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Optic nerve head segmentation using fundus images and optical coherence
tomography images for glaucoma detection
T.R. Ganesh Babu?, S. Shenbaga Devi®, R. Venkatesh®

Background. Glaucoma is a common causes of blindness. The associated elevation in intra ocular pressure leads to
progressive degeneration of the optic nerve and resultant structural changes with functional failure of the visual field.
Since, glaucoma is asymptomatic in the early stages and the associated vision loss is irreparable, its early detection
and timely medical treatment is essential to prevent further visual damage.

Objective. This paper presents a novel method for glaucoma detection using digital fundus image and optical coher-
ence tomography (OCT) image.

Method. The first section focuses on the features such as cup to disc ratio (CDR) and the inferior superior nasal tem-
poral (ISNT) ratio which were obtained from fundus images.The above features were used for classifying the normal
and glaucoma condition using back propagation neural network (BPN) and Support Vector Machine (SVM) classifiers.
In the second part of the article, features such as CDR and two novel features, cup depth and retinal thickness were
obtained from the OCT image. These features were evaluated by the BPN and SVM classifier.

Results and Conclusion. The combined features from fundus and OCT images were analyzed. The system proposed
here is able to classify glaucoma automatically. The accuracy of BPN and SVM Classifiers was 90.76% and 96.92% re-

spectively.
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INTRODUCTION

Glaucoma is one of the common causes of blindness.
It causes progressive degeneration of optic nerve fibers
and leads to structural changes of the optic nerve and a
simultaneous functional failure of the visual field. Since,
glaucoma is asymptomatic in the early stages and the as-
sociated vision loss cannot be restored, its early detection
and subsequent medical treatment is essential to prevent
further visual damage'.

A significant feature of glaucoma is the absence of
warning symptoms. Glaucoma diagnosis is mainly fo-
cused on detecting changes in the visual functioning of
the eye at early stages of the disease and vision can be
protected through medical treatment. 98% of visual loss
can be prevented by timely diagnosis. The shortage of
trained personnel,however leads to the need for an au-
tomatic retinal image analysis system. Our research was
aimed at detecting glaucoma using digital images to
assist the ophthalmologist and save time in screening
and,diagnosing glaucoma. Fundus and OCT images are
types of images used by ophthalmologists to detect glau-
coma. In the fundus image, there is a small depression
seen at the front of the optic nerve head. The depression
is known as the optic cup and its diameter is smaller than
the diameter of the optic disc. As glaucoma progresses,
neural tissues die, the nerve fiber layer thins, and the Cup

to Disk Ratio (CDR) increases. Hence, the CDR is one of

the features used to detect glaucoma. In addition to CDR,

a parameter called the ISNT ratio which is the ratio of the

sum of the blood vessels in the Inferior and the Superior

regions to the sum of the blood vessels in the Nasal and
the Temporal region is used>.The same parameter is also
used based on the neuron retinal rim area. In OCT, the
cup region will show features related to glaucoma. Hence,
these features are also used for the detection of glaucoma.

The aims of research were to:

1. determine the CDR and ISNT ratio from retinal fun-
dus images

2. determine the features namely CDR, cup depth and
retinal thickness in Optical Coherence Tomography
(OCT) images.

3. classify the glaucoma automatically using the Back
Propagation Neural Network (BPNN) and the
Support Vector Machine (SVM).

4. determine the efficiency of detection, the methods
used had to be compared on the basis of classifica-
tion accuracy as apercentage.

Features such as the CDR and ISNT ratio obtained
from fundus images are used to detect glaucoma. In this
section different techniques for acquiring the above fea-
tures that are available in the literature are discussed.

The features such as CDR, cup depth and retinal thick-
ness are used to detect the glaucoma using the OCT im-
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age. In this section, different techniques which are used
for segmentation of optic nerve head in OCT image that
are available in the literature are discussed.

