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ABSTRACT

We present a technique for segmentation of optic cup based
on the structural features found in blood vessels surrounding
the optic cup region. The advantage of using such features
is that they are robust to variations in the properties of the
fundus image such as brightness, contrast, etc. The main fea-
tures used in the technique are vessel bends (also called as
landmark points or kinks), which are identified by applying
the Harris corner detection algorithm on the optic disc region,
followed by a Voronoi image decomposition. Pratt’s circle fit-
ting algorithm is employed on the extracted landmark points
to segment the optic cup region. The proposed technique is
validated on a total of 191 images taken from publicly avail-
able fundus image datasets, namely, Drishti-GS and MES-
SIDOR. Performance metrics such as sensitivity, specificity,
accuracy, Jaccard’s index, and Dice coefficient are computed
to be 85%, 97%, 96%, 69.5%, and 81%, respectively, which
indicates that the proposed technique for optic cup segmenta-
tion is competitive with the state-of-the-art methods.

Index Terms— Optic cup segmentation, vessel bends,
Harris corner detection, Voronoi decomposition, circle fit.

1. INTRODUCTION

Optic cup (OC) is the term given for a region of inactive
neuronal clusters within the optic nerve head in the retina. It
is perceived as a region with a bright pallor within the optic
disc (OD) region in retinal fundus images. Given that various
factors affect the quality of the captured fundus image, the
pallor is not always distinct. In such cases, the detection of
the OC region using conventional methods that rely on pallor
for segmentation might be erroneous. Hence, there is a need
for a technique to segment the OC region that relies on struc-
tural features that are independent of the contrast or texture
of the captured fundus image. Due to increase in intra-ocular
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Fig. 1: [Color online] Left: Fundus image; Right: Optic
cup segmentation by the proposed technique that uses vessel
bends as features.

pressure, the vessels inside the optic nerve head deform re-
sulting in the formation of ‘kinks’ (vessel bends) [1]. In this
paper, we propose a technique that exploits these kinks as
structural features to determine the contours of the OC re-
gion. Fig. 1 shows a fundus image and the optic cup outline
obtained using the proposed technique.

1.1. Prior Work

Optic cup segmentation is a widely addressed problem and
several solutions have been suggested. Significant advance-
ments have been made over the past few years both on the
conventional image processing and deep learning fronts. For
a comprehensive study on classical image processing based
OC and OD segmentation techniques, the reader is referred to
the survey carried out by Almazroa et al. [2]. More recently,
Harish et al. presented a comprehensive study wherein they
highlighted the differences in the different grading metrics for
glaucoma and proposed a novel methodology for computation
of the rim-to-disc-ratio [3]. In their work, they utilize an ac-
tive disc based segmentation model for segmentation of OD
and OC which is competitive with most existing approaches.
On the neural networks front, Xu et al. [4] proposed super-
pixel classification technique formulated as a low-rank repre-
sentation to classify OC from fundus image. Chakravarty et
al. [5] used a depth-based supervised method with a coupled

829978-1-5386-6249-6/19/$31.00 ©2019 IEEE ICIP 2019

Authorized licensed use limited to: Max-Planck-Institut fuer Informatik    . Downloaded on November 15,2023 at 12:54:36 UTC from IEEE Xplore.  Restrictions apply. 



(a) (b) (c) (d) (e)

Fig. 2: [Color online] (a) Fundus image; (b) Segmented optic disc region; (c) landmark points obtained using the multiscale
Harris corner detector; Voronoi decomposition using (d) the initial landmark points; and (e) after removing the landmark points
on the OD boundary.

sparse dictionary for OC segmentation. Zilly et al. [6] pro-
posed an entropy sampling based boosting of convolutional
filters and ensemble learning approach for segmenting OC.
Sevastopolsky et al. [7] employed a modified U-net convolu-
tion architecture for OC segmentation. Recently, Edupuganti
et al. [8] used a fully convolution neural network to perform
segmentation of the OC region. Yin et al. [9] suggested a
novel statistical model based method for segmenting the OC.
Xu et al. [10] proposed a method using deformable snakes for
delineating the OC region. Joshi et al. [11–13] were amongst
the first to contribute a series of methods for OD and OC seg-
mentation using kinks. Accurate differentiation of relevant
kinks from the irrelevant ones remains a difficult problem. In
the following sections, we discuss a new technique address-
ing the detection of the relevant kinks or landmark points for
accurate segmentation of the OC region.
Contribution of this paper: The key novelty of this paper
is the use of Voronoi decomposition based selection of rele-
vant kinks (landmark points) obtained from a multiscale Har-
ris corner detector for determining the OC boundary.

