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a b s t r a c t

In this paper, a new region-based active contour model, namely local region-based Chan–Vese (LRCV)

model, is proposed for image segmentation. By considering the image local characteristics, the

proposed model can effectively and efficiently segment images with intensity inhomogeneity. To

reduce the dependency on manual initialization in many active contour models and for an automatic

segmentation, a degraded CV model is proposed, whose segmentation result can be taken as the initial

contour of the LRCV model. In addition, we regularize the level set function by using Gaussian filtering

to keep it smooth in the evolution process. Experimental results on synthetic and real images show the

advantages of our method in terms of both effectiveness and robustness. Compared with the well-know

local binary fitting (LBF) model, our method is much more computationally efficient and much less

sensitive to the initial contour.

& 2012 Elsevier Ltd. All rights reserved.
1. Introduction

Image segmentation is the process of dividing images into
meaningful subsets that correspond to surfaces or objects. It is a
fundamental problem in the field of computer vision, because
recognition and reconstruction often rely on this information
[1,2]. To solve the problem, many researchers have done great
efforts and proposed a wide variety of methods for image
segmentation [3–5].

The active contour model (ACM) that is proposed by Kass et al. is
one of the most successful models for image segmentation [6]. The
basic idea of ACM is to evolve a curve to extract the desired object
based on an energy-minimizing method. An advantage of ACM for
image segmentation is that it partitions an image into sub-regions
with closed and smooth boundaries. In early works the explicit
snake model with a standard parametric curve representation was
used [6,7]. However, it cannot conveniently deal with topological
changes like the merging and splitting of the evolving curve. To
over this drawback, many methods have been proposed, in which
the most important and successful one is the PDE-based level set
method introduced by Osher and Sethian [8]. It generalizes the
Euler–Lagrange equation and evolves the interface which is repre-
sented implicitly as the zero level set of a function. An outstanding
characteristic of level set methods is that contours can split or
merge as the topology of the level set function changes. Therefore,
the level set methods can detect more than one boundary
ll rights reserved.
simultaneously, and multiple initial contours can be placed. This
flexibility and convenience provide a means for an automatic
segmentation by using a predefined set of initial contours.

Without loss of generality, most of the ACMs studied under the
level set framework can be categorized into two types: edge-based
[8–10] and region-based [11–18] ones. The edge-based models
utilize image gradient to construct force to direct the contours
toward the boundaries of desired objects. These models are not
only very sensitive to the noise, but also difficult to detect the weak
boundaries. Moreover, the segmentation result is highly dependent
on the initial contour placement. The region-based models utilize
the image statistical information to construct constraints, which
have many advantages of region-based approaches when com-
pared with edge-based methods. First, they do not depend on the
image gradient, and can satisfactorily segment the objects with
weak boundaries. Second, by utilizing the global region informa-
tion, they are generally robust to the noise.

The Mumford–Shah model, as a general image segmentation
model, is firstly proposed by Mumford and Shah [12]. In this
model, the image is decomposed into some regions that each
region is approximated by a smooth function. The optimal
partition of the image can be derived by minimizing the
Mumford–Shah functional. However, the functional is non-con-
vexity in generality, which make it difficult to be minimized.

One of the most popular region-based models is the Chan–
Vese (CV) model [14], which is based on a simplified Mumford–
Shah functional for segmentation. The CV model has been
successfully applied for images with two regions which have a
distinct mean of pixel intensity. But, in the CV model, the image
intensities are assumed to be statistically homogeneous in each
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region. However, the assumption does not hold for some general
images, which limits its applications.

To solve the limitations of the CV model, Vese and Chan [15]
and Tsai et al. [16] proposed two similar region-based active
contour models by minimizing Mumford–Shah functional [12].
These models, widely known as piecewise smooth (PS) models,
are based on a piecewise smooth description of the images. The PS
models have exhibited certain capability of handling intensity
inhomogeneity. However, the computational cost of the PS
models is rather expensive due to the complicated procedures
involved.

Recently, to solve the problem caused by intensity inhomogene-
ity, Li et al. proposed a local binary fitting (LBF) model [19]. Because
of using local region information, specifically local intensity mean,
the LBF model can cope with intensity inhomogeneity. Some related
methods were recently proposed in [18,20] which have similar
capability of handling intensity inhomogeneity as the LBF model.
However, to some extent these methods are still sensitive to initial
contour, which holds back their practical applications.

To improve the robustness to initialization, Wang et al. con-
sidered to combine the local intensity information and the global
intensity information [21,22]. When the contour is far away from
object boundaries, the force from the global intensity information
is dominant and has large capture range. When the contour is
close to the object boundaries, the force from the local intensity
information becomes dominant, which attracts the contour
toward and finally stops the contour at object boundaries. The
technique of using global image information can improve the
robustness to the initialization of contours. However, when the
contour is close to the object boundaries, the interference from
the global intensity force will result in the deviation of contour
from the real object boundary.

