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Abstract: Fishery sector is regarded as a sunrise sector and is expected to play a significant role in the near future. This paper
emphasizes the need for a comprehensive aquaculture supervisory system that prioritizes fish identification and classification in order
to effectively monitor and control a variety of aquaculture operations. In order to automatically identify and classify fish species from
a variety of data sources and do away with manual identification, the suggested approach integrates Artificial Intelligence and Machine
Learning technologies, including CNN, MobileNetV2, ResNet152, and YOLOv8 models. Fish image analysis using deep learning and
other cutting-edge methods improves accuracy by identifying complex patterns. This approach is meant to be adaptive and flexible; it
can be changed in response to new facts and circumstances. A fruitful implementation would boost fish identification and classification
for effective management, as well as aquaculture's sustainability, profitability, and efficiency. With a minimum loss function of 0.02
and an accuracy of 94.8%, YOLOv8 stood out for its exceptional performance, demonstrating its potential for high-accuracy testing
and training in the context of fish identification and classification techniques. However, to fully realize the benefits of Al and ML in
aquaculture, issues like the scarcity of high-quality training data and the requirement for specialized knowledge in these fields must be

resolved.
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1. INTRODUCTION

Aquaculture, the controlled cultivation of aquatic
organisms such as fish, mollusks, and crustaceans, plays a
crucial role in meeting the escalating global demand for
seafood. In order to achieve sustainability, overfishing
must be avoided. As a result, it is crucial to keep developing
new methods for tracking the fishing process. In order to
prevent overfishing and the depletion of wild fisheries,
tracking species fishing quotas requires knowledge about a
fishing ship's intake. Every sweep of the fishing nets may
contain a varied number and quantity of fish species due to
the nature of the fishing techniques. Currently, the two
processes of species separation and quantity measurement
are mostly carried out by simple manual labor [1]. This
industry has experienced rapid growth, diversification, and
technological advancements in recent years, aiming to
enhance production efficiency and environmental
sustainability. A major factor in increasing the productivity
of the fish industry through automation is the use of deep
learning and computer or machine vision for automatic fish

recognition. The challenges of rising food demand and the
possibility of food scarcity in the future brought on by the
world's population growth, the effects of climate change,
and global warming can be addressed with the aid of an
automatic sorting system [3]. In the realm of aquaculture
management, fish identification and classification are
pivotal aspects that directly influence operational
efficiency, environmental impact, and overall success.
Traditionally, these tasks have been performed manually,
requiring labor-intensive efforts and often leading to
inaccuracies. However, the integration of artificial
intelligence (Al) and machine learning (ML) technologies
has revolutionized fish identification and classification
processes. The necessity for advanced Al and ML
techniques in fish identification arises from the complex
aquaculture operations. An extensive system that
efficiently monitors and manages various facets of
aquaculture must include precise fish identification and
classification capabilities. These technologies enable the
automatic identification and categorization of different fish
species from diverse data sources, such as photographs,
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without the need for manual intervention. Deep learning
methods, like those employed in models such as CNN,
MobileNetV2, ResNet152, and YOLOVS, analyze intricate
patterns and features in fish images, significantly
improving the precision of species identification. The
importance of employing Al and ML in fish identification
and classification lies in its potential to enhance efficiency,
profitability, and sustainability within the aquaculture
industry. Accurate identification facilitates targeted and
optimized management practices, ensuring appropriate
care for each species and minimizing environmental
impact. By adhering to ethical and sustainable practices,
these technologies contribute to the overall success of
aquaculture, addressing challenges posed by fluctuating
conditions and evolving information. The necessity for
their application is underscored by the potential benefits of
increased accuracy, reduced manual effort, and streamlined
management processes, ultimately promoting responsible
and efficient aquaculture practices in a rapidly evolving
global industry.

