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Abstract:  

Diabetes related eye disease is growing a major health concern worldwide. Diabetic 

retinopathy is a ninfirmity due to higher level of glucose in the retinal capillaries, resulting in 

cloudy vision and blindness eventually. With regular screening, pathology  can   be  detected   

in   the  instigating  stage and if intervened within time medication could prevent further 

deterioration. This paper reviews an automated diagnosis system to recognize retinal blood 

vessels, and pathologies, such as exudates and micro aneurysms together with certain texture 

properties using image processing techniques. These anatomical and texture features are then 

fed into a classifiers like support vector machine and multiclass up port vector machine(SVM) 

for classifying it into normal, mild, moderate, severe and proliferative categories and their 

performance is compared. Advantages include, it processes quickly  a large collection of 

fundus images obtained from massscreening which lessens cost and increases efficiency for  

ophthalmologists. 

 

Keywords: Diabetic retinopathy, retinal vessel extraction, exudates, microaneurysms, 

multiclass SVM. 

 

 

 

1. INTRODUCTION 

 

Vascular anomalies in the microvasculature of retina due to complication of diabetes 

are called diabeticretinopathy (DR). Due to high prevalence of retinopathy one out of every 

five diabetics with newly diagnosed diabetes will also show symptoms of retinopathy. DR is 

of two type- Type 1and Type 2 where in India a rampant rise in Type 2 diabetes was reported 

by World Health Organization (WHO) [1]. The premature signs of retinal degeneration arise 

from capillarywall breakdown, seen on the fundus as small red dots calledvessel 

microaneurysms (MAs). Besides this serum lipidleaking from the damaged vessels get 

precipitated as bright yellow lesions called hard exudates. As a result a white fluffyopaque 

lesion known as soft exudates or cotton wool spots is formed along the nerve fiber layer. Up 

to this it is known asnon-proliferative diabetic retinopathy (NPDR). Extensive starvation for 

oxygen due to severe occlusions generates new fragile vessels. This is called proliferative 

diabetic retinopathy(PDR) which highly threatens visibility [2]. Periodic screening of eye will 

help in preventing the pathology at an early stagebut the process of DR screening system is 

an arduous effort. Thus, there is surge demand for impeccable medical systems that can 

screen a collection of images to detect early signs ofretinopathy with least expense. 
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Fig. 1. Sample digital fundus image with DR 

All the earlier retinal vessel segmentation methods in fundus images were classified into 

three- thresholding, tracking and machine trained classifiers [3]-[5]. Chutatape et al. [6] 

identified exudates using a combination of finding seeds, edge detection and region growing. 

Niemeijer et al. [7]distinguished bright lesions from colour retinal images by classifying 

pixels using a probability map. In [8] presented automated exudates detection based on 

computation a lintelligence technique and fuzzy c-means clustering wherefeature vectors are 

classified using multilayer neural network. Mizutani et al. [9] detected MAs based on double 

ring filter in non-contrast images of the retinal fundus. Later red dots weredetected using 

mathematical morphological black top hat and their features estimated by SVM classifier 

[10]. Then a twostage approach was suggested for MA based on Radon transformation 

without the need of explicit training [11]. Antalet al. [12] realized an ensemble-based 

framework to improve micro aneurysm detection using preprocessing methods and candidate 

extractors. 

 

This paper focuses on the automated detection of DR by extracting features in a 

fundus using morphological operations .Out of the extracted features, few are selected on the 

basis of significance test and trained with the multiclass SVM built on one against all 

approach. Then multiclass SVM organizes the images into normal, mild, moderate, severe 

and or proliferative categories. Work organized as, Section II describes the feature extraction, 

feature selection and Section III describes SVM and multiclass SVM classifier. 

