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Abstract

This study adopted an integrated approach combining hydrogeological, geophysical, and
machine learning techniques to evaluate groundwater potential in Aule Community,
Akure, Ondo State, Southwestern Nigeria. Remote sensing data, particularly the ASTER
Global Digital Elevation Model (DEM), were processed in ArcMap 10.8.2 to derive key
terrain conditioning factors such as slope and aspect, which influence surface runoff,
infiltration, and groundwater recharge. The geophysical investigation involved electrical
resistivity surveys using the Schlumberger array configuration, with 105 Vertical Electrical
Sounding (VES) stations acquired across the study area. Interpretation of the VES data
delineated five subsurface geoelectric layers: topsoil, lateritic layer, weathered layer,
partially weathered or fractured basement, and fresh basement bedrock, providing
detailed insight into aquifer geometry and subsurface conditions. These geoelectric and
hydrogeological parameters were integrated as predictor variables within a supervised
machine learning framework. A dataset comprising 40 matched well-VES control points
were used for model training and validation, with hand-dug well measurements serving
as the target variable. Two predictive models were developed: a conventional Artificial
Neural Network (ANN) and an enhanced ANN integrated with Random Kitchen Sinks
(ANN-RKS) to improve nonlinear feature representation. Using 5-fold cross-validation,
the ANN-RKS model outperformed the standard ANN, achieving MAE = 0.056, MSE =
0.006, RMSE = 0.078, and R? = 0.910, compared to MAE = 0.082, MSE = 0.012, RMSE
= 0.109, and R? = 0.801 for the ANN model. The optimized ANN-RKS outputs were
subsequently spatially interpolated within a GIS environment to generate a detailed
groundwater potential map of the study area.

Keywords: Groundwater Potential Mapping; Artificial Neural Network (ANN); Random
Kitchen Sinks (RKS); Vertical Electrical Sounding (VES); Remote Sensing and
Geographic Information System (GIS).



1. Introduction

Groundwater is one of the most important natural resources supporting domestic,
agricultural, and industrial activities worldwide. It serves as a primary source of drinking
water for billions of people, particularly in regions where surface water is scarce,
unreliable, or seasonal [39]. Compared to surface water, groundwater is generally less
susceptible to contamination and therefore provides a more dependable source of potable
water. In agriculture, groundwater contributes significantly to global food security,
supplying nearly 40% of irrigation needs, especially in arid and semi-arid regions where
dependence on groundwater is high [40]. Increasing climate variability, irregular rainfall
patterns, and the growing demand for food have further intensified reliance on
groundwater resources. Industries including power generation, pharmaceuticals, textiles,
and food processing also depend heavily on groundwater because of its naturally filtered
quality and suitability for industrial applications [12]. However, excessive abstraction, poor
management practices, and environmental pressures have resulted in groundwater
depletion, land subsidence, and declining water quality in many regions. These
challenges are further aggravated by climate change, rapid urbanization, and industrial
pollution, highlighting the urgent need for effective groundwater assessment and
sustainable management strategies [32].

Groundwater potential assessment is essential for understanding the availability,
distribution, and sustainability of groundwater resources. As global demand for water
continues to increase due to population growth, urban expansion, and climate change,
accurate evaluation of groundwater potential has become increasingly important for
ensuring long-term water security [28]. Reliable assessments support sustainable
extraction practices, help prevent over-exploitation of aquifers, and reduce environmental
problems such as land subsidence and saltwater intrusion [41]. Groundwater also serves
as a critical reserve during drought periods, particularly in water-stressed regions, making
its assessment crucial for climate resilience. In the agricultural sector, groundwater
potential evaluation supports irrigation planning and sustainable food production while
minimizing pressure on aquifer systems [61]. Furthermore, such assessments assist
policymakers in regulating groundwater development projects and ensuring equitable
allocation of water resources among domestic, agricultural, and industrial users. The
identification of groundwater recharge zones through potential mapping also enables the
implementation of measures such as afforestation and Managed Aquifer Recharge (MAR)
to improve groundwater replenishment. Recent advancements in remote sensing,
Geographic Information Systems (GIS), and Machine Learning (ML) have significantly
enhanced groundwater potential assessment by improving prediction accuracy and
supporting more informed decision-making processes [53].

Despite their widespread application, conventional groundwater assessment methods
face several limitations. Traditional approaches, including hydrogeological surveys,
geophysical investigations, and analytical or numerical models, often require extensive
field data, substantial financial resources, and considerable time investments [44].



Groundwater studies typically depend on information such as borehole logs, aquifer
characteristics, recharge measurements, and long-term monitoring records. However, in
many developing countries, these datasets are often limited, outdated, or geographically
incomplete, reducing the effectiveness of traditional modeling approaches [25].
Additionally, methods such as drilling and continuous monitoring are expensive and labor-
intensive.

Another maijor limitation of conventional techniques is their inability to adequately
represent the complex and non-linear interactions among geological, hydrological,
climatic, and anthropogenic factors influencing groundwater systems [62]. Numerical
models frequently rely on deterministic assumptions that oversimplify aquifer
heterogeneity and fail to capture natural variability [60]. Similarly, geophysical methods
such as electrical resistivity and seismic surveys, although valuable for subsurface
characterization, are often constrained by resolution limitations, environmental
interference, and interpretation uncertainties [4]. Traditional approaches also struggle to
integrate diverse datasets, including geology, soil characteristics, land use patterns,
climatic variables, and human activities, into a unified predictive framework [50].
Consequently, they often produce static representations of groundwater conditions that
cannot adequately capture long-term changes caused by droughts, excessive
abstraction, or land-use transformations [1]. Their predictive performance is particularly
limited in complex hydrogeological environments such as fractured and karst aquifers,
where groundwater flow patterns are highly heterogeneous and difficult to model
accurately [21].

