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ABSTRACT
This work presents a first evaluation of the performance of the Integrated Multisatellite Retrievals for GPM
(IMERG) precipitation product over the upper Blue Nile basin of Ethiopia. One of the unique features of this
study is the availability of hourly rainfall measurements from an experimental rain gauge network in the area.
Both the uncalibrated and calibrated versions of IMERG are evaluated, and their performance is contrasted
against another high-resolution satellite product, which is the Kalman filter (KF)-based Climate Prediction
Center (CPC) morphing technique (CMORPH). The analysis is performed for hourly and daily time scales
and at spatial scales that correspond to the nominal resolution of satellite products, which is 0.18 spatial
resolution. The period analyzed is focused on a single wet season (May–October 2014). Evaluation is performed using several statistical and categorical error metrics, as well as spatial correlation analysis to assess
the ability of satellite products to represent spatial variability of precipitation in the area. Results show that
both IMERG products have a better bias ratio and correlation coefficient on both time scales as compared to
CMORPH. Comparison statistics show a slight improvement in the skill of detecting rainfall events in
IMERG products compared to CMORPH. Results also show a decreasing trend in the detection ability of
satellite products for increasing threshold values, highlighting the need to further improve detection during
heavy precipitation.

1. Introduction
Precipitation estimates from spaceborne sensors have
provided, over the last decades, a valuable source of
information that has enabled a number of hydrologic
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and climatic studies at the global scale (Ashouri et al.
2015; Serrat-Capdevila et al. 2014; Zhou et al. 2014).
After the launch of the Tropical Rainfall Measuring
Mission (TRMM) in 1997, which was the first meteorological satellite dedicated to precipitation, the next step
toward the future of satellite precipitation missions involved the Global Precipitation Measurement (GPM)
Core Observatory (Hou et al. 2014) that was launched
in February 2014. One of the main GPM-related precipitation products is the Integrated Multisatellite
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FIG. 1. (a) Geographical location of the upper Blue Nile basin of Ethiopia with respect to the complex mountain chain in the Horn of
Africa. The spatial distribution of tipping gauge rainfall stations over the study domain is shown in the rectangular region. Accumulated
rainfall (mm) for the period of May–October 2014 is shown for (b) IMERG-Cal, (c) CMORPH, and (d) IMERG-Uncal.

Retrievals for GPM (IMERG) that was released in
early 2015. IMERG is based on an advanced algorithm that combines all available satellite microwave
precipitation estimates with satellite infrared estimates and precipitation gauge analysis [see Huffman
et al. (2015) for details] to provide a final satellite
precipitation product at high spatial (0.18) and temporal
(0.5 h) resolution.
Based on a large body of literature regarding the
evaluation of satellite precipitation products (e.g., Mei
et al. 2014; AghaKouchak et al. 2012; Anagnostou et al.
2010; Tian and Peters-Lidard 2010; Turk et al. 2008;
Hossain and Huffman 2008; Xie and Arkin 1995), a
common conclusion is that error in satellite precipitation
products depends on the region and precipitation type/
magnitude examined. Therefore, performance evaluation of the newly released IMERG product is necessary
to provide feedback to the algorithm developers and to
understand what is the right context (e.g., in terms of
scales and applications) for using these data.

This work provides a preliminary assessment of the
IMERG precipitation product performance over the
Blue Nile basin in Ethiopia, which is an area where
hydrologic predictions have an important societal and
economic impact. Results from error analysis of IMERG
are contrasted with a current high-resolution satellite
product to assess potential improvement from the new
product.

