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Abstract. This paper proposes an automatic segmentation method of
vasculature that combines level-sets with an implicit 3D model of the
vessels. First, a 3D vessel model from a set of initial centerlines is gener-
ated. This model is incorporated in the level set propagation to regulate
the growth of the vessel contour. After evolving the level set, new cen-
terlines are extracted and the diameter of vessels is re-estimated in order
to generate a new vessel model. The propagation and re-modeling steps
are repeated until convergence. The organizers of the workshop report
the following results for the 24 testing datasets. The sensitivity and PPV
are 0.26, 0.40 for QCA and 0.05 and 0.22 for CTA. As for quantitation,
the absolute and RMS differences for QCA are 29.7% and 34.1% and the
weighted kappa for CTA are -0.37. As for lumen segmentation, the dice
are 0.68 and 0.69 for healthy and diseased vessel segments respectively.
Performance for QCA and lumen segmentation are close to the reported
by the organizers for three human observers.

1 Introduction

CTA and MRA have become common diagnostic tools for various cardiovascu-
lar diseases. To interpret the huge amount of information generated by CTA
and MRA, medical practitioners often need the help of advanced computational
tools for post-processing and visualizing the images. This kind of tools not only
speed up the visual evaluation of the images but also improve the diagnostic
accuracy by providing quantitative measurements. Quantifying stenoses caused
by atherosclerotic plaques is one of the most common tasks that physicians use
this type of software for. Stenoses are evaluated by comparing the diameter mea-
sured at the narrowing and at a close region where the vessel appears healthy.
Since methods based on 2D slices to quantify stenoses are usually prone to er-
rors, using 3D segmentation of the vessel wall and lumen appears as a promising
alternative in order to obtain a better accuracy in the estimations.

Countless vessel tracking and segmentation methods have been reported in
the literature. Extensive reviews of these methods can be found in [1, 2]. Most
pixel/voxel-based image segmentation methods cannot provide reliable measure-
ments in small vessels, which are common in CTA data of the coronary arteries.



Fig. 1. Flow chart of the proposed method. DT stands for distance transform.

In this context, active contour methods with sub-pixel accuracy appear as a bet-
ter alternative for tackling this problem for this type of data. Conventional active
contours can generate smooth contours. However, they cannot avoid leaking to
nearby structures when the vessel is attached to high intensity structures such
as veins or ventricles. Model information can be used to avoid such problems.
Vessels can be modeled as 3D cylinders. However, for computational reasons,
this model is usually simplified to a set of 2D circular cross-sections [2]. An evi-
dent drawback of this approach is that, in order to improve efficiency, accuracy
and robustness are sacrificed, especially at bifurcations and stenoses.

Model-based level set methods, also known as active contours with shape
prior, provide a way of incorporate 3D models in segmentation tasks. This ap-
proach has widely been used in several image segmentation applications [3, 4].
In this paper, we propose a level set-based segmentation method guided by im-
plicit 3D cylinder models generated from the centerlines of the vessels. These
centerlines and the corresponding models are updated iteratively while the level
set evolves. The following section details the method.

2 Method

An outline of the proposed method is presented in Fig. 1. The algorithm starts
with an input image and initial centerlines. From the initial centerlines, a 3D
vessel model is generated and used to guide the level set propagation. After a
number of iterations of the level set evolution, new centerlines are extracted
and the diameter of the vessels is re-estimated in order to generate new vessel
models. These steps are repeated until convergence. The following subsections
describe the details of every step.



2.1 Model-guided level set and vessel model

In level set segmentation methods, contours are represented by the zero-level of a
level set function φ. This function can be seen as a signed distance function from
the contour of interest. The method aims at iteratively modifying this function
in order to make the zero-level converge to the boundary of the object of interest.
Modifications at every iteration on φ are driven by an optimization process that
minimizes an energy functional. The energy functional has an external and an
internal component. The internal energy component is usually designed to yield
smooth results, while the external one can be tailored to each application. In
particular, region-based and gradient-based are the most used external energy
functionals. The former aims at minimizing intensity differences within and out-
side the region of interest [5], while the latter aims at attracting the contour to
local maxima of the norm of the gradient [6].

