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Abstract

Two algorithms namely Vessel Transform (VT) and Vessel Vector based Phase Portrait
Analysis (VVPPA) are proposed to automatically detect an optic disk (OD) in the retina images.
They both yield high accuracy even when the quality of the images is poor. These algorithms

utilize the features of vessels rather than the features of the ODs in the images.

The VT method localizes the optic disk using the concept that the location of the OD in a
retina image is the point where the sum of the shortest distances from it to the major clusters of
vessels is minimum compared to those from other locations. Whereas, VVPPA converts the main
blood vessels into vectors using vessel features such as angle between vessels, thickness, and
intensity and considers these vectors together with vectors derived from other techniques to find

the location where all vectors converge to.

The images from each of the two collections are categorized into poor and fair subgroups.
Both proposed methods yield noticeably better accuracy than compared a state-of-the art method
which is Fuzzy Convergence method especial on images categorized as poor. The VT method

outperforms Fuzzy Convergence up to 32%.

Keywords: Vessel Transform(VT), Vessel Vector Based Phase Portrait Analysis (VVPPA), Optic

disk localization.
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1. Introduction

Precise automatic localization of an optic disk (OD) in the retinal images is an important problem in the
ophthalmic image processing. Once the OD has been identified, many other regions of clinical importance such as
the fovea or macula can be easily detected and/or localized. The OD is also important for establishing a frame of
reference within the retinal image. The OD usually appears in the retinal images as a bright, yellowish, circular or
oval object, roughly one-sixth the width of the image in diameter [2]. Any irregularity in the appearance of the OD
is a sign of abnormalities or diseases such as glaucoma, diabetic retinopathy (DR) or hypertensive retinopathy [3]

(4].

Nowadays, one in ten people is advised for annual retinal screening due to a variety of medical conditions
[7]. However, annual retinal screening is nearly impossible especially in developing countries due to the huge gap
between the number of professional ophthalmologists and the patients. This implies the necessity of automatic
screening systems to assist the ophthalmologists in diagnosing the early stage of diseases such as glaucoma and
diabetic retinopathy using computer-based identification. Since the eye fundus imaging is a frequent clinical
procedure, the retinal images are commonly be used for a preliminary diagnosis and detecting suspicious cases.

Early works assume that the OD is the largest cluster of bright pixels. Therefore, the conventional OD
segmentation approaches often employ a suitable set of features such as brightness, shape, size, and the variation
of the gray level (entropy) [11][12]. Numerous work is based on these features, for instance, template matching
[17][18], boundary tracing [19], active contours (snakes) [13][21]-[23], machine learning [12], [26], [27], multilevel
thresholding [28], shape detection [29], mathematical morphology [N1][N2][N3], PCA [N8], genetic algorithms [N9]
edge-based detection [32] and blood vessel tracing [33][34], a pyramidal decomposition and Hausdorff-based
template matching guided by scale tracking of large objects using a multi-resolution image decomposition [17], edge
detection combined with a boundary tracing [19], a k-Nearest Neighbor regression with a circular template [35], and
circular transformation [N4].

For example, Lalonde et al. assumed OD is one of the brightest areas. They localized the OD by using a
pyramidal decomposition where the pyramid is created using a simple Haar-based discrete wavelet transform with
the set high pass and low pass filters, then segmented the OD using a Hausdorff-based template matching[17]. Li
and Chutatape localized the OD by using principal component analysis (PCA) then detected the OD’s boundary using
an iterative searching procedure to find the modeled objects so called active shaped model (ASM) [25]. Lowell et al.
performed the optic disk localization using specialized template matching, and segmentation by using an active
contour (snake) [16]. Lu et al. employed two important features of OD which are brightness and texture’s
smoothness to form a model template to localize the OD, approximated OD region is approximately determined by
a pair of morphological operations, refined an ellipse that is fitted by the convex hull of the detected OD region.
Akram and Kham employed the intensity variation and the gray levels as the major features characterizing the OD
[14].

One of the most successful work which provides the result comparisons with many existing approaches is
the work of Lu proposed in 2011. Curvelet transform has also been applied to solve the OD segmentation problem
[N11, N12, N15]. It mathematically designed for contrast enhancement. Esmaeili et al. [N11] [N12] and Shahbeig et
al. [N15] applied it to the image to easier locate the OD. Shahbeig et al. used it after preprocessed the image with
PCA then used morphological operators based on geodesic conversions to obtain the OD region. Similarly, Esmaeili


mailto:nittaya2mua@gmail.com
mailto:pakinee@siit.tu.ac.th
mailto:makhanov@siit.tu.ac.th
mailto:bunyarit@siit.tu.ac.th

et al. Pereira et al. used the existence of brightness on series of applied a famous Ant Colony Optimization (ACO)
algorithm preceded by anisotropic diffusion for optic disc detection

Lu [N4] proposed an OD detection and segmentation based on the Circular Transform which is claimed to
be more efficient, more accurate and faster than other state-of-the-art methods at that time [N5][N6][N7][N8]. In
his method, after preprocessed the image he first localized the OD based on a probability map constructed from
image gradient and image intensity in the horizontal and vertical directions [ N7], and then applied the circular
transformation to detect the shape of the OD. He reported the accuracy 98.24% which outperformed other
approaches such as the work of [N5][N6][N7][N8].

A major drawback of approaches depending on OD features including the Lu’s Circular Transformation
approach is that it often incorrectly localizes the OD when the OD’s physical appearance such as shape, color,
brightness, or size becomes abnormal. The OD obscured by blood vessels or only partially visible (blur, shadows,
noise) could be misclassified. Besides, the feature based methods could be highly sensitive to distracters such as
yellow/white lesions or bright artifacts which often appear on the retinal images [15] [16].

A powerful subclass of the OD detection algorithms based on the location of the vascular structures is often
overlooked. Only a few papers exploit the convergence of the blood vessels to the OD. Akita et al. [34] trace the
parent-child relationship between blood vessels segments, tracking back to the center of the OD. In addition to
brightness and shape feature of the OD, Chaudhuri et al. [36] check the area where vertically oriented vessels
converge. The vessels are treated as a single line of an infinite length. Consequently, the detection of the
convergence area has been reduced to the line intersection problem. Foracchia et al. [33] used the fact that all retina
vessels originate from the OD and their paths follow a similar directional pattern (parabolic course).

To describe the general direction of retinal vessels at any given position in the image, a geometrical
parametric model was proposed, where two of the model parameters are the coordinates of the OD center. The
parameters are identified by an optimization algorithm.

One of the most successful vessel convergence techniques is introduced by Hoover and Goldbaum [2]. The
method employing the vessel convergence as the primary feature is based on the fuzzy convergence [38] endowed
with a voting scheme. The voting takes place on the integer grid of the original image. Each vessel is represented by
a fuzzy segment, whose area contributes votes to its pixels. The summation of votes at each pixel produces an image
map representing the strength of the convergence of each pixel. The map is then blurred and thresholded to produce
points of the strongest convergence. The fuzzy convergence techniques have been applied on multiple scales and
combined with a feature based approach employing the equalized brightness. The verification of the method on
STARE database shows the highest performance overall (89%), and a complete success on the healthy retina test
cases (100%). Nonetheless, the method does not consider the hierarchical structure of the vessels and their
importance. As a matter of fact, the vessel network consists of the main vessels and several levels of secondary
vessels (tributes to the main vessel). The main vessels converge to the OD whereas the secondary vessels are
positioned randomly with regard to the OD. Therefore, the vascular network can be thought of as a collection of
clusters of connected conduits similar to the river networks. The clusters converge to the OD in the sense that points
belonging to the OD are closer to each cluster than points not belonging to OD. This concept is not always true if we
consider convergence of individual vessels. It is not hard to give an example where the secondary vessels converge
to a false OD. In addition, the cluster could be generated by a single main vessel and its binary rooted tree. It can
also include several major vessel trees positioned closely and directed towards the OD.

To locate the convergence area of the vessels, we propose a procedure to decompose the vessels into
clusters and then find the centroid of the points of which the distances from each point to all vessel clusters is the
minimum. Our method is named Vessel Transform (VT). The VT algorithm has been tested retinal images from two
standard databases against the fuzzy convergence method [38]. The OD location obtained from the VT is combined
together with the scale space method [44] to detect the OD’s rim.  The numerical experiments demonstrate that
the proposed algorithm outperforms the scale space method without VT in terms of the correct detection of the
OD.

2. Vessel Transform



The vessel transform (VT) is given by

1y
V(p) =W2dlst(p,ci), (1)
i=1

where C, is the i-th cluster of vessels, N is the number of clusters, p= (X,y) an arbitrary point in the image and

dist(p,c)=min|| p—p’||. An introductory example in Figure 1 displays sample retinal images and the
p'ec

corresponding VTs. The dark part of the VT image corresponding to the vessel convergence region locates the OD.

Figure 1 The original retinal images (left) and their corresponding VTs (right).

In order to apply the VT, the vessels in the original image are detected and extracted. However, breaking a single
vessel into several segments is a common drawback produced by the majority of the vessel extraction algorithms
[59], [60], [61]. Therefore, our clustering algorithm not only collects the vessels into clusters, but repairs individual
broken vessels as well. The input of the clustering algorithm is a collection of vessels (V,,V,,...V, ) . Each vessel is

represented by the Cartesian coordinates: V; =((X,¥);1,-(X,¥); 2, (X, ¥); ,) - We use a vessel segmentation

freeware [62], [63] based on thresholding of wavelet coefficients on different spatial scales and a vessel location
refinement using the centerline spline fitting.

The first step of our algorithm is preprocessing designed to remove the outliers: short, thin, and faint vessels. It
requires the following thresholds: Tl-the length threshold,Tt - the thickness threshold, Tf - the threshold on the
gray level intensity of the vessel relative to the background. The second step merges the vessels into clusters and
removes the isolated vessels. The merging step employs a threshold Td on the maximum distance between clusters
which can be merged into a new cluster. We apply a classical hierarchical bottom-up clustering. Initially the
algorithm treats each vessel as a singleton C; =V, . Next, it successively merges clusters C;, Cj if diSt(Ci , CJ-) < Td
until they have been merged into several well separated sets. The post processing procedure detects and removes

the outliers (small clusters) by using the condition Nci < T,_ , Where NCi denotes the size of the cluster and TL the

corresponding threshold.

