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Abstract

Water security is a significant challenge for the Saudi Arabia Kingdom’s development
and stability, affecting other economic sectors beyond the water sector. Insufficient water
resources are causing economic and social crises; addressing this issue is crucial for the
country’s growth and stability. This study aims to manage water resources in central
Saudi Arabia (Wadi AS SAHBAA) through a two-level approach. The first level involves
extracting rainfall amounts from satellite imagery to predict future rainfall intensity using
PERSIANN-CCS-CDR data. The second level focuses on monitoring groundwater recharge
using geographic information systems (GIS) and remote sensing techniques. The study
further seeks to understand rainstorm behavior influenced by climate variability and
applies geomatics techniques for quantitative analysis. The results show that the Wadi
AS SAHBAA basin receives an annual precipitation of 116.6 mm/year and mean annual
precipitation of 9.7 mm. The year 2019 experienced the highest recorded precipitation,
reaching 222.3 mm and mean annual precipitation of 18.5 mm. Between 2013 and 2019,
the AS SAHBAA region experienced increased rainfall driven by intense storm events;
however, it declined during the period 2020–2022. Moreover, 2021 recorded the lowest
annual precipitation of 53.8 mm with mean annual precipitation of (4.5 mm), possibly linked
to reduced storm activity due to the COVID-19 pandemic. The study uses several methods
to estimate groundwater recharge from rainfall and concludes that the average infiltration
during 2013–2022 was varying from 1.59–36.63 mm, representing about between 1.03 and
28.5% of total rainfall. This is reflected in groundwater storage capacity, which ranges
from approximately 1.65 to 38.27 million m3 yearly. This study provides a framework for
monitoring precipitation and groundwater recharge and offers practical recommendations
for regional development and sustainable water management.
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1. Introduction
World countries, especially dryland countries, face significant challenges in managing

water resources due to the rapid increase in urban and rural populations, coupled with
surface water scarcity in dry seasons, climate change, urbanization, deforestation, land
degradation, and expanded irrigation systems, which has heightened concerns regard-
ing the sustainable management of water resources [1–5]. Water is crucial for economic
and social development, meeting human needs, managing environmental issues, and
ensuring economic sustainability [6–8]. The management of water resources, including
rivers, groundwater, and catchments, is crucial for environmental, economic, and polit-
ical reasons [9]. Climate change increases the frequency of disasters and environmental
consequences, but hydrological factors like slope, vegetation, elevation, and urbanization
contribute to flash floods. However, hydrological measurements and observations are
sporadic and insufficient to fully understand hydrological processes [10,11]. Most data are
limited and gathered through pilot projects and independent case studies, which cannot
represent the diversity within dryland settings [12]. The interaction between surface water
and groundwater is crucial for understanding the quantitative and qualitative regime
of dependent hydrosystems [13]. A multi-scale approach combining cross-disciplinary
techniques can reduce uncertainties and provide an optimal understanding of groundwater
and surface water exchanges. The simulation process is an effective tool for this analysis
but requires a variety of data, detailed hydrosystem analysis, and time to finalize a reliable
solution. The results of the simulation process contribute to raising awareness for water
protection and improving management strategies.

Climate change, characterized by high temperatures, precipitation, floods, and global
sea-level rise, is the most significant issue in recent decades [14,15]. Globally, severe weather
conditions are prevalent, leading to flooding and significant infrastructure damage [16,17].
A long-term, accurate precipitation dataset is necessary for analyzing climate simulation
models and hydrological studies [18–22]. Precipitation is a crucial component of the global
hydrological cycle and plays a vital role in regulating the climate system [23–25]. Precipita-
tion estimation is crucial for essential phenomena like ground-water recharge assessment
and flood and drought monitoring, highlighting its importance in water resources [26–29].
Precipitation estimates are typically conducted using on-ground rain gauges, which pro-
vide real-time rainfall data but lack geographically dispersed data [30–32]. Long-term data
gauge monitoring systems require significant financial and technological investment.

Rainfall quantification is challenging due to unequal distribution and geographical
inhomogeneity, especially in dry and semi-arid environments with strong rainfall intensity.
Spatial unevenness in storms further complicates the process [33–39]. During the last
three decades, numerous satellite-based global precipitation datasets have been developed
and implemented, with spatial resolutions ranging from 0.04◦ to 2.5◦, temporal resolutions
from 30 min to monthly intervals, and temporal coverage extending up to 40 years. Their
usability depends on the application type, accuracy, latency, and temporal and spatial
resolutions of the estimates [40–42]. The spatial and temporal variability of precipitation
strongly affects catchment behavior and the performance of hydrological models. There-
fore, high-resolution precipitation datasets are essential for accurately simulating runoff
processes [43–49]. The Tropical Rainfall Measurement Mission (TRMM) in 1997 advanced
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satellite-based precipitation products. The 2018 GPM mission, launched with multiple pas-
sive microwave sensors, provides global coverage through combined observations [50–55].
PERSIANN-CCS-CDR is a satellite-derived precipitation product that provides daily rain-
fall estimates spanning more than 30 years at a spatial resolution of 0.25◦ × 0.25◦ across
the 60◦S–60◦N latitudinal range [56]. The PERSIANN-CDR algorithm uses GridSat-B1’s
infrared brightness temperature archive as input and then uses the monthly Global Precip-
itation Climatology Project (GPCP) version 2.3 product to bias-correct rainfall estimates
at 2.5◦ × 2.5◦ spatial resolution [57–59]. PERSIANN-CCS is a cloud-patch algorithm that
extracts features from infrared cloud images under specific temperature thresholds, includ-
ing segmentation, extraction of temperature, geometry, texture, classification using SOFM
clustering algorithm, and relationship between brightness temperature and rainfall rate [60].
The 2014 NASA GPM IMERG algorithm, a PMW rainfall calibrated PERSIANN-CCS, is
now available for public use through the CHRS data portal [50,61].

Groundwater recharge is crucial for sustainable groundwater development, and quan-
tification of recharge amounts in groundwater aquifers is essential for sustainable devel-
opment [62–65]. Groundwater recharge may occur naturally through direct infiltration of
precipitation or seepage from adjacent water bodies, as well as artificially through human
activities such as irrigation, urban development, and river diversion. Not all rainwater
reaching the ground infiltrates or contributes to groundwater recharge, as portions are
lost through evaporation, transpiration, and surface runoff. The infiltrated fraction replen-
ishes soil moisture and recharges the aquifer [66]. Baseflow separation is the most used
technique for estimating groundwater discharge and recharge from streamflow records.
This method involves estimating a continuous record of baseflow from the hydrograph,
requiring long-term records and manual methods [67–71]. The link between the expansion
of irrigated agricultural land and groundwater depletion was very important, as irrigated
areas grew and groundwater levels fell, demonstrating a reliance on groundwater due to a
lack of surface-water sources [72].

The Arabian Peninsula is facing severe water scarcity due to population growth, urban-
ization, and climate change. The region’s arid and semi-arid climates rely on groundwater
resources for freshwater, but groundwater depletion is a major concern [73]. The region’s
arid to semi-arid climate is causing extreme stress to groundwater resources due to high
temperatures, low rainfall, and high evapotranspiration [74,75]. The kingdom of Saudi
Arabia (KSA) is grappling with significant challenges due to high agricultural demand and
the elevated costs associated with water supply and drainage services in urban areas [76,77].
During the 1970s, groundwater resources were primarily used for agriculture, but rapid
urbanization, industrial growth, and population growth have led to a growing concern
for the quantity and quality of groundwater resources in water-stressed regions [78]. KSA
ranks third globally in freshwater consumption, increasing from 227 L/capita/day in 2009
to 278 L/c/day in 2018; however, 80% of the country’s water supply demand come from
groundwater [79,80]. Over the past three decades, groundwater exploitation in KSA has
significantly increased, reaching 17 billion m3/year [81]. Future irrigation water demands
are expected to increase as a result of projected temperature rises in regions such as Al Quas-
sim, Al Jawf, Ha’il, Al Madinah, the Northern region, Najran, Baha, and Tabuk, leading to
a greater need for water resources [49]. The kingdom’s water requirements, estimated at
24.8 billion cubic meters in 2015, are increasing at a constant 7% rate, with the agricultural
sector accounting for 84% of the total water demand [82]. The demand–supply imbalance,
worsened by climate change, has led to the rapid depletion of nonrenewable groundwater
reserves, rendering water a scarce renewable resource in arid climates [83–85].

Despite the considerable number of studies addressing groundwater resources and
precipitation estimation in arid and semi-arid regions, several critical research gaps still
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exist. First, most previous studies in the Arabian Peninsula, particularly in the kingdom of
Saudi Arabia, have primarily relied on either ground-based observations or single-source
satellite datasets, with limited efforts to integrate long-term, high-resolution satellite pre-
cipitation products such as PERSIANN-CCS-CDR with hydrological and groundwater
recharge assessments. Second, there is a lack of comprehensive spatio-temporal analysis
linking climate variability, precipitation dynamics, and groundwater recharge processes
under changing climatic conditions, especially at regional and basin scales. Moreover,
previous research has often focused on either groundwater depletion or precipitation vari-
ability independently, without establishing a robust quantitative relationship between
rainfall patterns and groundwater recharge coefficients. In addition, the uncertainties
associated with satellite-based precipitation estimates in arid environments—characterized
by high spatial variability and extreme rainfall events—remain insufficiently evaluated.
Therefore, this study introduces a novel integrated approach that combines long-term
satellite-derived precipitation datasets (PERSIANN-CCS-CDR) with groundwater recharge
estimation techniques to assess the spatio-temporal variability of recharge processes in
a data-scarce arid environment. The study further enhances existing methodologies by
incorporating recharge coefficient analysis and evaluating the reliability of satellite pre-
cipitation data for hydrological applications in Saudi Arabia. This integrated framework
provides new insights into sustainable groundwater management under climate change
and supports decision-makers in optimizing water resource utilization in arid regions.

