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Abstract— Optical Coherence Tomography (OCT) is a new
invasive technology for performing high-resolution cross-
sectional imaging of the coronary arteries. In OCT images only
Calcified plaque (CA) components can be accurately depicted
as light penetrates hard tissue. In this work we present an
automated method for detecting CA in OCT images. The
method is fully automated as no user intervention is needed and
includes three steps. In the first step the region between the
lumen and the maximum penetration depth of OCT from the
lumen border is determined. In the second step the region is
classified into 3 clusters using the K-means algorithm. CA is
identified using the results of k-means. The method was
validated using experts’ annotations on 27 images. The
sensitivity of the method is 83% with Positive predictive value
PVV) 74 %.

I. INTRODUCTION

Coronary optical coherence tomography [1,2] is a
relatively new imaging modality which was introduced

to overcome the limitation of previous coronary
imaging techniques. In contrast to intravascular ultrasound
(IVUS), that is based on tissue sound reflection, OCT is
based on the analysis of the reflected light allowing
visualization of intra-coronary features with a higher
analysis [3,4].

However, light cannot penetrate tissue as sound does,
therefore OCT has one drawback, its limited penetration
depth (2-3.5mm) [5]. The OCT imaging ability is limited in
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depicting soft plaques as light cannot penetrate soft tissue.
On the contrary, light penetrates calcium (CA) and in OCT
CA is depicted with well-defined boundaries (Fig. 1 (b)).
Additionally OCT has high sensitivity specificity in
detecting CA [6] compared to other plaque types. Hence, the
plaque type that an expert can accurately detect in OCT
images is CA.

As manual plaque characterization is time consuming
and is based on well trained readers, several studies
attempted to correlate plaque types with backscattering and
attenuation coefficients in order to produce automated
plaque characterization methods. Xu et al. [7] correlated the
backscattering and attenuation coefficients with CA, lipid
pool and fibrous tissue, using histological findings. In an
analogous attempt, van Soest et al. [8] correlated the
attenuation coefficients with healthy vessel wall, intimal
thickening, lipid pool and macrophage infiltration. They
both correlated the coefficients with histological findings but
they did not find any clear cutoff points between the
different plaque types.

Athanasiou et al. [9] presented a semi-automated plaque
characterization = method based on OCT image
characteristics. The user manually selected a region of
interest (ROI) and the ROI was classified to CA, lipid pool,
fibrous tissue and mixed plaque. The method’s overall
classification accuracy was 80.41%. Although this method
was actually the first presented plaque characterization
method in the literature, it had some major limitations: it was
semi-automated and was based in experts’ annotations for
characterizing the plaque. Hence the method was time
consuming and sensitive to experts’ variability. Additionally
when the selected ROI was out of OCT’s penetration
capability and the plaque could not be visualized the method
classified the ROI as plaque (Fig. 1 (c)).

In this work, we present an automated method that
addresses all the above limitations:

e it is fully automated as there is no user interruption
in any step of the method,

e its characterization is not based on experts
annotations as it uses k-means clustering method to
detect CA,

e CA which can be penetrated by light and is well
defined by OCT is detected.

The method is validated using experts CA annotations
over the OCT images and sensitivity 83% is reported.

Via  del’Amba  Aradam, 8, 00184 Rome, Italy (email:
fprati @hsangiovanni.roma.it)
978-1-4577-0216-7/13/$26.00 ©2013 IEEE 1430



©) @

Figure 1. An OCT image: (a) The initial image. (b) The image with experts’
annotations. Calcium is marked with white. Soft tissue is marked with red
and its upper border cannot be defined due to the limited penetration of
light. (c) Soft tissue detection using Athanasiou ef a/l. [9] method. (d)
Calcium detection using Athanasiou ef al. [9] method.

II. MATERIALS AND METHODS

A. Penetration Area detection

The first step of the proposed method is to detect the
Penetration Area (PA) in each OCT frame. As PA we denote
the region which is located between the lumen border and

the maximum penetration depth of OCT from the lumen
border (1.5 mm).

Lumen Detection

In order to detect automatically the lumen border in each
frame we apply the following procedure (Fig. 2):

1. transform the OCT image (/) to polar coordinates
(/,) and apply a Gaussian filter on initial image,

I,,

ii. perform Otsu’s [10] automatic thresholding method
in order binary objects to be revealed and remove
the catheter pixels,

iil. remove the non-zero objects with length less than
1/length(I) and mean intensity greater than 200,

These objects corresponds to artefacts (catheter
artifact, etc),

iv. scan each column of the image from top to bottom
and save the lst non-zero pixel of the column in
order to find the lumen contour,

v. transform the image from polar to cartesian
coordinates.

Lumen Border Expansion

To detect the PA region, the lumen border must be
expanded up to 1.5 mm. The radial center in the Cartesian
image [ is the catheter center. As the distance from the

center of catheter to the lumen points varies, a set radial
expansion using the current radial center is not possible.
Thus the radial center is transferred from the catheter center
to lumen centroid and the lumen points are expanded to 1.5
mm.

