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ABSTRACT

Diabetic Retinopathy (DR) is one of the significant reasons for visual impedance in the middle
age population. An automated approach for detection of DR has an extraordinary social effect on
rural population due to lack of expert ophthalmologists. The pre-screening of DR is exceedingly
viable in averting the irreversible vision loss however its detection is tedious and an impeded
process. Several strategies have been proposed in the literature, the greater part of them depend
on the morphological component extractions. Deep learning conversely enhances the results
when trained on the annotated data. In this paper, an automated DR grading algorithm is
exhibited that examines patients' fundus images having a distinctive field of view and light

intensity. It then classifies the images to their particular severity grade using deep learning.

The main focus is to diminish the false normal (Fnorm) recognition rate of the framework
to maintain a strategic distance from the characterization of DR influenced eye as normal. The
vast majority of the therapeutic recognition approaches center around expanding the precision as
opposed to stifling the Fnorm rate which influences its appropriateness in a genuine. The paper
initially compares different preprocessing techniques and their impact on enhancing the image
quality followed by the medical data balancing approaches. The proposed deep learning based
algorithms are trained over a publicly accessible EyePACS dataset of 35126 images and give a
high accuracy of around 98.98% with a reasonable Fnorm value. DR identification approach can
be utilized to supplant the manual screening procedures and help the ophthalmologist with

precise primary screening.



TABLE OF CONTENT

(O = o I 1 [N N RS URRPI i
ACKNOWLEDGEMENT ...ttt sttt e st e e s e e e s b e e e snb e e e snbeeennneeans i
F N S 3 I 2 PP UPR ii
TABLE OF CONTENTS oottt st e et e e st e e st e e e snb e e e snaeeennneeans v
LIST OF FIGURES ...ttt e e nne e vi
LIST OF TABLES ... oottt ettt et e b e an e b e nnn e neesnee s viii
CHAPTER 1: INTRODUCTION. ...ttt 1
1.0 CONTIDULION ...ttt bbbttt b et b e b s 4
1.2 THESIS OULIING ...t 4
CHAPTER 2: LITERATURE SURVEY ...t 5
2.1 UNSUPErVISEA IMELNOUS. ......ccviiieeiie ettt re e re et e nas 5
2.2 SUPEIVISEA IMBENOUS.......coveeieeee bbb bbbttt bbb 6
2.3 DEEP NEUIal NEIWOTKS. ... .c.viiiiiiiisieiiei bbbttt nbe e 7
CHAPTER 3: BACKGROUND ...ttt sttt 10
3.1 DEEP LBAIMING ...ttt bbbttt bbb bbbt s bbb bbb 10
3.1.1 Working of deep larning.........c.ovuiiriiri i e, 11

3.2 Convolutional Neural NEtWOTK .........cccoiiiiiii s 12
3.2.1 CoNVOIULIONAL. ..o 14

.22 NON-HINGAIITY ...ttt e 16
3.2.3Stride and Padding .........oiiiiiii s 17

3 2 A POOKING. .o 18

3 2.0 HY PO DA AMIBEES ..ttt et e et e 19



.26 FUlY CONNECTEA ..ottt e 20

CHAPTER 4: PROBLEM STATEMENT .....ooii e 21
O ] 1= {1 SO OSSRS 21
CHAPTER 5: PROPOSED SYSTEM FOR RETINOPATHY DETECTION ........ccocviiiieeen. 22
5.1 IMage AUGMENTALION .......ocuiiiieieiie et e e e s re e beeaesneesreereaneesraenneas 23
5.2 MOEI SEIECTION. ...ttt 26
5.3 Dataset TransSfOrMATION ...........oiiiiiieieiei et 28
5.3.1 Existing technique for Data BalanCing............cccceiiiiiiiicieiceseeeeee s 29

5.3.2 Multiple Dataset DIVISION ........c.ciiiiiiiieieiesie sttt sne s 32
5.3.3 Hierarchical Data TranSformation.............coeiiiiiiniiiiiee s 35
CHAPTER 6: RESULTS AND DISCUSSION ...ttt 39
6.1 Comparison of Different Preprocessing Methods ..........cccoeieiiiiniiiniiisieeee e 39
6.2 Performance evaluation of CIaSSITIEIS ........c.ooiiiiiiiiie s 41
6.3 Experimental results of proposed approach ............coovvieiiieiiiiienesseee s 44
6.4 Comparison With the eXISTING WOTK ..ot s 47
CHAPTER 7: CONCLUSION ANF FUTURE SCOPE........ccoiieiieeee e 50
7.1 CONCIUSION ...ttt bbbt bbbttt et bbbt neenes 50
7.2 FULUIE SCOPE ..tttk b e h btk bbbtttk e b e e nbe et 50
REFERENGCES ...ttt b et b et eebe et e e nne e nneenneas 52
LIST OF PUBLICATIONS ...ttt sttt ste e bt e snbeesnaeennee s 57
VWIDEQ LINK ettt ettt ettt et et e e ke e e st e e bt e sn b e e bt e e nteenbeeanbeenbeeanneens 58



LIST OF FIGURES

Figure
No.

Fig.1.1

Fig.3.1
Fig.3.2

Fig.3.3

Fig.3.4

Fig.3.5

Fig.3.6
Fig.3.7
Fig.3.8
Fig.3.9
Fig.3.10
Fig.3.11

Fig.5.1

Fig.5.2

Fig.5.3

Fig.5.4

Title of the Figure Pﬁge
(@) Normal (b) Mild DR (c) Moderate DR (d) Severe DR (e) PDR 3
Performance of Older and deep learning algorithm w.r.t. Quantity of Data 10
The machine learning process 11
The Deep Learning Process 12
Architecture of CNN 13
The input matrix and filter / kernel matrix 14
Working of convolutional layer 14
Convolutional operation using single filter 15
Convolutional operation using double filter 16
Sliding of convolutional filter using 1*1 stride 17
Working of MaxPooling 18
Dimension reduction using polling 19
Architecture of Propose approach 22
Conversion of a normal retinal image Into monochrome image Im 23
Conversion of a monochrome retinal image Imto Edge enhanced image /e 24
Working of convolution kernel on image 25

Vi



Fig.5.5
Fig.5.6
Fig.5.7

Fig.6.1
Fig.6.2

Fig.6.3
Fig.6.4

Fig.6.5

Fig.6.6

Conversion of an Edge enhanced retinal image Ie to Edge extracted image
lex

The architecture of Multiple data division

Hierarchical Approach to data transformation

Accuracy of different Pre-Processing measures
Confusion matrices of MDD approach

Confusion matrices of HDT approach
Accuracy measure of Unbalanced data, MDD, HDT approach

False Normal (Fnorm) rate of the three algorithms

Kappa statistic of the proposed approach’s

32

35

40

42

43

45

46

47

Vi



LIST OF TABLES

Table
No.

Table 5.1

Table 5.2

Table 5.3

Table 6.1

Table 6.2

Table 6.3

Title of the Table

Convolutional Neural Network (CNN) architecture used in our
experiment

Dataset Distribution

Classification results of the image

Confusion matrix of Unbalanced dataset

Per class Precision and Recall of Unbalanced data, MDD and HDT

Comparison of DR Severity grading performance for separating
Normal from DR affected images

Page No.

27

28

34

41

44

48

viii



CHAPTER 1
INTRODUCTION

When the glucose level in the blood vessel of the retina is increased, the vision ends up
noticeably obscured and without appropriate treatment, it can lead to complete blindness,
this process of damage within the retina is called diabetic retinopathy [1, 2].

The progression of Diabetic Retinopathy is at different rates in different persons
because of the two important vision pressuring difficulties: diabetic macular edema
(DME) and proliferative retinopathy. That is the reason there is a tremendous interest in
the most recent advancements and methodologies to analyze DR effectively. Researches
show that progression to vision impairment can be slowed or averted if it is detected in the
early stage of the disease.

Diabetic Retinopathy had influenced 3.4 percent of the aggregate population (4.1
million individuals) with nearly one-fourth of the general population affected by DR has
the vision-debilitating disease. It contributes around 5% of total cases of blindness. As
indicated by World Health Organization (WHQ) estimation 347 million [3] of the world
population is having the disease diabetes and about 40-45% of them have some stage of
the DR out of which 75% of the general population with diabetic retinopathy lives in the
developing countries. The manifestations of diabetic retinopathy don't appear in the early
stages, which makes it much harder to keep the patient from being visually impaired. To
prevent the delayed detection of DR, people affected by diabetes are usually prescribed for
general examinations. Ascend in a number of patients subsequently increase the workload
for the ophthalmologist for the early detection of diabetic retinopathy. Thus, there is high
consensus on the need for an automated, time and cost effective algorithm which can help
in the primary screening of the DR [4].

