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ABSTRACT 
 

Diabetic retinopathy (DR) is becoming a global health concern, which causes the loss of vision 

of most patients with the disease. Due to the vast prevalence of the disease, the automated 

detection of the DR is needed for quick diagnoses where the progress of the disease is monitored 

by detection of exudates changes and their classifications in the fundus retina images. Today in 

the automated system of the disease diagnoses, several image enhancement methods are used on 

original Fundus images. The primary goal of this thesis is to make a comparison of three of 

popular enhancement methods of the Mahalanobis Distance (MD), the Histogram Equalization 

(HE) and the Contrast Limited Adaptive Histogram Equalization (CLAHE). By quantifying the 

comparison in the aspect of the ability to detect and classify exudates, the best of the three 

enhancement methods is implemented to detect and classify soft and hard exudates. A graphical 

user interface is also adopted, with the help of MATLAB. The results showed that the MD 

enhancement method yielded better results in enhancement of the digital images compared to the 

HE and the CLAHE. The technique also enabled this study to successfully classify exudates into 

hard and soft exudates classification. Generally, the research concluded that the method that was 

suggested yielded the best results regarding the detection of the exudates; its classification and 

management can be suggested to the doctors and the ophthalmologists.  
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1. INTRODUCTION 
Research Background: 

An eye disease that is caused by harming the retinal blood vessels due to long-term diabetes is 

commonly referred to as Diabetic Retinopathy. Statistics show that, currently, diabetic 

retinopathy is one of the leading causes of blindness for patients with either type 1 or type 2 

diabetes (Kaupp et al., 2018). Usually, the effect of DR depends on the period the patient had 

diabetes. For instance, if a patient stays with diabetes for a long time, he or she might have 

greater blood sugar. The sugar may cause harm through the change of the manner in which the 

blood sugar flows in the retinal blood vessels. The blood vessels originate from the center of the 

OD and spread over the entire region of the retina. The thin blood vessels are damaged due to the 

high pressure in blood vessels and as a result, the ruptured blood vessels start leaking proteins 

and lipids around the retina. As the deposition continues, the abnormal lesions develop around 

the retina. The abnormal lesions are categorized into exudates, cotton wool spots, 

microaneurysms and hemorrhages. Diabetic patients tend to develop macular edema in and 

around the macula region due to the presence of exudates (Prakash and Selavathi, 2006). In the 

former stage, it might be somewhat difficult to detect the presence of the disease in the body of 

the patient because the DR at this stage does not show the symptoms. Exudative retinopathy is a 

medical complication associated with leakage of fats, protein, and water. The presence of yellow 

or white mass around the retina is a clear indication of the leakage of substance in the retina. 

According to Kaur (2015), a delay in detecting exudates has a tremendous impact on the health 

condition of a patient. The typical effect of late detection is the loss of sight. Diabetic retinopathy 

causes the formation of exudates in the fundus of the eye. Physicians use exudates to test the 

severity or the extent of the Diabetic Retinopathy on patients. The exudates are yellow in color 

and are found in the fundus posterior (Wu, Lu, and Ji, 2009). The substances, which leak from 



 

the blood vessels, are the main components of the eye exudates. At the initial stage, exudates are 

in small number. Later on, exudates increase in number and size as the blood sugar level 

increases. A continuous growth of exudates increases the likelihood of a patient losing sight. The 

stage of retinopathy in a patient determined the number, size and shape of the exudates (Welfera, 

Scharcanskia and Marinho, 2010). To reduce the likelihood of a patient losing sight, he or she 

must receive appropriate medical attention in the early stages of the lesions development. The 

automatic detection of exudates in the DR patients enables doctors to administer adequate and 

appropriate treatment. Therefore, such automatic technology by implementing a computer can be 

of great help to detect the exudates due to that the detection process becomes rapid, precise and 

accurate. Ultimately, specialists and clinicians can use the mentioned technology to get a timely 

result, which forms a cornerstone for proper treatment (Osareh, Shadgar, and Markham, 2009).  

 

1.1 Problem Statement: 

Diabetes has emerged as a global health concern, which has proved to cause the dysfunction of 

different organs in the bodies of the patients affected. The DR is a leading cause of blindness in 

adults. For that reason, medics need to automatically detect the development of DR lesions 

during the early stage to reduce the probability of a patient being blind. If the disease is not 

detected properly it may lead to blindness. To prevent vision loss automatic detection from 

digital fundus images are required. 

 

1.2 Aims and Objectives of the research: 

1.2.1 Aims: 

The main aim of this thesis is to find an automatic way of detecting the exudates in the eyes of 

the diabetes patients using Fundus images.  



 

1.2.2 Objectives: 

 To study and understand the major factors which cause the exudates in the DR patients 

 To examine and study the common types of exudates through the examination of the 

Fundus images. 

 To compare and evaluate three popular enhancement methods which are used to detect 

the exudates in the digital fundus images 

 To enumerate the major drawbacks of the enhancement techniques in the prediction of 

exudates in the digital images. 

 Finally, based on the investigation during the thesis suggest an algorithm which can 

detect or predict the exudates in the Fundus images. 

1.3 Research Questions: 

This study is investigating the following questions; 

1. Which parameters affect the automatic exudates detection?  

2. How comparison of enhancement techniques on Fundus images can be quantified?  

3. What are the major drawbacks in classification and detection of the exudates through the use 

of the digital Fundus images? 

4. Can quantified comparison of enhancement methods be used to drive a more optimal exudates 

detection algorithm?  

1.4 Limitations of the study: 

 The target population is limited since the study focuses on the DR patients only. 

 The study focus is limited since it centers only on the detection of the exudates. 

 The research examines automatic ways of detecting the exudates on Fundus images. 

