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Abstract

Image classification is a challenging task in computer vision, great progress has been achieved
in recent years due to the application of methods of deep learning, especially the Convolu-
tional neural network (CNN). In this work we suggest four convolutional neural network mod-
els trained using the intel image classification challenge dataset, this dataset consists of natural
scene images from over the world it contains around 25 000 images distributed under six cate-
gories, there are around 14 000 images in the train set, 3 000 in the test set and 7 000 in prediction
set. Our four models differ in the number of hidden layers (10 to 18), we took this approach
seeking to achieve the best results, and we have applied some techniques to improve the per-
formance of our convolutional neural network models as data augmentation, dropout, and batch

normalization. Our solution produces good results in terms of accuracy and performance.

Mots clés : Artificial Neural Network (ANN), Convolutional Neural Network (CNN), Deep

Learning (DL), Image classification, Machine Learning (ML).

IV



Résumé

La classification des images est une tache difficile dans la vision par ordinateur, de grands pro-
gres ont été réalisés ces dernicres années en raison de 1’application des méthodes d’apprentissage
profond, en particulier le réseau de neurones convolutifs. Dans ce travail, nous proposons qua-
tre modeles de réseau de neurones convolutifs entrainés a I’aide de base de données intel image
classification challenge, cette base de données se compose des images de scenes naturelles du
monde entier, elle contient environ 25 000 images réparties en six catégories, il y a environ
14 000 images dans I’ensemble d’entrainement, 3 000 dans I’ensemble de test et 7 000 dans
I’ensemble de prédiction. Nos quatre modéles different par le nombre de couches cachées (10 a
18), nous avons adopté cette approche a la recherche d’obtenir les meilleurs résultats, en outre,
nous avons appliqué certaines techniques pour améliorer les performances de nos modeles de
réseau de neurones convolutifs comme I’augmentation des données, dropout et batch normali-

sation. Notre solution produit de bons résultats en termes de précision et performance.

Mots clés : Apprentissage automatique, Deep Learning, Réseau de neurones convolutifs,

CNN, ConvNet, Classifcation des Images,Réseau de neurones artificiels.
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Introduction

The significant advancement in technology raises the amount of data volume, which needed
efficient ways and techniques for processing data, most of the relevant techniques are powered

by artificial intelligence which leaded to a huge progress in different modern life fields.

Machine Learning is a branch of Artificial intelligence (Al) that aims to teach the computer to
perform various tasks without being explicitly programmed.The advances in machine learning
especially deep learning have provided us with powerful tools for solving complex problems

that seemed to be impossible to solve in the past few decades.[4]

Deep learning is a subfield of machine learning that uses algorithms and techniques based on
the theory of statistical learning, artificial neural networks results have improved exponentially
in the contemporary era due to advances in computing power and abondement of plethora of

data.

Image classification is a challenging computer vision problem that seeks to make machines
able of categorizing images to different classes. In this thesis We will explore the domain of
image classification using deep learning first, we will focus on Convolutional neural network
and its foundations going throw its different layers, Afterwards, we will apply different CNN
models to natural scene images dataset, and we will experiment with different techniques to
improve our models and reach sufficient results.

We have organized our work into 3 chapters :

In the first chapter we highlight and introduce the concepts and basics of machine learning,
then we talk briefly about Machine Learning (ML) and its different types, after that we will focus
our attention on certain Supervised machine learning technique which is classification. In the
second part of this chapter, we spotlight Deep learning concept, afterward we discuss artificial

neurons, finally, we mention some popular artificial neural network architectures.



Introduction

In the second chapter we take off by talking about Computer vision and the task of image
classification, also we define different types of images. In the next section, we deconstruct
the concept of convolutional neural network and its architecture, afterward will present some
popular CNN architectures, and in the end we will indicate regularization techniques to improve

models.

In the third chapter we start off by introducing the software, libraries, and hardware used
in our models and the dataset used to train the model, then we present four implementations that
we built based on our experiments with different architectures from different research papers,

in the end, we discuss the results of each model.



Chapter 1

Machine learning and deep learning

1 Introduction

One of the fields of modern computing is machine learning. There has been a lot of research
towards making machines intelligent in the other side learning is a natural behavior of humans,
that has been made an integral part of machine learning. Machine learning includes deep learning
as a subset. Deep learning has only been used in a few applications so far.[5]

This chapter highlight and introduces the concepts of basics machine learning, we will talk
briefly about Machine Learning (ML) and its different types, we will focus on supervised learn-
ing technique which is classification. In the second part of this chapter, we spotlight Deep learn-
ing concept, afterward we discuss artificial neurons, finally, we mention some popular artificial

neural network architectures.

2 Artificial intelligence

Artificial intelligence is the science and engineering of making intelligent machines, especially
intelligent computer programs. It is related to the similar task of using computers to under-
stand human intelligence, but Al does not have to confine itself to methods that are biologically
observable[6]. Informally, the term Al is applied when a machine can perform functions that

humans associate with other human minds, such as “learning” and ”problem solving”.[5]
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Artificial Intelligence

Machine Learning

Deep Learning

Figure 1.1: Relation between artificial intelligence,machine learning and deep learning

3 Machine learning

3.1 Definition of machine learning

Machine learning is the study of designing machines that can learn from data. This is useful
for solving a variety of tasks, including computer vision, for which the solution is too difficult
for a human software engineer to specify in terms of a fixed piece of software. Moreover,
since learning is a critical part of intelligence, studying machine learning can shed light on the
principles of intelligence.[7]

Machine learning has progressed dramatically over the past two decades, from laboratory
curiosity to a practical technology in widespread commercial use. Within artificial intelligence
(Al), machine learning has emerged as the method of choice for developing practical software
for computer vision, speech recognition, natural language processing, robot control, and other
applications.[8]

Datahase |

&

Database ¥

] ‘ Raw data ‘ m;‘i‘:::ng - Modaling - Validating - R

formai

Datahase n

@

Figure 1.2: Workflow of machine learning [1]

3.2 Types of machine learning

Based on the methods and way of learning, machine learning is divided into mainly four types

which are :
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K-Means
Mean Shift
K-Medoids

Principal Component Analysis (PCA)
Feature Selection

Linear Discriminant Analysis (LDA)

Decision Tree
Linear Regression

Logistic Regression

Navie Bayes
SVM
K-Nearest Neighbor

Figure 1.3: Machine learning types

3.2.1 Supervised Machine Learning

Supervised learning uses a training set to teach models to yield the desired output. This training
data set includes inputs and correct outputs, which allow the model to learn over time. The
algorithm measures its accuracy through the loss function, adjusting until the error has been
sufficiently minimized.[9]

Supervised machine learning can be divided into the following two categories of problems:

Classification Classification is a process of categorizing a given dataset into classes, It can be
performed on both structured and unstructured data. The process starts with predicting the class

of given data points. The classes are often referred as target, label, or categories.[10]

Regression Regression is used to understand the relationship between dependent and inde-
pendent variables. It is commonly used to make projections, such as for sales revenue for a
given business. Linear regression, logistical regression, and polynomial regression are popular

regression algorithms.[11]

3.2.2 Unsupervised Machine Learning:

Unsupervised learning is the use of artificial intelligence algorithms to discover patterns in

data.[12] Sets containing data points that are neither classified nor labeled to classify its sets

5
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without having any external guidance to performance this task, its ability to detect similarities
and differences in information make it ideal for exploratory data analysis, cross-selling strate-

gies, customer segmentation and pattern recognition .

