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Abstract

Accurate rainfall measurement is vital when investigating spatio-temporal precipitation variability, especially in arid lands.
However, there are regions worldwide where only a few ground-based observations are made. This research evaluated the appli-
cability of six satellite precipitation products (SPPs) in detecting rainfall variability in North Darfur State, Sudan. The SPPs were
Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation Analysis (TMPA), African Rainfall Climatology
(ARC), Climate Hazards Group Infrared Precipitation with Station Data (CHIRPS), Integrated Multi-satellitE Retrievals for
Global Precipitation Measurements (GPM) Final Run (GPMIMERG), Precipitation Estimation from Remote Sensing Informa-
tion using Artificial Neural Networks-Climate Data Record (PERSIANN-CDR), and the Tropical Applications of Meteorology
using SATellite and ground-based observations (TAMSAT). The SPPs were assessed at daily, monthly, and annual timescales
for 2000-2019. Four categorical indices, i.e., the probability of detection (POD), probability of false alarm (POFA), bias in
detection (BID) and Heidke skill score (HSS), and four continuous indices, i.e., the Pearson correlation coefficient (r), the root
mean square error (RMSE), the per cent bias (Pbias), and the Nash—Sutcliffe model efficiency coefficient (NSE) were used to
evaluate the accuracy of the SPPs. Results of the statistical analysis showed that (1) at the daily timescale, the SPPs underestimate
daily rainfall by 6.53-17.61%, and CHIRPS was the best for detecting rainy days, while PERSIANN-CDR performed poorly;
(2) monthly and annual scales performed better than daily timescale, and TAMSAT and CHIRPS portrayed better performance
than the other SPPs. Therefore, the two could reasonably estimate rainfall amounts in North Darfur State.
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1 Introduction not evenly distributed worldwide—some places receive more

than normal, while others become prone to droughts [4]. The
Rainfall is vital to how water moves through Earth's water cycle, variable distribution, rate and amount of rainfall determines
which connects the land, atmosphere and oceans [1]. Therefore, Earth’s ecosystems [5, 6]. Reliable measurement of rainfall data

rainfall is essential in Earth’s climate system [2, 3]. Rainfallis  is essential for understanding the spatio-temporal variability
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of rainfall at various timescales and its effects on hydrology,
agriculture, and ecosystem functioning [6—8]. Traditionally,
rain gauge observations have been used to characterize the
spatio-temporal variability of rainfall [9]. However, in devel-
oping countries, due to various reasons, rainfall data is often
unavailable, and even if it does exist, the quality are poor or
inaccessible [10]. For example, the Meteorological Depart-
ment of Sudan does not receive sufficient funding from the
government; this has hampered the recruitment and retention
of trained and volunteer observers and the ability to rehabilitate
malfunctioned and/or abandoned meteorological stations [11,
12]. In addition, the second Sudanese Civil War between 1983
and 2005 interfered with measuring and reporting meteorologi-
cal data, especially in the southern region [13-15]. Therefore,
political unrest and conflict significantly influenced the distri-
bution, density and quality of rain gauge measurements. It is
particularly true in the Darfur region, which often shows gaps
in temporal rainfall data [12, 16].

The limitations associated with rain gauge observations
have necessitated alternative methods to measure rainfall [4].
Fortunately, remote sensing provides an alternative approach
to ground-based rainfall measurement and monitoring meth-
ods. Rainfall data can be gathered from satellite-based prod-
ucts [6]. A variety of satellite precipitation products (SPPs)
are produced by the passive microwave (PMW)- and thermal
infrared radiation (TIR)-based sensors onboard both geosta-
tionary and LEO satellites. The TIR-based method uses algo-
rithms to assess rainfall from cloud-top temperature [17]. The
PMW technique can penetrate clouds and produce accurate
rainfall amounts compared to the TIR-based technique, which
has difficulties identifying rain-producing clouds [18, 19].
However, the poor temporal resolution of low Earth-orbiting
satellites makes the PMW technique not helpful in assessing
accumulated rainfall over a longer duration [20]. Therefore,
uncertainties may originate from the temporal resolutions of
satellites, the algorithms used to assess rainfall from cloud-
top temperature, and satellite instruments themselves—these
reduce the accuracy of satellite rainfall estimates [21]. Other
techniques, e.g., combined PMW/TIR [22] or merged PMW/
TIR technique with rain gauge observations or numerical
weather models [23] were developed to improve the accuracy
of satellite rainfall assessment. Several studies, e.g., Huffman
et al. [24], Xie and Arkin [25], Boushaki et al. [26], Ebert
et al. [27], Katiraie-Boroujerdy et al.[28], Sanogo et al. [29],
Dezfuli et al. [30], Bai et al. [31], Dembélé and Zwart [32],
and Ayugi et al. [33] have been conducted using the latter
technique at different spatial and temporal scales.

