VOLUME: 09 ISSUE: 04 | APRIL - 2025

INTERNATIONAL JOURNAL OF SCIENTIFIC RESEARCH IN ENGINEERING AND MANAGEMENT (IJSREM)

SJIF RATING: 8.586 ISSN: 2582-3930

Enhancing Groundwater Detection Through Resistivity method: A
Machine Learning Approach

Abhighna Kilaparthi
B.Tech. student, Dept. of CSE
Institute of Aeronautical Engineering
Hyderabad, India
2195120501 @iare.ac.in

Bhavesh Vanaparthy
B.Tech. student, Dept. of CSE
Institute of Aeronautical Engineering
Hyderabad, India
2195120526 @iare.ac.in

Varun Shiva Krishna Rupani
B.Tech. student, Dept. of CSE
Institute of Aeronautical Engineering
Hyderabad, India
21951a05P2@iare.ac.in

0009-0001-6461-914X

0009-0001-8836-8833

0009-0007-8393-0762

K. Mounika
Associate Professor, Dept. of CSE
Institute of Aeronautical Engineering
Hyderabad, India
mounika.k@iare.ac.in

0000-0002-5251-5685

Abstract—Access to clean water and affordable electricity
is vital for sustainable living. This study introduces a
Machine Learning (ML) framework to locate groundwater
concurrently. The ML framework integrates diverse data
modalities into a unified hypersurface, accommodating
numeric and categorical field observations. These
modalities include field measurements and data-driven
machine learning outputs. Applied to various locations,
the ML workflow predicts geophysical, geologic, and
hydrogeologic features. Despite challenges like data
disparity and spatial limitations, our model accurately
identifies hidden groundwater. The study contributes
insights into sustainable resource management and
demonstrates the applicability of the ML framework to
address local challenges. This research presents a
promising approach to address water and energy

resource needs in India, aligning with the country's
sustainability goals.

Keywords—""Groundwater  localization,  machine
learning framework, data-driven predictions, water
resource management, spatial data analysis."

I. INTRODUCTION

Groundwater is a vital resource, essential not only for
meeting the growing energy demands but also for advancing
sustainable development goals. Traditional methods of
groundwater exploration, such as seismic surveys and
exploratory drilling, are often characterized by high costs,
extended timelines, and significant environmental impacts. [°]
These conventional techniques, while effective, can be
resource-intensive and may not always be feasible in regions
where rapid assessment is needed.

By leveraging advanced machine learning (ML) techniques,
we have the opportunity to transform the landscape of
subsurface exploration.[!' ML models can integrate and
analyze a diverse array of geophysical, geological, and
hydrogeological data, offering a more comprehensive
understanding of subsurface conditions. *¥! This data-driven
approach allows for the development of predictive models
that can accurately identify the location and characteristics
of groundwater resources. The increased accuracy and

efficiency of these models not only enhance the precision of
groundwater detection but also reduce the reliance on costly
and environmentally damaging exploration practices. [

The ultimate goal of this innovative approach is to promote
sustainable resource management by ensuring that
groundwater resources are identified and utilized efficiently.
11 By reducing exploration costs and minimizing
environmental footprints, ML-driven exploration aligns with
broader sustainability objectives, supporting the long-term
availability of groundwater and contributing to the overall
well-being of communities that depend on this critical
resource.

Il. LITERATURE REVIEW

A literature review on the application of machine learning
(ML) in groundwater localization and sustainable resource
management highlights the significant advancements and
challenges in this field. ! Groundwater is a critical resource,
particularly in regions facing water scarcity, such as India.
Traditional methods for groundwater exploration, such as
seismic surveys and exploratory drilling, have been widely
used but are often resource-intensive, costly, and time-
consuming.l!l These methods also have environmental
impacts, making them less sustainable in the long term.

In recent years, the integration of ML techniques in
hydrogeology has emerged as a promising approach to
address these challenges. ! ML models can process and
analyze large volumes of diverse data types, including
geophysical, geological, and hydrogeological data, to
identify patterns and predict the presence of groundwater
with high accuracy. Studies have shown that ML algorithms,
such as support vector machines (SVM), artificial neural
networks (ANN), and random forests (RF), have been
successfully applied to groundwater potential mapping,
demonstrating superior performance compared to traditional
methods. (%

For example, a study by Maiti et al. (2021) utilized random
forests to integrate remote sensing data and field
measurements, resulting in a model that could predict
groundwater potential zones with an accuracy of over
85%.[ Similarly, another study by Rahmati et al. (2019)
applied support vector machines to map groundwater
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potential in arid regions, showing that ML can effectively
handle complex, non-linear relationships between various
hydrological parameters.

Despite these advancements, there are challenges that need
to be addressed. Data availability and quality remain
significant concerns, particularly in regions with limited
field observations. Furthermore, the spatial variability of
hydrogeological characteristics  can affect  the
generalizability of ML models.[*] Researchers emphasize the
importance of integrating domain knowledge with ML
techniques to improve model interpretability and
reliability.

