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Abstract: In this paper, we propose a novel region-based active contour model in a variational level set formulation. The
energy functional for the proposed model consists of two terms, i.e., global term, local term. Therefore, the combination
of these two forces allows for flexible initialization of the contours. This energy is then incorporated into a level set for-
mulation with a level set regularization term that is necessary for accurate computation in the corresponding level set
method. The proposed model is first presented as a two-phase level set formulation and then extended to a multi-phase
formulation. Finally, experiments on some synthetic and real images have demonstrated the efficiency and robustness of
our model. Moreover, comparisons with recent popular local image fitting (LIF) model also show that our model is less

sensitive to the location of initial contour.

Keywords: Active contour, chan-vese, image segmentation, level set.

1. INTRODUCTION

Since the introduction by Kass et al. [1], active contour
models have been widely used in image segmentation with
promising results. The models are able to provide smooth
and closed contours to recover object boundaries with sub-
pixel accuracy, which is typically not possible in classical
methods, such as edge detection and thresholding. The exist-
ing active contour models can be categorized into two
classes: edge-based models [1-5] and region-based models
[6-10]. The edge-based models utilize image gradient as an
additional constraint to stop the contours on the boundaries
of desired objects. Usually, a stopping function is used to
attract the contours to the desired boundaries. In order to
enlarge the capture range of the force, a balloon force term is
often incorporated into the evolution function, which con-
trols the contour to shrink or expand. However, it is difficult
to choose a proper balloon force. Region-based models aim
to identify each region of interest by a certain region descrip-
tor to guide the motion of the active contour. One of the
most popular region-based models is the CV model [6],
which has been successfully used in binary phase segmenta-
tion with the assumption that each image region is statisti-
cally homogeneous. However, the CV model does not work
well for the images with intensity inhomogeneity. Vese and
Chan extended their work in [9] to utilize multiphase level
set functions to represent multiple regions. These models are
called the piecewise constant (PC) models. Nonetheless,
both the CV and the PC models have the drawback described
above.

Li et al. [7] proposed the LB (local binary fitting) model,
which utilizes the local image information as constraints, can
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well segment objects with intensity inhomogeneities. Fur-
thermore, LBF model has better performance than PC mod-
els in segmentation accuracy and computational efficiency.
Local image fitting model was recently proposed in [10]
which have similar capability of handling intensity inho-
mogeneity as the LBF model. However, to some extent these
methods are still sensitive to initial contour, which holds
back their practical applications.

In this paper, we propose an improved region-based ac-
tive contour model in a variational level set formulation. We
use the image fitting model energy functional [10], which is
dominant near object boundaries and responsible for attract-
ing the contour toward object boundaries, and an auxiliary
global intensity fitting term, which incorporates global image
information to improve the robustness of the proposed
method. In addition, this energy is then incorporated into a
level set formulation with a level set regularization term that
is necessary for accurate computation in the corresponding
level set method. In the associated curve evolution, the mo-
tion of the contour is driven by a local intensity fitting force
and a global intensity fitting force, induced by the local and
global terms in the proposed energy functional, respectively.
The influence of these two forces on the curve evolution is
complementary. When the contour is close to object bounda-
ries, the local intensity fitting force becomes dominant,
which attracts the contour toward and finally stops the con-
tour at object boundaries. This force plays a key role in accu-
rately locating object boundaries, especially for images with
intensity inhomogeneity. The global intensity fitting force is
dominant when the contour is far away from object bounda-
ries, and it allows more flexible initialization of contours by
using global image information.

The proposed model is first presented as a two-phase
level set formulation and then extended to a multi-phase
formulation for brain MR image segmentation. The remain-
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der of this paper is organized as follows. In Section 2, we
review some well-known region-based models and their
limitations. The proposed method is introduced in Section 3.
The implementation and results are given in Section 4.

2. RELATED WORK
2.1. Chan-Vese Model

Chan and Vese [6] proposed an active contour approach
to the Mumford-Shah problem for a special case where the
original image is a piecewise. For a given image / in domain
Q) , the CV model is formulated by minimizing the follow-
ing energy functional:

E(C,c,c))=4, J |I(x,y)—cl|2dxdy+/”t2

inside(C)

J |I(x,y)—c2|2dxdy, (x,y)e Q 1)

outside(C)

where ¢, and c,are two constants which are the average

intensities inside and outside the contour, respectively. With
the level set method, we assume

C={(x,y) € Q:0(x,y)=0},
inside(C)={(x,y) € Q:¢(x,y)> 0}, (2)
outside(C)={(x,y) € Q:¢(x,y) <0},
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JQ H(@)dxdy
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By incorporating the length and area energy terms into
Eq. (1) and minimizing them, we obtain the corresponding
variational level set formulation as follows:

a_"’=5((p) udiv Vo ~v=AU~-c)+4,(I-¢,)"| @
ot |V<P|

where u>0, v=0, ll >0, lz > (0 are fixed parameters, [l

controls the smoothness of zero level set, and A, and A,
control the image data driven force inside and outside the
contour, respectively. V is the gradient operator. H(¢) is

the Heaviside function and §(¢) is the Dirac function.

