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Abstract

Age Macular Degeneration (AMD) diseases is a widely spread eye
condition that infects senior people. An automatic method of diagnosing the
disease will help the doctors in monitoring the cases and patients, to avoid

advanced bad eye condition.

In this proposed method, a model based on the Convolutional Neural
Network (CNN) was trained on a dataset of eye images with multiple levels of
AMD conditions and normal eyes. ODIR dataset is used for both the training
and testing phases of the model. The goal is to develop a deep learning model,

which will classify each image based on its AMD condition.

The training stages included two phases: first phase is to build and train
a model to classify the images into two classes (Normal, and AMD). After the
sufficient results obtained from that model, its design and training parameters
are developed further to classify three classes of AMD disease, which the
AMD class is extended to (Early, Intermediate, and Late). Which are the three

stages of the disease AMD beside to the normal stage.

High accuracy results are obtained, and the proposed model is
compared with other cutting edge approaches on the same dataset. Moreover,
advanced and popular models are trained on the same dataset, the results

revealed better performance for the proposed model over the popular models.

In the two classes proposed system, total accuracy of (0.98) is obtained,
(0.975) Area Under the Curve, (0.985) Specificity, and (0.965) Sensitivity.

The four classes proposed system, total accuracy of (0.985) is obtained,
(0.964) Area Under the Curve, (0.928) Specificity, and (1.00) Sensitivity.



To further evaluate the real performance of the system, case study is
conducted. With total 50 images of real patients, retinas are collected from
local vision center. And they are tested on our proposed system. The obtained
results are (0.98) accuracy, (0.983) Area Under the Curve, (0.966) Specificity,
and (1.00) Sensitivity.
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CHAPTER ONE INTRODUCTION

1.1 Overview
Due to the increase in vision loss in elderly people, and since this is a very

important problem to be dealt with, the researchers found that one of the main
reasons for blindness in elderly people is a disease called Age-related Macular
Degeneration (AMD). This disease has developed because of a material called
"drusen” that starts to accumulate in the eyes, causing damage to the vessels and
tissues of the eye. This causes blurry and unclear vision, eventually leading to

vision loss [1].

It is caused by degeneration of the macula, the central portion of the retina
responsible for crisp, sharp vision. In AMD, yellow deposits known as drusen
(accumulation of extracellular proteins and lipids) gradually accumulate in the
macula (a part of the retina). Over time, it is expected that this accumulation will
cause damage to the retina. The term "macular" means it affects a part of your eye
called the macula. “Degeneration” means the type of damage happening to the
eye[2]. This disease currently affects approximately 8% of the world's population,
or about 196 million people in 2020, and is anticipated to reach 288 million people
by 2040 [3] [4].

AMD can be categorized up to three stages (early stage, intermediate stage, late
stage) based partially on the extent (size and number) of the drusen [5]. The last

(i.e. late) stage is additionally divided into "dry" and "wet" forms.

It is critical to diagnose and treat ocular disorders promptly to avoid
permanent vision loss. Fundus photography in color is an efficient and cost-
effective method of screening funds [6]. Due to the fact that limited indications
are apparent during the early stages of illness, automated and effective

diagnostic algorithms based on color fundus images are urgently needed.
2



CHAPTER ONE INTRODUCTION

To address this problem, this work proposes a system that automatically
recognize the AMD, based on the fundus images of retina. The system should be
able to read the fundus image of retina, and based on its features (drusen
presence, size, and number). It should give an acceptable level of accurate
diagnosis of the condition in the eye and whether the eye is healthy of having
AMD. Furthermore, the stage of AMD.

The approach to building this system is based on Deep Learning (DL)
techniques. Due to the efficient performance of Deep Learning algorithms in
Computer Vision (CV) and image classification [7]. This means that this work
will necessitate the collection of a dataset of normal and AMD-affected eye

retinas in order to train the Deep Learning model on it.

In traditional Machine Learning methods, the feature engineering is time
consuming, and require longer time during the process of prediction especially

with images data. [8]

In Deep Learning, feature extraction and engineering is carried out by the
model itself. And generally, it perform much better comparing with the manual

feature extraction and engineering.

However; the major challenges in Deep Learning, are to configure the suitable
architecture, optimization methods, and the training parameters for the Deep

Learning model training.

Convolutional Neural Networks (CNN), is a Deep Learning algorithm, and
most popular categories of neural networks, especially for high-dimensional data
(e.g., images and videos). [9] Convolutional Neural Networks (CNNs) are

deployed to learn the characteristics of AMD in this work.
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1.2 Aims of Thesis

The objectives of the current study are as follows:
1. Conducting a literature review to summarize and compare modern machine

learning trends to solve this problem.

2. Designing, building, upgrading, and training a Deep Learning model to
extract features and classify the fundus retinal images based on their AMD

condition.

3. The CNN model should be capable of distinguishing between healthy and
AMD-affected eyes, with high-level accuracy.

5. Testing CNN performance through performance measures (e.g. accuracy,

sensitivity, specificity, area under the curve)

6. The ability to classify the three stages of AMD (early stage, intermediate

stage, and late stage) in addition to the normal stage

7. Comparing the performance of the proposed architecture and training
parameters with other famous CNN architectures such as AlexNet and VGGNet

on the same dataset.

1.3 Main Contributions of Thesis
The main contribution of the proposed system is the following:

1. Build a system that can classify the images of AMD and normal eye fundus
images, with higher accuracy than the previously proposed methods.
2. Adopting fewer parameters than the most modern Deep Learning models

(Convolutional Neural Network).
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3. Higher results for the system compared with other techniques and also with the

most common architectures using the same dataset.
4. Fast predicting time about 0.28 second per image.

5. Extending the binary classification system (AMD and normal classification
classes), to cover all the three stages of AMD, in addition to the normal status of

the eye.

1.4 Related Works

A number of studies have been conducted to cover the most related work
and to provide a summary of the work for the classification of macular
degeneration related to age. The suggested age-related macular degeneration
classification system can be implemented using the bypass neural network

(CNN) algorithm. In the following, the description of this research:

In 2020, Junjun and others proposed a new approach, they used ODIR
dataset. They proposed an attention-based unilateral and bilateral feature
weighting and fusion network (AUBNet) to automatically classify patients into
the corresponding disease categories. Specifically, AUBNet is composed of a
feature extraction module (FEM), a feature fusion module (FFM), and a
classification module (CFM). The FEM extracts two feature vectors from the
bilateral fundus photographs of a patient independently. With the FFM, two
levels of feature weighting and fusion are proceeded to prepare the feature
representations of bilateral eyes. Finally, multi-label classifications are
conducted by the CFM. The higher results achieved by their model was AUC
(0.934), F1 score (0.913), kappa (0.6402) [10].
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In 2020, Ram and other researchers used ODIR dataset too. They used the
deep convolutional neural network topology with N-Way fully connected layers.
This investigation's main emphasis was on the classification of normal, cataract,
AMD, and myopia. As the network's feature extraction component (i.e. the
convolutional net) is trained, the feature mapping component (i.e. the linear net)
of the network is also trained to different specifications. The greatest level of
accuracy obtained was (0.819), and the highest level of specificity was (0.663),
with a sensitivity of (0.714), and a specificity of (0.663) [11].

In 2019, Islam and other researchers used ODIR dataset to create a new
technique for identifying malignant tumours. The convolutional neural network
(CNN) has been used to diagnose eight different kinds of eye disorders, and the
performance of the CNNs has been assessed. Some standard pre-processing is
carried out before the data is transmitted to the network for rigorous
categorization to be carried out. The greatest level of accuracy was obtained
with an F-score of (0.85), a Kappa score of (0.31), and an AUC value of (0.80)
[12]. This work is the most similar to our approach, in the researches showed in
related work.

Dihao and Liping in 2020, used Vessel-Net to the ODIR-2019 dataset. This
research offers a new vessel-aware ensemble network for the identification of
retinal diseases. The global image together with the local medical-related areas,
such as the local disc region and the local vessel regions, combine to create the
global network. The results are formed by combining multiple results from
several data sources. Their findings show that this technique is good for the
state-of-the-art approaches, as well as demonstrating the significance of vessel-
related regions. The maximum results obtained was: accuracy (0.84), sensitivity
(0.87), and specificity (0.85) [13].
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Junjun and others in 2020, used the ODIR Dataset too. They use a
convolutional neural network-based patient-level multi-label ocular illness
classification model considering the complexity of both patient-level diagnoses
associated with bilateral eyes and multi-label disease classification. A dense
correlation network (DCNet) is utilized to solve the problem. The backbone
CNN extracts features, while the spatial correlation module is responsible for
correlating features, and the classifier generates classification scores. CNN uses
a single backbone that analyzes left and right color field pictures to extract two
very different groups of attributes. Once the spatial correlation module has
determined the correlations between the two feature sets, it gathers the pixel-by-
pixel correlations between them. A processed representation is subsequently
created using the processed attributes, which are then blended together to
provide a patient-level representation. The greatest accuracy values found were
Kappa=(0.63), F1 score=(0.91), and AUC=(0.93) [14].

Jing and other authors use the ODIR Dataset in their method one or more
fundus diseases may be diagnosed based on CNN-style model imaging of
fundus images that does not need any extra labeling information. The first half
of the solution relies on an efficient net-based feature extraction network, while
the second half is a customized classification neural network that is suitable for
multi-label classification scenarios. Finally, in order to determine the final
recognition result, multiple models' output probabilities are merged. The
additional information is that it was trained and assessed using the provided
dataset from the ODIR 2019. Accoding to the researchers, experimental findings
demonstrate that their model may be trained on a smaller number of data sets
while still producing satisfactory results. (0.89) Accuracy, Recall is (0.58). AUC
is (0.73). and Precession is (0.63) [15].
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In the year 2020, Neha and Pritee collaborate on a new project. The ODIR
Dataset is used by the authors in this method. Multi-class multi-label fundus
picture classification of ophthalmologic diseases are compared using two
different approaches: one that utilizes transfer learning and CNN techniques to
classify pictures, and another that does so using transfer learning and CNN
methods. It is found that the VGG16 pre-trained CNN architecture with the SGD
optimizer is best for classifying multi-class multi-label fundus photos. The best
obtained results are F1 score (0.85), and AUC was (0.84) [16].

In 2018, Tan and other researchers, at the Kasturba Medical College
(KMC) Ophthalmology Department, used Deep Learning (DL), and
Convolutional Neural Network (CNN). Their model utilized neural networks of
14 layers, Seven convolutional layers, four max-pooling layers, and three fully
linked layers comprise this image. The primary objective of the convolution
process is to extract unique characteristics from the input fundus picture. The
pooling process lowers the output dimension and guarantees that the output is of
a fixed size. The output layer of the fully-connected layer is activated using a
softmax function. The primary objective is to determine if the picture in the
input file is normal or AMD. Backpropagation was used to train the CNN model
with a batch size of 50. Additionally, the ‘Adam' method was used to improve
the CNN model's learning parameters. Results are (0.95) accuracy, (0.96)
sensitivity, and (0.93) specificity [17].

Liu and others in the year 2019, the authors gathered pictures for their
dataset by working with their university's medical department. They used a Deep
Learning (DL) strategy. Their work consists of two stages. To begin, it uses
deep learning to extract the pictures' discriminative characteristics. Second, it

employs several instances of machine learning to build a classifier using high-
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resolution pictures of AMD symptoms in unknown places. Results revealed total
accuracy of (0.7), sensitivity of (0.67), and specificity of (0.7) [18].

