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A BSTRACT
The most primal sign of Diabetic Retinopathy is exudates. Detecting the exudates at an earlier stage can
prevent the vision loss. In this paper, we propose an efficient preprocessing algorithm, to enhance the contrast
between background and exudates area. For feature extraction demonstrated Kirsch and Linde-Buzo-Gray
(LBG) clustering method. The proposed algorithm is tested on the publically available DIARETDB1 database.
Due to its distinguishing performance measures, the proposed method has been successfully applied to images
of variable quality. Receiving operating curve (ROC) and weighted error rate (WER) which shows that the
performance of our method is effective to detect exudate in the retinal image.
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1. Introduction
Diabetic Retinopathy (DR) is a severe and widely spread eye
disease. Exudates are one of the primary signs of DR. Exudates
represent accumulations of lipid and protein. They are typically
bright, reflective, white or cream colored lesions seen in the
retina. They indicate increased vessel permeability and an associated risk of retinal edema. If this occurs in the macula, then,
it will result in a lack of vision. Although not sight threatening, they are a marker of fluid accumulation in the retina and
if they are seen close to the macula center are considered sight
threatening lesions. They are commonly seen in association
with microaneurysms which have increased leakage such that
the classical lesion is a circular ring of exudates with several
microaneurysms at its center. Figure 1 shows an example of the
exudates detection of the Diabetic Retinopathy [1]. In the resultant pictures, black indicates exudates and white indicates the
area where the optic disc (OD) has masked out. The candidate
regions obtained after morphological segmentation.
Detection of exudates by ophthalmologists normally requires pupil dilation using chemical solution which takes time
and affects patients. Akara Sopharak et al. have proposed
automatic methods of exudate detection on low-contrast images taken from non-dilated pupils [2–4]. The process had two
main steps of segmentation which are coarse segmentation using
Fuzzy C-Means(FCM) clustering and fine segmentation using
morphological reconstruction. Four features, namely intensity,
standard deviation on intensity, hue and adapted edge, were
selected for coarse segmentation. Traditional exudates detection

methods are based on specific parameter configuration, while
the machine learning approaches which seems more flexible
may be computationally high cost. A comparative analysis of
traditional and machine method was reported. The sensitivity,
specificity, precision, accuracy and time complexity of each
method was also compared. Gerald Schaefer et al. have presented an automated, neural network based approach for the
detection of exudates [5]. Images are processed using a sliding
window approach to extract sub regions of the image. Based on
the ground truth database of images with known exudates locations, a neural network was trained to classify the regions central
pixels into exudates and non-exudates instances. It provides a
sensitivity of 94.78% with a specificity of 94.29%. A machine
learning approach was used to the problem of exudates classification. This method was used for exudates feature selection and
classification using a Naive Bayes (NB) classifier [6]. Filtered
images for noise reduction, enhanced for more contrast, detect
and remove the OD; extract local features describing pixels or
regions, then classify those features using a model built from a
training set. The NB classifier, after feature selection, achieved
an overall per-pixel sensitivity of 93.38%, specificity of 98.14%,
precision of 47.51%, and an overall accuracy of 98.05% on a
test set not used during training. The Nearest Neighbor (NN)
classifier was used as a baseline method for comparison with
NB and Support Vector Machine (SVM) classifiers [7]. The
NB and SVM classifiers perform substantially better than the
NN classifier. This was the first work to achieve practically
useful exudates detection results on non-dilated fundus images.
The k-mean clustering technique was used to detect exudates
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[8, 9]. For the exudate detection, median filter was applied to
the retinal image and the filtered image was subtracted from the
green channel of the original image to eliminate the intensity
variation. The sensitivity for the exudates detection was 86%. A
new algorithm for the extraction of bright objects from fundus
images based on marker controlled watershed segmentation was
presented [10]. The proposed algorithm makes use of average
filtering and contrast adjustment as preprocessing steps. The
concept of the markers was used to modify the gradient before
the watershed transformation was applied. The method can yield
an average sensitivity value of about 95%.

