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Abstract: An automatic optic disc localization in retinal images used to screen eye related diseases like diabetic retinopathy. 

Many techniques are available to detect Optic Disc (OD) in high-resolution retinal images. Unfortunately, there are no 

efficient methods available to detect OD in low-resolution retinal images. The objective of this research paper is to develop an 

automated method for localization of Optic Disc in low resolution retinal images. This paper proposes a modified directional 

matched filter parameters of the retinal blood vessels to localize the center of optic disc. The proposed method was 

implemented in MATLAB and evaluated both normal and abnormal low resolution retinal images using the subset of Optic 

Nerve Head Segmentation Dataset (ONHSD) and the success percentage was found to be an average of 96.96% with 

23seconds.  
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1. Introduction 

Automatic localization of retinal fundus images 

provides an efficient solution of screening for eye 

disease such as glaucoma, Diabetic Retinopathy 

(DR) [1, 3]. Optic Disc (OD) localization is an 

integral part of the screening system for glaucoma 

[8, 11]. OD detection is the first step to determine 

the retinal abnormalities, such as drusen, exudates, 

microaneurysms, and hemorrhage, and imaging 

artifacts, such as haze, lashes, and uneven 

illumination in the human eye [10, 16, 20]. The past 

OD detection methods are based on image 

characteristics, bright regions, regions with the 

highest image variation, anatomical structure and 

relative position between OD and macula. Jun 

Cheng et al. [4] employed super pixel classification 

and histogram based center surround statistics 

method for detection of OD. Principal Component 

Analysis (PCA) techniques are used by Mudassar 

and Butt [17] to segment OD and fovia. Suero et al. 

[22] proposed a method consisting of intensity of 

images that is resized and a shade-correction method 

for homogenizing the background and set of 

morphological opening and closing operations are 

used for optic disc localization in high resolution 

images.  

 Based on the above review most of the researchers 

considered the OD as the brightest region within retinal 

image. However, this criterion may not be applicable 

for dark diseased images like diabetic retinopathy. 

Papers [2, 12, 21, 22] considered the OD as the area 

with highest variation in intensity of adjacent pixels. 

Both the criteria’s are considered for normal, healthy 

high resolution retinal images. However, we found that 

all the OD detection algorithms often failed to prove 

dark, diseased low resolution retinal images. In our 

previous work [19] developed an approach to detect 

OD in digital color Images of the human retina using 

directional matched filter. This method is tested and is 

successful for high resolution retinal images and is 

failure for low resolution retinal images because of 

breaking of blood vessels (Figure 1-b). So we need to 

improve the performance of the matched filter and 

optimize better parameters for low resolution retinal 

images. Hence, this paper proposes to find better 

parameters and segments in non-breaking of Blood 

Vessels. (Figure1-c) for low resolution retinal images.  

   
       a) Low resolution            b) Blood vessels            c) Blood vessels 

      retinal image source:         low resolution               low resolution Images 

       ONHSD dataset.               images by our               by proposed method 

             previous method              (Non-breaking  of Blood 

             (Breaking of                 Vessels). 

             blood vessels). 

Figure 1. Performance of directional matched filter. 

The aim of this paper is to develop an automatic 

detection of OD center in low resolution retinal 
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images with high accuracy and less computational 

time. The remaining part of the paper organized as 

follows. In section 2 Materials and methodologies 

are presented. The results and discussion are 

presented in section 3 and Conclusion and future 

works are presented in section 4. 

2. Materials and Methodology 

2.1. Low Resolution Retinal Fundus Image 

Dataset 

The low resolution retinal digital fundus images 

were collected form Optic Nerve Head 

Segmentation Dataset (ONHSD) [13]. This dataset 

contains 99 fundus images taken from 50 patients 

randomly sampled from a diabetic retinopathy 

screening programme. The images are various ethnic 

backgrounds (Asian 20%, A fro-Caribbean 16%, 

Caucasian 50%, Unknown 14%). The images were 

acquired using a Canon CR6 45MNf fundus camera, 

with a field angle lens of 45 degrees, resolution 

640x480 (about 20 per pixel). We identified this as 

the only data set for low resolution since Low 

resolution image intensity range is rather narrow, it 

does not cover the potential range of [0-255] and the 

high resolution image covers the range [0-255].  

