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Abstract— One of the popular research areas in image 

processing is analysis of medical images. Digital images are 

analyzed to diagnose different medical imaging problems. 

Diabetic retinopathy is the most common form of diabetic 

eye disease, which occurs when the level of insulin 

increases in blood so the damage takes place on retina, 

which may further lead to blindness. The research is carried 

out in the in the following manner. In first phase, 

preprocessing method is developed to segment the retinal 

images. This method uses the mean and variance based 

segmentation and ratio of hue and intensity channel is used 

to remove the noise in retinal images. In second phase, post-

processing technique is created to detect the optic disc and 

exudate in the retinal images. This method uses the Hough 

transform technique to detect optic disc. Morphological 

closing is to extract the blood vessels, and applying adaptive 

contrast enhancement technique to the extracted blood 

vessels in order to improve the contrast of exudate. OTSU 

algorithm is used to calculate threshold value to detect 

exudates. The proposed work applies a Hidden Markov 

Model (HMM) method for classification of exudate and non 

exudate region. The proposed system is tested and evaluated 

on publicly available HOOVER, STARE retinal image 

database using performance metric such as sensitivity, 

specificity and accuracy. Through adoption of HMM 

classifier accuracy was 97.5% within a period of 0.9 

seconds. 
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I. INTRODUCTION 

Diabetic retinopathy is one of the retinal abnormalities in 

which a diabetic patient suffers   from severe vision loss due 

to the affected retina. As it affects the vision it leads to 

blindness. This is due to several changes in the blood vessels 

of retina, the blood vessel typically swell and leak out the 

fluid [1]. The patients of different types of diabetes develop 

some form of retinopathy past 20 years of this disease. 

Type1 and type 2 are the two kind of diabetic. Diabetic 

retinopathy of any stage develops in virtually all of the 

patients having diabetes of type 1 and about 60%of the 

patients with diabetes of type 2[2]. Over many years, high 

blood sugar (hyperglycemia) and other abnormalities in 

metabolism found in people with diabetes may damage the 

blood vessels in the body. This damage to the blood vessels 

leads to poor circulation of the blood to various parts of the 

body. Since the function of the blood is to carry oxygen and 

other nutrients, this poor circulation causes decreased 

oxygen delivery to tissues in different parts of the body and 

subsequent damage to those tissues. Some of the most 

sensitive tissues to decreased blood flow and oxygen 

delivery include the brain, heart, kidneys, and the eyes. Lack 

of adequate oxygen delivery to these areas causes strokes, 

heart attacks, kidney failure, and vision loss. Figure 1 shows 

the retinal image [3]. 

 
Fig. 1: Retinal Image 

Exudate is a fluid emitted by an organism through 

pore or wound, a process known as exuding. Exudates are 

sweat, blood, plant sap, root exudates and microbial 

exudates.  Exudate is any fluid that filters from the 

circulatory system into lesions or areas of inflammation. 

When an injury occurs, leaving skin exposed, it leaks 

tissues, and the fluid is composed of serum, fibrin, and white 

blood cells. The exudates present in yellowish color [4]. 

A. Hard Exudates: 

Hard exudates have been found to be one of the most 

prevalent earliest clinical signs of retinopathy Automatic 

detection of hard exudates from retinal images is clinically 

significant. 

Hard exudates and cotton wool spots are 

collectively known as exudates. Hard exudates are yellowish 

deposits of protein present in the retina. It represents the 

accumulation of lipid in or under the retina secondary to 

vascular leakage [4]. 

B. Soft Exudates 

Cotton wool spots are soft exudates which are white and 

fluffy lesions that is perpendicular to the course of the nerve 

fibers in the never fiber layer and a fairly abrupt edge that is 

parallel to the nerve fibers [4]. The fundamental objective of 

this research work is to develop exudates in retinal image. 

This paper provides an essential introduction to the area 

along with the research objectives. The rest of the paper is 

structured as follows. 

The proposed system is as follows Pre-processing, 

Post-processing method, Feature extraction and 

Classification is described in detail in methodology. The 

proposed system tabulates and discusses the various results 

obtained and tested. The results gained are compared with 

the existing systems.  

