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ARTICLE INFO ABSTRACT

Keywords: Purpose: This study aimed to propose a method to semi-automatically segment lumen of carotid artery on TOF-
Carotid artery MRA images with well performance on images with weak boundary.

Segmentation Methods: The proposed method modified traditional level set method with double adaptive threshold (DATLS).

Level set method
Double adaptive threshold
TOF-MRA

Two thresholds were calculated from probability density function of initial region of interest. Threshold Th1 was
used to generate initial contour and threshold Th2 was used to control evolution by modifying energy function of
the level set. The performance of the proposed method was tested on TOF-MRA images from CARE II study via
using manual delineation as reference. Sixty cases were randomly selected to compare the performance of
traditional level set with DATLS, all 283 cases were used to test the robustness of DATLS and 20 cases were used
to compare the intra- and inter-operator reproducibility of manual delineation with DATLS. The Dice Similarity
Coefficient, Mean Contour Distance and Hausdorff Distance between the proposed method and the manual
segmentation were reported.

Results: Traditional level set failed to segment carotid artery on 13 cases because of over convergence. Compared
to traditional level set, DATLS showed a higher DSC (0.88 = 0.07 vs. 0.75 * 0.15), lower MCD
(0.48 = 0.37mm vs. 1.89 * 2.24mm) and HD (1.41 = 1.11 mm vs. 459 * 4.59 mm) in the remaining 47
cases. The average DSC, MCD and HD of DATLS on 283 cases were 0.87 = 0.09, 0.64 + 0.87 mm and
1.76 * 2.23 mm, respectively. Compared to manual delineation, DATLS had better reproducibility on DSC
(intra-operator: 0.97 + 0.09 and inter-operator: 0.97 = 0.09 vs. intra-operator: 0.91 + 0.04 and inter-op-
erator: 0.91 *= 0.04), as well as MCD (intra-operator: 0.08 + 0.18 mm and inter-operator: 0.13 * 0.52 mm vs.
intra-operator: 0.35 * 0.20mm and inter-operator: 0.37 = 0.19mm) and HD (intra-operator:
0.30 £ 0.66 mm and inter-operator: 0.48 = 1.38 mm vs. intra-operator: 0.99 + 0.79 mm and inter-operator:
0.90 = 0.85mm).

Conclusion: Compared to traditional level set, DATLS out-performed on computing time, robustness and accu-
racy of segmentation on TOF-MRA. The proposed method using modified level set with double adaptive
threshold might be a promising tool for lumen segmentation of carotid artery on TOF-MRA.

1. Introduction transient ischemia attack [1]. It has been well demonstrated that geo-
metric characteristics of carotid arteries are associated with athero-

Carotid artery atherosclerosis is a kind of systemic inflammatory sclerotic disease [2,3]. Therefore, geometric evaluation of carotid ar-
disease that eventually causes arterial luminal stenosis and is closely teries plays an important role in predicting the processing of
correlated with cerebrovascular ischemic events, such as stroke or atherosclerotic disease. Magnetic resonance angiography (MRA), such

Abbreviations: DATLS, level set method with double adaptive threshold; MRI, Magnetic Resonance Imaging; MRA, magnetic resonance angiography; TOF, time-of-
flight; MIP, maximum intensity projection; LS, traditional level set method; DSC, Dice Similarity Coefficient; MCD, Mean Contour Distance; HD, Hausdorff Distance;
CCA, common carotid artery; ICA, internal carotid artery; ECA, external carotid artery; CTA, Computed Tomography Angiography; PDF, probability density function
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as time-of-flight MR angiography (TOF-MRA), has been proved as an
efficient imaging technique in assessing vascular morphology due to its
high spatial resolution and large coverage [4,5]. TOF-MRA exploits
inflow-enhancement effect. When flowing into stationary tissue, the
fully magnetized (unsaturated) fresh blood exhibits significantly
stronger signal than saturated tissue [6]. However, the signal of par-
tially saturated blood becomes weak and the lumen of carotid artery
exhibits weak boundary if blood flow is slow or disturbed. This phe-
nomenon often occurs near vascular plaques and segmentation of vessel
boundary is thus a challenge [7].

