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Abstract. Extraction of the media and plaque boundaries from the
intravascular Ultrasound (IVUS) images is gaining popularity as a biomedical application. This paper presents a novel system for the fully automatic extraction of the boundaries of the media and the plaque visible
in the IVUS images. The system utilizes an enhanced level set technique
to derive the evolution of two coupled contours as the zero level sets of
a single higher dimensional surface. Moreover, the system utilizes the
surface features to impose the expected media thickness. By using the
single surface as a communication path between the contours, the system
carries all the advantages of using two evolving surfaces and it becomes
more eﬃcient, less complex, easily extensible, and faster. Additionally,
the capability of using diﬀerent dynamic behaviors for the segmentation
of the inner and outer walls makes our system even more ﬂexible. The
derived surface evolution equations capture the domain dependent information in an elegant and eﬀective manner and address many practical
issues, such as the missing wall sections or very weak boundary contrast. We have veriﬁed the accuracy and eﬀectiveness of our system on
synthetic and real data.

1

Introduction

Intravascular ultrasound (IVUS) is a relatively new medical imaging technique
which can provide information complementary to angiography. An ultrasound
transducer on the tip of a catheter provides cross-sectional images of the coronary
arteries, which produces the morphological views of both the plaque and the arterial wall as shown in Fig.1. It has been shown that IVUS can demonstrate[10]
diseases in cases where angiography is misleading proper coronary therapy[9].
Geometric information about the lumen, plaque, and vessel wall can be easily
obtained by IVUS. In addition, IVUS can supply crucial data about the plaque
type which is really important for the identiﬁcation of sections of vessels likely
to rupture. As a result, IVUS is becoming a popular technique for direct visualization of the coronary arteries.
A. Levi et al. (Eds.): ISCIS 2006, LNCS 4263, pp. 572–582, 2006.
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Traditionally, the manual analysis of IVUS images is laborious, time consuming, and subject to large interobserver and intraobserver variability which
prevents us from taking the full advantages of IVUS technology. Computerized
segmentation of IVUS images will address these problems since the results will
be objective. It will not require intense manual intervention and the overall cost
will be less.
There are a number of techniques for the semi-automatic segmentation of
IVUS images. An overview of the common 2-D and 3-D segmentation and reconstruction systems was presented in [4]. One classical approach is the 3D segmentation of Li et al.[11], which performs both longitudinal and cross-sectional
semiautomatic contour detection based on a minimum cost algorithm. This algorithm was performed in clinical applications by von Birgelen et al.[2]. Knowledgebased solutions was proposed by Sonka et al.[6] and this research soon led to
3D modeling using this [1]. This segmentation is based on a graph-search approach within a manually determined elliptical region of interest(ROI). Despite
the popularity of IVUS, there are no fully automatic systems available.
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Fig. 1. (a) The layers of a coronary artery wall. (b) An intravascular ultrasound image.

This paper presents a novel technique for the segmentation of the IVUS images. The technique is based on evolving two contours with diﬀerent dynamics
and stopping them with the constraint of media thickness and uniquely address
many IVUS speciﬁc problems. If one of the image boundaries is missing or has
weak image contrast, the information obtained from other contour can be employed to ﬁnd the expected position. Similarly, if both contours have missing
image data, the system can impose a media thickness constraint on the boundary position to come up with an estimate. This property is especially useful for
obtaining media segment in IVUS images.
Among all other techniques for the segmentation of images in Computer Vision, level sets method is utilized in our research because of the advantages they
oﬀer. First, it is very easy in the level set theory to go to an upper dimension.
Thus, once the 2D image segmentation is formulated, it will be straightforward
to use it in the 3D reconstruction of a vessel. Second, it is possible to impose
constraints in level sets for special case studies like IVUS. For instance, one constraint will be the media thickness. Levels set methods have already been applied
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to 3D medical image segmentation[3], detection of vessel borders in magnetic
resonance angiography (MRA) images[5], segmentation of white and gray matters in MRI images[13] and many other areas.
The straightforward usage of level sets was not applicable for IVUS image
segmentation. Therefore, level set theory had to be reﬁned to capture the IVUS
related constraints and to address the emerging problems. Thus, we extend the
classical level set framework in several novel ways. The zero set contours of a
single three dimensional surface would correspond to the inner and outer wall
boundaries. The surface movement along the normal direction moves the boundaries towards each other and the inherent geometric constraints on the surface
makes the contours keep a distance that enforces a thickness constraint of the
media. The local surface properties, such as the directional surface derivatives,
make it possible to elegantly deﬁne diﬀerent evolution behaviors for the two
contours.
Rest of this paper is organized as follows. Section 2 provides information
about how we reﬁne classical level set methods and the novel extensions that we
introduce with this paper. The experiments on system validation on synthetic
images under varying controlled noise and anomalies are explained in Section 3.
Section 3 also includes the experiments performed on real IVUS data. Finally,
we provide concluding remarks in Section 4.

