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Abstract

Vasculature segmentation and vessel caliber measurements in retinal images can improve early
diagnosis of several diseases, such as diabetes, retinopathy of prematurity and hypertension. The
aim of this thesis is to present a novel algorithm for improving the vessel contours obtained from
binary vessel maps. This is useful for quantitative evaluations like width and tortuosity estimation.
Two algorithms are described in this document. Firstly, a simple vessel segmentation strategy ltering
the image using a Gaussian kernel and producing a binary vessel mask from the response image by
the application of a thresholding step. Secondly, a procedure tting the two contours of each vessel
in the binary map with a cubic spline curve, under a parallelism constraint between the two splines.
The second algorithm is the main focus of this work. The performance of the algorithm has been
evaluated on the publicly available REVIEW database, which contains a set of images with
vasculature showing different characteristics. Images also include several manual measurements

made by three independent observers.
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1. Introduction
The key components of Vessel segmentation
algorithms  are  automated radiological
diagnostic systems. The essential step in Blood
vessel delineation on medical images to solving
several practical applications such as diagnosis
of the vessels (e.g. stenosis or malformations)
and registration of patient images obtained at
different times. Segmentation methods vary
depending on the application domain, imaging
modality method being automatic or semi-
automatic, and other specific factors. There is
no single segmentation method that can extract
vasculature from every medical image
modality. While some methods employ pure
intensity-based pattern recognition techniques
such as thresholding followed by connected
component analysis some other methods apply
explicit vessel models to extract the vessel
contours. Depending on the image quality and

the general image artifacts such as noise, some
segmentation methods may require image
preprocessing prior to the segmentation
algorithm . On the other hand, some methods
apply post-processing to overcome the
problems arising from over segmentation. In
current vessel segmentation tracking based
method, covering both early and recent
literature related to vessel segmentation . We
introduce active contour segmentation method
for extracting the vessels from the CT cardiac
images.

Sina hooshyar [1], present a novel fuzzy
algorithm for vessel tracking in retina images.
Vessel tracking is one of the common methods
that are used in vessel segmentation. Most of
vessel tracking methods begin from given
initial points on the vessel and estimate the
vessel width and orientation within a local
region about the current point. Then a small
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step is taken along vessel direction and the
procedure is repeated until stop conditions are
satisfied The results demonstrate the good
performance of method in the whole tracking
process and detecting more complete vessel
network in the ocular fundus photograph.
Hanwei Shen[2], present a semiautomatic
image segmentation tool which combines
conventional manual segmentation utilities
with a novel automatic image segmentation
algorithm. We use a bimodal thresholding
algorithm to determine the boundary segments
in the local region .When the user picks an
initial point, a small local window is placed
around this point. A local histogram is then
computed according to the values of pixels
located inside the window. The pixel value in a
histogram that separates the pixels of an image
into two major groups determines the most
significant value. Image segmentation, the
process of defining boundary domains in 2D
images, the boundaries of interesting regions
must be defined before surface reconstruction
mesh  generation, and other modeling
operations begins. This approach works only in
2D images.

2. Related Work
2.1 Previous method:
The method produces segmentations by
classifying each image pixel as vessel or
nonvessel, based on the pixel’s feature vector.
Feature vectors are composed of the pixel’s
intensity and continuous two-dimensional
Morlet wavelet transform responses taken at
multiple scales. The Morlet wavelet is capable
of tuning to specific frequencies, thus allowing
noise filtering and vessel enhancement in a
single step. We use a Bayesian classifier with
class-conditional probability density functions
(likelihoods) described as Gaussian mixtures,
yielding a fast classification, while being able
to model complex decision surfaces and
compare its performance with the linear

minimum squared error classifier. The
probability distributions are estimated based on
a training set of labeled pixels obtained from

manual segmentations.

2.2 Proposed Method:
This paper describes a novel algorithm for
smoothing raw vessel contours in binary retinal
vessels masks. For each processed vessel, after
identifying its spline-smoothed centreline, the
algorithm finds two cubic spline curves fitting
the jagged contours. The coefficients of these
splines are computed by solving an over
constrained system including both standard
spline formulae and a parallel-tangent
constraint. This constraint is very well suited
for retinal wvessels, because it ensures
_Research partially supported by Lever hume
trust grant RPG-419 that the vessel profile is as
similar as possible to a 2-D curvilinear pipe
with parallel borders. The algorithm performs
effectively on both linear and curved vessels.
Our algorithm does not aim to improve vessel
detection but to improve the accuracy of width
estimation from binary maps obtained from
vessel detection algorithms.

