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The objective of this research is to evaluate daily rain rates derived from three widely
used high-resolution satellite precipitation products (PERSIANN, TMPA-3B42V7,
and TMPA-3B42RT) using rain gauge observations over the entire country of Iran.
Evaluations are implemented for 47 comprehensive daily rainfall events during the
winter and spring seasons from 2003 to 2006. These events are selected because each
encompasses more than 50% of the country’s area. In this study, daily rainfall observations derived from 1180 rain gauges distributed throughout the country are employed as
reference surface data. Six statistical indices: bias, multiplicative bias (MBias), relative
bias (RBias), mean absolute error (MAE), root mean square error (RMSE), and linear
correlation coefficient (CC), as well as a contingency table are applied to evaluate the
satellite rainfall estimates qualitatively. The spatially averaged results over the entire
country indicate that 3B42V7, with an average bias value of –1.47 mmd−1 , RBias of
–13.6%, MAE of 4.5 mmd−1 , RMSE of 6.5 mmd−1 , and CC of 0.61, leads to better
estimates of daily precipitation than those of PERSIANN and 3B42RT. Furthermore,
PERSIANN with an average MBias value of 0.56 tends to underestimate precipitation,
while 3B42V7 and 3B42RT with average MBias values of 0.86 and 1.02, respectively,
demonstrate a reasonable agreement in regard to rainfall estimations with the rain gauge
data. With respect to the categorical verification technique implemented in this study,
PERSIANN exhibits better results associated with the probability of detection of rainfall
events; however, its false alarm ratio is worse than that of 3B42V7 and 3B42RT.