II. METHODOLOGY 

The research work aims to detect exudates from retinal 

image by adopting pre-processing which includes 

segmentation, noise removal and for post-processing method 

which includes optic disc detection and exudates detection. 

Figure 2 shows the Methodology for digital retinal images 
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Fig: 2 Methodology for digital retinal images 

A. Pre-Processing 

Segmentation is done to extract retinal image from 

background and to remove the noisy area from the retinal 

image. In automatic diagnosis of diabetic retinopathy, the 

processing of the surrounding background and noisy areas in 

retinal image is not necessary and consumes more 

processing time in all stages. Cropping out the region that 

contains the retinal image feature minimizes the number of 

operations on the retinal image. 

1) Coarse Segmentation:  

Coarse segmentation creates background segmentation mask 

and noise segmentation mask using mean and variance 

method and HSI (Hue, Saturation, Intensity) color space 

respectively. 

The masks created in coarse segmentation have 

single pixel and edge pixel noise where in a coarse 

segmentation is followed by fine segmentation to remove 

these single pixel and edge pixel noise [5]. 

2) Background Segmentation Mask: 

A color retinal image consists of a (semi) circular region of 

interest on a dark background. This dark background is 

initially never really black. It is important to distinguish 

between background and foreground, because feature 

extraction and abnormality detection algorithms only need 

to consider the foreground pixels. So it is necessary to 

remove the foreground from background. For background 

segmentation local mean and various based method is used. 

And the results creating binary background segmentation 

mask. Steps for background segmentation are summarized 

as follows: 

 Step1: Divide the input retinal image I (i, j) into 

non overlapping blocks with size w x w. In our 

case w = 8. 

 Step 2: Compute the local mean value M (I) for 

each block using an equation which is given below 

[6]. 

M(I)= 
 

  
  ∑ ∑       

   
      

   
      ........(1.1) 

 Step 3: Here apply the local mean value computed 

in step 2 to compute the local standard deviation 

value std (I) from equation 1. 2[6]. 

Std(I)= 
 

  
∑ ∑          

   

   
 

 
            

   
       M(I))

2……
(1.2) 

Select a threshold value empirically working on 

different retinal images. If the Std (I) is greater than 

threshold value, the block is considered as original retinal 

image area otherwise it belongs to background. The 

background segmentation masks for retinal images are 

performed using local mean and variance method. These 

background segmentation masks contain single pixel and 

edge pixel noise which will be removed in fine 

segmentation [5].
 

3) Noise Segmentation Mask 

Noise in color retinal image is normally due to noise pixels 

and pixels whose color is distorted. The poor image quality 

regions are located near the edge of the retinal image. 

Regions with poor image quality may cause errors in 

abnormality detection. In this technique, creating a binary 

noise segmentation mask which includes the noisy area and 

it is applied on retinal image to ensure not to process the 

noisy area in upcoming steps (i.e.) feature extraction and 

abnormality detection.  

In this segmentation technique, converting RGB 

(Red, Green, and Blue) retinal image into Hue Saturation 

intensity (HSI) color space because primarily it is closer to 

the way a human experience colours and secondly noise can 

be easily removed in HSI color space [6]. Steps for noise 

segmentation are summarized as follows: 

 Step1: Dividing the input retinal image I (i, j) into 

non overlapping blocks with size w x w. In our 

case w = 8. 

 Step2: The histogram equalization is used to 

enhance the contrast between background and 

foreground [6]. 

 Step3: The 3x3 median filters are used to reduce 

the noise in background of the image .Convert the 

equalized and filtered RGB retinal image into HSI 

color space. The equation 2.1 and 2.2 for median 

filter is given as 

  {
                       
            

…… (2.1) 

Where 

      {
                

                       
}…….  2.2  

Here R, G and B represent RED, GREEN and 

BLUE components of RGB retinal images. The equation 2.3 

and 2.4 for RGB is given as 

S=1-
 

       
            ……. (2.3) 

In=

 

 
       ………. (2.4) 

Calculate N (noise factor) due to inadequate 

illumination using equation: 2.5 

N (I) =

 

  
......... (2.5) 

Select a threshold value empirically working on 

different retinal images. If N(I) is less than threshold value, 

the block is considered as normal retinal image area 

otherwise it belongs to noisy area. 

