
Detection of Hard Exudates in Colour Fundus Images
Using Fuzzy Support Vector Machine-Based Expert System

T. Jaya1 & J. Dheeba2 & N. Albert Singh3

Published online: 31 March 2015
# Society for Imaging Informatics in Medicine 2015

Abstract Diabetic retinopathy is a major cause of vision loss

in diabetic patients. Currently, there is a need for making de-

cisions using intelligent computer algorithms when screening

a large volume of data. This paper presents an expert decision-

making system designed using a fuzzy support vector ma-

chine (FSVM) classifier to detect hard exudates in fundus

images. The optic discs in the colour fundus images are seg-

mented to avoid false alarms using morphological operations

and based on circular Hough transform. To discriminate be-

tween the exudates and the non-exudates pixels, colour and

texture features are extracted from the images. These features

are given as input to the FSVM classifier. The classifier

analysed 200 retinal images collected from diabetic retinopa-

thy screening programmes. The tests made on the retinal im-

ages show that the proposed detection system has better dis-

criminating power than the conventional support vector ma-

chine. With the best combination of FSVM and features sets,

the area under the receiver operating characteristic curve

reached 0.9606, which corresponds to a sensitivity of

94.1 % with a specificity of 90.0 %. The results suggest that

detecting hard exudates using FSVM contribute to computer-

assisted detection of diabetic retinopathy and as a decision

support system for ophthalmologists.
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Introduction

Diabetic retinopathy is a complication of diabetes that is

caused by damage to the small blood vessels of the retina.

Blindness is an outcome of diabetic retinopathy, and it occurs

in 80 % of all diabetic patients [1]. DR is the leading cause of

blindness in people between the age of 20 and 60. However,

early detection and prompt treatment could prevent the vision

loss caused by DR. Premature detection of DR is a challeng-

ing task, because patients with DR will have no symptoms

until vision loss develops. Hence, person with diabetes should

have a comprehensive retina screening once in every year.

Colour fundus photography documents the retina of the eye

with specially designed cameras, which is considered as a

sensitive means of detecting early signs of DR when exam-

ined by the ophthalmologists. DR is a progressive disease; it

can progress from nonproliferative diabetic retinopathy

(NPDR) to proliferative diabetic retinopathy (PDR). NPDR

is the earliest stage of DR, while PDR is an advanced stage.

Yearly screening of the eye is done by examining the eye

fundus of the diabetic patients looking for any signs of NPDR.

It has been shown that fundus photography is the most accu-

rate means of screening for retinopathy [2]. According to the

clinical findings done by Viswanath and Murray [3], in most

developing countries, there are very few specialists to examine

diabetic patients by ophthalmologists in screening

programmes.
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NPDR commonly known as background retinopathy is an

early detection of DR. The DR starts with a mild NPDR,

which usually does not affect the vision. When vision is af-

fected, it is the result of leaking of fluid in the blood vessels

called exudates (EXs). Exudates can be hard exudates (yellow

spots seen in the retina) and soft exudates (pale yellow or

white areas with ill-defined edges). In this article, an intelli-

gent computer-aided DR detection system is developed for

detecting the exudates in the fundus images. An automated

tool can be used for assisting the ophthalmologists in the de-

tection process, which gives attention to diabetic patients in

receiving effective treatment. The screening tool utilises intel-

ligent computer algorithms to automatically analyse the fea-

tures of DR and detect early signs of pathology.

With the advent of medical imaging and artificial intelli-

gence, automated screeningmethods are investigated bymany

researches. A method was presented by Geir E. Oien in 1995

[4], which uses an automated system based on modern digital

image processing which needs less human intervention and

will yield more consistent results. Maria Garcia et al. [5] ap-

plied a radial basis function classifier for detecting hard exu-

dates in retinal images. In the first stage, the luminosity and

the contrast of the images were normalised to avoid the intra-

image variation caused by inadequate illumination and poor

quality of the image. Then segmentation is done by making

use of the local properties of the exudates and combining

global and local histogram thresholding methods. The author

used a total of 24 features extracted from the segmented re-

gions, and a feature selection is done based on linear regres-

sion to select the relevant features for specific problem; to

classify the regions as exudates or non-exudates, the selected

significant 12 features were given as input to the radial basis

function network. The performance was tested on a database

of 67 retinal images of varying colour, size and quality.

