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Chapter 3

Automated Optic Disc Localization and
Diameter Estimation in Retinal Fundus
Images

Abstract

Optic disc detection is a necessary step in most automatic screening systems for oph-
thalmic pathologies. In this chapter, we introduce two proposed approaches to automati-
cally determine the optic disc location and delineate the disc boundary in retinal fundus
images. In the first proposed method, we detect blood vessels by a vessel detector named
B-COSFIRE filter. Then we apply a bank of anti-symmetric Gabor filters on the grayscale
fundus image to detect edges. Finally, we identify the optic disc by applying the Circular
Hough Transform (CHT) to detect candidates for circles and select among them the one
that encloses the largest proportion of vessel pixels. In the second approach, we localize
the optic disc using trainable COSFIRE filters which are selective for the divergent points
of vessel trees and bright disc patterns. Then we delineate the disc boundary by fitting
an ellipse to its edges. We evaluate the first approach on two publicly available data sets
and the second approach on eight data sets. For each image, we compare the manually de-
termined optic disc with the automatically annotated one. These two approaches achieve
overall localization accuracies of 96.85% and 98.54%, respectively.

1The CHT-based approach described in Section 3.2 of this chapter is from this publication.
2The COSFIRE-based approach introduced in Section 3.3 is part of the work presented in this paper.

The other sections in this chapter are the result of the integration of text from the corresponding sections
in these two papers.
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3.1 Introduction

The optic disc is one of the key features in retinal fundus images, it is the area in
which the optic nerve and the blood vessels enter the retina. Its visual appear-
ance can give indications for glaucoma and be important for other conditions such
as macular edema and exudate lesions in diabetic retinopathy. Fig. 3.1a shows a
grayscale retinal fundus image and Fig. 3.1b shows an enlargement of the enframed
area in Fig. 3.1a. The approximately circular region enclosed by the white dashed
line in Fig. 3.1b is the optic disc.

(a) (b)

Figure 3.1: Example of a retinal fundus image and the optic disc. (a) A grayscale retinal
fundus image. (b) Enlargement of the enframed region in the left panel: the region enclosed
by the white dashed line is the optic disc.

In retinal fundus images, the optic disc usually appears as an approximately
circular or elliptical shape which is brighter than the surroundings. It is covered
partly by vessels as it is the entry point of an artery. By considering these two
properties of the optic disc, various methods for its detection have been developed
(Sinthanayothin et al., 1999; Walter and Klein, 2001; Li and Chutatape, 2001; Lalonde
et al., 2001; Chrástek et al., 2002; Hoover and Goldbaum, 2003). The algorithms pro-
posed for the localization and boundary detection of the optic disc can be catego-
rized into two types, namely intensity-based and vasculature-based. The former
methods detect the optic disc by its visual appearance which is characterized by a
circular or oval shape with bright luminosity. On the other hand, vasculature-based
approaches analyze the position of the large retinal blood vessels that diverge from
the interior of the optic disc.
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Various approaches have been proposed to localize the optic disc as the bright-
est region in a retinal fundus image (Walter and Klein, 2001; Li and Chutatape, 2001;
Chrástek et al., 2002). Sinthanayothin et al. (1999) proposed a variance-based op-
tic disc detection, in which the location of the optic disc is identified by the area
of the highest variation in intensity. Walter and Klein (2001) estimated the center
of the optic disc as the center of the connected region with the highest brightness
and then applied the watershed transform to the image gradient to obtain the disc
boundary. Other intensity-based methods that extract shape information of the optic
disc employ algorithms, such as circular Hough transform (Osareh et al., 2002) and
template matching (Lalonde et al., 2001). These methods require images with even
illumination and are not sufficiently robust for images with pathologies. Hoover
and Goldbaum (2003), in fact, demonstrated that the brightness, shape, and contrast
are not robust features for optic disc detection in images with pathologies.

In order to avoid relying on the luminosity, other methods (Hoover and Gold-
baum, 2003; Foracchia et al., 2004; Abdel-Razik Youssif et al., 2008; Mendonça et al.,
2013) sought to analyze the vascular structure in the vicinity of the optic disc. A
fuzzy convergence algorithm was proposed to determine the intersection of the
blood vessel segments (Hoover and Goldbaum, 2003). Foracchia et al. (2004) in-
troduced a geometrical directional model of the retinal vascular tree to detect the
convergence point of vessels. Abdel-Razik Youssif et al. (2008) proposed an ap-
proach to detect the optic disc by matching the directions of the neighboring blood
vessels with a vessels’ direction matched filter. In (Mendonça et al., 2013), the en-
tropy of vascular directions is used to localize optic discs. The entropy is thought to
be associated with the occurrence of a large number of vessels with multiple orienta-
tions. As shown in Fig. 3.1b, the convergent point of the main vessel tree, however,
is not always exactly at the center of the optic disc. Therefore, these methods may
suffer from insufficient precision in the localization of the optic disc.

In this chapter, we propose two novel approaches for the optic disc detection. In
the first approach, we seek to automatically localize the optic disc in retinal fundus
images and to estimate its hight (vertical diameter) which is needed for glaucoma
risk assessment. We first apply B-COSFIRE filters proposed by (Azzopardi et al.,
2015) in order to detect blood vessels and inpaint the segmented vessels with the
color of the neighbor pixels. Then, we use a bank of anti-symmetric Gabor filters
to extract edges. Finally, we identify the optic disc by applying the Circular Hough
Transform (CHT) to detect candidates for circles and select among them the one
that encloses the highest proportion of vessel pixels. In the second approach, we
first localize the optic disc by using two types of trainable COSFIRE (Combination
of Shifted Filter Responses) filters (Azzopardi and Petkov, 2013b): one type con-
figured to be selective for the convergent points of vessel trees and the other type
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configured to be selective for circular bright regions. We then fit an ellipse that ap-
proximates the boundary of the detected optic disc to delineate the disc boundary.
These proposed methods can be extended to an automatic glaucoma screening sys-
tem that can be used to help diagnose glaucoma in an early stage. This is because
one of the effective ways to screen glaucoma is to measure the vertical cup-to-disc
ratio which is computed as the ratio of the vertical diameter between the optic cup
and the optic disc.

The rest of the chapter is organized as follows. In Section 3.2, we explain how we
detect optic disc by Circular Hough Transform (CHT) and evaluate the performance
of the approach on two publicly available data sets. In Section 3.3, we introduce the
approach about optic disc localization by trainable COSFIRE filters and then exper-
iment on eight data sets. We discuss some aspects about the proposed approaches
in Section 3.4 and draw conclusions in Section 3.5.

