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Glaucoma is one of the most common causes of blindness. The number of people having severe vision loss in 
Robust mass screening may help to extend the symptom
effective glaucoma detection method which integrates well with digital medical image processing. To addres
proposed novel low cost automated glaucoma diagnosis system based on hybrid feature extraction from digital fundus images. Th
paper discusses a system for the automated identification of normal and glaucoma classes using Higher 
Transform (TT), and Discrete Wavelet Transform (DWT) features. This proposed extracted feature are fed to an Expectation 
Maximization (EM) classifier which produce 98.91% accuracy, 98% sensitivity and 100%specificity.This was abl
glaucoma and normal images. Furthermore, we propose a novel integrated index called Glaucoma Risk Index (GRI) which is 
composed from HOS, TT, and DWT features, to diagnose the unknown class using a single feature. Hence this GRI will aid clin
to make a faster glaucoma diagnosis during the mass screening of normal/glaucoma images.
Keywords: Glaucoma; retina imaging, computer aided diagnosis, higher order spectra,
vector machine. 
 

INTRODUCTION 

The main focus is to attempt to achieve such a small cost 
reduction by proposing a glaucoma diagnosis system based on 
hybrid feature extraction from digital fundus images. The cost 
reduction comes from the fact that digital fundus images are 
less expensive as compared to HRT and feature extraction is 
done with inexpensive general purpose computing machines. 
Furthermore, both processes (image taking and feature ex
traction) occur in the digital domain, therefore the proposed 
glaucoma diagnosis system can be easily incorporated i
existing medical and administrative work. These advantages 
do not constrain the reliability of the diagnosis support system. 
To be specific, it is shown that the proposed system is able to 
differentiate fundus images from glaucoma patients from those 
of a normal control group with an accuracy of 98%. 
Furthermore, in the proposed novel integrated index, called 
the Glaucoma Risk Index (GRI), which is made up of higher 
order spectra (HOS), trace transform (TT), and discrete 
wavelet transform (DWT) features, to diagnose the unknown 
class using a single feature. 
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ABSTRACT 

Glaucoma is one of the most common causes of blindness. The number of people having severe vision loss in 
Robust mass screening may help to extend the symptom-free life for affected patients. To realize mass screening requires a cost
effective glaucoma detection method which integrates well with digital medical image processing. To addres
proposed novel low cost automated glaucoma diagnosis system based on hybrid feature extraction from digital fundus images. Th
paper discusses a system for the automated identification of normal and glaucoma classes using Higher 
Transform (TT), and Discrete Wavelet Transform (DWT) features. This proposed extracted feature are fed to an Expectation 
Maximization (EM) classifier which produce 98.91% accuracy, 98% sensitivity and 100%specificity.This was abl
glaucoma and normal images. Furthermore, we propose a novel integrated index called Glaucoma Risk Index (GRI) which is 
composed from HOS, TT, and DWT features, to diagnose the unknown class using a single feature. Hence this GRI will aid clin
to make a faster glaucoma diagnosis during the mass screening of normal/glaucoma images. 
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LITRATURE SURVEY: 

Glaucoma is one of the most common causes of blindness. 
The disease has a mean prevalence of 2.4% for all ages and 
4.7% for those aged 75 and above. It is estimated that more 
than 4 million Americans suffer from glaucoma, and half of 
them are unaware that they have the disease. Approximately 
120,000 Americans are blind as a result of glaucoma, 
consequently making it responsible for 9_12% of all cases of 
blindness in the United States.  Much of this 
preventable, because preventive medicine and s
treatment, such as mean trabeculectomy, laser surgery, 
drainage implants, are available. Unfortunately, glaucoma 
symptoms are painless and the brain compensates gradual 
vision im-pairment to a considerable extent. Therefore, early 
diagnosis is important to stop or slow down disease 
progression. However, due to the high mean prevalence of 
glaucoma, a significant reduction of end stage glaucoma and 
blindness requires mass screening. 3 Glaucoma leads to (1) 
structural changes of the optic nerve head (O
nerve fibre layer and (2) simultaneous functional failure of the 
visual field. The disease is diagnosed based on intraocular 
pressure (IOP), visual field loss tests, 4, 5 and the manual 
assessment of the ONH via ophthalmoscopy 3 or stereo fundu