2. Materials and Methods
2.1. Study Area

Wadi AS SAHBAA is one of the largest drainage basins in the kingdom of Saudi
Arabia, extending across the central part of the country along a southwest–northeast axis.
The basin originates in the highlands of central Saudi Arabia, particularly within the
Tuwaiq Mountains, and terminates at Sabkhat Al-Hamr, located in the Eastern Province
near the Al-Batha border crossing. After traversing the Ad-Dahna Desert, the wadi re-
emerges approximately 100 km further east under a different local name. Historical
cartographic records dating from the 12th to the 19th centuries depict this drainage system
as a continuous linear feature extending across the Arabian Peninsula, commonly referred
to as Wadi Afnan [86,87]. The valley’s upper basin comprises two ancient river systems
from the Pleistocene and Holocene eras: Wadi Lahi in the south and Wadi Barak in the north,
which meet in the Al-Kharj region after crossing the Tuwaiq Mountains [88]. Spatially, Wadi
AS SAHBAA extends between latitudes 21◦35′14.368′′ and 25◦26′12.695′′ N and longitudes
42◦50′30.443′′ and 51◦06′49.466′′ E (Figure 1). The total area of the basin is approximately
138,677.3 km2, encompassing 126 sub-basins that range in size from 18.6 to 24,473.1 km2.
The basin is bordered by several major urban centers, including Riyadh, Al-Kharj, and
Hawtat Bani Tamim. Overall, the wadi extends for approximately 845 km along a west–east
axis, with its headwaters located in the elevated terrains of central Saudi Arabia.

The study area’s geographical location in the central part of the Arabian Peninsula,
combining highlands, plains, and valley courses, contributed to its diverse geological
features. This exposure of various layers influenced the region’s geomorphology and the
rate of surface water feeding the groundwater reservoir. The Wadi AS SAHBAA, covering
7.2% of Saudi Arabia’s kingdom, is part of the Najd Plateau, where limestone rocks whose
formation dates to the Jurassic and Cretaceous periods in the second era and to the Eocene
and Miocene periods in the third era [89,90]. With a total length of 208,747 km, the Wadi
AS SAHBAA Basin is made up of 126 sub-basins and 117,825 streams. With 18.6% of
the valley’s total area, the Barak Valley is the biggest tributary. The Lahi Valley comes in
second with 10.5%. Its tributaries include Wadi Al-Khumrah, Al-Amariyah, Bir Namar,
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Shuaib Laha, Baija, and Wadi Al-Ist and Al-Batha’. The city of Riyadh is situated on Wadi
Al-Batha’, with its confluence with Wadi Hanifa. The valley is home to numerous villages
and towns, including Al-Ainiyah, Al-Jubailah, Al-Diriyah, Al-Ha’ir, and Al-Kharj. The
valley ends in the Al-Kharj depression, with Wadi Al-Sulay and Wadi Nisah also ending in
this depression. From 52 m in the east, where the valley terminates at Sabkhat Al Hamr,
to 1504 m in the west, where the central Saudi Arabian highlands are located, the valley’s
surface level varies; 1452 m is the topographical extent of the valley. Less than 100-m-high
regions make up 0.1% of the valley’s total area, and less than 500-m-high parts make up
14.6%. Moreover, 9.3% of the valley is made up of areas that are higher than 1000 m. The
valley’s surface slope is 1.9◦, with highlands on its boundaries reaching 50.9◦. The valley’s
slope is estimated to be less than 2◦, with 17.8% of its area having a slope below 2◦, 66.9%
having a slope below 5◦, 85.5% having a slope below 5◦, and 0.6% having a slope above 30◦.

 

Figure 1. Location map of the study area.

2.2. Datasets
2.2.1. PERSIAN Data

This study aims to calculate the infiltration rates of surface water from rainfall into
the ground to feed groundwater reservoirs in central Saudi Arabia, requiring the use of
rainfall data for this calculation. Meteorological data from regional stations are highly
inaccurate in calculating water volume and infiltration due to its limited coverage at specific
locations. The study required continuous, spatially extended data to extract rainfall values
in the entire area. As it is a crucial database for assessing the region’s weather patterns,
PERSIAN data are used as rainfall datasets [91]. The PERSIANN-CCS-CDR is a long-term
dataset designed to provide accurate precipitation estimates from 1983 to present, offering
0.04◦ spatial and 3-hourly temporal resolution, making it a reliable tool for extreme event
detection and providing a reliable long-term solution [92].
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Traditional precipitation datasets usually force a choice between high-resolution
short-term data or low-resolution long-term records, often failing to capture extreme
weather accurately. PERSIANN-CCS-CDR resolves this by providing high-resolution, long-
term data. It merges the PERSIANN-CCS and CDR algorithms, utilizing geostationary
satellite and NOAA infrared data, and applies GPCP bias adjustments to ensure preci-
sion [56,62,81,93,94]. Public access to this dataset is provided via the NOAA National
Centers for Environmental Information (NCEI) and the Center for Hydrometeorology
and Remote Sensing (CHRS) data portal. The PERSIANN-CCS-CDR datasets are used to
calculate rainfall amount in the study area for 10 years for the period (2013–2022).

2.2.2. Digital Elevation Models (DEM)

Digital elevation models (DEMs) are essential components of remote sensing and
photogrammetry, serving as a core layer in spatial data infrastructure and national, regional,
and continental topographic databases [95]. There is an increasing focus on quantifying land
surface topography to better understand the complex interactions between Earth’s dynamic
systems, such as atmospheric, geomorphic, hydrologic, and ecological processes [96]. As
stated by [97,98], topography serves as an essential constraint and boundary condition
across multiple fields. It is critical for modeling flood risks and runoff, understanding
atmospheric boundary layer friction, and conducting research on global environmental
change and regional sustainable development. The growing need for wide-area DEMs,
such as TerraSAR-X and TanDEM-X, and global elevation data from the GEDI satellite
altimeter mission has surged. The increasing use of DEMs in topographic analysis has
facilitated a deeper understanding of geomorphic processes and landforms, as well as
improved height and biomass mapping [99]. DEMs are crucial in GIS for digital relief
maps, mapping, geospatial visualization, orthophoto generation, and three-dimensional
analysis in hydrology, environmental modeling, urban planning, and geology, serving as
the basis for digital relief maps, and are essential for various applications [100]. This study
utilizes data from the Shuttle Radar Topography Mission (SRTM), a collaborative project
involving NASA, the National Geospatial-Intelligence Agency, and the space agencies of
Germany and Italy. The mission captured topographical data using C-band and X-band
synthetic aperture radar (SAR) interferometry from antennas mounted on the space shuttle
Endeavour. The mission took place from 11 to 21 February 2000, imaging the Earth’s surface
between 60◦N and 56◦S, covering 80% of the Earth’s landmass. The longer wavelength of
SAR allows for smaller particles to be transmitted, while the higher signal-to-noise ratio
validates C radar processing and quality control [101–103]. The digital elevation models are
used to extract the Wadi AS SAHBAA catchment area and the subbasins of AS SAHBAA,
which are used to calculate surface water seepage into groundwater (Figure 2).

2.2.3. Geology

The geographical location of the study area, situated in the central Arabian Peninsula,
enhances its geological diversity through its combination of highlands, plains, and valleys,
which expose various geological layers that are crucial for the recharge of the region’s
groundwater reservoir (Figure 3). The exposed rocks play a crucial role in the mechanisms
of water seepage, specifically in recharge processes from the surface to the underlying
substratum. The permeability of these lithologies significantly influences surface water
flow; it facilitates easier movement through permeable rock types while hindering flow
in more compacted formations. Consequently, the geology of the surface terrain directly
impacts groundwater recharge (GWR) dynamics. Surface geological formations can be
summarized as follows:
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Figure 2. Surface Topography and Drainage Network.

• Precambrian Basement: The crystalline basement, primarily of Precambrian age, is
composed mostly of granitic rocks, including various granites, granodiorite, dior-
ites, and granite-gneisses of both plutonic and ultra-metamorphic origins [91]. The
rocks from this era exhibit impermeability, meaning they do not allow water to pass
through them.

• Permian Rocks: The formations from this era in the study area are characterized by
the presence of the Khuff formation. The sequence consists of four equal units, starts
with limestone and dolomite, unfossiliferous shale, limestone with gypsiferous shale,
and colored beds with petrified wood [104]. Good porosity has been observed ranging
from 4% to 18%, while the permeability ranges from 5 to 20 millidarcies (mD) [105].

• Permian–Triassic: this era represents the study area in Sudair shale, which predom-
inantly consists of sandy claystone. The lower section is composed of dark-red
massive shale. The upper section features calcareous siltstones and silty, impure
limestones [106]. The Sudair formation’s permeability values are typically less than
0.01 mD, indicating poor reservoir quality [107].

• Triassic Rocks: this section of the surface geology in the study area is represented
in the Jilh formation, which is primarily composed of clastic-rich mudrocks and
anhydrite from sabkha environments, interlayered with dolomitized carbonates [108].
The Jilh Formation, a tight Triassic formation, is characterized by its low porosity
and permeability.

• Triassic–Jurassic: Minjur sandstone is the Triassic–Jurassic formation in the study
area and is a Buff sandstone, ranging from fine to coarse grained, that often exhibits
crossbedding and can be calcareous, breaking down into small spherical concretionary
masses [109]. The permeability of Minjur sandstone is primarily determined by its
porosity, with levels reaching up to 34% and permeability of up to 3000 mD [110].
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• Jurassic Rocks: Jurassic marine rocks in central Saudi Arabia extend in a concave arc
westward, with a maximum thickness exceeding 1000 m. They are categorized into six
formations: Marrat, Dhurma, Tuwaiq Limestone, Hanifa, Jubaylah, and Arab forma-
tions. Aphanitic limestone is the predominant rock type mentioned, accompanied by
subordinate amounts of shale, sandstone, calcarenite, dolomite, and some anhydrite.

• Cretaceous Rocks: It consists of six formations: Sulaiy, Yamama, Buwaib, Biyadh,
Wasia, and Aruma. These formations consist of chalky aphanitic limestone and
biogenic calcarenite interbedded with fine sandstone at the top. The limestone section
includes subordinate dolomite and shale, with a lower portion that transitions to
sandstone [111].