 



 

1.5 Structure of the thesis: 

This thesis has five chapters as below; 

i. Chapter 1: this chapter is the introduction, where the current and background research, and the 

main concepts of the thesis are explained. 

ii. Chapter 2: the second chapter provides the review of the existing literature through a detailed 

analysis of the already existing data of the automatic detection of exudates in the DR patients. 

iii. Chapter 3: This chapter discusses the Thesis framework. The enhancement methods that can 

be used in the automatic detection of the exudates on the digital Fundus images are discussed 

here.  

iv. Chapter 4: the second last chapter discusses the drive of a new algorithm based on the 

quantified comparison of enhancement methods.  

v. Chapter 5: the last chapter provides the conclusion by answering the research questions 

raised above. Recommendations and suggestions for further research are also provided in this 

last chapter.  

Because the thesis relies more on secondary data, there is a list of bibliography, which indicates 

the sources from which the information was extracted.  

  



 

2. LITERATURE REVIEW 

2.1 Literature on Digital fundus images  

Top among the advantages of digital imaging over other methods is the benefits of 

straightforwardness (Tasman, and Jaeger, 2001). Digital images also make it possible to access 

clear images quickly. The images can be duplicated, chronic lined, transmitted to multiple users 

and even avail prompt results that can be easily accessed. The method can have the images 

rehashed, especially when the images gives results that are not sufficient. Instant access to 

images is almost impossible despite the digitization of the film-based images (Jiang, Liu and 

Zhang, 2005). The process of building up the film is a long process, which begins with adjusting 

of colors and thickness to the evaluation of the optic nerves. The image developer has to 

regularly check the outcomes of the picture so that he can fix any issue that may arise in the 

procurement procedure. The process can accomplish the digital imaging process successfully, 

although at no extra expenses. Cideciyan et al, 1991 is the man behind the idea of digitizing the 

fundus images. He did so through proposing a non-linear model that was made up of four parts; 

the camera, the scanner, the film and the eye.  

 

There are several databases, which include Fundus images. In the thesis, the database (Kauppi et 

al., 2007) is used which provides a platform for benchmarking the detection of DR from the 

digital images. The database is organized objectively to clearly define and provide a database 

and a protocol that may be used to benchmark DR detection techniques (Yogesan, Goldschmidt 

and Cuadros, 2012). The use of this database alongside the underlying protocol provides a 

perfect comparison base in relation to the results from the diverse methods. One of the Fundus 

images from this database is used through the rest of the thesis for a demonstration of different 



 

investigation steps.   

2.2 Classification of exudates in Retinal images  

The examination of therapeutic images can be defined as a study, which cuts across a number of 

disciplines, which covers a range of areas such as preparation of the photos, machine design 

acknowledgment as well as the DR perception. Retinal images are mostly studied from the 

outside with the primary objective of analyzing the DR (Sopharak, Uyyanonvara and Barman, 

2009). The ophthalmologists can make their work easier by creating a retinal image framework, 

which helps in investigating. In diabetes, the DR is the most common and recognized eye 

intricacy. DR is the predicting agent of visual impairment among the diabetes patients. If the 

diabetic patients are screened for early detection of the disease and treatment accorded, there are 

high chances that the patient will be out of the vision impairment danger (Kavitha and Devi, 

2005). It is recommended that the diabetic patients visit an ophthalmologist at least once a year 

for checking for the presence or development of the retinopathy.   

 

Classification of DR involves numerous features and to find the location of such features, it is 

highly time-consuming for clinicians. Computers are able to obtain much faster classifications 

once trained, using some classification algorithms such as convolution neural networks, support 

vector machines and k-NN classifiers (Janney, 2015). 

 

As discussed earlier, when fats and lipids gather in the retina of the eye of the diabetes patient, 

exudates are formed. In normal circumstances, the exudates are intelligent and brilliant which 

look whitish hued sores. The exudates demonstrate vessel penetrability as well some retinal 

edema associated danger. They mark the retina liquid collection. They can, however, frame sight 

debilitating sores especially when the exudates manifests near the macula. In most cases, they are 



 

closely associated with microaneurysms.  

2.3 Comparison 

Histogram Equalization: 

The HE is guided by the typical histogram specification. It is a critical operator, which is 

straightforward. One of the major drawbacks of the technique is indiscrimination characteristic. 

For the method to obtain new images efficiently, it has to rely on a neighbor-based approach on 

some pixels. The method is known to operate on the basis of a modified histogram in its bid to 

create new images. Histogram equalization has its output histogram distributed equally through 

the use of a cumulated histogram such as the mapping function (Sanchez, 2008).  

 

Contrast Limited Adaptive Histogram Equalization: 

The CLAHE technique is deemed important in the pre-processing steps. It has the ability to 

create images for the purposes of extracting the pixel features especially in the process of 

classification. The method is said to be an effective, automatic and efficient method for detecting 

the exudates. The CLAHE technique can perform the green channel enhancement of images of 

the best quality. However, the method has made the amplification process to be limited through 

the clipping of the histogram. The clipping happens at some prefixed value.   

 

Mahalanobis Distance: 

The method can identify the pixels in the background of the digital images. It leaves the 

foreground images intact. The MD method has a selective enhancement, which has enabled it to 

create fewer artifacts for proceeding processing than the two methods discussed above. The 

method can deliver a curve similar to the Gaussian curve. The MD algorithm has always 

delivered better histogram outcomes than both the CLAHE and the HE.  



 

Table 1: Comparison of HE, CLAHE and MD 

Histogram Equalization Contrast Limited Adaptive 

Histogram Equalization 

Mahalanobis Distance 

HE method primarily relies 

on the Histogram 

specification. 