3.2 Detection of the Optic Disc by Circular Hough
Transform

We illustrate the main idea of our proposed method in Fig. 3.2. Fig. 3.2a shows an
input RGB retinal fundus image3. First, we generate a field-of-view (FOV) mask of
the fundus image, shown in Fig. 3.2b, to exclude the background. Then we detect the
blood vessels by applying B-COSFIRE filters (Azzopardi et al., 2015) and inpaint the
vascular regions with the color of neighboring pixels. Fig. 3.2c and Fig. 3.2d show
the segmented vessel map and the inpainted RGB image. Next, we apply a bank
of anti-symmetric Gabor filters to the grayscale inpainted image, Fig. 3.2e. Then we
perform the Circular Hough Transform (Kimme, 1975) on the Gabor fiter response
to find several circles which are the boundaries of possible optic disc regions. We
determine the boundary of the optic disc region by taking the circle which encloses
the largest proportion of vessels. We take the center of the identified optic disc
region as its location. The result is shown in Fig. 3.2f, the white cross indicates the
center of the optic disc. In the following subsections we describe these steps in more
detail.

3.2.1 Preprocessing

In order to determine the FOV mask, we threshold the grayscale image globally
by a fraction 0.2 of the maximum grayscale intensity, followed by a morphological
dilation and closing with a disk-shaped structuring element (of a radius of 20 pixels).

3Named Image 01R.jpg in CHASE DB1 dataset.
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(a) (b) (c)

(d) (e) (f)

Figure 3.2: Step by step illustration of the proposed method. (a) Example of an RGB retinal
fundus image (of size 960× 999 pixels). (b) The white area of the mask indicates the field-of-
view (FOV) of the fundus image. (c) Vessel segmentation obtained by applying B-COSFIRE
filters. (d) The inpainted fundus image obtained by filling in the vessel region with the color
of neighboring pixels. (e) The response obtained by a bank of Gabor filters. (f) The white
circle and the cross indicate the boundary of the automatically determined optic disc region
and its center, respectively.

3.2.2 Vessel Segmentation and Elimination

A B-COSFIRE filter4 Azzopardi et al. (2015), which is based on the CORF compu-
tational model (Azzopardi and Petkov, 2012) and the COSFIRE implementation ap-
proach (Azzopardi and Petkov, 2013b), is selective for bar-shaped structures. Such
a filter has been shown to be effective for blood vessel segmentation (Azzopardi
et al., 2015). It achieves its response by computing the weighted geometric mean
of a group of collinear Difference-of-Gaussian filter (DoG) responses. A B-COSFIRE
filter has three main parameters which are the standard deviation σ of the outer
Gaussian function in the involved DoG filter5, the radius ρ of the receptive field
(filter support) and the orientation θ. Fig. 3.3 shows a sketch of a B-COSFIRE fil-

4Matlab scripts: http://www.mathworks.com/matlabcentral/fileexchange/49172
5The ratio of the outer and inner radius of the Gaussian function in the DoG filter is 0.5.
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ρ

2σ

θ

Figure 3.3: Sketch of a B-COSFIRE filter which is selective for vessels with orientation pref-
erence θ = π/4 radians. Its area of support has a radius ρ = 18 pixels and it takes as input
the responses of a group of center-on DoG filters with σ = 4.8, which are represented by
concentric circles. The diameters of the outer Gaussian functions here are 2σ pixels. The cross
marker indicates the center of the filter support.

ter that is used to detect vessels with orientation near θ = π/4 radians. The vessel
segmentation is achieved by taking the superposition of all the filter responses with
different orientations, which is followed by thresholding with a parameter tB . Such
a filter also has other parameters which we skip here for brevity. We refer the in-
terested reader to (Azzopardi et al., 2015; Azzopardi and Petkov, 2012, 2013b). In
this application, we apply a bank of B-COSFIRE filters with 12 different orientations
(θ ∈ (0, π/12, . . . , 11π/12)) to the fundus image. We set the parameters σ = 4.8 and
ρ = 18, which are reported in (Azzopardi et al., 2015). For thresholding, we set
tB = 0.16. The vessel segmentation result is shown in Fig. 3.2c.

Next, we use an inpainting algorithm (D’Errico, 2004) to replace the vessel pixels
with the color of neighboring pixels. Such a method interpolates pixel values in the
regions of Not-a-Number (NaN) elements from their surroundings by applying a
partial differential equation. For the further technical details of the method we refer
to (D’Errico, 2004) and an online implementation6. In our implementation, we first
replace the detected vessel pixels in the RGB fundus image with NaN elements.
Then, we apply the inpainting method to each RGB channel of the image. Fig. 3.2d

6http://www.mathworks.com/matlabcentral/fileexchange/4551
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shows the inpainted fundus image corresponding to Fig. 3.2a.

3.2.3 Edge Detection by Gabor Filters

In order to detect the edges of the optic disc, we apply a bank of anti-symmetric
2D Gabor filters to the grayscale inpainted image. We denote by gλ,θ(x, y) the re-
sponse of a Gabor filter, which has the wavelength λ and the orientation θ, to a
given input image. Such a filter has other parameters, including the spatial aspect
ratio and the bandwidth on which we do not elaborate further here. For technical
details about these parameters, we refer to Azzopardi and Petkov (2013b); Petkov
(1995, 1997); Kruizinga (1999); Grigorescu (2002, 2003b); Petkov (2003); Grigorescu
(2003a) and an online implementation7. Here we only mention that we normalize
Gabor functions in such a way that all positive values sum up to +1 and all negative
values sum up to −1 so that the Gabor response to a homogeneous region is 0. In
this application, we apply a bank of 2D anti-symmetric Gabor filters with 3 wave-
lengths (λ ∈ (10, 20, 30)) and 16 different orientations (θ ∈ (0, π/8, . . . , 15π/16)) to
the grayscale inpainted image. We threshold the responses at a given fraction tG
(= 0.3) of the maximal response across all combinations of values (λ, θ) and all po-
sitions (x, y) in the image. We take the superposition of the thresholded responses
of the Gabor filters, which is shown in Fig. 3.2e.

