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Abstract: The limitation in the possibility of dealing with precipitation data sources with appropri-
ate spatial-temporal distribution is a significant challenge in different parts of the world. Satellite-
based precipitation (SBP) is becoming a dependable method for obtaining highly detailed rainfall
estimates worldwide. However, the uncertai ssociated with SBP remains significant and cannot
be used without proper assessment, frequeanuiring bias correction. In this study, the effective-
ness of five different SBP methods (GPM, GPCP, CHIRPS, PERSIANN-CDR, and PERSIANN) in
accurately replicating observed monthly rainfall was evaluated at 28 stations located in the western
region of Saudi Arabia. The most performed products were corrected using different bias correc-
tion methods. After conducting the analysis, it was found that the GPM product had the highest
correlation coefficie 0.56 and the lowest RMSE and MAE values among other products. As a
result, GPM was theﬁ

Neural Network (ANN) was more effective than traditional bias correction methods, including lin-

of the other SBPs. Regarding the best bias correction method, the Artificial

ear scaling, nonlinear, and quantile mapping methods. The average correlation coefficient before
bias correction for GPM, GPCP, CHIRPS, PERSIANN-CDR, and PERSIANN on a monthly basis
was 0.52, 0.4, 0.2, 0.43, and 0.26, respectively. This study asserts that the GPM may be deemed a
dependable source of precipitation data for hydrological studies in the western region of Saudi Ara-
bia.

Keywords: Precipitation products, ANN, GPM,Makkah, Saudi Arabia.

1. Introduction

Precipitation is an important factor in the water and energy cycles, with significant
implications for hydrometeorology, agriculture, and water supply [1-4]. However, it is
difficult to get dependable and enduring global precipitation data that has both high
spatial and temporal resolutions [5-8]. While ground rain gauges can provide high
temporal frequency precipitation information, the uneven distribution and scarcity of
rain gauge networks limit their accuracy [9-12]. Thus, satellites have emerged as a viable
option for monitoring precipitation on a regional or global level, offering a high level of
accuracy in both temporal and spatial dimensions [13-15].

Several studies have compared ground gauges and satellite products, and many
correction approaches have been proposed [16,17]. Satellite products have become famous
since they give more spatial coverage and temporal resolution than ground rain gauges
[18,19]. Several satellite precipitation products have been created internationally. There

are five commonly utilized open-sourced satellite products: GPCP (Global Precipitation
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Climatology Project), PERSTANN-CDR (Precipitation Estimation from Remotely Sensed
Information using Artificial Neural Networks-Climate Data Record) , GPM (Global
Precipitation Measurement), PERSIANN (Precipitation Estimation from Remotely Sensed
Information using Artificial Neural Netw and CHIRPS (Climate Hazards Group
InfraRed Precipitation with Station data) [15ﬁ23]. However, satellite products are prone
to systematic mistakes and biases, which may impair their accuracy [24,25]. To overcome
this, many bias correction methods such as linear and nonlinear regression methods,
quantile mapping, and machine learning techniques such as neural networks have been
developed [26-35].

The basic goal of statistical bias correction techniques is to establish a statistical link
between the variables being modeled and the observed data over the same historical time,
and then to use that relationship to project the model [36]. For example, the quantile-
based mapping approach aims to project the cumulative distribution function (CDF) of
the model outputs into the distribution of the observations. This strategy can enhance
not only the mean but the complete distribution of the variables [37-39]. Another bias
correction technique is the Artificial neural networks (ANNSs), which is are powerful
nonlinear regression algorithms that capable of approximating practically any
continuous input and output mapping [40,41]. ANN model is more practical than other
standard modeling methods because to its processing speed and capacity to handle
complicated nonlinear systems [42]. The ANN's robust, fault-tolerant, and parallel
structure, which makes ANN models a potent and resilient instruments for global climate
models and ecological research[43]. For instance, Maier et al. [44] reviewed more than
200 journal publications from 1999 to 2007 that used ANN models to predict flow in
rivers.

