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Abstract

Microvasculature change associated with tenacious Hyperglycemia are the hostile effects accompanying to diabetes mellitus. Diabetic
Retinopathy (DR) is a progressive complication, which leads to retinal permeability, ischemia, neovascularization and macular edema.
The pathology is characterized by variation in capillary diameter, size of microaneurysm, hemorrhage exudates. Thus it stimulates the
growth of new abnormal blood vessels so as to nourish the eye muscles. But these newly grown blood vessels are subtle, and may get
burst. Therefore it leads to leakage of blood, protein based particles named as exudates. Early determination of the DR signs will help the
diabetic patient to eradicate austere vision damage. Medical image processing methods helps the ophthalmologists in easy diagnosis, and
to estimate the severity of the pathology. Fuzzy based clustering methods are simple and effective methods that will classify the pathos.
This work furnish an improved fuzzy clustering method with induced multi kernel and spatial constraint. Statistical evaluation is done to
evaluate the performance of the proposed method.
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es produced from DR screening programs [5]. Early detection and
diagnosis of DR help the patient in preventing severe vision loss.
Retinal images obtained by the fundus camera are used to diag-

1. Introduction

Exudates are prime pathos of Diabetic Retinopathy (DR) that af-
fect the healthy tissue of eye which leads to vision loss. Swollen,
ruptured blood vessels are the characteristics of this pathology.
This triggers the generation of new blood vessels within the retina
for to nourish the eye tissue. But the newly formed blood vessels
are very sensitive and will easily get ruptured, leaking blood, pro-
tein based particles [called exudates] into the fundus of eye [1].
This further complicates the situation as it leads to origin of le-
sions like Micro aneurysms, haemorrhages, soft exudates, hard
exudates. Physical distinction of Exudates Kills time, highly user
reliant and hard to outline the boundaries. Programmed screening
systems plays a significant role in Exudate detection. DR is classi-
fied as i) Non-Proliferative DR (NPDR) and ii) Proliferative DR
(PDR) [2]. NPDR is a replication of clinical hiperpermeabilitas
and ineffectual blood vessels triggered by the obstruction and
capillary outflow. The exuded blood and protein particles are co-
agulated as microaneurysms, hemorrhages, cotton wool spots,
inter retinal microvascular changes and intravenous complaints
[3]. This progresses to advanced or Proliferative DR where blood
vessels proliferate. Lack of oxygen to retina further advances the
complication that tends to cloud vision and may leads to total
retinal damage [4].

This can contribute to deprivation of sight and eventually blind-
ness. DR is generally asymptomatic until it becomes more severe.
Many people with mild DR have no symptoms. In more advanced
cases, however, blurred vision, floaters or sudden catastrophic loss
of vision can occur in one or both eyes. It would be useful to have
an automated method of detecting exudates in digital retinal imag-

nose DR. Automated methods of DR screening help to save time,
cost and vision of patients, compared to the manual methods of
diagnosis [6][7].

Fig. 2: DR Fundus Image.
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Fig. 3: Fundus Eye Anatomy.

The figure 1 show the impact of DR on vision. It can be observed
that the vision consists of black shades which are the resultant of
deposited exudates. Figure 2 shows the existence of yellow, red
and white patches of exudates in a typical DR image. Figure 3
shows the different significant portions of a normal eye image.

