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Abstract 

This paper presents a novel region-based active contour model for image 

segmentation in a variational level set formulation. We define a local discriminant 

criterion on the basis of the global and local region-based active contour model. The 

objective function in this model is thereafter minimized via level set method. By 

introducing the local discriminant criterion to separate background and foreground in 

local regions, our model not only achieves accurate segmentation results, but also is 

robust to initialization. Extensive experiments are reported to demonstrate that our 

method holds higher segmentation accuracy and more initialization robustness, compared 

with the global region-based and local region-based methods. Experimental results for 

synthetic images and real medical images show desirable performances of our method. 
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1. Introduction 

Image segmentation has been widely applied in computer vision, object tracking, 

medical imaging, and geographic imaging [1,2]. Typically, it is a process in which the 

image is divided into a series of non-intersected sub-regions with approximately similar 

properties. Many techniques on this problem have been proposed in the literature, such as 

region-growing, clustering, active contour model, and so forth. However, the 

segmentation problem is still an important and challenging research topic due to the 

complexity of images.  

Among those segmentation methods, active contour model (ACM) gets more attention 

in image segmentation field. The existing active contour model can be divided into two 

categories: parameter active contour models [3,4] and geometric active contour 

models[5,6]. Parametric active contour models employ an energy functional minimization 

formulation to search for the correct location for a parameterized contour. Hence, they are 

more suitable for segmentation of a single structure in an image. Geometric active contour 

models use level set method to find the locations of final contours. They are more suitable 

for segmentation of multiple structures in an image due to its robustness in merging and 

splitting the contours during evolution. The geometric active contour models can be 

roughly categorized into two classes: edge-based models [7] and region-based models 

[8,9].  

 

In general, edge-based models typically use image gradient information as an image-

based force to attract the contour toward object boundaries. These models have been 

successfully used for general images with strong object boundaries, but they may suffer 
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from boundary leakage problem for the medical images, which typically contain weak 

boundaries due to low contrast and partial volume effect. Region-based models have 

better performance than edge-based models in the presence of weak boundaries. However, 

region-based models tend to rely on intensity homogeneity. For example, the well-known 

Chan-Vese(CV) model [10] is based on the assumption that image intensities are 

statistically homogeneous in each region, and therefore it fails to segment the images with 

intensity inhomogeneity.  

Recently, Li et al. proposed a local binary fitting (LBF) model [11] to overcome the 

difficulty in segmentation caused by intensity inhomogeneity. The LBF model draws 

upon spatially varying local region information and thus is able to deal with intensity 

inhomogeneity. Some related methods were recently proposed in [12-15], which had 

similar capability of handling intensity inhomogeneity as the LBF model. These methods 

are, however, to some extent sensitive to initialization, which limit their practical 

applications. Besides, in such models, the energy functions are classically transformed 

into a level set formulation and then minimized by solving the corresponding Euler–

Lagrange equations, which are slow to converge. 

To improve the robustness to initialization, some hybrid models combining the local 

and global intensity fitting energies were proposed [16,17]. In [16], the authors defined an 

energy function (Local and Global Intensity Fitting, LGIF) with a local intensity fitting 

term used in LBF model and an auxiliary global intensity fitting term used in C-V model. 

However, the LGIF model also has several deficiencies as follows. Firstly, the non-

convexity of the LGIF energy functional may cause local minima. Secondly, for different 

images, it is necessary to choose appropriate weight values to control the local and global 

intensity fitting force. Thirdly, the segmentation result is still slightly dependent on the 

location of the initial contour, because the weight coefficient between the local term and 

the global term is a fixed positive constant. 

In this paper, motivated by the CV, the LBF and the LGIF model, we propose the 

ILGIF (Improved Local and Global Intensity Fitting) model which overcomes the above 

mentioned deficiencies of the LGIF model. The fitting energy function of the ILGIF 

model is established by introducing the local criterion information on the basis of the 

LGIF model. Our new model has the following advantages over the LGIF model. First of 

all, by applying the criterion information, we define a new energy functional to guarantee 

that the new algorithm has the tendency to compute a global minima. Secondly, our new 

model can control the influence of the local and global region information and criterion 

information by itself. Finally, our new model is not sensitive to initial position. We apply 

this method to synthetic images and real-world images, and the experimental results 

verify the validity of the method in this paper.  

The reminder 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. Some conclusion is 

given in Section 5.  

 

2. Background 
 

2.1. The CV Model 

Chan and Vese proposed CV model, which assumed that the original image was a 

piecewise constant function. For an image I on the image domain ，they proposed to 

minimize the following energy:     
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(1)  

Where ( )inside C and ( )outside C represent the region inside and outside of the contour 

C , respectively, and 1c
 
and 2c are two constants that approximate the image in 

( )inside C  and ( )outside C ,
 
respectively. 1 , 2  

and   are nonnegative constant.  