Yan and others in 2020 conducted this research using the Age-Related Eye
Disease Study (AREDS) dataset. They used Deep Learning (DL) technique. By
combining genotypes and fundus pictures, a modified deep convolutional neural
network is used to predict if an eye has advanced to late AMD. Their findings
indicated that fundus pictures in combination with genotypes might accurately
predict late AMD development with a mean AUC of (0.85). The mean area
under the receiver operating characteristic curve for fundus pictures alone was
(0.81) [19].

Floriano and others in 2019, in this study the authors used STARE dataset.
They preprocessed the images by 1-mathematical morphology to detect the
dilation and erosion. 2-thresholding used to distinguish between objects of
interest and the background. After that, Support Vector Machine (SVM) model
was trained to classify the images. Highest performance achieved on full dataset
was Accuracy: (0.83), Precision: (0.841), Recall: (0.836), F-measure: (0.834)
[20].

1.5 Problem Statement
In this section, the problem that would be tackled by this project will be

described.

The problems could include that sometimes the previously proposed system
IS not able to recognize the features, due to noise and poor image quality. This is

captured by the poor classification accuracy.

Morover the discrimination limitations proble. Which although features are

expected to vary greatly between images, there may be significant similarities in
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this data's feature sets. Thus, each algorithm has a higher theoretical limit in

terms of its ability to distinguish.

And ahe stages of the disease are similar in their appearance. Since there is
a thin distinguish between the number and size of the drusen, especially in the

Early and Intermediate stages.

Furthermore low number of publicly available dataset to train and test the

model on.

1.6 Thesis Outline

The thesis consists of five chapters and their description is briefly given
below. In addition to this chapter, the remaining chapters of this thesis are

distributed among the following chapters:

In Chapter Two: Background Theory, an introduction about the Machine
Learning and Deep Learning, their types and the difference between them, and

the reasons behind selecting this approach are explained.

In Chapter Three: Proposed System, a thorough explanation of the
Convolutional Neural Network (CNN), and the selected algorithm of the Deep
Learning to tackle our problem are presented. This chapter contains all the
principles of Convolutional Neural Networks, besides the related researches and
published works and codes that may be useful and insightful for our
understanding on how this technique is working. Moreover, the design of our
work and algorithms are explained. In addition, all the different pathways (the
two developed models) are examined during this project and different

configuration values are discussed in details.

10
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In Chapter Four: Results, the different results of all the examined pathways
are displayed and examined in order to understand the importance and
effectiveness of each of them. Furthermore, a comparison is made between

them. Finally, the most promising result are promoted.

In Chapter Five: Conclusions, a conclusion of the work and the related results

are discussed. Besides, further works to improve this work are suggested

11
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CHAPTER TWO THEORITICAL BACKGROUND

2.1

Introduction
Machine Learning (ML) field is about developing algorithms that learn

automatically from datasets. These learned models will make predictions in the

future based on what they learned during the training process [21].

In this chapter a deeper investigation about AMD, Machine Learning, Deep

Learning, image pre-processing, and their algorithms.

2.2 Age-related Macular Degeneration

Age related Macular Degeneration (AMD) is an eye disease that can blur
the sharp, central vision you need for activities like reading and driving. “Age-
related” means that it often happens in older people. “Macular” means it affects
a part of your eye called the macula. “Degeneration” means the type of damage

happening to the eye. This disease effect about 8% of people globally [4].

Age-related Macular Degeneration (AMD) is eye condition that effect old
people. In addition, it is one of the prime reasons for blindness or blurred vision

for senior citizens.

AMD is a chronic eye condition that affects the central vision of the eye. It
Is due to the degeneration of the macula, the central part of the retina that

promote clear and sharp vision.

In AMD there is a progressive accumulation of yellow deposits, called
drusen (build-up of extracellular proteins and lipids), in the macula (a part of the

retina). This accumulation is believed to damage the retina over time [22].

AMD can be categorized into three stages (early stage, intermediate stage,
and late stage) based partially on the extent (size and number) of drusen.
13
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The three stages of AMD can be seen as follows [5][23]:

e Early stage: medium drusen deposits size, and no change on retina layers,
and no vision loss.

e Intermediate stage: large drusen deposits size, and/or change on retina
layers and in rare cases a mild vision loss.

o Late stage: large drusen deposits size, and changes on retina layers, which
leads to what known as Geographic Atrophy (GA). Which is the loss of
some tissues in the layers of retina, because of the advance in drusens. This
will may lead to vision loss. This stage could be developed further, that the
large drusens will change the size of to the eye blood vessels abnormally,

making them bleeding and leaking.

Figure 2.1 shows a normal eye. The diagnose could be explained judging
there is no drusens, and the texture of the retina is clear, and the blood vessels

are healthy with no damage.

Figure 2.2 shows an eye with AMD in early stage. Where some drusens are
visible on the macula of the eye. However, they don’t form a hard and large

clusters.

Figure 2.3 shows intermediate stage in AMD disease. Where drusens are
visible. Larger number of them comparing with the early stage, and larger

clusters.

While Figure 2.4 shows the late stage. Where the central drusen cluster are
visible, besides one large spot of the drusen on the macula, and apparent damage

to the retina.
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In Figure 2.5 shows the late stage, with advanced damage. Where blood

leaking from the vessels is visible. With large damage to the retina.

Figure (2.1): Normal retina [24]

Figure (2.2): AMD early stage [24]
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Figure (2.3): AMD intermediate stage [24]

Figure (2.4): AMD - late stage [24]
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Figure (2.5): AMD - advanced late stage [24]

2.3 Machine Learning
It 1s a subfield of “Artificial Intelligence” that equips computers with the

ability to execute skilled tasks via the use of intelligent software. Machine
Learning methods have been used to a broad range of applications, including
computer vision and email filtering, when it is impractical or impossible to
enhance traditional algorithms to do the necessary job. The field of Machine
Learning (ML) is about developing algorithms that learns automatically from
datasets. These learned models will make predictions in the future based on
what they learned during the training process. The idea behind these algorithms
is that they create a statistical inference from the data they are learning from,
and use this statistical model in order to predict future values. For example,
assume we want to develop an algorithm to predict if there is storm coming in
specific area, the data of the weather in that area for some time will be collected.
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In addition, the Machine Learning algorithm will build a model to understand

how the different variables and features of that data are combined together to get

the right results. [25].

2.4 Machine Learning Approaches:

Although all the Machine Learning models share similar goals (i.e.
predicting the right result for a specific problem), and although sufficient
amounts of data are required to train the different types of Machine Learning
problems, there are different approaches to getting this result Figure (2.6) shows

the different types of Machine Learning approaches. The types of Machine

Learning are [25]:

Types of Machine Learning

Machine Learning

\

i

Y

r

¥

Supervised
Leaming

Unsupervised
Leamning

Reinforcement
Learning

Deep Learning

Deep
Reinforcement
Learning

Figure (2.6). Types of Machine Learning [26]

A. Supervised Machine Learning

The data are labelled in supervised learning. This implies that the Machine
Learning algorithm is trained on data with known input values (features or
variables, denoted as x) and output values (target, written as y). The supervised
algorithm's job is to match the inputs in a function to produce a precise output
(y=f(x)). The objective is to achieve the greatest possible match between x and
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y, such that when a new value is input into the model, it produces the desired
result. Supervised learning is one of the most popular learning methods. It may

also be split into two categories: [25]

- Classification: in which the output or the target (y) is categorical. For
example, if we want to know if the patient is sick or not, or whether or not it will
rain a week later. Alternatively, if the customers prefer more red or blue colours.
- Regression: In regression, the target value (y) is numerical. It is difficult, for
example, to estimate the value of the stock market. Or how much it will rain a

week later. Or how many items the customer will buy.

Some common Machine Learning algorithms are Linear Regression, which
Is used for regression problems. Support Vector Machines are often utilized for
categorization issues. In addition, Random Forest is used for classification and

regression.

Notice that it is called supervised because the algorithm can be guided
towards the correct answer during the training phase by using the target values

(y) in the dataset.

B. Unsupervised Machine Learning

In this category, the data is not labelled. Therefore, the algorithms have
only the input variable value (x), without the target value (y). And it will try to
find the distribution and the underlying pattern of the data in order to build a
model that gives better understanding and prediction of the data [27].
Unsupervised learning could be divided into:
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2.5

- Clustering: is a type of algorithm that divides data into distinct groups. This
division of different groups is based on some inner properties that the data has.
For example, the clustering of website users is based on their different
behaviour.

- Association: is the type of algorithm where it tries to connect or relate some
values to another value. The ecommerce recommendation engine is an example
of this; when a user purchases one item, it will recommend another item that is

typically purchased together.

. Semi-Supervised Machine Learning:

This approach is when some of the data is labelled. So, for some of the
data, the target value (y) is known, while for the other parts of the data, the

target value is unknown [28].
Reinforcement Learning:

This approach is based on rewards. The algorithm will get the inputs (x),
and perform the function, and it will return an output. This output will include a
value (award) that indicates how good the model was at its previous behaviour

[29]. Generally, there are two types of awards:

Positive: occurs when the algorithm's behaviour toward the input results in
stronger behaviour.
Negative: this happens when the algorithm behaviour the input will result in

unwanted sequence.

Deep Learning
In the classical Machine Learning approach, the model receives inputs from

predetermined features. Meaning, only the important and relevant features are

selected or crafted. This is done manually by the programmer or the engineer.
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However, this does not always lead to the best results. Since there are many
phases with different approaches to deal with them. Moreover, manual feature
selection and engineering do not always lead to the best results. In Deep
Learning, this problem is solved by doing the feature extraction automatically by

using deep layers to do the feature extraction [30].

2.5.1 The Techniques of Deep Learning:
It is a subcategory of Machine Learning that utilizes hierarchical structures

to allow the computer to learn abstract concepts from data. . It is a developing
approach and has been commonly implemented in conventional artificial
intelligence domains, like transfer learning, Natural Language Processing,
Semantic Parsing, Computer Vision and others. here are three main reasons for
the growth of deep learning today: firstly, greatly increased chip processing
capabilities (e.g. GPU units), secondly, the lower cost of computer hardware

and, finally, the rapid advancement of machine learning algorithms [31].

2.5.2 Deep Neural Networks (DNN)
A network such as DNN is essentially an ANN with several hidden layers.

MLP is among the most often utilized ANN architectures to build DNN. Since
neural networks are defined as shapes, they may be considered figures. A
machine-learning neural network is diagrammed in an abstract manner. The
DNN, due to the high number of weights included in the network, needs very
long computing times and substantial amounts of data input to training stages
[32]. In the past decade, many new variables have developed, enabling us to
teach this kind:

- The exponential growth in computer and GPU processing power.
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- Big data analysis is facilitated by new data-oriented cultures, such as data

mining and machine learning, which have developed in the past decade.

- New DNN training techniques emerge like “fast learning algorithm, RelLU
layers, and dropout regularization”. [33] [34]

2.5.3 Convolutional Neural Networks (CNN)
Some Deep Neural Networks (DNN) researchers believe that

Convolutional Neural Networks (CNNs) are one of the most often used
computer vision models in DNNs, which are also built using multilayer
perceptron’s (MLP) and back propagation methods. Traditional MLPs may
perform feature extraction followed by classification, while this new model
combines a number of locally linked layers for feature extraction and one large
interconnected layer for classification. Multi-stage training Neural Network
Architectures are known as convolutional neural networks. As each of these
phases has the kinds of layers mentioned below, they are all included in each of

these stages [35].