Fig. (1). (a) A 2D slice of a 3D MRI image; (b) the segmentation
result of CV model.
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Such optimal constants ¢, and ¢, can be far different
from the original data, if the intensities within outside(C)
and inside(C) are inhomogeneous. Without taking local

image information into account, the CV model generally
fails to segment images with inhomogeneity. It is can be
seen in Fig. (1).

2.2. LIF Model and Its Variational Level Set Formulation
A local image fitting (LIF) formulation [10] is defined as

follows:

1" =m H (¢)+m,(1- H,(9)) (5)

where m, and m, are defined as follows:

m, =mean(I € ({x € Q|¢(x) <0}y, (x))

m, =mean(I € ({x Q|¢(x) >0y, (x)))
(6)
where W (x) is a rectangular window function, e.g. a trun-
cated Gaussian window or a constant window. In our ex-
periment, we choose a truncated Gaussian window & (x)
with standard deviation O and of size 4k+1 by 4k+1,
where k is the greatest integer smaller than O . Similar seg-
mentation results can be achieved if we choose a constant
window. In this paper we propose a local image fitting en-
ergy functional by minimizing the difference between the

fitted image and the original image. The formulation is as
follows:

@)= [ 1= of dvx e 0 o

Using the calculus of variation and the steepest descent
method, we minimize E“"(¢) with respect to f to get the
corresponding gradient descent flow:

%X (=1 Yo, = m,)8,(9) ®
where5£((P)=l‘ 28 s, ZER.
T & +z

However, such localization property may introduce many
local minimums of the energy functional. Consequently, the
result is more dependent on the initialization of contour. This
can be seen from a simple experiment for a binary image
with a special initial contour as shown in Fig. (2b).
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Fig. (2). (a) A 2D slice of a 3D MRI image; (b) the segmentation
result of LIF model.

3. THE NEW METHOD

Our method combines the advantages of the CV model
and the LBF model by taking the local and global intensity
information into account. In this section, we will detail our
active contour model based on local and global region-based
energy for image segmentation. The overall energy func-

tional consists of three parts: global term E_, local term E|

and regularization term F, .

3.1. The Global Term

Accordingly, the global term in (1) can be rewritten so as
to evaluate the level set function ¢ on the domain Q:

E° = [ [16e.p)-¢[ Hp(x. y)dsdy
+] ey -ef (- Hpex y)xdy ©)

3.2. The Local Term

Here, the local term is introduced in (7) which uses the
local statistical information to improve the segmentation
capability of our model for the images with intensity inho-
mogeneity.

EL = % jinsz’de(c)‘](x) .y (x)‘z dvdy
+% -[ outside(C) |I (x)-1 LIF (x)|2 ey .

3.3. The Regularization Term

It is crucial to keep the evolving level set function as an
approximate signed distance function during the evolution,
so in the MCV model, re-initialization is used as a numerical
remedy for maintaining stable curve evolution as follows:

% — sign(g,1-|Ve) (an
t

But it leads very complicated process and side effects, so
we use the following integral:

p(9)= [ 5(Votx.n-1) (12)

The above expression is formulated as a metric to charac-
terize how close the function @ is to the signed distance
function. By minimizing the above expression, |¢| can be

made to converge to 1, so that the level set function is made
close to the signed distance function.

According to the above words, the regularized term is
expressed as follows:
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1 2
Ef = JQ5(|V¢(x,y)— 1| Ydedy + - Length(C) =
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where V increases the propagation speed.

3.4. Level Set Formulation

In the level set formulation, the curve C is represented by
the zero level set of a Lipschitz function ¢ . The overall en-
ergy functional can be described as follows:

EC —EC + EL 4 EF = w(_[ I(x,y)—c, |2 H(o(x,y))dxdy

inside(C) |

4 eI =e[ (= H(gx, ydxdy y+(1-w)

100~ 1" (o) ddy)

100~ 1 () dxdy+% |

1
(E -[ inside(C)

+ [, G(Vot =)+ -8 (o)|Vodsay (14)

outside(C)

where W is a positive constant (0 <w<1). When the im-
ages are corrupted by intensity inhomogeneity, the parameter
value w should be chosen small enough.