2

Segmentation

Our system is based on two deformable contours evolving on the IVUS images.
To drive the contour evolutions, we make use of the level set methods which
were introduced[7] to Computer Vision for recovering shapes of objects in two
or three dimensions. The basic idea of level set methods is to embed the shape
of the objects as the zero level set of a higher dimensional surface. While the
surface evolves, the zero level set contours might develop singularities and sharp
corners or they might change topology. Finally, contour evolution stops at desired
boundaries.
The contours are evolved in a way that they try to move smoothly towards
each other while seeing some resistance from the image features at likely boundary positions. The two contours are not allowed to come too close or stay too
far from each other. At the end of the deformations, the inner and outer media
boundaries are localized.
Consider two time-dependent, i.e. moving, closed contours c1 (t) and c2 (t) on
R2 . The contours c1 and c2 never intersect and c1 is always inside c2 for t ≥ 0.
Our motivation is to use the contours c1 and c2 to extract the inner and outer
walls of media. We will write the motion equations for these contours that will
move them towards the wall boundaries and stop them when the destination is
reached.
Let C be the set of points on c1 (0) and c2 (0). Consider a function s,
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⎧
⎪
⎨0,
s(x) = −d(x),
⎪
⎩
d(x),

if x ∈ C;
if x is outside c1 (0) but inside c2 (0);
otherwise,
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(1)

where d is the shortest distance to C from point x ∈ R2 . We deﬁne the time
dependent surface ϕ(x, t = 0) by
ϕ(x, t = 0) = G(α|s(x)|) ∗ s(x),

(2)

where G(σ) is the two dimensional Gaussian with variance σ 2 , α > 0 is a
weighting constant, and ∗ is the standard convolution operation. Note that when
x ∈ C, the surface ϕ is the same as the function s because the σ of the Gaussian
function becomes zero at those points. Note also that Equation (2) implies that
C = (x|ϕ(x, t = 0) = 0) .

(3)

The original idea of level sets is to deﬁne a smooth higher dimensional function
that represents the lower dimensional contours (the interface or the front) to be
extracted/tracked as the zero level set of the higher dimensional function. If we
take the intersection of the X-Y plane with the function ϕ(x, t = 0), the two
closed contours c1 (0) and c2 (0) are obtained (See Fig. 2). We would like to expose
the surface ϕ to a velocity ﬁeld that depends on geometry, position, and image
data. While ϕ moves under the inﬂuence of the velocity ﬁeld, the contours c1
and c2 also move to ﬁnd the desired wall boundaries.

Fig. 2. The surface ϕ at t = 0. The zero level set of ϕ produces the contours c1 and c2 .

The elementary equation of motion under the velocity ﬁeld can be written[8]
as

∂ϕ
+ V |∇ϕ| = 0,
(4)
∂t
where
V is the normal component of the desired velocity of the front and |∇ϕ| =

∂ϕ 2
∂x

+

∂ϕ 2
∂y .
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Furthermore, the geometric properties of the contours c1 and c2 (the front),
such as the normal or the mean curvature, can easily be calculated from the
surface. The normal to the front is simply the gradient of the surface, ∇ϕ. The
mean curvature of the front can be conveniently obtained by
κ = −∇

∇ϕ
.
|∇ϕ|

(5)

We recognize that the normal vectors of the points on c1 (t) and c2 (t) have
opposite directions. If the velocity ﬁeld contains constant velocity values for all
points, then we expect the contour c1 to expand and c2 to shrink according
to the Equation 4. This is a desirable feature of our design of the level set
function because our motivation of using coupled dual contours is to obtain a
contour movement that pushes the contours together until they ﬁnd the correct
boundaries. This natural movement of the surface ϕ governed by the Equation
4 greatly simpliﬁes our system both in terms of mathematical complexity and
computational eﬃciency. Other systems that use levels sets to perform multiple
contour extraction, such as Yezzi et al.[12], use more than one evolving surface.
We need a mechanism for stopping the contours when they are close to the
desired borders. We also need to establish a communication path between these
contours so that they would stop moving if they come too close when there is
no image feature to stop them. The next section describes how we use the image
data and surface geometry information to achieve this goal.
2.1

