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Abstract

Automatic fish images classification system plays a very important role in the process of dividing
fishes into categories for human consumption or other tasks. To manually classify fishes into dif
ferent classes is difficult, tiring and boring. This thesis proposes a fast and accurate system capab
le of classifying fish images into different categories. The system comprises image processing, fe
ature extraction and classification method. To train and test the proposed fish classification mode
I, we used the convolutional neural network (CNN) and the long short-term memory (LSTM) wh
ich are two representative types of deep neural network. Among them, CNN has been, proved mo
re for images classification, than LSTM, which is popular for text classification. Furthermore, du
e to difficulties in training, regularization technique of dropout and N-best candidates methods w

ere applied to avoid overfitting and return multiple answers instead of a single best.
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l. Introduction

Nowadays, people are thirsty to easily classify fishes into their species. Manually separating fishes

into different types is difficult, tiring and boring.

In this research, automatic fish classification model was proposed using Deep Neural Network
(DNN), specially, Convolutional Neural Network (CNN) and long short-term memory (LSTM)
but it is found that CNN is very preferred method recording 81% against 47% from LSTM. The
system will consider the similarity of fishes based on their features. Due to overfitting appeared
during training model, dropout method has been applied to overcome this issue and top k

candidates method were applied in testing to return multiple answers instead of a single best
This dissertation is organized as follow:

Chapter 2 introduces relationship between my used methods and others, chapter 3 describes
artificial intelligence (Al) and theirs subsets, chapter 4 develops the procedure of different models
applied such as: convolutional neural network(CNN), dropout model and top k candidates ,chapter
5 explains the experiments and results after applying several models to classify fishes into their

species. Finally, chapter 6 concludes the thesis.



1. Related work

Some researches on fish images classification and recognition have been published by applying
convolutional neural network. In [1], they proposed a CNN architecture to recognize fish images

and the dataset size is 22 476 fish images. The dataset is divided just into four classes
The accuracy reached 96%.

In [2], we used the same dataset to classify fish images and the test accuracy is different because
the author did not apply dropout method to remove some useless nodes and edges, then the top k
candidates method was not applied to return multiple answers instead of a single best. My work
focused on three important methods in fish images classification according to the difficulties

behind in image classification.

Table 1: My work compared with the previous work

# Conv layer Pooling layer | Dropout Top k Performance
candidates

5X5 2X2

My work 4x4 2X2 0.5 1 59%
3x3 2X2
5x5 3x2

The previous

work 5x5 3x2 0 1 52.59%
5x5 3x3




I11. Artificial intelligence

Humans can automatically perform the intellectual tasks. After these tasks, it can be described as
artificial intelligence [3]. Machine learning is a subset of artificial intelligence where the
relationship between the input and output data of a system is modelled by extracting attributes
features from the input data. Artificial intelligence has a several subset, one of them is machine
learning. Artificial neural networks are a subset of machine learning, which are inspired by the
structure within the human brain, using layers of neurons. Deep learning is also a subset of neural
networks where it consists of many layers. The figure 1 illustrates the relationship between
artificial intelligence, machine learning, neural networks and deep learning. Deep learning has a
wide range of successful applications such as computer vision, speech recognition and image

classification [4].

lArﬁﬁ.cial Machine  Neural
intelligence leaming network

Figure 1-Relationship between different subset of Al

3.1. Machine learning

Nowadays, machine learning is needed almost everywhere and has become an important tool in
our daily lives. Sometimes, people cannot realize whether the machine learning has been using.

But it is used in many applications such as:



Email accounts;

Banks;

Social media ;

And so on.

Many problems can be solved by applying machine learning.
Some are solved by applying supervised learning and unsupervised learning.
e Supervised learning aims to teach machine features of the data labeled to make the wanted
results with a test data. Supervised learning can be called classification model
e Unsupervised learning is applied when the input data is not labeled or unknown. The
algorithm has a goal to group together the data, which are the same features. Unsupervised
learning can be called clustering model
Unsupervised learning is used, for example, to discover which products have been
frequently purchased together from a store’s transaction data [5].
The focus of this thesis is a branch of machine learning called deep learning, specifically
convolutional neural network, which borrow concepts from the functionality of our own brains.
Conventional computer programs are very good at quickly performing arithmetic computations
and accurately following a list of instructions, both of which the human brain can stumble over.
Conversely, some problems that humans can solve in microseconds are utterly impossible for
traditional programs. For example, a young child can instantly recognize whether a photograph is
a picture of a dog or a cat, but the task is very hard to define in a set of instructions for a computer
to follow. We could start by finding edges from the image and devise various rules about what
kind of a shape constitutes a dog versus a cat. That approach could conceivably come up with a

satisfactory model for recognizing cats and dogs through careful observation and countless rounds



of trial and error. The problem arises when a new requirement turns up that we must also recognize
rabbits and crocodiles. We must reconstruct the whole model to accommodate. Tackling these
kinds of problems requires an entirely different way of programming a computer to mimic the

human brain [6].

