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Abstract 

 
Identifying the boundary of the optic cup excavation 

is of critical importance in the assessment of 
glaucomatous risk. Currently, most approaches are 
focused on the use of pallor. We present an automatic 
method to determine the cup excavation boundary 
based on vessel kinking in non-stereo retinal fundus 
images. The method tracks vessels using a self-
initialized evolving model which adapts during 
propagation. A piecewise analysis of the vessel 
trajectory is conducted to determine vessel kinking 
locations, from which the optic cup is obtained. Our 
proposed method is validated on a large database of 
618 images. The results suggest that our proposed 
method is able to obtain a more accurate cup 
excavation detection than other tested methods.  
 
 
1. Introduction 
 

Glaucoma is the second leading cause of blindness 
worldwide, accounting for 12% of world blindness [1]. 
Accurately identifying the optic cup is crucial in the 
detection of glaucoma as the cup size is a risk factor 
for glaucomatous damage. However, automatic 
segmentation of the optic cup remains challenging 
since the cup is defined as an excavation or depression 
in the optic disc which can be difficult to discern.  

Previous methods of optic cup detection have relied 
on the use of depth information from stereo fundus 
photography, such as [2]. In non-stereo fundus images, 
reports have been described on the use of pallor, or 
color, to identify the optic cup [3-5]. While pallor is 
suited to identifying visible cups, it is less suited for 
cups with gradual or no color difference.  

 
Fig. 1. (a) Optic disc showing kinking of vessels (black 
arrows). (b) Illustration of the vessel kinking effect.  

Vessels provide an alternative means to determine 
the optic cup independent of color. In this approach the 
kinking of vessels is used to indicate the location of the 
cup boundary. Kinking, as illustrated in Fig. 1(a)-(b), 
refers to the bending of vessels as they fall into the 
excavation of the optic cup[6], and can be thought of as 
visual indicators of the cup structural profile. This is 
particularly useful in non-stereo images where no 
depth information is available. Wong et al [7] used 
Gabor wavelets for vessel detection for kinks, while 
Joshi et al[8]described the use of a trench detection and 
bi-stage thresholding in their proposed kink-based 
methods. However, both methods are reliant on pallor 
information, and were evaluated on small datasets.  

We present an automated method for the detection 
of the optic cup boundary in non-stereo retinal fundus 
images based on the kinking of vessels. We model a 
vessel as a sequence of propagating circular structures 
and propose using a self-initialized circular model 
which evolves to predict the vessel centreline 
trajectory.  We computed measures such as angular 
velocity along the sequence to detect kinking, from 
which the optic cup boundary is detected. Validation 
results are presented from a large population-based 
dataset of 650 images including a comparison with 
inter-observer variability on a sample of the dataset.   
 

Optic cup boundary  

"Kink" as vessel drops into 
excavation of the cup  



2. Method 
 
2.1. Initialization 
 

The first step involves locating seed points for the 
vessels around the optic disc and an estimate of the 
vessel caliber. The green channel of the fundus image 
is used, which has been reported to have the best 
contrast compared to the other color channels. Intensity 
values of the green channel are inverted such that 
vessels appeared brighter than the background 
structures. Local maxima in the search region are 
nominated as seed points for vessel tracking. We 
employed local regression to fit a weighted least 
squares first order polynomial to reduce the effects of 
spurious noise. An estimation of the vessel width is 
obtained using the local gradient maxima and minima 
along the optic disc boundary around each seed point. 
As some vessels may not cross the optic disc 
perpendicularly, the vessel width is adjusted using the 
direction of propagation after the first step.  
 
