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Abstract

A deformable-model based approach is presented in this paper for robust detection of optic disk and cup boundaries. Earlier work on
disk boundary detection up to now could not effectively solve the problem of vessel occlusion. The method proposed here improves and
extends the original snake, which is essentially a deforming-only technique, in two aspects: knowledge-based clustering and smoothing
update. The contour deforms to the location with minimum energy, and then self-clusters into two groups, i.e., edge-point group and
uncertain-point group, which are finally updated by the combination of both local and global information. The modifications enable the
proposed algorithm to become more accurate and robust to blood vessel occlusions, noises, ill-defined edges and fuzzy contour shapes.
The comparative results on the 100 testing images show that the proposed method achieves better success rate (94%) when compared to
those obtained by GVF-snake (12%) and modified ASM (82%). The proposed method is extended to detect the cup boundary and then
extract the disk parameters for clinical application, which is a relatively new task in fundus image processing. The resulted cup-to-disk
(C/D) ratio shows good consistency and compatibility when compared with the results from Heidelberg Retina Tomograph (HRT) under
clinical validation.
� 2006 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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1. Introduction

Optic disk with bright-white region inside called pallor
is one of main components on the fundus image as shown
in Fig. 1(a). It is the entrance of the optic nerve and blood
vessels to the retina. The 3-D shape of the optic disk is an
important indicator of various ophthalmic pathologies. For
an instance, the optic disk becomes bigger and deeper in the
eyes with glaucoma. Clinicians quantify the cupping of the
optic disk to evaluate the progression of glaucoma, where
cup is defined at certain depth down from the disk edges.
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Cup and disk boundaries act as the references to quantitative
measurements of the disk parameters, such as cup-to-disk
(C/D) vertical ratio, C/D area ratio, etc., which are the im-
portant parameters for diagnosis. The existing ophthalmic
instrument used to analyze the optic disk such as Optical
Coherence Tomography (OCT) and Heidelberg Retina To-
mograph (HRT) are based on scanning laser technique that
can provide a colorless or pseudo-color 3-D visualization.
The clinicians must manually place the disk boundary on
the 3-D image as the reference, and then the cup boundary
can be generated from the disk contour based on 3-D depth
information. Since the image created from OCT or HRT is
not true color image, the 2-D color fundus image is still
referred to by most clinicians for the estimation of disk
and cup boundaries. As an effective solution to this, a fully
automated approach of cup and disk boundary detection is
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Fig. 1. Definition of cup and disk contours: (a) optic disk image; (b)
cross sectional profile of optic disk.

presented in this paper to provide essential disk parameters
for clinical analysis and pathological monitoring.

The optic disk generally appears as a bright circular or
elliptic region. The methods of optic disk boundary detec-
tion can be separated into two steps: optic disk localization
and disk boundary detection. Correct localization of the op-
tic disk may improve the accuracy of disk boundary extrac-
tion. Many existing approaches can be used to locate the
optic disk with reasonable success. Sinthanayothin [1] lo-
cated the position of the optic disk by finding the region
with the highest local variation in the intensity. Tamur [2]
and Pinz [3] applied Hough transform to obtain optic disk
center and the outer circle of disk boundary. Recently, a
principal component analysis (PCA) model based approach
was used in Ref. [4], and template matching was used in
Refs. [5–7]. Hoover [8] utilized the geometric relationship
between the optic disk and main blood vessels to identify
the disk location, similar approaches were introduced in
Refs. [9,10]. Correctly locating the optic disk is the first
and essential step for optic disk segmentation. Subsequently
the disk center is estimated and used to initialize the disk
boundary.

Interference of blood vessels is one of the main difficul-
ties to segment the optic disk reliably and accurately. This
problem is very similar to other boundary detection and im-
age segmentation problems in medical imaging area that
still require robust solution. Currently, deformable models
offer a reasonable approach for boundary detection and im-
age segmentation which can be roughly classified into two
categories: free-form deformable models, such as snakes,
and parametrically deformable models, such as active shape

