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Abstract

Background: Thin-cap fibroatheromas (TCFAs) are the most well-known reason for plaque rupture leading to the acute coronary
syndrome. Although optical coherence tomography (OCT) has the potential for use in the identification of TCFAs, the conventional
analysis of this modality alone in the 2D domain is not sufficient for detecting TCFAs.
Objectives: The present study proposes a fully-automated method for the 3D analysis of vulnerable plaques, especially TCFAs, in
OCT sequence frames.
Methods: A new 2-step graph-based method was used to extract the 3D morphology of the fibrous cap in an intravascular OCT
image sequence. A linear cost function was applied by adding novel hard constraints. Then, an undirected graph was performed
with specified edge weighting. The min-cut problem was solved for segmentation. It was divided into 2 phases: The former extracted
a media region from the lumen region, and the latter extracted the fibrous cap from the media. Finally, the TCFA was extracted by
the quantification of the fibrous cap thickness.
Results: The method was validated using 3 sets of OCT raw image sequences. The proposed method was evaluated on an OCT dataset.
It was composed of 3 groups of 264 consecutive intravascular OCT frames acquired from the left coronary artery. On the real data, the
lumen diameter and 3D TCFA thickness achieved 88.28% and 85.5% accuracy, respectively, in comparison with manual segmentation.
Conclusions: An appropriate correlation was obtained between the TCFA detected by the proposed method and the one selected
manually. The proposed method was able to speed up atherosclerosis assessment; therefore, it can be used to improve the manage-
ment of the acute coronary syndrome.
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1. Background

The acute coronary syndrome (ACS) is the primary
cause of death in high-income countries (1, 2). Early and
accurate ACS detection can greatly reduce the mortality
rate. Plaque rupture plays a major role in the ACS, and
it occurs in plaques covered with a fibrous cap (3). Thin-
cap fibroatheromas (TCFAs) constitute the most frequent
fibrous caps leading to plaque rupture (2). TCFAs are de-
fined as plaques containing a large lipid necrotic core cov-
ered by a thin fibrous cap (3). Ex vivo morphometric assess-
ments show that the thickness threshold of fibrous caps is
a stable parameter for determining plaques prone to rup-
ture (vulnerable plaques) (2). The identification of vulner-
able plaques can allow clinicians to prevent sudden death,
and the improvement of imaging techniques through bet-
ter characterization of TCFAs in vivo can achieve this goal.

Because of the thickness of a TCFA (< 64µm), intravas-
cular optical coherence tomography (IVOCT) at a resolu-
tion of 10 to 20 µm is currently the only in vivo imag-
ing modality to measure the thickness of fibrous caps (4,

5). Clinical research has evaluated the similarity between
the manual detection of TCFAs using cross-sectional IVOCT
images and that using experimental observations (ex vivo
and in vivo) (6). Katouzian et al. (7) concluded that IVOCT
was more appropriate than other imaging modalities to
depict and measure TCFAs. Manual methods encounter
instability caused by visual uncertainty. For this reason,
several semi-automated and fully-automated approaches
have been proposed.

A semi-automated method was presented by Zahnd et
al. (8) to quantify the coronary thickness of fibrous caps in
IVOCT. This method extracts the contours of a fibrous cap
using a robust dynamic programming framework based
on a priori geometry; however, this approach must initial-
ize some parameters. Roy et al. (9) proposed a lumen-
segmentation method using OCT imaging physics-based
graph representation of signals and random walks image
segmentation approaches. Automatic lumen segmenta-
tion is the 1st step in plaque analysis. Ughi et al. (10) devel-
oped an automated algorithm for the automated represen-
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tation of IVOCT vulnerable plaques for the supervised clas-
sification of image pixels based on textural features com-
bined with the estimation of the optical attenuation coef-
ficient.

Single-frame evaluations cannot describe the actual
characteristics of a fibrous cap because it has a 3D struc-
ture naturally (11). Wang et al. (11) proposed a semi-
automated algorithm to quantify volumetric fibrous caps
using IVOCT. They proposed a novel computer-aided algo-
rithm combined with human analysis for the quantifica-
tion of fibrous caps; however, this method is limited by
inter-observer variability.

