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Abstract

Accurate detection of retinal landmarks like the optic disc is an important step in computer-aided diagnosis
frameworks. This paper presents an efficient method for the automatic detection of the optic disc center and
estimating its boundary. The center and initial diameter of the optic disc are estimated by employing an
artificial neural network (ANN) classifier, which employs the visual features of vessels and their background
tissue to classify the extracted main vessels of retina into two groups: vessels inside the optic disc and
vessels outside optic disc. To this end, the average intensity values and standard deviation of RGB channels,
the average width and orientation of the vessels, and density of the detected vessels and their junction points
in a window around each central pixel of main vessels are employed. The center of the detected vessels,
which belong to the inside of the optic disc region, is adopted as the optic disc center, and their average
lengths in the vertical and horizontal directions are selected as the initial diameter of the optic disc circle.
Then the exact boundary of the optic disc is extracted using the radial analysis of the initial circle. The
performance of the proposed method is measured on the publicly available DRIONS, DRIVE, and
DIARETDBLI databases, and compared with several state-of-the-art methods. The proposed method shows a
much higher mean overlap (70.6%) in the same range of detection accuracy (97.7%) and center distance (12
pixels). The average sensitivity and predictive values of the proposed optic disc detection method are 80.3%
and 84.6%, respectively.
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1. Introduction

The eye and retinal diseases such as diabetic
retinopathy, occlusion, and glaucoma are the
major causes of blindness in the developed and
developing countries. The detection and
quantitative measurement of different parts of
retina such as blood vessels, optic disc, and fovea,
is an important step in the computer-aided
diagnosis of these diseases. Manual or semi-
automatic detection of retinal landmarks is labor-
intensive and time-consuming, especially in a
large database of retinal images. Thus the
development of automatic methods for robust
detection of these landmarks is valuable. In the
literature, several techniques have been reported
for detecting and analyzing retinal landmarks like
blood vessels [1-8], fovea [9, 10], and optic disc
[11-34].

The optic disc is an important landmark for
registering changes within the optic disc region
due to a retinal disease. The changes in the shape,
color or depth of the optic disc are used to
measure abnormal features due to certain
retinopathies such as glaucoma and diabetic
retinopathies [4, 10-12]. It can also be used for
detecting other anatomical components like fovea
[14, 15]. This region has different properties, and
in the literature, several methods attempt to
employ one or more characterizations of it to
estimate the location of the optic disc region. The
optic disc is usually the brightest component on
the fundus images, and therefore, a set of high-
intensity pixels can be identified as the optic disc
location [16-19]. The application of threshold to
intensity values may work well unless there are
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other high-intensity components such as exudates
and lesion regions.

Another feature that can be used to detect the
optic disc is the intensity variation in this region
because of dark blood vessels beside the bright
nerve fibers [15, 16]. However, this method often
fails when a large number of white lesions or light
arti-facts exist in the fundus images.

Since the vessels are originated from the center of
the optic disc, some methods have tried to find the
strongest vessel network convergence as the
primary feature for detection of the optic disc. The
center of the optic disc can be estimated as the
convergence point of vessels [20, 21].

The direction of vessels in the optic disc is
another feature of this region that has been used to
estimate the location of the optic disc [22, 23].
Since the directions of the main vessels inside the
optic disc are vertical, Youssif et al. [22] have
proposed the directional matched filter to
highlight this feature of the optic disc region. The
center of the optic disc is estimated as a point with
the highest response to the directional matched
filter.

Other techniques such as principal component
analysis (PCA) [24], texture descriptor [25],
Radon transform [26], and morphological
operations [24, 27, 28] have also been used to
estimate the location of the optic disc.

Some methods have tried to employ the complex
feature vector obtained from the vessel network
and background of the optic disc region to classify
all pixels of the input image into two groups: optic
disc region and non-optic disc region [29-34].
Also the optic disc boundary has been extracted
by employing different techniques such as fixed
circle [15], active contour models [19], genetic
algorithm [18], and watershed transform [21].

