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Abstract— The gradual visual field loss and there is a
characteristic type of damage to the retinal nerve fiber layer
associated with the progression of the disease glaucoma.
Texture features within images are actively pursued for
accurate and efficient glaucoma classification. Energy
distribution over wavelet subband is applied to find these
important texture features. In this paper, we investigate the
discriminatory potential of wavelet features obtained from
the Daubechies (db3), symlets (sym3), and biorthogonal
(bio3.3, bio3.5, and bio3.7) wavelet filters. We propose a
novel technique to extract energy signatures obtained using
2-D discrete wavelet transform, and subject these signatures
to different feature ranking and feature selection strategies.
Here my project aims at the use of Probabilistic Neural
Network (PNN), Fuzzy C-means (FCM) and K-means helps
for the detection of glaucoma disease. For this, fuzzy c-
means clustering algorithm and k-means algorithm is used.
Fuzzy c-means results faster and reliably good clustering
when compare to k-means.

Keywords: wavelet transforms, feature extraction,
probabilistic neural network, k-means clustering, fuzzy c-
mean clustering.

I INTRODUCTION

Glaucoma is a disease of the major nerve of vision, called
the optic nerve. The optic nerve receives light from the
retina and transmits impulses to the brain that we perceive
as vision. Glaucoma is characterized by a particular pattern
of progressive damage to the optic nerve that generally
begins with a subtle loss of side vision (peripheral vision). If
glaucoma is not diagnosed and treated, it can progress to
loss of central vision and blindness. Glaucoma is a disease
of the eye which accounts for 10% of blindness in the world
and occurs in 2% to 3% of the American population over the
age of 35. There is gradual visual field loss during the
progression of the disease and there is a characteristic type
of damage to the retinal nerve fiber layer associated with
glaucoma. The disease is most easily controlled when
diagnosed at an early stage. It would be useful to have an
accurate, sensitive, and specific method of screening for the
disease. Here my project aims at the use of PNN, K-means
and fuzzy c-means clustering helps for the detection of
glaucoma disease.

In this paper, we investigate the discriminatory potential of
wavelet features obtained from the daubechies (db3),
symlets (sym3), and biorthogonal (bio3.3, bio3.5, and
bio3.7) wavelet filters. We propose a novel technique to
extract energy signatures obtained using 2-D discrete
wavelet transform, and subject these signatures to different
feature ranking and feature selection strategies [1].

In light of the diagnostic challenge at hand, recent advances

in biomedical imaging offer effective quantitative imaging
alternatives for the detection and management of glaucoma.
Several imaging modalities and their enhancements,
including optical coherence tomography[2] and multifocal
electroretinograph(mfERG) [3], are prominent techniques
employed to quantitatively analyze structural and functional
abnormalities in the eye both to observe variability and to
quantify the progression of the disease objectively [4].
Automated clinical decision support systems (CDSSs) in
ophthalmology, such as glaucoma [5], [6], are designed to
create effective decision support systems for the
identification of disease pathology in human eyes. These
CDSSs have used glaucoma as a predominant case study for
decades. Such CDSSs are based on retinal image analysis
techniques that are used to extract structural, contextual, or
textural features from retinal images to effectively
distinguish between normal and diseased samples.

The existing methods like optical coherence tomography [2]
and multifocal electroretinograph (mfERG) have different
drawbacks like feature extract using any method. Output
efficiency is very low. In these method not bound to specific
location on original image. Therefore here use the method
with DWT. The main advantages of these are several feature
extraction the output will get very good efficiency. Three
wavelet filters are extract feature very efficiently and then
classified in normal and abnormal images. The segmentation
of the abnormal image using FCM and K-means is
occurred.The dataset contains 20 fundus images: 10 normal
and 10 open angle glaucomatous images

In this paper, a novel automated, reliable and efficient optic
disc localization and segmentation method using digital
fundus images is proposed. General-purpose edge detection
algorithms often fail to segment the optic disc (OD) due to
fuzzy boundaries, inconsistent image contrast or missing
edge features [7]. This paper proposes fuzzy clustering
based segmentation to segment optic disc in retinal fundus
images. Optic disc pixel intensity and column wise
neighborhood operation is employed to locate and isolate
the optic disc. The method has been evaluated on 20 images
comprising 10 normal, 10 glaucomatous. Figure 1 shows the
typical fundus images of normal and glaucomatous images.

