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Life Steps

Our entire life is made up of choices,
What we decide, the action we take,
the attitude we display
All represent the steps of life.

Sometimes we take two steps forward
And one-step back.
Some of us take baby steps

Some of us take giant steps

But the secret is not to let that
one step back turn into a failure.

Learn from backward steps

And keep on stepping forward in this dance Called Life!

---Catherine Pulsifer
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Chapter 1

Introduction

1.1 Introduction

NDIA’S fish production has seen significant growth in recent years, positioning the
country as a major player in the global fisheries sector. The production growth has
been supported by various government initiatives, most notably the Pradhan Mantri
Matsya Sampada Yojana (PMMSY). Launched in 2020, PMMSY aims to enhance fish
production, improve infrastructure, and boost fishers’ income through diverse activities
such as constructing ponds, developing recirculatory aquaculture systems, and establishing
cold storage facilities. Additionally, the government has been developing major fishing
harbours and providing financial support to states and union territories to bolster the
sector further. Integrating Industry 4.0 technologies into the fisheries, often referred
to as "Aquaculture 4.0,” is transforming how fisheries operate, enhancing efficiency,
sustainability, and productivity. There are various areas where Industry 4.0 techniques
could be applied to enhance the fishery sector in India. Artificial Intelligence and Machine
Learning analyse vast amounts of data to predict and optimize various aspects of fish
farming, from fish identification, and feed optimization to disease detection. Internet
of Things (IoT) devices and sensors are pivotal in the real-time monitoring of water
quality parameters such as temperature, dissolved oxygen, pH, and salinity. Automation
technologies are required in this sector to reduce the labour costs in routine tasks and
increase the precision in farming. Recognition of fish species is the fundamental routine
task that needs to be automated to apply the autonomous system in feeding, fish farming,
cleaning to fish disease detection.
As lifestyles change and urbanization increases, human dietary patterns are evolving,
with a shift towards more protein-rich foods. Fish is an easily digestible aquatic food,
with low fat and high protein, a rich source of micronutrients which plays an effective
role in human nutrition. Fish consumption in India has been increasing steadily over the
years due to various factors including population growth, rising incomes, urbanization,
and awareness of the health benefits of fish consumption. In coastal regions and areas
with significant inland fisheries, fish has become an increasingly important part of the
Indian diet. India has a wide coastline of over 8,162 kilometers, bringing forth manifold
marine fish species. The country also has huge inland water resources, including rivers,
lakes, reservoirs, ponds, and brackishwaters, which contribute to producing freshwater
fish. India is the world’s third largest fish producer accounting for 8.92 % of global
production. An estimated 16.25 million metric tons (MMT) of fish were produced in India
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overall in FY 2022-2023, with 4.13 MMT coming from the marine sector and 12.12 MMT
from the inland sector. Aquaculture plays a significant role in fish production in India.
Major aquaculture species include freshwater fish like carp species (Labeo rohita, Labeo
catla, Cirrhinus mrigala), exotic carps (Hypophthalmichthys molitriz, Cyprinus carpio,
Ctenopharyngodon idella), tilapia, and freshwater prawns. Aquaculture is done in ponds,
tanks, cages, and pens across various states in India, with Andhra Pradesh, and West
Bengal being among the leading aquaculture states. Because of the development in
transportation and logistics, different initiatives by governments, increase in per capita
income, the total demand for fish, mainly freshwater fish, is steadily increasing in India.
Due to the high demand, various regulations have been imposed in fisheries aiming at
preventing overfishing and maintaining sustainability. Fish identification is essential in
the fisheries and aquaculture industry for various purposes, such as fish counting, fish size
estimation for regulatory compliance, fish sorting in stock assessment, disease identification
in specific fish, selection of fish species for aquaculture, fish recognition in cluttered
environments for benefitting purchasers, etc. Traditionally, fish identification has been
performed by trained personnel in fish morphology. Manually identifying the fish species
takes a long time. There is also a scarcity of trained personnel in the fishery industry,
and it also incurs errors and ambiguities in fish identification. In this context, automatic
fish species identification using machine learning techniques has become a demanding
research study. It is tough for the purchasers to know the nutritional information of the
various fish and to find out the appropriate fish in the market that meets the nutritional
needs of an individual. So, the development of an automatic framework using machine
learning to identify fish with individual nutritional needs in normal fish market conditions
has become very important nowadays. The advancements in technology, particularly in
machine learning and computer vision, have paved the way for automated fish identification

systems.

1.2 Fish Species Recognition and Related Works

Widespread applications of Fish Species recognition (FSR) initiate studying automatic
recognition of fish species in the domains of pattern recognition, computer vision, image
processing and segmentation. FSR has been used in various wings of the fisheries
and aquaculture industry such as fisheries management, biodiversity management, fish
conservation, fish nutrition profiling etc. Meanwhile, governments are applying regulations
to maintain sustainable fisheries and healthy ecosystem. FSR is the process of recognising
fish species based on their visual features. Morphological features play a crucial role
in the recognition of fish species. Different parts of the fish body, such as the head,
trunk, fins, and tails have vital visual characteristics that differentiate different fish
species. FSR recognizes and categorizes fish species based on the underlying similarity
with the representative image. Studying automatic recognition of fish species using
machine learning or deep learning has been a scientific choice to facilitate fishery industries

in recognising fish species automatically without the need for skilled personnel in fish
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morphology.

Research in automatic FSR started in 1994 by Castignolles et al. [5] to automatically
classify fish species using static thresholds for segmenting fish images from the video
data. Background lighting was utilized to handle contrast enhancement. Twelve
geometric features were calculated and applied to the naive Bayes classifier for fish species
classification. From 1999 onwards, FSR have been studied using two different approaches,
machine learning, and deep learning. In 2000, Zion et al. [6] extracted several geometric
features from three fish species and employed moment invariants to find optimistic results
in FSR. Different landmark points of fish play an important role in FSR.. In 2003, Lee et al.
[7] used curvature function analysis on the fish contours for finding the critical landmark
points. Mainly, the Anal fin length and adipose fin length were used to identify the fish
species. Nery et al. [8] have computed four groups of features, size, shape, colour signature,
and texture measurements. A total of 47 different features were extracted from these
feature groups. Based on the discrimination and correlation from 47 features, 20 features
were selected to achieve optimal performance in classifying six species of the Rio Grande
River in Brazil. A total of 225 images of six fish species were utilized. Different shape
descriptors such as line and polygon approximation, Fourier descriptors, and curvature
were studied from the fish contour representation by Lee et al. [9]. Localization of the
landmark points automatically is challenging and often error-prone. In many cases, these
landmark points are manually computed. A fish species classification using shape and
texture was proposed in 2009 by Larsen et al. [10]. A total of 108 fish images of three
fish species: cod, haddock, and whiting were used. Data were present in each class
with an uneven distribution. In 2010, Alsmadi et al. [11] proposed a fish recognition
technique based on strong feature extraction using the size and shape of the fish species.
They extracted many geometrical and distance features from some anchor points. These
features were then analyzed using an Artificial Neural Network (ANN) for the goal of
fish species classification. A total of 500 images from 20 fish families were used in their
study. In 2012, Hu et al. [12] proposed a method based on color and texture features
for fish species classification. The fish skin texture was used for the experiment (not the
full body of fish species), and different statistical texture features and wavelet features
were extracted from skin texture. They used multiscale Support Vector Machine(SVM)
for classification purposes. A total of six common freshwater species in China were used
in this work, Grass Carp (Ctenopharyngodon idella), Bighead Carp (Aristichthys nobilis),
Silver Carp (Hypophthalmichthys molitriz), Wuchang Bream (Megalobrama amblycephala),
Snakehead Murrel (Channa striata), and Red-bellied Pacu (Colossoma brachypomum). A
total of 540 photos depicting the aforementioned fish species have been utilized. In 2013,
Fouad et al. [13] proposed a system on the classification of Nile Tilapia fish using SIFT
and SURF feature. A total of 96 images of Tilapia and 55 images of non-Tilapia fish
were used for the binary classification. Some geometric transformations were applied on
16 images of Tilapia for the generation of the dataset. In 2014, identification of four

fish species: chub, crucian, bream fish, and carp, using image processing and statistical



4 Chapter 1. Introduction

analysis was proposed by Li and Hong [14]. The data distribution and the details of the
dataset were not reported in their work. Another work using the combination of geometric
features and bag of visual words (BoVW), for fish species identification was proposed
in 2016 by Saitoh et al. [15]. A total of 129 fish species were used, where 20 images
are present in each fish species. These images were sourced various websites, captured
under diverse photography settings and environmental context. In 2016, Rossi et al.
[16] presented a cloud-based mobile application that uses anchor points in fish taxonomy
to recognize different fish species. The authors have collected the dataset from Turin
(Italy) fish market. A total of 339 fish images were used for the seven species- Engraulis
encrasicolus (125), Pagellus erythrinus (20), Sardina pilchardu (107), Sparus aurata (22),
Scomber scombrus (18), Merluccius merluccius (19), and Mullus surmuletus (28). In
2018, Rachmatullah and Supriana [17] introduced a method for classifying low-resolution
fish images by employing a architecture based on convolutional network. The authors
employed data augmentation techniques, specifically rotation transformation, to evenly
distribute the data throughout the different classes. Using the Fish CLEF 2015 dataset
Joly et al. [18] with 15 different fish species, a convolutional network with two convolution
layers, with 32 batches produced the best results out of all the convolutional networks
they used in their study. In 2018, Tharwat et al. [19] introdiced a fish species idenfication
system that relies on biometric data. This system utilizes the Weber Local Descriptor
(WLD) and color features to achieve accurate identification. The authors used 241 fish
images of four fish species: Argyrosomus regius, Scomberomorus commerson, Sardinella
maderensis and Trachinotus. A better result was achieved using the AdaBoost classifier
compared to Naive-Bayes, K-NN, and MLP algorithms. In 2019, Hussain et al. [20]
porposed a modified AlexNet, specifically designed for fish species identification. This
modified version of ALexNet consists of four convolutional layers and two fully connected
layers. The training was conducted using the QUT fish dataset (Anantharajah et al.
[21]), whereas the LifeClef 2015 Fish dataset (Joly et al. [22]) was utilized for testing and
validation purposes. The experiment included a total of six fish species from both datasets:
Cirrhilabrus, Lethrinus, Thunnus, Epinephelus, Scomberoides, and Lutjanus. The modified
AlexNet has outperformed the original AlexNet and VGGNet. In 2019, Montalbo and
Hernandez [23] proposed an optimization-based VGGNet for fish species classification.
A total of 530 images from the FishBase Montalbo and Hernandez [23] collection were
utilized, along with augmented images, for the experiment. In the same year, Rauf et al.
[24] introduced a 32-layer convolutional neural network architecture that is based on the
VGGNet network. The purpose of this network is to automatically identify fish species.
A dataset named Fish-Pak, that consists of 915 images of six fish species: Grass carp
(Ctenopharyngodon idella), Mori ( Cirrhinus mrigala), Common carp (Cyprinus carpio),
Rohu(Labeo rohita), Catla (Catla catla), and Silver carp (Hypophthalmichthys molitriz),
was designed by the authors. The images are taken from three regions of the fish body:
Head region, Body region, and scale. Out of the total 915 images, the authors have

selected 438 images for their experiment. The numbers of images in the head region, body
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region, and scale region are 140, 124, and 174. A 32-layer deep CNN architecture has
outperformed some popular deep networks like AlexNet, GoogleNet, ResNet50, Lenet-5,
and some variations of VGGNet architecture. It is evident from the previous works on
fish species classification that the datasets developed are purely region specific. In many
studies different out-of-water sea fish were utilized. Very few studies have used freshwater
fish species, Hu et al. [12] used some freshwater fish species of China, and Rauf et al.
[24] used six carps of Asia. Though the fish species used by Rauf et al. [24] are found in
India, but the dataset they developed is very small and highly imbalanced. In this thesis
work, creation of a standard dataset comprising freshwater carps is the major part. Also,
underwater fish recognition and classification have been popular research problems due
to the widespread applications such as aquaculture and fisheries management, ecological
conservation, fish tracking and fish behaviour analysis, tourist knowledge, education, and
research etc. Many studies have been completed in recent years to track and recognize
underwater fish species to solve various problems by Huang et al. [25], Spampinato et al.
[26], Cabrera-Gamez et al. [27], Hu et al. [28], Li et al. [29], Jalal et al. [30], Jager et al.
[31], Mathur et al. [32], Mathur and Gooel [33], Zhang et al. [34], Paraschiv et al. [35],
Qin et al. [36],Sun et al. [37].

1.3 Fish Species Recognition in Cluttered Environment

The basic understanding of fish species recognition is discussed in the previous section.
Recognizing fish in some cluttered environments is challenging due to many inherent issues
found in the fish markets. Fish markets in India are cluttered due to the placement
of different fish. Generally, cluttered means not organized, untidy, and the presence of
different covering objects. In the fish markets, fish are placed in an unorganized way, i.e.
different type of fish are placed randomly in a congested area. Moreover, the body of one
fish is occluded by other fish and in this way maximum body portion of fish is not visible.
The colour changes, untidiness, and presence of other fish or non-fish objects make the
fish markets inherently cluttered. Some instances of cluttered fish markets are shown in

Figure 1.1.

1.4 Motivation

In recent years many studies have been carried out on FSR as discussed in the subsection
1.2. The majority of the studies were performed on sea fish recognition in some controlled
environments. Very few works were done on the classification of fish species in India.
Recognition of freshwater fish under some controlled environment was studied by Hu
et al. [12] and Rauf et al. [24]. These two studies have been done on the fish species from
China and Pakistan. The Fish-Pak dataset developed by Rauf et al. [24] consists fish
species available in India have huge demand because of availability, reasonable price, and

nutritional benefits. The size of the dataset is very small and imbalanced. Only 271 images
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Figure 1.1: Some images of cluttered fish markets in India

of fish body view are available for the six fish species present in the Fish-Pak dataset. So,
development of a standard dataset for freshwater fish species of India is mostly important
to address. After the detailed literature survey, it is evident that no work has been done
on freshwater fish species recognition under a cluttered environment. Also, it may be the
first study to recognise carps in India. Fish markets in India are incredibly lively and
busy during the daytime. These markets are generally located in cluttered environments
among the daily bustle and are typically filled with a variety of freshwater fishes, including
a diverse range of fish species such as carps, catfishes, snakeheads etc. that are both
locally sourced and imported from other regions. In such markets, the environment can be
cluttered and chaotic, with sights, sounds, and smells creating a sensory overload. Under
these circumstances, a method for automatic FSR in some cluttered environments becomes
an important research topic to help the common purchasers as well as the fisheries and
aquaculture industries in a variety of contexts. In cluttered environments, fish are placed
in unorganized ways, and many parts of a fish body are hidden due to the presence of other
fish bodies. Also, in live fish markets, the presence of different fish species, non-fish objects,
illumination changes, lighting differences, and congestion make the automatic recognition
problem a very challenging job. The main research gap in FSR is the non avialbility of
publicly standard dataset and corresponding research in recognizing different freshwater
carps, specially in a cluttered environment. Also, in the Indian context, this research
will be the first to develop a method for automatically recognizing fish species in some

cluttered environment.

Around the world, the concept of a balanced diet remains crucial for maintaining a
healthy life. In India, dietary patterns can vary widely based on cultural, regional, and
socioeconomic factors. Along with whole grains, fruits and vegetables, legumes and pulses,
fish is a great source of proteins, different vitamins, minerals, Omega-3 fatty acids etc.
In Indian cuisines, particularly in the coastal areas fish is consumed daily. It is very

hard for consumers to remember the various nutritional benefits of different fish species,
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recognize them according to the nutritional requirement of an individual. Hence automatic
recognition of fish species which can meet the nutritional needs of a consumer is an essential
research problem to address. In this thesis, automatic recognition of some freshwater carps
using machine learning technique is addressed and a case study on selecting appropriate
fish species from fish market’s cluttered environment meeting individual’s nutritional needs

is done.

1.5 Scope and Contributions

Before diving into the different tasks on recognising fish species that have been done in this
thesis, the development of four standard datasets was undertaken in the initial stages of
the research. The first two datasets named JUDVLP-WBUAFS: Fishdb-IMC.v1 and
JUDVLP-WBUAFS: Fishdb-EC.v1, is prepared for the recognition of three Indian
major carps (IMC) and Indian exotic carps (EC) in the non-cluttered environment.
These two datasets are the first dataset developed for the recognition of carp in the
Indian context. Machine learning or deep learning applications need a standard dataset
to learn a generalized model. In the cluttered environment, there are no datasets
available for the recognition of different carps. A dataset named JUDVLP-WBUAF'S:
Fishdb-Detection.vl is developed for recognizing six different freshwater fish in live fish
markets under some cluttered conditions. Only the heads of the fish are annotated using
a rectangular box and used for detection and recognition purposes. Segmentation plays
a crucial role in eliminating the extra information from the images except the object of
interest. A semantic segmentation framework is done in this thesis and to accomplish
that a dataset named JUDVLP-WBUAFS: Fishdb-Segmentation.v1 is developed with
the heads of the fish annotated using polygons for segmentation purposes. One of the
major objectives of this thesis is to develop all the datasets in the preliminary phases such
that the experiments can be done to achieve the principal objective of recognizing the fish
species in non-cluttered and cluttered environment.

Apart from the dataset development, various works have been done on this research
study. Briefly, the entire process of automatic recognition of freshwater fish is conducted
in two stages, one is under non-cluttered environment and the other is under the cluttered
environment. Using the latent representation of deep convolutional autoencoder and
traditional machine learning algorithms three Indian major carps (IMC) are classified
in non-cluttered environment. In an autoencoder, the latent representation refers to
the compressed lower dimensional form of the input data that the autoencoder learns.
This latent representation serves as a bottleneck in the network, capturing the most
salient features of the input data while discarding unnecessary details. Using the latent
representation learned by an autoencoder as features in machine learning tasks can be
quite effective, especially in scenarios where the original data is high-dimensional or noisy.
One of the primary benefits of using autoencoder latent representations is dimensionality

reduction. By compressing the input data into a lower-dimensional latent space, the
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autoencoder captures the most salient features of the data while discarding irrelevant or
noisy information. This can be particularly useful when dealing with high-dimensional
data, as it reduces the complexity of the feature space and can lead to more efficient and
effective learning. Transfer learning facilitates the adaptation of models from one domain
to another. A model trained on a large dataset can be adapted to another related dataset
with proper fine-tuning on a small dataset in the target problem. Transfer learning allows
leveraging pre-trained models that have been trained on large datasets. This reduces
the need for massive amounts of labelled data and computationally intensive training,
especially in domains where data is scarce or expensive to acquire. Pre-trained models
capture generic features from large datasets, which can generalize well across related tasks
or domains. Fine-tuning these models on task-specific datasets can lead to improved
performance compared to training from scratch, as the model starts with knowledge gained
from previous tasks. Initializing the model with parameters learned from pre-trained
models allows the model to start from a point closer to the optimal solution. This often
leads to faster convergence during training, as the model requires fewer iterations to adapt
to the new task or dataset. Transfer learning acts as a form of regularization, helping to
prevent overfitting on small datasets. Pre-trained models have typically learned robust
representations from diverse data, which helps to regularize the learning process when
fine-tuning on small datasets. Different state-of-the-art deep learning models for image
classification are employed with the transfer learning approach to identify the three exotic
carp in the non-cluttered environment. Under the cluttered environment in the live fish
markets, recognition of the fish species is a challenging problem due to the presence of
many fish hiding the other fish around it, illumination changes, background noise etc.
The study on recogniton of six carps under cluttered environments is done in this thesis
work using object localization and identification approach, and semantic segmentation
approach. Also, a mobile application is developed for the ease of consumers to identify
fish according to their nutritional needs and then select the fish that best suits them.
The entire research work mainly helps the fishery industry by proposing an automatic
technique for fish identification, fish counting, analysis of fish catching, etc. This study
will be very helpful to the purchasers in the market, as they will recognize different fish in
the market without taking help from someone and they can also select the fish according to
the nutritional need to maintain a balanced and healthy diet. From the brief introduction,

it is evident that this thesis work is beneficial on the economic and societal side.

1.6 Thesis Organization

The thesis consists of six chapters, and a list of references overall. The Chapter 1 of
the thesis briefly introduces fish production in India, its importance, consumption, and
benefits regarding maintaining a healthy life. The need to develop an automatic technique
for the recognition of different fish species in non-cluttered and cluttered environment is

explained in this chapter. It also provides a brief overview of each work that has been done
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in this research study. The chapter finally ends with the scope, objective, and application
area of the topic undertaken in this study and the organization of the thesis.

Chapter 2 starts with the details of the available datasets for freshwater fish species
recognition. The location, name of the fish species, number of data samples, data split and
augmentation technique are explained in detail. Then the dataset collection process, and
pre-processing, of the four benchmark datasets are presented with appropriate diagrams.
It ends with a conclusion of all the datasets with their application areas.

Chapter 3 presents the automatic recognition of Indian major carps (IMC) and exotic
carps (EC) using deep learning techniques. The use of latent representation of deep
convolutional autoencoder is studied for extracting feature sets for recognition of IMC
is explained in detail with experimental details and results. Also, the available methods
for fish species recognition are explained and compared wherever applicable. Then Some
state-of-the-art deep learning algorithms with transfer learning strategies are applied for
recognizing three exotic carps, is presented with experiment details and results. Each
of these two works is explained individually with a conclusive ending. The chapter then
ends with an overall conclusion on automatic FSR in the non-cluttered environment and
possible solutions to the drawbacks of these studies.

Chapter 4 consists of the need for fish identification in some cluttered environments.
It presents two separate works on automatic FSR in cluttered fish market conditions by
applying object localization, identification and semantic segmentation. The annotation
process, details of the deep learning techniques applied, experiment strategies, and results
analysis are explained for both studies are explained in detail. The chapter ends with the
overall summary of automatic FSR under some cluttered environments.

Chapter 5 presents a case study on the development of a mobile application for
consumers, that recognizes the different fish in live fish market’s cluttered environment
according to consumer’s nutritional needs. A framework consisting of object localization
and detection with the fish nutrition knowledge base, to help consumers to select fish
that best meet their nutritional requirements, is explained with methodology, experiment
design, and results. The chapter ends with a conclusion regarding the pros of such
applications to the consumers and the future challenges to tackle.

Chapter 6 presents the final discussion on the outcomes of the thesis work and future
scopes that could be explored in this area. The overall thesis organization is represented
diagrammatically in Figure 1.2.

All the relevant references are given at the end of the thesis.



Chapter 2

Creation of the Dataset

well-diversified dataset is essential to any machine learning or deep learning
A application. Chapter 1 discusses the scarcity of publicly accessible datasets
on FSR, which do not align with the research in this thesis. Therefore, several
datasets are developed to conduct studies on automatic FSR in both non-cluttered and
cluttered environments. Two datasets named JUDVLP-WBUAFS: Fishdb-IMC.v1
and JUDVLP-WBUAFS: Fishdb-Ec.vl are created for automatic recognition of
Indian major carps and exotic carps in a non-cluttered environment. Another two
datasets named JUDVLP-WBUAFS: Fishdb-Detection.vl and JUDVLP-WBUAF'S:
Fishdb-Segmentation.vl are created for automatic recognition of different carps in
cluttered environments. This chapter explains the image collection procedure,

pre-processing, and annotation process of the individual dataset.

2.1 Dataset for Indian Major Carp Freshwater FSR

India is home to a rich diversity of freshwater fish species, and carps are among the major
contributors to the country’s fisheries. Carp species are widely distributed in various
water bodies, including rivers, lakes, and ponds, and they play a significant role in the
aquaculture sector. Regularly farmed carp species of Indian origin are Rohu (Labeo rohita),
Catla (Labeo catla), and Mrigal (Cirrhinus mrigala) and are collectively known as Indian
Major Carps (IMC). Rohu is a widely popular indigenous carp species in India and is
extensively farmed in freshwater bodies. It is popular for its tender flesh and mild flavor.
It is dominantly used in many Indian households in the form of curries, fish fries, etc. Catla
is another IMC species that is commonly farmed in ponds and rivers. It is recognized for
its large size and distinctive taste. It is often a popular choice in Indian cuisine. Mrigal is
widely distributed in rivers, lakes, and reservoirs with slow to moderate currents across the
Indian subcontinent. It is an important component of the aquatic ecosystem, contributing
to nutrient cycling. It holds economic significance in the aquaculture sector due to its fast
This fish is valued for its growth and adaptability to a variety of environmental conditions.
This fish is valued for its flesh, which is white, firm, and has a mild flavor. These three
IMC fish species play a vital role in both natural ecosystems and aquaculture systems in
India and contribute to the nutritional needs of the population. These species become
a significant component of the country’s fisheries, due to their economic importance,

adaptability, and culinary value.
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Table 2.1: Different publicly available datasets for fish species recognition
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2.1.1 Characteristics of Fish Species

The characteristics of fish species are crucial for various reasons, spanning ecological,

economic, biodiversity, aquaculture management, and food security and nutrition aspects.

Understanding these characteristics provides valuable insights into the biology, behavior,
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Figure 2.1: Fish habitats of Indian fish and classification of fish found in rivers, lakes,

ponds, tanks etc.

and ecological roles of different fish species. In this section, some major characteristics of

IMC are discussed.

e The body of Rohu is moderately elongated, with an inferior setting in the mouth.

The lips are fairly thick, fringed, and have a noticeable inner fold. The dorsal fin
ends either inline or somewhat anterior to the anal fin, placing it anterior to the
pelvic fins. The scales are modest and cycloid. The sides and belly area of the body
are silver in color, while the back is blue to brownish in hue. Overall, the weight
range of the Rohu in fish markets is 500 to 2.0 kg.

The body of Catla is short, relatively deep, has a large head, and a rounded
abdomen. The mouth is wide with a lower jaw, and the lower jaw consists of
movable articulation at the symphysis. Throughout the body, large cycloid scales
are present with a bluntly rounded snout. The body color is grayish on the back,

silvery-white below, and the fins are dusky.

Mrigal’s body is elongated, with a depressed and obtusely rounded snout. The
mouth is terminal and wide, and discontinuity is there between the upper and lower
lips. The scales of mrigal are large and cycloid. The caudal fin is homocercal and
deeply forked. On the back part, the body color is dark gray and silvery on the sides

and belly area.