Deep Learning [5, 6, 7, 8, 9, 10] has recently emerged as an effective approach to
settle a substantial assortment of image recognition problems. Such approach can
automate the feature extraction [11, 12] process from adequately substantial dataset

without requiring any manual impedance. Deep learning approaches are known to



outperform other physically designed methodologies on a huge assortment of utilization.
Their segregation capacity is typically influenced by the measure of the accessible dataset.
Deeper architectures learn more discriminative features, generally at the cost of requiring
sufficiently large dataset to guarantee an appropriate generalization error and avert
overfitting [13].

There are certain issues related to an automated grading of DR effective fundus
image. Accomplishing a high accuracy and low false normal rate is essentially harder for
multi-class dataset comprising of five classes namely normal, mild DR, moderate DR,
severe DR, and PDR. Moreover, large datasets are generally skewed which produces a
biased classifier that considers minority class instances as outliers and classifies all
instances to the most conspicuous class of dataset. In the undertaken dataset less than
2.4% of the aggregate images are provided for severe DR and a PDR class which relates
that major alterations are required in the dataset for a classifier to learn minority features
effectively.

Diabetic retinopathy is categorized into two types that are NPDR (non-
proliferative diabetic retinopathy) and PDR (proliferative diabetic retinopathy) where
NPDR (non-proliferative diabetic retinopathy) can be subdivided into mild NPDR,
moderate NPDR, severe NPDR. The stages of diabetic retinopathy are described below:

NPDR (Non-Proliferative Diabetic Retinopathy): It occurs when retinal capillaries are
damaged due to hyperglycemia and weakens the capillary walls and a small outpouching
eventually causes the rupture. It can be further divided into the following categories:

Mild NPDR: It occurs when small areas of retinal blood vessels swell. This swelling is
known as microaneurysms which may further leak, increases the severity of the disease.
There are approximately 40% of the people with diabetes have signs of mild NPDR [5].
Moderate NPDR: With the progression of the disease, the distortion and swelling of the
retinal blood vessel become acuter. This affects the blood transportation ability of the
veins altering the appearance of the retina. This condition generally contributes to Diabetic
Macular Edema (DME). 16% of the people who has moderate NPDR will show a
tendency to develop PDR in about a time span of one year.



Severe NPDR: In this case, severe forms of intraretinal microvascular abnormalities along
with the cotton wool spots are found that blockade the blood supply to the retinal areas.

These retinal areas signal the retina for creating new blood vessels.

PDR (Proliferative Diabetic Retinopathy): At this stage, there is circulation problem
depriving the retina of oxygen and hence in PDR small abnormal blood vessel starts to
grow along the retinal wall. Like a film of a camera, the retina sits at the back of the eye
and because of the abnormal blood vessel growth, a gel-like fluid is filled at the back of
the eye which makes the vision blurry and in extreme cases complete blindness is also
possible as the light rays cannot be received by the optical nerve. Fig. 1 shows the images
of different stages of DR.

Fig.1.1. (a) Normal (b) Mild DR (c) Moderate DR (d) Severe DR (e) PDR



1.1 Contribution

The novel contribution of this research is first to compare the preprocessing techniques for
enhancing imperative features required for further processing, then proposing distinctive
architectures for profoundly effective and automated balancing of medical data. Finally,
the classification of normal and abnormal retinal images is done by using the well trained
convolutional neural network. This approach is assessed on a huge dataset of colored
fundus images and will spare the manual work and time of the ophthalmologist.

1.2 Thesis Outline

This thesis includes seven chapters. The Chapter 1 introduces the subject area of the thesis
research and provides an overview of the motivation and contribution in this work. The
Chapter 2 covers a detailed literature review of the different methodologies followed till
date to identify the diabetic retinopathy. The algorithms to classify the normal and
abnormal retinal images are also reviewed in detail. Chapter 3 defines the importance of
using deep learning over machine learning. It gives the different parameters and layers of
CNN are also explained in detail. Chapter 4 explains the problem statement and the
objectives of the proposed approach. Chapter 5 gives an insight into the methodology
followed in this research work. It includes data balancing, Preprocessing, and model
building. The Chapter 6 provides and discusses the experimentation results. The Chapter 7
concludes the work done in this research and provides the recommendations for the future

work.

Chapter Summary

This chapter gives an overview of the thesis. It explains what the problem is and the
need to find that problem. It explains the term Diabetic Retinopathy, how it caused, the
real statistics of the effected people by this disease and the different stages of DR. Also,
it discusses the motivation behind this thesis and the contribution to make such a system

which can detect the DR and reduce the time of primary screening.




CHAPTER 2
LITERATURE SURVEY

A huge amount of work has been done in the field of detecting Diabetic Retinopathy.
There are multiple ways of identifying DR like detecting microaneurysms, hemorrhages,
exudates etc. Variation in size and shape of blood vessels is also a good indicator for DR

detection. Similarly presence of different lesions aids in DR detection.

2.1 Unsupervised Methods

A fuzzy-based segmentation was proposed by Kande et al [14] that used green and red
channels of an image to correct the non-uniform illumination from fundus image. The
matched filter was applied to enhance the difference between background and blood
vessels. Finally, fuzzy C Mean clustering and Connected labeling of components are
performed to identify vascular tree structure. The author used publically available DRIVE
and STARE datasets. Yao and Chen [15] used 2-dimensional Gaussian filters to perform
DR classification. Experimentation was performed on STARE datasets. Another approach
that used matched filter along with ant colony algorithm was proposed by Cinsidicsi and
Aydin [16] that made use of DRIVE dataset to perform their experimentation and
achieved AUC of 0.94 with an accuracy of 0.92.

A method for high-speed detection of blood vessels known as phase congruency
was proposed by Amin and Yan [17]. A unique concatenation of centerlines detection of
blood vessels and morphological bit plane was proposed by Fraz et al. [18]. Multiple
morphological approaches were performed for purpose of pre-processing which are
reviewed by Krizhevsky et al. [19]. Odstcilik et al [20] deduced a method for
segmentation of retinal vessels that help in glaucoma, arteriolar narrowing and act as a
preprocessing step for various image analysis. Segmentation of retinal vessels helps in
detection of diabetic retinopathy by visualizing features such as hemorrhages, neovascular
nets, microaneurysms etc. A matched filter coupled with minimum error threshold is used
in the precise segmentation of retinal blood vessels. A new publically available dataset

HRF is created which contains high-resolution fundus images. Author compared



performance of their approach on a new dataset with publically available DRIVE and
STARE datasets.

2.2 Supervised Methods

Supervised learning algorithms use datasets annotated manually by ophthalmologists.
These annotations are known as ground truth which is used to train the classifier. Different
Supervised machine learning classifiers such as Artificial Neural Networks(ANN), K-
Nearest Neighbor (KNN) [21], Gaussian Model [22], Support Vector Machine
(SVM)[23], PCA coupled with Gabor Filters, Adaboost classifier [24].

Gardner et al. [25] utilized Neural Network and the intensity value of pixels to
classify a fundus image as DR affected or not and achieved a sensitivity of 88.4%. Dataset
comprising of 200 retinal images was used in which each retinal image was split into
patches. Each patch was evaluated by a clinician for feature detection before
implementation of SVM.

Another approach by Nayak et al. [26] used a neural network for classifying
fundus images into three classes Normal, NPDR and PDR. Feature extraction was applied
to extract features like exudates area, a region of blood vessels along with other
parameters. The neural network was implemented on the dataset of 140 images to classify
images into any of the three classes. Classified images were then validated by an
ophthalmologist. The approach exhibited 90% sensitivity and 93% accuracy. Both training
and testing phases required feature detection that made the detection process tedious.

Thomas and Mahesh [27] detected the retinal changes in diabetes patient’s eye
such as microaneurysms, hard exudates, soft exudates, hemorrhage etc. The authors
intended to monitor the changes in retinal images to detect the presence of DR. Gandhi
and Dhanasekaran [28] detected exudates in color fundus as well as classified the severity
of the lesions using SVM classifier. Shahin et al. [29] also did the same type of work as
that of [28] but in their work, they used ANN classifier. Prenta et al. [30] performed



segmentation of retinal vasculature. They localized macula and fovea that aids in the

segmentation of diabetic retinopathy.

An approach to automating the detection of DR in five distinct classes by Acharya
et al. [31] used spectra method for feature extraction. These features were fed to SVM for
classification of fundus image and achieved an accuracy of 82%. Acharya et al. [32] also
utilized image preprocessing to extract the most crucial features namely hemorrhages,
microaneurysms, blood vessels, and exudates. SVM was applied to these features and the
accuracy was increased to 85.9%. Image preprocessing was also applied by Adarsh et al.
[33] for automatic grading of fundus images. The feature vector was created by using
texture features and classification was done by SVM using two datasets of 130 images and
89 images. This approach achieved an accuracy of 94.6% and 96% respectively for each

dataset.