In this paper, an efficient method is presented for
automatic extraction of the optic disc location and
boundary. To this end, the visual characteristics of
the optic disc region are employed to distinguish
the main vessels inside the optic disc using the
artificial neural network (ANN) classifier. The
center of detected vessels is adopted as the center
of optic disc, and an average length of detected
vessels in horizontal and vertical directions is
used as the initial diameter of the optic disc circle.
The precise location of the optic disc boundary is
determined using the radial analysis of this circle.
The rest of this paper is organized as what
follows. The proposed method for an efficient
optic disc detection is presented in section 2.
Experimental results are reported in section 3.
Finally, conclusion is given in section 4.
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2. Proposed Optic Disc Detection method

In the fundus images, as shown in figure 1, the
optic disc is known as a high intensity or
yellowish region. It is the entrance point of the
blood vessels and optic nerves. The occurrence of
the dark blood vessels beside the light optic
nerves also causes a relatively rapid variation in
the intensity of this region. The thickness of the
blood vessels gradually reduces when distant from
the optic disc center. The main blood vessels split
into smaller branches, and spread out to the whole
retinal surface for delivering and receiving blood
supplies in the capillary system. Some of these
features have been employed in the literature for
localization of the optic disc. To perform robust
optic disc detection, one should employ all of
these features, especially in abnormal cases.

Figure 1. Color fundus image.

This paper presents a supervised method for the
automatic detection of the optic disc region. To
increase the reliability of detection of the optic
disc center and boundary, we limited the search
process to the centerline of the detected main
vessels in the retinal images. By employing this
limitation, not only the white lesion regions can
be neglected from the list of optic disc candidates
but also the speed of the search process can be
increased. At first, the main vessels of retina are
detected, and for each wvessel point, all
characteristics of the vessels and their background
tissue are extracted as a feature vector. Then by
employing the ANN classifier, all the detected
vessel points will be classified into two classes:
inside the optic disc (IOD) and outside the optic
disc (OOD) vessels. Finally, the center of the 10D
vessels is selected as the optic disc center and the
average length of the 10D vessels in horizontal
and vertical directions is used as the initial
diameter of the optic disc circle. Then the precise
location of the optic disc boundary is determined
using the radial analysis of this circle. The
flowchart of the proposed method is shown in
figure. 2.
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Figure 2. Flowchart of proposed method for automatic
detection of center and boundary of optic disc.

2.1. Main vessels segmentation

To extract the main blood vessels, we employed a
multi-resolution analyzing technique based on
continuous wavelet transform [3]. In this method,
complex Morlet was used as the analyzing
wavelet to enhance the Gaussian-shaped line
structures (vessel structures) and separate them
from other non-vessel edges like edges of red
lesions and bright blobs. The final vessel network
is extracted by applying an adaptive thresholding
process. The basic threshold value (TB) was
obtained by analyzing the cumulative density
function (CDF) obtained from the histogram of
the vesselness values (real part of complex Morlet
coefficients). Since the average ratio of all the thin
and thick vessel pixels in the retinal images is less
than 15% [3], and also to detect the optic disc,
thick vessels are sufficient, we set the basic
threshold value such that its value was equal to
90% of the existing vesselness values:

T; =arg{CDF(j)=0.90} (1)
j

The imaginary part of the complex Morlet
coefficient in each pixel is added to the basic
threshold value in order to penalize the edge-
shaped points. After applying an adaptive
thresholding procedure, a proper length filter is
also applied to the result obtained to eliminate
small regions. (For more details, refer to Ref. [3].)
An example of the different steps involved in the
segmentation phase is shown in figure 3.
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Figure 3. Results obtained in vessel segmentation phase.
a) Original fundus image. b) Enhanced vessels using
wavelet-based technique. c) Results of applying adaptive
thresholding. d) Final detected main vessels.

2.2. Main vessels feature vector extraction

To calculate different features from vessels, we
introduced a simplified variation of the local
vessel pattern operator [35] and applied it to the
center line of the detected main vessels. The
simple local vessel pattern (SLVP) operator is
defined using N equally-spaced points (Pg(i) for i
= 0 to N-1) on a circle with radius R, which is
centered at the centerline pixel (x.y;) of the
detected vessels (1):

P, (i) = I ([xc —Rsin(27i/N)].[yc + Rcos@4/N)])  (2)

The coordinate of each point is rounded ([.]) so
that its position exactly falls into the center of a
pixel. Therefore, the value of each point Pg(i) is
equal to “1” if it falls on the vessel points and “0”
otherwise. The number of points (N) in SLVP is
set to the number of pixels existing in the
perimeter of the corresponding circle ([N = 27R |

). Also the radius of the circle is adopted such that
the SLVP obtained can describe the certain
features of all vessel structures. Since in the
retinal images with their size of about 565 x 584
pixels (DRIVE datasets [36]) the maximum width
of blood vessels (Wy) is less than 10 pixels, we set
the value for radius R to 15 pixels in order to span
all vessel widths. For other datasets that have a
large difference to this size, this radius should be
set based on its maximum width of vessels plus
five (R = Wy + 5). Another choice is employing
the resizing algorithm to resize the images to
about 565 x 584 pixels (size of images in the
DRIVE dataset).

