ESP Journal of Engineering & Technology Advancements (ESP-JETA)
ISSN : 2583-2646
Special Issue

DEEP SEA FISHING USING DEEP LEARNING

AND IMAGE PROCESSING

Dharshini M
Department of BE-CSE,
Mangayarakarasi College of Engineering,
Paravai, Madurai, Tamil Nadu.
dharshinimanikandan1976 @gmail.com

Meena B J
Department of BE-CSE,
Mangayarakarasi College of Engineering,
Paravai, Madurai, Tamil Nadu.
meenabjo3@gmail.com

Kalai Arase M
Department of BE-CSE,
Mangayarakarasi College of Engineering,
Paravai, Madurai, Tamil Nadu.
arasekalailé@gmail.com

Lamikaa S
Department of BE-CSE
Mangayarakarasi College of Engineering
Paravai, Madurai, Tamil Nadu.
lamikaa25092002@gmail.com

ABSTRACT: Inthis deep fish detection project, the primary challenge lies in accurately identifying fish within
underwater images, a task complicated by fluctuating lighting conditions, a wide range of fish species, and
intricate backgrounds. To address this, our methodology involves several key steps. Initially, we preprocess the
images by resizing them and converting them to grayscale to ensure uniformity in the dataset. Following this, we
extract pertinent features like mean, standard deviation, and variance to capture essential characteristics crucial
for classification. Leveraging Convolutional Neural Networks (CNNs), we then perform image classification to
discern different types of fish with precision. The performance evaluation of our system will be based on key
metrics such as accuracy and error rate. The deep fish detection system we are developing holds promise for
various applications in marine research, including fish population monitoring, biodiversity assessment, and

facilitating practices withinthe fishing industry.

l. INTRODUCTION

In the challenging domain of deep fish
detection, the accurate identification of fish within
underwater images is a complex endeavor. Factors
such as varying lighting conditions, a diverse array of
fish species, and intricate backgrounds contribute to
the intricacy of this task.

Addressing these challenges involves a
series of essential steps. To ensure uniformity in the
dataset, the images undergo preprocessing steps like
resizing and conversion to grayscale. This
standardization process lays the foundation for
subsequent analysis. Extracting key features such as
mean, standard deviation, and variance from the
images enables the capture of crucial characteristics
necessary for effective classification algorithms. The
utilization of Convolutional Neural Networks
(CNNs) plays a pivotal role in the deep fish detection

system. These networks excel at image classification
tasks, allowing for the precise differentiation of
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various fish types. Evaluation Metrics such as
accuracy and error rate provide insights into the
system's performance, guiding further refinements
and improvements in the detection process.

. OBJECTIVE
The primary aim of the project is to
develop a system capable of accurately identifying
fish within underwater images. This involves
overcoming challenges posed by fluctuating lighting
conditions, diverse fish species, and complex
backgrounds to achieve precise detection.

1. LITERATURE SURVEY

The primary aim of the project is to
develop a system capable of accurately identifying
fish within underwater images. This involves
overcoming challenges posed by fluctuating lighting
conditions, diverse fish species, and complex
backgrounds to achieve precise detection. One of
the best references we went through is:
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Title: Fish detection and species classification in
underwater environments using deep learning with
temporal information

Authors: Ahsan Jalal a, Ahmad Salman a, Ajmal
Mian b, Mark Shortis c, Faisal Shafait

Methodology: The proposed hybrid approach for
underwater fish detection combines the YOLO deep
neural network with optical flow and Gaussian
mixture models. YOLO's original object detection
system excels at capturing static, clearly visible fish
instances but faces limitations with dynamic,
camouflaged, or low-visibility fish. By integrating
optical flow and Gaussian mixture models, the
solution leverages temporal information to detect
freely moving fish and fish camouflaged within the
background. Evaluation on two datasets—Life CLEF
2015 from the Fish4Knowledge repository and a
dataset from the University of Western Australia—
shows the approach achieves F-scores of 95.47% and
91.2% for fish detection and species classification
accuracy of 91.64% and 79.8%, respectively. This
indicates the effectiveness of the approach in
detecting and classifying fish in challenging
underwater environments.