Artemas Herzog et al.’ provided a hybrid edge-sup-
ported boundary detector that finds the contour separat-
ing the retina and optic nerve head (on one side) from
the vitreous humor on the other. They then partitioned
this boundary using a model-based technique to identify
the optic cup. The lower retinal-choroid boundaries are
extracted using a Markov model. Boyer et al.* present-
ed their results on optic nerve head segmentation and
geometric characterization through OCT data. They de-
veloped a complete, autonomous algorithm based on a
parabolic model of cup geometry and an extension of the
Markov model introduced to segment the retinal-nerve
head surface to identify the choroid-nerve head boundary.

An overview of the detection of glaucoma using fun-
dus and OCT images carried out by previous researchers
has been presented. A literature review allows the follow-
ing inferences:

1. The level set based algorithm generally needs human
interaction. The detection of incorrect boundaries by
the conventional level set method is avoided by contin-
uously reinitializing the level set function throughout
the evaluation process.

Variation level set method is introduced to eliminate
the re-initialization procedure.

The energy minimization based variation level set
method does not consider the edge and region based
information. Hence the segmentation of optic cup is
very difficult.

Due to large intensity variations in the cup region,
thresholding techniques are not adequate.
Segmentation of OD and OC using mathematical mor-
phological techniques greatly depend on the shape and
size of the selected structuring elements.

Active contour modelling takes more convergence
time and snakes capture limited range of initializa-
tion around the region of interest. The active contour
model takes more convergence time and snakes cap-
ture limited range of initialization around the region
of interest Ganeshbabu et al.>.

CDR determination is difficult for diabetic patients
with glaucoma because the cup and disc boundaries
are merged.Siddalingaswamy et al.®.

Exudates are formed in diabetic patients. Since the
pixel intensity of the exudates and optic disc are simi-
lar, detection of the optic disc is difficult.

In order to strengthen the glaucoma examination for
mass screening, the fundus image features such as CDR,
ISNT ratio for both neuro retinal rim and blood vessels
and the OCT image features such as CDR, cup depth,
retinal thickness are combined in the proposed method.

Liu et al.” presented a variation level set method to
automatically extract the optic disc. For the optic cup, two
methods making use of color intensity and threshold level
set are evaluated. Zhang et al.® presented segmentation
and boundary detection. A fused approach is proposed
based on multimodalities including level set segmenta-
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tion, convex hull and ellipse fitting boundary smoothing.
Wong et al.’ discuss ARGALI, an automated system for
glaucoma detection which, employs level set methods for
segmenting the optic cup and disc from retinal images,
combined using a fusion network, to determine the cup to
disc ratio (CDR). The system uses SVM as an alternative
fusion strategy in ARGALI, and evaluates its performance
against the component methods and neural network (NN)
fusion in the CDR calculation. Nayak et al.' describe a
novel method for glaucoma detection using digital fun-
dus images. Digital image processing techniques, such as
preprocessing, morphological operations and threshold-
ing, are widely used for the automatic detection of optic
disc, blood vessels and computation of features. Features
such as CDR, shift of the optic nerve head and ISNT are
extracted. These features are validated by classifying the
normal and glaucoma images using neural network clas-
sifier. Joshi et al.!' used a method for optic disc and cup
segmentation from monocular color retinal images for
glaucoma assessment. Here Active contour model was
used for robust OD segmentation. Cup segmentation is
done using r-bends information. Finally, the cup bound-
ary is obtained using local spline interpolation on the
detected r-bends. Mishra et al.'? explain the active contour
method to be used to determine the CDR from the color
fundus images to investigate thepathological process of
glaucoma. Ho et al."” developed an automatic detection
system which hastwo major phases: the first phase per-
forms series modules of digital fundus retinal image analy-
sis including vessel detection, cup to disc ratio calculation,
and neuro-retinal rim for ISNT rule. The second phase
determines the abnormal status of retinal blood vessels
from a different aspect.

