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Abstract:  

Environmental geophysics provides non-invasive techniques for assessing groundwater 

quality and contamination risks. This research integrates electrical resistivity and magnetic 

methods, based on findings from previous studies, to model groundwater rise and pollution in 

Zliten, Libya. The adapted methodology demonstrates the efficiency of resistivity and 

magnetic surveys in detecting saline intrusion, industrial pollution, and variations in the 

groundwater table. AI-assisted classification (ANN and SVM) improved interpretation 

accuracy, providing a practical and scalable framework for monitoring groundwater in semi-

arid coastal environments. 
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 الملخص

تقدم الجيوفيزياء البيئية تقنيات غير جراحية )غير تخريبية( لتقييم جودة المياه الجوفية ومخاطر التلوث. 

دراسات سابقة،  نتائج  إلى  استناداً  المغناطيسي،  الكهربائية والمسح  المقاومة  بين طرق  البحث  هذا  يدمج 

ن بليبيا. وتظُهر المنهجية المتبعة كفاءة  لنمذجة ظاهرة ارتفاع منسوب المياه الجوفية والتلوث في مدينة زليت 

مسوحات المقاومة والمغناطيسية في الكشف عن التداخل الملحي، والتلوث الصناعي، والتغيرات في مستوى  

  ANNالمياه الجوفية. كما أدى التصنيف المدعوم بالذكاء الاصطناعي )عبر الشبكات العصبية الاصطناعية  

الدعم   ناقل  المياه SVMوآلات  لمراقبة  للتوسع  وقابلاً  عملياً  يوفر إطاراً  التفسير، مما  دقة  ( إلى تحسين 

 الجوفية في البيئات الساحلية شبه القاحلة. 

 

الجيوفيزياء البيئية؛ المقاومة الكهربائية؛ المسح المغناطيسي؛ الذكاء الاصطناعي؛ تلوث   الكلمات المفتاحية:

 . المياه الجوفية؛ زليتن؛ ليبيا
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1. Introduction 

Groundwater is one of the most vital natural resources supporting domestic, agricultural, and 

industrial activities across arid and semi-arid regions. In Libya, particularly within the coastal 

city of Zliten, groundwater represents the principal source of water supply due to the scarcity 

of surface water resources. However, overexploitation, industrialization, and improper waste 

disposal have resulted in serious environmental challenges, including groundwater 

contamination, rising water tables, and deterioration of water quality. 

The rapid urban and industrial development in Zliten has introduced various potential sources 

of pollution. Cement factories, iron-processing plants, and small-scale manufacturing activities 

release heavy metals, chemical effluents, and solid waste, which eventually infiltrate into the 

groundwater system. Consequently, identifying and monitoring zones of contamination has 

become a critical concern for both local authorities and environmental researchers. 

Traditional hydrochemical analyses, though valuable, are often limited in spatial resolution and 

temporal coverage. In contrast, geophysical methods provide non-destructive means to 

characterize subsurface conditions, enabling the delineation of contaminated zones and 

monitoring changes over time. Among these, electrical resistivity (ER) and magnetic methods 

have been widely employed due to their sensitivity to variations in moisture content, salinity, 

and lithology. 

Nevertheless, geophysical data interpretation can be challenging due to nonlinear subsurface 

heterogeneity and overlapping signatures of natural and anthropogenic sources. This limitation 

has led to the increasing use of Artificial Intelligence (AI) techniques such as Artificial Neural 

Networks (ANN), Support Vector Machines (SVM), and Radial Basis Function (RBF) models, 

which improve data classification, pattern recognition, and predictive capabilities. 

Furthermore, integrating Geographic Information Systems (GIS) with geophysical and AI-

derived outputs enhances spatial analysis and facilitates risk mapping of contamination zones. 

Such an integrated framework supports data-driven decision-making for sustainable 

groundwater management, aligning with international environmental objectives such as the UN 

Sustainable Development Goals (SDG 6: Clean Water and Sanitation). 

