
Academic Editor: Carmen Teodosiu

Received: 22 March 2025

Revised: 16 April 2025

Accepted: 19 April 2025

Published: 21 April 2025

Citation: Sekar, S.; Surendran, S.; Roy,

P.D.; Dar, F.A.; Nath, A.V.; Jothimani,

M.; Perumal, M. Appraisal of

Groundwater Potential Zones at Melur

in Madurai District (Tamil Nadu State)

in India for Sustainable Water

Resource Management. Water 2025, 17,

1235. https://doi.org/10.3390/

w17081235

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Appraisal of Groundwater Potential Zones at Melur in Madurai
District (Tamil Nadu State) in India for Sustainable Water
Resource Management
Selvam Sekar 1 , Subin Surendran 1,2, Priyadarsi D. Roy 3 , Farooq A. Dar 4, Akhila V. Nath 1 ,
Muralitharan Jothimani 5,* and Muthukumar Perumal 1

1 Department of Geology, V.O. Chidambaram College, Thoothukudi 628008, Tamil Nadu, India;
geoselvam10@gmail.com (S.S.); subin3566@gmail.com (S.S.); akhilavnath@gmail.com (A.V.N.);
muthukumargeo24@gmail.com (M.P.)

2 Affiliated to Manonmaniam Sundranar University, Tirunelveli 627012, Tamil Nadu, India
3 Instituto de Geología, Universidad Nacional Autónoma de México (UNAM), Ciudad Universitaria,

Ciudad de México 04510, CP, Mexico; priyadarsi1977@gmail.com
4 Department of Geology, University of Kashmir, Srinagar 190006, Jammu and Kashmir, India;

farooq.dar1@gmail.com
5 Department of Geology, College of Natural and Computational Sciences, Arba Minch University,

Arba Minch P.O. Box 21, Ethiopia
* Correspondence: muralitharan.jothimani@amu.edu.et; Tel.: +91-994-466-450

Abstract: Overextraction of groundwater, as well as rapidly changing land use patterns,
climatic change, and anthropogenic activities, in the densely populated Melur of Tamil
Nadu state in India, has led to aquifer degradation. This study maps the groundwater
potential (GWPZ) by evaluating 678 km2 of this region in the Analytical Hierarchy Processes
(AHP) and by using remote sensing and GIS tools as part of SDG 6 for the sustainable
management of drinking, irrigation, and industrial uses for future generations. Data
information layers, such as aquifer (a), topography (t), lineaments (l), land-use/land-cover
(LuLc), soil (s), rainfall (r), and drainage (d) characteristics, separated the study area
between poor and excellent groundwater potential zones with 361 km2 or 53% of the
study area remaining as low GWP and the prospective excellent groundwater potential
zone covering only 9 km2 (1.3% of total area). The integrated approach of the GWPZ
and Water Quality Index (WQI) can effectively identify different zones based on their
suitability for extraction and consumption for better understanding. This study also
evaluates the performance of three machine learning models, such as Random Forest (RF),
Gradient Boosting, and Support Vector Machine (SVM), based on a classification method
using the same layers that govern the groundwater potential. The results indicate that
both the RF model and Gradient Boosting achieved 100% accuracy, while SVM had a
lower accuracy of 50%. Performance metrics such as precision, recall, and F1-score were
analyzed to assess classification effectiveness. The findings highlight the importance of
model selection, dataset size, and feature importance in achieving optimal classification
performance. Results of this study highlight that the aquifer system of Melur has a low
groundwater reserve, and it requires adequate water resource management strategies such
as artificial recharge, pumping restriction, and implementation of groundwater tariffs
for sustainability.

Keywords: groundwater; groundwater potential mapping; analytical hierarchy process;
machine learning; Tamil Nadu state; India
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1. Introduction
Groundwater, a vital resource, supports the global societies in multiple ways [1–3].

Approximately 42% of the total population is directly dependent on this resource for the
necessities as well as for the livelihood [4–6]. However, the groundwater resources have
been overexploited due to increasing industrialization [4], agricultural activities [7], and
urbanization [8]. The Sustainable Development Goal 6 (SDG 6) provides a blueprint for the
availability of safe water and its sustainable management as part of the 2030 agenda. India,
with the largest population in the world, also consumes the highest volume of groundwater,
and thus, its exploited wells have been continuously rising [9–12]. Estimates show that
almost 60% of its aquifers would become critical by 2025 [13–15]

This common source of freshwater is dominantly used for the drinking water supply,
agriculture, and animal farming in the Tamil Nadu state of India [16]. However, the de-
pleting groundwater levels have impacted the water resource quantity and quality [16–18].
Groundwater exploitation is represented by the ratio of annual abstraction to yearly total
water available, and its average value for the Tamil Nadu state is 70% [19]. The current
annual groundwater extraction and recharge volumes for this state are 14.4 and 21.1 billion
cubic meters, respectively [19]. Similarly, the groundwater withdrawal is about 68% of
the annual recharge [12]. These values indicate that groundwater is being pumped at
an extremely alarming rate in the state of Tamil Nadu [20]. In addition to their depleted
nature [17], the complexity in aquifer systems of this region is represented by the geology
comprising charnockite, khondalite, and migmatite gneisses, and they exhibit low storage
and movement. The judicious use and sustainable management of these aquifers require
effective strategies as designed in the other parts of the world [21] and India [12,22,23]. The
delineation of the groundwater potential of any area is an important step for evaluating the
aquifer sustainability [24,25]. It is carried out using the Analytic Hierarchy Process (AHP),
which uses the multi-criteria decision-making method [26,27]. GIS and remote sensing
technologies, incorporated into the AHP, have helped to synthesize the large datasets
and to provide accurate results [27–36]. In the drought-prone Sivagangai district, ref. [37]
delineated four major groundwater potential zones through the integration of thematic
layers, such as geology and slope, validated by groundwater level maps, and proposed
the implementation of artificial recharge structures to enhance groundwater resources. In
the Cuddalore district [38], GIS and AHP were employed to map groundwater potential
zones, identifying high infiltration rates in coastal areas with flat topography and lower
groundwater potential in regions with steep slopes. Similarly, ref. [39] utilized GIS and
AHP in the Chennai River Basin, achieving an accuracy of 78.43% in delineating groundwa-
ter potential zones. In the Vaigai River upper basin, ref. [40] applied GIS-based weighted
overlay analysis to identify suitable zones for groundwater recharge and recommended
site-specific artificial recharge structures to mitigate water scarcity.