Alireza et al. [6] investigated a computational intelligence

approach for automatic detection and identification of exu-

dates pathologies. As a pre-processing step, colour normalisa-

tion and contrast enhancement are done. Images are segment-

ed based on the colour represented in Luv colour space, and a

fine segmentation is done using fuzzy c-means (FCM) clus-

tering algorithm. Appropriate features are selected using ge-

netic algorithm from the segmented regions, and classification

of exudates is done using neural network for a dataset of 300

manually labelled images.

Gwenole et al. [7] evaluated a computer-aided diagnostic

system for automatically detecting abnormalities in colour ret-

inal mages. The bright lesions were detected by employing

pixel classification to group pixels that are likely inside the

bright lesion. The pixel classification approach used a K-

nearest neighbour classifier, and 31 features were extracted

using Gaussian filter bank. Haniza et al. [8] proposed an au-

tomated system for detecting hard exudates in fundus images.

For the purpose of diagnosis, the fundus images were

segmented using FCM clustering and segments the back-

ground region outside of the eyeball, the blood vessels, the

healthy background retina, the low intensity exudates and

high intensity exudates and tested with 15 images achieving

a true positive fraction of 97.8 %. The segmented regions are

subjected to edge detection by Prewitt operations to identify

the soft and hard exudates. Finally, an inverse surface

thresholding is used to separate exudates and optic disc from

the background.

Niemeijer et al. [9] proposed a pixel-based method for dif-

ferentiating exudates, drusen and cotton wool spots and tested

with 300 retinal images achieving a sensitivity of 95.5 % for

exudates detection. The probability of each pixel is calculated,

and the pixel with higher probability is taken as a lesion pixel.

Based on the cluster characteristics, clusters were classified as

exudates, drusen and cotton wool spots. Usher et al. [10]

employed a neural network-based classification on the candi-

date regions obtained using recursive region growing and

adaptive intensity thresholding. A matched filter has been

used for diagnosing proliferative diabetic retinopathy by Lei

Zhang [11]. A local vessels cross-section analysis using

double-sided thresholding is used for reducing the false posi-

tive alarms. Carla Agurto et al. [12] used an amplitude mod-

ulation frequency modulation for discriminating between nor-

mal and pathological retinal images.

From the above, we can see that the previous methods

either have a less classification accuracy for hard exudates

detection, or that they are not a fully automated system. The

previous methods did not consider texture features as an im-

portant feature on hard exudates, while the complexity of hard

exudates detection requires us to identify themmore accurate-

ly by considering multiple feature characteristics.

DR may cause several abnormalities in the retina like

microneurysms (MAs), haemorrhages (HMs), hard exudates

and soft exudates (cotton-wool spots). Among these patholo-

gies, exudates are the primemarkers of DR causing vision loss

[13]. The main goal of this article is to develop an intelligent

decision-making system that automatically detects the hard

exudates in the retinal images using intelligent fuzzy support

vector machine classifier. The hard exudates detection is for-

mulated into three stages. First, the retinal images are subject-

ed to segmentation of optic disc. In this step, the retinal images

are subjected to morphological and edge-based operation.

Then the colour features are extracted from the image. Retinal

images taken have variable quality, colour and brightness; the

optic disc segmentation will reduce the false alarms in all the

images. In the second phase, colour and texture features are

extracted from the retinal images. The colour-based features

are extracted from the RGB components and opponent colour

space of the original retinal image. In addition to colour

features, textures feature extracted from the histogram-

equalised image are considered for hard exudates detec-

tion. The feature set is given as input to the intelligent fuzzy
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classifier to classify the exudates and non-exudates pixel with

high accuracy.

In recent years, researches on using kernel function in ma-

chine learning algorithms are used in many medical applica-

tions with support vector machine (SVM) being an important

one [14]. SVM is sensitive to noise and outliers, because SVM

assumes all data points have the same importance in classifi-

cation problems [15]. SVM does not have the ability to deal

with such data points. Choosing an optimal separating hyper-

plane in training patterns is difficult due to uncertainty in

making decisions. Fuzzy approaches are widely applied for

uncertain problems [16]. Fuzzy support vector machine

(FSVM) is applied for classification of exudates in DR to deal

with the effects of noise and outliers. FSVM highly integrates

with fuzzy data and have a good generalisation power [17].