To overcome these limitations, Machine Learning (ML) techniques have emerged as
powerful alternatives for groundwater potential assessment. ML models are capable of
analyzing large, multidimensional datasets and identifying hidden relationships that
traditional methods may overlook [18]. Among these techniques, Artificial Neural
Networks (ANN) and Random Kitchen Sinks (RKS) have gained significant attention
because of their ability to model complex, non-linear groundwater processes effectively.
ANN, which is inspired by the structure and functioning of the human brain, can learn
intricate relationships among variables such as rainfall, soil properties, topography,
geology, and land use without requiring predefined assumptions about these relationships
[22]. Through its multilayer architecture, ANN can capture both linear and non-linear
patterns, making it highly effective for predicting groundwater recharge, water table
fluctuations, and aquifer storage dynamics [60]. Research has consistently demonstrated
that ANN-based models outperform conventional statistical and regression approaches
in groundwater prediction tasks [37]. Furthermore, ANN can integrate data from multiple
sources, including remote sensing imagery, climatic records, and geological surveys,
thereby improving predictive performance.

However, ANN models are not without challenges. They often require large training
datasets, involve high computational costs, and are frequently criticized for their lack of
interpretability due to their “black-box” nature [45]. To address these challenges,



researchers have increasingly adopted Random Kitchen Sinks (RKS), a randomized
feature-mapping technique designed to improve computational efficiency while
maintaining predictive accuracy [30]. Unlike ANN, which depends on iterative weight
optimization through backpropagation, RKS transforms input data into a higher-
dimensional feature space using random basis functions, allowing complex non-linear
relationships to be modeled through simpler linear regression techniques [14]. RKS offers
advantages such as faster training, lower computational requirements, and reduced
susceptibility to overfitting, making it particularly suitable for groundwater studies involving
limited datasets [6].

The integration of ANN and RKS with GIS and remote sensing technologies has further
enhanced groundwater potential mapping by enabling the production of high-resolution
spatial predictions that support effective water resource management [53]. These models
can identify areas vulnerable to groundwater depletion, predict future trends, and locate
suitable recharge zones for sustainable aquifer management [9]. Although challenges
related to data quality, model interpretability, and parameter optimization remain, ongoing
research into hybrid ML approaches is improving the robustness and reliability of
groundwater predictions [48, 11]. Overal, ANN and RKS represent significant
advancements in groundwater potential assessment, offering improved accuracy,
computational efficiency, and decision-support capabilities essential for sustainable
groundwater management and long-term water security.

Groundwater remains a critical resource for domestic, agricultural, and industrial
activities; however, its effective management is hindered by the complex and non-linear
interactions among geological, hydrological, soil, and climatic factors that influence its
occurrence and distribution. As highlighted earlier, conventional groundwater assessment
methods often fail to adequately capture these complexities, leading to inaccurate
predictions and inefficient resource management. Although studies such as Olatokunbo-
Ojo and Akintorinwa [34] provided valuable insights into groundwater conditions within
the Aule Area using electrical resistivity techniques, their findings were limited by the
provision of only one-dimensional subsurface information, which could not fully represent
the area's complex geological framework. To address these limitations, this study
proposes the integration of Artificial Neural Networks (ANN) and Random Kitchen Sinks
(RKS), combining the powerful non-linear learning capability of ANN with the
computational efficiency and feature approximation strength of RKS. By leveraging multi-
source datasets and advanced machine learning techniques, the proposed ANN-RKS
framework is expected to improve the accuracy and reliability of groundwater potential
assessment. Ultimately, the study seeks to contribute to sustainable groundwater
management, reduce the risks associated with water scarcity, and support effective
planning for irrigation, water supply, and long-term resource development in the face of
increasing environmental and climatic pressures.



2. Materials and Methods

2.1 Study Area

The study area is located within Akure metropolis in Southwestern Nigeria (Fig. 1) and
lies within UTM Zone 31N, with coordinates ranging approximately from 735,000 -
738,000 Easting and 803500-805500 Northing. The area is highly accessible through a
well-developed transportation network, with llesha Garage Road serving as the major
access route, supported by several minor roads and footpaths connecting different
sections of the metropolis. This extensive road network facilitates movement within the
area and provides easy access to key locations, making the area suitable for field
investigations and groundwater exploration studies.
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Fig. 1: Location Map of the Study Area

2.2Geology of the Study Area

The study area is predominantly underlain by migmatite gneiss, as confirmed by both
geological mapping and field observations (Fig. 2). This rock formation significantly
influences the hydrogeological and geotechnical characteristics of the area, particularly
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groundwater occurrence and movement. Migmatite gneiss is a metamorphic rock formed
through partial melting and recrystallization of pre-existing gneiss under intense
metamorphic conditions [42]. It is characterized by a distinct banded structure consisting
of alternating light and dark mineral layers. The light-colored bands are mainly composed
of quartz, feldspar (orthoclase and plagioclase), and muscovite, while the dark bands
contain minerals such as biotite and hornblende. Granitic veins and pockets formed
during partial melting are also commonly present within the rock mass.