This type will be elaborated in the next section, since it is the cornerstone
of this approach. However, notice that the most important of the CNN is the
convolution operator (Figure 2.7), where the features are learned through these
kernels. [36]
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Output [0][0] = (9*0) + (4*2) + (1*4) +
(1%1) + (1*0) + (1%1) + (2%0) + (1*1)

=0+8+1+4+1+0+1+0+1
..-..-.. =16

i

Input image Filter Output array

Figure (2.7): Sample of convolution layer operation [37]

2.5.4 Training Algorithms
Typically, while trying to reduce a deep learning problem'’s loss, we first

set up a loss function and then use an optimization method in order to minimize
it. A loss function is often defined as “the objective function of an optimization

problem”.

2.5.4.1 Loss function
Sometimes called (objective function) or (cost function) or (error function).

Since the general idea of Machine Learning and Deep Learning is to develop a
method to set the values of the input dataset into correct output. This goal is
achieved mainly by configuring the suitable weights of the Artificial Neural
Network for this purpose. However, in practice, calculating the exact right value
for each weight is unachievable. Since there are many unknowns values. So
instead, the problem of finding the right values for the weights is set as

optimization problem. In this sense, the algorithm will search the possible sets of
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weights that will lead to the expected and satisfying results. These expected

results are recorded as lowest error value as possible. So all the aspect of the

model performance should be turned into single value by the loss function. By

using this single value, the amount of changes to the weights are derived by the

optimization function. [38]

There are many functions that are available as loss function. Each one of

them works in specific way to achieve specific goals. Generally, the loss

functions are divided based on the type of problems they are working on. So

there are functions suitable to regression problems, others are suitable for binary

classification than regression problems.

A

Regression Loss functions: these types of loss functions are suitable for
regression problems. Since regression is concerned in predicting numeric
values. The most prominent and widely used loss functions in regression
problems are:

Mean Squared Error Loss: or usually (MSE) is the default function used
in regression problems. The value of it is calculated by subtracting the
values of expected results and the real results get by the training
observations. After that, these values are squared (to eliminate the negative
value impact). Then calculating the average of these values. Therefore, the
value will be always positive, since squaring negative values will result in
positive result. Additionally, the squaring operation will means larger the
error get, larger the model is pushed to modify its weights. And the perfect
value that will not make any change will be zero (because the different
between the expected value and what we get is the same, in other words our
model get us exactly what we want) [39]. The mathematical equation for the

mean square error is as follow:
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MSE =~ (yi = 9)* .(2.1) [39]

2. Mean Squared Logarithmic Error Loss: or generally (MSLE) in this
method, the natural logarithm value of both the predicted vale and the
expected value are calculated. Then the same approach for the Mean Square
Error is used. By subtracting both values and calculate the average of them.
This method is necessary when there are a wide variance in the values of the
target. So we don’t want the model to make large changes when there are
large differences between the expected and calculated values [40]. The
equation for the Mean Squared Logarithmic Error is as fellow:

MSLE = %I, (log(y; + 1) — log(5; + 1))? ...(2.2) [40]

Notice that there are one is added to each of the expected and predicted values.
This is because its mathematically impossible to have a logarithm value for
zero. In addition, the logarithm value for one is zero.

3.  Mean Absolute Error Loss: or (MAE). In this approach, similar steps are
taken as in Mean Square Error. But instead of using the square value for
difference between the predicted values and expected values, an absolute
value is taken instead. This method is preferable when there are many
outliers in the target values (many target values are far from the mean value)
[41]. The equation of this approach is as fellow:

MAE =<3, |y, -9 ...23)[41]

B. Binary Classification Loss Functions: in these types of problems, where
there are two classes available for the target value (usually either O or 1).
There are specific type of effective loss function for these types of problems.

1. Binary Cross-Entropy: this method is the default and most efficient

methods used when the problem involves binary classification. It assume
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and works when the target values are either 0 or 1. The value it calculates
summarizes the average difference between the expected value probability
distribution, and the calculated value probability distribution [42]. The
optimal value for this method is zero.

h(x) = —log(P(x)) ...(2.4) [42]

_(=logP(Y =1]X) ify=1
h(X,y) = {— logP(Y =0|X) ify= O}

C. Multi-class Classification Loss Functions: these types of loss functions

...(2.5) [42]

works with classification problems of two or more classes. The classes are
usually labelled as integer numbers starting from zero. And the problem can
be phrased as predicting the probability of each class. Here are some
methods of calculating the loss function in multi-class classification [43].

1. Multi-Class Cross-Entropy Loss: this approach is the default and
commonly used in the problems with multi-class classification. It is used
when there are two or more classes. The labels of the classes are set as
integers starting from zero. In this approach a value is calculated to
represents the average different between the expected output and the actual
output [44].

2. Sparse Multiclass Cross-Entropy Loss: in the case when there are very
large number of labels to classify (for example, in the problems of prediction
words in Natural Language Processing in vocabulary have hundreds or
thousands categories) that the model should predict, there will be need for
high memory and computation power. Notice that in Machine Learning,
each label of the dataset are stored as One hot Encoding. So this means each
label is a vector with hundreds or thousands length, all of them are zeros,
only one is one. Sparse Multiclass Cross-Entropy Loss will address this

problem by using the same cross-entropy operation to calculate the error, but
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instead of using One Hot Encoding to represent the label, it will use an
integer number to replace that representation [45] [43].
CCE(p,t) = — =1 toc 10g(po, ©) ..-(2.6) [45]

3.  Kullback Leibler Divergence Loss: also called (relative entropy) or (KL
Divergence). This method measures how different is the probability
distribution from another probability distribution. If the difference between
the two distributions is zero (i.e. the probability distributions are identical),
this means there is no changes required, and the output meets the expected
values. It is somehow similar to the previous Cross-Entropy method. In its
main motivation, it calculates how far is the current distribution from the

expected distribution [46].

KLD(pllq) = [ p()logZ2  ...(2.7) [46]

2.5.4.2 The Activation Functions
This function is a fundamental component of an artificial neuron, and it can be

nonlinear or linear in nature, displaying the degree of neuron activation. The
normal range is (-1,1) or (0,1). The sigmoid function, which is the usual
activation function for the calculation of probability using the equation formula
(2.2), is the usual choice for the activation function in hidden layers.

1
1+e~%

g(2) = ..(2.8)

Another popular activation function is Rectified Linear Unit (ReLU): is a piece-

wise linear activation function, the following equation represents its formula
(2.3)

g(z) = max(z,0) ..(2.9)
The output layer must make educated guesses about the likelihood of different

classifications. As a result, the SoftMax activation function is the most
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frequently employed activation function in the output layer, as shown in the

equation (2.4).
N ezi
a(7) = YT ...(2.10)

Where, o is the softmax function, Z is the input vector, e is the standard
exponential function for input vector, k is the number of classes in the multi-

class classifier, e?i is the standard exponential function for output vector.

The activation function of the Rectified Linear Unit (ReLU) has two advantages:
The first is that the ReLU function is simple to measure, and this criterion
provides an advantage in terms of computational speed. The second is that the
ReLU gradient is constant, which means that for any numerical input, the ReLU

output value is zero or in the positive area [47].

2.5.4.3 Optimizer
Optimization in its general term refers to developing a procedure that will

minimize or maximize the output of function, giving it the same input. By
modifying and tweaking some changeable variables. This is tricky task since
there are large and high dimensions space to seek the optimal values for these
variables to minimize or maximize the output of the function. In practice, the
variables that the optimizer controls are the weights and biases of the network.
There are many different types of optimizers, each one have its advantages and

disadvantages [48]. The most popular ones are:

1. Batch Gradient Descent: it is the most simple and widely used
optimizer in machine learning. Mainly used in regression and classification
problems. It uses the first order derivative of the loss function to detect the

direction of the weights to be modified (increase or decrease the weight) so the
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model will reach the minimum loss value. The way it works is that it’s update
the parameters after one epoch. In other words, it goes through all the
observations to calculate the error, and after that it will update the parameters.
The advantages of this optimizer is in its simplicity. So it is easy to implement
and understand, and relatively computational efficient. Since the changes are
happening only after a whole epoch is done. Moreover, it gives smother
convergence than other gradient descent family of optimizers. However, it has
the potential to stuck at local minima or saddle point, and having slower learning
since it apply the changes only after whole epoch [48]. Figure (2.8) shows how
the Batch Gradient Descent behave.

A

 J

Figure (2.8): Batch Gradient Descent [48]

2. Stochastic Gradient Descent: or usually referred to as (SGD). Unlike
Batch Gradient Descent, the Stochastic Gradient Descent consider only one
observation before applying the changes in each time. Therefore, instead of
going through all the dataset before calculating how to change the parameters, it
will do the calculations after each observation is selected. This will lead to lower
memory required since only one observation is selected to calculate how the

changes will be, and frequent updates will make the optimizer less likely to
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stuck at local minima or saddle point. However, this frequent changes can lead it
away from the global minima, and frequent changes are computationally
expensive [48] [49]. Figure (2.9) shows the behaviour of SGD.

Figure (2.9): Stochastic Gradient Descent

3. Mini-Batch Gradient Descent: it is similar to the Batch Gradient
Descent and Stochastic Gradient Descent. However, instead of updating the
parameters after a whole epoch, it will update after running on a part of the
observations in the dataset. So the iteration will be on a pre-define number of the
observations and not all of them. This gave the Mini-Batch Gradient Descent a
faster learning, since it will not require going through all the dataset in order to
update the parameters. Still computationally efficient. However, it require to
define the Mini-Batch size hyper parameter (the number of observations to

consider in each iteration) [48] [50]. Its behaviour is showed in Figure (2.10).
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Figure (2.10): Mini-Batch Gradient Descent

4. Adam: Or called also (Adaptive Moment Estimation). It is so far the

most prominent and popular optimizer that giving better results than others

optimizers. It is a first order gradient, which is based on the stochastic cost

function. The motivation behind Adam is to avoid missing the minima.

Therefore, the optimizer velocity is reduced when it is required, while searching

so it will not miss the minima. However, this reduction is not all the time of the

search process, so it will not take too long to find the minima. This is achieved

by keeping the squared decaying average values of the previous gradient like

AdaDelta and RMSprop. Moreover, Adam holds the previous decaying average

of past gradients. This leads to the advantage of speed convergence, and fix the

problem of vanishing learning rate. However, it is computationally expensive
[51] [52]. Algorithm 2.1 shows how Adam algorithm works.

Algorithm (2.1): Adam algorithm

Input:

a: stepsize
B1, B2 € [0,1): Exponational decay rates for the moment estimate
f(6): stochastic objective function with parameter 6

6,: initial parameter vector

Output: optimized model parameters
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Begin
Stepl: m, = 0 (initialize 1% moment vector)
Step2: v, = 0 (initialize 2" moment vector)
Step3: t = 0 (initialize timestep)
Step4: while 6, not converged do:
Step5: t=t+1
Step6:  gr = Vof(6¢-1)
Step7: my =1 -meg + (1 —=P1) - g
Step8: v, = .327;1171:—1 +(1-8,) - g¢

t

Step9: m, = gt
A L 5
Stepl0: ¥, = a5
. _ PV 0"
Stepll: 6,=60,_,—« Toso) (update parameter)

Stepl12: End while
End.

Figure (2.11) shows a general comparison between different optimizers in their
performance. Revealing that Adam is the best one of them. Which will be

selected in this project.