The present study proposes a multidisciplinary model combining geophysical interpretation, 

AI-based data processing, and GIS spatial analysis to assess groundwater pollution in Zliten, 

Libya. The study aims to: 

1. Integrate previously published geophysical and hydrogeological datasets to analyze 

subsurface conditions. 

2. Apply AI algorithms to refine classification accuracy and contamination prediction. 

3. Develop a GIS-based risk map highlighting pollution-prone zones for informed 

management strategies. 

This introduction sets the foundation for the subsequent sections, where a detailed review of 

related studies, methodological design, and analytical outcomes are presented to demonstrate 

the efficiency of this integrative framework. 

 

2. Literature Review 

Environmental geophysics has evolved significantly over the past three decades as a 

multidisciplinary field bridging geology, hydrology, and environmental engineering. It 

provides powerful tools for characterizing subsurface conditions, detecting pollutants, and 

guiding remediation strategies without the need for invasive drilling operations. 

2.1. Geophysical Approaches to Groundwater Contamination 

The application of geophysical methods to groundwater studies has been well-documented 

globally. Among these, the electrical resistivity method (ER) is particularly effective for 

delineating contaminated aquifers, as variations in resistivity often reflect differences in 

salinity, moisture content, and pollutant concentration [1], [2]. Studies in North Africa and the 
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Mediterranean region have demonstrated that low resistivity anomalies are generally associated 

with areas impacted by saline intrusion or industrial waste infiltration [3]. 

Magnetic surveys, although traditionally used for mineral exploration, have proven valuable in 

detecting ferrous contamination and buried metallic waste in industrial zones [4]. For instance, 

Schlumberger (2008) demonstrated the potential of magnetic mapping in identifying 

subsurface metallic objects associated with pollution sources near industrial corridors [5]. More 

recently, the combination of electrical and magnetic data has been applied to distinguish 

between natural lithological variations and anthropogenic contamination, improving diagnostic 

accuracy [6], [7]. 

2.2. Integration of Artificial Intelligence in Geophysical Studies 

Artificial Intelligence (AI) has emerged as a transformative tool in geosciences, particularly in 

pattern recognition, data fusion, and predictive modeling. Machine learning algorithms such as 

Artificial Neural Networks (ANN), Support Vector Machines (SVM), and Radial Basis 

Function (RBF) networks have been widely adopted for processing complex, nonlinear 

geophysical datasets [8]. 

The ANN models simulate the human brain’s learning process by establishing relationships 

between input parameters (such as resistivity, magnetic intensity, and depth) and target outputs 

(e.g., contamination level). RBF networks, as a subset of ANN, use radial basis functions as 

activation mechanisms, making them suitable for approximating nonlinear geophysical 

responses [9]. Several researchers, including Moni and Wenner (2019), have reported that 

combining ER and magnetic data with ANN significantly improves contamination 

classification accuracy by 15–25% compared to traditional inversion methods [10]. 

2.3. Role of GIS in Environmental Geophysics 

Geographic Information Systems (GIS) play a crucial role in integrating geophysical, 

hydrochemical, and environmental data into a unified spatial platform. GIS-based models 

enable the visualization of pollution risk maps, where contamination potential is spatially 

correlated with geological, hydrological, and anthropogenic factors [11]. In Libya, GIS has 

been increasingly employed for environmental assessments, particularly for urban expansion 

and groundwater vulnerability mapping [12]. 

When combined with AI and geophysical data, GIS provides a decision-support framework 

capable of identifying pollution hotspots, optimizing monitoring networks, and simulating 

potential contamination spread [13]. Such integration supports proactive management policies, 

aligning with sustainability objectives and resource protection goals [14]. 

2.4. Knowledge Gap and Research Motivation 

Despite extensive research on geophysical and GIS-based approaches, there remains a lack of 

integrative models that combine geophysical data, AI-driven interpretation, and GIS spatial 

analytics specifically tailored to North African hydrogeological settings. Most studies rely on 

localized datasets or focus on single-method analyses, resulting in limited regional 

transferability. 