The rock exhibits coarse- to medium-grained textures with both foliated and non-foliated
characteristics resulting from the combination of gneissic and granitic components.
Structurally, the migmatite gneiss displays evidence of intense tectonic activities,
including folding, faulting, and shearing, which reflect the metamorphic and deformational
processes responsible for its formation [19]. Similar geological features, such as banding,
foliation, and granitic intrusions associated with partial melting, have been reported in
migmatite gneiss outcrops within the Ibadan Schist Belt of southwestern Nigeria [15].
These structural features are important because they enhance secondary porosity and
permeability, thereby influencing groundwater storage and flow within the basement
complex terrain.
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Fig. 2: Geological Map of Akure showing the Study Area (Modified after Falowo
et al. [13])

2.3 Data Sources
2.3.1 Remote Sensing Data

A Digital Elevation Model (DEM) of the study area was obtained from the ASTER Global
Digital Elevation Model (ASTER GDEM) database
(https://asterweb.jpl.nasa.gov/gdem.asp). The DEM served as the primary topographic
dataset for the study and was processed within a Geographic Information System (GIS)
environment to derive slope and aspect maps of the area. The slope map was used to
characterize terrain steepness and its influence on runoff and groundwater infiltration,
while the aspect map provided information on slope orientation, which affects surface
water movement, evapotranspiration, and groundwater recharge patterns. These derived
thematic layers were subsequently incorporated into the groundwater potential
assessment and mapping process.



2.3.2 Geophysical Data and Hydrogeological Investigation

A geoelectrical survey was conducted using the Vertical Electrical Sounding (VES)
technique with the Schlumberger electrode configuration. A total of 105 VES stations
were established across the study area to ensure adequate spatial coverage (Fig. 3).
Measurements of apparent resistivity were obtained by progressively increasing the
current electrode spacing about a fixed center point, with a maximum half-current
electrode spacing (AB/2) of 150 m. The acquired VES data were processed through both
qualitative and quantitative interpretation. Qualitative interpretation involved visual
examination of the sounding curves to identify subsurface layering characteristics (Fig.
4), while quantitative interpretation employed partial curve matching to obtain preliminary
layer resistivity and thickness values, Further interpretation was performed to determine
the curve types (Fig. 5). These initial parameters were subsequently refined through one-
dimensional computer modeling using the WINRESIST 2.0 software, producing the final
geoelectric parameters used for further analysis Table 1.

To validate the groundwater potential assessment, a hydrogeological investigation was
also carried out using 40 selected hand-dug wells distributed across the study area (Fig.
3). Measurements of water column levels and total well depths were obtained from the
selected wells during fieldwork. The hydrogeological data provided valuable information
on groundwater conditions within the area and served as reference data for validating the
groundwater potential maps generated from the geoelectrical and geospatial analyses.
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Table 1 shows a summary of the interpreted geoelectric result from some of the VES
data.

VES | Layers | Apparent Layer Layer Lithology Type
No. Resistivity | Thickness | Depth Curve
(ohm-m) (m) (m)
1 1 20 0.5 0.5 Top soil KH
2 44 14 1.9 Weathered
3 11 73 9.2 layer
Weathered
4 1730 - - layer
Basement
Rock
2 1 347 21 2.1 Top soil H
2 14 8.0 10.1 Weathered
3 2412 ; ; layer
Basement
Rock
72 1 120 0.8 0.8 Top soill H
2 85 6.7 75 Weathered
3 8951 - - layer
Basement
Rock
73 1 137 1.7 1.7 Top soil KH
2 866 4.3 6.0 Lateritic layer
3 117 59 11.9 Weathered
4 13098 - - layer
Basement
Rock
74 1 82 3.8 3.8 Top soill A
2 371 40.4 44 2 Weathered
3 2526 - - layer
Basement
Rock
88 1 69 3.5 1.0 Top soil K
2 643 34 6.9 Partly
weathered/Fra
3 439 - - ctured
basement
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Basement
Rock
89 1 70 1.3 1.3 Top soil H
2 42 6.0 7.2 Weathered
3 1171 - - basement
Basement
Rock
90 1 103 0.6 0.6 Top soil H
2 71 9.7 10.3 Weathered
3 4844 - - layer
Basement
Rock
102 1 39 0.9 0.9 Top soil A
2 58 7.5 8.4 Weathered
3 479 - - layer
Basement
Rock
103 1 172 0.9 0.9 Top soil H
2 85 22.8 23.7 Weathered
3 2517 - - layer
Basement
Rock
104 1 84 0.9 0.9 Top soil H
2 39 6.3 71 Weathered
3 4334 - - layer
Basement
Rock

2.4Groundwater Conditioning Factors for Potentiality Assessment

Groundwater potential assessment using remote sensing and geophysical techniques
requires the identification of key controlling factors that influence groundwater occurrence
and distribution, which are subsequently used as input variables in the predictive model
[51]. In this study, both surface-derived and subsurface-derived parameters were
considered, including aquifer resistivity, aquifer thickness, overburden thickness,
transverse resistance, hydraulic conductivity, coefficient of anisotropy, aspect, and slope.
These factors were selected because of their significant influence on groundwater
storage, movement, recharge, and overall aquifer productivity. The hydrogeological
significance of each parameter is discussed in the subsequent sections.

