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ABSTRACT

Diabetic Retinopathy (DR) is eetinal vascular disease characterized by prolonged
diabetic complication leading to severe blindnes® &ye related impediment arises due
to progressive deterioration of retinal blood vessels and can be distinguished by the
appearance of different typed clinical lesions. Regular screening and diagnosis can
reduce the chances of vision loss up to a large extent. Early stage prognosis of DR
requires regular eye examination and ophthalmologists rely on retinal fundus
segmentations for the treatment of BBhormalities. Automated detection, segmentation
and classification approaches have become an eminent research area for effective DR
diagnosisand treatment of severe eye diseases preventing visual impairment. Accurate
segmentation of retinal vasculatumistinguishing between the anatomy and pathology
of retinal fundus images is significant for precise prediction of the disease. Detection and
analysis of different DR lesion as well as disease severity grades help the ophthalmic
experts inanalyzingthe \ariations in the fundus images and taking necessary action
before disease progression. Diagnostic relevance of DR prediction and grading to aid the
ophthalmologists in regular screening has led to the expansion of automated DR severity
systems.

In this thesis, DR diagnosis is addressed by proposing a retinal anatomical structure
segmentation approach to reduce fallacious lesion segmentation. Physiology
identification and detection are accomplished by developing an effective lesion
discrimination approachotprovide a robust DR lesion detection solution and optimal
categorization capability. A robust framework is proposed for DR categorizéiain
offers a generalized approach for DR severity grading. A computation transfer learning
framework has been proped in this thesis, to provide a Deep Learnagedmass
screening solution for DR classification problem. All the proposed approaches were
tested on designated benchmark datasets defined in the literature for DR diagnostic tasks.

Accurate instinctive segmentation of retinal landmarks, Optical Disc (OD) and blood
vasculatures results in effective DR diagnosis. An accurate differentiation of these
anatomical structures from other retinal featuresressearch issue due to the preseof

various discrepancies in the raw fundus images.

XVil



In this work, aCircular Hough based OD localization approacid Hybrid Blood
Vessel Segmentation Approach using Morphological Reconstruction {MBY have
been proposed to combat this issue. Incomiscses due to the presencebafckground
noise, varying inadequate illumination, varying contrast between the background and
blood vasculatures have been addressed by the utilization of the proposed approach.
Remarkable improvement of Circular Hough bas@D localization approach
demonstrates its viability and localization efficiency. Visual, statistical, and performance
analysis of HBVMR approach signifies its relevance in reducing the fallacious detection
of pathological symptoms having similar featuassOD or blood vessels.

This researchwork alsodeak with the identification of DR anomalies after efficient
segmentation of background anatomies, to aid the DR diagnosis process. The poor ability
of discrimination between the actuaffectedarea from hckground noise and other
anatomical structures arises the need for reliable DR lesion detection solution. The
anomalies can bgerplexed witmoiseandretinal tissue pigmentations due to lesion size
variability. The novelty of this proposed approach lies the statistical analysis
performed onthe comprehensive feature set for optimal feature selection as well as
improved candidate classification scheme using rlayer perceptron networks. This
approach integrates the ophthalmic image processing piitmally selected feature sets,
providing successful discrimination ability between healthy and DR symptomatic fundus
images.

Pathology discrimination is followed by the recognition of retinal feature patterns
yielding the DR severity grading based on tlentified lesions This aid the
ophthalmologists in understanding the likelihood of vision loss for prognosis and patient
referral. A hierarchal severity grading (HSG) system has been proposed in this work for
disease detection and DR severity classificaemploying different machine learning
techniquesThe retinal fundus image feature attributes are reduced to an optimal feature
set utilizing the extensive statistical analysis. A noteworthy performance improvement of
32.25% is realized from the statbthe-art comparison and the system is generalized
through its performance validation foteiestdataset.

The last part of this research aims at automated DR lesawerity grading
incorporating transfer learning approaamtcompanyingobust accountablanalysisAn
Ensembled Deep Learning based DR (EDLDR) model is proposed fobitiaey

classificationand b address DR severity grading, two deep learning based models;

XVIIi



Prominent Feature based Transfer Learning (PFTL) model and Quadrant Ensembled
Incepton V-3 (QEIV-3) model, are propose&DLDR model provides 1.13% accuracy
improvement comparative to the VggNetl6 deep learning model, thereby, determining
effective diagnostic proficiencyThe PFTL DR severity gradingapproach provides
maximum improvementf 21.49% when compared with the state¢he-art techniques
using the benchmark dataset establishing its capability for faster and efficient DR
diagnosis. The proposed QEB/model incorporates guadrant based dbvolutional
Neural Network model to enhamre the grading efficiency and the staibthe-art
comparison justifies its viability validating its generalization capabilities and robustness.
Deep learning removes the requirement of feature engineering proving its suitability for
DR classification by pviding a mass screening DR severity grading solution.

This research work is targeted to the development of a computation framework for
providing better prognosis for DR diagnostic system. This is generic applicateried
work and helpful in accurat®R classification for effective diagnosis and timely

treatment of severe retinal diseases.
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CHAPTER 1

INTRODUCTION

1.1 ANATOMY OF EYE

An eye is a vital part of the humarsual system which acts as a receptor organ to
capture the image of outside world. The incident light falling on the scene is allowed
to pass through the cornea onto the retina focused by the lens. The incoming incident
light falls on the retina which tiheby encodes and transmits the visual information to
the brain via optic nerves [1]. The cresectional perspective of the human eye is

illustrated in Figure 1.1

Suspensory
ligament

Lens

Cornea

Figure 1.1: Crosssectional view ohuman ey@natomy[2]

Eyecare is very critical as samnof the eye diseases create serious complications
resulting in blindness if left untreated for a longer duration. The common symptoms
involved with eyerelated disorders are blurred vision, spots or dark string floating in
front of the eye, impaired coled vision, fluctuating vision, empty areas in front of the
vision, etc.However, many of the eye diseases like glaucoma, macular degeneration,
diabetic retinopathy, etc. have no visible symptoms unless the final stage réaches.
regular eye examination ieritical for early diagnosis and treatment of such eye
complications. Out of several eyelated ailments, some of the eye disorders are
detailed further [3].
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Cataractis a disorder in the lens of the eye which causes opaque cloudy area in
front of the les. Chalazionis an eye condition that arises due to the formation of
lumps caused due to the blockage and swelling of oil glands in the e§eliak
Vision Deficiencyleads to the inability in clear distinction between certain color
shades and completeainility to see colors at all in the worst case. A thin transparent
tissue layer lining on the inner eyelid surface covering the white surface of the eye is
called Conjunctiva. Any inflammation or infection caused in this portion is referred to
asConjunctvitis. Dry Eye disordeis caused due to insufficient formation of eye tears
for the lubrication and nourishment of the elfatersare the particle that floats in
the fluid filling the inside of the eye, sometimes leading to the floating spots or objects
in the field of the vision. This condition is referred to as float&sucomais a
condition that occurs due to progressive dantaghe optic nerves of the eye causing
the loss of nerve tissue which may result in vision IMacular Degeneratioraffects
the macula of the eye, the main ligggnsitive part of retina, which may further result
in central vision lossRetinal Detachma is characterized by the retinal separation
from the underlying tissudRetinitis Pigmentos# considered as a poor night vision
and progressive loss of side vision due to various inherited retinal disorders.
Retinoblastomas a very rare type of eye meer that occurs in the retina of young
children. Diabetic Retinopathyis a progressive condition occurring due to the
persistent diabetic conditions causing damage to the retinagbgisitive line coating

at the back of the eye).

The advancement in thmedical imaging field has led to the development of a
domain for medical image analysis which is discussed in the next section of this
chapter. Medical image analysis attains the fine details from different imageries for
effectual data processing whichnoat be done effectively using traditional visual

assessment techniques.

1.2 MODALITIES OF OPHTHALMIC |IMAGES

Current medical research and diagnosis relies on medical image processing for
efficient detection and treatment. There are diverse imaging modakéeSomputed
Tomography Scans, fundus imaging;ra§, ultrasound and Magnetic Resonance

Imaging which aids the clinicians in diagnostic procedures.
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Medical image analysis has developed as a fascinating research area attracting
i ntensi ve p bsy i\ ithe i davelgo@ent i oh significant compthiased
medical analysis [4]. Automated medical image analysis methods have opened the
barriers for digital image processing and machine learning field. They mainly focus on
the designing of various algorithmsrfthe extraction of relevant medical image
information for clear visualization and interpretation of critical pathological
symptoms. Studies have revealed that the chances of acute blindness can be reduced
by prioritizing ophthalmic image analysis straesy The eye examination is
considered beneficial in mitigating various health concerns including diabetes,
hypertension, strokes, occlusion and many more [5]. Thus, eye modalities involved in

ophthalmic image processing are discussed in the followingestids of this chapter.

There are two ophthalmic image modalities: Retinal fundus images and Optical

Coherence Tomography images.

1.2.1 Retinal Fundus Imaging

Retinal fundus images capture the interior portion of human retina, that is light
sensitive Thesefundus images typically include Optical Disc, Macula, and Blood
Vessels. Although, retinal pathologies if exists, are also visible in retinal fundus
images. Fundus photographs are captured by the ophthalmologist using an
ophthalmoscope, which is a spedeli fundus camera equipped with low power
microscopes to capture the image of interior of the [6yeFigure 1.2 provides the

view of the back of the eye using an ophthalmoscope.

Retinal portion seen
4 using Ophthalmoscope

Macula , Retinal Blood

Vessels

Optical
Disc

Normal Fundus Image

Figure 1.2: Backview of humaneye using ophthalmoscope
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Ophthalmoscope acts as a digital microscopic camera that provides-agiogssy
of the interior of eyeballq]. The light entering through the eye is reflected back into
the camera which captures and digitizes the image akthrea at the moment of light
reflection from the eye. These fundus images are further subjected to medical image
analysis for efficient screening and patient prioritization based on the disease severity

level.

1.2.2 Optical Coherence Tomography

The second ophalmic image modality is Optical Coherence Tomography (OCT)
which deals with the third dimension of the retina. This retinal imaging modality
captures the micrometeesolution of the depth of retinal tissue. Lateral scans are
captured in an OCT image thdetermines the depth of sldyers of the retina.
Individual lateral scans when combined, forms a tiieeensional view of the retina
which is useful in the location and treatment of macular pathologlesAfh OCT

image of the retina is depicted in Figul.3.

Figure 1.3: OCT image ofight and left eye

OCT image segmentation is widely used for management and fofjsvef retinal
surgeries. OCT analysis can be beneficial for identifying disease progression over
time. This type of imagingnodality is helpful for clinical studies to observe the
impact of pathology localization and treatment for laser surgédje3¢ deal with the
largescale DR diagnosis for mass screening, fundus images are preferred over OCT
scans. The main problem coneed in this thesis is Diabetic Retinopathy abnormality

whose detailed overview is provided in the upcoming section.
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1.3 DIABETIC RETINOPATHY

According to the survey conducted by International Diabetic Federation (IDF) ninth
edition [10], approximately 463 million adults around the age of720years are
suffering from diabetes and this number will rise to 700 million by the year [2A@45
11]. There were 10 million more adults with diabetes in 2017 than in 2007 and most of
them were undiagpsed due to the lack of eadyage detection facilities. The global
prevalence statistics for Diabetic Retinopathy population provided by Vision Atlas
[12] is depicted in Figure 1.4.

642 million

. Adults Living

415 million with Diabetes
Adults Living

with Diabetes
224 million

(35%)
145 million
(35%)

Have some
form of DR

Have some
form of DR

70 million
(11%)
Have vision-
threatening DR

45 million (11%
Have vision-
threatening DR

Figure 1.4: Global prevalence of diabetic retinopathy populafitiz]

Figure 1.4 reveals that the diabetic population was 415 million in the year 2015, out
of this 35% of patients have some form of DR and 11% develop wisieatening
DR. This diabetic population is expected to rise to 642 million with 224 million
diabetic patients developing some form of DR and 70 million population having
visionthreatening DR if precautionary measures are not takém need for
automated detection facilitating ophthalmic services is revealed, especially in rural
areas and developing auues like India.

Most of the people with diabetes develop the risk of vision loss from eye diseases.
Diabetes accounts for the majority of eye diseases and DR is the most severe
complication resulting from prolonged diabetic conditions. DR is a cond#rcsing
from high glucose level that causes damage to the small blood vessels inside the

retina.
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There are some risk factors associated which influences the growth of severity in
diabetic retinopathy. Blood sugar level, fluctuation in the blood predsmg duration
of diabetes, blood cholesterol levels and pregnancy are some of the crucial risk factors
affecting diabetic retinopathy and its progressidr3]. Figure 1.5 depicts the
difference between normal retina and the retina having DR symptoms.

Blood Vessels

DR lesions

Normal Retina Diabetic Retinopathy affected Retina
(a) (b)

Figure 1.5: Difference between (a) normal retina and (b) diabetic retinopathy affected retina

The main anatomical portions of a normal retina include optical disc and blood
vessels which are discussed in the next section followed by the discussion o$ vario

DR lesions and DR severity grading.

1.3.1 Optical Disc and Blood Vesselsf Retinal Images

Retinal physiological portions include optical disc, veins, and arteries situated in
the retina.Optical disc (OD) is ovashaped brightest appearing part in retinsddus
image as shown iRigure 1.6 (a). The optical disc can also be referred as optic nerve
head that is a tiny blind spot in the eye due to the absence of rods and cones in this
portion. Blood vessels shown in Figure 1.6 (b) are another important retinal
component that supplies blood and nutrition to the retina and OD is the entry point of

these blood vasculatures.
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(a) (b)
Figure 1.6: Retinal physiological portions (a) optical disc (b) blood vessels

Accurate extraction and segmentation of retinal vasculatisgaglishes between
the anatomy and pathology of retinal fundus images. Retinal components like OD and
blood vessels are considered as background portions as they are not required for DR
anomaly detectionl{]. Thus, both these pathological portions aréé removed from

the retinal fundus images.

Automated DR lesions detection merely relies on effective segmentation and
removal of ODand blood vessels as imprecise detection of these struchags
impede the accurate detection ofarious DR lesiond14, 15. These anatomical
components of the retinare identified by clustering the intensity pixels from the

grayscale retinal image.

1.3.2Lesions in Diabetic Retinopathy

The broad classification of DR lesion lies in two categories namely, yellow/bright
and red/dark lesions depending upon the lesion intensity Redlor deep dark lesion
category consists of Microaneurysms (MAs) and Haemorrhages (HEMs), however,
yellow, shiny or bright lesion category includes Exudates (EXs) and Cotton Wools
(CWs) [16]. Figure 1.7 Iillustrates the different lesion categories and their

identification.
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Hemorrhage

——

Microaneurysm

Exudate

Figure 1.7: Different categories of DR lesions

i. Microaneurysms (MAs): MAs are referred to as the dilated blood vessels that
appear as tiny red spots in the retinal fundus images. They appear due to
swelling in the retinal capillaries which can leak blood or fluid into the retinal
surface[17]. MAs are he primary indicator of clinical lesions which are to be
targeted first for the DR diagnosis as they are the earliest signs of the ailment

ii. Haemorrhages (HEMSs):Loss of blood from retinal vasculatures is indicated by
haemorrhages which appear as-cetbred patches of varying shapes in the
fundus image. Dot and blot haemorrhages are round shaped, like large MAs
which exist near the inner nuclear layer of retina or outer plexiform layers. Some
flame-shaped haemorrhages are present in the ganglion layer dibagppears
within a short period]7]. HEMs are the more serious complication related to
DR due to its presence in the deep layer of retina.

iii. Exudates (EXs): Exudates are yellowolored deposits of lipids or proteins
within the retinal area. This is causdde to increased pressure on thin blood
vessels which in turn leaks lipids or proteins. EXs are mainly used for the
diagnostic indicators of macular edema as they point out blood vessel

permeability or presence of flujd8].
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iv. Cotton Wools (CWs): CWs appar as whitish structures with blurred edges
occurring due to the restricted blood supply to the nBbezs However, cotton
wools individually do not create any visual complications, but they are
correlated to the condition affecting the retina. In oafsdiabetic retinopathy

condition, they are of high clinical relevands].

Pathology detection is an important part of retinal image processing after the
extraction of background anatomical structures (Optical Disc and Blood Vessels). The
diseased foregund portion comprising of lesion candidates are extracted via
morphological operations. To reduce the chances of false lesion detection, lesion pixel
histogram properties are measured for the selection of threshold for lesion candidate
identification [L7, 19]. The detected pathological symptoms can be graded depending
upon the retinopathy severity levels.

1.3.3 Diabetic Retinopathy Grading

Retinal abnormalities can be characterized by an anomalous change in these
components of the retin®R abnormalities canebcategorized in two stages, one is
Proliferative DR (PDR) stage and other is Newliferative DR (NPDR) stage.
Retinal images with no symptoms of DR are considered normal fundus images and
NPDR grades can be categorized into mild, moderatesewele grades subject to the
number of DR lesions. These retinal complications can cause complete blindness if
left untreated for a long time 9. Figure 1.8 shows a sample fundus image which

contains different types of lesions indicating varying DR sgvkavels.

(a) Non-Diseased (b) Mild NPDR (c) Moderate NPDR (d) Severe NPDR

Figure 1.8: Sample fundus images indicating different DR severity levels

Several NPDR grades are elaborated as:

i. Mild NPDR Grade: Mild NPDR grade shown in Figure 1.8 (a) is the earliest

stage of DR, with lesions such as MAs, resulting due to the inflammation of the

CHARU BHARDWAJ 10 JUIT, 2020



Introduction

walls of small blood vessels. The breakdown of these MAs leads to a moderate
grade of DR as shown in Figure 1.8 (b).

ii. Moderate NPDR Grade: This situation arises due to mild NPDR continuation
which leads to retinal HEMs that are recognized as darlpagches of blood
caused by the leakage of MAs on the surface of the retina. EXs and CWs are
lipids or fats deposited in retina that emerge in the moderate NPDR stage. They
are recognized as yellow lesions unlike HEMs, which are darker red lesions as

shownin Figure 1.8 (c).

iii. Severe NPDR Grade:When retinopathy progresses, after a certain time the
blood vessels become blocked by micro infarctions in the retina and all of the
above abnormalities are fully exposed, this stage is called severe NPDR. The
blood vessels are blocked arresting the blood supply to the retinal areas causing

the lack of oxygen in the retina as shown in Figure 1.8 (d).

PDR is another classification of DR that occurs when the retina stops the blood
flow into the areas of blood vessel closure. In this effort, the retina counters back its
blood supply and grows new blood vessels which are potentially weak, leaky and
brittle. It further causes blood to leak into the surface of the retina. This stage lead to
the bifurcated blood vessel pattern as a result of the abnormally developed new
vasculatures.This is the more rigorous DR stage which can also cause retinal
detachment wih subsequent vision lossg]L Next section discusses the relevance of
feature extraction for DR classification and the significance of statistical analysis for

the selection of extracted features.

1.4 STATISTICAL ANALYSIS FOR EXTRACTED FEATURES

Feature extaction provides the accurate description of the complete dataset in
guantitative manageable form. The extracted features contain relevant information
which can be used for exact classification utilizing the reduced representation instead
of the complete ataset.The set of extracted features obtain the useful information
about the image such as color, shape, intensity and texthweh can be used to
differentiate between the different classegrtividesfeature consistency indicative of
better classificationand confines the relevant featuresequired for the efficient
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computation[20]. This work considerdour different feature sets; fractal features,
intensity features, texture features and geometrapehfeatures for different DR
diagnostic tasks and their detailed description is provided in the App&nBractal
features comprises babounting dimension, information dimension and correlation
dimension. Intensity features consists of minimum intgneiaximum intensity, mean
intensity, median intensity, mean absolute difference, standard deviatiorguatéte

range, skewness and kurtosis. Textual features comprise autocorrelation, correlation,
contrast, cluster shade, cluster prominence, enenglyopy, homogeneity, inverse
difference, inverse difference moment, maximum probability, dissimilarity and
information correlations. Shape features include area, perimeter, major axis length,
minor axis length, eccentricity, convex area, orientation,vadgmt diameter, solidity,

extend and compactness.

For effective DR diagnosis,nty the prominentfeatures are requiretfom the
diverse set of extracted featureSherefore, feature selection is important for
significant improvement in the system penfiamce. h this researchvork, boxplots,
Pearson correlation analysis, Analysis of Variance (ANOVA) atebt statistical
tools are usedbr statistical feature analysiwhich are elaborated in the Appendix
These statistical feature selectimols form the basis to reduce the feature set which
in turn decreases the dimensionality for effectively improving the accuracy of
diagnosis[21, 22] Significant features are selected depending uponpthealue
indicative ofsignificance of a particulaieature. The significarp-value condition in
expressed in Eg. (1.1)

R Tdru NE QQOLHOYAT FEADE Q'QQG
n Tip f T8IU Q¢ QOOER DRV WAE QQY
n T8tu "NE DOBIBQOTWQQE Qb de (1.1)

The reduced feature subset obtained after feature selection contain only the relevant
information sufficient to discriminate between different classes. The selected
significant features arsubjected to classification stage for accurate DR prediction.
The reduced representation improved the generalization capability of the classification
algorithm utilizing reduced number of resources to describe the large fundus image
dataset without overting. Machine learning classification techniques along with a

brief introduction of deep learning modules is discussed further.
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1.5 CLASSIFICATION TECHNIQUES

The success of the retinal image processing technique for DR diagnosis relies on
successful severitgrade classification. Several classifiers are used to distinguish
between several classes of the retinal fundus image using the pixel information. The
categorization of classifiers is based on the training/learning and testing phases of the
classifier p3].

1.5.1 Machine L earning Classifiers

Fundus image discrimination for DR classification is accomplished using various
traditional machine learninglassifiers reported in the literaturelowever, in this
research, Support Vector Machine, Artificial Neural Netwydt-Nearest Neighbour
classifiers have been considered for DR classification.

1.5.1.1Support Vector Machine Classifier

Support Vector Machine (SVM) is supervised discrimination scheme utilizing
the learned supervised model to optimally classify the test data using labelled
training datg23]. A decision boundary or hyperplane is created using trained data
points that better differentiates among class labels. The maximum margin
hyperplane is chosen whose distance is highest among the dasclusatto each
class label. This method is practically applicable for both binary as well as multi
class classificatiofi24, 25]. An illustrated representation of the SVM hyperplane is

shownin Figure 1.9.
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Figure 1.9: Hyperplane representation of SVM classifier
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Theinput data is signified bphaving a weight vectai and biash, the output

equation for hyperplane is represshby Eq. (12).
®P @ T (1.2)

However, this output may vary between 1, 0 ahdlepending upon the class it
belongs to. Components of clagsare represented by green color and red color
indicating the components belonging to classwhich are separated by a
hyperplane.Kernel selection is the utmost important factor on which SVM
classification relies for its capability in flexibly mapping thentlinearity among
the data separable into a higher dimensional space using hyperplane separability.
This work utilizes radial basis function (RBF) Gaussian kernel and linear kernel

which are expressed by Eq.3land Eq. (M4) respectively.

~

0 "G W®OhN] & (13

O A Qan T Q 't (1.4)
wherei = input vector,i # support vectorb = bias and denotes the width of

the Gaussian envelope.

The tuning parameters used to achieve better accurate classification results are
regularization parameteiC}Y and gammar(), which are expressed in the error

function indicated by Eq. (3).

o (1.5)
0 - - —A) £
C
where- is the error metric subjected to, I, - Tt minimization constraint

andw is the weight vector.

1.5.1.2k-Nearest Neighbour Classifier

The k-Nearest Neighbour (kNN) classifiedentify the class of a particular data
sample depending upon the Euclidian distancéhat sample from its-knearest

neighbours in thelatasetThe Euclideardistance among therkearest training data
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point samples acts as the deciding factor for assigning the test data to the most
frequently occurring clasg3, 26 . Tt slampl es are contain
and the Euclidian distance betweaesining samples and the test sample f o6 0

number of feature vectors is expressed in E&).(1.

(16)

[Th
8,
e

DR classification problem is solved using kNN algorithms considekirg3
adjacent neighbouras the reduced number of neighbours yield better classification

performance [8].

1.5.1.3Artificial Neural Network Classifier

Artificial Neural Network (ANN) consistsof three layers namely input layer,
hidden layer, and output layer. Input features are fed to the neural network via input
layer, hidden layer is the processing uhit updates the weights to obtain better
network performance and the put layer proviegs the result of the network in
terms of classes. The outcome of the neural network depends upon the propagation
function and the learning rule. The inputs to fi@euron from the output of the
preceding neurons are controlled using hgpagation function and it is expressed
by Eq. (17).

(1.7)

wheren 0 is the propagation function) 0 is the output of the preceding

neuronV is the weight andbis bias.

The learning rule modifies neural network parameters in a way that the network
produces a favorable outcome for a given input Be¢. learning process modifies
the weights within the network for better output computation based upon the
learning rulg27].

The artificial neural network uses a large number of neurons whose weights are
adjusted to improve the learning rate with extensive training and back propagating
the errors. The major strength of neural network is its ability to interpret the
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outcome of acertain data without having previous knowledge of the evenness of
the data [Z]. This strategy has been applied to several applicatid@)2f® and it

is an appropriate choice for diagnosis of diabetic retinopathy as it employs weights
to determine thehality of input features fitting into a specific output class. These
weights are adjustable as per the requirement of the application which makes it a
suitable fit for our DR classification problem. The Multilayer Perceptron Neural
Network (MLPNN) based ekssification approach is utilized in this work due to its
ability to interpret the outcome of uncertain data without having previous

knowledge of the evenness of the data through weight adjustment flexibility.

MLPNN Classifier MLP is a feed forward neural network that works as an
interpreter, and approximates the outcomes from classifier by making use-of non
linear activation function for hidden and output layers. An intermediate hidden
layer is employed in this network at whicteurons process the inputs before
providing them to the output layer. The Layese illustration of MLPNN is
presented in Figure 1.Mhere the input nodes are denoted by green, hidden nodes
are indicated by blue and the output nodes are denoted byndegedow color
indicating the type of DR lesions.

Input Layer Hidden Layers Qutput Layer
Figure 1.10:Layerwise description of MLPNN

The initial layer of MLPNN is fed with the input feature vectbhe processed
information is forwarded to hidden layers for the computation of weight \&eatut
activation functions as intermediate processing. The back propagation technique is
utilized for feature mapping and consistent training to produce classification

outcomeg 30].
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There are many typesf aactivation functions but, in this work, tangent
hyperbolic function is used at the intermediate hidden layer as expressed by Eq.
(1.8).

- g* (1.8)

3 X

tanh )=
(X)e+e

Learning speed is improved and the separation capability is enhanced using the
tangent hyperbolic functiorHHowever, the softmax activation function is used at
output layer for deriving the classification outcomes which is statdfl. (19).

€ fori 0,12,k (1.9)

e

i=0

F(x)=

X

The classification outcomes are provided by calculating the softmax activation
function probabilities within the range of 0 to 1 where each of the target class is

represented with the highest probability value.

Conventional approaches deploy various heaiftled feature extraction
techniques to extract clinically relevant features from fundus images. These
features are then passed through a specific classifier for DR severity grade
classification. These handcrafted features are limited and crafting negtiveffe
features is difficult and often does not yield better results. This feature extraction
based process is laborious and may often lead to misclassification. The choice of
appropriate handcrafted features requires investigation of various parametgs sett
with prior expert knowledge.

In the recent advent of technology, Deep Neural Networks have replaced the
machine learningpased DR diagnosis systems by achieving significant
performance improvemen3]].

1.5.2 DeepNeural Networks

Recently, a new advent in technology has evolved with Deep Neural Network
(DNN) based methods that have achieved innovative outcomes in various fields

especially in medical sciences.
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There was a breakthrough in medical image analysis and classificatfiomnpance
when a novel biomage technique was added to neural netwo@amvolutional
Neural Network has proven its competence for the interpretation of image and its

analysis in medical imaging field.

1.5.2.1Convolutional Neural Networks

For image classificatn tasks,convolutional Neural Netwos<(CNNs) have
demonstrated revolutionary performance and thus being exploited for DR diagnosis
systems. Unlike other machine learning approaches, CNN based classification
methods provide superior performance due toptioperties of scale, rotation, and
field of view invariance. These properties make it suitable for retinal fundus-image
based DR grading, as the acquired fundus images are of varying sizes and different
fields of view.

The basic elements of CNN architee majorly include five layers, namely,
input layer, convolution layer, pooling layer, fully connected layer and output layer
[32, 33]. The basic architecture of a CNN model is depicted in Figure 1.11.

Pooling

Layer1 el )T Fully

Connected
Layer

Convolution Convolution Layer 2
Input Layer Layer 1 Layer 2

Figure 1.11: A basic CNNarchitecture

The input layer is responsible for taking the input images and providing them to

the CNN architecture to map it to the corresponding class labels in the output layer.

i. Convolution Layer: This layer is the main element of CNN based deep learning
model that contains a number of learnable convolution filters. These filters
produce twedimensional maps using the dot product of the input vector and the

convolution filter.
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For an input imag& of sizeixjxc having sizeéxj andc number of channelshe

convolutional layefunction is expressed by Eq. 10).

) (1.10
Q0 0 2k @

wherew = weight vector,b = bias,k = total number of nodes and * denotes

convolution operator.

Convolution layer is employed to obtain fes maps by convolving the image
with weight vector. The weight vector is adapted during the training phase
employing back propagation. Nolnearity is introduced in this layer using the
Rectified Linear Unit (RELU) for the production of constant graditn all
positive input values, instead of its ndifferentiability, therefore is a common

choice for CNNsThe ReLU function is expressed by Eq. @}.1

vaopey Q@ m (1.12)

O £ VA Q
ReLU function is utilized to achieve better outcomes than the conventional
sigmoid or hyperbolic tangent functions by accelerating the traspegd32).
Utilization of ReLU activation function in CNN architectures overcomes the

vanishing gradient problem of the traditional neural networks.

ii. Pooling layer: The intermediate layer in between the convolution layers is
responsible for dowssampling of the equired output from the convolution layer
and is referred to as the pooling layer. CNN utilizes two types of pooling
functions; average pooling and max pooling due to its dimensionality reduction
property without compromising the useful informatidime caowvolved image is
grouped to notoverlapping sulparts and the average pooling function produces
the average value of each spdtitions as output. Likewise, mgpooling also
functions in the similar way unlike returning the maximum value for each sub
parition. The pooling layer is accountable famtermediate dimensionality

reduction between the adjacent convolution layers
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iii. Fully Connected Layer: Fully connected layer is the final layer in CNN
architecture preceding the output layer. This lagets as a traditional neural
network which comprises large number of parameters and every single node is
connected with every other node. The dropout technique is used in this layer to
reduce computational complexity by dropping some nodes and connemions
from fully connected layer.

The CNN based classification approaches extracts the increasingly complex
features increasing the system complexity. Deep Neural Network training from
scratch is challenging for medical domain where typicallymated number of
annotated data is available, particularly in medical domain. Therefore, to address
these issues, another approach proposed in this work employing a transfer learning
concept is introduced utilizing various prained CNNs.The main impa@ant step
for using the prérained model weights is firgining of network parameters for the
exploitation of the dataset characteristirstially, the pretrained model weights
are used as objectives which are further utilized for supervised traifitigso
model on the target data. There exist two typeBneftuning techniques to make
the network task specific; full tuning and fine tuning of-pe@ned model. Full
tuning is very time consuming as it involves the tuning of complete CNN model
which is not specifically necessary for some tasks. However, fine tuning the pre
trained model using the target data can improve the model performance to fit to the
specific classification task3B]. Multiple feature learning is accomplished using
multiple layersn the CNN model at different levels of hierarchical abstraction. The
initial convolutional layers learn théow-level features; however, high level
features are learnt by the deeper convolutional layers. Features extracted at every
individual convolutiomal layer are finally used for classification at the fully

connected layer.