2. RELATED WORK

The subject of classifying fish has been extensively
researched in the fields of information retrieval, pattern
recognition, and segmentation, hence there are several
works carried out in this field, where author Filipe
Monteiro, et al. pushes the boundaries by introducing
multispectral data and tackling the challenge of partial
visibility where it pioneers the use of multispectral data in
fish classification, presenting a custom-made camera
(MultiCam) capturing 12 spectral bands capturing twelve
distinct wavelengths between 390 nm and 970 nm for
improved species identification. To address partial fish
visibility, they introduce a novel approach of classifying
"small fish neighborhoods" using three machine learning
algorithms (kNN, MLP, SVM). Notably, SVM achieved
the highest accuracy of 63.8% for three common
Portuguese species, marking a significant advancement in
challenging underwater environments. Recognizing the
limitations of existing fish classification methods like low
accuracy, small datasets, and complex backgrounds,
author Md. Asif Ahmed, et al. proposed a comprehensive
solution with two key components: the first one is deep
learning-powered dataset creation, model analysis, and
system architecture; and second is an loT-based smart
container design with sensors. It introduces a novel dataset
of 800 images representing eight local fish species and
rigorously evaluates seven pre-trained deep learning
models, ultimately demonstrating the superiority of a
combined Convolutional Neural Network and Long short-
term memory architecture achieving a remarkable 97%
accuracy. Additionally, they introduced a smart fish
monitoring method utilizing an Android application,
showcasing the practical implementation of their deep

learning solution [2]. To overcome the challenges of fish
detection in dynamic situations, Ari Kuswantori, et al.
proposed a novel approach utilizing the YOLOv4 model
with a custom dataset of high-speed fish motion on
conveyor belts under varying backgrounds. Their unique
contribution lies in introducing a landmarking labeling
technique, which, when compared to conventional
methods and different training or testing schemes,
significantly improves accuracy. Notably, the combination
of extracted images, landmarking labels, and the full
YOLOv4 model achieved an impressive 98.96% accuracy
on test videos, highlighting the effectiveness of their
combined approach for robust fish detection in complex
environments [3,4]. The foundation for comprehending
machine vision in fish categorization is established by
Daoliang Li, et al. in their papers, which also thoroughly
examines image gathering methods such as underwater
cameras and drones and explores popular public datasets.
They further propose innovative methods to enhance
dataset quality and quantity, employing image generation,
synthetic data, and transfer learning. The paper
meticulously details various fish classification methods,
encompassing both  traditional machine learning
algorithms and cutting-edge deep learning techniques.
Notably, they offered perceptive contrasts between the
benefits of different architectures and model performance,
but they also raise relevant questions regarding the field's
future obstacles, such as the great diversity of fish species,
the dynamic nature of underwater environments, and the
dearth of large-scale, high-quality datasets. Additionally,
they highlighted the promising potential of integrating
multiple modalities and domains for further advancements
[5]. Building upon the foundational understanding of
machine vision in fish classification established by
previous papers, subsequent works have explored and
addressed specific challenges within this domain. For
instance, Vishnu Kandimalla, et al. have taken a decisive
step forward by applying cutting-edge deep learning
models to a public dataset, effectively demonstrating the
potential for non-invasive fish monitoring, and taking a
decisive step forward by applying cutting-edge deep
learning models, YOLOv3 and Mask-RCNN, to a public
DIDSON dataset of eight fish species. They demonstrate
the models' efficacy in accurately detecting and classifying
fish using high-resolution imaging sonar data, paving the
way for a future where traditional tagging methods are
replaced by this non-invasive approach. This novel system
holds immense potential for in-depth scientific research,
enhanced regulatory monitoring of at-risk fish species, and
broader applications in fish passages and marine energy
sites [6]. C.G. Raghavendra et al. reviewed an automatic
fish counting system based on reliable technology. It
assists farmers in real-time, accurate, and non-disruptive
fish population counts. Additionally, they focused on
aquaculture and explored water quality assessment using
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ICT to enhance productivity and ecological balance [7,8].
Furthermore, Smitha Raveendran et al. conducted a
comprehensive review of underwater image enhancement
techniques, covering challenges and recent trends [9]. In a
separate study, Mathur et al. introduced an automatic fish
classification method for underwater images, addressing
challenges posed by light scattering and absorption in
ocean water [10]. Ajay et al. proposed a methodology for
integrated production models in aquaculture, considering
socioeconomic and environmental effects. Their aim was
to enhance sustainable and efficient aquaculture
production [11]. and Ashkan Banan et al. focused on using
deep learning to extract appearance features for automated
carp species identification. They addressed challenges in
underwater videos, achieving high accuracy [12]. similarly,
Irina M. Benson et al. explored using near-infrared
spectroscopy to differentiate fish species from different
ecosystems based on otoliths. Their study provided
insights into spatial variability and interactions [13], by
considering all this Ahsan Jalal et al. combined optical
flow, Gaussian mixture models, and YOLO deep neural
network to detect and classify fish in unconstrained
underwater videos. Their approach achieved impressive
accuracy on underwater datasets [14]. Whereas
Jayasundara D et al. investigated on multispectral imaging
for automated fish quality grading. They explored
techniques to assess fish quality in an industrial context
[15]. Similarly, Saliha Zahoora proposed an automated
system for identifying and classifying fish species based
on visual features. they utilized a modified Alex Net model
with fewer layers, achieving a testing accuracy of 90.48%
on a benchmark fish dataset [16], but a different approach
was adopted by Eko Prasetyo et al. and they focused on
classifying milkfish freshness based on eye segmentation
and they introduced the Cosine KNN (CoskKNN) method,
which provides soft values representing class membership
levels. Precision and recall evaluation show promising
results [17]. In contrast to previous research efforts, our
study addresses several critical challenges in fish
classification. Firstly, we tackle the issue of limited dataset
availability and the complexity of underwater
environments by curating a sizable dataset comprising
nearly 8,000 fish images across nine distinct species.
Additionally, we employ advanced deep learning
techniques coupled with innovative preprocessing
methods such as data augmentation, noise removal, and
image annotation to enhance model robustness and
accuracy. Furthermore, our investigation provides insights
into the efficacy of different deep learning architectures.
Moreover, our study contributes to the field by providing
comprehensive analyses of model performance metrics
such as loss functions and mean average precision (mAP),

