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Abstract
The shape prior based level set method is widely used to segment and track objects’ contours in images and video sequences. However,
such type of method is very slow and easy to fall into local minimum and obtain a wrong matching result. To overcome these issues, this
paper presents a novel dynamic local level set method with shape prior. To speed up the local level set method, a genetic algorithm is used
to dynamically choose the local region. Secondly, the genetic algorithm is also used to help the evolution process jump out of the local
optimum when embedding shape prior into the level set function. The main the main strategy is using genetic algorithm to pre-choose shape
priors and estimate the parameters. The experimental results prove the effectiveness and efficiency of the proposed method.
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1. Introduction
Among variation approaches, the level set method has become a popular framework for objects segmentation and tracking in
images. The key idea of the level set method is using the zeros level set of a surface to represent the contour of the objects in
images. The main advantages of the level set method are that it can naturally obtain closed contours, automatically break and
merge regions, and easily embed shape priors into the evolution process. It is especially important when the image background
is complex, and the foreground objects are composed by multi-regions. In these situation, popular edge detection and objects
segmentation methods such as Canny edge detector [5] or threshold based methods [3] can’t yield satisfied results, making
the level set method widely used in such situation.
However, there are a series of issues when implementing the level set method. The two most significant issues may be
the speed of the level set method and the local optima issue. First, for the basic level set method, during the evolution process
of the level set function, each location in the level set function will be updated using partial differential equations. Such
situation will be more severe when a local level set method is used [4]. To overcome this issue, parallel algorithms are usually
used [6]; however, such type of methods don’t solve this problem from the algorithm aspect. Meanwhile, when embedding
shape priors into the level set function, in each iteration, partial differential equations will be conducted on the level set
function regarding 4 extra parameters, including translation along x and y direction, orientation  , as well as scale factor s ,
while greatly increasing the computational cost [1,9,11]. Second, when intensity distribution is not homogeneous in whole
images, a local level set method is usually adopted. However, such type of method is easy converge to a local optimum value.
Meanwhile, such issue also happens when embedding shape priors into the level set function, resulting wrong shape matching
[2].
To overcome these two issues, a novel dynamic local level set method with shape prior is proposed. Two key insights of
this paper are as follows: firstly, the performance and speed of the local level set method is highly related to the local region,
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which depends on the intensity distribution of the region around the current point. Over large and small local region will both
reduce the efficiency and effectiveness of the algorithm. In this paper, to speed up the local level set method, a genetic
algorithm [8] is used to dynamically choose the local region. Secondly, the genetic algorithm is also used to help the evolution
process jump out of the local optimum when embedding shape prior into the level set function. The main strategy is using
genetic algorithm to pre-choose shape priors and estimate the parameters such as translation along x and y direction,
orientation  , as well as scale factor s, rather than calculate them according to the partial differential equation.
The rest of this paper is organized as follows: Section 2 gives the mathematical background. In Section 3, first the whole
framework of this paper is presented, followed by some detail discussion of the key novel ideas of the proposed methods.
Section 4 shows the experiment and discussion. Section 5 is the conclusion.
2. Level set with shape priors
Originally introduced in the community of computational physics as a means of propagating interfaces, the level set
method has become a popular framework for image segmentation. The central idea is to implicitly represent a contour C in
the image plane   2 as the zero-level of an embedding function  :   :

C   x   |   x   0

(1)

Rather than directly evolving the contour C , one evolves the level set function  . The two main advantages are that one
does not need to deal with control or marker points and the embedded contour is free to undergo topological changes such as
splitting and merging, which makes is well-suited for the segmentation of multiple or multiply-connected objects.
Let  be the level set function for segmentation, and 0 be the one embedding a given shape. Both are signed distance
functions. Then their shape difference reads as was proposed in [5]:
E s    



 H    H   
0

2

dx

(2)

Theory mentioned above is about the singe shape prior. In [6], given N aligned training samples where ˆi is the aligned
transformation of i , a variational framework can be constructed for the estimation of the Best shape by seeking for the
maximum likelihood of the local densities with respect to  ,   :
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where each grid location can be described in the shape model using a Gaussian density function:
2
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3. Optimizing Local Level Set with Shape Prior by Genetic Algorithm
3.1. The proposed local level set model
Firstly, we give the proposed level set energy:

E  Eregion  1 Esmooth  2 Eregulation  3 Eshape

(5)

This representation contains four items: Eregion is the energy of the image, basing on the CV model [7], we introduce
localizing strategy [4] into it and get:
Eregion  4  KH   I ( x )  c1  dx  5  K 1  H     I ( x )  c2  dx
2



2



(6)

where c1 and c2 are as follows:
c1   
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(7)
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c2    









u0  x, y  K 1  H    t , x , y   dxdy









K 1  H    t , x , y   dxdy

(8)

K is any kind of kernel; in this paper we choose a round 0-1 kernel. With localizing strategy, the model can deal with
images with asymmetric grey level.
To overcome the re-initial problem, we introduced the following item proposed by Li in [4].
1

 2 (  ( x )  1)

Eregulation 

2

(9)

dx

As an effective smoother, Length term is very popular in level set represents, in this paper, the following item is used:
Eregulation   H   x, y   dxdy
(10)


Now we discuss about the Eshape . Firstly, the Eshape is a sum of weighted kernel density estimation. Employ d  ,   to
denote the distance of  and  in kernel space, the Eshape can be written:
N

  d  H   , H   
i

Eshape 

i

i 1

(11)

N
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which simply induces a force in direction of each training shape i weighted by the factor:


1

d  H   , H i   
2
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Taking translation by  , rotation by an angle  and scaling by the s of shape into account:

 i  exp  

 





d  , 0    H   sR  x      H 0  dx


(12)

2

(13)

3.2. Dynamic localized active contour with shape prior
Firstly, it needs to encode the considered parameters into the genes in genetic algorithm. In the proposed model, each shape
energy contains: the position P with two parameters (x, y), scale S and angle A. We also consider the situation of the shape
reversal, which can be denoted by a binary number R, in which value -1 represents that the object’s shape is reversal to the
shape prior while value +1 represents the opposition. All of above parameters are PSAR for short. To improve the rate and
accuracy of the computation, the initial value of these parameters needs to determine. We can estimate the PSA as follows:
S 0    H  ( x , y ) 
(14)
x

y

m m 
P0 ( xc , yc )   10 , 01 
S 
 S

(15)

where m10    xH  ( x, y )  , m01    yH  ( x, y )  .
x

y
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y

We can also calculate the direction of the shape:
 b 
arctan 
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A0 
2

where a 

(16)
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But it should be noticed that when calculating S, P and A of the object, as the contour of the object is still in evolution
process, all of these parameters are imprecise, which are only the estimation of the object. The ranges of value of these
parameters are: S is in the range of  0.8S 0 , 1.2 S 0  ; Px 0 is in the range of  Px 0  S 0 , Px 0  S 0  ; Py 0 is in the range of


 Py 0  S 0 , Py 0  S 0  ; A is in the range of  A0  , A0   ; R is either +1 or -1.



2
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In the calculating process, we always make two genes’ PSAR in each subgroup to be  P0 , S 0 , A0 ,1 and  P0 , S 0 , A0 , 1
respectively. Actually, if we only have one gene with value of  P0 , S 0 , A0 ,1 , our model is equal to [4].
Fitness of each gene is equal to its corresponding shape energy, and there will be two stop criterions: one is the predefined
max iterative number Ms, and the other is that if the best gene’s fitness is unchanged in Mp steps; then, the evolution process
should be over.
The whole population of genes in GA will be divided into N subgroups, which is the same as the number of shape priors.
The shape prior is not similar to the current object shape, which is indicated as follows:
fitnessi  fitnessmean  3* fitness

(17)

The i-th shape prior will be excluded and the corresponding subgroup will be deleted.
4. Experiments
In this section, we conduct two groups of experiments. In the first group, we test the proposed dynamic local level set method
on four images. As comparisons, we also test the segmentation performance of three other level set method, namely, Kasmin
[3], Li [4], and Yang [10]. In the second groups, we compare the proposed dynamic local level set method with shape prior
with Qin [7].
4.1. Experiments of the dynamic local level set method
In this experiment, we test the proposed dynamic local level set method on four images. As comparisons, we also test the
segmentation performance of three other level set method, namely, Li [4], Kasmin [3], and Yang [10]. Li [4] is the classic
local level set method, Kasmin [3], and Yang [10] are state-of-the-art method. The parameters used in this experiment are as
follows: the number of individual is 100, the max step is 30, the max unchanged step is 5, the crossover rate is 0.3. Parameters
in level set: 1  1 , 3  1 , 4  1 , 5  1 , 2  255* 255*0.005 . The radius of round 0-1 kernel is 5. We used parameters of
other methods as recommended in their papers. The platform is Matlab 2010b, CPU is i7, memory is 8GB. The results are
shown in Figure1~Figure4, and the running time are shown in Table 1.