Sadek et al. [34] followed an innovative approach to classify the DR and ARMD in
the colored retinal images. The images were preprocessed with conventional intensity
normalization. The features were extracted from images using HOG and SURF techniques
and the final classification was done by implementing SVM. The author validated the
method on 5 publically available datasets with the mean accuracies of 97.22% and 99.77%

for single and multiple based dictionaries approaches.

2.3 Deep Neural Networks

ANN are widely applied in medical image classification problems but Deep learning
neural networks like Convolutional Neural Networks (CNN) are generating exceedingly
impressive results with classification and automatic feature extraction. Deep neural
networks [35] use features such as drop out that help them generate accurate results.
Rectified Linear Unit (ReLU) nonlinearity is applied for effective training deep
convolutional networks as they don’t vanish at extremes tangent and sigmoid functions.
CNN due to their multilayer architecture are easily parallelized using GPUs. CNN

[36][37] are a type of feedforward networks which are trained using backpropagation and



performs automatic feature extraction. Automatic feature extraction produces both high
level and low-level features. The architecture of CNN comprises of Convolutional and
pooling layer along with fully connected layers. Convolutional layers act as main feature
extraction layers that map various features with the input image. The feature extraction
process uses a window that slides on entire image to search for unique features. For
multiple features, the network generates multiple feature maps. Every feature map has
similar weights and maps similar features at multiple positions. Weight sharing feature
reduces the number of weights which are learned. Feature selection process helps in
dimensions reduction and spatial resolution of features and is carried out by Pooling layers
of the network.

A hybrid approach was proposed by Wang et al. [38] that used Random Forest and
CNN models. The author performed a huge amount of preprocessing for improving
quality of the image. Hierarchical features that are insensitive towards distortion,
translation etc. are extracted from the image by using CNN. The author used STARE and
DRIVE datasets for purpose of experimentation and achieved AUC and accuracy of
0.98/0.97 and 0.97/0.94 respectively for each dataset. Another deep learning based
supervised approach was proposed by Liskowski et al. [39]. They applied multiple
preprocessing methods on the image to increase the performance of deep learning
classifier. Augmentation of images was done by performing operations like flipping,
scaling etc. to increase the STARE and DRIVE dataset. To perform cross-validation
CHASE dataset was used. A M x M patch is applied on every pixel to detect whether it is
a vessel or not. Value of M was made 27 and for each channel of the image i.e. R, G, and
B a patch was created resulting in size 3*27*27=2187. A sample of 20000 patches was
created for STARE and DRIVE datasets. Two CNNs were used in experimentation in
which one consisted of the max-pooling layer and 3 fully connected layers and other
consisted of only 3 fully connected layers. End layers used sigmoid function whereas
hidden layers used ReLU nonlinearity function. Multiple variants of their algorithms
resulted in AUV of 0.99 achieving accuracy of 0.97.

Pratt et al. [40] recently approached the problem of detecting the diabetic
retinopathy by applying deep learning over a relatively very large dataset of the retinal



images. Before feeding the images into CNN architecture the images were resized and
preprocessed but the method achieved an accuracy of 75% on a dataset of 5000 validation
images.

Most of the five class classification approaches utilize the tedious handcrafted
feature extraction process and then apply SVM to detect the severity grade of the retinal
images. This delays the automated process and affects its pertinence. These approaches are
validated on the very small dataset and do not demonstrate the precise accuracy of the
system. None of them concentrate on diminishing the false normal rate of the system.

Thus they are less effective in real world.

Chapter Summary

In this chapter, a detailed literature survey is carried out on the ongoing research and
new technologies which have been used by different authors in the previous years. The
chapter is divided into three major areas which are; Unsupervised Methods, Supervised
Methods and Deep Neural Networks. Each of these sections contains detailed
description of the related papers. Also, the analysis has been done on the outcomes and
findings of these papers to better understand the need of the time and the research gaps
left.




CHAPTER 3
BACKGROUND

3.1 Deep Learning

Machine learning has a subfield known as deep learning which inspired by functioning
and architecture of the brain. Deep learning gained interest due to the availability of high-

speed computers and a huge amount of data to efficiently train a deep network.

Why deep learning

Deep learning

o)
o
o
©
=
S
o

=
O

o

Amount of data

How do data science techniques scale with amount of data?

Fig.3.1.Performance of Older and deep learning algorithm w.r.t. Quantity of Data [41]

Deep learning network is highly scalable with an additional feature of automatic feature
extraction that helps the network learn features from raw data. Deep learning models are
capable of learning complex patterns which small networks are often unable to learn. Deep
networks are a part of Artificial intelligence which emulates human-like perception to get
certain kinds of knowledge. In simple term, deep learning is a process of automating

predictive analysis as shown in Fig.3.1.

Deep learning networks have a stacked architecture with increasing abstraction and
complexity hierarchy. To understand the working of these networks, imagine a toddler
whose first word is a cat. He learns about a cat by pointing at object saying word cat.

10



Parents give their input by saying “Yes or No”. With time toddler gets aware of unique
features that cat possesses. Toddler unintentionally learns complex patterns by building a

layer of abstraction by gaining knowledge from the previous layer of hierarchy.

3.1.1 Working of deep learning

Every deep learning model goes through the similar process of applying non-linear
transformations on input and outputs the model. This process continues until the model
achieves high accuracy. Deep learning gets its name from the depth of network.

THE MACHINE LEARNING PROCESS

In machine learning applications, a data scientist or other analyst:

1 = =

Identifies relevant Builds an analytical
of machine learning model based

Trains the model Runs the model to

©on test data sets. generate scores and
revising it as needed. other findings.

Fig.3.2.The machine learning process [42]

Machine learning algorithms use supervised learning in which classifier in told what to
look for in an image during image classification as explained in Fig.3.2. These algorithms
use manual feature extraction in which the accuracy of the classifier completely depends
on the quality of feature set used. Here the deep learning algorithm doesn’t require any
supervision for building feature set. This type of learning is more accurate and takes lesser
time. A Classifier may get annotated training data with labels “cat” or “not a cat” for each
image given by a human expert. The classifier uses the training data and creates a feature
map. Initially, classifier might only be able to learn simple features like “Tail” and “four

11



legs”. But with every iteration, the classifier starts to learn more complex features and

becomes more accurate.

THE DEEP LEARNING PROCESS

In deep learning applications, a data scientist or other analyst:

.
Understands problerm Identifies relevant data
and whether deep sets and prepares them
leaming is a good fit. for analysis.

Traing algorithm on Tests the model’s
large amount of : performance ageinst

labeted data. uniabeled data.

Fig.3.3.The Deep Learning Process [41]

Though a toddler takes several months to learn the concept of “Cat”, deep learning
networks with the use of high-performance computers when given large dataset may
classify millions of images correctly in few minutes. The ability of deep learning networks
to find meaningful insights from unstructured and unlabeled data increases its applications
as most of the data gathered using IoT and other sources are unstructured as shown in
Fig.3.3. Deep learning can be applied to a wide range of applications such as natural
language processing, disease diagnosis, stock market prediction, image classification,

intrusion detection as well as applications involving big data analytics.

3.2 Convolutional Neural Network (CNN)

Convolutional Neural Network (CNNs) is a category of Neural Networks which has
proven very effective in areas such as image classification. CNN has been successfully
applied in multiple fields like in identifying faces, self-driving cars. Convolutional Neural

Networks (CNN) are everywhere. It is arguably the most popular deep learning

12



architecture. The recent surge of interest in deep learning is due to the immense popularity
and effectiveness of CNNs. The interest in CNN started with AlexNet in 2012 and it has
grown exponentially ever since. In just three years, researchers progressed from 8 layers
AlexNet to 152 layer ResNet.

CNN is now the go-to model for every image related problem. It is also
successfully applied to recommender systems, natural language processing and more. The
main advantage of CNN compared to its predecessors is that it automatically detects the
important features without any human supervision. For example, given many pictures of
cats and dogs, it learns distinctive features for each class by itself. CNN is also
computationally efficient. It uses special convolution and pooling operations and performs
parameter sharing. This enables CNN models to run on any device, making them
universally attractive. It is a very powerful and efficient model which performs automatic
feature extraction to achieve superhuman accuracy. All CNN models follow a similar

architecture, as shown in the Fig.3.4.

:: )

Input Conv Pool Conv Pool FC FC Softmax

Fig.3.4. Architecture of CNN [43]

There is an input image on which CNN is applied. CNN perform a series convolution +
pooling operations, followed by a number of fully connected layers. While performing
multiclass classification the output activation function is chosen as softmax. The detailed

description of each layer is explained below.
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3.2.1 Convolution

The main building block of CNN is the convolutional layer. Convolution is a mathematical
operation to merge two sets of information. In our case, the convolution is applied on the

input data using a convolution filter to produce a feature map.