Groundwater potential zone mapping has been assessed using statistical methods,
including the Analytic Hierarchy Process (AHP), in different regions of the world [31,41,42].
However, dynamic interactions and nonlinear changes over time could be underestimated
by conventional statistical approaches [24]. On the other hand, machine learning (ML)
methods are growing increasingly effective because of their ability to identify intricate
connections and predict the location of groundwater. For groundwater mapping, previous
investigations have employed a number of machine learning approaches, such as Random
Forest (RF), K-Nearest Neighbor (KNN), Gradient Boosting (GB), Support Vector Machine
(SVM), and artificial neural network (ANN) [43–45]. Several locations have used these
models, including India [46], China [47], Bangladesh [48], Pakistan [49], Tunisia [50], and
Botswana drylands [51]. Previous studies have been performed in the Madurai district
in a broader context, but there has not been any research performed specifically at the
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Melur block. Recent studies using GIS and remote sensing techniques, ref. [52] investigated
groundwater potential zones in the Madurai district’s hard rock terrain, concentrating
on thematic layers including geology, geomorphology, and slope. Ref. [53] used remote
sensing and fuzzy AHP to evaluate the groundwater potential in Madurai city, finding
important factors such as drainage density, geology, and land use. However, none of
these studies specifically address the Melur block, an important region within the Madurai
district that faces unique hydrogeological challenges. In order to reveal hidden patterns
and relationships in groundwater data, these machine learning techniques make use of
artificial intelligence. Researchers can precisely determine groundwater potential zones
and make well-informed management decisions by utilizing RS and GIS through AHP and
ML approaches. These methods allow for the effective mapping of groundwater resources
while taking into account a number of variables that affect the presence and behavior
of groundwater. Further study in this area will help create sustainable water resource
management plans and advance our knowledge of groundwater dynamics.

Although groundwater potential zone mapping has utilized the use of singular models,
ensemble models that integrate statistical and machine learning techniques have also shown
acceptable accuracy. These ensemble models provide a combination of techniques, utilizing
the advantages of machine learning and statistics [44]. Several kinds of machine learning
models can be used to help researchers make use of different methods in their attempts
at accurate mapping of groundwater potential. Assessing groundwater availability has
historically been difficult due to factors such as accuracy, climate change, and a lack of data.
By using an innovative approach integrating machine learning algorithms for mapping the
sustainable groundwater potential zone in Melur, Madurai District, Tamil Nadu, India, this
study addresses this gap.

Gradient Boosting (GB), Random Forest (RF), and Support Vector Machine (SVM)
are three machine learning (ML) models that will be used in this study, along with the
conventional AHP technique to map groundwater potential zones in the Melur Madurai
District. The study enhances groundwater mapping’s accuracy and efficiency by including
these models, exceeding traditional methods. This promotes the selection of suitable
groundwater resource management plans and regulations. Being the first study to use
machine learning techniques in the region of Melur, Madurai, it addresses a significant
knowledge gap. Additionally, selecting the best-performing model among them becomes
quite difficult because each model produces a profound impact, although there are a number
of limitations on how each ML technique may predict a region’s potential. The aquifers here
are least replenishable and might deplete further in the absence of any suitable measures
in the near future [54]. The developed maps of GWPZ provide valuable information for
water users and policymakers to develop sustainable strategies for the preservation of
groundwater resources in this region, as well as in other regions with similar geomorphic
and geologic characteristics within India.

Globally, numerous studies have applied GIS-based multi-criteria decision-making
(MCDM) techniques and machine learning models to delineate groundwater potential
zones; however, many are either region-specific or lack integration of both surface and
hydrogeological variables in a data-scarce environment. In comparison, limited research
exists for the Madurai region that combines geospatial analysis with advanced modeling
techniques to evaluate groundwater potential with a focus on both spatial heterogeneity
and model interpretability. The current study addresses this gap by integrating physical
parameters with machine learning-based feature analysis to assess groundwater potential
across a relatively uniform terrain. The key objectives of this research are as follows: (i) to
delineate groundwater potential zones using a combination of geospatial and data-driven
approaches; (ii) to evaluate the interrelationship between influencing parameters; (iii) to
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assess the effectiveness of different machine learning models in capturing groundwater
potential. The novelty of this study lies in its application of both visual analytics (such as
correlation maps and pair plots) and model-based accuracy assessment to interpret complex
parameter interactions, offering a more robust and scalable approach to groundwater
assessment compared to conventional methods.

2. Materials and Methods
2.1. Choosing the Parameter

The availability, storage, and dynamics of groundwater resources are influenced by the
geomorphology, slope, aquifer type, soils, structures, lineaments, and drainage conditions
of a region. Similarly, the groundwater recharge is influenced by precipitation, rate of
percolation, LuLc, and climate. Therefore, the mapping of groundwater potential areas
requires the analysis of the above-mentioned factors and processes [27,55–58]. Keeping this
in view, the present study analyzed eight data layers to assess the groundwater potentiality
in the ArcGIS (Version 10.1) software using a systematic procedure as shown in the flow
chart (Figure 1). The thematic maps were generated in UTM Projection with Datum WGS84,
Zone 44, and with an accuracy of 30 m.
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in the study area.

2.2. Data Acquisition

The geology and geomorphology maps were generated using the data from the survey
of India toposheet 58/F and Bhuvan (a web-based platform by the Indian Space Research
Organization, ISRO). The soil map of the study area was created using data collected
from the Food and Agriculture Organization (FAO) digital soil map. Rainfall data from
the Indian Meteorological Department was processed employing the Inverse Distance
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Weighted (IDW) interpolation [59]. The elevation data from the Shuttle Radar Topography
Mission Digital Elevation Model (SRTM DEM) downloaded from USGS Earth Explorer
were used to analyze the drainage density, slope, and lineament density. The images from
the Landsat-8 sensor (USGS Earth Explorer) were used to categorize the LuLc classes of
the area.

