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Abstract 
Glaucoma is a chronic eye disease; it will occur in the optic nerve to damage the entire nerve this will causes the sight 
problem. Glaucoma disease is the second leading causes of blindness. Advance of the disease leads to loss of vision. As 
the symptoms only occur when the disease is quite advanced, it is also called as the silent thief of sight. Here neural 
network is trained to recognize the parameters for the detection of different stages of the disease. The neuron model has 
been residential using feed forward back propagation network. Here the neural network tool using program is 
developed. The images acquired using medical imaging techniques are analyzed in MATLAB. It provides variety of 
options for image processing that enable us to extract the required features and information from the images. The feed 
forward propagation method can be used to detect the early stages of glaucoma. Transfer function method is used to 
detect the stages of glaucoma. 
Keywords: Glaucoma; Image processing, Neural network,Stages of glaucoma,Detection of glaucoma. 

1. Introduction 

Glaucoma is a disease of the optic nerve. Advanced damage of the optic nerve will lead to irreversible 
decrease in visual acuity, visual field loss and blindness. At present the main treatment of glaucoma is the 
reduction of intraocular pressure, which may help to slow down the progressive damage of the optic nerve. 
When the popular intraocular pressure cannot be achieved by medicine alone, glaucoma surgery may be 
necessary. The point of intraocular pressure is a result of the balance of fluid emission and outflow inside 
the retina in eye ball. Glaucoma surgery can lower the level of intraocular pressure by either weakening the 
production of fluid inside the eye or by increase the out flow of fluid away from the eye. Usually, the 
intraocular pressure can be lowered by the surgery. Unfortunately even when the intraocular pressure is 
controlled, the damaged optic nerve and related vision functions cannot be restored. In some situation, if 
the intraocular pressure cannot be controlled after the operation, extra topical or oral anti-glaucoma drugs 
may be necessary. Glaucoma usually affects both eyes, but one eye may be more strictly precious than the 
other. As the total amount of   Fluid within the eye increases, so does the pressure, comparable to over 
inflate a tire. Glaucoma is said to be one of the leading Cause of blindness in people over the age of 
50.Peripheral vision is the initial symptom. Left unprocessed the Field of vision will continue to narrow 
foremost to tunnel Vision. If detect early, loss of vision can most often be not permitted. The most accurate 
way to measure eye pressure is with the Goldman application ton meter [2]. This is a device mounted on 
the slit-lamp that measures the force required to flatten a fixed area of the cornea. Normal pressures range 
from 10 to 24 mm Hg, while glaucoma patients can measure over 26 mm Hg. Keep in mind that eye 
pressure can change throughout the day (typically highest in the morning) so the pressure should be 
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checked with each visit and the time of measurement should be noted. Also, some glaucomatous eyes have 
a “normal” pressure. In other words, a “good pressure” doesn’t rule out glaucoma, nor does a high pressure 
unavoidably specify glaucoma. 

2. Optic Cup and Optic Disk Segmentation 

The optic cup is the white color, cup-like area in the center of the optic disc. The ratio of the size of the 
optic cup to the optic disc (or cup-to-disc ratio) is measured to identify glaucoma. Normal cup to disc ratio 
is 0.3, if it is more than it proposes glaucoma. The optic disc or optic nerve head is the location where 
ganglion cell axons exit the eye to form the optic nerve. There are no light sensitive rods or cones to 
respond to a light incentive at this point. This causes a crush in the visual field called "the blind spot" or the 
"physiological blind spot". The optic disc represents the opening of the optic nerve (second cranial nerve) 
and is the point where the axons of retinal ganglion cells come together. The cup-to-disc ratio (often 
notated CDR) is a measurement used in ophthalmology and optometry to assess the progression of 
glaucoma. The optic disc is the anatomical location of the eye's "blind spot", the area where the optic nerve 
and blood vessels enter the retina. The optic disc can be flat or it can have a certain amount of normal 
cupping. But glaucoma, which is due to an increase in intra-ocular pressure, produces additional 
pathological cupping of the optic disc. The pink rim of disc contains nerve fibers. The white cup is a pit 
with no nerve fibers. As glaucoma advances, the cup enlarges until it occupies most of the disc area. The 
cup-to-disc ratio compares the diameter of the "cup" part of the optic disc with the total diameter of the 
optic disc. A good similarity to better understand the cup-to-disc ratio is the ratio of a donut hole to a donut. 
The hole represents the cup and the neighboring area the disc. If the cup fills 1/10 of the disc, the ratio will 
be 0.1. If it fills 7/10 of the disc, the ratio is 0.7. The normal cup-to-disc ratio is 0.3. A large cup-to-disc 
ratio may imply glaucoma or other pathology [2]. However, cupping by itself is not logical of glaucoma. 
Rather, it is an increase in cupping as the patient ages that are a pointer for glaucoma. Deep but stable 
cupping can occur due to innate factors without glaucoma. After obtaining the disc and cup, fig 1 shows the 
optic disc in segmentation various features can be computed. We follow the scientific gathering to compute 
the CDR. As mentioned in the introduction, CDR is an important pointer for glaucoma screening computed 
as the computed CDR is used for glaucoma screening. When CDR is greater than a threshold, it is 
glaucomatous, otherwise, healthy. 

