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Abstract

The study evaluated GPM-IMERGO7, CHIRPS2.0, CPC-CMORPH, and PERSIANN-CDR against ground observations of
rainfall for five gauging stations over 10 years (2013-2022) in the Niger Central Hydrological Area, Nigeria. This area is
prone to severe annual floods, which lead to devastating downstream effects. The lack of high-density and evenly distrib-
uted rain gauge stations has hindered effective research on mitigating flood impacts, necessitating alternative rainfall data
sources. Satellite precipitation products (SPPs) are used globally because of their high temporal and spatial resolution, free
accessibility, and extensive coverage. However, these products have inherent biases and require comprehensive evaluation.
The study employed scatter plots and descriptive statistics for daily and monthly comparisons. Daily SPPs were further
analyzed using categorical statistics and a four-component error decomposition method. The findings revealed a higher
correlation and greater errors at the monthly temporal resolution than at the daily resolution. PERSIANN-CDR performed
better (daily and monthly) with a slightly higher median correlation (0.33 and 0.86), RMSE (9.66 mm and 57.59 mm), and
Bias (-0.13 and 4.02). Furthermore, it demonstrated exceptional rainfall detection probability (POD =85%) and minimal
miss bias (MB =119.2 mm/day) compared to other SPPs. Therefore, the high performance of PERSIANN-CDR in most
statistical indices validates its suitability for the study area. Nonetheless, SPPs exhibited high bias values above the perfect
value of zero (0). Thus, it is recommended that algorithm developers reduce these biases to improve the suitability of SPPs.
End users should also consider bias correction or data merging to enhance the accuracy of the hydrological simulations.

1 Introduction

Rainfall is a crucial component of the hydrological cycle
that significantly affects the environment, including water
resource management, agriculture, climate change studies,
and flood hazard management (Adenodi et al. 2016). These
applications require quality rainfall data from densely and
evenly distributed rain gauge stations (Seyam and Othman
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2015). Conventionally, ground observations are the most
accurate means of rainfall measurements. However, their
coverage is often limited and sparsely distributed in devel-
oping and mountainous regions, where the available gaug-
ing stations are insufficient to meet the requirements of the
World Meteorological Organization (WMO) (Adenodi et al.
2016). This is mainly due to rain gauge network deploy-
ment challenges, including inaccessibility on steep remote
slopes, financial constraints in developing areas, insuffi-
cient maintenance reducing efficiency, and extreme weather
conditions damaging the gauges (Suri and Azad 2024). To
overcome these limitations, satellite precipitation products
(SPPs) have been developed to provide alternative rainfall
sources with different temporal and spatial resolutions (Gos-
hime et al. 2019; Worqlul et al. 2017). These products lev-
erage advanced algorithms and multiple satellite datasets
to estimate global precipitation based on infrared radiation
where infrared sensors on geostationary satellites infer pre-
cipitation from the tops of clouds establishing a correla-
tion between the temperatures and ground-level precipita-
tion probability, microwave radiation which is predicated
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on the relationship between surface precipitation and low-
frequency microwave emissions from raindrops, as well as
high-frequency microwave scattering from ice, combination
of the two (Moges et al. 2022), and machine learning such as
artificial neural network algorithm to calculate the quantity
of rainfall from satellite longwave infrared imagery (Vu et al.
2018; Yazdandoost et al. 2020). The recent advancements
in satellite data have increased interest in satellite rainfall
monitoring, which offers benefits such as extensive continu-
ous coverage and high temporal and spatial resolutions for
various hydrological studies (Min et al. 2020).

The most commonly used SPPs in limited and sparse data
regions include Climate Hazards Group InfraRed Precipita-
tion with Station data (Funk et al. 2015), CPC Morphing
Technique (CMORPH; Joyce et al. 2004), Integrated Multi-
Satellite Retrievals for Global Precipitation Measurement
(IMERG; Huffman et al. 2019), Precipitation Estimation
from Remotely Sensed Information using Artificial Neural
Networks (PERSIANN; Hsu et al. 1997), Tropical Rain-
fall Measuring Mission (TRMM) multi-satellite precipita-
tion analysis (TMPA; Huffman et al. 2007), and Tropical
Applications of Meteorology using SATellite (TAMSAT;
Maidment et al. 2017). Precipitation rates are estimated by
calibrating either visible/infrared (VIS/IR), or microwave
(MW), measurements, with ground observations (Gebregior-
gis et al. 2018; Yong et al. 2016). These products have been
used for streamflow simulations in Brazil (Almagro et al.
2021), China (Khan et al. 2022; Peng et al. 2021), Ethiopia
(Kabite Wedajo et al. 2021; Worqlul et al. 2017), Ghana
(Adjei et al. 2015), Kenya (Le and Pricope 2017), Pakistan
(Usman et al. 2022), and Thailand (Gunathilake et al. 2020)
among other data-scarce regions. Studies have revealed that
SPP performance varies across regions. This is because of
sampling errors, data sources, precipitation measurement
techniques (Hussain et al. 2017a, b; Yuan et al. 2017), cli-
matic and geographical conditions, and terrain variations
(Chen et al. 2014; Yong et al. 2016).

The study area, the Niger Central Hydrological Area
(NCHA), located in the low-lying areas of the Niger River
Basin, has experienced severe annual floods due to increased
river water levels and discharge. These flood events have
destructive impacts, particularly on the downstream of the
basin. This constitutes a major threat to the country’s efforts
to achieve global sustainable development goals that target
environmental and human development by 2030 (NIHSA
2022). Therefore, it is pertinent to simulate streamflow
to develop a flood hazard map for flood mitigation. The
hydrological simulation of an accurate streamflow requires
a high density and an even distribution of rain gauge sta-
tions. Unfortunately, Nigeria has 87 existing and operating
rain gauge stations covering a land area of approximately
923,300 km?. This translates to 10,600 km? per gauge sta-
tion. Conversely, achieving optimal coverage and meeting
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the WMO requirements for Tropical, Mediterranean, and
Temperate zones would require a minimum of 1057 rain
gauges (Ngene and Obianigwe 2022). In addition, research-
ers are faced with bureaucracy challenges and cost implica-
tions in acquiring observed rainfall data, limiting the number
of studies on streamflow simulation in Nigeria’s hydrologi-
cal basins. Therefore, alternative sources of precipitation
information such as SPPs are required. Few studies have
applied SPPs to various hydrological simulations in Nige-
rian basins. These include precipitation forecasts (Yue et al.
2022), hydropower potential assessment (Fasipe and [zinyon
2021), assessment of flood events (Adedeji et al. 2021), and
flood forecasting in the Niger-Benue Basin (Haile et al.
2016).

