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Abstract 
 

This paper aims to provide review of approaches for Simultaneous Image Segmentation and Bias Correction. Though 

bias correction is in related to bias field effect removal smoothing that occur due to intensity inhomogeneity and 

segmentation is considered as an essential step in medical imaging analysis and also classification. To provide an 

accurate diagnosis of disease is current need of medical field as it may or definitely increases chance of survival of 

human being. Accurate segmentation of MRI (Magnetic Resonance Image) is very crucial for exact diagnosis by 

computer aided clinical tools but Intensity inhomogeneity often exists in images obtained by different modalities such 

as MRI. This paper summarizes and compares different approaches used for Simultaneous Image Segmentation and 

Bias Correction also we propose variational approach for simultaneous estimation of biased field correction and 

segmentation useful in medical diagnosis.  
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1. Introduction 

 
The intensity inhomogeneity caused by imperfection of imaging devices and subject-induced 

susceptibility effects may result to some misclassifications by intensity-based segmentation algorithms [5]–

[9]. Statistically, if we see misclassification is caused mainly due to prolonged tail of intensity distribution 

of each object, due to which it is difficult to extract each single object accurately based only on their 

intensities. Intensity inhomogeneity that exists in images generally obtained due to different modalities, like 

ultrasound, X-ray radiography/tomography, and also magnetic resonance imaging (MRI). The 

inhomogeneity in MRI is mainly caused by non-uniform magnetic field produced by radio frequency coils 

as well as from object susceptibility. Intensity inhomogeneity is particularly severe in high field (e.g., 3T) 

MRI and ultra high field (e.g., 7T) MRI, that challenges segmentation and registration [10] which are 

quantitative image analysis algorithms. Hence, intensity inhomogeneity correction is usually a prerequisite 

before applying quantitative algorithms. 

Intensity inhomogeneity is generally attributed to a spatially varying field multiplying true signal of 

the same object in measured image. This spatially varying smooth field is named as bias field. Bias 

correction is a procedure to estimate the bias field from the measured image to reduce its side effect [5]. 

Existing bias correction approaches can be categorized into two categories, namely prospective [11]–[14] 
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and retrospective [5], [6], [15]–[26] approaches. Prospective methods mainly aims at calibrating and 

improving image acquisition processing but these methods are unable to correct patient-induced 

inhomogeneity [10], [23]. On other hand comparatively, retrospective methods only rely on the acquired 

images and some prior knowledge they are relatively more generalized, and can be used to correct patient-

induced inhomogeneity. They can be further categorized into several categories on basis of filtering [9], 

surface fitting [24], histogram [25], and segmentation [5], [6], [19]–[22], [27]. Among various retrospective 

methods, segmentation based ones are most attractive.  

Recently, Li et al. [6] proposed a parametric method for simultaneous bias field correction and 

segmentation by minimizing a least square energy functional. The bias field is modeled as a linear 

combination of a set of orthogonal polynomial basis functions [20], [27]. Although this leads to a very 

smooth bias field, some bias fields cannot be well fitted by polynomials, such as the bias field in 7T MRI 

[6], [22]. Thus, the calculated bias field may be partially wrong. Li et al. [22] proposed a variational level 

set (VLS) approach [31], [32] to simultaneous segmentation and bias correction. However, this method 

requires to alternatively iterating two partial differential equations, due to which it becomes very time-

consuming.  

 

2. Related Work 
 

2.1 Image Segmentation Using Level Set Method for Images with Intensity Inhomoginities 

[1] 
Active contour method is among most successful image segmentation techniques. It has received 

tremendous attention in field of medical image processing. In this authors have discussed the three-phase 

formulation of the first level set evolution (LSE) second  bias field estimation and third Level Set Method 

for Image Segmentation in the Presence of Intensity is done. Three-phase formulation is used for 

segmenting image into mainly three regions. Major challenge in image segmentation is presented generally 

by Intensity inhomogeneity, Mostly used image segmentation algorithms are region-based also they 

typically rely on homogeneity of image intensities in the region of interest, In [1] authors developed model 

for image segmentation with intensity inhomogeneity along with bias field estimation. They firstly defined 

a local intensity clustering criterion function. Then, the energy is minimized by using level set evolution 

process. To ensure that the active contours are smooth and eliminate any reinitialization of level set 

function in the evolution of the active contours regularization is used in level set process.  
Intensity inhomogeneity often occurs in real-world images. Firstly, we derive a local intensity 

clustering property of the image intensities, and define a local clustering criterion function for the image 

intensities in a neighborhood of each point based on the model of images with intensity inhomogeneities. 