Note that this type of clustering does not include time consuming tracing procedures designed to detect the tree-
like structures of the vessels. However, if trained, the algorithm returns well separated clusters sufficient to generate
a VT which localizes the convergence region and consequently the OD. Figure2 illustrates the proposed clustering
method.
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Figure 2 The original image (top left), extracted vessels (top right), segmented vessels (middle left), removing
short, thin or faint vessels (middle right), clustering (bottom left), removing small clusters (bottom right).

3. Correction Algorithm

The VT based segmentation of the OD requires that the resulting clusters converge to the OD. Therefore, for the
images merged into 3 or more clusters, we verify the quality of convergence as follows. First, we evaluate the

convergence region Q=argminV (p) and its centroid. Next, we withdraw the clusters one by one from the
p

collection of clusters and evaluate the convergence regions Q' corresponding to these new collections. If for some
Q', dist(0,,0,) >T,, where O isthe centroid of 2, O, the centroid of ' and T, the corresponding

threshold, the clustering is discarded. Our assumption is that if the vessels strongly converge to €2, the system
without one cluster converges approximately to the same region (see Figure 4). The second step is the evaluation
of the convergence as follows:

‘ initial centroid

* convergence point of cluster 1, 2, and 3 3
D convergence point of cluster 1, 2, and 4

O convergence point of cluster 1, 3, and 4

@ convergence point of cluster 2, 3, and 4

Figure 3 Convergence test



If min(dist(ci,Q)) <T,;, where T is the corresponding threshold and C; the i*" cluster (the cluster is close
Gi

enough to the convergence region). The clustering is considered successful if the centroid OQ of the convergence
region ( is located inside the OD. In this case, the VT is included in the prescribed set of features for a further

evaluation.

In a few cases the clustering algorithm returns an unacceptable result which consists of only one or two clusters. In
this case we could not reliably test the convergence by excluding clusters (the first step). Technically, one can modify
the thresholds and merge the vessels into a new set of clusters. However, testing an algorithm based on this idea is
still an open problem. Therefore, following [54] we discard the VT feature and apply the scale space algorithm in its
original version [44] (see also our forthcoming chapter 6). The numerical experiments show that the number of the
discarded images is usually small and does not exceed 10%. Besides, the location of the OD in these images can still
be correctly evaluated.

4. Training Method

The method requires the following thresholds: Tl- the minimal acceptable length of the vessel for a particular
image (shorter vessels will be eliminated), Tt - the minimal acceptable thickness, Tf - the maximum acceptable
intensity of the vessel relative to the background, Td - the maximum distance between the clusters which can be

merged into a new cluster, TL— the minimum acceptable size of the cluster, TQ and TVT the thresholds used in

the convergence test (see section 3). The algorithm is trained using the bivariate quadratic approximation given by
2 2

T(u,0)=au" +a,0°+a,u+a,0+a,uc+a,, (2)

where (4 and O is the mean and the standard deviation of the corresponding parameter evaluated for a particular

image. For instance, T, =T, (,uI ) O'l) is the threshold on the minimal acceptable length of the vessel, whereas

is the mean length of a vessel in a particular image and 0, the standard deviation.

5. Scale Space Algorithm with Vessel Transform (SSVT)

The VT method and its additional improvement schemes described in sections 2, 3, and 4 yields the approximated
location of the OD but it hasn’t yet detected the boundary of the OD. To get the OD’s rim, we combine our approach
with the scale space (SS) algorithm proposed by Duanggate et al [44]. The modified algorithm is called the space
scale algorithm with the vessel transform (SSVT). Figure 4 shows how SS is combined with VT.

Retinal Image

TN

Vessel Selection Median Filtering

/
Vessel Clustering \/

\V Candidate blob selection
Vessel Transform using the scale-space[44]

Feature Selection

]
Optic Disk Classification

Figure 4 Vessel transform combined with the scale-space segmentation



The SS approach is based on the original theory proposed by Lindeberg [67] in 1994. The image is converted into a
one-parameter family of smoothed images. Objects (blobs) which appear stable under smoothing at different scales
along with their features are considered as the OD candidates. The features considered in [44] are the size,
compactness (roundness), entropy and intensity. We extend the SS algorithm by adding the VT score as an additional
feature. Our OD classification is performed using a decision tree which includes the above mentioned features along
with the VT-feature.

6. Experimental Setup

We tested the proposed method against the existing techniques on two collections of images i.e. STARE (the
STructured Analysis of the Retina) [53] and ROP [44]. The ROP was originally collected to detect the signs of
retinopathy of prematurity by Dr. Sarah Barman with Kingston University of UK. Images with bright, round, and clear
border of the ODs were classified visually as “fair”, the rest is considered “poor”. There are 60 images with fair
quality and 31 images with poor quality for the ROP collection whereas 31 images with fair quality and 50 images
with poor quality for the STARE collection. Figure 4-a and Figure 4-b display examples of “fair” and “poor” images.

(a) Fair images

(b) Poor images
Figure 4 Examples of “fair” and “poor” images

Our two collections of test images have been obtained by different devices with different lighting
conditions. Therefore, they require different sets of thresholds which are obtained by the quadratic regression (2).
Figure 5 illustrates the threshold selection applied to the ROP and the STARE set, respectively. We train the method
using the classic 70-30% ratio between the training and the testing data.

To combine features in scale space method, we use an automatic decision tree generation available from
the Waikato Environment for Knowledge Analysis [64]. Features evaluated for the candidate blob in Scaled Space
are the size (s), the compactness (c), the entropy (e), the average intensity (i), and the average value of the vessel
transform (V). The resulting decision trees and the particular thresholds are shown in Figure 6.



(a) The ROP collection (b) The STARE collection

Figure 6 The decision trees for test collections.

In the decision trees, we find that only V, s, and c play roles in detecting the OD region. Since they are independent
of the entropy and the intensity, the new approach allows us to exclude the two features replacing them by the VT.
Our forthcoming section 7 shows that the VT also improves the accuracy of the classification.

7. Experiments and Results

In this section, we show and analyze results of applying the proposed algorithm to the ROP and STARE collections
of retinal images.



7.1 The Performance of the VT in Locating the OD

We applied and compared the performance of SSVT with the Scale Space Approach [46] and the Fuzzy
Convergence Method (FC) [2]. Figure 10 shows introductory examples of locating the OD obtained by the VT and
FC.

= 0D reglon of the ground-trutn|
© 0D location suggested by FC
A 0D tocation suggested by VT

Figure 7 The OD locations produced by the VT and the FC

Figure 10 demonstrates some cases when the VT outperforms the FC owing to the vessel clustering approach which
improves the accuracy of the locating the convergence region.

The accuracy of locating the OD was evaluated as follows. If the convergence region Q (see section 3) is
contained entirely inside the ground truth contour, we consider it a correct location of the OD.

Table 3 shows the accuracy of the location of the OD location for the poor and fair images processed by the VT and
the FC on the STARE collection. The VT outperforms FC for the both groups with the absolute improvement of about
6%. The OD is considered to be located correctly if the centroid of the convergence region

Note that the results of applying the original FC to the STARE collections are taken from [55], however, they are not
available for the ROP.

Table 3 Accuracy of OD location from Fuzzy Convergent and Vessel Transform

Accuracy (%) Absolute Improvement
Collections Image Quality VT vs. FC
FC VT
ROP Fair N/A 95.00 N/A
Poor N/A 96.77 N/A
STARE Fair 90.32 96.77 6.45
Poor 88.00 94.00 6.00
Overall average (STARE only) 89.16 95.39 6.23




7.2 The Performance of the SSVT in Detecting the OD Region

This section presents the performance of SSVT vs. SS. As opposed to the previous section where the location of the
OD was evaluated by finding the centroid of the convergence area, the OD region is determined by using a
combination of the SS which generates the candidate blobs and the proposed decision tree based on the VT which
is one of the most prominent features.

We evaluate the performance using two standard schemes: sensitivity and predictive Positive Value (PPV). The first
one reveals the accuracy while the second one reflects completeness of the obtained solution. In this work, the
sensitivity is defined to be the ratio of the number of pixels detected correctly as OD to the total number of pixels
detected as OD. The PPV in this work is the ratio of number of pixels detected correctly as OD to the total number
of pixels of OD from the ground truth.

The algorithms were tested on the ROP and the STARE collections. The experiments clearly demonstrate the
advantage of SSVT. Figure 8 shows examples when the final selection of the SS fails whereas the SSVT decision tree
points to the correct OD region. As a matter of fact, the VT-feature has a strong impact on the blob classification
process. In many cases, the SS fails to detect the OD due to insufficient information provided by the basic features.
As opposed to that, SSVT employs the convergence of the vessels which is not sensitive to the variation of the
contrast and the noise as long as the entire vascular network or at least a major part of it has been correctly detected
and clustered.

The tests of the performance of the SSVT against the SS are presented in Table 4. The performance measures are
the average sensitivity and positive predictive value (PPV). The SSVT outperforms SS in both quality measures for
each group of the images (fair and poor) and for each collection of data. In particular, when the image quality is
poor, the SSVT outperforms the SS in terms of PPV considerably. For the group of fair images, the advantage of the
SSVT in average sensitivity is up to 4.69% (STARE) whereas for the poor images the improvement is about 14.35%
(ROP). As far as the PPV is concerned, SSVT better than SS by 30.12% (ROP) on the poor collection and by 7.03%
(STARE) on the fair collection. The average absolute improvement is 6.09% for the sensitivity and 13.54% for the
PPV.

It should be noted that in [44] SS was found to be superior with regard to the OD segmentations based on the
morphological operations and the Circular Hough Transform [56-58] applied to ROP. Therefore, the SSVT
outperforms the above mentioned methods as well with a greater advantage. Still there are images where SSVT
fails. Those images are usually characterized by unclear vascular networks combined with noise and shadows shaped
similarly to the vessels.

@ OGroundtruth
@® ss

@® Oroundtruth

® ssvT

@ OGroundtruth @ Oroundtruth




® Oroundtruth @ Oroundtruth
® ss ® ss
® ssvT \ L ® ssvT

Figure 8 Examples of OD regions selected from SS (blue), SSVT (red) and the ground truth (GT) from 6 different
images

Table 4 The Average Sensitivity and PPV of SS and SSVT for each image quality and each collection.

