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Abstract

The segmentation and analysis of blood vessels in retinal images is of immense interest for study of diseases
involving vasculature changes. An algorithm to segment blood vessels in colour retinal images by tracking
of vessels is described. This algorithm proceeds by fitting a physically inspired two-dimensional model of
the vessel profile to a local region of the vessel. By fitting in this manner a number of parameters, such as
diameter and orientation, of the local vessel segment, can be accurately measured as tracking proceeds.
A modification to the model that enables tracking of tortuous vessels is described. A method to detect
vessel branches is also described. Illustrations of the vessel tracking working on retinal images are given.
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1 Introduction

Analysis of the retinal vessel structure is of im-
mense interest for the investigation of diseases that
involve structural or functional changes in the vas-
culature. Changes in retinal vasculature, such as
haemorrhages, angiogenesis, increases in vessel tor-
tuosity, blockages and arteriolar-venular diameter
ratios are important indicators of, for example,
diabetic retinopathy, retinopathy of prematurity
and cardiovascular risk.

There is a growing body of literature on the
segmentation of blood vessels from retinal images.
The vast majority of the literature is based on
physically inspired models of vessel appearance,
and somewhat dependent on the imaging modality.
For example, in fluorescein angiography the vessels
appear bright (hyperfluorescent), whereas in red-
free imaging the vessels appear dark compared to
the retina bed. Vessel segmentation algorithms
can be coarsely divided into two classes: those
that are pixel operator based, and those that track
vessels in a local region. The first class involve
operators, such as morphological operators, that
are applied globally to the whole image, whereas
the second class, once it has a point on the vessel
only needs to analyse the local region about the
vessel to track the vessel through the image.

Pixel operator methods are characterised by con-
volution methods using a kernel that is a model of
the vessel appearance [1, 2], threshold probing [3],
morphological operators [4, 5], wavelets [6], pre-
processing combined with region growing [7] and

preprocessing combined with artificial intelligence
applied to pixel classification [8, 9, 10]. A review
of retinal vessel segmentation algorithms can be
found in [11] and comparative tests of some pixel
based segmentation algorithms can be found in [12,
13, 14].

Most vessel tracking or tracing methods, once
given an initial point on the vessel, estimate the
vessel width and orientation within a local region
about the current point. Then a small step is
taken in the direction of the vessel orientation
and the procedure is repeated until the full vessel
is traced out. Methods of estimating the vessel
width and orientation at the current location
vary. Some proceed by detecting the edges of the
vessel closest to the current point to estimate the
orientation [15]. These can suffer from substantial
error if an insufficient number of pixels about the
edges are used. To improve on this, some apply
convolution operators, either using a model of
the vessel shape itself, or two separate operators
modelling the vessel edges in the neighbourhood of
the vessel edges [16]. By applying the convolution
with the model rotated to different orientations,
the peak response can be used to more accurately
measure vessel orientation.

This suggests a better way of estimating vessel
orientation and width within a local region. Rather
than applying a number of convolutions at various
orientations one could fit a model of the vessel
with an optimisation procedure, such as a non-
linear least squares fit. By using a two-dimensional



local region about the current point a very accurate
estimate both of vessel width and vessel orientation
can be made. Provided the vessel is not too tor-
tuous (i.e. it does not change profile or orientation
within the local region) then the two-dimensional
fit should have much better success thus stepping
in the correct direction is better guaranteed. Fur-
thermore, because a reasonable number of pixels
can be used in the fit, vessels in noisy images or in
low-contrast regions can be tracked.

In the following we describe a vessel tracking al-
gorithm based on the fitting of a two-dimensional
physically inspired model to a local region about
the vessel. Section 2 gives an overview of physically
inspired models for vessel tracking. In section 3
the tracking algorithm is described. In addition to
describing tracking by two-dimensional non-least
squares fitting in a local region, we also describe a
modification to the model that improves the track-
ing of vessels in the presence of some vessel tortu-
osity. Following that, in section 3.1 an algorithm
to detect vessel branches is described. An example
of the algorithm running on a retinal image is given
as evidence of its usefulness in section 4.

2 Physical Vessel Models

A simple model for blood vessels assumes that
the darker appearance of vessels is primarily
due to the attenuation of red-free light as it
passes through the blood column. Attenuation is
according to Bouguer’s Law, and the exit beam
intensity is given by [17],

I(x) = Ipe~ J ol==)dz (1)

where «a(z, z) is the linear attenuation coefficient,
x is the dimension in the plane of the retina across
the vessel and z is depth into the retina. Taking a
as constant throughout the vessel, and the vessel
profile as symmetric and circular, then to second
order the received light is,

I(z) = I (1 - ae*@ﬂo)”%?) (2)

where xg is the centre of the vessel, o defines the
width of the vessel, and a is a constant giving the
relative amount of light absorbed by the vessel.