However, it is crucial to evaluate the suitability of
SPPs before applying them to various hydrological studies
because of their inherent biases. Few studies have assessed
the accuracy of SPPs against ground observations in Nige-
ria. Salami and Fenta (2022) evaluated eight SPPs at daily,
monthly, seasonal, and annual temporal resolutions. The
results revealed the high performance of GPCC, CHIRPS,
TAMSAT, CRU-TS, and GPM-IMERG. Akinyemi et al.
(2020) validated TRMM, CHIRPS, and REF2.0 against
ground observations at a monthly temporal resolution over
six gauging stations in southwestern Nigeria. The results
showed that TRMM and CHIRPS had a good relation-
ship with the ground observations at most gauge locations.
Nwachukwu et al. (2020) evaluated SPPs at eleven gaug-
ing stations and revealed the reliability of MSWEP2.2 and
CHIRPS2.0. Ogbu et al. (2020) assessed the accuracy of
CHIRPS, PERSIANN, and TAMSAT against ground obser-
vations at seasonal and annual temporal resolutions at 24
gauging stations in Guinea, Savannah, and Sahel regions.
The statistical evaluation results showed the accuracy of
CHIRPS over other SPPs in all climatic zones. Similarly,
a study conducted with the coverage of 18 gauging stations
in the Sahelian zone of Nigeria at daily, decadal, seasonal,
and annual temporal resolutions demonstrated the high per-
formance of CHIRPS (Usman et al. 2018). CHIRPS and
TRMM (GPM-IMERG) have been consistently used and
demonstrate good performance in Nigeria. This follows
Dinku et al. (2018), who concluded that CHIRPS is the most
accurate product in Africa, whereas Poméon et al. (2017)
discovered that CMORPH and PERSIANN-CDR products
are the best in West Africa. The evaluation of these SPPs
in Nigeria is not comprehensive enough to determine their
suitability, as they fail to measure the detectability of rainfall
events and the quantity of error components in the SPPs.
Therefore, this study comprehensively evaluated the suitabil-
ity of CHIRPS2.0, CPC-CMORPH, PERSIANN-CDR, and
the recently released GPM-IMERG final version 7 (GPM-
IMERGO7) against ground observations in the study area
using categorical statistics and bias error decomposition, in



Comprehensive evaluation of satellite precipitation products over sparsely gauged river...

Page3of18 169

addition to the conventional approach. Categorical statistics
identify the presence of rainfall and no rainfall (Qin et al.
2014), whereas bias error decomposition quantifies the indi-
vidual error components in SPPs using the four-component
error decomposition (4CED) developed by Zhang et al.
(2021). 4CED includes hit positive bias (HPB), hit negative
bias (HNB), false bias, and miss bias (MB). Understand-
ing 4CED will enable developers to improve SPPs retrieval
algorithms.

2 Methodology
2.1 Description of the study area

The Niger River has a basin area of 2,117,700 km? (Yue
et al. 2022), making it the ninth largest river basin. The
climate in this region is classified as tropical rainy and dry
according to Koppen climate classification, with an aver-
age annual rainfall of 1159 mm, a temperature of 27.7°C,
and a relative humidity of 60%. In Nigeria, there are eight
(8) main hydrological areas which include Niger North,
Niger Central, Upper Benue, Lower Benue, Niger South,
Western Lithoral, Eastern Lithoral, and Chad Basin. The
study area, Niger Central Hydrological Area (NCHA),
covers Niger, Kwara, Kaduna, the Federal Capital Terri-
tory (FCT), Ekiti, and parts of Kogi States (NIHSA 2022),
while the main rivers in the hydrological area include
Niger, Kaduna, Kampe, Usuma, Gurara, and Awun. The
NCHA is situated in the transitional zone between a semi-
arid climate in the north and a sub-humid climate in the
south, which is influenced by the seasonal movement of
the intertropical convergence zone. This results in both
the wet and dry seasons. The wet season typically spans
from April to October, and the dry season extends from
November to March (Otache et al. 2016). The study area
covered approximately 25% of the total area of the NCHA,
amounting to 47,310 km?. Its geographical coordinates
range between longitude 7°39’E — 9°52’E and latitude
4°36’N —7°35’N, and its topography ranges between 19
and 931 m above sea level. Figure 1 shows the location of
the study area in Nigeria.

2.2 Data collection

The data collected for this study included ground obser-
vations from five gauging stations, CHIRPS 2.0, CPC-
CMORPH, GPM-IMERGO07, and PERSIANN-CDR, down-
loaded in NetCDF file format, covering the entire globe.
Table 1 shows the detailed information of the selected SPPs.

2.2.1 Rainfall data

The observed rainfall data used in this study were collected
for five gauging stations from the Nigerian Meteorological
Agency (NIMET) located in Oshodi, Lagos State, Nigeria.
The 10 years daily data spanned from 1 January 2013 to 31
December 2022. The available gauging stations in the study
area are limited and sparsely distributed. The temporal pat-
tern of rainfall at all gauging stations showed that a signifi-
cant amount of rainfall occurred between April and October,
whereas little or no rainfall occurred between November and
March. The completeness of the rainfall data records was
checked, and it was observed that all gauging stations had few
missing data, except for the Baro rain gauge station, which
was collected from the Automated Weather Station (AWOS).
Table 2 shows the geographical characteristics of the gaug-
ing stations, including the percentage of missing data and the
mean annual rainfall. Figure 2 shows the temporal pattern of
the rainfall at each gauging station for the considered duration.

