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Abstract:

Deep learning (DL) is a sub-domain of machine learning (ML), it consists of artificial
neural networks. The word (deep) refers to the number of layers in the network, the more
layers there are, the deeper the network. Advanced tools and techniques have significantly
improved Deep Learning algorithms to the point where they can outperform humans in
classifying images. Among artificial neural network architectures there are convolutional
neural networks (CNN). Image classification is a classic problem in the fields of image
processing and convolutional neural networks. Our work studies the images classification
by using an architecture of a convolutional neural network. Intelligence and has the
potential to revolutionize many industries.

Key Words: Image Classification, Deep Learning (DL), Machine Learning (ML),

Convolutional Neural Network (CNN), Webcam, Transfer Learning.



Résumé :

L'apprentissage profond (DL) est un sous-domaine de I'apprentissage automatique (ML). 1l
se compose de réseaux de neurones artificiels. Le mot "profond" fait référence au nombre
de couches dans le réseau, plus il y a de couches, plus le réseau est profond. Des outils et
des techniques avancés ont considérablement amélioré les algorithmes d'apprentissage
profond au point qu'ils peuvent surpasser les humains dans la classification des images.
Parmi les architectures de réseaux de neurones artificiels, on trouve les réseaux de
neurones convolutifs (CNN). La classification d'images est un probleme classique dans les
domaines du traitement d'images et des réseaux de neurones convolutifs. Notre travail
étudie la classification d'images en utilisant une architecture de réseau de neurones
convolutifs. L'intelligence artificielle a le potentiel de révolutionner de nombreuses

industries.

Mots clés : Classification d'images, Deep Learning (DL), Machine Learning (ML), réseau

neuronal convolutif (CNN), webcam, Tranfer Learning
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Introduction

Advancements in technology, such as the availability of large amounts of data and improved processing
power, have made it possible for artificial intelligence systems to store, analyze, index, and search through
vast amounts of information in today's data-driven society. One branch of artificial intelligence called
machine learning focuses on creating algorithms that can learn from data. Classification, which involves
grouping data into different categories based on their characteristics, is a powerful method to address these

challenges.

In the field of computer vision, deep learning has emerged as a powerful technique for image
classification. Deep learning involves building models called convolutional neural networks (CNNs) that
are adept at extracting important features from images and making accurate classifications. CNNs have
achieved remarkable results in tasks such as image recognition, object detection, and image segmentation,

revolutionizing the field of computer vision.

This work primarily focuses on supervised learning problems, with an emphasis on deep learning. It
explores the challenges associated with dealing with large datasets and highlights the importance of
structuring and searching the data. Classification is a valuable tool in mitigating these challenges,
particularly when it comes to image datasets. By categorizing images into different classes (e.g., animals,
humans, transportation), classification enables more effective utilization of these datasets.

The goal of image classification is to narrow the gap between computer vision and human vision by
training computers to understand and interpret visual data. The use of deep learning, a subset of machine
learning, has been instrumental in achieving this goal. It involves constructing CNN models that excel at
extracting relevant features from images and performing accurate classifications.

The manuscript is divided into three main chapters to provide a comprehensive understanding of the
topic:

¢ The first chapter introduces machine learning and its different types, followed by an explanation of

the basics of image classification.

¢+ The second chapter focuses on neural networks, describing their various types, the architecture of

CNNs, and different activation functions.

+«» The third chapter presents the simulation part of the work, including the tools and software used,

the dataset employed, and the results obtained.

By following this structure, the manuscript aims to provide readers with a clear and thorough

understanding of the subject matter.
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Image classification and Machine learning




Chapter I. Image Classification and Machine Learning

1. Introduction:

This chapter highlights and introduces the concepts and basics of machine learning, we will talk
briefly about the importance of machine learning (ML), and then we will go through its different
types. In the second part of the chapter, we will focus on the classification of images which is the

main subject of this research.

2. Machine learning:

2.1.What is machine learning:

Machine learning is a type of artificial intelligence that allows computer systems to
automatically improve their performance on a specific task, without being explicitly programmed. It
involves training algorithms on data and using that learning to make predictions or decisions without
being explicitly told how to perform the task.[1]

2.2.Types of machine learning:

Finding patterns in the database without any human interventions or actions is based upon the
data type, i.e., labeled or unlabeled and based upon the techniques used for training the model on a
given dataset. Machine learning is further classified as Supervised, Unsupervised, Learning

algorithms; both of these types of learning techniques are used in different applications.
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Figure 1.1: Machine Learning subcategories [2]



Chapter I. Image Classification and Machine Learning

2.2.1 Supervised machine learning:

Supervised learning algorithms are used when the output is classified or labeled. These
algorithms learn from the past data that is inputted, called training data, runs its analysis and uses
this analysis to predict future events of any new data within the known classifications. The
accurate prediction of test data requires large data to have a sufficient understanding of the
patterns. The algorithm can be trained further by comparing the training outputs to actual ones and

using the errors for modification of the algorithms.[3]

Supervised Machine
Learning

— Classification Regression

Linear _
classification Linear

Support Vector

Logistic
i  Decision tree

K-nearest
neighbor

uoissalbau jo} swyuobje Jeindog

Polynomial

o Random forest

Popular algorithms for classification

‘ Naive Bayes’
classifier

Figure 1.2: Algorithms of supervised machine learning [4]

2.2.2 Unsupervised machine learning:

Unsupervised machine learning is a type of machine learning where the algorithm is trained
on an unlabeled dataset and tries to find patterns, structure, and relationships within the data
without any prior knowledge or guidance. Unlike supervised learning, unsupervised learning does

not have a defined target variable or label that the algorithm is trying to predict.

Unsupervised learning algorithms can be used for various tasks, such as dimensionality

reduction, clustering, anomaly detection, and data visualization.

Clustering, for example, is an unsupervised learning task that involves grouping similar
instances together into clusters. The algorithm tries to find the optimal number of clusters and

assign each instance to the most appropriate cluster.
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Dimensionality reduction is another unsupervised learning task that involves reducing the
number of features in a dataset, while preserving as much information as possible. This can be
useful for visualizing high-dimensional data, as well as for reducing computational costs and

improving the performance of supervised learning algorithms.