Water samples were collected from borewells and Handpumps from 52 different
locations (Supplementary Table S1) in the Melur block of Madurai district in January 2023,
following the standard procedures outlined by the American Public Health Association [60].
The collection and analysis of various water parameters were conducted using methods
from [33,61]. Prior to sample collection, all plastic bottles were thoroughly washed, dried,
and rinsed with the water to be sampled. Groundwater level measurements were conducted
during the post-monsoon season in January 2023, a period that typically reflects recharged
aquifer conditions following seasonal rainfall. Level Data were collected from existing open
wells and bore wells throughout the study area using a water level indicator tape with an
accuracy of ±1 cm. All wells were allowed to stabilize before recording to ensure accuracy.

Analytical Techniques

After the sample was collected, the bottles were taken to the Environmental Geo-
chemistry laboratory, Department of Geology, V.O. Chidambaram College, in a cooler box
to avoid unusual changes in water quality and stored at 4 ◦C for further analysis. pH,
Electrical conductivity, TDS, and salinity were analysed with the help of a multi-parameter
probe (HANNA HI98194, USA). The titration method was used to analyze magnesium,
bicarbonate, chloride, and sulfate. Sodium, potassium, and calcium were analysed using
a Flame Photometer (ELICO CL22D, India) following the standard methods. Fluoride
was analysed using an ion-selective electrode (ISE) along with an ion analyzer (ELICO
LI126, India). Nitrate and phosphate are analysed using a Visible Spectrophotometer (AN-
TECH, India). All the analyses were performed using the methods mentioned in APHA
(23rd Edition).

2.3. Multi-Criteria Decision Making

Analytical Hierarchical Process (AHP) is commonly employed to solve a complex
decision-making problem because it is an unbiased tool and hence can make an accurate
judgment. This multi-step mathematical and analytical method initiates by selecting the
criteria or parameters such as geology, geomorphology, lineament density, LuLc, rainfall,
slope, soil, and drainage density. They were ranked using the [62] scale of (1–9) as shown
in Table 1. The weight/rank method is based on the relative importance and influence of
each other. A judgment matrix/pairwise comparison matrix was adopted into rows (B)
and columns (A) as shown in Table 2, and the normalization was tested by calculating the
Consistency Ratio (CR), Equation (1) [39]:

CR = CI/RI (1)

where the Consistency Index CI is a measure used to assess the consistency of pairwise
comparisons (consistent < 0.10 and inconsistent > 0.10 [62]; Equation (2)), RI is a random
index (Table 3), and n is the number of criteria involved.

CI = (λ_max − n)/(n − 1) (2)
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Table 1. Saaty’s scale of relative importance of different values used in the AHP model.

Intensity of Relative Importance Definition

1 Equal importance

3 Moderate importance of one over another

5 Strong Importance

7 Demonstrated

9 Absolute

2,4,6,8 Intermediate values between two adjacent
judgments

Table 2. Pair-wise comparison matrices and weight of eight thematic layers developed in the study.

Criteria GM LD GG RF LULC SL DD S Criteria Weight

Geomorphology
(GM) 8 7 6 5 4 3 2 1 0.37

Lineament Density
(LD) 8/2 7/2 6/2 5/2 4/2 3/2 2/2 1/2 0.184

Geology (GG) 8/3 7/3 6/3 5/3 4/3 3/3 2/3 1/3 0.122

Rainfall (RF) 8/4 7/4 6/4 5/4 4/4 3/4 2/4 1/4 0.092

Land use/Land cover
(LULC) 8/5 7/5 6/5 5/5 4/5 3/5 2/5 1/5 0.073

Slope (SL) 8/6 7/6 6/6 5/6 4/6 3/6 2/6 1/6 0.061

Drainage density
(DD) 8/7 7/7 6/7 5/7 4/7 3/7 2/7 1/7 0.052

Soil (S) 1 7/8 6/8 5/8 4/8 3/8 2/8 1/8 0.046

Table 3. RI for different values of N used in the Saaty scale.

The Consistency Incidences of Randomly Generated Reciprocal Matrices (Saaty 1990)

Order of the Matrix

N 1 2 3 4 5 6 7 8 9 10 11 12

RI Values 0.00 0.00 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.49 1.51 1.48

The weighted overlay analysis was used on the weights provided in the spatial format
(Table 4), and the weighted sum of thematic layers was calculated using Equation (3) [63].

GWPI = [(GgwGgr + Rw Rr + GmwGmr + SwSr + SlwSlr + DdwDdr + LuLcw LuLcr + LdwLdr)] (3)

where GWPI represents the groundwater potential index, Gg is geology, RF is rainfall, Gm
is the geomorphology, S is soil, Sl represents the slope, LuLc is the land-use/land-cover, Dd
is the drainage density, Ld represents the lineament density, w denotes weight of the layers,
and r is rank of the layer. The map provides five zones dividing the study area between
very high and very poor groundwater potential.
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Table 4. Weight and rank of criteria and sub-criteria influencing the groundwater potential zones in
the area.

Criteria Sub-Criteria Rank Sub-Criteria Weight

Geomorphology

Dissected hills and Valleys 1 37

Pediment Pediplain complex 3 111

Quarry 2 74

Water body 5 185

River 5 185

Lineament Density

Low 1 18

Medium 2 36

High 3 54

Very high 4 72

Geology

Charnockite gneissic complex 2 24

Khondalite gneissic complex 2 24

Migmatite gneissic complex 1 12

Rainfall

1015 1 9

1035 2 18

1059 3 24

1082 4 36

1104 5 45

LULC

Barrenland 1 7

Built-up land 2 14

Vegetation 3 21

Water body 4 28

Slope

0–1 5 30

1–4 4 24

4–9 3 18

9–19 2 12

>19 1 6

Drainage Density

Low 4 20

Medium 3 15

High 2 10

Very high 1 5

Soil
Loam 2 8

Clay loam 1 4

2.4. Water Quality Index (WQI)

The Water Quality Index (WQI) is a method used to assess the overall quality of water
for human consumption by combining various water quality parameters. It is commonly
used to determine the suitability of water for domestic use. In this study, the Weighted
Arithmetic Water Quality Index was calculated following the established methods [33]. The
analysis involved water quality parameters, including pH, turbidity, electrical conductivity
(EC), total dissolved solids (TDS), salinity, chloride (Cl−), bromide (Br−), nitrate (NO3

−),
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phosphate (PO4
3−), sulphate (SO4

2−), sodium (Na+), calcium (Ca2+), magnesium (Mg2+),
and potassium (K+) from 52 water samples.