2. PROPOSED METHOD

We propose a structure tensor based Voronoi decomposition
technique for accurate segmentation of the OC. The regions
corresponding to the vessel bends within the OD region were
found to be desirable for OC segmentation. We use expert
annotations to isolate the OD region, followed by: (i) deter-
mination of landmark points within the OD region [14] us-
ing structure tensor based multiscale Harris corner detection;
and (ii) application of the Voronoi decomposition [15] on the
points obtained in Step (i) to get relevant landmark points as
illustrated in Fig. 2. Below, we expand upon the aforemen-
tioned stages.

2.1. Structure Tensor Based Harris Corner Detection

Consider an image represented by the function I(x, y), whose
horizontal and vertical derivatives are ∂xI and ∂yI , respec-
tively:

∂xI = I(x, y) ∗ g(1)σd
(x, y),

∂yI = I(x, y) ∗ g(2)σd
(x, y),

(1)

where ∗ denotes the convolution operation, and g(1)σd and g(2)σd

are the spatial derivative operators along x and y, respectively,
having standard deviation σd. The structure tensor ST at each
point is calculated by computing the outer product of the gra-
dient vector with itself as given below:

ST =

[
v ∗ (∂xI)2 v ∗ (∂xI∂yI)
v ∗ (∂yI∂xI) v ∗ (∂yI)2

]
, (2)

where v is a gaussian filter with standard deviation σa =
0.7σd. The detection of landmark points Lp(x, y) is per-
formed using Harris corner detection algorithm [14] on the
green channel of the fundus image, which gives the best
contrast of blood vessels (darker blood vessels on a bright
background). The likelihood of a point being detected as a
corner is determined using:

Rp(x, y) = det(ST )− k trace2(ST ). (3)

where k is the trade-off factor and is typically set to 0.04. In a
multiscale framework, the set of landmark points Lp (shown
in Fig. 2(c)) is determined using (1), (2) & (3) for standard
deviation σdi = αi−1 β; where, i = 1 to 5, α is the step size,
and β is the scale factor.

2.2. Voronoi decomposition

We partition the region of interest in the fundus image into
convex regions based on the Euclidean distance between the
landmark points such that each region contains exactly one
landmark point [15]. The points detected at the center of OC
and border of OD, due to the primary blood vessels and OD
mask, respectively are redundant as they do not correspond to
the OC boundary. These points are separated into correspond-
ing sub-regions called Voronoi cells (V C) as follows.
Consider a set S of co-planar points Pn with n ≥ 3, S =
{P1, P2, · · · , Pn}, where Pi = (pi, pj). The Euclidean dis-
tance between Pi and a point x = (x1, x2) is given by

D(Pi, x) =
√

(pi − x1)2 + (pj − x2)2,
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Fig. 3: [Color online] (a) Different levels of landmark points;
red: 1st level, green: 2nd level, blue: 3rd level, cyan: 4th level,
and their corresponding circle fits; (b) The final segmented
OC region using the proposed method.

The perpendicular bisector of the line joining the points P1

and P2 is given by

B(P1, P2) = {x|D(P1, x) = D(P2, x)},

Let H(P1, P2) denote the half-plane containing the set of all
points that are closer to P1 than to P2:

H(P1, P2) = {x|D(P1, x) < D(P2, x)},

The Voronoi cell containing P1 is the intersection of several
such half-planes and is specified as

V C(P1, S) =
⋂

Pi∈S,i 6=1

H(P1, Pi), (4)

The Voronoi decomposition is the union of the closure of the
Voronoi cells:

V (S) =
⋃

Pi,Pj∈S,i 6=j

V C(P1, S) ∩ V C(P2, S). (5)

where the overbar denotes set closure.
Let Ve be the vertices of the Voronoi decomposition, which
are the endpoints of (V (S)) that belong to the common
boundary of three or more Voronoi cells. A Voronoi cell is
bounded if the number of vertices (Ve) is greater than or equal
to three. Fig. 2(d) shows that the outer most Voronoi cells
contributed by landmark points on the OD boundary (labeled
as 1st level points) are not bounded and discarded from fur-
ther analysis. We again perform Voronoi decomposition on
the new set of points obtained after removing the outer most
points (cf. Fig. 2(e)). The set of points that lie in unbounded
Voronoi cells are labelled as the 2nd level points. The 3rd and
4th level points are obtained in a similar fashion. Selection
of points that constitute the relevant kinks from the identified
ones is based on the intensity and the area of the pallor. We
consider the brightest pixel group Bp within the OD obtained
from a 4-level Otsu thresholding. If Bp constitutes to more
than 50% of the OD area, then we consider 2nd level points
as the relevant kinks, else the 4th level points are considered

Algorithm 1: Procedure for selection of relevant
landmark points using Voronoi decomposition