Unsupervised learning algorithms include techniques such as K-Means, Hierarchical
Clustering, Principal Component Analysis (PCA), and Autoencoders. These algorithms have a
wide range of applications, including market segmentation, customer behavior analysis, and image

compression.[3]

Unsupervised Learning

t

Cluster Analysis Dimensionality Reduce

k-means Hierarchical
Clustering
Gaussian Mixture §  Density-Based
Model Clustering

Principal Independent

Components Components
Analysis Analysis

Factor Analysis

Figure 1.3: Algorithms of unsupervised machine learning [5]

3. Image Classification:

3.1.Classification Definition:

Image classification is a process in which a computer algorithm is trained to recognize and
distinguish various objects, scenes, and actions within images. This is done by providing the
algorithm with a dataset of labeled images, where each image is assigned a specific class or label,
such as "dog" or "cat" the algorithm then learns to identify patterns and features within the images
that are characteristic of each class. Once trained, the algorithm can then be used to classify new,
unseen images, assigning them a class based on its learned patterns and features. This technology is

widely used in areas such as self-driving cars, medical imaging, and security systems.[6]



Chapter I: Image Classification and Machine Learning

3.2.Image classification system:

Building an image classification system involves several steps, which can be summarized as

follows:

3.2.1

3.2.2

Data Set: An image dataset is a collection of digital images that are organized and used
for various purposes, such as computer vision tasks, image processing, pattern recognition,
or machine learning algorithms that deal with visual data. Image datasets are widely used
in fields like computer vision, deep learning, and artificial intelligence.

Image datasets can include images of different formats, resolutions, and sizes. They can
consist of various types of images, such as photographs, illustrations, medical images,
satellite imagery, or any other visual content that can be represented digitally. Image
datasets often have a specific theme or purpose, such as face recognition, object detection,
image classification, or semantic segmentation.

Image datasets can be created through different means, including manual collection,
scraping from the web, capturing images using sensors or cameras, or combining existing
datasets. They can be publicly available, shared by research institutions or organizations,
or created and used for specific research projects or applications.

Examples of popular image datasets include ImageNet, COCO (Common Obijects in
Context), CIFAR-10, and MNIST (Modified National Institute of Standards and
Technology) dataset. These datasets have been widely used for training and evaluating

various computer vision algorithms and models. [7]

Features extraction: Is a process in which meaningful features are extracted from raw
data, such as images, so that they can be used as input for a machine learning algorithm,
such as an image classification algorithm. In image classification, feature extraction
involves transforming the raw pixel values of an image into a feature vector that represents
the image in a numerical format that can be used by the algorithm.

There are several approaches to feature extraction in image classification, including:

% Hand-crafted Features: Hand-crafted features are pre-defined features that are
manually designed by domain experts. These features are typically based on visual
characteristics such as texture, shape, color, and edge orientation, and are extracted
using techniques such as Histogram of Oriented Gradients (HOG), Local Binary

Patterns (LBP), and Scale-Invariant Feature Transform (SIFT).
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« Deep Learning Features: Deep learning-based feature extraction involves using pre-
trained convolutional neural networks (CNNs) such as VGG, ResNet, or AlexNet. The
pre-trained

CNNs have already learned a set of features that are useful for a wide range of image
classification tasks, and these features can be used directly or fine-tuned for a specific
task.

< Hybrid Approaches: Hybrid approaches involve combining hand-crafted features
with deep learning-based features to extract more informative features from the
Images. For example, the hand-crafted features can be concatenated with the output of
a pre-trained CNN to form a hybrid feature vector.

Once the features are extracted, they are typically normalized and transformed into
a fixed-length feature vector that can be used as input to a machine learning algorithm,
such as a support vector machine (SVM), decision tree, or neural network, to train a

model for image classification. [8]

3.2.3 Model Classification: is a task that involves categorizing data into predefined classes or
categories. It uses patterns and features within the data to train a model, which can then

predict the class of new, unseen instances with a certain level of accuracy.

s K-Nearest Neighbor:
k-Nearest Neighbor (k-NN) is a simple machine learning algorithm used for classification and
regression tasks. In image classification, the k-NN algorithm works by finding the k closest data
points to a new, unknown image, based on the features of the image. These data points, or
"neighbors," are then used to determine the class label of the unknown image by majority voting,

where the class with the most votes among the k neighbors is chosen as the prediction.

In k-NN, the distance metric between instances is an important factor. Commonly used

distance metrics are Euclidean distance, Manhattan distance, or Minkowski distance.

The value of k, the number of nearest neighbors, can be chosen through cross-validation or by
using a heuristic approach. When k = 1, the algorithm is known as the nearest neighbor algorithm,
and the prediction is based on the single closest training example. When Kk is increased, the
algorithm becomes more robust to noise and outliers, but the boundaries between classes become

smoother.

k-NN is a simple and intuitive algorithm that is easy to understand and implement. It can be

used for both binary and multi-class classification, as well as for regression tasks. However, k-NN
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can be computationally expensive when the number of instances and features is large, as it
requires a large amount of memory to store the entire dataset, and a large amount of time to

compute the nearest neighbors for each prediction.[9]
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Figure 1.4: K-NN algorithms application example [10]

* Fuzzy c-means :
Fuzzy C-means (FCM) is a variant of the k-means algorithm that allows for soft clustering,
where each data point can belong to multiple clusters with varying degrees of membership. This is
useful in situations where a data point may not fit neatly into one cluster.

