Segmentation of artery wall in coronary IVUSimages: A Probabilistic Approach
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Abstract

Intravascular ultrasound images represent a unique tool
to analyze the morphol ogy of arteries and vessels (plaques,
etc). The poor quality of these images makes traditional
segmentation algorithms (such as edge detection) fail to
achieve the expected results. In this paper we present a
probabilistic flexible template to separate different regions
in the image. In particular, we use dliptic templates to
model and detect the shape of the vessel inner wall in IVUS
images. The use of dliptic templates forces a global prob-
abilistic approach, that makes use of image statistics inside
regions. We present the results of successful segmentation
obtained from 12 patients undergoing stent treatment. A
physician team has validated these results.

Figure 1. Slice of artery obtained by intravas-
cular ultrasound

of the images suggests the use of techniques such as prob-

1. Introduction abilities [1] or fuzzy logic [2] guiding an active contour to
adjust the inner wall. In the case of coronary images one
1.1. Intravascular Ultrasound Sequences has the additional problem of the dark shadows that the cal-

cium plaque produces. That makes probabilistic approaches

. L . taking into account only the statistics in a neighborhood
Intravascular Ultrasound (IVUS) imaging is a relatively of thg model border [1])1/‘ail to obtain good resuﬁs. F Es-

new medical tool which consists of placing a catheter, with colano proposed in [2] the use of circular deformable mod-

a sensor on its tip, inside the artery. This sensor rotates as it

emits pulses of ultrasound. When it receives the echoes theEIS guided by a function which had an added term to cope

i . ) X . with noise. The rigidity of the shape prevented the template
tissues return, it generates an image like the one shown in ; .
) . from being mislead by dark shadows.
figure 1. Dark zones correspond to the artery lumen, light

zones to the artery wall and the brightest parts with a dark _In this paper, we sug_ge_st the use of elliptic templates
shadow behind, to calcium plaque. guided by the global statistics of the image. On one hand,

the use of probabilities is a good way of reducing the impact
of noise. On the other, using such a restricted deformable
shape makes the model more stable under the presence of
artifacts such as shadows due to calcium plaque and the sen-
- . . . ; . : sor. We use an elliptic shape instead of a circle to better ad-
IVUS images are increasing their role in the diagnosis of jqt the model to the inner wall and because this shape also
several diseases. Consequently, segmentation and tracklngives a direct estimation of the maximum and minimum di-

from IVUS_ images of the vessel inner wall has been apP- ameters of the lumen. The only assumption made is that
proached in several recentworks ([2], [7]). The poorquality |,men and tissue appear in the image as gray-level pixels

*This work was supported by TIC98-1100 . generated by two distinct normal distributions.

1.2. Previous Research

Due to the amount of information they carry ([5], [4]),
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2. Description of the method

The image will be always thought of as a function,
i(z,y), of two variables. The origin of our coordinate sys-
tem will be supposed to be at the center of the image.

The first step is to select the region of interest in the
image. Notice that since the outer part of any IVUS is
completely dark, dealing with the whole of the image may

the value that separates both distributions. We compute it
automatically by means of the method described in [6]. The
threshold is obtained taking into account the histogram of
the area of interest. Once this parametdras been fixed,
we proceed to the deformation of the ellipse as follows.

Let &+ denote the interior of the deformable ellipse and
Eext Its complement in the image. Then, to segment the lu-
men we search for the ellipse that maximizes the following

induce some errors, specially during the selection of the function:

thresholda (see next paragraph). Denote By the disk
of radiusr centered at the origin and by the probabil-
ity of having a dark gray-level insidB,.. Let us consider
the functiong(r) = P(i(z,y) < 0.2). Notice that if one
takes disks of increasing radius, the global minimuny of

indicates the point we stop having significant echoes. From

now on, whenever we talk about the image we will be think-
ing of this selected part.

&o 100

Figure 2. Right: original image. Left: graphic
of the function g(r)

Figure 3. Right: area of interest. Left: pixels
under threshold a = 0.26
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where

_J 1 ifi(@y) <a
I(z,y) = { 0 , otherwise

The first term represents the probability that the gray
level of the inner points of the ellipse belong to the prob-
abilistic distribution corresponding to the lumen. The sec-
ond one represents the probability of having an outside gray
level belonging to the distribution which corresponds to the
tissue.

Notice that an ellipse is defined by five parameters
(a,b,0,%0,y0)- The pair(zg,yo) are the coordinates of the
centerg is the angle of rotation and the parameteendb
are the lengths of the principal axes [see figure below].

