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Abstract: A problem of fundamental importance in retinal 1mage analysis is the extraction of exudates and the
detection of optic disk. Detection of the exudates is the fundamental requirement to diagnose the progress of
diabetic retinopathy. The detection of optic disk iz very essential to locate the various anatomical features in
the retinal image. Screening to detect retinopathy disease can leadto successful treatments in preventing visual
loss. This study discuss different methods involvedin the detection of optic dizsk and exudates.
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INTRODUCTION

Diabetic retinopathy 15 a severe and widely spread
eve dizease, which can be regarded as manifestation of
diabetes on the retina. Eetinopathy literally means damage
to the retina. There are actudly 2 types of retinopathy.
The most common type 15 early or background diabetic
retinopathy. In this condition, diabetes gets damages in
the capillaries of the retina and microscopic leaks are
formed in these vessels. Leakage causes the retina to
swell, which interferes with normal vision. Background
diabetic retinopathy may be associated with macula
edema. The macula iz the part of the affected retina;
edema refers to the swelling caused by leakage The
macula, which enables us to see sharp detail, is the center
of the retina, so macular edema can cause problems with
central wision The Znd type of retinopathy 15 proliferative
diabetic retinopathy. In this condition, the capillaries of
the retina shuts dewn. This causes new blood vessels
to grow in the retina (revascularization) Eetinal neo
vascularization may also lead to scar tissue This scar
tissue may contract, pull on the retinal surface and result
in a retinal detachment. Mew blood wessels may grow on
the iris of the eve and cause a form of glaucoma These
complications can cause a serious loss of wision, or even
total blindness. Figure 1 shows a nonmal retina, portions
of the required boundane: are cleatly wisible, other
portions are obscured or wery indistinct. The original
image is 5312x512 pizels and 8 bit grey scale.

=roreening to detect retinopathy dizease can lead to
successful treatments in preventing wisual loss. The

Fig. 1: Retinal image

location of the optic discis of critical impottance in retinal
image analysis and 12 required as a prerequisite stage of
exudates detection.

LIATERTATL S AND METHODS

Detection methods of optic dislc The Cptic Disc (CD) 15
the exit point of retinal nerve fibers from the eye and the
entrance and exit point Por retinal blood wessels. Ttis a
brighter region than the rest of the ocular funds and its
shape 15 approximately round. The location of the OD 15
crucial in retinal image analvsis, for example, as areference
to measure distances and identifies anatomical parts in
retinal images (e.g., the fovea), for blood vessel tracking
and many others. Precize localization of optic disk
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boundary is an important sub problem of higher level
problems mn ophthalmic image processing. Specifically,
in proliferate diabetic retinopathy; fragile vessels are
developed m the retina, largely in the OD region, in
response to circulation problems created during earlier
stages of the disease.

Clustering and PCA method: The mtensity of optic disc
is much higher than the surrounding retinal baclkground.
A common method of optic disk localization 1s to find the
largest cluster of pixels with the highest gray level. A
simple clustering method (L1 and Chutatape, 2001) 1s
applied on the intensity image to find the candidate
regions where the optic disk may appear and Principal
Component Analysis (PCA) is applied only on these
candidate regions to locate the optic disk. This method 1s
applied with the presence of large area of light lesions.

PCA and active shape model: Principal Component
Analysis (PCA) 1s applied to the candidate regions at
various scales to locate the optic disk. The minimum
distance between the orignal retinal mmage and its
projection onto disk spaces indicates the center of the
optic disk. The shape of optic disk i1s obtained by an
active shape method, in which affine transformation
(Huqgi and Chutatape, 2003) 1s used to transform the
shape model from shape space to image space. The
effects of vessels present inside and around optic disk
are not eliminated, but also incorporated in the
processing. This algorithm takes advantage of top-down
strategy that can achieve more robust results especially
with the presence of large areas of light lesions and when
the edge of the optic disk is partly occluded by vessels.

Contour detection using ellipse fitting and wavelet
transform: The contours are usually represented by
image edges and image features consisting of points
where the image mtensity function varies sharply. It 1s
crucial for the precise identification of the macula to
enable successful grading of macular pathology such as
diabetic maculopathy. However, the extreme variation of
mtensity features within the optic disc and intensity
variations close to the optic disc boundary presents a
major obstacle m automated optic disc detection. The
presence of blood vessels, crescents and peripapillary
chororetinal atrophy seen m myopic patients also
increase the complexity of detection. A novel algorithm is
used to detect the optic disc based on wavelet processing
and ellipse fitting. Daubechies wavelet transform
(Pallawala et al., 2004) 13 used to approximate the optic
disc region. Next, an abstract representation of the optic
disc 1s obtained using an mtensity-based template. This
vields robust results in cases where the optic disc
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intensity is highly non-homogenous. FEllipse fitting
algorithm 1s then utilized to detect the optic disc contour
from this abstract representation. Additional wavelet
processing 15 performed on the more complex cases to
improve the contour detection rate.

