
Advances in Natural and Applied Sciences, 9(6) Special 2015, Pages: 435-440 

 

AENSI Journals 

 

Advances in Natural and Applied Sciences 

 
 

ISSN:1995-0772    EISSN: 1998-1090 

Journal home page: www.aensiweb.com/ANAS 

 

   

 

Corresponding Author: P Sophia, Department of Electronics and communication Engineering ,SSN College of  

Engineering, Chennai, India 

Segmentation of Medical Images Based on Probabilistic Markov Random Field Model 
 

P Sophia and N Venkateswaran  
 

Department of Electronics and Communication Engineering, SSN College Of Engineering, Chennai, India 

 

A R T I C L E  I N F O   A B S T R A C T  

Article history: 
Received 12 October 2014  

Received in revised form 26 December 

2014  
Accepted 1 January 2015 

 Available online 25 February 2015 

 
Keywords: 

Image segmentation, Markov Random 

Field, Gibbs distribution, Clique 
potential, Maximum aposteriori 

estimation. 

 In this paper, we present a new approach to medical image segmentation that is based 
on Markov random fields and Maximum a posteriori rule. Mathematical image models 

play a very important role in providing priori information for image segmentation, 

image reconstruction, etc. A natural way of incorporating spatial correlations into the 
segmentation process is to use Markov Random Field as a priori model, which is robust 

to noise. The segmentation process is considered as a pixel labeling problem. It is 

formulated using Maximum a posteriori (MAP) criterion. The MRF based segmentation 
method gives a priori information of the local structure contained in the image to get 

better segmentation accuracy. The simulation results indicate that this proposed 

algorithm gives a promising solution to medical image segmentation. 
 

 
© 2015 AENSI Publisher All rights reserved. 

To Cite This Article: P Sophia and N Venkateswaran, Segmentation of Medical Images Based on Probabilistic Markov Random Field 

Model. Adv. in Nat. Appl. Sci., 9(6): 435-440, 2015  

 

INTRODUCTION 
 

 In computer vision, image segmentation is an important task to partition an image into several regions 

without any overlap according to certain properties of the image. It is the process of assigning a label to every 

pixel in an image such that pixels with the same label have certain similar characteristics such as color, texture, 

etc. It is used to locate the objects or boundaries such as lines, curves, etc. in images. It is a vital process as it 

finds applications in many areas such as object detection, video surveillance, and content based image retrieval, 

medical imaging, industrial quality control, military applications, etc. Image segmentation process has two 

major objectives. The first objective is to decompose the image into parts for further analysis. The second 

objective is to perform a change of representation. Thus, it is the first step from low level image processing 

transforming a grayscale or color image into one or more other images to high level image description in terms 

of features, objects and scenes. The traditional image segmentation methods are based only on the different gray 

levels of the image pixel for classification such as the common clustering algorithms. These algorithms are 

computationally very simple. However, these algorithms are only dependent on the gray scale value of the 

image and are not efficient in the noisy environments. 

 In this paper, the Markov random fields (MRF) are used for the efficient segmentation of digital images. It 

is based on the adaptive segmentation algorithm described by (Wells, Grimson, Kikinis, and Jolesz, 1996). The 

MRF- based segmentation method gives a priori information of local structure present in an image to get better 

segmentation accuracy. Thus, a natural way of incorporating spatial correlations into a segmentation process is 

to use MRF as a priori model. It is a conditional probability model where the probability of a pixel depends on 

its neighborhood. It specifies the local characteristics of an image and is combined with the given data to 

segment the given image. It includes: 1) Nonparametric distribution of pixel intensities; 2) Neighborhood pixel 

correlations to manage the noisy data and 3) Signal in homogeneities modeled using a priori MRF. This paper is 

structured as follows. Section 2 describes the previous work done. Section 3 describes about the proposed 

methodology and the results and discussions are given in section 4. Section 5 gives the conclusion. 

 

Related work: 

 Image segmentation has been an active area of research in computer vision in the recent years. Many 

approaches have been proposed to solve image segmentation problems. It can be broadly divided in to two 

approaches, namely the deterministic approach and the probabilistic based approach. The first approach 

formulates the segmentation problem as a deterministic optimization problem and can be classified as: 1) Edge 
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based segmentation 2) Region-based segmentation and 3) Theory based segmentation. Deterministic approach 

includes the clustering method (Comaniciu and Meer, 2002), ―snakes‖ or active contours (Kass, Witkin, and 

Terzopoulos, 1998), etc. The probabilistic approach, on the other hand, formulates the segmentation problem as 

a stochastic optimization framework. This can be further divided into two groups. One group models the 

probability distribution of the image entities directly either parametrically or non parametrically, without using 

graphical models (Tu, Narr, Dollar, Dinov, Thompson, and Toga, 2008), (Tu, Chen, Yuille, and Zhu, 2003). The 

other group uses various graphical model to model the joint probability distribution of the related image entities 

(Geman and Geman,1984).There are two basic types of graphical models such as the undirected graphical model 

and the directed acyclic graphical model. The undirected graphical model can represent non-causal relationships 

among the random variables. The Markov Random Field (MRF) (Li, 2007) is a type of well-studied undirected 

graphical model. They incorporate the spatial relationships among neighboring labels as a Markovian prior. This 

prior can encourage (or discourage) the adjacent pixels to be classified into the same group. 