Fig. 1: Typical fundus images normal and glaucoma
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This paper is organized as follows: Section II includes the
methodology. Section III presents the system model for the
proposed work. Section IV gives the experimental results
and discussions. The paper is concluded in Section V.

II. METHODOLOGY

The images in the dataset were subjected to standard
histogram equalization [1]. The objective of applying
histogram equalization was twofold: to assign the intensity
values of pixels in the input image, such that the output
image contained a uniform distribution of intensities, and to
increase the dynamic range of the histogram of an
image.Here glaucomatous image can be classified and
segmented using PNN (probabilistic neural network), Fuzzy
c-means and K-means respectively. In my work
automatically classify normal eye images and diseased
glaucoma eye images based on the distribution of average
texture features obtained from three prominent wavelet
families. Hence, my objective is to evaluate and select
prominent features for enhanced specificity and sensitivity
of glaucomatous image classification. The following
detailed procedure was then employed as the feature
extraction procedure on all the images before proceeding to
the feature ranking and feature selection schemes.

A. Discrete Wavelet Transform-Based Features

The DWT captures both the spatial and frequency
information of a signal [1]. DWT analyses the image by
decomposing it into a coarse approximation via low-pass
filtering and into detail information via high-pass filtering.
Such decomposition is performed recursively on low-pass
approximation coefficients obtained at each level, until the
necessary iterations are reached. Let each image be
represented as a p X  gray-scale matrix I[i,j], where each
element of the matrix represents the gray scale intensity of
one pixel of the image. Each non border pixel has eight
adjacent neighbouring pixel intensities. These eight
neighbours can be used to traverse the matrix. The resultant
2-DDWTcoefficients are the same irrespective of whether
the matrix is traversed right-to-left or left-to-right. Hence, it
is sufficient that we consider four decomposition directions
corresponding to 0° (horizontal, Dh), 45 (diagonal, Dd), 90°
(vertical, Dv), and 135 (diagonal, Dd) orientations. The
decomposition structure for one level is illustrated in Fig.2
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Fig. 2:D-DWT decomposition: 2ds1 indicates that rows are
down sampled by two and columns by one. 1ds2 indicates
that rows are down sampled by one and columns by two.
The “x” operator indicates convolution operation.

In this figure, | is the image, g[n] and h[n] are the low-pass

And high-pass filters, respectively, and A is the
approximation coefficient. In this study, the results from
level 1 are found to yield significant features. As is evident
from Fig.2, the first level of decomposition results in four
coefficient matrices, namely, Al, Dh1, Dv1, and Dd1. Since
the number of elements in these matrices is high, and since
we only need a single number as a representative feature, we
employed averaging methods to determine such single
valued features. The definitions of the three features that
were determined using the DWT coefficients are in order.
Equations (2.1) and (2.2) determine the averages of the
corresponding intensity values, whereas (2.3) is an
averaging of the energy of the intensity values.

AverageDhl = —— > > |phi(x, y)

x={p} y={a} 2.1)
AverageDvl = —— > > |pvi(x, y)
x={p} y={a} (2.2)
1
Energy =—— > > (DvI(x,y))’
PXQ" x={p} y=la} (2.3)

B. Pre-processing Of Features

From the above features can be found among the normal and
glaucomatous image samples. Their corresponding
distribution across these samples is obtained. In pre-
processing of image salt and pepper noise can be added into
the images and it also removed by using median filter. And
histogram equalization is applied in pre-processing.

