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ABSTRACT
Blindness which is considered as degrading disabling disease is the final stage that occurs
when a certain threshold of visual acuity is overlapped. It happens with vision deficiencies
that are pathologic states due to many ocular diseases. Among them, diabetic retinopathy is
nowadays a chronic disease that attacks most of diabetic patients. Early detection through
automatic screening programs reduces considerably expansion of the disease. Exudates are
one of the earliest signs. This paper presents an automated method for exudates detection in
digital retinal fundus image. The first step consists of image enhancement. It focuses on
histogram expansion and median filter. The difference between filtered image and his inverse reduces noise and removes background while preserving features and patterns related
to the exudates. The second step refers to blood vessel removal by using morphological operators. In the last step, we compute the result image with an algorithm based on Entropy
Maximization Thresholding to obtain two segmented regions (optical disk and exudates)
which were highlighted in the second step. Finally, according to size criteria, we eliminate
the other regions obtain the regions of interest related to exudates. Evaluations were done
with retinal fundus image DIARETDB1 database. DIARETDB1 gathers high-quality medical
images which have been verified by experts. It consists of around 89 colour fundus images of
which 84 contain at least mild non-proliferative signs of the diabetic retinopathy. This tool
provides a unified framework for benchmarking the methods, but also points out clear defihttps://doi.org/10.4236/jbise.2019.123015
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ciencies in the current practice in the method development. Comparing to other recent
methods available in literature, we found that the proposed algorithm accomplished better
result in terms of sensibility (94.27%) and specificity (97.63%).

1. INTRODUCTION
Diabetes is among number of diseases that involve problems with the hormone insulin. It is a group
of metabolic disorders in which there are high blood sugar levels over extended period. Diabetes is a well
known pathology and may cause abnormalities in the retina (diabetic retinopathy), kidneys (diabetic
nephropathy), and nervous system (diabetic neuropathy) and is known to be a major risk for cardiovascular diseases.
One of the most common conditions of diabetes, in both type I and type II patients is Diabetic Retinopathy (DR). Diabetic retinopathy is a microvascular complication caused by diabetes which can lead to
blindness. In early stages of diabetic retinopathy typically there are no visible signs but the number and
severity of abnormalities increase during the time. Diabetic retinopathy typically starts with small changes
in retinal capillaries.
DR is an eye disease caused by the increase in insulin in blood and the leading cause of blindness ([1,
2]). It is a severe eye disease that affects many diabetic patients. It remains one of the leading causes of
blindness and vision defects in developed countries [3]. Diabetic retinopathy is characterized by the development of retinal microaneurysms, haemorrhages and exudates ([4, 5]). Retinal exudates appear as spatially random yellow pathologies with varying sizes and shapes as shown in Figure 1. Exudates are one of
the earliest signs of DR [6]. Early detection and treatment of this pathology are essential to prevent vision
loss. The problems in accurately detecting exudates in fundus images are noise presence, low contrast, uneven illumination, and color variation [7]. Manual reading is very time consuming and because of the
large number of normal patients in the screening programs, ophthalmologists need adequate technical
know-how to diagnose symptoms of DR especially at an early stage of development when proper treatment is adequate although they may miss some subtle symptoms.
Given the devastating nature of diabetic retinopathy and the difficulties that patch is diagnosed, it
would be interesting to move to an automatic diagnosis; this will allow the ophthalmologist to avoid false
diagnosis. Thus, several methods of automatic detection of exudates in retinal fundus images have been
developed.
1.1. Related Works
In the corresponding literature for automate exudates detection, a large number of exudates detection