V. PROPOSED SYSTEM

The proposed method for fish detection in
the deep fish detection project integrates data
augmentation techniques to enhance the robustness
and generalization of the model. By augmenting the
training dataset with variations in lighting,
orientation, and background, the proposed approach
aims to improve the model's ability to accurately
identify fish under diverse conditions. Furthermore,
the inclusion of transfer learning in the proposed
method allows for leveraging pre-trained CNN
models on large image datasets. By fine-tuning
these pre-trained models for the specific task of fish
detection, the proposed approach can expedite the
training process and potentially boost the system's
performance in detecting a wide range of fish
species with greater accuracy. Moreover, the
proposed method may involve the implementation
of ensemble learning techniques, where multiple
CNN models are combined to make collective
predictions. This ensemble approach can help
mitigate over fitting, enhance the system's decision-
making capabilities, and provide more reliable and
robust fish detection results in complex underwater
environments

V. RESULTS AND DISCUSSION

A. Image selection
The dataset, the Fish Species Dataset, was
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implemented as input.

The dataset is taken from the dataset repository. The
input dataset is in the format ‘.png, ‘.jpg.

In this step, we have to read or load the input image
by using the imread() function.

B. Image Processing

In our process, we have to resize the image and
convertit image grayscale.
To resize an image, you call the resize () method on
it, passing in a two-integer tuple argument
representing the width and height of the resized
image.
The function doesn't modify the used image; it
instead returns another image with the new
dimensions.
Convert an Image to Grayscale in Python Using the
Conversion Formula and the Matplotlib Library.
We can also convert an image to grayscale using the
standard RGB to grayscale conversion formula, that
is, img =0.2989 * R +0.5870 * G + 0.1140 *

(€1 <l {n w

C. Feature Extraction

In our process, we have to extract the features
from pre-processed image.
The standard deviation is the spread of a group of
numbers from the mean.
The variance measures the average degree to which
each point differs from the mean.
While the standard deviation is the square root of
the variance, the variance is the average of all data
pointswithin a group.
Standard deviation and variance are measures that
tellhow spread out the numbers are.
While variance gives you a rough idea of spread, the
standard deviation is more concrete, giving you
exact distances from the mean. Mean, median, and
mode are the measures of the central tendency of
data (either grouped or ungrouped).

D. Data Splitting

During the machine learning process, data is needed
sothat learning can take place.

In addition to the data required for training, test data
are needed to evaluate the performance of the
algorithm in order to see how well it works.
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In our process, we considered 70% of the dataset to
be the training data and the remaining 30% to be the
testing data.
Data splitting is the act of partitioning available data
into two portions, usually for cross-validator
purposes.
One portion of the data is used to develop a
predictive model and the other to evaluate the
model's performance.

E. Classification
In our process, we have to implement deep learning
algorithms such as CNN.
In deep learning, a convolutional neural network
(CNN/ConvNet) is a class of deep neural networks,
most commonly applied to analyze visual imagery.
Now, when we think of a neural network, we think
about matrix multiplications, but that is not the case
with ConvNet. It uses a special technique called
convolution.

RGB 1o
grayscale

s

.

Input RGB image of ish sample

F. Result Generation

The Final Result will get generated based on the
overall  classification and  prediction.  The
performance of this proposed approach is evaluated
using some measures, like

Accuracy

Error rate

G. Prediction

It’s a process of predicting lung cancer from the
dataset.

This project will effectively predict the data from
dataset by enhancing the performance of the overall
prediction results

V1. CONCLUSION

In conclusion, our deep fish detection project tackles
the complexity of identifying fish in underwater
images by implementing a comprehensive
methodology. This involves standardizing image
preprocessing, extracting crucial features, and
utilizing convolutional neural networks (CNNs) for
accurate fish classification. The system's performance

will be evaluated based on key metrics such as accuracy
and error rate. Ultimately, our project holds
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significant potential for diverse applications in
marine research, including fish population
monitoring,  biodiversity  assessment, and
supporting advancements in the fishing industry
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