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Abstract

Diabetic retinopathy lesion detection such as exudate in fundus image of retina can lead to the early diagnosis
of the disease. Retinal image includes dark areas such as the main blood vessels and the retinal tissue and also
the bright areas such as optic disk, optical fibers, and lesions, e.g. exudate. In this paper, a multi-stage algorithm
is proposed for the detection of exudate in foreground. The algorithm segments the background dark areas in
the proper channels of RGB color space using morphological processing such as closing, opening, and top-hat
operations. Then an appropriate edge detector discriminates between exudates and cotton-like spots or other
artificial effects. To tackle the problem of optical fibers and to discriminate between these brightness and
exudates, the main vessels are detected from the green channel of RGB color space. Then the optical fiber
areas around the vessels are marked up. An algorithm that uses PCA-based reconstruction error is proposed to
discard another fundus bright structure named optic disk. Several experiments have been performed with HEI-
MED standard database and evaluated by comparing with ground truth images. These results show that the
proposed algorithm has a detection accuracy of 96%.
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1. Introduction

Retina is a thin layer of light-sensitive tissue in the
back of the eye. Rays of light are focused on the
retina and then the corresponding response signal
is transmitted to the brain. Retinal images are
widely used in ophthalmology for diagnosis of eye
diseases such as Diabetic Retinopathy (DR). DR is
one of the major causes of vision loss and blindness
in the developed countries [1].

DR includes proliferative and non-proliferative
types. It has lesion such as microaneurysms, retinal
hemorrhages, exudates, cotton wool spots,
neovascularization, and macular edema.

Early signs of DR and its progression can be seen
in high-quality images of the retina. DR-based
automated analysis can reduce the cost of diagnosis
and effective treatment.

Due to the progressive nature of DR, early
detection of it is very important to prevent the loss
in vision. Exudate as the earliest sign of DR is the
shiny yellow-white dots with sharp borders.
Exudate detection in fundus images faces to
challenges of variation in illumination, color, and

contrast and also noise and the presence of
structure such as cotton like spots and optic disk.
Several approaches have been proposed from
different viewpoints to tackle the problem of
exudate detection in retinal images. These research
efforts can generally be classified into four main
categories based on: (i) thresholding, (ii)
mathematical morphology, (iii) region growing,
and (iv) classification methods.

In thresholding methods, analysis is based on the
local and global processing. In [1], a fuzzy
function-based thresholding was used to segment
the exudates. In [2], to detect the exudate
boundaries, a dynamic decision thresholding
method was designed.

In the second approach, specific structures are
detected through a suitable morphological
processing and then selected or removed [3-7]. In
[3], morphological processing is combined with
contrast  enhancement and  classification
techniques. In [7], a coarse to fine strategy based
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on mathematical morphology is presented for
detecting exudate in color eye fundus images.
Region growing methods segment retinal image
based on the spatial contiguity of neighboring
pixels in various color spaces [8]. In [9], exudate
was detected by fusing multiple active contours
and a region-wise naive-Bayes classifier through
an adaptive boosting technigue.

In the fourth approach, each pixel is presented by a
proper feature vector, which is formed based on the
color, brightness, size, shape, edge intensity,
texture, and local data set of pixels. Then to
segment the exudate pixels from non-exudate
pixels, machine learning techniques such as neural
networks [10-13], Support Vector Machines
(SVMs) [13, 14], sparse dictionary learning-based
classifier [15], linear discriminant classifiers [16],
naive Bayes classifier [9], and random forest
algorithm [17] and fuzzy logic [18, 19] are used.
In [20], by creating the Atlas image of the healthy
retinal image set, using the color difference
between the atlas image and input test image, the
bright lesion areas were detected.

[21] proposed a template-based method to detect
the optic disc boundary followed by morphological
operators, edge detector, Hough transform, and
feature extraction techniques. In [22], optic disc
was detected by employing an artificial neural
network classifier based on the features of vessels
and their background tissue.

In this paper, the background of retinal image will
be removed using the morphological operations
and a PCA-based optic disc detector, and then
exudate areas will be separated from other bright
areas with suitable edge detector.

This paper is organized as follows. The proposed
algorithm is presented in Section 2. The
introduction of the database, the evaluation criteria
and the results of various experiments are given in
Section 3. Finally, the conclusion is given in
Section 4.

2. Proposed algorithm

The background and the foreground of a retina
image with anatomical structures and lesions are
shown in figure 1. As we can see in this figure,
these components are different in sense of
brightness, sharpness, size, and area and contrast.
In figure 2, Channel G from RGB and Channel L
from Luv color spaces are shown for a variety of
retinal images. As it can be seen, in the green
channel of RGB color space, background includes
dark areas of the image such as main blood vessels
and retinal tissue and foreground includes bright
areas of the image, such as optic disk and lesions
such as exudate. G-Channel is selected in most
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research works for foreground detection.

Blood vessels 1 [l

Figure 1. Retina image with anatomical structures and
lesions.

