Detection of Exudates in Fundus Images Using a
Markovian Segmentation Model

Balazs Harangi — IEEE member, Andras Hajdu — IEEE member

Abstract— Diabetic retinopathy (DR) is one of the most
common causing of vision loss in developed countries. In early
stage of DR, some signs like exudates appear in the retinal
images. An automatic screening system must be capable to
detect these signs properly so that the treatment of the patients
may begin in time. The appearance of exudates shows a rich
variety regarding their shape and size making automatic
detection more challenging. We propose a way for the
automatic segmentation of exudates consisting of a candidate
extraction step followed by exact contour detection and region-
wise classification. More specifically, we extract possible
exudate candidates using grayscale morphology and their
proper shape is determined by a Markovian segmentation
model considering edge information. Finally, we label the
candidates as true or false ones by an optimally adjusted SVM
classifier. For testing purposes, we considered the publicly
available database DiaretDB1, where the proposed method
outperformed several state-of-the-art exudate detectors.

I. INTRODUCTION

More than 360 million people suffer worldwide from
diabetes in 2013 which disease is expected to be the seventh
leading cause of death by 2030 according to World Health
Organization (WHO) [1]. Diabetes also causes damage to the
retina of patients suffering from for 10 years or more, which
disease is known as diabetic retinopathy (DR). Currently, DR
is the leading reason of blindness. Despite of these
frightening facts, 90% of the new cases can be cured if the
patients got proper treatment in time. Because of the growing
tendency of DR, automatic screening systems which can
detect its first signs has great importance mainly in
developed countries, where near 40% of the cases remain
undiagnosed.

Exudates are among the first signs of DR and arise, when
fluid exudes from tissue due to injured capillaries. These
lesions have yellowish, bright color and various sizes

* This work was partly supported by the project DRSCREEN —
Developing a computer based image processing system for diabetic
retinopathy screening of the National Office for Research and Technology
of Hungary (contract no.: OM-00194/2008, OM-00195/2008, OM-
00196/2008) and by the European Union and the State of Hungary, co-
financed by the European Social Fund in the framework of TAMOP-
4.2.4.A/2-11/1-2012-0001 ‘National Excellence Program’.

B. Harangi, A. Hajdu are with the Faculty of Informatics, University of
Debrecen,  Debrecen, 4010  POB. 12,  Hungary  (e-mail:
{harangi.balazs,hajdu.andras} @inf.unideb.hu).

978-1-4244-7929-0/14/$26.00 ©2014 IEEE

Figure 1. Exudates appear as yellowish, bright patches of various size and
irregular shape.

with irregular shapes, as can be seen in Figure 1. This
appearance makes automatic exudate detection difficult.

We can find several exudate detection algorithms in the
literature that can be divided into two main categories. The
first group consists of algorithms based on grayscale
morphology [2], [3], [4], while other approaches are based
on pixel-wise classification [5], [6], [7]. Some methods [8§]
fall out of these groups. Morphology based algorithms
sometimes detect the bright regions of the fundus images
wrongly as exudates. Moreover, the pixel-wise labeling of
the images takes too much time. In this paper, we propose an
approach, which can segment and detect exudates on RGB
fundus images. This method uses grayscale morphology for
candidate extraction and initialization of a Markovian
segmentation model to detect quickly the contours of the
candidates. Finally, we classify only the candidates as true or
false ones based on some region-wise features. The
workflow of our approach can be observed in Figure 2.

The rest of the paper is organized as follows: in section 2,
we describe our candidate extraction step using
morphological operators. Section 3 is devoted for the
extraction of the boundaries by Markovian segmentation.
The region-wise labeling approach is given in section 4. In
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Figure 2. The workflow of our approach.

section 5, we present our experimental results and finally,
some conclusions are drawn in section 6.

II. CANDIDATE EXTRACTION

In this section, we give a brief overview about the applied
candidate extraction method. Then, in a later section, we
demonstrate how we can use these candidates as an initial set
of pixels of foreground and background for Markov Random
Fields to construct a segmentation model.