2.1.2 Collection Process

In this proposed work, a total of 1500 fish images have been collected from the Garia fish

market and Mukundapur fish market situated in Kolkata, India, under the supervision
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Figure 2.2: (a) Rohu (Labeo rohita) (b) Catla (Labeo catla) (c) Mrigal (Cirrhinus
mrigala)(Banerjee et al. [1])

(b) segmented fish image (c) rotated fish image
using GIMP 2.10.8

(d) greyscale fish image (d) portion of image inside

minimum bounding box (c) minimum bounding box

Figure 2.3: Some images of JUDVLP-WBUAFS: Fishdb-EC.v1l dataset before and
after pre-processing(Banerjee et al. [1])

of West Bengal Fisheries Science, processed and annotated at Jadavpur University,
DVLP lab, under the Center for Microprocessor Application and Training and Research
(CMATER). The images were used to develop the dataset named JUDVLP-WBUAFS:
Fishdb-IMC.v1, which consists of the 1500 images categorized under three popular major
carp fish species: Rohu (Labeo rohita), Catla (Labeo catla), and Mrigal (Clirrhinus
mrigala). A normal smartphone camera (Redmi5A mobile phone, 16-megapixel camera)
was used to capture the fish images from the market. Images were collected at different
times (day/afternoon/night) under different illumination conditions, lightning conditions,
rotation angles, and noisy conditions. The size of the fish is different in the dataset, so
the samples were carefully distributed into training, testing, and validation parts so that
different variations are kept in all parts. This concept is based on the stratified sampling
of the datasets. A total of 500 images are present under each carp species. Some raw

images from the dataset are shown in Figure 2.2.
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2.1.3 Preprocessing

Collecting fish images from the local fish market presents significant challenges due to the
rush in the market, noisy environment, minimum light, and presence of numerous fish
species in the shop. All the variations were kept in preparing a challenging dataset for fish
species identification. Figure 2.2 clearly shows the presence of some other fish species in
addition to the targeted three fish species. Additionally, mutiple fish samples are present
in the image (refer to 2.2(c)). In this study, the aim is to identify fish species from the fish
image where only one fish was present. The ’inversion’ tool of GIMP 2.10.8 software is used
on the marked boundary of the targeted fish to divide the image into two regions: targeted
fish and background. In the background of each image, the green color is used. Each image
was rotated to place the head of the fish on the left, the dorsal fin at the top, and the body
in a horizontal position to make a uniform dataset. In many images, the green background
takes up most space, resulting in inaccurate prediction outcomes. Hence, an automated
algorithm was applied to generate the minimum bounding box around the targeted fish.
The portion inside the minimum bounding box was converted into grayscale and the final
dataset was prepared. In Figure 2.3, the overall pre-processing step is pictorially presented
using a single raw fish image. The fish dataset contains a total of 1500 images, comprising
500 images of each fish species: Catla (Labeo catla), Rohu (Labeo rohita), Mrigal( Cirrhinus
cirrhosis). As there are variations in size and shape among the fish species, the final images

may be resized as per the requirements of the experiment.

2.2 Dataset for Indian Exotic Carp Freshwater FSR

In Indian fisheries and aquaculture, Exotic carp (EC) typically refers to carp species that
are not native to India but have been introduced for aquaculture or other purposes. These
exotic carp species have been imported from other countries due to their potential for
commercial production, adaptability to local conditions, and desirable traits such as fast
growth rates or high market demand. The most commonly consumed exotic carps in India
are Common carp (Cyprinus carpio), Garss carp (Ctenopharyngodon idella), and Silver
carp(Hypophthalmichthys molitriz). Common carp is native to Europe and Asia, including
parts of India; it is considered an exotic species in certain regions where it has been
introduced for aquaculture purposes. It is highly valued for its rapid growth, adaptability
to various environmental conditions, and delicious flesh, making it a popular choice for
aquaculture in India. Grass carp is native to eastern Asia but has been introduced to
many countries, including India, for aquatic weed control and aquaculture. The ability of
this herbivorous species to control aquatic vegetation makes it valuable for maintaining
water quality in ponds and lakes. India and other countries have introduced the native
East Asian Silver carp for aquaculture purposes. Its rapid growth, high fecundity, and
efficient conversion of phytoplankton into protein make it a valuable species in polyculture
systems. These exotic carp species have contributed significantly to the expansion and

diversification of aquaculture in India, providing additional options for farmers and helping
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Figure 2.4: Preprocessing of process on the dataset(Banerjee et al. [2])

meet the growing demand for fish protein. However, their introduction also raises concerns

about potential ecological impacts, including competition with native species and genetic

pollution. Therefore, responsible management practices are essential to minimize negative

consequences and ensure the sustainable use of exotic carp species in Indian fisheries and

aquaculture.

2.2.1 Characteristics of Fish Species

The characteristics of fish species encompass a wide range of biological, ecological, and

behavioural traits that define their role in aquatic ecosystems and their interactions with

the environment. This section explains the key characteristics of some exotic carp taken

into account.

e Common carp (Cyprinus carpio): Common carp typically have a robust,

elongated body with a slightly arched dorsal profile and a laterally compressed
shape. It exhibits a wide range of color variations depending on environmental
factors, including water quality and habitat. Wild-type individuals are typically
olive-green or brownish, while selectively bred varieties may display colors such as
gold, orange, or even white. They are highly adaptable and can thrive in various
freshwater habitats, including rivers, lakes, ponds, and reservoirs. For centuries,

people have extensively cultivated Common carp for food and recreational angling.

Garss carp (Ctenopharyngodon idella): Grass carp have elongated, cylindrical
bodies with a slightly flattened belly and a streamlined shape. They typically have
large, slightly oblique mouths with no teeth in the jaws but have pharyngeal teeth
adapted for grinding plant material. Their scales are large and rough, and they lack
barbels. Grass Carp typically have an olive-green to dark greenish-gray coloration
on their backs, fading to a lighter shade on the sides and belly. The fins are usually
dusky or dark. Grass carp are primarily found in freshwater environments, including
rivers, lakes, reservoirs, ponds, and canals. Grass carp are widely used in aquaculture
for vegetation management in ponds, lakes, and reservoirs. They are often stocked
in water bodies to control excessive aquatic weed growth, which can impede water

flow, reduce oxygen levels, and degrade habitat quality.

Silver carp(Hypophthalmichthys molitriz): Silver carp have a deep and

laterally compressed body, giving them a streamlined shape. They have a large,
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upturned mouth with no teeth and a distinctive terminal position. The scales are
small and silver in color, giving the fish its name. Silver carp are primarily found in
freshwater environments, including rivers, lakes, reservoirs, ponds, and canals. They
are widely used in aquaculture for their ability to efficiently convert phytoplankton
into protein. They are often stocked in ponds, lakes, and reservoirs to enhance
water quality and control algae blooms. Silver carp have been introduced to various
countries for biological weed control, particularly in situations where excessive algae

growth threatens water quality or impedes recreational activities.

2.2.2 Collection Process

In machine learning-based applications, creating a dataset to address a problem is a
major step. Images of Common carp (Cyprinus carpio), Grass carp (Ctenopharyngodon
idella), and Silver carp( Hypophthalmichthys molitriz) had been collected from different fish
markets like Patipukur fish market (North 24-Parganas- West Bengal), Annapurna fish
market (Purba Medinipur-West Bengal), and Chak Bazar (Bankura-West Bengal) using
the 16-megapixel camera under different lighting conditions. During image collection, the
fish were kept in a relaxed position, and the whole fish body was taken from the tip of the
mouth to the end of the caudal fin. Around 1500 images of these species were gathered
and sorted based on factors such as haziness, defective body parts, poor lighting, etc.
After screening the images, several images were removed due to some quality issues, and a
dataset of 1225 images was created for the experiment. The collection of images was under
the supervision of West Bengal Fisheries Science, processed and annotated at Jadavpur
University, DVLP lab, under the Center for Microprocessor Application and Training
and Research (CMATER). A dataset named JUDVLP-WBUAFS: Fishdb-EC.v1 was

created using these images.

2.2.3 Preprocessing

The collection of images was done in an unconstrained environment, which resulted in a
variety of backgrounds and the presence of other fish species or unintended objects. The
images have been manually segmented to divide the image into two parts: the targeted fish
body and the background. The background of every image was set to white to maintain
the homogeneity of the dataset. The ’inversion’ tool of GIMP 2.10.8 software was utilized
to segment the images into targeted fish bodies and backgrounds. White color was used
in the background of every image. Rotation transformation was used to place the fish
body in a horizontal direction with the head of the fish at the left and the dorsal fin
at the top. Automatic cropping was done on every image to remove extra background
spaces. Figure 2.4 shows some of the images from the dataset before and after applying

the preprocessing.
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Fish species Number of instances % in total data
Labeo catla 371 0.119
Labeo rohita 708 0.226
Cirrhinus mrigala 1826 0.584
Labeo bata 140 0.045
Hypophthalmichthys molitriz 52 0.016
Ctenopharyngodon idella 31 0.010

Table 2.2: Total Number of Instances per Fish Species in the JUDVLP-WBUAF'S:
Fishdb-Detection.v1 Dataset

2.3 Dataset for Fish Species Detection and Identification in

Cluttered environment

2.3.1 Motivation

Recognizing fish species is tough for consumers. The appropriate knowledge of fish
taxonomy and experience in identifying fish species plays a key role in FSR. In fisheries
industries, the recognition of fish species and species-wise counting are important tasks
that require trained personnel. Manually identifying the species and counting is a
monotonous process that requires a lot of trained manpower. Most of the fish markets in
India are unorganized, and during the daytime, there is a moderate crowd seen in the fish
market. Due to a lack of time when purchasing fish at the market, consumers frequently
struggle to identify them and may require assistance from someone with expertise in fish
taxonomy. However, obtaining immediate assistance from experts is not always possible,
necessitating self-sufficiency and the development of a suitable dataset for identifying fish
species in the fish market’s cluttered environments. As per my knowledge, no dataset was
available for the recognition of freshwater fish species in some cluttered environments at
the time of the study.

2.3.2 Collection Process

As no standard dataset for the specific task was available, images of six fish species, Catla
(Labeo catla), Rohu (Labeo rohita), Mrigal (Cirrhinus mrigala), Bata (Labeo bata), Silver
carp (Hypophthalmichthys molitriz), and Grass carp (Ctenopharyngodon idella), were
collected from different fish markets in West Bengal in the daytime under unconstrained
conditions. The data collection process was done under the supervision of West Bengal
Fisheries Science, processed and annotated at Jadavpur University, DVLP lab, under the
Center for Microprocessor Application and Training and Research (CMATER). There
was a high variation in light intensity in the different areas of the market, as well as in
various fish markets. Some normal phone cameras, like the Redmi Note 8 Pro, Samsung
Galaxy A13, Samsung Galaxy J5, and Lenovo Note 5, were used in image collection.
Generally, each image contains different fish species, some of which were considered in

this study and some not. The images contain different fish species with a variety of sizes
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Figure 2.5: Some sample images of the JUDVLP-WBUAFS: Fishdb-Detection.v1
dataset(Banerjee et al. [3])

(intraclass and interclass), viewing angles, light intensity, scales, etc. In live fish markets,
the close proximity of various fish species often obscures the majority of their body parts.
A total of 500 images were collected from the fish market. After the collection of data,
all the data were analyzed, and 100 images were discarded due to reasons like extreme
noise present in the image, blurriness, the presence of some external object, etc. A total
of 3,128 fish specimens were present in the 400 images considered in the dataset (refer
Table 2.2). Out of the six fish species, Rohu class have the most instances, and Grass
carp class have the least number of instances. This dataset of 400 images with 3,128
instances was named JUDVLP-WBUAFS: Fishdb-Detection.vl. Some sample images
of JUDVLP-WBUAFS: Fishdb-Detection.v1 is presented in Figure 2.5.

2.3.3 Challenge in the Dataset

Because the images were collected in cluttered environments, many of the fish species are
obscured by surrounding fish species. In most cases, the truck and tail portion of the
fish are not visible due to suppression by other surrounding fish species. These make the
recognition problem challenging to solve. If we go through the sample images in Figure 2.5,
the challenges can be understood. Additionally, variations in lighting in the fish market,
variations in fish size, a variety of backgrounds, and data imbalances make the problem
both challenging and interesting. To address the visibility issue, only the head part of the
fish was annotated as it is a prominent visible part in all fish species and plays a crucial

morphological role in fish species identification.

2.3.4 Preprocessing and Annotation Process

As shown in Figure 2.5 different fish species are clustered in a small area, and many fish
species are obscured by other fish species. Therefore, only the visible head portions of fish
species were annotated by a rectangular bounding box using the LabelMe tool. Several
domain experts with proper knowledge of fish taxonomy verified all the annotations. The
generated JSON files were then processed, and the YOLO-specific annotation format
was prepared. The bounding boxes were normalized in the following format: class,

Xeenters Yeenter, width, height. In this study, the fish species were mapped to a numeric
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Figure 2.6: A sample image of JUDVLP-WBUAFS: Fishdb-Detection.vl after the
annotation process: red- Labeo rohita, green-Labeo catla, yellow-Cirrhinus mrigala
(Banerjee et al. [3])

class value as: 0-Labeo catla, 1-Cirrhinus mrigala, 2-Labeo rohita, 3-Labeo bata , 4-
Hypophthalmichthys molitriz, 5-Ctenopharyngodon idella. Figure 2.6 shows a sample

image after the annotation is done.

2.4 Dataset for Fish Species Segmentation and

Identification in Cluttered Environment

2.4.1 Motivation

Automatic identification of the different fish species in a cluttered environment helps
the fishery industry, as well as the common people and other stakeholders. Semantic
segmentation plays a crucial role in fine-grained understanding and improved localization.
However, no such dataset was available in the literature. = That was the main
motivation to develop a dataset for fish recognition in cluttered environments using
semantic segmentation. The segmentation process, similar to the JUDVLP-WBUAF'S:
Fishdb-Detection.v1, utilized only the fish heads.

2.4.2 Collection Process

As no standard dataset was available to work on freshwater fish species segmentation in
some cluttered environments, around 800 images were collected from different live fish
markets in West Bengal. In fish markets, different fish are available, including freshwater

and sea fish. The collected images contained different species with a wide variety in size



Chapter 2. Creation of the Dataset 21

Figure 2.7: Some raw images in our proposed dataset for semantic segmentation task
(Banerjee et al. [4])

(intraclass and interclass), viewing angle, color, and lighting condition. Using different
Android phones, like the Redmi Note 8 Pro, Samsung Galaxy A13, Samsung Galaxy
J5, and Lenovo Note 5, the images were collected in an unconstrained environment.
During the day, in different lighting conditions, images were collected. The presence
of other species in the image makes the dataset more challenging. Out of 800 images, 200
images were used to perform the segmentation of fish species. Five fish species named
Catla(Labeo catla), Rohu(Labeo rohita), Mrigal (Cirrhinus mrigala), Bata(Labeo bata),
Silver carp (Hypophthalmichthys molitriz), and Grass carp (Ctenopharyngodon idella) were
considered. The data collection process was done under the supervision of West Bengal
Fisheries Science, processed and annotated at Jadavpur University, DVLP lab, under
the Center for Microprocessor Application and Training and Research (CMATER). The
dataset is named as JUDVLP-WBUAFS: Fishdb-Segmentation.vl. Some raw images
of the JUDVLP-WBUAFS: Fishdb-Segmentation.vl are shown in Figure 2.7.

2.4.3 Challenge in the Dataset

As the images were collected in a cluttered environment, many fish species were obscured
by each other. In many cases, the majority of the fish’s body portion was not visible
or was being covered by other fish around it. The problem becomes challenging due to
the presence of different fish species in a frame, different lighting conditions, variations in
the size of the fish, occlusions, etc. The semantic segmentation technique was applied to
segment the fish heads that are visible in the image. According to the fish taxonomy, the

head, body, and tail portion play an important role in identifying a fish species. However,



22 Chapter 2. Creation of the Dataset

Figure 2.8: Some ground truth segmentation masks: black color represents background
pixels (Banerjee et al. [4])

in most of the images collected, the tail part and the maximum portion of the fish’s
body were not visible. Only the head portion of the fish is often visible in a cluttered
environment. The head portion of different fish species is quite different in shape and size
and plays a crucial role in identifying fish species at a single glance. Therefore, only the

head part of the fish was considered for the segmentation purpose.

2.4.4 Preprocessing and Annotation Process

As the images were collected in a cluttered environment, many fish species were obscured
by each other. In many cases, the majority of the fish body portion was not visible or was
being covered by other fish around it. According to the fish taxonomy, the head, body, and
tail portion play an important role in identifying a fish species. The tail and maximum
of the fish body were not visible in most of the proposed dataset samples. Therefore, in
this dataset, only the head part of the fish was considered for the segmentation task. In
semantic segmentation, different objects in the image were annotated using polygons in
different colors. The Labelme tool was used to annotate the images. Creating ground
truth data with so many fish was the time-consuming part of this study. After completing
the annotation process, ground truth masks were generated. The color schemes (R, G, and
B) of the ground truth masks were: Labeo catla — (0, 128, 0), Labeo rohita — (128, 0, 0),
Cirrhinus mrigala — (0, 128, 128), Labeo bata - (0, 0,128), Hypophthalmichthys molitrix
- (128, 0, 128). The clearly visible fish heads in the images were annotated. All other
fish species and objects in the image, except for these five, were not annotated. Some
of the ground truth mask data are shown in Figure 2.8. In the JUDVLP-WBUAF'S:
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Fishdb-Segmentation.vl dataset, a total of 200 images were labelled for the experiment’s

purpose.

2.5 Summary

In this thesis, fish species recognition is addressed in some non-cluttered and cluttered
environments using different approaches. The development of the standard dataset to
conduct the study is the fundamental step in the research. In this chapter, the data
collection, data pre-processing, data annotation and labelling are discussed for each
dataset developed during this study. Mainly, four different datasets were developed,
JUDVLP-WBUAFS: Fishdb-IMC.vl for IMC recognition, JUDVLP-WBUAFS:
Fishdb-EC.vl for EC recognition, JUDVLP-WBUAFS: Fishdb-Detection.vl for
fish species recognition in cluttered environments, and JUDVLP-WBUAFS:
Fishdb-Segmentation.v1 for fish species recognition using semantic segmentation in some
cluttered environments. The dataset splitting, and the augmentation process (if any)
are discussed in the specific chapter where the specific work is done. The developed
datasets are a key takeaway from this research and will significantly contribute to future
aquaculture research using machine learning. There is wide scope for updating these
datasets by introducing more fish species and also collecting more images per fish species.
Segmentation of the full visible part of the fish body can also be an area for future

contribution.
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Chapter 3

Fish  Species Recognition in

Non-cluttered Environment

HIS chapter provides an explanation of deep learning techniques for the automatic
T classification of various Indian carps, which can be beneficial for aquaculture
monitoring and management, biodiversity research, aquatic ecosystems, education, and
research. Automatically recognizing different fish greatly benefits the purchaser to identify
fish without having any knowledge of fish morphology. Automatic recognition of fish
species is mainly dealt with in two phases: recognition in non-cluttered, and cluttered
conditions. This chapter explains the automatic recognition of Indian major carp and

exotic carp in non-cluttered conditions using different machine learning techniques.

3.1 Introduction

Identifying fish species is one of the main tasks in many areas, like managing
aquatic ecosystems, fisheries management, aquaculture monitoring, biodiversity research,
aquarium management, and many more. Accurately identifying the fish species requires
a thorough understanding of fish taxonomy and morphological features. To perform this
task in the fishery industry, trained personnel are required. Due to its monotonous nature
and high error rate, this process consumes a significant amount of time. The availability
of trained personnel in fish taxonomy is a key issue in the fishery industry, prompting
the need to investigate whether machine learning can automatically identify different fish
species. The fish species are generally found in two types of environments, non-cluttered
environments and cluttered environments. In the non-cluttered environment, fish do not
overlap with each other, and each body part of the fish is visible in the image. In the
cluttered environment, overlapped fish images typically appears. This chapter explains
the automatic recognition of different carps using machine learning techniques. In India,
carp are classified into two categories, Indian Major Carp (IMC), and Exotic Carp (EC).
An automatic technique for recognizing these two types of carp is developed and tested

on unseen samples in real-time cases.
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3.2 Indian Major Carp Classification in Non-cluttered

Environment

The fishery industry heavily depends on automated fish species identification for its
socio-economic prosperity. Identifying major carp fish species based on their physical
characteristics can be challenging due to their similar shape and size. The proposed
autoencoder network models have been applied to a fish dataset containing 1500 images
of three popular big carp species of India to recognise them automatically. The latent
representation of autoencoder models has been used as feature. Once the training
phase is finished, the decoder is eliminated, and fish species are classified using several
classifiers. The Simple autoencoder (SAE), the Deep autoencoder (DAE), and the Deep
convolutional autoencoder (DCAE) were applied with varying epochs and learning rates.
With a learning rate of 0.0001, a promising accuracy rate of 97.33% was achieved in
250 epochs. The autoencoder models’ performance was compared with Hu moments,
Haralick texture, Weber local descriptor, HOG descriptor, InceptionV3, InceptionResNet,
MobileNet, VGG16 and VGG19. By 52%, 43.55%, 13.77%, 6.67%, 22.22%, 15.11%, 6.66%,
4.89%, and 9.78% the deep convolutional autoencoder beat Hu moments, Haralick texture,
Weber local descriptor, HOG, InceptionV3, InceptionResNet, MobileNet, VGG16 and
VGG19. Several well-known machine learning algorithms, including Logistic Regression,
Naive Bayes, K-Nearest Neighbor, Support Vector Machine, and Random Forest, were
employed to assess the efficacy of the latent representation as a feature vector. The
latent representation of the deep convolutional autoencoder, based on Support Vector
Machine, exhibited superior performance compared to all other methods. It demonstrates

the efficacy of the proposed technique in recognizing these carp species in non-cluttered

environments.
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Figure 3.1: Workflow of the proposed approach for automatic fish species recognition
(Banerjee et al. [1])
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Figure 3.2: Autoencoder based feature extraction from a data sample (Banerjee et al. [1])

Around the world, a total of 34,700 fish species have already been recognized Froese
and Pauly. [38] at present, while many more fish species are yet to be identified and
recognized. These fish species have a wide range of habitats. India is bestowed with
a total of 940 freshwater fish species distributed in rivers, ponds, and lakes. It is also
the second-largest in fish-producing, as well as in aquaculture. Indian fisheries and
aquaculture play an important role in food and nutrition supply, maintaining livelihoods
and strengthening the economy. Identification of species is the most fundamental step not
only for all biological research works but also for industries, marketing, and trading, and
from the consumer’s point of view. Fish show plenty of variations in their anatomical,
morphological, molecular, and genetic characteristics, making them difficult to identify.
The proficient in the fishery field who possess fish taxonomy knowledge mainly use
classical methods or advanced taxonomic tools to identify the species. However, for
those who have limited knowledge about the fishery, particularly consumers, students,
and the public, it is imperative to follow identification by the fish’s visual differences
in-between different kinds of fish available. Due to the scarcity of such personnel, the
manual process is time-consuming and costly. Therefore, finding a cost-effective and
rapid method is the need of the hour. The automated image recognition system is one
of the most promising and growing techniques to use artificial intelligence to identify
fish, which has quick response time, high accuracy, and adaptability among all sections
of people. A fish dataset was developed containing 1500 images of freshwater fish taken
from several markets in West Bengal. The images of the fish were collected at various
times and under various lighting conditions. Three Indian big carps are adopted for the
study: i.e., Labeo catla (Catla), Labeo rohita (Rohu), and Cirrhinus mrigala (Mrigal).
Due to their rapid growth rate, these species were chosen as the mainstay of freshwater
aquaculture in India. They also have higher acceptability to consumers and are the most

widely consumed species across India, and Bangladesh.

Identification of fish species has become an important research choice for its diversified
applications in the fishery industry. In 2003, a fish species classification and migration
monitoring system was proposed by Lee et al. [39]. The contour of the fish species was used

to get the shape of the species. In their study, the images of the species were taken from
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(a) Labeo Catla (Catla) (b) Labeo Rohita (Rohu) (c) Cirrhinus Cirrhosus (Mrigal)

Figure 3.3: Some samples of JUDVLP-WBUAFS: Fishdb-IMC.v1l Dataset (Banerjee
et al. [1])

videotape and then digitized. A fish species classification using shape and texture was
proposed in 2009 by Larsen et al. [10]. A total of 108 fish images of three fish species: cod,
haddock, and whiting were used. There was an unequal distribution of data present per
class. Another fish recognition system based on robust feature extraction from the size and
shape of fish species was proposed in 2010 by Alsmadi et al. [11]. Several geometrical and
distance features were extracted from the pre-calculated anchor points, and an Artificial
Neural Network (ANN) was used in this study for classification purposes. A total of
500 images from 20 fish families were used in their study. In 2012, a method based on
color and texture features was proposed by Hu et al. [12] for fish species classification.
The fish skin texture was used for the experiment (not the full body of fish species), and
different statistical texture features and wavelet features were extracted from that part.
A multiscale Support Vector Machine(SVM) was used for classification purposes. A total
of six common freshwater species in China were used in their work. The used species
were Grass Carp (Ctenopharyngodon idellus), Silver Carp (Hypophthalmichthys molitriz),
Bighead Carp (Aristichthys nobilis), Snakehead Murrel (Channa striata), Wuchang Bream
(Megalobrama amblycephala), and Red-bellied Pacu (Colossoma brachypomum). They
have used 540 images of the above fish species. Work on the classification of Nile Tilapia
fish based on the features extracted from SIFT and SURF was proposed in 2013 by Fouad
et al. [13]. A total of 96 images of Tilapia fish and 55 images of non-Tilapia fish were used
for the binary classification. Some geometric transformations were applied to 16 distinct
Tilapia fish for the generation of the dataset. In 2014, the identification of four fish species:
chub, crucian, bream fish, and carp, using image processing and statistical analysis was
proposed by Li and Hong [14]. The data distribution and the details of the dataset were
not reported in their work. Another work using the combination of geometric features and
bag of visual words (BoVW), for fish species identification was proposed in 2016 by Saitoh
et al. [15]. A total of 129 fish species were used (20 images per fish species), and the images
were collected from the web under different photographic conditions and environments. A
cloud-based mobile app for fish species recognition based on fish anatomy anchor points
was proposed by Rossi et al. [16] in 2016. The authors have collected the dataset from Turin
(Italy) fish market. A total of 339 fish images were used for the seven species- Engraulis
encrasicolus (125), Sardina pilchardu (107), Pagellus erythrinus (20), Scomber scombrus
(18), Sparus aurata (22), Merluccius merluccius (19), Mullus surmuletus (28). In 2018,
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Rachmatullah and Supriana [17] proposed a convolutional network-based low-resolution
fish image classification. The authors have used data augmentation techniques using
rotation transformation to properly distribute the data among the classes. Among the
used convolutional network schemes, two convolutional network layer-based approaches
with 32 batches achieved the best result on the Fish CLEF 2015 dataset(Joly et al. [18])
with 15 different fish species. In 2018, Tharwat et al. [19] proposed a biometric-based
fish species identification scheme using Weber Local Descriptor (WLD) and color features.
The authors used 241 fish images of four fish species: Argyrosomus regius, Sardinella
maderensis, Scomberomorus commerson, and Trachinotus. A better result was achieved
using the AdaBoost classifier compared to Naive-Bayes, K-NN, and MLP algorithms. A
modified version of the deep learning network, AlexNet, with four convolutional layers
and two fully connected layers, was proposed for fish species classification in 2019 by
Hussain et al. [20]. The training was done on the QUT fish dataset (Anantharajah
et al. [21]), and for the testing and validation, the LifeClef 2015 Fish dataset (Joly
et al. [22]) was used. A total of six fish species from both datasets were considered for
the experiment: Cirrhilabrus, Lethrinus, Thunnus, Epinephelus, Scomberoides, Lutjanus.
The modified AlexNet has outperformed the original AlexNet and VGGNet. In 2019,
Montalbo and Hernandez [23] proposed an optimization-based VGGNet for fish species
classification. Total 530 images of the FishBase (Montalbo and Hernandez [23]) dataset
were used in addition to augmentation-based images for the experiment. In the same
year, a 32-layer CNN architecture based on the VGGNet network was proposed by
Rauf et al. [24] to identify fish species. The authors have developed a dataset termed
as Fish-Pak, which consists of 915 images of six fish species- Ctenopharyngodon idella
(Grass carp), Cyprinus carpio (Common carp), Cirrhinus mrigala (Mori), Labeo rohita
(Rohu), Hypophthalmichthys molitriz (Silver carp), Catla catla (Thala). These images
were taken from three regions of the fish body: head region, body region, and scale. Out
of the total 915 images, the authors have selected 438 images for their experiment. The
numbers of images in the head region, body region, and scale region are 140, 124, and
174. A 32-layer deep CNN architecture has outperformed some popular deep networks like
AlexNet, GoogleNet, ResNet50, Lenet-5, and some variations of VGGNet architecture. In
automatic FSR, the preparation of a standard dataset comprising of the fish species is
the foremost phase. It is apparent that collected fish species are purely geographically
region-specific, as stated in the previous paragraph about the recent study in automatic
fish identification techniques. The datasets in many studies are either completely skewed
or extremely small. In this work, this issue is addressed by creating a fish dataset with 1500
photos of three common Indian carp species: Labeo catla (Catla), Labeo rohita (Rohu),
and Clirrhinus mrigala (Mrigal). Different autoencoder models were employed in this
study to identify these fish species using the latent representation as the feature set. The
flattened and fully connected softmax layers have been used for the recognition of these
species. Simple Autoencoder (SAE), Deep Autoencoder (DAE), and Deep Convolutional

Autoencoder (DCAE) were used with different numbers of epochs and learning rates. The
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result of the autoencoder models is compared with some conventional feature extraction
techniques: Hu Moments Mercimek et al. [40], Haralick texture Haralick et al. [41],
Weber local descriptor(WLD) Chen et al. [42] and Histogram of oriented gradients (HOG)
Dalal and Triggs [43] as well as some state-of-the-art deep learning techniques in image
recognition field such as InceptionV3Szegedy et al. [44], InceptionResNetSzegedy et al. [45],
MobileNetSandler et al. [46], VGG16Simonyan and Zisserman [47] and VGG19Simonyan
and Zisserman [47]. The latent representations of different autoencoder models are also
evaluated with other popular classifiers: Logistic Regression (LR), Naive Bayes (NB),
K-Nearest Neighbor (KNN), Support Vector Machine (SVM), and Random Forest (RF)
classifier. Results using these classifiers are compared with the results of other feature
extraction techniques.