1 1 1 O 0)
0] 1 1 1 O 1 0] 1
0] 0] 1 1 1 0] 1 0]
(0] (0] 1 1 O 1 0 1
(0] 1 1 (0] 0

Input Filter / Kernel

Fig.3.5.The input matrix and filter/kernel matrix [43]

In Fig. 3.5 the left side is the input to the convolution layer, for example, the input image.
On the right is the convolution filter, also called the kernel, we will use these terms
interchangeably. This is called a 3x3 convolution due to the shape of the filter. We perform
the convolution operation by sliding this filter over the input as shown in Fig. 3.6. At every
location, we do element-wise matrix multiplication and sum the result. This sum goes into
the feature map. The green area where the convolution operation takes place is called

the receptive field. Due to the size of the filter the receptive field is also 3x3.

1x1 | 1x0 | 1x1 0 0

O0x0 | 1x1 [1x0| 1 0 4

Ox1 | Ox0 | 1x1 1 1

0 0 1 1 0

0] 1 1 0 0

Input x Filter Feature Map

Fig.3.6.Working of convolutional layer [43]
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Here, the filter is at the top left, the output of the convolution operation “4” is shown in the
resulting feature map. We then slide the filter to the right and perform the same operation,
adding that result to the feature map as well. We continue like this and aggregate the
convolution results in the feature map. Here’s an animation that shows the entire

convolution operation.

This was an example convolution operation shown in 2D using a 3x3 filter. But in
reality, these convolutions are performed in 3D. In reality, an image is represented as a 3D
matrix with dimensions of height, width, and depth, where depth corresponds to color
channels (RGB). A convolution filter has a specific height and width, like 3x3 or 5x5, and
by design, it covers the entire depth of its input so it needs to be 3D as well.

One more important point before we visualize the actual convolution operation. We
perform multiple convolutions on an input, each using a different filter and resulting in a
distinct feature map. We then stack all these feature maps together and that becomes the
final output of the convolution layer. But first, let’s start simple and visualize a convolution

using a single filter.

f——=—to ”

1x1x1
5x5x3

32

32x32x1 32

Fig.3.7.Convolutional operation using a single filter [43]

In Fig. 3.7 we have a 32x32x3 image and we use a filter of size 5x5x3 (note that the depth
of the convolution filter matches the depth of the image, both being 3). When the filter is at
a particular location it covers a small volume of the input, and we perform the convolution

operation described above. The only difference is this time we do the sum of matrix
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multiply in 3D instead of 2D, but the result is still a scalar. We slide the filter over the input
like above and perform the convolution at every location aggregating the result in a feature

map. This feature map is of size 32x32x1, shown as the red slice on the right.

If we used 10 different filters we would have 10 feature maps of size 32x32x1 and
stacking them along the depth dimension would give us the final output of the convolution
layer: a volume of size 32x32x10, shown as the large blue box on the right. Note that the
height and width of the feature map are unchanged and still 32, it’s due to padding and we
will elaborate on that shortly.

To help with visualization, we slide the filter over the input as follows. At each
location, we get a scalar and we collect them in the feature map. The animation shows the
sliding operation at 4 locations, but in reality, it’s performed over the entire input. In Fig.
3.8 we can see how two feature maps are stacked along the depth dimension. The
convolution operation for each filter is performed independently and the resulting feature

maps are disjoint.

Fig.3.8.Convolutional operation using a double filter [43]

3.2.2 Non-linearity

For any kind of neural network to be powerful, it needs to contain non-linearity. Both the
ANN and autoencoder we saw before achieved this by passing the weighted sum of its
inputs through an activation function, and CNN is no different. We again pass the result of

the convolution operation through relu activation function. So the values in the final feature
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maps are not actually the sums, but the relu function applied to them. We have omitted this
in the figures above for simplicity. But keep in mind that any type of convolution involves

a relu operation, without that the network won’t achieve its true potential.

3.2.3 Stride and Padding

Stride specifies how much we move the convolution filter at each step. By default, the
value is 1, as you can see in the Fig. 3.9.

Stride 1 Feature Map

Fig.3.9.Sliding of the convolutional filter using 1*1 stride [43]

We can have bigger strides if we want less overlap between the receptive fields. This also
makes the resulting feature map smaller since we are skipping over potential locations. Fig.
3.9 demonstrates a stride of 2. Note that the feature map got smaller. We see that the size of
the feature map is smaller than the input because the convolution filter needs to be
contained in the input. If we want to maintain the same dimensionality, we can

use padding to surround the input with zeros.

We can have bigger strides if we want less overlap between the receptive fields.
This also makes the resulting feature map smaller since we are skipping over potential
locations. Fig. 3.9 demonstrates a stride of 2. Note that the feature map got smaller. We see
that the size of the feature map is smaller than the input because the convolution filter
needs to be contained in the input. If we want to maintain the same dimensionality, we can

use padding to surround the input with zeros.
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3.2.4 Pooling

After a convolution operation, we usually perform pooling to reduce the dimensionality.
This enables us to reduce the number of parameters, which both shortens the training time
and combats overfitting. Pooling layers downsample each feature map independently,
reducing the height and width, keeping the depth intact. The most common type of pooling
is max pooling which just takes the max value in the pooling window. Contrary to the
convolution operation, pooling has no parameters. It slides a window over its input, and
simply takes the max value in the window. Similar to a convolution, we specify the
window size and stride. Fig. 3.10 shows the result of max pooling using a 2x2 window and
stride 2. Each color denotes a different window. Since both the window size and stride are

2, the windows are not overlapping.

2| 4

max pool with 2x2
window and stride 2 6 8

11
516|718
3121110 3| 4
11234

Fig.3.10.Working of MaxPooling [43]

Note that this window and stride configuration halves the size of the feature map. This is
the main use case of pooling, downsampling the feature map while keeping the important
information. Fig. 3.11 shows the feature map dimensions before and after pooling. If the
input to the pooling layer has the dimensionality 32x32x10, using the same pooling
parameters described above, the result will be a 16x16x10 feature map. Both the height and
width of the feature map are halved, but the depth doesn’t change because pooling works

independently on each depth slice the input.
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32

32

10

Fig 3.11.Dimension reduction using polling [43]

By having the height and the width, we reduced the number of weights to 1/4 of the input.
Considering that we typically deal with millions of weights in CNN architectures, this
reduction is a pretty big deal. In CNN architectures, pooling is typically performed with

2x2 windows, stride 2 and no padding. While convolution is done with 3x3 windows, stride

1 and with padding.

3.2.5 Hyper-parameters

pooling

We have 4 important hyper-parameters to decide on:

o Filter size: we typically use 3x3 filters, but 5x5 or 7x7 are also used depending on the
application. There are also 1x1 filters which we will explore in another article, at first
sight, it might look strange but they have interesting applications. Remember that these
filters are 3D and have a depth dimension as well, but since the depth of a filter at a

given layer is equal to the depth of its input, we omit that.

« Filter count: this is the most variable parameter, it’s a power of two anywhere between
32 and 1024. Using more filters results in a more powerful model, but we risk
overfitting due to increased parameter count. Usually, we start with a small number of

filters at the initial layers and progressively increase the count as we go deeper into the

network.

o Stride: we keep it at the default value 1.

10

16
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o Padding: we usually use padding.

3.2.6 Fully Connected

After the convolution + pooling layers we add a couple of fully connected layers to wrap
up the CNN architecture. The output of both convolution and pooling layers are 3D
volumes, but a fully connected layer expects a 1D vector of numbers. So we flatten the
output of the final pooling layer to a vector and that becomes the input to the fully
connected layer. Flattening is simply arranging the 3D volume of numbers into a 1D

vector, nothing fancy happens here.

Chapter Summary

This chapter is mainly divided into two subsections namely Deep Learning and
Convolutional Neural Network. In the first subsection, the detailed working of deep
learning algorithms is explained. Here, the comparison is drawn between the traditional
machine learning algorithm and deep learning algorithm. In the second subsection, the
architecture of CNN is explained in detail along with different parameters.
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CHAPTER 4
PROBLEM STATEMENT

From literature surveys, it was observed that most of the researchers used techniques like
SVM, AdaBoost and Random forest to perform DR detection. These techniques require
manual feature extraction so there was a scope of identifying more relevant features to
improve the performance of classifiers. This can be achieved by applying better feature
selection methods to identify more significant features in a fundus image. Deep learning
algorithms can improve the segmentation of blood vessels and Identification of multiple
exudates and lesions using automatic feature extraction. Deep learning networks have
replaced the feature selection and extraction but they require efficient pre-processing of
fundus images to remove the variations due to different lighting conditions and enhance
the guality of the image. Most of the medical data related databases are highly unbalanced
and are unsuitable for deep learning application. Thus there is a need to create data

balancing algorithm that is specially designed for medical data applications.

4.1 Objectives

The objectives of the current research work can be listed as:

1. To study, analyze and explore the already existing detection methods for diabetic
retinopathy.

2. To propose an algorithm that can balance medical data efficiently to make it
suitable for deep learning applications.

3. To propose an automated detection system to identify the lesions in the retina of a
diabetic eye by employing deep learning.

