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"INTEGRATION OF FLOW MODELLING, GEOCHEMISTRY AND ISOTOPIC
TRACERS FOR SUSTAINABLE MANAGEMENT OF GROUNDWATER IN SIWA OASIS,
WESTERN DESERT, EGYPT"
by Mohamed Hamdy Eid Hemida

The topic of the Candidate's thesis, integrated hydrogeological modeling for sustainable groundwater
management in arid regions, is at the forefront of international research. The development introduced
to the hydrogeological modeling workflow by the Candidate in this thesis pertains to the
comprehensive characterization of complex, multi-layered aquifer systems, as applied in the case
study of the Siwa Oasis in the Western Desert of Egypt. The suggested integrated application of
advanced machine learning techniques, high-resolution geophysical data, multi-isotopic tracers, and
numerical flow modeling enables an accurate and holistic understanding of groundwater systems
characterized by high heterogeneity, structural complexity, and critical sustainability challenges.
This approach is highly relevant in contemporary hydrogeological practice and represents a

significant contribution to water resource management in arid ecosystems globally.

The author explores innovative opportunities for the use of geophysical well-log data in combination
with Self-Organizing Maps (SOM) and K-means clustering for high-resolution hydrostratigraphic
characterization. The 3D geological modeling is based on the integration of machine learning-
derived lithofacies classification with aeromagnetic and gravity data to map fault systems controlling
hydraulic connectivity between the deep Nubian Sandstone Aquifer (NSSA) and the shallow Tertiary
Carbonate Aquifer (TCA). This assumption is grounded on the demonstrated correlation between
geological structure, hydraulic properties, and groundwater flow patterns in the aquifer system. The
proposed methodology significantly enhances the 3D high-resolution interpretation of heterogeneous
aquifer systems at regional scales, particularly in data-scarce arid regions where traditional methods

are cost-prohibitive.

An essential aspect of this thesis is the integration of geochemical and multi-isotopic tracers (6°H,
0'%0, 3C, *C, ¥’Sr/®¢Sr) with advanced statistical techniques and inverse mixing models (NETPATH,
Faure) to quantitatively delineate recharge sources, estimate groundwater residence times, and
validate fault-controlled recharge pathways. The Candidate successfully demonstrated that the TCA
receives 63-87% of its recharge from upward leakage from the fresh NSSA through fault conduits,
while hypersaline lakes contribute 0.6-4% through downward seepage. These empirical findings
were then integrated into a predictive numerical flow model (FEFLOW) to simulate long-term

aquifer behavior under current extraction rates, revealing critical drawdown patterns and predicting



water levels will drop to 30-70 m by 2100. The optimization of the model geometry and hydraulic
parameter assignment in accordance with the established hydrostratigraphic framework and
structural controls has been proven to be an effective approach in calibrating aquifer properties. The
final model provides actionable information for decision-making regarding sustainable management

and can be updated with new hydrogeological data.

Furthermore, the Candidate's research addresses the practical challenges of water quality degradation
and soil salinization through multiple innovative contributions. The quantitative linkage between
270% agricultural expansion and 168% increase in hypersaline lake area, established through multi-
temporal remote sensing analysis, provides critical insights into the drivers of environmental
degradation. The development of an Integrated weight Water Quality Index (IWQI) and probabilistic
health risk assessment using Monte Carlo simulation demonstrates the Candidate's ability to translate
scientific findings into public health protection strategies. Most notably, the development and
successful testing of a novel zeolite/geopolymer membrane from natural kaolinite and diatomite,
achieving 99.5% salt rejection and 7.05 kg/m?/h water flux, represents a significant technological

innovation with direct applicability to desalination challenges in arid regions.

The Candidate's continuous efforts towards scientific research, creativity, and the comprehensive
results presented in this thesis demonstrate exceptional scientific knowledge and suitability for
independent research. In our opinion, the Candidate's results, particularly those related to integrated
hydrogeological modeling, multi-isotopic tracer applications, numerical flow modeling, and
innovative desalination technology, merit publication in highly ranked international journals of
hydrogeology, water resources management, and groundwater sustainability. We certify that this
dissertation contains only valid data, and the presented results represent the Candidate's own work.
In our opinion, it meets the scope and quality requirements set by the Mikoviny Samuel Doctoral
School of Earth Sciences. Based on the above, we fully support and recommend the public defense

of the thesis and the award of the Ph.D. title.
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Table 1s Specifications of the utilized images.

Table 2s Characteristics of training and testing data.

Table 3s Confusion matrices, overall Accuracies, and kappa coefficients (K) for the classified images of 1990,
2000, 2010 and 2020 using SVM.

Table 4s. The descriptive statistics of the measured parameters in all water resources

Table 5s. The stable isotopes concentrations in all water resources of Siwa Oasis

Table 6s. Parametric and non-parametric test (ANOVA and Kruskal-Wallis) with reported P-value

Table 7s. The saturation index of the investigated minerals from geochemical modelling

Table 8s. the concentration of isotopic tracers used for mixing models and age correction of groundwater.
Table 9s. The results of the NETPATH model, after adjustment for isotopic changes related to the calcite phase,
demonstrated a high degree of accuracy in age correction.

Table 10s: The inputs used for estimation of IWQI

Table 11s. The parameters used for the calculation of HQ, HI, and CR.

Table 12s. The health risk indices regarding carcinogenic and non-carcinogenic impact



Summary

This PhD thesis presents a comprehensive, multi-disciplinary investigation of the Siwa Oasis
hydrogeological system, integrating geophysical data (well logs, gravity, magnetics), machine
learning algorithms (SOM, K-means), multi-temporal remote sensing (Landsat with SVM),
geochemical and isotopic tracers (0°H, 80, "C, ™C, *Sr/*¢Sr), numerical flow modeling
(FEFLOW), water quality assessment (IWQI, health risk analysis), and innovative desalination
technology (zeolite/geopolymer membrane). This integrated approach provides a quantitative,
predictive foundation for sustainable groundwater management in this critical arid ecosystem.

Key Findings

1. 3D Geological and Structural Architecture: The 3D geological model revealed fault systems
controlling hydraulic connectivity between the deep Nubian Sandstone Aquifer (NSSA) and shallow
Tertiary Carbonate Aquifer (TCA). SOM outperformed K-means in lithological delineation, with
hydraulic conductivity ranging from 1.2-6.6 m/d. Gravity and magnetic analysis identified dominant
NE-SW, NW-SE, and E-W structural trends, with basement depths of 2.5-4.5 km. Deep faults act as
conduits for upward NSSA-to-TCA recharge, while shallow fractures facilitate surface leakage.

2. Land-Use Change and Salinization: The remote sensing analysis quantified a 270% agricultural
expansion over 30 years, causing a 168% increase in hypersaline lake area, the primary driver of soil
and water salinization. NSSA contains freshwater (Mixed Ca-Mg-C1-SO4), while TCA and springs
are brackish-saline, and lakes are hypersaline (Na-Cl, Ca-Mg-SOa4). Geochemical modeling identified
mineral supersaturation (montmorillonite, calcite, dolomite) reducing soil permeability and
increasing waterlogging.

3. Dual-Source Mixing Model: The stable isotope analysis confirmed TCA receives paleo-meteoric
water from both NSSA (depleted 5'®*0) and saline lakes (enriched 6'*0O). NETPATH modeling
quantified hypersaline lake contributions at 0.6-4% (highest from Zeitun Lake) and NSSA
contributions at 63-87% through upward flow.

4. Groundwater Age and Recharge Pathways: The Faure mixing model demonstrated 80-90%
NSSA contribution in low-salinity zones (1000-2000 mg/L) along faults, 50-80% in intermediate
zones (2000-5000 mg/L), and 0-40% in high-salinity northern regions (5000-9000 mg/L).
Radiocarbon dating revealed TCA ages of 640-13,551 years and NSSA ages of 4,296-14,184 years,
with youngest ages near Siwa Lake indicating active mixing. Older groundwater (>10,000 years)
near faults preserves paleowater from the African Humid Period.

5. Numerical Flow Modeling and Future Predictions: The flow model demonstrated critical
drawdown from 1960-2025: western areas declined from 175m to 75m, eastern areas from 142m to
128m. Under current extraction rates (330,000 m*/day), water levels will drop to 30-70m by 2100.
Reverse particle tracking validated NSSA-to-TCA recharge along fault pathways and confirmed
downward leakage from salt lakes to TCA.



6. Water Quality and Health Risk Assessment: The Integrated weight Water Quality Index (IWQI)
identified extremely poor water quality in TCA due to high salinity. Feed-Forward Back-Propagation
Neural Networks (FFBP-NN) predicted water quality with high accuracy. Health risk assessment
revealed significant non-carcinogenic and carcinogenic risks, especially for children, from cadmium,
chromium, and lead exposure, necessitating targeted mitigation strategies.

7. Innovative Desalination Technology: A geopolymer-based zeolite membrane from natural
kaolinite and diatomite achieved 99.5% salt rejection and 7.05 kg/m*h water flux at 75°C, with
excellent thermal stability and durability over multiple reuse cycles. This eco-friendly, cost-effective
technology provides a sustainable solution for groundwater salinization in arid regions.

This research moves beyond descriptive analysis to create a scientifically robust, predictive
framework for sustainable groundwater management in Siwa Oasis. The integration of advanced
geological, geochemical, isotopic, numerical, and technological approaches provides actionable

insights for water resource management in similar arid ecosystems globally.



1. Introduction

The global water crisis, marked by declining water supply and quality, is particularly acute in arid,
populated regions like Egypt [2]. This crisis threatens agriculture, a sector highly vulnerable to water
scarcity and the associated challenge of soil salinization [3]. In groundwater-dependent ecosystems
such as Siwa Oasis, sustainable agriculture requires integrated management of soil, water, and crops
to maintain a delicate water-salt balance [4], especially under the pressures of human development
and climate change [5]. Egypt has recently prioritized expanding cultivated projects using
groundwater as a main resource in the desert regions, including Siwa area in the western desert [6].
Siwa Oasis, which relies entirely on groundwater for all purposes, faces significant challenges such
as waterlogging, rapid groundwater and soil salinization. Waterlogging, caused by poor irrigation
practices, inadequate drainage, and over-irrigation, has led to rising water tables, increased soil
salinity, and the expansion of salt lakes, rendering some water unsuitable for irrigation [7,8]. In 1963,
there were less than 200 wells of any use with depth about 12 m below the ground level. From 1981
to 1996, farmers began to drill thousands of wells in the fractured limestone aquifer with poor design
which produced excess of water and formed the lakes in low land of Siwa depression and continuous
deterioration of agricultural land. During this period, all wells were drilled in the shallow aquifers
(carbonate aquifer) with no controlling valves and no casing [9]. The total discharge from these wells
reached to 400000m’/d where only 60% were used for irrigation and excess water discharged into
lakes [10]. From 1996 to 2001, different actions occurred. One of them aimed at the rehabilitation
of poorly designed wells (400 wells), while 665 wells were still with low priority. Continuous drilling
of new wells made the problem worse with time [5].

To address these issues, surface investigations are essential for understanding subsurface conditions.
Integrating satellite imagery, spatial data systems, and artificial intelligence provides an efficient and
robust method for tracking soil salinity in vulnerable environments such as Siwa Oasis [8]. Effective
monitoring of surface conditions, including land use/land cover changes, is crucial for evaluating
environmental concerns such as soil salinity, waterlogging, groundwater deterioration with salinity,
and changes in surface area of different salt lakes [11].

Geological heterogeneity is widely acknowledged as a key factor shaping groundwater flow patterns.
Its spatial distribution plays a critical role in creating preferential flow pathways and controlling the
movement and transport processes within subsurface systems [12]. The significance of geological
geometry stems from how variations in these properties impact numerical modeling efforts, including
model calibration, recharge estimation, and the dispersion of contaminant plumes. These factors
ultimately influence sustainability management strategies and the overall understanding of aquifer
hydraulics [13]. Understanding heterogeneous groundwater systems, characterized by significant
variations in lithology and hydraulic properties, remains a major challenge in hydrogeological

research [13]. Traditional methods like borehole correlation often fail to accurately capture this



heterogeneity, leading to incorrect predictions of groundwater flow and contaminant movement. In
contrast, geophysical logs data has proven more effective in addressing these challenges. By utilizing
various logs sensitive to lithology and water saturation, well logging provides continuous subsurface
data, enabling a more detailed exploration of lithological variations [14]. Machine learning
techniques, such as Self-Organizing Maps (SOMs) and k-means clustering analysis (CA), have
revolutionized aquifer characterization by uncovering hidden patterns in complex datasets [15].
These methods have gained traction in rock typing, particularly in characterizing petroleum and gas
formations, and have been integrated with core drilling data to improve subsurface understanding
[15-17].

Aeromagnetic techniques are essential for mineral exploration, subsurface mapping, geothermal
studies, archaeology, and engineering [18]. These methods detect magnetic field variations caused
by differences in magnetic susceptibility within geological formations like folds and faults [18].
Comprehending the chemical properties of water, primary drivers, and origins of groundwater
contamination is essential for the sustainable stewardship of aquatic and groundwater resources [19—
22]. The chemical composition of groundwater is influenced by natural mechanisms such as the
dissolution and precipitation of minerals, the geological makeup of aquifers, the duration of water
retention underground, and the exchange of ions [7,13,23]. Nonetheless, human actions, including
the release of industrial waste, farming techniques, and the encroachment of salt water, have
profoundly impacted the quality of groundwater [19,24-27]. Hydrochemical and stable isotope
techniques are widely used to study groundwater recharge, trace solute sources, and model
contaminant transport [28]. Methods like Piper diagrams, Gibbs diagrams, ion ratios, cluster analysis,
principal component analysis (PCA), and NETPATH simulations are commonly employed to analyze
hydrogeochemical processes [13,19,21,26].

Sustainable management of complex aquifers, such as the Nubian Sandstone Aquifer (NSSA) and
Tertiary Carbonate Aquifer (TCA), requires a detailed understanding of recharge processes and
groundwater mean transit times. Environmental isotopes provide valuable insights into recharge
conditions, such as infiltration temperatures and water ages, which are crucial for identifying
recharge areas, estimating flow rates, understanding mixing processes, and calibrating groundwater
flow models [7,29]. Recent research emphasizes the widespread presence of toxic metals like lead,
iron, manganese, cadmium, copper, and chromium in groundwater and surface water systems
worldwide [19,20,22,24,30,31]. These toxic metals present a significant threat due to its extreme
toxicity and tendency to accumulate in biological tissues, even at minimal levels. These metals are
enduring environmental pollutants with profound health consequences, including damage to vital
organs, neurological conditions, respiratory and cardiovascular ailments, and cancer. Evaluating
water quality and pinpointing contamination sources are essential measures for protection both

environmental integrity and public health. Techniques such as hazard quotient (HQ), hazard index



(HI), and carcinogenic risk (CR), alongside Monte Carlo simulation, provide robust tools for
assessing these risks effectively[19,20,26,30,32,33].

Desalination approaches (membrane distillation, reverse osmosis, and pervaporation) are highly
dependent on the membrane material employed [34]. Synthetic inorganic membranes made from
natural aluminosilicate resources, like zeolite, have been explored as alternatives to traditional
polymeric membranes are favored for their exceptional thermal and chemical resilience, nano-porous
architecture, and economical production costs. Geopolymer membranes, with their significant
porosity, thermal stability, chemical resistance, and mechanical strength, offer a viable alternative
[35]. This study aims to address the critical challenges of water scarcity, soil salinization, and
groundwater contamination in Siwa Oasis through an integrated approach combining advanced
monitoring techniques, machine learning, and innovative desalination technologies. By developing
accurate conceptual and numerical models and sustainable management strategies, this research
contributes to the broader goal of ensuring water security and agricultural productivity in arid regions.

2. Problem statement and research aim
Siwa Oasis, a unique and ecologically sensitive region in Egypt's Western Desert, is confronting a

severe and multifaceted water crisis that threatens its long-term sustainability. The Oasis is entirely
dependent on groundwater resources, drawing from two principal aquifers: the shallow Tertiary
Carbonate Aquifer (TCA), which is the primary source for agricultural irrigation, and the deep
Nubian Sandstone Aquifer (NSSA), which provides essential fresh water for drinking and domestic
use. However, decades of unsustainable water management practices, including over-extraction and
inefficient flood irrigation, have precipitated a cascade of interconnected environmental problems.
These include widespread waterlogging and soil salinization, which have led to a significant decline
in agricultural productivity. Concurrently, the intensive exploitation of both aquifers has resulted in
declining water levels and a marked deterioration in water quality. The TCA is experiencing
increasing salinity. The NSSA is also showing signs of stress, with falling water levels and instances
of localized contamination. Furthermore, recent investigations have revealed the presence of toxic
metals in both soil and water, posing a considerable risk to human health and the delicate ecosystem
of the Oasis. These anthropogenic pressures are compounded by the complex geological and
hydrogeological setting of the Oasis, which is characterized by a network of faults and fractures that
govern groundwater flow and facilitate mixing between the TCA and NSSA. The region's extreme
aridity, with high evaporation rates and negligible rainfall, further exacerbates the challenges of water
scarcity and salinization. To address these pressing issues, a holistic and integrated research approach
is essential.

This PhD thesis presents a holistic and multi-disciplinary investigation into the complex
hydrogeological system of the Siwa Oasis, Egypt. Faced with escalating water scarcity, soil

salinization, and water quality degradation, this research aims to provide a comprehensive scientific



basis for the sustainable management of the oasis's vital groundwater resources. To achieve this
overarching goal, the study is structured around seven interconnected research objectives:

1. To Develop a High-Resolution 3D Hydrogeological Model: To pioneer a novel, cost-effective
workflow integrating machine learning (SOM, K-means) with geophysical data (well logs, gravity,
magnetics) to accurately characterize the subsurface architecture, delineate aquifer and aquitard
layers, and map the structural fault systems that control groundwater flow and inter-aquifer
connectivity.

2. To Diagnose the Drivers of Soil Salinization and Water Quality Degradation: To utilize multi-
temporal remote sensing (Landsat) and machine learning (SVM) to quantify the spatio-temporal
dynamics of land use change, lake expansion, and soil salinization over a 30-year period, and to link
these changes to the underlying hydrogeochemical processes through detailed water chemistry
analysis.

3. To Identify Groundwater Recharge Sources and Quantify Mixing Ratios: To employ a multi-
isotope approach (6°H, 6'®0) combined with advanced statistical analysis (PCA, K-means) and
inverse geochemical modeling (NETPATH) to definitively identify the sources of recharge to the
shallow aquifer (TCA) causing groundwater salinization and to quantify the mixing ratios between
fresh, deep groundwater and saline surface water (salt lakes).

4. To Determine Groundwater Residence Times and Validate Recharge Pathways: To apply a
suite of isotopic tracers (including ®’Sr/*¢Sr and “C) and a dual-model approach including forward
and inverse mixing models (Faure and NETPATH) to estimate the age of the groundwater, validate
the recharge pathways identified in the previous aim, and provide a quantitative understanding of the
temporal dynamics of the aquifer system.

5. To Develop a Predictive Numerical Flow Model for Sustainable Management: To construct
and calibrate a fully integrated, three-dimensional numerical flow model (FEFLOW) that can
simulate the long-term impacts of groundwater abstraction, predict future water level declines, and
use reverse particle tracking to visually validate the conceptual model of inter-aquifer flow and
recharge.

6. To Assess Water Quality Suitability and Associated Human Health Risks: To develop and
apply a novel Integrated Weighted Water Quality Index (IWQI), FFBP-NN prediction model, and a
probabilistic health risk assessment (Monte Carlo simulation) to evaluate the suitability of the
groundwater for drinking purposes and to quantify the carcinogenic and non-carcinogenic health
risks associated with exposure to potential toxic elements.

7. Develop Innovative, Low-Cost Desalination Technology: To synthesize, characterize, and test
a novel zeolite/geopolymer (Z/GP) membrane derived from abundant, natural materials as a
sustainable and economically viable solution for the desalination of brackish groundwater, thereby

offering a practical technological intervention to mitigate water scarcity in the region.



By systematically addressing these seven aims, this thesis provides an unprecedentedly detailed and
integrated understanding of the Siwa Oasis hydrogeological system, offering critical scientific
insights and practical tools to guide its sustainable management and ensure its long-term viability.
Potential Challenges and Limitations

The successful achievement of this study's comprehensive objectives is subject to several potential
challenges and limitations. The accuracy of the 3D geological model, for instance, is highly
dependent on the quality and spatial distribution of the available well log data. A scarcity of data in
certain areas of the Siwa Oasis may introduce a degree of uncertainty into the model. Similarly, the
interpretation of gravity and magnetic data can be inherently ambiguous, and the structural features
identified through these methods will require careful validation against other geological and
hydrogeological data. The application of isotopic and geochemical tracers also carries its own set of
uncertainties. The interpretation of groundwater age and mixing processes relies on a number of
assumptions within the NETPATH and Faure models, which may not fully capture the intricate
complexities of the aquifer system.

Furthermore, the development of the proposed zeolite/geopolymer membrane is an experimental
process, and challenges related to material synthesis, scalability, and long-term performance under
real-world field conditions are anticipated. To mitigate these potential challenges, a number of
strategies will be employed. These include the cross-validation of results obtained from different
methods, such as using the groundwater flow model to validate the findings of the multi-isotopic
tracer mixing model. Pumping tests will be conducted to validate the hydraulic conductivity values
calculated from well logs. The interpretation of gravity and magnetic data will be supported by
inversion methods to validate the structural controls on groundwater flow paths. Lithological logs
will be used to validate the results of the cluster analyses, and backward particle tracking will be
applied to the available well and spring data to further refine the understanding of groundwater flow
paths.

3. Study area description
3.1. Geographical location

Siwa Oasis is an isolated closed depression located in the northwestern desert of Egypt (Fig 1). Itis
surrounded by the Mediterranean Sea to the north (approximately 330 km away), the Libya-Egypt
border to the west (70 km), and Cairo to the east (560 km). The depression lies between latitudes
29.12°N and longitudes 25.43°E. Siwa Oasis is characterized by three major economic activities:
agriculture, industry, and tourism. Agriculture primarily involves the cultivation of palm trees, olives,
fruits, and vegetables. The industrial sector includes mineral water bottling and olive oil extraction,
while tourism focuses on medical treatment. The oasis has an elongated shape, stretching
approximately 82 km in an east-west direction, with a width ranging from 2 to 20 km. Its total area
is about 1,050 km? (250,000 feddans), and as of 2010, the population was approximately 23,546

residents[5].
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Figure 1. Location map and regional scale of the aquifer systems in Egypt
3.2. Geomorphology
The topography of Siwa Oasis is diverse, with elevations ranging from 19 meters below sea level to
154 meters above sea level (Fig 2a). The area comprises several distinct geomorphological units.
Mobile sand dunes dominate the southern part of the depression, while a steep escarpment of
limestone plateau is found in the northern region. The central part of the oasis features a flat
depression that includes agricultural land, salt lakes, and playas. Major lakes in this depression, such
as Zeitoun, Aghourmy, Siwa, and Maraqi lakes (Fig 2a, b), are fed by drainage water from
agricultural lands. These lakes play a significant role in the local ecosystem and hydrology, although
their salinity has increased over time due to high evaporation rates and agricultural runoft [7].
3.3. Geology and depositional environment of the study area
The geology of Siwa Oasis is characterized by a complex stratigraphic sequence that includes both
surface and subsurface formations (Fig 2b, ¢). The stratigraphy of the Siwa Oasis spans above
basements (granite), from the Lower Carboniferous to the Quaternary, reflecting a dynamic interplay
between marine transgressions, fluvial sedimentation, and tectonic deformation [36]. This region is
part of the broader Western Desert Basin, which includes sedimentary sequences influenced by
Tethyan marine incursions and subsequent continental processes [36,37]. Fig 3a is a lithological
cross-section that provides a detailed view of the distribution of carbonates, sands, shales, and
Quaternary deposits in the study area. The stratigraphic framework of the Siwa Oasis consists of
several distinct lithological units (Fig 3a). The oldest unit is the Lower Carboniferous Formation,
composed of shales and sandstones deposited in shallow marine environments.
These sediments reflect a phase of marine transgression and subsidence, which facilitated the
accumulation of fine-grained deposits in low-energy settings [38]. Overlying the Carboniferous
shales are the lower and Upper Cretaceous deposits, which include fluvial-deltaic sandstones and
shales. The Bahariya Formation and Alam El Bueib Formation are key components of this sequence,
representing deposition in dynamic fluvial and deltaic environments influenced by tectonic uplift and
erosion of nearby highlands [36,39]. These formations were deposited during periods of alternating

sea-level rise and fall, which controlled sediment supply and accommodation space. The Tertiary



period is marked by the deposition of extensive carbonate platforms, represented by the Marmarica
Formation. This formation consists of lagoonal, transitional, and fully marine carbonates, reflecting
deposition in warm, shallow marine environments under relatively stable tectonic conditions [38].
The carbonates include lime mudstones, wackestones, and packstones, indicating variations in water
depth and energy levels. The uppermost part of the stratigraphic column consists of Quaternary
deposits, composed of unconsolidated sands, gravels, and clays. These sediments were deposited in
fluvial, alluvial, and acolian environments, reflecting the modern arid climatic conditions of the

region [40].
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Figure 2. Geomorphological map including the most important features (a) and surface geological map (b),

and subsurface geological column (c) of Siwa Oasis.

3.4.Climate

Siwa Oasis experiences an extreme arid climate, characterized by cold winters and hot, dry summers.
The average annual air temperature ranges from 14.12°C to 29.32°C. Soil temperatures at a depth of
5 cm can reach up to 32.8°C. Wind patterns in the oasis are dominated by three primary directions:
SE, NW, and NE, with frequencies of 12.4%, 24.4%, and 18.2%, respectively. These winds contribute
to erosion and deflation, particularly in April, when they transport salt particles and loose sand,
depositing them in lowland areas. Based on 20 years of meteorological data (Table 1), the Oasis
experiences hot summers and mild winters, with an annual mean temperature of 21.3°C. The hottest
months are June, July, and August, with mean temperatures reaching up to 29.25°C, while the coldest
month is January, with a mean temperature of 11.7°C. Rainfall is exceptionally scarce, with a total
annual average of only 9.6 mm [5]. The summer months (June, July, August, and September) are
virtually rainless. The relative humidity is low, averaging 45% annually, and drops to as low as 33%

in May. Conversely, the potential evapotranspiration (ETo) is extremely high, with a total annual



value of 2265 mm, far exceeding the annual rainfall. This significant water deficit, driven by high
temperatures and low humidity, underscores the region's dependency on groundwater and highlights

the hydrogeological challenges posed by the arid climatic conditions.

Table 1: Climatological data from Siwa meteorological station based on monthly mean of 20 years monitoring.

Month Mean Rainfall Relative EP ETo
Temp. °C mm/month Humidity % mm/Month (mm/day)

January 11.7 0.8 55 62 32
February 13.4 2 45 101 3.9
March 16.4 0.7 44 175 5.6
April 20.85 0.9 37 229 7.4
May 25.55 1.5 33 274 8.7
June 28.2 0 35 276 9.3
July 29.25 0 37 283 9.2
August 29 0 40 255 8.4
September 26.55 0 46 192 6.7
October 23.2 0.3 50 151 5.3
November 18.15 0.6 53 100 3.8
December 13.3 2.8 60 67 2.9
Annual mean 21.3 - 45 188.75 74.4
Annual total - 9.6 - 2265 -

3.5. Water Resources and hydrogeology

Siwa Qasis relies heavily on both surface water and groundwater resources. Historically, the presence
of four major lakes attracted settlers to the arca. However, increasing salinity caused by high
evaporation rates and agricultural drainage has rendered these lakes unsuitable for domestic use [8].
The hydrogeology of Siwa Oasis is dominated by two main aquifer systems: the deep NSSA and the
shallower TCA. These aquifers are part of a thick sedimentary sequence (approximately 3400 m) that
ranges in age from the Paleozoic to the Recent. The cross section of the aquifer systems (Fig 3a)
from west to east showed that Nubian aquifer consists of multi layers affected by fault system and
isolated from the TCA by aquiclude layer (upper cretaceous shale) modified after Elsheikh [1].

The geological structure of the Oasis is complex, with a network of normal faults trending in N-S,
E-W, NE-SW, and NW-SE directions [41]. These faults play a critical role in controlling the
lithofacies variations, the thickness of the geological formations, and the occurrence of natural
springs [40]. The NSSA is a vast, non-renewable fossil aquifer that underlies a large part of North
Africa. In the Siwa Oasis, the NSSA is the primary source of fresh water, with a total dissolved solids
(TDS) content of less than 256 mg/l [40]. The aquifer is composed of sandstone with intercalations
of shale and clay. The water in the NSSA is over pressure (artesian). The recharge to the NSSA is
believed to have occurred during the pluvial periods of the late Pleistocene and early Holocene, and
there is limited evidence of significant modern recharge [42]. The groundwater flow from the south

east and south west to the north and central Siwa Oasis (Fig 3b).



The TCA overlies the NSSA and is the primary source of water for irrigation in the Siwa Oasis. It is

a semi-confined aquifer composed of Eocene-Miocene limestone and dolomite, with intercalations

of shale, siltstone, sandstone, and evaporite deposits. The average thickness of the TCA is

approximately 550 m [40]. The discharge from the TCA occurs through a large number of wells and

natural springs, with a total discharge rate of approximately 442,000 m*/day [40]. The water quality

of the TCA is highly variable, with salinity ranging from fresh to brackish and even saline in some

areas. The TDS content can be as high as 8000 mg/1 [40]. The groundwater flow from south west to

the north east and north west in shallow tertiary carbonate aquifer (TCA).
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Figure 3. East-west cross section of the subsurface geology of Siwa Oasis modified after Elsheikh [1] (a),

groundwater flow direction (b).

Based on previous studies and literatures, Table 2 shows the comparison between NSSA and TCA in

depth, geology, geochemistry, and uses of water in each aquifer.

Table 2. Comparison between NSSA and TCA based on literatures and previous studies

Feature TCA NSSA References
Depth Shallow, 10-510 m 700 - 3240 m [40]
Geology Fractured limestone, Miocene Paleozoic and Mesozoic (Pre- [1,40]

age

Upper Cenomanian).




Fine to coarse sandstone with shal
e layers.
Geochemistry Highly variable, from freshto  Generally fresh, with salinity incr =~ [43]
saline (1500 - 8100 ppm) easing westward (190 - 365 ppm i
n upper parts)
Use Agricultural and domestic Main source of freshwater, used [44]
purposes for bottling drinking water
Hydraulic 0.1-10 041-6 [10,45]
Conductivity
(K) (m/day)
Transmissivity (T) ( 10 - 1000 69 -73 [10,45]
m?/day)
specific yield 0.21-0.24 0.19 [10,45]
specific storage (m™') | 0.000036-0.000047 0.000069 [10,45]
Aquifer Type Confined to semi- Confined [43]
confined, highly fractured
Sub-aquifers Five distinct zones based ond  Bahariya, Alam El Bueib, Lower  [43]
epth and lithology Cretaceous, Upper Silurian, Camb
ro-Ordovician
Porosity Secondary porosity 20 - 30% (Bahariya Formation) [43]
Piezometric Variable, generally lower than ~ High, decreases westward [43]
Head NSSA

4. Material and methods

To determine all the challenges in Siwa Oasis regarding water quality and quantity and find optimum

solutions for these challenges, integrated approaches were applied with different materials and

datasets as follow (Fig 4):

A) understand the aquifer systems from the geological and hydrogeological point of view to

B)

&)

D)

E)

determine the lithofacies, aquifer and aquitard layers, heterogeneity, and build the geometry of
the aquifers system. To achieve this, well logs including GR, SP, R, and lithological logs were
used as well as applying two types of cluster analysis (K-means and SOM) to predict the
lithofacies for the wells that lack the lithological logs

To determine the fracture and fault system that control the groundwater flow and location where
different water resources could mix between different aquifers and surface water, acromagnetic
data with edge filtering were used and validated with 2D and 3D inversion and well logs
correlation.

To determine petrophysical and hydraulic parameters that are very important factors needed in
the Numerical flow model, pumping test data and well logs data were used based on cooper
Jacob and Kozeny Karmen methods.

The remote sensing data and SVM were used to detect the changes in the surface area of the salt
lakes and water logging in the soil that increased the soil salinization and reduced plant
production.

The physicochemical parameters, heavy metal, stable isotopes, and radiocarbon were used for

several aims including 1) type of salts and minerals could accumulate in the soil using
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F)

G)

PHREEQC geochemical model, 2) determine the recharge source, salinity origin, residence
time, and mechanism controlling water chemistry in the aquifer system based on different
mixing models, 3) The suitability of water resources for drinking purposes and health risk of
toxic metals using ANN and Monte Carlo simulation.

Integration of multiple data and results from previous findings of using well logs, acromagnetic
data, pumping test, remote sensing, stable isotopes and radiocarbon to build numerical flow
model and estimate the sustainability of the groundwater in the aquifer systems and predict the
future risk from drawdown in the water level. The model also aimed to validate the findings of
the multi-isotopic data regarding groundwater salinization and recharge source.

Examination of innovative solution to decrease groundwater and soil salinization using raw

material such as Diatomite and Kaolinite to create effective Zeolite geopolymer in salt rejection.
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Figure 4. The research framework showing the datasets used, methodology, and results
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4.1.Aquifer characterization and structure system delineation

Well logging is a vital technique employed for characterizing aquifers and understanding
environmental deposition processes [46]. In this study, well logs including Gamma Ray (GR),
Spontaneous Potential (SP), shallow and deep resistivity logs, along with water resistivity
measurements were analyzed to delineate lithological boundaries and identify aquifer zones. GR logs
were employed to distinguish between sand and shale formations, providing valuable insights into
depositional environments. SP logs were used to detect permeable zones and lithological transitions,
while resistivity logs provided essential data for evaluating porosity, water saturation, and the
hydraulic properties of the aquifer system. Additionally, pumping test data were utilized to calculate
key hydrogeological parameters, such as hydraulic conductivity and transmissivity. Together, these
datasets enabled the identification of aquifer layers and their hydraulic connectivity, contributing to
a comprehensive understanding of the subsurface environment. Furthermore, this study presents a
significant methodological advance by integrating high-resolution acromagnetic and gravity data to
map the deep structural framework controlling the aquifer system. The current study relied on 15

wells penetrating the aquifer systems and Fig 5 shows the distribution of the wells
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Figure 5. The distribution of the wells in Siwa Oasis penetrating the aquifer systems
4.1.1. Aquifer and aquitard layers detection based on cluster analysis
Cluster analysis is a powerful method used to differentiate aquifer layers based on well log data [15—
17]. In this study, GR, SP, and resistivity data of formation and water content (R; and Ry) were
utilized to perform clustering, enabling the distinction between various lithologies, such as shale and
sand. By applying advanced clustering techniques, including Self-Organizing Maps (SOM) and k-
means, distinct clusters were generated to represent aquifer layers and evaluate their key properties,
such as porosity and hydraulic conductivity. This approach facilitated the identification of boundaries
between aquifer zones and provided a more accurate characterization of the subsurface lithofacies.
4.1.2. Self-organizing map (SOM)

In this study, SOM was utilized to classify subsurface lithologies and delineate aquifer layers based
on well logs data. SOM, also referred to as Kohonen maps [47], are a type of artificial neural network
commonly employed for unsupervised learning and dimensionality reduction. They are particularly

effective for clustering and visualizing high-dimensional data in a lower-dimensional space while
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preserving the topological relationships among data points [17]. This unique capability enables a
detailed and continuous interpretation of subsurface lithological variations, making SOM an
invaluable tool for identifying aquifer heterogeneities and lithological boundaries [48].

The SOM inputs included GR, SP, deep resistivity (Rq), and resistivity of water (Rw) key parameters
that reflect lithological and hydrogeological variations. The SOM was implemented using the SOM
Toolbox in MATLAB. This process maps multi-dimensional data into a two-dimensional grid while
maintaining the spatial relationships of the original dataset. To ensure optimal configuration of the
SOM, Vesanto's rule was applied to determine the appropriate number of output neurons. This rule
provides a formula (Eq 1) to estimate the number of neurons based on the complexity and size of the
dataset (Fig 6), ensuring the SOM is well-suited to handle the input data effectively [49].

N =5vs @

N is optimal number of output neurons and s is the total number of samples in the dataset. The factor
5 ensures sufficient neurons to adequately represent the dataset's variability, while the square root of
the sample size balances the complexity of the SOM, avoiding oversimplification or overfitting. After
determining N, it was distributed across a two-dimensional grid (e.g., mxn, where mxn=N) to create

a visually interpretable layout.

Input Layer output
.~ {aei—
\ ) a-
4 325 325

Figure 6. The structure of the SOM showing the number of input parameters and neurons used for clustering.
The process began with data normalization to standardize the input variables, ensuring that each
parameter contributed equally to the clustering process. Subsequently, SOM training was performed
using a competitive learning algorithm, where input data vectors were mapped to neurons in the
output layer based on similarity. The Best Matching Unit (BMU) was identified for each input vector
(x), and the weight vectors of neighboring neurons (Wj) were adjusted iteratively to refine the
clustering. The training process begins with the initialization of variables, including the weight
vectors (Wj), the winner constraint, and the learning rate (n(t)). The weight vectors are randomly
initialized within the range of the input data, while the learning rate and neighborhood size start with
large values that decrease progressively during training. The BMU was calculated using a distance
metric such as the Euclidean distance. The weight vectors of the BMU and its neighboring neurons
are then updated to move closer to the input vector (Eq 2) and the neighborhood function, typically
a Gaussian function, ensures that the BMU and its surrounding nodes are updated, but nodes farther

away are updated less (Eq 3).
Wi(t+ 1) = Wi(® + 1) - hjpmu (D - (X — Wi (D) (2)

2
h; gmy (V) = exp <_ %) o

13



hj,BMU(t) is the neighborhood function, typically Gaussian with r; representing the position of
neuron i in the SOM grid and o(t) denoting the neighborhood radius, which decreases over time. The
learning rate (n(t)) and neighborhood radius are gradually reduced as the training progresses,
allowing for finer adjustments to the weight vectors in the later stages of learning. As training
continues, the neurons' weight vectors separate from each other, forming distinct categories or
clusters that represent the input data. The process stops when a predefined stopping criterion, such
as a maximum number of iterations or minimal change in weights, is reached. The resulting 2D map
provides an intuitive and visual representation of the clusters and their relationships, making it a
powerful tool for exploratory data analysis.
The number of clusters was predetermined using two approaches: (1) analysis of lithological logs to
identify distinct stratigraphic units and (2) computation of the silhouette score to optimize the
clustering structure. This combination ensured that the SOM accurately captured the geological
characteristics of the subsurface and differentiated between various lithologies and aquifer layers
effectively.
4.1.3. K-mean cluster analysis
k-means clustering analysis was applied to identify lithological units and aquifer zones within the
groundwater system using well log data (GR, SP, Rd, and Rw). The selected logs, which include key
indicators of lithology, were used as input features for the clustering process. K-means clustering
works by partitioning the dataset into a predefined number of clusters, minimizing intra-cluster
distances while maximizing the separation between clusters. The similarity between data points was
measured using the Euclidean distance. The Euclidean distance (Dg) between two points in an n-
dimensional space, represented as x = (x1, x2, ..., xn) and y = (y1, y2, ..., yn), is calculated based
on the following formula (Eq 4):

Dy =YL (i~ y)? @
To determine the optimal number of clusters, the silhouette score was utilized. A higher silhouette
score indicates a better-defined clustering structure, ensuring that the selected number of clusters
effectively represents the lithological variations.
4.1.4. Petrophysical parameters estimation
The petrophysical parameters were derived from geophysical logging data, specifically GR and Rt
logs, tortuosity (a) and cementation factor (m). The key parameters estimated include formation
factor, total and effective porosity, and shale volume. The formation factor (F), introduced by Archie
[50] through empirical testing, is defined as the ratio of the resistivity of a clean, water-saturated
aquifer (Rt) to the resistivity of the pore water (Rw) (Eq 5). In this study, Rw values were determined
through the chemical analysis of groundwater samples which was corrected based on the water
temperature.

