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Background and objective: Accurate, reliable, efficient, and precise measurements of the lumen geom-
etry of the common carotid artery (CCA) are important for (a) managing the progression/regression of
atherosclerotic build-up and (b) the risk of stroke. The image-based degree of stenosis in the carotid
artery and the plaque burden can be predicted using the automated carotid lumen diameter (LD)/inter-
adventitial diameter (IAD) measurements from B-mode ultrasound images. The objective of this review
is to present the state-of-the-art methods and systems for the measurement of LD/IAD in CCA based on
automated or semi-automated strategies. Further, the performance of these systems is compared based
on various metrics for its measurements.
Methods: The automated algorithms proposed for the segmentation of carotid lumen are broadly classi-
fied into two different categories as: region-based and boundary-based. These techniques are discussed
in detail specifying their pros and cons. Further, we discuss the challenges encountered in the segmen-
tation process along with its quantitative assessment. Lastly, we present stenosis quantification and risk
stratification strategies.
Results: Even though, we have found more boundary-based approaches compared to region-based ap-
proaches in the literature, however, the region-based strategy yield more satisfactory performance. Novel
risk stratification strategies are presented. On a patient database containing 203 patients, 9 patients are
identified as high risk patients, whereas 27 patients are identified as medium risk patients.
Conclusions: We have presented different techniques for the lumen segmentation of the common carotid
artery from B-mode ultrasound images and measurement of lumen diameter and inter-adventitial di-
ameter. We believe that the issue regarding boundary-based techniques can be compensated by taking
regional statistics embedded with boundary-based information.

© 2018 Elsevier B.V. All rights reserved.

1. Introduction

carotid stenosis or (b) the sudden rupture of a blood vessel within
the brain leading to blockages [3]. The former one is called as is-

Stroke is the second leading cause of disability among adults
worldwide, after dementia [1]. Recent reports show that approx-
imately 795,000 people suffer from stroke each year and nearly
75% of these occur in people over the age of 65 [2]. Stroke occurs
either when (a) the blood supply to the brain is blocked due to
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chemic stroke and the latter is called as hemorrhagic stroke. Stroke
causes severe and permanent damage to the brain and affects the
cognitive functioning [4].

Carotid stenosis is a progressive narrowing of the carotid ar-
teries caused by a build-up of plaque (atherosclerosis) inside the
artery wall which inhibits smooth blood flow. Plaque is a sticky
substance made of lipid, cholesterol, calcium, and other fibrous
materials [5]. Over time, plaque deposits inside the inner wall of
the artery and can form a large mass that narrows the Iumen,
the inside diameter of the artery. The degree of luminal narrow-
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Right CCA

Fig. 1. Illustrates a blockage lodged in a blood vessel (Courtesy of AtheroPoint™,
Roseville, CA, USA).

ing is considered as an indirect measure of the stenosis severity
due to carotid atherosclerosis [6]. Continuous monitoring of these
changes in the carotid lumen is therefore crucial in patient’s diag-
nosis. Fig. 1 illustrates the blockage lodged in the common carotid
artery (CCA) leading to stroke.

Different imaging techniques (computed tomography (CT), mag-
netic resonance imaging (MRI), ultrasound (US), digital subtraction
angiography (DSA) etc.) have long been used for the accurate eval-
uation and treatment of carotid artery diseases. Out of these, US
imaging is a widely accepted technique for its inherent advantages
such as low cost, non-invasiveness, no radiation and portability [7].
Further, the US examination can be performed in patients with
pacemakers or spinal stimulators. Hence, US imaging carries an im-
portant role in the effective management of patients with carotid
artery disease. There are two main types of US imaging currently
in use for the diagnosis of carotid artery. One is B-mode ultra-
sound imaging which aids in the visualization and measurement
of the carotid arterial morphology [8]. Doppler US imaging is an-
other standard clinical tool for the assessment of hemodynamics of
carotid artery [9].

Color Doppler US provides information regarding blood flow in
the lumen, which enables the clinician to detect flow reduction,
flow turbulence and occlusion in arteries [10]. However, Doppler
ultrasound may not be able to give a clear picture of the steno-
sis since the blood velocity is not constant [11]. Moreover, the
Doppler spectrum is likely to get distorted (Doppler mismatch) by
an acoustic impedance mismatch between the fluid and the ves-
sel walls [12]. This mismatch is more prevalent in case of patients
with hypotension or hypertension, tortuous vessels, presence of
hypoechoic or calcified plaques and pre-occlusive lesion [13]. The
image-based disease diagnosis technique (e.g. B-mode ultrasound)
does not depend on blood velocity; rather, capturing the morphol-
ogy of the plaque build-up is purely based on the reflection of
sound. Therefore, it has a better chance of determining the sever-
ity of atherosclerosis disease. Fig. 2 illustrates the standardized ap-
proach for carotid ultrasound scanning [14].

The lumen diameter (LD)/inter-adventitial diameter (IAD) of the
CCA, measured from B-mode US images can be considered as a
surrogate marker for the risk of cardiovascular diseases (CVDs).
Fig. 3 illustrates the lumen-intima (LI) and media-adventitia (MA)
interfaces in an ultrasound image. LD is measured as the aver-
age distance between the two LI interfaces (distal and proximal)
and similarly IAD is measured as the average distance between the
two MA interfaces. An increase in the IAD or decrease in the LD
has been correlated with the incident of stroke events [15]. The

Fig. 2. Meijer Carotid Arc: illustrates the standardized approach for carotid ultra-
sound scanning which will give a set of reproducible images (Reprinted from Stein
et al. [14], license number 4184820134379 (Sep 2017), with permission from Else-
vier).

CCA diameter has shown to be correlated to cardiac events [16],
age [17], and other conventional vascular risk factors like gender,
smoking history, hyperlipidemia, and hypertension [18,19]. Further,
the carotid IAD is independently associated with first-time incident
ischemic stroke, left ventricular mass and intima-media thickness
(IMT) [20,21]. Moreover, the plaque formation in the carotid artery
is an early indicator for coronary artery disease and myocardial in-
farction (MI) [22]. The asymptomatic carotid artery stenosis can be
quantified by measuring the changes in the LD/IAD over time, and
can be used as a secondary validated measure to decide whether
carotid endarterectomy/stenting is required or not. The ability to
provide reliable, accurate and highly reproducible measurements
makes LD/IAD an attractive imaging biomarker.

A large number of follow-up studies have been used high-
resolution B-mode ultrasonography to investigate the determinants
of atherosclerotic disease, because of its ability to identify the
atherosclerotic lesions at all stages of development [23,24]. Usually,
delineation of the CCA are performed manually by medical experts
using calipers [25], but it was shown that this process is tedious,
prone to errors, and has large observer variability [26,27]. Further,
the real time imaging of carotid artery is now possible due to
the availability of better image reconstruction tools in ultrasound
imaging (e.g. compound and harmonic imaging [25,28] and emerg-
ing super harmonic imaging [29]). However, automated methods
are required for the accurate and reliable delineation of the CCA
and measurement of the LD/IAD.