Figure 1. Retinal original image from DIARETDB1 dataset (arrows indicate exudates regions).
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algorithms have been proposed. Mostly, exudates segmentation and detection schemes are classified into
four main groups: 1) Region growing, 2) Mathematical morphology based, 3) Threshold based, and 4)
Machine Learning based algorithms [6]. Furthermore, we can find some special approaches falling out of
these groups.
Welfer et al. [8] proposed an exudate detection method based on mathematical morphology. First, the
images were subjected to contrast enhancement in Luv colour space. Then a set of morphological operations such as regional minima detection, morphological reconstruction and H-maxima transform were
performed to detect exudates. Harangi and Hajdu [9] employed an approach based on mathematical
morphology and active contours. In this method, the exudate candidates were created using morphological
operators. The exudates borders were detected by applying an active contour model, and a Naïve-Bayes
classifer is applied to remove the false exudate candidates. Imani and Pourreza [10] presented an automatic method for the detection of retinal exudates. This method lies in the use of Morphological Component
Analysis (MCA) algorithm to separate lesions from normal retinal structures to facilitate the detection
process. In the first stage, vessels are separated from lesions using the MCA algorithm with appropriate
dictionaries. Then, the lesion part of retinal image is prepared for the detection of exudate regions. The
final exudate map is created using dynamic thresholding and mathematical morphologies. In [4], the authors proposed a method that can be divided into four stages: elimination of the optic disk, correction of
brightness, segmentation of exudates and elimination of the background. To eliminate the optic disk from
original image, the authors use active contour method. In the process of exudate segmentation, the authors
use the algorithm introduced by Comaniciu and Meer [11], called Mean-shift segmentation. Entropy
maximization is finally applied to separate the segmented exudates from background. Despite several approaches developed for automatic detection of retinal exudates, they have not achieved sufficient performance (sensitivity and specificity) and the majority of these methods were tested in independent databases
with different characteristics. Therefore, it is not possible to prove the approaches’ capacity to generalize.
The approach developed in this paper does not require prior elimination of optic disk, even if it has an
attribute similarity with those of exudates in terms of color and brightness. This method improves performances of algorithms mentioned above and more particularly those based on entropy maximization
thresholding. This paper is organized as follows. The dataset used for experimental result are described in
Subsection 1.2. Section 2 describes the proposed method. Section 3 present evaluation results, comparison
with existing approaches and discussions. Finally, in Section 4 conclusions are given.
1.2. Database Description
For this study, images were taken from a public dataset namely DIARETDB1. DIARETDB1 [12] were
used for evaluating and benchmarking diabetic retinopathy detection algorithms during experimental studies. They contain digital images of eye fundus and expert annotated ground truth for several well-known
diabetic fundus lesions (hard exudates, soft exudates, microaneurysms and hemorrhages). The original
images and the raw ground truth are both available. Annotations of lesion were done by independent
markings of 4 medical experts (a person with medical education and solid experience in ophthalmology
was considered as an expert). Each image was available in digital form of size 1500 × 1152 with 24 bits per
pixel resolution and was taken at 50 degree field-of-view digital fundus camera.
The dataset DIARETDB1 (Standard Diabetic Retinopathy Database Calibration, level 1) consists of 89
color retinal fundus images out of which 84 contain at least mild non-proliferative signs of the diabetic
retinopathy and 5 were considered as normal, not containing any signs of DR based on mean visual observation score. The ground truth result provided along with the database was based on expert selected
findings relating to DR and normal fundus structures.
The 89 images were manually assigned into categories representing the progressive states of retinopathy: normal (27 images), mild (7 images), moderate and severe non-proliferative (28 images), and proliferative (27 images). Using the categories, the images were divided into the representative training (28
images) and test sets (61 images). In the training set, 18 images contain hard exudates, 6 soft exudates, 19
microaneurysms, and 21 hemorrhages. In the test set, 20 images contain hard exudates, 9 soft exudates, 20
https://doi.org/10.4236/jbise.2019.123015
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microaneurysms, and 18 hemorrhages. Note that a single image may contain several finding types.

2. METHODS
2.1. Overall Scheme
In this section, the details of the method we used for diabetic retinopathy detection is discussed. Exudates usually appear in retinal fundus photographs as yellow-white patches with sharp margins and different shapes [3]. The schematic workflow of the proposed method is shown in the Figure 2.

