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A B S T R A C T

The detection, quantification and characterization of coronary atherosclerotic plaques has a major effect on the
diagnosis and treatment of coronary artery disease (CAD). Different studies have reported and evaluated the
noninvasive ability of Computed Tomography Coronary Angiography (CTCA) to identify coronary plaque fea-
tures. The identification of calcified plaques (CP) and non-calcified plaques (NCP) using CTCA has been ex-
tensively studied in cardiovascular research. However, NCP detection remains a challenging problem in CTCA
imaging, due to the similar intensity values of NCP compared to the perivascular tissue, which surrounds the
vasculature. In this work, we present a novel methodology for the identification of the plaque burden of the
coronary artery and the volumetric quantification of CP and NCP utilizing CTCA images and we compare the
findings with virtual histology intravascular ultrasound (VH-IVUS) and manual expert's annotations.
Bland–Altman analyses were employed to assess the agreement between the presented methodology and VH-
IVUS. The assessment of the plaque volume, the lesion length and the plaque area in 18 coronary lesions in-
dicated excellent correlation with VH-IVUS. More specifically, for the CP lesions the correlation of plaque vo-
lume, lesion length and plaque area was 0.93, 0.84 and 0.85, respectively, whereas the correlation of plaque
volume, lesion length and plaque area for the NCP lesions was 0.92, 0.95 and 0.81, respectively. In addition to
this, the segmentation of the lumen, CP and NCP in 1350 CTCA slices indicated that the mean value of DICE
coefficient is 0.72, 0.7 and 0.62, whereas the mean HD value is 1.95, 1.74 and 1.95, for the lumen, CP and NCP,
respectively.

1. Introduction

Atherosclerosis, the underlying cause of coronary artery disease
(CAD), accounts for a significant portion of deaths and is considered as

a principal cause of mortality and morbidity worldwide [1]. The es-
tablished modalities used to identify and specify the atherosclerotic
plaque characteristics include the Intravascular ultrasound (IVUS) and
the Optical Coherence Tomography (OCT), which appear in many
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studies as the ideal approaches to study the atherosclerosis evolution.
However, due to their invasive nature, they are time consuming and
involve a considerable patient risk. In contrast, the recent technology
advancements in non-invasive imaging and spatial resolution im-
provement allow the accurate diagnosis of CAD [2]. Computed Tomo-
graphy Coronary Angiography (CTCA) is a promising non-invasive
imaging modality, which is able to detect the inner and the outer wall
of coronary arteries, the luminal stenosis and also permits the char-
acterization of the atherosclerotic plaque composition into CP and NCP.
In addition to this, CTCA allows the assessment of atherosclerotic dis-
ease in the entire coronary arterial tree and the identification of high
risk plaques, including spotty calcifications, low HU attenuation pla-
ques and napkin-ring sign [3]. Therefore, the ability of CTCA to identify
atherosclerotic plaque features with increased vulnerability provides
information for both high-risk and low-risk patients [4].

As far as the atherosclerotic plaque detection methodologies is
concerned, different approaches have been proposed for the identifi-
cation either of CP and NCP or of mixed atherosclerotic plaques, which
are mainly based on Hounsfield Units (HU) analysis. More specifically,
Voros et al. [5] characterized plaque burden region pixels as CP, high
density NCP and low density NCP, after the implementation of an HU
based analysis and evaluated their findings using IVUS modality. In the
same rationale, Dey et al. [6] implemented a threshold scan-specific
based method to quantify 22 NCP plaque volumes using an automated
computer software (AUTOPLAQ) and evaluated its performance with
manual plaque quantification performed by experts, using the IVUS
imaging modality. An HU based analysis was also applied in another
study, proposed by Brodoefel et al. [7], who attempted to accurately
identify the NCP pixels.

This study was validated in 22 lesions, in 14 patients, comparing the
proposed HU-based analysis with Virtual Histology Intravascular
Ultrasound (VH-IVUS). The studies in Refs. [8,9] indicated also a good
correlation between coronary CTCA and IVUS for plaque measure-
ments. Graaf et al. [10] studied the correlation between the plaque
volume derived by CTCA automatic software (QAngio CT 1.1, Medis
medical imaging systems) and the plaque volume provided by VH-
IVUS, which was considered as the gold standard. In their study, the
fixed intensities threshold and the adaptive threshold technique, ac-
cording to luminal contrast densities, were implemented to classify the
atherosclerotic plaque into fibrotic tissue, fibrofatty tissue, necrotic
core and calcium. A different approach was proposed by Jawaid et al.
[11], who implemented a support vector machine (SVM) classifier, after
computing the radial profiles by averaging the CTCA image intensity in
rings around the vessel centerline to identify the abnormal coronary
segments. A derivative-based method was also applied to localize the
position and the length of the NCP.

In this study, we present the technical development of CTCA mod-
ality to identify the lumen, the outer wall, the CP and NCP accurately as
such invasive IVUS modality performs. We examine the accuracy of the
CTCA modality to detect the coronary inner wall boundaries and to
identify the plaque burden region and specify the atherosclerotic plaque
composition. More specifically, an active contour model which in-
corporates a prior shape methodology was utilized for the lumen seg-
mentation, whereas the identification and volumetric quantification of
CP and NCP was achieved, using density measurements, quantified by
Hounsfield units. The detection of CP is achieved by an active contour
based model, whereas the NCP is detected by an adaptive threshold
based technique. Both the detection of CP and the NCP threshold values
definition and the direct comparison of CP and NCP segmentation with
manual expert's annotations as well constitute the novelty of the pre-
sent study.

