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Abstract The segmentation of the lumen and vessel wall in Magnetic Resonance
(MR) images of carotid arteries represents a crucial step towards the evaluation of
cerebrovascular diseases. However, the automatic segmentation of the lumen is still
difficult due to the usual low quality of the images and the presence of elements
that might affect the accuracy of the results. In this article, we describe a fully au-
tomatic method to identify the location of the lumen in MR images of the carotid
artery. A circularity index is used to assess the roundness of the regions identified by
the K-means algorithm in order to obtain the one with the maximum value, which
represents the potential lumen region. The boundary of the identified lumen region
is then refined by an active contour algorithm. The proposed method achieved a
maximum Dice coefficient of 0.91 ± 0.04 and 0.74 ± 0.16 in 181 postcontrast 3D-
T1-weighted and 181 proton density-weighted MR images, respectively. Therefore,
the method seems to be promising for identifying the correct location of the lumen
in MR images.
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1 Introduction

The identification of structures in medical images represents an important step to-
wards the assessment of pathologies related to several diseases. In particular, the
segmentation of the arterial system in images acquired from the well-known imag-
ing modalities allows the detection and evaluation of cardiovascular diseases [1, 2].
The most common cardiovascular disease is the atherosclerosis, which is still the
most dangerous disease that affects the majority of people in the world. The ac-
cumulation of fatty material and cholesterol in the walls of the arterial system is
the primary condition to the appearance of atherosclerosis, which reduces the nor-
mal blood flow through the artery and, consequently, leads to events such as heart
attacks and strokes [3, 4, 5].

The advent of novel imaging-based systems contributed to increase the accuracy
in detecting and evaluating the pathologies associated to cardiovascular diseases. Ul-
trasound, computed tomography angiography (CTA) and magnetic resonance imag-
ing (MRI) are examples of imaging diagnostic systems used to identify important
structures of the arterial system and the presence of atherosclerotic plaques. Ad-
ditionally, the building of three-dimensional (3D) models of the diagnosed arterial
system from medical images allows a better envisage of the shape of the artery un-
der analysis and the employment of hemodynamic simulations to evaluate the stress
on the vessel wall [1, 2, 6, 7, 8].

MRI of carotid arteries has been widely used in several studies to identify
atherosclerotic plaques and the associated components in order to analyze the pro-
gression of the disease [9]. Since the composition of an atherosclerotic plaque plays
an important role in the assessment of the risk of its rupture, as well as for neurolog-
ical events, the correct characterization of the components allows the determination
of the instability of the atherosclerotic lesion. However, the segmentation of the lu-
men and outer boundaries of the arterial system plays an important role in evaluating
the atherosclerotic plaque components, since the atherosclerosis is located between
those boundaries.

A fully automatic method for the segmentation of the lumen in MR images of
carotid arteries is described in this article. The analysis of the regions present in
the input MR image is carried out in order to identify the one that represents the
potential lumen of the carotid artery under study. Since the lumen is a low intensity
and circular-shaped region in axial black-blood MR images of the carotid artery, the
use of a circularity index allows the identification of the region with the maximum
roundness that may represents the potential lumen. Then, an active contour method
is applied to refine the boundary of the identified region. The results obtained by the
proposed method were compared against the corresponding manual delineations in
order to evaluate the accuracy of the automatic segmentation.
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2 Materials and methods

In this study, the MR images of the carotid artery used in the research of van Engelen
et al [10] and provided by the authors under request were selected to perform the
experiments. The provided images are regions of interest (ROI) surrounding the
carotid arteries. From the original image dataset, 181 postcontrast 3D-T1W images
and 181 Proton Density Weighted (PDW) images acquired from thirteen patients
were used. In addition to the MR images, masks of the lumen and arterial wall drawn
on each slice of the images used in the experiments were also provided. More details
about the MRI exams are available in van Engelen et al [10].

The diagram of the proposed method is depicted in Figure 1.
Our method has three main stages: pre-processing, segmentation and lumen iden-

tification. The pre-processing stage is adopted to minimize the noisy artifacts and
enhance the contrast of the input MR images. Then, the images are submitted to the
segmentation stage in order to identify the regions with low grayscale intensities,
which include the image background and the lumen regions. The lumen identifica-
tion stage consists of methods used to identify the region corresponding to the lumen
of the carotid artery. The boundary of the identified lumen region is then refined by
an active contour algorithm.

In the pre-processing step, the median filter is applied to minimize the noises in
the input images, whereas the Adaptive Gamma Correction with Weighted Distribu-
tion (AGCWD) proposed by Huang et al [11] is employed to enhance the contrast
of dark regions of the images.