1. Introduction
Lack of a reliable and extensive observing system is one of the most important challenges in
rainfall analysis, hydrologic predictions, and water resources management in Iran. In fact,
the availability of high-quality ground rainfall data is very limited across many parts of
this country. As an alternative source, satellite precipitation products, which provide high
spatial coverage of input data for various hydrologic models, can be useful for data-sparse
and ungauged basins in developing countries like Iran.
The use of satellite rainfall estimate (SRE) algorithms has been of growing interest for
rainfall measurement over the past two decades. A number of new global high-resolution
*Corresponding author. Email: saber.moazami@ou.edu
© 2013 Taylor & Francis
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SREs are now available, including the Precipitation Estimation from Remotely Sensed
Information using Artificial Neural Networks (PERSIANN; Hsu et al. 1997; Sorooshian
et al. 2000), the PERSIANN Cloud Classification System estimation (PERSIANN-CCS;
Hong et al. 2004), the National Oceanic and Atmospheric Administration (NOAA) Climate
Prediction Center (CPC) Morphing technique product (CMORPH; Joyce et al. 2004),
the Naval Research Laboratory Global Blended Statistical Precipitation Analysis data
(NRL-Blend; Turk and Miller 2005), the Tropical Rainfall Measuring Mission (TRMM)
Multi-satellite Precipitation Analysis (TMPA; Huffman et al. 2007), and the Global
Satellite Mapping of Precipitation (GSMaP; Kubota et al. 2009; Ushio et al. 2009). These
satellite precipitation products have provided high temporal (≤3 h) and spatial (≤0.25◦ )
resolution precipitation maps.
Nevertheless, satellite precipitation products, due to their indirect nature of estimates,
need be evaluated against in situ observations before application to daily and sub-daily
hydrological operations (Jiang et al. 2012). Evaluation of SREs has been carried out for
different spatial and temporal resolutions (Hong et al. 2006; Tian et al. 2007; Su, Hong, and
Lettenmaier 2008; Li et al. 2009; Dinku, Connor, and Ceccato 2010; Hirpa, Gebremichael,
and Hopson 2010; Behrangi et al. 2011; Bitew and Gebremichael 2011; AghaKouchak
et al. 2012; Yong et al. 2012). There have also been attempts to assess the performance of
satellite precipitation products over various regions with different physiographic and climate conditions. Hughes (2006) compared satellite rainfall data from PERSIANN and the
Global Precipitation Climatology Project (GPCP) with observations from gauging station
networks in four basins with different climate regimes within southern Africa to explore the
use of SRE in hydrological models. Xie et al. (2007) developed a new gauge analysis product over East Asia and validated it against five high-resolution SREs (CMORPH, TRMM
3B42, 3B42RT, Naval Research Laboratory (NRL), and PERSIANN). Hong et al. (2007)
validated the space–time structure of remotely sensed precipitation estimates to improve
their quality and confident application in water cycle-related research. In their study, the
performance of the PERSIANN Cloud Classification System (CCS) product was evaluated against warm season precipitation observations from the North American Monsoon
Experiment (NAME) Event Rain Gauge Network (NERN) in the complex terrain region
of northwestern Mexico. Habib, Henschke, and Adler (2009) focused on the evaluation of
3 hourly 0.25◦ × 0.25◦ TMPA data during six heavy rainfall events that had been generated by tropical storms passing over Louisiana, USA. Yong et al. (2010) studied two
standards of TMPA products, 3B42RT and 3B42V6, that were quantitatively evaluated
in the Laohahe basin, China. As-Syakur et al. (2010) compared daily, monthly, and seasonal rain rates derived from TMPA using rain gauge analysis in the Bali islands. Romilly
and Gebremichael (2011) evaluated three SRE products (TMPA-3B42RT, PERSIANN,
and CMORPH) against collocated rain gauge measurements in Ethiopia across six river
basins representing different rainfall regimes and topography. These studies highlighted
that different types of satellite precipitation data have variable accuracy in different regions.
Therefore, for a certain region it is important to determine which product is the best
(Jiang et al. 2012). It should be noted that for Iran, which is the subject of this research,
only one study associated with verification of satellite-based rainfall products is available
(Javanmard et al. 2010). It compared TRMM-3B42V6 rainfall estimates with gridded precipitation data sets (0.25◦ × 0.25◦ latitude/longitude) for the entire country of Iran. The
results indicated that version 6 of TRMM-3B42 underestimates (by around 25%) mean
annual precipitation over the entire country, with a value of 0.17 mm/day.
In this study, we compare daily rainfall estimations of three widely used high-resolution
satellite precipitation products including PERSIANN, the TMPA adjusted product of
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version 7 (3B42V7), and the TMPA real-time product (3B42RT) with rain gauge observations as a reference data set over Iran. The approach of evaluations presented here differs
from that of Javanmard et al. (2010) in that it makes direct comparison of various satellite precipitation products with a dense rain gauge network (1180 rain gauges) distributed
over 900 grid boxes of 0.25◦ × 0.25◦ (corresponding to PERSIANN and TMPA pixel size)
throughout the country. Also, Javanmard et al. (2010) employed an interpolation technique
based on Yatagai, Xie, and Alpert (2008) to derive gridded data sets from 337 climatology
stations distributed throughout the country. However, such a small number of rainfall stations would significantly influence the accuracy of interpolation. Note that in our study, in
order to achieve more accurate verification, we did not use any interpolation technique to
predict rain gauge values for those grid boxes lacking gauges. Hence, only 900 grid boxes
are involved in the assessments, each containing at least one rain gauge.
The present work is organized as follows: Section 2 introduces the study area and data
resources used; Section 3 describes the implemented methodology for evaluating the SREs;
Section 4 details the results and discussions; and Section 5 presents the summary and
conclusions.
2. Study area and data
2.1. Study area
The study area of this research is the country of Iran (25◦ –40◦ N, 44◦ –64◦ E) with a total
area of 1,648,195 km2 . As shown in Figure 1(a), Iran is a mountainous country in which
60% is covered by two mountain ranges, the Alborz Mountains in the northern part and the
Zagros Mountains in the western and southwestern parts of country. However, the central
parts of the country are covered by two dry deserts, the Dasht-e-Kavir and Dasht-e-Lut.
Therefore, a considerable part of the country has an arid or semiarid climate. However, the
regions close to the Caspian Sea and some close to the Persian Gulf and Sea of Oman have
humid weather, with large annual rainfall over the Caspian coast. These various conditions
of terrain and topography play a significant role in climate regimes, so there are large temporal and spatial variations of precipitation over the country. The average annual rainfall
for the entire country is about 250 mm, ranging from 50 mm in desert areas to 1600 mm for
the Caspian Sea coastal area (Figure 1(b), Javanmard et al. 2010). Note that the topography
of Iran is rugged, with elevation ranging from 300 to 5600 m (see Figure 1(a)).
2.2. Data sets
The reference data sets employed in the present work are based on the daily rainfall observations derived from 940 rain gauges and 240 synoptic stations. Rain gauge and synoptic
station data were provided by the Iran Water Resources Management Co. (IWRM) and
Iran Meteorological Organization (IMO), respectively. Notice that throughout this article,
the expression ‘rain gauges’ is used for combined rain gauges and synoptic stations (i.e.
1180 gauges) over the study area to simplify the presentation.
The satellite rainfall products used in this study are based on PERSIANN, TMPA3V42V7, and TMPA-3B42RT. The PERSIANN system uses neural network function
classification/approximation procedures to compute an estimate of rainfall rate at each
0.25◦ × 0.25◦ pixel of the infrared (IR) brightness temperature (Tb) image provided by
geostationary satellites. An adaptive training feature facilitates updating of the network
parameters whenever independent estimates of rainfall are available. The PERSIANN
system is based on geostationary infrared imagery and was later extended to include the use
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Figure 1. (a) Elevation map of Iran; (b) mean annual precipitation (mm) across Iran, 1961–1990
(Javanmard et al. 2010).