3.2.4 Localization of the Optic Disc

We apply the Circular Hough Transform (Kimme, 1975) to the Gabor filter response
image to find circular regions. In our implementation, we use a phase-coding algo-
rithm (Davies, 2004). We give a prior radius of the optic disc in a range from 6% to
11% of the height of the fundus image. We set the sensitivity factor of the CHT ac-
cumulator to 0.98 empirically. This parameter varies in a range [0, 1] and the larger
the value, the more circles will be detected. Then we choose the three highest scored
circles detected by the CHT and consider them as boundaries of possible optic disc
regions. Fig. 3.4a shows the three circles with highest scores.

Next, we compute the proportion of vessels within each circle by dividing the
number of vessel pixels by the number of all pixels inside the circle. Fig. 3.4(b-d)
show the vessels contained in the three circles. These three regions contain 18.1%,
23.0% and 31.1% vessel pixels, respectively. Finally, we take the circle that encloses
the largest proportion of vessel pixels. In our example, this is circle 3. We consider
the region enclosed by that circle to be (an approximation of) the optic disc.

7http://matlabserver.cs.rug.nl
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(a) (b)

(c) (d)

1

2 3

Figure 3.4: The candidate optic discs detected by the circular Hough transform. (a) The fun-
dus image with three possible boundaries of the optic disc obtained by the CHT. (b-d) The
vessels contained in the three circular regions enclosed by the three circles.

3.2.5 Experimental Results

We evaluate the proposed method on two publicly available data sets named
CHASEDB1 (Owen et al., 2009) and ONHSD (Lowell, 2004). The CHASEDB1 data
set contains 28 color fundus images of size 960×999 pixels. We manually determine
the center and the vertical height of the optic disc. The ONHSD data set comprises
99 color fundus images of size 570× 760 pixels. This set provides the manual anno-
tations of the center and the boundaries of the optic disc.

We evaluate the method proposed above on these two data sets. In the prepro-
cessing, we use morphological dilation and closing with a disk-shaped structuring
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element of a radius of 20 and 30 pixels in the CHASEDB1 and ONHSD data sets, re-
spectively. Besides, we set the threshold parameter tG of the Gabor filters to 0.3 for
the CHASEDB1 data set and 0.5 for the ONHSD data set. We evaluate the perfor-
mance of the proposed method by comparing the center and the vertical diameter
of the automatically detected optic disc with those of the manually identified ones.
The location of the optic disc is considered correct if the center of the detected optic
disc is located inside the manually identified optic disc. Fig. 3.5 shows 12 examples
of the achieved results8. All the optic discs are considered to be correctly localized,
except the one shown in the bottom-right image. We correctly localize 96.43% and
93.55%9 of the optic discs in the CHASEDB1 and ONHSD data sets, respectively.
Then for the correctly detected optic discs, we compute the relative error of the
estimated hight of the optic disc, which is the normalised difference between the
automatically determined vertical diameter and the manually identified one. The
average errors in the CHASEDB1 and ONHSD data sets are 10.69% and 8.78% with
the standard deviations 7.78% and 8.45%, respectively.

3.3 Detection of the Optic Disc by Trainable COSFIRE
Filters

In this section, we use two types of trainable COSFIRE filters for the localization
of the optic disc. First, we use a set of COSFIRE filters that are selective for diver-
gent points of thick vessels. Such filters are automatically configured using training
images as we explain below. We then consider the neighbourhood of the location
where we achieve the maximum response from the concerned vasculature-selective
COSFIRE filters. Subsequently, we apply a set of disc-selective COSFIRE filters in
order to improve the localization of the optic disc.

3.3.1 COSFIRE Filters

COSFIRE filters are versatile trainable object detectors and have been demonstrated
to be effective in various applications (Fernández-Robles et al., 2015; Neocleous
et al., 2015; Azzopardi et al., 2015; Guo, Shi, Azzopardi and Petkov, 2015b; Shi et al.,
2015b; Strisciuglio, Azzopardi, Vento and Petkov, 2016; Guo et al., 2016). One type
of such a filter takes as input the responses of a bank of Gabor filters that are se-
lective for contour parts of different widths and orientations. The types of Gabor

8All the 12 images come from the ONHSD data set.
9This result is achieved by excluding six images with obscure optic discs in the ONHSD data set which

come from the cataract patients.
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Figure 3.5: Examples of the automatically determined optic discs and their centers in 12 fun-
dus images. All the optic discs are considered correctly determined except the one in the
bottom-right.
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filter and the positions at which we take their responses are determined in an auto-
matic configuration procedure. This procedure locates the local maxima responses
of a bank of Gabor filters along a set of concentric circles in a prototype pattern of
interest and forms a set of 4-tuples: S = {(λi, θi, ρi, ϕi) | i = 1 . . . n}. The parame-
ters (λi, θi) in the i-th tuple are the wavelength and the orientation of the involved
Gabor filter that is selective for contour parts with thickness of (roughly) λi/2 pix-
els and orientation θi, while (ρi, ϕi) are the distance and the polar angle where the
local maximum response of the concerned Gabor filter is located with respect to the
support center of the filter.

The response of a COSFIRE filter is then computed by combining the responses
of the selected Gabor filters. In the original work, the combination is achieved by a
weighted geometric mean function, which responds only when every contour part
of interest is present in the given pattern. COSFIRE filters are able to achieve toler-
ance to rotation, scale and reflection by manipulating parameters. We do not elabo-
rate on this aspect and refer the interested readers to (Azzopardi and Petkov, 2013b).

In this work, we make minor modifications to the application of COSFIRE filters.
We binarize the responses of Gabor filters by a fraction (t1 = 0.4) of the maximum
response value and dilate (instead of blurring) each of these responses by a disc-
shape structuring element10 in order to allow for some spatial tolerance. We use the
arithmetic mean (instead of the geometric mean) as the output function in order to
increase the tolerance to missing contour parts in patterns of interest.