The main contributions of this study are as follows-

Sample Intensity
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Figure 3.4: HOG feature extraction from a data sample (Banerjee et al. [1])

e The latent representations of three autoencoder models- SAE, DAE, and DCAE are
extracted and applied for the identification of fish species using a fully connected
layer as the last layer of the model. A standard dataset containing 1500 images of

three popular major carp fish species of India (500 images of each species) is used.

e To establish the effectiveness of the latent representation of the autoencoder models
as a feature, results are compared with some popular machine learning algorithms
like Logistic Regression, Naive-Bayes, K-Nearest Neighbor, Support Vector Machine,

Random Forest and some other feature extractor.

e Experiments are done incrementally on the collected data to measure the efficiency

of the proposed approach with the increase of the amount of data.
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e The results of the proposed approach are compared with the result using some
traditional image descriptors: Hu moments, Haralick texture, WLD, and HOG
as well as some popular deep neural networks like InceptionV3, InceptionResNet,
MobileNet, VGG16 and VGG19.

3.2.1 Dataset Preparation

In this proposed work, a total of 1500 fish images were collected from the Garia fish
market and Mukundapur fish market situated in Kolkata, India. The prepared dataset
contains the images of three major carp fish species of India- Labeo catla (Catla), Labeo
rohita (Rohu), Cirrhinus mrigala (Mrigal). The name in the brackets is the local name of
these fish species. A normal smartphone camera (Redmi 5A mobile phone, 16-megapixel
camera) was used to capture the fish images from the market. Images were collected
at different times (day/afternoon/night) under different illumination conditions, lightning
conditions, rotation angles, and noisy conditions. A total of 500 images are present under
each carp species. Some raw images from the dataset are shown in figure 3.3. When the
images were collected from the fish market, other fish species were also present, creating
a overlapping situation. As our aim in this work was to identify fish in non-cluttered
environments, images with the presence of only a sinle fish were developed in the dataset.
The ’inversion’ tool of GIMP 2.10.8 software was used on the marked boundary of the
targeted fish to divide the image into two regions: the targeted fish and the background.
The green color was used in the background of each image. Each image was rotated to
place the head of the fish on the left, its dorsal fin at the top, and its body in a horizontal
position to make the dataset uniform. Details of the dataset collection and pre-processing

is explained in section 2.1 of chapter 2.

3.2.2 Methodology

During the feature extraction phase, significant quantifiable measures were identified
and collected together to make a robust feature vector. The feature vector is used to
differentiate the three popular carp- Catla, Mrigal, and Rohu (local name). The developed
fish dataset becomes challenging because of the variation in size (large, small, medium)
of fish samples, different illumination conditions in the samples, the orientation of fish,
the location of fish species in the image, etc. The samples are taken at different times
and from different fish markets in West Bengal. Certain changes in the lighting condition,
nature of the fish shop, and fish body parts suppressed by another fish species and, the
presence of other fish species in the market act as catalysts in intra-class variation. These
three fish species have similarity in shape and size, which makes the inter-class variation
and the problem of recognizing the species, becomes a challenging task.

In this work, different effective autoencoder models were used to generate effective
feature vectors from the latent representation of the models. The feature vectors were then
passed to flattening and fully connected layers for classification. Also, the performance of

fish recognition using Hu moments, Haralick texture, WLD and HOG was compared with
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the proposed autoencoder model. The feature generation and classification approach are

pictorially represented in figure 3.1.

encoder part decoder part

#input
(fish image)

Output
(decoded fish image)