of both infrared and daytime visible imagery. The PERSIANN algorithm used here is based
on the geostationary long-wave infrared imagery to generate global rainfall. Rainfall products are available from 50◦ S to 50◦ N globally. The system uses grid infrared images from
global geosynchronous satellites (GOES-8, GOES-10, GMS-5, Metsat-6, and Metsat-7)
provided by CPC, NOAA, to generate 30 min rain rates, which are aggregated to 6 hour
accumulated rainfall. Model parameters are regularly updated using rainfall estimates
from low-orbital satellites, including TRMM, NOAA –15, –16, –17, and DMSP (Defense
Meteorological Satellite Program) F13, F14, and F15. In this study, the 6 hour temporal and
0.25◦ × 0.25◦ latitude/longitude spatial scales of PERSIANN data were employed according to the website, http://chrs.web.uci.edu/. The daily PERSIANN data were then computed
by aggregating 6 hour data into 24 hour data in order to synchronize satellite estimates with
rain gauge measurements.
The NASA Goddard Earth Sciences Data and Information Services Center (GES
DISC) announced the release of version 7 TRMM TMPA products with near-global (50◦
S–50◦ N) coverage. The TMPA estimates are available in the form of two products, a
near-real-time version (TMPA-RT) and a post-real-time research version. The sources
of passive microwave satellite precipitation estimates include the TRMM Microwave
Imager (TMI), Special Sensor Microwave Imager (SSMI), Special Sensor Microwave
Imager/Sounder (SSMIS), Advanced Microwave Scanning Radiometer-EOS (AMSR-E),
Advanced Microwave Sounding Unit-B (AMSU-B), and Microwave Humidity Sounder
(MHS) (more details can be found in Huffman et al. 2011; Huffman and Bolvin 2012).
There are four TMPA-RT products, namely the combined 3 hourly high-quality (HQ)
and variable rain rate (VAR) product (3B42RT), HQ product (3B40RT), VAR product
(3B41RT), and 3B42RT derived daily product. Also, the post-real-time data of version
7 consist of three products at different temporal resolutions: 3 hourly (3B42), daily (3B42derived), and monthly (3B43). The spatial resolution for all abovementioned products is
0.25◦ × 0.25◦ .
The 3B42V7 incorporates the latest version 4 of Global Precipitation Climatology
Centre (GPCC) full-gauge analysis from 1998 to 2010 and the GPCC monitoring gauge
analysis since 2010. The 3B42V7 and 3B42RT at 3 hour temporal scale are used in this
study and can be obtained from the TRMM website at http://disc2.nascom.nasa.gov/tovas/.
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Figure 2.
in Iran.