4. To test and validate the proposed technique on publically available datasets of the

fundus.
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CHAPTER §
PROPOSED SYSTEM FOR RETINOPATHY DETECTION

The proposed framework is composed of three noteworthy modules that associate in the
characterization of the retinal image. The image augmentation module aids in
preprocessing [44] of the image preparing it for model implementation. Next module helps
in data transformation and balancing to reduce the disproportion among different classes
of the dataset. The exceedingly skewed dataset is approached by applying two distinct
architectures for data balancing. In first architecture, the entire data is divided into
multiple sub-datasets followed by the application of Deep Learning model.

Input Retinal

Image (n) Image Extracted (Jex)

HDT DATASET MDD | DATASET

Data Balancing / \

and AN ©

Candidate
Extraction

Image Pre-processing

FUNDUS
IMAGES

No
¥ ) 4)

y\w W W

OUTPUT
(DR Severity Grades)

\ <]
LN |«

Fig.5.1.The architecture of the Proposed approach

To obtain the last outcome, results from each trained model are bagged together and

ensembled. The second approach deals with multiclass classification problem in a
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different way, by first converting it into a binary classification problem of characterizing
image as affected by DR or not. Further another classifier is trained to characterize the DR
affected image into 4 distinctive severity grades. Each of the data transformation approach
uses a custom 21 layer deep CNN trained on the large annotated dataset. Fig.5.1 shows the

multistage algorithm to automate the detection of severity grade of DR.
5.1 Image Augmentation

In stage 1 diverse transformation are made on the image to enhance the highlights and
stifle the variation due to various illuminations in the fundus image. Image (In) provided
in the dataset has vaa ried field of view, illumination and size.

Initial preprocessing is done to resize the images into a standard 128 x 128 pixels
RGB image (Ir). To reduce the further complexities and the variation due to different
illumination conditions, it is converted into monoa chrome image (/m)shown in Fig.5.2.

The conversion is done using ITU-R 601-2 luma transformation shown in (1).

Im = Ir » = +Ig*58—7+1b*£
1000 1000 1000

1)

where:

Irrepresentsred spectrum of theimage.
Igrepresentsgreen spectrum of theimage.

Ibrepresentsblue spectrum of theimage.

In

Fig.5.2. Conversion of a normal retinal image Into monochrome image Im
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In stage 2 I'm needs to be further transformed to enhance the structure of exudates and
veins in rethe tina. For this, edge enhancement is applied that increases the contrast of
pixels around specific edges so that they are visible conspicuously. This is an image
processing channel that improves the edge intricacy of an image or video endeavoring to
enhance its acutance (evident sharpness). The channel works by recognizing sharp edge
limits in the image, for example, the edge between a subject and a background of a
differentiating color, and expanding the image differentiate in the region instantly around
the edge. This has the impact of making unobtrusive, astonishing and dim features on
either side of any edge in the image, called overshoot and undershoots, driving the edge to
look more characterized when seen from a standard site. For this a 3*3 kernelis used

which is shown below:

-1 -1 -1
-1 9 -1
-1 -1 -1

Im

Fig.5.3.Conversion of a monochrome retinal image Imto Edge enhanced image /e

This kernel is convolutional to enhance the edge of the image./mgets transformed into
Ileas shown in Fig.5.3. The conversion helps in enhancing the structural edges of the

image. The kernel slides on the whole image multiplying each pixel by the corresponding
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value of the matrix and amplify the higher contrast regions of the image from the rest of

the image. This transformation is shown in Fig.5.4.
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Fig.5.4. Working of convolution kernel on image

After sharpening the edges of auxiliary highlights the next transformation in stage 3 is to
extract only the structural details of the image containing all the features creating

imagelexshown in Fig.5.5.

le | lex

Fig.5.5. Conversion of an Edge enhanced retinal image Ieto Edge extracted image lex
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Edge detection incorporates an assortment of numerical techniques that aim at identifying
the points in a digital image at which the image luster changes strongly or, more formally,
has discontinuities. The concentrations at which picture brightness changes forcefully are
regularly sorted out into an arrangement of bent line fragments named edges.

A comparable issue of finding discontinuities in one-dimensional signs is known
as step revelation and the issue of finding signal discontinuities after some time is known
as change distinguishing proof and this is finished utilizing 3*3 kernel which is
demonstrated as follows: The working of the following kernel is similar to that shown in
Fig.5.4.

-1 -1 -1
-1 8 -1
-1 -1 -1

5.2 Model Selection

Post preprocessing deep learning classifier has been applied for the evaluation of fundus
image. The Convolutional Neural Network (CNN) [45, 46, 47] was designed specifically
for the purpose of analyzing visual imagery. It is a class of feed-forward deep artificial
neural networks which performs the task of image classification more accurately and
efficiently as compared to ANN.

CNN uses kernel or filter for extracting features from an image. The filter is a
small size vector of weights, which generates a feature map as output. This filter mask is
made to move along different pixels of the input image gradually covering the entire
image. As a result of the nature of the convolution operation, the network units belonging
to a single layer are forced to share weights among them. This aspect of CNN gives the
network the ability to detect features irrespective of its location in the image. The sharing
of weights among neurons in a layer helps to significantly reduce the number of

parameters in the network.
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Table 5.1.Convolutional Neural Network (CNN) architecture used in our experiment

# NAME SIZE

0 Input 1x128x128
1 Convl 32x126x126
2 Pooll 32x63x63
3 Dropoutl 32X63x63
4 Conv2 64x62x62
5 Pool2 64x31x31
6 Dropout2 64x31x31
7 Conv3 128x30x30
8 Pool3 128x15x15
9 Dropout3 128x15x15
10 Conv4 256x14x14
11 Pool4 256X7X7
12 Dropout4 256X7X7
13 Conv5 512x6x6
14 Pool5 512x3x3
15 Dropout5 512x3x3
16 Hidden6 500

17 Dropout6 500

18 Hidden7 1000

19 Hidden8 1000

20 Hidden9 1000

21 Output )

Image of size 128x128 pixel is used for feeding the network. This resizing was done by
center cropping the input images to get the desired pixel sizes for the experiments. The
retinal images are processed through a pile of convolutional layers where a small 3x3filter
size was used and the custom network comprised of 21 layers. A fixed convolutional

stride of 1 pixel with a padding of 1 pixel was utilized for the convolutional layer. For
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dimension reduction, a 2x2 pixel window is used for applying Max-pooling. Addition of
multiple dropout layers decreases the overfitting of the system and aid in improving the

accuracy of the system. Table 5.1 shows the layer information of the custom model.
5.3 Dataset Transformation

The EyePACS dataset contains 35,126 images for training the network and 53,576 images
for testing the network. Table 5.2 shows the number of images in the dataset. There are
five fairly unbalanced classes of images which are taken in various lighting condition.
These five training labels [0,1,2,3,4] are named as normal, mild DR, moderate DR, severe
DR and PDR respectively having a unique patient-id with a substring “left” for the left eye
and “right” for the right eye.

Table5.2 Dataset Distribution

Class Name Training Images Testing Images
0 Normal 25,810 39,533
1 Mild DR 2,443 3,762
2 Moderate DR 5,292 7,861
3 Severe DR 873 1,214
4 PDR 708 1,206

The initial approach towards addressing the problem of Diabetic Retinopathy through
automatic detection exploits deep learning algorithms which when applied to the dataset
through rigorous training are able to predict the categorization of the patient’s fundus
image within the given severity grades. The deep neural network is an exceptionally
viable and productive model that is widely used for the image classification. This CNN is
a supervised machine learning model that takes in input well-annotated data as a training
set and learns the pattern among the classes generally the more the number of layers in the

CNN more the embedded and complex features it can learn. For our motivation of
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building a mechanized framework, 21 layered CNN is used which is highly trained over a
large number of labeled images. Most of the approaches in the past have used a small
dataset of about 100-5000 images.

This approach creates a more robust and better-trained network by using around
35000 images. This image dataset is highly skewed towards class representing non-
diabetic patients. The underlying methodology was to implement this 21 layer CNN over
the entire dataset. This approach when actualized restored a one-sided classifier which
when applied to any fundus image categorize it to the normal image. Despite the fact that
the model accuracy was about 73%, this model was very inadmissible for any application
for clinical purposes. The principal issue towards tending to any problem that deals with
the categorization of medical data require utmost priority for diminishing the
misclassification of a disease affected patient to normal patient. For this, deep learning
therapeutic classification models ought to be brilliantly trained for stifling such anomalies.
The lesser this misclassification happens the more practical is the application of the
model. Thus, for further evaluation of any approach, the false normal rate is an imperative

parameter that makes a model constant material.

5.3.1 Existing Technology Data Balancing

There are many approaches proposed to solve the problem of the unbalanced learning.
Each of this approach tries to balance the dataset by using either undersampling or
oversampling. To have a deep understanding, these approaches can be generalized as

follows:

Random Sampling. This data balancing technique uses non-heuristic functions to balance
data which can be further classified into two categories namely ROS and RUS.

