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Comparison of Level Set-based Active Contour
Models on Subcortical Image Segmentation

Bouasone Vongphachanh', Heung-Kook Choi'™

ABSTRACT

In this paper, we have compared three level set-based active contour (LSAC) methods on
inhomogeneous MR image segmentation which is known as an important role of brain diseases to
diagnosis and treatment in early. MR image is often occurred a problem with similar intensities and

weak boundaries which have been causing many segmentation methods. However, LSAC method could

be able to segment the targets such as the level set based on the local image fitting energy, the local
binary fitting energy, and local Gaussian distribution fitting energy. Our implemented and tested the
subcortical image segmentations were the corpus callosum and hippocampus and finally demonstrated
their effectiveness. Consequently, the level set based on local Gaussian distribution fitting energy has
obtained the best model to accurate and robust for the subcortical image segmentation.
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1. INTRODUCTION

Segmentation is an important task in medical
image analysis for the process of partition a given
image into interested regions for a specific purpose.
However, the medical image is often corrupted by
noise, lack of boundaries, and also inhomogeneity
due to technical limitations or artifacts introduced
by the object being imaged. In particular, the in-
homogeneities in magnetic resonance images arise
from the non-uniform magnetic fields which pro-
duced by radio-frequency coils as well as from
variations in object susceptibility. Especially the
intensity of the hippocampus and corpus callosum
are difficult to distinguish with other tissues lo—
cated around them that cause misclassification be—

tween interested region and background. There-

fore, the segmentation is challenging difficulty in
medical images.

In previous research, the level set-based active
contour methods have been extensively used in
medical image segmentation because of its ad-
vantageous properties such as they can achieve
sub-pixel accuracy of object boundaries. They also
can be easily formulated under principled energy
minimization framework, and allow incorporation
of various prior knowledge. Moreover, they can
provide smooth contours to the object being seg-
mented [1,2]. The level set methods can be catego—
rized into two types: firstly the edge-based model
which is used image gradient to stop the contours
on the boundaries of interested regions and attract
the contours to the desired boundaries, even the
controlling contours to expend or shrink [3-5].
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Secondly, the region-based model is used the im-
age statistical information to construct constraints
but more powerful than the edge—-based model for
image segmentation on the interested object with
lack of boundaries or even without boundaries
[6-8]. Zhang et al. proposed a novel active contour
model that embeds the image information which
can be used to segment images with inhomoge-—
neous intensity, by utilizing the local image in-
formation to construct a local image fitting (LIF)
energy functional [9]. The similar previous studies
are also found in literatures for the differences he—
tween the fitting image and the original image [10].
Moreover, a novel method is used to regularize the
level set function by using Gaussian kernel filter-
ing for the smoothness of the level set function
which is avoided the reinitialization step that caus—
es computationally expensive. Recently, local in—
tensity information has been incorporated into the
active contour models [11,12] for more accurate
segmentation, especially in the presence of in-
homogeneous intensity. For example, Li et al. [13]
proposed a local binary fitting (LBF) energy in a
region-based model for more accurate and efficient
segmentation. The LBF model draws upon local
intensity means, which enables it to cope with
reinitialization. In order to make possibility of the
image reinitialization segmentation Wang et al.
[14] also proposed an active contour driven by local
Gaussian distribution fitting (LGDF), starting from
a point of the local image data then the local energy
integrated over the entire image domain by using
Gaussian distributions with different means and
variances to described the local image intensities.
The LGDF energy then incorporated into a varia—
tion level set formulation with a level set regulari—
zation term. There are two variables of the energy
functional such as local intensity means and var-—
iances which are derived from a variational princi-
ple [14,15]. Izmantoko. et al [16] presented an active
shape model (ASM) which uses a prior knowledge
from sample images with the object in different

shape and size to make a model for segmenting
another image. The evaluation of active contour
and active shape model for medical image segmen-—
tation is also presented in [17].

In our study, we have evaluated three level
set-based active contour models for subcortical
MR brain images to the local image fitting model
[9], local binary fitting model [13], and local
Gaussian distribution fitting model [14], by apply-
ing them to the corpus callosum and hippocamus.
These models are based on a level set evolution
and variation framework. In the rest part of this
paper is organized as follows. In section II, we
briefly describe a few level set-base active contour
method that uses in this study. Section III shows
implementation results to demonstrate the effec—
tiveness of the chosen level set-based active con—
tour methods. Finally the conclusion of this paper

is served in section IV.

