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Abstract:

Naval Mines are explosive devices that are used underwater for maintaining the national security of a nation. With
technological developments in naval warfare such as submarines, ships, the detection of naval mines is very important in the current
scenario. There have been numerous attempts for the detection of the naval mines using techniques such as Side - Scan Sonar Imagery
and many deep learning techniques, but the low efficiency and the very high hardware complexity involved in developing such
techniques makes these methods outdated. Hence, there is a very strong need to develop a system which is much more efficient and
simple to use.In this study, we present a method which can auto label the image dataset and then predict if the image consists of naval
mines or not. A comparative study is carried out using 4 different CNN architectures.
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I. ɪɴᴛʀᴏᴅᴜᴄᴛɪᴏɴ.
The process of detecting naval mines and identifying

their properties from underwater images is a very new area of
research. The main reason for this is definitely the lack of
knowledge due to the limitations of resources as most of the
countries consider this information regarding explosive
devices to be confidential and classified.Hence, carrying out
research in this area is a difficult task in itself due to the
limited knowledge and lack of dataset.Despite the challenges
faced, due to high advances in technology sector, it is very
important now more than ever to make precise and fast
detections of underwater objects so that nation can be
protected from enemies. Timely and accurate detections could
help save the nation lots of money and thousands of lives. In

this paper, we present a method to label the images
automatically and then detect the seamines and extract the
useful features out of them.

There is no widely available dataset provided by the defence
organizations of any of the nations due to national security
reasons.Also, since we are dealing with underwater images,
there is a lot of noise in the images due to the physical
properties of water such as reflection, refraction etc.

Auto labelling process is much needed especially in cases
where the size of the dataset is very large and labelling the
images manually is not quite feasible and time consuming. It
causes unnecessary overhead if carried out manually. This is
carried out using various unsupervised clustering algorithms.
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K-means, Birch, Agglomerative, DBScan clustering
algorithms were implemented on the dataset and a
comparative study was done based on these algorithms.These
clustering algorithms label the dataset and cluster them into
different clusters based on their features.

Resnet50, VGG-16, Inception V3 and Xception are the CNN
architectures on which the labelled dataset is trained and
tested to get the mode.

II. ʟɪᴛᴇʀᴀᴛᴜʀᴇ sᴜʀᴠᴇʏ

A review of the systems which have already been
proposed indicates that there are several systems which
provide similar solutions.The problem of object detection has
been studied extensively by many researchers and they have
provided many papers on them.

Dhiraj Neupane and Jongwon Seok have published a
paper titled “A Review on Deep Learning-Based Approaches
for Automatic Sonar Target Recognition” [8] which uses
CNN,Autoendoders, This is a work being done by using deep
learning algorithms for automatic sonar target recognition
which simplifies underwater object detection process. The
usage of CNN, autoencoders, Deep belief networks
Generative adversarial networks, Recurrent Neural
Networks(RNN), which gave best results when compared to
traditional methods.

Huu-Thu Nguyen, Eon-Ho Lee 1 and Sejin Lee
published a paper titled “Study on the Classification
Performance of Underwater Sonar Image Classification Based
on Convolutional Neural Networks for Detecting a Submerged
Human Body” [9]. This is another work where underwater
object detection specific to the submerged human body is
discussed. The problem of using sonar to detect underwater
objects is mentioned here.This is also the motivation behind
our paper. Here special architectures of CNN called AlexNet
and GoogleNet are used.

N Abhishek, Arjun, Bharathesh, Kavitha K S, Prof.
Manonmani S and Dr. Shanta Rangaswamy has published a
paper on “underwater detection of mines using image
processing “ [1]. This is another approach which uses Fast
Region CNN(FRCNN) for seamine identification. It also
mentions developing an android application for better
usability.

Killian DENOS, Mathieu RAVAUT, Antoine
FAGETTE, LIM Hock-Siong have researched a paper titled
“Deep Learning applied to Underwater Mine Warfare” [3]
proposes an end-to-end approach for mine recognition. They
used an autoencoder for one class classifier and DCNN(Deep
CNN) for binary classifiers. This approach gave an F-score of
0.87.

Evgenii Zheltonozhskii, Chaim Baskin , Alex M.
Bronstein , and Avi Mendelson used a self supervised learning
algorithm to train a clustering algorithm on extracted features
using unsupervised learning. This method can be used for the
auto labelling process which reduces the burden while
creating our own custom dataset [14].

Ishan Misra, Laurens van der Maaten used
PIRL(Pretext Invariant Representation Learning) which
outperforms supervised pre-training in learning various
representations of the image for object detection. In this work,
they have implemented the PIRL along with the Rotation and
Jigsaw image transformations [7].