2. Study area and data
The study domain is within the upper Blue Nile basin
of Ethiopia (Fig. 1a). Terrain is characterized by steep
topographic gradients with elevations ranging from
500 m MSL in the Blue Nile gorge to 4000 m MSL at the
mountain peaks. The climate system of the region was
described in several studies (Korecha and Sorteberg
2013; Segele et al. 2009; Nicholson 2000). The main rainproducing systems for the season are the global rainbearing systems, particularly the intertropical convergence
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zone (ITCZ) where the Congo basin and Indian and Atlantic Oceans are moisture sources for the rainy period.
The period from June to September represents the major
rainy season of the region; however, significant rain storms
can occur during May and October.
This study evaluates three satellite precipitation
products against hourly rainfall measurements from an
experimental network of 37 tipping-bucket rain gauges
that are operated by the Ethiopian Institute of Water
Resources, none of which are included in the Global
Precipitation Climatology Centre gauge dataset (Fig. 1).
The experimental high-temporal-resolution tipping gauges
are deployed at 55 locations. From those, only 37 gauges
passed through a quality-control (QC) process according
to the guidelines of the World Meteorological Organization (WMO 2008), and gauges that did not pass the
QC were discarded. The first two satellite products are
the uncalibrated (IMERG-Uncal) and gauge-calibrated
(IMERG-Cal) versions. Both products are provided
at high spatial (0.18) and temporal (0.5 h) resolution
(ftp://gpm1.gesdisc.eosdis.nasa.gov/data/s4pa/GPM_L3/
GPM_3IMERGHH.03/2014/). The third product is the
Kalman filter (KF)-based Climate Prediction Center
(CPC) morphing technique (CMORPH) available at
;0.0738/0.5-h spatiotemporal resolution (ftp://ftp.cpc.
ncep.noaa.gov/precip/CMORPH_V1.0/). The KF-based
CMORPH (called CMORPH hereinafter) is a new version of high-resolution precipitation product with substantial improvements relative to the original version.
The fundamental difference between the IMERG and
CMORPH products is that the day-1 IMERG algorithm
combines microwave and microwave-calibrated infrared
(IR) estimates of precipitation while CMORPH is based
only on microwave estimates and uses IR observations
only for the morphing procedure (Joyce and Xie 2011).
The morphing technique is also part of the IMERG algorithm, which further involves a number of procedures
that intercalibrate, merge, and interpolate all microwave
estimates, together with microwave-calibrated IR estimates. For more details on the description and sequence
of the various processing steps, the reader is referred to
Huffman et al. (2015). At the time of working on this
analysis, only the uncalibrated CMORPH was available
to compare with the IMERG products. Given the common availability of data from IMERG and the experimental rain gauge network, we considered the rainy
period of May–October 2014 for this error analysis.

were considered in the analysis. Satellite rainfall estimates are evaluated at hourly and daily temporal scales.
Although rain gauge rainfall was available at 15-min
intervals, we chose the 1-h (and not 0.5-h original resolution of IMERG and CMORPH) scale as the highest
temporal scale for comparison, as a way to somewhat
compensate for the representativeness error between
gauge and satellite (considering that only one gauge was
falling within each satellite pixel). The observed hourly and
daily gauge rainfall data were interpolated, using ordinary
kriging algorithm, to produce rainfall fields at 0.028 grid,
which were aggregated to 0.18 estimates (that correspond
to the scale of comparison with the high-resolution satellite products) and considered as the reference rainfall estimates. Error statistics were based on those 0.18 interpolated
gauge estimates that are represented by at least one gauge
within their grid cell. Furthermore, the CMORPH product
is regridded to 0.18 resolution to reduce the effect of mismatches due to spatial scale difference.
A number of error metrics have been used in past
studies evaluating global satellite precipitation products in different parts of the world (Tang et al. 2016;
AghaKouchak and Mehran 2013; Porcù et al. 2014;
Stampoulis et al. 2013; Dinku et al. 2010; Feidas 2010).
The statistical indices of bias ratio (Bias), mean relative
error (MRE), mean absolute error (MAE), Pearson correlation coefficient (CC), and normalized root-meansquare error (NRMSE) are computed as follows:
n
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Evaluation of satellite rainfall products is carried out
at a satellite pixel scale and using gauge rainfall as reference. A total of 36 satellite pixels that contain gauges
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where G is gauge rainfall; S is satellite rainfall; and S
and G are the mean of satellite and gauge rainfall,
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respectively. To evaluate the error as a function of
rainfall intensity, the four error metrics (MRE, MAE,
CC, and NRMSE) are examined for different rainfall
magnitudes conditional to reference gauge rainfall greater
than or equal to threshold values. Threshold values corresponding to the 25th, 50th, 75th, 90th, and 95th percentiles were derived from reference rainfall based on the
single wet period examined. The corresponding percentiles of rainfall values were 1.1, 3.7, 9.4, 17.4, and
23.6 mm day21 and 0.1, 0.3, 1.0, 2.6, and 4.5 mm h21
for daily and hourly time scales, respectively. Finally,
to avoid high-frequency noise manifested as a low
rainfall signal, we considered as valid rainfall values
only those $0.1 mm (WMO 2008) for both time scales
and all products. The skill of the satellite estimates is
evaluated using categorical error metrics of the contingency table that can be used to compute the missed
rainfall volume fraction (MRV) and falsely detected
rainfall volume fraction (FRV) metrics as defined in
(5) and (6). This is done for the wet season where the
denominator is the total gauge rainfall for the study
period which is greater than zero:
n
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Furthermore, the satellite products’ skill to detect the
occurrence of rainfall rates exceeding a specified percentile threshold is evaluated using probability of detection (POD) and false alarm ratio (FAR):
H
H 1M
F
,
FAR 5
F 1H