cent subimages, standard deviation values and distribution of
illumination throughout the image. Morphological operation is
applied on the coarse and fine detection results to obtain the final
segmentation of exudates [15]. Kavitha et al. used a method
based on color histogram thresholding for identification of hard
and soft exudate pathologies in retinopathy images. The overall
sensitivity, specificity and accuracy obtained by this approach
were 89.78%, 99.12% and 99.07%, respectively [16].
Feroui Amel et al. proposed an algorithm which is based on a
combination of k means clustering algorithm and mathematical
morphology to detect hard exudates in retinal images. These
techniques are widely used for image segmentation. The advantage of the proposed approach is its adaptation to a variety
of images in terms of brightness, color and contrast acquiescent by a retinographe from non-dilated pupils [17]. Wei Bu
et al. presented a novel method to detect HEs automatically in
color retinal images. The method consists of two stages: coarse
level and fine level. In coarse level an extract HEs candidate
regions by combining histogram segmentation with morphological reconstruction method. While in fine level, they defined
44 representative features for each candidate region, and train
SVM model to classify HEs and non-HEs [18]. Kekre et al.
have discussed two techniques for efficient detection of HEs.
The first technique was mathematical morphology. The second
technique was hybrid approach for detection of HEs. This approach consists of three stages: preprocessing, clustering and
post processing. In preprocessing stage, it resizes the image
and applies morphological dilation. The clustering stage applies
LBG and k-means algorithm to detect HEs. In post processing
stage, remove all unwanted feature components from the image
to get accurate results [19].
Clustering methods discussed above are used for exudate detection. These methods fail to provide optimum exudate detection
for low contrast retinal images and merely calculated the values
of Accuracy, Sensitivity and Specificity. The proposed work
concentrates on preprocessing technique. As the exudates appear bright as compared to other features in retinal image, the
edge pixels get easily identified. Considering the above property,
an effective preprocessing algorithm for exudates detection is
developed. Morphological dilation operation is used to extend
the thickness of the object (like exudates). To increase the edge
pixels’ intensity, grayscale image is subtracted from dialated
enhanced image. The proposed algorithm gives better contrast
between the background and the object (like exudates and OD),
resulting into prominent visibility of images. We applied two
feature extraction methods. The first one is Kirsch method
based on largest gradient by convolution the image with eight
templates, followed by morphological operation. Another, the
LBG clustering method is based on code vector, followed by
thresholding and morphological operation. The DIARETDB1
[20] data base with 89 color retinal fundus images is used for
testing and performance evaluation. We calculated False Positive Rate(FPR), False Negative Rate(FNR) and Weighted Error
Rate(WER) for the evaluation of our algorithm.
The setup of the paper is as follows. Section II-A describes the

Figure 1. Result of exudates detection [1]
Huiqi Li and Opas Chutatape proposed Kirsch’s method for
exudates detection. This method is applied to red and green
components of the color retinal images for detection of blood
vessels and exudates [11]. It computes the gradient by convolution the image with eight templates. The final gradient was set to
the largest gradient among different directions. Thomas Walter
et al. have used high grey level variation and morphological
reconstruction methods for detection of exudates [12]. Another
algorithm for detection of hard exudates (HEs) was based on
retinal image analysis, which is an automatic image processing
algorithm. This algorithm works on the statistical recognition
and color information which was used to detect retinal exudates.
User initialization was not required in this proposed algorithm.
This algorithm was robust to the changes in the retinal fundus
images which are typically encountered in the clinical environments [13]. Giribabu Kande et al. have proposed a simple
approach based on spatially weighted FCM clustering method,
which is used to extract the enhanced exudate regions. By including the spatial neighborhood information into the standard FCM
algorithm the spatially weighted FCM algorithm can be framed
[14]. Hussain Jaafar et al. have presented an automated method
for the detection of exudate in retinal images with the help of
segmentation procedures. The coarse segmentation is based on
calculating the local variation for each pixel of the image and
fine segmentation uses an adaptive thresholding technique based
on a new split-andmerge algorithm. Dynamic partitioning form
is determined based on some features such as average intensities
of the entire image and all sub-images, homogeneity in adja2
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database that we used for evaluation. Section II-B describes the
proposed algorithm. It includes three stages: (1) Pre-processing,
(2) Segmentation Methods, (3) Postprocessing. Section III Experiments results and discussion are presented. Section IV, we
end with the conclusion.

3. Apply Contrast-Limited Adaptive Histogram Equalization (CLAHE) process on step 2 output image (Imd ).
Ice = ApplyCLAHE(Imd )

(2)

4. Convert resized RGB image into grayscale image, it is
denoted by Igs .
5. To obtained preprocessed image following equation is
used.
Is = Ice − Igs

(3)

Green Channel Extraction: In the first step consider the green
component of the resized RGB color retinal image, which contains the most information about all features like vessels, OD
and bright lesions pixels like exudates since there is a higher
contrast between background pixels and lesion pixels.
Morphological Operation: Dilation is a process that thickens
objects in a binary image[21]. The extent of this thickening is
controlled by the Structuring Element (SE), which is represented
by a matrix of 0s and 1s. Mathematically, dilation operation can
be written in terms of set notation as given in equation (1).