2. Objectives

The present study proposes a fully-automated method
for the 3D analysis of vulnerable plaques. A new self-
determining graph-based method was used for the extrac-
tion of the 3D morphology of fibrous caps in IVOCT image
sequencing. The TCFA was extracted by the quantification
of the thickness of the fibrous cap. The 3D morphology of
the fibrous cap was evaluated using a 3D structure created
by manual segmentation.

3. Methods

An IVOCT image can be divided into the regions of the
lumen, media, and plaque in the media close to the lumi-
nal border. The lumen is a complete signal-poor region. A
signal-poor region with bright borders contains all types
of plaques (11), especially lipid/necrotic plaques, which are
depicted with brightly-diffused borders. The primary step
for the 3D analysis of a TCFA is the segmentation of the fi-
brous cap into sequential frames. The differences between
the main regions in IVOCT are the basis of the proposed
segmentation algorithm. For this purpose, 2-phase seg-
mentation based on an undirected graph is proposed. The
flowchart of the proposed method is illustrated in Figure 1.
Each step is detailed in the following section.

In the 1st step, an undirected graph is defined as a set of
nodes and the set of undirected edges that connects these
nodes. A non-negative weight is assigned to each edge
(cost). The graph nodes denote pixels and the edge denotes
the neighborhood relationship between the pixels. In this
manner, sequential frames of IVOCT are put together. The
set is then transformed into a 3D undirected graph. The 3
nodes corresponding to the lumen, media, and plaque of
the IVOCT image are added to the graph and called “ter-
minals”. The terminal locations and their relation with the
other pixels are defined by means of a novel cost function.

A hybrid constraint-based cost function is proposed in
this manner. The 1st phase of segmentation is to extract

the luminal border by means of the cost function based on
the graph-cut approach. For this purpose, the global mini-
mum cut should be computed for the graph with 2 termi-
nals. The max-flow algorithm is the most straight-forward
method to produce the global minimum cut of the graph.
The max-flow algorithm is computed from the lumen node
(as the source) and media node (as the sink) terminals in
the 1st phase. The 2nd phase of segmentation is to extract
the fibrous cap from the media region. This phase is car-
ried out on a segmented graph as the media. Although the
max-flow algorithm is again carried out for this phase, the
terminals are different (plaque as the source and media as
the sink). Each step is detailed in the following section.

3.1. New Cost Function Definition

Assume that PI = [P1, P2, … P|PI|] specifies a pixel set of 1
frame; therefore, the 3D pixel vector is:

(1)Pvec =
(⋃Nf

k=1
PIK

)
Where Nf is the number sequential frames. A pixel can

be a lumen, media, or plaque. A lumen region and a me-
dia region are selected as the background and object, re-
spectively, in the 1st phase of segmentation. A cost function
should be defined to segment the Pvec vector to define the
regions. For this purpose, a combined soft constraint and
hard constraint approach is proposed. The soft constraint
cost function is linear as follows:

(2)Cf = E (Pvec) + αA (Pvec)

Where E (Pvec) specifies the edge term of the pixels, A
(Pvec) is the area term of the pixels, andα is the relative im-
portance factor of each edge or area term. Segmentation is
summarized to minimize the defined cost function.

Several algorithms can be employed to access the mini-
mum of cost function in Equation 2, but the aim here is the
computation of the global minimum of the cost function
in the equation so the novel automated hard constraint is
satisfied. The hard constraints are defined as sets with pix-
els marked as the lumen region and pixels marked as the
media. The segmentation result should cover the 2 sets of
pixels. The hard constraints are obtained as described be-
low.

In the 1st step, the IVOCT frames are converted from
Cartesian coordinates to polar coordinates. The catheter
should then be removed from the image; this is easily pos-
sible because of the actual diameter of the polar coordi-
nate catheter. Next, the average of each radius is computed
for all θ (0 to 2π radian) in the polar IVOCT frames. Then,
a 2D longitude image of the defined average is created as
a function of frame number and radius. The bright pixels
are positioned in the media region. The proposed name
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Figure 1. Flowchart of the Proposed Approach, Consisting of a Preprocessing, 2 Main Segmentation Phases, and a Classification Part

for the radii with the lowest intensity selected as the hard
constraint of the lumen region is LHC. The proposed name
for radii with the highest intensity selected as hard con-
straints of the media region is MHC-1st.