Validation accuracy over time for different optimizers
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Figure(2.11): Comparison of different optimization methods [53]
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2.5.5 Regularization of Neural Networks
There are many techniques that have been suggested during the training

process to prevent over-fitting. It is called regularization.

1- Overfitting Problem: Deep neural networks have a high capacity to
represent learning. Lack of control over the learning process in deep neural
networks can cause over-fitting problems. Over-fitting means that models
have a poor generalization capability. That results in the poor predictability
of test data, although a high output of training or validation data is achieved
by the model. It happens when there is a large gap between the errors in
training and the errors in testing. The overfitting problem is depicted in the
Figure (2.12). This state suggests that the deep neural network model is
equipped to have a strong ability to match the training data rather than know
the data patterns [54].

— - Training error
Underfitting zone| Overfitting zone

- (Generalization error

FError

0 Optimal Capacity

Capacity

Figure (2.12) Overfitting in deep neural networks [55]

There are plenty of regularization techniques available to improve deep

generalization capability.
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2- Dropout: It is a regularization method for DNN models to deal with the
issue of overfitting. The Dropout method is known to be a way of partially
combining several different neural networks in an efficient way. It is clarified
to drop out the neurons in the hidden layers of the neural network. Dropping
out of neural neurons means that neurons and their related incoming and
outgoing neural network connections are immediately lost. The Figure (2.13)
depicts the concept of a dropout's life. When the dropout technique is applied
to the multi-layer perceptron in the hidden layers, there is a likelihood that

the neurons will be skipped in the hidden layer [56][57].

MLP with one hidden layer Hidden layer after dropout

output layer

hidden layer

input layer

Figure (2.13) Comparison of MLP with and without dropout method [58]

3- Drop Connect: is a dropout generalization for the regularization of large,
completely connected layers within neural networks that groups arbitrarily
nominated weights to zero during preparation, data argumentation that

operates the input data, and early iteration stoppage [59].

Figure (2.14) shows a comparison between the ANN in the normal, Dropout,
and Drop Connect statuses.
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DropOut Drop Connect

Figure(2.14): Comparison between Normal, Dropout, and Drop Connect in

ANN

4- Early Stopping: When CNN network is large, and the size of the training
dataset is large too, there are a high opportunity of overfitting. Which means
that the model will stop generalizing, and be limited to the training dataset,
and will not perform well on the test dataset, neither in real life. So the goal
Is to train the model long enough to capture the general pattern of the dataset,
without going through the problem of overfitting. Therefore, the idea of early
stopping is to stop the training process before reaching the point when the
problem of overfitting start to happen. This is done by validating the model
performance during training phase with the validation dataset. And the
training process will stops when the accuracy of the model will decrease
against the validation dataset [60]. Figure (2.15) shows when the early
stopping happen.
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Figure (2.15): Early Stopping [61]

2.6 Convolutional Neural Network Concepts
Convolutional Neural Network (CNN) or Convolutional Network is

proposed by LeCunn in 1989 [62]. Is a special kind of Artificial Neural Network
that is specialized in processing grid structure data (such as images). CNN
performance is considered successful when it’s deployed in real applications.
From its name, it is based mainly on the mathematical operation “convolution”.
It’s main success key in its ability to combine a number of locally connected
layers used for the extraction of features and followed by a number of
completely interconnected layers used for classification. CNN are known as
multi-stage training Neural Networks architectures well designed for
Classification tasks. The early layers are responsible for extracting simple
features (such as edges). The deeper the layers are, more complex and
sophisticated the extracted features are. The deeper layers combine the output of
the previous layers to produce complex and sophisticated features. Figure (2.16)

shows that deeper the layers, more sophisticated the features are.
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Figure (2.16): lllustration showing that deeper the layers, more sophisticated

the features extracted are [63]

2.6.1 CNN layers:
In CNN, there are different types of layers. Each layer work in a specific

way, for a specific task. These layers are:

A.Convolution layer: Is the essential layer to build a CNN model. It includes
a number of kernel matrices that implement a convolution on the input and
generate an output matrix of features (i.e. Feature map). Features in the
convolution window are learned through the Convolution Operation.
Additionally, the shared parameter method is used to decrease the number
of parameters when the convolution is working [64]. Figure (2.17) shows

convolution operation.
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input in the feature map kermel
x1 X2 X3 x4
a
X5 X6 X7 X8 C
x9 x10 x11 x12
axl + bx2 + cx5+dx6 ax2+bx3+cx6+dx7 ax3 + bx4 + cx7 + dx8
ax5+bx6+cx9+dx10 ax6+bx7+cx10+dx11 ax7+bx8+cx11+dx12

Figure (2.17): Convolution operation

Equation (2.11) shows how the equation of convolution operation. Where, X is the
input provided to the layer, W is filter or kernel which slides over input, b is the bias,
* representing the convolution operation, and ¢ is non-linearity introduced in the

network.

B.Pooling layer: It is a fundamental layer to the CNN. Performance of
dimensionality reduction of the input feature images is the purpose of a
pooling layer. Pooling layers perform subsampling to convolutional layer
outputs that linked with neighboring features. The average pooling and max
pooling operations are two common operations. The average pooling
operation uses all values within the convolution window and calculates the
average value out of the window, meaning that the operation takes into

account all values. While, in max pooling operation the largest value in each
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convolutional window is chosen [66]. Figure (2.18) shows the pooling

operation.
max pooling
20 30
12 20 30 (0] 112 37
8 12 2 0
34 70 37 4
112 100 25 12 average pooling
4x4 feature map
79 20

Figure (2.18): Pooling operation

C. Flatten Layer: The produced feature maps are normally flattened,
meaning that is changed into a One-dimensional (1D) array of vector (or
numbers), and connected to the one or more entirely connected layers
(normal Artificial Neural Network). The main motivation of Flatten layer is
to make is suitable for the coming signal from the previous layers of feature
extraction to be sent to the input layer of the classification part of CNN

[67]. Figure (2.19) shows how the flatten operation is carried out.
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Figure (2.19): Flatten operation

D.Dropout Layer: Dropout is a regularization method that approximates
training a large number of neural networks with different architectures in
parallel. Dropout has the effect of making the training process noisy,
forcing nodes within a layer to probabilistically take on more or less
responsibility for the inputs. This conceptualization suggests that perhaps
dropout breaks-up situations where network layers co-adapt to correct
mistakes from prior layers, in turn making the model more robust. This will
reduce the problem of overfitting in CNN [56].

E. Dense Layer: Or fully connected layer. In this layer, each input is
connected to each output through a learnable weight. It's the classic Feed
Forward Neural Network (FNN) hidden layer. Which is described in details
in the previous section (ANN). At Once the features extracted via the
convolution layers and down sampled by the pooling layers are performed.
The last fully connected layer usually has same number of output nodes as

the number of classes [68]. Figure (2.20) shows general hierarchy of CNN.
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Figure(2.20): General hierarchy of CNN [69]

2.6.2 Training the CNN
Back-propagation has two stages: the forward and backward phases. Back-

propagation algorithm of MLP is explained in section (2.3.2). The issue is more

complex at the other levels of CNN.

In computing the outcome of an operation, the forward propagation

computes the intermediate results in the memory before computing the final

result. While the chain rule is used in the backward direction to calculate the

gradient of the loss function with respect to the inputs, it is a one-sided chain

rule that does not utilize the outputs.
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Figure(2.21): Training the CNN [70]

This illustration in figure (2.21) shows the difference between feed forward and
feedback. The goal is to discover how the gradient in a convolutional layer

propagates backward. The objective of backpropagation is to discover the db,

dx, and dw using the Z—; and administer the gold rules chain.

The definition of the forward pass goes like this: It is possible to receive a string
of n data points using ¢ channels, each of which has a height of h and a width of
W. N distinct filters are applied to each input, each of which covers all ¢

channels and is tall and wide.

Algorithm 2.1 shows how the backpropogation works.

Algorithm(2.2): Backpropogation [71]

Input:  X: training dataset, with size m*n
y: labels of the observations (rows) in X

w: weights of the respective layers
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I: number of layers in neural network

Output: trained model
Begin
Stepl: calculate the error Di(;)

. 3 O _
Step2: for all 1,i,j set t; =0
Step3: for i=1:m
Step4d: a! = feedforward(x®,w)
Step5: d' = a(L) — y(i)

o O _ @ O
Step6: ;' =t; +a; -t
Step7: end for
Step8:ifj #0

. @ _1.0 M
Step9: D" = —t;;" + Awy;
Stepl0: else

l 1 ) l
Stepll: Dl.(j) = ;ti(j) where m](w) = Di(j)
ij

End.

Figure (2.22) shows the difference between the Forward pass and Backward
pass mathematical operation on the level of the neuron.

Forwardpass

Backwardpass

Figure (2.22): Forward pass and Backward pass in artificial neuron
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2.6.3 Famous CNN Networks

A. AlexNet: ImageNet contest is a contest where there are more than 15 million
Images in over 22 thousand categories. The goal of the contest is to build a
program that is able to classify the images correctly. In 2012 [72], Alex
Krizhevsky, Ilya Sutskever, and Geoffrey Hinton developed what is known as
AlexNet. Their proposed design includes eight layers in total. Five of them are
convolutional layers, and three are fully connected layers. The new approaches

used in this network, which made them competitive, are:

-ReLLU: “Rectified Linear Units (ReLU)” are used as an “Activation
Function” instead of a normal function. When compared to CNN using the tanh,

ReLU reduced training time by six times.

-Overlapping Pooling: The traditional method of pooling is used as a
single pooling operation on each layer. However, in AlexNet, the concept of
overlapping pooling is introduced. This led to a 0.5% reduction in the error rate.
And made the model harder to fit.

Figure (2.23) shows a general design of AlexNet.
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Figure(2.23): AlexNet design [73]
A.VGG: The VGG was introduced by K. Simonyan and A. Zisserman of the

University of Oxford [74]. According to ImageNet, their model achieves an
accuracy of 0.927, putting it among the top five most accurate models. It
outperforms AlexNet by progressively substituting large kernel-sized filters.
Figure (2.24) shows the general design of the VGG16. However, there are many
configurations of the VGG network that results in slightly different design that is

suitable for specific problems.
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Figure(2.24) : VGG16 architecture [75]

2.7 The Selected Approach

As shown previously in this chapter, there are many approaches and
methods to build and train a model based on the dataset. In order to select the

appropriate approach for this project, there are two aspects to be considered.

2.7.1 Theoretical justifications
In theory, the traditional Machine Learning algorithms require the process

of feature selection. Which is concerned with detecting and considering only the
most important and effective features of the dataset to be trained on the model
[76].

This is crucial since the traditional Machine Learning algorithms are very
sensitive to the noise and irrelevant data [77].

Moreover, complex data (such as images) are difficult to extract their features

manually and their importance manually. Thus in Deep Learning, the features
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are learned by the model itself based on the data. Therefore, the extracted

features will be the true and real features with high accuracy [78].

2.7.2 Practical justifications

In order to select the right approach, recent research with different approach
working on the same problem (AMD classification) are compared. So the
performance of each different approach is evaluated.

Table (2.1) shows different approaches, with their results.

As seen in Table (2.1), we can see that most of the traditional Machine
Learning classifiers have relatively low performance (such as k-NN, DT, and
others). However, the SVM showed the highest level of performance among
other traditional Machine Learning algorithms. On the other hand, CNN (Deep
Learning algorithm) showed much higher performance (almost perfect)

comparing to the traditional Machine Learning.