METHODS AND MATERIALS

Detection of glaucoma using retinal fundus images

The cup to disc (CDR) ratio is an important indicator
of the risk of the presence of glaucoma in an individual.
In this study, two methods to calculate the CDR from
fundus images are presented.

Segmentation of optic disc and optic cup

In order to compute CDR, the diameter of optic cup
and optic disc should be calculated. In this method,
K-means clustering technique is used to extract the optic
disc in an automatic manner' the k value is automati-
cally selected by Hill climbing algorithm. For the cup, a
method by making use of Fuzzy C-Mean (FCM) cluster-
ing is evaluated. The method is as follows:

The Green plane (G) from the RGB fundus image is
separated and it is considered for the analysis because G
plane provides better contrast than the other two planes®.
Then the maximum brightest point within the optic disc
in the G plane is determined. An approximate region of
a size of 360x360 pixels is selected around this identified
brightest point. This region is segmented using K-mean
clustering algorithm initially. The segmentation accuracy
of optic disc mainly depends on the number of clusters
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(K value) used in the K means clustering algorithm. Due
to intensity variations in the optic cup, optic disc, blood
vessels and background, the number of clusters cannot
be predicted. Hence, Hill-climbing algorithm'® is used to
determine the optimal number of clusters by identifying
peaks in the 3D colour histogram of Lab colour channel.
After obtaining the contours, an elliptical fitting!. Table
1 step is introduced to smooth the obtained optic disc
boundary.

Compared to the extraction of the optic disc, optic cup
segmentation provides an even greater challenge. The op-
tic cup region is masked in many places by the blood ves-
sels emerging through the optic disc. Hence to correctly
identify the region of optic cup, the blood vessels have to
be removed from this region. To blur the blood vessels,
wavelet transform and morphological closing operation
are used and K-means clustering is performed by assigning
k equal to 3 to detect optic cup. This result includes not
only optic cup but also some small extra regions and this
affects the CDR value. Therefore the FCM clustering is
applied to the image to overcome the above drawback'®.
The optic cup boundary is smoothed by elliptical fitting
and also by the morphological technique. The CDR rang-
es and mean error of the proposed method are shown. In
the proposed system, 50 normal and 50 glaucoma images
are used with specified CDR values. For these images,
the gold standard values of CDR specified by the oph-
thalmologist are available. This CDR range for a normal
image lies between 0.15~0.35 and for glaucoma images,
it lies between 0.4~0.9. The mean error is calculated by
comparing CDR values obtained by the proposed system
with gold standard values.

The optic cup region obtained from FCM does not
show the complete contour' and hence error is seen in
the cup-to-disc ratio. To increase the accuracy, another
algorithm for segmentation of optic disc and optic cup
in fundus image is developed.

Glaucoma detection using Spatially Weighted Fuzzy C
Mean Clustering

In this method, the optic disc and optic cup are
segmented using Spatially Weighted Fuzzy C Mean

Clustering Algorithm (SWFCM). The standard FCM
does not consider the spatial information of pixels and
in turn, the segmentation result is affected. One impor-
tant characteristic of an image is that neighboring pixels
are highly correlated which is considered in the SWFCM
method. Hence for cup and disc segmentation, SWFCM
is applied?®, Anapproximate region of interest of size
360x360 pixels is selected around the brightest point in
the green (G) plane of the fundus image. The ROI im-
age contains not only the optic disc and cup region but
also the blood vessels. Hence the blood vessels must be
removed in order to obtain better segmentation of optic
disc and cup region. To blur the blood vessels, wavelet
transform and morphological closing operation are used.

SWFCM is applied to the images in which blood ves-
sels are already blurred. The result of SWFCM will have
clusters corresponding to optic cup, disc and back ground.
After extracting the optic disc and cup from the clusters,
elliptical fitting is applied for disc region as the shape of
the disc is round or vertically slightly oval disc. For optic
cup, elliptical and morphological techniques are applied
independently to smooth the boundary. Table 2 shows
the CDR ranges and mean error of the proposed method
using fundus images. The algorithm is applied to the same
image set used for the FCM and K means methods.