In FCM, the cluster membership of each data point is represented by a membership degree,
which is a value between 0 and 1 that indicates the degree of membership of the data point in a
particular cluster. The membership degrees for a data point are computed based on the distances

between the data point and the cluster centroids.
The FCM algorithm works as follows:

o Initialize the cluster centroids randomly

e Compute the membership degrees for each data point based on the distances between the data
point and the cluster centroids.

e Recalculate the cluster centroids based on the weighted average of the data points.

o Repeat steps 2 and 3 until the cluster centroids stop moving or a maximum number of

iterations is reached.
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FCM is a popular algorithm for clustering data with uncertainty or ambiguity and has been
applied in a variety of fields including image processing, pattern recognition, and control systems
[11]
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Figure 1.5: Fuzzy c-means algorithms application example[12]

% Support vector machine:

Support Vector Machine (SVM) is a supervised machine learning algorithm used for both
classification and regression. Though we say regression problems as well its best suited for
classification. The objective of a Support Vector Machine (SVM) is to find a hyperplane that
maximally separates the data into classes. The SVM algorithm searches for the hyperplane with
the largest margin between the classes, which means the distance between the closest data points
from both classes is maximized. This results in a classifier that is both accurate and robust to
overfitting.[13]
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Figure 1.6 : SVM's algorithms application Example [14]
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¢+ Convolution Neural Network: CNNs are a type of deep learning model commonly
used for image classification tasks. They are designed to automatically learn and
extract features from images through convolutional layers. These layers apply filters to
detect local patterns and features, while pooling layers downsample the feature maps.
Fully connected layers at the end of the network perform the classification based on the
learned features. By leveraging the hierarchical representations learned from data,
CNNs have achieved remarkable success in image classification tasks, surpassing

traditional methods by a significant margin.[15]

Input Layer Convolutional Layer Pooling Layer Dense Layers Output Layer

Figure 1.7 : CNN model Example [16]

Model evaluation: Is the process of assessing the performance of a machine learning
model on a test dataset. The goal of model evaluation is to determine how well the model
will perform on new, unseen data. usually evaluated using metrics such as accuracy,

precision, recall, F1 score, and receiver operating characteristic (ROC) curves.

Accuracy: Is the most commonly used metric and it is defined as the ratio of correctly
classified samples to the total number of samples. For example, in a binary classification

problem with two classes, accuracy is defined as follows:
Accuracy = (True Positives + True Negatives) / Total samples

Precision: Measures the proportion of positive predictions that are actually correct.

Precision is defined as follows:

Precision = True Positives / (True Positives + False Positives)

10
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¢ Recall: Measures the proportion of actual positive examples that are correctly identified by
the model. Recall is defined as follows:

Recall = True Positives / (True Positives + False Negatives)

X/

s+ F1 score: Is the harmonic mean of precision and recall and it provides a balance between

the two metrics. F1 score is defined as follows:
F1 score = 2 * (Precision * Recall) / (Precision + Recall)

« ROC curves: are used to evaluate binary classification models. They plot the true positive
rate against the false positive rate at various threshold settings. The area under the ROC

curve (AUC) is a common metric used to evaluate the performance of binary classifiers.[7]

3.3.Image classification and machine learning:

Manual methods have proven to be very difficult to apply for seemingly simple tasks such as
image classification, object recognition in images, or speech recognition. Data from actual
samples of sound or pixels in an image are complex, variable, and noise-tinged. For a machine, an
image is an array of numbers indicating the brightness (or color) of each pixel, and an audible
signal is a sequence of numbers indicating the air pressure at each moment. It is virtually
impossible to write a program that will work robustly in any situation. That's where machine

learning comes in. It's learning that drives the systems of all major Internet companies.[17]

They have long used it to filter desirable content, order responses to a search, make
recommendations, or select information of interest to each user. A controllable system can be seen
as a black box with input, for example an image, sound or text, and an output that can represent
the category of the object in the image, spoken word or subject that the text is talking about. These
are called classification systems or pattern recognition. In its most widely used form, machine
learning is supervised: at the input of the machine is shown an image of an object, for example a
car, and it is given the desired output for a car. Then | show him the picture of a dog with the
desired exit for a dog. After each example, the machine adjusts its internal parameters to bring its
output closer to the desired result. After showing the machine thousands or millions of examples
labeled with their category, the machine becomes able to classify most of them correctly. But what
IS more interesting is that he can also correctly classify images of cars or dogs that he has never

seen during the learning phase. This is called the ability to generalize.[18]

11
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Conclusion:

In this chapter, we have introduced the common types of machine learning, we have also
summarized the types that are supervised, unsupervised machine learning. We also analyzed some
image classification algorithms. Finally, we define the relationship between machine learning and

image classification.

Traditional machine learning approaches in image classification faced the challenge of manually
extracting relevant features. This process required domain knowledge and expert feature
engineering to identify discriminative features for distinguishing between different image classes. It
was time-consuming and subjective, relying on human expertise. So what can be a solution to this

Problem?

12
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Chapter I1: Deep Learning and Convolutional Neural Network

1. Introduction:

In this chapter, we will provide an overview of Deep Learning and neural networks, with a focus on
CNN architecture. We will talk about deep learning concept and its relation with machine learning.
Furthermore, we will investigate deeply CNN its layers and main architectures used for image
classification. Finally, By the end of this chapter, you should have a solid understanding of the fundamentals

of Deep Learning and how it can be applied to image classification tasks.

2. Definition of Deep learning:

Deep learning is a subset of machine learning, which is essentially a neural network with three or more
layers. These neural networks attempt to simulate the behavior of the human brain—albeit far from
matching its ability—allowing it to “learn” from large amounts of data. While a neural network with a
single layer can still make approximate predictions, additional hidden layers can help to optimize and refine

for accuracy.

Deep learning drives many artificial intelligence (Al) applications and services that improve
automation, performing analytical and physical tasks without human intervention. Deep learning
technology lies behind everyday products and services (such as digital assistants, voice-enabled TV

remotes, and credit card fraud detection) as well as emerging technologies (such as self-driving cars).[19]

Artificial
Intelligence

RN

Deep
Learning

Figure 11.1: The relation between Al, Machine learning, Neural networks and Deep learning [20]
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That is, machine learning is a subfield of artificial intelligence. Deep learning is a subfield of machine
learning, and neural networks make up the backbone of deep learning algorithms. In fact, it is the number
of node layers, or depth, of neural networks that distinguishes a single neural network from a deep learning

algorithm, which must have more than three.

3. Deep Learning Vs Machine Learning:

If deep learning is a subset of machine learning, how do they differ? Deep learning distinguishes itself

from classical machine learning by the type of data that it works with and the methods in which it learns.

Machine learning algorithms leverage structured, labeled data to make predictions—meaning that
specific features are defined from the input data for the model and organized into tables. This doesn’t
necessarily mean that it doesn’t use unstructured data; it just means that if it does, it generally goes through

some pre-processing to organize it into a structured format.