This observation shows a practical evidence that Deep Learning models
(especially CNN) outperforms the different types of traditional Machine
Learning classifiers and approaches, in classifying images. In addition,

especially images related to AMD cases.

Table 2.1: Performance comparison between different classifiers

Researchers

Year

Dataset

Classifier

Results

Priya and Aruna
[79]

2014

Aravind

Eye Hospital and
Postgraduate Institute of
Ophthalmology

SVM

Accuracy: 0.96
Specificity: 0.94
Sensitivity: 0.96

Naive
Bayes

Accuracy: 0.92
Specificity: 0.88
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Sensitivity: 0.93

PNN

Accuracy: 0.88
Specificity: 0.82
Sensitivity: 0.90

Mookiah and
others [80]

2014

ARIA dataset

Naive
Bayes

Accuracy: 0.83
Sensitivity: 0.90
Specificity: 0.73

k-NN

Accuracy: 0.82
Sensitivity: 0.86
Specificity: 0.75

PNN

Accuracy: 0.86
Sensitivity: 0.92
Specificity: 0.78

DT

Accuracy: 0.80
Sensitivity: 0.86
Specificity:0.71

SVM

Accuracy: 0.95
Sensitivity: 0.96
Specificity:0.93

STARE dataset

Naive
Bayes

Accuracy: 0.78
Sensitivity: 0.90
Specificity: 0.59

K-NN

Accuracy: 0.74
Sensitivity: 0.76
Specificity: 0.66

PNN

Accuracy: 0.76
Sensitivity: 0.90
Specificity: 0.55

DT

Accuracy: 0.79
Sensitivity: 81
Specificity: 75

SVM

Accuracy: 0.95
Sensitivity: 0.96
Specificity: 0.93

Garcia-Floriano
and others [20]

2017

STARE dataset

SVM

Accuracy: 0.83
Precision: 0.84
Recall: 0.83
F-measure: 0.83

Mookiah and

2014

Naive

Accuracy: 0.83
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others [81]

Bayes

Sensitivity: 0.85
Specificity: 0.82

k-NN

Accuracy: 0.87
Sensitivity: 0.85
Specificity: 0.89

PNN

Accuracy: 0.89
Sensitivity: 0.81
Specificity: 0.97

DT

Accuracy: 0.84
Sensitivity: 0.84
Specificity: 0.84

SVM

Accuracy: 0.93
Sensitivity: 0.91
Specificity: 0.96

Tan and others
[17]

2018

Ophthalmology
Department of Kasturba
Medical College (KMC)

CNN

Accuracy: 0.95
Sensitivity: 0.96
Specificity: 0.93

Matsuba and
others [82]

2018

Tsukazaki Hospital

CNN

AUC: 0.99
Sensitivity: 1.0
Specificity: 0.97

Keel and others
[83]

2019

Different hospitals

CNN

AUC: 0.99
Sensitivity: 0.96
Specificity: 0.96
Accuracy: 0.96

Combining both the theoretical and practical justifications, the selected approach to

tackle this problem is to use Deep Learning instead of the traditional Machine

Learning. Especially the CNN approach due to its previously stated advantages of it.

2.8 Image Processing Technigues
This section discusses the image processing methods that are used in this

thesis for the purpose of preprocessing and improving the input pictures.

2.8.1 Type Of Image

The types of image used in this project can be classified into [84]:
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A. Gray Scale Image

It is called a monochrome image. A function of two-dimensional light
intensity, f (X, y), is defined in that each of the two variables is a spatial
coordinate and the value of f is proportional to the brightness (or gray level) of
the picture at each point in time (x, y). Each pixel in a gray-level image has its
own brightness. Zero normally stands for black, and white represents the highest
possible value. For example, in an eight-bit image, the overall unsigned value of
eight bits is 255 and that is the value used for white. To calculate the value of
each pixel in the new image by weighted summation of the three channels
(RGB) of the original image. Equation (2.12) shows the configuration of the CV

library in calculating the greyscale image.
Y =0.299*R + 0.587*G + 0.114*B ...(2.12)

Where: Y is the new greyscale image. R, G, and B are the pixel values for

the red, green, and blue channels respectively [112].

B. Color Image

In a color image, every pixel has its own color and brightness, which is

typically depicted as a triple component; red, green and blue intensities

2.8.2 Image Resize
The size of some of the pictures recorded by the camera and supplied to our

Al system varies. As a result, a base size must be generated for all pictures given
into the prposed system. The regular size maintains the clarity and sharpness of

the visual elements and saves time when compared to the bigger size.
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2.8.3 Remove Noise (Denoise)
At this stage, the images are cleared of the standard known noises and

defects. During the capture and transmission of images, there is noise. Image

enhancement is the main and primary step in the image processing concept. It is

used to develop the quality and brightness of an image. A filter was used, and it

was very effective in reducing image noise [85].

A. Types of noises: noise in image is usually a variance in brightness and colour
intensity among the pixels of the image. It occur usually during the process of
capturing the image or scanning it due to artificial effects (such as flashlight) or
natural effects (such as high sun bright). These defects carries a large impact on
the process of extracting features from the images and classifying them. Some of
the most common noises are:

1. Salt and Pepper Noise: Sometimes it’s called impulse noise, or spike
noise, or random noise, or independent noise. This noise can be caused by
sharp and sudden disturbances in the image signal. It presents itself as
separated white and black pixels [86]. As showed in Figure (2.25). On the
left side, there are two normal retina images. On the right side, the same

Images with salt and pepper noise.
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Figure (2.25): Salt and Pepper Noise

2. Gaussian Noise: is also called white noise, or normal noise. This is because
the noise have similar density to the normal distribution (i.e. Gaussian
distribution). In practice, the occurrence of this type of noise is usually
caused by poor illumination [87]. Figure (2.26) shows the effect of Gaussian
noise. On the left side, two normal retina images. On the right side, the same

Images with Gaussian noise.
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Figure (2.26): Gaussian Noise

B. Noise filters: in order to enhance the quality of the images, and reduce the
noises effect, filters (sometimes-called kernel) must be applied to the images.
Filter is relatively small matrix. Which is multiplied with the image itself to
reduce the noise.

Average filter (mean filter): One of the main defects in images is intensity
variation between the pixels in the images. This problem is addressed by
applying the Average Filtering (Mean Filter). The mean filter is a linear type
filtering method. Which smooth the image data. Each pixel mask's performance
is averaged together to make distinct pixel from other pixels; hence, it is called
an average filter. Mainly in photographic images (i.e. In fundus photographic
images), the grain noises are removed using this mean filter. Equation (2.13)

shows the Average filter mathematical bases [88].
f@y) = —T(soes,, 9(: 1) -(2.13)
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Where m and n represemnts the dimention of the kernal. The g (s, t) represents
the pixel value of the original image. s and t represents the coordinates of the

kernal.

2.8.4 Adaptive Histogram Equalization with Limited Contrast
First, we must look into adaptive histogram equalization in order to get a

comprehensive grasp of CLAHE (AHE). A technique for improving the contrast
of images in computer image processing, it is known as contrast enhancement.
Because it differs from the more traditional histogram equalization method, the
adaptive technique produces a number of histograms, each representing a
distinct portion of the image, and then uses them to disperse brightness values
across the image. Consequently, it is well-suited for enhancing local contrast

and sharpening the definition of edges in each region of a photograph [89].

In regions of an image where the noise is usually homogeneous, AHE, on
the other hand, has a tendency to amplify the noise. It overcomes this by limiting
the amplification in the case of contrast limited adaptive histogram equalization
(CLAHE), a kind of adaptive histogram equalization (AHE).

Because of the highly concentrated histogram in these places, ordinary
AHE has a propensity to exaggerate the contrast in parts of the image that are
almost constant in contrast. As a result, AHE may result in the amplification of
noise in regions with a high degree of consistency. Converse Restricted
Adaptive Histogram Equalization (CLAHE) is a kind of adaptive histogram
equalization in which contrast amplification is restricted in order to alleviate the
problem of noise amplification. It is one of the most often used types of adaptive

histogram equalization.
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In CLAHE, the contrast amplification in the vicinity of a given pixel value
Is determined by the slope of the transformation function. This is proportional to
the slope of the neighbourhood cumulative distribution function (CDF), and
therefore to the value of the histogram at that particular pixel value in the
histogram. By clipping the histogram at a preset value before computing the
CDF, CLAHE prevents overamplification of the signal from occurring. This
constrains the slope of the CDF and, therefore, the slope of the transformation
function. Because the clip limit is reliant on the normalization of the histogram
and, as a result, the size of the neighbourhood area, it is important to understand
how the clip limit is calculated and what it means. The resulting amplification is

usually restricted to three or four times the original volume.

Rather than eliminating the part of the histogram that exceeds the clip limit,
it is better to distribute it equally over all histogram bins rather than discarding

the whole histogram [90].

Figure (2.27) shows how the CLAHE filter behave on each type of the
images in our dataset.
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Figure (2.27): Retina fundus images on the left hand side, and the same
Images on the right hand side after applying CLAHE.

2.8.5 Image Normlization
Normalization is a method used in image processing that change the range

of pixel intensity values that may be seen. Photos with poor contrast due to glare
are one example of this phenomenon. The terms "normalization" and "contrast
stretching”" are often used interchangeably, as is the phrase "histogram
stretching.”" Dynamic range expansion is the term used in more general fields of
data processing, such as digital signal processing, to refer to this technique.

For a variety of applications, the goal of dynamic range expansion is often
to place an image or other kind of signal into a more familiar or normal range
for the senses, thus the term normalization. When dealing with a collection of
data, signals, or images the aim is often to preserve the dynamic range of the

collection in order to avoid mental distraction or fatigue. For example, a
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newspaper will make an effort to ensure that all of the photographs in an issue

have a grayscale range that is similar [91].

Equation (2.13) shows how the normalization works in mathematical

formula.

= _X-minX) .(2.18)[92]

X N
Normlization max(X)—min(X)

Where: Xyormiization 1S the new normalized image, X is the original image,
max(X) is the upper value in the new normalized image, min(X) is the lower

value in the new normalized image.

2.9 Data Augmentation
In computer vision, unbalanced datasets are a common issue that impede

classification. A lack of images in each class can lead to under-fitting and over-

fitting, which has a significant impact on the DCNNSs' performance.

To address this issue, a data augmentation strategy within the ODIR

datasets is presented to improve classifier performance.

Data augmentation is a method that increases the number of images used
for training the neural network. That is, creating new data for categories that
have fewer numbers in the data set. This process succeeds the constraining
effect on data to prevent an asymmetric representation and successfully escape
overfitting complications. Appropriate data augmentation techniques can help

improve deep learning model strength [93].

Many Computer Vision tasks have shown that deep convolutional neural

networks perform exceptionally well.
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However, in order to avoid overfitting, these networks rely largely on

massive data.

Deep neural networks are extremely complicated, requiring millions of
weights to be optimized and matched to the training data. As a result, it is not
only critical to have a decent model for the problem at hand, but it is also critical
that the data collection in question is of appropriate quality and size. This
complexity will require a larger dataset to feed and configure larger and more
complex model, that is able to deal with harder and real life problems. In most
deep learning applications, however, the number of parameters in a neural
network exceeds the number of data points in the dataset, sometimes with a

large margin [94].

A variety of simple data augmentation techniques will be discussed such as
zooming, flipping, shifting, rotation, add noise, and transformation to be

implemented to the original images.