Each parameter was assigned an average weight value between 1 and 5 based on its
significance for water quality and human health. The average weight value (AW) between
1 and 5 was assigned for each parameter.

The initial step was to calculate the relative weight (Rw) for each parameter, as in
Equation (4) [64]:

Rw =
Aw

∑n
i=1 Aw

(4)

The next step involved calculating the quality rating (Qi) by dividing the measured
concentration (Ci) of each parameter by its permissible limit (Si) according to WHO guide-
lines, then multiplying by 100, as shown in Equation (5) [65]:

Qi =
Ci
Si

(5)

In the next step, the Sub-indices (SIi) for each parameter were calculated (Equation (6)) [66],
and finally, the overall WQI was determined, as shown in Equation (7) [67]:

SIi = Rw × Qi (6)

WQI = ∑n
i=1 SIi (7)

Based on the WQI value, the water was classified into five categories, ranging from
WQI (0–25) as Excellent to WQI (26–50) as Good, WQI (51–70) as Poor, WQI (71–100) as
Very Poor, and WQI > 100 as Unsuitable.

2.5. Machine Learning Approach
2.5.1. ML Models

Each machine learning (ML) technique has its own unique characteristics. Random
Forest (RF) is a supervised machine learning approach that is frequently utilized in Python
(Version 3.13) for both classification and regression. For classification, continuous variable
datasets are used, and regression analysis is performed on categorical datasets. In compari-
son to other traditional machine learning techniques, the RF method is more effective when
analyzing vast data sets and provides excellent prediction accuracy and explicability [68].
Another supervised machine learning method for classification and regression is SVM.
SVM models operate more quickly and produce better results when the data is limited and
easily identified [69].

Machine learning depends on data-driven methods; every model has its own advan-
tages as well as disadvantages. To identify the Groundwater potential, we are unable to
make any decisions based on a single model. So, three models are employed in this study
for groundwater potential zonation so that we may compare the various models and obtain
an extensive understanding of the groundwater status in this specific area.

Potential groundwater map creation is now considered an emerging topic. Over the
past few years, an enormous amount of research has been conducted on this particular
topic. GWPZ mapping and identification can be broadly categorized into location-based,
statistical approach, physical-based method, and so on. The ML technique is regarded as an
innovative approach in the field of GWPZ due to the development of AI. Because of their
significantly higher assessment and prediction efficiency compared to the conventional
method, the Support Vector Machine (SVM), Random Forest (RF), and Gradient Boost (XGB)
algorithms are frequently employed to identify groundwater zones. The above-described
method of GWPZ identification involves complex processing steps, and most of the time,
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researchers must employ multiple software packages. In the present study, we used the
programming language Python (Version 3.13) for analysis.

2.5.2. Data Pre-Processing

The target variable in this study was the classified groundwater potential zones using
the above AHP technique, and the dataset included several features affecting groundwater
potential as mentioned above. Data preprocessing was the initial phase, during which
Label Encoding was used to encode the categorical target variable. All feature values were
standardized using the Standard Scaler technique to ensure equal distribution and avoid
biased learning, as machine learning models perform best with normalized numerical data.

The dataset was divided into an 80:20 ratio, with 80% of the data being used for
training and the remaining 20% for testing, aiming to efficiently train and test the models.
There were three models used for classification. The Random Forest Classifier is a decision
tree-based ensemble learning technique that combines several trees to increase prediction
accuracy and avoid overfitting. The Gradient Boosting Classifier is a boosting technique
that improves prediction power by iteratively building trees and fixing mistakes from earlier
iterations. A kernel-based classification technique called the Support Vector Machine (SVM)
determines the best hyperplane for dividing several groups of groundwater potential.

The training dataset was used to train each model, and the test dataset was used to
make predictions. Classification criteria like accuracy, precision, recall, and F1-score were
used to evaluate performance. To further visualize misclassifications, a confusion matrix
was produced for every model. In addition to assessing accuracy, the Random Forest
model was used to conduct a feature importance analysis in order to determine the most
important factors influencing the classification of groundwater potential. Additionally,
a correlation heatmap was created to analyze feature correlations and evaluate potential
multicollinearity problems.

3. Study Area
Melur is located in the Madurai district of Tamil Nadu state in India (Figure 2). This

area, with an extension of 678 km2, has agriculture as the major occupation and economic
driving force. The Vaigai River flows through it by bisecting the district almost equally. This
Madurai region receives an annual mean rainfall of 902 mm, and the geology is represented
by crystalline Archean to Proterozoic rocks comprising charnockite and khondalite groups
with the migmatite derivatives. The groundwater movement occurs through interconnected
shallow and deep fractures in the confined and semi-confined aquifers [70].
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4. Results
4.1. Geology

The major rock types include crystalline rocks consisting of charnockite and khon-
dalites. A majority of the Melur area also has exposures of migmatite gneissic complex
(Figure 3a) covering the southern and central regions, representing a significant portion of
the area. The Khondalite Gneissic Complex is primarily concentrated in the northern region,
while the Charnockite Gneissic Complex appears in scattered patches in the northern and
central regions. These geological formations influence the area’s groundwater potential,
with the Khondalite and Charnockite regions showing higher groundwater potential due
to their lithological characteristics. In these terrains, the groundwater is sustained through
the secondary porosity, such as percolation through the fractured and highly weathered
crystalline rocks [70].
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4.2. Geomorphology

Among the eight thematic layers, the geomorphology influences the groundwater
occurrence and flow [71]. The landform map shows distinct geomorphological units viz.
pediment and pediplain complex covers approximately 450 km2, representing about 66.3%
total area, weathered hills/valleys cover roughly 90 km2 or 13.3% of the area, quarry
and mine areas occupy around 35 km2 or 5.1% of the study area, and river and water
bodies covering approximately 60 km2 (8.8%) and 43 km2 (6.5%), respectively (Figure 3b).
Pediments and pediplains are common. Manmade depressions like quarries generate
artificial groundwater recharge [72]. Rivers and other water bodies also recharge the
aquifers and encourage the groundwater potential.