Deep learning eliminates some of data pre-processing that is typically involved with machine learning.
These algorithms can ingest and process unstructured data, like text and images, and it automates feature
extraction, removing some of the dependency on human experts. For example, let’s say that we had a set
of photos of different pets, and we wanted to categorize by “cat”, “dog”, “hamster”, et cetera. Deep learning
algorithms can determine which features (e.g. ears) are most important to distinguish each animal from

another. In machine learning, this hierarchy of features is established manually by a human expert.

Then, through the processes of gradient descent and backpropagation, the deep learning algorithm
adjusts and fits itself for accuracy, allowing it to make predictions about a new photo of an animal with

increased precision.

Machine learning and deep learning models are capable of different types of learning as well, which are
usually categorized as supervised and unsupervised learning. Supervised learning utilizes labeled datasets
to categorize or make predictions; this requires some kind of human intervention to label input data
correctly. In contrast, unsupervised learning doesn’t require labeled datasets, and instead, it detects patterns

in the data, clustering them by any distinguishing characteristics. [21]
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Machine Learning

L I

Input Feature extraction Classification Qutput

Deep Learning

Figure 11.2: Machine Learning and Deep Learning Strategies [22]

4. How Deep Learning Works:

Deep learning neural networks, or artificial neural networks, attempts to mimic the human brain
through a combination of data inputs, weights, and bias. These elements work together to accurately
recognize, classify, and describe objects within the data.

Deep neural networks consist of multiple layers of interconnected nodes, each building upon the
previous layer to refine and optimize the prediction or categorization. This progression of computations
through the network is called forward propagation. The input and output layers of a deep neural network
are called visible layers. The input layer is where the deep learning model ingests the data for processing,

and the output layer is where the final prediction or classification is made.

Another process called backpropagation uses algorithms, like gradient descent, to calculate errors in
predictions and then adjusts the weights and biases of the function by moving backwards through the layers
in an effort to train the model. Together, forward propagation and backpropagation allow a neural network
to make predictions and correct for any errors accordingly. Over time, the algorithm becomes gradually

more accurate.

The above describes the simplest type of deep neural network in the simplest terms. However, deep
learning algorithms are incredibly complex, and there are different types of neural networks to address

specific problems or datasets. For example,
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e Convolutional neural networks (CNNs) used primarily in computer vision and image
classification applications, can detect features and patterns within an image, enabling tasks, like
object detection or recognition. In 2015, a CNN bested a human in an object recognition challenge
for the first time.[23]

5. Neural Networks:

Neural networks are a type of machine learning algorithm inspired by the structure and function of the
human brain. They consist of interconnected nodes, or neurons, organized into layers. Each neuron receives
input from other neurons, processes that input using an activation function, and produces an output that is
passed on to other neurons in the next layer. Neural networks can be trained to learn patterns in data by
adjusting the weights and biases of the connections between neurons using algorithms such as
backpropagation. They have been successfully applied to a wide range of tasks, including image and speech

recognition, natural language processing, and game playing.[24]
5.1.Neural network Types:

5.1.1 Feed-Forward Neural Network :

This is a basic neural network that can exist in the entire domain of neural networks. As the name
suggests, the motion of this network is only forward, and it moves till the point it reaches the output
node. There is no back feedback to improve the nodes in different layers and not much self-learning

mechanism. Below is a simple representation one-layer neural network.[24]

Input layer Hidden Output
layer layer

Figure 11.3: Feed Forward Neural Network Structure [25]
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5.2.1 Multilayer Perceptron:

Now, slowly we would move to neural networks having more than 2 layers, i.e., more than one
hidden layer. In a Multilayer Perceptron, the main intuition of using this method is when the data is not
linearly separable. Each node in a layer consists of a non-linear activation function for processing. These
functions are typically Sigmoid/Logistic Function, tanh/Hyperbolic Tangent function, ReLU (Rectified
Linear Unit), Softmax. This neural network is fully connected and also has the capability to learn by
itself by changing the weights of connection after each data point is processed and the amount of error

it generates.[24]

Figure 11.4: Multilayer Perceptron Structure [26]

5.2.3 Convolutional neural network:

Now coming on to Convolutional Neural Network, this type of neural network is an advanced version
of Multilayer Perceptron. In this type, there is one or more than one convolutional layer. Now the basic
question is what exactly is a convolutional layer? Convolution is nothing but a simple filtering
mechanism that enables an activation. When this filtering mechanism is repeated, it yields the location
and strength of a detected feature. As a result of this ability, these networks are widely used in image
processing, natural language processing, recommender systems so as to yield effective results of the
important feature detected.[24]
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1 >
Input image ~ Convolutional Pooling
layer layer
Fully-connected Class
w RN layer )
_Y_ _Y_
Feature extraction Classification

Figure 11.5: Convolutional Neural Network Architecture [27]

6. Convolutional Neural Network Layers:

6.1.Convolutional layer:

The convolution operation is one of the fundamental building blocks of a convolutional neural
network. Th e convolutional layer’s parameters consist of a set of learnable filters (kernels). Every filter
is small spatially (along width and height), but extends through the full depth of the input volume.
Typical filter sizes might have size 3x3, 5x5, 7x7. The third dimension of the filter corresponds to the
number of channels in the input. Th e grayscale image depth is 1 and the color image has 3 (RGB) color

channels.

6 kernels L
Input image 5x5 Neurons
28x28 stride = 1; padding =2 Rel.U

Figure 11.6: One convolution layer [28]
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During the forward propagation, each filter performs convolution on the input volume across the
width and height and compute the dot products between the entries of the filter and the input at any
position, this operation is followed by a nonlinear activation function (sigmoid, tanh, ReLU etc.), the
resulting outputs are called feature maps. Th e feature map (also known as an activation map), gives the
responses of the filter at every spatial position. An example of convolution layer followed by nonlinear
activation is shown above. We stack these activation maps along the depth dimension and produce the
output volume. The output volume depends on three hyperparameters: depth, stride and padding.

4 The depth of the output volume represents the number of filters that are used in the convolution
operation. Each filter is learning something different in the input, edges, blobs, colors.