The centroid CN(C,,C)) of each lumen border for the
n pixels of the border is defined as:
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where A is the lumen area defined as:
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Figure 2. Lumen detection procedure: (a) The initial image is transformed to
polar coordinates, (b) The catheter pixels and the catheter artifact, (c) The
lumen border in the polar image, (d) The lumen border in Cartesian
coordinates.

B. K-means clustering

K-means [11] is an unsupervised learning algorithm that
classifies a given dataset N {x,..,x,}, where x, e R”,
through a fixed number of K clusters. The goal is the N
data to be classified to K clusters such as in each cluster the
squared Euclidean distance of the points from their cluster
center, 4, to be minimized:

K
EZQJ
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J= i @)

N
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I

where 0,; is a binary variable indicating the given cluster to
the point. If x, is given to cluster j then o, =1 and

0,=0 form=j.
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The pixels corresponding to PA region are the given
dataset NV and classified to K =3 clusters (K =2, 3and 4
clusters were tested).

C. Calcium detection

The OCT image is segmented into 3 regions using K-
means method as shown in Figure 3 (b). In order to find the
calcium we scan each radial form the lumen centroid to the
end of PA. The radial part between two different colors
which has the same color as the area below the catheter
artefact is considered as calcium. The above procedure is
shown in Fig. 3.

Lumen Center Gravity

(a) (®) ()
Figure 3. (a) Initial image: (b) Segmented image using the K-means
clustering method, (c) Calcium detected over the initial image.

III. DATASET

For the wvalidation of the proposed plaque
characterization method we used OCT examinations from 10
patients. The data were provided by the San Giovanni
Hospital of Rome. All participants provided informed
consent, while the study was approved by the local ethical
committee. The images were acquired using a Frequency
Domain (FD - OCT) OCT equipment (LightLab Imaging,
Inc) with a 6 Fr FD-OCT catheter (C7 Dragonfly).
Automated contrast injection was performed to optimize the
best image quality in all pullbacks.

Two experts examined independently the OCT images
and detected all the CA plaques. Microcalcifications and
disagreements between experts’ annotations were not
included in the study. Totally 27 annotated images were
selected in order to validate the proposed method. These
images were annotated as containing one or more CA
plaques. Finally the images were characterized using the
proposed method. Microcalcifictions detected by the
proposed method were also excluded from the validation
process.

IV. RESULTS

In order to validate the proposed method we computed
the following validation metrics: Pearson Correlation,
Sensitivity and Positive predictive value (PPV). Additionally
Bland-Altman analysis was performed. As true positive
values we denote the common plaque area (overlapping
area) characterized by the method and annotated by the
experts. As false positive values we denote the area detected

by the method and not by the experts and as false negative
the area annotated as plaque but not detected by the method.
The Pearson Correlation, Sensitivity and PPV of the method
was 0.434, 83% and 74%, respectively. Fig. 4shows the
Correlation graph between the CA plaques annotated by the
experts and detected by the proposed method. Fig. 5 shows
the plot of Bland-Altman analysis and in Fig. 6 some
application examples are presented.
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Figure 4. Correlation graph between the CA plaques annotated by the
experts and detected by the proposed method.
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Figure 5. Bland-Altman analysis plot between for the CA plaques annotated
by the experts and those detected by the proposed method.

V. DISCUSSION

In this work, a fully automated plaque characterization
method, for detecting CA plaques in OCT images, is
presented. The method detects automatically the lumen
border and expands the border to the maximum penetration
depth of OCT catheter. The K-means clustering method is
used to classify the pixels of the PA area to 3 clusters and by
scanning the radials of the classified image CA plaques are
automatically detected. The method sensitivity in detecting
CA is 83%.

Methods described in the literature either tried to
correlate the back scattered light signal with plaque
components [7,8] or presented a semi-automated and time
consuming method [9]. As only CA plaque borders in OCT
can be fully imaged and experts can accurately detect CA we
presented a fully automated CA detection method.
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The presented method can detect accurately the lumen
and CA plaques in all images of an OCT pullback. The time
complexity of the method is relative low as it requires about
5 seconds to characterize one frame using a core i7 desktop
computer with 8 GB of RAM. Additionally, as CA is the
plaque type with high clinical interest [12,13] and manual
detection is time consuming the proposed method can be
used for clinical purposes.

() (b) (©

Figure 6. Application examples of the proposed method: (a) initial image,
(b) experts annotations, and (c) CA plaque detected by the proposed method
are marked with white. PA region boundaries are marked with red.

VI. CONCLUSIONS

Characterization of the atherosclerotic plaque is
important for diagnosing and treating Coronary Artery
Disease (CAD). We presented a fully automated method for
detecting the lumen border and characterizing CA plaques in
OCT images. The method processes the OCT images and
classifies the plaque with 83% sensitivity. Further research
will focus on the validation of the lumen border and the
automatic detection of other plaque components. Such an
approach could be valuable, as the border of the other
plaques cannot be fully detected by the experts.
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