Based on the concept that the absolute HU range of both CP and
NCP plaques is significantly affected by the dose protocol selection and
the luminal density [12], our approach is fully adaptive to each ac-
quisition dose protocol methodology for the detection of CP and NCP,
as well as their 3D models construction. The proposed methodology is

evaluated using both manual annotations in 2D CTCA slices and using
the VH-IVUS imaging modality, which is considered a well established
invasive modality for the detection and characterization of athero-
sclerotic plaques and has been extensively utilized in different existing
studies as the gold standard of atherosclerotic plaques detection
[13,14]. Moreover, based on existing studies in which VH-IVUS has
been directly compared to histology [15,16], VH-IVUS modality is
considered as a safe imaging modality to be used as gold standard in our
proposed methodology. This approach was implemented in the entire
arterial tree and was applied in an automated manner, requiring the
minimal user interaction to annotate the starting point of coronary
artery bifurcation and the ending points of the coronary artery bran-
ches.

2. Methods

2.1. Proposed methodology

The proposed methodology includes seven steps. In the first step, a
pre-processing procedure is implemented to detect the potential vessel
region. In the second step, a blooming effect removal technique is im-
plemented to improve the CTCA image quality in the high intensity
regions. In the third step, the artery centerline is extracted. In the fourth
step, three different weight functions for the lumen, the outer wall and
the CP are estimated to approximate the potential HU values ranges for
the lumen, the outer wall and CP. In the fifth step, an extended ap-
proach of active contour models without edges is implemented to detect
the inner wall, the outer wall and the CP. In the sixth step, an adaptive
intensity range is extracted based on the mean lumen intensity for the
detection of NCP. Finally, in the seventh step, the 3D geometrical
models for the inner and, the outer wall, the CP and the NCP are con-
structed, employing the fast marching cubes approach.

2.1.1. Preprocessing
The CTCA image preprocessing step includes the implementation of

a vessel enhancement preprocessing technique [17], which searches for
geometrical structures, regarded as tubular. The implemented filter
aims to construct a multiscale representation of vascular imaging data
that could effectively be implemented for multiscale approaches to
vascular image analysis, through preserving the vessel diffusion. The
diffusion process is regulated through the analysis of the eigensystem of
the Hessian matrix and based on the calculated eigenvalues, the CTCA
image vesselsness measure is estimated. More specifically, in this
methodology an improved smoothed version of the typical vesselness
measure, proposed by Frangi et al. [18], is utilized and its formulation
is:
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background and the parameters α, β, γ are considered as weighting
factors, which control the influence of A, B and S. In Fig. 1 we show an
example of the utilized filter implementation.

2.1.2. Blooming effect removal
The blooming effect is a typical CTCA image artifact, where small

high density objects are thicker with smeared edges. This artifact affects
the visualization and the quantification of small structures, such as the
calcifications, as well as, the visualization of metal stents. Thus, in this
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step we aim to remove the blooming effect, by applying the Blind de-
convolution approach [19]. In general, an output CTCA image can be
modeled by the convolution of the deblurred input image with the point
spread function (PSF) of the system as:

= ∗f x y g x y h x y( , ) ( , ) ( , ) (2)

where ℎ(x, y) corresponds to the PSF of the CT system, g(x, y) is the real
input structure and f(x, y) represents the output image. The PSF of the
CTCA scanners varies between different scanners and thus different
approaches have been utilized for the PSF estimation. In our metho-
dology, we assume that the PSF is estimated as a simple Gaussian kernel
as proposed in different existing in the literature studies [20,21] and
subsequently we implement on the high intensities CTCA image's re-
gions a deconvolution technique to acquire the deblurred CTCA image
[22]. In Fig. 2, we show a typical implementation of deconvolution
approach.

2.1.3. Centerline extraction
In this step, a minimum cost path approach, based on the Metz et al.

[23] study is implemented to extract the coronary vessel centerline. The
coronary vessel centerline is required to create an initial coronary
vessel mask. This is a simple approach, since its implementation re-
quires only the starting and the ending point of the coronary vessel and
an estimation of a minimum cost function. The considered cost function

→C x( ( )) is a combination of the vesselness measure and an intensity
based measure and it is described as:

→ = → → −
C x

V x T x ε
( ) 1

( ) ( ) (3)

where →V x( ) is the vesselness measure proposed by Manniesing et al.
[17], →T x( ) is a lumen intensity measure and ε is a small positive factor
which avoids errors of singularity of →C x( ), when → →V x T x( ) ( )→0. The
lumen intensity membership function is described as a combination of
two sigmoidal functions, which are defined as:

=
+ − −f x a c

e
( ; , ) 1

1sigm a x c( ) (4)

where x is the input intensity image and a c, are parameters, which
control the steepness and center of the transformation function,

respectively. The final lumen membership function is:

= ×f x a c f x a c f x a c( ; , ) ( ; , ) ( ; , )lumen sigm lumen lumen sigm lumen lumen1, 1, 2, 2, (5)

Where =a 0.02lumen1, , c lumen1, is the minimum value between −ml lthres

and 500, = −a 0.01lumen2, and c lumen2, corresponds to the +ml cpthres. The
threshold of the lumen (lthres) and the calcified plaques (cpthres) was
defined heuristically 80 HU and 400 HU, respectively, whereas the
mean luminal intensity (ml) corresponds to the value of the highest
50% of the image intensities values, which are higher than 100 HU and
considering only the vessel candidate parts of the image → >V x( ( ) 0).
Subsequently, the shortest distance from a list of points to all other
pixels in an image volume is calculated based on a Multistencil Fast
Marching method (MSFM).