 

CLAHE is an improvement of 

the HE. It is vital in the 

pre-processing steps, and it can 

generate digital images, which 

can easily be classified because 

the pixel can be extracted.  

The MD method has the ability 

to focus on the foreground 

images and only identify the 

pixels in the background of the 

digital images.  

The HE method’s main 

strength is that is 

straightforward. It is also an 

invertible operator. 

However, the major 

weakness and disadvantage 

of the method is the 

indiscrimination.  

CLAHE method also has the 

capability to detect and classify 

the exudates effectively.  

The MD method has a better 

selection and image 

enhancement compared to the 

CLAHE and the HE.  

HE utilizes the 

neighborhood-based 

approach. It relies on the 

histogram modification for 

efficient acquisition of new 

images.  

The CLAHE method is known 

for producing green channel 

digital image enhancements, 

which are of good quality.  

 

 

The MD method can provide 

results similar to those from a 

Gaussian-shaped curve.  

 



 

HE method uniformly 

distributes the output 

histogram through the use of 

the cumulated histogram. 

An example is the mapping 

function.   

 

CLAHE is restrained in the 

amplification process since the 

histogram can only be clipped 

at some pre-set values.   

MD algorithm overall excellent 

results compared to the two 

other methods.   

 

 

2.4 Research gap:  

The fundamental goal of this study is to analyze the detection of exudates using the digital 

images for DR patients. The literature review section has provided some fascinating facts that 

have been studied regarding the exudate detection through the use of images. The detection and 

categorization of the DR pathologies in the images have been studied in details by Agurto, 

(2012). The scholar did a study on the major effects of image compression as well as the effects 

of image degradation on the automated DR-screening algorithm. He further used the multi-scale 

approach to examine on how the red lesions and hard exudates can be detected in the macula. 

Walter et al (2012) examined the contribution of the processing of the digital images on the DR 

diagnosis. The two authors also carried extensive research on the DR detection from the digital 

images of the eye fundus (Kaur, 2015). There is more other literature on the studies that have 

been carried out on the most optimal strategy for exudates automatic identification and 

classification.  

  



 

3. PRE-PROCESSING STEPS 

3.1.1 Histogram Equalization: 

HE is a digital technique, which is useful in adjusting the intensity of the digital images for the 

purpose of enhancing contrast. Histogram equalization bases its operation on the specification, or 

sometimes histogram modification, to create new images. The goal of the technique is to find 

new enhanced digital images with a uniform histogram. The histogram is helpful in creating the 

frequency at every point where the gray-level happens from 0(black) to 255(white). Each 

histogram represents the image of the gray-level frequency occurrence.  

 

           

                 Figure 1: Image before Histogram Equalisation (Kauppi et al., 2007) 
                   

 

               



 

 

                      Figure 2: Histogram of image before Histogram Equalisation 

 

 

          

                          Figure 3: Image after Histogram Equalisation 



 

        

                    Figure 4: Histogram of image after Histogram Equalisation 

 

3.1.2 Contrast Limited Adaptive Histogram Equalization: 

This method is adapted locally, and it is useful in the enhancement of image contrast. CLAHE is 

an improved version of HE. The HE technique, however, is restricted in the sense that the 

homogeneous segments of the image usually cause over-amplification of the noise. The 

over-amplification happens because the range of visualization takes place as a result of the thin 

pixels that are plotted in the visualization. CLAHE was designed to in an improved version so 

that it can prevent the noise in the homogeneous areas.  The CLAHE technique has been 

specially designed in a way that it can restrict the noise over-amplification in the digital image to 

an extent that the image looks real.  

 

 

 

 



 

        

                          Figure 5: Image before CLAHE (Kauppi et al., 2007) 

                        

 

          

  
                                 Figure 6: Histogram of image before CLAHE 
 



 

    

                               Figure 7: Image after CLAHE 
 

          

 

                          Figure 8: Histogram of image after CLAHE 
 



 

3.1.3 Mahalanobis Distance 

The Mahalanobis distance is another fascinating method that enhances images through 

background image pixels identification as well as eliminating them (Xiang, Nie & Zhang, 2008). 

The method only leaves the foreground part of the image. The method uses the assumption that, 

the digital image neighborhood , has varying intensity value from that of background pixels. 

For each image pixel , estimate the mean , standard deviation  and 

intensities Let us consider the sample mean  and sample standard deviation  as the 

estimator of  and . If the pixel intensity  is close to the mean intensity 

of image neighborhood , it would be belong to the background set . The equation (1) implies 

the image pixel intensity background state. 

  

                                                                          (1) 

 = Mahalanobis Distance 

 = Intensity of pixel   

 sample mean, estimator of  

 sample standard deviation, estimator of  

 Threshold to identify the background pixel 

 x – coordinate of image intensity 

 y – coordinate of image intensity

 image neighbourhood 

 

The digital images are then combined later on, for the MD image evaluation. The evaluation can 

be segmented through the use of a threshold for easy identification of the background pixels.  



 

            

                  Figure 9: Image before MD Enhancement. (Kauppi et al., 2007) 

     

                     Figure 10: Histogram of Image before MD Enhancement 



 

    

                 Figure 11: Image after MD Enhancement (Kauppi et al., 2007) 

 

                       Figure 12: Histogram of Image after MD Enhancement 
   



 

PSNR  

When evaluating the quality metrics of a video, the PSNR method is commonly employed 

(Huynh-Thu and Ghanbari, 2008). It is a measure of the evaluation process of the objective 

perpetual. For instance, this method is used for the RRTV evaluation and MM (multimedia) test 

programs. The programs were initially completed by organizations like Video Quality Experts 

Group. Currently, however, there has not been identified as a global recommendation that points 

out the critical measurement that can be undertaken. Since PSNR calculation mainly depends 

upon proper measurement of temporal alignment, level offset between the original video 

sequences, processed video sequence, and spatial alignment, techniques used to perform this 

calibration should also be specified. 

