GR reCectivity values in C band).

is shown in Bgure 4 to understand the eAect of
frequency conversion. The correlation between the
two instruments without frequency mapping is
0.43, with a bias of 12 dBZ. The comparison shows
that the conversion of GR reCectivity values from
the C band to the Ku band improves the correlation between the two instruments slightly, without
significant change in the bias value.
The difference between the GR and TRMM PR
reCectivity can be attributed to many factors, the
sensitivity of PR and GR being the foremost reason. While the TRMM PR is not so sensitive to

light precipitation below 18 dBZ, GR is sensitive to
light precipitation as well. Further, the GR has a
Bne horizontal resolution close to the radar site;
however, the PR has a Bne vertical resolution of
250 m. In addition to this, the time difference in
observations of the two instruments also plays an
important role. The TRMM PR observations are
almost instantaneous over the GR site. In contrast,
the GR takes about a minute to scan azimuthally.
The minimum time lag is detected for orbit number
89,486, and a maximum of Bve minutes is observed
for 89,669 orbit number as shown in table 2. Thus
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depending on the variability of the precipitating
system, one instrument can observe high reCectivity at a particular time, while the other may
sense a lower value due to time difference.
The sensor frequency plays another important
role in matching the observations made by the two
instruments. The reason for this is that the attenuation of radar reCectivity depends on the sensor
frequency. While the GR sensor scans in the C
band, the TRMM PR scans reCectivity in Ku band.
As the frequency increase from S to C to Ku band,
the attenuation also increases due to a change in
scattering regime from Rayleigh to Mie.
Finally, the ground clutter (and to some extent
attenuation) in the reCectivity data is orientation
and also site-dependent. Information related to
preprocessing is not available with the CTCZ
mission; however, it is important to account for the
same for comparison purposes. The comparison
exercise points out the fact that using un-corrected
GR data may result in the wrong estimate of
rainfall. Further, if the un-corrected GR data is
used in data assimilation mode with a numerical
weather prediction model, the forecast error could
be further ampliBed and may result in a most
erroneous prediction of a weather event. Given
this, there is a necessity to come up with a method
to match the IMD GR to agree with a well-calibrated instrument such as TRMM PR. Since
source of the errors in ground radar observation is
unknown, in the present work, an approach based
on the artiBcial neural network has been proposed.
ArtiBcial neural networks (ANN) are a useful
and robust tool that can be trained to match
observations against standard data. A comprehensive review of ANN techniques used in atmospheric sciences is provided by Gardner and
Dorling (1998). Churnside et al. (1994) used ANN
to retrieve vertical proBles of temperature from
microwave radiometer observations. Del Frate
et al. (2004) developed an ANN-based algorithm
for observing ground moisture from model simulations. ANN is also successfully used to retrieve
rainfall from microwave radiometers either by
using rain gauges (Tapiador et al. 2004), space
radar observations (Tsintikidis et al. 1997; Sarma
et al. 2005) and/or using models (Li et al. 1997;
Ramanujam et al. 2011).
Apart from the applications mentioned above,
the ANN has been used on a one-to-one basis to
compare data from two instruments observing the
same scene. Chandrasekar et al. (2014) used ANN
to estimate surface rain rate observed by a network
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of rain gauges by aligning TRMM PR with ground
radar observations. A similar study was conducted
by Kannan (2018) to compare IMD ground radar
and TRMM PR observations. In the present work,
a back-propagation based multi-layer perceptron
(MLP) neural network is trained with GR data as
input and PR data as target values. This exercise
aims to feed un-corrected GR data to the network,
which will then predict the reCectivity values that
agrees with the observations made by the PR
instrument.
The architecture of the MLP neural network
contains a number of neurons in three different
layers. The Brst layer, which is also known as the
input layer, has one neuron corresponding to the
IMD GR measured reCectivity, which is fed as
input to the network. The third layer, also known
as the output layer, has one neuron that corresponds to the target or matching values measured
by TRMM PR. The second layer, also known as
the hidden layer, receives a signal from the input
layer, processes the same based on a set of weights,
and connects it to the output layer through a different set of weights. The number of neurons in the
hidden layer is not known ‘a priori’. Studies have
shown that there is no shortcut formula to Bnd the
number of hidden layer neurons, and the same
depends on complexity in the database. The fewer
number of hidden layer neurons will result in failure of ANN to capture the non-linear relationship
between input and output data, while more number of hidden layer neurons would result in the
network’s poor performance with untrained data
(Teoh et al. 2006). An illustrative diagram of ANN
used in the present study with the j number of
hidden layer neurons is shown in Bgure 5.
In the present study, the weights that connect
the input neuron with each of hidden layer neurons, and from hidden neurons to output neuron
are updated iteratively. In order to increase the
convergence speed, weights are updated using
the Broyden–Fletcher–Goldfarb–Shanno (BFGS)
quasi-Newton method, which uses a second-order
derivative for more eDciency (Castillo et al. 2006).
A non-linear log sigmoidal activation function, as
shown in equation (1) is used for hidden layer
neurons, whereas, for the output neuron, the linear
activation function is used.
1
:
ð3Þ
f ðx Þ ¼
1 þ expðx Þ
In equation (3), the value of f ðx Þ would vary
between 0 and 1 for the entire range of x. The
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Figure 5. An illustrative diagram of feed-forward back-propagation based ANN.