Fig. 1 (a) and 1 (b) show the segmented and ellipti-
cally fitted optic cup and disc for normal and glaucoma
conditions respectively. Fig. 2 (a) and 2 (b) show the
segmented and elliptically fitted optic disc and actual con-
tour of optic cup for the same conditions.

From Tables 1 and 2, it is observed that the SWFCM
mean error is smaller than K-Mean & FCM clusteringout-
put.The other main advantage of the SWFCM method
is that both optic disc and optic cup are segmented in
one stage from the results of SWFCM (ref.?!). Hence, for
further analysis with CDR, both optic cup and disc are
segmented applying SWFCM algorithm.

ISNT Analysis

According to the literature, the CDR range for normal
images is from 0.1 to 0.3 (ref.??). But for the normal im-
ages processed, many images have CDR values more than

Table 1. CDR ranges and mean error of the proposed method.

Smoothening Segmentation CDR Ranges
Technique Technique Normal Abnormal Mean error (%)
Elliptical method K-means 0.13~0.37 0.403~0.891 4.5

FCM 0.13~0.359 0.402~0.881 3.83
Morphological Method  K-means 0.12~0.329 0.401~0.886 4.1

FCM 0.122~0.361 0.403~0.866 3.52

Table 2. CDR ranges and mean error of the proposed SWFCM method.

Smoothening Segmentation CDR Ranges

Technique Technique Normal Abnormal Mean error (%)
Elliptical method SWFCM 0.291~0.348 0.587~0.541 3.06
Morphological Method SWFCM 0.274~0.328 0.513~0.599 1.67
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0.33. As the feature CDR overlaps for normal and glau-
coma images, another feature ISNT is analyzed for glau-
coma detection. Most blood vessels are concentrated in
the superior and the inferior regions of the optic disc for
normal conditions. A shift in the optic nerve head causes
a slight increase in the area covered by the blood vessels in
the nasal and temporal regions and decreases the area cov-
ered in superior and inferior regions. Therefore by taking
the ratio of the sum of blood vessels area in the inferior
and superior regions to sum of area of blood vessels in the
nasal and temporal regions will show a difference between
normal and glaucoma images.

From the fundus image, the blood vessels are seg-
mented using the local entropy thresholding method. The
detection of blood vessels for ISNT analysis is developed
in the following steps:

1. The blood vessels are enhanced with the help of
matched filter because blood vessels have low con-
trast. The image thus obtained is called matched filter
response.

2. An entropy based thresholding scheme? is used to
differentiate the blood vessels and background in the
matched filter response image. The spatial distribution
of gray levels is considered because image pixel inten-
sities are not independent of each other. It can well
preserve the spatial structures in the binarizedimage.

3. There are still some misclassified pixels in the image.
In order to produce a clean and complete vascular tree
structure, the misclassified pixels are removed using
length filtering. The length filtering tries to isolate the
individual objects using the eight-connected neighbor-
hood.

From the blood vessels detected image, a mask image
is used to measure the area of the blood vessels in the
ISNT quadrant. The mask is rotated by 90° each time
and is used to obtain the area covered by blood vessels
in each quadrant and ISNT values are calculated for the
same image set. Fig. 3 (a), (b), (¢), and (d) show the
blood vessels in each quadrant of the abnormal image
after applying corresponding masks. The result shows that
ISNT ratio values for the set of normal images range from
0.688 to 2.912 and for glaucoma images, it ranges from
0.4321 to 1.0621.

The neuro retinal rim configuration becomes available
for the diagnosis of glaucoma according to the ISNT rule’.
The neural retinal rim is calculated by subtracting the
area of the optic cup from the area of the optic disc. For
a normal optic disc, the neural rim follows the property
of decreasing thickness in an order of inferior, superior,
nasal and temporal rims. Glaucoma frequently damages
superior and inferior optic nerve fibers before temporal
and nasal fibers, and it leads to a decrease in the superior
and inferior rims and changes the order of ISNT relation-
ship. Fig. 4(a), (b), (¢) and (d) show the abnormal neuro
retinal rim area in the four quadrants after the application
of corresponding masks.