The SPPs play a vital role in accurately mapping the spati-
otemporal variability of rainfall, which is essential in design-
ing climate change adaptation strategies. Sanogo et al. [29]
evaluated the spatio-temporal characteristics of rainfall in
West Africa using the gridded African Rainfall Climatology
Version 2 (ARC 2.0). The results were consistent with ground
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observation data. Dezfuli et al. [30] showed that the diur-
nal precipitation cycle was better captured by the Integrated
Multi-satellitE Retrievals for Global Precipitation Measure-
ment (IMERG)-Final v6 (IMERG6) than the TRMM (Tropi-
cal Rainfall Measuring Mission) Multi-satellite Precipitation
Analysis (TMPA), and the products exhibited a better agree-
ment with ground data in dry East and humid West Africa
than with the southern Sahel. The Usman et al. [23] analysis
assessed the capability of four satellite-based rainfall mod-
els, i.e., TAMSAT (Tropical Applications of Meteorology
using SATellite) African Rainfall Climatology and Time
series (TARCAT), ARC 2.0, TRMM, and Climate Hazards
group Infrared Precipitation with Stations (CHIRPS) to por-
tray rainfall trends in West Africa. Additionally, Dembélé
and Zwart [32] evaluated how well the TRMM, ARC 2.0,
CHIRPS 2.0, Precipitation Estimation from Remote Sensing
Information using artificial neural networks (PERSIANN),
African Rainfall Estimation (RFE 2.0), TAMSAT, and TAR
CAT performed at estimating rainfall amounts in the semi-
arid Sahelian region of Burkina Faso. The satellites performed
poorly at daily time scales but better at annual timescales,
with the best product being the RFE 2.0. The CHIRPS 2.0
and TARCAT were the best products for assessing drought
in the Upper Blue Nile Basin, Ethiopia, according to Bayissa
et al. [34]—the study compared the capabilities of five satel-
lite precipitation products, i.e., ARC 2.0, CHIRPS 2.0, PER-
SIANN, TARCAT 2.0, and TMPA. Toté et al. [20] analyzed
three satellite rainfall estimates, i.e., TARCAT 2.0, Famine
Early Warning System NET work (FEWS NET), RFE 2.0,
and CHIRPS 2.0 for drought and flood monitoring in tropical
climate areas of Mozambique—TARCAT 2.0 was superior
at modelling the relative frequency of rainfall events. Ahmed
et al. [35] evaluated TRMM and RFE 2.0 over the Sudanese
portion of the Blue Nile River and found that the TRMM
product performance was superior to RFE 2.0. Girm [36]
explored TAMSAT 3.1 over southern Ethiopia and demon-
strated that TAMSAT matched rain gauge data. Lu et al. [37]
evaluated the SPPs in analyzing changes in rainfall patterns
in Namibia and found that the TMPA estimations and the data
from the rain gauges agreed at monthly and annual timescales.
Babaousmail et al. [38] showed that the National Oceanic
and Atmospheric Administration (NOAA) Climate Prediction
Center Morphing Technique (CMORPH) was the most suit-
able product for satellite-based precipitation estimates for the
prevailing Mediterranean climate. However, the majority of
the aforementioned studies demonstrated that the algorithm
performance varies significantly depending on topography,
location, season, and local climate [13, 20, 23, 39].

The Darfur region is characterized by spatial and temporal
rainfall variability. The variability aggravates the problem of
limited soil productivity and the spatial distribution of agri-
cultural land. Despite these challenges, 80-90% of the popula-
tion relies on rainfed agriculture and livestock rearing as their
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main sources of income [40, 41]. Therefore, climate-related
hazards, e.g., drought, have severe and disproportionate
effects, especially on the rural poor, because crop yields are
unpredictable and difficult to anticipate. The Sahel region’s
devastating droughts and hunger in the 1970s, 1980s, and
mid-1990s, particularly in Chad and Sudan’s Darfur region,
occasionally led to violent clashes between nomadic tribes
and local farmers [42]. Therefore, understanding the spatio-
temporal variation in rainfall, especially in arid and semi-arid
regions is critical for predicting extreme hydrological events
and mitigating climate-related risks through improved water
resources planning, agricultural development of agro-pastoral
systems, and environmental management and restoration [43].

Hydrological modeling for water management in arid lands
requires accurate spatio-temporal rainfall measurements. How-
ever, mostly, only a few ground-based observations are avail-
able. Therefore, SPPs can fill the spatial and temporal rainfall
data gaps in such regions. Satellite precipitation products have
performed differently in mapping the spatio-temporal variabil-
ity of rainfall. Hence, accurately detecting rainfall variability
and trends has been challenging. This study aimed to deter-
mine whether it is feasible to estimate rainfall variability across
North Darfur State at daily, monthly, and annual timescales
using SPPs to inform decisions in water management. No rel-
evant studies have been conducted in the North Darfur State.
The SPPs used were the TRMM (Tropical Rainfall Measur-
ing Mission) Multi-satellite Precipitation Analysis (TMPA),
African Rainfall Climatology (ARC), Climate Hazards group
Infrared Precipitation with Stations (CHIRPS), Integrated
Multi-satellitE Retrievals for Global Precipitation Measure-
ments (GPM) Final Run (GPMIMERG), Precipitation Esti-
mation from remote sensing information using artificial neu-
ral networks-Climate Data Record (PERSIANN-CDR), and
Tropical Applications of Meteorology using SATellite and
ground-based observations (TAMSAT).

2 Materials and Methods
2.1 The Study Area

The study area is located in North Darfur State, in western
Sudan, at latitude 11° 45’ 49" to 20° 00" 30" N and longitude
22°46'47" to 27° 29' 47" E (Fig.Fig. 1). The southern part of
North Darfur state comprises a higher concentration of popu-
lation and economic activities. The Jabbed Marrah Moun-
tains, roughly at 3000 m above sea level, are at the maximum
elevation within the study area [40, 44]. The region is mainly
arid and semi-arid, with great geographical and temporal
variability in rainfall. Most rainfall of North Darfur comes
from south-westerly winds and the rainy season is mainly
from June to October, with average annual rainfall ranging
between 152 mm yr~! in the northern parts and 540 mm yr~!

in the southern parts and the rainfall is at its peak in August
[12, 16]. In Sudan, the rainy season often consists of many
dry days and a few heavy but short rainstorms. The few rainy
days may take the following forms: (i) rain may start early,
followed by partial/complete failure, (ii) rain may start late,
(iii) the few rainy days may spread throughout the wet sea-
son, and (iv) evenly distributed but infrequent heavy rainfall.
Yearly mean maximum and mean minimum temperatures are
42 °C and 11 °C respectively [45].

The largest food crop is millet, grown in sandy soil (qoz)
[46, 47]. Agriculture is constrained by poor soil fertility,
small per capita landholding, soil degradation, and erratic
rainfall; as a result, most parts of the area are chronically
food insecure [40].

2.2 Datasets
2.2.1 In Situ Rainfall Data

Daily rainfall data from 11 rainfall stations in North Darfur
State were obtained from the Ministry of Agriculture for the
period from 2000 to 2009 (Fig. Figure 1). The rainfall sta-
tions in the study area are located in densely populated areas
in south-western parts, especially in areas of intense agri-
cultural activity, because the northern part of the study area
is mostly desert [12, 45]. Only less than 10% of rainfall data
were missing at each of the 11 weather stations considered
in this study [9, 48, 49]. A brief description of the 11 rainfall
stations is presented in Table 1. The stations, installed at
different elevations, have been recording data since 1970.