2. METHODOLOGY

In this section, we provide the brief introduction
of the models which used in our study. The three
level set-based active contour models were used
such as the local image fitting (LIF), the local bina—
ry fitting (LBF), and the local Gaussian distribution
fitting (LGDF) models to segment MR brain
images. In order to evaluate these models are able
to the suitable model for the MR brain image

segmentation.

2.1 The LIF model

The local image fitting (LIF) model was recently
proposed by Zhang et. al [9] for segmenting images
with the intensity inhomogeneity. It provides less
computational complexity than the classical active
contour. The major contribution of this model is
to introduce a local image fitting energy into a var-
iation framework. The LIF energy function was al-
so used the Gaussian filtering. However, the re—

initialization is still necessary for this method. The
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LIF energy functional defines as follows:
E" (¢) = %_Ul(x) - ILFI(x)‘zdx,x e (1)

where ¢ is a level set function, /(%) is the original
image, and 77 is the local fitted image defined

as follows:

[ = m H () + my(1— H_($) 2)

Heaviside function H.¢) is usually approxi-

mated by a smoothing function defined as

H,(x)= %{1+%arctan[§ﬂ (3)

the weighting parameters (72, m,)are defined as

m, = mean(l € ({x € Q| ¢(x) < 0} W, (x)))
m, = mean(l € ({xr e Q| $(x) > 0} W,(x))) @

where Wi(x) is a rectangular window function, in
this study a truncated Gaussian window with size
(4k+1) by (4k+1) is used which is smaller than the
standard deviation.

Minimizing energy function E#(¢) with respect
to @, one can get the level set formulation of the
LIF model as

% = (1 =1 Ym, ~m,)5.(¢) ®)

where 6/ ¢) is regularized Dirac function, the de—
rivative of H, is the following smooth function de-
fined as

1 ¢
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2.2 The LBF model

The local binary fitting (LBF) model has been
recently proposed by Li et al [13] for segmenting
images. By utilizing image information in local re—
gions and incorporating a local binary fitting en—
ergy with a kernel function A(x) as a Gaussian
kernel into a level set formulation, the model is able
to extract interested region with inhomogeneous
intensity and using two fitting functions #(x) and
P2(x) to localize the inside and outside intensity of

the contour. The LBF energy function can be writ—

ten as:

EY5 (g, £, o) =4[, KGe= 1 0) = fi0) dr
+ ﬂzj

Jour (C)

s (7)
KG=pI(n) = f,(x)] dx
The kernel function A(x) chooses as a Gaussian
kerne K,(x) with a localization property such that
K, (xy) decreases and approaches zero as y goes
far away from xThe LBF energy function with
Heaviside function H.(@) is defined in Eq. (3)
which approximates by a smoothing function e.g.,

rewritten as:

E (@, f1, 1) = [ EP (8 £, fo() Y
=] [ o Ko=)~ P HGO Jx )

# 2] [ o Ko o= 20D = G0 (1= H{) D

where A; and A; are the weighting positive con—
stants. The distance regularizing term is added to

ensure the level set evolution which is stable

P(8)=[ 5 (voeo[-1) ax ©)

the level set regularization term used to penalize
the deviation of the level set function ¢ from a
signed distance function. To regularize the zero

level contour of @, which is given by

1($) = [ S(PIV P(x)dx (10)

the term in (10) is the length of the zero level set
contour of @. &¢@) is regularized Dirac function
as defined in Eq. (6). The entire energy functional

can be defined as

E($, 1. ) =E" ($ S, [) + up(@)+vi(g) (D)

Minimizing the energy function in Eq. (11) with

respect to ¢, we have the gradient descent flow

as follows:
%(f ==0,(§)( A, = 1)+ 6, “Ddi{iﬁ}

. (vg (12)
“’[V ¢_d’V(V¢D
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where

e = [ K,(r=0l1x)= £, dy

2 13
e =[ K, (=0l £ dy 1
with
_ K+ [H.@1)]
= S 0)
1.0 = Ka 2= H(9)1(0)] (14)

K, *(1-H,(4)

2.3 The LGDF model

The local Gaussian distribution fitting (LGDF)
model has been recently proposed by Li Wang et.
al [14] for segmenting images with inhomogeneous
intensity. The image domain can be partitioned into
two regions corresponding to the foreground object
and background. These two regions can be repre-
sented as the regions outside and inside the zero
level set of function @. The energy as in terms of

@, u; and ¢f can be expressed

EfGDF(¢’”1(x)auz(x),o'l(x)z,o-z (x)z)
= —I o(x = y)logp, (I(y)M,(¢(y))dy a
— [ o(x = y)log p, (T()M, (()dy

where M(@(x)=H(¢(x)) and Mao(d(x)=1-H(P(X).