Clustering Clustering techniques are used when we want to find groups from data. It is a
method of grouping objects into clusters so that the objects with the most similarity remain in a
group and have less or no similarity with objects in other groups, as an example of a clustering

algorithm is to group customers according to their purchasing behavior.[13]

Association Association learning is a rule-based device mastering and information mining
method that could find out crucial relationships between variables or features in a dataset. In con-
trast to traditional affiliation algorithms that measure similarity, association rules gain knowl-
edge of identifying hidden dependencies in databases with the aid of applying a sure level of

hobby to generate affiliation rules for brand new searches.[14]

3.2.3 Reinforcement learning:

Reinforcement learning is an area of Machine Learning. It is about taking suitable action to
maximize reward in a particular situation. It is employed by various software and machines to

find the best possible behavior or path, it should take in a specific situation.[15]

3.2.4 Semi-Supervised Machine Learning:

Also known as classification with labeled and unlabeled data or partially labeled data, it is an
extension to the supervised classification problem. The training data consists of both labeled
instances and unlabeled instances, typically assumes that there is much more unlabeled data
than labeled data. The goal of semi-supervised classification is to train a classifier from both

labeled and unlabeled data, it does better than the supervised classification for certain tasks.[16]

3.3 Classification technique
3.3.1 Perceptron based techniques

Single layer perceptron The perceptron algorithm is a supervised learning method used to
learn binary classifications. A binary classification is a function that can determine that an input

is belong to this class or not.[17]
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Multilayer perceptron A multilayer perceptron is a model used to represent a nonlinear map-
ping between an input vector and an output vector [18], in these networks the flow of informa-
tion is based on the communications among three types of layers: input, hidden, and output

layers.[19]

3.3.2 Logic based algorithms

Decision tree A decision tree is a collection of “If and Then” conditional rules for the assign-
ment of class labels to instances of a dataset. Decision trees consist of nodes that specify a par-
ticular attribute of the data and branches that represent a test of each attribute value, and leaves

that correspond to the terminal decision of class assignment for an instance in the dataset.[20]

Learning set of rules: Learning set of rules is a popular methods of classification in machine
learning [21]. It used to find regularities in data that can be expressed in the form of an "If-
Then” rule. Depending on the type of rule that should be found, we can discriminate between

descriptive and discovery rules and also predictive learning rule.[22]

3.3.3 Statistical learning algorithms

Bayesian Networks A Bayesian network is a graphical model for probabilistic relationships
amongst a set of variables. Over the last decade, the Bayesian community has ended up a popular
representation for encoding and understanding structures , researchers have evolved techniques
For studying Bayesian networks from the information. The techniques which have been devel-
oped are new and nevertheless evolving,and it they had been shown to be remarkably effective

for some information-analysis issues.[23]

Naive Bayes classifiers The naive Bayes (NB) classifier is a family of simple probabilistic
classifiers based totally on a common assumption that all Features are unbiased of each other,
given the class variable.[24]

The specific NB classifiers fluctuate specifically utilizing the assumptions concerning the

distribution of features. This assumptions are referred as event models of the NB classifier.[25]
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3.3.4 Instance-based learning

k-nearest neighbors K-nearest neighbor Method, it measures the closest Neighbors at a value
of k also define the number of closest neighbors Explore to explain the class of sample data
points[26] .One of the major benefits of KNN is an effective method for large training data and

also it is robust to noisy training data.[26]

3.3.5 Support Vector Machines:

Vapnik proposed a statistical mastering concept for systems based on gaining knowledge as a
technique, that’s known as Support Vector Machine (SVM).[27]

SVM has been taken into consideration as one of the maximum distinguished and handy
approaches for solving issues associated with the classification of records [28].

The primary benefit of SVM is its capability to deal with an extensive variety of class prob-
lems includes excessive dimensional and also non linearly separable issues. One of the most
disadvantages of SVM which is the wide variety of parameters to be set, for getting a remark-

able classification effects.

4 Deep learning:

4.1 Definition of deep learning

Deep learning allows computational models that are composed of multiple processing layers
to learn representations of data with multiple levels of abstraction[29]. The computer gathers
knowledge from experiences, there is no need for a human computer operator formally to specify
all of the knowledge needed by the computer. The hierarchy of concepts allows the computer

to learn complicated concepts by building them out of simpler ones.[30]

4.2 Difference between Machine

Machine learning and deep learning are both types of Al, machine learning is Al that can auto-
matically adapt with minimal human interference, while Deep learning is a subset of machine
learning that uses artificial neural networks to mimic the learning process of the human brain.

In the table 1.1 below we highlight important difference between ML and DL.
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Machine learning Deep learning
A subset of Al A subset of machine learning
Can train on smaller data sets Requires large amounts of data

Requires more human intervention to correct and learn Learns on its own from environment and past mistakes

Shorter training and lower accuracy Longer training and higher accuracy
Makes simple, linear correlations Makes non-linear, complex correlations
Can train on a CPU (central processing unit) Needs a specialized GPU (graphics processing unit) to train

Table 1.1: Comparison of Machine learning and deep learning

4.3 Biological Neuron

A neuron is a cell composed of a cell body and a nucleus. The cell body branches to form what
are called dendrites. These are sometimes so numerous that we then speak of dendritic hair or
dendritic arborization. It is through the dendrites that information is conveyed from the outside
to the soma, the body of the neuron. The information processed by the neuron then travels along
the (single) axon to be transmitted to the other neurons. The transmission between two neurons
is not direct. In fact, there is an intercellular space of a few tens of Angstroms (10-9m) between
the axon of the afferent neuron and the dendrites (we say a dendrite) of the efferent neuron. The

junction between two neurons is called the synapse.[31]
_ ' w1 er
synaptic terminal

dendrites =

5_\ cell body . o e

Figure 1.4: The structure of a Biological Neuron

4.4 Artificial Neurons

The artificial neuron is the model for the biological neuron. It takes a collection of inputs,
multiplies each by weight, then sums all of these weighted plus a constant value known as a
Bias. The total weight is given to an activation function, which sends its output to the next

neuron as input.[32]
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4.5 Artificial Neural Network:

The origin of modern neural networks is in Perceptron [33]. which is a neural network unit that
processes data to identify features. The function F takes its input X and multiplies it by the
learned weight coefficient w to generate an output value.[34]

Subsequent research showed that multilayer perceptrons is capable of preform too much
complex functions . In the next section, we will introduce some of the most commonly used

activation functions in DL era .[35]

Input Hidden Layer Output
Layer Layer

Figure 1.5: A hypothetical example of Multilayer Perceptron Network.

4.6 Learning in artificial neural network

Learning in an ANN optimization problem that consists of adjusting the weights W; in an iterative
process in order to improve model performance. The main goal is to minimize the loss which is
presented by a function of the cost C, this function measures the difference between the predicted
classes and the actual classes. During learning, each iteration is composed of two treatments are:

forward propagation and back propagation.[36]

4.7 Activation functions:

The term activation function is used to refer the function F that converts the input z to the
next nodes as an output [37]. The purpose of the activation functions is to convert an input
signal from a node to an output signal, this conversion makes it possible to introduce nonlinear
properties to ANN to solve nonlinear problems and process complex data type , such as images

and videos.[36]
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Different neurons need different activation functions for the best performance to specific
tasks, in the next subsections, we are going to discuss the common popular activation functions

on brief and their characteristics and a few of the tasks they’re best suited to.