The proposed detection scheme employs a fuzzy membership

function to estimate the class membership of the features that

contain exudates and non-exudates. The discriminating ability

of the colour and texture features and the performance of the

FSVM classifier are evaluated using the receiver operating

characteristic (ROC) curve.

Materials and Methods

In this section, the database used and the methods that are used

for hard exudates detection is discussed. Figure 1 shows the

overall block diagram of the proposed diabetic retinopathy

detection system.

Database Description

The digital colour fundus image database utilised in this paper

was collected from medical diagnostics centre. The images

were taken in a Canon CR6-45NM retinal camera and were

stored in JPEG format. The Canon CR6-45NM digital imag-

ing system is a non-mydriatic retinal camera equipped with a

Canon EOS 10D digital camera back. A total of 200 retinal

images with varying colour, brightness and quality were col-

lected from diabetic patients. Of the 200 images in the data-

base, 75 retinal images are of patients with no pathologies and

remaining 125 contain pathologies (exudates). The images are

of 2240×1488 dimensions with resolution of 96 dpi. The age

of the diabetic patients from whom retinal images were cap-

tured is from 20 to 60. For all the individuals whose fundus

retina images used in this manuscript has given consent to

publish the case details, and IRB approved this study

for further processing using computer-aided diagnosis

system. All the images in the database were graded by

trained ophthalmologists for evaluating the performance

of the proposed intelligent classifier. The example of

retinal images with pathology and without pathology

(normal) is shown in Fig. 2.

Optic Disc Removal

Optic disc (OD) removal is an important stage in develop-

ing a decision-making system for automatic diagnosis of

retinal pathologies. The removal process requires OD lo-

calization and then segmenting the optic disc. In this paper,

segmentation of OD is performed using morphological and

edge-based techniques and used circular Hough transform

for OD segmentation followed by Arturo Aquino et al.

[18].

Feature Extraction

For the classification phase, the input to the FSVM classifier is

given in the form of colour and texture features. A complete

representation of true exudates is identified by considering the

29 features of which, 4 features are obtained by the colour

component of the retinal image and remaining 25 features

are obtained using Laws texture energy measures [19–21].

The retinal images are taken in different imaging conditions,

and to get the best features from the images, colour histograms

are computed. Colour information is a human subjective visu-

al characteristic, and it is a widely used visual feature in

recognising objects. The colour histograms are built from

the retinal images in the RGB colour space. The RGB values

are measured, and the normalised rg values is computed as

[22]

r ¼
R

Rþ Gþ Bð Þ
ð1Þ

g ¼
G

Rþ Gþ Bð Þ
: ð2Þ

The opponent colour space is used as a feature set for better

perception of colour. The two components are taken from the

colour space, the luminance channel (O1) and the red-green

Fig. 1 The proposed diabetic

retinopathy detection system

model
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(referred as G-R) channel (O2). The opponent colour spaces

are defined by [22]

O1 R;G;Bð Þ ¼
R−G

2
ð3Þ

O2 R;G;Bð Þ ¼
2B−R−Gð Þ

4
: ð4Þ

The retinal images cannot be analysed by using col-

our features alone, because the colour histogram repre-

sentation depends on the colour of the object that is

studied, not depending on the texture features. In this

paper, we combine both colour and texture features for

classifying exudates in retinal images. The texture features are

obtained using Laws texture energy measure and distinctive

physical composition of image surface [19]. Laws texture en-

ergy measures uses fitter masks to extract different texture

descriptors in retinal images. They measure texture properties

by assessing average grey level, spot, wave, ripple and edges

which can be used for classification. The labelled texture de-

scriptors are derived from a 3×3 masks and 5×5 masks. The

5×5 masks can be combined to form 2D convolution kernels.

The five vectors are given below.