The quality satellite rainfall products have been evaluated in some regions in Saudi
Arabia. For example, Almazroui et al. [45] evaluated rainfall data for Saudi Arabia
collected by the Tropical Rainfall Measuring Mission (TRMM) between 1998 and 2009.
Although the TRMM product showed varying degrees of accuracy, Almazroui et al. [45]
suggest that TRMM can be used to make up for the absence of rain gauges. Tekeli [46]
had favorable results while using TRMM-3B42RT to identify an extraordinary
precipitation occurrence in Jeddah, Saudi Arabia. Tekeli and Fouli [47] proposed an early
flood warning system for Riyadh using the TRMM rainfall product for flash flood
forecasting and came to the conclusion that during such a severe occurrence, the TRMM
product might give some useful information. The three IMERG products were verified
by Mahmoud et al. [48] over Saudi Arabia using ground rainfall measurements at daily
and event time periods. They recommended adopting the IMERG Final version as an
additional or alternative source of precipitation data for locations that have inadequate
or nonexistent readings. AL-Areeq et al. [49] compared the performance of the three
satellite rainfall products: IMERG, TRMM, and PERSIANN-CCS, across a 1725 km? arid
watershed over Makkah watershed. The study suggested that IMERG's Early and late

products are more reliable for predicting rainfall and its hydrological effects in arid areas.
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The motivation of this study is to improve the accuracy of precipitation estimates in

the region and to provide more reliable information for various applications, including

Ewater resource management, agriculture, and disaster management. The specific of this

11

study include the following: a) comparison of the accuracy of multi-satellite-based
precipitation estimates with ground-based measurements in Makkah region; b)
evaluation of the effectiveness of bias correction methods, such as statistical methods,
and machine learning methods, in correcting the systematic errors or biases in satellite-
based estimates of precipitation in the study area; c) provide recommendations for the
selection of bias correction methods based on the characteristics of the datasets and the
specific application in Makkah. The findings of the study can significantly enhance water
resources management in Saudi Arabia. Considering the limited number of rainfall
monitoring stations available in the study area, satellite data can be a valuable source of
information. Once corrected, it can offer a comprehensive view of rainfall patterns across
the study area, especially in the sparsely populated eastern part of the Makkah region.
By analyzing long-term satellite data records, decision-makers can obtain insights into
rainfall trends and climate variability over time. This information can prove to be
invaluable in making informed decisions.

The current work is structured as follows: Section 2 provides an overview of the
materials and procedures used in the study. The evaluations' outcomes are shown in
Section 3, while the discussion is presented in Section 4. Conclusions are finally presented

in Section 5.

Material and Methods

Study Area

Makkah region is considered the one of the most important regions in Saudi Arabia
because of its historical and religious significance, high population density, economic
significance as the commercial hub, and placement at the center of the western region's
middle section. The Red Sea, Riyadh Province, Al-Madinah Al-Munawwarah, and the
provinces of Al Baha and Asir form the western, eastern, northern, and southern limits
of Makkah's administrative boundaries (Fig. 1). Makkah's 141,216 km? administrative area
is located between 18° 15" and 23" 50" N latitude and 38" 42’ to 43° 47’ E longitude. From
1966 to 2010, yearly rainfall over Makkah City ranged from 3.8 to 318.5 mm, with an

annual average of 102.6 mm [50].
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Figure 1: The study area
1.2 Ground Rain Gauge Data

Surface meteorological stations provide daily observation data, which is
acquired from the Ministry of Environment, Water, and Agriculture. This research used
daily precipitation data from January 2015 to November 2020 collected from 28 stations
to verify the accuracy of the Satellite precipitation product. The quality of precipitation
data was assessed for outliers, normality, homogeneity, and bias using four statistical

tests: Kolmogorov-Smirnov, Shapiro-Wilk, Lilliefors, and Breusch-Pagan.

