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Abstract

A cataract 1s a leading eye disease that gradually evolves and has no
immediate impact on vision. One of the most common vision problems is
cataracts, which causes visual distortion and the late stage of this disease can
lead to blindness. It is considered a silent disease that can occur without the
appearance of symptoms. Therefore, the most effective way to detect cataracts
is through accurate and timely detection to avoid painful and costly surgeries
and prevent blindness.

The purpose of this thesis is to propose an automated system based on the
deep learning approach (Convolution Neural Network CNN) for the detection
of cataract and classify cataract fundus images ito three stages.

The proposed system contains three main phases, the first phase is the pre-
processing phase which begins with converting fundus images into gray level
fundus images with size equal, and the “Contrast Limited Adaptive Histogram
Equalization (CLAHE)” technology was applied to enhance contrast and
demonstrate the feature of eye’s lens.

Data Augmentation methods are used to avoid overfitting problems and to
enhance the performance of the system. In the second phase, the CNN based on
multi- Image (fundus images) augmentation technique was applied as a deep
feature extraction technique to identify fundus samples. In the third phase,
(Softmax function) is employed for the classification of cataract patients and its
stages ( Mild, Moderate, and Sever). Specificity, Sensitivity, Accuracy, F1-
score, and Area Under Curve (AUC) were used as criteria to estimate the
efficiency of the classification.

The proposed system using two publicly available datasets: Kaggle and
ODIR dataset .

II



The results and the test of all the details of the proposed system and all the
stages were discussed in-depth, the results showed high accuracy of cataract
detection and reached (99%) and (96.9 %) for (Normal and cataract) and (Mild,
Moderate, and Severe) classification respectively in the test ODIR data set by
using CNN-Soft Max classifier.

The proposed method is very fast in diagnosis, the fundus image prediction

time takes approximately (0.06) millisecond for one image.
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1.1 Introduction

People are increasingly relying on their eyes as a result of the widespread usage of
electronic devices in modern life. As a result, eye protection is becoming more vital in
everyday life. The most prevalent eye disorders are cataracts, diabetic retinopathy,
conjunctivitis, glaucoma, and other eye diseases. However, common cause of blindness
1s cataracts [1].

Cataract is the loss of crystalline lens transparency caused by the clumping of
protein inside the lens [2]. Most of the time, the lens converges light onto the retina.
Then the existence of cloud structure (a cataract) prevents light from reaching the lens,
resulting in impaired clarity of vision. Cataract is a common illness of eye which
gradually grows and doesn't damage vision until later in life. Cataracts can develop
without causing symptoms, and while they rarely cause pain, they can cause significant
vision loss and even blindness[2].

Cataract is divided into three categories based on their causes: Age-related cataract,
Pediatric cataract (PC), and Secondary cataract [3][4].They are classified as Nuclear
Cataract (NC), Cortical Cataract (CC), and Posterior Sub capsular Cataract (PSC) based
on the location of the lens opacity [5]. Age, diabetes, and smoking are just a few of the
major causes of these three different forms of cataracts [6].

Depending on the severity of the cataract, early detection may help to avoid painful
and costly procedures as well as avert blindness [7]. According to the World Health
Organization (WHO), around 285 million people worldwide are visually impaired.
There are (39) million people with vision limitations among them, while the rest have
impaired vision. Cataract was found to be accountable for (33% ) of impaired vision
and (51%) are blind [5].

Early detection of cataracts is critical in therapy and drastically reducer the risk of
becoming blind. However an autonomous system for detection the cataract is a
challenging task. There are few indications of illness in the early stages, automated and

effective diagnostic algorithms based on color funds images are desperately needed.
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Deep neural networks are emergencies a tool to solve many problems such as:
object detection, speech recognition, and image classification, which have seen
significant and rapid growth in recent years. Convolution neural networks (CNN's) with
the Data Augmentation technique, in particular, produced exceptional images
classification results [3].

To address this issue, this thesis proposes a system that detects Cataract
automatically based on retinal funds images. The proposed method should provide an
acceptable level of accuracy in determining the condition of the eye and whether the
eye is healthy or has Cataract, as well as the grading of Cataract. Also, the proposed
system should use fewer parameters than the current works to increase the accuracy of

the deep learning model, and thus the computational power will be less.

1.2 Problem Statement

Cataracts form gradually and do not damage vision until later in life. The risk of
blindness increases with the length of time a patient has cataracts or with delayed
treatment. On the other hand, the current approach of detecting and assessing cataracts
is manual, costly, and necessitates the use of a skilled ophthalmologist. Therefore, it is
necessary to design a good an automatic detection system as a quick alternative
diagnosis option to detected Cataract at different stages as (Mild, Moderate, Sever) and
to solving the main drawbacks in existing CNN models in the literature.

The previously proposed systems used manual methods as traditional image
processing techniques for feature extraction, but features extraction at Deep Learning
carried out by the model itself. Then the number of parameters increases and leads to an
increase in the training time because of arithmetic operations. The selection of the size
of the feature map in each layer of CNN structure is critical in reducing the numbers of

parameters.
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1.3 Aim of the study

1. Building a prediction system to detect cataract disease with grading cataract
severity automatically by utilizing the retinal funds image based on deep
learning techniques specifically a CNN model.

2. Find and perform good image enhancement method and noise removal for the
input image without distortion of image detail which concede as a key step in
the prepossessing stage.

3. Automatic features extraction using Deep Convolution Neural Network (DCNN)
to reach accurate results to classify funds images.

4. Improve the accuracy of detection of Cataract in funds images using deep
learning and data augmentation technique.

5. Reduce the required cataract detection time.

1.4 Contributions of the Thesis

1. The propose system focussed on developing a deep learning - based model
(CNN-Softmax) to detect the cataract and its stages (Mild, Moderate, and Sever) by
using funds images.

2. Adopting fewer parameters than the most modern deep learning models
(Convolution Neural Network), leading to fast prediction time where it takes
approximately (0.06) millisecond for one image, and this allows the system to be
used in real-time.

3. The proposed system is highly accurate using CNN-Softmax when compared
with previous researchers , the proposed system achieved excellent results for

diagnosing the disease in the terms of accuracy of the classification .
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1.5 Literature Review

In the related work, several studies have been proposed regarding the discovery of
cataract and its stages. These studies are mainly related to extracting characteristics
through funds images. As for the techniques that have been used to extract the
characteristics, most of the researches used CNN models such as VGG Net and Res Net,
and the other used image processing techniques. As for the techniques that have been
used to classify Cataract, most of these researches used machine learning methods. In

the following, the description of this research:

Zhang, et al. in 2017 [8] Introduced a way of classification of cataract disease using
Deep Convolution Neural Network (DCNN) to detect and grad cataract automatically.
The best accuracy, this method achieved, is 93.52% and 86.69% in cataract detection

and grading tasks seperatey.

Islam, et al. In 2019 [9] Introduced new technique for identifying malignant tum-ours.
The convolution neural network (CNN) has been used to diagnose eight different kinds
of eye disorders, and the performance of the CNN's has been assessed. Some standard
prepossessing 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), (0.31) of a Kappa score, and the value (0.80) of AUC .

Pratap, et al. in 2019 [10] Introduced a way by utilizing a transfer learning technique
with an entrained CNN for the automatic classification of cataracts. Utilizing feature
extraction and an SVM classifier, the final classification was completed. The fourth

stage classification (Normal, Mild, Moderate, Sever) accuracy obtained is 92.91%.
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Wang, et al. in 2020 [11] At this method one or more funds diseases may be diagnosed
based on CNN-style model imaging of funds 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.
Then producing satisfactory results. (0.89) Accuracy, Recall is (0.58). AUC is (0.73).
and Precision is (0.63).

Hossain, et al. in 2020 [7] Suggested a Deep Convolution Neural Network (DCNN)-
based method for detecting eye cataracts that has two modules: training and testing.The
results of the experiments demonstrate that the suggested approach is highly accurate
(95.77%) at detecting eye cataracts.

Ram, et al., In 2020 [12] Used the deep convolution 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 convolution 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).

Syarifah, et al. in 2020 [13] Introduced cataract detection system by classifying the
funds image of cataract using CNN and optimize it using Look ahead optimizer. The
proposed algorithm can classify the data into two classes. The classes are normal funds
images and cataract funds images with accuracy 97.5%.

Sudarsono, et al. in 2020 [14] Introduced cataract detection system by classifying the
funds image of cataract using CNN and optimize it using diffGrad optimizer. the
proposed algorithm can classify the data into two classes. The classes are normal funds

images and cataract funds images with accuracy 97.5%.
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Cao Lvchen, et al. in 2020 [15] Offered an automated cataract detection method using
the Haar wavelet which has improved according to the characteristics of retinal images.
Retinal images of non-cataract, as well as mild, moderate, and severe cataracts, are
automatically recognized using the improved Haar wavelet. The accuracies of the two-
class classification (cataract and non-cataract) and four-class classification are 94.83%
and 85.98%, respectively.

Jayachitra, et al. in 2021 [16] Introduced cataract disease classification using U-Net
to detect and grad cataract automatically. The obtained accuracy is 93.5%.

Khan, et al. in 2021 [17] Used a model VGG19 which is a convolution neural network
model to detect the cataract by using color funds images. The funds images are
classified into (cataract and non-cataract) with accuracy 97.47%.

Sirajudeen, et al. in 2021 [18] Suggested that the diagnosis of cataract disease be
made using an image processing technology. This study proposed a Novel Angular
Binary Pattern (NABP) for the extraction of texture features. And after the extraction of
features, the images are subjected to classification through the implementation of the
proposed novel Kernel Based convolution Neural Networks. The accuracy rate of the
suggested system is 0.9739.

Junayed, et al. in 2021 [5] Introduced newly developed deep neural network, called
Cataract Net. This method is introduced for detecting cataract automatically of funds
images into (cataract , non-cataract) with accuracy 98%.

Weni 1., et al. in 2021 [2] Utilized a convolution neural network (CNN) for deep
learning which is utilized for pattern recognition, which can aid in automating the
classification of images. When the epoch value becomes 50 then reached the highest
value with a value of 95%.