• Tertiary Rocks: these formations are represented in two formations: Umm er Radhuma
and Kharj, which consists of limestone, including dolomitic limestone and dolomite,
found alongside lacustrine limestone, gypsum, and gravel.

• Quaternary Deposits: These are found in the study area in three types: Sabkha deposits,
which consist of salts, gypsum, and clay; Fluvial deposits, which consist of silt, sand,
and gravel; and Aeolian deposits, which consist of fine sand (dunes).

2.2.4. Soil Type

The soil types identified in the study area play a significant role in controlling ground-
water recharge, infiltration, and permeability processes. Lithosols are characterized by
very shallow depth over hard rock, which severely limits water infiltration and results in
very low groundwater storage capacity. Regosols, including calcareous regosols (Qc) and
calcaric regosols (Rc), generally exhibit moderate infiltration due to their loose and weakly
developed structure; however, the presence of calcium carbonate may reduce permeability
over time (Figure 3). Yermosols, such as haplic (Yh), calcic (Yk), and luvic (Yl) types, are
typical desert soils with low organic matter content and limited profile development. In
particular, calcic yermosols contain a calcic horizon that restricts deep percolation, while lu-
vic yermosols show clay accumulation that reduces permeability but may enhance moisture
retention in the upper layers. Additionally, solonchaks (Zo) are high saline soils with poor
structure, leading to very low infiltration rates and limited groundwater recharge. Overall,
these soil characteristics indicate low to moderate permeability and weak groundwater
storage potential, which, in turn, increases surface runoff and reduces deep infiltration in
arid environments. The FAO soil types in the study area are the following:

• Lithosols (I): Lithosols are very shallow soils that occur directly over hard rock. They
have extremely limited soil development, low water-holding capacity, and are gener-
ally unsuitable for agriculture due to their thin profile and poor fertility.

• Calcareous Regosols (Qc): Calcareous regosols are weakly developed soils that con-
tain a high proportion of calcium carbonate. They are typically found in arid and
semi-arid environments and are characterized by a loose structure and limited hori-
zon differentiation.

• Calcaric Regosols (Rc): Calcaric regosols are similar to other regosols but are specifi-
cally enriched with lime (calcium carbonate). These soils are young, poorly developed,
and often exhibit low organic matter content and weak structure.

• Haplic Yermosols (Yh): Haplic yermosols are typical desert soils with minimal horizon
development. They are dry, coarse-textured, and very low in organic matter, reflecting
the harsh climatic conditions under which they form.

• Calcic Yermosols (Yk): Calcic yermosols are desert soils characterized by the accu-
mulation of calcium carbonate within the soil profile, forming a calcic horizon. This
accumulation affects soil permeability and root penetration.
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• Luvic Yermosols (Yl): Luvic yermosols are desert soils that show evidence of clay
accumulation (argillic horizon). This results in some degree of profile development
compared to other yermosols, influencing water retention and soil structure.

• Solonchaks (Zo): Solonchaks are saline soils with a high concentration of soluble
salts. They commonly occur in arid and coastal regions where evaporation exceeds
precipitation, leading to salt accumulation. These soils pose significant limitations for
plant growth.

 

Figure 3. Surface Geology and Soil Types.

2.3. Methods

In order to better understand how water moves through drainage basins and leaks into
groundwater reservoirs, the study tracks water movement in the study region from cloud
formation to rainfall. Three steps comprise the methodology: monitoring clouds, assessing
danger, and calculating surface water seepage rates to replenish reservoirs. Figure 4 shows
the flow chart for methodology framework of the study. To research weather and climate
components using remote sensing systems like the NOAA satellite, satellite imagery is
essential. The density, temperature, and pressure distribution of atmospheric strata may be
defined mathematically using satellites.

2.3.1. Extract and Calculate Rainfall Amount

The PERSIANN project, under California University, uses neural network models to
extract rainfall data from satellite imagery, analyzing and modeling digital files from 2013
to 2022 to understand spatiotemporal variations in rainfall and its impacts on groundwater
reservoirs. The development of PERSIANN-CCS-CDR begins by extracting rain rate (RR)
data from the PERSIANN-CCS model, which estimates precipitation using global infrared
(IR) imagery. The IR input data transitions from GridSat-B1 (1983–February 2000) to
higher-quality CPC-4km data (March 2000–present) to ensure improved output accuracy.

In the next step, the 0.04-degree resolution grids are filtered using a 0.1 mm per 3-h
threshold to remove spurious light rainfall signals before being aggregated into monthly
totals. Finally, these high-resolution monthly accumulations are resampled to a 2.5-degree
resolution using bilinear interpolation, enabling direct spatial matching with the GPCP
v2.3 dataset for calibration.

RCum−PERSIANN−CCS(i′ − j′) =
nd

∑
nh

∑
{

62

∑
62

∑ r − PERSIANN − CCS(i′ − j′) ≥ thd

}
(1)

where RCum-PERSIANN-CCS and r-PERSIANN-CCS are monthly 2.5◦ aggregated PERSIANN-
CCS estimates and 30 min/3-hourly PERSIANN-CCS estimates at 0.04◦ spatial resolution; i
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and j are the latitude and longitude; nd and nh are the number of days and the number of
30 min/3-hourly PERSIANN-CCS samples in each day. The bias adjustment weights for
every monthly 2.5◦ grid cell are determined in the following step:

w
(
i′, j′

)
= w (i, j) × RGPCP

(
i′, j′

)
/RCum−PERSIANN−CCS

(
i′ − j′

)
, 0 ≤ w ≤ 25, (2)

where RGPCP is the monthly rain rate of GPCP for a given pixel. For additional processing,
the 2.5◦ weight grids are bilinearly interpolated to a spatial resolution of 0.04◦. Experiments
showed that weights may grow unreasonably enormous in places with minimal monthly
rainfall, especially at high latitudes and desert regions, leading to unrealistically high 3-
hourly rainfalls. A maximum weight of 2.5 is imposed in order to lessen this. The monthly
weights at 0.04◦ are added to each initial input rainfall rate (RR) grid in the last two phases,
with modifications made depending on whether the data came from 3-h or 30-min IR
intervals, using the following equation:

PERSIANN − CCS − CDR (i, j) = w (i, j) × r − PERSIANN − CCS
(
i′ − j′

)
(3)

 
Figure 4. Proposed methodology of the study.

The study used 120 digital images from the PERSIANN-CCS-CDR dataset, which were
then clipped using the outer borders of Wadi AS SAHBAA. The resulting file was converted
into a point feature class; about 7667 points cover all the AS SAHBAA basin, which are
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interpolated using IDW algorithm and extraction of monthly rainfall maps. The database
for vector data was run in WGS 1984 coordinate system zone 39 north, and the output cell
size was 1 km; the pixel with no rain data takes the value zero. The sub basins were used to
calculate the minimum, maximum, and mean of the groundwater recharge and also the
total volume of infiltration. The region’s data from the Riyadh Meteorological Station were
used to determine the highest single-day rainfall. After that, digital files were uploaded for
these storms’ dates over a single day.

2.3.2. Calculate Groundwater Recharge Rate

Rainwater that has seeped in replenishes the aquifer and replaces the soil’s moisture
deficit. Due to evaporation, transpiration, and runoff from the watershed, part of the
precipitation that reaches the earth may not completely permeate or contribute to the
groundwater. Groundwater recharge estimation can be achieved through various manual
or automated methods of baseflow separation [112]. Groundwater recharge is typically
estimated through water balance/water budget models, which consider the fluctuation
in well water levels and the specific yield of aquifer material [113]. The groundwater
balancing approach is a good way to measure groundwater recharge and gauge how
accurate other approaches are at measuring groundwater losses and recharge [114–116].
Various empirical connections between recharge and rainfall derived for various places
with comparable climates were used to evaluate rainfall recharge. Statistical studies suggest
that approximately one-third of the water applied to soil annually permeates to the water
table [117,118]. There were several methods for estimating the groundwater recharge.
Singh (1973) [119] proposed an equation for calculating recharge from rainfall:

Qr = {Cr − (Ro + Et)} × Ac (4)

where Qr is the volume of the water available for recharge, Cr is the contributing part
of the rain, Ro is the direct runoff, Et is evapotranspiration, and Ac is the area of the
catchment. Penman developed an equation to estimate evapotranspiration by integrating
the mass transfer method with energy balance using data on temperature, sunshine, relative
humidity, and wind speed. This equation is as follows:

ET =
∆ (Rni − Gi) + ρa

esi − eai
rai

∆ + γ
(

1 + rsi
rai

) (5)

where Gi is the soil heat flux, Rni is the net radiation from the surface, (esi − eai) is the
air’s vapor pressure deficit, rai and rsi are the aerodynamic and surface resistances, ρa is
the mean air density at constant pressure, cp is the air’s specific heat, ∆ is the slope of the
saturation vapor pressure–temperature relationship, and γ is the psychrometric constant.
Using Equation (5), the FAO Penman–Monteith equation was developed to estimate ETo:

ETo =
0.408∆(R nG) + γ T+27

900 u2 (es − ea)

∆ + γ (1 + 0.34u2 )
(6)

where ETo is evapotranspiration, Rn is net radiation, G is soil heat flux density, T is the
mean daily air temperature, u2 is the wind speed, es is saturation vapor pressure, ea is
actual vapor pressure, es − ea is saturation vapor pressure deficit, ∆ is slope vapor pressure,
γ is psychrometric constant. Among various methods for estimating evapotranspiration,
the Penman–Monteith equation is the standard reference approach.

