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Abstract: Fine-grained visual classification is one of the essential data science tasks with enormous datasets. The studies show that species
composition and ample distribution of fishes notably impact the fishery industry, aquaculture, and marine ecosystem. Incredible work and
analysis are required to state fish characteristics by classification. Lately, deep learning has helped to gain exceptional development in this
area. Be that as it may, fine-grained fish classification is more complex than primary image classification, particularly with medium quality
(i.e., underwater images) and small-scale (i.e., limited data). But traditional convolutional neural networks (CNNs) and other popular
models like V.G.G., RESNET, DenseNet, etc., require high-quality and high-scale datasets. This paper presents another way to enhance
the CNN models that best fit this fine-grained fish classification problem. Real-world underwater images have several issues, including
noise, dominant colours, light attenuation, etc. Further, it isn't easy to get a large set of images of each category of species under the sea,
and hence an imbalanced dataset is generated. These two problems are addressed in this paper. Then the quality of the raw images was
improved by an Underwater Image Enhanced Generative Adversarial Network (UIEGAN), that CycleGAN trains over 6128 images of the
ImageNet dataset. Conventional data augmentation helps increase the dataset size of the dataset by random transformations of the images
(i.e., flipping, rotation), but it cannot handle the imbalanced class problem. We generated synthetic images of every class utilizing DCGAN
to create a balanced dataset. Further, we used the SmallerVGG and SmallerRESNET models that best fit the Croatian dataset. Moreover,
we compared our strategy with eight popular pre-trained transfer learning models trained on the ImageNet dataset. The exploratory
outcomes show that the proposed techniques beat well-known CNNs, with high accuracy, demonstrating their possible applications in the
real-time underwater fish image classification.

Keywords: Fish classification, CycleGAN, DCGAN, SmallerVGG, SmallerRESNET.

1. Introduction

studying their life cycle. The classification of fish species is
turning into a challenge for research. A few methodologies
are employed for non-destructive sampling, automatic fish
identification, and types characterization in underwater
videos [2]. Nevertheless, challenges presented by variations
regarding terrible light conditions, murkiness in water,
occlusions, intra, and inter-species similarity, moving
aquatic plants, and background confusion minimize
utilization of those procedures in real-life situations because
of low preciseness.

In recent years, people have better explored the ocean due
to technological advancement. Due to the continuous
utilization of inadequate resources of the sea, biodiversity,
mainly fish variety under the marine environment, is under
threat. Hence, productive strategies must be proposed to
find and estimate quantitative fish distribution. For example,
fine-grained fish classification gives a better environment to
fish and marine ecology [1]. There is a significant demand
for tourists to find and observe underwater fish species in
pond water. Besides, scientists and marine biologists need
to keep track of different species of fish's behaviour.
Business applications like fish cultivation rely on
monitoring the fish species breeding similar fishes, and

In the literature, there exist methodologies for fish detection
and classification. Along with this, most of the research on
fish detection is done based on pre-trained YOLO object
detection models. For instance, in fish detection in [3],
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similar YOLO procedures. The common thing for these
methodologies is that they trained their model completely.
In [6], the authors proposed an alternate technique,
specifically different deep learning-based methods for
temperate fish identification and characterization. The
authors used input images and videos captured from
underwater cameras in typical habitats and utilized
YOLOVS3 for fish detection and squeeze-excitation networks
(SE-net) for classification.

The other fish detection and classification categories use
deep learning models like convolutional neural networks
(CNN). Meng et al. [7] designed an underwater drone with
a camera, which utilized LeNet [8], AlexNet [9], and
GoogleNet [10] for fish identification. Qin et al. [11]
designed a model composing convolutional and pooling
layers and a linear SVM classifier for fish detection.
Nonetheless, the previously mentioned works neglect that
fish image classification is a fine-grained problem, which
requires a human-labelled and large-scale fish dataset. Fine-
grained image classification (FGIC), like fish, cat, bird, and
flower species, remains challenging compared to
conventional image classification due to the high intraclass
and low inter-class similarities. In [12], the authors
proposed another technique to improve transfer learning and
squeeze and excitation networks to classify fine-grained fish
images with better quality and small-scale datasets. The
authors utilized the super-resolution reconstruction method
for better image resolution and pre-pre trains, pre-trains
analyzed domain knowledge and fine-tuned with some
professional skills.