POD 5

and

(7)
(8)

where H is the number of rainfall events correctly detected, M is the number of rainfall events missed by the
satellite, and F is the number of rainfall events falsely
detected. All values of error metrics are computed at
each grid box and the averages over the domain are
reported. Finally, the ability of satellite rainfall estimates to capture the spatial structure of rainfall is
evaluated by comparing the spatial correlation pattern
between satellite and gauge rainfall. Spatial correlation
for each product is calculated based on the Pearson
correlation coefficient between different locations (e.g.,
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pixels) and for the entire time period considered. Results for all location pairs are grouped into lag distance
bins, and finally, the average CC per bin is reported as a
function of lag distance.

4. Results and discussion
a. Total rainfall pattern
Spatial pattern of total rainfall for the period of May–
October 2014 obtained from three satellite products is
shown in Figs. 1b–d. Visual verification and qualitative
comparison of the spatial distribution among the three
satellite products is described. The precipitation pattern
exhibits a decreasing trend from west to east, which is
consistent for all products. Regions of relatively higher
seasonal rainfall amount, particularly above 2000 mm,
are identified by all satellite products. The gauge-calibrated
IMERG product (Fig. 1b) exhibits higher seasonal rainfall
in the central southern part while the uncalibrated IMERG
product (Fig. 1d) exhibits rainfall peaks in the northern
and southern central parts of the basin. CMORPH also
identifies a large area of the northern part of the basin
(Fig. 1c) having higher seasonal rainfall. Other characteristics of the CMORPH product are the relatively
higher seasonal rainfall in the lowland (near the northwestern boundary of the basin) and the relatively lower
rainfall in the southern part of the basin as compared to
IMERG-Cal.

b. Error metrics
The error metrics for the unconditional case (i.e.,
gauge rainfall threshold $0.1) are summarized in Table 1.
All three satellite products had a slight underestimation
of the total observed rainfall; the bias ratio of IMERGCal (;96.9%) and IMERG-Uncal (;96.5%) are shown
to be better than CMORPH (;89.2%). Similarly, the
linear correlation coefficients of IMERG-Cal (;0.55)
and IMERG-Uncal (;0.54) were slightly better than
CMORPH (0.44) at the daily time scale. At the hourly
time scale, the CC decreases for all products to around
;0.33 (IMERG) and ;0.28 (CMORPH). This could be
partly attributed to the inherent sampling uncertainty of
point observations by rain gauges at short temporal resolution. The rainfall events might cover part of the grid
cell away from the gauge location where the satellite estimate represents an areal average and gauge reports
no rainfall event. Gridding sparse gauge rainfall data
would not necessarily mean improvement of areal
rainfall representation as compared to point observation. Unfortunately, the validity of the latter cannot be
tested in our case because of the lack of a high-density
network (i.e., only one gauge is available within each
satellite pixel).
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TABLE 1. Unconditional values of error metrics of the satellite
products over the study domain.
Satellite
products
Daily
IMERG-Cal
IMERG-Uncal
CMORPH
Hourly
IMERG-Cal
IMERG-Uncal
CMORPH
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Bias