 
Fig. 1 Optic disc segmentation 

In image processing is the process of partitioning a digital image into many segments in set of 
pixels it is also known as super pixels. The main goal of segmentation is to demonstration of an image into 
something that is more meaning and easier to analyze. Image processing is used to locate lines and curves. 

3. Generation of Super pixel in segmentation 

Some approaches have been proposed for disc segmentation, which can be generally classified as 
model based methods, deformable model based methods and pixel classification based methods. In circular 
Hough transform is used to model the disc boundary because of its computational efficiency. However, 
clinical studies have shown that a disc has a slightly oval shape with the vertical diameter being about 7%–
15% larger than the level one Circular appropriate might lead to an under estimated disc and an over 
estimated CDR, so ellipse fitting is often adopted for glaucoma detection In Lowell employed the active 
contour model, which consists of finding the optimal points based on the image gradient and the 
smoothness of the contour. Many algorithms have been proposed for Super pixel classification. They have 
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been proved to be useful in image segmentations in various images of scene, animal, human, etc. This 
paper uses the simple linear iterative clustering algorithm (SLIC) [1] to aggregate nearby pixels into Super 
pixels in retinal Fundus images. Compared with other Super pixel methods, SLIC is fast, memory efficient 
and has excellent boundary adherence. SLIC is also simple to use with only one parameter, i.e., the number 
of desired Super pixel. Here we give a brief introduction of the SLIC algorithm while more details of the 
algorithms can be found in the SLIC paper. In SLIC, first cluster centers are sampled on a regular grid 
spaced by pixels apart from the image with pixels. The centers are first moved towards the lowest gradient 
position in a 3.4 neighborhood. Clustering is then applied. For each, SLIC iteratively searches for its best 
matching pixel from the neighborhood around based on color and spatial nearness and then compute the 
new cluster center based on the found pixel. The iteration continues until the distance between the new 
centers and previous ones is small enough. Finally, a post processing is applied to enforce connectivity. 

3.1 Initialization and Deformation 

A support vector machine is used as the classifier. The LIBSVM with linear kernel is used in our 
experiments. In this paper, the linear kernel is used in its place of nonlinear radial basis function (RBF) 
kernel as the feature dimensionality is high. We find that the nonlinear mapping using the RBF kernel does 
not improve the performance. In the training, we arbitrarily obtain the same number of Super pixel [1] from 
the disc and non-disc region from a set of training images with manual disc boundary. One confronts to 
find a good classifier is that samples from the non-disc region are often from different clusters with 
disturbed numbers. One typical example is PPA. There are often fewer Super pixels from the PPA region 
compared with other non-disc region, and the trained classifier is often dominated by Super pixel from the 
latter. To overcome the problem, we adopt a boot strapping strategy: we first restrict the active training data 
set to be a subset of the available training data set (pool) and continue iteratively. In every iteration, the 
training is performed on the active set and returns a preliminary classifier. The classifier is then used to 
evaluate the pool. In every round of training, the active training set is extended by examples misclassified 
in the previous round. Local image information is crucial for accurate segmentation of images with strength 
in homogeneity. However, image in sequence in local region is not embedded in popular region-based 
active contour models, such as the piecewise constant models. In this paper, we propose a region-based 
active contour model that is able to utilize image information in local regions. The major contribution of 
this paper is the opening of a local binary fitting energy with a kernel function, which enables the extraction 
of accurate local image information. Therefore, our model can be used to segment images with intensity in 
homogeneity, which overcomes the limitation of piecewise steady models. Comparisons with other major 
region-based models, such as the piece-wise smooth model, show the advantages of our method in terms of 
computational efficiency and accuracy. In addition, the proposed method has confident application to 
image demising. 