In this work, various color spaces are examined to
distinguish foreground from background.
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Figure 2. Retina image a) Channel G from RGB, and
b) Channel L from Luv color space.

It can be seen that the overall appearance of
background in L-channel is more invariant to
imaging than G-channel. As a result, the channel L
from CIE Luv color space is choosed.

These channels are used in two different stages of
the proposed algorithm.

In this work, to reduce the effects of noise in the
input retina image Ro, with an emphasis on
preserving the edges, anisotropic filtering [23] was
applied to the L channel. In anisotropic filtering, to
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determine the new value of each pixel, neighboring
pixels takes an effective role based on the similarity
to that pixel in an iterative manner. Block diagram
of the first step detector is shown in figure 3.

| Input image in CIE Luv color space |

A

4

Channel L

|Anisotropic diffusion filtering |

] |
v

2" morphological operations |

1% morphological operations |
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Figure 3. Block diagram of the first step of detection.

Because of different sizes of exudates, two
morphological operations were applied to de-
noised images. Output images of the first and
second morphological operations, i.e. Z from the
input image R(X,y) can be calculated as:

)

where sign denotes the sign function and e , @ and
® are closing, opening, and top-hat morphological
operations, respectively. D1 and Dy, are circular
structural element with radius of ry and r»,
respectively.

There are exudates in various sizes in fundus
images. Therefore, it is necessary to use the
structure elements with different sizes for detecting
these exudates. The size of these elements can be
set using the prior knowledge about the size of the
area that should be detected or removed. In this
work, the size of the structure elements such as r;
and r, were set empirically to achieve an acceptable
detection rate.

The suitable values of r; for the first and second
morphological operations were 20 and 100 pixels,
respectively. The suitable value of r, for the first
and second morphological operations were chosen
30 and 150 pixels, respectively. The resulting
images from the first and second morphological
operations were converted into binary images and
then fused to highlight the exudates.
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Based on the fact that exudates have sharp edges in
contrast to the other retina regions, to emphasize
this feature, these edges were extracted from L
component using the Kirsch edge detector. After
thresholding and removal of the small areas, the
resulting image was used to candidate area
detection.

2.1. Detection of optic disk

Candidate regions extracted from the first and
second morphological operations includes optical
disk, exudates, optical fibers, and other bright
lesions.

In this work, we propose a PCA-based algorithm to
remove the optic disc. In the blue channel of RGB
color space, we crop optic disc from N images in
HEI-MED database [24] into the windows with
500%x500 pixels, as shown in figure 4-a. Then the
PCA algorithm is applied to this set of optic discs.
The vectorized principle components (PCs) are
sorted in descending order of their corresponding
eigenvalues and form the matrix V = [V1, V2, ...,
Vn]. The first 28 corresponding PCs are illustrated
in figure 4-b.

Figure 4. a) The set of the cropped optic discs from
HEI-MED database , b) The first 28 corresponding

To detect the position of the optic disk in a test
retinal image, we divided the image into
overlapping sub-images named w with the size of
500x500 pixels.

It is known in eigenvectors decomposition that we
can reconstruct w based on Vis as

W=V_V+ZN:( TV)V where W is the mean of

the subimages. The target subimage at optical disc
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location can be reconstructed from k < N leading
PCs in the least amount of the reconstruction error
E, as follows:

w* =argmin
w

O]

k]

where figure 5 illustrated this stage based on Eqg.
(2). In this work, k was set to 10.

B3
L
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a c
Figure 5. Optic disc detectlon a) Original image in blue
channel, b) E matrix illustration, c) optic disk

Because of the sharp edges in the exudate area,
Kirsch edge detector was applied on the candidate
regions, to remove other bright areas. Thus the first
step of the algorithm was held.

2.2. Main vessel detection
Bright components around the main vessels that are
known as optical fibers can lead to problems in the
detection process. To tackle this problem and
remove these bright pixels, in the first phase, the
main vessels were detected using the green channel
of RGB color space. Then the areas around the
vessels were marked up.
The major steps involved in detection of the main
vessels are as follow:
¢ Anisotropic filtering to smooth the image with
an emphasis on preserving edges
e Using the third morphological operations
Main vessel detection
e 200 pixels from the left and right of main
vessel are chosen to form the mask named M.
Steps related to the third morphological operations
are as follow:
e Calculation of image Z from input image R:

Z =sign ([max{R ((R Dy )G—)Drz )H@Drlj (3)

where sign denotes the sign function and o, &
and ® are closing, opening, and top-hat
morphological operations, respectively. D; is
circular structural element with radius of r. The
suitable value of r for the first and second
morphological operations are 30 and 40 pixels,
respectively.

o Apply the opening operation by a circular
structural element with a radius of 5 pixels
and then remove the connected components
that are less than 200 pixels.
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e The image is divided into two equal size parts
of left and right. Then the part including the
optical disc is kept and the other is removed.

e Two connected component with the highest
number of pixels are preserved and are known
as main vessels. The rest of the connected
component will be discarded.