decoder part

~~~~~~

Figure 3.5: The structure of SAE, DAE and design of classifier using SAE and DAE for
Indian major carp identification (a) Simple Autoencoder Network (SAE) for fish species
identification, (b) Simple Autoencoder (SAE) based classifier for fish species identification
(c) Deep Autoencoder network (DAE) for fish species identification (d) Deep Autoencoder
(DAE) based classifier for fish species identification (Banerjee et al. [1])

Autoencoder

The autoencoder encodes the input data into a latent representation and then reconstructs
it again with the minimum reconstruction loss. Basically, an autoencoder is an
unsupervised way to represent data. It consists of two stages- encoder and decoder. If
X is a data sample, the encoder part generates the reduced or latent representation Y.
Then the decoder part regenerates the data sample, say X . The reconstruction error e is
involved in mapping X— > X '. The objective of the autoencoder is to reconstruct data
with a minimum e. The encoder is a function e that converts X into a latent representation

Y. It is expressed as
Y =e(X)=S5.(WX +bx) (3.1)

here S, is the activation function that may be linear or non-linear. The encoder part has
two parameters: the weight matrix W and the bias vector bx € R"™. The decoder function

d converts the latent representation Y back to a reconstruction X .

/

X =d(Y)=53(WY +by) (3.2)

here S, is the activation function. During the training process of an autoencoder, the
objective is to find parameters § = (W, bx,by) that minimize the representation loss on

the given data sample X. It is expressed as-

O = mingL(X, X') = mingL(X, d(e(X))) (3.3)
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In the linear activation function, the reconstruction loss Lijpeqr 1S represented by-

Ltar ®) = 3 | = 2| = 32 = et ?] (3.4)
=1 =1

If sigmoid activation is used, then the reconstruction loss Lg;gmoeiq is expressed as-

n

Liigmoia(8) = = Y _[xilog(y;) + (1 — wi)log(1 — y)] (3-5)
i=1

where z; € X, :r; € X and Y €Y.

The fundamental operation of the autoencoder is presented in figure 3.2. In this work, an
autoencoder has been used in a supervised way to identify the above three carp species.
Initially, the autoencoder is trained with the encoder and decoder components for certain
epochs, using both training and validation data. Next, the decoder portion is removed
from the network, and fully connected network layers are employed. The entire network
with a fully connected layer, after making the layers of the encoder part non-trainable, is
retrained using the true labels of the data. The reduced latent representation will function
as a robust feature map. Here, Simple Autoencoder (SAE), Deep Autoencoder (DAE) and
Deep Convolutional Autoencoder (DCAE) were used. The entire structure of the models

is described in subsection 3.2.4.

Hu Moments

In pattern analysis, the main concern is to recognize the objects irrespective of their size,
orientation, and location in the image. Hu moment consists of seven measures calculated
using central moments(Mercimek et al. [40]). Among the seven measures, the first six
measures are invariant to scale, rotation, reflection, and translation. But the sign of the
seventh measure changes in the case of reflection of an object. The moment(i,j) of an
image f(x,y) of size R x C' is defined as-
R-1C-1
My => Y ayI(z,y) (3.6)

z=0 y=0

here i is the order of x and j is the order of y. The centroid(Z,y) is calculated using-

M M,
T=-1y="0 (3.7)
Moo Moo
The central moment p;; is calculated by subtracting the centroid from x and y-
R—-1C-1
pig =Y Y =2y -9 I(z.y) (38)
=0 y=0

Central moment is invariant to translation transformation. When calculating the seven

different measures of Hu moment, the normalized central moment was used, which is also
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scale invariant. The normalized central moment 7;; is calculated as-

i
Mij = Gy (3.9)
ol
Hoo
The Hu moments were calculated for each training and validation sample from the
developed fish dataset. A validation dataset was used to find an appropriate model,
and this model was used at the time of the testing phase. The feature vector size here is

1 x 7 if a single sample is being considered.

Haralick Texture

Texture is the repetitive pattern in an object in realization. When identifying different
fish species, the texture of the fish body plays an important role. Here, Haralick texture
feature is used to find the quantifiable texture feature. Mainly, the texture of the tail and
head portion of the above carp fishes is distinguishable. But the tail of fish are mostly
same in the action. The Haralick textures are derived from the Gray Level Co-occurence
Matrix(GLCM) (Haralick et al. [41]). A total of fourteen (14) measures are present in the
Haralick texture feature. In this work, only the first thirteen features were considered to
form the texture feature vector. The feature vector size here is 1 x 13 if a single sample is

being considered.

Histogram of Oriented Gradients (HOG)

HOG descriptor deals with the shape of the object in the image. It finds the edge direction
from the detected edges in images (Dalal and Triggs [43]). The images are divided into
several blocks, and then the gradient and orientation are calculated from each of those
blocks. All the gradient magnitudes are grouped according to the orientation bin of the
specific pixel. In this work, a total of 12 orientation bins are taken with an orientation
range of 30°. Any intermediate bin is placed in both nearest orientation bins, with more
weightage in the closest bin. Features of all the blocks are collected together to form the
HOG feature vector of the sample. The images of the developed fish dataset are resized
into 40 x 120 and divided into 8 x 8 regions. The HOG feature is extracted from all the 8 x 8
regions and then normalized using 16 x 16 blocks. The feature vector size here is 1 x 2160

if a single sample is being considered. The overall process is described in figure 3.4.

Weber Local descriptor (WLD)

The WLD (Chen et al. [42]) is based on the law proposed by Ernest Weber, draws a linear
relationship between incremental threshold and background intensity. This relationship
can be described by Weber’s law, i.e.,01/I = k, where 01 /1 is called Weber’s fraction (61
represents incremental threshold and I represents background intensity). WLD is formed

using differential excitation (£) and orientation ().
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Figure 3.6: Deep Convolutional Autoencoder (DCAE) structure for fish species
identification Banerjee et al. [1]
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Figure 3.7: Deep Convolutional Autoencoder (DCAE) based classifier for fish species
identification (Banerjee et al. [1])

a) Differential Excitation: The micro-variations within an image act as a major feature
in identifying objects. It can be computed using the intensity difference between the

neighbouring pixels. It can be computed as follows,

p—1 p—1
AI=Y Al(zi) =Y I(x;) — I(xc), (3.10)
i=0 i=0
where " neighbours of z.. is represented by z;(i = 0, 1, ...... p—1) and in a region, total of

neighbours is p. I(z;) presents the intensity of the neighboured pixels, and I(z.) presents

the intensity of the current pixel. The differential excitation is expressed as,

Al N I(w) — I(ze
&(xe) = arctan(?) = arctan(g(%i)(ﬂ)). (3.11)
In the case of {(z.) is positive, the centre pixel is darker with respect to the neighbour

pixels and in the case of £(x.) is negative, the current pixel is lighter with respect to the
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neighbour pixels.

b) Orientation: The directional pattern of the pixels is determined by this component.

It can be expressed as:
dly,

dl,
where dI, = I(x7) — I(x3) and dI, = I(x5) — I(x1) is calculated from the intensities

), (3.12)

0(x.) = arctan(

of the eight neighbor pixels of z.. The mapping of f : # — 6’ can be expressed as,
0" = arctan2(dIy, dI,) + =, and

0, dI, > 0anddl, >0
m—20, dIp > 0anddl, <0
f(z) = (3.13)
0 —m, dl <Oanddl, <0

-0, dIy < Oanddl, > 0,

where 6 varies from -90°. The quantization is done using,

br = fo(0') = %ﬂ', wheret = mod( {29; + lJ ,T). (3.14)
T
The WLD histogram is formed using the above two components: differential excitation
and orientation. This histogram can be used in identifying objects. A two-dimensional
histogram is formed by WLD(¢;, ¢¢), where (j from 0 to N-1) and (t varies from 0 to
T-1). Here, N denotes the image dimension and T denotes the total number of dominant
orientations. In this study, differential excitation is grouped into different numbers of bins:
2, 4, and 6. A total of 8 dominant orientations are used. The length of the WLD feature
vector is computed as N T %S« m*n, where S denotes scale (single/multiscale), m and n
denote the size of the partition. If the image is divided into partitions, the WLD histogram
is calculated for each partition and then concatenated to form the feature vector. Both

single-scale and multiscale WLD are applied with single and multi partitioning.

3.2.3 Classifier

The autoencoder generates lower-dimensional features from the input data, and these
valuable features are used in the classification phase. The latent features of the
autoencoder were flattened using a flattening layer and passed to the fully connected neural
network. In this work, two dense layers (fully connected layers) make the classification of
the input data using the latent features of the autoencoder. As there are three fish species
to be classified, in the final dense layer a softmax activation function is used. Also, the
latent representation of the best model of the three autoencoder networks was extracted,
and Logistic Regression (LR), Naive Bayes (NB), K-Nearest neighbour (KNN), Support
Vector Machine (SVM), and Random Forest (RF) classifiers were used to compare the
performance of the major carp species identification with Hu moments, Haralick Texture,
WLD, and HOG.
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Algorithm 1: Training the autoencoder model for the identification of three
popular major carp fish species

=

Result: Trained model(M odelt,qir,)
Input: working dataset(Wp) < extract fish dataset category wise.
1. The raw images in the working dataset are segmented using GIMP 2.10.8
software, preprocessed, and then a region inside the minimum bounding box
around the object is taken as the region of interest and saved into Wp. Wp now
contains 1500 images of three major carp fish species of size 40 x 120.
2. Divide the Wp into training(Wrg), validation(Wy 1) and testing(Wrg)
dataset using 70 : 15 : 15 ratio.
3. Train the autoencoder model with the encoder(e(X)) and decoder (d(Z))
using the Wrgr and Wy, for different numbers of epochs and learning rate.
Here, X represents input data and Z represents the latent representation.
4. Delete the decoder part of the autoencoder network and add fully connected
layers for the classification task.
5. Make all layers of the encoder part non-trainable, and then train the fully
connected layers only.
6. save the trained model as Modelirqin.

Algorithm 2: Testing the autoencoder model for the identification of three
popular major carp fish species

1

Result: Class prediction of the unseen fish species(Predictionynseen)
Input: Test dataset(Wrg), Trained model(M odel;yqin)

2 1. With Modeliyqn, test the model using Wrg .
3 2. The hot encoded result is processed and generates the class label of the unseen

fish species.
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3.2.4 Proposed Approach
Latent Representation Extraction of Autoencoder Models:

In this work, the latent representation of the autoencoder was used as the feature set
for the classification of the fish species. Here, three different autoencoder networks were
applied: SAE, DAE, and DCAE with experimental parameters and network structures.
As more time is needed to train the deep convolutional autoencoder with large-size images,
the images of the fish dataset were resized into smaller dimensions (for this proposed work,
the dimensions of the images are 40 x 120). Generally, autoencoder is an unsupervised
(or self-supervised) learning method. The stages of any autoencoder are input, encoder,
bottleneck (latent), decoder, and output. The main task of the autoencoder is to generate
the output from the compressed latent representation of the input with the minimum
reconstruction error. The main steps of the proposed work are given in algorithm 1 and

algorithm 2.
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Figure 3.8: Number of epochs vs Accuracy graph for Simple Autoencoder Network (SAE)-
(a) using 100 data per fish species (b) using 200 data per fish species (c) using 300 data
per fish species (d) using 400 data per fish species (e) using 500 data per fish species

(a) Simple Autoencoder (SAE): In a simple autoencoder (SAE) network, the input
layer provides input data from the given image, the encoder layer compresses the data, and

the decoder layer decompresses the data. The output layer of the autoencoder provides
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the image with nearly the same as the input data. As per the SAE requirement, the image
data (40 x 120) was resized to make a vector of size 4800 and fitted into the encoder part.
In the encoder part, the encoding dimension of 512 was used, and the ReLLU activation
function was used. The decoder part has the exact dimension of 4800 as the image vector,
and the sigmoid activation function is used. In figure 3.5(a), the structure of the simple
autoencoder is depicted. Following the training phase, the decoder portion was removed,
and some dense, flattened layers were employed to classify fish species. In this work, the
latent representation of the data from the encoder part was flattened at first and then
passed to the first dense layer of dimension 128. The ReLLU activation function was used
in the first dense layer. The output from the dense layer was then passed to another dense
layer with a dimension of 3, just because there are three fish species to be identified by the
system. A softmax activation function was used to deal with the multi-class classification

problem. The identification part is pictorially represented in figure 3.5(b).

(b) Deep Autoencoder (DAE): A deep autoencoder network (DAE) consists of
multiple hidden layers between the input and output layers of the network. In the encoder
and decoder parts, the total number of layers is the same. The number of hidden layers
is used as one of the functional parameters in the design of the autoencoder structure.
In this work, three layers are used in the encoder and decoder parts. Like the simple
autoencoder, the input image data vector has a dimension of 4800, passed to the encoder
section. In the encoder part, a total of 3 layers were present, with dimensions 2048, 1024,
and 512. The ReLU activation was used in all the layers. Then, the latent data was again
reconstructed back to the original image using three dense layers with dimensions 1024,
2048, and 4800. The ReLU activation function was used in the first two layers, and the
sigmoid activation function was used in the last layer. In figure 3.5(c), the structure of
the DAE is depicted.

After completing this network’s training, the decoder part was omitted, and the latent
data vector was flattened. Then, the flattened data was passed to a dense layer with a
dimension of 128 and a ReLU activation function. Next, a dropout layer was used to
drop out 20% nodes. The output from this layer was passed to the last dense layer with
dimension 3. In the last layer, a softmax activation function was used. In figure 3.5(d).,

the identification based on DAE is represented.

(c) Deep Convolutional Autoencoder (DCAE): In the Deep Convolutional
Autoencoder network (DCAE), convolutional layers are used in the encoder part of the
network, and the deconvolution layers are used in the decoder part of the network. Each
convolutional layer contains several filters, 3 x 3 kernels, and a ReLLU activation function.
The max pooling layer was applied in the encoder part to carry forward the most important
information from the window. A total of eight layers were present in the encoder part with
64, 128, 256, and 512 filters ( 3.6). There were 512 variables in the latent representation
of DCAE. The decoder part of the network does the deconvolution process and produces
the reconstructed output. After each layer, batch normalization was applied with the

previous layer’s output to standardize the input to the next layer using the regularization



40 Chapter 3. Fish Species Recognition in Non-cluttered Environment

factor and hence increase the training speed. In the training phase, more informative
features are extracted from the input data. Like the previous two networks: SAE and
DAE, the decoder part was omitted after the initial training process was over. After that,
the latent representation was flattened and passed to dense layers, just like the previous
two networks. A dropout layer was used here to drop out 15% of nodes. The final output
gives the proper class label of the specific input data. In figure 3.7, the identification
scheme based on DCAE is represented.
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Figure 3.9: Number of epochs vs. Accuracy graph for Deep Autoencoder Network (DAE)-
(a) using 100 data per fish species (b) using 200 data per fish species (c) using 300 data
per fish species (d) using 400 data per fish species using 500 data per fish species (Banerjee
et al. [1])

3.2.5 Experiment Protocol and Result Analysis:

The above three autoencoder networks wre applied on the JUDVLP-WBUAFS:
Fishdb-IMC.v1 dataset comprising a total of 1500 images, where 500 images are present
in each fish species: Labeo catla (Catla), Labeo rohita (Rohu), and Cirrhinus mrigala
(Mrigal). As per the need of the experiment, the dataset was divided into training,
validation, and testing datasets in a 70 : 15 : 15 ratio. Broadly, two types of experiments
have been done using an autoencoder-based approach. Due to the heavy rush in the local

fish market, more time was spent collecting the images and pre-process them. Based on
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Figure 3.10: TSNE data distribution of fish dataset-(a) Latent features of SAE using
training dataset. (b) Latent features of DAE using training dataset. (c) Latent features
of DCAE using training dataset (Banerjee et al. [1])

this experience, the experiments are done using two approaches. In the first approach
(termed as protocol-1), after collecting 100 images of each of the three fish species, the
experiment was done, and different metrics were recorded. So, the same experiment was
done five times, using 100, 200,300, 400, and 500 data samples per fish species. For
example, with 100 data per fish species, training, validation, and testing data are 70, 15,

and 15, respectively.

In the second approach (termed protocol-2), the experiment was done on the entire
dataset of 500 images per fish species. To compare the performance of the two approaches,
the same experimental configurations like protocol-1 were applied but with a different
number of testing data. In protocol-2, 15% of the total collected data was used as the
testing data, i.e., 225 fish images (75 images from each fish species). There are many
functional parameters present in the autoencoder that may be tuned to get a detailed
analysis of the network performance on the specific dataset, and also to get the optimal
parameter settings that lead to better performance. In this work, epochs and learning rates
were used as the functional parameters. The 50 — 300 epoch range was used to maintain a
gap of 50 and a learning rate of 0.01 and 0.0001 for the experiment. The Adam optimizer

and Mean Squared Error (MSE) loss function was used in all the experiments.

SAE was applied on the fish dataset for 50,100, 150,200, 250, and 300 epochs. As
per the experiment protocol stated above, two types of experiments were done. When
protocol-1 was applied with 100 data per fish species, the best accuracy of 77.78% was
achieved using the SAE with a learning rate of 0.0001 after running for 150 epochs. Using
protocol-2, SAE with a learning rate of 0.0001 achieved 65.33% accuracy after running for
150 epochs. Using protocol-1, with the 200 data per fish species, accuracy using the SAE
with a learning rate of 0.0001 is 80% after running for 250 epochs. But using protocol-2,
SAE achieved 74.66% accuracy with a learning rate of 0.0001 after running for 200 epochs.
Accuracy of 83.7% (using protocol-1) and 81.33% (using protocol-2) was achieved with

300 data per fish species using the SAE. The performance was achieved using a learning
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Figure 3.11: The number of epochs vs. Accuracy graph for Deep Convolutional
Autoencoder Network (DCAE)- (a) using 100 data per fish species (b) using 200 data
per fish species (c) using 300 data per fish species (d) using 400 data per fish species using
500 data per fish species (Banerjee et al. [1])
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Figure 3.12: Variation of performance of three autoencoder network with the increase of
the amount of data using (a) learning rate 0.001 and (b) learning rate 0.0001.
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Figure 3.14: Performance comparison of Hu-moments, Haralick Texture, WLD, HOG and
best performing SAE, DAE, DCAE model using different machine learning algorithms
(Banerjee et al. [1])

rate 0.0001 after running for 250 epochs. The SAE achieved 81.66% (using protocol-1)
and 81.77% (using protocol-2) accuracy using 400 data per fish species after running for
150 and 200 epochs. Again, the best performance was seen for the learning rate of 0.0001.
It is observed that the accuracy of the network using protocol-2 was becoming better
with the increase of data per fish species. The best accuracy of 85.33% was seen using
the SAE with 500 data per fish species after running for 200 epochs. Figure 3.8 presents
the epochs vs. accuracy graph for the SAE using 100, 200, 300, 400, 500 data.

DAE(refer figure 3.5(c).and figure 3.5(d).) was applied to the JUDVLP-WBUAFS:
Fishdb-IMC.v1 dataset and run for 50, 100, 150, 200, 250, and300 epochs. Using 100 data
per fish species, by following protocol-1, DAE with learning rates 0.001 and 0.0001 achieved
the best accuracy of 73.33% after running for 200 epochs and 300 epochs. Using the
protocol-2, DAE gained 62.66% and 71.11% accuracy using learning rates 0.001 and 0.0001.
When 200 data per fish species was used, with protocol-1, DAE with learning rates 0.001
and 0.0001 achieved 74.44% and 81.11% accuracy after running the network for 200 and
250 epochs. With the same amount of data, following protocol-2, DAE with learning
rates 0.001 and 0.0001 achieved 72.44% and 74.66% accuracy after running the network
for 300 and 250 epochs. The DAE network with a learning rate of 0.001 and 0.0001
achieved 82.22% and 86.67% accuracy using 300 data per fish species using protocol-1.
Just like the previous two cases, following protocol-2, less accuracy was achieved compared
to protocol-1. Accuracy of 83.55% and 82.66% was achieved using DAE with a learning
rate of 0.001 and 0.0001 by following protocol-2. In the subsequent two cases, a more stable
result was achieved using the same network. Using 400 data per fish species, following
protocol-1 83.7% and 85.18% accuracy was achieved using DAE with a learning rate of
0.001 and 0.0001 after running the network for 300 epochs. Following protocol-2, DAE
with a learning rate 0.001 and 0.0001 achieved 84.44% and 84.88% accuracy after running
the network for 300 epochs. Analysing the performance of the DAE, it is clear that a
more stable result is achieved when the number of data is increased. The best accuracy of

88.44% was achieved using a DAE with a learning rate of 0.0001 after running the network
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for 250 epochs. Figure 3.9 depicts the epochs vs. accuracy graph for the DAE network
using 100, 200, 300, 400, and500 data per fish species.

DCAE (refer figure 3.6. and figure 3.7.) was applied to the fish dataset for
50, 100, 150, 200, 250, and 300 epochs. Using 100 data per fish species, following protocol-1,
DCAE with learning rate 0.001 and 0.0001 achieved 71.11% and 88.89% accuracy after
running the network for 250 and 300 epochs. Following protocol-2, the DCAE achieved
63.55% and 80% accuracy after running the network for 300 and 250 epochs with the
same settings. When 200 data per fish species was used, following the protocol-1, DCAE
with learning rates 0.001 and 0.0001 achieved 71.11% and 92.22% accuracy after running
the network for 300 epochs. Whereas, with the same settings following protocol-2, DCAE
achieved 76.88% and 86.88% accuracy after running the network for 300 epochs. The result
using 300 and 400 data per fish species was improved by a reasonable amount. Accuracy
of 87.4% and 94.81% was achieved with protocol-1, using DCAE with a learning rate
of 0.001 and 0.0001 after running the network for 250 and 300 epochs. Using the same
settings, 83.11%, and 92.44% accuracy was achieved by following protocol-2, using the
DCAE, after running for 250 and 200 epochs. As the number of data increases, the results
are improved and get stable for both protocol-1 and protocol-2. With the 400 data per fish
species, following protocol-1, 93.33% and 95.56% accuracy was achieved using DCAE with
learning rate 0.001 and 0.0001, after running the network for 300 epochs. When protocol-2
is followed with the same settings, the DCAE achieved 93.33% and 95.11% accuracy after
running the network for 300 epochs. The best result using the DCAE was achieved when
500 data per fish species was used. The best accuracy of 97.33% was achieved, with 500
data per fish species, using the DCAE with a learning rate of 0.0001 after running the
network for 250 epochs. The proposed DCAE outperformed the SAE and DAE by 12%
and 8.89%. Figure 3.11 depicts the epochs vs. accuracy graph for the DCAE using
100, 200, 300, 400, and500 data per fish species. Analyzing the results of all the networks,
it becomes clear that with the increase of data per fish species, the accuracy of the network
gets better over epochs. Significantly, the performance of DCAE was improved reasonably
with the increase in the number of data. Also, the performance of the DAE was better
(3.11%) than the performance of the SAE, and the DCAE performed 12% and 8.89%
better than the SAE and DAE. In figure 3.12, the performance variation of the three

autoencoder networks with the amount of data is presented.

Some other popular feature extractors, such as Hu moments, Haralick texture features,
WLD, and HOG were used to identify major carp fish species on the same dataset. To
compare the performance of the different techniques, some popular machine learning
classification algorithms, LR, NB, KNN, SVM, and RF classifiers, were used in the
study. Also, some popular deep neural networks such as InceptionV3, InceptionResNet,
MobileNet, VGG16, and VGG19 were used and the results of these networks were
compared with the autoencoder networks. Five-moment measures were calculated in Hu

moments, and a feature of size 1 x 7 was obtained for each data sample. Using multiclass
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Table 3.1: Statistical Measures- Recall, Precision, F1-Score, and Accuracy of the top
performing models of different methods (Banerjee et al. [1])

SVM as a classifier, the best accuracy of 45.33% is achieved using Hu moment. As the
three fish species are very similar, the accuracy using Hu moment is not good. In this
study, the first thirteen Haralick texture features are considered, and a feature of size
1 x 13 is obtained for each data sample. The best accuracy of 53.78% was achieved using
the Logistic Regression(LR) classifier.

Though the performance using the Harlick texture is better than using the Hu

moments, as there is moderate variation in the body texture of these species, the accuracy
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Figure 3.15: Comparative analysis of some conventional methods, some popular deep
neural networks, and best performing deep convolutional autoencoder model (Banerjee
et al. [1])
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Figure 3.16: The misclassified fish images in deep convolutional autoencoder network
(Banerjee et al. [1])

is not promising due to the similarity in the scales of the fish species. WLD is applied with
single and multi-partitioning using N=2, 4, and 6 and T=8. Both single and multi-scale
WLD are applied. In figure 3.13 the performance of WLD with different parameter

settings using single-scale and multi-scale is shown. When the HOG descriptor is applied
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Table 3.2: Summary of the previous studies of automatic fish recognition with the dataset,

classifier, and performance (Banerjee et al. [1])

with the normalization using 16 x 16 blocks, the best accuracy of 90.66% accuracy was

achieved using the multiclass SVM. The experiment protocol and settings are described

in 3.2.2. Among these techniques, the best performance was achieved using HOG and the

next best performance was achieved using WLD. The performance of the HOG descriptor
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the latent representation of the best-performing models of SAE, DAE, and DCAE is
used. The latent representation acts as the feature vector and LR, NB, KNN, SVM, and

is promising if the challenges of the fish dataset are considered. Also, to draw a comparison
with these methods and to establish the effectiveness of the autoencoder-based technique,
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Table 3.2: Summary of the previous studies of automatic fish recognition with the dataset,

classifier, and performance (Banerjee et al. [1])
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RF classifier algorithms were used. The latent representation of the best performing
DCAE model achieved the best accuracy of 96.44% using multi-class SVM. In figure
3.14, comparisons of performance of different features using different machine learning
algorithms are presented. In this study, the best-performing DCAE network achieved
97.33% accuracy with a fully connected layer, and a dropout of 0.15 and outperformed
the Hu moments, Haralick texture, WLD and HOG descriptors by 52%, 43.55%,13.77%
and 6.67%. Overall performance comparison of DCAE and other methods are shown in
figure 3.15.

Traditional handcrafted feature extraction methods, such as Hu Moments, Haralick
Textures, WLD, and HOG, often fail to capture the intricacies of complex,
high-dimensional data. These methods rely on predefined heuristics, making them
less adaptable to the subtle patterns necessary for fine-grained classification tasks.In
contrast, deep convolutional autoencoders (DCAEs) offer a more robust solution. Unlike
standard convolutional neural networks (CNNs) such as MobileNet, InceptionV3, or
VGG16/19, which are not explicitly optimized for compact feature representation, DCAEs
are inherently designed for efficient feature compression. By encoding input data into
a compact latent space, autoencoders emphasize retaining only the most discriminative

features, leading to improved class separability.

In this work, different statistical measures such as recall, precision, F1 Score, and
accuracy are used in comparing performance of different methods. Precision measures
how much the positive predictions are correct and recall measures how much the actual
positives are predicted correctly. The precision for the species Catla, Mrigal, and Rohu are
973, .987, and .960 respectively. It means that out of the times Catla, Mrigal, and Rohu
species are predicted, DCAE with FCN as classifer is 97.3%,98.7%, and 96% accurate.
And out of all the times Catla, Mrigal, and Rohu should have been predicted, DCAE with
FCN as classifier correctly predicted the species by 96.10%, 100%, and 96%. Also, the
F1 score for Catla, Mrigal, and Rohu is 0.967, 0.993, and 0.96. The precision, recall, and
F1 score for DCAE with FCN as a classifier is better than the other methods applied in
the study. Here, no species are wrongly classified as Mrigal, which means for the Mrigal
category, there are no false negatives. Three samples of Rohu species are wrongly identified
as Catla, two samples of Catla species are identified as Rohu, and one sample of Mrigal

species is classified as Rohu.

Comparisons with other studies: Different studies for fish species identification
are described in section 3.2, with the methods and datasets. The research in this field
has been done in different countries, and the datasets are from that specific region. As
per my knowledge, only one datasetRauf et al. [24] of freshwater fish species (found in
India) is publicly available. In 2019, Rauf et al. [24] developed Fish-Pak dataset, that
consists of 438 images of six fish species from Asia. They have used 140 images of the fish
head region, 124 images of fish body shape, and 174 images of the fish scale region. Due
to the small dataset size and class imbalance, the comparison does not make any sense.

Table 3.2 summarizes all previous studies (as per authors’ knowledge) in automatic fish
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recognition and proposed technique. As the images are taken at different times of the
day and in different lighting and illumination conditions, the dataset created becomes
challenging. The results of latent representation of the autoencoder as a feature studied

in this work is promising considering the dataset challenges.

3.2.6 Conclusion

This study proposed a method of using the latent representation of different autoencoders
as a feature, for the recognition of three widely distributed carp species in India. Due to
the lack of a standard fish dataset, a fish dataset containing 1500 images of three major
carp species was created: Labeo catla (Catla), Labeo rohita (Rohu), and Cirrhinus mrigala
(Mrigal). The experiment methodology is established incrementally in the current work to
achieve parity with the data collection procedure mentioned previously due to multi-phase
data gathering.

The study demonstrates that as the amount of data increases, the performance of the
various autoencoder networks improves. Experiments are conducted using two different
learning rates: 0.001 and 0.0001, and majorly, the performance of the model with a
learning rate of 0.0001 is better compared with a learning rate of 0.001. As demonstrated
in the study, among the autoencoder models used, DCAE has outperformed the other
autoencoder models and conventional feature extraction techniques in terms of accuracy.
Despite being the best-performing autoencoder network, the DCAE misclassifies some
fish images in the dataset during testing (refer figure 3.16). There could be numerous
explanations for these misclassifications; one possibility is that the image already contains
distortions. Other fish species may have merged with the target fish species, resulting in
segmentation abnormalities. On the other hand, the high degree of resemblance among
fish species may be another factor contributing to the misclassification. In light of these
obstacles, the technique designed will be beneficial in the social and economic realms.
Additionally, the authors believe that additional data on these carp fish species is necessary
and that including additional fish species will make the problem more challenging and
useful for the fishery industry and common people. In future, different deep learning

networks could be designed to achieve better performance and model generalization.

