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Retinal Exudates Detection Using Binary
Operation and Hard Exudates Classification
Using Support Vector Machine

Arun Pradeep, X. Felix Joseph

Abstract:.Retinal exudates considered as a symptom of Diabetic
retinopathy(DR) is one of most significant reason for visual
deficiency. This paper focusses on early detection of hard
exudates and to diagnose DR. Binary operations based exudate
detection and SVM based hard exudate classification is discussed
in this study. The RGB channel of fundus image is converted to
HSI colour space for improved noise suppression and optic disc is
eliminated preservinsg the blood vessels. In the final stage, hard
exudates are classified using SVM classification. In order to
evaluate the proposed approach, experiment tests are carried out
on different set of images and the results are verified. The results
are promising and suggest that the proposed method could be a
diagnostic aid for ophthalmologists in the screening of DR.
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I. INTRODUCTION

The occurrence of Diabetic Retinopathy(DR)
caused by Diabetic Mellitus(DM) which forms the main
reason of visual impairment, can be decelerated by early
detection. Automatic screening systems help in identifying
the early indications of DR such as exudates, drusens,
hemorrhages, occlusions etc. Detection of exudates, which
occur due to spillage of lipids from blood vessels in the retina
that looks like yellow shades forms the area of study in this
paper. Figure 1 shows the fundus image of a normal retina
and retina with exudates.

An initial good pre-processing of the retinal images
is essential for subsequent detection of exudates. The method
proposed in [1] uses the same contrast enhancement
algorithm, CLAHE that we used for pre-processing. A four
step strategy was proposed by Elbalaoui et. al[2].The
algorithm includes shifting the colour correction, Optic disc
(OD) elimination, exudates segmentation and finally
separation of exudates from the background. An irregular
segmentation technique making use of a high level entity
called splat is proposed in [3]. In this algorithm, pixels having
similar spatial and structural features are grouped into splats
and their features are extracted to detect the retinal
hemorrhage.Computer assisted recognition using Migrating
Bird Optimisation and Support Vector Machine (MB-SVM)
classifiers has been proposed in [4]. The algorithm used in [5]
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separates the fundus region from background using adaptive
thresholding and morphological operation.

Figure 1(a)
Figure 1a. Normal Retinal Fundus Image

Figure 1(b)
Figure 1b. Fundus image of Retina affected with exudates

A remote examination of exudates by detection of macular
oedema is proposed in [6]. Hard exudate detection that
involves SVM classification, one which is utilized in our
work is studied in [7].A method for segmentation of optic
disc using Hough transform and masking the same is studied
in this algorithm. The method proposed by Zhou
et.al[8] segments the entire image into a series of super pixels
considered as candidates. Multi-channel intensity features
and contextual feature, is used for characterizing each
candidate. Vessel detection and segmentation by in-painting
exudates using a neighbourhood estimator was presented in
[9]. A voxel classification based

approach using a

layer-dependent stratified

sampling  strategyon  OCT
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image was introduced in [10]. Automatic segmentation of
exudates by candidate extraction using grayscale morphology
is presented in [11]. Here the proper shape of candidate pixels
is determined by a Markovian segmentation model. A partial
least squares (PLS) based classification to perform exudate
detection is presented in [12]. Fuzzy logic based
classification of Hard and soft exudates is presented in[13].
The proposed algorithm has two steps- one to detect exudates
using mathematical morphology and second to classify as
hard and soft exudates using fuzzy logic. Curvelet transform
based automatic detection of exudates and optic disc is
presented in [14]. Bright lesions enhancement in the green
plane of retinal image to normalize the illumination around
optic disc is the algorithm used in this method. A set of
optimally adjusted morphological operators for exudate
recognition on diabetic retinopathy patients’ was proposed by
Sopharak et.al.[15].

Il. METHODOLOGY

The paper explains an algorithm which associates both the
principle of binary operation and classification for detection
and extraction of hard exudates from the given retinal image.
The mathematical binary operation is performed to identify
the exudates after initial pre-processing and optic disc
elimination. The algorithm is depicted in Figure 2.