As shown in Fig. (3), if € is too small, the values of
58 (z) tend to be near zero to make its effective range small,

so the energy functional has a tendency to fall into a local
minimum. The object may fail to be extracted if the initial
contour starts far from it. However, if € is large, although

0.(z) tends to obtain a global minimum, the finial contour

location may not be accurate. So in this paper, we choose
e=15.
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Fig. (3). The Dirac function w.r.t different epsilon values.
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Fig. (4). The correct result of the proposed method.

The corresponding result of the proposed method of Fig.
(1a) is shown in Fig. (4).

4. EXPERIMENTS

In this section, we apply the proposed model to images to
demonstrate its effectiveness. In each experiment, we select
the parameters as follows: p=1, v=0.001*%255%255,

¢,=2,0=3.

To demonstrate the advantages of our model in terms of
accuracy, we compare it with the LIF model [9]. Form the
below figures, we can see that our model outperforms the
LIF model.

Fig. (5a) is an original flower image, is the original im-
age (a), (b) is the segmentation result of LIF model, its itera-

tion is 200 times, (c) is the segmentation result of our
method. Fig. (5b) shows that the LIF model takes some ob-
ject areas which gray value is similar to background areas as
the background area. And LIF model is unable to set the
number of iterations according to the size of the image, lead-
ing to fail to completely segment after finite iterations. As
can be seen from the Fig. (5¢), our method can obtain the
object boundary correctly, and does not need to adjust the
number of iterations for different images.

Fig. (6a) is an original portrait photograph of people im-
age, (b) is the segmentation result of LIF model, its iteration
is 200 times, (c) is the segmentation result of our method.
LIF model segment the background region especially the
grass part as the object. However, our model can extract the
portrait and the main object of the similar gray value.

Fig. (7a) is an original hawk image, (b) is the segmenta-
tion result of LIF model, its iteration is 200 times, (c) is the
segmentation result of our method. LIF model segments the
eagle head beak as the object, but the phenomenon of exces-
sive segmentation happens. However, our model overcomes
the effect of excessive segmentation so as to extract the
complete object boundary.

Fig. (8) shows an experiment on the chosen brain image
with our method. Inhomogeneity of the image intensity can
be clearly seen in Fig. (8a). The proposed method and the
LIF method are extended to the multiphase model according
to [11]. It can be clearly seen that the multiphase LIF model
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(b) The segmentation
result of multiphase LIF
model

(a) The initial contour

(¢) The segmentation
result of the proposed
model

Fig. (8). The segmentation comparison between the proposed model and LIF method.

(a) Initi al contour (b) CV model

Fig. (9). The comparison of the segmentation results of three models.

does not correctly segment images. By contrast, our method
recovers the boundaries of WM, GM, and CSF accurately.

In order to further verify the Segmentation result of our
model, we use the more complex and noisy image, as shown
in Fig. (2). As can be seen in Fig. (2), the gray value discre-
tion is striped, respectively, and the gray value of the object
in the dark streak region is smaller than the gray value of
background light stripe region.

In this paper, we use the initial contour in Fig. (9a) to
carry out the segmentation experiments with the three mod-
els respectively. The segmentation results are shown in Fig.
(9b-d). From Fig. (9b-d), it can be seen that the CV model
and LIF model can’t correctly segment image, but our model
can segment image accurately. Although the LIF model con-
siders the local features, the model is sensitive to initial con-
tour, thus the LIF model can't correctly segment image. Ta-
ble 2 shows the iteration times and running time of three
models. As can be seen from Table 2, the number of itera-
tions model and running time of CV is minimum, the num-
ber of iterations model and running time of LIF model is the
maximum. Furthermore, CV model and LIF model can cor-
rectly segment images. The number of iterations and running
time is smaller than LIF model. It is because that LIF model
only uses the local characteristic of the image, our model in
the early period takes advantage of the fast convergence and
non-sensitive to the initial contour of the CV model. There-
fore, our model can correctly image segmentation, and needs
less running time.

CONCLUSION

This paper takes advantage of the fast convergence and
the non-sensitivity on the initial contour of CV model, the
accurately inhomogeneous image segmentation LIF model to

(¢) LIF model

(d) Our model

put forward the regional adaptive active contour model. This
model defines a global energy term and a local energy func-
tional term. At the beginning of the contour evolution, the
global energy dominants, it has the fast convergence rate and
is not sensitive to initial contour position. In the late evolu-
tion, local energy dominants, it has the advantages of high
positioning accuracy. Compared with CV model and the LIF
model, our model can not only correctly segment the inho-
mogeneous images, but also has fast convergence rate and is
not sensitive to initial contour.
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