There are several challenges for the automated carotid lumen
segmentation from US images and the measurement of LD/IAD.
These are primarily due to the variability in size and shape of the
artery, presence of plaque and curvature in arteries [25,28,30-31].
Since there is variation in image contrast due to plaque composi-
tion, stage and grade of the deposited plaque at the lumen-wall
interface [32], the threshold-based systems often fail in segment-
ing the artery. High level of speckle content is another important
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Fig. 3. Illustrates the (a) lumen-intima (LI) and (b) media-adventitia (MA) interfaces in an ultrasound image.

factor which poses a challenge in the automated segmentation pro-
cess compromising the accuracy [30]. In this review, we considered
only those techniques that are designed for segmenting the en-
tire carotid lumen and that can be used to measure LD/IAD. Note
that, the scope of the study is only towards segmentation of lumen
and adventitial interfaces and measurements of LD/IAD. Further, it
should be noted that the scope is not the review on IMT region
segmentation and its measurement.

A more comprehensive assessment of predictors of CVD events
such as LD/IAD could finally lead to an optimal treatment. There-
fore, it is the aim of this review to give an overview about the
state-of-the-art techniques in carotid lumen segmentation and the
concepts regarding the carotid/coronary artery risk predictors. In
Section 2, we present different CCA segmentation techniques, chal-
lenges in the segmentation methods in detail, and different mea-
sures used for the quantitative assessment of different segmen-
tation systems including statistical tests. In Section 3, we discuss
clinical significance of carotid LD and IAD and novel risk strati-
fication strategies are presented along with analysis results. We
discuss about the recent trends in the carotid artery segmenta-
tion, data analysis and validation process in Section 4. Finally,
Section 5 concludes and outlines unsolved challenges in CCA ul-
trasound image segmentation.

2. Methods
2.1. Carotid lumen segmentation techniques

Accurate knowledge and understanding of the geometry of the
carotid artery is important in their segmentation. Several auto-
mated algorithms have been proposed for the segmentation of
the carotid lumen, but majority of them are focused on the seg-
mentation and measurement of IMT. However, a few authors have
pointed out the need for automated measurement of carotid LD
[33-35]. The lumen segmentation algorithms can be broadly clas-
sified into two different categories as: region-based [36-40]| and
boundary-based [40-46]. The class of segmentation algorithms in
image processing is based on two properties, similarity and dis-
continuity. The region-based model works by assuming constant
intensity or similarity throughout a specific region which follows
from the constant blood density assumption [47,48]. Since no gra-
dient information is used in the process, the segmentation will
be robust to cases having discontinuity in the boundaries of the
carotid artery. Unlike region-based methods, the boundary-based
approaches generally follow parametric curves (traditional snakes)
or geometric curves (level set) with a manual initialization. More-
over, since boundary-based approaches rely on intensity gradients
(intensity discontinuity), they are often susceptible to false edges
or bleeding in the lumen borders [49,50]. Fig. 4 shows a general
flow diagram of region-based and boundary-based lumen segmen-
tation. Each of these steps is analyzed in detail in coming sections.

2.1.1. Region of interest selection
In most of the studies, the segmentation is designed as a two
stage process. Recognition of the region of interest (ROI) around

Input Image

}

ROI

]

Pre-processing Gradient

|

Classification

l

Region-based , Boundary-based
Segmentation Segmentation

|—> Lumen Region <—‘

]

Lumen Boundary Estimation

]

LD/IAD

Fig. 4. General flow diagram showing the region-based and boundary-based carotid
lumen segmentation.

the carotid artery is considered as the first stage. Tracing of the LI
boundaries is the second stage. Commonly, the region between the
outer wall layers (near adventitia layer and the far adventitia layer)
is taken as ROI. This provides many advantages while tracing the
LI interfaces. First of all, the CCA can be easily confounded with
the jugular vein (JV) because their echo graphic appearance is very
similar. Then, while considering the morphological aspect of the
CCA, the artery can be of different shape and straight or curved.
However, once we select the ROI, we have only limited area to
search for the LI interfaces.

Golemati et al. [42] presented an algorithm that define four
specific points to describe the ROI. Morphological opening is per-
formed on the original image followed by binarization with a suit-
able threshold. Then four border points were defined based on
the first and last pixel with a value one along the row and col-
umn. However, this algorithm has limitations in less bright im-
ages where a portion of the lumen region may get removed in
the process. Rocha et al. [45] have chosen the ROI as the small-
est rectangular box containing all pixels within a fixed distance
from the user defined lumen axis. This distance is estimated based
on the lumen width of the largest carotid artery image found in
the database (approximately 70-90 pixels). Even though this seems
reasonable, since it gives a good safety margin for rest of the im-
ages, sometimes it may produce unsatisfactory results.

In another automatic approach [46], classical Otsu’s algorithm
was used to compute two different thresholds, T; and T,, and a
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binary image is generated which contains only the objects hav-
ing intensity in between T; and T, (assuming adventitial region
comes within this intensity range). After removing smaller objects
(text or graphical markings) using morphological opening, ROI is
then defined as the smallest rectangle that encloses the lumen and
adventitia regions. Sifakis et al. [36] used an approach to recog-
nize the potential ROIs where they used user-defined percentile-
based thresholds for local mean and variance of vertical intensities.
Even though threshold based methods are able to remove texts and
graphical markings, the area covered by the ROI need to be further
reduced in order to increase the accuracy of segmentation.

Araki et al. [40] used a scale-space framework combined with
vertical intensity profile analysis to find the ROl Each column of
the image pixels has been analysed from bottom to top and iden-
tified the pair of peaks corresponding to the adventitial borders
(MA borders). The region between the two MA borders is then se-
lected as the ROI. We believe that this is the best approximation
for ROI as far as LD/IAD measurement is concerned and cannot re-
duce further.

2.1.2. Pre-processing

Once we compute the ROI, the next step is to do some pre-
processing to enhance the images. This helps in improving the
quality of image in ways that increase the accuracy of segmen-
tation. Some authors have performed a Gaussian smoothing [37,
42, 44] or speckle filtering [41,43] of ROI. This is to reduce the
noise in the image and thereby easing the process of LI interface
detection. In [41], the image is processed with the application of
an anisotropic diffusion filter for speckle removal prior to segmen-
tation. Similarly in [43], the authors have used the linear scaling
filter (despeckle filter linear scaling mean variance-DsFlsmv) to re-
duce the multiplicative noise prior to the segmentation. A Non-
linear smoothing filter was conceived in [45] and applied to the
ROI to reduce the noise before computing the edge map.