Figure 2. The proposed methodology scheme.
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Retinal digitized fundus image acquired by ophthalmologist which is the original RGB (truecolor)
image is first converted into gray-scale image (Red, Green and Blue). Then, the method attempt to detect
exudates is applied on green band image obtained below. The rest consists of two mains steps. The first
step is the continuation of preprocessing which is done by applying histogram expansion and median filter. Then difference between the filtered image and his inverse yielded to the enhanced image. The second
step begins by morphological closing operation which is applied on the enhanced image to suppress blood
vessels. This is follow by the segmentation of exudates and optic disk by entropy maximization. Finally,
base on size criteria, optic disk is eliminated and it remains the regions of interest which are exudates. Details on the different steps are given below.
2.2. Preprocessing
The retinal images appear with low light, very noisy and carry a lot of information. Preprocessing
images commonly involves removing low frequency background noise, normalizing the intensity of the
individual particles images, removing reflections, and masking portions of images. Image preprocessing is
the technique of enhancing data images prior to computational processing. Preprocessing consists of three
steps: Resizing, RGB to Grayscale conversion image and Filtering.
Resizing is used to alter the size of an image. Most images are in truecolor. To separate the color
components with intensity and brightness, the component retinal input images in the RGB color space
are converted to grayscale image by normalizing the range of the R, G, and B components to the interval from 0 to 1. We extract the green channel image, because green channel shows high intensity between exudates and background as compared to red and blue [13]. Filtering methods are used to separate the noise pixels from the regions of interest. In our project we use histogram expansion and median filter.
2.2.1. Histogram Expansion
Also called dynamic expansion, its purpose is simply to give a low-contrast image the full dynamic
range that is allowed by a linear expansion of the gray scale used by the image. Usually a better contrast is
obtained. This method consists of making best use of the gray scale available on the image acquisition system. This comes down to extending the histogram so that the lowest value is at zero and the highest is at
the maximum value.
The simplicity of this approach comes from the fact that a large class of filters can be implemented
according to the changes of constant values α and β , chosen to obtain a modified image with better contrast. The linear transformation is described as follow.
Let [ a0 , a1 ] be the range of intensities of pixels present in the starting image and [ amin , amax ] the
available interval (In general amin = 0 and amax = 255 ). The modified pixel MI ( i, j ) obtain after the
dynamic expansion of pixel SI ( i, j ) in the starting image is given by the relation:

MI ( i, j ) = α + β ∗ SI ( i, j )

(1)

amin ⋅ a1 − amax ⋅ a0
a1 − a0

(2)

with α =

and β =

amax − amin
a1 − a0

(3)

Relation (1) corresponds with linear T transformation:
T
SI ( i, j ) 
→ M ( i, j )

(4)

where SI ( i, j ) belongs to the interval [ a0 , a1 ] and M ( i, j ) to the interval [ amin , amax ] .
This operation also leads to the reduction of the number of false negatives (FN). The Modified image
still contains much noise reason why median filter is used in the next step.
https://doi.org/10.4236/jbise.2019.123015
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2.2.2. Median Filter
The median filter is a digital filter, often used for noise reduction. Noise reduction is a conventional
preprocessing step to improve the results of future treatments (edge detection, for example). The median
filter technique is widely used in digital image processing because it reduces noise while maintaining the
contours of the image. The main idea of the median filter is to replace each entry with the median value of
its neighborhood.
The median filter enables to eliminate the aberrant values without being limited to averaging them,
which would tend to contaminate the neighboring values with this aberrance and make the image become
blurred.
The median filter respects the contrast of the image (if we multiply all the values by a positive constant, the ordering of the values is unchanged) and the brightness of the image (adding a constant does not
modify the scheduling either). In areas where the intensity is monotonous (only increasing or only decreasing) the filter leaves the image unchanged. It respects the contours, and eliminates extreme values.
This operation leads to the reduction of the number of false positives (FP).
2.2.3. Subtraction Operation
The two operations in subsequent paragraphs are very important in the automatic detection of retinal
exudates. The preprocessing step ends with a simple difference between the filtered image and its inverse.
An example can be seen on the retinal fundus image in Figure 3. On the original image (Figure 3(a)), the

