
IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 53, NO. 12, DECEMBER 2015 6429

Evaluation of Precipitation Retrievals From
Orbital Data Products of TRMM Over

a Subtropical Basin in India
J. Indu and D. Nagesh Kumar

Abstract—The spatial error structure of daily precipitation
derived from the latest version 7 (v7) tropical rainfall measur-
ing mission (TRMM) level 2 data products are studied through
comparison with the Asian precipitation highly resolved observa-
tional data integration toward evaluation of the water resources
(APHRODITE) data over a subtropical region of the Indian
subcontinent for the seasonal rainfall over 6 years from June
2002 to September 2007. The data products examined include v7
data from the TRMM radiometer Microwave Imager (TMI) and
radar precipitation radar (PR), namely, 2A12, 2A25, and 2B31
(combined data from PR and TMI). The spatial distribution of
uncertainty from these data products were quantified based on
performance metrics derived from the contingency table. For the
seasonal daily precipitation over a subtropical basin in India,
the data product of 2A12 showed greater skill in detecting and
quantifying the volume of rainfall when compared with the 2A25
and 2B31 data products. Error characterization using various
error models revealed that random errors from multiplicative
error models were homoscedastic and that they better represented
rainfall estimates from 2A12 algorithm. Error decomposition tech-
niques performed to disentangle systematic and random errors
verify that the multiplicative error model representing rainfall
from 2A12 algorithm successfully estimated a greater percentage
of systematic error than 2A25 or 2B31 algorithms. Results verify
that although the radiometer derived 2A12 rainfall data is known
to suffer from many sources of uncertainties, spatial analysis over
the case study region of India testifies that the 2A12 rainfall esti-
mates are in a very good agreement with the reference estimates
for the data period considered.

Index Terms—Asian Precipitation Highly Resolved Observa-
tional Data Integration Toward Evaluation of the Water Resources
(APHRODITE), basin, orbital, precipitation, Tropical Rainfall
Measuring Mission (TRMM), uncertainty.

I. INTRODUCTION

OVER the past two and half decades, satellite-based pre-
cipitation estimates from Microwave Remote Sensing

(MRS) have exhibited tremendous progress proving to be
a reliable source for quantitative estimation of precipitation
from space [1]–[8]. However, along with the widespread ac-
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ceptance of these products, it has also been recognized that
they contain large uncertainties. Uncertainty evaluation studies
focus on either the accuracy of rainfall accumulated over time
(e.g., season/year) or the evaluation of rainfall intensities from
microwave-based satellite orbital data products (hereinafter
used synonymously with orbital products). Fewer studies have
been directed toward the objective of evaluating the rainfall
from the orbital data products. The error components of orbital
data products interact nonlinearly with hydrologic modeling
uncertainty [9], [10]. These products are known to potentially
cause large uncertainties during real time flood forecasting
studies at the watershed scale because the highly varying land
surface emissivity offers a myriad of complications hindering
accurate rainfall estimation over land regions. The dependence
of land surface emissivity on physical temperature, vegetation,
soil moisture, etc., and its spatio-temporal variability makes
it necessary to rely on microwave high-frequency channels,
which are less sensitive to cloud water than the low-frequency
channels.

Knowledge regarding the uncertainty contribution from or-
bital data products enables the data developers to improve
the performance of their algorithms and data users to assess
model simulation outputs that result in more reliable prediction.
Despite the efforts in developing finer scale products from
MRS, obtaining precipitation at the required accuracy for basin
scale hydrology still remains a challenge [11], [12]. In order to
broaden the application of orbital products at relevant spatio-
temporal scales, a thorough investigation regarding the nature
and magnitude of errors is essential.

There are many data products publicly made available from
MRS [1], [6], [13] at a global scale, which are potentially
helpful for many scientific investigations and applications [12],
[14]–[19]. Among these, data from the microwave sensors
onboard the low earth orbiting satellite of the Tropical Rainfall
Measuring Mission (TRMM), launched in 1997, have revo-
lutionized the global view of precipitation. TRMM studies
rainfall variability in the tropics using a collocated suite of
instruments, namely, the passive TRMM Microwave Imager
(TMI) and the active precipitation radar (PR). During its mis-
sion lifetime, rainfall retrieval algorithms based on TMI and
PR have provided an enormous volume of tropical rainfall
data [20]–[23]. The standard level 2 data products of TRMM
made available by the NASA Goddard Space Flight Center
(GSFC), support rainfall rates estimated either using TMI (the
2A12 product) or PR (the 2A25 product) or a combination
of both (the 2B31 product). Prior to the launch of TRMM,
Wilheit [24] proposed an error model ascertaining that the total
error in climatological precipitation is mainly due to sampling
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errors, random instrument errors and correlated algorithmic
errors. Their study also emphasized that although sampling and
retrieval errors occur independently, these get entangled during
statistical integration of monthly/seasonal rainfall produced
from TRMM orbital data. Some of the prominent studies related
to uncertainty assessment of TRMM orbital data products are
discussed here.

Most of the studies on TRMM level 2 data products have
used the previous versions, namely, version 5 (v5) and ver-
sion 6 (v6) data for comparison. Some of the prominent
studies comparing both rainfall products are summarized in
the following. Kummerow et al. [25] using v5 data have
reported a difference between TMI and PR rainfall inten-
sities, which amounted to 20% over land and ∼23% over
oceans. Masunaga et al. [26] investigated the regional trends
in hydrometeor profiles derived from TMI 2A12 (hereinafter
referred to as 2A12) and PR 2A25 (hereinafter referred to
as 2A25) algorithms and concluded that 2A25 underestimates
the precipitation water profiles in the tropics. Furthermore,
they also stated that a disagreement between both rainfall
products results due to different physical principles underlying
both TMI and PR measurements coupled with algorithmic
bias, which occurs during conversion of precipitation water to
rainfall rate.