The pre-processing step involves colour space transition of
the original RGB fundus image to HSI image. The intensity
band contains noise which is removed by applying median
filter over the intensity band of the entire image. In order to
enhance the contrast of the noise removed image, Contrast
limited Adaptive Histogram equalization (CLAHE) is
performed[16]. This method is different from other
histogram equalization methods or Gaussian function based
methods, as CLAHE prevents saturation in similar areas of
the image. Figure 3 depicts the pre-processing steps involved
in our work. Since the optic disc and exudates share similar
intensity characteristics, the RGB colour image is converted
to HSI image space before further processing. This
conversion is a direct technique and does involve a
conversion of RGB to grayscale. Certain imperfections are
present in binary images. Using threshold values, binary
regions are produced but are biased to texture and noise in the
image. So binary operation performed in the HSI image can
reduce the effect of these imperfections[17]

In the next step, the optic disc is removed by assuming that
the optic disc exists as the largest component with circular
shape in the fundus image. In the second and final process,
the exudates are classified as soft exudates and hard exudates
using an SVM classifier. The data set is validated using

clinical images and images from publically available
database.
Median Filter
Input Image RGB to HSI Based Noise
Removal
SVM based Exudate Optic Disc
pudats Detection Elimination

Classification

Figure 2- Proposed Algorithm
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HSI image
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Figure 3: Pre-processing steps involved

A. Optic Disc Elimination

The morphological operations such as closing,
opening and erosion that helps to detect the optic discare
usedin thiswork. At first, closing operation is applied in order
to get the structure of the disc from the input Image I. The
closing operation is followed by a threshold method to get the
binary image. The output of the threshold is an image Qthat
comprises of various connected regions such as C; and it can
be represented as:

Q= Uck,ciﬂcjzo, Vijem, i#j

kem (2)

Where, m changes from 1 to k, k is the total number of
components connected in the image.

When compared with the background, the components have
more pixels and has a circular shape structure which belongs
to C; in which the optic disc is also included. Thus the
components that includes the optic disc are separated
effectively from other structures of C;. Here, R; forms the
biggest region based component which is included in C;. The
compactness of R; can be measured using the formula as:

(2)

Where, A(R;) represents the number of pixels in the i*"
region and P(R;) is the pixels out of the region (R;). The
threshold method to get the binary image is deduced from the
proven method such as P-tile method [18] and Nilback’s
method[19][20] . The largest connected component is
assumed to be the optic disc. Using Nilback’s method and
p-tile method, the highest value of compactness is delivered
for the optic disc.

Figure 4 shows the output of the image with the
optic disc eliminated using binary closing operation with the
blood vessels preserved. A weight factor of 1.3 is arbitrarily
chosen in the Nilback’s method. In the entire retinal image,
the optic disc is brighter than other regions and comprises of
2% of brightness. To isolate the optic disc from the entire
image, Circular Hough Transformation method is used [7].
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Figure 4: Optic disc Removal

B. Detection of Exudates

Optic disc elimination is followed by identification of
exudate pixels and extraction of hard exudates from it. The
direct detection of exudates is accomplished by binary
closing operation having a structuring element that has a flat
disc shape having 16-pixel radius, where 16 is chosen
arbitrarily. Following the threshold operation, a closing
operation is applied. This contrast component for this
operation is same as for the blood vessels. So, the standard
deviation of the image has to be computed. The standard
deviation is computed using the equation.

L@ == Y (bO - E®)
LGW(x) (3)
Where, W(x) represents the pixels available in the

sub-window, N represents the total number of pixels in W(x)
and I; (x)represents the mean value of the imagel; (x) and I,
represents the local contrast image.

The components can be differentiated using a triangle
thresholding method [21]and the very bright regions are
detected. After detection of these bright pixels, unwanted
regions are removed by dilation operation applied on the
image obtained after threshold operation.

Subsequently, a flood filling operation is performed on the
holes in order to reconstruct the image from the binary
operation. The last step in detection of exudates is to take the
difference image between the output image and threshold
image, i.e. intensity based image. The result of the difference
between the images is superimposed in the real RGB image
for extracting the exudate features. Finally, the difference
image is taken between the output image and the intensity
based original image (which is obtained from thresholding).
The result of this threshold image is super-imposed on the
real RGB image for extracting the exudates. The exudate
detection performed is depicted in Figure 5.

R

Applying Morphological Standard Deviation and
Closing Operator

Unwanted Borders removed
and holes are flood filled

Threshokding usng Trangle
Method

Result superimposed on
Original Image

Thresholded Image Marker Image

Figure 5: Detection of Exudates
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Table |
Feature Feature Description
Number Name

fl Mean Channel | Mean filter of size 3 x 3 was applied
Green to the green channel image to indicate
Intensity gray scale intensity for every pixel.