Segmentation of vessel lumen on MRA images is a critical step to
characterize vascular morphology. However, traditional segmentation
was to manually delineate the contour of vessel on each slice by radi-
ologists and hence became time-consuming and heavily dependent on
operator's experience. Therefore, some automatic and semi-automatic
methods had been developed for fast segmentation. Among all seg-
mentation methods, the level set method had been widely used on
vessel segmentation because of its adaptability to clinical application
[8]. Manniesing et al. [9] modified the level set method by combining
the intensity and homogeneity features in carotid artery segmentation
on Computed Tomography Angiography (CTA) images. Lu et al. [10]
used a level set method with non-local robust statistics (NLRSS) to
suppress noise in hepatic vessel segmentation. Hutter et al. [11] opti-
mized the level set method to improve segmentation accuracy via in-
corporating skeleton information. Thus, the performance of level set
methods in segmentation majorly relied on the selection of prior in-
formation and the construction of level set formulation.

Intensity information is a common prior information in segmenta-
tion. Many methods using intensity information had been proposed,
such as K-means algorithm [12], region growing [13] and intensity
statistics models [14-16]. Jodas et al. [12] combined K-means algo-
rithm and active contour in coronary artery segmentation. Xiao et al.
[13] applied region growing with detected seed points to segment
cerebrovascular on multiple-feature fused enhanced images. Wang et al.
[14] extracted the cerebral vessels with the threshold, which was cal-
culated by comparing Gumbel distribution and unilateral normal dis-
tributions. Freiman et al. [15] constructed a prior intensity probability
density function (PDF) for graph cut method to identify carotid vas-
culature in CTA. Considering significant contrast between the fully
magnetized (unsaturated) fresh blood and saturated tissue, threshold
might be an important information in carotid artery segmentation.

In the present study, an algorithm using level set with double
adaptive threshold (DATLS) was proposed for semi-automatic seg-
mentation of carotid artery on TOF-MRA images. The paper was further
structured as follows: Section 2 described the traditional level set
method and details of proposed algorithm; Section 3 showed the results
of segmentation and the evaluation of DATLS performance. Discussion
and conclusion were presented in Section 4 and Section 5 respectively.

2. Materials and methods
2.1. Dataset

A total of 283 carotid arteries from a study of Chinese
Atherosclerosis Risk Evaluation (CARE II) [17] were used in the present
study. The study protocol was approved by the Institution Review
Board. The data were acquired in 13 medical centers and hospitals in
China equipped with 3.0 Tesla MR scanner. Three-dimensional time-of-
flight (3D-TOF) was scanned in the transverse direction and a standard
protocol of 3D-TOF used the following parameters: in-plane field of
view = 140 mm X 140 mm, acquisition matrix = 512 X 512, slice
thickness = 2mm, flip angle =20°, number of slices = 48,
TR = 20ms, TE = 4.9 ms. The boundaries of lumen manually deli-
neated by experienced radiologists were used as the golden standard for
validation.
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2.2. Traditional level set method

In traditional level set method proposed by Chunming Li et al. [18],
a contour C is represented by zero-level curve of the function ®, which
is expressed as C = {(x, y) |® (%, y) =0}. The calculation process that
the original contours deform into the blood vessel contour is given by
the minimization of certain energy function with respect to ®. The
energy function is written as Eq. (1)

E(¢) = uP(¢) + AL($) + vA(#) €9)

where P(¢) is internal energy to penalize the deviation of @ using a
signed distance function during curve deformation. The second term L
(®) is a length-weighted term that smoothed the contour. The third
term A(®) is an area-weighted term to maintain area. If v > 0, the
contour shrinks, whereas if v < 0, it expands. it will stop at object
boundaries. These energy functions are defined as below:

P@) = [, 5 (Vg 1-1rdxdy

@
L@ = [ 85(3)|Veldxdy ©)
A@) = [ gH(~¢)dxdy @

where @ is the 2D image domain, § is the Dirac function, and H is the
Heaviside function. g is an edge-detector which could be defined as Eq.
(5),

1

X)) = ——
g(x.y) 1+ IVIg(x,y) P

)
where Ig(x,y) = I(x,y) * G,(x,y) represents the convolution of image I
(raw image) and a Gaussian kernel with standard deviation o. g(x,y)
ranges from O to 1. This point might be located near contour when g
(x,y) is close to 0 and homogenous background when g(x,y) is close to
1.