3.2. Artificial neural network

Artificial neural networks first showed interest after the publication of a paper by

McCulloch and Pitts in 1943. They introduced a model of simplified artificial neurons as
conceptual components for circuits capable of computational tasks [7]. Since then, the study of
artificial neural networks has advanced in strides and modern neural networks are often capable
of matching or even outperforming humans in tasks that were once considered near impossible
for computers. The basic building block of artificial neural networks, the neuron, is based on the
biological neurons found in the human brain. A simplified explanation of the current
understanding of how we learn is that the neuron receives inputs through structures called
dendrites, and the connections dynamically strengthen or weaken based on how often they are
used. Each input connection’s strength determines its weight when the inputs are summed and
transformed in the cell body into a new signal, which is the output of the neuron. This output is
then transmitted to other neurons and the process continues. This practical understanding of
biological neurons can be translated into a computational model. [8]

The artificial neuron also gets some number of inputs, x1, x2, . . . , xn, whichare
multiplied by some weights, w1, w2, . . . , wn. The sum of those weighted inputs is called
the logit of the neuron,

2=y owixi (1)



This logit is used as the input for a function f to produce the output y = f (z), as depicted in
Figure 1. The inputs and weights are usually expressed in vector form
x=[x1x2...xn]and w =[w1 w2...wn] so the output can be computed as the dot product of

the input and weight vectors y = f (x.w + b), where b is a constant bias

X, W,
iy . f ,
) : I
. y
L]
L]
X, w, 3

Figure 2-Artificial Neural Network

Creating an artificial neural network is connecting these neurons together to form an

approximate model of how biological neurons connect to each other in the brain.

Figure 3-A simple feed-forward neural network



Figure 3 depicts an example of a very simple network. The bottom layer of the network brings in
the input data and the top layer computes the result. This kind of network is called a feed-
forward network, as there are no connections between neurons in the same layer or from a higher
layer to a lower one. The layer in the middle, called the hidden layer, is what enables the network
to learn and where most of the interesting work happens. Finding the optimal weights for the
hidden layer is the answer to solving problems with neural networks. In more complicated neural
networks, there are usually multiple hidden layers with different numbers of neurons and each
with their own weight vectors, connected to each other before feeding into the output layer.
Often the hidden layers have far fewer neurons than the input layer, which facilitates the learning
of compressed representations of the input. As a biological analogy, our eyes receive a huge
amount of raw input data through the photoreceptor cells, but our brain perceives it in terms of
edges and contours. The hidden layers of the brain network come up with simplified
representations of our surroundings.

As the neuron is mathematically expressed as a vector, we can express a neural network as a
sequence of matrix operations. With an input layer

x =[x1x2...xn], we are trying to find the output vector

y=[yL1y2...ym]. This can be expressed as a matrix multiplication by constructing a weight
matrix Wof size n xm and a bias vector of length n. Each column of the matrix represents a
neuron and the jth element of the column represents the weight of the connection. The

transformation function

y = f (WxT + b), is applied element-wise. (2)



3.2.1. Training the model

To achieve a more accurate parametric model the parameters must be optimized through a training
process. To evaluate the performance of the model the deviation of the prediction must be
quantified. A loss function can be used to compute a numerical value, where a larger loss value
corresponds to a larger deviation [3]. Cross-entropy is a loss function, which is suitable for
classification problems [9]. The reason behind this is that it takes into consideration “how wrong”
the prediction was. A high probability for an incorrect prediction will give a high loss whilst a high

probability for a correct prediction will give a loss close to zero. The cross-entropy is given by

x;. input data

y;: Prediction

6 . Parameters

k : Number of classes

. ] : Estimated probabilit
L (x,y:6) = — Sk, yik logak(xi; 8),(3) ¥ o
Where xi is the i: th input data point, yi the corresponding prediction, 8 the parameters in the
model, K the number of classes and gk the estimated probability for the i:th data point belonging
to the k:th class [10]. From the loss function a cost function can be defined as the average of the

losses for all data points as stated below

J(8) 7 Ty L(xi,yi,6) (4),

where J(0) is the cost function dependent on the parameters of the model, n the number of data
points and L(xi,yi, @) the loss function. The parameters of the model are optimized by
minimizing a loss function using an optimization algorithm. The aim of the algorithm is to find
the minimum, often through an iterative process. The global minimum of a multi-dimensional