2 Gray Intensity | Gray scale value for each pixel.

3, f4, 15 Mean hue, | Mean filter of size 3 x 3 respectively,
mean applied to the three channel image
saturation and | I,,I;I; . Exudates occur as bright
mean intensity | lesions on the surface of retina hence
in HSI colour | the information about saturation and
model. brightness (4 and 5) is important.

6 Energy Summation of pixel value intensity

squares.

7 Standard Morphological opening operation
Deviation was applied to the image to preserve

foreground regions that shares similar
characteristics to the structuring

8 Mean Gradient | element.

Magnitude
Magnitude of directional change in
intensity of edge pixels.
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C. Hard Exudate Classification Using SVM
Classification.

The second and final process, that is the hard exudate
classification, involves a feature set which were used by
retinal experts to visually discriminate hard exudates. These
feature sets are used as inputs of Support Vector Machine
(SVM) Classifier. The feature set is shown in Table I.

When compared to other feature in published
algorithms[22][23][24] the eight features mentioned in Table
I were considered necessary to reduce execution time without
compromising the accuracy of hard exudate detection. The
features extracted are now fed to a trained SVM classifier and
the output is a binary matrix that represents the classification
results. Radial basis function (RBF) kernel is the kernel
function where the SVM is applied. Cross validation and
training was done using ground truth images that were
manually selected by a retinal expert obtained from Bhejan
Singh Eye hospital. 56 images selected from ground truth
were taken as training samples. The regions in the selected
images were divided as exudate and non-exudate regions. A
10-fold cross validation was performed to evaluate the
efficiency of the SVM classifier. Selected images from the
database DIARETDB1 was arbitrarily split into 10 mutually
exclusive exudate connected component subsets (i.e., 10
folds) By, B,,Bs.....B;, having equal size. The SVM
classifier was trained on 51 images from the selected ground
truth. The remaining 5 images were tested and the binary
matrix is obtained as the output. The operation was repeated
10-fold. Each pixels reverted a feature vector p; containing
the eight feature sets as :
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pi = (f1,£2,3, ... ... f10)
(4)

Another entity q; forms the category flag and is denoted as

_ {—1, Di eA
%= 1+1, p €B (5)
where c {1,2 ........W}, W represents the sample vector set

dimension. A and B represents hard exudate and non-hard
exudate regions respectively.

The training sample set (p;,q;) was fed as input to train the
SVM classifier. In this work W = 6800 i.e. 6800 pixels from

I1l. EVALUATION ON DIARETDB1 DATABASE

In this research work, a hybrid cross-validation method is
used. The database exudate subset {B;, B,, Bs ..... By} and
the ground truth exudate subset {T;,T,,T; .....Ty} We can
write as follows.

A pixel is considered true positive(TP) if

>ofuls ULLIN }
(e il —V— o
S (] (6)

The value of o ranges from 0 to 1 and it is being arbitrarily
chosen as 0.2 in this work.
Likewise, a pixel is considered as a false positive (FP) if

|B; N T|

{BnT}u{Bi| Bl

_ |BinT|
{BilBinT=®}U{BinT|—§o'}

the 51 training images were selected by an expert operator. | B; |
(7)
Table I1: Performance Validation of Algorithm on Images

