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Level set methods have been widely used to implement active contours for image segmentation 
application due to their good boundary detection accuracy. However, there are several disadvantages 
in the weighted level set evolution, since the edge stopping function depends on the image gradient, 
only objects with edges defined by gradient can be segmented.  Another disadvantage is that in 
practice, the edge-stopping function is never exactly zero at the edges, and so the curve may 
eventually pass through object boundaries. This proposed method based on weighted p(x) Dirichlet 
integral, an external energy, and a level set regularization term. Due to the good properties of   the 
weighted p(x)-Dirichlet integral term, it extracts the weak boundaries in noisy and intensity in 
homogeneity images. An added benefit of the proposed method is that the level set function can be 
initialized to a constant function. This implies that the model is free of manual initialization. The 
proposed methods leads to more accurate boundary detection results than the state-of-the –art   
based method. 
 
 

 
 
 

 
 

 

 
 

 
 

 
 
 
 
 
 
 
 

 
 
 
 
 

 
 

 
 

 
 

 
 
  
 
 

 

INTRODUCTION 
 

The segmentation of an image is one of the most important 
techniques for analysis the image, understanding and 
interpretation. Segmentation is an important tool in many 
applications for image analysis [1]. In medical image, the 
segmentation helps us to extracting the local information from 
the image data that techniques are usually formulated  as an 
optimization problem and where the segmentation criteria and 
the contour characteristics are specified by an objective 
functional. 
 

The level set method, originally introduced by Osher et al. [5] 
and   Sethian.  Which the implicitly represents the curve as the 
zero level of the level set, ϕ, of a high dimensional function. 
This Level set methods have been successfully used in many 
application to implement the active contours for segmentation 
in an image. The aim of a level set method is to represent the 
contours as in the level set function. This function should be, to 
evolve the level set function according to a partial differential 
equation (PDE) [7],[9],[11]. This approach allows us to 
automatically handle the topological changes to detect the 
boundary [13]. From the defined on the level set function, the 
evolution PDE of the level set function can be directly derived 

from the problem of minimizing a certain energy functional. 
This various type of variational methods, which are known as 
variational level set methods, these are highly amenable to 
incorporating the  more additional information in the level set 
evolution (LSE), such as an region based information [7],[15] , 
shape-prior information [17] and phase-based information , 
which is usually gives us rise to very accurate boundary 
detection results. 
 

Recently, there are several authors have been proposed the 
image segmentation approaches, that employed the variation 
level set methods that incorporate the different image features 
into the energy functional. These methods, which have also 
been used to develop the medical image segmentation 
approaches, aims at solving the  common issues that hinder the 
image segmentation accuracy, such as leakage around the weak 
edges and high sensitivity to intensity in homogeneities 
images[19], [21]–[22], [22]–[23]. For example, Kimmel 
proposed a contour method to evolve a boundary detection, that 
employs a level set method in an image with an energy 
functional, this method  combines an alignment term and that 
leads the curve to the desired boundary of the region. 
Specifically, in this method that alignment term can attempts to 
align all the normal vector of the zero level set with the 
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gradient of images. Although this method alignment term leads 
to be more accurate segmentation results compare to other 
method, sometimes this method may fail to accurately drive the 
zero level set to the  boundary of the desired region around  the 
weak edges, due to the fact that the  gradient of image around 
weak edges is relatively small [24]. Belaid et al. [25] proposed 
a phase-based level set (PBLS) Method, in the medical image 
segmentation it implements an active contour method with high 
levels of noise and weak edges in an image. In this PBLS 
method, the authors construct an speed term with based up on 
two phase features: local phase, it is derived from the 
monogenic signal and local orientation, it measures the 
alignment between the local image orientations and the active 
contours normal direction of the movement. This  method 
perform very well in the presence of weak edges, it requiring a 
careful tuning of the parameters in an image associated with the 
edge map used by this method [26]. Estellers et al. [27] 
proposed a segmentation method in a medical image based on 
the geometric representation of 2D manifolds embedded in a 
higher dimensional space. This method, termed the harmonic 
active contours (HAC), aligns the gradient in images with the 
gradient of the level set function for all the level sets method. 
This results obtained from the image in an objective functional 
that is able to exploit the alignment of the neighboring level set 
function to pull the contour in an image to the right position. 
Although this HAC has been shown to provide a excellent 
image segmentation results on medical images, it may perform 
poorly with several intensity in homogeneities in an images. 
 
Zhouet al. [28] proposed to combined an both edge-based 
contour model and the region-based  contour model for  
segmentation of image in the left ventricle in cardiac CT 
images. Based on the image gradient this method slightly 
adjusts the effect of two models. Although this method showed 
the good performance around the weak Edges and the results 
are dependent highly on the place of initial contour. Ji et al. 
[29] proposed a local region-based contour model for   
segmenting the images, that uses a spatially varying both the 
mean and variance of local intensities and to construct a local 
likelihood image fitting (LLIF) with an energy functional. This 
LLIF method performed very well in images with low in both 
contrast and intensity in homogeneities images. However, the 
other region-based contour model it assumes the existence of 
two well-differentiated in regions, which may not always be 
true in medical images. 
 
