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A method for automatically constructing the initial
contour of the common carotid artery

Yara Omran, and Kamil Riha

Abstract—In this article we propose a novel method to au-
tomatically set the initial contour that is used by the Active
contours algorithm. The proposed method exploits the accumu-
lative intensity profiles to locate the points on the arterial wall.
The intensity profiles of sections that intersect the artery show
distinguishable characterstics that make it possible to recognize
them from the profiles of sections that do not intersect the artery
walls. The proposed method is applied on ultrasound images of
the transverse section of the common carotid artery, but it can
be extended to be used on the images of the longitudinal section.
The intensity profiles are classified using Support vector machine
algorithm, and the results of different kernels are compared.
The extracted features used for the classification are basically
statistical features of the intensity profiles. The echogenicity of
the arterial lumen, and gives the profiles that intersect the artery
a special shape that helps recognizing these profiles from other
general profiles. The outlining of the arterial walls may seem a
classic task in image processing. However, most of the methods
used to outline the artery start from a manual, or semi-automatic,
initial contour. The proposed method is highly appreciated in
automating the entire process of automatic artery detection and
segmentation.

Keywords—SVM, Ultrasound imaging, Segmentation, Carotid
artery.

I. INTRODUCTION

ULTRASONIC imaging is a widely used non-invasive
medical imaging procedure since it is economical, com-

paratively safe, portable and adaptable. However, one of its
main weaknesses is the poor quality of images, making the
processing of these images more challenging. Segmentation
of Ultrasound images is an initial step for the analysis and
diagnosis of the data in the image. Our goal in this article is
to locate points on the arterial wall, the considered object is
the artery (carotis communis) in a transverse section captured
by a Sonographic device. The artery in this section has an
approximately circular shape, and the artery wall appears as
bright areas. This step of detecting the artery is important
for making other processes fully automated; such a process
is tracking the movement of the artery in a video sequence to
obtain useful information from it, or to predict the existence
of some diseases or irregularities. Circular pattern detection is
one of the classic tasks in image processing; many approaches
to achieve this goal were proposed such as (CHT) [2], correla-
tion [3], maximal-likelihood [4] or Genetic Algorithms which
are computationally expensive [5]. However, due to the special
nature of medical Sonographic images with the high level of
noise and the blurred edges, we are in need to new approaches.
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Many approaches to detect objects in medical images were
presented such as [9], or trainable image segmentation [10].
Other approaches dealt specifically with detecting a circular
object in medical images like [11], [12], with the exploitation
of ellipse fitting. Golemati et al. [13], proposed a system
for automatically extracting lines and circles from sequences
of B-mode ultrasound images of longitudinal and transverse
sections of the carotid artery, their methodology was based
on the Hough Transform (HT). They used the CHT for
automatically detecting the artery in the transverse section, and
estimating the Arterial Distension Waveforms (ADW) as well
as the diastolic and systolic diameters. For the longitudinal
section, they used the HT for estimating the Intima-Media
thickness (IMT). Mao et al. [14], proposed an interactive
method based on dynamic contour model initialized manually
with one seed, the used model combined geometric constraints,
image gradient, and contrast features to control the contour and
thus to optimize the segmentation process. In [11], a system for
localizing the artery based on motion features was proposed,
were the pulsatile character of the artery wall was used as
information for localizing it after compensating other global
movements. The method is based on the optical flow technique
to detect the region of interest that contains the artery, followed
by CHT (Circular Hough Transform) to estimate the center
and radius of the artery. Golemati et al. [16] proposed an
active contour based method to automatically extract lines
and circles from longitudinal and transverse sections; the
active contour was initialized by HT to detect the circle.
This method used gradient vector flow to deform the contour,
resulting in a random shaped boundary which follows more
closely the actual wall - lumen interface than a circle. In
[15], authors used a method based on watershed segmentation
algorithm, their technique consisted of four major stages that
are: preprocessing, watershed segmentation, region merging,
and boundary extraction. In this article we assume that the
ROI containing the artery is already defined by means of an
object detector or any other methodology, our aim is to locate
points on the arterial wall. The main contribution of the article
is automatically finding the points that will form the initial
contour to be passed to the Active Contour algorithm in order
segment the artery in more detail.