By analyzing the obtained circular structure of the
SLVP operator, different features of vessel points
such as vessel width (V,,), vessel orientation (Vy),
and vessel junctions (Jy) can be extracted. The
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type of each vessel point can be determined using
the number of vessel ends (Vg) that intersect with
the perimeter of the corresponding circle. Each
vessel end consists of one transition from 0 to 1,
several 1s, and one transition from 1 to O.
Therefore, half of the number of transitions from
0 to 1 or vice versa can be used as the number of
vessel ends (Vg), as below:

v, zg(\PR(N71)fPR(o)\+?;;TPRU)*PR(M)\) )

Therefore, the type of current point can be
determined as one of these cases based on the
value of Vg:
e If Vg <2, the current point is simple or end
vessel point.
o If Vg > 2, the current point is a junction
(bifurcation or cross-over) point.
Also the width (V,) and orientation (V,) of
vessel can be estimated as below:
N,
V,, = 2R xsin( N )
__ (POFO+N, /2)x2x
N

4
mod 7

Vo

where, R is the radius of the circular structure and
N is the number of all points in the circular
structure. Also POFO is the position of the first
point with value “1” from the beginning of the
obtained circular structure and N, is the average
number of wvessel points in the vessel ends.
Therefore, the value for N, should be calculated
from the number of all vessel points existing in
the circular structure divided by the number of
vessel ends:

N, = (P @) Ve )

An example of extracting SLVP for R = 15 and N
= 96 (P1s5) and the details of estimating POFO and
N, are also illustrated in figure 4.

To detect the 10D wvessels, all visual
characteristics of the vessels and their background
tissue are employed as a feature wvector. To
increase the reliability of the measured features,
all features are calculated in a 70 x 70 window
(W) centered at each point (x, y) in the centerline
of the detected main vessels. Then the following
set of features is measured:

1) Average intensity value in the window W for
red (Ir), green (lg), and blue (Ig) channels of the
colored retinal image (Im):

lc= YImxy,C)/|W| for Ce{R,G,B} (6)

X, yew
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Figure 4. An example of extracting local vessel pattern for

R =15 and N = 96 and estimation of POFO and N,. Value

of white circle is one (for vessel points) and black circle is
zero (for non-vessel points).

where, |W| is the number of points in the window

W.

2) Standard deviation of intensity value in the
window W for red (Sg), green (Sg) and blue
(Sg) channels of colored retinal image (Im):

Sc =\/( 2-(Im(x,y,C) = 1c)*)/ [W |

X, yeW

7
for C e{R,G,B} )

3) Average width of the vessels in the window W:
A= 2V (Y INY' |

X,yeW
(8)
where, [Ny | is the number of vessel centerline
points in the window W.
4) Average orientation of the vessels in the
window W:

A =( 2V (Y INY' | ©)

X,YeEW

5) Density of the detected vessels (V) in the
window W:
D, =( 2V )/ W]
X, yeWw
6) Density of junction points (Jy) of vessels in the
window W:
Dy =( 23 (xy)/INY'|

X, yeW

(10)

(11)

2.3. Initial optic disc circle extraction

To increase the reliability of detection of the optic
disc center and boundary, we limited the search
process to the centerline of the main vessels in the
retinal images. To separate the vessels inside the
optic disc from the other main vessels, all visual
characteristics of the vessels and their background
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tissue were extracted as a feature vector (F ) for
each centerline point of the main vessels:

IE={|R,IG,IB,SRyseystAﬂ’AN’DV’DJ}

Then the extracted feature vectors for all
centerline points were applied to a fully connected
multi-layer perceptron ANN to be applied to a
fully connected multi-layer perceptron to estimate
their similarity to the 10D or OOD vessels. This
ANN had 10 input neurons, 7 hidden neurons, and
one output neuron. The ANN output indicated the
similarity of the input feature vector to the 10D
vessels (Siop) and in the range of 0 to 1. The
values near 1 were related to the 10D vessels, and
those near O were related to the OOD vessels. The
structure of the proposed ANN is shown in figure
5.
F —»

(12)

Fa

SIOD

Fio

Figure 5. Structure of employed ANN to estimate
similarity of main vessel to 10D vessels. Input Fy is k™
element of extracted feature vector corresponding to main
vessel point, and S,op is similarity value of this vessel
point to inside of optic disc vessels.