3.3.2 Configuration of a Vasculature-selective COSFIRE Filter

Fig. 3.6a illustrates an example of a retinal fundus image. We first extract its ma-
jor vessels by the delineation algorithm proposed in (Azzopardi et al., 2015). We
use the online implementation with the default parameters11 which give the best
segmentation performance on the STARE data set (Hoover and Goldbaum, 2003).
Fig. 3.6b shows the resulting vessel segmentation binary map. Then, we manually
remove small branches of blood vessels and obtain a binary image with only the
major vessel. The binary vessel pattern in Fig. 3.7a shows one example of the re-
sult of this semi-automatic approach. We use that pattern as a prototype pattern to
configure12 a COSFIRE filter, which we denote by Sv , with the method proposed
in (Azzopardi and Petkov, 2013b). The convergent point is used as the support cen-
ter of the concerned COSFIRE filter, as the gray cross labeled in Fig. 3.7b. The dashed

10The radius R of the structuring element is a linear function of ρ: R = 0.1ρ.
11The parameters for the symmetric filter: σ = 2.7, ρ = {0, 2, 4, . . . , 12}, σ0 = 1 and α = 0.6. The

parameters for the asymmetric filters: σ = 2.4, ρ = {0, 2, 4, . . . , 22}, σ0 = 1 and α = 0.1.
12The parameters for the COSFIRE filter are: λ = 20, θ ∈ {πi

8
| i = 0, . . . , 7}, ρ ∈ {0, 50, . . . 500},

t1 = 0.4.
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(a) (b)

Figure 3.6: Example of a retinal fundus image and its vessel tree. (a) Example of a coloured
retinal fundus image (of size 605 × 700 pixels) from the STARE data set (Hoover and Gold-
baum, 2003). (b) Vessel tree delineated by the method proposed in (Azzopardi et al., 2015).

circle in Fig. 3.7b indicates the region of interest. Fig. 3.8(a-b) show the structure of
the resulting COSFIRE filter that is represented by the set Sv . In Fig. 3.8a, we super-
impose the resulting filter on the retinal fundus image. The ellipses represent the
wavelengths and the orientations of the selected Gabor filters and their positions
indicate the locations at which their responses are used to compute the response of
the COSFIRE filter. The bright blobs in Fig. 3.8b represent the blurring functions
that provide some spatial tolerance.

3.3.3 Response of a Vasculature-selective COSFIRE Filter

Before applying a COSFIRE filter, we first apply a preprocessing step to the green
channel of the input image in order to obtain the field-of-view (FOV) region
(Fig. 3.9b) and enhance the contrast by histogram equalization (Fig. 3.9c). We elabo-
rate on the generation of the FOV mask in Section 3.3.6.

Next, we use the Gabor responses at the determined positions to compute the
output of the vasculature-selective COSFIRE filter. We binarize each Gabor filter
response at a fraction t1 of its maximal response across all positions (x, y) in the re-
sponse map. Fig. 3.9(d-e) show the superposition of all Gabor filter responses before
and after binarization. We then perform a blurring step to allow some tolerance for
the locations. For the location tolerance, we blur the binarized Gabor filter responses
by using a morphological dilation operator. The corresponding structuring element
for the dilation operator is of the disc shape, the radius of which is a linear function
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(a) (b)

Figure 3.7: The main vessel course and its corresponding Gabor responses. (a) The main
vessel (of thickness 10 pixels) binary image of Fig. 3.6a. (b) The corresponding superposition
of a bank of Gabor filters (one wavelength λ = 20 and eight orientations θ ∈ {πi

8
| i = 0...7}).

The gray cross marks the center of the region of interest and the dashed circle indicates the
maximal concerned radius.

(a) (b)

Figure 3.8: Configuration of a COSFIRE filter for the vessel tree. (a) The structure of the
resulting COSFIRE filter which is superimposed on the corresponding retinal fundus image.
The white ellipses illustrate the wavelengths and orientations of the selected Gabor filters and
their positions indicate the locations where the responses of these Gabor filters are taken with
respect to the filter center. (b) The structure of the resulting filter. The bright blobs represent
the blurring functions that provide some spatial tolerance.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 3.9: Application of a vasculature-selective COSFIRE filter. (a) Example of a coloured
retinal fundus image (of size 605×700 pixels) from the STARE data set. (b) The automatically
determined FOV mask. (c) The preprocessed image. (d) The superposition of a bank of Gabor
filters with the preferred wavelength and orientations. (e) The superposition of all binarized
Gabor filter responses. (f) The output response map of the vasculature-selective COSFIRE
filter to the image in (c). (g) The thresholded response map. (h) The red dot indicates the mean
location of the thresholded responses in (f). (i) The cropped retinal image (of size 605 × 231
pixels) around the detected point.

of the distance ρ from the center of the filter:

σ = σ0 + αρ (3.1)

where σ0 and α are constants. For α > 0, the tolerance to the position of the con-
cerned vessel segment increases with an increment distance ρ. The bright blobs in
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Fig. 3.8c represent the blurring functions with σ0 = 10 and α = 0.1. We then shift
each blurred Gabor filter response by a distance ρi in the direction opposite to ϕi. In
this way, all selected Gabor filter responses meet at the support center of the filter.
We denote by sλi,θi,ρi,ϕi the blurred and shifted response of the Gabor filter that is
characterized by the i-th tuple (λi, θi, ρi, ϕi) in the set Sv .

The output of the vasculature-selective COSFIRE filter is the arithmetic mean of
all the blurred and shifted Gabor filter responses that correspond to the tuples in the
set Sv :

rSv (x, y)
def
=

∣∣∣∣ 1

nv

( |Sv|∑
i=1

sλi,θi,ρi,ϕi,δi(x, y)

)∣∣∣∣
tv

(3.2)

where | · |tv stands for thresholding the output at a threshold value tv = 0.95, and
sλi,θi,ρi,ϕi,δi(x, y) is the dilated and shifted Gabor filter response in location (x, y)

with parameter values specified in the i-th tuple. We specify how to obtain the value
of the threshold parameter tv in a training phase that we describe in Section 3.3.6.
Fig. 3.9f shows the response map of the filter and Fig. 3.9g illustrates the thresholded
response map. Finally, we consider the centroid of the thresholded output (Fig. 3.9h)
as the center and crop a rectangular region of size 605 × 231 pixels (Fig. 3.9i). We
explain how we decide the size of the cropped region in Section 3.3.6.

3.3.4 Localization of the Optic Disc

So far we demonstrated how we apply a vasculature-selective COSFIRE filter to
(approximately) determine the position of the optic disc. Here, we explain how we
localize the optic disc more precisely by detecting the bright disc region. Similar
to vessel convergence detection, we use COSFIRE filters but this time they are se-
lective for disc-shaped patterns. Empirical experiences show that this approach is
much more robust to noise than Circular Hough Transform (Guo, Shi, Jansonius and
Petkov, 2015).

