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a b s t r a c t
Liver vessels provide lots of important information for liver-disease diagnosis and liver surgery. This
paper presents an effective liver vessel segmentation method from abdominal computer tomography
angiography (CTA) images. The proposed method applies two techniques including centerline constraint
and intensity model for effective detection of liver vessels, in which the former aims at generating the
position and distance restraints for the detection of thin vessels by the offset medialness ﬁlter and height
ridge traversal algorithm, while the latter is mainly used to extract intensity feature for the detection of
thick vessels based on Kernel Fuzzy C-Means (KFCM). And then, the centerline constraint and intensity
model are integrated into graph cuts for ultimate liver vessel segmentation. The proposed method does
not require any manual selection of the initial vessel regions, and is capable of dealing with complex liver
vessel systems. The experimental results on clinical CTA data sets give an average accuracy, sensitivity,
and speciﬁcity of 97.4%, 83.0%, and 98.1%, respectively, which show the efﬁciency of the proposed method
on liver vessel segmentation.
© 2018 Elsevier Ltd. All rights reserved.

1. Introduction
Liver vessel segmentation from abdominal computer tomography angiography (CTA) images is an essential and vital step
for computer-aided diagnosis, imaging-guided liver radiotherapy
treatments, vessel disease quantiﬁcation, and living-related liver
transplants [1,2], and receives much research attention these days.
For example, it is crucial to provide the surgeon with a patientindividual 3D liver vessel system for the planning of liver surgery,
and helps to locate tumors as well as make the best operation
scheme according to the analyses of liver vessel branching pattern and morphology [3]. In addition, the ablation techniques for
liver cancer also rely on an accurate vessel detection to select the
puncture path [4]. However, automatic segmentation for liver vessels in CTA images is a challenging task due to the affection of
highly ramiﬁed branches, low contrast between thin vessels and
background, pathological deformation, serious noise and intensity
inhomogeneity [5,6]. In fact, a precise segmentation of liver-vessel
system is usually performed by experienced radiologists on each
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slice, which is very dull and also highly laborious task since an
abdominal volume generally consists of hundreds of slices. Moreover, the segmentation accuracy highly depends on the experience
and skills of radiologists.
Several automatic or semi-automatic approaches have been
reported to realize 3D vessel/tubular detection and segmentation,
and they mainly focused on devising effective vessel ﬁlters [7].
Usually, 3D vessels in medical images such as CTA and Magnetic
Resonance Imaging (MRI) can be treated as tubular structures,
appearing as symmetrical circular or elliptic cross-section. Based
on this characteristic, Frangi et al. [8] developed a multi-scale tubular ﬁlter according to the ratio of Hessian eigenvalues, and Jerman
et al. [9] subsequently optimized this ratio by imposing a relaxed
constraint on vessel shape to obtain a close-to-uniform response.
To overcome the disturbance caused by closely located objects
like intertwined or parallel vessels, Xiao et al. [10] introduced a
bi-Gaussian ﬁlter by an integration of two Gaussians with different parameters for the detection of adjacent curvilinear structures.
Compared with the Hessian based approaches, the bi-Gaussian ﬁlter can minimize adjacent disturbances. In [11], Law and Chung
developed an optimal oriented ﬂux ﬁlter to measure tubular structure, which is implemented by computing an optimal projection
direction minimizing the inward oriented ﬂux at the boundary of
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Fig. 1. Example of 3D synthetic vessel image corrupted by different Gaussian noise. (a) Original 3D synthetic vessel image, and (b) and (c) its corresponding Gaussian-noisecorrupted images with  2 =20 and 60, respectively.