3.3 Indian Exotic Carp Classification in Non-cluttered

Environment

A system for automatic identification of three exotic carps, namely the Common
carp (Cyprinus carpio), Silver carp (Hypophthalmichthys molitriz), and Grass carp
(Ctenopharyngodon idella), has been developed using deep learning. The process involves
four steps, namely, data collection, image preprocessing, image segmentation, and species
identification. The images of the fish species were captured at different fish markets in
West Bengal, under varying lighting situation. The proposed JUDVLP-WBUAFS:
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Fishdb-EC.v1 dataset comprises 1225 images, which are divided into a 3:1:1 ratio for
training, testing, and validation purposes. Following preprocessing and segmentation,
several well-known pre-trained deep learning architectures were utilized to recognize
these species using transfer learning. More precisely, VGG16, VGG19, InceptionV3,
MobileNetV2, and InceptionResNetV2 were used for different epochs, with some
task-specific fully connected layers. These networks were utilized with a learning rate
of 0.00001. These architectures attained maximum accuracies of 99.18%, 98.36%, 98.36%,
99.18%, and 98.36% correspondingly. The findings demonstrate that the MobileNetV2 and
VGG16 networks achieved a maximum accuracy of 99.18% and surpassed the performance

of other deep learning networks.

A total of 34,800 fish species have been identified around the world (Froese and Pauly.
[38]). Approximately 58% of them are marine, 41% are freshwater dwellers, and 1%
are migrants. In the Indian subcontinent, there are about 2600 species, 1000 of which
inhabit inland water and the rest in the seas. Local fishers, traders, and residents who live
near the fishing areas may identify many species based on their expertise alone, but the
identification may not be always appropriate. Non-professionals find proper enumeration
difficult due to similarities in morphological characteristics, particularly within the generic
level. With the developments in automatic identification techniques in recent years, various
new ways have emerged to overcome such difficulties. India’s freshwater aquaculture
is carp-centric with Indian major carps viz., Labeo catla, Labeo rohita and Clirrhinus
mrigala contributing lion’s share. This carp-centric trend’s lion share is contributed by
the three Indian Major Carp (IMC) species. In this context, exotic carps or Chinese
carps namely Cyprinus carpio (Common carp), Hypophthalmichthys molitriz (Silver carp),
and Ctenopharyngodon idella (Grass carp) are the next most important category. Thus,
diversification ensures greater production with proper utilization of the niches of the
aquatic ecosystem. It is also worth noting that these three are among the top five major
species produced in aquaculture around the world (Froese and Pauly [48]). Many people
who do not have a taxonomic background, such as fishery inspectors, customs officers,
data collectors, dealers and consumers, deal with complex situations and face challenges
in fish species recognition. The appropriate identification of fish species necessitates the
development of an easy-to-use identification tool. As a result, image recognition-based
automated systems for fish species recognition are in high demand, and they are useful for
the common people who do not possess knowledge of fish taxonomy. Automatic detection
of different exotic carp is studied. A total of 1500 images of exotic carps were collected,
and after the screening phase, a dataset consisting of 1225 images was developed. The
main contribution here is the creation of such an unconstrained dataset and the application
of some popular deep learning algorithms to effectively identify the three different exotic

carps in a non-cluttered environment.
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3.3.1 Related Works

Automatically recognizing fish species has become a subject of great interest due to its
wide range of applications in the fishery industry. This challenge has been tackled in
two ways during the last decade: standard machine learning and deep learning. The
analysis of morphological traits is used to identify fish species. The skin texture, wavelet
feature, color features, and other statistical features were employed as feature vectors,
and these features were then used in various machine learning algorithms for fish species
recognition. Hu. et. al. Hu et al. [12] suggested a method based on fish skin texture,
wavelet characteristics, and various statistical features in 2012. A total of 540 images
of six different fish species were used, with SVM as the classifier. In 2016, Rossi et al.
Rossi et al. [16] proposed different geometric features based on morphological attributes
from the user-selected anchor points. For the seven fish species, a total of 339 fish images
were obtained from the Turin (Italy) fish market. This study depended entirely on the
anchor points selected by the user because the morphological dimensions were prepared
based on the anchor points. A combination of fish skin texture features using Weber Local
Descriptor (WLD), and color features were used as the feature for the classification of 241
fish images of four fish species by Tharwat et al. [19].

Various deep learning algorithms, such as modified AlexNet, VGGNet, and others,
have recently been used to identify fish species. In 2018, Rachmatullah and Supriana [17]
proposed a convolutional neural network for the classification of 15 fish species. Because
the dataset was highly imbalanced, rotation data augmentation was applied. A variant of
AlexNet, consists of four convolutional layers and two fully connected layers, was proposed
for the classification of six fish species in 2019 by Hussain et al. [20]. The QUT fish
dataset by Anantharajah et al. [21] was utilized for training, and the LifeClef 2015 Fish
dataset by Joly et al. [22] was used for testing and validation. The modified AlexNet
has outperformed the AlexNet and VGGNet. Montalbo and Hernandez [23] proposed an
optimized VGGNet and applied to 530 images collected from the FishBase dataset, and
Rauf et al. designed and tested a 32-layer CNN architecture based on VGGNet on 438
images from the Fish-Pak dataset Rauf et al. [24]. The proposed CNN architecture was
tested individually on the fish body, fish head, and the fish scale.

3.3.2 Dataset Preparation

Images of three exotic carps, Common carp (Cyprinus carpio), Silver carp
(Hypophthalmichthys molitriz), and Grass carp (Ctenopharyngodon idella) were collected
using 16-megapixel camera from different fish markets like Patipukur fish market (North
24-Parganas- West Bengal), Annapurna fish market (Purba Medinipur-West Bengal), and
Chak Bazar (Bankura-West Bengal). A total of 1500 images were collected, but due
to quality issues several images were removed, and a dataset consisting of 1225 images
was developed. The images were segmented into two parts: the fish body part, and the

background part, which is set to white color to make a homogeneous dataset. The dataset
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is divided into training, validation, and testing datasets with 735, 245, and 245 images.
The dataset is named as JUDVLP-WBUAFS: Fishdb-EC.v1. The details of the image

collection and data preparation are explained in the section 2.2 of chapter 2.
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Figure 3.17: Architecture of VGG16 with transfer learning approach (Banerjee et al. [2])

3.3.3 Methodology

Some popular deep learning techniques were used in this work to automatically recognize
the three major exotic carp. Transfer learning became a popular choice because deep
learning techniques are computationally expensive, and it is also effective for moderately
small size datasets. It is the process of applying a pre-trained network on a large dataset to
a new task. In this study, the transfer learning mechanism is used with some pre-trained
networks like VGG16, VGG19, In-ceptinoV3, MobileNetV2, and InceptionResNetV2. This

section explains the architectural details of these deep networks.

VGG16 (Li et al. [49])

It has 16 convolution layers with a 3 x 3 kernel size (Figure 3.17). The number of feature
mappings or convolutions rises as the network’s depth increases. There are 138 million
parameters in the network. The input dimension of the architecture is used as (224 x
224). In the pre-processing stage, the RGB image’s mean value is subtracted from each
pixel. In the convolution layers of VGG19, there are 64 feature maps in the 1%¢, and 27¢
layer, 128 feature maps in the 37%, and 4*" layer, 256 feature maps in the 5%, 6", and 7"
layer, and 512 feature maps in the 8" -13t" layer. Three fully connected layers with 4096
units are used and a softmax output layer of 1000 units is used at the end to classify 1000

different objects of ImageNet.
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Figure 3.18: Architecture of VGG19 with transfer learning approach (Banerjee et al. [2])

VGG19 (Li et al. [49])

Multiple ways exist for doing transfer learning, wherein the same model is utilized to
extract feature representations from new images. As the proposed dataset is not large, a
pre-trained deep neural model is used as a feature extractor. The VGG-19 model is known
to attain high accuracies for large datasets such as ImageNet (Figure 3.18). The VGG-19
model consists of around 143 million parameters, which are trained using the ImageNet
dataset, which has 1.2 million images of various objects belonging to 1,000 distinct
categories. A total of 19 trainable layers are present in VGG19 including convolutional,
max pooling, and dropout layers. In this study, pre-trained convolution base was used

with a customized classification part including densely connected layer and softmax layer.
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Figure 3.19: Architecture of InceptionV3 with transfer learning approach (Banerjee et al.

[2])
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InceptionV3 (Li et al. [49])

The GoogleNet architecture was introduced as GoogleNet (InceptionV1), later refined
as InceptionV2, and recently as InceptionV3 (Figure 3.19). The Inception modules are
treated as convolutional feature extractors, capable of learning enriched representations
with fewer parameters. In general, the convolutional layer attempts to learn filters, with
2 spatial dimensions (width and height) and a channel dimension of the image. In this
case, a single convolution kernel is used to look at cross-channel and spatial correlations

at the same time.
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Figure 3.20: Architecture of Inception ResNetV2 with transfer learning approach
(Banerjee et al. [2])

Inception ResNetV2 (Li et al. [49])

Residual Networks (ResNet) are deep convolutional networks in which the primary idea
is to skip blocks of convolutional layers by forming residual blocks utilizing shortcut
connections (Fig. 3.20). The training efficiency of these stacked residual blocks is
considerably improved, and the degradation problem in deep networks is largely resolved.
InceptionResNet V2 is a convolutional neural network trained on over a million images from
the ImageNet database. The network has a total of 164 layers and is trained to classify
images into 1000 object categories in ImageNet, such as the keyboard, mouse, pencil, and
many animals. A 299 x 299 image is utilized as an input, and the result is class probability
estimation. Here, jointly the Inception structure and the Residual connection are used.

The core architecture of the InceptionResnetV2 architecture is shown in Figure 3.20.

MobileNet (Li et al. [49])

The MobileNet architecture is specifically designed for mobile and embedded vision
applications. It utilizes a simplified design that constructs lightweight deep neural
networks by employing depth-wise separable convolutions (Figure 3.21). Two simple

global hyperparameters are presented that efficiently trade off latency and accuracy.
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Figure 3.21: Architecture of MobileNet with transfer learning approach (Banerjee et al.

2])

Depth-wise separable filters are the foundation of MobileNet. The network’s structure

is another factor that contributes to higher performance.

3.3.4 Experiment Protocols and Results

VGG16, VGG19, InceptionV3, InceptionResNetV2, and MobileNetV2 deep neural
networks were used with the transfer learning paradigm to identify three exotic carp
present in the JUDVLP-WBUAFS: Fishdb-EC.vl dataset. These networks have
already been trained on the ImageNet challenge and have demonstrated their effectiveness.

The fully connected layer and softmax layer of the above pre-trained networks are removed
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Figure 3.22: Accuracy graph of used pre-trained deep learning models for different epochs

(Banerjee et al. [2])

and attached a fully connected layer with 256 nodes and a softmax layer with three nodes
instead of thousand classes. At the time of training, the weights of the pre-trained layers
are frozen, and the weights of the fully connected layer are tuned to the target problem.

Transfer learning is an excellent technique applied here, because the dataset does not

contain enough samples to train a deep learning network from scratch.

In addition,

the transfer learning technique reduces the time needed in training of neural network
models. All of these pre-trained networks were applied on the JUDVLP-WBUAF'S:
Fishdb-EC.v1 dataset in Google CoLab using Keras environment for different epochs (20,
30, 40, and 50) with a learning rate of le-4. The categorical cross-entropy was used
as the loss function. In VGG16, and VGG19, the input image is of shape 256x256x 3,
and in InceptionV3, InceptionResNetV2, and MobileNetV2 the input image is of shape
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Figure 3.23: Accuracy of best performing pre-trained deep neural models on the
identification of three major exotic carps (Banerjee et al. [2])

224x224x3. There are 735, 245, and 245 photos in the training, validation, and testing
datasets, respectively. Running for 40 epochs, VGG16 obtained 99.18% accuracy and
98.36% accuracy was obtained when run for 20, 30, and 50 epochs. Accuracy of 98.36%
was achieved using VGG19 after running for 20 epochs, and 97.95% accuracy was achieved
when run for 30, 40, and 50 epochs. InceptionV3 obtained 98.77% accuracy by running
50 epochs, and 98.36% accuracy when run for 20, 30, and 40 epochs. InceptionResnetV2
obtained 98.36% accuracy when run for 30 and 40 epochs and 97.95% accuracy when for
20 and 50 epochs. The lightweight MobileNetV2, achieved 99.18% accuracy when run for
20 epochs, 98.77% accuracy after running for 30 and 40 epochs, and 98.36% accuracy
for 50 epochs. The maximum accuracy of 99.18% was achieved using MobileNetv2
and VGG16 networks when run for 20 and 40 epochs respectively (refer Figure 3.22
and Figure 3.23). In Table 3.3, precision, recall, and Fl-score of all pre-trained best
performing deep learning models used here are presented. MobilNetV2 and VGGI16
successfully recognize all Cyprinus carpio species. MobileNetv2 incorrectly recognizes
one Ctenopharyngodon idella species as Cyprinus carpio and one Hypophthalmichthys
molitrixz as Cyprinus carpio. VGG16 correctly recognizes all Hypophthalmichthys molitrix
species. A total of two Ctenopharyngodon idella species are wrongly recognized by VGG16
(one Ctenopharyngodon idella as Cyprinus carpio and one Ctenopharyngodon idella as
Hypophthalmichthys molitriz). The individual performances of the other networks are

available in the confusion matrix given in Figure 3.24.
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Table 3.3: Precision, Recall and Fl-score of best performing Inception ResnetV2,
MobileNet, In-ceptionV3, VGG19 and VGG16 pre-trained models on exotic carp fish
dataset Banerjee et al. [2]

Algorithm Fish Species Precision Recall Fl-score
Cyprinus carpio 0.99 0.97 0.98
Inception ResNetV2 | Ctenopharyngodon idella 0.96 1.0 0.98
Hypophthalmichthys molitriz 1.0 0.99 0.99
Cyprinus carpio 0.98 1.0 0.99
MobileNetV2 Ctenopharyngodon idella 1.0 0.99 0.99
Hypophthalmichthys molitriz 1.0 0.99 0.99
Cyprinus carpio 0.98 0.99 0.98
InceptionV3 Ctenopharyngodon idella 0.99 0.97 0.98
Hypophthalmichthys molitriz  0.99 0.99 0.99
Cyprinus carpio 0.98 0.98 0.98
VGG19 Ctenopharyngodon idella 0.97 0.99 0.98
Hypophthalmichthys molitriz 1.0 0.99 0.99
Cyprinus carpio 0.99 1.0 0.99
VGG16 Ctenopharyngodon idella 1.0 0.97 0.99
Hypophthalmichthys molitriz  0.99 1.0 0.99

3.4 Conclusion

Due to a regional shortage of fish taxonomists, the developed system will assist the
common people in identifying the appropriate exotic carp at the fish market. This study
specifically investigates an automatic method for recognizing three important exotic carp.
Some popular pre-trained deep neural networks- VGG16, VGG19, InceptionV3, Inception
ResnetV2, and MobileNetV2, are applied here. MobileNetV2 and VGG16 have obtained
the best accuracy of 99.18% on the test dataset, comprising a total of 245 images of
three exotic carp fish species. Despite the high performance of MobileNetV2, and VGG16,
some misclassification occurs for the Hypophthalmichthys molitriz and Ctenopharyngodon
idella species. The shape and size of these two fish species are strikingly similar. The
primary cause of inaccurate classifications is background changes, which arise from the
unconstrained acquisition of images from several fish markets. The authors believe that
the inclusion of more samples is necessary to make a large and challenging dataset.
Additionally, clubbing the other fish species is suggested to create a more diverse dataset
and expand this field.

3.5 Summary

Automatic fish species recognition offers significant benefits in many areas of aquaculture
industries, as well as educational and outreach activities. Real-time monitoring of fish
catches is critical to maintaining sustainable fishing practices. It aids in identifying
instances of overfishing, thereby contributing to the true preservation of biodiversity.

Identifying fish species automatically can aid in conservation efforts by monitoring
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Figure 3.24: Confusion matrix of the pretrained deep learning best performing model used
in this study (Banerjee et al. [2])

populations and habitats. Traditional methods of fish identification involve trained
personnel in fish anatomy for manual observations. It is time-consuming and prone
to mistakes. Automatically identifying the fish using machine or deep learning plays
a vital role in deploying various monitoring systems, such as underwater cameras or
drones, to continuously collect data on fish populations. This chapter focuses primarily
on recognizing Indian major carps and exotic carps in a non-cluttered environment.
During the data preparation stage, manual segmentation of the fish body was performed

to remove the surrounding fish and other objects. Various autoencoder architectures,
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such as simple autoencoder, deep autoencoder, and deep convolutional autoencoder, have
been applied to extract the latent features of the data. Different classifiers such as
Logistic Regression (LR), Naive Bayes (NB), K-Nearest neighbor (KNN), Support Vector
Machine (SVM), and Random Forest (RF) are used to predict the testing samples. The
results are compared with some popular traditional feature extraction methods. Some
popular pre-trained deep learning architectures such as InceptionV3, Inception ResNetV2,
MobileNetV2, VGG19, and VGG16 are utilized in classifying the three popular exotic carp
found in India. The transfer learning technique is utilized to handle the small dataset
sizes and apply the learned weights on large datasets like ImageNet. These networks are
fine-tuned on the JUDVLP-WBUAFS: Fishdb-EC.vl dataset in the fully connected
network stage. Fish species recognition in the non-cluttered environment on the above two
developed datasets JUDVLP-WBUAFS: Fishdb-IMC.vl and JUDVLP-WBUAFS:
Fishdb-EC.v1 dataset exhibits the effectiveness in the fishery industry and helps the
common people in the market to identify fish without asking for help from someone. But,
in the live fish market conditions, many fish species are found in overlapping conditions
with different lighting and backgrounds. The current challenge now is to recognize fish
species in the cluttered environment where many fish species are present. In the next
chapter, different approaches for recognizing fish species in some cluttered environments

utilizing object localization and segmentation techniques are discussed in detail.
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Chapter 4

Fish  Species Recognition in

Cluttered Environment

HIS chapter presents some developments on fish species recognition in some cluttered
T environments, typically found in live fish markets. It can be challenging to recognize
fish species in some cluttered environments due to their unorganized presence, often
resulting in the placement of one fish on top of another. In such a situation, a significant
portion of the fish’s body is obscured, making it impossible to be taken into account for
automatic recognition. Variations in light intensity, and backgrounds, and the presence
of other fish and non-fish objects complicate the task and make it more challenging. The
automatic recognition of fish species in cluttered environments, typically found in fish
markets, aids in various tasks such as counting different fish, estimating size and weight,
and identifying fish that meet consumers’ nutritional requirements, among others. In
this chapter, the solution to this problem is proposed using two approaches: one employs
the object localization and recognition technique, while the other employs the semantic

segmentation technique.

4.1 Introduction

Indian fish markets are generally unorganized, with moderate crowds present during
the daytime. Consumers often struggle to distinguish between different types of fish in
the market. Proper knowledge of fish taxonomy and experience are the key factors in
identifying the fish properly. Recognizing fish in a cluttered environment becomes more
challenging. In fish markets, different fish species are placed together, and mostly one
fish is placed on top of the other fish, creating occlusion. The task is complex due to
changes in light intensity, different background conditions, the presence of unknown fish
species, and other objects. Fish identification and counting in cluttered environments
are important tasks in various fisheries industries. The fishery industry requires trained
personnel to manually identify and count the fish species. A lot of trained manpower is
essential to performing this monotonous job. During the day, consumers have limited time
in the market and often struggle to identify fish, necessitating assistance from someone
with expertise in fish taxonomy. However, obtaining immediate assistance in a crowded
market can be challenging. Consumers must be self-sufficient in identifying different fish,
and this necessitates the development of an automatic application to identify fish species

in a cluttered environment. Taking into account the industrial and societal needs, an
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automatic fish species recognition and counting framework is proposed. Deep learning
object detection networks are used to localize and detect the fully visible fish species from
the images. A rectangular bounding box is used in object detection and thus includes

some portion of the background around the object.

4.2 Related Works

Identification and monitoring of fish species has become a popular area of research.
Researchers have solved this problem using two different ways, traditional machine learning
and deep learning. Different morphological features were used to identify the fish species.
The skin texture, wavelet feature, different statistical features, and color moments were
used to find feature vectors. Different machine learning algorithms were then used on
these feature vectors. In 2012, Hu et al. [12] proposed a technique to use fish skin texture,
wavelet feature, and different statistical features as feature vectors. A total of 540 images
of six fish species were used in their study. For the classification, SVM was used. Rossi
et al. [16] in 2016 proposed a technique to find different geometric features from the
preselected anchor points. They have used 339 images of seven fish species, collected from
the Turin (Italy) fish market. Tharwat et al. [19] combinedly used the fish skin texture,
Weber Local Descriptor (WLD), and color features to classify 241 fish images of four fish
species. Recently, different deep learning algorithms, such as modified AlexNet, VGGNet,
etc., were used for the recognition of fish species. In 2018, Rachmatullah and Supriana
[17] used a convolutional neural network to classify 15 different fish species. Hussain
et al. [20] used a modified AlexNet, consists of four convolutional layers and two fully
connected layers, to classify six fish species. The QUT fish dataset by Anantharajah et al.
[21] was used for training, and testing, and validation was done using the LifeClef 2015
fish dataset by Joly et al. [22]. The modified AlexNet outperformed the AlexNet and
VGGNet. Optimization-based VGGNet by Montalbo and Hernandez [23] was used on 530
images of the FishBase dataset. Rauf et al. [24] proposed a 32-layer CNN architecture
for classifying six freshwater fish species in Asia. They did the experiments on the 438
images from the Fish-Pak dataset. The proposed CNN architecture was applied to the
fish body, fish head, and fish scale separately. Banerjee et al. [1] proposed a dataset
named JUDVLP-WBUAFS: Fishdb-IMC.v1 of 1500 images of Indian major carps and
used an autoencoder to find latent features. They have applied different machine learning
techniques as well as deep learning techniques to classify the species. Garcia et al. [50]
used deep learning for automatic segmentation of fish images in commercial trawling and
measured the size of the fish to reduce the catches of undersized fish. Banerjee et al. [2]
proposed a dataset named JUDVLP-WBUAFS: Fishdb-EC.v1 and applied VGG-16,
VGG19, InceptionV3, InceptionResNetV2, and MobileNet to classify the exotic carps.
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4.3 Localization and Detection of Fish Species, Counting

Fish Species in Cluttered Environment

Globally, a total of 34,800 fish species have been recognized in various aquatic ecosystems
(Froese and Pauly [48]). Many other fish species exist but remain unrecognized. India is
a river-centric country, with approximately thousands of freshwater fish species. India is
the third-largest producer of fish and the second largest aquaculture fish producer. Out of
the total aquaculture fish production, a lion’s share of it is contributed by carps. Around
60% of the carp production in India is done by Indian Major Carps (IMC) which consists
of Labeo rohita, Labeo catla, and Cirrhinus mrigala. In India, around 60% of the total
population consumes fish, and the annual per capita consumption of the total Indian
population is approximately 6.31 kg (MoFAHD [51]). Currently, Andhra Pradesh is the
largest inland fish producer state in India, followed by West Bengal. Identifying different
fish species in the fish market is difficult for consumers. Proper knowledge of fish taxonomy
and experience are the key factors in correctly identifying the fish species. Recognizing
and counting fish species is a critical task in various fisheries industries that require trained
personnel. Manually identifying the species and counting is a monotonous process that
requires a lot of trained manpower. Most fish markets in India are unorganized, with a
moderate crowd present during the daytime. Due to a lack of time when purchasing fish
at the market, consumers frequently struggle to identify them and may require assistance
from someone with expertise in fish taxonomy. Nevertheless, it is not possible to obtain
immediate assistance from experts; one must be self-sufficient, which necessitates the
development of a suitable tool that uses machine learning to identify fish species in
the market. Taking into account both industrial and societal needs, an automatic fish
species recognition and counting framework is proposed, that is suitable in some cluttered
environments. After applying a total of nine different augmentations to the training
dataset, a dataset consisting of 2,281 images was prepared to carry out the task. A
total of 19,995 instances of six fish species- Labeo catla, Labeo rohita, Cirrhinus mrigala,
Labeo bata, Hypophthalmichthys molitriz, and Ctenopharyngodon idella, are present in the
proposed dataset. Because the images were collected in cluttered environments, maximum
fish species are obscured by surrounding fish species. The body part is not often visible
in the fish market’s cluttered environment. Only the head part of the fish is often visible.
Therefore, a rectangular box is used to annotate only the fish heads. Two popular deep
learning-based object detection networks, YOLOv3 by Redmon and Farhadi [52] and
YOLOv5 by Jocher et al. [53], with different variants were used with the original and

augmented datasets. The main contributions of this study are as follows:

e A diversified dataset for fish species recognition and counting with 2,281 images is

proposed.

e Annotation for the ground-truth fish recognition is prepared to carry out different

experiments using deep learning algorithms.
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e A fish species recognition and counting framework is proposed for concerned

stakeholders.

4.3.1 Dataset Preparation

A dataset named JUDVLP-WBUAFS: Fishdb-Detection.vl with 400 images of six fish
species, Catla (Labeo catla), Rohu (Labeo rohita), Mrigal( Cirrhinus mrigala), Bata (Labeo
bata), Silver carp(Hypophthalmichthys molitriz), and Grass carp (Ctenopharyngodon
idella) was created. A normal smartphone camera was used for collecting images from
the different fish markets under cluttered conditions. The entire dataset collection process
is explained in subsection 2.3. A total of 3,128 fish species are present in the proposed
dataset. Out of the six fish species, Labeo rohita is the class with the most instances,
and Ctenopharyngodon idella is the class with the least number of instances. The normal
splitting of the dataset into training, validation, and testing parts might make it more
imbalanced because the original dataset is already imbalanced. A stratified group shuffling
based splitting technique was used to split the dataset into training, validation, and testing
parts in a 60:20:20 proportion to maintain the balanced percentage allocation of each fish
species. Following the data split, the training, validation, and testing parts comprised 209,
116, and 75 images respectively.

Deep learning networks need a sufficient amount of diversified data to work
properly without overfitting. The proposed dataset consists of 400 images, which
is not appropriate for deep learning networks. So, nine different augmentations like
horizontal flip, vertical flip, blur, gaussian noise, hue saturation, RGBshift, 45°rotation,
90°rotation, and 180°rotation were applied to the training part of the proposed
JUDVLP-WBUAFS:Fishdb-Detection.vl dataset to prepare a large dataset that fits
deep learning networks. After the augmentation, the training part consisted of 2,090

images and a total of 19,995 instances of six fish species.

4.3.2 Methodology

Object Localization and Detection

Object localization and detection are fundamental tasks in computer vision and image
processing. These tasks involve identifying and locating objects within an image or a
video frame.

Image classification is a fundamental problem in computer vision that involves
categorizing an image into preset classes or categories. It involves assigning a label or
a class to an entire image based on its content. The input to an image classification
system is typically a single image, and the output is a label indicating the category to
which the image belongs. Image classification maps an entire image into a single label,
which means it considers that a single object is present in an image.

Object localization is about drawing a tight bounding box around the object that is

supposed to be located in the image. It focuses specifically on determining the precise
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Figure 4.1: Representation of (a) Image Classification, (b) Image classification and
localization, and (c) Object Detection

location of objects within an image. Instead of identifying multiple objects and drawing
bounding boxes around them like in object detection, object localization aims to locate a
single object within an image by specifying a bounding box that tightly encloses it. Object
localization algorithms usually output the coordinates of the bounding box surrounding
the object.

Object detection entails identifying objects of interest within an image or video frame
and drawing bounding boxes around them. Object detection algorithms not only classify
the objects in the image but also provide their precise locations. It is the superset of
object localization and differs from classification and localization in that it detects multiple
objects in a scene compared to localizing and classifying a single object. The Figure 4.1
shows the image classification, image classification and localization, and object detection

with an example.

Different Object Detection Technique

Object detection is performed using traditional computer vision techniques and deep
learning techniques. Before 2014, object detection primarily relied on traditional computer
vision techniques and handcrafted features. Developed by David Lowe in 1999, SIFT
is a method for detecting and describing local features in images. SIFT features are
invariant to image scale, rotation, and illumination changes, making them useful for object
recognition and matching. In 2001, the Viola-Jones algorithm by Viola and Jones [54] was
developed, which is based on Haar-like features (Viola and Jones [54]) and employs a
cascade of classifiers trained using the AdaBoost algorithm (Freund and Schapire [55]). It

was primarily used for face detection but could be extended to detect other objects with
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modifications. Introduced by Navneet Dalal and Bill Triggs in 2005, HOG (Dalal and
Triggs [56]) is a feature descriptor used for object detection. It calculates the distribution
of gradient orientations in an image to capture its shape and appearance. HOG features
are commonly used with support vector machines (SVMs) or other classifiers for object
detection tasks. Deformable Part Models (DPM) developed in 2008 represent objects as
a collection of parts with flexible spatial relations. Deep learning techniques have come

into the picture for object detection from 2014 onwards.

Two-stage object detectors are a class of algorithms used in computer vision for object
detection tasks. These detectors consist of two main stages: region proposal generation
and object classification. Region-based Convolutional Neural Networks(R-CNN) proposed
by Ross Girshick et al. in 2014 (Girshick et al. [57]) operates in multiple stages: it
first generates region proposals using selective search, then extracts features from each
proposed region using a pre-trained CNN, and finally classifies and refines the bounding
boxes using SVMs and linear regressions. While effective, R-CNN is computationally
expensive due to its multi-stage approach. Faster R-CNN was introduced by Shaoqing