Collections Image Average Sensitivity Average PPV
quality SS SSVT SS SSVT
(absolute improvement) (absolute improvement)
ROP Fair 83.03 85.13 (+2.1) 83.41 84.67 (+1.26)
Poor 47.60 61.95 (+14.35) 49.94 80.06(+30.12)
STARE Fair 57.73 62.42 (+4.69) 67.61 74.64(+7.03)
Poor 44.33 47.56 (+3.23) 56.82 72.56(+15.74)
Average 58.17 64.26 (+6.09) 64.44 77.98(+13.54)

8. Conclusions

The proposed new vessel transform improves the accuracy of locating the OD. The combination of the vessel
transform with the feature based scale space segmentation improves the quality of the OD segmentation. The
absolute improvement of the SSVT over SS measured in terms of sensitivity and positive predictive value is
approximately 14 % and 30% respectively.
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Automatic Optic Disk Detection in Retinal Images Using

Hybrid Vessel Phase Portrait Analysis
Nittaya Muangnak, Pakinee Aimmanee, Stanislav Makhanov
1. Introduction

One in ten of the patients with diabetes has a high risk of developing diabetic retinopathy (DR) [1].
Therefore, they are suggested to attend an annual clinical checkup. Early screening of eye diseases by
ophthalmologists can help patients having diabetes to receive proper treatment at an early stage of DR.
Astonishingly, according to the statistics provided by the World Health Organization (WHO), the number of people
across the world with diabetes has risen very rapidly from 108 million in 1980 to 422 million in 2014 [2]. This implies
the necessity of automatic screening systems to assist ophthalmologists in diagnosing early stages of ophthalmic
conditions such as glaucoma, DR, or age-related macular degeneration [3] using computer-assisted diagnostics.
Since eye fundus imaging is a frequent clinical procedure, the retinal fundus images are commonly used for a
preliminary diagnosis and detection of suspicious cases.

The optic disk (OD) is one of the crucial points in a retina. It is important for establishing a reference frame
for other regions of clinical importance inside a retinal image, such as the fovea or macula, and also to diagnose
abnormalities of eye diseases. The OD usually appears in healthy retinal images as a bright, yellowish, circular, or
oval object, roughly one-sixth the width of the image in diameter [4], which is partly entered by optic nerves. Any
irregularity in the appearance of the OD is a sign of abnormalities or diseases such as glaucoma, DR, or hypertensive
retinopathy [5].

Conventional OD detection algorithms usually rely on the assumption that the OD appears in a central
position as a bright and circular object of a certain size, characterized by a certain variation of the grey level
(entropy). Various researchers have attempted to identify the OD center as the largest cluster of bright pixels. The
existing methods report a success rate up to one hundred percent. Similar ideas are exploited by template matching
based techniques [6], [7], and [8].

A survey on the recent literature by Winder et al. [9] cited 38 papers on OD localization and segmentation.
In particular, principal component analysis, active contour models (snakes), and watershed transforms and their
combination were proposed in [10], [11], [12], [13]. Other models include algorithms based on intensity variation
[14], Hough transform/fuzzy hybrid neural network [15], a template based approach combined with morphological
operations [16], and the curvelet transform [17], [18], [19].

Pereira et al. [20] analyzed the presence of brightness on a series of blurred images and applied an Ant
Colony Optimization algorithm and anisotropic diffusion. OD localization based on approximate nearest neighbor
field was proposed by Ramakanth and Babu [21]. Sopharak et al. [22] applies a two-class Bayesian classifier and
mathematical morphology. The Circular Hough Transform was proposed by Azuara-Blanco et al. [23]. However, Zhu
et al. [24] showed that the performance of the method could be very poor even when the shape was only slightly
non-circular.

One of the most efficient algorithms successfully tested against many existing methods is proposed by Lu
[25]. The modification of the Circular Transform (CT) combined with evaluation of the brightness has been proven

to be more efficient, more accurate, and faster than other state-of-the-art methods such as the morphological



approach proposed by Welfer et al. [26], a vessel’s direction matched filter proposed by Youssif et al. [27],
localization using dimensionality reduction of the search space proposed by Mahfouz and Fahmy [28], genetic
algorithms proposed by Carmona et al. [29], and the local refinement active contour model by Giachetti et al. [30].
Lu’s method, first, localizes the OD based on a probability map constructed from the image gradient and intensity
in the horizontal and vertical directions. The circular transformation is applied next, to detect the shape of the OD.
An accuracy of about 98.77% is reported (considerably higher than the competing methods).

However, a major drawback of the feature-based approaches including Lu’s CT is that on poor quality
images the method may generate multiple false ODs. Moreover, in these cases, physical appearance such as shape,
color, brightness, or size of the actual OD becomes abnormal. An OD obscured by blood vessels or only partially
visible (blur, shadows, noise) could be totally misclassified. Besides, precise OD identification based on the above-
mentioned features could be sensitive to pathologies such as white/yellow lesions, exudates, or bright artifacts
appearing on the retinal photographs [31].

Another important subclass of the detection algorithms is based on the convergence of the vascular
network to the OD. However, only a few existing methods exploit this feature. Akita and Kuga [32] traced the parent-
child relationship between blood vessels segments, tracking back to the center of the OD. Chrastek et al. [33]
checked the area where vertically oriented vessels converge as a single line of infinite length. Consequently, the
detection of the convergence area was reduced to the line intersection problem.

The least square polynomial curve fitting algorithm and multilevel thresholding technique were applied by
Kavitha and Devi [34] to localize the OD by detecting the strongest convergence point of blood vessels. A geometrical
parametric model was proposed by Foracchia et al. [35] using the parabolic approximation of the vascular network
to describe the general direction of retinal vessels at any given position in the image. The vessel directions were
parameterized and the simulated optimization was used to obtain the coordinates of the center of the OD.

Niemeijer et al. [36] applied a k-Nearest Neighbor regression and a circular template on all vessel pixels to
locate the OD. Proposed by Dehghani et al. [37], the OD was identified by finding the region having the highest
density of vessels, corners, and bifurcation points using Harris corner detection. This algorithm was effective under
invariance of rotation of retinal images, whereas the presence of pathological regions needed to be distinguished,
and the desired OD contour required high variance contrast between OD and the surrounding background.

Welfer et al. [26] and Zhang and Zhao [38] used the assumption that the major vessels line up horizontally.
The major drawback of these approaches is that they are not rotationally invariant. Vascular networks and intensity
information were combined to examine the entropy of vascular directions in Mendonca et al. [39]. The distribution
of vessel orientations around an image point is quantified using the entropy of vascular directions. The OD
localization is done by searching for the high intensity image area that has maximal values of entropy. The active
contour (snake) was employed by Semashko et al. [40]. The positions of the vessels were used to correct the
pressure force of the active contour to improve the convergence of the snake to the OD center.

Rangayyan et al. [41] used Gabor Filters to detect vessels to produce the orientation field. The resulting
vector field was analyzed by the Phase Portrait Analysis (PPA) to detect the points of convergence. The method
reported an accuracy up to 100% on the DRIVE database [42], however, the method failed when applied to poor
quality images from STARE [43] ( 69.1 %). The main reason for that is that the vessels extracted from the poor quality

images usually create an inappropriate vector field. Consequently, the PPA generates multiple convergence points



and a false OD.

In this paper we show that a proper vector field can be generated using a certain set of features at the
bifurcation points. These features (rather than the direction of blood vessels) combined with some additional
vectors allow us to process poor quality images. For instance, the accuracy of the PPA on STARE has been increased
to 99%.

Another outstanding vessel convergence technique was introduced by Hoover and Goldbaum [4]. The
method, called Fuzzy Convergence (FC), created a fuzzy segment of which an area was provided by a voting scheme
for corresponding pixels of each segmented vessel. An image map, representing the strong points of the
convergence, was calculated by summation of votes. The map was then smoothed and the strongest convergence
points are detected by thresholding. The fuzzy convergence technique was combined with a feature-based approach
which employs illumination equalization to minimize the large intensity variation at different scales. Method
verification on the STARE database showed acceptable performance overall (89%), and full success on the healthy
retina images (100%). Nevertheless, the hierarchical structure of the retinal vessels and their importance were not
considered. The retinal vessel network consists of both skeletonized primary and secondary attributes to the optic
nerve head. The main vessels converge to the OD, whereas the secondary vessels are positioned randomly.

In this paper we use the fact that the geometry of the vessels converging at bifurcations indicate the
direction to the OD. In order to find these directions, the smallest branching angle is evaluated at each bifurcation.
We assume that the “main” vessel directed to the OD is opposite to the smallest branching angle. This assumption
is not always correct when we consider pathological cases comprising individual fuzzy and distorted blood vessels.
However, for the majority of the images (even with poor quality) the smallest bifurcation angle points in the correct
direction. Moreover, in order to define the main vessel we consider not only the branching angle, but selected
features as well i.e. thickness, tortuosity, and intensity. In addition, other connected vessels are considered.

In order to improve the quality of the resulting vector field, sole vessels are also taken into account, based
on their importance. Besides, the bifurcation vectors have been supplemented by the so-called Mahfouz’s vectors
[28], based on the observation that the vessels are positioned predominately along the vertical direction.

Our new technique is the above representative vectors, interpolation of these vectors throughout the
entire image, and analyzing the resulting vector field by phase portrait analysis (VVPPA). The VVPPA approach is
combined with the Vessel Transform (VT) [44], based on the clustering the vessels into the binary trees and using a
decision rule-based method. The combination of VVPPA and VT is called the Hybrid Method(HM). The HM is
integrated into the scale space analysis proposed in [45] . The new algorithm has been tested on fair and poor quality
retinal images from two databases (172 images) against the fuzzy convergence method [4], a recent modification of
the Circular Transform [25], and the VT [44] applied without the hybridization with VVPPA. Furthermore, the space
scale boundary detection [45] was tested with and without the VVPPA and the HM. The numerical experiments
demonstrate that the proposed algorithms outperform the baseline methods in terms of the precise localization of
the OD and the accuracy of segmentation in the framework of the space scale scheme.

The paper is organized as follows. Section 2 describes two novel approaches for OD localization. Section 3
describes the proposed method of OD segmentation. Section 4 describes the data collections and setup of our
experiments. Section 5 shows results. Section 6 provides a discussion of the results and limitations of the approach.

The last section concludes the work.



2. Our Proposed OD localization Approaches

In this section, we present Vessel Vector based Phase Portrait Analysis Approach (VVPPA) and Hybrid Method (HM)
comprising VVPPA and VT.

