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Abstract. In this paper, we present new developments in the formulation of a 
new class of level set method for medical image segmentation. In this work, 
a new speed function of level set framework is proposed. The region statistical 
information, instead of the conventional image gradient information, is fused 
into the level set fundamental model to improve the robustness of the segmenta-
tion for medical images. The new method has some advantages over classical 
level set methods especially in the situations where edges are weak and fuzzy. 
A number of experiments on MR, US and CT images were performed to evalu-
ate the new method. Experimental results are given to illustrate the effective-
ness and robustness of the method. 

1   Introduction 

Medical image segmentation is a fundamental problem in medical image processing 
with numerous applications including but not limited to medical image analysis, 3D 
visualization, etc. It is the process that automates or facilitates the delineation of ana-
tomical structures and other regions of interest (ROI) based on attributes such as their 
intensity and spatial location. Many classical segmentation techniques have been 
developed and detailed surveys can be found in references [1]-[3]. However, medical 
images are often corrupted by noise and sampling artifacts, which cause considerable 
difficulties when applying classical segmentation techniques, such as edge detection 
and thresholding. Therefore, sophisticated automated and semi-automated techniques 
are required. 

To address medical image segmentation problem, active contour model [4]-[5] has 
recently become one of the most studied techniques for medical image segmentation, 
where an initial contour is deformed towards the boundary of the object to be detected 
by minimizing an energy function. 

The classical active contour model is a parametric deformable model. Parametric 
active contour models are very popular and are successfully used in medical image 
segmentation for extracting image contours such as edges by Kass et al. [4]. However, 
they have some disadvantages. To make the final result relatively to be insensitive to 
the initial conditions, Xu and Prince [6] suggested the gradient vector flow (GVF) 
Snake model. The GVF model is useful when there are boundary concavities. How-
ever, the GVF still has topological problems. Chakraborty et al. [7] and Poon et al. [8] 
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proposed methods to integrate the parametric snake with region segmentation. It re-
quires a priori knowledge of the interest, and can suffer from topological problems. 
But the parametric deformable models have difficulty in segmentation of topologi-
cally complex structures. To overcome this problem, the level set approach was intro-
duced by Osher and Sethian [9] in 1988, and was created to follow the evolution of N-
dimensional curves (interfaces) by observing their curvature. Level sets are designed 
to handle problems in which the evolving interfaces can develop sharp corners and 
cusps [10]. Most existing shape modeling techniques require that the topology of the 
object be known before the shape recovery can commence. However, it is not always 
possible to specify the topology of an object prior to its recovery. One important con-
cern is topological change resulting from tracking the evolution of curve or surface 
boundaries through time. During their evolution, interfaces may change connectivity 
and split, thereby undergoing a topological transformation which is often very diffi-
cult to follow using traditional approaches. In the level set approach, the convergence 
to the final result may be relatively independent of the initial shape, and branches, 
splits and merges can develop without problems as the front moves. Generally, the 
method may be applied even when no a priori assumptions about the object’s topol-
ogy are made. Most of the challenges in level set approach resulting from the need to 
construct an adequate model for the speed function.   

In this paper, our main contribution is to define a new speed function model, which 
is based on the image region statistical information. This region statistical information 
is then incorporated into the level set method instead of the conventional image gradi-
ent information. The paper is organized as follows. The level set approach is briefly 
reviewed in section 2 and our proposed level set framework is described in section 3. 
The experimental results are discussed in section 4. Some conclusions are drawn in 
section 5. 

2   Level Set Method Model 

The level set method was devised by Osher and Sethian [9]. The main idea in the 
level set method is to describe a closed curve Γ  in the image plane as the zero level 

set of a higher dimensional function ),( txφ  in 3ℜ . The value of the φ  at some point 

x  is defined by 

   dtx ±== )0,(φ                                                      (1) 

where d  is the distance from x  to )0( =Γ t , and the sign in Equation (1) is chosen  

whether the point x  lies outside or inside the initial hypersurface )0( =Γ t . In this  

manner, Γ  is represented by the zero level set { }0),(|)( 2 =∈=Γ txRxt φ  of the level 

set function, and the initial function )0,( =txφ  with the property that 

{ }0)0,(|)0( 2 ==∈=Γ txRx φ . The evolution of ),( txφ  can be modeled as  

    0=∇+
∂
∂ φφ

F
t

                                                      (2) 
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with a given )0,( =txφ . At any instant, the position of Γ  shall be given as the zero 

level set of evolving function φ . We must have 

 { }0),(|)( 2 =∈=Γ txRxt φ                                              (3) 

