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Abstract—A direct 3D segmentation method is proposed to
segment carotid plaques from 3D ultrasound images. A 3D level-
set evolution approach was applied to refine the initial plaque
surface constructed by an algorithm described in this paper.
Compared with the previously described 2D slice-by-slice segmen-
tation approach method, this direct 3D segmentation approach
took into account the continuity of the plaque geometry along the
longitudinal direction. Experimental results (total plaque volume
(TPV) difference: 3D 4.5±9.8% vs. 2D 13.3±23.2; Dice similarity
coefficient (DSC): 84.4± 5.8% v.s. 83.7± 5.4%) suggest that the
proposed 3D method outperforms the 2D slice-by-slice approach.

I. INTRODUCTION

Automatic segmentation of the carotid plaques from 3D
ultrasound images is required for monitoring progression and
regression of carotid atherosclerosis [1]. While several algo-
rithms for carotid plaque segmentation from ultrasound images
have been proposed, a majority of these methods segmented
plaques from 2D longitudinal carotid image. A comprehensive
review on the recent progress was given in Loizou [2]. Loizou
et al. [3] segmented plaques in longitudinal images using
various snake models with initialization based on Doppler
blood flow images. Delsanto et al. [4] combined gradient-based
segmentation, a snake method, and a fuzzy K-means algorithm
to segment plaque-plus-vessel complex in longitudinal images.
Destrempes et al. [5] adopted motion estimation and Bayesian
framework to perform segmentation of plaques using RF infor-
mation from longitudinal images. An integrated segmentation
framework was proposed to segment atherosclerotic carotid
plaque in ultrasound videos of the CCA based on video frame
normalization, speckle reduction filtering, M-mode state-based
identification, parametric active contours, and snake segmenta-
tion [6], [7]. Since in carotid US images the contrast is lower at
boundaries parallel to the US beam than boundaries orthogonal
to the US beam, the applicability of those techniques to 3D
ultrasound is unclear. Although segmentation approaches from
2D ultrasound transverse images have been described, they
segmented the initima-media complex (IMC) instead of the
plaque [8]–[11]. Plaque measurement is a more direct indicator
of stroke risk.

Our previous work [12] used outer wall and lumen segmen-
tations as prior knowledge in a level-set framework to segment
2D transverse slices extracted from 3D ultrasound images.
First, for each vertex on outer wall contour, the one-to-one cor-
respondence between the lumen and outer wall contours was
established using the modified symmetric correspondence [13].
Then, initial points were identified. We connected these initial
points to form a closed initial contour, which was subsequently

deformed using a 2D level-set approach. However, there are
two main limitations associated with this approach:

1) The result of the level-set approach is sensitive to
the initial plaque contour constructed by our algorithm. In
our previous method, the prior wall and lumen boundaries
especially wall restricted the searching range for initial points,
sometimes leading to inaccurate initialization of the plaque
contour. The inaccurate wall delineation would cause the
accumulation in error.

2) The previous approach segmented each transverse slice
independently, without taking advantage of the continuity of
the plaque geometry along the longitudinal direction.

Here, we propose a direct 3D carotid plaque segmentation
framework. The contributions of this work are summarized as
follows:

1) The 2D curve evolution in previous work was extended
to 3D surface evolution, incorporating the longitudinal infor-
mation.

2) We utilized a trust level to the prior knowledge, which
reduces the impact of the inaccurate wall delineations.

3) The proposed method was performed on the whole
scanned carotid arteries, including external carotid artery
(ECA) and internal common artery (ICA).

II. METHODOLOGY

The proposed method consists of 3 main steps: 2D initial-
ization on transverse slices with fixed inter-slice distance, 3D
initial surface generation by triangulation and 3D surface evo-
lution using sparse field level-set. Figure 1 gives the flowchart
of the proposed method.

A. Initialization

First we initialize on a stack of 2D slices with inter-
slice distance of 1mm. To improve robustness to segmentation
variations of outer wall, a local intensity change map [14] is
computed to determine the suspicious points on wall boundary.
Chiu et al. [15] has examined the relationship of arterial wall
and lumen segmentation variability with the local intensity
change [14]. Hence, for those suspicious points, the searching
range for initial points is extended by moving the wall point
outwards in the direction of wall-lumen correspondence line
for 0.5mm. Searching criterion of the initial point for each
correspondence line can refer to our previous method [12].
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Fig. 1. Schematic diagram of the proposed method.