2.4.1 Aquifer Resistivity

The aquifer resistivity, a parameter that measures the degree of rock resistance
(resistivity/conductivity) to the flow of electric current within a geological formation,
indirectly measures aquifer water saturation and thus useful for providing relevant
information about groundwater potential of a geological terrain. Low aquifer resistivity
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inversely correlates with relatively high groundwater occurrence, with the exception of
some low permeability rocks, such as clay, which may present low resistivity but poor
groundwater potentiality [5].

2.4.2 Aquifer Thickness

Aquifer thickness refers to the measurement of the water-bearing formation's thickness
within the subsurface. This parameter plays a crucial role in characterizing aquifers and
understanding their properties. Determined from geophysical parameters, aquifer
thickness provides valuable insights into the distribution of aquifer thickness across a
specific area. Areas with relatively thick aquifer units are indicative of significantly high
groundwater potential within that region. However, it is essential to consider exceptions
such as the presence of clay material or other impermeable aquiclude materials, which
can restrict groundwater movement and affect the overall aquifer's productivity and
potential for groundwater extraction and use [2].

2.4.3 Overburden Thickness

Overburden thickness is the total of the materials overlying the fresh basement rocks. It
has been reported by several researchers to mostly influence groundwater storage
capacity in the Basement Complex terrain. Areas of thick overburden are often region of
comparatively high groundwater potential than region of less overburden cover, especially
where the terrain is less fractured and the overburden material is less clayey [33, 5].

2.4.4 Traverse Unit Resistance

Transverse resistance refers to the resistance of the subsurface materials to the flow of
groundwater. High transverse resistance means that the subsurface materials are less
permeable and have lower porosity, which can restrict the flow of groundwater [49]. This
can have several implications on groundwater potential. High transverse resistance can
limit the infiltration of precipitation and surface water into the subsurface, reducing the
amount of water available for groundwater recharge [35]. The transverse resistance can
be expressed mathematically below;

The total transverse unit resistance is defined as

T=Zh1p1+h2p2+"'hnpn (1)

2.4.5 Hydraulic Conductivity

Hydraulic conductivity is a key hydrogeological parameter that describes the ease with
which water can move through porous media such as soil, sediment, or fractured rock. It
reflects both the intrinsic permeability of the medium and the properties of the fluid,
particularly viscosity and density [23]. High hydraulic conductivity values are associated
with coarse-grained materials such as gravel and sand, which allow rapid groundwater
flow, while low values are typical of fine-grained materials like clay that restrict water
movement [57]. Understanding hydraulic conductivity is crucial in groundwater studies
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because it controls aquifer recharge rates, influences well yields, and determines the
direction and velocity of groundwater flow [3]. It is usually determined through field
methods such as pumping tests, slug tests, or laboratory analysis of soil/rock samples.
Accurate estimation of hydraulic conductivity is essential for groundwater resource
assessment, contaminant transport modeling, and sustainable aquifer management.

2.4.6 Coefficient of Anisotropy (COA)

Coefficient of Anisotropy (COA) is a dimensionless second order geophysical parameter
calculated from the transverse resistivity and longitudinal resistivity. COA shows the
degree to which the subsurface lithology is inhomogeneous [20]. The heterogeneity
measured by COA may results from fracturing or weathering which are necessary for
secondary porosity. This secondary porosity is higher with increasing COA which
ultimately indicates that, areas having higher COA will experience higher groundwater
potentiality and vice versa [63].

In this study, COA is calculated using eq. 2 — eq. 5;

COA = \/% (2)
Prr = (3)

Pic =1 )

COA= |—=x—= (9)

Where ‘P=’ is the average transverse resistivity (Qm?), ‘“zc’ is the average
longitudinal resistivity (Qm?), ‘TR’ is the total transverse resistance (Qm?), ‘LC’ is the total
longitudinal conductance (mhos), ‘H’ is the thickness of the overburden materials (m),
‘COA!’ is the coefficient of anisotropy.

2.4.7 Slope

The elevation is consequential as it reflects the ruggedness of the terrain and it is a
function of the steepness of the topographic gradient. It also controls the hydraulic
gradients of an area. Furthermore, elevation determines the direction of flow of surface
runoff and influences meteoric recharge [16, 24]. Slope plays a vital role in the infiltration
of rainfall and hence, groundwater recharge which contribute to the groundwater
potentiality [47].
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2.4.8 Aspect

Aspect is a topographic parameter that refers to the compass direction a slope faces,
usually expressed in degrees from north (0°-360°). It plays an important role in controlling
hydrological, geomorphological, and ecological processes because it influences solar
radiation, evapotranspiration, soil moisture distribution, and vegetation growth [56]. In
hydrogeological studies, aspect helps to understand how slope orientation affects
infiltration and runoff patterns, which in turn impact groundwater recharge potential [55].
Slopes facing the sun (e.g., south-facing slopes in the northern hemisphere) often
experience higher evapotranspiration, reducing water infiltration, while shaded slopes
may retain more soil moisture and favor recharge [8]. Thus, aspect analysis, often derived
from digital elevation models (DEMSs) in GIS, provides valuable insight into land surface
processes and their influence on groundwater availability and ecosystem dynamics.