The following table summarizes the Literature review (Table (1.1)).
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Table (1.1) Summary of the Literature Review.
References Dataset Model Accuracy %
Islam, M. T., et al, In 2019 ODIR dataset (CNN) has been used to diagnose
[9] eight different kinds of eye 86%
disorders.
Ram, A., et al, In 2020 ODIR dataset DCNN topology with N-Way fully 1%
[12] connected layers.
Wang, J., Yang, et al. in ODIR dataset CNN-style model imaging of
2020 [11] fundus images that does not need 89%
any extra labeling information.
Junayed, M. S., et al. in Kaggle dataset newly developed deep neural
2021 [5] network, called (Cataract Net) is 93%
introduce for diagnosis cataract
automatically.
Sudarsono, E., et al. Kaggle dataset CNN and optimize it using diff
in 2020 [14] grad optimizer into cataract and 97.5%
non-cataract.
Syarifah, M. A., et al. in Kaggle dataset CNN and optimize it using Look
2020 [13] ahead optimizer into cataract and 97.5%
non-cataract.
Cao Lvchen, et al. In 2020 | The retinal images were | Utilizing (the improved Haar 94.8%
(15 g, | VD)
Hossain, M. R., et al. In Several eye This research introduces an eye
2020 [7] hospitals in cataract detection system using 95.7%
Bangladesh. (DCNNSs)
Jayachitra, S., et al. in 2021 Retinal fundus U-Net to detect and grad cataract
[16] images from open | automatically. 93.5%
access data set.
Khan, M. S. M., etal. in Several eye used a model VGG19 which is a
2021 [17] hospitals in convolution neural network model 97.4%
Bangladesh. to detect the cataract
Pratap, T., et al. In 2019 Several open CNN for feature extraction. Then 92.2%

[10]

access datasets.

the classification using SVM
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Sirajudeen, A., et al. in Several eye for the extraction of texture
2021 [18] hospitals in features, a Novel Angular Binary 97%
Bangladesh. Pattern (NABP) has been proposed.
Weni, L., et al. in 2021 [2] Several eye clinics | using a convolution neural network
in Bangladesh. (CNN) which is used for pattern 95%
recognition
Zhang, L., et al. in 2017 [8] Several eye using Deep Convolution Neural 93.52%,
facilities in Network (DCNN) to detect and
86.69%

Bangladesh. grad cataract automatically

1.6 The Layout of Thesis

The reset of this thesis includes four chapters in addition to chapter one, which

is described briefly and have been arranged as bellow:

* Chapter two, '"Theoretical Background'": It describing image
prepossessing techniques (Enhancement, Resize, Data Augmentation), the
technique of classification for the extraction of funds images features by Deep
learning (convolution Neural Network), and criteria for evaluation applied to
this thesis.

* Chapter three, "The Suggested System': An overview of the structure and
execution of classification algorithms that are used in the proposed diagnosis
cataract system is demonstrated in this chapter.

e Chapter four, "Experimental Results and Evaluation': A description of
the various experiments of each step of the work was introduced in this chapter.
Moreover, a discussion of the evaluations and results obtained from the
execution of the suggested method.

e Chapter five, "Conclusions and Future Works': A summary of the study
project is presented in this section. Besides, this section shows the future works

to be undertaken in this respect.
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2.1 Introduction

This chapter offers a summary of various techniques and processes that have
been used in the cataract detection system that has been suggested. This chapteris
arranged as follows: Firstly, an overview of cataract disease with its stages. Image
processing techniques. The data augmentation technique is used to increase the
training data to prevent the over fitting problem. Secondly, a thorough explanation
of artificial neural networks is provided, along with Equations for convolutional
neural networks. An explanation of the performance metrics such as Specificity,

Sensitivity, accuracy, F1-score, AUC and precision are also covered.

2.2 Cataract Disease

One of the most frequent eye conditions that distorts vision is cataract. When a
cataract is present, the lens that normally converges light to the retina is blocked,
impairing vision. A cataract is simply the accumulation of protein-specific cloud
materials that make it challenging to see objects or other entities [2]. Cataracts can
occur without the appearance of symptoms. Cataract rarely causes pain but can
make central vision loss and it leads to blindness. One of the initial complaints that
patients not resistance to bright light. Other complaints that can arise include foggy
vision, vision is unclear colors, or double vision [2]. Cataract is the most common
eye condition in the world, and it affects vision progressively over time. Cataract is
the highest cause of blindness. According to recent studies provided by the WHO-
World Health Organization, more than 40,000,000 individuals are anticipated to
experience blindness during the next ten years [19]. Based on the reason for the
occurrence of cataracts, it can be categorized into three common types like:
1-Age related cataracts (most commonly occurring).

2- Pediatric cataracts.
3- Additional secondary types of cataracts that develop for a number of different

reasons.
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The first type ( Age related cataracts ) can be categorized into three stages (Early ,
Intermediate , and Late stage) that depend on cataract severity [3][4].

The three stages of cataract can be seen as follows [15]:

e Early stage - a mild cataract:when the choroid and capillary vessels are barely

discernible, but the major veins and optic disk are clearly apparent.

e Intermediate stage - moderate cataract: There are only the optic disc and

principal blood arteries are visible.

o Late stage - severe cataracts: Retinal structures are not visible.

With more severe cataract, it might be argued that fewer retinal structures can be
seen. Figure (2.1) shows the stages of a cataract disease, Figure (2.1) (a) such that
normal eye and demonstrates a healthy retina, with the ability to clearly see the
main veins, optic disc, choroid, and even capillary vessels. Figure (2.1) (B) shows
an eye with cataract in Early stage. Where the choroid and capillary vessels can
barely be seen, but the major veins and optic disk are clearly apparent. Figure (2.1 )
(C) shows Intermediate stage in cataract disease, where just the optic disc and major
blood arteries are visible. While Figure (2.1) (D) shows the Late stage, where it is
impossible to see any retinal structures. With more severe cataracts, it might be

inferred that fewer retinal structures can be seen.

2.3 Image Processing Methods

This paragraph covers the steps for image processing that have been utilized in this

thesis for prepossessing and improve the funds images.

10
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(@) (b)

(c) (d)

Figure (2.1): Cataract disease stages: (a) Normal retina, (b) early Stage,

(c) Intermediate stage, (d) Late stage (sever)

2.3.1 Converting Image from Color(RGB) to Grayscale

One of the benefits of transforming images from color to grayscale domain is
for reduction of data, because the grayscale image has one channel only. While
color images contain three channels (RGB), which lead to speed the processing.
This transforming can be done by the following Equation :

Gray (i,j) = ( 0.2989 *R) +(0.5870*G ) + (0.1140 *B) (2.1)[20]
Where R =read, G = green, B = blue.
11
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2.3.2 Remove Noise (Denoise)

At this process, the images are cleared from noises and defects. During the
capture and transmission of images, there is noise. Filters were used, and it was
very effective in reducing image noise. [23]

The noise in image is usually a variance in brightness and color intensity among
the pixels of the image. It occurs 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)[6][23]. These defects carry a large impact on the process of
extracting features from the images and classifying them. Some of the most
common noises are:
® Salt and Pepper Noise: Sometimes, it’s called impulse noise, spike noise,

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 [22].As shown in Figure (2.2).

On the left side, there is normal retina image, and on the right side the same image

with salt and pepper noise.

(a) (b)
Figure (2.2): Salt and Pepper Noise: (a) before noise, (b) after noise[22].

® Gaussian Noise: is also called white noise, or normal noise. This is because the

noise has similar density to the normal distribution (i.e., Gaussian distribution).

12
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In practice, the occurrence of this type of noise is usually caused by poor
illumination [23]. Figure (2.3) shows the effect of Gaussian noise. On the left side,

one normal retina image, and on the right side, the same image with Gaussian noise.

() (b)

Figure (2.3): Gaussian Noise: (a) before noise, (b) after noise[23].

® 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 (Mean Filter). A linear type filtering technique called the
Mean Filter is used to smear the image data. An average filter is one that
separates out individual pixels by averaging the performance of each pixel mask;
this is why it is so named. With the help of this filter, grain noises are primarily
removed from photographic images (i.e., financial photographic photos).

Equation (2.2 ) shows the Average filter mathematical bases [24].
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(,):_. (,) (’) (2.2)

Where m and n represent the dimension of the kernel. The g(s,t) represents the

pixel value of the original image. s and t represent the coordinates of the kernel.

2.3.3 Contrast Limited Adaptive Histogram Equalization (CLAHE)

The enhancement of images is one of the most significant steps in the field of
medical image discovery and study. Image enhancement improves the precision and
quality of images from a human point of view, eliminates blurring and noise,
improves contrast, and shows the image's details. CLAHE is the extended version
of the adaptive histogram equalization algorithm (AHE). It was developed to
eliminate the over- amplification of noises that occurs in the AHE method. CLAHE
adopts a technique for reducing contrast amplification that is implemented for each
adjacent pixel, which then forms a change mechanism to minimize the noise [25].

The CLAHE technique applies two parameters; the first is clips limit (CL),
which is a numerical value specifying the noise amplification. The second is the
number of tiles (NT), a numerical value specifying the number of non-overlapping

sub-regions. The computation of CLAHE is performed in equation (2.3 ).
P = (P max =P min) P)+ P min (2.3)

Where, p represents pixel value after applying CLAHE, p max, P min r€presents
the maximum and minimum pixel value of an image respectively and P (©)
represents cumulative probability distribution function after the clip limit [26][27].
When the CLAHE technique is implemented to gray scale image, it will
significantly increase the gray scale image's optical characteristics. As a result,
more information will be visible in the improved image, as shown in Figure (2.4)

[28].
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(a) (b) (c) (d)

Figure (2.4) CLAHE stages (a) Gray scale image (b) Original image histogram.

(c)Enhanced image histogram, (d) The enhanced image.[28]

2.3.4 Image Normalization

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.

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 newspaper will make an effort
to ensure that all of the photographs in an issue have a grayscale range that is
similar [29]. Equation (2.4) shows how the normalization works in mathematical
formula.

__ - QO
(- )

(2.4)

Where: X Normalization 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].
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2.4 Data Augmentation

The imbalanced datasets can be regarded collectively as a problem when
concerning computer vision and image classification issues. The problems of under
fitting and over fitting may occur if there is a deficiency of images in each category.
This will exceedingly affect the efficiency and performance of deep learning,
particularly CNN. To avoid the above problems,a technique for augmenting data
within cataract datasets has been suggested to improve the classifier's 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 over fitting
complications. Appropriate data augmentation techniques can help improve deep
learning model strength [30]. The Deep Convolutional Neural Network (DCNN)
models need a tremendous amount of data for sufficient training and have seen
improved results on larger data sets [31].