4.7.1 Rectified Linear Unit function

Rectified linear unit (ReLU) F(z) became widely used since it improved the convergence of
stochastic Gradient descent in comparison to the sigmoid function , besides its smooth imple-

mentation by using Thresholding in the activation map. it’s popular used in image processing.[38]

F(z) = max(0,z),F(z) >0,z€R (1.1)

Figure 1.6: Rectified Linear Unit

4.7.2 Sigmoid function

Sigmoid activation function translates the input range from | — oo, 4+-oo[ to the range in [0;1]. It
is non-linear by nature and has a smooth derivative . Due to the output range of the Sigmoid
[0; 1] the output of each unit is also squashed causing the gradient to vanish especially in a deep
network. This behavior makes the network very hard to optimize and after a certain point . [39]

The Sigmoid function is defined as follows:

F(x) = (1.2)

11
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05

Figure 1.7: Sigmoid function

4.7.3 Hyperbolic Tangent function

Tanh is a non-linear function similar to a sigmoid. The difference between them unlike sigmoids

in the range [0, 1] the Tanh function ranges [—1,1] , the advantages of Tanh over sigmoid is

that: its gradient is stronger and also its derivative is stronger, which makes vanishing gradient

problems less likely to occur, for this reason it is widely used in Recurrent neural network.[39]

The Tanh function is defined as follows:

Figure 1.8: Hyperbolic Tangent function

4.7.4 Softmax function

(1.3)

The softmax function is a combination of several sigmoids function, as we know the sigmoid

function its values ranges in [0, 1], it used to predict the probability class of data points. Softmax

characteristic are not like sigmoid while the sigmoid communally used for binary classification,

12
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the softmax used for multiclass classifciation tasks. The softmax is used as an activation function
for multi-class classification problems which required more than two class labels.[40]

It may be expressed as:

exp(xi)

Softmax (x,') = ZTP(_X)
J J

(1.4)

Softmax Activation Function

1.0 —

Figure 1.9: Softmax function

When we build a network for multiple class classification we need to have the same number

of neurons which is equal to the number of classes.[40]

4.8 Loss functions

The loss function is a metric that helps the network to understand if the learning is in the right
directions or not, quantifies the difference between expected outcome and outcome produced by
the machine learning model. We have several standards loss function defined in deep learning

as we will show in the next subsection.[41]

4.8.1 Perceptron loss function

Perceptron Loss Function also a partial function, when the samples predicted value has the same
sign as the actual label the loss value is 0 ,otherwise the loss value is the absolute value of the
predicted value. From the point of view of geometrical sense, if there is no loss means all
classified samples are correct, while the method measures the distance from the predicted value
and the expected value limit f(x) = 0 and the larger the distance, the error, so the corresponding

loss is larger.

13
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Apparently, the idea of the perceptron loss is clear and easy to understand so it is easy to
optimize, however its purpose is to determine the exact sample category, therefore if the model
obtained bad decisions means it has poor generalization performance, perceptron loss function

is not robust against noisy data.[42]

4.8.2 Logarithmic loss function

Logarithmic Loss Function is a function that predict sample probability value, where the pre-
dicted probability value is obtained through a conditional probability distribution. In particular,
the greater probability means that the sample is well predicted to its label, which also means a
smaller the corresponding loss value is ; on the contrary, the higher loss value means the lower
probability is that lead to bad predictions to the desired class. The probability define as predicted
is a positive class expressed by P, while the other probability is 1 - P, and increases rapidly with
decreasing probability of correct prediction. This trend will make the prediction output closer

to the label, which is beneficial for the convergence of the algorithm.[42]

4.8.3 Binary cross entropy loss

Binary cross entropy loss function used on binary problems 0 or 1 to make decisions, it measures
how far away the true value to the prediction so which of the classes and it belongs. The last

neurons must have a Sigmoid as activation function to perform a binary classification.[43]

4.8.4 Categorical cross entropy

Categorical cross entropy is a loss function that used for multi classification. Precisely in multi
classification problems where a sample can belong to multiple classes at the same time, the

model tries to decide for each class whether the sample is belongs it.[44]

4.9 Optimizers

The optimization algorithm chosen by the deep learning expert determines the learning rate and
the final prediction performance of the model. To date, there is no theory which fully explains

how to make the selection of optimizers.[45]

14



Chapter 1. Machine learning and deep learning

4.9.1 Batch Gradient Descent

This method calculates the loss of the entire dataset. The batch gradient descent method tends
to converge slowly, because the gradient is calculated for the whole dataset after that to do the

update. It cannot used with a large data set because of memory limitation. [46]

4.9.2 Stochastic Gradient Decent

SGD is much faster than batch gradient, regular updates often cause extreme volatility by moving
towards the minimum. These fluctuations reduce probability of getting stuck at a local minimum
and allowing the algorithm to switch to the new algorithm and the local minima is likely better.
However, it has been proven that when we reduce the learning rate SGD converges somewhat

favorably.[46]

4.9.3 Adam

Adaptive Moment estimation is another method of calculating adaptive learning rates for each
parameter. In addition to storing the exponentially decreasing average of past square gradients

like RMSprop, adam also keeps an exponential descending average of past gradients. [46]

494 RMSProp

RmsProp is a variant of the optimizer Rprop which is suitable for mini batch learning. This
method is considered to be a combination of the methods Rprop and SGD and known by its
similarity to the AdaDelta optimizer. The main part of this strategy is to solve the problem of
degradation of the learning rate. RmsProp divides the learning rate by the exponentially moving

average of the square and a fixed gradients.[47][48]

5 Different types of Neural Networks

5.1 Feedforward Neural Network

This neural network is a simple form of ANN, in which the data travels in one direction, the
data travels through the input nodes and exits on the output nodes, this neural network might or
might not have a hidden layers, the wave consists of forward propagating and back propagation

also it uses activation function.
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Feedforward neural networks are often used in computer vision and speech recognition
where it is difficult to determine what classes the target data belongs to. These types of Neural

Networks are able to handle noisy data well and are easy to maintain.[49]

Input Layer Hidden Layer Output Layer

Figure 1.10: Feedforward neural network with one hidden layer and multiple neurons at the

output layer.

5.2 Recurrent Neural Networks

A recurrent neural network is a feedback neural network enhanced by consists of edges spanning
contiguous time steps, introducing the concept of time into the model. RNNs can have no period
between regular edges, however the edges that connect adjacent time steps, are called repeating
edges, which can form cycles, including cycles of length one that are self-connections of a node

to itself in time.[50]

5.3 Radial basis function Neural Network

In its simplest form, an RBF network is a three-layer feedforward neural network. The first layer
corresponds to the input of the network, and the second layer is a hidden layer composed of mul-
tiple RBFs Non-linear activation units, the last one corresponds to the final output of the network.
activation Functions in RBFN are traditionally implemented as Gaussian functions.[51]

Most of the classical methods in the literature for training RBFNs are performed in two steps

stage. In the first stage, determine the middle and width, for example using some unattended
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Figure 1.11: Architecture of RNN with single hidden layer [2]

clustering algorithm, while the hidden layer in the second stage is used to find the error criterion
for the output layer somehow, like the usual mean squared error (MSE) is minimized over the

entire dataset.[51]

Hidden layer

Input layer

oF _;.\«B

3 ™
x

=

Figure 1.12: A Radial Basis Function Network.