L 5 ¼ 1; 4; 6; 4; 1ð Þ
E5 ¼ −1;−2; 0; 2; 1ð Þ
S5 ¼ −1; 0; 2; 0;−1ð Þ
W5 ¼ −1; 2; 0;−2; 1ð Þ
R5 ¼ 1;−4; 6;−4; 1ð Þ

These masks are convoluted with the retinal image,

and the texture energy statistics are calculated which

forms the texture features. The resultant is a set of grey scale

images.

A nonlinear windowing operation is performed with a win-

dow size of 15×15. The proposed classification system is a

pixel-based classification. Every pixel of the convoluted im-

age is replaced by comparing with the local neighbourhood

based on sum of the neighbouring pixel. The texture energy

measure Ek(i,j) is given as,

Ek i; jð Þ ¼
X 7

i¼−7

X 7

j¼−7
Fk i; jð Þj j ð5Þ

Fk, is the result of filtering with kth mask. The images

obtained after windowing operation are normalised

using min-max normalisation [23]. The 25 texture fea-

tures obtained from the retinal images for exudates de-

tection in diabetic patients are analysed, and the dis-

criminating ability of these features were tested using

FSVM classifier.

Classification Using FSVM

Support vector machine is a constructive learning algo-

rithm based on the statistical learning theory and the

Vapnik-Chervonenkis (VC) dimensions [24]. For non-

linear classifier models, SVM maps the input vector x

into a higher dimensional feature space ℋ, and an

optimal separating hyperplane is constructed. A nonlin-

ear transformation φ(x) is done for mapping, using the

suitable basis function, and then uses the linear model

in the feature space, which is called the kernel func-

tion. The SVM classification is written in the following

form;

f SVM xð Þ ¼ wTφ xð Þ þ b ð6Þ

where parameter w is the weight factor, and b is the

bias, which are determined from training data set.

SVM finds the support vectors that define the separators

giving the widest separation of classes. The merit of

support vector machine is that by a kernel function

K(xi,yi), which is the inner product in the feature space,

it tries to make the training data linear reparability in

the high-dimension feature space, thus achieve nonlinear

reparability in the input space. A training sample (xi,yi)

is a support vector if it holds yiw
Tφ(x)+b≥1. Let Sk be

the support vector and k∈[1,K], and the SVM function

becomes

f SVM xð Þ ¼
X

K

k¼1

K x; Skð Þ þ b K x; Skð Þ ¼ φT xð Þφ Skð Þ :

K(.,.) represents the kernel function to represent the ef-

fect of nonlinear mapping φ(.) in classification of hard

Fig. 2 Example colour fundus

image. a Normal retinal image. b

Retinal image with exudates
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exudates. A radial basis function network is used as a

kernel function for classification of hard exudates with

σ the width of the network mapping the input space to

a higher dimensional feature vector and is given as,

K x; Skð Þ ¼ exp
−x−Sk

2

2σ2
: ð7Þ

The strategy is to map the training data to the higher di-

mensional feature space and include most of them into a

hypersphere of minimum size. That is, the task is to minimise

the following objective function.Minimise,

FSVM ¼
w2

2
þ C

X n

i¼1
Ei ð8Þ

where C is the regularisation parameter controlling the

tradeoffs between margin maximisation and classification er-

ror. E is called the slack variable that is related to classification

errors in SVM.

Fuzzy SVM, which was proposed by Lin and Wang [17],

applies a fuzzy membership function to each input data of

SVM. In SVM, the training process is very sensitive to those

outliers in the training dataset which are far away from their

own class [15, 16]. The data points in the training set are

assigned with a membership and sum of the deviations

weighted by their membership. This will reduce the effect of

outliers or noises, and if one data point is detected as outlier,

then it is assigned with a low membership value, so their

impacts to total error sum decreases. The training set is trans-

ferred into a fuzzy training set, and the classification problem

is modelled as,

Minimize; FFSVM ¼
w2

2
þ C

X n

i¼1
f iEi

Subject to; yiw
Tφ xð Þ þ b≥1−Ei

Ei≥0; i ¼ 1; 2…::; n

ð9Þ

Where fi is the fuzzy membership and fi∈[0,1]. In the

above objective function, when fi is small, then the data point

is less important, and the term fiEi will become small. The

error term Ei is scaled by the membership value fi. The solu-

tion of the optimization problem in Eq. (9) can be found by

finding the saddle point of the Lagrangian.

