
  
Abstract—in this paper, we proposed a novel global 

segmentation method for satellite images with active contour 
model on noisy images with ten percentage of salt and pepper. 
It was implemented with a special technique selective binary 
and Gaussian filtering regularized level set evolution. First we 
selectively penalize the level set function to be binary and then 
use a Gaussian smoothing kernel to regularize it. The 
advantages of our method is a new region based signed 
pressure force(SPF) function is proposed, which can step 
effectively the contour at weak or blurred edges and 
automatically detect the interior and exterior boundaries with 
the initial contour being any where in the images effected with 
noise. The proposed method can implement by the simple finite 
difference scheme. Experiments on satellite images with noise 
demonstrate the advantages of the proposed method over the 
Chan-Vase (CV) active contour in terms of the number of 
Iterations. 

 
Index Terms—Active contours, Image segmentation, Chan-

vase model, Level set method. 
 

I. INTRODUCTION 
Image segmentation is a fundamental problem in image 

processing and computer vision. Extensive study has been 
made and many techniques have been proposed [1], among 
which the ACM [2, 3] is one of the most successful methods. 
The basic idea of ACM is to evolve a curve under some 
constraints to extract the desired object. According to the 
nature of constraints, the existing ACMs can be categorized 
into two types: edge-based models [4, 5] and region-based 
models [6, 7-10].  

Image segmentation plays an important role in the field of 
image understanding, image analysis and pattern 
identification. The foremost essential goal of the 
segmentation process is to partition an image into regions 
that are homogeneous (uniform) with respect to one or more 
self characteristics and features. Active contour methods are 
applied in a wide range of problems including visual 
tracking and image segmentation [11]-[14]. The basic idea is 
to allow a contour to deform so as to minimize a given 
energy functional in order to produce the desired 
segmentation. Two main categories exist for active contours: 
edge-based and region-based. Edge-based active contour 
models utilize image gradients in order to identify object 
boundaries, e.g., [15], [16]. Region- based ACMs have 
many advantages over edge-based ones. Initially, region-
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based models utilize the statistical information inside and 
outside the contour to control the evolution, which are less 
sensitive to noise; give better performance for images with 
weak edges or without edges and they are significantly less 
sensitive to the location of initial contour, further more they 
can efficiently detect the exterior and interior boundaries 
simultaneously.  

One of the most popular region-based models is the C–V 
model [3], which is based on Mumford–Shah segmentation 
techniques [7] and has been successfully applied to binary 
phase segmentation. As pointed in [3], the C–V model can 
automatically detect all of the contours, no matter where the 
initial contour starts in the image. So we can say that the C–
V model has the global segmentation property to segment all 
objects in an image in comparison with the GAC model.  

In this paper, we propose a new region-based ACM, 
which shares the advantage of the C–V .We utilize the 
statistical information inside and outside the contour to 
construct a region-based signed pressure force (SPF) 
function [17], which is able to control the direction of 
evolution. The proposed SPF function has opposite signs 
around the object boundary, so the contour can shrink when 
it is outside the object or expand when inside the object.  

In this paper we do propose a novel level set method, i.e. 
Selective Binary and Gaussian Filtering Regularized Level 
Set Evolution (SBGFRLS), to implement our model. Unlike 
in Traditional Level Set methods, this method avoids the 
calculation of SDF and costly re-initialization [18].Firstly 
the Level Set Evolution will be penalized by using a 
selective step and then we use a Gaussian filter to regularize 
it. The Gaussian filter can make the level set function 
smooth and the evolution more stable. It is worth noting that 
our proposed method is general and robust, and it can be 
applied to classical ACMs, C–V model [3], PS model [8, 19], 
and LBF model [20, 21]. Furthermore, computational 
complexity analysis shows that the SBGFRLS method is 
more efficient than the traditional level set methods. In 
addition, the proposed model implemented with SBGFRLS 
has a property of selective global segmentation, which can 
not only extract the desired objects, but also accurately 
extract all the objects with interior and exterior boundaries. 
This paper is organized as follows:  C–V models. In section 
3 we describe our method and show how to construct the 
region-based SPF function. 