 

December 2015          1 

Unique Journal of Engineering and Advanced Sciences  

ISSN 2348-375X 

APPROACH TO DIAGNOSE GLAUCOMA BASED ON HYBRID 

Glaucoma is one of the most common causes of blindness. The number of people having severe vision loss in developing countries. 
free life for affected patients. To realize mass screening requires a cost-

effective glaucoma detection method which integrates well with digital medical image processing. To address these requirements, the 
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The disease has a mean prevalence of 2.4% for all ages and 
4.7% for those aged 75 and above. It is estimated that more 
than 4 million Americans suffer from glaucoma, and half of 

they have the disease. Approximately 
120,000 Americans are blind as a result of glaucoma, 
consequently making it responsible for 9_12% of all cases of 
blindness in the United States.  Much of this suffering is 
preventable, because preventive medicine and surgical 
treatment, such as mean trabeculectomy, laser surgery, 
drainage implants, are available. Unfortunately, glaucoma 
symptoms are painless and the brain compensates gradual 
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progression. However, due to the high mean prevalence of 
glaucoma, a significant reduction of end stage glaucoma and 
blindness requires mass screening. 3 Glaucoma leads to (1) 
structural changes of the optic nerve head (ONH) and the 
nerve fibre layer and (2) simultaneous functional failure of the 
visual field. The disease is diagnosed based on intraocular 
pressure (IOP), visual field loss tests, 4, 5 and the manual 
assessment of the ONH via ophthalmoscopy 3 or stereo fundus 
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imaging.6 Various algorithms have been used to identify 
typical features such as abnormality of blood vessels 7 and 
ONH, 8, 9 location and quantitation of micro aneurisms or 
druse. [10-26] State-of-the-art glaucoma diagnosis is based on 
Heidelberg retinal tomography (HRT) images. Swindale et al. 
and Adler et al. have modeled a smooth two-dimensional (2D) 
surface that ¯t to the ONH of topography images.  Damage in 
the glaucomatous eye was detected using optic disk measures 
(cup and disk area, height variation using HRT images).  This 
global shape approach was compared with a sector
analysis by Iester et al.  Zangwill et al. have automatically 
diagnosed glaucoma using optic disk parameters, additional 
parapapillary parameters, and the support vector ma
(EM) classifier. Most of these shape approaches assume a 
valid segmentation of the optic disk. However, a small error in 
these segmentation-based techniques may result in significant 
changes in the measurements and errors in the diagnosis. 
Furthermore, HRT imaging is an expensive measurement, 
because both manpower and equipment cost are high. 
Currently, state-of-the-art glaucoma detection requires mass 
screening. Hence, the number of measurements is potentially 
very high and a small cost reduction per measurement will 
make a large different. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
                        Figure 1: describes the entire flow of our paper   

                                                                                                                             

 
The ethics committee, consisting of senior doctors, approved 
the images for this research. All images were taken with a 
resolution of 560 720 pixels and stored in the unco
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MATERIALS AND METHODS

The following figure  shows a block diagram of the proposed 
system. During the preprocessing stage, colored images are 
converted to grayscale images and the image contrast is 
increased with histogram equalization. The Radon 
transformation converts 2D images into one
signals. After these preprocessing steps, important features, 
namely, phase entropy, spectrum entropy using HOS, triple 
feature using TT, and average energy of wave
are extracted from the image.     The statistical significance of 
these features is evaluated with the independent sample t
To evaluate the discriminative powers of these features in a 
practical setting, they were fed to an EM classi
automated diagnosis support. 
BLOCK DIAGRAM: 
The digital retinal images were collected from the Kasturba 
Medical College, Manipal, India. We have used 60 fundus 
images _ 30 normal and 30 open-
male and female participants who were between 20 and 70 
years old. The doctors in the hospital's Ophthalmology 
Department certified both.The following Fig 1 describes the 
entire flow of our paper. 