1.3 Satellite Products

The key features of the five satellite-based precipitation products (SBPs)
employed in this study are shown in Table 1. The SBPs were obtained from their
respective host websites, which are both free and open source. CHIRPS, PERSIANN, CDR,
GPCP, and GPM are the five SBPs under consideration. CHIRPS was created principally
by the USGS Famine Early Warning Systems Network and the University of California's
Climate Hazards Group [51]. With a high spatial accuracy of 0.05 from 50S to 50N, it has
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supplied precipitation products worldwide since 1981. The CHIRPS has attracted a lot of
attention and found a lot of uses recently because to its long recording periods and
excellent spatial resolution [52,53].

The University of California, Irvine's Center for Hydrometeorology and Remote
Sensing developed PERSIANN [21]. PERSIANN calculates the precipitation rate using
cloud-top temperature inferred from IR pictures [54]. PERSIANN CDR, with a three-
month time lag, is a long-term (from 1983 to the present) daily calibrated product with
a reasonably high spatial resolution (0.25) that is commonly used for trend analyses of
hydrometeorological events. In this work, PERSIANN CDR (hereinafter referred to as
PERSIANN) was used for the comparison analysis.

The GPCP monthly precipitation dataset is a collaborative analysis of global
rainfall patterns spanning from 1979 to the present. Data from multiple sources are
merged on a worldwide 2.5° 2.5 grid, including microwave-based estimates from the
Special Sensor Microwave Imager (SSM/I), rainfall estimations derived from surface rain
gauges, infrared (IR) observations made by geostationary and polar-orbiting satellites.
The analytic approach is intended to capitalize on the unique capabilities of the distinct
input datasets, particularly in terms of bias reduction [55].

GPM was created by NASA in partnership with JAXA as the successor to NASA's
TMPA and is another extensively used precipitation product of the GPM mission
generated with the IMERG algorithm[56]. The extensive and uninterrupted historical data
of the retroactive IMERG precipitation product enhances its usefulness in the field of
hydrometeorology research and practical applications. The IMERG Final Run, which has
been calibrated using data from the Global Precipitation Climatology Centre (GPCC)

rain gauges, provides more accurate estimates and has been used for comparison in this

study.
Table 1. Summary of satellite-related precipitation products used in this study
Finest temporal .
Data set Resolution coverage Period
resolution

CHIRPS 0.05°x 0.05° 50N - 50°S Daily 1981- present
PERSIANN 0.25°x 0.25° 60 S-60 N Daily 1983-present
CDR 0.25°x 0.25° 60 S-60 N Daily 1983-present
GPCP 950x 950 Global Monthly 1979-present
GPM 01 °x 0.1° 60 S- 60 N Daily 2000-present
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158
1.4 Precipitation Correction Methods 159
1.4.1 Linear correction method 160

In the linear correction approach, the daily precipitation quantities (P) obtained from 161
the satellite are adjusted using a transformation equation, resulting in a transformed 162

variable (P*). This transformation equation is given by 163
P* =aP 1) 164

where (a) represents the scaling factor. The scaling factor (a) is determined by the 165
ratio of the monthly mean observed precipitation (0) to the monthly mean precipitation 166
from the satellite (P). 167

The linear correction approach is classified within the same category as the 'factor of 168
change' or 'delta change' method, as discussed by Hay et al. [57]. The present approach 169
possesses the benefit of being straightforward and requiring a little amount of data. 170
Specifically, it needs just monthly climatological data in order to compute monthly 171
correction factors. Nevertheless, focusing solely on adjusting the average monthly 172
precipitation might potentially skew the comparative fluctuation of the distribution of 173
precipitation across months and may have negative consequences on other statistical 174

measures of daily precipitation probability distribution [58]. 175

14.2 Nonlinear correction method 176

The authors of [59,60] advocate using power-law adjustments since a linear scaling 177

factor will change the mean of the monthly precipitation but will not change the standard 178

deviation of the precipitation. 179
P* =qP? 2) 180
where b is a scaling exponent. 181