The result computed on the same set of images shows
that ISNT values of neuro retinal rim for the set of normal
images ranges from 1.2009 to 2.786 and for abnormal
images, it ranges from 0.8868 to 1.2106.
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CDR = 0.312

CDR =0.563

(a)Normal (b) Glaucoma

Fig. 1. CDR computations with elliptical fitting for optic cup
and optic disc (SWFCM method).

COR 0.2624

COR 05535

(b) Glaucoma

(a)Normal

Fig. 2. CDR computations with elliptical optic disc and actual
segmented contour for optic cup (SWFCM method).

DETECTION OF GLAUCOMA BY CLASSIFIER

Ophthalmologists are now using the CDR value from
fundus image for glaucoma diagnosis. But there is an
overlap of CDR values between normal and glaucoma
condition, Hence to strengthen the diagnosis, in this work,
two other parameters namely ISNT (rim) and ISNT ratio
for blood vessels are computed by algorithms developed
here. However,all these features have overlapping values
between normal and glaucoma conditions. Hence it is
inferred that one feature alone will not help in the diag-
nosis and as the next part of the work, all these features
are collectively used Since normal and the specific values
for glaucoma condition overlap, simple thresholding tech-
nique cannot be applied for the detection of glaucoma.
Hence back propagation neural network is used for clas-
sification. In this study one hundred and fifty fundus im-
ages were used in which 50 were from normal and 100
were from glaucoma patients. Of the 50 normal images,
35 images were used for training the network and the re-
maining 15 were used for testing the network. In glaucoma
conditions 50 images were used for testing and training
the network.

Back Propagation Neural Network

The network design involves developing a three layered
feed forward neural network which includes N neurons in
the input layer where N is the number of inputs, (2N+1)
neurons in the hidden layer* and N, neurons in the output
layer. In this study, the number of inputs was 3, namely
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CDR, ISNT for neuro retinal rim and ISNT for blood ves-
sels. The number of nodes in the hidden layer was chosen
as 7 and output layer had a 1 node. The proposed features
CDR, ISNT ratio for neuro retinal rim area and ISNT
ratio for blood vessels were calculated for all the training
images and stored in an array. This array is called as the
Feature base. During the training process, the difference
between the output vector and the target vector is calcu-
lated and the weights are updated based on the difference
value. In the proposed BPN, log sigmoid activation func-
tion is used .The log sigmoid activation function is given
by Equation (1) (ref.®).
. 1
logsign) =~ (1)

Mean square error was set to 0.001, the results of the
classifierwas 89.33%.

The classification accuracy is inferred to be less and
improvement is needed to have better classification. For
this reason, SVM which is assumed to be a better classi-
fier has been adopted.

Support Vector Machine

The support vector classification approach is a rela-
tively recent development in statistical pattern recogni-
tion. In this approach, optimal classification is achieved
by maximizing the width of the empty area between two
classes. The margin width is defined as the distance be-
tween the discrimination hyper surface in n-dimensional
feature space and the closest training patterns: these are
called support vectors?. The support vectors thus specify
the discrimination function. Clearly, the ability to iden-

tify the optimal discriminating hyper surface between two
classes in a situation when many such separating hyper
surfaces exists is a major strength of this approach and
assist in dealing with the problem of over fitting during
training. The original support vector classifier was de-
veloped for linear separation of two classes. This early
limitation was later overcome by allowing non-linearly
separable classes, non-separable classes, combining mul-
tiple 2-class classifiers to yield multiclass classification,
and other extensions. In this study, linear kernel was used
to map the training data into the kernel space. Quadratic
programming was used in this study to find the separat-
ing hyper plane. The result of the classifier is 04.66%.
Other parameters namely Sensitivity, Specificity, Positive
Predictive Value and Accuracy defining the efficiency of
the classifier are also computed here.