The variability in groundwater recharge from rainfall is influenced by soil type and
geological conditions. For granite, the annual recharge is modeled as Rech = {0.172 (RF)–44},
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while for alluvial soil, it is Rech = {0.147 (RF)–6} [120]. Additional relationships between
annual recharge and rainfall have been proposed by Chandra and Saxena (1975) [121]:

Rech = 3.984 (RF − 40.4)0.5 (7)

where RF is rainfall (mm). Tonder and Kirchner (1991) [122] found a correlation between
groundwater recharge and rainfall in South Africa’s Karoo formations. They used a
triangular finite element network to assess aquifers’ relative saturated volume fluctuations,
revealing that recharge in Karoo formations is about 2% to 5% of annual rainfall. The
Tonder and Kirchner recharge formula is

Re = 0.024 (P − 51) (mm) (8)

where Re is groundwater recharge, and P is precipitation.
The previous equations were used to calculate groundwater recharge rates in the study

area from rainwater across 7667 cells covering the basin. Calculating groundwater recharge
at the point level for each year of the study yielded three values: maximum, minimum, and
average, which are presented in Table 3. The average groundwater recharge rate in each
equation was used to calculate the volume of groundwater recharge across the 126 basins
studied. The minimum value represents the product of the average recharge volume in the
smallest basins, the maximum value represents the product of the recharge volume in the
largest basins, and the average represents the average recharge volume across all 126 basins
in the region. This process was repeated by applying the three selected methodologies to
the basins throughout the study period (2013–2022).

Leakage during the lag time is known as the leakage that occurs at the onset of rainfall
and continues until the water appears on the surface of the earth and begins to flow. (Wilson,
1980) [123] uses the sub-basin characteristics such as basin area, topography, stream length
and number, lag time, and discharge time to estimate infiltration to the groundwater,
as follows:

LTL = a × TL × 0.08 mm/min (9)

TL = 0.6 × TC (10)

TC = 0.0078 × L0.77

S0.38 (11)

where LTL is leakage during the lag time, TL is lag time, 0.08 mm/mi. is the average
amount of leakage for all types of surface sediments, TC is time of concentration, L is the
mainstream length (m), and S is the elevation difference.

Seepage or leakage during discharge time m3 reflects the amount of leakage within
the bed rock that lies beneath the surface soil sediments that cover the sides and bottoms of
the basin, which is calculated through the following equation:

Se = a × Td × 0.158 mm/min. (12)

Td =
0.305 L1.15

7700 (0.305S0.38)
(13)

where Se is seepage, Td is basin discharge time, 0.158 mm/mi. is constant expressing the
original rock type, L is the mainstream length (m), and S is the elevation difference. The
total basin infiltration is calculated as the following equation:

BL = LTL + Se (14)

where BL is total basin infiltration, LTL is leakage during the lag time, and Se is seepage.
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3. Results
3.1. Rainfall Estimates from Satellite Imagery
3.1.1. Annual Precipitation

The average annual precipitation in the study area was 116.6 mm/year during the
study period (2013–2022). This value reflects the arid conditions that characterize the region
compared to other parts of Saudi Arabia, particularly the southwest, where annual precipi-
tation exceeds 200 mm, as in the city of Abha in the Asir region [29]. Annual precipitation
exhibited variability throughout the study period, characterized by fluctuations that were
influenced by the frequency and intensity of rainstorms affecting the region. Specifically,
the year 2019 recorded the highest annual precipitation, totaling 222.3 mm. This peak was
attributed to elevated rainfall rates resulting from multiple rainstorms passing through
the area. On the other hand, 2021 experienced the lowest annual precipitation, which was
significantly impacted by the COVID-19 pandemic. The pandemic led to a marked decline
in the number of rainstorms impacting the region, contributing to a drop in overall precipi-
tation levels. Fluctuations in annual precipitation throughout the study period exhibited
significant variability with changes ranging from 13.6% to 104.9%. Notably, there was a
pronounced increase in precipitation between 2018 and 2019, marking a peak in rainfall
activity for the region. However, this trend was sharply reversed in 2020, when annual
precipitation plummeted by 59.6%. This dramatic decrease was attributed to the disruption
of human activities during the COVID-19 pandemic, which saw its peak in 2021. Figure 5
illustrates the geographical distribution of rainwater concentration within the Wadi AS
SAHBAA basin. The data reveal a pronounced concentration in the northern, eastern, and
central regions of the basin, while a noticeable decrease in rain concentration is evident
in the western and far eastern areas. This pattern highlights the substantial influence of
surface topography on rainwater distribution across the basin.

Figure 5. Annual Precipitation Rate for Wadi AS SAHBAA (2013–2022).

3.1.2. Mean Annual Precipitation

The mean annual precipitation in the study area is 9.7 mm per year; this rate increases
in years with high precipitation rates and in months with increased quantity and quality
of rainstorms. The study’s annual change in mean annual precipitation in the Wadi AS
SAHBAA reveals 2019 as the highest year, with 18.5 mm of rain (Table 1 and Figure 6). The
table reveals fluctuations in expected rainfall in AS SAHBAA region from 2013 to 2022 with
a significant increase in rainfall distribution from 2013–2019 due to numerous rainstorms,
including the 18–19 March 2015 storm that caused 204 accidents in Riyadh and 8 injuries.
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The study period saw two major rainstorms in Saudi Arabia: 29 November 2015, which
flooded vehicles on the highway west of Riyadh causing schools to close for the second day,
and 28 November 2016, which led to numerous landslides and traffic accidents, resulting
in widespread flooding. The table shows a decrease in rainfall from 2020 to 2023, with
2021 experiencing the lowest mean annual precipitation of 4.5 mm. This is attributed to a
decrease in rainstorms and cloud activity, which was largely due to the cessation of human
activities during the COVID-19 pandemic. In 2022, the mean annual precipitation increased
significantly, reaching 6.6 mm. This was largely due to several rainstorms, with the most
notable being the December 10th storm, which raised the state’s alert level to red due to the
intensity of the rainfall and potential property losses.

Table 1. Annual and Seasonal Average Potential Precipitation for Wadi AS SAHBAA (2013–2022).

Year 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 Ave.

A
verage

Year Ave. 10.2 6.6 8.4 10.6 8.0 16.3 18.5 7.5 4.5 6.6 9.7

Total Rain 122.8 78.9 101.3 126.7 95.5 195.7 222.3 89.8 53.8 79.4 116.6

Change (%) - −35.7 28.4 25.1 −24.6 104.9 13.6 −59.6 −40.1 47.6 −3.5

Seasonal

Winter 13.4 7.7 2.8 10.1 13.7 11.3 23.8 4.1 7.0 7.6 10.2

Spring 14.9 9.3 19.7 28.6 14.2 19.8 41.0 16.4 5.8 6.4 17.6

Summer 2.3 0.0 0.3 1.0 0.9 1.4 3.6 1.0 4.1 7.9 2.3

Autumn 18.6 8.7 5.8 7.7 2.0 30.7 7.6 6.1 0.3 4.6 9.2

Note: Resource: PERSIANN–PDIR–NOW data analysis during 2013–2022.

 

Figure 6. Mean Annual Precipitation for Wadi AS SAHBAA (2013–2022).

The study area experienced a −3.5% decrease in mean annual precipitation from 2013
to 2022 due to a decrease in strong rainstorm rates, primarily due to changes in the number
and strength of rainstorms, which significantly increase in the spring and winter seasons
each year. The spatial variations in the mean annual precipitation on the study area shows
in Figure 7, revealing significant rainfall concentrations in the northern and eastern parts in

https://doi.org/10.3390/w18162023

https://doi.org/10.3390/w18162023


Water 2026, 18, 2023 15 of 38

certain years and in the northern and western parts in other years. In 2013, the study period
began with a mean annual precipitation of 10.2 mm, higher than the general average of
9.7 mm. Rainstorms were concentrated in the eastern and northern parts of the study area.
This year, numerous rainstorms occurred, resulting in medium to light rainfall. In 2014,
the region experienced a decrease in mean annual precipitation, reaching 6.6 mm, which
was below the average, primarily due to concentrated rainfall in the northern and western
areas, The change percentage during this period was −35.7%. In 2015, the mean annual
precipitation increased by 28.4% to 8.4 mm, but it still fell short of the average during the
study period.

 
Figure 7. Spatio-Temporal Changes in Potential Precipitation Volume for Wadi AS SAHBAA
(2013–2022).
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Most of the rainfall was concentrated in the eastern region, away from inlets. With a
change rate of 25.1%, the study area’s mean annual precipitation climbed to about 10.6 mm
in 2016. This is explained by the fact that there were a lot of rainstorms that year, the
most significant of which were on 28 February and 31 March. A decrease in the number
of rainstorms throughout 2017 caused the mean annual precipitation to drop by 24.6% to
8.0 mm, with most of the rainfall occurring in the southern portion of the basin. A rise of
104.9% from the previous year, the mean annual precipitation climbed to about 16.3 mm
in 2018. This was because there were more rainstorms that year, with the 28 October 2018
downpour being the most notable. The basin’s northeastern and northern regions received
the most rainfall.

The mean annual precipitation in the study region peaked in 2019 with 18.5 mm per
year, up 8.8 mm and 13.6% from the year before. Numerous heavy rainstorms that lasted
more than a day, such as the storms that occurred on 10 February and 13 April, produced
a lot of rain, which was mostly caused by vigorous wind and cloud activity. It should be
mentioned that the eastern portion of the research area—more especially the lower portions
of the basin—received most of the anticipated rainfall in 2019. The anticipated rainfall rates
in 2020 dropped significantly to about 7.5 mm, with a change rate of −59.6%. Throughout
the research period, the area had the highest rate of decline. In 2021, there was again
another drop, with a mean annual precipitation of 4.5 mm and a change rate of −40.1%.

The study area experienced a significant decrease in rainstorms over the last two years,
largely due to the global COVID-19 pandemic, its resulting curfew and suspension of
movement, and its impact on weather conditions, including rain, which led to a sharp
decline in rainfall. The study area experienced a decrease in mean annual precipitation in
2020 due to a decrease in storms, but some rainstorms occurred on 5 January and 17 April,
with most of the rainfall concentrated in the central part of the region. The study found
that 2021 had the lowest mean annual precipitation during the study period, with some
rainstorms occurring in January and February primarily affecting the southwestern and
northwestern sectors of the basin. In 2022, the mean annual precipitation increased by 47.6%
to 6.6 mm, but this is still lower than the overall rainfall average in the region. Following the
period of drop observed in 2020 and 2021, the year 2022 generally marks the start of rainfall
activity in the region. It is seen that the passage of many rainstorms in the region—the most
significant being the storms of 2 January 2022, 28 April 2022, and 19 December, 2022—has
resulted in a concentration of the mean annual precipitation in the research area in the
northern portion of the region.

