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ABSTRACT 

 In this research article, a brief insight into the detection of DR in human eyes using different 
types of preprocessing & segmentation techniques is being presented. Here we address the detection of 

Hemorrhages and micro aneurysms in color fundus images. In pre-Processing we separate red, green, 

blue color channel from the retinal images. The green channel will pass to the further process. The 
green color plane was used in the analysis since it shows the best contrast between the vessels and the 

background retina. Then we extract the GLCM (Gray Level Co-Occurrence Matrix) feature.  In the 

GLCMs, several statistics information is derived using the different formulas. These statistics provide 

information about the texture of an image.  Such as Energy, Entropy, Dissimilarity, Contrast, Inverse 
difference, correlation Homogeneity, Auto correlation, Cluster Shade Cluster Prominence, Maximum 

probability, Sum of Squares will be calculated for texture image. After feature Extraction, we provide 

this feature to classifier. Finally it will predict about the retinal whether it is hemorrhages or 
microaneurysms . After predicting the about the retinal image we will localize the affected place. For 

segmenting the localized place we will use  segmentation. One of the important organ of the human 

being is the eye. It has to be noted that if the eyes are not there, then the whole world would be dark & 
the human life even though it is existing will be a waste. Different types of the diseases occurs in the 

eyes. One of the deadliest disease which occurs in the eyes is the DR. This disease is the second largest 

disease which is occurring amongst the human beings as per the WHO – United Nations survey. Hence, 

atmost importance has to be given to the eye care. This disease occurs due the reduction of the nerve 
area in the retina.. In this paper, a mere introduction is given to the diabetic retinopathy disease. 
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I. INTRODUCTION  

Diabetic retinopathy (DR) is a vascular disease of the retina which affects patients with diabetes 

mellitus. It is the number one cause of blindness in people between the ages of 20-64 in the United 

States. It is, therefore, a worthwhile topic for all medical students to review. Diabetes mellitus is 
extremely common, so it is not surprising that DR affects 3.4 percent of the population (4.1 million 

individuals). Of the millions of people with DR, nearly one-fourth have vision-threatening disease 

(AAO 2008). The likelihood of developing diabetic retinopathy is related to the duration of the disease. 
Type 2 diabetes has an insidious onset and can go unnoticed for years.  As a result, patients may already 

have DR at the time of diagnosis. Type 1 diabetics, on the other hand, are diagnosed early in the course 

of their disease, and they typically do not develop retinopathy until years after the diagnosis is made. 
The risk of developing retinopathy increases after puberty. Twenty years after the diagnosis of diabetes, 

80% of type 2 diabetics and nearly all type 1 diabetics show some signs of retinopathy (Klein 1984a, 

Klein 1984b). While these numbers are eye-opening, diabetics can decrease their risk of retinopathy 
and slow the progression of the disease after it has begun with tight glucose control (DCCTRG 1993).  
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Figure 1: Normal Fundus 

 

Glucose control also has the added benefit of decreasing risk for other end-organ complications of 

diabetes, so it is important that diabetic patients are educated on the topic. Time since diagnosis and 

extent of hyperglycemia are the most significant risk factors for the DR, but other risk factors for 
development and progression include hypertension, dyslipidemia, smoking, nephropathy, and 
pregnancy (AAO 2008).  

 

  

 
 

 

Figure 2: Diagram of Normal Eye 

 

 
 

 

 

II.RELATED WORK 
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Automated grading has the potential to improve the efficiency of diabetic retinopathy screening 
services. While disease/no disease grading can be performed using only micro aneurysm detection and 

image-quality assessment, automated recognition of other types of lesions may be advantageous. This 

study investigated whether inclusion of automated recognition of exudates and hemorrhages improves 

the detection of observable/referable diabetic retinopathy. Automated detection of exudates and 

hemorrhages improved the detection of observable/referable retinopathy.[1]  

To develop a technique to detect micro aneurysms automatically in 50 degrees digital red-free Fundus 

photographs and evaluates its performance as a tool for screening diabetic patients for retinopathy. 
Candidate micro aneurysms are extracted, after the image has been modified to remove variations in 

background intensity, by algorithms that enhance small round features. Each micro aneurysm candidate 

is then classified according to its intensity and size by the application of a set of rules derived from a 

training set of 102 images. An automated technique was developed to detect retinopathy in digital red-
free Fundus images that can form part of a diabetic retinopathy screening programme. It is believed that 

it can perform a useful role in this context identifying images worthy of closer inspection or eliminating 
50% or more of the screening population who have no retinopathy.[2]  

The robust detection of red lesions in digital color Fundus photographs is a critical step in the 

development of automated screening systems for diabetic retinopathy. In this paper, a novel red lesion 
detection method is presented based on a hybrid approach, combining prior works by Spencer et al. 