The speed function F  in equation (2) depends on factors  like  the image gradient. A  
common choice for F  is 

)1)(( kIPF ε−=                                                       (4) 

where 0 <ε < 1 is a constant, I  is  the  image  intensity  and  k  is  the  curvature,  ob-
tained from divergence of the gradient of the normal vector to the front, curvature k  
can be defined as 

( )2
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=                                         (5) 

The term ( )IP  in equation (4) is  an image-dependent halting criteria  that can be cal-

culated as 

( ) IGeIP ∗∇−= σ                                                      (6) 

where IG ∗∇  denotes the image convolved with a Gaussian smoothing filter whose  
characteristic width is σ . This halting criterion allows model to stop on high image 
gradient by reducing speed function to zero, thus aligning it to the object boundary.  
The final level set equation for segmentation is given by 

 0)1)(( =∇−+
∂
∂ φεφ

kIP
t

                                           (7) 

The above motion equation (7) is a partial differential equation in one higher di-
mension than the original problem. Given the initial value, it can be solved by means  
of difference operators in a fixed grid via 
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where n  is  the  iterative  time, h is  the  grid  step, tΔ  is  the  time  step, ijF  is  the  speed  

value of pixel ( )ji, , n
ijφ  is the level value of pixel ( )ji,  at time n  and where 
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This implementation allows the function φ  to automatically follow topological  

changes and corners during evolution.  

3   Proposed Level Set Method  

In this section, a new speed function is proposed which is based on the image region 
information since the gradient in the conventional level set approach has no meaning 
for very noisy and low contrast images. This region information is achieved at a 
global level by a statistical characterization. The core idea is to utilize the probability 
density function inside and outside of the structure to be segmented. Here, the original 
speed function proposed by Malladi [11] is employed for it simplicity as: 

)( kvhF I ρ−=                                                       (13) 

where v  represents an external propagation force, k  is the local curvature of the 
front and  acts as a regularization term. The weighting ρ expresses the importance 

given to regularization and the term Ih is the data consistency and acts as a stopping 

criterion at the location of the desired boundaries.  
Suppose that the image is partitioned into N pixel, labeled by the integers 

N,,2,1 ⋅⋅⋅ . In most application, the pixel locations or sites will form a regular square 

lattice. Further suppose that each pixel variable, Nixi ≤≤1,  can take any real value, 

Rxi ∈ . The values of the pixel variables are called intensities and arbitrary shading 

will be denoted },,,{ 21 Nxxxx ⋅⋅⋅= , hence NRx ∈ . In general, it is not possible to 

observe x  directly, instead the observed image y  is a degraded copy of x . 

   Nixy iii ≤≤+= 1,ε                                                 (14)  

where ),0(~ 2σε Ni ,and iε  and jε are independent when ji ≠ . Let us consider the 

image ),( yxI  could be the Gaussian distribution: 
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The goal is to segment the image ),( yxI  into two “homogeneous” regions sepa-

rated by the contour. The region inside the object contour, inI , represents the object 

region. The region outside the contour, outI , corresponds to the background region. 

We use the same method as in [12] to incorporate region information into level set 
method. The sign of v  determines the direction of the external propagation force: 

)}()1()({ outiini IpaIpaSignv −−=                                      (16) 

where )( inIp and )( outIp  denote the likelihood of intensity inside and outside the 

object, and ia  is the prior of a image to be inside the object. The likelihood )( inIp  of 

the curve evolves inside the considered region is given by a Gaussian distribution as 
follows: 
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In the same case, where the curve outside the considered region, the likelihood is 
described by a translated form of the Gaussian as follows: 
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Set inN , outN  to be the number of pixels in the image object and background regions. 

The corresponding parameters ( inin σμ , ) and ( outout σμ , ) of the image object and 

background regions are estimated using maximum likelihood (ML) algorithm. 
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As discussed in [13], the maximum likelihood estimation of the target shape can be 

obtained by maximizing the likelihood. 