In model-based level set approaches, the external energy component includes
an additional energy term which intends to penalize differences between the
shape of the evolving contour and the shape prior. This energy term depends on
the representation of the shape prior [3, 4]. Thus, the complete energy functional
can be written as:

E = αEimage + β Emodel + γ Einternal, (1)

where α, β and γ are weighting factors for every term. If a function f is a
minimizer of (1), it must satisfy the Euler-Lagrange equations associated to (1)
[3, 4]. From these equations, an evolution equation can be obtained for the level
set function φ associated to f . In the proposed method, the evolution equation
of φ has the following structure:

∂φ/∂t = (α vimage + β vmodel + γ vinternal) |∇φ(x)|, (2)

where vi can be thought of as speed or force functions that determine the evo-
lution of φ. For segmenting the coronary arteries, the following threshold-based
image term and curvature-based internal term were used:

vimage = S − |I(x)− T |, (3)

vinternal = κ(x) (4)

where I(x) is the intensity of the input image at x, T is the center of the thresh-
olding window, S is the width of the window and κ(x) is the curvature of φ
at x. Since the difference between the principal curvatures in healthy vessels
is large, minimum curvature was used to avoid potential shrinkages along the
vessels related to the natural large curvatures present across the vessels.

In the proposed framework, a vessel is modeled as a cylinder with a varying
radius r(x), with x lying in the centerline, L, of the vessel. In turn, a vessel tree is
modeled as a union of several cylinders. This tree model is represented on the 3D
image using a signed distance map dm where dm(x) is zero if x is on the surface
of the model, negative if it is inside the model and positive if it is outside. The



distance map is generated by a distance transform from the centerlines while
setting the points on the centerline to be −r(x) as initial values. Therefore, the
model term in (2) can be written as a function of dm as:

vmodel = −d3m(x). (5)

This term can be interpreted as a penalizer to the distance between the contour
and the model. The cubic function is used to relax the level set contour when it
is near the model. In addition, this term is set to zero where the contour is closer
than δ from the estimated model, whose value was set to one in the experiments.

2.2 Vessel segmentation using implicit vessel models

The proposed method relies on an initial vessel skeleton, which can be generated
through any method, e.g. [7–9]. With the given centerline tree, an initial ves-
sel model can be constructed using the distance transform operation described
above. Notice that input centerlines need not be perfectly centered. As the func-
tion r(x) is not known at the beginning, an initial estimation is required. In our
experiments, one voxel was used for such an initialization. Accordingly, an ini-
tial level set function φ is generated using this setting. The level set propagation
with the speed function defined in (2) is run for a number of iterations. Since
φ is slightly shifted at every interation, the initial model needs to be updated
again. This is done in two steps. First, new centerlines are extracted from the
shape given by the zero level set through a fast marching scheme. Then a new ra-
dius function r(x) is estimated for every vessel branch through one-dimensional
curve fitting of the distance from the center points to the current zero level set,
dl(x), with x ∈ L. Fig. 2 shows an example of using robust linear regression to
reconstruct r(x) (in red) from dl(x) (in blue). In practice, due to numerical er-
rors dl(x) is usually less than the real distance from center points to the border.
Thus, a bias factor is added to compensate for these errors and also allow the
level set propagation to be “greedy”. Thus, d′l(x) = dl(x) + ε, is used instead of
dl. Parameter ε was set to one voxel in all our experiments.

Using the new centerlines and radius functions, a new 3D tree model is cre-
ated as aforementioned and the level set propagation is then resumed. The steps
of level set propagation and vessel model re-estimation are iteratively repeated
until convergence.

