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Abstract---Diabetic macular edema (DME) is an advanced 

warning sign of diabetic retinopathy and can direct to 

permanent vision loss. A person having extended term 

diabetes of more than 10 years is extremely precious by this 

disease. To recognize the disease we are using automated 

screening system, the green channel from the retinal color 

image is divided in order to decrease the noise, erosion, etc. 

Then the region of interest is extracted from the image. Then 

specific precious features are selected from the extracted 

features. By using ANFIS classifiers the given retinal image 

is recognized as infected or not infected. Finally if it is 

infected then it classifies the image as moderate (or) severe. 

Keywords: gray level co- occurrence matrix (GLCM), 

ANFIS classifier, abnormality region. 

I. INTRODUCTION 

The 10 % of all patients with diabetes will extend diabetic 

macular edema (DME) during their life span. The quantity 

of this difficulty can be valued in allowing for that, since 

diabetes is a moderately ordinary total bug, this means that 

around 500,000 Americans contain macular edema. Up to 

75,000 new belongings of diabetic macular edema enlarge 

each year. Many belongings include a significant effect on 

illustration dullness: up to 4% of diabetic patients widen 

DME that affects the middle fovea; up to 30 % of patients 

with clinically vital macular edema (which will be clear 

shortly on) will enlarge moderate visual loss (a replication 

of the visual angle). 

Diabetic retinopathy is a progressive disease, and a 

timely intervention is the best way to avoid the risk of vision 

loss and blindness in patients. Color fundus images include 

been confirmed to live an efficient along with rather low-

cost system to analyze diabetic retinopathy. Human readers 

are bright to display patients by visually inspecting the 

metaphors of the fundus looking in help of lesions delegate 

of the order. However, the scarcity of skilled readers makes 

extensive screening of diabetic patients hard, and used for 

this cause different techniques have been proposed to 

incompletely or entirely automate the show perform. 

 
Fig.1: shows a standard retinal and exaggerated by macular 

edema. 

The lesions classic of non-proliferative diabetic 

retinopathy contain hemorrhages, blood vessel, exudates and 

micro aneurysms amongst others.  

II. RELATED WORK 

Among recent approaches to direct detection of edema from 

color fundus images, multiple uncalibrated fundus images 

have been used to estimate a height map of macula in [2]. 

The estimated height map is generally noisy. A difference in 

the mean height is demonstrated between the height maps of 

normal and edema cases on synthetic images and only four 

sets of color fundus images. This difference is used to 

determine normal and abnormal cases. While the proposed 

method is encouraging, it requires more rigorous validation. 

Using monocular color fundus image for detecting DME 

indirectly is still considered a reliable method in DR 

screening. Detecting DME is also done indirectly by 

detecting the presence of HE in images [5]. Automated 

solutions following this approach can be categorized as: 1) 

local schemes that perform localization of HE or HE clusters 

[10]–[23] and 2) global schemes for 

detecting the presence/absence of HE in images [1], [6], 

[24], [25]. 

Retinal vessel extraction involves segmentation of 

vascular structure and identification of distinct vessels by 

linking up segments in the vascular structure to give 

complete vessels. 

One branch of works, termed vessel tracking, 

performs vessel segmentation and identification at the same 

time [5]–[8]. 

  These methods require the start points of vessels to 

be predetermined. Each vessel is tracked individually by 

repeatedly finding the next vessel point with a scoring 

function that considers the pixel intensity and orientation in 

the vicinity of the current point in the image. Bifurcations 

and crossovers are detected using some intensity profile. 

Tracking for the same vessel then continues along the most 

likely path. This approach of tracking vessels one-at-a-time 

does not provide sufficient information for disambiguating 

vessels at bifurcations and crossovers. 

III. METHODOLOGY 

 Preprocessing A.

Preprocessing is the first step for detect the retinal 

image. In preprocessing step are done in two Steps. 

They are 

 (i) Denoising 

 (ii) Median Filter 

 
Fig. 2:  region of interest 



Detection of Macular Edema in Color Retinal Images. 

 (IJSRD/Vol. 2/Issue 02/2014/150) 

 

 All rights reserved by www.ijsrd.com 567 

 Denoising B.

Image denoising algorithms may be the oldest in image 

processing. Many methods, apart from of implementation, 

contribute to the matching necessary plan clatter lessening 

all the way through image blur. Blurring container be 

finished in the vicinity, as in the Gaussian smoothing 

representation or in anisotropic filtering by devious the 

variations of an image. White noise is lone of the mainly 

universal troubles in image processing. smooth an elevated 

decision snap is spring to encompass a few din in it. For a 

towering motion photo a trouble-free box haziness could be 

adequate, since smooth a petite skin tone in the vein of 

eyelashes or fabric touch will be represented by a huge 

assembly of pixels. However, existing DirectX 10 course 

group hardware allows us to execute soaring eminence 

filters with the aim of scurry next to good enough enclose 

rates. The most important initiative of whichever locality 

filter is to gauge pixel weights depending taking place how 

parallel their colors. There are two such methods: the K 

Nearest Neighbors and Median filters.  