shedding light on the effectiveness of our approach in
addressing challenges related to object detection and
segmentation in complex underwater environments.

3. METHODOLOGY

This paper investigates the use of deep learning for
classifying different species of fish from images. The
prescribed methodology utilizes a dataset of nearly 8,000
fish images captured from markets and online sources,
encompassing nine distinct categories. To enhance model
performance, various techniques are employed, including
data augmentation, noise removal, and different model
architectures.

A. Dataset Description

The dataset utilized in this research was sourced from
local food and fish markets, as well as from Kaggle.
Several fish species are represented in the dataset:
Oreochromis niloticus (Tilapia), Catla catla (Catla), Labeo
rohita (Rohu), Mugilidae (Mullet), Chanos chanos
(bangus), Cirrhinus mrigala (Mori), and
Hypophthalmichthys molitrix (Silver carp). A total of 7928
images were used, and these were divided into nine
different categories.: Rohu (1394), Silver carp (1240),
Catla (1255), Mori (1050), Bangus (855), Negative images
(735), Tilapia (1510), Mullet (870), Snakehead (1160).

B. Image Augmentation

Data augmentation is a machine learning approach that
involves applying different changes to preexisting data
without adding new data points, hence increasing the

quantity
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Figure 1. (a)Ready Dataset, (b)Dataset collected from fish market, (c)
Underwater Fish Images collected from Go-pro hero 9 black underwater
camera.

of training data. Data augmentation is based on the notion
that by exposing machine learning models to a wider
variety of data, it might help them become more broadly
applicable. For instance, data augmentation methods for
picture classification tasks might involve manipulating
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Figure 2. Methodology Block Diagram

photos by flipping, rotating, zooming, or cropping them,
altering their contrast or brightness, or introducing noise
or distortions. The model may be trained to identify items
or patterns that could appear differently in real-world
circumstances and become more resilient to changes in
lighting, orientation, or other conditions by applying these
modifications to the available data. Overall, data
augmentation is a powerful tool that can help improve the
accuracy and performance of machine learning models,
particularly in situations where the amount of training data
is limited or imbalanced.

B

(@) (b)
Figure 3. (a) Original Image, (b) Augmented Image.

C. Image Annotation:

Image annotation is the process of labeling,
categorizing, or annotating images. It is typically carried
out for computer vision or machine learning applications.
As it allows one to correlate certain visual aspects or
objects in an image with descriptive labels or tags, image

annotation is a crucial activity for training and assessing
machine learning models. Depending on the particular
needs of the application, a variety of picture annotation
techniques can be applied. Among the most often used
methods for picture annotation are Bounding box
annotation this involves drawing a rectangular box around
objects in an image to indicate their location and size.
Semantic segmentation this involves labelling each pixel
in an image with a corresponding class or category, such
as object or background. Instance segmentation this
involves labelling each individual instance of an object in
an image with a unique identifier, such as a different color
or shape. Landmark annotation this involves identifying
and labelling specific features or landmarks in an image,
such as facial features or key points on an object

’\/

Figure 4. Annotated Images.