After the 1st phase of segmentation, 2 hard constraints
(plaque and media) are selected from the extracted 2D lon-
gitude media region. The radii with the lowest intensity
selected for the hard constraint of the media region are
called “MHC-2nd”. The radii with the highest intensity that
are proposed for the hard constraint of plaque region are
called “PHC”.

3.2. Cost Function Generalization Using a Graph

This section shows how to generalize a cost function
for the soft constraint (Equation 1) with the defined hard
constraints. The graph of sequential IVOCT frames is de-
fined as:

(3)G3D−IV OCT = (N,E)

Where N is the graph node set and E is the edge set. The
graph nodes are associated with the pixels of all frames and
the lumen, media, and plaque nodes as:

(4)N = Pvec

⋃
(L,M,P )

Where Pvec is the 3D pixel vector, L is the lumen termi-
nal, M is the media terminal, and P is the plaque termi-
nal. The edge set consists of undirected edges for the intra-
edge and inter-edge. The former denotes the relation of
the 3D neighbor pixels. The latter denotes the relation of
each pixel with the terminals. The weight of the intra-edge
should be distinctly different from the neighbor pixels and
is defined as:

(5)Wij = LIG (i, j)

Where LIG (i,j) is an energy term that specifies the vari-
ation in intensity between the pixels (i,j). For this purpose,
local intensity gradient function is used. The inter-edge
should specify the similarity between each pixel and each
terminal. The area properties of the pixels are computed
using the log-likelihood of the intensity distribution LogL
(obtained from the intensity histogram). It identifies the
regional penalties as negative log-likelihoods. Finally, the
edge weights of all the nodes are obtained using Equation
6 as:
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(6)Wij =



LIG (i, j) if i, j ∈ Pvec

LogL (i, j) if (i ∈ Pvecandj = S) or (i ∈ Nandj = T )

1 if (i ∈ Pvecandj = S) or (i ∈ Nandj = T )

0 else

Where S and T are the source and sink of the graph and
O and B are sets of hard constraints. Source and sink cor-
respond to the lumen region and media region in the 1st
segmentation phase, respectively. The O and B sets are LHC

and MHC-1st, respectively. The source and sink correspond
to the media region and plaque region in the 2nd phase of
segmentation, respectively, and the O and B sets are MHC-2nd

and PHC.
The graph is now fully defined. A segmented bound-

ary is obtained by finding the maximum flow of the graph
between the defined source and the sink nodes. The rapid
max-flow algorithm proposed by Boykov et al. (12) is used
to achieve this goal. In the next step, 3D analysis of the fi-
brous cap is carried out using the thickness of the cap. In
this study, the thicknesses of the fibrous caps were greater
than 65µm, between 65µm and 150µm, and greater than
150 µm (4, 10). The 3D rendering of the segmentation
phases are shown in Figure 2A to 2B. A plaque in contact
with the lumen and belonging in the category with a max-
imum range of 65µm is selected as a TCFA plaque.

4. Results

4.1. Dataset

The proposed method was evaluated on an OCT
dataset. The dataset was composed of 3 groups of 264
consecutive IVOCT frames acquired from the left coronary
artery. The scan characteristics of the system were 15-µm
axial resolutions, 100 frames per second, and a 200-µm
frame interval. All the frames were provided in TIFF/DICOM
format.

4.2. The Used Hardware/Software

The proposed algorithm was implemented in MAT-
LABTM on a desktop computer with Intel (R) Xeon(R) CPU
E5-2620, 2.10 GHz, and 8GB memory.

4.3. Preprocessing

As was mentioned in the Methods, the polar IVOCT con-
version and catheter removing are the 1st preprocessing
steps. They are shown for an IVOCT sequence in Figure 3A to

3C. Next, the 2D longitude image of the defined average is
created (Figure 3D). LHC and MHC-1st are depicted in Figure
2A. Furthermore, 2 other hard constraints, MHC-2nd and PHC,
are shown in Figure 2C.