Walter et al. [2] proposed an exudate segmentation
method using grayscale morphology operators. Namely, high
local contrast and intensities as the most typical features of
exudates are considered. The vascular system is eliminated
through a grayscale morphological closing. Then, in the
vessel-free image, local variation is calculated at each pixel
using its local neighborhood. The regions with low local
variation are also eliminated. Next, to exclude the darker
regions and to extract bright objects, thresholding is applied
for the remaining regions. To refine the shape of a candidate,
morphological reconstruction is used and the result is
subtracted from the original image. Since this algorithm
considers bright regions with high contrast, the result Igy,
contains false candidates for young patients, when a shining
elongated regions spread along the temporal arcade as can be
seen in Figure 3. Moreover, the shapes of the candidates are
not accurate due to the applied structuring elements. To
overcome these deficiencies, we will propose a Markovian
segmentation model and a region-wise labeling.

Figure 3. Marked by white the result of candidate extraction.
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III. PRECISE CONTOUR DETECTION BY A MARKOVIAN
SEGMENTATION MODEL

Markov Random Field (MRF) provides a robust tool to
find exact boundaries of exudates by minimizing a specific
energy function. To find the global minimum for the usual
energy function is an NP-hard problem, however, certain
energy functions can be minimized in polynomial time by
graph cuts. Lesko et al. [9] proposed a segmentation
algorithm, which requires user interaction to mark an initial
set of foreground/background pixels. Then, segmentation is
performed via graph cut in real time.

Now we give a brief overview of the novel MRF model
proposed by Lesko et al. As a well-known approach,
segmentation can be considered as a labeling problem, where
we assign labels wg € {0,1},s €S to the pixels § =
{84, ..., Sy} C Z? based on some observed features F = {f}
of them. Based on the Bayesian theorem, the posterior
probability can be factorized as P(w|F) < P(F|w)P(w),
where the optimal segmentation @ is obtained as the
Maximum a Posteriori (MAP) estimate. Based on the
Hammersley-Clifford theorem [10], @ can be found with
specifying MRF with clique potentials and minimizing Gibbs
energy. The main contribution of [9] is to construct the Gibbs
energy function in a way that it can be minimized via
standard max-flow/min-cut. Namely, the full gradient
information is exploited as magnitude and direction next to
the gray-level intensity and only the pairwise interactions
(doubleton cliques) are considered. In this way, the
constructed Gibbs energy can be represented by a graph and
an exact MAP solution can be determined by computing the
minimum s-z-cut on the graph [11] in polynomial time.

For the precise segmentation of the candidates, we apply
this optimized MRF model with a modification to make the
method automatic. So to eliminate user interaction, we define
the initial foreground/background pixels as the result of
candidate extraction Igy,. Based on our experiments, the
MRF model provides the most precise boundaries of
candidates, when the foreground pixels are defined by Igy
after applying morphological opening with a structuring
element of size 3 x 3 pixels. For the assignment of the
background pixels, we invert Iy and perform an opening
operation with a structuring element of size 7 x 7 pixels. The
result I ygrr of the MRF model initialized automatically can
be seen in Figure 4.

IV. REGIONWISE CLASSIFICATION

In this section, we explain our proposed post-processing
step, where we eliminate the false exudate candidates to
enhance the specificity of the algorithm. As an initial step, to
compensate the similarities between the optic disc (OD) and
exudates, we eliminate the candidates falling in the region of
the OD using the detection algorithm [12].

To label the remaining candidates as true or false ones,
we collect certain features for each candidate and apply an
SVM supervised classifier. For feature extraction, we
consider the green intensity channel I; of the RGB fundus
image, since it contains the most information about the
lesions and anatomical parts of the retina. Moreover, to
enhance the local contrast of exudates, we apply a contrast-
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Figure 4. Result of the precise contour detection.

limited adaptive histogram equalization on I; to obtain
Icpang- To construct a feature vector for a candidate, we
extract some intensity based statistical descriptors from the
pixels composing the candidate using I; and I;papg. We
also extract some shape descriptors from the precisely
detected candidate region. The whole list of these features is
enclosed in Table 1.

TABLE L COMPONENTS OF THE FEATURE VECTOR FOR REGION-WISE

CLASSIFICATION.