 

2. METHODOLOGY 

 

Fig. 2. Block diagram of the automated diagnosis system of DR 

2.1. Pre-Processing 

In order to correct aberrations due to uneven illumination pre-processing phase is 

carried out. From the input color image, the green channel image is preferred for further 
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processes because of its better contrast. The contrast of the fundus  image tends to be bright 

in the centre and diminish atthe side, hence preprocessing is essential to minimize this effect 

and have a more uniform image. After converting the green channel image to grayscale 

image contrast enhancement is made with the help of contrast limited adaptive histogram 

equalization (CLAHE). 

 

2.2. Blood Vessel Detection 

 

Blood vessel extraction is a key process for the identification of DR. Let (I1) be the 

one time CLAHE applied image of green channel image of Fig 4(a). We apply the 

morphological opening operator (Φ) on (I1) with a ball-shaped structuring element (SE) of 

fixed radius eight (B8) since with disk histogram is not smooth (Eq. (2)) to remove small 

noise to get the final image (I2) 

 

I2 = Φ B8 (I1)                                      (1) 

 

Optic disk removed image (I3) is obtained by subtracting (I2)from (I1) i.e. (I3) = (I1) - (I2). 

Image (I3) is then binarized by considering 0.10 as threshold which is based on histogram 

analysis. There may be some noise in the binary image. To reduce the noise connected 

component analysis is used on (I3) and finally obtains the blood vessel image (I4). Fig (1) is 

onceagain applied with CLAHE thrice and thresholding to give another blood vessel image 

(I5). Meanwhile Fig (1) color fundus image is converted into gray-scale using Craig’sformula 

in Eq. (2). Let I6 be the transformed grayscale imageof Fig 4(a), 

 

I6 = 0.3 × R+ 0.59 × G+ 0.11 ×B(2) 

Later optic disk is detected by finding the maximumintensity pixels in (I6). A mask is created 

around the optic diskand added to (I5). Radius taken for the mask was 90. After this(I4) and 

(I5) are compared using AND operation and the noisesare removed. Final blood vessel image 

is obtained byremoving the circular border which is created using cannyedge detection and 

morphological opening operation. 

 

2.3. Exudates Detection 

 

As they appear as bright yellow-white deposits on the retinatheir shape and size will 

vary with different retinopathy stages.To start exudate detection we start with gray scale 

image(I6).To eliminate the blood vessels we apply a gray-scalemorphological closing 

operator (Ψ) on intensity adjusted (I6)with the similar SE of fixed size radius ten (B10) and 

obtain(I7) as the final image. 

 

(I7) = Ψ B10 (I6)(3) 

 

For closing operation, radius of the SE depends on the maximum radius of the blood vessels. 

As it has been observed that in most of the fundus images of size 1500 x 1152, the maximum 

size of the radius is within 10 pixels and it hasguided us to. Later exudate area is detected 

using column wise neighbourhood operation which processes (I7) by rearranging each M x N 

block of (I7) into a column of a temporary matrix(I8). This operation is performed to remove 

most of the unwanted artifacts leaving only the border, exudates and the optic disc. In our 

experiment block size was taken as 6x6.Image (I8) is then binarized by considering 0.45 as 

threshold. The region of exudates is detected and after subtracting the border and optical disk 
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to give image (I9). Then operator (Ψ) is used to expand the exudates region and remove the 

noise persisting after column filtering, resulting in (I10). On the other side once again (I6) is 

applied with CLAHE and non-exudatesare identified using threshold value of 0.85 to give 

(I11). After this (I10) and (I11) are compared using AND operation and todetect the exudates. 

 

2.4. Microaneurysms Detection 

 

The most challenging part in the DR detection is theisolation of MAs which is done as 

(I1) taken and applied withcanny edge detection to give image (I12). Later circular borderis 

subtracted from (I12) and background pixel filling is used toobtain (I13) resulting in initial 

MAs detected image (I14). 

(I14) = (I13) − (I12)(4) 

 

Then remaining large area is found and subtracted from (I14)to exclude the large area noise 

resulting in (I15). Meanwhile the green channel image is twice contrast enhanced and 

binarizedby considering 0.7 as threshold to give (I16). After this (I15) and (I16) are compared 

using AND operation to obtain the exudates removed image (I17). The same twice contrast 

enhanced green channel image is binarized with 0.3 as threshold to give (I18).Then (I17) and 

(I18) are compared using AND operation toobtain the vasculature removed image (I19). 