3.2 Cup to Disc Ratio 

The cup-to-disc ratio (often notated CDR) is a measurement used in ophthalmology and optometry 
to assess the sequence of glaucoma. The optic disc is the anatomical position of the eye's "blind spot"[1], 
the area where the optic nerve and blood vessels enter the retina. The optic disc can be flat or it can have a 
certain amount of normal cupping. But glaucoma, which is due to an increase in intra-ocular pressure, 
produces extra pathological cupping of the optic disc. The pink rims of disc contain nerve fibers. The white 
cup is a pit with no nerve fibers. As glaucoma advances, the cup enlarges until it occupies most of the disc 
area. Optic Disc’ is regularly used to describe the portion of the optic nerve clinically visible on 
examination. This, however, may be slightly inaccurate as ‘disc’ implies a flat, 2 dimensional structures 
without depth, when in fact the ‘optic nerve head’ is very much a 3 dimensional structure which should 
ideally be viewed stereoscopically.  

CDR=       (1) 

The optic nerve head, or disc, is defined as the distal portion of the optic nerve extends from the 
militated portion of nerve that begins just behind the sclera, to the retinal surface. Typically, it is slightly 
oval with the vertical diameter being about 9% greater than the horizontal. On average the vertical disc 
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diameter is approximately 1500 micrometers, although this may be greater in a myopic eye and less in a 
hypermetric eye. 

3.3 Parameters 

The first set of experiments was carried out to evaluate the performance under different parameters 
[1]. Table V shows the mean overlapping error for the number of Super pixels at 50, 100, and 200 
combined with different filter sizes from 5.5 to 25.25 as well as the case without a filter. A number of 100 
Super pixels are recommended. The size of filter, however, only affects the performance very slightly from 
5.5 to 25.25. It is shown that the results with a filter are better than those without filter in the image. 

3.4 Glaucoma Detection 

Glaucoma is an eye disorder that causes irreversible loss of vision affects the Optic Nerve in 
retina. In a retinal image, the region of interest is the Optic Disk (OD).Glaucoma disease usually 
asymptomatic to damage the eye vision. Ocular hypertension (OHT) is the main reason for increasing 
pressure in eye. It is the main reason for cause of glaucoma disease. Optic nerve check with an 
ophthalmoscope, eye pressure check (tonometry), visual field assessment this tests the sensitivity of the 
side vision, where glaucoma strikes first detection of glaucoma disease. 

 
Fig. 2 Optic cup and disk in Glaucoma Eye 

 
Disk – is marked by the outer boundary of OD (White) 
Cup – is marked by the inner boundary of OD (black) 

The first three rows are from normal subject eyes and the last two rows are from glaucomatous 
eyes. The results show that alone works poorly in this submission. Fig 2 shows the optic cup and optic disc 
segmentation of glaucoma disease. One of the reasons is that it is very sensitive to unbalanced illumination 
across the disc. For example, the temporal sector of the disc is often brighter than the nasal sector and the 
obtained results are often biased to the temporal sector. This is also one of the reasons that a threshold 
based approach works poorly. Combining with reduces the error because encodes the image. 

4. Characteristics of Neural Networks 

A large number of very simple processing neuron-like indulgence Elements. A large number of 
prejudiced connections between the elements. Distributed representation of knowledge over the 
connections. Fig 3 shows the characteristics of neural network; Knowledge is acquired by network through 
a learning process. 

Node input: net i= j      (2) 
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Node Output: O i= j (net i)     (3) 

The edge characteristic information image in the width direction into different areas, [3]getting the 
number of the edge characteristic pixels of different areas as input vectors to neural networks (NN), 
carrying out sorting recognition by three layer BP NN, paper currency is recognized. The input vectors has 
advantages of simplicity, high calculating speed, obvious characters of original image, good robust to 
different kinds of RMB[3]. 
  