2.5 Machine Learning-Based Models

Machine learning models are widely used for identifying complex patterns and making
accurate predictions across diverse fields. They are commonly classified into supervised,
unsupervised, and reinforcement learning approaches [58]. Supervised learning models,
such as Artificial Neural Networks (ANNs) and Support Vector Machines (SVMs), learn
from labeled data to predict outcomes, while unsupervised learning techniques uncover
hidden patterns in unlabeled datasets [38, 29]. Reinforcement learning optimizes
decision-making through reward-based interactions with the environment [54]. Recent
advances have led to the development of hybrid and deep learning models that combine
multiple learning techniques to improve predictive performance in complex applications
[17]. Despite their growing adoption in environmental modelling and other domains,
challenges related to data quality, bias, and model interpretability persist [46]. In this
study, a hybrid ANN-Random Kitchen Sinks (RKS) model is employed for groundwater
potential assessment.

2.5.1 Artificial Neural Network (ANN)

Artificial Neural Networks (ANNs) are brain-inspired computational models widely used
for pattern recognition, classification, and prediction tasks [31]. They comprise
interconnected layers of artificial neurons that process information through weighted
connections and activation functions. ANN learning is commonly achieved through the
backpropagation algorithm, which iteratively adjusts network weights to minimize
prediction errors and improve performance [64]. Different ANN architectures, including
feedforward, convolutional, and recurrent neural networks, have been successfully
applied across diverse domains such as image analysis, speech recognition, and time-
series forecasting [26]. Although ANNs offer strong predictive capabilities, their
performance may be constrained by issues such as overfitting, high computational
requirements, and dependence on large datasets [52]. Nevertheless, they remain one of
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the most effective machine learning techniques for modelling complex nonlinear
relationships [10].

The fundamental equation of an Artificial Neural Network (ANN) is based on the weighted
sum of inputs, followed by an activation function. The mathematical representation for a
single neuron is:

y = f(Xi wixi + b) (6)

Where: y = Output of the neuron; xi = Inputs (features); wi = Weights associated with
each input; b = Bias term; f (-) = Activation function (e.g., ReLU, Sigmoid, Tanh); n =
Number of input features

2.5.2 Random Kitchen Sinks (RKS)

Rahimi and Recht [43] developed the Random Kitchen Sinks (RKS) technique, which
uses random feature mappings to effectively approximate nonlinear kernel functions.
Conventional kernel techniques, such as the Radial Basis Function (RBF) kernel, can
have a high computational complexity, particularly when dealing with big datasets. By
converting input data into a randomized feature space, RKS solves this problem and
makes it possible for linear models to estimate intricate non-linear functions at a lower
computing cost [43]. The transformation is defined as:

¢(x) = cos(Wx + b) (7)

Where, W is a random weight matrix sampled from a Gaussian distribution; b is a bias
term, and

cos (-) serves as a nonlinear mapping function.

2.6 ANN-RKS Model Development

Artificial Neural Network (ANN) and Radial Basis Function Random Kitchen Sinks—Ridge
Regression (RKS—Ridge) models were employed to investigate the nonlinear relationship
between geophysical and hydrogeological parameters and groundwater yield. Eight
predictor variables—aspect, slope, aquifer thickness, coefficient of anisotropy (COA),
hydraulic conductivity, overburden thickness, resistivity of the weathered layer, and
traverse resistance—were used, while groundwater yield served as the target variable
and the VES identifier was excluded from the predictors. All data preprocessing, model
development, hyperparameter tuning, cross-validation, and performance evaluation were
conducted using Python programming software. The analysis utilised pandas and NumPYy for data
manipulation, TensorFlow/Keras for ANN development, and scikit-learn for data preprocessing,
random-feature generation, Ridge regression, cross-validation, and performance evaluation.
Data preprocessing involved removing whitespace from column names, replacing infinite
values with missing values, removing entirely empty columns, excluding non-numeric
predictors, and imputing missing values using the mean for ANN and the median for RKS—
Ridge. Both models employed a logarithmic target transformation, (y'= In(1+y), with
predictions subsequently converted to the original scale using (y=ey-1), and negative
predictions were set to zero. The ANN was implemented as a feed-forward multilayer

16



perceptron with two hidden layers containing 16 and 8 neurons, respectively, using ReLU
activation, a linear output layer, the Adam optimiser with a learning rate of 0.001, mean
squared error loss, gradient clipping at 1.0, a maximum of 200 epochs, a batch size of 8,
and early stopping with a patience of 20 epochs. MinMaxScaler was used to scale
predictors and the transformed target, while a random seed of 42 supported
reproducibility. The RKS-Ridge model used RobustScaler to scale predictors,
RBFSampler to approximate the radial basis function kernel through random Fourier
features, and Ridge regression with L2 regularisation. Its hyperparameters were
optimised over six equally spaced (y) values between 0.01 and 0.30, random-feature
dimensions of 200, 400, 600, and 800, and regularisation parameters (a) of 0.01, 0.1, 1,
and 5. Model performance was intended to be assessed using shuffled 10-fold cross-
validation with a random state of 42 and evaluated using mean absolute error (MAE),
mean squared error (MSE), root mean squared error (RMSE), and the coefficient of
determination (R?), calculated on the original groundwater-yield scale.