Figure 6. Performance of ANN with varying number of single
hidden layer neurons.

spatially aligned dataset is classiBed into two
groups. The Brst set of data containing 5437
(*80%) is used to train the network (training
data). The remainder (1114) is used to test the
network’s learning performance. The 80:20 data
ratio is chosen by randomly sampling 80% aligned
data from every overpass using a normalized
random generator. The remainder 20% is aDxed
to validate the database.
The number of neurons in the hidden layer is not
known ‘a priori’. Hence, a neuron independence
study was carried out by training the network with
varying number of hidden neurons and compared

Figure 7. Performance of ‘best ANN network’ with the test
dataset.

their performances to arrive at an optimum number. If the number of neurons in the network is very
less, then it will not be able to capture the nonlinearity associated with the data. On the other
hand, if the number of neurons is large, then the
network, instead of ‘learning’, will ‘memorize’ the
data pattern, which leads to overBtting. Neural
networks with a different number of single hiddenlayer neurons are trained using 5437 points
(training data). The remaining 1114 aligned data
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Figure 8. Comparison of the aligned GR and PR reCectivity values with the ANN corrected values.

Ground Radar

Space Radar

Simulated SR Reflectivities

Figure 9. Spatially aligned GR reCectivity before (left) and after ANN correction (right) for orbit number 88616.
Ground Radar

Space Radar

Simulated SR Reflectivities

Figure 10. Spatially aligned GR reCectivity before (left) and after ANN correction (right) for orbit number 88738.

points obtained previously were used to test the
performance of all the neural networks. The performance of ANN for varying hidden layer neurons
with the 1114 data points is shown in Bgure 6.

From the Bgure, it can be seen that the ANN
performance, as indicated by the correlation coefBcient (R) and Root Mean Square of Error (RMSE)
values, improves with an increase in the number of
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Figure 11. Spatially aligned GR reCectivity before (left) and after ANN correction (right) for orbit number 89028.

Ground Radar

Space Radar
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Figure 12. Spatially aligned GR reCectivity before (left) and after ANN correction (right) for orbit number 89138.
Ground Radar

Space Radar

Simulated SR Reflectivities

Figure 13. Spatially aligned GR reCectivity before (left) and after ANN correction (right) for orbit number 89486.

hidden layer neurons, followed by a decrease in the
network performance. To choose the best network,
the criteria being applied is that the network
should have minimum RMSE and maximum
R. From the study, the number of optimum hidden
layer neurons is found to be 9. The corresponding
‘best’ architecture is 1–9–1, and the same was used
for testing the network performance and further
analysis. The performance of the ‘best network’
with new data, which was not used as part of
training is shown in Bgure 7 to check for statistical
consistency of its performance.