models (ASMs). Mendels et al. [11] and Osareh et al. [6]
extracted the optic disk boundary by GVF-snake algorithm,
in which the blood vessel was first removed by morphol-
ogy in the preprocessing step. Walter et al. [12] also used
morphological filtering techniques to remove the blood ves-
sels and then detected the optic disk boundary by means
of shade-correlation operation and watershed transforma-
tion. Although the morphology preprocessing helps reduce
the effect of blood vessels, it could not totally remove the
effect. The resulted boundary was distorted in the regions
with outgoing vessels. Li and Chutatape [13,14] used a PCA
method to locate the optic disk and an ASM to refine the
disk boundary. Although this approach could indirectly han-
dle blood vessel occlusion problem with moderate accuracy,
by using shape models, the fuzzy shapes of optic disk due
to various pathological changes were not easy to be repre-
sented by a number of shape models, which might reduce
the accuracy of the result. Parametrically deformable mod-
els (ASM method) are suitable for use when more specific
shape information is available and the detected object has
relatively uniform shape with limited variation. However, in
optic disk boundary detection, pathological changes may ar-
bitrarily deform the shape of optic disk and also distort the
course of blood vessels. Hence, deformable templates may
not be able to sufficiently encode various shapes of optic
disk from different pathological changes. Lowell et al. [7]
segmented the optic disk by a contour deformation method
based on a global elliptic model and a local deformable
model with variable edge-strength dependent stiffness. How-
ever, the authors indicated that the performance to the im-
ages with variably pathological changes still needed to be
further improved. A level set approach was introduced in
Ref. [15], which can segment the objects with arbitrarily
complex shapes. The advantage of this approach is its abil-
ity to evolve the model in the presence of sharp corners,
cusps, shapes with pieces and holes, etc. Nevertheless, many
of these problems are different from those encountered in
the boundary detection of optic disk. How to remove the
influence of blood vessels is still the main difficulty to the
employment of the above-mentioned methods to the optic
disk boundary detection.

Cup is the depressed area inside the optic disk, hence
the 3-D depth is the primary feature of the cup boundary,
for which the automated detection is a relatively new task
and challenging work in fundus image processing. So far,
very few researchers focused their work on cup boundary
detection due to the fact that the 3-D image is not easily
available. Results of disk and cup boundaries were shown
in Ref. [16], however, the authors did not clearly describe
how to obtain these boundaries.

Since 3-D images are not generally available, some def-
initions are provided to estimate the cup boundary on 2-D
images. Previously, the clinicians used the pallor to esti-
mate the cup boundary, while pallor is defined as the area
of maximum color contrast inside the disk area. However,
in many cases, there is no obvious pallor in the disk area.
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Even if the pallor is clear, its edge is just close to, but not
the exact cup edge. Currently, the bending of small blood
vessels at the cup edge is used as a clue to measure the cup
boundary. Nevertheless, this method can only provide sev-
eral points of cup boundary in the area where there are small
blood vessels; for the area without small blood vessels, the
cup boundary is not easy to be estimated. Alternatively, 3-D
depth information is a relatively reliable feature to estimate
the cup contour. There are several different cup definitions
based on depths. In Ref. [17], cup is defined to be 50 �m
down from a reference plane which is estimated from the
periphery of retinal surface, Another definition [18–22] lo-
cates cup at 150, 120 �m, 50%, 1

3 , etc., drop from the optic
disk edge to the deepest point as shown in Fig. 1(b). All
these cup definitions only depend on the depth information,
because the 3-D image obtained in most of these literatures
is colorless or only with pseudo-color.

In this paper, a novel approach for automated detection of
cup and disk boundaries is proposed based on free-form de-
formable model technique (snake). The boundaries are ex-
tracted based on the combined information of smoothness,
gradient, depth, etc. The algorithm extends the original snake
technique further in two aspects to directly solve the prob-
lem of the influence of blood vessels without affecting the
accuracy.

2. Optic disk boundary detection

The original deforming-only snake process is modified
and implemented with further two extensions. Firstly, af-
ter each deformation, the contour points are classified into
edge-point cluster or uncertain-point cluster by knowledge-
based unsupervised learning. Secondly, the contour is up-
dated through variable sample numbers. The updating is self-
adjusted using both global and local information so that the
balance on contour stability and accuracy can be achieved.
The proposed method of optic disk boundary detection in-
cludes initialization of optic disk boundary, contour defor-
mation, clustering, and smoothing update, which is depicted
in a closed-loop block diagram as shown in Fig. 2.
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Fig. 2. Flowchart of optic disk boundary detection.

2.1. Energy definition and contour deformation

According to Kass et al. [23], the snake is defined as a
parametric curve s(n)=[u(n), v(n)], where n is the index of
the contour point, 1�n�N . The contour globally deforms
to the expected location by minimizing an energy function
consisting of internal energy and external energy. More de-
tails of snake technique can be found in Refs. [23,24]. A
dynamic �–� polar coordinate system of the optic disk is set
up for contour deformation. The disk center is set to be the
initial origin. Circular Hough transformation is first applied
on the edge map of the optic disk image to obtain the best
fitting circle with center c̄0 and radius r̄ . The initial contour
points are selected at � = r̄ for every 5◦ of �, resulting in
N = 72 contour points. The contour deformation is made
possible only along ±� directions. In the proposed method,
the energy function is composed of four terms that are pro-
portional to smoothness, gradient magnitude, gradient ori-
entation, and intensity, all of which are written as

E(ni) = �1Esmooth(ni) + �2Egradient (ni)

+ �3Eorientation(ni) + �4Eintensity(ni). (1)

where ni is the candidate pixel. The new contour point n is
set to be the candidate pixel with the lowest local energy.

