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Abstract— Extracting the edges of optic disc is an important 

step in developing diagnosis of various serious ophthalmic 

pathologies. In this paper a new methodology for 

segmenting the OD from digital retinal images has been 

presented. This methodology uses morphological operator of 

Erosion and canny edge detection tech¬niques followed by 

the Circular Hough Transform to obtain a circular OD 

boundary approximation. OD seg¬mentation is done by 

extracting sub-image, an OD pixel and its surrounding 

region (a surrounding region wide enough to include the 

whole OD) are selected. Then the OD boundary is extracted 

in parallel from both the red and green channels of this sub-

image by means of morphological and edge detection 

techniques. In order to smooth out the distracters, the image 

is transformed to the frequency do¬main and filtered by the 

Gaussian low-pass filter. OD boundaries are approx¬imated 

by a circumference using the Circular Hough Transform.       
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I. INTRODUCTION 

Diabetic retinopathy (DR) is a chronic disease which 

nowadays constitutes the primary cause of blindness among 

people of working age in the developed world [1]-[3]. The 

OD plays an im¬portant role in developing automated 

diagnosis expert systems for DR. 

OD segmentation can be useful in diagnosing 

automat¬ically some diseases caused by DR. Finding the 

OD can be used to decrease false positives in the detection 

of regions of retinal exudates [6]. These injuries are a 

diagnostic key to grading the risk of macular edema. OD 

segmentation is also relevant for automated diagnosis of 

other ophthalmic pathologies. One of them is Glaucoma. It 

is the second most common cause of blindness worldwide 

[7]. Glaucoma is identified by recog-nizing the changes in 

shape, color, or depth that it produces in the OD [8]. Thus, 

its segmentation and analysis can be used to detect evidence 

of Glaucoma automatically. 

The OD size may vary significantly and different 

estimations have been made. OD occupies about one-

seventh of the entire image, OD size varies from one person 

to another, occupying about one-tenth to one-fifth of the 

image [5]. In color fundus images, the OD usually appears 

as a bright yellowish region, although this feature may also 

experience significant variations (Fig. 1). The varia¬tions in 

OD shape, size, and color pointed out previously, there are 

some additional complications to take into account. 

Con¬trast all around the OD boundary is usually not 

constant or high enough piecewise due to outgoing vessels 

that partially ob-scures portions of the rim producing 

"shadows." Another dis-tractor is produced when 

peripapillary atrophy is present, as this produces bright areas 

just outside the OD rim which dis-tort its shape. On the 

other hand, eye movement at the moment of retinography 

capture may also lead to slightly blurred im¬ages, making 

their automated analysis even more difficult. This problem 

can be avoided by simply discarding these images and 

retaking new ones. However, this method is not usually 

applied as their quality is usually good enough for human 

visual inspec¬tion. 

OD seg¬mentation is done by extracting OD-

containing sub-image: an OD pixel and its surrounding 

region (a surrounding region wide enough to include the 

whole OD) are selected. Then, the OD boundary is extracted 

in parallel from both the red and green channels of this sub-

image by means of morphological and edge detection 

techniques. Both    OD boundaries are approx¬imated by a 

circumference using the Circular Hough Transform. The 

"better" of these results is finally selected.  

II. OVERVIEW OF WORK 

OD processing can be grouped into two distinct categories: 

location and segmentation methods. The former works focus 

on finding OD representative of its center. The proposed 

work estimates the OD boundary. With regard to location 

methods, Synthanayothin et al. presented a method [4], [9] 

where the images were preprocessed by applying an 

adaptive local contrast enhancement to the intensity channel 

of the HSI color space. The OD center location was 

identified using the variance of intensity produced by the 

blood vessels within the OD. Hoover and Goldbaum [10], 

[11] located the center of the OD using the vasculature 

origin.. Another method that uses the convergence of the 

vessels to detect the OD center was proposed by Foracchia 

et al. [12]. Inspired by previous works, Youssif et al. [13] 

presented an OD location method based on a vessels' 

direction matched filter. 