In summary, the literature indicates that while ML offers
substantial improvements in groundwater exploration and
resource management, ongoing research is needed to refine
these techniques, address data limitations, and enhance the
applicability of ML models in diverse environmental
contexts. B This study contributes to this growing body of
knowledge by developing an ML framework tailored to the
unique challenges of groundwater localization in India, with
a focus on sustainable resource management.

I1l. METHODOLOGY
A detailed description is provided by this section of the
methods and approaches employed in the research to locate
groundwater using machine learning (ML) techniques. The
methodology encompasses data collection, the tools and
algorithms utilized, and the specific models and frameworks
developed for the study.

A. Data Collection

The research involved the collection of diverse datasets
essential for the accurate prediction of groundwater
potential zones. The data sources included:

e Geophysical Data: Remote sensing data, including
satellite imagery and geophysical surveys, were
obtained to assess the surface characteristics that
influence groundwater presence, such as soil type,
vegetation cover, and topography. It is always better
to stay away from mixing Sl and CGS units, for
example using amperes for current and oersteds for
magnetic field strength, since this may bring about
misunderstanding due to non-adjustability of
equations in terms of dimensions. However, should
one be compelled to employ different systems of
measurement concurrently, they must boldly indicate
the unit system employed for every physical quantity
appearing in their formulae.

o Geological Data: Field measurements, including
rock formations, fault lines, and soil composition,
were gathered to understand the subsurface structure.
This data was crucial for identifying regions with
favorable hydrogeological conditions.

e Hydrogeological Data:  Groundwater level
measurements, aquifer characteristics, and well data
were collected from local water authorities and
previous studies. This data provided a direct
indicator of groundwater availability and helped in
model validation.

e Climatic Data: Rainfall patterns, temperature, and
evaporation rates were incorporated to account for
the influence of climate on groundwater recharge.

TABLE | TRAINING DATASET
depth rho cond Groundwater presence
0.375 25.55 0.0391 1
0.375 21.047 0.0475 1
0.375 177.34 0.005639 0
0.375 88.893 0.0112 0
0.375 65.648 0.0152 0
0.375 55.698 0.018 0
0.375 54.487 0.0184 0
0.375 58.367 0.0171 0
0.375 38.067 0.0263 1
0.375 44.521 0.0225 1
0.375 83.753 0.0119 0
0.375 100.8 0.009921 0
0.375 54.089 0.0185 0
0.375 177.34 0.005639 0
TABLEII TESTING DATASET
elec_pos depth rho cond
0.75 0.375 225.18 0.004441
2.25 0.375 188.92 0.005293
3.75 0.375 200.83 0.004979
5.25 0.375 199.62 0.00501
6.75 0.375 303.02 0.0033
8.25 0.375 883.19 0.001132
9.75 0.375 3176.6 0.000315
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11.25 0.375 6674 0.00015
12.75 0.375 1474.2 0.000678
14.25 0.375 64.377 0.0155
15.75 0.375 72.057 0.0139
B. Tools and
C. Algorithms IV. RESULTS

The study utilized several tools and algorithms to process
and analyze the collected data:

e GIS Software: Geographic Information System (GIS)
software was employed to manage, visualize, and analyze
spatial data. GIS tools facilitated the integration of various
datasets and helped in the creation of groundwater potential
maps.

e Python Programming: Python was the primary
programming language used for data preprocessing, feature
selection, and model development. Libraries such as Pandas,
NumPy, and Scikit-learn were extensively used.

e Machine Learning Algorithms: Several ML algorithms
were tested and evaluated for predicting groundwater
potential zones:

e Random Forest (RF): Chosen for its ability to
handle large datasets and complex interactions
among features.

e Support Vector Machines (SVM): Utilized for its
effectiveness in classification tasks with non-linear
decision boundaries.

o Artificial Neural Networks (ANN): Deployed for
its capacity to model complex relationships and
patterns within the data.

D. Model Development and Framework

The research involved the development of a comprehensive
ML framework designed to integrate and analyze the various
data modalities. The steps included:

e Data Preprocessing: Data from different sources
were cleaned, normalized, and transformed into a
suitable format for ML algorithms. Missing values
were handled using imputation techniques, and
feature scaling was applied to ensure uniformity.

e Feature Selection: Relevant features were selected
based on their importance in predicting
groundwater potential. Techniques such as
recursive feature elimination (RFE) and principal
component analysis (PCA) were used to reduce
dimensionality and enhance model performance.

e Model Training and Validation: The selected ML
algorithms were trained using a portion of the
dataset and validated using cross-validation as
evaluated based on accuracy, precision, recall, and
F1-score.

e Integration and Prediction: The best-performing
model was integrated into the GIS framework to
generate groundwater potential maps. These maps
provided a visual representation of areas with high
groundwater potential, aiding in decision-making
for sustainable resource management.

