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A robust region_based active contours model for image segmentation
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Abstract— A nowel region_based active contours
model is proposed to deal with the images with intensity
inhomogeneities and weak boundaries. For the
proposed model, new global force and local force which
compose hybrid energy functional are defined. Then,
the energy functional is incorporated into a variational
level set formulation. Furthermore, we regularize the
level set function by using Gaussian filtering to keep it
smooth and eliminate the re-initialization. In addition,
the proposed model can degrade to a new global CV
model. Experiments results show that the proposed
model can not only segment images with intensity
inhomogeneities and weak boundaries, but also robust
to the noise, initial contours. And, it has high
computational efficiency.
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I. INT RODUCTION

Image segmentation has been a research hotspot

and difficulty in image processing and machine vision.

Based on active contour model is applied in the field
of image segmentation in recent years is a successful

method. Active contour model can be divided into

active contour based on edge' ™

3-4]

and the regional
model’

Based on the edge of the active contour model
use gradient information of image, Driving the
contour curve to stop at the edge of the target, such as
geodesic active contour model™’ .However, when the
target edge blur or uneven gray, This method will not

be able to segment the target correctly. Area based
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active contour with the image of local information
(such as gray scale, texture ) to guide the contour
curve of the boundary approximation to the target
object. is the CV
model””’, The CV model is based on the assumption of
the gray of internal and external contour curves are

One of the most famous

uniform, so when appear uneven gray-level, the CV
model will not be effective segmentation. As a result,
some of the active contour model based on local
put forward" " For
introduce the local information to CV

statistical information
-[4,5]

example, Li

was

model, namely the RSF model. The model in the
uneven illumination of the image segmentation is
useful. Zhang'® put forward the LIF model, the model
and RSF model have the same segmentation effect,
but greatly improve the computational efficiency.
However, these methods due to using only local
information are sensitive to the initial curve, easy to
fall into local minimum. Aiming at these problems,
some combination of global and local energy
combined methods have been proposed . Such
method has the advantages of the global methods and
local methods at the same time, the boundary image
was able to handle non homogeneity and has a good
robustness to weak initial curve. However, this kind of
approach has led to some new problems, For example,

a double border'""

, Cannot deal with the image which
has noise effectively'*’and so on.

In the view of the problems, this paper presents a
new robust active contour model. First of all, using
statistics information of images to build a new global
the weighted

combination of these two kinds of force to get a mix

and local force. Second, using

of energy function. Level set method is used to
minimize the energy functional, level set evolution


app:ds:efficiency

equation is obtained and updated constantly. Finally,
by adopting the method of Gaussian filtering rules to
the level set equation. Synthetic images and real
images of the experimental results show that this
model can effectively segment the homogeneity or
weak edge image, has a good robustness to the noise
as well as the initial contour curve, and high
calculation efficiency.

II. MODEL TO COMPARE

A. CV Model
The energy function of CV model”’ which is

defined as follows:
E®(c,.c,,C)= I(I —¢,)dx+ I(I —cz)zdx+v\c\
inside(C) outside(C)

+ - Area(inside(C))

@

In the formula, inside(C) and outside(C) represent

the internal and external of curve C, C; and

C, separately represent the curve of average gray

value of the internal and external.

Formula in the third and that in the fourth are the
length and area inside of the curve. The formula (1),
expressed as the zero level set evolution curve, the
corresponding level set equation is:

%: 5g(¢{ﬂiv(zzj—u—(l —¢ P +(1-c,) 2
In the formula:
T H 0 ®)

J100-6 K)o
S Ty

H,(¢) and &,.(p) are Heaviside function and Dirac

function, are defined as follows:

H,(4)= ;{1 + iarctan(fﬂ

5,(9) ===

72'52+¢2

4)

In this paper, for the simple, still puts them
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abbreviated as H(#) and 5(4) respectively below.
Dueto C; and C, , respectively are the gray scale
average curve of internal and external, are a global,
makes the model of initial curve and noise a good
robustness, but because this model does not include
local information, when the energy functional to the
minimum, contour curve deviates from the target
boundary and so that it cannot be accurately even
gray-level image segmentation.