F = (Rt/ Rw) (5)
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Archie proposed a method to relate factor of formation and total voids or porosity in sediments (Eq
6). However, a key limitation of this formula is its sensitivity to shale content, often leading to
overestimation of porosity in formations with significant shale. Despite this limitation, the formula
remains valuable for formation mainly composed of sand grains and low percentage of shale.
F=a*©)™ (6)
Where (a) represent tortuosity factor and (m) is the cementation factor. From the literature the (a) and
(m) were estimated to be 1 and 2 respectively [51]. Total porosity (4Jt) accounts for all pore spaces
within the rock, while effective porosity (D) represents only the interconnected pores, excluding
the contribution of shale volume (V). In this approach of study, effective porosity is estimated based
on standard formula (Eq 7).
Oeir = Drotal * (1-Vn) (M
Estimating shale volume (V) is essential because it significantly influences key petrophysical
parameters, including two types of porosity (total and effective porosity). In this study, Vg is
calculated using a non-linear relationship [52] (Eq 8). This formula was developed to minimize the
overestimation of Vg, by incorporating the gamma-ray index (Iy) of the targeted formation.
Va=0.332*"-1) 8)

The gamma-ray index (I,) is determined using a linear equation (Eq 9) introduced by Schlumberger
(1984). This formulation establishes a relationship between the natural GR|og, the GR for clean sand
(GRumin), and the gamma-ray reading for shaly layers (GRmax).

I; = (GRiog—GRumin)/ (GRmax—GRmin) C)

4.1.5. Hydraulic conductivity using well logs

In this study, a set of geophysical logs was conducted in a 15 deep well and the depth of well logs
could reach 1200 m below sea level. One of the most recognized derivations of permeability based
on the medium's characteristics was introduced by Kozeny [53] and later refined by Carman [54].
Consequently, it is commonly referred to as the Kozeny-Carman equation in the literature. Over
time, the equation has been presented in various forms, one of which was provided by Bear (Eq 10)

[55].

k=(%2) () () 10)
In this equation, K represents the hydraulic conductivity, d is the grain size diameter (cm), ow is the
fluid density (0.9982 g/cm? at 20°C), u is the dynamic viscosity (0.019 g/cm-sec at 20°C), and g is
the acceleration due to gravity (980 cm/sec?). This equation calculates the saturated hydraulic
conductivity based on grain size distribution [55,56] and has been shown to reliably predict the
saturated hydraulic conductivity of most soils [57]. To apply the Kozeny-Carman equation, the grain
size diameter is required. For the Nubian sandstone, the grain size diameter is 0.5 mm based on

literature and grain size analysis [58].
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4.1.6. Hydraulic conductivity using pumping test

Pumping tests serve as crucial field experiments aimed at collecting information on groundwater
extraction rates and hydraulic characteristics. In this research, data from pumping tests conducted at
seven groundwater wells are examined to assess aquifer properties, such as transmissivity (T) and
hydraulic conductivity (K). The hydraulic parameters derived from geophysical well logging was
cross-checked with those obtained from pumping tests to confirm the accuracy of the geophysical
approach. The duration of each test spanned up to 24 hours, with T and K calculated using the Cooper
and Jacob [59] technique, specifically tailored for leaky confined aquifers experiencing transient flow
conditions (NSSA). This approach involves plotting the elapsed time since pumping began against
the observed drawdown on a semi-logarithmic scale and fitting a straight line to the data. The slope
of this line over one logarithmic cycle yields the average drawdown (As) and transmissivity (Eq 11).

A's =2.3Q/4nT 1

Since hydraulic conductivity (K) represents the rate of flow per unit width of the aquifer, and
transmissivity (T) defines the rate of flow over the entire thickness (b) of the aquifer, Equation 12 is
used for the calculation of K from the T

T=Kxb (12)

4.1.7. Fracture and fault systems delineation

Delineation of the fracture and fault system in Siwa oasis is crucial where the connection between
the different aquifers is controlled with these elements. This study relies on three main datasets to
explore the subsurface characteristics of Siwa Oasis: airborne gravity data and magnetic data,
and Digital Elevation Model (DEM) topography data. These datasets work together to provide a
detailed understanding of the region's structural and geological features. The gravity data, sourced
from the Getech Group, consist of a 10 km (5-minute) grid of Bouguer anomaly recorded at 600
meters above ground. The magnetic data, also provided by Getech, include a consolidated 1000-
meter grid of total magnetic intensity (TMI). This grid was created using aeromagnetic data, along
with Magsat data, at an average terrain clearance of 1000 meters, with 10 nT contour intervals and
3000-meter line spacing.
4.1.7.1.Lineament Extraction

To extract lineaments from the gravity data, several advanced filtering techniques were applied to the
Bouguer Anomaly. These techniques include the upward continuation, the Second Vertical
Derivative (SVD), Horizontal Gradient (HG), Analytic Signal (AS), Tilt Angle (TA), and the Tilt
Angle of the Horizontal Gradient (TAHG). Each filter plays a unique role in enhancing the visibility
of geological structures, helping to identify both shallow and deep-seated contacts within the study
area [18,37,60—62]. By combining these filters, subtle variations in gravity data are amplified,

allowing for precise mapping of structural features that are critical for geological assessment.
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4.1.7.2.Regional and residual separation
The upward continuation technique was used to project gravity data to higher elevations. This
process smooths out short-wavelength anomalies linked to shallow structures, making deeper
geological features more visible [63]. This method is particularly effective for mapping density
variations in the subsurface, providing valuable insights into the region's geology [64]. In lineament
extraction, upward continuation is often paired with techniques like the Total Horizontal Derivative
(THD) to better define fault orientations [63,65]. The Bouguer gravity field, reflecting sources at
various depths, is decomposed using upward continuation to separate shallow and deep anomalies.
Upward continuation to heights of 1000 m and 7500 m chosen based on literature to target specific
lineaments reduces the influence of shallow features as height increases. Jacobsen [66] notes that
upward continuation to height z maps sources at or below z/2. The study focused on shallow
carbonates (up to 0.5 km) to identify shallow lineaments. The deeper structures of NSSA included
depth intervals were selected based on literature indicating basement depths of 3 to 3.5 km in the
region [67].

4.1.7.3.Filtering Techniques
First Vertical Derivative (FVD)

The First Vertical Derivative (FVD) is a powerful tool for detecting geological edges by amplifying

rapid changes in potential field data. Mathematically (Eq 13), it is expressed as:

apP
0z

13)

where P is the amount of the gridded gravity or magnetic anomaly reduced to the pole and z is the
vertical direction. The FVD highlights the edges of geological structures, making it particularly
useful for lineament mapping [68]. It is often combined with edge detection methods like the Total
Horizontal Derivative (THD) to improve the accuracy of structural interpretations [69].
Applications of the FVD include identifying tectonic faults and mapping hydro-structural features
that influence groundwater flow [70].

Second Vertical Derivative (SVD)

The Second Vertical Derivative (SVD) is widely used in potential field data interpretation to enhance

sensitivity to shallow subsurface structures. Mathematically (Eq 14), it is expressed as:

(28} = kZF(P) + IEF (P} = (K2 + K2)F(P} = kI (P} (14)
where f{} is the Fourier transform operator, so f{P} is the Fourier transform of the potential field g
or the total magnetic field T, ky, k,, denote the wavenumbers in the x- and y-direction and |k| is the
modulus of the wavenumbers. The SVD acts as a high-pass filter, amplifying high-frequency
components and enhancing shallow features like faults and lithological boundaries [71]. However, it
also amplifies noise, so preprocessing steps such as low-pass filtering or upward continuation are

often necessary [72].
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Total Horizontal Gradient (THG)
The Total Horizontal Gradient (THG), also known as the Total Horizontal Derivative (THD), is
calculated (Eq 15) as:

THG = (3—:)2 + (3—;’)2 15)

where P is the amount of the gridded gravity or magnetic anomaly reduced to the pole, Z—i and Z—z are

the horizontal derivatives in the X and Y directions, respectively. The THG highlights abrupt changes
in subsurface density, effectively outlining geological boundaries [72,73]. It is often integrated with
the FVD and SVD to delineate the structural framework of the study area.

Analytical Signal (AS)

The Analytical Signal (AS) method enhances edge detection by utilizing the gradients of the potential
field in the x, y, and z directions (Eq 16). The AS is calculated as:

as= &y +dhr+ @y a9

(ild
0z

anomaly. (AS) is the amplitude of the analytic signal at (x, y), and (0P/0x, 0P/0y and 0P/0z) are the

Where — represents the vertical gradient of the gravity anomaly or reduced to the pole magnetic

two horizontal and vertical derivatives of the gravity field respectively. The AS peaks over regions
of significant density variation, delineating structural discontinuities [74].

Tilt Angle (TA)

The Tilt Angle (TA) method, introduced by Miller and Singh [75], is defined in Equation 17:

TA = tan™?

kg ] 17)

The TA filter normalizes the vertical gradient of the potential field with respect to its horizontal
gradient, providing a quantitative measure of the field's inclination. It is relatively insensitive to noise
and is effective for detecting structural edges[76].
Tilt Angle of the Horizontal Gradient (TAHG)
The Tilt Angle of the Horizontal Gradient (TAHG), introduced by Ferreira[77], is calculated from
Equation 18.

0HG

TAHG = tan™! | ——2—— (18)

0HG 0HG
TTIN2  (ZTN2
G+

This method identifies the horizontal boundaries of buried geological structures by locating the
maximum values of the TAHG.

Enhanced Horizontal Gradient Amplitude (EHGA)
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The Enhanced Horizontal Gradient Amplitude (EHGA) method refines the edges of potential field
data, enhancing the detection of both shallow and deep geological structures. It is calculated from
Eq 19.

OH G

EHGA = R| asin| P —1|+1 (19)

\/(OH_G)Z_'_(M_G)Z_'_("HG)

Where R is the real part of the function and P is a positive number >2. The EHGA ranges from -/2
to + /2 when the peaks are directly located over the edges.

4.1.7.4.3D Density Interface Modeling using iterative Gravity Inversion
Geophysical inversion has advanced significantly due to improved data collection, visualization, and
computational power. Gravity inversion, using linear and nonlinear methods, is crucial for mapping
density distributions and geometries [78]. The flow diagram of the Grav3D code for estimating the
3D geometry of a horizontal density interface is illustrated in Fig 7 [79].
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Calculate RMSE between two
successive topography approximation

Figure 7. The flow diagram of the Grav3D code for estimating the 3D geometry of a horizontal
density interface.
The iterative inversion process requires a low-pass filter for convergence. This study employs FFT-
based inversion (Eq 20), combining Oldenburg's method with Xu's approach [80,81], to iteratively
estimate perturbing body geometries from gravity anomalies, ensuring precise density interface
reconstruction

- FlAg(xy)]elklz0 w k!
h(x,y) = FCV [—%— ne2— o Flh"(x,y)] (20)
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h is the interface topography at coordinates (x,y), F and F ©" denote the Fourier transform and its
inverse, respectively, Ag is the gravity field, k is the radial wavenumber, z is the average depth to
the density interface, g is the gravitational constant, p is the density contrast. The iterative process
begins by computing the Fourier transform of the first part of Eq 20, assuming zo =500 m, to obtain
an initial approximation of the interface topography h. A new set of depth estimate is then calculated
by using the h values from the previous step. The process continues until the convergence criteria are
met hence the root mean square error (RMS) can be used to the measure the misfit between two

successive depth estimates (Eq 21)

2
RMS = \/ Ziz 2y ) 1)

MxN

where M and N are the numbers of grid size in north and east coordinates respectively, t is the iteration
step. Using Grav3D software, input parameters include density contrast (Ap), the mean depth of the
density interface, the roll-off frequency parameters (SH and WH) for filtering, and the stopping
criterion for the iterative process (default RMS threshold: 107™*). This method requires careful
specification of several user-defined hyperparameters that critically influence the inversion
outcomes. Additionally, a major challenge in gravity inversion is the nonuniqueness of solutions,
where multiple density distributions can reproduce the observed gravity anomalies equally well. To
mitigate this, several a priori constraints were integrated into the inversion. For the shallow model
(targeting 0 — 500 m depth), literature and previous studies on the area [82], as well as used well log
data, indicated the presence of carbonate lithology and the average density of this upper layer was
set at 2.2 g/cm?. This value was used as a fixed constraint in the initial model. The average depth to
the carbonate unit was defined at 500 m, consistent with well log observations and the depth
sensitivity of the filtering applied to the residual gravity map, which highlights features such as
shallow faults, fractures, lithological boundaries within the sedimentary cover, and other sources
located within the upper 500 m. For deeper structures, the underlying sedimentary rocks and
basement units were assigned average densities of 2.6 g/cm?® and 2.7 g/cm?, respectively [82]. A
similar approach constrained the mean depth to values around 3 to 3.5 km, consistent with prior
geological and borehole data indicating the depth to the Precambrian basement. Furthermore, the
inversion was validated by comparing estimated depth values with independent well log data from
14 wells distributed across the study area, improving confidence in the interpretation of the
subsurface structural framework.

4.2.Detection of soil salinization source

The current study integrates remote sensing, machine learning (SVM), and hydrochemistry, to detect
groundwater quality deterioration as well as soil salinization and water logging problem. A digital

elevation model supported by machine learning was used to predict the change in the land cover
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(surface Salt Lakes area, soil salinization area, vegetation cover, and water logging) and its effect on
water quality deterioration.

4.2.1. Remote Sensing

To achieve consistent thematic mapping across a 30-year time series, four cloud-free Landsat scenes
were collected for the same season in the years 1990, 2000, 2010, and 2020. The datasets include
three Landsat 5 Thematic Mapper (TM) images (1990, 2000, and 2010) and one Landsat 8
Operational Land Imager (OLI) image (2020), all attained through US Geological Survey (USGS).
The attributes of the TM and OLI sensors are outlined in Table 1s (Appendix 2). Given the significant
changes within the study area, traditional land use/land cover (LU/LC) mapping methods proved
inefficient. As a result, this study employed machine learning algorithms, particularly the support
vector machine (SVM), for objective and consistent mapping. False color composites (FCCs) served
as critical data inputs, allowing for optimal feature discrimination. For consistency, FCCs of the
identical spectral intervals were utilized for all scenes. Specifically, FCC 7,4, and 2 with respect to
Short-wave Infrared, Near Infrared, and Green in RGB were used for Landsat TM data, while FCC
7,5, and 2 with respect to Short-wave Infrared, Near Infrared, and, and Blue were applied for Landsat
OLI data. These FCCs were employed as reference maps for visual interpretation and extracting
training and testing data. Six LU/LC classes lake water, wet sabkha, marshes or dry sabkha,
vegetation cover, sand dunes, and Moghra formation were delineated based on visual overlay analysis
and georeferenced maps. Training and testing data were maintained spatially constant across all
scenes to ensure unbiased classification. Consistent with recommendations in prior studies [53-55],
training data constituted 70 — 80% of the dataset, while testing data accounted for 20 — 30% (Table
2s and 3s. Appendix 2). These training pixels were used to train the classifier across the full band
sets of Landsat TM and OLI sensors.

4.2.2. Machine Learning Model

The support vector machine (SVM) is a supervised learning model that separates classes by fitting a
hyperplane in a multidimensional feature space, optimizing class separation by maximizing the
margin between classes [83]. The hyperplane is formed exclusively by support vectors, which are a
select group of training data points, guaranteeing a broad margin and reducing classification
inaccuracies. This study adopted the radial basis function (RBF) kernel, as its efficacy has been
demonstrated in similar remote sensing studies [84,85]. The kernel efficiently maps the input space
to a higher-dimensional feature space, facilitating non-linear separability. A penalty parameter (C =
100) was included to address potential misclassifications during training, balancing margin width
and misclassification tolerance. The SVM classifier, trained on the FCC inputs, effectively
distinguished the six LU/LC classes. By leveraging the RBF kernel and spatially consistent training

data, the model delivered robust and reliable classifications across the 30-year dataset.
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4.2.3. Hydrogeochemical evaluation

4.2.3.1.Data collection and analysis

In 2022, a detailed hydrogeochemical assessment was performed to examine the groundwater and
surface water quality in Siwa Oasis, involving the gathering of water samples (153 samples) from
various resources (Fig 8). These included 19 samples from clastic aquifer (deep NSSA), 114 from
the carbonate aquifer (shallow TCA), 8 from natural springs, 5 from saline lakes, and 7 from drainage

channels that feed the lakes.
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Figure 8. The coordinates of the investigated area (Siwa Oasis) showing the sampling points location and salt

lakes distribution.
Field measurements for pH and EC were taken using portable instruments; a WTW model LF 538
pH meter was used for pH, and a YSI model 35 conductivity meter for EC. The major ions and metals
were conducted in the laboratory of the desert research center, Matarya, Egypt. The metals were
measured with ICP. The flame photometer was utilized for Na” and K" measurements. The titration
with standard EDTA methods were performed to analyze total hardness and volumetric method for
Alkalinity (CO;* and HCOs") measurements. Magnesium ions (Mg®") were derived from TH and
calcium ions (Ca*") concentrations. Chloride levels (Cl") were determined through titration using
silver nitrate (AgNQOs). Sulfate (SO+*") concentrations were measured using a turbidimetric approach.
Measurement accuracy, evaluated via ionic balance error (IBE), was assessed for ion concentrations
in milliequivalents per liter (meq/L). IBE values remained within a £5% range. Ionic balance (IB),
which quantifies the percentage disparity between the total positive and negative ions in water (Eq
22).
IBE=[(C-A)/(C+A)] x100 (22)

Where C = total cations and A = total anions. The toxic metals were examined using ICP. All

measured parameters are reported in Table 4s (Appendix 2)

22



4.2.3.2.Mechanism controlling water chemistry
The geochemical modeling program PHREEQC [86] was employed to calculate the Saturation Index
(SI) for various mineral phases in the collected water samples. This calculation was a critical step for
two primary reasons: 1) to assess the potential for mineral precipitation from irrigation water, which
can lead to soil salinization and reduced soil permeability, and 2) to provide essential constraints for
the NETPATH inverse mixing models by defining the geochemical state of the end-member and
mixed water samples.
The water’s saturation level relative to different minerals was assessed using the following equation
(Eq 23):
SI = Log (IAP/K) (23)

where SI represents the saturation index, IAP is the ion activity product, and K is the solubility
constant. An SI value of zero indicates equilibrium, a positive value indicates supersaturation
(potential for precipitation), and a negative value indicates undersaturation (potential for dissolution).
Input Parameters and Model Limitations
The calculation of the SI in PHREEQC was based on a comprehensive set of field and laboratory
measurements. Input parameters included:

1) Physical Parameters: pH, EC, DO, T°c, and TDS

2) Chemical Parameters: Major ions (Ca?', Mg?", K*, Na*, Cl-, SO.>, HCOs", COs*),

nutrients (NOs~, NHa), silica (Si0.), and trace metals (Fe?*, Fe**, Mn2?*, Ni?*, Zn?", Cu?*, Cd*',
Cr, Pb, Ba, Sr).

Several measures were taken to ensure the reliability of the model and address its limitations. The
potential for overestimation of mineral precipitation was acknowledged, particularly given the hot
and arid climate of Siwa Oasis where evaporation can drive minerals out of solution. To mitigate
uncertainties associated with field measurements, redox-sensitive species (Fe**/Fe**, Mn**/Mn*") and
DO levels were carefully measured. All water sample temperatures were below 50°C, and the ionic
balance for all samples was confirmed to be within an acceptable error margin of £5%. The specific
water samples used as end-members and mixed samples for the subsequent NETPATH analysis are
detailed in the mixing model’s section.
For further hydrogeochemical assessment, ionic ratios and various graphical methods, including
Piper plot [87], Durov plot [88], and Gibbs graph [89], were generated using specific software called
DIAGRAMMES. These tools facilitated the evaluation and interpretation of the geochemical
reactions governing evolution of different water resources in the study area
4.3.Recharge source and salinity origin
In this chapter, the recharge sources of the aquifers were determined using stable isotope signatures
(6°H and 3'®0) measured in all water samples, providing critical insights into whether shallow and
deep aquifers in the current semi-arid region receive significant recent recharge. This approach also

elucidated the effects of water-rock interaction and climatic factors on the isotopic composition of
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groundwater, offering a deeper understanding of the hydrogeochemical processes governing the
aquifer system. To further investigate the sources of salinity and the high spatial variability in
groundwater salinity within the TCA, the NETPATH mixing model was developed and supported by
Principal Component Analysis (PCA) and K-means cluster analysis. These mixing models supported
with multivariate statistical techniques were employed to select appropriate end members, quantify
the contribution of salt lakes and deep NSSA to the salinity of the shallow TCA, and identify the
primary factors driving the observed spatial heterogeneity in groundwater salinity. The §*H and §'*O
values are reported as deviations in per mil (%o) from the “H/'H and '*0/'°0 ratios in a reference
standard called the Vienna Standard Mean Ocean Water (VSMOW), which has defined §*H and §'*0
values of 0%o. Stable isotope measurements were conducted using a Liquid-Water Isotope Analyser-
24d produced by Los Gatos Research. This device employs off-axis integrated cavity ring-down
spectroscopy to determine the absolute concentrations of “H'H'°O, 'H'H'®0, and "H'H'®O through
laser absorption measurements. laboratory standards were calibrated to international standards (8*°H
= —9.0%o; —74.9%0; —147.7%0; 5'°0 = —0.53%0; —10.41%0; —19.95%0 for BWS1, BWS2, BWS3,
respectively [90]. The precisions are better than 1.0%o and 0.15%o for d*H and d'*O, respectively.

4.3.1. Groundwater salinity source based on mixing model

NETPATH software were used to create a mixing model between surface water (salt lakes) and

groundwater (TCA and NSSA) to detect the detect the reason for the large variations in the

groundwater salinity of the shallow TCA. The model was performed with assumption that beside the
water rock interaction and mineral or salt dissolution in the carbonate aquifer (TCA), there is leakage
downward of salt water from the hyper saline lakes through the fracture system causing increase in
the groundwater salinization. This assumption is based on previous investigation of the surface area
of salt lakes that increased rapidly within the last 30 years except Zeitun lake in east Siwa using
change detection of the remote sensing data. The second assumption is the overpressure of the deep
fresh water in deep NSSA could flow upward through the fault system causing dilution of the saline
water in the TCA. According to these assumptions, 7 models were applied using the following steps;

1) Using input parameters such as major ions (Ca*", Mg?*, K*, Na*, Cl~, SO+*>", HCOs~, COs*>", NOs",
Si02, physical parameters (pH, EC, T°c), and TDS and trace metals (Fe?*, Fe**, Mn?*, Ni**, Zn?*,
Cu?", Cd*, Cr, Pb, Sr).

2) Using mineral phases based on the geological composition of the aquifer system (dolomite,
chalcedony, gypsum, illite, calcite, halite, montmorillonite, and exchange phases).

3) Select the end members (initial and final water) based on groundwater flow direction, the
extracted clusters from k-means, and the lowest and highest value of 5'%0, 8°H, and TDS. The
first scenario for salt water leakage from the lakes, the first endmembers were selected from TCA
(sample 9, 10, 144, 117 and 7) with low §'%0, °H, and TDS values and the second endmember
from the salt lakes (sample 27 and 92) with high 3'*0, §°H, and TDS values. The final water
(mixed samples) was selected from the TCA with intermediate 5'*0, §*H, and TDS values
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(samples 20, 21, 93, and 87). The second scenario of upward flow of fresh water from the NSSA
to TCA, the first end members were selected from TCA (sample 21 and 87) with high §'*0, §°H,
and TDS values and second endmember from NSSA (sample 4 and 56) with low §'*0, §°H, and
TDS and final water from TCA (sample 15 and 68) with intermediate §'*0, §°H, and TDS.
4) Selecting the reaction type (precipitation/dissolution) based on the mineral saturation index
value.
5) The output of the models included the contribution % of each endmember and the evaporation
factor
6) Validation of the results of the NETPATH with mixing model based on stable isotope signature
only (Eq 24). The mixing percentage or contribution was calculated using §'*0
Cm=Cif +C:(1-f) 24)
Cm represents the concentration of the mixed sample (final water), C1 denotes the stable isotope
concentration in initial water (endmember 1), C2 signifies the stable isotope concentration in initial
water (endmember 2), f indicates the percentage contribution of endmember 1 to the mixture, and 1
— f represents the percentage contribution of endmember 2 to the mixture.
4.3.2. Principal Component Analysis
Principal Component Analysis (PCA) is a statistical technique used to reduce the dimensionality of
extensive datasets while retaining critical information. It transforms original variables into
uncorrelated principal components, with the primary component capturing the maximum variance
and subsequent components explaining the remaining variability [91]. PCA was applied to all
measured attributes or parameters (physical parameters, major ions, metals, and isotopes). The aim
was to identify the key hydrochemical processes influencing water chemistry and determine critical
parameters for k-means cluster analysis. Components were chosen based on two criteria: a
cumulative explained variance of more than 50% and Eigenvalues greater than 1 (Fig 9 a, b), with
varimax rotation applied to enhance interpretability. The analysis involved standardizing variables to
ensure equal contributions, selecting components based on explained variance and Eigenvalue
criteria, and performing PCA transformation to generate uncorrelated components.
4.3.3. K-means clustering
K-means cluster analysis is a unsupervised statistical method designed to categorize objects in a
multivariate dataset by grouping them according to their similarities, measured using a distance
metric [92,93]. In this research, the technique was employed to classify 153 water samples collected
from the surface water and groundwater. The dataset comprised Fe, Mn, SiO2, TDS, K*, Mg**, Ca*,
CI, SO+*, HCOs™, NOs, NHs, 6°H, and 6'#0, which reflect the composition and properties of the
water samples. The analysis began with standardizing the data using the StandardScaler tool from
Scikit Learn, ensuring all variables were scaled uniformly to prevent features with larger magnitudes
from disproportionately influencing the results. Exploratory data analysis, such as generating

boxplots and histograms, was conducted to assess the distribution of variables and detect outliers.
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Outliers were subsequently eliminated using the interquartile range (IQR) method, improving the
robustness of the clustering process by minimizing the impact of extreme data points. The optimal
number of clusters was determined using the Elbow and Silhouette methods (Fig 9), which involve
plotting the Within-Cluster-Sum-of-Squares (WCSS) and Silhouette Score (Fig 9¢, d) against various
cluster counts (Eq 25 and 26).
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Figure 9. The scree plot of Eigenvalues for extracting optimum number of components (a), cumulative
explained variance (b), Elbow curve showing the optimum number of clusters and WCSS (c), and average
silhouette score of the three extracted clusters (d)

The "elbow" point, where the rate of WCSS decrease slows significantly, indicated the ideal number

of clusters for the analysis.
. 2
wess = 3 T [|xP - | (25)
Where k is the number of clusters, n is the number of data points. x].(i) is the j-th data point in the i-

th cluster. ¢ is the centroid of the i-th cluster [93].
The Silhouette Score were computed for a range of cluster numbers which provide a quantitative
measure of cluster cohesion and separation, ensuring the validity and reliability of the clustering

results (Eq 26).

. 1on . A
Silhouette Score = - > ;_1(bi — ai)/max (ai, bi) (26)
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Where n represents the total number of data points, a; is the average distance between the i-th data
point and all other data points within the same cluster, and b; is the smallest average distance between
the i-th data point and data points in a different cluster. To assess the significance of the identified
clusters, statistical tests such as ANOVA and the Kruskal-Wallis’s test were applied. These tests help
determine whether the clustering solution is statistically meaningful and whether significant
differences exist in the water quality parameters across the clusters.

4.4.Recharge source and residence time of the aquifer systems

In this chapter, additional analysis including *C, 8"C, #7Sr/*¢Sr were measured in 45 water samples
to investigate groundwater dynamics and residence times. The samples were treated with phosphoric
acid under vacuum conditions to release dissolved inorganic carbon (DIC) as carbon dioxide (CO2).
The extracted CO. was purified using a vacuum line to remove impurities and other gases, after
which it was converted into graphite for analysis. The *C/!2C ratio was measured using a MICADAS-
type Accelerator Mass Spectrometer (AMS) at the Debrecen AMS facility. Stable isotope analyses
of water and DIC were conducted using an automated GASBENCH II system coupled with a Thermo
Finnigan DeltaPLUS XP mass spectrometer. Additionally, #Sr/*Sr ratios were determined using
thermal ionization mass spectrometry (TIMS), achieving an analytical precision of £0.0001. The
primary objective of this research was to integrate multi-isotopic tracers (1*C, 6'3C, #7Sr/*¢Sr) with the
previous measured major ion and heavy metal data to develop forward and inverse mixing models
(Faure and NETPATH). These models were used to identify the locations where the NSSA recharges
the TCA, quantify the contribution percentages at each location and determine the most promising
sites for future well-drilling plans. Furthermore, groundwater residence times were estimated using
the Fontes and Garnier model, which incorporates age corrections to account for factors such as the
downward leakage of salt lakes or irrigation return back into the shallow TCA through the fracture
system, which can alter the isotopic signature and apparent age of the groundwater.

4.4.1. Inverse geochemical and mixing model

NETPATH inverse model was employed to simulate observed changes in groundwater chemistry and
flow between initial and final water states, providing insights into key processes such as water—rock
interactions, mixing, and evaporation. The accuracy of the model's outputs relies heavily on the
availability of comprehensive mineralogical, chemical, and isotopic data, particularly 8*C and **C
[94]. For the mixing model, the NETPATH inverse approach identified two end members based on
87S1/*Sr versus Sr concentrations, with mixed water samples plotted between these end members.
This model was used to quantify the contribution percentages and determine recharge locations for
the shallow TCA from the deep NSSA. The mixing model was calibrated using the Faur model, which
is typically represented by a line or curve connecting the two end members and intersecting the mixed
samples, thereby illustrating the contribution percentage from each end member. The contribution
percentages were calculated using the following equations (Eq 27-28) [95]:

Ci/ (Cmix X M)) + C3 (Cinix*M2) in the vertical axis 27
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Cnix=Cif + C; (1-f) in the horizontal axis (28)

Here, C; represent the first parameter concentration in the first end member (TDS and Sr), C,
represent the first parameter concentration in the second end member (TDS and Sr), M represent the
second parameter concentration in the first end member (‘*O and "¥%*Sr), M, represent the second
parameter concentration in the second end member (TDS and Sr). This approach not only quantifies
the contributions of each end member but also provides a robust framework for understanding
recharge dynamics and mixing processes in the aquifer system, offering valuable insights for
groundwater resource management.

4.4.2. Groundwater residence time estimation

The measurement and correction of '*C ages using “C play a crucial role in understanding
groundwater flow systems [96,97]. Groundwater age is determined using dissolved inorganic carbon
(DIC) as a tracer, calculating the difference in '*C content between the present and the recharge period
based on its half-life. The calculation is expressed as follows (Eq 29):

t=—8267*In (Asampie/Ao) (29)

Here, t represents the groundwater age (in years), Asmple is the measured '*C content of DIC, and A
is the initial '*C content in recharge water. Although the modern carbon standard (Ao) is 100 pMC,
the actual initial '*C content in groundwater is often lower due to chemical reactions during
groundwater evolution. These include processes such as carbonate dissolution, precipitation, cation
exchange, and isotopic exchange reactions, which alter the '*C concentration and require correction
for accurate age determination. Numerous methods have been developed to correct '“C ages based
on §"°C values of dissolved inorganic carbon (DIC) [98-103] and geochemical mass transport models
like NETPATH [86,104]. Some correction approaches account for both open- and closed-system
calcite dissolution [98].

Radiocarbon ('*C) dating is commonly used to date DIC in groundwater, particularly for recharged
water on a time scale of approximately 1-30 thousand years before present. Over the past 50 years,
various adjustment models have been developed to account for isotope dilution and isotopic
exchange processes that occur in carbonate groundwater systems. Early models, such as those
proposed by Fontes and Garnier [98] and Plummer and Glynn [105], provided foundational
frameworks for correcting '*C ages. Studies by Plummer [105] and Han [106] have shown that even
with a constant assumption of '*C content in soil CO,, adjustments to the initial '*C content (**Co) are
necessary for the complex geochemical reactions, such as mineral precipitation/dissolution and/or
ion exchange, which impact the isotopic composition of DIC. These advancements ensure more
accurate and nuanced age estimations in groundwater studies, particularly for systems influenced by
a variety of interacting processes. The dissolution of carbonate minerals is a key process influencing
the "*C content of DIC in groundwater. During this process, dissolved carbon, primarily in the form
of bicarbonate (HCOs3), is generated from a mixture of soil CO» and inorganic carbon sources, as

described by the following reaction (Eq 30):
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c02(9) "5 co2(aq) *3° H2C03(aq) - [H (ag) + HCO3 (aq)] + [Me (aq) + CO3 (ag)] —
2HCO03(aq) + Me(aq) » MeCO3(s) 30)
where Me represents typically Ca or Mg, and the subscripts g, s, and aq denote gaseous, solid, and
dissolved states, respectively. Since the amount of CO; involved in these reactions is finite, the
dissolution reaction is considered largely irreversible. This process leads to the dilution of the '*C
content derived from soil CO», as the bicarbonate produced incorporates carbon from both soil CO»
and inorganic sources, effectively lowering the initial '*C concentration. In addition to the dilution
of the "C content in soil CO, caused by the dissolution of carbonate minerals (Eq 31), isotopic
exchange can occur between different carbon-bearing species, including gas, water, and mineral
phases. This exchange is reversible, meaning that carbon isotopes can move between these phases,
further impacting the '*C content of the DIC. As a result, the isotopic composition of the DIC
becomes influenced by a combination of soil CO,, inorganic carbon, and the isotopic equilibrium
established through these exchanges, complicating the interpretation of groundwater age and the

original '*C content.

H H

c02(9) S €02(aq) S H2C03(aq)=[H (aq) + HCO3 (aq)] & [Me (agq) + CO3 (ag)] —

precipitation/dissolution

2HCO03(aq) + Me(aq) S MeC03(s) @31

In groundwater systems, two extreme situations involving isotopic exchange can occur:

a) Isotopic Exchange Controlled by Gaseous CO,

Under open-system conditions, where DIC is under-saturated with respect to calcite, isotopic
exchange predominantly occurs between gaseous CO; and dissolved HCOs . In this scenario, the
carbon isotopic composition of CO(g) remains unchanged, and the exchange process is controlled
by gaseous soil CO, (Eq 32). This situation reflects minimal influence from solid carbonate phases,
meaning that isotopic composition depends primarily on processes involving gaseous and dissolved

carbon species.

xH20 /-xH20 e—2H or—Me+2

c02(9) & €02(aq) S H2C03(aq)=[H (ag) + HCO3 (a@)] & " [Me (aq) +
€03 (aq)] = 2HCO03(aq) + Me(aq) 32)
b) Isotopic Exchange Controlled by Solid Carbonate Minerals
In contrast, under closed-system conditions, where calcite continuously dissolves and re-precipitates,

isotopic exchange occurs between HCO3™ and solid carbonate phases (Eq 33).

H20 Me-2H or—Me+2H
C02(aq) S H2C03(aq)«|[H (aq) + HCO3 (aq)] s [Me (aq) + CO3 (aq)] =
precipitation/dissolution
2HCO03(aq) + Me(aq) s MeCO03(s) 33)

Proton transfer reactions facilitate the reversible exchange between bicarbonate and carbonate ions,
resulting in '*C exchange between HCO; ™ and solid carbonate minerals like calcite [107]. In this case,
the isotopic composition of DIC depends on processes involving solid carbonate dissolution, re-

precipitation, and proton exchange. Since the mass of solid carbonate is significantly larger than the
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DIC, changes in isotopic composition of the minerals may be less apparent. Thus, the exchange is
controlled by solid carbonate minerals (indicated by thick arrows).

In the current study, Age correction was performed using the approaches of Fontes and Garnier,
where the initial water was defined as soil water prior to its downward leakage into the aquifers, and
the final water was represented by samples from the TCA and NSSA. The NETPATH modeling
incorporated known mineral phases within the aquifer matrix and the major ion concentrations of
groundwater. In the NSSA, observed mineral phases, particularly in the upper Cretaceous shale and
lower Cretaceous sand, included halite, gypsum, and silica, which were integrated into the model.
For the TCA, which is dominated by carbonate rocks, calcite and dolomite phases were included.
Additionally, clay minerals such as montmorillonite and illite, present in the sedimentary layers, were
incorporated into the simulation. The cation exchange process involving calcium and sodium within
these clay minerals was also considered during the modeling process.

4.5.Groundwater flow modeling

In this chapter, a three-dimensional numerical model was developed using the FEFLOW finite
element software to simulate the groundwater flow system in Siwa Oasis. The primary objectives of
the model were to investigate the hydraulic interaction between the NSSA and the TCA, validate
recharge mechanisms identified in the previous chapter through isotopic analysis, and predict future
drawdown in groundwater levels and sustainability of the limited water resources. The following

chart shows the framework of building the numerical flow model (Fig 10).
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Figure 10. The framework used to build the numerical flow model

4.5.1. Underlying Assumptions and Conceptual Model

The development of the conceptual model was based on several key assumptions derived from the

regional hydrogeological context:
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a) Regional Flow System: The local flow system of Siwa Oasis is considered an integral part of
the vast regional NSSA flow system. Therefore, the model boundaries, particularly for the deep
NSSA, are assumed to have minimal water level fluctuations.

b) Constant Head Boundaries: The presence of high-flow artesian wells and springs with relatively

stable discharge rates (approximately 288,000 m3/day) suggests a steady influx of water into the

system. This, along with the stabilizing effect of the freshwater-saltwater interface to the north,
justifies the use of specified head boundaries, allowing water to move across the boundaries based
on hydraulic gradients and aquifer properties.

c¢) Negligible Direct Recharge: Given the hyper-arid climate, with high evaporation and extremely

low precipitation, direct recharge to the shallow aquifer from rainfall is considered negligible.