2.2.2 Satellite-based Precipitation Products

Six satellite-based precipitation products (SPPs) were com-
pared against rain gauge observations to evaluate their effi-
ciency in capturing rainfall variability across North Dar-
fur State for 20 years, i.e., from 2000 to 2019. The SPPs
used were the Tropical Rainfall Measuring Mission-based
(TRMM) Multi-Satellite Precipitation Analysis (TMPA-
3B42 7.0), African Rainfall Climatology Version 2 (ARC
2.0), Climate Hazards Group Infrared Precipitation with
Stations Data (CHIRPS 2.0), Global Precipitation Meas-
urements (GPM)—the Integrated Multi-satellitE Retrievals
Final Runv6 (GPMIMERG 6.0), Precipitation Estimation
from remote sensing information using artificial neural net-
works-Climate Data Record (PERSIANN-CDR), and the
Tropical Applications of Meteorological using SaTEllite and
ground-based observations (TAMSAT 3.1). The parameters
of the six SPPs are shown in Table 2.

The TRMM-based TMPA provides quasi-global precipi-
tation products for the years 1998 to 2019 with a spatial
resolution of 0.25°x0.25° and a temporal resolution of
daily and three hours, covering the latitudes 50° N-50° S [2,
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Fig. 1 Map of the study area in North Darfur State in Sudan; the star symbol shows locations of the rainfall stations

50, 51]. The TMPA is combined into gauge-adjusted daily ~ accessed at https://disc.gsfc.nasa.gov/. The ARC 2.0 data
(3B42) and monthly (3B43) post-real-time precipitation.  have been available as daily gridded precipitation data cen-
Only the daily rainfall dataset was downloaded, and TMPA  tered over the African continent at a spatial resolution of
version 7 used (TMPA-3B42 7.0). The TMPA product was 10 km (0.1°) since 1983. The ARC 2.0 was developed by the
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Table 1 Characteristics of the
11 rainfall stations in North
Darfur State for the study period

No Station name

Latitude (°N) Longitude (°E) Elevation (amsl) Data availability Mean annual

rainfall (mm)

2000-2019

1 Al Fashir 13°38' 25° 20" 0740 Daily 2323
2 Al Liait 11° 57 27° 04' 0587 Daily 517.1
3 DarElSalam  13°05' 25° 53" 0817 Daily 302.2
4 ElMalha 15°09' 26° 15' 0900 Daily 211.7
5  El Tawiesha 12°29' 26° 59' 0591 Daily 363.4
6  Kabkabiya 13°39' 24° 5 1120 Daily 558.6
7  Kuma 13°39' 26°01' 0875 Daily 220.2
8  Kutum 14°21' 24° 40 1160 Daily 279.8
9  Mellit 14° 13" 25° 55" 0900 Daily 2239
10 Saraf Omra 13° 47 23° 30" 1105 Daily 404.3
11  Umm Kadadda 13°59' 26° 14' 0595 Daily 227.2
Table.2 Parameters' O.f the No Satellites-based Sensor Temporal coverage Spatial coverage Temporal Spatial resolution
satellite-based precip 1Fat10n rainfall products resolution
products (SPPs) used in the
study for the period 2000-2019; | TMPA-3B427.0 TIR/PMW 19982019 Near global Daily 0.25°%0.25°
2 ARC20 TIR 1983—present Africa Daily 0.1°x0.1°
3 CHIRPS 2.0 TIR 1981—present Near global Daily 0.05°x0.05°
4  GPMIMERG 6.0 TIR/PMW 2000-2019 Near global Daily 0.1°x0.1°
5 PERSIANN-CDR TIR 1982-2020 Near global Daily 0.25°x0.25°
6 TAMSAT 3.1 TIR 1983—present Africa Daily 0.0375°%0.0375°

TIR thermal infrared, PMW passive microwave.

Climate Prediction Center of the NOAA. ARC 2.0 data were
retrieved from the European Organization for the Exploita-
tion of Meteorological Satellites (EUMETSAT), which pro-
vides 3-hourly geostationary thermal infrared (TIR) data,
and the Global Telecommunication System (GTS) gauge
measurements reporting 24-h rainfall accumulations over
Africa. Both the EUMETSAT and GTS have high quality
data [23, 52]. The daily ARC 2.0 rainfall estimates for the
period were retrieved from https://www.icpac.net/data-
center/arc2/. The CHIRPS Version 2.0 rainfall dataset was
developed by the United States Geological Survey in collab-
oration with the Climate Hazard Group at the University of
California. These data are available from 1981 onwards and
span 50° N-50° S (all longitudes included). To create grid-
ded rainfall time series, CHIRPS incorporates the Climate
Hazard group Precipitation climatology (CHPclim) that
incorporates (i) satellite information to represent sparsely
gauged locations, (ii) 0.05° resolution cold cloud duration
(CCD)-based Climate Hazard group Infrared Precipitation
(CHIRP) estimates, and (iii) rain gauge data [53]. For this
study, daily CHIRPS2.0 datasets from 2000 to 2019 were
used as obtained from https://earlywarning.usgs.gov/. The
GPMIMERG 6.0 has a spatial resolution of (0.1°x0.1°) and
a temporal resolution of half an hour. The Global Precipita-
tion Climatology Center’s (GPCC) monthly gauge analysis

is used to calibrate the Integrated Multi-satellitE Retriev-
als for GPM (IMERG), which is produced using combined
passive microwave (PMW) and infrared (IR) data from the
GPM constellation [54, 55]. The most recent version of
GPM (IMERG) is Final Run v 6B (IMERG6), which cov-
ers Early Run (near real-time with a latency of 6 h), Late
Run (near real-time with a latency of 18 h), and Final Run
(gauge-adjusted with a delay of four months) [2, 55]. In this
study, daily IMERG6 were obtained from https://gpm.nasa.
gov/data/. The PERSIANN climate database was created
by scientists from the University of California’s Center for
Remote Sensing and Hydrometeorology [56]. The PER-
SIANN product applies the artificial neural network (ANN)
model to convert IR information into rain rates [57]. For this
study, daily PERSIANN data were downloaded from https://
climatedataguide.ucar.edu. The TAMSAT algorithm, based
on Meteosat thermal infrared (TIR) from EUMESTAT [32],
was developed at the University of Reading; the purpose is
to estimate rainfall during drought in Africa and to provide
famine warnings. TAMSAT’s rainfall estimation is based on
the assumption of a positive linear relationship between the
lifetime of convective clouds and rainfall amount at the sur-
face. Therefore, TAMSAT works best for convective precipi-
tation [58-60]. Since 1982, TAMSAT products have been
provided with a spatial resolution of 0.0375° and temporal
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resolutions of decadal, seasonal, and monthly intervals [6].
In this study, daily TAMSAT data for the period 2000-2019
were obtained from https://www.tamsat.org.uk.