8



function is difficult to find and therefore, a local minimum is considered sufficient. In each step of
the training, a loss is calculated, and the parameters are then adjusted to minimize the loss [10].
Stochastic Gradient Descent (SGD) is an optimization algorithm, which computes an
approximation of the gradient of the cost function. A local minimum of the cost function can be
found by taking a step in the direction of the negative gradient. SGD divides the data into so-called
mini-batches and computes the gradient for each mini-batch, in order to reduce the computational
time [10]. The size of the step is given by the so-called learning rate (Ir). A higher learning rate
corresponds to a larger step. If the learning rate is too low the model might not reach the minimum

while a too high learning rate might not converge, as illustrated in figure 2 [10].

Too low Ir Too high Ir

Cost function

Figure 4-1llustration of how the learning rate affects the convergence.

The Adam optimization algorithm is a version of the SGD where the learning rate is adjusted for

each step. The algorithm is computationally efficient and requires little memory [5].

3.2.2. Overfitting

As is true for many machine learning approaches, building a very complex model can easily lead
to perfectly fitting the training data. When such a model is evaluated on new data, it performs
poorly. Overfitting is a huge challenge in any machine learning task, and especially so in deep
learning as neural networks usually have many layers with a large number of neurons, producing

a very complex model. One approach to prevent overfitting is dividing the training process into



epochs, single iterations over the full training set. After each epoch, the model is evaluated on a
set of validation data to see how well it is generalizing. If the accuracy keeps increasing on the
training data, but decreases on the validation data, it is a sign of overfitting and the training should

be stopped. Figure 5 shows an example division of the full dataset. [6]

Full dataset

Training data Validation Test data

Figure 5-Division of dataset for training

3.2.3. Dropout

Dropout has recently become the preferred method for preventing overfitting [6]. It works very
differently compared to others regularization technique and does not rely on modifying the cost
function. Instead, dropout modifies the network itself, by temporarily disabling a random subset
of the hidden neurons, as shown in Figure 6. [12] Dropout is particularly effective at reducing

overfitting in very large and deep networks, where overfitting is often severe.

Figure 6-Half of the neurons in the hidden layer are disabled

10



The input is forward propagated and the result backpropagated through the reshaped network. For
the next iteration, the disabled neurons are restored, a new random subset is disabled, and the cycle
repeats itself. [12] This results in a procedure that rather resembles training several different
networks and averaging their results, without actually having to expend the resources to train a
large number of complete networks. The neurons in the network cannot rely on any other specific
neurons existing, so they must learn features that are beneficial with many random groups of
neurons, instead of forming relationships with some particular set of neurons .Because the weights
and biases of the network are trained with only half of the neurons active during each iteration, the

weights have to be halved when the full network is finally run.

3.2.4. Batch Normalization

We already discussed the importance of the number of input example or training sizes. The size of
the training data can be hundreds of gigabytes of data. These data cannot be processed at once with
the processors. The deep networks process training/input data in batches of appropriate sizes the
CPU and/or GPU can handle the computations. The distribution of the input data is different for
each layer. Hence, the input data changes on each layers of every iteration of the training, which
adjusts parameters accordingly. One approach to get around this issue is to initialize the parameters
with well-crafted weights and have a very small learning rate at the same time. This causes the
computing resources to be used for longer durations. This phenomenon is known as covariate shift.
Another way to deal with the problem is to the normalize the input data. In batch normalization
the input into each layer is normalized before further processing. In some cases, the batch

normalization method eliminates the need to use dropout as the regularizer.

11



3.2.5. Activation Functions

An activation function scales the input and thereby decides when a neuron is activated, that is
passing information to the next layer. The rectified linear unit (ReLU) is an activation function,
which has become increasingly popular due to its simplicity and high performance. The function
is zero for all negative inputs and equal to the input if it is positive, as expressed below

f () =max (0, x) (6),

where f (x) is the activation function dependent on the input [10]. A graphical representation of

this function can be seen in figure 7.