L ¼
w2

2
þ C

X

n

i¼1

f iEi

þ b−
X

n

i¼1

αi w:φ xið Þð Þ þ bþ Eið Þ−
X

n

i¼1

βiEi

Where αi and βi are the non-negative Lagrange multipliers.

Differentiating L with respect to w,b,Ei and setting the result

to zero, we obtain,

αi ¼ C f i−βi and αi≤C f i

Minimize;
1

2

X n

i¼1

X n

j¼1
αiα jK xi; x j

� �

Subject to; 0≤αi≤C f i; i ¼ 1; 2…; n and
X

i
ai ¼ 1

:

It is noted from the above equation that ai corre-

sponds to a training data point xi. The main idea of

FSVM is that if the input is detected as an outlier, we

reduce one input’s membership such that its contribution to

total error term is decreased. In such way, we expect the new

fuzzy machine to make full use of data and achieve better

generalisation ability.

Experimental Results and Discussion

The proposed FSVM classifier was implemented using the

proposed approach as shown in Fig. 1. The colour fundus

images were collected from DR screening centres taken using

Canon CR6-45NM digital imaging system. The proposed in-

telligent system first segments the optic disc in the retinal

image. Optic disc imposes false alarms and decreases the ac-

curacy by increasing the misclassification rate. Then, features

are extracted for pixel-based classification. The pixel-based

classification system will assign one or more classes to indi-

vidual pixels in the image. In this work, the pixel feature

classification system will assign the pixels to either exudates

class or to non-exudates class. The intelligent classification

system uses multiple features by extracting colour features

and texture features from the retinal image. The histogram of

R and G component and the opponent colour space compo-

nents are used as colour features. The texture features based

on laws texture descriptors (average grey level, spot, wave,

ripple and edge) are taken from pixel and its surrounding. The

intelligent FSVM classifier operates in two phases: (1) train-

ing phase, the classifier learns to correctly classify the exu-

dates and non-exudates with a known output and (2) testing

phase, the classification system classifies previously unseen

images. The main goal of the proposed intelligent decision-

making classifier is to separate the valid hard exudates from

false alarms. A training set consisting of randomly selected 75

retinal images with and without pathologies and 200 images

were used for testing the classifier. The testing was done on

images in the whole database (200 images). The FSVM

classifier was trained based on the 29 feature for each

pixel. Figure 3 shows the automated analysis of retinal

images and shows the R and G channels. Figure 3b, c

shows the red and green colour space features of the reti-

nal image, respectively.

In the texture feature extraction stage, the input image is

divided into 15×15 overlapping subregions. The subregions

J Digit Imaging (2015) 28:761–768 765



are convoluted with a mask, and the sum of the subregions

was used as an input to the FSVM classifier. Since the exu-

dates can be of varying size, intensity and brightness taking

colour and texture features offers a better solution for auto-

matic detection of pathologies and is shown in Fig. 4.

The concept of fuzzy set theory is incorporated with the

SVM model. The fuzzy parameters used in this work are

constrained to a logistic regression membership function

[25] given by Eq. (10). The membership value for the mem-

bership functions is assigned with a value in the interval of [0,

1]. In the FSVM classifier, the regularisation parameter is set

as C=10, σ2=1 for radial basis function kernel. These param-

eters are set using trial and error method. The performance of

the proposed classifier is evaluated using the receiver operat-

ing characteristic (ROC) curve. Figure 5 shows the ROC

curve of the proposed approach and the conventional SVM

classifier.

F xð Þ ¼
ex

ex þ 1
ð10Þ

For evaluation of detection performance, the number of

true positives (TP), false positives (FP), true negatives (TN)

and false negatives (FN) should be taken into consideration. In

this way, the true positive rate can be plotted against the false

positive rate. Each decision threshold results in a correspond-

ing operating point on the curve. Such a curve is referred as

receiver operating characteristic (ROC) curve [26]. TP, TN,

FP and FN are the four different possible outcomes of a single

prediction for two classes exudates (+1) and non-exudates

Fig. 3 Automated feature analysis of the colour fundus image. a Colour fundus image. b R component. c G component

Fig. 4 Detection of hard exudates using FSVM classifier. a Original colour fundus image. b Grey scale image. c Optic disc segmentation. d Hard

exudates detection
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(−1). The values taken for the detection performance is calcu-

lated by considering pixel by pixel classification. The total

number of pixels in the test data is estimated, and the correctly

classified number of pixels is evaluated; based on that, the

sensitivity and specificity for the ROC curve is measured.