2.2.1. Green Band Equalization (GBE) 

The retinal images are non-uniform due to uneven 

illumination. To eliminate the non-uniform 

illumination Hoover and Goldbaum [9] equalized 

each pixel using the following Equation (1) 

I g (r,c) = I(r,c) + m- I w (r,c) 

Where Ig(r, c) is intensity of the pixels, m is desired 

average Intensity (128-8 bit gray scale image). Iw (r, 

c) mean intensity value of the pixels within a 

window ‘w’ of size N x N. We used running window 

of size 40x40 as applied by Walter and Klein [23]. 

The GBE image is in Figure 2-b. 

2.2.2. Adaptive Histogram Equalization (AHE) 

AHE is a computer image processing technique used 

to normalize and enhance the contrast within the 

fundus image. It differs from histogram equalization 

when detecting low resolution levels. AHE is 

applied to an GBE as proposed in Wu et al. [25], 

where each pixel ‘p’ is adapted using the following 

Equation: 

IAHE(p) =  
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Where M=255, R(p) is the pixel p’s neighborhood 

and h is the square window length which is 81. The 

AHE image is shown in Figure 2-c. 

2.2.3. Contrast Limited Adaptive Histogram 

Equalization (CLAHE)  

Contrast Limited Adaptive Histogram Equalization 

(CLAHE) enhances the resolution of the grayscale 

image by transforming the values. It operates on 

small regions in the image, called tiles, rather than 

the entire image. Each tile's resolution is enhanced, 

so that the histogram of the output region 

approximately matches the histogram specified by 

the distribution parameter. The neighbouring tiles 

are then combined using bilinear interpolation to 

eliminate artificially induced boundaries. The 

contrast, especially in homogeneous areas, can be 

limited to avoid amplifying any noise that might be 

present in the image. The contrast amplification in 

the vicinity of a given pixel value is given by the 

slope of the transformation function. This is 

proportional to the slope of the labelled OD 

Cumulative Distribution Function (CDF) and 

therefore to the value of the histogram at that pixel 

value [18]. The CLAHE image is in Figure 2-d. 

2.2.4. Blood Vessels Segmentation by Modified 

Directional Matched Filter  

The matched filter is one of the template matching 

method which is used to detect Blood Vessel in 

retinal fundus images. The matched filter uses 

number of samples taken across a section of retinal 

Blood Vessels [9]. A prototype matched filter is 

expressed as 

k(x, y) = − exp(−x2/2 σ2 ) ∀ |y| ≤ L/2,                   

Where L is the length of the vessel segment that has 

the same orientation, σ defines the spread of the 

intensity profile. To be able to detect vessels on all 

possible orientations, the kernel must be rotated to 

all possible vessel orientations and the maximum 

response from the filter bank is registered. Many 

papers found that rotating by an amount of 15
◦
 is 

adequate to detect vessels with an acceptable 

amount of accuracy which results in a filter bank 

with 12 kernels. The values of L and σ found that the 

best parameter values were those that gave the 

maximum response at L=9 and σ =2. However, we 

present our experiments of finding L and σ. A 

Gaussian curve has infinitely long double sided 

trails; the trails are truncated at u=±3σ. A 

neighborhood N is defined such that 
 

N = {(u,v), |u|≤T, |v|≤ L/2 } 

Where T=3σ. Let Pi be the points that belongs to the 

neighbourhood n given as 

p i [u,v] = [x,y] 

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http://en.wikipedia.org/wiki/Image_processing
http://en.wikipedia.org/wiki/Histogram_equalization
http://en.wikipedia.org/wiki/Cumulative_distribution_function
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The corresponding weights in the kernel i (i=1,...,12 

which is the number of kernel) are given by 

ki (x,y) = - exp(-u2 /2 σ2 ) ∀pi ∈ N         

The filter is normalized to have zero mean as 

follows 

k
'

i (x, y) =  ki(x, y) - mi,         

Where mi =1/a Npi
ki(x, y) and ‘a’ denotes the 

number of points in N. 