It has an advantage with the linear technique in that it calls for monthly observed data, 182
but it also requires knowledge of the coefficient of variation of precipitation (CV) in 183
addition to the mean. While the nonlinear approach does not directly address biases in 184

higher-order moments, it does mitigate them to some extent 185

24.3 Quantile Mapping 186
Additional bias correction strategies that are more flexible also aim to modify 187

the variance of the model distribution in order to align it more accurately with the ob- 188
served variance [61]. Quantile mapping is a generalized technique that encompasses all 189
of these techniques. It involves the use of a quantile-based modification of distribu- 190
tions[62]. 191
The widely used nonparametric quantile mapping technique involves aligning the em- 192
pirical cumulative distribution function (CDF) of satellite-derived precipitation estimates 193

with those of gauge measurements by the use of a transfer function. The procedure for 194
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=

computing the empirical cumulative distribution functions (CDFs) is described by
Wilks[63] and used for the quantile mapping (QM) of daily precipitation data from cli-
mate models by Themefl et al. [64].

2.4.4 Artificial Neural Network (ANN)
An artificial neural network (ANN) methodology is used to acquire knowledge of the
bias structure by analyzing historical model outputs and their related observations [36].
The capacity of artificial neural networks (ANNs) to generalize is enhanced by including
diverse forms of information and using a sufficiently big network to prevent overfitting
to the specific stored knowledge and experiences. The architecture of the artificial neural
network (ANN) is derived on the organization of biological brain systems, with numerous
layers of artificial neurons (also known as nodes). The input layer is composed of input
nodes that are linked to the input variables. The hidden layers, which may be one or
more, are also connected to the input nodes. The output layer consists of output nodes
that provide the output variables.
To determine the bias-corrected precipitation from the Satellite precipitation using ANN,
a direct mapping is performed using the Satellite precipitation as the input and the ob-
served precipitation as the output.
The objective is to optimize the performance and decrease the Root Mean Square Error
(RMSE) of the corrected precipitation, while also assuring a tighter alignment with the
standard deviation and mean of the measured precipitation. The optimal output was ob-
tained using a three-layer feed-forward network with 35 hidden nodes. Out of a total of
214 data points for monthly precipitation, 150 (70%) are allocated for training, 32 (15%)
for testing, and the remaining 32 for verification (15%).
The determination of the number of hidden layers often involves a trial-and-error ap-
proach [65]. The best number of hidden layers in this research was 35 as a result of trial
and error.

Figure 2 depicts the arrangement of a feedforward three-layer artificial neural network
(ANN). These types of artificial neural networks (ANNs) have a broad range of applica-
tions, including data storage and retrieval, pattern classification, input-output mapping,

pattern grouping, and solving limited optimization problems.

Output

Input

Figure 2 Setting up a Feedforward Three-Layer ANN Configuration for bias Correction
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1.5 Statistical Evaluation 231

The performance of the satellite products was evaluated by comparing it with the 232
monthly rainfall data obtained from each rain gauge. The rainfall data for the same 233
latitude and longitude was collected from both the satellite and the rain gauge and then 234
integrated into a monthly scale. After that, a comparison was made using four statistical =~ 235
metrics - Correlation Coefficient (CC), Relative Bias (RB), Mean Absolute Error (MAE), 236
and Root Mean Square Error (RMSE). The CC indicates the level of agreement between 237
the satellite estimation and the rain gauge observation regarding dynamics. The RB 238
measures the systematic bias of satellite rainfall from rain gauge observations. The MAE 239
provides the magnitude of inaccuracy, while the RMSE calculates the average absolute 240

error of satellite rainfall. Smaller values of RMSE suggest more agreement between the 241

two datasets. 242
243
Table 3: Statistical metrics for evaluating SBP 244
Optimal
Statistical Metrics Formula
Value
1 n
Root Mean Square Error (RMSE) RMSE = _Z(xi — ;)2 0
ne
NG =) 0 -7
correlation coefficient (CC) CC = — =1 l_ Elyl Y) — 1
VI G =072, O — V)
n L —
Relative bias (RB) RB = w * 100 0
i=1Yi
n . — .
Mean Absolute Error (MAE) MAE = Liz1 Iy — xil 0
n