5.4 Kohonen Self Organizing Neural Network

Kohonen Self-Organizing Feature Map (SOM) is a self-modifying neural network Respond to
input patterns, this property is called self-organization and realizes use competitive learning. Ba-
sic competitive learning means competition of process that happens before each learning cycle.
the winner of the competition process elements are selected based on certain criteria. Usually

the criterion is to minimize a Euclidean distance between the input vector and the weight vec-
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tor. After winning select the processing element and adjust its weight vector according to the
learning law second hand. SOM is different from basic competitive learning, not just adapta-
tion the winning handling element is also a neighbor of the winning handling element custom
made. Self-organizing properties of SOM are based on using neighborhoods winning processing

element.[52]

Feature map

Input vector

Figure 1.13: Architecture of a SOM network

5.5 Convolutional Neural Networks

A convolutional neural network is a particular type of neural network that is based on the con-
volution operation. Convolutional neural networks are derived from Multi Layer Perceptron
(MLP) architectures, however they use shared weights, linked to the convolution window, which
allow them to implicitly extract local features. CNNs are particularly well suited for image clas-
sifciation. A network is said to be convolutional when each neuron receives its information not

from the whole previous layer, but only from the neurons located in its receptive field.[53]

6 Conclusion

In this chapter, we introduced the Machine learning field passing through its different type, we

indicate different supervised classification techniques. More over we defined the deep learning
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concept and it’s learning method with different component, also we cited different artificial

neural network architectures.
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Chapter 2

Convolutional Neural Networks for Image

Classification

1 Introduction

The immense increase in data storage in the past few years has put engineering in challenges to
make use of this data, image is one of the most common types of data for the purpose makes
the best of it. Deep learning proved its capability in image classification tasks using the most
famous neural network CNN in many fields, medical [54], industrial[55] and agriculture[56].
In this chapter we will start by talking about the Computer vision field and then the image
classification task with defining images and their types, In the next section we will spotlight
convolutional neural networks and their architecture, afterward will show some popular CNN

architecture, lastly, we will indicate some of the regularization techniques to build better models.

2 Computer vision

Al has proved its capability of solving difficult problems that few years before were so hard to
solve for classical programming especially when we come to Computer vision tasks, CV stands
for making computers able to gain high-level understanding from digital images or videos. The
evolution of computers and the exponentially growth of data pushed deep learning to be one
of the best techniques in the computer vision domain like classification, segmentation or object

detection.[57]
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3 Image classification

Classification of images is a challenging problem in computer vision. The computer vision
task of localization, detection, and segmentation is based on the foundation of understanding
how objects are represented in digital space. Although Tasks can be considered second nature
to humans, it’s more challenging for automated systems[58] Some of the problems that can
occur include the variability of object viewpoints and the high variability of having many object

types.[59]

3.1 Definition of image

An image may be defined as a two-dimensional function, f(x,y), where x and y are spatial (plane)
coordinates, and also the magnitude of f at any pair of (x,y) coordinates is termed the intensity

or gray level of the image at now. When x, y and also the intensity values of f are all finite.

3.2 Image types
3.2.1 Binary image

Logical array containing only Os and 1s, interpreted as black and white, respectively.[60]

3.2.2 Grayscale image

It is also known as an intensity image.Array of class uint8, uint16, int16, single, or double whose
pixel values specify intensity values. For single or double arrays, values range from [0, 1]. For
uint8, values range from [0,255]. For uintl6, values range from [0, 65535]. For intl6, values

range from [-32768, 32767].[60]

3.2.3 Rgb image

The abbreviation of the three colors (Red,Green,Blue),rgb image is an image in which each pixel
is specified by three values one each for the red, blue, and green components of the pixel scalar.
Mby-n-by-3 array of class uint8, uint16, single, or double whose pixel values specify intensity
values. For single or double arrays,values range from [0, 1]. For uint8, values range from [0,

255]. For uint16, values range from [0, 65535].[60]
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3.3 Characteristic of image

3.3.1 Pixel

A digital image is made up of a finite number of elements, each with its own position or value

called pixels.

3.3.2 Image size

The image size refers to the number of pixels that make up a digital image, which are represented
in columns and rows. For example, the image contains 100 x 100 pixels, which equals to an

image height and width.

3.3.3 Image dimensions

This is the image’s dimensions. The latter is provided as a matrix with numerical values rep-
resenting light intensities as its elements (pixels). The total number of pixels in an image is

calculated by multiplying the number of rows in this matrix by the number of columns.[61]

3.3.4 Brightness

The brightness can be defined as the amount of energy emitted by a light source.Sometimes it’s

easy to see that the picture is bright, and sometimes it’s hard to see.

4 Convolutional neural networks

Convolutional neural networks (CNNs) have been around for a long time, and their popularity is
evidenced by the many different architectures that are available. CNN’s are designed to process
multiple arrays of data, rather than relying on a single layer of neurons like MLPs. This allows
CNN’s to more accurately simulate how our eyes perceive images. This shows that the computer
can solve computer vision problems very well, such as image classification, recognition, and
understanding.[62] [63]

CNN proved its capability in image classification, it captured a lot of attention after winning
a competition of ImageNet.[64]

We will discuss in the next subsection the different layers of the Convolutional neural net-

work.
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S Convolutional Neural Network Layers

ConvNet is a sequence of layers, each of it applies a different function from set of activations
function. We use three main types of layers in Convolutional Neural Networks (CNNs): Con-
volutional Layer, Pooling Layer, and Fully-Connected Layer, we will stack these layers to build

a full neural network architecture.[65]
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layer y

Figure 2.1: General CNN architecture

5.1 Convolutional Layer

The Convolution Layer is the most basic in a CNN, but it is also very important. The activation
map for an image is generated by multiplying the pixel matrix of the image by a corresponding
activation function. The main advantage of an activation map is that stores all the distinguishing
features of a given image while at the same time reducing the amount of data of it. The matrix
with which the data is convolved is a feature detector which is a set of values that the machine is
compatible with. Different versions of the image are generated based on the value of the feature
detector. The ConvNet use backpropagation in the training in order to ascertain minimal error
in each layer. [66] At the end of each convolution operation, the activation function ReLu is
applied to convolution layer to enhance the generalization.

There are some hyperparameters we can specify in our Conv layer :

5.1.1 Padding

It is often necessary to extend the kernel beyond the activation map in order to achieve desired

results. Padding helps to save data at the boundaries of activation maps, which can lead to
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Figure 2.2: Examples of the convolution operation with filter (3 X 3 ) and stride of 1

better performance. and it can help preserve the input’s spatial size [67], which allows an archi-
tecture designer to build deeper networks for reaching a higher performance. There exist many
padding techniques[68], The most commonly used approach is to zero-pad data because of its
performance, simplicity, and computational efficiency. The technique involves adding zeros
symmetrically around the edges of an input. Many high-performing CNNs adopt this approach
like AlexNet.[64]

As we keep applying convolution layers to our input the spatial dimensions of images de-
creases, if we want to keep image size the same for preserving the information we could add
padding as like shows the figure ( 2.3). The input volume is 32 x 32. If we imagine two borders
of zeros around the volume, this gives us a 36 x 36 x 3 volume, then we apply our Conv layer

with our three 5 x 5 x 3 filters and stride of 1, then will also get 32 x 32 x 3 output volume.