Motivated by our previous method, we proposing a 
segmentation method that employs an active contour 
implemented using a variational level set method that weights 
the level set evolution based on adaptive regularized level set 
method. In this paper, we focus on the issue of zero level curve 
regularization with variational level set method. Length 
regularization [2, 4, 6, 8] is a popular choice of the geometric 
constraint on zero level curve, in the spirit of the Mumford-
Shah functional [10]. But it is a less robustness to noise. In 
[12], two smoother regularizations were introduced. However, 
the smoother regularizations may cause the active contours to 
pass through the weak objects boundaries. Recently, there were 
many different choices of regularization for example: p-
Dirichlet integral regularization [14] and weighted p-Dirichlet 
integral regularization[16]. Different value should be substitute 

on p ≥ 1 results in a constrain which is somewhere between the 
length-based and smoother regularizations. However, that the 
constant exponent p cannot reflect the image local property and 
thus the  p-regularization does not adapt the exponent to fit  in 
the image data automatically. This problem has limited in their 
application. 
 
This paper proposes an adaptive variational level set 
formulation, based upon three terms a weighted P[x]-Dirichlet 
integral, an external energy, and a level set regularization term. 
The weighted P[x]-Dirichlet integral term means integrating 
the gradient information is designed to the geometric 
regularization. On the zero level curve, which is used to 
diminish the influence of image noise on the level set evolution 
while the active contours not to pass through the weak object 
boundaries. The effectiveness of the weighted p[x]-Dirichlet 
integral term, we apply it to an edge-based GAC model for 
image segmentation and an external energy based up on 
Laplacian of Gaussian [LoG] filter is defined, and then it drives 
the level set function to deform in the opposite direction [up or 
down]on either side of the edge. The level set regularization 
term makes the  level set function, it behave approximately like 
a signed distance function, which ensures the stable level set 
evolution. The resulting evolution in the level set function is 
that the gradient flow minimizes the overall energy functional. 
Due to the imaging data fitting in the weighted p[x]-Dirichlet 
integral , the intensity information in local regions is extracted 
to guide the regularization of active contours. so our model can 
extract  the weak boundaries in noisy images and/or intensity in 
homogeneity images. An added benefit of this proposed model 
is, that the level set function can be initialized to be a constant 
function. That the constant function is more easier to use in 
practice, than the widely used signed distance function or 
binary step function. 
 
Adaptive Regularized Level Set Method 
 
Image segmentation in medical applications is based up on the 
active contours implemented using a variational level set 
method, various type of image information, such as intensity, 
region, edge or texture, can be used to define in an objective 
functional. Here, we employ an region  information as the main 
image features that drives the active contour to the desired 
boundary in the image. In this level set method, a moving curve 
C[t] is represented by the zero level set and the Lipschitz 
function φ[x, y, t] is defined on the image domain. The curve 
evolution C[t] along its normal direction with the speed F is 
denoted by the following evolution PDE, 
 
�∅

��
+F│∇�│ = 0                                                                       (1) 

 
The initial condition sets to be φ[x, y, 0] and φ[0,x, y]. For the 
image segmentation, that the speed function F is depend on 
both the image data and level set function φ. The φ function 
may develop a shocks during the contour evolution. In the 
result, some of the regularities must to be imposed on φ and in 
order to prevent the φ to be too steep or too fat near the zero 
level curve in an image. To initialize and periodically 
reinitialized  the level set function in a signed distance function 
so as to keep the steady level set method in contour evolution 
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and ensure the usable results. This reinitialization equation is 
denoted as, 

 
 
Where  φ function to be re-initialized in an image, and sign [·] 
is the sign function. Although the reinitialization  in an function 
as a numerical remedy is able to maintained the regularity of 
the level set function [18, 20].In order to control the 
smoothness in contour evolution  of the zero level curve and it 
further avoided  the occurrence of small, the isolated regions in 
the final  segmentation, the  zero level curve should be 
regularized  very important in level set methods. The length 
regularization [2, 4, 6, 8] in an evolution is to minimize the 
following energy functional: 

 
where H[·] is Heaviside function and δ[·] is Dirac delta 
function. The energy functional L[φ] computes the length 
regularization of the zero level curve of φ in the conformal 
metric ds|C ’(p)|dp. The length regularization imposed a 
penalty on the image in length of the curve that smoothes the 
desired zero level curve and diminishes some of the false 
contours. But smoothing is only along with the tangent 
direction in the each level line, so this regularization should  
produce a less robustness to noise. In [16], Zhou and Mu 
proposed a weighted p-Dirichlet integral regularized level set 
method. The geometric regularization denoted in the following 
form 

 
 

Different value of p ≥ 1 results obtained in a tradeoff 
between the length and smoother regularization. 
However, if the image intensities should be representing 
an objects are non uniform or if an image is highly 
degraded in the contour, this regularization may be 
become sensitive to exponent p. 
 