D. Adding Noise:

One common technique in machine learning to
enhance and increase the variability of data is to add
Gaussian noise to the dataset. Random noise with a normal
distribution, where values are more likely to be around the

E-mail:cgraagu@msrit.edu
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mean and less likely to be farther from it, is known as
Gaussian noise. Each data point in the dataset is given a
random value from a normal distribution as part of the
Gaussian noise addition procedure. By varying the
distribution's standard deviation, one may regulate the
amount of noise introduced; larger numbers indicate more
substantial noise.

@) (b)

Figure 5. (a) Original Image, (b) Noisy Image

E. Removal of Noise:

Removing noise from an image is a common image
processing task that involves removing unwanted
variations or distortions in the image that are not part of
the underlying structure or content. Image noise can be
caused by various factors, such as sensor noise in the
camera, compression artifacts, or interference from other
sources. There are various techniques that can be used to
remove noise from an image, depending on the type and
level of noise present. Some common techniques include:
Median filtering, Gaussian filtering, Wavelet denoising,
non-local means filtering.

@ ‘ (b)
Figure 6. (a) Noisy Image, (b) Image after removing Noise

F. Classifier Model:

For the purpose of classification, we used 4 different
model  architectures namely CNN, Resnet152,
MobilenetV2 and YOLOVS8 etc. following is the
information regarding these architectures.

CNN:

Using the TensorFlow Keras API, a basic Convolutional
neural network (CNN) model was constructed. It is made
up of several fully linked, pooling, and convolutional
layers. A max pooling layer with a pool size of 2x2 is
placed after the convolutional layer, which has 32 filters
and a kernel size of 5x5. Two further pairs of
convolutional and max pooling layers, each with 32 filters
and a 3x3 kernel size, are then added to this. The last two
layers take the feature maps' spatial dimensions down to
1x1, and then they are flattened into a vector. After being
flattened, the vector is sent through a dropout layer to
lessen overfitting, then a fully connected layer with 512
units and a ReLU activation function. With nine units and
a softmax activation function, the final layer is dense and
produces a probability distribution across the nine
potential classes. In general, this model has nine potential
classes and is intended for use in image classification tasks
on RGB images with 224 x 224 pixels.

Resnet 152:

A convolutional neural network built on top of the
ResNet152 architecture. The base model is loaded with
pre-trained ImageNet weights and all its layers are set to
be untrainable. A global average pooling layer, two fully
linked layers, and a new input layer are defined and
coupled to the basic model. The last layer is a softmax
activation layer with 9 output classes. The model's
optimizer, loss function, and evaluation metric are set
using the compile() method. The model is then trained
using the fit() function with early halting as a callback to
avoid overfitting on the training set. The history object is
used to store the training history of the model, which is
then used to plot the training and validation loss and
accuracy over epochs. Overall, this classification model
using transfer learning with the ResNet152 architecture for
image recognition tasks with 9 output classes.

Mobilenet V2:

Using the MobileNetV/2 architecture as the convolutional
base, a convolutional neural network (CNN) model was
constructed. The ImageNet dataset, which comprises
millions of photos with thousands of classifications, was
used to train the pre-trained CNN model known as
MobileNetV2. The first line of code imports the
MobileNetV2 model with pre-trained weights from the
ImageNet dataset, but with the top layer removed. The
trainable parameter is set to False to freeze the weights of
the convolutional base, preventing them from being
updated during training. The next few lines define the
input and output layers of the model, as well as the
intermediate layers. The 240x240 RGB image that makes
up the input layer's form specification. A global average
pooling layer is then applied to the MobileNetV2
convolutional base output in order to compress the spatial




CG Raghavendra: Fish classification with Machine Learning enhancing Accuracy and Efficiency

dimensions of the feature mappings to a single vector.
After that, this vector is sent through a dropout layer to
lessen overfitting, then a fully connected layer with 512
units and a ReLU activation function. Ultimately, a
probability distribution across the nine potential classes is
produced by the dense layer with nine units and a softmax
activation function that makes up the output layer. The
optimizer, loss function, and model metrics are specified
using the compile method. The model's performance is
assessed using the accuracy metric, the categorical cross-
entropy loss function is employed for multi-class
classification, and the Adam optimizer with a learning rate
of 0.0001 is employed in this instance. Next, the model is
trained using the training data by invoking the fit function.
To guarantee that the complete dataset is used for training
and validation, the steps_per_epoch and validation_steps
parameters are set to the lengths of the training and
validation data generators, respectively. If the validation
loss does not improve after four epochs, training is stopped
early using the EarlyStopping callback, and the best
weights from the training process are restored by setting
the restore_best_weights argument to True. Lastly, using
the history object that the fit method returned, the training
and validation loss and accuracy are shown over the
training process.