We use a synthetic disc image shown in Fig. 3.10a as a prototype pattern to con-
figure a COSFIRE filter. We implement the same configuration procedure13 as pro-
posed for the vasculature-selective COSFIRE filter. We only mention that here we
use anti-symmetric Gabor filters that respond to edges (with a wavelength λ = 30

pixels and eight orientations θ ∈ {πi8 | i = 0...7}).
Before we apply the disc-selective COSFIRE filter, we first apply three prepro-

cessing steps to the automatically cropped input image that contains the optic disc,

13The parameters for the disc-selective filter: λ = 30, θ ∈ {πi
8
| i = 0...7}, ρ = 100, t1 = 0.7.
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(a) (b) (c)

Figure 3.10: Configuration of a COSFIRE filter that is selective for a bright disc. (a) A synthetic
input image (of size 150× 150 pixels) that contains a bright disc of radius 100 pixels. (b) The
superposition of the responses of a bank of anti-symmetric Gabor filters with a wavelength
λ = 30 pixels and eight orientations θ ∈ {πi

8
| i = 0...7}). (c) The structure of the resulting

COSFIRE filter.

Fig. 3.11a. The preprocessing steps consist of adaptive histogram equalization to
enhance the contrast, vessel segmentation and inpainting of vessel pixels (details
provided in Section 3.3.6) as well as edge preserving smoothing (details provided
in Section 3.3.6). The resulting preprocessed image is shown in Fig. 3.11b. The red
spot in Fig. 3.11c indicates the position at which we achieve the maximum COSFIRE
filter response, and we use it to indicate the center of the optic disc. We then crop a
small rectangular region (of size 209×153 pixels) from the original image around the
detected point, Fig. 3.11d. The size of the cropped image and the radius of the circle
that we use for the configuration of the disc-selective COSFIRE filter are determined
from the pre-estimated width of the disc that we explain in Section 3.3.6.

3.3.5 Delineation of the Optic Disc Boundary

Fig. 3.12a shows an automatically cropped image containing the optic disc and
Fig. 3.12b illustrates the result of the vessel segmentation and inpainting. We de-
lineate the optic disc boundary by computing the best fit of an ellipse to the cropped
region obtained above. Then we compute the smoothed x- and y- partial deriva-
tives. This is achieved by convolving the preprocessed image in Fig. 3.12b with the
two partial first order derivatives of a 2D Gaussian function (with a standard devi-
ation of

√
2). Fig. 3.12(c-d) show the corresponding derivative maps. We change to

unit length all gradient vectors of magnitude larger than or equal to 0.2 of the max-
imum gradient magnitude across the image. The idea of this operation is to make
the responses along the boundary of the optic disc similar to the responses to a syn-
thetic ellipse of uniform intensity - compare Fig. 3.12e with Fig. 3.12h and Fig. 3.12f
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(a) (b) (c) (d)

Figure 3.11: Application of a disc-selective COSFIRE filter. (a) The input image is the automat-
ically cropped part of a retinal image (of size 605× 231 pixels) resulting from the localization
step. (b) Preprocessed image of the cropped area. (c) The red dot indicates the location at
which the maximum response of the COSFIRE filter is achieved. (d) The resulting cropped
area (of size 209× 153 pixels) around the detected point.

with Fig. 3.12i.
Subsequently, we correlate the two enhanced derivative maps, Fig. 3.12(e-f), with

a pair of derivative maps of a synthetic ellipse, Fig. 3.12(h-i), and sum up the output
maps of the respective two correlations. We repeat this procedure for ellipses of dif-
ferent radii and ellipticities and we determine the semi axes of the synthetic ellipse
that yields the maximum sum of correlations. Fig. 3.12j shows the sum of correla-
tions between the partial derivatives of the preprocessed disc image and a synthetic
ellipse that best fits the concerned optic disc. The location at which the maximum
sum is obtained is used to represent the center of the optic disc. The black boundary
in Fig. 3.12k is the ellipse that gives the highest correlation result.

3.3.6 Implementation and Experimental Results

Data sets

We experiment on nine publicly accessible data sets of retinal fundus images, which
are listed in Table 3.1. These data sets contain in total 2109 retinal fundus images of
different sizes and FOV angles. Fig. 3.13 shows one example from each data set in
Table 3.1. Since most of the data sets do not provide the ground truth for the optic
disc boundary, the ophthalmologist used an annotation tool to mark the leftmost,
the rightmost, the topmost and the bottommost boundary points of the optic disc in
each retinal fundus image. Then we use these four boundary points to generate an
ellipse that represents the optic disc.

In our experiments, we use all the 397 images in the STARE data set to configure
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k)

Figure 3.12: Illustrative steps of the optic disc boundary detection. (a) An optic disc image (of
size 209×152 pixels) cropped automatically from a retinal fundus image in the localization
step. (b) Result of the preprocessing of the cropped region. (c-d) The x- and y- derivative
maps, and their (e-f) enhanced versions. (g) Synthetic disc image (of size 150 × 150 pixels).
(h-i) The x- and y- derivative maps of the synthetic disc in (g). (j) The sum of correlations
between the partial derivatives of the preprocessed disc image and a synthetic ellipse that
best fits the concerned optic disc. (k) The black ellipse indicates the best delineation of the
optic disc with the horizontal and vertical axes of size 73 and 70 pixels, respectively. The blue
star marker indicates the location of the maximum correlation sum response, and we consider
this point to be the center of the optic disc.

vasculature-selective COSFIRE filters. We evaluate the proposed approach on all
the 1712 images in the other eight data sets.
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Figure 3.13: Examples of retinal fundus images from different data sets.