Finally microaneurysms are obtained by subtracting the optical disk. 

 

 

                                          (a)                  (b)                  (c)           (d) 

Fig. 3. Illustration of blood vessel detection (a) Input image. (b) Optic disk removed image. 

(c) Image with mask after removing noise (d) Final output. 

 

                                            (a)                (b)             (c)               (d) 

Fig. 4. Illustration of exudate detection (a) Input image. (b) Intensity adjusted grayscale 

image.(c) Morphological closing.(d) After column filtering. 

 

                                           (a)                 (b)               (c)              (d) 

Fig. 5. Illustration of microaneurysm detection (a) Input image. (b) After column filtering. (c) 

Region of exudates without optic disk. (d) Final MAs. 
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2.5. Feature Extraction 

The detection of blood vessels is very important in identification of diabetic 

retinopathy through image processing approach. Much has been written about the detection 

of vessels retinal images. Morphological image processing techniques were widely used in 

the detection of blood vessels [6].We work on the green channel of the RGB color space, 

because blood containing features appear most contrasted in this channel. Preprocessing the 

images uses the said above methods, include extraction of ROI, brightness equalization and 

contrast adjustment. Then we used the morphological operation to smoothen the background, 

allowing veins, to beseen clearly. Disc structuring element (SE) and opening operation were 

used in this work. The shape and size of SE isset according to image structures that are to be 

extracted andSE determined by prior knowledge through visuallyexamining images. After the 

series of operations, thebackground of the processed image is not as noisy as the original 

image and the veins can be seen clearer. The area ofthe features is determined by 

thresholding the image makingthe background black and the features white. The maximum-

between-clusters-variance method chooses thethreshold to convert a grayscale image to 

binary. We used the opening operation again to erase the noise in the binary image. At last 

the area is the number of white pixels. 

 

3. CLASSIFICATION 

3.1 SVM Classifier 

In the recent years, SVM classifiers have demonstrated excellent performance in a variety 

of pattern recognition problems. The input space is mapped into a high dimensional feature 

space. Then the hyper plane that maximizes the margin of separation between classes is 

constructed. The points that lieclosest to the decision surface are called support vectors and 

directly affect its location. When the classes are non separable, the optimal hyperplane is the 

one that minimizes the probability of classification error. 

 

 
Fig. 6. Optimal Hyperplane, maximizing margin and suppor Vectors 

 

General method of construction of the Optimal Hyperplane which separates from the data 

belonging to two different classes linearly separable is as follows: That is tosay wT x+b=0the 

hyperplane which satisfies the following condition. 
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yi ( w
T 

xi + b) ≥ 1,              i=1,2,……,n(5) 

 

The solution for the optimum boundary * w is a linearcombination of a subset of the 

training data, the supportvectors. These support vectors define the margin edges.If 

class(X )is lower than 0, X is in the class -1, if not it isin the class 1. 

The typical kernel functions are listed below: 

 LinearK(x,x') =x.x' 

 PolynomialK(x,x') =  [ σ (x.x') +1]
d

 

 Gaussian K(x,x') = exp[-σ ||x .x'  ||
2
]  

 SigmoidK(x,x') =tanh( σ(x.x')+c)  

 

With the origin, the SVM were conceived primarily forthe problems with 2 classes, however 

several approaches making it possible to extend this algorithm to the cases N classes were 

proposed. Generalization in the case multiclasses can be done in three different ways, they are 

one-against-one SVM, one-against-all SVM and global method. 

In this work, to test the robustness of the SV Mmulti-classes in the case of automated 

detection of diabetic retinopathy, we used the approaches: one-against-all. In both cases, a 

Gaussian core was used for discrimination with a bandwidth. The parameter of penalization C 

was fixed at a sufficiently high value so that the error of training remains weak (C=1000). 