Figure 4. representation of the five parame-
ters of an ellipse

The problem, then, reduces to maximize a functionr;
F(a,b,0,z0,y0), Of 5 variables. Its maximum is obtained
by the steepest descent method [3].

Consider the following change of variables
> < acoso bsino ) <u> <a:g )
—asino bcoso v Yo

< &

The method we propose is based on the assumption that
lumen and tissue appear in the image as gray-level pixelsin these new variablgg:, ¢), the function in (1) can be writ-

generated by two distinct normal distributions. leetbe

ten as
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whereD is the disk of radius one centered at the origin and
e is its complement.

2.1. Dynamics of the parameters

. _ Figure 5.
Following the steepest descent method, the dynamics of

the parameters are obtained by means of the partial deriva-
tives of F.

The iterative procedure needs an initialization of the el-
lipse. As initial ellipse for the first frame, we take a circle
centered at the origin of a radius close to the one of the sen-
sor. Indeed, any ellipse contained in the inner wall would
do. Since the sensor always lies inside the lumen, this is
the initial shape we consider. Sometimes, though, when the
center of the lumen is far away from the origin, it is highly
recommended to start with a circle centered at the lumen. If
one wanted the method to be completely automatic, a global
minimization method (such as simulated annealing) for the
first frame should be used. At each new frame, we take as
initial ellipse the one segmenting the lumen of the former
image.

Sometimes, the method fails to converge to the inner
wall. We detect these failures by comparing two consec-
utive ellipses. If the Euclidean norm between the two sets
of parameters is high, we reject the segmentation result.

Figure 6.

3. Resaults

The method has been used to segment and track the in-
ner wall of coronary arteries in short sequences (up to 30
frames at a rate of 12 frames per second) extracted from
IVUS made to patients undergoing stent treatment. We have
tested the method on a set of 270 frames from twelve dif-
ferent patients. The results obtained have been validated by
a medical team. According to experts the method detects
the inner wall in80% of the cases if the lumen is not com- work with is the one of figure 7 (left). The white area inside
pletely obstructed by proliferation. Some of the ellipses ob- the lumen corresponds to the sensor.
tained are shown in the figures below. They illustrate four = Results obtained using other methods are shown in figure
different kinds of IVUS images. 8. The use of probabilities only in a neighborhood around

Images in figure 5 have got shadows due to the sensor.the border of the template kept the ellipse in figure 8 (left)
The one on the left, at the right inferior quadrant. The from absorbing the sensor. The ellipse on the right was
other, at the left inferior quadrant. Figure 6 (left) presents a guided taking into account the total number of inner points
shadow due to calcium plaque that occupies most of its right with gray level undet and the total number of outer points
side. While figure 6 (right) shows a stent, which appears aswith gray level above this threshold. The dark echoes due
bright spots around the lumen. A typical binary image we to the small upper plague mislead the template.

Figure 7. Right:original image. Left:pixels
above threshold «
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Piessens and H. De Geéile of Intravascular Ultra-
sound in Coronary Artery Disease: A new gold stan-
dart? Beyond Angiography. Intravascular Ultrasound:

Figure 8. ellipses obtained using other meth- State-Of-The-ArKX Congresof the ESC, Vol 1 (Au-

ods gust 1998)

[6] Nobuyuki OtsuA Threshold Selection Method from
. Gray-Level Histograms. IEEE Trans. on Sys. Man and
4. Conclusions and Future Developments Cybernetics,Vol. SMC-9,No 1, pp 62-65, (January
1979)
The method presented in this paper introduces a simple , L ,
global probabilistic model which behaves well in low qual- [7] B- Solaiman, R. Debon, F. Pipelier, J.-M. Cauvin and

ity images. The method detects the inner walkis of C. RouxInformation Fusion: Application to Data and
the frames when severe restenosis is not observed. We are ~ Model Fusion for Ultrasound Image Segmentation.
studying if the problem can be overcome considering gray- IEEE Trans. on Bio. EngVol. 46, No 10, pp 1171-
level pixels generated by three normal distributions instead 1175 (October 1999)

of two and taking into account other features such as spatial
and temporal coherence in the sequence.

The tracking of the inner wall in IVUS sequences is one
of the first steps to obtain a faithful 3-D reconstruction of the
coronary tree. This is vital to decide whether a patient can
go under stent treatment or not. It can also help to estimate
the heart dynamics. There is the hypothesis that heart and
artery dynamics may be a way of evaluating heart tissue
damage after a coronary stroke. Our future work will focus
on both 3-D artery reconstruction and estimation of heart
dynamics.
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