In this paper, a new region-based active contour model, named
local region-based Chan–Vese (LRCV) model, for image segmenta-
tion is proposed. By introducing the local image information into
the proposed model, the images with intensity inhomogeneity
can be effectively segmented. At the same time, to avoid the
manually initialization, a degraded CV model is presented whose
segmentation result is taken as the initial contour of the LRCV
model. In addition, we use the Gaussian filtering to regularize our
level set function, which keeps the level set function smooth.
Experimental results on some synthetic and real images show the
advantages of our method in terms of efficiency and robustness.
Moreover, comparisons with the well-know local binary fitting
(LBF) model also show that our method is more computationally
efficient and robust to the location of initial contour.

The rest of this paper is organized as follows. In Section 2, we
review some well-known region-based models and their limita-
tions. The LRCV model is proposed in Section 3. The degraded CV
model is introduced in Section 4. The implementation and results
are given in Section 5. This paper is summarized in Section 6.
2. The review and discussion of related works

2.1. The Mumford–Shah model

The idea of Mumford–Shah function for image segmentation is
to find an optimal contour C that partitions the image domain into
disjoint sub-regions, and an optimal piecewise smooth function
u(x) that fits the original image I(x) within each of the sub-
regions. This can be formulated by minimizing the following
energy functional:

EMS
ðu,CÞ ¼ l

Z
O
ðIðxÞ�uðxÞÞ2dxþn

Z
O\C
ru
�� ��2dxþmLengthðCÞ ð1Þ
where C is a smooth and closed curve, I(x) is the observed image
data, u(x) represents the piecewise smooth approximation to with
discontinuities only along C, and O denotes the image domain.
The parameters l, n and m are positive constants. Usually, the first
term in Eq. (1) is called the data fidelity term, which is taken as
the measurement of u(x); the second term is called the smooth-
ness term, which is the prior model of u(x)given C; and the third
term is called the prior model of C which penalizes excessive arc
length. With these terms, the Mumford–Shah function based
image segmentation can be performed by minimizing the energy
functional over all the contours that fit u(x). However, due to
different nature of the two unknowns: the contour C and the
function u(x), and the non-convexity of the function as well, it is
not easy to find the optimal solution to the above energy
functional. For practical applications, many works [14,18–20]
have been reported to simplify or modify the above Mumford–
Shah functional, including the several well known approaches
reviewed below.

2.2. The Chan–Vese (CV) model

Based on the special case of Mumford–Shah problem where
the image I(x) in the Eq. (1) is a piecewise constant function, Chan
and Vese proposed an active contour approach for 2-phase image
segmentation [14]. The basic idea is to look for a particular
partition of a given image I(x) into two regions, one representing
the objects to be detected and the other representing the back-
ground. For a given image I(x) on the image domain O, they
proposed to minimize the following energy function:

ECV
ðc1,c2,CÞ ¼ l1

Z
in Cð Þ
ðIðxÞ�c1Þ

2dxþl2

Z
out Cð Þ
ðIðxÞ�c2Þ

2dx ð2Þ

where C represents the curve, the constants c1 and c2 denote the
average intensities inside and outside the curve, respectively, and
the coefficients l1 and l2 are fixed parameters.

In the Chan–Vese model, they also have a regularizing term,
such as the length of C and the area inside C to control the
smoothness of the boundary. Therefore, the energy ECV(c1,c2,C) is
defined by

ECV
ðc1,c2,CÞ ¼ l1

Z
in Cð Þ
ðIðxÞ�c1Þ

2dxþl2

Z
out Cð Þ
ðIðxÞ�c2Þ

2dx

þmLengthðCÞþuAreaðinðCÞÞ ð3Þ

Using the level set to represent C, that is, C is the zero level set
of a Lipschitz function f(x), we can replace the unknown variable
C by the unknown variable f(x), and the energy function
ECV(c1,c2,C) can be written as

ECV
ðc1,c2,fÞ ¼ l1

Z
O
ðIðxÞ�c1Þ

2HðfðxÞÞdxþl2

Z
O
ðIðxÞ�c2Þ

2
ð1�HðfðxÞÞÞdx

þm
Z
O
dðfðxÞÞ rfðxÞ

�� ��dxþu
Z
O

HðfðxÞÞdx ð4Þ

where H(f) and d(f) are Heaviside function and Dirac function,
respectively. Generally, the regularized versions are selected as

HeðzÞ ¼ 1
2 1þ 2

p arctan z
e
� �� �

deðzÞ ¼ 1
p

e
e2þ z2

zAR

(
ð5Þ

Keeping f(x) fixed and minimizing the energy ECV(c1,c2,f) with
respect to the constants c1 and c2, we have

c1ðfÞ ¼
R
O

IðxÞHðfðxÞÞdxR
O

HðfðxÞÞdx

c2ðfÞ ¼
R
O

IðxÞð1�HðfðxÞÞÞdxR
O
ð1�HðfðxÞÞÞdx

8>>><
>>>:

ð6Þ
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In fact, c1 and c2 are given by

c1ðfÞ ¼ averageðIÞ inffZ0g

c2ðfÞ ¼ averageðIÞ inffo0g

(
ð7Þ

At the same time, keeping c1 and c2 fixed, we minimize
ECV(c1,c2,f) with respect to f(x), and deduce the associated
Euler–Lagrange equation for f(x). Parameterizing the descent
direction by an artificial time t, we can obtain the corresponding
variational level set formulation as follows:

@fðx,tÞ

@t
¼ dðfÞ �l1ðIðxÞ�c1Þ

2
þl2ðIðxÞ�c2Þ

2
þmdiv

rf
rf
�� ��
 !