Thus the energy E'“PF can be rewritten as

2 2
ELGDF(¢9u1’u2’O-1 30-2 )

LGDF 2 2 <16)
= —[ L (4,1, (x),14,(x),0,(x)”, 05 (x) )y

where H(¢(x) is Heaviside function as defined in
Eq. (3).

For more accurate computation involving the
level set function and its evolution, we need to reg-
ularize the level set function by penalizing its devi—
ation from a signed distance function [18], the en—
ergy function which is defined in Eq. (9). The level
set method needs to regularize the zero level set
by penalizing its length to drive a smooth contour
during evolution as defined in Eq. (10). Therefore,

the entire energy function as follows

E(¢’”1a”250_12a0—22) = ELGDF(¢’u1a”250_12aO—zZ)
+vp(4) + () an

where v and p are positive weighting constants.
The minimization of the energy function is in Eq.
(17) with respect to @

%(f = —5(p)e, —e) +vO “’)‘”V(%)
+#(vz¢+div(%)) "

where &(¢) is Dirac function as defined in Eq. (6).
The new image-based terms (e, e) are in-
dependent of the scale of local intensity caused by

inhomogeneous intensity.

(,(») = 1(x))°

e (x) = [ w(y = »Nlog(e,(») + 207y
_ wW -1 (19)
e () = [ @(y = x)llog(a,(») + ey W

Therefore, the new local intensity means u(x)

. 2 .
and variances 0{x)° can define as

[ o =M, ($()dy
[otx— )M, gy (20)

ui(x):

_Jotx =9~ 10 M, () dy
[o(x =M, ($r)dy

o,(x)’

(21)

3. EXPERIMENTAL RESULTS

We have taken the MR images which contained
the corpus callosum and normal hippocampus from
Haeundae Paik Hospital, Korea with the scanner
type of 3.0T and subject age is 29 years old man.
However, to illustrate the segmenting process in
the real implementation, we performed our experi-
ments in this study following the three LSBAC
models such as; the LIF, the LBF, and the LGDF
model dealing with MR brain images. To compare
the efficient performance of these models, we first—
ly show the segmentation the target with satisfied
results. The based on the results, we could choose
the suitable model for medical image segmentation.

Fig. 1 shows the segmentation results obtained
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Fig. 1. The segmented results of Corpus Callosum on MR brain images by (a) LIF, (b) LBF, and (¢) LGDF method.
An initial curve, two curve evolutions and the final result were shown from the left to right column respectively.

by using the LIF, LBF, and LGDF methods
respectively. In this case, the initial contours are
located at the same position in the image. The test
image is a corpus callosum in an MR brain image.
As we can see Fig. 1 LIF model which is failed
to segment the corpus callosum as shown in Fig.
1 (a). The LBF model can segment the Corpus
Callosum but the contour is not smooth as shown
in Fig. 1 (b). With the LGDF model, the segmented
result is satisfied since it exactly segment the cor—
pus callosum.

Fig. 2 is comparison of the LIF, the LBF, and
the LGDF models in segmenting the real hippo-
campus MR images. The hippocampus in this case
is an intensity inhomogeneous image. One can see
from this figure, the LIF fails to segment the image
with some parts invisible as shown in Fig. 2 (a).
With the LBF model, even though the segmenta-
tion result as in Fig. (b) is better than that by the
LIF model, it also detect an unexpected region. In

Fig. 2 (¢) shows the accurate result when using

the LGDF model.

4. CONCLUSION

This paper has presented the level set based on
the LIF, the LBF, and LGDF model for general
classification of imagery whose regions of interest
cannot be distinguished according to their re—
spective pixel intensity distributions. While a num-
ber of active contour models were proposed to
solve the image segmentation problem but only a
few models have been proposed to solve the MR
brain image segmentation problem due to the effi—
ciency of methods and also the difficulty on MR
brain image itself which cause many algorithms
failed to segment hippocampus or corpus callosum.
Therefore, this study has presented the perform-—
ance validation of some recent level set-based ac-
tive contour methods when dealing with intensity
inhomogeneous images. The LGDF model has giv—-

en the best result visualization for the subcortical
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Fig. 2. The segmented results on the hippocampus MR images by (a) LIF, (b) LBF, and (c) LGDF method. An initial
curve, two curve evolutions and the final result have shown from the left to right column respectively.

image segmentation.
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