1. The two major measurement types related to this method are the mean square error (MSE) and 

peak signal to noise ratio (PSNR).  

 i) MSE is obtained by calculating the average of the output and the input (the image) as shown 

in equation (2) below.  

                         

                (2) 

ii) PSNR mathematically measures the quality of the image on the basis of the difference 

between the pixels of the two images. The SNR is an estimator of original image quality with the 

new image, and it is defined as shown in (3) below. 

 

                             

                  (3) 

Where s = 255 for an 8-bit image. When all the values of the pixels are equal to the maximum 



 

value PSNR is simply the SNR. 

 

AMBE 

The method proposed attempts to preserve the brightness mean possibly through the 

consideration of the AMBE value. The MBE is calculated using the formula below;  

                (4) 

Where, E[X] is the mean of the original image 

      E[Y] is the mean of the new gray image.  

 

                (5) 

Where; * stands for convolution, I(x, y) is enhanced image. 

 

The Leningrad criterion is formulated as; 

                (6) 

The partitioning of the smoothed histogram corresponding to quality criteria is vital in the 

preservation of the brightness mean of the final image that has been enhanced. The lowest 

AMBE is obtained through a presentation of a technique to partition histogram by shifting peak 

point based on local minima (upper and lower).  

 

  



 

Why Mahalanobis Distance based enhancement: 

Table 2: Comparison between AMBE and PSNR 

 IMAGES 

AMBE- 

Mahalanobis 

(Proposed)   

AMBE- 

Histogram 

Equalization 

AMBE- 

CLAHE 

PSNR 

Mahalanobis 

(Proposed)    

PSNR     

Histogram 

Equalization 

PSNR 

CLAHE 

Image 1 0.4641 86.8051 36.437 47.276 8.257 16.379 

Image 2 0.4624 80.8501 33.17 46.478 9.0841 17.057 

Image 3 0.4104 82.4821 35.289 42.096 8.716 16.492 

Image 4 0.3903 83.9933 36.1242 42.7173 8.5936 16.248 

Image 5 0.4364 96.1278 45.6189 49.5899 7.4261 14.4061 

Image 6 0.4464 67.7554 28.9585 48.3086 10.2713 17.5741 

Image 7 0.4472 94.2249 44.7226 49.6212 7.6574 14.5385 

Image 8 0.4592 100.3834 43.4517 49.227 7.0402 14.8919 

Image 9 0.4322 84.1377 39.2001 49.1543 8.4668 15.703 

Image 10 0.4251 77.2342 34.4269 47.385 8.9945 16.5584 

Image 11 0.437 83.1073 34.9733 46.5089 8.2687 16.7202 

Image 12 0.4311 83.9706 33.4073 43.7329 8.1469 17.1708 

Image 13 0.3504 63.6218 23.7767 43.7113 10.881 19.0794 

Image 14 0.4433 89.8657 40.3454 47.7228 7.9624 15.5032 

Image 15 0.4396 85.7968 36.1389 46.8424 8.178 16.4834 

Image 16 0.3764 77.9583 35.244 45.2331 9.2084 16.4735 

Image 17 0.3215 73.5839 28.6593 39.4774 9.4262 18.2309 

Image 18 0.4746 89.106 38.2302 48.4863 7.9448 16.011 



 

Image 19 0.4841 95.1329 37.1917 45.875 7.431 16.3786 

Image 20 0.4634 86.9626 30.3088 41.9871 8.0767 18.1628 

Image 21 0.43 93.2911 43.1204 50.2048 7.7557 14.8248 

Image 22 0.4402 71.4828 26.3742 44.092 9.5504 18.8353 

Image 23 0.4839 98.6602 41.9828 48.2859 7.1837 15.2458 

Image 24 0.4769 101.5688 41.7415 46.9767 6.9132 15.2997 

Image 25 0.4341 77.9003 35.545 47.5603 8.944 16.3844 

Image 26 0.4547 102.5931 44.9766 48.5226 6.8586 14.6129 

Image 27 0.4715 111.4725 46.9212 49.3116 6.19221 14.2067 

Image 28 0.4602 91.4328 42.9085 49.5183 7.8554 14.9212 

Image 29 0.4804 96.5057 43.5591 48.6407 7.4189 14.784 

Image 30 0.4799 92.5749 42.9064 48.5011 7.6664 14.9668 

 

In the table above, for Mahalanobis distance method AMBE is low compared to HE and CLAHE 

techniques. Which means image quality of is good in comparison to HE and CLAHE. PSNR of 

Mahalanobis distance method is very high compared to HE and CLAHE, which means the 

quality of image enhanced by Mahalanobis distance method is very high compared to HE, 

CLAHE. 

 

3.2 Software and hardware Implementation: 

The following are the software used in the development project of this research paper  

•    Language: MATLAB 

•    Operating system: Windows System. 

 



 

The hardware used in this project paper is; 

•    RAM: 4GB 

•    Speed: 3.0GHz 

•    Processor: Intel i3 

•    Hard Disk: 500 GB 

 

3.3 Summary: 

This chapter has extensively compared the three-fundus image enhancement methods; the 

CLAHE, HE and the MD. The main objective was to pick the best out of the three methods, one 

that can best classify exudates in the digital retinal images through the adoption of the MATLAB 

graphical interface. From the findings above, we can state that the candidate exudates can be best 

identified through the use of the Mahalanobis Distance (MD) enhancement.  