A. Horizontal and Vertical Flip: Both the methods of vertical and horizontal
flipping are very effective and popular for data augmentation. The augmented
data is one of the simplest applications in terms of execution, which has been
proven to be useful in the dataset. At the same time, flipping the horizontal axis
Is regarded to be more common than flipping the vertical axis because it is
more convenient for most projects due to the high likelihood of finding images
inverted horizontally, as shown in Figure(2.28)(b,c).

B. Random Contrast: In order to give the images more variation, and make the
model more ruboust to changes. One main change that usually happens in real
Images is the contrast variation. Therefore, one of the most important data

augmentation technique is contrast. Which changes the image contrast
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randomly in pre-determined range. Figure (2.28)(d) shows contrast data

augmentation example.

(a) Original Image | (b) Vertical Flip | (¢) Horizontal Flip (d) Contrast

Figure (2.28) Different data augmentation techniques [95]

2.10 Evaluation Metrics

The different evaluation methods are described in this section. The need for
various methods of assessing the performance of the model is essential. Since
one evaluation method is not enough to capture the different parts of the system.
Accuracy, recall, precision, and the Fl-measure are all useful methods for

assessing classification algorithms.

In order to determine the computations for these techniques, you will need
to reference a matrix of computing confusion. This matrix consists of two class
hierarchies: Documents create two separate class hierarchies, one for what

actually predicted, and one for the expected prediction. See table (2.2).
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Table (2.2): Confusion matrix

Predict
Positive Negative
Actual Positive TP FN
Negative FP TN

A. True positive (TP): refers to occurrences of positivity that are categorized
properly.

B. False Negative (FN): These are positive occurrences that have been
categorized erroneously.

C. False Positive (FP): These are negative occurrences that are categorized
erroneously.

D. True negative (TN): refers to occurrences of negativity that are identified
properly.

These four metrics of confusion matrix are not enough the measure the
quality of the model performance. Therefore, further operations and equations
are held on these metrics to generate more robust and clear metrics.

1. Confusion Matrix: in the statistical learning and machine learning field,
the confusion matrix (sometimes called error matrix) is a table showing the
performance of algorithm by visualizing the results of it. It is usually used
with supervised machine learning (in unsupervised machine learning, it is
called matching matrix). In this table, the rows represents the real expected
classes, and the columns represents the actual output of the algorithm, or

vice versa as shown in Figure (2.29).
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Confusion Matrix
Actually Actually
Positive (1) | Negative (0)
Predicted leu_e Félée
Positive (1) Positives Positives
(TPs) (FPs)
Predicted Fals.e Trug
Negative (0) Negatives Negatives
& (FNs) (TNs)

Figure (2.29): Confusion Matrix

2. Accuracy: is the average correct prediction. Which is calculated by
dividing the correct prediction over total predictions. Which will result in

one value for entire network.

Correct Predictions

Accuracy = ...(2.15)

Total Predictions

3. Sensitivity: (or Recall) the True Positive rate. Which represents the
completeness of a model. Which is calculated by dividing the correctly
detected phenomena (True Positive) over total true cases of that
phenomenon (True Positive + False Negative). Each class/label has a single

value of sensitivity.

True Positive

Recall, Sensitivity = ...(2.16)

True Positive+False Negaive

4. Specificity: the true negative rate. Which represents the true negative
values in the model. This is calculated by dividing the truly absence of the

phenomena (True Negative) on the total number of true absence of the
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phenomena (True Negative + False Positive). And each class/label has a

single value of specificity. See Figure (2.30) for deeper understanding.

True Negative

Specificity = ...(2.17)

True Negative+False Positive

5. Precision: represent the exactness of the trained model. Which means from

the detected positive cases, how many are really positive.

. . True Positive
Precision = ...(2.18)

True Positive+False Positive

6. F1l-score: Fl-score shows a compound of precision and sensitivity for

computing a balanced mean output .

True Positive

F1 score = ...(2.19)

True Positive +%(False Positive +False Negative)
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Figure (2.30): Visualization of the difference between sensitivity and specificity
[96]

7. ROC curve (receiver operating characteristic curve): is a curve plotted
on a graph to show the performance of classification model. This curve
considers two parameters in its plot:

e True Positive Rate
e False Positive Rate
The graph will plot the True Positive Rate against False Positive Rate at
different classification threshold. If the threshold is lowered, that means

more items are classified as positive. This will lead to the increase in the
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False Positives and True Positives rates. Figure (2.31) shows how the ROC

Is plotted.

TP vs. FP rate at

one decision
threshold

g ’
~ /.
& I TP vs. FP rate at
another decision
/ threshold
/

- I’

O FP Rate l

Figure(2.31): ROC plot graph [97]

8. AUC (Area under the ROC Curve): this curve will measure the area

under the ROC curve. Which means it will calculate how much of the
instance are classified correctly on different values of threshold. Which
means the model ability to classify and distinguish between the different
classes. In other words, AUC is a measurement of separability. It indicates
how well the model can differentiate between classes. AUC value is ranked
between O to 1. Where 0 is the lowest and represents 100%
misclassification. And 1 is the highest and represents 100% correct
classification of the model. It indicates how well the model can differentiate
between classes. The larger the AUC, the more accurately the model
predicts zero classes as zero and one classes as one. By example, the greater

the AUC, the more accurate the model is in discriminating between patients
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with and without illness [98]. Figure (2.32) shows the AUC plotted into a
graph.

TP Rate

0 FP Rate 1

Figure (2.32): AUC curve plotted on graph [97]

For the purpose of this research, and since the problem is multiclass
classification, the AUC curve will be used as the primary classification
performance metric. However, the Specificity, Sensitivity, and Confusion

Matrix will be used to get a detailed and rich insight on the model performance.
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CHAPTER THREE PROPOSED SYSTEM

3.1

Introduction
In this chapter, the proposed system design and development process is

discussed. Besides the motivation behind it and the used tools. This includes the
general architecture and all algorithms used to build and train the model. The
model itself is an image classification system. Which classify the main stages of
Age-related Macular Degeneration (AMD) explained in previous chapters. The
images are classified based on their contents of into pre-defined categories (i.e.
AMD stages). Information in images are the features that are used during the
classification process. The image classification system is designed based on the
contents of these images to achieve the desired output with high accuracy based
on the model of deep learning Convolutional Neural Networks (CNN)

algorithms.

This chapter explains the process of CNN Image Classification System.
The classification contains two phases training and testing. The training phase
revolves on built classifier structure from training about 70% from fundus retina
images dataset that contains healthy and AMD images. Introducing images, and
carrying out a number of steps to reach the correct category of unclassified
images. Then after that, the testing process begins. Testing for the new
unlabelled (unclassified) retina fundus image is performed using "ANN" and
"CNN" classifiers that built before in the training phase. Then the retina fundus
image will be classified as positive or negative. The dataset used is "ODIR"
which includes 939 images of 496 AMD images and 443 Normal images. The
accuracy of the system has been evaluated by utilizing popular evaluation
mensuration such as "Accuracy", "Precision”, “Sensitivity ", "Specificity" and
Area under curve. The test phase classifies the unlabelled images into the correct

category.
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3.2 Dataset
The used dataset is the ODIR dataset. Which contains about 5000 coloured

fundus images of both left and right eyes. These images are collected from
Shanggong Medical Technology Co., Ltd.from different hospitals/medical
centres in China. The labels of the images are set by professional physicist. The
different categories of this dataset are: normal (N), diabetes (D), glaucoma (G),
cataract (C), AMD (A), hypertension (H), myopia (M) and other

diseases/abnormalities (O) [99].

In our project, we are interested in the Normal and AMD labels. Which
make about 939 images combined for both healthy and AMD images (70%

train, 30% test).

The AMD class is further divided into (116 images in Early stage, 254 in

Intermediate stage, and 126 in Late stage).

Table (3.1) and Table (3.2) shows the detailed division of the dataset for
binary and four class models respectively, in terms of the training and testing

phases, and in terms of dataset classes.
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Table (3.1): Dataset division based on the model phases and dataset classes

for binary classes

#Normal #AMD #Total (%0)
Training 307 350 657 (0.7)
Testing 136 146 282 (0.3)
Total 443 496 939 (1.0)

Table (3.2): Dataset division based on the model phases and dataset classes

for four classes

#Normal #Early #Intermediate #Late #Total (%)

Training 307 88 175 87 657 (0.7)
Testing 136 28 79 39 282 (0.3)
Total 443 116 254 126 939 (1.0)

3.3 System Development Life-cycle
In order to develop a model that is capable of classifying images based the

status of the eye, the steps showed in Figure (3.1) are followed.

69



CHAPTER THREE PROPOSED SYSTEM

Training set(70%) <«——— :;mm —>  Test set(30%)
|
u/ J
L |
% Gray scale :=|’ > Deniose
S
o 5
: \
Q.
Q@ .
g Normalization <(=====1 Image Resize (=== CLAHE .
S
o 5 [Con2D&Relu| ,[Con2D &Relu Maxpool2D & | | Con2D & Relu ]
35 g | (16,3,3)) L (32,(3,3) ”| Dropout(0.1) (64,33))
5% 3
o o0 ) e TR . S SN
‘§ % § || Maxpool2D & <_(Con2D & Relu | Maxpool2D & | Con2D & Relu
<@ ¢ | Dropout(0.1) | | (266,33)) _Dropout(0.1) . (128,(3,3))
$0
OP -ooe
S E S0 - ) (e ¥ N [ \ Normal
o@ . 8 ‘ Flatten F-’{ Dense(64) HDropout (0.4)—> Dense(2) —I:
8 E 1 S : ) U = AMD
o
Develop Multistage [ Resuta | |
Develop the Model ¢ 5sification Model Performance :
iz ] (CNN) Evaluation
l No
Result & -
Performance L [Finish]
Evaluation

Figure (3.1): General graph for the proposed approach methodology
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3.4.1 Data pre-processing
In the data pre-processing phase, which enhance and prepare the input

Images to the next step. To ensure their quality and validity. These steps will
lead to image enhancement. These steps are consists of five processes
(operations) to prepare the data to be valid to the model training. Algorithm 3.1

shows the steps of the pre-processing operations. These processes are:

A. Grey scaling: the original images are coloured images with three channels
(RGB). In order to reduce the processing time, the images are converted into
greyscale images (only one channel). The greyscale images keeps the important
features (i.e. drusens, eye vessels and tissues, etc.) sharp and obvious. Therefore,
the grey scaling operation didn’t damage or negatively affect the images

features.

Since we are using CV library to convert the coloured images into greyscale, the

followed method in CV library is the weighted grey scaling [100].

B. Denoise: in this stage, the images are cleared from standard know noises and

defects. Images are noised during the capture and transmission.
In order to remove the types of noise described previously, Average filter (mean
filter) is used (described in the previous chapter). The filter is a linear type
filtering method. The image data is smoothed as a result of this. Each pixel
mask's performance is averaged together to make a distinct pixel from other
pixels, and, hence, it is called an average filter. Kernal size of (9*9) is used.

C. Image enhancement (CLAHE): The main goal of image enhancement
techniques is to process a specific image so that the result is more appropriate
than the original image, or this is done by increasing the distinction between the
details in the image, noting that the improvement process is done after the image

correction process is carried out by removing the noise in the image. In this step,
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the fundus images were pre-treated using the limited-contrast adaptive graph

equation (CLAHE) technology. CLAHE is an effective contrast enhancement

method that effectively increases image contrast.