1.5.2.2Pre-trained CNN Classifiers

The earliest prérained model was given by Lecehal [34] in 1998 to promote
the advancement of deep learning for handwriting recognition. The eotthg
consists of two subsequent convolutional and pooling layers which are followed by
three fully connected layers before the output softmax classification [@ker.

layered architecture of LeNet is provided in Table 1.1.
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Table 1.1:Layer wise descption of LeNetarchitecture

Layer Type Activations Learnables
Index
Filter Stride Number of
Size Filters/Pooling type
0 Input data (32x32x1) - e e
1 Convolution Layer 1 (28x28x6) (5%5) 1 6
2 Pooling Layer 1 (14x14x6) (2x2) 2 Avg Pool
3 Convolution Layer 2 (10x10x16) (5%5) 1 16
4 Pooling Layer 2 (5%x5x16) (2x2) 2 Avg Pool
5 Fully Connected Layer £ (1x1x120)  ----- = --—-- 120
6 Fully Connected Layer € (1x1x84)  ----- = - 84
7 Fully Connected Layer 7 (1x1x10)  ----- = --—-- 10

Spatial features are extracted using convolutional filters and subsampling is
achieved by average pooling layer. The activation function used in this architecture
is tan hyperbolic function and softmax activation is used at the final classification
layer. To deal with the computation complexity, this network utilizes sparse
connections between the layers. The othesty@ieed networks utilized for various
imagerecognitiontasks are AlexNet |, GoogleNet [8], ResNet [J], VggNet
[38] and InceptiorVV3 [39] which are depicted in Figure 1.12 and are detailed

further.
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Figure 1.12: Different pretrained CNNmodelarchitectures

i. AlexNet: This network was designed in 2012 and it is similar to the very initial
LeNet CNN architecture given by Letuet al [34], but is much deeper
comprising more number of filters per layer. It consists of varying sized
convolutional filter (1%k11, 5<5, 3x3), max pooling and ReLU (Rectified Linear
Unit) activations. ReLU activations are used after every convolutahfully
connected layer. AlexNet was the first to implement ReLU activation function to
accelerate the training speed while increasing the network accuracy, pooling to
reduce the network size and dropout layer to reducefitieg. AlexNet has
learnal a rich feature representation to classify wide range of images into 1000
object categories B. But the major limitation of AlexNet is its reduced
learning rate during the training process, once the accuracy value plateaus. To

overcome this disadvantage 2014, GoogleNet was introduced.

ii. GoogleNet: GoogleNet (Inceptiofvl) [36] was introduced in 2014 which
achieved the minimum error rate comparative to the all other available CNN

networks. This network is also implemented using a novel inception module
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comprising batch normalization and dropout layers. The number of parameters

in the architecture is drastically reduced to 60 million using several small
convolutions. Googl eNet uses fnetwor k i
network stacking inception module instead of stacking individual convolutional

layers while increaso the network depth. Network accuracy saturates while
increasing its depth, thus, in 2015 ResNet came into existence which utilizes

skip connections while maintaining the model depth.

iii. ResNet:ResNet (Residual Neural Network)7]3was introduced in 2015
gated skip connections and batch normalization. These skip connections do not
have any associated parameter and just adds the output from the previous layer
to the adjacent layer ahead. ResNet uses batch normalization and skip
connections to design muadeeper CNN networks without compromising the
generalization capability of the model. Due to its powerful representation ability
and better performance, ResNet applications have boosted to various image
classification tasks like object detection as well fase recognition tasks.
Another CNN variants came into existence in 2015, VggNet having simple
implementation and increased depth size.

iv. VggNet: Visual Geometry group networks (VggNet)8[3is a multilayered
deep neural network introduced in 2015 duetsosimplicity with increased
depth level. The convolution filters of size (3x3) are used in this network and
volume size is reduced using max pooling operation. Two fully connected layers
comprising 4096 neurons is used in VggNet to prepare the featuter.vec
VggNet is used to improve CNN performance by increasing the network size
and using more number of convolutional layers than AlexNet. It consists of a
greater number of parameters and uses higher storage space upto 500 MB. It has
the constraint of slow training with high storage space making VggNet
deployment tedious. This limitation is addressed by another Inception derivative
InceptiorV3 model.

v. Inception-V3: InceptionV3 was initially designed for 1000 object
categorization and is a 48 layers deapaural network trained over a very wide
range of images B. This model can be retrained on a smaller dataset while

maintaining its learned knowledge from the previously trained model.
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This concept of feature learning consumes least computational power
providing better classification accuracy without the need for much extensive
training. InceptioAV3 aims at removing the bottleneck representation of
adjacent layers which drastically reduces the input dimensions of the next layer

having more competent cqmtation using factorization technique.

1.6 DATASET DETAILS

Different publically available benchmark fundus image datasets are used for various
image analysis tasks like blood vessel segmentation, abnormality detection, and
classification.Table 1.2 describes different fundus image datasets in terms of their size,

field of view, image count and usage.

Table 1.2: Datasetlescriptionandtheir usage

Dataset Sizeof Image Field of View  Image Usage

(degrees) Count
DRIVE 1[40 565%x584 45 40 Structural analysis of retina
STARE?[41] 605x700 35 400 Haemorrhages and

microaneurysms detectipn
exudates, abnormal blood vess

DIARETDB13[42] 1500%x1152 50 89 Position of retinal abnormalities
and their detailed labelling

MESSIDOR* [43] 1440%960, 45 1200 DR severity grading
2240%x1488,
2304%1536

IDRID 5 [44] 4288x2848 50 516 DR severity grading

IDRIVE, Digital Retinal Images for Vessel Extraction, 200B@ataselt Available: https://drive.granathallenge.org/[Accessed:
04-Jan2017].

2STARE, StructuredAnalysis of Reiha, 2000.[Dataset]. Availablehttp://cecas.clemson.edu/~ahoover/stdfetcessed: 1-July-

2018].

SDIARETDB1,2007.[Dataset]. Availablehttps://www.it.lut.fi/project/imageret/diaretdbAccessed: 19ec-2018].

“MESSIDOR, Methods for Evaluating Segmentation and Indexing technique Dedicated to Retinal Ophthal2@ildgy
[Dataset]. Availablehttp://messidor.crihan.fr/indern.php. [Accessed: 1Peb2019].

SIDRID: Indian Diabetic Retinopathy Image Dataset, 2018. [Dataset]. Available: http://dx.doi.org/10.21227/H25W98. Accessed:
11-Jan2020.
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All these datasets have been utilized in this research work to accomplish different
DR diagnosis tasks. DRIVE4Q] and STARE 1] datasets areonsideredfor OD
localization and blood vessektraction, while, STARE41] and DIARETDB1 A2]
dataset images ardilized for anomaly detection. The fundus images from benchmark
standard MESSIDOR4p] dataset and latest IDRID 44 are exploited for the
classification and severity grading of NPDR atmality as it consists of large set of
varying images of different resolutioriBhe detailed description of all these datasets is

provided in the following suisections.

(b) (c)

(d) (e)

Figure 1.13: Fundus images taken from different dege (a) DRIVE (b) STARE ) DIARETDB1
(d) MESSIDOR(e) IDRID

1.6.1 DRIVE Dataset

Digital Retinal Images for Vessel ExtractiddRIVE) dataset including 40 colored
fundus images using Canon 3C(GDharge Coupled Devicedamera at 45 degrees
Field of View (FOV). Individual images comprisad this dataset are of size 565x584
pixels having resolution of 24 bits per pixplQ]. Labelled ground truth vessel
segmentations are also present in this dataset along with all these. iffageample

of fundus image from DRIVE dataset is presentedguife 1.13 (a).
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1.6.2 STARE Dataset

Structured Analysis of RetingBTARE) datasetomprising400 raw fundus images
digitized using TopCon TR0 camera at 35 degrees FOMdividual images
comprised in this dataset are of size 605x700 pixels haesgution of 24 bits per
pixel [41]. Ground truth vessel segmentations are present in this dataset for 20 fundus
images labeled by professional experts. $ample fundus images of STARE Dataset
is illustrated in Figurd..13 (b).

1.6.3DIARETDB1 Dataset

A stardard DIAbetic RETinopathy DataBaselibration level ADIARETDB1)
includes 89 colored fundus images with 84 containing the symptoms of non
proliferative DR and the remaining 5 containing no DR symptdrhe.images were
taken using digital fundus camera %@-degree FOV along witlvarying imaging
controlled systems in Kuopio University Hospital, Finland. Fundus images were
inspected to find hard exudates, haemorrhages, and microaneurysms using special
software §2]. The sample fundus image from DIARETDB1 tBset isrepresentedh
Figure 1.13 (c).

1.6.4MESSIDOR Dataset

Methods for Segmentation and Indexing Technigu2sdicated to Retinal
OphthalmologyRetinal OphthalmologyMESSIDOR ) is a benchmark database that
consists of 1200 eye fundus color images utilized efiealuating the. Three of the
ophthalmologic departments were responsible for gathering images using 3CCD on a
Topcon TRC NW6 for nomydriatic retinography at 45 degrees FOXarying sized
fundus images with 1440x960, 2240x1488 or 2304x1536 pixels wdraled in this
dataset having 8 bits per color plar3][ The sample of the fundus image from
MESSIDOR dataset is represented in Figure 1.13 (d).

1.6.51DRID Dataset

Indian Diabetic Retinopathy ImagdDRID) dataset[44] comprises of retinal
fundus images which were acquired from an Eye Clinic in Nanded, (M.S.), India.
These set of images were collected using a KowalUxXa digital fundus camera with

the approximate distance of 39 mm between lenses and thd4&y®upl dilation
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was performed before capturing the images of all the subjects in the dataset. This
dataset consists of 516 images having resolution of 4288%x2848 pixels with 50° FOV.
In this dataset the total of 454 fundus images contains the symptoms of NRE&Rys
whereas the rest of 62 fundus images contains symptoms of PDR severity. This dataset
consists of clinically relevant images of acceptable quality, collected from the DR and
diabetic macular edema tests conducted on thousands of patients durpeyitide

2009 2017

1.7 CoOMPUTER-AIDED DIAGNOSIS SYSTEM

ComputerAided Diagnosis (CAD) haswlved as a major researdssuein the
field of medical imaging and radiology diagnosis. The medical imaging field deals
with evaluation and analysis of abnormality tite earliest, using the image
information. CAD systems deal with the improvement of image quality of low contrast
raw medical images using various image processing tools which is fit for the
interpretation of prominent portions and relevant for diseasgndss [45]. CAD
systems are the computer systems that are specifically designed to assist the detection
or diagnosis of diseases by providing the second opinion to the clinical experts. It
improves the overall performance of detection and assist thecpnsiin the early
detection of different medical anomalies. CAD systems specifically aim at improving
the accuracy of disease diagnosis along with the reduced time computations for the
interpretation of image information. It takes into account the egled of clinicals as

well as computer aided algorithms, thereby providing better diagnostic performance.

CAD has developed as a part of routine clinical diagnosis in some hospitals and it is
widely being applied for the detection of many different typésamomalies in
different medical imaging modalitieShe basic categorization of CAD systems lies
into two categories, namely; Computeided Detection (CADe) systems and
ComputerAided Diagnosis (CADx) systems. The CADe systems enable the computer
aided pocessing by assisting the experts in determining the location of disease lesions
in the medical images. On the other hand, CADx systems provides a lesion
categorization platform by distinguishing between the several classes of the disease to
be diagnosedCAD systems are also helpful in retinal image analysis as they reduce
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the chances of severe eye complications upto a large extent by regular screening and
timely treatment. The aim of this work is to provide a CADx platform by assisting the
ophthalmologits with a second opinion in distinguishing different severity grades of
Diabetic Retinopathy [45, 46].

1.8 PERFORMANCE | NDICES

Various indices are utilized in this work for the performance evaluation and
validation of the proposed techniques based onettiensive study of state of art
techniques. Various performance indices calculated in this work are based on four
possible eventsFor deriving the pixel classificationdrue Positive (TP) / True
Negative (TN) are computed and pixel misclassificatiorcamputed from False
Positive (FP) / False Negative (FMglues[47, 48]. TP event indicates that the pixel is
correctly identified as DR affected fundus image and TN indicates the correctly
identified pixel as a normal fundus. FP event indicatespixat is predicted as a DR
affected pixel but it is actually not, and FN event indicates that pixel is predicted as
normal pixel but it is actually a DR affected pixel. Based on these 4 predicted events,

performance indices are evaluated which are explaietow:

i. Jaccard Index: Jaccard similarity coefficient is a comparative statistical index that
measures the similarity of data sets. This coefficient is determined as the ratio of
the intersection to that of the union of dataskssrange is between 0 fig and the
more its value tending towards 1 more similar are the two sets of Jdateard
Index is expressed by Eq. (2)1

0 WOwwed @WQ eoa— (1.2
0 0

ii. Dice Coefficient: Dice coefficient is the measure of similarity between the two sets

under evaluation. The dice coefficient is expressed in Eq3)(arddit ranges in

between 0 to 1, and the more its value tending towards 1, more similar are the two

sets of data.

(O NOT RGN0 o) = M— (1.13)
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iii. Root Mean Square Error (RMSE): This performance metric denotes the standard
deviation of prediction errors. These prediction errors measure the deviation in the
image quality based on the averaging of the squenteasity pixel values. It is

expressed by Eq. (4L

e 01 QQQdb Q¢ & (1.14)
Yo' YO W ——/————

iv. Structural Similarity Index (SSIM): Statistical quality of image based on image
attributes like luminance, brightness, texture, orientation and conlimstalue
ranges from O to 1 and the image quality is considered better if the value
approaches toward 1. SSIM is expressed by Egb)1.1

NVOD (1.15)

where * is the average value &f* is the average value gf, is the variance of

X, , is the variance of, , is the covariance ok andy, @ Q0 , ®
Q0 are the stabilization constants whérés the dynamic range of pixel§=

0.01 andQ=0.03.

v. Peak Signal to Noise Ratio (PSNR)PSNR is animage quality parameter based
on the RMSE value. The highealue of PSNR, better is the output image quality.
PSNR is expressed by Eg. (@)1

. .. 00M@a g (1.16)
Y o U,
VYU YpT |- Yo YO

vi. Positive Prediction Value (PPV) or Precision:lt considersPositive Prediction
Value for the measuremenbf statistical variability in data thatompute the
deviation of data entries from its true valié&e percentage range of PPV lies from
0% to 100% indicating the data deviation from its actual value and is represented
by Eq. (1.7).

01 @NE & (1.17)
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vii.  Sensitivity or Recall rate (SN):Sensitivity or recall rate is determined as the ratio
of true positives to the sum of true positives and false negafitesrecall value
provides the measur e tedgmematidnéclassicatienbn | i t y
order to identify true problematic pixels. It ranges between 0% to 100%, and more
the value of recall closer to 100%, more the model becomes capability of correctly
detecting abnormal pixelSensitivity is represented by H1.18).

Yo —— (1.18)
viii.  Specificity (SP): Specificity is the ratio of true negatives to the sum of true
negatives and false positive. 't provi de

of segmentation/classification for correctly identifying normal pixels. The
specificity ranges from 0% to 19® and it signifies that more is the specificity
closer to 100%, mordecomes thecapability of system for correctly detecting

normal pixels. Specificity is represented by Eq. 9L.1
Yo —— (1.19)

ix. F-Measure: F-measure defines the weighted harmonic mean of the outcomes
obtained from precision and recall values. This value takes into account both false
positives and false negativesnteasure value rangé®m 0% to 100% and more
is the value of Fmeasure closetowards 100%, more becomes the capability of
model for correctly predicting the falsely detected pixdlbe Fmeasure is
formulated as Eq(1.20).

O U gzwl o I )‘!Yl A4

X. Accuracy (Acc): Accuracy is determined as the proportion of the total number of
true events to that of the complete set of evdidstange lies in between 0% to
100% and more its value tending towards 100% notlaa capability to correctly

detect the correctly identified true event pixels anelxpressed by Eq. (1R

o g

0O —m—— (1.21)
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Area under the Curve (AUC): The overall quality of classification performance is
indicated by the AUC performance index. More the AUC, better will be the
performance of the classifier as each point on tReceiver Operating
CharacteristicsROC) curve pointing out the cwdff points of truepositive and

false-positive rates.

CrossEntropy: Cross entropy loss measures the classification model performance.
The value of this performance measure ranges between 0 to 1, where 1 indicates
worst and O denotes a perfetassification scenario. The formula of cresgropy

is expressed by Eq. (R

Ol €1 0Oe 0l ¢ Nw ( )

P
wil TrCh
whereM is the number of classetsis the true classification for observationp

is the prediction probabili andy is the binary indicator for correct class label.

Optical Disc Overlap: It is defined as the ratio of true positives to the summation

of true positives, false negative and false positive expressed by Eq. (1.23).

- - "YO
0 o "@diho Q1 "V?S 0800 (1.23)

Dice Metric: Dice Metric computes the similgéyi between segmentations defined
as the ratio of twice the true positives by the sum of all events as expressed by Eq.
(1.24).

¢z"YD (1.24)
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1.9 SOFTWARE PLATFORM

All the experimentation work implemesd in this thesis is done usindatrix

Laboratory MATLAB 2018b) environment on a mainframe computer system with
configuration of Intel Core i5 processtrat offers clock speed of 3GHz and 8GB
RAM. For the statistical analysis of derived feature set, IBfdtistical Package for
Social Sciences (SPSS) is used.
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1.10 MOTIVATION

Diabetes mellitus is a lifehreatening disease arising due to the abnormal growth of
blood sugar level having adverse effects on human vision, heart, nervous system,
kidneys, and other body organs. Diabetes has reached epidemic proportions worldwide
and t is the leading cause of severe blindness in the patients between 25 to 74 years of
age. More than 10% of diabetic patients suffer from a high risk of developing
eyerelated disorders. According to thgorld Health OrganizationVfHO) survey,

10% d patients develop severe vision defects and 2% of people become blind after 15

years of persistent diabete®9]4

Diabetic retinopathy is the most serious progressive and degenerative retinal
complication that has become a serious issue for diabetin{satsridwide. The
patients suffering from DR have no initial visible symptoms until it is the very last
stage for effective treatment. It is important to regularly examine patients with

diabetes for the development of retinal disease as the rate ofgsiogrean be fast.

Medical image analysis put emphasis on the diagnosis of progressive diseases like
DR as it helps ophthalmologists to take necessary corrective measures before they
cause irreversible blindness. The large diabetic population and leskenuwnh
experienced ophthalmologists have increased the demand for cosbaseer
automated DR diagnostic systems. DR classification is difficult even for
ophthalmologists, especially in the presence of various small fealncesasing DR
cases have adw impacton ophthalmologists andequirean efficient and accurate
method for fundus image evaluatioBased on this motivation and vast literature
survey presented i€hapter 2, some research gaps have been formulated which are

discussed in the followingection.

1.11 RESEARCH GAPS

Depending upon the elaboratiseidyof various DR screening technicgysome of
the research gaps are formulated which lead as the foundation for objective framing of

this research work.
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Research Gap 1: Retinal Physiological Structure Extraction

Insufficient fundus image illumination along with their paprality causenability
of analysis in medical domain. Image {m@cessing is essential for improving the
image features such as contrast and illumination, for the segmentation and extraction
of OD and blood vessel©btaining a single connected component for OptiaakcD
localizationis still a challenging task as OD has blurred boundaksiual vessel
estimation approaches are tedioesoneoustequire high skillandtime-consuming
Blood vessels possess width disparitiésréfore, automated vessel segmentason
requiredto combat thevessel structure estimatiehallenge

Research Gap 2Development of an efficient Lesion Discrimination Approach

Manual intercession involved in existing DR lesion discrimination approaches are
biased, arduous and requires exgeuman intervention. Manifold possibilities are
revealed from the literature to improve the lesion discrimination approach for the
removal of fallacious lesion portions. The inability of distinguishing between the
background noise, anatomical structuiesd actual lesion portions is the major
constraintof the present DR severity discrimination techniques. Lesion discrimination
is a difficult task in the presence of these anatomical structures. Red lesion
discrimination is difficult in the presence ofiretl blood vessels and similarly, optical
disc presence may hamper the performance of the yellow lesion discrimination
approach. Thus, initial identification and removal of these anatomical structures are

important for true lesion detection.
Research Gap 3Diagnostic Relevance of DR severity grading

Retinal abnormalities can be characterized by any kind of uneven changes in
various retinal components. High clinical relevance of retinal pathologies gives rise to
the need for early diagnosis through regulatinal image screening as well as
effective severity grading systems. The main constraints that came across for effectual
DR severity grading and diagnosis are optimal feature set selection and the choice of
finest classifier to maintain the tradéf between accuracy and computation cost. Both
these problems are not addressed in the existing research works and therefore, there is
the need fordevising a reliable retinal image classification scheémémprove the

existing DR severity grading systems.
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Research Gap 4:Requirement of Deep Learning based DR Diagnostic system

The traditional DR diagnosis methods rely on handcrafted features that are limited
and require expert knowledge to devise new handcrafted features. Also, traditional
networks become verslow if they must deal with complex tasks involving multiple
layers. Unavailability of a large amount of labelled data in the medical domain still
prevails as a challenge to researchers. Despite the various advances in CNN based DR
diagnosis, these systerss$ill present challenges for clinical applications. Some of
these limitations are being addressed in this work using a transfer lebased CNN

approach.

1.12 OBJECTIVES OF RESEARCH WORK

Ophthalmologists highly rely on retinal fundus segmentations for the treatment of
abnormalities like glaucoma, strokes, occlusions and diabetic retinogatbyg, to
extract the diagnostic information of different pathological symptoms reflected in
retinalfundus images, image analysis techniques are requinedaim of this research
work lies in automatedDR characterization assisting ophthalmologists by aiding
treatment planning, diagnosis and prognosis. The outline of automated DR detection
and severitygrading problem addressed in this research work is based on the

objectives listed below:
Objective |

Design of an Automated Retinal Blood Vasculature Segmentation Model for Diabetic
Retinopathy Detection

Objective I

Developing a Hybrid LesioBetection Technique for DR Abnormality Discrimination
Objective I

Implementation of a Robust Framework for @Rtegorization

Objective IV

Inception of Ensembled Transfer Learning Model for DR Severity Grading
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1.13 OUTLINE OF THE THESIS

The research work inthis thesis comprises seven chapters including this
introductionchapter.lt contains the basic introduction along the preliminaries related

to this research worl.he remaining thesis is structured into the following chapters.

Chapter 2 discusses the 8tature survey done on various DR detection techniques
proposed in the past highlighting the state of thewvark done in this field. It also
gives the details of the research gaps observed in the current literature and objectives

formulated for our reseeh work.

Chapter 3 deals with the objective 1 proposed in this research workiréular
Hough Transform based OD localization technique antlyarid Blood Vessel
Extraction Approach using Morphological Reconstruction (HBR) approach are
proposed in this chapter to improve the retinal physiological portion extraction while
maintaining a tradeff with the computational complexity.The exhaustig
performance evaluation illustrates the localization efficiency and viability of the

proposed approaches.

Chapter 4 addresses the lesion discrimination problem by designing and
implementing a Hybrid Lesion Detection (HLD) scheme for the detection of
abnamalities in retinal imagesAn effective solution in presenteid advance DR
diagnosis by explicitly locating DR lesions and providing the information about the

abnormality location.

Chapter 5 details the Hierarchabeverity Grading (HSG) System proposed in
objective 3which classifes NPDR severity present in retinal fundus images into
differentstagesto track the disease progressionprognosis and patient referrdhe

proposed system is generalized through its performance validiatiziest dataset.
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Chapter 6 deals with the implementation of Deep learnbagsed methodology for
the DR screening and diagnosis. This chaptidresses the twatage classification
into diseased and natiseased classes by proposing an Ensembled Deamihg
based DR (EDLDR) model. Ihighlights two different deep learning approaches
employed to address DR severity gradifg:Prominent Feature based Transfer
Learning (PFTL)modeland a Quadrant Ensembled Incept\d® Model (CEIV-3).
CNN based classification methods provide superior performance for retinal fundus
image acquired at varying field of view and different size, due to its augmentation

feature dealing with field of view variance, scaling and rotation.

Chapter 7 concludes the research outcome of this thesis and provides the future
scope for the extension of this research work to make it robust for themeaDR

classification scenario.
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CHAPTER 2

LITERATURE REVIEW

From diagnostic point of view, analysis of retinal image is getting more and more
important nowadays. This chapter presents a general overview of various image
processing techniques developed in the past few years for combating the challenge of
DR screenig and diagnosis. Many researchers have confronted this challenging job
through various methods still this is a daunting challenge and requires more work on

finding a robust technique for efficient DR prognosis.

This chapter presenta brief description abut existing work in the field of
automatedDR screening which motivated us to develop a much reliable automated
screening solution to aid the ophthalmologists in providing mass DR screening
solutions. An extensive literature survey is carried out to owtlithe initiation of
automationin this field and assess the development of various ophthalmic image

processing techniques

Initiatives taken by several researchers in the field of OD localization, blood vessel
extraction, lesion discrimination, diabetietinopathy grading and instigation of deep
learning approaches to address severity of &R detailed in this chapterThe
contributoryframework of the entirgproposedmethodologyadoptedin this thesiss
illustratedat the end of this chapter. A blockagram representation of the sequential

overview in which literature review is conducted is depicted in Figure 2.1.
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Literature Review of various
approaches involved in DR Detection
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Figure 2.1: Sequential overviewf literature review

2.1 OD LOCALIZATION AND BLOOD VESSEL EXTRACTION

Manual vessel segmentation methods require high professional skills and are
tedious as well as time consuming. These methods are susceptible to unavoidable
errors and demand a lot of training efforts. Thus, automated blood vessel extraction
and segmentatiosystems came into picture for effective compaided ophthalmic
diagnosis.

In automated retinal image analydidpod vessels an@D are themost important
anatomic location for extraction and removal. The remarkable attempts from various
researchersiave been noticed towards development and enhancement of screening
and diagnosis techniques for blood vessel extraction and optical disc segmentation.
Researchers have put lots of efforts in providing better retinal vessel segmentation
methods and some tife work done in this field is briefed in the following section.

OD segmentation is important for effectual diagnosis of retina related
abnormalities, especially for the accurate identification of yellow (bright) lesions in
the DR infectedpatients as ODral yellow lesions has similar intensity rangde

difficulty in OD localization arises when subjected to uneven illumination along with
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the large number of pathological abnormalities. It becomes more challenging to extract
the OD portion having the shaped size similar to bright lesions (exudatex)].[ A

method based on histogram matching was introduceBlljnfgr OD segmentation in

which a template is created by averaging the histogram of each colored component in
order to localize the center of ODhe correlation among original image and extracted
RGB components are computed to identify the point with maximum correlation as the
center of ODThe authors ing2] presented the processing of fundus images providing
better lesion clarity for achievingrsilar quality as of angiogram. Speed up robust
features are employed to segment the optical disc using morphological image
processing operations. Anique vessel transformation and correction proceda®
designed by the authors in [58ased on clustenin approach for theautomatic
detection of OD. The proposed model is integrated with scale space analysis for
detecting OD boundariesligh Resolution Fundus image (HRF) dataset is utilized in
[54] for OD enhancement which is followed by histogram equadinaior enhancing

green region of fundus image. The optical disc segmentation is computed using speed
up robust features. The Receiver Operating Characteristics (ROC) curves are used for
measuring the evaluated results.

Authors in[55] have utilized imagdiltering and adaptive histogram equalization
prior to OD and blood vessel detectiofhe segmentation and removal of these
anatomical structures is carried out through morphological operation and
implementing Otsu thresholding technique for improvisatiérresults. The blood
vessel segmentation is further achieved by-gsoEessing based on histogram
equalization and robust distance transformatibfy.[Vessel VectorbasedPhase
Portrait Analysis (VVPPA) is proposed irb]] combining theclustering method with
vessel transform to obtain exceptional performance for blood vessel segmentation.
Traditional graph cut method along with Markov Random Field (MRF) method is
utilized in [58] for extracting retina vascular tree and OD segmentafibe gaph cut
method was implemented to extract the retinal vascular structures and the two
alternative methods MRF and compensation factor method was utilized for optical
disc localization which provides a supporting system for-intmisive diagnosis for
modern ophthalmologists. The position of OD is approximate89husing graph cut
technique for retinal vascular tree extraction and the obtained OD features are further

fed to ANN classifier for better performance.
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Similar intensity range of blood ve$sand red lesion (MAs and HEMs), may lead
to misclassification. This problem is addressed by some of the techniques in the
literature employing vascular structure masking methéd p1]. Retinal vessel
segmentation methods like line detector, templatécimrag, etc have achieved the
segmentation accuracy of 92%, however achieving the segmentation accuracy above
92% while maintaining the low computational complexity is still a challenge to the
researchers6p]. Another methods reported in the literatureattdress this drawback
includes a templatbased approach for OD segmentation us@igcular Hough
Transform as OD boundary approximator which can provide a good cooperation
between success rate, quality and efficier&y].[Canny edge detector approach is
employed by the authors i64] to evaluate the vascular structures by producing a
better image quality for blockage identification in tiny blood vessels. Various pre
processing and blood vessel feature extraction stages are employed by the authors in
[65] to find the biological relevance of this feature set with the previously reported
outcomes of early detection of DR. Kirsct
(GUI) is developed ing6] for retinal blood vessel extraction to accomplish accuracy
detection of exudates. This GUI obtains higher performance by incorporating
maximum number of image pprocessing methods altogether. Out of a number of
segmentation algorithms accessed@id],[ the most efficient segmentation outcomes
are provided by wavet filter method for distinguishing retinal blood vessels from
other retinal structures. These filters are efficient enough for object identification and
segmentation even in the presence of background noise.

Principle Component Analysis (PCA) is utilized [68] for retinal vessel feature
minimization but still all of these features are not useful for providing the effective
performance. Hence, Particle Swarm Optimization (PSO) is exploited to provide the
better results in terms of entropy, sensitivitgcaracy, etc. Comparative study of
automated retinal vessel segmentation and manually labeled fundus images is done
using global quality parameters to obtain better comparative re89jt#\[supervised
blood vessel detection approach was employed®h yising graylevel and moment
invariant features were utilized for effectual pixel representation. Considerably
improved results are obtained by authors7if] using a combination of fundus image
registration and multimodal approach for retinal vasculgms&atation exploiting

SpectratDomain Optical CoherenceTomography (SBOCT) volumes.Consistent
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blood vessel segmentation accuracy is achieved in comparison with existing
supervised segmentation techniqueq @] by utilizing a threestage segmentation
algorithm for extracting major and minor blood vessé@lsrecise and speedy optic
disc detection method was developed 73] [using blood vessel distribution and
directional characteristics. When tested on four different publically available dataset,
the mehod provides a robust and efficient solution yielding system accuracy in the
range of 83% to 99%. Conventional segmentation techniques are not effective when
applied on very thin or elongated blood vessels. This limitation was overcome using
conditional andom field model and SVM for classification. Authors7d][presented
a fully connected discriminatively trained conditional random field model for effectual
blood vessel segmentation. A mwdmatomical fundus segmentation system was
presented in75] to extracts the features of retinal vascular structures, optical disc and
exudates. This hybrid approach was a combination of adaptive fuzzy thresholding and
mathematical morphology to provide robust and accurate segmentation for
pathological retinal imagegsxceptional performance was achieved compared to the
other systems reported in the literature when validated on four benchmark databases.
Performance evaluation and validation of different retinal vascular segmentation
techniques was done iq] to improvise the trends in retinal vascular segmentation
techniques.

An extensive range of evolutionary methods were assessed and repoitédtin [
provide a robus€AD for aiding the diagnosis of retinal pathologies. From the study,
it was revealed thavolutionary computing algorithms are important in segmentation,
feature extraction and selection, dimensionality reduction and classification to achieve
an optimized DRCAD system. Retinal vessel synthesizing problem was addressed in
[78] using adversarlalearning methods. Synthesized images provided reasonable
visual quality providing accurate visual and qualitative resétiaptive histogram
method was utilized for retinal feature extraction by the authorgjnThis approach
uses binary thresholdin along with mathematical morphology for small object
identification and removal. OD centroid, perimeter and area like geometrical features
were evaluated for the diagnostic purposed and the results were compared to the
standard techniques. Proliferativealgetic retinopathy featured by retinal vessel
overgrowth is encountered using a nescular detection approac8Qd]. Multi-level

Gabor filtering, feature extraction and image classification using SVM were the main
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steps involved in this vessel segmemtatapproach. Out of 42 extracted features, 18
features were utilized for training SVM classifier to yield better outcomes. Image
processing and data mining techniques are employed for blood vessel segmentation by
Geetharamanet al [81]. PCA and kmeans lustering were exploited for feature
extraction and Naiidayes classifier is employed for classification. Faster analysis of
blood vasculatures is done on STARE dataset to yield better accuracy. Background
noise and uneven illumination of small blood wssegmentation was addressed in
[82] adopting morphological and filtering methods. Anisotropic diffusion was used for
blood vessel detection followed by double threshold based region growing methods to
obtain improved accuracy.

