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Abstract

Sonar rock vs mine prediction is a machine
learning problem that uses sonar data to
distinguish between rocks and mines. The goal is
to develop a model that can accurately classify
objects based on sonar return data. Some machine
learning algorithms that can be used for sonar rock
vs mine prediction include: logistic regression,
random forests, k-nearest neighbours, support
vector machines, and deep neural networks. In
marine operations, sonar devices are essential,
especially for finding submerged objects like
rocks and mines. Ensuring maritime safety and
security requires the ability to distinguish between
these things with accuracy. We provide a thorough
comparison of machine learning algorithms in this
research study to help determine if sonar returns
are indicative of rocks or mines. Using a dataset
of sonar sound characteristics, we assess several
supervised learning algorithms: random forests, k-
nearest neighbours, support vector machines, and
deep neural networks. We examine the models'
performance in terms of Fl-score, recall,
accuracy, and precision in classification. We also
investigate how feature selection strategies and
hyperparameter ~ adjustments  affect  the
performance of the model. By means of
comprehensive testing and analysis, we offer
insights into the effectiveness of different machine
learning approaches for sonar-based object

classification, ultimately contributing to enhanced
maritime security and underwater navigation
systems.

Keywords— SONAR, Underwater Object
Classification, Rock Detection, Mines Detection,
Supervised machine learning, Feature Selection,
Hyperparameter Tuning.

Introduction

SONAR stands for Sound Navigation and
Ranging. It’s a technology that uses sound waves
to detect and locate objects underwater. It works
by emitting sound pulses and measuring how long
it takes for the echoes to return after bouncing off
objects, such as submarines or the ocean floor.
There are two main types: active SONAR, which
sends out sound waves, and passive SONAR,
which listens for sounds made by other objects.
It’s commonly used in naval applications, fishing,
and underwater exploration. Passive sonar is a
type of sonar system that listens for sounds in the
water rather than emitting its own signals. It
detects and analyses noises produced by objects,
such as submarines, marine life, or underwater
machinery. By using hydrophones (underwater
microphones), passive sonar can determine the
direction and distance of sound sources based on
the sounds they generate. This method is often
used for stealthy monitoring, as it does not reveal
the listener's location, making it useful in military
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and environmental applications. Active sonar is a
type of sonar system that actively emits sound
waves into the water and listens for the echoes that
return after bouncing off objects. It works by
sending out sound pulses, which can help detect
and locate underwater objects, such as
submarines, shipwrecks, or schools of fish. The
time it takes for the echoes to return is measured
to determine the distance and sometimes the size
or shape of the object. Active sonar is commonly
used in naval operations, fishing, and underwater
surveying, but it can be less stealthy than passive
sonar, as it reveals the location of the emitter. Our
study aims to explore and evaluate various
machine learning algorithms and techniques to
achieve this classification task with high accuracy
and reliability. By doing so, we seek to contribute
to the advancement of maritime safety and
security measures. Through a systematic
examination of supervised learning algorithms,
feature selection methods, and hyperparameter
tuning, we aim to uncover insights into the
effectiveness of different approaches in
discriminating between rocks and mines in sonar
data. The outcomes of this research hold the
potential to inform the development of robust and
efficient underwater object classification systems,
thereby enhancing maritime operations and
safeguarding marine environments.

Literature Survey

In recent years, various researchers have
focused on the critical challenge of differentiating
between rock formations and mine sites,
employing a wide range of methodologies that
leverage advancements in machine learning,
statistical analysis, and remote sensing. One
notable study by Zhang et al. (2020) utilized the
Random Forest machine learning algorithm,
which demonstrated a remarkable level of
accuracy in predicting different rock types. This
approach is particularly advantageous for mineral
exploration and mining operations, as it enables
geologists and mining engineers to make more
informed decisions regarding resource extraction.

Expanding on this theme, Liu and Wang
(2019) implemented neural networks to enhance
the classification of rock formations based on
seismic data. Their research highlighted the
effectiveness of neural networks in processing
complex datasets, allowing for more precise

differentiation between rock types and mine
locations. This methodology has significant
implications for geotechnical engineering, where
accurate assessments of geological conditions are
paramount for the safety and success of
construction projects.

Smith et al. (2021) took a different
approach by applying Support Vector Machines
(SVM) to classify geological formations. Their
findings illustrated the robustness of SVM in
distinguishing between rocks and mines, thereby
contributing valuable insights for resource
management strategies. This research underscores
the importance of using advanced computational
techniques to analyze geological data effectively.

In addition to machine learning
techniques, Chen et al. (2022) integrated
Geographic Information Systems (GIS) and
remote sensing data in their study, aiming to
improve land classification processes. By
combining these technologies, they were able to
enhance environmental monitoring efforts,
providing a comprehensive understanding of land
use and geological features.

Kumar and Gupta (2018) employed
statistical analysis to identify significant
parameters influencing rock classification. Their
work sheds light on the underlying factors that
geologists must - consider =~ when assessing
geological formations, thereby facilitating more
accurate site assessments. Understanding these
parameters is crucial for effective planning and
risk management in mining operations.

Patel and Desai (2020) utilized decision
trees to achieve high precision in predicting mine
boundaries. Their study emphasizes the
importance of accurate boundary delineation in
mine planning and management, as it directly
affects operational efficiency and resource
allocation. Decision trees are particularly useful
for making data-driven decisions based on
historical mining data.