�u

" #

ð8Þ

The CV model has good performance in image segmentation
due to its ability of obtaining a larger convergence range and
being less sensitive to the initialization. However, the CV model is
only adapted for 2-phase image. If the intensities with inside C or
outside C are not homogeneous, the constants c1 and c2 will not
be accurate. As a consequence, the CV model generally fails to
segment images with intensity inhomogeneity. Similarly, more
general piecewise constant models in a multiphase level set
framework are not good at such images either [15].

2.3. Local binary fitting active contour model (LBF)

To overcome the difficulty caused by intensity inhomogene-
ities, Li et al. proposed the local binary fitting (LBF) model [19,20],
which can utilize the local intensity information. In the LBF
model, two spatially varying fitting functions f1(x) and f2(x) are
introduce to approximate the local intensities on the two sides of
the contour, and for a given point xAO, the local intensity fitting
energy is defined by

ExðC,f 1,f 2Þ ¼ l1

Z
in Cð Þ

gðx�yÞðIðvÞ�f 1ðxÞÞ
2dyþl2

Z
out Cð Þ

gðx�yÞðIðyÞ�f 2ðxÞÞ
2dy

ð9Þ

where l1 and l2 are positive constants, g(y) is a Gaussian kernel
function, and f1(x) and f2(x) are two values that approximate
image intensities inside and outside contour C, respectively.

The above local fitting energy Ex(C,f1(x),f2(x)) is defined for a
center point x. For all the center point x in the image domain O,
the energy function can be defined by

ELBF
ðC,f 1ðxÞ,f 2ðxÞÞ ¼

Z
O

ExðC,f 1ðxÞ,f 2ðxÞÞdx ð10Þ

Inserting Eq. (9) into Eq. (10), and using the level set function
f to represent the contour C, we have

ELBF
ðf,f 1ðxÞ,f 2ðxÞÞ ¼ l1

Z
O

Z
O

gðx�yÞðIðyÞ�f 1ðxÞÞ
2HðfðyÞÞdy

� �
dx

þl2

Z
O

Z
O

gðx�yÞðIðyÞ�f 2ðxÞÞ
2
ð1�HðfðyÞÞÞdy

� �
dx ð11Þ

For more accurate computation involving the level set function
and its evolution, we regularize the level set function by penaliz-
ing its deviation from a signed distance function. At the same
time, we also have a regularizing the length of C to control the
smoothness of the boundary. The two terms can be characterized
by the following energy function:

ER
ðfÞ ¼ m

Z
O
dðfðxÞÞ rfðxÞ

�� ��dxþn
Z
O

1

2
ð9rfðxÞ9�1Þdx ð12Þ

Therefore, we can define the following energy function:

ELBF
all ðf,f 1ðxÞ,f 2ðxÞÞ ¼ ELBF

ðf,f 1ðxÞ,f 2ðxÞÞþER
ðfÞ ð13Þ

Keeping level set function f fixed, and minimizing the func-
tion ELBF

all ðf,f 1ðxÞ,f 2ðxÞÞ in Eq. (13) with respect to the function f1(x)
and f2(x), we have

f 1ðxÞ ¼
gðxÞ½HðfðxÞÞIðxÞ�

gðxÞHðfðxÞÞ

f 2ðxÞ ¼
gðxÞ½1�HðfðxÞÞIðxÞ�

gðxÞ½1�HðfðxÞÞ�

8<
: ð14Þ

Fixing f1(x) and f2(x), we minimize the energy function
ELBF

all ðf,f 1ðxÞ,f 2ðxÞÞ with respect to f, and have the gradient descent
flow

@f
@t
¼ dðfÞ mdiv

rf
rf
�� ��
 !

�l1e1þl2e2

 !
þn r2f�div

rf
rf
�� ��
 ! !

ð15Þ

where e1 and e2 are the functions as below

e1 ¼
R
Ogðy�xÞ IðxÞ�f 1ðyÞ

�� ��2dy

e2 ¼
R
Ogðy�xÞ IðxÞ�f 2ðyÞ

�� ��2dy

8<
: ð16Þ

Because of using local region information, specifically local
intensity mean, the LBF model is able to provide desirable
segmentation results even in the presence of intensity inhomo-
geneity. At the same time, the time-consuming re-initialization
step widely adopted in traditional level set methods is avoided by
introducing a new penalizing energy to the regularization term.
As a result, the time-consumption is heavily decreased. However,
the computational cost is still very high, which is pointed out by
Zhang et al. [18]. In addition, the LBF model is sensitive to
initialization to some extent [21], which limits its practical
applications.