2.2.2 Climate hazards group infrared precipitation
with station data (CHIRPS)

CHIRPS, a quasi-global rainfall dataset, was developed by
the U.S. Geological Survey Earth Resources Observation
and Science (EROS) Centre in conjunction with the Santa
Barbara Climate Hazards Group at the University of Cali-
fornia. The development was to provide up-to-date, reliable
data for early warning purposes, such as trend analysis and
seasonal drought monitoring, by integrating in-situ datasets,
reanalysis, and multiple satellite observations (Funk et al.
2015). The CHIRPS dataset includes precipitation infor-
mation from 1981 to the present and offers various tem-
poral series, including daily, pentad, and monthly precipi-
tation at spatial resolutions of 0.05° and 0.25°. Daily data
are considered real-time data with a 2-day latency period,
whereas pentadal and monthly data are post-real-time data
with a 21-day latency period. The CHIRPS algorithm uses
the cold cloud duration (CCD) and ground gauge observa-
tions to approximate rainfall (Funk et al. 2015). Global daily
CHIRPS version 2 at 0.25° spatial resolution was obtained
for this study from https://data.chc.ucsb.edu/products/
CHIRPS-2.0/global_daily/netcdf/ on 20 October 2023.

2.2.3 Climate prediction center (CPC) MORPHing technique
(CMORPH)

CMORPH, developed by the Climate Prediction Centre,
boasts a remarkable spatial resolution of 8 km at the equa-
tor and a temporal resolution of 30 min. The techniques
used to develop these products involve utilizing low-
orbiter satellite passive microwave (PMW) data to generate
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Fig. 1 Geographical location and elevation of the study rain gauge stations

precipitation estimates (Joyce et al. 2004). In addition, IR
estimates are employed to transport the microwave-derived
precipitation features during periods when microwave data
is unavailable (Qin et al. 2014). For this study, the global

daily CPC-CMORPH with a spatial resolution of 0.25° was
obtained from https://www.ncei.noaa.gov/data/cmorph-

high-resolution-global-precipitation-estimates/access/daily/
on 24 October 2023.

Period Spatial Coverage Spatial Temporal
Resolution  Resolution

Table 1 Dat:el inforl‘{lqtiop SIN Datasets
on the satellite precipitation
products
1 CHIRPS2.0
2 CPC-CMORPH
3 GPM-IMERGO07
4 PERSIANN-CDR
5 Ground Observation

2013-2022 50°N - 50°S 0.05° Daily
2013-2022 60°N - 60°S 0.25° Daily
2013-2022 90°N -90°S 0.1° Daily
2013-2022 60°N - 60°S 0.25° Daily
2013-2022 Niger Basin Point Daily

Table 2 Geographical characteristics of the gauge stations with percentage of missing data and mean annual rainfall

SIN Station Longitude (°E) Latitude (°N) Elevation (m) % missing Mean Annual
Rainfall (mm)

1 Abuja 7.2 9 344 0.739 1216.29

2 Baro 6.42 8.6 60 0.000 658.02

3 Bida 6.01 9.08 143 0.329 1260.15

4 Lokoja 6.73 7.8 44 0.383 1288.88

5 Minna 6.54 9.64 260 0.329 1289.68
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Fig.2 Temporal pattern of rainfall at each gauge station

2.2.4 Integrated multi-satellite retrievals for global
precipitation measurement (IMERG)

IMERG was produced by the National Aeronautics and
Space Administration (NASA) and estimates global surface
precipitation at a high resolution of 0.1° every half hour,
starting in 2000. As part of the joint NASA and Japan Aer-
ospace Exploration Agency (JAXA) Global Precipitation
Measurement (GPM) mission, the GPM Core Observatory
satellite was used as a standard to combine precipitation
observations from international satellite constellations using
advanced techniques. IMERG can be utilized for a variety of
global-scale applications as well as for regions with sparse
or no reliable ground observations. The high spatial and
temporal resolution of IMERG data enables it to accumulate

increased skills at the application scale. IMERG is catego-
rized into three runs with varying latencies in response to
a range of application requirements: rapid-response appli-
cations (Early Run, 4-h latency), same/next-day applica-
tions (Late Run, 14-h latency), and post-real-time research
(Final Run, 3.5-month latency). The latest upgraded version
of the IMERG product, GPM Level 3 IMERG Final Daily
10x 10 km (GPM_3IMERGDF) was derived from the half-
hourly GPM_3IMERGHH and supersedes all the previous
versions of the IMERG products. The Retrospective Pro-
cessing for the Final Run began on 1 July 2023 and was
completed on 30 August 2023 (Huffman et al. 2023). This
product was obtained from https://disc.gsfc.nasa.gov/datas
ets/GPM_3IMERGDF_07/summary ?keywords=GPM _
IMERG%20Final on 25 October 2023.
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2.2.5 Precipitation estimation from remotely sensed
information using artificial neural networks-climate
data record (PERSIANN-CDR)

PERSIANN-CDR was developed by the Center for
Hydrometeorology and Remote Sensing (CHRS) at the
University of California to provide consistent, long-
term, and high-resolution global precipitation data for
climatic and hydrological studies, particularly extreme
precipitation events. PERSIANN-CDR was developed
from the PERSIANN algorithm employing GridSat-B1
infrared data, and the model outputs were corrected
using the monthly Global Precipitation Climatology
Project (GPCP) product to minimize biases in the esti-
mated precipitation (Sun et al. 2018). The PERSIANN
applies an artificial neural network (ANN) model to
estimate precipitation using IR, enhancing the accu-
racy by adjusting the network parameters using TRMM
Microwave Imager (TMI) rainfall estimates (Thiemig
et al. 2012). Daily PERSIANN-CDR at 0.25° spatial
resolution was downloaded from https://www.ncei.noaa.
gov/data/precipitation-persiann/access/ on 27 October
2023.

2.3 Data processing

Data processing, analysis, and visualization were car-
ried out using Microsoft Excel, R version 4.3.1 (Core
Team 2019) in the Rstudio environment (RStudio Team
2019), an open-source Quantum Geographical Informa-
tion System (QGIS version 3.14.1; QGIS Team 2019) to
produce map layers, Climate Data Operators (CDO; Uwe
2018) to manipulate and analyze SPPs in NetCDF using a
collection of command line operators, and RHtests_dly-
Prcp obtained from http://etccdi.pacificclimate.org/softw
are.shtml to confirm the consistency and homogeneity
of ground observations. This software was specifically
designed to homogenize daily precipitation data (Wang
et al. 2010). SPPs with a spatial resolution of less than or
greater than 0.1 were resampled to 0.1° using the bilin-
ear interpolation method for fair comparison. There are
two methods to compare SPPs with ground observations.
These methods are grid-to-grid and point-to-grid (Ayehu
et al. 2018). This study employed the latter option by
extracting precipitation values from grids correspond-
ing to five gauging stations and comparing them with
daily ground observations. This approach was adapted
by Ayehu et al. (2018), Dinku et al. (2014), Mianabadi
(2023), and Pereira et al. (2024) due to the varying spa-
tial resolutions of the applied SPPs.
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2.4 Statistical evaluation of SPPs performance

The performance of the SPPs against ground observations
was evaluated using scatter plot analysis, descriptive sta-
tistics, categorical statistics, and bias decomposition.