Sensitivity refers to the percentage of abnormal fun-
dus image classified as abnormal, Specificity refers to
the percentage of normal fundus image classified as nor-
mal, Positive predictive value refers to how best it can
detect the normal and accuracy refers to the ability of
the classifier to classify correctly. Sensitivity, Specificity,
Positive Predictive value and Accuracy are calculated by
the Equations 2, 3, 4 and 5 respectively. Table 3shows the
analysis of the classification results.

Sensitivity =
TP+ FN

”3]*100% )

Specificity = ( J*IOO% (3)

TP+ FP

(a) Inferior side (b) Superior side

Fig. 3. Segmented blood vessels for ab normal fundus images.

Qau”’

(a) Inferior side

(b) Superior side

Fig. 4. Segmented abnormal neural retinal RIM areas.
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(c¢) Nasal side (d) Temporal side
(¢) Nasal side (d) Temporal side
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Table 3. Analysis of classification results (Fundus image features).

Classifier TN TP FP FN Sensitivity Specificity Positive Predictive value Accuracy
BPN 13 46 2 4 92% 86.66% 95.58% 90.7%
SVM 14 48 1 2 96% 93.33% 97.95% 95.38%

Positive Predictive Value = i *100% (4)
TP+ FP
Accuracy = TP+ TN *100% (%)
TP+TN + FP+ FN

TN - Normal as Normal; TP - Disease as Disease;
FP - Normal as Disease; FN - Disease as Normal

From the Table 3, it is observed that SVM classifier
gives better sensitivity and accuracy than BPN.

AUTOMATIC DETECTION OF GLAUCOMA
USING OCT IMAGES BASED ON FEATURES
OF OPTIC NERVE HEAD

Determination of CDR

In this study, two methods to calculate the CDR from
OCT images are presented. In the first method, a mor-
phological technique that extracts both the Retinal Vitreal
(RV) boundary and the Retinal Choroid (RC) boundary
is investigated?’. These two boundaries are used to de-
termine the lateral extent of the optic disc and cup. The
success rate of the developed algorithm was only 78%
because in some images, the algorithm failed to detect the
RC boundary. To increase the accuracy, another algorithm

based on wavelet transform was developed.The retinal
vitereal boundary is extracted using wavelet transform?®
and region of retinal choroidboundary is extracted using
multilevel thresholding®. Bezier curve fitting*° applied to
smooth both RV and RC boundaries. By using RV and
RC boundaries, CDR was calculated®. The OCT image
of a normal subject is shown in Fig. 5 and the OCT image
of glaucoma is shown in Fig. 6. The result shows that the
CDR value for a set of normal images range from 0.144
to 0.308 and abnormal images range from 0.402 to 0.89.

CUP Depth Determination

Apart from CDR, the depth of cupping also shows the
condition of glaucoma. For some patients, the disc size
will be smaller and hence the CDR will show a higher
value which gives a false alarm. To avoid this, cup depth
is also considered as another feature. By using the RV
boundary, cup depth has been calculated because it in-
creases for glaucoma condition. The OCT image of a
normal subject is shown in Fig. 7. The OCT image of
a subject affected by glaucoma is shown in Fig. 8. It is
observed from the experimental results that cup depth
in normal images lies between 740 to 1120 um and for
abnormal image, it lies between 1190 to 2120 um.

Determination of Retinal Thickness
Due to deeper cupping, the retinal thickness reduces
in the cup region and this feature is also an indicator of

Fig. 6. OCT image of a subject affected by glaucoma (CDR
=0.76659).

Fig. 7. OCT Normal image.