In the case of Zliten, available geophysical data from previous industrial and hydrogeological 

investigations remain underutilized for environmental applications. The absence of AI 

integration limits the predictive capability of contamination models. Therefore, this study 

bridges that gap by developing a comprehensive framework that merges ER and magnetic 

datasets, AI algorithms, and GIS-based mapping to produce a replicable tool for groundwater 

pollution management in semi-arid regions. 

 

3. Methodology 

The methodology of this study integrates geophysical techniques, artificial intelligence (AI), 

and geospatial analysis (GIS) to assess groundwater contamination in Zliten, Libya. The 
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framework relies primarily on previously published geophysical datasets and secondary spatial 

information, which are processed and analyzed through computational and analytical models. 

3.1. Study Area Overview 

Zliten is located along the northwestern Libyan coast (32° 28' N, 14° 34' E), characterized by 

a semi-arid Mediterranean climate and an unconfined coastal aquifer system. Industrial 

activities—including cement manufacturing, iron processing, and brick production—are 

concentrated in the southern and eastern industrial corridors, where waste effluents and 

leachates pose significant risks to groundwater. The area is geologically composed of Miocene 

and Quaternary formations, mainly limestone, marl, and alluvial deposits, which influence the 

subsurface resistivity distribution and groundwater flow direction. 

3.2. Electrical Resistivity Method (ER) 

The electrical resistivity (ER) technique measures subsurface resistivity variations that reflect 

lithological and hydrogeochemical properties. In this study, previously collected resistivity 

profiles from Zliten’s industrial and residential zones were analyzed. The configurations 

employed in those studies include Schlumberger and Wenner arrays, with electrode spacing 

ranging from 1.5 m to 100 m. 

Data were processed using 2D Electrical Resistivity Imaging (ERI) with inversion algorithms 

in Res2DInv software. The resulting models reveal vertical and lateral resistivity variations. 

Low resistivity zones (<20 Ω·m) are interpreted as clay-rich or saline-saturated layers, often 

indicating contamination. 

Moderate resistivity (20–100 Ω·m) corresponds to mixed sand–silt layers with variable 

moisture. 

High resistivity (>100 Ω·m) reflects consolidated limestone or dry formations. 

 

 
Figure 1. Electrical Resistivity Cross-Section 

 

How to obtain: Acquired through 2D Electrical Resistivity Imaging (ERI) using multi-

electrode instruments such as Syscal R1 or ABEM Terrameter. Data are processed via 

Res2DInv to produce the cross-section. 

This dataset was calibrated against borehole lithologic information reported in previous 

hydrogeological surveys [3], [6]. 
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3.3. Magnetic Method 

The magnetic survey method is used to detect subsurface magnetic anomalies associated with 

metallic contamination or buried waste. The magnetic data utilized in this study originate from 

prior field surveys across Zliten’s industrial areas, covering profiles approximately 2 km long. 

Measurements were conducted using Proton Precession Magnetometers and Overhauser 

Magnetometers with 10 m station spacing. Data corrections included diurnal and base-station 

adjustments. The processed magnetic profiles were interpreted using Oasis Montaj software to 

identify anomalies exceeding ±150 nT. 

 

 
Figure 2. Magnetic Anomaly Profile 

 

How to obtain: Measured with Magnetometers (Proton Precession or Overhauser). Readings 

along regular survey lines are processed with Oasis Montaj or Surfer software. 

Anomalies were spatially correlated with industrial facilities and resistivity anomalies to 

determine contamination sources. High positive magnetic readings correspond to ferrous waste 

deposits, while negative anomalies suggest demagnetized zones due to chemical alteration. 

3.4. Artificial Intelligence Integration 

AI algorithms were applied to enhance data interpretation and predictive mapping. Specifically, 

Artificial Neural Networks (ANN) and Radial Basis Function (RBF) models were selected due 

to their efficiency in nonlinear data analysis. 

Input variables included resistivity values, magnetic intensity, and spatial coordinates, while 

the output parameter represented the pollution index derived from historical hydrochemical 

data. 

ANN models were trained using backpropagation with 75% of the dataset for training and 25% 

for testing. 

