
 

Abstract— In this paper, we present a novel region based 
active contour method for image segmentation in the presence of 
intensity inhomogeneity. We formulate our model based on the 
SBGFRLS model and the Legendre polynomials. Instead of using 
the average intensity of the region we represent the regions by a 
linear combination of a set of Legendre basis functions, which lead 
to deal with intensity inhomogeneities in the segmentation. 
In addition, to avoid re-initialization keep the level set function 
smooth in the evolution process we regularize it using Gaussian 
filtering. 
Experimental results on synthetic and real-images show that our 
method is more robust to initialization, faster and more accurate 
than the well-known piecewise smooth model. 

Keywords— Active contour, intensity inhomogeneity, level set 
method, segmentation.  

I. INTRODUCTION 

xisting level set methods for image segmentation can be 
categorized into two major classes: edge-based models 

[1], [2], [3], [4], [5] and region-based models [6], [7], [8], 
[9], [10], [11].  
Edge-based models can be applied to images with intensity 
inhomogeneities because these models do not assume 
homogeneity of image intensities. However, these types of 
methods are in general quite sensitive to the initialization 
and they are not able to achieve a desirable segmentation 
result for an image with weak boundaries. Most of region-
based models [6], [8] and [9] are based on the assumption of 
intensity homogeneity and they guide the curve evolution 
using a certain region descriptor. However, it is very 
difficult to define a region descriptor for images with 
intensity inhomogeneities.  
In the last decade some region-based level set methods have 
been proposed based on a general piecewise smooth (PS) 
formulation originally proposed by Mumford and Shah [13]. 
Among them: local binary fitting (LBF) model [11], the 
region-scalable fitting (RSF) model [7], local intensity 
clustering (LIC) method [12], LRB method [13], local 
region model (LRM) [14], and edge driven level set method 
[15], …etc. These methods are able to segment images with 
intensity inhomogeneities. However, these methods are 
computationally too expensive and are quite sensitive to the  

initialization of the contour [11], which greatly limits their 
utilities. 
In this paper, we propose a novel region based active 
contour method for image segmentation in the presence of 
intensity inhomogeneity. By exploiting the Legendre 
polynomials we formulate our model based on the 
SBGFRLS model [11]. Instead of using the average 
intensity of the region we represent the regions by a linear 
combination of a set of Legendre basis functions, which lead 
to segment noisy image and image with intensity 
inhomogeneities. 
In addition, to avoid re-initialization keep the level set 
function smooth in the evolution process we regularize it 
using Gaussian filtering. Extensive evaluations on synthetic 
and real images are performed, including comparisons with 
the related works such as CV [6] and LGD [17] models. 
 

II. METHODE 

The Chan–Vese model is the curve evolution 
implementation of a piecewise-constant case of the 
Mumford–Shah model [18]. The general form for the 
Mumford–Shah energy functional can be written as: ܧெௌ(ݑ, (ܥ = න ,ݔ)଴ݑ| (ݕ − ,ݔ)ݑ ఆݕ݀ݔଶ݀|(ݕ + නߤ ,ݔ)ݑߘ| +ఆ\஼ݕ݀ݔଶ݀|(ݕ .ߥ ݈݁݊݃ℎ(ܥ).																																					(1) 

where	μ and ν are positive constants, Ω denotes the image 
domain, the segmenting curve C ⊂ Ω.  

The Chan–Vese (C-V) model solves the minimization of 
(1) by minimizing the following energy functional: ܧ஼௏(ܿଵ, ܿଶ, (ܥ = .ߤ (ܥ)ℎݐ݈݃݊݁ + .ߥ ଵߣ+ ൯(ܥ)݁݀݅ݏ൫݅݊ܽ݁ݎܽ න (ݔ)ܫ| − ܿଵ|ଶ݀ݔ	௜௡௦௜ௗ௘(஼)+ ଶߣ න (ݔ)ܫ| − ܿଶ|ଶ݀ݔ௢௨௧௦௜ௗ௘(஼) ݔ, ∈  (2)																																																																																												ߗ

 
Where cଵ and cଶ are two constants related to the global 

properties of the image contents which approximate the 
image intensities inside and outside the contour C, 
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respectively. 
 

