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 Background: Intensity inhomogeneity in MR images is the non-uniformity in the 

intensity of homogenous pixels, which affects the accuracy of image segmentation. The 

existing region- based image segmentation algorithms utilize global statistics, often fail 
to produce accurate segmentation results due to intensity inhomogeneity. This paper 

presents a generalized rough set method based local intensity correction for image 
segmentation, in which for each local region, a local linear function is defined. Using 

the local linear function, an energy function is obtained by integrating over the entire 

image domain and this energy functional is minimized by level set formulation. 
Therefore by minimizing the level set functions, intensity inhomogeneity correction is 

done and segmentation results are obtained. Compared with region- based methods, the 

proposed method can yield higher segmentation accuracy for images with intensity 
inhomogeneity and is robust to initialization. 
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INTRODUCTION 

 

 Image Segmentation is an important task in 

image analysis and computer vision applications. The 

main goal of image segmentation is to partition the 

image domain into a set of distinct regions with 

similar properties such as gray level, colour or 

texture. Medical image segmentation plays an 

important role in biomedical- imaging applications, 

such as the study of anatomical structures, treatment 

planning and identifying the region of interest such 

as tumours. 

 Magnetic Resonance Images (MRI) are 

extensively used in the study of human brain 

function and anatomy. MR imaging system has 

excellent capability for high resolution soft tissue 

imaging. Brain MR image segmentation is necessary 

for accurate measurement of the distribution of three 

basic tissue types namely, White Matter (WM), Gray 

Matter (GM), and Cerebro-Spinal Fluid (CSF). But 

the accuracy of Brain MR image segmentation is 

affected by artifacts in MR imaging such as intensity 

inhomogeneity, noise and partial volume effect.  

 The major challenge in brain MR image 

segmentation is the bias field which causes intensity 

inhomogeneity. Intensity inhomogeneity occurs due 

to several factors, such as imperfections of imaging 

devices and spatial variations in illumination. Hence 

bias field estimation and correction must be done 

prior to segmentation in order to get accurate 

segmentation results.  Approaches to Brain MR 

Image segmentation can be classified into two 

categories: edge-based models and region-based 

models. Edge-based models rely on edge information 

for image segmentation. These models are generally 

sensitive to initial conditions and have serious 

boundary leakage problems in images with weak 

object boundaries. Region-based models partition the 

image domain into a set of distinct regions with 

similar properties such as gray level. 

 To perform the brain MR image segmentation 

task, techniques such as geometric active contour 

models using the level set method has been 

presented. The level set method is a numerical 

technique for tracking dynamic interfaces and 

surfaces. In the level set method, the contour is 

represented as zero level set of higher dimensional 

function called a level set function (LSF).  
 The advantage of the level set method is that 
numerical computations of contours can be done on a 
fixed Cartesian grid without the need to parameterize 
the objects. The level set method can represent 
contours with complex topology and can even handle 
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topological changes, such as partitioning and 
merging. 
 
Related works: 
 A region-based active contour method, proposed 
by Chunming Li et al. [2010], is based on getting 
intensity information in local regions. A data fitting 
energy is derived and fitting functions are defined to 
approximate the image intensities locally. This 
energy is then expressed as level set formulation with 
a level set regularization term to ensure accurate 
computation and to avoid expensive re-initialization. 
The kernel function in the data fitting term uses the 
intensity information of local regions to guide the 
contour motion. The proposed method corrects 
intensity inhomogeneity efficiently. 
 A novel region-based active contour model, 
presented by Kaihua Zhang et al. (2010), is based on 
Selective Binary and Gaussian Filtering Regularized 
Level Set Method. This method first sets the level set 
function to be binary and then the Gaussian 
smoothing kernel is used to regularize it. The 
proposed model combines Geodesic Active Contours 
and Chan-Vese Active contours and has the property 
of local or global segmentation. Initially signed 
pressure force function is used to stop the contours at 
weak edges and the level set functions are used to 
construct the signed distance function. The proposed 
method reduces the computational cost for re-
initialization. 
 A new variational level set formulation, 
introduced by Chunming Li et al. (2010), is called 
Distance Regularized Level Set evolution. The 
proposed formulation has the efficiency of managing 
the regularity of the level set function, specially the 
signed distance property near the zero level set.  
 In traditional level set formulations, the level set 
function has irregularities during evolution, which 
causes numerical errors and affects the stability of 
evolution. This method eliminates the need for re-
initialization and avoids the resulting numerical 
errors, reduces the number of iterations while 
ensuring accurate segmentation. 
 A novel region-based method for brain MR 
image segmentation, proposed by Chunming Li et al. 
(2011), is able to deal with intensity inhomogeneity. 
First, a local intensity clustering property has been 
derived, and then a local clustering criterion function 
is defined and is integrated to get a global criterion. 
The energy functional is expressed using level set 
functions. The level set functions are minimized 
using gradient descent method, the bias field is 
estimated and corrected, and finally segmentation 
results are obtained. This method is robust to 
initialization and more accurate than traditional 
piecewise smooth model. 
 In the novel level set evolution model, presented 
by Yan Wang et al. (2012), the evolution of level set 
function is governed by two forces, an adaptive 
driving force and a total variation based 
regularization force, which smoothes the level set 
function. The adaptive driving force controls the 
evolution of level set function to move up or down 