5.1.2 Kernel size

The choice of a hyperparameter has a big impact on the image classification task. Small kernel

sizes are able to extract a great deal of information from the input containing local features
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Figure 2.3: Examples of adding a padding to an image

very well. The smaller the kernel size, the smaller the reduction in layer dimensions, which
allows for a deeper architecture. Large kernel sizes result in less information being extracted,
which can lead to slower layer reduction and often poorer performance. Large kernels are better
suited for extracting larger features. Ultimately, the kernel size you choose will be based on
the task and dataset you are working with, but in general, a larger kernel will be more efficient
for certain tasks and smaller kernels will be more efficient for other tasks, a smaller kernel size
leads to better performance for image classification task because an architectural designer can

stack more and more layers together to learn more and more complex features.[3]

5.1.3 Stride

The choice of stride value in convolutional has a large impact on the number of calculations
to be performed by the network, since, basically a stride higher than 1 is original to skipping

several pixels, thus performing smaller multiplications and additions.[69]
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5.2 Pooling Layer

A pooling layer that provides a typical downsampling operation reduce the dimension of the
feature map to introduce a translation that is invariant at small change and distortion, and reduce
the number of subsequent learnable parameters. Note that there are no learnable parameters
in any of the grouping layers, while the filter size, step, and padding are the hyper-parameters

pooling layer.[70]

<

5.2.1 Max pooling

The max pooling operation requires the kernel size and stride to be chosen during architecture
design. Once selected, the operation slides the kernel over the input with the specified stride,
while selecting only the maximum value of each kernel slice from the input to obtain the output

value.

5.2.2 Average pooling:

Average pooling is a pooling operation that computes the average of patches in a feature map
and uses it to create a downsampled feature map. It is usually used after convolutional layers.
It adds a small amount of translation invariance meaning that translating the image by a small
amount does not significantly affect the value of most pooling outputs. It extracts features more

smoothly than Max Pooling which extracts more obvious features like edges.

5.3 Fully Connected Layer

In a CNN, the fully connected layers (FC) have the same structure as an MLP. The purpose
of these layers is to learn the nonlinear combinations between the features extracted by the
convolution layers. The result of the last convolution layer [N,N,Nc] is flattened into a vector
of size [N« N * Nc¢]. This vector presents the input layer to the set of fully connected layers. In
supervised classification, the last layer is used for prediction based on the Softmax activation

function and sigmoid for binary classification.[71]
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Figure 2.4: Max pooling versus Average pooling

6 Popular CNN architecture

6.1 AlexNet

AlexNet contains 5 complex classes as well as 2 classes fully connected layers for feature learn-
ing, it has maxpooling after the first, second and fifth convolutions Class. In total, it has 650,000
neurons, 60,000 parameters and 630M connections. AlexNet is the first page to show in-depth

learning effectively in computer vision tasks.[64]
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Figure 2.5: AlexNet introduced by Krizhevsky 2014
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6.2 LeNet

Yan LeCun introduced convolution network called LeNet for digit recognition, it has 5 convo-

lutional layers and one fully connected layer. [72]
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Figure 2.6: LeNet introduced by Yan LeCun

6.3 VGGNet

VGGNet is a convolutional neural network which is based on the same principles of the AlexNet
network.The purpose of this version is to provide configurations deep (16 to 19 layers) based on
the technique of structural stabilization. This technique makes it possible to control the number
parameters in deep networks in order to reduce the risk of over-learning. The experimental study
on the ImageNet learning base showed the positive effect of depth on performance, where the

most deep are the most efficient.[3]
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Figure 2.7: VGGNet network architecture [3]
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7 Training Considerations: Batches, Epochs

Understanding those parameters could save us time and decrease computation load for getting

better accuracy results.

7.1 Batch-size

Because deep learning requires large amounts of data to train, large batches may not be required
Optimally kept in memory, may cause Overfitting if batches are too small Can take a long time
to converge and can be noisy[73]. Batch size is (32-512) samples are commonly used in deep

learning.[74]

7.2 Epochs

As mentioned, a single pass of data may not be optimal, so multiple passes The data is created

n
b—size

for training purposes and the full data is always passed will require batch, where n is the
number of records and b — size is batch size. In addition to previous experience and heuristics, the
number of epochs is determined by observing the convergence plot of train/validation errors as
the epoch progresses training process. The weights of the network can be stored as checkpoints,

the networks could started from that checkpoint. [75]

8 Regularization

Overfitting is one of the most difficult problems that machine learning algorithms faces. When
a model performs well in the training data but fails to categorize the validation data we call it
Overfitting. Furthermore, the model is learning to a point the subtleties and noise in the training
data. where it is unable to distinguish new data due to the noise it has acquired from the training
data . As a result the models capacity to generalize begins to deteriorate. In the the subsections

we will showsome of the regularization techniques for tackling overfitting in ConvNets.[76]

8.1 Data augmentation

Increasing data is another way to reduce Overfitting on models where we increase the number
of training data using only the information contained in our training data. The field of data

augmentation is not new and in fact, various data augmentation techniques have been applied
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for specific problems. The main technique of data augmentation is an approach to find a way to
directly increasing dataset by doing certain transformation to images or using gans algorithms
to generate more samples for each class.[77].
The most common method today to increase data is to perform a multiple combination of
transformations and color modifiers like rotation, reflection, scaling (zoom in/out), and crop.[78]
The ImageDataGenerator class in Keras implements data augmentation in such a way that
it takes place in random access memory and has no effect on the original data on the hard disk,

all we have to do is decide what changes to make and tune their parameters.[79]

0 20 4 6 8 100 120 140

Originall image Rotation with 20° Shear Width shift Zoom in

0 20 4 6 8 100 120 140 0 20 4 6 8 100 120 140 0 20 40 6 8 100 120 140 0 20 4 6 8 100 120 40

Figure 2.8: Example of applying data augmentation

8.2 Dropout

A technique called dropout is used for regularization [80], During training some random nodes
of a chosen layer will be dropped, the percentage of nodes to be dropped in a layer is controlled
by a parameter. That leads the network to reduce the number of trained parameters of smaller
weights and similar effect. Dropout applied during training only, during the testing phase it

reactivated. Often this could lead to smaller test loss than training loss for some epochs.[73]

8.3 Batch normalization

Distribution of layer’s inputs changes during training because the parameters of the previous lay-
ers change complicates Deep Neural Network training as consequence the training require longer
time since it necessitates slower learning rates and more careful parameter management. It’s fa-
mously difficult to train models with saturating nonlinearities, batch normalization could be a

simple and chic approach to re-parametrize nearly any deep network. The re-parametrization
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(a) Standard Neural Net (b) After applying dropout.
Figure 2.9: Visualisation of dropout technique

solves the problem of coordinating updates across several systems. In the other side lot of layers
BatchNorm encompasses a significant impact on network training: it changes the environment
of network training to substantially smoother this assures faster network convergence and better

learning.[81]

