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Abstract: Problem statement: Diabetic Retinopathy (DR) is globally the primacguse of visual
impairment and blindness in diabetic patients.Ré¢image is essential and crucial for ophthalmistsg

to diagnose diseases. Many of technique can aclgewd performance on retinal feature are clearly
visible. Unfortunately, it is a normal situatiorattthe retinal images in Thailand are low-qualibages.
The existing algorithm cannot detect low-qualityage. Therefore, this study is part of a largerretio
develop a new method for detection of exudateswnduality retinal imageApproach: In this study,

we presented a new method towards the developrerdetecting exudates pathologies of DR. The
color retinal images are segmented using Fuzzy @AgiéFCM) clustering and morphological methods
and following key preprocessing step, i.e., colmmmalization, contrast enhancement, remove noide an
color space selection. This enables its differdnceur methods compared to other approach and the
algorithm can achieve good performance even ondoality retinal imagesResult/Conclusion: The
result shows that accuracy values increase wheir@hé clustering is combined with morphological
methods techniques. If any applications need teatlehaximum number of exudates pixels or require
execution speed, the FCM clustering technique cbaldised in isolation. However, if the applications
require higher accuracy, the FCM clustering comtiméth morphological methods should be chosen.
This system intends to help ophthalmologists in dReening process to detect symptoms faster and
more easily. This is not a final result applicatiout it can be a preliminary diagnosis tool or diexi
support system for ophthalmologists. Human ophtbhdgists are still needed for the cases where
detection results are not very obvious.

Key words:Diabetic Retinopathy (DR), Fuzzy C-Means (FCM),iRa&timage (RI), ophthalmologists,
screening process, applications require higherracgu

INTRODUCTION Multilevel threshoding is used to extract brighgions
assumed to be the optic disc or exudates. Theytdete
DR is a severe eye disease and a major cause tife optic disc as the converging point of bloodsets
blindness. Exudates lipid leakages from blood vesse and then classifiy the other bright regions as exesl
are visible signs of an early stage of retinal abradity  Li and Chutatape (2003) proposed exudates extractio
in DR. DR need regular screening because earljechnique by using a combination of region growing
detection of exudates could help prevent blindnessand edge detection techniques. Usleeral. (2004)
Unfortunately, it is a normal situation that theimel detected the candidate exudates region using a
images in Thailand are low-quality images. Thus,combination of region growing and edge detection
retinal image segmentation in low-quality images istechniques. The system failed to detect small etesda
difficult; take a long time and the expensiveand low quality images. Clustering has also been
computational cost has become a bottleneck thatslim proposed as a possible solution to the exudates
clinical application. Many techniques have beendetection problem. Zhang and Chutatape (2005) used
employed to the exudates detection. The threshgldinlocal contrast enhancement and Fuzzy C-Means (FCM)
and region growing technique are widely used. Kavit clustering in Luv color space to segment candidate
Kavitha and Shenbaga (2005) proposed median fijeri bright lesion areas. Osareh al. (2001) used FCM
and morphology operation for blood vessels detactio clustering to segment color retinal images into
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homogeneous regions, then train neural network and
support vector machine to separate exudates and non
exudates areas. The system work well only on Luv
color space but in the case of non-uniform
illumination the detection accuracy is low. The mai
difficulty with clustering methods is determining i
determining the number of cluster to use. A feweoth
attempts are based on neural network, naive Bayes,
specialized features and morphological methods.
Gardneret al. (1996) proposed an automatic detection
of DR wusing back propagation neural network.
Compared with the result of the ophthalmologisg th
network achieved a sensitivity of 88.4% and a
specificity of 83.5% for the detection of DR. The
techniques did not work well on low contrast images
From the above studies, the exudates detection
can be broken down to two situations: low quality
image and multimodal image (see Fig. 1). The exgsti
algorithm can achieve good performance when these
two situations are not combined together. For examp
it is difficult to exudates detection an imagesdalat
different times and different fields of view. Tolg®
this problem, we proposed a new method for exudates
detection using FCM and morphological method to (B)
detect and treat DR in an early stage.