2.1.4. Estimation of weight function for lumen, outer wall and calcified
plaque

In this step, three different membership functions for the lumen
( flumen updated, ), the outer wall ( fouter) and the CP ( fCP) were estimated,
aiming to compensate different protocols for discriminating the lumen,
the outer wall and the CP. Contrary to the CP intensity ranges, the NCP
intensity ranges are close to the outer wall HU values and as a result, a
membership function cannot be extracted for the NCP detection. The
utilized membership functions are all adapted to each CTCA image and
are formulated as:

= − ×

+

f ε f x a c f x a c

ε

(1 )( ( ; , ) ( ; , ))lumen upated sigm lumen lumen sigm lumen lumen, 1, 1, 2, 2,

(6)

= − +f ε f x a c ε(1 ) ( ; , )outer sigm outer outer (7)

= − +f ε f x a c ε(1 ) ( ; , )CP sigm CP CP (8)

where the parameters α and c for each component are given in Table 1
and ε is a small positive factor defined by 0.05.

2.1.5. Segmentation of lumen, outer wall and CP
In this step, an extension of the active contour models [24] is im-

plemented for the lumen, the outer wall and the CP segmentation. The
main idea of active contour models is to evolve a curve, aiming to
detect different objects in a 2D image by representing the interface of

Fig. 1. Frangi Vesselness filter (a) before implementation (b) after implementation.

Fig. 2. Blooming effect removal.
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the surface using a higher dimensional function, the level set function.
In this way, the utilized level set function is represented as a 3D func-
tion, incorporating the additional input parameter t, which represents
the time. In our approach, the detected curve is represented using the
zero level set of a Lipschitz function:

= = ∈ =C dω x y t Ω ϕ x y t{( , , ) : ( , , ) 0} (9)

= = ∈ >inside C ω x y t Ω ϕ x y t( ) {( , , ) : ( , , ) 0} (10)

= = ∈ <outside C ω x y t Ω ϕ x y t( ) {( , , ) : ( , , ) 0}, (11)

where x y, are the spatial coordinates of the 2D CTCA image and tis the
time.

We improved the implementation of the level set segmentation
approach by incorporating a prior shape to allow an object segmenta-
tion with a similar given prior shape [25]. The prior shape for the
coronary arterial inner wall detection is defined as a tubular mask
across the vessel centerline with a small radius, whereas the prior shape
for the outer wall segmentation is defined as the segmented inner wall
mask.

As far as the 2D segmentation procedure is concerned, the process
includes four stages: (i) the update of the lumen intensities, (ii) the
estimation of an initial binary image, (iii) the calculation of the curve
speed function and, (iv) the sparse field algorithm implementation.
More specifically, we update the lumen membership function, taking
into consideration only a small region of the CTCA image. The pixels of
this region are defined as those whose Euclidean distance transform
from the extracted vessel centerline is lower than the quotient of the
lumen radius with the pixel spacing parameter of the CTCA image.
Consequently, an initial binary image (ϕ) is required to implement the
level set based segmentation approach. This initial binary image is
approximated, based on the hypothesis that when the updated lumen
membership function multiplied with a threshold value is larger than
500 HU, the pixels of the initial image are ones, otherwise the pixels are
zeros. A shape function ψ and a labelling function L are also estimated
to define the utilized speed function. The estimated speed function is
based on the Chan et al. approach [24] and is given as:

= + +E ϕ ψ L E E E( , , ) cv shape ψ (12)

where Ecvis the Chan-Vese energy [29], Eshape is the shape comparison
term and Eψ is the labelling function, which is used to indicate the
regions in which shape priors should be enforced. The segmentation
procedure is continuing by the implementation of the sparse field al-
gorithm, proposed by Whitaker et al. [26], aiming to minimize the
representation of ϕ(x, y) (ϕ(x, y)≈ 0) and to represent accurately the
curve. The sparse field algorithm is implemented twice to achieve a
smooth 2D lumen segmentation. The same segmentation procedure is
applied for the outer wall segmentation, updating in this case the pre-
viously estimated outer wall membership function.

As far as the CP segmentation is concerned, the procedure is similar
with the aforementioned ones. However, it is implemented only in the
region of interest (ROI), which is inside the outer wall and outside the
inner wall of the coronary vessel. Due to the smaller number of pixels of
the CP segmented mask, the sparse field algorithm is implemented once
in this case.