CNN’s are extremely complicated, with so many million weights that have to
be balanced and fit to the training sample. Moreover, the Data set in question must
be of good quality and wide with a sufficient number of instances. However, in
deep learning applications, the number of parameters sometimes surpasses the
number of training samples [32].

There are various techniques to augment classic data such as zooming, flipping,

shifting, rotation, and transformation to be implemented to the original images.

1. Horizontal and Vertical Flip

Both 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 data set. At the same

time, the flipping of the horizontal axis is considered to be more common compared
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to the flipping of the vertical axis, as it is very convenient for most of the projects
due to its high probability for the existenceof images flipped horizontally as shown

in Figure (2.5) (b) [33].

2. Rotation

Another method of data augmentation is rotation, and it is considered as an
efficient method. Rotations are performed by rotating the right or left image on an
axis between (1 and 359) as shown in Figure (2.8) (c). The maximal angle of
rotation is adjusted by the degree of rotation. It is useful whenever it is slight
because the network must recognize the object in any direction in the image.

This precise rotation of the image can cause problems for certain applications.
As the rotation angle increases, the data label is no longer retained after conversion,
and background noise is being introduced. If the background noise was too various
compared to the other areas of an image, then the networks can learn incorrect
features [32].

The background noise problem can be solved by converting the resulting blank

space after rotating into white pixels using the fill mode (contrast) technique [34].

3. Zooming

A random zoom can be applied as a useful processing level for image data with
different width and height dimensions. In addition to that, random zoom can also
implement a very comparable influence to translations. But the difference between
them is that zooming will reduce the size of the image if the zoom range argument
was less than one and increase the size of the image if it is greater than one, as
shown in Figure (2.8)(d). At the same time, the translations conserve the spatial
measurements of the image [33].

To retain the images quality, there are many choices for filling the empty spaces
generated by data augmentation techniques (such in Zoom, Rotation) with various

pixel values to preserve the image's quality.
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There are many methods for filling the empty space, including:

A. Nearest: in this method, all empty space is filled with the values of the
nearest pixel.

B. Reflect: in this method, all empty space is filled with a reflection of the
original images, in the opposite order of the known pixels.

C. Constant: in this method all empty pixels in the image are filled with the
constant value (such as 0 or 255).

D. Wrap: this method is somewhat similar to the reflect mode. However
instead of reflecting the pixels in opposite order, it will copy the pixels in

their normal direction so it maintains consistency of the arrangement [34].

(a) Original (b) Flip horizontally (c) Rotation (d) Zoom

Figure (2.5) Different data augmentation techniques [34].
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2.5 Machine Learning Models

2.5.1 General Introduction to Machine Learning
Machine learning is one of the artificial intelligence sections that depends on
computer science, statistics, and mathematics. The basic goal of machine learning is
to enable computer programs to learn from data and then make appropriate
decisions based on the information that has been learned by a prior experience or
prior skills. The machine learns directly from the fundamental input data structure
and becomes more intelligent [32].
Machine learning methods are generally classified into three major categories:

supervised, unsupervised, and reinforcement.

1. Supervised Learning

Models are trained in supervised learning based on input data (X) and output
data (Y) to forecast the future outputs of the unseen input, where it is supervised or
monitored learning based on output data or label the ground truth. Depending on
this label, the algorithm frequently operates forecasts until it reaches the level of
acceptable performance. General algorithms in supervised learning are divided into

two main categories:

A.Classification: is a group of data related to each other where the intention is to
divide the points of this data into a collection of predefined categories based on
some characteristics of the data such as Neural Network, Support Vector

Machines, k-nearest-neighbors, Random Forest, Naive Bayes.

B. Regression: is used to forecast real values that are referred to as continuous
values such as Decision Trees, Linear Regression, Assembly methods .

Supervised learning technology will used in this thesis. The classification is a
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deep learning algorithm .CNN model will be used to diagnose the images of

cataract.

2. Unsupervised Learning

Common algorithms within unsupervised learning are the clustering problem
algorithm such as k-mean, the algorithm of A priority for association rule learning,
and the dimensional reduction algorithm. Models are trained in unsupervised
learning based on input data only, without these inputs being labeled i.e., the model
i1s not given the ground truth label during training. It is the exact opposite of
supervised learning, where input data is divided into a group of elements that share

the same attribute [35].

3. Reinforcement Learning

Reinforcement learning is defined as action-based learning. An agent who, in a
given situation, takes steps to optimize rewards. The agents are expected to
determine the fastest possible route to obtain the reward. This type of algorithm
does not require any data for learning. In reinforcement learning, the input required
is instead a function that can calculate the reward. One of the most important
reinforcements learning applications 1is the path exploration function, which is used
in computer vision to locate a particular room or location. In video games, another

application is to find the right movements to gain the game [36].
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2.5.2 The Activation Functions

The activation function is fundamental in transmitting information to a neural
network to learn and handle any complicated tasks. There are various kinds of
activation functions, some linear and others nonlinear, and the output value
ranges between (0, 1) for unipolar activation function or (-1, 1) for bipolar
activation function. In the hidden layers, the sigmoid function as illustrated in
Equation (2.5) and the Rectified Linear Unit (ReLU) function, shown in
Equation (2.6), are the most widely used activation functions in these layers, as

shown in Figure (2.6) [35].

A= 1+le—x 2. 5)
g(z) = max (z, 0) (2.6)

ReL.U is a non-linear function that substitutes all image pixels whose value is
negative in the activation map with zero value. This leads to the advantage of

calculation speed and reduces the occurrence of over fitting [37].

Sigmoid Relu

Figure (2.6) illustrates activation functions.[24]
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Whereas in the output layer, the soft max function may be used as an activation
function that is widely utilized to measure probabilities and execute multi-class
classifications because ranges of soft max are in the range of 0 and 1, and they have

a value of 1 if all the features are used according to the following Equation ( 2. 7))

[37].

()= =1.. . (2.7)

Where K is the number of classes, Zj is the production corresponding to class j

2.5.3 Loss Function
The loss function (also referred to as the cost function) measures the neural
network'sability to predict the presented date's right output. Several loss functions
are used in machine learning, such as the mean squared error (MSE) and cross-
entropy [38].The cross-entropy is the most specific loss function of classification
since it determines the classification algorithms performance depending on the

probability of the class falls within the range (0, 1) and it is described as following:

=— _, log( ) (2.8)

Symbol n is for how many classes there are, y represents the true value, and
represents the predicted value [35].

The cross-entropy cost and the sigmoid function are called the binary cross-
entropy loss and are used when there are only two classes of classifications (0,1).
In addition to the Soft-max function, the cross-entropy cost is called categorical
cross- entropy loss and is used where two or more label classes exist (labels are
given in the one-hot expression). The Sparse Categorical Cross-entropy loss

function is used if the labels are presented as integers [32].
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2.6 Deep Learning Technique:

A subset of machine learning known as "Deep Learning Technique" which
simulates complex abstract concepts in data by using a multi-layer architectural
design. The most commonly from of DL models is neural networks, and non-linear
transforms in its algorithms. The goal of using such techniques is to achieve
"real" artificial intelligence, whichmeans that a machine can learn how to perform
extremely complex tasks in a way comparable to how the human brain works
through layers of neurons. Computationally, construction and training, deep
learning are expensive. Recent developments in applications based on general-
purpose graphic processing units (GPU s), the rapid advancement of machine
learning algorithms, processing of signals and information, and the growing amount
of data that is used in training are all reasons that have increased the popularity and
success of deep learning [39]. Figure (2.7) demonstrates a deep nervous system

structure consisting of several layers that make it deep [40].

Input Layer Output Layer

Hidden Layers

Figure (2.7) Deep network architecture
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2.6.1 Deep Neural Networks (DNN)

The DNN is an artificial neural network (ANN) that is made up of
multiple hidden layers. MLP is the most general ANN architecture that is used for
DNN. Neurons that are coupled at different levels together to form neural networks.
DNN needs long calculation periods to implement and many data feeds at training
samples, so the number of weights in these networks will reach thousands or equal
millions. There are different architectures for deep learning networks, the most
important of which are: Convolutional Neural Network (CNN), which is used to
classify images, and Recurrent Neural Network (RNN) which is used with texts and

continuous data [41].

2.6.2 Convolution Neural Networks (CNN)

CNN is one of the kinds of DNN’s that are most commonly used in machine
vision fields. CNN is analogous to multi-layer Perceptron, except that the variation
lies in its ability to combine many regionally interconnected layers are utilized to
extract features, accompanied by some completely interconnected layers are
employed for categorization [42]. It is an effective technique for image recognition,
visualization of images, and identification of objects. When it is related to Deep
Learning and medical image processing, CNN's are the most commonly used neural
networks in Al because this network can process a large amount of data and does
not need to extract features manually[32].

In convolution neural networks, the input data is in the form of a matrix ofpixel
values instead of feed forward neural networks (FFNs) in which the input is a vector
of pixel values [35].

One of the most powerful features of convolution neural networks is their use of

shared weights,i.e. group of connections that share the same weights instead of
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using different weights for each connection. The other feature is that CNN has the
local connection where each neuron does not contact all the neurons in the previous
layer. Still, rather it only contacts a specific group of neurons to see if they contain
the object's feature instead of contacting all cells. This produces strong responses to
obtain local characteristics in an image input (such as ridges, edges, curves). These
two features exceedingly reduce the number of parameters in the network, and thus
the training time will be reduced [37].

Three distinct layers make up the CNN's standard architecture, as shown in
Figure (2.8), and any convolution Neural Network model is built from these

different layers:
1. Convolution layer.
2. Max pooling layer (or Sub Sampling layer).

3. Fully Connected Layer (Classification layer).

Convolution Pool Convelulion Pool Fully connected ~ Fully connected

Figure (2.8) The structure of a CNN [43].