The advantages of our model over C–V models are also 
discussed. Section 4 validates our method by extensive 
experiments on satellite images with adding salt and pepper 
noise 

II. THE CHAN-VESE (CV) MODEL 
Chan and Vese [3] proposed an ACM which can be seen 

as a special case of the Munford–Shah problem [7]. For a 
given image I in domain X, the C–V model is formulated by 
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minimizing the following energy functional: 
2 2
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where C1 and C2 are two constants which are the average 
intensities inside and outside the contour, respectively. With 
the level set method, we assume  

               C = {x Є Ω: φ(x) = 0} 
Inside (C) = {x Є Ω: φ(x)> 0} 

      Outside(C) = {x Є Ω: φ(x) < 0} 
By minimizing esq.: (1), we solve C1 and C2 as follows 
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By incorporating the length and area energy terms into Eq. 
(1) and minimizing them, we obtain the corresponding 
variational level set formulation as follows: 
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where μ  ≥ 0ν ≥0, 1λ > 0, 2λ  > 0 are fixed parameters, μ  
controls the smoothness of zero level set, ν  increases the 
propagation speed, 1λ  and 2λ control the image data driven 
force inside and outside the contour, respectively. ∇ Is the 
gradient operator. ( )H φ Is the Heaviside function and 

( )δ φ is the Dirac function. Generally, the regularized 
versions are selected as follows: 
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III. THE PROPOSED MODEL 

A. The Design of SPF Function 
The SPF function defined in [16] has values in the range 

[-1, 1]. It changes the signs of the pressure forces inside and 
outside the region of interest so that the contour shrinks 
when outside the object, or expands when inside the object. 
Based on the analysis in Section 2, we construct the SPF 
function as follows: 
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where C1 and C2 are defined in Eq. (2) and (3), respectively. 
The significance of Eq. (6) is that, we assume the 

intensities inside and outside the object are homogeneous.} 
It is intuitive that 1 2min( ( )) , max( ( )),I x c c I x≤ ≤  and the 
equal signs cannot be obtained simultaneously wherever the 
contour is. Hence, there is 

1 2in( ( )) max( ( )),
2

c cm I x I x xε+
≤ ≤ Ω                  (7) 

Obviously, the signs of the SPF function in Eq. (6) are 
identical; it can serve as an SPF function. Substituting the 

SPF function in Eq. (6) for GAC model, the level set 
formulation of the proposed model is as follows: 
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t
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⎛ ⎞⎛ ⎞∂ ∇= + ∇ + ∇ ∇⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟∂ ∇⎝ ⎠⎝ ⎠

      (8) 

B. Implementation 
In the traditional level set methods, the level set function 

is initialized to be an SDF to its interface in order to prevent 
it from being too steep or flat near its interface, and re-
initialization is required in the evolution. The undesirable 
side effect in many existing re-initialization methods is 
moving the zero level set away from its interface. 
Furthermore, it is difficult to decide when and how to apply 
the re-initialization. In addition, re-initialization is a very 
expensive operation. To solve these problems, we propose a 
novel level set method, which utilizes a Gaussian filter to 
regularize the selective binary level set function after each 
iteration. The procedure of penalizing level set function to 
be binary is optional according to the desired property of 
evolution. If we want local segmentation property, the 
procedure is necessary; otherwise, it is unnecessary. 

In our method, the level set function can be initialized to 
constants, which have different signs inside and outside the 
contour. This is very simple to implement in practice. In the 
traditional level set methods, the curvature-based term 

div φ φφ
⎛ ⎞∇ ∇⎜ ⎟∇⎝ ⎠

 is usually used to regularize the level set 

function ϕ . Since ϕ  is an SDF that satisfies 1φ∇ − [17], 
the regularized term can be rewritten as φΔ , which is the 
Laplacian of the level set functionϕ . As pointed out in [21] 
and based on the theory of scale-space [22], the evolution of 
a function with its Laplacian is equivalent to a Gaussian 
kernel filtering the initial condition of the function. Thus we 
can use a Gaussian filtering process to further regularize the 
level set function The standard deviation of the Gaussian 
filter can control the regularization strength, just as the 
parameter μ  in Eq. (4) does. Since we utilize a Gaussian 
filter to smooth the level set function to keep the interface 

regular, the regular term div φ φφ
⎛ ⎞∇ ∇⎜ ⎟∇⎝ ⎠

 is unnecessary. 