# The stride is the number of steps that we slide the filter in the input. When the stride is 1 then we
move the filters one pixel at a time. When the stride is 2 then the filters jump 2 pixels at a time as we
slide them around. Th is will produce smaller output volumes spatially.

4 Padding allows controlling the output size. Applying convolution to an input, reduce the output
size that leads to losing information. To avoid that, we pad the input volume with zeros around the
border. Two common choices are valid convolution and the same convolution. The valid convolution
means no padding, the same convolution means that the output size remains the same as the input size.

The output size is calculated in the following way:

(n+2p-f)/s+1
Where n is the number of filters, p is the amount of padding, f is the filter size and s is the stride.[29]

6.2.Pooling Layer:

CNNs often use pooling layer operation aft er convolution layers, its function is to reduce the
dimension, also referred as subsampling or down sampling. Hyperparameters of pooling layer represent
the filter size and strides. Most commonly used pooling layer is with filter size 2 and with stride 2. Two
common types of pooling layers are max pooling and average pooling, where the maximum and average
value is taken, respectively. Max pooling is used often than average pooling. Pooling layer does not
have parameters to learn. Th e intuition of what max pooling is doing is that the large number means
that there may be detected a feature. An example of convolution layer followed by pooling layer is

shown in Figure 11.7. [29]
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6 feature maps
14x14

[—1

-

SN

6 kernels L Pooling
Input image 5x§ Neurons 2x2
28x28 stride = I; padding =2 ReL.U stride = 2

Fig 11.7: Convolution layer followed by pooling layer [28]

6.3.Fully connected layer:

After several convolution and pooling layers, the CNN generally ends with several fully connected
layers. The tensor that we have at the output of these layers is transformed into a vector and then we
add several neural network layers. Th e fully connected layers typically are the last few layers of the
architecture as shown in the Fig.14, the dropout regularization technique can be applied in the fully
connected layers to prevent overfitting. Th e final fully connected layer in the architecture contains the
same amount of output neurons as the number of classes to be recognized. [29]

Neuwrons
saftmax

3
=2
. |
N {7 ()
Input image 6 feature maps 16 feature maps ] .
28x28 14x14 4x4 Predicted digit = 0
L | |
Convolutional layer 1  Convolutional layer 2 Fully connected layer

Fig 11.8: Two convolutional layers followed by a fully connected layer [28]
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7. Convolution Neural Network Architectures:

We have so far described different layers of CNN. Now, we present how these layers are combined
to form the architecture of the network. The most common CNN architectures stack a few convolutional
layers together, it follows the pooling layer, then this pattern repeats, and we add at the end the fully

connected layers.
7.1.AlexNet:

The AlexNet architecture was the first work that popularized Convolutional Networks in
Computer Vision, it was the winner of the ImageNet ILSVRC competition in 2012, it had a 15.4%
top-5 error rate vs 26.2% for the next lowest network. AlexNet follows the pattern of the LeNet-5
architecture, but it was deeper, bigger, and featured convolutional layers stacked on top of each
other.

The input image resolution is 224 x 224, the architecture consists of 5 convolution layers, three
2x2 max-pooling layers and 2 fully connected layers. As shown in Fig. 15, the filter size of the first
convolution layer is (11, 11, 3, 96) with a stride of 4, and the first output shape is (55, 55, 96). As a
regularization technique, dropout [16] is used in the fully connected layers to reduce overfitting.

The total number of parameters in AlexNet is 60 million. [30]

128 204¢ 2048 dense

(8
B

dense dense|

1000

- 128 Max
224\l Strid Max 128 Max pooling
of 4 pooling pooling

204 2048

Fig 11.9: AlexNet Architecture [28]

7.2.VVGGNet:

The VGG Network is introduced in 2014 by Karen Simonyan and Andrew Zisserman. At that time,
it was considered as a very deep network. Its main contribution was in showing that the depth of the
network is a critical component to achieve better recognition or classification accuracy in CNNs.
VGGNet shown in Fig.16, used 3x3 filters, the authors give the intuition behind this that having two
consecutive two 3x3 filters gives an effective receptive fi eld of 5x5, and three 3x3 filters give a

22



Chapter I1: Deep Learning and Convolutional Neural Network

receptive fi eld of 7x7 filters. The number of filters in the architecture double aft er every max-pooling
operation.[30]

224 < 224 <3 224 x 224 =64

> T>x5H12
1> 1 > 4096 1>x1>x1000

@ convolution4+ Rel.UJ
iﬂ max pooling
fully conmnected+Rel.1J

1 softmax

Fig 11.10: VGGNet Architecture [28]
7.3.GoogleNet:

The network that won ILSVRC in 2014 is the network GoogleNet. GoogleNet, shown in Figure
11.12, is considered to be the first use of modern CNN architecture, which is not composed only on
successive convolution and pooling layers, it used inception architecture, that is kind of network in
network (NIN).. The inception module skips connections in the network essentially forming a mini-
module and that module is repeated throughout the network. The inception module dramatically reduced
the number of parameters in the network, GoogleNet employed around 7 million parameters, which
represented a 9 times reduction with respect to its predecessor AlexNet, which used 60 million
parameters. Furthermore, VGGNet employed about 3 times more parameters than AlexNet.

Filter
concatenation

_—

1x1 convolutions

3x3 convolutions

5x5 convolutions

1x1 convolutions

[}

[}

ﬂtions

1x1 convolutions

)

3x3 max pooling

I ——

Previous layer ’

Fig I11.11: Inception Model [28]
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Fig 11.12: GoogleNet Architecture [28]

GoogleNet uses 9 inception modules, and it eliminates all fully connected layers using average
pooling  to go from 7x7x1024 to 1x1x1024, eliminating a large number of parameters that do not seem
to matter much. As a form of data augmentation, multiple crops of the same image were created and the
network was trained on it. There are also several follow up versions to the GoogleNet, most recently

Inception-v4. [31]

8. Activation Function:

Activation Functions are specially used in artificial neural networks to transform an input signal into an
output signal which in turn is fed as input to the next layer in the stack. In an artificial neural network, we
calculate the sum of products of inputs and their corresponding weights and finally apply an activation
function to it to get the output of that particular layer and supply it as the input to the next layer.