2.1 Vessel Vector based Phase Portrait Analysis Approach (VVPPA)

Five types of vectors are defined in the framework of VVPPA namely

1) The shifted leading bifurcation vectors (SLBV)

2) The sole vessel vectors (SVV)

3) The Mahfouz vectors (MV)

4) The bouncing vectors (BV)

5) The interpolated vectors
The SLBVs are constructed by considering bifurcation associated with three vessel segments. A circle centered at a
junction with radius r is drawn and the intersection points of this circle with the vessel segments are marked.
Normalized vectors from the junction to the intersection are the bifurcation vectors (Figure 1). Next, the leading
vectors are classified from these bifurcation vectors using the opposite angle, tortuosity, thickness, and contrast.
The opposite angle of a vector is an angle between the other two vectors originated from the same bifurcation point.
Tortuosity is the ratio of the distance to the displacement of two end points of the vessel segment. Thickness is the
average width of the vessel segment considered only from the bifurcation point to the intersection point. Contrast
is the difference of the cumulative intensity between the vessel segments and their surrounding background from
the bifurcation point to the intersection point. The angle, tortuosity, thickness, and contrast are normalized. The
classification is based on the SVM method [46] applied with the training and testing sets. The rules obtained from
the training set are applied to the testing collection. Once the leading vector is obtained, we shift it along its direction
to the end of the corresponding vessel. This vector is the SLBV in Figure 1. The SLBV is used rather than the leading

vector because it is closer to the OD. Therefore, it will produce a better vector field.

leading-yector

shifted leading bifurcation vector

Figure 1 The illustration of a shifted leading bifurcation vector

The SVV are often the main vessels. Therefore, they contribute useful information about the OD location.
To generate the SVV, we selected the sole vessels which are not too short, not too thin, and not too faint using a

threshold selection technique. For each SV, we randomly pick a direction and normalize the resulting vector. The



directions of the SVVs are to be corrected later in the VVPPA algorithm.

The probabilistic OD approximation proposed by Mahfouz and Fahmy [28] is also taken into consideration.
The Mahfouz’s approach is based on the simple observation that the central retinal artery and vein emerge from
the OD mainly in the vertical direction and then progressively branch into main horizontal vessels. From the vascular
structure of the retina, a vertical bar with an image height and a proper width would always be dominated by vertical
edges (vertical vessels) when centered at the OD. Thus, the x-location that yields the greatest difference between
vertical edge and horizontal edge is the vertical location of the OD. Once the vertical location is obtained, the y-
location is determined by considering a square window with length equal to the average diameter of the OD, using
this horizontal location to find the location that has the highest number of bright pixels. Four unit vectors derived
from Mahfouz’s approach are created at the top and bottom as well as at the right and left edge of the retina (Figure

2).

Number of vertical vessel pixels
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Figure 2 Mahfouz vectors (a) original image (b) the greatest difference of the number of pixels in the vertical edge
and horizontal edge. (c) y-location vs. the maximum number of bright pixels in a reference square at the x-location

(d) the Mahfouz vectors.

The Mahfouz’s approach is experimentally proven to be fairly accurate for up to 92.6% [28]. It usually works



well when the vessel structure is complete and the OD is clear. We thus employed vectors derived from the
Mahfouz’s approach to be a part of the proposed algorithm. However, when the quality of the images is poor, the
Mahfouz’s approach may not yield good accuracy. However, in many cases the MV contribute to the proposed
algorithm.

The BVs are created with the purpose to improve the convergence area of PPA. A bouncing vector of a
vector V is a unit vector starting at the edge of retinal image and pointing opposite to V. In this work, the bouncing
vectors are derived from SLBV, SVV, and MV.

The last type involved with the proposed algorithm is the interpolated vector constructed at every grid
point of the retinal image using triangulation of the image and linear interpolation. The vector flow is assumed to
change linearly in the neighborhood of the critical point as follows, v = Ap, where v = (x,y) the Cartesian
coordinate, and A is the corresponding matrix. The matrix is approximated by the least square method applied to v
in the moving window centered at p. The flow patterns characterized by the eigenvalues of matrix A are shown in
Table 1, where 44, 1, are the eigenvalues, R; = Re A;, I; = Im A4;, and i = 1, 2. Table 1 shows the patterns used in
this study (see [47] for the entire collection). The proposed vector field classifier employs a continuous formulation
given by

min(|A,[, |2;]) sign(4,1;) + 1

ifA,>821,>6

C(A4,42) = {max(|1,],|2;]) 2 ’
0 , otherwise
. . - . . . min(|A1],1421)
where § is a threshold to exclude ill conditioned matrices characterized by small eigenvalues. Theterm ———————
max(|21],|1221)

includes converging/diverging configurations, i.e. attracting and repelling stars, as well as strong attracting and

repelling nodes, such that C(1;,4,) = 1 (see Table 1). We shall call these converging configurations [47].

Table 1 Phase portrait analysis of the 2D vector flow

Pattern Eigenvalues [llustration
Saddle Point R >0R,<0 [ I,=1,=0 <—->:’
Repelling Node R #R,>0 I,=1,=0 }R
Attracting Node R#R,<0 I,=1,=0 }-}{
Repelling Star R =R,>0 I,=1,=0 -}‘é
Attracting Star R =R, <0 I,=1,=0 ->|<-
iﬁiﬁmﬁe R=0R,#0 [1,=1,=0 §8§§%§

Therefore, the PPA algorithm returns the location of the converging configurations, one of which points to the OD.

The entire VVPPA algorithm is presented below.

Input:

SLBV: Shifted leading bifurcation vectors
MV: Mahfouz vectors

BV: Bouncing vectors



SVV: Sole vessel vectors {svvi, sw,, ..., SV}
Output: centroid of the convergence region

VVPPA Algorithm:
V ={SLBV, MV, BV}
IV=Make_InterpolationVectors(V)
#Determine the convergence region from PPA scores
CovReg = Find_HighPPAScore_LargestRegion(IV)
¢ = Find_Centroid(CovReg)
fori=1:k
#Validate the direction of the sole vectors
if Is_Pointing_outward(svv;, c) is true
SV, = —sw,
endif
#Correct the location of convergence region
V=V uU{svy}
IV= Make_InterpolationVectors(V)
CovReg = Find_HighPPAScore_LargestRegion(IV)
¢ = Find_Centroid(CovReg)
endfor

In this algorithm, Make_InterpolationVectors(V) takes the collection of the input vectors V to generate the
interpolated vectors, IV, at all grid points in the retina image. Find_HighPPAScore_Region(1V) finds and returns the
region (CovReg) high PPA scores obtained using the input collection IV. There can be many regions characterized by
high PPA scores. Therefore, we select the final region using the maximum likelihood estimation based on: the mean
thickness of segmented vessels, the contrast of segmented vessels compared to surrounding background, the
density of segmented vessels, and the original PPA scores. Find_Centroid(CovReg) returns the centroid of the
convergence region CovReg. Is_Pointing_outward(v, c) returns true if v’s direction is toward cs, otherwise false.

Figure 3 illustrates the above VVPPA techniques.

2.2. Hybrid Method

An enhanced version of VVPPA is called the Hybrid Method (HM). The HM combines the vessel transform
(VT) [44] and VVPPA. The VT approximates the location of the OD by finding a centroid of a collection of points, of
which the total sum of the distances from each point in this collection to all vessel clusters is minimal. This HM aims
to carry out the best accuracy of the VT and VVPPA approaches. To localize OD, the HM creates a decision model to
select an appropriate approach (VT or VVPPA). The decision is based the number of bifurcation vectors, the number
of sole vessel vectors, and the PPA score. The HM pseudo-code is given below

Input:
C = A collection of images of size N
I = A collection of testing image of size P
T = Input a training set of images of size Ny, Nt < N
F(T) = {F(T), Fo(T) ..., Fu(T)} where Fi(T) is the it" feature vector extracted from T
ANS(T) = a binary answer set vector (0 for VT and 1 for VVPPA) of T of size N

Output:

algV = a binary vector containing answers

Hybrid Algorithm:

% generate the decision model



DModel= Calculate_Decision_Model(F(T), ANS(T))
% Determine the answer for the testing image

FI = {F1(1), F2(1) ..., Fm(1)}

algV = Select_Algorithm(DModel, Fl)

The Calculate_Decision_Model(F(T), ANS(T)) generates the decision using the feature matrix F(T) and the
training set ANS(T). Select_Algorithm(DModel, Fi) returns the algorithm that should be used for testing the collection
using the DModel obtained from the Calculate_Decision_Model(F(T), ANS(T)). Fl is the feature matrix associated
with the testing set.

As the HM builds the model from the best results from both approaches, its performance is usually better
than both VT and VVPPA. The HM reduces the computational time to approximately half relative to each individual

approach.

(a) Original image (b) SLBV (black), MV (gray), and BV (white)

(c) IVs and the initial CovReg (d) IVs and CovReg after including the 15t sole vector

(e) IVs, CovReg after including the 2" sole vector  (f) IV, CovReg after including the 3™ sole vector



(g) Centroid (green rectangle) of CovReg boundary (blue line) and the ground truth boundary (black line)

Figure 3 lllustration of the VVPPA algorithm

3. Scale Space Algorithm with VVPPA/HM for OD Segmentation

The Scale Space(SS) theory was originally proposed by Witkin [48] to create a multi-scale representation of
signals in 1-D. Lindeberg [49] applied the SS to image segmentation. The SS theory was applied by Duanggate et al.
[45] for OD segmentation in the retinal images. In their work, a series of images resulting from applying the Gaussian
smoothing were constructed. The blobs (or closed contours) that exist over smoothen images were linked and
represented as a scale-space blob tree. The merging processes are applied to merge together the blobs that meet
the criteria of blob adjacency and also stability, measured by relevant attributes. The OD blob is selected from these
candidate blobs based on four features of OD: size, entropy, intensity, and compactness. This OD blob represents
the OD. We integrate the SS scheme with VVPPA and with HM. In the framework of the SSVVPPA approach, the SS
theory is modified by employing the PPA score along with the original features used in Duanggate’s work. For the
SSHM approach, the SS theory is combined with either the vessel transform (VT) [44] or VVPPA. The choice of
method to be combined with SSC depends on the answer returned by the HM. If the HM returns VT, the vessel
transform score is considered together with the original features in the OD selection process of SS.