1 for i= 1: 4
2 apply Voronoi decomposition on set of points Lp
3 if no. of vertices Ve ≥ 3 then
4 mark cells as bounded; retain points in Lp
5 else
6 mark cells as unbounded; discard points from Lp

7 store discarded points in L
′

p(i)
8 end
9 end for

10 determination of relevant points from L
′

p

11 if area (Bp) > area (50 % of OD) then
12 OC defined by L

′

p(2) [2nd level points]
13 else
14 OC defined by L

′

p(4) [4th level points]
15 end
16 end algorithm

as the relevant ones. In most cases, we have observed that the
2nd level points are reliable for determining the OC boundary.
The procedure for removing irrelevant landmark points is
summarized in Algorithm 1. Finally, a circle is fit to the rele-
vant landmark points using Pratt’s technique [22] resulting in
an accurate OC segmentation as shown in Fig. 3(b).

3. EXPERIMENTAL RESULTS

The proposed methodology has been validated on images
taken from the publicly available Drishti-GS [23] and MES-
SIDOR [24] datasets with 101 and 90 images, respectively,
selected from them. The selection has been done to maintain
diversity with regards to contrast and texture of the images.
Some results from the segmentation of the OC region and
the subsequent circle fitting are illustrated in Fig. 4. As can
be observed, the match between the expert annotations and
the algorithm generated one is significant. Table 1 provides
a quantitative measure of the performance using the Jaccard
index (Ji) and Dice coefficient (Dc) employed as the metrics.
A performance comparison indicates that the proposed model
is competitive with the state-of-the-art methods. Table 2 gives
a summary of the performance of the algorithm using stan-
dard performance metrics. The high sensitivity, specificity
and accuracy scores reflect the capability of the algorithm
to accurately determine the relevant kinks in the vessels to
be used for mapping the contour of the OC region. From
the scores, it can be inferred that the overall performance of
the algorithm marks it as a capable solution for handling the
challenge faced by many approaches for demarcation of the
OC in retinal fundus images.
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Fig. 4: [Colour online] (1a-5a): Segmented optic disc region, (1b-5b): Optic cup segmentation using the proposed technique,
(1c-5c): Comparison of the algorithm output (shown in red) vis-à-vis the expert annotations (shown in green); the region shown
in yellow indicates overlap.

Table 1: Performance comparison of the proposed method
with the state-of-the-art techniques.

Algorithm Dataset used
(# of Images) Ji Dc

Yin et al. [9] Local (325) 0.68 0.81
Joshi et al. [12] Drishti-GS (101) 0.63 0.77
Chakravarthy et al. [5] Drishti-GS (101) 0.67 0.80
Cheng et al. [16] SiMES (650) 0.61 0.75
Xu et al. [4] Origa (650) 0.74 0.85
Yin et al. [17] Origa (650) 0.79 0.83
Pardha et al. [18] Local (59) 0.80 0.89
Harish et al. [19] Drishti-GS (101) 0.57 0.73
Joshi et al. [11] Aravind Eye Hospital (138) 0.72 0.84
Liu et al. [20] SERI (140) 0.50 0.67
Zilly et al. (ML) [6] Drishti-GS (10) 0.77 0.87
Sevastopolsky (ML) [7] Drishti-GS (50) 0.74 0.85
BCF (ML) [21] Drishti-GS (10) 0.71 0.83
Proposed Drishti-GS (101) 0.70 0.82
method MESSIDOR (90) 0.69 0.80

4. CONCLUSIONS

In this paper, we presented a novel technique for automated
segmentation of the OC region in retinal fundus images. The
novelty of the solution is that unlike conventional techniques
that approach the problem keeping pallor of the OC region in

Table 2: Performance of the proposed OC segmentation al-
gorithm; Se - sensitivity; Sp - specificity; Acc - accuracy; Ji
- Jaccard index and Dc - Dice coefficient.

Database (# of images) Se Sp Acc Ji Dc

Drishti-GS (101) 0.87 0.95 0.93 0.7 0.82
MESSIDOR (90) 0.83 0.99 0.99 0.69 0.80

Average (191) 0.85 0.97 0.96 0.695 0.81

mind, the proposed technique relies on structural properties
– namely, the kinks found in retinal vasculature to determine
the contour of the OC. Through this approach, the model
overcomes one of the biggest hurdles in OC segmentation,
namely, widely varying contrast in fundus images, thereby
ensuring greater ease in assessment of retinal pathologies
such as glaucoma that are dependent on the extraction of the
OC contour. The method has been validated on the publicly
available Drishti-GS and MESSIDOR datasets and has been
shown to be on par with the conventional approaches. The
segmentation of the OC could be further improved through
combined mapping of the said region using contrast and
kinks.
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