2.4. The local Chan–Vese (LCV) model

Wang et al. proposed a local Chan–Vese (LCV) model which can
utilize both global image information and local image information
for image segmentation [22]. For the LCV model, the energy
functional which consists of three parts: global term EG, local term
EL and regularization term ER is defined as following:

ELCV
¼ aEG

þbEL
þER

ð17Þ

where a and b are fixed constants, the global term EG is from the CV
model and the local term EL is defined by as below

EL
ðd1,d2,CÞ ¼

Z
in Cð Þ
ðgkIðxÞ�IðxÞ�d1Þ

2dxþ

Z
out Cð Þ
ðgkIðxÞ�IðxÞ�d2Þ

2dx

ð18Þ

where gk is an averaging filter with k� k size, d1 and d2 are the
intensity averages of the difference image gkI(x)� I(x) inside C and
outside C, respectively.

Representing the contour with zero level set and minimizing
ELCV, the following variational formulations can be obtained:

c1 ¼

R
O

IðxÞHðfðxÞÞdxR
O

HðfðxÞÞdx

c2 ¼

R
O

IðxÞð1�HðfðxÞÞÞdxR
O
ð1�HðfðxÞÞÞdx

8>>><
>>>:

ð19Þ

d1 ¼

R
O
ðgkIðxÞ�IðxÞÞHðfðxÞÞdxR

O
HðfðxÞÞdx

d2 ¼

R
O
ðgkIðxÞ�IðxÞÞ 1�HðfðxÞÞð ÞdxR

O
1�HðfðxÞÞð Þdx

8>>><
>>>:

ð20Þ

@f
@t
¼ dðfÞð�aðI�c1Þ

2
þaðI�c2Þ

2
ÞþdðfÞð�bðgkI�I�d1Þ

2

þbðgkI�I�d2Þ
2
ÞþmdðfÞdiv

rf
rf
�� ��

 !
þr

2f�div
rf
rf
�� ��
 !

ð21Þ
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To easily analyze the local term of the LCV model, we discard
the global term and the regularization term in the energy
functional Eq. (17), and let

I0ðxÞ ¼ gkIðxÞ�IðxÞ ð22Þ

Inserting Eq. (22) into Eqs. (18), (20) and (21), we have

EL
ðd1,d2,CÞ ¼

Z
inðCÞ
ðI0ðxÞ�d1Þ

2dxþ

Z
out Cð Þ
ðI0ðxÞ�d2Þ

2dx ð23Þ

d1ðfÞ ¼
R
O

I0 ðxÞHðfðxÞdxR
O

HðfðxÞdx

d2ðfÞ ¼
R
O

IðxÞð1�HðfðxÞÞdxR
O
ð1�HðfðxÞÞÞdx

8>>><
>>>:

ð24Þ

@f
@t
¼ dðfÞð�bðI0ðxÞ�d1Þ

2
þbðI0ðxÞ�d2Þ

2
Þ ð25Þ

Comparing Eqs. (24) and (19), Eq. (25) and the first term in
Eq. (21), respectively, we can find the local term of LCV model is
same as the global term except that the original image I(x) is
substituted by I0(x). The transformation from I(x) to I0(x) defined
by Eq. (22) is a high-pass filter which can result in the appearance
of the double contours. At the same time, the edges of the
transformed image I0(x) are blurred.

Form above analysis, the local term EL of the LCV model can be
regarded as the energy function that the CV model acts on the
image I0(x) transformed from I(x). So, to some extent, the LCV
model can be taken as the CV model acting on the image which is
a combination of the original image I(x) with its transformed I0(x).
As is well known to all, the CV model is only suitable for the
image with piecewise constant intensities or approximately
piecewise constant intensities. However, it is impossible for
the transformation I0(x) defined by Eq. (22) to become an image
with piecewise constant intensities or approximately piecewise
Original im

Convolved

10 20 3
50

100

150

200

Fig. 1. The segmentation of the LCV model. (a) Original image with size 50�50; (b) in

image. (e) The intensity value in the middle row of the original image (solid line) and its

row of transformed image. ‘þ ’ and ‘� ’ are the signs of intensity value.
constant intensities. So, it is difficult to obtain right segmentation
result from the LCV model.

The technique of using global image information can improve
the robustness to initialization of contours. However, when the
contour is close to object boundaries, the interference from the
global intensity force will result to the deviation of contour from
the real object boundary. At the same time, the double contours
will appear and the edge position becomes blurred and inaccurate
in the LCV model. Furthermore, the LCV model can be taken as the
CV model acting on the image which is a combination of the
original image and its transformed. To some extend, the LCV
model is also a CV model. So, it is difficult for the LCV model to
satisfactorily segment the image with intensity inhomogeneity.
3. Local region-based Chan–Vese (LRCV) model

In this section, we present and discuss in detail the proposed
local region-based Chan–Vese (LRCV) model. In the CV model, the
parameters c1 and c2 are constants that represent respectively the
average intensities inside and outside the curve. For a point xAR2,
its intensity can be approximated by a weighted average of the
image intensity I(y) where y is the neighborhood of x. Therefore,
we can replace the two constants c1 and c2 of the CV model by the
following functions which are spatially varying.