Figure 1: describes the entire flow of our paper                        

                                                                                                                                       Figure 2: Representative images: Column-(a

The ethics committee, consisting of senior doctors, approved 
the images for this research. All images were taken with a 
resolution of 560 720 pixels and stored in the uncompressed 

bitmap format. Figure 2 shows representative normal and 
glaucoma sample images to highlight texture variations 
between the two groups.       
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PREPROCESSING 

Preprocessing involves two major steps: (1) histogram 
equalization and (2) Radon transformation. 
HISTOGRAM EQUALIZATION 

Enhancing the fundus image contrast will aid the feature 
extraction process. In this work, colored (RGB) eye images 
are converted to grayscale images by forming a weighted sum 
of the R, G, and B components[20-26]. 
The following fig3 illustrates the Preprocessing stages 
Fig. 3. (a) Standard reference image for histogram 
equalization, (b) grayscale image of (a), (c) histogram of 
image (b), (d) original glaucoma image, (e) grayscale image of 
(d), (f) histogram of image (e),(g) histogram equalized image 
of (e), and (h) histogram of image (g). 

RADON TRANSFORM  

The Radon transform is widely used in computed tomography 
to create an image from scattering data which is associated 
with cross-sectional scans of an object. It transforms 2D 
images with lines into a domain of possible line parameters, 
where each line in the image will give a peak that is positioned 
to reject the corresponding line parameters. Hence, lines in the 
original image are transformed into points in the Radon 
domain. The glaucoma image (Fig.  3(g)) is subjected to 
Radon transform with angles varying from 0_180 (with 5 
interval). Figure  4 shows the results of the Radon transform 
for 30 , 90 , and 150. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

HIGHER ORDER SPECTRA-BASED FEATURES 

HOS techniques were ¯rest applied to signal processing problems in 1970. 
 
 
 
 
 
 
 
 
 

Figure 4 (a): Radon transform image with angle 30   Figure 4 (b): Radon transform image with angle 90 

 
 
 
 
 
 
 
 
 
 

Figure 4 (c): Radon transform image with angle 150 
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Recent studies show that HOS can be used to diagnose 
epilepsy using electroencephalogrphy (EEG) signals and 
cardiac abnormalities using heart rate signals. 27, 28 HOS 
invariants have been used for shape recognition 29 and to 
identify different kinds of eye diseases. 4, 20 HOS is a 
nonlinear method which captures subtle changes in image 
pixels. The algorithm discussion starts with second order 
statistics which evaluate both mean value (m) and variance 
ð.They are denned by expectation operation as follows where 
\a" is the result of a random process. 
TRACE TRANSFORM (TT) 

TT is a generalized approach to the Radon transform, and 
consists of tracing an image with straight lines along certain 
functional of the so-called image function. The purpose of a 
functional is to characterize a function by a number. Different 
functional are used to represent rotation, translation, and 
scaling invariant features of an image. In many cases, these 
features correlate well with the visual textures.  
The TT can then be denned as a function g based on with the 
help of T , which is some functional of the image function 
with variable t. T is called the trace functional. In order to dine 
a triple feature, two more functional have been denned and 
they are designated by P and . 19 P is known as the 
diametrical functional, which is a functional of the TT 
function when it is considered as a function of the length of 
the normal to the line only. , called the circus functional, is a 
functional operating on the orientation variable, after the 
previous two operations (T and P) have been performed. Thus, 
the triple feature can be denned as 
DISCRETE WAVELET TRANSFORM ENERGY 

FEATURES 

Wavelets are mathematical functions that decompose data into 
different frequency components and subsequently study each 
component with a resolution which is matched to its scale. The 
Fourier transform decomposes a signal into a spectrum of 
frequencies, whereas the wavelet analysis decomposes a signal 
into a hierarchy of scales starting from the coarsest scale. 30 
This ability to represent an image at various resolutions makes 
the wavelet transform a better tool for extracting features from 
images than the Fourier transform.Multiresolution analysis can 
be done using continuous wavelet transforms (CWT) and 
DWT. In our work, we have used DWT for feature extraction, 
which is explained below. 
The DWT transform of a 2D signal x is evaluated by sending 
it through a sequence of down-sampling high and low-pass 
filters. 33 The low-pass filter isdenned by the transfer function 
L and the high-pass filter is denned by the transfer function H. 
The output of the high-pass filter D is known as the detailed 
coefficients. The following equation shows how these 
coefficients are obtained: 
The low-pass filter output is known as the approximation 
coefficients. These coefficients are found by using the 
following equation: 
The frequency resolution is further increased by cascading the 
two basic filter operations. To be specific, the output of the 
level low-pass filter is fed into the same low- and high-pass 
filter combination. The detailed coefficients are output at each 
level and they form the level coefficients. In general, each 