2.1.6. Segmentation of NCP
Contrary to the CP, the NCP has a lower intensity, that makes the

detection of the NCP a challenging problem. An indicative study has
proved that the luminal intensity is clearly related to the intensity in-
side the atherosclerotic plaque. Thus, in this study due to the lower
intensities of NCP, the NCP cannot be successfully identified by a level
set approach, since the intensity ranges are close to the intensity ranges
of the outer wall. The identification of NCP is achieved by a dynamic
thresholding technique. Thresholding is a conventional segmentation
technique, in which the image pixels are partitioned depending on their
intensity value, using an appropriate threshold value. However, in the
case of dynamic thresholding segmentation, the threshold value is not
constant and relies on the mean intensities values of pixels, which
correspond to the lumen region.

The main idea of this approach is to define the intensity range of the
dynamic threshold technique around the luminal intensity and the
range of NCP HU values is extracted based on the mean luminal in-
tensity (ml). The ml is computed after the implementation of the Frangi
vesselness filter. The ml value is the mean value of the highest of half
image intensities, which are higher than 100 HU, considering only the
parts of the CTCA image, which are potential coronary vessels. After the
definition of the ml, the range of NCP pixels intensities is defined from
100 HU to the ml value. In addition to this, the aforementioned seg-
mentation approach is implemented in the ROI, which is located be-
tween the segmented outer wall and lumen.

In Fig. 3, we demonstrate different examples of the segmentation of
the lumen, CP and NCP.

2.1.7. 3D surface reconstruction
The Marching cubes algorithm, which has been proposed by

Lorensen and Cline [27], is applied to construct the 3D surfaces for the
inner and the outer wall, the CP and the NCP. More specifically, a tri-
angle topology is defined by constant density surfaces, applying the
divide- and- conquer approach to create inter-slice connectivity.

2.2. Dataset

2.2.1. Dataset to compare with VH-IVUS modality
The proposed methodology was validated using imaging data from

18 patients, who underwent coronary angiography, IVUS and CTCA
imaging for clinical purposes. All of the patients enrolled in the study
had a significant luminal stenosis (> 50%), which was initially con-
firmed by the CTCA imaging and further investigated by VH-IVUS. This
imaging dataset was provided by the Heart Institute, University of Sao
Paulo, São Paulo, Brazil and the CTCA images acquisition was per-
formed using a 64slice MDCT scanner (Aquillion 64TM, Toshiba
Medical Systems, Japan), while the IVUS examination was performed
using a 20MHz electronic multi-array 2.9 F catheter (Eagle Eye®,
Volcano Corporation Inc) connected to a dedicated console (InVision
Gold®, Volcano Corporation Inc., San Diego, CA, USA).

2.2.2. Dataset to compare with manual expert's annotations
The imaging data were acquired from 27 patients, who underwent

CTCA imaging for clinical purposes and one of their coronary arteries
was selected for manual expert's analysis. 8 coronary arteries had no
significant stenosis (< 30%), 8 had an intermediate stenosis
(30%–50%), 8 had a significant stenosis (50%–70%) and 3 coronary
arteries were fully occluded with a stenosis higher than 70%. In addi-
tion to this, the utilized imaging dataset was derived by six different

Table 1
The utilized parameters for the lumen, outer wall and CP.

Parameters a c

Lumen =a 0.02lumen1, = −a 0.01lumen2, = −c min max I l([ ([‾ 150]) 150])lumen lumen thres1, = +c I cp‾lumen lumen thres2,

Outer wall =a 0.02outer = − −c min max I l ncp(200 ([‾ 100]))outer lumen thres thres
CP =a 0.05CP = +c I cp‾CP lumen thres
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medical centers and the coronary arteries were scanned with different
CTCA scanners (64-slice Dual Source Siemens SOMATOM Definition
Flash® CT scanner, Philips Brilliance 64 CT Scanner®, 64-slice General
Electric Medical Systems Discovery PET/CT 690®).

2.3. Validation approach

The proposed methodology was validated using two different ap-
proaches, which were based on different type of imaging data and
different datasets. The first validation approach was dedicated to the
identification of CP and NCP, utilizing VH-IVUS frames and all the
utilized arteries were pathological and had a significant degree of ste-
nosis On the other hand, the second validation approach aimed to
compare the pixel by pixel segmentation procedure, as far as the lumen,
CP and NCP pixels are concerned, in both pathological and non-pa-
thological conditions, where the CTCA images derive by different CTCA
scanners.

2.3.1. CTCA vs VH-IVUS comparison
The proposed methodology was validated using the corresponding

VH-IVUS frames. VH-IVUS frames analysis was implemented based on a
study introduced by Bourantas et al. [28]. The registration between the
CTCA and VH-IVUS imaging was achieved using specific anatomical
landmarks, such as characteristic calcifications, stents, side-branches,
and additionally the co-registration procedure was validated by mea-
suring the distances between the select fiducial anatomical landmarks
and the coronary ostium.

In this validation approach, three different comparison metrics were
used: (a) the atherosclerotic plaque volume (mm3) and (b) the athero-
sclerotic plaque length of lesion (mm), which were based on the ex-
tracted 3D coronary artery model, and (c) the atherosclerotic plaque
area (mm2), which was based on the 2D CTCA and VH-IVUS frames
analysis. In our study, the soft atherosclerotic plaques (NCP lesion) was
considered as the total of three different subtypes of atherosclerotic
plaques, the fibrous, the fibrofatty and the necrotic core tissue.