2.4.1 Scatterplots

Daily pixel-extracted SPPs (CHIRPS2.0, CPC-CMORPH,
GPM-IMERGO07, and PERSIANN-CDR) were evaluated
against coinciding daily ground observations at each gaug-
ing station using scatterplots to measure the coefficient of
determination (R?). This process was repeated at monthly
temporal resolution. Monthly data were obtained by aggre-
gating the daily precipitation data.

2.4.2 Descriptive statistics

The descriptive statistics used for the comparison of SPPs
against ground observations at daily and monthly tempo-
ral resolutions are Pearson’s product-moment correlation
coefficient (R) for measuring the linear relationship, mean
absolute error (MAE) for measuring the mean magnitude
of errors without considering the direction, root mean
square error (RMSE) indicating the mean absolute error,
and bias for measuring the mean difference between the
SPPs and ground observations.

2.4.3 Categorical statistics

Categorical statistics were used to assess the efficiency of the
SPPs by measuring their capacity to detect rainfall events. The
categorical statistics applied in this study included Accuracy
(ACC), Probability of Detection (POD), False Alarm Ratio
(FAR), Critical Success Index (CSI), and Heidke Skill Score
(HSS). These statistics were computed using combinations
of hit (H), miss (M), false alarm (FA), and correct negative
(CN) to verify the correct and incorrect rainfall detection fre-
quencies at a daily temporal resolution. H measures the cor-
rect detection of rainfall by SPPs and ground observations, M
measures the detection of rainfall by ground observations but
fails by SPPs, FA measures the detection of rainfall by SPPs
but fails by ground observations, and CN measures no detec-
tion of rainfall by SPPs and ground observations. The combi-
nations were represented by a 2 X2 contingency table (refer
Table 3), applying a threshold of 1 mm per day to define rainy
days. The threshold used in this study was adopted from the
studies by Dinku et al. (2018) and Zhang et al. (2021).
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Table 3 Contingency table of rainfall events by SPPs and ground
observations (Dinku et al. 2018 and Zhang et al. 2021)

Satellite Precipitation

0 1
Ground Observed Rain- 0 Correc- False Alarm (FA)
fall tive Nega-
tive (CN)
1 Misses (M) Hits (H)

2.4.4 Bias decomposition

The total bias in SPPs was quantified using the 4CED
developed by Zhang et al. (2021) to measure HPB, HNB,
FB, and MB. HPB and HNB represent the overestimation
and underestimation of precipitation correctly detected by
SPPs and ground observations, respectively. Conversely,
FB represents precipitation detection by SPPs, but no
record of precipitation by ground observation, whereas
MB represents the opposite scenario of FB. Among the
four independent error components, HPB and FB are
always positive, whereas HNB and MB are always nega-
tive (Li et al. 2023). This may result in a smaller magni-
tude of total bias (TB) where positive and negative indi-
vidual components cancel each other (Zhang et al. 2021).

Table 4 lists the statistical evaluation indices applied in
this study to evaluate the suitability of SPPs.

3 Results and discussion

3.1 Spatial-temporal variation of ground
observations and SPPs

The mean annual rainfall of ground observations,
CHIRPS2.0, CPC-CMORPH, GPM-IMERGO07, and
PERSIANN-CDR were represented with spatial maps to
show the pattern of rainfall for 10 years (2013-2022) in
the study area as presented in Fig. 3. Ground observations
showed a decreasing pattern of rainfall from the North and
South to the central part of the basin, whereas CHIRPS2.0,
CPC-CMORPH, and PERSIANN-CDR followed the same
pattern from the West and East to the central part of the
basin. In the case of GPM-IMERGO(7, a decreasing rain-
fall pattern was observed from the East to the West of
the basin. The mean annual rainfall of ground observa-
tions, CHIRPS2.0, CPC-CMORPH, GPM-IMERGO07,
and PERSIANN-CDR were 1104.70, 1189.39, 852.08,
1202.26, and 1240.97 mm, respectively, with PERSTANN-
CDR and CPC-CMORPH having the highest and lowest

Table 4 Statistical evaluation S/N

Lo e Statistical Indices Formulas Unit Range Perfect Value
indices for determining the
suitability of SPPs (Dinku et al. 1. Pearson Correlation Coefficient (R) -1-1 1
2018; Helmi and Abdelhamed
2023; Li et al. 2023)
Mean Absolute Error (MAE) mm 0-oc0 0
3. Root Mean Square Error (RMSE) mm 0-oc0 0
4. BIAS -0-400 0
5. Accuracy (ACC) _HHCN 0-1 1
H+CN-+FA+M
6. Probability of Detection (POD) ﬁ 0-1 1
+
7. False Alarm Ration (FAR) FA 0-1 0
H+FA
8. Critical Success Index (CSI) H 0-1 1
H+M+FA
9. Heidke Skill Score (HSS) 2(HXCN—FAXM) -0 —1 1
(H+M)(M+CN)+(H+FA)(FA+CN))
10.  Hit Positive Bias (HPB) T (Py—Py) 0-c0 0
Y6
11.  Hit Negative Bias (HNB) 0 (Pa=Pu) 0-00 0
Y. G
12.  False Bias (FB) XL (Pi=Py) 0-o 0
YL G
13.  Miss Bias (MB) iy (Pi—Pyi) 0-o0 0
YL G
14.  Total Bias HPB + HNB + MB + FB 0- o0 0

*P represents precipitation,Frepresents average precipitation, s and g represent SPPs and gauges, respec-
tively. n is the number of precipitation events. f, m, hp, and hn represent the number of false, miss, hit posi-
tive, and hit negative precipitation events, respectively.
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Fig.3 Spatial maps of the mean annual rainfall of (a) ground observations, (b) CHIRPS2.0, (¢c) CPC-CMORPH, (d) GPM-IMERG, and (e)