Map of rain gauges (circles), synoptic stations (triangles), and satellite data set grid boxes

The daily data were then computed by aggregating 3 hour temporal resolution data over
24 hours for both TMPA products.
It should be pointed out that the daily temporal resolution of SREs is used in this article
because the reference rain gauge data are based on daily measurements. Indeed, no appropriate set of sub-daily ground data exists for the study area. Figure 2 shows the grid boxes
with a spatial resolution of 0.25◦ × 0.25◦ latitude/longitude (corresponding to PERSIANN
and TMPA pixel size) over Iran. It also shows the location of rain gauges and synoptic
stations employed in this study.

3. Methodology
3.1. Validation
In this study the evaluation of SREs was conducted for 47 large-scale daily rainfall events
from 2003 to 2006. The authors tried to select those events based on their extent over
the study area. Therefore, all of the events under this criterion occurred in the winter and
spring, which are generally the rainy seasons over Iran. Note that the satellite-retrieved
precipitation was recorded by snapshots and represents an areal rain rate at each pixel, while
the rain gauge observation was continuous at a particular point. Therefore, comparison
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between these two sources was implemented for 900 grid boxes each containing at least
one rain gauge. The true areal average rainfall over a grid box is assumed to be the rainfall
value measured by the rain gauge located within that grid box. Also, for a grid box with
two or more rain gauges, the true areal average rainfall is the average value of those rain
gauges located within it.
3.2. Evaluation statistics
To evaluate the performance of SREs, six continuous statistics were used in the present
study. The bias is defined as the average difference between rain gauge observations and
SREs, and can be either positive or negative. A negative bias indicates underestimation of
rainfall while a positive bias indicates overestimation. The multiplicative bias (MBias) is
the ratio of SREs to rain gauge value – a perfect value of estimation would result in an
Mbias of 1. Underestimation will lead to values less than 1, and overestimating to values
greater than 1. The relative bias (RBias) describes the systematic bias of satellite-based
precipitation and behaves the same as bias. The mean absolute error (MAE) is used to
represent the average magnitude of the error. The root mean square error (RMSE), which
gives a greater weight to the larger errors relative to MAE, is used to measure the average
error magnitude. The correlation coefficient (CC) is used to assess the agreement between
satellite-based precipitation and rain gauge observations. The value of CC is such that
−1 < CC < +1. A CC value of exactly +1 indicates a perfect positive fit, while value
of exactly –1 indicates a perfect negative fit. If there is no linear correlation or a weak
linear correlation, CC is close to 0:
N
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where PSi is the value of SRE for the ith daily event, POi is the value of rain gauge observation for the ith daily event, N is the number of daily rainfall events, PS is the average value
of SREs for N daily events over each grid box, and PO is the average value of rain gauge
observations for N daily events over each grid box.
In addition, three categorical statistical indices (Wilks 2006), including the probability of detection (POD), false alarm ratio (FAR), and critical success index (CSI), are used
to assess the rain-detection capabilities of SREs. POD represents the ratio of the correct
identification of rainfall by satellite product to the number of rainfall occurrences observed
by reference data; FAR denotes the proportion of cases in which the satellite records rainfall when the rain gauges do not; and CSI shows the overall proportion of rainfall events
correctly diagnosed by the satellite. POD, FAR, and CSI range from 0 to 1, with 1 being
a perfect POD and CSI and 0 being a perfect FAR. These metrics are calculated based on
Equations (7)–(9):
POD =

NH
,
NH + NM

(7)

FAR =

NF
,
NH + NF

(8)

NH
,
+ NM + NF

(9)