4.3. Lineaments

Lineaments comprise mainly faults or fractures, as well as subsurface structural
features like lithological boundaries and the drainage profiles [73]. The map of lineament
(Figure 3c) indicates that the study area exhibits low lineament density. Lineament density
is highest in the northern parts, favoring the recharge through fractures, joints, and fissures.
The interconnected fractures, along with a pressure gradient, encourage the groundwater
flow from the high to the low lineament areas.

4.4. Land Slope

Surface slope inversely affects the rate of recharge, with the steep slopes encourag-
ing more runoff and the gentle slope favoring infiltration due to prolonged residence
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time [74,75]. The areas with gentle slope have higher groundwater potential than the steep
slope regions [27]. The slope map shows an overall gently sloping topography, and the
steeply sloping features resembling hills are found in the central and western regions. The
isolated valleys, similar to the depressions, are present in the northern region (Figure 3d).

4.5. Land-Use/Land-Cover (LuLc)

Land use/land cover (LuLc) data is essential to characterize the runoff, evapotranspi-
ration, and percolation [76]. The LuLc map shows four major classes, with about 53.1% of
the area covered by vegetation or cropland. This LuLc class favors recharge and storage of
the groundwater (Figure 4a). About 41% of the area is barren or uncultivated land, 16.55%
is represented by the residential buildings or urbanization, and 23.9% of the area is covered
by water bodies.

Water 2025, 17, x FOR PEER REVIEW 11 of 26 
 

 

Lineaments comprise mainly faults or fractures, as well as subsurface structural fea-
tures like lithological boundaries and the drainage profiles [73]. The map of lineament 
(Figure 3c) indicates that the study area exhibits low lineament density. Lineament density 
is highest in the northern parts, favoring the recharge through fractures, joints, and fis-
sures. The interconnected fractures, along with a pressure gradient, encourage the 
groundwater flow from the high to the low lineament areas. 

4.4. Land Slope 

Surface slope inversely affects the rate of recharge, with the steep slopes encouraging 
more runoff and the gentle slope favoring infiltration due to prolonged residence time 
[74,75]. The areas with gentle slope have higher groundwater potential than the steep 
slope regions [27]. The slope map shows an overall gently sloping topography, and the 
steeply sloping features resembling hills are found in the central and western regions. The 
isolated valleys, similar to the depressions, are present in the northern region (Figure 3d). 

4.5. Land-Use/Land-Cover (LuLc) 

Land use/land cover (LuLc) data is essential to characterize the runoff, evapotranspi-
ration, and percolation [76]. The LuLc map shows four major classes, with about 53.1% of 
the area covered by vegetation or cropland. This LuLc class favors recharge and storage 
of the groundwater (Figure 4a). About 41% of the area is barren or uncultivated land, 
16.55% is represented by the residential buildings or urbanization, and 23.9% of the area 
is covered by water bodies. 

 

Figure 4. (a–d). Map showing land use/land cover (LuLc), soil, rainfall, and drainage density in the 
Melur region. 

Figure 4. (a–d). Map showing land use/land cover (LuLc), soil, rainfall, and drainage density in the
Melur region.

4.6. Soil

Soils affect recharge by permitting water infiltration, as the highly permeable soil
allows more recharge. The dominant soil types in the study area are represented by clay
loam and loam soil. Clay loam has a higher percentage of clay, and its low permeability
inhibits the groundwater infiltration. Loam soil, consisting of equivalent proportions of
sand, silt, and clay, provides more permeability and allows more groundwater recharge [77].
The clay loam covers the entire area except for the northern region, whereas the loam soil is
restricted to the northern part (Figure 4b).
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4.7. Rainfall

The rate of infiltration is influenced by the amount of rainfall [28]. The duration,
intensity, and pattern of rainfall control the recharge process. Low-intensity rainfall for
many days is generally suitable for recharge [78]. In the study area, the northeastern
monsoon is the major contributor of precipitation. The rainfall map illustrates between
1015 mm and 1104 mm of average annual precipitation, with the highest values located in
the northern area. In general, the overall distribution shows comparable rainfall throughout
the study area (Figure 4c).

4.8. Drainage Density

Drainage density, a measure of the length of streams per unit area of the basin, also
impacts the groundwater resources. High drainage density promotes more runoff and low
groundwater recharge. The drainage density is categorized into four classes: low density
(high groundwater potential), moderate density, high density, and very high density (low
groundwater potential) [79,80]. Figure 4d illustrates that the central parts have high
drainage density and consequently the least groundwater prospects.

4.9. Hydrogeochemical Characteristics

pH levels in the Melur region range from 7.0 to 8.1. The southern region shows slightly
alkaline water (up to 8.1), likely due to geological formations or human activities such
as agriculture or industry. The central and northern regions have near-neutral pH levels
(7.0–7.5), indicating stable and suitable water. The slight alkalinity in the southern parts
may require periodic monitoring to maintain water quality.

Electrical Conductivity (EC), which indicates salinity and dissolved ions, ranges from
790 to 2010 µmho/cm. The southern region has higher EC levels, especially in areas
with lower water levels, due to evaporation. The central region shows moderate EC
levels (950–1690 µmho/cm), while the northern region has the lowest values, starting at
790 µmho/cm, suggesting fresher water. High EC in the south may affect water usability
for drinking and irrigation, as salinity can harm crops and human health.