In [44], the speckle noise has attenuated by convolving the im-
age with a Gaussian low pass filter. In Gaussian filters, the amount
of smoothing is controlled by the standard deviation (o) of the
kernel, the value of which must be significant to reduce the noise
present in images. However, if it is too large, it can result in com-
plete blurring of the CCA walls. The carotid lumen images of CVD
patients usually contain protruding hypoechogenic plaques. Fur-
ther, the low contrast of the LI interfaces is another reason why
we need to select an optimal value for o. Thus, the selected value
should be the one that offers a good compromise between noise
removal and prevention of incursions. For example, in [37], the au-
thors have chosen o value of 1.2 mm, whereas in [44], o value is
set to 20 pixels (approximately 1.25mm based on the image res-
olution). Morphological closing was performed as a pre-processing
step in Golemati et al. [42] to merge small “channels” and “open-
ings” of the image. Here, the shape and size of the structuring el-
ement is selected such that it does not alter the anatomical infor-
mation contained in the image.

The next step after pre-processing is the segmentation. As
stated earlier, the segmentation algorithms in the literature can
be broadly classified into two: region-based and boundary-based,
which are discussed below and their merits/demerits are compared
in detail.

2.1.3. Region-based techniques

The region-based model works based on the distribution of im-
age intensities and hence able to capture the lumen area under
the constant blood density assumption [47]. There exist only a few
region-based methods in the literature which are summarized in
Table 1 along with performance statistics and limitations. These
limitations are an indication of future research perspectives.

Lumen axis

l Far MA border

Fig. 5. Paths of local minima (red curves) and paths of local maxima (green curves)
(Reprinted from Rocha et al. [37], license number 4,307,550,770,341 (March 2018),
with permission from Elsevier). (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)

A sub-pixel resolution method was suggested by Cinthio et al.
[38] for carotid LD measurement which utilizes relative threshold
detection on the arterial walls. The grayscale information was av-
eraged laterally within a pre-defined ROI to produce an envelope
profile. Then, the vessel wall edges were found out by applying a
suitable threshold which was determined based on the maximum
intensity points in the profile. The process is repeated again after
increasing the image resolution to get the refined positions of the
walls. The threshold values were determined relative to the maxi-
mum level of the echo which can vary from person to person (ap-
proximately 20% at the near wall and 10% at the far wall). Even
though this method reduces the computational load by giving a
more robust estimate for sub-optimal images, a major problem is
regarding with the underestimation of the LD. Further, the assump-
tion of horizontal orientation is not an apt choice for the carotid
artery, since arteries may appear tortuous or tilted depending on
the acquisition.

Sifakis et al. [36] made an attempt to find the carotid lumen
center points based on the distributions of local mean and variance
of image intensities. A candidate point will be classified as a lumen
pixel only if their corresponding local mean intensity and vari-
ance distribution belongs to its lower quartile. The authors have
made an assumption that a majority of these points (potential lu-
men center points) will be found in a similar depth within the US
image. This depth is identified by comparing the local depth level
with a step-wisely decreasing threshold value of 2 mm. In this way,
the algorithm effectively localizes the carotid artery lumen with
relatively low computational cost. However, relatively low perfor-
mance was observed in certain cases. Though the authors have
addressed the carotid lumen segmentation problem, there was no
discussion about the quantification of LD or IAD. Hence, we did not
include the performance statistics of [36] in Table 1.

Rocha et al. [37] used a linear Bayes classifier to classify a set of
longitudinal paths in the process of locating the carotid lumen axis.
These paths are identified under the assumption that a sequence
of local minima of smoothed ROI will appear near the lumen axis
of blood vessels (indicated in red in Fig. 5) and a sequence of lo-
cal maxima of the gradient magnitude of ROI will appear near the
far wall of each vessel (indicated in green in Fig. 5). Then the dy-
namic programming (DP) algorithm is used to determine the actual
longitudinal paths using a cost map. Any pair of adjacent red and
green paths, such that green path is below the red one, are possi-
ble estimates of the lumen axis (This will be true only when the
red path indicates the lumen axis and the green path indicates the
far MA border). The authors have claimed that the method is not
misguided by the JV above the CCA or vessel-like structures below
the CCA. However, this method cannot be used for the detection of
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Table 1
Summary of region-based techniques proposed in the literature.

#  Author (Year) Approach # Subjects  # Images LD/IAD measurement Performance Metrics Limitations

1 Cinthio et al. [38]  Sub-pixel resolution NA 10 serial images of LD: Yes MD =0.19, 0.04 and i. Under estimation of
method three phantoms 0.37 pm LD

IAD: No ii. Does not take care of
tortuous or tilted
arteries

2 Sifakis et al. [36] Combination of 100 2149 No NA Relatively low
anatomical performance in
knowledge and cases:
statistic

i. Presence of carotid
artery mimicking
structure

ii. Poor far wall
visibility

iii. An abruptly curved
arterial shape

iv. non-uniform luminal
intensity

3 Rocha et al. [37] Gaussian filtering and 25 199 No NA i. The near wall was
dynamic not considered in the
programming segmentation due to

poor visibility

ii. Fails in images with
strong noise inside
the CCA lumen
region

4 Araki et al. [40] Scale-space combined 202 404 LD: Yes CC: 0.92 i. Need to be tested on
with pixel high curved vessels
classification

IAD: No POM: 98.0%

5 Kumar et al. [39]  Scale-space, spatial 202 404 LD: Yes CC (LD):0.99 i. Need to be tested on
transformation and multi-ethnic data
pixel classification

IAD: Yes CC (IAD): 0.94

POM (LD):98.7%
POM (IAD): 98.1%

MD: Mean Difference, CC: Coefficient of Correlation, POM: Precision of Merit, NA: Not Applicable

near MA wall due to poor visibility and hence difficult to adapt for
the carotid LD estimation.

Araki et al. [40] used a region-based model to capture the lu-
men intensities under the constant blood density assumption. The
ROI region is first captured using the combination of scale-space
with vertical profile analysis. The ROI is then categorized into three
different classes: (a) low intensity lumen region, (b) high inten-
sity or brightest adventitia region and (c) medium intensity plaque
region. For this reason, Araki et al. [40] adapted K-mean classi-
fier with three pre-defined classes to separate the lumen region.
Finally, the LD is estimated using the Polyline distance metric.
Recently, Kumar et al. [39] modified the scale-space approach in
[40] by including a spatial transformation based iterative step for
the measurement of image-based LD and IAD in curved vessels. In
this iterative procedure, the LD measurement is performed in the
transformed image and the results are inverse transformed to the
original image framework. The transformation consists of select-
ing L pixels above and below the lumen axis and creating a sub
image. This approach can overcome the limitations of the existing
methods that require the image interfaces to be horizontal at the
time of acquisition. Further, the authors have included a non-local
mean based denoising step in the overall pipeline which provided
robustness to the system. Moreover, since the method presented in
[39] is capable of measuring both LD and IAD simultaneously, the
stroke risk evaluation in atherosclerotic cases can become more ac-
curate. This is because both LD and IAD together turn out to be a
more relevant biomarker for stroke risk prediction than LD alone
[95]. Further in [39], the authors have used the same database

as in [40] to test their algorithm and got improved results (refer
Table 1).