CSI =

NH

where NH represents the number of times that observed rain is correctly detected, NM is the
number of times that observed rain is not detected, and NF is the number of times that rain
is detected but not observed. It will be noted in this study that a threshold of 1.0 mmd−1 is
used to distinguish between rain and no rain.
4. Results and discussion
In this study for the first time, a comparison between daily rainfall values estimated by three
widely used satellite products and rain gauge observations was implemented over the entire
country of Iran. The evaluation of SREs is based on the 47 rainy days, each occurring over
more than 50% of the country’s area.
Figure 3 represents the average value of each selected daily rainfall event measured by
rain gauges and the three satellite products over the grid boxes for that event. As will be
seen in this figure, in the range 9–21 mmd−1 for rain gauge values, PERSIANN indicates
underestimation and 3B42RT overestimation. In this range, 3B42V7 expresses reasonable
agreement with the rain gauge observations. Figure 4 shows the scatterplots of averaged
daily rainfall over each selected grid box for the three satellite products versus the corresponding values from rain gauges. Also, the country-averaged values of statistical indices
are shown in this figure. According to Figure 4(a), PERSIANN shows underestimation,
particularly for rain rates higher than 10 mmd−1 . Moreover, in this figure, the values of
MBias (0.56), bias (–4.8 mmd−1 ), and RBias (–44.3%) confirm that PERSIANN seriously
underestimated rainfall levels over the study area. In Figures 4(b) and (c), 3B42V7 with
country-averaged values of 0.86, –1.47 mmd−1 , and –13.6% for MBias, bias, and RBias,
respectively, shows underestimation, while 3B42RT with values of 1.02, 0.26 mmd−1 , and
2.38%, respectively, shows overestimation. Also according to Figure 4, 3B42 obtained the
best values for MAE (4.5 mm), RMSE (6.5 mm), CC (0.61), FAR (0.44), and CSI (0.43),
whereas PERSIANN obtained the best value for POD (0.93).
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Figure 3. Average value of each selected daily rainfall event as measured by rain gauges and three
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Figure 4. Scatter plots of daily averaged values for (a) PERSIANN, (b) 3B42V7, and (c) 3B42RT
rainfall products versus rain gauge observations over 900 marked selected grid boxes.

With information on the daily precision and spatial variations of the three satellite precipitation products, Figure 5 shows the spatial pattern of daily averaged MBias over the
selected grid boxes in the study area. As seen in Figure 5(a), PERSIANN shows underestimation (MBias <1) for around 65% of the grid boxes in different regions including the
central-western and southwestern parts of the country, particularly in the area of the Zagros
Mountains. Furthermore, PERSIANN overestimated rainfall in some coastal regions close
to the Caspian Sea and also in the northwestern and eastern regions of the country. The
MBias value of PERSIANN ranges between 0.75 and 1.25 in some parts of the Alborz
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Figure 5. Spatial distribution of MBias for (a) PERSIANN, (b) 3B42V7, and (c) 3B42RT over the
study area for average value of daily rainfall events at each grid box.

Mountains, Caspian Sea coastal areas, and northwest of the country. It is assumed that in
MBias range 0.75–1.25, the satellite products have reasonable agreement with the gauge
data. According to Figures 5(b) and (c), both products of TMPA show overestimation
near the Caspian Sea and the northwest, but underestimation over the central-southern
parts of the country. Also, 3B42V7 demonstrates reasonably accurate estimations (MBias
0.75–1.25) in most parts of the Zagros Mountains and in small parts of the northwest, while
3B42RT overestimated rainfall over those regions.
Figures 6(a) and (b) present the country-averaged values of POD and FAR for each
selected event. Comparison of the three satellite products implies that PERSIANN data
led to more accurate estimation of detecting precipitation, although its FAR is higher than
that of 3B42V7 and 3B42RT. The spatial distribution of daily averaged values for POD and
FAR over the entire country are shown in Figures 7 and 8. As seen in these figures, in regard
to POD, both 3B42V7 and 3B42RT obtained better values in the western parts of country,
particularly in the Zagros Mountains (Figures 7(b) and (c)). However, both products exhibit
a poor value for POD in the eastern regions. In regard to FAR, Figure 8 indicates that all
three satellite products gave more accurate estimation of FAR over the western regions and
the Caspian Sea coastal areas than in the eastern regions of the country. Overall, the most
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Figure 6. Daily values of (a) POD and (b) FAR for the three satellite products, spatially averaged
over 900 selected grid boxes.
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Figure 7. Spatial distribution of POD for (a) PERSIANN, (b) 3B42V7, and (c) 3B42RT over the
study area for average value daily rainfall events at each grid box.
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Figure 8. Spatial distribution of FAR for (a) PERSIANN, (b) 3B42V7, and (c) 3B42RT over the
study area for average value of daily rainfall events at each grid box.