according to the image formation. Neither the signed 
distance function nor the piecewise constant function 
is used, the level set function is initialized to a 
constant function and this method eliminates the 
need for initial contours and re-initialization. Hence 
this method has lower number of iterations and 
provides segmentation results accurately.   
 A local region-based model for image 
segmentation, introduced by Ying Wang et al. 
(2013), defines a local linear function for each local 
region, and then the local energy functions are 
integrated over the entire image domain. This energy 
function is expressed as level set formulation and 
gradient descent method is used for minimizing the 
level set functions. The local linear functions 
separate the foreground and background efficiently. 
The proposed method produces higher segmentation 
accuracy and is robust to initialization compared to 
traditional local region-based models. 
 A fast and globally convex multiphase active 
contour, proposed by Juan C. Moreno et al. (2014), 
identifies multiple regions even with varying mean 
intensities of regions. A dual minimization of binary 
partitioning function represents disjoint regions by 
stable segmentation and avoids local minima 
solutions. This approach avoids level set re-
initialization constraint for fixing the level set 
evolution throughout the iterations. The proposed 
method is superior to other methods due to adaptive 
energy functional, accurate boundaries and 
topological flexibility and effectively handles 
intensity inhomogeneity. 
 
3. Proposed Work: 
 The proposed method is a local region-based 
level set method for Brain MRI segmentation. For 
each local region, a local linear function is defined. A 
local function is derived using the local linear 
function and Gaussian kernel function. To control 
over fitting problem, regularization terms are 
introduced into the derived local function, which is 
then minimized to find the least squares solution for 
classification. The local function is expressed in 
terms of level set functions. Using the total energy 
function of the entire image and level set 
regularization term; the level set formulation is 
obtained. To minimize the level set energy 
functional, gradient descent method is adopted. First, 
the energy functional with respect to local linear 
functions is minimized keeping the level set function 
fixed. Then the level set energy functional is 
minimized keeping the energy functional with 
respect to local linear functions fixed, these steps are 
repeated until convergence. 
 
Bias Field Estimation: 
 Let Ω be the image domain, and I: Ω → Ɍ be a 
gray level image.  In order to deal with intensity 
inhomogeneity and to get accurate segmentation 
results, for a given point x ϵ Ω, the following local 
linear function is defined: 
fx y =  wx I y +  bx ,      y ϵ N x ,                     (1) 
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Fig. 1.1:  System Architecture. 

 

 where wx  and bx  are coefficients of the linear 

function and N(x) denotes the neighborhood set of 

point x. The local linear function separates the 

foreground and background of each local region. 

Hence this helps to improve the accuracy of 

segmentation of images with intensity 

inhomogeneity.   The vagueness and ambiguity 

within the neighborhood pixels are handled through 

generalized rough set approach by setting lower and 

upper approximations.  These approximations in sets 

of neighborhood pixels are used to handle 

inconsistency. Let U be the universe of discourse and 

R be the equivalence relation. The R-upper and R-

lower approximations of the subset X are defined as: 

           R X = ∪ {Y ϵ U/R|Y ∩ X ≠  ∅}                 (2) 

            RX = ∪ {Yϵ U/R|Yϲ X}                             (3) 

 Based on the upper and lower approximations, 

the R-positive, R-negative and R-boundary regions 

of X are defined as: 

  PR X = RX                                                                                                                                                                

  NR X = U − R X 

   BNR = R X − RX                      (4) 

The local function is defined as: 

Ex wx , bx =  ∫ Kσ y − x |fx y − T y |2  dy,   (5)                                                                           

 where Kσ y − x  is the Gaussian kernel function, 

such that Kσ y − x =0 for y not belonging to N(x). 

T(y) denotes the class label of point y, which is +1 

for foreground and -1 for background. 

 

Energy Formulation and Level Set Initialization: 

 The total energy function of the entire image I in 

domain Ω is derived by integrating the local 

function. It is difficult to find the solution for energy 

minimization problem using the total energy 

function; hence this energy function is expressed as 

level set formulation. The level set functions are used 

to represent the partition of the image domain Ω into 

two disjoint regions Ω1 and Ω2. Let Ø: Ω → Ɍ be a 

level set function, and then the two disjoint regions 

are: 

Ω1 =  y: Ø y > 0 , Ω2 = {y: Ø y < 0}        (6) 

 

Level Set Formulation: 

 During evolution, to preserve the evolving level 

set function as a signed distance function, a level set 

regularization term is added. Combining the total 

energy functional and the regularization term, the 

entire energy functional F(∅) is derived. This energy 

functional will be minimized to obtain the level set 

evolution. The sign function in the energy functional 

is approximated by a smooth function. From the 

approximation smooth function, a smooth Dirac delta 

function is derived.  