In the energy function, the smoothness term is the sum-
mation of the absolute value of the first and second deriva-
tives, which is similar to the internal energy of the original
snake, written as

Esmooth(ni) = �1

∣∣∣∣ds(ni)

dn

∣∣∣∣ + �2

∣∣∣∣d2s(ni)

dn2

∣∣∣∣ , (2)

where �1 and �2 are constants specifying the elasticity and
stiffness of the snake, with �2 set at 0.1 time of �1 in this
paper.

Magnitude of gradient, Egradient (ni) = −|∇I (ni)|, can
efficiently provide the boundary location. Gradient orien-
tation is also considered in the energy function to make it
robust to disturbance of the vessel edge. Let Ori(n) denote
the gradient orientation of the disk boundary at point n.
Considering the optic disk is close to a circular shape and
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the disk region is brighter than the other region, the gradient
orientation of the disk boundary at point n should be close
to the angle of this point, �n. Hence, the gradient orientation
term of the energy is written as

Eorientation(ni) = |Ori(ni) − �n|. (3)

On the disk boundary, most contour points have similar in-
tensity value. Let Tmedian be the median intensity of the con-
tour points and Int(ni) be the intensity value of individual
candidate pixel. The absolute intensity difference is another
term of the energy function:

Eintensity(ni) = |Int(ni) − Tmedian|. (4)

Therefore, the total energy function of the candidate point
ni can be written as

E(ni) = �1

{∣∣∣∣ds(ni)

dn

∣∣∣∣ + 0.1

∣∣∣∣d2s(ni)

dn2

∣∣∣∣
}

+ �2{−|∇I (ni)|}

+ �3|Ori(ni) − �n| + �4|Int(ni) − Tmedian|, (5)

where �1–�4 are the weights of the energy terms. They may
be set to the same value by default.

2.2. Parameter setting

Properly selecting parameters of the energy function is
one important topic in snake technique. In this paper, to
guarantee that each term contributes the same magnitude of
energy, every term in the energy function is first normalized
to the same range, such as [0, 1]. Then the weight parameter
of each term could be set based on its level of importance in
the whole energy function. They may also be set to the same
value by default. Considering that the gradient magnitude
and gradient orientation are more important features, their
weight parameter values can be set slightly higher than the
others. For example, �1: �2: �3: �4 may be set as 1:1.2:1:1.
The proposed method is not sensitive to the reasonable vari-
ation of weight ratio between each term.

2.3. Knowledge-based clustering of the contour points

In each iteration, the contour points deform to the lo-
cations with minimal combined energies. However, the
deforming-only process could not give sufficient good con-
tour result. Some points may not be located on the true
edges of optic disk because of the effects of blood vessels,
noises, ill-defined edges, etc. Hence the contour points are
classified into uncertain-point group and edge-point group.
The two groups are then updated using different operations.
Precise classification is not necessary in this algorithm,
because this is an iterative-update algorithm; the resulted
contour does not only depend on one classification in an
iteration. A simple and fast classification technique should
be considered, since classification process is embedded
into each iteration. The effect of the classification in the

Fig. 3. An example of Hough transformation on edge map. Solid line is
the edges; ‘∇’denotes initial disk center c̄0; ‘×’ indicates initial contour
points based on r̄.

proposed method is that in each iteration, the points in
certain proportion of the whole contour points (uncertain
points), being most similar to false edge points, are classi-
fied and updated by global/local information; whereas the
other points (edge points) are updated by local information
only.

Supervised learning is not suitable because the variations
of the retinal color, fundus tissue reflection, and uneven pho-
tographic illumination in each fundus image makes it diffi-
cult to select a fix training set and estimate certain criterion to
consistently classify the edge points and the uncertain points
in different images. In this classification problem, it has been
known that there are basically two classes. Hence, the simple
unsupervised learning method, i.e., modified k-means algo-
rithm, is sufficient to approximately group the contour points
into two clusters, i.e., edge-point cluster and uncertain-point
cluster. k-means algorithm uses sample properties extracted
from single image to separate them through self-learning
which is robust to the illumination changes and to the dif-
ferent tissue reflection from different eye images, etc.

The clustering samples are the intensity distribution of
each contour point (�n, �n) along radial line in the range of
�n ± �� pixels, as shown by the dash line with arrows in
Fig. 3. Let zn denote the sample vector, which must be nor-
malized before clustering computation to enhance the weak
edge. If the contour point is located on the disk edge, its
intensity distribution will be similar to a negative-step pro-
file as shown in Fig. 4(a). On the contrary, if the contour
point is located on the blood vessel, disk region, or back-
ground region, it will have different distribution as shown
in Fig. 4(b), (c). The proposed knowledge-based clustering
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Fig. 4. Normalized clustering samples: (a) sample of edge point; (b) sample of blood vessel point; (c) sample of background point.

method is based on the assumption that more than 50% con-
tour points are edge points. Then two features are extracted
from the profile distributions of the samples for classifica-
tion, based on the median of samples and the standard devi-
ation of each sample, denoted by fzn = [Dz0(n), Pstd(n)]T.
The first feature is set to be Dz0(n)=‖zn −z0‖, where z0 is
the median vector of all the sample vectors zn, n=1, 2 . . . 72.
The second feature is set to be the standard deviation of each
sample vector, denoted as Pstd(n)= std(zn). Then, the sam-
ple points are self-grouped into two clusters in the feature
space.