Sobel edge detection and least square regression: The
Optic disk can be seen as a pale, well defined round or
vertically slightly oval disk. The detection is performed
in the red compeonent m 3 steps: candidate area
identification, sobel edge detection and estimation step.
The candidate area 1s 1dentified and a clustering algorithm
(Li and Chutatape, 2000) is applied to assemble nearby
pixels into clusters. The gravity center of the largest
cluster is defined as the center of the candidate area.
Sobel edge detector 1s applied to the candidate area to get
the contour of optic disk. Tt is not satisfied because of
noises. Hence, LSR (Least Square Regression) 1s applied
to get the estimated circle, based on Sobel edge detector.
Another method uses texture descriptors (Lupascu ef af.,
2008) and a regression based method in order to determine
the best circle that fits the optic disc. The best circle 1s
chosen from a set of circles determined by the method.

Lab colour morphology: The location of the optic disc is
of critical importance m retinal image analysis was by both
the automatic initialization of the snake (Osareh et al.,
2002a-c) and the application of morphology m color
space. Previously OD was focused on locating its center
(Sinthanayothin ef al., 1999). The mterference of blood
vessels is removed by dilation and erosion restores
the boundaries. Standard gray level morphology was
performed after a transformation of the RGB color image
into the gray level image. By fitting the snake onto the
optic disk, the performance can be measured for various
morphological methodologies. The imtial contour for
snake must be close to the disk boundary otherwise it can
converge to the wrong place. The accuracy obtamed
was 90%.

Simulated annealing optimization: The method is based
on the prelimmary detection of the main retinal vessels by
means of a vessel tracking procedure. All retinal vessels
originate from the optic disc and then follow a parabolic
couwrse towards retinal edges. A geometrical parametric
model (Ruggeri ef al., 2003) was proposed to describe the
direction of these vessels and 2 of the model parameters
are just the coordinates of the optic disc center. Using
samples of vessels directions (extracted from fundus
images by the tracking procedure) as experimental data,
model parameters were identified by means of a simulated
ammealing optimization technique. These estimated values
provide the coordinates of the center of optic disc.
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Circular hough transform and local variance: The green
band of the images was processed as it was found that
these images had the greatest contrast between the optic
disk and the retinal tissue. Firstly, the blood vessels in
the image were suppressed by morphological methods
(closing). Then 24 radial vectors were defined using the
approximate centre of the optic disk as the origin. The
image was resampled along these vectors to form a
representation that was subsequently processed.

The image was firstly enhanced using the Sobel
operator and then threshold using the local mean and
variance to compute the threshold value. The remaining
points were mput to a circular Hough transform
(Abdel-Ghafara et al., 2004) the largest circle was found
consistently to correspond to the optic disk. The success
rate 1s only 65%. This method separates the normal and
abnormal images due to glaucoma. The optic disc
appearance 13 uniform in normal images but progressively
less as the disease progresses. Chanwimaluang and
Guoliang (2003) suggested 2 steps.

The approximate center of optic disc 1s located using
maximum of the local variance and the boundary is
delmeated by fitting the active snake. The local variance
can indicate the intensity variation of OD, which is related
to blood vessel and small structures inside the OD. The
large variance, the more snake points should be used to
overcome the disturbing gradient from blood vessel
The more anatomical

and/or mtensity varations.

constraints were not involved.

Histogram equalisation and dynamic contour: The retinal
image was enhanced using histogram equalization.
Preprocessing was achieved by applying a pyramid edge
detector to the contrast enhanced image. Pixels in a layer
of the pyramid data structure was computed as the
average of groups of 4 pixels and this averaging prevents
future examination of the spurious edge points arising
from noise. Edge strength was used to fit snake to the
disc boundary. The cholesky algorithm (Morris, 1999) was
used. But here the snake had failed to locate the boundary
in the upper right quadrant.