8.4 Early stopping

Early stopping provides guidance on the number of iterations required to execute to minimize
the cost function. Early stopping is often used to prevent the poor generalization of trained mod-
els. If model runs into small numbers of training epochs it tends to underfit also too high number
of training epoch may leads the model to overfitting. Early Stopping is a deep neural network
regularization strategy that terminates training when parameter updates no longer provide im-
provements on a validation set. In other words, during training, we save and update the current
best parameters, and when parameter changes no longer generate an improvement (after a cer-
tain number of iterations), we terminate training and use the previous best values. It functions

as a regularizer by limiting the optimization approach to a smaller parameter space.[82]
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Figure 2.10: Example of Early stopping

9 Transfer Learning

It is common knowledge that powerful models require a large amount of training data, high-
performance equipment, and a long period of training time to realize their full potential. Despite
this, they have a high level of precision. Transfer learning makes use of the information gained
by these large-scale models by using it to solve issues that are similar but more particular.[83]

Transfer learning is the process of applying a trained model to one problem to solve a related
problem in some way. Jason Yosinski et al explained transfer learning as “’In transfer learning,
we first train a base network on a base dataset and task, and then we re-purpose the learned
features, or transfer them, to a second target network to be trained on a target dataset and task.
This process will tend to work if the features are general, meaning suitable to both base and
target tasks, instead of specific to the base task™.[84]

Transfer learning has the advantage of reducing the training time of the neural network. This
is a model and it can reduce the generalization error. The weight of the reusable layer is used as a
starting point for training and adapting to new situations and problems. This usage treats transfer
learning as a kind of weight initialization scheme. This is useful if the first related problem has
more labeled data than the target problem and the structural similarity of the problem is useful
in both contexts. Using a pre-trained model involves downloading the model, using it in your

application, and using it to classify new images.[85]
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Chapter 2. Convolutional Neural Networks for Image Classification

10 Conclusion

In this chapter, we have defined the computer vision field, then we throw images and its types
and characteristics, in the next section we dive into convolutional neural networks by highlight-
ing its layers (convolutional layer, pooling layer, fully connected layer), we expose some CNN

architecture, Finally, we talked about regularization techniques for better network training.
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Chapter 3

Implementation

1 Introduction

During our experiments, We have created many convolutional neural network models based
on different parameters.in This chapter introduces the software, libraries, and hardware also
the dataset used for the experiments, we present the implementation of our convolutional neural
network models for image classification, then we will discuss the results of each model and com-
pare them to each other . We will use three techniques for regularization data augmentation[86],

batch normalization and dropout [87] to avoid overfitting and for better learning processes.

2 Software and libraries used in the implementation:

2.1 Python

The Python programming language is gaining tremendous popularity among data scientists and
software developers , different from the R programming language that is mainly intended for
statistical data analysis, Python shows up in a much wider range of applications such as Internet
and website development, database access, desktop GUISs, scientific computation, and software
and game development, Python is not a compiled language, meaning that it does not pre compile

the code into binary. [88]
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2.1.1 Tensorflow

TensorFlow is a flexible and extensible software library for numerical computation using dataflow
graphs This library and related tools make it easy to program and train neural networks and
other machine learning models, and then deploy them to production. The core algorithms of
TensorFlow are written in a highly optimized C++ and CUDA platform, which was created by
NVIDIA. The software has APIs available in several languages. The Python API is the most
comprehensive and reliable one. Other languages that are officially supported by the company
are JavaScript, C++, Java, Go, and Swift. Third party packages available for other languages
such as C sharp and Ruby The examples in this review are all based on Python, which is the

easiest language to read and use.[89]

2.1.2 Keras

Keras is a library that makes deep learning easy to use, and it can be used with TensorFlow,
Theano, this toolkit simplifies the process of creating neural networks by providing layers and
other essential components, while taking care of the mathematical details of tensors. TensorFlow
is the best option for back-end data processing for Keras. You can use Keras for deep learning
applications without needing to use TensorFlow or Theano , which can be relatively complex
programs. There are two major types of programming frameworks: the sequential API and the
functional API, the sequential API is based on the idea of a sequence of layers; this is the most
common use of Keras and the simplest part of Keras The sequential model can be thought of as

a linear stack of layers.[75]

2.1.3 Matplotlib

Matplotlib is a portable 2D plotting and visualization package for mainly the visualization of sci-
entific, technical and financial data. matplotlib can be used interactively from the Python shell,
called from python script or integrated into a graphical application (GTK, Wx, Tk, Windows).
Much Common paper outputs are supported, including JPEG, PNG, PostScript, and SVG. Fea-
tures include creating multiple axes and shapes per page, interactive navigation, multiple prede-
fined line styles and symbols, images, anti-aliasing, alpha matching, date and financial graphics,
W3C compliant font handling and FreeType2 support, legends and tables, pseudo-color cells,
math text and more. It works with both numarray and Numeric. Package target, core architec-

ture, current features (illustrated with examples) and forecast Improvements will be described.
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[90]

2.2 Google Colab Pro

Google Colaboratory widely known as Google Colab is an open source service provided by
Google to any person having a Gmail account.o any person having a Gmail account. Google
Colab provides GPU for research to the people who do not have enough resources or cannot
afford one. The Google Colab service provides 13 GB of RAM and 108 GB GB of hard disk
space in one runtime. Every runtime lasts for 12 hours after which the runtime is reset and the

user has to establish a connection again. [91]

0D & lastipynb

PRO  File Edit View Insert Runtime Tools Help All changes saved

+ Code + Text

q [ 1 ‘lunzip -q “"/content/drive/MyDrive/archive.zip" -d "/content/cnn”

53]
[ 1 from tensorfleow.keras.optimizers import Adam
(m] from tensorfleow.keras.layers import Dense , Flatten , Conv2D ,MaxPool2D ,Activation,Dropout
from tensorflow.keras import Sequential
from tensorflow.keras.preprocessing.image import ImageDataGenerator

train dir = "/c ain"
#pred_dir = /seg_pred/se d"
test_dir = "/content/cnn/seg test/seg test”

from tensorflow.keras.preprocessing.image impert ImageDataGenerator, array_tc_img, img_te array, load_img

train_datagen = ImageDataGenerater (rescale =1./255,rotation_range=2e,
width_shift_range=8.2,
height_shift_range=2.2,
shear_range=2.2,
zoom_range=e. 2,
horizontal_flip=True)

test_datagen = ImageDataGenerator (rescale = 1./255)
train_set =train_datagen.flow_from directory( train_dir ,target_size=(150,158),batch_size=32,class_mode="categorical™)
test_set = test_datagen.flow_from directory ( test_dir , target_size =(1%5@,158),batch_size =32,class_mode="categorical”™)

Found 14834 images belenging to 6 classes.
Found 3888 images belonging to & classes.

<)
[ 1 modell = sequential([

Conv2D(filters=32 ,kernel_size=3 ,activation="relu",input_shape=(158,158,3)),
m MaxPool2D{pool_size=2},

ronuInfsd 2 artivatinn-"relu"h

Figure 3.1: Google Colab interface

3 Configuration used in the implementation

This our configuration that we have used during the learning process.
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GPU Tesla P100 16GB
CPU Intel(R) Xeon(R) CPU @ 2.20GHz
RAM 13 GB
oS Google Colab runs on Linux
DISK STORAGE 108 GB

Table 3.1: Configuration used in the implementation.
4 Dataset

Intel image classification challenge dataset[92] consists of different types of images of dimen-
sions (150 x 150 x 3 ), which are natural scene images divided into 6 categories (Buildings,
Forest, Glacier, Mountain, Sea, and Street). The dataset is split into training , test set and pre-
diction. For the training, we got around 14000 images, 3000 images for the testing and 7300 for

prediction the figure 3.2 shows the number of samples for training and testing of each class.