1. The Convolution Layer:
It is the fundamental layer to construct a CNN model. This layer's main purpose
is to extract features from the original input image using the mathematical operation

that i1s known as "convolution," .This layer contains three matrices: the first is the
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input image, where it is transformed into a matrix (be three-dimensional or
grayscale two- dimensional) and the second is called the filters matrix, also named
"feature detector" or "kernel." The third matrix is the result of moving the filter
matrix with horizontal and vertical steps over the input image to compute the dot
product called "Feature Map" or "Activation Map" this is the convolution process

as shown in the Figure (2.9) [44].

|
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Figure (2.9) convolution operation between input X and the kernel K in CNN

convolution layer [44].

Multiple convolution filters are applied for a single input. The resulting
activation maps are then combined to obtain the final result for a single convolution
layer, where this final result represents input data to the next layer.

Each value of the filter matrix is a weight that is given by default[44]. These
values must be different from one filter to another to give different characteristics or
features to each matrix from the feature map matrices [45].

The following equation (2.9) describes a general convolution layers processfor

1mages.

= ( )= (+.+.) G¢.) (9
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In the above equation, the convolution process between the input X and the
kernel weights K in convolution layer 1 to produce the feature map Zand K/ is the
height of the kernel, K2 is the width of the kernel, C is the number of channels [46].

Following every convolution layer, the results pass through the activation
function (ReLU) non-linear as in equation (2.6) [37].

There are three parameters which determine the size of the feature map which are:

1. Depth: the depth represents the number of filters that are implemented in the

convolution process. If the original image was convoluted using three filters, then

the activation maps 'depth' will be equal to three].

2. Stride: represents the number of pixels in the filter matrix that leaves during

the convolution process. If a stride is equal to 1, the kernel will move by 1. If it

equals 2, the kernel moves by 2. As the number of steps increases, the function
maps diminish.

3. Zero-padding: surrounds the input matrix with zero values so that the

number of rows and columns increases by 2; if p=1. It is possible to make larger

padding if p=2, then the number of rows and columns increases by 4, and so on.

This technique has been used to process gradual image fading across multiple

layers in the CNN. Another problem is that the pixels on the outside of the image

are not used in the convolution operation except very few times, which

reduces the efficiency of the model [47] [48].

There are two types of convolutions: a valid convolution, which is a convolution
without padding, and therefore the size of the matrix will gradually decrease; zero or
"same" convolution, the convolution in which the image size remains and does not
change before or after the convolution, this type uses the technique of padding [44].

The following equation illustrates how to calculate the feature map's size in the

same convolution.
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Dout — + 2
= + 1 (2.10)

Where Dgy¢ is the output size of the Activation map, Djp, Dk represent the

inputsize and kernel size, respectively, S is a stride, and p is the zero padding and

can be calculated by ( T_l ) [37].

2. Max pooling layer (also called subsampling or downsampling).

It is the operation of down sampling of a group of adjacent pixels into a single
pixel. This layer was employed after the convolution layer to reduce the size of the
image activation maps[49]. There are common types used of Spatial layers:
(Average, Max, etc.) as shown in Figure (2.10). The Max-Pooling determines a
geographical area (sub-region) like (2x2 window) and selects the biggest element
from the rectified activation maps within each window. The activation maps image
size was lessened from (4x4) to (2%2) by this down sampling. Whereas average
pooling returns the mean value for each sub-region [49].

The max-pooling down sampling process is described as in equation (2.11).
Pooling layers can solve the problem of over fitting, and Max Pool has proven

stronger:

= (2.11)

Where & represents some pixel in the window (or sub-region) from the

rectified Activation Maps [50].
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Feature map: 4>x4
Max -pool with 2x2 filters Average -pool with 2x2 filters
and stride 2 I 3 | 4 ' and stride 2
6| 8 SaEOM 7 | 8 S8 S-S
——t——| » —t
3 s 0| 2 A 1.5 G
1 | 3 [

Figure (2.10) Pooling operations [49].

3. Fully Connected Layer (Classification layer).

This layer works in a similar way to the traditional MLP network as each node
has a complete connection to all the nodes in the following layer ("Fully
Connected")[51]. It's used as a classifier in the last layers of CNN structure to
assess the probability of the object in the image by using the Soft max function in

the output layer illustrated in section (2.5.2).

2.6.3 Training the Convolution Neural Networks:

Back propagation is the core component of ANN, and it is more difficult in
CNN's because it contains various types of layers[48]. This technique calculates
gradient descent for all network weights in two stages: the first has been called
forward propagation, as the training starts from the inputs of the first layer in the
network to the last layer in which the error between the outputs and the desired
value is calculated through the loss function shown in the section (2.5.3). The
second stage is called backward propagation, which starts from the last layer in the

network to the first layer [48].
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1- Forward Propagation:

Training samples are spread across all network layers from input to output using
various equations that depend on the layer type to output a prediction value.

e The convolution layer in the forward propagation implements a convolution
process between all its inputs and filters using equation (2.8). Then the output is
passed to the ReLLU function using the equation (2.5).

e Max pooling layer in the forward propagation is explained in the equation (2.10).

o A fully Connected Layer in the forward propagation works in a similar way to

the MLP network that is illustrated in equation (2.12 ).

= = + (2.12)

Where a neuron computes the dot multiplication between the input vector
X=[x1,X2,..., xn] with their identical weights W=[w1,w2,...,wn] and then adds the
bias value () as in the formula following (2.11). Finally, the value (s) is transferred
to the activation function. The SoftMax function which is shown in equation (2.6)
was used to assess the probability of the object in this layer. After that, the error
between the desired value and the output is calculated using the loss function that

has been defined in equation (2.7) [49][44].

2- Backward Propagation:

Backward propagation starts from the last layer (output) in the network to the
first layer (input), which operates as follows depending on the layer type:
e The Fully Connected Layer in the backward propagation works in a similar way
to the MLP network. The delta (error) is calculated in the output layer using the

following equation .
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0 = g( ) (2.13)

Where 0 is a matrix of all the neurons' deltas in the layer, L indicates the final layer
of the network, 1s the scale of loss for x, where x is the activation function's
output in this case.  is the Hadar item (product of matrices).

The equation (2.14) 1s used to determine the errors for hidden layers:

o =( ") " 9() @14

Here represents a concealed layer's layer count, ( *!)represents the weight matrix
of the next layer. Modify all weights in the network by computing the weight

adjustment A ; in equation (2.15).

A = - = = (215)

Where p represents the learning rate, represents the delta of neuron j [48].

The convolution layer in backward propagation follows the same rulesas the Fully
Connected Layer (explained above), except that the convolution filter shares
weights for the whole layer.

Equation (2.16) is used for calculating the effect of filter weights on the Loss

function that is used to update the weights:

According to the Equation (2.9 ), —— = (__,_1 ), (+ ) and from Equation ( 2.
14 ), —=— ( ) , The input and output feature map notation ( p, q) is

appended to the formula, resulting in the following Equation ( 2. 17).
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o = — () ,_(1+ "W+ (2.17)

Since the phrase ( —— ) is assumed to come from layer 1+1,then the weights

would be adjusted using Equation ( 2. 15). The last step is to propagate error into
I-1 layer , which is computed by Equation ( 2.18 ):

= o o (218)
» (+.0+)

The result looks similar to convolution process and can be understood as a

convolution of error with a reversed (flipped) kernel [48][52].

2.6.4 Regularization Techniques:

Several techniques have been proposed to prevent the problem over fitting

called regularization.

eDropout

The dropout is the technique of randomly dropping a set of neurons with a
predetermined probability value at each training iteration. This technique greatly
improved neural networks' performance to solve the over fitting problem [25], as

shown in figure (2.11). The dropout layer Equation can be executed as follows:

i = ~(bernoulli(p)) (2.19)
y~i=11 O yl (2.20)

Where represents a vector of independent Bernoulli random variables, which each
have a probability of being 1 of p, the result of / layer, and (Y~ is decreased
output that will be as input X in Equation (2.11) [49][34].
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Afdter dropout

Figure (2.11) The dropout influence in a network.[49]

e Early Stopping

Early stopping is a powerful regularization technique that is used to find the best
number of epochs in deep learning network training. With the increase in the
number of epochs, when the loss increases in the validation sample and reduces in
the training sample, the training process must be stopped after few subsequent
periods using early stopping as shown in the figure (2.12), because if the number of
epochs increases, it will lead to over fitting, and if the number of epochs reduces, it

will lead to Under fitting [53].

A
Error

Validation

Training

H >

early stopping Epochs

Figure (2.12) The early stopping technique.[S3]
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eData Augmentation

This method is also one of the most efficient techniques in handlingover

fitting and has been illustrated in section (2.4).

2.6.5 Optimization Algorithm (Adaptive moment estimation (Adam)).

By altering the weights and bias values in the model, the optimizer aids in
lowering the loss function's output error. There are many performance optimization
tools used in deep neural networks, the most important of which is the Adam
Optimizer.

"Adaptive Moment Estimation" is what Adam means, atool that calculates each
parameter's adaptive learning rate and conserves the previous square gradients'
average exponential decay rate as it maintains the average exponential decline of
the previous scales. Adam performs better than any other optimization technique,
making it appropriate for the demand for rapid convergence and highly complex

neural networks [21].

2.7 Performance Measures
Several criteria have been employed to assess the performance of the

classification algorithms:

1. The accuracy: The number of correctly classified cases is used to measure

accuracy, whether negative or positive instances.
Accuracy (Acc) = (TP+TN/TP+TN+FP+FN) ....(2.21)
2. Sensitivity: is the rate of identification of positive samples rightly.
Sensitivity (Sen) = (TP/TP+FN) .....(2.22)

3. The precision: of the model's performance is determined by testing the true
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positive from the expected positives.

Precision (Pre)= (TP/TP+FP) .....(2.23)
4. Specificity: is the proportion of accurate identification of negative cases.
Specificity (Spe) = (TN/TN+FP) .....(2.24)

5. F1-score: illustrates a combination of accuracy and sensitivity for calculating a

balanced mean output.
F1- Score= (2*TP)/(2*TP+FP+FN) .....(2.25)
6. Area Under the Curve (AUC):
AUC = (Sensitivity + Specificity)/2 .....(2.26)

Matrix of classifier system is shown in Table (2.1).

Table (2.1): Confusion Matrix of Classifier System.

