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Abstract—Vessel extraction is one of the critical tasks in clinical practice.
This communication presents a new approach for vessel extraction using a
level-set-based active contour by defining a novel local term that takes local
image contrast into account. The proposed model not only preserves the
performance of the existing models on blurry images, but also overcomes
their inability to handle nonuniform illumination. The efficacy of the ap-
proach is demonstrated with experiments involving both synthetic images
and clinical angiograms.

Index Terms—Active contours, level set method, local contrast enhance-
ment, medical image analysis, nonuniform illumination, vessel extraction.

I. INTRODUCTION

Vessel extraction is one of the critical tasks in clinical practice. The
complex structure of vessels makes angiogram segmentation a chal-
lenging problem. The vasculatures are very important in planning and
performing neurosurgery and cardiovascular surgery. A comprehensive
review of vessel extraction techniques and algorithms can be found in
[1]. In this communication, we focus on the new development of an-
giogram segmentation based on an active contour model.

Classical snake models [2]–[4] establish a very efficient framework
for image segmentation. However, they cannot handle topological
changes that are required in some applications. A level-set-based
model can handle complex object boundaries with flexible curve
evolutions. Since the level set function is defined in Euclidean space,
it is also easily extendable to higher dimensions.

The level set method [5] was first applied to fronts propagation by
Osher and Sethian [6]. It was then used in shape recovery and isola-
tion of shapes from their background by Malladi, Sethian, and Vemuri
[8]. There are a number of edge-based level-set-based models [9]–[11].
They include the geometric model defined in terms of the mean curva-
ture motion and the geodesic model which defines the problem in Rie-
mannian space.

Chan and Vese developed a region-based model [12], which applies
global statistics to the extraction of objects. This is useful for objects
with blurry boundary and homogenous intensity. In most clinical an-
giograms, however, the vessels are normally not homogenous in inten-
sity. This could be due to several reasons, including limited exposure
to minimize the side effects to the patient in X-ray images, the projec-
tion of the 3-D object to a 2-D image across different depths, or the
artifacts of different imaging techniques. The existing active contour
models using only global statistics are not capable of extracting such
vessels.
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In this communication, we propose a new approach for vessel extrac-
tion using a region-based active contour model by incorporating a novel
local term to enhance segmentation results. The efficacy of the pro-
posed model is demonstrated with both synthetic images and clinical
angiograms. The results are compared with the existing region-based
method [12].

This communication is organized as follows. In Section II, the con-
cept and the formulation of the proposed model are described. Experi-
mental results and conclusions are given in Sections III and IV, respec-
tively.

II. DESCRIPTIONS OF THE MODEL

The proposed active contour model uses a two-stage approach. The
first stage extracts the vessels partially using a global term. The result
is then refined in the second stage using a local term.

We define the vessel as an open subset ! of 
, where 
 is the entire
image space. The evolving curve C in 
 is defined as the boundary
of !. The background outside C denotes the region 
n!. The overall
energy function is defined as J(C) = � FG(C)+ � FL(C), where �
and � are the regulating parameters. Initially, the algorithm sets � = 1
and � = 0. When the global term converges, the algorithm sets � = 0
and � = 1 to activate the local term for the second stage.

A. Global Term

The global term in (1) is basically adopted from the Chan–Vese
model [12]. It divides the image uo into two statistically separated re-
gions, which represent the vessel and the background:

FG(C) = � Length(C) + �1
!

juo(x; y)� c1j
2
dxdy

+�2

n!

juo(x; y)� c2j
2
dxdy (1)

where �, �1, and �2 are the weighting factors; Length(C) is the length
of the curve C . c1 and c2 are the average intensities of the areas inside
and outside C , respectively.

B. Local Term

Only part of the vessels can be extracted by the global term, since
some vessels are statistically different from the globally extracted por-
tions due to nonuniform illumination. We define the novel local term
[7] to address this problem in (2).

FL(C) = �3
�

juN (x; y)�m1j
2
dxdy

+�4
�n�

juN (x; y)�m2j
2
dxdy (2)

where �3 and �4 are the weighting factors, uN is the local contrast
enhanced image generated by a sliding neighborhood function as in
(3), and m1 and m2 are the average values of uN inside and outside
C , respectively. The local term is applied only in the narrowband � as
defined in [8]. The area inside C and within � denotes the region �,
while the area outside C and within � denotes the region �n�.

uN(x; y) =
uo(x; y)�M1

M2 �M1

�Mg (3)

whereM1 andM2 are the minima and maxima of uo among the neigh-
borhoods. Mg is the maximum gray level value of the original image.
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The local contrast will be more sensitive to noise with smaller neigh-
borhood size. At a larger size, it will be less sensitive to noise and will
lose fine detail.

The local term minimizes the variance of the local contrast inside
and outsideC , and we believe the original assumption that the object is
statistically different from the background, including its local contrast.
Due to uneven illumination, the global term alone will fail to capture
the vessels. However, the local contrast between the vessels and the
background remains unchanged. Hence, by applying the local term, the
vessel can be completely extracted.