Nesbitt et al. [27] evaluated rainfall estimates from v5 2A25
and 2A12 products over the tropics. Their study revealed that
accounting the regime-dependent biases lead to reduction in
systematic bias within a microwave-based precipitation algo-
rithm. Sanderson et al. [28] evaluated the effect of spatial
and temporally dependent algorithm biases on diurnal rainfall
cycle using v5 rainfall from 2A12, 2A25, and 2B31. Wolff and
Fisher [29] evaluated v6 2A25 and 2A12 products for the land,
ocean and coastline over the TRMM Ground Validation sites
and reported the underestimation by 2A25 v6 over land regions
particularly when rain rates were greater than 10–20 mm/hr.
Studies by Amitai et al. [30] have made a similar conclu-
sion after comparing 2A25 v6 algorithm to National Oceanic
and Atmospheric Administration Next-Generation Quantitative
Precipitation Estimate product.

Some studies have generated high-resolution climatologies
for use in rainfall-land-surface interactions based on 2A25 and
2B31 data products [31]–[35]. This includes the TRMM 3G68
data product, which consist of rainfall retrievals averaged in
space over 0.5◦ × 0.5◦ grid boxes. The 3G68 product con-
tains the 2A12, 2A25, and 2B31 rainfall rates averaged over
space but not in time. Bowmann et al. [34] have used the
TRMM 3G68 data product with in situ measurements using
rain gauges on the NOAA TAO/TRITON buoy array in the
tropical Pacific. Their study revealed that the TMI derived
rainfall have near zero bias with respect to the buoy rain gauges
in comparison with the PR-derived rainfall, which exhibited
about 30% low bias relative to the gauge measurements. Studies
by Kikuchi and Wang [36] have examined the diurnal variations
of global tropical precipitation using the TRMM 3B42 and
3G68 data.

The inconsistencies of 2A12 (v6) land rainfall estimation
were summarized by Wang et al. [37]. Their study has envi-
sioned improvements for v7 2A12 algorithm, which forms the
basis for the Global Precipitation Measurement (GPM) Global

Microwave Imager algorithm. Studies by Gopalan et al. [38]
highlighted improvements in the v7 2A12 algorithm by proving
that addition of a more comprehensive set of TMI-PR collo-
cations improved the 2A12 rain rates on a global scale but
regional biases still remain owing to warm rainfall, lack of
appropriate surface screening, etc. Recent studies by Zagrodnik
and Jiang [39] have compared v6 and v7 rainfall estimates from
the 2A25 and 2A12 products with respect to the Next Gen-
eration Weather Radar (NEXRAD) Multisensor Precipitation
Estimate stage-IV hourly rainfall product. Their studies, based
on detailed statistical analysis conducted for 1/7◦ × 1/7◦ grids
over the U.S., examined the influence of v7 TRMM rainfall al-
gorithms on rainfall retrievals relative to ground reference data.
All these studies indicate that although substantial improve-
ments have been achieved in estimation of rainfall estimates
using PR and TMI, significant biases still exist. The biases
exhibited by TRMM orbital products can contribute to a still
higher level of uncertainty when analyzed over smaller space-
time scales.

Keeping these in mind, the present work investigates the
performance of TRMM level 2 data products over the Indian
subcontinent after gridding them to a space scale of 1◦ × 1◦

and time scale of 1 day. The Indian summer monsoonal rain-
fall spanning over June, July, August, and September (JJAS)
months forms an integral part of the South Asian monsoon,
which plays a major role in global water cycle. Most parts
of India receive a significant portion of total annual rainfall
during the JJAS months. Hence, this paper utilizes a 6-year
data period (from June 2002 to September 2007) of TRMM
seasonal rainfall from the v7 orbital data products of 2A12,
2A25 and 2B31 over India. Only post 2001 data products are
considered for analysis owing to the TRMM orbital boost from
350 to 402.5 km in August 2001, which altered the data quality
significantly.

This work is driven by the need to understand the uncertainty
of TRMM rainfall over regional scales in order to make the
study directly relevant to data product developers engaged in
improving their algorithms for follow-up missions such as
Global Precipitation Mission (GPM) [40]. Section II summa-
rizes various data products employed in the present study.
The relative merits of radar and radiometer derived rainfall
estimates are briefly discussed in Section III. The methodology
employed for this paper is described briefly in Section IV.
Section V presents the results of preliminary analysis conducted
to finalize the case study region in India. Performance evalua-
tion of the three level 2 data products over the case study region
are discussed using metrics derived from the contingency table.
This section also discusses results of error characterization
employed using various error models, followed by error de-
composition technique to disentangle the total bias into their
systematic and random components. Section VI summarizes the
major conclusions of this paper followed by the final remarks.

II. DATA

The TRMM data systems were designed to develop rainfall
products, error budgets, 3-D vertical precipitation structure,
latent heat profiles, etc. (to name a few), with an aim to mini-
mize the set of products that satisfied the mission requirements.
These data products are made available in levels 1, 2, and 3
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as per the standard NASA nomenclature. A comprehensive
discussion of all the TRMM rainfall products is well beyond
the scope of this paper. An overview of the level 2 algorithms
that were deemed to play an instrumental role to the TRMM
mission’s success is presented in this paper. As the intent of this
paper is to evaluate the performance of precipitation estimates
from TRMM data products obtained using TMI and PR, the
present study uses level 2 data products namely, the PR-derived
2A25 [41]–[44], TMI derived 2A12 [4], [37], [43] and the com-
bined PR-TMI based 2B31data [45]–[50]. A brief description
regarding the data products employed for the present study is
summarized here.

A. TMI 2A12 Data

The TMI 2A12 product developed using the Goddard profil-
ing algorithm (GPROF) [25], estimates hydrometeor (precipita-
tion sized particles) profiles by matching the observed passive
microwave brightness temperatures (Tb) with those from a pre
existing database of simulated hydrometeor profiles using the
Bayesian inversion scheme [4], [5]. This database computed
using cloud-resolving models such as Goddard Cumulus En-
semble Model are tested well for tropical convective systems
[4]. Over land, the 2A12 algorithm mainly relies on ice scatter-
ing frequencies (such as 85 GHz) for rainfall estimation, which
incorporates uncertainty because of the empirical relationship
used to relate ice-scattering optical depth aloft and the rain rate
underlying the atmospheric ice layer [51]–[53].