2.2.5. Modification Parameters 

To improve the performance of the matched filter 

we need to find better parameters for L, σ, and T 

that could be suitable for low resolution images. The 

optimization program is simple in which we use an 

exhaustive search for the best parameters of L, σ and 

T. The search space is not very large since we limit 

the values of those parameters to 

L={7,7.1,7.2,...,11}, σ={1.5,1.6,1.7,...,3},T={2, 

2.25,2.5,...,10}. Let the input retina image be f and 

the output filtered image be ‘fLσT’ to decide 

whether a filtered image is good or bad, it is 

threshold according to Otsu [18] yielding ‘gLσT’ 

and then compared to a corresponding hand labelled 

retina h image. The hand labelled image is obtained 

from a retina image by an experienced observer to 

be used for comparison purposes [23].The final 

segmented blood vessel is shown in Figure 2-e). For 

low resolution retinal image containing vessels of 

varying width, we find better parameters for L, σ, 

and T for a smaller value for small vessels and a 

larger value for the large vessels. The blood vessel 

removed images are shown in Figure 2-f. 

2.2.6. Optic Disc Localization  

Next, we performed a column wise neighbourhood 

operation. A 9x9 template (Table 1) matrix is created 

that has a separate column for each pixel in the 

original image. The column corresponding to a 

given pixel contains the values of that pixel's 

neighbourhood from the original image.  

Table 1. Template matrix. 

135 120 105 105 90 75 75 60 45 

150 135 120 105 90 75 60 45 30 

165 150 135 120 90 60 45 30 15 

165 165 150 135 90 45 30 15 15 

0 0 0 0 90 0 0 0 0 

15 15 45 60 90 120 135 150 165 

15 30 45 60 90 120 135 150 165 

30 45 60 75 90 105 120 135 150 

45 60 75 75 90 105 105 120 135 

To reduce the computational burden, matched 

filters are applied only to candidate pixels picked 

from the fundus image. The binary vessel image is 

thinned. Hence, reducing the amount of pixels 

labelled as vessels into the vessel’s centerline. Next, 

a column wise neighbourhood operation removed 

the background, leaving only the border edge effect 

from thinned image. Next, we performed 

thresholding on the image. We used disc-shaped 

structuring element of size 5 and performed 

morphological closing. The optic disc is the part of 

the retina which has the highest pixel value. Hence, 

to locate the optic disc, we had to detect the edges 

first and then created the region of interest (mask) as 

shown in the Figure 2-g). We have chosen the radius 

of optic disc to be 30. Further, the optic disc mask is 

superimposed with the vessel removed image 

(Figure 2-f) to localize the optic disc (Figure 2-h).  

                          
a) Input image.                                 b) Green band equalized image.         

  
             c) Adaptive Histogram              d) Contrast limited adaptive 

                 equalized image.                                 histogram equalized image. 

  
             e) Blood vessel segmented image.         f) Blood vessels removed image. 

  
              g) Masking of OD.                                  h) OD detected image (Block cross.  

Figure 2. Optic Disc localization results. 

3. Results and Discussion 

The proposed method was implemented in MATLAB 

R2013 where runs needed an average of 23 seconds for 

each image on a laptop Pentium (R) Dual-Core2 CPU 

(6) 

(7) 
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and T4300@ 2.10GHz, 3.00 GB RAM 64-bit OS). The 

proposed method was evaluated both normal and 

abnormal low resolution retinal images using the 

subset of the ONHDS and the success percentage was 

found to be 96.96%. The optic disc center is located 

correctly in 96 out of 99 images (Normal: 30, 

Glaucoma: 38, DR: 31). Figure 3 shows results for 

random samples of success images. 

   

   

Figure 3. Results of the proposed method (Black Cross 

represent the estimated OD Center) form ONH Dataset. 

Accuracy of proposed approach, 96.96%, is 

comparable to other state-of-the-art approaches 

(shown in Figure 4). Though, Lowell et al. [13] was 

able to achieve slightly higher accuracy than the 

proposed approach, it has to be noted that his 

approach depends on various parameters which need 

to be tuned to achieve high accuracies. Whereas the 

proposed approach does not have any parameters to 

be tuned. Dashtbozorg et al. [5] achieved slightly 

lower accuracy, due to the lack of structural 

information at the OD location. 