2. Background

Therapeutic Image Segmentation methods helps to analyze the
pathology characteristics by instinctive demarcation of regions in
images. Image Segmentation methods isolates substantial regions
with analogous features [8]. Image segmentation is process of
grouping of pixels with some homogeneous characteristics w.r.t
numerous ideologies. Segmentation aims at defining individual
distinct regions as connected regions. They are in general catego-
rized into (i) Local and (ii) Global segmentation. Local image
segmentation targets a sub portion (kernel or window) of an image
and groups the pels based on the selected features. Whereas Glob-
al segmentation operates on overall image portion which makes
use of estimated parameter values to segment. Image splitting up
can be designed using the following three different theoretical
perceptions. They include (i) Edge, (ii) boundary, and (iii) Region
based methods. In the literature various image segmentation algo-
rithms to detect the lesions in DR images have been explained.
Roychowdhury Sohani et.al [9] used a 3 stage algorithms for au-
tomated exudate detection and implemented SVM, GMM, ADA-
BOOST, and KNN procedures for classification. Mahendran [10]
used morphological and GLCM method for feature extraction,
then segmented results are classified with SVM and KNN classifi-
ers. Anushikha Singh et al [11] utilised morphology operators and
intensity threshold method to reduce false positives. Mahendran
Gandhi [12] proposed an automated exudate detection in diabetic
retinopathy through and used SVM classifier to estimate the sever-
ity level. Xiwei Zhang et al [13] used random forest algorithm for
lesion detection in fundus images. Dr. Ramani R. G. et.al [14],
done a fair evaluation of random tree algorithms vs C4.5 decision
tree algorithm and concluded that later method is quite accurate
than the former. Jagadish Nayak et.al [15] proposed a comparative
evaluation of artificial neural network and Bayesian statistical
classifier for to classify fundus pictures. And concluded that neu-
ral network gives better results than Bayesian statistical classifier.
Luca Giancardo et.al [16] proposed color wavelet based decompo-
sition for lesion detection in Diabetic macular edema. Used the
feature like exudate probability, color and wavelet analysis to train
the classifier. Agurto. C et al [17, 18] proposed an innovative
method called AM and FM for lesion recognition. Osareh et al
[19, 20] used FCM for coarse segmentation of color retinal imag-
es, and the extracted feature from FCM result are used as an input
to ANN for classification. Employed a comparative analysis be-
tween ANN and SVM classifier and confirmed that later method
gives optimum results. Dunn J C [21] reported Fuzzy C means
clustering algorithm to cluster data having homogenous attribute.
Bezdek J C [22] enhanced FCM. Long Chen et al [23] used multi-
ple kernel distance metric into cost function and demonstrated its
significance of their work over traditional FCM algorithm. Abbas.
B et. al [24] induced Gaussian spatial info into fuzzy membership
function to enhance the significance of the considered pixel from
its neighbour pixels in converging the cost function. They pro-
posed that inclusion of spatial info into traditional FCM will in-

creases the correlation of pixels located in a region during the
convergence. Giri Babu Kande et. al [25] induced spatial weights
into FCM to segment hard exudates. A.Sophark et. al [26] used
traditional FCM for coarse segmentation of hard exudate images
followed with morphological methods for fine tuning. Welfer.D et
al [27] allowed L channel in Luv color space to top-hat morpho-
logical method to segment fundus retinal images.

This paper is organized as follows: methodology of the proposed
method is given in section 3, results in section 4 followed by con-
clusions.

3. Proposed method

Fuzzy based methods are less complex and more robust. Cluster-
ing method groups pixels with common features and accumulates
data sets into distinct sets constructed on precise resemblances. In
the clustering method, a feature set is extracted from sub portions
of an image. Assigning each pixel to its nearest cluster mean is a
standard procedure used in clustering methods. Clustering proce-
dures imposes their strength in widespread applications, which
includes image processing, classification, pattern recognition,
identification and modelling. Single and Dual Kernel induced
Spatial FCM is proposed in this work.

Incorporation of Gaussian spatial kernel in KSFCM gives more
emphasis in extracting target lesions. Fuzzy clustering methods
are more widely used image segmentation methods as they are less
complex and robust in computations. Compared to crisp clustering
methods they use fuzzy factor which computes the degree of be-
longingness of pixels with the multiples clusters present in the
image. This will be useful to preserve significant data from the
original images. Fuzzy based clustering methods reduces inter
cluster union by minimizing a proposed distance metric. Usage of
kernels in the distance metric improves the computational flexibil-
ity and incorporation of spatial information will make the algo-
rithm immune to noise. The approach of the proposed work is as
follows:

3.1. Multi kernel induced spatial fuzzy C Mean cluster-
ing algorithm (MKSFCM)

The image pixels be represented as x;= (X, Xz, X3. . . . . X, ) and
cluster centres, ¢;= (¢q, €2, C3. « .« . . c.). The cost function to be
minimized by the iterative FCM clustering algorithm with kernels
induced is given by,

Jrkrem = 2o 2oy M (1 - K(x;, ¢1)) 1)
Here Mj; is the fuzzy membership value of the jth data point in ith
cluster, the parameter m called fuzzy factor which governs the
expanse of fuzziness in the subsequent classification (m=1 for
crisp clustering) and K is the induced kernel metric.

The revised cost function of multi kernel FCM with induced
Gaussian spatial information is given by,

JMKsFCM = 2i= 12 (1 K(Xj' Ci)) + X Zjn:1 hij )
Where Ky (x;, C;) represents a blend of multiple kernels. Equation
for two kernels represented as,

Kum(x;, Ci) = mSEKi (x5, Ci) ®)
In this work two laplacian kernels defined by K;(x;,C;)
exp(||x; — ci]|/ok) with standard deviation o; = 100 and o,
120 are used. A comparative analysis is done with single and dual
kernel induced Spatial FCM algorithm. Hence the proposed algo-

rithm is noted in short form as LIKSFCM (SFCM with single
kernel) and L2KSFCM (SFCM with dual kernels).
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Here k is the number of kernels and hjj is the added spatial con-
straint which is defined as

k2412

e 207 My 4)

hy; = ZkENBXj ZleNBXj Py
h;; is the spatial function which operates on x; and its neighbors
defined in a sub image sub portion NBy, (5 x 5 matrix). This sig-
nifies probability of degree of belongingness of the pixel x; to the
ith cluster in the image with Xj as it center.

The cluster centers C; and the membership function Mj; are updat-

ed at each iteration inorder to optimize the cost function. The re-
spective equations of M;; and C; are defined as follows,

-1

My = —(I_KM(Xj'Ci))m_ll (5)

5, (1-Kuu(35.0) )™

¢, = T M Ku(Co% 6)

2t My™ Ku(6.C1)

Wherei=1,2,3..... , C.
The modified membership function with included spatial function
h;; is given as

MPh;;
Wy = 2 ¢
k=1 Mjj'hyj

The modified membership function is updated iteratively and is
further appended into eq (6) in each iteration.
Algorithm of the proposed work:

1) Fix the number of clusters ‘C’ and randomly initialize the

cluster centers C;

2) Update membership matrix M;; using the equation (5)

3) Update cluster centers C; using the equation (6)

4)  Update membership matrix M;; using the equation (7)

5) Update Objective function Juksrem using equation (2)
If |Jt —J*1] < ¢ stop the iteration process otherwise repeat the
steps 2 to 4 Where € = 0.0001
11 Simulation of proposed work using Raspberry pi Model
B:
The proposed method implemented in Raspberry pi 3 Model B
with 1GB RAM, quad core 1.2 Ghz processor kit. Raspbian Jessie
OS and Octave 4.0 application with Image tool box is installed.
The implementation of the proposed work on Raspberry pi kit is
shown in Figure 4.

Fig. 4: Implementation of Proposed Work Using Raspberry Pi 3 Model B.

4. Experimental results

Green from the retina images affected by DR pathos are used as an
input to the proposed algorithm, since it carries high contrast val-
ue. This component is applied to median filter in the preprocessing
step to suppress any inherent noise present in the images. Then it
is applied to the proposed algorithms for segmentation. The optic
disc was selectively segregated to avoid unnecessary false alarms.