B. PR 2A25 Data

The observations from PR enable a comparatively more
direct measurement of rainfall rate than TMI. Rainfall estimates
from 2A25 are calculated by the Hitschfeld–Bordan method
[42] and the surface reference technique [48]. The 2A25 “PR
Profile” produces the vertical rainfall rate profile for each radar
beam at each resolution cell of the PR radar along with the at-
tenuation corrected radar reflectivity (Z) profile. This data prod-
uct contains the derived rainfall and reflectivity information
as calculated by the PR rainfall processing algorithm. For this
paper, the PR-derived near-surface rainfall (NSR) is used. This
represents the rainfall rate near the surface within a range of 0 to
3000 mm/hr. As radar echoes from near the surface will usually
be contaminated by the main lobe clutter, NSR represents the
lowest point in the clutter free region for each angle bin.

C. Combined PR-TMI 2B31 Data

The guiding principle in the design of the 2B31 combined
algorithm has always been to merge the information from both
TMI and PR sensors into a single retrieval, which embodies the
strengths of each sensor [53]. The 2B31 combined algorithm
is entirely based upon a Bayesian retrieval technique, which
matches observed radiances to a highly likely radar-rain profile
and drop size distribution (DSD) [46]. The 2B31 algorithm
utilizes radar reflectivity to estimate rain profile, constraining
the estimation to be consistent with the total attenuation from
TMI 10.65-GHz channel. To account for this constraint, the
problem is expressed in terms of DSD. The expected value
of Tb is generated using the resulting rainfall estimates. This
value of Tb is compared with the measurements from passive

microwave measurements to arrive at the most probable value
for the DSD shape parameter [54].

D. TMPA

The TRMM Multisatellite Precipitation Analysis (TMPA)
also known as TRMM 3B42 is a merged data product
extensively used by scientists and researchers for various
hydrometeorological and climatological applications and for
studies related to uncertainty analysis over land and oceans.
A number of attempts have been made in the last few years
to validate this precipitation product at regional scales over
land [55]–[69]. These studies provide information that a major
hindrance in the usefulness of TRMM products is inefficient
characterization of their inherent error structure. For the present
study, the 3B42 data product is utilized for preliminary investi-
gation to select the case study region within India.

E. APHRODITE Data

This is a high-resolution daily rainfall data set developed
for the Asian region as part of the Asian Precipitation Highly
Resolved Observational Data Integration Towards Evaluation
of the Water Resources (APHRODITE) project. Details regard-
ing the underlying algorithm and the data set are discussed in
Xie et al. [69] and Yatagai et al. [70]. APHRODITE rainfall
products are extensively being used for validating high-
resolution climate model simulations [70] as well as for statisti-
cal downscaling of climate simulation outputs [71]. Studies by
Yatagai et al. [72] have relied on APHRODITE rainfall data
products for adjusting the TRMM-derived 3B43 rainfall data
product, which is a 0.25◦ monthly precipitation product that
merges the daily 3B42 precipitation data with the rain gauge
information from the Global Precipitation Climatology Centre
(GPCC) based on the technique by Huffman et al. [73], [74].
Use of a substantial rain gauge data and interpolation technique
capable of including orographic effects makes these data
products reliable. Previous studies comparing daily rainfall
estimates from APHRODITE with those from the Indian
Meteorological Department’s rain gauges have indicated a very
high correlation. Furthermore, a quantitative analysis of this
product over India yielded a difference of less than 3 mm/day
[75]. This makes it a reliable product to use for validation of
satellite-derived precipitation estimates. Hence, for the present
study, the APHRODITE monsoon Asia (MA) data product,
which has a temporal resolution of 1 day and spatial resolution
of 0.25◦ × 0.25◦, is utilized as reference rainfall for evaluating
the performance of TRMM rainfall estimates from 2A12,
2A25, and 2B31.

III. RELATIVE MERITS OF TRMM PRODUCTS

The standard TRMM data products provided by NASA
GSFC include rainfall estimates derived either from TMI or PR
or from their combined use. One of the major problems that
need to be resolved to achieve the scientific goals of TRMM
is to reduce the discrepancies among these rainfall products.
The reasons for disagreement among these rainfall products can
be attributed to a number of possible causes, some of which
are briefly discussed in the following. As the 2A12 product
(from radiometer TMI) and 2A25 (from radar PR) are based on
different sensors, some of the plausible reasons for uncertainty
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in rainfall detection would depend on the properties of these
sensors along with the properties of seasonal rainfall occurring
over the basin. For example, the 2A25 algorithm is known
to suffer from low sensitivity toward weak rain and drizzle,
which commonly occur due to shallow cumulus and stratiform
clouds. This is owing to the wavelength and effective signal-to-
noise ratio of PR [76]. The frequency of occurrence of isolated
rainfall systems exhibits significant regional variability and the
2A12 algorithm is known to be weak in detecting such systems.

Another major factor contributing to TRMM rainfall uncer-
tainty is the time-space sampling error. The TMI data swath
of 878 km enables a better overview of the synoptic rainfall
events than the PR (data swath of only 247 km). The wider TMI
swath enables greater number of observations to be available
for each spatial domain (grid box). This implies that since
TRMM takes around 46 days to revisit an area approximately
at the same local time, the resulting bias in average daily
rainfall will be less in the 2A12 algorithm due to availability
of greater number of observations during different times of the
day. The TRMM radiometer has a sampling frequency of 1
every 15 h as compared with that of TRMM radar providing 1
sample every 50 h (depending upon the latitude of the sample).
As a consequence, the PR-derived 2A25 algorithm will suffer
from a comparatively greater sampling uncertainty than 2A12
algorithm thereby resulting in a greater bias in the 2A25 esti-
mated rainfall [42], [77]. This implies that the sampling errors
contributed by these data products are significant enough to
make the apparent errors in the orbital rain rates significantly
different from what they should be.