2.3. Second stage of detection
To analyze the bright areas on the mask M, the blue
channel of RGB color space is used. This is due to
the fact that around the main vessels is not so bright
in this channel.
Block diagram of the second step detector is shown
in figure 6.
Then the bright areas on the mask M from the first
stage of detection, and the dark areas from the
second stage detection are selected.
The following post processing steps are applied to
improve the detection results:
¢ Remove the connected component less than 5
pixels
e Dilate morphologically with circle structural
element of radius 5 pixels

e Remove optic disk from the final output

image
Blue channel of RGB L channel of Luv
color space color space
v v

Smoothing using
anisotropic filtering

Smoothing using
anisotropic filtering

1% morphological operations |

| Candidate Area Extraction | ,

® Edge detection with kirsch operators
® Thresholding with threshold 30

® Removal of the small connected components

v
| Apply the edge detection on the candidate Area |

| Second detection binary image |

Figure 6. Block diagram of the second stage of the
proposed detection algorithm.

3. Experiments and results

The proposed algorithm is evaluated on publicly
available HEI-MED dataset [24]. The database
includes 169 images of the retina of size
2196x1958 with the provided ground truth. Of
these high resolution images, 115 images are
healthy and the others contain the exudate lesions.
To evaluate the proposed algorithm, wvarious
guantitative and qualitative experiments have been
performed on HEI-MED database.

Experiment-1: In this experiment, we want to
show the results of various steps of the proposed
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algorithm on a test image, which is shown in figure
7.

i
Figure 7. The results of different stages of the proposed
algorithm, a) input image in RGB color space, b) green
channel of RGB color space, c) L channel of Luv color
space, d) result of the first stage of detection, €) result
of the second stage of detection, f) the segmented main
vessels, g) Mark around the main vessels (about 400
pixels), h) results of the post processing steps, i) the
optic disk removing mask, j) final output of the
proposed detection algorithm.

Experiment -11: We evaluate the performance of
the proposed algorithm with the quantitative
measurements such as sensitivity, specificity, and
accuracy criteria:

o TP
sensitivity =
y TP+FN (4)
. TN
specificity =———
P y TN +FP (5)
TP+TN
Accuracy = -~ (6)

" TP+FP+FN TN

where the parameters TP, FP, FN, and TN are as
follow:
e TP: the number of exudate pixels that are
correctly detected.
e FP: the number of non-exudate pixels that
have been incorrectly identified as exudate.
e FN: the number of exudate pixels that are not
detected.
e TN: the number of non-exudate pixels
correctly identified as non-exudate.

In figure 8, the result of each above-mentioned
parameter is illustrated for a test image of figure 7-
a in different values of sensitivity. The result of the
evaluation of the proposed algorithm is shown in
table 1.

e f
Figure 8. The results of different evaluation parameters for
the test image of figure 7-a a) ground truth, b) result of the
proposed algorithm, c) TP, d) FN, e) FP, and f) TN.
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Table 1. The results of the proposed algorithm after the
classification of the pixels as exudate and non-exudate.

Sensitivity ~ Specificity Accuracy

Proposed Algorithm 0.81 0.96 0.96
Sopharak et al.[5]* 0.65 0.90 0.82
Walter et al.[6]* 0.93 0.65 0.74
Welfer et al.[7]* 0.70 0.84 0.79
Harangi et al.[9] 0.87 0.86 0.86
Sopharak et al.[14]* 0.93 0.60 0.70
Sopharak et al.[19]* 091 0.68 0.75
Sanchezet al.[25]* 0.62 0.90 0.81
Jaafar et al.[26]* 0.88 0.65 0.72
Fraz et al. [27] 0.94 0.96 0.95
Mo et al. [28] 0.79 0.93 0.94

* indicates that these results are from [9].

The performance of the proposed algorithm is seen
in table 1. We obtained a mean sensitivity of 819%,
mean specificity of 96%, and accuracy of 96%.

Experiment-I11: In this experiment, we compare
the performance of the different approaches using
the ROC curves, which is shown in figure 9. In this
figure, the variation of sensitivity vs. 1-specificity
is plotted in different values of binarization
threshold and held on the ROC curves of the other
methods from [9]. For some methods cited in [9], a
single (1-specificity, sensitivity) point is reported,
which can be seen in figure 9.
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Figure 9. The ROC curve of the proposed algorithm in
comparison with others from [9].

As we can see in figure 9, the performance of the
proposed algorithm is superior to other algorithms
in the sense of the area under the ROC.

4. Conclusion

In this paper, we proposed an algorithm for the
detection of exudate in retinal images.
Segmentation and removing the background areas
are done using multiple morphological operations
in suitable color spaces, and also with emphasis on
the intensity of edges in the areas of exudate using
an anisotropic filtering. Results of experiments
based on HEI-MED standard database show the
good performance of the proposed algorithm.
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