2.3.2. CTCA manual expert's annotations comparison
A medical expert, who was blind to the contours generated by the

automated segmentation algorithm, manually annotated pixel by pixel
the lumen, the CP and the NCP pixels, when existed, in 1350 CTCA
slices and the comparison procedure was performed in each annotated
2D CTCA slice. In addition to this, the utilized comparison metrics were
the DICE coefficient and the Hausdorff Distance (HD).

3. Results

3.1. Comparison with VH-IVUS

In the validation procedure, 18 coronary arteries and 90 CTCA and
VH-IVUS slices were identified, registered and used for the validation
procedure. After the implementation of the proposed methodology and
the analysis of VH-IVUS slices, we identified 6 CP lesions and 12 NCP
lesions and all the lesions detected by VH-IVUS modality can also be
detected by the proposed segmentation algorithm.

The correlation between CTCA and VH-IVUS is demonstrated using
Bland Altman analysis and linear regression correlation analysis. The
Bland Altman plots and the correlation plots are shown in Fig. 4 for the
CP volume and CP length of lesion, whereas in Fig. 5, the corresponding
plots for the NCP volume and length of the lesion are shown. As far as
the 2D comparison procedure is concerned, in Fig. 6 and Fig. 7 the
Bland Altman analysis and the correlation plot for the CP area and NCP
area are shown, respectively. Although CP pixels can be easily identi-
fied using CTCA modality, we observe in the Bland Altman analysis plot
in Fig. 6 that for the low area of CP there is an underestimation of CP
with CTCA, whereas for the high area of CP there is an overestimation
of CP with CTCA. The comparison results indicate that the Pearson's
correlation (r) for the CP volume, the length of the lesion and the area
was 0.93, 0.84 and 0.85, while the Degree of correlation (R2) was 0.85,
0.71 and 0.72, for the CP volume, the CP length of the lesion and the CP
area, respectively.

The corresponding correlation values of NCP are 0.92, 0.95 and
0.81 for Pearson's correlation (r), and 0.85, 0.9, 0.64 for the Degree of
correlation (R2), for the plaque volume, the length of lesion and the
area, respectively. The mean values of the plaque volume extracted by
the proposed methodology are 6.98 ± 4.59mm3 and
120.59 ± 83.11mm3 for CP and NCP, respectively, whereas the

Fig. 3. Lumen (a,b), CP (c,d) and NCP (e,f) segmentation.
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corresponding mean values of the plaque volume by VH-IVUS are
5 ± 3.58mm3 for CP and 129.28 ± 101.3 mm3 for NCP. The mean
value of the CP length of the lesion is 3.63 ± 2.25mm and for the NCP
lesion is 40.375 ± 18.62mm, while the mean value of the CP length of
lesion based on VH-IVUS is 4.04 ± 1.97mm and of NCP lesion
46 ± 18.29mm. In addition to this, the mean value of the plaque area
based on CTCA and VH-IVUS is 0.59 ± 0.99mm2 and
0.42 ± 0.61mm2 for CP, respectively, and 2.31 ± 1.17mm2 and
2.26 ± 1.38mm2 for NCP, respectively. The previously described
correlation metrics and the mean values of the validation metrics are
shown in Table 2.

3.2. Comparison with manual annotations

The utilized data were acquired from 27 patients, who underwent
CTCA imaging for clinical purposes. 1350 CTCA slices were utilized and
manually annotated for the lumen segmentation validation, whereas 78

CTCA slices and 47 CTCA slices were utilized for the CP and NCP
segmentation validation procedure, respectively. In Table 3, we present
the DICE and HD for the lumen segmentation, whereas in Table 4 and
Table 5, we present the DICE and HD distributions for the CP and NCP,
respectively. The mean value of DICE coefficient was 0.72 ± 0.08,
0.7 ± 0.09 and 0.62 ± 0.07, for the lumen, CP and NCP, respectively,
whereas the mean HD value was 1.95 ± 0.45, 1.74 ± 0.34 and
1.95 ± 0.36 for lumen, CP and NCP, respectively. In Fig. 8, we show
the manual and the automated segmentation for the lumen, the CP and
the NCP.

4. Discussion

This work presents an automated methodology for the reconstruc-
tion of the lumen, the outer wall, the CP and the NCP of coronary ar-
teries based on CTCA images. The proposed study constitutes a novel
approach due to its automated nature to identify the lumen, the outer

Fig. 4. Bland-Altman and correlation plots for CTCA and VH-IVUS for the CP volume and the CP length of lesion.
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wall (plaque burden region), the CP and NCP. The accuracy of the
proposed methodology is evaluated based on the VH-IVUS modality,
which with IVUS modality constitute well established modalities for the
validation of CTCA image analysis techniques, while it is also validated
in terms of the lumen, CP and NCP segmentation accuracy, by directly
comparing medical doctor's annotations. To our knowledge, the vali-
dation approach of CP and NCP segmentation constitutes the novelty of
the study, since existing in the literature studies are dedicated either on
the automated plaque segmentation in comparison with IVUS and VH-
IVUS modality [6,7,10] or manual plaque detection in comparison with
IVUS and VH-IVUS modality [5,8].