 As an example in the field of medical imaging, there are several segmentation algorithms exists but the 

segmentation of brain MR images remain difficult because of the noisy MR data and the spatial inhomogeneity 

of MR data. To this end, nonlinear filters (Gerig, Kubler, Kikinis, and Jolesz, 1992) and connectivity (Cline, 

Dumoulin, Hart, Lorensen, and Ludke, 1987) operations, and even snake models (Kass, Witkin, and 

Terzopoulos, 1998) are used. But these processes frequently tend to suppress fine details of high-resolution 

images. The improvement has been obtained by the use of multi echo (high-resolution) MR images imposes that 

the penalty of long acquisition times, which are unacceptable for some applications. In (Held, Kops, 

Krause,Wells ,Kikinis,Muller-Gartner,1997) proposed a new Markov random field segmentation algorithm to 

analyze the impact of noise; in homogeneity, smoothing, and structure thickness. Even single-echo MR images 

are well classified into gray matter, white matter, cerebrospinal fluid, scalp-bone, and background. In this paper, 

the problem of segmenting images degraded in the presence Gaussian noise and blur is addressed. The number 

of parameters to be tuned in the proposed model is smaller and simpler.  

 

Proposed method: 

 The proposed framework makes use of the Markov Random Field modeling for the segmentation of images. 

In real images, regions are often homogenous; neighboring pixels usually have similar properties such as 

intensity, color, texture, etc. Such contextual information can be expressed in probabilistic terms using MRF 

modeling which is associated with the Bayes’s theorem. In this approach the observations and the labels are 

considered to be the random field variables. The observations are the information that can be directly observed 

and the labels denote the information which cannot be observed as it has to be extracted from the observations.  

 The MRF-MAP labeling is used for segmenting the given input image and labeling. The goal is to find an 

optimal label x* that maximizes the posterior probability P(x | y) for a good segmentation of the image. This 

estimation is called as the maximum a posteriori (MAP) estimation. The MAP criterion is given by  

*x arg max{P(y|x)P(x)}
 

 By Markov-Gibbs equivalence which is given by the Hammersley-Clifford theorem maximization of the 

posterior probability is equivalent to minimizing the posterior energy function U(x,y).  

*x argmin{U(y|x)U(x)}
 

 There are four major steps involved in MRF-MAP labeling. They are 

1. Finding the priori energy function U(x) using Markov Random Fields 

2. Finding the Likelihood energy function U(y|x) using Gaussian distribution 

3. Finding the posterior energy function U(x|y) 

4. Minimization of posterior energy using MAP rule. 

 

Priori energy function using MRF: 

 Based on the Markov random field theory, any pixel in an image is correlated with its adjacent pixels and 

independent of the pixels outside. It is based on the fact that the neighboring pixels do not vary that much in 

their intensity values. Any digital image consists of discrete set of pixels which can be modeled as a random 

field. Every pixel in an image is a site and each site is assigned with a label X which generally denotes the 

intensity value of a pixel. 

 Let S= {(i, j) | 1≤ i≤ m, 1≤ j ≤n} be the set of sites of a rectangular lattice for a 2D image of size m x n. 

These fields are observed on an image which can be taken as a rectangular grid S. The sites in S are related to 

one another via a neighborhood system defined as iN { N | i S }  where Ni is the set of sites neighboring i as 

shown in Figure 2. A set of sites in S is said to be a clique C if every pair of sites in C are neighbors to each 

other.  

 

 



437                                                             P Sophia and Venkateswaran N, 2015 

Advances in Natural and Applied Sciences, 9(6) Special 2015, Pages: 435-440 

 

 
 

Fig. 2.4: connectivity neighborhood system and the cliques associated with it. 

 

 There are two random fields namely the label random field sX { X , s S }   and the observable random 

field sY { Y , s S }  . A random field X is said to be a Markov random field on S with respect to a 

neighborhood system N and this is given by  

s s t t s s t tP(X x |X x , t s) P(X x |X x , t N{s})        
 

 i.e. if the value of X at the site s depends only on its neighbors N{s} rather on all the pixels in the image 

then it is said to be a Markov Random Field. 