 

3.2  Multiclass SVM Classifier 

 

The basic function of binary SVM is to find the hyper-plane that best separates 

vectors from both classes in feature space at the same time maximizing the distance from 

each class to the hyperplane [14]. Let the separating hyperplane be defined byx. w +b=0, 

where w is its normal. For linearly separable datalabeled { xi , yi }, xi 
Nd

, 

yi = {-1,1}, i = 1 , .. , N, 

 theoptimum boundary chosen with maximal margin criterion isfound by minimizing the 

objective function;  

E=| | w||
2

 

 

(xi.w +b)yi ≥  1,forall i.                     (6) 

 

The solution for the optimum boundary w0 is a linear combination of a subset of the training 

data, s{1 … N}: the support vectors. These support vectors define the margin edges and 

satisfy the equality ( xs.w0+b )ys 1. Data may be classified by computing the sign of (x.w0 

b).Generally, the data are not separable and the inequality in equation can not be satisfied. 

In this case, a “slack” variable ؏I that represents the amount by which each point is 

misclassified is introduced. To allow for nonlinear decision surfaces, the training data may be 

projected into a high-dimensional spaceH through a mapping function ϕ, or ϕ: Rq →H. An 

input data point x can be represented as ϕ(x) in the high-dimensional space H. The expensive 

computation of (ϕ(x) · ϕ(xi)) in a high-dimension space is reduced by a positive definite 

kernel, 

 

(ϕ(x) · ϕ(xi)) = k(x, xi)                      (7) 

 

Two main approaches are used for multiclass classificationusing SVM, “one-against-all” and 

“one-against-one” [15]. Inthis paper “one-against-all” approach is implemented with aset of 
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binary classifiers, each of them trained to separate one class from the remaining. This is done 

by allocating each pixel to the class for which the largest decision value was calculated. With 

this approach after solving (8), for a case xi there are q decision functions, where q is the 

number of classes, 

 

(wi)T ϕ(x) + bj, where j = 1. . . . . q(8) 

 

For each of the q analyses, this allocation indicates that the particular case is either belongs to 

class under consideration ortry for the rest of classes. The training process analyzes training 

data to find an optimal way to classify images into their respective classes. Hence the training 

data set should be statistically significant. 

 

4. PERFORMANCE MEASURE 

The features such as blood vessels area, hard exudates area, contrast and homogeneity 

corresponding to three classes were extracted using the proposed algorithms. The results of 

the SVM classification  gives Accuracy of 93.3%, sensitivity of 90% and specificity of 100%. 

The results demonstrated here indicate that the system can help the ophthalmologist to detect 

diabetes retinopathy at the early stage.1. Two databases were manually assigned into 

categories representing the progressive states of retinopathy: normal, mild, moderate and 

severe non-proliferative, and proliferative. The images of DIARETDB1 were divided into 

training (28images) and test sets (61 images); whereas the images ofDIARETDB0 were 

divided into training (42 images) and test sets (88 images). After training the multiclass SVM 

classifier with the training data set, entire algorithm was run on two datasets using a PC with 

an Intel i3 Processor and 2 GB RAM. The results of the Multiclass SVM classification gives 

Accuracy of 96%, sensitivity of 90% and specificity of 94.3%. 

 

Table 1: Performance measure of the classifiers. 

Performance Accuracy 

(%) 

Specificity 

(%) 

Sensitivity 

(%) 

SVM 93.3 100 90 

Multiclass 

SVM 

96 94.3 90 

 

 

5. CONCLUSION 

In this work we have reviewed a computer-based system to identify normal, NPDR and 

PDR. The two classifiers demonstrated different classification accuracy, sensitivity and 

specificity. The results demonstrated here indicate that the system can help the 

ophthalmologist to detect diabetes retinopathy at the early stage. Multiclass SVM gives more 

accuracy than SVM but less specificity and sensitivity. 
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