Texture based method: A random of 23 images was
chosen for training and other 23 for testing. In the training
step, 3 blocks containing the 1% were collected from each
image, which accounted for 69 blocks and used as the
training set. The weighted fimction was defined by
linearly combining 3 regression lines obtained by fitting
3 pairs of statistic parametric (Chu et al., 2005) relations,
which were used to precisely detect the optic disc regions
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and this can effectively eliminate the incorrect optic disk
detection caused by extending bright areas around the
optic disk. Optic disc localization was also achieved by
iterative threshold method to identify imtial set of
candidate regions followed by connected component
analysis (Siddalingaswamy and Prabhu, 2007) to locate
the actual optic disc.

Pyramidal approach: The optic disk tracking is done by
pyramidal decomposition (Gagnon et al., 2001) and OD
contour search techmque based on the Hausdorff
distance. The global OD region was found by means of a
multi-scale analysis (pyramidal approach) using a simple
Haar-based wavelet transforms. The brightest pixel that
appears 1n a coarse resolution image (at an appropriate
resolution level depending on the 1mtial image resolution
and the OD average dimension) is assumed to be part of
the OD. This global OD localization serves as the starting
pount for a more accurate OD localization obtained from a
template-based matching that uses the Hausdorff distance
measure on a binary image of the most intense Canny
edges. An average error of 7% on OD center positioning
1s reached with no false detection. In addition, a
confidence level 1s associated to the final detection that
indicates the level of difficulty the detector has to identify
the OD position and shape. Genetic based detection
(Abraham ef al., 2006) was mnvolved m the preprocessing
stage having pixels with the highest 2% gray levels.
Simple clustering mechanism and optic disc diameter are
considered to determine the candidate region and optic
disc center. Genetic algorithm explores the combinatory
space of possible contours (solutions) by means of
crossover and mutation, followed by the evaluation of
fitness and the selection of a new set of contours. The
cumulative local gradient is used as a fitness function to
find the fittest contour.

Topological Active Nets (TAN): Lalonde et al. (2000)
extracted the optic disc using Hausdorff based template
matching and pyramidal decomposition. It is neither
sufficiently sensitive nor specific enough for clinical
application. An average error of 7% on OD center
positioning was reached with no false detection. In
addition, a confidence level was associated to the final
detection that indicates the level of difficulty the
detector had to identify the OD position and shape.
Chr’astek et al. (2002) used an automated method for the
optic disc segmentation, which consists of 4 steps:
localization of the optic disc, nonlinear filtering, canny
edge detector and Hough transform. The nonlinear
filtering was used as a method for noise reduction, which
at the same time preserve the edges. Since, the optic dise
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is a circular structure, the authors used the Hough
transform 1 order to have a method of circle detection.
The transform give them the center and radius of a circle
approximating the border of the optic disc. A new
approach to the optic disc segmentation process was
proposed by Novo ef al. (2008) m digital retinal images
by means of Topological Active Nets (TAN). This is a
deformable model used for image segmentation that
integrates features of region-based and edge-based
segmentation techmiques, being able to fit the edges
of the objects and model their inner topology. The
optimization of the active nets 1s performed by a genetic
algorithm, with adapted or new ad hoc genetic operators
to the problem. The active nets incorporate new energy
terms for the optic disc segmentations, without the need
of any pre-processing of the images.

Detection of exudates

Support vector machines and neural networks:
Osareh et al (2002a-¢c) used Gaussian-smoothed
histogram analysis and Fuzzy C means clustering to
segment candidate exudates region and SVM and neural
network classifies the exudates and non exudates.
Support vector machine uses SRM approach. For separate
classification, a kernel function 1s used where a separating
hyper plane (w, b) with was the weight and b as the bias
is used which maximizes the margin or distance from the
closest points. The optimum separating hyper plane
based on the kernel 1s:

Fix) = Sign (3., ¥, k (X, )+b) 1)
where
n = The number of training examples
v, = The label value of 1, k 1s the kernel
¢, = The coefficient to maximize the lagrangian

representation

Optimum hyper plane is defined by v, (w. x, +h)=1-E,
E.20. This can achieve a trade off between false positives
and false negatives using asymmetric soft margin and
they converge to solution regardless of initial condition
and remove the danger of over fitting.