The overall performance of detection systems has been mea-

sured and reported in terms of classification accuracy which is

the percentage of diagnostic decisions that proved to be cor-

rect. In characterising the accuracy of a diagnostic screening

test, the ROC curve of the test provides much more informa-

tion about how the test performs than just a single estimate of

the test’s sensitivity and specificity. A high-performance AZ
value is achieved with the hyper parameters C=10 and σ2=1.

The ROC is drawn by choosing different values for hyper

parameters C and σ2, and this is chosen as the operating point.

The real-time fundoscopic images are taken using the same

retinal camera. Hence, the retinal images will not show more

variations from images to images. In case of the SVM classi-

fier, the AZ value obtained was 0.84533. When fuzzy is ap-

plied to the SVM, the AZ value obtained was 0.9552, which is

higher than the SVM classifier. In order to evaluate the laws

texture features on FSVM classifier, additional metrics like

sensitivity, specificity, classification accuracy, Youden’s index

and misclassification rate are considered. Youden’s index (J),

developed by W. J. Youden [27], is a single statistic that cap-

tures the performance of a classification test.

The result emphasises the potential of FSVM algorithm to

be used as a classifier for exudates detection in retinal images.

Table 1 demonstrates the performance of the classifier using

various summary measures. The performance of the FSVM

classifier with an accuracy of 93.0 % is better than the con-

ventional SVM classifier. A sensitivity of 94.1 % is achieved

using the proposed method with the specificity of 90.0 %. The

FSVM classifier has a misclassification rate of 0.07 which is

less when compared to the other classifier models. It was of

more interest to focus the experimentation on trying to

improve the classification rate by focussing on fuzzy member-

ship values. Consequently, by using fuzzy parameter for

SVM, the classification accuracy is improved drastically.

Detection of hard exudates is a difficult and challenging

task, since the newly formed blood vessel is tiny and not

clearly visible. FSVM have a great potential to be applied in

automatic detection of hard exudates in retinal images by re-

ducing the misclassification rate. In experimental analysis,

getting an accurate suspected region in retinal image is a cru-

cial issue. As expected in the experiment, the texture and the

colour features obtained from the original image removes the

fluctuations caused by blood vessels, varying image quality

and illumination. Since the FSVM combines the fuzzy mem-

bership characteristic with the supervised learning of conven-

tional support vector machine, the proposed detection algo-

rithm based on the FSVM worked very well and obtained a

robust performance. The corresponding performance results

demonstrated in Table 1 shows FSVM is higher in terms of

sensitivity, specificity, accuracy, AUC, Youden’s index and

misclassification rate. A global solution is found by using

FSVM algorithm increased the detection accuracy.

Conclusion

In this paper, we investigated a novel method for the detection

of hard exudates in colour fundus images. The pathology

caused by diabetic retinopathy is detection using an intelligent

decision support system. The colour and texture features are

used as feature sets for discriminating between the exudates

and non-exudates pixels. First, the optic disc is segmented

using a morphological and edge detection process. Second,

colour and laws texture energy measures are applied to obtain

texture features from the retinal area. Then, an intelligent clas-

sifier—fuzzy SVM—is used to detect the pathological regions

in the colour fundus images. The proposed intelligent decision

support system can be used by the ophthalmologists as a sec-

ond reader which detects the subtle signs of hard exudates at

early stage. The performance evaluation demonstrates that the

Fig. 5 ROC curve for SVM and FSVM classifier

Table 1 Performance measures for SVM and FSVM classifiers

Classifiers/metrics Performance measures

SVM FSVM

Sensitivity (%) 89.5 94.1

Specificity (%) 88.2 90.0

Accuracy (%) 89.2 93.0

AUC 0.9426 0.9606

Youden’s index 0.7775 0.8407

Misclassification rate 0.108 0.07
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result of the FSVM classifier is generally better than that of the

conventional SVM classifier.
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