Moreover, refined squeeze with excitation blocks is
intended to enhance bilinear CNNs for fine-grained
classification. In [13], the researchers provide a compound
way by combining optical flow and the Gaussian Mixture
Model (G.M.M.) with the YOLO model in a dynamic
environment rather than fish detection in static images. The
authors in [14] also worked on FGIC, using Mask-CNN.
The method localizes the object's parts and selects the
descriptors for fine-grained bird classification on a large
scale and high-quality datasets. Small-scale and low-quality
FGIC remains challenging because CNNs can't create
proficient skills from a limited set of images. Image
distortion happens when pictures have lousy quality. For
example, Figure 1 is a sample image of 12 fish categories
from the Croatian fish dataset [15].

Fig. 1. Samples of different categories of Croatian datasets
with high intra-class and low inter-class similarities.

Henceforth, it is hard to get better classification results with
low-quality images. Nevertheless, many FGIG tasks in the
real world frequently experience a limited number of poor-
quality images. Not the same as the past works, this work
introduces a strategy that ideally concentrates on addressing
those issues. This paper primary contributes the following:

1. High-quality  dataset through  generative
adversarial network design (like UIEGAN) trained
upon underwater image dataset.

2. We have generated synthetic images by another
deep convolutional GAN (DCGAN) along with
conventional data augmentation to address a
limited dataset. Step 2 also addresses the problem
of class imbalance issue.

3. Prominent models such as V.G.G. and RESNET
are modified by reducing the layers count, which is
suitable for datasets with poor quality and low
scale.

4. In addition, we have trained models from
fundamental CNN to recent pre-trained transfer
learning models on the Croatian dataset, and the
results are analyzed.

2. Methodology

Results of the current works improved with the proposed
methodology. The structure of our method is shown in
Figure 2. First, 6128 underwater images were collected from
the subset of the ImageNet dataset. Second, we have trained
these images with the help of CycleGAN architecture to
develop a model (i.e., UIEGAN). This UIEGAN
architecture enhances the input images (in our case Croatian
dataset). Second, the dataset was balanced by training
DCGAN for creating many synthetic images (i.e.,
augmentation). We applied two GAN models to get the
Augmented Enhanced Image dataset from the original
dataset. Then, we trained three deep neural networks (basic
CNN, Smaller RESNET, and SmallerVGG) on the
Augmented Enhanced Image dataset to get classification
results.
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Figure 2. The flow of our proposed methodology

2.1 Image Enhancement using UIEGAN

The algorithms resize input images before sending them to
the CNN models. Henceforth, the critical models require a
greater size of the input image. The linear interpolation
techniques applied in most CNN models might yield more
distortion from the input image, mainly when dealing with
low-quality images, for example, in the Croatian dataset.
Hence, to address this issue, we formulate a strategy to
increase the data quality with a trained model (i.e.,
UIEGAN). There exist many conventional techniques for
improving the quality. The SRGAN [16] is the popular
technique using generative adversarial networks. In[12], the
authors used SRGAN to increase the quality of the Croatian
dataset, but this pre-trained SRGAN model is suitable for
terrestrial images. It is better to use a model which is trained
on underwater images. In this work, a model is designed
through underwater images gathered from the ImageNet
dataset.

This model was trained using CycleGAN [17], mainly used
to generate Zebra images from the Horse images. The
primary objective of this UIEGAN model is to take the
original input images and increase the quality of the images
and call this Enhanced Image Dataset. This Enhanced Image
Dataset is more helpful in extracting the better features in
each layer in CNN to produce better results.

The sample enhanced images generated from the UIEGAN
model are shown in Figure 3 vividly indicates the

differences between an enhanced image dataset with the
original sample images shown in Figure 1. Further, the
improved image dimensions are 256 x 256-pixel width and
height. If the original images are resized to 256 x 256-pixel
width and height, we get more pixelated images, leading to
severe distortion problems. By utilizing this UIEGAN, we
can successfully increase original image quality and
diminish the issue of distortion.

ol

i Qﬁmw* -“}- £ o e i g =
Figure 3. Sample images generated using the UIEGAN
model.