(a)

(b)

(c)
(d)
Figure 1. Comparions on Image 1
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(a)

(b)

(c)
(d)
Figure 2. Comparions on Image 2

(a)

(b)

(c)
(d)
Figure 3. Comparions on Image 3

Image Objects Segmentation and Tracking based on Genetic Algorithm Optimized Local Level Set Method with Shape Prior

(a)

1137

(b)

(c)
(d)
Figure 4. Comparions on Image 4

Method
Running Time

Image 1
Image 2
Image 3
Image 4

Table 1. Running time of methods on different images
Li[4]
Kasmin [3]
Yang[10]
248s
211s
127s
253s
228s
116s
264s
225s
138s
217s
196s
98s

Our method
68s
64s
62s
53s

As shown in Figure 1 through Figure 4, compared with Kasmin[3] and Yang[10], the segmentation result of Li[4] and
our method are much better. The main reason is that both of Li[4] and our method use local level set method, which can
overcome the issue of uneven distribution of the image intensity. However, the proposed method is much faster than Li[4],
due the method of dynamic local level set method.
4.2. Experiments of the dynamic local level set method with shape prior
In this experiment, we test the proposed dynamic local level set method with shape prior on the dataset. As comparisons, we
also test the segmentation performance of a state-of-the-art method Qin[7]. The parameters used in this experiment are as
follows: the number of individual is 100, the max step is 30, the max unchanged step is 5, the crossover rate is 0.3. Parameters
in level set: 1  1 , 3  1 , 4  1 , 5  1 , 2  255* 255*0.005 . The radius of round 0-1 kernel is 5. We used parameters of
other methods as recommended in their papers. The platform is Matlab 2010b, CPU is i7, memory is 8GB.
Figure 5 shows parts of shape priors using in this test.

Figure 5. Shape priors

Figure 6 shows the tracking results of the experiment. In the first column, the person in the video sequence faces left,
which is the same as the shape priors. But in the second column, the person in the video sequence faces right, which is opposite
with the shape priors. In some previous framework of segmentation with shape priors, it can hardly be deal with. In the
proposed algorithm, as the inversion parameter was considered, we still can track the object in this situation. Actually, any
affine parameter can be added into the proposed model by appending the parameter into the gene. In all figures in Figure 6, it
can be seen that even the object was partly occlusive, the algorithm can still segment the object correctly.
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(a1)

(a2)

(a3)

(b1)

(b2)

(b3)

(c1)

(c2)

(c3)

(d1)

Running Time

(d2)
Figure 6. Tracking results

(d3)

Table 2. Running time of methods on different images
Method
Qin [7]
Image 1
763s
Image 2
768s
Image 3
754s
Image 4
217s

Our method
112s
108s
116s
133s

As shown in Figure 6, for the first three images, both Qin [7] and our method can obtain correct tracking result.
However, in the last image, Qin [7] completely lost the object, while our method can still obtain correct tracking result. The
main reason is that the genetic algorithm used in our method can search more regions than Qin [7], which only uses partial
differential equation to evolution the location of the object.
Meanwhile, from Table 2, it can be seen that our method is much faster than Qin [7], as our method can search the
situation translation, orientation and scale more quickly than the differential equation used by Qin [7].
5. Conclusions
This paper presents a novel dynamic local level set method with shape prior. To speed up the local level set method, a
genetic algorithm is used to dynamically choose the local region. Secondly, the genetic algorithm is also used to help the
evolution process jump out of the local optimum when embedding shape prior into the level set function. The main the main

Image Objects Segmentation and Tracking based on Genetic Algorithm Optimized Local Level Set Method with Shape Prior

1139

strategy is using genetic algorithm to pre-choose shape priors and estimate the parameters. The experimental results prove
the effectiveness and efficiency of the proposed method.
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