Total Dissolved Solids (TDS), which measure dissolved substances in water, range from
422 to 1054 mg/L. The southern region has higher TDS levels, often exceeding 1000 mg/L,
likely due to rock–water interaction or agricultural runoff, making the water unsuitable for
direct consumption without treatment. The central and northern regions have moderate to
low TDS levels (422–855 mg/L), remaining within permissible drinking water limits.

Calcium (Ca++) and Magnesium (Mg++) are key indicators of water hardness. In the
study area, calcium levels range from 50 to 118 mg/L, and magnesium levels range from
29 to 84 mg/L. The southern region has higher calcium levels, often above 100 mg/L, and
magnesium levels reaching 84 mg/L, leading to harder water. This is caused by natural
rock–water interaction. The northern region has lower calcium levels (50–60 mg/L) and
magnesium levels below 29 mg/L, resulting in softer water. Sodium (Na+) and Potassium
(K+) are important for assessing water salinity and irrigation suitability. Sodium levels
range from 58 to 156 mg/L, with higher concentrations in the southern and central regions,
which can affect soil quality and crop growth. The northern region has lower sodium levels
(58–97 mg/L), making the water better for agriculture. Potassium levels are low across all
regions, ranging from 2 to 7 mg/L, indicating little human impact, such as fertilizer runoff,
on water quality.

Anions like Chloride (Cl−), Sulphate (SO4
2−), and Bicarbonate (HCO3

−) are the main
indicators of water quality. Chloride levels range from 72 to 330 mg/L, with higher levels
in the southern region (over 300 mg/L), likely due to agricultural runoff, salt leaching,
or weathering. Excess chloride can make water salty and unsuitable for drinking. The
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central and northern regions have moderate chloride levels (72–180 mg/L), indicating
better water quality.

Sulphate levels vary between 48 and 180 mg/L. The southern regions show higher
sulphate concentrations (above 150 mg/L), which can cause a bitter taste and gastrointesti-
nal issues. In the northern regions, sulphate levels are lower (below 100 mg/L), indicating
good water quality. Bicarbonates range from 180 to 360 mg/L, with higher levels in the
southern regions contributing to alkalinity and water hardness.

The Water Quality Index (WQI) combines several parameters to assess overall water
quality. WQI values range from 57.07 to 120.82. The southern regions have excellent water
quality (WQI below 60), suitable for all purposes. The central regions show moderate
quality (WQI 70–90), where treatment may be needed for drinking. The southern regions
face poor water quality, with WQI exceeding 100 (up to 120.82), caused by high TDS, EC,
and hardness. Immediate steps like water treatment and source protection are required to
improve water quality in these areas.

5. Discussion
5.1. Mapping Groundwater Potential Zones

The groundwater potential zone (GWPZ) estimation shows five divisions within the
study area covering about 678 km2, i.e., poor, low, moderate, high, and Excellent potential
(Figure 5). The area with low potential covers about 361.16 km2. i.e., about 53% of the
total surface, and the very low potential zone is restricted to approximately 15.41 km2 or
2.2% of the surface. The moderate potential zone represents approximately 248.14 km2

and covers 36.5% of the area. High potential and excellent potential zones cover only
approximately 45.20 km2 (6.6%) and 9 km2 (1.3%) of the study area, respectively (Table 5).
The northern area has excellent groundwater potential, and these areas comprise crystalline
lithologies such as Khondalite-gneiss, Charnockite group of rocks, and small patches of
Migmatite-gneissic group of rocks. The hard rock terrains are generally unfavorable for
recharge, but the high lineament density might have favored more infiltration to the aquifer.
The dissected valley in the northern region could have also favored high infiltration, and
additionally, the northern region receives more rainfall than the rest of the study area.
Thicker vegetation and cropland here allowed the elevated recharge. In the central and
southern regions, the lack of secondary porosity in the crystalline formation restricts the
groundwater recharge, and hence, these regions are characterized by poor groundwater
potential. Numerous features of the steep slope in the central part also augmented the
runoff and thus limited the groundwater recharge.

Table 5. GWPZ in the Melur area, the area covered, and the respective percentages.

Groundwater
Potential Zone

Index Range
(Score) Area (km2) Percentage (%)

Poor Potential 0.00–0.20 15.41 2.2

Low Potential 0.20–0.40 361.16 53.0

Moderate Potential 0.40–0.60 248.14 36.5

High Potential 0.60–0.80 45.20 6.6

Excellent Potential 0.80–1.00 9.00 1.3

Total - 678.00 100
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The study’s results are similar to those of other groundwater potential studies con-
ducted in India, particularly in Tamil Nadu. Ref. [37] identified moderate (38.2%) and
good (30.8%) groundwater potential zones in Sivagangai using AHP and GIS, similar to
the moderate to good zones found in Madurai’s hard rock terrain by [52]. Similarly, the
study by [38] in Cuddalore also highlights high potential in flat areas and poor potential in
steep zones, which correlates with the recharge variability in hilly areas of other studies. In
the Chennai River Basin, ref. [81] demonstrated that AHP-based GIS mapping can provide
a high level of accuracy (78.43%), validating groundwater potential zones, similar to the
findings of other studies like [17] in the Upper Odai basin. Ref. [40] also emphasized
the importance of recharge structures like check dams in regions with low groundwater
infiltration, paralleling the current study’s recommendations for managing groundwater
sustainably. Studies across Tamil Nadu, including the application of advanced soft comput-
ing models by [82], further enhance the reliability and significance of geospatial techniques
in identifying and managing groundwater resources, as reflected in the broader comparison
with similar hard rock terrain assessments.
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5.2. Integration of Water Quality Index

In the GWPZ map in Figure 5, substantial portions of the central and northern areas
show moderate to high groundwater potential, whereas the southern parts exhibit poor to
low potential. The areas with a high potential are characterized by favorable geological
formations and topography, promoting recharge. The minimum and maximum values
of the hydrogeochemical parameters in the Melur region, compared with WHO drinking
water standards, are summarized in Table 6.

Table 6. Minimum and maximum values of the hydrogeochemical parameter in the Melur region.