Let S1 and S2 denote the edge-point cluster and the
uncertain-point cluster, respectively. The contour points
are classified into these two clusters by weighted k-means

algorithm. At t th iteration, the sample fzn is distributed
among two clusters {S1(t), S2(t)} according to the following
rule:

{
fzn ∈ S1(t) if ‖fzn − c1‖�wm‖fzn − c2‖,
fzn ∈ S2(t) if ‖fzn − c1‖ > wm‖fzn − c2‖, (6)

where wm is the weight used to adjust the number of samples
in each class, c1 and c2 are cluster centers, which are then
updated by

cj (t + 1) = 1

|Sj |
∑

fzn∈Sj (t)

fzn, j = 1, 2, (7)
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where |Sj | is the sample number in cluster j . The cluster-
ing iteration will stop, if both of two cluster centers do not
change in the iteration. Because the following smoothing up-
date is based on the information of S1 (edge-point cluster),
the sample number in S1 should dominate, i.e., |S1| > |S2|.
Hence a weight wm is introduced in the k-means algorithm
as shown in Eq. (6) to adjust the distribution of the sample
numbers in two clusters. |S1| can be guaranteed to be in the
range of [NLow, NHigh] by self-adjusting the weight wm. If
N1 < NLow, wm is increased; and if N1 > NHigh, wm is de-
creased. NLow and NHigh are set based on the medical back-
ground knowledge that approximately 20% contour points
are the blood vessel points.

2.4. Smoothing update

After contour deformation and clustering, edge-point
cluster and uncertain-point cluster are obtained. The points
belonging to different clusters are updated by different cri-
teria. This operation will retain the edge points close to
their original positions and update the uncertain points to
the correct positions. All the contour points, whether they
are in S1 or S2, are updated using the information of their
neighbors in S1. The point information in S2, however, is
not used for update. Each point’s radius �n is updated by
its neighboring edge points while keeping the angle �n

fixed. The number of neighbors used for updating denoted
as win(n) is varied based on the analyzed result of its
neighbors. An example is illustrated in Fig. 5(a) to explain
the smoothing update, where win(n) is set to be 2, the ‘×’
points are the edge points belonging to S1, and the ‘o’ points
indicate the uncertain points belonging to S2. The radius �n

of point n is replaced by the average value of its first and
second closest neighboring edge points (‘×’ points) in S1
along both ±��n sides, written as

�update
n = average{�nl1

, �nl2
, �n, �nr1

, �nr2
}, (8)

where nl2, nl1, nr1, nr2 are the first and second closest ‘×’
points to point n along ±��n directions. If point n is the
uncertain point, it is not used in Eq. (8) for updating com-
putation.

The updating sample number of neighbors win(n) is var-
ied for different contour point based on the information an-
alyzed from the neighbors. The uncertain-point cluster S2
consists of points belonging to vessels or noises. The ves-
sel points tend to scatter on the whole contour and gener-
ally have only several continuous points as shown by the
circle points in Fig. 5(a). The noise points are arbitrarily
located anywhere on the contour. In some cases, the noise
points occur almost continuously in certain large region, as
shown by the circle points in Fig. 5(b). Small win(•), such
as win(•) = 2, only uses the local information to update the
contour point. It is able to solve the problem of blood vessel
occlusion as shown in Fig. 5(a), while the original positions
of the correct edge points are approximately maintained.

Fig. 5. Clustered contour points. ‘×’—edge points; ‘o’ —uncertain points:
(a) dispersedly uncertain points; (b) continuously uncertain points.

However, if the contour has continuously uncertain points
as shown in Fig. 5(b), small win(•) may not provide reli-
able boundary points. Hence, win(•) should be increased in
the continuous noise region, where the updating is based on
semi-global information, or even global information when
win(•) increases to the half of the whole contour. Global
information therefore helps restrict the contour within cer-
tain model, whereas local information provides the detailed
variation of the contour. Therefore, variable updating sample
number for different contour points can balance the stability
and accuracy of the contour.
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For every contour point n, the combination force �(n) of
the neighbors within the range of [n−�c, n+�c] is used to
set the updating sample number win(n). �(n) is computed as

�(n) =
∑

i

wiNormi , i ∈ [n − �c, n + �c],

wi =
{

0 if n ∈ S1,

1 if n ∈ S2,
(9)

where Normi is the unit orientation vector of the contour
point i, denoted as Normi = (cos(�i ), sin(�i )). The weights
wi is set to be 0 for edge point and 1 for uncertain point,
respectively. Small ‖�(n)‖ indicates blood vessel region or
small noise region, and large ‖�(n)‖ denotes the continuation
of uncertain noise region as shown in Fig. 5(b). Therefore
win(n) is set to linearly increase based on the increase of
‖�(n)‖, written as

win(n) =
{

2 if ‖�win(n)‖�5,

2 + (‖�win(n)‖ − 5) if ‖�win(n)‖ > 5.
(10)

Variable updating sample numbers let the smoothing
update auto-adjust between global and local information.
Hence, for the large uncertain noise region, the contour is
updated based on the information of the global model; on
the contrary, for the certain disk-edge region, the contour is
retained close to its original points.