  



 

4. IMPLEMENTATION PLAN & DISCUSSION 

4.1 Implementation plan:  

Implementation of the system, which has been proposed by this research paper, was done by the 

digital fundus image. The DFIs analysis is very important in finding the pathological path 

usually leads to various diseases. The numerous illumination and contrast issues are an important 

factor in digital fundus image enhancement. For proper diagnoses, which are being done by the 

ophthalmologists, the digital fundus image must be developed properly. The chart below (figure 

13) outlines the detection of the exudates implementation plan in the digital fundus image. 



 

 

 

                            Figure 13: Implementation Block Diagram 

 

 



 

4.2 Conversion from RGB color space to CIELAB color space 

Based on CIE XYZ color space coordinates that are nonlinearly compressed, the L* represents 

lightness, a*, and b* for the color-opponent dimensions in the Lab color space.  

 

Nearly, all the CIELAB color scale is a uniform a uniform color scale. The corresponding 

differences in visual difference are due to the different points plotted in color space in the 

uniform color scale. The structuring of the CIELAB color space is usually represented in the 

form of a cube. The L* representing lightness usually runs from top to bottom. A reflecting 

diffuser that is usually perfect is represented when the L* is 100 at its maximum limit, further 

when L* is at zero it usually shows black. There are defined numerical limits for a and b axes. 

Positive a* usually represents red, and on the other hand, green is represented by the negative a*. 

Yellow corresponds to the positive b* and the blue corresponds to negative b*. 

 

Since the L* component does not interfere with a* and b* colors usually referred to as twins, it 

thus can serve as a reference for making color corrections. Moreover, the component nearly 

matches how the human perceives lightness and also has a greater advantage because it is a 

non-dependent quality control. Rather than the human visual perception, the RGM or the CMYK 

color space are designed to give an output of physical devices. A very small intensity of variation 

in this work was identified by the color model as shown in figure (14) below; 

 



 

                 

                       Figure 14: CEILAB color space (Hunter Lab, 1996) 

The difference between the two colors perceived by the human eye is usually referred to as 

perpetual uniformity. The figure above (CEILab color space) represents a perpetual uniform 

color space. Further determining the arrangement of the colors, which then determines how the 

different colors are perceived, did the definition of the uniform color space. 

       

                          Figure 15: Image of Input (Kauppi et al., 2007) 



 

 

                                 Figure 16: CIELAB Image 

        

                                 Figure 17: L* Component Image 

 



 

 

                              Figure 18: a* Component Image 

 

             

 

                              Figure 19: b* Component Image 



 

4.3 K-means Clustering 

This is a technique that is mostly applicable in vector quantization and furthermore for the 

cluster analysis in data mining and the technique is original for the processing of signals. The 

K-means clustering technique has two main objectives, the first one is to partition (n) and 

secondly observation into (k) clusters whereby, every single observation falls to a cluster having 

the nearest mean. This serves as the clusters prototype. The partition of the data space to Voronoi 

cells is the resultant outcome. The main justification for choosing K-means is because it is very 

simple in many aspects. Particularly in this work, partitioning of the data into the various groups 

for identification of the exudates locations was done by the K-means exudates.  

 

K-mean Usage in our project: 

In this proposed project work, the K-mean clustering technique was used because of the simple 

computation it exhibits over the rest of the clustering algorithms. The algorithm represents a 

generalized hard clustering algorithm. . In cases where point representatives are used the k-mean 

clustering is normally used. Further, the Squared Euclidean Distance (SED) is also applied when 

trying to estimate the various differences between the cluster representatives and the vectors.  

The K-means algorithm exhibits the following steps:  

Step 1: Read the input image.  

Step 2: Convert the image into a 2D array.  

Step 3: Randomly choose k centroids. 

Step 4: Assign each observation to their closest centroid, based on the Euclidean distance 

between the object and the centroid. 

                                 (7) 

where, 



 

,  are the coordinates of centroid, 

,  are the coordinates of object, 

d is the distance between them  

Step 5: For each of the k clusters, recompute the cluster centroid by calculating the new mean       

value of all the data points in the cluster. 

Step 6: Iteratively minimize the total within the sum of square. Repeat Step 4 and Step 5, until 

the centroids do not change or the maximum number of iterations is reached. 

        

                        Figure 20: Original Image (Kauppi et al., 2007) 



 

        

                           Figure 21: k-means clustered Image 

4.4 Blood vessel detection 

The extraction of the exudates from the image, which is already processed, is facilitated by, 

detection of the network of the blood vessels and further, using the morphological operations are 

eliminated from the image. The morphological operation can readily be used in medical image 

analysis as it aids the important tools to extract the pathologies basing on the shape. The 

proposed work morphological operations are given shown below. 

1. Dilation: 

            (8) 

Where, X is the input image, B is the structuring element and  is the image B rotated 

bout the origin. Equation states that when the image X is dilated by the structuring 

element B, then outcome element z would be that there will be at least one element in B 

that intersect with an element in X. 

2. Erosion: 

                                                (9) 



 

 

The equation states that the outcome element Z is considered only when the structuring 

element is a subset or equal to the binary image X. 

3.  

 

Simply defined as dilation followed by erosion, using the same structuring element. 

Determining the size and shape of the structuring element is a critical part of applying the 

morphological operations. Optimal elimination of the blood vessels network from the 

retinal images of the local database in the proposed work was done by an 8-size 

ball-structuring element. 

  

4.4.1Morphological Image Processing: 

Wu Q et al (2009) mathematical morphology (MM) is a method and theory that usually analyzes 

and processes the geometrical structures, which is based on the theory set, the lattice theory, the 

random functions and the topology. In the digital images, the application of the mathematical 

morphology is common. Moreover, this application can be further used on the surface meshes, 

graphs, on solids, and other structures, which are spatial. The basic morphological operators 

include the opening and closing, erosion and dilation.   