PERSIANN-CDR for 10 years (2013-2022)

mean annual rainfall, respectively. The temporal patterns
of ground observations and SPPs were assessed by plotting
a graphical representation of the mean monthly precipita-
tion at each rain gauge station for 2013-2022 to show pre-
cipitation variability. The graphical plots (Fig. 4) revealed
that the SPPs and ground observations followed the same
pattern of low precipitation distribution during January,
February, March, November, and December. This temporal
variation is consistent with a similar study conducted in
Nigeria by Akinyemi et al. (2020), using different datasets
(TRMM, CHIRPS, and RFE against gauge rainfall data),
gauging stations, and time durations. All SPPs, except for
CPC-CMORPH, had a rainfall pattern similar to that of
ground observations at the five gauging stations. How-
ever, CPC-CMORPH had a higher level of agreement with
ground observations at the Baro gauge station, whereas the
other SPPs overestimated the ground observations. Peak
rainfall was observed in August and September, except
for CPC-CMORPH at the Abuja and Lokoja rain gauge
stations and CHIRPS2.0 at the Abuja, Baro, and Bida
rain gauge stations, which showed a significant decline
in precipitation in September. Climate variability can sig-
nificantly influence precipitation patterns, altering weather
systems and causing some regions to experience changes
in rainfall. September often represents a transitional
period between climatic seasons in many areas, leading
to seasonal trends and irregularities. These changes in
precipitation are more observable in high-resolution data-
sets like CHIRPS2.0 (Funk et al. 2015), which combines
satellite imagery with ground station data. Nevertheless,
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inaccuracies in either data source can affect the merged
product, especially during months with significant vari-
ability (Touma et al.,2023).

3.2 Evaluation of SPPs against ground observed
rainfall using scatter plots

3.2.1 Daily scatter plot evaluation

The daily comparison between the four SPPs
(CHIRPS2.0, CPC-CMORPH, GPM-IMERGO07, and
PERSIANN-CDR) against ground observations at each
gauging station was visualized through graphs using scat-
terplots, as shown in Fig. 5. The coefficient of deter-
mination, R?, varied from station to station, with weak
positive R? values ranging between 0.04 and 0.19. GPM-
IMERGO7 exhibited the highest R? value at the Bida rain
gauge station. This was followed by CPC-CMORPH at
the Bida rain gauge station with an R? value of 0.15,
whereas CPC-CMORPH and GPM-IMERGO07 had the
lowest R? value of 0.04 at the Baro rain gauge station.
Generally, GPM-IMERGO07 and PERSIANN-CDR per-
formed better than the other SPPs, with weak coefficients
of determination (R%><0.5). A weak positive R? in the
daily comparison agreed with similar findings in Nigeria
(Salami and Fenta 2022), the Black Volta Basin in West
Africa (Adjei et al. 2015), and Burkina Faso (Dembélé
and Zwart 2016).
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Fig.4 Mean monthly variability of the SPPs and ground observations at each gauge station

3.2.2 Monthly scatter plot evaluation

Relative to the daily evaluation, the coefficient of determi-
nation (R?) between the monthly SPPs and ground observa-
tions from the aggregated daily precipitation data showed
significant improvement across the five gauging stations,
with R? values ranging between 0.54 and 0.86. CHIRPS2.0
and GPM-IMERGO7 recorded the lowest and highest values
of R? at the Abuja and Bida rain gauge stations, respectively.
This result agreed with the findings of Gunathilake et al.

(2020), with GPM-IMERGO07 showing superiority over the
others at daily and monthly temporal resolutions. However,
in general terms, it was observed that PERSIANN-CDR
reproduced ground observations better than the other SPPs.
In addition, its high performance was also observed across
all gauging stations (R?>>0.7). Figure 6 presents scatter plots
of SPPs against ground observations at each gauging station.
This improvement in R? monthly over daily was mainly due
to temporal data aggregation such that positive errors can-
celled negative errors (Adjei et al. 2015).
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Fig. 6 Scatter plots of monthly SPPs against ground observations at each gauge station
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Table 5 Descriptive statistics of daily SPPs at each gauging station

Station SPPs R MAE RMSE  Bias
Abuja CHIRPS2.0 0.27 444 9.71 —0.15
CPC-CMORPH 0.36  3.59 8.79 0.97
GPM-IMERGO7 0.34 429 9.81 —0.31
PERSIANN-CDR 036  4.26 8.53 -0.42
Baro CHIRPS2.0 0.24 343 7.22 -1.30
CPC-CMORPH 020 2.67 6.59 —0.26
GPM-IMERGO7 0.19 3.46 8.20 -1.25
PERSIANN-CDR 030 3.14 6.05 —1.33
Bida CHIRPS2.0 030 4.28 10.90 0.34
CPC-CMORPH 0.39 336 10.23 1.38
GPM-IMERGO07 043  3.67 10.30 0.31
PERSIANN-CDR 035 4.18 10.27 0.29
Lokoja ~ CHIRPS2.0 023 491 11.50 0.31
CPC-CMORPH 0.29  3.90 10.97 1.60
GPM-IMERGO7 0.27 479 11.79 0.08
PERSIANN-CDR  0.24 490 11.03 0.26
Minna CHIRPS2.0 0.29 429 10.08 0.30
CPC-CMORPH 032  3.69 9.86 1.27
GPM-IMERGO07 036 441 10.29 -0.22
PERSIANN-CDR  0.33 438 9.66 —0.13

3.3 SPPs evaluation using descriptive statistics
3.3.1 Daily descriptive statistics
The results of the point-wise comparison between the four

SPPs (CHIRPS2.0, CPC-CMORPH, GPM-IMERG07, and
PERSIANN-CDR) and the daily ground observed rainfall

from the five gauging stations using descriptive statistics
are presented in Table 5. It was observed that the coefficient
of correlation, R varied between 0.19 and 0.43, with GPM-
IMERGO7 having the lowest value of R, at Baro rain gauge
station but the highest at Bida rain gauge station. In a study
by de Carvalho et al. (2017), Pearson’s correlation is classi-
fied as weak when its value is less than 0.2, moderate when
it falls between 0.2 and 0.5, and strong when it exceeds 0.5.
Based on this classification, all the SPPs across the gaug-
ing stations were moderately correlated with the ground
observations, except for GPM-IMERGO07 at the Baro rain
gauge station which was classified as weak. MAE varied
between 2.67 and 4.91 mm, with CPC-CMORPH having
the lowest MAE value at the Baro rain gauge station while
CHIRPS2.0 had the highest MAE value at the Lokoja rain
gauge station. In the case of RMSE, PERSIANN-CDR had
the lowest value of 6.05 mm, while GPM-IMERGO07 had the
highest value of 11.79 mm at the Baro and Lokoja rain gauge
stations, respectively. For Bias, GPM-IMERGO07 and CPC-
CMORPH had the lowest and highest values of 0.08 and 1.6,
respectively, at the Lokoja rain gauge station. The results
revealed that all SPPs underestimated precipitation at the
Abuja rain gauge station, except for CPC-CMORPH, Baro
rain gauge station, and Minna rain gauge station, except for
CHIRPS2.0 and CPC-CMORPH.