2.3 Methods
2.3.1 Evaluation of Satellite Products

The study focused on evaluating the performance of six
SPPs—the TMPA 3B42/3B43-7.0, CHIRPS 2.0, PER-
SIANN-CDR, GPMIMERG 6.0, ARC 2.0, and TAMSAT
3.1, to identify the best products for capturing rainy days and
estimating rainfall amounts and variability trends across the
study area. This was done by comparing satellite products
against rain gauge measurements for the 2000-2019 period
at daily, monthly, and annual timescales. The point values
from pixels of respective SPPs were georeferenced to gauge
location and extracted from the downloaded raster files [61].
The study employed a point-to-pixel pairwise comparison
approach, in which rainfall estimations from each satellite
are created and compared with the data from each rain gauge
[2, 6].

2.3.2 Validation Statistics
The ability of SPPs to detect rainy days, defined here as days

with rainfall totaling more than 0.2 mm, was assessed based
on a contingency table (Table .

Table 3 Contingency table for comparing rain gauge measurements
and satellite-based rainfall estimates

Gauge > 0.2 mm Gauge < 0.2 mm

Satellite > 0.2 mm
Satellites < 0.2 mm

Hits (H)
Miss (M)

False alarm (F)
Correct no rain (D)

Table 3) using categorical statistical indices (Eqs. 1-4,
Table 4). The categorical statistics used in this study were
the probability of detection (POD, i.e., the proportion of
observed rain days that were detected by the satellite prod-
uct); the probability of false alarm (POFA, i.e., the pro-
portion of satellite-estimated rain days that did not in fact
occur); bias in detection (BID, i.e., assesses whether SPPs
overestimates or underestimates rainy day frequency); and
Heidke skill score (HSS, i.e., the measure of the overall skill
of the rainfall-day estimates accounting for matches owing
to chance) [18, 36, 61].

The performance of the SPPs in estimating the amount
and variability of rainfall across the study area was also
evaluated using continuous statistical indices (Eqgs. 5-8).
One of these indices used in this study is the Pearson cor-
relation coefficient (r), which is used to assess the correla-
tion’s goodness of fit, with a value of 1 being the perfect
score [32]. The root mean square error (RMSE) measures
the mean difference between two variables; a low RMSE
value indicates the predictions are precise [6, 23, 32]. The
percent bias (Pbias) is used to show how well the satellite
rainfall estimates correspond with the gauge rainfall data
average; a positive Pbias indicates overestimates, while
negative Pbias indicates underestimates. The Nash—Sutcliffe
efficiency (NSE) coefficient assesses the predictive skill of
models—higher values suggest a better agreement between
observations and satellite estimates [62]. A negative NSE
value shows that the observed mean is a better estimator
than the model, while a value of zero shows that the model
predictions are as accurate as the mean of the observed data
[61, 63]. The test-retest reliability was used to assess the
consistency and reproducibility of the results obtained.

G gauge rainfall amount, G average gauge rainfall
amount, S satellite rainfall estimates, S average satellite
rainfall estimate, N number of data pairs, H number of pre-
cipitation events detected by both satellites and a rain gauge,
M number of precipitation events detected by a rain gauge by

Table 4 Statistical indices for
satellite-based precipitation

products (SPPs)

Statistics indicator Abbreviation ~ Formula Values range  Perfect score

Probability of detection POD B [0, 1] 1
H+M

Probability of false alarm POFA HLF ) [0, 1] 0

+

Bias in detection BID HAF 3) [— 00,4+ 0] 1
H+M

Heidke skill score HSS — 2HD-FH) gy (4)[- 00, 1) 1
(H+M)(M+D)+(H+F)(F+D)

Pearson correlation coefficient  r E(G—E) (s—§) [-1,1] 1
VEG-6)(5-5) (5)

Root mean square error RMSE (mm) 1 2 [0, 4+ o0] 0

q ViZL6-6) ©

Percent bias Pbias (%) 1 ( 286 ) % 100 [— o0, + 0] 0
N G (7

Nash—Sutcliffe efficiency NSE _X(G-8) [—o0, 1] 1
1~ XG0 (8)
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not detected by satellites, F' number of precipitation events
detected by satellites but not detected by rain gauges, D cor-
rect negative.

2.3.3 Assessment of the Rainfall Trends Using Various
Satellite Products

The rainfall trends were assessed for the individual stations,
using the mean monthly and annual rain gauge data ver-
sus the respective SPPs using the correlation coefficient ()
(Eq. 5) and per cent bias (Pbias) (Eq. 7), and using IDW
interpolation in ArcMap 10.5.

3 Results

3.1 Evaluation of the Rainfall Estimate Performance
of the Satellite Products

3.1.1 Daily Rainfall Comparisons

All the daily satellite precipitation products (SPPs) and
rain gauge measurements showed medium agreement, i.e.,
the correlation coefficient r ranged from 0.37 to 0.52 and
Nash—Sutcliffe model efficiency (NSE) coefficient showed
negative values, i.e.,— 1.57 to—0.13 (Table 5). The sum-
mary of comparisons indicates that Climate Hazards Group
Infrared Precipitation with Station Data (CHIRPS 2.0) had
a relatively high probability of detection (POD). In contrast,
African Rainfall Climatology (ARC 2.0) and Tropical Rain-
fall Measuring Mission (TRMM) Multi-satellite Precipita-
tion Analysis (TMPA-3B42 7.0) products scored compara-
tively low values for POD (Table 5). The CHIRPS 2.0 scored
higher probability false alarm ratio (POFA) value, 0.37. The
ability of all the SPPs to detect rainy days was better than
random chance, as indicated by Heidke skill score (HSS)

Table 5. The point-to-pixel evaluation at a daily timescale using
continuous and categorical statistical tools; probability of detection
(POD), probability of false alarm (POFA), bias in detection (BID)

values greater than zero. All SPPs underestimated daily
rainfall rates; higher rates of underestimation of rain also
recorded higher values of root mean square error (RMSE).
Overall, CHIRPS 2.0 was the best-performing product,
followed by Tropical Applications of Meteorology using
SATellite and ground-based observations (TAMSAT 3.1).
The categorical statistical indices (POD, POFA, BID, and
HSS) results were not considered at monthly and annual
timescales because cumulative monthly and annually pre-
cipitation cloud does not reflect specific precipitation events
detected by SPPs.