2.3. DATLS

The segmentation of carotid artery images began at proximal
common carotid artery and ended at distal branches. In first step, each
slice was smoothed with Gaussian filter (o0 = 5) and a circular ROI was
generated with an initial point. Second, double adaptive threshold Th1
and Th2 were computed from PDF of intensity in ROI. Thl was used to
get initial contour of segmentation and Th2 was used to modify energy
function in level set method. Third, contour of carotid artery was seg-
mented with modified level set. An overview of DATLS was presented in
Fig. 1 and details on three segmentation stages in each slice were de-
scribed below.

2.3.1. Generation of initial ROI
Generation of initial ROI was different in the first slice, slices before
and after bifurcation:

a) In the first slice at common carotid artery (CCA), an initial point was
manually selected to generate a circular ROI with a radius of 25
pixels.

b) In slices from CCA to bifurcation, initial point was mass center of
contour segmented in the previous slice and a circular ROI was
generated with a diameter equal to 1.5 times major axis of seg-
mented contour in the previous slice.

¢) In slices from bifurcation to distal branches, initial point on external
carotid artery (ECA) or internal carotid artery (ICA) was mass center
of corresponding contour in the previous slice and a circular ROI
with a diameter equal to 2 times major axis of corresponding con-
tour in the previous slice.
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Fig. 1. Segmentation process in each slice. In the figure of probability density function (PDF), blue asterisk indicates the threshold Th1, Purple asterisk indicates the
threshold Th2. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

2.3.2. Double adaptive threshold calculation

After initial ROI was generated, double adaptive threshold was
calculated from PDF of intensity in ROI. Th1 was the minimum between
two largest peaks in PDF and Th2 was the first value greater than -1e-4
after lowest value in derivative of PDF.

For images with clear vessel boundaries, the PDF of ROI was char-
acterized as a bimodal shape in which the first peak represented
background region and the second one represented the vessel region.
Segmentation with Th1 could well distinguish vessel from background
area. On images with weak boundary, Thl became very high and thus
segmented region was smaller than vessel region. Therefore, on images
with weak boundary, Thl was corrected by the thresholds of the pre-
vious two slices in order to move initial contour close to boundary.
Correction equation for Thl was as follows,

Thl;

Thl,_, + Thl,_, + Thi,

[ lioa = Lt 20 (00<) ThY, — Th1,, 1<200)
Thl,_, + Thi,

7% (I Th1; — Thl,_, 1>200)

(I Th1; — Thl;_, 1<100)

(6)

where i represented the current slice. After Th1 correction, Thl was not
the valley point between two largest peaks (Fig. 1 and Fig. 4).

On images with weak boundary, lower or higher Th2 may occur due
to the irregular shape of PDF, which would contribute to over-expan-
sion of segmented contour or under-segmentation. Therefore, Th2 of the
previous slice was used to correct current Th2 and correction equation
was as follows:

Th;

Th2;_; + Th2;
2

(|Th2; — Th2;_, 1<100)
Th2; =
(|Th2; — Th2;_1 1>100)
@)
Moreover, difference between Thl and Th2 should be larger than
100, a further correction for Thl was execute according to equation as
below,

Thl; = max(Thl;, Th2; + 100) (€)]

In slices with branches, two Thls were calculated from PDF of the
ECA and ICA while Th2 was the minimum of Th2s of ECA and ICA.

2.3.3. Modified level set

In this step, initial contour was generated by Th1 at first. Segmented
areas with pixels < 20 were excluded. In slices with branches, two in-
itial contours generated on the ECA and ICA branches, respectively.
Then, contour expanded using level set with modified area-weighted
term by Th2. The area-weighted term modified by Th2 in energy
function was defined as:
A@) = [ sgnl - Th2) « gH (~¢)dxdy ©
where sgn represented Symbolic function and sgn(I—Th2) functioned as
a mask preventing contour from over-expansion. Final energy function
was written as below:

E@) = [, 30V¢ 1-Dldxdy + 2 [ g8()IVgldxdy + v [,

sgn(I — Th2) * gH (—¢)dxdy (10)

If the current segmentation results did not have overlapped area
with the results of the previous slice, the contour would be abandoned.