3. Implementation
3.1 Vessel segmentation algorithm:
Although this thesis focuses on the vessel
width measurement issue, this chapter
describes a simple algorithm for the vascular
segmentation in retinal images.This generates
the binary vessel maps which are regularized
by the second algorithm. The vessel
segmentation algorithm proposed consists in
convolving the image with a Gaussian sliding
window in order to enhance the contrast
between the vessel and non-vessel pixels, and
then apply a thresholding step to the response
image.
Such _ltering algorithms are widely used in
image processing for edge detection and

feature  extraction. For retinal vessel
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segmentation, this methodology turns out to be
e _ective and easy to implement because it does
not require any previous training step. An
approach similar to the one described below
was _rst proposed by Chaudhuri et al. [6].

In image processing, convolving an image with
a mask requires moving the kernel through all
the pixels of the image. Let I be an image of
size M N and g the convolution mask of size p
_ p, where p is an odd integer; then for each
pixel (i; j) in [ the _Iter response at that pixel is

G(i,7)
k=—al=—a

D
where a = I

The goal is to devise a convolution mask that is
suitable for vessel detection in retinal images.
The key point is to notice that the intensity
pro_les of the cross-section perpendicular to a
vessel at any point can often be modelled as a
Gaussian curve. Hence, a set of Gaussian-
shaped lters turns out to be appropriate for
vessel segmentation (but see [1,2,5] for a
discussion of the limitations of this approach).
The results presented below were obtained
using the Iter shown in Figure 1 and described
by the function

ZZ (k,DI(i+k,j+

and G is the resulting ims

Since vessels in retinal images have di_erent
amplitudes and orientations, the kernel has to
be rotated by a nite set of angles 2 [0; 180 ]
and its spread, , has to be varied as well, in
order to capture as many vessel pixels as
possible. The maximum response will be
obtained when the lter orientation and
amplitude  approximate the propagation
direction and the diameter of the vessel in the
considered pixel.

The main attraction of this unsupervised
method is that it is easy to implement and it
does not need a classi_er to produce binary
maps of the vascular structure. Nevertheless,
this _lter-based algorithm may have strong
responses even to non-vessel structures, e.g.
the boundaries of the optic disk or some
lesions. Moreover, in several retinal images,

some wider blood vessels have a bright streak
running down the centreline: this central light
reex may be enhanced by the lter as well as
other edges in the image. Thus, in these cases,
a simple thresholding step may produce some
false results in the binary image.
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Figure 1: Result of a segmentation procedure. (a) Original image of size 2240 1488. (b) Segmented
binary image obtained using a Gaussian _Iter with _ set to values from 2 to 4. The threshold value
used is t = 48.

3.2 Mathematical background on spline interpolation:

This section provides a theoretical overview on spline data interpolation, a technique which is widely
used in several subjects, as approximation theory and numerical analysis. A spline is a piecewise
polynomial function that is at least of class C2 at the points where the polynomial pieces join up.
These points are called knots. Cubic splines are one of the most commonly used splines in
interpolating problems; they are called cubic because their pieces are third-degree polynomials. This
chapter describes how to derive the equations for cubic spline curves that interpolate a nite set of
points.

Given the data points (xj ; yj) with j =0; 1; : : : n, consider two consecutive knots (xi; yi) and (xi+1;
yi+1). The general cubic function de_ned in the interval between these two points is

y=a;(x—z:)* +bi(x —x:)* + ci(z — x;) + d;.

Where ai ; bi; ci and di are the coe cients of the third-degree polynomial in the ith interval. Since
the cubic must go through at (xi; yi) and (xi+1; yi+1), then

yi = a;i(z; — 2:)° + bi(x; — x3)* + i — x3) + di = di;
Yi+1 = at’(Ii—l - '-T::)3 + ba‘(ffa'—l — 'I-'z')2 + "fi{Ii’+l - Tf) +d;
= a;h} + b;hi + ¢;h; + d;.