4.4. Manual 3D Structure Segmentation

The 3D lumen extraction and TCFA extraction with the
aim of understanding 3D coronary analysis were deter-
mined by 2 analysts, who worked independently. For this
purpose, each analyst extracted the lumen border for all
the IVOCT frames in the 1st phase. In the 2nd phase, the ana-
lysts extracted the fibrous cap at the media region. The 3D
reconstructions of the lumen border and the fibrous cap
were carried out using 3D renderings. The thickness of the
fibrous cap was then classified into 1 of the 3 categories.
The manual 3D result is depicted in Figure 4C. Samples of
the lumen boundary extraction using the proposed algo-
rithm, fibrous cap extraction using the algorithm, manual
lumen extraction, and manual fibrous cap extraction are
shown in Figure 5.

A 2-step validation was proposed to evaluate the pro-
posed algorithm using the 2-phase segmentation method.
In the 1st phase, the segmented lumen for each frame
was compared with the experts’ manual segmentations of
the corresponding frame. Two statistical parameters were
used to evaluate the similarity: the mean absolute error
(MAE) and the Jaccard index measurement (JM). The MAE
is given by:

(7)MAEj =
1

n
×
∑n

i=1
|Rij
Auto

− Rij
Manual

|

Where is the mean absolute error of the j-th frame. Rij
Auto

and Rij
Manual

are the j-th radius of the obtained lumen by the

proposed method and the manual segmentation in the i-
th angle, respectively. In this manner, lumen borders were
selected in 1-degree intervals. Therefore, ‘n’ value was 360.

The JM is used to compare the similarity and diversity
of the sample sets (13). The JM is defined as:

Where C3DIVOCT is the 3D lumen region set from IVOCT
and C3DManual is the manual lumen region 3D segmented
set.
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Figure 2. A, LHC (red dots) and MHC-1st (yellow crosses) in the 2D longitude image; B, 2D longitude image after the 1st segmentation phase; and C, MHC-2nd (red dots) and
PHC (green stars) in the 2D longitude image for the 2nd segmentation phase.

Figure 3. An intravascular optical coherence tomography (IVOCT) image used as basis of hard constraints selection: A, in Cartesian coordinates; B, in polar coordinates; C,
polar IVOCT after the removal of the catheter; and D, 2D longitude image of the defined average as a function of the frame number and the radius.

These 2 statistical parameters were calculated for all
the frames existing in a sequence. The mean and standard
deviation of each parameter were considered as evaluator
values. The JM and the MAE of the 1st segmentation phase
are depicted in Table 1. It provides the 3D lumen segmen-
tation of the IVOCT sequential frames proportional to the
manual ones with 88.28% accuracy for the diameter and

91% similarity for the 3D structure (lumen mean size ob-
tained = 1.53 mm).

The results of the 2nd segmentation phase were evalu-
ated by the quantification of the fibrous cap volume and
the fibrous cap thickness in the TCFA. In this way, the MAE
was used to evaluate the results. The evaluation of the 2nd
segmentation phase is presented in Table 2. The TCFA thick-
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Figure 4. A, 3D rendering of lumen border of intravascular optical coherence tomography (IVOCT) from the 1st segmentation phase; B, 3D rendering of the lumen border with
the fibrous cap region from the 2nd segmentation phase (green object is the extracted fibrous cap); and C, 3D rendering of the manual analysis.

Figure 5. A, Intravascular optical coherence tomography (IVOCT) frame; B, manual lumen border (green curve) and fibrous cap (red area); and C, lumen border (green curve)
and the fibrous cap (red area) from the proposed algorithm.

ness of the IVOCT showed 85.5% accuracy in the worst case
(TCFA mean size obtained = 10.24µm).

5. Discussion

5.1. Lumen Boundary Detection

Lumen border extraction is the basic step of coronary
artery disease assessment. Unfortunately, manual border
extraction endures several critical limitations such as in-
traobserver and interobserver variability. Computer-aided
methods can overcome these limitations. In the latest
studies, several automated approaches were proposed to
extract the lumen border (9, 14). Ju et al. (14) proposed
an automated approach with 90% accuracy in comparison
with manual lumen segmentation. However, these meth-
ods are independent of assessment methods. In other
words, these border detection methods do not have any
correlation with other assessment algorithms. Therefore,
double implementations are needed in computer-aided

designs: 1) a border detection algorithm and 2) an assess-
ment algorithm. In contrast, a 2-phase method was pro-
posed to quantify a TCFA as high-risk atherosclerosis in the
current study. Both phases have the same algorithm. They
only differ in primary hard constraints. As a result, a single-
algorithm implementation is needed. Moreover, the ob-
tained accuracy (88.28 ± 4%) is comparable with recent in-
vestigations (Ju et al.’s (14) approach with 90% accuracy).