 According to the Hammersley-Clifford theorem (Li, 2001), an MRF can equivalently be characterized by a 

Gibbs distribution. A Gibbs distribution is defined as  
1P(x) Z exp{ U(x)/T} 

 
 where, Z is a normalizing constant called the partition function a, T is the temperature parameter and is 

assumed to be 1 (Li, 2001) and U(x) is an energy function which is given by  

c

c C

U(x) V (x)




  

 where, U(x) is the sum of clique potentials Vc(x) over all possible cliques C. We assume that one pixel has 

at most 4 neighbors. Therefore the clique potential is defined on pairs of neighboring pixels which is given in  

i jc i j x ,xV (x ,x ) (1 I )/2 
  

 where  

i j

i j

x ,x
i j

0   if x x
I

1   if x x


 

   
 The value of Vc(x) depends on the local configuration of clique c. The optimal segmentation rule is given 

by the Baye’s rule. And thus finally the priori energy function U(x) is given by  

c

c C

U(x) V (x)




 

 

 
 

 Fig.1: MRF-MAP labeling. 
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Likelihood energy function using Gaussian distribution: 

 The likelihood energy function is denoted as U(y|x). It is determined using the Gaussian distribution. The 

likelihood energy U(y|x) comes from the observation likelihood and is given by 

i i i

2 2
i x x x

i

U(y|x) ((y μ ) /2σ ) lnσ  
 

 where µ is the mean and σ is the standard deviation of the Gaussian distribution.  

 

Posterior energy function: 

 Then the posterior energy U(x|y) is given by the sum of two terms namely the likelihood energy function 

and the priori energy function.  

U(x|y) U(y|x) U(x) 
  

 Where U(y|x) is the likelihood energy function and U(x) is the priori energy function. 

 

Optimal MAP estimation: 

 MAP estimation finds the value of x that maximizes the posterior probability P(x|y). The MAP rule is given 

by  

MAP
x X

x̂ arg max{ P( x | y )}



 

 MAP estimation is also called as energy minimization. That is maximizing the posterior probability is also 

equal to the minimization of the posterior energy function. Hence instead of finding the value of x that 

maximizes the posterior probability P(x|y), the value of x that minimizes the posterior energy function U(x) is 

determined. This is denoted by the following equations. 

MAP
x X

x̂ arg min{U( x | y )}



 

 As described above the posterior energy function is the sum of likelihood energy function and priori energy 

function, and hence the above equation can be written as 

' MAP
x X

x̂ arg min{U( y | x ) U( x )}


 
 

 Finally the value of x that minimizes the posterior energy function U(x|y) is determined. 

 

RESULTS AND DISCUSSIONS 

 

 The proposed algorithm is applied to the medical images such as the brain MR image and the liver image for 

the effective statistical segmentation for the manual analysis/interpretation. The experiment is initially performed 

on the brain MR image. In the brain MR image segmentation only the normal brains without any apparent 

diseases is focused for segmentation into Gray matter (GM), White matter (WM) and Cerebrospinal Fluid (CSF). 

The brain MR image of size 350×350 which is shown in Figure.3 (a) is chosen as input for segmentation. At first, 

the initial tissue parameters such as mean and standard deviation are estimated using K-means segmentation 

method.  

 The test image shown in Figure.3 (a) is given as input to the algorithm along with the estimated initial 

parameters to the proposed algorithm. The result obtained is shown in Figure.3(c). The same test image is also 

subjected to traditional k-means segmentation method and the output is shown in Figure.3 (b). The outputs 

obtained by both the methods are compared with each other.  

 

   
(a)                              (b)                                (c) 

   

Fig. 3: (a) Original image. (b) Segmented image obtained by K-means segmentation method (where k=3). (c)  

Segmented image obtained by using the proposed algorithm. 
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 The MRF image segmentation algorithm correctly segments the chosen brain MR Image into three regions 

when compared with the traditional K-means method. 

 The MRF segmentation algorithm is also applied to the liver image for segmentation. It is useful in the 

detection of cancer in the liver. In a cancer affected liver the cancer cells are different from the normal soft 

tissues. Hence while segmenting the diseased liver image the MRF segmentation algorithm segments the cancer 

cells and the normal cells as two different classes. This is helpful in the determination of the cancer cells in the 

liver. Hence the developed algorithm plays a vital role in the detection of cancer in the liver. For segmentation the 

original CT liver image shown in Figure.4 (a) is taken as the input image. The image taken as test image is of size 

512×512. In order to obtain a good segmentation of the image the particular region of interest alone is cropped 

from the main image. The region of interest is cropped from the original image. The region of interest in the liver 

image is cropped manually and is separated from the rest of the image. The manually cropped image is shown in 

the Figure.4 (b). 

 

   
(a)                           (b)                                    (c) 

 

Fig. 4: (a) Original liver test image (b) The region of interest cropped (c) Segmented image using MRF  

segmentation algorithm. 

 

 Then the manually cropped region of interest of the liver test image shown in Figure.4 (b) is given as input to 

the MRF image segmentation algorithm along with the model parameters such as mean and standard deviation 

that are obtained using K mean segmentation method. The output obtained is shown in Figure.4 (c). The test 

image is segmented exactly into normal cells and cancerous cells by the algorithm. 

 

Conclusion: 

 In this paper we presented an image segmentation method that is based on the Markov Random Fields that 

can be used for the segmentation of medical images. The proposed method makes use of MRF-MAP framework 

which combines MRF model and the corresponding MRF-MAP estimation. This proposed method segments the 

given medical images into the appropriate regions providing visually good segmentation results. Compared with 

the other methods such as K-means segmentation, the proposed algorithm using Markov random field and 

Maximum a posteriori rule gives better segmentation results and also reduces the human interaction in medical 

diagnosis. 
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