Ren et al. in 2015 (Ren et al. [58]). It combines a Region Proposal Network (RPN) with a
region-based classifier to detect objects. The RPN generates region proposals (bounding
boxes) from the input image, which are then classified and refined by the region-based
classifier. Mask R-CNN, introduced by Kaiming He et al. (He et al. [59]), is a modified
version of Faster R-CNN by adding a branch for predicting segmentation masks for each
object instance. In addition to bounding box prediction and classification, Mask R-CNN
generates pixel-wise masks to precisely delineate object boundaries. It is widely used for
instance segmentation tasks, where both object detection and segmentation are required.
Cascade R-CNN, proposed by Zhaowei Cai et al. in 2018 (Cai and Vasconcelos [60]),
improves object detection performance by employing a cascade of classifiers. It consists of
multiple stages, with each stage focusing on refining the detection results of the previous
stage by removing false positives and improving localization accuracy. Two-stage detectors
have been the dominant approach in object detection for many years due to their high
accuracy and flexibility. However, they tend to be slower, and it makes them less suitable

for real-time applications where low latency is critical.

Single-stage object detectors are a class of algorithms used in computer vision for object
detection tasks. Unlike traditional two-stage detectors that first propose regions of interest
(Rols) followed by classification and refinement, single-stage detectors directly predict
both thew object bounding boxes and class probabilities in a single pass through the
network. This approach typically results in faster inference times compared to two-stage
detectors. YOLO (You Only Look Once) proposed by Joseph Redmon et al. in 2016
(Redmon et al. [61]), and SSD(Single Shot MultiBox Detector) proposed by Wei Liu et
al. in 2016 (Liu et al. [62]) is the two popular single-stage object detection algorithms.
RetinaNet was introduced by Tsung-Yi Lin et al. in 2017 (Lin et al. [63]) to address
the class imbalance problem in object detection. It employs a focal loss function that

down-weights the loss assigned to well-classified examples, reducing the influence of easy
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Figure 4.2: Workflow diagram of the proposed method of recognising and counting fish
Species in some cluttered environment (Banerjee et al. [3])

negatives during training. EfficientDet, based on EfficientNet, proposed by Mingxing Tan
et al. in 2019 (Tan et al. [64]) focuses on optimizing both accuracy and efficiency. It scales
up the network depth and width using a compound scaling method to achieve better
performance. Single-stage detectors have gained popularity due to their simplicity and
efficiency. They are widely used in applications where real-time processing or low-latency

inference is crucial.

Proposed Approach

This chapter addresses the problem of automatic fish species recognition and counting
in cluttered environments by focusing solely on the head portion of the fish. The head
portion of the fish plays an important role in differentiating fish species at a single glance.
There are many fish species whose head portions are quite similar. This requires the
The head portions of the

six fish species considered in this study exhibit significant differences from one another.

use of other parts of the fish body for species recognition.

So, an object detection framework was designed to recognize and count fish species in
live fish market conditions. The experiments were carried out on both the original and
augmented datasets. YOLOv5, and YOLOv3, with some variants, were applied to the
training dataset. A validation set was used at training time to learn and adjust weights.
Finally, the trained weights were applied to the test dataset to evaluate the efficacy of the
proposed approach. After the prediction of the bounding box for the visible fish heads,
the number of instances for each fish species was calculated. The overall methodology is
presented in Figure 4.2. The next few subsections explain, with a proper diagram, the

architecture of the used deep learning algorithms.
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Figure 4.3: Label encoding process in YOLO-V1

YOLO Object Detection Model

The YOLO (You Only Look Once) object detection model(Redmon et al. [61]) is an
end-to-end neural network architecture that provides bounding boxes as well as the
probabilities of each class involved in the object detection task. YOLO is particularly
known for its real-time performance, capable of detecting objects in images and video
streams at impressive speeds. Compared to conventional multi-stage object detectors,
YOLO performs object detection in a single forward pass of the neural network. The
overall working of the first YOLO model (YOLO-V1) for object detection is discussed
here.

The label encoding of the dataset is done at first based on the ground truth annotation.
Here, the image is divided into 7 x 7 grids, which means 49 cells. Relative values of the
x and y coordinates Ax, and Ay are calculated based on which bounding box the anchor
point falls into. Also, the relative values of the width and height are calculated. This
process is represented in Figure 4.3. The equations to calculate the relative values of

(x,y,w,h) are given in Equation 4.1.

Sf = z.7771049‘3102'(1th/noofgm'ds
Ax = (x —x4)/sf
Ay = (y —va)/sf (4.1)

Aw = w/imagewidin

Ah = h/imagewidin

Suppose the bounding box centre position coordinate is (130,230) and the width and
height of the bounding box is (260,300). The grid cell in which the centre of the
object falls has the extreme left coordinate as (110,200). As per the Equation 4.1, the
original values(130, 230,260, 300) are converted into relative values (0.31,0.47,0.58,0.67)
corresponding to the grid cell and generally denoted as (AZ, Ag, Aw, Aiz, ¢), where the
last term ¢ represent objectness score. If the object is present in some grid cell, the ¢ value

is 1, otherwise 0. It is the distance to be covered from the grid cell’s left position to the
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object’s centre. It is called the targets of each grid cell in the image. Targets for all the
grid cells and class probabilities are calculated. If there is no object in a grid position,
all zeroes are placed in the target vector. The class probabilities are one-hot encoded.
During the YOLO-V1 training phase, a predicted map of dimension 7 x 7 x (10 4+ n) is
generated considering n classes in the dataset. In Figure 4.4, the block diagram of the
overall network architecture of YOLO-V1 is presented. Loss is computed with the ground

truth target vector and a backpropagation is performed for further update in the network.

Each grid cell generates two bounding boxes (B = 2) in YOLO-V1. Each bounding box
has 5 parameters in the target vector as (Ax;, Ay;, Aw;, Ah;, ci)ile and n parameters in
the class probabilities as (p1, pa2, ....... ,Pn)- So, the number of parameters per grid cell is
((2x5)4+mn =10+n). The final feature map from YOLO-V1 is 7 x 7 x 30. Out of the two
bounding boxes for each grid cell, the bounding box with the maximum confidence score

is selected. The confidence score is calculated as ¢ = ¢ x p, where p = max(pl,p2, ...., pn).

Loss in YOLO-V1 is calculated as a mutually exclusive mixture of objectness loss and
no objectness loss. It gives a greater weightage to the objectness loss. The overall loss is

calculated as per Equation 4.2.

52 SQ
- object ) ) NOobject .
L= Z 11 * LZ7ObJ + )\noobject Z 1’5 X sznoobject (42)
= =1

The objectness loss is calculated as a combination of bounding box loss, confidence loss,
and class probability loss (refer Equation 4.3). The bounding box loss, confidence loss,
and class probability loss are calculated as per Equation 4.3 to 4.6. In these equations
(Afi,Ahy},Avfji,Al{i) is the ground truth target vector and (Az;, Ay;, Aw;, Ah;) is the
predicted box that has the largest Intersection of Union(IoU) with the ground truth box.
The final loss in YOLO-V1 is given in Equation 4.7.

boundingbox con fidence class

Li,object = )\coordLZ ,object + L,L ,object + Lz ,object (43)

LY7o = (Az; — Ady)? + (Ay; — Agi)? + (VAw; — Maiy)? + (\ Ahy — Ah;)? (4.4)

id ~
LI = (¢; — &) (4.5)
LzClgbsjsect ZZ = 1n(pi,c - pg,c)Q (46)

= Nevord X Z 1997t s (Amy — AG;)? + (Ay; — AG)? + (VAw; — Adiyy)?

3

+(\/ A — ARy)?) + Z 199 5 (¢ — é)% + Z 175> (pie —pie)® (A7)
=1

i=1

oy

512
no_object ~ 2
+)\no,object § 11' X § (CiJ - Ci,j)
=1 =1

YOLO-V1 is much faster than the two-stage detectors because of its simple architecture
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Figure 4.4: Architecture of YOLO-V1
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Figure 4.5: Architecture of YOLO-V2

and one-shot detections. But YOLO-V1 can detect a maximum of two objects per class
per grid cell and limits the ability to detect the objects in nearby locations. In a cluttered
environment, where many objects are present in nearby locations, YOLO-V1 can not be
effective. Also, as YOLO-V1 only sees the images with a single resolution, the detection
of objects with different aspect ratios is not possible. These problems are overcome by
the next version of YOLO, YOLO-V2, which came with several modifications with the
approximately same speed and capability of recognizing 9000 categories. YOLO-V2 is
sometimes alternatively called YOLO9000 (Redmon and Farhadi [65]), as it can recognize,
9000 different classes.

YOLO-V2 (Figure 4.5) used ImageNet to pre-train the model at 224 x 224, and
then again fine-tuned the model for ten epochs on ImageNet with the resolution of
448 x 448. Due to this, there is an improvement in the network performance on the
high-resolution input. YOLOv2 improved upon the architecture of YOLOv1 by utilizing
fully convolutional layers, which means removing the last dense layers of YOLO-V1 and

replaced with the convolutional layers. The batch normalization technique was used as
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Figure 4.6: (a) Representation of different anchor boxes in YOLO-V2 (b) Calculation of
bounding boxes coordinates in YOLO-V2

a regularizer in all convolutional layers to reduce the overfitting problem. The anchor
box concept was used to predict the bounding boxes. Some prior boxes with predefined
shapes were used to match the prototypical shapes of the objects. K-means clustering
algorithm was used to find some good prior boxes and five(5) prior boxes were selected.
The network predicted five bounding boxes per grid cell, b;, by, by, by, and bg. These values
were calculated as given in Figure 4.6. In YOLO-V2, one pooling layer of YOLO-v1 was
removed to obtain a 13 x 13 feature map. One pass through layer was used, that takes
the 26 x 26 x 512 feature maps and based on spatial resampling adjacent features were
stacked in different channels and a feature map of 13 x 3072 was generated. The final two
convolutional layers generate 13 x 1048 and 13 x 5 x (5 + C) feature maps, where C is the
number of classes in the dataset. In YOLO-V2 Darknet-19 architecture was used with 19
convolutional layers and 5 max-pooling layers. To reduce the number of parameters in the

network, 1 x 1 convolutional network between the 3 x 3 convolutional network.

YOLOv3

Detecting small objects needs to consider the fine-grained features. Skip connections and
Feature Pyramid Networks (FPN) in the network architecture play an important role
here. In YOLO-V2 Darknet-19 is used, and no skip connections are present. Small object
detection is a challenging problem in YOLO-V2. The next improvement in YOLO family
is YOLOV3 (Figure 4.7) which employs Darknet-53 and only 3 x 3 and 1 convolutional
blocks are present (Redmon and Farhadi [52]). There is no max pooling layer present in
YOLO-V3. As no max pooling layer is used in YOLO-V3, no information loss happens. A
total of 3 anchor boxes are used in YOLO-V3, dealing with small, medium, and large-scale
detection. In layers 82, 94, and 106 the large scale, medium scale, and small scale
predictions are done. For each grid cell, three boxes are predicted for three different scales-
13 x 13, 26 x 26, and 52 x 52 with five values (of fset(x,y), scales(w, h), objectnessscore)

and corresponding class probabilities. Considering all the scales, a total of 3549 grids
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Figure 4.7: Architecture of YOLO-V3

are present and as each grid cell predicted 3 boxes, a total of 10647 boxes are predicted
in YOLO-V3. Compared to YOLO-V3, YOLO-V2 predicted 845 boxes, and YOLO-V1
predicted only 98 boxes. As the number of box predictions increases, the performance of
the model is also enhanced. The boxes are predicted in the same way as YOLO-V2 (see
Figure 4.5). Multi-label object detection and prediction are possible in YOLO-V3. This
means for a single object, multiple-label prediction is possible. Here, the summation of the
confidence probabilities of all predicted labels is not equal to one. For each label or node,
independent logistic classifiers are used and a binary cross entropy loss function is utilized
here. The confidence loss and classification loss are updated compared to YOLO-V2 as

given in Equation 4.9.

S?2 B
Lconfidence = Z Z 1?;?J66t[éilo.g(ci) + (1 - é@)ZOQ(l - Cl)]+

#=0 5=0 (4.8)

S? B
A'no_object Z Z 1Z‘O-ObJeCt [CZZOQ(CZ) + (1 - Cz)lOg(l - Cz)]
=0 j=0

—

g2
Lclassification = Z 1?;‘)j60t Z [ﬁ)l C)lOg(B(C)) + (1 - P@(C))log(l - R(C))] (49)
=0

Cclasses
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Figure 4.8: Architecture of YOLO-V5

YOLOv5

YOLOV5 is designed using PyTorch, which uses CSPDarkNet53 as its backbone (Jocher
et al. [53]). The residual and dense blocks in DarkNet53 enabled the information to flow
to the deep layers of the network. Due to this, redundant gradients arise and create
problems. Cross Stage Partial Network (CSPNet) tackles this issue by discarding these
gradient flows. Path Aggregation Network (PANet) Liu et al. [66] is used as a neck to warm
up the information flow by adopting FPN, which uses several top-down and bottom-up
paths. The high-level as well as the low-level features are propagated in the model. The
architecture of YOLO-V5 is presented in Figure 4.8. YOLOv5 uses YOLO head, which
generates three different feature maps that enable multi-scale predictions. The Focus layer
replaces the first three layers of YOLOv3 and uses a single layer instead. The C3 layer
consists of three convolutional layers and a single module with cascaded bottlenecks (refer
Figure 4.9). Spatial Pyramid Pooling (SPP) is a pooling layer used to remove the fixed
size constraint of the model, and an upsampling layer is used to upsample the previous
layer’s output (refer Figure 4.9). The Concat layer is used to slice the previous layer into
different output paths in a given dimension. As activation function, Leaky ReLU (Maas
et al. [67]) and Sigmoid (Bellman [68]) are used in YOLOv5. YOLOV5 generates the class
of object detected, bounding box, and the confidence score of the object predicted. It uses
Binary Cross Entropy (BCE) to compute class loss and objectness loss. The Complete
Intersection over Union (CIoU) is used to calculate the location loss. The loss function
used in YOLOV5 is calculated as a combination of class loss, objectness loss, and location

loss.
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4.3.3 Metrics Used
4.3.4 True Positive, True Negative, False Positive, False Negative

e True Positive (TP): The case where the learned model correctly predicts the
positive samples. This means that it is the instance where both the predicted and

actual samples are positive.

e True Negative (TN): The case where the learned model correctly predicts the
negative samples. This means that it is the instance where both the predicted and

actual samples are negative.

e False Positive (FP): It is the case where the learned model incorrectly predicts
the positive samples. This means it is the instance where the predicted sample is

positive, but the actual sample is negative.

e False Negative (FIN): It is the case where the learned model incorrectly predicts
the negative samples. It is the instance where the predicted sample is negative, but

the actual sample is positive.

Intersection over Union

Intersection over Union (IoU) is a metric used to evaluate the performance of object
detection algorithms, particularly in tasks such as image segmentation and object
localization. It measures the overlap between predicted bounding boxes and ground truth

bounding boxes.

e Intersection (I): Calculate the area of overlap between the predicted bounding box

and the ground truth bounding box.

e Union (U): Calculate the total area covered by both the predicted bounding box

and the ground truth bounding box, including the overlapping region.

e IoU Calculation: Divide the intersection area (I) by the union area (U).

Areaofoverlap
IoU = -
Areaunderunion

(4.10)

The IoU value ranges from 0 to 1, where:
e [oU = 0 means no overlap between the predicted and ground truth bounding boxes.

e [IoU = 1 means the predicted bounding box perfectly matches the ground truth

bounding box.

Higher IoU values indicate better object localization performance.
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Average Precision

Average Precision (AP) is a widely used evaluation metric in the field of object detection

and information retrieval, particularly for object detection.

e Precision-Recall Curve: First, the precision and recall values are computed at

different thresholds for a given model’s predictions.

— Precision measures the ratio of true positive predictions to the total number of

positive predictions (true positives and false positives) at a given threshold.

— Recall measures the ratio of true positive predictions to the total number of

actual positives (true positives and false negatives) at a given threshold.

e Interpolated Precision: To smooth out the precision-recall curve and make the
evaluation more robust, interpolated precision is computed. At each recall value,

the maximum precision value from that point to the end of the curve is retained.

e Average Precision (AP): The average precision is calculated by taking the mean

of the interpolated precision values at different recall levels.

Zn(Rn - Rn—l)-pn

AP =
Rmax

(4.11)

Where R, and P — n are the recall and precision values at each operating point

(threshold) on the precision-recall curve, and R,,q, is the maximum recall value.

Average Recall

Average Recall (AR) is a metric used to evaluate the performance of object detection

systems, particularly in tasks such as image classification and object detection.
e Recall at Different Confidence Thresholds:

— For each class, the recall is computed at different confidence thresholds.

— Recall measures the ratio of true positive predictions to the total number of

actual positives (true positives and false negatives) at a given threshold.
e Average Recall (AR):

— The Average Recall is calculated by averaging the recall values across different

classes.

N c

1 TP,

AR= =) —5 L=y Thic (4.12)
N = YL TP+ FNi,

Where N is the total number of classes, C is the number of classes, T'F; . is

the number of true positive detections for class ¢ at confidence threshold i, and

F'N; . is the number of false negatives for class c at confidence threshold <.
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(a) (b)

Figure 4.10: True positive and False positive case in object detection work (a) True positive
case with IoU of 0.85 (b) False positive case with IoU of 0.35

Mean Average Precision

e Precision: It is calculated as the number of true positive results divided by the
number of all positive results, which means the summation of true positives or false
positives. TP

Precision = TP+ FP (4.13)
In object detection tasks, precision is calculated at some given IoU threshold. In
Figure 4.10(a), TP is represented with an approximate IoU of 0.85 with respect to
ground truth, and in Figure 4.10(b), FP is represented with an approximate IoU of

0.35 with respect to ground truth.

e Recall: It is calculated as the number of true positive results divided by the number

of all predictions, which means the summation of true positives or false negatives.

TP
RGCCL” = m—m (414)

Mean Average Precision(mAP) is simply the mean of Average Precision(AP) across
multiple classes. The AP is calculated as discussed in the subsection 4.3.4. In the

object detection task, the mAP is calculated by finding the AP for each class and taking
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Figure 4.11: mAP@O0.5 value versus epochs for different deep learning object detection
models used on JUDVLP-WBUAFS: Fishdb-Detection.vl dataset (Banerjee et al. [3])

an average over a number of classes.
N
mAP = z; AP (4.15)
i

mAP is particularly useful in tasks where there are multiple classes or categories, and
the performance of the model needs to be evaluated across all of them. It provides a
comprehensive assessment of the ability of the model to correctly identify relevant instances

across various levels of confidence.

4.3.5 Experiment Protocols and Results

At first, the YOLOv3, YOLOv3-tiny, and YOLOv3-SPP networks were applied to the
original dataset and augmented dataset individually. Before feeding the images to the
YOLO network, they were resized into 416 x 416. The dataset.yaml is the key file to start
the training process. The training, testing, and validation paths were set to the specific
directory, and the number of classes was set to 6. Using a stochastic gradient descent
optimization function with a momentum of 0.9, a learning rate of 0.001, and a weight
decay of 0.005, the networks were trained for 200 epochs with a patience value of 20. It
means that if there is no improvement in the mAP value after 20 epcohs, then the training
process is stopped. When tested on the original dataset, the mAP@Q.5 values of 0.678,
0.522, and 0.764 were obtained on the validation dataset by YOLOv3, YOLOv3-tiny, and
the YOLOvV3-SPP network, respectively. Next, the augmented dataset was used in the
training phase with the same experimental parameter configuration. In the augmented
dataset, mAP@0.5 values of 0.813, 0.65, and 0.84 were achieved on the validation dataset
by YOLOv3, YOLOv3-tiny, and the YOLOv3-SPP network, respectively. The best
mAP@O.5 values of 0.764 and 0.84 were achieved on the original and augmented datasets
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by YOLOv3- SPP. YOLOv5], YOLOvbm, and YOLOv5s networks were applied in the
same way as the YOLOv3 versions to the original and augmented datasets. When using
the original dataset, mAP@Q0.5 values of 0.763, 0.668, and 0.536 were achieved by the
YOLOv5I, YOLOv5m, and YOLOv5s networks, respectively. The same set of experiments
was done on the augmented dataset. The mAP@Q.5 values of 0.78, 0.77, and 0.81 were
achieved on the validation dataset by YOLOv5], YOLOvbs, and Yolovbm, respectively. In
the augmented dataset, best mAP@0.5 of 0.763, and 0.81 was achieved by YOLOvVS5I, and
YOLOv5m model. The YOLOv3-SPP model achieved the best mAP@0.5 of 0.84 when the
augmented dataset was used. The class-wise precision, recall, and mAP@0.5 values on the
augmented dataset are shown in Table 4.1 and overall precision, recall, and mAP@0.5
value of different models applied on the JUDVLP-WBUAFS: Fishdb-Detection.v1
dataset is presented in Table 4.2. The mAP@OQ.5 value vs. epochs graph for different
models used here is shown in Figure 4.11. For the species Labeo catla, Labeo rohita, and
Cirrhinus mrigala the mAP@OQ.5 value was high. The mAP@O0.5 of 0.677 for Labeo bata
was the lowest compared to other classes. The head portion of Labeo bata and the small
size Cirrhinus mrigala are very similar, and even the trained personnel have problems
recognizing them properly. Also, the number of instances of Labeo bata was very low
compared to Cirrhinus mrigala. Though the number of instances of Hypophthalmichthys
molitriz and Ctenopharyngodon idella species were very few nthe head part of these species
are very different compared to the other species used. In some cases, it is difficult to
differentiate between large size Labeo rohita and Ctenopharyngodon idella using the head
part. The confusion matrix of the YOLOv3-SPP model is shown in Figure 4.12. In
Figure 4.13 the class loss, box loss, precision, recall, and mAP of the training and validation
dataset is presented. Some of the ground truth annotations and prediction results, along
with the number of instances for each fish species, are shown in Figure 4.16. From the
confusion matrix, it is clear that 17% Clirrhinus mrigala was misclassified as Labeo rohita,
and 38% Ctenopharyngodon idella was misclassified as Labeo rohita. Majority of the
time, the bounding box miss, which means ground truth bounding boxes are detected as
background occurs in Labeo bata species. A total of 38% Labeo bata was misclassified as

background.

Table 4.1: Class wise precision, recall, and mAP@Q0.5 value for best performing
YOLOv3-SPP model on JUDVLP-WBUAFS: Fishdb-Detection.vl dataset (Validation
dataset consists of 116 images) (Banerjee et al. [3])

Precision | Recall | mAP@0.5
Laebo catla 0.958 0.89 0.962
Cirrhinus mrigala 0.871 0.722 0.843
Labeo rohita 0.88 0.937 0.94
Labeo bata 0.814 0.588 0.677
Hypophthalmichthys molitriz | 0.812 0.788 0.823
Ctenopharyngodon idella 0.844 0.692 0.797
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Table 4.2: Precision, Recall, and mAP@Q0.5 value of different models used on
JUDVLP-WBUAFS: Fishdb-Detection.vl dataset (Banerjee et al. [3])

Model Precision | Recall | mAP@0.5
YOLOv3 0.841 0.727 | 0.813
YOLOv3-tiny | 0.774 0.699 | 0.78
YOLOv3-SPP | 0.863 0.77 0.84
YOLOvb5s 0.803 0.733 | 0.771
YOLOvbm 0.785 0.736 | 0.808
YOLOv51 0.774 0.699 | 0.78

Rohu:8 Mrigal:5 - ‘ Mrigal:24 Rohu:2 Catla:3 Rohu:4

(d) (e) ®

Figure 4.14: Some ground truth annotations and prediction results using the proposed
technique: (a, b, c)- represent ground truth, (d,e,f)- represent prediction (Banerjee et al.

3)
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4.3.6 Conclusion

This study used different variants of YOLOv3 and YOLOvV5 to automatically recognize fish
species and count the number of instances of each species in the cluttered environments,
typically found in the fish market. A total of six species named Labeo catla, Labeo
rohita, Cirrhinus mrigala, Labeo bata, Hypophthalmichthys molitriz, Ctenopharyngodon
idella were considered for recognition and counting purposes. In live fish markets,
different fish species are crammed into a small space. As a result, it is difficult to
identify the species by following the taxonomy of the entire fish body. An augmented
dataset named JUDVLP-WBUAFS: Fishdb-Detection.vl consisting of 2,281 images
with 19,995 instances was prepared and annotated only the fish heads using bounding
boxes for detection and recognition of the fish species. YOLOv3, YOLOv3-tiny, and
YOLOv3-SPP networks under the YOLOv3 family have been used, and the best mAP@0.5
of 0.764 and 0.84 was generated on the original and augmented dataset. Also, YOLOvV5I,
YOLOv5bm, and YOLOv5s networks under the YOLOv5S family have been applied, and
the best mAP@0.5 of 0.764 and 0.81 was achieved on the original and augmented dataset.
With a mAP@0.5 of 0.84, YOLOv3-SPP outperformed all other models used in this study.
Though the overall mAP value achieved is encouraging, there were some misclassifications
present, mainly in the Labeo bata and Ctenopharyngodon idella. The number of instances
of Labeo bata, and Ctenopharyngodon idella were very small, and the size of Labeo bata
was very small compared to other species. This study on the recognition and counting
of fish species in live fish markets benefits both the common people and various fisheries
industries. The inclusion of more fish species will increase the number of instances for the
minority classes. Also, reducing the size of the model and its deployment in a real-world

scenario, which is an open research area in this field, will go a long way.

4.4 Segmentation of Freshwater Fish Species in Cluttered

Environment

4.4.1 Dataset Preparation

No standard dataset was available that can be used for fish species recognition
based on semantic segmentation. A dataset containing 200 images of live fish
market data was created. Five fish species named: Catla(Labeo catla), Rohu(Labeo
rohita), Mrigal( Cirrhinus mrigala), bata(Labeo bata), and Silver carp(Hypophthalmichthys
molitriz) were considered for the automatic recognition in a cluttered environment. The
primary goal was to compare the performance with the fish species recognition and
counting framework, only the fish heads were annotated using the LabelMe tool. Different
fish species were annotated with different colors. The color schemes (R, G, and B) of the
ground truth masks were: Labeo catla— (0, 128, 0), Labeo rohita— (128, 0, 0), Cirrhinus
mrigala— (0, 128, 128), Labeo bata- (0, 0,128), Hypophthalmichthys molitriz- (128, 0, 128).

There were other fish species present in the images except the five above-mentioned fish
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Species Count
Labeo bata 416
Labeo rohita 5984
Hypophthalmichthys molitriz | 272
Labeo catla 1248
Cirrhinus mrigala 1728

Table 4.3: Number of samples per fish species in the training dataset

species. During the annotation process, all these species were not annotated. The entire
process of dataset preparation and annotation is described in section 2.3. The dataset
was divided into training, and testing parts in a 60:40 ratio. Further, training part was
divided into training and validation set in a 75:25 ratio. As the dataset was small for deep
learning problems, different augmentations were applied to the training dataset. Rotation
(90°, 180°), horizontal flip, vertical flip, intensity rescaling, gamma correction, sigmoid
correction, and logarithmic correction augmentations were applied. These augmentations
were done both on ground truth images and ground truth masks. After the augmentation,
the dataset consisted of 720 images in the training set. Table 4.3 provides the number of

samples for each fish species.

4.4.2 Methodology

Image Segmentation

Image segmentation is the process of partitioning the image into different groups based
on some common characteristics. The goal is to group together pixels that belong to the
same object or share similar characteristics, such as color, texture, or intensity. Image
segmentation plays a crucial role in various applications, including object detection and
recognition, medical image analysis, autonomous driving, and satellite image processing.
Broadly, there are two types of image segmentation: semantic segmentation and instance
segmentation. Semantic segmentation involves labelling each pixel in an image with a
class label, without distinguishing between different instances of the same class. Every
pixel in the image is assigned a single class label and represented by a single color.
Instance segmentation, on the other hand, not only labels each pixel with a class but
also distinguishes between different instances of the same class. Different instances of
the same object are assigned different colors. Classification is the coarse inference where a
single class label is assigned to an image, and segmentation is the fine inference with dense
predictions with labels for each pixel in the image. In this work, semantic segmentation

was used to recognize the fish species in some cluttered environments.

Proposed Approach

Image segmentation is a process of partitioning the image into multiple sections and
locating objects of interest. This study uses Semantic segmentation, a deep learning

technique, which assigns a class label to each pixel of the image. The number of class
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(a) (b) (c)

Figure 4.15: Representation of image segmentation (a) Original image (b) Semantic
segmentation (c) Instance segmentation
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Figure 4.16: Flow diagram of fish species recognition in some cluttered environment using
semantic segmentation (Banerjee et al. [4])
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Figure 4.17: Block diagram of U-Net architecture used in this study (Banerjee et al. [4])

labels is equal to the number of different objects present in the image. This study aims
to segment a total of five fish species, and the semantic segmentation of the fish heads
involves the presence of five class labels. Two popular segmentation architectures based
on deep learning, named UNet by Ronneberger et al. [69] and Pyramid scene parsing
network (PSPNet) by Zhao et al. [70], were used. U-Net is the encoder-decoder based
architecture popularly used in medical image segmentation problems. PSPNet is another
encoder decoder network that uses the global context of the image to predict the local
context. To train these networks from scratch, a substantial amount of data is required.
Also, training a large dataset from scratch needs a lot of time. Some pre-trained CNN
backbones were used in the encoder part to extract meaningful features. The encoder part
of the network finds latent low-dimensional information, and the decoder part decodes this
information back to the original shape of the input with different segmented labels. T'wo
different pre-trained backbone networks on the ImageNet dataset, named ResNet, and
InceptionV3 were used in the experiments as encoder networks. In Figure 4.16 the flow

diagram of the proposed methodology is presented.

U-Net: U-Net is a deep learning semantic segmentation architecture with encoder
and decoder parts. The encoder part encodes the information into a lower dimension, and
the decoder part decodes it to the original input dimension with class labels, thus making
a U-shape architecture. U-Net uses skip connections to transmit information from the
encoder part to the decoder part at various convolution levels. In the initial layers, the
encoder part finds lower-level details in the sample, and gradually, in the deeper layer, the
high-level features are encoded. To segment the present objects of interest in an image,
both low-level and high-level feature maps play a crucial role. Hence, the skip connections
between the encoder and decoder part enable to use feature map of the encoder part

from different levels and concatenate with the decoder part to use the global and local
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T
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Figure 4.18: Block diagram of PSPNet architecture used in this study (Banerjee et al. [4])

information. The block diagram of the U-Net used in this study is presented in Figure 4.17.

PSPNet: PSPNet (Figure 4.18) is an encoder-decoder network with a CNN backbone
and dilated convolutions. The pyramid pooling module is the main part of PSPNet,
enables to use the global information in the image. The global information, along with
the local context, helps to assign a class label to each pixel in the image. Pooling is
done at different sizes on the feature map generated by the encoder part, and then it
passes through the convolution layer. Upsampling is done on these pooled features to map
them to the original feature map. Then, the upsampled features are combined with the
original feature map and passed to the decoder part of the architecture. Overall, context

aggregation is done because features are fused at different levels.

Loss Function: In the JUDVLP-WBUAFS: Fishdb-Segmentation.vl dataset, data
imbalance is present. The majority classes are Labeo catla, Labeo rohita, and Cirrhinus
mrigala. The minority classes are Labeo bata and Hypophthalmichthys molitriz. To handle