After estimating the similarity of all points on the
centerline of main vessels to the 10D vessels by
the proposed ANN, the points with S,op values
greater than 0.5 were selected as the 10D vessel
candidates. Then the morphological closing
operator (using disk structure element with radius
of 20 pixels) was applied to the IOD candidates to
connect the near disjointed candidates. The
biggest set of candidates was selected as the 10D
vessels.

Finally, the center of detected 10D vessels was
selected as the optic disc center, and the average
length of 10D vessels in the horizontal and
vertical directions was used as the diameter of the
initial optic disc circle. The details of these steps
are given in figure 6.

2.4. Exact optic disc boundary detection using
radial analysis

Since the intensity of the optic disc region is very
high, and it can be more visible in the red channel,
this channel was selected for further processing
(see Figures 7a-7c). At first, the morphological
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opening operator was applied to the red channel to
reduce the effect of dark vessels in the optic disc
region. Then the final location of the optic disc
boundary was determined using the radial analysis
of initial optic disc circle on the enhanced red
channel. Therefore, the position of each point on
the initial optic disc circle was adjusted to a new
point on the radial line whose intensity was near
the optic disc boundary intensity.

To this end, for each point on the initial circle
perimeter (called “Initial Position), a radial line
was defined as a line that passed through the
corresponding point in the direction of the initial
circle radius. The length of this line was set to the
length of the radius of the initial circle, and the
corresponding point fell exactly at the middle of
this line (one half at inside the circle and the other
half at outside of it). The position of each point on
the radial line was rounded to fall on a nearest
pixel. On the radial line, at first, the direction of
adjustment was determined. Therefore, five points
starting from Initial Position toward inside were
considered, and we compared their intensities
with a pre-defined threshold (the average intensity
of optic disc points TOD). If the intensity of all of
them was greater than the threshold TOD, the
direction of adjustment was set to the outside of
the initial circle, and the final position of this
point was adjusted to the first point whose value
was lower than the threshold TOD. Otherwise (the
intensity of all of them not greater than the
threshold TOD), the direction of adjustment was
set to the inside of the initial circle, and the final
position of this point was adjusted to the first
point whose value was greater than the threshold
TOD. The value for threshold TOD was set to
average intensity of pixels inside the initial circle
on the enhanced red channel. Finally, the
morphological closing operator was applied to the
adjusted border to smooth the boundary and fill
the small gaps that may exist in the region of
vessels. The details of the proposed method are
given in figure 7.

N
A

Figure 6. Results of different steps of obtaining initial
optic disc circle. a) Extracted main vessel center line. b)
Detected 10D vessels. c) Initial optic disc circle.
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3. Experimental results
The proposed method for automatic optic disc
center detection and its boundary estimation was

evaluated on three publicly available databases,
the DRIONS database [18], DRIVE database [36],
and DIARETDBL1 database [37].
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The DRIONS dataset consists of 110 images. This
set has the same images used in Carmona et al.
[18]. These images were captured in digital form
using a HP-Photosmart S20 fundus camera at 45°
field of view (FOV). The size of images was 600
x 400 pixels, and we used 8 bits per each color
channel. Two experts manually segmented the
optic disc region of all images. The union of hand-
labeled images by two experts was used as ground
truth.

The DRIVE database consists of 40 images along
with manual segmentation of vessels. It has been
divided into training and test sets, each of which
containing 20 images. These images were
captured in digital form using a Canon CR5
3CCD camera at 45° FOV. The size of images
was 565 x 584 pixels, and 8 bits per each color
channel were used. We hand-labeled the optic disc
regions by one expert, and used them as ground
truth.

DIARETDBL is an image database consisting of
89 color eye fundus images along with manual
detected optic disc region. The size of images is
1500 x 1152 pixels. These images were captured
using a fundus camera at 50° FOV.

To evaluate the proposed method, based on the
area overlap between the ground truth optic disc
region and the optic disc region obtained by the
proposed method, different parameters such as
true positive (TP), false negative (FN), and false
positive (FP) were calculated. TP is the area of the
ground truth optic disc region also detected by the
proposed method. FN is the area of the ground
truth optic disc region that was not detected by the
proposed method. FP is the area of the detected
optic disc region that is outside the ground truth
optic disc region, as shown in figure 8.

