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Abstract— Glaucoma detection and classification has been an 

area of prime significance because of its numerous applications in 

the field of healthcare and medical engineering. The suitable 

selection of image specific features is one of the major factors 

determining the classification efficiency of any system. Glaucoma 

detection using eye fundus images necessitates careful extraction of 

texture features to be utilized in the training of the classifier 

architecture. In this paper, a novel method is proposed, making use 

of a combined feature set of Fractal Dimension calculated from 

extracted texture feature of total fundus images and  Local Binary 

Pattern (LBP) feature along with an efficient Regression Neural 

Network decision making unit. An accuracy of 88.70 % has been 

obtained by the proposed system, with sensitivity of 87.20% and a 

specificity of 90%. 
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I. INTRODUCTION 

LAUCOMA detection and classification have got 

immense relevance in the field of medical engineering. 

Glaucoma is an eye disorder occurring due to irreversible 

progressive damage of optic nerve that leads to loss of vision. 

It is the second cause for blindness in world after refractive 

and cataract errors [1]. The optic disc is a probable area for 

effective diagnosis of glaucoma. Damage due to glaucoma is 

irreversible, but its progression can be retarded if early 

diagnosis and treatment are carried out. Fundus images of 

eyes can be utilized effectively in the retinal analysis, as 

reported in open literature.Methods have been proposed 

glaucoma detection making use of generic feature types, 

thereby extracting a Risk Index Parameter[2], extracted 

energy signatures by 2D wavelet transform analysis [3], and 

Hough Transform and Pyramidal Decomposition [4]. 

 In this paper, an image processing based approach for 

automated glaucoma detection has been proposed, utilizing a 

modified texture feature extraction and an efficient 

Regression Neural Network architecture. The eye fundus 

images of sufficient resolution have been utilized in the 

analysis, for the extraction of texture features. The proposed 

system makes use of extracted Fractal Dimension of the eye 

fundus. In this approach, in addition to optic disc, which is 
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the primary location for glaucoma detection, the probability 

of structural changes in other areas of eye fundus has also 

been considered. For better detection performance and 

accuracy, Local binary pattern (LBP) based feature extraction 

has also been carried out, specifically for the optical disc area 

in eye fundus images. This Region of Interest (ROI) based 

approach for LBP feature extraction, in addition to the 

totalistic approach adopted for Fractal Dimension features of 

the eye fundus, can effect significant improvement in 

glaucoma detection with moderate implementation 

complexity.  

II. THEORETICAL ASPECT 

In this work, two algorithms are proposed for feature 

extraction based on Fractal Dimension and Local Binary 

Pattern. Figure 1 demonstrates a typical fundus image 

infected with glaucoma, along with a normal eye fundus 

image. 

 
Fig. 1. a) Glaucomated fundus image   b) Healthy fundus image 

2.1 Fractal Dimension 

The texture property of digital images can be analyzed 

using Fractal Dimension. It provides a numerical measure of 

the image by box counting algorithm for detecting the 

complexity of the spatial and temporal patterns. The 

algorithm analyses the patterns by decomposing the image 

into box shaped pieces and the process is repeated with 

smaller scales for accurately describing the structure of 

patterns [5]. 

In box counting method, the image is overlaid with a grid 

and then the number of boxes covering the entire image with 

at least one pixel element is counted. The size of the grid is 

successively reduced to finer boxes. In this algorithm, fractal 

dimension is calculated by taking the ratio. 
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Where N is the number of boxes and 1/r is the 

magnification or inverse of the box size.A graph can be 

plotted by taking log N on y-axis and log 1/r on x-axis. 

The slope of the graph gives the fractal dimension. This 

extracted Fractal Dimension can be utilized in the 

training of the Regression Neural Network architecture. 

2.2 Local Binary Pattern Based Features 

The neurodegeneration of the optic nerve is predominant in 

and around the optic disc region. Similarly retinal nerve fibre 

layer degeneration in the peripappillary area can be observed 

as bright region around the optic disc [6]. The optic disc and 

peripappillary area are appeared as the brightest regions in 

the color retinal images.  The PPA refers to peripappillary 

atrophy which is a pathological indicator associated with 

myopia and Glaucoma[7]. PPA is the degeneration of the 

retinal pigment epithelial layer and photoreceptors in the 

region surrounding the optic nerve head. Altered position of 

blood vessels in the optic disc, disc hemorrhages and presence 

of PPA are important indicators and effectiveness of 

treatment depends on accurate detection at its early stages. 

Local Binary Pattern (LBP) is a powerful descriptor for 

texture which converts an image into an array of integers or 

histogram bins to describe local textural patterns [8]. The 

basic LBP is obtained by summing the threshold difference, 

weighted by powers of 2. The LBPP R code of a pixel (xc, yc) is 

defined as 

LBP P R (xc,yc) = 
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Where gc and gp are the gray values of the centre pixel and 

its neighbors, P is the number of neighbors, R is the radius of 

the local neighborhood and s(z) is the thresholding function 

          s(z) =1    0z                
=0       0z                                      (3) 

Neighborhood is a set of pixels P, lying on a circle of radius 

R. The derived LBP values statistically describe the image 

characteristics. 