2.3 Stenosis detection and quantification

For detecting and quantifying stenoses in coronary CTA, the proposed method
was run twice with different parameter settings to generate vessel models of the
outer layer and the lumen. For estimating the vessel outer layer, single-sided
thresholding is used instead of (3) in order to include possible calcifications.
That is, vimage = I(x)−K, where K has been set to 150HU in the experiments.
Assuming a smooth decay on the diameter of the outer layer, function r(x) is
estimated by applying robust linear regression of the computed diameter d′l(x)



Fig. 2. An example of the proposed model-based vessel segmentation. In the first it-
eration an initial cylinder with constant diameter is assumed. This model (red) is
iteratively updated as the level set contour grows. On the right side the corresponding
dl(x) (blue) and r(x) (red) are plotted along the centerline.

for each segment starting or ending at bifurcation points on the vessel tree. In
turn, for segmenting the lumen, double-sided thresholding was used as described
in Sec. 2.1. r(x) was estimated by smoothing dl(x) using a mean filter with a
window of 3 mm. In this case, the lower threshold (T−S) has been set to 150HU,
and the upper threshold (T+S) was been set to mi+2σi, where mi and σi are the
mean and standard deviation HU values of the iodine contrast respectively at L.
These values were estimated by a test segmentation with fixed threshold (150HU
- 600HU) in the vessels lying approx. 20 mm away from the aorta. Examples of
the generated radius functions are plotted in Fig. 3. The grade of stenosis is then
directly computed by comparing the curves of r(x)−ε generated in the two runs.
Due to the applied smoothing schemes, the curve corresponding to the lumen can
sometimes appear outside the curve corresponding to the outer layer as shown
in Fig. 3b. Thus, the outer layer is adjusted by using r′(x) = (md + 2σd) + r(x)
instead of r(x), where md and σd are the mean and standard deviation of the
difference between the two curves where the lumen curve surpasses the outer
curve. In the experiments, only local minima of r(x) of the lumen were reported.

3 Experiments and Results

The proposed method was tested on 18 training (T1) and 24 testing (T2) coro-
nary artery CTA datasets provided by the organizers of the 3D Cardivascular
Imaging: A MICCAI Segmentation Challenge, at the MICCAI 2012. The initial
centerlines were provided by the team Rcadia [7]. The criteria for collecting the
datasets, generating ground truth and evaluating participants’ results for stenosis
quantification and segmentation is described on the web page of the challenge1.
Table 1-3 shows the results yielded by the organizers of the challenge.

1 http://coronary.bigr.nl/stenoses/index.php



Fig. 3. Vessel segmentation results on the training dataset 04, segment 1 provided by
the team Rcadia. Left: the segmentation on the left and right correspond to the initial
estimation of the outer layer and lumen of the vessel respectively. Right: profile of the
two r(x) functions at the centerline before the adjustment.

Table 1. Summary of stenosis detection results for T1 and T2.

Method QCA Sens. QCA P.P.V. CTA Sens. CTA P.P.V.
T1 T2 T1 T2 T1 T2 T1 T2

Observer1 0.56 0.88 0.42 0.40 0.72 0.79 0.50 0.58
Observer2 0.58 0.70 0.49 0.49 0.64 0.64 0.64 0.72
Observer3 0.43 0.68 0.46 0.45 0.46 0.68 0.51 0.62
Proposed method 0.36 0.26 0.31 0.40 0.28 0.05 0.23 0.22

Table 2. Summary of stenosis quantification results for T1 and T2.

Method QCA QCA CTA
Abs. diff. (%) R.M.S. diff. (%) Weighthed Kappa
T1 T2 T1 T2 T1 T2

Observer1 31.3 30.6 35.8 35.7 0.28 0.36
Observer2 25.8 32.6 31.4 37.5 0.41 0.34
Observer3 28.4 31.0 34.0 37.1 0.22 0.28
Proposed method 32.0 29.7 36.9 34.1 -0.17 -0.37

Table 3. Summary of vessel lumen segmentation results for T1 and T2. DICE are
given as percentages and MSD and MAXSD are given in mm.