D. Image resize: since the first layer require static size of the input image, all the
training and testing images are resized to standard size. Notice that the original
images in the dataset don't follow a standard size. The selected standard size is
223 * 223 pixels. The selected standard size ensure that the visual features are

still clear and sharp, and reduce the training time comparing with larger size.

The process of resizing the images are done in Python.

E. Normalization: Divide the image elements by 255 to make the values between

0 and 1 to speed up the processing process. As showed in equation (2.14) in

chapter two.

Algorithm(3.1):Pre-processing steps

Input:

Image Data-Set

Output: Pre-processed Images

Begin

End.

Stepl:
Step2:
Stepa3:
Step4.
Stepb5:
Step6:

Load Image Data-Set

Greyscale Images (Equation 2.12)

Denoise by using Mean Filter (Equation 2.13)
Image Enhancement (CLAHE)

Images Resize (223 * 223)

Image Normalization (Equation 2.14)
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3.3.2 Convolutional Neural Network

In order to develop a Convolutional Neural Network (CNN) model, two

stages are involved. First is model design. Second is training parameters.

A. CNN design: the design phase include arranging the different layers in

order to get the best feature extraction process. Table (3.3) shows detailed

description of the layers. the layers of the CNN are as follow:

1.

Layer 1 Convolutional layer (conv2D): the first layer is convolutional
layer. With 16 filters the layer will learn. With 3*3 kernel size, padding
(same), and the used activation function is ReLU. Since this is the first
layer in our model, the parameter input_shape is used. Which is set to (s,
s, 1). Where the s is the size of the image (223 for both the width and

height of the image), and 1 for the single channel image. .

. Layer 2 Convolutional layer (conv2D): the second layer of the model

is convolutional layer too. However, the number of filters are 32, and
have similar kernel size to layer 1 (3 * 3), padding (same), and ReLU
activation function. Notice there is no need to determine the input shape

since the network will detect it automatically from the previous layer.

. Layer 3 Max pool layer (maxpool2D): the third layer is max pooling

layer. With (2 * 2) size, and stride value of (2 * 2).

. Layer 4 Dropout: layer 4 is a dropout regulation layer. With 10% value.

. Layer 5 Convolutional layer (conv2D): the fifth layer is convolutional

layer with 64 filters, and kernel size of (3 * 3), , padding (same), and

reLU activation function

. Layer 6 Convolutional layer (conv2D): the sixth layer is convolutional

layer, with 128 filters, and kernel size of (3 * 3), padding (same),
and reL.U activation function.
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7. Layer 7 Max pool layer (maxpool2D): the seventh layer is max pooling
layer. With (2 * 2) size, and stride value of (2 * 2).

8. Layer 8 Dropout: the eighth layer is a dropout regulation layer with
10% value.

9. Layer 9 Convolutional layer (conv2D): the ninth layer is
convolutional, with 256 filters, and kernel size of (3 * 3), padding
(same), and reL.U activation function.

10. Layer 10 Max pool layer (maxpool2D): the tenth layer is max
pooling layer. With (2 * 2) size, and stride value of (2 * 2).

11. Layer 11 Dropout: the eleventh layer is layer is a dropout
regulation layer, with 10% value.

12. Layer flatten: this layer will transform the previous feature map
matrix into single column of values. So it will be appropriate to be
entered to the next fully connected layer. The feature maps (three
dimensions) will be converted to a vector (one dimension) so the output
is 27 x 27 x 256 = 186624.

13. Layer 12 Dense layer: In the twelfth layer, the number of units
(size of output layer) is set to 64, and the activation function is ReLU.
14, Layer 13 Dropout: the thirteenth layer is a dropout regulation
layer. With 40% value. To regulate and prevents the network from

overfitting.

15. Layer 14 Dense layer: In the fourteenth layer, the number of
units is set to 2 (to represent the two classes of Normal and AMD. And

the activation function is Softmax.

74



CHAPTER THREE PROPOSED SYSTEM

Table (3.3): The proposed CNN structure

Layer (type) Output Shape Parameters number

layer_1 (Conv2D) (223, 223, 16) 160
layer 2 (Conv2D) (223, 223, 32) 4640
layer_3 (MaxPooling2D) (111, 111, 32) 0
layer 4 (Dropout) (111, 111, 32) 0
layer 5 (Conv2D) (111, 111, 64) 18496
layer 6 (Conv2D) (111, 111, 128) 73856
layer 7 (MaxPooling2D) (55, 55, 128) 0
layer 8 (Dropout) (55, 55, 128) 0
layer 9 (Conv2D) (55, 55, 256) 295168
layer 10 (MaxPooling2D) (27, 27, 256) 0
layer 11 (Dropout) (27, 27, 256) 0
flatten (Flatten) (186624) 0
layer_12 (Dense) (64) 11944000
layer 13 (Dropout) (64) 0
layer_14 (Dense) (2) 130

Total Trainable Parameters: 12,336,450

B. Training hyper-parameters: in order to build an algorithm that will be
able to train itself to classify the images of eyes with AMD disease, from
normal images, many parameters and sub-techniques must be set. Here we
will discuss deeply each parameter and what are the available options for

them, and what option is choose for our approach, and why.

1. Dataset split: In this step, after the image pre-processing process is
done, the dataset is uploaded to the proposed system. The dataset is
divided into 70% training and 30% testing datasets.

2. Loss function: Since we are dealing with multiple class classification
problem, and memory is needed to do the training fast, so we choose the

Sparse Multiclass Cross-Entropy Loss (as described in the previous
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chapter). Notice with this method, the labels provided to the loss

function must be integer.

. Optimizer: The optimization process is about finding the best

parameters and values for the kernels and biases, to set the training
operation correctly (as described in the previous chapter). Comparing all
the optimizers available, to our approach the Adam optimizer is chosen
(algorithm 2.1). Due to its high performance compared with other
optimizers [101] [102]. The initial learning rate is set to 0.001, number

of epochs is set to 25, and batch size is 64.

. Early Stopping: Early stopping technique is used to regulate the

training of models (as described in the previous chapter).

In our model training, we set the validation dataset as the stopping
criteria. And the value of min_delta which refers to the minimum
amount of change to be considered is set to 0.005. In other words, the
changes leading to less than 0.005 in accuracy will not considered as
changes, for both improving and reducing the accuracy of the model.
And the value of patient parameter is set to five. Meaning the model will
runs five extra epochs after the training have no improvements, and then

stops.

3.4.3 System training process

The system now have pre-processed images, which are suitable for
training. And the CNN design and parameter are set.

The training parameters are:

Initial learning rate: 0.001

e Epochs: 25
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e Batch size: 64

e Decay: 0.00003 (which is the result of dividing the initial rate on 30)

e The early stopping will depend on the validation loss value. With patience value
of 5, and minimum delta of 0.005, and verbose of 1.

e Learning rate reduction will depend on the value of validation loss too. With
patience of 2, verbose of 1, and changing factor of 0.2, and minimum learning
rate of 0.0001.

Algorithms (3.2) and (3.3) shows how the training is conducted in the proposed

model.

Figure (3.2) shows a general diagram of the training process. Starting from loading

the dataset, until testing the model.

Algorithm (3.2): Training phase of Convolutional Neural Network

Input: set of labelled and pre-processed images

Output: classified images

Begin

Stepl: Read the training images

Step2: Build CNN model

Step3: Set the training parameters

Step4: Train CNN model (Algorithm 3.2)
End.

Algorithm (3.3): Train CNN

Input: X: input images

Y: image labels
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Epochs: number of epochs

Layers: the model design

Output: W: the new weights

K: the new kernels

Begin
Stepl: Read the dataset
Step2: Pre-process the dataset
Step3: divide the dataset (70% training, 30%o testing)
Step4: build the model
Step5: For epoch = 1 to Epochs
For i =1to N //where N is the number of iterations
Pass X[i], Y[i], Layers into equation (2.12) to produce output
Pass output into equation (2.9) and (2.10) to produce error
Pass error into algorithm (3.2) to update K and W
Next i
Next epoch
End.
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Figure (3.2): CNN training process
3.4.4 Extended System

In order to include all the stages of AMD (Early, Intermediate, and Late) cases,

besides the Normal, the previous model is upgraded.

The new approach is similar to the previous one, with few changes in the design
and training parameters, to perform on the full stages. For model extending to
include all the stages, with higher results, improvements on the design and

trailing parameters are conducted.

A. New design: the design is extended by adding new layers. The new layers are
only convolutional layers.

e Layer2 1:this layer is inserted after layer 2. The size of this layer is (223, 223,
64).

e layer 5 and layer 6: layer 5 and layer 6 are replaced with 3 convolutional
layers. Which are layer 5, with size (111, 111, 128), layer_5.1, with size (111,
111, 256), and layer_6, with size (111, 111, 512).
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layer 9: this layer is updated from the size (55, 55, 256), to the size of (55, 55,
640).
Figure (3.3) shows the updated extended design (four classes) of the model, and

Table (3.4) shows detailed structure of the new layers.

Dropout
0.1

" maxpool2D
640 FM

maxpooIZD
512 FM

{.’r 6

Dropout

maxpooIZD Dropout
64 M 0.1

Figure (3.3): The developed architecture for 4 classes classification

Table (3.4): Detailed architecture for 4 classes classification

Parameters number

Layer (type)

Output Shape

layer_1 (Conv2D) (223, 223, 16) 160
layer 2 (Conv2D) (223, 223, 32) 4640
layer 2.1 (Conv2D) (223, 223, 64) 18496
layer 3 (MaxPooling2D) (111, 111, 64) 0
layer_4 (Dropout) (111, 111, 64) 0
layer 5 (Conv2D) (111, 111, 128) 73856
layer 5.1 (Conv2D) (111, 111, 256) 295168
layer 6 (Conv2D) (111, 111, 512) 1180160
layer 7 (MaxPooling2D) (55, 55, 512) 0
layer 8 (Dropout) (55, 55, 512) 0
layer 9 (Conv2D) (55, 55, 640) 2949760
layer 10 (MaxPooling2D) (27, 27, 640) 0
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layer_11 (Dropout) (27, 27, 640) 0
flatten (Flatten) (466560) 0
layer 12 (Dense) (64) 29859904
layer 13 (Dropout) (64) 0
layer 14 (Dense) 4) 260
Total Trainable Parameters: 34,382,404

B. New training parameters: to achieve the most of the new improvements,
updated training parameters are needed. The new improvement on the training
parameters are:

e Epochs: more epochs are required to fulfil the new goal. The new value of the

epochs are raised from 25 to 30.
C. Testing phase of Convolutional Neural Network

e This part is the implementation of the test phase to predict several categories and
the result of the test phase are classes to test the dataset.

e The features are extracted in the testing phase in the same way as in the training
phase, but only in the forward direction, where the test images pass over the five
blocks dedicated to extracting features in the structure of convolutional neural
networks and then classifying these images into four stages using the trained
weights in the fully connected layers and the trained kernel in the convolution

layers that were stored in the training phase to be applied in the test phase.
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CHAPTER FOUR EXPERIMENTAL RESULTS

4.1 Introduction
In this chapter, a full review and comparison of the results yielded from the

various developed systems, and the state of arts researchers are discussed.

First, a recap on the dataset and evaluation metrics previously will be
discussed. In addition, the results of the pre-processing steps (image processing
to clean the data) are descried, and a sample of their results are presented. After
that, comparison with other research is conducted to evaluate the proposed
approach. And finally, a real case study, which real AMD images are collected

and tested on the proposed approach is described in details.

4.2 Software and Hardware Requirements
In order to carry the process of developing, training, and evaluating the

system, specific software and hardware requirements are essential.