In addition, the term .spf φ∇ ∇  in Eq. (8) can also be 
removed, because our model utilizes the statistical 
information of regions, which has a larger capture range and 
capacity of anti-edge leakage. Finally, the level set 
formulation of the proposed model can be written as follows: 

( ( )). ,spf I x x
t
φ α φ ε∂ = ∇ Ω

∂
                    (9) 

The main procedures of the proposed algorithm are 
summarized as follows: 

1) Initialize the level set function Φ as 

0 0

0

0
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                          (10) 

where ρ  > 0 is a constant, 0Ω is a subset in the image 
domain Ω  and is the boundary of 0δΩ is the boundary of 0Ω . 

2) Compute 1 2( ) ( )c andcφ φ  using Eqs. (2) and (3),                 
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3) Evolve the level set function according to Eq. (9). 
4) Let 1φ −  if φ  > 0; otherwise, φ  = -1; 
This step has the local segmentation property. If we want 

to selectively segment the desired objects, this step is 
necessary; otherwise, it is unnecessary. 

5) Regularize the level set function with a Gaussian 
filter, i.e. *Gσφ φ=  

6) Check whether the evolution of the level set function 
has converged. If not, return to step 2. 

C. Compare our proposed model over CV model 
Compared with the C–V model, our model can extract 

objects whose boundaries are distinctive while interior 
intensities are not homogeneous (see Fig. 1 and 2 for 
example). Moreover, our model can selectively extract the 
desired object by setting the initial contour intersecting or 
surrounding the desired boundaries, while the C–V model 
will extract all the objects. In addition, the evolution 
direction in our model can be controlled to obtain satisfying 
segmentation results, while the C–V model may get 
disordered results. Further more, our model can extract all 
the objects with the initial contour being set anywhere, 
while the C–V model may be trapped into the local minima 
and then result in unsatisfied segmentation. The comparison 
of experimental results between C-V model and our model 
on satellite images with salt and pepper noise indicate that 
computational complexity decreases as shown in figure 
below. 

 
Figure (1) shows the results of (a) input image with noise (b) initial 

contour (c) active contour segmentation with 100 iterations (d) global region 
based segmentation. 

 
Figure (2) shows the final fast global perfect segmentation with 

proposed model with iterations 100 with same image in fig1. 
 

IV. THE NOISE MODEL 
In this section we focus our attention on the noise model. 

The chosen descriptor for this port is 
( ) ( ( ( ))),nf x F p y x=                                (11) 

where p is the pdf of some image features y(x) and F is at 
least C. In our study ,we consider that p belongs to the 
exponential family .This family is comprehensive enough to 
cover noise models in most image acquisition systems 
encountered in practice e.g. Gaussian, exponential, Poisson, 
Raleigh to cite a few.     

 

V. EXPERIMENTAL RESULTS 
The segmentation of image takes an important branch in 

the surgery navigation and tumor radiotherapy. However, 
duly in this project we considered satellite based images 
with salt and pepper noise added to the text images. 
Segmentation was done on the images globally for both the 
models with active contours and level set evolution on noisy 
images with number of iterations as shown in figures (3) and 
figure (4).Our method has best globally segmented regions 
with satellite noisy images over the CV model with active 
contours and level set methods. 

We are testing on other particular images like noisy (salt 
& pepper) satellite and medical images for various number 
of iterations and the results are as shown below. 

 
Figure (3a) The CV model with 300 iterations 

 
Figure (3b) the proposed model with 100 iterations. 

 
Figure (4a) The CV model with 200 iterations 

 
Figure (4b) the proposed model with 100 iterations 
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VI. CONCLUSION 
In this paper, we proposed a region based segmentation of 

satellite images added with ten percentage of salt and pepper 
noise using active contours model and level set evolution. 
The results of this paper confirmed that the proposed 
method of global region based segmentation with active 
contours and level set evolution with SPF function showed 
perfect locked segmentation with lesser number of iterations 
and computational time. At the same time, the performance 
of image segmentation algorithms can be improved by 
modernization of classic velocity of active contours. 
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