ቐܥ = ሼݔ ∈ ߗ ∶ (ݔ)߶ = 0ሽ,																			݅݊(ܥ)݁݀݅ݏ = ሼݔ ∈ ߗ ∶ (ݔ)߶ > 0ሽ,			(ܥ)݁݀݅ݏݐݑ݋ = ሼݔ ∈ ߗ ∶ (ݔ)߶ < 0ሽ.                     (3) 

λଵ and λଶ control the image data driven force inside and 
outside the contour, respectively, generally, they are taken to 
be 	λଵ > 0, λଶ > 0. 

 
In [11] Zhang et al. proposed a novel active contour 

model with selective local or global segmentation 
SBGFRLS, in which the uses a new region-based signed 
pressure function (݂݌ݏ) defined as follows: 

,ݔ)ܫ)݂݌ݏ  ((ݕ = ,ݔ)ܫ (ݕ − ܿଵ − ܿଶ2݉ܽݔ ቀݔ)ܫ, (ݕ − ܿଵ − ܿଶ2 ቁ											(4) 
 

    The ݂݌ݏ function modulates the signs of the pressure 
force inside and outside the region of interest so that the 
contour shrinks when outside the object, or expands when 
inside the object. In addition, they used a Gaussian filtering 
process to further regularize the level set function. The level 
set formulation of the SBGFRLS model was written as 
follows: 

ݐ߲߶߲  = .((ݔ)ܫ)݂݌ݏ .ߙ |∇߶|																									(5) 
 

where ߙ is the scale parameter which controls the speed of 
level set update, it should be tuned according to image. 

 
     For the SBGFRLS model, the energy is based on the 
difference between each pixel and the average intensity of 
the region.  

 In our model, the spf function (4) can be reformulated 
and generalized by replacing the scalars  ܿଵ	ܽ݊݀	ܿଶ by two 
smooth functions ܿଵ௠(ݔ) and ܿଶ௠(ݔ) presented in [19] as 
follow: 

 cଵ୫(x) = ∑ α୩ॣ୩(x)୩   and  cଶ୫(x) = ∑ β୩ॣ୩(x)୩  								(6)  
 

 
 ॣ୩ is a multidimensional Legendre polynomial, The 2-D 

polynomial is computed as: ॣ୩(x, y) = p୩(x)p୩(y),						x = (x, y) 	∈ Ω ⊂ [−1, 1]ଶ 						p୩is a one dimensional Legendre polynomial of degree k 
defined as: p୩(x) = 12௞෍ቀ݇݅ቁ ݔ) − 1)௞ି௜(ݔ + 1)௜௞

௜ୀ଴ 							(7) 
for the 2D case, we would represent the regions by a 

linear combination of a set of (݉ + 1)2 2D Legendre basis 
functions. 

Let  ℙ(x) = (ॣ଴(x), … , ॣ୒(x))்  as the vector of 
Legendre polynomials. A = (α଴,… , α୒)்  and  B =(β଴,… , β୒)்  are the coefficient vectors for the two regions. ܰ = (݉ + 1)ଶ is the total number of basis functions.  We 
can formulate the level set function of our model as follows: 

 ∂ϕ∂t = δ(ϕ) ቈI(x) − A෡୘ℙ(x) + B෡୘ℙ(x)2 ቉												(8) 
 
The optimal A	and	B	(A෡	and	B෡) are obtained as: 
 ቊA෡ = 	 [K + λଵॴ]ିଵPB෡ = [L + λଶॴ]ିଵQ                																																	(9) 
where  P = න ℙ(x)I(x)mଵ(x)dx

Ω
	 (10) Q = න ℙ(x)I(x)mଵ(x)dx	

Ω
 

 mଵ(x) = mଶ(x)	and	(ݔ)ఌܪ = (1 −  ((ݔ)ఌܪ
 denotes the regularized version of the Heaviside (ݔ)ఌܪ 

function [11]. 
 