Extracted From Name of the Descriptor

-mean
-standard deviation
-maximum value

pixel intensities of /; belonging to
the candidate

-mean
-standard deviation
-maximum value

pixel intensities of Io; ayg
belonging to the candidate

- compactness

- area

- number of holes
- elongatedness

- eccentricity

- perimeter

shape of the candidate region

In the training phase of SVM classification, we have
performed candidate extraction on the training images and
applied the MRF model to them. Next, each of the extracted
candidates on I,ygr has been marked manually as true or
false exudates by a local ophthalmologist. In this way, we
have gathered a set of true and false candidates for training
the SVM. To create the training dataset, the feature vector
(see Table 1) is extracted from each candidate and a label is
assigned to the vector based on the manual annotation.

In the decision phase, for an input fundus image I we
apply candidate extraction and initialize the MRF model with
its result Igy to determine the precise boundary of the
candidates. Finally, we label each candidate in I,ygr as
true/false by an SVM classifier to eliminate the false ones.
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V. EXPERIMENTAL RESULTS

We have evaluated the performance of our approach on
the DIARETDBI — Standard Diabetic Retinopathy Database
[13]. DIARETDBI1 contains 89 fundus images with a 50°
field-of-view and resolution of 1500x1152 pixels. Within
this database, 53 images contain exudates and their most
representative points are also given. Based on these reference
exudates points, a local ophthalmologist has segmented
manually the lesions for each database image, and created a
binary mask I;,anuar With their precise boundaries.

To test the performance of our approach, we consider the
F-Score measure (1). F-Score can be interpreted as a
weighted average of sensitivity (2) and positive predictive
value (PPV) (3). The true positive (7P), false positive (FP)
and false negative (FN) figures are considered at pixel level.

2 - Sensitivity - PPV

F-S = . (1)

€OT® = ~Sensitivity + PPV
TP 5
S .t. .t — : ( )

ensitivity = wo——
TP
PPV= — 3)
V= Tprrp

As a comparative study, Table 2 shows the performance
of the proposed method and some re-implemented state-of-
the-art algorithms [2-8] regarding their F-Score on the
dataset DiaretDBI1. Note that the algorithms [5-8] are not
optimized for precise (pixel level) exudate detection that
explains their low F-Score figures in this study.

We have evaluated our approach at image level, as well.
In this case, TP stands for the number of images containing
exudates according to both I anuar and Ipeg. Similarly, FP
holds the number of images containing exudates according to
I es Only, while FN denotes the number of images with the



TABLE II. COMPARATIVE RESULTS FOR PRECISE (PIXEL LEVEL)
EXUDATE DETECTION.
F-Score Sensitivity PPV

Proposed method 0.71 0.73 0.69
Walter [2] 0.67 0.76 0.59
Sopharak [3] 0.56 0.40 0.91
Welfer [4] 0.31 0.19 0.92
Jaafar [8] 0.17 0.89 0.09
Sopharak [5] 0.16 0.49 0.09
Sopharak [6] 0.11 0.82 0.06
Sanchez [7] 0.15 0.38 0.10

reversed setup. As we can see from Table 3, the proposed
algorithm outperformed the state-of-the-art algorithms [2-8]
at image level, as well.

TABLE IIL COMPARATIVE RESULTS AT IMAGE LEVEL.
F-Score Sensitivity PPV
Proposed method 0.81 0.90 0.73
Sopharak [3] 0.80 0.73 0.89
Sopharak [5] 0.77 1.00 0.62
Sanchez [7] 0.77 0.66 0.92
Walter [2] 0.75 1.00 0.60
Welfer [4] 0.75 0.79 0.71
Sopharak [6] 0.75 1.00 0.59
Jaafar [8] 0.75 1.00 0.60

VI. CONCLUSION

In this paper, we have proposed an approach for
automatic exudate segmentation. Our method starts with
candidate extraction using grayscale morphology operators.
Based on the candidates, we apply a Markovian
segmentation model to detect the precise boundaries of the
candidates. Finally, as a post-processing step, we exclude
false candidates with a supervised SVM classifier. In an
experimental study on a publicly available database, we have
found that our approach achieved higher F-Score figure in
comparison with several state-of-the-art approaches at both
pixel and image levels. Our approach was implemented in
Matlab R2010b (Bioinformatics, Image Processing and
Statistics Toolboxes), and we used a single core 2,4GHz
CPU with 2GB memory for testing and the average
computational time is below 10 seconds per image.
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