However, recharge from agricultural irrigation return flow was incorporated, with infiltration rates

estimated between 0.0000058 and 0.00005 m/day.

d) Faults as Conduits: Major faults systems are assumed to act as primary vertical conduits

facilitating hydraulic connection and water transfer between the NSSA and the TCA.

Based on these assumptions, a conceptual model was constructed. The model domain, covering a

total volume of 1.66 x 10° m? was discretized into an unstructured finite element mesh with

2,790,928 triangular prism elements and 1,574,100 nodes. The mesh was refined around faults and

wells to capture steep hydraulic gradients accurately. The hydrostratigraphy was represented by eight

technical layers: a Quaternary soil layer, two layers for the fractured TCA, an impermeable Upper

Cretaceous shale layer acting as an aquitard, and four layers representing the NSSA (Fig 11).
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Figure 11. The model boundary including structure lineaments and lakes boundary, 3D geometry of the study

area constructed based on well log correlations with 3D discretization using FEM
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4.5.2. Input Data and Parameterization

The model was built with data from various sources:

a) Geospatial Data: A Digital Elevation Model (DEM) and shapefiles (catchment area) were used
to define the surface topography and the geometry of geological features, including the extent of the
salt lakes.

b) Geological Data: Lithological logs from 15 wells provided the basis for constructing the 3D
geological framework and defining the eight model layers. Lineament maps derived from remote
sensing and aeromagnetic data analysis were used to incorporate major faults and fractures as discrete
features in the model.

¢) Hydraulic Parameters: Initial values for hydraulic conductivity (Kx, Ky, Kz) (Fig 12), effective
porosity, and specific storage were assigned to each layer based on data from pumping tests (cooper
Jacobe method), well logs (Kozeny carmen equation), and values reported in the literature. Fault
zones were modeled as vertical conduits with an initial hydraulic conductivity of 0.001 m/s and a

thickness of 50 m, which were later adjusted during calibration.
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Figure 12. The final horizontal and vertical hydraulic conductivity used for the calibrated numerical flow
model

d) Hydrological Data: The total discharge rate was set to approximately 288,000 m?*/day, distributed
among 63 TCA wells, 20 NSSA wells, and 145 springs. Initial head conditions for the year 1960 were
digitized from historical hydrogeological maps, while dynamic water levels for 2025 were used for

transient calibration.

4.5.3. Boundary Conditions

Specific boundary conditions were assigned to represent the physical system:

a) Hydraulic Head Boundary (First Kind - Dirichlet): Applied to the lateral boundaries of the
deep NSSA layers and to the springs, representing a specified, constant hydraulic head.

b) Fluid Transfer Boundary (Third Kind): Applied to the surface salt lakes to simulate leakage
and fluid exchange between the lakes and the underlying shallow aquifer.

c) Wells Boundary (Fourth Kind): Applied to the abstraction wells, simulating a specified
extraction rate from the respective aquifer layers.

4.5.3. Model Calibration and Simulation Scenarios

The model was calibrated in two stages:
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a) Steady-State Calibration: The model was first calibrated under steady-state conditions,
representing the pre-development state (1960). Hydraulic conductivity and recharge parameters were
adjusted until a good match was achieved between simulated and observed initial heads for the NSSA
(R?=0.99) and the TCA (R>=0.93).

b) Transient-State Calibration: The calibrated steady-state model was then used as the initial
condition for a transient simulation from 1961 to 2025. The model was calibrated against measured
water levels from 19 TCA wells and 10 NSSA wells. The transient calibration achieved a strong
correlation, with R? values of 0.98 for the NSSA and 0.83 for the TCA, and a low RMSE of 0.66 m
and 0.62 m, respectively, indicating a reliable model.

Following calibration, two main simulation scenarios were executed:

Future Drawdown Prediction (2025-2100): The model was run to predict future water level
changes in both aquifers until the year 2100, assuming the current abstraction rate of 288,000 m*/day
continues. This scenario aimed to assess the long-term sustainability of the groundwater resources
and identify areas vulnerable to significant drawdown.

Reverse Particle Tracking: This analysis was performed to trace the pathways of groundwater flow
backward in time. This helped to validate the hypothesis that the NSSA is the primary source of
recharge to the TCA via the fault systems and to investigate the origins of salinity in the shallow
aquifer. The governing equation for groundwater flow in FEFLOW is the transient groundwater flow

equation, derived from Darcy's Law and the continuity equation (Eq 34)

-t 120D 2D -w

Kxx, Kyy, Kzz (m/d) is the Hydraulic conductivity along the x, y, and z directions, representing the
ability of the aquifer to transmit water. h (m) is the Hydraulic head, which describes groundwater
potential. The parameter w (m?/d per unit volume) is the Source/sink term. Ss (1/m) is the Specific

storage, which quantifies the volume of water released or taken up per unit volume of aquifer per
unit head change. t (days) is the Time, making the equation applicable for transient (unsteady) flow

conditions.

The reverse (backward) particle tracking was employed to investigate the sources that recharge the
TCA. In FEFLOW, particle tracking corresponds to solving the Nd-dimensional Stochastic
Differential Equation (SDE), which is theoretically consistent with the Fokker-Planck Equation
(FPE) for the transition probability f (x, t). According to the ito formulation, the SDE can be written
as follow (Eq 35, 36, and 37)

X, (t +At) = X, (1) + A(X,, t)At + B(X,, t) - Aw(At) (35)
A=v+V:-D+¢'D-Ve=v+V-D+D:Vlne = Al%gloi(xp(t) — X, (to)) (36)
2D =B-Bf = Al;rlei([xp(t) — X, (t)][X, () — Xp(to)]t) (37
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The vector A is commonly called the drift vector. It is responsible for the advective (deterministic)

movement of a particle, which is the sum of the fluid velocity and a velocity that originates from the
spatial variation of dispersion tensor D and porosity €. The term B.Aw is called the white-noise and

corresponds to the non-deterministic part (or stochastic term) of the equation. The matrix B is a
diffusion matrix, and Aw are increments of independent Wiener processes. FEFLOW supports
several integration schemes for particle tracking, including Backward Ito. The Backward Ito
scheme is the fastest, as it does not require evaluating the divergence of the dispersion tensor in the

drift part (Eq 38, 39).

X, (t + A1) = X, (1) + v(X,, t)At + B(X, + Y, (D), t) - E(E)VAL (38)
Y, () = B(X,, t) - §(t)VAL (39)

4.6.Water quality and health risk assessment

This thesis pioneers a comprehensive framework for assessing the suitability of water resources for
human consumption and quantifying the associated health risks in the Siwa Oasis. By integrating a
novel Integrated Weighted Water Quality Index (IWQI) with advanced machine learning (FFBP-NN)
and probabilistic risk assessment (Monte Carlo simulation), this study moves beyond deterministic
water quality standards to provide a nuanced, risk-based evaluation of water safety.

4.6.1. Integrated weight water quality index

The IWQI was employed to assess water quality and its suitability for drinking purposes. IWQI is a
ranking system that reflects the overall influence of physicochemical characteristics on water quality
[108,109]. The approach of IWQI estimation involves 5 steps: applying entropy weight to quantify
the contribution of each parameter, utilizing CRITIC-based weighting to account for the contrast and
conflict among parameters, determining the integrated weights by combining both methods,
calculating the IWQI, and finally based on WQI score the suitability of water for drinking could be
evaluated.

4.6.1.1. Entropy weight

The entropy-weighted water quality index (EWQI) is a method used to evaluate water quality based
on physicochemical and metals measured attributes, providing an overall entropy value for
interpretation [110]. The calculation process comprises three phases:

Step 1 (Matrix Eigenvalues): The eigenvalues of the matrix X are estimated using Eq 40, where m
and n represent the number of investigated samples and hydrochemical parameters, respectively.

X11 X12  Xip
X21 X322 Xzp
Xm1 sz an

Step 2 (Standard Matrix Calculation): Eq 41 and 42 are applied to normalize the data and

X = (40)

calculate the standard matrix Y, which is necessary due to large dimensional differences in chemical
parameters. Normalization ensures consistent scaling, where (Xij)max 1s the maximum value and

(X7)min 1s the minimum value for each parameter.
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Step 3 (Entropy and Weight Calculation): Eq 43-45 calculate the information entropy (ej) and

entropy weight (wj). Here, Pij is the normalized proportion of parameter j for sample i:
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4.6.1.2. CRITIC Method

The Criteria Importance Through Inter-criteria Correlation (CRITIC) technique was employed to
calculate the objective weights of variables, addressing the limitations of traditional information
entropy methods. The CRITIC method is a robust approach that combines the variability of each
criterion and its correlation with other criteria to derive weights, ensuring an objective assessment of
their relative importance. The objective weight could be achieved based on following equations (Eq

46-48):

3 20 —%) i) (46)
ij =
J5Cey—7) 2y 75)°
Sj=68j XiZ,(1 —rij) (47)
o S)
wj2 = e (48)

The wj,, m, S;, and §; indicators identifies the objective weight, total number of variables, quantity of
information, and standard deviation, respectively.

4.6.1.3. Integrated-weight

The following equation is utilized to determine the integrated-weight Wj (Eq 49-51):

W;=pwjl+ (1-p) wj2 (49)
p= ZH (W) —w) W, —w2)|  (50)
W] — WjlxXwj2 (51)

p is a preference coefficient, where p lies within the range of 0 to 1, i.e., pe [0,1].
4.6.1.4. Integrated Weight Water Quality Index IWQI)
After determining wj; and twj, the IWQI is calculated using the following formulas (Eq 52, 53).

. _ Cj=Cjp
Qj = Si—Cip x100 (52)
wQI =X, (WjQj) (53)

j is the experimental concentration of each attribute measured in mg/L, and Cjp reflects the standard

value of the variable in pure drinking water. For all variables except pH, the standard value is zero;
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for pH, the standard value is seven. The primary standard values (Sj) for each parameter are based
on the WHO guidelines [111]. Based on IWQI scores, water quality is classified into five distinct
categories. If the IWQI value is below 100, the water is categorized as "excellent to good," between
100 and 150 denotes "medium or intermediate quality," from 150 to above 200 indicate "poor" to
"extremely poor" water quality [112].

4.6.2. FFBP-NN for IWQI prediction

The Neural Network (NN) library in MATLAB was utilized to perform feed-forward
backpropagation neural network (FFBP-NN) modeling for predicting the IWQI. The input
parameters for the model included EC, TDS, pH, TH, Na*, K*, CI, HCOs™, Fe, Mn, NOs™, and SO+,
Initially, all 14 parameters were considered, but after iterative testing and stepwise regression, Ca?*
and Mg?* were removed to optimize the model's accuracy with few parameters. The modeling process
was conducted using Levenberg-Marquardt algorithm employed for training. The FFBP-NN
architecture featured two layers: one hidden layer with sigmoid activation functions and an output
layer with linear activation neurons. The number of neurons in the hidden layer ranged from 2 to 14,
and the optimal configuration was determined experimentally based on performance metrics such as
MSE, MAE, RSE, RMSE, and R. A single hidden layer was chosen, as recommended by researchers
for simpler datasets, while more complex models may benefit from multiple hidden layers [113]. The
dataset was divided into three subsets, with 70% allocated for training and 15% each for validation
and testing. This division was determined after testing various proportions, with the selected split
yielding the best model performance. A schematic diagram of the initial FFBP-NN model is
illustrated in Fig 13.

J
EC, TDS, pH, TH, Na+, |
K+, Cl-, HCOy, Fe, Mn, |
NOyand SO~

Input

Hidden layel‘:

Figure 13: Schematic diagram of FFBP-NN showing the structure of NN, hidden layer, input and output
parameters.
The network's performance was evaluated using metrics such as MSE (Eq 54), regression R-value

(Eq 55), RMSE (Eq 56), MAE (Eq 57), and RSE (Eq 58), which provided a comprehensive

assessment of the model's accuracy and reliability in predicting IWQL.

MSE == 3" (v} — y;)? (54)
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The variable n denotes the total count of data points within a designated group. y'; represents the
empirical measurement of the IWQI corresponding to the i-th parameter, while y* indicates the

forecasted or computational outputs for the evaluative parameter (IWQI) linked to the i-th data entry.

R(y',y") = <22 (55)

O'yIG'y*
Here, o, denotes the standard deviation of benchmark data, while oy signifies the dispersion of
forecasted outcomes. Superior model efficacy is reflected by a higher R coefficient and a reduced

mean squared error (MSE).

RMSE = +/MSE (56)
1 n ' *

MAE ==, _ 1y =¥} | (57)

RSE = Y(y{ —y{)? /2" — yi)? (58)

The notation y" represents the arithmetic mean of the empirically observed target variable’s data
points.

4.6.3. Risk assessment of the potential toxic elements

The assessment of health risks in this study follows the model recommended by the USEPA
[114,115]. Health risk assessment analyzes the potential impact of environmental pollutants on
human health, categorized into two types: carcinogenic (CR) and non-carcinogenic (NCR) risks.
Carcinogenic risks evaluate the probability of developing cancer due to prolonged exposure to one
or more contaminants. Non-carcinogenic risks, on the other hand, assess the adverse effects of
exposure, including genetic and teratogenic impacts. Heavy metals (HMs) in drinking water
primarily enter the human body through ingestion and dermal absorption [19,26,31,32].
Consequently, this study evaluates health risks associated with direct drinking and skin contact

exposure routes (Eq 59 -64).

CDIypn = Cw X IRXER D (59)
BW x AT
Dl = Cave X ET X EF X Kp X SAX CF ©0)
BW x AT
CDIgermal/CDloral
HQaermai/orar = RfDgermal/RfDoral (61)
RfDaermar = RfDorar X ABS (62)
HI = $HQ (63)
CR = CDI x CSF (64)

CDloral quantifies the mean quantity of contaminants ingested daily through direct consumption,
while CDIperma estimates the average per-day dose assimilated via cutaneous contact. C denotes the
concentration of toxic metals in aqueous samples (mg/L), IR reflects the daily water consumption
rate (L/day), EF indicates exposure regularity (days/year), ED represents the total duration of contact

(years), BW corresponds to individual body mass (kg), SA defines the skin surface area exposed
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(cm?), Kp characterizes the dermal permeability constant (cm/hour), CF serves as a unit conversion
factor, and ET specifies the time per exposure event (hours/day). HQ is the hazard quotient index, HI
is the total hazard index, RfD is the reference dose, ABS is the digestive coefficient of the
gastrointestinal tract, CR represent the carcinogenic risk index, and CSF represents the conversion
slope factor of metals. These assessment variables are systematically detailed in Table 11s
(Appendix 2).

4.6.4. Monte Carlo simulation

Monte Carlo simulation is a robust technique employed in risk assessment to address uncertainties
associated with metals concentrations and exposure parameters, enabling the prediction of
carcinogenic and non-carcinogenic risks. This method facilitates the estimation of health risk values
by generating multiple iterations to simulate variability and randomness in exposure data [22,26,31].
In this study, Python version 3.9.7 was utilized to implement the Monte Carlo simulation. The Python
code was executed for 10,000 iterations to calculate the probability of both carcinogenic and non-
carcinogenic risks of heavy metals, considering the exposure scenarios for adults and children.
4.7.Desalination of brackish water of the TCA

In this chapter, applicable solution for groundwater salinization was applied based on the previous
investigation using zeolite/geopolymer (Z/GP) membrane created from abundant natural resources
(kaolinite and diatomite). Given the significant role of the NSSA in reducing the salinity of the TCA
through effective fault and fracture locations during the mixing process, it became essential to explore
the efficiency of mixing water from these two aquifers in a controlled surface pipeline system. This
method, supported by the addition of ecofriendly, low-cost inorganic materials, aims to prevent soil
and groundwater salinization, ensuring sustainable development in a region. The treatment of mixed
NSSA and TCA water using a dual approach of dilution and geopolymer-based desalination
demonstrates considerable potential to address the salinity issues in Siwa Oasis.

4.7.1. Synthesis of Zeolite/Geopolymer Membrane

The main substances utilized for creating the compound were kaolinite and diatomaceous earth, both
processed materials supplied by the Egyptian Center for Metallurgical Research. Sodium hydroxide
(NaOH) granules, with 97% purity, acquired from El-Nasr Chemical Co., acted as the alkali catalyst
in the production procedure. The geopolymer derived from diatomaceous earth and kaolin was
fabricated using the approach outlined by Papa [116]. First, kaolin was heat-treated to generate
reactive metakaolin by exposing it to 750°C for 5 hours. The metakaolin was then blended uniformly
with diatomaceous earth, functioning as the silicon provider, in combination with an NaOH solution.
This blend was agitated at 500 revolutions per minute for 8 hours, ensuring a silicon-to-aluminum
molar proportion of 2:1, matching the poly (sialate-siloxo) geopolymer structure. The resulting paste
was poured into tube-shaped casts and hardened at 50°C for 24 hours, producing the diatomaceous

earth/kaolin (D/K) geopolymer. This geopolymer was later employed as the base material for
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hydrothermal conversion into zeolite. For the hydrothermal step, the geopolymer tube was immersed
in an NaOH solution inside a Teflon-coated steel reactor. The setup underwent hydrothermal
processing at 100°C for 24 hours. Afterward, the zeolite-converted geopolymer was isolated from
the leftover NaOH solution, rinsed extensively with purified water to eliminate any remaining
contaminants, and dried at 70°C for 10 hours. The end product, the zeolite-modified geopolymer,
was fashioned into thin, circular plates with a diameter of 2.5 cm using a precision cutting tool. The
surfaces of these plates were refined using a dual-wheel polishing device to achieve even and
consistent textures appropriate for salt removal uses.

4.7.2. Characterization Techniques

The structural and morphological properties of the Z/GP membrane and its raw materials were
thoroughly analyzed using various advanced techniques. The crystal structures were examined
through X-ray diffraction (XRD) analysis, performed with a PANalytical Empyrean X-ray
diffractometer. The surface morphology of the membrane and the geopolymer substrate was
characterized using Scanning Electron Microscopy (SEM) with a Gemini Zeiss-Ultra 55
microscopes. To investigate the internal structure, High-Resolution Transmission Electron
Microscopy (HRTEM) was employed, utilizing a JEOL-JEM2100 Transmission Electron
Microscope. The chemical composition was determined through X-ray Fluorescence (XRF) analysis
using the Panalytical Axios Advanced system, while the structural chemical groups were identified
using a Fourier Transform Infrared (FTIR) spectrometer (Shimadzu FTIR 8400S). Additionally, the
surface area and pore size distribution of the membrane were measured using a Beckman Coulter
SA3100 surface area analyzer, providing critical insights into its porosity and adsorption properties.
A comprehensive chemical analysis of the combined or representative water sample from TCA and
NSSA mixture revealed the presence of the following ions: calcium (Ca?") at 115.6 mg/L, magnesium
(Mg?") at 113.5 mg/L, sodium (Na*) at 874 mg/L, potassium (K*) at 46 mg/L, bicarbonate (HCOs")
at 182 mg/L, carbonate (COs*") at 16.3 mg/L, chloride (C17) at 1630 mg/L, and sulfate (SO+*") at 276
mg/L.

4.7.3. Desalination Performance of Zeolite

The effectiveness of the Z/GP membrane in removing salt from brackish groundwater sourced from
Siwa Oasis was assessed using a pervaporation apparatus (Fig 14). In this configuration, the
membrane was firmly positioned inside a permeation chamber, which was sealed using silicone O-
rings to ensure a tight fit. The pressure was kept at normal atmospheric levels on the side of the
retentate, while it was lowered to less than 10 kPa on the side of the permeate. The permeate solutions
were gathered at specific time intervals by condensing them in liquid nitrogen cooled to very low
temperatures. Brackish groundwater was used in its natural state with a Total Dissolved Solids (TDS)
concentration of 3205 mg/L. Tests were conducted across a temperature range of 30°C to 90°C.
Continuous recirculation and stirring of the feed ensured consistent contact between the

concentration polarization layer and the Z/GP membrane surface. Each test processed 1000 mL of
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the water sample. Membrane performance was measured based on two parameters: total salt rejection
(Rj) and water flux (F). Water flux, expressed in kg-m?-h™', was calculated using Eq 65.
F=W/(AtxA) (65)
Here, W represents the mass of the permeate in kilograms, At the collection time in hours, and A is
the membrane area in square meters. Salt rejection (Rj) was calculated using Eq 66.
Rj = [(Sit- Sip) / Sit] x 100% (66)
Where Sir and S;, are the ionic conductivities of the feed and permeate, respectively. This
comprehensive assessment highlights the Z/GP membrane's potential for effective desalination of

brackish groundwater, providing a sustainable solution for addressing salinity issues in Siwa Oasis.

Digital water bath

Liquid nitrogen

Figure 14. Schematic diagram of the pervaporation system used for desalination experiments with the synthetic Z/GP
membrane. The system includes a sealed permeation module containing the membrane, a feed recirculation loop to maintain
uniform contact between the brackish water and the membrane surface, and a permeate collection chamber where desalted
water is condensed using liquid nitrogen. The setup also features pressure regulation on both the retentate and permeate
sides to optimize performance during the desalination process. The schematic illustration depicts the arrangement of zeolite

phases within the Z/GP membrane and the mechanism by which cations are adsorbed.
5. Results and discussion
5.1.Aquifer Characterization and 3D facies model

5.1.1. Self-Organizing Maps (SOM)

Self-Organizing Maps (SOM) effectively delineated three distinct hydrogeological units within the
NSSA, grouped into three clusters based on silhouette score validation and validated by lithological
logs. Cluster 1 represents high-permeability, coarse-grained lithofacies functioning as primary
aquifer units, Cluster 2 corresponds to heterogeneous mixed-grain lithofacies with variable
permeability serving as semi-confining units, and Cluster 3 identifies fine-grained, low-permeability
lithofacies acting as aquitard/confining layers. The clustering analysis employed a dual-SOM
methodology utilizing data points derived from well logs. The 13x25 grid configuration was
optimized for detailed visualization of hydrogeological characteristics observed in the Shargia
borehole, while the 3x1 SOM provided targeted cluster extraction for validation against lithological
logs. Fig 15 demonstrates the three extracted clusters with plotting deep resistivity vs gamma ray,
clearly distinguishing the different lithofacies based on their petrophysical properties in all system.

The inverse relationship between GR and Rd data effectively delineated the boundaries between the

three clusters: Cluster 1 (Sand layer): Defined by low GR and high Rd values, reflecting coarse-
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grained, clean sand. Cluster 2 (Shaly sand): Displayed intermediate GR and Rd values, indicating a

mixed lithology of sand and shale.

eCluster 1
= Cluster 2
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Figure 15. The three extracted clusters of subsurface lithofacies in NSSA with plotting Rd vs GR in all logs
to represent the complete system of the aquifer.

Cluster 3 (Shale): Characterized by high GR and low Rd values, typical of fine-grained shale
material. These clusters capture the grain size distribution within the aquifer system. High GR and
low Rd values in Cluster 3 signify fine-grained shale, while low GR and high Rd values in Cluster 1
represent coarser-grained sand. Cluster 2, with its intermediate values, underscores the transitional
nature of shaly sand, highlighting the lithological heterogeneity of the aquifer. This classification
aligns seamlessly with the geological framework of the Nubian Sandstone Aquifer System (NSSA),

where GR logs serve as a reliable indicator of shale content, and Rd values help distinguish grain

sizes and lithologies.

Figure 16. Self-Organizing Map (SOM) component planes used for clustering with color gradient

demonstrate lithological changes in NSSA
The SOM component planes (Fig 16) illustrate how the four input parameters (GR, SP, Rd, and Rs)
are distributed across the 2D grid, revealing the correlations and relationships between these well log
responses in the Sharqia borehole dataset. The GR component plane displays a distinct spatial pattern,
with colors transitioning from dark (low GR values) on the right side to yellow (high GR values) on

the left side, with a red transitional zone in between. The resistivity component planes (Rd and Rs)
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show remarkably similar spatial distributions, both displaying an inverse relationship to the GR
plane. In both resistivity planes, colors transition from dark (low resistivity values) on the left to
bright (high resistivity values) on the right. This inverse correlation between gamma ray and
resistivity responses is consistent with expected petrophysical relationships, where higher GR
signatures typically correspond to clay-rich intervals that exhibit lower resistivity due to increased
conductivity from bound water in clay minerals. The SP (spontaneous potential) component plane
shows a pattern that partially correlates with both the gamma ray and resistivity distributions,
displaying intermediate characteristics that suggest its sensitivity to both clay content and formation
water salinity effects. The strong inverse correlation observed between GR and resistivity parameters
(Rd and Rs) across the SOM grid demonstrates the effectiveness of the SOM in capturing the
fundamental petrophysical relationships present in the well log data. The similar responses of deep
resistivity (Rd) and short resistivity (Rs) suggest consistent formation characteristics at both
measurement depths in this particular dataset.

5.1.2. K-means cluster analysis

Choosing the right number of clusters is crucial in k-means clustering. Picking too many clusters
might create artificial lithologies that do not exist, while too few could miss important rock layers,
leading to unclear results [117]. In this study, the optimal number of clusters was determined using
silhouette values and lithological logs. The process with the highest silhouette value of 0.59 (Fig 17

a, b) confirmed the optimum number of clusters are three clusters which agree with the lithological

logs.
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Figure 17. K-means clusters of subsurface lithology in NSSA with plotting Rd vs GR (a) and
Silhouette score (b).

Cluster 1 demonstrated low GR values and high Rd responses, Cluster 2 showed intermediate GR
and Rd values, and Cluster 3 displayed high GR values with low Rd responses. These clusters
represent distinct lithofacies signatures that require independent validation through comparison with

lithological logs before hydrogeological interpretations are made for the NSSA.
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5.1.3. Validation of SOM and K-means clusters in 1D

The clusters identified through the SOM were validated using 1D and 2D lithological logs to confirm
the method’s reliability, especially in areas where such logs are missing or need higher resolution.
Fig 18 shows the well logs from the Shargia borehole, including GR, Rd, Rs, and SP, measured in
API, ohm.m, ohm.m, and mV, respectively. Validating the three clusters (sand, shaly sand, and shale)
was crucial to assess whether SOM could improve or even replace traditional lithological logs.
Clusters based on GR, SP, and resistivity logs can provide higher petrophysical resolution than
traditional lithological logs generated from cutting samples in specific scenarios where continuous
measurement advantages outweigh discrete sampling limitations [118,119].

Such insights are vital for identifying the best zones for screen placement or groundwater extraction,
making SOM and k-means clustering a valuable tool for aquifer characterization. In the Shargia well,
five distinct sand layers (Fig 18) were identified as potential targets for groundwater extraction at
different depths, based on the lithological log and Cluster 1 (black color) in the SOM results. The
agreement between the K-means clusters, SOM clusters, and lithological logs was clear, as all three
methods consistently pinpointed the same five aquifer layers as suitable for screen placement.
However, while the overall aquifer range was similar across the methods, there were notable
differences in estimating the true thickness of the sand layers.

Both SOM and K-means clustering demonstrate method specific advantages for different aspects of
lithofacies characterization in the NSSA. For aquifer layer (sand) thickness estimation, particularly
in the depth range of 750 to 850 meters, SOM clustering provides more accurate delineation of
permeable zones than k-means, which is crucial for evaluating groundwater resources and planning
effective screen placements. The SOM's ability to preserve topological relationships and handle
gradational boundaries appears particularly beneficial for identifying the true extent of aquifer units,
helping to avoid overestimation of sand layer thickness that could impact well design and production
optimization. Conversely, K-means clustering demonstrates superior performance in identifying and
characterizing fine-grained lithofacies, particularly shale and shaly sand layers, showing clearer
correspondence with lithological log descriptions for these confining units. K-means provides more
consistent cluster assignments within homogeneous intervals and cleaner boundary definition for
low-permeability zones, making it more effective for delineating aquitard units that control
groundwater flow patterns. The K-means' assumption of distinct cluster centers provides robust
identification of clearly differentiated lithological units.

Rather than viewing these methods as competing approaches, the optimal strategy for lithofacies
analysis in complex aquifer systems involves leveraging their specific strengths: utilizing SOM for
accurate aquifer characterization and thickness estimation, while employing K-means for reliable
identification of confining units. Both clustering approaches provide valuable complementary
information to traditional lithological logs, enhancing the resolution and continuity of subsurface

characterization for hydrogeological applications. The integration of multiple clustering methods
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with conventional geological data offers a more comprehensive understanding of aquifer architecture
than any single approach alone. The analysis (Fig 18) reveals that SOM achieves superior overall
performance with 95.0% accuracy compared to K-means' 94.1%, representing a 0.9% improvement
with statistical significance confirmed by Cohen's kappa scores of 0.925 versus 0.911 respectively,
both indicating almost perfect agreement well above chance levels. Error analysis by lithology type
demonstrates method-specific advantages, with SOM showing particularly strong performance for
Lithofacies 2 (sand) classification (6.2% versus 8.9% error rate), while both methods achieve perfect
classification for Lithofacies 3 (shaly sand) (0.0% error rate).
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Figure 18. (a) Visualization of the well logs in Sharqia borehole in 1D with two types of clusters
validated with lithological log where black color is the aquifer layer. Yellow color is shale layer, and

red color is shaly sand layer supported with (b) the error and accuracy of each method
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The 2.7% error reduction achieved by SOM for Lithofacies 2 classification is particularly significant
for hydrogeological applications where accurate identification of mixed lithofacies is critical for flow
modeling and aquifer characterization. The method-specific performance variations observed suggest
that different lithology types may exhibit distinct clustering characteristics. K-means' slight
advantage for Lithofacies 1 (shale) may reflect this lithology's homogeneous properties and well-
defined boundaries, which align with K-means' spherical clustering assumptions. Conversely, SOM's
superior performance for Lithofacies 2 demonstrates its enhanced capability for identifying complex
transitional zones and mixed lithofacies, which are critical for accurate aquifer characterization.
These results provide robust quantitative evidence supporting SOM's selection over K-means
clustering, with both methods demonstrating exceptional performance (>94% accuracy) and
statistical reliability (kappa >0.9) that validates the effectiveness of the clustering approach for
automated lithological classification in groundwater system characterization.

While both clustering methods demonstrate excellent performance (>94% accuracy), several
limitations warrant consideration for future enhancements. K-means clustering's assumption of
spherical clusters may not fully capture the complex, irregular distributions of petrophysical
parameters in geological formations, while its sensitivity to initialization and outliers can impact
consistency. SOM, despite superior overall performance, requires careful parameter selection and
higher computational complexity. Future improvements could include fuzzy clustering approaches
to better handle gradational lithological boundaries, ensemble methods combining multiple
clustering algorithms, integration of geological constraints such as stratigraphic relationships, and
hybrid machine learning approaches incorporating deep learning for complex pattern recognition.
Additionally, uncertainty quantification methods providing confidence measures for cluster
assignments would enhance the reliability of automated lithological interpretation and support more
informed decision-making in hydrogeological applications.

5.1.4. 3D lithological correlation based on cluster analysis

To convert the 1D cluster analysis into a continuous 2D and 3D model of the NSSA, the clusters were
spatially interpolated using Horizontally-Biased (HB) Kriging (Fig 19 a, b, ¢, d). This geostatistical
method was specifically chosen to preserve the lateral continuity of the thin, sub-horizontal layers
that characterize the NSSA. The resulting 3D fence diagrams provided a clear visualization of the
vertical and horizontal heterogeneity of the aquifer system.

A systematic comparison of the interpolated models revealed significant differences between the two
clustering methods. The model based on K-means clustering tended to overestimate the thickness of
the sand layers and underestimate the confining shale units. In contrast, the SOM-based model
demonstrated superior robustness, accurately reconstructing the distinct lithological layers with
greater fidelity to the original well logs. Sensitivity analysis (Fig 19 e) was conducted using
systematic noise injection methodology to evaluate clustering robustness under varying data quality

conditions. Gaussian noise was systematically added to the original parameters at amplitudes of 5%,
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10%, 15%, and 20% to simulate measurement uncertainties and environmental effects commonly

encountered in well log data.
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Figure 19. Fence diagram demonstrates the interpolation of SOM clusters (a), k-means clusters (b)
and lithology (c) in 3D showing the heterogeneity of the NSSA with upper cretaceous shale. The
lithological interpolation results comparing SOM, k-means, and actual lithology logs using HB
Kriging (d), and Sensitivity analysis using systematic noise injection methodology (e)

The SOM maintained a high level of accuracy (Adjusted Rand Index = 0.4) even with significant
data noise, proving to be four times more resistant to uncertainty than the K-means method (ARI =
0.1). The final validated 3D model, which leverages the superior performance of the SOM, provides
critical insights for groundwater management. The model clearly shows that the eastern and central
parts of Siwa Oasis contain thicker, more continuous sand layers with less interbedding of shale,
making these the most promising locations for future well drilling and sustainable abstraction.
Conversely, the western part of the oasis is characterized by a higher proportion of shale, which
would likely lead to slower water level recovery after pumping. This slower recovery not only
impacts well yield but also increases the risk of downward leakage of saline water from the overlying
TCA, potentially compromising the long-term quality of the NSSA. Therefore, the 3D model serves
as a crucial predictive tool, guiding future development away from vulnerable areas and towards the
most resilient parts of the aquifer system.

5.1.5. Petrophysical and hydraulic parameters in 1D

The analysis incorporated multiple parameters, including shale volume (Vsh), total and effective
porosity (@ and D), hydraulic conductivity (K (m/d)), and well-log responses. The cluster plot in
Fig 20 shows a strong alignment with the measured parameters of shale volume, effective porosity,

and hydraulic conductivity. For instance: The shale cluster (C3) matches with high shale volume (60—

46



100%) and low effective porosity (0—10%). The shaly sand cluster (C2) shows moderate shale content
and effective porosity. The sand cluster (C1) is marked by low shale volume (0—11%) and high
effective porosity (24—40%). This consistency between the clusters and measured parameters
highlights the reliability of the clustering approach in capturing lithological variations. The clusters,
which are consistently interbedded, confirm that the NSSA is composed of multiple layers. The lower
Cretaceous layers are interspersed with moderately permeable shaly sand and very low-permeable
shale layers (upper Cretaceous), which significantly influence groundwater flow and quality through
water-rock interactions. The hydraulic conductivity values align well with the hydrostratigraphic
units observed in the vertical logs of the Sharqgia Well. High hydraulic conductivity is associated with
sand layers sandwiched between shale boundaries, accurately pinpointing potential aquifer zones
through cluster analysis and lithological logs. The hydraulic conductivity log also shows that SOM
clusters offer higher-resolution identification of sand layers compared to traditional lithological logs.
The mean hydraulic conductivity in the Sharqia Well was calculated to be 2.18 m/d. The spatial
analysis of mean hydraulic conductivity and effective porosity across 15 wells shows that the central
region of Siwa Oasis has the highest values (Fig 21). This highlights the area’s potential as a key
zone for groundwater resources within the aquifer system. This is likely due to the significant
thickness of the sand layer and the limited presence or minimal interbedding of shale in this region.
The best locations for future well drilling include Tabow, Khasby, Khafd, and Shahiem in central
Siwa Oasis, as well as Tamera in the eastern part of the study area. The findings show that hydraulic
conductivity ranges from 1.2 to 6.6 m/d. The lowest values are found in the northern and northwestern
areas of the oasis, particularly near Zeitun, Siwa, and Meshendit, close to the Baha El-Dein boreholes.
In contrast, the highest hydraulic conductivity values are observed in the central part of the oasis

(Tabow, Khasby, Khafd, and Shahiem) and at Tamera in the easternmost section of the study area.
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Figure 20. Vertical panel shows the response of well logs, Vsh, @, O.x, K, and lithological clusters
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Figure 21. Distribution map of the average hydraulic conductivity and effective porosity from well logs in

Siwa Oasis
5.1.6. Petrophysical and hydraulic parameters in 2D
In the initial phase, petrophysical and hydrogeological parameters were calculated for all boreholes
(1D interpretation, Fig 20) and compiled into profiles for 2D analysis (Fig 22). The correlation of
hydrostratigraphic units along profile A-A showed that the two main aquifer layers (Bahariya and
Alam El-Buieb) vary in depth, shifting upward from east to west due to tectonic activity that formed

several faults in the NSSA.
A Lithology EShale FSand muns ‘A
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Figure 22. Interpolation of the lithology, hydraulic conductivity, effective porosity, and shale volume in 2D
showing the hydrostratigraphic units and fault plane along A-A cross section.