B. LRCV Model”

Liu set an active contour model which is
improved, written for the LRCV model™”. It is
different from the CV model which defines pixels
and global average difference energy function, the
model adopts the neighborhood pixels and the pixels
difference for powering fitting, similar to the model
of the RSF. And the adoption of the Gaussian filter
finally made the model a good robustness for noise
and smoothness. The energy function of the model is

as follows:

E(f,, f,.0)= 4] (1( H (g(x))dx

o ®)
+ A J

fz(x))(l H( ( )))d
In this formula,

f, and f, represent the

weighted average of the mean value of the curve,
this is the area of inside and outside, defined as:
_K A HE )]

K, *H(g)
—H(@)(x)]
*(1-H(g)

(6)

This method computes the image gray level of
each pixel point and its neighborhood weighted
difference of gray value to build the energy function.
This model can deal with gray uneven and weak edge
image effectively. Due to the model only using the
the
it sensitive to

local characteristics and ignoring global

information, which makes initial
contour curve and noise.



C. The optimization model

Comprehensive CV model combining initial
curve with good noise robustness and the noise
resistance and smoothness of LRCV model, this
paper proposes a combination of global and local
information of the mixed area of Active contour
(Hybrid
HRAC), the energy function is defined as follows:

model region_based Active Contours,

E= E'°"%{(1-q E'°° @)
Among them, ¢ € [O,l]to weigh the weight of

global and local forces, when uneven gray level is
serious, you should fit small value to make the local
force primary.

Assumes that the curve, both inside and outside
gray are uniform, the fitting image is defined as
follows.

197 (x)= ¢,(x)- H(#)+c,(x)- (L H(p)) ®)
For Cl(X) and CZ(X) are interior and exterior

grayscale of curve, when the curve is located in the
target boundary, the energy function of the following
will be minimized:

Eolobal _ %(I ()~ 157 (x)f )

Local models in this paper adopt the LRCV model

[7].(,75 is this article's hybrid energy on the level set

functional:
E=-a) ([, (1(x)- .0 HPax+ [ (100 £, ()1~ H(#(x))
+%a(u@_|ww@r

(10)

[12]

Using gradient descent flow to minimize ¢

values of E, geometric flow can be calculated as
follows:

WD) _ 5(4)-[1- - (100~ £,6F + (100 1,07 )]

ot
+8(g)-a-(109-1°7(¥))c, -c,)
(11)
In addition, in order to guarantee the smoothness
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of level set evolution in the process, this article
continues to use the LRCV model of Gaussian
convolution methods to smooth the level set function,

so a to avoid the calculation of costly
reinitializations” and regularizations "
1
#"=G, " (12)

Among them, S is the variance of Gaussian

convolution, Gaussian convolution size is k <k ,nis
the number of iterations.

In conclusion, in this paper, the algorithm
implementation steps are as follows:
Stepl initialize level set function ¢ to binary

function;

Step2 calculate C,. C,. f,. f,;

Step3  according to (11), update the level set
function;

Step4 according to (12) through a Gaussian filter
smooth level set function;

Step5 determine ¢ is convergence or not, if no

convergence, return to step 2.

[I.  THE EXPERIMENTAL RESULTSAND ANALYSIS

This section will verify optimization model in
the paper: (1) compared with the CV model, the
optimization model can segment uneven gray-level
and edge blur image; (2) compared with the LRCV
model, the initial contour curve of optimization
model has better robustness; (3) compared with the
model CVRSF in reference [10], the noise of
optimization model has a better robustness and higher
computation efficiency.

The entire experimental environment is Intel (R)
Core (TM) Duo CPU 2.00 GB of PC, MATLAB
R2010a. The model of the default parameter settings

are as follows: «a =0.01, At =0.025 ,and the
spanof ¢ is [1,3],the spanof K is [313].