Dash, et al [83] presentd a three phase computerized blood vessel extraction
technique consisting of variousteps like contrast limited histogram equalization,
mean median filter, @nean thresholding for segmentation and post processing using
morphological cleaning operatiorA retinal vasculature extraction approach was
proposed by Zafer and Kos84] using Gabor filter, k means and Fuzzy-@eans
clustering to obtain binary vessel map. Pasicessing steps were also used in this
method to remove falsely segmented isolatedorsgto obtain acceptable system
performance. Independent component analysis was propos&d]ifof automated
retinal vessel segmentation methbdt provides superior performance in comparison
with previous stat®f-the-art techniquesTechnique proposk by authors in g6
involves blood vessel region feature extraction for trimap generation followed by
hierarchical image matting model for vessel pixel extraction from the unknown
regions. This technique overcomes the computational time limitation cutméng
many supervised and tsupervised state of the art approaches.

A comparative analysis of different research initiatives for blood vessel
segmentation is illustrated in Table 2.1 along with the image processing techniques
employed and performance tnes evaluated.
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Table 2.1: Comparison of differemptical disc localizationandretinal blood vesselkegmentation

techniques
Year Algorithm Proposed Dataset used  Image Processing Technique Performance
by to Validate Employed Metrics
Results Employed
2010 Villalobos Castaldet DRIVE Gaussian matched Accuracy,
al. [87] entropy adaptive thresholding Specificity,
Sensitivity
2011 Abdallahetal. [88] STARE Multi-scale based on Anisotropic ROC curve
diffusion
2012 Kaur and Sinhad9] DRIVE, Filter Kernel: Ga ROCcurve
STARE
2013 Odstrciliket al.[90] DRIVE, Improved Fdimensional Gaussian Accuracy,
STARE matched ylter Specificity,
Sensitivity
2014 Fruccietal. [9]] DRIVE Watershed transform Accuracy,
Contrast andlirectional Maps Precision
2015 Singhetal. [92] DRIVE Modi yed Gaussian Accuracy,
Entropy thresholding Specificity,
Sensitivity
2016 Sharma and Wasson DRIVE Grayscale conversion, Gabor filtering, Accuracy,
[93] Image Binarization, Principal Specificity,
component analysis, Fuzzynteans Sensitivity
clustering
2017 Jianget al.[94] DRIVE, Global thresholding based on Accuracy,
STARE morphological operations Execution time
2017 Muangnak N., STARE Vessel vectebased phase portrait Average
Aimmanee Petal. [95] analysis (VVPPA), Vessel Transform  Sensitivity,
Accuracy

Upon comparing various blood vessel segmentation techniques from th20g&ar
to 2017 it was found that most of the analysis was done taking two main databases,
DRIVE and STARE databask.is revealed that manual blood vessel tracing system is
time-consuming and inaccurate, so automatic vessel segmentation is beneficial for
ophthalmologists. Even though several OD localization and blood vessel segmentation
techniqus have been reported in literature, theesdniquesio have someonstraing
due to fundus image poor contrast quality and insufficient illumination. Currentloptica
disc localization methods are not able to identify Rduindariegprecisely because it
has blurred edge®lood vessel separation is also challenging due to the disparity in
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vessel width. Some small blood vessels that have fewer contrasts are not bywided
cuttingedge methods. Current methods are not able to overcome these problems of
OD localization and blood vessel extraction, thus, there is a need to improve the
existing system. It is also accepted that most successful vessel segmentation methods
are based on morphological image processing because this method assumes that
vascular structures have concave cross sections which yields better out82r88p [

Thus, the rationale for this research lies in exploring manifold possibilities for the
improvement of existing blood vessel extraction techniques and OD segmentation

methods.

2.2 LESION DISCRIMINATION

There exist many attempts bythe researchers towards devising DR detection
techniques for detection of abnormalities and discrimination of fundus image at its
initial stage. DR lesion can be broadly classified based on their color and intensity
levels into yellow/bright and red/dark less. MAs and HEMs belongs to the class of
red or dark lesions. On the otheand,EXs and CWs classified as yellow or bright
lesions. There exist many approaches which are suitable for DR lesion detection
exploiting retinal fundus images. These approaches reported in literature and
divided into two categories based on red and yellow lesion detection methods in this
section of the chapter.

2.2.1 Red Lesion Detection

Red lesiongMAs and HEMSs)are the initial and undeniab&inical ssymptomsof
DR which are inportant for early detection of pathologSome of the existing
methods exploited for their detection are detailed in thisseation.A Curveletbased
Edge Enhancement technique using wideband bandpass filtering was proposed by
authors in 96] for the deection ofdark lesionedges. Parameters were optimized using
differential evolution algorithm and morphology based pretessing method was
used to exclude the false lesion candidatesceRer operating characteristics were
evaluatedfor statistical pgormance analysis and it was revealed thatpreposed
method is slightly weaker for red lesion detectiavhen the lesions are
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indistinguishable fromthe background A simple threshold baseA candidate
settingtechnique was provided by authors 8V][ that selects thelutter among the
candidates by using rejectors in cascaded forhe clutter and MA structures are
distinguished using orphological and appearanbased featureAnotherred lesion
detectiontechniquewas introduced in98] based on aew set of dynamic shape
features and the evaluation was done on six different databases for MAs and HEMs
detection. The robust features obtained using this method make it superior to other
stateof-the-art approaches providing high discrimination capaéditat both per
lesion and peimage levelsDirectional crosssection profile analysis based method
was proposed by the authors 9] for MA detection These minute MAsre centered
aroundthe candidate pixel of the pprocessed imageA haemorrhage detection
approach was proposed by Inbara#tial. [100] which automates the DR screening
process by utilizing features of Splat and Gkayel Cooccurrence Matrix (GLCM)

for machine learnip based SVM classification. MESSIDOR dataset was used for
experimentation to achieve the improvement in classification accuracy comparative to
other techniquesA combination of algorithms was introduced by Hagilal.[17] for
automated detection of MASaussian Matched Filter was utilized to find theial

set of candidates and Tree Ensemble classification was employed for the detection of
false positives. Consistent performance was achieved using this combination of

ensemble classifier in eliminatiari false positives.

Akram et al. [10]] used athreestagestrategy comprising pfprocessing, feature
extraction and classification stages for MA detection. Possible MA regions were
extracted andseparatedbased on various features obtained at the featutraction
stage. A combined classifier comprising gaussian mixture model and support vector
machine was employed to classify MAs from AdA regions. A @nvolution Neural
Network based MA identification method was introduced by Baal. [102 where
very little supervised information is used to map the images into feature space. Raw
fundus image is interleavedth identified MA regions and this information is further
provided to the mulisieving deep mining stage. Niemeigtral. [103 provided two
novel contributions in red lesion detection approach; one was candidate detection
using pixel classification and another is the introduction of a new feature set which is

to be fed to k nearest neighhw classifier. The results achieved usingsthpproach
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were close to the human expert grading providing better performance for red lesion
image classification. A lesion detection and characterization framework was given by
Quellec et al. [104 which provided automatically formed filter generatedtidiea

vector using a set of reference image samples. MAs image set provide comparable

results to the expert labeled outcomes.

2.2.2 Yellow Lesion Detection

Similarly, for the detection ofellow lesions(EXs and CWSs)there exist various
techniques which are repged in this suisection of the chapteRochaet al. [105
presented an analytical method for red and yellow lesions. This analytical approach
uses visual words dictionary framework capable of mapping the feature vector
information onto a projection spacto yield specific DR class. Fifeld cross
validation was used for performance analysis which provides acceptable performance
for both red and yellow lesion classification. Different image processing techniques
for identification of EXs regions was prided by Parvotet al.[106 using a subset of
30 colored fundus imageblue saturation intensityHSI) space was obtained out of
which intensity component is used to extract morphological properties of lesion
candidate. Exudates regions were segmenteuyusptimal thresholding operation.
Authors in [LO7] provided a DR screening algorithm for easlage screening and
diagnosis using the combination of image -precessing, feature extraction and
Multilayer Perceptron (MLP) classification steps. Improvéassification efficiency
was achieved usint6 statistical features for MLP classification process.

A neural networkbased approach was proposed by Saxtedd. [108 for feature
extraction which were further provided to nlimear classifier to obtain fidus image
discrimination into normal and abnormal (exudates and drusémge different
techniques such as SVM, Bayesian classification and Probabilistic Néetabrk
(PNN) were utilized by authors in1p9 for DR diagnosis and SVM provides the
highestaccuracy out of all the models. An ANN based DR classification system was
presented by Paingt al.[11(0 which maintained a tradeff between system accuracy
and computation time when tested on DIARETDB1 benchmark dataset and local
databases. Yalcinet al. [111] provided exceptional performance using a deep

learningbased early DR detection approach employing CNN vyielding remarkable
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success rate over other methodl€ombined technique for both MA and EX detection
using MESSIDOR dataset for StructuraldaGLCM feature extraction was introduced

by authors in 112. This approach utilizes SVM ankiNearest Neighbar (KNN)
classifiers for obtaining better classification performance. An ensemble classifier
based approach utilizing SVM, kNN and Gaussian Mixer Model (GMM) classifiers
was introduced bydabib, et al [17]. Feature reduction strategy was also integrated in
this gproach and the reduced feature set was utilized for the detection and
classification of hierarchal lesion. This approach primarily classifies lesion and non
lesion which is followed by classification of EXs and CWs from yellow lesions and
classification ®MAs and HEMs from red lesions

Carrera,et al [113 used digital processing to aid eadtage DR detection by
isolating various features of blood vessels, exudates, microaneurysms. This approach
provided the robustness to change in parameter byingilgVM classifier for disease
classification. Retinal health assessment methodintesducedby Koh, et al.[114]
utilizing SpeededJp Robust Features (SURF) and correlated features. These features
were subjected tENN classifier for achieving better teomes. Karthikeyan and Alli
[119 presented a DR disease classification technique on the basis of Genetic
Algorithm (GA). Their approach provides an efficient solution by exploiting SVM
parameters alongside utilizing Glemorm Swarm Optimization (GSO).hEir work
can be extended considering future implications by focusing on adaptability of meta
heuristic techniques as the proposed method lags in dealing with the challenge of
computational complexity. Authors inl16 presented a ruibased classification
technique that can detect CWs and EXs yellow lesions more accurately. Their
approach achieves high accuracy for the detection of bright lesfgpest from this,
the comparison of different red lesion detection methods for the extraction of MAs and
HEMs is shown in Table 2.2 detailing the dataset, method and performance metrices

employed.
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Table 2.2: Comparison of different rednd yellowlesion detection methods

Year  Author Dataset Utilized Methods Employed Perf(.)rmance
Metrices

2007 Kauppietal. DIARETDB1 Pattern Recognition Recall and Precision
(42

2010 Agurtoetal. MESSIDOR Modulation Features Specificity and
[117] Sensitivity

2012 Rochaetal. MESSIDOR, DIARETDB1 SVM and Visual Word Sensitivity and
[105] Dictionaries Accuracy

2014  Decenciere MESSIDOR and Evolutional Algorithms Accuracy and Recall
et al.[40] DIARETDB1

2014  Akrametal. DIARETDB Hybrid Classifiers (m Recall, Precision,
[118] Mediod, GMM) Accuracy

2015 Mookiahet MESSIDOR, DIARETDB1 k-NN, GMM, AdaBoost and  Specificity and
al. [119] SVM Classifiers Sensitivity

2015 Seoucetal. MESSIDOR RandomForestClassifier Area under ROC
[98] curve

2017  Zahoor,et MESSIDOR, DIARETDB1 Mathematical Morphology Specificity and
al. [120] Sensitivity

2017 Daietal. DIARETDB1 Image/Text Mapping, CNN  Recall and Precision
[121]

2017 Srivastaveet MESSIDOR, DIARETDB1 Kernel Learning ROC
al. [122]

2018  Orlandoet MESSIDOR, DIARETDB1 DeepLearning and CNN Sensitivity
al. [123] and EOphtha

2018 Rametal. DIARETDB1 Hybrid Algorithm, Clustering Sensitivity and
[124] Accuracy

2018 Wahidetal. DIARETDBI, Fuzzy Logic Specificity and
[125] DIARETDB2 Sensitivity

2020 Carmonaet MESSIDOR,DIARETDB1 Evolutional Algorithms Specificity and
al. [126] Sensitivity

From the conducted literature of various state of art ledgdectionrapproaches, the

MAs properties were observed equivalent to blood vessels in terms of color and

intensity. This is the reason, many of the approaches mentioned in literature fails in

identifying MAs closer to blood vessels. There exists few MAs which areeol and

small

in size to be seen through naked ey8anilarly,

the problem of

misclassification may arise in EXs detection in the presence of OD due to the similar

intensity properties of EXs to that of ODhus, it is revealed that lesion discriminatio

approaches revealed that manifold possibiliiesin the improvement of lesion
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discrimination approach for DR detectidgkiter the evaluation of DR lesion detection
approachs, it was observed thaeverity grading is important to track the disease
progression. Some of the DR severity grading methods have been reviewed in the next

section.

2.3 DIABETIC RETINOPATHY GRADING

Many studiesare present in the literatute devise an automated severity grading
system for DR detection at the initial stag®me of the articles are reported in the

following section.

Carreraset al [113 proposed a CAD system for NPDR retinal images grading by
separating the blood vessels, exudates, microaneurysms features and grading it using
SVM classifier. The method disssed presents better sensitivity and accurate
predictive capacity with flexibility of adjusting parameters. Katal [114] developed
a retinal health observation system that differentiates the diseased fundus image from
normal image. Their system usegretated features and speeded up robust features
for providing better severity grade outcomes using kNN classifier. Authorkl@ [
considers bright fundus image lesions for the classification of normal and abnormal
lesions by designing a rule based dficstion scheme. The proposed system achieves
better accuracy for the detection of bright lestonl at the same time it was observed
that accurate DR classification is also achieved by considering dark lesions. An
automated DR screening method usingdtwcept of visual dictionaries was proposed
by Rochagt al [105 for DR grading.Each image in this process was considered as a
collection of regions where point of interest method with SURF extractor was
implemented for feature extractionSVM classifer was employed for anomaly

detection in this case.

Akram, et al. [127] proposed a filter bank based exudates detection approach
including three different stages. Initial stage includes image acquisition and pre
processing followed by OD elimination and EXs pathology detection using Gaussian
Bayes Decision rule in the secosthge. Feature set formulation along with exudates
and non exudates region classification is adopted in the third stage. Tjandtasa,

[128 provided atwo-level DR severity classification system to grade for moderate
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and severe NPDR classes usingrpmology based approach for EXs segmentation
followed by soft margin SVM classifier for disease classification into different
severity grades. In series of EXs detection, Akramal [129 proposed another
macular edema detection approach using the ammtibn of GMM and SVM
classifiers.This hybrid classifier improves exudates detection scheme by classifying
the retinal images into three different categories: normal category, clinically
significant macular edema category and -gbnically significant maular edema
category. SVM and kNN classifier based MA and EX detection scheangroposed

by Lachure,et al [112 that considers structural and GLCM feature vectors for
classification. Better performance outcomes are achieved for SVM classifier over
kNN using MESSIDOR datase number of classifiers such as SVM, kNN, GMM
and Adaboost are implemented for DR severity grading syst¢gblinThe authors in

this article presented a better performance hierarchal classification method for the
categorization bred lesion to MAs and HEMs and categorization of yellow lesion
EXs and CWsA PDR detection approach was given ¥8(] using ridge strength
measurement and watershed line techniqgéedeature set contains 15 different
features comprising various attiies such as shape, position, contrast, and brightness

was extracted for the classification of normal and abnormal retinal structures.

MA detection scheme using dark object filtering process was proposed by authors
in [131] which uses singular spectrumadysis to process cross sectional candidate
profiles. Better performance for DR screening was observed employing kNN
classifier. Textural features were utilized ih3p] for distinguishinghealthy and
pathological fundus images. Local binary pattern dpgmriwas employed in this
technique for effective DR screening and diagnosis. Publically available dataset from
UCI machine learning repository were used by Adekuele,al [133 for the
implementation of DR diagnostic intelligent system for mass scrg@fiDR severity.

Feed forward neural network was trained using backpropagation algorithm to aid the
physicians in accurate and troulblee disease diagnosis comparative to the tedious
manual computation. Authors i34 provided an ensembleased framewark for
reliability microaneurysms detection using a combination of-ppogessing
components and candidate extractors for DR and-DR®n retinal structure

classification. Antal and HajdulB5 proposed two different diagnosis schemes for
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pathological regin analysis. Tradition image analysis criteria was used by one of the
methodsand the other approach deals with 7 pathological features for fundus image
classification using statistical analysis approach and pattern classification. Image
analysis based teslgue yields better specificity and sensitivity when compared to the
other classification model. Daet al [102) used an interleaved deep mining technique

to overcome theonstraing of existing methods that fails to address inter and intra
class variabns for MA detection.The objective comparison of various methods

developed by the researchers for DR grading is presented in Table 2.3.

Table 2.3:Comparison of different DR grading approaches

Year  Author Dataset Utilized Methods Employed Seve.nty
Grading Type

2006 Kahaiet al [136] Local Database with 143 Decision Support System NPDR
images

2008 Apteletal [137] Local Database of 79 Single field mydriatic and PDR and NPDR
patients Three field mydriatic

2010 Dupaset al [138] MESSIDOR Analysis Algorithm for NPDR

fundus images

2014 Ashrafet al.[139] DIARETDB1 SVM NPDR

2017 Al-Jarrahet al [140] DIARETDB1 ANN NPDR

2019 Harangiet al [141] IDRID CNN DME and DR

2019 Wulandariet al [142] MESSIDOR CNN NPDR

It is revealed from the literature, that there are some of the challenges in the present
work done in this field. The utilization of handcrafted features for DR grading does
not show any significant performance improvement in tracking the DR progression.
Also, the exploitation of small dataset does not yield satisfactory outcomes as the

dataset size influences the machine learalggrithm performance.

2.4 DEEPLEARNING CLASSIFICATION

In the past many years, progress has been made in auwliognated DR diagnosis
employing various methods. This subsection of literature review is summarized in two
main portions; initially the related works done for automatic DR diagnosis using

traditional machine leaning based techniquéss is followed by eme recent works
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in the field of convolutional neural networks for DR severity grading and
classification.

2.4.1 Machine Learning basedClassification

Three major stages involved in traditional DR classification methods are; image
processing, feature extractiand DR severity classification. These practices for
automated diagnosis of retinopathy include a feature extraction module before
undergoing a specific classification.

Several traditional machine learning methods for DR severity grading are explored
in the literature.Eltanboly, et al. [143 developed an enhanced Computer Aided
Diagnostic system for NPDR severity gradinfhe segmentation approach was
utilized for the localization of 12 different retinal layérsm the combination of size,
intensity, andspatial information. Normal and DR mild/moderate grades are classified
by training the deep fusion classification network. Kunwral. [144] proposed a
CLEAR-DR system to provide clinical decision support to ophthalmologists. A-three
phase DR detectioand classification system was presented by Tatigl. [145 for
various DR lesions such as MAs, HEMs, EXs and CWSs. Lesion extraction was done
using filter banks followed by lesion candidate feature extraction and lesion
classification. Somasundaranet d. [146 presented a Machine Learning Bagging
Ensemble Classification (MBEC) approach for early stage DR disease classification.
This technique includes two phases: first phase comprises feature extraction followed
by ensemble based classification in $keeond phase.

Srivastavaet al [147] presented a Frangi filter basatethod for the detection of
red lesions, MAs and HEMSilter response yields the feature set, which was used for
SVM classifier training in order to predict the presence of lesiBandom forest
classifiers exploring shape based features were utilized by $t@ld[148 98] for
haemorrhages and MA detection indicative of DR severity levels. Sagikak,[149
proposed a method for classifying RDR fundus images from mildnoderate and
severe DR grades. A meta classification approach was proposed by auti&§q in [
for DR image recognition at the early stages. This approach is helpful for patient
referral to provide immediate healthcare at hospitals using automated sgresmin
for remote communitiesAuthors in [151] evaluated various ppeocessing methods
for effectual MA detection from colored fundus images. Tibe-processing
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component reliability along with candidate extractorss confirmed for the
classification ofDR and norDR retinal structures based on the MAs presence or
absence. In the survey articlé/], a survey based on the efficiency and accuracy of
CAD systems using traditional and evolutionary approaches was conducted. It was
found that evolutionary appaches play a vital role specially in ggecessing using
enhancement filters, segmentation, dimensionality reduction, feature extraction
selection andDR classification. Adeep mining technique for MA detection to
overcome the limitations of existing theds was developed using hybrid interleaving
concept for MA detection102. Rahim et al [152 presented an automatic DR
screening system fothe early detection of MAs using fuzzy histogram based
technique for prgrocessing and feature extraction befaeverity classification.
Poddaret al.[153 developed a robust segmentation method for DR and maculopathy
grading. Inter and intra image variability was removed usingppreessing steps
followed by the segmentation of various part of retina like @ea, MAs, EXs and
HEMs. Concentric circular zones are used to classify the pattern and extent of
abnormalities in diseased fundus images. An automated grading scheme was
introduced by Fleminget al. [154] to remove tle shortcoming of human grading
sysems. They highlighted the importance of contrast normalization for improved
capability to distinguish between other noise spots and MAs.

From this literature review it was revealed that the traditional machine learning
approaches deploy various handcrafesture extraction techniquesorder to extract
clinically relevant pathological features from the fundus images. Further these features
are provided to specific classifiers. The handcraft features are limited and crafting of
new effective features isifficult and often does not produce better results. This
feature extractioibased procedure is laborious and can often lead to misclassification.
The choice of appropriate handcrafted features requires validation of various
parameter settings with prior gart knowledge. In the modern advent of medical
science, Deep Neural Networks have replaced the machine learning based DR

diagnosis systems by achieving considerable performance improvement.

2.4.2 Deep Neural Networkbased Classification

Deep Neural Network hadeveloped as a latest advent to achieve innovative ideas

in various fields, especially in medical sciences. Medical image analysis and
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classification performance appeared as a breakthrough in technology with a nevel bio
image based technique employing C&\ISome of the techniques for DR classification
using DNN approach are reported in the following section. Abdtasl [155
presented a deep visual feature based automated CAD system for DR severity level
classification without applying prerocessing stes. Thismethodologywas based on
multilayer semi supervised technique that combines the domain knowledge for red
lesion detection and retinal images to classify the retinal fundus images using random
forest classifier on the basis of severity scale. Weingl [15€ introduced a deep
learning technique that uses Regression Activation Maps (RAMSs) next to pooling
layer for providing better performance in terms of region of interest localization on the
basis of severity level gradinyu et al [157] proposed an image qualitiassification
method. This model attains both supervised and unsupervised features that were
further subjected to SVM classifieReep Convolutional Neural NetworDCNN)

models were implemented l6yao, et al [158 for DR grading localization tested on
sdf-built labeled dataselodel deployment on the cloud platform was also performed

to provide DR diagnostic services to hospitals. Gaussian mixture model was combined
with visual geometry group network (VGGNE9) by the authors inlp9. PCA and
Singular value decomposition (SVD) feature selection tools were used at fully
connected layers FC7 and FC8 to yieédter classification accuracy.

Li et al [160 presenteca CNN based transfer learning model which yields better
classification results using srhatlataset by finduning the prdrained model
parameters. CNNs were used on colored fundus images for DR recognition &t Lam
al. [16]] to obtain better validation sensitivity. Pirained GoogleNet model yields
accuracief 74.5% for 2ary, 68.8% for 3ary and 57.2% for -ary classification
methodology by employing histogram equalization and dataset fid¥kiyg, et al
[162 proposed a twstep deep convolutional neural network for DR severity grading
and lesion detection. The similar performance aesieved in comparison to human
observations of professional experts. Chandore and A presented a system for
detecting DR symptomdhe system achievdsgher accuracy through dropout layer
implementation utilizing large volume of dataset foirtirag CNN model. Gulsharet
al. [164] presented an Inceptievi3 based CNNschemefor multiple binary decision

making to classify the DR severity grades into moderate and severe DR, Diabetic
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macular edema and fully gradable DR. 10 layered convolutionalorietwas
proposed by M. Melinsca#it al [165 for the classification of DR and to obtain higher
accuracy by making use of small image patcAésamoff, et al [166 utilized CNNs
specialized on distinguishing normal retinal anatomies from those agthdrrhages,
exudates, and neovascutation It significantly outperforms the existing solutions
for DR screening. A customized deep CNN based approach was introduced by
Gargeya and LendLf7] for feature extraction to classify between fidR stage and

ary stage of DR. The extracted CNN features were combined with retinal image
metadata and significantly improved performance was seen using this combination.
Quellecet al [16§ used a heatmap optimization procedure for CNN training to detect
DR cases. Inge level and lesion level classification was performed to distinguish
hard exudates, soft exudates, small red doéembrrhages. Prasaet al [169
introduced tweclass categorization for detecting retinal blood vessadgdates and
microaneurysms. PCAased feature extraction and selection technique followed by
back propagation in neural networks yields better performance. Du ahdd.ugsed a
textural analysis technique followed by stage deep CNN severity level classification

for haemorrhage identifiation and automatic DR analysis.

Gurudathet al [17]] used a threstage classification for DR identification from
colored retinal fundus images. Cat al [177 used Patch based microaneurysms
detection approach employing three different classifiers; SVM, random forest and
neural network for five stage DR severity grading. Dimensionality reduction is
achieved via PCA andRandom Forest FeatureImportance (RFFI)a yield better
performance. A computer vision system was designed by Naradi [173] using a
combination of handcrafter and nohandcrafted features. PCAompact Binary
Descriptor (CBD) and CNN were used for extraction of-handcrafted features. The
extraction of handcrafted featuresascarried out through local phase quantization,
rotated local binary patterns algorithms. Litjextsal [174] used a Google Inceptien
V3 based DR assessment approach to obtain optimal iclaggfication outcomes
comparative to licensed ophthal7ausedgi st 0:
various denoising approaches for retinal fundus image classification using a small
dataset. CNN architecture for identification of complex features classify

microaneurysms, demorrhages and exudates wagygestedoy Prattet al. [176].

CHARU BHARDWAJ 56 JUIT, 2020



Literature Review

Mansouret al. [177] developed a CAD system using AlexNet deep neural network
architecture and PCA dimensionality reductiomheir approach presents the
classificationof fundus images and accurate detection of diseased blood vessels based
on severity levelsGoncalvesegt al [178] presented @omparative studypetween the
classical machine learning and CNN based deep learning mtide&s revealed that
CNNs providessomparative performance to the highly trained human graekpert
irrespective of thelatasetaised The InceptioAV3 CNN architecture utilized in this
study provides 89% of model accuracy for EyePACS dataset and 81.6% for
MESSIDOR dataset. Saranya andalbakaran [179] provided a DR detection and
grading employing CNNs along with the gveocessing and image resizing before
providing them to the network. An accuracy rate of 90.9% was achieved for
MESSIDOR dataset thereby providing a competent CNN basegr&idhg approach.

Despite of this literature survey, an objectoantribution of several researchers in
the field of CNNis tabulated in Table 2.tb provide a cleacomparisonof the deep
learning based DR classification approaches in terms of methptbysad, dataset

utilized and various performanesaluation metrices involved

Table 2.4:Comparison of deep convolutional neural network based DR classification approaches

Methods
Year Author Dataset Utilized SN SP Acc
Employed
2017 Masood et al.[180] Pretrained CNN EyePACS - e 48.2%
2017 Yang et al [162] 5 Layeed CNN MESSIDOR 97% 96% 96%
2017 Takahashiet al.[181]] GoogleNet Private e e 81%
2017 Ghoshet al [182] CNN MESSIDOR and EyePACS 94%  97%  96%
2018 Orlandq et al [183] Ensemble Approact MESSIDOR 90% 91%  90%
2019 Zhang et al.[184] ResNet, DenseNet Private 98.1% 98.9% -----
2019 Yip, etal.[185] Pretrained CNN Private e e 95.8%
2019 Gaq et al.[186] Pretrained CNN Private e e 88.7%
2020 Saranyaet al.[179] CNN MESSIDOR andIDRID ~ ----- 96.3% 90.9%

High clinical relevance of DR classification for better interpretationléadso the
development of automated DR diagnosis systems. The workload on ophthalmologists

is managed by adoptingqutomated disease diagnosis techniques for referable
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retinopathy identification and management of the patients requiring critical ophthalmic
carealong withspecialized treatment. Manual grading systems have been surpassed by
neural network (NN) based dnitecture in many applications. CNN model uses a large
amount of training data thus ensuring proper learning for task specific applications
providing proper convergence without overfitting. CNN has performed revolutionary
for various image classificatioragks, and thus is being exploited for DR diagnosis
systemsThe early DR detection prevents visual loss by enabling medication or laser

therapy for the treatment of severe eye diseases beforehand.

The comprehensivditerature survey done in this wodmphasizedome pros and
cons of the existing statd-the-art work in DR diagnosis domain. Theview of
various blood vessel segmentation approaches revealed that the manual blood vessel
tracing systems are tir@nsuming and may lead to inaccuracy due to blood vessel
disparities and poor image contrast, So automatic vessel segmentation is required. The
literature survey of various staté-the-art lesion detectiorand severity grading
approachesunveiled that lesion nsclassification may arise due to the presence of
similar retinal anatomical structure¥he existing DR severity grading schemes
deploys handcrafted feature extraction techniques which are laborious, require human
expertise and can often lead to misclgssiion. Thus, this literature survey supports
the backgrounaf the researclandall theseshortcomings of the existingpproaches
provides the motivatiofior this research worklThe requirement of a specialized and
computer assisted DR progression facilto aid the ophthalmologists in taking
necessary corrective measures before the irreversible blindness, is the main motivation
behind this study. The aim of this work is to provide a comgoised automated DR

diagnostic system overcoming the limitatsoof other existing approaches.

The exhaustive literature survey of various DR detection and severity grading
approaches carried out in this work leads to the formulation of the following research

gaps.
Research Gap 1Retinal Physiological Structure Extraction
Research Gap 2Development of an efficient Lesion Discrimination Approach

Research Gap 3Diagnostic Relevance of DR severity grading
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Research Gap 4Need for Deep Learning based DR Diagnostic system

This research work aims at addressing these research gaps by framing the

objectives listed below.

Objective I: Design of an Automated Retinal Blood Vasculature Segmentation Model

for Diabetic Retinopathy Detection

Objective Il: Developing a Hybrid Lesion Detectiolechnique for DR Abnormality

Discrimination
Objective IIl : Implementation of a Robust Framework for DR Categorization

Objective IV: Inception of Ensembled Transfer Learning Model for DR Severity

Grading

To achievetheseobjectives, aomputationaframevork has been developed which
is depicted in Figure 2.2 and the extensive work done in this research is elaborated in

the upcoming chaptepf the thesis.
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Figure 2.2: Thecomputationaframeworkfor DR severity grading

The researcimethodology of this thesis is divided into four different stages based

on the four objectives framed for this work.
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CHAPTER 3

RETINAL BLOOD VASCULATURE SEGMENTATION
FRAMEWORK

3.1 INTRODUCTION

The eye examination is beneficial in mitigating various health concerns including
diabetes, hypertension, strokes, occlusion, and mraomg. According to the statistical
analysis done by the International Diabetic Federation (IDF), there are 10 million
adults suffering from diabetes and most of them are undiagn6ked the modern
era, retinal vascular analysis methods are widely baisgd for eyeelated
complexities like cardiovascular strokes],[glaucoma, hypertension, and Diabetic
Retinopathy, etc. This persistent situation of diabetes arises many other severities, out
of which DR is the most common. Patients having prolongebeti@a conditions
develop DR, which is a severe eye complication that arises due to change in retinal
blood vessels of a diabetic patient. Fundus image analysis is appropriate for inspecting
the symptoms of DR and determines the severity grades of patmlaijecting the
eye. Toreducethe chances of vision losgpto a large extent, regular screening and
diagnosis are important, although it requires precise retinal landmark localization and
segmentationHigh resolution fundus images are useful in disadiagnosis to the
ophthalmologists for extraction of various anatomical structures like Blood Vessels,
Optical Di, and Macula15].