3.1.3. Monthly Average Precipitation in the Study Area

The potential monthly average rainfall in the study area from 2013–2022, with Novem-
ber having the highest rate at 25.22 mm (Table 2). This is due to the end of autumn
and the start of winter, when temperatures drop and atmospheric depressions pass over
the northern parts of the Kingdom, particularly when some shift southward across cen-
tral mountains.

Table 2. Monthly Averages of Maximum, Minimum, and Mean Precipitation Volumes in Wadi AS
SAHBAA (2013–2022).

Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec. Year
Average

2013

Min. 1 0 1 3 1 0 0 0 0 0 1 0 0.6

Max. 58 34 37 62 42 37 15 17 0 0 215 23 45.0

Mean. 9.9 4.4 10.8 25.4 8.4 2.4 2.5 2 0 0 55.8 1.2 10.2
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Table 2. Cont.

Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec. Year
Average

2014

Min. 1 0 1 1 0 0 0 0 0 0 1 0 0.3

Max. 76 8 42 53 30 0 0 0 13 0 92 41 29.6

Mean. 20.9 1 9 13.7 5.1 0 0 0 1.6 0 24.4 3.2 6.6

2015

Min. 0 0 8 0 1 0 0 0 0 0 0 1 0.8

Max. 25 20 131 17 72 0 0 8 0 35 78 97 40.3

Mean. 2.5 2.6 42.2 2.7 14.1 0 0 1 0 2.6 14.7 18.9 8.4

2016

Min. 0 0 5 16 0 0 0 0 0 0 0 0 1.8

Max. 40 53 101 95 41 0 27 10 0 0 105 22 41.2

Mean. 3.1 8.4 33.3 41.3 11.2 0 1.8 1.3 0 0 23.2 3.1 10.6

2017

Min. 0 4 2 1 1 0 0 0 0 0 0 0 0.7

Max. 33 165 97 29 83 0 10 10 0 0 32 52 42.6

Mean. 3.7 34.2 12.7 7.2 22.8 0 1.3 1.5 0 0 5.9 6.2 8.0

2018

Min. 1 1 1 15 0 0 0 0 0 1 9 0 2.3

Max. 34 86 30 82 28 11 13 16 0 85 247 63 57.9

Mean. 4.3 23.5 6.3 47.6 5.5 0.7 2 1.6 0 16.4 75.6 12.2 16.3

2019

Min. 1 1 5 6 7 0 0 0 0 0 1 0 1.8

Max. 184 95 87 121 100 78 12 0 35 6 91 90 74.9

Mean. 31.3 28 33.4 41.1 48.5 9.5 1.2 0 1.9 0.6 20.4 6.4 18.5

2020

Min. 0 0 1 3 1 0 0 0 0 0 1 0 0.5

Max. 31 40 38 78 35 17 9 8 0 0 70 81 33.9

Mean. 1.4 4.5 6.8 33 9.3 0.7 1.1 1.1 0 0 18.4 13.5 7.5

2021

Min. 0 1 0 1 0 0 0 0 0 0 0 1 0.3

Max. 15 32 4 40 13 0 86 0 0 9 0 100 24.9

Mean. 1.6 5.9 0.4 14.6 2.4 0 12.3 0 0 0.8 0 15.8 4.5

2022

Min. 0 0 0 2 0 0 1 0 0 0 0 1 0.3

Max. 47 0 18 45 19 0 81 35 0 0 72 62 31.6

Mean. 7.1 0 1.1 17.1 0.9 0 15.6 8 0 0 13.8 15.8 6.6

Month
Average

Min. 0.4 0.7 2.4 4.8 1.1 0 0.1 0 0 0.1 1.3 0.3 0.9

Max. 54.3 53.3 58.5 62.2 46.3 14.3 25.3 10.4 4.8 13.5 100.2 63.1 42.2

Mean. 8.58 11.25 15.6 24.37 12.82 1.33 3.78 1.65 0.35 2.04 25.22 9.63 9.7

As November had high anticipated rainfall rates in 2018, roughly 75.6 mm; 2013,
with 55.8 mm; and 2014, with around 24.4 mm, the monthly average rainfall in November
was approximately 25.22 mm. With the onset of spring weather fluctuations and the
simultaneous blowing of warm winds from the south, which fill the air depressions that
pass through the northern parts of the kingdom and are attracted by the mountain ranges
of central Saudi Arabia, such as Mount Tuwaiq, which cuts the region from north to south,
April ranked second in terms of precipitation rates during the study period. April had
significant rainfall amounts in 2018 with a potential rainfall of 47.6 mm, 2016, and 2019
with a potential rainfall of 41.1 mm. March ranks third with an average rainfall of 15.6 mm,
marking the start of the highest rainfall season of the year. The average rainfall increased
to 42.2 mm in 2015, a severe storm that extended over 18–19 March, and 33.4 mm in
2019, a severe storm on 31 March. The average rainfall rate also increased in 2016, with
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33.3 mm. May, the fourth month with an average rainfall of 12.82 mm, marks the end of
spring and the start of summer, the region’s least rainfall season.

May saw high rainfall in 2019, with 48.5 mm, and a severe storm on 20 May. May also
experienced heavy rainfall in 2017, with an average of 22.8 mm, and in 2015 with 14.1 mm.
September, June, August, and October are the months with the lowest rainfall, marking
the end of summer and the beginning of autumn. These months are characterized by high
temperatures, dry conditions, and low rainfall chances, except for some showers. These
rare, small rains do not affect flash flooding or groundwater reservoir recharge. Figure 8
illustrates the fluctuations in monthly rainfall in the region from 2013 to 2022, revealing an
increase in spring, winter, and autumn rainfall rates and a decrease in summer.

 

Figure 8. Monthly Variations in Potential Precipitation Volume for Wadi AS SAHBAA (2013–2022).

3.1.4. Seasonal Average Precipitation in the Study Area

Spring is the season with the greatest projected rainfall quantity, with an average
of 17.6 mm over the study period, according to Table 1 and Figure 9, which display the
prospective seasonal averages of rainfall in the study region for the period 2013–2022. In
the spring of 2019, this quantity grew to 41.0 mm, which is mostly attributable to the rise in
rainfall rates that occurred during this year due to the passage of several rainstorms and
the occurrence of numerous weather changes. In the spring of 2016, it also hit 28.6 mm.
Additionally, it is seen that the study area saw several rainstorms, the most significant of
which were probably the ones that occurred on 28 October 2018, and 25 April 2018, which
caused the average rainfall to rise to 19.8 mm in the spring of 2018. Rainfall is expected to
increase this season due to the clear weather disturbances that have been observed, which
are symbolized by the passage of air depressions in the northern part of the kingdom and
the spread of monsoon winds, which have increased the likelihood of rainfall.
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Figure 9. Seasonal Variations in Potential Precipitation Volume for Wadi AS SAHBAA (2013–2022).

Winter is the coldest season in Saudi Arabia, with an average of 10.2 mm of expected
rainfall. Low-pressure systems frequently pass through the northern parts of the kingdom,
potentially impacting the interior of the northern Najd Plateau and central Saudi Arabia,
resulting in increased rainfall rates in the study area. The study area experienced its highest
winter rainfall in 2019, reaching 23.8 mm, followed by 2017 at 13.7 mm and 2013 at 13.4 mm.
The lowest was in 2015 at 2.8 mm, attributed to the intensity of low-pressure systems and
their penetration into interior regions.

Autumn is the third most expected season, with an average of 9.2 mm of rainfall
during the study period. It marks the transition between dry summer and rainy winter
and is characterized by weather disturbances. One of the most dangerous floods occurred
in November 2016, with the highest expected rainfall in 2018 reaching 30.7 mm, followed
by 2013 at 18.6 mm. The study area experienced a surge in the intensity and quantity of
rainstorms, leading to numerous flash floods. The study period in 2014 saw an average
rainfall of 8.7 mm, which was higher than the seasonal average. Summer had the least
amount of rainfall, averaging about 2.3 mm during the study. Summers in the research
region are marked by severe heat, dryness, and humidity. Notably, summer rainfall in
2021 and 2022 was greater than the research period’s general average for this season, with
around 7.9 mm and 4.1 mm, respectively.

3.1.5. Monthly Average of Maximum Precipitation Volume During the Study Period

November is the month with the highest rainfall during the study period (2013–2022),
primarily due to the large floods in 2018 caused by moderate heavy rains and thunderstorms
on 16 and 23 November, resulting in numerous accidents and filling valleys with water
(Table 2). The maximum recorded rainfall reached about 247 m. The monthly averages of the
largest amount of rainfall are decreasing towards summer and autumn months. The highest
rainfall recorded in December, January, and February was 56.9 mm, compared to 55.7 mm in
spring, 39.5 mm in autumn, and 16.7 mm in summer. Winter is the season with the highest
rainfall, with monthly averages of 100.2, 63.1, and 62.2 mm, respectively. Winter experiences
high rainfall rates, with December and January having the highest amounts at 63.1 and
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54.3 mm, respectively, accompanied by numerous heavy rainfall-causing rainstorms. The
region experiences significant rainfall during autumn, with November being the most
rainfall-prone month. The average rainfall increased from 100.2 mm in November 2018 to
247 mm in 2018, 215 mm in 2013, and 105 mm in 2016. The summer months in the study
area experience low rainfall rates, averaging 16.7 mm. Some months experience absent
rainfall due to high temperatures, severe drought, and the absence of low-pressure systems
in the north. The year-round extension of Indian low-pressure systems to the east and the
stability of a low-pressure mass in the Arabian Peninsula also contribute to this issue.

3.1.6. Monthly Average of Minimum Precipitation Volume During the Study Period

The average rainfall for the 2013–2022 study period is shown in Table 2. With an
average of 4.8 mm, April was the month with the most rainfall. The highest rainfall was
on 20 April 2016, with heavy clouds detected. The lowest rainfall was around 16 mm in
that month. March had the second highest rainfall rate of 2.4 mm during the study period,
while 2015 saw high rainfall rates of 8.0 mm. With an average of around 1.3 mm, November
ranks third in terms of the lowest rainfall ever recorded, whereas an average of roughly
9.0 mm was anticipated in 2018. According to satellite imaging research, the season with
the least amount of rainfall was spring, with an average of around 2.77 mm. Winter and
autumn followed with averages of 0.47 mm and 0.03 mm, respectively.