A summary of the performance of the four daily SPPs
against ground observations across the gauging stations is
represented by box-and-whisker plots as shown in Fig. 7.
The upper and lower edges of the box denote the upper and
lower quartiles of 75% and 25%, respectively; the solid line
within the box indicates the median value; the upper and
lower horizontal lines extending beyond the box represent

Fig. 7 Box and whiskers plot of R o MAE
the R, MAE, RMSE, and BIAS o 2.0 o o o
for the four daily SPPs against 0.40 45 )
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the range of 1.5 IQR; and the individual data points are
depicted with circles.

From the box and whisker plots, GPM-IMERGO07 outper-
formed the other SPPs, with a median R-value of 0.34, fol-
lowed by PERSIANN-CDR (0.33), CPC-CMORPH (0.32),
and CHIRPS (0.27). For MAE, CPC-CMORPH performed
better, with the lowest median MAE of 3.59 mm. This was fol-
lowed by PERSIANN-CDR (MAE=4.26 mm), CHIRPS2.0,

Table 6 Descriptive statistics of monthly SPPs at each gauging sta-
tion

Station ~ SSP R MAE RMSE Bias
Abuja CHIRPS2.0 0.73 4280 77.19 4.46
CPC-CMORPH 0.79 4152  69.87 -29.63
GPM-IMERGO07 083 38.11 6121 9.36
PERSIANN-CDR  0.86  38.07 55.92 12.89
Baro CHIRPS2.0 084 4196 65.68 39.69
CPC-CMORPH 0.78 27.05 42.84 7.82
GPM-IMERGO07 082 4294  66.69 37.98
PERSIANN-CDR  0.84 4325 60.19 40.56
Bida CHIRPS2.0 086  36.17 6230 -10.39
CPC-CMORPH 0.84 4901 81.89 -41.98
GPM-IMERGO07 0.87 3573  60.18 -9.40
PERSIANN-CDR  0.86 39.73  64.35 -8.72
Lokoja ~ CHIRPS2.0 085 3693 5578 -9.32
CPC-CMORPH 085 5253  79.27 -48.74
GPM-IMERGO07 085 3754 55.86 -2.50
PERSIANN-CDR  0.84 4052  57.59 -7.84
Minna  CHIRPS2.0 090 31.88 51.75 -9.01
CPC-CMORPH 083 4722 79.13 -38.53
GPM-IMERGO07 093 3262 45.02 6.78
PERSIANN-CDR 091 32.69 48.16 4.02
Fig.8 Box and whiskers plot R

and GPM-IMERGO7, which had the same MAE value of
4.29 mm. However, PERSIANN-CDR performed best in
the case of RMSE and BIAS, with the lowest median values
of 9.66 mm and 0.13 (underestimation), respectively. CPC-
CMORPH outperformed other SPPs next to PERSIANN-
CDR for RMSE but performed poorly for BIAS, whereas the
vice versa was for GPM-IMERGO7. According to Helmi and
Abdelhamed (2023), RMSE is the most used statistical param-
eter to quantify the errors in SPPs, where the smallest value of
RMSE is selected as the best-performing satellite precipitation
product. This was also demonstrated by Ji et al. (2022). There-
fore, for evaluating daily SPPs, PERSIANN-CDR conformed
to this submission with the lowest RMSE value. In addition,
the high performance of PERSIANN-CDR was also observed
in the other statistical metrics used in this study.

3.3.2 Monthly descriptive statistics

The results showed that the monthly SPPs were highly
correlated with ground observations across the gaug-
ing stations, with R ranging between 0.73 and 0.93.
GPM-IMERGO07, PERSIANN-CDR, and CHIRPS2.0
at the Minna rain gauge station were highly correlated
with ground observations (R > 0.90), while CHIRPS2.0
had the lowest correlation (R) of 0.73 at the Abuja rain
gauge station. MAE ranged from 27.05 to 52.53 mm, with
CPC-CMORPH having the lowest and highest values at
Baro and Lokoja rain gauge stations, respectively. The
RMSE values ranged from 42.84 to 79.27 mm, with CPC-
CMORPH having the lowest and highest values at the Baro
and Lokoja rain gauge stations, respectively. Regarding
bias, the values ranged from 2.5 to 48.74, with GPM-
IMERGO07 and CPC-CMORPH having the lowest and
highest underestimated values at the Lokoja gauge station.

MAE
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In contrast to the daily comparison, all SPPs overestimated
precipitation at the Abuja rain gauge station, except for
CPC-CMORPH, Baro rain gauge station, and Minna rain
gauge station, except for CHIRPS2.0 and CPC-CMORPH.
The detailed descriptive performance of the SPPs at each
gauging station is presented in Table 6.

A summary of the monthly descriptive statistics is
presented in Fig. 8, using box-and-whisker plots. PER-
SIANN-CDR outperformed the other SPPs, with a median
R value of approximately 0.86, whereas CPC-CMORPH
had the lowest median R value of approximately 0.83.
In the case of MAE, CHIRPS2.0 performed better than
the other SPPs, followed by GPM-IMERGO07 and PER-
SIANN-CDR. In contrast, in the case of RMSE and Bias,
the SPPs followed the same pattern of performance, with
PERSIANN-CDR outperforming other SPPs, while CPC-
CMORPH recorded the lowest performance. Moreover, it
was observed that CHIRPS2.0 and CPC-CMORPH under-
estimated precipitation. Based on the justification provided
for the daily descriptive statistics, PERSIANN-CDR was
the SPP most correlated with ground observations and per-
formed better than other SPPs, having the lowest median
RMSE value of approximately 57.59 mm and recording a
relatively high performance in other metrics.

3.4 Categorical statistics

A high accuracy (ACC) of the SPPs was recorded at all
gauge stations, ranging from approximately 0.65 to 0.85.