3.2. Vessel Tracking 
 

We propose a 'string-of-pearls' conceptualization 
for our vessel modeling, where each v-th vessel is 
visualized as a sequential chain of circular structures 
separated by the vessel width. Mathematically, we 
model the vessel as an open polygon with n+1 vertices 

, with vessel width . The task of 
vessel tracking can thus be reduced to determining the 
location of these structures. Furthermore, the vessel 
centerline corresponds to the line passing through the 
structure centres. In our proposed method, to determine 
the location of the i-th vertex, we first form the model 
by extracting the intensity profile Ip of the vessel 
perpendicular to its trajectory across the immediate 
preceding vertex Si-1 = (xi-1, yi-1). The profile is folded 
and averaged to form a radial intensity function , 
where r is the radial distance from the profile centre. 
This radial intensity function is rotationally swept 2π 
around the profile centre to generate a 2D circular 
intensity model Gi-1 with radius /2. We convolve 
this Gi-1 with a patch P defined as the 22  neighbourhood of Si-1 to generate the 
correspondence map  and selected 

 as a buffer to avoid boundary effects on P 

during convolution. 
Let the candidate vertices in Ci be defined as the set 

:  , where ·  is the L2 

norm. For each candidate , we define an edge set 
Ej which consists of the points in the map C along the 
line connecting Si to vj. We compute  and  

which are the mean and standard deviation operators 
respectively on the set of elements in Ej corresponding 
to vj. The next vertex Si along the vessel trajectory is 
selected by maximizing arg max   subject 
to    and  . is the minimum 
average correspondence threshold for the path between 
vertices, and  is a parameter that controls the 
allowable variation along that path. A further 
constraint limits the angular search region to within 

of , where is the forward angle from Si-1 to Si. 
Defining d(Si) = || Si - xOD ||2, where xOD is the optic 
disc centre, tracking terminates when d(Si)-d(Si-1)>  
or when no candidate point meets the required 
conditions. A similar approach was previously adopted 
by [10], which used tubular symmetry to locally track 
the vessel. However, due to its dependence on 
symmetry, the method is unable to track bends or sharp 
changes in vessel trajectory. In contrast, our approach 
relies on a circular model which is rotation invariant 
and does not require parameterization of the model 
orientation and is sensitive to angular changes. Further, 
since there is no constraint imposed on vessel size, and 
the method can be applied to track both small and large 
vessels. 

One challenge faced in the use of model matching 
in our proposed method and other model-based 
tracking methods is that the model tends to be fixed 
once initialized or trained, and does not react well to 
changes in vessel appearance. This is a particular 
challenge for retinal images where illumination varies 
across the retina. Specifically, this affects the 
correspondence response as vessel visibility and 
intensity values continually change from the optic 
nerve head boundary to the centre of the optic disc. 
Furthermore, fluctuations in the visibility of the central 
light reflex also affects the vessel intensity profile and 
can result in early stopping of the vessel tracking 
process. To mitigate the effect, we propose the use of 
an adaptive model which continually evolves with 
every time step in the propagation of the vessel 
trajectory. The model evolution is based on the use of a 
clamped exponentially weighted moving model 
average, which weighs past observations with an 
exponentially decreasing weight to predict future 
observations. Let  denote the model to be used to 
search for the i-th vertex.  is formed by the weighted 
sum of the immediate prior model Gi-1 and the previous 
adapted model  

 
( ) 21 1 −− −+= iii GGG γγ , 10 ≤< γ  

where γ is the weighting constant which exponentially 
decreases for models further back in the propagation 
chain. More generally,  
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The modified tracking process with model adaptation 
can be described as follows: 

1. At iteration i=0, extract a 2D model G0 
centred on initial seed point with vessel 
parameters determined from initialization 

2. Perform a search on the location of the next 
likely vertex using the correspondence map 

 
3. Generate the model  for the next i-th time 

step using the exponential weighted moving 
average approach 

4. Perform the search using the generated model 
 

5. Repeat 3-4 till tracking termination 
 
Steps 1-5 are repeated for each seed point until all 
points have been exhausted. Each seed point results in 
a vessel path. Due to vessel junctions and cross-overs, 
the vessel paths can potentially overlap and cause false 
detections at such locations. Since we are only 
interested in detecting vessel kinking, we exclude 
overlaps and crossovers from subsequent analysis. The 
detected vessel paths are first sorted in order of vessel 
caliber to preserve the vascular hierarchy. 
Offending segments of vessel paths which overlap or 
intersect other vessel paths of equal or larger caliber 
are sequentially removed, and the remaining segments 
are individually analyzed in the following analysis. 
 