The segmentation of retinal blood vessels, Optical Disc (OD)#ratanatomical
structures plays a critically importardgle in the detection of pathological symptoms
for DR diagnosis. The brightest portion in retinal fundus image is OD and the entry
point of retinal blood vessels and these blood vessels supply blood and nutrition to the
eye. For the diagnostic purpose sitassential to extract OD and blood vessel portions
in order to reduce the fallacious detection of pathological symptoms have feature
similarity with these physiological landmarks. Image segmentation approaches prove

helpful in the removal of retinal anaical landmarks from the retinal fundus image.
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Segmentation yields a set of different image-mdions that are similar in respect
of image pixel characteristics like intensity, color or texture. The different methods of

image segmentation are based upon;

I. Intensity level discontinuitypased region boundary localization

ii.  Threshold based discrimination considering the pixel property distribution
iii.  Direct region identification

However, the adoption of particular image segmentation technique is purely based
uponthe problem being considered. For this particular application, the intensity level
discontinuitybased region boundary localization approach has been adopted as the

anatomical landmarks have discontinuous pixel properties.

3.1.1 Retinal Landmark Segmentation

The process of finding out the OPenterand localizing the boundary of optical
disc portion is known as OD localization. It distinguishes the brightest portion from
the other retinal structures for its effectual segmentation from the retinal fundus image.
Figure 3.1 depicts retinal fundus image with manually marked ¢@bter and

localization of optical disc segment.

(a)

Figure 3.1 (a) Manually marked ORenter(b) OD boundary localization

Automated DR lesions detection merely relies on effecdegmentation and
removal of OD which may hamper the accurate detection of bright lesions like EXs
and CWs 14, 19. OD localization is essential to differentiate it from the other retinal
features and observe the changes in OD structure resulting frafiséiase. However,

OD localization possess several challenges dupotwr contrast quality of fundus
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image and inadequate illuminatioA very limited work has been stated in the
literature for addressing the identification of exact OD boundaries, as hlivasd
edges $2, 83. This enabled us to address these limitations in order to enhance OD

localization methods.

Another retinal landmark required to be segmented for effective DR diagnosis is
blood vasculature. The retinal vessels which cover the wio#fte part of retina,
present in the retinal image plays an important role for diagnosing eye related
complications. The technique of separating bh@od vessels from the retina area in
fundus image photography is termed as retinal vasculature segumeniiere are
various factors that complicate the process of retinal vessel segmentation such as poor
contrast discrimination between the background and blood vasculatures, presence of
background noise, varying inadequate illumination, varying contragirésaacross
the fundus image as well as the presence of pathological sympidms$]] These
factors may hamper the outcomes obtained using various blood vessel segmentation
techniques. The blood vessels separation is very challenging because of disparity
the vessel width. Also, different blood vessel segmentation approaches yield different
results and variation in results can be encountered even with the same approach

applied on different images.

In blood vasculature segmentations, the blood vessels@nsidered as white
pixels with logic 1 whereas the retinal background pixels are consi@erbthck
colored pixels with logic 0 and vice versa. Figure 3.2 represents an image of retinal

fundus binary vascular map labelled by ophthalmic experts.

Figure 3.2 (a) Coloredretinal fundus image (b) Manually labelleibdd vesses
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Retinal blood vasculature detection is significant for the identification of retinal
field of view, identification of the geometrical relationships between various
vasculaturesand reduced detection of false lesion having similar properties as that of
blood vessel. Due to the discontinuities presents in blood vasculatures, the main
approaches for blood vessel segmentation utilizes edge detection and morphological
operations becae of the simple implementation and accurate extraction.

The most of the image information is enclosed in the boundaries or edges of the
image. Thus, boundaries are detected from the image and these discontinuities are
enhanced in the image to depict edg®rmation. The image interpretation by a
significant reduced data representation, only indicating the sharp boundaries or
discontinuities is termed as edge detection. Edges signify the local intensity changes in
the image that specifically occurs at di#nt regions in the image. Only the important
image information is retrieved and redundant and irrelevant information is discarded
using this process. The major steps determining the edge detection process are image

smoothing, image enhancement, edgedtiete and localizatiofi63].

There are various edge detectors such as Laplacian of Gaussian (LoG) and Prewitt
Edge detectors, MaHiildreth, Robinson and Robert edge detectors, Kirsch, Sobel, and
Canny edge detectors. The Robert edge deteotaputes fast and simpler 2D spatial
image measurements by highlighting the high spatial frequency regions. Sobel edge
detector finds the edges using derivative approximation and the highest gradient points
with maximum spatial frequencyeaindicated asdges. Prewitt @ge detector estimates
the edge orientation and magnitude different directions using the highest kernel
response. Kirsch edge detector approach is a simpler using mask rotating in the eight
compass directions to produce the edges. The nuagnand direction of an edge is
examined by the maximum outcome obtaidgdconvolving the mask with image.
Robinson edge detector utilizes a symmetrical mask, therefore, the output of first four
masks provides the results of other four by negating theom#s obtained from
convolving the image with the initial four masks. Matitdreth edge detector is useful
for determining the edges in the digital image with higher variations and image
brightness properties. The LoG edge detection approach utilizesetomd order
derivative of image to locate the zero crossing points as edges. Canny edge detector
removes the unwanted noise before edge detection without disrupting the edge features.
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This work utilizes Kirsch edge detector due to its simpler implementand less

computational complexity comparative to other edge detection approaches.

Apart from edge detection, another approach for boundary and image attribute
extraction is morphology based segmentation. It is suitable for the removahgé
imperfections affecting the image shape and texture. Morphological operation
performs image segmentation by directly dealing with the extraction of shapes from
the image using a structuring element. Structuring element used to define pixel
connectivity has varym shape and is used to explore the image properties.
Appropriate structuring element is chosen to obtain accurate image details.
Morphological dilation operation allows to thicken an object and the extent of its
thickness is determined by the structurimgngent. Dilation is referred as addition of
pixels to the boundary elements for object boundary growth. Erosion morphological
operation is the complement of dilation operation as it shrinks the object boundaries in
a binary image. Erosion operation remotes image structures having smaller size
than of structuring element and therefore used to eradicate noisy links between any
two objects in the image. Opening operation can be defined as the combination of
erosion and dilation to smooth the object outlreenoving the minor extensions
present in the image. Closing morphological operation differs from the opening
operation in the order of sequence of dilation and erosion process. This morphological
operation blends the small breaks and gaps in the imagmtlsimg its contours. It
eliminates the minute holes in the image by filling the gaps in the object boundaries
[19, 20]

Morphological operations are useful in various applications like object boundary
extraction, connected component extraction, filling hafles in an image, image
thickening and thinning, et®roperties of retinal vascular structures have become an
essential area of research nowadays for the proficient treatment of ophthalmic
disorders, exploitation of morphological operatiofi9]. In this application,
morphological operations are used for finding the optical disc boundary and for blood
vasculature localization followed by the connected component extraction for locating

the actuablood vesselsut from a fundus image.

In the literature eview, dthough various OD localization and blood vessel

segmentation methods are reported, but these methods do possess certain limitations in
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precise identification of OD boundaries and blood vessel. Blood vessel segmentation
proves advantageous for detening the branching pattern of blood vessels, their
width, density, retinal vessel variability, eft5, 16]. Automated vessel segmentation

is beneficial for ophthalmologists as manual blood vessel tracing system is time
consuming and erroneous taskri@m small blood vessels having low contrast are not
segmented and as per the authorodés knowl

problems of OD localization and blood vessel segmentation.

The work done in this research aims at addressingHhrécomingsof the existing
techniques for enhancement of OD localization and blood vessel segmentation
method. The aim of this chapter is to improve the retinal physiological portion

segmentation while maintaining a tragli€ with computational complexity.

3.2 OD LOCALIZATION AND BLOOD VASCULATURE SEGMENTATION

The OD localization and blood vessel segmentation methodology adopted for
achieving better accuracy along with the least complexity employs a-fildee

implementation strategy depicted in Figure 3.3.

Input Fundus Image from

Database Image Pre-processing

Figure 3.3 Flowchat of OD localization and blood vasculature segmentation
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The input images attained from the dataset argppeessed in the initial stage for
removing raw fundus image artefacts. OD localization is performed in the second
stage utilizing Circular Hough Transform and morphological operations for boundary
localization. Vessel structure estimation is carried out in the third stage for blood
vasculature segmentatiomhe experimental implementation of OD localization and
blood vessel segmentation algorithms is carried out for benchmark DRE&nd

STARE K1] datasets and various stages adopted are discussed in following sections.

3.2.1 Fundus Image Preprocessing

Raw fundus images cannot be directly used for ophthalmic image processing as
they have imperfections, errors, and are prone to noise. The inter and infra pixe
variability in the image happens due to numerous reasons like dissimilar iris color of
different individuals, varying skin pigmentation, poor positioning of lens, poor camera
contrast, etc. These fundus image variations can impede the performance of DR
abnormality detection. Image pmrocessing suppresses the unwanted image variation
without destroying the actual image information. The different imag@neessing
steps involved in this work is depicted in Figure 3.4.

Image Variation Attenuation

Intensity Conversion to RGB and HSV planes

Denoising using Median Filtering

Contrast Enhancement utilizing CLAHE

Figure 3.4: Block diagram of imge preprocessing steps
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i. Image Variation Attenuation: It is an image normalization step to eradicate the
background pigmentation variation between the retinal structures of different
individuals [19 65. The fundus image variation methods adoptethis work
removes the change in illumination by modelling the colors of fundus image
I(x,y) over the mean value of every channel given by Eq. (3.1).

Y 4 Q& ——=r—r Y LU
aQoE S

© o RgGgp YV (3.1)
. 0

° 40%Hes VY

whereRy, G, Bx corresponds to each pixel value in the corresponding channel,
R, G, Bxi corresponds to each new pixel value after normalizationR@&B

values represents the component of red, green and blue channels of fundus
image. Theoutput color normalized imagé(i(j)) is a combination ofY , 'O,

0 ) channels.

Differing from other medical domain images, fundus images contain three
different channels; red, green and blue, moreover, only a single channel is used

for thefurther processing.

ii. Intensity Conversion: The intensity conversion includes segmentation of the
green channel from retinal fundus image as it has maximum intensity providing
the highest contrast between background and foreground retinal structures. On
the contrary, the blue channel is the darkest possessing-iingdenated noisy
components and the red channel is oversaturated with lower contrast. So, this
work is restricted to the usage of the green channel for further image processing
stages of retinalundus images. All the pathological and physiological regions
are evidently visible in green channel comparative to the other two channels of
retinal imagesg5]. The RGB components of the retinal image are converted to
Hue, Saturation and Value (HSV) model extract only the intensity values

utilizing the 6V6 plane for the | ocal i z

iii. Denoising using Median Filtering: Retinal fundus images comprises of noise

due to inadequate light illumination, sensor temperature and difference of CCD
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cameras. Image denoising plays an important role in removing these artefacts
from the image. Median image denoising filter replace$ edidhe pixel with

the median value of its neighbourhood, thereby suppressing the isolated noise
without blurring the edge informatiofl87]. Thus, making itan appropriate
choice for distinction between the legitimate image features and the isolated
noise components. The image denoising step using the median filter is expressed
by Eq. (3.2).

@k @ QQQIEN h'@qQ 0 (3.2)

wherel[i, j] is the input intensity converted image to the filt@g FE s
output median filteretmage and signifies the neighbourhoarknteredaround

[m, n] locations in the fundus image.

iv. Contrast Enhancement: The characteristics of contrast vary across the fundus
image making the conventional histogram equalization technique less effective.
The contrast of retinal fundus image varies ahdracterize$igher contrast at
center of image and lower contrast atage boundaries. A Contrast Limited
Adaptive Histogram Equalization (CLAHE) approach is employed for
addressing the varying contrast characteristics and it provides an efficient
contrast enhancement without noise amplification. CLAHE contrast
enhancement @poach operates on smaller data regions unlike other approaches
operating on the entire imagé&8/, 183]. The normalized histogram of the
original fundus imagewhich is represented by integer pixel intensities matrix
ranges from O th-1, is denoted by, in Eq. (3.3).

n , forn=01,........., 51 (3.3

Thus, histogram equalization of tireage isrepresentetly Eq. (3.4).

h (3.9
Q Qa € 0l p n

where floor function sets the output to nearestpossibleinteger valueby

rounding off the value
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The experimental results obtained for retinal imageppoeessing are depicted and
discussed in section 3.3.1 of this chapter.

After retinal fundus prgrocessing, elimination of two pathological structures;
Optical Disc and Blood Vessels segmentatioomirretinal fundus images plays a
significant role in severity assessment of pathological retinal portions. Retinal
components like OD antllood vesselsare the background portions and therefore,
removed from retinal fundus imagesnploying the approaches idcussed in the

following sections.

3.2.2 Optical Disc Localization

The correct diagnosis of the yellow DR lesions (EXs) requires the exact position of
the optical disc as it may be wrongly diagnosed as a ledibh The factors
hampering OD identification are different FOV of dissimilar fundus images, poor
illumination, and increased number of abnormalitiés. this work, two OD
localization approaches have been adopted: one employing Mathematical Morphology

and theother using Circular Hough Transform for OD localization.

3.2.2.1Mathematical Morphology based OD Localization

OD localization is carried out in twstep involving a prgrocessing stage followed
by boundary localizatiorin the preprocessing stage, RGB compatsgeare converted
to HSV (Hue, Saturation and Value) modelextractthe intensity values of the entire
image. OD boundary localization is accomplished by mathematical morphology
closing operatiorfl5]. The optical disc localization algorithm adopted histwork is

based on morphological operations and it is explained in Algorithm 1.

Algorithm 1: Mathematical M orphology based Optical Disc Localization

Input: Input RGB Fundus Image [I_rgb]

Output: Output Image after optical disc removal [OD_seq]

START

Step 1: Separate the RGB channels into HSV color plane extracting the intensity value
6 wutilizing the HSV model
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Step 2: Apply pregprocessing steps (denoising and contrast enhancement) were applied
onvVodé pl ane to extract intensity values.

Step 3: Apply morphological closing operation, a combination of dilation and erosion

utilizing disc structuring elemeit5].
ImageA dilation with structuring elemem is given by;

0S8 0 s 6 . 0 ¢ Setd all pointszobtained by interseicn of 6  with
A

ImageA erosion with structuring elemeBtis given by;

ot 6 0s6 =~ 0 e« Setof all pointzobtained by intersection 06  with

Abs compl ement .
Closing operation is given hilation followed by erosion;
6B 686 S6
Step 4: In the intensity planghe largest circular region is found after contfilling .
Step 5: The region of maximum area is indicated as the OD segment.

Step 6: The complemented image of OD segmént is superimposed on the

original fundus i mage to obtain the OD re
00 ‘© ©°

END

With this algorithm, the optical disc is localized from the retinal fundus image,
however, exact circular boundaries of optical disc portion are not located. Thus,
further this algorithm is modified employing Circular Hough Transform for extracting

circular region fom fundus image.

3.2.2.2Circular Hough Transform based OD Localization

Circular Hough Transform based OD localization methoalvespre-processing
stages to extract thvé phaeepsiotfy HB&I| wed ofr

plane is further subjected to denoising and CLAHE for local contrast enhancement
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followed by optical disc localization. Morphological closing operation is implemented
and contours/gaps are also filled, for discovering éingelst circular region out of the
intensity plane. The region of the maximum area is specified as the optical disc
segment. Theflowchart of Circular Hough Transform base®D Localization

approach is given in Figure 3.5.

Retinal Fundus Image

i Optical Disc Localization ;
I Apply Circular Hough Transform Morphological closing followed by Indicate OD segment as the region :
; considering radius range of 70-140 contour filling to obtain largest with the maximum area i
: pixels to obtain all the circular [ circular region g i
i regions lying in this range :

Evaluation of Localized Portions

Figure 3.5 Flowchart ofCircularHough Transform basedD localization

Circular Hough Transform The Circular Hough Transform is utilized for
determining circular objects present in an image using the equatmantafrof circle

expressed in Eg. (3.5).
W W W 1 (3.5)

where x; and y; are the current pixel positiong, and b represents the&enter

coordinates of the circle amasignifies the radius of the circle.

This is derived from the basic Hough transform which transforms the image into a
parameter space constructed to identifyagicular shape obje¢189]. The parameter
space is 3D and thus, the three parameters used to define the shape are accumulator,
center and radius. For a specific feature point, the votes are collected in the

accumulator space using all the parameter doations. Each of these points
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contributes a circular region of radiugo the accumulator space until it reaches the
peak where these contributing circles overlap atcgregerof the original circle 189,
190].

To avoid the false OD detection, tli@D localization method is optimized by
applying the combination of Circular Hough Transform and morphological closing
only considering the circles providing strong circular response. These strong circular
response circles are the onoarresponding to the OD portions while the other are
yellow lesions or some other misleading portions. The results of intermediate OD

localization process are provided in section 3.3.2.

OD localization process is followed by the blood vasculature segnmentat

approach based on mathematical morphology operations.

3.2.3Blood Vasculature Segmentation

OD segmentation is followed by blood vasculature segmentation approaches;
modi fication in the e xinehbdamddgmplEmentstiooh 6 s Ed

Fuzzy Infeence based Blood Vessel Segmentafipproach

323IModi fi ed Kirschés Edge Detection

Kirschos edg e idehtifiedéehe goint® af discoatindityiman image
by calculating the intensity difference betweshthe neighbourhood pixels the
eight compass directions. The magnitude of the intensity difference between the
pixelsrepresergan edgeor a backgroundiependingupon the empirically selected
thresholdThe Kirschés edge det emplemeotingposet hod
processing technique for removing the false edges indicated as blood vEsisels.
step involves denoising and edge enhancement steypdlagtruly extracted blood
vessels by removing the fallacious edge segmeht® sequential stepfor
Modi fi ed Kir sc hrémovided ig Algoiitant2e ct i on
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Algorithm 2: Modi fi ed Ki r s c h 6Method dog BloodD¥esselct i on
Extraction

Input: ODSegmented Image

Output: Blood Vessel Extractéohage

START

Step 1: The pixel intensity information is obtained in the neighbourhood of a

particular pixel in the original imag@c .

Step 2: A 3x3 kernel mask rotating in 45 degrees increments through all the 8
compass directions (east, wesbuth, north, northeast, southwest, northwest and

southeagt f or mi ng ei ght 313 Ki10dchos templ at

Step 3: Identify the pixelalues to get frequent and abrupt changes using the

Kirschds templ ates.

Step 4:To fine tune the output blood vessel extracted imagehresholdT is

selected empirically.

Step 5:The autput of edge detection produces an image containing greyvaikeds
of range 0 or 255.

Ocfy YIQE 'QQ0XEQ @01 B8 U Dow OCKE & £ |
Oy YIQE 'Q QX XdQl Qb KGN UG O@E £ |
Step 6: Apply posprocessing to remove thallaciously detected edges.

END

For Modi fi ed Kirschos E dthee Kirsble teraptate iison A p
exploited which is rotated in 8 compass directions at an angle of 45° each in an
anticlockwise manner . By convolteswithg t he
each pixel of the image, image gradients are obtained. Image gradients are
indicative of edges or boundaries. The gradients obtained in all the 8 compass
directions are then summed up to obtain the blood ved€Hl A threshold value

is selectd empirically and if the difference between the pixel and its
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neighbourhood is higher than threshold value, it gdowardsan edge otherwise it
is indicated as background.

Conventional edge detection approaches are decent for fixed edge thickness
applications but it is challenging for them to address the varying thickness of blood
vessels. For this reason fuzzy inference based blood vessel segmentation approach

is implemented for our application.

3.2.3.2Fuzzy Inference based Blood Vess8egmentation

TheFuzzy Inference baseBlood Vessel Segmentationay prove advantageous
for edge detection purpose unlike the classical edge detection techniques as the
fuzzy approach deals with uncertainty in the informati@®2]. In this work, it
optimizes the edge information from the given input fundus images to provide the
output using fuzzy logic.The algorithm of Fuzzy inferencédased blood

segmentation approachprovided in this section.

Algorithm 3: Fuzzy Inference based Blood Vessel Segmentati

Input: ODsegmentedmage

Output: Bood vesselsgmented image

START
Step 1: Take input image and normalize it using a scaling factor.
Step 2: Image gradients are obtaines amdy direction by applying convolution.

Step3: A fuzzy inference system is defined for blood vessel segmentation and

specifyingthe Gaussianmembership functiofil92].

Step 4:Evaluate the output of tHa@ood vessel segmentatiéor each row of pixels
in "Oco using corresponding rows aayradient of image towardsdirection and
ly gradient of image towardsdirection specified as follows;
Ofy VO ED mdhé 'O 1 ;indicating the background
Ooftd o ORED mdE 'O 1 ;indicating an edge

END
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Retinalfundus image is normalized and fuzzy inference in drawn specifying the
Gaussianmembership functionGaussian membership function is utilized in this
algorithm due to its symmetric natuilood vessels are extracted parsing fuzzy
rule, that comparethe pixels in each row of the image with the corresponding row
of image gradientscandly in x andy directions respectively. Precise segmentation
of retinal structures that comprises blood vessels, optical disc, andleglwers
affects the diagnostic ability and accuracy which consecutively affect the clinical
treatment 14, 19. Thus, we proposed a Hybrid blood vessel segmentation

approactfor accurate extraction of retinal blood vessels.

3.3 PROPOSEDHYBRID BLOOD VESSEL SEGMENTATION

A threefold blood vessel segmentatiapproachs realized in this work consisting
of preprocessing steps followed by vessel structastimationalong with post
processing stepshe flowchart of the proposedybrid Blood Vessekegmentation
approactusing Morhpological ReconstructiafiiBV-MR) is depicted in Figure 3.6.

Input OD Segmented Fundus
Image

Background estimation using morphological closing operation

!

Estimate Vessel structure by setting a global threshold

'

Post-processing
¥

Apply connected component analysis to filter out the isolated regions

I

Calculate the area A for each connected component

!

I" > A; estimated as blood vessel structure
I < A; estimated as background

v
Extracted Blood Vessels

Figure 3.6: Flowchart of the proposed HBMR approach
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In the proposed HB\WR approach, etinal imagebackground estimation involves
pre-processingstepsto suppress the dark image detaitsafler than the structuring
element. Subsequently, background estimation is performed followed by blood vessel
estimation and pogirocessing steps [15}.essel structure is estimated by considering
a global threshold value after finding the absolute diffiee among the original image
and estimated retinal backgrour@@onnected component analysis is used to label the
fundus image into different image components depending upon the pixel connectivity
(8 connectivity is used)he area of eacbonnected comp®nt is the deciding factor
for indicating the pixel as a blood vessel or a backgroding algorithm ofthe

proposedHBV-MR is explained in Algorithm 4.

Algorithm 4: Proposed HBV-MR Approach

Input: OD Segmented Image

Output: Blood Vessel 8gmented Image

START
Step 1: Estimate the retinal fundus image background using morphological closing
operation.

Step 2: Subtract the pprocessed fundus image from the estimated background

retinal image using morphological closing operafibsi.
Step 3: Perform vessel structure estimation by considering a global threshold.

Step 4: Apply posprocessing for denoising and contrast enhancement at the estimated

vessel structure

Step 5:Filter out te isolated regions which do not belong to the vascsiructure

using connected component analys].

Step 6: Final output vessel image is obtained by calculating the area A for each
connected component and the condition used is stated as;

.~ A~ o~ A A~

) 'TMROOEIAMIAARD AMOOBDOAODC
) 'TROOE IAMOMAME COT O1 A

Step 7: Apply posprocessing to remove the fallaciously detected edges.

END
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As some isolated background noise is enhanced using the estimation and may lead
to misclassification of blood vessel by hampering the localization of erasel pixel
location. To address this problem, the HBRAR approach involved post processing
step for efficient blood vessel segmentationorphological operations along with
median filteringand contrast enhancemeate applied as post processing steps
remove thdallaciousisolated pixeldor effectual blood vessel segmentation

3.3.1Feature Attribute Selectionfor Blood Vessel Segmentations

Feature attribute extraction and selection is important after executing pre
processing and retinal landmark segmeatats it helps in accurate description of
images in a manageable way. Feature reliability is indicative of better segmentation
accuracy; therefore, three diverse feature sets are utilized based on the literature
survey and relevance of these featuresbiood vessel segmentatioB(]. A wide
range of features comprising shape, pixel intensity, and fractal dimension features
were explored from the extracted segmentatidiee first set of featuresncludes
shape features likblood vessehlrea, perimetereccentricity,major and minor axis
length, convex area, orientation, equivalent diameter, solidity, extend and compactness
of extracted retinal structur¢®l, 22] Thesecondset of features contain pixbhsed
in intensity features likeminimum, maximumintensity, mean median standard
deviation,skewness anBurtosisare utilized for differentiating the vessel pixels from
neighbouring background pixe[22, 23]. The third set of features include fractal
dimensional features such as box counting dimessiomformation dimensions and
correlation dimensions, depictive sélfsimilarity between the extracted and ground

truth blood vesseld 93]. The details of these feature sets are given in the Appéndix

For the visual representation of the featurs,detdx plots are used to represent the
statistical data as a rectangular box of quartBes plots visually asses the featunes
terms of its quartile ranges and outliers for éix&racted blood vesstdatures Shipro
Wilk test and KolmogoroxSmirnov test are used to compare the numerical significant
values of the feature sets with standard normal distribution rangee relevant
features ar e s elftesttardttestufom SRSS toaietaled and s
Appendix 2[194]. Equality of variance is determined usibhgvene's test commonly
known asf-test and equality of means is inferred froin e s t . Leveneds te

statistical evidence for estimating whether the variances among two samples are
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approximat el 'y equal or not. The assumption of

test beginsvith anull hypothesisQ) stated in Eq. (3.6).

0d, ” (3.6)

Null hypothesis rejection’C) states that there exists no homogeneity between the

variances of thextracted blood vasculatureatures and this is expressed in Eq. (3.7).

0d, , (3.7)

When the significance value of test is higher than Q@ null hypothesis is

acceptedotherwisethe hypothesis is rejected.

Statistical hypothesistestis based orthe null hypothesisKlo§. It states that there
is no such significant difference angpmean values dhe derivedeature set and it is
expressed in Eg. (3.8). Null hypothesis rejectidnd( states that there is a substantial

difference among means and it is expressed in Eq. (3.9).
Cd ‘ (3.8)
Cd ‘ (3.9)

Descriptives of the derived featgrare observed by usinigypothesis testingo
select the optimal feature set for pkkelsed classification. The classification step is
further followed by performance evaluation of proposed approachniitieodology
is investigated using pixddased classification of the automated segmentation obtained

and are compared with the ground truth.

3.4 RESULTS OF OD LOCALIZATION AND BLOOD VASCULATURE

SEGMENTATION

This section provides thgualitative and quantitatevanalysis of theroposed work
for preprocessing, OD localization amtbod vessel segmentation techniques that are
applied on fundus imageThe proposed algorithms are applied on all the images from
two standard datasets; DRIVE dataset comprisingOofefinal fundus images with

blood vessel ground annotations and STARE dataset comprising 400 images.
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3.4.1 Results oflmage Pre-processing

The various prgrocessing steps are applied on retinal fundus images to mitigate
image artefacts prior t®D localization andblood vesselextraction. The original
fundus image is subjected ia@riation attenuatiorfor the removal ofinter image
variability, green channel conversion to obtain maximum contthahnel image
denoising and contrast enhancement using CLAHE met®dliscussed in section
3.2.1 The retinal fundus imagdsom the benchmark datasetter applyingsequentl

pre-processingtepsare depicted ifrigure 37 and Figure 3.

Original Image Variation Attenuation Green Channel Conversion

CLAHE Denoising

Figure 3.7: Retinal fundus image from DRIVE dataset after applying imagemeessing steps

After applying imagevariation attenuatigrthe raw fundus images become invariant
to the background illumination. Green channel possesses highest intensity out of all the
RGB channels, so green channelled component of fundus images is retained. Further,

image denoising and CLAHE are used for laxmmtrast enhancement.
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Original Image Variation Attenuation Green Channel Conversion

CLAHE Denoising
Figure 3.8: Retinal fundus image from STARE dataset after applying imagenoieessing steps

The preprocessing step ensures that the retinal fundus image subjected to OD
localization and blood vessel segmentation does not $®ssy image variability, low
contrast and other image artefad&urther, the histogram comparison of denoised
image and CLAHE image is shown in Figur® 30 get a clear oversight of their

histogram distribution involved at this stage.

Denoised Image x 10* Histogram of Denoised Image

Number of Pixels

0 50 100 150 200 250
Dynamic Range

x 10% Adaptive Histogram

Number of Pixels

0 50 100 150 200 250
Dynamic Range

Figure 3.9: Denoised image and contrast limited adaptive histogqnalizedmage andtheir

respective histograms
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It is seen that thgpeaked and uneven histogram distribution of denoised fundus
image is removed using the CLAHE method with Rayleigh distributionarit loe
observed that the contrast of overall image is also enhanced using histogram

eqgualization technique.

The preprocessed images after applying-precessing steps are subjected to image
guality analysis by measuring the parameters such as $igakl to Noise Ratio
(PSNR) values, Structural Similarity Index (SSIM) metrices and Root Mean Square
Error (RMSE). Table 3.&nd Table 3.2lepicts the image quality assessment outcomes
obtained for 10 imagefor DRIVE and STARE dataset

Table 3.1 Quality assessmemf images taken from DRIVEHataset

Metrices DRIVE Dataset
RMSE PSNR (dB) SSIM
Images

DRIVE_1 0.4187 55.6929 0.9909
DRIVE _2 0.4301 55.4590 0.9924
DRIVE _3 0.4063 55.9533 0.9872
DRIVE _4 0.4082 55.9114 0.9890
DRIVE _5 0.4555 54.9606 0.9848
DRIVE _6 0.5046 54.0705 0.9768
DRIVE _7 0.4172 55.7228 0.9908
DRIVE _8 0.4288 55.4849 0.9981
DRIVE _9 0.4786 54.5305 0.9858
DRIVE _10 0.5126 53.9345 0.9868

From Table 3.1lit is seen that RMSE value f@reprocessed images lies in the
range of 0.4 to 0.5 which consequently provides the PSNR ranging from 53 dB to
55dB. Another quality assessment parameter, SSIM provides the value ranging from
0.98 to 0.99. Table 3.2 depicts the quality index parametengrégprocessed images
acquired from STARE dataset. It provides the RMSE ranging from 0.3 to 0.5, thereby,
yielding PSNR values in between Bltb 58 dB range. The retrieved image structural
guality in terms of SSIManges between®B to 0.99.
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Metrices STARE Dataset
Images RMSE PSNR (dB) SSIM

STARE_1 0.3880 56.3525 0.9942
STARE_2 0.4073 55.9323 0.9816
STARE_3 0.3442 57.3936 0.9995
STARE_4 0.3883 56.3467 0.916
STARE_5 0.3453 57.3643 0.9899
STARE_6 0.4091 55.8932 0.9811
STARE_7 0.4156 55.7553 0.9813
STARE_8 0.4288 55.4849 0.9896
STARE_9 0.4600 54.8756 0.9750
STARE_10 0.4279 55.5039 0.9805

From the tabular comparisgihis revealed that lower the value of RMSE provides

higher PSNR range indicating better image qua®$IM valuestrongly approaching

towards 1 indicasimproved quality of the prprocessed images for both the datasets

under evaluation.

3.4.2 Resultsof OD Localization

Two OD localization approaches have been adopted in this work: one employing

Mathematical Morphology and the other using Circular Hough Transfdine.

effectiveness of both localization approashsinvestigated using the images from

standardbenchmark datasets.

3.4.2.1Results of Morphology based OD Localization

The OD portion is identified by clustering the highest intensity pixels from the

grayscale retinal image in the mathematical morphelmged OD localization

method discussed in section 2.2lmage preprocessing is followed by OD

segmentation to remove optical disc portion from retinal image that may hamper the

identification of brighter lesion features in the retiibe output fundus images for

both the datasets after applying OD locdl@a algorithm using mathematical

morphology are shown in FigurelB.
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() (e) )

Figure 3.10: (a), (d) Original fundus imagé&om DRIVE and STARE dataséb), (e) Segmented
optical disc (c) (f) Fundus image after OD remouaing mathematicahorphologybased OD

localization

Figure 310 (a) and (d) shows the original fundus images taken from DRIVE and
STARE dataset, Figure 13 (b) and (e) provides the output OD segmented portion
using mathematical morphologyased OD localization algorithm @rFigure 310
(c) and (f) depicts the retinal fundus images after OD removal for the benchmark
datasets. It is observed from the output fundus images that this approach does not
provide satisfactory performance for OD segmentation as it not only locHiees
OD portion but also other pathological features in the fundus image having similar
intensity range.