Where hi is the width of the ith interval, i.e. hi = xi+1 [] xi. To ensure a smooth t across the
boundary between two consecutive intervals, the continuity of rst and second derivatives is
enforced at knots. The rst two derivatives are:

v = 3a;(z — ;)% + 2bi(z — =) + o,
y" = 6a;(x — x;) + 2b;.

Naming Si and Si+1 the second derivative of the function evaluated at (xi; yi) and (xi+1; yitl)
respectively, the following equations are obtained:

S; = Gﬂ{(i”i‘ — Tt') + 2b; = 2b;;
Sisy = 6a;(ziss — 2:) + 2b; = 6ashy + 2b;.

3.3 Vessel centre line computation and
re_nement:
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Fig 2: Flowchart representing the main steps of
the algorithm for vessel centreline extraction
and re_nement

This section presents an algorithm extracting
and re ning the centreline of each vessel. A
owchart, representing the main steps of this
procedure, is shown above for the sake of
clarity.

(a)Thinning

A rst, rough set of centrelines can be easily
obtained from a vessel binary map using a
morphological thinning algorithm. This method
iteratively erode exterior pixels from the
detected vessel structure, until no more
erasable pixels exist. The resulting image is a
binary mask of the vessel skeleton, i.e. a

connected chain of pixels 1 pixel thin. It is
useful for further processing to separate this
binary structure into individual vessel segments
by removing branching points from the vessel
skeleton. These points are pixels belonging to
the thinned centre line that have more than two
neighbours. After that, segments that are less
than 15 pixels long are removed, as they are
considered insigni_cant for later analysis.
Before proceeding with centreline re_nement, a
_rst estimate of vessel width can be computed
using the distance transform of the binary
vessel mask. The result of this operation is a
graylevel image in which pixel intensity values
are the Euclidean distances from the considered
pixel and the closest background pixel. By
doubling the distance values along the thinned
centreline, a coarse estimate of vessel diameter
in these points is obtained.

(b)PCA:

To t a natural cubic spline to the thinned
vessel centreline, it is convenient to start by
transforming the reference frame into the
principal directions of the vessel points. This
guarantees that the centreline is well
represented as a function mapping each x value
to a single y value. Considering pixel co
ordinates of a given vessel segment as a

pj = (xJ ; yj) are the co-ordinates of the jth
segment pixel, the Principal Component
Analysis (PCA) is used to detect the direction
along which data vary the most. These
directions are given by the eigenvectors of the
data scatter matrix H which is computed as
follows:

_ _ _ _ e
H — (1 —F) (z2—7T) ... (2 —T ] [(Il —T) (r2 —7T) (T — )
(1 —9) (Y2—7) ... (Yym — (11 —7) (y2—7) (ym —7)|
where p = (F,7) is the centre of gravity of the data: p = — Z D;-

m
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The scatter matrix H is a 2-by-2 positive-
de nite and symmetric matrix, hence its
eigenvalues are always real valued and
positive. The eigenvector el with the largest
eigenvalue is the direction of greatest data
variation, the other eigenvector e2 is
orthogonal to el given the above properties of
H. Thus, the x and y axes are centred in p and
rotated into el and e2 directions. The co-
ordinates of pj 2 P in the new reference frame
are

p; = (p; —D)- A,
where  is the matrix that has el and e2 as
columns.
3.4 Vessel edge extraction:
The next step is to extract vessel border points
from the binary retinal maps starting from the
spline-smoothed centreline and the preliminary
vessel widths already computed. The goal is to
identify vessel edges using the information
given by pixel intensity pro le along vessel
cross-sections. The re_ned centerline is smooth
enough to compute reliably, most of the times,
orthogonal segments that do not intersect each
other. Hence, for each centreline pixel Cj , the
perpendicular dj is computed. To ensure that
segment dj will be long enough to pass even
through the widest vessels, its length is set to
wj , where wj is the preliminary vessel width at
Cj , estimated from the distance transform
described
above.
The image pixel intensity pro le along dj is
computed using linear interpolation. Since the
image is binary, vessel edge points are those
pixels where intensity pro le changes value.
These points are detected nding the two peaks
into the rst derivative of the binary pro_le.