Note: y; denotes gauged rainfall; x; denotes satellite rainfall; n denotes the number of samples in the rainfall data pair 245

time series; y and X denote the mean of the gauge and satellite rainfall datasets, respectively. 246
2. Results 247
2.1 Evaluation of precipitation products at the monthly scale 248

The geographical distribution of the annual average rainfall, as determined using 249
observed data and SBPs, is shown in Figure 2. The IDW approach was employed to 250
interpolate all the SBPs to assess their effectiveness in reproducing the geographical 251
distribution of rainfall. For IDW interpolation, a pairwise comparison was performed with 252
the rain gauge locations as the reference. The rainfall from each satellite product was 253
obtained at the 28 locations, and then IDW interpolation was performed. Figure 2 shows 254
the actual and predicted rainfall distribution for the Makkah region. The research area 255

included both low rainfall regions in the northeast coastal region and high rainfall zones 256
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in the middle part of Makkah. The PERSIANN dataset tends to overestimate precipitation
levels over the whole study area, with particularly pronounced overestimation in the
western region. Conversely, the GPM dataset indicated considerably greater rainfall in

the northern portion of the Makkah region.
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Figure. 2 Annual average rainfall estimated using (a) observed data, (b) GPM, (c) GPCP, (d) PERSIANN -CDR,(e)

CHIRPS, and (f) PERSIANN.

Comparisons were performed using scatterplots of monthly precipitation from all
precipitation products and the rain gauge data over the study area. Figure 3 shows the
best and worst performers among the precipitation products. Overall, the GPM product
showed the highest level of accuracy, while the PERSIANN product showed the weakest
performance in terms of RMSE, CC, RB, and MAE values. To enhance the overall
performance of IR-based algorithms, it is recommended that rainfall estimates be
corrected with data from rain gauges at different elevations[66] . Given that the GPM
product was the only one to be better in all statistical criteria, bias correction methods

will only be applied to GPM, as will be discussed in the following section.
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Figure. 3 Scatterplots of monthly precipitation from all gridded products against the observed

rain gauge data over the study area. Angle between 45°(dashed) line and the regression (continuous)

line is representative of the bias between series.

2.2 Evaluation of Bias correction methods

Figure 4 presents four scatter plots of different correction methods (linear, nonlinear,

QM, and ANN) compared to observed data. The x-axis represents the gauge observed

data (mm), and the y-axis represents GPM corrected data (mm). The red regression lines

indicate the fitted models, while the 45-degree line is used as a reference. The results

show that the linear method clusters data points around lower gauge values, while the

nonlinear method has more spread in data points. The QM method has a wider spread

of data points, while the ANN method shows a uniform distribution across gauge values.
The ANN method shows the best results, with an RMSE of 13.75, CC of 0.59, RB of 0.025
and a MAE of 6.89.
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Figure 5 Scatter plots of different correction methods (linear, nonlinear, QM, and ANN) compared to observed data

3.

Discussion

The focus is on evaluating and contrasting many satellite-based precipitation products
(SBPs) for the Makkah region. We performed a comparative study of the rainfall time
series at six sites from 2015 to 2020 to evaluate the performance of the SBPs. Four statis-
tical indicators were used for assessment, and the results were shown in Figure 3. The
results show that GPM had the lowest median Root Mean Square Error (RMSE) value
among the SBPs, indicating it performed the best. PERSIANN, on the other hand, had
the largest RMSE value, indicating worse accuracy in replicating actual rainfall. The GPM
also demonstrated a robust association with the observed station data, as seen by its
higher correlation coefficient (CC) value in comparison to other SBPs.