 

Segmentation (Energy Minimization): 

 Gradient descent method is used to minimize the 

energy function F(∅). Gradient descent method is an 

algorithm to obtain the local minimum of a function; 

the steps are performed proportional to the negative 

of the gradient of the function until convergence. The 

gradient flow equation is given by: 

(∂∅)/∂t=-∂F/(∂∅)                                         (7)

     

 First, the energy functional with respect to local 

linear functions is minimized keeping the level set 

function fixed. Then the level set energy functional is 

minimized keeping the energy functional with 

respect to local linear functions fixed, these steps are 

repeated until convergence.  

 

Numerical Algorithm 

Algorithm: Level set evolution for image 

segmentation 

Input: Input image I 

Output: Level set function and segmentation results 

of image I 

Step 1 Initialize the level set function ∅j = ∅0 

Step 2 for iterations j← 1 to N do 

Step 3 for each point x, solve wx and bx          

Step 4 minimize the level set function using 

gradient descent flow   (∂∅)/∂t 

Step 5 if evolution of level set function has 

converged then break iteration 

end 

Step 6 Obtain the output level set function and 

segmentation results. 

 

4. Results: 

 The proposed algorithm is implemented in 

MATLAB R2009b computing environment on a PC 

with Intel Dual Core 2 Duo CPU at 2.4 GHz and 

2GB of memory. To quantitatively compare the 

proposed algorithm, T1-weighted simulated brain 

MR images with ground truth from Brain Web in the 

link http://www.bic.mni.ca/brainweb/ are used.   
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Table 1: Segmented MR Image. 
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Table 2: Mean Squared Error Rate of BCLBF, MICO and PDHG Methods. 

Scale parameter  RF PDHG BCLBF MICO 

σ  = 4  20 0.29 0.21 0.19 

σ  = 4  40 0.32 0.25 0.22 

σ  = 7  20 0.31 0.25 0.22 

σ  = 7  40 0.35 0.29 0.26 

σ  = 10  20 0.36 0.31 0.28 

σ  = 10  40 0.41 0.36 0.33 

 

 To evaluate the proposed model quantitatively, 

the Mean Squared Error (MSE) rates are obtained for 

Bias Correction based Local Binary Fitting (BCLBF) 

method, Primal Dual Hybrid Gradient (PDHG) 

method, Multiplicative Intrinsic Component 

Optimization (MICO) method.  It uses different level 

of intensity inhomogeneity MR images for 

segmentation.  The proposed work has been designed 

and above said methods has been implemented for 

quantitative analysis.  The stability of the model is 

observed by setting various values for regularization 

parameters and yet to be tested.   

 Robustness of the model is estimated by 

initializing different level sets and the robustness 

against sensitiveness of intensity inhomogeneity by 

using different percentage of bias corrupted MR 

image has been used.  Table 1 shows the output of 

bias corrected, original and segmented images of 
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different methods. The output of BCLBF method 

shows that it gives different result depending upon 

different initial contours.  It shows that this method is 

sensitive to initialization conditions.  The output of 

the MICO method show that it yields high 

segmentation error rate for different bias corrupted 

MR images has been used.  From this it reveals that 

this method is sensitive to intensity inhomogeneity.  

The PDHG method cannot obtain accurate 

segmentation results.  These three methods not only 

providing accurate segmentation result but also it is 

sensitive to initialization for different initial contours.   

Table 2 summarizes the MSE of above three 

methods. 

 In order to demonstrate the proficiency of the 

proposed method it uses novel approximation 

techniques for bias correction, energy minimization 

and segmentation.   

 

Conclusion: 

 In this paper, a generalized rough set approach 

with level set method for bias correction and 

segmentation of images with intensity in-

homogeneities is presented. The proposed algorithm 

approximates the bias field using Generalized Rough 

Set approximation approach.  Initialize each local 

region using the local linear function and initial level 

set is formed. Energy minimization is done by 

Gradient Descent method and level set formulated. 

Therefore by minimizing the level set functions, 

intensity inhomogeneity correction is done and 

segmentation results are obtained. Quantitative 

comparison demonstrates that the proposed method 

can yield higher segmentation accuracy for images 

with intensity inhomogeneity and is robust to 

initialization compared to other region-based 

methods.   In future, non-linear functions can be 

adopted to further improve the performance of the 

segmentation approach.  
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