localized spheres of different radii. This ﬁlter was veriﬁed to be
robust against image noise and interference of closely adjacent
structures.
Some other efforts have also been made for 3D vessel segmentation. By inspecting capillary effects with incompressible ﬂuid, Yan
et al. [12] introduced a capillary geodesic active contour for the
extraction of thin vessels from MRA images. Cheng et al. [13] introduced an active contour framework with shape and size constrains
on the cross-section of vessels, which starts with a vessel axis tracking in a 3D CTA data, followed by vessel boundary delineation on
the vessel cross-section from this axis, and then applies a snake
model to segment vessels under the shape and size constrains. To
improve the segmentation efﬁciency, Smistad et al. [14] proposed a
fast method for tubular structure extraction utilizing the computational power of modern Graphic Processing Units (GPU), which can
extract 3D vessels in 3–5 s. By regarding the second order intensity
statistics as the forces acting on the deforming surface, a physicsbased deformable surface model was employed by Law and Chung
[15] to extract 3D vessels. This model shows a good performance
on reducing the inﬂuence of intensity contrast ﬂuctuations along
blood vessels. Recently, Wang et al. [16] proposed a thresholding
segmentation algorithm to extract cerebral vessels based on the
comparison of the probability density functions of two statistical
distributions including weighted normal distribution and Gumbel
distribution.
Due to the complexity of liver vessels, especially to the weak
boundary of thin vessels and intensity difference between thin and
thick vessels, simultaneous effective segmentation of these vessels
is still a challenging task. In this paper, we present an effective
method for liver vessel segmentation based on centerline constraint and intensity model. The former is used to generate position
and distance restraints to compensate the weak response of thin
vessels, and the latter learn intensity features of thick vessels. They
are then integrated into graph cuts for an effective segmentation of
liver vessels. Our method is capable of dealing with complex liver
vessels, and achieves better segmentation performances than some
existing 3D vessel segmentation methods.

2. Materials and methods
We evaluate the algorithm through two data sets including
a synthetic data set and a clinical CTA data set. The former is
generated by the VascuSynth software [17,18], a tool to simulate
volumetric images of vascular trees and to generate the corresponding ground truth segmentations. It contains 3 vessel images
with a volume size of 100 × 100 × 100, which are available online at
http://vascusynth.cs.sfu.ca/Data.html (2011 VascuSynth Sample).
To simulate realistic 3D medical images, we add different Gaussian
noise to synthetic images, as shown in Fig. 1, where Fig. 1(a) is an
original synthetic vessel image, and Fig. 1(b) and (c) are its corresponding Gaussian-noise-corrupted images with  2 = 20 and 60,
respectively.
The clinical data set includes six abdominal CTA volumes at the
portal venous phase, two of which are pathologic. Each volume consists of a series of 2D CT slices with 512 × 512 axis plane resolution
and each slice of thickness 0.5–2 mm. The number of slices in each
volume ranges from 212 to 395. For intuitive display, Fig. 2 shows
three typical CT slices acquired from the same abdominal CTA volume, where the closed regions labeled by red curves represent the
liver regions.

2.1. Overview of the proposed method
Fig. 3 shows an overview of the proposed method. It begins
with preprocessing to generate the liver region and remove noise.
Then, according to vessel geometrical structure and shape prior, a
centerline constraint method based on the offset medialness ﬁlter
and height ridge traversal algorithm is proposed for the detection
of thin vessels, and an intensity model based on Kernel Fuzzy CMeans (KFCM) is developed to extract the intensity feature of thick
vessels. Finally, the centerline constraint and intensity model are
effectively integrated into graph cuts cost function to obtain the
ﬁnal liver vessels.

Fig. 2. Typical CT slices acquired from the same abdominal CTA volume.
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Fig. 5. 3D vessel structure and its corresponding eigenvectors, where eigenvectors
v 1 and v 2 span a cross-section, and v 3 indicates the tangent direction.

2.3. Centerline constraint

Fig. 3. Flowchart of liver vessel segmentation.

2.2. Preprocessing
The preprocessing includes three main steps: liver segmentation, window width/level adjusting, and noise ﬁltering. Generally,
to reduce computation burden as well as the disturbance of
unnecessary organs and tissues, such as ribs and fat, liver vessel
segmentation is conducted only in liver region [3,5,19]. Therefore,
a liver segmentation technique based previous works [20–22] is
used to extract the liver region from a series of individual abdominal CTA slices, as shown in Fig. 4(a). According to the segmented
liver results, we then obtain a 3D liver image by registration and
reconstruction (see Fig. 4(b)). For the 3D liver images usually appear
as low contrast and are corrupted by heavy noise, we adjust the
window width/level in a range of [400, 600]/[300, 500] Hounsﬁeld
Units (Hu) to improve their contrast, and use an anisotropic diffusion ﬁlter [23,24] to smooth noise. Fig. 4(c) shows a ﬁltering result
of the obtained 3D liver region. Here, the visualization of 3D images
of Fig. 4(b)–(c) is implemented in MeVisLab [25], using the volume
rendering mode.