Hydrogeochemical Parameter Min Value Max Value WHO Standards 2017

pH 7.0 8.1 6.5–8.5

EC (µmho/cm) 790 2010 750

TDS (mg/L) 422 1054 1000

Ca2+ (mg/L) 50 118 75

Mg2+ (mg/L) 29 84 50

Na+ (mg/L) 58 156 200

K+ (mg/L) 2 7 12

Cl− (mg/L) 72 330 250

SO4
2− (mg/L) 48 180 250

HCO3
− (mg/L) 180 360 250

F− (mg/L) 0.32 1.03 50

Figure 6 shows the water level variations across the study region, which represents
the depth of groundwater, and the Water Quality Index (WQI) map assesses groundwa-
ter quality based on hydrochemical parameters. The north-central region, classified as
having moderate to high GWPZ, also corresponds to shallow to moderate water levels.
This indicates good recharge zones with relatively higher groundwater availability. The
northeastern zone also shows good to excellent water quality (WQI 0–70). This region is
good for groundwater extraction for drinking and irrigation.

The western region of the study area with high water levels aligns well with low
to moderate GWPZ zones, suggesting specified recharge conditions despite potential
limitations. Central and western areas demonstrate moderate water quality (WQI 70–90).
These regions require periodic monitoring for contamination control.

The southern areas, which are shown as having poor groundwater potential, exhibit
deeper water levels (>4.5 m). This confirms limited groundwater availability in these
regions due to poor recharge. The southern parts exhibit poor to non-suitable water quality.
These areas are categorized as having poor water quality (WQI 90–120), which is primarily
due to elevated TDS, EC, and hardness levels. Deeper water levels and poor recharge result
in higher salinity and contamination, lowering water usability.

By integrating the Groundwater Potential Zones (GWPZ) and Water Quality Index
(WQI), the study can effectively identify different zones based on their suitability for
extraction and consumption. Zones with both high potential and good quality are ideal
for extraction and use, as they offer abundant and clean water resources. Zones that
exhibit high potential, but poor quality, would require water treatment before they can
be safely used, as they possess potential in terms of quantity but must be purified for
proper use. Zones with low potential and poor quality are not suitable for extraction or
consumption, as they provide insufficient water of poor quality. This integrated approach
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helps to efficiently manage water resources and ensure their ideal utilization based on both
quantity and quality.
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5.3. ML Model Evaluation

After training and evaluation of the three models, the Random Forest and Gradient
Boosting classifiers precisely classified all test samples with a perfect accuracy of 100%.
The Support Vector Machine (SVM) model performed weakly, achieving an accuracy of
just 50%. Both the Random Forest and Gradient Boosting models had precision, recall,
and F1-score of 1.00 for all groundwater potential classes, according to a comprehensive
analysis of the classification reports. This suggests that these models were quite successful
in identifying patterns in the dataset and accurately identifying the zones of groundwater
potential. However, the Support Vector Machine (SVM) model had a lot of trouble where
class 2 received a precision score of 0.00 because, according to the classification report, it was
entirely misclassified. However, class 4 was accurately identified with 100% precision and
recall, while class 3 was correctly forecasted with 100% recall (Table 7). This implies that not
all groundwater potential zones were adequately covered by the SVM model. One possible
explanation for SVM’s poor performance is its dependence on hyperplane separation,
which may not be optimal for high-dimensional datasets with complex feature interactions.
Additionally, the presence of class imbalance in the dataset may have contributed to its
reduced accuracy. Since SVM depends on support vectors to define decision boundaries, it
may struggle in cases where classes are not well-separated in feature space.



Water 2025, 17, 1235 18 of 27

Table 7. Machine learning models’ accuracy and performance.

Classification Precision Recall f1-Score Support

Random Forest Model (RF)

Class 2 1 1 1 2

Class 3 1 1 1 1

Class 4 1 1 1 1

accuracy 1 1 1 1

macro average 1 1 1 4

weighted average 1 1 1 4

Gradient Boosting Classifier (GB)

Class 2 1 1 1 2

Class 3 1 1 1 1

Class 4 1 1 1 1

accuracy 1 1 1 1

macro average 1 1 1 4

weighted average 1 1 1 4

Support Vector Machine (SVM)

Class 2 0 0 0 2

Class 3 0.333 1 0.5 1

Class 4 1 1 1 1

accuracy 0.5 0.5 0.5 0.5

macro average 0.444 0.666 0.5 4

weighted average 0.333 0.5 0.375 4

Figure 7 shows the confusion matrices for further understanding of model perfor-
mance. While Random Forest and Gradient Boosting showed no misclassifications, the
SVM model exhibited incorrect classifications for class 2, leading to an overall accuracy of
just 50%. The confusion matrix for SVM revealed that it failed to predict any instances of
class 2 correctly, reinforcing the findings from the classification report.
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5.3.1. Feature Importance and Correlation Analysis

The Random Forest model was used to do a feature importance analysis to better
understand the factors that influence the classification of groundwater potential (Figure 8).
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The findings showed that certain factors were significantly more important than others.
These crucial factors were most important in identifying groundwater potential zones and
had the greatest impact on model predictions.
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Figure 8. Feature importance analysis was performed using the Random Forest (RF) model.