And the Gramian matrices  [K]	and	[L] are obtained as 

[16]: [K]୧,୨ = 〈ඥmଵ(x)ॣ୧(x), ඥmଵ(x)ॣ୨(x)〉 (11) [L]୧,୨ = 〈ඥmଶ(x)ॣ୧(x), ඥmଶ(x)ॣ୨(x)〉 
 	0 ≤ 	i, j ≤ N, 〈, 〉 ∶ the	inner	product	operator	 

III. EXPERIMENTAL RESULTS 

In order to regularize the level set function, we use a 

Gaussian filtering process as follows [11]: ߶௡ାଵ = ఙܭ ∗ ߶௡																																									(12) 
We validate the proposed model by various experiments 

on several challenging images (synthetic and real images) 
which demonstrate the effectiveness and robustness of our 
model compared to some of the well known models.  

 

  

 

   A                   B                       C 

Fig. 1 Segmentation results of noisy images  

A: the initial contour, B: our model C: the level set function 
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Firstly we test our proposed model on noisy images Fig. 1 

shows the segmentation process of two synthetic images 

using the proposed model. The sizes of two images are 

286×286 pixels and 128×128 pixels from top to bottom. 

The first column is the initial contour. For our model and in 

both the two images the evolving curves stop on the true 

boundary of each shape after only 2 iterations, and takes 

only 0.064 s for the image in the top row and 3 iterations,  in 

only 0.019 s for the image in the bottom row. 

 

 

  
 

Fig. 2 Results of our method for images with intensity 
inhomogeneity 

 

Fig. 2 presents the results of our method for tow images 

corrupted by intensity inhomogeneity. Our method 

successfully extracts the object boundaries for these two 

images in just 7 iterations taking only 0.037 s for the first 

image and 11 iterations and takes 0.029 s for the second 

image.  

 

 

 

 
 

Fig.3 Comparison of our model with LGD model and C-V model. 

 

In this experiment we use the traditional C-V model and 
the LGD model in the comparison. Fig. 3 shows the 
segmentation results of three images, a synthetic image with 
intensity inhomogeneity, a nucleus fluorescence micrograph 
image in the second row and an X ray image of bones in the 

third row. The left column of Fig.3 shows the initial 
contours, the results of the C-V model in the second column, 
the results of LGD model in the third column and the results 
of the our model in the last column. For the first image our 
method accurately detects the boundaries of the objects, 
whereas the traditional C-V model fails to segment the 
object. Both the LGD model and our model have the same 
results for the second image where the C-V model failed. 
The results for the third image show that our method is more 
accurate than the LGD model and the C-V model. This 
experiment shows the performance of the proposed model 
over the LGD model and the C-V model in terms of 
accuracy, computational time and number of iterations as 
shown in table 1. 

 
Table 1 CPU time for the images in Fig. 3 
 

Image 2 
88×88 pixels 

Image 2 
128×128 pixels 

Image 3 
128×128 pixels 

Iterations Time (s) Iterations Time (s) Iterations Time (s) 

Our model  9 0.037 3 0.037 1 0.013 

LGD model 60 1.42 570 16.42 670 22.84 

C-V model 600 17.86 2700 138.59 849 13.00 

 

IV. CONCLUSION 

Using Legendre polynomials for region intensity 
approximation, we formulate a novel level set method for 
segmenting images with intensity inhomogeneity.  Our 
method is insensitive to different initializations of the level 
set function, making it useful for automatic applications; In 
addition, experimental results on both synthetic and real 
images demonstrated that the proposed model is robust, 
efficient and faster than the well-known model. 

 