3.1.2 Monthly Rainfall Comparisons

Monthly rainfall comparisons reveal reliable agreement
between the six SPPs and ground-based rain gauge meas-
urements, with the NSE coefficient ranging from 0.36 to
0.49, and a strong correlation coefficient of »>0.66 (Tab-
leTable 6). Based on the statistical analysis, TAMSAT 3.1
performed better in estimating the monthly rainfall in the
region than the other SPPs; TAMSAT 3.1 produced the best
value of NSE, 0.49 and the lowest RMSE, 47.1. All SPPs
overestimated the rainfall amount, except the ARC 2.0 prod-
uct; the highest percent bias (Pbias) value was produced by
the Precipitation Estimation from Remote Sensing Informa-
tion using artificial neural networks-Climate Data Record
(PERSIANN-CDR), 48.88% (Table 6). The SPPs produced
relatively strong correlation coefficients against rain gauge
observations; the TAMSAT 3.1 scored the highest r value,
0.71.

3.1.3 Annual Comparisons of Rainfall Totals

Strong agreement between the six SPPs and rain gauge
measurements was demonstrated by annual comparisons,
producing NSE coefficients ranging from 0.19 to 0.61

and Heidke skill score (HSS), correlation coefficient (r), root mean
square error (RMSE), per cent bias (Pbias), and Nash-Sutcliffe effi-
ciency (NSE)

RMSE

Dataset POD POFA BID HSS r (mm day” Pbias (%) NSE

1

)
JMPAIB 0.43 0.27 0.59 0.23 0.41 57.85 -15.45 -1.41
CHIRPS 2.0 0.53 0.37 0.91 0.23 0.44 45.51 -12.15 -0.58
ARC 2.0 0.45 0.33 0.68 0.2 0.37 59.51 -17.61 -1.57
ggMIMERG 0.46 0.29 0.65 0.23 0.4 57.53 -15.36 -1.23
PERSIANN- 0.51 0.31 0.9 0.16 0.49 24.47 -6.53 -0.21
CDR
TAMSAT 3.1 0.48 0.28 0.98 0.24 0.52 31.34 -8.37 -0.13

Performance: Weakest § Strongest
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Table 6. The point-to-pixel evaluation at a monthly timescale using continuous statistical tools; correlation coefficient (r), root mean square error

(RMSE), per cent bias (Pbias), and Nash-Sutcliffe efficiency (NSE)

Dataset T (mnIflr\n/[i]lEth'l) Pbias (%) NSE
TMPA-3B42 7.0 0.71 52.73 15.34 036
CHIRPS 2.0 0.73 50.64 14 0.41
ARC 2.0 0T 51.19 20.25 0.4
GPMIMERG 6.0 0.72 51.49 18.01 0.39
TAMSAT 3.1 10.29

Performance: Weakest r _ Strongest

(Table 7), and reliable correlation coefficients (r) ranging
from 0.58 to 0.81 (Table 7). The Integrated Multi-satellitE
Retrievals for Global Precipitation Measurements (GPM)
Final Run (GPMIMERG 6.0) produced a relatively high cor-
relation value. Based on the statistical analysis, the results
indicated that TAMSAT 3.1 performed better than the other
SPPs products; TAMSAT 3.1 produced the best value for
the NSE and RMSE (Table 7). All SPPs overestimated the
rainfall amount, except the ARC 2.0 product which provided
an underestimate. The highest Pbias values was by PER-
SIANN-CDR, 82.69%.

The spatial distribution of mean annual rainfall is shown
in Fig. 2. Various rainfall spatial patterns were observed
among the six SPPs, with a clear north—south gradient
of decreasing rainfall amounts. The areas in the south
and southwest receive more rainfall compared to regions
in the north and northeast. Based on the TMPA-3B42
7.0 satellite data, the annual rainfall in North Darfur for
2000-2019 ranged from 817.26 to 254.23 mm yr~!, with
a standard deviation of 146.34 mm yr~!'. The CHIRPS
2.0 dataset showed mean annual rainfall ranging from
784.46 to 189.83 mm yr~!, with a standard deviation of
169.34 mm yr~!. The ARC2.0-based product showed mean
annual rainfall between 671.91 and 142 mm yr~!, with a
standard deviation of 127.5 mm yr~~'. The mean annual

rainfall estimated by ARC2.0 dataset is also lower compared
to the other products.

3.2 Mean Monthly Rainfall Trends

Spatio-temporal variation in the mean monthly precipita-
tion for the 11 rain gauge stations using the six SPPs are
shown in Fig. 3. The SPPs estimated the trends in rainfall
for the rainy season, i.e., from May to October, with peak
rainfall occurring during August and September (Fig. 3). All
SPPs show that, comparatively, Kabkabiya, Saraf Omra, and
Kutum, located in the Marra Mountains, receive more rain-
fall. As indicated by the SPPs, Kabkabiya, at an elevation
of 1120 m, receives a monthly rainfall range 2.2-295.9 mm,
while Saraf Omra, at an elevation of 1105 m, receives
2-380.5 mm. Kutum area at an elevation of 1160 m north
of Marra mountains ranges 1.5-170.9 mm. Mellit and El
Malha areas at lower elevation, recorded 1-119.7 mm and
3-129.2 mm, respectively.

TMPA-3B42 7.0 and CHIRPS 2.0 in Al Fashir (Table 8
and Fig. 4) recorded the highest correlation values. Al Liait
recorded the lowest correlation values. The highest overes-
timated trends in rainfall were by PERSIANN-CDR), while
the most underestimated trends in rainfall were by ARC 2.0.