The noise segmentation is masked for retinal 

images using HSI color space. These noise segmentation 
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masks contain single pixel and edge pixel noise which will 

be removed in fine segmentation [5]. 

4) Fine Segmentation 

Background and noise segmentation masks that are formed 

by coarse segmentation contain single pixel noise and edge 

pixels. Fine segmentation is done to remove these noises 

from segmentation masks. In fine segmentation, 

morphological operations i.e. morphological dilation, 

morphological erosion and morphological opening are 

applied to remove single pixel noise from binary masks. A 5 

x 5 square is used structuring elements for performing 

morphological operations. Background segmentation mask 

contains black single pixel noise. 

In order to remove the black pixel noise, square 

structuring element is used for dilation. Dilation removes all 

black single pixel noise and edge pixels and gives a fine 

background segmentation mask. Noise segmentation mask 

contains white single pixel noise and edge pixels [6]. In 

order to remove the white pixel noise, square structuring 

element is opening a pixel which is implemented by erosion. 

Opening removes all edge pixels and erosion removes all 

white single pixel noise by yielding a fine noise 

segmentation mask [5]. 

5) Final Segmentation Mask 

Final segmentation mask is primarily by combining fine 

background segmentation mask and fine noise segmentation 

mask. For more fine segmentation mask, small regions are 

removed by filtering the combined mask by a medium size 

median filter. Final noise free segmentation mask is then 

applied on retinal image for its segmentation [5]. 

B. Post-Processing 

1) Exudate Detection 

Exudates are the bright lesions which appear on the surface 

of the retina if the leaking blood contains fats and proteins 

along with water. The presence of Optic Disc(OD) makes it 

difficult for an automated system to detect exudates with 

high accuracy. 

The proposed system detects and removes OD 

pixels for accurate detection of exudates [7]. The following 

steps are used for candidate exudates detection 

Step 1: Take pre-processed image as an input and 

apply Hough Transform is used to identify the locations and 

orientations of retinal image features. This transform 

consists of parameterized description of a feature at any 

given location in the original image space. It can be used for 

representing objects that can be parameterized 

mathematically as in our case, a circle, can be parameterized 

by equation 3.1. 

(x − a)2 + (y − b)2 = r2 (2)…..(3.1) 

Where (a, b) is the coordinate of centre of the circle 

that passes through (x, y) and r is its radius. From this 

equation, it can be seen that three parameters are used to 

formalize a circle which means that Hough space will be 3D 

space for this case and remove all OD pixels from binary 

map [7]. 

Step 2: Apply morphological closing to extract the 

blood vessels and dark lesions. A circular structuring 

element with radius of 9 pixels is used for morphological 

closing. 

Step 3: Apply adaptive contrast enhancement 

technique to improve the contrast of exudates on retinal 

surface by using a w x w sliding window with assumption 

that w is large enough to contain a statistical representative 

distribution of the local variation of exudates [8]. 

Ic=255

      -         

         -         
.......... (3.2) 

Where I is the output of the first step and Φw is an 

exponential sigmoid function of a window size. φImax and 

φImin are maximum and minimum intensity values of 

closed green channel image as given in the equation 3.2, 

respectively. 

Step 4: Create a binary map containing candidate 

exudates’ region by applying adaptive threshold value T 

which is calculated using OTSU algorithm [10]. 

III. FEATURE EXTRACTION 

In post-processing exudates region detection phase extracts 

as many feasible regions as possible of exudates. The 

threshold value is deliberately kept low so that not a single 

pixel containing exudates will be missed at that stage. In 

classification stage, it has to remove the inferences pixels or 

non-exudates regions. Exudates appear as bright yellow 

spots with variable shape and size, but they have sharp and 

strong edges.  