Weighted p(x)-Dirichlet Integral Regularized Level Set 
Evolution in an image segmentation.we evaluate a new 
variational level set formulation for  segmentation 
process,in an image weighted p(x)-Dirichlet integral term is 
used to regularize the zero level curve. 
 

Let Ω ⊂ R2 be an image domain. In an image I : Ω → R and a  
level set function Φ(x, y) 
 

: Ω → R,  energy functional E(φ) should be defined by 

 
 

 
where ν and μ > 0 are constants, Lp·(φ)is the zero level curve 
in the regularization term, Eext(φ)is an external energy term it 
would drived the motion of a zero level curve of φ and P(φ) 
where it is the level set function regularization term in the 
curve.  In the level set function it controls the smoothness 
during the level set evolution. The zero level  method 
regularization in the curve term Lp(·)(φ) is defined, 
 

 
 

where the∇ is gradient operator and Gσ*  I is the convolution of 
the image I with the Gaussian function G with standard 
deviation σ. The value of exponent p(s) : [0, ∞] → [1, 1.5] is 
monotonically increasing functions within the limits→0p(s)=1 
and limits→+∞p(s)=1.5. The functional weighted p-Dirichlet 
integral with the variable exponent P(|∇Gσ ∗ I|)  is called the 
weighted p(x)-Dirichlet integral. 
 

In an segmentation of level set function, an external energy 
term is depending on an information of image it must be 
defined to move the zero level curve in an image toward the 
boundaries. The weighted p(x)-Dirichlet integral term can be 
used in an various different applications with the different 
definitions of the external energy. We define and evaluate the 
term an external energy E ext(φ) based on the  Laplacian of a 
Gaussian (LoG) filter , it drives the level set function to deform 
in the opposite direction on either the side of edge 
 

E ext(φ)=∫(Δ G σ * I) ·H(−φ )dx dy                                     (7) 
 

where ΔG σ is the LoG filter, where the LoG filter calculates 
the second derivative of an segmentation image, which it is 
often used for zero crossing detectors. It is known very well  
that at the  point of inflection  the second derivative  fully 
vanishes and changes the sign. The LoG filter response is zero 
in  particular areas where this image has a constant intensity. 
When the change in intensity, the  response of LOG is positive 
on the darker side and negative on the lighter side. By 
incorporating this edge-based information on the LoG filter 
into the external energy term, this level set function can  be 
move into either  up or down on the sides of edges and cause 
the sign of φ to flip around the edges.  The objects boundaries 
should be extracted at the locations of images. 

(2) 

(3) 

(4) 

(5) 

(6) 
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RESULTS 
 

 
Fig 1 Input image 

 

 
 

Fig 2 Output image by using adaptive regularized level set method 
 

 
 

Fig 3 Final level set function 
 

The accuracy of detection evaluated the methods is measured 
by the method Dice similarity coefficient (DSC), this method 
using a manually annotated ground truth. This DSC represents 
the ratio between the intersectional area of A and B and their 
summation area, i.e., 
 

                2│A Π B │                                                                                   
DSC =    │A│+│B│ 
 

where A and B represent the segmented region and the ground  
truth  and │.│denotes the cardinal of a set. The value of the 
DSC is within the range [0; 1], where 1 indicates the perfect 
overlap and 0 indicates no overlap between A and B.  
 

 
Fig 4 Segmentation results on bimodal images. Row 1: original images. Row 2: 
results of thresholding  method (left to right: the threshold values are 140, 150, 
180, 110, and 110, resp..) Row 3: results of the WLSE model. Row 4: results of 

our model (ν  0.4). 
 

The DSC values of the WLSE model  and our model for the 
images: 

 
 

This figure shows the comparison of the proposed model with 
the WLSE model on bimodal images. The goal of the method is 
to show the accuracy of our proposed model. Five test images, 
which are  in Row 1, are a synthetic image (84 × 84), wrench 
image (100 × 100), hand image (108 × 130),plane image (135 × 
125), and rice image (128×128), respectively. The true objects 
should be extracted from the original images by using a 
thresholding algorithm (Row 2). The segmentation results 
obtained by the WLSE model and our model are shown in 
Rows 3 and 4. It can be observed that the WLSE model and our 
model have achieved similar final results for the first three 
images by the comparison. This table shows the DSC values of 
the LIF model and our model. It can be clear that our model 
achieves more accurate results. 
 

CONCLUSION 
 

This paper proposed a novel variational level set formulation 
for image segmentation based on weighted p(x)-Dirichlet 
integral and LoG filter. By incorporating the local intensity 
information into the weighted p(x)-Dirichlet integral and this 
regularization term it preserves the properties of both the length 
regularization and p-Dirichlet integral regularization. The 
external energy E ext(φ) is based up on the LoG filter, this  
filter drives the  respected level set function up or down on 
either the side of edges. For the good properties of the weighted 
p(x)-Dirichlet integral term, the proposed model extracts the 
weak edge in noise and intensity in homogeneity images. This 
method always allows the use of more general initialization of 
the level set function, ie., constant function. It  implies  that  
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proposed model is free of manual initialization. Based on the 
efficiency and accuracy, obtained from the results, the 
proposed method is useful for real-time applications.  
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