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Abstract 

Edge detection is one of the most frequently 

used techniques in digital image processing. An 

Edgein an image is a significant local change in the 

imageintensity, usually associated with a 

discontinuity in eitherthe image intensity. Edges 

detection is a problem offundamental importance in 

object extraction as itreduces image data and detects 

the object which isrequired. Edges identify object 

boundaries and aredetected through changes in gray 

level above a particularthreshold. A Diabetic 

retinopathy is a very recent method of finding the 

level of acid secretion in the eye whiles the person 

having diabetics in their body. The edgedetection is 

mainly applicable in case of datatransmission; in that 

case the detected edge data reducethe amount of data 

to be transmitted. The experimental results show that 

our method achieves 91% in sensi-tivity and 92% in 

positive prediction value (PPV), which both 

outperform the state of the art methods significantly.  

Keywords –Retinopathy, Diabetics, Android, SVM 

Classifiers, Digital Image Processing.  

 

I. Introduction: 

Retinopathy is a condition profound in diabetic 

patients, which contributes to 5% of the total 

blindness globally [1]. If the exudates are not 

diagnosed earlier, it may lead to complete blindness 

by the accumulation of exudates in the fundus oculi. 

Frequent screening procedure is necessary to detect 

early condition of DR [2]. A major limitation faced 

by the clinicians is screening a large number of 

images, which is very expensive and also open to 

human error. In order to solve this problem a 

Computer Aided Diagnosis (CAD) is necessary to 

identify the stages of DR. The aim of this work is to 

develop CAD system to differentiate the abnormal 

images from the normal fundus images and also 

grade the abnormal images as mild moderate and 

severe. 

1.1 Eye and Retina 

The eye is located in the orbit, a cavity in the skull. It 

is connected to the brain via nerve fibres, which join 

in the optic nerve as shown in fig.1. The fundus of 

the eye is composed of three layers: sclera, choroid 

and retina. The retina is located in the inner surface 

of the eye. It is a transparent and thin layer (less than 

0.5mm of thickness) but it is the most complex 

structure in the eye. It contains millions of 

photoreceptors that capture light rays and convert 

them into electrical impulses. These impulses travel 

along the optic nerve to the brain where they are 

converted into images. 

 

Fig.1. Retinal image with Exudate occurence 

There are two types of photoreceptors in the retina: 

rods and cones, named after their shape [3]. Many 

retinal blood vessels supply the nutrients (oxygen 

and other components) to the inner and outer layer of 

the retina. The inner layer accounts for a smaller 

portion of the vessels (~ 35%), which are visible 

from the vitreous humour in common fundus images. 

The vessels in the outer layer are the source of ~ 
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65% of nutrients for the retina, and they are rarely 

visible in fundus images since they are situated in the 

choroid (situated at the back of the retina). 

1.2 Retina Imaging Techniques 

An eye fundus image is taken by a “fundus camera”, 

which is a specialized microscope with an attached 

camera. A typical fundus camera views 30 to 50 

degrees of retinal area, with a magnification of 2:5 

[4]. The observation light goes through a series of 

lenses, and enters the eye through the cornea onto 

the retina. The reflected light from the retina goes 

back to the microscope and the camera captures the 

image immediately. An example of fundus camera is 

shown in Fig. 3. Blood vessels come into the retina 

through the optic disc. This point is also known as 

the blind spot, because it doesn’t contain 

photoreceptor cells. In eye fundus images, the optic 

disc appears as a white ellipse. In the direction from 

optic disc to the temple is the fovea. This is the more 

light sensitive area in the eye. The macula contains 

no vessels, and appears generally as a dark region. 

Optic disc and macula are two reference points in 

fundus images. Their position reveals basic 

information, for example, the left or right eye. Given 

the limited angle of fundus cameras, only a part of 

the retina is captured in each image. The diagnosis 

protocol of diabetic retinopathy states that the 

diagnosis should include at least two fundus images 

of 45° per eye, one macula centred, and another optic 

disc centred. 

 

Fig.2. Colour digital fundus camera 

 Apart from colour digital fundus cameras, 

Abramoff et al. [5] add the following imaging 

modalities to a broader category of fundus imaging: 

 Stereo fundus photography: at the same time 

two or more view angles of the fundus are acquired 

by this instrument. This allows the perception of the 

depth by the ophthalmologist. 

 Hyperspectral imaging: it is a fundus camera 

that does not employ the visible light only, but can 

select specific wavelength bands. This allows 

particular applications such as oximetry, the 

quantification of oxygen levels in the bloodstream.  