(1996) and Frame et al. (1998) with two important new contributions. The first contribution is a new 

red lesion candidate detection system based on pixel classification. Using this technique, vasculature 
and red lesions are separated from the background of the image. After removal of the connected 

vasculature the remaining objects are considered possible red lesions. Second, an extensive number of 
new features are added to those proposed by Spencer-Frame.  

The detected candidate objects are classified using all features and a k-nearest neighbor classifier. An 

extensive evaluation was performed on a test set composed of images representative of those normally 

found in a screening set. When determining whether an image contains red lesions the system achieves 
a sensitivity of 100% at a specificity of 87%. The method is compared with several different automatic 

systems and is shown to outperform them all. Performance is close to that of a human expert examining 
the images for the presence of red lesions.[3]  

This paper addresses the automatic detection of micro aneurysms in color Fundus images, which plays 

a key role in computer assisted diagnosis of diabetic retinopathy, a serious and frequent eye disease. 
The algorithm can be divided into four steps. The first step consists in image enhancement, shade 

correction and image normalization of the green channel. The second step aims at detecting candidates, 

i.e. all patterns possibly corresponding to MA, which is achieved by diameter closing and an automatic 

threshold scheme. Then, features are extracted, which are used in the last step to automatically classify 
candidates into real MA and other objects; the classification relies on kernel density estimation with 

variable bandwidth.  

A fully automated, fast method to detect the fovea and the optic disc in digital color photographs of the 

retina is presented. The method makes few assumptions about the location of both structures in the 
image. We define the problem of localizing structures in a retinal image as a regression problem. A 

KNN repressor is utilized to predict the distance in pixels in the image to the object of interest at any 

given location in the image based on a set of features measured at that location. The method combines 
cues measured directly in the image with cues derived from a segmentation of the retinal vasculature. 

A distance prediction is made for a limited number of image locations and the point with the lowest 

predicted distance to the optic disc is selected as the optic disc center. Based on this location the search 

area for the fovea is defined. The location with the lowest predicted distance to the fovea within the 
fovea search area is selected as the fovea location. The method is trained with 500 images for which the 

optic disc and fovea locations are known. An extensive evaluation was done on 500 images from a 

diabetic retinopathy screening program and 100 specially selected images containing gross 
abnormalities. The method found the optic disc in 99.4% and the fovea in 96.8% of regular screening 
images and for the images with abnormalities these numbers were 93.0% and 89.0% respectively.[5]  
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III.PROPOSED SYSTEM 

 
 

Fig 1: Working model of proposed system 

Phase 1 

1.1 Image Pre-processing 

Images are enhanced by sharpening and removing unwanted outliers. 

 

Fig 2: Image processing 

 

 Phase 2 

2.1 Segmentation 

Image will be segmented to fetch out the image edges and then detected all required parameters 
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Fig 3: Segmentation 

Phase 3 

3.1 Recognition and Classification 

Ones the image is segmented it can be tested to recognize it first and then classify it into original or 
fraud image using SVM algorithm. 

 

Fig. 4 SVM Algorithm 

 

Clustering will be done using k-means algorithm. Recognition and classification will be done using 
SVM algorithm. 

3.2 K-means Algorithm 

k-means clustering is a method of vector quantization, originally from signal processing, that is popular 

for cluster analysis in data mining. k-means clustering aims to partition n observations into k clusters 

in which each observation belongs to the cluster with the nearest mean, serving as a prototype of the 
cluster. 

The algorithm has a loose relationship to the k-nearest neighbor classifier, a popular machine learning 

technique for classification that is often confused with k-means because of the k in the name. One can 
apply the 1-nearest neighbor classifier on the cluster centers obtained by k-means to classify new data 
into the existing clusters. This is known as nearest centroid classifier or Rocchio algorithm. 

3.3 SVM Algorithm 

In machine learning, support vector machines (SVMs, also support vector networks) are supervised 
learning models with associated learning algorithms that analyze data used for classification and 

regression analysis. Given a set of training examples, each marked as belonging to one or the other of 

two categories, an SVM training algorithm builds a model that assigns new examples to one category 

or the other, making it a non-probabilistic binary linear classifier (although methods such as Platt scaling 
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exist to use SVM in a probabilistic classification setting). An SVM model is a representation of the 
examples as points in space, mapped so that the examples of the separate categories are divided by a 

clear gap that is as wide as possible. In addition to performing linear classification, SVMs can efficiently 

perform a non-linear classification using what is called the kernel trick, implicitly mapping their inputs 
into high-dimensional feature spaces. 

IV. Methodologies 

Automated microaneurysm, hemmorrhages detection is very useful in diagnosing the diabetic 

retinopathy for the prevention of blindness. With the help of automated system, the work of 

optahlmologists can be reduced and the cost of detection of diabetic retinopathy can also be reduced. 
Most of the existing methods of microaneurysms detection work in two stages: microaneurysm 
candidate extraction and classification. 