From Bgures 6 and 7, it can be seen that the
statistics of test data (untrained) and train dataset
are nearly identical when the ‘best network’ is
used. For the same network, the correlation coefBcient between IMD GR and TRMM PR reCectivity observations was found to improve from 0.46
to 0.79 for the untrained dataset. The overall correlation coefBcient (R) for all the data points (6551
points) improved from 0.45 to 0.765. The bias in
data for all the points after training with ANN is
0.01 dBZ. The bias is calculated for all the data
points using the best neural network. Also, it can
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Space Radar
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Figure 14. Spatially aligned GR reCectivity before (left) and after ANN correction (right) for orbit number 89547.

Ground Radar

Space Radar

Simulated SR Reflectivities

Figure 15. Spatially aligned GR reCectivity before (left) and after ANN correction (right) for orbit number 89608.

Ground Radar

Space Radar

Simulated SR Reflectivities

Figure 16. Spatially aligned GR reCectivity before (left) and after ANN correction (right) for orbit number 89611.

Ground Radar

Space Radar

Simulated SR Reflectivities

Figure 17. Spatially aligned GR reCectivity before (left) and after ANN correction (right) for orbit number 89669.
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Figure 18. Spatially aligned GR reCectivity before (left) and after ANN correction (right) for orbit number 89718.

be seen from Bgure 8 (left) that the bias in the
aligned data is considerable, which is reduced with
the neural network (right). The positive bias, as
seen in Bgures 2 and 3, is reduced after the data is
trained with ANN. Following the successful training of the ANN, the best performing architecture is
used to simulate the PR reCectivity for all GR
observations.
Figures 9–18 show the result of the spatial
alignment of GR before and after matching up with
PR using ANN for all the overpass cases. In all the
Bgures, the center coincides with the GR site. From
the Bgures, it can be seen that ANN reduced the
positive bias that was present in GR observations
and improve the overall agreement between the
two instruments. The RMSE, which explains the
spread between the two instruments, has reduced
from 15.77 to 4.69 dBZ.

4. Conclusions
The present study is a Brst of its kind done for an
inter-comparison between IMD’s Ground Radar
observed reCectivity with a space-borne radar,
TRMM’s precipitation radar measured reCectivity
in an alignment framework. Data from the CTCZ
campaign during the monsoon of 2013 has been
utilized for this purpose. A total of 10 orbital
overpass cases in which the time differences
between the GR and PR observations restricted to
5 minutes were considered from the Beld campaign
conducted during the JJAS period of 2013. The
direct comparison of IMD GR data with the
TRMM PR after alignment shows that there is a
low correlation or more disagreement between the
GR and PR observations. The difference could be
due to several reasons, such as the calibration
of GR, clutter removal, time differences in the