If a retinal image χ contains k potential candidate 

regions, then the set representation for an image χ is χ= {v1, 

v2, v3,…vk}. For a computerized system to differentiate 

between exudates and non-exudates regions, a feature set is 

formed for every individual region. Each object or 

individual exudates region is considered as a sample for 

classification and represented by a feature vector containing 

m features, i.e. for a sample candidate region v from an 

image χ, the feature vector is v0{f1, f2, f3,...fm}.  

The descriptions of features used for classification 

of exudates and non-exudates regions are as following: 

 Compactness (f2) is measure of shape defined as 

C0p2/ (4πA), where p and A are the perimeter 

length and area of candidate region, respectively. 

 Mean hue (f4), mean saturation (f5) and mean 

values (f6) for each candidate region are calculated 

in order to differentiate exudates and non-exudates 

regions on the basis of their colour properties. 

 Mean intensity (f3) is the mean intensity value of 

contrast enhanced green channel for all pixels 

within the candidate region.  

 Area (f1) is the count of number of pixels in 

candidate exudates region and defined as the sum 

of all pixels in candidate region [8]. 

IV. CLASSIFICATION 

Hidden Markov Model (HMM)has been adopted in this 

research  work and the accuracy of HMM is compared with 

K-Nearest Neighbour algorithm (KNN) and Gaussian 

Mixture Model (GMM). 

K-Nearest Neighbour algorithm is a non parametric 

lazy learning algorithm. The training phases are fast 

appealing.  Each of the training data consists of a set of 

vectors and class label associated with each vector. The k 

indicates how many neighbours influence the classification. 

This is usually odd number if the number of classes is 2. If 

k=1, then the algorithm is simply called nearest neighbour 

algorithm. Gaussian Mixture Model (GMM) is normally 
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characterized as a classifier having a halfway between 

purely nonparametric and parametric models. It provides a 

fast testing at the cost of a more expensive training phase. 

Although nonparametric techniques do not enforce any 

constraints on underlying data, still they are complex in 

computations [11].  

Gaussian Mixture Model is supervised learning 

classification algorithm that can be used to classify a wide 

variety of N-dimensional signals. The GMM algorithm is a 

good algorithm to use for the classification of static postures 

and non-temporal pattern recognition. The main limitation 

of the GMM algorithm is that, for computational reasons, it 

can fail to work if the dimensionality of the problem is too 

high [7]. 

A. Proposed Method: 

A  Hidden Markov Model (HMM) is a statistical markov 

model in which the system being modeled is assumed to be 

a markov process with unobserved (hidden) states. The 

parameters of a hidden Markov model are of two types, 

transition probabilities and emission probabilities [13]. 

Transition probability: The probability of the 

occurrence of a transition between two quantum states of an 

atom, nucleus, electron. 

Emission probability: The Hidden Markov Model 

(HMM) is a variant of a finite state machine having a set of 

hidden states, Q, an output alphabet (observations), O, 

transition probabilities, A ,Emission probabilities, B, and 

initial state probabilities, Π [14]. 

B. Viterbi Algorithm: 

The viterbi algorithm is a dynamic programming algorithm 

for finding the most likely sequence of hidden states called 

the viterbi path-that results in a sequence of observed 

events, especially in the context of Markov information 

sources and hidden Markov models. 

The viterbi algorithm vT (qF) represents the 

probability that the Hidden Markov Model is in state j after 

seeing the first t observation, and passing through the most 

probable state sequence q0,q1,…q t-1   given λ. 

Vt(i)=TRANS q0,q1,…q t-1 

p(q0,q1,…q t-1   ,o1,o2,…,ot,qt=i\λ) 

Vt(j)=EMIS q0,q1,…q t-1 

p(q0,q1,…q t-1   ,o1,o2,…,ot,qt=j\λ) 

At the termination of viterbi algorithm, vt(qf) 

represents the probability that the HMM is in  the final state 

after observing the entire sequence, having passed through 

the most likely sequence of states. In order to recover the 

most likely sequence of states, the viterbi algorithm also 

maintains a back track, state j after seeing the first t 

observation. STATES (I) = Hmmviterbi (k) (TRANS, 

EMIS) given a sequence, calculates the most likely path 

through the hidden Markov model specified by transition 

probability matrix, TRANS, and emission probability matrix 

EMIS. TRANS (i,j) is the probability of transition from state 

i to state j. EMIS(i,j) is the probability that symbol k is 

emitted from state I [15]. The function hmmviterbi begins 

with the model   state 1 at step 0, prior to the first emission. 