CC NRMSE POD FAR MRV FRV

0.969 0.550
0.965 0.537
0.892 0.443

1.319
1.374
1.305

0.865 0.043 0.042 0.010
0.873 0.045 0.038 0.010
0.881 0.060 0.048 0.022

0.954 0.326
0.951 0.320
0.877 0.282

5.364
5.427
4.781

0.433 0.370 0.367 0.225
0.452 0.382 0.351 0.220
0.441 0.443 0.386 0.283

The result from NRMSE showed that the spread of
error of satellite products at daily time scale is in the
range from 1.31 to 1.37, while at hourly time scale the
values increase to range from 4.78 to 5.43 with CMORPH
yielding a lower NRMSE. This indicates that the random
error components cancel out significantly through temporal aggregation. Past rainfall error studies in the regions (Dinku et al. 2008, 2015) have reported temporal
effects on correlation, while Romilly and Gebremichael
(2011) have shown that CMORPH underestimates by
11% over the Ethiopian highlands. Results obtained in
this study indicate that there is an improvement in systematic error (bias) and correlation coefficient for both
IMERG products.
We further examined the error metrics for different
rainfall thresholds as discussed in section 3, and the results are shown in Fig. 2. The magnitude of MRE

increases with gauge rainfall threshold categories on both
time scales, showing that underestimation of rainfall increases with increasing rainfall magnitude. This pattern is
consistent for all products examined, with CMORPH being associated with the highest degree of underestimation.
The MAE was used to assess the average magnitude
of the absolute error of satellite retrieval for the various
threshold categories of rainfall. Results showed that the
three satellite products exhibit an increasing trend in
MAE with threshold on both time scales (Figs. 2b,f), and
the rate of increase of MAE accelerates nearly exponentially for higher thresholds.
The CC at daily time scale is nearly 0.48 (IMERG)
and 0.38 (CMORPH) for the 25th quantile threshold
and drops to 0.19 (IMERG) and 0.13 (CMORPH) at the
95th quantile; the corresponding values at the hourly
time scale are 0.32 (IMERG) and 0.28 (CMORPH) at
the 25th quantile and 0.17 (IMERG) and 0.04 (CMORPH)
at the 95th quantile, showing that satellite rainfall
cannot adequately represent the hourly variability of
rainfall as compared to the daily time scale in the domain
during the study period. The NRMSE patterns were
consistent both in unconditional case (Table 1) and
for different quantile threshold values of gauge rainfall (Figs. 2d,h), which showed that CMORPH yields
slightly lower values of the random error component
on both time scales. At the 25th quantile threshold,
the NRMSE for IMERG is nearly 1.19 and CMORPH
is about 1.14 at daily resolution; at the hourly time
scale, NRMSE is lower for CMORPH (2.26) and

FIG. 2. Satellite error metrics presented for different threshold values of gauge rainfall.
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FIG. 3. Q–Q plots of (a) daily and (b) hourly satellite rainfall products vs gauge rainfall.

drops to 0.59 at the 95th quantile. Even though the
magnitudes of the improvements on the error metrics
are marginal, the CC and MRE indicate that both
IMERG products exhibit an improvement in quantifying
higher rainfall values (Fig. 2).

c. Contingency metrics
Values of contingency metrics are summarized in
Table 1. For the daily time scale, the POD statistic is
0.87 for IMERG and 0.88 for CMORPH. On the other
hand, FAR values are 0.04 for IMERG and 0.06 for
CMORPH. At the hourly time scale, IMERG has a
POD of 0.43 and FAR is about 0.38 for IMERG and
0.44 for CMORPH. This indicates that IMERG and
CMORPH are equivalent in detecting rainy events,
while IMERG is slightly better than CMORPH in
avoiding detecting false rainfall events. To assess the
significance, in terms of rainfall volume of missed and
false detected rainfall, we calculated MRV and FRV.
These indices (from Table 1) show that at the daily time
scale IMERG has relatively lower MRV (4.2%) while
CMORPH (4.8%) has a slightly higher missed rainfall
volume. False rainfall volume detection has a slightly
higher value for CMORPH (2.2%) than IMERG (1.0%).
At the hourly time scale, IMERG also has a lower MRV
and FRV than CMORPH. The satellite products against
reference gauge rainfall are analyzed using the Wilcoxon
rank sum two-tailed statistics to test if there is a real
statistical difference. The null hypothesis assumes that
satellite and gauge rainfall are drawn from the same
distribution with equal median, and the alternative hypothesis is that they do not have equal medians. Results
show that the difference between a satellite product and

gauge rainfall is statistically significantly different at the
1% level of significance on both time scales.