3.1.7. Annual Analysis of Average Potential Precipitation Volume During the Study Period

The average annual precipitation in the Wadi AS SAHBAA basin during the study
period (2013–2022) exhibited significant interannual and seasonal variability, as summa-
rized in Table 2 and Figure 10. In 2013, the annual average precipitation was approximately
10.2 mm, with rainfall absent in September and October, yet peaking at 55.8 mm in Novem-
ber, 25.4 mm in April, and 10.8 mm in March. Several rainstorms occurred throughout
the year, notably on 23 March, 26 April, and 16 November. Seasonal analysis indicated
that autumn recorded the highest average precipitation (18.6 mm), followed by spring
(14.9 mm), winter (13.4 mm), and summer (2.3 mm).

In 2014, the annual average decreased to 6.6 mm, representing a 35.7% reduction
compared to the previous year, largely due to fewer rainstorms and rainy days. November
was the wettest month with 24.4 mm, followed by January (20.9 mm) and April (13.7 mm).
Spring received the highest seasonal rainfall (9.3 mm), followed by autumn (8.7 mm) and
winter (7.7 mm), while summer remained dry. The following year, 2015, experienced an
increase in annual precipitation to 8.4 mm, a 28.4% rise from 2014. Rainfall was absent
in June, July, and September but peaked at 42.2 mm in March, 18.9 mm in December,
and 14.7 mm in November. Spring remained the wettest season (19.7 mm), followed by
autumn (5.8 mm), winter (2.8 mm), and summer (0.3 mm), with several severe rainstorms
observed, including events on 18–19 March, 29 November, and 25 December. In 2016,
the annual average increased by 25.1% to 10.6 mm, with April being the wettest month
(41.3 mm), followed by March and November. Rainfall was absent in June, September,
and October. Spring again received the most rainfall (28.6 mm), followed by winter,
autumn, and summer. In 2017, although rainstorms were few, February experienced the
highest monthly precipitation (34.2 mm), followed by May (22.8 mm) and March (12.7 mm).
Seasonal averages indicated that spring received 14.2 mm, winter 13.7 mm, autumn 2.0 mm,
and summer 0.9 mm.

In 2018, a substantial increase in annual precipitation was recorded, rising by 104.9% to
16.3 mm, mainly due to intense rainstorms, with November receiving the highest monthly
average of 75.6 mm. Autumn recorded the highest seasonal rainfall (30.7 mm), followed by
spring (19.8 mm), winter (11.3 mm), and summer (1.4 mm). The peak annual precipitation
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occurred in 2019, reaching 18.5 mm, representing a 13.6% increase from 2018. May was the
wettest month (48.5 mm), followed by April (41.1 mm) and March (33.4 mm), while August
experienced no rainfall. Spring received the highest seasonal rainfall (41.0 mm), followed
by winter (23.8 mm), autumn (7.6 mm), and summer (3.6 mm), highlighting pronounced
interannual fluctuations.

A B C D 

E F G H 

I J 

Figure 10. Expected Monthly Precipitation in Wadi AS SAHBAA (2013–2022), where (A) for 2013,
(B) for 2014, (C) for 2015, (D) for 2016, (E) for 2017, (F) for 218, (G) for 2019, (H) for 2020, (I) for 2021,
(J) for 2022. The months with no data refer to no precipitation were recorded.
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In 2020, annual precipitation sharply decreased by 59.6% to 7.5 mm, influenced by
changes in human activity and environmental conditions during the COVID-19 pandemic.
April was the wettest month (33 mm), followed by November (18.6 mm) and December
(13.5 mm). Seasonal averages indicated spring at 16.4 mm, autumn at 6.1 mm, winter at
4.1 mm, and summer at 1.0 mm. The lowest annual rainfall was recorded in 2021, with
4.5 mm, where December and April were the wettest months. Winter experienced the highest
seasonal precipitation, followed by spring (5.8 mm), summer (4.1 mm), and autumn (0.3 mm).

In 2022, the annual precipitation increased by 47.6% compared to the previous year,
reaching an average of 6.6 mm. Several rainstorms occurred, with the most notable on
December 10, producing the highest daily rainfall of 36.9 mm at the Riyadh station. April
recorded the highest monthly averages (17.1 mm), followed by December (15.8 mm) and
July (15.6 mm), while February, June, September, and October experienced no rainfall.
Seasonally, summer received the most rainfall (7.9 mm), followed by winter (7.6 mm),
spring (6.4 mm), and autumn (4.6 mm).

3.2. Groundwater Recharge in Wadi AS SAHBAA

Three methodologies were applied to assess rainwater infiltration rates and ground-
water recharge: the Tonder and Kirchner (1991) method, the Singh (1973) method, and
the Chandra and Saxena (1975) method. The varying results indicated that the chosen
calculation methods significantly influenced the outcome based on the input data. The
findings were categorized into three distinct levels of infiltration. The first level, determined
via the Tonder and Kirchner (1991) method, recorded a minimal rainwater infiltration rate
of 1.59 mm, equating to 1.03% of total rainfall volume. The second level, as per the Singh
(1973) method, showed an average infiltration rate of 11.86 mm, representing 9.3% of the
rainfall volume. The highest level, established through the Chandra and Saxena (1975)
method, revealed an average rate of 36.63 mm, capturing 28.5% of the rainfall volume.
This comparative assessment highlights the variability in infiltration rates tied to different
methodological approaches.

Based on the above; the average infiltration during 2013–2022 ranged between 1.59 mm
and 33.63 mm, representing between 1.03% and 28.5% of rainfall volume. This is reflected
in the storage volume of the region’s groundwater reservoir, which ranges from 1.65 million
m3 to 38.27 million m3 of water. Table 3 reveals that the infiltration rate in the study area
varies annually, based on rainfall data from satellite images across the 7667 cells covering
the area. It also varies due to the difference in the drainage basin areas, where the change
in recharge rates was linked to rainfall values obtained from satellite imagery, while the
recharge volume was linked to the size of the drainage basins.

In 2013, the mean average infiltration rate ranged between 1.79 mm and 42.68, resulting
in 1.8 million to 44.8 million m3 of water infiltration to feed the groundwater reservoir.
Additionally, it is observed that the calculated infiltration average for the study area is
lower than the overall average for the study period (2013–2022) in the following years:
2014–2015–2016–2017–2020–2021, 2022, and higher than the overall average in the following
years: 2013–2018–2019.

The infiltration rate percentage fluctuates across the research region, peaking dur-
ing years with heavy precipitation (1.78–10.8–30.4% of the total rainfall in 2019 and
1.69–10.6–30.3% of the total rainfall in 2018). In low-rainfall years, it falls, hitting
0.07–7.2–24.6% in 2021—the study area’s lowest rainfall year—and 0.64–8.5–25.6% in 2014.
Moreover, 2019 had the greatest infiltration rate and, as a result, the largest amount of
groundwater seepage. The reason for this was the higher rainfall in this year, which had
the largest precipitation volume in the study. The mean infiltration rate increased to about
4.18–24.62–54.83 mm in 2019. The AS SAHBAA sub-basins have seen a rise in mean infil-
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tration volume, which ranges from 4.3 million m3 to 57.3 million m3. Groundwater seepage
and infiltration rates declined in 2021 because of the research area’s lowest rainfall year.
With a range of 0.1 mm to 21.58 mm, the average infiltration rate was 8.6 mm. Water
leaking into groundwater as a result ranged from 0.1 million m3 to 22.5 million m3, typ-
ically 9.0 million m3 for the three methods. All of the aforementioned illustrate how the
COVID-19 epidemic has affected precipitation and cloud cover, which is reflected in water
recharge to groundwater reservoir.

The AS SAHBAA basin’s average annual infiltration volume ranged between 1.65
and 38.27 million m3, increasing with high rainfall years. Furthermore, 2019 saw between
4.3 and 57.3 million m3 and 2018 between 3.7 and 51.0 million m3, the highest in the
region. In 2013, 1.8 million m3 to 44.8 million m3 was recorded. However, groundwater
infiltration volume is below average. However, the area of the sub-drainage basins affects
the infiltration volume; bigger basins have higher infiltration volumes than smaller basins.
The study found that infiltration in small basins ranged from 29.53 to 681. 5 thousand
m3, which is higher than the average in 2013, 2018, and 2019, while in large basins, it
ranged from 38.83 to 896.42 million m3, increasing to 102.3–1341.86 million m3 in 2019 and
decreasing to 2.45–528.13 million m3 in 2021. It should be noted that the estimates overlook
the morphometric, topographic, and hydrological features of these basins and assume that
rainstorms affect the entire basin area, which is not the case due to natural processes.

The AS SAHBAA basin’s geographical distribution of infiltration rates is depicted in
Figure 11, where it is observed that both the geographical distribution of infiltration sites
throughout the valley and infiltration rates varied yearly during the research period. It
is often observed that the middle and lower areas of the basin, which correspond to the
water gathering regions along the basin, have the highest infiltration rates. Additionally,
these regions are the highest locations in the basin with the highest rates of rainfall. As
can be seen from the figure, 2019 had the highest infiltration rates, with the highest value
concentrated primarily in the eastern part of the basin. On average, the infiltration rate was
concentrated in the middle of the basin, and it significantly decreased in the western parts
of the basin, which represent the water division areas and sources of the basin.

The study examines groundwater recharge in the AS SAHBAA basin, which contains
126 sub-basins. The infiltration volume was measured using three methodologies: Tonder
and Kirchner (1991), Singh (1973), and Chandra and Saxena (1975), each yielding varying
results based on basin area and infiltration rates.

Using the Tonder and Kirchner method, average groundwater recharge was calculated
between 0.1 million m3 and 4.3 million m3, with maximum infiltration rates resulting
in recharge figures ranging from 2.45 million m3 to 11.42 million m3. Conversely, the
Singh method indicated a higher average recharge of 12.43 million m3, with a range from
4.4 million m3 to 25.7 million m3. When applying the maximum infiltration rate of 31.68 mm,
the highest recharge levels were found between 12 million m3 and 60.84 million m3.