Hmmviterbi computes the most likely path based on the fact 

that the model begins in state 1. 

Thus viterbi algorithm was employed for training 

and testing.   

V. EXPERIMENTAL RESULTS 

From the research work carried out it was observed   that 

HMM was able to produce highest classification accuracy of 

97.5% when compared with GMM of 93.2% and KNN of 

90.2%. Likewise, the sensitivity and specificity was highest 

for HMM (sensitivity 97.06%, specificity 98.55%) when 

compared with GMM (sensitivity 97.03%, specificity 

98.21%) and KNN (sensitivity 94.25%, specificity 97.2%). 

VI. RESULT AND DISCUSSION 

The evaluation of automated medical systems is very vital 

and has to be examined carefully. The standard retinal 

image database is STARE that is developed by HOOVER. 

A total of 130 retinal images with different resolution, 

lesions and with a lot of variations were used. The pictorial 

results of the proposed system for randomly chosen images 

from DiaretDB0 and DiaretDB1 databases.The databases are 

divided into 2 sets of training and testing, containing regions 

from STARE [16]. The performance of the planned system 

was measured in terms of sensitivity, specificity, and 

accuracy. 

The DiaretDB0 contains 60 retinal pictures and 

DiaretDB1 contains 70 retinal pictures, the 70 retinal 

pictures were trained and 60 retinal pictures were tested.  

VII. PERFORMANCE METRICS 

The performance of proposed system is measured using 

sensitivity, specificity and accuracy as figures of merit. 

Sensitivity is true positive rate and specificity is true 

negative rate. These parameters are calculated using 

Equations: 4.1, 4.2 and 4.3 respectively. 

            
  

       
……….. (4.1) 

            
  

       
……….. (4.2) 

         
  

                       
…. (4.3) 

Where 

TP are true positives means exudate regions correctly 

classified. 

FP is false positives means non-exudate regions wrongly 

classified as exudate regions. 

TN is true negatives means non-exudate regions correctly 

classified. 

FN is false negatives means exudate regions wrongly 

classified as non-exudate regions [3]. 

 
Fig. 1: Column (a): Original retinal images from database; 

(b): Final segmentation mask; (c): Optic disk detection; (d): 

Exudate detection. 
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Technique 
Sensitivity 

(%) 

Specificity 

(%) 

Accuracy 

(%) 

HMM 97.06 98.55 97.5 

GM             GMM 97.03 98.21 93.2 

KNN 94.25 97.2 90.20 

Table: 1 Classification algorithms for sensitivity, specificity 

and accuracy 

Technique KNN GMM HMM 

Time period (secs) 2.5 1.8 0.9 

Table: 2 Classification algorithm comparison table for time 

period 

VIII. SUMMARY AND CONCLUSION 

The problem in retinal images is that the visibility and 

finding of exudates are typically not simple particularly 

during the existence of some lesions. It is very important to 

increase the quality of retinal images for dependable 

detection of abnormalities. Retinal images segmentation 

done by eliminating background and noise from the image. 

Background and noise segmentation masks were formed in 

coarse segmentation and their values were enhanced using 

morphological operations in fine segmentation. Final 

segmented mask were prepaid by combining the background 

mask and noise segmentation mask. The proposed system 

performed retinal image analysis for detecting exudates 

using HMM-based classifier. The three classifier KNN, 

GMM and HMM classifier detected true exudate regions 

based on feature set. Classification accuracy obtained for 

KNN was 90.2%, GMM was 93.2% and HMM was 97.5%. 

IX. FUTURE RESEARCH DIRECTIONS 

Further the proposed system could be enhanced by adopting 

other classifier in order to increase the accuracy rate and 

reduces time taken for classifiers. 
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