Fig. 1. Example of Ilow quality images and

MATERIALS AND METHODS multimodal image taken from the same
patients, (A) typical normal image, (B)

Patients: The digital retinal images are taken from abnormal image indicates exudates
patients with non-dilated pupils using a KOWA-7 non
mydriatic retinal camera with a 45° field of viewcdh . 1
taken at Mahasarakham Hospital. The images aredstor ‘ Retinal images ‘ — —
in JPEG image format files (jpg) with lowest v ‘ Optic disc localization ‘
compression rates. The image size is 700500 patels ‘ Color normalization ‘ v
24 bits per pixel. The patient’s pupils are noatditl at v Exudates detection
the screening process. All retinal images of 208dge ‘ Contrast enhancement ‘ using FCM and MR
comprised of 968 images with exudates and 1116 v
images without exudates are tested on a Core2 Duc ‘ Median filter on I band ‘ v
1.60 GHz PC using MATLAB for algorithms. The v ‘ Clinical validation
overall procedure detection of exudates demonstiate ‘ Color space selection ‘
Fig. 2. The method following key preprocessing step ]

i.e., color normalization, contrast enhancememhonee
noise and color space selection. This enables us 'ﬁg. 2: The procedure of the proposed exudatestitete
assess the accuracy accurately and its differenogn

methods compared to other approach. The contrast of retinal images is not sufficienedo

Data preparation: We put our data through four the intrjnsic attriputes. of Iesion_s and decreasintpr
preprocessing steps before commencing the detectigipturation, especially in the periphery. Consedyeint

of exudates. The retinal color in different pateeig  he second preprocessing step, the contrast betiveen
variable being strongly correlated to skin pigménta ~ €xudates and the retinal background is enhanced asi
and iris color. Thus, the first step is to normelihe local contrast enhancement method to facilitaterlat
color of the retinal images across the data set. Weegmentation. While the contrast enhancement
selected a retinal image as a reference and thémproves the contrast of exudates, it may also ecia
applied histogram specification to modify the value the contrast of some non-exudates background pixels
of each image in the database such that its frexyuen Therefore, a median filtering operation is appliad
histogram matched the reference image distribution. third preprocessing step. Finally, is to choose an
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appropriate representation using color space dieimi features of retinal lesions, especially exudates.
We have experimented with various color spaces suc@lonsequently, preprocessing techniques are negessar
as RGB, YIQ, HIS, HSL, Lab and Luv color spaceto improve the contrast of these images. Since
model. The reasons for the features selection laaid t histogram Specification does not provide an effitie
details are explained below. scheme, we apply local contrast enhancement (Chang
We, 1998) to a transformation of the values insiall
windows in the image in a way that all values are
distributed around the mean and show all possible
intensities. The techniques of local contrast

Retinal color normalization: One of the main
obstacles for detection of retinal exudates is wide
variability in the color of retinal image from déffent
patients. These variations are strongly correl&tezkin .
pigmentation and iris color. Thus, the color of déxtes enhan_cement are_descn_b(_eql b?'OW-

in some region of an image may appear dimmer than (.3|ven. each fin the |n|t|a}| Image and a small MxM
the background color of other regions. As a resh, running Wlndow W, the_n_the |ma}ge is filtered to gmoe
exudates can wrongly be classified as the backtgi’.ounthe new image pixel (i, J) Eq. 1:

In fact, without some type of color normalizatidmet

larger variation in the natural retinal pigmentatio (W, () -w, (0]

across the patient dataset can hinder discrimimadio f(i.) =255 (W () Yo ] (1)
the relatively small variations between the différe v e

lesion types. The three methods tested were grelgwo

(Vanrellet al., 2001), histogram equalization (Finlaysonawhere, they is defined as:

et al., 2004) and histogram specification (Osaetlal., .

