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Abstract— Diabetic retinopathy (DR) is one of the major
sight threatening diseases which can even causddindness
among working age people. In this paper we areofng to
analyze the computer based fundus image of the Diates
mellitus (DM) patient in order to determine whether the person
is affected by DR or not and also identify the sevigy level of the
DR. The Morphological Algorithm has been implementedin
order to perform image processing of the given fungs image.
The support vector machine classifier is used for th
classification of the severity level of the diseasnd identify the
successive stages of the diseases. After detettof blood
vessel, Microaneurysms and exudates, we can clagsithe
groups as either affected or normal depending on th count of
detected blood vessel,
Classification can be used to grade the DR into tee stages as
normal DR, mild DR and severe DR.

Index Terms— Diabetic
support vector machine, SVM

retinopathy, Diabetes mellitus,

I. INTRODUCTION

Diabetic Retinopathy is a major complication thabetic
patients which may cause blindness to the workeyujation
of people around the world. The disease can begréped
only by monitoring the patient’s retinal changegrbgresses
gradually so that the treatment becomes complicatedi
nearly impossible which lead to inevitable visiosg if it is
unnoticed for a long time. Diabetic retinopathy urscwhen
there is damage in the blood vessels that nousshes and
nerve cells in the retina. Regular screening obelies can
lessen the risk of blindness in the patients byaado50%.
Diabetic retinopathy is caused mainly due to diebstuch as
diabetes mellitus and diabetes insepidous. It isveay
asymptomatic disease which will not be able to ctedering
the early stages and it could lead to permanerdrvisss if
untreated for long time.

The stages of diabetic retinopathy are classifirgd Non
proliferative diabetic retinopathy (NPDR) and pieilative
retinopathy (PDR). NPDR is the starting stage oditiatic
retinopathy. It is a micro vascular complicationdiébetes
mellitus that may even lead to vision loss. In tidse, at least
one microaneurysm with or without the presenceetihal

haemorrhages or hard exudates or cotton wool spots

venous loops may be present in the retina. Microgisens
are the first clinical abnormalities which are t® foticed in
the eye. They might appear like isolation or clisis very
small, dark red spots or looks like tiny hemorrtsagéhin the

Microaneurysms and exudates.

light sensitive retina. Depending on the availapibf the
features including retinal hemorrhages,
microaneurysms or cotton wools spots occurs diieakage
of fluid and blood in the blood vessels, NPDR iassified
into i) mild, ii) moderate and iii) severe. In miNPDR,

microaneurysms will be like a small area of balldi&a

swellings in the tiny retinal blood vessels. As tfisease
progresses, some blood vessels that nourish ihe reill get
blocked and this stage is called Moderate NPDR. fdt

stage is Severe NPDR during which enormous amofint o

blood vessels will get blocked.

The primary sign of diabetic retinopathy is exudatd
diabetic retinopathy is detected at an early st#yen the
blindness of diabetic patients can be preventeerd lare
various approaches for detection of exudates iatia
retinopathy. In this paper we have developed
morphology-based system for detection of whetheptitient
has the diabetic retinopathy or not. The Naive Bayassifier
has been used for the classification of the disbased on the
severity level.

Il. DIABETIC RETINOPATHYDETECTIONSYSTEM

The detection of Diabetic Retinopathy is a fullyaunated
system. Input to this system is a fundus image hvigca
detected part of human eye that can be seen ththagiupil.

hard exagjat

The fundus image is not uniform and suffers from

non-uniform illumination, lighting variations, poaontrast
and noise so pre-processing is used to get betteits. The
proposed method consists of three fundamental ,péijs
pre-processing, in which an gray image is obtafrad green
channel, background normalization, image binamzatind
contrast enhancement (2) feature extraction
microaneurysms based on its circularity and ametection
of exudates and hemorrhages (3) Classification coase
count, thereby we can grade the severity.

of
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Algorithm used: The algorithm used in this process i
Morphological Algorithm. It is useful to extract age
components that are useful in the representatioshape of
the region such as boundaries extracted, skeletmmsex
hull, morphological filtering, thinning and pruning

Ill. PREPROCESSING
The main aim of pre-processing is to attenuateniise,

Sthrough noise based on area. Two threshold values

be ready for feature extraction.

IV. FEATUREEXTRACTION

Objective of Feature Extraction is to extract theohl vessels,
Microaneurysms and exudates present in the prespsed
image. The features such area, centroid, perimeter,
orientation, filled area, Eccentricity, Equiv diatee Pixel list
are used to determine the threshold value of the

icroaneurysms, Hemorrhages and exudates.

icro aneurysms are dark reddish in color, theyeapms

mall red dots of 10 to 100 microns diameter aedcacular
in shape. Exudates are yellow-white patches ofingryizes
and shapes. After the image has been pre-procdbksed
candidate microaneurysms and exudates are segmevited
and blood vessels both appear in a reddish cotbeandates
are the yellow patches. MAs and exudates cannairome
blood vessels. Blood vessels are large in area aed
connected component, that can be identified from &4
exudates based on area.
In order to remove blood vessels, objects havieg areater
than the threshold value are eliminated. The résizige may
include microaneurysms, exudates and some noisehveine
unconnected vessels and other particles in fundage. MAs
are circular 10-100 microns diameter in size andlates are
larger in size, thus MAs and exudates can be ifieti

decided based on experimentation to remove noigectsb
having area greater and lesser than MAs and exaidate

The MAs will be circular in shape, it can be idéati from
noise and it is irregular in shape and then theaneimg
exudates are identified. Based on the major andmairis, it

is possible to eliminate the noise having same a®a
microaneurysms but are elongated in shape. At last,
microaneurysms are detected based on its perinaeter

improve the contrast and correct the non-uniformjrcylarity. The exudates are identified they afér@gular

illumination. In RGB image processing, the greearstel

exhibit the best contrast between the vessels aokigbound
while the red and blue ones tend to be noisier.cEameen
channel is used for further processing.