2.3 Regression Neural Network Architecture 

General Regression Neural Network (GRNN) is used in 

applications for estimation of continuous variables through 

quick learning [9]. They are multilayer feed forward neural 

network with highly parallel structure. The architecture of a 

Regression Neural Network is shown in figure 2. The input 

sample vector X be applied to input units. The input units are 

distribution units. The probability density function used in 

GRNN is the normal distribution. Each training sample iX
is 

used as the mean of the normal distribution. 
iA and 

iB are 

adaptive weights in the summation layer. The network 

consists of four layers-input layer, pattern layer, summation 

layer and output layer 
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Where scalar function       )()(2 iTi XXXXDi   

The estimated  XŶ is a weighted average of all observed 

values  
iY ,    is the smoothing parameter or spread value. 

 
Fig. 2. General regression neural network architecture [9] 

III. PROPOSED GLAUCOMA DETECTION SYSTEM 

The proposed system consists of a preprocessing stage 

followed by ROI selection, feature extraction and finally a 

neural network based classifier. Figure 3 depicts the flow 

diagram of the proposed glaucoma detection system. 

Preprocessing has been carried out for extraction of fractal 

dimension feature from the eye fundus image. ROI based LBP 

feature extraction is also done, resulting in a more efficient 

computation. Efficient neural network architecture is made 

use of in the proposed Glaucoma detection system. For the 

color retinal fundus images made used in the system, the ROI 

is obtained by approximating centre as optic disc and from 

this region the LBP feature values are taken. In addition to 

that, another set of Fractal Dimension texture feature is 

extracted from the totalistic fundus images. These feature sets 

are utilized for training the Regression based Neural Network 

architecture for classification. When suitably formulated and 

trained, the decision making architecture carries out detection 
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and classification of Glaucoma affected eye fundus images. 

3.1. Data Collection 

In this approach, 80 eye fundus images have been 

considered for Glaucoma detection. The images are collected 

from open domain and research groups. Fifty images were 

provided by a research group Drishti GS in connection with 

Aravind eye hospital with resolution 2896 x 1944 pixels in 

PNG format [10][11]. Another 30 images taken for training 

were downloaded from open domain [12]. The extracted 

features were made use for classification.  

For quantitative analysis of the system performance, the 

following metrics [13] can be made use of. The terms 

commonly used along with sensitivity, specificity and 

accuracy are described in terms of TP (True Positive), TN 

(True Negative), FN (False Negative) and FP (False Positive).  

Sensitivity = TP / (TP + FN) = ( Number of true positive 

assessment) / ( Number of all positive assessment)   

Specificity = TN / ( TN + FP) = ( Number of true negative 

assessment) / (Number of all negative assessment)  

Accuracy = ( TN + TP) / (TN+TP+FN+FP) = (Number of 

correct assessments) / Number of all assessments) 

 
Fig. 3. Flow diagram of the proposed system 

IV. SIMULATION RESULTS 

The system performance has been validated using 

simulation studies. The proposed glaucoma detection system 

has been tested for 80 eye fundus images. The pre-processed 

fundus images are utilized in the extraction of texture features 

as proposed.   Figure 4 shows a typical extracted Fractal 

Dimension which can be obtained from the slope of the 

graph. The pathological changes in the optic disc area, 

presence of haemorrhages and PPA are important parameters 

in Glaucoma detection. By defining the ROI to only focus on 

optic disc and its periphery, errors resulting from other image 

artifacts can be minimized. 

Figure 5 shows distribution of LBP feature values of a 

typical Glaucoma affected fundus image and healthy image 

respectively. The feature vector consists of nine extracted 

elements, representing three different neighbourhoods with 

radius 1, 2 and 4. 

 
Fig.  4. Plot of log N vs log 1/r of a fundus image 

 
Fig.5. Typical extracted LBP values for Glaucomatous and 

Healthy images 

The GRNN classifies these extracted features to identify the 

normal and Glaucoma fundus images according to the texture 

based features. Experiments have been carried out to verify 

the ability of the GRNN in achieving good classification rate. 

The system classification capability has been quantitatively 

analyzed using the set of eye fundus images and a detection 

rate of the 88.70% has been obtained. The classification 

capability can be further increased by the augmentation with 

more feature types, extended training, and by improvements 

in decision making architecture. The table below summarizes 

the detection rate obtained by the proposed Glaucoma 

detection system. 
TABLE I 

QUANTITATIVE ANALYSIS OF THE PROPOSED GLAUCOMA DETECTION SYSTEM 

 

V. CONCLUSION 

An effective glaucoma classifying system has been 

proposed, making use of a modified feature extraction 
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technique. The approach made use of totalistic Fractal 

Dimension and ROI based LBP based feature extractions. In 

addition, an efficient Regression Neural Network based 

classifying architecture is also made use of by the proposed 

system. Simulation results demonstrated the effectiveness of 

the system, in the field of glaucoma detection and 

classification. 
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