After 2D initialization, we obtain a stack of 2D initial
contours. These 2D contours are then triangulated to generate
a 3D surface mesh which is considered as the initial surface,
i.e. the input for 3D level-set evolution. The 2D initial point
selection is merely based on the intensity profile of the line
segment linking points on outer wall and lumen without
considering the information of neighbor initial points, thus
the generated 2D contour on each slice might be unsmooth.
The following 3D level-set incorporates the smoothness term
with image data- and high-level knowledge-based terms, thus
refining the initial surface at the same time keeping it in a
certain extent of smoothness.

B. 3D Level-sets

Sparse field level-set method [16] is adopted to iteratively
evolve the initial 3D surface to achieve the local optimum of
the objective energy function. Each image is represented as
I : Ω ⊂ R3, where R defines the image domain. The evolving
surface is represented implicitly as a level set of a 4D scalar
function - referred to as the level set function Φ(x) : Ω→ R,
and x ∈ R is a voxel within the image domain. The evolving
surface is specified as the set of x with Φ(x) = 0 . During the
segmentation process, the function Φ(x) is iteratively evolved.
In our implementation, Φ(x) is initially defined as a signed
distance function of the initial surface obtained in the previous
initialization step.

The designed objective function consists of four different
terms, i.e. smoothness energy Es, distance restriction energy
Ed [17], local region-based energy El [18] and global intensity
pdf energy Eg [19].

E = λsEs + λlEl + λdEd + λgEg (1)

Where λs, λl, λd and λg are their weights which control
the influence of these energy terms. Their values used in
the experiment were determined by evolutionary strategy (ES)
algorithm [20].

Es controls the smoothness of the evolving surface which
only considers the geometry of the evolving surface. The
definition is given below:

Es =

∫
Ω

|∇H(Φ(x))| dx (2)

where H(·) is regularized Heaviside function.

Distance restriction energy Ed is based on high-level prior
knowledge to keep the evolving surface and outer wall surface
in a reasonable distance [17]

Ed =

∫
Ω

δ(Φ(x))P (x)dx (3)

where P (x) =

{
0 ‖x,MAB‖ ≤ MSD
1 otherwise

, ‖x,MAB‖ repre-

sents the Euclidean distance between x and the MAB (outer
wall). δ(·) denotes the Delta function.

Local region-based energy El and global intensity pdf
energy Eg are image intensity-based terms. El is used to
capture the weak edge between healthy vessel tissue and
plaque [18].

El =

∫
Ω

δ(Φ(x))

∫
Ω

BL(x, x̂)[H(Φ(x̂))(I(x̂)− ux)2

+ (1−H(Φ(x̂)))(I(x̂)− vx)2]dx̂ dx

(4)

where BL(x, x̂) defines a Gaussian kernel centered at voxel x
with radius of r. ux and vx represent the intensity means of
voxels within the kernel region of voxel x inside and outside
the evolving surface respectively.

Eg makes use of the Bhattacharyya distance of the proba-
bility density functions (PDFs) as a measure of the difference
in the intensity pattern [19].

Eg = B(Φ(x)) =

∫
z

√
P−(z|Φ(x))P+(z|Φ(x))dz (5)

where P− and P+ are two smoothed PDFs computed from
the global interior and exterior regions of the surface using
z intensity bins. The Bhattacharyya coefficient B serves as a
measure representing the similarity of the two PDFs.

The computation of all these energy terms takes into ac-
count the longitudinal information compared with 2D level-set.
The evolution will stop when meeting the stopping criterion
(changing volume less than 1.0mm3 between two adjacent
iteration) or after a certain iteration number (here we set it to
1000 iterations). The voxels between the final evolving surface
and lumen surface are regarded as our algorithm output, i.e.
plaque region.