Predict
Positive Negative
Positive TP FN
Actual
Negative FP TN

The prediction error is recorded by four parameters:

e The positive states that are accurately classified as positive states are known as
True Positives (TP).

e False Positive (FP) is a negative state that has been mistakenly classified as a
positive state.

e The appropriate category for a negative diagnosis is True Negative (TN).

o False Negative (FN) is a term that refers to mistakenly positive cases.
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Chapter Three Proposed System

3.1 Introduction

In this chapter, all the methods and techniques used to build the proposed
system for diagnosing cataract using funds images will be described. The
introduced (proposed) system include three phases, The First phase, is the
prepossessing phase which begins with converting funds images into gray level
images of equal size, the Contrast Limited Adaptive Histogram Equalization
(CLAHE) technology was applied to enhance contrast and demonstrate the
feature of retina. The Second phase, the (CNN) based on multi-Image which
augmented by applied augmentation technique as a deep feature extraction
technique to extract specific feature form funds images then used this feature
for the next phase. And in the Final-phase, Soft max function is employed for
the classification of cataract disease and its stages (Mild, Moderate, Sever).

In this thesis, 70% of the database was used to train the system through
passing in the three phases of the above. As the remaining database, (30%) was
used to test the model after fully trained. The proposed system is tested in order
to evaluate its accuracy and performance, the evaluation criteria such as
Specificity, Sensitivity, Accuracy, F-score, Area Under Curve (AUC) were

utilized as key criteria to evaluate the efficiency of the introduced model.

3.2 The Cataract Diagnosis System

The system has many stages that are performed include funds image
prepossessingoperations, the features extraction process, classification process,
and finally evaluation of model performance using multiple criteria. The

proposed system is demonstrated in Figure (3.1) and (3.2).
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Figure (3.1) Block diagram of the proposed system for Binary Classification.
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Figure (3.2) Block diagram of the proposed system for Multi Classes of Cataract.
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3.3 Prepossessing Phase

Operations of prepossessing are a series of fundamental steps in the cataract
classification system to initialize data for the next stage (the feature extraction
stage)and in order to focus on disease-specific features to increase the accuracy of
the system. It consists of five steps: Convert funds images to Gray-Scale Images,
Resize funds images, Denoise funds images by applying Mean filter, funds Images
enhancement using CLAHE technology, and Data Augmentation on prepossessing
dataset. The prepossessing phase include the following steps:

1. Convert Input funds Images from color fundus images to Gray-Scale .

2. Resize Gray-Scale Images to 256256 grayscale 8-bit image.

3. Removed the Noise from funds images by applying Average (Mean) Filter
using the Equation (2.1).

4. Enhanced images by applying CLAHE technology using theEquation (2.2).

5. Implemented the Data Augmentation technique on the enhanced images

3.3.1 Funds Images Converting

Transforming color funds images into a gray scale funds image would reduce the time
of processing in the following step and simplify processing of the pixels. Which means,
instead of dealing with three channels in colored images (RGB), the proposed system will

deal with only one channel.
3.3.2 Funds Images Resizing

All funds images are scaled at a fixed (256x256) size to be suitable for more
processing in the deep learning systems. This step would benefit to reduse the

computational cost; re-sizing the funds images to a (256x256) pixel scale would enhance

the efficiency of processing .
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3.3.3 Funds Images Denoising

At this stage, funds image denoising is performed using Average (Mean) Filter, as
kernel size of (9*9) is specified. Mean Filter is an effective filter to enhance the quality
of the funds images and to remove the types of noise described previously, Average filter
(Mean filter) is used (described in the previous chapter). It is a linear type filtering
approach. The image data is smoothed as a result of this. The effectiveness of each pixel
mask is averaged together to create a pixel distinct from other pixels, and hence, it is

named as an Average filter.

3.3.4 Funds Images Enhancement

At this stage, contrast limited adaptive histogram equalization (CLAHE) technique, as
Clip Limit is equal to 2.0 and Tile Grid Size is equal to (8,8) are specified. CLAHE is an
effective contrast enhancement method that effectively raises the image's contrast,
removes blur and noise, to make the features more prominent, and displaying the image's
details such as edge and boundary detection without changing the natural structure of the

funds image.

3.3.5 funds Images Augmentation

Three types of DA techniques will be implemented in this thesis to address the issue
of overfitting exposure and increase the efficiency of the proposed system for precise
evaluation, and the network will be able to generalize to invisible data. The observed
influence of four common DA techniques on the original dataset has been presented and

these techniques are :

1. Horizontal Flip.
2. Zoom _range.

3. Rotation range , and Fill mode.
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3.4 Features Extraction Phase

In order to extract the feature from the funds images by the proposed system , CNN
uses self-learnable values of the filters used in the extraction of features. The extracted
feature will serve as the starting point for the classification step. The extracted features in
the proposed structure of a convolution Neural Network technique consists of three
succeeded Conv blocks. The structure for extracting the features is presented in tables
(3.1) and (3.2) from the first row to the seventh row, while the remaining rows of the
table represent the classification phase.

Each block comprises from : a convolution layer with activation function
Rectified Linear Unit (ReLU), Max Pooling layer. An explanation of these layers

based on their type as follows:

1) The convolution Layer

Each of convolutional Neural Network has three convolution layers comprises
a set of feature maps, the number and size of which are mentioned in the “output
size” column in Table (3.1) and (3.2). Feature map is a collection of 3D matrix of
units (neurons), with each neuron created by convoluting and summation one
learnable filter of weights showing in the “Filter Size” column of Tables (3.1) and
(3.2) with all feature maps in the previous layer or input image in the situation of
layerl. Rectified Linear Unit (ReLU) is applied as the activation function after each

convolution layer.
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2) The Max-Pooling Layer

Max-pooling is placed after the convolution layers and ReLU, and these layers
(convolution and ReLU, Max Pooling) , forming one in three blocks in the proposed
structure design for CNN. Three blocks followed by dropout layer (the dropout layer
is used with a small ratio of (0.2).The main task of Max-Pooling layer is to reduce
the dimensions by reducing the dimension of the feature map to a quarter while

preserving the most important detail.

3) The Fully Connected Layer and Vectorization

The output of the Max-Pooling layer in the third block is 3D matrix after it passes
through the dropout layer with a ratio (0.2),then the output (feature map)passes to fully
connected layer (flatten layer) to reshape by column scan to construct a vector of one
dimension with the length of 32x 32X 64= 65536 neuron , which it passes as input to a
fully Connected layer ( Densel).

The first steps (from step 1 to step 3) of the convolution Neural Network building
Algorithm (3.1) represent the feature extraction stage. The proposed structure is shown in
Tables (3.1) and (3.2 ), and they comprises of 10 consecutive layers divided into two
stages based on their work, which are: the feature extraction phase and the classification
phase.

The input and output sizes for the proposed CNN structure shown in Tables (3.1)
and (3.2), as described in (rowx columnx filter no.), the filter is specified as (rowx

columnxX stride).
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Table (3.1) the proposed CNN structure for binary classification.

Num Layer name Input Layer | Output Layer Filter Size Param #
1 | Conv2D+ReLU | (256,256,1) | (256,256,16) | (3X3),1 160
2 | Max-Pooling 2D | (256,256,16) | (128,128,16) | (2X2),2 0
3 | Conv2D+ReLU | (128,128,16) | (128,128,32) | (3X3),1 4640
4 | Max-Pooling 2D | (128,128,32) | (64, 64,32) (2X2),2 0
5 | Conv2D+ReLU | (64,64,32) (64, 64, 64) (3X3),1 18496
6 | Max-Pooling 2D (64, 64, 64) (32, 32, 64) (2X2),1 0
7 Dropout (0.2) (32,32,604) (32,32,64) / 0
8 Flatten (32, 32, 64) 65536 / 0
9 Densel + ReLLU 65536 128 / 8388736
10 | Dense2 + Soft-max 128 2 / 258
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Num Layer name Input Layer | Output Layer | Filter Size Param #
1 | Conv2D+ReLU | (256,256,1) | (256,256,16) | (3X3),1 160
2 | Max-Pooling 2D | (256,256,16) | (128,128,16) | (2X2),2 0
3 | Conv2D+ReLU | (128,128,16) | (128,128,32) | (3X3),1 4640
4 | Max-Pooling 2D | (128,128,32) | (64, 64, 32) (2X2),2 0
5 | Conv2D+ReLU | (64,64,32) (64, 64, 64) (3X3),1 18496
6 | Max-Pooling 2D (64, 64, 64) (32, 32, 64) 2X2),1 0
7 Dropout (0.2) (32,32,64) (32,32,64) / 0
8 Flatten (32,32, 64) 65536 / 0
9 Densel + ReLU 65536 128 / 8388736
10 | Dense2 + Soft-max 128 3 / 387
8,412,419

classification using the proposed convolution Neural Network structure.

Algorithm (3.1) demonstrates the process of funds images feature extraction and

Algorithm (3.1): Building a CNN structure.

Input: X # funds images (gray scale (256 X 256) pixel).
K # For each convolution layer, a collection of kernel weights has been initialized.
w # For each last layer Fully Connected (FC), a collection of weights has been initialized.
M # Size of the feature map, (for first layer = 256 size of input image ).
y # All funds’ images labels (desired output). continue
Output: # CNN model.
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Begin
Step 1: XC =xc #The input funds images will be used as the input feature map, with layer L = 0.
Fi=16 #The number of kernels in the first layer is equal to 16 in this thesis, and this
number increases in the subsequent layers (multiplied by 2), so the filters are (16, 32, 64),
respectively.
Step 2: For L=11t03 # L represents the convolution layer number.
Forg=0to Ft # FL represents the number of feature maps Layer (L)
Fori=0to M # M represents the dimension of q feature map (M=256).
Forj=0to M
Pass XC*%'and KL into equation (2.8) for compute zct # 2D Convolution L.q,i,j
Pass zcl into equation (2.5) to compute yc- # ReLU equation q,i,]
u=int (i/2), v=int (i/2) # indexes for max-pooling feature-map-size

Pass yc'to equation (2.10) to compute xc“ # 2D Max Pooling L.q,(i+a),(i+b) q,u,v
Next j
Next 7
Next q

FH1=FI X2 # duplicated the number of kernels based on the CNN structure.

M=M/2 # reduction the size parameter to be equal to the size of the Max pooled feature map.
Next L
Pass X ct into equation (2.19) to compute DC # apply Dropout layer (0.2). q,u,v
Step3:  FL = Vector ({xc*} ¢g=1,2,.., FL; iy =1,2,.,M)
# implement vectorization to convert (3D) Matrix to (1D) vector with the size of F! X M X M which it
=65536.