As the boundary of the OD blobs obtained from SS can be wavy, which does not reflect the round shape of
the OD, we readjust the boundary using a circle. Such a circle is centered at the centroid of the OD blob and has a
radius equal to one half of the average diameter of the OD in the collection. We call these three SS family schemes:
SS, SS combined with VVPPA, and SS combined with HM, with adjusted circular boundary SSC, SSVVPPAC, and

SSHMC, respectively.

4. Numerical Experiments

We consider a standard database STructured Analysis of the REtina (STARE) [43]. The fundus photographs
from STARE were captured by a TopCon TRV-50 fundus camera with 35° field of view. Each image was digitized to
create a 605 x 700 pixels at 24 bits per pixel. Another collection is a dataset originally collected to detect the signs
of retinopathy of prematurity (ROP) by Dr. Sarah Barman at Kingston University of UK. All digital images from ROP
were taken from patients with non-dilated pupils using a KOWA-7 non-mydriatic retinal camera with a 45° field of
view. The images were stored in JPEG format, 640 x 480 pixels at 24 bits per pixel. We classify images into two
categories. The bright, round, and clear ODs are classified visually as “fair”. The rest is considered “poor”.

There are 91 images for the ROP collection with an average OD diameter of 47.88 pixels. Sixty images are



classified as fair and 31 as poor. STARE includes 81 images with an average OD diameter of 103.88. There are 31
images of fair quality and 50 images of poor quality. Examples of fair and poor retinal fundus images are displayed
in Figure 4.

To evaluate the proposed methods, hand-drawn ground truth (GT) images were obtained from human
experts. To minimize the human expert bias, the GTs were obtained from three ophthalmologists from Thammasat
University Hospital. Each ophthalmologist was asked to hand-draw the OD contours on each retina image from two
collections three times. The inter-observer between different ophthalmologists and intra-observer variability within
the same ophthalmologist were determined by finding the ratio of the area that at least two out of three GT images
are intersected to the area that are the union of all GTs. The inter-observer variability is 0.86 and 0.91 for the ROP
and STARE collections, respectively. The intra-observer variability, defined as the score from the three GT contours

obtained by the same expert, are 0.91 and 0.93 on average, for the ROP and STARE collections, respectively.

(a) Fairimages

(b) Poor images

Figure 4 Examples of “fair” and “poor” images

Since the two collections of the test images have been obtained by different devices with different
illumination conditions, they require different decision models for leading vector classifications.

In order to classify the leading vectors, we employ the SVM classifier with the Gaussian kernel [50]. We
trained the method using the standard 70-30% ratio between the training and the testing data. An example of the
decision models for leading vector classification is shown in Figure 5 where red and blue markers represent the
feature values of the leading and non-leading vectors, respectively. The X, Y, Z-axes represent the normalized values
of the three features: the opposite angle, the tortuosity, and the intensity, respectively. The black line indicates the
decision boundary. The accuracy of the SVM model on the testing set is 96.61% and 94.11% for ROP and STARE,

respectively.
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Figure 5The SVM decision model: red diamond — leading vectors and blue circle — the non-leading vectors

In order to classify the candidate blobs produced by the SS procedure into the OD and nonOD groups, we
use the automatic decision tree generator available from the Waikato Environment for Knowledge Analysis [40].
The 70/30 ratio was used for the training and testing. The corresponding decision tree requires the following
features: the PPA score, size, compactness, entropy, and intensity denoted by p, s, ¢, e, and i, respectively. The
following decision trees shown in Figure 6 are used for classification of OD and nonOD. The constructed decision

trees reveal that all features except intensity are important in detecting the OD.
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Figure 6 SSVVPPAC decision trees (left) the ROP collection, (right) the STARE collection
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As far as the SSHMC is concerned, the features derived from VVPPA were considered mainly as the basis
model rather than those of VT due to the fact that features obtained from VT require longer computational time
[44]. The features include the number of SLBV, the number of SSV, and the PPA score. The decision model applied

to both ROP and STARE is presented in Figure 7.



5=
el @y
b

Figure 7 The decision tree of the HM for OD localization

5. Results

In this section, we test VVPPA and the HM against the Fuzzy Convergence (FC) method [4], a recent
modification of the Circular Transform proposed by Lu (CTL) in [25] and our previous vessel transform method (VT)
[44]. For the OD segmentation, we compare the results of SSVVPPAC and SSHMC against the SSC, CTL, and SSVTC
[41].

5.1 Performance of the VVPPA and HM in Locating the OD

We test the VVPPA and HM against CTL method [25], Fuzzy Convergence method [4], and the vessel
transform method (VT) [44]. Figure 8 shows introductory examples of the OD location obtained by the VVPPA and
HM vs. the three baseline approaches. VVPPA and HM generally perform better. The accuracy of OD localization is
evaluated as follows. If the OD location is contained entirely inside the circle centered at the GT’s centroid (the
radius equals to the average GT radius of the collection), we considered this a correct result. The ratio of the correct
cases to the total number of images yields the average accuracy. CTL is considered successful if the centroid of the
CTL contour is located inside the ground truth contour.

The numerical accuracies of five competing OD localization methods are shown in Table 2.

Table 2 Accuracy of the OD localization using FC, CTL, VT, VVPPA, and Hybrid, percent

Collections ROP STARE Overall Overall
Overall average
Image Fair Poor Fair Poor average average
Quality/Method for fair for poor
FC N/A N/A 90.32 88.00 N/A N/A N/A
CTL 88.33 64.52 100.00 98.00 87.71 94.16 81.26
VT 95.00 96.77 96.77 94.00 95.64 95.88 95.38
VVPPA 100.00 | 83.87 100.00 | 96.00 94.97 100 89.93
HM 100.00 | 96.77 100.00 | 98.00 98.69 100 97.38

The proposed approach outperforms CTL on both test collections and shows a better success rate against
CTL by 7.26 and 10.98 percent, using VVPPA and HM, respectively. Even though VVPPA shows a reduction of
accuracy against VT by 0.67 percent, the HM works better than VT with an absolute improvement of 3.05 percent.
For all image collection differentiated by image quality, the absolute improvements of VVPPA and HM are noticeably

better than CTL by 8.67 and 16.12 percent, respectively for the poor sets, and by 5.84 percent for the fair sets. When



VVPPA and HM are compared to VT, they show an improvement in the fair sets by 4.12 percent. While the VVPPA
success rate is lower than VT by 5.45 percent, the HM outperforms VT by 2.00 percent for the poor sets. Finally,

among the tested methods, the HM yields the best performance in all categories.

Figure 8 Examples of the OD location results: Ground truth —black solid line, FC — light gray circle, CTL—

dark gray square, VT — gray triangle, VVPPA — black diamond, and HM —white hexagon.



5.2 Performance of SSVVPPAC and SSHMC

In this section, we present the results of the OD segmentation based on the SS algorithm with information from our
OD localization approaches together with circular edge adjustments [45]. SSVVPPAC and SSHMC are compared with
three OD segmentation method: CTL, SSC, and SSVTC. Figure 9 shows the qualitative results of OD segmentation
obtained by using different approaches. Table 3 shows the corresponding sensitivity and positive predictive value
(PPV). The bold font presents the best result in a particular category. The two standard schemes reveal the
correctness and reflect the completeness of the attained solution. The sensitivity is defined to be the ratio of the
number of pixels detected correctly as the OD to the total number of pixels detected as the OD. The PPV is the ratio

of the number of pixels detected correctly as the OD to the total number of pixels of the OD from the ground truth.

Table 3 The Accuracy of the OD segmentation using CTL, SSC SSVTC, SSVVPPAC, and SSHMC, percent

Evaluation Methods ROP STARE Average Average Average
Fair Poor Fair Poor onall for for

collections fair sets poor sets
Average CTL 74.29 61.28 72.59 41.23 62.35 73.44 51.26
Sensitivity SSC 87.74 51.38 65.62 49.86 63.65 76.68 50.26
SSVTC 89.60 80.07 76.14 59.97 76.45 82.87 70.02
SSVVPPAC 89.60 72.72 75.30 59.94 74.39 82.45 66.33
SSHMC 89.60 80.07 75.30 61.26 76.56 82.45 70.67
Average CTL 66.42 46.39 84.66 69.89 66.84 75.54 58.14
PPV SSC 80.56 49.84 62.19 57.54 62.53 71.38 53.69
SSVTC 81.91 72.53 70.86 70.27 73.89 76.39 71.40
SSVVPPAC 81.91 65.17 70.05 69.10 71.56 75.98 67.14
SSHMC 81.91 72.53 70.05 71.08 73.89 75.98 71.81

The proposed method has been compared with the baseline methods in Table 3 in terms of the average
sensitivity of all collections. The SSHMC returns outstanding absolute improvement over CTL, SSC, and SSVTC by
14.21, 12.91, and 0.11 percent, respectively. For the average PPV, SSHMC shows an absolute improvement against
CTL and SSC, respectively, by 7.05 and 11.36 percent, and equivalent performance relative to SSVTC.

Furthermore, the proposed approach performs better for the fair quality sets in all collections, for both
sensitivity and the PPV. The SSVVPPAC and SSHMC show the largest absolute improvement (sensitivity and PPV) for
the fair set for the both collections by 9.01 and 0.44 percent against CTL, 5.77 and 4.61 percent against SSC, and
only slightly degradation by 0.42 and 0.41 percent against SSVTC, respectively.

For the poor sets of both collections, SSHMC shows significant improvement in sensitivity of 19.41, 20.05,
and 0.64 percent when compared against CTL, SSC, and SSVTC, respectively. In comparison, SSHMC vyields a
noticeably higher average PPV than CTL as its absolute improvement of SSHMC against CTL is 13.67 percent. In
comparison with SSC, the maximum average PPV of SSHMC has been improved considerably by 18.12 percent.

Generally the proposed approach outperforms SSC and CTL regardless of the quality of the images and for
each collection of data. In particular, when the image quality is poor, the proposed approaches outperform the other
two methods substantially.

It should be noted that in [45], the SS method was found to be superior with regard to OD segmentations
based on the morphological operations [22] and the Circular Hough Transform [51]. Moreover, in [25], Lu claims to

outperform a genetic algorithm and direct search approach [29], a geometrical model of vessel structure using two



parabolas [35], a feature and vessel based approach [52], and a morphologic two-stage approach [53]. Therefore,
the proposed approach outperforms the above-mentioned methods as well.