2.1.4. Boundary-based techniques

The simplest approach for tracking the carotid wall borders is
to use an edge detection technique which represents discontinu-
ities in brightness or pixel intensity. However, the boundaries iden-
tified by edge detection techniques are often disconnected and one
needs to find closed region boundaries for successful segmenta-
tion. Hence, some pre-processing techniques often apply prior to
the segmentation in order to enhance the edges. Many methods
were proposed in the literature for the detection of edges corre-
sponding to the carotid artery interfaces which are summarized in
Table 2.

Hough’s transform was used for the automated carotid lu-
men segmentation in Golemati et al. [42]. Their assumption of
straight lines (longitudinal images) and circles (transverse images)
for carotid lumen received much attention among the research
community. Due to changes in the shape and orientation of the
carotid arteries during the acquisition protocol, it puts a chal-
lenge on the above assumptions in case of diseased carotid arter-
ies. However, a solution is suggested by the authors to make use
of active contours along with Hough's transform. Molinari et al.
[44] used an integrated approach in order to extract the carotid
artery layer. The method involves three steps, geometric feature
extraction, line fitting, and classification, to produce the tracings
of the proximal and distal adventitia layers. However, the deeper
plaques protruding into the arterial lumen puts a challenge on the
perfect delineation of adventitial borders. Moreover, the authors
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Table 2
Summary of boundary-based (edge-based) techniques proposed in the literature.

#  Author Approach # subjects

# images

LD/IAD Measurement  Performance Metrics  Limitations

1 Golemati et al. [42] Hough Transform 10

2 Molinari et al. [44] Integrated approach 130 200
consisting of geometric
feature extraction, line

fitting, and classification

3 Rocha et al. [45] RANSAC and cubic splines 25 50

4 Rocha et al. [46] Fuzzy classification 25 50

5 Santos et al. [41] Chan-Vese level set - n

segmentation model

6 Loizou et al. [43] Snake based segmentation 20 20

approach

7 Araki et al. [40] Scale-space combined with 202 404

level set

Image seq. of
length 70-80

LD: Yes ACC: 98% i. Fails if the arterial
boundary has a
random shape or

curvature

IAD: No ii. Presence of speckle
noise
iii. Presence of thick

plaque

No NA Non-perfect tracing of
boundaries in case of
noisy lumen and
overlap of the Jugular

Vein (JV)

i. The amount of
smoothing must be
controlled

ii. Misdetections of the
carotid adventitia
occur in presence of
other similar
structures

No NA

No NA Misdetections occur
when similar
boundaries are

present

No NA i. Fails if carotid artery
image is of low
contrast and noisy

ii. Tested on a small

database

LD: Yes CC: 0.63 i. Faces challenge of
initialization of
snakes

IAD: No

ii. Only a small number

of subjects included
Fails in case of an

abruptly curved
arterial shape

LD: Yes CC: 0.86

IAD: No POM: 95.3%

ACC: Accuracy, CC: Coefficient of Correlation, POM: Precision of Merit, NA: Not Applicable

have identified a repeated pattern of lumen walls due to the pres-
ence of other similar structures such as JV, under which the algo-
rithm fails in the classification adventitial borders.

In Rocha et al. [45], random sample consensus (RANSAC)
method is used for the semi-automatic segmentation of far and
near adventitia boundaries of the CCA. The RANSAC search finds
the best fit of a given contour model (which is evaluated accord-
ing to a gain function). However, in some cases the thick plaque re-
gion pushes the lumen boundary away from the adventitia bound-
ary. This can badly influences the effectiveness of the gain function
resulting in under estimation and causes an increase in the num-
ber of samples analyzed by the RANSAC algorithm. In another ap-
proach proposed by Rocha et al. [46], a fuzzy classification method
is used for the automated segmentation of carotid arteries to com-
pute the lumen axis. Using fuzzy edge detection and feature ex-
traction, all step and valley edges in the ROI are classified. Due to
fragmented edges caused by echo attenuation and speckle, they are
further refined and connected by using a DP algorithm which uses
a fuzzy gain function. By adopting a fuzzy classifier, the authors
have avoided the use of low pass filtering which might eliminate
important weak edges. The major advantage of this method is that
both the near and far wall boundaries were detected which is a
pre-requisite for the LD/IAD computation, but the authors did not
attempt.

In Santos et al. [41], the lumen and bifurcation contours
are segmented using the Chan-vese (CV) level set segmentation
[51] model along with morphologic operators. This threshold-based
region detection is seldom susceptible to false region estimation if
the images are noisy due to low resolution or hyperechoic char-
acteristics or shadows due to the presence of calcium in the near
wall. Further, the morphological operations are sensitive to noise
and hence are not very stable [52]. Loizou et al. [43] introduced
a ‘Snake’ based segmentation technique for the carotid bifurcation
and diameter estimation. The ‘Snake’ should be initialized manu-
ally. However, since the propagation force is frequently based on
intensity gradients, it makes the ‘Snake’ vulnerable to false edges
and can sometimes leak through the discontinuities in the wall
borders where the gradient is too weak [53-56].

Araki et al. [40] proposed a method that combines the scale-
space paradigm with level set. In scale-space approach, image seg-
mentations are computed at multiple scales. The general DRLSE
(Distance Regularized Level set Evolution) technique proposed by
Li et al. [57] is used for capturing the lumen edges within the ROL
The key advantage of using level set is that it has the ability to
follow morphologic edges of the interfaces. Hough’s transform is
used as an initialization step before applying level set and is used
to approximate the lumen borders using straight lines. The Hough’s
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Fig. 6. Visual comparison of lumen segmentation algorithms on a single image (LI
borders). (a) Hough's transform by Golemati et al. [42]; (b) Snake segmentation by
Loizou et al. [43]; (c) Scale-space and region-based segmentation by Araki et al.
[40].

transform will give small line segments which will constitute the
boundary for the level set to explore.

In Fig. 6, visual comparison of lumen segmentation algorithms
(to find LI borders) is illustrated on a single image. Fig. 6(a) show-
ing the Hough’s transform technique proposed in [42]. It can be
seen that the straight line approximation is not suitable for seg-
menting the LI borders, as the vessel orientation cannot be ex-
pected as straight always. Further, we can notice a staircase ef-
fect appearing in the LI borders while trying to combine the dif-
ferent straight line segments. In Fig. 6(b), the ‘Snake’ segmentation
technique in [43] is illustrated, where the points are converging at
some other location rather than the actual contours (LI borders).
This is due to the poor contrast of the carotid walls and presence
of speckle and plaque content inside the lumen. Fig. 6(c), illustrates
the region-based scale-space method proposed in [40], which is
getting closer to the actual LI borders.

