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Glaucoma is the second leading cause of loss of vision in the world. 
method for simple, accurate and low cost glaucoma detection or screening. Automatic optic nerve 
head assessment from 2D retinal fundus images is promising for low cost glaucoma screening. This 
paper presents efficient metho
images. The disc segmentation is carried out using   active shape model (ASM), elliptical hough 
transform (EHT) and superpixel segmentation techniques. Among these three methods, one best 
output depending upon self assessment confidence score is considered for further processing. Cup to 
disc (CDR) ratio is calculated for the assessment of glaucoma. Based on performance of each method 
superpixel method performs best and more reliable.
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INTRODUCTION 
 

Glaucoma is a group of eye diseases which result in damage to 
the optic nerve and vision loss. About 6 to 67 million people 
have glaucoma globally and it is the second
blindness after cataracts (Aquino, 2010 and 
occurs more commonly among older people. Glaucoma is 
classified in to open-angle glaucoma, closed
and normal-tension glaucoma (Rovira, 2008
glaucoma develops slowly over time and there is no pain.
vision may begin to decrease followed by central visi
resulting in blindness if not treated. Closed
can present gradually or suddenly (Aquino, 2010
results in to severe eye pain, blurred vision, mid
redness of the eye, and permanent vision loss. Risk factors for 
glaucoma include increased pressure above 21mmHg or 2.8 
kPa in the eye, a family history of the condition,
high blood pressure, and obesity (Hoover, 2003 and 
2008). The paper is organized with six sections: The first 
section is an introduction including previous research on 
glaucoma detection. Second section refers to superpixel 
segmentation followed by third section EHT. Section four 
elaborates the experimental results.  Final section concludes 
the work. 
 

Superpixel segmentation 
 

Superpixels captures redundancy of intensity value to compute 
local image features for the segmentation.  
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ABSTRACT 

Glaucoma is the second leading cause of loss of vision in the world. 
method for simple, accurate and low cost glaucoma detection or screening. Automatic optic nerve 
head assessment from 2D retinal fundus images is promising for low cost glaucoma screening. This 
paper presents efficient method for cup to disc ratio (CDR) assessment using 2D retinal fundus 
images. The disc segmentation is carried out using   active shape model (ASM), elliptical hough 
transform (EHT) and superpixel segmentation techniques. Among these three methods, one best 

put depending upon self assessment confidence score is considered for further processing. Cup to 
disc (CDR) ratio is calculated for the assessment of glaucoma. Based on performance of each method 
superpixel method performs best and more reliable. 
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Superpixel image segmentation is faster, easy to use, and 
produce high quality segmentation. As we will demonstrate, 
they often suffer from a high computational cost, poor quality 
segmentation, inconsistent size and shape, or contain multiple 
difficult-to-tune parameters. Superpixel segmentation 
technique is widely used for object class recognition and 
medical image segmentation because of its simplicity and  
greater performance at a lower computational cost in 
comparison to existing methods.
iterative clustering (SLIC) algorithm to perform a local 
clustering of pixels in the 5-D space defined by the L, a, b 
values of the CIELAB color space and the x, y pixel 
coordinates. A novel distance measure enforces compactness 
and regularity in the superpixel shapes, and seamlessly 
accomodates grayscale as well as color images. SLIC 
generates superpixels by clustering pixels based on their color 
similarity and proximity in the image plane which can be done 
by five-dimensional [labxy] space, where [lab]
color vector in CIELAB color space, which is widely 
considered as perceptually uniform for small color distances, 
and xy is the pixel position. For an image with N pixels, the 
approximate size of each superpixel is therefore N/K pixels, 
where K is total number of superpixels. For roughly equally 
sized superpixels there would be a superpixel center at every 
grid interval S = p N/K. At the onset of our algorithm, we 
choose K superpixel cluster centers Ck = [lk, ak, bk, xk, yk] T 
with k = [1, K] at regular grid intervals S. Since the spatial 
extent of any superpixel is approximately S
area of a superpixel), we can safely assume that pixels that are 
associated with this cluster center lie within a 2S × 2S area 
around the superpixel center on the xy plane. 
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Glaucoma is the second leading cause of loss of vision in the world. Currently, there is no effective 
method for simple, accurate and low cost glaucoma detection or screening. Automatic optic nerve 
head assessment from 2D retinal fundus images is promising for low cost glaucoma screening. This 

d for cup to disc ratio (CDR) assessment using 2D retinal fundus 
images. The disc segmentation is carried out using   active shape model (ASM), elliptical hough 
transform (EHT) and superpixel segmentation techniques. Among these three methods, one best 

put depending upon self assessment confidence score is considered for further processing. Cup to 
disc (CDR) ratio is calculated for the assessment of glaucoma. Based on performance of each method 
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Fig. 1. Block diagram of Glaucoma screening system 
 
This becomes the search area for the pixels nearest to each 
cluster center. Euclidean distances in CIELAB color space are 
perceptually meaningful for small distances (Eq. 1). If spatial 
pixel distances exceed this perceptual color distance limit, then 
they begin to outweigh pixel color similarities (resulting in 
superpixels that do not respect region boundaries, only 
proximity in the image plane). Therefore, instead of using a 
simple Euclidean norm in the 5D space, we use a distance 
measure Ds defined as follows:  
 