The Chandra and Saxena method yielded the most substantial average groundwater
recharge figures, averaging 38.27 million m3 with values ranging from 22.5 million m3 to
57.3 million m3. Utilizing the maximum calculated infiltration rate with this method, the
recharge could potentially reach as high as 528.13 million m3 to 1341.86 million m3.

Visual representation in Figure 12 highlights that the northern and western sub-basins
exhibit the highest recharge volumes, attributed to their larger area compared to other
sub-basins in the study area. Overall, the variability in groundwater recharge across the
sub-basins underscores the importance of method selection and basin configuration in
hydrological assessments.
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Table 3. Estimated Groundwater Recharge Rates (mm) and Volume (million m3) in Wadi AS SAHBAA (2013–2022).

Years

Tonder and Kirchner 1991 Singh 1973 Chandra and Saxena 1975
Max. Min. Mean Max. Min. Mean Max. Min. Mean
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2013 6.62 43.81 0.04 0.033 1.79 1.24 1.8 36.84 309.83 2.28 0.236 12.66 9.7 13.2 67.45 1044.51 3.09 0.79 42.68 29.9 44.8
2014 3.67 17.87 0 0.014 0.73 0.64 0.8 22.08 180.37 0.12 0.137 7.37 8.5 7.7 52.31 735.91 1.89 0.56 30.07 25.6 31.4
2015 5.93 31.08 0.08 0.024 1.27 1.03 1.3 33.36 259.41 2.04 0.197 10.05 9.3 11.07 63.94 919.94 5.04 0.7 37.59 29.6 39.3
2016 5.23 35 0.02 0.027 1.43 1.36 1.5 29.88 319.37 3.84 0.242 13.05 10 13.6 60.23 893.27 13.57 0.679 36.5 30.2 38.1
2017 4.66 27.41 0.01 0.021 1.12 0.92 1.2 27 228.09 0.6 0.173 9.32 9.1 9.7 59.62 771.88 8.04 0.587 31.54 28.9 32.9
2018 9.38 86.88 0.05 0.066 3.55 1.69 3.7 50.64 525.68 3.96 0.399 21.48 10.6 22.4 79.83 1195.51 14.14 0.909 48.85 30.3 51
2019 11.42 102.3 0.43 0.078 4.18 1.78 4.3 60.84 602.53 5.88 0.458 24.62 10.8 25.7 87.88 1341.86 21.31 1.02 54.83 30.4 57.3
2020 4.06 23.49 0 0.018 0.96 0.89 1 24 208.76 0.12 0.159 8.53 9.1 8.9 53.39 773.1 9.43 0.588 31.59 28.7 33
2021 1.66 2.45 0 0.002 0.1 0.07 0.1 12 102.79 0 0.078 4.2 7.2 4.4 30.76 528.13 5.04 0.402 21.58 24.6 22.5
2022 3.29 17.87 0 0.014 0.73 0.7 0.8 20.16 179.87 0 0.137 7.35 8.7 7.7 48.4 760.13 10.98 0.58 31.06 27.2 32.4
Ave. 5.59 38.82 0.06 0.03 1.59 1.03 1.65 31.68 291.67 1.88 0.22 11.86 9.3 12.43 60.38 896.42 9.25 0.68 36.63 28.54 38.27
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A C B 

Figure 11. Spatio-Temporal Changes in Groundwater Recharge Rates in Wadi AS SAHBAA (2013–2022), (A) is Tonder and Kirchner (1991), (B) is the Singh (1973),
and (C) is the Chandra and Saxena (1975) method.
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A C B 

Figure 12. Spatio-Temporal Changes in Groundwater Recharge Rates in Wadi AS SAHBAA sub-basins (2013–2022), (A) is Tonder and Kirchner (1991), (B) is the
Singh (1973), and (C) is the Chandra and Saxena (1975) method.
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The leakage during the lag time method is a useful approach for calculating groundwa-
ter recharge volumes by considering specific components of drainage basins and the impact
of surface sediments. The average recharge volume determined through this method is
2.39 million m3, with a notable range from 348 million m3 to 81.61 million m3, indicating
significant variability among different sub-basins (Figure 12). According to the findings,
11 sub-basins exhibit annual recharge volumes below 1000 m3, while 32 sub-basins have
recharge volumes from 1000 to 5000 m3. Additionally, 35 sub-basins recharge between 5000
and 25,000 m3, and 32 sub-basins show recharge volumes ranging from 25,000 to 500,000 m3.
Furthermore, there are 16 sub-basins that exceed a recharge volume of 500,000 m3 annually,
highlighting diverse hydrogeological conditions within the study area. The total volume of
groundwater recharge using this method is 301.07 million m3.

Using the seepage or leakage during discharge time method, which incorporates spe-
cific factors related to drainage basins, the study assessed groundwater recharge volumes.
Key elements considered included rock type, basin discharge time, elevation, and the
number of channels. The analysis revealed that the average groundwater recharge volume
across the studied basins is 1.42 million m3, with significant variability, as the values range
from a minimum of 1137 m3 to a maximum of 47.04 million m3 (Figure 13). The distribution
of recharge volumes among the basins is noteworthy: approximately 11 basins reported
groundwater recharge volumes below 5000 m3, while 60 basins exhibited recharge volumes
between 5000 m3 and 500,000 m3. Additionally, 26 basins manifested recharge volumes
ranging from 50,000 m3 to 500,000 m3, and an impressive 17 basins surpassed an annual
recharge volume of 500,000 m3. This comprehensive overview emphasizes the diversity in
groundwater recharge across different basins, reflecting variations in environmental and
geological characteristics. The total volume of groundwater recharge using this method is
178.62 million m3.

 

Figure 13. Infiltration in Wadi AS SAHBAA, (A) is leakage during the lag time method, (B) is seepage
or leakage during discharge time method, and (C) is total basin infiltration method.

Using the total basin infiltration equation, the estimated total volume of groundwater
recharge was calculated through the leakage during the lag time and seepage methods.
The findings reveal that the average volume of groundwater recharge is approximately
3.81 million m3, with values fluctuating between 1523 m3 and 128.65 million m3 (Figure 12).
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Furthermore, the annual total infiltration and groundwater recharge for the AS SAHBAA
basin is reported to be around 479.7 million m3.

4. Discussion
The study area categorized as an arid region exhibits mean annual precipitation of

9.7 mm, resulting in a total annual rainfall of 116.6 mm. The rainfall fluctuates significantly
between years; during periods of heavy rain, it can increase to a mean annual precipitation
of 18.5 mm in 2019, corresponding to a total of 222.3 mm of rainfall for that year. Con-
versely, during years characterized by low precipitation such as 2021, the mean annual
precipitation drops to 4.5 mm with the total annual rainfall reduced to 53.8 mm. This
variability highlights the region’s susceptibility to fluctuations in precipitation, indicating a
broader trend in the climate dynamics within arid zones. This is in agreement with [32], in
which the mean of total precipitation during 1970–2012 ranged between 0.1 and 513.8 mm,
with an average maximum rainfall of 51.75 mm and minimum rainfall of 0.36 mm. On the
other hand, [37] found an average rainfall rate for Riyadh ranging between 4.9 and 9.9 mm
during 1980–2017. In the study conducted by [8], it was observed that the total rainfall from
1985 to 2023 varied within the range of 49.68 mm to 209.5 mm. This range aligns well with
the findings of the current research being discussed. Ref. [39] contradicted the current study
by indicating increased rainfall in the Makkah region during 2022. Specifically, Jeddah
received 182 mm of rain, Taif recorded 143.3 mm, and Al-Jumum noted 109 mm. In contrast,
the central Saudi Arabia region experienced one of its driest years, with an average total
rainfall of only 79.4 mm. The study suggests that varying location and topography may
have played a significant role in the disparities observed in rainfall patterns between the
Makkah region and central Saudi Arabia.

Precipitation is a primary water source, contributing indirectly to groundwater storage
through infiltration into aquifers. Rainfall is seasonal; the highest amounts occur during
winter and spring, while it decreases in autumn and is non-existent during the summer,
which agrees with [22,32,42,49]. Rainfall is characterized by its sudden nature; Long
dry spells are often followed by short, intense bursts of rain that can cause significant
damage to life and property. Precipitation is influenced by local topography, land cover,
atmospheric conditions, and regional climatic influences (such as pressure zones) that
dictate the frequency of rainstorms, in accordance with the findings of [37]. There is a direct
positive correlation between the number and intensity of rainstorms and the total volume
of precipitation. This interpretation aligns with studies that discuss rainfall intensity and
periodically in arid regions [35,36,75,77,78].

The amount of rainfall has fluctuated significantly during the study period due to
changes in the number of rainy days, which varies from year to year due to the frequency
and severity of rainstorms. Some years of the study period have an increase in the rain inten-
sity, like years 2018–2022–2015–2016, which recorded increases of 104.9–47.6–28.4–25.1%,
respectively, and recorded decreases including 35.7% in 2014, 24.6% in 2017, 59.6% in
2020, and 40.1% in 2021. This is consistent with observations from the Arabian Peninsula
discussing the rain potential and changes in arid regions [8,76,79,84].

The study area has experienced a significant downward trend in rainfall during
specific years, primarily driven by a decrease in the number of rainy days. This volatility is
a direct result of changes in the frequency and volume of rainstorms passing through the
region, which aligns with [6,8,38]. Spatial variations in expected rainfall within the study
area indicate noteworthy concentrations, specifically in the northern and eastern regions
during select years, while other years show significant rainfall patterns concentrated in the
northern and western areas.
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The study analyzed the impact of human activities on rainfall patterns in a specific
region, particularly focusing on the years 2020 and 2021. During this period, the COVID-19
pandemic led to a significant reduction in human activities, which corresponded with
a marked decrease in both the frequency and intensity of rainstorms in the area. The
findings indicate that rainfall is predominantly concentrated in the northern part of the
region, where the urban center of Riyadh is situated. This urban heat island effect plays
a critical role in influencing the intensity of rainstorms, suggesting a complex interaction
between human-induced environmental changes and natural weather patterns, which
agree with [11].