 Fluorescein Angiography (FA): is a fundus 

image of the photons emitted by a contrast agent 

injected in the patient’s blood stream. Fluorescein or 

indocyanine green fluorophore are the agents 

typically used.The other imaging technique that is 

becoming increasingly important is Optical 

Coherence Tomography (OCT). OCT is a non-

destructive imaging technique that uses 

interferometry techniques to measure the time of 

flight of the light backscattering through the retina. 

By rapidly scanning the eye, it can acquire an in vivo 

representation of the anatomic layers within the 

retina. Because of that it can be used to diagnose 

diseases such as DME, AMD and Glaucoma with 

generally a greater precision than with a simple 

fundus image [6]. Fig. 2.4 shows an example of a 

“retina slice” that can be acquired with these 

instruments. However, DR cannot be directly 

diagnosed because the vessels and many other key 

features of the retina are invisible in this modality 

(even if it is possible to algorithmically infer the 

location of the vasculature by employing the visible 

shadows as shown by Niemeijer et al. [7]. Other 

drawbacks of this modality are: the steeper learning 

curve to use the instrument than a colour fundus 

camera, the greater acquisition time required to 

acquire a Field Of View (FOV) comparable to a 

fundus camera and the substantially higher cost. 
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1.3 Abnormalities due to DR 

DR is one of the top five causes leading to blindness, 

and is the first cause of blindness for people less than 

50 years old [8]. It is a complication of diabetes with 

a very complex pathogenesis. Most of the time, it has 

no early warning signs. Diabetic patients are 

required to undergo regular eye screening. During 

the screening process digital retinal images are 

captured by trained individuals. This can be a very 

time consuming and costly task. This grading system 

for DR would be quicker, thus allowing patients to 

receive results as soon as possible hence minimising 

anxiety and also ensuring referrals to the hospital eye 

service [9]. New vessels can cause the vitreous to 

separate from retina. If the vessels bleed, a massive 

hemorrhage may cause sudden visual loss. The 

detection and diagnosis of diabetic retinopathy in the 

early stage can help to tremendously slow the 

degeneration [10]. At this stage of the disease, 

lesions such as microaneurysms and hemorrhages 

are likely to be present. Thus an automatic detection 

of these lesions can help to make the diagnosis of 

diabetic retinopathy easier, better and more reliable. 

Three main lesions are concerned in this work, and 

presented in the following: 

 Microaneurysms: dilations of the venous end of 

retinal capillaries, of variable size, mostly between 

10 and 100µm, but not above 125µm. In color retinal 

images, they appear like little dark red dots (or dark 

dots in the green channel) detached from blood 

vessels. They are the first sign of diabetic 

retinopathy as in fig.3 (a). 

 Hemorrhages: blood leaks within the retina. 

They can appear anywhere in the retina, with any 

size and shape. There are many kinds of 

haemorrhages such as dot haemorrhages, blot 

haemorrhages, flame haemorrhages. In color retinal 

images, haemorrhages appear like dark red regions. 

The smallest haemorrhages are very similar to 

microaneurysms. 

 Exudates: accumulations of lipidic deposits 

within the retina. They appear yellow in colour 

retinal images (or as bright regions in the green 

channel) as in fig.3 (b).  

 

 

 

 

 

 

 

 

Fig.3.(a) Microaneurysm Fig.3.(b) Exudate 

  

Diabetic Retinopathy (DR) is one of the leading 

causes of visual impairment in the developed world. 

It is provoked by complications of diabetes mellitus. 

The aim of the screening programs is to detect 

potentially sight threatening diseases, sufficiently 

early to allow timely and effective treatment [11]. 

The estimated prevalence of diabetes is forecasted to 

increase from 171 million in 2000 to 336 million in 

2030. There is consequently considerable interest in 

the potential of automated retinal image analysis, to 

mitigate this projected increase in the screening 

workload Furthermore, it would result in economic 

benefits for public health systems, since cost 

effective treatments associated with early illness 

detection leads to remarkable cost savings [12]. 

 

2. Methodology 

In order to monitor the affected level of DR 

condition a grading classification algorithm is 

necessary. A set of standard graded fundus images 

are collected from ophthalmologist which are graded 

according to the level of retinopathy condition. It 

spans into four classes no DR condition or normal, 

mild DR, moderate DR and severe DR. The ability to 

detect abnormalities in fundus images due to DR 

leads to the formulation of a system which can 
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generate diagnosis without human interventions. The 

automatic screening system is trained to classify the 

fundus images similar to the classified image as that 

of ophthalmologist.  In a real time environment there 

are many aspects which affects the grading of the 

image and results in error output. For this reason a 

pre-processing step is performed for correct 

diagnosis. The pre-processing step comprises of 

green channel extraction, image enhancement by 

adjusting the contrast value, vessel central light 

reflex removal, background homogenization and 

vessel enhancement for vessel segmentation. It is 

found that SVM classifier is more accurate and 

exhibit high performance. The classifier classifies 

the fundus images as normal, mild, moderate and 

severe [13]. The images and the severity of DR are 

transferred to the physician by mail which can be 

viewed in his mobile phone. The algorithm is tested 

at a remote location of 25Km away from the Aravind 

Eye Hospital, Coimbatore and the results are viewed 

by the vitro surgeon through his mobile phone.  