Figure 2. Flow Diagram of the algorithm

2. Methods and Materials

Contrast Enhancement: After morphological operation, contrastlimited adaptive histogram equalization (CLAHE) method is
applied to enhance the contrast of step 2 output image(Imd ).
CLAHE operates on small regions of the image, called Tile.
Each Tile’s contrast is increased, so that the histogram of the
output region approximately matches the

2.1 Materials
The color retinal images used in this paper were obtained from
publicly available dataset DIARETDB1 databases. The database
consists of 89 color fundus images of which 84 contain at least
mild non-proliferative signs of the diabetic retinopathy and 5
are considered as normal, which do not contain any sign of the
diabetic retinopathy [20].

Image subtraction: The resized RGB image is converted into
the grayscale image as shown in Figure 3.c. Finally, in step 5
the grayscale image (Igs ) is subtracted from the enhanced image
(Ice ) (see equation (3)). It gives more contrast in background
and lesion as shown in Figure 3.d.

2.2 Methods
This section presents exudates detection algorithm shown in
Figure 2. In precise, we have divided this section into three sub
sections, which deal with retinal image pre-processing, segmentation and post-processing.

Optic Disc Elimination: In color retinal images OD and exudate are appear as a bright yellowish region. So because of
similar appearance, it is necessary to remove OD for exudates
detection. Using histon [23] based method mask is generated
for eliminating OD (as shown in Figure 3.e).

2.2.1 Preprocessing

Retinal images are needed to be pre-processed to enhance the
image quality. The RGB input image of size 1500*1152 resized
into the fixed size of 256*256.
Algorithm for Preprocessing Stage:

2.2.2 Segmentation Method

Kirsch Method: The Kirsch method is applied on preprocessed
image for edge detection. Which will produce the maximum
value considering as the structuring element for the edge detection. The Kirsch edge detection algorithm identifies both the
presence of an edge and the direction of the edge. There are
eight possible directions: north, northeast, east, southeast, south,
southwest, west, and northwest [11].

1. Consider Green Channel of image I, it is denoted by Igc.
2. Apply Morphological Dilation operation on output image
of step 1.
Imd = Igc ⊕ Q = maxi, j∈Q (Igc (x − i, y − i) + Q(i, j)) (1)

1. Take a single mask and rotate it to 8 major compass orientations: N, NW,W, SW, S, SE, E, and NE.

Where Q is a binary structuring element.
3
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2. The edge magnitude = the maximum value found by the
convolution of each mask with the image.
3. The edge direction is defined by the mask that produces
the maximum magnitude.
The Kirsch masks are defined as follows:
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Figure 7. ROC curve for exudates detection

LBG Clustering Method: The LBG algorithm is an iterative algorithm which requires an initial codebook to start with.
Codebook is generated using a training set of images. In this
method an initial code vector is set as the average of the entire
training sequence. This code vector is then split into two. The
iterative algorithm is run with these two vectors as the initial
codebook. The final two code vectors are splitted into four and
the process is repeated until the desired number of code vectors are obtained [19]. Results of LBG algorithm are shown in
Figure 5.

The Kirsch algorithm works well for images having more
contrast between the foreground and background pixels. Since
exudates can be easily detected by the application of the Kirsch
algorithm as shown in Figure 4.a. The OD appears like exudates
feature so it extract incorrectly as an exudate. We are interested
in detecting exudates hence eliminate OD (see Figure 4.b).

2.2.3 Postprocessing

Morphological filling operation, fill holes present in the segmented image, also erosion and dilation operations are applied
to the segmented image for removing the false exudate parts
[21]. It processes the image based on shapes. It performs to image using ‘disc’ structuring element (see Figure 4.c and Figure
5.c). The segmented image superimposed on the original image
as shown in Figure 4.d.

3. Results and Discussion
We applied our algorithm to 89 retinal images from DIARETDB1
database[20]. In Kirsch method the visibility of exudates is more
clear. Whereas on LBG method the visibility of exudates is not
clear as well as false exudates are detected as shown in Figure
7. The provided ground truth images (for example see Figure
4.e) are the result of several markings made by different experts
for each retinal image. Depending upon the number of experts
marking different areas at different confidence levels can be
defined. The performance of the proposed algorithm was tested
and evaluated, comparing the results with the ground truth images at a pixel level. This evaluation is done in the computation
of the sensitivity and specificity. The sensitivity and specificity
values are reported for medical interpretations. Sensitivity value
is described the severity of diseased population and specificity
describe about healthy population [20].

Figure 5. Segmented exudate a) Output of LBG algorithm,
(b) Output of thresholding, (c) Output of Morphological operation,(d) Segmented exudate boundary is superimposed on
original image.
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Figure 3. Original Retinal Image, (b) Enhanced Image(Ice ), (c) Gray scale Image(Igs ), (d) Subtracted Image(Is ) and (e) Mask for
OD Elimination

Figure 4. Segmented exudate a) Output of Kirsch algorithm, (b) Elimination of outer ring, (c) Output of Morphological operation,(d)
Segmented exudate boundary is superimposed on original image and (e) Experts marked exudates for the same image[20].