These faults likely play a key role in the area, where the over pressured NSSA may recharge the
overlying karst aquifer (TCA). The aquifer sand layer reaches its maximum thickness between the
Khafd and Wafla wells in central Siwa Oasis. Hydraulic conductivity interpolation along profile A-
A confirmed the east-to-west shift of the sand layer caused by faulting. A similar trend was observed
for effective porosity and shale volume, with average porosity ranging from 0.18 in the west
(Meshendit) to 0.35 in central Siwa (Khafd). Hydraulic conductivity peaked between Khafd and
Wafla wells (4 m/d to 6.1 m/d), driven by the thick sand layer and minimal shale intercalation.
Conversely, the lowest values (1.7 m/d to 3 m/d) were found in the western part of Siwa Oasis, from
Meshendit to Baha El-Dein boreholes, due to the thick shale layer, as shown by shale volume
interpolation. These findings indicate that over-extraction in the western Siwa Oasis could lead to a
cone of depression in piezometric head and delay its recovery. Additionally, drawdown and recovery
may affect water quality through water-rock interactions with the salt-bearing shale layer. For
sustainable development, future drilling is recommended in the eastern and central parts of Siwa
Oasis.
5.1.7. Validation of the hydraulic conductivity
The hydraulic conductivity of the aquifer was calculated using the Kozeny-Carman method using
well logs and validated against results from the Cooper and Jacob method [59]. While the Kozeny-
Carman method provides detailed estimates, the Cooper and Jacob method offers an approximation,
focusing on saturated, and extensive sandy layers, screen intervals under equilibrium conditions
[120]. The Cooper and Jacob method’s results are highly influenced by the screen interval and
discharge rate, with higher discharge rates leading to higher hydraulic conductivity values and vice
versa (Fig 23). Optimizing the pumping rate can improve accuracy [121].
In this study, pumping rates varied significantly, ranging from 3456 m?*/day in Khashby to 7920
m?/day in Khafd, which in some cases led to overestimated hydraulic conductivity. Despite the
methodological differences, the hydraulic conductivity estimates from both approaches showed
acceptable agreement with the Kozeny-Carman model. Fig 23 illustrates the relationship between
drawdown and time, showcasing an example of pumping data analysis using the Cooper and Jacob
method for the Sharqia well. The analysis included a long-duration pumping (Fig 23a) and recovery
test (Fig 23b). The recovery test revealed significant drawdown, attributed to the high intercalation
of shale, which delayed water level recovery. Hydraulic conductivity values for the aquifer layer
ranged from 0.8 m/day in the Meshendit well to 7.16 m/day in the Khafd well, consistent with
findings from well logs. The highest conductivity was observed in central Siwa (Khafd well), while
the lowest was in the western part of the study area (Meshendit well). Fig 23¢ presents the calibration
curve comparing hydraulic conductivity values derived from pumping tests and well logs where the

hydraulic conductivity was calculated using transmissivity divided by aquifer thickness (k=T/b). The
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curve shows strong agreement between the two methods, with an R? value of 0.92, confirming the

reliability of the results.
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5.1.8. Fracture and fault systems controlling flow dynamics

The delineation of the fracture and fault systems in the study area is crucial to detect the main zones
control the flow dynamics between the aquifer system and surface water. The fault system in the
NSSA is the only pathway for the upward flow to recharge the TCA where the two aquifers are
separated by impermeable shale layer. The fracture system in the shallow TCA is the only pathway
for the salt lakes and agricultural drainage to leakage downward to the TCA causing water
salinization and contamination. To differentiate between fractures and faults in the gravity data
interpretation, a depth-based classification approach was employed based on the distinct
hydrogeological characteristics of each aquifer system. Lineaments extracted from gravity anomalies
corresponding to the TCA depth range (0 to 500 m below ground surface) are interpreted as fracture
systems, which primarily control groundwater flow and permeability enhancement in the carbonate
rocks. Conversely, lineaments corresponding to the deeper NSSA interval (500 to 3500 m depth) are
classified as fault systems, reflecting the greater depth and confining pressure conditions that favor
fault development with significant displacement. This depth-dependent distinction is well-supported

by previous investigations in the Western Desert region, which have documented fracture-controlled
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flow in shallow carbonate aquifers and fault-controlled architecture in the deeper NSSA
[6,49,51,69,129,130]. To clarify the scale and nature of the detected subsurface features, the
anomalies interpreted from the 1000 m and 7000 m upward continuation maps were evaluated in
light of their respective depth sensitivities. Anomalies enhanced at the 1000 m level are attributed to
shallower structures, likely representing small-scale fractures, cavities, or near-surface fault traces
within the carbonate aquifer. In contrast, the broader anomalies evident in the 7000 m continuation
are more indicative of deeper, regional fault systems possibly rooted in the basement. This distinction
supports a multi-scale structural interpretation, where shallow and deep features may reflect
interconnected deformation patterns governed by the same tectonic framework. The observed
alignment and continuity of some shallow fractures with deeper trends further reinforces this
structural linkage.

5.1.8.1. Lineaments extraction using gravity data
5.1.8.1.1.  Regional and residual anomalies in gravity

The Bouguer anomaly map within the specific study area (Fig. 24), range between -12 and 16 mGal.
Positive anomalies are concentrated in the NE and SW portions, potentially reflecting underlying
structural features or denser subsurface materials. The Bouguer anomaly map (Fig. 24) shows a
contour pattern that aligns with the main tectonic trends and surface features. Gravity values decrease
toward the southeast, reaching about -12 mGal, and increase to the north. The gravity map shows a

NE-SW and E-W and NW-SE trends.
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Figure 24. Bouguer anomaly distribution map in Siwa Oasis

To delineate the subsurface structural framework of the Siwa Oasis, the Bouguer gravity field was
systematically decomposed using upward continuation and residual anomaly mapping (Fig 25 a, b,
¢, d). This spectral filtering technique allowed for the separation of gravity signals originating from
different depths, providing a multi-scale view of the region's tectonic architecture. The gravity field
upward continued to 1000 m (Fig 25a), along with its corresponding residual map, isolated anomalies
originating from sources shallower than 500 m (Fig 25¢). This analysis revealed a prominent set of
NE-SW and NW-SE trending lineaments, which are interpreted as fracture systems within the
shallow TCA. These fractures are critical as they represent potential pathways for the downward

leakage of saline surface water into the aquifer, a key factor in the observed water quality
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degradation. Conversely, the gravity field upward continued to 7000 m (Fig 25b) highlighted the
deep-seated structures below 3.5 km (Fig 25d). This revealed a major positive anomaly in the
northeast, indicative of a basement uplift, and significant negative anomalies in the southeast and
west, corresponding to deep sedimentary basins. The persistence of these major structural trends at
depth underscores the influence of regional tectonics on the overall basin geometry. The residual
map that filtered out the deep signals effectively isolated the structures within the NSSA. This map
revealed a series of synclinal and anticlinal features, with the identified faults interpreted as the
primary conduits for upward recharge from the deep NSSA into the overlying TCA. The alignment
of these intermediate-depth faults with the shallow fracture systems provides a clear, integrated

model of inter aquifer hydraulic connectivity.
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Figure 25. Gravity Upward continued to height of 1000m to image sources buried at and below 500m
depth (a) and to height of 7000m to image sources buried at and below 3500m (b), Residual anomaly
map after the anomaly sources deeper than 0.5km (upward continued 1km) (c), and 3.5km (upward
continued 7km) (d) are removed which is characterized by negative and positive gravity values.
5.1.8.1.2. Lineament extraction using edge filtering technique

Different edge-detection filters and techniques emphasize various aspects of the gravity data due to
their sensitivity to distinct spatial frequencies, depths, and structural features. Consequently, each
method may highlight slightly different sets of lineaments some overlapping and others unique
reflecting the complexity of the subsurface geology. To reconcile these differences, an integrative
approach was adopted rather than relying on a single filter. The results from multiple techniques
including FVD, SVD, AS, TA, TAHG, and THD were applied on the residual maps obtained after
subtracting the upward continuation at 1000 m and 7000 m (Fig 26), to identify consistent lineaments
that appear across several methods. These recurring features are considered the most reliable
structural indicators. Lineaments appearing in only one method may represent subtle structures or

noise/artifacts, thus warranting cautious interpretation.
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Figure 27. Structural pattern maps and extracted lineaments from following filters, (a) FVD, (b) THD, (c)
SVD, (d) TA, (e) AS and (f) TAHG, applied on the residual anomaly (upward continued 7 km), (g)
Combined Lineament map from different edge filtering techniques applied on the residual (upward 7 km),
and (h) rose diagram showing predominantly NE-SW, NW-SE
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This multi-filter integration leverages the complementary strengths of each technique. For example,
upward continuation and vertical derivatives are effective at isolating signals from different depths,
while phase-based filters like TA and TAHG highlight edges with varying directional sensitivities.
Amplitude-based filters such as the AS and THD improve edge clarity by balancing contributions
from multiple sources. By combining these diverse results, a composite structural map was produced
that captures the spatial complexity of faults (Fig 27), fractures (Fig 26), and other geological features
across different depth ranges and scales. This integrative strategy enhances confidence in the
identified lineaments, reduces ambiguity inherent in individual filter outputs, and ultimately provides
a more comprehensive and geologically sound interpretation of the subsurface structures.
5.1.8.2.3D Gravity Inversion modelling

This study employed 3D gravity inversion modeling (Fig 28, 29) to interpret residual gravity
anomalies at depths of 1 km and 7 km (Fig 28 a-h), aiming to map subsurface density variations and
structural features. The inversion process, guided by an iterative algorithm, successfully
reconstructed the geometry of horizontal density interfaces, providing detailed insights into both
shallow and deep subsurface structures. To reduce the inherent ambiguity in potential field data
interpretation, the model was constrained using prior knowledge of the Siwa oasis area, where

previous studies estimated the maximum basin depth around 3.5 km [36,38,82,122].
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Fig 28. Inversion Results Gravity Model for 0.5 km including (a) Observed gravity anomalies, (b) Computed
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The density assigned were the following: the Limestone and dolomite (TCA) density
2.65 g/em?, Shale density 2.75 g/cm?, Sandstone density 2.9 g/cm?®, while the basement rock density
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was set at 3.1 g/cm? based previous studies on the area [82]. A trial-and-error approach was applied
to achieve the best fit between the observed and calculated gravity data. For the 1 km residual gravity
data, the inversion revealed shallow causative bodies at depths of less than 0.5 km, highlighting near-
surface features such as fault and fractures zones and lithological boundaries. The results showed a
strong correlation between the calculated gravity anomalies and the observed data (Fig 28 a, b), with
error ranging from —0.3 to 0.7 mGal (Fig 28 c), and the RMS error reduced to 9.9707 x 10~ km after
25 iterations (Fig 29 c). For the 7 km residual gravity data, the inversion identified deeper density
variations extending to approximately 3.5 km, aligning with regional tectonic controls and providing
critical insights into fault extensions at greater depths. The results showed a strong correlation
between the calculated gravity anomalies and the observed data (Fig 28 d, e), with error ranging
from —1 to 3.4 mGal (Fig 28 f). The RMS error decreased from 0.014 km to 9.09 x 10~ km after 55
iterations (Fig 17 d), demonstrating the robustness of the inversion process. The calculated basement
depths and fracture/faults delineation from the 3D gravity inversion (Fig 28a, b) showed strong
agreement with well logs clusters correlation (Fig 19 and Fig 3a), particularly in delineating the

Precambrian basement rock and fault plane, which represents the total thickness of sedimentary

rocks.
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Figure 29. (a, b) 3D model of estimated depth, (c, d) RMS for 0.5 and 3.5 km, respectively in the study area.

Depths to the basement ranged from 2.5 km to over 4 km, with a clear SW-NE trend separating two
major basins in the southeast and northwest regions.

The integration of gravity inversion results with geological well data validated the accuracy of the
model, confirming its reliability for mapping subsurface structures. The findings proved the
possibility for connection between NSSA and TCA through the fault planes as well as the location of
the shallow fracture system in TCA that facilitate salt lakes leakage downward.
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5.1.8.3.Magnetic and gravity Lineament integration

The lineaments extracted from the gravity analysis were validated with lineaments extracted from
magnetic data (RTP) analysis with edge detection applied on residual 0.5km and 3.5km. The FVD,
SVD, TA, and TAHG were applied (Fig 1s and Fig 2s. Appendix 1). The results showed agreement
between gravity and magnetic data analysis and some differences exist due to the limitation of each
method. Gravity Data responds to variations in rock density. A fault is detected if it juxtaposes rocks
of different densities (e.g., dense basement rock against less dense sedimentary rock). Gravity is
excellent at mapping large-scale structures like basins, basement uplifts, and major fault blocks.

Magnetic Data responds to variations in the magnetic susceptibility of rocks, which is primarily
determined by the concentration of magnetic minerals. It is highly effective at mapping igneous and
metamorphic basement rocks, which are typically rich in magnetic minerals, and the faults within
them. Sedimentary rocks usually have a very low magnetic signature. To overcome this limitation,
the two methods were integrated in Fig 3s (Appendix 1). Integrating gravity and magnetic data is
crucial for a reliable geological interpretation because it reduces the inherent ambiguity of each
method, allowing for a more complete and robust characterization of subsurface structures by
simultaneously constraining both the density and magnetic properties of the underlying rocks. The
integrated analysis of gravity and magnetic data reveals a complex structural framework in Siwa
Oasis, characterized by dominant NE-SW, NW-SE, and E-W lineament trends (Fig 3s. Appendix 1).
These trends align with surface geological features and reflect significant tectonic activity, consistent
with previous studies [82,122]. The integration of gravity and magnetic anomaly filters with
topographic derivatives provides a robust framework for precise lineament delineation (Fig 3s.

(Appendix 1).

5.2.Soil salinization origin and hydrochemical evaluation

This thesis provides a comprehensive diagnosis of the escalating soil salinization in Siwa Oasis by
pioneering an integrated approach that combines multi-temporal remote sensing, machine learning,
and detailed hydrogeochemical analysis. This thesis moves beyond simply identifying salinization to
quantitatively linking it to specific land-use changes and elucidating the complex geochemical
processes that govern water quality degradation.

5.2.1. Monitoring salt lakes and soil salinization

By examining the spectral properties of visible features in the study area, the optimal band
combinations for differentiation were determined to be 7-4-2 in RGB for Landsat TM and 7-5-2 in
RGB for Landsat 8. These color blends offer realistic depictions that are straightforward to analyze.
Band 7 (2.08-2.35 pm) clearly distinguishes water (high absorption) from land (high reflectance)
and aids in identifying four primary land cover categories: shallow water, lake water, Moghra
Formation, and sand dunes. Band 4 (0.76-0.90 pm) is essential for distinguishing vegetation due to

its elevated NIR reflectance (green hue). It also emphasizes water (strong NIR absorption, varying
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with depth) and differentiates barren lands and urban regions with darker shades. Band 2 (0.52—-0.60
pum) enhances the combination by separating water based on turbidity levels and highlighting barren
lands and urban areas with lighter tones. The SVM classification outcomes for these features (six
categories) are shown in Fig 30 and statistically analyzed in Table 3s (Appendix 2) using confusion
matrices and kappa coefficients (k), which are commonly used metrics for evaluating classifier
effectiveness and the precision of thematic maps. Temporal and spatial changes in land cover
categories were tracked across the research area, with a focus on the four main lakes (Table 2 and
Fig 30). The total area of hypersaline lakes increased significantly over the decades, measuring 22.6
km? in 1990, 42.6 km? in 2000, 53.1 km? in 2010, and 60.6 km? in 2020. Among the lakes, Siwa
Lake is the largest at 29 km?, while Aghormi Lake is the smallest at 6.6 km?,

Table 2. Surface area of different land cover in Siwa Oasis

Land cover 1990 2000 2010 2020
area area area area
Wet sabkha 80.289 35.6697 25.2837 31.1913
Salt Lakes 22.6323 42.5781 53.1396 60.678
Cultivated land 23.9607 34.5114 82.5201 89.0658
Moghra fm 530.2197 520.1874 517.6179 502.974
Dry sabkha 145.6758 174.0438 157.7565 143.7579
Sand dunes 546.7005 542.4876 513.1602 521.811

The surface areca expansion is most notable for El Maraqi, Siwa, and Aghormi lakes. In
contrast, Zeitun Lake has no significant increase, likely due to an evaporation rate nearly equal to its
inflow rate or potential seepage into the shallow aquifer. The findings revealed a rapid increase in
the surface area of salt lakes from 1990 to 2020, except for Zeitun Lake, which experienced a decline
between 2010 and 2020. The significant expansion of Siwa, Aghormi, and El Maraqi
Lakes highlights the impact of excess discharge from the TCA and NSSA due to the reclamation of
new agricultural lands. The reduction in the surface area of Zeitun Lake between 2010 and 2020 was
primarily caused by enhanced irrigation and drainage systems, as well as the shutdown of inefficient
wells, which decreased the water flow into the lake [67]. In contrast, the growth of other saltwater
lakes is strongly associated with the expansion of farmland, which necessitates more pumping wells
and agricultural drainage flowing into these lakes. The cultivated land area in Siwa Oasis experienced
a substantial increase, expanding from 23.9 km? in 1990 to 89 km? in 2020. This growth was primarily
driven by the development of new agricultural zones, particularly in the central region of the oasis.
Concurrently, the extent of shallow water bodies (wet sabkha) adjacent to the four lakes decreased
significantly, declining from 80.2 km? in 1990 to 25.3 km? in 2010. This reduction was largely
attributed to the transformation of wet sabkha into dry sabkha, a process driven by evaporation and

changing hydrological conditions.
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Figure 30. FCC 7-4-2 in RGB respectively for Landsat TM a) 1990, ¢) 2000, ¢) 2010, g) OLI 2020 and their
corresponding resultant thematic map using SVM (b, d, f, and h respectively).

From 2010 to 2020, the region experienced notable environmental changes, particularly in its water
bodies, dry sabkha areas, and soil conditions. Shallow water areas increased slightly from 25.2 km?
to 31.1 km?, largely due to new agricultural drainage systems implemented between Aghormi and
Zeitun lakes, which redirected water into these areas. Meanwhile, dry sabkha areas, which had
expanded significantly from 145.6 km? in 1990 to 174 km? in 2000 as shallow water evaporated and
left behind saline deposits, began to gradually decrease. By 2020, dry sabkha areas had reduced to
143.7 km?, likely due to the expansion of the lakes surface area. Sand dunes also shrank over time,
primarily because of land reclamation for agriculture in the southern part of the Oasis. However,
from 2010 to 2020, some cultivated areas transitioned to dry sabkha as waterlogged soil evaporated,
leaving behind salinized soil, particularly in the central study area. Field observations confirmed
widespread waterlogging and soil salinization, with a notable acceleration in the rate of salinization
during this period. Vegetation depletion was most pronounced near saline lake waters and wet sabkha
areas, as high salinity levels negatively impacted plant production. These trends highlight the
complex interplay between agricultural expansion, water management, water logging, and soil
degradation in Siwa Oasis (Fig 31). Addressing these challenges will require sustainable water and
land management practices, soil rehabilitation, and ongoing monitoring to balance agricultural
development. The growth of Siwa and El Maraqi lakes stems directly from the overextraction of
groundwater for irrigation, which potentially can cause decline in water tables in this area (Fig 3b).

Over time, the rise in dry, salt-encrusted plains or deposits, soil salinity, and water logging highlights
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the consequences of using poor quality of irrigation water from TCA which need softening and

desalination process before irrigation.
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Figure 31. Field observation of the water logging and soil salinization (dry sabkha)

5.2.2. Hydrochemical evaluation of the aquifer systems

The chemical and physical properties, along with heavy metal concentrations, are outlined in Table
4s (Appendix 2). The findings indicate that the TCA is categorized as brackish water, with an
average TDS value of 4603 mg/L. On the other hand, the NSSA is classified as freshwater, with TDS
levels varying between 160 and 928 mg/L. Springs display TDS concentrations ranging from 1463
to 38,295 mg/L, placing them in the brackish to saline classifications. Surface water demonstrates
high salinity, with average TDS measurements of 8585 mg/L for drainage channels and 106,136
mg/L for salt lakes. The growth of hypersaline lakes could significantly decrease soil fertility due to
salinization, particularly in farmlands adjacent to these lakes. In the NSSA, all primary ions remain
within permissible irrigation thresholds (FAO standard) [123] except for K*, which surpasses 2 mg/L
in every sample. In the TCA, elevated levels of K', CI, Mg2+, Na', EC, and TDS exceed acceptable
irrigation standards (K" > 2, CI" > 1100, Mg** > 60, Na" > 900, EC > 3000, and TDS > 2000), while
other parameters stay within recommended limits. Since the TCA is the main aquifer utilized for
irrigation, its inferior water quality can contribute to soil salinization and sodicity, particularly in the
central and northern sections of the study area (Fig 4s. Appendix 1).

Samples collected from springs, drainage systems, and lakes reveal that all primary ions surpass
permissible irrigation thresholds except for HCO5", COs*, and NO5. EC measurements indicate that
88.5% of TCA samples, 87.5% of spring samples, and all surface water samples exceed the FAO
standard irrigation limit of 3000 uS/cm [123], while NSSA samples remain within acceptable ranges.
The high TDS and EC levels are concentrated in the central and northern regions of the study area
due to intensive farming and activities related to salt lakes (Fig. 4s. Appendix 1), making these zones
the most susceptible to soil salinization. The water samples exhibit slightly alkaline condition with

pH values ranging from 6.4 to 8.8. The relative dominance of ions in surface water, springs, and TCA
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follows this sequence: C1 > Na > Mg > SO4 > Ca > HCO3 > K > CO3 > NOs. In the NSSA, the order
is: HCO; > CI > Na > SO4 > Ca > K > Mg > NO3 > COs. The average NOs™ concentrations are 5.2
mg/L (NSSA), 6.4 mg/L (TCA), 7.6 mg/L (springs), 3.7 mg/L (drains), and 3.2 mg/L (lakes). Natural
NO:s levels in groundwater can reach up to 10 mg/L, but human activities such as agriculture, septic
systems, and animal waste can elevate these levels [124].

Soil biochemical processes also play a role in NOj3 availability in groundwater [125]. The average
concentrations of Fe, Mn, Sr, B, and Ba in most water samples are within acceptable irrigation limits.
However, Fe and Mn levels exceed the WHO drinking water standards [111] (Fe > 0.3 mg/L, Mn >
0.1 mg/L), necessitating further investigation into potential health risks. Water quality issues are often
associated with human activities (industrial and agricultural) and can lead to various health risks. The
elevated Fe and Mn concentrations in the TCA may stem from water-rock interactions and hydraulic
connections with the underlying Fe-rich NSSA.

Miocene carbonate rocks contain significant amounts of glauconite and detrital Fe oxides, and the
Moghra Formation includes 1.6-36.1% Fe>O; and 0-0.6% MnO, suggesting a natural geological
source for these elements [126] while the remaining metals could increase in water from
anthropogenic sources. Fig 4s, 5s (Appendix 1) depict the spatial distribution of measured
parameters across various water sources in the study area. These maps highlight clear differences in
ion concentrations between the TCA and the NSSA. In the TCA, the levels of dissolved ions rise
progressively from the southern to the northern regions, reaching their highest levels in the central
portion of the oasis. Likewise, the NSSA demonstrates increased ion concentrations moving from the
western to the eastern zones, especially in the central area located between Siwa and Aghormi lakes.
5.2.2.1. Mechanisms controlling water chemistry

The Piper diagram [87] was utilized to classify the water types of the water resources (Fig 32a). The
samples were grouped into four categories (Fig 32a). The Ca-Mg-SOs facies accounting for 26.8%
of the samples, including 35 from the TCA, 3 from drains, 2 from springs, and 1 from Zeitun Lake.
The Na-Cl facies comprising 44 samples from the TCA, 5 from the NSSA, 4 from lakes, 3 from
springs, and 3 from drains. The Mixed Ca-Mg-CI-SO; and mixed Na-Ca-HCO; facies representing
the remaining samples from the NSSA and TCA. The variation in facies within the NSSA is likely
due to water-rock interactions during upward and horizontal movement through fault planes,
supported by differences in water salinity and temperature at varying depths. Most samples revealed
that the salinity index (SO4*" + CI") exceeds alkalinity (HCOs; + CO;%"), and alkalis (Na" + K")
surpass alkaline earth elements (Ca*" + Mg®") in 62.7% of the samples, aligning with the general
characteristics of the TCA and NSSA in the study area. The low HCOs™ content in groundwater
suggests limited annual recharge, indicating that groundwater is a non-renewable resource, which
could be further confirmed using stable isotope analysis. The geochemical evolution shows that
groundwater samples transitioned from Ca-Mg-HCO; and Na-HCOs types in the initial stage to Ca-
Mg-Cl/SOs4 and Na-Cl types in the final stage, reflecting changes in water characteristics within the
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aquifer systems. The Gibbs scatter plot [89] (Fig 32b) shows that water samples from lakes, drains,
springs, and the TCA fall within the evaporation/crystallization dominance zone. In contrast, NSSA
samples and one TCA sample, indicate rock weathering dominance. This anomaly may result from
direct dilution from the NSSA due to the destruction of some wells penetrating the NSSA in the study
area. The findings suggest that water-rock interaction and evaporation are the primary factors
controlling the chemical composition of groundwater in the NSSA and TCA, respectively. Springs,
drains, and lakes exhibit a similar trend of increasing TDS as observed in the TCA, driven by the
evaporation/crystallization process. The relationship between TDS and Na‘/ (Na" + Ca®") indicates
that evaporation significantly influences salinity increase in the TCA and surface water (lakes and
drains), while rock weathering and ion exchange are the main processes governing the chemistry of
the NSSA. The Durov diagram (Fig 32c¢) highlights that ion exchange, mixing/dissolution, and
reverse ion exchange control the water chemistry. All TCA, spring, lake, and drain samples fall within
the ion exchange zone, while the remaining NSSA samples align with the mixing/dissolution zone,

consistent with earlier statistical interpretations.
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Figure 32. Graphical representation of Piper (a), Gibbs (b), and Durov (c) diagrams

5.2.2.2. Geochemical modeling

In this research, the saturation levels of minerals and salts in water were computed to identify
minerals that might precipitate in the soil, close pore spaces, decrease permeability/infiltration rates,
lead to waterlogging, and trace the origins of chemical components. These computations were
conducted using a PHREEQC model, with input parameters including physicochemical and heavy
metal data. Mineral saturation indices (SI) were determined for calcite, aragonite, Ca-
montmorillonite, gypsum, chlorite, anhydrite, dolomite, albite, hematite, kaolinite, illite, and
chalcedony, and displayed in a box plot (Fig 33). The model also estimated the partial pressure of
CO,, which was under-saturated (negative values), indicating diminished aquifer recharge. Water
samples from the NSSA contained a mixture of salts, such as NaCl, Na;SO4, Mg (HCO3),, NaHCOs,
and Ca (HCO:3),, resulting from leaching, dissolution of terrestrial salts, and cation exchange
processes. These cation exchange processes increased Na* concentrations while reducing Ca** and
Mg?" levels, significantly elevating water salinity. The reduction in Ca?" levels decreased the
saturation states of anhydrite, calcite, aragonite, and gypsum minerals. All water samples were under-
saturated with respect to anhydrite, halite, and gypsum, suggesting that the water can dissolve more
of these minerals, further elevating salinity. In contrast, hematite, kaolinite, and chlorite minerals
exhibited positive SI (supersaturation) in all water samples. The majority of samples are
supersaturated regarding calcite, dolomite, Ca-montmorillonite, illite, chalcedony, and albite, with
minimum values —0.9, —0.2, —1.45, —0.1, —0.3, and —2.1 respectively, and maximum value 1.5, 4.4,
8.9, 9, 1.7, and 4.6, respectively (Fig 33). The supersaturation of montmorillonite in 8§7% of the
samples likely results from the decomposition of feldspar minerals, which release ions that react with
other minerals to form montmorillonite. The presence of illite and kaolinite in the aquifer systems
could stem from the alteration of other minerals, such as feldspars. Hematite may form from the
oxidation of iron-bearing minerals. The SI index is a valuable tool for predicting the geological

composition of the aquifer system, the sources of primary and trace ions in surface and groundwater,
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and the mineralization processes. For example: Calcite, dolomite, aragonite, anhydrite, gypsum,
anorthite, and Ca-montmorillonite could be the primary sources of Ca®>*, Dolomite and chlorite may
contribute to Mg** concentrations, Halite and albite could increase Na* levels, Illite may be sources

of K', and Hematite and chlorite could provide Fe.
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Figure 33. Minerals saturation index extracted from PHREEQC model.

It is important to acknowledge a key limitation of geochemical modeling. While the PHREEQC
program may calculate supersaturation for certain minerals, this does not always mean that these
minerals will precipitate in the real condition. The kinetics of mineral precipitation can be slow, and
other environmental factors can inhibit crystal growth. Therefore, the calculated supersaturation
should be interpreted as a potential for precipitation rather than a direct observation of it. For
example, while the model may indicate supersaturation for minerals like hematite may not readily
precipitate under the conditions found in the Siwa Oasis. However, these minerals can precipitate on
the ground surface due to high air and soil temperature with high evaporation rate. The
supersaturation of irrigation water with these minerals can reduce soil permeability, fertility,
infiltration rates, and crop yields, while increasing waterlogging. However, minerals like chlorite and
hematite are often associated with hydrothermal systems and may indicate the presence of geothermal
water at greater depths. Further investigation is needed, as Siwa Oasis is situated in a tectonically
active region.

5.2.2.3. lon source detection

The analysis of major ion relationships and ratios was used to identify the key processes influencing
groundwater chemistry (Fig 34). The linear relationship between Na* and Cl~ (Fig 34a) revealed a
balanced distribution of these ions in samples from TCA, drains, springs, and the lake, with a strong
correlation coefficient of 0.99 (Fig 35). This close association points to halite dissolution as a major
contributor to sodium and chloride ions, confirming a Na-Cl water type. However, some samples

deviated to the right of the 1:1 line, implying additional sources of CI". These could include minerals
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such as sylvite (KCl), bischofite (MgCl.-6H-0), and tarapacaite [(K, Na, Sr)2(SO4, C1)2], as well as
anthropogenic activities leaching from topsoil due to high correlation between Cl"and Mg?* .

Most samples from the NSSA region closely followed the 1:1 line, suggesting that halite dissolution
is the main source of Na* and Cl™ in these waters. This conclusion is reinforced by the strong
correlation (0.74) between CI™ and Na', alongside the notably weaker relationships observed with
other cations. Some NSSA samples deviated to the right of the 1:1 line, which can be explained by
the removal of Na* through reverse ion exchange or the presence of additional Cl™ sources, such as
sylvite mineral. This interpretation is supported by the moderate correlation (0.43) between Cl~ and
K* (Fig 35). In the TCA, the relationship between Na*+K* and Ca**+Mg?* (Fig 34b) showed that all
water samples fell to the right of the 1:1 line, pointing to processes like silicate weathering, ion
exchange, and carbonate precipitation. Silicate weathering increases the Ca>*+Mg?/ HCOs+SO4>"
ratio above 1 (Fig 34c), while carbonate precipitation reduces the concentrations of HCOs™ and SO+
in the water. The higher concentrations of Na* and K* compared to Ca** and Mg?* in most samples
suggest an ion exchange process, where Ca?* and Mg?" are replaced by Na* and K* ions [127]. Plotting
the sum of Ca** and Mg?* against HCOs™ and SO4* on a linear graph helped identify the sources of
Ca?" and Mg?" in the water samples [128]. Samples from TCA, drains, springs, and the lake clustered

above the 1:1 line, indicating the influence of carbonate precipitation and silicate weathering.
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Figure 34. The ionic ratio between the major ions in the different water resources of Siwa Oasis.
In the NSSA, most samples crossed the 1:1 line primarily due to the dissolution of gypsum, calcite,
and dolomite. The ratio of Ca**+Mg?>* to HCO;~ was used to identify the sources of these ions in the
groundwater (Fig 34d). A ratio close to 0.5 suggests that Ca** and Mg?* are derived exclusively from

the weathering of carbonate minerals. In contrast, a ratio below 0.5 may indicate processes such as
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ion exchange or bicarbonate enrichment, leading to a reduction in calcium and magnesium levels.
Samples from TCA, drains, springs, and the lake exhibited a higher Ca>**+Mg*/HCOs™ ratio, while
most NSSA samples had ratios near 0.5. This implies that the elevated Ca?>" and Mg?* concentrations
in TCA, springs, and surface water are influenced by processes other than carbonate dissolution, such
as silicate weathering [127]. For NSSA, the (Ca** + Mg?")/HCOs™ ratio indicated that calcium,
magnesium, and bicarbonate ions primarily originate from the dissolution of calcite, dolomite, and
gypsum, as well as silicate weathering. However, some NSSA samples fell below the 1:1 line,
reflecting higher proportions of HCO;~ compared to Ca** and Mg*". Moderate correlations (0.49 and
0.37) between Fe, Mn, and HCOs™ (Fig 35) suggested that minerals like siderite and rhodochrosite

could also contribute to the bicarbonate content in NSSA groundwater.
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Figure 35. Spearman correlation matrix of the measured parameters.
In theory, the ratio of Ca?" to SO+*" should be 1 if gypsum dissolution is the dominant process, as
observed in some samples from the study area. However, many samples deviated from the 1:1 line,
showing excess Ca** (Fig 34e). This suggests a stronger influence of carbonate weathering,
particularly in samples from NSSA, springs, drains, and some TCA locations. Samples falling below
the 1:1 line indicate additional sources of SO+~ beyond gypsum and anhydrite dissolution. The
relationship between Ca** and Mg*" (Fig 34f) categorized the samples into two main groups. The
first group, comprising 13% of the samples, aligned closely with the 1:1 line, pointing to dolomite
dissolution as the primary source of Ca** and Mg*". The second group, representing 78% of the

samples, deviated to the lower right of the 1:1 line, suggesting an alternative source of Mg?*, such as

65



silicate minerals. This interpretation is supported by the saturation index. The remaining 8.4% of
samples, positioned above the 1:1 line, indicate that calcite dissolution and silicate minerals
contribute additional Ca?* to the groundwater. The weak correlations between Ca** and Mg?" in TCA
(0.4) and NSSA (-0.3) (Fig 35) suggest that groundwater in the study area is unlikely to dissolve
dolomite minerals. This hypothesis is further validated by the SI for dolomite, which is greater than
0 (Fig 33). Similarly, the weak correlations between Ca** and HCOs™ in TCA (-0.05) and NSSA (0.2)
indicate that the water is supersaturated with respect to calcite, making it unable to dissolve this
mineral. Instead, silicate weathering appears to be a key process driving the high concentrations of
Ca?" and Mg?" in the groundwater.

5.3.Mixing model to detect the recharge and salinity source

This thesis provides a definitive identification of the recharge sources and salinity origins in the Siwa
Oasis aquifer system by employing combination of stable isotope analysis (6*H, 6'®0), advanced
statistical techniques (PCA, K-means), and inverse NETPATH mixing models. This thesis moves
beyond qualitative descriptions to deliver a quantitative assessment of the complex mixing processes
that govern the oasis's water quality.

5.3.1. Recharge origin based on Stable Isotope

In this study, 6°H and 6'®*0 were measured in groundwater and surface water (Table 8s. Appendix)
to identify the recharge sources of various water resources and to understand the processes
influencing water chemistry. The isotopic composition of the NSSA ranged from -10.71 to -8.57%o
for 680 and from -80.41 to -66.33%o for 6°H. For the TCA, 8'30 values varied between -10.62 and -
8.45%o, while 6*H values ranged from -80.34 to -65.63%.. Springs exhibited 3'*0 values from -10.52
to -7.40%o and 6°H values from -79.73 to -63.54%o. Drains showed 8'%0 values between -9.52 and -
7.62%o0 and 6°H values between -75.62 and -68.96%o. The salt lakes showed 8'*0 ranging from -7.09
to -0.85%o and &*H ranging from -61.71 to -29.72%o. These isotopic signatures provide insights into
the distinct recharge mechanisms and evaporation processes affecting the different water bodies in
the study area.

The isotopic composition of surface water was found to be more enriched compared to groundwater
(Table Ss. Appendix 2), primarily due to higher evaporation rates. Distribution maps of 6'#0 in the
NSSA and TCA (Fig 36a) revealed a trend of isotopic enrichment from west to east, which is opposite
to the direction of groundwater flow in the study area. The relationship between 6°H and 6'#0 serves
as a valuable tracer for identifying groundwater recharge sources and assessing the effects of prior
evaporation [129]. During evaporation, lighter isotopes are preferentially lost, leaving the remaining
water enriched in heavier isotopes [130]. The stable isotope data are plotted in Fig 36b, alongside
the Global Meteoric Water Line (GMWL) and the Paleo Meteoric Water Line (PMWL). The GMWL
is defined by the equation 62H = 8 x §*0O + 10 [131], while the PMWL is represented by 8*H = 8 x
00 + 5%o [132]. The slope of the trend line for the different water resources in the study area is

lower than that of the GMWL, indicating that groundwater samples have experienced some degree
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of evaporation before rainwater infiltrates and recharges the aquifers [133]. This suggests that
evaporation plays a significant role in modifying the isotopic composition of water in the region.

Most '#0 and &*H values for groundwater and surface water fall within the lower right quadrant of
the GMWL, indicating that atmospheric precipitation is their primary source. However, the
enrichment of heavy isotopes in these samples is a result of intense evaporation and water-rock
interactions. The depletion in 6°H and 6'®0O suggests that the NSSA and TCA contain non-
rechargeable paleowater (paleo-meteoric water). The NSSA is the only source capable of recharging
the TCA through upward groundwater flow. However, the salinity of the TCA has increased
significantly from 1998 to 2022 (Fig 36¢), suggesting that there are other factors besides evaporation
including mixing with salt water from salt lakes or old trapped sea water in fracture system and water
rock interaction. The TCA is predominantly composed of shallow marine deposits (limestone and
dolomite), raising the possibility of residual ancient seawater influencing the system after the
regression of the Mediterranean Sea from the study area. Seawater is typically characterized by
elevated concentrations of CI-, Na*, Mg?*, and Ca?*, with the order of abundance being ClI- > Na* >
SO4* > Mg?*" > Ca?". These characteristics align with those observed in the TCA. Additionally, a
strong correlation between Cl~ and Na*, Mg?", and EC, along with higher concentrations of Mg?*
compared to Ca?" across all water samples, supports the hypothesis of mixing with ancient marine
water. To explore this mixing process, binary relationships such as EC and 8'*0 were analyzed.
Figure 36d shows that the water samples can be divided into two groups. In the first group,
representing the TCA, an increase in EC is accompanied by an enrichment of '*0.The observed
patterns suggest a combination of evaporation and mixing between waters of varying depths and
salinities, influenced by both horizontal and vertical groundwater flow within the fracture system, as
well as mineralization processes. In the second group of TCA samples, while EC values increase,
080 remains relatively constant, typically below -10%.. This consistency points to water-rock
interactions. This finding is consistent with a previous study in Siwa Oasis [134], which also
identified the presence of trapped ancient seawater in the TCA. The regression line between 8'#0 and
0*H, defined by the equation 6*H = 7.8 60 - 0.12%o, further strengthens the evidence of these

interactions [134].
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Figure 36. Distribution map of 'O (a), Plotting graph of 8°H and §'30 (b), EC of the TCA from 1998 to

To pinpoint the primary mechanisms influencing water chemistry and the shared origins of dissolved
ions, Principal Component Analysis (PCA) was employed. PCA is a reliable method for identifying
critical parameters that can later be used in K-means clustering based on cumulative explained
variance. This method ensures that the most influential factors driving water chemistry are identified,
providing a solid basis for further analysis, such as K-means clustering, to categorize water samples
based on their chemical properties. Based on PCA results, four principal components with

eigenvalues exceeding one were identified, collectively accounting for 75% of the total variance



(Table 3). Each component (PC) is connected to specific sets of water quality parameters, with high
correlation coefficients indicating strong and meaningful relationships.

PC1, which explains 40.5% of the total variance, is strongly linked to TDS, Mg?*, Cl-, Ca**, K*, and
SO4*". This suggests that PC1 represents the overall mineralization and salinity of the groundwater.
The high correlations with TDS, Mg?*, Cl-, Ca*", and SO+*" point to dominant processes such as
mineral dissolution and ion exchange. PC2 accounts for 15% of the total variance and is primarily
associated with 8'®*0 and 6°H. The strong relationship with these stable isotopes indicates the
influence of recharge sources and evaporation effects on water quality.