ReLU

X
o
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©
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Figure 7-Activation function ReL.U as a function of x.

Softmax (z) = kgkz. (7),
Yizgel
where Z is a vector containing the input to the function and k 2 [1,K] where K is the number of

classes [13]. Softmax gives an output between 0 and 1 which can be interpreted as a class

probability [10].
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3.2.6. Optimizer

The Adam optimizer was selected because it has been shown to converge quickly and perform
well at image classification tasks. Adam is particularly effective on deep CNNs where the
gradients on different types of layers vary greatly because it is able to adapt the learning rates for
individual weights. The initial learning rate was set to a relatively small value at 0.0001. The
authors recommend a value of 0.001 which is also the default value intensorflow but after
testing, the lower value seemed to provide more reliable results while still converging in an

acceptable time.

3.2.7.Softmax

For classification tasks, it is helpful to have the output vector be a probability distribution over a
set of mutually exclusive classes. For example, in the task of recognizing handwritten digits, the
labels 0-9 are mutually exclusive. We can use a softmax layer to produce a probability distribution
vector of the form [pl p2 . .. pn] to provide a notion of how confident we are in the predictions.
An output vector with one value close to 1 and the other values close to zero signifies a strong
prediction, while an output vector with multiple values being close to equal signifies a weak
prediction.

The softmax function is defined as:

Softmax (z)j= d] 8),
@= 55 ©)

for j=1,2,..., K. As the output of the softmax layer is a probability distribution, with the sum of
the outputs being 1, the output of one neuron depends on the outputs of all the other neurons in

the layer.
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IV. Deep learning

Deep learning is a subset of machine learning and as other applications appear in machine learning,
to solve any problem, we begin first to define in details the kind of problem we need to overcome.
This consists of determining the vector forms of the inputs and potential outputs. For example, to
classify fish images from QUT dataset, the input would be the pixel intensity values of the
112x112x3 pixel images, and softmax should be used the one which to apply for classifying fish
images into different classes from 1up to 76.

The internal structure of the network is defined next. The preferred architecture depends on the
type of problem and includes deciding the number of hidden layers, the types of neurons,
connections and so on. Different kinds of neural network architectures have been found to work
well on different types of problems, for example, feed-forward convolutional neural networks are
widely used for image recognition tasks while recurrent neural networks work well for tasks
involving natural language processing [14]. Figure 8 depicts a general workflow for creating any

kind of neural network.

14



Define problem

.| Build neural net
architecture

v

Collect data -
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r

DONE

Figure 8-Detailed workflow for training and testing a deep learning model.

Proposed methods

4.1. Convolutional neural network

In proposed system, we are building a simple convolutional neural network (CNN) of three
layers that can identify and classify the images into 76 classes. In general, most of the machine
learning applications requires GPU (Graphics processing unit) because of high number of
computations on large amount of data. Since GPUs have almost 200 times more processors than
CPU, it improves the performance of neural networks. As the number of layers in the network

increases, the number of computations increases and hence the need for GPUs increases.

15



Therefore, in order to build a neural network that can work on CPU as well a very small network
is build. There are various software libraries that have focused on machine learning. Few of them
are Theano, Scikit-learn and Tensorflow. In proposed system, a convolutional neural network
based fish classifier is built using Tensorflow which an open source software library focused on
machine is learning. It is implemented using python language and windows 10 system. Python is
used because of its simplicity and ease to learn. It provides various tools that are helpful in
making machine learning applications. In this work, a QUT fish dataset is used. However, the
same network can be used to train other datasets also. The QUT fish dataset consists of 1140
labelled images. In this experiment, 855 fishes are used as training data and 285 fishes are used
as testing data. Convolutional neural network has input layers, output layers and hidden layers.
The hidden layers are consists of convolutional layer, flattened layer and a fully connected layer.

The Figure 9 shows the architecture of the proposed convolutional neural network.

T T

Convolutional Neural Network

Figure 9-CNN architecture

4.1.1. Input layer

The input layer works directly on the original input data, and for the input fish, the input data is
the pixel value of the fish. The input image is resized to 112 by 112 and has tree channels, which

is very useful in image classification.