Fig. 8. OCT abnormal image.
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Fig. 9. Retinal area normal image.

glaucoma. Retinal thickness can be calculated from multi
threshold binary image obtained from the previous phase.
Fig. 9 for retinal area normal binary image and in Fig. 10
for retinal area glaucoma binary image condition. Retinal
thickness is determined by calculating the number of true
pixels in the second and third quadrant of the retinal area
in Fig. 9 and 10. In order to determine the average retinal
thickness in micron, the total number of true pixels in the
regions marked as II and III multiplied with the resolution
factor of the corresponding OCT camera. The resolution
factor of OCT camera is 10 micron/pixel which are used
to capture the OCT images used in this work. Then the
thickness measurement is given by Equation (6).

Retinal Thickness in microns =

resolution factor * number of pixel sin each column

Fig. 10. Retinal area glaucoma image.

(6)

Number of column

The result shows that retinal thickness value for the
set of normal images ranges from 501.216 to 831.192 um
and abnormal images ranges from 131.616 to 691.213 um.

Detection of Glaucoma by Classifier

In this work one hundred and fifty OCT images are
used in which 50 are from normal and 100 are from glau-
coma patients. Out of the 50 normal imagesit, 35 images
are used for training the network and the remaining 15
are used for testing the network. In glaucoma images 50
images are used for training and the remaining 50 images
are used for testing. The parameters described in section
3.3 are used for the classifier settings for BPN and SVM
classifiers. The result of the BPN Classifier is 89.33%.
The classifier accuracy is inferred to be less, and in order
to improve it, SVM classifier is used The result of the
classifier is 93.66%. Other parameters such as Sensitivity,
Specificity, Positive Predictive Value and Accuracy defin-
ing the efficiency of the classifier are also computed here.
Table 4 shows the analysis of classification results.

From the Table 4, it is observed that SVM classifier
achieves better classification accuracy than BPN.

RESULTS AND DISCUSSION

The accuracy of classification using the features of the
fundus image is 95.38% and for features of the OCT im-
age, it is 93.83%. Further, details about the blood vessels
are not available from OCT images while details about
the retinal thickness and the level of cupping in the form
of cup depth are not found in the fundus images but all
these features are also important indications of glaucoma.
Hence to increase the efficiency of the classification and
the diagnosis of glaucoma, the features from fundus and
OCT images are combined and fed into the classifiers.
Glaucoma is detected by getting three features from fun-
dus images namely CDR, ISNT for neuro retinal rim and
ISNT for blood vessels. In the fundus images method, due
to the merging of cup and disc region, CDR and ISNT

Table 4. Analysis of classification results (OCT image features).

Classifier TN TP FP FN Sensitivity Specificity Positive Predictive value Accuracy
BPN 12 46 3 4 92% 80% 93.87% 89.29%
SVM 14 47 3 94% 93.33% 97.91% 93.83%
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features are not detectable for diabetic patients. Hence,
for detection of glaucoma, the OCT method is chosen.
Through the OCT method, in addition to CDR, cup depth
and retinal thickness values are calculated for detection
of glaucoma. Hence, the features from both fundus image
and OCT are considered for glaucoma detection irrespec-
tive of the condition of the subject.

SELECTION OF DOMINANT FEATURES

The computed CDR values from the fundus and OCT
images are similar. The mean error of the CDR in fundus
image is 1.67% and for the OCT image, it is 2.75% respec-
tively. Hence, CDR feature from fundus image is taken
as the dominant feature for the classifier. The remaining
features such as ISNT ratio for neuro-retinal rim, ISNT
ratio for blood vessels along with the two features of OCT
method namely cup depth and retinal thickness are ap-
plied to the classifier.