3.2. Kinking Detection 
 
For each vertex  in a vessel segment  
where n>2, we calculated the following measures. 
Segment endpoints at  and  are excluded. 

1) Curvature : The absolute curvature |1/ | based on the radius  of a circle 
fit to the set of points , , . 

2) Angular velocity : The rate of change of 
direction at v

iS , defined as the absolute angle 

between the edges  ,  and , . 
3) Concavity Κ : The minimum distance 

between and the line connecting the 
segment endpoints  ,   

4) Distance  = || Si-xOD ||2, xOD is optic disc 
centre 

We determined the kinking location S*i by maximizing 
the angular velocity  

 
Fig. 4. Optic cup boundary segmentation (magenta) based on 
kinks (blue circles) compared with manual segmentation 
(green) for different visbilities of pallor.  
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where  is the average radius of the optic disc and  is a free parameter which constrains the minimum 
allowable angular velocity.  
 
3.3. Kink-based optic cup detection 
 
In detecting the optic cup, we first set the optic cup 
centre to be at the centre of the optic disc. This was 
verified in a latter experiment on the test dataset where 
we found the centre of the optic cup lies within +/- 8 
pixels, or a deviation of 2%, from the optic disc centre. 
The locations of the kinks were converted to polar 
system of reference, using the optic disc centre as the 
origin. The kinks detected per image may not be 
sufficient to determine the optic cup boundary, 
particularly if the kinks are not well distributed. 
Although spline fitting could obtain the cup based on 
the kinks, we observed this leads to undersegmentation 
of the boundary between kinks, which differs from 
clinical practice where kinks typically indicate local 
cup boundary maxima. Instead, we performed cyclic 
piecewise linear interpolation for the cup radius, 
followed by an ellipse fit of the convex hull. 
 
3. Results and Discussions 
 
We used a population based dataset of 650 retinal 
fundus images from the ORIGA database [9] to 
evaluate the performance of our proposed method. The 
images had been taken using a 45° FOV Canon CR-
DGi retinal fundus camera with a 10D SLR backing, 
with an image resolution of 3072x2048 pixels. The 
database also provides the ground truth segmentation 
for the optic cup and disc. Each image had been 
assessed by a team of retinal image graders, and the 
optic cup and optic disc boundaries were manually 



 

 
Fig. 3. Box and whisker plots comparing the three methods 
using Dice, relative absolute area and Hausdorff meaures on 
population-based dataset (N=618). Whiskers are defined at 
1.5x interquartile range. Extreme outliers (>3IQR) for 
relative absolute area are not plotted for KBM (n=12, max 
8.07), LSM (n=11, max 12.4) and THM (n=39, max 20.9). 
 
segmented after agreement. 

In our proposed method, we used the manual optic 
disc boundary during initialization, and we set  0 , 0.15 , /3 , /18 , for the 
constraints, and used 0.5as the weighting constant. 
Examples of the detected cup boundary are shown in 
Fig 2. To quantize the comparative performance 
between our method (K) and the ground truth (GT), we 
used the following measures which provide an 
overview of the overall segmentation accuracy through 
overlap, area and contour: (1)Dice coefficient; (2) 
Absolute relative area difference; (3) Hausdorf 
distance. (2) is adapted from volumetric measures in 
[11], in which we use a measure of area in 2D rather 
than the use of a volume measure in 3D. The results of 
our proposed method on the ORIGA database were 
assessed using these measures. As a comparison, 
segmentation methods based on level-set (LSM) [4] 
and thresholding (THM) [12] were also applied on the 
dataset, using the same initial optic disc boundary.  

Of the 650 images in ORIGA, 618 (95.08%) of the 
images had one or more kinks detected, from which the 
cup boundary was determined and the performance is 
shown in Fig. 3. A comparison is also made with optic 
cup boundaries using level set and thresholding. The 
results show that the proposed method based on kinks 
outperforms the other methods in overlap, area and 
contour, and is consistent with the trend shown in the 
image subset used earlier for inter-observer analysis. In 
the 32 images where no kinks were detected, 6 images 
were blurred and had poor vessel visibility. The 
remaining 26 cases were found to have subtle or no 
kinks along the vessels, or had detected kinks excluded 
due to kinking occurring near vessel intersections. A 
possible alternative in such cases is to use non-vessel-
based methods such as LSM. 
 