Random oversampling. Random oversampling is a method that tries to balance

disproportion among the classes by using a non-heuristic function to randomly replicate

instances of a minority class. The main drawback of random oversampling is that it
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replicates instances of minority class without any alteration which increases the chances of

occurrence of overfitting.

Random undersampling. Random undersampling is a method that tries to balance
disproportion among the classes by using a non-heuristic function to randomly eliminate
instances of majority class. The main shortcoming of random undersampling is that it

affects the induction process by potentially discarding valuable data.

Tomek links. It is an approach used for Undersampling in which Tomek links[15]
belonging to majority class are eliminated. let la, Ib are instances that belong to two
different classes, then (Ia, Ib) is a Tomek Link if there doesn’t exist any instance Ic for
which D(la, Ic) < D(la, Ib) or D(Ib, Ic) < D(la, Ib) where D(x, y) represents distance
between instances x and y. The disadvantage of this approach is that if there exists a
majority class that represents more than 70 percent of data than Tomeks links are not an
effective solution as they will not able to undersample the majority class to an extent
where classes become balanced.

Neighborhood Cleaning Rule. It is an Under sampling technique used to remove
majority class instances by using Edited Nearest Neighbor Rule (ENN) [16] proposed by
Wilson. The principle behind the working of ENN is that it removes an instance la from
the dataset if two of its three nearest neighbor instances differ from its class label.
Neighborhood Cleaning Rule modifies ENN which can be explained as follows:

Given a binary classification problem where M and N represent majority class and
minority class respectively. For each instance la, three nearest neighbors are identified. If
Ia € M is an instance of majority class and any of its three nearest neighbors belong to
class N then Ia is deleted from the dataset. If [a € N and any of its three nearest neighbors
belong to class M than those neighbors of la are deleted from the dataset.

Synthetic Instance Creation. Synthetic data creation is the production of new instances
by using the already given instances. The three widely used approaches under this are as

follows.
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SMOTE. Synthetic Minority Oversampling Technique is one of the most widely used
oversampling methods. In this approach synthetic instances of a minority, the class is
created to increase oversample the minority class. Instance creation in SMOTE uses a
simple approach of taking k nearest instances of a minority class and interpolating them to
create a new minority class instance. This approach helps spread boundaries of a minority

class and also avoids overfitting.

Borderline SMOTE. Borderline SMOTE [17] method is also a type of Over-sampling
method based on SMOTE. The main idea behind Borderline SMOTE is to create instances
of using the borderline instances of a minority class. This approach achieves better true
positive rates than SMOTE.

ADASYN. Adaptive synthetic sampling [18] approach is an Over-sampling Techniques
which uses weights to increase the learning from unbalanced datasets. The main method
behind ADASYN is to assign more weightage to the instances of minority class that are
difficult to learn by the classifier than those instances of minority class that was learned
more easily. So, more synthetic instances are created from data points that were harder to
be classified by the classifier.

All the data balancing techniques discussed above have drawbacks that prevent
them to be used in balancing Medical Data. Undersampling techniques don’t take into
account the cost of collecting medical data and try to eliminate valuable medical data
instances. Oversampling techniques create synthetic minority data which otherwise should
include sample data points having significant information about disease affected patients.

So oversampling, the minority data affects the authenticity of data as well as the classifier.
5.3.2 Multiple Data Division (MDD)

The medical datasets are generally skewed towards the class representing the people not
affected by the disease. Certain data balancing approaches are required to apply deep
learning to these datasets. For this reason, there are numerous methodologies accessible

that expect to balance the unbalance dataset by either using oversampling approach to
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increase the instances of the minority class or undersampling approach which tries to
remove some instances from the majority class. Both these methodologies are not
appropriate for the medical data balancing as the oversampling approach challenges the
credibility of the data created while the under-sampling approach neglects the endeavors
and the cost required for gathering the dataset. Due to this fact, there is a need to handle
the medical data balancing in a unique way to preserve both authenticity and value of the
data. For this, the MDD algorithm is developed which creates multiple sub-datasets from
one parent dataset where each of these sub-datasets contains an acceptable proportion of
instances.

These sub-datasets can be further trained concurrently using parallel processing
approaches to reduce the training time of the system. The output from each of these sub-
datasets can be bagged together using voting techniques to create a much steady and
unprejudiced classifier that can classify the input fundus image into its particular severity

grade effectively. Fig.5.6 shows the block diagram of MDD technique.

Data Balancing Model Building Ensembling

DATASET A Result A

DATASET B CNN Result B

(Convolutional

' Neural
DATASET DATASET C Result C

Network)
Applied

DATASET D Result D

DATASET E Result E

Fig.5.6.The architecture of Multiple data division
Let a dataset (M) contains three different classes i.e. C1,C2,C3 where, C1 > C2 > C3in
order of their number of instances available in each class. The majority class C1 and C2

are divided into “n” multiple datasets as given in (2), (3), (4) and (5).
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Clivie{1,23..,n} )

C2ivie{1,2,3..,n} (3)
where,

Cli c C1 (4)

C2i € C2 (5)

Each of these subsets is in acceptable proportion toC3. So, if only two subsets of each
subclass is created than two datasets will be created having coa nfiguration as in (6) and
.

M1 (€11,€21,C3) (6)

M2 (C12,C22,C3) )

Therefore, M;and M, are balanced datasets and can afterward in the application of deep
neural network for further feature extraction, detection, and evaluation. The data division
is done using Algorithmlwhere, Maj (), Min() functions return the majority class and
minority class of the given dataset. Count () function is used for counting the number of
instances in the given class. Round_Of (') function returns the nearest integer value of Z.
Divide (a,b) divides every class in equal proportion to b and Xis the threshold value for
maximum disproportion.

Algorithm 1: Multiple Data Division
Algorithm MDD (S,D)

S €Maj (D)
DED—S

X €Maj (D)
Y €Maj ()
Z €Min (D)

o~ w0 NP
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Count(Y)

6. f p——— >X then

7. P = Round_Of (G

8. Sub_Data €Divide(S, P)

9. foreach class A € Sub_Data do
10. MDD(A,Di)

11. end

12. else

13. return D

14. end

The parallel architecture defined in Algorithm 1 uses ensemble voting for bagging the
output from every sub-dataset. The value of X has been set to 5 upon testing on the given
dataset the embedding of this ensemble voting in our approach helps in suppressing the
false normal rate of the system by taking in consideration the output from multiple
classifiers. For instance, let CiVvie€ (1,2,3,4,5) are models trained on dataset
DjVvi(1,2,3,4,5) respectively and input fundus image (Im) needs to be categorized into
its particular severity grade. The result of each classifier on this image (Im) can be shown
as in Table 5.3.

Table.5.3. Classification results of the image

Classifier Actual Predicted Class
Class
C1 1
C2 0
C3 1 0
C4 1
C5 1

Due to the implementation of ensemble voting, priority is given to the most predicted class
and the image is classified into “1” inspite of the fact that two models categorized it into

class “0”. The division of Majority class “Normal” into multiple sub-datasets trains the
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models on the different set of images for “Normal” and a similar set of images for rest of
the classes. Each model learns a different set of features for class “Normal” and makes
categorization into this class highly tough. An image is not categorized into the class
“Normal” until the majority classifiers are in favor of it. Rest of the classes are not divided
so each model train and extract similar features for rest of the classes. This approach turns

out to be highly efficient in diminishing the false normal rate of the system.

5.3.3 Hierarchical Data Transformation (HDT)

MDD is highly efficient in balancing of the medical dataset but suffers the shortcoming
i.e. if there exists a high difference in the proportion of instances in the minority and the
rest of the classes of the dataset then, very large number of datasets will be created. This
affects the resource acquisition and increases the system requirements for applying
parallel processing techniques.

For this purpose, another algorithm is proposed in which the multiclass
classification problem is transformed in terms of binary categorization. This approach is
not at par with MDD in terms of balancing but it uses a hierarchical construct to deal with

D

Fig.5.7. Hierarchical Approach to data transformation

the skewness of the dataset.

In Fig.5.7 initially, a two-level construct is created. Each level of this construct has a
different transformation of the database. At level 1 the complete dataset having multiple

classes is transformed into a binary dataset containing only two classes. This binary
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dataset contains the exact copy of the majority class as class 1 and the class 2 contains rest
of the classes clubbed together having their class value normalized to a class value of
second majority class.