16



4.1.2. Convolutional Layer

Convolutional layer is the building block of convolutional neural network. The principal goal of
convolutional layer is to extract features. It is built of one or more convolutional layers followed
by max or average pooling layer to reduce the dimensionality. My design structure supports 3D
structure of input such as fishes. This is built by applying local connections. The input to the
convolutional layer is an n*n*p fish where ‘n’ is height and width of fish and ‘p’ is the number
of channels. The convolutional layer will have filters of size z*z*p where ‘z’ is smaller than the
size of fish. A filter sized from the fish is selected and convolution is calculated with the filter.
This will result in a single number as output to which a bias is added. Here convolution (element-
wise product) is nothing but matrix multiplication of z*z*p sized of image and z*z*p sized filter.
Filter is slided over the whole input image to calculate the output across the fish. The number of
pixels through which the sliding takes place is called stride. All these outputs are concatenated to
have an activation map or feature map. After each convolution, the size of the fish decreases.
Therefore, it is a standard practice to add zeros on the boundary of input layer such that the

output is same as input layer. This is called as padding.

X X X
o 1| X12| X13 | Eis
=55 = Correlation X21 X22 XzJ =
Al e }X31 X32 | Xa3 =

O11 = F11X11 + F12Xq2 + F21X21 + F22X22

O42 = F11Xq2 + F12X43 + F29 X2+ F22X23
O21 = F11X29 + F12X22 + F24X31 + F22X32

O22 = F11X22 + F12X23 + F21X32 + F22X33

Figure 10-Convolutional layer
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4.1.3. Pooling layer

Pooling layer is used to reduce the dimensionality of the feature map in order to reduce the
processing time. The main purpose of pooling layer is to reduce the spatial size (height, width).
This reduces the number of parameters; hence, the number of computations is also reduced.
There are three different types of pooling. They are max pooling, average pooling, min pooling.
The most commonly used pooling is max pooling where we take a filter of size f*f and apply the
maximum operation over the f*f sized part of image. Mostly pooling is done with a filter of size

2*2 with a stride of 2.This method reduces the image size into two parts .

Max pool with

b
2x2 filters and
stride 2 §) - Flattening .
3

PB-

Pooled feature map

Rectified feature

Figure 11-pooling layer

4.1.4. Flattening Layer

The output of a convolutional layer is a multi-dimensional Tensor. A flattening layer is used in
order to convert this into a single dimensional tensor. This is done using the reshape operation of
tensorflow framework. It gets the output from the previous convolutional layers and flattens its
structure to create a single feature vector which can be used by the fully connected layer to

perform classification.
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Figure 12-Flattened layer

4.1.5. Fully connected layer

This layer performs the classification of the fish based on the features extracted by the previous
convolutional layers. In fully connected layer, every neuron is connected with every neuron of
previous layer. A softmax function is used to convert the output of neural network into
probability for each class. After deciding the network architecture, focus should be given on
parameters of the network. The best set of parameters can be found using back propagation
technique. In this technique, random set of parameters are used at first. These values are changed
such that for every training image we get correct output. Gradient descent is an optimizer method
that is quick in finding the correct parameters. Cost is a single number that indicates the accuracy
of the classifier increases as the cost decreases. Therefore, training is done till the cost remains
constant. After training is done, the parameters and architecture are saved in a binary file called
as model. A new fish is sent as input to the same network and the probability of the new fish is
calculated. This is called as prediction.

Instead of feeding the whole training data to the network, it is divided into batches of fishes
called as epochs. Each epoch may contain 16 or 32 fishes and it takes more than 50 iterations to
train the whole dataset. A convolutional neural network is built and trained with the fishes from

the chosen QUT fish dataset. The process of training takes place with the help of CPU only. The
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output of this phase would be a classifier which can be used to predict the class of the given

input fish in prediction phase.

Figure 13-Fully connected layer

4.1.6. Output layer

The number of output neurons is set according to the specific application task. If the task is for
classification and recognition, the output layer is usually a classifier. A softmax function is

applied to transform the output of layer into the probability for each class.

4.2. Recurrent neural networks (RNN)

RNN is one class of deep learning and is applied on data with a sequential structure. The method
has a loop which is helpful the information to be kept and to flow in different steps of the system.

The recurrent neural network figure is illustrated below:

Recurrent neural networks (RNN) are a type of neural networks which are mostly applied on
data with a sequential structure. The networks contain loops which allows information to persist
and be passed between the different steps of the network. RNNs can be viewed as copies of the

same network and a common visualization can be seen in figure 14.
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4.3. Long Short-Term Memory (LSTM)

For comparison, in this research, LSTM has been applied to compare with CNN.