This model fails to take account of the light reflex
often seen in the centre of the vessel. It is often sug-
gested that the light reflex is due to specular reflec-
tion from the surface of a smooth column of blood,
however a more detailed model by Brinchmann-
Hansen and Heier showed that the light reflex is
better explained by the scattering of light off the
rough column of blood and the intravascular col-
umn of erythocytes [18]. This scattering can also

be usefully modelled by a Gaussian that is nar-
rower and inverted with respect to the simple vessel
model. This leads to the double Gaussian model,

I(z) = I (1 — e~ (@=0)*/20% | be_(””_z(’)Q/?”?)
(3)
with b the relative fraction of the light reflex, and
o, the light reflex width where o, < 0.

A further proposed model [19] for the light re-
flex is similar to the above, but instead of adding
the two components together, switches between the
two components, namely

I(x) Iy (1 - ae_(z_z°)2/2”2> r< Px>Q
T) = 2 2
[Obef(xﬂ“) /20, P<z<Q@Q

(4)

for a and b are the relative amounts of the two

components, x; is the centre and o, the width of

the light reflex, and P and @ define the cutover

points between the two components.

3 2D Vessel Tracking

We track the vessel by fitting in a local region
of the vessel a two-dimensional model of the ves-
sel. The 2D model extends the 1D models of sec-
tion 2 by giving the vessel an orientation in the
2D plane, and extending the vessel in the direction
orthogonal to its cross-section. It is assumed that
the extension of the vessel is linear and uniform,
that is, it has the same cross-section at all points
along the vessel (at least on the scale of the local
region). Given a point (x,y) on the vessel, an
estimate of orientation 6, and an estimate of the
vessel width o, then a small region is cut out about
the point and a 2D non-linear least-squares fit of
the vessel model is made over the local region. This
enables an accurate measurement of vessel width
and orientation to be made. Given the width and
orientation, then a small step is made in the direc-
tion of the vessel orientation, the previous width
and orientation are used as new estimates, and a
new 2D fit is made to the vessel. Using 2D fits the
vessel width and orientation can be estimated ac-
curately, enabling the tracking to proceed reliably.

The generalisation of the model to two-dimensional
fitting requires that we consider (x,y) coordinates
of the retina and the orientation 6 of the vessel
with respect to the z-axis. We construct new coor-
dinates (u, v) with u pointing in the same direction
as the vessel and v orthogonal to the vessel, then,

u = xsinf — ycosf

(5)

v=uxcosf+ ysinfb

with the vessel profile given by the single Gaussian
model,



Figure 1: The 2D vessel function for no curvature
(left, n = 0) and with some curvature (right, n >
0).

I(v) = A— Be (v=w0)*/20%, (6)

Here A is the background intensity, B is the con-
trast of the vessel with respect to the background
and vg enables the vessel centre to be shifted in the
v-direction.

Occasionally a vessel may be tortuous and bend
suddenly in a localised region. This can cause
the 2D fitting to fail, as the assumption that the
vessel cross-section can be extended linearly in one
direction is violated. To account for tortuosity it
is advantageous to enable the vessel to flex; this
was achieved by adding a quadratic term in v to w,
that is, by generalising equation 5 to

w=xsinf — ycosh + nu?
B . (7)

v=2xcosf —ysinf
where 7 describes the curvature of the vessel. If
7 = 0 then there is no curvature of the vessel. If
[n| > 0 then the vessel function will bend in the
direction of v about the origin. In figure 1 is shown
the function for n = 0 and n > 0. A negative 7
causes a curvature in the opposite direction.

We use the nlinfit routine of Matlab to effect
a non-linear least-squares fit of the model to the
underlying image data within the local region. It
is an implementation of the Levenberg-Marquardt
algorithm and only requires specification of the
model itself, as it estimates the local gradient of
the model by numerical differentiation.

The local region used for fitting is defined by
taking 2 ceil(20) 4+ 1 pixels along the u axis, and
2ceil(30) + 1 pixels along the v-axis as illustrated
in figure 2 and figure 5. Our experience agrees
with [20] in that the local region for fitting must be
oriented with the vessel for reasonable estimation
of the vessel width. Nevertheless, the fitting
routine has a tendency to over-estimate vessel
width if the local region is made too small, and
under-estimate vessel width if the local region is
made too large. To prevent an oscillation in vessel
width resulting during tracking, the vessel width is
regulated by replacing the measured vessel width
of the current step with the average of itself and
that of the previous step.

Figure 2: Retinal image (green plane only) with a
local region for vessel fitting shown.