As far as the CP is concerned, its pixels can be easily identified using
the CTCA modality due to their high intensity values. On the other
hand, the detection of NCP constitutes a challenging problem, since the
NCP intensity is characterized by lower intensity values, close to the
perivascular fat tissue [29]. The CTCA modality is a promising non-
invasive technique to accurately detect the NCP in the plaque burden.
Direct identification and quantification of NCP and plaque burden is an
important issue, since the NCP has been indicated as a significant in-
dicator of acute coronary syndromes [30] and its presence is more

likely to be associated with high-risk groups, such as those with ele-
vated inflammatory biomarkers and those suffering from diabetes
mellitus [31,32].

In the proposed methodology, two 2D segmentation approaches are
implemented for the detection of CP and NCP. Both the CP and the NCP
detection requires the estimation of heuristic parameters, which are
based on the intensity threshold values defined in the literature and not
tuned based on the validation dataset. The identification of CP relies on
level set models, whereas the NCP detection is based on a dynamic
thresholding technique. Although the level set models achieve an ac-
curate segmentation, in the case of NCP this is not applicable, since the
HU intensities of NCP proposed in the literature are close to those of the
outer wall. In addition to this, the performance of the proposed meth-
odology to identify the lumen and the outer wall has already been
validated in a recently published study [33], using both manual expert's
annotations on CTCA images and IVUS images analysis. Therefore, a
validated region of interest detection ensures the accurate CP and NCP
detection. As a result, a good correlation was indicated and no sig-
nificant differences of plaque volumes, lengths of coronary lesions and
areas quantified by CTCA and VH-IVUS were observed. In Table 6, a

Fig. 5. Bland-Altman and correlation plots for CTCA and VH-IVUS for the NCP volume and NCP length of lesion.
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comparison of the NCP volumes derived by the proposed methodology
and by other methodologies is presented. It is observed that the study
proposed by Dey et al. [6] indicate a higher correlation. This study is
concentrated only on the quantification and detection of NCP and does
not provide any details about the vessel geometry and the distribution
of the plaque in 3D space. In addition to this, the study proposed by Dey
et al. requires by the user the starting and the ending point of the plaque
lesion to quantify the NCP lesion. Contrary to this study, our proposed
methodology is able to identify either CP or NCP lesions in the entire
coronary arterial tree, indicating only the starting point of the coronary
bifurcation and the ending points of each coronary artery branch.

In addition to this, different studies have been proposed in the lit-
erature for the CP and NCP detection which rely either on a specific HU
threshold analysis [5,6,10] or on manual CP and NCP detection [8,9],
concluding that the proposed approach outperforms the existing in the
literature studies, since no manual interaction is required and it is fully
adapted on each CTCA image quality.

Furthermore, several studies have been conducted focusing on the
ability of expert observers to detect and annotate manually NCP using
CTCA. These studies indicate a strong correlation with the NCP volumes
derived by IVUS. However, these approaches are time consuming, since

they are not implemented in an automatic or semi-automatic manner
[9,34,35]. In our methodology, this limitation is overcome, since the
proposed methodology requires low computation time for the 3D re-
construction of coronary arteries. In addition to this, it should be noted
that the proposed methodology achieves an expedite 3D coronary re-
construction of the entire coronary arterial tree. In this way, the
atherosclerotic plaque can be identified not only in coronary segments,
but also in crucial regions, such as the coronary bifurcations.

Except from the studies for the identification of CP and NCP, several
studies presented in the literature aimed to analyze CTCA images and
detect the inner wall vessel boundaries, taking advantage of different
methodological solutions. More specifically, a localized region-based
level set framework was utilized by Wang et al. [36] to provide the
inner wall of coronary artery main branches, whereas Bouraoui et al.
[37] developed an automated methodology for the coronary artery
inner wall segmentation, employing mathematical morphology tech-
niques and discrete geometrical tools. In a different attempt, Shahzad
et al. [38] proposed a methodology to automatically detect and quan-
tify coronary artery stenosis employing a kernel regression model,
while Chen et al. [39] proposed a discrete wavelet transformation
(DWT) based methodology for the automated segmentation of coronary

Fig. 6. Bland-Altman and correlation plots for CTCA and VH-IVUS for the CP area.

Fig. 7. Bland-Altman and correlation plots for CTCA and VH-IVUS for the NCP area.
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arteries in CTCA image datasets. In the same rationale, Chen et al. [40]
applied primarily a region growing algorithm for the initial coronary
arteries detection and then a vessel-texture discrimination algorithm

was implemented for the precise coronary vessel segmentation. Ιn the
same direction, an active contour framework with accurate shape and
size constraints on the vessel cross-sectional planes was utilized by
Cheng et al. [41] to provide the vessel segmentation using 3D CTCA
data. Kitamura et al. [42] and Athanasiou et al. [43] presented novel
methodologies for both the coronary lumen and calcified plaques seg-
mentation, based on multi-label graph cuts and Gaussian Mixture
Model, respectively.