2.7 Validation and Performance Evaluation of Groundwater Potential Models

The reliability of the groundwater potential maps (GPMs) generated using the Artificial
Neural Network (ANN) and ANN-Random Kitchen Sinks (ANN-RKS) models were
assessed through validation against field data obtained from existing hand-dug wells
within the study area. Validation involved both qualitative and quantitative spatial attribute
correlation analyses, comparing predicted groundwater potential zones with well water
column measurements [27]. Water column levels were determined as the difference
between total well depth and static water level (table 2), providing an indicator of
groundwater occurrence and storage capacity [5, 7]. The degree of agreement between
groundwater potential classes and observed well conditions was used to evaluate the
predictive reliability of the generated maps. Model performance was further evaluated
using Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Squared
Error (MSE), and the Coefficient of Determination (R?). These metrics were used to
assess prediction accuracy, error magnitude, model generalization, and goodness-of-fit
[36]. The ANN-RKS model was expected to outperform the conventional ANN model by
producing lower RMSE, MAE, and MSE values and a higher R? value, indicating improved
predictive capability and robustness for groundwater potential assessment.
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Table 2: Hand-dug Well Parameters in the Study Area

Saturate
Static d
. Easting Northing Well Depth | Elevatio thicknes
Location water
(mE) (mN) (m) n (m) | s of the
evel (m) .

Aquifer
(m)

W1 737243 804308 9.5 376 7.2 2.3

W2 737105 804919 12 364 8.3 3.7

W3 736386 805774 14.2 387 11.5 2.7

W4 736200 805060 7.8 359 6.6 1.2

W5 736712 803964 11.5 380 9.4 2.1

W6 736843 803956 13.6 373 11.8 1.8

W7 737062 804605 16.5 355 10.2 6.3

W8 736525 804408 8.9 378 49 4

W9 736988 803949 11.7 362 59 5.8

W10 735559 805485 14.8 370 12.1 2.7

W11 737031 803588 9.3 381 45 4.8

W12 737622 803706 12.6 375 10.6 2

W13 736284 804199 17.2 357 14.5 2.7

W14 735472 805836 9.8 385 58 4

W15 737904 804916 11.9 360 6.7 5.2

W16 735828 806047 8.5 389 6.8 1.7

W17 736535 804656 12.8 377 8 4.8

W18 735993 805826 11.1 369 6.2 49

W19 736019 805624 9.6 384 7.4 2.2

W20 736504 805193 12.1 382 8 41
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W21 736716 805076 10.4 379 3.9 6.5
W22 736456 804993 13 353 11.6 1.4
W23 736799 803787 14.7 390 10.5 4.2
W24 736715 805078 8.2 371 4.7 3.5
W25 737102 804919 11.6 358 9.6 2
W26 737056 805076 13.4 368 1.1 2.3
W29 736835 805162 9.1 349 8.2 0.9
W28 736185 805468 141 334 8.2 5.9
W29 736778 804109 17.5 370 15.3 2.2
W30 737794 804157 12.2 349 6 6.2
W31 737533 804100 15 350 13 2
W32 737317 804928 14 376 7 7
W33 736755 805114 12 345 8 4
W34 736467 804968 20 335 9 11
W35 736473 804941 14 329 12 2
W36 736476 804915 11 332 10 1
W37 736526 804820 16 336 12 4
W38 736534 804777 14 335 13.5 0.5
W39 736762 804772 16 360 12 4
W40 736759 804555 15 359 14 1
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3. Discussion of Results

3.1 Remote Sensing Results

3.1.1 Slope Degree

The slope map (Fig. 7) classified the study area into four categories: Very Low (0°-2.71°),
Low (2.72°-4.74°), Moderate (4.75°-7.44°), and High (7.45°-14.38°). The Very Low and
Low slope classes cover approximately 74% of the study area, indicating predominantly
gentle terrain conditions. These low-gradient areas favour water infiltration and
groundwater recharge due to reduced surface runoff. Conversely, the Moderate and High
slope classes, which occupy about 26% of the area, are associated with increased runoff
and reduced infiltration, resulting in comparatively lower groundwater recharge potential.
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Fig. 7: Slope Degree Map of the Study Area

3.1.2 Aspect Degree

The aspect map (Fig. 8) classified the study area into four categories: Very Low (1°—
82.17°), Low (82.18°-172.38°), Moderate (172.39°-264.01°), and High (264.02°—
358.45°), covering approximately 22%, 18%, 35%, and 25% of the area, respectively. The
Very Low and Low aspect zones are associated with lower runoff, longer water residence
time, and enhanced infiltration, making them more favourable for groundwater recharge.
In contrast, the Moderate and High aspect zones, which dominate the study area,
promote organized surface flow, increased runoff, and reduced infiltration, resulting in
lower groundwater recharge potential.
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Fig. 8: Aspect Degree Map of the Study Area

3.2Electrical Resistivity Results

3.2.1Weathered Layer Resistivity Map

The resistivity map (Fig. 9) shows values ranging from 7 to 1,497 Om and classifies the
study area into four zones: Very Low (7-124 Qm), Low (125-264 QOm), Moderate (265—
568 Qm), and High (569-1,497 Qm). Very Low resistivity zones are associated with clay-
rich and water-saturated materials that exhibit low hydraulic conductivity and limited
groundwater potential. Low resistivity zones represent weathered formations with
moderate porosity and permeability, making them favourable for groundwater
occurrence. Moderate resistivity zones, corresponding to granular weathered materials
and fractured basement rocks, exhibit the highest groundwater potential due to enhanced
permeability and effective porosity. In contrast, High resistivity zones are indicative of
fresh basement rocks with limited pore space and generally poor groundwater storage
capacity.
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Fig. 9: Weathered layer Resistivity Map of the Study Area