CPC-CMORPH outperformed the other SPPs at the Bida
rain gauge station, whereas PERSIANN-CDR recorded the
lowest performance at the Lokoja rain gauge station. The
probability of detection (POD) varied between 0.56 and
0.89. PERSIANN-CDR and CHIRPS2.0 had the strongest
(above 0.75) and least detection probabilities at all gaug-
ing stations. CPC-CMORPH had the lowest (best) value of
the false alarm ratio (FAR), whereas PERSIANN-CDR had
the worst false rainfall detection at all gauging stations. A
low critical success index (CSI) was observed at all stations
ranging from 0.3 to 0.49, with CPC-CMORPH having the
highest CSI at Bida, Lokoja, and Minna rain gauge stations,
GPM-IMERGO07 at Abuja rain gauge station, and PER-
SIANN-CDR at Baro rain gauge station, while CHIRPS2.0
was the lowest at all the gauging stations. CPC-CMORPH
had better HSS performance across the gauging stations,
whereas CHIRPS and PERSIANN-CDR performed poorly
at the Lokoja rain gauge station. Generally, it was observed
that CPC-CMORPH performed consistently at all the gaug-
ing stations in terms of ACC, FAR, HSS, and PERSIANN-
CDR in terms of POD, whereas other SPPs performed differ-
ently. The details of the categorical statistics for daily SPPs
at each gauging station are presented in Table 7.

The mean categorical statistics (ACC, POD, FAR,
CSI, and HSS) for all the SPPs are shown in Fig. 9. The
SPPs; CHIRPS2.0, CPC-CMORPH, GPM-IMERGO07, and
PERSIANN-CDR showed an overall good performance
(ACC=0.75, 0.81, 0.78, and 0.70; POD =0.64, 0.66, 0.72,
and 0.85; FAR =0.54, 0.45, 0.51, and 0.58; CSI=0.37,

Table 7 Categorical statistics

i ! Stations SPPs ACC POD FAR CsI HSS
of daily SPPs at each gauging

station Abuja CHIRPS2.0 0.74 0.65 0.50 0.39 0.39

CPC-CMORPH 0.79 0.67 0.42 0.45 0.48

GPM-IMERGO07 0.78 0.73 0.45 0.46 0.47

PERSIANN-CDR 0.70 0.88 0.54 0.43 0.40

Baro CHIRPS2.0 0.73 0.57 0.57 0.33 0.31

CPC-CMORPH 0.77 0.56 0.48 0.37 0.39

GPM-IMERG07 0.76 0.61 0.50 0.37 0.39

PERSIANN-CDR 0.70 0.80 0.58 0.38 0.35

Bida CHIRPS2.0 0.78 0.70 0.53 0.39 0.42

CPC-CMORPH 0.85 0.74 0.40 0.49 0.56

GPM-IMERG07 0.83 0.80 0.45 0.49 0.54

PERSIANN-CDR 0.73 0.89 0.58 0.40 0.40

Lokoja CHIRPS2.0 0.73 0.60 0.63 0.30 0.29

CPC-CMORPH 0.79 0.62 0.53 0.36 0.40

GPM-IMERGO07 0.79 0.74 0.59 0.36 0.37

PERSIANN-CDR 0.65 0.82 0.67 0.31 0.27

Minna CHIRPS2.0 0.77 0.70 0.49 0.42 0.44

CPC-CMORPH 0.82 0.70 0.40 0.48 0.53

GPM-IMERGO07 0.73 0.74 0.54 0.39 0.38

PERSIANN-CDR 0.73 0.88 0.54 0.43 0.42
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0.43, 0.41, and 0.39; HSS=0.37, 0.47, 0.43, and 0.37,
respectively). However, all SPPs performed below the aver-
age perfect score of one (1) for CSI and HSS. The findings
revealed that CPC-CMORPH had the highest ACC, CSI, and
HSS, whereas PERSIANN-CDR demonstrated the lowest
performance of ACC and CHIRPS2.0 had the lowest CSI
and HSS compared to other SPPs. The CSI and HSS are
typically intended to enhance analysis. However, these indi-
ces are heavily dependent on the FA and CN values, which
are inadequately captured by the gauge network (Hussain
et al. 2017a, b). PERSIANN-CDR had the highest mean
POD and FAR, while CHIRPS2.0 and CPC-CMORPH had
the lowest POD and FAR, respectively. A similar result of
PERSIANN-CDR, with the highest values of POD and FAR
at the daily temporal resolution, was observed by Helmi and
Abdelhamed (2023) and Ji et al. (2022) in a study conducted
in the Kingdom of Saudi Arabia and China, respectively.
This is consistent with previous studies (Dinku et al. 2018;
Qiu et al. 2014), which revealed that the SPP with the high-
est POD value had the highest FAR (i.e. best and poor per-
formance, respectively).

Gebremedhin et al. (2021) and Rahmawati and Lubczyn-
ski (2018) indicated that FAR (having FA in both the numer-
ator and denominator) is inadequate for evaluating SPP per-
formance. This is because rainfall clouds may pass through
an analyzed pixel without covering the ground observation,
resulting in the gauge not recording any rainfall, even when
rainfall is available in the pixel for satellite detection. It was
observed that among the categorical statistics, only POD
is reliable because it is independent of FA. This assertion
was supported by Lekula et al. (2018), who highlighted the
influencing factors of POD which are miss (M) and hit (H),
ranking M as the most important factor in determining the

best SPPs because it directly indicates satellite algorithm
sensitivity to rainfall detection.

Therefore, based on references, PERSIANN-CDR
emerged as the most suitable SPP because it significantly
detected daily precipitation better in the study area than
other SPPs.