Bayesian statistical classifier: Wang ef af. (2000) applied
Bayesian statistical classifier based on colour features to
differentiate the yellowish lesions. Tt combines brightness
adjustment procedure with statistical classification
method and local window based verification strategy.
Objects in an image can be described in terms of features
such as colour, size, shape, texture and other complex
characteristics. Different objects are classified into
corresponding clusters by the rules. This detects the
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lesions correctly but misclassifies the optic disk due to
the similarity in colour. The presence of lesions can be
preliminarily detected using MDD (Maximal Dependence
Decomposition) and brightness adjustment procedure
solves the non uniform illumination problem. The
accuracy is 70% in classifying the normal images. They
did not measure accurately to distinguish exudates among
other lesions. The exudates identified exudates in gray
level images based on a recursive region growing
technique. Gardner et al. (2002) used a neural network to
identify the exudate lesions in gray level images. A neural
network was tramed to recognize features of diabetic
fundus images and tested for sensitivity and specificity.
The network can be used to identify the presence of
vessels, exudates and hemorrhages with high predictive
value. Back propagation neural network was employed to
analyse images using grids. The network was then tested
from the previously seen training data and the unseen test
data. Neural network determination of retinopathy for a
whole 1mage was based on the statistical threshold and
some squares in the grid may be missed. By altering the
threshold, it is possible to change the networks detection
rate to increase the sensitivity and tlus leads to a lower
specificity. The network traimng took 2-3 weeks, whereas,
this requires about an hour. We can also increase our
sensitivity and specificity results by changing the
threshold on the network output. This approach 1s
weakened since not all of the exudates region may appear
within a square pach.

Fuzzy C-means clustering and morphological methods:
Sopharak and Uyyanonvara (2007a, b) transformed Red,
Green and Blue (RGB) space to Hue, Saturation and
Intensity (HSI) space. A median filtering operation was
applied to reduce noise before a Contrast-Limited
Adaptive Histogram Equalization (CLAHE) was appled
for contrast enhancement. CLAHE operates on small
regions in the image. Each small region’s contrast is
enhanced with histogram equalization. FCM 1s used for
segmentation and the fine segmentation using
morphological reconstruction. The algorithm still has
some false detection because some pixels with similar
colour to the exudates belong to optic disc and edge of
blood vessel. Candidate exudates were detected using a
multi-scale morphological process (Alan et al., 2007).
Based on local properties, the likelihoods of a candidate
being a member of classes exudate, drusen or background
were determined. This leads to a likelihood of the image
containing exudates, which can be thresholded to create
a binary decision. Wasif et ol (2008) wed green
component of the image and preprocessing steps such as
average filtering, contrast adjustment and thresholding.
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The other processing techniques used are morphological
opening, extended maxima operator, minima imposition
and watershed transformation. The algorithm was

evaluated using the test images with fixed and variable
thresholds.

RESULTS AND DISCUSSION

Region growing and edge detection: Principal component
analysis (L1 and Chutatape, 2003) was employed to locate
optic disk; A modified active shape model was proposed
1n the shape detection of optic disk; A fundus coordinate
system was established to provide a better description of
the features in the retinal images; exudates are detected
by the combined region growing and edge detection
approaches. LUV 13 selected as the suitable color space
for the exudates detection. The fundus image is divided in
to 64 sub images. Detection is done in each sub image.
The color difference of the object can be defined as:

DAL =YL G)-L )+ UG- (2)

L (LU= The colors of pixel (I, j) m the
component L and U, respectively

The reference colors of the object

L.1

> 1

The reference color 1s determined as the gravity
center of the object. Mean squared Wiener filter removes
the noise. A combined method of region growing and
edge detection, which includes seed selection, edge
detection and growing criteria was employed to detect the
exudates. Edges in the sub images were detected by the
camny edge detector. Specificity obtained was low.

Recursive region growing segmentation: An automated
screemng system (Smthanayothin ef af., 2002) to analyse
the features of Non-Proliferative Diabetic Retinopathy
(NPDR) includes recursive region growing segmentation
algorithms combined with the use of a new technique,
termed a Moat Operator, were used to automatically
detect features of NPDR. These features included
Haemorrhages and Microanewrysms (HMA), which were
treated as 1 group and hard exudates as another group.
This study presents, encouraging results in automatic
identification of important features of NPDR.

K nearest neighbour and neural network: Screening to
detect retinopathy disease can lead to successful
treatments in preventing visual loss. Intraretinal fatty
(hard) exudates are a visible sign of diabetic retinopathy
and also a marker for the presence of co-existent retinal
oedema. The retinal images were automatically analysed
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in terms of pixel resolution and image-based diagnostic
accuracies and an assessment of the level of retinopathy
was derived. To estimate the exudates and non-exudates
probability density distributions, K nearest neighbour,
Gaussian quadratic and Gaussian mixture model classifiers
were utilized. This includes colour image segmentation
and region-level classification based on neural network
and support vector machine classifier models. A sliding
windowing technique Schaefer and Leung (2007) also
used to extract parts of the image which were then passed
to the neural network to classify whether that area was a
part of exudates region or not. PCA and histogram
specifications were used to reduce training times and
complexity of the network and to improve the
classification rate.