Let D be the dataset having class, CiVi € (1,2,3) where, Ci > Ci+ 1in order
of their number of instances available in each class. This dataset is converted into dataset

D1 whose class distribution is given in (8), (9)
D1 ={C2,22} (8)
C2UC3 - 72 (9)

Level 2 contains all the classes of the dataset D except the majority class C1 and can be
represented as D2 having only classes C2, C3. If the dataset contains a large number of
classes where the proportion of instances among the classes is highly varied, then the
levels of the HDT can be increased in accordance to the proportion amongst rest of the
classes in the dataset excluding the majority class. This approach can be explained in
pseudo code below. Let, D be the dataset containing classCiVvi € {1,2,3...,n} and
Ci > Ci + 1 according to number oa f instance available in both classes. The data division
is done by using Algorithm 2 where, Maj (') gives the majority class of the given dataset.
Com () is used to combine all the classes of dataset into a sthe ingle class. Min () returns
the minority class of dataset of A. CC( ) function counts the number of classes in the
dataset and  is the threshold value for maximum disproportion.

Algorithm 2: Hierarchical Data Transformation

1. Algorithm HDT (D)
2. i<i+1

3. X « Maj (D)

4. D « (D —-X)

5. Di « Com (D)

6. Di< X U Di

7. Y < Maj(D)
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8. Z « CC(D)

9. M <« Min (D)

10.S=S U (D U Di)

11.If Y/M > xand Z > 2 then

12. HDT (D)
13. else
14. return S
15. end

The hierarchical multi-stage algorithm used above approaches the multi-classification DR
categorization problem in a binary fashion. The value of threshold varies with different
datasets, upon testing the X has been set to 5 for the given dataset. In the given dataset two
levels are created both of which are fed to custom CNN of 21 layers to create two trained
classifiers. The primarily preferred standpoint of this approach is that it balances the
disproportionate weightage problem in multi-classification medical datasets. The
weightage among the given dataset for the correct categorization of the image is different
for different classes. Generally, every multi-class image classification problem is
approached in a similar fashion. Therapeutic recognition approaches are exceptionally
distinct on the grounds that, the misclassification of a disease affected patient to a class of
non-affected patients holds higher weight age than the misclassification among different
stages of the disease. This issue is not considered while approaching any medical
classification problem. Dividing dataset into multistage approach helps in dealing with
weightage problem by first training the model for classifying an input image as affected
by DR or not.

This binary classification provides equal weightage to both the classes and also
helps in balancing the skewness among the given data by clubbing all the classes except
the majority class into a single class. Next level categorizes the DR affected image into its
particular severity grades by training another model over only the dataset containing the
DR affected images. This helps in diminishing the false normal rate of the system by

providing equal weightage to the DR affected and non-affected images and makes the
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system more reliable and robust for automated detection. Moreover, this approach
consumes less time, for instance, if a patient is not affected by DR then no further
processing is done and diagnosis takes lesser time. But if the patient is having DR then the

next step of categorizing the severity grades is executed.

Chapter Summary

In this chapter, an automated DR detection framework is proposed. This framework
consists of mainly three modules, i.e., Image Augmentation, Model Selection and Data
Transformation. The image augmentation section compares different preprocessing
techniques to find the best performing method for our system. The model selection
explains the architecture of deep learning network along with different parameters used
to optimize its performance. Lastly, the data transformation explains the problems
related to skewed datasets and discusses existing data balancing methods. This section
also contains two proposed data balancing methods explained with their algorithms

which are used for further experimentation.
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CHAPTER 6
RESULTS AND DISCUSSION

This research introduced an automated DR grading framework that categorizes the
patients’ fundus images into five unique classes. Past methodologies in the field of
diabetic retinopathy have a maximum of two to three classes for classification purposes.
The categorization of retinal images into five classes makes the problem acuter because
greater variability in the dataset challenges the predefined methodologies. For the above
problem, two diverse approaches are proposed to handle the multiclass problem in their

own unigue way.

The first approach balances the unbalanced class distribution by creating multiple
datasets and bagged their output to create an efficient classifier while the second approach
transforms the entire dataset to resolve the multiclass problem in a binary fashion. The
images are tested on the handcrafted deep neural network and the class score is allotted to
all the test images. With the assistance of these class scores, the framework is then able to
distinguish between the five distinct classes of diabetic retinopathy. Each of these
approaches has their own pros and cons and are examined on multiple states of the art

evaluation metrics to check their performance.

6.1 Comparison of Different Preprocessing Methods

The EyePACS dataset, used for evaluation of proposed approach, contains retinal images
taken from different models and types of cameras having varied size and illumination. To
make these images usable and enhance their structural features, three distinctive
incremental preprocessing approaches are applied and compared intrinsically to assess the
best appropriate approach for the framework.

Each image is resized and the left eye images are flipped to apply the same model
to both left and right eye. The first preprocessing is done to convert the image into a
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monochrome image which is represented as Im. In the second approach, Im is further
processed to enhance the structural edges of the retinal image which is represented as Ie.
Finally, the edge enhanced image Ie is additionally upgraded to evacuate all the
complexities by extricating only the edges of the image and is represented as lex. Im,
le,andlex are compared over the common 21 layer network and the best performing
processing strategy can be shown in Fig.6.1 which gives the individual accuracies of the

different preprocessing techniques.

100

73.47 76.2 78.6

80 A

60 -

20
Accuracy(%)

Im le lex

Fig 6.1.The Accuracy of different Pre- processing measures

Each incremental processing enhances the structural features of the image and aides in
better execution of the model. The results demonstrate that lex outperforms Im and le and
accordingly, is chosen as the base for further model comparisons. This outcome is due to
the fact that the edge extracted image lex initially expels all the illumination constraints by
only extracting the edges or the structural features of the retina. Edge enhancement and
Monochrome image contribute to it by upgrading the edges and normalizing the intensity.
This combination improves the feature extraction and in the meantime expels additional

complexities of the image.
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6.2 Performance evaluation of classifiers

For evaluating the different classes of the retinal image, a standard 21 layer custom CNN
classifier is applied to the whole dataset as well as on the two proposed architecture. This
21 layer CNN consists of 5 sets of convolutional and max-pooling layers with additional
hidden and dropout layers. Initially, this model is applied to the complete unbalanced
dataset comprising of 35126 images. Table 6.1 shows the confusion matrix of the

unbalanced dataset.

Table 6.1.Confusion matrix of the Unbalanced dataset

Predicted — @ @
£ = Z = o
s | = 2| &%
Actual =

Maormal

25810 0 0 0 0

Mild 1963 475 3 2 0

Moderate 4370 2 915 4 1

Severe 545 3 1 322 2

PDR B20 1 0 0 87

As no balancing technique was applied to the dataset the trained classifier classifies all the
images of majority class which is “Normal” and all other classes are treated as noise and
are ignored. The Confusion Matrix in Table 6.1 shows that all the minority classes are
classified in “Normal” class. So, the model is highly partial towards a single class due to
highly unbalanced data. For enhancing the model performance, two distinctive
architectures are proposed that enhanced the performance of classifier and in the meantime

reduces time constraints. The first approach MDD uses multiple data division techniques
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To balance out the disproportion among different classes. In our approach, MDD creates 5

parallel sub-datasets on each of these sub-datasets our custom CNN is applied. The

outcome from each of these datasets is then ensembled. Fig.6.2 shows the confusion

matrixes of each sub-dataset of the MDD approach.

Fig.6.2.Confusion matrices of MDD approach
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The final confusion matrix from the above approach demonstrates an exponential
performance augment over the base unbalanced datasets. Balanced multiple datasets help
in training unprejudiced classifiers that when club together perform exceedingly superior
to the normal unbalanced approach. The second framework is HDT that approaches the
problem in a different pattern by converting it into two levels. The first level uses binary
classification to classify the image as DR affected or not and the second level uses
multiclass classification to further classify its DR affected image into its particular

severity grades.

~~_  Predicted| = =
E xr o
= ':'é
Actual ) = ]
MNormal 25793 17
DR Effected 6 9310
Predicted % o
= | 5| 2|8
= g ) o
Actual = w
Mild 2361 a1 10 4
Moderate 22 5172 65 31
Severe T 39 816 11
PDR 5 51 9 643

Fig 6.3.Confusion matrices of HDT approach

The confusion matrix of both levels of HDT is shown in Fig.6.3. These matrices reach the
conclusion that the conversion of the multiclass problem into binary enables the model
train better and furthermore provides equal weightage of 50% to both normal and DR
affected classes which in case of multiclass classification were distributed with the value

of 20% among five different classes. This change consequently, helps in making a
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medically evident classifier which gives more inclination towards categorizing an image

as disease affected or not rather than classifying them into 5 distinct classes normally.
6.3 Experimental results of the proposed approach

Several parameters like Precision, recall, False Normal (FNORM), kappa statics and
accuracy are used to evaluate the performance of the classifier by using confusion matrix.
The generalization to multi-class problems is to sum over rows/columns of the confusion
matrix. Given the confusion matrix with values represented as Mij where ‘i’ represents no
of columns and ‘j’ represents no of rows of the matrix. Then the precision for each class
can be calculated as in (10).

