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Challenges in Atherosclerotic Plaque
Characterization With Intravascular Ultrasound
(IVUS): From Data Collection to ClassiÞcation
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Abstract—In vivo plaque characterization is an important re-
search �eld in interventional cardiology. We will study the realistic
challenges to this goal by deploying 40 MHz single-element, me-
chanically rotating transducers. The intrinsic variability among
the transducers’ spectral parameters as well as tissue signals will
be demonstrated. Subsequently, we will show that global data nor-
for this problem? We will present a full-spectrum analysis as an
alternative to the eight-feature approach. For the �rst time, differ-
ent classi�cation algorithms, such ask -nearest neighbors (k -NN)
and linear Fisher, will be employed and their performances quan-
ti�ed. Finally, we will explore the reliability of the training dataset
and the complexity of the recognition algorithm and illustrate that
these two aspects can highly impact the accuracy of the end result,
which has not been considered until now.

Index Terms—Feature extraction, intravascular ultrasound,
spectral analysis, tissue characterization.

I. INTRODUCTION

T ISSUE characterization refers to computer-assisted
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Fig. 11. Variations of two spectral features extracted from four tissue types. (a) Intercept and (b) slope. Necrotic core (NC), calcium (Ca), Þbrofatty (FF), and
Þbrotic (F).

calciÞed and necrotic core are attenuated sharply and shadows
are often visible behind arcs of calciÞed plaques. The tissue char-
acterization in these regions remains uncertain [38] and needs
further study and validation. For a given tissue signal of length
l , x = [ x1, . . . , xl ], the energy norm is calculated as follows:

Enorm = � x � =
�

x .xT (9)

where . andT are vector inner product and transpose notations,
respectively. As a second feature, we extract the radial position
(r ) of the tissue from the center of the transducer. This feature
will help the classiÞer to incorporate the tissue signals with
different attenuations.

In Section II-B, we described the variations among tissue
spectra and also illustrated the variations of spectral magnitude
at Þve frequency bins in one and four CSIs for two closely
related tissue types (lipidic, Þbrotic) (Figs. 4 and 5). By looking
at these Þgures, we will realize that the lipidic tissue spectra
have relatively higher mean magnitude compared to Þbrotic.
Consequently, we opted to extract the spectral magnitudes at
every frequency bin within the functional range of bandwidth
as supplemental spectral features. For this reason, the IVUS RF
signals were windowed followed by taking anN -point FFT. For
real-valued time domain signals, we could ignore the negative
frequencies as they result in the same estimates as their positive
counterparts. Therefore, onlyN/ 2 frequency bins were required
to cover the spectrum up tof s/2 , f s = 400 MHz. In order to get
smoother spectrum and alleviate perturbations, a 2-D median
Þlter of sizeM × 1 was applied on the magnitude spectra and
(N /2) Š M + 1 spectral features
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were extracted (the dc component was ignored). Thev
i . f s
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is the ith PSD magnitude corresponding to the frequency at
i × f s/ N Hz. However, due to the narrowband characteristic of

IVUS signals, only spectral features within the functional range
of transducer bandwidth were considered. In this case, the inte-
ger number,i , should be found such that the value ofi × f s/ N
approximates the lower and upper frequencies of the bandwidth.
Therefore
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Obviously, the resolution of the spectrum is proportional to
the number of FFT points. IfN is increased, more spectral
features can be extracted; however, the training and testing al-
gorithms become more expensive computationally. Finally, the
features vector�W was formed as follows:
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Fig. 12 depicts examples of full-spectrum analysis in two CSIs,
each collected from different cadavers in the database using
the linear Fisher andk-NN classiÞers. The parameters were
selected asl = 128, N = 512, f BW m in = 20 MHz, f BW m a x =
60 MHz, k = 5. Only pixels that could be conÞdently classi-
Þed were colored. ConÞdence was related to distance between
feature vector and the decision surface. Although both methods
show a good correlation between the corresponding histological
regions and the classiÞcation color outputs, they will be further
investigated with more clinical data in order to assess their efÞ-
cacy and robustness. In the next section, we shall consider the
realistic challenges related to the classiÞcation algorithms and
training dataset.