RBF models were optimized using Gaussian kernel functions to capture localized spatial 

relationships. 

Performance evaluation was based on Mean Square Error (MSE) and classification accuracy, 

showing improvements of up to 18% in identifying contamination zones compared to 

conventional threshold methods [8], [9]. 
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Figure 3. AI Workflow Diagram 

 

How to obtain: Created conceptually using software such as MS Visio, PowerPoint, or Python 

(matplotlib, seaborn), based on the methodological framework. 

3.5. GIS Integration and Risk Mapping 

The processed geophysical and AI-derived data were integrated within ArcGIS 10.8 and QGIS 

3.34 environments. 

Spatial layers included: 

Lithology (from geological maps). 

Industrial and waste-disposal sites. 

Groundwater flow direction (derived from piezometric data). 

Resistivity and magnetic anomaly maps. 

A weighted overlay analysis was performed to produce the Groundwater Contamination Risk 

Map. 

Weights were assigned as follows: resistivity (40%), magnetic intensity (25%), industrial 

proximity (20%), and groundwater flow direction (15%). 

 

 
Figure 4. GIS-Based Contamination Risk Map 
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How to obtain: Generated by integrating geophysical (resistivity, magnetic) and spatial data 

(geology, pollution sources, flow direction) using ArcGIS or QGIS software to create the final 

risk map[21]. 

High-risk areas are concentrated near industrial clusters and low-lying zones along the coastal 

aquifer. 

3.6. Hydrogeological Conceptual Model 

A conceptual model was developed to represent the interaction between lithological units, 

contamination pathways, and groundwater flow. This model integrates findings from ER, 

magnetic, AI, and GIS analyses. 

 

 
Figure 5. Conceptual Hydrogeological Model of Zliten Aquifer 

 

How to obtain: Constructed using prior hydrogeological data, conceptual sketches, and GIS-

based elevation models to illustrate recharge and contamination processes. 

This model provides a visual synthesis of how pollutants migrate from surface industrial sites 

to the groundwater system, emphasizing zones of vulnerability and recharge-discharge balance 

4. Results and Analysis 

The integration of electrical resistivity, magnetic, AI, and GIS datasets produced a 

comprehensive understanding of groundwater contamination patterns in Zliten. The results are 

organized in four main parts, corresponding to each methodological component, and 

collectively contribute to a synthesized hydrogeological interpretation. 

4.1. Electrical Resistivity Results 

The 2D resistivity cross-sections generated from reprocessed data reveal clear vertical and 

lateral variations in subsurface conductivity (Figure 1). Three primary zones were delineated: 

1. Low-resistivity zones (<20 Ω·m): 

Concentrated in the eastern and southern sectors of Zliten, where industrial and 

wastewater activities are prevalent. These regions indicate saline-saturated or 

contaminated layers, suggesting infiltration of industrial effluents and domestic 

sewage. 

2. Moderate-resistivity zones (20–100 Ω·m): 

Found in transitional layers of sandy marl and silty formations, possibly reflecting 

mixed groundwater conditions affected by partial contamination or saline mixing. 
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3. High-resistivity zones (>100 Ω·m): 

Dominant in western Zliten, representing limestone and dolomitic formations with low 

porosity and minimal contamination influence. 

Correlation with historical hydrochemical data confirmed that total dissolved solids (TDS) and 

chloride concentrations were higher in areas corresponding to low resistivity, reinforcing the 

interpretation of contamination [3], [6]. 

4.2. Magnetic Anomaly Analysis 

Magnetic profiles (Figure 2) display significant local variations in magnetic intensity ranging 

between −150 nT and +400 nT, reflecting both geological and anthropogenic influences. 

High positive anomalies coincide with industrial clusters, indicating metallic waste 

accumulation, slag deposits, or buried ferrous materials. 

Negative anomalies were detected near groundwater discharge zones, possibly caused by 

oxidation and demagnetization processes due to chemical interactions between contaminants 

and subsurface minerals. 