Sensitivity(Sn) =

Tp
T p + Fn

Speci f icity(Sp) =

Tn
Tn+Fp

Where T p is the number of abnormal retinal images found
as abnormal, Tn is the number of normal retinal images found
as normal F p is the number of normal retinal images found as
abnormal i.e. false positives and Fn is the number of abnormal
retinal images found as normal i.e. false negative. Sensitivity
and specificity are also referred to as the true positive rate (TPR)

(4)

(5)
5

N. Nimbarte et al. / International Journal of Image and Video Processing: Theory and Application

Figure 6. a) Original Retinal Image, (b) Output of Preprocessing algorithm, (c) Output of Kirsch algorithm,(d) Output of LBG
algorithm
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Table 1. The Best Performance measures for Kirsch and LBG Method

R=0.1
R=1
R=10

FPR
Kirsch Method LBG Method
0
0
0.283019
0.679245
0.754717
0.792453

FNR
Kirsch Method LBG Method
0.916667
0.916667
0.416667
0.083333
0
0.027778

WER
Kirsch Method LBG Method
0.083333
0.083333
0.349843
0.381289
0.068611

Table 2. The Best Performance measures for Kirsch, LBG and Baseline Method[20]

R=0.1
R=1
R=10

Kirsch
Method
0
0.28571
0.83333

FPR
LBG
Method
0
0.71429
0.85714

Baseline
Method
0.02439
0.07317
0.80488

Kirsch
Method
0.84211
0.42105
0

FNR
LBG
Method
0.89474
0.10526
0.05263

and true negative rate (TNR), respectively [20].
The best sensitivity and specificity are 97.22% and 98.11%,
respectively achieved with a confidence level of 0.75. Several
studies have used ROC analysis to compare the accuracy between different methods. As shown in Figure 6, the area under
the ROC curve for the Kirsch method is higher than the LBG
method. A larger area under the curve signifies a greater discriminatory ability of the segmentation method. Single valued
measures are derived from the corresponding ROC curve by
computing an equal error rate (EER) (TPR= TNR). The EER
measure assumes equal penalties for the both false positives and
negatives. The weighted error rate is defined as

W ER(R) =

Baseline
Method
0.45
0.25
0

Kirsch
Method
0.07656
0.35338
0.07576

WER
LBG
Method
0.08134
0.40977
0.12577

Baseline
Method
0.06308
0.16159
0.07317

4. Conclusion
The proposed algorithm is applied on different qualities of images through taking all image information into account. The
performance of the proposed method is measured against expert
marked images. The proposed pre-processing algorithm highlights the main components of the human retina, i.e. the OD and
exudates for easier segmentation. Then for exudates detection
two algorithms were developed. In the first one, an efficient
algorithm based on Kirsch method has been employed for bright
region segmentation followed with morphological operations. In
the second algorithm, LBG clustering method with morphological operations applied for exudates detection. The comparative
study is done to analyze the efficiency of the system. It is
demonstrated that the Kirsch algorithm detected bright lesion
with higher accuracy and reliability than the LBG algorithm.
Therefore, our system will help in improving diagnostic accuracy as well as in reducing the workload of ophthalmologists in
the future.

FPR + R(FNR) (1 − Sp) + R(1 − Sn)
=
(6)
1+R
1+R

Where R = CCFNR
is the cost ratio between FPR and FNR
FPR
(R = 1 is the equal penalty for both). In the DIARETDB1 the
following measures are computed: WER (0.1) (FNR is an order
of magnitude less harmful), WER (1) (FPR and FNR are equally
harmful) and WER (10) (FNR is an order of magnitude more
harmful). These measures are computed from the nearest true
points on the ROC without interpolation.
Evaluating results of WER for the applied methods are
demonstrated in Table 1. R is the cost ratio between FPR and
FNR. If value of R=1 then FPR and FNR are equally harmful.
If R=10 then FNR is more harmful than FPR. With the LBG
method the WER obtained is higher than the Kirsch method
for R=1 and R=10. False positive exudate candidates are detected by the LBG algorithm that leads to overall less efficient
result. For a better visualization ROC curve for both the methods are plotted. ROC curve is plotted for TPR (True Positive
Rate) against FPR (False Positive Rate). ROC curve obtained
shows good result for Kirsch algorithm. For 61 test images of
DIARETDB1 database, Table 2. described the best performance
measures for Kirsch, LBG and Baseline method[20].
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