2.4. Evaluation

To evaluate the performance of DATLS, the vessel was divided into
four segments with same length equal to 10 mm (Fig. 2): (1) proximal
CCA (pCA1l); (2) vessel from proximal CCA to bifurcation (pCA2); (3)
vessel from bifurcation to distal branches (dCA1); (4) distal branches
(dCA2).

Dice Similarity Coefficient (DSC), Mean Contour Distance (MCD)
and Hausdorff Distance (HD) were used to evaluate the performance of
two methods and calculated in each segment according to the equations
below [19,20],

2% (ANB)

Dice Similarity Coefficient (DSC) =
ty Coefficient (DSC) = =~ *0,

(1)
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Fig. 2. Segments of carotid artery. CCA: common carotid artery; ICA: internal
carotid artery; ECA: external carotid artery; dCA2: segments at the distal carotid
bifurcation; dCA1: segments just after carotid bifurcation; pCA2: segments just
before carotid bifurcation; pCAl: segments at the proximal common carotid
artery; a, b, ¢, d represent TOF images from different cases with weak bound-
aries in four segments, respectively.

Mean Contour Distance (MCD)

1] 1 1
= E(@ D, d(a,8B) + B )y d(b,aA)]

a€dA bedB (12)
Hausdorff Distance (HD)
= max(max(min(d (a,dB))),max(min(d (b, BA))))
a€dA beaB 13)

where d represented absolute distance, A and B represented segmen-
tation results of two method.

Additionally, 20 cases were randomly selected for intra- and inter-
operator reproducibility analysis. Two experienced operators
(> 10years) analyzed each carotid artery by manual delineation and
DATLS. Intra-operator reproducibility was analyzed via comparing two
contours delineated by same radiologist with 2 month's interval. Inter-
operator reproducibility was analyzed via comparing the delineations
from two radiologists, who were blinded to each other.

3. Experiments and results

Segmentation was implemented in MATLAB R2016a environment
on the computer with a 3.4GHz Core (TM) i7-2600 CPU and 8GB

Table 1
Comparison of traditional level set method and DATLS.
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Table 2
Evaluation of the segmentation on 283 carotid arteries.

Mean + SD (n = 283)

DSC MCD (mm) HD (mm)
pCAl 0.89 + 0.06 0.45 = 0.29 1.05 * 0.67
pCA2 0.90 = 0.05 0.48 = 0.24 1.44 *= 0.66
dCAl 0.87 = 0.08 0.58 = 0.64 1.82 + 1.81
dCA2 0.80 = 0.12 1.05 + 1.49 2.73 = 3.78
average 0.87 = 0.09 0.64 = 0.87 1.76 + 2.23

DSC: dice similarity coefficient; MCD: mean contour distance; HD: Hausdorff
distance.

memory. The proposed method was compared with traditional level set
method proposed by Li et al. [18]. In traditional level set method, p was
fixed at 0.23, while A and v should be adjusted manually for each case.
For the proposed method, u = 0.23, A = 4000, v = —700. The iteration
number in two methods were both 60.

In present study, all cases were used to evaluate robust performance
of DATLS and 60 cases were randomly selected to compare the per-
formance of traditional level set method with DATLS. Segmentation
with traditional level set cost 15-20 min for each case, while calcula-
tion cost of DATLS was < 4 min.

Among 60 cases, 13 cases failed in contour segmentation with tra-
ditional level set on account of excessive convergence. The comparisons
between two methods using remaining 47 cases were shown in Fig. 4
and Table 1. Compared to traditional level set, DATLS showed a higher
DSC (0.88 = 0.07 vs. 0.75 = 0.15), lower MCD (0.48 + 0.37 mm vs.
1.89 = 2.24mm) and HD (1.41 * 1.11 mm vs. 4.59 = 4.59 mm).

Table. 2 showed the performance of DATLS for 283 carotid arteries.
The mean of DSC, MCD and HD were 0.87 = 0.09, 0.64 + 0.87 mm
and 1.76 + 2.23mm, respectively. Among four segments, dCA2 ex-
hibited lowest DSC (0.80 #= 0.12) and highest MCD (1.05 = 1.49 mm)
and HD (2.73 * 3.78 mm), while pCA2 showed highest DSC
(0.90 = 0.05) and pCA1 showed lowest MCD (0.45 + 0.29 mm) and
HD (1.05 * 0.67 mm).