Ashish Shrivastava, Tomas Pfister, Oncel Tuzel,
Joshua Susskind, Wenda Wang, Russell Webb. Their work
mainly focused on using GAN(Generative Adversarial
Network) which helps to facilitate the S+U learning, i.e.,
learning from supervised and unsupervised images through
adversarial networks [12].

Enric Galceran , Vladimir Djapic , Marc Carreras,
David P. Williams have proposed an algorithm which uses
FLS(Forward Looking Sonar) to develop a real time
underwater object detection model for multibeam forward
looking sonar. It reduces the computational load by working
on smaller parts of the image in various detection phases and
can quickly compute features as it takes advantage of the
integral-image representation [4].

S. N. Geethalakshmi, P. Subashini, S. Ramya used
SSS(Side Scan Sonar) to identify features that will eliminate
the false targets that have target strengths similar to mine.This
method can successfully extrapolate mine-like objects beyond
the training data. Here the process was not fully automated
and required human supervision [5].

Aditya Agarwal,Manonmani S,Gaurav Rawal,Tushar
Malani,Navjeet Anand used the F-RCNN system to study
underwater fish detection. The dataset required a lot of
preprocessing and augmentation and it gave a good result [2].

Shivam S. Thakare and Amit Sahu published a paper
titled “Comparative Analysis of Various Underwater Image
Enhancement Techniques” [13].It is a review paper on
different underwater image enhancement techniques proposed
in earlier studies such as WCID, RGB Color Level, Adaptive
Filtering, CLAHE, Dark Channel Prior etc. This paper lists
out the results of these approaches and their respective
advantages and disadvantages.

III. ᴘʀᴏᴘᴏsᴇᴅ ᴍᴇᴛʜᴏᴅᴏʟᴏɢʏ

A. Preprocessing



Preprocessing is the first step of the system. The
dataset consists of input images and corresponding
mapped output images with the road network. The dataset
is scanned for the validation for matching images. The
images are now divided into smaller arrays for the ease of
comparison. The input images are now iterated to detect
the matching road pixel in the mapped output image. This
is done by comparing pixel values of input image and
corresponding mapped images. The pixel values of each
sub image is stored in a file.

These pixel values are then labeled as road pixel “1”
or non road pixel “0”. Thus, the labeling of each sub image
pixel is performed. The entire dataset images are scanned
and are finally labelled with the pixel intensity values that
constitute road and non road pixel sub image wise. These
values are then learned by the classifier in the training
process. Thus, the labelling of the images is done
automatically that has saved more time and cost. It also
gives us flexibility Preprocessing is a technique in which
the images are made to go through various suitable
techniques upto a point where working and extracting
features out of those images becomes much easier and
convenient.Working with underwater images naturally
becomes difficult due to the various kinds of noise in the
images due to the physical properties of water such as
reflection, refraction etc.Hence, preprocessing becomes a
mandatory step in our study. Firstly, as the dataset is
manually developed by obtaining the images from various
sources across the web, it is obvious that the images are in
varied resolution. Hence, the first step in preprocessing is
to resize all the images to a common size.For our study, we
are resizing all the images to a size of 224*224.Once all
the images are of the same size, it is made to go through a
denoising technique called FastNLMeansDenoising.This
makes the images less susceptible to noise.Once the
images are ready to be processed, these images are then
normalized to convert them into array of pixels.Then the
values of the array are divided by 255 to obtain them in a
range of[0,1].

B. Augmentation

Augmentation is the process which is usually carried
out when the size of the datasets is very small. In case of
small datasets, it is important that no overfitting takes
place which is very regular in these cases.Augmentation is
the process of modifying the images present in the dataset
through various operations such as rotation, horizontal and
vertical flip, zoom, shear etc.This in turn in addition to
increasing the size of the dataset, helps the model learn
better as the same image is presented to it in different
forms.For our study, a rotation range of (-20,20), a height
and width shift range of (-0.2,0.2), a shear and zoom range
of (-0.2,0.2) are considered and horizontal flip is carried

out.

C. Auto Labelling

In cases when the size of the dataset is very large ie.
it contains millions of images, manually labelling the
images using manpower is not practical and simply leads
to an overhead. Hence, an automated way to label such
large amounts of data becomes crucial in such
situations.Hence, in our study we propose four different
clustering algorithms which can cluster the images and
hence these clusters are labelled differently.

K-Means, Birch, Agglomerative and DBScan are the
clustering algorithms which have been implemented for
our study.K-Means can be fine tuned by varying the value
of k and then finding the best value of k with the help of
an elbow plot.The elbow plot of K-Means obtained on
various values of K is plotted below.

Fig. 1 Elbow Plot for different values of k in K-Means algorithm.