2.2 Distribution of the dataset

The second issue addressed is the low-scale data for CNN
models. The Croatian dataset contains about 794 images
categorized into 12 classes. The data distribution of the
original dataset is represented in Figure 4. It is clear the
dataset is minimal, and each type is imbalanced. Each
species category contains 500 to 1000 images for deep
neural networks to get better accuracy. To deal with this
class imbalance, we generated synthetic images of around
300 images for each class using DCGAN. The data
distribution after training the model is shown in Figure 5.
The augmented dataset is more balanced compared with the
original dataset. In our work, 300 synthetic images are
generated for each class, and the number of images can still
be increased to get more images. The area plot of the dataset
before and after the generation of synthetic images is shown
in Figure 6. The blue and orange colors denote the
distributions before and after the augmentation.
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Figure 4. Distribution of the Croatian dataset (original)

2.3 Synthetic Image Generation using DCGAN
Generative models have been analyzed in recent years and
characterized into two classes (i.e., parametric and non-
parametric). The main aim of these GANSs is to generate
synthetic (i.e., fake) images which are perceptually nearer to
their basic authentic originals. The images generated using
GAN [18] experience noise and are inconceivable. An
extension to this method [19] uses a Laplacian pyramid
approach to render the images with the best quality. Yet,
they experienced the objects looking unstable due to noise
chaining numerous models. Later, DCGAN was proposed in
[20] to bridge the gap between supervised CNNs and
unsupervised learning. The DCGAN exhibits a strong
candidate for unsupervised learning, and the adversarial pair
learns a hierarchy of representations from object parts in
both generator and discriminator [21]. For generating
synthetic images, we included two neural networks while
training: (1). A generator that can take a randomly
generated noise vector as an input and yields an output
image is the same (i.e., fake image). (2).
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Figure 5- Distribution of the augmented Croatian dataset
(after generating synthetic images)
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Figure 6. Comparison of the original data distribution with
augmented data distribution.

A discriminator will try to mention that the image is "real"
or "fake." Through training these networks at a similar
interval, one provides feedback to the other. During training
this GAN, the generator's objective is to improve in
generating synthetic images. The discriminator cannot
find the difference between real and artificial data. The steps

involved in the training process of GAN are shown in Figure
7.

Make random noise

Pass the noise vector through the generator to generate

Mix real images with synthetic images

BealFzke classification using diseriminator

Train GAN, but purposefully make neise vectors as real

Dizcriminator traming on the combined data

Figure 7- The steps in the training process of GANs
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First, random noise is generated and passed through the
generator to generate the fake image. Next, we sample the
original images from the training data and mix them with
the fake images. Now, the discriminator is trained to classify
whether each image is real or fake. Once again, generate the
noise, but we purposefully make this noise vector as a real
image. Then, we train the noise vectors and real image labels
to develop more synthetic images. The architecture of GAN
creates synthetic images are represented in Figure 8. The
sample of synthetic images generated through our GAN
model is shown in Figure 9.

—0
Discrimi Real
Training Iscriminato _.
st Fake
) ]

Figure 8- The architecture of GAN for generating
synthetic images from the Enhanced Image Dataset.

Figure 9- Synthetic images generated through the training
process of GAN. All the images shown here do not exist in
the original dataset. One sample image is shown for each
category of 12 classes.

There are two loss functions in GAN, one is for the
discriminator, and the other is for the generator. The
discriminator must classify the real and not real images,
which is like binary classification. The correct loss function
is binary cross-entropy. The discriminator loss can be
computed using Eqg. (1).

1 A A
Jo = = 5 Zn=alpalogpn + (1-pn) *log (1-pp)} (1)
The generator loss can be computed using Eq. (2). Freeze
the discriminator layers so only the generator is trained.

Jo= — % YN_. logpy , py = fake image, target is always 1.

@

3. Results and Discussion

This section provides our experimental study to classify fish
instances from the given low-scale and low-resolution
underwater image dataset (i.e., the Croatian dataset). The
study includes three steps. First, we applied the basic
convolutional networks (Basic-CNN), second customized
RESNET model (SmallerRESNET), and third customized
V.G.G. model (SmallerVGG) to the actual dataset. Further,
we applied these three models to the augmented enhanced
dataset to show that our proposed methodology gives better
results after pre-processing. The difference between the
three models concerns the architecture. The conventional
RESNET and V.G.G. models are customized to get better
results.

The basic CNN architecture includes three convolutional
layers ((Conv2D+RELU => Max Pooling) * 3), along with
a dense layer with a softmax layer of 12 classes. Here, "*"
represents the same block repeated three times. The activate
function is "Relu,” and the activation function is "softmax"
in the last layer. The pool and strides are of size (2 x 2), and
the filters in each layer are 8, 16, and 32. Since we have three
convolutional layers, our input size is 32 x 32 x 3. The
architecture used for training the Basic-CNN model is
shown in Figure 10. The purpose of taking a minimum
number of layers is to show the effectiveness of our
methodology. The results may vary by increasing the
number of layers.

o |

Conv2D + Relu

_ [*3]
Max Pooling

A

Dense + Softmax

l

Output

Figure 10- The architecture used for training a basic CNN
model

However, we have tried the transfer learning with eight
different models (INCEPTIONRESNETV2, RESNET50,
VGG16, INCEPTIONV3, XCEPTION, DENSENET,
MOBILENET, and NASNET), but the results are poor due
to the limited size of the data set.