On the other hand, rainfall retrievals from the 2A25 algo-
rithm rely on a direct measurement of reflectivity, which gives
the 3-D structure of precipitation. In comparison, the 2A12 al-
gorithm depends on radiometric measurements, which are more
complicated and less direct since the Tb can be cluttered by
surface emission depending on microwave frequency channel
used and the fact that they represent cloud water and cloud
ice rather than the hydrometeors near ground level. The 2A12
algorithm database computed from cloud-resolving models is
known to be well tested for tropical convective systems. The
process of deep convection usually results in lifting of water
vapor to higher levels of atmosphere which condense into liquid
water and freeze. The presence of atmospheric ice/solid pre-
cipitation above freezing level causes scattering of microwave
radiation at higher frequency, thereby causing a decrease in
the observed Tb. The radiometer (TMI) and radar (PR) have
different sensitivities to atmospheric ice particles. The greater
dielectric property of liquid water (four times) when compared
with ice in the Rayleigh backscattering cross section accounts
for the insensitivity of PR to small ice particles (unless these are
large enough to be detected by 2.2 cm wavelength microwaves)
in comparison with TMI, which is sensitive to even smaller
ice hydrometeors owing to its high-frequency channels. Hence,
PR tends to underestimate higher intensity rainfall over land
owing to attenuation errors [26], [42]. This contributes a large
discrepancy in the estimated amount of atmospheric ice.

Uncertainties are also being contributed by the underlying
model assumptions used to estimate rainfall from both these
algorithms (for example, treatment of DSD associated with
individual retrieval algorithms). While the 2A25 algorithm
assumes a gamma distribution for the DSD model to arrive at

TABLE I
LAYOUT OF CONTINGENCY TABLE

the reflectivity–rainrate (Z–R) relations, the 2A12 algorithms
relies on a Marshall–Palmer DSD [42]. The uncertainties in the
DSD assumptions are not critical for TMI measurements as Tb
of low-frequency channels are relatively insensitive to DSD.
In contrast to this, DSD assumptions more strongly affect the
2A25 algorithm as the radar reflectivity factor (Z) is the sixth
moment of the DSD [26], [42].

One of the major challenges in hydrological applications is to
characterize the error inherent in rainfall estimates from TRMM
orbital data on a daily time scale for the JJAS months. Adequate
consideration should be given to the uncertainties in these data
sets prior to utilizing them in hydrologic and climatic studies.

IV. METHODOLOGY

The purpose of this paper is to evaluate the uncertainty
in daily gridded rainfall estimates from TRMM orbital data
during the JJAS months over regions of the Indian subconti-
nent subjected to poor detection of higher quantiles of rainfall
by TMPA. A comparative evaluation of TMPA precipitation
products is conducted with respect to APHRODITE data (as
reference) for the overall monsoonal rainfall and their higher
quantiles occurring over India during the 6-year monsoonal
period (from June 2002 to September 2007). Performance
evaluation was conducted based on metrics derived from the
contingency table. Details regarding the performance metrics
and error characterization are explained in the following.

A. Performance Metrics

The categorical indices from the contingency table (Table I)
are extensively used in evaluation studies to validate the
relationship between two categorical variables. While the
contingency table metrics provide information regarding hits,
misses, or false alarms, they do not shed any light on
the biases and errors in the magnitude of the variable ob-
served (which, in this case, is rainfall in mm/day). Recently,
AghaKouchak and Mehran [78] have extended the commonly
used categorical metrics to their volumetric equivalents which
decompose the total error/bias in terms of their respective
volumetric error components. If ORB and APHRO represent
the daily rainfall in mm/day from orbital data products and
the reference APHRODITE data, respectively, t stands for the
threshold (which for example can be rainfall quantile), some
of the metrics used for the present study are summarized in
Table II. In order to aid in the application of satellite rainfall
data, it is essential to understand the error characteristics which
are analyzed using various error models and error decomposi-
tion techniques, which are briefly explained next.

B. Modeling Errors Using Additive and
Multiplicative Models

An error model mathematically defines the deviation of a
derived value from the ground truth. Once the parameters of
an error model are known, they can be used to further predict
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TABLE II
LIST OF PERFORMANCE MEASURES USED FROM CONTINGENCY TABLE

the parameters and their associated uncertainties when just
ground reference data are made available. The availability of
different error models often tends to raise confusion among
end users regarding their suitability. Some studies considered
multiplicative error models [77]–[80], whereas some others
depended on additive error models [55], [78]. Motivated by
this diversity, this paper discusses both types of error models.
The additive error model defines error to be the arithmetical
difference between the derived value and ground truth

Y = A+BX + ε (1)

where A and B denote the systematic error which is determin-
istic in nature, ε represents the random component of error,
which is assumed to have zero mean and a constant variance
of σ2, Y stands for derived value (TRMM level 2 data in
our case) and X represents reference data (APHRODITE data
in the present study). The parameters of the additive model
can be estimated using ordinary least squares (OLS) approach
assuming the random errors (or white noise) to be normally
distributed and uncorrelated with a constant variance of σ2. The
multiplicative model is defined as

Y = AXBeε. (2)

Here, systematic error (i.e., A,B) is assumed to be nonlinearly
related to the reference data and random component of error
(denote by eε) which is a multiplicative factor. It is to be noted
that the value of A, B and σ will be different for the additive
and multiplicative models [81]. The multiplicative error model
can be solved using the OLS approach after performing natural
logarithmic transformation of the variables.

C. Error Decomposition Into Systematic and
Random Components

Previous studies had reported uncertainty of data products
by focusing on investigation, quantification and propagation of

uncertainty in hydrological model simulation. One of the very
first studies in this regard was carried out by Huffman et al. [82]
who formulated an expression for estimating the root mean
square random error in area-time averaged precipitation esti-
mates using the average precipitation rate and the probability
distribution parameters of precipitation estimates. The results
on uncertainty analysis reported a dominant contribution of
algorithmic error over the sampling error. A comprehensive
study on algorithmic uncertainty was conducted by Tian and
Peters-Lidard [83] who developed a global map of satellite
rainfall uncertainty depicting both systematic and random error
components. Results revealed relatively smaller uncertainty
over oceans, compared with land mass. The systematic and
random error components of precipitation retrieval algorithms
are known to interact nonlinearly with the uncertainty of hy-
drologic models thereby further contributing to the uncertainty
in the simulation of runoff at the watershed scale or in the
resulting flood forecasts [84]–[87]. These studies have not
addressed the time-dependent biases that exist within TRMM
orbital data products, which may cause significant errors when
used for climate related studies. The error in numerical weather
prediction models can be segregated into their corresponding
systematic and random error components using the Willmott
Decomposition technique [88]. For the present study, the total
mean squared error (MSE) will be decomposed into its two
components: systematic error [MSESY S , first term in (3)], to
which a linear function can be fitted [86] and random error
[MSERAN , second term in (3)]
(∑n

i=1(RORB−RAPHRO)
2
)

n
=

(∑n
i=1(R

∗
ORB−RAPHRO)

2
)

n

+

(∑n
i=1 (RORB −R∗

ORB)
2
)

n
(3)

where RORB denotes rainfall estimates from TRMM level 2
data products; RAPHRO denotes rainfall from the reference
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Fig. 1. Spatial distribution of performance metrics over India showing POD, VHI, FAR, and VFAR for a daily time scale, for rainfall estimates > 75th quantile
and > 95th quantile.