In the segmentation step, the combination of the K-means clustering algorithm
with the subtractive clustering [12, 13, 14] is adopted to separate the regions of the
enhanced MR images. Segmentation based on the subtractive clustering algorithm
was adopted to improve the stability concerning the establishment of the values of
the cluster centroids used in the K-means clustering algorithm.

In the subtractive clustering algorithm, the correct number of cluster centroids
regarding the characteristics of the image under analysis is calculated from the po-
tential of each pixel in the neighborhood as:

Pi =
n

∑
j=1

e
−4‖xi−x j‖2

r2a , (1)

where ||xi− x j|| represents the distance between pixels xi and xj, ra is the radius
representing the neighborhood and n is the number of pixels in the input image.
Equation 1 gives the initial potential of each pixel; then, the pixel having the high-
est potential is selected as the first cluster centroid. The next centroids are found
according to:

Pi = Pi−Pj× e
−4‖xi−x j‖2

r2
b , (2)
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Fig. 1 Diagram of the proposed method.

where Pj represents the highest potential, xj is the pixel with highest potential and
rb is the radius representing the neighborhood. Equation 2 reduces the potential of
the neighbor pixels; then, the next pixel with highest potential is selected as the next
cluster centroid and the process is repeated until the number of cluster centroids has
been reached. In the proposed method, four cluster centroids are defined and the
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intensity value of each pixel is used in the subtractive clustering and in the K-means
algorithm.

Considering the fact that the lumen and background regions are commonly repre-
sented by low grayscale intensities in black-blood MR images, the next step consists
in identifying the regions belonging to the cluster with low intensity values. A bi-
nary image with such regions represented in white and the background represented
in balck is then returned and inputted to the region growing algorithm in order to
obtain all regions separately, being the white pixels used as seeds of the region grow-
ing algorithm. Additionally, regions with less than 1.5% of the total number of the
image pixels are avoided in the next processing steps since such regions are usually
associated to noisy artifacts.

The process of identifying the lumen consists in maximizing a function com-
posed by the following indexes:

• Circularity index (MR);
• Irregularity index (Ir); and
• Center index (d).

Circularity indexes have been commonly used to quantify the roundness of re-
gions in images. In this work, the circularity index proposed by Ritter and Cooper
[15] is used to find the region with the maximum roundness:

MR =
1
N

N

∑
i=1

r̄b

|ri− r̄b|+ r̄b
, (3)

where ri is the radius of the pixel i with respect to the center of the region under
analysis, rb is the average radius and N is the number of pixels [15] of the region
contour. The larger is the mean roundness (MR), the more circular is the region.

In addition to the mean roundness, the irregularity index (Ir) is used to avoid
regions with irregular contours:

Ir = P∗
(

1
SD
− 1

GD

)
, (4)

where P is the number of pixels of the contour of the region under analysis, SD is
the shortest diameter and GD is the greatest diameter of the same contour [16]. If
the difference between SD and GD is equal to 0 (zero) or close to it, the Ir decreases.
Thus, the boundary is more regular in this case.

In addition to the irregularity index Ir, a center index (d) is used to avoid regions
distant from the center of the input image. Since the lumen is located close to the
center of the ROI that surrounds the carotid artery, the distance between the cen-
ter coordinates of the image and the center coordinates of each segmented region
is calculated and used as a term to maximize the proposed circularity index. The
combination of the mean roundness defined in Equation 3 and the inverse of the
irregularity and center indexes is proposed to maximize the following circularity
index:
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E = MR+
1
Ir

+
1
d
, (5)

where MR is the mean roundness, Ir is the irregularity index defined in Equation
4 and d is the distance between the center of the image and the center of each
segmented region. The additional indexes are used to penalize the mean roundness
of regions far from the image’s center or having irregular borders. Therefore, regions
with higher mean roundness and lower irregularity and center indexes have high
probability of being associated to the lumen of the carotid artery.

The Chan-Vese active contour algorithm [17] is then used to refine the contour
of the identified lumen region. The binary image with the lumen region represented
in white is used in the Chan-Vese active contour algorithm to fit the true boundary
of the lumen in the input MR image. Since the gradient of the image is not used,
the Chan-Vese active contour was adopted in this study to handle the common weak
boundaries of the structures present in medical images.