2.5. Stop criterion

After contour deformation, clustering and updating, the
new contour is obtained. The origin of the �–� polar coordi-
nate system shifts to the centroid of new contour after each
iteration. The average deforming distance in each iteration
is used to set the stopping criterion. At iteration t , the aver-
age absolute distance (AAD) between the old contour and
deformed contour is defined as

AAD(t) = 1

N

N∑
n=1

‖st (n) − st−1(n)‖. (11)

The operation is repeated, until the AAD is less than 1 pixel
for five consecutive iterations.

2.6. Evaluation

The ground truth of the boundary is manually labeled un-
der the supervision of ophthalmologists. The average dis-
tance from the detected boundary point to the ground truth
is measured for evaluation. The ground truth, denoted by
A, consists of the individual pixel ai , 1� i�M , where M

is the amount of the pixel on the ground truth boundary.
ŝ(n) = [u(n), v(n)] is the final contour, 1�n�N . For each
contour point n, the distance to the closest point (DCP) of
ground truth is defined as

DCP(ŝ(n), A) = min ‖ŝ(n) − ai‖, 1� i�M . (12)

The accuracy of the detected boundary is evaluated by the
mean of DCP (MDCP) as follows:

MDCP(ŝ, A) = 1

N

N∑
n=1

DCP(ŝ(n), A). (13)

The smaller MDCP is, the closer the detected boundary is
to the ground truth.

3. Cup boundary detection

The available 3-D optic disk image and disk boundary
are the preconditions to estimate the cup boundary. Then
the clinical disk parameters could be obtained from the de-
tected disk and cup boundaries for analysis, diagnosis, and
monitoring. Fig. 6 gives the basic steps of disk parameter
estimation. Compared with the disk boundary detection on
the 2-D fundus image, the variable shapes and colors of cup
make it more difficult to be automatically segmented. More-
over, in many images, the cup contour could not be easily
measured even manually without some experience. Hence,
automated detection of cup boundary is a challenging task
in fundus image processing.

3-D optic disk image is necessary in cup boundary detec-
tion, which is obtained from the prior published work [25].
The modified deformable model technique described in Sec-
tion 2 is applied to extract the cup boundary by using a dif-
ferent energy function. The origin of �–� polar coordinate
system is initialized at the center of the detected disk bound-
ary. The initial cup points are set to the locations where the
disk points are shrunk by 10 pixels toward the origin written
as

�initial cup
n = �disk

n − 10 pixels, 1�n�N . (14)

The energy function that fuses together the information
of depth, gradient, smoothness, and shape, is written as

Ecup(ni) = �1Edepth(ni) + �2Egradient (ni)

+ �3Esmooth(ni) + �4Eshape(ni), (15)

where depth and gradient terms give local information,
whereas the shape term provides the global information
of cup shape so as to make the contour deformation more
reliable. �1–�4 are the weights for each energy term.

Let dn be the depth of each optic disk point and d(ni)

be the depth of each candidate pixel. Here cup boundary is
defined at the location of 1

3 down from each point of the

Optic disk

boundary

C/D ratio and

other disk

parameters

3-D optic

disk image
Cup

boundary

Analysis &

diagnosis

Fig. 6. Flowchart of disk parameter estimation.
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Fig. 7. An example of common elliptic optic disk. ‘×’ indicates initial contour points; dark contour is the ground truth; bright line is resulted contour:
(a) proposed method; (b) GVF-snake; (c) modified ASM.

disk boundary to the deepest disk point dmin, denoted as
�n = (dn − dmin)/3. Then the depth term of the energy is

Edepth(ni) = |d(ni) − �n|. (16)

Gradient is useful information, if there is pallor in the
optic disk. Gradient term consists of both gradient magnitude
∇I (ni) and gradient orientation Ori(ni) as

Egradient (ni) = −|∇I (ni)| + |Ori(ni) − �n|. (17)

The definitions of ∇I (ni) and Ori(ni) are the same as the
ones introduced in Section 2.

The internal energy of the contour is set to be the smooth-
ness term of the energy, where the coefficient of the second
derivative is set to be 0.5 time of the first derivative.