level halves the number of samples and doubles the frequency 
resolution. Consequently, in the final level, both detailed and 
approximation coefficients are obtained as level coefficients. 
The level 2D DWT yields four resultant matrices, namely 
Dh1, Dv1, Dd1, and A1, whose elements are intensity values. 
The following average and mean value equations were used to 
extract features from the resultant DWT matrices[11-20]. 
GLAUCOMA RISK INDEX 
We have formulated the GRI based on the significant features 
listed in Table  1. Our approach follows that of Acharya et al., 
who have proposed to combine features in such a way that the 
resulting number or index discriminates normal and disease 
classes. 24 It is difficult keep track of the individual feature 
variations. Therefore, we have empirically determined a single 
integrated index (also called GRI) that is a unique combination 
of the respective features that results in a unique range for 
both the classes. The utility of such indices is that they can be 
more comprehendible to the ophthalmologist than the 
classifiers which are most times black boxes that directly 
output the class label. Moreover, it is faster and easier to 
compute and keep track of these indices. When continuously 
monitored, the variations in the indices can throw light on how 
the normal become glaucoma over time. In our case, the GRI 
dis-criminates fundus images which show glaucoma 
symptoms from normal fundus images. 
EXPECTATION MAXIMIZATION 

The EM algorithm iteratively computes expectations (the E 
step) given a current model, using them as training data to 
maximize a model estimate (the M step). The reason it works 
is that the combination of an E and M step is guaranteed to 
reduce error, and because error is bounded at zero. Therefore, 
the algorithm must converge. EM works when there is no 
supervised training data at all. An initial classifier needs to be 
built randomly (perhaps using a good seeding method like k-
means++).Once the first model is initialized, EM 
deterministically hill climbs until it finds a set of parameters 
yielding a locally minimum error. Standard operating 
procedure is to provide a number of different random starting 
point and choose the best result. 
RESULTS 

In this study, we have used TT, HOS, and DWT, methods to 
extract 14 features from digital fundus images. The 
independent sample t-test was used to establish the statistical 
significance of these features.  All features, with the exception 
of P1, showed significantly greater values in images taken 
from glaucomatous participants when compared to the normal 
control set (Table  1, p < 0:01). The low p-values indicate that 
all features are extremely useful in differentiating normal 
images from retinal images with glaucomatous appearance. In 
the case of HOS-based features, spectral entropy based 
features which, were obtained from Radon transform angles ¼ 
0 ; 70 ; 75 ; 80 ; 85 ; 90 , and 180 , were found to be 
statistically signi¯cant. Among the TT features, 1 was found to 
statistically signi¯cant. Finally, the DWT features Ad, Av, and 
Ev, based on bior3.1, were found to be statistically significant. 
Accuracy (Acc), sensitivity (Sn), specificity (Sp), and positive 
predictive value (PPV) was calculated for all three trials to 
obtain the overall performance measures. Table  3 presents the 
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classification results obtained using significant HOS, TT, and 
DWT features from the retinal fundus images. The accuracy 
registered by EM with polynomial and linear kernel was 
91.67%.it is  presented a summary of the automated glaucoma 
detection studies which were mentioned in this paper. Many 
studies have been conducted to develop computer aided 
decision support systems for the early detection of glaucoma. 
An artificialneural network (ANN) model, using multifocal 
visual evoked potential (M-VEP) data, was able to detect 
glaucoma with a high sensitivity and specificity of 95% and 
94%, respectively.   

CONCLUSION 

In this work, we have presented a new automated glaucoma 
diagnosis system using a combination of HOS, TT, and DWT 
features extracted from digital fundus images. Our system, 
using an EM classifier (with polynomial kernel order 2), was 
able to detect glaucoma. 
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