To the best of our knowledge, many existing methods like the
intensity- and gradient-based methods fail to detect thin liver vessels because of their low contrast and blurring edges in CTA images.
To handle this problem, a centerline constraint is developed according to the geometric structure of vessels, which mainly includes
vessel thinning, vessel centerline extraction, and thin vessel detection.
2.3.1. Vessel thinning
Vessel thinning is applied to highlight vessel center for the
extraction of vessel centerline. It begins with an offset medialness ﬁlter to detect liver vessels, and combines image gradient to
suppress boundary response.
Usually, the offset medialness ﬁlter is used to measure how well
a circle match the gradient information at the vessel cross-section,
deﬁned by a scale-space Hessian matrix H(I ), where I is a Gaussian smoothed image at scale  [26]. Suppose
i
   the eigenvalues
 
(i = 1, 2, 3) of H are sorted in order as 1  ≥ 2  ≥ 3 , a bright
vessel structure will meet 1 ≈ 2 ≤ 0 and 3 ∼
= 0, with the corresponding eigenvectors v1 and v2 spanning a cross-section and
eigenvector v3 indicating the vessel tangent direction, as shown in
Fig. 5.
Based on the vessel shape feature described by Hessian, the
initial offset medialness ﬁlter is deﬁned as the average gradient
projections taken in radial directions around a circle at the crosssection. It is performed by creating a circle with its center
 x and
radius r on the cross-section and sampling N(N = 2r + 1 ) points

Fig. 4. Example of preprocessing. (a) Abdominal CTA slices and their corresponding liver segmentation results, (b) Original 3D liver image, and (c) ﬁltering result of 3D liver
region.
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ﬁcient according to the value of 2 is used to constrain the shape
of vessel with scale r:
(x, r) = 1 −

2 (x, r)

(3)

b̄2

and therefore the improved offset medialness ﬁlter for scale r can
be deﬁned as:



ϕ(x, r) =

0, if1 > 0 or2 > 0
b̄ ·

(4)

(x, r), else.

To suppress the response of ϕ(x, r) nearby vessel boundaries,
a vessel thinning ﬁlter combining ϕ(x, r) and gradient information is introduced: ω(x, r) = max ϕ(x, r) − D(x, r), 0 (5)where





D(x, r) is the gradient calculated by D(x, r) = b ∇ Ib (x).
To take into account the varieties of vessel radii, a multi-scale
framework is applied to yield the optimal response:
(x) =

Fig. 6. Image gradient of an ideal vessel cross-section, where the arrows represent
the image gradeint.

evenly spaced along this circle. According to the space distribution
of these sample points, the gradient projection of the ith sample
point along radius direction can be calculated by





bi = b ∇ Ib (x + rv˛i )v˛i 

(1)

where ˛i = 2i/N is the rotate angle, v˛i represents the radial direction deﬁned as v˛i = v1 cos ˛i + v2 sin ˛i ,b = r  (0 ≤  ≤ 1), and 
is the scale-normalizing coefﬁcient set as 0.7 in this paper. The
initial offset medialness ﬁlter is deﬁned as
1
bi
N
N−1

b=

(2)

i=0

Since b̄ is sensitive to isolated edges and non-tube-like structures, the symmetry property of tubular structure [27] is considered
to improve the offset medialness ﬁlter. As an ideal vessel crosssection shown in Fig. 6, the directions and amplitudes of gradient
at vessel boundaries appear in a symmetrical distribution, based
on which the variance of sample points 2 (x, r) =

1
N

N−1



2

bi − b̄

i=0

is introduced to evaluate the symmetry of vessel cross-section.
Mathematically, a smaller 2 indicates the cross-section a smaller
deviation from a standard circle, and a circle if 2 = 0, while a larger
2 implies a more asymmetric shape. Therefore, a symmetry coef-

max

rmin ≤r≤rmax

ω(x, r)