c1ðxÞ ¼

R
O

gkðx�yÞðIðyÞHðfðyÞÞÞdyR
O

gkðx�yÞHðfðyÞÞdy

c2ðxÞ ¼

R
O

gkðx�yÞðIðyÞð1�HðfðyÞÞÞÞdyR
O

gkðx�yÞð1�HðfðyÞÞÞdy

8>>><
>>>:

ð26Þ

where gk is a Gaussian kernel function.
From Eq. (26), we can see that gk(x�y) can be taken as the

weight assigned to each intensity I(y) at y. Due to the localization
property of the kernel function gk, the contribution of the
age 

 image 
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itial contour; (c) final segmentation result with kernel size 9�9; (d) transformed

corresponding convolved image (dashed line). (f) The intensity value in the middle
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intensity I(y) to c1(x) and c2(x) decreases and approaches to
zero as the point y goes away from the center point x. Therefore,
c1(x) and c2(x) are dominated by the intensities of the points
in a neighborhood of the point x, which is similar to the LBF
model. If gk is an averaging filter and the size of its window is
infinity, the function c1(x) and c2(x) become constants which
represent the average intensities inside and outside the curve,
respectively, and obviously the LRCV model degenerates to the CV
model. In this sense, the CV model is a special case of the
LRCV model.

Substituting Eq. (26) into Eq. (2), we can obtain the energy
functional of the proposed model as follows:

Eðc1ðxÞ,c2ðxÞ,CÞ ¼ l1

Z
in Cð Þ
ðIðxÞ�c1ðxÞÞ

2dxþl2

Z
out Cð Þ
ðIðxÞ�c2ðxÞÞ

2dx

ð27Þ
Fig. 3. Comparisons of the LBF model, the LCV model and the LRCV model on segme

degraded CV model. Column 1: initial contours; Column 2: segmentation results by

segmentation results by the LRCV model.

Fig. 2. Segmentation results by the LCV model. (a) Initial contour; (b), (c), (d),

(e) and (f) are the segmentation results with (a¼0, b¼1), (a¼0.01, b¼1), (a¼0.1,

b¼1), (a¼1, b¼1) and (a¼1, b¼0), respectively.
Using the level set function f to represent the contour C in the
domain O, the energy functional can be rewritten as

Eðc1,c2,fÞ ¼ l1

Z
O
ðIðxÞ�c1ðxÞÞ

2HðfðxÞÞdxþl2

Z
O
ðIðxÞ�c2ðxÞÞ

2
ð1�HðfðxÞÞÞdx

ð28Þ

By keeping c1(x) and c2(x) fixed, we minimize the energy
functional E(c1,c2,f) with respect to f to obtain the gradient
descent flow as

@fðx,tÞ

@t
¼ dðfÞ �l1ðIðxÞ�c1ðxÞÞ

2
þl2ðIðxÞ�c2ðxÞÞ

2
h i

ð29Þ

Note that the above gradient descent flow is very similar to
Eq. (8). c1 and c2 are constants in the CV model, while c1(x) and
c2(x) are spatially varying in our model.

In the proposed LRCV model, the main computational cost
comes from computing c1(x) and c2(x) in Eq. (26). At the first sight,
there are four convolutions to compute c1(x) and c2(x). It can be
noticed that the expression can be rewritten to the combination
of the four convolutions

R
Ogk(x�y)dy,

R
Ogk(x�y)I(y)dy,

R
Ogk

(x�y)H(f(y))dy and
R
Ogk(x�y)(I(y)H(f(y)))dy, and the termsR

Ogk(x�y)dy and
R
Ogk(x�y)I(y)dy do not depend on the evolution

of level set function f. The two convolutions
R
Ogk(x�y)dy andR

Ogk(x�y)I(y)dy can be computed only once before the iterations.
Therefore, there are only two convolutions

R
Ogk(x�y)H(f(y))dy

and
R
Ogk(x�y)(I(y)H(f(y)))dy to be computed at each iteration. In

comparison, there are at least four convolutions in the LBF model
[20]. So, for each iteration, the computational cost of the LRCV
model is about half that of the LBF model.

In the traditional level set methods [14–17], the level
set function should be a signed distance function to its interface
during the evolution to prevent the level set function f
from being too steep or flat. It is necessary to re-initialize
the level set function to shape the degraded level set function.
However, this process is very time-consuming. To solve this
problem, Li et al. [10] proposed a variational formulation penaliz-
ing the deviation of the level set function from a sign distance
function. This strategy reduces the computational cost to some
extent. However, the method is sensitive to initialization [22].
ntation results. Row 1: the initial contours; Row 2: the initial contours from the

the LBF model; Column 3: segmentation results by the LCV model; Column 4:
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In order to efficiently and robustly regularize the level set
function, we can replace the regularization of the level set
function f by using a Gaussian filtering process, which is pointed
out by Zhang et al. [18]. In the strategy, the standard deviation of
the Gaussian filter can be used to control the regularization
strength, as the parameter m does in the LBF model. The smooth-
ness regularization term is substituted by the following equation:

fnþ1
¼ g ffiffiffiffi

Dt
p fn

ð30Þ

where Dt is time step-length and g ffiffiffiffi
Dt
p is a Gaussian kernel with

variance Dt.
The main steps of the algorithm can be summarized as:
Step 1: Initialize the level set function f to be a binary function

as following:

fðx,t¼ 0Þ ¼

�r xAO0�@O0

0 xA@O0

r xAO�O0

8><
>: ð31Þ

where r40 is a constant, O0 is a subset in the image domain and
qO0 is the boundary of O0.