���� = �(�� − ��)� + (�� − ��)� + (�� − ��)�	      ………(1) 
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�

�
. ���               ………….(3) 

 
where Ds is the sum of the L*a*b distance and the xy plane 
distance normalized by the grid interval S. A variable m is 
introduced in Ds allowing us to control the compactness of a 
superpixel. The greater the value of m, the more spatial 
proximity is emphasized and the more compact the cluster. 
This value can be in the range (Aquino, 2010 and Abr`amoff, 
2009). We choose m = 10 for all the results in this paper. This 
roughly matches the empirical maximum perceptually 

meaningful CIELAB distance and offers a good balance 
between color similarity and spatial proximity. SLIC begin by 
sampling K regularly spaced cluster centers and moving them 
to seed locations corresponding to the lowest gradient position 
in a 3 × 3 neighborhood. This is done to avoid placing them at 
an edge and to reduce the chances of choosing a noisy pixel. 
Image gradients are computed as:  
 
�(�, �) = 	 ‖�(� + 1, �) − 	�(� − 1, �)‖� + 	‖�(�, � + 1) −
	�(�, � − 1)‖�                                                         ………….(4) 
 
where I(x, y) is the lab vector corresponding to the pixel at 

position (x, y), and ‖. ‖ is the L2 norm. This takes into account 
both color and intensity information. Each pixel in the image is 
associated with the nearest cluster center whose search area 
overlaps this pixel. After all the pixels are associated with the 
nearest cluster center, a new center is computed as the average 
labxy vector of all the pixels belonging to the cluster. We then 
iteratively repeat the process of associating pixels with the 
nearest cluster center and recomputing the cluster center until 
convergence. At the end of this process, a few stray labels may 
remain, that is, a few pixels in the vicinity of a larger segment 
having the same label but not connected to it. While it is rare, 
this may arise despite the spatial proximity measure since our 
clustering does not explicitly enforce connectivity. 
Nevertheless, we enforce connectivity in the last step of our 
algorithm by relabeling disjoint segments with the labels of the 
largest neighboring cluster.  
  
Elliptical hough transform 

 
The Hough Transform is an algorithm presented by Paul 
Hough in 1962 for the detection of features of a particular 
shape like lines or circles in digitalized images. In its classical 
form it was restricted to features that can be described in a 
parametric form. However, a generalized version of the 
algorithm exists which can also be applied to features with no 
simple analytic form, but it is very complex in terms of 
computation time. Hough transform can be applied to many 
computer vision problems as most images contain feature 
boundaries which can be described by regular curves. The main 
advantage of the Hough transform technique is that it is tolerant 
of gaps in feature boundary descriptions and is relatively 
unaffected by image noise, unlike edge detectors. One 
important difference between the Hough transform and other 
approaches is resistance of the former to noise in the image and 
its tolerance towards holes in the boundary line. 
 
The strategy is to first construct the ellipse center from the 
tangent directions of a number of edge points, making use of 
the geometry of an ellipse. An ellipse can be represented in 
parametric form as: 
  
x(θ) = a0 + ax*sin(θ) + bx*cos (θ) y(θ) = b0 + ay*sin(θ) + 
by*cos (θ)                                                       ……………(4) 
 
Where (a0,b0) is the center of the ellipse and (ax,ay) and 
(bx,by) are vectors representing the major and minor axes of 
the ellipse. 
 

EXPERIMENTAL RESULTS  
 
Experiments are performed on DRINOS & STARE database 
(Bock, 2010). The performance of algorithm is evaluated on 
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the basis of overlapping error and CDR error. The overlapping 
error E is computed as one evaluation metric to examine the 
difference between automated and manual cup: E = 1− 
(Area(S∩M) /Area(SUM)), where S and M denote the 
segmented and the manual cup respectively.  
 

 
 

                     (a)                                      (b) 
 

 
 

                           (c)                                               (d) 
 

Fig. 2 a) original retinal image b) superpixel segmentation  
c) disc segmentation  d) cup segmentation 

 
In addition, the CDR accuracy is also evaluated using CDR 
error, computed as δ = |CDRm −CDR|, where CDRm denotes 
the manual CDR 
 

Conclusion 
 
In this paper, we have presented a superpixel classification 
based cup segmentation for glaucoma detection. The location 
information further improves the results as it incorporates the 
prior knowledge of the cup. The accuracy of our current 
method is much better than previous methods. The glaucoma 
detection accuracy by the proposed method is only slightly 
below the manual CDR. From the discussions with clinicians, 
it is good enough for a large-scale glaucoma screening 
program. However, there are still many aspects for 
improvement in the proposed methods. For example, the 
proposed method under-estimates the very large cups while 
over-estimating the very small cups when pallor is very weak 
or absent. In addition, CDR based screening also has its 
limitations. Therefore, combining CDR with other factors are 
expected to further improve the performance. In the future, we 
would explore the integration of other factors to improve 
diagnosis outcomes toward a more reliable and efficient 
glaucoma screening system. 
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