The effort image is a common RGB image. The 

RGB image is transformed into grey scale image for the 

reason that the RGB format be not supported in Mat lab. 

Then the gray scale image contains noise such as white 

noise, salt and pepper noise etc. This can be impassive by 

via Median filter beginning the extracted image. 

  Median Filter C.

The median filter is a nonlinear digital filtering 

performance, regularly used to eliminate noise. Such noise 

decline is a distinctive pre-processing step to recover 

boundary recognition on an image. Median filtering is 

especially commonly worn in digital image processing in 

firm conditions. The downhill median filter of a pre-defined 

window size WxWcentered at i=(i1 ,i2) moves equally over 

the noisy image, g, chooses the median, μ of the pixels 

contained by the spatial positions Ωˆw around ito have g(i) 

replaced by μ. For the set of pixels surrounded by a square 

porthole WD x WD, centered at  i=(i1,i2) and clear spatially 

by equation , the median, μ of the pixels in  
  

 ( )   ( )          ( )  ⁄    
   

Thus the output of the median filter is that value θ 

which produces the slightest amount of absolute errors 

among all the pixels in the local region clear by the mask. 

The output of the median filter at spatial situation can also 

be given as 
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 OD masking D.

The severity of DME is unwavering based 

happening the position of HE clusters relation to the 

macula, the images acquired for DME detection regularly 

focus just in relation to the macular region. The center of 

macula is routinely detected and the search is done at the 

central region of the given image, while the acquired 

images for DME detection are macula-centric. 

 
Fig .3:detected od masking 

Since the OD shares a clarity attribute related to HE, it is 

moreover by design detected and masked. We find the best 

fit circle inside the fundus deception with macula at the 

inside, for a precise image. 

 Motion Pattern E.

Since, the severity of the disease is directly coupled to the 

radial hold back of HE in the curved ROI, spinning activity 

is induced to form the favorite motion pattern. The 

revolution living is positive to craft a progression of images 

which are rotated versions of the personage image. 

 
Fig. 4: motion pattern 

 The spatial rank of smearing of intensities depends 

on the ceiling alternation whilst the sampling rate at each 

location is directly correlated to the extent of every one 

rotation step. 

 Feature Extraction F.

The features beginning the select region of interest are 

extracted for further processing.Shape features, such as 

locale, area, direction and solidity, are derived.Texture 

features are extracted according to the information of gray-

level co-occurrence matrix (GLCM). 

 
Fig. 5: image extraction 

  A co-occurrence matrix, moreover referred to as a 

co-occurrence allotment, is clear over an illustration to be 

the division of co-occurring morals at a given compensate. 

Represents the distance and angular spatial relationship over 

an image sub region of explicit size.The GLCM is formed 

starting a gray scale image.The GLCM is calculates how 

often a pixel with gray level value occurs whichever straight 

vertically or diagonally to adjacent pixels with the value. 

 Feature Selection G.

 Best features are selected from the extracted 

features. This process will diminish the time taken to detect 

the macular edema. 
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Fig. 6: detected hard exudates 

 Classification H.

1) SVM classifier 

 In machine learning, support vector machines are 

supervised learning models with associated learning 

algorithms that evaluate data and make out patterns, used for 

classification and regression analysis. The vital SVM takes a 

set of input data and predicts, for both specified input, which 

of two potential module forms the output, assembly it a non-

probabilistic binary linear classifier. Given a situate of 

training examples, every one striking as belonging to one of 

two categories, an SVM training algorithm builds a model 

that assigns new examples into one category or the other. An 

SVM model is a depiction of the examples as points in 

space, mapped so that the examples of the separate 

categories are alienated by a clear gap that is as wide as 

possible. 

 
Fig. 7: classifier of SVM 

2) ANFIS classifier 

ANFIS depends on the sizes of the training set and testing 

set. In this effort training and testing set be twisted by 120 

and 80 data. 120 data (40 normal and 80 abnormal cases) 

was worn for training and the enduring 80 data be used for 

testing. ANFIS was implemented through MATLAB 

software. Features beginning area of entropy, and 

Homogeneity properties were agreed as input to ANFIS. 

Classification is passed out in two steps using ANFIS: 

 Training and testing 

 

 
Fig. 8:classifier of ANFIS  

The train FIS optimization methods are preferred as hybrid 

while it includes slightest square type beside with back 

propagation gradient descent algorithm which trains the 

relationship function parameters to follow the training data. 

When the training error target is achieved, the training 

process stops and regular training error is eminent. 

 
 

Fig. 7: Block Diagram 

IV. CONCLUSION 

In   this   paper,   we   put forward   a   novel   manner: 

ANFIS classifier to the color retinal images. Aims to 

recover the classification and segmentation presentation, in 

particular for the similes of the similar color retinal images. 

Compare to f u r t h e r  m ethods similar to fuzzy c 

means,KSRC,LapRLS, Knn classifier etc.,.ANFIS classifier 

preserve reach important enhancement on precision, of the 

strictness level of the blood vessel and hard exudates. 
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