Dilation: 

Dilation and the erosion are the outstanding applied operators in the realm of the mathematical 

morphology. The operator presents the basic effect that causes the gradual enlarging of the 

regions of the foreground pixels profoundly the white pixels on a binary image. Hence the areas 



 

of the white pixels (foreground pixels, typically) enlarge whereas the holes within those regions 

become much smaller. Two sets of data are selected and used as inputs by the dilation operators. 

The kernel, which is the second image also known as the structuring element is usually a small 

set of coordinate points while the first image is usually supposed to undergo dilation. The impact 

expansion of the input image is determined by the structuring element. 

Erosion: 

The boundaries are eroded by the erosion operator from the digital image in the pixel image. The 

holes became enlarged after erosion and thus the foreground would appear smaller. The 

operator’s input is the two pieces of data, first usually being the first image expected to go 

through erosion, the second (structuring element) usually sets the coordinate points. The 

structuring element is usually used to determine the impact of erosion. 

 

 

 

 

 

 

 



 

    

                                  Figure 22: Dilated Image 

      

                                  Figure 23: Eroded Image 



 

4.5 Hough Transform 

The analysis of images, the digital processing and the computer vision usually employs the 

Hough transform extraction feature mechanism. The main objective of extraction mechanism is 

to get the instances of an object within a stipulated class that aren’t perfect as per the parameters 

of the procedure. This kind of voting procedure is done in parameter space. The calculation of 

the Hough transforms and by algorithm construction, the object candidates are extracted as the 

local maxima of the accumulator space.   

 

Entirely, the project used the circular Hough transform for the detection of the optic disk in the 

retinal range. It is compulsory to eliminate the optic disk, to enable the detection of the exudates. 

If there is a failure in the elimination of the optic disk, there is a possibility of it being identified 

as exudates, and representing false results.  

 

Presented below is the work of a Circular Hough Transform Algorithm. 

Step1: Conversion of the color retinal image to gray scale. 

Step2: Creation of the accumulator (A 3dimensional Hough array) whereby the first two 

dimensions represent the circle origin coordinates while the radii is represented by the third 

dimension.  

Step3: Edge detection is performed by the Canny edge detector.  

Step4: Collection of the candidate circles is done and then the ones, which are similar, are 

deleted.  

 

4.6 Classifying Hard and Soft Exudates 

Exudates are classified, as hard or soft is the final step, basing on the energy of the edge and the 



 

value of the threshold. The computation of the edge energy is crucial in the determination of the 

exudates with sharp edges as they represent hard exudates. Threshold value and the edge energy 

are used in the extraction of the hard exudates. Canny operator is better than the kirsch operator 

for the edge energy detection. The soft exudates are usually extracted by subtracting the hard 

image from those images that contain both the types of the exudates.  

            

                               Figure 24: Exudates Image 

            

                                Figures 25: Hard Exudates 



 

           

                                  Figure 26: Soft Exudates 

 

Matlab GUI: 

GUI is a Matlab tool for building user interactive applications. It has controls including the 

menus, toolbars, the buttons, and the sliders to develop a user interface for application 

development. GUI contains axes to visualize the imaging data and to plot numerical data. GUI 

gives a better visualization of data in the front end of GUI, which enables the user to analyze 

data effectively. GUI gives control of execution to the user by pushbuttons. 

The MATLAB apps programs are independent in that with the GUI front-ends it is able to 

automate a task or even a computation. Basically, the GUI has the managing tools including the 

menus, toolbars, buttons, and the sliders. There are many MATLAB products ranging from the 

curve fitting toolbox, the signal processing toolbox, the image processing toolbox. The toolbox 

includes the apps with the custom user interfaces. It is also used to develop your own custom 

apps with their corresponding UIs for others to use.  



 

In our proposed work, we have utilized GUI to create an application for our proposed method to 

visualize data effectively and to make others understand the entire process step by step, which is 

displayed on GUI. We have used axes to show images in each intermediate step of processing 

data. Pushbuttons have been used to get control over the implementation of the program 

step-wise. 

 

 

  



 

5. RESULTS AND CONCLUSION 

5.1 Results: 

From the analysis carried out in this research, it was established that exudates could be predicted. 

After prediction, they have then categorized either as hard or soft exudates, after which the 

extent of severity is estimated. The image 26 below represents the original image input.  

          

 

                         Figure 27: Original Image (Kauppi et al., 2007) 



 

 

                          Figure 28: Images of Detected Exudates 

 

 

 

PERFORMANCE METRICS OF PROPOSED METHOD AND PREVIOUS METHODS 

 

Proposed method: 

The proposed method is tested for 30 database images, to calculate specificity and accuracy. The 

proposed method is compared with two existing methods. Our proposed method yields good 

performance metrics compared to others. 

 

 

 

 

 



 

Table 3: Specificity and Accuracy of Proposed Method 

           Specificity            Accuracy 

Value for results of 30 images 92.95% 94.70% 

 

Summary: 

The results from the study in this research paper established that Mahalanobis Distance (MD) is 

the best method for enhancing application images of the blood vessels. The decision on data on 

control flow can be made with the help of CIEL job. The job enhances the evaluation of the 

algorithms. CIEL enabled the streaming of data between the tasks executed in a concurrent 

manner. The results obtained from the system proposed in this research suggests that exudates 

are first predicted, then classified as either soft or hard, then finally the level of severity is 

determined. From the experimentation, it was further estimated that the overall accuracy was 

94.7% with a sensitivity of 88%.  