C. Level Set Formulation

In the level set formulation, the curve C is represented by the zero
level set of a Lipschitz function�. The overall energy function becomes
J(�) = � FG(�) + � FL(�). We then use the Heaviside function H
and the Dirac Delta function �o as defined in [12] to partition the level
set function. The overall energy function can be rewritten in terms of
the H in (4).

J(�)=� �



�o(�(x; y))jr�(x; y)jdxdy

+ �1



juo(x; y)� c1j
2
H(�(x; y))dxdy

+ �2



juo(x; y)� c2j
2(1�H(�(x; y)))dxdy

+ � �3
�

juN(x; y)�m1j
2
H(�(x; y))dxdy

+�4
�

juN (x; y)�m2j
2(1�H(�(x; y)))dxdy : (4)

The averaging constant c1, c2, m1, and m2 can also be rewritten in
terms of H accordingly as in (5).

c1(�) =


uo(x; y)H(�(x; y))dxdy



H(�(x; y))dxdy

c2(�) =


uo(x; y)(1�H(�(x; y)))dxdy



(1�H(�(x; y)))dxdy

m1(�) =
�
uN(x; y)H(�(x; y))dxdy

�
H(�(x; y))dxdy

m2(�) =
�
uN(x; y)(1�H(�(x; y)))dxdy

�
(1�H(�(x; y)))dxdy

: (5)

By keeping c1, c2, m1, and m2 fixed, and minimizing the overall
energy function J(�), the evolution equation can be expressed as in
(6).

@�

@t
= �o(�) � � div

r�

jr�j

� �1(uo(x; y)� c1)
2 + �2(uo(x; y)� c2)

2

(x;y)2


+ � ��3(uN(x; y)�m1)
2

+ �4(uN(x; y)�m2)
2 ](x;y)2� : (6)

We note that the local term with� is only effective in the narrowband.
In the numerical implementation, we put (6) in the form below,

�n+1i;j � �ni;j

�t
= �h(�

n
i;j)

� �
u

h2
�x
�

�x
+�

n+1
i;j

(� � )

h
+

(� �� )

2h

+
�

h2
�y
�

�y
+�

n+1
i;j

(� � )

h
+

(� �� )

2h

� �1(uo;i;j � c1(�
n))2 + �2(uo;i;j � c2(�

n))2

+� � �3(uN;i;j�m1(�
n))2+�4(uN;i;j�m2(�

n))2

(7)

where h is the space step and �t is the time step. In each iteration
n, the narrowband �n is updated according to the level set function
�n. We then fix �n and �n for the calculations of �n+1, and �n+1

numerically.
In the traditional level set method, the reinitialization of the level

set function is required for each iteration. This prevents the level set
function from being flattened. In our algorithm, we ignore the reini-
tialization process when applying the global term. This helps the level
set function to develop and grow interior contours. However, when ap-
plying the local term in narrow band, the reinitialization process is es-
sential to correctly define the narrow band.

III. EXPERIMENTAL RESULTS

In this section, two examples are shown to demonstrate the capability
of the proposed model. They include a synthetic image to illustrate
the idea and a clinical angiogram for feasibility study. The proposed
model is compared with the Chan–Vese model. In the experiments, the
parameters of the models are set as �1 = �2 = �3 = �4 = 1:0, and
the size of the neighborhood for local contrast enhancement is 9� 9.

A synthetic image of a vessel branch with nonuniform illumination
is shown in Fig. 1. The initial contour is set in the center of the image.
The result of the Chan–Vese model shows that it cannot cope with
the changes of the illuminations and fails to extract the vessel branch.
This is because the model only measures the global statistics in the
whole evolution process. When the intensity of the vessel closes to the
mean intensity value of the background, the model treats those ves-
sels as image background. In contrast, the proposed model adaptively
improves the segmentation result across the nonuniform illumination
areas and extracts the entire vessel branch correctly.

We further compare the models with a clinical angiogram as shown
in Fig. 2. The initial contour and some labels are placed in Fig. 2(b).
This is an 168� 168-pixel angiogram of an aortic arch. The Chan–Vese
model can only extract some portions of the right vertebral artery at lo-
cation A, the left carotid artery at location B, and the left subclavian
artery at location C. At location C, for example, it suffers from high
nonuniformity in illumination. The proposed model, by contrast, is ca-
pable of extracting these vessels completely under nonuniform illumi-
nation.
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Fig. 1. (a) Synthetic image with nonuniform illumination. (b) Initial contour.
(c) Result of the Chan–Vese model. (d) Result of the proposed model.

Fig. 2. (a) Aortic arch angiogram. (b) Initial contour and labels. (c) Result of
the Chan–Vese model. (d) Result of the proposed model.

IV. CONCLUSION

We have introduced a new active contour model for vessel extrac-
tion. This model is defined based on the techniques of curve evolutions

by using the level set method. The new approach uses both regional sta-
tistics and local image contrast in the level set formulation. The global
term helps to locate the vessel roughly, while the local term refines the
detailed structures effectively. Applying the global term alone, as in
the Chan–Vese model, fails to extract all the detailed vessels, but if the
global term is ignored, the local term might oversegment the image.
A combination of the two provides a better solution than using one or
other term alone.
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