LSTM is useful for sequence data, then image can be viewed as sequence of columns. Therefore,

LSTM can catch the patterns of sequence of columns.

time

4.4. Dropout

The output of the last pooling layer acts as an input to the so called fully connected layer. Usually
there are many nodes and edges that may lead to overfitting. Fortunately, during training,
regularization technique called ‘dropout’ [16] can intervene to overcome this issue by removing

nodes and edges which are not very active in classification stage. Let us see the figure 15:
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a) Standard Neural Net (b) After applying dropout.

Figure 15-Before and after applying dropout method

4.5. Top k candidates

Top k candidates is one of the methods helpful to classify images.

Due to difficulties in many classification problems, creating or returning top likely candidates is
often a preferred method for future post-processing. It is applied during testing to return multiple
answers instead of a single best. About my chosen structure, I pick five top candidates to be

returned during testing. The following figure is an example returned three candidates.
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Figure 16-: Top k candidates
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V. Experiments and results

5.1. QUT Fish Dataset

In this research we take QUT fish image dataset. This is used to compare two different deep
neural networks structures. This dataset has been also used in [16] for object classification. It is a
collection of 1140 fish images from 76 different categories. To classify these fish images is
difficult because some fishes from the same class can look differently (different color, different
size, different orientation, different background,...).The difficulties for fish images classification
come from several causes: the fishes from different classes can look similar and the illumination

is another challenge.

Some examples from QUT dataset

1. Aphareus furca
2.Corts hatuensis

3. Aluterus scriptus
4 Cons caudimacula

Aluterus scriptus Coris caudimacula

Figure 16-Some samples from QUT

5.2. Results

Deep neural networks with various numbers of layers and filters have been tested for fish
classification. From two up to four layers have been applied in the design. However, due too
large number of connections, training is often difficult. Several methods such as dropout and top

k candidates were adopted to overcome this issue. With three convolutional layers, we observed
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a performance of 53 % with single best without dropout but the figure rose to 59% with 0.5

dropout. Indeed, the performance increases gradually with increasing numbers of candidates.

From single best to top five, when it reaches 81%.For comparison, the cases of two layers and

four layers did not work as well, respectively 80% and 65%.In CNN the number of filters played

an important role in the fish classification task. See Table 1, the third row. A comparison of CNN

with three layers and the LSTM with 500 layers gives 81% and 47%.

Table2-Convolutional layered structures.

Experiments | Number | Filters | Number | Dropout | Top k Test
of layers |sizes | of filters | rate candidates | accuracy
1 5x5x3 128 0.5 1 58%
2 4x4 512 5 80%
5x5x3 64 1 53%
2 3 4x4 128 0.5
3x3 256 4 75%
5x5x3 64 1 53%
3 3 4x4 256 0 5 62%
3x3 512
5x5x3 64 1 59%
4 3 4x4 256 0.5 5 1%
3x3 512
5x5x3 64 1
5 4 4x4 256 0.5 53%
3x3 512 65%
3x3 512 5
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Table 1: Proposed CNN compared with LSTM

Experiments  Methods Top k Number of Test
candidates hidden layers accuracy

1 CNN 5 3 81%

2 LSTM 5 500 47%

Training and Test loss

12 - —— Training loss
— Test loss

10 4

Loss
[=1]

T T T T T T
0 100 200 300 400 500

Epochs
Figure 17-1llustration on how test loss decreases

The red cover tell us how the error decreases .After 60 iterations the training should be stopped
but the high accuracy was reached after 550 iterations. So, it would be better to wait several

iterations to obtain a high performance.
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V1. Conclusion

In this dissertation, we have applied several methods to classify fish images.

Convolutional neural network, dropout and top k candidates method have been proposed as
solution for fish images classification. According to our knowledge, LSTM is useful for
sequence data and any image is viewed as sequence of columns, so LSTM can catch the patterns
of sequence of columns. Indeed, for comparison, LSTM has been tested for fish images
classification .After applying many experiments, it is found that CNN is the preferred method
recording 81% by applying three convolutional layers [64, 256, 512 filters], with 0.5 dropout and
top5. However, by applying two layers [128,512 filters], with 0.5 dropout and top 5, the
performance is similar (80%) with three layers. By conclusion, the variety of filters number is

very important in classification.

The future work would be comparing this work with Generative Adversarial Network (GANS),

because it is one of the methods applied to augment the small dataset.

Neural network model needs many images to train and then be capable to recognize a new image

and classify it.
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