Table 3.1: List of public available data sets14

Dataset No. of images Size of images FOV
CHASEDB1(Owen et al., 2009) 28 999×960 30◦

DIARETDB1 (Kauppi et al., 2007) 89 1500×1150 50◦

DRISHTI-GS1 (Sivaswamy et al., 2014) 101 2049×1751 30◦

DRIONS (Carmona et al., 2008) 110 600×400 30◦

DRIVE (Staal et al., 2004) 40 565×584 45◦

HRF (Kohler et al., 2013) 45 3504×2336 60◦

Messidor (Decenciére et al., 2014) 1200 2240×1488 45◦

ONHSD (Lowell et al., 2004) 99 760×570 45◦

STARE (Hoover and Goldbaum, 2003) 397 700×605 -

Pre-processing Procedures

Here, we elaborate on the pre-processing steps that we mentioned briefly in Sec-
tion 3.3.
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• Image rescaling and FOV mask generation
In order to keep fixed parameters of the proposed method, we resize every image

in such a way that the FOV region has a diameter of 1024 pixels.
Since not every data set provides the FOV masks, we generate them by bina-

rizing the grayscale versions of the RGB images with thresholds that we determine
automatically as follows. We sort in ascending order the intensity values of all pixels
in each image. Then we compute the first order derivative of this one-dimensional
array and set the threshold to be the intensity value, at which the first order deriva-
tive is maximal. This design decision is motivated by the fact that the background
pixels have relatively small (close to 0) intensity values, which arise a high first
order derivative at the transition to the pixels within the FOV region. After the bi-
narization, we apply morphological closing with a disc-shaped structuring element
of radius 20 pixels to obtain the FOV mask as one connected component.
• Vessel extraction and image inpainting
We extract blood vessels by the method proposed by Azzopardi et al. (2015). We

use the online implementation with the parameters tuned for the detection of thick
blood vessels15. Next, we use the inpainting algorithm proposed by D’Errico (2004)
that fills in the removed vessel pixels with the intensity values that are interpolated
from the neighbouring pixels.
• Edge preserving smoothing
Papari et al. (2007) proposed a smoothing algorithm which was used to achieve

artistic effects on photographic images. The algorithm smooths the texture details
while preserving the edges. It has two parameters, namely the standard deviation
of the Gaussian function for smoothing and the sharpness of the edges. We use this
algorithm in two stages of the proposed approach: the first time before delineating
the disc boundary where we use a brush stroke of 3 pixels and the second time
before cup segmentation where we set the brush stroke to the fraction 0.1 of the
maximum diameter of the determined optic disc. We set the sharpness to 15 in both
cases. For further detail on the edge smoothing algorithm we refer to (Papari et al.,
2007) and the online implementation16.
• Pre-estimation of the optic disc width
The pre-estimation of the optic disc width is important for the accurate localiza-

tion and segmentation of the optic disc. In retinal fundus images, some features,
such as blood vessels, myelinated optic nerves and hard exudates, may interfere

14DRIONS, HRF and STARE data sets do not provide the FOV angle. Since the images in DRIONS and
HRF data sets were obtained with the same FOV angles, we randomly select some images from each data
set and measure manually their FOV angles. The FOV angles, however, vary a lot in the STARE data set.

15We use only symmetric filters with parameters: σ = {2.1, 5.2, 10.4, 15.6}, ρ = {0, 5, 10, . . . , 20},
σ0 = 3 and α = 0.6.

16http://www.cs.rug.nl/˜imaging/artisticsmoothing/guide.html
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with the accurate detection of the optic disc. These features usually contain curva-
tures that are similar in shape to the boundaries of the optic disc. By pre-estimating
the size of the optic disc, we are able to rule out these interferences and improve
the accuracy of the disc detection while reducing the computation time needed to
search for the best approximating ellipse.

The epidemiologic investigation in glaucoma by Ramdas et al. (2011) has shown
that the viewing angle of the optic disc ψdisc is roughly between 4◦ and 9◦. We
use this finding and denote by γ the set of pre-estimated widths of the optic disc in
pixels:

γ = {1024ψdisc/ψim | ψdisc = 4, 4.1, . . . , 9}

where 1024 is the diameter of the FOV region of an image and ψim is the viewing
angle of that image. For instance, the retinal fundus images in the CHASEDB1 data
set17 captured with an FOV angle of (ψim =) 30◦ have optic disc diameters ranging
from (1024× 4/30 =) 137 to (1024× 9/30 =) 307 pixels. For the images of unknown
FOV angle, we assume it to be 45◦, as it is the most commonly used FOV angle.

Implementation of the Proposed Approach

• Configuration of Vasculature-selective COSFIRE filters
For the configuration of vasculature-selective COSFIRE filters, we randomly se-

lect a retinal fundus image from the training set and generate its binary vessel pat-
tern image as the one shown in Fig. 3.6c. Next, we use the resulting binary vessel
pattern as a prototype to configure a vasculature-selective COSFIRE filter as de-
scribed in Section 3.3.2. We then apply the resulting filter with reflection invariance
to all images in the training set. We set the threshold value tv such that it yields no
false positives. For the COSFIRE filter configured with the pattern in Fig. 3.6c, the
threshold parameter tv is set to 0.96. This filter correctly detects the vessel diver-
gent points in 35 training images. Fig. 3.14a illustrates the structure of the resulting
COSFIRE filter, which we denote by Sv1 . For the configuration of this filter, we use
the set of radii values ρ ∈ {0, 50, .., 500}. For the remaining images whose vessel
divergent points are not detected by the filter Sv1 , we perform the following steps.
We randomly select one of these training images and use its binary vessel pattern to
configure a new filter Sv2 . Then we apply this filter to the training images that were
missed by the first filter and determine its threshold value. We repeat this procedure
of configuring filters until the divergent points of all training images are detected.
For the STARE data set with 397 images as our training set, we need 27 vasculature-

17The images in the CHASEDB1 data set are all rescaled to 1093× 1137 pixels, while the widths of the
FOV region of the images are rescaled to 1024 pixels.
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(a) (b) (c) (d) (e)

Figure 3.14: The structures of five examples of vasculature-selective COSFIRE filters. The
white ellipses illustrate the wavelengths and orientations of the selected Gabor filters and
their positions indicate the locations where the responses of these Gabor filters are taken with
respect to the support center of the COSFIRE filter. The bright blobs represent the dilation
operations that provide some spatial tolerance.

selective COSFIRE filters. Fig. 3.14 shows five examples of the structures of such
filters.