2002). The result of each technique is shown ig. (BA- " (f){1+exp(<f >, (i, ) H )
D). We found that the histogram specification to be "* o,

most appropriate for the restoration of the retimage.
Therefore, we selected a retinal image as a referen And f.cand f,, are the maximum and minimum

and applied the described histogram specificationntensity values in the whole image, while gfando,

technique to modify the values of each image in thengicate the local window mean and standard denati
dataset such that its frequency histogram matched t \yhich are defined as Eq. 3 and 4:

reference image distribution. The  histogram

specification technique was independently applied t 1 o

each individual RGB channel to match the shapes of f >w=—5 >, f@) ®3)
P : M .h S

three specific histograms of the reference imagaeH

the reference histograms were taken from an image,

which represents a frequent retinal pigmentatiolorco

among our image dataset. This image was chosen ig =\/i S () -<f >,)? (4)

agreement with the expert ophthalmologist. Thercolo * \M? ot

normalization process improves the clustering gbdf

the different lesion types and removes the vamatioe  where, (k, |) represents the location of each pixel

to the retinal pigmentation differences betweenwithin window w. The size of window M should be

individuals. The results of retinal color normalim chosen to be large enough to contain a statisyicall

illustrated in (Fig. 3E-G). representative distribution of the local variatioof

pixels. On the other hand, it must be small enotagh

Contrast enhancement: The retinal images taken at not be influenced by the gradual variation of the

standard examinations are sometimes poorly costtast contrast between the retinal image center and the

and contain artifacts. The retinal image contrast iperiphery. Here, the window size was empirically se

decreased as the distance of a pixel from the cefite to 69%69 for our processing, although the otheuesl

the image increased. Moreover, non-uniformity of M@y be also appropriate. The local contrast

illumination raises the intensity levels in someioas enhancement depends on the mean and variance of the

of an image. while other regions farther away fit intensity values within the considered local region
AN Image, 9 . Y The exponential function (Eq. 2) produces significa
optic disc may suffer from a reduction of brightaes

o ) ) . enhancement when the contrast is lawy, {s small),
Thus, the exudates or similar lesions in such regare  yhile it provides less enhancement if the contiast

not distinguishable from the background color rtéar  ajready high ¢, is large). The examples of color retinal
disc. The retinal image quality has a great impacthe  images after the contrast enhancement (Fig. 3H).
1306




J. Computer <ci., 8 (8): 1304-1313, 2012

©) (H)

Fig. 3: The result of data preparation, (A) typigamage, (B) result of grey word normalization,)(€@sult of
histogram equalization, (D) result of histogramdfieation, (E) The reference image RGB histogréR),
low quality image, (G) result afteolor normalization of (F), (H) contrast enhancedsion of (G)
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Remove noise: While the contrast enhancement Table 1: A comparative analysis of the differeribcspaces
improves the contrast of exudates, it may also megia Colorspace YIQ RGB  HLS  HIS Lab Luv
the contrast of some non- exudates background gixef 216 221 254 278 319 347

(e.g., noise), so that these pixels can wrongly be ) ) )
identified as exudates. Here, after to contrasSteP 1 Conversion to gray-scale imagehe OD is the

enhancement, there are several ways to remove &Xit point of retinal nerve fibers from the eye amdt
reduce noise in an image such as linear f||ter|ngp0|nt for retinal vascular. It is a regions insithe OD,
adaptive filtering, median filtering. Median filiag is ~ but applying in Eq. 5 solves this problem and tesuft
better able to remove these outliers without reuyci iS much smoother image, which is depicted in Fi. 4
the sharpness of the image. The benefit of meditan f In this step, we using gray-scale closing operg#yr
is simultaneously reducing noise and preservingggedg applied to the intensity or lightness channel).(Che
Therefore, a median filtering operation is appiiethis  difinitions for closing operation by structuringeetent
preprocessing step. B are defined as:

Color space selection: The first task in image oD, = ¢™ (C,) (5)
processing is to choose an appropriate representati ~ !
using a color space definition. There are several . . . .
different color spaces in the literature and eaatits where, B is the morphological structuring element. This
own advantages. Indeed, there is no color spagss th
better than the others and suitable for all kinds o
images. To select the most appropriate color spaee,

conduct a quantitative analysis and utilize the

evaluation function value J = trace ) (&,) as a S 5 Bi ion- Th | b
measure of color space efficiency (Fukunaga, 1990) tep inary segmentation: The examples above

This function estimates the class separate of Oui}lustra’_te the used of grays_cal_e reconstructionO’f_:)
exudates and non-exudates pixels classes in differe@n@lysis tasks. However, it is probably for binary
color space and was measured using within-class argfgmentation —that this operation is most useful.
beteween class scatter matrices. The within-clasdherefore, a threshold is applied to binary segatemt
scatter matrix (§ indicates the distribution of and threshold image was then used as a mask. The
sample points around their respective mean vectoré€sulting image is binarized by thresholding shawn
and ($) represents the scatter of samples around thEi9- 4B and the thresholded image is then used as a
mean vector of class mixture. In fact the numeratofmask. All the pixels in the mask are inverted befirey

of function J represents the overall color diffexen are overlaid on the original image to remove caaigid

of exudates and non-exudates sample points, whilBright regions. The result, QDss shown in Fig. 4C. The
the denominator denotes the variations of the coloMR by dilation, R, is then applied on the previous
distribution for these two classes. A higher vatdig  overlaid image using Eg. 6.

shows that the classes are more separated, while th

numbers within each class are closer to each othe©@D;(x)=R. (OD,) (6)

We have experimented with various color spaces

such as RGB, YIQ, HIS, HSL, Lab and Luv color step 3 Maker image: The dilation of maker image
space, it is obvious that Luv color space (Xieelg (OD,) under masker image {Care repeated until the
al., 2009) the most appropriate space for ouUfcontour of image maker image fits under the mask
segmentation (Table 1). image. The reconstructed image is shown in Fig. 4D.

stage, a flat disc shaped structuring element avifilked
redius of eight is used. It is evident that thiprapch
produces a more homogeneous region while preserving
the OD edges.

Optic localization: Optic Disc (OD) localization is Step 4 Appling ostu's algorithm: The different between
indispensable in our automatic exudates detectiort'he original image and the reconstructed image is
approach, since it illustrates similar attributesthe thresholded at grey leve} using Eq. 7. The value of

exudaFes In terms of color, bnghtness and conteast is different from image to image depending on awimu
detecting it we can remove it from the exudates

classification process. To locate OD in this stuslyo fselect|_o_n using the Otsu's aIgo_nthm. As a resuigh

techniques are combine Morphological Reconstructioﬁmens't',eS are reconstructed while the rest isond, as

(MR) and Otsu algorithms are presented. Thesnown in Fig. 4E.

implementation steps of using a MR methods and Otsu

algorithm to detect the OD boundary is as follows. ob, =T, (C - ODh,) @)
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QY (B) (©)
(D) (B (F)

Fig. 4: (A) Intensity image after closing, (B) ¢isholded image, (C) maker image, (D) reconstruatexge, (E)
thresholded result of difference image, (F) OD doealized

Step 5 identification of OD: Typically, the OD can Coarse segmentation using FCM clusteringThe FCM

be seen brighter than the surrounding area. Despite a data clustering algorithm in which each datatp

its brightness, an accurate localization is noeasy belongs to a cluster, to a degree specified by a
task as some part are obscured by crossing bloogiembership grade. Canncst al. (1986) originally
vessels and in some case, such as the affected witroduced this technique. FCM partitions a coltetct
bright the lesions. However, the shape of OD isof nvectors, ¢j=1,...,n, into ¢ fuzzy groups and finds
round; therefore the OD region selection process cluster center in each group, such that a costifin
needs to be made specific to the largest one amorigased on a distance function is minimized. Becaise
the regions and compactness whose shapes atiee fuzzy partition, a given data point can beldog
circular. The compactness of OD regions is definedseveral groups with a degree of membership spedifje

by the value of V, as defined using Eq. 8. a grade between 0 and 1, such that the constrales. i10
are statisfied. These values are collected in abaeship
v = A(A) ®) matrix, U. However, imposing normalization stipakat