DICE DICE MSD MSD MAXSD MAXSD
diseased healthy diseased healthy diseased healthy
T1 T2 T1 T2 T1 T2 T1 T2 T1 T2 T1 T2

Observer1 0.74 0.76 0.79 0.77 0.09 0.09 0.20 0.18 3.29 2.74 3.61 3.41
Observer2 0.66 0.64 0.73 0.72 0.11 0.12 0.20 0.20 2.70 2.83 3.00 3.13
Observer3 0.76 0.79 0.80 0.81 0.09 0.08 0.15 0.15 3.07 2.91 3.25 3.27
Proposed method 0.68 0.68 0.72 0.69 0.15 0.16 0.40 0.43 4.06 4.01 5.23 6.67



4 Discussion

A new vessel segmentation method using a model-guided level set has been pro-
posed to automatically detect and quantify stenoses in coronary CTA datasets.
By introducing the vessel model, the level set is regulated to follow the expected
vessel and avoid leaking to attached heart chambers. Mille and Cohen [10] pro-
posed a similar model-based vessel segmentation method, in which an explicit
model is used to represent the vessel. Compared with their solution, our approach
converts explicit models into implicit distance fields, which largely reduces the
complexity of handling bifurcation regions. This can lead to an increase of ac-
curacy at such regions.

Preliminary results are promising, especially for QCA analyses and lumen
segmentation, where most of the statistics are close to the observers’ performance
as shown in Tables 1-3. It is important to remark that a manual exploration
shows that the proposed method underestimates the severity of some correctly
detected stenoses. Thus, the results of Table 1 are largely affected by the fact
that stenoses with a degree of less than 50% are discarded before computing the
statistics. In addition, since only a single point per lesion is considered, which
is marked at the local minimum of the estimated diameter of the lumen, this
point might not coincide with those marked by the observers, especially when
the plaque is relatively long.

Several aspects need to be improved for using the proposed method in clinical
practice. One drawback of the method is that its performance directly relies
on the quality of the input centerlines. Unfortunately, the centerlines provided
by the team Rcadia have problems in case of severe stenoses and occlusions.
A manual investigation reveals that these centerlines end prematurely if severe
stenosis or occlusion is present. Thus, an increase in the performance is expected
by applying interactive methods such as the one proposed in [8]. Another issue
of the current implementation is that the centerlines are not allowed to extend or
shrink. Although points in the middle of the centerline are updated iteratively,
starting and ending points of centerlines are kept fixed as the original input.
Allowing centerlines to grow in the most likely directions can be useful to discover
additional vessel structures at every iteration.

Furthermore, a current drawback of the method is that estimating the most
suitable thresholds is a difficult task. For human observers, dynamic window
setting can be helpful to improve the accuracy of grading. A similar technique
can be implemented in the proposed method by running the segmentation at
multiple threshold levels, which might provide a profile of the composition of
the vessel wall. Modeling the radius function r(x) also influences the results.
As shown in Fig. 3, different hypotheses on r(x) yield different segmentations.
While using a linear model gives reasonable estimations of the vessel model in
healthy cases, the radius is often underestimated in segments where relatively
long lesions are present. More advanced non-linear models can be used to improve
the estimation of the outer layer and improve the sensitivity of detection stenosis.

Moreover, in many segments, the threshold of the level set can be lowered to
as low as 0HU without causing leaking problems. This approach could potentially



be useful for finding the outer border of the vessel wall where adipose tissue (-70
to -30HU) is present. Combined with a second round of lumen segmentation, the
new method can be used to analyze vessel wall changes and segment soft plaques.
However, its performance in such a scenario needs to be further investigated.
Finally, the current implementation can be further speeded up by using smaller
regions of interest, better estimation of initial r(x), parallel computing and by
using local convergence detection through coherent propagation [11].
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