Recovering the Boundaries

We would like to deﬁne a velocity function that takes the image data into account
so that the moving contours c1 and c2 would stop at the boundaries. We follow
the notation of Malladi et al.[7] and separate the velocity function into two
additive components. We will keep the advection term component, VA , so that
the two contours are pushed towards each other. The other component, VG
depends on the geometry of the front. It smoothes out the high curvature sections
of the front and is deﬁned by Equation 5. The velocity function we have is
V = kI kG (VA + VG ),

(6)

where kI and kG are multiplicative terms each of which can stop the surface
evolution if they become zero. In our implementation, each of the four terms have
weighting constants to adjust the inﬂuence of the term on the overall velocity.
The weighting constants were removed from the formula for the presentation
clarity.
If portions of the image data is missing or very weak as in IVUS, boundaries
will be localized incorrectly. For correct localization the thickness constraint is
utilized by looking at the ridges between the contours in spatial gradient. For
obtaining spatial gradient, we look at ϕ which is diﬀerentiable even around the
minima points between the contours c1 and c2 , so the partial derivatives of ϕ
with respect to x and y should vanish around the minima points, which should
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make the spatial gradient |∇ϕ| values close to zero around the vicinity of the
extrema region. This idea is incorporated into the multiplicative velocity term
kG at x as

0,
if |∇ϕ(x)| < γ and ϕ(x) < 0;
kG (x) =
(7)
|∇ϕ(x)| − γ, otherwise,
where γ > 0 is a constant. kG will slow down the contour movement when
the contours get close and depending on the γ value, it will stop the contour
evolution completely. Note that |∇ϕ| also vanishes for the center region of the
inner contour, which can be dealt with by checking the sign of the surface height.
Note that if we let the surface ϕ evolve on a ﬂat image with no features, the
contours c1 and c2 will be attracted towards each other but they will never collide
due to the multiplicative velocity term kG . There will be a distance between the
contours at the end of the evolution process and this distance depends on the
α value of Equation 2 and γ value of Equation 7. In other words, the α and
γ values are parameters that directly aﬀect the extracted media thickness. The
ability of accepting expected media thickness is a ﬂexible feature for a practical
system because it allows one to input beneﬁcial data to the system for extra
robustness.
Even though the evolutions of both media contours are strongly tied to the
same 3D surface evolution, our formulations allow diﬀerent evolution characteristics for each contour in an elegant way. Formally, checking the signs of the
directional derivatives of the surface towards the highest surface position inside
the inner contour will give us the information about which boundary that point
belongs. The sign to check for this information can be calculated using
sign(∇ϕ(x).x).

(8)

The information produced by equation 8 is valuable for a number of applications that can deﬁne diﬀerent properties for the inner and outer boundaries.
In IVUS data, inner walls has better contrast and can easily be identiﬁed. It
is preferable to give more weight to easily identiﬁed sections and let this information aﬀect the other boundary extraction, which can be achieved in our
system by simply choosing diﬀerent weights for the inner and outer contours
image velocity components.

Fig. 3. Lumen-intima interface captured
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Using the above mechanism, we ﬁrst evolve the inner contour and capture the
lumen-intima interface as shown in Fig.3. During this evolution, outer contour
stands still which is seen as the blue contour. Then, we evolve the inner contour
to outer side for a few pixels with normal velocity without the inﬂuence of the
image. The inner contour now left the lumen-intima wall behind and can go on
evolving for ﬁnding the media segment together with outer contour. At this time,
image gradient features are not permitted to be dominant over the geometry
term that imposes thickness constraints. We also increase the inﬂuence of the
curvature term. This is because we expect a ring-like structure in the end and
do not want the contours to be inﬂuenced by non-circular gradients. At the end
of the surface evolutions, the two level set contours will ﬁnd the high gradient
contour regions that are separated by a distance of certain thickness.