(6)

where rmin = 0.5 and rmax = 8.5 in our experiment. In Eq. (6), the
scale r with the maximum ω(x, r) is used to estimate the vessel
radius and the corresponding tangent direction t = v3 . Fig. 7(a) and
(b) show the ﬁltering results of offset medialness ﬁlter and vessel thinning ﬁlter, respectively. As observed, the ﬁltered vessels by
the vessel thinning ﬁlter are obviously thinner than those by offset
medialness ﬁlter, which is beneﬁcial for the analysis of topological
structure of liver vessels.
2.3.2. Vessel-centerline extraction
The vessel-centerline extraction is usually performed by height
ridge traversal algorithm based on the intensity analysis of neighbor voxels. Brieﬂy, it is implemented by tracking the centerline
along neighbor voxel with the highest intensity from a given seed
point. As discussed in Section 2.3.1, the intensities of (·) at the
vessel center are obviously larger than those at the vessel boundaries and therefore, the height ridge traversal algorithm [28] is
performed on (·).
For centerline tracking, the position of seed point should be
conﬁrmed ﬁrstly. Usually, this work is manually done by a trained
observer, which is extremely dull and time-consuming due to the
complexity of 3D liver vessels. Ideally, the seed point is located at
the center of a vessel with the highest intensity among the voxels in same cross-section, based on which, the voxels satisfying
(·) > thseed are selected as the candidate seed points xc s, where
thseed is a threshold set as 40 when the (·) is normalized to [0, 255].
Then, the voxel with the highest intensity inside a cubic region with
its center located at xc is set as a ﬁnal seed point x0 . To give an intuitional display, Fig. 8(a) shows the result of automatic selection of

Fig. 7. Filtering results of liver vessels in Fig. 4(c) with (a) offset medialness ﬁlter and (b) vessel thinning ﬁlter.
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Fig. 8. Example of vessel-centerline extraction. (a) Automatic selection of centerline seeds for Fig. 7(b), (b) illustration for height ridge traversal algorithm, and (c) extracted
vessel centerlines. Note that for better vision, the seeds are labeled in yellow in (a), and the vessel centerlines are labeled in red in (b) (For interpretation of the references to
colour in this ﬁgure legend, the reader is referred to the web version of this article).

centerline seed points for Fig. 7(b), where the seeds are labeled in
yellow for better vision. As observed, the centerline seed points can
be effectively selected, even if some of them are in thin vessels with
low contrast. More importantly, almost all vessel branches have
more than one seed points, which helps to extract more centerlines
compared with those have only one seed point.
Once the seeds are speciﬁed, a height ridge traversal algorithm
is applied to extract vessel centerlines. It starts from a seed x0 and
traverses the height ridge voxels along its positive and negative
tangent directions t0 and −t0 , respectively, as shown in Fig. 8(b).
For each current centerline voxel xi , the following two conditions
hold for its neighbor voxel xin to be a centerline voxel xi+1 :

where “thin vessels” represents the segmentation result by fast
marching, and dc (x) is the Euclidean distance from voxel x(x ∈
/
"thin vessels") to the nearest thin vessel surface.
2.4. Intensity model
The purpose of the intensity model is to detect thick vessels,
which begins with a KFCM algorithm [30] to separate thick vessels
from background, followed by a histogram operation to yield an
intensity probability belonging to vessels and background for each
voxel.
Given a data set Y = {y1 , y2 , ..., yM }, KFCM groups Y into c clusters by minimizing the following objective function:

→

(1) xi xin · ti > 0 and (xin ) > thlow ;
(2) The value (·) of xin is the highest among those of the other
neighbor voxels of xi .

J=

M
c 






|˚(yj ) − ˚(vi ) |
um
ij

2

(8)

i=1 j=1

where um
is the membership of yj belonging to cluster i, and satisﬁes
ij

where thlow is a threshold set as 20 in our experiments. The
ﬁrst condition makes the direction of height ridge traversal algorithm along ti , and simultaneously excludes background and some
vessel-boundary voxels with low intensity. The second condition
is to insure xin is located at the vessel center for the intensity
value of which usually appears as the highest among those of the
voxels in the same vessel cross-section. To maintain the traversal direction, the corresponding tangent direction ti+1 of xi+1 is set
→

as ti+1 = sign xi xi+1 · ti+1 ti+1 . This procedure ends until the (·)
value is smaller than thlow , or the new centerline voxel has been
labeled by another centerline. Fig. 8(c) gives the extracted vessel centerlines for Fig. 8(a), from which we can see that most of
vessel centerlines can be extracted effectively, especially for the
centerlines of some thin vessels with low contrast.

c


uij = 1, m is a fuzzy coefﬁcient and is set as 2 in this paper, vi

i=1

represents the cluster center, and ˚ is a mapping function. The
Euclidean distance from ˚(yj ) to ˚(vi ) is given by

