|I. INTRODUCTION

NTRAVASCULAR ULTRASOUND (IVUS) allows real-
I time tomographic assessment of the arterial wall, which is
very important to study vascular wall architecture for diagno-
sis and assessment of the progression of the cardiovascular dis-
eases [1]. By the American Heart Association Heart Disease and
Stroke Statistics, cardiovascular disease is the leading cause of
deathinthe United States, and the coronary artery disease has the
highest percentage (53%) of death among the heart diseases [2].
nerable plaques constitutes a major research area in the eld of
clinical and medical imaging. In order to track progression and
regression during therapy of the atherosclerosis, the inner and
outer borders of the arterial wall are extracted and the plaque
area is identi ed in the region between these two borders (see
Fig. 1 for both healthy and diseased arterial wall cross-sectional
views).

A catheter is inserted through the patient’s groin into an artery
and pushed toward the distal end of the coronary arteries. There-
after, the ultrasound transducer in the catheter is pulled back
with constant speed. During the pullback, a sequence of IVUS
images are acquired. In Fig. 1, the lumen is the interior of the
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Fig. 7. (a) Catheter and imaging artifacts in the top rows of the rectangular
domain.(b) Minimum image taken over 20 frames. (c) Artifact removed image
with the artifact line marked.

the maximal row sum. The rows above this artifact line are omit-
ted from any kind of computations involved in the segmentation.
The rstlocal minimum after the global maximum indicates the
end of the artifact. The artifact zone kyf;i, is subtracted from
every frame, as shown in Fig. 7(c).

I1l. SEGMENTATION FRAMEWORK

Once we build the statistical shape space, any arterial wall
can be represented by a vector of weights . .., w}, associ-
ated with the rstk principal modes of the lumen data, and
wg,...,wg of the m-a data. The weights of any shape can be

an angular shift effect. The third mode corresponds to a atound using (2) by projecting the shape matrix without the mean
tening versus curving. We note that rst three modes includ¥to the mode matrix
variation for the change of the lumen cross-sectional area as . T 1 & |
. R . w' = U, ( S mean) (3)

well. The fourth and higher modes explain more local varia-
tions of the shape. The same interpretations can be made forwitereU | represents the truncated mode matrix in the reduced
eigenshapes of the m-a contours. As we can see from FigsBpspace. With this compact shape description, we will evolve
the arterial wall contours form a fairly restricted class dthe shape weights directly to deform the contour toward the
shapes, therefore, a small number of eigenshfipé$¥_, and lumen and the m-a borders in the IVUS image. The steps of the
{U 2}k, are needed to explain its variations. segmentation are explained next.

Fig. 6 shows the number of modes versus the percentage
of variation explained in the shape space. In our experiments, Lumen Segmentation
we found that six principal modes suf ce for lumen and m- ., ;g section, we describe the segmentation of the border

a, respectively, to obtain shapes that are both meaningful ad]ﬂween the lumen and the inner arterial wall
smooth. Six modes explain 72.1% of the luminal shapes andl) Initialization of Shape PoseThe rst step is to initialize

82.6% of the m-a shapes.

Fig. 6. Modes versus percentage of explained shapes.

the lumen contour in a way that takes advantage of the prior
information about the lumen region having less ultrasound re-
D. Preprocessing ection, hence, a darker intensity pro le. We shift the mean

In IVUS images, the catheter creates a dead zone in the C'L%pen'shape Imean in angular d?rec'tion to minimize the mean
ter of the display domain, or equivalently, at the top rows Jptensity above the contour. This s_lmp_le strategy for the initial
the rectangular domain, along with the imaging artifacts d&‘@ape pose_works well, as shown in Fig. 10.(C)‘ .
to “halo” ring-down effects of the catheter (see Fig. 3). Usu- 2) Evolution of .t.he Shqpel?or th evolution of the lumi-
ally, these artifacts should be removed or otherwise they v\}ﬂlal contou_r, we utilize region stat|s.t|cs from IVUS images for
hamper the segmentation process. The most basic and straiaﬂg_mentatmn, and de ne the following energy
forward approach, that is, to subtract the average image from
every frame, does not remove the artifact properly and de-
grades the image quality in our experimental dataset. For our
data, we observe that the artifact stays approximately constant +  Xout(X)log(Pout (I (x)))dx  (4)
over the IVUS sequence of frames. However, the variance of
the artifact is not zero because the luminal border often imhere X is an indicator function for inside and outside the
terferes with the artifact zone. By taking the minimum imageontour. This is the general region-based probabilistic energy
Imin(X,y) =min; 1i(x,y)overasetofframes ofthe IVUS functional described in [21]. We model the probability distri-
sequence (e.g., 20 frames), we get the constant artifact zormitions P, and P, nonparametrically since we would like
without the bright interferences with the contour [see Fig. 7(b)lo preserve a certain level of generality for our segmentation
The sums over the rows of,i, are computed and the globaltechnique (as the assumption of parametric distributions such
maximal row sum is detected. The catheter artifact line is notad Rayleigh for inside and outside the lumen region may not
down as the rst row at which the row sum falls below%®f always hold).

Elumen(Wl) = SXin(x) log(Pin (I (x))) dx