Step 2: Compute c1(x) and c2(x) from Eq. (26).
Step 3: Evolve the level set function f according to Eq. (29).
Step 4: Regularize the level set function by a Gaussian kernel as

Eq. (30).
Step 5: Check whether the evolution is stationary. If not, return

to step 2.
Fig. 4. Comparisons of the LBF model, the LCV model and the LRCV model on segment

from the degraded CV model. Column 1: initial contours; Column 2: segmentation res

b¼1, m¼0.01�2552); Column 4: segmentation results by the LRCV model.

Table 1
Comparison of the number of iterations and CPU time.

The LBF model The LCV model The LRCV model

Iterations CPU

time(s)

Iterations CPU

time(s)

Iterations CPU

time(s)

Row 1 20 4.234 150 56.381 8 0.802

Row 2 100 48.980 700 237.401 50 3.067
4. The degraded CV (DCV) model

In our model, if c1(x) and c2(x) degrade to constants, the
proposed LRCV model becomes the CV model. Furthermore, let
l1¼l2¼l, then Eq. (29) becomes

@f x,tð Þ

@t
¼ 2d fð Þl c1�c2ð Þ I xð Þ�

c1þc2ð Þ

2

� �
ð32Þ

During the level set evolution, the coefficient 2l(c1�c2) can be
regarded as a constant. Therefore, we can omit the coefficient, and
Eq. (32) becomes

@f x,tð Þ

@t
¼ d fð Þ I xð Þ�

c1þc2ð Þ

2

� 	
ð33Þ

Because the image I(x) is independent of time t, Eq. 33 is an
ordinary differential equation, which has many advantages over
partial differential equations. As described above, we can sub-
stitute d(f) by 9r(f)9 to enlarge the convergence range. Then,
Eq. (33) becomes the Hamilton-Jacobi equation and the evolution
speed term is (I(x)�((c1þc2)/2)). When the speed term is nega-
tive, the curve evolves toward the normal direction. On the
contrary, the curve evolves toward the opposite direction. Such
a degraded CV model can segments efficiently the binary image
and the convergence speed is very fast, which is similar to the one
proposed by Zhang et al. [11]. Therefore, we can use this model to
pre-segment the image and then take the segmentation curve as
the initial contour of the LRBF model.

It is easy to initialize the level set function in the degraded CV
model. Actually we can let the initialization of the level set
function f0

¼0 and then we have He(f0)¼1/2 from Eq. (5). From
Table 2
Comparison of the number of iterations and CPU time.

The LBF model The LCV model The LRCV model

Iterations CPU

time(s)

Iterations CPU

time(s)

Iterations CPU

time(s)

Row 1 140 3.425 400 23.346 500 1.788

Row 2 20 0.509 1000 50.859 950 3.932

ation results. Row 1: the initial contours given in [23]; Row 2: the initial contours

ults by the LBF model; Column 3: segmentation results by the LCV model (a¼0.1,
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Eq. (6), we can obtain

c1ðf
0
Þ ¼ c2ðf

0
Þ ¼ averageðIÞ ð34Þ

After one iteration, the level set function f(x,t) becomes

f1
¼DtðIðxÞ�averageðIÞÞ ð35Þ

Because I(x) is not a single value function, the level set
function f1 has both minus and positive values from above
expression. Therefore, the contour which is defined by zero level
set function appears. From our experiments, we found that after
only a few iterations, typically 3 or 4, the evolution of the contour
Fig. 5. Comparisons of the LBF model, the LCV model and the LRCV model on segmenta

initial contours from the degraded CV model. Column 1: initial contours; Column 2: se

model (a¼0.1, b¼1, m¼0.001�2552); Column 4: segmentation results by the LRCV m
stopped, so this procedure is very efficient, which cannot burden
our LRCV method in terms of efficiency.

With the above procedures, the initialization of level set
function in the degraded CV model can be completely automatic
without any human interfaces. The segmentation result can then
be taken as the initial contour for the evolution of the LRCV model.
5. Experiments

In this section, we evaluate and compare the proposed LRCV
model with the LBF [19] and recently developed LCV [22] models
tion results. l. Rows 2 and 5: the initial contours given in [23]; Rows 3 and 6: the

gmentation results by the LBF model; Column 3: segmentation results by the LCV

odel.
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using both synthetic and real images. All the experiments were
conducted in Matlab 7.0 programming environment on a 1.6 GHz
Intel Pentium IV personal computer.