8.1.Binary Step function:

When we have an activation function, the most important thing to consideration is threshold-based
classifier which means that whether the linear transformation’s value must activate the neuron or not or
we can say that a neuron gets activated if the input to the activation function is greater than a threshold
value, or else it gets deactivated. In that case the output is not fed as input to the next layer.

During the creation of a file binary activation function the binary workbook is generally used. But
the binary step function cannot be used in the case of multi-class classification in the target Portable.
Also, the gradient of the binary step function is zero which can cause a hindrance in the back of the
propagation step, that is, if we calculate the derivative (fx) relative to X, it is equal to zero. [15]

The binary step function can be defined mathematically as:

f(x) =1, x>=0
f(x)= 0, x<0 [19]
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flx) =1, x==0
=0, x=0 -

Fig 11.13: Binary Step Function [32]

8.2.Linear Activation Function:

The linear activation function is directly proportional to the input. The main drawback of the binary
step function was that it had zero gradient because there is no component of x in binary step function.
In order to remove that, linear function can be used. It can be defined as:

F(x) = ax

The value of variable a can be any constant value chosen by the user.

[*]

fi{x) = dx

=a =1 -z -1 I 1 E 3 - -
'l 'l 'l 'l Il Il Il Il

Fig 11.14: Linear Activation Function [32]
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Here the derivative of the function f(x) is not zero but is equal to the value of constant used. The gradient
is not zero, but a constant value which is independent of the input value x which implies that the weights
and biases will be updated during backpropagation step although the updating factor will be the same.

There isn’t much benefit of using linear function because the neural network would not improve the
error due to the same value of gradient for every iteration. Also, the network will not be able to identify
complex patterns from the data. Therefore, linear functions are ideal where interpretability is required and

for simple tasks.[33]

8.3.Sigmoid Activation Function:

It is the most widely used activation function as it is a non-linear function. Sigmoid function
transforms the values in the range 0 to 1. It can be defined as:

f(x) = 1/e™

Sigmoid function is continuously differentiable and a smooth S-shaped function. The derivative of

the function is:
f'(x) = 1-sigmoid(x)
Also, sigmoid function is not symmetric about zero which means that the signs of all output values

of neurons will be same. This issue can be improved by scaling the sigmoid function.[34]

[*]
f(x)=1/(1+e"-x)

+-8,6

+-1.2

+-1.8

Fig 11.15: Sigmoid Activation Function [32]
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9. Conclusion:

In conclusion, this chapter has provided an overview of deep learning, specifically focusing on
Convolutional Neural Networks (CNNs) and their significance in image classification tasks. We began by
examining the fundamental concepts of deep learning and its connection to machine learning, highlighting
the role of neural networks in this paradigm. CNNs, a specialized type of neural network, have demonstrated
exceptional performance in processing and analyzing images. We delved into the key layers of CNNs,
including the convolutional layer, pooling layer, and fully connected layer, elucidating their respective
functions and contributions to feature extraction and classification. Additionally, we explored prominent
CNN architectures, such as AlexNet and GooglLeNet, which have significantly contributed to the
advancements in image classification. The continuous evolution of deep learning techniques promises
further breakthroughs in image analysis and classification, opening up exciting opportunities for numerous

applications in diverse domains.
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1. Introduction

The field of image classification has experienced remarkable advancements in recent years, primarily
driven by the development of deep learning techniques. Transfer learning, a subfield of deep learning, has
emerged as a powerful approach to leverage pre-trained neural networks for solving new classification
tasks. In this chapter, we present a study on the simulation of an image classification system using

transfer learning in MATLAB.

The chapter is divided into two parts, each addressing an aspect of image classification. The first part
focuses on training a simple image classification system. By understanding the fundamental steps
involved in training an image classifier, we establish a solid foundation for the subsequent part of our
study. The second part delves into the exciting realm of real-time image classification using a webcam
and a pre-trained neural network(transfer learning). We explore the concept of transfer learning, which
allows us to harness the knowledge encoded in pre-existing neural networks and apply it to new, unseen
image data. By utilizing the webcam as an input source, we enable the system to classify images in real-
time, opening up possibilities for applications such as surveillance, object recognition, and interactive

systems.

Throughout this chapter, we aim to provide a understanding of the image classification process and
showcase the practical implementation of transfer learning in MATLAB. By the end, readers will gain
proficiency in training a simple image classifier and utilizing pre-trained neural networks for real-time
image classification. This chapter serves as a valuable resource for researchers and practitioners in the

field of computer vision, enabling them to explore and experiment with image classification systems.
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2. Software and Tools

2.1 Matlab2023:

MATLAB 2023 is the latest version of the renowned computational tool used in a wide range of
disciplines, including engineering, science, and data analytics. This version brings several exciting

features and enhancements that empower users to achieve even greater computational excellence and

innovation. It expands Deep Learning Toolbox by:

Recognizing the transformative power of deep learning, MATLAB 2023 expands its Deep
Learning Toolbox. This update includes updated pre-trained models, advanced network architectures,
and streamlined workflows for training and deploying deep learning models. Users can leverage the

latest advancements in Al and machine learning to solve complex problems effectively.

2.2 Deep learning toolbox:

The Deep Learning Toolbox is a software library that provides tools and functions for
implementing and deploying deep learning models. It is commonly used in the field of machine

learning and artificial intelligence to develop and train deep neural networks.
Here's an overview of the main features and capabilities typically offered by a deep learning toolbox:

° Neural Network Architectures

o Model Training

. Data Preprocessing

o Transfer Learning

o Hyperparameter Optimization
o Model Evaluation

It's important to note that the specific features and capabilities of a deep learning toolbox may vary

depending on the software or library you're using.

In the realm of image classification, various methods have been explored to decipher the content and
meaning within images. While alternative approaches exist, it is undeniable that the utilization of neural

networks has revolutionized the field, leading to unprecedented advancements.

In this chapter we are going to explore together why it is better to rely on neural networks then other
methodologies.[35]
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3. Part One: Training A simple Image Classification System
3.1 Data set:

The Digit-dataset consists of 10000 28x28 gray scale images in 10 classes (check figure 111.1), with
1000 images per class. The images will be divided into 750 into training and 250 into test. The dataset is
divided into three training batches and one test batch, each with 10000 images. The test batch contains
exactly 250 randomly-selected images from each class. The training batch contain the remaining images

in random order. But some training batch may contain more images from one class than another.