2500 m train
2000 B test
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1000
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0
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=
Figure 3.2: Example of images of the dataset
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mountain mountain mountain

mountain

alacier

glacier mountain glacier buildings

Figure 3.3: Example of images of the dataset

S Network architecture
In this section, we have created 3 different convolution neural networks as shown below :

* Model A : composed of 10 different layers (3 convoltuionals, 3 maxpooling, 1 flatten, 1

dropout, 2 dense) figure (3.4 ).
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* Model B : composed of 12 different layers (4 convoltuionals, 4 maxpooling, 1 flatten, 1

dropout, 2 dense) figure 3.5.

* Model C : composed of 14 different layers (6 convoltuionals, 4 maxpooling, 1 flatten, 1

dropout, 2 dense) figure 3.6.

* Model D : composed of 16 different layers (4 convoltuionals, 4 maxpooling, 4 Batchnor-

malization, 1 flatten, 1 dropout, 2 dense) figure 3.7.

conv2d_input | input:

[(None, 150, 150, 3)] | [(None, 150, 150, 3)]
InputLayer output:

Y

conv2d | input:
(None, 150, 150, 3) | (None, 148, 148, 32)

Conv2D | output:

max_pooling2d | input:
MaxPooling2D | output:

(None, 148, 148, 32) | (None, 74, 74, 32)

conv2d_1 | input:

(None, 74, 74, 32) | (None, 72, 72, 64)

Conv2D | output:

max_pooling2d_1 | input:
MaxPooling2D output:

(None, 72, 72, 64) | (None, 36, 36, 64)

conv2d_2 | input:
Conv2D | output:

(None, 36, 36, 64) | (None, 34, 34, 128)

max_pooling2d_2 | input:
MaxPooling2D output:

(None, 34, 34, 128) | (None, 17, 17, 128)

Y

flatten | input:
(None, 17, 17, 128) | (None, 36992)

Flatten | output:

dense | input:

(None, 36992) | (None, 512)

Dense | output:

dropout | input:

(None, 512) | (None, 512)
Dropout | output:

dense_1 | input:

(None, 512) | (None, 6)

Dense | output:

Figure 3.4: Model A architecture
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conv2d_3_input | input:

InputLayer output:

[(None, 150, 150, 3)] | [(None, 150, 150, 3)]

y

conv2d_3 | input:
Conv2D | output:

(None, 150, 150, 3) | (None, 148, 148, 32)

max_pooling2d_3 | input:
- (None, 148, 148, 32) | (None, 74, 74, 32)
MaxPooling2D output:

conv2d_4 | input:
Conv2D | output:

(None, 74, 74, 32) | (None, 72, 72, 64)

y

max_pooling2d_4 | input:
(None, 72, 72, 64) | (None, 36, 36, 64)
MaxPooling2D output:

conv2d_5 | input:

(None, 36, 36, 64) | (None, 34, 34, 128)
Conv2D | output:

max_pooling2d_5 | input:
MaxPooling2D output:

(None, 34, 34, 128) | (None, 17, 17, 128)

4

conv2d_6 | input:
Conv2D | output:

(None, 17, 17, 128) | (None, 15, 15, 128)

max_pooling2d_6 | input:
MaxPooling2D output:

(None, 15, 15, 128) | (None, 7, 7, 128)

flatten_1 | input:

(None, 7, 7, 128) | (None, 6272)

Flatten | output:

y
(None, 6272) | (None, 512)

dense 2 | input:

Dense | output:

dropout_1 | input:
Dropout | output:

(None, 512) | (None, 512)

dense_3 | input:

Dense | output:

(None, 512) | (None, 6)

Figure 3.5: Model B architecture
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conv2d_28_input | input:

[(None, 150, 150, 3)] | [(None, 150, 150, 3)]

InputLayer output:

A A

conv2d_28 | input:

(None, 150, 150, 3) | (None, 50, 50, 64)

Conv2D output:

Y

conv2d_29 | input:
Conv2D output:

(None, 50, 50, 64) | (None, 16, 16, 64)

max_pooling2d_16 | input:
MaxPooling2D output:

(None, 16, 16, 64) | (None, 8, 8, 64)

) 4

conv2d_30 | input:

(None, 8, 8, 64) | (None, 2, 2, 128)

Conv2D output:

Y

conv2d_31 | input:
Conv2D output:

(None, 2, 2, 128) | (None, 1, 1, 128)

Y

max_pooling2d_17 | input:
MaxPooling2D output:

(None, 1, 1, 128) | (None, 1, 1, 128)

Y

conv2d_32 | input:
(None, 1, 1, 128) | (None, 1, 1, 128)

Conv2D output:

Y

conv2d_33 | input:

(None, 1, 1, 128) | (None, 1, 1, 128)

Conv2D output:

Y

max_pooling2d_18 | input:
MaxPooling2D output:

(None, 1, 1, 128) | (None, 1, 1, 128)

A 4

conv2d_34 | input:
(None, 1, 1, 128) | (None, 1, 1, 128)

Conv2D output:

Y

max_pooling2d_19 | input:
MaxPooling2D output:

(None, 1, 1, 128) | (None, 1, 1, 128)

flatten_4 | input:

(None, 1, 1, 128) | (None, 128)
Flatten | output:

Y

dense_5 | input:
(None, 128) | (None, 512)

Dense | output:

Y

dropout | input:

(None, 512) | (None, 512)

Dropout | output:

dense_6 | input:

(None, 512) | (None, 6)

Dense | output:

Figure 3.6: Model C architecture
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conv2d_input | input:

InputLayer | output:

[(None, 150, 150, 3)] | [(None, 150, 150, 3)]

l

conv2d | input:
Conv2D | output:

(None, 150, 150, 3)

(None, 146,

146, 128)

I

activation | input:
Activation | output:

(None, 146, 146, 128)

(None, 146, 146, 128)

l

max_pooling2d | input:

MaxPooling2D | output:

(None, 146, 146, 128)

(None, 73, 73, 128)

l

batch_normalization | input:

BatchNormalization | output:

(None, 73, 73, 128)

(None, 73, 73, 128)

!

conv2d_1 | input:

Conv2D | output:

(None, 73, 73, 128)

(None, 71, 71, 64)

l

activation_1 | input:

Activation | output:

(None, 71, 71, 64) | (None,

71, 71, 64)

l

max_pooling2d_1 | input:

MaxPooling2D output:

(None, 71, 71, 64)

(None, 35, 35, 64)

!

batch_normalization_1

input:

BatchNormalization

output:

(None, 35, 35, 64) | (None, 35, 35, 64)

l

conv2d_2 | input:

Conv2D | output:

(None, 35, 35, 64) | (None,

33,33, 64)

l

activation_2 | input:

Activation | output:

(None, 33, 33, 64)

(None, 33, 33, 64)

I

max_pooling2d_2

input:

MaxPooling2D

output:

(None, 33, 33, 64) | (None, 16, 16, 64)

l

batch_normalization_2

input:

(None, 16, 16, 64)