 

5.2 Conclusion:  

In this study, we have investigated and proposed methods to automatically detect exudates from 

low quality images and multimodal images taken from DR with non-dilated pupils. The study is 

based on the FCM clustering segmentation and morphological techniques. Five input features 

based on the characteristics of exudates, namely, retinal color normalization, local contrast 

enhancement, median filtering, RGB color space was transformed to Luv space and OD 

localization, are selected. Overall, our experimental results show that careful preprocessing step, 

feature selection and appropriate classifier together provide exudates detection performance even 

on low quality images and multimodal images. The central vision of the DR patient may be 

reduced especially if the central part of the macula swells. The retina may access less oxygen if 



 

the vessels of the retina close off. When the closing off happens, some white patches of the retina 

that is deprived of oxygen can remain, leading to the development of new blood vessels thus 

leading to easy leakage of the fluid. As a result, a scar tissue can be formed from the vessels. The 

tissue can be pulled by the vitreous, causing bleeding into the vitreous and in some instances; the 

retina might end up getting detached. Most physicians have indicated that exudates are actually a 

manifestation of severe DR. if the diabetes is not managed in a long time, the exudates might 

form in the eye fundus. The exudates start to evolve in small number and size, then the number 

and size increase significantly if diabetes goes unmonitored or unmanaged for long. The 

development of the exudates in the eye at extreme cases can make the patient lose his/her vision. 

It is therefore statistically correct to conclude that the DR patients must detect, manage and 

monitor the exudates. 

   

Hard exudates are indicators of DR. Exudates, in general, are abnormalities, that are normally 

observed and examined, in the earliest phases of the DR. Exudates manifests in clusters, which 

appears in close proximity to the microaneurysms, and occasionally next to the anatomical fovea 

area. The hard exudates appear white or yellow in color and manifest as patches and in most 

cases; the hard exudates reside in the posterior area of the fundus. The patient loses vision when 

the hard exudates accumulate on the mucula of the eye. These exudates can be detected through 

the technology called morphological image processing, which involves the removal of the optic 

disc. The retrieval of the hard exudates is done by fuzzy logic algorithm that puts exudates to 

classes of either hard or soft based on extension ratios of the exudates. Prioritized screening of 

hard exudates can assist in prevention of vision loss. Cotton wool spots can sometimes be seen 

and recognized as soft exudates especially in the extreme stages of the diabetes retinopathy. The 

cotton wool spot is formed when the pre-capillary arterioles of the retina, which pushes blood to 



 

nerve fiber get clogged and the local fiber axons swell. In contrast, it is difficult to predict the 

soft exudates with the use of edges. Therefore, in conclusion, the major tools of DR are both the 

soft and hard exudates, and both can be automatically quantified.  

In digital fundus images, there are a number of detection techniques that can be used. The shape 

of the disc is detected by the principal component analysis. A shape model that is active but 

altered, on the other hand, detects the optic disc. The exudates are then detected through the 

color features as well as through the fine edges. Once the prediction of the yellow objects has 

been done, the fine edges are predicted using the Kirsch’s mask. The yellowish objects are used 

in detecting the exudates. Furthermore, the exudates are detected using the MD classifier, which 

is one of the most preferentially used detection techniques for exudates, then its classified using 

local windows. The exudates region detection is done through the RRGS and the Intensity 

Threshold algorithm methods. MD is one of the preferred detection methods for the exudates. 

Other common techniques used for the detection of exudates are morphological reconstruction 

and machine learning. There also is a technique that can automatically be adjusted and is used in 

detection of exudates from images having low contrast. For patients having non-dilating pupils, 

Fuzzy c-means clustering is the preferred method for exudates detection. Another method that 

classifies the pixel exudates to hard and soft is Thresholding color histogram. It is therefore 

evident that there are many methods, which can be used to detect the exudates. These methods, 

however, have their own strengths and weaknesses.  

 

Various conclusions and discoveries have been covered in this research paper, one being that 

exudates come in irregular shapes in the form of yellow patches. It is not easy to detect the 

exudates when using any detecting algorithms. Another common challenge is the false 

identification of the exudates. The false responses are caused by the rim of the optic disc. The 



 

grading of the DR has been made possible by the fact that the region exudates exist. The 

calculation features of false intensity reduce the efficiency in the classification of the exudates. 

There exists a boundary due to the changes in the color of the exudates between the lesion, pixels 

and the surrounding environment. Digital images of poor quality have a negative influence on 

the separation result of the lesions using the RRGS. Detecting the exudates manually using the 

ophthalmologists requires a lot of time and is not accurate. The difference in features of the optic 

disc such as shape and color also poses a great challenge in the detection process. Other 

drawbacks include edge ranges and uneven edges. There is a need to resolve these challenges so 

as the detection methods in the fundus images are efficient and unbiased.  

 

A number of algorithms have been put forward to aid in the detection of the exudates. An 

integration of segments is one of the suggested algorithms, which is based on coarse 

segmentation. It makes use of the local difference for each unique digital image. There is also a 

new split and mere algorithm method, which uses an adaptive thresholding process. Region 

growing coupled with thresholding algorithm is another valid algorithm, which can be used in 

detection. To easily manage and localize the disc optic disc, there may need to use a novel 

algorithm. This technique utilizes a number of features such as color to classify the exudates in 

the digital images. The fuzzy c-means algorithm can be applied to detect exudates for the 

diabetic retinopathy infections in patients. The algorithm also provides the most optimal cluster 

choice. The fuzzy c-means algorithm is vital in the identification of hard exudates the rough the 

use of RGB color space of the digital retinal images to compose fuzzy sets. Therefore, we can 

conclude that there are many algorithms proposed, and the best and promising exudates was 

chosen to help in the detection of the exudates from the images.  