5.2. Volumetric Fibrous Cap Thickness Measurement

TCFA quantification was applied using fibrous cap
thickness by a pathologist for IVOCT images in clinical use
(4). It can vary because of visual uncertainty. Moreover,
a fibrous cap has a volumetric structure. Therefore, nei-
ther manual nor semi-automated fibrous cap quantifica-
tion is sufficient in the 2D domain. Furthermore, 2D do-
main fibrous cap thickness measurement has more vari-
ance in comparison with volumetric quantification. Inter-
observer variability is another limitation of manual thick-

6 Arch Cardiovasc Imaging. 2016; 4(4):e45187.

http://cardiovascimaging.com


Kermani A et al.

(8)JM j (C3DIV OCT , C3DManual) =
|C3DIV OCT ∩ C3DManual|
|C3DIV OCT ∪ C3DManual|

Table 1. Mean and Standard Deviation of the JM (Jaccard Index) and MAE (Mean Absolute Error) of the Segmented Lumen Borders of All the Frames in the Dataset (Auto: the
Proposed Method, Expert: Manual Segmentation)

Type Auto vs 1st Expert Auto vs 2nd Expert 1st Expert vs 2nd Expert

JM 0.91 ± 0.05 0.86 ± 0.03 0.95 ± 0.02

MAE (mm) 0.18 ± 0.08 0.27 ± 0.03 0.09 ± 0.05

Table 2. Mean and Standard Deviation of the MAE (Mean Absolute Error) for FC (Fibrous Cap) Volume and Thickness of the 3D Coronary Structure of the Sequences in the
Dataset (Auto: the Proposed Method, Expert: Manual Segmentation)

MAE of the FC Volume (mm3 /cm) MAE of the TCFA FC Thickness (µm)

Auto vs 1st Expert 9.98 ± 3.04 4.57 ± 1.15

Auto vs 2nd Expert 11.74 ± 2.25 2.63 ± 0.72

ness measurement. As a result, computer-aided methods
are very important in the volumetric analysis of IVOCT
frames. In the recent decades, some researchers have pro-
posed semi-automated approaches to quantify volumetric
fibrous caps in IVOCT frames (8, 11). These methods over-
come the uncertainty associated with manual analysis by
more accurately determining the true thickness of fibrous
caps. Nonetheless, semi-automated methods have intrin-
sic limitations and suffer uncertainty of initialization. In
contrast, the proposed full-automated approach is success-
ful in this context and can be used for vulnerable plaque
detection because it shows appropriate similarity with the
3D manual result (85.5%). In addition, TCFAs with a higher
volume can be more dangerous than TCFAs with a medium
volume. Consequently, the volume measured by the TCFA
can be used to set a risk value for vulnerable plaques. The
proposed method has a volume accuracy of 82% and is ap-
plicable for setting the plaque risk factor.

Nevertheless, the proposed method has a high com-
putation load because of its graph structure. Moreover, it
works more effectively in a coronary that consists of a fi-
brous cap. Therefore, it is not efficient for the media with
other kinds of plaques. For example, the negative error
of the result may be increased in the presence of calcific
plaques.

Super-pixel approaches can be a solution by decreasing
the computation load in future works. Moreover, a com-
bination of intravascular ultrasound images and IVOCT
should overcome the limitation of fibrous cap quantifica-
tion in the presence of other plaques.

5.3. Conclusions

We herein presented a full-automated computer-aided
method that can extract the lumen border and quantify
the volume of fibrous caps. The method has comparable
accuracy to the manual method. It may be used to char-
acterize fibrous caps more efficiently. Moreover, it can be
drawn upon- along with other clinical approaches- to un-
derstand the treatment of plaque rupture precisely.
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