(PY that the summation of degrees of memberships tata
set must always be equal to unity:

where, A is the number of pixels in the region d&hd

is the total number of pixels around the bounddry o & _ . - ._

each region. The selected result, B dilated with ;u” =L0j=L..n (10)

a binary dilation operato) in Eq. 9 to ensure that

all pixels in the OD area are covered. This steftata The cost function or objective function for FCM is
disc-shaped structuring element with a fixed radius
of six (M,) is used. N C 2
3, UG FYD (4T x- o, (11)
j=1i=1
oD,,,=8"?(ODy) 9)

_ o . . ~ where, m is an exponential weighting function that
All OD area in original image is masked out usingcontrols the fuzziness of the membership funct®ris
the previous output. The result is illustrated iig. BF. number of features, 5 for our case. C is numbetuster
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(In our case, experimentally vary from 2-8}, is the
degree of membership ofir the cluster j, s the ith of
d-dimensional measured data, is the d-dimension

center of the cluster and||[lis the Euclidean distance
between the ith cluster and the jth data point. The
squared distance between ith and jth shown in Eg.11

computed in A-norm via Eq.12.

dohesh-aesTasp a2

With these observations, we can decompgsetd
its basic elements to see what property of thetpdi)
is measures Eq. 13a-13d:

¢ =squared A-distance from

point x to center of (13a)

(u))"d’ = squared A-error incurred by representirigyx
¢ weighted by the membership gfix cluster | (13b)

[}
> (u)"d?= sum of squared A-error due to partial
=1

replacement by all C of the cente)) (c (13c)
N C

D> (u;)"d? = overall weight sum

j=1i=1

of generalized\-error (13d)

Fuzzy partitioning is carried out through an it
optimization of the objective function shown abowéh
the update of membership and the cluster centershy
using Eq. 14 and 15, respectively:

TRCTR S— (14)

i ZC: dij 2/(m-1)
k=1 dk]

= (15)

This iteration will stop when Eq. 16 is satisfied:

max (| Lgku) _ LJk)|) <T

where, T is a termination criterion, K is the it@va
number. This procedure converges to a local miniroum
a saddle point of J. The input to the FCM algoritisna
set of feature. The number of cluster is requiretha

(16)

beginning and the algorithm
following step:

Step 1: Initialize the fuzzy partition matrix U =
(u))(U®) by generating random numbers in
the range 0-1 subject to Eq. 17.

is composed of the

A7)

Step 2: At k-step; calculate the centers vecté?s(()c,»)
with (U%) according to Eq. 15.
Step 3: Update the fuzzy partition matrif’pu“™® by
the new computed;according to Eq. 14.
Step 4: Compute the objective function accordingdo
11. If the difference between adjacent values of
the objective function is less than Termination
criterion (T) the stop the iteration; otherwise
return to step 2.

Fine segmentation using MRThe result from the FCM
clustering was a rough estimation of the exudales.
order to get a better, a fine segmentation usingWwéR
applied in this step. The MR is a part of morphadah
image processing. MR is based on dilation on two
images, a maker and a mask.

The resulting image from coarse segmentation was
used as a maker while original intensity imaggwis
used as a mask. All the pixels in the marker were
inverted before they were overlaid on original imag
The MR by dilation, R, was then applied on the
previous overlaid image using Eq. 18. The dilatiohs
marker image under mask image were repeated batil t
contour of maker image fits under the mask image:

%, (x) = R, (1x,) (18)