Even though, we have found more boundary-based approaches
than region-based approaches in the literature, the region-based
strategy is giving more satisfactory results when comparing the

overall performance. This can be justified by considering the de-
pendency of boundary-based algorithms on edges or image gradi-
ents. One explanation is that boundary-based methods are more
sensitive to changes in gradient information at the wall borders
during the cardiac cycle. The rapid changes in the velocity of blood
flow in the artery causes subtle changes in the shape and size
of lumen [58]. Since the image acquisition takes place during the
cardiac cycle, it is often sensitive to these changes when the im-
age frame gets frozen. One way to compensate for this sensitivity
is to consider the neighboring frames. The second explanation for
higher error is associated with the multi-focal nature of atheroscle-
rotic disease. The random deposit of plaques along the carotid
artery subsequently affects the intensity distribution and thickness
of the diseased arterial wall. Further, boundary-based techniques
are sensitive to sudden changes in the variations of the grayscale
intensity distribution along the CCA, and will therefore yield less
optimal results. This can be compensated for by taking regional
statistics embedded with boundary-based information.

2.2. Challenges during CCA segmentation

A fully automated system for CCA segmentation from US images
is an important requirement for physicians and vascular radiolo-
gists [59]. One should take the advantage of the knowledge in US
image reconstruction in the segmentation process. Fig. 7 illustrates
the dissimilarity in the carotid artery images in a database. The
patients may have scanned with different hardware settings (fre-
quency, depth, gain, etc.) and different positioning of probe which
can affect the quality of image data. The LI and plaque borders
generally have a very low contrast which makes it more difficult
to capture [60]. Moreover, certain characteristic artifacts can cause
difficulty in the segmentation task [42]. This includes signal at-
tenuation and dropout, speckle noise and acoustic shadowing. The
different challenges of CCA segmentation reported by different au-
thors are reviewed in Table 3.

In US images, attenuation is the reduction in amplitude of the
ultrasound beam as a function of distance through the imaging
medium. Accounting for attenuation effects in ultrasound is impor-
tant because reduced signal amplitude can affect the quality of the
image produced [61]. Acoustic shadowing on an US image is char-
acterised by a signal void behind structures that strongly absorb or
reflect ultrasonic waves [62]. This happens most frequently with
solid structures, as sound conducts most rapidly in areas where
molecules are closely packed, such as in bone or stones. The di-
rect effect of acoustic shadowing or echo attenuations in the seg-
mentation task is that some boundary segments may be missing
which may lead to edge leaking at the near and far LI interfaces
(see Fig. 7).

Sensitivity to ultrasound vibrations at each depth of the body
is different due to which the imaging suffer from signal loss from
deeper in the tissue. Signal drop-out may occur frequently while
imaging arteries with 65-70% stenosis, especially if the CCA is de-
posited with high amount of calcium [63]. This makes it difficult to
determine the boundaries of the true lumen. US images are often
considered as the hardest to segment among medical images due
to their low signal to noise ratio (SNR) [64]. The presence of mul-
tiplicative speckle noise in carotid US images tends to reduce the
image resolution and contrast thereby degrading the image quality.
In some cases, due to increased speckle content, the segmentation
algorithm may not be able to distinguish between carotid lumen
and hypoechoic plaque tissue. There are many methods available
for speckle noise reduction in the literature [65-67].

There are certain characteristics that make an US image suitable
for automated delineation of carotid artery borders. These include
high spatial resolution, high dynamic range, low noise level, com-
pound and harmonic imaging [68]. Specific image enhancement or
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Fig. 7. lllustrating the variation of carotid artery images across different patients. (a) Curved lumen borders; (b) High plaque deposit and narrowing of carotid artery; (c)
Low contrast image with jugular vein interference. (d) Image having poor contrast difference at near wall.

denoising strategies may need to be adopted, if the image does not
possess these characteristics. The compound and harmonic imag-
ing facility are available on most of the medium-level and high-
level ultrasound OEM scanners, whereas they are not present in
the majority of the entry-level and cheaper equipments. This re-
sults in a poor quality image with low contrast at the near and far
LI interfaces leading to inaccurate segmentation.

The important factor that complicates the automatic detection
of CCA is the presence of jugular vein (JV) structure which is of-
ten seen just above the CCA (see Fig. 7(c)). Since the echographic
appearance of CCA and ]V are very much similar, the near wall of
the CCA can easily be confounded with the far boundary of the JV.
Deeper plaques protruding into the carotid artery lumen represent
another cause of imperfect segmentation. The plaque substantially
perturbs the average intensity level of the CCA lumen. Usually, in
patients with severe stenosis (>80%), hypoechoic plaques appear
at both the walls [69]. This not only causes non-uniform luminal
intensity, but also results in an abruptly curved arterial shape (e.g.
due to a relatively large plaque). Therefore, the final boundary seg-
mentation may have many deficiencies. Another major limitation
of the existing algorithms is in the case of tortuous or tilted ar-
teries. In these cases, since the artery is not horizontally scanned,
a lateral averaging may result in an underestimation of the true
lumen diameter.

2.3. Quantitative assessment of lumen segmentation systems

An automated carotid artery lumen segmentation system can
be evaluated in two ways. One is by simple visual inspection of
fine details which is only possible by expert physicians. The sec-
ond way is to analyse the system quantitatively using some metric
and compare the automated measurement against manual expert
tracings, which are considered to be the ground truth (GT). Further,
it is mandatory for an automated medical system to compare and
validate against manual tracing in order to be accepted in the clin-
ical domain. The following are some of the popular performance
metrics found in the literature.

2.3.1. Coefficient of correlation (r)

The Pearson (linear) correlation coefficient (r) [70] measures the
strength and the direction of a linear relationship between two
variables (auto and manual measurements). The mathematical for-
mula for computing r is [70]:

o nEX - (SN () 0
Jn(2%) — (T2 [n(Ty?) - (Zy)

Where n is the number of pairs of data, x and y are the vari-
ables of interest. The value of r is such that -1 < r < +1. The +and
- signs are used for positive linear correlations and negative lin-
ear correlations, respectively. The standard method used to mea-
sure the ‘significance’ of this correlation analyses is the p-value.
Typically, values of either 0.01 or 0.05 are taken as cutoff.

2.3.2. Coefficient of variation (CV)
The coefficient of variation (CV) can be calculated according to
the formula [71]:

S*100

CV = 3 (2)
where

SD
S= - (3)

X is the pooled mean and SD is the standard deviation for the
difference between automated and manual measurements of LD.

2.3.3. Mean absolute distance (MAD)

Mean Absolute Distance (MAD) is used as a boundary distance-
based metric. The averages of MAD can be computed using all ves-
sels in the database images to obtain an overall estimate of bound-
ary disagreement. The formula to compute MAD is given by [71]:

K

1
MADy1 = > ld(m;, ay)l (4)
i=1
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Important assumptions and challenges reported by different authors in the literature.