A. Model Performance

This section presents the evaluation results of the machine
learning models employed for groundwater prediction. The
performance metrics for each algorithm, including Random
Forest (RF), Support Vector Machines (SVM), and
Artificial Neural Networks (ANN), are reported based on
the validation phase. 2

1. Random Forest (RF):

e  Accuracy: [Insert accuracy value]

e  Precision: [Insert precision value]

o Recall: [Insert recall value]

e F1-Score: [Insert F1-score value]
Analysis: Discuss how the Random Forest model performed
in terms of handling large datasets and capturing complex
interactions among features.
2. Support Vector Machines (SVM):

e  Accuracy: [Insert accuracy value]

e  Precision: [Insert precision value]

o Recall: [Insert recall value]

e F1-Score: [Insert F1-score value]
Analysis: Evaluate the effectiveness of SVM in classifying
groundwater presence, particularly with non-linear decision
boundaries.
3. Artificial Neural Networks (ANN):

e Accuracy: [Insert accuracy value]

e  Precision: [Insert precision value]

e Recall: [Insert recall value]

e F1-Score: [Insert F1-score value]
Analysis: Discuss the ANN’s capability to model complex
relationships and patterns within the data.

B. Comparison of Models

Provide a comparative analysis of the performance metrics
across the three models. Discuss which model performed
best and why, based on the evaluation criteria. Include
tables or charts to visualize the performance differences
among the models.

C. Groundwater Potential Maps

Present the results of integrating the best-performing model
into the GIS framework. Show the generated groundwater
potential maps and discuss:

e Visualization: Include 2D contour plots or other
visualizations that represent the predicted
groundwater presence across different regions.

e Interpretation: Explain the spatial distribution of
groundwater potential zones and how these maps
align with known hydrogeological data.
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Fig. 1. 2D Subsurface profile showing groundwater presence probabilities
based on electrode positions and depth using resistivity data.

V. EXPERIMENTAL STUDY AND DISCUSSION

A. Experimental Setup

The experimental study focuses on enhancing
groundwater detection using the resistivity method integrated
with machine learning techniques. Data collection involved
multiple survey points to measure subsurface resistivity at
various depths. The collected data consists of resistivity
values, depth, and geophysical properties, pre-processed to
remove noise and normalize features.

Table 111 summarizes the performance of each model in
terms of accuracy, precision, recall, F1-score, and ROC-
AUC. The Random Forest model outperformed other models
with an accuracy of 92%, precision of 89%, recall of 91%,
and an AUC of 0.94. The ANN model also showed
promising results with an accuracy of 90%, but had a slightly
lower recall compared to the Random Forest.

TABLE Il PERFORMANCE COMPARISON OF
MACHINE LEARNING MODELS FOR GROUNDWATER DETECTION USING
RESISTIVITY DATA

MODEL ACCURACY PRECISION RECALL F1-Score | AUC
DT 85 83 84 835 0.87
RE 92 81 91 90 0.94

svM | 88 86 87 86.5 0.89
ANN | 90 88 89 88.5 0.91
B. Discussion

The Random Forest model demonstrated the highest
performance, likely due to its ensemble nature and
robustness against overfitting, making it effective for the
resistivity dataset. In contrast, the Decision Tree model
showed the lowest performance, potentially due to its
tendency to overfit with complex data. The use of machine
learning models resulted in improved detection accuracy
compared to traditional resistivity interpretation methods, as
seen from the higher AUC and F1-scores.

While the results are promising, limitations such as data
sparsity and the need for extensive computational resources
were noted. Future work should focus on incorporating more

diverse data sources, such as remote sensing data, to further
enhance model accuracy and generalizability.

C. Implications

The integration of machine learning techniques with
resistivity methods can significantly improve groundwater
detection accuracy, offering valuable insights for
groundwater management and sustainable planning.

V1. CONCLUSION AND FUTURE SCOPE

In this study, the application of machine learning
alongside resistivity methods for groundwater detection has
yielded promising results and significant implications for
environmental monitoring and resource management.
Through the integration of a trained predictive model with
geophysical data from resistivity surveys, the system
effectively predicted groundwater presence with high
accuracy and provided spatially detailed visualizations.
Evaluation metrics including accuracy, precision, and recall
validated the reliability of the predictions, demonstrating the
system's proficiency in classifying groundwater across varied
electrode positions and depths. The generated contour plots
vividly illustrated spatial distributions of groundwater,
offering valuable insights for stakeholders involved in
groundwater resource planning and environmental decision-
making. Comparisons with traditional methods underscored
the system's efficiency and potential to complement or
enhance existing practices. Moving forward, further
advancements in machine learning techniques, expanded
datasets, and real-time monitoring capabilities will
strengthen the system's robustness and applicability in
diverse geological settings. By facilitating informed
management strategies and promoting sustainable water
resource use, this approach contributes significantly to
addressing global challenges of water scarcity and
environmental sustainability.
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