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Abstract 

 Glaucoma is a disease which damages the optic nerve, the part of the eye which carries 

the images in the form of electrical impulses to the brain, and leads to loss of vision. The present 

work provides an image processing technique for prediction of glaucoma. Preprocessing is 

performed on the retinal OCT image by eliminating the blood vessels in the retinal image to 

equalize the irregularities present in the image. The OCT volume data were preprocessed in 

order to get the RNFL thickness in the peripapillary area of each subject. Two advanced texture 

analysis methods were utilized for feature extraction – Gaussian Markov random fields (GMRF) 

and local binary patterns (LBP). Both methods were chosen for the proposed methodology 

because of their robustness to noise and rotation- and illumination-invariant properties. Finally, a 

decision is made using Support Vector Machine (SVM) classifier. Results show that the GMRF 

and LBP for glaucoma diagnosis provide an accuracy of 99.5% with 100% sensitivity and 99% 

specificity at 3rd level GMRF features. 
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I. INTRODUCTION 
  

Sense is the most valuable gift given by 

the god. Any living species in the world 

must need a vital organ to experience the 

beauty of nature, the eye. People will always 

fear for dark but the people who are blind 

always live in the dark for their entire life. 

This work aims to avoid the artificial blind 

caused by the sneak thief disease called 

GLAUCOMA [1]. Glaucoma is the 

condition of the eye that causes damage to 

the optical nerve and become worse over the 

period of time. It has the tendency to not 

show up in entire life of the patient. When it 

gets severe, it affects the vision of the 

person.  

 

 The types of glaucoma are open 

angle glaucoma and closed angle glaucoma 

[2], open angle glaucoma develops gradually 

without any pain in the eye whereas, the 

closed angle glaucoma develops gradually 

or suddenly if closed angle glaucoma occurs 

suddenly, and it may causes severe eye pain, 

blur vision, mild dilated pupil and nausea. 

  

The automated detection of 

glaucoma disease using image processing 

technique has the following stages [3],           

 

 

 

 

 

 

Figure 1: General Steps for Automatic 

Detection of Glaucoma 

 

The first stage of detection of glaucoma is 

retinal image. These images are captured 

from the device which uses special types of 
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camera. The two types of retinal images [4] 

are used for this purpose one is Optical 

Coherent Tomography (OCT) and Fundus 

Image (FI). The next stage of detection is 

pre-processing [5]. Here from the given 

OCT image the region of interest (ROI), i.e., 

the portion which contains optical disc and 

optical cup of the eye. 

 

1.1 Types of Glaucoma 

There are two main types of glaucoma 

 

a) Open angle glaucoma: 

This is the most common type of 

glaucoma, also called wide-angle glaucoma. 

The structures of the eye appear normal, but 

fluid in the eye does not flow properly 

through the drain of the eye, called the 

trabecular meshwork. In this, there is no 

visible abnormality of the trabecular 

meshwork. In the front of the eye is a space 

called the anterior chamber. A clear fluid 

flows continuously in and out of the 

chamber and nourishes nearby tissues. The 

fluid leaves the chamber at the open angle 

where the cornea and iris meet. When the 

fluid reaches the angle, it flows through a 

spongy meshwork, like a drain, and leaves 

the eye [3]. In open-angle glaucoma, even 

though the drainage angle is "open", the 

fluid passes too slowly through the 

meshwork drain. Since the fluid builds up, 

the pressure inside the eye rises to a level 

that may damage the optic nerve. When the 

optic nerve is damaged from increased 

pressure, open-angle glaucoma and vision 

loss may result. 

 

b) Angle closure glaucoma: 

It occurs when the iris bulges 

forward to narrow or block the drainage 

angle formed by the cornea and iris. As a 

result, tluid can't circulate through the eye 

and pressure increases, if the channels inside 

the eye are not functioning properly. In this, 

the iris (coloured part of the eye) is pushed 

against the trabecular mesh network 

(drainage channels) within the angle of 

anterior of the eye, due to this pushing the 

channels are blocked and gives rise to 

increase in pressure [3]. Glaucoma largely 

occurs in adults over age of 40, but it can 

also happen in young adults, children, and 

even infants. Increased risk of glaucoma is 

there above 40 years of age, having family 

history of glaucoma, poor vision, diabetes 

and having trauma to the eyes. 

 

1.2 Symptoms of Glaucoma 

The foremost sign of glaucoma is 

often the loss of peripheral or side vision, 

which can go unnoticed until late in the 

disease. This is why glaucoma is often 

called the "sneak thief of vision" [4]. 

Occasionally, intraocular pressure can rise to 

severe levels. In these cases, sudden eye 

pain, headache, blurred vision, or the 

appearance of halos around lights may 

occur. 

• Seeing halos around lights. 

• Vision loss. 

• Redness in the eye. 

• Eye that looks hazy (particularly in 

infants). 