4. Conclusions 
 
We have presented an automatic approach to detect the 
optic cup excavation in non-stereo retinal fundus 

images based on the kinking of vessels. Experimental 
results suggest our method is similar to an independent 
observer, and is also superior to other methods on a 
large dataset of 618 images. In an eventual system, we 
envision a framework which integrates multiple visual 
cues for optic cup segmentation. We believe the 
promising results presented here indicate kinks will 
play a major role. 
 
References 
 
[1]  H.A. Quigley, A.T. Broman. The number of people with 

glaucoma worldwide in 2010 and 2020. Br J 
Ophthalmol,  90, 262-267, 2006. 

[2]  J. Xu, O. Chutatape, E. Sung, C., Zheng, C., P.T.K. . 
Optic disk feature extraction via modified deformable 
model technique for glaucoma analysis. Pattern 
Recognition 40, 2063-2076, 2007. 

[3] N. Inoue, K. Yanashima, K. Magatani, T. Kurihara. 
Development of a simple diagnostic method for the 
glaucoma using ocular Fundus pictures. Conf. Proc. 
IEEE Eng Med Biol Soc.,  3355-3358, 2005.  

[4]  D.W.K. Wong, J. Liu,  J.H. Lim, X. Jia, F. Yin, H. Li, 
and T.Y. Wong. Level-set based automatic cup-to-disc 
ratio determination using retinal fundus images in 
ARGALI. Conf Proc IEEE Eng Med Biol Soc. 2266-9 , 
2008. 

[5] Y. Hatanaka, A, Noudo, C. Muramatsu, A. Sawada, T. 
Hara, T. Yamamoto, H. Fujita. Vertical cup-to-disc ratio 
measurement for diagnosis of glaucoma on fundus 
images. Proc. SPIE Medical Imaging, 7264, 76243C, 
2010. 

[6] J.B. Jonas, W.M. Budde, S. Panda-Jonas. 
Ophthalmoscopic evaluation of the optic nerve head. 
Surv Ophthalmol, 43, 293-320, 1999. 

[7] D.W.K. Wong, J. Liu, J.H. Lim, H. Li, X. Jia, F. Yin, 
T.Y. Wong. Automated detection of kinks from blood 
vessels for optic cup segmentation in retinal images. 
Proc. SPIE, Medical Imaging, 72601J, 2009. 

[8]  G.D. Joshi, J. Sivaswamy, K. Karan, R. Prashanth, S.R. 
Krishnadas. Vessel bend-based cup segmentation in 
retinal images. Proc. 20th Int. Conf. Pattern Recognition,  
2536—2539 , 2010.  

[9]  Z. Zhang, F. Yin, J. Liu, D.W.K. Wong, N.M. Tan, B.H. 
Lee, J. Cheng, T.Y. Wong. ORIGA-light: An online 
retinal fundus image database for glaucoma analysis and 
research. Conf Proc IEEE Eng Med Biol Soc. 3065-
6068, 2010. 

[10] N.X. Lian, V. Zagorodnov, Y.P. Tan. Retinal Vessel 
Detection using Self-Matched Filtering. Proc. 20th Int. 
Conf. Image Processing, pp. VI - 33 - VI - 36, 2007. 

[11] D. Xiang  and G. Du. Editorial: 3D Segmentation in the 
Clinic: A Grand Challenge II - Liver Tumor 
Segmentation. MICCAI 2008. 

[12] D.W.K.Wong, J. Liu, J.H. Lim, N.M. Tan, Z. Zhang, S. 
Lu, H. Li, M.H. Teo, K.L. Chan, T.Y. Wong, T.Y. 
Intelligent fusion of cup-to-disc ratio determination 
methods for glaucoma detection in ARGALI. Conf Proc 
IEEE Eng Med Biol Soc. 2266-9,  2008.  