The CV model has good performance in image segmentation due to its ability of 

obtaining a larger convergence range and being less sensitive to the initialization. 

However, if the intensities with inside C  or outside C  are not homogeneous, the 

constants will not be accurate. As a consequence, the CV model generally fails to segment 

images with intensity inhomogeneity. Similarly, more general piecewise constant models 

in a multiphase level set framework are not well at such images either. 

 

2.2. The LBF Model 

To overcome the difficulty caused by intensity inhomogeneity, Li et al. proposed the 

LBF model, which could segment images with intensity inhomogeneity, using the local 

intensity information efficiently, and had achieved promising results. The data fitting term 

is defined in the form of kernel function. They proposed to minimize the local binary 

fitting energy 
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(2) 

Where 1 , 2 ,   and   are weighting positive constants.
 
K is the Gaussian kernel 

function, and   is a constant to control the local region size. The first and second term 

are data fitting energy which drives evolution of the level set function. The third term is 

the length term to smooth the contour and the forth term is the level set regularization 

term to penalize the deviation of the level set function   from a signed distance function. 

Because of using local region information, specifically local intensity mean, the LBF 

model is able to provide desirable segmentation results even in the presence of intensity 

inhomogeneity. However, the LBF model is sensitive to initialization to some extent and 

is easy to fall into local minimum, which limits its practical applications.  

 

2.3. The LGIF Model 

Wang et al., proposed a LGIF model by combining the CV model and LBF model. The 

energy function of the LGIF model was defined as follows:                        

1 2 1 2 1 2

1 2

( , , , , ) (1 ) ( , , )

+ ( , , ) ( ) ( )

LGIF CV

LBF

E f f c c E c c

E f f L P

  

     

  

    
                                                                 

(3)          

Where   is a constant (0 1)  .   and   are weighting positive constants. 

1 2( , , )CVE c c is the energy function of CV model, and 1 2( , , )LBFE f f
 
is the energy 

function of LBF model. ( )L  is length term and ( )P  is regularization term. 

The technique of using global image information can improve the robustness to 

initialization of contours. However, when the evolving curve is close to object boundaries, 
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the interference from the global intensity force will result to the deviation of contour from 

the real object boundary. At the same time, the double contours will appear and the edge 

position becomes blurred and inaccurate in the LGIF model. Furthermore, the LGIF 

model can be taken as the CV model acting on the image which is a combination of the 

original image and its transformed. To some extent, the LGIF model is also a CV model. 

So, it is difficult for the LGIF model to satisfactorily segment the image with intensity 

inhomogeneity.  

 

3. The Proposed Model 

In this section, we first introduce the local discriminant criterion. Then, the local 

discriminant criterion is integrated into the level set framework. Finally, we present the 

implementation details of our model. Besides, we will detail region-based active contour 

segmentation model with local discriminant criterion (ILGIF) for image segmentation. 

 

3.1. The Definition of Criterion 

As for it, we introduced discriminant criterion which is similar to Fisher criterion in 

expression form. The classify principle can be described as improving collection degree 

of within classification and separation degree of between classification. In theory, the 

Fisher criterion can obtain the best classification model, and it is suitable for the problem 

of classification. Therefore, we introduce a local criterion to our model. 

The local criterion of this paper is defined as follows: 

2 2
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(4) 

1n ， 2n ， 1f ， 2f  are updated after the iteration of level set function according to: 
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(6) 

Where K is the Gaussian kernel function, and ( )H  is the Heaviside function. 

 

3.2. The Definition of Energy Function 

On the basis of the LGIF model, we introduce the local discriminant criterion to the 

LGIF model and get the improved model of this paper, namely ILGIF model.  The energy  

function  is defined as follows:  

app:ds:suitable
app:ds:for
app:ds:classification
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Where   is the level set function.   is a constant (0 1)   and   is a constant 

(0 1)  .   and   are nonnegative constant. The first term is the data fitting term 

which drives the level set function to evolve. The second term is the criterion term. The 

third term is the length term. The fourth term is the regularization term. 

According to different characteristics of segmentation images, the choice of the 

weighting coefficient of each item is different, which can be summarized as: if the 

initialized contour is away from the target boundary or image intensity is homogeneous, 

the CV model fitting term will be regarded as main power, and the parameter value   

should be chosen small enough; if the images are corrupted by intensity inhomogeneity, 

the LBF data fitting term will be regarded as main power, and the parameter value   

should be chosen large enough. 

The length term and the regularization term are defined respectively as follows: 

( ) ( ( ))L H x dx 


                                                                                                      (8) 
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Where 1c
 
and 2c represent mean value of pixels in the region of inside and outside of the 

contour respectively, ( )H   is the Heaviside function. 