  



|˚ yj − ˚ (vi ) |2 = 2 − 2K yj , vi

where K is a kernel function
 and is
 as Gaussian kernel cal set
culated by K(yj , vi ) = exp

Fcenterline (x) =

1, if x ∈ "thin vessels"
e−dc (x) , otherwise

(7)

−

|yj −vi |2

with FCM = 100 in our

2

FCM

experiments. According to the Lagrange multiply theory, uij and

vi can be iteratively calculated by


uij =

2.3.3. Thin vessel detection
In this section, a fast marching measure [29] is utilized for the
segmentation of thin vessels, which are then applied to generate
the centerline constraint that is used for the construction of the
cost function of graph cuts. To avoid manual selection of the object
regions for the fast marching, the voxels in vessel centerlines are
naturally chosen as seed points.
Usually, the shorter the Euclidean distance from a voxel to the
nearest surface of thin vessels segmented by fast marching, the
more likely the voxel belonging to vessels, based on which the
centerline constraint is constructed by

(9)



1 − K yj , vi

c



−1/(m−1)



1 − K yj , vi

(10)

−1/(m−1)

i=1
M


vi =





um
K yj , vi yj
ij

j=1
M

j=1

um
K
ij



yj , vi

(11)






The iteration procedure ends until J ς +1 − J ς  ≤ , where ς is
the number of iteration and the termination criterion set as 0.01
in this paper.
To make our method robust to noise, the KFCM is performed on
the liver vessel image smoothed by anisotropic diffusion ﬁltering.
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Fig. 9. Clustering results based on KFCM for Fig.4(c). (a)–(c) Clustering results with the intensities of cluster centers at 5.30, 19.38, and 70.56.

Generally, the clustering number c of KFCM is empirically conﬁrmed according to the number of interest objects. For example,
c is set as 2 for liver vessel segmentation, i.e., one cluster represents vessel regions and another background. However, due to the
similar contrast between liver parenchyma and some thin vessels,
many background voxels are improperly grouped into liver vessels. To effectively exclude background region, we set c as 3 in our
experiments. For better understanding, Fig. 9 shows three clustering results for Fig. 4(c), whose associated intensities of cluster
centers are sorted in order from the lowest to the highest and are
intuitionally corresponding to background, transition regions (from
the background to thick vessels), and thick vessels, respectively.
As illustrated before, the proposed method is implemented only
in liver regions rather than in the whole abdominal CTA datasets
to guarantee the intensities of thick vessels are the highest in the
liver regions. Taking this into account, we choose the clustering
result with its cluster center of maximum intensity as the thick
vessels, as shown in Fig. 9(c). For the energy function of graph cuts
is usually expressed by the probabilities of each voxel belonging
to the object and background, like most of the graph cuts based
methods for image segmentation, a histogram operation is performed to generate the intensity probabilities for thick vessels and
background:



hobj (rk ) = Nok ⁄No

(12)

hbkg (rk ) = Nbk ⁄Nb

where rk , k=0,7,2. . .,255, is  the kth grayscale level, No =
max (Nok ), Nb =
max
Nbk , and Nok and Nbk are respec-

k=0,1,...255

k=0,1,...255

tively the voxel numbers of thick vessels and background regions
with grayscale level rk . According to this intensity probability, the
intensity model is deﬁned by



fobj (x) = hobj



fbkg (x) = hbkg



I(x)





(13)

I(x)

2.5. Liver vessel segmentation


p∈P

 

Rp fp +





E=

 

 

˛1 · Fcenterline fp + ˛2 · Fintensity fp

p∈P

+





Bp,q fp , fq



(15)

{p,q} ∈ N,fp =
/ fq

where the components Fcenterline (fp ) and Fintensity (fp ) are deﬁned as



Fcenterline (fp ) =


Fintensity (fp ) =


Bp,q = exp

−

if fp = "object"

fcenterline (p)
1 − fcenterline (p),

if fp = "background"

if fp = "object"

− ln fobj (p),

− ln fbkg (p), if fp = "background"
(I(p) − I(q))
2g2

2



·

1
dist(p, q)

(16)

(17)