REFERENCES 
[1] V. Caselles, R. Kimmel, and G. Sapiro, “Geodesic active contours,” Int. 
J. Comput. Vis., vol. 22, no. 1, pp. 61–79, Feb. 1997. 
[2] S. Kichenassamy, A. Kumar, P. Olver, A. Tannenbaum, and A. Yezzi, 
“Gradient flows and geometric active contour models,” in Proc. 5th Int. 
Conf. Comput. Vis., 1995, pp. 810–815. 
[3] R. Kimmel, A. Amir, and A. Bruckstein, “Finding shortest paths on 
surfaces using level set propagation,” IEEE Trans. Pattern Anal. Mach. 
Intell., vol. 17, no. 6, pp. 635–640, Jun. 1995. 
[4] R. Malladi, J. A. Sethian, and B. C.Vemuri, “Shape modeling with front 
propagation: A level set approach,” IEEE Trans. Pattern Anal. Mach. 
Intell., vol. 17, no. 2, pp. 158–175, Feb. 1995. 
[5] A. Vasilevskiy and K. Siddiqi, “Flux-maximizing geometric flows,” 
IEEE Trans. Pattern Anal. Mach. Intell., vol. 24, no. 12, pp. 1565–1578, 
Dec. 2002. 
[6] T. Chan and L. Vese, “Active contours without edges,” IEEE Trans. 
Image. Process., vol. 10, no. 2, pp. 266–277, Feb. 2001. 
[7] C. Li, C. Kao, J. C. Gore, and Z. Ding, “Minimization of region-
scalable fitting energy for image segmentation,” IEEE Trans. Image 
Process., vol. 17, no. 10, pp. 1940–1949, Oct. 2008. 
[8] R. Ronfard, “Region-based strategies for active contour models,” Int. J. 
Comput. Vis., vol. 13, no. 2, pp. 229–251, Oct. 1994. 
[9] A. Tsai, A. Yezzi, and A. S.Willsky, “Curve evolution implementation 
of the Mumford-Shah functional for image segmentation, denoising, 
interpolation, and magnification,” IEEE Trans. Image Process., vol. 10, no. 
8, pp. 1169–1186, Aug. 2001. 
[10] L. Vese and T. Chan, “A multiphase level set framework for image 
segmentation using the Mumford and Shah model,” Int. J. Comput. Vis., 
vol. 50, no. 3, pp. 271–293, Dec. 2002. 
[11] K. Zhang, L. Zhang, H. Song, W. Zhou, “Active contours with 
selective local or global segmentation: A new formulation and level set 
method”, Image and Vision Computing, vol. 28, pp. 668–676, 2010.  
[12] C. Li, R. Huang, Z. Ding, C. Gatenby, D. N. Metaxas, and J. C. Gore, 
“A level set method for image segmentation in the presence of intensity 

INTERNATIONAL JOURNAL OF SYSTEMS APPLICATIONS, ENGINEERING & DEVELOPMENT Volume 12, 2018

ISSN: 2074-1308 37



inhomogeneities with application to MRI,” IEEE Trans. Image Process., 
vol. 20, no. 7, pp. 2007–2016, Jul. 2011. 
[13] S. Lankton and A. Tannenbaum, “Localizing region-based active 
contours,” IEEE Trans. Image Process., vol. 17, no. 11, pp. 2029–2039, 
Nov. 2008. 
[14] T. Brox and D. Cremers, “On local region models and a statistical 
interpretation of the piecewise smooth Mumford–Shah functional”, Int. J. 
Comput. Vis., vol. 84, no. 2, pp. 184–193, 2009. 
[15] H. Song, “Active contours driven by regularized gradient flux flows 
for image segmentation”, Electron. Lett., vol. 50, no. 14, pp. 992–994, 
2014. 
[16] N. Barth, “The gramian and k-volume in n-space: some classical 
results in linear algebra,” J Young Investig, vol. 2, 1999. 
[17] L. Wang, L. He, A. Mishar, C. Li, “Active contours driven by local 
Gaussian distribution fitting energy”, Signal Processing 89 (2009) 2435–
2447. 
[18] D. Mumford and J. Shah, “Optimal approximations by piecewise 
smooth functions and associated variational problems,” Commun. Pure 
Appl. Math., vol. 42, no. 5, pp. 577–685, 1989. 
[19] Mukherjee, Suvadip & T. Acton, Scott. (2015). "Region Based 
Segmentation in Presence of Intensity Inhomogeneity Using Legendre 
Polynomials". Signal Processing Letters, IEEE. 22. 298-302. 
 
Birane Abdelkader received the B.S. degree in electronics engineering 
from University Amar Telidji of Laghouat, Laghouat, Algeria, the M.S. 
degree in electronics engineering from national polytechnics school (ENP), 
Algiers, Algeria. 
He is currently a Researcher in medical image processing at the University 
Amar Telidji of Laghouat. His research interests include image processing, 
computer vision, and medical imaging, with expertise in image 
segmentation, active contour models, variational and PDE methods, and 
level set methods.  
 

 

INTERNATIONAL JOURNAL OF SYSTEMS APPLICATIONS, ENGINEERING & DEVELOPMENT Volume 12, 2018

ISSN: 2074-1308 38