BatchNormalization

output:

(None, 16, 16, 64)

l

conv2d_3 | input:

(N

Conv2D | output:

one, 16, 16, 64) | (None, 14, 14, 64)

I

activation_3 | input:

Activation | output:

(None, 14, 14, 64)

(None, 14, 14, 64)

l

max_pooling2d_3 | input:
(None, 14, 14, 64) | (None, 7, 7, 64)
MaxPooling2D output:
batch_normalization_3 | input:
(None, 7,7, 64) | (None, 7, 7, 64)
BatchNormalization output:
flatten | input:
(None, 7, 7, 64) | (None, 3136)
Flatten | output:
dense | input:
(None, 3136) | (None, 512)
Dense | output:
dropout | input:
(None, 512) | (None, 512)
Dropout | output:
dense_1 | input:

Dense | output:

(None, 512) | (None, 6)

Figure 3.7: Model D architecture
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Model A

7 convzp ff maxpoolingzo (§ rFlatten (f Dpense
' Dropout

Model B

@ Cconv2D . MaxPooling2D . Flatten . Dense . Dropout

/ Model C

@ Conv2D ' MaxPooling2D ' Flatten . Dense . Dropout

Figure 3.8: Visualizing of model A, B and C
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L]
@ Conv2D ' Activation ' MaxPooling2D . BatchNormalization ' Flatten @ Dense . Dropout

Figure 3.9: Visualizing of model D

6 Results and discussion
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Figure 3.10: Test accuracy and loss plots for model A without data augmentation

From figure 3.10, during the training, we observe that the training accuracy curve is increas-
ing rapidly close to reaching the peak, while the growth of validation accuracy is a logarithmic
function of epochs with the presence of fluctuations, in the other side validation loss is increasing
so quickly while the training loss curve is decreasing quickly close to 0.

We observe that our model is doing well on the training data set but poorly on the validation
set which we call that overfitting. For solving the overfitting problem we are going to use a

technique mentioned in chapter 2 called data augmentation in the next experiments.
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Figure 3.11: Test accuracy and loss plots for model A

In the figure 3.11 that represents the testing Accuracy and loss for model A after imple-

menting the data augmentation technique. The training accuracy and validation accuracy are

growing rapidly but the validation accuracy is a bit fluctuating. On the other side, the loss curve

of training and validation is decreasing. As we see above that we have solved the overfitting

problem, our model now can generalize better.

model accuracy

model loss

A
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o

loss.

— accuragy
val_accuracy
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test

100
Epoch

125 150 175 200

100
epoch

125

Figure 3.12: Test accuracy and loss plots for model B

Now we aim to achieve better accuracy, the figure 3.12 represents the loss and accuracy of

model B, as we observe the accuracy of training and validation are increasing with each epoch

in a logarithmic way. In the other part, the loss curve of training is decreasing rapidly while

the validation starts to increase fast in the few first epochs then it keeps growing slightly in the

presence of fluctuations.
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Figure 3.13: Test accuracy and loss plots for model C

For model C, from figure 3.13 the training accuracy is increasing by the number of epochs in
a logarithmic way also validation accuracy slightly fluctuating, while the training loss is falling

rapidly and the validation loss started falling in the first few epochs then increases again slightly.
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Figure 3.14: Test accuracy and loss plots for model D

For model D, from figure 3.14 both training and validation accuracy are increasing by the
number of epochs rapidly, then it starts to stabilize after the 50th epoch, while the training and

validation loss decreasing rapidly .
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Model name | Training accuracy | Validation accuracy | Training loss | Validation loss | Epoch Number | Run time
Model A 82,12% 80,80% 47,32% 50,09% 200 273,5 min
Model B 89,23% 87,43% 29,32% 40,01% 200 274,33 min
Model C 84,29% 82,93% 39,32% 53,23% 200 300,5 min
Model D 92,15% 90,86% 22,12% 30,34% 100 150,83 min

Table 3.2: Results Comparison Table

From the table 3.2 we can observe that model D got the highest accuracy compared to all

other models with a validation accuracy of 90,86% and for training 92,15% as consequence in

the further sections we will use model D for our prediction.

400
(13.33%)

Tue Classes
mountain glacier forest buildings

sea

street

b.uld‘ ings

465
(15.50%)

472
(15.73%)

forest glacier

441
(14.70%)

480
(16.00%)

mauntain sea

Predicted Classes

452
(15.07%)

sreet

Figure 3.15: Confusion matrix for model D

-300

A confusion matrix is a summary of classification problem prediction outcomes. It resumes

the number of correct and bad predictions. As we see on figure 3.15 confusion matrix of model

D which is doing great work for the most of classes, however it is getting a bit confused between

(buildings, street) classes ,also ( glacier and mountain) classes.
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sed

mountain buildings
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Figure 3.16: Predictions by Model D
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True Label: forest True Label: glacier True Label: mountain True Label: glacier True Label: buildings
Predicted Label: mountain  Predicted Label: mountain  Predicted Label: glacier  Predicted Label: mountain Predicted Label: street

X a-_-
3 | PR T

True Label: mountain True Label: mountain True Label: mountain True Label: mountain True Label: mountain
Predicted Label: sea Predicted Label: sea Predicted Label: glacier Predicted Label: buildings Predicted Label: glacier

True Label: glacier True Label: mountain True Label: street True Label: street True Label: buildings
Predicted Label: mountain  Predicted Label: glacier  Predicted Label: buildings Predicted Label: buildings Predicted Label: mountain

Figure 3.17: Bad predictions by Model D on test dataset
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7 Conclusion

We have presented in this chapter different convolutional neural network models for the image
classification that we have built, we go through some regularization techniques such as data
augmentation, batch normalization, and dropout seeking for best results. As result, we have seen
from our experiments that there are several parameters (epoch, batch size ) and techniques (data

augmentation, batch normalization) that improves CNN model and to achieve a good result.
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Conclusion

In this work we have discussed the fundamental concepts behind machine learning, we fo-
cused our discussion on the most fruitful class of machine learning, namely neural networks
also known as deep learning, we payed a special attention to convolutional neural networks al-
gorithms, where we have introduced convolutional neural networks and explained the role of
different types of layers that are used in the classification process (convolution layer, pooling
layer,and fully connected layer), we have also presented some popular CNN models, after that
we have discussed the different parameters that effect the training process of CNN : activation

functions, loss functions, optimizers, and regularization technique.

In this work we found out that the classification task requires a significant computing power
as a consequence of this requirement we have used Google Colab Pro platform, which saved us
allot of computing during our experimentation with different architectures. We also have found
out that the choice of the dataset is critical for CNN training, in order to achieve optimal results

we recommend using high resolution and polyvalent dataset.

We have spent a fairly large amount of learning about the concepts of CNN from various
primary sources, in order to comprehend the mechanisms that govern CNN models function,
which played a major role in our attempt to design an optimal CNN model in the most efficient
way possible, during which we have discovered that the task of creating an efficient CNN model
is indeed challenging because of the different parameters that effect the CNN learning process,
nonetheless in our search for improving the results of our models we have discovered the exis-
tence of multiple techniques that are applied to improve the results of the CNN model, such as

batch normalization, dropout, and data augmentation.

This work has been a milestone for us, as perspectives for future work, we aim at using

Transfer Learning for solving more complex and challenging problems.
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