With regard to segmentation methods and 

concretely to works based on deformable models, Osareh et 

al. [14] located the OD center by means of template 

matching and extracted its boundary using a snake 

initialized on a morphologically enhanced region of the OD. 

Lowell et al. [15] also localized the OD by means of 

template matching as well as also selected a deformable 

contour model for its segmentation. Regarding template-

based methods, Wong et al. [16] proposed: 1) OD location 

by means of histogram analysis and initial contour definition 

according to the previously obtained location, and 2) a 

modified version of the conventional level-set method was 

subsequently used for OD boundary extraction from the red 

channel. Hausdorff-based template matching presented by 

Lalonde et al.[17]. The Canny edge detector and a Rayleigh-

based threshold were then applied to the green-band image 

regions corresponding to the candidate regions, constructing 

a binary edge map. Firstly, the green channel was 

preprocessed for image condition enhancement. Then 
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morphological opening, extended maxima operator and 

minima imposition were finally used to apply the watershed 

transformation for bright structure segmentation. Finally, 

although applied to stereo images, it is worth mentioning the 

novel OD segmentation approach presented by Abramoff et 

al. [18]. Pixel feature classification by means of a k-nearest 

neighbor classifier was used in this case for OD 

segmentation in stereo color photographs. 

 
(a)                                          (b) 

Fig. 1: Examples of OD appearance 

 
Fig. 2: ODP determination: (A) Original image. (A-1) OD 

pixels rendered by the maximum difference method. (A-2) 

OD pixels rendered by the maximum variance method.(A-3) 

pixels rendered by the low-pass filter method. 

III. METHODOLOGY 

The aim of the work is to introduce a new methodology for 

OD segmentation that obtains a circular boundary. It needs 

as initial information the coordinates of a pixel located 

within the OD. It must be stressed that any other location 

method could be used for this purpose. 

A. Optic Disc Location: 

1) Maximum Difference Method: 

The OD usually appears as a bright region in eye fundus 

images. Moreover, the vascular tree formed by the "dark" 

blood vessels emerges in the disc. This is why the maximum 

variation of the gray levels usually occurs within the OD. 

This maximum is used by this method to select its OD pixel. 

A median filter of 21 x 21 is applied beforehand to 

I in order to remove non-significant peaks in the image. If 

IM  denotes this filtered image, the OD pixel from this 

method is decided according to the following equation: 

PMDM =arg(max{(IM) W
 MAX 

(i,j)- (IM) W
 MIN 

(i,j)})   (1) 

Where  (IM) W
 MAX 

and (IM) W
 MIN 

are respectively, 

the Maximum and the minimum values of the pixels in IM 

within a window W  of size 2 1 x 2 1  centered on a pixel (see 

example in Fig. 2,  image A-1). magnitude image.  (G-3) 

Binary image.  (G-4) Cleaner version of the binary image. 

(G-5) Circular OD boundary approximation 

 

 

 

 

 

 

 
Fig. 3: Illustration of the process for the calculation of the circular OD boundary approximation.  (G-1) Vessel elimination. 

(G-2) Gradient 

2) Maximum Variance Method: 

This method is based on the same properties as the previous 

one. It calculates the statistical variance for every pixel by 

using a 71 x 71 centered Window. The OD pixel returned by 

this method is the maximum variance pixel showing at least 

10 "bright" pixels in its neighborhood (see Fig. 2, images A-

2).  

3) Low-Pass Filter Method: 

The OD pixel of this method is the maximum gray-level 

pixel in a low-pass filtered image. Although the OD is 

usually the brightest area in a retino-graphy, the pixel with 

the highest gray level could not be located within it. In many 

cases, this pixel may be inside other small bright regions. In 

order to smooth out these dis-tractors, the image I is 

transformed to the frequency domain and filtered by the 

Gaussian low-pass filter defined as follows: 

H(u,v)=exp(-D
2
)(u,v)/2D0

2
                    (2) 