# Author Assumptions made Challenges Reported

1 Golemati et al. [42] Straight lines and circles were used to approximate the Speckle noise, acoustic shadowing, signal dropout, low

wall-lumen boundary contrast, curvature of arteries

2 Molinari et al. [44] i. The artery should occupy the whole image frame width Presence of jugular vein above the CCA, deeper plaques
protruding into the artery lumen

ii. Considered the artery structure as a region with low
intensity (the lumen) surrounded by two bright stripes

3 Cinthio et al. [38] Horizontal orientation for carotid artery Tortuous or tilted arteries

4 Rocha et al. [45] i. Carotid adventitia have valley-shaped intensity profile Missing edges in carotid boundaries, occlusions caused by

separated by a hypoechogenic region (media layer) plaques, unpredictable bending of vessel along its major axis,
variability in the artery shape
ii. Cubic spline model for the adventitia boundary
5 Rocha et al. [46] Three class assumption: (i) dark objects (hypoechogenic tissues Low signal to noise ratio (SNR), artifacts like echo
like blood); (ii) bright objects, like letters or graphical reverberations introduce false boundaries, acoustic
markings; and (iii) objects with intermediate brightness shadowing or echo attenuations
(echogenic tissues)

6 Santos et al. [41] Pixels belonging to the lumen region of the carotid artery are Low contrast, speckle noise, gaps in the vessel boundaries,

characterized by both low mean and standard deviation variability of its shape among subjects

7 Loizou et al. [43] - Speckle noise

8 Sifakis et al. [36] i. Carotid artery located in the center of the image Appearance of carotid artery mimicking patterns at different
depth ranges, varying luminal gray level, different arterial
inclinations, presence of hypoechoic plaques, speckle noise

ii. From the bottom of the image and moving upwards, one
ordinarily encounters the (usually brightest) far wall region,
then the (usually darkest) lumen, and then the (usually
second brightest) near wall

9 Rocha et al. [37] i. Blood vessels appear as dark longitudinal regions (vessel Speckle noise, presence of other similar anatomical structures,

lumen) surrounded by two bright boundaries (vessel walls) partial missing of far wall region due to echo shadowing
caused by calcified tissues

ii. CCA is larger than jugular vein (JV) and appears below JV.

10 Araki et al. [40] i. Distal (far) wall of the carotid artery has the brightest region Variation in shape and size, occlusions caused by multi-focal
plaques, arterial curvature, gaps within luminal borders, JV
interference, poor contrast at near wall

ii. Constant blood density assumption

11 Kumar et al. [39] i. Distal (far) wall of the carotid artery has the brightest region Variation in shape and size, occlusions caused by multi-focal

ii. Constant blood density assumption
iii. Curved vessels

plaques, arterial curvature, gaps within luminal borders, JV
interference, poor contrast at near wall, speckle noise level

where d(m;,q;) is the distance between the boundary point m; of
the manual drawn contour and its corresponding boundary point
on automated contour @;, and K is the number of points included
in the two boundaries (manual and automated). In the case where
the two boundaries do not have the same number of points, then
one of them can be interpolated. However, if the boundaries in-
clude curved segments, the MAD will be overestimated.

2.3.4. Precision of merit (PoM)
The overall system’s performance was computed using the first
method of precision-of-merit (PoM1) in percentage as [72]:

|mAuto - EManual |

PoM1;p (%) = 100 — * 100 (5)
LDManual

where,

_ 1N

LDAu[o = N Z LDAu[oi, (6)
i=1

_ 1Y

LDyanyar = N ZLDManual; (7)

i=1

LDpyo; is the measured automated lumen diameter and
LDptanyay; is the measured manual lumen diameter of a particular
image. N is the total number of images in the database. This is a

key feature that evaluates the automatically traced diameter differ-
ence compared to the manual diameter difference. Second method
of precision of merit (PoM2) computation was using error differ-
ence between the automated and manual methods for each indi-
vidual case (PoM per image). This is mathematically expressed as
[73]:

N I (LDAutol _LDManuali ) I
i=1 LDManuuli

PoM2;p (%) = 100 — N

%100

2.3.5. Dice similarity and Jaccard Index

Dice similarity (DSC) and Jaccard index (JI) [74,75] were com-
puted to find the similarity between two regions. Assume region
A represents the area enveloped by the automated segmentation
and region B represents the area enveloped using manual tracings.
Then, DSC is the ratio of area in common to both region A and
region B to the average size of region A and region B [74].

ANB

DSC =200 — 8

x (A + B) (8)

Although very similar to Dice, JI shows the ratio of area in com-

mon to both region A and B to the total size of region A and B
available [75].

ANB

JI= ((A+B)—(AmB)> x 100 9)
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Another possible way for comparison between automatically
and manually segmented structures is by receiver operating char-
acteristic (ROC) analysis [42], which assesses the specificity and
sensitivity of the segmentation methods. Further, the regression
plots can be used to show the variability between auto and manual
tracings which is seen by the deviation from a trend line. Gener-
ally, this is a line of best fit through the data of two variables, and
the Pearson correlation coefficient (r) indicates how far away all
these data points are to this line of best fit. The Bland-Altman (BA)
plot can demonstrate the level of agreement between two methods
when measuring the same variable [76].

Different statistical tests can be used for the evaluation of the
performance of the automated system against manual tracings. The
statistical tests can be used to check the agreement between true
and measured value of a variable. This is important since one al-
gorithm may perform best in terms of bias, but a different algo-
rithm may perform best in terms of precision. Often, the algorithm
that has the best agreement with ground truth (GT) is considered
to have the best performance. Due to this trade-off, the best per-
forming algorithm (agrees best with ground truth) is not necessar-
ily the best in terms of bias or precision. Use of statistical tests
can do some help here, but we need to select the proper param-
eter (test statistic) that we want to test for agreement. For exam-
ple, both the ANOVA test [77] and Chi-Square test [78] are used
to analyze whether there exist a significant difference between the
observed data (automated measurements) and the expected data
(manual measurements or GT). However, the test statistics are dif-
ferent. Student’s t test is often used to find whether the (strong
and highly significant) correlation can be regarded as equality or
not. In addition to this, different non-parametric statistical tests
are used for testing the difference between several related sam-
ples [39,40]. For example, the Friedman test [79] is useful to find
whether the sample medians are significantly different from each
other. Mann-Whitney test [80] is another non-parametric test per-
formed to determine whether or not two samples come from the
same population. Usually in all the above tests, p-values less than
0.05 will be considered as statistically significant unless otherwise
specified.