3.2.2 Overburden Thickness (OT)

The overburden thickness map (Fig. 10) shows values ranging from 1.9 m to 73.8 m and
classifies the study area into four categories: Very Low (1.9-7.8 m), Low (7.9-14.3 m),
Moderate (14.4-30.7 m), and High (30.8-73.8 m). Areas with Very Low and Low
overburden thickness are characterized by shallow weathering and limited groundwater
storage capacity, making groundwater occurrence largely dependent on fractures within
the basement rock. Moderate thickness zones indicate well-developed weathered profiles
that support improved groundwater infiltration, storage, and transmission. High thickness
zones, although less extensive, possess substantial storage capacity and are the most
favourable for groundwater development. Overall, groundwater potential increases with
overburden thickness, with the Moderate and High thickness zones (214.4 m)
representing the most promising areas for sustainable groundwater exploitation.
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Fig. 10: Overburden Thickness Map of the Study Area

3.2.3 Aquifer Thickness (AT)

The aquifer thickness map (Fig. 11) reveals considerable spatial variation, with values
ranging from 0.3 m to 55.9 m and classified into Very Low (0.3—-7.3 m), Low (7.4-13.0 m),
Moderate (13.1-24.7 m), and High (24.8-55.9 m) categories. Very Low and Low
thickness zones dominate much of the study area and are characterized by limited
groundwater storage, low transmissivity, and reduced borehole yield potential. In contrast,
Moderate thickness zones exhibit improved storage capacity and transmissivity, making
them favourable for groundwater development. High thickness zones, although limited in
extent, possess the greatest groundwater potential due to their substantial saturated
thickness, enhanced transmissivity, and capacity to sustain long-term abstraction.
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Fig. 11: Aquifer Thickness Map of the Study Area

3.2.4 Hydraulic Conductivity

The hydraulic conductivity map (Fig. 12) shows values ranging from 0 to 0.052 m/day and
classifies the study area into Very Low (0-0.019 m/day), Low (0.02-0.029 m/day),
Moderate (0.03—-0.037 m/day), and High (0.038—0.052 m/day) categories. Very Low and
Low hydraulic conductivity zones are associated with low-permeability materials,
restricted groundwater flow, and poor borehole yield potential. In contrast, Moderate
conductivity zones indicate appreciable permeability and improved groundwater
transmission, making them favourable for groundwater development. High conductivity
zones, though less extensive, represent highly permeable formations with efficient
groundwater flow, high transmissivity, and strong recharge potential.
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Fig. 12: Hydraulic Conductivity Map of the Study Area

3.2.5 Transverse Resistance

The transverse resistance map (Fig. 13) classifies the study area into Very Low (72—-1,582
Qm), Low (1,583—4,299 Om), Moderate (4,300-10,136 Qm), and High (10,137-25,735
Qm) categories. Very Low transverse resistance zones dominate the area and are
associated with thin overburden or clay-rich materials, resulting in low transmissivity,
limited groundwater storage, and poor aquifer performance. Low resistance zones
indicate moderate groundwater potential, with slight improvements in aquifer thickness
and permeability. Moderate transverse resistance zones reflect favourable combinations
of aquifer thickness and resistivity, supporting enhanced groundwater storage and
transmissivity. High transverse resistance zones, although limited in extent, represent the
most favourable conditions for groundwater development due to their thick, permeable,
and well-protected aquifer systems.
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Fig. 13: Traverse Resistance Map of the Study Area

3.2.6 Coefficient of Anisotropy (A)

The coefficient of anisotropy map (Fig. 14) shows values ranging from 1.000 to 2.492 and
classifies the study area into Very Low (1.000-1.117), Low (1.118-1.275), Moderate
(1.276-1.585), and High (1.586-2.492) categories. Very Low and Low anisotropy zones
dominate the area and are characterized by relatively uniform subsurface conditions,
limited fracturing, and restricted groundwater movement, resulting in low groundwater
potential. Moderate anisotropy zones indicate increased subsurface heterogeneity,
weathering, and fracturing, which enhance secondary porosity and groundwater
transmission. High anisotropy zones, although limited in extent, are associated with
intensely fractured formations and well-connected permeability pathways, making them
the most favourable for groundwater accumulation and exploitation.
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Fig. 14: Coefficient of Anisotropy (A) Map of the Study Area

4. Groundwater Potential Model Map of the Study Area

Comparative analysis of the Artificial Neural Network (ANN) shown in Fig. 15 and ANN-
Random Kitchen Sinks (ANN-RKS) (Fig. 16) groundwater potential models revealed that
the ANN-RKS model provided superior predictive accuracy and more detailed spatial
delineation of groundwater potential zones. Both models identified areas of very low, low,
moderate, and high groundwater potential; however, the ANN-RKS model produced
clearer boundaries and more realistic transitions between hydrogeological units.

The groundwater potential maps indicate that approximately 60-65% of the study area
falls within the very low to low potential classes, reflecting generally unfavourable
conditions characterized by limited aquifer thickness, low permeability, and weak
structural development. In contrast, about 35-40% of the area exhibits moderate to high
groundwater potential, occurring as localized zones associated with favourable
hydrogeological conditions. These zones are characterized by enhanced porosity,
permeability, transmissivity, and aquifer storage capacity, making them suitable targets
for groundwater development and sustainable abstraction.