3 Results

The proposed approach was performed on each slice of the postcontrast 3D-T1W
and PDW images with the ground truth provided. The Dice coefficient, polyline dis-
tance, Hausdorff distance and center distance were used to validate the developed
method. The center distance is the difference between the center of the region cor-
responding to the manual delineation and the center of the region corresponding to
the automatically identified lumen. The following parameters were defined for the
automatic segmentation of the lumen: the dimension of the mask of the median filter
was set to 5x5; the radius ra and rb used in the subtractive clustering (see Equations
4 and 5 in Bataineh et al [12]) were set to 1.2 and 1.8, respectively; the number of
cluster of the K-means algorithm was set to 4 (four); and the number of iterations
for further refinament of the lumen contour performed by the Chan-Vese active con-
tour algorithm was set to 200. Examples of segmentation results obtained by the
proposed method along with the corresponding manual delineations are shown in
Figures 2 and 3.

From Figures 2 and 3, one can notice that in all images the location of the lumen
was corrected identified by the automated method.

The error bar plots of the average values of the Dice coefficient, polyline distance,
Hausdorff distance and centroid distance of the automatically segmented lumen in
comparison to the manual delineations for each set of tested images are shown in
Figures 4 and 5, respectively.

The segmentation results obtained from the postcontrast 3D-T1W images were
better than the ones obtained from the PDW images, reaching Dice coefficients rang-
ing from 0.67 ± 0.18 to 0.91 ± 0.04. The lower quality of the PDW images was
responsible to decrease the accuracy of the proposed segmentation method. The dif-
ference between the automatically detected and manually delineated lumen contours
was assessed by using the polyline and Hausdorff distances. For the postcontrast 3D-
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(a) (b) (c) (d) (e) (f)

Fig. 2 Examples of segmentation results obtained from the postcontrast 3D-T1W images: The
input MR images are shown in the first row. The results obtained by the K-means clustering algo-
rithm with subtractive clustering are shown in the second row. The third row contains the lumen
regions identified by the proposed circularity index. The refined contours of the identified lumen
regions along with the corresponding manual delineations are depicted in the forth row. (The con-
tours obtained by the proposed method are shown in green, whereas the contours in red represent
the manual delineations.)

T1W images, the polyline distance ranged from 1.06±0.28 to 4.13 ± 5.69 pixels,
whereas for the Hausdorff distance, the differences ranged from 2.58±1.02 to 9.97
± 9.65 pixels. On the other hand, for the PDW images, the distances calculated by
the polyline distance ranged from 1.44 ± 0.59 to 7.01 ± 4.98 pixels, whereas for
the Hausdorff distance, the differences ranged from 3.60 ± 2.07 to 14.91 ± 7.62
pixels.

It is important to notice that the segmentation errors obtained from the images of
patient 11 contributed to reduce the Dice coefficient for the PDW images, as shown
in the error plot of Figure 5. The presence of noisy artifacts in the PDW images
of this patient and the abnormal shape of the lumen regions were responsible for
the majority of the incorrect segmentations. Additionally, misalignments between
the manual delineations and the real location of the lumen regions might induce
incorrect quantitative analysis of the segmentation results.

4 Conclusions

The challenges regarding the development of methods for the fully automatic seg-
mentation of the lumen and outer boundaries of the arterial system remains a strong
research topic. An automatic segmentation of the lumen in MR images of carotid ar-
teries without user interaction was described in this article. The developed approach
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(a) (b) (c) (d) (e) (f)

Fig. 3 Examples of segmentation results obtained from the PDW images: The input MR images
are shown in the first row. The results obtained by the K-means clustering algorithm with subtrac-
tive clustering are shown in the second row. The third row contains the lumen regions identified
by the proposed circularity index. The refined contours of the identified lumen regions along with
the corresponding manual delineations are depicted in the forth row. (The contours obtained by
the proposed method are shown in green, whereas the contours in red represent the manual delin-
eations.)

Fig. 4 Error bar plots with the average values (marked with an ‘x’) and standard deviation of
the Dice coefficient, polyline distance, Hausdorff distance and center distance obtained for the
postcontrast 3D-T1W images.
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Fig. 5 Error bar plots with the average values (marked with an ‘x’) and standard deviation of the
Dice coefficient, polyline distance, Hausdorff distance and center distance obtained for the PDW
images.

proved to be effective in identifying the correct location of the lumen in MR images.
In spite of the segmentation errors induced by the low quality of the input image and
malformation of the lumen regions, the results showed high overlap and low contour
distances between the automatically segmented lumen and the correspondent man-
ual delineation. The reduction of the number of parameters used in the developed
algorithm is expected to be addressed in future studies. Additionally, the segmenta-
tion of the outer boundary of the carotid artery is expected to be performed in the
next step of our research work.
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