DETECTION OF GLAUCOMA BY CLASSIFIER

In this study one hundred and fifty Fundus and OCT
images were used in which 50 were from normal and 100
from glaucoma patients. Out of the 50 normal images, 35
imageswere used for training the network and the remain-
ing 15, were used for testing the network In glaucoma
images, 50 images were used for training the network and
the remaining 50 images were used for testing the net-
work. The result of the BPN Classifier was 89.33%. The
classifier accuracy is inferred to be less, and in order to
improve this, the SVM classifier wasused The result of
the classifier was 93.66%. Features, such as CDR, ISNT
ratio for neuro retinal rim,ISNT ratio for blood vessels,
cup depth and average retinal thickness were computed
for both sets of samples using the proposed algorithm.
The parameters described in section 3.3 were used for the
classifier settings for BPN and SVM classifiers. Other pa-
rameters such as sensitivity, specificity, positive predictive
value and accuracy defining the efficiency of the classifier

were also computed here. Table 5 shows the analysis of
the classification results.

Table 6 shows the analysis of results of the classifiers
with features from fundus images alone, from OCT alone
and when the features from both modalities are given col-
lectively to BPN and SVM.

By combining the features, the sensitivity of the SVM
classifier is increased to 98% showing the efficiency of
the proposed approach to detect glaucoma. Also, the ac-
curacy of the BPN classifier was 90.76% and of the SVM
classifier, 96.92%. This shows that the combination of
features from both fundus and OCT images increases the
accuracy of the classifier.

CONCLUSION

An automated method for the detection of glaucoma
in retinal fundus images and OCT images was investi-
gated. Such computerized systems would be very useful
for diagnosing glaucoma in the process of mass screening
for glaucoma. In this study, new approaches to extracting
features from the fundus and OCT images were proposed
and used for classification. In fundus image, segmenta-
tion of optic disc is done by K-means clustering and the
K value is automatically computed by a hill climbing al-
gorithm. The optic cup is segmented by three methods
namely K-means clustering, fuzzy C-means clustering, and
spatially weighted fuzzy C-means clustering. In this way,
the CDR is calculated from the developed algorithm.
From the results, it was inferred that the SWFCM method
of segmentation of cup and disc gives less error compared
to gold standard values. Blood vessels are segmented by
entropy level thresholding. Based on the segmented blood
vessels and neuro retinal rim, the corresponding ISNT
ratios are calculated. The CDR, ISNT ratio features for
diabetic patients are not detected through the fundus im-
age method since cup and disc region merges. Hence,
CDR calculation is very difficult using fundus images.
To overcome this, OCT images are considered for the
detection of glaucoma.

The RV boundary and RC boundary are segmented

Table 5. Analysis of classification results (Combined features).

Classifier TN TP FP FN Sensitivity Specificity Positive Predictive value Accuracy
BPN 12 47 3 3 94% 80% 94% 90.76%
SVM 14 49 1 1 98% 93.33% 97.91% 96.92%
Table 6. Analysis of results.
Classifier Features from Sensitivity Specificity Positive Predictive Accuracy
Value
BPN Fundus image 92 % 86.66 % 95.58 % 90.7 %
OCT 92 % 80 % 93.87 % 89.27 %
Combined 94 % 80 % 94 % 90.76 %
SVM Fundus image 96 % 93.33 % 97.95 % 95.38 %
OCT 94 % 93.33 % 97.91 % 93.83 %
Combined 98 % 93.33 % 97.91 % 96.92 %
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in the OCT images by morphological technique. From
these boundaries, the CDR value is determined. The suc-
cess rate of this technique is 78%. In order to increase
the accuracy, wavelet transform algorithm is used for the
RV boundary and multi-level thresholding algorithm for
the RC boundary segmentation. Cup depth and retinal
thickness, are also calculated from the OCT image. The
SVM classifier applied for these featuresgives maximum
accuracy of 93.83%. These CDR, ISNT ratios from fun-
dus image cup depth and retinal thickness features from
OCT image are collectively given as input to the classi-
fier. Diagnosic accuracy is improved in SVM to a value
of 96.69% by this form of procedure.

To increase the accuracy further, more work can be
done on the following to enhance the accuracy in detec-
tion of glaucoma.

1. Higher resolution of fundus image may be used for
future work to increase the level of accuracy.

2. RNFL defect and thickness may be used for future
work to predict glaucoma.
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