Experiments with the additive double Gaussian
model (equation 3) proved problematic. Often
the fit would diverge to a local minimum with
large vessel widths for both Gaussians, that is,
the region of convergence of the initial conditions
was too restrictive to allow successful tracking.
Most of our experimentation is with the single
Gaussian model (equation 2), and we have begun
experimentation with the switching Gaussian
model (equation 4).

3.1 Tracking Branches

The vessel tracking algorithm described above is
capable of tracking a single vessel even across mi-
nor vessel branches and crossing. However, it does
not track the actual branches. We describe here
an algorithm to determine branches on the side of
vessels and initiate tracking on the branches.

Once a single vessel segment has been tracked, then
the program ‘walks’ along the vessel stopping at
each fitted centre, and looks for branches either
side of the vessel. Two regions-of-interest (ROI),
of length 2 ceil(30) + 1 and width 2 ceil(o) + 1 are
placed just either side of the vessel and oriented
parallel to the vessel (see figure 3). The 75th per-
centile intensity f75 and the standard-deviation in
intensity f, are measured within each ROI and the
ROl is thresholded at f75—2f, retaining pixels less
than the threshold. A necessary condition for a
branch to be present in the ROI is that a connected
component in the thresholded ROI must extend
from the top of the ROI to the bottom. In addi-
tion the watershed of the ROI is calculated, and
a watershed line must extend from the top of the
ROI to the bottom. Neither of these two conditions
are sufficient on their own, however when combined



Figure 3: Two ROIs placed about a vessel point
with a detected branch shown.

they serve to be very sensitive and quite specific at
detecting branches from the vessel.

The above process is repeated along the vessel and
new vessel tracking is triggered at the branches.
The initial orientation for the branch is estimated
from the direction of the watershed line described
above, and the vessel width from the appropriate
connected component in the thresholded ROI.
Tracking and branch detection can then be
repeated on a recursive basis. In figure 3 an
already tracked vessel is shown with two ROIs
placed either side of it. The lower ROI has a
vessel branch, for which the detected branch
and orientation is shown. The image within this
ROI, the thresholding showing the connected
component, and the watershed are shown in
figure 4.

4 Results

A local region of a vessel in a retinal image is
illustrated in figure 2, and an example of fitting
the model to a vessel in the local region is shown
in figure 5. The red (darker) line and cross show
the estimated orientation location of the centre of
the vessel used to initiate the 2D non-linear least
squares fit. The green (lighter) line and cross show
the fitted orientation and centre of the vessel, and
can be seen to be better oriented and positioned
than the red line and cross. A three-dimensional
view of the fit is shown in figure 6.

The result of tracking along a vessel is shown in
figure 7. The vessel has been successfully tracked
past junctions involving branches and also other
crossing vessels. The tracking terminated at a clus-
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Figure 4: The image intensity (top), the thresh-
olded images (middle) and the watershed (bottom)

of the branch in the lower ROI of figure 3.
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Figure 5: 2D fitting within a local region about
a vessel. The red (darker) line and cross are the
seed values of orientation and position, and the
green (lighter) line and cross are the resultant
fitted orientation and position. Left: image data.
Right: fitted vessel function.




Figure 6: Vessel fit shown as a three-dimensional
plot. The smooth curve is the fitted vessel func-
tion, and the rough surface is the image data.

Figure 7: Tracking of a single vessel. The little
bars across the vessel show the fitted positions and
the measured width of the vessel.

Tracking of a vessel with branches
The initiating
points for tracking the branches are numbered.

Figure 8:
identified and in turn tracked.

ter of vessels where it became impossible to fit the
model to the vessel.

After tracking the above vessel, checking for
branches about the vessel was initiated, and the
located branches in turn were tracked. The result
is shown in figure 8. All reasonable crossings and
branches are tracked. There is one false initiation
of tracking (numbered 11).

5 Conclusions

The qualitative results shown in this paper are
encouraging. We have observed the vessel tracking
to be reliable even in the presence of noisy images
or poor contrast. With the addition of the flexible
model, vessel tracking of tortuous vessels was made
possible. The vessel tracking, as described in this
paper, sometimes can fail to track on blood vessels
that have substantial central reflex. This failure
either expresses itself in complete failure to track
at all, or the tracking ends up tracking on one
side of the vessel, thereby generating erroneous
vessel width measures. Preliminary investigations
indicate that the switching double Gaussian model
of [19] will solve this problem.

In this paper we have discussed the tracking of
blood vessels and the detection and subsequent
tracking of branches. No mention has been made
of how the tracking might be initiated. For this
it is necessary to identify a point on a vessel and
give the tracking algorithm an estimated vessel di-
ameter and orientation. In a companion paper we
describe a system for detecting the optic disc, and
initiating vessel tracking in the vicinity of the optic
disc.
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