 



 

5.3 Suggestions for future research:  

The future research should be done to address the detection of hemorrhage and microaneurysms. 

The research will help in advanced detection of exudates and ease the DR testing. There may 

need to isolate pathologies from the little vessels, but the sacrifice will be worth the struggle so 

as to extend the research to facilitate the prediction. The issue of sensitivity must also be 

addressed in further research through studies such as how to detect the blood vessels. There is a 

need for research on how to localize the small and faint exudates too. It has not been easier to 

detect vessels prior to pathologies as well as extracting them from the images, an issue, which 

must be, addressed in the future research. We also need to classify further the DR, so as the 

detailed extent of the DR can be identified. The research can also suggest a complete system that 

can predict all the anatomical organs as well as the associated abnormalities. Abnormal lesions 

require further knowledge and information to understand and manage them. Better ways to detect 

the DR in their earlier stages and recommendations of the DR management practices will be 

appreciated. Finally, the research must suggest the most cost-effective algorithm for the 

automatic detection of the exudates as well as the classification of the digital images. The results 

of the suggested future research can present enormous support to the doctors and the 

ophthalmologists in their diagnosis and management processes.  

 

5.4 Summary:  

Day- in day –out the number of reported cases of DR patients has always been on the rise 

worldwide. This scenario has thus necessitated the need for automated DR detection systems in 

any Health care settings. The automated digital system that has been suggested by this research 

paper has applied a number of algorithms for the provision of better results in terms of the 

detection of the exudates. It is thus statistically correct and true to state that the most optimal 



 

algorithm method has been selected and confirmed on the images and it has provided the most 

promising results. The research paper has further suggested a basis for future research that may 

yield successful advancements in the technology to aid in the detection the exudates, and suggest 

better guiding and governing processes.   



 

REFERENCES 
 
Databases Used: 

http://www.it.lut.fi/project/imageret/diaretdb1/index.html  

http://www.it.lut.fi/project/imageret/diaretdb0/index.html 

[Accessed Jan 2016]. 

Huynh-Thu, Q., & Ghanbari, M. (2008). Scope of validity of PSNR in image/video quality 

assessment. Electronics letters, 44(13), 800-801. [Accessed March 2016]. 

Jiang, T., Liu, Y., & Zhang, C. (2005). Computer Vision for Biomedical Image Applications: 

First International Workshop, CVBIA 2005, Beijing, China, October 21, 2005, 

Proceedings. [Accessed April 2015]. 

Kauppi, T., Kalesnykiene, V., Kamarainen, J.-K., Lensu, L., Sorri, I., Raninen A., Voutilainen R., 

Uusitalo, H., Kälviäinen, H., Pietilä, J., DIARETDB1 diabetic retinopathy database and 

evaluation protocol, Technical report. [Accessed Feb 2016]. 

Kavitha, D., & Devi, S. S. (2005, January). Automatic detection of optic disc and exudates in 

retinal images. In Intelligent Sensing and Information Processing, 2005. Proceedings of 

2005 International Conference on (pp. 501-506). IEEE [Accessed April 2016]. 

Manpreet kaur, M K (2015), Automatic Detection of Diabetic Retinopathy from Eye Fundus 

Images: A Reviewǁǁ, Proceedings of 3rd International Conference on Advancements in 

Engineering & Technology (ICAET-2015).  [Accessed Feb 2016]. 

Osareh A, Shadgar B and Markham R (2009), “A Computational-Intelligence- Based Approach 

for Detection of Exudates in Diabetic Retinopathy Images”, IEEE Trans on Information 

Techin Biomedicine, Vol. 13, No.4, pp. 535-545. [Accessed April 2016]. 

Sanchez C I, Hornero R, López M I, Aboy M, Poza J, Abásolo D, Sánchez C I, Hornero R, 



 

LópezM I, Aboy M, Poza J and Abásolo D (2008), “A novel automatic image processing 

algorithm for detection of hard exudates based on retinal image analysis.”,Med. Eng. 

Phys., vol. 30, no.3, pp. 350–357. [Accessed May 2016]. 

Sopharak, A., Uyyanonvara, B., & Barman, S. (2009). Automatic exudate detection from 

non-dilated diabetic retinopathy retinal images using fuzzy c-means clustering. Sensors, 

9(3), 2148-2161. [Accessed April 2016]. 

Tasman, W., & Jaeger, E. (2001). The Wills Eye Hospital: Atlas of Clinical Ophthalmology (2nd 

ed.). Lippincott Williams and Wilkins Publisher. [Accessed April 2016]. 

Walter, T., Klein, J. C., Massin, P., & Erginay, A. (2002). A contribution of image processing to 

the diagnosis of diabetic retinopathy-detection of exudates in color fundus images of the 

human retina. IEEE transactions on medical imaging, 21(10), 1236-1243. [Accessed 

March 2016]. 

Welfera, D., Scharcanskia, J., &Marinho, D. (2010). A coarse-to-fine strategy for automatically 

detecting exudates in color eye fundus images. Computerized Medical Imaging and 

Graphics, 34, 228-235. [Accessed May 2016]. 

Wu Q, Lu Z and Ji T (2009) “Protective Relaying of Power Systems Using Mathematical 

morphology.” Pp.1-3. [Accessed May 2016]. 

Xiang, S., Nie, F., & Zhang, C. (2008). Learning a Mahalanobis distance metric for data 

clustering and classification. Pattern Recognition, 41(12), 3600-3612. [Accessed April 

2016]. 

Yogesan, K., Goldschmidt, L., & Cuadros, J. (2012). Digital teleretinal screening: 

Teleophthalmology in practice. Berlin: Springer. [Accessed April 2016]. 

 