0 O 0O ¢ 2 6 O o 0 O o0 O 2 0 O O
f 1 v N Vv s £ 0 NN S
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32 3 3 3 3 235 223 3 B 3 3 3 3
o & & L A Y Y ¥ g o g N &y
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e 66 6 b L G L& b b & & ¢ 6 6 & b
T 7 7 1 2 7 YT 7T YR 1 2R 7 7 77
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7 949 9 9 I % 9 A 9 4 9 49 9 3 9

Figure 111.1: Digit-Data Set [36]

3.2 Designing the Network Architecture:

It is a good practice, to start with a basic model at first and then keep trying to improve it in every step.

To further improve the Model, we need to:
% Define the layers:
in our simulation we used the following 7 layers

< Image Input Layer (28*28*1)

+¢+ convolution Layer (30*10*10*1)
+¢+ batch Normalization Layer

*» RELU Layer

¢+ fully Connected Layer (10 Layers)
s SOFTMAX Layer

¢ Classification Layer
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ANALYSIS RESULT

Name Type
imageinput Image Input
28x28x1 images with 'zerocenter' norm..
2 conv 2-D Convolution
30 10x10x%1 convolutions with stride [1 1..
3 batchnorm Batch Normalization
Batch normalization with 30 channels
4 relu RelLU
RelLU
5 |fc Fully Connected
10 fully connected layer
5 softmax Softmax
softmax
7 |classoutput Classification Output

crossentropyex with '0" and 9 other clas..

Figure 111.2: Training Layers

in our experiment we only going to manipulate the Convolutional Layer

« Training: in our training we are going to manipulate different options like Optimization
Algorithms (Adam, Sgdm), Epoch number, Validation Frequency , size and filters in

Convolutional Layer

25 L % Train Network

26 options = trainingOptions('adam’,

27 '"MaxEpochs',3,

28 'ValidationData',imdsValidation,

29 'ValidationFregquency',80,

30 "Verbose',false,

31 'Plots"', "training-progress');

32

33 net = trainNetwork(imdsTrain,layers,options);

Figure 111.3: Training options

Optimization algorithms: mathematical procedures or iterative methods used to minimize (or
maximize) an objective function with respect to a set of variables or parameters. In the context of
machine learning and deep learning, these algorithms are employed to adjust the parameters of a
model in order to minimize the loss function and improve its performance. There are few

optimization algorithms such as:
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s Adam (Adaptive Moment Estimation): is an optimization algorithm commonly used in
neural network training. It adapts the learning rate based on gradient estimates, allowing for
faster convergence.[37]

% Sgdm (Stochastic Gradient Descent with Momentum): is an optimization algorithm used in
training neural networks. It extends the standard stochastic gradient descent (SGD) by
incorporating momentum, which helps accelerate convergence and overcome local minima.
SGDM accumulates a weighted average of past gradients to update the parameters, allowing

for more consistent and stable updates during training.[38]

e Epoch: An epoch is a complete pass through the entire training dataset during model training. It
consists of forward propagation, calculating the loss, backward propagation, and updating the
model's parameters. In each epoch, the model makes predictions on all training examples,
evaluates the error, and adjusts the model's parameters to minimize the error.[39]

¢ Validation frequency: it refers to how often the model's performance is evaluated on a validation
set during the training process. It determines how frequently the model's progress is assessed and

can impact the training efficiency and the ability to detect overfitting.[39]

3.3 Results
At first, we set the optimization algorithm to "*Adam® and the results are shown in Table III.1

Validation
frequency 10 30 60
Epoch
2 95.48% 93.68% 94.76%
4 98.04% 98.16% 97.72%

Table III.1: Classification accuracy using Adam algorithm
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Then we set the optimization algorithm to **Sgdm** and the results are shown in Table II1.2

Validation
frequency 10 30 60
Epoch
2 96.88% 96.96% 97.28%
4 98.52% 98.92% 98.92%

Table I11.2: Classification accuracy using Sgdm algorithm

Comment: Sgdm model with 4 Epoch and 60 validation frequency gave the best accuaracy of 98.92%
this result is acquired in convlotional layer with a size of 5 and 20 number of layer but we want more

precesion so we will manupilate the size and number of the convolutional layer

Number of
layers 10 30 60
Size
5 97.96% 98.20% 94.20%
10 97.72% 99.20% 98.64%

Table II1.3: Accuracy of Image Classification with parameter variation
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Size = 10, Number of layers=30

4\ Training Progress (18-May-2023 00:50:46) — m} X
S Results
Training Progress (18-May-2023 00:50:46)
Validation accuracy: 99.20%
Training finished: Max epochs completed
e ¢ ~—(®) Final

Training Time
Start time: 18-May-2023 00:50:46

g Elapsed time: 59 sec

>

§ Training Cycle

8 Epoch: 4014

<
Iteration: 232 of 232
Iterations per epoch: 58
Maximum iterations: 232

Epoch 1 ) Epoch 2 . Epoch 3 ) Epoch 4I
0
0 50 100 150 200 Validation
lteration Frequency: 60 iterations
Other Information
Hardware resource: Single CPU
Learning rate schedule: Constant
Learning rate: 0.01
Epoch 3 _Epoch 4 2 Final
150 200 = Eurrt ne lramn
. Export as Image Learn more
Iteration ‘M‘

Figure 111.4: Optimal Accuracy of Image Classification using Deep Learning

3.4 Discussion

After manipulating the training options by changing the optimization algorithms, number of epoch,
validation frequency, size and number layers of the convolutional layer by observing the results giving by
the program we have reached the outcome that the training options which gives the best results are Sgdm
as an optimization algorithm, 4 as number of epoch and 60 as validation frequency, 10 as a size and 20 as
number of convolutional layers with 99.20% accuracy Figure 111.4 summarize the training process. The

results are shown in Table I11.3

The results revealed that appropriate choices of training options could significantly affect the accuracy
and convergence speed of the deep learning architecture. By experimenting with different training
configurations, insights were gained into the optimal settings for achieving improved image classification

performance.