The SSHMC is a combination of VVPPA and VT designed to produce better accuracy. The average
improvement of SSVVPPAC and SSHMC on both collections against CTL method is, respectively, 12.04 and 14.21
percent, for the sensitivity, and 4.72 and 7.05 percent, for the PPV. In turn, the improvement produced by SSVVPPAC
and SSHMC vs. SSC is respectively, 10.74 and 12.91 percent, for the sensitivity, and 9.03 and 11.36 percent, for the
PPV.

Figure 9 Examples of the OD regions: 1-GT, 2-SSVTC, 3-SSC, 4-CTL, 5- SSVVPPAC, 6-SSHMC

5.3 Computational Time

Although the CTL method is claimed to be the fastest, its performance strongly depends on the threshold
of the gray level (to select possible candidates for the center of the OD) and the number of radial segments used to
verify the circularity of the object boundary. Lu also claims that the OD center always lies within the first 20%
brightest pixels within the probability map of the OD. However, there are a number of poor quality images for which

this is not correct. The increase of the above thresholds increases the computational time nonlinearly. For instance,



changing the percentage of the brightest pixel threshold from 20 to 60% doubles the computational time, whereas
changing the angular step from 6° to 2° increases the computational time of the CTL method by a factor of 10. Our
method, programmed in MATLAB, requires on average of about 3 minutes processing on a standard database image
600x750 on a Dell computer with 3.30 GHz Intel Core i3 Processor with 4GB of random access memory. Table 4

shows the average computational time of SSVVPPAC and SSHMC against CTL and SSVTC.

Table 4 Computational time per image (*400x400): CTL vs. the proposed method

Percentage of No. of radial Average time: Average Time (min)

test pixels (%) line segments CTL (min) SSVTC SSVVPPAC SSHMC
20 40 1.57
20 180 6.63 4.85 2.55 2.85
60 40 4.29
60 180 18.84

Furthermore, SSVVPPAC and HM are twice as fast as the VT approach, which is about 2 minutes per image.

5.4 Discussion

In this section, we present typical cases when the proposed method fails to work. For OD detection, the
incorrect locations occurred by VVPPA are due to not enough information from the vessels and the presence of
vessel-like reflection. As VVPPA and HM require sufficient numbers of vessel branches in order to make a strong PPA
convergence, thus when there are only one or two initial vectors, it can lead to the incorrect location of the OD.
Another cause is due to a false vessel which may result from shadow, lesions and/or uneven illumination in the
image. These types of components in the image can produce incorrect vectors resulting false location of OD. Figure
10 shows a case of insufficient information from vessels (the left image) and a case that the shadows ,and the uneven
illumination in the image cause false vessel input for the vessel segmentation algorithm (the right image).

As HM uses either VT or VVPPA, the performance of HM also depends on VT and VVPPA. Because VT relies
primarily on vessels as well, then the previously mention reasons can cause VT to fail to detect the OD. When such

a case occurs, the user is suggested to use other approaches which depend on the OD features instead.

Figure 10 Examples of cases that our proposed approaches fail due to insufficient vessel information. Green
rectangle shows the OD location obtained by VVPPA.



For the OD segmentation, the error comes from two major sources. Both sources are features that are
used in the OD selection process. First is the incorrect information obtained from the OD features: size, entropy,
intensity, and compactness. The incorrect information are due to non-OD components such as lesion,
hemorrhage, or shadows that share similar feature as the OD. Second is the incorrect information from OD
location obtained from our proposed approaches. The causes of this incorrect location are described earlier.

Figure 11 shows examples of images of which SSVVPPAC fail to locate OD.

Figure 11 Examples of cases that SSVVPPAC fails completely to segment the OD (black- ground truth, blue-
SSVVPPAC)

As the SSHMC uses the advantages of both SSVTC and SSVVPPAC, it carries the disadvantages of SSVTC and
SSVVPPAC as well.

6. Conclusions

Novel approaches, based on a combination of VVPPA and HM, are proposed. VVPPA l|ocalizes the OD by
detecting vessels pointing out to the OD in bifurcation points and analyzing the resulting vector field by PPA. The
vessels at the bifurcation points are classified by SVM using a set of appropriate features. The leading vectors have
been complemented by the Mahfouz approach and synthesized bouncing vectors created to ensure the
convergence to the OD.

The Hybrid Method is based on a decision tree, utilizing a certain set of features which determines when
VT and VVPPA should be used. Furthermore, to obtain the OD boundary, VVPPA and Hybrid methods are integrated
into a segmentation algorithm based on SS techniques with a circular edge adjustment. The integration generates
new SSVVPPAC and SSHMC. The PPA scores obtained from VVPPA are used as the additional features in the based
scale space approach [45]. The Hybrid approach incorporates either VT or VVPPA features selected by the

corresponding decision tree.



The numerical experiments on OD localization (two image databases, 172 images) demonstrate that the
proposed approach outperforms the existing methods considerably. The hybrid method yields the highest results:
100% accuracy for fair quality and 97.38 % for poor quality images.

As far as segmentation algorithms are concerned, SSHMC and SSVVPAAC on average outperform the
benchmark methods. Both yield the highest PPV and sensitivity. Both achieve the same values of up of 82.45% for
sensitivity on the fair set of images. Furthermore, SSHMC obtains the highest sensitivity of 70.67% for the poor set
of images. SSVVPPAC

Finally, the proposed algorithm outperforms CTL, which is claimed the best, in terms of computational time,

when the CTL is required to analyze a large area of an image and needs a large number of radial segments.
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Abstract: Precise localisation of an optic disk (OD) in the retinal images is one of the most important problems in the
ophthalmic image processing. Although a considerable progress has been made towards a computerised solution of
the problem, the numerical algorithms often fail on retinal images characterised by poor quality. Therefore, the authors
propose a new method suitable for low-quality images based on exploiting the convergence of the blood vessels to the
OD. The novelty of the proposed techniques includes clustering the vessels endowed with a novel correction
procedure and the vessel transform (VT) which measures the distance to the main clusters. The algorithm is integrated
into the scale-space (SS) analysis to detect the boundary of the OD. The integrated method is called SS algorithm with
VT (SSVT). SSVT has been tested on retinal images from two databases with fair and poor images against the fuzzy
convergence (FC) method and a modification of the circular transform proposed by Lu. The absolute improvement on
sensitivity of SSVT against FC and Lu’s are up to 12.37% and 8.18%. Bigger improvements of SSVT in terms of positive

predictive value are up to 37.46% and 30.84% against FC and Lu’s, respectively.

1 Introduction

Precise automatic localisation of an optic disk (OD) in the retinal
images is an important problem in the ophthalmic image
processing. Once the OD has been identified, many other regions
of clinical importance such as the fovea or macula can be easily
detected and/or localised. The OD 1is also important for
establishing a frame of reference within the retinal image. The OD
usually appears in the retinal images as a bright, yellowish,
circular or oval object, roughly one-sixth the width of the image in
diameter [1]. Any irregularity in the appearance of the OD is a
sign of abnormalities or diseases such as glaucoma, diabetic
retinopathy (DR) or hypertensive retinopathy [2].

Nowadays, one in ten people is advised for annual retinal
screening because of a variety of medical conditions [3]. However,
annual retinal screening is nearly impossible especially in
developing countries because of the huge gap between the number
of professional ophthalmologists and the patients. This implies the
necessity of automatic screening systems to assist the
ophthalmologists in diagnosing the early stage of diseases such as
glaucoma and DR using computer-based identification. Since the
eye fundus imaging is a frequent clinical procedure, the retinal
images are commonly used for a preliminary diagnosis and
detecting suspicious cases.

The conventional OD segmentation usually employs a suitable set
of features such as brightness, shape, size and the variation of the
grey level (entropy) and template matching. Lalonde er al. [4]
localised the OD by using a pyramidal decomposition based on
Haar discrete wavelet transform and segmented the OD using a
Hausdorff-based template matching. Li and Chutatape [5] localised
the OD by the principal component analysis (PCA) and detected the
OD’s boundary using an iterative searching procedure called the
active shaped model. Lowell et al. [6] performed a specialised
template matching, and segmentation by using an active contour
(snake). Lu et al. [3] employed brightness and texture to form a
model template. The OD region is determined by a pair of
morphological operations and an ellipse is fitted to the detected
OD region. Akram and Khan [7] employed the intensity variation
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and the grey levels as the major features characterising the OD.
Curvelet transform has also been applied to solve OD
segmentation problem in [8, 9]. Shahbeig and Hossein [10]
combined the curvelet transform with the PCA and morphological
operators based on geodesic conversions to obtain the OD region.
Pereira et al. [11] analysed the brightness of a series of blurred
images and applied the ant colony optimisation preceded by an
anisotropic diffusion filter. Morales et al. [12] also used PCA
combined with centroid calculation, stochastic watershed and
region discrimination. Dehghani et al. [13] used histograms of
each colour component. Hsiao et al. [14] localised the OD by an
illumination correction algorithm and segmented the OD contour
by using a supervised gradient vector flow snake model.
Ramakanth and Babu [15] proposed the OD localisation based on
approximate nearest neighbour field. Using the fact that OD
appears as a bright region, Pourreza-Shahri et al. [16] detected it
by using radon transformation of multiple overlapping windows.

One of the most successful works tested against many existing
algorithms is Lu [17]. The proposed modification of the circular
transform combined with evaluation of the brightness is claimed to
be more efficient, more accurate and faster than other
state-of-the-art techniques: a morphological approach proposed by
Welfer et al. [18], a vessel’s direction matched filter proposed by
Youssif et al. [19], localisation using dimensionality reduction of
the search space proposed by Mahfouz and Fahmy [20] and
genetic algorithms by Carmona ef al. [21].

The major drawback of the feature-based approaches is that they
often incorrectly localise the OD when the OD’s physical
appearances such as shape, colour, brightness or size become
abnormal. The OD obscured by blood vessels or only partially
visible (blur, shadows and noise) could be also misclassified.
Besides, the feature-based methods could be highly sensitive to
distractors which often appear in the retinal images [6].