The intra- and inter-operator reproducibility of manually delinea-
tion and DATLS were summarized in Table 3. Compared to manually
delineation, DATLS showed a higher DSC (intra-operator: 0.97 + 0.09
and inter-operator: 0.97 = 0.09 vs. intra-operator: 0.91 + 0.04 and
inter-operator: 0.91 = 0.04), lower MCD (intra-operator:
0.08 = 0.18mm and inter-operator: 0.13 * 0.52mm vs. intra-op-
erator: 0.35 *= 0.20 mm and inter-operator: 0.37 = 0.19 mm) and HD
(intra-operator: 0.30 = 0.66 mm and inter-operator: 0.48 * 1.38 mm
VS. intra-operator: 0.99 = 0.79mm and inter-operator:
0.90 = 0.85mm).

4. Discussion

In this study, a modified level set with double adaptive threshold
(DATLS) was proposed to semi-automatically delineate the contour of
carotid artery on TOF-MRA images. Comparing to traditional level set,

LS vs DATLS (n = 47)

(Mean = SD)

DsSC MCD (mm) HD (mm)
pCAl 0.84 = 0.09 vs 0.90 + 0.05 0.57 = 0.49 vs 0.41 + 0.25 1.53 * 1.17 vs 1.02 = 0.60
pCA2 0.80 = 0.10 vs 0.90 * 0.05 1.02 * 0.80 vs 0.47 + 0.23 2.89 + 1.58 vs 1.45 = 0.72
dCA1 0.67 = 0.15 vs 0.88 *= 0.05 2,95 = 2.19vs 0.42 = 0.23 7.13 = 4.46 vs 1.43 = 0.90
dCA2 0.62 = 0.18 vs 0.82 = 0.09 3.90 = 3.15vs 0.61 *= 0.61 8.77 = 6.02vs 1.74 = 1.74
average 0.75 = 0.15 vs 0.88 * 0.07 1.89 + 2.24vs 0.48 + 0.37 4.59 = 459vs1.41 = 1.11

DSC: dice similarity coefficient; MCD: mean contour distance; HD: Hausdorff distance.
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Table 3
Reproducibility.
Mean + SD (n = 20)
Manual Semi-automated
Intra-observer  Inter-observer  Intra-observer  Inter-observer
DSC 0.91 + 0.04 0.91 + 0.04 0.97 + 0.09 0.97 = 0.09
MCD (mm) 0.35 + 0.20 0.37 + 0.19 0.08 = 0.18 0.13 + 0.52
HD (mm) 0.99 + 0.79 0.90 + 0.85 0.30 + 0.66 0.48 + 1.38

DSC: dice similarity
distance.

coefficient; MCD: mean contour distance; HD: Hausdorff

DATLS exhibited robust performance via using the intensity features as
a constraint during evolution.

In normal carotid artery, PDF of ROI is characterized as a bimodal
shape. The largest peak in PDF represents background (background
peak) while the second largest peak represents enhanced blood flow in
vessel (flow peak). Thus, the minimum between two peaks would be a
threshold functioning well on distinguishing background from vessel.
However, turbulence and disturbed flow are common in bifurcation or
carotid artery with plaque and contributable to inhomogeneity of signal
in vessel as well as weak boundary of carotid artery on TOF images.
Therefore, PDF of ROI is not bimodal in carotid artery with weak
boundary because a peak (false peak) might appear between back-
ground peak and flow peak or flow peak is not obvious. When false peak
appears, Thl is low and initial contour will be larger than vessel
boundary and when flow peak is not obvious, Th1 is high and initial
contour will be far smaller than vessel boundary. In most carotid

Magnetic Resonance Imaging 63 (2019) 123-130

arteries with weak boundary, flow peak cannot be obviously detected.
In the present study, evolution of contour is to expand from inner to
boundary and adaptive threshold Th2 controls deformation of contour.
A lower Th2 will lead to an over-expanded initial contour and hence
failure on segmentation, while a higher Th2 will slow expansion of
contour and not reach to true boundary when iteration is over.
Therefore, a threshold correction using information of the previous slice
was proposed to eliminate the influence caused by turbulence and
disturbed flow in the present study. Abnormal Th1 could be prevented
by considering similarity of features between two adjacent slices.