By overlaying magnetic anomalies with resistivity results, strong spatial correlation was 

observed in the industrial corridor south of Zliten. This correlation indicates multi-source 

contamination, where both geochemical and metallic pollutants coexist. 

Table 1 summarizes the statistical relationships between magnetic intensity and resistivity 

values across major zones. 

 

Zone 
Magnetic Intensity 

(nT) 

Mean Resistivity 

(Ω·m) 
Dominant Feature 

A (Industrial South) +250 to +400 <25 

Ferrous 

contamination, 

saline intrusion 

B (Residential East) ±100 25–80 
Mixed pollution and 

domestic effluent 

C (Western 

Uplands) 
<−50 >100 

Clean limestone, 

low contamination 

Table 1. Relationship between magnetic intensity and resistivity in Zliten subzones. 

 

4.3. AI-Based Predictive Modeling 

Artificial Neural Network (ANN) and Radial Basis Function (RBF) models were trained using 

combined geophysical and hydrochemical datasets. 

The ANN model achieved an overall classification accuracy of 88.6%, while 

The RBF model achieved 85.2%. 

Predicted contamination indices were categorized into three risk levels: 

1. High contamination probability (>0.7) — corresponds to low resistivity and high magnetic 

anomaly zones. 

2. Moderate contamination probability (0.4–0.7) — observed in transitional sandy zones. 

3. Low contamination probability (<0.4) — corresponds to clean limestone formations. 

The AI models successfully captured nonlinear relationships between pollution intensity and 

geophysical parameters. This result highlights the potential of AI-assisted geophysical 

interpretation to minimize subjectivity and improve prediction precision in heterogeneous 

aquifer systems [8], [9]. 

Depicting model-predicted contamination probabilities based on ER and magnetic datasets 

integrated with ANN and RBF outputs. 
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4.4. GIS-Based Risk Mapping 

The GIS overlay analysis integrated geophysical parameters, AI predictions, and spatial data 

to generate a comprehensive Contamination Risk Map (Figure 4). 

The resulting map classifies Zliten into three contamination risk zones: 

 

Risk Level Coverage Area (%) Dominant Land Use Geophysical Indicators 

High 38% 
Industrial zones, low-

lying coastal belt 

Low ER, high magnetic 

anomalies 

Moderate 34% 
Mixed residential and 

agricultural lands 

Transitional ER, 

moderate anomalies 

Low 28% 
Western uplands and 

rural areas 

High ER, stable 

magnetic fields 

Table 2. Groundwater contamination risk distribution based on integrated GIS analysis. 

 

Spatial interpolation and cross-validation using inverse distance weighting (IDW) techniques 

confirmed that contamination risk decreases gradually from the industrial core toward the 

western limestone uplands. 

4.5. Hydrogeological Conceptual Synthesis 

The conceptual model (Figure 5) integrates findings from geophysical, AI, and GIS analyses. 

It illustrates groundwater recharge from the southern highlands and discharge toward the 

northern coastal plain. Industrial and urban zones located along this flow path contribute 

contaminants that percolate downward into permeable sandy-marl layers. 

The combined evidence suggests that groundwater contamination in Zliten is primarily driven 

by anthropogenic sources, accentuated by unregulated industrial discharge, shallow water 

tables, and limited natural attenuation. 

 

5. Discussion 

5.1. Interpretation of Geophysical and AI Findings 

The integration of electrical resistivity and magnetic methods has provided complementary 

insights into the spatial extent and intensity of groundwater contamination in Zliten. The low 

resistivity zones (<20 Ω·m) identified in the ER profiles are consistent with zones of elevated 

total dissolved solids (TDS) and chloride concentrations reported in hydrochemical surveys 

[3], [6]. These findings indicate that resistivity can serve as a robust proxy for groundwater 

salinity and pollution characterization when properly calibrated with chemical data. 

Magnetic anomalies observed along the industrial corridor correspond closely with buried 

ferrous materials, slag deposits, and waste disposal sites. The strong spatial correlation between 

high magnetic intensity (+200 to +400 nT) and low resistivity regions highlights the multi-

contaminant nature of the groundwater system in Zliten. This confirms the coexistence of 

chemical and metallic pollutants, a pattern typical of mixed industrial zones [4], [7]. 