Esmooth(ni) =
∣∣∣∣ds(ni)

dn

∣∣∣∣ + 0.5 ×
∣∣∣∣d2s(ni)

dn2

∣∣∣∣ . (18)

The free-form deformation may give uncertain shape if
the cup features are not obvious. Therefore shape model is
introduced in the energy function to constrain the deforma-
tion to be close to certain predefined shape. Let sshape be
the shape model of the cup, which is expressed in �–� co-
ordinate system as sshape(n) = [�shape

n , �shape
n ], 1�n�N .

The shape model could be estimated from training set, or
set to be an ellipse (or circle). In this paper, the disk shape
is used as the shape model for cup contour deformation.
The shape term of the energy is set to be the radial dis-
tance between the candidate pixel and the model pixel as
given by

Eshape(ni) = |�ni − �shape
n |, (19)

where the candidate points close to the shape model have
low energy, and the points far away from the shape model
have high energy.
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Fig. 8. An example of ill-defined optic disk boundary. ‘×’ indicates initial contour points; dark contour is the ground truth; bright line is resulted contour:
(a) proposed method; (b) GVF-snake; (c) modified ASM.

The full energy function is written as
Ecup(ni)

= �1|d(ni) − �n| + �2{−|∇I (ni)| + |Ori(ni) − �n|}
+ �3

{∣∣∣∣ds(ni)

dn

∣∣∣∣ + 0.5 ×
∣∣∣∣d2s(ni)

dn2

∣∣∣∣
}

+ �4

∣∣∣�ni − �shape
n

∣∣∣ . (20)

In each iteration, the shape model is first aligned based on
the cup contour obtained from previous iteration, and then
the cup contour deforms to the location where the com-
bined energies of depth, gradient, smoothness, and shape
are smallest, finally the contour points are classified and up-
dated. The deformation will stop, when the average contour
variation is less than 1 pixel for five consecutive iterations.

4. Results

4.1. Results of disk boundary detection and evaluation

One hundred fundus images provided by the National Uni-
versity Hospital were tested by the proposed modified de-

formable model method, where the weight ratio was set to be
�1: �2: �3: �4 = 1: 1.2: 1: 1. The results were then compared
with GVF-snake [6] and modified ASM algorithm [13,14]
based on the same initial boundary. In the modified ASM
algorithm, PCA based method for disk center localization
was also used, but it did not improve the accuracy of final
disk boundary compared with the result from disk center
estimated by circular Hough transformation. In GVF-snake,
the images were preprocessed by morphological operation;
and the parameters in the energy functions were carefully
set to make a balance between the smoothness and the accu-
racy on the resulted boundary. The disk boundary manually
marked by the experienced ophthalmologist was set to be
the ground truth. Then MDCP was measured to evaluate the
accuracy of the detected boundary.

An example of common elliptic optic disk is illustrated in
Fig. 7, where both the proposed method and ASM method
give the successful results, GVF snake gives the failed result.
The measured MDCPs are, respectively, 1.6, 6.2 and 1.6
pixels for the proposed method, GVF-snake and the modified
ASM.
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Fig. 9. An example of fuzzy elliptic optic disk. ‘×’ indicates initial contour points; dark contour is the ground truth; bright line is resulted contour: (a)
proposed method; (b) GVF-snake; (c) modified ASM.

The example given in Fig. 8 is a small optic disk with
ill-defined boundary and noises from the surrounding tis-
sue which make the initial contour far away from the real
boundary. The initial disk contour was estimated by circu-
lar Hough transformation in the edge map, as shown by ‘×’
in Fig. 8(a). The final boundary was then obtained through
contour deformation, clustering, and updating, as given in
Fig. 8(a), where the bright line is the final disk boundary
and the dark line is the ground truth manually placed by
ophthalmologist. The GVF-snake and modified ASM were
both applied on this example under the same initial cir-
cular contour for comparison and the results are given in
Fig. 8(b), (c). The measured MDCPs are, respectively, 2.4,
23.6 and 24.2 pixels for the proposed method, GVF-snake
and the modified ASM. The proposed methods correctly
located the disk boundary, while both the GVF-snake and
modified ASM method failed.

One more example of fuzzy elliptic optic disk is illus-
trated in Fig. 9(a). The MDCP was measured to be 1.9 pixels
in this example. The resulted boundaries for GVF-snake and

modified ASM are given in Fig. 9(b), (c), in which the MD-
CPs are 6.7 and 3.5 pixels, respectively. It can be obviously
seen that the proposed method provides better result.

The failure case due to wrongly estimating the disk cen-
ter under the disturbance of large bright lesion is shown in
Fig. 10. In this example, PCA based approach [4] was em-
ployed in modified ASM method to identify disk center;
however, neither can it locate the disk center correctly. Three
different methods were applied on this image and all of them
failed.