C. Image Acquisition and Evaluation

Both previous 2D method and direct 3D method were
performed on 10 3DUS images obtained from 8 subjects with
carotid stenosis ≥ 60% (according to carotid Doppler flow
velocities). Subjects provided written informed consent to the
study protocol, which was approved by The University of
Western Ontario Standing Board of Human Research Ethics.
All subjects were recruited from The Premature Atherosclero-
sis Clinic and The Stroke Prevention Clinic at University Hos-
pital (London Health Sciences Centre, London, ON, Canada)
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and the Stroke Prevention and Atherosclerosis Research Centre
(Robarts Research Institute, London, ON, Canada). The 3D
US system used in our study has been described in detail
elsewhere and is summarized as follows [1], [21]. The 3D US
images were acquired using an ATL HDI 5000 US machine by
translating a 50 mm L12-5 transducer (ATL-Philips, Bothell,
WA, USA) . The transducer was mounted on a linear motor
assembly, which was moved along the lateral side of the neck
at a constant speed of 3 mm/s for approximately 4.0 cm. The
acquired 2D images were parallel to each other with a pixel
size of 0.1×0.1mm2 and separated by 0.2 mm. Then these 2D
images were reconstructed to a 3D image with the resolution
of 0.1× 0.1× 0.2mm3.

Manual segmentations were used as reference for the
evaluation of segmentation accuracy and obtained by one
expert blind to the subject information manually delineating
the plaque boundaries according to the criterion described in
Landry [22]. 2D method was performed on already resliced
2D transverse images and compared with manual 2D bound-
aries. To offer direct comparison with previous algorithm, 3D
algorithm-generated plaque surfaces were also resliced at 1
mm intervals and compared with corresponding manual bound-
aries. Similar to the 2D method, three different types of metrics
including volume-, region- and distance-based metrics were
used for accuracy evaluation. In this experiment, total plaque
volume (TPV) is defined for individual plaque. We calculated
the absolute TPV difference (∆TPV mm3) and relative TPV
difference (%) as volume-based metrics. Region-based metrics
include the absolute plaque area (PA) difference (∆PAmm2),
relative PA difference (∆PA%) and dice similarity coefficient
(DSC). DSC measures the overlap of two regions:

DSC =
|Rm ∩Ra|
|Rm|+ |Ra|

(6)

where operator | · | here means the area of region. Distance-
based metrics are calculated after the establishment of cor-
respondence two contours using modified symmetric corre-
spondence method [13]. Then mean absolute distance (MAD),
maximum absolute distance (MAXD) and average distance
(AVD) were computed.

III. RESULTS

Both 2D and proposed 3D methods were performed on
10 3DUS images including CCA and two branches (ECA
and ICA) with 13 plaques ranging from 9.5 to 458.0 mm3.
Figure 2 gives a slice-by-slice comparison between manual and
algorithm results for two example arteries. We also compares
the generated surface using manual and algorithm methods in
Figure 3. As shown in Table 1, the proposed method exhibits
higher accuracy than 2D method.

In addition, since total plaque volume (TPV) is a clinically
significant indicator of carotid atherosclerosis, we carried out
the Bland-Altman analysis and Pearson correlation analysis.
As shown in Figure 4, there is a mean bias of 6.6mm3

in quantification of TPV using our method. High correlation
coefficient (r = 0.985) revealed the high linear relationship be-
tween estimated TPVs using proposed method and manually-
generated TPVs.

Fig. 2. Slice-by-slice comparison of manual and algorithm segmentations

Fig. 3. surface comparison of manual and algorithm segmentations

IV. CONCLUSION

In conclusion, we proposed a direct 3D method to segment
carotid plaques from 3D US images. Experimental results sug-
gest that the proposed method is more robust to segmentations
of outer wall and achieve higher segmentation accuracy than
the previous 2D method.

Fig. 4. Bland-Altman plot for total plaque volumes (TPVs) generated by 3D
algorithm and manual methods.
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Fig. 5. Pearson correlation analysis between manual TPV (MTPV) and
algorithm TPV (ATPV).

TABLE I. COMPARISON OF 2D AND 3D METHODS IN SEGMENTATION
ACCURACY.

Metrics 2D method 3D method
∆TPV (mm3) 11.4± 23.1 6.6± 21.3
∆TPV (%) 13.3± 23.2 4.5± 9.8
|∆TPV |(mm3) 13.3± 19.9 15.7± 15.3
|∆TPV |(%) 14.3± 22.5 9.2± 5.1
∆PA(mm2) 1.0± 3.9 1.3± 3.6
∆PA(%) 5.0± 18.7 6.6± 15.8
|∆PA|(mm2) 2.7± 3.0 2.6± 2.8
|∆PA|(%) 13.0± 14.2 13.6± 14.5
DSC (%) 83.7± 5.4 84.4± 5.8
MAD (mm) 0.30± 0.12 0.23± 0.11
MAXD (mm) 1.78± 1.67 1.78± 1.49
AVD (mm) −0.01± 0.16 −0.01± 0.17
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