3.5 SPPs evaluation of bias error decomposition
using 4CED

The total bias (TB) and 4CED categorized as HPB, HNB,
MB, and FB are presented in Table 8. PERSIANN-CDR
showed the lowest HNB and MB values ranged from 456
to 557 mm and 82 to 173 mm, respectively, and the high-
est HPB and FB values ranged from 199 to 401 mm and
898 to1163 mm, respectively, at all gauging stations.
Conversely, CPC-CMORPH exhibited the lowest values
of HPB and FB ranging from 122 to 260 mm and 367
to 490 mm, respectively, and the highest HNB values
ranged from 570 to 696 mm at all gauging stations and
MB value of 374 mm at Bida station while CHIRPS2.0 had
the highest MB values at the other four gauging stations,
ranged from 222 to 330 mm. In the case of TB, GPM-
IMERGO7 had the lowest TB values of 23 mm, 0 mm,
and 123 mm at Abuja, Baro, and Bida rain gauge stations,
respectively, and CHIRPS2.0 had 109 mm and 31 mm at
Lokoja and Minna rain gauge stations, respectively, while
PERSIANN-CDR exhibited the highest TB values ranged
from 598 to 736 mm at all the gauging stations. The results
revealed that Hit and False errors constituted the major
components of the total bias for the four SPPs at all the
gauging stations. This result was consistent with the find-
ings of Chen et al. (2021).

Fig.9 Bar chart showing the
mean ACC, POD, FAR, CSI,
and HSS for CHIRPS2.0, CPC- 0.8
CMORPH, GPM-IMERGO07,
and PERSIANN-CDR
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o
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Table 8 Bias error

1 . Station SPPs HPB HNB MB FB TB
decomposition of daily SPPs at
each gauging station Abuja CHIRPS2.0 317 618 330 603 -28
CPC-CMORPH 238 696 306 451 -313
GPM-IMERG07 323 612 251 563 23
PERSIANN-CDR 379 557 112 972 682
Baro CHIRPS2.0 354 503 371 633 113
CPC-CMORPH 260 595 374 450 —259
GPM-IMERG07 332 525 337 530 0
PERSIANN-CDR 401 456 173 934 706
Bida CHIRPS2.0 251 492 222 593 130
CPC-CMORPH 170 570 194 367 —227
GPM-IMERG07 264 479 147 484 122
PERSIANN-CDR 264 479 82 921 624
Lokoja CHIRPS2.0 187 510 277 709 109
CPC-CMORPH 122 574 266 490 —228
GPM-IMERGO7 186 512 184 740 230
PERSIANN-CDR 199 499 127 1163 736
Minna CHIRPS2.0 288 575 260 578 31
CPC-CMORPH 196 665 257 406 -320
GPM-IMERG07 275 587 222 765 231
PERSIANN-CDR 332 530 102 898 598

*HPB and FB are positive, whereas HNB and MB are negative.

Fig. 10 The hit positive bias
(HPB), hit negative bias (HNB),

miss bias (MB), false bias, and 1000
total bias (TB) components for
each satellite precipitation prod-

uct (SPP) over the NCHA basin

500

Bias (mm/day)

-500

SPPs

B cHires20
B crc-cuoreH
B cPu-mERGO?
" Persiann-cOR

HPB HNB

The mean values of the total bias and the four error com-
ponents of the bias decomposition for the four SPPs are
shown in Fig. 10. Several studies have established that the
lower the bias volume, the better the SPP. Generally, the
HPB and FB followed the same performance pattern for all
SPPs. CPC-CMORPH had the highest mean HNB value of
620 mm and the lowest mean HPB and FB values of 197 mm
and 433 mm, respectively compared to the other SPPs. How-
ever, PERSIANN-CDR had the highest mean HPB, FB, and

MB FB B

TB values of 315 mm, 578 mm, and TB 669 mm, respec-
tively, and the lowest mean HNB and MB values of 504 mm
and 119 mm, respectively. Whereas, CHIRPS2.0 had the
lowest TB value of 71 mm.

The findings showed that the best performance of HNB
and MB was observed in PERSIANN-CDR, HPB and FB
in CPC-CMORPH, and TB in CHIRPS2.0. The TB for
CHIRPS2.0 is negative, showing that it underestimates
precipitation. According to Gebremedhin et al. (2021), FB,
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which includes FA cannot be considered a reliable indicator,
as explained in the categorical statistics section. In addi-
tion, FB is inconclusive regarding the validation of SPPs,
although it influences total accumulated rainfall (Lekula
et al. 2018). The influence of FB on TB was observed in
PERSIANN-CDR, which resulted in the highest magnitude
of TB. However, PERSIANN-CDR, which has the lowest
amount of MB compared to the other SPPs, missed much
less rainfall detected by ground observations.

4 Conclusion

This study evaluated the suitability of CHIRPS2.0, CPC-
CMORPH, GPM-IMERGO07, and PERSIANN-CDR
against ground observations in a sparsely distributed data
area covering five gauging stations for a period of 10 years
(2013-2022). The study employed scatter plots and descrip-
tive statistics to evaluate SPPs at daily and monthly temporal
resolutions. In addition, the daily SPPs were further assessed
using categorical statistics and 4CED. The study concluded
that all the SPPs agreed better with the ground observa-
tions but possessed greater errors (MAE, RMSE, and Bias)
at monthly compared to the daily temporal resolution at all
gauging stations based on the median descriptive statistics.
This may be due to the small sample size in the monthly
comparison due to data aggregation. The bias revealed that
GPM-IMERGO7 and PERSIANN-CDR underestimated and
overestimated precipitation in daily and monthly compari-
sons, respectively, while the vice versa was for CHIRPS2.0
and CPC-CMORPH. In addition, the findings revealed that
PERSIAN-CDR and GPM-IMERGO07 agreed better with
the ground observations, whereas PERSTANN-CDR had
the lowest RMSE and better bias values compared to other
SPPs at daily and monthly temporal resolutions. In the case
of categorical statistics, PERSTANN-CDR demonstrated bet-
ter daily rainfall detection capability than CHIRPS2.0, CPC-
CMORPH, and GPM-IMERGO07. The performance analysis
of SPPs appears to be best when the frequency of “miss”
rainfall events and the magnitude of “miss-bias” rainfall are
the lowest. This is because “miss” events directly reflect the
satellite algorithm’s sensitivity to rainfall detection, while
“miss-bias” quantifies this sensitivity. PERSIANN-CDR had
the lowest miss bias compared to other SPPs in the case of
4CED. However, it can be deduced from this study that pre-
cipitation estimates from SPPs may require additional pro-
cesses before applying in hydrological studies because of the
magnitude of their inherent biases. The study recommends
that the algorithm developer improve the precipitation
retrieval algorithm by reducing biases in the SPPs. In addi-
tion, end users are encouraged to perform bias correction or
data merging to boost the accuracy of the rainfall estimates

@ Springer

for improved hydrological simulations, weather forecasting,
climate monitoring, and other environment-related studies.
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