3.4.2.2Results for Circular Hough Transform based OD Localization

This morphology based OD localization technique is capable for distinguishing
blurred OD boundaries and the background. Therefore, the Circular Hough
Transform is implemented for the identification of circular region with the intensity
range of 76140. The results obtained by Circular Hough Transform based OD
localization approach are provided kigure 311 depicting the original fundus

images, OD segmented portions and retinal fundus images after OD removal.
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N

p AT PP
@) (k) ()
Figure 3.11: Original fundus image(a), (d)from DRIVE datase{g), (j) from STARE dataset ;
(b), (e) (h), (k) Segmentedmtical disc; (c), (f), (i), (I) Fundus image database after OD removal

using Circular Hough Transform based OD localization approach

The morphological closing operatigmelds thelargest circular region amortge
intensity planehat isrecognized as an optical disc segm@ntical disc boundaries
are approximated accurately despite its blurred edges using our OD localization

approach.
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3.4.2.3Performance Analysis of OD Localization

The Circular Hough Transform based OD localization approach was compared

with mathematical morphology based OD localization approach and another region

growing method in terms of two performance evaluation parameter; first is overlap

of optical disc and othds dice metric. The region growing based method enables

seed point to grow and hendege circularregion is grown by adding equivalent

properties of neighbourhood pixels to seed. The center of OD is measured as a seed

point and the difference amorige seed pointand pixelvaluesis considereas the

stopping condition for region growing. The comparison drawn is shown in Table

3.3.
Table 33: Performance evaluation of OD localization approach

Approaches Region Mathematical Circular Hough | Percentage Percentage
growing OD Morphology Transform Improvement  Improvement
Localization based OD based OD from Region from Morphology

Parameters | Method [195]  Localization Localization growing OD based Approach
Localization

Optical Disc 0.9565 0.9652 0.9872 3.21% 2.27%

Overlap

Dice Metric 0.9489 0.9541 0.9931 4.65% 4.08%

The comparative analysis reveals that the Circular Hough based OD localization
approach provides 3.21% improvement comparative to the region growing OD
localization method and 2.27% improvement from mathematical morphology based
OD localization approach, in terms of optical disc overlap. The improvement of
4.65% and 4.08% is seen for and dice metric parameter employing region growing
OD localization methd and mathematical morphology based OD localization
approach respectively. The outcomes obtained for performance evaluation of OD
localization demonstrates the viability of the OD localization approach and

validates its localization efficiency.

After the OD localization retinal blood vesselextraction is essential for
diagnosing of DR. Bod vesselsare segmented for obtaining the image

background and foreground portions for lesion discrimination.
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3.4.3 Resultsof Blood Vasculature Segmentation

Blood vessel extraction is beneficial in finding the geometrical relationships
between the vasculatures and also aids in the identification of retinal field of view
[196]. The output blood vessels obtained employingodified Ki r s cdg® s E
Detection and Fuzzy Inference bassshmentation approach along with the ground

truth blood vessslare depicted in Figure 21

Figure 3.12: (a), (e), (i), (m) Original fundus images(b), ), (j), (n) Ground truth blood vessels
labeled by expertsExtracted blood vessel output usim), (@), k), (0) Modi fi ed Kirscho:

Detectionand(d), (), (1), (p) Fuzzy Inference basdklood Vessel Segmentation respectively

Kirschodés Edge dépetednigure®.2 (ch (@)t (k) and goshows
the empty areas that are still evident in the blood vessel sexgracted by matching
Kirschds templ at e. This method highlight:
noise is also enhanced whiakeindicated as small dots in the output imadégure
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3.12 (d), (h), () and (p) depicts the output of fuzzy based dblwessel extraction
technique and the blood vessels are more clearly visualized in this segmentation
approach.Comparing the visual results of both the methods, fuzzy based approach
overcomes the disadvantages of Klesrttec h 6 s

output blood vasculatures comparable to the ground truth.

3.4.3.1Performance Analysis of Segmented Blood Vessels

After qualitative analysis, the segmented blood vessels are compared
quantitatively in terms of various performance indicdsacc ar d ddge i nde X

coefficient, sensitivity, precision, specificity and accurasydepictedh Table 3.4.

Table 3.4:Performance parameters for Blood vessel Segmentation techniques

Blood Vessel Modi fi ed Ki r s FuzzyInference based Blood Vessel

Extraction Techniques  Detection Segmentation

Employed

Dataset DRIVE STARE DRIVE STARE
Parameter

Jaccardds | 0.3193 0.3091 0.5942 0.5831

Dice Coefficient 0.4827 0.4729 0.6665 0.6527

Sensitivity 0.5884 0.5378 0.6340 0.5845

Precision 0.6682 0.6327 0.7199 0.6894

Specificity 0.9207 0.9175 0.9510 0.9476

Accuracy 0.8911 0.8831 0.9236 0.9102

It is revealed from the tabular comparison ttieg results obtained from fuzzy
inference based blood vessel segmentation provides better performance
comparative to the modified Kirschoés edc
visual qualitative analysis. The fuzzy inference based method Yielleés accuracy
of 92.36% and 91.02% for DRIVE and STARE datasets respectiValfuzzy
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based approach hasdmawback of somewhat poor visualization of thin blood
vessels in the retinal area when compared with ground truth blood vessels. The
HBV-MR approab overcomes the limitations of both these methods while

providing effectual blood vasculature segmentation.

3.5 RESULTS OF PROPOSEDHBYV -MR APPROACH

The visualqualitative comparison of proposed HBMR with the ground truth
blood vessels labelled by professional experts for both DRIVE and STARE database
images is depicted in FiguBe13.

(®) ()

Figure 3.13: (a),(d), (9), (j) Original fundus images(b), ©), (h), (k) Ground truth blood vessels
labeled by experts(c), (f), (i), (I) Extracted blood vesselsing theoroposed HBYMR respectively
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Figure 3.B reveals that the blood vessel segmentations obtainedeafigioying
HBV-MR are comparablego the ground truth blood vessels. The proposed approach
yields better resulfsovercoming the limitations ofhe previously reported blood
vessel segmentation€ha | | enge of both modified Kirsc
inference based blood vessel segmentation lies in fairly poor visualization of thin
blood vessels in the retinal area which is addressed by-MBWtechnique. The
gualitative comparison of three lold vessel segmentation methods reveals that the
proposed HBWMR technique delivers better visual outcomes compared to other two
techniques. HBWR approach used is proficient for identifying small blood vessels
and the satisfactory performance is achiewéeth is closer to the ground truth blood
vessels.

After performing blood vasculature segmentation, feature extraction is the main
focus to understand the statistical relevance of the extracted blood vessels. After the
exhaustive literature survey, the prment image features are investigated and chosen
depending upon the applicability for this research work. Features comprising of shape,
intensity and fractal dimensions of blood vessels are taken into consideBitod.
vessel featurdased comparisonf extracted fundus images with the ground truth
imagess done for performance validation of the proposed technique.

3.5.1 Statistical Analysis ofHBV-MR

The three set of featura@scluding shape features, intensity features and fractal
dimension features are texcted for the statistical analysis of the extracted blood
vesselsShape features are used to determine the geometric properties of extracted
retinal structures, the pixélased intensity features are useful in distinguishing the
vessel pixels from neidforing background pixels and fractal dimensions is helpful

in blood vessel bifurcation diagnosis.

The box plots are observed for all the three feature sets to analyze their
normality visualization in terms of quartiles and outliers. The box plots of shape

and intensity are depicted in Figure4&.Eigure 3.5 respectively.
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The box plot descriptive depicted in Figure8Band Figure 3.8 shows that the
shape and intensity features are sabstantialfor pixel-based classification of
extractedblood vesselsiue to their undistinguishable quartile rangdswever,
literature reveals that fractal dimensional featueaplored are significant for
Proliferative Diabetic Retinopathy (PDR) diagnosis as the high value of fractal
dimensions implies morbifurcated abnormal blood vessel overgrowth indicative
of a higher degree of PDRL97]. Thus, for further statistical analysis, fractal
dimensions are utilizedl'o estimate the seffimilarity of extracted blood vessels
from the ground truth vesselbpx plots of thefractal dimensions; Box count,

information and correlatiorgre observetbr vascular branching patterns.

[ | 25%~75%
T Range within 1.5IQR
Median Line
o Mean
1.60 + Outliers

1.55 - T —
© 1 — — _l_
1150 T g @

1.45 - i .
T p——

1.40 H

T T T T T T
Box Ct. (GT) Box Ct. (Ex) Corr.dim. (GT}) Corr.dim. (Ex} Info.dim. (GT) Info.dim.(Ex)

Figure 3.16: Box plots comparison of fractal features for Ground Truth (GT) blood vessels and

Extracted (Ex) vessels using the proposed approach

It is seen from Figure 36lthat the box plots that the dimensions of the extracted
blood vessels using the HBMR approach lies in a similar range as that of ground
truth fractal dimensions. Also, the different quartile ranges of all the fractal features
indicates their significarcwhich is numerically validated using various test from
SPSS statistical package. Tipevalues of ShipréwVilk test and Kolmogorov
Smirnov test are computed to check the normality of the feature set in terms of

significantp-values.
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Table 35: p-value for normality check of fractal feature set

Shipro-Wilk Test  Kolmogorov-Smirnov Test
Fractal Features

p-value (p>0.05) p-value (p>0.05)
Box Count (GT) 0.944 0.155
Box Count (Ex) 0.835 0.166
Inf. Dim. (GT) 0.984 0.103
Inf. Dim. (EX) 0.850 0.179
Corr. Dim. (GT) 0.980 0.085
Corr. Dim. (Ex) 0.846 0.207

For a normally distributed feature sptyalues should be greater than 0.05 and
from the Table &, it is clear that the fractal feature set is normally distributed as
the p-value for every extracted feature is greater than OFBther, feature
selection is done on t he ditesand-tesbRaircorr el
wise |l inear correlation is executed wuti
coefficients for quantifying the relationship among feature variallgsality of
variance is determined usihgvene's test commonly known fatest and equality
of means is inferred fromt-test. Thef-test test provides statistical evidence for
varianceanalysisamong twofeature setsre approximately equal or not. The null
hypothesis assumptions considering the I

and homogeneitgf means fot-test are provided in the Appendix

Table 36 and Table ¥ gives the correlation comparison of fractal features
using Person and Spearman methods respectively for extracted blood vessels with

that of ground truth blood vessels labellgdophthalmic experts.
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Table 36: SPSS Pearson correlation analysis of fractal features observed for Extracted (Ex) vessels

and Ground Truth (GT)

Pearson Correlation Coefficients

Fractal Features Box Count  Box Count Inf. Dim. Inf. Dim. Corr. Dim. Corr. Dim.
(GT) (Ex) (GT) (Ex) (GT) (Ex)

Box Count (GT) 1 0.618" 0.970" 0.652" 0.971" 0.663
Box Count (Ex) 0.618" 1 0.558 0.993" 0.524 0.992
Inf. Dim. (GT) 0.970" 0.558 1 0.613" 0.990" 0.608"
Inf. Dim. (Ex) 0.652 0.993" 0.613" 1 0.579" 0.995"
Corr. Dim. (GT) 0.971" 0.524 0.990" 0.579" 1 0.585"
Corr. Dim. (Ex) 0.663" 0.997 0.608" 0.995 0.585" 1

** Correlation is significant at 0.01 level

* Correlation is significant at 0.05 level

Table37:.SPSS Spearmanédés correlation analysis of

vessels and Ground Truth (GT)

Spearman's Correlation Coefficients

Fractal Features Box Count  Box Count Inf. Dim. Inf. Dim. Corr. Dim.  Corr. Dim.
(GT) (Ex) (GT) (Ex) (GT) (Ex)
Box Count (GT) 1 .507 .955" .568 .965 529"
Box Count (Ex) 507 1 445 .970 445 974
Inf. Dim. (GT) .955" 445 1 .528" .991 478
Inf. Dim. (Ex) 568" 970" 528 1 526" 976
Corr. Dim. (GT) .965" 445 .991" .526" 1 492"
Corr. Dim. (Ex) 529 974" 478 .976 492" 1

** Correlation is significant at 0.01 level

* Correlation is significant at 0.05 level
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From the tabular depiction of correlation coefficients done in TalieaBd
Table 37, it is clear that information dimensions and correlation dimensions are
highly correlated to each other having a correlation coefficient of 0.995. The lower
correlation was found between bomunting dimensions and correlation
dimensions yehigher enough (> 0.5) considering the features in strong association

to each other.

Table 38: Levene's test antest results for th&actalfeature set

Fractal features

Levene's Test t-test
Features
F Sign. t Sign. (2-tailed)
Box Dim. 24.975 0.000 2.730 0.010
Inf. Dim. 15.545 0.000 2.991 0.005
Corr. Dim.  23.674 0.000 2.938 0.006

From Table 3, it is revealed that the experimental results obtained for both
Leveneds t e ddledtaest fovthé fleature set &e significant as the
significance value is lesser than 0.05. Therefore, rejecting null hypothigsi# (s
observed that theris not much difference among the mean and variance values.
Features comprising of relevant information are selected for classification using
reduced representation instead of complete ddtias, all the fractal features are
selected for analysis aftewaluating their contribution for the detection of vascular
structuresThis feature set can be further used for classification of blood vessels so
as to diagnose PDR symptoms at the early stage by estimating the bifurcated

vascular patterns at the eartgge.

Efficiency of three diverse blood vessel segmentation approaches discussed in

section 3.2.3 are checked in terms of various performance indices.

3.5.2 Performance Analysis ofHBV-MR

Performance analysisf dhe proposed HBWMR blood vessel segmentation

approach is done in terms ddccard index, dice coefficient, precision, accuracy,
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sensitivity and specificity. The performance results attained for two datasets are
tabulated in Table 8.

Table 39: Performance parameter analysifobposed HBWIR approactor benchmarldataset

Blood Vessel Extractior

Technigues Employed Proposed HBV-MR

Dataset

Parameter DRIVE STARE
Jaccardbo 0.8126 0.7986
Dice Coefficient 0.8957 0.8880
Sensitivity 0.7833 0.7120
Precision 0.8684 0.8320
Specificity 0.9919 0.9897
Accuracy 0.9550 0.9480

The proposed HBWR approachprovides average accuracy of 95.50% for the
DRIVE database and comparable results are obtained for STARE database with the
average accuracy of 94.80%. The average specificity values of 98.97% and 99.19%
are achieved for STARE and DRIVE datasets respectively.

3.6 COMPARI TIVE ANALYSIS OF PROPOSEDHBYV-MR

The proposed HBMWR approach is compared with the other state of art
approaches in terms of accuracy for both the benchmark datasets. The comparison
of proposed segmentation approach for blood vessels with currexidiing
techniques is depicted in Tabld G.

CHARU BHARDWAJ 97 JUIT, 2020



Retinal Blood Vasculature Segmentation Framework

Table 310: Comparison of proposddBV-MR with the existing approaches

Accuracy for Accuracy for

Technique used DRIVE Database ~ STARE Database  COmPIeXY
Jiang &Mojon, 2003 [28] 92.13% 90.09% High
[I\lllgg]tinez-Perezet al, 2002 93.45% 94.11% High
Naguyeneget al, 2013 p0Q 94.01% 93.00% High
?Onl%s;(;%zaﬁonza'em al. 94.12% 94.40% Moderate
Fraz,et al.,2012 p02] 94.30% 94.42% Moderate
Bandaragt al.,2017 O3] 94.11% 94.78% Moderate
Li, et al.,2018 p04] 83.47% Moderate
Roy, et al.,2019[205] 94.88% 92.95% High
Adapa,et al.,2020[206] 94.50% 84.86% Moderate
Proposed HB\V-MR 95.50% 94.80% Low

It is observed from the experimentation that the proposed method outperforms
the existing methods providing less +iime computational complexity. The
accuracy value of the proposed model indicates the exact marking of the vessel and
nonvessel pixels. Té results obtained validate the improvement over previously

reported outcomes in stadé-the-art methods.

3.7 CONCLUSION

The implementation of OD localization and blood vessel segmentation approaches
are able to differentiate the anatomical structures from other retinal features.
Discrepancies due to presence of background noise, varying inadequate illumination,
varying contast between the background and blood vasculatures are removed utilizing
the proposed HBWR approach. The OD segmentation approach is effective in
detecting optical disc for effective blood vessel segmentation close to the OD area.

Remarkable improvemeis seen for Circular Hough based OD localization approach
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in terms of OD overlap parameter and dice metric, thereby demonstrating its

feasibility and localization efficiency.

The OD localization and blood vessel segmentation results depicted in this work
reveals the robustness of the proposed technique for the statistical, visual, and
performance analysis. The results obtained using the proposedMiB¥pproach
provide average accuracies of 95.50% and 94.80% and average specificity values of
99.19% and 98.7% for DRIVE and STARE datasets respectively. Visual, statistical,
and performance analysis provides a robust solution for the DR detection at #s early
stage by reducing the fallacious detection of pathological symptoms having similar
features as OD orldiod vessels. The next chapter of this thesis focuses on anomaly
identification after the efficienblood vesselsegmentation to aid the DR diagnosis

process.
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CHAPTER 4

A HYBRID LESION DETECTION TECHNIQUE FOR DR
ABNORMALITY DISCRIMINATION

4.1 INTRODUCTION

Automated DR discriminatory diagnostic systems hglebally become an integral
part of disease detection and pathology identification. Concerning the medical science
field, automatic pathology detection plays an important role in assistiag th
interpretation of diseas#t analy®sthe level of disease severithereby assisting the

patients in timely treatment and routine follap.

Traditionally when the technology was not sophisticated enough, DR was
diagnosed using ophthalmoscopy and putlation by the ophthalmic experts.
Although, imaging modalities like retinal photography and OCT scans can provide
improved detection accuracy with regular monitoring of the risk factors associated
with the disease. DR screening and diagnosis depemdfupdus photographigased
strategies that uses specialized fundus cameras able to capture a magnified view of
interior of the eye having higtesolution. Retinal photography can provide advanced
DR diagnosis by explicitly locating DR lesions in the rdtifumdus image and thus
providing the useful information about abnormality location and disease severity level.
This can be accomplished by utilizing binary classification approach for classifying
each pixel in the image. However, the issue associatediveiie approaches are their
varying feature characteristics like color and size for different types of DR lesions.
Furthermore, in the real time scenario, doctors are unable to identify each part of the
fundus image as healthy or belonging to one of te®teclass. Instead, they rely on
groundtruth annotation containing the pixel probabilities defining each pixel in the

image as a part of diseased or ndiseased portion.

For a normal/healthy fundus image, the visual components are blood vessels,
macuh, and optical disc. DR could be a progressive disease that has no initial
symptoms but as the stage progresses it shows mild vision problems such as

fluctuating, impaired, or blurred vision. These symptoms are characterized through
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lesions such as MAs, HEs, EXs and CWs [@]. The information about the types of
DR abnormalities is required for determining the different stages of the disease

development.

4.1.1 Diabetic Retinopathy Abnormalities

The development of Diabetic Retinopathy can be distinguished into two major
stages: NPDR and PDR. In the NPDR stage of retinal abnormality, the damaged blood
vesseldeak blood or fluid forming lesions on the retinal surface. DR lesions can be
broadly differentiated into yellow/bright and red/dark lesions depending on their color
and intensity level. MAs and HEMs fall into the category of red lesions, and EXs and
cotton wool are known as yellow lesion&[1Tiny MAs are the first visible clinical
symptomsof DR. MAs are formed by inflammation in blood vessels and indicated as
small red dots of color and intensity similar to blood vessels. The rupture of
microaneurysms causes haemorrhage that is indicated as a dark red mark on the
surface of the retina. EXare indicated as visible yellow spots with different shapes
formed by lipoprotein leakage in the retinal region. The advanced stage of NPDR is
indicated by CWs appearing as white fluffy lesions present inside the eye. Different

lesions present in DR affext fundus image are depicted in Figure 4.1.

| Yellow
Lesions

Red 4 Microaneurysm
Lesions|

Hemorrhages & Exudates

Figure 4.1: Lesions present in DR affected fundus image

Human interventions involved in manual DR diagnostic systems are subjective,
laborious, and require human expertise. Also, the major challenge fomn lesio
discrimination is the lack of ability to distinguish between the actual problematic area
from background noise and other anatomical structures. From the image processing
perspective, MAs and HEMs have color and size similarity as the blood vessels,
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challenging their automated detection. The MAs have size variability and sometimes
their size are considerably very small that can easily be perplexed with background
noise or retinal tissue pigmentatifit6, 17} Optical disc also has color, intensity, and
shage similarity with EXs and CWs, therefore altering the automated detection of
these yellow lesions. However, OD and blood vessels have certain features
differentiating the anatomical structures from DR lesion. Thus, there is a need for
more accurate autonga algorithms producing the desirable image pixel information
as the output serving the need of the ophthalmologists. An efficient DR screening
approach is proposed in this chapter for fundus image discrimination and DR lesion
detection.

4.2 PROPOSEDMETHODOLOGY

The work in this research focuses on providing a screening solution for the
diagnosis of DR by the detection, localization, and classification of red and yellow
lesions. A threestage implementation strategy is performed for fundus image
discrimination and DR lesion detection. The first stage of the proposed methodology
involves background segmentation accomplished by using -MBV approach
proposed inChapter 3 comprising fundus image fm@cessing and removal of the
background (OD and blood vesselpriions. The second stage involves the
identification of foreground portions indicating diseased and-diseased retinal
fundus images. A Hybrid Lesion Detection (HLD) algorithm is proposed to detect
abnormalities in retinal images and distinguish DRolesnto red and yellow lesions.
After exhaustive literature review, geometrical shape, intensity, and texture features
(detailed explanation iRppendix1) are extracted from diseased and -diseased
fundus images, which are subject statistical analysibased feature set reduction
strategy to select optimal features. DR discrimination strategy involved in the
proposed methodology comprises fundus image discrimination into diseased/non
diseased followed by DR lesion discrimination iméal and yellow lesions, utilizing
different machine learning techniques. Tmvchart of the proposed methodology is

depicted in Figure 4.2.
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Figure 4.2: Block diagram of the proposed methodology for &fhormality discrimination

The proposed algorithm is evaluated on benchm@tiuctured Analysis of the
Retina (STARE) 41] and DIARETDB1 A2] datasets, which have different field of
view and a varying numbesf images with different resolutions. For this research
work, all the images from both the dataset are considered and the visual results have
been presented for few imageshe following subsections detail the stepwise

description of the proposed methaoalgy.

Background segmentation is accomplished by utilizing the retinal landmark
segmentation methodology adopted @mapter 3. It involves fundus image pre
processing and background (OD and blood vasculature) remova[k#8p&07, 209§.

The preprocessing step consists of image variation attenuation, green channel

conversion, denoising and CLAHE for image contrast enhancement.

CHARU BHARDWAJ 104 JUIT, 2020



A Hybrid Lesion Detetton Technique for DR Abnormality Discrimination

OD and blood vessel components of retinal image are considered as background
portions as they are not essehf@ DR anomaly detectioriThe OD is undesirable
anatomy for DR diagnosis because it has the same intensity value as the yellow lesion.
OD boundary localization is accomplished using the combination of Circular Hough
Transform along with morphological dimg operation and the largest circular region
is identified as the OD portion as discusseGhapter 3 187, 188, 28].

The blood vessel is another background portion, which is eliminated employing
HBV-MR approach. In order to filter out some discretgars that are not considered
as vascular regions, associated component analysis is used. Eight connected pixel
connectivity is used to distinguish between the vessel and/essel pixels 209].
Background elimination steps, including blood vessel remosiglg OD localization

and morphological reconstructiomfh), is expressed by Eq. (4.1).
s O Oppe (4.1)

wherel is the original fundus imagéwrph is @ morphologically reconstructed image
andlgv is the background removed fundus image.

The foreground region is obtained by subtracting the original fundus image from
the identified background. After removal of the background, thedmeased fundus
image does not contain any foreground lesionsthedesion portions are only visible

in the diseased fundus images.

4.2.1 Diabetic Retinopathy Discrimination

The two types of DR discrimination strategies utilized in this research work are;
fundus image discrimination strategy for differentiating diseasednamdliseased
images, and DR lesion discrimination strategy for distinguishing between red and

yellow DR lesions.

4.2.1.1Fundus Image Discrimination

Fundus image discrimination strategy allows to differentiate between the
diseased and nedliseased fundus images after background segmentation followed

by retinal landmark extraction.
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Outcome obtained after Background Segmentation
Non-Diseased Fundus Diseased Fundus

Fundus Image Discrimination using Machine
Learning Approaches

Figure 4.3: Adopted methodology for fundus imagdescrimination

Figure 43 shows themethodology adopted for fundus image discrimination.
Initially background segmentation is done for the identification of Diseased and
Non-Diseased Fundus image. Then, the feature set is extracted for both diseased
and no-diseased fundus image sets to obtain the derived features which are
informative and nommedundant. This step ensures the subsequent learning leading
to better human interpretation of DR and h@R classes. Feature extraction is
followed by statistical dature selection strategy utilizing the SPSS package tool
[194] to transform the extracted features into reduced feature set. This reduced
feature subset obtained after feature selection contain only the relevant information
sufficient to discriminate thiindus images into diseased and-diseased. Feature
selection is followed by fundus image discrimination using machine learning
approach. The reduced representation improved the generalization capability of the
machine learning algorithm utilizing lessimber of resources to describe the large

fundus image dataset without overfitting.
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Fundus image discrimination is trailed by DR Lesion discrimination for
identifying and detecting pathological symptoms in diseased fundus.

4.2.1.2DR Lesion Discrimination

Discrimination between different types of anomalous patterns or lesions is of
great interest to improve the automated screening performance for useful clinical
application. The goal of this research work is to distinguish a healthy fundus
images from those contaig the pathological symptoms considering both red and
yellow lesion detection and employing a unique feature vector that is able to

discrimination between the two classes.

DR lesion discrimination is accomplished utilizing the HLD technique for
pathology identification followed by feature extraction, selection and DR

discrimination using different machine learning approaches.

Diseased
Fundus

OD Centre Localization OD Boundary Detection Blood Vessels

Foreground Region for Lesion Detection

Pathology Identification and Detection

Red Lesions _HEM Yellow Lesions - EX :

MA |
W :

DR Lesion Discrimination using Machine Learning
Approaches

_________________________________________________________________________________

Figure 4.4: DR lesion discrimination methodology
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The methodology depicted in Figureldor DR lesion discrimination is initiated
by the identificationof pathological symptoms in Diseased Fundus image after
Background Segmentation. The DR pathologies are identified using proposed
Hybrid LesionDetectiontechniquewhich is detailed in the @oming subsection.
The identified foreground is subjected to feature extraction in order to increase the
classification accuracy of the machine learning model. Followed by lesion detection
iIs a feature extraction step for accurate disease detectionngtilggometrical,
intensity, and textural features. Feature set extraction of the identified pathologies is
accomplished along with statistical feature selection. DR Lesion Discrimination is

achieved using Machine Learning approaches.

4.2.2 Proposed Hybrid Lesian Detection Technique

A Hybrid Lesion Detection (HLD) technique is proposed in this wbgdtaims at
providing the assistance to the ophthalmologists for the detection of DR abnormalities
present in the retinal fundus images. Background segmentatioclstely indicates
nondiseased and diseased fundus images, as the lesion portiatsaneable in the
diseased retinas. Diseased foreground retinal fundus images after removal of the
background include two types of lesions (red and yelldWwys, for the identification
of these pathological symptom, HLD technique is proposed in this whibse
sequential steps are detailed in Figuge 4.
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/ Foreground Retinal Fundus Image after background remo /
(Irv)

v

Apply morphological closing oty considering linear
structuring element spinning with increment of 15°.

Obtain Morphologically closed imagkj considering the
minimum response @v all angles between 0° to 180°.

'

Potential red lesion candidatés: _ O ©

v

Apply hard thresholding employing empirical choice o
optimal threshold value to obtain Yellow Lesion

candidates.
v
Obtain potential yellow lesion candidates:
‘O Q. 0 © 0
v

Feature Extraction and optimal feature selection apply
statistical analysis approach on derived feature set.

v

Utilize optimally selected features for fundus image
classification employing machine learniteghniques.

v

Evaluate the classifier performance.

Figure 45: Flowchart forProposedybrid Lesion Detection

To identify red lesions, a minimally angular response is considered, adding a

morphologically closed image. Yellow lesions are extracted by the use of a hard
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thresholding operation, which is empirically selected by choosing the optimal
threshold value [7]. Lesion histogram properties were also considered for threshold

selection to identify lesion candidates [1230]R2

Statistical Analysis

The Lesionidentification step is followed by optimal feature selection using
attribute extraction and statistical analysis. Extensive literature survey and exploitation
of wide range of features, reveals that majorly three types of features sets are
considered releant for DR lesion discrimination {2, 212]. The feature set includes
shape, intensity and textural attributes which comprises a totality of 34 features
extracted consisting of 11 shape features, 9 pixel based intensity features, and 14
GLCM features (detked explanation in Appendig) [21, 98]. Eleven shape features
exploiting the geometric properties of the lesions includes area, convex area,
perimeter, major and minor axis length, eccentricity, orientation, diameter, solidity,
extent, and compactnessini pixel based intensity features were exploited including
maximum intensity, minimum intensity, mean, median, Standard Deviation (SD),
Inter-quartile Range (IQR), Mean Absolute Difference (MAD), skewness and kurtosis.
These pixebased features help tastinguish between lesion candidates and-non
lesions. Fourteen Grayevel Ccoccurrence Matrix (GLCM) features including
autocorrelation, correlation, contrast, energy, entropy, homogeneity, dissimilarity,
cluster shade, cluster prominence, maximum pradibgbiinverse difference
normalized, inverse different moment normalized, information measure of correlation1
and information measure of correlation2 were exploited [21]. These GLCM features
provide the texture based properties considering the spatiabmslaips of pixels in

the image.

These handcrafted features are utilized by various researchers to obtain relevant
information for accurate classification. All these features are subjected to statistical
feature extraction utilizing the SPSS package tp®4] in order to facilitate
dimensionality reduction. This reduced representation contains only the relevant
information sufficient to discriminate between the fundus images as well as different
DR lesions. The statisticalignificance of features equalibf means ‘() is inferred
from t-test based on hypothesis testing. The null hypotheg)sS¢Ht-test is expressed

by Eq. (4.2) and it state that there is no significant difference between the mean values
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of features differentiating the two classes. Tidl hypothesis rejection (#) is
expressed by Eq. (4.3) and it state the significant difference between the means of

features of two separate classes of DR abnormality.
oL ‘ (4.2)
oD ‘ (4.3)

From thet-test descripte, it is indicated that the null hypothesis is accepted if
significance values for the feature set are greater than 0.05 otherwise the hypothesis is

rejected.

Similarly, for ANOVA, the null hypothesis defines the significant difference
between the variane s (a) of feature set di stingui
classes. The null hypothesis and its rejection for ANOVA test are presented in EQ.

(4.4) and Eq. (4.5) respectively.

Cd (4.4)

0D, , (4.5)

The final phase of the proposed methodology involves the classification of diseased
and nondiseased fundus images and DR lesion detection using machine learning
techniques utilizing optimally selected features after exhaustive statistical analysis to
achieve better performance.

The literature highlights several classifier approaches in order to classify DR
abnormalities. The common choice of utilizing Support Vector Machine (SVM) for
binary classification make this classifier suitable for our problem [23]. The SVM
based classifation approach is utilized as it incurs low computational complexity for
binary classification. The strength of SVM classifier lies in its ability of handling the
imbalanced distribution of true and false samples [24, 25]. This research work also
utilizes Multi-Layer Perceptron Neural Network (MLPNN) classifier are employed for
lesion detection. The multlass classification of DR abnormalities into red and
yellow lesions employs MLP neural netwerksed classification approach, due to its
ability to intepret the outcome of uncertain data without having previous knowledge
of the evenness of the data through weight adjustment flexibility [30].
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4.3 RESULTS OF DIABETIC RETINOPATHY DISCRIMINATION

The results of the proposed HLD technique are evaluated usingfttadesmnalysis
in terms of visual, statistical and performance assessment. The research work is
performed on two benchmark datasets to establish the generalization competence of
the proposed methodology irrespective of image resolution. The classification
approach used in this work for abnormality detection utilizes -B0% training and
testing criteria with 1@old cross validation. Primarily, the outcomes for background
segmentation are presented followed by the results of fundus image discrimination and

DR lesion discrimination.