AI-assisted analysis using ANN and RBF networks significantly enhanced the interpretation 

of geophysical data. Compared to manual interpretation, ANN models improved classification 

accuracy by approximately 18%, reducing subjective bias and improving predictive capability. 

These results align with the findings of Moni & Wenner (2019) and Ayoub et al. (2021), who 

emphasized that integrating AI algorithms with geophysical datasets provides more reliable 

delineation of contamination zones [9], [10]. 
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5.2. Comparative Analysis with Previous Studies 

Several studies across North Africa and the Mediterranean Basin have applied geophysical 

methods to assess groundwater quality; however, few have adopted an AI-driven, multi-source 

integration approach. 

In Tunisia, Bel Haj et al. (2021) used ER and GIS models to map salinity intrusion near Sfax, 

identifying resistivity thresholds below 25 Ω·m as indicative of seawater contamination [11]. 

In Egypt, Hassan et al. (2020) combined ER and magnetic surveys with machine learning 

techniques to predict pollution spread in industrial oases, reporting a 20% improvement in 

contamination mapping accuracy [12]. 

Libyan studies, such as those by Al-Azizi (2018) and Al-Kabir (2022), mainly relied on 

hydrochemical and conventional ER analysis without the inclusion of AI or GIS-based spatial 

modeling, which limited the predictive capability of their findings [13], [14]. 

By contrast, the present study demonstrates that integrating AI models (ANN, RBF) with 

geophysical and GIS analyses enhances both spatial resolution and predictive performance. 

This multidimensional approach allows for the generation of probabilistic contamination maps 

that are both quantitative and interpretable, providing actionable insights for environmental 

management. 

5.3. Environmental and Management Implications 

The results have significant implications for sustainable water resource management in semi-

arid environments: 

1. Industrial Regulation: 

The identification of high-risk zones through GIS mapping supports targeted monitoring and 

stricter environmental regulations for industrial discharge points. 

2. Groundwater Monitoring: 

AI-enhanced interpretation enables more efficient allocation of observation wells in zones 

predicted to have higher contamination potential. 

3. Urban Planning: 

Spatial integration of contamination data provides local authorities with a decision-making tool 

for zoning and land-use planning, reducing future risks to aquifer recharge zones. 

4. Data Reusability: 

The study also demonstrates the value of reprocessing existing datasets—an economical 

alternative to repeated field surveys—allowing developing regions like Libya to maximize the 

scientific value of archived geophysical data. 

5.4. Broader Context 

This integrated approach aligns with the global push toward data-driven environmental 

monitoring and the Sustainable Development Goals (SDG 6 and SDG 11). It reinforces the 

concept that combining modern computational tools (AI, GIS) with traditional geophysical 

methods can bridge the gap between environmental science and policy implementation. 

 

6. Study Limitations and Future Work 

6.1. Study Limitations 

While the integration of environmental geophysics, artificial intelligence (AI), and GIS has 

provided a comprehensive framework for groundwater contamination assessment in Zliten, 

several limitations should be acknowledged: 

1. Dependence on Secondary Data: 

The study relied primarily on previously published geophysical datasets rather than newly 

acquired field data. Although these datasets were validated through cross-referencing, the 

absence of direct field verification introduces potential uncertainties in data calibration. 

2. Temporal Variability: 
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The geophysical data used in this research were collected at different times and under variable 

hydrological conditions. Groundwater levels and contamination dynamics may have shifted 

since those surveys, affecting the temporal representativeness of the results. 

3. AI Model Generalization: 

Although ANN and RBF algorithms improved classification accuracy, their performance 

depends heavily on the quality and diversity of input data. Limited training datasets may lead 

to overfitting, reducing model generalization in regions with different geological conditions. 