Table 7. The point-to-pixel

. RMSE

evaluation at an annual Dataset r Pbias (%) NSE
timescale using continuous (mm annual ")
statistical tools; correlation
coefficient (r), root mean square TMPA-3B42 7.0 0.8 110.2 0.5
error (RMSE), per cent bias CHIRPS 2.0 0.78 112.4 0.39
(Pbias), and Nash-Sutcliffe

ARC 2.0 0.76 89.8 -16.9 0.35

efficiency (NSE)
GPMIMERG 6.0

PERSIANN-CDR
TAMSAT 3.1

100.4

0.19

0.71

Performance: Weakest -:
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Fig.2 Spatial distribution of mean annual rainfall over North Darfur from six satellites rainfall estimates for the periods 2000-2019

3.3 Mean Annual Rainfall Trends

Spatio-temporal variation in the mean annual precipitation
for the 11 rain gauge stations using the six SPPs is shown
in Fig. 5. El Malha receives between 26 and 542.1 mm,
while Mellit receives 92-545 mm. The wetter Kabkabiya,
Saraf Omra, and Kutum areas recorded rainfall in the
range 206—1113 mm, 188-1205 mm, and 103-551 mm,
respectively.

The highest correlation values were in EI Malha by
GPMIMERG 6.0 and ARC 2.0 (Table 9 and Fig. 6). Oth-
ers were TAMSAT 3.1 in Kutum and PERSIANN-CDR
in Kuma, Kutum and Kabkabiya. The PERSIANN-
CDR reported the most overestimated trends in rainfall,
while the most underestimated trends in rainfall were by
CHIRPS 2.0. Generally, the best performing SPPs were
TMPA-3B42 7.0 (Al Fashir, Dar ES Salam) and TAMSAT
3.1 (Kabkabiya, Saraf Omra).
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Fig. 3 Comparison of rain gauge observations based on monthly rainfall trends for 11 stations over North Darfur State and six-satellite precipita-

tion products over the 20-year study period (2000-2019)

4 Discussion

Rainfall in Africa is challenging to estimate accurately
because it is majorly a result of convective rainstorms,
which are very localized spatially and temporally. Rainfall
in Sudan is mainly regulated by the seasonal movement of
the Inter-Tropical Convergence Zone (ITCZ). Therefore,
the rainfall is convective in nature, derived from show-
ers and thunderstorms. The rainfall depicts an extreme
spatial variation which the existing rain gauge network
cannot monitor effectively. In fact, it is argued that no
conceivable rain gauge network would be adequate for
the country. The reliability and applicability of the cur-
rent satellite precipitation products (SPPs) against rain
gauge observations across North Darfur State of Sudan

@ Springer

was evaluated for a 20-year study period, i.e., 2000-2019.
The SPPs were the Tropical Rainfall Measuring Mission
(TRMM) Multi-satellite Precipitation Analysis (TMPA-
3B42 7.0), African Rainfall Climatology Version 2 (ARC
2.0), Climate Hazards Group Infrared Precipitation with
Station Data (CHIRPS 2.0), Integrated Multi-satellitE
Retrievals for Global Precipitation Measurements (GPM)
Final Run v 6 (GPMIMERG 6.0), Precipitation Estimation
from Remote Sensing Information using artificial neural
networks-Climate Data Record (PERSIANN-CDR), and
the Tropical Applications of Meteorology using SATel-
lite and ground-based observations (TAMSAT 3.1). The
satellite-based rainfall estimation was assessed at daily,
monthly, and annual timescales using point-to-pixel-based
pairwise statistics.
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Table 8 The Performance of six SPPs in estimating rainfall trends on a monthly timescale at 11 stations, using correlation coefficient (r) and per

cent bias (Pbias %)

Stations Statistic TMPA-3B427.0 CHIRPS 2.0 ARC 2.0 GPMIMERG 6.0 PERSIANN-CDR TAMSAT 3.1
Al Fashir r 0.83 0.84 0.61 0.80 0.80 0.72
Pbias 2491 -10.23 -19.72 5.56 67.57 3.62
Al Liait r 0.48 0.41 0.25 0.42 0.20 0.48
Pbias -17.78 —13.79 0.05 70.88 -9.39 -3.36
Dar El Salam r 0.61 0.62 0.56 0.59 0.45 0.72
Pbias 15.19 1.99 -6.96 4.68 72.00 8.17
El Malha r 0.68 0.65 0.71 0.71 0.64 0.64
Pbias 4.19 —20.84 —43.36 28.49 —-4.58 7.50
El Tawiesha r 0.47 0.65 0.43 0.53 0.53 0.66
Pbias 17.68 11.16 9.91 29.21 85.50 17.41
Kabkabiya r 0.54 0.71 0.74 0.54 0.55 0.53
Pbias 0.55 23.57 —34.98 5.67 16.10 28.46
Kuma r 0.56 0.61 0.44 0.57 0.55 0.61
Pbias —15.65 —14.13 27.71 37.49 —-247 29.27
Kutum r 0.77 0.79 0.79 0.70 0.67 0.67
Pbias 29.53 -1.92 —24.32 24.89 21.77 5.25
Mellit r 0.66 0.70 0.69 0.64 0.61 0.61
Pbias 14.59 -10.77 —24.68 21.38 25.45 —-1.94
Saraf Omra r 0.50 0.70 0.68 0.39 0.46 0.72
Pbias 20.90 14.25 42.32 143.12 27.26 49.51
Umm Kadadda r 0.61 0.41 0.44 0.55 0.57 0.60
Pbias 59.96 26.08 16.65 50.98 76.68 40.04

4.1 Validation of Satellite Precipitation Products
at Daily Timescale

Although CHIRPS 2.0 recorded the highest probability of
detection (POD), the probability of false alarm (POFA) was
also the highest (Table 5). To the contrary, the TMPA-3B42
7.0 performed poorly—it only detected 43% of the observed
rainfall events in the study area, although it reported the
lowest POFA and bias in detection (BID). The PERSIANN-
CDR reported the lowest root mean square error (RMSE)
and percent bias (Pbias). Daily satellite rainfall had a low
correlation (r) with the rain gauge data—the TAMSAT
3.1 recorded the highest correlation value, 0.53. The weak
agreement between the SPPs and rain gauge observations is
in line with Usman et al. [23] and Dembélé and Zwart [32]
in the Sudano Sahelian zone of Nigeria and Burkina Faso,
respectively—and that CHIRPS 2.0 was the product most
capable of detecting rainy days. The subpar performance
of the rainfall products can be primarily attributed to errors
in satellite models when predicting the accumulation and
distribution of rainfall [9, 32]. Another reason could be the
presence of a high variance and lack of dynamic range in
daily rainfall estimates [64]. The POD metric indicates that
SPPs fail to identify precipitation events with short dura-
tions. Rainfall events in the study area are spatially and

temporally discontinuous, and the duration of rainfall may
not last for long; therefore, satellite sensors may not capture
the rainfall events [65]. Another source of error is the pres-
ence of the Marrah highlands—the magnitude of rainfall
is underestimated because satellite estimates normally miss
precipitation that is enhanced by flow lifting over mountains
[66].