4. Experimental Results

The width measurement performance is
evaluated using the publicly available

REVIEW database [10]. This database
comprises four image sets offering a
representative spectrum of vessel appearance in
fundus images: high-resolution (HRIS dataset),
central light reflex (CLRIS dataset), vascular
diseases (VDIS dataset) and kickpoints (KPIS
dataset). All the images were assessed by three
different experts (observers) that manually
marked vessel edge points; the average of these
three diameter measurements is considered as
the ground truth width. REVIEW contains a
total of 5066 manually marked profiles.
Naming O1;02 and O3 the three observers, the
reference standard vessel diameter at ith
locationis the mean i of width measurements
from OI1;02 and O3. For comparison of
different algorithms, the error i is defined as 1 =
wi 1 where wi is the width at it location
estimated by the algorithm under examination.
The standard deviation of the error is used to
evaluate algorithm performance, as it is
deemed more important to produce results that
are precise than accurate [5]. The error mean
and the standard deviation and of the
measurements w are also reported. A further
useful parameter for performance evaluation is
the success rate (SR), i.e. the number of
meaningful measurements returned by the
algorithm over the total number of profile
reported in the database.

{a B0 45,0 } D;

.____,_.-—--'-'-_-_—_-_ B
(a0 ¥ao)
Fig. 3. Ground truth centreline point CO and
the closest point Cj lying on the spline-
smoothed centreline.
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Table 1 reports the performance of our method
and its comparison with algorithms reported in
the literature: Extraction of Segment Profiles
(ESP) procedure [6] and Xu’s graph based
method [7]. The accuracy achieved with simple
double spine fit with parallelism constraint at
knots is comparable accuracy to that of

specialized, sophisticated width estimation

algorithm. The proposed method has
performance comparable to the observers in
HRIS dataset: = 0:760 pixels (2.75 times the
mean of observers’). Nevertheless, Xu’s graph-
based method and ESP algorithm perform
slightly better. On the contrary, in CLRIS
dataset, the spine-based

a

Table 1. Performance comparison of the width measurement methods on the REVIEW database

Method Measurement Error SR % Measurement Error SR %
p | o x| ox p | @ P | Ox

HRIS CLRIS
First observer: O1 4.12 1.25 -0.23 | 0.288 100 13.19 | 4.01 | -0.61 | 0.567 100
Second observer: Oz | 4.35 1.35 0.002 | 0.256 100 13.69 | 422 | -0.11 | 0.698 100
Third observer: Os 4.58 1.26 0.23 0.285 100 14.52 | 4.26 0.72 0.566 100
Ground truth: O 4.35 1.26 - - 100 13.80 | 4.12 - - 100
ESP [6] 4.63 - 0.28 0.420 99.7 15.7 - -1.90 | 1.469 93.0
Graph [7] 4.56 1.30 0.21 0.567 100 14.05 | 4.47 0.08 1.78 94.1
Proposed method 3.93 1.40 -0.42 | 0.760 95.7 13.81 | 3.68 | -0.16 | 1.229 90.2

VDIS KPIS
First observer: O 8.50 2.54 -0.35 | 0.543 100 7.97 0.47 0.45 0.233 100
Second observer: Oy | 8.91 2.69 0.06 0.621 100 7.60 0.42 0.08 0.213 100
Third observer: Os 9.15 2.67 0.30 0.669 100 7.00 0.52 | -0.53 | 0.234 100
Ground truth: O 8.85 2.57 - - 100 7.52 0.42 - 100
ESP [6] 8.80 - -0.05 | 0.766 99.6 6.56 - -0.96 | 0.328 100
Graph [7] 8.35 3.00 -0.53 1.43 96.0 6.38 0.59 | -1.14 0.67 99.4
Proposed method 8.17 2.82 -0.79 1.381 92.1 6.06 0.28 | -1.32 | 0.319 93.9

5. Conclusion

This thesis has proposed a novel algorithm
re ning vessel boundaries in retinal binary
vessel maps. Since these black-and-white
vessel maps often present jagged edges that are
not suitable for width estimations, the spline-
based algorithm provides an improved version
of the input binary image, in which vessel
contours are smoothed and re ned. However,
this procedure does not perform vessel
extraction; rather, it re_nes the boundaries of
vessels that have been already located by
previous vascular segmentation methods.
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