The experimental comparison in figure 1 is the
optimization model and CV model, which show a
group of uneven illumination ‘T’ vascular image and
synthetic image. The sizes of the image are103X 131
and 127X 96. Blood vessels of X-ray image and ‘T’
image both demonstrate gray distribution and the
target edge of blood vessels is blur. According to the
experimental results, compared with the CV model,
this model can distinguish uneven illumination and
the weak edge images.



(a) initial curve (b) CV Model (c) optimization model
Figure.l Segmentation results using the CV model and the !
proposed model )

The experiments compare the initial curve on the (a) initial curve (b)LRCV Model  (c)optimization model
proposed model and the LRCV modelas in figure Figure. 2 Segmentation resul ts using the CVmodel, the
(2). The image sizes are 111 X110 and 127X 96. The LRCV model and the proposed model for the \essel images
initial contour curve radius of blood vessel image and ‘T image
experiment is 10, which chooses different position of
initial. It can be seen that proposed model is not Experiments in figure 3 is to prove the high

affected by the influence of initial contour curve and computational efficiency, using literature in [10]
it can segment the target successfully, while the CVRSF model and the model in this paper. The initial
LRCV model only in some special place can get curves of two models are the same, and to compare
correct segmentation result. The initial contour the efficiency of the two algorithms, set their
curve of ‘T’ image experiment radius size is 15, parameters are the same. Table 1shows that when the
which picks different position of initial. As the figure two models get same segmentation results, the
shown, the LRCV model segmentation results are number of iteration and the calculation time they
relatively dependent on the initial curve, namely separately needed.

when choosing suitable initial curve, the model can
segment the target LRCV model, it can obtain the
ideal segmentation results. When the proposed model
segment weak edges and non homogeneous image, it
has a good robustness to initial contour curve.

(a) initial curve (b)LRCV Model (c)optimization model CVRSFmodel; Row 3: Results of the proposedmodel)

Figure. 3 Segmentation results using the CVRSFmodel and the

proposed model (Row 1: Initial contours; Row 2: Results of the
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TABLE 1. THEITERATIONS AND THE PROCESSING TIME OF

THE CVRSF MODEL AND THE PROPOSED MODEL

\essel brain image Heartimage
Itera | Time | Itera Time Itera Time
tions | (s) | tions (s) tions (s)
CVRSF 180 | 195 | 70 20.56 30 11.46
optimization | 100 | 895 | 40 9.23 10 2.36
model

According to the table 1, because this article
model abandons a rule which maintains smooth rules
and it uses a Gauss filter method to keep smooth.
When gets the same segmentation result, this
algorithm needs less iterative number and time
compared with others. Experiment proved that this
model compared with CVRSF model has higher
computing efficiency.

The experiment of figure 4 is the comparison of
CVRSF model and the optimization model on noise
resistance. Add zero mean Gaussian noise to the
synthesis of uneven gray-level images, Gaussian
noise variance adding from left to right in turn was
0.001, 0.01, 0.04. When the noise variance increases
gradually, CVRSF will failure completely, and this
model can also get the boundary of the target when
the goak in the noise. The experimental results show
that compared with CVRSF model, this model has
good robustness for noise.

Figure .3 Segmenting noisy images with diffe rent variances
using the CVRSFmodel and the proposedmodel (Rows 1, 2
and 3 are added Gaussian white noise with variances 0.001,
0.01, and 0.04, respectively.) Row 2: Results of the CVRSF
model; Row 3: Results of the proposed model)
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[V. CONCLUSION

This paper presents a new robust regional active
contour model. First of all, for the proposed model,
new global force and local force which compose
hybrid energy functional are defined. Then, the
energy functional is incorporated into a variation
level set formulation. Furthermore, we regularize the
level set function by using Gaussian filtering to keep

it smooth and eliminate the re-initialization. In

addition, the proposed model can degrade to a new
global CV model. Experiments results show that the
proposed model can not only segment images with
intensity in homogeneities and weak boundaries, but
also robust to the noise, initial contours. And, it has
high computational efficiency.
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