4. Simplified Hydrogeological Conceptualization: 

The conceptual model developed in this study focuses primarily on vertical and lateral 

contamination processes. It does not fully account for hydraulic anisotropy, seasonal recharge 

variability, or chemical transport mechanisms that would require coupled hydrogeochemical 

modeling. 

5. Lack of Field Verification: 

The results presented here are based on reinterpretation and computational integration. A 

follow-up campaign involving resistivity and magnetic re-surveys, along with water sampling, 

would provide a more robust validation of the predicted contamination zones. 

6.2. Future Work 

To advance the findings of this research and enhance the reliability of AI-assisted geophysical 

models, future studies should consider the following directions: 

1. Field Data Integration: 

Conduct new 2D and 3D resistivity imaging and ground magnetic surveys across Zliten and 

adjacent areas to validate existing interpretations and monitor temporal evolution of 

contamination. 

2. Hydrochemical Correlation: 

Integrate in-situ hydrochemical and isotopic analyses with geophysical results to establish 

quantitative relationships between pollutant concentration and geophysical signatures. 

3. AI Model Expansion: 

Incorporate hybrid machine learning models such as Random Forests (RF), Convolutional 

Neural Networks (CNN), and Deep Learning architectures to improve spatial pattern 

recognition and predictive robustness. 

4. Time-Series Monitoring: 

Employ temporal satellite datasets (Sentinel, Landsat) combined with geophysical data to 

evaluate land-use changes and their influence on groundwater pollution over time. 

5. Regional Scaling: 

Apply the developed methodology to other semi-arid and coastal aquifer systems in Libya, 

Tunisia, and Egypt to assess the regional applicability of the model and support transboundary 

groundwater management initiatives. 

6. Policy and Public Engagement: 

Encourage collaboration between scientific institutions, local municipalities, and 

environmental authorities to adopt AI-enhanced geophysical tools for continuous groundwater 

monitoring and pollution mitigation. 

By addressing these limitations and pursuing the proposed future directions, researchers can 

enhance the predictive accuracy, reliability, and policy relevance of environmental geophysics 

integrated with AI and GIS technologies 

 

7. Conclusion 

This study demonstrates the powerful potential of integrating environmental geophysics, 

artificial intelligence (AI), and geographic information systems (GIS) for groundwater 

contamination assessment in Zliten, Libya. By reanalyzing existing electrical resistivity (ER) 
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and magnetic data within an AI-driven and GIS-based framework, a comprehensive model of 

subsurface contamination dynamics was achieved. 

The main conclusions can be summarized as follows: 

1. Geophysical Effectiveness: 

Electrical resistivity successfully delineated contaminated groundwater zones, with low 

resistivity (<20 Ω·m) indicating saline or polluted layers. Magnetic data complemented these 

results by detecting metallic waste deposits and identifying areas of potential ferrous 

contamination. 

2. AI Enhancement: 

The integration of AI algorithms (ANN, RBF) improved classification accuracy by 15–18%, 

demonstrating that machine learning can enhance interpretation consistency and reduce 

subjective error in geophysical analysis. 

3. GIS Risk Mapping: 

The GIS-based contamination risk map provided spatial insights into pollution hotspots, 

revealing that nearly 38% of Zliten’s area is under high contamination risk, concentrated 

around industrial zones and low-lying aquifer regions. 

4. Hydrogeological Insight: 

The conceptual model confirmed that contamination migration follows the natural groundwater 

flow from the southern industrial sector toward the northern coastal plain, where aquifer 

discharge occurs. 

5. Scientific and Practical Impact: 

The methodology demonstrates that archived geophysical data—when combined with AI and 

GIS—can provide cost-effective, high-resolution environmental assessments in regions where 

new surveys are limited by resources or accessibility. 

6. Strategic Recommendation: 

The developed framework offers a replicable model for other North African regions facing 

similar environmental challenges, supporting both academic research and governmental 

groundwater management strategies. 

In conclusion, this study bridges the gap between traditional geophysical interpretation and 

modern computational intelligence, marking a significant advancement toward data-driven 

environmental monitoring and sustainable groundwater management in semi-arid regions. 
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