(18)

where dist(p, q) is the distance between voxel pair p and q, g is the
standard deviation of the intensity differences between neighboring voxels and is set as 1 empirically, , ˛1 , and ˛2 are the weight
coefﬁcients and are set as 1.0, 0.7, and 0.3 in this paper, respectively.
As the segmentation result may contain few hollows caused by
noise or low intensity, a hole-ﬁlling operation is conducted for postprocessing. In addition, some small isolated regions also appear in
the segmentation result due to some signiﬁcant noise, and these
regions are usually incorrectly grouped into the vessels. According
to the connectivity of the liver vessels, we reclassify the isolated
regions whose volumes are less than 20 voxels as the background
in this paper.
3. Experimental results

In this section, a graph cuts integrated with the centerline constraint and intensity model is applied to segment liver vessels due
to its global optimization and efﬁcient calculation [31–33]. For a
set of voxels (also called pixels for 2D images) P and binary labels
L, L = {0, 1}, the goal of graph cuts is to ﬁnd a labeling f : P → L to
minimize the energy function:
E=

The region term Rp represents the cost of voxel p assigned to label
fp , which is usually expressed by a negative log-likelihood of foreground or background intensity models. The boundary term Bp,q is
used to penalize the discontinuity between voxel pair p and q.
By the combination of centerline constraint and intensity model,
the energy function of graph cuts can be reconstructed as



Bp,q fp , fq



(14)

{p,q} ∈ Ap ,fp =
/ fq

where R and B are the region term and boundary term, respectively, Ap is the neighboring voxels for the voxel p, and f represents
mapping function from the set of voxels P to the set of labels L.

The proposed method is conducted in a computer with i74700MQ 2.4 GHz CPU, 16 GB RAM memory, and a 64-bit Windows
7 Operating System. The running time of the proposed method,
coded by Matlab and C++, is about ten minutes for a typical 3D liver
image with size of 300 × 300 × 300 in our experiments.
Fig. 10 presents the segmentation results of synthetic vessels
with different noise levels, where the ﬁrst and second columns are
the synthetic images corrupted by Gaussian noise with  2 = 20
and 60, respectively, and the third and fourth columns are their
corresponding segmentation results. As observed, the proposed
method can effectively segment both of thin and thick vessels from
the Gaussian-noise-corrupted images with  2 = 20, and can also
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Fig. 10. Segmetnation results of synthetic vessel images with different noise levels. The ﬁrst and second columns are the synthetic images corrupted by Gaussian noise with
 2 = 20 and 60, respectively, and the third and fourth columns are their corresponding segmentation results.

Table 1
Segmentation performance (Dice overlap) comparison of different methods on
Gaussian-noise-corrupted images with  2 = 20 and 60, respectively.
Methods

Cheng et al. [13]
Cetin et al. [34]
Ours

Data2

Data1

Data3

 2 = 20

 2 = 60

 2 = 20

 2 = 60

 2 = 20

 2 = 60

0.938
0.923
0.946

0.907
0.908
0.930

0.946
0.935
0.947

0.912
0.917
0.920

0.949
0.941
0.957

0.929
0.928
0.915

preserve the smoothness of vessel surfaces and the continuity of
vessel shapes; with the increasing of noise, the vessel surfaces are
not so smooth, but almost all of the vessels are still successfully
segmented.
For quantitative analysis, we introduce Dice overlap measure
and compare our method with the those in [13] and [34], as shown
in Table 1. Generally, the larger the Dice overlap, the better the segmentation result. From Table 1 we can see that the segmentation
performance of our method are superior to those of the methods
in [13] and [34] for the images corrupted with low level Gaussian noise, say,  2 = 20. When the variance of Gaussian noise is
increased to 60, the Dice overlap of our results is not so good compared with the other two methods for Data3. However, it performs
best on Data1 and 2.
In clinical data set experiments, Fig. 11 displays the vessel detection results by centerline constraint and intensity model for four
randomly chosen liver images, where the ﬁrst row is the liver vessel
images by adjusting window width/level, and the second and third
rows are their corresponding detecting results using the centerline
constraint and intensity model, respectively. It can be found from
the second row that most of the thin vessels in the second row are
effectively detected, even if they suffer from serious low intensity
and weak boundary, but some thick vessels fail to be detected. Contrarily, the third row shows good detection results for thick vessels,
the thin vessels are not so good detected due to their low contrast.