C. Normalization of Features

Each of the features is subject to histogram equalization [1].
The objective of applying histogram equalization was
twofold: to assign the intensity values of pixels in the input
image, such that the output image contained a uniform
distribution of intensities, and to increase the dynamic range
of the histogram of an image scored normalized distribution
for each of the features across the 10 Glaucoma and 10
normal samples used in this study.

D. Feature Ranking

Feature ranking is a pre-processing step that precedes
classification [1]. Here our focus on using filter-based
approaches to rank the features based on their
discriminatory potential across samples. Since our objective
is to estimate the effectiveness of the wavelet features.

E. Classification

Here the features of images that obtained from test images
and the features of images in the dataset are compared. And
normal and glaucomatous image can be classified using
PNN (Probabilistic Neural Network).Probabilistic networks
perform classification where the target variable is
categorical. By using PNN images can be classified into
normal and glaucomatous image (abnormal image). If the
image is glaucomatous then it is segmented using Fuzzy c-
means and K-means. Fuzzy c-mean results faster and
reliably good clustering when compare to k-mean.
Clustering is the process of dividing the data elements into
classes or clusters so that items in the same class are similar
as possible, and items in different classes are dissimilar as
possible. Fuzzy clustering is a class of algorithms for cluster

All rights reserved by www.ijsrd.com 1394



Classification and Segmentation of Glaucomatous Image Using Probabilistic Neural Network (PNN), K-Means and Fuzzy C-Means(FCM)

(IJSRD/Vol. 1/Issue 7/2013/0006)

analysis in which allocation of data points to clusters is
fuzzy. In fuzzy clustering, data elements can belong to more
than one cluster, and associated with each element is a set of
membership levels. These indicate the strength of
association between that data element and a particular
cluster. Fuzzy C-Means (FCM) is an unsupervised
clustering algorithm that has been applied to wide range of
problems involving feature analysis, clustering and classifier
design. FCM attempts to find the most characteristic point in
each cluster, which can be considered as the centre of the
cluster and then the grade of membership for each object in
the cluster.

E. Fuzzy C-Means Clustering Algorithm

FCM clustering techniques are based on fuzzy behaviour
and provide a natural technique for producing a clustering
where membership weights have a natural interpretation.
Clusters are formed based on the distance between two data
points. In this algorithm data are bound to each cluster by
means of a membership function, which represents the fuzzy
behaviour of the algorithm. To do this algorithm have to
build an appropriate matrix whose factors are numbers
between 0 and l,and represent the degree of membership
between data and centres of clusters. FCM is a method of
clustering which allows one piece of data to belong to two
or more clusters. It is based on the minimization of objective
function is sown in equation 2.4 [8],[9]:

N C 2
5. =33 urls -

i-1 j-1 , 1<m_.w (2.4)
Where m is any real number greater than Uj; is the degree of
membership of x;in the cluster j, x;is the i" of d-dimensional

measured data, Cj is the d-dimension centre of the cluster,

and [+] is ‘any norm expressing the similarity between any
measured data and the center. Fuzzy partitioning is carried
out through an iterative optimization of the objective
function with the update of membership Ujj and the cluster

centres C;j by:
> uf.x;
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éis a termination criterion 0 and 1, whereas K is the
iteration steps. This procedure converges to a local
minimum or saddle point of J,,. The algorithm is composed
of following steps:

Step1:Initialize U=u;; matrix ,u®

Step 2:At k-step calculate the centers vectors

C®=[c] with U®
Step 3:Update U™, U®D

k+1) k
uf ) —u| f< ¢

This iteration will stop when , where

Step 4:If [ yoen. ool g then STOP; otherwise

return to step 2.

In this algorithm, data are bound to each cluster by
means of a Membership function, which represents the

fuzzy behaviour of the algorithm. FCM  clustering
techniques are based on fuzzy behaviour and provide a
natural technique for producing a clustering where
membership weights have a natural (but not probabilistic)
interpretation. This algorithm is similar in structure to the K-
Means algorithm and also behaves in a similar way [8], [9].