Figure 9 shows the correlation heatmap, and Figure 10 shows the pair plot that was
developed to investigate the relationship between different parameters, in addition to
feature importance. Strong correlations between certain variables were found across the
study, which may indicate that the dataset contains information that is redundant. Multi-
collinearity, or a high correlation between features, can lead to overestimation, resulting
in the model being less accessible. Feature selection strategies could be useful in future
investigations to remove excessive information and increase model efficiency.
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Several studies worldwide have employed similar GIS-based approaches for delineat-
ing groundwater potential zones, allowing for meaningful comparisons with the present
findings. Ref. [83] applied the Analytical Hierarchy Process (AHP) in the sub-Himalayan
foothills of India, identifying geomorphology and drainage density as significant con-
tributors to groundwater potential. In the upper Narmada basin, ref. [84] utilized AHP
alongside geospatial techniques, achieving an 80% accuracy rate in delineating potential
zones, emphasizing the role of slope and land use/land cover. Similarly, in Bangladesh,
ref. [85] integrated eleven thematic layers using AHP within a GIS framework, resulting
in a groundwater potential map validated with 84% accuracy through ROC analysis. In
Turkey’s Upper Coruh River Basin, ref. [55] employed GIS and multi-criteria decision-
making techniques to identify groundwater potential zones, emphasizing the importance
of factors such as geology, land use, and slope. In the Al-Qalamoun region of Syria, ref. [86]
integrated multi-criteria decision analysis with GIS to map groundwater potential zones,
highlighting the relevance of parameters like lineament density and drainage density.
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Based on the spatial distribution of groundwater potential zones identified in this
study, specific regions with very low to low groundwater potential require urgent man-
agement interventions. These areas are experiencing limited recharge and may be more
vulnerable to over-extraction and water scarcity. In such zones, measures such as artificial
recharge structures (e.g., check dams, percolation ponds), rainwater harvesting, and regu-
lated groundwater extraction should be prioritized to enhance recharge and sustainability.
Regions identified with high to excellent potential should be managed to prevent overex-
ploitation, with monitoring programs and policy frameworks in place to ensure long-term
availability. Integrating these strategies based on the groundwater potential mapping can
support targeted and sustainable water resource planning in the Melur region

5.3.2. Model Accuracy

According to the study findings, groundwater potential zones can be effectively classi-
fied using ensemble-based algorithms such as Random Forest and Gradient Boosting. Both
models were 100% accurate, which made them perfect for practical hydrogeology appli-
cations. They are able to capture intricate feature interactions and generalize effectively
across various groundwater potential zones, which is responsible for their exceptional
performance. However, the Support Vector Machine model only achieved 50% accuracy,
indicating poor performance (Figure 11). Class 2 sample misclassification increases the
possibility that SVM needs further data conditioning methods, different kernels, or hyper-
parameter adjustment to perform better. The dataset’s class imbalance also made it more
difficult for the model to accurately predict particular categories.
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Figure 11. Comparison of ML model accuracy.

Several suggestions can be made to improve groundwater potential assessment re-
liability and classification performance. More representative samples in a larger dataset
will help improve model generalization and guard against overfitting. Modifying pa-
rameters, including gamma, C-value, and kernel type, may enhance SVM’s classification
capabilities. Redundancy can be decreased, and model efficiency can be increased by
discarding strongly correlated characteristics. To improve model learning and balance class
distribution, strategies like the Synthetic Minority Over-sampling Technique (SMOTE) can
be used.
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5.4. Validation

The model performance was assessed by a receiver operating characteristic curve
(ROC). This curve uses two parameters, i.e., true positive rate (TPR) and false positive rate
(FPR), and a value under 1 indicates more model accuracy (Figure 6). The groundwater
data representing a number of wells was considered as the true positive rate, and the plot
of TPR vs. FPR in the ArcGIS platform generated an AUC/ROC curve with a value of 7.21
for this AHP model is 7.21. It indicates that the model tested is good and that the predicted
map is accurate (Figure 12).
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Limitations and Future Scope

Although this study offers a comprehensive assessment of groundwater potential
using integrated geospatial and machine learning approaches, certain limitations are ac-
knowledged. The analysis was largely based on surface-derived parameters, as detailed
subsurface information such as aquifer geometry, hydraulic properties, and groundwa-
ter extraction data was not readily available across the entire Melur block. Additionally,
temporal aspects like seasonal rainfall variation, land use dynamics, and climate change
influences were beyond the current scope. Future research could benefit from incorpo-
rating long-term hydrogeological monitoring data, geophysical surveys, and temporal
remote sensing inputs to improve model robustness. Furthermore, field validation would
strengthen the practical relevance of the findings, particularly for developing localized and
sustainable groundwater management strategies.

6. Conclusions
The groundwater potentiality of Melur in Tamil Nadu state of India was evaluated

by studying an area of 678 km2 in widely accepted Analytical Hierarchy Processes (AHP)
and by using the remote sensing and GIS tools with the data layers consisting of geology,
geomorphology, lineament density, land use/land cover, rainfall, soil, slope and drainage
density. The weighted layers separated this area into five zones between poor and high
groundwater potential. About 55.2% of the study area has very low to low groundwater
potential, and only 1.3% of the area has excellent groundwater potential. About 6.6% and
36.5% of the study area has high and moderate groundwater potential, respectively.
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The distribution map demarcates the northern region as more appropriate for ground-
water extraction in a sustainable way. The southern and central regions are vulnerable
to aquifer degradation, and the groundwater prospection here must be restricted with
adequate aquifer system rejuvenation or replenishment strategies. By integrating the
Groundwater Potential Zones (GWPZ) and Water Quality Index (WQI), the study can
effectively identify different zones based on their suitability for extraction and consump-
tion. This study effectively illustrated how machine learning algorithms may be used to
categorize groundwater potential zones. With 100% accuracy and accurate predictions, the
Random Forest (RF) and Gradient Boosting classifiers performed better than the Support
Vector Machine (SVM) model. The most significant variables influencing the classification
of groundwater potential were identified using correlation visualization and feature impor-
tance analysis. The findings highlight how crucial feature selection, model selection, and
data pretreatment are to obtaining high classification accuracy. While ensemble methods
such as Random Forest and Gradient Boosting proved to be highly effective, further studies
could explore additional machine learning techniques such as XGBoost, Neural Networks,
or k-Nearest Neighbors (k-NN) to further enhance predictive capabilities. This study
highlights the effectiveness of machine learning in groundwater potential assessment and
provides a foundation for future research in hydrogeological modeling and sustainable
water resource management. The delineated groundwater potential zones can serve as
a scientific basis for local authorities and water resource planners to prioritize areas for
sustainable groundwater extraction, recharge zone protection, and infrastructure develop-
ment. Integrating these insights into land-use planning and agricultural water management
policies can enhance water security, especially in water-scarce regions. The lithological
and geological conditions are not favorable for efficient groundwater recharge and storage.
Therefore, artificial recharging or managed aquifer recharge measures should be vital for
sustainable aquifer productivity, congruent with SDG 6.
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