1c  and 2c  are defined as follows: 
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( )H   is defined as follows: 
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The energy LE  is defined by: 

app:ds:characteristic
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(13)  

Where kG is an averaging convolution operator.  

1( )f x and 2( )f x are defined as follows:  
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(14) 

It is worth noticing that the local term LE is designed by finding the best constant 

approximation of the difference between the averaging filtered image ( )kG I x  and the 

original image ( )I x  inside and outside of the contour. By subtracting the original image 

from the local average image, the contrast of the resulted image will be enhanced and the 

intensity inhomogeneity will be lightened, which are indeed favorable to segment. In our 

paper, we shall use the intensity difference between averaging filtered image and original 

image to construct our local region term. 

1 2( , , )J f f  is defined by: 
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Where
0( ) ( ) ( )kI x G I x I x   , 1( )f x and 2( )f x are the same as Eq.(14).  1n 、 2n

  
are  

the sum of pixel in the region inside and outside of the contour respectively. 

1n  and 2n  are defined as follows:   
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Where K is the Gaussian kernel function, and its expression is as follows: 
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Using the standard gradient descent algorithm to minimize the energy functional in 

Eq.(7), we derive the level set evolution equation as follows: 
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Where 1c
 
and 2c represent mean value of pixels in the region of inside and outside of the 

contour respectively, and the expressions are the same as Eq.(11). ( )  is the Dirac 

function, which can be obtained by the derivative of ( )H  . The expressions of  1f  and 

2f  are the same as Eq.(14). 

The Dirac function is as follows:  

2 2

1
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x





 



                                                                                                                      (19) 

 The implementation of our method is straightforward, and is presented below: 

Step 1: Initialize a level set function . 

Step 2: Update 1c
 
and 2c using Eq. (11). 

Step 3: Update 1( )f x and 2( )f x using Eq. (14). 

Step 4: Update 1n  and 2n  using Eq. (16). 

Step 5: Update the level set function using Eq. (18). 

Step 6: Regularize the level set function with the regularization term. 

Step 7: Return to step 2 until the convergence criteria is met. 

  

4. Experimental Results and Analysis  

This section validates the performance of the proposed model with various synthetic 

and real medical images from different modalities. We compared our method with Chan–

Vese (CV) method, Local Binary Fitting (LBF) method, Local and Global Intensity 

Fitting (LGIF) method. In this paper, the initial contours and the final contours are plotted 

as green contours and red contours, respectively. 

All experiments are performed on a PC with Pentium Dual-Core CPU 2. 0 GHz and 

2.0 G RAM, using Matlab2012a. We tested the proposed method with the following 

parameters: 0.1t  , =1 , 1 2 3 4= = = =1    . In order to keep the consistency between 

information of image and the criterion, we make =  . In order to speed up the contour 

evolution, the initial contour is set to a binary function whose value is 2. The detailed 

values of parameters for the different experimental images can be seen from Table 1. 

Table 1. The Parameters of this Paper 

         

Figure 1 0.001255
2
 0.98 0.98 0.000001 

Figure 2 0.003255
2
 0.98 0.98 0.00001 

Figure 3 0.003255
2
 0.98 0.98 0.00001 
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Figure 4 0.001255
2
 0.99 0.99 0.000001 

Figure 5 0.0008255
2
 0.99 0.99 0.000001 

 

4.1. Synthetic Images  

In order to demonstrate the capability of our method in dealing with intensity 

inhomogeneity, we first compare our method with CV, LBF and LGIF to segment a 

synthetic image with intensity inhomogeneity. Figure1 shows a typical image with 

intensity inhomogeneity. In addition, the segmentation results with different initializations 

of the contours are also illustrated in Figure1.  

 

    
(a)                              (b) 

    

    

    

    

Figure 1. Segmentation Results of CV, LBF, LGIF and Proposed Method for 
Synthetic Image with Different Initial Contours 

 In Figure 1, (a) is original image, (b) is the difference image 0 ( )I x . The first 

column: the results of CV model. The second column: the results of LBF model. The third 

column: the results of LGIF model. The last column: the results of our model. As can be 
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seen from Figure1, with different initial contours, CV, LBF, and LGIF models fail to 

segment the image. By contrast, our method successfully segments the image with 

different initial contours, as shown in the last column of Figure1. 

 

4.2. Real Medical images  

Intensity inhomogeneity often occurs in medical images, such as the images shown in 

Figure2, Figure3, Figure4 and Figure5. All of them are typical images with intensity 

inhomogeneity. The Figure2 and Figure3 are two vessel images. In these images, parts of 

the vessel boundaries are quite weak. The Figure4 and Figure5 are two brain MR images. 

As can be seen in these images, some intensities of the white matter (WM) in the upper 

part are even lower than those of the Gray matter (GM) in the lower part. Generally, in 

real medical images, the boundaries are quite weak, which renders it a nontrivial task to 

segment the object from the background. 