• Nausea or vomiting. 

• Pain in the eye. 

• Narrowing of vision (tunnel 

vision). 

 
1.5 Glaucoma Detection 

Diagnosis of glaucoma can be done 

automatically based upon a variety of 

clinical findings by different eye-care 

professionals. The important invention of 

the ophthalmoscope by von Helmholtz in 

1850 made it possible to diagnose 

glaucomatous changes in the fundus. 

However, evidences have shown that 

manual detection and prediction of 

glaucoma is very difficult and sensitive in 

nature and totally depends on expertise of 

professionals. From the last few decades 
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ginormous efforts has been done on 

automation of detection and prediction of 

glaucoma using different Machine Learning 

techniques. The detection of glaucoma can 

be identified by processing the retinal 

images under MATLAB Simulink. 

 

II. METHODOLOGY 
Preprocessing of OCT data  

The OCT volume data were 

preprocessed in order to get the RNFL 

thickness in the peripapillary area of each 

subject. The RNFL was segmented and the 

corresponding RNFL thickness map was 

created using the research software package 

OCTSEG (Optical Coherence Tomography 

Segmentation and Evaluation GUI) for the 

OCT data segmentation [12].  

 

Segmentation result of the RNFL in 

one B-scan and the complete reconstructed 

thickness map can be seen in Figure 1. The 

RNFL thickness usually varies from the 

thinnest (the blue colour) to the thickest (the 

red colour) structures as can be seen from 

Figure 1. 

 

Fundus-OCT image registration  

A landmark-based retinal image 

registration approach with manually selected 

landmarks and second-order polynomial 

transformation model [15] was applied for 

registration of OCT– SLO image data. This 

registration step was necessary to be able to 

compare outputs of the proposed 

methodology with the RNFL thickness at 

various positions on the retina.  

 

Texture analysis  

Two advanced texture analysis 

methods were utilized for feature extraction 

Gaussian Markov random fields (GMRF) 

and local binary patterns (LBP). Both 

methods were chosen for the proposed 

methodology because of their robustness to 

noise and rotation- and illumination-

invariant properties.  

 

Gaussian Markov random fields  

This dissertation introduces the 

GMRF as a model of the RNFL texture. A 

set of features is given by GMRF with non-

causal two-dimensional autoregressive 

model. The model assumes the image 

texture is represented by a set of zero mean 

observations: 

 

y(s),s ϵ Ω,Ω={s=(i,j):0 ≤ i, j ≤ M – 1},     (1) 

 

for a rectangular M × M image lattice Ω. 

The individual observation is then 

represented by the following difference 

equation [2] 

 

                y(s) =  ∑    ϕr y(s+r)+e(s),        (2) 

                          r ϵNs 

where, Ns is a neighborhood set centered at 

pixel s, ϕr is the model parameter of a 

particular neighbor r, and e(s) is a stationary 

Gaussian noise process with zero mean and 

unknown variance σ. A neighborhood 

structure depends directly on the order and 

type of the model. A fifth-order symmetric 

rotation-invariant neighborhood structure is 

assumed. 

These five parameters describe a 

relationship between the central pixel and its 

neighbors. Gaussian variance σ is the sixth 

parameter of the model. Finally, these six 

parameters represent features, which are 

used for description of the RNFL texture. 

The least square error (LSE) method is used 

for estimation of the model’s parameters 

according to the following equations [3]  

 

                                                                                              

                                                       (3) 

 

 

                                                       (4) 
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                                                                   (5) 

 

 

for an i-th-order neighborhood structure. 

 

Local binary patterns  

The LBP method is based on 

conversion of a local grey scale texture into 

the binary code. The local image area 

around the central pixel (xc, yc) can be 

characterized by the LBP code derived via 

the equation [6], [7]: 

 

                                                                   (6) 

 

 

Where, 

 

                                                                   (7) 

 

 

In Equation (6), gc corresponds to grey 

value of the central pixel (xc, yc) of a local 

neighborhood and gp(p=0,…,P–1) 

corresponds to grey values of P equally 

spaced pixels on a circle of radius R (R > 0) 

that form a circularly symmetric 

neighborhood structure. Only the signs of 

the differences s (gp-gc) are considered to 

achieve invariance with respect to any 

monotonic transformation of the image 

intensity (Eq.7). Equation (6) represents a 

basic rotation variant version of LBPP,R 

operator. Nevertheless, the proposed 

approach utilizes rotation-invariant and 

uniform version of the basic LBPP,R 

operator, i.e. which is the most common for 

many pattern recognition applications 

assuming so-called “uniform” patterns [18]. 

The “uniformity” of a pattern is formally 

defined via a uniformity measure U of a 

neighborhood GP. 