Using Eg. 19, the final result is obtained by
applying a threshold operation at automaticallgstd
grey level a; to the difference between the original
image (f) and the reconstructed image,jrx
MR, =T, (f,—-1x) (29)
Performance measurement:(1) Clinical performance
indices, performance of all algorithm is measure by
four values, namely, True Positive (TP, is a numidfer
exudates pixels correctly detected), False Pos(fire
is a number of non-exudates pixels wrongly deteeted
exudates pixels), True Negative (TN, is a number of
non-exudates pixels which are correctly identifiesl
non-exudates pixels) and False Negative (FN, is a
number of exudates pixels that are not detecteal). T
evaluate classifier performance, we use Sensitivity
(SE), Specificity (SP) and Accuracy (AC) on a per-
pixels basis. (Satisfying, SE = TP/TP+FN, SE is
percentage of the actual exudates pixel are deteSte
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= TN/TN+FP, SP is percentage of non-exudates pixelslowever, the problem of using the FCM clustering
that are correctly classified as non-exudates pigeld technique is that the numbers of desired clustersas
AC = TP+TN/TP+FP+FN+TN, AC is overall per-pixel to be specified beforehand. To determine the slaitab
success rate of the classifier). (2) We evaluatealue of n, we tried values ranging from 2-8. THg S
performance on the test set quantitatively by cainga  gp and AC of exudates detection that we receiva fr

the classifier's result to ground truth. In ordey t ¢ yata are 96.7, 71.4 and 79%, respectively. Bhalts
facilitate the experts to produce a ground-trutage a for images using n = 8 are shown in Fig. 5

first draft of ground-truth image is created by Tken, The result from the FCM clustering coarse

this first draft image is shown to ophthalmologists P ; : .
. AN ~~segmentation is used as input to the fine segmentat
together with the original image. The ophthalmostgi using MR. After fine segmentation, most of the

ther(lj E[nade' scl)me é:/hanges by adding sqmedmistsi assified exudates regions are true exudates gixel
exu_a esd p:lxes a? ortllre.!tmovmg s:)r(rjleb misun ters O0fhich give a smaller TP value; however, it alsouezs
non-exudates pixeis untit it 1s accepted by experts the FP value because misclassification of non-ebasda
RESULTS AND DISCUSSION pixels is also_ lower. The average values c_)f SNase
AC of validation results. The FCM clustering folled/
The result from the FCM algorithm is list of clast Y MR successfully with SN, SP and AC of 92.06,
centers and n membership-grades for each pixelrevhe92.92 and 92.49%, respectively. From experimental
n is the number of desired clusters. A pixel wi# b results, if FCM clustering is the only techniquedisit
assigned to the cluster with highest membershideggra 9ives a high TP value with a high FP value.

Fig. 5:The FCM clustering results with n = 8, (&luster 1, (B) cluster 2, (C) Cluster 3, (D) cluste (E)
cluster 5, (F) cluster 6, (G) cluster 7, (H) cluste
1311
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(©) (D)

Fig. 6: Comparison of exudates detection, (A) odyiimage, (B) coarse segmentation using FCM dlingte (C)
fine segmentation using MR and (E) ground-truthgma

Using FCM clustering followed by MR, gives higher maximum number of exudates pixels or require
AC with a lower FP value. Comparing with baselineexecution speed, the FCM clustering technique could
algorithm, the results indicate that the FCM clistg be used in isolation. However, if the applications
followed by MR performs better in accuracy. Therequire higher accuracy, the FCM clustering combine
comparison of exudates detection from the FCMwith MR should be chosen.

clustering from the eight clusters resulting frooacse Overall, our experimental results show that cdrefu
segmentation and result of FCM clustering follovilsd  preprocessing step, feature selection and apptepria
MR and ground-truth image are displays in Fig. 6. classifier together provide exudates detection
performance even on low quality images and

CONCLUSION multimodal images. This system intends to help

ophthalmologists in DR screening process to detect
In this study, we have investigated and proposedYMPtoms faster and more easily. This is not al fina
Wresult application but it can be a preliminary diagis

methods to automatically detect exudates from lo ! ol decisi h tom f hthalmolagist
guality images and multimodal images taken from DR 00l or decision support system for ophthalmoiagIs
Human ophthalmologists are still needed for theesas

with no_n-dllated pup|l_s. The study is bas_ed O”RW where detection results are not very obvious.
clustering segmentation and morphological techrique
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