Jp is the discriminator loss and ] is the generator loss py,

, is scalar value concerning 'i'. p,, is the target value.
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Table 1: Training results of Transfer learning on the 1
Croatian dataset with the popular pre-trained models
Architecture Train  Train ValidationValidation p
Accuracyloss  Accuracy Loss /
INCEPTIONRESNETV299.81 0.008677.38 5.5050 0.9
[22]
RESNETS50 [23] 34.13 2.435929.17 2.9025
VGG16 [24] 95.38  0.125371.43 1.0380
INCEPTIONV3 [25] 98.82 0.063673.21 10.7376 0.8
XCEPTION [26] 97.86 0.211069.64 8.8683 FNEELPSPEIL
DENSENET [27] 99.04  0.051879.76  5.4835 y?%@%ﬁ@z&@a%*Z@i@ioo@gaiﬁ&
MOBILENET [28] 99.96  4.586286.90 5.6054 0(&5»\1 xb&q’ob&(b@i@ &%‘*-@*‘g@\“‘*; &
NASNET [29] 99.26  0.155068.45  34.5343 S CFRF F® A
. . F K
It is observed that models like INCEPTION and SN
MOBILENET give ~100 % of training accuracy, but the test
accuracy is around ~77 % only. Besides, the test loss is big, —e—Precision  —e—recall fl-score

and it is clear that the problem of overfitting to the given
data. The raw dataset is split into 531 training images and
138 test images. Each transfer learning-based model is
trained with 100 epochs—the results of these models over
the raw dataset are presented in Table 1.

Figure 12- The evaluation results of basic CNN on the
augmented enhanced dataset.

The second architecture is custom RESNET (i.e.,
SmallerRESNET), which accepts the shape of the input
image and the number of classes. The architecture includes
eight blocks along with an output layer. The first block
consists of a convolutional layer followed by batch
normalization with max pooling and 0.25. The second block
convolution layer is followed by batch normalization. The
same layers are repeated till block five consecutively. Block
6 uses a dense layer with 1024 layers followed by batch
normalization with a drop out of 0.5. In the 7" block, the
dense layer with 512 layers is utilized with batch
1 normalization. In each block, we utilized the activation
function as RELU and padding as the same. The filters used

Basic-CNN model is trained (train and test split as 75% and
25%) with Adam optimizer, rather than using S.G.D., and
the evaluation measures (i.e., precision, recall, and f1-score)
are mentioned in Figure 11 and Figure 12. Figure 11 shows
the measures on the original dataset, and Figure 12 shows
the measures after our pre-processing (augmented enhanced
dataset) method.

0.8

° Y in block 1 to block 5 are 32, 64, 64, 128, and 128. We
0.6 utilized the dense layer with 12 layers with a softmax
04 activation function in the output block.

The architecture of SmallerRESNET is shown in Figure 13
(a). For simplicity, all blocks are shown in the diagram, and
"*" indicates that the block's number is repeated. For
0 instance, "* 2" is the block repeated two times. Further, we

¥ > ‘&q}@ &‘i\%‘\% Q‘f% &\0@6@@1@‘\2&“&@&%@& also applied RESNET50 architecture to our input dataset

A é&%@\ @%%%oﬁqﬁ TS from scratch. The results of the RESNET50 model on the

0@% %\& 0&%&\&‘*\@“’@&‘\@ '\°°@%$ < raw dataset and our enhanced dataset are shown in Figure

e C \Q\OQ\Q P %&\o“*‘o %@% e 14 and Figure 15. The results of our customized RESNET50

0&4’ &QO model on the raw dataset and our enhanced dataset are

S shown in Figure 16 and Figure 17. The difference between

.. the conventional RESNET and SmallerRESNET exists in
—8—Precision =—@=recall fl-score

blocks and the layers of every block.

The third architecture is a custom V.G.G. network (i.e., a
SmallerVGG), which accepts the shape of the input image
and the number of classes. For our case, the input image is
resized to 96 X 96 with a depth of three channels. The
architecture of SmallerVGG is shown in Figure 13(b). The
first convolutional layer has 32 filters with 3 X 3 kernels,

Figure 11- The evaluation results of basic CNN on the
original dataset.
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and we used ‘'relu’
normalization.