Figure 3. Enhancement of an image by histogram expansion: (a)-(c) are respectively the starting
image (from DIARETDB1 dataset), the green channel image with poor contrast and the correspondent histogram; (d) and (e) are respectively the Modified image after dynamic expansion with better
contrast and the correspondent histogram; (f) is the enhanced image obtain by applying median filter and subtraction operation to image (d).
https://doi.org/10.4236/jbise.2019.123015
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histogram expansion highlights the lesion and other dense adipose tissue from the rest of the parenchymal
background (Figure 3(b)).
2.3. Segmentation
Segmentation is the part of partitioning a digital image into multiple segments. Simplify and/or
change the representation of an image into something that is more meaningful and easier to analyze. Image segmentation is the front stage processing, three advantages in image segmentation that are speed,
good shape and reliable. In our project image segmentation consist into two steps: Optic disc detection,
Blood vessels extraction.
2.3.1. Blood Vessels Extraction
Blood vessels appeared as networks of either deep red or orange-red filaments which take origin
within the optic disc and were of progressively diminishing width [14]. The presence of this element in
retinal image after preprocessing leaves the OD subdivided into several non-zero gray level regions. To
give the OD a uniform distribution of gray level forming a single region, we proceed to the elimination
blood vessels using a morphological closure that derives from the basic operators which are erosion and
dilation.
2.3.2. Entropy Maximization Thresholding
After removing the blood vessels, we obtain an image with the OD defining a single region and having a uniform distribution of gray levels.
In this section, we will select and binarized the image candidate knowing that the exudates are homogeneous in them color property and are characterized by a strong and brightness contrast comparable
to other image. In the localization of exudates regions in digital retinal fundus images, it is essential that
the expertise and experiences of the ophthalmologists be incorporated into computer visualisation processes
for improvements in segmentation accuracy. The problem we want to solve is to detect lesions in Retinal
fundus images which appear as bright, spot-like protrusions in the breast tissue. These lesions represent
small areas in the image. A method suitable for such situations is thresholding by entropy maximization.
Therefore the entropy maximization will be applied to eliminate the background of the image.
1) Basics on Entropy Maximization
Entropy maximization algorithm is a popular technique of global thresholding derived from Schannon information theory [15]. In this technique, two classes problems are to be processed: one have typically a class with many candidates (background pixels in our case) and a class with a few candidates (exudates and optic disk pixels).
Let C1 and C2 be classes of grey level in the original mammogram. Let T be the threshold that
leads to the partition of the image into the two classes C1 and C2. Then the entropy of the image is evaluated by the following equation:

E
=
(T ) E ( C1 ) + E ( C2 )

(5)

For various values of T (which all lead to the partition of the image in two classes), we have different
values of the sum ( E ( C1 ) + E ( C2 ) ). The algorithm will finally retain the threshold T for which, the entropy reaches its maximum value. As can be seen, E is actually a function of T.
E ( C1 ) and E ( C2 ) are the entropies of class C1 and C2 respectively, given by the relations:
T

−∑ ( Pi C1 ) ∗ ln ( Pi C1 )
E ( C1 ) =
i =0

N

E ( C2 ) =
−∑ ( Pi C2 ) ∗ ln ( Pi C2 )
i =T

(6)
(7)

where “i”, is grey level index ranging between 0 and N (Here N = 255). Pi C1 and Pi C2 are probabilihttps://doi.org/10.4236/jbise.2019.123015
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ties of the grey level i in the class C1 and class C2 , respectively.
The value of T, which gives the maximal entropy value E (T ) , is defined as threshold.

(

T = arg max ( E (T ) )

)

(8)

The logarithms function in Equation (6) and Equation (7) improve classes for which frequency of
apparition are low.
2) Entropy Maximization Thresholding Algorithm
Step 1: We build the histogram of the image to segment.
Step 2: We group the grey level of the image into 2 classes with a threshold T chosen arbitrarily
among pixels of our histogram.
Step 3: We compute the entropy E (T ) of the image for T varying from 0 to N.
Step 4: We identify the value of T from which E (T ) is maximum as the threshold “s”.
Step 5: According to the condition i > s pixels are grouped into two groups which leads us to a binary
image with suspicious exudates and optic disk.
2.3.3. Optic Disk Detection and Elimination
The OD is the point of the eye that does not see. It is a bright yellowish disk and elliptical contour in
human retina from where the blood vessels and optic nerves emerge ([16, 17]). The optical disk has a larger size than the retinal exudates. To eliminate this element, we use a size-based criterion to remove in the
binary image any region that has the maximum area. From enhanced image obtain during preprocessing
step, we can see in the Figure 4 below exudates obtain after segmentation.

3. EXPERIMENTAL RESULTS AND DISCUSSIONS
3.1. Exudates Detection Ability
This section presents the results of exudates segmentation from the proposed method. An example of
a retinal fundus image and its detection result is shown in Figure 5.
The following figure (Figure 6) shows some images of the DIARETDB1 database with their manual
segmentations made by the ophthalmologists and confirmed by biopsy and the results of the segmented
exudates as well as the image with the segmented exudates reconstructed and superimposed on the original image.
3.2. System Performances and Discussion
We carried out evaluation of the system we built in term of its capacity to detect all exudates. Then,
the performance of our approach is estimated by comparing our results with the performance of ophthalmologists.
Following the practices in the medical research, the fundus images related to the diabetic retinopathy

(a)

(b)

(c)

Figure 4. Result of segmentation procedure. (a) Enhanced image; (b) Result of ROIs segmented with
EMT algorithm; (c) Detected exudates.
https://doi.org/10.4236/jbise.2019.123015