Additionally, signal inhomogeneity in vessel makes it a challenge to
detect boundary of vessel during evolution. Considering mechanism of
TOF-MRA, vessel wall which is also stationary tissue exhibits similar
feature with background and this similarity leads to difference of PDF
between stationary tissue and blood flow on images. In the present
study, the first zero point after minimum in derivation of PDF was set as
a threshold to control the evolution of contour. However, PDF of ROI
will fluctuate between background peak and flow peak in carotid artery
with weak boundary. This fluctuation favors the profile of in-
homogeneity of signal in vessel and leads to appearance of abnormal
peak in PDF of stationary tissue. Therefore, Th2 was also corrected by
Th2 in the previous slice in this study. Besides, evolution will be con-
strained if Thl is close to Th2. As a solution, a further correction of
difference between Th1 and Th2 was executed to guarantee segmenta-
tion with level set.

Fig. 3 exhibited adaptive adjustment of Thl and Th2 along from
proximal CCA to distal branches. In the present study, threshold seg-
mentation with Thl reduced evolution time via generating an initial
contour close to true boundary. Energy term modified by Th2 controlled

Thl & Th2
1500 T T T T T T T T T T
= Thl
1000 —Th2 |
>
=
w
Casel g 50 W
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Fig. 3. Examples of vessels with its threshold Th1 and Th2 from the proximal common carotid artery to the distal branch vessels. The blue lines represent the values
of Th1 and the purple lines represent the values of Th2. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of

this article.)
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Fig. 5. Examples of results that were not accurately segmentated. The red contours represent gold standards delineated by experienced radiologists, the yellow
contours represent the results calculated by DATLS. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this

article.)

active contour deformation and terminated evolution at true boundary.
Deformation of contour in traditional level set largely depended on
parameters setting, while DATLS was non sensitive to parametric var-
iation. Besides, DATLS also out-performed on calculation cost and
segmentation accuracy compared with traditional level set (Table. 1)
and robustness (Table. 2). In addition, compared to manual delineation,
DATLS showed better intra- and inter-operator reproducibility. As
mentioned above, we believed that DATLS might be a potential method
for carotid artery segmentation.

Table. 2 summarized performance of DATLS on DSC, MCD and HD
at each vessel segment. It showed that the performance of DATLS at
pCA1 and pCA2 was better than that at dCA1 and dCA2. According to
inflow-enhancement effect, signal intensity of blood flow on TOF-MRA
is associated with velocity of blood flow and angle between blood flow
and imaging plane. At proximal CCA which is perpendicular to imaging
plane, contrast between blood flow and stationary tissue is strong.
However, signal intensity becomes weak in distal branches after bi-
furcation due to decreased velocity and inclined direction of blood flow
[11,21,22]. Moreover, plaques often present near bifurcation and dis-
turb blood flow nearby [3,23,24]. Therefore, at segments dCA1 and
dCA2, weak boundary always appeared and segmentation result was
not as well as that at pCA1 and pCA2.

This study suffered from several limitations. First, DATLS performed
not well if image quality was poor or signal intensity of blood flow was
inhomogeneous (Fig. 5). In fact, it's also a challenge for radiologists to
delineate truth ground in some cases which lumen boundary was not
obvious. Second, DATLS was a semi-automatic method in which a point
was selected manually to generate ROI in first slice. In addition, seg-
mentation result in the previous slice could provide prior information,
however, bias might be accumulated and subsequent segmentation
would be influenced. This accumulated bias was contributable to poor
segmentation at segments dCA1 and dCA2 comparing with pCA1 and
pCA2. Last, only TOF-MRA was used in the present study. The seg-
mented contour might be closer to truth ground via using other imaging
sequences, such as T1-weighted or T2-weighted.

5. Conclusion

In our study, the well performance of modified level set with double
adaptive threshold has been validated by testing on CARE II study da-
taset. Our results suggested that the proposed method might be a pro-
mising method for semi-automatic segmentation of carotid artery on
TOF-MRA.
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