this imbalance, a combination of dice loss (Sudre et al. [71]) and focal loss (Lin et al. [63])

was used. The dice loss function is described in Eqn. 4.16.

25N pigi
diceloss =1 — —5 Z;Zzlp ‘37\; 5 (4.16)
Doim1Pi T 2in 9
N
focalloss = — Z(l — pi)*logy(p:) (4.17)
i=1

Here the p;, and g; represent the pixel values of predictions and ground truth accordingly.
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Dice loss is the same as Intersection over Union (IoU) and ranges between 0 and 1. Focal
loss assigns more weight to the complex sample and less weight to the simple one. It uses
a down weighting technique to reduce the effect of easy samples on the loss function, and
increase the attention on the complex sample. This technique effectively addressed the
imbalance problem in the dataset. Equation. 4.17 describes the focal loss function. Here,

1 is the focusing parameter used to adjust the attention on the samples during training.

4.4.3 Metrics Used

The segmentation mask predicted by the proposed technique was evaluated by IoU because
IoU uses intersection over union between the ground truth and predicted masks. The
proposed technique predicts the test image and generates segmentation masks for the fish
heads that are clearly visible. IoU is calculated between predicted masks and ground
truth masks. In Eqn. 4.18, the formula for calculating IoU is given. A higher value of
IoU indicates that the deep learning techniques have properly generated the segmentation
masks. Here, GT represents the ground truth label mask, and PRED represents the
predicted label mask. Also, the class-wise IoU can be calculated using Eqn. 4.19. The
mean IoU given in Eqn. 4.20 is the final measure to evaluate the performance of the

proposed techniques on the proposed dataset.

GT'NPRED
ToU = CTUPRED (4.18)
TP,
I = 4.1
Ve = TP, UFP.UFN, (4.19)
meanloU = 1/CZIOUC (4.20)

Table 4.4: Mean IoU per class using U-Net and PSPNet with ResNet34 and InceptionV3
backbone network (Banerjee et al. [4])

Network U-Net PSPNet
Backbone ResNet-34 InceptionV3 ResNet-34 InceptionV3
Labeo bata 0.80 0.96 0.99 0.99
Labeo rohita 0.84 0.87 0.92 0.91
Hypophthalmichthys molitriz  0.96 0.95 0.98 0.90
Labeo catla 0.77 0.85 0.91 0.89
Cirrhinus mrigala 0.66 0.69 0.86 0.85

4.4.4 Experiment Protocols and Results

Deep learning plays an important role in the semantic segmentation of the objects in
the image. This study employed U-Net and PSPNet, along with a pre-trained CNN, to
form the foundation of the encoder segment. The ground-truth segmentation mask was

prepared using the LabelMe tool. Two popular pre-trained CNNs on ImageNet, named
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Figure 4.19: Loss graph over the epochs: (a) U-Net with ResNet34 backbone (b)U-Net
with InceptionV3 backbone (¢) PSPNet with ResNet34 backbone (d) PSPNet with
InceptionV3 backbone (Banerjee et al. [4])

ResNet34 and InceptionV3, were used as the backbone in both U-Net and PSPNet. Due
to the imbalance in the dataset, class-wise weights were calculated. The background
class was given the minimum weight because it contains the major section in many of
the images. These class weights were used to calculate the dice loss, and finally, it was
combined with focal loss. The IoU metric was used as the evaluation metric to measure
the quality of the predictions by U-Net and PSPNet. The Adam optimizer was used with
an initial learning rate of 0.0001. A softmax activation function was used in this multilabel
segmentation problem. All the experiments were executed for 100 epochs with a batch
size of 8. Using ResNet34 and InceptionV3 in U-Net, an IoU of 0.665 and 0.697 was
achieved. When the same backbone was used in PSPNet, a mean IoU of 0.76, and 0.747
was achieved. The loss values over the epochs for all the experiments are presented in
Figure 4.19. The validation loss is decreasing almost in the same fashion as the training
loss. Only in PSPNet with the InceptionV3 backbone, a big spike in validation loss around
50 epochs is seen, but after that, it again minimizes the loss. The mean IoU score over
the epochs is presented in Figure 4.20. The best mean IoU of 0.76 is achieved by PSPNet
with a ResNet34 backbone. Class-wise mean IoU is given in Table 4.4. The mean IoU
of Clirrhinus mrigala is lower compared to other classes because there are more variations
in size in this category. Though the number of samples of Hypophthalmichthys molitrix
are less compared to other classes, the IoU score is better because the head shape for this
category is different from the other fish species. The mean IoU of Labeo catla, and Labeo

rohita is quite good because the number of samples in these categories is higher than in
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Figure 4.20: Mean IoU graph over the epochs: (a) U-Net with ResNet34 backbone(b)
U-Net with InceptionV3 backbone (c) PSPNet with ResNet34 backbone (d) PSPNet with
InceptionV3 backbone (Banerjee et al. [4])

other classes. Some of the predictions made by these networks are shown in Figure 4.21.
In Figure 4.22, some wrong predictions are presented. Different viewing angles, zoom

effects, and size variations make it difficult to distinguish some of the fish species.

4.4.5 Conclusion

The study aims to propose a semantic segmentation of five different fish species named
Labeo catla, Labeo rohita, Cirrhinus mrigala, Labeo bata, and Hypophthalmichthys molitrixz
in a cluttered environment. The fish heads are segmented automatically using two
deep learning-based segmentation networks, U-Net and PSPNet. A dataset named
JUDVLP-WBUAFS:Fishdb-Segmentation.vl is proposed with around 800 images
taken in some cluttered environment, with 200 images annotated. Using different
augmentations, a training dataset with 720 images is prepared. The minority classes in the
dataset are Labeo bata and Hypophthalmichthys molitriz. The proposed system is tested on
80 images, which are not used at the time of training. Two popular deep-learning semantic
segmentation architectures, U-Net and PSPNet were used with ResNet34, and InceptionV3
pre-trained backbone in the encoder part. The PSPNet with ResNet34 backbone achieved
the best mean IoU of 0.76. The results are promising in the context of a cluttered
environment. The segmentation results could be utilized to count the number of fish
species and sort different fish species. The fishery industries could use these applications
for the recognition and counting of fish species in the minimum amount of time. There is
a scope to explore different state-of-the-art deep learning networks in other domains here.

In the future, the dataset size could be increased by labelling the rest of the images, and
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Figure 4.21: Original image, ground truth segmentation, and predicted segmentations
(Banerjee et al. [4])
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Figure 4.22: Original image, ground truth mask, and some wrong prediction mask
(Banerjee et al. [4])
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the proposed system could be retrained with the learned weights. Also, a variety of fish

species could be included in the dataset to make it more challenging.

4.5 Summary

Recognition of fish species in some cluttered environments, like in the live fish markets,
can be challenging due to various factors such as variability in fish appearance, varying
lighting conditions, and the presence of other objects and people. Purchasers in fish
markets face difficulties in identifying fish in such cases because the full fish body is not
visible. The proper knowledge of fish taxonomy is essential here to recognize fish from
the minimal view regions. This chapter presents some machine learning techniques to
automatically recognize fish species in live fish markets. Only the fish heads are utilized in
these approaches to identify fish because it is the only part of the fish that is visible across
maximum samples in the dataset. Six fish species are recognized with a mean IoU@0.5
score of 0.84, using an approach based on object localization and identification. Here,
each fish head in the image is annotated using a rectangle, and the fish is recognized from
the meaningful visual features extracted from the head only. A semantic segmentation
technique is applied to segment the fish head from the background and other objects
in the image to focus the recognition process on the fish head. A separate dataset is
prepared for this task, and after applying some semantic segmentation algorithms, the
mean [oU@Q.5 0.76 is achieved. Several augmentations are applied in the training part of
the dataset to increase the size. The transfer learning strategy is used in both approaches
to transfer knowledge from a large dataset and use it in the end task. With the success
of these approaches in recognizing fish in some real cluttered environments found in fish
markets, purchasers can take the benefits by using the automatic tool to do so in their busy
time in the market without taking help from someone. A case study on the development
of a mobile application is discussed in the next chapter that can be used to recognize fish

in the market that meet the purchaser’s nutritional requirements.
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Chapter 5

Application of Fish  Species
Recognition in Cluttered

Environment: Case Study

REDOMINANTLY , six nutrients are present in almost all food items: proteins,
carbohydrates, fat, vitamins, minerals, and water. Along with proteins,
carbohydrates, and fat, sufficient vitamins and minerals are essential for the body to
function properly and strengthen the immunity system. Vitamins and minerals must be
taken through foods because the human body cannot produce these internally. A minimal
amount of these two micro-nutrients is needed in the body, but too little and too much
intake may lead to severe health conditions. Fish is one of the major food sources rich
in proteins, vitamins (particularly D and B12), minerals, and omega-3 fatty acids. In the
live fish market, individuals face difficulty in hand-picking fish species that meet the daily
requirement of appropriate nutrients in the body. This study helps individuals select the
fish species that meet their nutritional needs. A dataset comprising 400 images of a total
of six fish species, Labeo catla (Catla), Labeo rohita (Rohu), Cirrhinus mrigala (Mrigal),
Labeo bata (Bata), Hypophthalmichthys molitriz (Silver carp), and Ctenopharyngodon
idella (Grass carp) has been developed by collecting images from live market conditions in
some cluttered environments. Two different annotated datasets were developed, fish heads
and fish whole body, for the localization and identification of fish species. Two popular
object detection deep learning networks, YoLov3 and YoLov5, were used with different
model variations to address the problem. Different augmentation techniques were applied
to the original dataset to avoid overfitting in deep learning models. These trained networks
were finally ensembled using Testing Time Augmentation (TTA) and the Weighted Box
Fusion (WBF) technique. Here, one strong region proposal is generated from multiple
region proposals. NMS box suppression was used to fine-tune the results further. Using
the experimentally selected WBF and TTA-enabled ensemble of YOLO models, the mean
Average Precision (mAP) at the IoU threshold of 0.5, 0.91, and 0.79 are achieved in the fish
head annotations and fish whole body annotation dataset. A mobile application has been
developed for the purchasers to choose fish that meet individuals’ nutritional needs. The
purchaser captures an image in the fish market and provides various nutritional needs in
the application. The proposed system localizes and identifies fish that meet the purchasers’

nutritional needs. Indeed, this study will help individuals make informed decisions about
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selecting appropriate food to maintain a healthy diet.

5.1 Introduction

Possessing the nutritional content of the foods that people consume daily, it becomes
essential to follow a healthy diet to strengthen immunity and fight against prevailing
diseases. Recently, a balanced diet has become increasingly important in human life. A
balanced diet provides the appropriate nutrients, both quantitatively and qualitatively,
for the human body to work efficiently. Different lifestyles and chronic diseases, such as
diabetes, obesity, cardiovascular diseases, impaired growth and development in children,
etc., are triggered by not eating foods rich in proteins, carbohydrates, fat, vitamins,
minerals, and water. Proper consumption of macronutrients (carbohydrates, proteins, and
fat) and micronutrients (vitamins and minerals) daily reduces different lifestyle diseases.
Different persons have different nutritional needs depending on several factors, such as
gender, age, sex, and specific health issues. Understanding the nutritional content of
foods enables people to identify foods with specific nutrients and make informed decisions
to meet their eccentric requirements. Nutritional knowledge allows individuals to compare
the nutritional value of different foods and make decisions accordingly.

In this study, one of the major food sources, fish, was taken as part of the research.
Daily intake of fish provides several health benefits to the individual because it is rich
in Omega-3 fatty acids, especially eicosapentaenoic acid (EPA) and docosahexaenoic
acid(DHA), proteins, carbohydrates, vitamins, and minerals, thereby contributing to a
portion of the balanced diet. India has a wide coastline of over 7,500 kilometres, bringing
forth manifold marine fish species. The country also has huge inland water resources,
including rivers, lakes, and ponds, which contribute to producing freshwater fish. India
is the world’s third largest fish producer, accounting for 7.96 % of global production.
The total fish production of India during FY 2022-23 was estimated at 16.25 Million
Metric Tons (MMT), with a contribution of 12.12 MMT from the inland sector and
4.13 MMT from the marine sector. Fish is found to be an affordable and rich source
of proteins, vitamins, and minerals and is one of the healthy food sources to attenuate
nutrient deficiency.

It is tough for common individuals to recognize different fish species in live market
conditions, as well as to remember the nutritional contents of different fish species.
Consumers have varying nutritional needs depending on their health and overall body
balance. These days, it is crucial to choose the right food to fulfil individual nutritional
needs. These problems are tackled in this study through two stages or parts. In the
first stage, a pipeline consisting of dataset collection, dataset annotation, application of
deep learning object detection networks, and result analysis is designed for automatic
localization and identification of fish species under some cluttered environments. In the
second stage, a mobile application working on an Android (or other) device with internet
connectivity is developed, where after capturing the image consisting of fish species, the

purchaser will choose their nutritional needs, and the system then localizes and identifies
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only those species that meets the purchaser’s nutritional needs. This study will help
individuals to consume the proper fish items to maintain a balanced diet. The major

contributions of this study are-

e Designed a pipeline to identify fish species in the live fish market condition that

meets individual nutritional needs.

o Created a standard dataset of six freshwater fish images, Labeo catla (Catla), Labeo
rohita (Rohu), Cirrhinus mrigala (Mrigal), Labeo bata (Bata), Hypophthalmichthys
molitriz (Silver carp), and Ctenopharyngodon idella (Grass carp) in the live
fish market, with 400 images in different lighting conditions. Fish head
annotations and fish whole body annotations were developed to prepare two datasets
named JUDVLP-WBUAFS: Fishdb-Detection.vl, and JUDVLP-WBUAFS:
Fishdb-Detection.v2.

e Designed a weighted ensemble of two popular deep learning object detection networks
of the YOLO family, YOLOv3, and YOLOv5 using WBF to track and identify the
fish species in cluttered fish market environments. Different versions of YOLOvV3,
and YOLOV5 are used with normal settings and Testing Time Augmentations (TTA)

settings.

e Developed a mobile application that purchasers can easily use to identify fish species
in cluttered fish market conditions that meet their nutritional requirements. The
application works either in the web browser or on a mobile device with an internet

connection.

The identification and selection of fish species in a cluttered fish market condition based
on consumers’ nutritional needs is a challenging job. As per the author’s knowledge, the
problem statement of this study has not been taken up by the researchers. Recently,
several works have been done in the field of fish species classification and segmentation.
All the studies can be categorized into two sections: machine learning applications
and deep learning applications. Research on fish species classification was started in

1994 and in recent times, it has become a challenging and popular research problem.
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Castignolles et al. [5] extracted twelve geometrical features from the fish image, and static
threshold segmentation of the fish was performed. A combination of moment variants
and several geometrical features was proposed by Zion et al. [72] to classify three different
carps, Cyprinus carpio(Common carp), Oreochromis sp (Nile tilapia), and Mugil cephalus
(Flathead grey mullet), from 382 images collected by CCD camera setup. In traditional
machine learning, the shape feature of the objects plays a vital role in classification tasks.
Shape features such as line segments, polygon approximation, Fourier descriptors, etc.
were extracted from the fish contour representation to classify 22 images of 9 target
species. The tiny dataset used by Lee et al. [7, 9] in their study does not make a validated
decision model. The extraction of different robust features using Potential Local Geometric
Features (PLGF) and shape measurements was studied by Alsmadi et al. [11]. In their
work, a hybrid approach using the back-propagation classifier and genetic algorithm was
used to optimize the classification performance. 350 fish images of 20 fish families were
used in their work. A combination of color, statistical, and wavelet features was studied by
Hu et al. [12] to classify 540 images of six freshwater fish species of China, Grass carp, Silver
carp, Bighead carp, Snake head murrel, Wuchang bream, and red-bellied pacu. Multiclass
SVM (MSVM) was used as a classifier in their study. Rossi et al. [16] extracted different
texture features from morphological traits using pre-selected anchor points in the fish
body part. They collected 339 images of seven species from the Turin (Italy) fish market.
Another interesting work of combining fish skin texture using Weber Local Descriptor
(WLD) and color features was proposed by Tharwat et al. [19] to classify 241 images of
four fish species. In their study, an AdaBoost classifier was used for classification purposes.
Bangladesh is another river-centric country, with a large proportion of people consuming
fish daily. Six different fish species of Bangladesh, Ompok pabda (Pabda), Puntius sophore
(Puti), Colisa fasciata (Kholse), Botia dario (Boumach), Nandus nandus (Meni), and
Awaous guamensis (Bele), were used for the classification purposes by Sharmin et al.
[73]. They have applied a combination of color intensity, geometric features, spectral
features, and GLCM. An ensemble of decisions from the K-Nearest Neighbor (KNN)
and Support Vector Machine (SVM) was used for classification. Fish classification using
deep learning techniques started mainly in 2018. Hussain et al. [20] proposed a modified
AlexNet with four convolution layers and two fully connected layers to classify six fish
species. QUT fish dataset was used for training and validation, and testing was done
using the Lifeclef 2015 fish dataset. An optimized VGGNet was proposed by Montalbo
and Hernandez [23] for classifying 530 images of the FishBase dataset. Rauf et al. [24]
designed a 32-layer customized CNN to classify 438 images of the Fish-Pak dataset.
They separately applied the CNN on the fish’s body, head, and skin. A hybrid DL
model using a pre-trained VGG16 model and a stacked ensemble model was proposed
by Chhabra et al. [74]. A total of 435 fish images of 8 different fish species, Cod, Mackerel,
Platy, Pollock, Salmon, Swordtail, Tilapia, and Zebra danio, were used in their study.
Banerjee et al. [1] proposed a dataset named JUDVLP-WBUAFS: Fishdb-IMC.v1

of 1500 images of Indian major carps and used deep convolutional autoencoder to find
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latent features. They have applied different machine learning techniques as well as deep
learning techniques to classify the species. Garcia et al. [50] used deep learning for
automatic segmentation of fish images in commercial trawling and measured the size of
the fish to reduce the catches of undersized fish. Banerjee et al. [2] proposed a dataset
named JUDVLP-WBUAFS: Fishdb-EC.v1l and used VGG-16, VGG19, InceptionV3,
InceptionResNetV2, and MobileNet for the classification of three exotic carps. In 2023,
Banerjee et al. [3] proposed a framework for recognizing and counting freshwater fish
species in a cluttered environment. A total of six fish species, Labeo catla, Labeo rohita,
Cirrhinus mrigala, Labeo bata, Hypophthalmichthys molitriz, and Ctenopharyngodon idella,
were used in their study. A dataset named JUDVLP-WBUAF'S: Fishdb-Detection.vl
with 400 images was prepared by collecting images from the different live fish markets in
West Bengal under unconstrained environments. Only the fish heads were considered for

the recognition of the fish species.

The JUDVLP-WBUAFS: Fishdb-Detection.v1 dataset, reported in this study, is the
only dataset designed for localizing and classifying freshwater fish species in a cluttered
environment. In the present work, the fish head and visible portions of the body were
used for the experiment. Based on the required nutritional requirements, the species are

identified automatically, and the user can select the appropriate fish.

5.2 Dataset Preparation

In this case study, two different datasets were utilized, named JUDVLP-WBUAFS:
Fishdb-Detection.vl and JUDVLP-WBUAFS: Fishdb-Detection.v2. The
JUDVLP-WBUAFS: Fishdb-Detection.vl dataset is utilized for detecting some
fish species under some cluttered environment( Chapter 4). Only the fish heads were
annotated and utilized for localization and identification purposes. In this case study,
along with the fish head annotation, the visible part of the fish body is annotated.
The JUDVLP-WBUAFS: Fishdb-Detection.v2 dataset comprises the fish full body
annotation. In the cluttered environment of fish markets, it is very tough to see the full fish
body, because of the occlusion of one fish by another fish. The full-body annotation aims
to compare the localization and detection performance of head annotations and full-body
annotations. During the preparation of the JUDVLP-WBUAFS: Fishdb-Detection.v2
dataset, 400 images present in the JUDVLP-WBUAFS: Fishdb-Detection.vl dataset
were used. Using the stratified group shuffling, these images were divided into training,
validation, and testing parts with 209, 116, and 75 images. As the dataset size was small,
nine different augmentation techniques such as horizontal flip, vertical flip, blur, gaussian
noise, hue saturation, RGBshift, 45°rotation, 90°rotation, and 180°rotation were applied
to the training part only. After augmentations were done, the training part consisted
of 2,090 images with 19,995 fish instances. In the Algorithm 3, the dataset annotation
and augmentation process is given and the entire process of the dataset preparation

is explained in Chapter 2. Figure b5.1(a) represents the allocation of different fish
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species with the count of instances per fish species and Figure 5.1(b) represents the data

distribution in the training, validation, and testing phases.

Table 5.1: Information of different nutritional facts of six different fish species in this study

Catla Rohu Bata Mrigal Silver Grass

carp Carp
Calories (Kcal/100g)  89.92 88.49 100.52 96.35 103.97 81.50
Proteins (g/100g) 16.18  15.98 15.64 16.19 17.2 15.2
Fat (g/100g) 28 273 374 351 4.1 1.1
Calcium (mg/100g) 161.11 219.03 211.27 174.82 903 o4
Sodium (mg/100g) 198.31 202.11  4.23 184.78 96 73
Potassium (mg/100g) 283.91 267.5 14.51  142.59 225 300
Iron (mg/100g) 1.61 2.19 0.07 1.48 4.4 0.46
Manganese (mg/100g)  0.32 0.44 0.07 0.26 - 0.02
Zinc (mg/100g) 1.35 1.98 0.02 0.89 14 0.91
Selenium (mg/100g) 0.23 0.68 - 0.17 12 31
EPA (mg/100g) 0.19 0.03 140 0.24 0.12 0.03
DHA (mg/100g) 0.13 0.01 120 0.04 0.03 0.03
w3 (mg/100g) 0.63 0213 420 048  1.04  0.32
w6 (mg/100g) 024 023 410  0.09 094  0.39

Vitamin A (IU/100g)  30.53 422 207.63  42.43 - -
Vitamin D (IU/100g) 1024 36.08 3516  203.2  0.24 ]
Vitamin E (IU/100g) 0.48 0.54 - 0.78 0.49 -
Vitamin K (mcg/100g) 1.21 0.41 - 0.15 - -

5.3 Nutritional information in the fish species

Malnutrition is one of the major consequences of low consumption of different
micronutrients. Many food items are available with an adequate amount of micronutrients,
and fish is one of the most consumed foods in India, which contains sufficient nutrients to
maintain a healthy diet. In this study, six different freshwater fish species were considered.
These fish species have a good amount of calorie and protein content. Silver carp (103.97
Kcal/100 g) and Bata (100.52 Kcal/100 g) fish carry the most calorie content, Catla (16.18
gm/100 g) and Mrigal (16.19 g/100 g) fish carry the most protein content out of all the
species. Maximum calcium is found in Silver carp (903 mg/100 g), followed by Rohu
(219.03 mg/ 100 g) fish. Catla fish carry a maximum potassium of 283.91 mg/100 g,
followed by Rohu fish, carrying a potassium content of 267.5 mg/ 100 g. Maximum iron
is found in Rohu fish (2.19 mg/ 100 g), and maximum zinc is found in Rohu fish (1.98
mg/ 100 g). Bata fish is enriched in DHA, w3, w6 with 120 mg/100 gm, 420 mg/100 g,
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Algorithm 3: Algorithm for Dataset Annotation and Augmentation

Input: Collection of 400 images, each image generally contains different species
out of- Labeo catla (Catla), Labeo rohita (Rohu), Cirrhinus mrigala
(Mrigal), Labeo bata (Bata), Hypophthalmichthys molitriz (Silver carp),
and Ctenopharyngodon idella (Grass carp).

Output: JUDVLP-WBUAFS: Fishdb-Detection.v1l and

JUDVLP-WBUAFS: Fishdb-Detection.v2 dataset
Split the C into training Cr,., validation C,, and testing Cp. part with 209, 116,
and 75 images using a stratified group shuffling technique. Import each dataset
part in the LabelMe tool.

2 Draw a rectangular bounding box around each fish head and label each box with
its corresponding class. ; // JUDVLP-WBUAFS:Fishdb-Detection.vl dataset

3 Draw a rectangular bounding box around the visible portion of the fish body and
label each box with its corresponding class. ;

// JUDVLP-WBUAFS:Fishdb-Detection.v2 dataset

4 Annotations of each image in JUDVLP-WBUAFS: Fishdb-Detection.vl and
JUDVLP-WBUAFS: Fishdb-Detection.v2 datasets are checked by domain
experts to ensure accuracy and consistency.

5 The .json file for each image is converted into YOLO-specific format
< class, Xcenter, Yeenter, Width, height >.

6 The training part Cy of JUDVLP-WBUAFS: Fishdb-Detection.vl and
JUDVLP-WBUAFS: Fishdb-Detection.v2 dataset is augmented with nine
different augmentation- horizontal flip, vertical flip, blur, gaussian noise, hue
saturation, RGBShift, 45°rotation, 90°rotation, and 180°rotation. A total of 2090
images are prepared in the training part from 209 images using the nine different
augmentations. Images are augmented as well as .json files are generated. .json
files are finally converted into YOLO-specific format.

=

and 410 mg/ 100 g. Of all the fish species used in this study, Bata fish is also enriched in
vitamin A and vitamin D. All the nutritional facts of these species were taken from Paul
et al. [75], Paul et al. [76], Paul et al. [77], DEPARTMENT OF AGRICULTURE ([78],
Ashraf et al. [79], Pyz-Lukasik and Kowalczyk-Pecka [80].

5.4 Methodology

In this study, two different annotations, head annotation and whole body annotation,
dataset named JUDVLP-WBUAFS: Fishdb-Detection.vl and JUDVLP-WBUAF'S:
Fishdb-Detection.v2 is used. The entire study is designed in two stages as stated in the

introduction 5.1.

Localization and Identification:

In the first stage, automatic localization and identification of the fish species under
some cluttered environment is solved. Here, a total of three experiment protocols are
designed and utilized in the experiments. In the first experiment protocol, different
versions of YOLOV3 (YOLOV3, YOLOV3-SPP), and YOLOV5 (YOLOVS5], YOLOV5m,
YOLOV5s) in a normal setting and Testing Time Augmentation (TTA) enabled setting
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Figure 5.2: Flow diagram of the proposed approach and mobile application developed for
the purchasers

INPME S B JSAST@D iePMEmS @ LR 1) IPME S B ol R COD
O A19216801395000 + @ 0O A 19216801395 + @ O A1921680139500 + @
NutriCARP-YOLO NutriCARP-YOLO NutriCARP-YOLO
T - e 174.22 mg DHA- 0.04 mg (per- 100 gnm) Nutritional information
‘hich N fou N = [Croose e ot chsen
~Select Which Nutrition You Need—— & | ~Select Which Nutrition You Need—
gl ’ =
g ” 2
g =] =
Mumnmnum o o Maumum Mmmnom < &
< = E ]
& 2 | = | =
[P e g R . E <
E] o0 8 3 g
= 2 £ H
: : § :
pr— £ z Monee E &
= g 2 =
El =3 =
Moo = e 2 E
@ ) =
S © H
< 8
<
g
fr— fy— =
=
2
Mummum Memmum =
S S
e ¢ 4 |

Figure 5.3: Functional flow diagram of the mobile application for the proposed study



Chapter 5. Application of Fish Species Recognition in Cluttered Environment: Case
Study 105

are trained on the above two datasets individually and the predictions from individuals are
saved. Ensemble of two models (2-way), and three models (3-way) is performed on these
trained models in the second experiment protocol. Here, each model is assigned equal
weight during the ensembling process. In the third experiment protocol, a Weighted Box
Fusion (WBF) is used to ensemble individual predictions using an experimented weight
assignment on the normal models and TTA-based models. After the fusion phase, Non
Maximum Suppression (NMS) is used to remove duplicate predictions if present. The

entire workflow of the proposed method is shown in Figure 5.2(a).

5.4.1 Mobile Interface:

In the second stage of the proposed work, a mobile interface was developed workable on
Android (or another mobile) device to identify fish species in some cluttered environment
based on the purchaser’s nutrition requirements. The application works properly on the
Android device and enables images captured by the rear camera. Upon image collection,
the purchaser provides different nutritional needs such as protein, fat, calories, calcium,
iron, DHA, and Omega-3 in two modes, either maximum or minimum. The captured
image and the different nutritional needs are sent to the Web server, where the saved
model localizes and identifies different fish species in the image and then selects fish
species that meet the purchaser’s nutritional needs. In the end, the mobile application
shows the bounding box around those fish species that meet the nutritional needs of the
purchaser and also shows the nutritional contents of each fish detected by the model.
The entire workflow of the development of the mobile application is presented in Figure
5.2(b). In Figure 5.3 the functional flow diagram of the mobile application is shown.
Also, the different stages in the mobile application are presented in the same figure. The
mobile application was designed using Flask web server and REST-full web API. The
communication between the front-end and the back-end web server is maintained by the
REST-full API through the .json data format. The mobile device and the web server should
be connected through the same network for the proper functioning of the application.
Efficient deployment of deep learning models and scalability needs appropriate handling
of large deep learning models. Uploading large deep learning models in the back end is
pure overhead and generates delays in the application. Instead of loading the entire deep
learning model, lazy loading is applied, where the model is loaded only when it is required
after the flask server starts up. The model is loaded into the system only once and remains
in the memory globally, and all the functions that need to use the model can easily refer
to the already uploaded model instead of loading it separately. This process reduces the
overhead of the model loading and handles the large model loading efficiently.

The primary objective of this study is to propose an automatic technique to locate
and identify fish species in a cluttered fish market based on consumer nutritional needs.
It is challenging to remember different nutritional facts of several fish species and screen
them according to specific needs before buying them in the fish market. The proposed

method enables the consumer to buy a fish species that meets certain nutritional needs
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Figure 5.4: Architecture of the YOLOV3 network

specified in Table 5.1. Head annotations and whole body annotations developed in this
study were used during the experiments using the proposed localization and identification
techniques. Two different popular and stable object detection modules based on deep
learning, YoLov3, and YoLovb were employed in this study because of their excellent
performance and considerable computing power. These two models are described in detail

here.

5.4.2 Architecture of YOLOv3 and YOLOv5

YOLOv3

You Only Look Once (YOLO) is a family of one-stage deep-learning object detection
models. Due to its fast speed and higher precision, YOLO has been the best choice to
employ in object detection tasks. YOLOv3 uses refined network architecture DarkNet-53,
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Figure 5.5: Architecture of the YOLOV5 network- (a) Overall architecture (b) CBS unit
architecture (c) C3 layer architecture (d) Bottleneck B1 architecture (e) Bottleneck B2
architecture

with 53 layers stacked together, making 106 layers. YOLOv3 applies 1 x 1 kernel on
three different size feature maps to achieve a multiscale detection objective. CBL block
in YOLOv3 block consists of Conv2D, Batch Normalization, and Leaky Relu as shown in
Figure 5.5. With the CBL block, the multiple residual block is present in this network
architecture and plays a crucial role. Each residual block consists of zero padding, a CBL
block, and several residual units. To achieve feature maps at different levels, feature maps
are concatenated. In YOLOv3, pooling layers are not used, instead, a convolutional layer
with stride two is used to downsample the feature maps. It helps to avoid the loss of
low-level features. Detections are made in three scales 13 x 13, 26 x 26, and 52 x 52.
It predicts a total of ((52 x 52) 4+ (26 x 26) + 13 x 13))z3 = 10647 bounding boxes. As
there are six categories to be recognized, the number of channels in the final prediction
is (4 +1+6) x 3 = 33. Based on the objectness score and Non-maximum Suppression
(NMS), the multiple detection problem is solved. In Figure 5.5, the overall architecture
of YOLOv3 is demonstrated.

YOLOv5

YOLOVS5 is the PyTorch implementation of YOLOv4, including some major architecture