To illustrate ILGIF model can segment heterogeneous image effectively, the ILGIF 

model is applied to the real medical image. We compare our method with CV, LBF and 

LGIF models to segment two real X-ray for vascular images. Figure2 and Figure3 show 

the segmentation results. In addition, in the process of experiment, we set different initial 

contours in the same image, so the segmentation results with different initializations of 

the contours are also illustrated to prove the robustness of the initial contour in Figure2 

and Figure3.  

 

   
(a)                              (b) 
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Figure 2. Segmentation Results of CV, LBF, LGIF and Proposed Method for 
a Blood Vessel Image with Different Initial Contours 

    
(a)                              (b) 

    

    

    

    

Figure 3. Segmentation Results of CV, LBF, LGIF and Proposed Method for 
another Blood Vessel Image with Different Initial Contours 

In Figure2 and Figure3, (a) is original image, (b) is the difference image 0 ( )I x . The 

first column: the results of CV model. The second column: the results of LBF model. The 

third column: the results of LGIF model. The last column: the results of our model. 
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Figure2 and Figure3 show the results of X-ray images of blood vessels. As illustrated in 

these figures, with different initial contours, CV fails to segment the objects and LBF may 

and LGIF fail to segment the objects correctly. Specifically, as shown in Figure3, 

although the initial contours of the first row and the second row are very similar, the 

segmentation results of LBF are different from each other. It demonstrates that LBF is 

sensitive to initial contours. Thus, LBF is also sensitive to initial contours. By contrast, 

the proposed ILGIF model not only gives accurate results but also is robust to different 

initial contours. In the first row of Figure2 and the third row of Figure3, for example, even 

though the initial contours do not contain any foreground objects, our method can still 

obtain precise segmentation results. 

We also use our method to segment images with intensity inhomogeneity. Figure4 is a 

brain magnetic resonance image (MRI) with intensity inhomogeneity. In theory, CV 

cannot segment the details of the white matter. The segmentation results of LBF and 

LGIF are better than CV, but there are still some segmentation errors. Our method 

successfully segments the white matter in the same image. It can be observed that our 

model yields more accurate results than other methods. 

 

   
(a)                                (b) 
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Figure 4. Segmentation Results of CV, LBF, LGIF and Proposed Method for 
the Brain MR Image  

4.3. Quantitative Experiments 

To illustrate the ILGIF model can improve the accuracy of segmentation results 

more precisely. We compare our method with CV, LBF and LGIF models to segment a 

brain magnetic resonance imaging (MRI), which size is 174 238 . The experimental 

results are shown in Figure5 and the quantitative results are shown in Table2. We use the 

Jaccard similarity (JS) [18] as an index to evaluate quantitatively the segmentation 

performance of CV, LBF, LGIF models and our method. The JS between two regions 1S  

and 2S  is calculated as follows: 

1 2
1 2

1 2

( )
( , )

( )


area S S
J S S

area S S

I

U
                                                                                                        (20)

 

which is the ratio between the intersectional area of 1S and 2S  and their united area. 

Obviously, the closer the JS value is to 1, the more similar 1S  is to 2S . In our 

experiments, 1S  is the segmented region by the four competing methods, and 2S  is the 

ground truth. Due to the randomness of experiments, we run the program 50 times, and 

then calculated the average of the JS values. 

 

    

    

Figure 5.  Segmentation Results of CV, LBF, LGIF and Proposed Method for 
Brain MRI and Extracted Brain White Matter 
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Table 2. The JS Values of Brain MRI White Matter Segmentation Results  

 CV LBF LGIF ILGIF 

JS  0.309 0.603 0.704 0.896 

 

Figure 5 shows the segmentation results of CV, LBF, LGIF models and our method. 

Table 2 shows the quantitative comparison results of four models to segment the same 

brain MRI. We can see that the segmentation result and the segmentation accuracy of the 

proposed method  is superior than the other three methods. 

 

5. Conclusions 

In this paper, we present a region-based active contour segmentation model with local 

discriminant criterion for image segmentation. The main contribution of this work lies in 

that we introduce the local discriminant criterion into level set framework. Comparative 

experiments on image segmentation show that our method can achieve accurate 

segmentation results with various initial contours. Introducing discriminant criterion can 

improve the robustness of our model. However, due to the non-convexity of the energy 

function, the initialization may still affect the final solution of our model. Although our 

algorithm shows more robustness to the initialization compared with the traditional 

algorithms of LBF and LGIF models, it is more reasonable to design a convex energy to 

drive the evolution of level set function. In addition, for the images with strong bias field, 

the ILGIF model need further improvements. These weaknesses will be the content of the 

research in the next step of work about this paper. 
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