observation of GR and TRMM PR, frequency
mapping of GR reCectivity from C band to Ku
band, differences in the sensitivities of the two
instruments, etc. Since the source of error in GR
data is unknown, a non-parametric approach using
ANN was taken to reduce the difference in measurements between the two instruments. A feedforward back-propagation based neural network
was used for this purpose. The GR reCectivity data
are trained against known PR reCectivity data on
spatially and temporally aligned pixels. About
80% of the GR–PR reCectivity data were used to
train the neural network, and the network’s learning
performance was tested with the untrained
dataset.
The correlation coefBcient of aligned GR data
with TRMM PR was found to be 0.45, with a
positive bias of 12.45 dBZ. After training with
ANN, the correlation coefBcient improved to 0.79,
and the positive bias which was seen before ANN
correction was nearly eliminated. The root means
square error between the PR and GR improved
from 15.77 dBZ before correction to 4.69 dBZ after
correction. Based on the results, it can be concluded that an ANN-based approach can be used to
correct the IMD GR data and improve the agreement with an independent measurement such as
TRMM PR. With the ‘best’ neural network, the
bias in GR reCectivity data for non-overpass cases
was found to be reduced. Hence, a more accurate
rainfall estimate can be obtained.
The spaceborne radar has the advantage of wide
global coverage, however, with a trade-oA on
temporal resolution. By using alignment methodology for matching the common volume, the present study demonstrated the comparison and
calibration of ground-based radar observations,
whenever an overpass occurs. This further allows
us to synchronize and improve the quality of
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ground-based observations, which can then be used
in data assimilation with the numerical weather
forecast model.
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Castillo E, Guijarro-Berdiñas B, Fontenla-Romero O and
Alonso-Betanzos A 2006 A very fast learning method for
neural networks based on sensitivity analysis; J. Mach.
Learn. Res. 7 1159–1182.
Chandrasekar V, Ramanujam K S, Chen H, Le M and
Alqudah A 2014 Rainfall estimation from spaceborne and
ground based radars using neural networks; IEEE Geosci.
Remote Sens. Symp., pp. 4966–4969.
Cheema M J M and Bastiaanssen W G M 2012 Local
calibration of remotely sensed rainfall from the TRMM
satellite for different periods and spatial scales in the Indus
Basin; Int. J. Remote Sens. 33(8) 2603–2627.
Churnside J, Stermitz T A and Schroeder J 1994 Temperature
proBling with neural network inversion of microwave
radiometer data; J. Atmos. Ocean. Technol. 11(1) 105–109.
Del Frate F, Ferrazzoli P, Guerriero L, Strozzi T, Wegmuller
U, Cookmartin G and Quegan S 2004 Wheat cycle
monitoring using radar data and a neural network trained
by a model; IEEE Trans. Geosci. Remote Sens. 42(1)
35–44.
DeMoss J D and Bowman K P 2007 Changes in TRMM
rainfall due to the orbit boost estimated from buoy rain
gauge data; J. Atmos. Ocean. Technol. 24(9) 1598–1607.