219

J. Biomedical Science and Engineering

(a)

(b)

(e)

(c)

(f)

(d)

(g)

Figure 5. Result of segmentation procedure: (a) The starting image (from DIARETDB1 dataset which
includes exudates; (b) The green channel image with poor contrast; (c) Is the Modified image after
dynamic expansion with better contrast; (d) Is the enhanced image obtain by applying median filter
and subtraction operation to image (c); (e) (f) Result of ROIs segmented with EMT algorithm; (f) Is
detected exudates; (g) Segmented exudates (shown in white) reconstructed on the original image.

https://doi.org/10.4236/jbise.2019.123015
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(a)

(b)

(c)

(d)

Figure 6. Result of the segmentation. Column (a) original image containing the exudates; Column
(b) result of manual segmentation by experts; Column (c) segmented exudates; Column (d) segmented exudates reconstructed and superimposed on the original image (image N˚16, N˚5 and N˚15
in database).
are evaluated by using sensitivity and specificity per image basis. Sensitivity (Se) is the percentage of abnormal
fundus images classified as abnormal, and Specificity (Sp) is the percentage of normal fundus images classified as normal by the screening. Sensitivity and specificity are also referred to as the true positive rate
(TPR) and true negative rate (TNR), respectively. Sensitivity is calculated according to images containing
exudates and specificity is calculated according to images without exudates. The higher the sensitivity and
specificity values, the better the diagnosis. Sensitivity and specificity are computed as:
=
Se TPR
=

TP
TP+FN

(9)

=
Sp TNR
=

TN
TN+FP

(10)

where TP (True Positives) is the number of abnormal fundus images found as abnormal with exudates
pixels correctly detected, TN (True Negatives) is the number of normal fundus images found as normal
with non-exudates pixels that are correctly detected as non-exudates pixels, FP (False Positives) is the
number of normal fundus images found as abnormal with non-exudates pixels that are wrongly detected
as exudates pixels and FN (False Negatives) is the number of abnormal fundus images found as normal
with exudates pixel that are not detected as exudates [6].
In the database described above in Section 1.2, among the 84 images with a sign of DR, 38 images
contain exudates. The remaining 46 with the 5 normal images (i.e. 51 images) are without exudates. The results obtained after calculating these parameters are respectively 95, 27% for Sensitivity and 99.53% for
Specificity. Table 1 presents a performance comparison between the proposed method and the
state-of-the-art methods.
This table below shows that the proposed approach produces a more improved result compared to
the approaches listed in the state of the art (see Figure 7).

4. CONCLUSIONS
The color fundus images are playing a major role in the detection of exudates. Nowadays, the diabetic
patients increased throughout the world. So, early detection of exudates is useful to reduce the occurrence
of vision loss. At the same time automatic detection of exudates is useful to the ophthalmologists. The
main purpose of the project is to detect hard exudates.
This paper presents exudates segmentation method evaluated using DIARETDB1 dataset. The proposed algorithm based on entropy maximization thresholding operates in several phases. First the contrast
https://doi.org/10.4236/jbise.2019.123015
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Table 1. Performance of exudates detection.
Method

Se (%)

Sp (%)

Walter et al. (2002)

92.8

92.4

Niemeijer et al. (2007)

95

88

Osareh et al. (2009)

93.5

92.1

Sánchez et al. (2009)

90.2

96.8

Welfer et al. (2010)

70.5

98

Harangi and Hajdu (2014)

89

77.5

Abderrhamane and Mohamed (2018)

92.7

95.6

Proposed Method

95.27

99.63

Figure 7. Performance of exudates detection.
of exudates is enhanced. Blood vessel removal is applied on enhanced image using morphological operator
then followed by Entropy maximization thresholding. Finally, OD elimination is applied and regions of
interest (exudates) are detected. The proposed algorithm achieves better results than state-of-the-art methods in terms of the sensitivity and specificity (94.47% and 97.63% respectively). The proposed algorithm
also works with lower quality retinal images. Our result suggests that the system is qualified to complement the screening of DR. Future work will be needed for improving sensibility of our approach so that it
can be useful for clinical application. Other perspective will be the detection. Microneurysm and Haemorrhage could be added to the system, so that it increases the ability to verify the diabetic retinopathy.
There may be problem in separating the pathologies from small vessels; it could be useful to extent this
work to detect them.
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