YOLOVS:

The most recent state-of-the-art YOLO model, YOLOVS,
is distinguished by its ability to perform a wide range of
tasks, including  object identification, image
categorization, and instance segmentation. The article uses
Roboflow platform to harness the potential of YOLOVS.
This all-inclusive solution not only made it easier to
implement the YOLOV8 model for particular goals, but it
also made crucial chores like augmentation and annotation
much more efficient. The overall research was more
efficient since the augmentation and annotation processes
ran well in the Roboflow environment.

After all the models were ready, they were deployed in a
web application using Flask. The deployment of a machine
learning model using TensorFlow and Flask involves a
meticulous process. TensorFlow, renowned for its
capabilities in model development and training, is paired
with Flask, a lightweight Python web framework, to serve
predictions from the trained model. Upon the completion
of training, the TensorFlow model is saved in HDF5
format, recognized by the ".h5" extension, facilitating
seamless storage and retrieval of TensorFlow models. In
the Flask application setup, careful attention is given to the
integration of the trained TensorFlow model. Specifically,
code is crafted to initialize the Flask app, ensuring the
timely loading of the TensorFlow model from the ".h5"
file into the application's memory upon startup. This
preparatory step guarantees that the model stands ready to
execute predictions as soon as the Flask app becomes

operational.  Furthermore, the Flask application
architecture is meticulously designed to accommodate
diverse incoming requests. Through the definition of
routes within the Flask app, a structured approach is
established to manage various types of requests
effectively. For instance, a dedicated route may be
allocated to handle POST requests containing input data
awaiting prediction. Upon receipt of such requests, the
data undergoes preprocessing tailored to the model's
requirements, encompassing tasks such as scaling or
formatting. Subsequently, the preprocessed data is
seamlessly relayed to the loaded TensorFlow model for
prediction. Upon completion of the prediction process, the
resulting output is meticulously formatted and
encapsulated within an appropriate response. This
response, often presented in JSON format or a similarly
structured representation, is then dispatched to fulfill the
original client request. In summary, the orchestrated
deployment of a TensorFlow model within a Flask
application exemplifies a meticulous endeavor,
characterized by seamless model integration, structured
request handling, and comprehensive testing protocols.
Such endeavors pave the path towards the realization of
efficient and scalable machine learning-powered solutions
in real-world applications.

4. RESULTS

TABLE I. COMPARISION OF MODELS

Model Performance Metrics
Architecture Accuracy Loss
CNN 55.96 % 0.36
ResNet152 73.23% 0.54
MobileNetV2 77.51% 0.64
YOLOvV8 94.8% 0.02

It is evident from the above table that the CNN model is
the least accurate. Regarding predicting, CNN and
Resnet152 provided some inaccurate estimates. Out of all
the models, YOLOV8 had the best accuracy (94.8%),
along with a good prediction. Systems for object detection
and segmentation are frequently evaluated for
performance using Mean Average Precision (mAP). The
YOLOVS8 curve in Figure 8a) makes it clear that the model
has been properly trained. The remaining three plots
different forms of losses: object, class, and box losses. Box
loss is a measure of how successfully the algorithm locates
an object's center and how well an object is covered by the
projected bounding box. The sum of the squared errors
between the expected and ground truth bounding boxes
and class probabilities is the basis for object loss.
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Figure 8. (a) mAP curve (b) Object loss (c) Box Loss
(d) Class Loss for YOLO V8 Model

Figure 8 shows that there are very few losses, which means
that YOLOVS8 has outperformed all other models with
respect to predictions as well as accuracy.

(a)

Probability for loaded image

(b)
FIGURE 9: (a) Rohu (b) Prediction Plot

Figure 9 shows an underwater photo of Rohu
taken with a GoPro camera, and a bar graph for the
MobilenetV2 model with predictions of 92.56% for Rohu.
The results make it evident that YOLOV8 and

MobilenetV2 have excellent prediction accuracy. For the
same image Figure-9(a) the Resnet 152 even though is a
deeper model gave wrong prediction as mullet. Even
though Yolo v8 and Mobilenetv2 are well trained there is
a possibility that these models can provide wrong
prediction.