Table 3. The extracted PCs from PCA based on chemical parameter and isotopes

Parameters PC1 PC2 PC3 PC4
8H 0.41 0.88 -0.08 0.14

SiOs -0.08 -0.02 -0.21 -0.40
NH; 0.12 0.25 -0.09 0.68
NO; 0.04 0.01 0.09 0.81
HCO; 0.40 0.03 -0.03 0.13
3180 0.32 0.84 -0.07 0.16

SOy 0.73 0.15 0.04 -0.01

Cl 0.94 0.21 0.03 0.11

Fe -0.04 -0.06 0.81 0.06

Mn 0.02 -0.5 0.89 0.12

Ca 0.74 0.28 -0.07 -0.24

Mg 0.83 0.11 0.06 0.23

K 0.67 0.30 -0.07 0.12

TDS 0.97 0.22 0.02 0.09
Eigenvalues 5.73 2.11 1.68 1.07
% of Variance 40.5 15 11.9 7.64
Cumulative % 40.5 55.5 67.4 75.07

PC3 explains 11.9% of the total variance and is strongly correlated with Fe and Mn concentrations
and reflects the presence of trace metals influenced by specific hydrogeochemical conditions.
Elevated levels of Fe and Mn may indicate redox processes or the impact of particular geological
formations (common sources) on water quality. This component provides valuable insights into
localized processes affecting trace metal concentrations in the groundwater. In the TCA, the increased
levels of Fe and Mn are likely the result of interactions between water and surrounding rock
formations enriched in Fe and Mn. Additionally, glauconite and iron-rich particles found in Miocene
carbonate rocks in the northern Western Desert have been documented [126]. For instance, the
Moghra Formation contains iron oxide (Fe:0s) in amounts ranging from 1.6% to 36.1% and
manganese oxide (MnO) levels between 0% and 0.6% [135], further supporting the idea that these
elements originate naturally from the geological composition. PC4 represents 7.64% of the total
variance and is defined by strong relationships with NOs and NHs. The connection of NOs and NHs
to PC4 highlights the impact of human activities on groundwater quality, such as farming practices,
household wastewater, or fertilizer application. Elevated levels of NOs and NHs in PC4 may indicate
contamination sources or nitrate seepage from agricultural operations. In conclusion, the PCA results

provide significant insights into the primary factors influencing groundwater chemistry in Siwa

69



Oasis. The identified principal components highlight key aspects such as mineralization, salinity,
evaporation impacts, trace metal presence, human-related influences, and carbonate-related
processes that shape groundwater quality.
5.3.3. K-Mean Cluster Analysis
The K-means cluster analysis (Fig 37 a, b) aimed to explore the hydrogeological behaviors and water
quality differences in the Siwa Oasis area through grouping the samples with similar chemistry in
specific clusters. The clusters could be significant to select appropriate endmembers to build
NETPATH mixing model to determine the recharge contribution % from NSSA and leakage of salt
lake’s water to shallow TCA. The analysis concentrated on groundwater samples from the NSSA,
TCA, springs, and drains to better understand their salt content and isotopic makeup. Input
parameters for K-means were derived from PCA outcomes (Table 2), which condensed the original
24 physicochemical parameters to 14 key parameters. The elbow curve (Fig 9) suggested that the
sampling points could be divided into three groups (Clusters) based on the within-cluster sum of
squares (WCSS). Beyond three clusters, the reduction in WCSS showed diminishing returns,
indicating no significant improvement in clustering quality. The silhouette curve (Fig 9) was used to
assess the clustering effectiveness by measuring how well-defined and separated the clusters were.
The silhouette score for the three clusters was 0.54 (Fig 9), showing that the objects within each
cluster were reasonably well-matched and distinguishable from those in other clusters. The p-values
obtained from statistical tests, such as ANOVA and Kruskal-Wallis, were used to determine whether
there were significant differences in the means or distributions of variables across the identified
clusters. The results were evaluated using ANOVA and Kruskal-Wallis tests (Table 6s. Appendix 2),
which reveal significant differences in the mean or spread of water quality variables within the
clusters. Specifically, variables like TDS, K, Mg, Ca, Cl, SOs, HCOs, NOs, NHs, 6°H, and §'*O
consistently show variations across clusters. These findings suggest that the K-means algorithm
effectively identified distinct patterns in water quality characteristics. However, while the ANOVA
test did not detect significant differences in the mean values for variables like Fe and Mn, the Kruskal-
Walli’s test highlighted differences in their distributions. This discrepancy highlights the importance
of considering non-normality in the data.
The cluster analysis identified three distinct clusters, each representing unique hydrochemical
characteristics of the groundwater sources. The first and second clusters consisted of samples from
the TCA, with average EC values of 7,000 uS/cm and 10,000 pS/cm, respectively. The higher EC
levels in these clusters indicate increased mineralization and dissolved salt content in the
groundwater. These elevated EC concentrations can be attributed to two primary factors:
e Evaporation: The region's dry climate and high temperatures can lead to significant evaporation
of shallow groundwater, concentrating dissolved salts and minerals. As a result, the TDS levels in

the TCA might increase with increasing 6'*O composition (Fig 37b).
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e Mixing with old sea water or recent salt lakes: The TCA may contain trapped ancient marine
water from past sea before regression. The over extraction of water for irrigation could increase
the possibility of leakage salt water from the lakes through the fracture system and increase the
groundwater salinity. This assumption could be confirmed with mixing model and numerical flow
model. Mixing this old saline water and/or recent salt lakes with meteoric water along the
groundwater flow path could contribute to high variation in TDS values and increase %0

composition in the first and second clusters (Fig 37b).
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Figure 37. 3D scatter plot (a) and 2D scatter plot between TDS and 8'30 (b) of the 3 clusters extracted from
K-means cluster analysis
The third cluster included samples from both the NSSA and the TCA, with depleted 6'#*0 and lower
salinity (average EC of 2,500 puS/cm) suggests areas where direct recharge from the NSSA to the
TCA occurs and made dilution of the groundwater salinity. Cluster 3 indicating favorable locations

for drilling new irrigation wells (southern part of the study area) due to the influence of mixing,
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evaporation, and interactions with shale and clay minerals is significantly lower compared to clusters
1 and 2. The processes influencing water chemistry in cluster 3 can be summarized as follows:
Water-Rock Interaction: As groundwater flows through the TCA, it interacts with limestone and
dolomite formations, which are interbedded with shale and clay layers. These interactions result in
the dissolution of minerals, releasing ions such as calcium, magnesium, sodium, and sulfate into the
water. This process contributes to the observed increase in TDS without significantly altering the
8'#0 isotopic composition.

long Residence Time: Longer residence times allow for more extensive interactions between water
and surrounding rock formations, leading to greater mineral dissolution and higher salinity levels in
the TCA compared to NSSA. Importantly, this process does not affect the 6'%0 isotopic composition.
This scenario is particularly relevant in the study area, where the aquifer systems are non-
rechargeable.

The clustering method provides insights into the origin of drains and springs, suggesting a strong
connection to the TCA. Samples from springs, which fall within the first and second clusters, indicate
that these springs are likely fed by the TCA. Similarly, drain samples also grouped within the first
and second clusters, implying that the drains primarily receive water from the TCA more than NSSA
where the irrigation water from TCA consume large quantity of water than NSSA that mainly used
for drinking. The elevated EC levels in these samples may result from groundwater interacting with
minerals in the aquifer, as well as contributions from human activities or agricultural runoff. Overall,
the results demonstrate the effectiveness of K-means clustering in identifying meaningful patterns
within the dataset. These findings offer valuable insights into the variability of water quality
parameters and help in selecting appropriate end-member and mixing samples for use in the mixing
model later.

5.3.4. Evaporation effect using d-excess

The point where the LMWL intersects the y-axis is known as the deuterium excess (d-excess = 6°H
— 8 6'*0), calculated using the equation established by Dansgaard [136]. Globally, d-excess values
in precipitation average around 10%o.. However, regional variations can occur due to differences in
evaporation processes and moisture sources. For instance, precipitation in North America, tropical
island regions, and Japan exhibits distinct isotopic compositions, deviating from the global average.
These variations are captured by the following LMWL equations: in North America, the relationship
is expressed as &*H = 7.95 680 + 6.03 [137]; in tropical island regions, it follows &*H = 6.17 §'*0 +
3.97 [137]; and in Japan, the equation is 6°H = 8 §'%0 + 17.5[138]. These regional differences
highlight the significant influence of local climatic conditions on isotopic signatures, particularly the
role of evaporation in shaping d-excess values. In general, faster evaporation or the evaporation of
precipitation leads to a decrease in d-excess [139]. Negative d-excess values often indicate older
recharge events and higher levels of evaporation, which are typically associated with heavier 6'*0O

values. Fig 38 illustrates the relationship between 6'*0 and d-excess for both surface and subsurface

72



waters, providing insights into the hydrological processes influencing water resources in the study
area. The d-excess values exhibited significant variation across different water resources in the study
area. For the NSSA, the d-excess values ranged from 0.76%o to 5.7%o, while in the TCA, they varied
between -3.78%o and 7.47%o. Springs displayed a broader range, with d-excess values spanning from

-4.35%o0 to 5.86%o.
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Figure 38. scatter plot of 3'%0 vs D-excess showing the effect of evaporation on isotopic signature

In contrast, drains showed a narrower range, with values between -2.01%o and 0.53%o. The most
depletion in d-excess was observed in the salt lakes, where values ranged from -26.01%o to -20.8%o,
reflecting the strong influence of evaporation and saline conditions. These variations highlight the
distinct isotopic signatures and hydrological processes associated with each water source. The inverse
relationship between the d-excess and 6'0O (Fig 38) suggests that evaporation rates differ
significantly between sites and groundwater zones. Samples from salt lakes, drains, and springs
exhibit higher 5'*0 values (Fig 38) and lower d-excess values indicating the influence of evaporation.
In contrast, groundwater samples generally show lower d-excess and 8'#0 values, pointing to paleo-
recharge conditions. Here, evaporation and water-rock interactions are the primary factors controlling
stable isotope composition. Notably, TCA and spring waters have lower d-excess values compared
to NSSA waters. This difference may be attributed to evaporation and the mixing of TCA and spring
waters with ancient trapped seawater or leakage downward from salt lakes.

The deterioration of water quality in the TCA due to the influence or leakage downward of salt lakes
cannot be neglected. As the TCA serves as the primary aquifer for irrigation and is a non-rechargeable
water resource, declining water pressure could allow saltwater to seep downward, increasing
groundwater salinity. The previous investigation in thesis 2, the past three decades (1990-2020), the
surface area of the salt lakes has expanded rapidly. This expansion, combined with reduced water
pressure in the aquifer, likely accelerates the infiltration of saline water from the lakes into the TCA,
particularly in highly permeable, fractured zones. This hypothesis is supported by the observed
increase in TDS levels from the Salt Lake belt northward along the groundwater flow path in the
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TCA (Fig 39b, ¢). Such a trend underscores the potential impact of downward leakage of saltwater

from surface lakes on the aquifer’s salinity and overall water quality.
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5.3.5. Groundwater salinity origin

Stable isotope (8'%0) is a valuable tool for understanding groundwater salinization processes [140].
Fig 37b illustrate the relationship between TDS and 8'®0, as well as the distribution of oxygen
isotopes across the three clusters extracted from K-means cluster analysis. Cluster 1 shows an
increase in TDS with relatively constant 8'%0O values, suggesting upward leakage and water-rock
interactions along the vertical flow path from the NSSA to the TCA. Cluster 2 and 3 exhibit higher
TDS levels alongside enriched 3'%0 values, indicating the influence of evaporation and mixing with
different water sources. Samples from the NSSA with low TDS (freshwater) and enriched §'*O
suggest evaporation during recharge period. By integrating stable isotope data with physicochemical
parameters and K-means cluster analysis, NETPATH mixing model can be performed with optimum
two end members and mixed samples along the flow path to determine the contribution of salt lakes
to increase the salinity of TCA and contribution of NSSA to make dilution of TCA. Using a mixing
model is often necessary in hydrogeochemistry to understand and measure the contributions of
different water sources or endmembers to a mixed water sample [94,141].

The end members were identified based on K-means clusters, relationships between 6'%0 and &*H,
TDS and 6'#0, and the direction of groundwater flow. In the first scenario, the end members included
salt lakes and samples from cluster 1, with mixing samples from clusters 2 and 3 (TCA). In the second
scenario, the two end members were from the NSSA and cluster 3, with mixing samples from clusters

1 and 2 (TCA). The major ions, heavy metals, mineral saturation index (SI), reaction type
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(precipitation/dissolution), cation exchange, and evaporation factor were used in the NETPATH
model to account for geochemical reactions and mixing with different waters.

Therefore, the NETPATH model was used to simulate mass-balance transport through water-rock
interaction processes and mixing. The input parameters, mineral phases and samples selected were
mentioned previously in methodology section and visualized in Table 4 and Fig 39a, b. Based on
the saturation indices of the two endmembers (initial water) water, precipitation and/or dissolution
processes were identified. Table 4 outlines the seven models developed showing the model number,
location of mixing, model type, initial water (endmembers) with sample number, final water (mixed
sample from TCA), calculated and computed mixing % of each endmember extracted from
NETPATH model and validation from stable isotope signature ('*0), and the output value of each
mineral phase and evaporation factor. The first scenario for salt water leakage from the lakes: the
first endmembers were selected from TCA (sample 9, 10, 144, 117 and 7) with low §'*0, §°H (Fig
40a), and TDS values and the second endmember from the salt lakes (sample 27 and 92) with high
5'%0, 8’H, and TDS values. The final water (mixed samples) was selected from the TCA with
intermediate §'*0, §*H, and TDS values (samples 20, 21, 93, and 87). The second scenario of upward
flow of fresh water from the NSSA to TCA (Fig 40b), the first end members were selected from TCA
(sample 21 and 87) with high §'*0, 8°H, and TDS values and second endmember from NSSA (sample
4 and 56) with low 'O, §*H, and TDS and final water from TCA (sample 15 and 68) with
intermediate §'*0, §°H, and TDS.

Table 4. The seven models, including the two initial water, the final water from the cluster as well as the mixing

percentage
Model Site Model Initial Initial  Final Mixing % Mixing %
number type 1 2 calculated computed
Initial  Initial Initial 1 Initial 2
1 2
1 Zeitun Reaction 9 27 20 0.84 0.16 0.97 0.02
and (TCA, cluster 3)
2 Zeitun mixing 10 27 21 0.82 0.18 0.99 0.009
(TCA, cluster 3)
3 Zeitun 7 27 21 0.82 0.18 0.96 0.04
(TCA, cluster2)
4 Siwa 144 (TCA, cluster3) 92 93 0.98 0.02 0.99 0.006
5 Siwa 117 (TCA, cluster2) 92 87 0.96 0.04 0.98 0.02
6 Zeitun 21 (TCA, clusterl) 4 15 0.26 0.74 0.13 0.87
7 Siwa 87 (TCA, clusterl) 56 68 0.14 0.86 0.37 0.63
Model Phase precipitated or dissolved
number Calcite Dolomite Halite Gypsum Ca- Na- Chalcedony Illite Exchange Ev
Montmorillonite Montmorillonite
1 -1.2 0.8 41.7 -1.6 - -1.2 - 1.2 1.2 1.04
2 -3.15 1.5 30.3 - -0.72 - 0.03 0.73 <13 1.6
3 - 1.2 58.4 0.9 - -4.38 1.87 44 -19.4 1.5
4 - -0.48 38.4 -0.69 - -0.6 0.01 0.6 -5.7 1.6
5 -15.3 7.2 0 -2.01 - 0.41 -0.15 -0.4 -10.8 14
6 3.29 -2.29 0 0.98 - 0.25 -0.17 -0.27 1.27 2.07
7 - 1.3 20.9 5.34 - -1.42 221 1.44 -4.36 2.3

The model was calibrated by determining the mixing percentages based on 80 values and
comparing these results with the mixing percentages calculated from physicochemical parameters

using the NETPATH model. The calibration showed strong agreement between the two methods,
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with a high correlation coefficient (R* = 88%), as illustrated in Fig 40c, confirming the model’s

reliability in simulating the mixing processes.
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The mixing model in the eastern part of the study area revealed that the estimated mixing percentage
from Zeitun Lake ranged from 0.9% to 4%, while the TCA accounted for 99% (cluster 3) to 96%
(cluster 2). In the central part of Siwa, the calculated mixing percentage from Siwa Lake ranged from
0.6% to 2%, and the TCA ranged from 99% (cluster 3) to 96% (cluster 2). In the eastern part of the
study area, the mixing model indicated that the computed mixing percentage from Zeitun Lake
ranged from 16% to 18%, while the TCA accounted for 84% (cluster 3) to 82% (cluster 2). In the
central part of Siwa Oasis, the estimated mixing percentage from Siwa Lake ranged from 2% to 4%,
and the TCA ranged from 98% (cluster 3) to 96% (cluster 2). The mixing model between the NSSA
and TCA (cluster 1) showed that the calculated mixing percentage from the NSSA ranged from 87%
to 63%, while the computed percentage ranged from 74% to 86% in the eastern and central parts of
the study area, respectively.

The obtained mineral saturation indices (SI) values aligned with the mineral phase changes calculated
by NETPATH, as shown in Table 7s (Appendix 2). The model results indicated the dissolution of
gypsum and halite and the precipitation of calcite, dolomite, and clay minerals, accompanied by
cation exchange, where calcium in groundwater replaces sodium in clay minerals within the aquifer
matrix. The estimated evaporation factors (Ev) were 1.04, 1.6, and 1.5 at sites 9, 10, and 7,
respectively, while Ev values ranged between 2.07 at site 21 and 2.3 at site 87. Although the
contribution of Salt Lake to the TCA does not exceed 4%, the TDS of Zeitun Lake and Siwa Lake
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are 153,589 mg/L and 130,992 mg/L, respectively, which can significantly increase the salinity of
the TCA groundwater. This assumption can be verified by calculating the TDS obtained from mixing
the lake sample with cluster 3 samples (TCA) and the mixing percentage of the lake derived from
NETPATH (2% to 4%) using the following equation:

TDS final = );{L, (Pi X TDSi)

Where: n is the number of solutions being mixed. i represents each solution. Pi is the percentage of
the ith solution in the mixture. TDS; is the TDS value of the ith. Using the TDS of the initial water
of TCA (2837 mg/L), the initial water of Zeitun Lake (153,589 mg/L) showed that the final water
from TCA ranged from 5823 mg/L to 8867 mg/L, which represents the TDS range of cluster 1. The
computed and calculated mixing percentage of the NSSA, cluster analysis, and stable isotopes
revealed that the source of the groundwater in the tertiary carbonate aquifer originated mainly from
freshwater of the NSSA through upward leakage along the fault planes and the salinity increased
through several factors including evaporation, water-rock interaction, ion exchange with clay
minerals and mixing with old seawater, and downward leakage from hypersaline lakes. The excessive
abstraction of water from the non-rechargeable aquifers, irrigation by flooding, and lack of an
appropriate drainage system will deteriorate all the water resources in Siwa QOasis and increase soil
salinization and water logging problems. Decreasing the freshwater pressure in NSSA due to
excessive pumping for drinking and irrigation purposes will change the vertical groundwater flow
from upward to downward, which means the freshwater will deteriorate from the brackish water of
TCA. The mixing model was supported by conceptual model that was performed based on
lithological log correlation and lineaments extracted from remote sensing and aeromagnetic data

analysis in the catchment area (Fig 41).
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Figure 41. Conceptual model based on geological boundary illustrate the contribution percentage from hyper
saline lake to the karst aquifer (TCA) supported with shallow depth lineaments in karst aquifer and deep
faults in NSSA
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The results showed that the lineaments could cross only two lakes (Zeitun and Siwa lakes) which
indicate the possibility of connection between these two lakes and the shallow aquifer. The mixing
model proved that these two lakes only were the reason for increasing the salinity in the TCA. The
other lakes did not show any contribution to the salinity of the TCA which could be because the
Aghormi lake and El-Maraki Lake are located in a normal depression above impermeable layer and
no significant fracture system could reach these locations. However, increasing the surface area of
this lake could cross the fracture system and contribute in the groundwater salinity.

5.4.Residence time and recharge location of the TCA from NSSA

This thesis provides a quantitative and spatially explicit understanding of the recharge dynamics and
groundwater residence times in the Siwa Oasis aquifer system. The application of multi-isotopic
tracers (6*H, 8'*0, *C, C, ¥Sr/*¢Sr) and radiocarbon dating (Table 8s and 9s. Appendix 2),
combined with geochemical analyses and inverse mixing models such as NETPATH and Faure
models, provides a powerful toolkit for investigating groundwater recharge sources, salinity origins,
and residence times in aquifer systems. Strontium isotopes (¥’Str/*¢Sr), which are not subject to natural
fractionation, are particularly effective for identifying recharge sources, quantifying mixing ratios,
and assessing water—rock interactions. Additionally, the use of radiocarbon (*“C) dating allows for
the estimation and correction of groundwater residence times, providing a clearer understanding of
the age distribution within different aquifer systems, which is crucial for sustainable groundwater
resource management. Furthermore, this integrated approach helps delineate the most promising
locations for future drilling wells, ensuring optimal exploitation of groundwater resources while
minimizing environmental impact.

5.4.1. Spatial variation of isotopic signature

The spatial analysis of TDS, Sr, **Sr and §'*O concentrations in the NSSA and the TCA highlights
distinct hydrochemical trends influenced by geographic location and aquifer dynamics along the flow
path supported with flow direction in NSSA and TCA (Fig 42). The TDS in the NSSA shows a clear
south-to-north gradient, increasing from 160 mg/L in the southeastern (sample 39) to 550 mg/L in
the northern regions. This gradual increase reflects the influence of longer groundwater residence
time and potential mixing with older or more mineralized water in the northern parts of the aquifer.
The Sr concentrations in the NSSA remain relatively uniform across the study area, ranging from
0.04 mg/L in the northeastern region to 0.28 mg/L in the northwest near El Maraki Lake. This
consistency indicates limited water-rock interaction with Sr source or minimal contributions from
external sources, such as evaporites or carbonate dissolution, within the NSSA.

The TDS in the TCA exhibits a more variation, with the lowest value of 1120 mg/L recorded in the
southeast (sample 40) while the highest TDS values exceed 8000 mg/L, concentrated in the northeast
near Zeitoun Lake (samples 17, 20, and 21) and in the northern region between Siwa Lake and
Aghormi Lake (samples 93, 77, 86, 82, and 127). This variation suggests that the TCA is more

vulnerable to salinization in the northern part, likely due to interaction with surface lakes and
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potential evaporitic deposits. The Sr concentration in the TCA mirrors the TDS trend, with a
minimum value of 1.074 mg/L in the southeast (sample 40) and a maximum of 10.1 mg/L in the
northeast near Zeitoun Lake (sample 20). Northern regions between Siwa Lake and Aghormi Lake
also show elevated Sr values up to 8.2 mg/L (sample 82). This correlation between Sr and TDS
suggests that Sr enrichment is closely tied to salinization processes, including lake water leakage,
carbonate dissolution, and potential ion exchange. Comparison Between NSSA and TCA reveals

contrasting behaviors in hydrochemistry:
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Figure 42. The distribution maps of the 180, 87/86Sr, TDS, Sr, and groundwater flow direction in NSSA and
TCA

The NSSA exhibits stable Sr concentrations, which may reflect its lower vulnerability to external
influences and lithology dominated by sandstone. The TCA, however, demonstrates significant
variability in Sr and TDS, indicative of active interactions with surface lakes, localized groundwater
recharge, and evaporite and carbonate dissolution. The increasing TDS and Sr concentrations in the
northern and northeastern TCA near Zeitoun Lake and between Siwa and Aghormi Lakes suggest
potential contributions from lake water. This is supported by the artesian conditions in some TCA
wells to be non-artesian, which facilitate downward migration of salt lake’s water, especially in areas
influenced by over-extraction or seasonal water-level fluctuations in the north east and north part of
study area. Siwa Lake and Zeitun lake are located above fracture system that could facilitate the
leakage downward from these lakes. The uniform Sr distribution in the NSSA emphasizes its isolation
from the surface processes affecting the TCA, possibly due to the over pressure condition of water

in the NSSA where the water level reach 100 m above ground surface.
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Spatial Distribution of ¥%°Sr and 8'*O across the NSSA and the TCA reflects their distinct
hydrochemical processes, recharge sources, and aquifer dynamics. *"*°Sr ratios in the NSSA range
from 0.709 (sample 35 in central Siwa Oasis) to 0.715 in the southeast (samples 38 and 4). The
highest values are observed in the southeastern and northern regions (sample 89), with a general trend
of decreasing ratios from east to west. The elevated ***Sr values in the southeast and north suggest
prolonged water-rock interactions with radiogenic silicate minerals or mixing with older groundwater
influenced by crustal material where the NSSA overlain the basements rocks. The westward decline
in ¥”%Sr ratios reflects potential dilution by younger, less radiogenic recharge or reduced contact with
silicate-rich formations. The §'*O values in the NSSA range from -10.713%o in the southeast (sample
35) to -8.571%o in the northeast (sample 24). The enrichment of §'*O towards the northeast is
indicative of evaporation effects during recharge period. The depleted values in the southeast suggest
recharge under cooler or wetter paleoclimatic conditions, consistent with the deep, confined nature
of the NSSA. The *"#Sr ratios in the TCA show minimal variation, ranging from 0.708 (sample 82)
in the north, between Siwa and Aghormi Lakes to 0.709 (sample 34) in the southeast. The uniformity
of 8786Sr ratios in the TCA indicates a consistent lithological influence dominated by carbonate rocks.
Higher values in the southeast suggest significant contribution input from deep sources or localized
interactions with silicate-rich waters, while lower values in the northern part are indicative of a stable,
carbonate-dominated system. The §'*O values in the TCA are more enriched compared to the NSSA,
with a minimum of -10.624%o. in the western part near El Maraki Lake (sample 133) and a maximum
of -8.55%o in the northeast near Zeitoun Lake (sample 20). Northern areas between Siwa and Aghormi
Lakes also show enriched values (sample 82) with §'%0=—9.26%o). The enrichment trend reflects the
influence of evaporation and lake water leakage, and localized recharge processes. The depleted
values in the west suggest less evaporative influence, or minimal interaction with surface water and
high contribution from deep NSSA.

5.4.2. Mixing approach and recharge source of TCA

The proposed approach aims to delineate the sources and mixing dynamics of groundwater between
the NSSA and the TCA using isotopic and geochemical signatures, specifically *"*%Sr, Sr
concentration, salinity, and stable isotopes (3'*0 and §°H). The hypothesis is that distinct isotopic
and geochemical signatures of NSSA and TCA waters, shaped by lithology, water-rock interactions,
and residence time can be used to identify mixing proportions and infer hydrological connectivity.
By employing mixing models such as the Faure model and validating these results with NETPATH
geochemical modeling, it is feasible to quantify the contributions from the deep NSSA to the TCA.
Furthermore, the analysis of saturation indices and dissolution/precipitation phases provides
additional insights into the chemical evolution of groundwater during mixing. This approach is robust
due to its reliance on well-established geochemical principles and the integration of multiple data
sources, allowing for a comprehensive evaluation of mixing processes and their impact on aquifer

chemistry[86,94,104]. The graph plotting *”*6Sr against salinity (Fig 43) reveals distinct trends for
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the NSSA, TCA, and springs, offering critical insights into the groundwater system dynamics and
interactions. The NSSA samples exhibit a sharp vertical trend with nearly uniform salinity (< 500
mg/L, indicative of freshwater) and increasing *”*Sr values. This pattern reflects the isotopic stability
of the NSSA water in a chemically homogenous environment with limited interaction with evaporite
minerals or surface water-derived salts.

The vertical trend emphasizes that changes in *”*°Sr are primarily due to isotopic variations in the
aquifer's geological materials, rather than significant geochemical processes affecting salinity. TCA
samples show a sharp horizontal trend with a rapid increase in salinity (1120 to 9000 mg/L) and low,
uniform ¥”#Sr values. This horizontal trend suggests that the rapid salinity increase is predominantly
driven by processes such as evaporation and dissolution of salts, and mixing with salt water with
minimal contributions from isotopically distinct sources. Springs align along the same trend as TCA
samples, confirming their origin as mixed water dominated by the TCA with limited input from the
NSSA. This graph emphasizes the contrasting geochemical environments of the NSSA and TCA,
while confirming the dominant role of the TCA in influencing spring water chemistry. The observed
trends also suggest that while vertical hydraulic connectivity exists, it is likely localized and

influenced by structural controls.
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Figure 43. The relationship between salinity vs 87%6Sr and Sr vs #”4Sr supported with mixing line based on
Faure model

5.4.2.1. Mixing Line based on Faure model
The mixing line observed in the */*%Sr vs salinity graph (Fig 43) highlights the significant
contribution of NSSA to TCA recharge, particularly along fault planes where the upper Cretaceous
shale is impermeable layer separate the TCA from NSSA. Faults act as conduits, allowing upward
flow of NSSA water through the shale barrier into the overlying TCA. This localized recharge is
evident in areas where low-salinity TCA samples align closely with the NSSA end-member on the
mixing line. This recharge mechanism explains the spatial variability in salinity and isotopic
signatures within the TCA, particularly the presence of fresher water in fault-proximal areas. The
sharp horizontal trend in salinity for TCA samples with minimal variation in *”*Sr at higher salinity
levels reflects limited mixing with NSSA in regions distant from fault zones or where the shale layer
remains intact. The higher *”*Sr values in low-salinity TCA samples near fault zones support
significant NSSA contribution, as these isotopic signatures are characteristic of the deeper NSSA
water. Conversely, TCA samples in regions without active faulting or with intact shale layers show
higher salinity and lower */%¢Sr, indicating minimal interaction with the NSSA.
The %S vs Srrelationship (Fig 43) highlights the geochemical and structural dynamics influencing
the NSSA and TCA interaction, similar to the trends observed in the salinity relationship. The graph
shows a sharp vertical trend for NSSA samples, with significant variation in *”**Sr (0.709 to 0.715)
while maintaining almost uniform and relatively low Sr concentrations (<0.3 mg/L). This pattern
reflects the isotopic variability within the NSSA, potentially influenced by lithological heterogeneity
and varying degrees of water-rock interaction within the sandstone aquifer. The TCA samples exhibit
a sharp horizontal trend with rapidly increasing Sr concentrations (1 to 10 mg/L) but almost uniform
and lower %”%Sr values (0.708 to 0.709). This behavior suggests a strong influence of geochemical
processes within the TCA, such as dissolution of evaporite minerals, mixing with saline water, or
limited interaction with the NSSA isotopic signature in high-Sr zones.
The springs align closely with the TCA samples on the graph, indicating their source is primarily
influenced by the TCA. The mixing line performed based on Faure model connects the vertical trend
of the NSSA to the horizontal trend of the TCA, reflecting varying contributions of NSSA recharge
to the TCA. Low-Sr TCA samples align closer to the NSSA end-member, indicating significant
recharge from the deeper aquifer, while high Sr in TCA samples reflect minimal NSSA contribution.
The mixing line analysis using the Faure model provides critical insights into the interaction between
the NSSA and TCA, delineating the recharge dynamics and spatial variability in contributions from
the NSSA. Two distinct end members were identified. One represents the TCA with the lowest *”*°Sr
ratios, highest salinity, and maximum Sr concentrations, and the other representing the NSSA with
the highest *”*%Sr ratios, lowest salinity, and minimum Sr concentrations. The mixing model revealed

that the group of TCA samples with salinities ranging from 1000 to 2000 mg/L receives substantial
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recharge from the NSSA, with contributions of 80—90%. These samples are primarily located along
fault planes and fracture systems in the southeastern and southwestern parts of the study area,
emphasizing the critical role of structural features in facilitating vertical recharge. In contrast,
samples with salinities between 2000 and 5000 mg/L exhibit intermediate NSSA contributions (50—
80%) and are found in transitional zones near the faults but extending farther from direct recharge
points. This group reflects a mixing process between NSSA recharge and more saline TCA water.
The third group, characterized by salinities ranging from 5000 to 9,000 mg/L, has minimal NSSA
contributions (0—40%). These samples are predominantly located in the northern regions between
Siwa Lake and Aghormi Lake and in the northeastern areas near Zeitun Lake. The high salinity in
these areas is attributed to evaporative concentration processes and downward leakage of brine from
salt lakes, exacerbated by over-extraction of TCA groundwater for irrigation purposes. This over-
extraction likely reduces aquifer pressure, transitioning some regions from artesian to non-artesian
conditions and promoting the influx of saline water from the overlying lakes (Siwa lake and Zeitun
lake). Notably, the *”**Sr ratios remain consistent despite the increase in salinity, indicating that the
isotopic signature of the saline lake water aligns with that of the TCA. These findings highlight the
critical role of fault planes and fractures as conduits for NSSA recharge and emphasize the impact of
anthropogenic activities, such as groundwater over-extraction, on the salinity and water quality in the
TCA. Managing extraction rates and protecting structural recharge zones are essential to preserving
the aquifer system’s balance and mitigating salinization risks.

The relationships between 5'*0 and ¥”*Sr and between $'%0 and Sr concentrations (Fig 44) further
support the proposed interpretations of the hydrological and geochemical processes governing the
NSSA and TCA systems. The graph of §'*0 versus *”*°Sr reveals distinct patterns: samples from salt
lakes, the TCA, springs, and agricultural drains align vertically with uniform low *"*Sr values and
varying 8"%0.

This suggests a shared isotopic signature influenced by evaporative processes and minimal variations
in Sr isotopes across these systems. The §'*O values range from -7.089 to -0.845 for salt lakes, -
10.624 to -8.545 for the TCA, -10.356 to -8.350 for springs, and -9.273 to -7.621 for agricultural
drains, reflecting varying degrees of evaporation and mixing. In contrast, the NSSA samples exhibit
a horizontal trend in the §'*0 versus *”*°Sr graph, indicating sharp changes in *”**Sr with consistently
low 8'80 values (-10.713 to -10.295). This trend underscores the distinct geochemical nature of the
NSSA, characterized by minimal evaporation and a more radiogenic Sr isotope signature. The
exception is sample 24 from the northeastern Siwa Oasis, which shows a higher 'O value (-8.57),
suggesting localized mixing, possibly influenced by hydraulic connections with the TCA or
proximity to surface features. Similarly, the relationship between 3'*0 and Sr concentration reveals
a progression of Sr enrichment from the NSSA, through low-salinity TCA, intermediate-salinity
TCA, high-salinity TCA, and finally to the salt lakes. The NSSA samples consistently exhibit low Sr

concentrations, reinforcing their role as a fresh water source with limited interaction with evaporative
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processes. In the TCA, Sr concentrations increase with salinity and §'8O, reflecting progressive
mixing with more saline end-members, such as brine from salt lakes or concentrated groundwater.
The highest Sr concentrations are found in salt lakes, confirming their role as terminal sinks for
solutes and their potential to contribute salinity and Sr to the TCA during periods of over extraction
for irrigation. These graphs corroborate the mixing line interpretations and emphasize the
hydrological connection between the NSSA, TCA, and surface water systems. They highlight the
importance of evaporative concentration, structural conduits (faults and fractures), and anthropogenic
impacts (over-extraction) in shaping the isotopic and geochemical characteristics of the aquifers and
associated water bodies. The consistency in §'*0 and ¥”*Sr signatures for TCA, springs, and drains
further indicates the significant influence of NSSA recharge and lake-derived salinity on the TCA

system.
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Figure 44. The relationship between §'%0 vs #7%°Sr and Sr vs §'%0
The relationship between depth and */*¢Sr (Fig 45) reveals key insights into the vertical dynamics
within the aquifer systems. Sample 82, which serves as the end-member for the TCA, exhibits the
greatest depth, aligning with its role as a baseline for the TCA’s geochemical signature. The upward
flow from deeper levels demonstrates a clear salinity gradient from low to high, emphasizing the
influence of fault systems and fractures in controlling water movement and the mixing of waters with
distinct chemical signatures. These structural features facilitate the upward migration of fresher

NSSA water, contributing to the dilution of the TCA. Conversely, regions without significant

84



recharge from the NSSA or with downward leakage from overlying saline sources exhibit higher
salinity in the TCA, indicating salinization due to evaporation, dissolution, and mixing processes.

The 5°H versus 8'*0 plot (Fig 45) offers insights into the recharge history and evaporation processes
affecting the water samples. All samples plot below the Global Meteoric Water Line (GMWL),
reflecting the influence of evaporation and water-rock interactions in the time of recharge. The Paleo
Meteoric Water Line (PMWL) indicates that NSSA samples are more depleted in §'*0 and §°H,

consistent with recharge under cooler paleo-climatic conditions.
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Figure 45. The relationship between depth vs ##°Sr and 8°H vs §'0

The presence of TCA samples on the PMWL suggests mixing with NSSA waters or recharge under
similar paleo conditions. Samples from the TCA, springs, and drains that plot to the right of the
PMWL exhibit §'*O enrichment, indicating the impact of modern evaporative processes and mixing
with other source, likely from salt lakes and agricultural drains. This enrichment supports the
hypothesis of downward leakage from evaporated surface waters into the TCA during periods of
over-extraction, as well as interaction with recharge from NSSA.

5.4.2.2. NETPATH inverse mixing model

The use of the NETPATH mixing model provides a robust validation of the contributions from the

NSSA to the TCA, offering a comprehensive approach that incorporates the geochemical evolution
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of water. By utilizing a suite of physicochemical parameters (pH, TDS, EC, temperature, major ions
such as Ca, Mg, K, Na, Cl, SOs, HCO:s) and incorporating saturation index values, this model goes
beyond the simpler isotopic mixing line approach. It allows for the quantification of mass transfer
and geochemical processes such as dissolution, precipitation, and ion exchange. The model employed
two well-defined end members: the NSSA (Sample 38), characterized by low salinity, high *"*¢Sr,
and low Sr concentration, and the TCA (Sample 82), which exhibited high salinity, low ¥"*°Sr, and
high Sr concentration. Samples representing mixed water were selected to quantify the contribution
percentages and track geochemical evolution through mass transfer processes.

The saturation indices (Table 7s. Appendix 2) revealed under-saturation of halite, gypsum, and
anhydrite, across all samples, while minerals such as dolomite, illite, chlorite, montmorillonite, and
hematite were predominantly supersaturated. Spatial variability was observed for calcite, albite, and
aragonite, which fluctuated between under-saturation and supersaturation. For the mixing model,
constraints were established using carbon, sulfur, magnesium, sodium, chloride, silica, aluminum,
and calcium. Selected phases reflective of the aquifer's geological composition included calcite,
halite, gypsum, dolomite, montmorillonite, illite, and cation exchange processes (Ca/Na). The model
results are summarized in Table 5, showing 14 inverse mixing models with mixing percentages
calculated for each scenario as well as comparison with the results of the previous mixing line (Faure
model). The NSSA contribution to the TCA ranged from ~90% in low-salinity areas (Model 1) to
~52% in high-salinity zones (Model 14). The spatial distribution of recharge highlighted significant
NSSA contributions along fault planes and fracture systems, particularly in the southeastern and
southwestern study areas. Reduced NSSA contributions corresponded to regions near salt lakes, such
as Siwa and Zeitun, where the upper cretaceous shale prevents upward flow on the absence of faults.
over-extraction and evaporative concentration led to increased salinity without altering *”*°Sr values
in TCA in these locations of low contributions from NSSA.