APHRODITE data product; and R∗
ORB denotes A+

B∗RAPHRO (where A,B denote the intercept and slope,
respectively).

V. RESULTS AND DISCUSSION

A. Graphical Analysis of Seasonal Precipitation Over India

Prakash et al. [90] have analyzed four independently de-
veloped multisatellite high-resolution precipitation products,
namely, Climate Prediction Center Morphing (CMORPH),
Naval Research Laboratory (NRL) blended Precipitation Es-
timation from Remotely Sensed Information using Artificial
Neural Networks (PERSIANN) and TMPA with respect to rain
gauge data over India for a 6-year period from 2004 to 2009
at daily scale for the summer monsoon season of June to
September. Their study indicated rainfall estimates from TMPA
product to be best with a low rate of underestimation and a
higher correlation. For the present study, performance of daily
precipitation from TMPA is evaluated over the Indian subconti-
nent with respect to the APHRODITE rainfall (as reference)
over a spatial scale of 0.25◦ × 0.25◦. The period of study
considered is the JJAS months of 2002–2007.

Results of comparative evaluation using the contingency
table metrics are presented in Figs. 1 and 2 for daily and higher
quantiles of rainfall. It should be noted that the results are being
presented for rainfall exceeding 75th and 95th quantiles, which
corresponds to 5.5 and 24 mm/day for India. Pertaining to the
present study, Probability of Detection (POD) represents the
ratio of number of correct identifications of TMPA to the total
number of reference (APHRODITE) precipitation occurrences
and the volume of hit index (VHI) represents the volume
of TMPA precipitation that gets correctly detected. For the

seasonal rainfall from Fig. 1(a), one can observe that, POD
values lie between 0.3–0.5, whereas VHI values range from
0.7 to 0.9 implying that TMPA detects more than 75% of
the volume of observed precipitation (the regions of Jammu
Kashmir and northern Rajasthan are significant exceptions).
Jiangnan et al. [91] has stated that the proportion of stratiform
precipitation of the Indian monsoon season attains a maximum
value during summer. This implies that for the seasonal rainfall
over India, most of the missed events in TMPA are light rainfall
events/stratiform rainfall. However, for higher rainfall quantiles
(i.e., Q75 and Q95), POD and VHI from Fig. 1 (e), (f), (i), and
(j) indicate that as the threshold for heavy rain rate increases,
both POD and VHI tends to decrease. Similarly, a comparison
between Fig. 1(c) and (d) shows that the false alarm ratio (FAR)
values are relatively larger than volumetric FAR (VFAR) values
particularly around the north westerns parts of India. Both FAR
and VFAR were found to increase at higher thresholds of Q75
and Q95 [see Fig. 1(g)–(l)]. It should be noted that the values
of POD, VHI, FAR, and VFAR are near zero at the higher
quantiles across much of India because in these regions rain
rates corresponding to these quantile values do not occur. From
Fig. 1(i) and (j), it can be observed that region of eastern India
(location of Mahanadi basin) and south western coastline are
subjected to higher volume of rainfall during the Indian summer
monsoonal season. Fig. 1(k) and (l) indicates that these regions
possess a higher FAR and VFAR values implying poor detec-
tion of higher rainfall quantiles by TMPA. The MISS index and
volumetric miss index (VMI) from Fig. 2(k) and (l) also suggest
that the performance of TMPA is affected over eastern India.
The critical success index (CSI) values [see Fig. 2(a)] over
majority of Indian regions show that the overall performance
score of TMPA over India is between 0.3 and 0.6, whereas the
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Fig. 2. Spatial distribution of performance metrics over India showing CSI, VCSI, MISS, VMI for a daily time scale, for rainfall estimates > 75th quantile
and > 95th quantile.

overall measure of volumetric performance given by volumetric
critical success index (VCSI) [see Fig. 2(b)] indicates a higher
performance score (between 0.6 and 0.8). From the MISS index
[see Fig. 2(c)] one can conclude that TMPA fails to detect a
large fraction of precipitation. However, VMI [see Fig. 2(d)]
suggests that the volume of precipitation that TMPA does not
detect is relatively small.

To summarize, graphical evaluation of TMPA for Q75 and
Q95 [see Fig. 2(e)–(l)] shows that as the threshold of detection
is increased, the indices of CSI, VCSI, MISS, and VMI lose
their skill over India particularly over parts of southwestern
coastline and over Mahanadi basin indicating that TMPA data
product fails to detect rainfall extremes (above Q75 and Q95).
To support the choice of the study region, the results presented
over India for overall rainfall, rainfall > 75th and > 95th quan-
tiles indicate that, in particular, the Eastern part of India is
subjected to poor detection of higher quantiles of rainfall.

Among these regions, the basin of Mahanadi (see Fig. 3),
situated between latitudes 19◦ N to 24◦ N and longitudes 80◦ E
to 87◦ E, is relevant from a hydrologic perspective owing to the
fact that it receives heavy to very heavy rainfall during Indian
Summer Monsoonal Season (when monsoon depressions from
the Bay of Bengal move north-westward slightly south of their
normal track). The basin has been repetitively facing adverse
hydrometeorological conditions such as floods, droughts, and
cyclones in recent times. The orography of the Eastern Ghats
also influences the rainfall pattern over the basin to a great
extent.