F. Clustering Using K-Means Algorithm

K-Means is one of the simplest unsupervised learning
algorithms that solve the well-known clustering problem.
The procedure follows a simple and easy way to classify a
given data set through a certain number of clusters (assume
k clusters) fixed a priori [10]. The main idea is to define k
centroids, one for each cluster. These centroids should be
placed in a cunning way because of different location causes
different result. So, the better choice is to place them as
much as possible far away from each other. The next step is
to take each point belonging to a given data set and associate
it to the nearest centroid. When no point is pending, the first
step is completed and an early group age is done. At this
point it is necessary to re-calculate k new centroids as bar
centers of the clusters resulting from the previous step. After
obtaining these k new centroids, a new binding has to be
done between the same data set points and the nearest new
centroid. A loop has been generated. As a result of this loop,
one may notice that the k centroids change their location
step by step until no more changes are done. In other words
centroids do not move any more. Finally, this algorithm
aims at minimizing an objective function; in this case a
squared error function is shown in equation 2.6.

-3

j=1 i=1

n N
0 _

2
Xi C,—H

(2.6)
95 2

Where HXi ~Cill is a chosen distance measure between a
data point X; and the cluster center ¢;, is an indicator of the
distance of the n data points from their respective cluster
centers. The algorithm is composed of the following steps:
Step 1: Place K points into the space represented by the
objects that are being clustered. These points represent
initial group centroids.

Step 2: Assign each object to the group that has the closest
centroid.

Step 3: When all objects have been assigned, recalculate the
positions of the K centroids.

Step 4: Repeat Steps 2 and 3 until the centroids no longer
move.

This produces a separation of the objects into groups from
which the metric to be minimized can be calculated.
Although it can be proved that the procedure will always
terminate, the K-Means algorithm does not necessarily find
the most optimal configuration, corresponding to the global
objective function minimum. The algorithm is also
significantly sensitive to the initial randomly selected cluster
centers. K-Means is a simple algorithm that has been
adapted to many problem domains and it is a good candidate
to work for a randomly generated data points. One of the
most popular heuristics for solving the K-Means problem is
based on a simple iterative scheme for finding a locally
minimal solution. This algorithm is often called the K-
Means algorithm [10].And flowchart of K-Means method is
shown in figure 3.
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Fig 3: Flowchart of K-Means Method

1. SYSTEM MODEL

The proposed architecture consists of different sections. The
main part of the project deal with the classification of
images. For each and every step, there is different
techniques is used. If the image is glaucomatous then it is
segmented using Fuzzy c-means and K-means. The
proposed architecture is shown in figure 4.
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Fig. 4: Overall System Architecture

IV. EXPERIMENTAL RESULTS

The experimental results show that fuzzy c-mean clustering
is much better than k-mean clustering .The images in the
dataset were subjected to standard histogram equalization.
The objective of applying histogram equalization was
twofold: to assign the intensity values of pixels in the input
image, such that the output image contained a uniform
distribution of intensities, and to increase the dynamic range

of the histogram of an image. The table I which shows the
wavelet features. The following detailed procedure was then
employed as the feature extraction procedure on all the
images before proceeding to the feature ranking and feature
selection schemes [1]. The figure 5 shows a result of normal
image from the test images.

Fig.5.Result of a normal i 1mage input image, image with
[salt and pepper], filtered image and adaptive histogram
equalization
The figure 6 shows a result of abnormal image from the test

images.

Fig.6. Result of a abnmal image, input image, image with
[salt and pepper], filtered image, and adaptive histogram

equalization.
Features Normal Glaucoma
Db3:
Average dhl 0.0543 -0.0165
Energy img 2.664¢+005 131.7637
Sym3:
Average dhll 0.0543 -0.0165
Energy imgl 2.6646e+005 131.7637
Bio3.3
Average dhl2 0.0510 -0.0126
Energy img2 6.7757e+003 213.4322
Energy img21 101.3618 12.0640
Bio3.5
Average dhl3 0.0519 -0.0080
Energy img3 8.4877e+003 231.0407
Energy img31 102.9083 15.4908
Bio3.7
Average dhl4 0.0555 -0.0133
Energy img4 8.9373e+003 24.3884
Energy img4l 715.0239 16.9548
Energy img42 102.9083 15.4908

Table. 1: wavelet Features

In this case, the image again undergoes segmentation by k-
means and FCM is described in figure 7.