Step 4: Build Dense layerl1 (128).
Step S: Build Dense layer2 (2 or 3). # Save weights of features.
Step 6: Pass output of Dense layer 2 into the equation (2.6) for computing S. # Soft-max function

Step 7: Pass (S and Y) into the equation (2.7) to compute the value of the loss.
#The error of the convolution neural network prediction is represented by one value.

End.
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3.5 Classification Phase

For the diagnosis of Cataract disease, features of funds images are utilized to
correctly categorize patients based on whether they are infected or not. At tenth layer of
CNN the out put will be (2 class) which represents (Cataract or Normal class). After that
the Cataract class can be classified into three classes (Mild, Moderate, Sever) depending

on the extracted attribute, and Softmax classifier is used in this study.

<> Soft Max Classifier.

After the Flatten layer (step 3) of the convolutional Neural Network building
algorithm (3.1), in step 4, the Densel architecture has a Fully Connected layer with an
activation function (ReLU). Finally, achieve the diagnosis of Cataract in the output layer
(Dense layer 2 in the step 5) is a fully connected layer. The output of the Dense layer 2 is
passed into the Soft max activation function in step 6, which calculates the probability for
every category depending on the input funds image. The probabilities from step 6 are
transmitted into the loss function equation (2.7) to calculate the error value in step 7,
which will be applied to adjust (update) the weights through the back propagation process
of training the proposed architecture.

In the training phase of CNN, funds image classification uses the Adam optimization
algorithm, loss function (sparse categorical cross entropy) to evaluate the network,
learning rate reduction to improve the value of the validation loss when model
performance stops increasing (reduce on the plateau), and early stopping to find the best
number of epochs in the training of CNN. The train is performed on the augmented data;
the train algorithm begins with prepossessing as described in algorithm (3.3) that
illustrates the steps of training CNN.

The following step is to pass the funds images on the convolution neural network
structure in the forward direction and the backward direction within a number of epochs

depending on an early stopping to decrease the error between the predicted output of the
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CNN model and the actual label of the training sample, and adjust the weights to be used

in the testing phase.
The output of a convolution neural network training algorithm is a trained set of
weights and kernels for all layers of the network architecture. These trained weights and

kernels are stored for use by the network later in the testing process.

Algorithm (3.2): convolution Neural Network training phase

Input: X # all funds images in database (augmented funds images).
Y # all funds images labels (desired output)
epoch # a number of iterations required for training, 30 epochs defined but executed
according to the use of early stopping.
M =0.001 # learning rate .
Qutput: Trained sets of kernels(K) and weights (W) . #Trained sets of kernels values (K) for all “ convolution
layers” ,
and trained sets of weights (W) for all “ fully connected
layers” .
Begin

Step 1: For epoch=1to 30
For k =1 to num # (number of the funds images in the Training sample).
# In the Forward direction

Pass X, Y, K, W into algorithm (3.1) to produce loss.

# Kernel (K) in convolution layers, and weight (W) in fully connected layers.
# In the Backward direction
Update W1 using equation (2.12) and equation (2.14) #last layer of FC- loss ,w.
Update Wh using equation (2.13) and equation (2.14)#hidden layer of FC-erro,w
Update K using equation (2.16) and equation (2.17) # in convolution layer.

If the validation loss is not reduced for three epochs, then. continue
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u=p X 0.1 #minimum = 0.0000
If the validation loss is not reduced by 0.005 for fifteen epochs, then
early stopping
Next k

Next epoch
END.

In the test phase of convolution neural network CNN, the test is performed on the
invisible test data, the test algorithm begins with prepossessing steps. The next step is to
pass the funds images on the convolution neural network structure in the forward
direction only to extract the features and then classify these images into (Cataract,
Normal)by using the trained weights in the fully connected layers and the trained
kernel in the convolution layers that were stored in the training phase and applied later in
the test phase.

Algorithm (3.3) describes the implementation of CNN in testing stage.

Algorithm (3.3): System testing phase

Input: X # all funds images in the testing sample database.
w # trained sets of weights in fully connected layers.
K # trained sets of kernel weights in convolution layers.

Output: Prediction of funds image class # classified into (Cataract, Normal) and cataract stages.

Begin
Step 1: Pass X, W, K into algorithm (3.1) to Create predication model.
# K is the trained kernel in convolution layers, and W is the trained weight in Fully Connected layers.

Step 2: Return the class of the funds image.
End.
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4.1 Introduction

The previous chapter described the steps of the Cataract classification system.
The system's performance results will be discussed in this chapter, which is
divided into two phases: training and testing. There are three steps in each phase:
results of the prepossessing steps, results of the proposed convolution Neural
Network structure steps (features extraction steps), and results of the classification
steps (CNN-Soft max). The major subjects that will also be covered in this
section are the fundus image database and their division, detailed outputs with
descriptions for each step in the proposed system, and the evaluation of the
proposed system by calculating performance using the measurement tools. These
results played an important role in supporting this thesis which was done using

the python programming language version 3.8.3.
4.2 Hardware and Software Requirements

The proposed Cataract Detection System is implemented by using personal
computer Think Pad (Intel (R) Core i7- 8565U @ 1.80 GHz for CPU, 8 GB
windows 10 of RAM, and 64-bit OS), and also Google Co-lab (Collaborators) is

an open Jupiter notebook environment that works completely in the cloud.

This system is implemented by using free GPU s from Google Co-lab. It is a
Google application that enables programmers to run Python code directly from
their web browser. It is an ideal platform for deep learning (DL) tasks as it allows
us to train a large database and build complex models very quickly on Google

computing resources (GPU).

TensorFlow open-source framework (a Google open-source programming
library that is concentrated on supporting tensors to produce successful work),
K eras (a neural network library based on TensorFlow written in Python, and

also open-source), and Python are used for the implementation of the CNN code.
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The system relies on open-source libraries such as Open, Sci-kit Learn, and
Pandas. These libraries are dedicated to deal with machine learning and data

analysis.
4.3 Fundus Images Dataset Preparations

In this thesis, fundus images were taken from two datasets are: Kaggle and

ODIR.

1. Kaggle dataset: is a collection of fundus images of retina which examinations
by professional clinicians. This dataset contains about 400 colored fundus
images of both left and right eyes. Kaggle dataset contains (300 normal) and
(100 cataract) images for both healthy and cataract images. Kaggle dataset will
be divided into two samples: the training data sample is 70% of total dataset
(280 fundus images), and the testing data sample is 30% (120 fundus image).
Table (4.1) shows the Statistics of the fundus image of Kaggle dataset.

Table (4.1) Statistics of fundus images divide of Kaggle.

Cataract Normal Total
Train 70 210 280
Test 30 90 120
Total 100 300 400

The fundus image dataset described in table (4.1) is not sufficient for model
development because systems that use deep learning need sufficient data for the
training sample. Therefore, we will apply the Data Augmentation technique on
this dataset. DA is a powerful and important way to train any algorithm, as well
as the network's ability to generalize to invisible data. Therefore, the total dataset
will be after using the data augmentation technique 1200 (840 to train, 360 to test)
because two new variants labeled with the same original label were used. Table

(4.2) shows the Statistics of the fundus image of Kaggle dataset after
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Augmentation.

Table (4.2) Statistics of fundus images divide for Kaggle dataset after Augmentation.

cataract Normal Total

Train 210 630 840

Test 90 270 360
Total 300 900 1200

2. The ODIR dataset stands for Ocular Disease Intelligent Recognition: is a
well-organized database of ophthalmology contain 5,000 Color fundus images of the
left and right eyes in patients of various ages , as well as diagnostic terms taken
from doctors. ODIR dataset has information about many patients, it represents a set
of "real-life" which gathered by Shandong Medical Technology Co., Ltd. from
various Chinese medical facilities and hospitals. Fundus images are recorded in
these institutions using on the market different cameras , such as Zeiss, Kowa, and
Canon, as a result of which image resolutions vary. Trained human readers labeled
the annotations using management of quality control. The patients are categorized
into many ( eight ) categories as:

e Hypertension (H)

e Glaucoma (G)

e (ataract (C)

o Age-related Macular Degeneration (A)

e Diabetes (D)

e Pathological Myopia (M)

e Other diseases/abnormalities (O)

e Normal (N)

This investigation focuses on a specific type of eye illness, Cataract. This

database contains 512 images (212 Cataract images and 300 Normal images).
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ODIR dataset is divided into two samples: the training data sample is 70% of total
dataset (358 fundus images), and the testing data sample is 30% (154 fundus
image). Table (4.3) shows the Statistics of the fundus image divide of ODIR

dataset.

Table (4.3) Statistics of fundus images divide of ODIR.

Cataract Normal Total
Train 148 210 358
Test 64 90 154
Total 212 300 512

The fundus image dataset described in table (4.3) is not sufficient for model

development. So, we will apply the Data Augmentation technique of dataset.

Therefore, the total dataset will be after using the data augmentation technique is
1024 (716 to train, 308 to test) because one new variant labeled with the same
original label was used. Table (4.4) shows the Statistics of the fundus image divide

of ODIR dataset after Augmentation.

Table (4.4) Statistics of fundus images divide for ODIR dataset after Augmentation.

cataract Normal Total
Train 296 420 716
Test 128 180 308
Total 424 600 1024

Figure (4.1) shows original images of Cataract and non-cataract before

applying the Data Augmentation .
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(a) Samples of the Cataract dataset.

(b) Samples of the Non -Cataract dataset.

Figure (4.1) some samples of the ODIR dataset (the original images).

4.4 Results of Applying Prepossessing on Fundus Images Datasets

The prepossessing consists of three main steps. The results of applying
prepossessing on fundus image databases are described in Table (4.5) based on the

following main steps:

a) Transforming fundus image into a gray level format of (8-bit).
b) Remove noise by using Mean Filter.

¢) Fundus images enhancement using CLAHE technique.
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Table (4.5) The fundus images after applying prepossessing operations.