One of the major applications of TRMM rainfall retrieval
products is to assist in real time flood forecasting and rainfall–
runoff studies. Although there are several sources of uncertainty

Fig. 3. Geographical location of Mahanadi basin, India.

that complicate our understanding of flood prediction accuracy,
the principal source of uncertainty is, undoubtedly, rainfall
[91], [92]. When remotely sensed data products are used as
an input to the hydrological models, the error characteristics of
these rainfall products propagate in the resulting prediction of
hydrologic parameters. Meaningful applications of microwave
rainfall estimates often require a proper understanding of the
underlying errors contributed by these products. Keeping this
in mind, for the present study, the performance of TRMM
products are investigated over the basin of Mahanadi, India.
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Fig. 4. Box plots showing POD, VHI, FAR, VFAR, CSI, VCSI, MISS, and
VMI for daily rainfall estimates over Mahanadi basin obtained using 2A25,
2B31, and 2A12 data.

B. Seasonal Precipitation Over Mahanadi Basin

This section investigates the uncertainty contributed by three
of the TRMM level 2 data products over Mahanadi basin. If
an event that any portion of the TRMM orbital swath covers
within the 1◦ spatial grid box is termed as a visit, then, the
TRMM orbital data provides the number of pixels N and the
mean rainfall rate R (mm/hr) over the grid box at each visit. If
n is the number of times during which TMI/PR observes rainfall
in a spatial scale/grid box for any time period, then the average
rainfall amount within any space time domain can be estimated
using the relation

RS =

n∑
i=1

N(i)∗R(i)

n∑
i=1

N(i)
. (4)

For the present study, rainfall estimates (in mm/hr) from mul-
tiple TRMM overpasses of a single day are averaged giving
equal weight to all the values to create the daily rainfall values
over each space scale (grid boxes) over Mahanadi basin for
the JJAS months from 2002–2007. The total number of orbital
data points during the 6-year period that were considered for
the creation of daily gridded rainfall estimates are 2548 for
2A25 data, 3535 for 2B31 data, and 3552 for 2A12 data set,
respectively, which corresponds to 3.48 scenes per day 2A25,
4.83 for 2B31, and 4.85 for 2A12. It is to be noted that selection
of an appropriate grid size for the orbital products warrants a
compromise between two major competing factors. First, the
grid size chosen should be as large as possible, which enables
one to treat rainfall averages over each grid box as statistically
independent thereby allowing the use of statistical measures for
further analysis. Second, a realistic representation of local rain-
fall rate with minimum error requires the grid size chosen to be
as small as possible, which allows rainfall rates within each grid
to be approximately homogeneous. A previous sampling error
related study over the basin using PR 2A25 data product yielded
1◦ × 1◦ as a suitable space scale for analysis owing to compara-
tively lower relative sampling errors [93]. Keeping these factors
in mind, a grid size of 1◦ × 1◦ was chosen for the present study.

Fig. 5. Pdf showing seasonal rainfall in mm/hr from APHRODITE, 2A12,
and 2A25 for 1◦ × 1◦ grid boxes over Mahanadi basin from June 2002 to
September 2007.

The various performance measures for daily rainfall esti-
mates using 2A25, 2A12, and 2B31 data over the case study
region of the Mahanadi basin are shown in Fig. 4. It can be
observed that the value of POD is highest for 2A12 (value
between 0.4–0.6), whereas POD values for 2B31 (value < 0.3)
and for 2A25 (value < 0.3) are comparatively lower. This has
interesting implications in the volumetric context as pointed
out in [78]. The volume of precipitation obtained by VHI for
all three products for daily seasonal rainfall show that a high
VHI does not necessarily lead to a high POD when a small
percentage of detected occurrences constitute a large volume of
the total rainfall, as is evident for 2B31 and 2A25. However,
the FAR and VFAR values are similar to each other for all
three data products. The observed values for CSI for daily pre-
cipitation are found to be relatively higher for 2A12 (0.4–0.6)
than those observed for 2A25 and 2B3 (< 0.4). Comparisons
of missed precipitation and VMI show that rainfalls from
2A12 data product are in better agreement with the reference
estimates, as compared with 2A25 and 2B31 data products.

Fig. 4 shows that the 2A25 and 2B31 data products tend
to behave in a more or less similar manner. For rainfall
estimations over land, the 2B31 data product uses the ice
scattering signal at relatively high frequencies [90], [93], [94]
and relies entirely on the radar inversion technique to estimate
rainfall [47]. The 2B31 data product works as a combined
radar-radiometer product only over the oceans and serves as
mostly a radar only product over the land [46]. This is be-
cause for rainfall retrievals over the land regions, the active
radar is more accurate than the passive radiometer. Hence,
the active radar is heavily relied upon for retrievals over
land, thereby making 2B31 very similar to 2A25 over the
land regions. Hence, further discussions are limited to com-
parative evaluation between the 2A12 and 2A25 data products.

Results indicate that for the seasonal daily precipitation over
1◦ × 1◦ grids, 2A12 showed greater skill in detecting and
quantifying the volume of rainfall when compared with the
2A25 data products. Studies by Indu and Kumar [97] have
showed that over the basin, vertical distribution of hydromete-
ors will be dominated by bottom heavy liquid water indicating
stratiform rainfall type. The PR detects rainfall at a threshold
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Fig. 6. Distribution of model coefficients of the additive and multiplicative error models estimated for each quantile class of rainfall for 2A25, 2A12, and 2B31
rainfall estimates.

of ∼18 bBZ, which makes it very difficult to detect rainfall
below 0.4 mm/hr. Although the TMI derived 2A12 is capable of
detecting precipitation of 0.1 mm/hr, it is unable to detect warm
rainfall over land [39]. Both these products are susceptible to
poor detection at the lightest rain rates. Furthermore, studies by
Kirstetter et al. [98] have addressed the case of PR detecting no
rainfall during rainfall conditions thereby highlighting the poor
detection by PR toward light rain rates [95]. This can also be
observed from Fig. 5, which shows the pdf of seasonal rainfall
from APHRODITE, 2A12, and 2A25 over Mahanadi basin. The
pdf indicates that, in spite of the difficulty in detecting light
rainfall, over the basin, rain rates > 1 mm/hr are successfully
detected by TMI thereby demonstrating superior performance
by 2A12 algorithm.