J. Earth Syst. Sci. (2021)130:20
Gabella M, Michaelides S and Perona G 2005 Preliminary
comparison of TRMM and ground-based precipitation
radars for a European test site; Int. J. Remote Sens. 26(5)
997–1006.
Gardner M W and Dorling S R 1998 ArtiBcial neural networks (the multilayer perceptron) – a review of applications
in the atmospheric sciences; Atmos. Environ. 32(14–15)
2627–2636.
Gunn K L S and Marshall J S 1958 The distribution with size
of aggregate snowCakes; J. Meteorol. 15(5) 452–461.
Iguchi T and Meneghini R 1994 Intercomparison of singlefrequency methods for retrieving a vertical rain proBle from
airborne or spaceborne radar data; J. Atmos. Ocean.
Technol. 11(6) 1507–1516.
Islam T, Rico-Ramirez M A, Han D, Srivastava P K and Ishak
A M 2012 Performance evaluation of the TRMM precipitation estimation using ground-based radars from the GPM
validation network; J. Atmos. Sol.-Terr. Phys. 77 194–208.
Kannan S R 2018 Neural Network based methodology to
estimate surface rainfall rate using ground and space borne
radar observations; IRAD Tirupati.
Kou L, Wang Z and Xu F 2018 Three-dimensional fusion of
spaceborne and ground radar reCectivity data using a
neural network-based approach; Adv. Atmos. Sci. 35(3)
346–359.
Kummerow C, Barnes W, Kozu T, Shiue J and Simpson J
1998 The tropical rainfall measuring mission (TRMM)
sensor package; J. Atmos. Ocean. Technol. 15(3) 809–817.
Le M and Chandrasekar V 2019 Ground validation of surface
snowfall algorithm in GPM dual-frequency precipitation
radar; J. Atmos. Ocean. Technol. 364 607–619.
Li L, Vivekanandan J, Chan C H and Tsang L 1997 Microwave
radiometric technique to retrieve vapor, liquid and ice. I:
Development of a neural network-based inversion method;
IEEE Trans. Geosci. Remote Sens. 35(2) 224–236.
Liao L and Meneghini R 2009 Changes in the TRMM version-5
and version-6 precipitation radar products due to orbit
boost; J. Meteorol. Soc. Jpn. Ser II. 87 93–107.
Marshall J S, Langille R C and McK Palmer W 1947
Measurement of rainfall by radar; J. Meteorol. 4(60)
186–192.
Mitra A K, Momin I M, Rajagopal E N, Basu S, Rajeevan M N
and Krishnamurti T N 2013 Gridded daily Indian monsoon
rainfall for 14 seasons Merged TRMM and IMD gauge
analyzed values; J. Earth Syst. Sci. 122(5) 1173–1182.
Nesbitt S W and Zipser E J 2003 The diurnal cycle of rainfall
and convective intensity according to three years of TRMM
measurements; J. Climate 16(10) 1456–1475.
Nirala M L and Cracknell A P 2002 The determination of the
three-dimensional distribution of rain from the Tropical
Rainfall Measuring Mission (TRMM) Precipitation
Radar; Int. J. Remote Sens. 23(20) 4263–4304.
Park S, Jung S-H and Lee G W 2015 Cross validation of
TRMM PR reCectivity proBles using 3D reCectivity composite from the ground-based radar network over the
Korean Peninsula; J. Hydrometeorol. 16(2) 668–687.
Ramanujam S, Chandrasekar R and Balaji C 2011 A new
PCA-ANN algorithm for retrieval of rainfall structure in a
precipitating atmosphere; Int. J. Num. Meth. Heat Fluid
Flow 21(8) 1002–1025.
Sarma D K, Konwar M, Das J, Pal S and Sharma S 2005 A soft
computing approach for rainfall retrieval from the TRMM

J. Earth Syst. Sci. (2021)130:20
microwave imager; IEEE Trans. Geosci. Remote.
Sens. 43(12) 2879–2885.
Schumacher C and Houze Jr R A 2000 Comparison of radar
data from the TRMM satellite and Kwajalein oceanic
validation site; J. Meteorol. 39(12) 2151–2164.
Schwaller M R and Morris K R 2011 A ground validation
network for the global precipitation measurement mission; J. Atmos. Ocean. Technol. 28(3) 301–319.
Shimizu S, Oki R, Tagawa T, Iguchi T and Hirose M 2009
Evaluation of the eAects of the orbit boost of the TRMM satellite
on PR rain estimates; J. Meteorol. Soc. Jpn. Ser II. 87 83–92.
Tapiador F J, Kidd C, Levizzani V and Marzano F S 2004 A
neural networks-based fusion technique to estimate halfhourly rainfall estimates at 01 resolution from satellite passive
microwave and infrared data; J. Meteorol. 43(4) 576–594.

Corresponding editor: KAVIRAJAN RAJENDRAN

Page 13 of 13 20
Teoh E J, Tan K C and Xiang C 2006 Estimating the number
of hidden neurons in a feedforward network using the
singular value decomposition; IEEE Trans. Neural
Netw. 17(6) 1623–1629.
Tsintikidis D, Haferman J L, Anagnostou E N, Krajewski W F
and Smith T F 1997 A neural network approach to
estimating rainfall from spaceborne microwave data; IEEE
Trans. Geosci. Remote. Sens. 35(5) 1079–1093.
Wang J and WolA D B 2012 Evaluation of TRMM rain
estimates using ground measurements over central Florida;
J. Meteorol. Climatol. 51(5) 926–940.
Warre R A, Protat A, Siems S T, Ramsay H A, Louf V,
Manton M J and Kane T A 2018 Calibrating ground-based
radars against TRMM and GPM; J. Atmos. Ocean. Technol. 35(2) 323–346.