Using these metrics, we can obtain more
meaningful performance measures like sensitivity,
predictive, and overlap values, as below:

Sensitivity = TP / (TP + FN) (13)
Predictive = TP / (TP + FP) (14)
Overlap=TP /(TP + FP + FN) (15)

Detected OD Original OD

Figure 8. Areas used to estimate performance of proposed
method. CDD is Euclidian distance between detected
center and original center of optic disc.

Also to evaluate the performance of the optic disc
detection algorithm, accuracy (ACC) and center
disk distance (CDD) from the original position
was used as measure. ACC is defined as the
percentage of the images that the detected optic
disc has overlapped with the ground truth images.
CDD is also defined as the Euclidean distance
between the center of the detected optic disc and
the center of reference optic disc in the ground
truth images.

At First, to obtain the best structure for ANN, we
divided the images for the DRIONS dataset into
two equal sets (each with 55 images): one set was
used as the training set and the other one as the
test set. We trained ANN with different numbers
of nodes in the hidden layer. The training was
done using the gradient decent algorithm and
repeated 100 epochs for each input. This process
was done when the number of hidden nodes in
ANN were setto 2, 3, 4,5, 6,7, 8,9, 10, 15, and
20 neurons. In each case, the performance of
ANN was evaluated using the test images. The
results obtained are shown in table 1. From the
results obtained, the best performance was related
to the case where the number of hidden nodes was
set to 7 neurons. Therefore, we used this ANN in
the remaining experiments.

To evaluate the proposed method on all images of
the DRIONS dataset, the test and train sets were
exchanged, and the performance of the proposed
method was calculated again. The average of the
obtained performances along with the results of
Carmona et al. [18] are summarized in table 2.

Table 1. Results obtained for proposed method for different numbers of hidden neurons in ANN.

Hidden Nodes 2 3 4 5 6 7 8 9 10 15 20
ACC% 96.3 96.3 98.1 98.1 100 100 100 100 98.1 98.1 96.3
Overlap% 70.4 72.2 73.4 76.5 77.6 71.7 77.2 76.8 75.4 74.9 72.3
CDD (pixel) 14.4 13.8 12.2 11.8 10.9 8.8 10.3 11.2 12.8 13.4 13.7

From the results obtained, ACC, CDD, and
overlap of the proposed method were 100%, 9
Pixels, and 76.5%, respectively. Some samples of
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the results obtained for the proposed method are
shown in figure 9. To compare the proposed
method with some of the state-of-the-art methods,
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it was also applied to the DIARETDBL1 database In this experiment, the previous trained ANN
[37] using DRIONS dataset was used again. Since the
training and test sets are really independent, the
Table 2. Obtained performance on DRIONS database. robustness of the proposed method can also be
Method ACC% CDD (pixel) Overlap% determined.
Carmona et al. [18] 96 5
Proposed method 100 9 76.5

Figure 9. Results obtained for proposed method on DRIONS dataset images. Detected boundary of optic disc is shown by
white curve, and ground truth is shown by black curve.

Figure 10. Results obtained for proposed method on DIARETDB1 dataset images. Detected boundary of optic disc is shown
by white curve, and ground truth is shown by black curve.
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Table 3. Obtained performance of all methods on DIARETDB1 database. Best values are bold.

Method ACC% CDD (pixel) Overlap% Sensitivity% Predictive%
Walter et al. [16] 92. 155 37.2 65.6 93.9
Stapor et al. [17] 78. 6.0 341 84.9 80.3
Lupascu et al. [25] ) 86. 13.8 30.9 68.4 81.1
Sopharak et al. [27] ) 16.3 29.7 46.0 95.9
Welfer et al. [28] Coo7 4.9 445 925 87.6
Qureshi et al. [30] T o4 11.9 - - -
Proposed method ) 95, 12.2 68.4 76.5 89.9

Table 4. Obtained performance of all methods on DRIVE database. Best values are bold.

Method ACC% CDD (pixel) Overlap% Sensitivity % Predictive%
Walter et al. [16] 775 12.39 30.03 49.88 86.53
Stapor et al. [17] 87.5 9.85 32.47 73.68 61.98
Youssif et al. [22] 100 17 - - -
Lupascu et al. [25] 95 8.05 40.35 77.68 88.14
Sopharak et al. [27] 95 20.94 17.98 21.04 93.34
Welfer et al. [28] 100 7.48 42.54 83.25 89.38
Qureshi et al. [30] 100 15.95 - - -
Hsiao et al. [31] 100 15 93 - -
Ramakanth et al. [33] 100 - - - -
Proposed method 975 13.1 68.2 87.7 78.9

Figure 11. Results obtained for proposed method on some images of DRIVE dataset. Detected boundary of optic disc is shown
by white curve, and corresponding ground truth is shown by black curve.