Physical and pathological regions of raw fundus images are improved using image
pre-processing and background segmentation steps to remove its poor contrast and
insufficient illumination effects48]. Therefore, the proposed mettologyincludes
image variation attenuation, green channel conversion, contrast enhancement followed
by the segmentation of OD and blood vessel removal steps which are illustrated for
DIARETDBL dataset in Figure 4.6 and STARE dataset in Figure 4.7.

(b)

(d) (e)

Figure 4.6:Image preprocessing stages for DIARETDBL1 dataset image: (From left to right) (a)
Original fundus image, (b) Variation attenuated fundus image, (c) Green channeled fundus image, (d)

Contrastenhanced fundus image, @¢gmented OD portiorff) Extracted blood vessels.
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(d) (e)

Figure 4.7:Image Preprocessing stages for STARE dataset image: (From left to right) (a) Original
fundus image, (b) Variation attenuated image, (c) Green channeled fundus image, (d)-Contrast

enhanced fundus image, @&@gmented®D portion, (f) Extracted blood vessels

OD can be misclassified as lesion portions because of its similar intensity
properties like yellow lesions. Therefore, this physiological portion is needed to be
removed before proceeding to the lesion recognition phase. Blood vessels can also be
consicered as pathological symptoms and can be misclassified as MA and HEMs red
lesions. These unwanted anatomical region and artifacts are eliminated utilizing the
pre-processing steps so that they do not impede the DR diag@ds.applying
background segnmgation, it is interpreted that foreground lesion portions can only be
seen in the diseased fundus images and no such portions are observediseased

images.

The investigation of background segmentation yields the foreground fundus images
for DR abnomality detection. Therefore, statistical and performance analysis of
diabetic retinopathyiscrimination strategie~undus image discrimination and DR

lesion detection for abnormality discernment, is done in the following section.

4.3.1 Statistical Analysis ard Discrimination of Fundus Images

Fundus image discrimination distingueshbetween the diseased and fnon

diseased fundus imagassing the descriptive of derived feature set. This is
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accomplished using twimld scheme; statistical feature analysis for the selection of
relevant features followed by fundus image classification.

4.3.1.1Statistical Analysis ofDerived Feature set

The feature set briefed in section 4.2.2 is derived for funduage
discrimination and statistical analysis of the derived feature set is done using the
SPSS statistical package. The statistical analysis of the descriptive feature set is
normalized using box plot analysis. Box plot analysis is graphical represertttion
normality visualization of the feature set and the box plots for selective shape,

intensity and GLCM features are shown in Figu& 4.
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Figure 4.8: Box plots of some of the Extracted Feature Set: (a) and (b) Shape features, (c) and (d)
Intensity features, (e) and (f) GLCM features
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Box-plots indicates the quartile ranges specifically-pamting the outliers
[195]. The outliers are those feature wa$ which do not fit in the normalized
feature set range and they can be discarded for further computation and are
indicated by individual points outside the rectangular utliers are correctly
pointed with the cross marks and the feature significaaedicated by different
quartile ranges. Theuartile ranges of individual features show the significant
variations, distinguishing between the features of diseased ardiseased fundus

images.

Optimally selected features are obtained using exhaustiatistical analysis
done employing ANOVA andH-test statistical tools as tabulated in Table 4.1. This
step of feature reduction ensures the reduced dimensional complexity along with
increased accuracy rate improving the diagnosis. A significant vahvalde)
analysis is performed to obtain the most prominent features from the entire feature
set. Features havingmvalue less than 0.05 are the prominent ones, however the

features witlp-value greater than 0.05 are discarded.

From the tabular represetion, the p-values for two features namely;
eccentricityand orientationcame out to be greater contributing least in the feature
selection process, therefore, these two features are discarded and are not used for

classification.
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Table 4.1: Statistical analysis of extracted feature set usiegt and ANOVA

Geometric Features Intensity Features GLCM Textural features

Features t-test ANOVA Features t-test ANOVA Features t-test ANOVA
(Sig.) (Sig.) (Sig.) (Sig.) (Sig.) (Sig.)

Area 0.019 0.019 Min. Int. 0.003 0.000 Auto Correlation 0.001 0.001
Perimeter 0.040 0.033 Max. Int. 0.000 0.000 Correlation 0.000 0.000
Major_Axis_Length 0.033 0.003 Mean Int. 0.000 0.000 Contrast 0.000 0.000
Minor_Axis_Length 0.011 0.005 Med. Int. 0.000 0.000 ClusterShade 0.005 0.007
Eccentricity 0.062 0.062 MAD Int. 0.000 0.000 ClusterProminance 0.000 0.000
Convex_Area 0.005 0.002 SD Int. 0.000 0.000 Energy 0.002 0.000
Orientation 0.102 0.102 IQR 0.000 0.000 Entropy 0.001 0.000
Equiv_dia 0.002 0.002 Skewness 0.012 0.015 Homogenity 0.000 0.000
Solidity 0.015 0.007 Kurtosis 0.005 0.005 InverseDiffNorm 0.000 0.000
Extent 0.033 0.030 InvDiffMoment 0.007 0.007
Compactness 0.002 0.000 Dissimilarity 0.000 0.000
MaxProb 0.000 0.000

InfoCorrl 0.002 0.000

InfoCorr2 0.005 0.005
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4.3.1.2Fundus ImageDiscrimination

The reduced feature seith thirty-two features is used for SVM and MLPNN
classification to perform fundus image and lesion discrimination in the next stage.
Figure 49 provides the performance metrics for riineased and diseased fundus

image discrimination in terms of sensitivity, specificity, accuracy, and PPV.

100% -
95% -
90% -
85% -

80% -

75% -
Sensitivity Specificity Accuracy PPV

m SVM Classifier m MLP Classifier

Figure 4.9: Performance metrics for fundus image discrimination

The overall performance is measurechsidering two different classification
schemes; SVM classifier utilizing Gaussian RBF kernel and MLPNN based
classification. The accuracy, 91.50%; sensitivity, 84.61%; specificity and PPV,
100% each are observed for diseased and-dsmased fundus image
discrimination using SVM classifier. On the other hand, overall accuracy of
97.90% is observed for MLPNN classifibased fundus image discrimination.
MLPNN provides better performance for two class image discrimination
comparatives to the SVM classifierilized in this work. Sensitivity, 96.15%;
specificity, 100%, and PPV, 100% values are obtained using MLPNN classifiers.
After fundus image discrimination, DR lesion detection is important to aid the

ophthalmologists for accurate DR screening and diagnosis.

CHARU BHARDWAJ 117 JUIT, 2020



A Hybrid Lesion Detection Technique for DR Abnormality Discrimination

4.3.2 Results of Proposed HLD Technique

DR lesion detection is served by lesion candidate extraction applying the
proposed HLD technique, then the identified lesions are subjected to feature

extraction and selection followed by the classification ofahologies.

(a) b

(9) (h)
Figure 4.10: Experimental results of Red Lesion Detection: (a), (c), (e)Qf@inal fundus image;
(b), (d), (f), (h) Detected red lesion candidates from DIARETDB1 and STARE datasets respectively

The diseased fundus images are subjected to lesion candidate extraction by
applying the proposed HLD technique. This is a hybrid tectnigmploying
morphological operations for candidate identification and thresholding function is
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utilized for the removal of false candidates. The experimental results of the extraction
of the red and yellow lesion are depicted in Figure 4.10 and Figukerdsbectively.

Figure 410 depicts the original fundus and the final red lesion candidate images
collected from the benchmark dataset. The experiment is performed to detect true
lesion but still, there may exist some false lesion candidates which may be some
crossing points of thblood vessels, old scar in retina or some black spots. The results
obtained shows that true exudates are clearly distinguished and identified using

proposed HLD technique.

(9) (h)

Figure 4.11: Experimental results of Yellow Lesion Detection: (a), (c), (e), (g) Original fundus image;
(b), (d), (), (h) Detected yellow lesion candidates from DIARETDB1 and STARE dataset respectively
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Theyellow lesion candidate detectioesults obtained for the retinal fundus images
acquired from different datasets are shown in Figutd.4The pixels values in the
output image are based on the comparison of corresponding pixels in the input fundus
image with its neighbourhood pixels. Lesion candidates are separated by using
thresholding operation to eliminate the noisy pixels from the fundus image removing
the unnecessary details and extracting only the lesion information. Empirical threshold
selection iglone experimentally for the separation of candidate objects from the noisy
background pixels. The selection of threshold is based on the features of background
noise and retinal landmarks (OD and blood vessels) using connected component
analysis.Dependig upon this criteria, red and yellow DR lesion are detected based
upon their circulatory.The visual DR lesion detected using the proposed HLD
technique are further subjected to feature extraction and the derived feature set it
statistically analyzed.The pathological features suitable for disease severity
classification are provided by using the relevant feature set in order to serve DR lesion

discrimination.

4.3.2.1Statistical analysis for Feature selection

Exhaustive statistical analysis done for the réidacof feature set and to obtain
the prominent features utilizing pawise correlation test, ANOVA and-test
statistical tools.To quantify the relationship between feature variables;\pgie
correlation test is performed and Pearson correlation iceeffs are obtained
which are tabulated in Table 4.2, Table 4.3 and Table 4.4 for Shape, Intensity, and
GLCM features respectively.

From the pahwise Pearson correlation coefficients obtained for shape features
(represented in Table 4,34t is analysed thagéccentricityand orientation features
are least correlated to all other shape features. Negative values of the Pearson

correlation coefficient signify the negative correlation of feature sets.
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Table 4.2: SPSS Pearson Correlation analysis of Shape features

Pearson Correlation Coefficients

Shape Major Minor _
] ) . o Convex } ) Equiv. o
Features Area  Perimeter Axis AXxis Eccentricity A Orientation D Solidity  Extent  Compactness
rea ia.
Len. Len.

Area 1.000 0.980 0.903 0.940 0.182 0.977 -0.067 0.954 -0.715 -0.609 -0.582
Perimeter 0.980 1.000 0.890 0.929 0.178 0.993 -0.002 0.923 -0.761 -0.627 -0.597
Major Axis
L 0.903 0.890 1.000 0.821 0.328 0.862 -0.079 0.927 -0.779 -0.673 -0.667

en.
Minor Axis
. 0.940 0.929 0.821 1.000 -0.009 0.904 -0.092 0.958 -0.768 -0.601 -0.693

en.
Eccentricity 0.182 0.178 0.328 -0.009 1.000 0.180 0.038 0.153 -0.226 -0.231 -0.176
ConvexArea 0.977 0.993 0.862 0.904 0.180 1.000 0.008 0.891 -0.703 -0.583 -0.518
Orientation -0.067 -0.002 -0.079 -0.092 0.038 0.008 1.000 -0.131 -0.044 0.031 -0.035
Equivalent

. 0.954 0.923 0.927 0.958 0.153 0.891 -0.131 1.000 -0.778 -0.650 -0.733
Diameter
Solidity -0.715 -0.761 -0.779 -0.768 -0.226 -0.703 -0.044 -0.778 1.000 0.860 0.816
Extent -0.609  -0.627 -0.673 -0.601 -0.231 -0.583 0.031 -0.650 0.860 1.000 0.660
Compactness -0.582 -0.597 -0.667 -0.693 -0.176 -0.518 -0.035 -0.733 0.816 0.660 1.000
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Table 4.3:SPSS Pearson Correlation analysis of Intensity features

Pearson Correlation Coefficients

Intensity
Features Min.. Maxt Mea|-1 Medién MAD- SD- IQR- Skewness  Kurtosis
Intensity Intensity Intensity Intensity Intensity Intensity Intensity

Min. Intensity 1.000 0.990 0.997 0.997 0.565 0.577 0.552 0.379 0.387
Max. Intensity 0.990 1.000 0.997 0.997 0.676 0.687 0.662 0.399 0.409
Mean Intensity 0.997 0.997 1.000 1.000 0.624 0.636 0.612 0.383 0.394
Median

Intensity 0.997 0.997 1.000 1.000 0.623 0.634 0.611 0.379 0.391
MAD Intensity 0.565 0.676 0.624 0.623 1.000 0.999 0.997 0.303 0.307
SD Intensity 0.577 0.687 0.636 0.634 0.999 1.000 0.993 0.320 0.327
IQR 0.552 0.662 0.612 0.611 0.997 0.993 1.000 0.276 0.264
Skewness 0.379 0.399 0.383 0.379 0.303 0.320 0.276 1.000 0.510
Kurtosis 0.387 0.409 0.394 0.391 0.307 0.327 0.264 0.510 1.000
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Table 4.4:SPSS Pearson Correlation analysis of GLCM features

Pearson Correlation Coefficients

GLCM Inf. Inf.
Features Auto Corr. Contrast Cluster Cluster Energy  Entropy ~ Homo.  Inv.Diff.Norm. Inv.Diff.Mom. Diss. Max Corr. Corr.
Corr. Shade Prom. Prob. 1 )
Auto Correlation 1.000 -0.718 0.909 -0.459 0.969 -0.693 0.569 -0.791 -0.902 -0.498 0.906 -0.697 0.548 -0.480
Correlation -0.718 1.000 -0.839 -0.021 -0.738 0.646 -0.486 0.963 0.860 0.549 -0.851 0.603 -0.819 0.815
Contrast 0.909 -0.839 1.000 -0.075 0.939 -0.722 0.585 -0.915 -0.997 -0.557 0.999 -0.769 0.548 -0.524
ClusterShade -0.459 -0.021 -0.075 1.000 -0.286 0.100 -0.093 -0.012 0.063 0.026 -0.069 0.038 -0.093 0.009
ClusterProm. 0.969 -0.738 0.939 -0.286 1.000 -0.722 0.599 -0.817 -0.930 -0.513 0.935 -0.723 0.582 -0.517
Energy -0.693 0.646 -0.722 0.100 -0.722 1.000 -0.576 0.790 0.743 0.579 -0.734 0.948 -0.657 0.405
Entropy 0.569 -0.486 0.585 -0.093 0.599 -0.576 1.000 -0.542 -0.578 0.225 0.582 -0.515 0465 -0.314
Homogenity -0.791 0.963 -0.915 -0.012 -0.817 0.790 -0.542 1.000 0.937 0.619 -0.927 0.769 -0.761 0.707
InverseDiffNorm -0.902 0.860 -0.997 0.063 -0.930 0.743 -0.578 0.937 1.000 0.580 -0.999 0.777 -0.581 0.548
InvDiffMoment -0.498 0.549 -0.557 0.026 -0.513 0.579 0.225 0.619 0.580 1.000 -0.570 0.606 -0.433 0.397
Dissimilarity 0.906 -0.851 0.999 -0.069 0.935 -0.734 0.582 -0.927 -0.999 -0.570 1.000 -0.774 0.565 -0.537
MaxProb -0.697 0.603 -0.769 0.038 -0.723 0.948 -0.515 0.769 0.777 0.606 -0.774 1.000 -0.475 0.304
InfoCorrl 0.548 -0.819 0.548 -0.093 0.582 -0.657 0.465 -0.761 -0.581 -0.433 0.565 -0.475 1.000 -0.867
InfoCorr2 -0.480 0.815 -0.524 0.009 -0.517 0.405 -0.314 0.707 0.548 0.397 -0.537 0.304 -0.867 1.000
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Intensity feature correlation analysis presented in Table 4.3 reveals that all the
intensity features are corredak to each other. However, skewness and kurtosis
features are less correlated as compared to other intensity features, but significant
enough to be used in the classification stage. Table 4.4 shows that all the GLCM
features excepluster shadare promiment. Further analysis using other statistical
techniques is required to check less related features for DR classification.

Further investigation is done in terms of descriptive statistical analysis tising
test and ANOVA for optimal feature selectioio determine the statistical
significance of features equality of meahy ( and vari ancest-(0) ar
test for the two classes of lesions (red lesion and yellow lesion) based on hypothesis

testing described in section 4.2.2.

From the descriptiveof t-test and ANOVA, it is indicated that the null
hypothesis is accepted if significance values for the feature set are greater than 0.05
otherwise the hypothesis is rejected. The optimal feature selection process using

descriptive statistical analysisrought-test and ANOVA is depicted in Table 4.5.

Table 4.5:; Statistical analysis of extracted feature set usiegt and ANOVA

Geometric Features Intensity Features GLCM Textural features
Features t-test ANOVA Features t-test  ANOVA Features t-test  ANOVA
(Sig.) (Sig.) (Sig.) (Sig.) (Sig.) (Sig.)
Area 0.001 0.000 [Min. Int. 0.000 0.029 | Auto Correlation  0.000 0.000
Perimeter 0.001 0.000 |Max. Int. 0.000 0.000 Correlation 0.000 0.014
Major_Axis_Length  0.000 0.000 |Mean Int. 0.000 0.001 Contrast 0.000 0.000
Minor_Axis_Length 0.000 0.001 [Med. Int. 0.000 0.001 ClusterShade 0.584 0.421
Eccentricity 0.275 0.411 |MAD Int. 0.000 0.000 |ClusterProminance 0.000 0.000
Convex_Area 0.007 0.000 |SD Int. 0.000 0.000 Energy 0.000 0.000
Orientation 0.650 0.559 |IQR 0.000 0.000 Entropy 0.000 0.005
Equiv_dia 0.000 0.000 |[Skewness 0.013 0.048 Homogenity 0.000 0.036
Solidity 0.000 0.004 |Kurtosis 0.005 0.026 | InverseDiffNorm  0.000 0.024
Extent 0.001 0.038 InvDiffMoment 0.048 0.007
Compactness 0.000 0.020 Dissimilarity 0.001 0.000
MaxProb 0.000 0.000
InfoCorrl 0.000 0.000
InfoCorr2 0.001 0.005
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It is observed that the significance valuest-tést and ANOVA provide$p-
values greater than 0.05 ftlhree features; eccentricity, orientation and cluster
shade. Therefore, out of the totality of thifour features, thiryone are selected

for the DR discrimination process at the classification stage.

4.3.2.2Discrimination of DR pathologies

The remarkable performance of MLPNN classifier for fundus image
discrimination as suggested ithe literature makes it suitable for DR lesion
discrimination. For every training sample, hidden layer weights are updated using
error propagation in the backwadirection for weight updation. The sensitivity,
specificity, accuracy and PPV performance parameters are calculated to observe the
clinical relevance of the detected pathological symptoms. Various performance
indices observed for DR lesion discriminatioe depicted in Figure 4.12.

100% - Lo

100% -

99% - 98.90%

99% -
98% -

98% -

97% -

97% -

Sensitivity Specificity Accuracy PPV

Figure 4.12 MLPNN classificationperformance for DResiondetection

A mass screening solutias provided with98.90% accuracy performance by the
proposed system for DR lesion detectigith less computationadomplexty. The
other performance measures computed for MLPNN classification approach yields
sensitivity, 97.80%; specificity, 100% and PPV of 97.73%.
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4.4 DISCUSSION

The proposed method provides successful discrimination ability between diseased
and nondiseased fundus images simultaneously providing better categorization of red
and yellow lesions. Most of the accurate lesions are detected employing the HLD
technique and some of the fallacious lesion portions, if exists, are due to the branched
blood vessels car s or bl ood spots from the patie
histogram properties of red and yellow lesions are observed, it is revealed that red
lesions have darker intensity histogram range comparative to yellow lesions with
brighter intensityranges 123. Very tiny and small false red and yellow lesion
candidates are difficult to identify and fallacious lesion due to reflection of fibree
layers, blood spots and scars are discarded and are not considered as lesion candidates
[30]. Various features were analysed after lesion identification from the diseased

fundus images.

Abnormality identification and lesion discrimination are followed by feature
attribute extractions which are further provided to statistical analysis for optimal
feature skection. Features providing significance value less than 0.05 are selected and
out of thirty-four extracted features, only two features: eccentricity and orientation do
not provide significance. Thiritwo features providing a significant difference
betwee the mean values of nahiseased and diseased DR fundus images are
statistically selected and are provided to the classification stAgd. and MLPNN
classifiers are used for fundus image discrimination into diseased ardiseased
classes. Accuracy ua of 91.50% is obtained by SVM classifier and to improve the
classification performance along with less complexity, a neural nethas&d
MLPNN classifier is used which enhances the classification accuracy by 97.90% for
fundus image discrimination. Contious training and weight updation using

backpropagation are employed for error function minimization.

4.4.1 Comparative analysis with the existing techniques

The comparative analysis of the proposed fundus image discrimination approach
over another statef-the-art methodsemploying the same standard datasshswynin
Figure 4.B.
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Figure 4.13: Percentage accuracy improvement of fundus image discrimination approach over the other

approaches for classification of ndiseased and diseased fundus images

The proposed approach provides a maximum 20.13% improvement with Solkar,
al. [213] outperforming the state of art methods in terms of accuracy for diseased and
non diseased fundus classification, as indicated in Figure 4.13. Other methods provide
perceitage accuracy improvement of 4.90% with Rahenal [209], 2.10% with
Costa.et al [214] and 2.61% with Wanggt al. [219] providing an effective screening
solution for fundus image discrimination to facilitate automated detection of diabetic
retinopathy. The diseased images containing different lesions can be discriminated
based on the lesion intensity range after fundus émdigcrimination. Red lesions
belong to darker intensity regions; however, yellow lesions belong to the brighter side
of the dynamic range. The presence of DR abnormalities is detected using these
lesions which identify the patients requiring immediatetibalmic care thus reducing
the burden of ophthalmologists. Accuracy value of 98.90% is provided by the MLPNN
classifier for lesion classification into red and yellow lesions. MLPNN classifier is
flexible for image processing based applications due to hiftyato learn from

experience.

Unlike other classification techniques, MLPNN is preferred for DR lesion
discrimination due to the technical functionality of no restriction to the input data
distribution. Accuracy value of 98% is obtained for the gersized MLPNN
classifier with significantly better performance than the existing approaches. Téble 4.

CHARU BHARDWAJ 127 JUIT, 2020



A Hybrid Lesion Detection Technique for DR Abnormality Discrimination

provides the comparative percentage accuracy improvement of the proposed approach

with stateof-the-art techniques.

Table 46: Accuracyimprovement of lesion detection approach with the existing state of the art

approaches
Techniques Accuracy % age Accuracy Improvement
Nayak,et al.(2008) [2EB] 93.00% 5.90%
Priya, et al.(2013) [109] 95.38% 3.52%
Paing.et al.(2016) [26] 96.00% 2.90%
Sahagt al (2018) [27] 95.13% 3.77%
Fan,et al.(2018) [218] 96.00% 2.90%
Wang,et al.(2019) [219] 95.41% 3.65%

Maximum 5.90% accuracy improvement is provided by the proposed lesion
detection approach with stavéthe-art technique provided by Nayakt al [215].
Comparison with other techniques provides accuracy improvements of 3.52%, 2.90%
3.77% 2.90% an®.65%with Priya,et al [109], Paing,et al [216], Sahagt al [217],
Fan,et al.[218] and Wanget al.[219] respectively providing the suitable evidence of

its outperformance with statd#-the-art approaches.

4.5 CONCLUSION

This chapter presents fundus image discrimination strategy to distinguish between
diseased and nesiseased images and DR lesion discrimination approach for
differentiating between red and yellow lesions. HLD technique is employed for DR
lesion detection sing SVM and MLPNN classifiers, to assist ophthalmologists in
detecting DR severity. A totality of thirtfour features are extracted based on the
geometry, intensity, and texture of the fundus images and identified anomalies. This
feature set is subjectad exhaustive feature selection to obtain the optimal set of

features for both the scenarios. Fundus image discrimination yields overall accuracies
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of 91.50% and 97.90% using SVM and MLPNN classifiers while utilizing the
optimized feature set comprisin@ 3eatures out of total 34 features. While for DR
discrimination task, 31 features are selected after statistical analysis that provides
98.9% accuracy value utilizing the efficient MLPNN classifier. The proposed system
outperforms existing work by showirgignificant accuracy improvement of 5.90% to
provide a less complex and cadfective DR screening solution for lesion
discrimination. The novelty of our proposed approach lies in the statistical analysis
performed on a comprehensive feature set fornwgitifeature selection. Another
contribution of this research work is significantly improved candidate classification
scheme using multayer perceptron networks that provide better accuracy and
minimal runtime complexity.A robust alternative solution iachieved using the
proposed approach for automated DR screening with optimally improved
categorization ability of red and yellow lesions. This approach will aid automatic DR
detection by integrating ophthalmic processing with optimal feature sets pigvidin
successful discrimination ability between healthy and DR symptomatic fundus images.
Further, after pathology detection and discrimination, tracking the appearance and
progression of disease is of utmost importance in order to aid the ophthalmologists in
understanding the likelihood of vision loss for referral and treatment. Therefore, the
next chapter of this thesis is dedicated to the recognition of retinal feature patterns

yielding the DR severity grading based on the identified lesions.

CHARU BHARDWAJ 129 JUIT, 2020



CHAPTER 5

DIABETIC RETINOPATHY
CATEGORIZATION AND ITS
SEVERITY GRADING

CHARU BHARDWAJ 130 JUIT, 2020



Diabetic Retinopathy Categorization and its Severity Grading

CHAPTER 5

DIABETIC RETINOPATHY CATEGORIZATION AND ITS
SEVERITY GRADING

5.1 INTRODUCTION

The majority of patients with DR may not feel any vision changes in the early
stages, but as the condition prevails, vision loss becomes severe. The rate of DR
progression may increase rapidly making it important to monitor the retinal disease
developmentThis condition gives rise to the need for early diagnosis through regular
retinal image screening as well as continuous periodic eye tests. The identification of
DR pathological symptoms is followed by disease severity grading in order to track its

appeaance and progression.

DR categorization and grading plays a vital role in the recognition of retinal
features enabling the measurement and monitoring of appropriate severity levels.
Every DR patient has a unique combination of symptoms and rate of disease
progression that requires significant treatment approach to preserve the vision loss.
Occurrence of a particular DR feature increases the likelihood of vision loss and if this
situation is not tackled at its early stage, vision loss becomes inevitahiieul@ar
retinal features indicate the disease progression and recognition of these patterns are
used to grade retinopathy. DR grading provides a consistent retinopathy classification
for providing appropriate level of service planning and evaluating gualiservice
provi si on. Thus, it i s Iimportant to grad
likelihood of vision loss understandable to aid appropriate management by
Ophthalmologists for patient referral and treatm@ad.

Retinal abnormalities cabe characterized by any kind of uneven changes in
various retinal componentslq]. Retinal images with no symptoms of DR are
considered Noibiseased fundus images and Newoliferative DR (NPDR) can be
classified into mild, moderate, and severe stagesdan the number of DR lesions. It
is very difficult to differentiate between diabetic eye with no DR symptoms and those

with the mild DR symptoms, as the only difference is the presence of very tiny MAs.
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Both of them have very low risk to develop the gression to severe case of DR
abnormality, however, yearly follow up is still required for these patients also.
Moderate NPDR stage contains HEMs along with MAs but less than the severe NPDR
case. The Severe grade of NPDR comprises 20 or more HEMs withngra Intra
Retinal Microvascular Abnormality (IRMA)2R1]. Patients suffering from severe
NPDR condition are at high risk (more than 17%27 of developingProliferative
DiabeticRetinopathy (PDR) within one year, requiring routine folops in every-4
months P20]. Figure 5.1 shows the difference between the normal retina having no

DR symptoms and DR affected retina to provide a clear oversight of abnormality.

Normal Retina Diabetic Retinopathy

Hemorrhages

Optical
Disc

Fovea
Blood

Vessels
Microaneurysms

Exudates

Cotton
Wools

(@) )

Figure 5.1: Differentiation ofnormal and DR affectetktina

5.2 DR SEVERITY GRADING

The International Clinical Diabetic Retinopathy Disease Severity Sc2i3)] [
provides the DR grading from O to 4 severity levels. In this grading specification,
grade 0O is indicated as n@R, mild NPDR signs are indicated by grade 1, moderate
NPDR are indicad by grade 2, severe NPDR are designated as grade 3 and PDR
symptoms in fundus imagdhe occurrence of NPDR severities depends upon the
presence of MAs, HEMs and IRMA, however, the PDR is indicated by neo
vascularization and vitreous haemorrhadée detiled DR grading provided by
International Clinical Diabetic Retinopathy Disease Severity Seafgven in Table
5.1.
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Table 5.1: lllustration ofInternational clinical DR severity scale

Disease DR Grade Description

Severity Scale

0 Non DR Grade No retinopathy abnormalities are present
1 Mild NPDR grade Only microaneurysms are present
2 Moderate NPDR grade Number of microaneurysms increases but ¢

less than severe NPDR grade

3 Severe NPDR grade More than 20 intraetinal microaneurysms @

haemorrhages

Occurrence of intraetinal microvasculai
abnormalities (IRMA)

4 PDR grade Presence of either neovascularization or- |

retinal vitreoushaemorrhage

In this work, we have taken into account the grading of NPDR severities for early
stage classificatioand prognosisThe NPDR grades ranges from severity scale 0 to 3
referring tothe DR categorization using the standard guidelines for two discrepancies
of DR: MAs and HEMsBased upon the presence of DR abnormalities, ophthalmic
experts rank the retinal fundus images is¢veralseverity grades. Table 5.2 depicted

the DR severitygrades along with their description.

Table 5.2: DR severity grades and their description

Retinopathy Grades Grading Description
Grade 0 (Nma = 0) and (Niem = 0)
Grade 1 (0<NuaO5) awme0)( N
Grade 2 (5<Nwa<15) or (0<NiemO 5 )
Grade 3 (NwaO15) nem®5 ) N

Nwma =number of microaneurysms, Nem = number of haemorrhages
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The NonDiseased fundus images designated as Grade O with no DR symptoms.
NPDR grade 1 can be characterized by 0 to 5 MA anomalies and no sign of HEM.
Increased number of MAs (5 tth) and 0 to 5 HEMs characterizes moderate NPDR
grade as grade 2 while the presence of more number of MA and HEM (more than 20)
anomalies signifies the NPDR grade 3. NPDR grade 3 is the highest retinopathy grade
which comprises fundus images with more tH&n MAs or more than 5 HEMs.
Similarly, IDRID dataset consists of 168 images having retinopathy grade 0, 25

images with grade 1, 168 grade 2 images and 93 images are indicated as grade 3.

Serious efforts have been made by the researchers are to explious aR
screening methods to detect abnormalities at an early stage. However, studies revealed
that the early stage DR diagnosis requires systematic and extensive screening due to
the asymptomatic nature of retinopathy7]l The major impediment in the cent
methodology lies in the actual lesion discrimination from the background noise as well
as poor discrimination between blood vessels and other anatomical structures such as
OD [14, 15]. The deficiency of qualified professionals for effectseeeening of vision
threatening DR poses further challenges. Other constraint lies in the selection of
feature set as well as the optimal choice of classifiers that can place @ffrade
between classification accuracy and the high cost of manual coroputBlie purpose
of this work is to address the shortcomings of the existing methods for the
enhancement of DR classification and severity grading techniques. In this chapter, a
novel Hierarchical Severity Grading (HSG) system is proposed to classify NPDR
severities of retinal fundus images to help the ophthalmologists in effectual diabetic

retinopathy detection and grading.

5.3 PROPOSEDMETHODOLOGY

A hierarchal DR grading system is proposed in this work for fundus image
categorization on the basis ddtinal pathological abnormalitie3he challenges of
retinal contextual landmark segmentation, retinal lesion discrimination and challenges
of DR severity grade categorization are extensively eradicated in this research work.
The steps involved in the grosed HSG system comprigesinal contextual landmark
segmentation anomaly detection, feature extraction, feature set reduction using

statisticalanalysis, and DR severity grade classification.
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Figure 5.2 depicts the steyse implementation strategy thfe proposed system.