@

{
“predictions™:[
{

“x": 255,
" 133,
“width™: 508,
“height™: 266,
“confidence”: 0.566,
“class™: “tilapia”

b

FIGURE 10: (a)TiIafpi)a (b) Prediction Plot
Figure 10 illustrates the prediction of the YOLOV8 model.
The picture of the fish, which was taken from the GoPro
Hero 9 Black underwater camera, was used as the input for
the prediction. The picture next to it indicates that the
model correctly identified the fish as tilapia 56.6% of the
time, despite the fact that it is hard to see. This indicates
how successfully the model has been trained.

5. CONCLUSION

This study has determined the accuracy and loss
function for each model. CNN produced an accuracy of
55.6% and a loss function of 0.3581, mobileNetV2
produced the second-highest accuracy of 77.51% but a
higher loss function of 0.6400, Resnet152 produced an
accuracy of roughly 73.23% and a loss function of roughly
0.5430, and YoloV8 produced the highest accuracy of
94.8% with a lower loss function of 0.02 in comparison to




D)
ORI

ECE )

Bl N
8 w/

CG Raghavendra: Fish classification with Machine Learning enhancing Accuracy and Efficiency

all other models. Thus, it can be concluded from the
comparison above that the YoloV8 model produced the
best accuracy and lowest error. The model stands out with
its 94.8% accuracy, exceeding the next best by 0.7% which
was implemented. Additionally, its advantages in
architecture, dataset size, and noise handling position it as
a robust and generalizable solution for diverse underwater
environments and fish species. Beyond fish species
classification, the system's potential extends to
environmental monitoring by integrating with applications
measuring temperature, water quality, and other factors
affecting fish populations. This integration allows for the
identification of potential hazards and targeted
conservation measures. The system's utility further extends
to estimating biomass and counting fish, offering insights
into the health and abundance of fish populations, enabling
sustainable harvesting practices, and informing fisheries
management strategies. In order to improve efficiency, this
paper recommends implementing an automated fish sorting
system that sorts fish according to species or other
characteristics. By reducing personnel expenses related to
manual sorting, this integration enhances commercial
fishing operations. Overall, the fish species classification
system's value is increased by its connectivity with other
applications, which helps conservation efforts, encourages
sustainable fishing methods, and advances our knowledge
of fish species.

REFERENCES

[1] Filipe Monteiro, Vasco Bexiga , Paulo Chaves , Joaquim Godinho
, David Henriques ,"Classification of Fish Species Using
Multispectral Data from a Low-Cost Camera and Machine
Learning", MDPI Remote Sensors, Vol. 15, pp. 1-20, 2023.

[2] Md. Asif Ahmed,Md. Shakil Hossain ,Wahidur Rahman, Abdul
Hasib Uddin, Md. Tarequl Islam,"An advanced Bangladeshi local
fish classification system based on the combination of deep
learning and the internet of things (loT)", Journal of Agriculture
and Food Research, Vol. 14 , pp. 1-20, 2023.

[3] Ari Kuswantori, Taweepol Suesut,Worapong Tangsrirat,Gerhard
Schleining,Navaphattra Nunak ,"Fish Detection and Classification
for Automatic Sorting System with an Optimized YOLO
Algorithm", MDPI Applied Sciences , Vol. 13, pp. 1-19 , 2023.

[4] Prathvin R Shetty , Rakesh GR, C.G. Raghavendra , S
Rohit,Shreeshma Hegde MP, "An Overview on Machine Learning
Techniques for Identification of Diseases in Aquaculture",4th
International Conference for Emerging Technology (INCET) , pp.
1-5,2023.

[5] Daoliang Li , Qi Wang, Xin Li , Meilin Niu , He Wang, and
Chunhong Liu,“Recent advances of machine vision technology in
fish classification” , ICES Journal of Marine Science , Vol. 79(2) ,
pp. 263-284 , 2022.

[6] Vishnu Kandimalla , Matt Richard , Frank Smith , Jean Quirion
,Luis  Torgol , Chris Whiddenl"Automated Detection,
Classification and Counting of Fish in Fish Passages With Deep
Learning", Frontiers in Marine Science, Vol. 8, pp. 1-15, 2022.

[7] Bhavana B Rao, Keerthana J, C.G. Raghavendra, Kushi
Sarangamath and Mallikarjuna, “An Overview on Determining
Fish Population using Image and Acoustic Approaches”, IEEE,
International Conference on Data Science and Information System,
Malnad College of Engineering, Hassan, pp. 1-6, July-2022.

[8] K Rohan, Om Roria, C.G. Raghavendra, Savan S Awanti,
Shruthishree C and Srijoni Chakravorty, “Determining Water
Quality for Productivity in Aquaculture using Information and
Communication Technologies”, IEEE, International Conference on
Distributed Computing and Electrical Circuits and Electronics,
Ballari Institute of technology, Ballari, pp. 1-5, April-2022.