Despite the tendency of the radiometer retrieved 2A12 land
rainfall algorithm to overestimate rainfall during deep convec-
tive processes, their land rainfall is found to be in remarkable
agreement with the reference observations for the data period
considered. The better performance of 2A12 land rainfall algo-
rithm in comparison with 2A25 algorithm over the basin can
be attributed to its database consisting of preexisting rainfall
profiles carefully selected so that the resulting rainfall retrieved
by scattering scheme is consistent with ground-radar measure-
ments. This is because the 2A12 algorithm based on cloud-
resolving models that focus mainly on the tropical precipitation
thereby explaining its better performance over the study region.

However, there exist time-dependent regional biases, which
exist between TRMM orbital data products that impact the
appropriateness of the data for regional climate studies or
investigation of climate variability. This is because satellite
rainfall retrieval algorithms depend on a number of parameter
assumptions, which are not directly measured by the satellite.
Owing to the variations in the value of these parameters across
various meteorological regimes, regional/temporal biases occur

in the resulting rainfall estimates. Biases shown by algorithms
of 2A12 and 2A25 vary with changes in cloud microphysics
during precipitating system life cycles [22]. When the rainfall
estimates are averaged over large space and time scales, usually
the random errors diminish leaving the systematic errors, which
can significantly affect climate applications.

One of the major challenges in hydrological applications is
to characterize this systematic error on a daily time scale for
the JJAS months. Adequate considerations should be given to
the uncertainties in these data sets prior to utilizing them in
hydrologic and climatic studies. If it is assumed that the ref-
erence data (APHRODITE) represents the most probable value
of true rainfall occurring over a spatial domain (of 1◦ × 1◦ grid
size) over Mahanadi basin, the residuals between the estimated
rainfall (from 2A12, 2A25, and 2B31) and reference values can
be used to build error models for characterizing the uncertainty.

C. Error Model Analysis

The present study classified daily rainfall intensities falling
in each spatial domain (1◦ × 1◦ grid box) over Mahanadi
basin into 5 different quantile classes: i) < 25th ; ii) 25th–50th;
(iii) 50th–75th; (iv) 75th–95th; and (v) > 95th. Based on these
5 different classes, for each spatial grid over Mahanadi basin,
the coefficients of additive and multiplicative error models
were estimated independently. The analysis was performed
independently for the 2A12, 2A25, and 2B31 data products.
Fig. 6 shows the distribution of model coefficients obtained over
Mahanadi basin. The plot shows the distribution of coefficients
A and B for both additive and multiplicative error models,
which define the deterministic error component. For additive er-
ror model, there is large variation in the coefficient A for 2A12
particularly for low intensity rainfall. Visual examination shows
a near Gaussian pattern of coefficients B for both additive and
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Fig. 7. Standardized residual plots and quantile–quantile plots of 2A25, 2A12 and 2B31 for (a) additive error model and (b) multiplicative error model.
The dotted line in the plot joins the first and third quartiles of each distribution and is extrapolated to the ends to help evaluate the linearity of the data.

multiplicative error models. The distribution of model coeffi-
cients is useful when each of these models is utilized to model
the large dynamical range of precipitation data. This will be
taken up as part of a future study pertaining to Mahanadi basin.

Using the model coefficients for each quantile class of
rainfall, both models were fitted for the Mahanadi basin
and their respective standardized residual plots were obtained
(i.e., residuals of each model normalized by their respective
standard deviation as shown in Fig. 7). Fig. 7 shows that the two
error models behave quite differently. The standardized residual
plots for the additive model exhibit a systematic increase in
scattering with higher rain rates, whereas the residuals for the
multiplicative model show a fairly constant range of variation.
This implies that random errors produced by additive model are
not homoscedastic (having a constant variance). These findings
reveal the violation of constant variance assumption made
in the estimation of model parameters using OLS regression
approach. Furthermore, they also imply that the additive model
fails to remove some systematic errors, which get leaked into
the random errors thereby inflating the uncertainty. Studies by
Tian et al. [81] have stated that such a leak occurs due to the
linearity assumption between systematic errors and reference
data. However, studies by Gebremichael et al. [10] have also in-
dicated otherwise. The quantile–quantile plots for standardized
residuals show that fitting using additive error model results
in standardized residuals that violate the assumption of being
normally distributed for all three data products.

However, the multiplicative error model was found to fit the
whole range of the data in a much better manner. Compared
with the additive model for 2A25 and 2A12 algorithm, the
multiplicative model for 2A12 data showed a better fit. A
similar conclusion can be made regarding the normal quantile

plot of standardized residuals (see Fig. 7). For the additive
model, Fig. 7 shows a reasonably linear pattern in the center of
the data for both 2A25 and 2A12. However, a large departure
can be observed along the tails at each end of the distribution for
both these data products. This implies that the additive model
failed in analyzing higher and lower estimates of rainfall. On
the contrary, for the multiplicative error model, Fig. 7 shows
that results obtained from 2A12 algorithm depict a much better
agreement along the line, as compared with 2A25 algorithm.

It is worthwhile to note that log transformation within a mul-
tiplicative error model places variable values into a geometric
domain wherein proportional deviations get represented inde-
pendently of the scale/units of measurement. Results indicate
that for the rainfall from TRMM level 2 data products, as the
underlying phenomena are fundamentally multiplicative, their
rainfall estimates are more likely to conform to a multiplicative
error model [100], [101]. It can be concluded that, assuming
additive variation of errors as the default standard for TRMM
level 2 rainfall estimates, can prove erroneous particularly when
examining patterns across many orders of magnitude, because
the same relative deviation will be a much smaller absolute
(arithmetic) deviation for small observations than for large
observations. In order to examine the relative suitability of the
two models, the total error needs to be decomposed into its
systematic and random parts.

D. Systematic and Random Error

For the present study, an error decomposition technique
based on the Willmott Decomposition technique was used
to arrive at the systematic and random error components as
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Fig. 8. Spatial distribution of systematic and random error (in %) of 2A25,
2A12, and 2B31 for the additive and multiplicative error models.

explained in Section IV-C. Ideally, the systematic error is the
component which is to be minimized or is to be removed. With
several sources of errors in the grid averaging, it is important to
quantify how much of the deviation between TRMM level 2
products and the reference data can be attributed to random
versus systematic causes.