d. Rainfall quantiles and spatial correlation
Figure 3 shows a quantile–quantile (Q–Q) plot of
satellite rainfall products against the corresponding
gauge rainfall values, for both daily and hourly scales.
To exclude the effect of missed/false detection of satellite rainfall products, calculation of quantiles was based on
rainfall values when both gauge and satellite measurements
were $0.1 mm depth for both time scales. This threshold
value was obtained after visual inspection of time series and
was used to avoid including very low rainfall values that
often manifest as high-frequency noise in rainfall signal.
Visual inspection of Fig. 3 shows that for both time
scales CMORPH exhibits consistent underestimation
of rainfall quantiles while IMERG switches from underestimation of lower quantiles to overestimation of
the higher quantiles. Both products are equivalent below the 50th quantile (;4 mm day21) on the daily scale,
while CMORPH is consistently closer to reference rainfall
on the hourly scale and at both temporal scales better
captures the highest rainfall quantiles. The difference between calibrated and uncalibrated IMERG is very small
and apparent mainly in the highest rainfall quantiles.
Gauge rainfall stations are unevenly distributed in the
domain, and separation distances between gauge rainfall
locations range from 3 to 450 km. As a rule of thumb, the
average lag interval is estimated by computing the mean
of the minimum separation of pairs (;27 km) whereas
the maximum lag distance is estimated by taking half
of the maximum separation distance between gauging
stations. The ratio of maximum lag (;225 km) to lag
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FIG. 4. Spatial correlation of satellite and gauge (a) daily and (b) hourly rainfall. Correlation values shown correspond to the average values within a lag distance bin of size (;27 km).

interval (;27 km) gives the number of distance classes
or bins (about eight). Rainfall spatial correlation, expressed as average value of correlation coefficients of
pairs of pixels within each distance bin versus lag distance is shown in Fig. 4. Note that the entire time period
examined was considered for the calculation of correlation coefficients. On the hourly scale, the vast correlation drops between the first two bins indicate the
sharp rainfall gradient characteristics of the mountainous tropical rainfall. On the daily scale, as expected, spatial variability is smoother and correlation
reaches the characteristic value of 1/e at approximately
75 km. Overall, results show that the general pattern of
rainfall spatial variability is captured adequately well
by all satellite products, with IMERG exhibiting a
slightly higher degree of agreement with reference rainfall while CMORPH exhibits a somewhat smoother signal
(i.e., associated with higher correlation values), particularly on the daily scale. Correlation decay with distance is
similar among products, with the exception of CMORPH
on the hourly scale in the first distance bins that exhibits
a considerably higher decay rate (from ;0.7 to 0.3) than
the rest of products (going from ;0.5 to 0.27). Distinct
differences between IMERG and CMORPH, such as in
first and second distance bin correlation, can potentially
be used to highlight the effect of different approaches, in
the corresponding algorithms, regarding morphing and
estimation techniques applied.

5. Conclusions
The results of this study provided a first evaluation of
the new IMERG and KF-based CMORPH satellite

products at two temporal resolutions (daily and hourly)
for a rainy period (May–October 2014) over the Blue
Nile basin, Ethiopia. It is shown that the three satellite
products moderately underestimate the rainfall values
in the study period. The visual comparison from the
Q–Q plots of satellite products versus gauge products
indicates that higher reference rainfall quantiles are
better represented by CMORPH, which can have an
important implication for flood-related applications
of this product.
Error metrics showed that the satellite products slightly
underestimated the total seasonal rainfall amount. The
gauge-calibrated IMERG product exhibited marginal
improvements relative to CMORPH in the overall bias.
The CC of daily time series showed that the IMERG
product is marginally better than CMORPH. The random error (NRMSE) analysis showed that daily satellite
products are closer to gauge measurements than hourly
estimates; CMORPH yields slightly lower values of the
random error component on both time scales. The POD,
FAR, MRV, and FRV error metrics showed a slight
improvement in the skill of detecting rainfall events in
IMERG compared to CMORPH. Results also show a
decreasing trend in detection ability of satellite products for increasing threshold values, highlighting the
need to further improve detection during heavy precipitation. Overall, the performances of IMERG and
CMORPH products are approximately equivalent,
with IMERG showing marginally improved comparison statistics. Results from the performance of day-1
IMERG product are quite satisfactory and build up
our expectations for the future, more advanced versions
of this product.
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