The pooling layer uses 3 X 3 pool sizes to minimize the
spatial dimensions instantly from 96 X 96 to 32 X 32. We
also added drop-out in our network model. Drop-out works
by randomly disconnecting nodes from the current layer to
the next layer. Likewise, added (CONV => RELU) * 2
layers are added before applying another POOL layer.
Stacking multiple CONV and RELU layers together allows
us to learn better features. Next (CONV => RELU) * 2 =>
POOL layer is added with dropout of 0.25. Eventually, we
had a set of fully connected layers and a softmax activation
function (F.C. => RELU).

Further, we have added conventional data augmentation
method for generating images using random
transformations to avoid overfitting problems. A few
changes include rotation, shift range horizontally and
vertically, shearing, zooming, flipping, and the fill mode is
taken as nearest. The Adam optimizer is utilized for training
a network. The model is introduced with a batch size of 32
for 100 epochs. The raw dataset is split into 531 samples
(80%) for training and 138 examples (20%) for the test set.
The augmented enhanced dataset is partitioned into 2961
samples (80%) to train and 988 (20%) samples to test. The
training and validation loss of the model during the initial
dataset training is shown in Figure 18(a). The training and
validation loss of the model during the augmented enhanced
dataset training is shown in Figure 18(b). The graph shows
that the training and validation accuracy is increased, and
the training/validation loss is decreased after pre-processing
data. In the three models, the loss is evaluated through
categorical cross-entropy from Eq. (3).

activation followed by batch

Loss = -¥_; p; * logp; (3)

Here, p;, is scalar value concerning 'i". 'p;" is the target value,
and 'n" is the number of classes in the classification.

The comparison results of the three models are shown in
Table 2. Basic-CNN architecture is giving training 77.98%
and 64.82% validation accuracy. This architecture's training
and validation loss are 0.6455 and 1.2589, respectively.

Dataset
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Batch Normalization
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Dense + Relu

Batch Normalization

[*2]
Drop out

Dense + Softmax

|

Output

Figure 13- (a) SmallerRESNET

There is a significant improvement observed in the
augmented enhanced dataset. We tried to improve the
accuracy with SmallerRESNET, but this architecture does
not yield better results. We got only 41.24% training
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accuracy and 33.12% validation accuracy. The loss is also a
little high compared with the Basic-CNN. This model's
training and validation loss are 1.7447 and 2.2870,
respectively, on the original data. But we got satisfactory
results on the augmented enhanced dataset by training the
same model. We achieve 82.56% of training accuracy and
96.48% of validation accuracy.

Dataset

v

Conv2D + Relu

Batch Normalization

Max pooling

Drop out

Conv2D + Relu

pmm——————

Batch Normalization

Conv2D + Relu

[*2]

Batch Normalization

Max pooling

Drop out

Dense + Relu

Batch Normalization

Drop out

l

Dense + Softmax

l

Output
Figure 13- (b). SmallerVGG.
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Figure 14- Visualized results of RESNET50 on the
original Croatian dataset after training.
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Figure 15- Visualized results of RESNET50 on the
Augmented Enhanced Croatian dataset after training
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Figure 16- Visualized results of SmallerRESNET on the
original Croatian dataset after training.
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Figure 17- Visualized results of SmallerRESNET on the
Augmented Enhanced Croatian dataset after training
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Training Loss and Accuracy

Using multi-layer perceptron using multi-scale fusion to

—— train_loss

o vanloee enhance the dataset and the primary augmentation gives
i 95.43% of training accuracy and 85.39% validation
5o accuracy. Then we used the primary augmentation and
g enhanced the images using UIEGAN. The training and
C:vg* . validation loss is increased to 97.68% and 85.53%. The loss
. is also reduced compared with M.L.P. using a Multi-scale
/\ O VY fusion strategy. Further, our method (DCGAN for
o EeMSUVE g S AT S AT A U Yl augmentation and UIEGAN for improvement) gives
0 2 Epfch SR I 98.85% training accuracy and 97.04% validation accuracy.
@) Hence, we consider this model and test it on the ignored
images during the training and validation dataset. The model
Training Loss and Accuracy gives an average of 95.64% classification accuracy over test

N W data. The comparison results are shown in Table 4.