4.2 Validation of Satellite Precipitation Products
at Monthly Timescales

Overall, all SPPs relatively correlated well with rain gauge
observations—as the time scale increases, the performance
of SPPs improves significantly [2, 6, 67, 68]. The TAMSAT
3.1 showed the best correlation with rain gauge observa-
tions (Table Table 6). The best performance in RMSE was
the TAMSAT, while the CHIRPS 2.0 recorded the lowest
overestimation of monthly rainfall. The PERSIANN-CDR
was the worst because it reported the lowest correlation
coefficient, the highest RMSE, and the highest Pbias. Also,
Gadouali and Messouli [69] in Morocco and Dembélé and
Zwart [32] in Burkina Faso reported PERSIANN-CDR as
the worst at detecting monthly rainfall events. The poor
performance can be attributed to cloud-top infrared (IR)
observations [70]. The only underestimation of rainfall was
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Fig.4 Spatial plots of six SPPs estimating rainfall trends on a monthly timescale at 11 stations, using the correlation coefficient (r) and per cent

bias (Pbias %)

from ARC 2.0, which is in agreement with Ayehu et al. [6].
The other five SPPs overestimated rainfall—Wedajo et al.
[2] and Girma [36] reported overestimations of rainfall data
from the TMPA-3B42 7.0, CHIRPS 2.0 and GPMIMERG
6.0, and TAMSAT 3.1, respectively. Gebremicael et al. [21]
found that the CHIRPS 2.0 and TMPA-3B42 7.0 products
underestimated rainfall in northern Ethiopia—the inconsist-
ency with the current study may be due to differences in
topography and/or climate conditions. Satellite precipitation
products (SPPs) are known for overestimation of rainfall in
arid and semiarid areas and underestimation in humid areas
[71]. The overestimations are due to the fact that raindrops
might evaporate before striking the surface [72], and the
underestimation over higher altitude is due to strong scat-
tering of the microwave (MW) signal by mountains [51]

@ Springer

and misses the discrimination of warm clouds by IR sensors
commonly found on the tops of mountainous regions [73].
Also, during the rainy season, satellite sensors have limited
capability in detecting rainfall events because of non-raining
clouds that could produce brief localized showers [74]. As
well, intense rainfall can cause radar signals to attenuate,
leading to inaccurate measurements [75].

Generally, the TAMSAT 3.1 and CHIRPS 2.0 performed
better, and the PERSIANN-CDR performed poorly in all
indices—this is consistent with Ageet et al. [18], Girma [36],
Fenta et al. [76], Basheer and Elagib [77], and Dinku et al.
[67]. The TAMSAT’s primary benefit is that it employs local
calibration datasets, where the temperature threshold and
regression parameters are geographically and temporally
variable [67]. The strong performance of CHIRPS 2.0 in
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Fig.5 Comparison of rain gauge observations based on annual rainfall trends in 11 stations over North Darfur State and six SPPs over the

20-year study period (2000-2019)

this study is in line with its high temporal and spatial resolu-
tion, capacity to integrate satellite data, and ability to gauge
and reanalyze outputs [53]. The use of CHPClim, a gauge-
satellite climatological tool, also offsets bias.

4.3 Validation of Satellite Precipitation Products
at Annual Timescales

The GPMIMERG 6.0 and TMPA-3B42 7.0 were the highest
correlated SPPs with rain gauge measurements (Table 7).
The PERSIANN-CDR performed dismally, i.e., it recorded
the lowest correlation coefficient, the worst RMSE, the
highest overestimation of rainfall, and a negative Nash-
Sutcliffe Efficiency (NSE). The TAMSAT 3.1 reported the

least RMSE. Only ARC 2.0 underestimated annual rainfall,
while the rest of the SPPs overestimated rainfall in the range.
The TAMSAT 3.1 recorded the highest NSE value—higher
values suggest a better agreement between rain gauge meas-
urements and satellite estimates [62]. Overall, TAMSAT
3.1 performed better and the PERSIANN-CDR performed
poorly in all indices. These results are in line with prior
research on the Sudanese Blue Nile basin [35] and the East
African Sio-Malaba-Malakisi River basin [13, 78]. How-
ever, a study carried out in Ethiopia’s Upper Blue Nile basin
contradicted the superiority of TAMSAT 3.1 at annual time-
scales [34]. The underperformance of the PERSIANN-CDR
in capturing rainfall variability amounts is also consistent
with studies conducted in East Africa [65] and northern
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Table 9 The rainfall trends for the 20-year study period (2000-2019) were assessed at the annual timescale for six SPPS at 11 stations using the

correlation coefficient () and per cent bias (Pbias %)

Stations Statistic/products TMPA-3B427.0 CHIRPS2.0 ARC2.0 GPMIMERG 6.0 PERSIANN-CDR TAMSAT 3.1
Al Fashir r 0.47 0.57 0.66 0.36 0.67 0.46
Pbias 0.79 —24.26 -9.45 -16.26 65.96 -20.22
Al Liait r 0.22 0.38 0.46 0.55 0.66 0.34
Pbias -6.37 —13.09 -20.22 —10.03 83.53 -37.56
Dar El Salam r 0.43 0.51 0.39 0.17 0.47 0.46
Pbias —1.64 2.45 -13.79 722 92.38 -21.26
El Malha r 0.42 0.34 0.82 0.83 0.37 0.52
Pbias 29.50 —15.47 —44.78 6.97 12.97 —15.97
El Tawiesha r 0.41 0.22 0.43 0.42 0.64 0.36
Pbias 21.54 14.30 1.72 10.25 106.48 -16.81
Kabkabiya r 0.23 0.46 0.56 0.70 0.72 0.25
Pbias 23.25 —38.37 -3.59 25.58 1.12 1.30
Kuma r 0.14 0.57 0.54 0.44 0.76 0.25
Pbias -1725 —35.51 —38.05 —6.63 18.67 —37.98
Kutum r 0.50 0.57 0.56 0.61 0.72 0.74
Pbias 20.87 -0.96 —27.45 25.11 32.83 9.99
Mellit r 0.61 0.44 0.58 0.57 0.61 0.43
Pbias 19.08 -8.07 —26.94 11.15 4291 -16.70
Saraf Omra r 0.51 0.40 0.51 0.62 0.63 0.28
Pbias 31.81 19.48 3.03 37.85 161.07 -0.90
Umm Kadadda r 0.25 0.63 0.38 0.44 0.46 0.21
Pbias 44.79 24.72 10.07 53.00 103.54 12.45