These studies aimed basically to segment automatically the inner
wall of the coronary arteries and are evaluated at the level of 2D seg-
mentation and do not provide details about the 3D geometry of the
coronary arteries, whereas some of them are only dedicated to detect
and quantify the coronary artery stenosis. Moreover, the proposed in
the literature studies which incorporate image processing techniques
are not capable of identifying either the plaque burden region or detect
and characterize the atherosclerotic plaque. As far as the implemented
methodology is concerned, our proposed methodology incorporates a
3D level set approach with a prior shape for the lumen, the outer wall
and the CP and utilizes an innovative combination of energy function.
To our knowledge, this type of approach for the segmentation of the full
arterial coronary tree constitutes a novel aspect.

Other studies have demonstrated that the mean luminal attenuation
value varies, due to the implementation of different acquisition dose
protocols. In addition to this, it has been indicated that the intra-arterial
injection of iodinated contrast agent affects not only the luminal at-
tenuation value, but also the atherosclerotic plaque attenuation value
[44]. In our study, the segmentation of NCP is clearly related to the
mean luminal attenuation and more specifically the computed ml value
varies from 276 to 418 HU. This means that the proposed methodology
can be adapted either on different acquisition protocols or on different
CTCA image quality, since the ml value respects to different HU in-
tensity values. In addition to this, the proposed segmentation algorithm
can be applied either on high or low dose acquisition protocols, since
the utilized membership functions are totally adapted in the ml value,
which in case of low dose acquisition protocol is much lower. More-
over, as far as the optimization of these parameters is concerned, the
proposed methodology is incorporated in a software tool and the
parameters could be optimized according to a calibration procedure.
More specifically, an expert user can annotate some pixels for each
component (inner wall, outer wall, calcified plaques, noncalcified pla-
ques) and an accurate threshold is estimated for each component. Thus,
although the calibration procedure requires an expert user and needs
more time complexity, the membership functions are more adapted on
each CTCA image.

Apart from the selected HU threshold values for NCP, another im-
portant factor for the accurate identification of NCP is the reliable
identification of ROI. Accurate lumen and outer wall area segmentation
results in accurate plaque burden region detection. In our study, the
detection of the ROI has already been validated [33] using both manual
expert's annotations and a 3D reconstruction methodology using an-
giographic data fuzzed with IVUS data [28]. Thus, the presented
methodology for NCP detection is a promising technique allowing the
accurate plaque burden characterization.

Furthermore, it should be noted that the VH-IVUS permits the
plaque characterization with a higher spatial resolution than the non-

Table 2
CTCA and VH-IVUS validation metrics.

Metrics CTCA VH-IVUS Pearson's correlation (r) Degree of correlation (R2) p-value

Calcified Plaques volume 6.98 ± 4.59 5 ± 3.58 0.93 0.85 <0.001
length of lesion 3.63 ± 2.25 4.04 ± 1.97 0.84 0.71 <0.001
area 0.59 ± 0.99 0.42 ± 0.61 0.85 0.72 <0.001

Noncalcified Plaques volume 120.59 ± 83.11 129.28 ± 101.3 0.92 0.85 <0.001
length of lesion 40.375 ± 18.62 38.46 ± 18.29 0.95 0.90 <0.001
area 2.31 ± 1.17 2.26 ± 1.38 0.81 0.64 <0.001

Table 3
Validation metrics against manual annotations for the lumen segmentation.

Cases Lumen Cases Lumen

DICE HD DICE HD

#1 0.79 ± 0.1 2.39 ± 0.86 #15 0.77 ± 0.05 2.43 ± 0.18
#2 0.83 ± 0.05 2.07 ± 0.35 #16 0.66 ± 0.14 1.6 ± 0.43
#3 0.67 ± 0.09 1.69 ± 0.57 #17 0.52 ± 0.12 1.78 ± 0.58
#4 0.8 ± 0.06 1.77 ± 0.55 #18 0.68 ± 0.08 1.588 ± 0.73
#5 0.79 ± 0.04 1.63 ± 0.3 #19 0.81 ± 0.1 1.86 ± 0.66
#6 0.72 ± 0.1 2.09 ± 0.37 #20 0.77 ± 0.08 1.68 ± 0.43
#7 0.64 ± 0.12 1.54 ± 0.16 #21 0.58 ± 0.13 2.03 ± 0.34
#8 0.75 ± 0.07 2.22 ± 0.28 #22 0.68 ± 0.12 1.9 ± 0.57
#9 0.65 ± 0.09 2 ± 0.31 #23 0.59 ± 0.1 2.04 ± 0.73
#10 0.66 ± 0.07 2.3 ± 0.17 #24 0.78 ± 0.07 1.64 ± 0.34
#11 0.64 ± 0.03 2.31 ± 0.38 #25 0.73 ± 0.09 1.84 ± 0.44
#12 0.73 ± 0.06 2.9 ± 0.97 #26 0.82 ± 0.05 2.05 ± 0.32
#13 0.65 ± 0.03 2.24 ± 0.4 #27 0.8 ± 0.08 1.67 ± 0.62
#14 0.81 ± 0.07 1.43 ± 0.23

Table 4
Validation metrics against manual annotations for the calcified plaques seg-
mentation.