Mii

Precision = =————
U S Mji

(10)

That is, precision is the fraction of events where we correctly declared ‘i’ out of all
instances where the algorithm declared ‘i’. It refers to the closeness of two or more
measurements to each other. For instance, if you weigh a given item 5 times and get the
same result each time that measurement is very precise. Precision is generally independent
of accuracy, you can be very precise but inaccurate and vice versa. Table 6.2 shows the

precision value of each approach corresponding to 5 different classes in the dataset.

Table 6.2.Per class Precision and Recall of Unbalanced data, MDD and HDT

Classes Precision Recall
Unbalanced Unbalanced
MDD HDT MDD HDT
Data Data

Normal 100 08.71 99.93 77.48 99.55 99.97
Mild 19.44 83.83 95.94 98.75 84.97 97.87
Moderate 17.29 95.53 97.73 99.56 73.66 96.8
Severe 36.88 34.44 93.47 08.17 89.72 90.66
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PDR 12.288 86.58 90.81 96.66 91.49 93.32

Unbalanced data approach shows the least average precision value of 37.18 whereas MDD
performed exceedingly better with the average precision rate of 79.81. HDT performed the
best out of the three approaches with the average precision rate of 95.58. Conversely,
recall is the fraction of events where we correctly declared i out of all of the cases where
the true of the state of the world is ‘i’. The recall for each class shown in Table 5 is
calculated as (11).

Mii

Recall =
UEn Mij

(11)

Recall distribution in Table 5 shows the lowest average recall for an unbalanced dataset
with a value of 94.12 and the highest recall was recorded for HDT with an average value
of 95.72. Both precision and recall give a better view of class proportion. Similar to these
matrices, accuracy also helps in evaluating the performance of the framework. It is the
measure of rightly classified instances among all the instances. The higher the accuracy
the higher is the number of instances correctly classified into their classes and thus the

better is the model. This can be calculated as in (12).

¥ Mii
Accuracy = ———— 12
T (12)
98.98

100 - 93.31
90 - 78.6 B Accuracy(%)
80 -
70 -
60 1 _—

%
50 T T T

Unbalanced MDD HDT

Data

Fig.6.4. Accuracy measure of Unbalanced data, MDD, HDT approach
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The Fig.6.4 shows the accuracy of all the algorithms used in the proposed work and gives
the outcome that HDT performs better with an accuracy of 98.98% in contrasts with the
other two algorithms. All the three metrics are not sufficient to depict the performance of
the model in the real world. For this a new metrics False Normal (Fnorm) rate is used
which helps in detecting the validity of a model in terms of whether a disease affected is
categorized rightly or not. Thus, the value of the false normal should be kept as low as
possible. Efforts have been made in this research to diminish the Fnorm rate which can be

calculated as in (13).

__ (Number of images wrongly classified as Normal)
m= (Total no of images) (13)

Fnor

0.25

0.15 \

0.1 \ —Fn
0.05 \

N\

O T T 1
Unbalanced Data MDD HDT

Fig 6.5.False Normal (Fnorm) rate of the three algorithms

The false normal rate of each algorithm shown as a line graph in Fig.6.5 represents that
MDD and HDT both highly optimizes the performance of the model by compressing the
Fnorm value in the range of 0.003 - 0.0001. Another metrics Kappa is also considered as a

true metrics in evaluating the performance in case of multiclass data.

The Kappa statistic is essentially a measure of how well the classifier performed as
compared to how well it would have performed simply by chance. In other words, a model
will have a high Kappa score if there is a big difference between the accuracy and the null
error rate. It is a matrix that compares an Observed Accuracy with an Expected Accuracy.
It can be evaluated as:
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observed accuracy — expected accuracy

Kappa = (14)

1 — expected accuracy

1.2

0.8 //
0.6

/ = Kappa
0.4

7

0.2

Unbalanced Data MDD HDT

Fig.6.6.Kappa statistic of the proposed approaches

The kappa statistic is used not only to evaluate a single classifier but also to evaluate
classifiers amongst themselves. In addition, it takes into account random which generally
means it is less misleading than simply using accuracy as a metric. The higher the value of
kappa, more efficient is the model. Fig.6.6 shows that HDT has the highest value of
Kappa.

6.4 Comparison with the Existing work

The performance of the proposed DR grading system is compared with the existing
frameworks in Table 6.3. Majority of the pre-existing systems uses a very small dataset
and accomplishes a lesser sensitivity, specificity, and accuracy than the proposed
approach. Pratt et al. [24] utilizes EyePACS dataset to prepare deep learning models but
achieves an accuracy of 75% with a sensitivity of 95%. Sadek et al. [23] use publically
accessible STARE, DRIVE, DRIDB, HEI-MED, MESSIDOR, and HRF datasets having
430 images in total for classifying normal, drusen and exudates and achieves an accuracy
of 97%. Many other approaches used local dataset comprising of very less number of
images and thus were not able to achieve a high accuracy. Our system outperforms all the
existing methods and categorizes the DR affected images with an accuracy of 98.98%. It
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is also observed that the proposed system accomplishes a high sensitivity and very low

false normal rate which implies that none of DR affected patient is classified as normal.

Table 6.3.Comparison of the proposed system with the existing system

SEN

SPEC

i [0)
Method Approach No. of images (%) (%) AUC (%)
Gardner et al.
(1996) [25] SVM 200 88.4 835 -
Nayak et al. Neural
(2008) [26] Network 140 %0 100 %3
Shahin et al.
(2012) [29] ANN 340 87.5 90.9 88.9
Acharya et al.
(2008) [31] SVM 300 82 88 82
Acharya et al.
(2009) [32] SVM 331 82 86 85.9
Lupascu et al.
(2010) [24] Adaboost 40 12 - .9597
Fraz et al. Ensemble
(2012) [18, Classifi 40 and 20 .740/.754 | .980/.976 | .948/.953
19] assifier
Odstrcilik et Improved
al. (2013) Matched 45 .746/.706 | .961/.969 | .944/.934
[20] Filtering
Adarsh et al.
(2013) [33] SVM 130 and 89 90.6 93.65 95.3
Sadek et al. 97.22 -
(2015) [34] SVM 430 i ) 99.77
Wang et al.
(2015) [38] CNN and RF 40 and 20 .817/.810 | .973/.979 | .976/.981
Liskowski et Variants of
al. (2016) 40/20/28 - - >.97
CNN
[39]
Pratt et al. 75
(2016) [40] CNN 35126 95 -
U”b(;";fgce‘j CNN 35126 94.12 . 78.6
MDD CNN 35126 87.87 - 93.31
HDT CNN 35126 95.72 - 98.98
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Chapter Summary

This chapter is divided into four subsections. Firstly, Comparison of different preprocessing
methods is done over the EyePACS dataset. Accuracy comparison between each successive
preprocessing method is done to find the best performing technique. Secondly, the
performance evaluation of classifiers is carried out in which the confusion matrix is drawn
for different data balancing techniques. The next subsection discusses the experimentation
results of the proposed approach in which different evaluation metrics are used to show the
performance of three proposed approaches. Finally, a comparison between the proposed

approaches and the existing work is shown in the tabular form.
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CHAPTER 7
CONCLUSION AND FUTURE SCOPE

7.1 Conclusion

We have proposed a novel method for DR detection in fundus images using deep learning
based approach. The contribution of this research is two-fold: firstly, we proposed a
special deep neural network architecture for the diabetic retinopathy image classification
task, which demonstrates superior performance over conventional feature extraction based
methods. Moreover, two data augmentation method MDD and HDT were introduced for
the proposed algorithm, which also improves the performance of the algorithm. The
existing supervised algorithms for detection of DR used multiple pre-processing and post-
processing stages. In addition, the vast majority of algorithms require feature extraction to
classify fundus images. The use of handcrafted 21 layers deep learning network automates
the feature extraction phase reducing the human intervention for DR characterization. The
EyePACS dataset undertaken in this approach is highly skewed and results in a highly
biased classifier.

Thus, the network struggled in identifying the minority classes that resulted in
misclassification of DR affected eye into Normal class causing a high Fnorm rate. The
disproportions among the instances of different classes lead to the creation of two different
approaches. Extensive experimentation was performed over these proposed algorithms
using state of the art matrices. Results on benchmark EyePACS dataset observationally
exhibit that HDT achieves a new state of the art in this domain followed by MDD. The
main insight provided by HDT is that the distribution of the dataset into two-tier
architecture aides in learning of the classifier. At the same time, HDT reduces the Fnorm

rate by approaching the problem in a more medical sense.

7.2 Future Scope

The main drawback of this system is the complex network architecture which is
computation-intensive and requires a graphics processing unit to process the high-

resolution images which constrained us to use 128-pixel images that affected the accuracy
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of our system. A custom dataset consisting of large number of high resolution fundus
images need to be built for better training of classifier. The results from our network are
very promising from an orthodox network topology. To conclude, we have shown that
proposed architectures have the potential to extract complex features even from highly

skewed data to identify Diabetic Retinopathy efficiently offering a real-time classification.
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