3. Results
3.1. Clinical significance of carotid LD and IAD

Non-invasive assessment of carotid arterial wall thickness us-
ing high-resolution US is often used in clinical trials as a surro-
gate marker of cardiovascular diseases. However, we believe that
the carotid LD and IAD together has the potential to become a
biomarker of stroke risk. In patients with significantly high vol-
ume of plaque which causes luminal narrowing, LD will be smaller.
Hence, LD is inversely related to stenosis severity. As a result, as
LD decreases, it seems reasonable to believe that there may be
a resultant increased risk of ischemic stroke. Both the European
Carotid Surgery Trial (ECST) [81] and the North American Symp-
tomatic Carotid Endarterectomy Trial (NASCET) [82] indicate that
the degree of stenosis can be expressed as a percentage reduction
in vessel diameter. As discussed by Fox et al. [83], stenosis sever-
ity is calculated using the ratio of narrowed diameter at stenosis
area to normal diameter in carotid artery. If LDpgrrow is the mea-
sured lumen diameter of the arterial zone with maximum stenosis
and LD;,p;mq is the measured normal lumen diameter of the artery,
then, stenosis severity index (SSI) [84] in percentage can be formu-
lated as [83]:

LDnarrow
SSI = (1 - 7) 100 10
LDnormal ( )

The plaque growth leads to a compensatory arterial remodeling
which is bidirectional in nature depending on the changes in the
shear stress. While the positive remodeling results in an expansion
of the arteries, negative remodeling may lead to an arterial nar-
rowing [85]. An increase in the wall shear stress or decrease in the
lumen area can lead to a dilation of the arterial wall for the nor-
malization of the shear stress [86]. The severity of lumen narrow-
ing of atherosclerotic arteries depends on the extent of the accu-
mulation of plaque along the arterial wall. During the initial stages
of atherosclerosis, compensatory enlargement of the artery is pre-
dominant. This results in an increase in the LD. However, when
plaque occupies 30-40% of the vessel area, this adaptive mech-
anism fails. Further, the inflammatory changes and fibrosis may
lead to constriction of the arterial wall, leading to augmentation
of the lumen narrowing [87,88]. Meanwhile, the plaque growth
causes the adventitia region to bulge up according to the Glagov
phenomenon [89], which causes the IAD to increase. Due to this
positive remodeling, the relationship between LD and IAD is im-
portant to consider and together may be useful imaging biomark-
ers for stroke risk stratification. The advantage of using LD/IAD as
an imaging biomarker is its ability to provide reliable, accurate and
highly reproducible measurements.

One of the key implications of LD/IAD measurement is to un-
derstand their correlation with other cardiovascular risk factors.
The large size and ease of access by different imaging techniques
makes the carotid artery an ideal potential surrogate for coronary
artery disease (CAD) [90]. Recent studies have shown that carotid
arterial diameters have a better predictive power for CAD [91].
It is known that the risk factors for both the carotid and coro-
nary artery disease are similar [92-94]. Most recently Saba et al.
[95] has performed a correlation study in CCA and has observed
that the IAD is more strongly correlated to plaque score compared
to carotid LD. Hence, this study suggests that carotid IAD may be
a significant independent predictor of stroke risk along with tradi-
tional risk factors. Moreover, a study by Polak et al. [96] found that
there exist a positive correlation between the carotid IAD and the
incident stroke. They further suggested IAD as a stronger predictor
of ischemic stroke in comparison to IMT.

3.2. Quantification of stenosis and risk assessment

Degree of carotid artery stenosis is an important risk factor for
stroke. The ECST and the NASCET criteria have demonstrated that
the risk of stroke is reduced by surgery in patients with high grade
stenosis (70-99%). However, because the two trials used different
methods to measure stenosis, the results are not comparable and
the level of stenosis which is associated with increased risk of
stroke cannot be strictly defined.

We have proposed a novel method in this study for quantifi-
cation of stenosis and patient risk assessment based on carotid
LD. Four different parameters were taken into consideration while
computing the stroke risk. They are average LD value, minimum
LD value, percentage stenosis severity index (SSI) and number
of bumps in the LD value along the artery. The computation is
straightforward as initially we need to find the score for each of
the parameters based on the conditions given in the Table 4. Then
the sum of these scores will be calculated for every single patient
which will be used for computing the percentage risk index. Since
the maximum score for a parameter is 5 and four parameters were
computed for a patient, the maximum sum for any patient’s image
can be 20.

Percentage risk can then be computed according to the formula:

(11)

Risk Index (%) = (W)noo
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Table 4

LD severity conditions for different parameters for computing risk index.
Parameters LD severity conditions Score
Average LD LD <4 mm

4mm<=LD <5 mm
5mm<=LD<5 mm
6mm<=LD <7 mm
7mm<=LD <8 mm

LD > =8 mm

LD <3.5 mm
3.5mm<=LD <45 mm
45mm <=LD <5.5 mm
55mm<=LD <6.5 mm
6.5mm<=LD <75 mm
LD >=7.5mm

Stenosis > =50%

40% < = Stenosis < 50%
30% < = Stenosis < 40%
20% < = Stenosis < 30%
10% < = Stenosis < 20%
Stenosis < 10%

Number of Bumps > =5
Number of Bumps =4
Number of Bumps =3
Number of Bumps =2
Number of Bumps =1
Number of Bumps =0

Minimum LD

Stenosis

# Bumps in LD value

O=NW,AUuO=LNWAUO=NWAMULNO—=NWDLAWU

Table 5
Patient risk percentage.

Risk Category Condition # Patients % Patients
High risk Risk Index > 66% 12 6
Moderate risk 33% < Risk Index < =66% 84 41

Low risk Risk Index <=33% 107 53

Total 203 100

The result of this analysis on a patient database containing 203
patients is given in Table 5. In this database, 9 patients were iden-
tified as high risk patients, whereas 27 patients were identified as
moderate risk patients. Remaining was considered as low risk pa-
tients.

4. Discussion

Computer assisted techniques have improved the accuracy and
precision of carotid artery segmentation compared to the manual
measurements. However, In order to completely analyze the pro-
gression or regression of atherosclerosis disease in patients, it is
required to measure the changes in arterial diameters over time to
time. This in turn makes it necessary to replicate the carotid artery
examinations. Hence, the carotid US acquisition must be accurate
and reproducible in both time and space. Since the US imaging is
in real-time, the trained operator is able to adjust the scanning pa-
rameters such as: focusing, scanning depth, greyscale appearance,
and time-gain compensation in order to have full control over the
scanner [97]. Further, standardized positioning procedures assist in
minimizing the changes. However, a patient’s position on the ex-
amination table can rarely be reproduced exactly in different ex-
aminations. Counting this along with instrumental variability, it is
difficult to obtain identical images in different scans. This point
out the need for a universal standard by which carotid artery im-
ages can be acquired and arterial dimensions can be measured in
an accurate and reproducible format. Further, we need to develop
techniques which are scanner independent. Only a few techniques
were addressed the issue of scanner independence before. Loizou
et al. [43] have done a brightness adjustment of US images by
normalizing them before further processing. This improves image
compatibility by reducing the variability introduced by different

gain settings, different operators, different equipment, and facilities
[98]. However, normalization requires human interaction, since the
operator has to choose the proper region for intensity remapping.

From Table 3, we have seen major challenges of CCA segmen-
tation reported by different authors. So far, researchers have made
several assumptions to tackle these challenges. In US images, the
far wall of the carotid artery usually appears much brighter than
the remaining regions [39]. This point can be used to reduce the
complexity of the segmentation algorithms. The three class as-
sumption for lumen region in [39,40,46] helps to deal with non-
uniform plaques in the lumen. In [45], carotid adventitia is as-
sumed to have valley-shaped intensity profile separated by a hy-
poechogenic region (media layer). In order to avoid the chances of
misinterpretation of JV as carotid artery, an assumption has been
made [36] to take up the order in which the structures are appear-
ing i.e. from the bottom of the image and moving upwards, one
ordinarily encounters the (usually brightest) far wall region, then
the (usually darkest) lumen, and then the (usually second bright-
est) near wall.