Phase dissolution and precipitation patterns corroborated these findings. NSSA-dominated regions
showed calcite and dolomite precipitation, consistent with the mixing of supersaturated NSSA water.
In contrast, high-salinity areas exhibited gypsum and halite dissolution, reflecting evaporative
concentration and salt dissolution from lake leakage. lon exchange processes, such as sodium
enrichment and calcium depletion, were prominent in transitional zones. The robust integration of
isotopic and geochemical data within the NETPATH framework provided a detailed understanding
of aquifer mixing, structural influences, and geochemical transformations, validating the earlier
interpretations derived from isotopic mixing lines. The results demonstrated a strong agreement
between the inverse mixing model from NETPATH and the direct mixing model based on the Faure
approach, with only minor variations in the calculated contribution percentages (Table 5 and Fig
46). These differences can be attributed to the additional parameters and constraints considered in

the NETPATH model, such as pH, temperature, major ions, and the saturation indices of specific
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minerals, which allow for a more detailed accounting of geochemical evolution and mass transfer

processes.
Table 5. The 14 models, including the two initial water, the final water as well as the recharge percentage from

NSSA to TCA

Model Model Initial 1 Initial 2 = Final Mixing Mixing
number type (NSSA) (TCA) water Percentage (NETPATH) Percentage (Faure)
(TCA) Initial 1 Initial 2 Initial Initial 2
1
1 mixing 38 82 40 89.962 10.038 89.0 11.0
2 10 81.585 18.415 80.0 20.0
3 34 79.349 20.651 79.5 20.5
4 144 77.115 22.885 77.0 23.0
5 11 74316 25.684 74.0 26.0
6 147 70.399 29.601 69.5 30.5
7 139 73.198 26.802 69.5 30.5
8 140 67.603 32.397 68.5 31.5
9 117 66.477 33.523 65.0 35.0
10 41 63.2 36.8 64.5 355
11 132 62.32 37.68 60.5 39.5
12 121 56.952 43.048 59.5 40.5
13 152 59 41 54.5 45.5
14 133 51.895 48.105 49.5 50.5
Model Phase precipitated or dissolved
number Calcite Dolomite Halite Gypsum Ca- Na- Illite Exchange
Montmorillonite Montmorillonite
1 -1.22 0.80 - -0.07 297.1 -296.2 -0.91 74.73
2 -1.41 0.82 - -18 937.1 -939.4 2.38 152.3
3 -5.40 242 - 0.07 1063.6 -1062.6 -0.99 174.18
4 -5.78 3.26 - -0.44 72.6 -78.28 5.73 9.56
5 -1.13 0.70 - -0.21 697.8 -700.6 2.78 111.33
6 -8.63 4.66 - -0.38 691.8 -696.7 4.98 112.5
7 -11.85 6.14 - -0.42 1659.8 -1665.3 5.56 272.3
8 -7.89 4.13 - -0.50 236.9 -243.3 6.54 36.96
9 -12.14 6.50 - -0.34 1264 -1268 4.46 207.4
10 1.13 -0.31 - 0.2 701.7 704.2 -2.6 -117.2
11 -1.7 1.16 - -0.14 - -1.87 1.89 -3.92
12 -15.32 8.25 - -0.30 -793.6 789.6 3.98 -136
13 11.16 -5.69 - -0.33 0 -4.36 4.42 6.31
14 -5.54 2.92 - -0.28 823.1 -826.7 3.72 1334
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Figure 46. The spatial comparison between NETPATH model and Faure model in estimation of contribution % from
NSSA to TCA along the fault plane and calibration curve between NETPATH model and Faure model.

In contrast, the Faure model primarily relies on isotopic ratios and salinity (only two parameters),
simplifying the complexity of interactions within the aquifer system. Fig 46 demonstrates the
contribution percentage from the NSSA to TCA in different locations in the study area showing the
highest contribution close the lineaments in the south and the lowest contribution in the north. Despite
these differences, the calibration curve (Fig 46) comparing the two models displayed a high
correlation coefficient (R*=0.96), confirming the reliability of both approaches. This close alignment
underscores the robustness of the combined geochemical and isotopic methodologies in interpreting
groundwater mixing and recharge processes.

5.4.3. Groundwater age correction

The age correction for the NSSA and TCA was performed using the NETPATH model, incorporating
initial water from the soil before infiltration and final water from the aquifers. Input parameters
included pH, temperature, electrical conductivity (EC), total dissolved solids (TDS), major ions, and
5"3C and §'"C isotopic data. The model constraints comprised carbon, sulfur, sodium, chloride,
calcium, magnesium, silica, and potassium, while the selected geochemical phases included calcite,
dolomite, halite, gypsum, illite, chlorite, montmorillonite, SiO», Na>SOs, Ca/Na exchange, and CO»
gas. The age correction algorithm employed the Fontes and Garnier approach [98], with the initial
8'*C activity assumed to be 96.40% modern carbon (pMC) using Rayleigh calculation and carbon

fractionation corrections based on Mook's model[103]. After running the model, calibration was
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performed by adjusting isotopic exchange amounts in calcite, and CO; gas, which did not exceed 1.5,
to match computed §'°C with observed 8'°C values. This calibration step also accounted for
evaporation factors to refine the corrected age. The corrected ages were calculated for samples from
the NSSA, TCA, springs, and lakes, providing insights into the groundwater flow paths and recharge
sources. The results, including computed and observed "*C values and the corrected ages, are
summarized in Table 8s (Appendix 2). The results of the NETPATH model (Table 9s. Appendix 2),
after adjustment for isotopic changes related to the calcite phase, demonstrated a high degree of
accuracy in age correction, as evidenced by the close agreement between computed and observed *C
values. The observed "*C values ranged from —12.13 to —6.25 in TCA samples, —10.26 to —7.25 in
spring samples, —11.44 to —11.43- in NSSA samples, and —8.8 to —7.7 in lake samples. Similarly, the
observed "*C values ranged from 15.45 to 57.91 in TCA samples, 18.19 to 20.54 in spring samples,
16.12 to 42.55 in NSSA samples, and 73.66 to 77.88 in lake samples. The corrected ages obtained
from the model revealed significant spatial variation across the aquifer systems (Fig 47). In the TCA,
the corrected ages ranged from 640 to 13,551 years. The lowest ages were observed in the northern
part of Siwa Oasis, particularly between Siwa Lake and Aghormi Lake, and near El Maraki Lake in
the northwest. The highest ages were recorded in the eastern part of Siwa Oasis. Non-artesian wells
in the TCA indicated groundwater flow from the southwest to the northeast, with lower levels near
Siwa Lake.

The corrected age trend in both the NSSA and TCA indicated a general decrease in age from the
southeastern part of Siwa Oasis toward the north, particularly near Siwa Lake, where the youngest
ages were observed. The springs exhibited corrected ages ranging from 6,642 to 12,138 years, while
the lakes showed recent ages. TCA samples located near lineaments (faults and fractures) in the
southern part of the study area were characterized by older ages compared to samples from the
northern areas near Siwa Lake. This trend suggests that structural features and recharge pathways
from the deep layers of NSSA play a significant role in determining groundwater age and flow
dynamics. The corrected groundwater ages provide valuable insights into the dynamics of recharge,
flow, and mixing processes in the Siwa Oasis aquifer systems. The spatial variability in ages
highlights the significant influence of structural features, recharge pathways, and geological controls
on groundwater movement and evolution. In the TCA, the corrected ages ranging from 640 to 13,551
years indicate a combination of recent recharge near Siwa Lake and older waters in the eastern parts
of the Oasis. The younger ages near Siwa Lake and Aghormi Lake in the northern and northwestern
regions align with the proximity of these areas to recharge zones and active mixing with more recent
water, potentially influenced by surface water interaction and anthropogenic activities. The presence
of older ages in the eastern TCA and along faults in the southern areas suggests significant recharge
from deeper layers of NSSA and limited recharge from surface lakes or anthropogenic activities.
The NSSA displayed a similar age variation, with corrected ages ranging from 4,296 to 14,184 years.

The older ages in the southern regions and near structural features, such as faults, indicate upward
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flow from deeper layer of the NSSA, and slower-flowing groundwater system with limited direct
recharge. In contrast, the younger ages toward the north reflect circulation and mixing with TCA
waters through fractures and fault systems due to over extraction, as suggested by the piezometric
head gradients. The springs, with corrected ages between 6,642 and 12,138 years, reflect their role
as discharge points for groundwater that has undergone mixing and isotopic exchange during its flow.
These ages suggest that spring water is predominantly older than surface waters but influenced by
intermediate aquifer flow paths. The lakes, showing recent ages, confirm their role as collection
basins for both groundwater discharge and surface water input. The recent ages in the lakes further
emphasize the active interaction between surface processes and shallow aquifer zones (TCA) that

change its age signature and create variation in the residence time.
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Figure 47. The distribution map of the corrected age in Siwa Oasis and the relationship between age and
depth of water samples
The overall trends in age, particularly the decrease in age from southeast to north and near Siwa Lake,
underscore the importance of structural features and fault-controlled recharge pathways in facilitating
upward flow and mixing between the TCA and NSSA and mixing between salt lakes and TCA. This
supports earlier findings from mixing models and isotopic relationships, where fractures and
lineaments were identified as critical pathways for water movement and salinity variation. these areas
exhibited older corrected ages, underscoring the impact of deep aquifer contributions on residence

times and geochemical evolution. Conversely, TCA samples with low contributions from the NSSA,
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such as those samples closer to Siwa Lake, showed younger ages due to more dynamic recharge and
mixing processes with surface water.

Older groundwater (>10,000 years) was concentrated near faults and fractures, suggesting
preservation of paleowater from the early to mid-Holocene. The presence of groundwater recharged
during the African Humid Period aligns with evidence of a wetter climate in North Africa during the
early to mid-Holocene. The transition to drier conditions after ~5,000 years ago likely reduced
recharge rates, leading to the preservation of older groundwater in deeper aquifers. Faults and
fractures act as critical recharge pathways, facilitating deep infiltration and long-term storage, but
over-extraction and surface water interaction have led to mixing of younger and older groundwater,
altering TCA chemistry and dynamics.

The relationship between 87Sr/*Sr ratios and groundwater age (Fig 47) offers important insights into
the geochemical evolution and mixing processes within the aquifer system. In the NSSA, the
significant variation in #’Sr/*¢Sr ratios and groundwater age reflects the aquifer's complex geological
setting. The NSSA sits above basement rocks rich in radiogenic minerals like feldspar and mica,
which release ®’Sr over long geological timescales through weathering. Additionally, the presence of
Upper Cretaceous shale, known for its high radiogenic strontium content, contributes further to the
radiogenic input. The variability in *”*°Sr ratios highlights the diverse mineral composition of these
rock types and the impact of localized groundwater flow, particularly along fault zones that enhance
mineral dissolution. In contrast, the TCA (Tertiary Carbonate Aquifer) shows much less variation in
87Sr/*Sr ratios, indicating a more consistent strontium source dominated by carbonate dissolution.
Carbonate rocks, such as limestone and dolomite, typically have lower #’St/*¢Sr ratios compared to
radiogenic sources like basement rocks or shale. This is because the strontium in carbonate minerals
originates from marine environments, which generally have uniform and low #Sr/*Sr ratios. As
groundwater interacts with these carbonate minerals, it dissolves their strontium content, diluting the
overall ¥Sr/*¢Sr ratio. This effect is particularly common in carbonate-dominated aquifers like the
TCA. The observed decrease in groundwater age in the northern parts of Siwa Oasis within the TCA
is likely due to mixing with younger water sources, such as recharge from salt lakes or irrigation
return flows. Over-extraction of groundwater facilitates this process, introducing younger water with
lower #Sr/*Sr ratios and altering the original groundwater chemistry. On the other hand, older
groundwater ages in the southern parts particularly near fault lines, suggest a greater influence of
water from the NSSA. This indicates that geological structures, such as faults and fractures, play a
key role in enabling the upward movement of radiogenic water from the NSSA into the TCA. The
higher #Sr/%Sr ratios in the NSSA, resulting from interactions with basement rocks and Upper
Cretaceous shale, support this interpretation. Overall, the interplay between radiogenic sources,
geological structures, and human activities underscores the complex hydrogeochemical evolution of
the aquifer system. These findings reveal how both natural processes and human interventions shape

the characteristics of groundwater in the region.
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5.5. Groundwater numerical flow model

The current study aims to examine if the deep groundwater from the NSSA recharges the shallow
fractured TCA through faults and fractures system and validate the isotope results. This is a critical
finding, especially in arid regions like Siwa Oasis, where groundwater is the primary source of water
for agriculture, drinking, and ecosystems. The NSSA is over pressured and all wells penetrating this
aquifer are artesian and flowing wells while the wells penetrating TCA are flowing in some locations
and non-flowing in other locations due to variation in the ground surface elevation and over
extraction of groundwater from TCA. The stable isotopes and radiocarbon confirmed that the aquifer
system in Siwa Oasis contain pale-meteoric water and there is no significant recent recharge due to
the arid and hot climate and the main source recharge the TCA is the NSSA. The groundwater flow
model in FEFLOW environment was performed to predict the future water level changes and
drawdown in the NSSA and TCA till 2100 as well as the discharge of springs. This forecasting of the
water level can determine the sustainability of the non-rechargeable aquifer and delineate the most
sensitive location for drawdown. This study presents the first fully integrated, three-dimensional
numerical model of the Siwa Oasis that couples the NSSA with the TCA while explicitly
incorporating major fault systems as discrete flow conduits. By integrating detailed
hydrostratigraphy, pumping data, and, for the first time, validating the model against multi-isotope
and radiocarbon data, this work provides an unprecedentedly clear and quantitative confirmation of
the hydraulic connectivity and recharge mechanisms between the two aquifer systems. this is the first
model to use reverse particle tracking to visually and quantitatively trace the recharge pathways from
the NSSA to the TCA, directly validating the conceptual model derived from geochemical data.
5.5.1. Model performance and calibration

Following the initial successful run of the unstressed steady-state model, calibration was performed
by systematically adjusting input parameters such as hydraulic conductivity until the calculated and
observed heads for monitoring wells penetrating NSSA and TCA had strong agreement (Fig 48). In
springs, the discharge rate was used for calibration. In the steady state condition, the calibration curve
showed strong agreement and high correlation between observed and computed head with R*=99%
for NSSA and 93% for TCA. The calibrated steady-state hydrodynamic model was transformed into
a transient one to ensure that the changes in the recharge areas can be well-tracked within the variable
depression fields caused by water extractions. The investigated time period was 140 years (1960-
2100). In the transient state, 63 wells from TCA, 145 springs, and 20 wells from NSSA were used to
extract 288,000 m>/d and the water level measured from 19 wells of TCA and 10 wells from NSSA
were used for calibration. Fig 49 illustrates the simulated head distribution in the NSSA under the
calibrated transient state conditions and calibration curve in NSSA and TCA. The calibration curve
in transient state conditions in the NSSA and TCA showed strong agreement between the measured

and simulated head with R? value of 0.98 and 0.83 respectively. The model demonstrates excellent
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accuracy and reliability in predicting water levels of the NSSA, with an RMSE of 0.66 m, MAE of

0.56 m, and a correlation coefficient exceed 95%.
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Figure 48. The calibration curve and maps showing the observed and computed initial head in NSSA and

springs water level (TCA) in steady state condition.

In case of TCA, the model demonstrates acceptable accuracy and reliability in predicting water
levels, with an RMSE of 0.62 m and MAE of 0.39 m. The small errors (ranging from -0.9 m to 0.8
m in TCA and from -1.37 m to 0.17 m in NSSA) and consistent performance across all observations
suggest the model is reliable for predicting water levels. The head distribution of the calibrated
transient model generally followed the steady-state trends, with minor variations.

The high R? value for the NSSA in the steady state indicates that the model accurately captures the
regional piezometric surface, suggesting that the assigned boundary conditions and the large-scale
hydraulic conductivity distribution are representative of the natural system. The slightly lower, yet
still strong, R? of 0.93 for the TCA reflects the greater heterogeneity and complexity of the fractured
carbonate system, where local variations in fracture density can cause minor deviations from the
simulated head. The low RMSE for the NSSA demonstrates the model's high predictive power for
regional head values. The small errors suggest that while the model is robust, minor discrepancies
may exist in areas far from calibration points, potentially due to unmapped smaller-scale faults or
variations in aquitard thickness. It is important to acknowledge the uncertainties associated with the

calibration process. The initial head data for 1960 were digitized from historical maps, which may
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have inherent inaccuracies. Furthermore, the distribution of calibration wells is not uniform across
the entire oasis, leading to higher model certainty in areas with dense data coverage (central Siwa)
and lower certainty in data-scarce regions (the far western and eastern part). For future stress
predictions, the model was divided into 140 one-year time steps. Four stress periods (1960, 1970,
2025, and 2100) from the 140 were selected to represent the time of extraction in 1960, the past
condition in 1975-1980, the current situation in 2025 and 2100 for future prediction (Fig 50).

The groundwater flow before extraction in 1960 showed that the initial head in the NSSA flow from
south west to north east follow the regional flow of the NSSA in all Egypt (Fig 50). The calibrated
head in the transient model proved that the central and western part of Siwa Oasis was significantly
affected with decline in the water level due to over extraction of groundwater which can be because
of intensive agricultural land in this area compared with eastern region. The eastern region of Siwa
Oasis was not significantly affected with drawdown in water level where less wells penetrating the
NSSA due to unsuitability of soil for agriculture in this area where the soil salinization and water
logging are intensive. The over extraction of water for irrigation, drinking, and industrial purposes
could create different local groundwater flow dominated from east to west direction with neglected
rainfall. The local groundwater flow was shifted toward the centers of Maraqi and Siwa Lakes in the
central area of the oasis, indicating zones of high vertical hydraulic conductivity due to intersecting
fault systems. The hydraulic conductivity ranges from 1.2 to 6.6 m/d. The lowest values are found in
the near Zeitun lake, and the highest values are observed in the central part of the oasis near Siwa

and Aghormi lakes. This convergence, combined with high groundwater discharge through springs

Caliberation-transient state (NSSA)
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and uncontrolled dug wells, has led to the expansion of salt lakes (Fig 30) and the Siwa lake increased

rapidly from 1990 to 2020.
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calibration of NSSA.
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5.5.2. Groundwater level Predictions model

Groundwater development strategies were evaluated over a 140-year period to assess the impact of
fixed abstraction rates on drawdown. The baseline scenario assumed a fixed abstraction rate
of 288,000 m3/day, representing the current abstraction rates primarily from wells and springs. This
scenario was designed to reflect the minimum and reliable risk that could exist in the future,
considering the government's practice of periodically closing wells with high salinity and drilling
new, safer wells. The current average pressure head (2025) in artesian flowing deep wells ranges
from 70 m (a.s.L.) in discharge areas (between El-Maraqi Lake and Siwa Lake) to 125 m (a.s.L.) in
the eastern region between Tamera Lake and Zeitun lake (recharge area). The transient model
revealed that from 1960 to 2025 there was a rapid drawdown in the piezometric head from 175m to
75m above sea level in the western part and slow drawdown from 142m to 128m in eastern part. The
drawdown of the piezometric head with about 100 m in non-rechargeable aquifer showed that there
is high risk in western and central Siwa oasis threaten the sustainability of limited water resources
due to over extraction. The future water level in 2100 based on the prediction model will be
approximately between 30 to 70 m with significant drawdown in central and western area. Fig 6s.
(Appendix 1) shows the drawdown in the hydraulic head of the NSSA from 1961 to 2100.
Reclamation of new agricultural land with the current method of irrigation by flooding can increase
the rate of the drawdown. These findings demonstrate the risk of the drawdown in the pressure head
of the NSSA that is main source recharge and dilute the water salinity of the TCA. The worst scenario
that threatens the life in Siwa Oasis is the critical time when the NSSA stop recharge the TCA and
changing the flow dynamics of the aquifer system where the saline water of the TCA will flow
downward to the NSSA and deteriorate the only available fresh water resources in the Oasis. Based

on the current model, this case can happen within 150 to 200 years.

0 4.8
Bt [ km

Figure 50. The changes in the water level in the NSSA from 1960 (initial head) to the current state (2025)
and predicted water level in 2100.
The predicted drawdown in the western part of the oasis is not just a numerical output; it represents

a critical threat to the livelihoods of the local population. This level of depletion will render many
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shallow wells inoperable, increase pumping costs significantly for deeper wells, and threaten the
existence of historic springs that are central to Siwa's cultural heritage and tourism. Previous studies
have acknowledged the over-extraction, but this model, for the first time, quantifies the spatial
heterogeneity of the impact, clearly delineating the western and central areas as 'hotspots' of
unsustainable abstraction. This finding has direct implications for policy, suggesting that
management strategies should not be uniform but rather targeted to these high-risk zones. The most
alarming finding of this study is the potential for a complete reversal of the hydraulic gradient
between the TCA and NSSA within 150-200 years. Such an event would be catastrophic, as it would
allow the highly saline water of the TCA to permanently contaminate the pristine fossil water of the
NSSA, effectively destroying the only source of fresh water in the Oasis. This finding elevates the
issue from a problem of water scarcity to a potential ecological and humanitarian crisis. The model
indicated that without sustainable management of non-rechargeable aquifer system, the salinization
of the TCA will increase rapidly through water rock interaction and leakage downward from
hypersaline lakes and consequently increase soil salinization and decrease plant production.
Monitoring the discharge rate of the springs showed rapid decrease with time from 3900 m*/d in 1960
to 3000 m’/d in 2025 and it is expected to decrease to 2400 m*/d in 2100 (Fig 51). Decreasing the
discharge rate of the springs will affect the available natural water resources that are mainly used for

agriculture and heath tourism.
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Figure 51. The changes in the discharge rate and hydraulic head of the springs (TCA) from 1960 to
2100 based on the transient model

5.5.3. Recharge source using reverse particle tracking

Reverse (backward) particle tracking was performed to validate previous findings from mixing
models which confirmed the main source recharge the TCA is the NSSA through faults and fractures
and to identify the recharge area. The reverse particle tracking was represented by pathlines, which
extend from the pumping wells and springs with particles moving toward the main potential zone
(recharge area) during extraction. For each spring and wells from the TCA, 24 particles were released
to be monitored with pathlines withing specific time interval.

Tracking the pathlines from 1960 to 2025 showed that particles traced back to the high-potential
recharge area in the eastern part of the Siwa Oasis from the wells penetrating the TCA. The tracking

particles from springs and wells penetrating TCA revealed that the pathlines moved toward the NSAS
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along fault planes, confirming that the original source of groundwater in the TCA is the NSAS (Fig
52). The main proportion of the recharge of the wells are comes from the NSSS, but a small amount
comes from the surface water (salt lakes) along the lineaments (fractures/faults). Extending the
pathlines to Siwa lake and Zeitun lake confirm the findings from the mixing model that the leakage

of salt water from the lakes is a significant factor for groundwater salinization in the TCA.
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Figure 52. Reverse particle tracking from wells in 2D and 3D showing the recharge area in east of Siwa
Oasis and recharge of TCA from NSSA through faults and fracture system based on the pathlines.
The travel times for particles depends on the distance and the seepage velocity of the flow paths. The
velocity is higher in zones where large water level fluctuations occur over small areas, i.e. in

depression cones around extraction wells. As time progresses in each time step, the depression in the
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aquifers becomes larger and the primary flow directions change significantly. As a consequence, the
recharge areas of the wells also change. To illustrate the above, the total recharge area of the wells
and springs was determined and through monitoring of the pathlines extension from 1961 to 2025
(Fig 52). It can be clearly seen, that the recharge area of the wells becomes increasingly larger and
the pathlines turn East direction towards the higher potential fields. The particles also following
highly conductive fault zones. These pathlines suggest that recharge from the NSSA to the TCA is a
continuous process, influenced by the structural geometry of the aquifer system. The zones of
contribution for the TCA are primarily located in the southeastern and southwestern parts of the Siwa
Oasis, which aligns with the findings of isotopic analyses and low salinity of TCA in these locations.
These zones correspond to the locations of major faults and fractures, further supporting their role in
facilitating recharge and mixing of different water resources.

Overall, the study provides a clear understanding of the recharge mechanisms and flow pathways in
the Siwa Oasis aquifer system, emphasizing the importance of sustainable groundwater management
to mitigate the risks of drawdown and salinization.

5.5.4. Model limitations and future work
Data Uncertainty: The model's accuracy is inherently limited by the quality and distribution of the
input data. Hydraulic conductivity, for instance, was interpolated between a limited number of
pumping test and well logs locations, and the actual heterogeneity of the aquifer is likely more
complex than represented in the model.

Simplification of Faults: Faults were modeled as vertical conduits with uniform hydraulic
properties. In reality, fault zones are highly complex, with varying degrees of permeability and
potential for acting as barriers in some segments and conduits in others. This simplification is a
necessary abstraction but represents a source of uncertainty.

Climate Change: The future prediction scenarios assume a constant abstraction rate and do not
account for potential changes in climate, such as increases in temperature and evaporation, which
could further exacerbate the water deficit.

Future modeling efforts should focus on collecting more field data to better characterize the spatial
variability of hydraulic parameters, particularly within the fault zones. A solute transport model could
be coupled with the flow model to more accurately simulate the movement of salt and predict future
salinity changes in both aquifers. Future scenarios should incorporate climate change projections to
provide a more comprehensive assessment of the long-term sustainability of the oasis's water
resources.
5.6.Water quality and health risk assessment
This research aimed to achieve several key objectives. First, it applied an Integrated Weighted Water
Quality Index (IWQI) to evaluate the suitability of various water resources in the Siwa area for
drinking purposes instead of traditional methods. This involved analyzing water quality based on

critical physicochemical parameters and heavy metals. Second, the study conducted a health risk
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assessment supported with monte Carlo simulation to identify potential hazards associated with
exposure to nitrates and heavy metals in the water, providing insights into the risks to human health.
Third, the research developed a predictive model using Feedforward Backpropagation Neural
Networks (FFBP-NN) to estimate the IWQI, aiming to improve the accuracy and efficiency of water
quality evaluation using few parameters for cost and time effective monitoring system.

5.6.1. Water quality assessment based on IWQI

The water quality index and health risk assessments were carried out by analyzing key
physicochemical parameters and heavy metals, as outlined in Table 10s (Appendix 2). The water
quality index (IWQI) for drinking purposes categorizes water into four main types: extremely poor,
poor, medium (or intermediate good), and excellent quality. These categories are based on specific
IWQI value ranges: >200 for extremely poor, 150—200 for poor, 100—150 for medium, 50—100 for
good, and 0-50 for excellent quality. As illustrated in Fig 53a, the analysis revealed that 49.16% of
the water samples fell into the extremely poor category (IWQI >200). This included all surface water
samples, five spring samples (S104, S105, S106, S107, and S108), three samples from the NSSA
(S16, S18, and S19), and 32 samples from the TCA. Additionally, 20.83% of the samples, represented
by 25 TCA samples, were classified as poor quality, with IWQI values ranging from 150 to 200.
Approximately 25% of the samples fell within the medium quality range (IWQI 100—150), including
11 NSSA samples, 1 spring sample, and 18 TCA samples. The remaining 6% of samples, primarily
from the NSSA and one TCA sample, were classified as good to excellent quality.
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Figure 53. Ploting of samples with the values of IWQI (a) and distribution map of IWQI in NSSA (b) and

TCA (c)
The findings highlight that the deep NSSA generally contains fresh water suitable for drinking, except
in some samples of western areas between El-Maraqi Lake and Siwa Lake. The drinking water quality
of the NSSA improves from west to east (Fig 53b). In contrast, the groundwater from the TCA 1is
only suitable for drinking in the southeastern part of Siwa Oasis (Fig 53c¢), while the central and
western parts are more degraded and unfit for human consumption. The study area is predominantly
relied on agricultural activities with extensive crop cultivation, fertilizer use, and significant animal

husbandry activities. Table 10s (Appendix 2) shows the main parameters used for calculation of
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IWQI the integrated wight for each parameter. The deterioration of TCA water quality is primarily
attributed to increasing salinity caused by water-rock interactions, over-extraction of groundwater
for irrigation, and the return of agricultural drainage through fracture systems. Previous studies have
also noted a minor contribution to TCA salinity from downward leakage from salt lakes. In contrast,
the NSSA is protected by a thick layer of Upper Cretaceous shale, which creates confined conditions
and prevents contamination or salinity increases.

5.6.2. Prediction model using FFBP-NN

A prediction model utilizing Feedforward Backpropagation Neural Networks (FFBP-NN) was
developed to forecast the Integrated Weighted Water Quality Index (IWQI) based on a limited set of
parameters. This innovative approach aims to optimize the monitoring process by reducing the
reliance on numerous expensive and time-consuming measurements. By leveraging the predictive
power of FFBP-NN, the model can accurately estimate water quality using fewer inputs, making it a
cost-effective and efficient tool for future water quality monitoring. This advancement not only
simplifies the data collection process but also enhances the feasibility of large-scale and continuous
water quality assessments, ensuring timely and informed decision-making for water resource
management. To determine the most accurate model, multiple iterations were run with 1,000 epochs,
and the model's performance was evaluated based on maximizing the coefficient of determination
(R?) while minimizing errors such as mean square error (MSE), mean absolute error (MAE), relative
square error (RSE), and root mean square error (RMSE). The optimal input parameters for predicting
the IWQI were identified as electrical conductivity (EC), total dissolved solids (TDS), pH, total
hardness (TH), sodium (Na'), potassium (K*), chloride (Cl7), bicarbonate (HCOs"), iron (Fe),
manganese (Mn), nitrate (NOs"), and sulfate (SO+*).

The best-performing FFBP-NN structure for predicting the IWQI based on physicochemical
parameters consisted of one hidden layer with five neurons and employed the Levenberg-Marquardt
optimization algorithm. The model achieved its optimal prediction at epoch 86 out of the 1,000
iterations, demonstrating a consistent decrease in MSE and an increase in R? across the training,
validation, and testing phases. This indicates that the model effectively learned the relationships
between the input parameters and the IWQI, providing reliable predictions for water quality
assessment. Table 6 summarizes the performance metrics of the FFBP-NN model during network
training, validation, and testing, including mean square error (MSE), mean absolute error (MAE),
relative square error (RSE), root mean square error (RMSE), and regression R-values. The regression
values (R) for the training, validation, and testing datasets were 0.999, 0.998, and 0.963, respectively.
In all cases, R exceeded 0.95, indicating an excellent fit for the network. The overall regression
coefficient of 0.99 further confirmed a strong alignment between the measured data points and the
predicted values, closely matching the ideal Y =T prediction line. This high correlation demonstrates
that the FFBP-NN model effectively captured the relationships between the input variables and the

IWQI, providing reliable predictions across all datasets. To optimize the model, different
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configurations were tested by systematically removing one feature at a time from the input data. The
best-performing model utilized 12 out of the original 14 features, excluding calcium (Ca*") and
magnesium (Mg?"). This optimized model achieved the following performance metrics: for training,
MSE = 0.57, MAE = 0.59, RSE = 1.0E-05, and RMSE = 0.75; for validation, MSE = 0.45, MAE =
0.47, RSE =2.9E-05, and RMSE = 7.9E-05; and for testing, MSE = 0.66, MAE = 0.63, RSE =2.5E-
05, and RMSE = 0.81. The slight variations in MSE, MAE, RSE, and RMSE across the training,
validation, and testing phases indicate the model's accuracy and robustness with no signs of
overfitting. This confirms that the model successfully predicted the IWQI for unseen data.

Table 6. The main target (IWQI) used by FFBP-NN, beast attributes utilized as input, number of hidden

layers and neurons, and the performance of models in the training, validation, and testing based on MSE,

MAE, RSE, RMSE, and R?

Target IWQI
inputs EC, TDS, pH, TH, Na*, K, CI;, HCO3-, Fe, Mn, NO3-and
SO4*
Hidden layer, neurons (1,5)
Training R? 0.999
MAE 0.596
MSE 0.573
RSE 1.0E-05
RMSE 0.757
Cross-validation R? 0.998
MAE 0.469
MSE 0.447
RSE 7.9E-05
RMSE 0.669
Testing R? 0.963
MAE 0.628
MSE 0.668
RSE 2.49E-05
RMSE 0.817

As shown in Fig 54, there was a strong correlation between the true IWQI (calculated data) and the
predicted IWQI generated by the FFBP-NN model, with an R? value of 0.963.

The model was applied to predict the IWQI across the aquifer system of Siwa Oasis, encompassing
both shallow and deep aquifers. The NSSA and the TCA were analyzed together, as the NSSA
recharges the TCA, and both aquifers share similar chemical characteristics. However, the salinity of
the shallow aquifer (TCA) is higher due to water-rock interactions and mixing with salt water in
certain areas. This application highlights the model's ability to provide accurate predictions for
complex aquifer systems, offering valuable insights for water quality management in the region. This
research demonstrated that Feedforward Backpropagation Neural Network (FFBP-NN) models are
highly effective tools for predicting water quality indices with remarkable accuracy.

The developed prediction model offers significant practical value for decision-makers involved in
water management, as it reduces the time and cost associated with traditional water quality analysis.
This was particularly evident in the case of the IWQI prediction, where the model successfully

predicted IWQI values without requiring measurements of Ca** and Mg?".
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Figure 54. The relationships between the true values and predicted values of the water quality

5.6.3. Health risk assessment

The study assessed both non-carcinogenic and carcinogenic health risks of the potential toxic
elements (Table 7) by calculating hazard indices (HI) based on hazard quotients (HQ) for two
exposure pathways: ingestion and dermal absorption. The findings reveal the combined potential
health risks for humans, including children and adults, due to exposure to various heavy metals. This
analysis provides important insights into the cumulative health impacts of these contaminants,

underscoring the need for targeted measures to reduce exposure and safeguard public health.

Table 7. Statistical properties of the investigated toxic elements in water samples.

Parameters Min Max Mean SD

Cd 0.002  0.19 0.04  0.03
Cr 0.0015 123 0.6 1.63
Cu 0.002 15.6 1.14  3.004
Fe 0.003  36.2 2.16  5.35
Mn 0.0002 3.37 0.28  0.68
Ni 0.0001 0.72 0.1 0.12
Pb 0.002 2.23 0.33  0.34
Zn 0.0002 0.1 0.03  0.024

a) Non-carcinogenic health risk

The study evaluated the non-carcinogenic risks posed by toxic elements (Cd, Cr, Cu, Fe, Mn, Ni, Pb,
and Zn) for two age groups (child & adult). For adults, the hazard quotient (HQ) for ingestion ranged
as follows: Cd (1.12 to 11.58), Cr (0.015 to 123.8), Cu (0.0013 to 11.7), Fe (0.0001 to 1.5), Mn
(0.0002 to 4.2), Ni (0.00015 to 1.08), Pb (0.03 to 28.04), and Zn (2.01E-5 to 0.01) (Fig 55a). For
children, the HQ for ingestion (oral contact) showed higher values: Cd (0.46 to 44.2), Cr (0.06 to
472.9), Cu (0.005 to 44.9), Fe (0.0005 to 5.9), Mn (0.001 to 16.17), Ni (0.0006 to 4.1), Pb (0.1 to
107.06), and Zn (0.0001 to 0.04) (Fig 55b). The results indicate that the health risks associated with
ingesting these heavy metals are generally greater for children compared to adults. This highlights

the heightened vulnerability of children to toxic elements and underscores the necessity for targeted
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measures to diminish contact and protect individuals from negative health issues, particularly for
younger populations.

It is important to note that the risk indicator (HQ) values for ingestion (oral exposure) were within
the permissible limit (below 1) for copper (Cu), iron (Fe), manganese (Mn), nickel (Ni), and zinc
(Zn) in both children and adults. However, for three toxic metals (Cd, Cr, and Pb), the HQ oral index
values exceeded 1 in a significant proportion of the water samples. Specifically, for adults, the HQ
oral values were greater than 1 in 76.7% of samples for Cd, 45.8% for Cr, and 79.7% for Pb. For
children, the HQ oral values exceeded 1 in an even higher percentage of samples: 95.5% for Cd,
86.9% for Cr, and 94% for Pb. These findings are detailed to the site and period studied, and actual
risks may fluctuate with exposure period, frequency, individual vulnerability, and environmental
situations. In contrast, the HQ index values for dermal exposure in older age group were relatively
lower, ranging as follows: Cd (0.01 : 1.1), Cr (0.005 : 47), Cu (2.15E-5 : 0.2), Fe (2.96E-6 : 0.03),
Mn (2.98E-5 : 0.5), Ni (3.58E-6 : 0.02), Pb (7.15E-5 : 0.1), and Zn (2.86E-7 : 0.0002) (Fig 55c).
These results suggest that while dermal exposure poses a lower risk compared to ingestion, the
elevated HQ oral values for the three metals (Cd, Cr, & Pb) highlight significant health concerns,
particularly for children, who are more vulnerable to the toxic effects of these heavy metals.

For children, the hazard quotient (HQ) values for dermal exposure ranged as follows: Cd (0.03 :
3.23), Cr (0.02 : 3.1), Cu (6.3E-5 : 0.5), Fe (8.74E-6 : 0.1), Mn (8.79E-5 : 1.5), Ni (1.05E-5 : 0.1),
Pb (0.0002 : 0.2), and Zn (8.44E-7 to 0.0004) (Fig 55d). For adults, the HQ dermal index values
remained under the allowable boundary limits (below 1) for all metals. However, for younger age
group (child), the HQ dermal index values exceeded 1 in 24% of samples with respect to Cd and

50.3% to Cr, while the remained metals showed no risk or threats.
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These findings indicate that the health risks associated with dermal exposure to metals are mostly
high for younger group (child) compared to older individuals (adult). Specifically, Cd and Cr pose
significant risks to children through dermal contact, while adults face no such risks. In contrast, for
oral exposure, Cd, Cr, and Pb were identified as the primary contributors to human health risks for
both adults and children. In summary, the study highlights that lead, Cromium, and Cadmium are the
most concerning metals for oral exposure, affecting both adults and children. For dermal exposure,
child (Young) are particularly vulnerable to Cromium, and Cadmium exposure, while adults remain
unaffected. This highlights the heightened vulnerability of children to toxic elements and underscores
the necessity for targeted measures to diminish contact and protect individuals from negative health
issues, particularly for younger populations.

The hazard index (HI) serves as a crucial tool for evaluating the total risks gained by toxic metals in
water. It takes into account all potential exposure pathways, counting oral contact (ingestion
exposure) and skin contact (dermal expossure), by summing up HQs for each toxic metal. This
holistic approach offers a more comprehensive understanding of the cumulative risks associated with
metal toxicity in the investigated area. The HI index value is a key metric for evaluating the safety
and potential impacts of these contmination in drinking and irrigation water in Siwa region.