In the meantime, a powerful subclass of the OD detection
algorithms based on the location of the vascular structures is often
overlooked. Only a few papers exploit the convergence of the
blood vessels to the OD. Akita and Kuga [22] traced the parent—
child relationship between blood vessels segments, tracking back
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to the centre of the OD. In addition to brightness and shape features
of the OD, Chrastek et al. [23] checked the area where vertically
oriented vessels converge. Foracchia er al. [24] used the fact that
all retina vessels originate from the OD and their paths follow a
similar directional pattern (parabolic course). To describe the
general direction of retinal vessels, a geometrical parametric model
was proposed, where two of the model parameters are the
coordinates of the OD centre. Niemeijer et al. [25] approximated
the location of the OD using k-nearest neighbour regression.
Dehghani ef al. [26] localised the OD by detecting the region
having the highest number of vessels, corners and bifurcation
points. Welfer et al. [27] and Zhang and Zhao [28] used the
assumption that the vascular network is alligned horizontally in
the retina image. Both work first segmented and skeletonised the
network of vessels and checked for the point where the main
vessels arcade fragment was intercepted by the horizontal line to
obtain the approximated location of OD. The major drawback of
this approach is that it is not rotationally invariant. Mendonca
et al. [29] use the entropy of vascular directions to quantify
occurrences and the diversity of vessel orientations of each pixel.
Dashtbozorg et al. [30] extended this idea using a multi-resolution
sliding band filter.

One of the most successful vessel convergence techniques are
introduced by Hoover and Goldbaum [1]. The method employing
the vessel convergence as the primary feature is based on the
fuzzy convergence (FC) endowed with a voting scheme. The
voting takes place on the integer grid of the original image. Each
vessel is represented by a fuzzy segment, whose area contributes
votes to its pixels. The summation of votes at each pixel produces
an image map representing the strength of the convergence of each
pixel. The map is then blurred and thresholded to produce points
of the strongest convergence. The FC techniques have been
applied on multiple scales and combined with a feature-based
approach employing the equalised brightness. The verification of
the method on STructured Analysis of the Retina (STARE)
database shows the highest performance overall (89%), and a
complete success on the healthy retina test cases (100%).
Nonetheless, the method does not consider the hierarchical
structure of the vessels and their importance. As a matter of fact,
the vessel network consists of the main vessels and several levels
of secondary vessels.

The main vessels converge to the OD, whereas the secondary
vessels are positioned randomly with regard to the OD. Therefore
the vascular network can be thought of as a collection of clusters
of connected conduits similar to the river networks. The clusters
converge to the OD in the sense that points belonging to the OD
are closer to each cluster than points not belonging to OD. This
concept is not always true if we consider convergence of
individual vessels. It is not hard to give an example where the
secondary vessels converge to a false OD.

Fig. 1 Original retinal images (left) and their corresponding VTs (right)
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Therefore we propose new techniques based on clustering of the
vessels and a transform which measures the distance to the main
vessel clusters. The vessel transform (VT) is generated using a
hierarchical clustering combined with a special correction
procedure to test the validity of the clusters. The algorithm is
integrated into the scale-space (SS) analysis. The new algorithm
has been tested on poor quality retinal images from two databases
(172 images) against the FC method [1], and a recent modification
of the circular transform [17]. Furthermore, the space scale
boundary detection [31] was tested with and without the VT
option. The numerical experiments demonstrate that the proposed
algorithm outperforms the benchmark methods in terms of the
correct localisation of the OD and improves segmentation of the
OD based on the space scale scheme.

2 Vessel transform

The VT is given by

N
Vo) =3 D disip, <) 1)
i=1

where ¢; is the i™ cluster of vessels, N is the number of clusters,
p=(x, y) is an arbitrary point in the image and
dist(p, ¢) = mien llp = p'll. An introductory example in Fig. 1
displays sanfplé retinal images and the corresponding VTs. The
dark part of the VT image corresponding to the vessel
convergence region locates the OD.

Clearly, our approach requires a reliable and accurate vessel
segmentation method. At the moment, there exist numerous vessel
segmentation algorithms applicable to variety of retinal images
[32-35]. Our numerical experiments with available source codes
revealed a good performance of the automated retinal image
analyser [35, 36] developed by the Centre for Vision and Vascular
Science of Queen’s University of Belfast. The method is based on
thresholding of wavelet coefficients on different spatial scales and
vessel location refinement using the centreline spline fitting. The
method is unsupervised and does not use any masks or filters
since they often must be tailored for a particular type or resolution
of image and require modifications to be applied to others. As
opposed to that the choice of wavelet levels and thresholds does
not need to be changed for similar images. Following [35, 36], we
set the wavelet coefficients threshold to identify the lowest 20% of
coefficients as vessels. Although this typically produces an
oversegmented image, small isolated objects and holes inside the
vessels can be easily removed by morphological operations.

The input of the clustering algorithm is a collection of vessels (v,
vy, ..., V,u). Each vessel is represented by the Cartesian coordinates:
vi=((x, )i, (5 Y)i2s ---» (X, ¥);x,)- The first step is pre-processing
designed to remove the outliers: short, thin and faint vessels. It
requires the following thresholds: 7 is the length threshold, 7} is
the thickness threshold, 7, is the threshold on the grey-level
intensity of the vessel relative to the background. The second step
merges the vessels into clusters and removes the isolated vessels.
The merging step employs a threshold 73 on the maximum
distance between clusters which can be merged into a new cluster.
We apply a classical hierarchical bottom-up clustering endowed
with an original correction procedure. Initially, the algorithm treats
each vessel as a singleton ¢;=v;. Next, it successively merges
clusters ¢;, ¢; if dist(c;, ¢;) <T4 until they have been merged into
several well separated sets. The post-processing procedure detects
and removes the outliers (small clusters) by using the condition
N, < T;, where N, denotes the size of the cluster and 7}, denotes
the corresponding threshold.

Note that clustering does not include time-consuming tracing
procedures designed to detect the tree-like structures of the
vessels. However, if trained, the algorithm returns well separated
clusters sufficient to generate a VT which localises the
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Fig.2 Original image (top left), extracted vessels (top middle), segmented vessels (top right), removing short, thin and faint vessels (bottom left), removing small

clusters (bottom middle), final clusters (bottom right)

convergence region and consequently the OD. Fig. 2 illustrates the
proposed clustering method.

3 Correction algorithm

The VT-based segmentation of the OD requires that the resulting
clusters converge to the OD. Therefore for the vessel networks
separated into three or more clusters, we verify the quality of
convergence as follows. First, we evaluate the convergence region
) = argmin, V(p) and its centroid. Next, we withdraw the
clusters one by one from the collection and evaluate the
convergence regions Q’ corresponding to these new collections. If
for some Q', dist(Oq, Oq')> Tq, where Og is the centroid of Q,
O'q is the centroid of Q" and T, is the corresponding threshold,
the clustering is discarded. Our assumption is that if the vessels
strongly converge to €, the system without one cluster converges
approximately to the same region (see Fig. 3).

Furthermore, if min, (dist(c;, €1.)) < Ty, where Tyt is the
corresponding threshold and ¢; is the i™ cluster and Q. is the
centroid of Q (the cluster is close enough to the convergence
region), the clustering is considered successful. In this case, the
VT is included in the prescribed set of features for a further
evaluation.

4 Threshold selection

The proposed method requires the following thresholds: 7 is the
minimal acceptable length of the vessel for a particular image
(shorter vessels will be eliminated), 7; is the minimal acceptable
thickness, 7, is the maximum acceptable intensity of the vessel
relative to the background, 7y is the maximum distance between
the clusters which can be merged into a new cluster, 7} is the
minimum acceptable size of the cluster and T, Tyt used by the
convergence test (see Section 3). The thresholds are obtained
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using a bivariate quadratic approximation given by
T(p, 0) = a\p’ + a0" +asp+ a0+ aspo+ag  (2)

where 4 and o are the mean and the standard deviation of the
corresponding parameter evaluated for a particular image. For
instance, 7)= T\(u;, 01) is the threshold on the minimal acceptable
length of the vessel, whereas y; is the mean length of a vessel in a
particular image and o is the standard deviation (see Fig. 7).

5 SS algorithm with VT

The VT method with the improvements described in Sections 2—4
generated an approximated location of the OD but it has not yet
detected the boundary of the OD. To obtain the OD’s rim, we

‘ initial centroid
*corwernencu point of cluster 1, 2, and 3 3
' convergence point of cluster 1, 2, and 4

o convergence point of cluster 1, 3, and &

# 8 hMp

o convergence point of cluster 2, 3, and 4

Fig. 3 Convergence test
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Fig. 4 VT combined with the SS segmentation

integrate our approach into the SS boundary detection algorithm
proposed by Duanggate et al. [31]. The modified algorithm is
called the space scale algorithm with the VT (SSVT). Fig. 4
shows the proposed integration of SS and VT into the SSVT.

The SS approach is based on the original theory proposed by
Lindeberg [37] in 1994. The image is converted into a
one-parameter family of smoothed images. Objects (blobs) which
appear stable under smoothing at different scales along with their
features such as the size, the compactness, the entropy, the average
intensity etc. are considered as the OD candidates. We modify the
SS algorithm by adding the VT score as an additional feature. To
integrate the feature in the SS method, we use an automatic
decision tree generator available from the Waikato Environment
for Knowledge Analysis [38]. The examples of the decision trees
are given in Section 7.

6 Experimental setup

We tested the proposed method against the existing techniques on
two collections of images, that is, the STARE [39] which is a
standard collection available on the internet and a dataset
originally collected to detect the signs of retinopathy of
prematurity (ROP) by Dr. Sarah Barman with Kingston University

of UK. All digital retinal images from ROP were taken from
patients with non-dilated pupils using a KOWA-7 non-mydriatic
retinal camera with a 45° field of view. The images were stored in
JPEG format 640 x 480 pixels at 24 bits per pixel.

To reduce the inconsistency between human experts, the ground
truth was obtained from three ophthalmologists from Thammasat
University Hospital, Thailand. The ophthalmologists were asked to
hand-draw the OD rims on each retina image from two collections
three times. To check the inter-observer variability and
intra-observer variability, we used the voting overlapping score
defined as the ratio of an area in the image that at least two
ground truths agree on that it is part of OD to the area obtained
from the union of the three ground truth contours. The
inter-observer variability values of the experts are 0.86 and 0.91
for the ROP and STARE collections, respectively. The
intra-observer variabilities of each expert are 0.92 and 0.93 on
average for the ROP and STARE collections, respectively.

Images with bright, round and clear border of the ODs were
classified visually as ‘fair’, the rest is considered ‘poor’. There are
60 images with fair quality and 31 images with poor quality for
the ROP collection, whereas 31 images with fair quality and 50
images with poor quality for the STARE collection. Figs. Sa and
5b display examples of ‘fair’ and ‘poor’ images.