4.1. Importance of multi-ethnic and different OEM data collection

In order to prove the applicability of automated segmentation
systems in clinical practice, they must be sufficiently tested in
multi-centric studies with multi original equipment manufacturer
(OEM) data [99]. The important point to note here is that the qual-
ity of carotid US images is often decided by the sonographer. In a
multi-centric study, the images will be acquired by different sono-
graphers whose training or experience varies. This will produce a
database which contains images of different quality. Further, the
intra-sonographer variability during the examination period can be
assessed from the data obtained by repeating complete carotid US
studies on a number of subjects. Experimental performance of the
automated algorithms on different OEM datasets will help to as-
sess the image quality which later enables OEMs and integrators
to build better machines.

4.2. Need for an integrated system

Integrated systems are desirable for the clinical experts in or-
der to evaluate the risk of stroke in a precise and efficient way
both in asymptomatic and symptomatic subjects [100]. Here, in-
tegrated system means a system (software application) which is
able to segment the carotid artery, measure the required parameter
(LD/IAD/IMT), and stratify the atherosclerotic plaque based on that.
Such a system should be able to exploit the morphological features
of the artery wall. A standard integrated system for B-mode carotid
US should have the following stages: normalization and despeckle
filtering, segmentation, feature extraction and selection, and classi-
fication [101].

4.3. Carotid artery segmentation in GPU framework

One of the important issues regarding the modern segmenta-
tion algorithms is the computational cost. This results from differ-
ent factors such as size of the image, number of sampling points
and multi-resolution algorithms. For example, we need more num-
ber of samples to represent the boundary of a curved artery than
in case of straight ones. Further, some algorithms use complex it-
erative steps to achieve high accuracy for the measurement [102].
This in turn requires more processing power than conventional
simple approaches which are straight forward. To avoid this lim-
itation GPUs (graphics processing unit), can be utilized which pro-
vides excellent computing performance gain (up to 54 times faster
than the parallel CPU implementation) [103].
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4.4. Deep learning based systems

A general trend among all the state of the art methods is
that they are making use of spatial techniques effectively, whereas
cutting-edge statistical and machine-learning methods were not
being fully utilized. Currently, deep learning (DL) is emerged as a
serious contender in the field, winning many important machine
learning competitions. The immense popularity of DL is because of
higher performance in comparison with other conventional algo-
rithms. The availability of GPUs and multi-core processor chips has
made DL immensely popular among the research community. Ac-
curacy of estimated LI and MA interfaces can be improved by DL. A
combination of DL methods with the classical methods should be
considered.

4.5. Arterial wall changes during the cardiac cycle

The study of dynamic properties of the carotid artery wall is
becoming more common, since its mechanical and structural prop-
erties can change before the occurrence of clinical symptoms of
cardiovascular diseases [104]. Arterial stiffness indices can be esti-
mated by measuring arterial diameter changes during the cardiac
cycle [105,106]. There are techniques such as artery distensibility,
strain imaging [107,108] or pulse wave velocity (PWV) [109, 110],
which can give close values of arterial wall stiffness. Another tech-
nique is by recording the blood flow velocities of the carotid artery
during the systolic and diastolic phases [111]. However, this re-
quires pulsed Doppler imaging which requires special equipment
and training available in only a few centers. Since the facility for
acquiring B-mode US measurements of carotid artery diameters
and plaque prevalence are already present in numerous study cen-
ters and radiology clinics, measurements of arterial stiffness from
changes in diameter measurements could potentially provide use-
ful additional end points. Nevertheless, this technique has gained
little popularity and its clinical implications remains to be eluci-
dated. Further, it can be observed that most of the previous stud-
ies were focused on the development of segmentation algorithms
in still images, and the same cannot be used for video US data due
to the lack of inter-frame correlation.

4.6. Role of carotid bulb lumen in quantification of stenosis

One of the disadvantages of the NASCET method is that it un-
derestimates the size of the plaque in the carotid bulb. For ex-
ample, a plaque that uniformly fills the bulb will produce a lu-
men measurement equal to the distal internal carotid artery (ICA).
Therefore, it is equally important to measure the minimal resid-
ual lumen (at the point of tightest stenosis in the bulb or the
proximal ICA) and the corresponding outer ICA or bulb diameters
[112]. Moreover, artery bifurcations, junctions, and regions of high
curvature (such as the bulb), are identified as the most proba-
ble sites for the atherosclerotic diseases to occur [113]. These el-
ements together with the complex geometry of a residual lumen
in a stenotic carotid bulb constitute a very risky zone, whose sig-
nificance must be verified in a large clinical trial. Recently, an ap-
proach [114] is proposed to measure the segmental IMT (sIMT)
proximal to the bulb edge. Since this approach is capable of de-
lineating the LI and MA borders of both near and far carotid wall,
it can be extended to measure the LD/IAD in carotid bulb region.

4.7. Standardization of validation process

Effective algorithm validation contributes significantly to assur-
ing the quality of algorithm. Different authors have used different
performance metrics on different data for validating their tech-
niques. Hence, a direct comparison of LD/IAD measurement per-

formance cannot be done. Standardization should be introduced in
the validation process and performance metric adoption in order
to ensure its deliverability. Further, there exist no public domain
databases and no public GT available for validation purpose which
may be counted as a limitation in the development stage.

Even though we tried to explain all the aspects of carotid artery
segmentation, there are some topics which are not very relevant
and could not be discussed in the scope of this work. Doppler
color US was not part of this study; hence we did not take lumen
segmentation using color Doppler into consideration. Second, this
study was only focused on longitudinal carotid US images; hence
transverse images were not inherently discussed. The current study
focused on the characteristics of images which were static in na-
ture, unlike cine loop imaging [115] where temporal information
can be interfaced. This topic was left out in our current study. Our
main focus in this model was to compare and contrast segmenta-
tion approaches applied to static imagery and risk assessment ap-
proaches. Since the performance metrics between different studies
were modeled differently along with the input characteristics of
the carotid US data sets, hence, one of the challenges to compare
and contrast these techniques.

5. Conclusions

We have presented different techniques for the lumen segmen-
tation of the CCA from B-mode US images and its measurement
of LD/IAD. These techniques include Hough transform, geometrical
approaches, local statistics based techniques, fuzzy classification,
dynamic programing, active contour or snake based techniques,
scale-space and level set segmentation. The use of computer-aided
measurement techniques has the potential benefit of increased ac-
curacy with less computational complexity and less subjectivity.
It is expected that the performance of the automated methods
will get further increased with the rapidly growing development
of technology such as 3D carotid imaging [116] and video segmen-
tation [117,118]. The major consideration in future will be more
towards the development of completely automatic integrated sys-
tems. However, more validation studies will be required to estab-
lish the state-of-the-art on segmentation performance.
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