[9] Smitha Raveendran, Mukesh D. Patil,Gajanan K.
Birajdar,“Underwater image enhancement:a comprehensive
review, recent trends, challenges and applications”,Artificial
Intelligence Review,Vol. 54, pp.5413-5467, 2021.

[10] Mathur, M., Goel, N. , “FishResNet: Automatic Fish Classification
Approach in Underwater Scenario.” , Sn computer science , Vol. 2
, pp.1-12, 2021.

[11] Ajay, C.G. Raghavendra, K.B. Rajanna, Niranjanamurthy M,
"Design and development of intensive aquaculture supervising
model”, Elsevier, Global Transitions Proceedings, Vol. 2, pp. 299-
303, 2021.

[12] Ashkan Banan, Amin Nasiri, Amin Taheri-Garavand, "Deep
learning-based appearance features extraction for automated
carpspecies identification", Journal on Aquaculture Engineering,
Vol. 89, pp. 1-10, 2020.

[13] Irina M Benson,Beverly K Barnett, Thomas E Helser,
"Classification of fish species from different ecosystems using the
near infrared diffuse reflectance spectra of otoliths”, Journal of
Near Infrared Spectroscopy, Vol. 28 , pp. 1-12, 2020.

[14] Ahsan Jalal, Ahmad Salman,Ajmal Saeed Mian,Mark R Shortis,
"Fish detection and species classification in underwater
environments  using deep  learning  with  temporal
information",Ecological Informatics, Vol. 57. pp. 1-13,2020.

[15] Jayasundara D, Ramanayake L , Niranjan Senarath , Sanjaay
Herath, "Multispectral Imaging for Automated Fish Quality
Grading", IEEE 15th International Conference on Industrial and
Information Systems (ICIIS), pp. 321-326 , 2020.

[16] Hafiz Tayyab Raufa,M. Ikram Ullah Lalia, Saliha Zahoora , Syed
Zakir Hussain Shahb , Abd Ur Rehmana , Syed Ahmad Chan
Bukharic , “Visual features based automated identification of fish
species using deep convolutional neural networks” , Vol. 206 , pp.
1-19, 2019.

[17] Eko Prasetyo,R. Dimas Adityo,Rani Purbaningtyas,"Classification
of Segmented Milkfish Eyes using Cosine K-Nearest Neighbor",
IEEE 2nd International Conference on Applied Information
Technology and Innovation (ICAITI), pp. 93-98, 2019.

[18] Ahmed Waleed, Hadeer Medhat, Mariam Esmail Kareem Osama,
Radwa Samy, Taraggy M Ghanim , “Automatic Recognition of
Fish Diseases in Fish Farms” , 14th International Conference on
Computer Engineering and Systems (ICCES), Misr International
University Cairo, Egypt , pp. 201- 206 , 2019.




Int. J. Com. Dig. Sys. #, No. (Mon-2024)

[19] Divinely S. J, Sivakami K, Dr. V. Jayaraj, “Fish diseases
identification and classification using Machine Learning”,
International Journal of Advanced Research in Basic Engineering
Sciences and Technology (IJARBEST), Vol. 5, pp. 46-51, 2019.

[20] Lumauag, R, & Nava, M , “ Fish Tracking and Counting using
Image Processing”, IEEE 10th International Conference on
Humanoid, Nanotechnology, Information
Technology,Communication and Control, Environment and
Management (HNICEM) - Baguio City, Philippines , pp. 1 -4 ,
2018.

[21] lan C. Navotas, Charisse Nadine V. Santos, Earl John M.
Balderrama, Francia Emmanuelle B. Candido, Aloysius John E.
Villacanas ,Jessica S. Velasco,"Fish ldentification And Freshness
Classification Through Image Processing Using Artificial Neural
Network", ARPN Journal of Engineering and Applied Sciences,
Vol.13, pp. 4912- 4922,2018.

[22] L.K.S. Tolentino, J.W.F. Orillo, P.D. Aguacito, E. J. M. Colango,
J. R. H. Malit, J. T. G. Marcelino, A. C. Nadora , A. J. D. Odeza.,
"Fish Freshness Determination through Support Vector Machine",
Journal of Telecommunication electronics and computer
Engineering(JTEC), Vol. 9, pp. 139-143, 2017.