Overall, our findings showed that satellite products significantly overestimated Rainfall.
Previous studies on Satellites showed that products often overestimate rainfall in arid
regions due to various factors [67]. One factor is the limited ground-based rain gauge
networks in the study regions which lead to sparse data coverage, making it challenging
to estimate precipitation. Additionally, the topographical complexity of the study area,
such as mountainous terrain, can further contribute to inaccuracies in satellite-based
rainfall estimates[68-70]. Therefore, Bias correction techniques, such as ANN, are crucial

in improving the performance of satellite products by adjusting for these overestimations.
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Furthermore, the frequency and intensity of rainfall events in the study area differ from 311
those in more temperate areas, leading to discrepancies in estimating rainfall amounts. 312
A combination of data limitations, terrain complexities, and regional climatic 313
characteristics contributed to the tendency of rainfall satellite products to overestimate 314

precipitation in the study regions. 315

The findings show that, based on the compilation of average monthly observed and sat- 316
ellite rainfall data from 2015 to 2020, the GPM has a superior match in comparison to 317
other SBPs. PERSIANN-CDR showed good performance following GPM, however, PER- 318
SIANN had the lowest accuracy in representing the observed rainfall probability. The 319
research indicates that GPM is the most dependable SBP for rainfall estimation in the 320
Makkah area because to its persistent reduced errors, greater correlation with observed 321
data, and superior fit to the observed rainfall distribution. The results underscore the 322
significance of choosing suitable SBPs for precise rainfall evaluation and point out the 323

constraints of specific datasets in this specific area. 324

4. Conclusion 325

This research assessed the accuracy of five SBP approaches (GPM, GPCP, CHIRPS, 326
PERSIANN-CDR, and PERSIANN) in recreating observed monthly rainfall at 28 locations 327
in western Saudi Arabia. Calculating the RMSE, CC, RB, and MAE allows for a more 328
accurate representation of the disparity between the data collected from satellite-based 329
precipitation (SBPs) and the data collected from observations. The results show that the 330
GPM has the best performance, with a CC of 0.27 and an RMSE of 17 mm, while the 331
CDR comes in second with a CC of 0.19 and an RMSE of 19.2 mm. On the other hand, 332
the CHIRPS has the second-worst performance, with an RMSE of 21.6 mm and a CC of 333
0.04. The PERSIANN has its worst performance, with an RMSE of 57.3 mm and a CC of 334
0.07. In terms of performance, GPCP is somewhat in the middle, with a CC of 0.15 and 335
an RMSE of 19.9 mm. 336
For bias correction, several correction algorithms may be used, including linear, 337
nonlinear, QM, and ANN. The findings indicate that the linear technique tends to group 338
data points closer to lower gauge values, while the nonlinear method exhibits more 339
dispersion across data points. The QM technique exhibits a greater dispersion of data 340
points, but the ANN method demonstrates a consistent distribution across gauge values. 341
The ANN technique demonstrates excellent performance, achieving a RMSE of 13.75,a 342
CC of 0.59, a RB of 0.025, and a MAE of 6.89. 343

Artificial neural network (ANN) machine learning approaches were shown to be more 344
successful than classic bias correction methods such as linear scaling, nonlinear, and 345
quantile mapping methods. The results indicate that the GPM product is a reliable 346
instrument for precisely recording rainfall patterns in the research region. 347
As shown in this research and several others, satellite products indicate bias. Therefore, 348

while there have been advancements in technology to provide accurate precipitation data, 349
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more study is needed to improve bias correction approaches and prioritize the use of

machine learning technologies. Our next research target is envisioned like this.
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