Fundus Image
Pre-Processing

Fundus Image
databases
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and Extraction

Lesion Identification from Diseased
Fundus Images
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Statistical Approaches

t-test and ANOVA

Retinal Lesion
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Figure 5.2: Block diagram of the proposed HSG grading system

Retinal Contextual
Landmark Segmentation

DR Severity Grade
Classification

Undesirable retinal components are masked using retinal contextual landmark

segmentation in first stage die proposed HSG grading system. Retinal Lesion

discrimination $ done using the foreground retinal image portion and the identified

anomalies are subjected ltmageFeatureVector (IFV) extraction. Statistical analysis

of IFV resulted into optimalljReducedimageFeatureVector (RIFV) comprising of
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selected feature set for DR classification. The individual effects of IFV and RIFV are
determined on the classification accuraaythe context of different performance
indices. The significant contribution of the HSG framework lies in critical evaluation
of the derived attributes along with determining the capabilities of numerous
classifiers to find the ideal characterization &gt for detection and grading of DR
severity. The significance of the reduced feature set is validated by comparing its
outcomes with the extracted feature set for severity grade classification. The proposed
framework outperforms the existing techniquesN®DR severity grade classification
whentested on a benchmark MESSIDO#&3] dataset. Latest IDRiD4H] dataset is

used to validate the uniformity in the outcomes of the proposed system, justifying its

generalization capabilities for DR severity grading.

Retinopathy gradéased description is considered for determining different
severity grades which are given in Table 5.3. It specifies the diverse severity grades
liable to the presence of MAs and HEMs accompaniethbyhumber of images in

each retinopéaiy grade.

Table 5.3:NPDR grades distribution for MESSIDOR and IDRID datasets

Diabetic Retinopathy Grades Number of Images in Number of Images in
MESSIDOR Dataset IDRID Dataset
Grade 0 546 168
Grade 1 153 25
Grade 2 247 168
Grade 3 254 93

The flowchartof complete stepvise description of th@roposed HSGystemis

shown in Figure 5.3.
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/ Collect Retinal fundus images from fundus image databases. /
* —_—
Apply image variation attenuation, green channel conversion, denoising and CLAHE for contrast
enhancement of fundus image ( f; ;).
Obtain OD Localized portion (Ipp) by applying the combination of Circular Hough Transform
and Morphological Operations. OD segmentation (I'gp) is achieved using: I'op = f; 5= Iop
7 Retinal Contextual Landmark

- - - - ™ Segmentation
Estimate the Blood vessel structure by applying morphological closing () followed by global

thresholding. The segmented blood vasculature is expressed as:
Iy =f(la)  subjectto f =goparnreshotding
¥
Discriminate retinal fundus images into non-DR and DR affected images based upon the retinal
landmark segmentation.

v
/ Collect DR affected Retinal Fundus Image after segmentation of retinal landmarks (I5;) for DR /

Lesion Discrimination.

v

Apply morphological closing on J5-considering linear structuring element spinning with
increment of 15°

Retinal Lesion Discrimination

Obtain Morphologically closed image (/) considering the minimum response over all angles —
between 0°to 180°. Obtain potential Red Lesion Candidates;

IRe:l_ctmd = Iy-Iy

v

Feature Extraction and optimal feature selection applying statistical analysis approach on derived
feature set.

v

Utilize optimally selected features for DR severity Grade classification employing machine
learning techniques.

(]

Evaluate the classifier performance.

Figure 5.3: Flowchart of the proposed HSG system

DR Severity Grade Classification

The framework of the proposed scheme consists of three fundamental phases: first
phase is retinal contextual landmark segmentation, second phase is discrimination of
retinal lesion and third phase is categorization of DR severity. The identification of
badkground portion andlistinction of DR affected and neBR retinal fundus images
is facilitated using retinal contextual landmark segmentation stage. Discernment of
different DR lesions is done by enabling retinal lesion discrimination strategy. The last
phase of the proposed framework ua#s fundus image categorization into various

DR grades on the basis of the rules obtained from the International Clinical Diabetic
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Retinopathy Disease Severity scaedetailed stepwise description of the proposed
algorithm is done in the following stdections.

5.3.1Retinal Contextual Landmark Segmentation

Retinal contextual landmark segmentation is implemented for removing unwanted
retinal components: Optical Disc components and blood vasculatures. Artifacts like
image variation, noise, and poor contrast andgigated prior to background
segmentation using various pgveocessing steps such as attenuation variation,
conversion of green channel to green channel, image denoising, and enhancement of
contrast utilizing CLAHE. Circular Hough transform and morphadaloperations
detailed in Chapter &re used for OD boundary localization and ¢hreularregionin
theintensity plane is identified as the OD portion. HBAR approach is proposed for
blood vessel segmentation @napter 3 which includes combinatiohraorphological
closing and global thresholding. Vessel and -uessel pixels are labelled after
separating the true vessel pixels from the noisy backgraol®] 208]. Chances of
false detection of OD pixels as exudates lesions and blood vessel pixetslesions
(microaneurysms or haemorrhages) are reduced by masking the background
anomalies. The visual illustration of background segmented portions is depicted in
Figure 5.4.

Segmentation OD portion Blood Vessels

Figure 5.4: Representation of retinal contextual landmark segmentation

This step ensures the OD boundary approximation and localization despite of its
blurred edges demonstrating the viability of the OD localization approach proposed in
Chapter 3 and validates its localization efficiency. Proficient HBR approach is
capableof identifying the small blood vessels by approximate marking of the vessel

and nonvessel pixels which are comparable to the ground truth.
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The foreground region is obtained by subtracting the retinal contextual
segmentations from that of the original meaand this foreground portion is used in

the anomaly identification stage.

5.3.2 Retinal Lesion Discrimination

DR severity grading in the proposed HSG system considers two anomalies: MAs
and HEMs. HLD technique proposed f@hapter 4 is utilized for DR lesion
discrimination. To detect the red lesions (. ) including MAs and HEMs the
morphologically closed)() image from background removed fundus imape )(

Figure 5.5 depicts the visual illustration of identified foreground MAs and HEMs.

——————————————————————————————————————————————

Retinal Lesion Discrimination
HEM

MA

Red Lesion Candidates

Figure 5.5: Identified anomalies from the foreground portion (N#croaneurysms, HEM

Haemorrhage)

Automatically detected lesions are compared with the manual ground truth
annotations done by ophthalmic expertsidentify the true anomaliesl?3, 2@®].
Non-lesion candidates are identified using automated lesion detection techniques and
are not marked as true lesions if they are absent in the annotations provided by the
experts. The distinguished false lesions mayrespond to some dark spots or scars
because of patients' past clinical records. After discarding the false lesions, identified
true anomalies are subjected to feature extratti@hfferentiatethe diseased and non

diseased fundus images and distinguistween various severity grades.

5.3.3Reduced Image Feature Vector Selection

DR severity grade classification involves feature attribute extraemmoiselection
before passing the selected features for d@Rerity gradingBased on the literature
review, textural features of Gralyevel Cooccurrence Matrix (GLCMare found the

most relevant feature set for DR severity grade classificgfitn98]. These GLCM
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features consider thspatial interpixel dependency and different spatial orientations in
an image[211, 224]. For the computation of relevant IFV comprising 14 GLCM
features, capccurrence matriX; of sizeNxN is consideredn which each pixel ofit
gray levelis spatially related t@verypixel with ji gray level. The formulated GLCM

textural features are tabulated in Table 5.4.

Table 5.4 GLCM Textual Features

GLCM Textural Features Formulas
Autocorrelation . 0l
. ,”,"ﬂQ R,
Wp .
P L ','
u " U
Correlation
rac wc !
wﬁ I’I
i 1] |!
u U
Contrast
Wp Q TQ
h
Energy
W
h
Entropy
D 0 EDp
h
Homogeneity o
. p Q Q
Dissimilarity -
WS Q
h
Cluster Shade i

"Y'Qed 7 wherel B

Cluster Prominence

"Y'QE6 ST where" B h
Maximum Probability & W
Inverse Difference Normalized B h - whered 60 . i
h h
Inverse Difference Moment Normalized & 60
. P S0
Information Measure of Correlationl O O
I A@0
Information Measure of Correlation2 p A@bg O o 7

Thesetextural features are subjected to exhaustive statistical analysis for optimal
selection of prominent RIFV providing better performance for DR severity

classification problem
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Statistical Feature selection

Feature descripte are represented using box l@ndfeature vectoreduction is
accomplished usingtest and ANOVA statistical tools from the SPSS packadé, [
212]. These testgprovide inferential significance to the extracted feature set by
analysing the mean value variation IFV. The statistical inference for a normally
distributed continuous set of data depends upon the hypothesis testirtnypokieesis
(Ho) for t-test is given byEq. (5.1) and the rejection of hypothesis is provided in Eq.
(5.2).

"0d, ‘ (5.1)
oD ‘ (5.2)

This hypothesis defined the GLCM feature set significance in terms of equality of
means ‘( for different DR severity grades. The null hypothesis of ANOVA test
signifies the deviationdf e at ur e s e.tNulhhypothesisrardétsrejection are
statel by Eq. (5.3) and Eq. (5.4) respectively.

(d (5.3)

0D, , (5.4)

The statistical relevance dANOVA and t-test are provided using significance
value p-value) of thetest thatshould provide a value less than 0.05 to prove any
feature statistically significant to reject the hypothesis. Optimum attribute selection
utilizing the SPSS statistical analysis tool resulted in prominent RIFV for effectual DR

severity classification.

Classifiers for DR severity grading

DR severity classification is the final stage of the proposed methodohagy
grades the NPDR severities into grade 0, 1, 2 anth8te are numerous classifiers
reported in the literature to attain better classificatmcuracy 23-27]. Efficient
Support Vector Machine (SVMk-Nearest Neighbour (KkNN) and Artificial Neural
Network (ANN) classifies detailed inChapter 1, are chosen for this research work to

accomplish DR severity grade classification.
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The SVM classifierfalls into the category of kernel based supervised machine
learning algorithms which are particularly designated to perform binary classification.
However, SVM can also be used effectively for ttioear classification problem.
During the training phase of SVM model, the training samples are mapped on the
basis of a decision boundary for each for the class separated by a hyperplane. Another
machine learning based classification approach used in this work is kNN classifier.
The kNN classikr is an instance based machine learning method that classifiers the
data samples based on the closest training example already present in the learned
feature space. The majority votes of the neighbourhood learned data samples decides
the class of the tesample. The test sample is assigned to that particular class which is
most common among itsrkeighbourgwhere k is a positive integeNN algorithms
is implemented using the Euclidian distance metritcate the knearest neighbours.

SVM is computéonally less complex algorithm than kNN and is easier to implement
as well as interpretBut, the SVM classifier has limited capabilities to interpret a
limited set of patternsAlternately,KNN provides effective outcomes for mudtiass
classification vhile providing a reduced misclassification ertdiN is able to find the
complex patterns also but the interpretation of its output is much challenging. Both
these algorithms are applied in this work to illustrate their classification and prediction
capaliities for binary as well as muttlass classificationANN supervised learning
algorithm is also utilized in this work due to its improved capabilities for different
classification and regression problems. ANN uses an inbuilt optimization process by
incorporating the backpropagation algorithm to achieve minimum error and
comparatively reduced¢omputational costThis leads to an improvement in the
classification performance of the network as compared to the other supervised learning
algorithms [2327].

The performance results are obtained for all of these classifiers and a comparison is
drawn toobservethe most significant classification outcomes for the DR classification

problem.
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5.4 RESULTS AND DISCUSSION

For the experimentation/A and HEM lesions after anomaly identification are
combined using the standamglidelines IFV is extracted for lesion candidates
belonging to the diseased class and-lesion candidates belonging to the non
diseased class. Ststical feature reduction strategy is applied utilizing SPSS statistical
analysis tool on IFV to reveal the statistical relevance of extracted feature set resulting
in RIFV. In the proposed work, the naoliseased and diseased DR stage classification
is accanplished by annotating the feature vector of-d@seased fundus images with 0
label and feature vector of diseased class with label 1 liable to the results obtained for
automated lesion discrimination along with annotated ground truths. The diseased
classis further graded into three different retinopathy grades; 1, 2, 3. Three different
classification cases are considered and the feature vector annotations considering

different cases of classification are specified in Talde 5.

Table 55: Annotations fodifferent classification cases

Classification Case 1 Classification Case 2 Classification Case 3
Grades Annotations Grades Annotations  Grades Annotations
Grade 0 0 Grade 0 0 Grade 0 0
Grade 1,2,3 1 Grade 1 and 2 1 Grade 1 1

Grade 3 2 Grade 2 2
Grade 3 3

The proposed system is assessed using MATLAB software considering the
benchmark MESSIDOR dataset for retinopathy grading evaluation and IDRID dataset
for performance validation. The 70%0% training/testing criteria is used partition
the complete arrangement of images to training set and testing set. The training set is
divided into 10 distinct classes and each of these subsets are trained against every
other (101) validation set for the kfbld cross validation scheme. Thalidation

strategy results in providing the favourable outcomes for the DR classification phase.

CHARU BHARDWAJ 143 JUIT, 2020



Diabetic Retinopathy Categorization and its Severity Grading

5.4.1 Statistical analysis

Statistical analysis of IFV is done to obtain a reduced optimal RIFV after feature
selection. IFV includes 14 GLCM features whose dia#ik significance is analysed
using box plotst-test and ANOVA descriptive statistical tests. The box plotsoaie
extracted features of GLCM are depicted in Figure 5.6.
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Figure 5.6. Box plots ofsomeextracted GLCM textural features

Thebox-plots for GLCM textural features shows their quartile ranges while point out
the outliers with dots indicated outside the quartile bIB5[ These outlier feature
values are not considered for feature selection process, thereby vyielding better
performance. The different quartile ranges of individual textural features imply their

importance for differentiating different DR severity grades.

Further, statistical feature selection is done usitggt and ANOVA which are based
upon hypothesis tests discadsin section 3.3 for the equality of means and
variances. The null hypothesis test presents thate is no considerable disparity
among GLCM features of diseased and-d@eased DR classes. Rejection of the null
hypothesis points to a significantffiégrence between diseased and -deased DR
classes. The outcomes obtained fdgest and ANOVA for the extracted IFV are
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summarized in Table 6.to distinguish between diseased and -dmeased DR

severity levels.

Table 56: Levene's test anitest for IFV set comprising GLCM features

t-test ANOVA

Features One-way ANOVA
Significance (2-tailed)
(Significant value)

Auto Correlation 0.000 0.001
Correlation 0.001 0.000
Contrast 0.001 0.001
ClusterShade 0.458 0.458
ClusterProminance 0.000 0.000
Energy 0.295 0.295
Entropy 0.017 0.017
Homogenity 0.000 0.001
InverseDiffNormalized 0.000 0.000
InverseDiffMoment 0.001 0.001
Dissimilarity 0.001 0.001
MaxProbability 0.000 0.001
InfoCorrl 0.000 0.000
InfoCorr2 0.001 0.001

The significancep-value) oft-test and ANOVA is presented in Tabl& Should be
less than 0.05 to reject the null hypothesis representing the presence of significant
disparity among means of diseased and-ciepased DR classes. From th&alue

significance test, 12 prominent features are selected for the classificatém ca

Two insignificant GLCM featuresluster shade, energiature indicatep-value
deviation to a greater value than 0.05 significant level indicative of more deviation
among the mean values. Therefore, RIFV chosen for the DR severity grade
classificaton consisting 12 GLCM features.
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5.4.2 Results forDR Severity Grade Classification

Both IFV and RIFV feature sets are used for the classification of DR severity to
observe the effect of both feature vectors in severity grading. After exhaustive
literature survey, the three classifiers utilized for severity grade classification are SVM
[23-25], KNN [112, 123, 15 and ANN Classifier 27-29] to obtain robust
performance demonstrating the practicability of the proposed HSG grading
framework. The fbowing subsections provide the results of classification cases

considered for DR severity grading utilizing the standard benchmark MESSIDOR and
IDRID datasets.

5.4.2.1Classification-Case 1

Classification case 1 categorizes the retinal fundmsages into no/DR
category comprising retinopathy Grade 0 images and DR affected category
including Grade 1, 2, 3 (collectively). Natiseased retinal fundus images are
separated from the diseased fundus images using different classifier combinations.
Classification performance is evaluated for Positive Prediction Value (PPV),
Sensitivity, Specificity and Accuracy. The results for all the performance indices
are computed for both IFV and RIFV sets.
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Table 5.7: Performance indices of HSG system for classificatase 1

GLCM Feature Sets IFV set RIFV set
Classifier SVM Classifier kNN ANN SVM kNN ANN
] Classifier classifier Classifier Classifier classifier
Indices

PPV 93.93% 98.91% 100% 97.06% 100% 100%
SN 93.93% 99.8M 80.80% 100% 100% 100%
SP 90.47% 99.9M 100% 95.23% 100% 100%
Acc. 92.60% 99.78% 90.71% 98.10% 100% 100%

PPV- Positive Prediction Value, 8- Sensitivity, - Specificity, Acc: Accuracy

Performance indices tabulated in Tablé &vealed the significance of feature
set reduction in classifier performance. Feature set reduction advances the
performance of SVM classifier improving the classification accuracy from 92.60%
to 98.10%. However, it should be noted that feature set iedudbes not affect
the performance of the kNN classifier, and 100% accuracy value is achieved for
both IFV and RIFV feature sets. In ANN classification, feature set reduction plays a
vital role with IFV set providing 80.8% sensitivity, 90.71% accuracyl 280%
specificity and PPV rateHowever, on the contrary, all the indices provide 100%
performance utilizing RIFV as the feature set disparities are removed after

removing insignificantly irrelevant features.

ROC curve and area under the curve computesotverall classification quality
to discriminate between the Nd&@iseased and Diseased classes. The ideal
classification outcome with no misclassification is seen at the top left corner of the
ROC curve. ROC performance curves for SVM, kNN, and ANN diassito
differentiate the NoiDiseased and Diseased stages are depicted in Figure 5.7, 5.8,

and 5.9, respectively.
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Figure 5.7: ROC curves for classificatieiCase 1 (a) SVM classifier using IFV, (b) SVilassifier
using RIFV

The AUC curve comparison provides the proper justification of classification
performance in terms of the true positive and false positive rate cut off points. SVM
classifier provides AUC of 0.99 for IFV and 1 for RIFV showing the ddpacy of

its performance on the feature set.
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Figure 5.8: ROC curves for classificatieiCase 1 (a) kNN classifier using IFV, (b) kNN classifier
using RIFV

However, kNN classifier performance is irrespective of feature selection
providing AUC of 1 using IFV as well as selected RIFV. Better classification

outcomes are obtained for KNN classifier utilizing both IFV and RIFV due to its
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dependency on Euclidearsthnce of knearest neighbours and not much on feature

selection.
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Figure 5.9: ROC curves for classificatioiCase 1 (a) ANN classifier using IFV, (b) ANN classifier
using RIFV

On the contrary, the performance of the ANN classifier is highly affected by the
feature selection process. It provides AUC of 0.84 and 1 for classification using
IFV and RIFV. The following suisections provide the DR severity grade

classification outconsefor case 2 and case 3.

5.4.2.2Classification-Case 2

In this classification case, grade 0 images are annotated as O class, grade 1 and
grade 2 severity levels collectively as individual category that is marked as class 1,
and grade 3 annotated as class Zadssidered as another severity category as
depicted in Table 5. The lesion properties of grade 1 and 2 comprising of mild
and moderate DR symptoms are similar and are less severe than grade 3 DR
abnormality. Therefore, in thidlassification case, they are treated collectively for
severity grade classification. The classificatzase 2 results considering both sets
of GLCM features; IFV and RIFV are tabulated in TabR 5.
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Table 58: Performance indices of HSG system forssléication Case 2

GLCM Feature Sets IFV set RIFV set
Classifier SVM kNN ANN SVM kNN ANN
Indices Classifier Classifier Classifier Classifier Classifier Classifier

PPVo 87.52% 100% 91.76% 100% 100% 96.32%

PPVx PPV1 86.65% 87.51% 93.81% 100% 100% 100%

PPV2.  95.85% 100% 100% 92.86%  96.29%  99.98%

SNo 100% 100% 91.41% 100% 100% 92.88%

SN1 92.88% 100% 86.23%  85.71%  92.86%  99.89%

SNk
SN2 88.45%  92.32% 100% 100% 100% 100%
SPo 97.52% 100% 100% 100% 100% 97.08%
. SP1 93.94%  93.95% 94.71% 100% 97.06%  99.99%
SP2 95.25% 100% 98.31%  90.47% 100% 100%
Acco 97.88% 100% 97.91% 100% 100% 97.87%
A Accy 93.63% 95.93% 97.65%  95.74%  97.87% 100%
CC.x

Acc 91.48%  95.74% 95.24%  95.74%  97.87%  97.86%

Overall Accuracy 91.52%  95.73%  95.35%  95.68% 97.90% 97.85%

PPV- Positive Prediction ValueSNx - Sensitivity SPx - Specificity, Accx i Accuracy x-(Severity Grading: 0,1,2)

For DR classificatiortase 2, the IFV offers accuracies of 91.52%, 95.73% and
95.35% forSVM, kNN and ANN classifiers respectively. Advancement in the
classifier performance is evident by adopting the feature set reduction strategy
while improving the accuracy outcomes to 95.68%, 97.90% and 97.85%
correspondingly for SVM, kNN and ANN classif'e kNN and ANN classifiers
provide comparable outcomes of all the performance indices justifying their

capabilities for no#linear classification problem.
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Classifier performance in terms of ROC curves is also computed to evaluate the

overall classificatia quality of case 2 foSVM, kNN, and ANN classifiers as

depicted in Figure 5.10.
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Figure 5.10:ROC curves foclassification Case 2 (a) SVM classifier using IFV, (b) SVM
classifier using RIFV, (c) kNN classifier using IFV, (d) kNN classifier using RIFV, (e) ANN

classifier using IFV, (f) ANN classifier using RIFV
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A complete justification of classification perfoance in terms ofrue positive
and false positive rate cut off points is provided by AUC curve assessment of SVM,
kNN, and ANN classifiers. AUC of 1 is observed for all the classifier combinations
using both IFV and RIFV sets. However, the dependencyassifier performance
on the feature set is provided by the deviation in true positive and false positive cut
off rates which are improved for RIFV. ANN classification approach provides
AUC of 1 for both the sets and an overlapping behaviour of the reagyeeating

characteristics is observed for RIFV evidencing the effect of feature selection.

5.4.2.3Classification-Case 3

Severity grade classification involved in classificat@ase 3 distinguishes
between different DR abnormality grades entir@gpending upon GLCM feature
space. Classificatienase 3 is introduced in the proposed system to categorize DR
into different abnormalities by separating grade 0, 1, 2 and 3 into individual classes.
Table 59 provides the performance indices comparingdiassification results for
SVM, kNN, and ANN using IFV and RIFV sets.
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Table 59: Performance indices of HSG system for classificat{tase 3

GLCM Feature Sets IFV set RIFV set
Classifier SVM kNN ANN SVM kNN ANN
Indices Classifier Classifier Classifier Classifier Classifier Classifier
PPVo 96.36% 96.90% 91.40% 98.07% 100% 97.10%
PPVL PPV1 85.71% 91.41% 100% 87.28% 91.71% 98.21%
PPV 95.00% 88.52% 79.31% 95.65% 100% 96.50%
PPV3 100% 79.21% 86.72% 89.47% 93.81% 100%
SNo 92.98% 91.40% 100% 89.47% 91.42% 100%
SN 96.00% 96.42% 87.31% 96.00% 100% 96.41%
SN« SNe 82.61% 88.51% 85.22% 95.65% 86.21% 96.50%
SNs 94.74% 93.91% 96.31% 89.47% 100% 100%
SP2 97.83% 99.11% 97.41% 98.91% 100% 99.11%
SPy 91.92% 94.71% 100% 92.93% 94.70% 98.92%
SR SP2 98.20% 97.62% 95.13% 97.62% 100% 99.20%
SPs3 100% 99.11% 96.72% 100% 98.31% 100%
Acco 95.97% 97.32% 97.91% 95.30% 97.91% 99.31%
Accy 93.29% 95.30% 94.60% 93.96% 96.63% 97.92%
Accx Accz 92.37% 95.90% 93.30% 97.31% 97.32% 98.61%
Accs 95.33% 97.91% 96.61% 98.66% 98.71% 100%
Overall Accuracy 91.20% 93.30% 91.30% 92.60% 95.30% 98.00%

PPV- Positive Prediction Value&SNx - Sensitivity SPx - Specificity Accx i Accuracy x-(Severity Grading: 0,1,2,3)
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The SVM classifier results in an accuracy of 91.20% for IFV, however, when
the RIFV is utilized the classifier accuracy increased to 92.60% providing better
performance. Accuracy, 93.30%; sensitivity, 92.51%; specificity, 97.62% and
positive prediction value, 89% are provided by kKNN classifier for IFV set, while
utilization of RIFV yields PPV, sensitivity, specificity and accuracy of 96.40%,
94.52%, 98.31% and 95.30% respectively. Accuracy of 91.30%, the sensitivity of
92.22%, the specificity of 97.31% and positive prediction value of 89.35% are
obtained for ANN classification folFV set and 97.90%, 98.21%, 99.31% and
98.00% of PPV, sensitivity, specificity and accuracy values respectively for RIFV.
ANN provides the optimal classification performance for statistically selected
RIFV set consisting of 12 GLCM features, as comparedthi® other two
classification approaches. These results depict the evident role of optimal
classification providing optimal performance for ANN classifier due to robustness

for nonlinear classification problems.

Figure 5.11 provide ROC performance curves for SVM, kNN, and ANN
classifiers showing the significance of true positive and false positive rate cut off
points for reduced feature set in accordance with originally extracted feature set.
For DR classificatiorcase 3, SVM classifier shows the performance dependency
on the feature set providing AUC of 0.89 for IFV and 0.99 for RIFV. The ROC
curves obtained for the KNN classifier for both IFV and RIFV feature sets provide
somewhat similar results as the targedssl is allocated while considering the
neighbourhood distance. On the contrary, the ROC curve results obtained for the
ANN classifier depicted in Figure 5.11 (e) and 5.11 (f) indicates the deviation in
AUC.
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Figure 5.11:ROC curves for classificatierCase 3 (a) SVM classifier using IFV, (b) SVM
classifier using RIFV, (c) kNN classifier using IFV, (d) kNMssifier using RIFV, (e) ANN
classifier using IFV, (f) ANN classifier using RIFV

The effect of feature selection shown in Figure 5.11 reveals that more area under
the ROC curve is obtained while utilizing RIFV set. A noteworthy percentage
improvement is noticed for the diagnosis of diabetic retinopathy utilizing RIFV,
which is depictedn Figure 5.12.
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Figure 5.12: Percentage improvement in classification performance of RIFV over IFV

The performance improvement of 1.53% and 2% is seen for SVM and kNN
classifiers after feature set reductidtowever, a significant improvement of more
than 6.70% is seen for ANN classification. The feature set disparities are removed
after the feature selection process providing weight adjustment flexibility to ANN

classifier as per application requirements.

5.5 VALIDATION AND COMPARATIVE ANALYSIS OF HSG SYSTEM

For the validation of HSG system, tl&test IDRID dataset(2018) is used to
improve its generalization capabilities. Tleénically relevantimages present in
IDRID are acquiredfterthe routine examinatioperformed ordiabeticpatients from

the year 2009 to 201 7The validation results are presented in the following section.

5.5.1 Performance validation of the proposed system employing IDRID dataset

The main aim of this work is DR severity gradirsg the proposed HSG system
is validatedfor classification case 3 utilizing IDRID dataset. For proper validation
of the proposed system, the same set of classifiers are used. This validation scheme
increases the samples and help ophthalmologists in tracking the appearance and
progression of theiseaseThe performance metric analysis of different classifiers
is given in Table 3.0 for SVM, kNN and ANN classifiers for severity grading into

3 classes.
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Table 510: Performance indices of HSG system for classificat@ase 3 utilizing IDRID dataset

Classifier IFV set RIFV set
Indices SVM kNN ANN SVM SVM kNN
PPVo 96.96% 96.96% 96.85% 94.12% 97.06% 93.15%
PPV1 91.38% 91.38% 89.12% 92.59% 93.10% 97.10%
PPV PPV2 88.46% 88.46% 91.43% 82.75% 88.46% 96..47%
PPV3 96.87% 96.87% 96.56% 96.87% 96.77% 88.74%
SNo 91.42% 91.42% 92.12% 91.42% 94.28% 98.28%
SN 96.36% 96.36% 96.45% 90.91% 98.18% 94.25%
SN SN2 88.46% 88.46% 89.47% 92.31% 88.46% 90.48%
SNs 93.93% 93.93% 94.04% 93.93% 90.91% 88.91%
SPo 99.12% 99.12% 98.99% 98.24% 99.12% 95.32%
SPy 94.68% 94.68% 94.78% 95.74% 95.74% 99.78%
SP SP; 97.56% 97.56% 97.67% 95.93% 97.56% 99.54%
SPs3 99.13% 99.13% 98.89% 99.13% 99.13% 97.25%
Acco 97.31% 97.31% 97.47% 96.64% 97.98% 96.88%
Accy 95.30% 95.30% 95.38% 93.96% 96.64% 97.74%
Acc. Acc 95.97% 95.97% 95.79% 95.30% 95.97% 95.57%
Accs 97.98% 97.98% 97.86% 97.98% 97.31% 97.38%
Overall Accuracy 90.60% 93.31% 93.76% 91.90% 94.00% 94.87%
AUC 0.95 0.98 0.99 0.97 0.99 1.00

PPV- Positive Prediction ValueSNx - SNsitivity, SPx - Specificity, Accx i Accuracy x-(Severity Grading: 0,1,2,3)
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The feasibility of proposed HSG system is obsenthAtbugh performance
evaluation with IDRID dataseand maximum accuracy of 94.87% is achieved for
ANN classifier while utilizing RIFV. The accuracy of SVM classifier rises from
90.60% to 91.90% and kNN classifier accuracy value improves from 93.31% to
94.00%, wherRIFV is used instead of IFV.
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Figure 5.13:ROC curves for HSG classificatio@ase 3 utilizing IDRiDdataset (a) SVM classifier
using IFV, (b) SVM classifier using RIFV, (c) kNN classifier using IFV, (d) KNN classifier using RIFV,
(e) ANN classifier using IFV, (f) ANN classifier using RIFV
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The AUC depicting the receiver operating characteristics for SVM, kNN, and ANN
classifiers utilizing IDRID dataset are shown in Figure 5.13. These curves signify the
feature selection dependency on the classifier performance. SVM and kNN classifiers
provide AUC of 0.95 and 0.98 for IFV which improves to 0.97 and 0.99 respectively,
utilizing RIFV. The ANN classifier yields AUC value of 0.99 for IFV and an
improvement is seen for RIFV providing AUC value ofThe preeminent attempts
have been made by ANN skification approach to addressd simplify the grading

capability of proposed framework yielding improved performance.

The proposed HSG system validation with IDRID datafeet accuracy and

computational timés depicted irFigure 5.14.
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Figure 5.14:Validation of the proposed HSG systadmterms of accuracy and computational tiwith
MESSIDOR and IDRID datasets

The assessment of MESSIDOR and IDRID datasets reveals that the kNN classifier
yields improved accuracy while maintaining less computational time. An evident
increase is seen in the performance of ANN classifier upholding adffidéth time.

The accuracyalue of 95.30% is achieved implementing kNN classifier, maintaining
0.73 seconds of computational time for training which is comparatively better than

SVM classifier yielding 92.60% accuracy at 1.13 seconds and ANN classifier with
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98.00% accuracy and &8seconds computational time, utilizing MESSIDOR

database.

The training of fundus images from IDRID dataset takes 2.51 seconds, 0.67 seconds
for training of kNN classifier and 1.10 seconds for SVM classifier training. It is
observed that a significant agacy improvement is evident upon exploiting ANN
classifier compensating to the computational time. The substantial improvement in the
system performance along with a traafé to the computation time rationalizes the
ANN classifier utilization for the cksification of DR severity. The proposed HSG
scheme delivers uniform results, regardless of dataset being utilized, thereby,

establishing its generality.

5.5.2 Comparative Analysis with other stateof-the-art methods

Various researchers have made seriattempts and came up with numerous
advancements in the field of automated DR classification to address diverse DR
abnormalities as well as severity grading. Thus, a comparative study of the proposed
system is done with the other existing methods. Talile iBustrates the comparison
of our proposed system with other severity grading systems using the same benchmark
MESSIDOR dataset.