The performance of the proposed method is statistically (Sensitivi-
ty and Specificity) evaluated using clinician ground truth images.
The parameters Sensitivity and Specificity which are given by,

Sensitivity = TPIFN (8)
Specificity = TI;FFFP 9)

TP (True Positive): correctly classified Exudate pixels

TN (True Negative): correctly classified non-exudate pixels

FP (False Positive): incorrectly classified Exudate pixels

FN (False Negative): incorrectly classified non-Exudate pixels

A total of 40 images taken from public databases Diaretdb0 [28],
Diaretdbl [29], American Society of Retina Specialists [30], e-
ophtha: A Color Fundus Image Database [31], High-Resolution
Fundus (HRF) Image Database [32] and one private database pro-
vided by Suthrama Eye Hospital, Madanapalle are used in this
work.

Fig. 5: Typical DR Images with Exudates: (A) Image Courtesy: Diaretdb0,
(B) Image Courtesy: Diaretdbl, (C) Image Courtesy: American Society of
Retina Specialists, (D) Image Courtesy: E-Ophtha (2013) (E) Image Cour-
tesy: High-Resolution Fundus (HRF) Databases (F) Image Courtesy: Suth-
rama Eye Hospital, Madanapalle
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Fig. 6: A-F Are Respective LLKSFCM Output Images of Figure 5: A-F

*) ®)

#

Fig. 7: A-F are Respective L2ZKSFCM Output Images of Figure 5: A-F.

Figure 5 shows the typical DR images taken from multiple
sources. Figure 6 & Figure 7 shows the respective output images
of figure 5 when applied to LIKSFCM and L2KSFCM methods.
The fine details of lesions are quite evitable in the results.
Sensitivity and Specificity are calculated using the clinician
ground truth images. The Quantitative evaluation of the proposed
method with the existing methods are shown in table 1.

Table 1: Statistical Evaluation

The image details like file size, dimensions and resolution of four
DR images represented in the results are shown in the table 2. The
elapsed time to run (for 50 iterations) the proposed algorithms
using Intel i5 5200 2.20GHz CPU vs Raspberry pi 3 Model B with
1GB RAM, quad core 1.2 GHz CPU are tabulated in table 3 and
table 4:

Table 2: DR Images File Characteristics

Original image File Size (MB) Dimension File type
Figure 5(a) 1.26MB 1500*1152 png
Figure 5(b) 1.57MB 1500*1152 png
Figure 5(c) 112KB 643*427 jpg
Figure 5(d) 553KB 2544*1696 ipg
Figure 5(e) 906KB 3504*2336 jpg
Figure 5(f) 289KB 2144*1424 ipg

Table 3: Elapsed Time in Seconds

. Raspberry Pi

L1KSFCM Intel Core i5 Model B
Original image Matlab R2015a  Octave 4.0 Octave 4.0
Figure 5(a) 133.635 140.31 592.2
Figure 5(b) 148.75 178.64 755.64
Figure 5(c) 28.418 36.94 158.84
Figure 5(d) 304.8404 373.92 1577.94
Figure 5(e) 854.99 949.64 4016.97
Figure 5(f) 150.017 184.82 784.56

Table 4: Elapsed Time in Seconds

: Raspberry Pi

L2KSFCM Intel Core i5 Model B
Original image Matlab R2015a  Octave 4.0 Octave 4.0
Figure 5(a) 143.884 189.92 782.47
Figure 5(b) 167.428 208.75 859.04
Figure 5(c) 31.808 38.634 163.70
Figure 5(d) 324.833 405.972 1717.38
Figure 5(e) 1017.59 1241.45 5245.2
Figure 5(f) 195.43 253.52 1031.68

Author Sensitivity Specificity
Giribabu Kande et al (25) 86 98
Sopharpak et al (26) 87.28 99.24
Welfer et al (27) 70.48 98.84
Proposed methods

L1KSFCM 87.76 99.10
L2KSFCM 91.38 99.38

From these tables it can be observed that the runtime of the algo-
rithms is dependent on the resolution of the images.

5. Conclusion

From the result analysis it is evident that the proposed works
L1KSFCM and L2KSFCM algorithm extracted fine details of
exudates from the DR fund scope images and achieved good sen-
sitivity and specificity. The simulation is carried out using PC and
Raspberry pi 3 Model B. Further the merging features of this
method can be improved with implementation of adaptive
weighted membership function.
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