8- train_acc
— val_acc

Table 2, Summarizes the training results of three
architectures (Basic CNN, Smaller RESNET, and
SmallerVGG) on the original and augmented enhanced

o

Loss/Accuracy
IS

datasets.
2- h Data Architecture Train Trai Validati Validati
\ At I i Accura n losson on Loss
. ‘ ‘ cy Accurac
’ ¢ Epi)ach numb:rc# 80 e y
(b) Basic CNN  77.98 0.64564.82  1.2589
Figure 18- Experimental results of SmallerVGG model Original 5
training and validation accuracy and training and dataset SmallerRESN 41.24 1.74433.12  2.2870
validation loss on the original and augmented enhanced ET 7
datasets. (a). SmallerVGG results on the original dataset. SmallerVGG 94.73 0.14583.19  0.2814
(b). SmallerVGG outcomes over the expanded enhanced 5
dataset. Augment Basic CNN  91.35 0.42290.42 0.4421
ed 5
The training and validation loss of the model are 0.5729 and Enhanced SmallerRESN 82.56 0.57296.48  0.0811
0.0811, respectively. The other evaluation metrics, dataset ET 9
precision, recall, and fl-score, are also recorded and are SmallerVGG 98.85 0.04497.04  0.1319
shown in Figure 14 to Figure 17. The SmallerVGG 2
architecture got 94.73% of training accuracy, 83.19% of
validation accuracy and training loss is 0.1455, and Table 3. Comparison of results of SmallerVGG
validation loss is 0.2814 on the original dataset. The model architecture before and after the pre-processing using data
gives 98.85% of accuracy in training and 97.04% of augmentation and image enhancement.

validation accuracy. The training loss and validation of the Model  Augmentation EnhancementTrain ~ Train Validation Test
model are 0.0442 and 0.1319, respectively. After analyzing Accuracyloss  Accuracy  loss

h . he SmallerVGG K qi b Data Generator - 94.73 0.145583.19 0.2814
these experiments, the .ma er networ gl.ve?s etter MLP using 9543 015288539 0.9603
results and gets the highest accuracy for training and Data Generator Multiscale
validation data. Hence, we considered this model and SmallerVGG fusion [30]

Data Generator UIEGAN 97.68 0.084285.53 0.5896

DCGAN + UIEGAN 98.85 0.044297.04 0.1319
Data Generator

compared the results of this architecture with and without
using the enhancement technique. Table 3 shows the
comparative analysis of training, validation accuracy, and
training and validation loss. We used two data augmentation
methods; one is a fundamental augmentation, and another is
DCGAN. The primary augmentation (Data Generator) uses
fundamental transformations such as flipping, rotation,
scaling, etc. The SmallerVGG with only Data Generator and
no augmentation techniques give 94.73% training accuracy
and 83.19% validation accuracy.
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Table 4. Comparison of results of the proposed work with
related works

Author(s) Model/Architecture Accuracy
Jaeger et.al [15] CNNs + SVM 66.78%
Alex Krizevsky et AlexNet 62.35%
al. [31]
K. Simonyan et al. VGG-16 72.07%
[24]
Christian Szegedy Inception-v4 78.25%
[32]
K. He et.al. [23] RESNET-50 80.15%
Baseline [33] Baseline 66.78%
B-CNNs [34] 83.52%
QlU et.al [12] B-CNNs + S.E. blocks [35]  83.78%
BCNNSs + refined S.E. blocks 83.92%
Our method UIEGAN + DCGAN + 95.64%
SmallerVGG
4. Conclusion

Applying recently trained deep neural network architectures
gives research and the community many advantages.
Transfer learning provides less work in preparing large
models for a particular classification task. VGG16 is a
prominent model developed but could not classify the fish
categories with limited data with low quality. We proposed
a model SmallerVGG (minimized version of V.G.G.) that
gives better results than traditional CNN models in this
work. The model is customized because of the poor quality
of data since the CNN models require high-quality images.
We disclosed two issues, such as handling the quality and
imbalanced distribution of the data. The first issue is
addressed by enhancing the images using UIEGAN, trained
on a subset ImageNet dataset using CycleGAN. The second
issue is addressed by generating the synthetic data using
DCGAN to get a more balanced distribution. This will
empower the network to analyze the features from the
dataset more accurately to achieve better classification
results. The exploratory outcomes show that our strategy
gives excellent results compared with the other popular
CNN models, with a classification accuracy of 95.64%.
However, the accuracy can improve further by fine-tuning
the CNN architecture. In future works, we will combine this
method with other recently developed architectures and
work with other fine-grained fish classification datasets.
Further, we intend to work on fish identification and
classification and fish tracking in real-time underwater
videos
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