3

Experiments and Validation

We validated the system using both synthetic data and real IVUS images. Synthetic images are used for the quantitative evaluation of the system. The real
IVUS images validated the system in the real world.
3.1

Localization of Circular Structure

In order to test the ability for correctly extracting a ring structure with a certain
width in a noisy environment, synthetic test images are used. Like the IVUS
images, test images are not of very high quality and they contain artifacts.
Moreover, the images have missing ring sections. The types of noise added were
chosen to reﬂect the problems seen in IVUS images. Zero mean Gaussian, speckle,
and salt & pepper noise types are added to the images with varying amounts.
Fig. 4 shows a few examples of the images used in the experiments. The
images are about 100 by 100 pixels in size and the object has a contrasts of

Fig. 4. Example synthetic images used for testing are shown at the top row. The bottom
row shows the automatically extracted contours by our system for the same images.
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50 gray levels. The wall extraction system produced two ring boundaries, which
were compared to the ground truth contours that were used to produce the
synthetic images. Table. 1 and Fig. 5 show the error values measured under
changing noise and artifact conditions. We observe from the error data that our
system performs very well even under high amounts of noise and artifacts. We
are especially encouraged by the handling of missing wall sections.
Table 1. Noise Levels and Average Pixel Errors
Gaussian (σ 2 )
Salt and Pepper (%)
Speckle (σλ2 )
Missing Walls (%)
Average Pixel Error

1
0
0
0
0
0.95

2
0
0
0
5
1.03

3
0.01
0
0
0
1.37

4
0
0
0
15
1.42

5
0.02
2
0
0
1.82

6
0.02
2
0
5
2.15

7
0.05
5
0.05
15
2.22

8
0.08
5
0.1
15
2.58

9
0.15
8
0.1
15
3.00

10
0.2
10
0.1
20
3.16

11
0.3
10
0.1
20
3.67

12
0.3
20
0.2
20
4.09

Fig. 5. The graph of the error values for Fig. 1

3.2

Application to Intravascular Coronary Ultrasound

The boundaries of the artery walls, which yields crucial information about the
artery blockages, are obtained from the fully automatic segmentation of the IVUS
images. The artery wall consists of three layers: intima, media, and adventitia
(see Fig. 1-a). The interface between lumen and intima is referred as inner wall
and the interface between media and adventitia is deﬁned as the outer vessel
wall. IVUS images are ring-shaped, not very contrasty and not clean around the
artery wall sections(see Fig. 1-b).
We have applied our segmentation mechanism on various IVUS images of
diﬀerent patients and obtained very satisfying results. Since it is not possible to
produce ground truth for the real IVUS images, we validated our results visually.
Figure 6 shows only the results for two of them. We automatically removed the
catheter boundaries from the image during the experiments. As can be seen in
the IVUS images, the inner vessel wall has a better contrast and it should lead
the extraction of the outer boundary.
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t = 1.75

Fig. 6. Lumen-intima interfaces at images on top . Media segments of the same images
at bottom.

The top three images in Fig.6 show the extracted lumen-intima interfaces.
Both images have wide intima regions and narrower lumen regions. On the leftmost image, plaque formation is obviously visible at 6 to 12 o’clock position and
on the middle image it is visible at 12 to 3 o’clock position. Intima is thin only
at 12 to 2 o’clock position in the leftmost image. At the bottom images in Fig.6,
it can be observed that media segments are truly captured by double contours.
As the visual results show, our system performs as expected and correctly ﬁnds
the vessel walls and the plaque regions. We are working on obtaining several
contours produced manually by experts to compare our results numerically.

4

Conclusions

We presented a Computer Vision system that extracts the inner and outer
boundaries of vessels simultaneously in IVUS images. The system captures many
domain dependent constraints without using any complicated rule sets or hard
constraints. We introduced several novel ideas that make our system computationally eﬃcient, robust against the imaging problems, and ﬂexible to use in
practice. At the center of our system, there is a single evolving surface whose zero
level set contours represent the wall boundaries. The natural dynamics of our
system push the contours together until they ﬁnd the destination, which makes
our system simple but powerful. The contours can evolve under diﬀerent criteria
without complicating the surface evolution mechanism. Another novel feature of
our system models the expected thickness of the media by using the evolving
surface geometry to decide if the approximate media thickness is reached. This
feature is very eﬀective for the missing sections of the media.
We have validated our system by applying it to synthetic and real images. Synthetic localization experiments showed our system’s accuracy under controlled
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varying conditions with the thickness constraint. Application to IVUS images
proved that our method can be used in segmenting images of vessels with a
considerable success.
As for the future research, we are actively working on the extensions of this
work towards 3D boundary recovery and 2D + time analysis of video sequences.
Speciﬁcally, we employ IVUS image sequences while the catheter is being pulled
inside the vessel. This 3D analysis of IVUS images produce a better and more
reliable information about the possible plaque.
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