Table 1 shows the statistical comparison among the pro-
posed method, GVF-snake and the modified ASM, where
MDCP�3 pixels indicates success, 3 < MDCP�5 pixels
denotes a fair result requiring improvement, and MDCP > 5
pixels means a failure. Among the 100 testing images oper-
ated by the proposed method, 94 images were successfully
processed; five images required further improvement and
one image failed. It can be observed that the ASM method
is much better than GVF-snake. Compared with the “smart”
method, the average numbers of iterations are 8.8 and
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Fig. 10. A failure example due to lesion disturbance on disk edge. ‘×’ indicates initial contour points; dark contour is the ground truth; bright line is
resulted contour; ‘�’ is the disk center from PCA: (a) proposed method; (b) GVF-snake; (c) modified ASM.

Table 1
Comparison of mean distance to closest point (MDCP) among different methods

Method Result

Proposed method GVF-snake Modified ASM

Success (MDCP < 3 pixels) 94 12 82
Fair (MDCP = 3–5 pixels) 5 33 9
Fail (MDCP�5 pixels) 1 55 9
Success (%) 94 12 82
Mean MCDP of success (pixels) 1.3 3.6 1.8
STD of MDCP of success (pixels) 0.51 0.60 0.54

34.1, and the average computational time are 7.5 and 8.2 s,
respectively, for the proposed method and ASM method,
respectively. Accordingly, the proposed method achieved
more successful number of results; and also obtained more
accurate boundaries in the successful cases than the other
two methods.

To show the stability of the proposed method, the weight
ratio of energy function was changed into different values
and were applied on the same 100 testing images. As de-
scribed in Section 2.2, based on the knowledge that the
weights of gradient magnitude (�2) and gradient orienta-
tion (�3) should be set to be slightly higher than the other
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weights, �1 and �4 were fixed at 1; �2 and �3 were varied in
the range of [1,2]. The results of five different settings are
listed in Table 2. The mean and standard deviation of the
success rate were measured to be 93% and 0.8%, respec-
tively, and the mean MDCP of successful cases were all 1.3
pixels for these five settings; thus it showed that the pro-
posed method was not sensitive to the reasonable variation
of weight ratio.

Table 2
Results of variable weight ratio of the proposed method

No. Weight ratio of energy function Success (%) Mean MDCP of
�1:�2:�3:�4 success (pixel)

1 1:1.2:1.0:1 94 1.3
2 1:1.2:1.2:1 93 1.3
3 1:1.5:1.2:1 94 1.3
4 1:1.0:1.0:1 92 1.3
5 1:1.6:1.3:1 94 1.3
Mean — 93 1.3
STD — 0.8 0

STD denotes standard deviation.

Fig. 11. An example of optic disk with obvious pallor: (a) proposed method; (b) HRT; (c) ophthalmologist.

Fig. 12. Another example of optic disk with non-obvious pallor: (a) cup and disk boundaries; (b) HRT.

4.2. Results of cup boundary detection and evaluation

In the 100 testing images mentioned in Section 4.1,
Twenty-five of them have corresponding HRT results. The
proposed method of cup boundary detection was employed
on these 25 images and then the results were compared
with HRT results. In HRT system, the disk contour was
manually placed by the clinicians first, and then the system
generated the cup contour based on the labeled disk contour
and the depth information from the 3-D HRT image.

One example of obvious pallor in the optic disk is
illustrated in Fig. 11(a), compared with HRT result in
Fig. 11(b), where the outer contour is the disk boundary
and the inner contour is the cup boundary. The ground truth
was labeled by the experienced ophthalmologist as given in
Fig. 11(c). Since the automated estimation of the cup con-
tour is still a challenging work, it can be noticed that the cup
contours are not exactly the same as the ground truth, but
they have similar shape. The C/D ratio is not only a useful
disk parameter for analysis, but also for evaluating the re-
sults of the estimated cup boundary. The contours estimated
by the ophthalmologist were set to be the ground truth.
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Table 3
Cup-to-disk (C/D) vertical ratio

No. Proposed method HRT Ophthalmologist

1 0.59 0.58 0.54
2 0.49 0.66 0.72
3 0.65 0.63 0.66
4 0.56 0.61 0.67
5 0.64 0.45 0.52
6 0.66 0.46 0.69
7 0.82 0.94 0.85
8 0.70 0.21 0.76
9 0.68 0.82 0.78

10 0.73 0.79 0.77
11 0.59 0.41 0.48
12 0.47 0.37 0.52
13 0.45 0.27 0.44
14 0.43 0.46 0.52
15 0.70 0.47 0.65
16 0.61 0.69 0.70
17 0.78 0.88 0.82
18 0.70 0.86 0.65
19 0.61 0.76 0.72
20 0.72 0.78 0.73
21 0.58 0.60 0.68
22 0.66 0.58 0.62
23 0.62 0.58 0.72
24 0.67 0.56 0.68
25 0.62 0.57 0.71
Correlation 0.71 0.67 —

The C/D vertical ratios were measured to be 0.62, 0.57, and
0.71 from the proposed method, HRT, and an ophthalmo-
logist, respectively.