Fig. 7: Result of a abnormal image (a)input image(b)image
with salt and pepper(c)k-means(d)fuzzy c-means

V. CONCLUSION

In this paper, we propose a novel technique to extract energy
signatures obtained using 2-D discrete wavelet transform,
and subject these signatures to different feature ranking and
feature selection strategies. The ranked subsets of selected
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features have been fed to a set of classification algorithms to
gauge the effectiveness of these features. The segmentation
of the abnormal image is done by using FCM and K-means.
Fuzzy c-mean results faster and reliably good clustering
when compare to k-mean. From the accuracies obtained and
contrasted, we can conclude that the energy obtained from
the detailed coefficients can be used to distinguish between
normal and glaucomatous images with very high accuracy.
The project can be a very useful tool in early detection of
glaucoma. Interfacing it with other clinical equipment can
yield accurate diagnostic results. So we conclude that the
energy obtained from the detailed coefficients can be used to
distinguish between normal and glaucomatous images with
very high accuracy. In future application, it can be used to
detect more eye diseases by taking more parameters.

REFERENCES

[1]  Sumeet Dua, Senior Member, IEEE, U. Rajendra
Acharya, Pradeep Chowriappa, Member, IEEE, and
S. Vinitha Sree, “ Wavelet-Based Energy Features for
Glaucomatous Image Classification.”IEEE  Trans
Information technology in biomedicine, vol. 16, no.
1, January 2012

[2] K. R. Sung et al., “Imaging of the retinal nerve fiber
layer with spectral domain optical coherence
tomography for glaucoma diagnosis,” Br. J.
Ophthalmol., 2010.

[3] ~J. M. Miquel - Jimenez et al., “Glaucoma detection
by wavelet-based analysis of the global flash
multifocal electroretinogram,” Med. Eng. Phys. vol.
32, pp. 617-622, 2010.

[4] B. Brown, “Structural and functional imaging of the
retina: New ways to diagnose and assess retinal
disease,” Clin.Exp.Optometry, vol. 91, pp. 504-514,
2008.

[5]1 ~ S. Weiss, C. A.Kulikowski, and A.Safir, “Glaucoma
consultation by computer,” Comp. Biol. Med.,
vol.8,pp.24-40, 1978.

[6] S. Weiss et al, “A model-based method for
computer-aided Medical decision-making,” Artif.
Intell.,vol. 11, pp. 145— 172, 1978.

[71 Muthu Rama Krishnan M, U Rajendra Acharya, Chua
Kuang Chua, ” Application of Intuitionistic Fuzzy
Histon Segmentation for the Automated Detection of
Optic Disc in Digital Fundus Images” Proceedings
of the IEEE-EMBS International Conference on
Biomedical and Health Informatics  (BHI
2012)Hong Kong and Shenzhen, China, 2-7 Jan 2012

[8] Yong, Y., Z. Chongxun and L. Pan,* A novel fuzzy
c- Means clustering algorithm for image
thresholding,” Measurement Sci. Rev., Volume 4:
9(1), 2004.

[9] Yong, Y., Z. Chongxun and L. Pan,” Fuzzy C-means
clustering algorithm with a novel penalty term for
image segmentation, “Opto- Electronics Review
13(4), 2005, pp. 309-315.

[10] T. Velmurugan, and T. Santhanam ,,Performance
Evaluation of
K-Means and Fuzzy C-Means Clustering Algorithms
for Statistical Distributions of Input Data Points™

European Journal of Scientific Research ISSN 1450-
216X Vol.46 No.3(2010), pp.320-330.

All rights reserved by www.ijsrd.com 1397



	is sufficient that we consider four decomposition directions: Off
	vertical Dv and 135: Off