Based on the elbow plot,we can say that the K-Means
works the best when the value of k is set to two.Hence, the
k-means algorithm is tested by setting the number of clusters
as two.The Birch and Agglomerative clustering algorithms are
given a parameter of number of clusters as two.The DBScan
method does not allow implicitly to set the number of clusters
although it can be varied by changing the eps value. This
accuracy is obtained by performing external validation on the
dataset. External validation is the process in which cluster data
regarding the true label of the data is kept for validation with
the clusters obtained from the clustering algorithms.

D. CNN Architecture

A total of four different CNN architectures were
implemented for this study and they are, Resnet50, VGG-16,
Inception V3 and Xception. The labelled data which is
obtained from the Birch clustering algorithm is used as the
standard for training the models, the reason being that the
accuracy is high. The dataset is split into a test-train dataset in



a ratio of 80:20.All the four algorithms use the weights from
the Imagenet database which has been extensively trained on
millions of images.These weights are used to train the
models.The epoch is set to five hundred and a batch size of
thirty two is found to be suitable for training the
dataset.Categorical cross-entropy is used as the loss function
and adam optimizer is used which will handle the problem
with noise. The top layers of the Imagenet pretrained model
are set to false as the first half of the model is pretrained.To
avoid the problem of overfitting, a dropout layer with a rate
of 0.7 is also added. Softmax activation function is also used
to normalize the outputs.Each of the models are trained and
then saved.

E. Web App

The saved models obtained from each of the CNN
architectures are loaded into the flask based web app.Flask is a
micro framework used to build API’s easily in python.The
first page of the web app consists of an interface to upload the
input image.After the user uploads the image and submits, it
redirects to the next web page which shows the final output.
These loaded models then predict the output of the input
image that is fed by the user.The web app outputs four
different outputs for each of the four CNN architectures. The
output will mention whether the image has a seamine or not.

F. System Architecture

Fig. 2 System architecture of the proposed method.

IV. ʀᴇsᴜʟᴛs ᴀɴᴅ ᴀɴᴀʟʏsɪs

A. Dataset

The dataset contains a self developed collection of
images from various sources across the web.The dataset has
underwater images containing naval mines and other aquatic
creatures.

Fig. 3 The images given above are some visualizations of the images in the
dataset which have been labelled as seamine or negative seamine after the
auto-labelling process.

B. Results

The images below are some of them that are obtained
after the augmentation process.

Fig. 4 Results after augmentation.

The images above are some visualizations of the images
which are obtained after the augmentation process.



The results obtained in the auto labelling process
using External Validation is as follows:

ᴛᴀʙʟᴇ ɪ
ᴄᴏᴍᴘᴀʀᴀᴛɪᴠᴇ sᴛᴜᴅʏ ᴏғ ᴅɪғғᴇʀᴇɴᴛ ᴄʟᴜsᴛᴇʀɪɴɢ ᴀʟɢᴏʀɪᴛʜᴍs

Clustering Algorithms Avg. Clustering
Accuracy(in %)

K-Means 96.02

Birch 99.7

Agglomerative 99.2

DBScan 66.3

Hence,the Birch clustering algorithm with the
maximum precision of 99.7% is considered to be the best one
for the auto labelling process.The accuracy of the various
CNN architectures is as given below:

ᴛᴀʙʟᴇ ɪɪ
ᴀᴄᴄᴜʀᴀᴄʏ ᴏғ ᴅɪғғᴇʀᴇɴᴛ ᴄɴɴ ᴀʀᴄʜɪᴛᴇᴄᴛᴜʀᴇs.

CNN Architecture Accuracy(in %)

Resnet50 77

VGG-16 68

Inception V3 82

Xception 86

V. ᴄᴏɴᴄʟᴜsɪᴏɴ

It is clear that when the dataset is very huge, manual
labelling of the images would not be possible and would be a
huge overhead if done.Hence, there was a need to find a way
to label the images automatically without training the data.
Birch algorithm performs reasonably well in labelling the
images accurately when compared to the other unsupervised
algorithms.In addition to the labelling of images, the size of
the dataset also matters. As our dataset consists of self
combined images from various sources, the size of the dataset
is reasonably small when compared to other datasets.Hence,
when working with small datasets, the probability of
overfitting increases as the outlier features might have higher
weights.Hence, in order to solve this problem data
augmentation combined with denoising techniques is
applied.A dropout layer is also applied in each of the CNN

architectures to avoid the same problem.In the case of CNN
architectures, Xception seems to have the highest accuracy on
the training dataset. But the model seems to overfit on the test
dataset.Hence, InceptionV3 algorithm can be considered as
the best algorithm for detection of Naval Mines.Resnet 50 also
works reasonably good right after Inception.VGG16 performs
poorly with a 68% accuracy.
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