Table 5. Running times for different segmentation methods on DRIVE database. Best values are bold.

Method Time PC Software
Walter et al. [16] 219.60s  Intel(R) Core (TM)2 Quad CPU 2.4 GHz, 4 GB RAM MATLAB
Stapor et al. [17] 43.00s Intel(R) Core (TM)2 Quad CPU 2.4 GHz, 4 GB RAM MATLAB
Sopharak et al. [27]  14.92s Intel(R) Core (TM)2 Quad CPU 2.4 GHz, 4 GB RAM MATLAB
Welfer et al. [28] 22.66s Intel(R) Core (TM)2 Quad CPU 2.4 GHz, 4 GB RAM MATLAB
Proposed method 13.24s Intel(R) Core (TM)2 Quad CPU 2.4 GHz, 4 GB RAM MATLAB
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For this purpose, the methods proposed by Walter
et al. [16], Stapor et al. [17], Lupascu et al. [25],
Sopharak et al. [27], Welfer et al. [28], and
Qureshi et al. [30] were used for comparison. The
results of other methods were obtained from their
original papers or from Welfer et al. [28]. These
results are summarized in table 3. In this table, for
each evaluating parameter, the best value is
bolded. The results obtained for the proposed
method on some images of the DIARETDB1
database are also shown in figure 10.

From the results obtained, the overlap of the
proposed method was much higher than the others
(at least 22% greater), while its accuracy,
sensitivity, and predictive values were high, and
the mean distance between the center of detected
optic disc and ground truth was about 12 pixels.
The proposed method was also compared on the
DRIVE database [29] with some state-of-the-art
methods. In this experiment, the methods
proposed by Walter et al. [16], Stapor et al. [17],
Youssif et al. [22], Lupascu et al. [25], Sopharak
et al. [27] , Welfer et al. [28], Qureshi et al. [30],
Hsiao et al. [31], and Ramakanth et al. [33] were
used for comparison. The results of other methods
were obtained from their original papers or from
Welfer et al. [28]. These results are summarized in
table 4. In this table, for each evaluating
parameter, the best value is bolded. In this
experiment, the previous trained ANN was used
again. Since the training and test sets are really
independent, the results obtained show the
robustness of the proposed method. According to
the results obtained, the sensitivity and overlap
values for the proposed method were 87.7% and
68.2%, respectively, and higher than the others,
while its accuracy, CDD, and predictive values
were similar to the others. The results obtained for
the proposed method on some images of the
DRIVE database are also shown in figure 11.
Finally, the running time of the proposed method
along with some state-of-the-art methods are
given in table 5. The proposed method requires a
low computational cost, and competes with the
existing fast methods because we concentrated the
feature extraction process only on the center line
of the wvessels. Without optimization of its
MATLAB code, it will take about 13.2 seconds to
process one image in the DRIVE database on a
PC with a Intel(R) Core(TM)2 Quad CPU and 4.0
GB RAM. In real applications, the computation
time can be significantly reduced by
implementing  the  algorithrm in  C/C++
programming. In this way, our method can be
seen as an interesting option to handle large image
sets.
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4. Conclusion

In this paper, we proposed an efficient algorithm
for automatic optic disc detection and its border
estimation. The proposed method is based upon
estimating the similarity of the main retinal
vessels into the optic disc vessels by employing
the ANN along with efficient visual features of
the optic discs vessels and background tissue. The
center of detected inside the optic disc vessels was
selected as the optic disc center, and a circle that
surrounded these vessels was also selected as the
initial border of the optic disc. The precise
location of the optic disc boundary was adjusted
by the radial analysis of the initial circle. The
obtained average accuracy, overlap, sensitivity,
and predictive values for optic disc segmentation
on the DRIONS, DRIVE, and DIARETDB1
datasets were 97.7%, 70.6%, 80.3%, and 84.6%,
respectively. The mean distance between the
detected optic disc and ground truth was less than
12 pixels. The mean overlap value of the proposed
method was at least 22% greater than the other
state-of-the-art methods. Also the running time of
the proposed method was better than the other
state-of-the-art methods.

In the future works, to increase the performance
of the proposed method, we can employ more
reliable features, and also can employ feature
learning-based techniques to this end. Also new
edge detection methods [38] can be utilized to
enhance results on noisy images. Finally
employing other classifiers can be considered.
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