Egypt [79, 80]. The PERSIANN-CDR is calibrated based on
Global Precipitation Climatology Project (GPCP) [81]; how-
ever, this does not guarantee improved performance in the
study area. The performance of GPMIMERG 6.0 in rainfall
estimations is superior to that of ARC 2.0 and PERSIANN-
CDR, as confirmed by Zhang et al. [82]. Owing to the dual
and high-frequency channels, which improve the detection
of light and solid precipitation, GPMIMERG 6.0 has a supe-
rior performance [55]. This can be explained by the greater
efficiency of MW sensors—satellite products that use MW
sensors to measure rainfall perform better than those that
use IR sensors [83]. Generally, the IR sensor compared to
passive/active MW can lead to high POFA, and low POD,
especially in sub-tropics and semi-arid and arid regions [84].

4.4 Station-wise Mean Monthly and Annual Rainfall
Trends

In this study, the rate of rainfall is linearly related to
altitude—comparatively, the area located in the south,
around the Marrah Mountains, roughly receives more
rainfall compared to the north, the low land. Station-wise
monthly rainfall trends showed that not all SPPs followed
similar pattern as the rain gauge data—notable was the
PERSIANN-CDR and ARC2. The PERSIANN-CDR curve
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was conspicuously above the rain gauge and other SPPs
curves in Al Fashir, Al Liait, and Dar el Salam. Severally,
the PERSIANN-CDR curve exhibited a bimodal distri-
bution, e.g., El Tawiesha, Kabkabiya, Saraf Omra, and
Umm Kadadda, while the rain gauge curve showed only
a single peak. Only in El Malha and Kutum stations, the
PERSIANN-CDR closely followed the rain gauge curve.
The ARC 2.0 curve was mostly below the rain gauge and
other SPPs curves—only in Saraf Omra that the ARC 2.0
curve was almost the same as the rain gauge curve. The
TAMSAT 3.1 and CHIRPS 2.0 closely followed the rain
gauge curve pattern. The PERSIANN-CDR remains the
worst at station-wise level with relatively low correlation
coefficient compared to other SPPs. The TAMSAT 3.1 and
CHIRPS 2.0 were better performers, with higher correla-
tion coefficients. Compared to station-wise mean monthly
rainfall trend, station-wise mean annual rainfall trends
are different. The PERSIANN-CDR has relatively higher
correlation coefficients compared to TAMSAT 3.1 and
CHIRPS 2.0 in almost all rain gauge stations; although,
the PERSTANN-CDR relatively overestimated the mean
annual rainfall, compared to the other SPPs. Overall, the
TAMSAT 3.1 and CHIRPS 2.0 were the best performers.
Generally, all SPPs revealed increasing trends.
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Fig.6 Spatial plots of six SPPs estimating rainfall trends on an annual timescale at 11 stations, using the correlation coefficient (r) and per cent

bias (Pbias %)

4.5 Study Limitations

This study used six SPPs and 11 rain gauge stations which
are not spatially distributed in the climatic zones of North
Darfur State. The variations in the quantity, quality, and
distribution of rain gauge stations in the study area might
have introduced errors that led to uncertainties in the per-
formance of SPPs in capturing the spatio-temporal rainfall
variability [64]. Also, the uncertainties attributed to errors
in the retrieval algorithm, rain gauge measurement, and
bias correction processes may render SPPs measurement
of rainfall unreliable, because it may distort interpretation
of the rainfall’s behavior and simulation results by pen-
etrating into other models such as the crop, hydrological,

and meteorological models. The reliability of a particular
rainfall dataset could vary with the temporal period of
evaluation [64]. Another uncertainty may be associated
with the point-to-pixel approach used that compared two
datasets at different spatial scales [64]. Therefore, these
errors cannot be ignored when using SPPs in various appli-
cations [48]. The errors could be the reason why several
SPPs underestimated and/or overestimated rainfall in the
study area. Therefore, comprehensive uncertainty charac-
terization of satellite-derived rainfall products is vital. But
the main limitation is the spatial and temporal resolutions
of the data—investigating spatio-temporal variability of
rainfall requires the use of precipitation datasets that have
high spatial and temporal resolutions [85].
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5 Conclusions

For climate studies and meteorological applications in
data-poor regions of Africa, such as the Darfur region,
satellite precipitation products (SPPs) represent an alterna-
tive source of rainfall data. The daily time intervals showed
that there was a weaker agreement between SPPs and rain
gauge measurements—the Climate Hazards Group Infrared
Precipitation with Station Data (CHIRPS 2.0) was identi-
fied to be better in detecting rainy days. The results of the
monthly and annual time scales showed that there was a
stronger agreement between rain gauge observations and
SPPs. Overall, the Tropical Applications of Meteorology
using SATellite and ground-based observations (TAMSAT
3.1) and CHIRPS 2.0 were comparatively better—therefore,
TAMSAT 3.1 and CHIRPS 2.0 could be reliable sources
of rainfall data for stakeholders and researchers, in North
Darfur. All SPPs exhibited errors in the continuous and cat-
egorical indices used—the SPPs indicated underestimations
and overestimations in the analyses. Since the accuracy and
reliability of satellite datasets is vital, future research should
focus on more sophisticated algorithms and technological
advancement that can provide near real-time data effective
in improving the accuracy and reduce the uncertainties of
estimated precipitation in data-scarce regions worldwide.
Advanced SPPs data fusion techniques for infrared (IR) and
microwave (MW) datasets should be explored.
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