Original image Gray-Scale Image Remove noise (Mean | Image Enhancement
Filter )

4. Fundus Image Augmentation
In table (4.6), the observed effect of four common data augmentation techniques
applied on fundus image dataset was presented as follows:
1. Horizontal Flip: The fundus images will be reversed horizontally by giving the

boolean statement its true value in the horizontal flip parameter as illustrated in
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the second column of table (4.6).

2. Zoom Range: The zoom parameter is applied to determine the value of zoom
size (0.01). The image size will decrease by 0.01, as shown in the third column
of table (4.6).

3. Rotation range: a small angle (10 degrees) is specified so that the shape of the
fundus image will not be affected by the rotation range variable as shown in the
fourth column of table (4.6).

4. Fill mode: used a constant value with the cval argument (cval = 255 pixels) to
fill all the pixels extending outside the input's borders in DA techniques ( Zoom

range, Rotation range).

Table (4.6): Applying DA techniques on ogininal fundus images .
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4.5 Results of Proposed System on the Original Datasets

This section describes the detailed output of the steps of the Cataract proposed
system. The outputs are organized into two phases: the outputs of the training phase,

the outputs of the test phase.

4.5.1 Training Phase Qutputs before Augmentation

In the training phase, all training samples (280 of Kaggle) and (358 of ODIR)
fundus images with their labels must pass through the system simultaneously to be
trained. In the following ,a result and output fundus images of features extraction

steps, and classification steps.

4.5.1.1 Results of the Features Extraction Steps

The feature extraction steps are performed using CNN that contains of three
succeeded blocks, and each block comprises of : convolution layer with
“Rectified Linear Unit (Relu)” activation function, and Max-Pooling layer. Table

(4.7) illustrates the output of each layer in the three-block layers.
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Table (4.7) the outputs of the feature maps for the Cataract sample.

Block / Layer Feature Maps of the Fundus Images

Block 1

Convolution layer 1

(256x256 x16)

Max pooling layer 1
(128x128%16)
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Block 2

Convolution layer 2
R L] [

flegegel | 0]
EEEEGENN

Max pooling layer 2
(64x64%32)

oleg gl | 16
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flegegel | 0]
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Block 3

Convolution layer 3

(64x6432x64)

Max pooling layer 3
(32x3232x64)

.”"

The convolution layer in CNN model, as shown in table (4.7), extracts the
features of the Cataract fundus images by passing many different filters such as
edges detection, vertical, horizontal and diagonal lines, curves, corners, color
contrast sensitive filters and so on over fundus image. Each of these filters produces
a feature map that indicates spatial patterns where the feature is located. Then,

feature map passes through the activation function (ReLU) non-linear.

59



Chapter

Chapter Four Results and Discussion H

The size of each filter is (3x3), and the number of filters ineach layer is (16, 32, 64),
respectively, as shown in the table (3, 1) in the chapter three.

The Max Pooling layer reduces computational power by reducing the dimensions
of features map to half because the kernel size is equal to (2x2), as shown in the
table (4.7). This contributes to reducing the over fitting problem.

Then The dropout layer used with a ratio (0.2) to regulate and prevent the

network from over fitting that happens all that during training process of the model.

4.5.1.2 Results of the Classification Steps before Augmentation

The classifier CNN-Soft Max is used in this study to detect Cataract disease :

® Results of fundus image classification using Soft max function

Soft-Max is a method (classifier) for classifying fundus images, and it consists
of the remaining of three layers of convolution neural network architecture CNN:

1. Flatten layer: converting the 3D feature maps (three dimensions) such
that the result is a 1D vector (one dimension) 32 x32x64 = 65536.

2. Fully Connected layer of the Densel architecture with an activation
function (ReLU), and there are (128) units.

3. The output layer is a Dense 2 of a fully connected layer with number of
units (2). The output of this layer is passed into the Soft max activation
function to compute probabilities for each class according to the input
image. The probabilities are passed to the loss function (sparse
categorical cross entropy) to calculate the error value which will be
applied to adjust (update) the weights through the back propagation
process.

4. The classification of input fundus image into two classes (Normal,

Cataract) by using Soft max activation function.
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In the training phase, fundus image classification uses the Adam optimization,
learning rate reduction to improve the value of the validation loss when model
performance stops increasing (reduce on the plateau), batch size=64, and early
stopping to find the best number of epochs (maximum= 30). The learning curves of
the accuracy and the loss for (training sample and validation sample) in the figures
(4.2) and (4.3) illustrate the over fitting condition when the model is trained on the
original ODIR and Kaggle datasets sequentially (without Data
Augmentation) .Where there is a large gap that can be noticed between the values of
training accuracy and validation accuracy and also between the values of loss. If the
value of accuracy for training or validation did not change and stabilized at a certain

value after 15 epochs then the training was stopped.

CNN-CATARACT : accuracy for train and test CNN-CATARACT : loss for train and test
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Figure (4.2) the accuracy and the loss learning curves of train sample and validation sample
(the original data of ODIR dataset).
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Figure (4.3) the accuracy and the loss learning curves of train sample and Validation sample
(the original data of Kaggle dataset).
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4.5.2 Testing Phase Results before Augmentation

In the testing phase, all test samples that are 30% of the database (120 fundus
images of Kaggle) and (154 fundus images of ODIR) will be passed to the system
without their labels to be tested. The features are extracted in the testing phase in the
same way as in the training phase, but only in the forward direction. The test
images pass over the three blocks dedicated to extracting features in the structure of
convolution neural networks and then classifying these images into (Normal and
Cataract) by 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.

In the classification stage, the results of the proposed system output will be
presented using classification method applied to the test sample: SoftMax function

to detect cases infected with Cataract.

< Result of fundus Image Classification using Soft-max Function

After the feature extraction stage, the extracted features are passed to the layers
for the classification that was explained in section (4.5.1.2) to labeled a fundus

image as Normal or Cataract status.

Figure (4.4) and Figure (4.5) represent the confusion matrix using "Soft Max
function" classifier when the model is trained on the original data of ODIR dataset
and Kaggle datasets, where True Positive (TP) is a right classification of positive
prognosis such as Cataract categorized as Cataract. “False Positive”(FP) is a wrong
classification of positive diagnosis such as Cataract categorized as non-Cataract.
"True Negative" (TN) is the correct designation of a negative diagnostic such as
Cataract categorized as Cataract. “False Negative” (FN) isa wrong classification of

negative diagnosis such as non-Cataract categorized as Cataract.

Table (4.8) illustrates the performance measures results when the system is

trained on the original data of ODIR and Kaggle dataset at Sensitivity, Area
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Figure (4.4) the confusion matrix of the test sample of original ODIR dataset
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Figure (4.5) the confusion matrix of the test sample of original Kaggle dataset

Chapter

Table (4.8) Performance Measures results of Original ODIR and Kaggle datasets.

Data type Sensitivity | Specificity F1-score AUC Accuracy
Kaggle 100% 90.00 % 98.36 % 95. 00 % 97.5 %
ODIR 97.78 % 95.31 % 97.23 % 96.55 % 96.7 %
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4.6 Result of the Proposed System After Data Augmentation

This section explains how the proposed system performed after using the Data
Augmentation technique. It described the detailed output of the steps of the
Cataract proposed system. The outputs are organized into two phases: the outputs of

the training phase, the outputs of the test phase.

4.6.1 Training Phase Qutput

In the training phase, all training samples after Augmentation ( 840 of Kaggle)
and (716 of ODIR) fundus images with their labels must pass through the system
simultaneously to be trained. In the following a resultand output fundus images of

features extraction steps, and classification steps.

4.6.1.1 Results of the Features Extraction Steps

The feature extraction steps are performed using CNN that comprises of three
succeeded Conv blocks, and each block comprises of : convolution layer with
“Rectified Linear Unit (ReLU)” activation function, Max-Pooling layer. This phase
is similar to results of the features extraction steps on original dataset explained in
the section 4.5.1.1, the difference is that now passed Augmented data to CNN for

feature extraction and classification.

4.6.1.2 Results of the Classification Steps

The classifier CNN-Soft Max is used in this study to classify augmented fundus
image into (Cataract and normal) cases. In the training phase, Augmented fundus
image classification uses the Adam optimization, learning rate reduction to improve
the value of the validation loss when model performance stops increasing (reduce

on the plateau), batch size = 64, and early stopping to find thebest number of epochs
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(maximum=30). The train is performed on the augmented data. Figure (4.6)
illustrates the evaluation of CNN performance in accuracy score is the total amount
of errors the model predicted of augmented ODIR and Kaggle datasets respectively.

If the value of accuracy for training or validation did not change and stabilized at a

certain value after 15 epochs then the training was stopped.

CNMN-CATARACT : accuracy for train and test CNN-CATARACT : accuracy for train and test
10 —— 1.00
0.95
0.9 {
/
., 090 /
=
%08 E
5 3 085
=
1 §
1 07
: 0.80
0.6 —— train accuracy 015 —— train accuracy
val_accuracy val_accuracy
- 0.70
5 10 15 20 5 0 5 10 15 20 Fi 30
Epoch # Epoch #
(@) (b)

Figure (4.6) Train and Validation accuracy:(a) Augmented ODIR, (b)Augmented Kaggle
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Figure (4.7) Train and Validation Loss: (a) Augmented ODIR, (b) Augmented Kaggle dataset.
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The curves of learning (loss of training and validation) plot in figures (4.7)
illustrates the good fit condition when the model is trained on the augmented data of
ODIR and Kaggle datasets respectively, because of training loss and the loss of
approval ( loss of validation) depreciate to a point of balance, and the gap is very
little between the two-loss values. It is potentially persistent training of a good fit
that would produce a problem of over fitting so an early stopping was used when

training the model.

4.6.2 Testing Phase Results

In the testing phase, all test samples that are 30% of the database (360 fundus
images of Kaggle) and (306 fundus images of ODIR) will be passed to the system
without their labels to be tested.

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 three
blocks dedicated to extracting features in the structure of convolution neural
networks and then classifying these images into (Normal and Cataract) by 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.

In the classification stage, the results of the proposed system output will be
presented using classification method applied to the test sample: Soft Max function

to detect cases infected with Cataract.
<> Result of fundus Image Classification Using Softmax Function.