For the configuration of disc-selective COSFIRE filters, we use the four syn-
thetic images in the top row of Fig. 3.15 as prototype patterns. The three patterns
in Fig. 3.15(b-d) have areas that cover 50%, 40% and 30% of the disc in Fig. 3.15a,
respectively. We show the corresponding structures of the disc-selective COSFIRE
filters in the bottom row. We denote by Sc1 , Sc2 , Sc3 and Sc4 the four disc-selective
COSFIRE filters which have empirically determined threshold values tv(Sc1) = 0.81,
tv(Sc2) = 0.95, tv(Sc3) = 1, tv(Sc4) = 1. The last three filters are used to detect the
optic discs which have part of the disc boundaries missing. They (Fig. 3.15(c-d))
contain only 30%-40% of the boundary of a complete disc. We configure a family
of disc-selective COSFIRE filters by using synthetic circles whose radii increase in
intervals of 10 pixels from the minimum to the maximum pre-estimated widths of
the optic disc. For each radius in this range we configure four COSFIRE filters of the
type described above.
• Disc Localization
We evaluate the performance of the above proposed approach for optic disc de-

tection on eight test data sets.
In the localization step, we apply in sequence the 27 vasculature-selective COS-

FIRE filters as described in Section 3.3.3. A response of a vasculature-selective COS-
FIRE filter indicates the presence of a vessel tree. As soon as one of the 27 filters
responds sufficiently to the given image, we stop applying the remaining ones.
We then crop a rectangular region centered at the location where the concerned
vasculature-selective COSFIRE filter achieves the maximum response as shown
in Fig. 3.9g. The width of the cropped image is twice the maximum of the pre-
estimated disc widths and its height is that of the given retinal fundus image. We
crop such a large region in order to give some tolerances to the detected disc lo-
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Figure 3.15: (Top row) Synthetic disc pattern images and (bottom row) the structures of the
resulting COSFIRE filters.

cations since the vasculature-selective COSFIRE filters may provide less accurate
vertical locations about the center of the optic disc.

Similarly, we apply in sequence all the configured disc-selective COSFIRE filters.
We then crop a smaller rectangular region centered at the location where one of the
disc-selective COSFIRE filter achieves the maximum response as shown in Fig.3.11d.
The width and the height of the cropped image are the mean and the maximum of
the pre-estimated disc widths, respectively.
• Disc delineation
Next, we apply the method proposed in Section 3.3.5 for optic disc delineation.

As shown in Fig. 3.16(a-c), it is common to have the parapapillary atrophy and the
bright cup in the vicinity of the optic disc, which may disturb the accurate delin-
eation of the optic disc. The PPA and the bright cups usually have relatively bigger
and smaller diameters than those of the optic disc, respectively. In order to address
this challenge, we group the set of pre-estimated widths γ of the optic discs into
three ranges, which contain the first 60%, 80% and 100% of the values of γ. For each
range, we select the ellipse that best delineates the disc boundary as described in
Section 3.3.5. In this way, we end up with three ellipses, as shown in Fig. 3.16(d-f).
The red, green and blue ellipses represent the best ellipses determined from the con-
sidered three ranges of widths. We then compute the similarity between every pair
of the ellipses as follows. We calculate the distances between their center locations
and the sum of the absolute differences between their widths and heights. Only if
both values are smaller than 10 pixels, we consider such a pair of ellipses as similar,
otherwise we treat them as different. Finally, we determine the center, width and



68 3. Automated Optic Disc Detection

(a) (b) (c)

(d) (e) (f)

Figure 3.16: Examples of the optic disc regions cropped from the retinal fundus images as well
as their corresponding delineation results. (a) An optic disc with surrounding parapapillary
atrophy. (b-c) Optic discs with bright cups in the interior. The white dashed lines indicate the
boundaries of the optic discs. The black dashed lines inside the optic discs are the boundaries
of the cups while the outer one in (a) indicates parapapillary atrophy. (d-f) The corresponding
results of the disc delineation. The red, green and blue ellipses indicate the best fits from the
three ranges of considered widths. The three ellipses overlap each other in (f) leaving only
the blue one visible.

height of the optic disc as the mean values of the locations, widths and heights of
the three ellipses. For the case that only two ellipses are similar, we take the mean
of the locations, widths and heights of the two ellipses. For the example shown in
Fig. 3.16d, the final disc boundary is approximated by the ellipse determined from
the mean of the red and green ellipses. Fig. 3.16e has the delineated disc boundary
coming from the mean of the green and the blue ellipses and the disc boundary in
Fig. 3.16f is the mean of the three ellipses.

3.3.7 Experimental Results

•Performance of optic disc localization
For the evaluation of localization, we consider the location of the optic disc is

correct if the center of the detected optic disc is located inside the manually identi-
fied one in the ophthalmologist annotation (Hoover and Goldbaum, 2003). Table. 3.2
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shows the localization accuracy of the proposed method. We also compare the per-
formance of our method with a recently published approach proposed by Akram
et al. (2015) as well as the one proposed in the previous Section using CHT. We refer
the interested reader to (Akram et al., 2015) for more results of other publications.

Comparing to the first proposed approach by using CHT, COSFIRE filters
achieve the same localization accuracy in the CHASEDB1 data set and a bit lower
accuracy in the ONHSD data set. In the comparison with Akram et al. (2015), we
provide further results on three other data sets that were not used by Akram et al.
(2015), one of which is the DRISHTI-GS1 data set that contains retinal images with
a high number of glaucomatous cases while the ONHSD data set has many images
taken under insufficient illumination.

Table 3.2: Localization accuracy(%) of the proposed approaches on all images in the eight
data sets compared to other methods.

Data sets COSFIRE filter CHT Akram et al. (2015)
CHASEDB1(Owen et al., 2009) 96.43 96.43 -

DIARETDB1(Kauppi et al., 2007) 98.88 - 100
DRISHTI-GS1 (Sivaswamy et al., 2014) 99.01 - -

DRIONS(Carmona et al., 2008) 100 - 100
DRIVE(Staal et al., 2004) 97.50 - 100
HRF(Kohler et al., 2013) 97.78 - 100

MESSIDOR(Decenciére et al., 2014) 99.08 - 98.91
ONHSD(Lowell et al., 2004) 91.92 93.55 -

Weighted mean 98.54 96.85 99.11

•Performance of optic disc segmentation

Then we evaluate the performance of the optic disc segmentation as follows.
The pixels that belong to the disc in the manual annotation and are also marked
as such by the proposed algorithm are considered as true positives (TP), otherwise
they are false negatives (FN). The pixels that do not belong to the disc in manual
annotation and are marked as such by our algorithm are considered as true nega-
tives (TN), otherwise they are false positives (FP). We denote by HD and HG the
height of the detected optic disc and that of the manual annotation, respectively. We
then compute the following performance measurements: sensitivity (Se), specificity
(Sp), Matthews correlation coefficient (MCC) as well as the relative disc height error
(RHE):

Se =
TP

TP + FN
,
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Sp =
TN

TN + FP
,

MCC =
TP/N − S × P√

P × S × (1− S)× (1− P )
,

RHE =
|HD −HG|

HG
,

where N = TN + TP + FN + FP , S = (TP + FN)/N and P = (TP + FP )/N .
MCC measures the quality of a binary classifier and is also suitable for unbalanced
classes. In our case, non-optic-disc pixels outnumber the optic-disc pixels by more
than 30 times in a typical retinal fundus image. The MCC is essentially a correlation
coefficient between the automatically obtained and the manually determined binary
classifications, and has a value between −1 and +1. The value +1 indicates a per-
fect classification, 0 represents random classification while−1 represents completely
wrong classification. We list the weighted mean values of these measurements for
each data set in Table 3.3. Among all the test data sets, the DRIONS data set achieves
the highest sensitivity result while HRF data set is the highest in both the specificity
and the relative disc height error. The best Matthews correlation coefficient goes to
the DRISHTI-GS1 data set which contains more proportion of retinal fundus images
with glaucoma suspects.