The next step is to convert a green channel imatgeai gray
scale image, as the retinal blood vessels will appark in
the gray image. All the features like blood vessklés etc

get hidden in the background and they will not kesaidy

visible. Thus the Normalization and contrast enkament is
used to improve the quality of image. The Normaiorais

performed by eliminating an approximate backgrotnath

the gray image. An adaptive Histogram Equalizatien
applied for contrast enhancement. Darker regionkiding

vessels, MAs, exudates and noise will become damhiiter

contrast enhancement. The gray threshold is seletde
determine the blood vessels, Microaneurysms andaggzs.
The last step in the preprocessing is binarizatibhe

candidate vessels, MAs and exudates are binarigetibg

multi- level thresholding technique. A correct ttield value
is very crucial, because smaller threshold valug imduces
more noise and higher threshold value may causes db
some fine vessels. After preprocessing the outpage will

shapes and are the yellow patches. The exudatethare
brighter region, while the microaneursym are dar&ed
smaller region.

V. CLASSIFICATION

After detection of blood vessel, Microaneurysms and
exudates they can be classified either as disemsadrmal
depending on the count of detected blood vessel,
Microaneurysms and exudates. The Support vectohimac
classifier has been used in this system for ckaghé DR
based on severity grade. Classification can be tsegade
the DR into three stages as normal DR, mild DR sawkre
DR.

Naive Bayes:Naive Bayes method is a set of supervised
learning algorithms based on application of Bayas With
“naive”, assuming the independence between eacleaeny
pair of features. Given a class variaplend a dependent
feature vectorsF'1 throughTn Bayes' theorem states the
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following relationship: lesions containing spurious regions and the coomdipng
blood vascular pattern.

Ply| o1 ) = P[yj}j;f:1 I. I. : :;tjl y)

Using naive independence assumption, we can ashamne

Plaily o1 ooricnovicte o) = Plaily),

for all #, this relationship is simplified to

Piy) [Tiey Plri ] y)
P(-Tl- v ~-3'nj|

sinceP (1. .. . Tn)is constant for the given input,
we can use the foIIowmg classmcatlon rule:

{y|'rl~----3n rxPl[y H-PH
I

i = Hld}{F HP11|y

and we can use Maximum A Posterlorl (MAP) estimatio

o estimate?” () and” (i | y]; the former is the relative
frequency of clas# in the training set.

The different Naive Baye’s classifier differs mainlue to
the assumptions they make regarding the distributio
ot (xi | )

Despite their apparently over-simplified assumpion
Naive Baye’s classifier has worked well in mangl+eorld
situations, especially in document classificatiord aspam
filtering. They require a small amount of trainidgta to
estimate the necessary parameters.

Advantages:

» Easy to implement.
» Good results obtained in most of the cases.
» More quicker.

Ply|ryo. . cop) =

VI. RESULTANALYSIS

To validate our analysis, we have to implement @loo
vessel segmentation in retinal image by using MABLand
by performing a serious of simulation based expenits to
test its effectiveness.

The figurel describes the input image obtainednfro
MESSIDOR dataset. Smoothening of the input image is
shown in figure2. In RGB image processing, the gree
channel exhibit the best contrast between the isssel
background. So, it is necessary to filter greemnkhfrom
the smoothened image and convert a green chanagéimto
a gray scale image and it is shown in figure3.

In figure4, Normalization and contrast enhancenien
done to improve the quality of image.

In order to properly segment the enhanced blosdele
segments in the matched filter response imagesffacative
thresholding is to be done to filter gray enhanoedge at
different angles, it is shown in figure5.

The figure6 and figure7 describes the segmentdd re

The figure8 describes the grey scale image ofidatel

lesions after the elimination of blood vessels.

Figure 2 : Input image

Figure 3 : Smooth image

”~

Figure 4 : Green channel image
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Figure 6 : Filtered image at different angles(4®®, 135°, 180°)

Figure 7 : Segmented red lesions

Figure 8 : Segmented blood vascular pattern

a) Figure 9 : Candidate lesions after vessel
elimination

VII. CONCLUSION

In this system we propose a screening detectidbialbetic
retinopathy using fundus image in order to deteemhether
the person is affected by DR or not and its seyémitel. The
proposed technique allows analyzing more imagad
characterizes many more properties of the nakti
vasculature. The threshold value of the Microansmsy
Hemorrhages and exudates are done using the various
features such as area, centroid, pixel list, oaitson,
perimeter, filled area and eccentricity. The dfasgtion of
the severity level into various grade are done siggiNaive
Bayes classifier by the obtained threshold valude T
demonstrated effectiveness, together with imphkcity
makes this adaptable system for early dialetinopathy
detection and prevent the blindness.
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