II. DETECTING THE POINTS ON THE ARTERIAL WALL

As mentioned in the introduction, many successful approaches
for segmenting the artery used Active contour algorithms, the
most weak point in these methods, is that they were initialized
manually or semi-automatically. In this article we exploit the
fact that the image intensity of the lumen area is approximately



Fig. 1. Ultrasound image of CCA, extracted by an object detector, after
thresholding and dilattion

uniform (it appears as a black area) since the lumen only
contains blood, while the other areas are usually composed of
variety of different tissues, and have a non-uniform intensity,
which makes the image profiles of areas containing the artery
distinguishable from those which don’t. The intensity profile
in the vertical direction shown in Fig. 2 demonstrates the tissue
variation. This variation allows us to analyze the variance of
the profile data in different cuts to identify the location of
points on arterial wall. As Fig. 3 shows, the intensity profiles
of areas which contain the artery share a similar pattern (i.e.
the gap in the profile which represents the lumen area), while
intensity profiles of areas which don’t contain the artery have
an arbitrary shape. In this article we classify these profiles into
two groups, those which cross the artery, and those which do
not. In this way we detect accurately the peaks in the profile
which correspond to the edges of the artery wall see Fig. 3.
We used the SVM classifier with different kernels, and we
compared the performance of each one of these kernels in
classifying the intensity profiles.

A. Training and testing data

A set of 29 B-mode ultrasound images, captured by Sonix OP,
have been used for this experiment. All images are an outcome
of an object detector as in [14], and they contain the CCA in
transverse section (see Fig. 1). The images were scanned with
different settings of acquisition hardware (frequency, depth,
gain) and different positioning of a probe the size of each
image is 142× 142 pixels.

B. SVM classifier

The classification was based on image local features ob-
tained from a neighborhood of particular pixels, in addition
to the pixels’ intensity itself. The appropriate selection of
features is crucial for the performance of the classifier. It
is important to select features that separate both classes. In
this implementation, the selected features were- the mean
value in the 8th neighborhood, the standard deviation, median
value, the maximal and the minimal intensity, and others. The
classifier was trained on 249 intensity profiles extracted from

Fig. 2. Ultrasound image of CCA, image profiles are taken according to the
vertical lines

TABLE I
THE STATISTICAL MEASURES FOR EACH KERNEL

Polynomial kernel
accuracy presicion recall
87.13% 86.78% 90.92%

Radial kernel
accuracy presicion recall
92.77% 95.79% 90.64%

Multi-quadric kernel
accuracy presicion recall
52.60% 52.61% 100%

Anova kernel
accuracy presicion recall
95.58% 95.27% 96.86%

Dot kernel
accuracy presicion recall
91.57% 94% 90.83%

the previously described images; these profiles were manually
labeled into two groups, the first one is the positive group,
which is the group of profiles of areas that cross the artery, and
the second group is the negative profiles, which is the group of
profiles for areas outside the artery. The profiles were taken in
the vertical direction, and the starting point of each profile is
shifted by 10 pixels from the adjoining profiles. Each profile
consists of intensity values of pixels along the image, between
the start point, at the first row, and he end point, at the last
row of the image see Fig. 3.

III. EXPERIMENTAL RESULTS

We trained the SVM classifier using 5 different kernels (Poly-
nomial, radial, anova, multi-quadric, and dot). The statistical
measures: accuracy, precision, and recall were calculated for
each used kernel, see equations 1. 2. and 3. The classifier
performance was evaluated using the Cross-validation method;
this method partitions the set of data into a number of
complementary subsets, and performs the training on a group
of subsets (called the training set), and validates the analysis
on the other subsets (usually only one subset is used for
validation, and it is called the testing set). To reduce the
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Fig. 3. (a) image profile according to line number 1, (b) image profile according to line number 5, (c) image profile according to the last line, (d) image
profile according to line number 6. The artery images are rotated by 90 degrees for illustration purpose



variability, multiple rounds of cross-validation are performed
using different partitions (making the training and testing sets
change roles), and the validation results are averaged over the
rounds. In our case we used 10 subsets for training and testing.
The results show a good performance of the SVM classifier
for different kernels, except the multiquadric kernel which had
a poor performance in classifying the profiles.

accuracy =
TP + TN

TP + FP + TN + FN
(1)

presicion =
TP

TP + FP
(2)

recall =
TP

TP + FN
(3)

IV. CONCLUSION

In this article, we presented a new method for automatically
constructing the initial contour that is then given to the Active
contours algorithm. The proposed method is based on the
classification of the intensity profiles of ultrasound images of
the common carotid artery. The input of the method is the
area containing the artery. The used classification algorithm
is SVM. Different kernels are used, and their performance
is compared. The proposed method is highly appreciated in
systems that deal with artery detection and segmentation, as
most of the methods used for segmentation are initialized
manually or semi-automatically. The proposed methosd is
applied on ultrasound images of the transverse section of the
arterial wall, but it can be extended to be used on images of
the longitudinal wall.
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