revisions. It uses CSPDarkNet53 as the backbone instead of DarkeNet53. In DarNet53,
the residual and dense blocks help flow into the network’s deep layers. The major problem
due to this is redundant gradients. CSPDarkNet53 discards this gradient flow and helps to
remove the redundant gradient flow. In the neck part of the network, the Path Aggregation
Network (PANet), which uses the concept of Feature Pyramid Network (FPN) is used.
PANet is used to warp the information flow using FPN, by employing different top-down
and bottom-up paths. YOLO head is used in the YOLOv5 head part, generating three
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different feature maps for small, medium, and large objects. The Focus unit, found in
the previous versions, is replaced in YOLOvV5 by a 6 x 6 Conv2D structure. The SPP
unit is replaced by SPP-Fast (SPPF) unit, simplifying the pooling process and avoiding
the repetitive operation in SPP. SPPF is roughly two times faster than SPP structure.
The CBS structure consists of convolution, Batch Normalization, and SiLu activation
function as shown in Figure 5.5. The C3 Layer in Figure 5.5 is a Cross Stage Partial
(CSP) bottleneck with 3 CBS structures. It does a Convolution on the input tensor and
concat the result to the same tensor passed through a CBS and a series of bottleneck
layers. Finally, the concatenated tensor is passed again through a CBS structure. The
architecture of CBS unit, C3 unit, Bottleneck B1, and Bottleneck B2 are presented in
Figure 5.5(b), (c), (d), and (e). The loss in YOLOvV5 is calculated as a combination of
Binary Cross-Entropy (BCE) Loss, Objectness Loss (BCE), and Location Loss(CIoU).
The first Binary Cross-Entropy loss measures the classification loss and the second BCE
loss measures the error in detecting whether an object is present inside a bounding box.
The ClIoU loss measures the localization error within a grid cell. Using a weight vector of
[4.0,1.0,4.0], the objectness loss is computed on small, medium, and large object parts.

The overall neat architecture of the YOLOv5 network is shown in Figure 5.5.

5.4.3 Non Max Suppression (NMS)

YOLO models propose multiple bounding boxes for each object of interest in an image.
Non-maximum suppression (NMS) is the technique to find the best bounding box proposal
based on the Intersection of Union (IoU) and confidence score. YOLO model generates the
bounding box proposals in the format (z1,y1, 22,y2, class, con fidence). All the bounding
boxes in NMS are sorted according to the confidence score. A confidence threshold con fy,
is selected, and based on that, all the bounding boxes with less confidence score compared
to con fi, are deleted. Next, an IoU threshold IoUyy, is selected, and then for each bounding
box proposal, all the remaining bounding box proposals are checked for the overlapped
region based on Confy,. For example, if two boxes are found with high IoU (see Eqn.
5.1), they are treated with the same class, the bounding box with the highest confidence
score is selected, and the rest are discarded. The filtering of the bounding box proposals
in NMS is sensitive to the selection of the IoU threshold. If multiple objects are present
side by side, applying NMS leads to deleting bounding boxes around objects.

Intersection(BBox1, BBox2))

IoU =
¢ Union(BBox1, BBox2)

(5.1)

In object detection tasks, the learned models predict bounding box proposals, object
labels, and class confidence scores for each box. A single model may predict multiple
boxes for a single object in an image. In the ensembling process, multiple bounding boxes
per object come into play because different models’ predictions are added up. In NMS, a
box belongs to an object if the intersection-over-union (IoU) is higher than a set threshold,

and it suppresses all other bounding boxes. This means NMS depends on a single IoU
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threshold, and selecting this threshold value is a very tricky job. If the threshold is high,
some valid boxes may be removed because of low confidence score. Again, setting a low
threshold value retains many overlapping boxes, increasing false positives. This problem
is somehow handled in Soft-NMS technique, by modifying confidence scores of overlapping
bounding boxes gradually. This modification is usually done in a way that reduces the
confidence score overlapping bounding boxes, making them less likely to be selected as the
top bounding box during the suppression process. But, NMS and Soft-NMS both remove
redundant bounding boxes, and thus getting averaged prediction from all proposals is not

possible.

5.4.4 Weighted Box Fusion

The NMS process is not efficient in generating an average prediction of bounding boxes
from different detection modules. When multiple detection models are ensembled,
the Weighted Box Fusion (WBF) technique is important in producing an average
prediction. To understand the process of WBF, consider two bounding box proposals
from two models My and My, bboxM;y:(Myx1,Miy1,Mixo,Miya, classy,,CSuy,), and
bbox Ma:(Maozy,May1,Maxa,Maoysa,classnr, ,CSnr,). The Myjz1,Miy; represent the upper
left corner coordinates and Mjxs,Miys represent the lower right corner coordinates.
The classyr,, CSn, represents the predicted class label and the confidence score of the
bounding box generated by model M;. The same representation holds for the bounding
box bboxM,. Using the WBF technique, a combined bounding box bbox fyseq is produced
by fusing bbox M, and bbox M. The different parameters of bbox fyseq are calculated using

the formula given in Equation 5.2 to Equation 5.6.

Mixi % CSM1 + Moz X CSM2

fusedx; = C S + O, (5.2)
fusedy; = My x ggﬁi iggj{;x CSum, (5.3)
fusedzy = Mz x gggi ig‘;ﬁ X OS5y (5.4)
fusedys = Myys x ggﬁi iggi‘zx CSum, (5.5)

CSfused = O, + O, ;L O, (5.6)

Weighted Box ensemble of YOLO models

In this study, different variations of the YOLOv3 and YOLOv5 models, YOLOvV3,
YOLOv3-SPP, YOLOvV5l, YOLOvbm, and YOLOvbs were applied in the experiments.
These two YOLO versions were selected in this study because of their excellent
performance, speed, and lightweight nature. Each predicted box from each model under

the ensemble process was included in a list and sorted in descending order based on
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the confidence score. A cluster of the bounding boxes was prepared after checking the
similarity using the IoU. If the IoU is higher than a threshold, then the similarity is
established. From this cluster, the final confidence score and coordinates of the bounding
box were calculated using equations 5.2 to 5.6. Finally, the NMS was applied to remove
any further redundant bounding box. The grid search method was used to find the optimal
weight for the different models in the ensemble process. The ensemble of models produces
a robust and generalized detection model to localize and detect fish species according to
the consumer’s nutritional needs. Different ensembles were experimented with, and the
results proved that the proposed approach effectively improved the performance compared
to the single YOLO model.

5.4.5 Testing Time Augmentation (TTA)

Testing Time Augmentation (TTA) is a technique used for evaluating machine learning
model performance. In TTA, predictions for test data are obtained not only on the original
data but also on multiple versions of the data obtained through transformations. These
transformations are typically simple operations like flipping, rotation, scaling, cropping, or
colour variations for images. The key idea behind TTA is to obtain multiple predictions for
each test sample by applying different transformations and aggregating these predictions to
produce a final result. Aggregation can be done using various methods such as averaging,
voting, or taking the maximum probability, depending on the task and the model being
used.

TTA helps to evaluate the model’s performance under various conditions and
transformations, which can improve its robustness against variations in the test data.
By obtaining multiple predictions for each test sample and aggregating them, TTA can
provide a measure of confidence or uncertainty in the predictions. TTA can help the model
generalize better to unseen variations in the data distribution by exposing it to a diverse
set of transformations during evaluation. Overall, TTA is a valuable technique for more
robust evaluation of machine learning models, providing insights into their generalization

capabilities and helping to identify potential weaknesses.

5.5 Experiment Protocols and Results

After the dataset preparation and augmentation were done, two YOLOv3 models:
YOLOv3 and YOLOv3-SPP, and three YOLOv5 models, YOLOv5l, YOLOvbm,
and YOLOvbs were applied on the training part of the JUDVLP-WBUAFS:
Fishdb-Detection.vl and JUDVLP-WBUAFS: Fishdb-Detection.v2 dataset. All the
models with pre-trained weight matrices trained on the ImageNet dataset were utilized
in all the experiments. As the dataset size is too small to apply these models from
scratch, the transfer learning approach was our prime choice to handle the issue and then
the models were fine-tuned on the proposed datasets. All the experiments were done

on the two different annotation schemes, head annotation and whole body annotation.
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The trained YOLO models were ensembled using a weighted box fusion approach, with
the experimentally selected weights on different models. Also, models were ensembled
without any assigned weights for the comparative analysis. The NMS technique was used
to remove the bounding boxes with IoU less than the fixed threshold. Ensembling of the
YOLO models was proposed to achieve better recognition performance and robustness in
comparison to a single model.

Before starting the training process, the configuration file (data.yaml) was prepared
by setting the directory path of the training, validation, and test part of the dataset.
The number of classes (nc) was set to 6 and names of the species were assigned as
[Catla’,’Mrigal’,’Rohu’,’Bata’,’Silver carp’,’Grass carp’]. All the images were resized to a
dimension of 416 x 416. The training process was done for 16 epochs with a batch size
of 32. If no improvement in mAP was recorded, the training process was stopped, and
the best weight was saved. Different hyperparameters involved in the training process
were fine-tuned on the proposed datasets. To evaluate the performance of the proposed
approach, mAP@Q.5, precision, and recall were used. In IoU, the relation between test set
predictions and the ground truth is evaluated. The true positive (TP) and false positive
(FP) were calculated using a fixed IoU threshold. The ensembling of the trained models
(ETM) and testing time augmentation (TTA) were applied during the testing time. ETM
averages the predicted bounding boxes of different models and all the hyperparameters.
The ensemble models provide better generalized and robust predictions than single model
performance. In TTA, different augmented (flipped and resolution change) versions of the
base images were created and predictions were obtained. Finally, all the predicted boxes
were averaged, and using NMS the duplicate bounding boxes were removed based on some
fixed ToU threshold. Also, ETM and TTA were applied to minimize the generalization
error and get better recognition performance.

All the experiments were done as per three experiment protocols. All these experiment

protocols are described here, with the results.

5.5.1 Experiment Protocol 1:

In this protocol, the previously mentioned YOLO models were used in the proposed
datasets individually. Also, the TTA was done on these models and compared with the
original one. The results are tabulated in Table 5.2. Two YOLOv3 models, YOLOv3,
and YOLOv3-SPP achieved the mAP@0.5 of 0.69 and 0.65 on full box annotations
and mAP@Q0.5 of 0.81 and 0.84 on head annotations. TTA improved the performance
significantly by taking into account all the predictions of augmented images and the
original image as well. When TTA was done on YOLOv3 and YOLOv3-SPP, mAP@0.5
of 0.76 and 0.69 was achieved on full box annotations, and mAP@0.5 of 0.84 and 0.87
was achieved on head annotations. The YOLOv5], YOLOv5m, and YOLOv5s achieved
mAP@O0.5 of 0.65, 0.68, and 0.63 on full box annotations and a mAP@O0.5 of 0.78,
0.81, and 0.77 were achieved on head annotations. Among all the YOLOv5 models,
applying TTA, a maximum mAP@Q.5 of 0.72 was achieved using YOLOv5!] on full box
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Table 5.2: Performance of the single YOLO models and TTA YOLO models
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annotations. However, on head annotations, YOLOvbm achieved a mAP@0.5 of 0.83
on head annotations using TTA. In full box annotations, YOLOv3 achieved the best
mAP@O0.5 of 0.76 and YOLOv3-SPP, achieved the best mAP@0.5 of 0.87 on head

annotations when TTA was done at the testing time.
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Table 5.3: Performance of ensemble of models without using any weights
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5.5.2 Experiment Protocol 2:

In this protocol, the promising YOLO models were ensembled using combinations of two

models and combinations of three models. The ensemble of trained models (ETM) was
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Table 5.4: Performance of ensemble of models using Weighted Box Fusion
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(a) Epoch vs mAP@O0.5 accuracy graph on JUDVLP-WBUAFS:
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Fishdb-Detection.v2 dataset

Figure 5.6: Epoch vs mAP@Q.5 accuracy graph after training the YOLO models for 200
epochs

done normally without using any weights on any model. Also, to gain more effective
performance, TTA was applied to these ensemble models. The ensemble of YOLOv3 and
YOLOv3-SPP achieved a mAP@Q0.5 of 0.74 on whole body annotation and mAP@Q0.5 of
0.88 achieved on head annotations. Among the 2-way ensemble of the YOLOv5 models,
the ensemble of YOLOv5] and YOLOv5m achieved a mAP@O0.5 of 0.73 on whole body
annotations and the ensemble of YOLOv5im and YOLOv5s achieved a mAP@O0.5 of 0.84
on the head annotations. Based on the TTA ensemble of YOLOv3 and YOLOv3-SPP,
mAP@O0.5 of 0.76 was achieved on whole body annotations and a mAP@0.5 of 0.88
was achieved on head annotations. Among the 2-way ensemble of YOLOvV5 models
based on TTA, the ensemble of YOLOv5] and YOLOv5m achieved a mAP@0.5 0f 0.75
on whole body annotations and both the ensemble of YOLOvS5l with YOLOv5m and
YOLOv5s achieved a mAP@0.5 of 0.84 on the head annotations. All three YOLOv5
models were ensembled, but no improvement in mAP@Q.5 performance was recorded. As
the performance of the ensemble of YOLOv3 and YOLOv3-SPP gained better mAP@0.5,
this combination was selected for the 3-way ensemble. In whole body annotations, the
ensemble of YOLOv3, YOLOv3-SPP, and YOLOvV5] using TTA gained the mAP@0.5
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(a)  Precision-Recall graph on JUDVLP-WBUAFS:
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Fishdb-Detection.v2 dataset

Figure 5.7: Precision-Recall graph after training the YOLO models for 200 epochs

of 0.782 and outperformed all the other ensemble versions. However, the ensemble of
YOLOv3, YOLOV3-SPP, and YOLOv5m using TTA achieved a mAP@Q.5 of 0.89 on the
head annotations and outperformed the other ensembles. The detailed performance with
mAP@0.5-0.95 is tabulated in Table 5.3.

5.5.3 Experiment Protocol 3:

In this protocol, the WBF technique was used to ensemble the predictions from the
trained YOLO models. As the performance of the ensemble using the TTA-enabled
ETM technique was good enough compared to normal ensembling, the results of the
TTA-enabled ETM models were used in this experiment protocol. The NMS technique

used in ETM removes some of the valuable occluded bounding boxes, leading to a decrease
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Figure 5.8: Ground truth labels and prediction labels of validation batch 1 of
JUDVLP-WBUAFS: Fishdb-Detection.v1l dataset
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Figure 5.9: Ground truth labels and prediction labels of validation batch 2 of
JUDVLP-WBUAFS: Fishdb-Detection.v2 dataset

in the model performances. The ensemble of YOLOV3 and YOLOv3-SPP using WBF
and TTA achieved the mAP@0.5 of 0.76 and 0.89 on whole body annotations and head
annotations. Among all the 2-way ensembles of YOLOv5 models using WBF and TTA,
the ensemble of YOLOv5m and YOLOvV5s achieved mAP@O0.5 0.85 on head annotations,
whereas, the ensemble of YOLOv5l and YOLOv5m achieved a mAP@Q0.5 of 0.75 on
whole body annotations. In most cases, using WBF, the performance of the models

was improved significantly. Like experiment protocol 2, YOLOv3, and YOLOv3-spp
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(b) sample test image 2

Figure 5.10: Output of the proposed approach for sample test images 1 and 2 (Nutritional
facts-( Protein-mazximum, Calcium-mazimum, DHA-mazimum)): (a) Head annotations
(b) Full box annotations

were chosen as the candidate to make the 3-way ensemble of models. The ensemble of
YOLOv3, YOLOv3-SPP, and YOLOvS5I using WBF and TTA achieved the best mAP@0.5
of 0.79 on the whole body annotations and surpassed all the previous ensembles. In head
annotations, the ensembles of YOLOv3, YOLOv3-SPP, and YOLOv5m using WBF and
TTA achieved the best mAP@Q.5 of 0.91, and surpassed the performance of all the other
ensembles experimented in this study. Most interestingly, using the proposed ensemble
technique using WBF and TTA, the ensemble of YOLOv3, YOLOv3-SPP, and YOLOv5I
achieved a mAP@0.5-0.95 of 0.60 on the head annotations. This study also beat the
state-of-the-art performance mAP@0.5 of 0.84 by Banerjee et al. [3] and achieved a
state-of-the-art performance mAP@Q0.5 of 0.91 and mAP@0.5-0.95 of 0.60. The detailed
results are tabulated in 5.4. All the experiments were done on JUDVLP-WBUAFS:
Fishdb-Detection.v1 (head annotations) and JUDVLP-WBUAFS: Fishdb-Detection.v2
(whole body annotations) dataset individually using the above experiment protocols with
an image size of 416 x 416 and batch size 32. All the other hyperparameters remained
the same and fine-tuned on the proposed dataset. The epoch vs mAP@Q0.5 accuracy
graph of all the used YOLO models on the two datasets is presented in Figure 5.6. The
ETM approach and TTA used in this study improved the mAP@0.5 score significantly.



Chapter 5. Application of Fish Species Recognition in Cluttered Environment: Case
Study 119

< Sl N -l
% ‘ ‘FCalla Rohy Mrigal 1§ 2
RN (o Nz T
@
# PR ponn g
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Figure 5.11: Output of the proposed approach for sample test images 1 and 2 (Nutritional
facts-( Protein-mazimum, Fat-minimum)): (a) Head annotations (b) Full box annotations

Precision and recall are important metrics in object detection studies. The precision-recall
graph of the two best-performing models, ETM and TTA enabled ensemble of YOLOvV3,
YOLOv3-SPP, and YOLOvbm, and ETM and TTA enabled ensemble of YOLOv3,
YOLOv3-SPP, and YOLOv5] on head annotations and full box annotations is presented
in Figure 5.7. In head annotations, average precision and recall of 0.815 and 0.809 were
achieved. Looking into fish species-wise, in the Catla, Rohu, and Mrigal categories,
precision and recall are both high, which means that maximum ground truth objects were
predicted, and the maximum predicted box labels were also correct. Major confusion
occurred between the small Mrigal fish and Bata categories. It is the reason for low
precision compared to recall in the Mrigal category. In the Bata (Precision-0.824,
Recall-0.529), and Grass carp (Precision-1, Recall-0.615) categories, high precision and
low recall were seen, which means that all the predicted boxes were correct, but most
ground truth objects were missed at prediction time. Low precision and high recall
were achieved in the ’Silver carp’ category (Precision-0.586, recall-0.909), due to many

duplicate boxes being generated around the fish head.
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In full box annotations, average precision and recall of 0.662 and 0.745 were achieved.
Low precision and high recall were the observations found in the Catla, Rohu, Mrigal,
and Silver carp categories. The major reason is that the models in full box annotations
predicted many duplicate bounding boxes due to the highly cluttered environment found
in the image. Many boxes were predicted, but the maximum number of boxes was wrongly
recognized compared to the ground truth label. In the Bata (precision-0.752, recall-0.529),
and Grass carp (precision-0.852, recall-0.444) categories, precision was high compared to
recall. However, not enough ground truth objects were predicted by the model for these
two categories. The ground truth labels and predicted labels of two different validation
batches on the head annotations dataset and full box annotation dataset are shown in

Figure 5.8 and Figure 5.9.

Applying WBF in the ensemble stage of the TTA-enabled model predictions improved
the mAP@O0.5 score as well as the prediction label refinement. Based on the WBF
technique, the TTA-enabled ensemble of YOLOv3, YOLOv3-SPP, and YOLOvV5I achieved
an improved mAP@Q0.5 of 0.79 on the full box annotations dataset. And on the head
annotations dataset, using WBEF the TTA-enabled ensemble of YOLOv3, YOLOv3-SPP,
and YOLOv5m achieved an improved mAP@Q.5 of 0.91. In this study, achieving high
precision is more important compared to achieving a high recall. Average top precision
of 0.98 (without WBF-0.84), 0.91 (without WBF-0.79), and 0.97 (without WBF-0.82)
were achieved in Catla, Mrigal, and Rohu categories. Also, the average precision of the
'Silver carp’ category was improved from 0.586 to 0.94, whereas, the average precision of
Bata and ’Silver carp’ got down by some percent. The same happened in the TTA-enabled
ensemble of YOLOv3, YOLOv3-SPP, and YOLOvV5I in the full box annotation dataset. In
Catla, Rohu, and Mrigal categories, top average precision of 0.88 (without WBF-0.64),0.78
(without WBF-0.52), and 0.81 (without WBF-0.62) were achieved. Average precision in
the Silver carp category was significantly improved from 0.599 to 0.88. As with the head
annotation dataset, the average precision in Bata and Grass carp was down by some

percentage.

To keep in mind the accessibility of purchasers, the development of a mobile application
is very essential nowadays. In this study, the ensemble of YOLOv3, YOLOv3-SPP, and
YOLOv5m, based on WBF and TTA is deployed in a mobile application based on a Flask
web server. The system needs a knowledge base where the nutritional information of
the fish species available in the dataset is kept. In the back end, the image captured by
the purchaser and nutritional needs are taken as input. First, the fish species that meet
nutritional requirements are selected automatically from the knowledge base. Next, the
deep learning model localizes and identifies only the selected fish species in the image
captured by the purchaser. The purchaser can see the bounding boxes and the class label
with the nutritional information of each fish species. The purchaser can select the fish

that best fits the nutritional needs of many fish detected in the image.

In this chapter, the main aim was to propose a system that can recognize the

fish species in a cluttered environment as per the consumer’s nutritional needs. The
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end application asks the user to enter their preferred nutritional facts. Each of the
nutritional facts was categorized as ’Maximum’ and 'Minimum’. According to the
consumer’s needs, the end application selects the top three fish species, and then localizes
and identifies them. All the other fish species in the image were not considered and
treated as background objects. In Figure 5.10, the final output for the nutritional
facts (Protein-maximum, Calcium-maximum, DHA-maximum) is given. For the sample
nutritional facts (Protein-maximum, Fat-minimum), the final output of some images is
depicted in Figure 5.11. In full box annotations, many duplicate boxes were predicted even
after using WBF to ensemble the predictions. However, in head annotations, a very small
number of duplicate boxes were predicted by the ensemble model. In a pure cluttered
environment, head annotations performed very well compared to the full box annotations.
But in some cases, Indian sardines were wrongly recognized as Mrigal. The head part of
the Indian oil sardine and Mrigal looks very similar, and in our proposed dataset very
few images of Indian oil sardines were present. Sometimes the small size Mrigal and Bata
fish heads look quite the same and were wrongly predicted by the proposed approach in
some cases. Overall, in the head annotations dataset, the proposed ensemble model based
on TTA and WBF performed very well with minimum wrong recognitions and maximum
mAP@O.5 accuracy.

When the weighted ensemble was applied to the results obtained from YOLOv3 and
YOLOvS5, the head and whole body annotations produced descent mAP@O0.5 values of
0.91 and 0.79, respectively. The main goal of this study is to develop an application that
enables users to choose the type of fish that best suits their specific dietary requirements.
In this sense, the most crucial stage in the workflow is detecting and classifying the fish
species. Given the cluttered environment, the detection performance is adequate, and
the outcomes enable individuals to choose the right fish item on a personal level. When
additional fish species are added to the dataset in the future, buyers could choose fish

species from the range of species offered on the market.

5.6 Conclusion

In this study, an automatic approach is proposed to localize and identify some fish
species in a cluttered environment based on the nutritional needs of the consumer.
It is tough for the consumer to remember all the nutritional facts of each species
found generally in the Indian fish markets. This study helps the consumer identify
different fish in cluttered environments which meet their nutritional needs. The entire
work is done using two parts: in the first part, a technique for the localization
and identification of fish species in some cluttered environment is developed using an
ensemble of different deep-learning object detection algorithms, and in the second part
a mobile application for Android (or other) device is developed for the purchasers
to choose their nutritional needs and to identify the fish species that meets the

nutritional needs. Six different fish species, Labeo catla (Catla), Labeo rohita (Rohu),
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Cirrhinus mrigala (Mrigal), Labeo bata (Bata), Hypophthalmichthys molitriz (Silver
carp), and Ctenopharyngodon idella (Grass carp) is considered in this study. Two
different datasets JUDVLP-WBUAF'S: Fishdb-Detection.vl (Head annotations) and
JUDVLP-WBUAFS: Fishdb-Detection.v2 (Full box annotations) were developed and
used in this study. Using Weighted Box Fusion (WBF) different versions of YOLOvV3,
and YOLOv5 were ensembled and Testing Time Augmentation (TTA) was done to
achieve more generalized prediction. Experimentally WBF and TTA-enabled ensemble
of YOLOv3, YOLOv3-SPP, and YOLOv5m achieved the state-of-art mAP@0.5 of 0.91
on the head annotations dataset and ensemble of YOLOv3, YOLOv3-SPP, and YOLOv5I
achieved the state-of-art mAP@Q.5 of 0.79 was achieved in full box annotations. Though
the results are promising, some challenges need to be solved in future. In the future, the
major contribution would be increasing the dataset size by increasing the number of fish
species and introducing other fish species. Most of the incorrect recognition of fish species
was observed in the Bata and Silver carp categories, because of fewer instances of these
categories. Further, the different variations of fish size could be introduced to make a
more challenging and generalized dataset. However, this study would open a new wing of

research where major contributions would likely come to address the broad problem area.



Chapter 6

Conclusions and Future Work

HIS chapter briefs the entire work done in this thesis, shortcomings, and future scope
T in the fish species recognition field.

6.1 Conclusion and Future Scope

The work presented in this Thesis has successfully addressed various aspects
of automatic carp species recognition using different machine learning and deep
learning algorithms under non-cluttered and cluttered environments. For this,
four different benchmark datasets, two for non-cluttered environments, ie.  a)
JUDVLP-WBUAFS: Fishdb-IMC.vl and b) JUDVLP-WBUAFS: Fishdb-EC.v1,
and two for cluttered environments, i.e. ¢) JUDVLP-WBUAFS: Fishdb-Detection.v1
and d) JUDVLP-WBUAFS: Fishdb-Segmentation.vl have been developed. The
JUDVLP-WBUAFS: Fishdb-IMC.v1 dataset consists of three popular major carp in
India- RohuLabeo rohita, CatlaLabeo catla, and Mrigal Cirrhinus mrigala in non-cluttered
environment, and JUDVLP-WBUAFS: Fishdb-EC.v1 is the dataset created for the
recognition of three popular exotic carp in India: Common carpCyprinus carpio),
Grass carp (Ctenopharyngodon idella), and Silver carp(Hypophthalmichthys molitriz.
In cluttered environment, JUDVLP-WBUAFS: Fishdb-Detection.vl is the dataset
developed for the recognition of six different fish species, Catla(Labeo catla), Rohu(Labeo
rohita), Mrigal (Cirrhinus mrigala), Bata(Labeo bata), Silver carp (Hypophthalmichthys
molitriz), and Grass carp (Ctenopharyngodon idella) by employing object localization
and identification approach, and JUDVLP-WBUAFS: Fishdb-Segmentation.vl is
the dataset developed for recognizing fish in cluttered environment using a semantic
segmentation approach. The development of the dataset is one of the major contributions
of the present Thesis. Various techniques are developed for the recognition and
segmentation of carp species, depending upon the requirements of the dataset. Among
different works, latent representations of the simple autoencoder, deep autoencoder, and
deep convolutional autoencoder are extracted as features which are used further for
the recognition of three freshwater major carp present in the JUDVLP-WBUAFS:
Fishdb-IMC.v1l dataset using several machine learning algorithms such as Logistic
Regression, Naive Bayes, K-Nearest Neighbor, Support Vector Machine, and Random
Forest. Different conventional feature descriptors such as Hu moments, Haralick texture,
WLD, and HOG are used to compare the performance with the autoencoder latent

features. The deep convolutional autoencoder (DCAE) with Fully connected network
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(FCN) achieved maximum 97.33% accuracy and beat the other conventional feature
descriptors as well as some state-of-the-art deep learning algorithms like InceptionV3,
InceptionResNetV2, MobileNet, VGG16, and VGG19. The FCN classifier gives better
performance compared to the best-performing multiclass SVM classifier. Another work for
identifying the three exotic carp present in JUDVLP-WBUAFS: Fishdb-EC.v1 dataset
is performed in this thesis using some of the state-of-the-art deep learning algorithms.
More specifically, VGG16, VGG19, InceptionV3, MobileNetV2, and InceptionResNetV2
deep learning networks are applied with the transfer learning approach.  Using
MobileNetV2, and VGG16 network 99.18% accuracy is obtained on the recognition of the
three exotic carp. The effects of different hyperparameters such as momentum, learning
rate, batch size, and epochs are also studied during the experiments. In the non-cluttered
environment, these two works demonstrated a good performance in automatic fish species
recognition and helped various fields as stated in the introduction part. In cluttered
environments, typically found in live fish markets, consumers face challenges in recognizing
fish. An object localization and identification approach on the JUDVLP-WBUAF'S:
Fishdb-Detection.vl dataset using different versions of YOLO algorithms is proposed.
Only the fish heads are considered for the recognition of the species, because of their full
visibility in the cluttered environments. The YOLOv3-SPP network achieved a mAP@0.5
of 0.84 and demonstrated a state-of-the-art result in this category. An approach based
on semantic segmentation is studied to recognize different fish species in some cluttered
environment where multiple fish species are present and generally the maximum portion
of the body is hidden by the other fish. Using two popular deep learning methods, U-Net,
and PSPNet on the JUDVLP-WBUAFS: FISHDB-Segmentation.vl dataset, a mean
IoU of 0.76 is achieved using PSPNet with ResNet34 as the backbone. Consumers in the
fish markets face problems in recognising fish species that meet their nutritional needs. In
the view of consumers need to recognize fish species with the required nutrition to have
a balanced diet, different YOLO algorithms are ensembled using the Weighted box fusion
(WBF) technique. The optimal weights are chosen experimentally, and Testing time
augmentation (TTA) is utilized to improve the performance score. Here, the ensemble
of YOLOv3, YOLOv3-SPP, and YOLOv5m using WBEF based on the experimentally
selected weights and TTA achieved a mAP@O0.5 of 0.91 on the head annotation dataset
JUDVLP-WBUAFS: Fishdb-Detection.vl. To compare the result with the visible body
part of the fish, another annotated version of JUDVLP-WBUAFS: Fishdb-Detection.v1
is developed named as JUDVLP-WBUAFS: Fishdb-Detection.v2. Here, the visible
portion of the fish body is annotated using a bounding box, and the same experiments
are done. The results on the JUDVLP-WBUAFS: Fishdb-Detection.vl dataset is
better compared to the JUDVLP-WBUAFS: Fishdb-Detection.v2 dataset, because
the head part does not carry redundant information like the whole body given cluttered

environments.

While the results of the various studies conducted in this thesis are promising and

beneficial for the fishery industry and everyday consumers in the fish market, there are
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instances of incorrect recognition of certain fish specimens. The misclassification occurs
due to some of the inherent challenging conditions like lighting variety in fish markets,
placement of fish in a cluttered way, minimum visibility of fish bodies, changes in camera
angles, illumination conditions etc. Another limitation in this case is the limited size of
the dataset, which is addressed successfully by employing some augmentation techniques
to generate a greater variety of samples for the experiments. The presence of these issues
facilitated the opportunity to broaden the extent of the investigation concerning various
forms of data augmentation utilizing state-of-the-art Generative Adversarial Networks
(GANs), Diffusion models, and other related techniques. More fish species could be
incorporated into the dataset to enhance the diversity of fish species represented in
the dataset. From a technical perspective, various deep learning networks for object
localization, segmentation, classification and their ensemble can produce an improved
recognition performance. Some fuzzy techniques or bio-inspired techniques can also be
applied in the ensemble stage to achieve better performance. Above all, the field of
automatic fish species recognition in cluttered environments still has lots of opportunities
for further advancements and exploration by researchers. The works presented in this
thesis provide a foundation for future researchers to further explore the aforementioned

possibilities and beyond.
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