Figure (4.8) and (4.9) represent the confusion matrix using "Soft Max function"

classifier when the model is trained on the augmented ODIR and Kaggle datasets.
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Figure (4.8) the test sample's confusion matrix of Augmented ODIR dataset
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Figure (4.9) The test sample's confusion matrix of Augmented Kaggle dataset

Table (4.9) illustrates the performance measures results when the system is
trained on the augmented data of ODIR and Kaggle dataset at Sensitivity, Area

Under Curve (AUC), Fl-score, Accuracy, and Specificity are the key
metrics.
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Table (4.9) performance measures results of Augmented ODIR and Kaggle datasets.

Data type Sensitivity | Specificity F1-score AUC Accuracy
Kaggle 100 % 93.33 % 98.90% 96.67 % 98.5 %
ODIR 99.44 % 100 % 100. 72 % 99.72 % 99.6 %

4.7 Results after Dataset Augmentation

In this section there is a comparison between the System training and
performance on the original dataset, and dataset after using Data Augmentation
technique. Table (4.10) shows the dataset name, accuracy, and loss value when
training the system on the original dataset, and when training it on the augmented

dataset. Obviously, the training performance for the Augmented dataset is quite

better than the original dataset.

Table (4.10) Model training performance on original and augmented data

Dataset Accuracy Loss
Original data 97.5 % 0.1068
D
B0
g
N Augmented data 98.5 % 0.0322
Original data 96. 7% 0.0754
-4
2
=) Augmented data 99.6 % 0.0098

Table (4.11) shows the evaluation criteria when training the CNN model on
both the Original and Augmentation datasets, by using the metrics of Sensitivity,

Accuracy, Fl-score, Specificity, and (AUC) Area Under Curve.
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Table (4.11) Evaluation criteria for model testing on Original and Augment dataset.

Dataset Accuracy| Sensitivity | Specificity F1-score AUC
o Original data 97.5 % 100% 90 % 98.36% 95%
Ei
Q Augmented data | 98.5 % 100 % 94. 33% 98.90% 96.67%
Original data 96.7% 97.78 % 95.31% 97.23 % | 96.55%
=
C | Augmented data| 99.6% 99.44 % 100% 99. 72% 99.72%

4.8 Comparison of the Proposed System with Related Works

Table (4.12) incorporate a comparison of several deep learning-based Cataract

diagnostic approaches with the suggested system performance that some of them

utilizes the same datasets and others are not. It should be noted that the introduced

system outperformed the other systems (existing systems).

Table (4.12) Comparison of the proposed System with another research

Authors Dataset | Accuracy | AUC | Specificity | Sensitivity
Masum S. Junayed, et al 2021[5] Kaggle 98.00% | 97.00% | 99.00% 96.00%
Ely Sudarsono. et al 2020 [12] Kaggle 97.00% - - -
Mas A. Syarifa, et al 2020 [13] Kaggle 97.00% - - -
Proposed method Kaggle 98.5% | 96.67% | 94.33% 100%
Proposed method ODIR 99.6 % | 99.72% 100% 99.44%
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4.9 Cataract Stages Detection

Proposed system firstly can classify fundus images into two classes
(Normal, Cataract). After that the system take Cataract fundus images of ODIR
dataset to classify them into three stages of cataract based on their severity by
sequence of operations. ODIR database has fundus images of Cataract disease
(212 images) with three stages. It includes (51 Mild, 61 Moderate, and 100
Sever stage). This dataset is split in to two categories: 70% training data and
30% test data. Table (4.13) shows the number and percentage of each class

(Mild, Moderate, Sever) in each part of the dataset (train and test datasets).
Table (4.13) The number of cataract images in training and testing ODIR dataset.

Mild Moderate Sever Total
Train 35 42 70 147
Test 16 19 30 65
Total 51 61 100 212

The fundus images dataset described in table (4.13) is not sufficient for
model development because systems that use deep learning need sufficient data
for the training sample, so the Data Augmentation technique will apply on the
dataset. DA is a powerful and important way for training many algorithms. One
of DA technique will be implemented in this project (DA techniques were

described in Section (2.4).

Table (4.14) The number of Cataract images in training and testing ODIR dataset after

Augmentation
Mild Moderate Sever Total
Train 70 84 140 294
Test 32 38 60 130
Total 102 122 200 424
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As the same of binary classification, after the feature extraction stage, the
extracted features are passed to the layers for the classification which labeled a

fundus image into 3 classes as (Mild, Moderate, Sever) status.

Network design (shown in Table (3.2) ) has some change as “Softmax
function” used with three parameters instead of two then the number of parameters
will be larger , and training process is developed in order to get better result. Figure
(4.10) shows the training process of the system during the different epochs compared

with accuracy.

While Figure (4.11) shows the training process of the system during the different

epochs compared with loss function value.
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Figure (4.10) The accuracy of train and validation for cataract stages classification
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Figure (4.11) The loss of train and validation for cataract stages classification
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Figure (4.12) represents the confusion matrix using the "Soft Max function"

classifier when the model is trained on the ODIR dataset after Augmentation.

Moderate

True label

Mild

Sever Moderate Mild
Predicted label

Figure (4.12) the confusion matrix of the test sample of ODIR dataset after Augmentation .

Table (4.15) illustrates the performance measures results when the system is
trained on the Augmented data of ODIR dataset in key metric of Specificity, Area

Under Curve (AUC), Fl-score, Accuracy, and Sensitivity when proposed system

classified fundus images into 3 classes.

Table (4.15) Performance measures results of ODIR dataset After Augmentation.

Dataset | Sensitivity | Specificity | F1-score AUC Accuracy

ODIR

91.2 % 100% 95.5 % 95.6 % 96.9 %

Table (4.16) includes a comparison of different deep learning-based Cataract
diagnostic approaches with the suggested system performance that some of them
utilizes many datasets (the same datasets) and the other are not, all of them
classify cataract image into three stages (Mild, Moderate, Sever). It should be

observed that the suggested system reached higher performance when compared
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to other systems .

Table (4.16) comparison of the proposed System with another research( multi class of

cataract)
Authors Dataset | Accuracy | AUC | Specificity | Sensitivity
ﬁ"lﬁl and Reyes etal. 2020 | opir | 81.9% - 66% 71.4%
Islam et al., 2019 [17] ODIR 87.6% 80.5% - -
Jing et al.., 2020 [15] ODIR 89% 73%
Proposed method ODIR 96.9% 95.6% 100% 91.2%

The main reason for obtaining these achieved results:

Firstly, the structure of the CNN architecture shown in Tables (3.1) and (3.2), in
which identical blocks of layers were stacked to capture discriminative features and
the dropout layer was used after Max Pooling layer of the third block to improve

accuracy and generalization.

Secondly, the overfitting problem was prevented through the use of data
augmentation technology and early stopping during a train of CNN and Dropout

layer, which is the problem that most CNN models suffer.

Thirdly, the network was trained on preprocess fundus images and this gives

higher accuracy results because it focused on retina where the disease is present.

Fourthly, the parameters number which is derived from the model (8,412,290) for
binary classification and (8,412,419) for multi class of cataract , this is small in

comparison to the number of parameters in other literature models.
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4.10 An Experimental Database (Case Study)

In order to further validate the results of this study, real life fundus images
of Cataract are tested on our proposed system. Real patients' data are collected
from Imam Al- Sadiq General Hospital in Babylon city, in collaboration with
the medical doctors and technicians. While collecting these images the privacy
of the patients is preserved. The total number of 60 cataract fundus images are
collected from 47 cases (patients) with size (512, 512), which include three
stages of cataract. Table (4.17) shows cataract fundus images stages with their

numbers which are collected for case study.

Table (4.17) shows the cataract fundus images divide for case study.

Cataract Stages Mild Moderate Sever Total

Images Numbers 10 10 40 60

The fundus images are tested by our system. Figure (4.13) shows the confusion
matrix of the case study. The performance is almost perfect, with only two fundus

image is miss classified.
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Figure (4.13) The confusion matrix of the selected case study.
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Moreover, table (4.18) shows different evaluation metrics of the results for CNN-
SoftMax function classifier when the system was tested on collected fundus images of
case study in key metrics of Specificity, F1- score, Area Under Curve (AUC),

Accuracy, and Sensitivity.

Table (4.18) shows the performance measures for the CNN-SoftMax of case study.

Sensitivity | Specificity | F1-score AUC Accuracy

Case study 96.8% 94.4% 97.4% | 956% | 96.6 %

When using experimental data, the proposed system was tested on the original
case study fundus images. These fundus images pass through preprocessing
phase without augmentation techniques to find out the efficiency of the

proposed system when it is tested on real data.
The proposed method is very fast ,the Fundus image prediction time takes

approximately (0.06) millisecond for one image when using CNN-Softmax which

reduces the problems of handling more cataract cases.
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5.1 Conclusions

The essential conclusions of the results obtained from the utilization of the
proposed system for Cataract detection and classification in the funds images of

retina are as follows:

1. The prepossessing stage is a very important process, at which the images are
optimized to be suitable for the following stages. Also, it is the most important
and fundamental step in image classification. It is utilized to improve the image
quality .

2. The proposed system used multi-images augmentation methods. This system was
implemented on these augmented funds images to decrease the problem of over
fitting and to increase the proposed system's efficiency. As a high level of
categorization accuracy 96.9 % was acquired for the augmented funds images for
ODIR datasets (classification of funds images to three stage of cataract).The
accuracy was 94% when applying the method on the original funds images of
ODIR data set .

3. The proposed system is fast, the funds image prediction time takes approximately
(0.06) millisecond for one image when using CNN-Soft max which reduces the
problems of handling more cataract cases and this allows the system to be used in
real-time.

4. The proposed system achieved higher accuracy with a fewer number of
parameters and requiring less computational power.

5. Compare the performance of our architecture and training parameters with other
researches by experimental results, the performance of CNN algorithm is more

accurate than researcher on the same datasets (Kaggle & ODIR).
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5.2 Suggestions for Future Works

The following is recommended for future works:

1. Develop the proposed system further to include more eye diseases (such as eye
hypertension, Age Macular Degeneration (AMD), glaucoma, and others) based
on funds images.

2. Using another deep learning technique instead of Convolution Neural Network
such as VGG19, U-Net .

3. Extend the suggested system's capabilities by using a big data set of funds images
(thousands of photos).

4. Develop the proposed system to classify cataract into three types as Nuclear
Cataract (NC), Cortical Cataract (CC), and Posterior Sub capsular Cataract (PSC)

based on the location of the lens opacity.
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