robust results for both POD and FAR for all three satellite products were obtained in the
area of the Zagros Mountains.
The final key result of this study is shown in the graphs in Figure 9, which compare
the daily averaged value of satellite precipitation products and rain gauge observations.
As shown in Figures 9(a)–(c), the satellite data exhibit underestimation for rainfall
thresholds higher than 10 mm/day. However, for PERSIANN, more grid boxes yielded
underestimated values than did TMPA products. In general, the evaluation demonstrates
that none of the satellite precipitation products can estimate moderate and heavy rainfall
(>10 mmd−1 ) events reliably over Iran. The weakness of a single satellite precipitation
product in detecting extreme events has been argued previously by AghaKouchak et al.
(2011). It will be noted that the diamonds, triangles, and circles in Figures 9(a)–(c) represents an average value of daily rainfall events as estimated by PERSIANN, 3B42V7, and
3B42RT, respectively, over each selected grid box. The blue line in these figures denotes the
average value of daily rainfall events as measured by rain gauges. For clarity, these values
are ordered from lowest to highest.
5. Summary and conclusions
Reliable estimation and quantification of precipitation is essential for hydrological applications. However, in most parts of the world, particularly in developing countries like Iran,
ground-based measurements provide poor spatial and temporal sampling of precipitation
due to the absence of a dense network of rain gauge data. Furthermore, radar rainfall data
are not available for most regions of Iran. Therefore, satellite-based rainfall estimates providing high spatial coverage of data over different terrains may be appropriate alternatives
to rain gauges and radar measurements.
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Figure 9. Comparsion of daily rainfall averaged value at each grid box between gauge observations
and (a) PERSIANN, (b) 3B42V7, and (c) 3B42RT data (rain gauge values are ordered from lowest
to highest).