Our two collections of test images have been obtained by different
devices with different lighting conditions. Therefore, they require
different sets of thresholds which are obtained by the quadratic
regression (2). Fig. 6 illustrates the proposed threshold selection.
We train the method using the classic 70-30% ratio between the
training and the testing data.

To combine features in SS method, we use an automatic decision
tree generation available from the Waikato Environment for
Knowledge Analysis [38]. Features evaluated for the candidate
blob in scaled space are the size (s), the compactness (c), the
entropy (e), the average intensity (i) and the average value of the
VT (V). The resulting decision trees and the particular thresholds
are shown in Fig. 7.

Note that the decision trees indicate the importance of V, s and c,
whereas the branches including the entropy and the intensity have
been automatically pruned. The forthcoming Section 7 shows how
the VT improves the accuracy of the classification.

7 Experiments and results

In this section, we show and analyse results of applying the proposed
algorithm to the ROP and STARE collections of retinal images. We

Fig. 5 Examples of the ‘fair’ and the ‘poor’ images

a Fair images
b Poor images
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Fig. 6 Example of quadratic regression applied to the STARE collection
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test the method against FC method [40] and a recent modification of
the circular transform proposed in [17]. Furthermore, we compare
the standard SS segmentation [31] and the SS method endowed
with the proposed VT.
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7.1 Performance of the VT in locating the OD
We applied and compared the performance of VT with the advanced

version of the circular transform Lu’s method [17] and FC method
[1]. Fig. 8 shows introductory examples when Lu’s method or/and
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Fig. 8 OD location: ground truth — solid line, VT — triangle, FC — circle
and Lu’s — square

FC fail, whereas the proposed method indicates the correct OD
location.

The accuracy of the OD locating was evaluated as follows. If the
convergence region 2 (see Section 3) is contained entirely inside the
ground truth contour, we consider it a correct location of the OD.
Lu’s method was considered successful if the centroid of the
circular transform contour was located inside the ground truth contour.

Table 1 shows the accuracy of the location of the OD location for
the fair and poor images processed by the VT, FC and Lu on the
STARE collection. The VT outperforms FC for both the groups
with the absolute improvement of about 6%. However, Lu’s
method is slightly better. This is because of the better quality of
the images in that database. However, the VT performs much
better on fair and poor quality images from ROP database as
follows: fair images: Lu’s-88%, VT-95% and poor images:
Lu’s-64.5%, VT-96.7%.

Furthermore, the advanced circular transform of Lu claims to be
the fastest and the most accurate as compared with line operator
method [18], geometrical model method [19], the vessel direction

Table 1 Accuracy of the OD location

matched filter [20] and the dimensionality reduction method [21].
Therefore we conjecture that our proposed algorithm should
outperform the above-mentioned procedures for the poor images
as well.

7.2 Performance of the SSVT in detecting the OD region

Next, we combine our approach with the SS algorithm for detecting
the OD proposed by Duanggate et al. [31]. We extend the SS
algorithm by adding the VT score as an additional feature. The
modified algorithm is called the SSVT. Our OD classification is
performed using a decision tree which includes the
above-mentioned features along with the VT-feature. As opposed
to the previous section where the location of the OD was
evaluated by finding the centroid of the convergence area, the OD
region is now determined by using a combination of the SS which
generates the candidate blobs and the proposed decision tree (Fig. 7).

We evaluate the performance using two standard schemes:
sensitivity and positive predictive value (PPV). The first one
reveals the accuracy while the second one reflects completeness of
the obtained solution. The sensitivity is defined to be the ratio of
the number of pixels detected correctly as OD to the total number
of pixels detected as OD. The PPV is the ratio of number of pixels
detected correctly as OD to the total number of pixels of OD from
the ground truth.

The algorithms were tested on the ROP and the STARE
collections. Fig. 8 shows examples when SSVT outperforms the
other two approaches. The VT-feature has a strong impact on the
blob classification process. In many cases, the SS and Lu fail to
detect the OD because of insufficient information provided by the
basic features. As opposed to that, SSVT employs the convergence
of the vessels which is not sensitive to the variation of the contrast
and the noise as long as the entire vascular network or at least a
major part of it has been correctly detected and clustered.

The tests of the performance of the SSVT against the SS and Lu’s
are presented in Table 2. The bold values represent the best result in a
particular category. The SSVT outperforms SS and Lu’s in ‘both
quality measures for each group of the images (fair and poor) and
for each collection of data’. In particular, when the image quality
is poor, the SSVT outperforms the other two approaches in terms
of PPV considerably (Table 3).

For the fair images, the advantages of the SSVT over SS in
average sensitivity are up to 2.09% (STARE) and 4.45% (ROP).
The SSVT underperforms Lu’s in average sensitivity by 10.19%
(STARE) but outperforms Lu’s by 8.18%. For the poor images,

Collections Image quality Accuracy, % Absolute improvement VT against FC, % Absolute improvement VT against Lu’s, %
FC VT Lu's
ROP fair N/A 95 88.33 N/A 6.68
poor N/A 96.77 64.52 N/A 32.25
STARE fair 90.32 96.77 100 6.45 -3.23
poor 88 94 98 6 -4
average (STARE only) 89.16 95.39 98.77 6.23 -3.38
average (ROP only) N/A 95.89 76.42 N/A 19.47

VT against FC and Lu’s circular transform.

Table 2 Average sensitivity and PPV of SS and Lu’s against SSVT

Collections Image quality Average sensitivity Average PPV
Lu’s SS SSVT (SSVT-Lu’s, SSVT-SS) Lu's SS SSVT (SSVT-Lu’s, SSVT-SS)
ROP fair 74.29 80.39 82.47 (+8.18, +2.08) 66.42 86.08 87.41 (20.99, 1.33)
poor 61.28 45.51 58.18 (-3.1, 12.67) 46.39 53.01 83.85 (37.46, 30.84)
STARE fair 72.59 57.95 62.4 (-10.19, 4.45) 84.66 67.09 74.14 (-10.52, 7.05)
poor 41.23 43.27 45.76 (4.53, 2.49) 69.89 59.18 74.59 (4.7, 15.41)
average 62.35 62.2 64.26 (1.91, 2.06) 66.84 66.34 80 (13.16, 13.66)
IET Image Process., 2015, Vol. 9, Iss. 9, pp. 743-750
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Table 3 Computational time Lu’s against SSVT

Percentage of test  Number of radial Average time Average time

pixels, % line segments Lu’s, min SSVT, min
20 40 1.57 4.85

20 180 6.63

60 40 4.29

60 180 18.84

Fig. 9 Examples of the OD segmentation, 1-ground truth, 2-SSVT, 3-SS,
4-Lu’s

the SSVT outperforms SS by 2.49% (STARE) and 12.67% (ROP).
The SSVT outperforms Lu’s in average sensitivity by 4.53%
(STARE) but underperforms Lu’s slightly by 3.1%.

A good improvement of the SSVT over SS and Lu’s is notable
from the PPV results on the ROP collection. For the fair group of
the ROP collection, SSVT outperforms SS by 1.33% and LU’s by
20.99%, whereas bigger improvements obtained for the poor group
of the same collection, SSVT outperforms SS by 30.84% and Lu’s
by 37.46%. For the fair group of the STARE collection, SSVT
outperformed SS by 7.05% but underperformed SS by 10.52%.
For the poor group of STARE collection, SSVT outperformed SS
and Lu’s by 15.41 and 4.7%, respectively (see Fig. 9).

It should be noted that in [31] SS was found to be superior with
regard to the OD segmentations based on the morphological
operations [41] and the circular Hough transform applied to ROP
[40]. Moreover, in [17] Lu’s claimed to outperform methods [18—
21]. Therefore the SSVT outperforms the above-mentioned
methods as well with a greater advantage. Still there are images
where SSVT fails. Those images are usually characterised by
unclear vascular networks combined with noise and shadows
shaped similarly to the vessels.

Furthermore, although Lu’s method is claimed to be the fastest,
actually, its performance strongly depends on the threshold on the
grey level to select possible candidates for the centre of the OD
and the number of radial segments used to verify the circularity of
the object boundary. Lu also claims that the centre of the OD
‘nearly always lies within the first 20% brightest pixels within the
OD probability map’. However, there are many images for which

IET Image Process., 2015, Vol. 9, Iss. 9, pp. 743-750
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it is not correct. In turn, increasing this threshold, increases the
computational time. For instance, changing the threshold from 20
to 60% doubles it. In turn, changing the angular step between the
required radial segments from 6° to 2° increases the computational
time of Lu’s by a factor of 10. As opposed to that the
computational time of the proposed method does not depend on
the thresholds. Our method has been programmed in MATLAB
and requires about 4 minutes to process a standard database image
600x 800 on a Dell computer with 3.30 GHz Intel Core i3
Processor and 4 GB of random access memory.

The improved accuracy of the proposed algorithm applied to the
poor quality images makes it possible to suggest a switch from the
circular transform-based methods to VT scheme when the quality
of the OD boundary is poor.

8 Limitations of the method

In some cases, the clustering algorithm returns an unacceptable result
which includes only one or two clusters. In this case, we could not
reliably test the convergence. Technically, one can modify the
thresholds and merge the vessels into a new set of clusters.
However, an algorithm based on this idea is still an open problem.
In this case, following [31] we simply discard the VT-feature and
apply the SS algorithm in its original version [37]. The numerical
experiments show that the number of the images characterised by
poor convergence usually does not exceed 10%.

The algorithm requires a good quality of the vessel segmentation
in the sense of strong convergence of the vessel network to the OD
(see Section 3). In case of poor convergence, the algorithm must
automatically recognise this and switch to the OD detection based
on other features such as the intensity and compactness (the
circular transform). Finally, the algorithm includes seven
thresholds which require training and construction of the decision
trees. The thresholds could be different for different datasets.

9 Conclusions

The proposed new VT improves the accuracy of locating the OD. The
combination of the VT with the feature-based SS segmentation
improves the quality of the OD segmentation. The absolute
improvement of the SSVT over SS measured in terms of sensitivity
and PPV is approximately 14% and 30%. Respectively the
improvement in approximating the location of the OD is up to
32%. In addition, the absolute improvement of the SSVT over Lu’s
method measured in terms of sensitivity and PPV is approximately
8% and 37.46%. However, such an improvement can be achieved
given a good segmentation of the vessels and when the vessel
network strongly converges to the OD.
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