Firstly, the LCV model is used to segment the synthetic image
with size 50�50 in Fig. 1(a) which is typical example of image
with piecewise-constant intensities. The intensity values of the
background and the object are 180 and 60, respectively. To show
the action of local term of the LCV model, we let a¼0, b¼1 in
Eq. (17), i.e., neglect the global term, and segment the image with
the initial contour which is shown in Fig. 1(b). We set the kernel
size 9�9 and obtain the segmentation results in Fig. 1(c).

From the segmentation result shown in Fig. 1(c), we can find
that the double contours appear. Because the local term EL of the
LCV model in Eq. (17) is can be taken as the CV model that acts on
the image I0(x) transformed from I(x) and the transformation
defined by Eq. (22) is a high-pass filter which can result in the
appearance of the double contours. In addition, the edges of the
transformed image I0(x) are blurred as shown in Fig. 1(d).

To further explain how the double contours are to appear, we
extract the intensity value of the middle row from the original
image and its corresponding convolved image which are denoted
Table 3
Comparison of the number of iterations and CPU time.

The LBF model The LCV model The LRCV model

Iterations CPU

time(s)

Iterations

time(s)

CPU

time(s)

Iterations

time(s)

CPU

time(s)

Row 1 120 5.634 300 30.576 35 1.947

Row 2 100 4.923 280 23.647 40 0.586

Row 3 500 25.632 2000 150.341 40 2.283

Row 4 400 22.478 1200 90.692 30 1.719

Row 5 220 11.384 500 44.251 18 1.1936

Row 6 320 15.127 800 70.624 20 1.313

Fig. 6. The segmentation of a brain MR image by the LBF model, the LCV model and the L

model; Column 3: segmentation results by the LCV model (a¼0.1, b¼1, m¼0.001�25
by the solid line and dashed line in Fig. 1(e), respectively.
Fig. 1(f) shows the intensity value from the middle row of the
transformed image, which also comes from the difference
between the values denoted by the solid line and the dashed line
in Fig. 1(e). In Fig. 1(d) and (f), ‘þ ’ and ‘� ’ are the signs of
intensity value. From Fig. 1(f), we can obviously observe the
transformed image I0(x) will cause the double contours to appear.

We test another synthetic image, in which the right part of
background has higher intensities than the left part of object.
Fig. 2 shows the results by the LCV model proposed by Wang et al.
[22]. The size of the averaging convolution kernel was set as 9�9.
Fig. 2(a) is initial contour. Fig. 2(b), (c), (d) (e) and (f) are the
segmentation results with (a¼0, b¼1), (a¼0.01, b¼1), (a¼0.1,
b¼1), (a¼1, b¼1) and (a¼1, b¼0), respectively. Note that when
a¼1 and b¼0, the LCV model degrades to the CV model. The
image characteristic which the part of the background has higher
intensities than the part of the object makes it is impossible for
the CV model to satisfactorily segment the image. When a¼0 and
b¼1, the global term from the CV model is discarded and the
segmentation result is dominated by the local term and the
regularization term. The double contours appear as shown in
Fig. 2(b). When a¼0.01 and b¼1, we can see from Fig. 2(c) that
the global intensity fitting force and the local one interact with
each other, which leads to inaccurate segmentation. The similar
segmentation results can be observed in Fig. 2(d), (e) and (f) with
(a¼0.1, b¼1), (a¼1, b¼1) and (a¼1, b¼0), respectively. From
Fig. 2(c) and (d), we can observe that although the coefficient a is
small, the segmentation results are close to that by the CV model,
which implies that the force from the global term is far more
significant than the local term in the LCV model.

Let us then compare the segmentation results by the LBF model,
the LCV model and the proposed LRCV model on the same image and
they have the same initial contours shown in Fig. 3. In Fig. 3, Column
1 is the initial contours and Columns 2, 3 and 4 are segmentation
results by the LBF model, the LCV model and the proposed LRCV
model, respectively. From Column 3, we can observe that the right
RCV model. Column 1: initial contours; Column 2: segmentation results by the LBF

52); Column 4: segmentation results by the LRCV model.
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segmentation result cannot be obtained from the LCV model. Note
that the parameters are set to (a¼0.1, b¼1, m¼0.01�2552) which
are from [22]. In Row 1, both the LBF model and the proposed LRCV
model can satisfactorily segment the object. For the initial contour of
Row 2 which is from the degraded CV model, we can observe from
Fig. 3(f) and (h) that the LBF model fails to segment the object, while
the right segmentation is obtained from the proposed LRCV model.
Table 1 shows the number of iterations and CPU time of the three
models.

From Table 1, we can observe that the LCV model has most
iterations and CPU time among the three models and the LBF
model has more than twice iterations and more than 5 times CPU
time as much as the proposed LRCV model.