Another example of non-obvious pallor is shown in
Fig. 12(a). The bending of small vessels is obvious at tem-
poral side in this example. The corresponding HRT result is
given in Fig. 12(b), where the cup is estimated only based
on the depth information in HRT. It can be observed that the
boundary placed by the ophthalmologist and the boundary
estimated by the proposed method are close at temporal side.
However, the two boundaries at the nasal side are slightly
different, because there is no obvious cup feature on nasal
side, and also the main blood vessels occlude on that region.
Hence, it is difficult to decide the exact location of cup edge
on the nasal side in this example. The C/D vertical ratios
were measured to be 0.71, 0.78, and 0.73 from the proposed
method, HRT, and an ophthalmologist, respectively.

The C/D vertical ratios of 25 testing images were com-
puted and given in Table 3. The correlations of the results
with ground truth are 0.71 and 0.67, respectively, for the
proposed method and HRT. It implies the proposed method
of cup boundary estimation gives results comparable with
those from HRT.

5. Conclusion

Reliable and fully automated extraction of optic disk pa-
rameters can be a valuable diagnostic-assisting resource for

clinicians. Much of prior work has focused on optic disk
boundary detection, however the vessel occlusion problem
has not been well solved. The present work has made a few
contributions by proposing a novel approach to disk bound-
ary detection which directly solves the problem of blood ves-
sel occlusions. The method is then extended to detect the cup
boundary and estimate the clinical disk parameter. The con-
tour is initialized by Hough transformation in edge map, and
then processed by contour deformation, knowledge-based
clustering, and updating. Clustering operation can perform
self-grouping of contour points into uncertain-point cluster
and edge-point group based on the knowledge in the ex-
tended area of the contour. The updating sample number is
self-adjusted and combines both the global and local infor-
mation to update the contour points after each radial defor-
mation. These modifications make the proposed approach
robust to blood vessel occlusions, ill-defined edges, fuzzy
shapes and noises, while maintaining the accuracy.

The experimental results show that 94% disk boundaries
can be measured successfully by the proposed method out
of 100 testing images. It turns out to be more robust and ac-
curate than GVF-snake and modified ASM algorithm, from
which the success rates are 12% and 82%, respectively.
With the proper modification of energy function, the pro-
posed method has been extended to detect the cup bound-
ary. The estimated C/D ratios based on the detected cup and
disk boundaries show good consistency and compatibility
when compared with the results from HRT. Automated and
quantitative extraction of optic disk parameter by the pro-
posed method therefore can help clinicians implement more
economical and conventional instrument modality in sev-
eral eye-care applications, such as diagnosis, screening, and
monitoring. Under proper modifications, the investigated
method may also be applied to many other applications with
similar problems, such as occlusions on object boundary.

6. Summary

The 3-D shape of the optic disk is an important indicator
of various ophthalmic pathologies. Clinicians quantify the
cupping of the optic disk to evaluate the progression of the
eye disease, where cup is defined at certain depth down from
the disk edges. Cup and disk boundaries act as the refer-
ences to quantitative measurements of the disk parameters,
such as cup-to-disk (C/D) vertical ratio, etc., which are the
important parameters for diagnosis. Reliable and fully auto-
mated extraction of optic disk parameters can be a valuable
diagnostic-assisting resource for clinicians. Much of prior
work has focused on optic disk boundary detection, however
the vessel occlusion problem has not been well solved. A
novel deformable-model based approach is presented in this
paper for robust detection of optic disk and cup boundaries.
The method proposed here improves and extends the origi-
nal snake, which is essentially a deforming-only technique,
in two aspects: knowledge-based clustering and smoothing
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update. The contour deforms to the location with minimum
energy, and then self-clusters into two groups, i.e., edge-
point group and uncertain-point group, which are finally up-
dated by the combination of both local and global informa-
tion. The modifications enable the proposed algorithm to be-
come more accurate and robust to blood vessel occlusions,
noises, ill-defined edges and fuzzy contour shapes. The ex-
perimental results show that 94% disk boundaries can be
measured successfully by the proposed method out of 100
testing images. It turns out to be more robust and accurate
than gradient vector flow snake (GVF-snake) and modified
active shape model (ASM) algorithm, from which the suc-
cess rates are 12% and 82%, respectively. With the proper
modification of energy function, the proposed method is ex-
tended to detect the cup boundary and then extract the disk
parameters for clinical application, which is a relatively new
task in fundus image processing. The resulted C/D ratio
shows good consistency and compatibility when compared
with the results from Heidelberg Retina Tomograph (HRT)
under clinical validation. Automated and quantitative extrac-
tion of optic disk parameter by the proposed method there-
fore can help clinicians implement more economical and
conventional instrument modality in several eye-care appli-
cations, such as diagnosis, screening, and monitoring.
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