Table 2
Segmentation performance comparison of different methods.
Methods

Accuracy

Sensitivity

Speciﬁcity

Method in [19]
Method in [24]
Method in [35]
CV model
Our method

0.981
0.977
0.973
0.977
0.974

0.742
0.798
0.723
0.713
0.830

0.993
0.986
0.989
0.990
0.981

Therefore, for effective detection of both thin and thick vessels, we
integrate the centerline constraint and intensity model into graph
cuts.
The ﬁrst through forth rows in Fig. 12 show the vessel segmentation results of the original liver vessel images in Fig. 11 with
the methods in [19,35], CV model [36], and the proposed method,
respectively. To make the comparison as fair as possible, all the
methods are performed only in the liver regions to reduce the disturbance of the adjacent organs and tissues of livers. In addition,
the parameters of the methods in [19,35], and CV model are also
optimized to achieve the best segmentation results. As shown in
Fig. 12, the segmentation results of the proposed method include
more thin and thick vessels than those included of the methods in
[19,35], and CV model.
In order to quantify the segmentation performance of the proposed method, three commonly used evaluation measurements
[37] including accuracy, sensitivity, and speciﬁcity are adopted in
this paper. In addition, to generate the ground truth, a trained operator was invited to manually segment liver vessels with the help
of ITK-SNAP tools, and an experienced radiology expert was then
invited to correct the segmented results slice by slice.
Table 2 illustrates the segmentation performances of different
methods on six liver CTA data sets, from which we can see that
the average segmentation accuracy, sensitivity, and speciﬁcity of
the proposed method are 97.4%, 83.0%, and 98.1%, respectively. The
accuracy and speciﬁcity of the proposed method are close to those
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Fig. 11. Comparison of centerline constraint and intensity model for liver vessel detection. The ﬁsrt row is the original liver vessel images by adjusting window width/level,
and the second and third rows are the deteteion results by centerline constraint and intensity model, respecteively.

Fig. 12. Liver vessel segmentation results of different methods for four original liver vessel images in Fig. 11. The ﬁrst through forth rows give segmentation results of the
methods in [19,35], CV model, and the proposed method, respectively.

of the methods in [19,24,35], and CV model, while the sensitivity
of the proposed method is obviously higher than those of the other

four methods, which indicates that our method is able to segment
the liver vessels more effectively.
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Fig. 13. Impacts of centerline constraint and intensity model on segmentation results of liver vessels. (a) Original liver vessel image, (b)-(c) segmentation results of the
proposed method working without intensity model and without centerline constraint, respectively, and (d) segmentation result of the proposed method.

To further certify the impacts of centerline constraint and intensity model, respectively, on the segmentation performances of the
proposed method, we give an example to indicate the segmentation results of two different cases: A. the proposed method working
without intensity model (i.e., the weight coefﬁcients ␣1 and ␣2 in
Eq. (15) are set as 1 and 0, respectively); and B. the proposed method
working without centerline constraint (i.e., the weight coefﬁcients
␣1 and ␣2 in Eq. (15) are set as 0 and 1, respectively).
Fig. 13(a) shows an original liver vessel image by adjusting
window width/level, and Fig. 13(b) displays the liver-vessel segmentation result of case A. As observed, the thin vessels can be
effectively segmented, but there exists obvious over-segmentation,
i.e., many background voxels near the vessel boundaries are incorrectly grouped into vessels, which is mainly because the centerline
constraint is sensitive to the Euclidean distance from the voxel to
the nearest surface of thin vessels, ignoring the inﬂuence of the
image intensity. Fig. 13(c) gives the segmentation result of case
B, which shows a good performance on the segmentation result
of thick vessels, however, a few thin vessels fail to be segmented
because of their low intensities. Fig. 13(d) shows the segmentation
result of synthetically considering the performances of centerline
constraint and intensity model by integrating them into the energy
function of graph cuts (See Eq. (15)), from which we can ﬁnd both
of the thin and thick vessels are effectively segmented compared
with the segmentation results of cases A and B, which can also be
observed from some details closed in the green circles.
4. Discussion
In this paper, we develop an efﬁcient centerline constraint and
intensity model based method for liver vessel segmentation. As is
well known, liver vessels in CTA images usually suffer from low
contrast, serious noise, and the intensity inhomogeneity between
the thin and thick vessels and therefore, an effective segmentation
of liver vessels is not easy task. Especially, due to the elongated and
highly branched structures, the task will become more difﬁcult.
For example, the intensity-based methods, such as the 3D region
growing and empirical threshold, are very hard to effectively segment both of thin and thick vessels for the intensity inhomogeneity,
and active contour model usually relies on a larger propagating
coefﬁcient to drive the active contour into the thinner and weaker
vessel regions, which easily leads to over-segmentation. Therefore,
to deal with the complex liver vessels, the introduction of more vessel prior, or fusion of different methods have attracted increasing
research attention. Based on this idea, a centerline constraint and
an intensity model are proposed in this paper by make use full of
the positon and intensity information, which are then incorporated
into the graph cuts for the effective segmentation of liver vessels.
To detect the thin vessels with low contrast and blurring boundaries, a centerline constraint is proposed by analysis of vessel
geometrical structures. It starts with a medialness ﬁlter to highlight
3D vessels, followed by a height ridge traversal algorithm to extract
vessel centerlines, which is used for the generation of positon and