H(u,v)=exp(-D
2
)(u,v)/2D0

2
                    (2) 

where D (u, v) is the Euclidean distance between 

the point (u,v) and the origin of frequency plane,and D0 is 

the cut off frequency with value 25  Hz. The highest gray-

level pixel in the filtered image returned to the spatial 

domain is the result of this method (Fig. 2, images A-3) The 

result of the final ODP selection process is illustrated by the 

three examples of application of the methodology shown in 

Fig. 2. In the first example (Fig. 2, images A to A-3), it can 

be confirmed that although the pixel returned by the 

maximum difference method is outside the disc, it is 

B. Optic Disc Boundary Segmentation: 

The method proposed in this work is performed on a Gray-

image of the original retinography. This procedure employs 

a special morphological processing to eliminate blood 

vessels. Then, a binary mask of the OD boundary candidates 
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is obtained by applying canny edge detection and 

morphological techniques. Finally, the Circular Hough 

Transform is used to calculate the circular approximation of 

the OD. 

1) Obtaining OD Boundary Candidates: 

Firstly, a mean filter is applied. Then, the canny edge 

detector is used to obtain a gradient image. The gradient 

magnitude image is finally obtained by taking the module of 

partial derivative values for every pixel. As the blood 

vessels were previously erased, in general the most 

significant edges in the gradient image correspond to the OD 

boundary. Thus, a binary mask of OD boundary candidates 

can be produced by thresholding the image. The image can 

contain some noise caused by small rims present in the 

original image and detected in IGM, SO, the definitive 

binary mask of OD boundary candidates is obtained by 

cleaning by means of morphological erosion (Fig. 3, images 

R-4 and G-4), 

IB(i,j)=(IB)CMIN(i,j)                              (3) 

where C is a circular structuring element with a 

diameter of five pixels. This operation reduces the OD 

radius in two pixels discarded and the ODP is successfully 

selected. Final ODP is the OD pixel found by the maximum 

2) Final OD Boundary   Segmentaion Variance Method: 

The Hough Transform [19] is widely used to segment the 

OD boundary. Based on the primitive Hough Transform 

[19], the Circular Hough Transform was outlined by Duda et 

al. [20] and later improved and extended by Kimme et al. 

[21]. It aims to find circular patterns within an image. It is 

transform a set of feature points in the image  into a set of 

accumulated votes in a parameter space. Then, for each 

feature point, votes are accumulated in an accumulator array 

for all parameter combinations. The array elements that 

contain the highest number of votes indicate the presence of 

the shape. A circumference pattern is described by the 

parametric equation of the circumference, defined as 

(x-a)
2
+(y-b)

2
=r

2                                                 
(4) 

where (a, b )  are the coordinates of the circle center 

and r  is the radius. So, the circular shapes present in I B M  

can be obtained by performing the Circular Hough 

Transform on this image. It can be defined as 

(Pc,r)=CHT(Ibm,rmin,rmax)                   (5) 

where Pc = ( i c , j )  and r  are respectively the center 

position and the radius that define the circular shape with 

the highest punctuation in the Circular Hough Transform 

implemented by CHT. The radius r  is restricted to be 

between r m i n  and r m a x ,  values which are one-tenth and 

one-fifth of the image [5] divided by two (as these 

measurements refer to OD diameter estimation). 

IV. TESTING AND RESULT 

Performed tests on image for the lo¬cation and the 

segmentation methodologies, revealed that the results 

provided by the method are independent and stable in spite 

of decreasing image resolution. Any image of any resolution 

is reduced to 300 x 300 and 640 x 640 for OD lo¬cation and 

OD segmentation respectively and the processes are 

performed scaling the window sizes and parameters to these 

res¬olutions. 

The results of this experiment, are a good example 

of comparable segmentation performance. Therefore, the 

main conclusion of this experiment would be that, for OD 

segmen¬tation, under appropriate OD background-contrast 

conditions  render more accurate OD segmentations. 

V. CONCLUSION 

The results presented shows that the proposed methodology 

offers a reliable and robust solution for OD segmentation.  

The performance results obtained by the proposed 

methodology seem to suffice for OD location and 

segmentation. 
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