Table 511: Comparison of different DR severity grading methods with the proposed HSG system

Dataset used Accuracy AUC
MESSIDOR
Technique

Seoudget al.(2015) [148] 74.10% 0.73
Navarro,et al. (2016) [25] 84.00%
Thammastitkul and Uyyanonvara (2016) 22 87.00% 0.85
Ragabet al.(2017) [27] 93.00%  0.87
Xiao, et al. (2019) [28] 90.50% 0.85
Proposed HSG system (ClassificatiolCase 3) 98.00%  0.99
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It was observed from the tabular comparison that the proposed approach
outperforms in terms of accuracy among the existing methods reported in the literature
using the same dataset. A maximum improvement of 32.25% from Sstcald,148
and minimum of 8.83% accuracy improvement from Xitcal [228] is evident from
the stateof-the-art methods. A costffective DR detection solution is obtained to
classify the fundus images into N@nseased as well as different abnormality grades
irrespective of FOV and resolution. The performance of our proposed framework of
HSG is validated utilizing IDRID dataset.

5.6 CONCLUSION

In this work, the HSG grading system for disease detection and DR severity
classification utilizing SVM, KNN, and ANNlassifiers was proposed. The level of
severity is classified as grade 0, 1, 2 and 3 based on the number of anomalies as
microaneurysms and haemorrhages. The exhaustive statistical analysis resulted in
RIFV feature set consisting of twelve major featuregiich provide better
classification results than the results obtained using original 14 featured IFV set. The
classification results are obtained for image attribute set as well as reduced attribute
sets to rationalize the importance of statistical amalysseverity grade classification
problem.Case 1 resulted in 98.10% accuracy values for SVM classifier employing
RIFV, alternatively 100% specificity, sensitivity, accuracy, and positive predictive
values after feature set reduction using KNN and AMMssifiers. The accuracy
values of 95.68%, 97.90% and 97.85% are observed for SVM, KNN and ANN
classifier respectively, utilizing RIFV fo€Case 2.Case 3 using RIFV with SVM
classifier provides 92.60% accuracy value and with KNN classifier, RIFV selsyiel

accuracy of 95.30%.

For DR severity grading, the proposed approach yields good classification results
for the ANN classifier for performance indices of accuracy, 98.00%; Sensitivity,
98.21%; Specificity, 99.31% and positive predictive value, 97.92%iz&tion of
RIFV vyields performance improvement of 1.53% and 2% for SVM and kNN
classifiers, consecutively providing a significant improvement of 6.70% using ANN

classifier.
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A noteworthy performance improvement is realized from the -stfatiec-art
compaison and a maximum improvement of 32.25% and minimum of 8.83%
accuracy improvement is evident. The validation on IDRID dataset suggests that the
proposed system provides improved performance regardless of dataset being utilized.
The proposed HSG framewogkovides an effective solution for DR prognosis and
screening by providing substantially improved performance of DR abnormalities
classification. This work is applicatiororiented and helpful in accurate DR
classification for effective diagnosis and timely treatment of severe retinal diseases.
This work can track the disease progression over time and is dedicated to the treatment
of DR. However aparfrom diabetic retinopathy, this work can also be applicable for
the diagnosis several retina related eye disordérs.next chapteiocuseson the use
of the deep learninbased approach for DR severity grade classification to combat the

challenges faakfor machine learning based classification.
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CHAPTER 6

ENSEMBLED TRANSFER LEARNING MODEL FOR DR
SEVERITY GRADING

6.1 INTRODUCTION

Fundus imagingased DR screening techniques are implemented widely because
of their simplicity, convenient acquisition, and improved lesion visibility. The gap
between highly professional ophthalmologists and the diabetic population has
widened which iniates the need for automated DR diagnosis systems. The obvious
symptoms of DR are not visible by naked eye, hence automatic DR detection is
required to analyze the pattern and characteristics of diabetic retingpathyHigh
clinical relevance of DR ctsification for better interpretation motivates many
researchers for designing automated diagnosis system.

In the recent years, machine learning provides various corpased alternative
solutions for automated DR classification and diagnosis. These dBt&ction
approaches use various techniques of feature extractiongdithering useful
information (handcrafted features) from fundus images. These handcrafted features
are extracted manually with variations in the visual characteristics of differemdesio
and must be robust to variations in different lesid@®H. [Automated DR screening
systems may adopt the handcrafted feature extraction approach for lesion
identification. It ensures that the lesions are detected in isolation as well as in
combination \ith other lesions, making patient referral to the ophthalmologist for
further assessment and accurate decision making. Machine learning algorithms
separates the classes of a classification problem based on the decision boundary and
activation functions. Tése algorithms cannot learn the decision boundaries for non
linear inputs and are not capable of learning all the functions limiting their capabilities
for solving the complex tasks. Also, the feature engineering module is integrated for
enhancing the p#@rmance of machine learning approaches is a-tiomsuming
process requiring strong expert domain knowledge. The features being utilized by the
machine learning algorithms are needed to be identified by the domain expert to

reduce the data complexity aleérn more output classification patterns.
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Deep learning has evolved as a breakthrough in order to automate the process of
feature engineering by involving feature learning in an incremental manner while

increasing the number of layers.

6.1.1 Deep Neural Netwaoks

Deep learning is an end to end problealving approach without breaking the
problem into different parts and then combining at the final stage, as in machine
learning. Deep Neural Network (DNN) based architectures have surpassed manual
grading system& many applications. For image classification tasks, Convolutional
Neural Network (CNN) has performed revolutionary and thus is being exploited for
DR diagnosis systems. This dkie to the facthat CNN model depends on huge
volume of data for ensuringrgper convergence without overfitting. The basic
functioning architecture of CNN model is depicted in Figure 6.1 comprising input
layer, stack of convolutiolayer, pooling layer, and fully connected layer followed by

the output layer.

=

Convolution
Input Layer Layer

\ Y )\ Y J

Feature Extraction Classification

Layer Fully

Connected Layer
Layer

Figure 6.1 A bast CNN architecture as feature extractor and classifier

Feature extraction is done from the input layer using group of convolution and
pooling layers. The convolution layers are implemented for makeGNN model to
learn deeper features. The initial éesy learn simple features such as edge, boundary
and curve information whereas the inner deep lalgas other complex features.
The last layerof CNN modellearnsfeatures for the classification of fundus image

into multiple DR grades. The feature vector obtained at the fully connected layer are
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further subjected to classification and the classifier results are obtained at the output
layer.

Unlike other machine learning amaches, CNMbased classification methods
provide superior performance due to their property of scale, rotation, and field of
view. This property makes it suitable for retinal fundus image based DR grading,
since acquired fundus images are of differenéssiand different fields of view. The
automated prognosis for referred retinopathy is important to manage the workload on
ophthalmologists by identifying patients who require significant eye care and specific
treatment [29]. Despite the many advances madeuse the convolutional neural
networks for DR diagnosis, these systems still persist challenges for clinical
applications. Some of these limitations are being addressed in this work using a

transfer learnindbased CNN approach.

6.1.2 Transfer Learning

A subsantial amount of time and a large dataset is required for deep neural
network training from scratch which is a complex task for medical dgnadiere
typically a limited amount of annotated data is accessible. Therefore, in this particular
domain, transfelearning plays a very significant role, allowing the use oft@med
architectures which were previously used for addressing the problems of similar
domain. Comparative to traditional task specific machine learning, transfer learning
allows the learnig of a new task based on the previously learned tasks making the
learning process faster and more accurate without needing much of the training data
[228-231]. The large datasets are used to train phetrained CNNnetworks on
distinct object categories.The most popular dataset used in the-tpgaed CNN
models utilized for transfer learning is ImageNet data®@®][that contains a huge
numberof images for training.

The algorithms based on deep learning approximates a function among input and
outputby random initialization of network parameters and gradual updation of these
parameters while minimizing the loss function. The algorithms used to deal with this
situation are variants of classical gradient descent algorithms, therefore, this type of
apprximation is referred to as gradient based learning. LeNet, one of the earliest
gradient based learning methods which was given by Letwal [34] in 1998 to
promote the development of deep learning for handwritten and machine printed

character recognitio This architecture emerges as initial CNN but was not popular
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due to the lack of hardware resources, especially Graphics Processing Units (GPUS).

With the advancement in technology, CNN became the finest choice for computer

vision applications and varisuCNN architectures have been built since 2012 till date.
There are various deep learning based sthtee-art architectures which are openly
shared for transfer learning across various domains. Figure 6.2 depicts the layered
architecture of few prrained CNN networks.
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Figure 6.2 Network architecture of different pteained CNN models

AlexNet [35], GoogleNet B6], ResNet [JF], VggNet [38], and Inception Networks
[39] are different CNN architectures which have been proposed for various

classification tasks. Transfer learning allows the training of differentrpimed CNN

models using image data and the classification outcomes are directly obtained from

the respective classification layers.
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Transfer learning concept is basically insgirgom the human capabilities of
transferring the knowledge to perform a task more economically and accurately. This
approach is particularly significant for dealing with the task specific application
having limited amount of labelled data. Therefore, thjgproach has a wide
applicability in image classification domain specifically in medical image processing.
The transfer learning concept can be accomplished either by using the process of data
mapping from various different domains to a common platfornbyrusing the
different domain samples while assigning individually different weights to them. The
generic features are detected by the initial layers of the CNN architecture and dataset

specific features are detected by the final layers.

The strategieBvolved in transfer learning involves:

i.  Utilization of the complete futuristic architecture for target application that has
been verified for its validity on various challenging datasets and training it
from scratch.

ii. Elimination of actual fully connecteldyers out from prérained model, fine
tuning the top network layers and while keeping the bottom layers frozen,
adding new classification layer that suits the target task.

iii. Removal of original fully connected layers and freeze the entire network for
using the CNN pretrained layers as feature extractor and then adding a
machine learning classifier like Support Vector Machif&/M) at the

network end.

This research work aims at examining the retinal fundus images to combat the
challenge of early DR detectioand provide a reliable solution to assist the
ophthalmologists with DR severity grading. In Chapter 5, the machine learning
methods were exploited for the DR detection and severity grade classification. These
methods employ feature engineering moduleextract clinically relevant features
from the fundus images by investigating settings with prior expert knowledge. To
remove the requirement of feature engineering module, deep learning function, subset
of machine learning is exploited in this chapter &sess its suitability for DR
classification due to its promising contribution towards medical image analysis.

The abovementioned gradient based transfer learning strategies are used in this

work to address DR classification problem and network perforenaatidation. For
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the detection of diseased and rdiseased DR classes, the statt¢he-art pretrained

CNN architectures have been utilized followed by the development of a new CNN
architecture for binary classificatiof.he most recent transfer leargilbased DR
diagnostic approach reported by Saranya and Prabakaran [179]gsiDfAdletection

and gradingby employing preprocessing and image resizing pipeline before
providing them to the CNN netwarkhis method provides better performance in
terms ofvarious performance metrices, thereby providing an efficient DR severity
grading solution.

DR severity grading is addressed by adopting two approaches: first one utilizes the
CNN pretrained layers are considered as feature extractor and SVM classifier is
implemented for DR severity classification. The second approach freezes the bottom
layers of prerained CNN network while the fine tuning of initial network layers
followed by the addition of DR severity classification layer at the end of the network.
The gradient based deep learning method identifies saliedel@ifeatures using its
capability of extending the previously acquired knowledge to the DR training dataset.
It reduces the generalization error by approximating and regularly updating the

nework parameters, thus utilized in this work.

6.2 GRADIENT BASED DEEP L EARNING M ETHODS

Deep learning models are the layered architectures which allows image feature
learning at different hierarchical layers that are associated with fully connagesd
to obtain the output. Gradient based deep learning has made considerable
improvement in tackling complex problems but on the cost of larger amount of data
and training time. However, the transfer of state of art deep learning networks
provides easyimplementation in various domains like computer vision, image
recognition, etc. Transfer learning allow the utilization of a-tpmaned network
without its final layer, facilitating feature extraction for a new domain task. For DR
classification problemthe main constraint is the availability of large amount of
annotated training samples per DR class. To address this issue gradient based transfer
learning approach is implemented. The standard MESSIDOR da48kétajve been
utilized to classify fundus images with high accuracy into various DR stages as

annotated by the experts.
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The detailed description of the dataset along with the different DR stages; non
diseased, mild, moderate and severe NPDR graded as@iadeand 3 respectively,
are provided in Chapter 1. In this work, firained network for DR classification
problem through transfer learning is employed. This section provides gradient based
transfer learning implementation of different fr@ned moded along with the

computations involved solve the DR classification problem.

6.2.1 Conventional CNN models

CNNs have been designated to address several corvmiter challenges like
image recognition and classification, audio classification and natural lamguag
processing tasks. The rise of CNN based deep learning approaches for image
classification initiated in 2012 by the introduction AiexNet [35]. Since then, the
usage of CNN for image recognition and classification has increased and various
other architetures like GoogleNet3p], ResNet [J], VGGNet [38] and Inception
Networks B9] were introduced to provide improved accuracy and eliminate the need

for feature engineering in image classification problem.

I. AlexNet
Alexnet [35] is an eight layered architeece in which first five layers are a stack
of convolutional and max pooling layers, followed by the three subsequent fully
connected layers. The complete description of filter size, stride and number of
filters in each layer is provided in Table 6.1. A\t accepts the input image of

sizeas expressed by Eq. (6.1).

O w 6 <¢C¢XGGgXxo (6.1)

whereHz is the heightW is the width andC; refers to channel number associated

with theinput image.
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The first convolutional layer comprises kf= 96 filters of FxF = 11x11 size,
stride §) = 4 and paddingp] = 0. Therefore, oput size of convolutional filter is
calculated using Eq. (6.2).

o~z s "0 O 0 . ® O ¢b L
010 ——— p h o —— P vvhé TQ
T . T .
w0 % p vuhg % p vuhd we
060N M w 6 vVLULL W (6.2)

The number of trainable parameters calculated using the weight informaiign (
and the biasd ) is expressed by Eqg. (6.3or filter sizeF = 11, number of filters
k =96 and number of channdls= 3.

®@ O 6 mwead W

06 &Y OQETNNA®E Qo Qi 6
(6.3)
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Max pooling layer is the second layer of architegtwisose output size depends
upon the output of the preceding convolutional laifekW>xC2> = 55x55x96 with
pooling filter sizeFxF=3x3 and strided) =3 given by Eq. (6.4).

¢ — pho —— pHO 6
. VU O . VU O .
0 p hw phO we
C S
DOONE@ME £ alBANIO w O X ¢X WO (6.4)
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Since the pooling layer computes a fixed function, no trainable parameters are
present in this layer. The output size, traingtdeameters of other convolutional
and the output size of pooling layers are computed using the -atenvoned
equations (Eq. (6.1) to E¢6.4)).

The output size of fully connected layers is a vector of length equal to the amount

of neurons present in éhcorresponding layerThe amount of parameters are

computed using Eq. (6.5).

For (O = 6x6) output size of the previous layde=256) filters present in previous
layer and { = 4096) neurons present in fully connected layer, weight Y and

bias @ ) are computed as:
W 6 Q0 @ CULUOT TTWE & 0 TTWE
00 ORI QX0 TA5d diiéet ¢ QOO QRIw® 6  (6.5)

w o thpoet mweo K vhiyolg O GG o Qi i

Similarly, the output sizes and parameters of other layefexiNet pretrained

model are computed and are presented in Table 6.1.
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Table 6.1 Layer wise description of network parameters in AlexNet architecture

Layer Index Type Learnables Output Size  Parameters

Filter Size Stride Number of Filters
/ Pooling type

0 Input data (227%227x3) -----

1 Convolution Layer 1 (11x11) 4 96 (55%x55%x96) 34,944

2 Pooling Layer 1 (3%x3) 2 Max Pool (27x27%x96)  -----

3 Convolution Layer 2 (5%5) 1 256 (27x27x256) 6,14,656
4 Pooling Layer 2 (3%3) 2 Max Pool (13%13x256) -----

5 Convolution Layer 3 (3%x3) 1 384 (13x13x384) 8,85,120
6 Convolution Layer 4 (3x3) 1 384 (13x13x384) 13,27,488
7 Convolution Layer 5 (3%x3) 1 256 (13x13x256) 8,84,992

8 Pooling Layer 5 (3x3) 2 Max Pool (6x6x256)  -----

9 Fully Connected Layer € ----- - 4096 (1x1x4096) 37,752,832
10 Fully Connected Layer i ----- - 4096 (1x1x4096) 16,781,312
11 Fully Connected Layer ¢ ----- - 1000 (1x1x1000) 4,097,000

For this particular transfer learning based application, the final fully connected
layer is replaced with the 4 categories of DR severities-diggased, mild,
moderate and severe DR, thereby reducing the parameters of the Fully Connected
layer 8 (FC8) from 4,097,000 to 16,388.

The parameters evaluated for performance evaluation of theapred models
are training time-elapsed by convolution neural network, accuracy and -cross
entropy loss. The percentage of correctly predicting the test data utilizing the
trained model is observedroin accuracy. The crossntropy loss evaluates
classification model performance ramg in between 0 to 1. Accuracy should be
maximized and crossntropy loss should be minimized for a perfect classification
case.

A fixed epoch size of 20 and number of iterations are kept constant to 200 for
the complete computation. The observed outcdimeaccuracy, timelapsed, and

crossentropy loss are represented in Table 6.2.
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Table 6.2 Time-elapsed, accuracy and crasgtropy losgperformance for AlexNet

Epoch Iterations Time Elapsed Accuracy CrossEntropy Loss
1 1 00:00:02 50.11% 0.7912
2 20 00:00:19 52.34% 0.7852
3 30 00:00:47 50.11% 0.7791
4 40 00:01:31 61.47% 0.7696
5 50 00:02:43 52.34% 0.7581
6 60 00:03:47 65.59% 0.7558
7 70 00:04:59 65.59% 0.7489
8 80 00:05:09 51.47% 0.7378
9 90 00:06:38 55.58% 0.7231
10 100 00:07:56 58.93% 0.7152
11 110 00:08:48 61.47% 0.7112
12 120 00:09:52 61.47% 0.7052
13 130 00:10:16 65.59% 0.7001
14 140 00:11:26 68.95% 0.6996
15 150 00:12:06 68.95% 0.6981
16 160 00:13:22 71.24% 0.6858
17 170 00:14:56 71.24% 0.6805
18 180 00:15:05 73.33% 0.6782
19 190 00:16:19 73.33% 0.6768
20 200 00:17:04 73.33% 0.6763

Table 6.2 depicts performance statistics of Alexnet model providing the
maximum accuracy of 73.33%. The total computation time of 17 minutes 04
seconds was taken foretwork training. The further increase of epoch size
beyond this point does not show any significant improvement in the accuracy
value. Crossentropy loss value also reduces at every epoch and the minimum of
0.6763 at 20th epoch.

The reduced depth and learg rate of AlexNet architecture during the training
process is a disadvantage of this network, which leads to the introduction of

GoogleNet that builds a dense network roughly twice as deeper as AlexNet.
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ii. GoogleNet

GoogleNet B6] is the manifestation of the Inception architecture that allows
increasing number of units for every stage without affecting computational
efficiency. The network is 22 layers deep and having the input size of 227x227x3.
The detailed description of filtesize, stride and number of filters of each layer is
provided in Table 6.3 along with the output size of each layer. The network
parameters are computed for the entire architecture in the similar way as done for
AlexNet using Eq. (6.1) Eq. (6.4).

Table 6.3: Layer wise description of network parameters in GoogleNet Architecture

Layer Type Learnables Output Size  Parameters

Index Filter ~ Stride  Number of

Size Filters
/ Pooling type

0 Inputdata  ----m e e (227%227%x3)  -----

1 Convolution Layer 1 (7x7) 2 64 (112x112x64) 27,000

2 Pooling Layer 1 (3%x3) 2 Max Pool (56x56%x64)  -----

3 Convolution Layer 2 (3%x3) 1 192 (56x56x192) 112,000

4 Pooling Layer 2 (3x3) 2 Max Pool (28x28%x192)  -----

5 Inception 3a) - - - (28x28x256) 159,000

6 Inception 3b) - —em e (28x28x480) 380,000

7 Pooling Layer 3 (3%3) 2 Max Pool (14%x14x480) -----

8 Inception Module (4a) - = - - (14x14x512) 364,000

9 Inception Module (4b) - - - (14x14x512) 437,000

10 Inception Module (4c) - = - - (14x14x512) 463,000

11 Inception Module (4d)  ----- = - - (14x14x528) 580,000

12 Inception Module (4e)  -—--- = - e (14x14x832) 840,000

13 Pooling Layer 4 (3%x3) 2 Max Pool (7x7%x832) = -—---

14 Inception Module (5a)  ----- = - - (7x7%x832) 1,072,000

15 Inception Module (5b)  -----  —--- - (7x7%x1024) 1,388,000

16 Pooling Layer 5 (3x3) 2 Average Pool (1x1x1024)  -----

17 Dropout Layer ~ ----- e e (1x1x1024)  -----

18 Fully Connected ----- = == e (1x1x1000) 1,000,000
Layer

19 Softmax Layer - - e (1x1x1000)  -----
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For DR classification, the final softmax layer of the network is replaced with the
4 DR severitycategories. The parameter evaluation of transfer learning utilizing
GoogleNet prdrained model, for measuring time elapsed, accuracy and-cross
entropy loss by keeping the values of epoch size and iterations constant is shown in
Table 6.4.

Table 6.4 Time-elapsed, accuracy and crassropy loss performance f@oogleNet

Epoch Iterations Time Elapsed Accuracy Cross-Entropy Loss
1 1 00:00:34 51.51% 0.7891
2 20 00:01:17 53.21% 0.7782
3 30 00:01:57 53.21% 0.7721
4 40 00:02:31 51.51% 0.7685
5 50 00:03:45 55.34% 0.7643
6 60 00:04:43 55.34% 0.7589
7 70 00:06:47 57.71% 0.7523
8 80 00:08:59 57.71% 0.7484
9 90 00:10:09 58.81% 0.7431
10 100 00:12:38 58.81% 0.7394
11 110 00:14:56 61.21% 0.7291
12 120 00:15:48 58.81% 0.7262
13 130 00:16:52 62.56% 0.7189
14 140 00:17:16 62.56% 0.7145
15 150 00:18:26 63.89% 0.7034
16 160 00:19:06 63.89% 0.7022
17 170 00:20:22 64.52% 0.6987
18 180 00:21:56 64.52% 0.6952
19 190 00:22:05 65.56% 0.6879
20 200 00:23:51 65.56% 0.6864

The tabularepresentation reveals that the total 23 minutes 51 seconds of time is
elapsed for the network training and maximum accuracy of 65.56% is maintained
by the GoogleNet model. The cresstropy reduction is also observed 0.6864 at

20" epoch which is the mimum loss value for this architecture.

GoogleNet provides lower error rate as compared to other CNN derivatives but
the accuracy value saturates while building a deeper network. ResNet is an

alternative for this problem which uses the gated skip connection
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iii. ResNet
ResNet B7] takes the advantage of increasing network depth while using the
gated skip connections and batch nor mali

for generalization.

Table 6.5:Layer wise description of network parameters in Resiufti@cture

Layer Type Learnables Output Size  Parameters
Index Filter Stride  Number of Filters
Size / Pooling type
0 Input data (227x227%x3)  -----
1 Convolution Layer 1 (7x7) 2 64 (112x112x64) 9,472
2 Pooling Layer 1 (3%x3) 2 Max Pool (56x56%x64)  -----
3 Convolution Layer 2 (3x3) 1 64 (56x56%x64) 38,928
4 Convolution Layer 3 (3x3) 1 64 (56x56%x64) 38,928
5 Convolution Layer 4 (3x3) 1 64 (56x56%x64) 38,928
6 Convolution Layer 5 (3x3) 1 64 (56x56%x64) 38,928
7 Convolution Layer 6 (3x3) 1 64 (56x56%x64) 38,928
8 Convolution Layer 7 (3x3) 1 64 (56x56%x64) 38,928
9 Pooling Layer 1 (3x3) 2 Max Pool (56x56%x64)  -----
10 Convolution Layer 8 (3%x3) 1 128 (28x28x128) 147,584
11 Convolution Layer 9 (3%x3) 1 128 (28x28x128) 147,584
12 Convolution Layer 10 (3%x3) 1 128 (28x28x128) 147,584
13 Convolution Layer 11 (3%x3) 1 128 (28x28x128) 147,584
14 Convolution Layer 12 (3x3) 1 128 (28x28x128) 147,584
15 Convolution Layer 13 (3x3) 1 128 (28x28x128) 147,584
16 Convolution Layer 14 (3%3) 1 128 (28x28x128) 147,584
17 Convolution Layer 15 (3%3) 1 128 (28x28x128) 147,584
18 Pooling Layer 1 (3x3) 2 Max Pool (28x28%x128)  -----
19 Convolution Layer 16 (3x3) 1 256 (14x14x256) 590,080
20 Convolution Layer 17 (3x3) 1 256 (14x14x256) 590,080
21 Convolution Layer 18 (3x3) 1 256 (14x14x256) 590,080
22 Convolution Layer 19 (3%3) 1 256 (14x14x256) 590,080
23 Convolution Layer 20 (3%3) 1 256 (14x14x256) 590,080
24 Convolution Layer 21 (3%3) 1 256 (14x14x256) 590,080
25 Convolution Layer 22 (3%3) 1 256 (14x14x256) 590,080
26 Convolution Layer 23 (3x3) 1 256 (14x14x256) 590,080
27 Convolution Layer 24 (3%x3) 1 256 (14x14x256) 590,080
28 Convolution Layer 25 (3x3) 1 256 (14x14x256) 590,080
29 Convolution Layer 26 (3x3) 1 256 (14x14x256) 590,080
30 Convolution Layer 27 (3%3) 1 256 (14x14x256) 590,080
31 Pooling Layer 1 (3%3) 2 Max Pool (14%x14x256)  -----
32 Convolution Layer 28 (3%3) 1 512 (7x7%x512) 2,359,808
33 Convolution Layer 29 (3%3) 1 512 (7x7%x512) 2,359,808
34 Convolution Layer 30 (3x3) 1 512 (7x7%x512) 2,359,808
33 Convolution Layer 31 (3x3) 1 512 (7x7%x512) 2,359,808
34 Convolution Layer 32 (3x3) 1 512 (7x7%x512) 2,359,808
35 Convolution Layer 33 (3x3) 1 512 (7x7%x512) 2,359,808
36 Pooling Layer2 - - 2048/Average (1x1x2048)  -----
Pooling
37 Fully Connected Layer 1 ----- - 1000 (1x1x1000) 513,000
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The layerwise depiction of theetwork is represented in Table 6.5 illustrating
the layer indexing, type, size of filter and filter count, stride, output size and
amount of parameters. The generalization capabilities and powerful representation
of ResNet have boosted its applications various image recognition and
classification tasks. It comprises of 60 million trainable parameters with gated
connections and the transfexarning is performed by replacing the last fully
connected layers with DR classification categories. The vari@formance
parameters evaluated for ResNet model are tabulated in Table 6.6.

Table 6.6 Time-elapsed, accuracy and crassropy loss performance fResNet

Epoch Iterations Time Elapsed Accuracy CrossEntropy Loss
1 1 00:00:56 50.08% 0.7832
2 20 00:02:43 52.78% 0.7753
3 30 00:03:38 53.25% 0.7732
4 40 00:04:55 50.08% 0.7623
5 50 00:06:44 52.78% 0.7604
6 60 00:07:38 55.44% 0.7596
7 70 00:09:47 57.42% 0.7558
8 80 00:11:29 57.42% 0.7498
9 90 00:13:56 58.11% 0.7475
10 100 00:15:46 58.11% 0.7442
11 110 00:16:49 61.45% 0.7237
12 120 00:17:53 61.45% 0.7221
13 130 00:18:42 62.69% 0.7157
14 140 00:19:36 62.69% 0.7138
15 150 00:21:08 63.93% 0.7098
16 160 00:23:42 63.93% 0.7041
17 170 00:24:36 64.87% 0.6982
18 180 00:25:51 64.87% 0.6976
19 190 00:26:06 65.78% 0.6862
20 200 00:27:46 65.83% 0.6841
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From the observations it is found that maximum of 65.83% accuracy is achieved
with reduction of 0.6841 in crosmtropy loss for 20th epoch and 200th iteration.
The measured timef 27 minutes 26 secondselapsedor network training.

ResNet architecturss deeper but somewhat complex, therefore, VggNet came
into existence due to its simpler implementation while maintaining the increased
depth.

iv.  VggNe

This network has simple implementation utilizing the same filter siz&x8f
throughout the architectureh@& input size of 224x224x3 is accepted by VggNet
[38] and the detailing of filter size, stride and the count of filters for each layer is
provided inTable 6.7. The number of parameters and output size are calculated in
similar way as done for AlexNet which are tabulated in the following table.

Table 6.7 Layer wise description of network parameters in VggNetthitecture

Layer Type Learnables Output Size ~ Parameters

Index Filter Size Stride No. of Filters

/ Pooling type

0 Inputdata - e e (224%224%x3)  -----

1 Convolution Layer 1 (3%3) 1 64 (224x224%x64) 1,792

3 Convolution Layer 2 (3x3) 1 64 (112x112x64) 36,928

4 Pooling Layer 1 (3x3) 2 Max Pool (112x112x64) -----

5 Convolution Layer 3 (3%x3) 1 128 (112x112%x128) 73,856

6 Convolution Layer 4 (3x3) 1 128 (112x112x128) 147,584
4 Pooling Layer 2 (3x3) 2 Max Pool (112x112%128) -----

7 Convolution Layer 5 (3%3) 1 256 (56x56x256) 295,168
8 Convolution Layer 6 (3%3) 1 256 (56x56x256) 590,080
9 Convolution Layer 7 (3%3) 1 256 (56x56x256) 590,080
10 Pooling Layer 3 (3%3) 2 Max Pool (56x56x256)  -----

11 Convolution Layer 8 (3x3) 1 512 (28x28x512) 1,180,160
12 Convolution Layer 9 (3x3) 1 512 (28x28x512) 2,359,808
13 Convolution Layer 10  (3%3) 1 512 (28x28x512) 2,359,808
14 Pooling Layer 4 (3%3) 2 Max Pool (28x28x512)  -----

15 Convolution Layer 11  (3x3) 1 512 (14x14x512) 2,359,808
16 Convolution Layer 12 (3x3) 1 512 (14x14x512) 2,359,808
17 Convolution Layer 13 (3x3) 1 512 (14x14x512) 2,359,808
18 Pooling Layer 5 (3%3) 2 Max Pool (7x7x512) -

19 Fully Connected Layer € ----- - 4096 (1x1x4096) 102,764,544
20 Fully Connected Layer i ----- - 4096 (1x1x4096) 16,781,312
21 Fully Connected Layer ¢ ----- - 1000 (1x1x1000) 4,097,000
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VggNetl6 consists of 138 million parameters providimgroved performance
with simpler implementation. The fundus images for DR classification are
subjected to input layer of pteained network and the final layers deteresrthe
classification features. The network performance indices are observiBoheas
elapsed, accuracy and the cressropy loss while maintaining constant epoch size
and iterations. Table 6.8 provides the tabular representation of performance

outcomes obtained for VggNet16 model.

Table 6.8 Time-elapsed, accuracy and crasgropy bssVggNet16

Epoch Iterations Time Elapsed Accuracy Cross-Entropy Loss
1 1 00:00:55 55.56% 0.6928
2 20 00:02:19 55.56% 0.6914
3 30 00:03:57 56.67% 0.6895
4 40 00:05:31 56.67% 0.6921
5 50 00:06:05 57.78% 0.6846
6 60 00:06:43 58.89% 0.6874
7 70 00:05:17 60.00% 0.6887
8 80 00:05:59 66.67% 0.6882
9 90 00:06:09 66.67% 0.6901
10 100 00:07:18 73.33% 0.6838
11 110 00:07:56 73.33% 0.6818
12 120 00:08:48 81.90% 0.6830
13 130 00:09:52 82.50% 0.6912
14 140 00:10:04 82.50% 0.6853
15 150 00:10:56 83.67% 0.6794
16 160 00:11:06 84.14% 0.6859
17 170 00:12:22 85.87% 0.6786
18 180 00:13:53 85.87% 0.6594
19 190 00:14:85 87.50% 0.6495
20 200 00:15:16 87.50% 0.6394

The performance statistics of VggNet model provides the maximum accuracy of
87.50% consuming a total computation time of 15 minutes 16 seconds for network
training. It was also observed that the cresfopy loss value reduces at every

epoch with minimunof 0.6394 crosentropy loss at 20th epoch.
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