distance restraints. To learn the intensity information of thick vessels, we adopt a KFCM algorithm for initial vessel segmentation,
and construct an intensity model from these segmented vessels.
Finally, the centerline constraint and intensity model are effectively
integrated into graph cuts for automatic liver vessel segmentation.
The proposed method is tested on six clinical CTA volumes.
Experimental results show that our method can segment liver vessels effectively with an average accuracy, sensitivity, and speciﬁcity
of 97.4%, 83.0%, and 98.1%, respectively, and contains more thin vessels compared with the methods in [35] and CV model, as shown
in Fig. 12. In fact, by introducing an extra local centerline constrain
to compensate the weak response of thin vessels, it is also superior to our previous works in [19] and [24], where the former only
considers the global intensity distribution for graph cuts, while
the latter mainly focuses on the application and optimazation of
machine learning in 3D vessel recognization, ignoring the further
study of local position feature. The proposed method is also tested
on a synthetic data set, and the quantitative results indicate that
our method outperforms some existing vessel methods in term of
Dice overlap. In addition, as the centerline constraint and intensity model are learnt from each speciﬁc CTA volume, the proposed
method can handle the variations on the geometrical structures of
different vessels. Thus, we can conclude that the proposed method
is a competitive liver vessel segmentation method.
There also exist some drawbacks in our method. For example, it takes longer running time compared with the GPU-based
method [14] and the method in [35], and the surface of liver vessels segmented by our method is not so smooth compared with
some existing methods. In addition, our method does not consider
the identiﬁcation of hepatic and portal veins, and a few thick vessels with too low contrast fail to be segmented. This is mainly
because the intensity model only emphasizes the vessels with high
intensities and the centerline constraint only works well nearby
the centerlines. To handle these problems, we will attempt to use
more effective and faster segmentation schemes to identify different vessel systems and increase the robustness and efﬁciency of the
proposed method in future work.
5. Conclusions and future work
This paper presents an effective liver vessel segmentation
method based on centerline constraint and intensity model. It does
not require the labeling of seed points for initial vessel regions,
which is a tedious and time-consuming work in clinical application,
and avoids heavy training procedure as done in the machine learning based methods. To deal with the low contrast, highly branched,
and inhomogeneous liver vessels, we adopt two different measures,
i.e., a centerline constraint and an intensity model, for effective
detection of these thin and thick vessels. The former aims at generating the position and distance restraints of thin vessels by offset
medialness ﬁlter and height ridge traversal algorithm, which helps
to compensate the weak response of thin vessels with low contrast
and blurring boundaries, while the latter is applied to automatically
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learn the intensity feature of thick vessels based on KFCM. Finally,
the combination of the centerline constraint and intensity model
is incorporated into the graph cuts, so that liver vessels can be recognized effectively and automatically without manual selection of
the source and sink seeds.
The performance of the proposed method is validated on a synthetic data set and a clinical CTA data set. The experimental results
show that the developed method receive better segmentation performance in terms of the accuracy, sensitivity, speciﬁcity, and the
segmentation results of the proposed method contain more thin
vessels than some existing 3D vessel segmentation approaches. In
addition, as the combination of centerline constraint and intensity
model can perform well to general tubular structures, our method
is capable of extending to other 3D vessel segmentation and dealing
with the variations in liver vessel structures.
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