To give a global criterion of image segmentation this local clustering criterion function is then integrated 

with respect to the neighborhood center. In a level set formulation, this criterion defines energy in terms of 

the level set functions that representing a partition of the image domain and a bias field.  

 

 
Fig. 1 
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2.2 An Approach for MR Image Segmentation and Bias Correction [2] 
Image segmentation is among growing field and it has been successfully applied in various fields 

such as medical imaging, face recognition, etc. Medical Image processing is one of the most challenging 

topics today in research field. In [2] authors, proposes a novel method for image segmentation that 

combines a region based artificial intelligence technique named fuzzy c-means (FCM) and also a boundary 

based mathematical modeling technique level set method. In this work, FCM method is used for obtaining 

initial contour for Level set Method. Final segmentation is achieved by use of Level set method for active 

control of contour. Bias field signal is a low-frequency and very smooth signal that corrupts MRI images. A 

pre-processing step is required for correcting the bias field signal before submitting corrupted MRI images 

to such algorithms. A fuzzy level set algorithm with bias correction is described here to facilitate medical 

image segmentation. It is also able to directly arise from initial segmentation by spatial fuzzy clustering. 

 
Fig. 2 

 

2.3 Intensity Inhomogeneous Biomedical Image Segmentation based on Level Set Method 

[3] 
In 1988 Level set method proposed by Osher and Sethian to track the moving interface in the image 

domain. It can be used for finding problem of curve/surface/etc. propagation in an implicit manner. In this 

authors have segmented image using novel region-based method. The images with intensity 

inhomogeneities, a local intensity clustering property are derived. The main feature of method is use of a 

local clustering criterion function mainly defined for intensities in neighborhood of each point in given 

image. After applying this local clustering criterion function next thing is to integrated it over the entire 

neighborhood center and define energy functional and afterward gets converted to a level set formulation. 

By using level set evolution this energy is minimized and bias field is estimated and resultant bias corrected 

image are produced.  

 

2.4 A Image Segmentation Using Adaptive PDE based New Level Set Method [4] 
Adaptive PDE-based and new level set algorithm are most widely used image segmentation methods 

that  depend on the uniformity of image intensities in the regions of interest, which often fail to provide 

accurate segmentation results due to the lack of homogeneity. In this author proposes a novel region-based 

method for image segmentation that deals with intensity inhomogeneities. Firstly, on basis of images with 

intensity lack of homogeneities, we derive local intensity clustering property of the image intensities, and 

then define local clustering criterion function for intensities in neighborhood of each point.  In an Adaptive 

PDE based new level set formulation, energy is defined in terms of level set functions in this criterion that 
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represents partition of the image domain along with a bias field that usually accounts for the intensity 

inhomogeneity of image.  

 

3. Proposed System 
 

In this paper we propose for implementation of variational approach to simultaneous bias 

correction and segmentation for images with Intensity inhomogeneity specially MRI images. By focusing 

on local image redundant information, we define a mapping from original image domain to another domain 

so that the intensity probability model becomes more robust to noise. Then we also define an ML energy 

functional based on the intensity distributions which combines the bias field and along with it membership 

function of each object region, and the constant approximating the true signal from its corresponding 

object. Finally, at the end ML energy functional is extended to cover whole image domain. 

 

4. Conclusions 
 

In this paper we have reviewed some approaches used for image segmentation and bias correction in 

images used in medical diagnosis field generally in image analysis, the main drawback is generation of 

intensity inhomogeneity for which bias correction is required as it generally results in inaccurate diagnosis. 

Images generally obtained are due to different modalities, like ultrasound, X-ray radiography/tomography, 

and also magnetic resonance imaging (MRI).We also propose to implement a variational approach for 

simultaneous image segmentation and bias correction, in which our main focus will be on local image 

redundant information and which will improve accuracy for medical image analysis and hence result in 

better result than approaches earlier, also will be using MRI images with standard dataset for 

experimentation. 
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