TP FP FN TN Accuracy  Sensitivity Specificity PPV F-Score
Imagel 6835 0 5982 419183 98.62% 53.33% 100.00% 100.00%  69.56%
Image2 349 0 0 431651 100.00%  100.00% 100.00% 100.00%  100.00%
Image3 372 35 106 431487 99.97% 77.82% 99.99% 91.40%  84.07%
Image4 818 923 0 430259 99.79% 100.00% 99.79% 46.98%  63.93%
Image5 1536 1275 505 428684 99.59% 75.26% 99.70% 54.64%  63.31%
Image6 435 149 88 431328 99.95% 83.17% 99.97% 74.49%  78.59%
Image7 409 68 103 431420 99.96% 79.88% 99.98% 85.74%  82.71%
Image8 1488 0 1390 429122 99.68% 51.70% 100.00% 100.00%  68.16%
Image9 964 286 0 430047 99.93% 100.00% 99.93% 77.12%  87.08%
Image 10 321 0 49 431630 99.99% 86.76% 100.00% 100.00%  92.91%
Image 11 54 0 0 431946 100.00%  100.00% 100.00% 100.00%  100.00%
Image 12 6543 68 2834 422555 99.33% 69.78% 99.98% 98.97%  81.85%
Image 13 3522 0 1004 427474 99.77% 77.82% 100.00% 100.00%  87.52%
Image 14 811 278 137 430774 99.90% 85.55% 99.94% 7447%  79.63%
Image 15 1166 250 49 430535 99.93% 95.97% 99.94% 82.34%  88.64%
Image 16 964 286 O 430750 99.93% 100.00% 99.93% 77.12%  87.08%
Image 17 2213 45 526 429216 99.87% 80.80% 99.99% 98.01%  88.57%
Image 18 785 52 110 431053 99.96% 87.71% 99.99% 93.79%  90.65%
Image 19 188 223 1148 431441 99.68% 14.07% 99.95% 45.74%  21.52%
Image 20 1053 0 0 430047 100.00%  100.00% 100.00% 100.00%  100.00%
Image21 233 0 67 431731 99.98% 77.67% 100.00% 100.00%  87.43%
Image 22 4090 0 452 427468 99.90% 90.05% 100.00% 100.00%  94.76%
Image 23 623 0 375 431002 99.91% 62.42% 100.00% 100.00%  76.87%
Image 24 327 0 110 431563 99.97% 74.83% 100.00% 100.00%  85.60%
Image 25 3421 0 1023 427567 99.76% 76.98% 100.00% 100.00%  86.99%
Average 99.81% 80.06% 99.96% 88.03%  81.90%
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and the pixel is a false negative (FN) if :
_ |T;nB

i =oju{ran Hr2 <o)

|T;1 (8)

Now the pixels that remains are considered as true negatives
(TN).

IV. RESULTS AND DISCUSSIONS

The fundus images were acquired from two sources. Clinical
images were obtained from Dr.Bhejan Singh’s eye hospital.
The clinical image was captured using a “Remidio
Non-Mydriatic Fundus On Phone (FOP-NM10)” [25]Camera
with FOV 40°, working distance of 33mm and an ISO range
from 1SO 100 to 400. The images used for validation was
acquired from the publically available database
DIARETDB1(http://www.it.lut.fi/project/imageret/diaretdbl
[/index.html).

Since there is an asymmetry between the classes of TP, FN
and FP when compared with TN, by computing just the
Receiver operator characteristic AUC (Area under curve) is
not sufficient. So 5 different evaluation parameters are taken
into consideration. They are:

4 TN + TP
CCUTaCY = TP ¥ FP + TN + FN
S itivity = i
ensitivity = o——u
eoecificity = TN
pecificity = TN T FP )
Positi dicti I PPV TP
ositive prediction value ( )= TP L FP
Sensitivity X PPV

F Score = 2 X
core Sensitivity + PPV

The precision or PPV combined with TP and FP denotes the
ratio of detected exudate pixels with the number of pixels
labelled by the expert.

Table 11 shows the results for a minority of the image that was
validated using the algorithm. In 25 images that were
validated an average sensitivity, specificity and accuracy of
80%,99% and 99% respectively were obtained. Also the
precision and f-score was comparatively higher than other
algorithms in literature[26][27] which is 88.03% and 81.90 %
respectively. Table Ill gives a comparison with other
published algorithms and it indicates that the specificity and
accuracy of our method is truly higher than others.

V. CONCLUSION

This work proposes an efficient technique to detect exudates
by employing binary operations and categorize the exudates
as hard exudates by using SVM Classification. The strength
of the classifier is the ability to determine whether the
exudate pixel is hard or not, individually.

Retrieval Number: 17572078919/19©BEIESP

DOI: 10.35940/ijitee.17572.078919 153

ISSN: 2278-3075, Volume-8 Issue-9, July 2019

Table 111: Comparison with existing Algorithms

Methodology Sensitivity | Specificity | Accuracy
% % %

A Hajdu etal | 92 68 82

[24]

R Sinha etal | 96.54 93.15 Not

[23] Specified

Pourreza et.al | 89.01 99.93 Not

[26] Specified

Chenet.al [27] | 83 75 79

Travieso etal | 91.67 92.68 92.13

[28]

Barman etal | 92.42 81.25 87.72

[29]

Proposed 80.06 99.96 99.81

method

Since the sensitivity is comparatively low with other methods
in the literature, there needs improvisation of the algorithm
for low intensity value pixels.
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