 

Fig. 3 Characteristics of Neural Network 

4.1 Activation functions for neural network. 

These kinds of step start functions are useful for binary classification schemes. 
 

 

Fig. 4 Function of Neural Network 

Fig.4 shows the activation function of neural network, when we want to classify an input pattern 
into one of two groups, we can use a binary classifier with a step activation function [4]. Another use for 
this would be to create a set of small feature identifiers. Each identifier would be a small network that 
would output a 1 if a particular input feature is present and a 0 otherwise. Combining multiple feature 
detectors into a single network would allow a very complicated clustering or classification problem to be 
solved. A rule of thumb for selecting activation functions or their combination is proposed. The sigmoid, 
Gaussian and sinusoidal functions are selected due to their independent and fundamental space division 
properties. The sigmoid function is not effective for a single hidden unit. [4] On the contrary, the other 
functions can provide good performance. When several hidden units are employed, the sigmoid function is 
useful. However, the convergence speed is still slower than the others. The Gaussian function is sensitive to 
the additive noise, while the others are rather insensitive. A line of positive slope may also be used to 
reflect the increase in firing rate that occurs as input current increases. This activation function is linear, 
and therefore has the same problems as the binary function. In addition, networks constructed using this 
model have unstable convergence because neuron inputs along favored paths tend to increase without 
bound, as this function is not normalizable. In computational networks, the activation function of a node 
defines the output of that node given an input or set of inputs. 
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4.2 Method used in neural network 

In neural network feed-forward and back proliferation method is used to find the stages of glaucoma 
diseases. In feature extraction, feature with net is added to find the stages. 
 
Syntax 

 Net = newff {PR,[S1 S2... SN!], {TF! TF2... TN1}, BTF, BLF, PF} 
 
Description 

newff {PR, [S1 S2... SN!], {TF! TF2... TN1}, BTF, BLF, PF} takes 
 
    PR        - Rx2 matrix of min values for R input elements. 
    Si         - Size of ith layer, for N1 layers. 
    TFi       - Transfer function of ith layer, default = ‘tansig’. 
    BTF      -Backprop network training function, 
                   default= ‘traingdx’      . 
    BLF      -Backprop weight/bias learning function, 
                   default= ‘learngdm’ 

    PF         - Performance function, default= ‘mse’ 

4.3 Algorithm 

Feed forward network consist of N1 layers using the dotprod weight function, nets um net input 
function, and the specified transfer functions. The first layer has weights coming from input. Each 
subsequent layer has a weight coming from the previous layer. All layers have biases. The last layer is the 
network output. Each layer’s weight and biases are initialized with initnw. Adaption is done with adaptwb 
which updates weights with the specified learning function. Training is done with the specified training 
function. Performance is measured according to the specified performance function. Net point is used to 
recognize the value of input image. Feed back is given to the input to find the various stages of the 
glaucoma and the various disease image given to the input of the image. 

5. Result and conclusion 

5.1 Result 

5.1.1 Input image 

 

Fig. 5 Input image of glaucoma disease 
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Fig 5 shows the input image which occur the glaucoma disease. 

5.2 Output image 

5.2.1 Train the neural network 

 

 

Fig. 6 Train Neural Network 

Fig 6 shows the train the neural network before implements the program using the neural network. 
5.2.2 Process I 
 

 

Fig. 7 Healthy condition of glaucoma disease image 
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Fig 7 shows the healthy condition of glaucoma disease image. 
 
5.2.3 Process II 
 

 

Fig. 8 Glaucomatous Image 

Fig 8 shows the given input image is in healthy condition it is glaucomatous image.    To give the 
input image then train the neural network and run the output process I the image in which stage, then 
process II it is glaucomatous. 

6. Conclusion 

In the Super pixel method to find glaucoma disease occur or not. Using the neural network method 
is used to find the stages of glaucoma disease. In neural network feed forward back broadcast method is 
used and finds the stages of glaucoma disease. Using this method to train neural network and find other 
disease. 
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