Uncertainty in satellite-derived rainfall measurements can exhibit significant vari-
ability due to multiple factors, including the methodology used for data retrieval, the
meteorological conditions, and wind speed variations. Consequently, it is essential to
compare the bias present in the satellite data to enhance its accuracy. In this study, we
utilized hourly rainfall data collected from environmental ground stations managed by the
National Center of Meteorology to find the degree of correlation between satellite data and
field data and set the significant of the satellite data. Because these data sets are directly
measured at the surface, we thought that they would be far more dependable. The scale and
resolution of this in situ observed rainfall data are different from that of the satellite rainfall
since the latter is an estimation based on pixels, while the former is sparsely located and
only provides point-scale observations. Nevertheless, several statistical characteristics were
examined, and satellite rainfall was retrieved using the exact x and y coordinates of the
observed rainfall data. It is suggested that a variable of interest, represented as (y), may be
influenced by another variable, denoted as (x). An analysis of the data, illustrated through
a scatter diagram correlating climatic station rainfall with satellite rainfall, indicates a linear
relationship characterized by a significant coefficient of correlation (R2 = 0.81), indicating
a strong association between the two datasets, as summarized in Table 4. Additionally,
Figure 14 shows a correlation coefficient of 0.658, further highlighting the moderate to
strong relationship between field observations and satellite estimates. This is consistent
with what was stated in the study [92].

Table 4. Comparison of Field-Measured and Satellite-Derived Rainfall in Wadi AS SAHBAA
(2013–2022).

Years Climate Stations Data Satellite Data Difference std.

2013 84.902 122.8 −37.898 26.79

2014 82.902 78.9 4.002 2.83

2015 89.202 101.3 −12.098 8.55

2016 119.9 126.7 −6.8 4.81

2017 83.801 95.5 −11.699 8.27

2018 108.201 195.5 −87.299 61.73

2019 160.9 222.3 −61.4 43.42

2020 40.302 89.8 −49.498 35.00

2021 18.303 53.8 −35.497 25.10

2022 92.4 79.4 13 9.19

Ave. 88.0813 116.6 −28.5187 20.16

The study emphasizes the importance of comparing various PERSIANN data models,
including PERSIANN CCS-CDR, against ground-based measurements recorded at the
Riyadh weather station. Additionally, it suggests the need for calibrating PERSIANN
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data with field-measured observations from multiple locations over designated time
frames, aiming to enhance the comprehensiveness and broader applicability of the data
obtained [50,56,59,92,93].

 
Figure 14. Correlation plot of observed rainfall data against satellite rainfall data for the period of
2013–2022.

Changes in the volume and distribution of rainwater infiltration into aquifers are
influenced by a variety of factors. Key among these are spatial and temporal variations in
rainfall, which affect both the quantity and timing of water that infiltrates into the ground.
Additionally, geological and soil conditions play a significant role, as different types of soil
and underlying rock can either enhance or restrict the movement of water [121].

The study concluded that the groundwater recharge rate ranged from 1.59 to 11.86
to 36.63 mm for the three methods used. The average groundwater recharge rate using
the [122] method was 1.59 mm, representing 1.03% of the rainfall volume. This rate varied
from year to year due to changes in rainfall volume. This rate was consistent with the [122]
study, where the groundwater recharge rate ranged from 3% to 5% of the rainfall volume,
with an average of 2.2%. However, the average recharge rate reached 12.8 mm due to the
high rainfall volume, which ranged from 287 to 584 mm. Furthermore, this groundwater
recharge percent of rainfall agrees with [64], which found that this rate ranged between 0.5
and 8.0% of rainfall, while [65] found that the percentage of groundwater recharge from
rainwater ranges between 4 and 6% of the rainfall volume. Calculating the groundwater
recharge rate using the [119] method yields an average of 11.86 mm, constituting 9.3% of
the rainfall volume. This aligns with [120] study, which reported recharge rates between
24 and 198 mm yr−1, or 4.1 and 19.7% of the local average seasonal rainfall. Calculating
groundwater recharge using the method of [121] shows an average rate of 36.63 mm or
54.28% of rainfall. This aligns with [114], where recharge rates varied between 9.92% and
12.40% of rainfall. By analyzing the outcomes of three distinct methodologies for calculating
groundwater recharge, it is evident that the method proposed by Singh (1973) is the most
effective for the study area in question. This conclusion is drawn from a comparative
evaluation of the results derived from the various methods, establishing Singh’s approach
as superior to the others employed in this analysis.
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Climatic factors, particularly evaporation rates, also impact this process by affecting
how much water is available for infiltration. Together, these elements create a complex
interplay that determines the effectiveness of rainwater infiltration into aquifers. Rainwater
infiltration values typically exhibit a proportional distribution relative to precipitation
levels; however, variations do occur due to shifts in geological and topographical factors.
These factors influence how effectively rainwater penetrates the soil and underlying strata,
thereby affecting overall water absorption rates and groundwater recharge. This interplay
highlights the importance of considering local geological and topographical contexts when
assessing rainwater infiltration dynamics. The calculation of groundwater recharge in-
volves various techniques; due to the limitations of each approach, using multiple methods
is recommended to improve estimates. These diverse approaches can complement each
other and enhance the conceptual model of recharge processes.

5. Conclusions
This study employed satellite imagery and digital datasets to monitor cloud coverage,

estimate precipitation, and assess groundwater recharge in the Wadi AS SAHBAA basin
during 2013–2022. The precipitation estimation from remotely sensed information using
artificial neural networks–cloud classification system–climate data record (PERSIANN-
CCS-CDR) algorithm provided high-resolution estimates of rainfall, which were analyzed
on annual, seasonal, and monthly scales. The study established a quantitative relationship
between precipitation and groundwater recharge, demonstrating how rainfall infiltrates
aquifers and contributes to the storage capacity of local groundwater reservoirs.

The results revealed significant temporal and spatial variability in precipitation, with
annual precipitation of 116.6 mm/year and mean annual precipitation of 9.7 mm during the
study period. Notable fluctuations occurred, including decreases of 35.7% in 2014, 24.6%
in 2017, 59.6% in 2020, and 40.1% in 2021, reflecting both climatic variability and human
impacts, such as the temporary reduction in activity during the COVID-19 pandemic.
Rainfall was highly seasonal, concentrated in winter and spring, with minimal amounts
in summer. Rain events were often sudden and intense, leading to flash floods and rapid
surface runoff.

Groundwater recharge was estimated at an average ranging between 1.59 and
36.63 mm, representing 1.03–28.5% of rainfall. Recharge rates varied across the study
years, influenced by rainfall intensity, duration, and spatial distribution, with the highest
annual recharge observed in 2019 (1.78–30.4%). Satellite-derived rainfall data correlated
strongly with field measurements (R2 = 0.81), highlighting the value of remote sensing for
hydrological studies while emphasizing the need for calibration with ground-based obser-
vations. The study also highlighted the importance of geological and geomorphological
factors, such as fractured bedrock and sedimentary formations, in controlling infiltration
and storage.

The findings of this study provide valuable guidance for sustainable water resource
management and regional development in Wadi AS SAHBAA, as quantifying rainfall pat-
terns and groundwater recharge offers critical insights for planning agricultural activities,
urban water supply, and industrial development. Decision-makers can use these results
to prioritize areas for groundwater protection, implement artificial recharge schemes, and
optimize irrigation practices to reduce water waste. Moreover, the study demonstrates
the potential of integrating satellite data with traditional field observations to establish a
continuous monitoring system for precipitation and groundwater resources, an approach
that can be scaled to other arid regions of the Arabian Peninsula, offering a model for
evidence-based water management under climate change scenarios. By predicting areas of
high recharge and identifying periods of low precipitation, water managers can allocate
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resources more efficiently, reduce vulnerability to drought, and enhance resilience against
extreme weather events. The study also underscores the importance of developing adaptive
strategies for sustainable water use, including expanding meteorological and hydrologi-
cal monitoring networks to improve calibration of satellite-derived data, implementing
water-saving agricultural technologies such as drip irrigation and soil moisture monitoring,
promoting artificial groundwater recharge in strategic locations to enhance aquifer storage,
integrating urban planning with hydrological data to mitigate the urban heat island effect
and prevent localized flooding, and conducting further research to refine predictive models
for rainfall and recharge under changing climate conditions.

Despite these contributions, challenges remain. Sparse ground-based observations
and uncertainties in satellite rainfall measurements introduce variability into water budgets.
Human activities, including urbanization and intensive agriculture, increase pressure on
limited groundwater reserves. Climate change is expected to exacerbate these challenges
by altering precipitation patterns, evaporation rates, and recharge dynamics. Therefore,
effective adaptation and policy strategies are essential to ensure the long-term sustainability
of water resources.

In conclusion, this study not only provides a robust framework for monitoring pre-
cipitation and groundwater recharge in Wadi AS SAHBAA but also contributes practical
recommendations for regional development and sustainable water management. The
integration of satellite remote sensing, hydrogeological analysis, and field measurements
presents a comprehensive tool to support decision-making, mitigate the impacts of climate
variability, and promote resilience in water-scarce regions.
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COVID-19 Coronavirus Disease 2019
KSA Kingdom of Saudi Arabia
TRMM Tropical Rainfall Measuring Mission
GPM Global Precipitation Measurement
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PERSIANN-CDR
Precipitation Estimation from Remotely Sensed Information using Artificial
Neural Networks–Climate Data Record

GPCP Global Precipitation Climatology Project
CPC Climate Prediction Center

PERSIANN-CCS
Precipitation Estimation from Remotely Sensed Information using Artificial
Neural Networks–Cloud Classification System

SOFM Self-Organizing Feature Map
IMERG Integrated Multi-satellite Retrievals for GPM
CHRS Center for Hydrometeorology and Remote Sensing
DEM Digital Elevation Model
SAR Synthetic Aperture Radar
SRTM Shuttle Radar Topography Mission
NASA National Aeronautics and Space Administration
NOAA National Oceanic and Atmospheric Administration
TanDEM-X TerraSAR-X add-on for Digital Elevation Measurement
TerraSAR-X Terra Synthetic Aperture Radar-X
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