Cases Calcified Plaques

DICE HD

#1 0.79 ± 0.12 1.33 ± 0.16
#2 0.66 ± 0.11 2.38 ± 0.27
#3 0.67 ± 0.09 2.56 ± 0.23
#4 0.62 ± 0.13 1.27 ± 0.24
#5 0.61 ± 0.15 1.89 ± 0.38
#6 0.62 ± 0.06 1.82 ± 0.58
#7 0.72 ± 0.07 1.58 ± 0.36
#8 0.71 ± 0.05 1.31 ± 0.21
#9 0.78 ± 0.04 1.94 ± 0.51
#10 0.68 ± 0.07 1.61 ± 0.63
#11 0.72 ± 0.08 1.87 ± 0.32
#12 0.73 ± 0.17 1.35 ± 0.43
#13 0.76 ± 0.09 1.82 ± 0.15

Table 5
Validation metrics against manual annotations for the non-calcified plaques
segmentation.

Cases Non-calcified Plaques

DICE HD

#1 0.69 ± 0.08 2.39 ± 0.56
#2 0.65 1.41
#3 0.78 ± 0.06 1.42 ± 0.2
#4 0.51 ± 0.09 2.98 ± 0.34
#5 0.54 ± 0.08 1.28 ± 0.38
#6 0.65 ± 0.08 2.25 ± 0.46
#7 0.49 ± 0.08 1.89 ± 0.56
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invasive CTCA. Due to its low spatial resolution, CTCA is limited to
identify the different subtypes of the NCP, contrary to VH-IVUS and to
extract in a reliable manner the smaller atherosclerotic plaque volumes.
This approach was validated using large NCP volumes, ranging from
18.39 to 263.38mm3, which are more prone to rupture.

Moreover, the presented methodology incorporates the blooming
effect removal, aiming to improve the CTCA image visualization of
calcifications. In this manner, an accurate 3D quantification of CP is
achieved, without overestimating the CP volume, which results in the
overestimation of the coronary lumen stenosis. The blooming effect
remains a challenging artifact of CTCA images, which can be limited by
deconvolution and filtering techniques. In addition to this, we imple-
ment a deconvolution procedure on the high intensity image's pixels to
quantify in a reliable manner the CP volume. Thus, no significance
difference is observed between the CP volumes derived by the pre-
sented methodology and those extracted by VH-IVUS analysis,
achieving a high Pearson's correlation (r= 0.93).

5. Limitations

Although the proposed methodology provides promising results for
the reconstruction of the entire coronary arterial tree and provides an
accurate distribution of the CP and NCP in the 3D space, a limitation of
this study is the small number of the 3D CP, as far as the comparison
against VH-IVUS is concerned.

Another limitation of the proposed study is the calculation of the
atherosclerotic plaque volume based on the VH-IVUS images analysis.
More specifically, the calculation approach is based on atherosclerotic
plaque area cross-section multiplied with the number of slices and the
slice thickness, which is a well established methodology, reported in
different already existing studies [45]. However, this volumetric

quantification approach has not been endorsed by the Quantitative
Imaging Biomarkers Alliance (QIBA).

In addition to this, another significant aspect of the IVUS modality
use is that IVUS modality does not accurately quantify the densely CP,
because plaque boundaries are located into the acoustic shadow, which
is considered a basic limitation of IVUS use in the quantification of CP.
Nevertheless, in this study CP detection is validated against VH-IVUS
modality, which constructs tissue maps that classify plaque into four
major tissue types (fibrous, fibro-fatty, necrotic core, and dense cal-
cium).

6. Conclusions

In this work, we present an efficient methodology for the detection
of CP and NCP from CTCA using active contour models and dynamic
threshold technique, respectively. The innovative aspect of the pro-
posed methodology is the provision of accurate 3D models for the CP
and NCP, taking into consideration the vessel curvature, allowing the
assessment of the atherosclerotic plaque distribution in the 3D space.
The identification of both types of atherosclerotic plaques utilizing a
non-invasive cardiovascular imaging modality, may be considered as a
significant step towards the diagnosis and management of CAD.
Undoubtedly, different segmentation techniques might lead to a dif-
ferent coronary artery 3D reconstruction. Thus, the selection and im-
plementation of an accurate CTCA segmentation technique may result
in an accurate coronary artery 3D model, which may contribute to a
reliable quantification and evaluation of coronary artery stenosis and to
the investigation of its biomechanical features, as well. More specifi-
cally, the utilization of the reconstructed geometries for computational
modelling of blood flow or the accumulation of lipids [46,47] in the
arterial wall can improve the decision making of cardiologists for the

Fig. 8. Without segmentation, manual and automated segmentation for the lumen (a, b, c), for the CP (d, e, f) and the NCP (g, h, i), respectively.

Table 6
Comparison of the proposed methodology with the other methodologies for the NCP detection.

Study Volume by CTCA Volume by IVUS Pearson's correlation (r) Degree of correlation (R2) Sample size

Brodoefel et al. [7] 56.7 ± 30 55.8 ± 26 – 0.84 14
Dey et al. [6] 116 ± 80.1 105.9 ± 83.5 0.94 – 22
Leber et al. [8] 59.8 ± 76.6 67.7 ± 67.9 – 0.69 65 cross-sections
Proposed methodology 120.59 ± 83.11 129.28 ± 101.3 0.92 0.85 12 plaques, 47 cross sections
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management of CAD.
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