[23] M.S. Najib, N.H. Zamberan, N. Zahed, F.A. Halim, M.F. Zahari,
W.M. Mamat ,H. Manap, "Fish quality study using odor-profile
case-based reasoning (Cbr) classification technique”, ARPN
Journal of Engineering and Applied Sciences, Vol. 11, pp. 6691-
6696, 2016.

[24] J. Schmidhuber, “Deep learning in neural networks: An overview”,
Neural networks, Vol. 61, pp. 85-117, 2015.

[25] J. P.N. Cruz, M. L. Dimaala, L. G. L. Francisco, E. J. S. Franco, A.
Bandala,E. P. Dadios , "Object recognition and detection by shape
and color pattern recognition utilizing Artificial Neural Networks",
Information and Communication  Technology (ICoICT)
International Conference , pp. 140-144, 2013.

[26] M. Abdulkadir, G. I. Abubakar , A. Mohammed , "Production and
characterization of oil from fishes", ARPN Journal Of Engineering
and Applied Sciences, Vol. 5, pp. 769-776 , 2010.

About Authors

Dr. C.G. Raghavendra
obtained his B.E., M.Tech
and Ph.D in EC in 2001,
2004 and 2018 respectively.
He worked as engineer in
Aeronautical Development
Agency (ADA, Ministry of
Defence, Govt. of India)
during 2001 to 2002.
Presently  working as
associate professor in the
department of EC, RIT,
Bangalore, India from 2004
till date. He has 19+ years of teaching experience. He is a
principal investigator for several projects funded by VGST,
Govt. of Karnataka, IEEE-Bangalore section, IETE-Bangalore
Centre and KSCST, Bangalore. Filed several Indian patents in

the area of signal processing. He has published papers in
international journals. He is a Fellow of IETE, Senior Member
of IEEE, Member in National Bee Board, IEI, IMAPS and ISTE.

Rakesh GR is pursuing B.E in
the department of Electronics

and Communication,
Ramaiah Institute of
Technology. Presently

working as a Network
engineer at Trellix India. He
has published research papers

in International Conference
on Emerging
j & Technologies(INCET-2023).
He has worked on the project

in the field of Aquaculture,
ICT lab, Ramaiah Institute of Technology for developing
sustainable solutions for fisheries. His field of interests are
Machine learning, Automation using Robot framework, Bash
Scripting, Linux operating system, Al, Programming in C, CPP
and Python, Computer Networking, Database management
system, and Internet of Things.

S Rohit is a Bachelor of
Engineering  student  from
Ramaiah Institute of

Technology's Electronics and
Communication Department. He
has published research papers at
the International Conference on
Emerging Technologies (INCET-
2023). He has worked on an
aquaculture project at Ramaiah
Institute of Technology's ICT lab,
researching sustainable fisheries
solutions. His areas of interest include VLSI, microelectronics,
machine learning, and Internet of Things.

\

S

\ | \ y"

Prathvin R Shetty is a highly
motivated and adaptable
engineering student with a
strong background in data
analysis, software
development, and cloud
engineering. He holds
expertise in Python, C++,
SQL, Azure, SingleStore,
Terraform, Kubernetes, and
Tableau. With a Bachelor's in
Electronics and Communication Engineering from Ramaiah
Institute of Technology, Prathvin has actively contributed to
pioneering projects at the intersection of technology and
aquaculture during his tenure at the ICT lab, Ramaiah Institute of
Technology. Additionally, he has showcased his research




10 2:,}’ CG Raghavendra: Fish classification with Machine Learning enhancing Accuracy and Efficiency

prowess by publishing a paper titled "An Overview on Machine
Learning Techniques for Identification of Diseases in
Aquaculture" at the IEEE 4th International Conference for
Emerging Technology (INCET) in 2023.

Shreeshma Hegde M.P is an
aspiring engineer currently
pursuing a Bachelor of
Engineering in Electronic and
Communication Engineering
at M.S. Ramaiah Institute of
Technology, Bangalore, India.
She has demonstrated her
expertise through impactful
projects, including her work
on a Machine Learning project focused on intensive aquaculture
supervision.Shreeshma's leadership qualities were recognized
when she was chosen as the All India NCC Rajpath Parade
Commander, leading the NCC contingent on Republic Day
Parade in New Delhi. Her commitment to excellence has been
acknowledged through prestigious awards, including the Raksha
Mantri Commendation Card. She is currently expanding her skill
set through courses in Python, SQL, and UI/UX design,
showcasing her dedication to continuous learning and
professional development.

10