 

 

RNFL for Glaucoma Diagnosis 

The classification system for 

glaucoma diagnosis using OCT images 

mainly consists of two different phases; 

training phase and classification phase. The 

following sub-sections discusses the 

abovementioned two phases briefly. Figure 

2 shows the DSS for glaucoma diagnosis 

 

 
 

 
 

 
 

Figure 2 (a) OCT colour image (b) OCT 

gray image (c) OCT-ROI image 
 

To extract features, OCT-ROI image is 

decomposed by GMRF at a predefined 

resolution level of decomposition. As the 

low pass image resembles to original image, 

the approach extract features from the high 

pass image only. Two set of statistical 

features are extracted. One set of statistical 

features are extracted from the GMRF 

decomposed image (Sfgmrf) and another set 
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of statistical features are extracted from the 

LBP (Gfgmrf). The extracted Sfgmrf are 

mean, standard deviation, skewness, and 

kurtosis. GLDM is computed for the mean 

of high frequency coefficients in each block 

of size 2x2. Figure 3 shows the histogram of 

GMRF with inter-sample spacing of single 

pixel for OCT-ROI image in Figure 2 (c). 

 

 

 

 
 

From the histogram of GMRF with inter-

sample spacing of one pixel, the following 

GfLBF features; contrast, angular second 

moment, entropy, and mean are extracted. 

Table 1 shows the formulae for GfLBF 

features. 

For all training OCT images, SfLBF and 

GfLBF features are extracted and stored for 

the next stage where these features are 

trained for effective classification. 

 

 
 

 
 

Figure 3 Histogram of GMRF with inter-

sample spacing of one pixel 

 

Table 1 Computation of GfTT features 

GfGMRF Features Formula 

Contrast  ∑ i2 pdf (i) 

Angular Second Moment  ∑ pdf(i)2 

Entropy  ∑ - pdf(i)* log(pdf(i)) 

Mean  1

m
 ∑ ipdf (i) 

where pdf is the probability density function and m 

is the number of gray levels  
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3. EXPERIMENTAL RESULTS:  

In this section, the performance of 

GMRF for glaucoma diagnosis using LBP is 

discussed. An internal database with 200 

images is used for the diagnosis. It consists 

of normal (100 images) and glaucomatous 

images (100 images). The features from 

GMRF and common statistical features are 

extracted from only the ROI region of OCT 

images. Finally, SVM with Radial Basis 

Function (RBF) kernel classifier is used to 

classify the images. K-fold cross validation 

(K=10) is used to evaluate the performance 

of SVM classifier where the number of 

images in each fold is equal. OCT images in 

any one of the fold are used for testing and 

the remaining folds are used for training the 

SVM classifier.  

The performance measures to analyze the 

RNFL for glaucoma diagnosis are accuracy, 

sensitivity, and specificity. These measures 

are obtained by generating a confusion 

matrix based on the outcome of the classifier 

with the ground truth data. Table 2 shows 

sample confusion matrix and performance 

measures are defined in Table3 

 

Table 2 Confusion Matrix Ground truth 

   Ground Truth 

  Glaucoma Normal 

SVM 

classifier  

output  

Glaucoma TP-True 

positive 

FP-False 

Positive 

Normal FN-False 

Negative 

TN-True 

Negative 

 

Table 3 Definition of performance 

measures used in GMRF for glaucoma 

diagnosis 

Measure  
 

Definition  
 

Sensitivity  

 

TP

(TP + FN)
 

Specificity  

 

TN

(FP + TN)
 

Accuracy  

 

TP + TN

(TP + FN + FP + TN)
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From all the confusion matrices it is 

observed that the RNFL based features 

identifies normal and glaucomatous images 

accurately. From resolution level 1 to 4, all 

glaucomatous images are correctly identified 

as glaucomatous images and for normal 

cases, the 3rd level GMRF features 

identifies 99 images as correctly. Based on 

the confusion matrix, the measures such as 

sensitivity, specificity, and accuracy are also 

computed and given in the above Figure 4. 

For simplicity, all these measures are given 

in the Table 4.  

 

Table 4 Performance measure of GMRF 

for glaucoma diagnosis 
GMRF 

resolution 

level 

Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

Level 1  97 100 94 

Level 2  98.5 100 97 

Level-3  99.5 100 99 

Level-4  92.5 100 85 

Level-5  88 76 100 

 

4. CONCLUSION:  

In this paper, an efficient RNFL for 

glaucoma diagnosis based on GMRF is 

presented. The presented RNFL is 

considered as an image classification 

system. GMRF with statistical features are 

extracted from the sub-bands of LBF 

transformed OCT images at predefined 

resolution levels. Then the extracted features 

are used as one of the input to the well 

trained SVM classifier. SVM classifier 

provides over 90% accuracy for the 

extracted GMRF features up to 4th 

resolution levels. All glaucomatous images 

are correctly classified and misclassification 

occurs only in the normal cases. Among the 

resolution levels, 3rd level provides better 

result in terms of accuracy (99.5%), 

sensitivity (100%), and specificity (99%). 
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