4.2.1.1 Hardware requirements:
The proposed AMD classification system operates by using personal

computer hp that have specifications such us Intel(R) Core i7- 10510U @ 1.80
GHz 2.30 GHz for CPU, 8 GB, Windows10 of RAM and 64-bit Operating
System.

4.2.1.2 Software requirements:
The proposed system done using Python version 3.6.9, and Colab notebook

from Google.). Used with Python to easily implement CNN code. (TensorFlow
framework (an open-source software library from Google that is focused on
effective work with tensors), Keras (a neural network library based on
TensorFlow written in Python, and also open-source), The system relies on open
source libraries such as Open, Scikit Learn, and Pandas. These libraries are
dedicated to dealing with machine learning and data analysis.
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4.3 Preprocessing Results

In order to see the effect of the pre-processing operations on the images in
the dataset, sample of eight images are selected to see the effect of the images
pre-processing operations. These eight images are visualized first in the original
form. After that, each operation of the pre-processing operation is visualized

separately to all the eight images to see the effect of that operation.

Figure (4.1) shows the original shape and features of the images before pre-
processing. After that, Figure (4.2) shows the images after applying average
filter. Notice that images are generally clearer after this step. In Figure (4.3), the
CLAHE operation is clearly made the features of the images sharper and very
clear, without affecting the histogram or the balance of the images in general.
After that, a resize operation is conducted. Which set the size of all images to
223 by 223 pixel. The results of images resizing are showed in Figure (4.4).
However, since the window size of plotting the images is set, the effect of the

resizing is not very obvious.

The last step is converting the images into greyscale; to make the image
processing in the whole system is much faster, while maintaining the majority of
the important and relevant features in the images sharp and obvious. The results

of this operation are showed in Figure (4.5).
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Figure (4.2): The images after converting them into greyscale
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Figure (4.3): The images after applying Mean filter

Figure (4.4): The images after applying CLAHE
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Figure (4.5): Final images after resizing and normalization

4.4 Binary Classification Results

In this stage of the system development, the number of classes are two.
Which are AMD and Normal. During the training process, two measures are
counted in order to check the model training performance. Figure (4.6) showed
the model performance during epochs according to accuracy. While Figure (4.7)
shows the training of the model performance for each epoch according to loss.
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Figure (4.6): The accuracy of train and validation
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Figure (4.7): The loss of train and validation

This training led to high performance model when tested. Figure (4.8) shows the
confusion matrix extracted by the test phase. In addition, Table (4.1) shows the

model performance according to Sensitivity, Specificity, AUC, and Accuracy.
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- 140
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Figure (4.8) Confusion matrix extracted by the test phase for binary system

Table (4.1) Performance metrics for binary classification

These values shows high level of performance in binary classification using our
approach.

Notice that the training process of two classes took (206) seconds to train the

model.
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4.5 Further System Validation

In order to validate the proposed system more robustly. Two methods are
conducted. The first one is to train and test popular and efficient models and
networks in the Deep Learning fields on the same dataset used in this system,
and compare their performance. The second one is to compare the results
obtained by this approach by other published researches worked on the same
dataset.

4.5.1 Other models
The selected models to compare their performance on the same dataset are
AlexNet and VGG16. Both of them are described in the previous chapters.
Similar parameters described in section 3.4.3 are used in term of the training
process for both AlexNet and VGG16. Here the performance on the ODIR
dataset is displayed in Table (4.2)

Table (4.2): AlexNet vs. VGG16 performance

AlexNet VGG16

Accuracy 0.5542 0.5462
Sensitivity 0.0 0.1441
Specificity 1.0 0.8696

AUC 0.5 0.5069

The results showed in Table (4.2) shows that both models failed to classify the
AMD images correctly. This could be justified that the architectures of these
networks are not suitable for these types of images. Nonetheless, these
architectures are proven to work very effectively in other types of images (such
as cars, faces, etc.) [103][104][105].
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4.5.2 Other researches

The second way to evaluate the results is to compare this approach finding
with other researchers on the same dataset (ODIR). Summarized results are
shown in Table (4.3).

Table (4.3): Comparison of the proposed method with other

methods
S
Research Py = ? >
Approach fo = = O S
Study D T G = 3
£ c = < 5]
= g 73] <
©
o
Ram and
Reyes-
CNN - 0.714 | 0.859 - 0.819
Aldasoro,
2020 [11]
Gour and
Khanna, 2021 CNN 15.2 | 0.06 | 0.93 | 0.85 | 0.88
[16]
He et al., 2021 | Dense Correlation Network
74.2 - - 0.930 -
[14] (DCNet), CNN,
He et al., 2020 | feature extraction module
[10] (FEM), feature fusion ) ) ~ loozal -
module (FFM),
classification module
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(CFM)
Islam et al.,
CNN - - - 0.805 | 0.876
2019 [12]
Wang et al.,
Ensemble model, CNN, - 0.58 - 0.73 | 0.89
2020 [15]

Luo and Shen, | ResNet-50, U-Net model,
2020 [13] Gaussian blur method, - 0.784 | 0.814 | 0.822 | 0.799

Ensemble Block

Proposed
method

CNN 12.3 | 0.965 | 0.985 | 0.975 | 0.98

The proposed methods by other researchers based on the same dataset, shows
relatively lower performance than our model. Although that some of the
proposed methods used group of different techniques and approaches together in

their model.

4.6 Extended System

Since the original proposed system get high performance, the system
classes are extended to include all three stages of AMD (Early, Intermediate,
and Late), besides the Normal status of the eye. However, the results were not
sufficient. So new extended system is proposed, which is based on the previous
system (as discussed in the previous chapters), and new sufficient results are

extracted.
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4.6.1.1 Same system four classes: the results of the previous model with the
four classes are showed in Figure (4.9) which is the confusion matrix, and in

Table (4.4) which is the performance metrics.

e
Late 3 3 0

— 100

= Interm 8 20 ) 0 — B0
=
i
: .
C
= Early 0 O = o
=40
Normal 0 0 2 37 - 20

Late Interm Early Mormal
Predicted label

Figure (4.9): Confusion matrix for four classes’ classification

Table (4.4): Performance metrics for four class’s classification

Sensitivity Specificity Accuracy

0.977 0.714 0.845 0.94

The result shows good but not excellent performance. Therefore, the need to

improve the current model is a necessity.

4.6.1.2 Extended system four classes: new extended network design and

training process is developed in order to get better results.

Figure (4.10) shows the training process of the model during the different

epochs compared with accuracy. While Figure (4.11) shows the training
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process of the model during the different epochs compared with loss function

value.
CNN-AMD : accuracy for train and test
train accuracy
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Figure (4.10): The accuracy of train and validation for four classes

classification
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Figure (4.11): The loss of train and validation for four classes classification
The results of the new extended system are shown in Figure (4.12) as the

confusion matrix, and Table (4.5) as the metrics performance.
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Notice that the training process of four classes took (1237) seconds to train the

model.

= 100

- P 26 0 1]
E Interm _ 80
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Figure (4.12): The confusion matrix for new proposed system on four

classes classification

Table (4.5): Performance metrics for four classes classification in the extended

system
Sensitivity Specificity Accuracy
1.00 0.928 0.964 0.985
4.7 Data Augmentation

In the Figure (4.13), sample of some original images before applying data
augmentation. The observed effect of three common Data Augmentation

techniques on the original training dataset only was presented, as follows:

1. Horizontal and Vertical Flip: You can flip or mirror an image so that the

left side becomes the right side or the top becomes the bottom.
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When you choose Flip, layers or selections are flipped in position. When
you choose Mirror, layers or selections are flipped along their horizontal
(left to right) or vertical (top to bottom) axis as shown in Figure (4.14). In
addition, we can see the original images in figure (4.13) to compare with.

2. Random Contrast: contrast are modified randomly in pre-specific range
which represent the lower and upper random contrast factor as shown in
Figure (4.15).

Original

Figure (4.13): The original image sample before data augmentation
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flip left-right

Figure (4.14): Horizontal and Vertical Flip
Figure (4.15): Random contrast

In order to check if our model could be improved any further, we used these two

data augmentation techniques. Therefore, in case there is an overfitting problem

with our model, or in case the training dataset are not sufficient to train the

model in its best ability, there will be sufficient data to train our model.
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However, the results after using the data augmentation techniques did not
improve any further, comparing with the model training on the original dataset.
This shows that our model does not suffer from the problem of overfitting.

Moreover, its training gave the best results could be obtained from this dataset.

4.8 Case Study

In order to further validate the results of this study, real life images of
AMD are tested on our proposed system. Real patients' data are collected from
Ebsar Specialized Centre for Eyes, in collaboration with the medical doctors and
technicians. While collecting these images, the full commitment of ethical codes
for scientific research and data collecting. And the privacy of the patients is
preserved.

The total number of 50 images are collected. 20 images with AMD
condition and 30 images of normal and healthy retina.

The images are tested by our system. Figure (4.16) shows the confusion
matrix of the case study. We can notice that the performance is almost perfect,
with only one image is misclassified. Moreover, Table (4.6) shows different

evaluation metrics of the results obtained from the results of the case study.
. _ I:I
-15
- | ..
AMD )

5
0

25
2

True label

Normal
Predicted label

Figure (4.16): The confusion matrix of the case study
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Table (4.6): Performance metrics of the case study

Sensitivity Specificity AUC Accuracy

1.00 0.966 0.983 0.98

The whole process of reading these 50 images, preprocessing them, predict
their class, calculate and plot the confusion matrix and evaluation metrics
took (25) seconds and (273) mili seconds.
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CHAPTER FIVE CONCLUSIONS and future works

5.1 Conclusions

Conclusion will be drawn from the developed system and the obtained results.
Describing the main points on how the different parts of the system are
developed and trained. And what results are drawn from it. These points are:

1. The proposed system tackle the problem of detecting AMD in fundus images of
the eye as discussed in chapter 1.

2. The system was based on Deep Learning algorithm of Convolutional Neural
Network (CNN). A unigue CNN design and training parameters is developed
based on intensive research and experiments conducted by the researchers.

3. The system was trained and tested to classify the images based on two classes,
Normal and AMD. In which all the AMD images are summed together. The
results of this system is as fellow: 0.965 sensitivity, 0.985 specificity, 0.98
accuracy, and 0.975 AUC.

4. The performance of this system is compared with others cutting edges
researchers. Which showed the proposed system have higher performance than
the previous researches.

5. AlexNet and VGG16 are trained and tested on the same dataset (ODIR). And the
proposed system showed higher performance than both of them.

6. The same system is trained and tested on the original four classes (Normal,
Early, Intermediate, and Late). The results were inefficient to consider it.

7. To tackle the previous performance limitation, the design and training of the
proposed system is upgraded to include all the different classes. That led to
increase in the performance of the system, with sufficient results of 1.0
sensitivity, 0.928 specifity, 0.985 accuracy, and 0.964 AUC. Comparing with
other research on the same dataset, our model showed higher performance.
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8. The real case study is carried out on real patients' images from the local vision

centre, and high performance is achieved.

5.2 Future Works

The future work could include:

A. Develop the proposed system further to include more eye diseases (such as eye
hypertension, cataract, glaucoma, and others) based on fundus images.

B. Develop a localization algorithm to identify the location of the features (i.e.
drusens) used in the classification. R-CNN algorithms family could be utilized
for this purpose.

C. Extend the suggested system's capabilities by using a big dataset of fundus

Images (thousands of photos).
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