The error decomposition method is applied individually
using additive and multiplicative error models for each of
the three TRMM algorithms and the results are displayed in
Fig. 8. If MSETOT represents the total mean squared error and
MSESY S and MSERAN depict the systematic and random
components of mean squared error, the systematic error is
represented as MSESY S/MSETOT × 100 and random error
is estimated as MSERAN/MSETOT × 100, which are the
components of the total MSE (in %) for daily precipitation data
for the monsoonal season over the case study region. A better
error model should ideally capture more signal from the noise.
In other words, as systematic error refers to the part, which can
be deterministically described, majority of the total deviation
within an error model needs to be attributed to the deterministic
component of uncertainty (systematic error) thereby leaving a
minimum amount of unexplainable deviation to be explained by
random error. A comparative evaluation of the systematic and
random errors explained by the additive error model reveals that
both 2A25 and 2A12 data products exhibited systematic errors
up to 75% (for 2A25) and 60% (for 2A12). Comparatively, the
systematic errors explained by the multiplicative error model
ranged up to nearly 100% for both 2A25 and 2A12 data
products. The systematic errors of multiplicative error model
was found to be nearly normal for 2A25 (with median of box
plot at nearly 60%) and skewed for 2A12 (with median toward
upper quantile at nearly 75%). Overall, a greater percentage
of systematic errors were explained by the multiplicative error
model for 2A12 than 2A25 data. The multiplicative error model
depicted a more compact range of random errors for 2A12 data
(ranging from 25–75%) when compared with a wider ranger
for 2A25 data (range between 10–75%). The multiplicative
error model is a better choice for explaining the inconsistencies
in the wide range of precipitation variability offered by 2A12
data product. Hence, this model can be used for uncertainty
quantification of daily precipitation estimates from TRMM
orbital data products.

VI. CONCLUSION

The TRMM products development team provides various
precipitation products either based on radar (PR) or radiometer
(TMI) or a combination of both (PR-TMI). This study analyzed
the spatial error characteristics of daily rainfall from the latest
v7 precipitation estimates of TMI and PR products namely the
2A12, 2A25, and 2B31 data. Results are presented over the
basin of Mahanadi using six years of monsoon data period from
June 2002 to September 2007. The total numbers of orbital data
points from the 6-year period considered for the creation of
gridded data set are 2548 for 2A25 data, 3535 for 2B31 data
and 3552 for 2A12 data set. A space scale of 1◦ × 1◦ was
deemed suitable for gridding the rainfall estimates from each
individual snapshot of orbital data. The findings of this study
are summarized as follows:

1) Spatial variation of various performance measures were
analyzed for the 2A25, 2A12, and 2B31 data products using
indices derived from the contingency table. Higher values for
POD were obtained for 2A12 (value between 0.4–0.6) com-
pared with the POD values for 2B31 (value < 0.3) and for 2A25
(value < 0.3). The volumetric indices from the contingency
table [75] were utilized to decompose the total volumetric error
into volumetric hit index, VFAR, VMI, and volumetric critical
success index. Despite the limitations in the 2A12 land rainfall
algorithm, their daily rainfall estimates over the Mahanadi
basin for the JJAS summer monsoonal months showed a better
agreement with the APHRODITE reference data than the 2A25
rainfall.

2) As the 2A12 product (from radiometer TMI) and 2A25
(from radar PR) were generated based on different sensors, the
plausible reasons for the uncertainty in rainfall detection was
attributed to the properties of these sensors along with the prop-
erties of seasonal rainfall occurring over the basin. Uncertainty
of PR 2A25 algorithm was attributed to the low sampling by
PR as compared with TMI, which implies comparatively lower
number of observations during different times of the day for
PR over Mahanadi basin. The underestimation by the PR 2A25
algorithm was explained to be due to the strong attenuation
of radar reflectivity by atmospheric ice and its poor sensitivity
toward stratiform rainfall. Although the TMI 2A12 algorithm
has limited ability to detect warm rainfall over land, their daily
rainfall estimates were found to agree well with the reference
rainfall.

3) The residual errors between rainfall estimates of gridded
orbital data products and reference rainfall estimates were
utilized to create additive and multiplicative error models. The
parameters of these models were estimated for each 1◦ ×
1◦ grid box over the basin by dividing rainfall intensi-
ties into 5 different quantile classes, namely: i) < 25th;
ii) 25th–50th; iii) 50th–75th; iv) 75th–95th; and v) > 95th.
Results based on standardized residual plot revealed that the
residuals of the multiplicative error model were homoscedastic
compared with the additive error model. The multiplicative
error model was found to better depict rainfall estimates based
on the 2A12 data product. This questions the assumption of
additive variation of errors as the default standard in analyzing
rainfall estimates.

4) The total MSE was decomposed into its systematic
and random error components using Willmott decomposition
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technique. Results show that for the multiplicative error model,
rainfall estimates from the 2A12 algorithm exhibited larger
systematic errors compared with the 2A25 algorithm. In other
words, for 2A12, the majority of the total deviation was at-
tributed to the deterministic component of uncertainty. The
present study is conducted over a single subtropical basin
over Indian region. This approach can however be potentially
extended to other tropical regions of the world by comparing
with the regional meteorological data products.

To summarize, the uncertainty in rainfall retrieval by PR-
derived rainfall products is dominated mainly due to sampling
issues and partly owing to the PR’s insensitivity to light rainfall
(< 0.7 mm/day), uncertainty related with a priori selection
of DSD, nonuniform beam filling effects, incorrect physical
assumptions of freezing level height, hydrometeor temperature,
etc. [4].

Although rainfall estimates from the PR-based 2A25 algo-
rithm are known to perform well over land, regional biases
influence the performance for daily time scales as is evident
from the present study. Improving the accuracy and error
characterization of TRMM level 2 rainfall estimates is critical
for a number of satellite rainfall products and applications
because the uncertainties tend to propagate to TRMM based
multisatellite rainfall estimates. The current mission of GPM
envisions a constellation of passive microwave sensors that will
provide products with a relatively negligible sampling error at
daily or higher time scales. This study by means of its simplicity
and physical approach is aimed toward future improvements in
uncertainty modeling of precipitation.
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