 

Figure 7: Steps for detection 

A.Morphological Processing  

Morphological processing is the most common method used for detection of microaneurysm & 

hemorhages. Morphological processing is a collection of techniques that can be used for image 
component extraction. In 1996, Spencer et al. [11] used morphological processing which detects 

microaneurysms present in fluorescein angiograms. After preprocessing stage, a bilinear top-hat 

transformation and matched filtering are used to provide an initial segmentation of the images. Then 
Thresholding is used to produce a binary image that contains candidate microaneurysms. Then a novel 
region-growing algorithm results in the final segmentation of microaneurysms.  

B.Neural Network Approach  

In this Paper, we propose a CNN approach to diagnosing Dr from digital fundus images and accurately 

classifying its severity.We develop a network with CNN architecture which can identify the intricate 
feature involve in the classification task , such as micro-aneurysm,exaudate, haemorrhages on the retina. 

C.Classification  
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Here proposed a method to detect the microaneurysms using SVM (Support Vector Machine) in retinal 
fundus images. In this method, first of all a generalize histogram algorithms are used to enhance the 

images. Then blood vessels and any object which is too large to be a red lesion are removed. Then 

finally, extraction of microaneurysm is performed and its result is given as the input to the SVM to 
classify the microaneurysms, Hemorrhages. 

V.ALGORITHM 

Algorithm DiseaseDetect() 

Step 1: Read Image from local directory in var img 

Step 2: Extract RGB Panels in three different variables 

 rimage = img(;;1) 

 gimage = img(;;2) 

 bimage = img(;;3) 

Step 3: Convert gimage into gray scale 

 gray = rgb2gray(gimage) 

Step 4: Extract Feature from gray image in GLCM Matrix 

 GLCM[]=extract(gray) 

Step 5: call svmclassify(GLCM,train.mat) and store result in class_var class. 

Step 6: if class==0 

 call hem_detect() 

 if class==1 

 call micro_detect() 

Step 7: Exit 

 

Algorithm svmclassify(GLCM[],train.mat) 

Step 1: Read train.mat in temp array 

 temp[] = read(train.mat) 

Step 2: Read GLCM[] array 

Step 3: FOR I = 1 TO LENGTH(temp) 

 compare GLCM[i] with temp[i] and store max_compare[] 

 END FOR 

Step 4: Sort Descending max_compare[] 

Step 5: Read max_compare[0] 

Step 6: return class(compare[0]) 
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Step 7: Exit 

 

Algorithm hem_detect() 

Step 1: Read image from temp 

Step 2: Perform k_means algorithm with k = 3 

Step 3: Perform segmentation on disease area 

Step 4: Show segemented area in axis 

Step 5: Exit 

 

Algorithm micro_detect() 

Step 1: Read image from temp 

Step 2: Perform iteration method to find micro_segments in image 

Step 3: Perform image mapping for finding holes 

Step 4: Perfrom erosion to find position to place bixes 

Step 5: FOR I=1 TO NUM_MICRO 

 Place square boundareis in READ_LOCATION_MICRO 

 END FOR1 

STEP 6: EXIT 

VI.CONCLUSION 

Prolonged diabetes leads to DR, where the retina is damaged due to fluid leaking from the blood vessels. 
Usually, the stage of DR is judged based on blood vessels, exudes, hemorrhages, microaneurysms and 

texture. In this paper, we have discussed different methods for features extraction and automatic DR 

stage detection. An ophthalmologist uses an ophthalmoscope to visualize the blood vessels and his or 

her brain to detect the DR stages. Recently digital imaging became available as a tool for DR screening. 
It provides high quality permanent records of the retinal appearance, which can be used for monitoring 

of progression or response to treatment, and which can be reviewed by an ophthalmologist, digital 

images have the potential to be processed by automatic analysis systems. A combination of both 
accurate and early diagnosis as well as correct application of treatment can prevent blindness caused by 

DR in more than 50% of all cases. Automatic detection of microaneurysm presents many of the 

challenges. The size and color of microaneurysm is very similar to the blood vessels. Its size is variable 
and often very small so it can be easily confused with noise present in the image. In human retina, there 

is a pigmentation variation, texture, size and location of human features from person to person. The 

more false positives occur when the blood vessels are overlapping or adjacent with microaneurysms. 

So there is a need of an effective automated microaneurysm detection method so that diabetic 
retinopathy can be treated at an early stage and the blindness due to diabetic retinopathy can be 

prevented.We performed the classification in the detection of the diabetic retinopathy. The features 

specific to this disease were used in making the codebook and with this codebook we performed the 
features matching and analysis of the images using the vector. The size of the codebook depends on the 

number of feature points we are taking in the image and also on the number of segments we are dividing 

the fundus images. The results obtained were satisfactory as the method detected the pathology with 
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quite good percentage accuracy. For images of better resolution, the technique is expected to give better 
result than the results obtained with images of 130x150 pixels. The reason being that the image will 
contain more information and the codebook will be stronger, with the values being more accurate. 
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