According to this study, one can generally conclude that microwave (MW)-based TMPA
products perform better than infrared (IR)-based PERSIANN products over Iran. Also,
because of the correction process against monthly gauge measurements, the bias-adjusted
3B42V7 product of TMPA shows a marked improvement over the real-time 3B42RT
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product and has better correspondence with rain gauge observations compared with other
satellite precipitation products. This finding is consistent with the results from studies by
Sapiano and Arkin (2009), Sohn, Han, and Seo (2010), Romilly and Gebremichael (2011),
and Gao and Liu (2013) over other regions.
The bias in the SREs depends on the rainfall patterns, and, in some cases, the elevation
(Romilly and Gebremichael 2011). Overall, for the SREs studied here, the different values
of bias ratio over the various regions can be interpreted as follows.
(1) Along the central part of the Zagros Mountains with a highland topography, the
local orographic effects may lead to positive and/or negative bias in SREs. Note
that PERSIANN underestimates while 3B42RT overestimates rainfall over this
region.
(2) In the southwestern part close the Persian Gulf with a warm and tropical climate,
the precipitation type is almost always convective. Across this area PERSIANN
indicates underestimation, which is in agreement with the findings of Hong et al.
(2007). Since PERSIANN is mainly based on IR brightness temperatures, the
correlation between IR brightness temperature and rainfall is weak if little water
is available in air profiles (Gao and Liu 2013). Also, Hong et al. (2007) argued that
in light precipitation events, PERSIANN has difficulty estimating precipitation in
comparatively shallow and warm (i.e. non-ice) convective clouds. However, both
TMPA products gave reasonably accurate estimations over the southwestern part of
country with convective rainfall.
(3) Across the low- and mid-elevation areas in the western part of country with a temperate climate, the rainfall type is almost always stratiform. It should be noted
that in this region, the stratiform precipitation is caused when warm air from
Iraq (the western neighbour of Iran) meets cooler air from the Zagros Mountains.
PERSIANN tends to underestimate over this area because of its IR-based algorithm. Huffman et al. (2010) concluded that stratiform clouds that tend to dominate
in the cool season and frontal conditions lead to significant mis-estimation using IR
algorithms. Nevertheless, in this region, 3B42RT showed low bias values of rainfall
estimation consistent with results obtained by Ebert, Janowiak, and Kidd (2007).
(4) PERSIANN shows a reasonable agreement in rain gauge observations over most
parts of the northwestern area and some parts of the Alborz Mountains. There
are heavy rainfall events across these regions, and thus the correlation between
IR brightness temperature and rainfall is strong. Notice that these areas experience
cold weather, so the overestimation by 3B42RT may be associated with an increase
in ice aloft which is perceived by the MW sensors to be precipitation (Romilly and
Gebremichael 2011).
(5) In a semi-arid climate, raindrops may evaporate before reaching the surface
(Tesfagiorgis et al. 2011). Therefore, in the northeastern area of Iran covered by
a semi-arid climate, both PERSIANN and 3B42RT led to overestimation.
(6) Over the highland topography in the southeastern parts of country where
PERSIANN underestimated rainfall, this may have been due to the poor detection of light rainfall events. Note that in this region because of the arid climate,
precipitation is almost always light. Hong et al. (2007) explained that the bias of
PERSIANN is dependent on elevation, which is characterized by an underestimation of the occurrence of light precipitation at high elevations and an overestimation
of the occurrence of moderate-to-heavy precipitation at low elevations. Also, TMPA
products showed underestimation in this area due to the local orographic effects.
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(7) In regard to accurate detection of rainfall events by SREs, all three products showed
higher FAR across the eastern part of country, which is covered by an arid or
semi-arid climate. As mentioned previously, the reason for this finding may be
the evaporation of raindrops before reaching the surface in regions with an arid
climate. However, in the western part with humid weather, all products studied
showed better estimation of FAR. Furthermore, because of light precipitation across
the eastern area, TMPA products demonstrated poor estimation of POD. Ebert,
Janowiak, and Kidd (2007) inferred that MW-based TMPA tends to outperform
models in warm/convective conditions, and vice versa in cool-season stratiform
conditions. Therefore, across the western area with convective and stratiform precipitation, TMPA products yielded larger POD values. It is worthwhile to point out
that since all three SREs showed poor values for FAR, the high values of POD
should be interpreted along with the corresponding FARs.
(8) In general, all three SREs tended to overestimate light rainfall (0–10 mmd−1 ) and
underestimate moderate and heavy rainfall (>10 mmd−1 ).
The analysis presented in this study provides an overview of comparison between three
SREs and daily rain gauge data in different parts of Iran. These satellite products were
selected because they are available at similar spatial resolution, as well as being the most
widely used over various regions around the world. Therefore, as a first attempt to evaluate
different types of SREs over Iran, the authors focused on PERSIANN and TMPA products.
However, In future research, other SREs (i.e. CMORPH, GSMaP) can be evaluated across
this country. Moreover, training a satellite-retrieved precipitation algorithm on data from
Iran may lead to more accurate estimations over this country.
Among the difficulties and limitations of this study were a shortage of continuous daily
rain gauge data sets covering a reasonable period (i.e. 3 years or more), as well as limited
and unevenly distributed rain gauges over the study area. Furthermore, due to the absence
of a dense network of rain gauges, many of the selected grid boxes included only one rain
gauge; to provide more accurate and reliable analyses of satellite precipitation estimates,
particularly in the field of extreme events, grid boxes with more than two or three rain
gauges are necessary.
It is emphasized that the conclusions derived from this study are based on available
satellite-based and rain gauge data sets. The authors acknowledge that spatial and temporal uncertainties may exist when comparing different satellite products with ground-based
observations. This work was intended to contribute to the ongoing research on uncertainty
analysis of satellite precipitation products and bias-adjusted techniques to improve SREs.
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