 

Figure 4. Accuracy of proposed OD detection method with other 

state-of-the-art approaches. 

The computation time (in seconds) of proposed 

approach is least when compared to other state of 

the art methods, as shown in Table 2. After 

finalizing the OD detection the results were 

compared with those of the Circular Hough 

Transform [2], Morphology-based method [22], 

Temporal Lock [12], DV-Hough methods [15]. The 

mean and the standard deviations values were 

calculated for ONHD. For comparing our results 

with those of the other methods, we have used the 

same subjective evaluation method defined by 

Lowell et al. [13]. The discrepancy, δj on image j is 

defined by. 

Table 2. Comparison of complexity. 

Authors Success rate (%) 
Computation 

time (Sec) 

Dashtbozorg et al.[5] 86 10.6 

Mary et al.[15] 94 1.1 

Hoover and Goldbaum [9] 89 1.5 

Lalonde et al.[12] 71.6 1.6 

Wisaeng et al.[24] 91.35 34 

Dehghani et al.[6] 93 40 

Dehghani et al.[7] 96 27.6 

Mahfouz and Fahmy [14] 92.6 46 

Proposed method[a] 96.96 23 

[a]-our proposed method result is shown in the last 

row with highest success percentage with less 

computation time. 
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Where μi
j and σi

j are, respectively, the mean and the 

standard deviation of values obtained for i of image 

j, mi
j is the location of the OD i of image j and ϵ is a 

small factor to prevent division by zero and 

agreement is set equal to 0.5. 

Lowell et al. [13] also classified each image 

based on the discrepancy value as Excellent (δj<1), 

Good (δj<2), Fair (δj<5), and Poor (δj≥5). The 

localization methods are assessed considering the 

percentage of OD localizations classified into those 

four categories. 

Table 3 shows the success percentage of images 

per subjective category for different methods. The 

results of the proposed method are included with 

other state of the art methods. 

Table 3. Comparison between proposed method and four other 

methods in terms of percentage images per subjective category 
(ONHSD). 

Method Excellent Good Fair Poor 
Excellent-

Fair 

Circular Hough 

transform[2] 
40 39 18 3 97 

Morphology[22] 28 36 31 6 94 

Temporal 

Lock[12] 
42 31 10 17 83 

DV-Hough[15] 39 22 20 19 81 

Proposed 44 47 9 0 100 

In order to be able to compare with other 

published works, other measures were calculated: 

Accuracy (ACC) which is calculated by the sum of 

correctly detected OD pixels and non-OD pixels 

divided by the total number of pixels; True Positive 

Fraction (TPF) is obtained by dividing the number 

of correctly detected OD pixels by the total number 

of OD pixels in the reference image; False Positive 

Fraction (FPF) which is the ratio between the 

number of wrong detected OD pixels and the total 

number of non-OD pixels in the reference image; 

(8) 
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the mean absolute distance (MAD) which measures 

the accuracy of the OD location. Figure 5 compares 

the result of our method with the results of 

morphology on the ONHSD. 

 
a) Mean. 

 
b) Standard deviation. 

Figure 5. Comparison of different measures between proposed 

method and morphological methods on ONHSD dataset. 

4. Conclusions  

This paper has presented a most efficient technique for 

OD localization from low resolution retinal fundus 

images using modified directional matched filter. The 

proposed technique produced better results from 

publicly available low resolution Optic Nerve Head 

Dataset (ONHDS). The proposed method has 

following advantages,  

 Tolerant to the low resolution retinal images. 

 The designed filter is stable and easy for 

implementation.  

 The designed filter can be extended for macula 

detection with little adaptation. 

Thus, the automated method is useful for the following 

real time applications. 

 Localizing and segmenting retinal structure such 

as blood vessels, macula and fovia and also other 

anatomical structure such as microaneurysms, 

hemorrhage, drusen and exudates. 

 To classify left and right eyes in macula-centered 

retinal images 

 OD localization is a first key processing 

component in many algorithms designed for the 

automatic extraction of retinal abnormalities 

 The OD was also used as an initial point for 

retinal vasculature tracking methods. 

Thus the proposed approach helps to 

ophthalmologists in screening process of retinal 

image analysis and other eye related screening 

processes. 
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