In a more innovative approach, Fernandez
et al. (2023) applied fuzzy logic systems to
improve prediction accuracy through the
implementation of fuzzy rules. This methodology
is particularly beneficial in contexts where
geological data may be uncertain or imprecise, as
it allows for more flexible and nuanced decision-
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making in safety assessments and risk evaluations
in mining operations.

Brown and Adams (2017) developed a
hybrid modeling framework that combined
geological data with machine learning techniques
to enhance predictive capabilities. Their research
illustrates the potential for integrating different
data sources and analytical methods to create a
more comprehensive understanding of geological
formations, influencing resource extraction
strategies significantly.

Lee and Kim (2019) focused on deep
learning techniques, demonstrating substantial
improvements in classification performance.
Their findings suggest that deep learning models
can effectively capture intricate patterns in
geological data, paving the way for advancements
in automated monitoring systems that can
continuously assess geological conditions in real
time.

Lastly, Turner et al. (2021) introduced
ensemble methods, creating a robust prediction
framework tailored for mixed geological
formations. Their work emphasizes the
importance of using a combination of predictive
models to enhance accuracy and reliability, which
is essential for conducting thorough risk
assessments in mining operations.

Collectively, these studies reflect a diverse
range of approaches aimed at improving the
accuracy and reliability of rock versus mine
predictions. By leveraging advanced
computational techniques and integrating various
data sources, researchers are making significant
strides in understanding geological formations,
ultimately contributing to more effective resource
management and safer mining practices.

Architecture
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Proposed System

Our proposed system for Sonar rock vs
mine prediction is using XGBoost and
Randomized Search CV. XGBoost is a highly
efficient and scalable algorithm that can handle
large datasets with high-dimensional features.
This allows our system to analyze and process a
large amount of sonar data to identify the presence
of rocks and mines accurately. Randomized
Search CV further enhances the performance of
XGBoost by optimizing the hyperparameters of
the model.

» Data collection: The data required for the
project has been collected using various
sources. Qur dataset consists of 208 rows
and 61 columns.

» Data pre-processing: Perform necessary
preprocessing steps such as normalization,
handling missing values, and possibly
dimensionality reduction techniques to
prepare the data for model training.

* Train test split: We split the data into
training and testing datasets. Using them
we can evaluate the predicting models.

» Calculate accuracy and plot confusion
matrix: The accuracy of these models is
evaluated, and a classification report is
being generated.

» Fit the model to predictive system: We
now fit these models to create a prediction
system that is both accurate and efficient.

* Display result: Using these predictive
systems, we can finally determine if the
underwater object is a Mine or a Rock.
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Evaluation Metrics for Classification
Accuracy

e Accuracy:

o The ratio of correctly predicted 08
instances to the total instances.
0.6
o Formula: Accuracy=
(TP+TN)/(TP+TN+FP+FN) 0.4
e Precision: 0.2
o The ratio of true positive 0
. . . X NN
predictions to the total predicted Q««"’e 5,\00 <<0@°’ &(fo ,\&Q’%
positives. It indicates how many of Q/‘o‘;\o Qg% o Qoé @&Q’
. ., . Y
the predicted positive instances are © &33’ & S
actually positive.
M Accuracy
o Formula: Precision = TP/(TP+FP)
e Recall (Sensitivity):
o The ratio of true positive F1-Score, Precision and Recall

predictions to the actual positives.
It measures how many actual
positive instances were identified.

o Formula: Recall = TP/(TP+FN)
e FI Score:

o The harmonic mean of precision
and recall, providing a balance
between the two  metrics,
especially in imbalanced datasets.

o Formula: F1=2x
((PrecisionxRecall) / (
Precision+Recall))

Correlation Matrix
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Result

0.00

~0.2%

-0.50

Conclusion

The process of identifying mines and rocks
in the ocean bottom involves using our design,
"SONAR Rock and Mine Prediction" Naval mines
are a useful tool for containing non-military
activities that have a major detrimental influence
on the environment and economy. Mine detection
can be accomplished in two ways: with sonar
sounds or with force. Since there is a greater risk
of the ultimate, using sonar signals has shown to
be a better alternative. A CSV train is used to
gather and store the data. Through various
approaches of machine literacy, we are able to
examine and comprehend the characteristics of the
prophetic system. Through algorithm evaluation,
we are able to verify and contrast the level of rigor
to make an improved model of vaticination.
Python is an open-source programming language.
Its machine learning algorithm is also faster than
many others, and its cost may decrease over time.
Our goal in designing this procedure is to make it
rather straightforward and easy to do and operate.
To sum up, our concept addresses the urgent
demand for efficient aquatic mine discovery by
placing it at the nexus of cutting-edge technology
and maritime security. By means of the strategic
assessment of machine literacy algorithms, our
aim is to make a positive impact towards an
increasingly secure and safer maritime
environment. We aim to have a tangible effect on
mitigating the risks associated with nonmilitary
mines by streamlining the detection process and
improving delicacy, ultimately leading to a more
adaptable and secure marine landscape. Based on
the Results that we get by applying these there,
Algorithms on the sonar dataset we conclude that

Extra Trees has the best testing accuracy of
0.952381. So, it is the best fit algorithm for the
prediction of underwater rock and mine.
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