Table 3.3: Performance measurements of the disc segmentation on the test data sets. We mark
in bold the best result for each measurement.

Data set Se Sp MCC RHE
CHASEDB1 0.9053 0.9952 0.8648 0.1074

DIARETDB1 0.9631 0.9975 0.8997 0.0821
DRISHTI-GS1 0.9633 0.9963 0.9184 0.0774

DRIONS 0.9661 0.9944 0.8887 0.0964
DRIVE 0.9232 0.9970 0.8490 0.0972

HRF 0.9235 0.9982 0.8849 0.0727
MESSIDOR 0.9499 0.9950 0.8827 0.0921

ONHSD 0.8627 0.9876 0.8246 0.0853
Overall 0.9459 0.9978 0.8816 0.0905

3.4 Discussion

In this chapter, we focus on automated optic disc localization and boundary de-
lineation which is a necessary task in automatic screening systems for ophthalmic
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Figure 3.17: Examples of incorrect disc localization resulting from the COSFIRE filter ap-
proach in retinal fundus image from the ONHSD data set. The green ellipses are the auto-
matically determined optic discs.

pathologies. We proposed two approaches for such task. The first approach uses
anti-symmetric Gabor filters to detect edges along the optic disc and then apply the
circular Hough transform to identify the optic disc. The second method employs
trainable COSFIRE filters which are selective for the vasculature trees and the disc-
shaped patterns, and then approximates the disc boundary by fitting an ellipse to
it. We compare the results of two approaches on optic disc localization in Table. 3.2.
Besides, we also report the comparison on disc localization with an existing ap-
proach published by (Akram et al., 2015) which uses Laplacian of Gaussian filters
to extract bright candidate regions and then select among them the one with the
highest vessel density. The COSFIRE filter and the CHT approaches achieve similar
localization accuracy on all the images in the CHASEDB1 data set while the method
using CHT achieves higher accuracy in the ONHSD data set. Fig. 3.17 shows all the
eight retinal fundus images in the ONHSD data set, of which the COSFIRE filters
failed to localize the optic disc. The reason for it is mainly due to the insufficient
illumination.

Since the CHT uses a circle to approximate the optic disc which is less accu-
rate on the detection of its shape, we only evaluate such approach on the diameter
estimation. For the COSFIRE approach, we evalute the performance on the disc
segmentation and achieve an overall MCC of 0.8816 on all test images.

The first approach employs the circular Hough transform which may perform
less accurate under a population-based setting. On the one hand, the approxima-
tion of the optic disc by a circle can cause the deviation of disc height estimation
since the real optic disc usually has an oval shape. On the other hand, the circular
Hough transform requires the votes from candidate boundary points rather than
considering the curvatures along the boundaries. Thus, it is not robust to noise or
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other features which has strong contrast, such as the parapapillary atrophy or the
bright cup.

In the second approach, we use two types of COSFIRE filters, one is selective for
the divergent points of vascular trees and the other is selective for the disc pattern,
respectively. The divergence of vascular trees is a robust feature for the location
of the optic disc since the big vessel trees always pass through the optic discs. It,
however, does not locate in the exact center of the optic disc. The bright elliptical
shape is also a key feature for the detection of the optic disc in the color space. Since
bright lesions (such as, hard exudates) may have similar shape and brightness, we
can not only rely on the detection of such features. In our method, we first apply
the vasculature-selective COSFIRE filter in order to get a rough location of the optic
disc, then we detect the disc-selective pattern near the divergence of the vasculature
by the disc-selective COSFIRE filter. From the training set of 397 retinal fundus
images in the STARE data set, we configure up to 27 vasculature-selective COSFIRE
filters with which we are able to detect most of the vessel trees in all retinal fundus
images from the nine data sets. This demonstrates the robustness of the configured
vasculature-like COSFIRE filters. We make all these 27 configured filters publicly
available. We then use four disc-selective COSFIRE filters to detect bright circular
shapes. These four filters are configured by disc patterns having 100%, 50%, 40%

and 30% of disc boundaries from a full disc pattern. Here, we do not use only one
filter configured from the full disc pattern and then threshold the filter response by
the value 1, 0.5, 0.4 and 0.3, respectively. This is because the confirmation of the
optic disc relies on the detection of continuous arcs.

For future work, one direction is to explore other approaches which extract hand-
crafted features for optic disc detection. The configuration of vasculature-selective
COSFIRE filters is semi-automatic which could cause extra work in the configu-
ration of a new filter. Therefore, we can introduce synthetic shape models as the
prototype patterns for the configuration of vasculature-selective COSFIRE filters.
Another direction is to use fully convolutional network to automatically explore
learned features for cup segmentation. In the end, we aim to screen glaucoma in a
population-based setting which requires precise segmentation of the cup.

3.5 Conclusions

We proposed two approaches for the optic disc localization and boundary delin-
eation. The first approach uses the circular Hough transform to detect circles which
approximate the optic disc boundary. This method correctly localizes 96.43% and
93.55% of the optic disc in the retinal fundus images in the CHASEDB1 and ONHSD
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data sets, respectively. The average errors of the vertical diameter of the optic disc
are 10.69% and 8.78%, respectively. The second approach employs trainable COS-
FIRE filters which are selective for convergent points of the vasculature trees and
the bright disc patterns. We evaluate this approach on the retinal images from eight
data sets and achieve an overall localization accuracy of 98.54% with an average rel-
ative height error of 9.05%. The average Matthew correlation coefficient is 0.9184.
The proposed methods are effective for optic disc localization and disc boundary
detection which is the essential step for the automatic glaucoma screening system.