 

3. Feature Extraction 

A completely random distribution would have very 

high entropy because it represents disorder. Solid 

tone image would have an entropy value of 0.  

4. Classification 

Classification helps to identify the classes with 

similar features. GLCM features such as correlation, 

cluster shade, dissimilarity, and entropy are 

extracted. Based on the features the classifier 

classifies the images as normal, mild, moderate and 

severe. The classifier is selected by testing different 

classifier performances [15]. The classifiers Support 

Vector Machine (SVM), multilayer network Scaled 

Conjugate Gradient – Back Propagation Network 

(SCG-BPN) and Generalized Regression Network 

(GRN), Probabilistic Neural Network (PNN), Radial 

Basis Network (RBF) are tested and found SVM 

classifier is more accurate and have high 

performance.    

4.1 Support Vector Machine 

 SVMs are efficient learning approaches for 

training classifiers based on several functions like 

polynomial functions, radial basis functions, neural 

networks etc. SVM is a linear classifier that maps the 

points into the space with separate categories such 

that they have wider space with a clear gap in 

between. A hyper-plane is chosen to classify the data 

[14]. The separating hyper-plane must satisfy the 

constraints. 

𝑦𝑖  𝑤. 𝑥𝑖 + 𝑏 ≥ 1 − 𝜉𝑖 , 𝜉𝑖 ≥ 0                                 

(6) 

Where 

w = the weight vector 

b = the bias 

𝜉𝑖=The slack variable 

 

The SVM requires the parameters such as the kernel 

function and the regularization parameter C. In this 

work Radial Basis Function (RBF) kernel function is 

used.  

4.2 Back Propagation Neural Network 

BPN is the predominantly used supervised artificial 

neural network. The structure consists of three-layers 

and selection of the architecture is crucial before 

beginning a process [16]. An input vector is required 

and the corresponding desired output is necessary.  

The input is propagated forward through the network 

to compute the output vector. The output vector is 

compared with the desired output and errors are 

determined [17]. The process is repeated until the 

errors are minimized. The weight values are updated 

based on the difference value. During the training 

phase, the weights of the network performance are 
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iteratively adjusted to minimize the network 

performance function. 

E= (𝑇 − 𝑌)2                                                     (7) 

Where T is the target vector, Y is the output vector. 

The SCG-BPN is designed to reduce the time 

consumption and to reduce the complexity of the 

algorithm. 

4.3 Generalized Regression Network 

It is a radial basis function that is often used for 

functional approximation.  The use of this network is 

especially due to its ability to the underlying 

function of the data with only few training data 

available [18]. The probability density function used 

in GRN is the normal distribution. Each training 

sample Xj, is used as the mean of a normal 

distribution. 

 

4.4 Convolution 

The convolution at a point is the product of two 

function that occurs when the leading edge of the 

moving pulse is at that point. When actually taking 

the convolution of two function, one function is 

flipped with respect to the independent variable 

before shifting Kernels are typically 3x3 square 

matrices that is in sobel operator 3x3 matrix is used, 

although kernels of size 2x2, 4x4, and 5x5 are 

also used. The values stored in the kernel directly 

relate to the results of applying the filter, and filters 

are characterized solely by their kernel matrix. The 

output is a new modified filtered image. A 

convolution is done bymultiplying a pixel’s and its 

neighboring pixels color value by a matrix. 

Differently sized kernels containing different 

patterns of numbers produce different results under 

convolution [19]. The size of a kernel is arbitrary 

but3x3 is often used. 

5. Conclusion  

Early detection of DR can be effective in preventing 

blindness. The proposed approach is designed for the 

detection of exudates to diagnose DR. The entropy 

based segmentation method segments the exudates 

precisely and clearly.  The SVM classifier gives 

better accuracy and performance compared to SCG-

BPN, GRN, PNN, and RBF. This automated system 

can filter out the exudate images and thereby reduces 

the burden on ophthalmologist in classifying the 

exudate images manually. It further classifies the 

given input image as normal, mild DR, moderate DR 

and severe DR. This provides the patients to get 

treated according to their severity level. The results 

are also sent to the physician’s e-mail which can be 

viewed by him in his desktop or mobile phone. This 

work mainly reduces the time consumption needed 

for the diagnosis of mass screening processes.   
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