4. Part two: Image Classification using transfer learning

In this part we are going to use a pre-trained neural network (transfer learning) to test its performance
and observe the factors that may affect the accuracy of the system such as the WEBCAM, background,

brightness, right positioning.... etc.
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4.1 The System:

Deep Learning Water bottle
3% - i
@
Input Feature extraction + Classification Output

Figure IIL.5: Image Classification System

4.1.1 Input: our input is live view from our webcam for random objects such: a computer mouse,

water bottle, phone, a toy supercar, modem, book, charger...

Water bottle Modem sportcar

Cellular phone mouse iphone

Figure II1.6: Input Images Was Taken by Our System Webcam

4.1.2 Deep learning: We going to uses pre-trained neural network(transfer learning ); The models

used to classify the images are “GoogleNet”,”Vggl6”,”AlexNet”.

These CNN models work by employing convolutional layers to extract features from input
images. These convolutional layers consist of filters that scan the image, capturing patterns and
features. The extracted features are then passed through activation functions (such as ReLU) to
introduce non-linearity. Pooling layers down sample the spatial dimensions, reducing the
computational load and capturing important information. The resulting feature maps are flattened
and fed into fully connected layers that perform the final classification. During training, the model
adjusts its weights using back propagation and optimization algorithms to minimize the prediction
error. GoogleNet, also known as Inception-v1 it that was trained on the ImageNet dataset. The
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Chapter III: Modeling Image Classification Through Simulation

ImageNet dataset is a large-scale visual recognition challenge that contains millions of labeled

images from thousands of categories. The ImageNet dataset includes a wide range of categories

covering various objects, animals, scenes, and concepts. Some of the common categories that

GoogleNet is trained on, as part of the ImageNet dataset, include:

O

O

Animals: Various species of mammals, birds, reptiles, insects, etc.

Objects: Everyday objects such as chairs, tables, cars, bicycles, etc.

Fruits and Vegetables: Different types of fruits, vegetables, and crops.

Electronics: Devices like smartphones, laptops, cameras, TVs, etc.

Vehicles: Different kinds of vehicles including cars, trucks, airplanes, boats, etc.
Buildings: Different types of architectural structures like houses, skyscrapers, bridges, etc.
People: Individuals from various ethnicities, ages, and professions.

Sports: Different sports and related equipment like soccer, basketball, tennis, etc.

Fine Arts: Paintings, sculptures, and artworks from various periods and artists.

4.1.3 Output: It represents the results giving by the system and it also represents the decision

made by our system regarding the input inserted earlier and it is as follows:

File Edit View Insert Tools Desktor Window Help > File Edit View Insert Tools Desktor Window Help File Edit View Insert Tools Desktop Window Help

Nede @ 0E|KE NSdL a nElkE Néde @ 08| k[E

water bottle

File Edit View Insert Tools Desktop Window Help ¥ File Edit View Insert Tools Desktop Window Help File Edit View Insert Tools Desktop Window Help ¥

WEE DG FECEIEEDY DEds(A0E[LE

syringe cellular telephone packet
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File Edit View Insert Tools Desktop Window Help ~

Deade @ 08 R E

iPod

Ndgde @ 0&

sports car

Figure II1.7: Output Results

File Edit View Insert Tools Desktop Window Help ~

R [E

We notice that there are few mistakes in classifying some of the objects so we tried to change item's

positioning, brightness and background and see if it has something to do with those mistake the figure

below show the results of those changes

File Edit View Insert Tools Desktop Window Help *
Dede @/ 08| &

dumbbell

File Edit View Insert Tools Desktop Window Help ~
Dede @ 0E K

cellular telephone

File Edit View Insert Tools Desktop Window Help ~
NDade|@/0@kE

remote control

File Edit View Insert Tools Desktop Window Help ~
Dede @ 0E R (E

cellular telephone

File Edit View Insert Tools Desktop Window Help ¥
Dede @ 08 R[E

cellular telephone

File Edit View Insert Tools Desktor Window Help

EEL E XA EI Y

switch

Figure II1.8: Output result with different position, brightness and background
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4.2 Discussion:
After executing the system by trying out different CNN models we reached the outcome that the best
model that fits our system is GoogleNet, as for the errors it is mainly due to webcam quality, item

positioning, brightness.

The choice of a good CNN model and the quality of the webcam , item positioning , brightness has a
direct effect on the decision making of the system. By experimenting with different CNN models and
other configurations, we got the system to be in a good conditions to make proper decisions regarding

images classification.

5. Conclusion
This chapter has presented an exploration of simulation techniques for image classification. We

commenced by discussing the training of a simple image classification system, covering the main steps
such as data acquisition, network selection, and training. This foundation laid the groundwork for the
subsequent part of our study. We also focused on utilizing a webcam to perform real-time image
classification with the aid of pre-trained neural networks. By integrating the webcam into the system, we
showcased the potential for real-time applications and emphasized the significance of transfer learning in

practical scenarios.
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Conclusion

In conclusion, this master's dissertation has provided an exploration of deep learning techniques for
image classification. The availability of large volumes of data and advancements in processing power
have empowered artificial intelligence-based systems to store, analyze, index, and search through vast
amounts of information. Machine learning, particularly classification, has emerged as a powerful tool for

organizing and categorizing data based on their characteristics.

Within the context of image datasets, classification plays a pivotal role in categorizing images into
various classes, enabling more effective utilization of these datasets. The goal of image classification is to
bridge the gap between computer vision and human vision by training computers to interpret and
understand visual data. Deep learning, as a subset of machine learning, has proven to be a potent

technique in image classification.

Convolutional neural network (CNN) models, specifically designed for image processing, excel at
extracting relevant features from images and performing accurate classifications. These models have
revolutionized the field of computer vision, achieving remarkable results in image recognition, object

detection, and image segmentation tasks.

In the first part, a simple deep learning architecture is designed and trained using digit datasets.
Different training options, including optimization algorithms, are investigated to understand their impact

on model performance.

The second part focuses on transfer learning for image classification, utilizing a pre-trained
convolutional neural network (CNN) model and webcam images as the target dataset. MATLAB's deep

learning toolbox enables the implementation and evaluation of this transfer learning approach.
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