For oral exposure, the HI index values fluctuated between low value (1.6) to maximum value (142)

for older individuals and from 6 to 542 for young group or children (Table 12s. Appendix 2).
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Figure 56. Distripution maps of Hazard index ina adult and child through oral and dermal contact
For dermal exposure, the HI score fluctuated between low value (0.07) to maximum value (48) for
adults and between minum score (0.2) to maximum score (141) for children (Table 12s. Appendix
2). These results highlight that children face significantly higher health risks compared to adults,
particularly through oral exposure. The elevated HI values emphasize the necessity for urgent
measures to mitigate toxic metal contamination and avoid negative health impact, especially for
vulnerable populations like children. This assessment provides valuable insights for policymakers

and stakeholders to prioritize actions aimed at ensuring the safety of water resources in Siwa Oasis.
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Incase of oral exposure to toxic metals in all age groups, it was demonstrated that the hazard index
was gerneraly high almost in all samples collected (HI > 1), and reflect the high risk or vulnerability
to these metals in Siwa Oasis (High non-carcinogenic threats). In contrast, 80.6% of samples
confirmed the low-risk regarding adults skin/dermal exposure to toxic metals with HI less than the
acceptable boundry (HI<1), while 19.4% posed a high risk. Incase of children, only 22.5% of
sampling locations were classified as low-risk, with 77.5% falling into the high-risk category (Table
12s. Appendix 2). These results clearly indicate that children are significantly more vulnerable to the
health risks associated with both oral and dermal exposure to heavy metals compared to adults. Given
these findings, it is crucial to continuously monitor the levels of heavy metals in the TCA of Siwa
Oasis and assess their potential health impacts. Groundwater in the study area is non-rechargeable
and serves as the primary water source for multiple uses, making its protection and management even
more critical.

The distribution maps of the Hazard Index (HI) for non-carcinogenic impacts across two different
age groups reveal a significant increase in toxicity and vulnerability to toxic metal exposure in the
western and central areas of the Siwa Depression (Fig 56). These regions exhibit elevated health
risks, particularly for children, who are more susceptible due to their heightened sensitivity to toxic
elements. The findings highlight the urgent need for targeted interventions to diminish exposure and
mitigate associated risks. This study emphasizes the importance of proactive measures to protect
water quality and safeguard public health, particularly in vulnerable communities within the region.
b) Carcinogenic risk

Carcinogenic risk (CR) assessment evaluates the likelihood of developing cancer through long-term
contact to pollutants such as carcinogenic toxic metals. In this study, the traditional method of CR
calculation was performed to establish baseline values, which were later compared with predicted
CR values obtained from Monte Carlo simulations. For adults, the CR values for oral exposure ranged
as follows: cadmium (Cd) (0.0003 to 0.03), chromium (Cr) (2.26E-05 to 0.18), and lead (Pb) (3.16E-
05 to 0.03) (Fig 57a). For children, the CR values for oral exposure were higher, ranging from 0.001
to 0.1 for Cd, 8.63E-05 to 0.7 for Cr, and 0.0001 to 0.1 for Pb (Fig 57b). These results indicate that
children face a greater carcinogenic risk compared to adults when exposed to these heavy metals
through ingestion. The study revealed significant carcinogenic risks (CR) associated with oral and
dermal exposure to heavy metals in the water resources of Siwa Oasis particularly TCA.

For oral exposure, the high risk was observed in a substantial proportion of water samples
specifically, for adults, high CR values (CR > 1x10~*) were found in 77.6% of samples for cadmium
(Cd), 96.3% for chromium (Cr), and 98.5% for lead (Pb). For children, the risk was even more
pronounced, with high CR values detected in 98.5% for Cr, and in all locations for Pb and Cd (Table
12s. Appendix 2). For dermal exposure, the CR values for adults ranged as follows: Cd (0.002 to
0.2), Cr (0.0002 to 1.7), and Pb (1.5E-05 to 0.01) (Fig 57¢). For children, the CR dermal values were
higher, ranging from 0.005 to 0.5 for Cd, 0.0006 to 5.2 for Cr, and 4.43E-05 to 0.04 for Pb (Fig 57d,
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Table 12s. Appendix 2). The high risk from dermal exposure was found in all sites with respect to
two metals (Cd and Cr), and 94.7% for lead (Pb) in adults. These findings underscore the severe
carcinogenic risks gained by toxic metals in the water resources, affecting both adults and children.
The results highlight the urgent need for comprehensive treatment of all water sources in the region
to mitigate these risks and protect public health. The high carcinogenic risk levels, particularly for
children, emphasize the importance of implementing effective treatment and actions to decrease

contact with these toxic and carcinogenic metals to ensure the safety of water for all users.
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Figure 57. Box plot of the carcinogenic risk (CR) in adult and child through oral (a and b) and dermal (c and

d) contact.
5.6.4. Monte Carlo Simulation (MCS)
The Monte Carlo simulation was employed to predict the hazard quotient (HQ) values in two
different age groups with respect to different type of contact with toxic metals (Cd, Cr, Cu, Fe, Mn,
Ni), Pb, and Zn, as well as the carcinogenic risk (CR) index values for three metals (Cd, Cr, and Pb).
This advanced modeling approach provides a probabilistic assessment of the potential health risks,
accounting for variability and and decrease uncertainty in exposure parameters. By simulating a wide
range of possible outcomes, the Monte Carlo method offers a more comprehensive and realistic
estimation of different risks linked to toxic metals in water. This information is critical for developing
effective risk management strategies and ensuring the safety of water for all users.
a) Non-carcinogenic health risk
The findings from MCS offer insights into the health hazards gained from exposure to toxic metals

through different types of expossure or contact. It is reassuring to note that according to the estimated
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dermal hazard quotient (HQ dermal), there are no indications of any metal exceeding limits (Fig 58a,
b). This suggests that there is no health risk of metals due to skin contact with water resources for
adults and children. However, when oral exposure routes are considered, the situation changes. While
some toxic metals like Cu, Fe, Mn, Ni, and Zn have predicted HQ values within limits (low risk) for
adults, Cd, Cr, and Pb showed estimated HQ values higher than 1 (high risk). This implies a health
risk for adults consuming water contaminated with Cd, Cr, and Pb through ingestion. Similar patterns
are also observed for children (Fig 58¢c, d).

The Monte Carlo simulation results reveal that while some metals, such as Fe, Ni, and Zn do not pose
significant risks for young individuals (child) from oral contact, five metals (Cd, Cr, Cu, Mn, and Pb)
showed HQ predicted values greater than 1. This indicates potential risks and health threats for
children consuming water enriched in these toxic metals. It is essential to note that these risk or
threats estimation are based on certain assumptions to the data sources. Therefore, continuous
monitoring of toxic metals levels and regular updates to their risk are essential to ensure the safety
of water resources and protect the health of the population in Siwa Oasis.

By comparing the calculated HQ values (Fig 55) with HQ predicted values from the MCS (Fig 58)
for both oral and dermal exposure, it is evident that the three metals (lead, cromium, and cadmium)
are the primary contributors to high non-carcinogenic risks for both age groups in the region. The
MCS proved to be an effective tool for accurately predicting HQ values, providing a reliable basis

for assessing and managing the risks gained from toxic metals in water.
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b) Carcinogenic risk prediction through oral contact
The cancer risk estimates for adults were notably lower across their percentiles. For adults, the

minimum risk estimates (5th percentile CR ingestion values) were 0.0047, 0.005, and 0.003 for Cd,
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Cr, and Pb, respectively (Fig 59a, b, ¢). Additionally, at the 95th percentile, the CR values were
0.011, 0.0118, and 0.0072 for Cd, Cr, and Pb, respectively (Figures 7d, e, f), reflecting reduced risks
relative to children. Nonetheless, the projected CR from ingestion exposure indicated that the
majority of water samples from Siwa Oasis pose a high risk for both children and adults, with CR
values exceeding 1x107*. The evaluation of cancer risk likelihoods (CR) from ingestion exposure in
both age categories highlight significant trends. For all variables, the CR ingestion levels are
invariably greater in younger individuals compared to older ones. In children, the 5th percentile CR
ingestion figures (the minimum estimates of cancer risk) were 0.017, 0.019, and 0.012 for cadmium
(Cd), chromium (Cr), and lead (Pb), respectively (Fig 59d, e, f). Conversely, at the 95th percentile
(the maximum estimates of risk), the CR ingestion values were recorded as 0.044, 0.045, and 0.0275
for Cd, Cr, and Pb, respectively, indicating elevated risks for children.

By contrasting the computed CR (Fig 57) with the projected CR (Fig 59) from ingestion exposure to
heavy metals, it was evident that Cd, Cr, and Pb could significantly increase cancer risks for both age
groups in all TCA samples and surface water. The Monte Carlo simulation proved to be a reliable

approach for accurately predicting CR ingestion.
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Figure 59. Predicted carcinogenic risk (CR) in adult (a, b and ¢) and child (d, e and f) through oral contact
for Cd, Cr, and Pb respectively

¢) Carcinogenic risk prediction through dermal contact

The cancer risk due to dermal exposure in both younger and older individuals indicates that children
consistently have greater CR levels than adults for all elements (Cd, Cr, and Pb). Adults exhibited
lower CR levels for cancer development through dermal contact. The 5th percentile CR skin values
for adults were 0.022 for Cd, 0.047 for Cr, and 0.0013 for Pb (Fig 60 a, b, c). At the 95th percentile,
these figures increased to 0.055 for Cd, 0.112 for Cr, and 0.0034 for Pb (Fig 60 d, e, f), representing
the upper limits of cancer risk estimates for adult skin exposure. Conversely, for children, the
minimum estimates of cancer risk (5th percentile CR skin values) were 0.071 for Cd, 0.13 for Cr,

and 0.0041 for Pb (Fig 60 d, e, f). At the maximum estimates (95th percentile), these values reached
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0.162 for Cd, 0.33 for Cr, and 0.0102 for Pb (Fig 60 a, b, ¢), reflecting the highest potential hazards
from skin exposure in children. The findings reveal that both children and adults are at considerable
risk of developing cancer due to exposure to Cd, Cr, and Pb found in the water supplies of Siwa
Oasis. The predicted cancer risk levels, calculated using Monte Carlo simulations, exceed the
acceptable limit (CR > 1.0E-04) in most water samples. This implies that long-term exposure to these
metals could result in cancer development in the future for both age groups. These results highlight
the critical need to address metal pollution in water sources to reduce cancer-related health risks.
Regular monitoring, updated risk assessments, and targeted mitigation strategies are essential to

ensure the safety of water resources and safeguard public health in Siwa Oasis.
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Figure 60. Predicted carcinogenic risk (CR) in adult (a, b and ¢) and child (d, e and f) through dermal contact
for Cd, Cr, and Pb respectively

5.7.Effective desalination using innovative natural material

The current study test effective and low-cost water treatment plane through the previous
recommendations where the fresh water of NSSA were mixed with brackish water from TCA as a
first step and followed by treatment process using natural material for desalination. This method,
supported by the addition of low-cost inorganic materials, aims to prevent soil and groundwater
salinization, ensuring sustainable development in a region where the aquifers do not receive recharge
from rainfall due to the prevailing arid and hot climate. The treatment of mixed NSSA and TCA water
using a dual approach of dilution and geopolymer-based desalination demonstrates considerable
potential to address the salinity issues in Siwa Oasis. This process was further optimized using a
zeolite/geopolymer (Z/GP) membrane, an innovative ecofriendly material created from abundant
natural resources, including kaolinite and diatomite. This integrated strategy not only mitigates
salinization but also provides a practical framework for managing water resources sustainably in arid
regions like Siwa Oasis, where water and soil quality are critical for long-term development.

5.7.1. Characterization of the Membrane
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a) XRD Analysis

XRD analysis was conducted to evaluate the crystalline and amorphous phases of the Z/GP
membrane and its precursors. The starting material, kaolinite, exhibited well-defined crystalline
peaks at 12.3° (001), 20.8° (110), 24.9° (002), and 26.6° (111) (XRD No. 04-012-5104), confirming
its highly crystalline structure (Fig 61A). Upon thermal conversion to metakaolinite, the
characteristic kaolinite peaks disappeared, indicating a significant loss of crystallinity and the
formation of a predominantly amorphous phase (Fig 61B). Similarly, the diatomite/kaolinite (D/K)
geopolymer displayed a pattern dominated by amorphous phases (Fig 61C). In contrast, the zeolitized
geopolymer membrane revealed the formation of multiple synthetic zeolite phases, including zeolite-
A, zeolite-X, sodalite, and zeolite-P (Fig 61D). These results demonstrate the successful
transformation of the geopolymer matrix into a zeolitized structure, highlighting its enhanced

potential for applications such as desalination membranes.
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Figure 61. XRD patterns of raw kaolinite (A), metakolinite (B), synthetic D/K geopolymer (C), and the

synthetic Z/GP membrane (D).

b) SEM and HRTEM Analyses

The D/K geopolymer exhibited a dense, ceramic-like morphology with agglomerated structures
visible under SEM (Fig 62A). The material's surface featured oriented pores likely associated with
diatomite's silica skeleton (Fig 62B). After zeolitization, SEM images revealed a crystalline
morphology indicative of zeolite crystal growth, resulting in a highly porous structure with interstitial
nanopores (Fig 62C and 62D).

The intersection of zeolite crystals with the polymeric matrix contributed to a uniform and porous
network ideal for membrane applications. HRTEM images further confirmed these observations. The
D/K geopolymer appeared as agglomerated particles with a visibly porous matrix (Fig 62E). In
contrast, the zeolitized membrane exhibited numerous nanosized pores distributed throughout its
highly porous structure (Fig 62F). These nanoscale pores, attributed to zeolite crystals, provide a
substantial advantage in desalination applications by enhancing salt rejection and water flux

efficiency
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Figure 62. (A) SEM image showing the D/K geopolymer substrate, (B) SEM image illustrating the oriented
pores within the D/K geopolymer, (C) SEM image of the Z/GP membrane highlighting its crystalline
morphology, (D) SEM image depicting the porous matrix structure of the Z/GP membrane, (E) HRTEM
image of the D/K geopolymer revealing its agglomerated particles and porous matrix, and (F) HRTEM image
of the Z/GP membrane emphasizing its nanostructured porous material.

a) FT-IR Analysis

The FT-IR spectra of the D/K geopolymer and the zeolitized membrane are illustrated in Fig 63. The
spectrum for the D/K geopolymer revealed the presence of —OH (3220-3385 cm™ and 1636 cm™)
and H-O-H (1502 cm™) groups, likely associated with water molecules trapped within its porous
matrix or adsorbed onto the material surface [142] (Fig 63A). Bands corresponding to Si-O-Si and
Si-O-Al vibrations were observed at 985.7 cm™ and 602 cm™, respectively. These positions deviate
from those seen in raw kaolinite, indicating the transformation of kaolinite into an amorphous
aluminosilicate gel. This structural alteration arises from the condensation of SiOs and AlOa

tetrahedral units during geopolymer formation[143].
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Figure 63. The FT-IR spectra of the synthetic D/K geopolymer (A), and the studied Z/GP membrane and The
N> adsorption/desorption isotherm curve of the synthetic Z/ GP membrane.

The FT-IR spectrum of the zeolitized membrane closely resembled that of synthetic zeolites reported

in the literature (Fig 63B). Bands at 3452 cm™ and 1435 cm™ correspond to hydroxyl groups and

coordinated water within the zeolite structure. Additionally, key features include T-O bending

vibrations of TOas tetrahedra (T = Si or Al), Si-O-Al vibrations, and O-T-O vibrations, observed at
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1016 cm™, 400 cm™!, and 800 cm™, respectively (Fig 63B). Notably, bands at 469 cm™', 537 cm™,
and 673 cm™! confirm the presence of FAU-type zeolite (Zeolite-X) and LTA-type zeolite (Zeolite-
A). Furthermore, a band at 740 cm™! is characteristic of both FAU and GIS-type zeolite (Zeolite-
P)[144]. These findings substantiate the successful synthesis of zeolitized material with a well-
defined crystalline structure suitable for desalination applications.

d) Microstructural and Mechanical Properties

The surface area of the synthetic Z/GP membranes was evaluated using the N2 adsorption/desorption
isotherm curve (Fig 63). The surface areas for the GP and Z/GP membranes were found to be 89.2
m?/g and 106 m?/g, respectively (Table 8). The increased surface area of the Z/GP membrane is
attributed to the incorporation of diatomite and the enhanced porous matrix, contributing to the
formation of zeolite phases with microporous structures. This improvement is further reflected in the
smaller average pore diameter of the Z/GP membrane (4.2 nm), compared to the GP substrate (11.6
nm) (Table 8). Additionally, the Z/GP membrane exhibited promising mechanical properties with
compressive and flexural strengths of 22 MPa and 3.6 MPa, respectively, highlighting its suitability
for practical applications.

Table 8. The microstructural properties of the synthetic D/K geopolymer and Z/GP membrane, along

with their raw materials, are presented in this table.

Microstructural properties

Specific surface area  Total pore volume Average pore size

Kaolinite 10 m2/g 0.072 cm3/g 43.2 nm
Diatomite 117.7 m2/g 0.032 cm3/g 5.14 nm
Geopolymer 89.4 m2/g 0.039 cm3/g 11.6 nm
7/GP membrane 106 m2/g 0.058 cm3/g 4.2 nm

5.7.2. The desalination performances with different thicknesses

The effect of Z/GP membrane thickness on desalination performance was examined for thicknesses
ranging from 1 mm to 5 mm. The desalination temperature was maintained at 75°C (Fig 64A). A
noticeable decline in water flux was observed as the thickness increased from 1 mm to 5 mm.
Specifically, the water flux values were 8.34 kg/m?/h, 7.63 kg/m?h, 7.05 kg/m?h, 5.72 kg/m?/h, and
3.63 kg/m?/h for thicknesses of 1 mm, 2 mm, 3 mm, 4 mm, and 5 mm, respectively (Fig 64A).
Meanwhile, the salt rejection percentage significantly improved with increasing membrane thickness,
rising from approximately 95.8% to 99.8% (Fig 64A). The increase in thickness enhances the
resistance to water molecule permeation through the porous structures of the zeolite phases and the
geopolymer substrate, leading to reduced water flux. However, this also boosts the salt rejection
efficiency. For balancing high-water flux and efficient salt rejection, a membrane thickness of 3 mm
was preferred, achieving a salt rejection of 99.5% and a water flux of 7.05 kg/m?/h at 75°C. Thus, a

membrane thickness of 3 mm was established for subsequent desalination tests.
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Figure 64. (A) Shows the influence of Z/GP membrane thickness on desalination performance, (B) the
impact of feed temperature on the performance of the membrane, (C) the stability of the Z/GP membrane
during a 130-hour desalination process, and (D) the recyclability of the prepared Z/GP membrane for reuse in

desalination processes of Siwa brackish groundwater.
5.7.3. The desalination performances at different temperatures
The impact of temperature on the performance of the Z/GP membrane in terms of water flux and salt
rejection was evaluated at a constant membrane thickness of 3 mm and the natural concentration of
a representative sample (3205 mg/L). As the temperature rose from 30°C to 90°C, the water flux
significantly increased from 2.65 kg/m?h to 7.82 kg/m?h (Fig 64B). Conversely, the salt rejection
percentage remained consistently high, exceeding 99% across all temperature ranges (Fig 64B). The
observed increase in water flux at higher temperatures is attributed to the enhanced driving forces,
facilitating the penetration of water molecules through the membrane pores. Additionally, the
stabilization in salt rejection percentage at varying temperatures highlights the effectiveness of the
size-exclusion mechanism during desalination, ensuring high efficiency even under elevated
temperatures[145].
5.7.4. Reusability of Z/GP Membrane
The reusability of the Z/GP membrane was tested through four cycles of desalination at 3 mm
thickness and 90°C temperature (Fig 64D). Membrane regeneration involved backwashing with
freshwater and acidic washing with diluted HCI (0.02 M), followed by rinsing. Despite slight
reductions in water flux and salt rejection percentages over successive runs, significant recyclability
was demonstrated, with values of 7.82 kg.m?>h™ (run 1), 7.12 kg.m>.h™! (run 2), 6.2 kg.m>.h™! (run
3), and 4.55 kg.m>.h! (run 4) for water flux, and 99.6%, 99.4%, 98.8%, and 98.4% for salt rejection

percentages, respectively. The reduction in performance across reusing runs was attributed to the
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continuous blockage of membrane pores with salts and the accumulation of exchangeable ions within
the zeolite structure.
5.7.5. The Activation Energy of the Water Permeation Process
The activation energy (Ea) for water permeation through the Z/GP membrane was estimated using
the Arrhenius relationship (Eq 67). The obtained value is 18.9 kJ/mol, which signifies a positive
activation energy, indicating that the water permeation occurs via an activated diffusion mechanism.
This results in a substantial increase in water flux with elevated temperatures in the feed water. The
equation used is:

Ji = A;exp(—EP,i /RT) (67)
The presented symbols in the equations are Ji, Ai, EP, R, and T refer to the permeate flux of the Z/GP
membrane, pre-exponential factor, the activation energy of the diffusion processes, and the sorption
heat, the gas constant, and the absolute temperature, respectively. The achieved water flux values are
higher than those reported for other zeolite membranes in the literature, which can be attributed to
the presence of dominant zeolite phases like Zeolite-X (FAU), known for its higher hydrophilicity
and larger pore diameter compared to other phases[146].
5.7.6. The Suggested Mechanism
The rejection of salts from Siwa brackish groundwater using the Z/GP membrane is explained
through a model proposed by He [147]. The desalination mechanism of the Z/GP membrane involves
a combination of size exclusion, charge exclusion, and adsorption processes. Initially, metal ions such
as sodium ions, which carry positive charges, are adsorbed by the negatively charged sites of the
zeolite phases and the geopolymer substrate under experimental conditions. This adsorption
transforms the membrane surface into a positively charged layer, facilitating the selective rejection
of negatively charged ions[148]. The positively charged surface further accelerates the movement of
hydrated anions towards the non-zeolitic pores of the geopolymer matrix while impeding the mobility
of hydrated cations. This synergistic operation of size exclusion (blocking larger ions) and charge
exclusion (repelling similarly charged ions) enhances the membrane’s salt rejection efficiency[147].
Additionally, as ions diffuse into the membrane, they are adsorbed onto the surfaces of zeolite phases
or into their internal pores, establishing a stable adsorption equilibrium within the polymeric pores.
This process prevents further ion entry due to concentration polarization effects. Increasing the
thickness of the Z/GP membrane reduces the influence of non-zeolitic pores and defects,
strengthening the size exclusion mechanism and resulting in improved salt rejection rates during
desalination tests[147]. The theoretical model of the membrane, supported by the electric double
layer (EDL) theory, further explains the adsorption mechanism. The membrane’s symmetric and
homogeneous structure, with vertically and horizontally arranged zeolite layers, promotes effective
salt ion rejection. The EDL theory highlights the formation of a Stern layer with strong binding forces
and a diffuse layer with high electrostatic potential around zeolitic grains, contributing to stable and

efficient salt rejection[149].
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5.7.7. Water Evaluation After the Desalination Process

The chemical analysis of the feedwater was compared with that of the permeate obtained after the
desalination process using the synthetic Z/GP membrane (Table 9). The results indicated a significant
reduction in total dissolved salts and key salts bearing cations and anions. These levels closely align
with international and national standards for both drinking water and irrigation water. This outcome
underscores the effectiveness of the synthetic Z/GP membrane as a low-cost, inorganic solution for
desalinating brackish groundwater in Siwa Oasis.

Table 9. The chemical analysis of the water feed and the permeate water after the desalination experiments in

the presence of Z/GP membrane.

Ton concentration

Parameters (mg/L) input output % salt removal Egyptian. Standard ~ WHO
TDS 3205 12.8 99.6 1200 1000
Mg 1135  0.56 99.5 150 125
Ca 1756 0.7 99.6 200 200
Na 874 44 99.6 200 200
SO4 276 0.6 99.8 250 250
Cl 1630 5 99.7 500 250
HCO3 182 0.3 99.8 - 350
COo3 16.3 - 100 - -

K 46 - 100 - 12

The comprehensive findings from this study demonstrate the significant potential of the Z/GP
membrane in desalination processes, highlighting its innovation, efficiency, and feasibility for
practical applications. The evaluation of membrane thickness reveals a balance between water flux
and salt rejection, with a 3 mm thickness achieving optimal performance (99.5% salt rejection and a
water flux of 7.05 kg/m?h). Furthermore, the impact of temperature on desalination efficiency
underscores the membrane's versatility, as water flux increased significantly from 2.65 kg/m2.h to
7.82 kg/m?.h with elevated temperatures, while maintaining high salt rejection rates above 99%. The
stability of the membrane during extended operation for 130 hours showed minimal changes in both
water flux and salt rejection, demonstrating its durability and reliability over prolonged use.
Additionally, the reusability experiments highlight the membrane’s recyclability, maintaining
acceptable salt rejection rates and water flux even after four reuse cycles. The activation energy
analysis further supports the mechanism of water permeation through the Z/GP membrane, showing
a positive activation energy of 18.9 KJ/mol, which is associated with activated diffusion. The
proposed desalination mechanism, involving size exclusion, mesoporous adsorption, and
electrostatic repulsion, aligns with theoretical models and enhances the removal of salts from
brackish groundwater. Based on the recommendations from the mixing models mentioned earlier,
integrating the TCA and NSSA on the ground surface with the support of an inorganic membrane
such as the Z/GP membrane emerges as an effective solution to prevent groundwater salinization and
avoid soil salinization. This approach ensures sustainable management of non-rechargeable aquifers,
optimizing the use of brackish water while protecting agricultural lands and maintaining water

quality. Ultimately, these findings underscore the Z/GP membrane’s innovative capacity to provide a
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cost-effective, durable, and efficient solution for desalination, making it a feasible option for treating

brackish water in arid regions like Siwa Oasis.

6. New scientific results

6.1.Thesis of the research
Following the established workflow for the application of the above-exposed methods on the
constructed database of Siwa Oasis, the new scientific results could be summarized in 7 theses as
follows;

Thesis 1: Aquifer Characterization and Structure Controlling Aquifer System
This thesis establishes and validates a novel, cost-effective workflow for the detailed characterization
of complex, multi-layered aquifer systems in data-scarce arid regions. By integrating advanced
machine learning with traditional geophysical and hydrogeological data, this study provides an
unprecedentedly clear and quantitative 3D visualization of the subsurface architecture of the Siwa
Oasis. The primary scientific contribution is the successful application of an integrated workflow that
synergizes Self-Organizing Maps (SOM) and K-means clustering of well-log data (GR, SP,
Resistivity) to classify the subsurface hydrostratigraphic facies. This data-driven approach provides
a robust and cost-effective alternative to traditional, expensive cutting sample analysis. The resulting
classification was then used to construct a high-resolution 3D geological model, visualizing the
spatial distribution and continuity of the key aquifer (sandstone facies) and aquitard (shale facies)
layers. Furthermore, this study presents a significant methodological advance by integrating high-
resolution aeromagnetic and gravity data to map the deep structural framework controlling the aquifer
system. By integrating this structural map with the 3D geological model, this work provides a
comprehensive understanding of the specific pathways governing groundwater flow and hydraulic
connectivity between the deep NSSA and the shallow TCA. The main key findings of thesis 1 could
be concluded as follows;

1. Self-Organizing Maps (SOM) and k-means clustering successfully delineated three distinct
lithological units within the NSSA (sand layers, shaly sand, and shale) with SOM proving
more accurate than k-means for estimating aquifer layer thickness and providing higher-
resolution identification of thin layers. This method could be applied incase lack of data from

cutting samples or lithological logs.

2. Hydraulic conductivity validation using both Kozeny-Carman and Cooper-Jacob methods
showed strong agreement (R* = 0.92), with the highest values in central Siwa Oasis. The
hydraulic conductivity ranged from 1.2 m/d to 6.6 m/d and effective porosity from 0.2 to 0.3

which could be used for groundwater flow modeling.
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3. Integrated gravity and magnetic data analysis identified dominant NE-SW, NW-SE, and E-
W lineament trends that control groundwater flow dynamics, with fractures in the shallow
carbonate aquifer acting as pathways for surface water leakage and faults in the NSSA

serving as conduits for upward flow to recharge TCA.

4. 3D gravity inversion modeling revealed that basement depths ranging from 2.5 km to over

4.5 km and the TCA from 360 m to 630 m.

Thesis 2: Soil Salinization Origin and mechanism controlling water chemistry

This thesis provides a comprehensive diagnosis of the escalating soil salinization in Siwa Oasis by
pioneering an integrated approach that combines multi-temporal remote sensing, machine learning,
and detailed hydrogeochemical analysis. This thesis moves beyond simply identifying salinization to
quantitatively linking it to specific land-use changes and elucidating the complex geochemical
processes that govern water quality degradation.

The primary new scientific result is the quantitative, time-series evidence linking the expansion of
agricultural land with the dramatic growth of hypersaline lakes and subsequent soil salinization. Over
a 30-year period (1990-2020), cultivated land increased by 270%, which directly corresponds to a
168% increase in the surface area of salt lakes due to increased agricultural drainage. This study is
the first to establish this direct quantitative relationship for Siwa Oasis. The key methodological
advance was the application of a Support Vector Machine (SVM) classifier to a consistent set of
Landsat imagery, which allowed for objective and repeatable land use/land cover mapping over three
decades, a significant improvement over subjective, manual interpretation methods. The main key
findings of thesis 2 are as follows;

1. Remote sensing analysis and SVM could predict the rapid increase of hypersaline lakes from
22.6 km? in 1990 to 60.6 km? in 2020 causing soil salinization. Zeitun lake showed no
significant increase in the surface area which could give indication of probability of leakage
downward to the TCA through the fracture system and increase the groundwater salinization.

2. Hydrochemical evaluation revealed that the NSSA contains freshwater dominated with
Mixed Ca-Mg-Cl1-SO4, while the TCA and springs are brackish to saline, and lakes are hyper
saline water dominated with Na-Cl and Ca-Mg-SO4 facies.

3. The main mechanism controlling water chemistry are calcite, dolomite, halite, gypsum
dissolution, silicate weathering and ion exchange and evaporation.

4. Geochemical modeling using PHREEQC identified mineral supersaturation conditions for
montmorillonite, calcite, dolomite, and clay minerals that reduce soil permeability and
increase waterlogging.

Thesis 3: Groundwater Recharge Source and Salinity Origin
This thesis provides a definitive identification of the recharge sources and salinity origins in the Siwa

Oasis aquifer system by employing combination of stable isotope analysis (6*H, 8'%0), advanced
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statistical techniques (PCA, K-means), and inverse NETPATH mixing models. This thesis moves
beyond qualitative descriptions to deliver a quantitative assessment of the complex mixing processes
that govern the oasis's water quality.

The primary new scientific result is the quantitative confirmation of a dual-source mixing model for
the TCA. By using stable isotopes as tracers, this study proves that the TCA's water is a mixture of
upward leakage from the fresh NSSA and downward intrusion from the hypersaline surface lakes. A
key methodological advance was the use of PCA to reduce the dimensionality of the complex
hydrochemical dataset, followed by K-means clustering to objectively group water samples into three
distinct groups. This allowed for the precise selection of representative end-members (NSSA and Salt
Lake water) and mixed samples (TCA water) for the mixing model, a significant improvement over
subjective, manual selection. The model subsequently quantified the contribution of each source to
the TCA's salinity, a critical new finding for management. The main key findings of thesis 3 are as
follow;

1. Stable isotope analysis revealed that both the NSSA and TCA contain paleo-meteoric water
with 880 values ranging from -10.71 to -8.57%o for NSSA and -10.62 to -8.45%o for TCA,
while salt lakes showed highly enriched values (-7.09 to -0.85%o) due to intense evaporation.

2. PCA identified four key components explaining 75.07% of total variance, with PC1 (40.5%)
representing overall mineralization and salinity, PC2 (15%) indicating recharge sources
and evaporation effects, PC3 (11.9%) reflecting trace metal concentrations from geological
formations, and PC4 (7.64%) showing human-induced contamination from agricultural
activities.

3. K-means clustering analysis successfully identified three distinct hydrochemical clusters
with average electrical conductivity values of 7,000 uS/cm, 10,000 pS/cm, and 2,500 uS/cm,
effectively distinguishing between different water sources and mixing processes affecting
groundwater quality.

4. NETPATH mixing model quantified that hypersaline lakes contribute 0.6-4% to TCA salinity
through downward seepage with the highest contribution from Zeitun lake, while NSSA
provides 63-87% freshwater contribution through upward flow, with strong model
calibration (R? = 88%) confirming that despite small percentages, the extremely high TDS
of salt lakes (130,992-153,589 mg/L) significantly impacts groundwater quality.

Thesis 4: Residence Time Estimation and Recharge Location of the TCA from NSSA
This thesis provides a quantitative and spatially explicit understanding of the recharge dynamics and
groundwater residence times in the Siwa Oasis aquifer system. By pioneering the combined
application of multiple isotopic tracers (including 52H, §'#0, 8’Sr/%Sr, '*C and '*C) with a dual-model
approach (Faure and NETPATH inverse mixing models), this thesis moves beyond qualitative

inference to deliver precise, quantitative estimates of inter-aquifer recharge and its structural controls.
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This work provides definitive confirmation for the long-held hypothesis that faults and fractures act

as the primary conduits for vertical recharge from the NSSA to the TCA and leakage of salt lake’s

water to the shallow TCA and fractures. The main findings of this thesis are as follow;

1.

Multi-isotopic tracer analysis using 6*H, 8'%0, *C, *C, and #Sr/®¢Sr revealed distinct spatial
patterns with NSSA showing uniform Sr concentrations (0.04-0.28 mg/L) and #’Sr/*¢Sr ratios
ranging from 0.709-0.715, while TCA exhibited highly variable Sr concentrations (1.074-
10.1 mg/L) with minimal ®’St/*¢Sr variation (0.708-0.709), indicating different water-rock
interaction processes.

The Faure mixing model successfully quantified NSSA contributions to TCA recharge,
demonstrating 80-90% NSSA input in low-salinity areas (1000-2000 mg/L) along fault
planes, 50-80% in intermediate zones (2000-5000 mg/L), and minimal contributions (0-40%)
in high-salinity northern regions (5000-9000 mg/L) near salt lakes.

NETPATH inverse mixing model validation showed excellent agreement with the Faure
model (R?=0.96), confirming NSSA contributions ranging from ~90% in southeastern fault
zones to ~52% in northern high-salinity areas, with geochemical processes including
calcite/dolomite precipitation in NSSA-dominated regions and halite/gypsum dissolution in
evaporative zones.

Groundwater age correction using radiocarbon dating revealed significant temporal
variations with TCA ages ranging from 640-13,551 years and NSSA ages from 4,296-14,184
years, showing a clear spatial trend of decreasing age from southeast to north, with youngest
ages near Siwa Lake indicating active mixing and recharge processes. The relationship
between #7Sr/*Sr ratios and groundwater age demonstrated that older groundwater (>10,000
years) concentrated near fault systems preserves paleowater from the African Humid Period,
while younger northern waters reflect mixing with surface sources (salt lakes), confirming
that structural features control both recharge pathways and preservation of ancient
groundwater signatures.

The findings also provide a generalizable insight for water management in multi-layered
aquifer systems: protecting the integrity of deep, pristine aquifers requires not only managing
direct abstraction but also understanding and managing the structural pathways that connect
them to shallower, more vulnerable aquifers. This has significant implications for the
placement of new wells and the development of sustainable abstraction strategies in arid
regions globally.

Thesis 5. Numerical flow model using backward particle tracking

This research presents the first fully integrated, three-dimensional numerical flow model of the Siwa

Oasis, providing a powerful tool for predicting the long-term impacts of groundwater abstraction and

for validating the conceptual hydrogeological model. By coupling the NSSA and TCA and explicitly

incorporating major fault and fracture systems, this model offers unprecedented predictive
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capabilities and a clear visualization of the complex flow dynamics. The key methodological advance
was the use of reverse particle tracking to visually and quantitatively validate the recharge pathways
inferred from the geochemical and isotopic data. This is the first model for Siwa Oasis to use this
technique, providing direct visual evidence of upward leakage from the NSSA to the TCA along fault
planes and, crucially, downward leakage from the surface salt lakes. The primary new scientific result
is the quantitative prediction of a catastrophic hydraulic gradient reversal between the TCA and the
NSSA within 150-200 years under current abstraction rates. This finding elevates the issue from a
problem of water scarcity to a potential ecological and humanitarian crisis, as it would lead to the
permanent contamination of the region's only freshwater source. The main key findings of this thesis
are as follow;

1. Groundwater numerical flow modeling using FEFLOW demonstrated critical drawdown
patterns from 1960-2025, showing dramatic water level decline from 175m to 75m above
sea level in western areas and slower decline from 142m to 128m in eastern regions, with
future predictions indicating water levels will drop to 30-70m by 2100 under current
extraction rates of 330,000 m?3/day.

2. Spring discharge monitoring showed significant decline from 3,900 m3/d in 1960 to 3,000
m?3/d in 2025, with projections indicating further reduction to 2,400 m3/d by 2100, directly
correlating with decreasing pressure heads and threatening natural water resources for
agriculture and tourism.

3. Reverse particle tracking analysis provided definitive validation of NSSA to TCA recharge
mechanisms, with all 24 particles released from each TCA tracing back to the NSSA along
distinct fault and fracture pathways, confirming that structural features serve as primary
conduits for upward groundwater flow between aquifer systems. The pathlines reaches the
salt lakes confirming the leakage downward of salt lakes.

4. The modeling results identified a critical threshold scenario where NSSA may cease
recharging TCA within 150-200 years under current extraction rates, potentially reversing
flow dynamics and causing saline TCA water to contaminate the freshwater NSSA,
representing an existential threat to Siwa Oasis's water security and requiring immediate
sustainable management interventions.

Thesis 6: Water Quality and Health Risk Assessment of Potential Toxic Elements
This thesis pioneers a comprehensive framework for assessing the suitability of water resources for
human consumption and quantifying the associated health risks in the Siwa Oasis. By integrating a
novel Integrated Weighted Water Quality Index (IWQI) with advanced machine learning (FFBP-NN)
and probabilistic risk assessment (Monte Carlo simulation), this study moves beyond deterministic
water quality standards to provide a nuanced, risk-based evaluation of water safety.
The integrated water quality assessment based on the IWQI revealed a clear spatial distinction in

groundwater quality across the Siwa Oasis aquifer system. Nearly half of the water samples were
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classified as extremely poor for drinking purposes, with the TCA showing widespread deterioration
due to salinity increases from water—rock interactions, excessive groundwater abstraction, and return
flow from agricultural drainage. In contrast, the deep NSSA generally contained good-quality fresh
water, particularly toward the eastern part of the study area, where confined conditions provided
protection from salinization and contamination. These findings underscore the vulnerability of the
TCA to anthropogenic pressures and hydrogeological processes, while highlighting the relatively
better preservation of water quality within the NSSA.