The improved performance of the ANN-RKS model is attributed to its ability to capture
complex nonlinear relationships between groundwater occurrence and controlling
hydrogeophysical parameters. High-potential zones identified by the model correspond
closely with areas exhibiting favourable resistivity characteristics, moderate to high
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aquifer and overburden thicknesses, enhanced hydraulic conductivity, and favourable
anisotropy conditions. The model also demonstrates strong agreement with transverse
resistance distributions, indicating areas with improved groundwater storage and
transmission properties. Overall, the ANN-RKS model provided a more reliable
representation of groundwater potential across the study area and was therefore
considered the preferred model for groundwater exploration and resource assessment.
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Fig. 15: ANN Groundwater Potential Map of the Study Area
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Fig. 16: ANN-RKS Groundwater Potential Map of the Study Area

4.2 Validation of the Groundwater Potential Model Map

Validation of the groundwater potential model was performed using saturated thickness
measurements from hand-dug wells and borehole yield data. The ANN-RKS model
exhibited stronger predictive performance and better agreement with observed field data
than the conventional ANN model. Spatial comparison revealed that many wells located
within moderate- to high-potential zones corresponded to productive groundwater
locations, particularly in the northwestern and southeastern parts of the study area.
However, variations in well performance within similar potential classes highlight the
heterogeneous nature of Basement Complex aquifers, where groundwater occurrence is
strongly influenced by local variations in weathering, lithology, and fracture development.
Overall, approximately 60-70% of the wells were located within moderate- to high-
potential zones, yielding a validation accuracy of about 64%. The improved performance
of the ANN-RKS model demonstrates its ability to capture complex nonlinear relationships
between hydrogeophysical parameters and groundwater occurrence. Consequently, the
ANN-RKS framework proved effective for groundwater potential assessment and
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borehole siting, although detailed site-specific investigations remain necessary to
optimize groundwater development.

4.3 Performance Evaluation of ANN and ANN-RKS Models

The performance of the ANN and ANN-RKS models was evaluated using MAE, MSE,
RMSE, and R? metrics (Table 3). The ANN model achieved MAE, MSE, RMSE, and R2
values of 0.082, 0.012, 0.109, and 0.81, respectively, indicating good predictive capability
but limited representation of complex nonlinear groundwater relationships. The ANN-RKS
model showed improved performance, with lower error values (MAE = 0.056, MSE =
0.006, RMSE = 0.078) and a higher coefficient of determination (R>= 0.91). These results
demonstrate that the incorporation of Random Kitchen Sinks enhanced the model’s ability
to capture nonlinear hydrogeophysical interactions, resulting in more accurate
groundwater potential predictions, reduced prediction bias, and stronger agreement with
field observations.

Table 3: Performance Metrics between the ANN and ANN-RKS Models

Performance Metric ANN ANN-RKS
Mean Absolute Error (MAE) 0.082 0.056
Mean Squared Error (MSE) 0.012 0.006
Root Mean Squared Error | 0.109 0.078
(RMSE)

Coefficient of Determination (R?) | 80.1% 91.0%

The comparative analysis of performance metrics clearly demonstrates that the ANN-
RKS model outperformed the conventional ANN, offering higher accuracy, improved
reliability, and greater robustness during field validation. Consequently, the ANN-RKS
model represents a more effective decision-support tool for groundwater exploration,
particularly in geologically complex terrains such as the study area.

5. Conclusion

This study integrated hydrogeological, geophysical, GIS, and machine learning
techniques to evaluate groundwater potential in Aule Community, Akure, Southwestern
Nigeria. A total of 105 Vertical Electrical Soundings (VES), hand-dug well measurements,
and terrain-derived factors such as slope and aspect were utilized to characterize
subsurface conditions and develop groundwater potential models.

VES interpretation identified five geoelectric curve types, with the H-type curve
predominating (69.5%), indicating a typical Basement Complex environment
characterized by weathered and fractured basement aquifers. The results revealed
significant spatial variability in aquifer properties, with groundwater occurrence largely
controlled by weathered layer thickness, fracturing, permeability, and lithological
composition. Although the weathered/fractured basement constitutes the principal aquifer
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unit, its generally thin and clay-rich nature imposes constraints on groundwater storage
and productivity.

The ANN and ANN-RKS models successfully predicted groundwater potential using
hydrogeophysical and terrain parameters. However, the ANN-RKS model consistently
outperformed the conventional ANN model, achieving lower prediction errors and a higher
coefficient of determination. The incorporation of Random Kitchen Sinks enhanced the
model’s ability to capture complex nonlinear relationships among groundwater
conditioning factors, resulting in improved predictive accuracy and spatial delineation of
groundwater potential zones.

Validation with hand-dug well data confirmed the reliability of the generated groundwater
potential maps, with the ANN-RKS model showing stronger agreement with observed
groundwater conditions and better representation of hydrogeological variability across the
study area. The results indicate that groundwater potential is generally low to moderate
across much of the area, with localized zones of high potential associated with favorable
aquifer thickness, hydraulic conductivity, weathering intensity, and fracture development.
Overall, the study demonstrates that the integration of geophysical data and advanced
machine learning techniques provides an effective framework for groundwater potential
assessment in Basement Complex terrains. The ANN-RKS model proved to be a robust
and reliable tool for groundwater exploration, borehole siting, and sustainable
groundwater resource management, offering improved predictive performance over the
conventional ANN approach.
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