Let us use another synthetic image to compare the LBF model,
the LCV model and the proposed LRCV model. The results are
shown in Fig. 4. Column 3 shows that the LCV model fails to
segment the object for both of the initial contours. In Row 1, the
initial contour is set as the same as that in [23]. We can see that
the same segmentation results are obtained by the LBF model and
the proposed LRCV model, as shown in Fig. 4(b) and (d), while the
LCV model fails to segment the object as shown in Fig. 4(c). For an
automatic initialization, we use the segmentation result of the
degraded CV model as the initial contour shown in Fig. 4(e). The
results by the LBF model, the LCV model and the proposed LRCV
model are shown in Fig. 4(f), (g) and (h), respectively. We can see
that the LBF model and the LCV model fail to segment the object
while the proposed LRCV model succeeds. Table 2 lists the
number of iterations and CPU time of the three models. For both
Fig. 7. Comparisons of the LBF model and the LRCV model on segmentation results wit

model. Column 1: the original images and initial contours; Columns 2, 3 and 4 are add

Table 4
The number of iterations and CPU time by LBF, LCV and LRCV.

The LBF model The LCV model The LRCV model

Iterations CPU

time(s)

Iterations CPU

time(s)

Iterations CPU

time(s)

Row 1 300 7.418 1000 38.324 110 2.298

Row 2 200 6.340 800 20.658 60 1.208
of the initial contours, the LCV model has most iterations and CPU
time. What’s more, the LCV model fails to segment the object.
With the manually drawn contour in [23], although the LBF model
has less iteration than the proposed LRCV model, it spends more
CPU time than LRCV. With the contour generated from the
degraded CV model, the LBF model has less iterations and CPU
time than our model. But it fails to satisfactorily segment the
object in this experiment.

To further evaluate the performance of the proposed method,
we apply the LBF model, the LCV model and the proposed LRCV
model to real blood vessel images which have intensity inhomo-
geneity. Refer to Fig. 5, the first column shows various initial
contours; the second, third and fourth column are the segmenta-
tion results by the LBF model, the LCV model and the LRCV model,
respectively. The initial contours in Rows 3 and 6 are generated
by the degraded CV model. For both of the initial contours, the
right segmentation result cannot be obtained from the LCV model.
Note that in LCV model the parameters are set to a¼0.1, b¼1,
m¼0.001�2552 which are from [22]. For some initial contours, as
shown in Rows 1, 3 and 4, the LBF model fails. We see that the
proposed LRCV model is much more robust than the LBF model.
The numbers of iterations and CPU running time of the three
models are listed in Table 3. We can see that in this experiment
the proposed LRCV model converges about 10 times faster
than the LBF model and about 30 times than the LCV model.
Note that the LCV model fails to segment the blood vessel images
in all the experiments.

Finally, in Fig. 6 we show the segmentation results on a brain
MR image by the LBF model, the LCV model and the proposed LRCV
model. With the same initial contours, both the LBF model and the
LRCV model achieve almost the same results, but the LCV model
fails. Table 4 lists the number of iterations and the required CPU
time by the three models. From Table 4, we can observe that the
number of iterations and the required CPU time of the LRCV model
are much less than those of the LBF model and the LCV model.

To study the effect of various noise types on the performance
and compare the performance between the LBF model and our
proposed LRCV model, a synthetic image is added zero-mean
Gaussian white noise and the salt and pepper noise, and the
segmentation results are shown in Figs. 7 and 8, respectively.
h zero-mean Gaussian white noise. Row 1: by the LBF model; Row 2: by the LRCV

ed Gaussian white noise with variances 0.025, 0.05 and 0.075, respectively.



Fig. 8. Comparisons of the LBF model and the LRCV model on segmentation results with salt and pepper noise. Row 1: by the LBF model; Row 2: by the LRCV model.

Column 1: the original images and initial contours; Columns 2, 3 and 4 are added the salt and pepper noise with densities 0.2, 0.3 and 0.4, respectively.
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All the original images and initial contours are shown in Column
1. Columns 2, 3 and 4 in Fig. 7 show the segmentation results on
image added zero-mean Gaussian white noise with variances
0.025, 0.05 and 0.075, respectively. In Fig. 8, the segmentation
results on image added salt and pepper noise with densities 0.2,
0.3 and 0.4 are also shown in Columns 2, 3 and 4, respectively.
Note that all the noise parameters are normalized and they
correspond to operations with images with intensities ranging
from 0 to 1. From Figs. 7 and 8, we can observe the proposed LRCV
model has higher antinoise than the LBF model. At the same time,
from the comparison between Figs. 7 and 8, we can see that both
the LBF model and the proposed LRCV model have higher
antinoise for the salt and pepper noise than for the Gaussian
white noise.
6. Conclusion

In this paper, we proposed a new region-based active contour
model, i.e., local region-based Chan–Vese (LRCV) model, for image
segmentation. The LRCV model can efficiently segment the
images with intensity inhomogeneity by employing the local
image information. Meanwhile, for an automated initialization,
a degraded CV model was proposed, whose segmentation result is
taken as the initial contour of the LRCV model. Experimental
results on both synthetic and real images demonstrated that the
proposed LRCV model is very robust and efficient. Compared with
the well-known local binary fitting (LBF) model and the LCV
model, the LRCV is not only much more computationally efficient
and but also much less sensitive to the initial contour.
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