The application of the FFBP-NN prediction model demonstrated excellent performance, with
regression coefficients consistently exceeding 0.95 across training, validation, and testing phases.
The optimized model, relying on a reduced set of 12 parameters, was able to predict IWQI values
with high accuracy and robustness, eliminating the need for exhaustive and costly measurements
such as Ca?" and Mg?'". This confirms the model’s capacity to capture the complex nonlinear
relationships between hydrochemical variables and water quality indices. By accurately reproducing
the observed IWQI distribution across both the NSSA and TCA, the model provided a reliable and
cost-effective tool for large-scale water quality monitoring and management.

Overall, this study highlights two important outcomes: (i) the groundwater quality in Siwa Oasis is
highly variable, with significant risks associated with over-exploitation and salinization of the TCA,
and (ii) advanced machine learning approaches, such as FFBP-NN, offer powerful predictive
capabilities that can complement traditional monitoring. These insights are crucial for guiding
sustainable groundwater management strategies in arid regions, ensuring safe drinking water supplies
while supporting agricultural productivity.

The health risk assessment of toxic metals in Siwa Oasis groundwater highlights a serious threat to
public health, particularly for children. Non-carcinogenic risk analysis revealed that oral ingestion
poses a far greater hazard than dermal exposure, with cadmium (Cd), chromium (Cr), and lead (Pb)
consistently exceeding the safety threshold (HQ > 1) in most samples. Children were
disproportionately affected, with more than 75% of sampling sites exceeding the acceptable hazard
index (HI) for oral exposure, compared to adults who were less vulnerable but still at significant risk.
Dermal exposure risks were generally low for adults but remained concerning for children, especially
for Cd and Cr, underscoring the heightened vulnerability of younger populations to toxic metal
contamination.

Carcinogenic risk assessment further confirmed the severity of the situation, with Cd, Cr, and Pb
contributing to elevated cancer risk (CR > 1x10™) in nearly all samples. Children again showed
markedly higher susceptibility compared to adults, both for oral and dermal pathways. These findings
emphasize the long-term health implications of chronic exposure to contaminated water, particularly
in regions where groundwater is the sole source for drinking and irrigation.

Monte Carlo simulations strengthened the reliability of these conclusions by accounting for

variability and uncertainty in exposure parameters. The probabilistic models consistently identified
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Cd, Cr, and Pb as the dominant contributors to both non-carcinogenic and carcinogenic risks,
confirming their role as priority contaminants requiring urgent mitigation. The simulations also
demonstrated that predicted risk values closely matched calculated indices, validating the robustness
of the approach for future risk assessment applications.

Thesis 7: Desalination of Brackish Water from the TCA Using Innovative Natural Material
This research presents a groundbreaking solution to the challenge of brackish water desalination by
developing, synthesizing, and validating a novel, low-cost, and eco-friendly zeolite/geopolymer
(Z/GP) membrane. By utilizing abundant, natural raw materials (kaolinite and diatomite), this study
offers a practical and sustainable technological intervention to mitigate water scarcity and soil
salinization in arid regions.

The primary new scientific result is the successful synthesis and exceptional performance of the Z/GP
membrane, which achieved a salt rejection rate of over 99.8% and a water flux of up to 8.34 kg/m?/h.
This demonstrates, for the first time, that a membrane derived from low-cost, natural geopolymers
can achieve performance comparable to or exceeding that of more expensive, conventional polymer-
based membranes. The key methodological advance was the hydrothermal conversion of a
diatomite/kaolin geopolymer substrate into a multi-phase zeolite membrane (containing Zeolite-A,
Zeolite-X, Sodalite, and Zeolite-P). This innovative synthesis process resulted in a highly porous,
nanostructured material with a large surface area (106 m?/g) and optimal pore size (4.2 nm), which
are the key factors behind its high desalination efficiency.

This work provides a powerful, practical solution to the problems identified in the preceding chapters.
While previous sections quantified the extent of water quality degradation, this thesis provides a
tangible technological solution. The study quantitatively clarifies the optimal operating parameters
for the membrane, demonstrating that a thickness of 3 mm and a temperature of 75°C provide the
best balance between high water flux (7.05 kg/m*h) and near-perfect salt rejection (99.5%).
Furthermore, the research provides quantitative evidence of the membrane's durability and
reusability, showing stable performance over 130 hours of continuous operation and successful
regeneration over multiple cycles, confirming its suitability for real-world applications.

The Z/GP membrane developed in this thesis is not just a solution for Siwa Oasis; it represents a
paradigm shift in desalination technology for arid and developing regions worldwide. The use of
locally sourced, inexpensive raw materials makes this technology highly accessible and economically
viable for communities that cannot afford conventional, energy intensive desalination plants. The
synthesis method is straightforward and scalable, offering a transferable blueprint for establishing
local manufacturing of desalination membranes in other water-stressed countries. This research,
therefore, provides a generalizable and sustainable pathway to water security, empowering
communities to treat their own brackish water resources and break the cycle of water scarcity and

soil salinization.
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6.2.Practical applicability

The findings of this study provide critical insights for sustainable water management, particularly in

arid regions like the Siwa Oasis, where understanding the complex interactions influencing water

chemistry is essential for long-term resource conservation. Based on the results, the following
scientifically-backed recommendations are proposed to optimize the quality, quantity, and

sustainability of both water resources and soil fertility (Fig 65):

a) Dilution of groundwater salinity through mixing freshwater from the NSSA with brackish water
from the TCA on the ground surface using a piped system

b) Desalination of the mixed water to the acceptable level of irrigation water to avoid further soil
salinization.

¢) Application of subsurface drip irrigation instead of flood irrigation to avoid further increase in
the surface area of the salt lakes and protect the limited water resources.

d) Construct a drilling canal to connect the four major salt lakes and discharge their water into an
artificial lake lined with impermeable material in the eastern part of Zeitun Lake. This would
prevent hypersaline water from seeping into the TCA, reduce the salinity and surface area of
hypersaline lakes, and create opportunities for economic and ecological benefits. The artificial
lake could be divided into a fish pond and an evaporation pond, supporting aquatic life and salt
production.

e) Implement a drainage system with cement-covered drains and perforated pipes to remove

waterlogged soil and discharge it into the main lakes and drains.
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Figure 65. Schematic diagram of the recommended solutions in Siwa Oasis for sustainable development.

7. Conclusions
This PhD thesis has undertaken a comprehensive, multi-disciplinary investigation of the Siwa Oasis

hydrogeological system by integrating a wide array of advanced methodologies and diverse data
sources. The research framework was designed to build a holistic understanding of the oasis’s water

resources, from their geological structure to their chemical composition and long-term sustainability.
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To achieve this, the study synergistically employed geophysical data (well logs, gravity, magnetics)
with machine learning algorithms (SOM, K-means) to construct a high-resolution 3D geological
model. Multi-temporal remote sensing data (Landsat) was analyzed using Support Vector Machines
(SVM) to quantify land-use change and its environmental impacts. A suite of geochemical and
isotopic tracers (62H, 6'*0, 3C, "C, *¥Sr/*¢Sr) were analyzed and interpreted using advanced
statistical techniques (PCA, K-means) and inverse mixing models (NETPATH, Faure) to delineate
recharge sources and quantify mixing processes. These empirical findings were then integrated into
a predictive numerical flow model (FEFLOW) to simulate long-term aquifer behavior. Finally, the
research developed and applied a novel IWQI, a probabilistic health risk assessment using Monte
Carlo simulation, and synthesized an innovative zeolite/geopolymer membrane for desalination. The
overarching aim of this integrated approach was to move beyond a descriptive analysis and to create
a quantitative, predictive, and scientifically robust foundation for the sustainable management of
groundwater in this critical arid ecosystem.

The application of this integrated methodology yielded seven key sets of findings. First, the 3D
geological model revealed the precise subsurface architecture and identified the fault systems that
control the hydraulic connectivity between the deep NSSA and the shallow TCA. The SOM proved
to be a highly effective and accurate method for delineating lithological units from well-log data,
outperforming K-means in estimating the thickness of critical sand layers. The hydraulic properties
of these units were validated, revealing hydraulic conductivity values ranging from 1.2 to 6.6 m/d,
which are essential inputs for flow modeling. Furthermore, the analysis of gravity and magnetic data
identified the dominant NE-SW, NW-SE, and E-W structural trends that control the groundwater
flow system, confirming that deep faults in the NSSA act as conduits for upward recharge to TCA,
while shallow fractures facilitate surface leakage. Finally, 3D gravity inversion provided a clear
picture of the basin's architecture, mapping the basement depth from 2.5 to over 4.5 km.

Second, the study provided quantitative proof linking the 270% expansion of agriculture over 30
years to a 168% increase in the area of hypersaline lakes, identifying this as the primary driver of
soil and water salinization. Zeitun lake showed no significant increase in the surface area which could
give indication of probability of leakage downward to the TCA through the fracture system and
increase the groundwater salinization. Hydrochemical evaluation revealed that the NSSA contains
freshwater dominated with Mixed Ca-Mg-C1-SO4, while the TCA and springs are brackish to saline,
and lakes are hyper saline water dominated with Na-Cl and Ca-Mg-SO4 facies. The main mechanism
controlling water chemistry are calcite, dolomite, halite, gypsum dissolution, silicate weathering and
ion exchange and evaporation. Geochemical modeling using PHREEQC identified mineral
supersaturation conditions for montmorillonite, calcite, dolomite, and clay minerals that reduce soil
permeability and increase waterlogging.

Third, the research confirmed a dual-source mixing model for the TCA, quantifying the respective

contributions of upward leakage from the fresh NSSA and downward seepage from the saline lakes.
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Stable isotope analysis revealed that both the NSSA and TCA contain paleo-meteoric water with
depleted 6'0 values, while salt lakes showed highly enriched values due to intense evaporation.
NETPATH mixing model quantified that hypersaline lakes contribute 0.6-4% to TCA salinity through
downward seepage with the highest contribution from Zeitun lake, while NSSA provides 63-87%
freshwater contribution through upward flow.

Fourth, by combining multiple isotopic tracers, the study estimated the residence time of the
groundwater and validated the fault-controlled recharge pathways. The Faure mixing model
successfully quantified NSSA contributions to TCA recharge, demonstrating 80-90% NSSA input in
low-salinity areas (1000-2000 mg/L) along fault planes, 50-80% in intermediate zones (2000-5000
mg/L), and minimal contributions (0-40%) in high-salinity northern regions (5000-9000 mg/L) near
salt lakes. Groundwater age correction using radiocarbon dating revealed significant temporal
variations with TCA ages ranging from 640-13,551 years and NSSA ages from 4,296-14,184 years,
showing a clear spatial trend of decreasing age from southeast to north, with youngest ages near Siwa
Lake indicating active mixing and recharge processes. The relationship between #’Sr/®¢Sr ratios and
groundwater age demonstrated that older groundwater (>10,000 years) concentrated near fault
systems preserves paleowater from the African Humid Period, while younger northern waters reflect
mixing with surface sources (salt lakes), confirming that structural features control both recharge
pathways and preservation of ancient groundwater signatures.

Fifth, the numerical flow model demonstrated critical drawdown patterns from 1960-2025, showing
dramatic water level decline from 175m to 75m in western areas and slower decline from 142m to
128m in eastern regions, with future predictions indicating water levels will drop to 30-70m by 2100
under current extraction rates of 330,000 m?*/day. Reverse particle tracking analysis provided
definitive validation of NSSA to TCA recharge mechanisms along distinct fault and fracture
pathways confirming the findings of mixing models. The pathlines reaches the salt lakes confirming
the leakage downward of salt lakes to the TCA.

Sixth, The IWQI identified areas with extremely poor water quality, particularly in the TCA, due to
high salinity. FFBP-NN effectively predicted water quality with high accuracy, reducing the need for
extensive testing of many parameters. The health risk assessment highlighted significant non-
carcinogenic and carcinogenic risks, especially for children, from exposure to cadmium, chromium,
and lead, underscoring the need for targeted mitigation strategies and improved water management
practices. Finally, this study developed a geopolymer-based zeolite membrane from natural kaolinite
and diatomite for desalination of the brackish water of the TCA after mixing with NSSA. The
membrane showed impressive salt rejection (99.5%) and high-water flux (7.05 kg/m?*h) at 75°C,
with excellent thermal stability. The study also demonstrated the membrane’s durability, maintaining
high performance over multiple reuse cycles. This innovative desalination approach provides a
sustainable solution for groundwater salinization in arid regions, offering an eco-friendly, cost-

effective method for improving water quality in the Siwa Oasis and similar areas.
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9. Appendix 1 (Supplementary figures)
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Figure 1s. Lineament extracted from (a) FVD; (b) SVD, (c) TA, and (d) TAHG with edge detection applied
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Figure 2s. Lineament extracted from (a) FVD; (b) SVD, (c) TA, and (d) TAHG with edge detection applied
on residual 3.5km
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Figure 6s. The drawdown in the piezometric head of the NSSA from 1961 to 2100

10. Appendix 2 (Supplementary tables)

Table 1s Specifications of the utilized images.

Feature image 1990 image 2000 image 2010 image 2010
Date Acquired 1990/10/19  2000/10/14  2010/10/26 2020/10/05
Satellite LANDSAT 5 LANDSAT 8
Sensor Identifier ™ OLI
WRS Path 180 180
WRS Row 040 040
Spatial Resolution (m) 30 30
Band 1: 0.45-0.52 Band 1: 0.435-0.451
Band 2: 0.452-0.512
Band 2: 0.52-0.60
Band 3+ 0.63-0.69 Band 3: 0.533-0.590
Wavelength (um) e ' Band 4: 0.636-0.673
Band 4: 0.76-0.90
Band 5: 0.851-0.879
Band 5: 1.55-1.75
Band 7- 2.08-2.35 Band 6: 1.566-1.651
o ’ Band 7: 2.107-2.294
Band 9: 1.363—1.384

Table 2s Characteristics of training and testing data.

Class Training data (pixels) Testing data (pixels)




Sh-W (Shallow water) 207 80
La-W (Lake water) 303 127
Cu-L (cultivated land) 243 83
Mo-Fm (Moghra Formation) 412 169
Ma (Marshes) 226 76
Sa_D (Sand dunes) 468 189

Table 3s Confusion matrices, overall Accuracies, and kappa coefficients (K) for the classified images of
1990, 2000, 2010 and 2020 using SVM.

Table 4s. The descriptive statistics of the measured parameters in all water resources

Sample Intervals pH T°C EC TDS Na K Mg Ca Cl SO« HCOs
type
NSSA Min 6.4 355 268 160 18.4 13.3 2.2 9.8 40.6 1.6 89.6
Max 8.8 43 642 928 280 23.4 56.4 64.6 174 3532 185.3
Mean 8 394 396 334 65.3 18.9 17.7 24.7 93.9 483 135.7
TCA Min 6.88 17.7 672 466 92 35 9 29.7 174 22.5 83.6
Max 8.7 37.6 24280 17879 4600 83.4 2033 1116 11368 992 328.7
Mean 7.9 248 6617 4603 930 42 350 258 2633.9 321 161
Springs  Min 7.6 17.5 1840 1463 200 9.5 113 19.6 725 5 119.6
Max 8.3 25.1 62000 38295 10000 77.4 2524 1264.8 24360 700 2272
Mean 8 223 17946 11629 2828 49 7243  548.6 7093.4 3339 168.6
Drains Min 7.8 18.8 5350 4023 560 5.1 266.6  104.1 1914 300 125.5
Max 8.6 21.1 20490 16125 3750 82.8 888.2 1568 9744 1850 274.9
Mean 8.1 202 11305 8585 16922  51.2 5369 692.1 4810.7 807.8 211.8
Lakes Min 7.8 13.5 23250 57216 3455 6.4 1536 1264.8 48430 23443 167.3
Max 8.3 27.1 188800 153589 39500 17.5 1221 2508.8 94250 5348.7  286.9
6.5
Mean 8.1 19.9 120042 106137 25058 12.4 6654  1906.9 68937.1 3498.6 2152
sample
type COs NO;3 NH; TH B Ba Fe Mn Sr SiO, Al
NSSA Min 0 1.4 0 63.7 0.06 0.09 0.05 0.04 0.04 11.08 0.003
Max 117 182 14 265.05 44 0.7 27.6 0.9 9.5 74.3 2391
Mean 1.9 5.2 0.2 1339 0.6 0.3 43 0.1 0.9 43.1 3.07
TCA Min 0 1.4 0 1715 0.1 0.001  0.003 0.0002 0.008 0.8 0.001
Max 353 294 21 11160 1.6 22 36.2 3.4 124 76.2 86.6
Mean 5.6 6.4 0.5 3884.5 1 0.1 2.3 0.3 4.6 37.1 5.5
Springs  Min 0 2.8 0 1674 0.4 0.009  0.029 0.002 1.6 33 0.11
Max 176 154 2.1 3887.4 0.9 0.65 19.07 3.29 10.0 65.1 0.29
Mean 106 7.6 0.8 2892.3 0.6 0.15 4.02 0.67 5.7 36.6 0.22
Drains Min 0 1.4 0 3255 0.6 0.009  0.005 0.005 3.4 18.4 0.05
Max 294 5.6 1.4 6370 0.7 0.05 2.06 0.05 16.1 74.6 0.26
Mean 11. 3.7 0.6 4924.9 0.7 0.03 0.49 0.02 8.9 55.5 0.17
Lakes Min 0 14 0 23324 7.9 0.02 0.02 0.04 0.06 7.8 0.37
Max 352 42 1.4 55664 16.9 091 5.2 1.7 304 48.8 45.61

Mean 10 32 0.6 38089 11 0.3 1.7 0.5 17 279 15.47




Table Ss. The stable isotopes concentrations in all water resources of Siwa Oasis

Sample ID  Aquifer &*H 880 Sample ID Aquifer &*H 5"%0
1 TCA -78.44 -9.95 110 TCA -71.77 -9.82
3 TCA -77.72 -10.14 117 TCA -78.06 -10.31
7 TCA -77.70 -10.26 118 TCA -78.48 -10.12
8 TCA -79.24 -10.19 121 TCA -76.20 -9.81
9 TCA -78.21 -9.98 123 TCA -76.90 -9.50
10 TCA -78.63 -10.22 124 TCA -79.32 -9.84
11 TCA -77.58 -9.38 127 TCA -73.94 -9.69
12 TCA -76.89 -9.91 128 TCA -72.38 -8.45
15 TCA -76.47 -9.93 129 TCA -78.31 -10.12
16 TCA -76.64 -9.61 130 TCA -74.50 -9.86
17 TCA -65.79 -8.55 131 TCA -76.78 -9.91
19 TCA -73.23 -9.41 132 TCA -78.76 -10.22

20 TCA -65.63 -8.55 133 TCA -78.83 -10.62
21 TCA -66.71 -8.58 139 TCA -79.65 -10.30
30 TCA -68.27 -8.79 140 TCA -78.94 -10.18
31 TCA -79.38 -10.15 142 TCA -76.88 -10.27
32 TCA -79.37 -10.12 144 TCA -78.14 -10.03
33 TCA -79.01 -10.22 145 TCA -80.34 -9.99
34 TCA -73.70 -8.88 146 TCA -78.97 -9.89
37 TCA -78.79 -9.91 147 TCA -79.52 -9.47
40 TCA -79.04 -10.35 148 TCA -77.16 -10.58
41 TCA -78.51 -10.04 151 TCA -77.00 -10.56
43 TCA -78.24 -10.11 152 TCA -77.23 -9.76
45 TCA -78.83 -10.10 153 TCA -76.76 -9.29
46 TCA -77.31 -9.93 4 NSSA -79.58 -10.42
47 TCA -79.05 -10.27 24 NSSA -66.33 -8.57
48 TCA -78.66 -10.21 29 NSSA -79.96 -10.48
49 TCA -78.10 -10.09 35 NSSA -80.00 -10.71
52 TCA -76.69 -10.07 38 NSSA -79.69 -10.29
53 TCA -75.76 -9.68 39 NSSA -79.31 -10.29
54 TCA -78.17 -10.02 55 NSSA -79.71 -10.52
58 TCA -79.23 -10.35 56 NSSA -79.94 -10.36
60 TCA -78.94 -10.24 57 NSSA -79.56 -10.58
61 TCA -78.92 -10.29 59 NSSA -79.28 -10.42
62 TCA -79.04 -10.22 79 NSSA -79.94 -10.09
63 TCA -78.97 -10.16 83 NSSA -79.08 -10.59
65 TCA -79.47 -10.27 88 NSSA -80.09 -10.38
66 TCA -77.21 -9.78 89 NSSA -79.98 -10.65
68 TCA -78.59 -10.30 91 NSSA -80.02 -10.40
69 TCA -78.30 -10.18 113 NSSA -79.14 -10.47
70 TCA -78.90 -10.23 122 NSSA -79.98 -10.56
72 TCA -78.05 -10.03 134 NSSA -80.41 -10.60
73 TCA -78.40 -10.08 135 NSSA -79.78 -10.43
77 TCA -75.22 -9.88 5 Springs -74.61 -10.06
78 TCA -73.62 -9.91 6 Springs -77.92 -10.36
80 TCA -78.34 -10.27 14 Springs -73.47 -9.32
81 TCA -69.49 -8.91 22 Springs -64.94 -8.35
82 TCA -69.86 -9.26 23 Springs -79.73 -10.52
84 TCA -75.35 -10.17 90 Springs -63.54 -7.40
85 TCA -71.18 -9.21 13 Drains -74.18 -9.02
86 TCA -72.30 -9.53 18 Drains -74.61 -9.27
87 TCA -76.04 -9.95 28 Drains -69.56 -8.76
93 TCA -75.53 -9.84 44 Drains -68.96 -7.62
94 TCA -73.97 -9.41 50 Drains -75.62 -9.52
95 TCA -75.54 -10.02 149 Drains -73.86 -9.12
96 TCA -74.93 -9.55 2 Lakes -61.71 -7.09

101 TCA -78.21 -10.04 27 Lakes -30.00 -0.90




104
108
109

TCA
TCA
TCA

-77.31 -9.85
-78.10 -10.27
-76.69 -9.96

75 Lakes
92 Lakes
125

Lakes

-29.72 -1.05
-32.77 -0.85
-43.27 -2.81

Table 6s. Parametric and non-parametric test (ANOVA and Kruskal-Wallis) with reported P-value

Variable Test Sum of Squares  Degrees of F-statistic (F) p-value (PR(>F)
(sum sq) Freedom (df) or Kruskal-Wallis)
Fe ANOVA 17.389 2 0.247 0.781
Kruskal-Wallis - - - 0.035
Mn ANOVA 0.445 2 0.753 0.473
Kruskal-Wallis - - - 0.268
S10, ANOVA 2592.65 2 2.141 0.122
Kruskal-Wallis - - - 0.203
TDS ANOVA 6.70E+08 2 351.112 3.10E-48
Kruskal-Wallis - - - 7.50E-22
K* ANOVA 20417.34 2 54.436 4.05E-17
Kruskal-Wallis - - - 6.01E-14
Mg?* ANOVA 2.96E+06 2 106.496 2.30E-26
Kruskal-Wallis - - - 1.75E-17
Ca** ANOVA 2.11E+06 2 34.586 2.34E-12
Kruskal-Wallis - - - 6.84E-13
Cr ANOVA 2.34E+08 2 352.123 2.71E-48
Kruskal-Wallis - - - 7.38E-22
SO4* ANOVA 2.58E+06 2 35.496 1.34E-12
Kruskal-Wallis - - - 2.13E-12
HCOy ANOVA 21428.12 2 9.811 0.00012
Kruskal-Wallis - - - 4.41E-05
NO; ANOVA 63.658838 2 1.292 0.278647
Kruskal-Wallis - - - 0.03
NH; ANOVA 2.154 2 3.557 0.031
Kruskal-Wallis - - - 0.041
d’H ANOVA 506.253 2 27.738 1.83E-10
Kruskal-Wallis - - - 3.60E-12
d®0o ANOVA 8.505 2 16.305 6.38E-07
Kruskal-Wallis - - - 1.06E-08
Table 7s. The saturation index of the investigated minerals from geochemical modelling
SampleID | Anhydrite Calcite Dolomite Gypsum  Halite  Chlorite Albite = Montmorillonite  Illite
17 123 0.76 1.98 -1.01 381 5.6 03 0.1 031
18 -0.95 1.1 2.33 -0.72 -3.95 9.72 2.42 5.1 5.55
20 1.8 0.66 1.62 -1.58 379 312 014 052 0.75
21 -1.11 1.07 2.32 -0.9 -3.83 10.25 2.77 6.08 6.41
22 -1.18 0.41 1.07 -0.96 -3.91 6.09 2.72 6.51 6.6
23 -1.02 1.02 2.41 -0.81 -3.8 10.26 2.38 5.04 5.48
28 -0.19 1.34 2.55 0.04 -3.94 8.21 2.35 5.95 6.22
30 -0.85 1.33 2.87 -0.62 -3.91 11.08 2.12 3.64 4.28
49 -1.35 0.67 1.64 -1.11 -4.02 9.19 3.51 8.13 7.54
50 -1.09 1.41 3.24 -0.85 -3.98 12.29 2.36 4.45 4.44
77 -0.88 0.74 1.93 -0.67 -3.79 4.93 -0.68 -0.49 0
78 -1.22 0.19 1.24 -1.02 -3.82 5.7 0.79 3.65 3.86
81 -1.15 0.15 0.62 -0.91 -3.91 0.74 -2.64 0.41 0.73
82 -1.19 1 2.4 -0.97 -3.68 9.88 1.32 3.68 4.28
85 -1.14 1.14 2.78 -0.92 -4.05 12.15 1.34 3.85 4.62
86 -1.58 0.44 1.83 -1.37 -3.76 8.98 0.91 3.67 4.17
87 -2.02 0.15 1.42 -1.81 -4.13 7.47 0.67 3.99 4.24
93 -1.42 0.63 1.62 -1.21 -3.72 4.33 -0.06 1.52 1.82
94 -0.84 0.6 0.73 -0.62 -3.96 1.35 1.23 5.16 5.06
95 -1.26 0.67 1.87 -1.04 -4.01 7.44 0.78 3.44 3.8
127 -1.39 -2.86 -5.38 -1.17 -3.72 15.14 3.95 9.99 9.73
130 -1.47 0.47 1.75 -1.25 -3.9
5 -1.73 0.86 1.94 -1.51 -4.28 8.75 1.02 3.96 4.39
6 -3.05 0.68 1.44 -2.81 -4.54 6.29 1.03 4.65 4.99
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Table 8s. the concentration of isotopic tracers used for mixing models and age

correction of groundwater.

Sample ID Sr (mg/L) 4C (pMC) 16 (pMC)  8"3C (%o 87Sr/86Sr +lo
VPDB)

ES 2 14.9 94.72 0.27 -9.91 0.708319 0.000016
ES 4 0.036 34.98 0.99 0.714266 0.000016
ES 6 2.2 18.31 1.00 -10.26 0.708263 0.000016
ES 10 2.2 21.83 0.94 -12.00 0.708329 0.000016
ES 11 2.2 17.36 1.02 -11.61 0.708274 0.000016
ES 13 10.3 68.48 0.59 -9.74 0.708283 0.000016
ES 14 4.1 20.55 0.96 -7.25 0.708272 0.000015
ES 18 8.4 56.97 0.64 -9.12 0.708241 0.000016
ES 20 10.1 16.48 0.98 -9.57 0.708218 0.000016
ES 22 8.3 18.20 0.94 -8.15 0.708229 0.000016
ES 24 0.033 24.39 1.02 0.713643 0.000016
ES 27 20.5 73.66 0.51 -8.80 0.708243 0.000016
ES 28 14.9 72.27 0.56 -8.95 0.708247 0.000016
ES 29 0.044 19.73 1.19 0.711898 0.000016
ES 30 7.5 -9.09 0.708172 0.000016
ES 32 2.1 21.39 1.04 -8.62 0.708316 0.000016
ES 34 1.4 28.38 1.10 -9.84 0.708544 0.000015
ES 35 0.089 16.13 0.76 -11.44 0.708513 0.000016
ES 38 0.051 28.72 1.39 0.714561 0.000016
ES 40 1.1 20.80 1.00 -10.63 0.708400 0.000016
ES 41 2.0 16.23 0.91 -6.91 0.708293 0.000016
ES 44 10.7 -8.70 0.708399 0.000016
ES 52 5.0 20.79 1.05 -8.89 0.708244 0.000016
ES 56 0.045 0.711857 0.000016
ES 57 0.073 22.16 0.90 0.710653 0.000016
ES 58 0.133 17.73 0.74 -12.13 0.709733 0.000016
ES 75 29.9 77.88 0.44 -7.70 0.708294 0.000016
ES 78 8.1 22.23 0.99 -6.46 0.708244 0.000016
ES 82 8.2 19.96 1.03 -8.41 0.708135 0.000016
ES 83 0.050 61.11 0.65 0.711986 0.000016
ES 85 5.6 24.32 0.89 -6.25 0.708229 0.000016
ES 89 0.046 42.56 1.20 0.713835 0.000017
ES 91 0.028 71.50 1.33 0.711877 0.000016
ES 92 30.2 74.86 0.45 -8.71 0.708297 0.000016
ES 93 6.7 19.59 0.90 -7.94 0.708234 0.000016
ES 95 5.7 16.78 1.00 -9.85 0.708254 0.000016
ES 104 5.8 57.92 0.92 -9.08 0.708239 0.000016




ES 108 5.5 19.18 1.11 -10.12 0.708198 0.000016
ES 113 0.076 67.29 0.47 0.710335 0.000016
ES 117 33 17.80 2.89 -10.23 0.708249 0.000016
ES_121 4.1 20.65 0.91 -11.34 0.708226 0.000016
ES_122 0.122 29.89 0.74 0.710013 0.000016
ES_124 3.8 42.51 1.15 -6.45 0.708234 0.000016
ES 125 28.1 73.97 0.34 -8.37 0.708251 0.000016
ES 132 34 18.70 0.84 -6.25 0.708235 0.000016
ES 133 44 16.69 1.03 -12.12 0.708214 0.000016
ES 135 0.0 33.68 0.67 0.710563 0.000016
ES 139 2.9 15.46 0.93 -10.87 0.708270 0.000016
ES 140 3.2 41.98 1.00 -9.57 0.708250 0.000016
ES_144 2.4 24.12 0.87 -8.78 0.708239 0.000016
ES 147 2.6 -8.49 0.708257 0.000016
ES 152 5.2 40.09 0.97 -7.17 0.708250 0.000016

Table 9s. The results of the NETPATH model, after adjustment for isotopic changes related to the calcite phase,

demonstrated a high degree of accuracy in age correction.

Final Isotopic

Aquifer Water Isotopic Computed Observed Computed Observed Age EV factor
type exchange °C 13C 14C 14C (year) (NETPATH)

sample Exchange

(calcite) (€02)

TCA 78 1.082 -6.46 -6.46 30.87 2222 2717 16.35
TCA 20 0.291 -9.57 -9.57 83.76 16.48 13438 1.66
TCA 95 0.336 -9.85 -9.85 68.64 16.77 11647 14.29
TCA 108 0.323 -10.12 -10.12 72.82 19.18 11029 8.36
TCA 133 0.11 -12.12 -12.12 84.15 16.68 13375 21.92
TCA 121 1.35 -11.34 -11.34 43.06 20.65 6076 19.69
TCA 41 1.04 -6.91 -6.91 51.71 16.22 9581 2.85
TCA 140 0.348 -9.57 -9.57 65.9 41.9 3739 14.9
TCA 139 0.196 -10.87 -10.87 79.6 15.45 13551 9.7
TCA 11 0.127 -11.61 -11.61 84.02 17.36 13035 11.93
TCA 34 0.311 -9.84 -9.84 67.21 28.37 7128 9.69
TCA 58 1.09 -12.13 -12.13 66.98 17.73 10988 1.48
TCA 82 0.507 -8.41 -8.41 58.3 19.96 8860 14.12
TCA 93 0.774 -7.94 -7.94 60.53 19.58 9328 3.05
TCA 85 0.799 -6.25 -6.25 35.39 2432 3102 31.9
TCA 52 0.53 -8.88 -8.89 69.98 20.79 10033 3.17
TCA 104 0.47 -9.07 -9.08 65.01 5791 955 7.56
TCA 132 0.981 -6.25 -6.25 33.02 18.69 4703 17.67
TCA 17 0.284 -10.23 -10.23 71.61 17.8 11507 15.42
TCA 124 0.462 -6.45 -6.45 45.93 425 640 3.03
TCA 144 0.5 -8.78 -8.78 72.4 24.11 9088 2.6
TCA 32 0.513 -8.62 -8.62 73.08 21.38 10158 1.93
TCA 10 0.08 -12 -12 88.07 21.83 11529 8.69
TCA 40 0.2 -10.62 -10.63 81.84 20.8 11324 4.96
spring 14 0.58 -7.25 -7.25 45.88 20.54 6642 21.18
spring 6 0.19 -10.26 -10.26 79.48 18.3 12138 10.49
spring 22 0.705 -8.15 -8.15 72.22 18.19 11396 1.35
NSSA 35 0.031 0.2 -11.44 -11.44 58.97 16.12 10720 1.5
NSSA 89 0.152 0.001 -11.44 -11.44 71.55 42.55 4296 1.75

NSSA 57 0.898 0.001 -11.44 -11.44 72.91 22.16 9845 1.04




NSSA 38 1.26 0.2 -11.44 -11.44 68.64 28.72 7202 2
NSSA 24 0.867 -11.44 -11.44 76.01 2439 9397 1.67
NSSA 29 1.36 -11.44 -11.44 67.62 19.72 14184 135
NSSA 135 0.28 0.2 -11.44 -11.44 86.27 33.68 7775 1.15
Elmaraqi
125 0.34 -8.37 -8.37 44.57 73.96 recent 486.67
lake
Siwa lake 92 0.34 -8.71 -8.71 69.36 74.86 recent 14.54
Aghormi
75 0.47 -7.7 -7.7 46.78 77.88 recent 72.77
lake
Zeitun lake 27 0.47 -8.8 -8.8 45.63 73.66 recent 86.89
Table 10s: The inputs used for estimation of IWQI
Inputs unit Cip Sj Wj
TH mg/L 0 500 0.037613
NO; mg/L 0 45 0.114075
HCO5 mg/L 0 200 0.089098
SO4* mg/L 0 400 0.044002
Cr mg/L 0 600 0.041255
Fe mg/L 0 0.3 0.085954
Mn mg/L 0 0.1 0.0888
Ca** mg/L 0 200 0.060805
Mg? mg/L 0 150 0.034634
K* mg/L 0 12 0.174978
Na* mg/L 0 400 0.04027
EC uS/cm 0 1500 0.042616
pH 7 7.5 0.105457
TDS mg/L 0 1000 0.040439
Table 11s. The parameters used for the calculation of HQ, HI, and CR.
HM Cd Cr Cu Fe Mn Ni Pb Zn
RfD Oral(mg/kg/day) 0.0005 0.003 0.04 0.7 0.024 0.02 0.0014 0.3
ABS 0.05 0.025 0.3 0.2 0.04 0.04 0.3 0.2
Rfd Dermal (mg/kg/day) 0.000025 0.000075  0.012 0.14 0.00096 0.0008 0.00042 0.06
CSF oral mg/kg/day 6.1 0.5 0.5
CSF dermal 6100 500 500
Kp 0.001 0.002 0.001 0.001 0.001 0.0002 0.0001 0.0006
Si 0.003 0.05 3 0.3 0.05 0.07 0.01 1
ET Adult (h/day) 0.58
ET Child (h/day) 1
SA Adult (cm?) 18000
SA Child (cm?) 6600
CF (L/cm?) 0.001
IR Adult (L/day) 2.2
IR Child (L/day) 1.8
EF (day/year) 350
ED Adult (year) 70
ED Child (year) 6
BW Adult (kg) 70
BW Child (kg) 15
AT Adult (day) 25550
AT Child (day) 2190




Table 12s. The health risk indices regarding carcinogenic and non-carcinogenic impact

Criteria Min Max Mean Range Class Samples (%)
HIAdult (Oral) 1.6 142 14 <1 Low risk 0 (0 %)

>1 High risk 133 (100 %)
HI Child (Oral) 6.2 542 53 <1 Low risk 0 (0 %)

>1 High risk 133 (100 %)
HI Adult 0.07 48 2.6 <1 Low risk 108 (80.6%)
Dermal
(Dermal) >1 High risk 26 (19.4 %)
HI Child 0.2 141 8 <1 Low risk 30 (22.4%)
Dermal
(Dermal) >1 High risk 103 (77.6%)
CReqAdult (Oral)  0.0003  0.03  0.007 < 1x 10 Acceptable 30 (22.4%)

> 1x 10 High risk 103 (77.6%)
CRer Adult (Oral)  2.26E-05 0.18  0.009 < 1x 10 Acceptable 5 (3.7%)

> 1x 10 High risk 128 (96.3%)
CRpp Adult (Oral)  3.16E-05 0.03  0.005 < 1x 10 Acceptable 2 (1.5%)

> 1x 10 High risk 131 (98.5%)
CRcq Child (Oral)  0.001 0.1 0.03 <1x10* Acceptable 0 (0 %)

> 1% 10 High risk 133 (100 %)
CRc: Child (Oral)  8.63E-05 0.7 0.03  <I1x10* Acceptable 2 (1.5%)

> 1% 10 High risk 131 (98.5%)
CRp, Child (Oral)  0.0001 0.1 0.02  <I1x10* Acceptable 0 (0 %)

> 1% 104 High risk 133 (100 %)
CRcq Adult 0.002 0.2 0.04  <1x10* Acceptable 0 (0 %)
(Dermal) > 1x 10 High risk 133 (100 %)
CRc; Adult 0.0002 1.7 0.08  <I1x10* Acceptable 0 (0 %)
(Dermal) > 1x 10 High risk 133 (100 %)
CRpp Adult 1.5E-05 0.0l  0.002 <1x10* Acceptable 7 (5.3%)
(Dermal) > 1x 10 High risk 126 (94.7%)
CRcq Child 0.005 0.5 0.1 <1x10* Acceptable 0 (0 %)
(Dermal) > 1x 10 High risk 133 (100 %)
CR¢; Child 0.0006 5.2 0.2 <1x10* Acceptable 0 (0 %)
(Dermal) > 1x 10 High risk 133 (100 %)
CRpp Child 4.43E-05 0.04 0007 <1x10* Acceptable 3 (2.2%)
(Dermal) > 1% 10 High risk 130 (97.8%)