)|,()( IIIpIp outin=                                             (23)  

Based on the bayes rule: 

     ∏ ∏
∈ ∈

=

in outIyx Iyx

outin IpIpIp

),( ),(

)()()(                                       (24) 

Since the consistency term Ih  is proportion to the probability )(Ip of the closest  

point on the current interface, the final expression of the new consistency term Ih  can  

be defined as: 

   )}(exp{ IpkhI ⋅−=                                                 (25) 

Therefore, according to equation (13) then the new speed function can be defined 
as: 

)}(exp{)()( IpkkvkvhF I ⋅−⋅−=−= ρρ                             (26) 

4   Experimental Results   

To demonstrate the results of our new speed function for the level set framework, we 
carried out a series of experiments on different modalities medical images, such as 
MR, US and CT images. The performance of the proposed method is compared with 
that of standard level set method. 

We first consider segmenting the cerebrospinal fluid (CSF) from a 2D brain MR 
corpus callosum image with poor contrast. Fig.1 (a) shows the original image,  
Fig.1 (b) shows the initial curve. The results of the standard level set method and the 
proposed method are displayed in Fig.1 (c) and (d) respectively. In order to give clear 
vision about the results, Fig.1 (e) and (f) give the contours corresponding to the seg-
mented regions in Fig.1 (c) and (d). It is observed from the results that with the stan-
dard level set method the CSF is under-segmented especially in the middle extended 
region as show in Fig.1 (e), while with the proposed method the CSF is accurately 
segmented as shown in Fig.1 (f).   

We then test the two methods using a US image. As we know, the US image qual-
ity is very poor and the region boundaries seem to be very fuzzy. Fig.2 shows the 
results on a US image with both strong and fuzzy region boundaries. Fig.2 (a) shows 
the original image, Fig.2 (b) shows the initial curve, Fig.2 (c) and (d) give the results 
of the original level set method and our method, respectively. The segmented con-
tours corresponding to Fig.2 (c) and (d) are illustrated in Fig.2 (e) and (f). Compared 
to the standard level set method, it is noted that the proposed method can effectively 
segment the region of interest (ROI) even if the extracting features with fuzzy bound-
ary or with poorly defined edges. 
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               (a)                                              (b)                                              (c) 

  
             (d)                                               (e)                                            (f) 

      
Fig. 1. Brain MR corpus callosum image segmentation results. (a) Original image; (b) Initial 
curve; (c) Standard level set method result; (d) Our proposed method result; (e) Contour of the 
segmented region in (c); (f) Contour of the segmented region in (d). 
 

          
(a)                                     (b)                                     (c)                                

         
                 (d)                                 (e)                                        (f) 

Fig. 2. US image segmentation results. (a) Original image; (b) Initial curve; (c) Standard level 
set method result; (d) Our proposed method result; (e) Contour of the segmented region in (c); 
(f) Contour of the segmented region in (d). 
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We also test the robustness of our algorithm to noise. We add Gussian noise to a 
CT image of the liver as shown in Fig.3 (a), then segment it. Fig.3 (a) is the original 
image and Fig.3 (b) is the degraded noisy image. The results for comparison are given 
in Fig.3 (c)-(g). The results clearly demonstrate the superior segmentation quality of 
our approach in the noisy situation.  

 

Based With  

   
              (a)                                            (b)                                           (c) 

    
                       (d)                                          (e) 

    
                         (f)                                           (g) 

Fig. 3. CT image segmentation results. (a) Original image; (b) Noisy image; (c) Initial curve; 
(d) Standard level set method result; (e) Our proposed method result; (f) Contour of the seg-
mented region in (d); (g) Contour of the segmented region in (e). 

As mentioned above, we have demonstrated that our method seems ideal for use in 
a wide variety of medical images. The proposed method can be used to segment im-
ages with poor image contrast, fuzzy or diffuse boundary and noise. 
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5   Conclusions 

We have introduced a framework of level set method based on region statistical in-
formation. The framework can conveniently incorporate region features into speed 
function. The method incorporated the region statistical information into the level set 
fundamental model, instead of the image gradient information. The method has been 
tested with numerical real modalities medical images, such as MR, US and CT im-
ages. We have presented some preliminary experimental results to illustrate the flavor 
of this technique. The proposed method has been proven to be effective and robust for 
the segmentation. Future work will focus on the validation of the proposed approach 
on a variety of medical images. 
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