Fuzzy C-means clustering and neural network: The
detection of exudates regions was done using image color
normalisation, enhancing the contrast between the
objects and background, segmenting the color retinal
image (Osareh et al, 2001). The exudates and non
exudates patches were determined by a neural networl.
The color normalisation was done using histogram
specification. Local contrast enhancement improves both
the contrasting attributes of lesions and the overall color
saturation in an image. Along with this FCM, clustering
highlights the salient regions and extracts relevant
features and finally classifies the exudates using
perceptron neural network. This was performed on the
intensity channel of the image after it was converted to
the HIS color space. The optic disk is segmented as
fragmented EX regions due to the similarity of its color to
vellowish EX regions. The false detected optic disk
regions were ignored. The segmented objects were
classified as EX/nonEX regions by a neural network.

Intelligent system: Image contrast 1s enhanced by means
of a neurofuzzy subsystem where fuzzy rules are
implemented using Hopfield type newal network
(Carmmeo and Giaquinto, 2006). This 1s developed to
behave as a fuzzy system to highlight pale regions in the
fundus images of patients. Multilayer perceptron neural
network is trained for evaluating the optimal global
threshold, which can minimize pixel classification errors.
The performances were compared with the algorithms like
Gradient decent backpropagation, gradient descent
momentum with adaptive learming rate, conjugate gradient
backpropagation with fletcher reeves updates
Levenberg-Marquardt backpropagation. The globally
optimal segmentation generates binary images, which
comtain only sigmficant mformation about suspect

and

damaged retinal areas.
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Adaptive multiscale morphological processing: The
diabetic retinopathy related spot lesions of various sizes
and shapes are accomplished by an adaptive multiscale
morphological processing technique (Zhang and Fan,
2006). Local mmnima are the reference pomts to determine
the proper scale for dark lesions and 2-sided edge model
was used to define the lesion area. Segmentation of dark
and bright lesions was obtained by using entrophy based
thresholding techniques. The limitation is that lesion
validation may remove some dark lesions that are
connected with blood vessels.

Machine learning based automated system: A machine
learning based automated system (Niemeijer et al., 2007)
capable of detecting exudates and cottonwool spots and
differentiates them using statistical classifier. Each pixel
was classified and lesion probability map indicates the
probability that a pixel was a part of a bright lesion. Pixels
with high probability were grouped in to clusters. The
classifier differentiates the different types of pixels or
clusters based on the so called features or numerical
characteristics such as pixel color or cluster area. This
gave outputs whether bright lesions were present or not
and which class each lesion was. The bright lesions may
be missed by human experts and the automated system
because of the limitations of the digital 2 field non stereo
photography. Secondly, there could be a constraint of the
quality of annotations of the training image. A large
number of tramng pixels may mnprove the system
performance. Retinal thickening, if present, will be missed
by the algorithm. The testing can be done on a small
number of patients.

Contextual clustering and fuzzy art neural network:
There was an extensive dissimilarity in the color from
owing to mirinsic attribute of
lesions, decreasing color dispersion at the lesion

different patients

periphery and lighting disparity, which results in color
of lesion of some mnages lighter than the background
Jayakumari and Santhanam (2007) applied
Histogram equalization independently for each RGB
followed by The
enhancement algorithm not only enhances the brightness

color.

channel enhancement. contrast
of lesions but also augments the brightness of the
surrounding pixels so that these may be recognized as
class lesion. The segmented images are discrimmated to
locate the hard exudates using features such as convex
area, solidity and orientation. The exudates were detected
with 93.4% sensitivity and 80% specificity. This cannot

detect soft exudates.

930

CONCLUSION

The wnportance for optic disk and exudate detection
methods lies in detecting early stages of diabetic
retinopathy. Even though some methods in optic disk
detection have acceptable accuracy there may be some
false location of the disk due to noises and other
parameters. A method for the efficient detection of optic
disk irrespective of the intensity variations near the
boundary will give better result. Similarly the mtensity of
exudates are sometimes close the optic disk intensity.
This study gives the different approaches for optic disk
and exudates detection 1 retinal images.
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