
World Applied Sciences Journal 12 (7): 1048-1056, 2011
ISSN 1818-4952
© IDOSI Publications, 2011

Corresponding Author: Sahar Yousefi, Department of IT and Computer Shahrood University of Technology, Shahrood, Iran. 
E-mail: sahar_yousefi@ymail.com.

1048

Automatic Tissue Classification in Multispectral Mris via an Unsupervised Model

Sahar Yousefi, Morteza Zahedi and Reza Azmi 1 1 2

Department of IT and Computer Shahrood University of Technology, Shahrood, Iran
Department of Computer, Alzahra University, Tehran, Iran2

Abstract: In this paper we propose a novel hybrid multispectral MR images segmentation framework which
combines Markov Random Field (MRF), stochastic relaxation (SR) scheme and an improved Genetic Algorithm
(IGA). MRF models have by now been firmly established as a robust tool for de-noising and segmentation of
medical images. Characterizing MRFs by their local properties (Markovianity), they are well suited to depict the
spatial contextual constrains between voxels. Markovianity allows to achieve the global objective by
concentrating on labeling of each site consider to its local neighbors. To determine these characteristics
practically, Hammersley-Clifford theorem reduces the problem to the minimization of a non convex energy
function. In order to optimize the solution, stochastic relaxation (SR) method has been employed widely. SR is
very powerful for searching local regions of the solution space exhaustively via stochastic hill climbing and
prevents from exploring the same diversity of solutions additionally has the solution refining capability, but
imposes heavy overhead on the algorithm. In comparison, genetic algorithm (GA) has a good capability of
global researching and converges quickly to a near-global optimum but is weak in hill climbing. By combining
SR and GA for optimization, this paper puts forward a new 3D-MRF model for de-noising and segmentation of
brain multispectral MR images. This conjunction allows us to keep the benefits of both SR and GA algorithms
while simultaneously addressing their individual drawbacks. Ultimately, the performance of the novel method
is investigated on the BrainWeb dataset. Experimental results demonstrate that the proposed method
outperforms the traditional 2D-MRF in convergence speed and quality of the solution noticeably which is
valuable in processing environment.
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INTRODUCTION three-dimensional rich information about human tissues

The   automatic  segmentation   of   medical  images soft tissues and other structures. Next, MRI is more
of  the  brain is a fundamental issue in various sensitive than other medical images like CT in both lesion
applications like the early assessment of abnormalities detection and in the margin delineation of gliomas [4, 5].
and neurological disorders, treatment decisions, Last, using multi-echo sequences, MRI systems can
evaluation of the effectiveness of pharmaceutical provide an array of multispectral dataset which contain
treatment  and  anticancer  agents,  presurgical planning unique features important for tissue segmentation and
and irradiation of the tumor bed. Indeed accurate classification.
segmentation  assists  responsible  physicians such as Although expert manual segmentation is down by
the radiologist, morphologist, radiation oncologist, or tracing tissues slice by slice it is extremely labour
surgeon   for   optimum clinical management of patients sensitive and time  consuming  additionally  it  suffers
with intracranial lesions [1-3]. from the lack of reliability and reproducibility. Therefore

Magnetic Resonance Imaging (MRI) system has the challenges associated with automatic or semi-
many advantages which make it superior compared to automatic  computer-aided  MRI  brain  segmentation
other imaging technologies. First, it enables to provide have given rise to great variety approaches [6].

with high resolution and good differentiation between
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Since speckle (the noise-like phenomena) literature indicates that GA has been used as an
segmentation resulting caused by the identical optimization method in MRF models. Exploiting
independent distributed (IID) assumption makes the reproduction and genetic operators for exploring search
interpretation of MR images difficult and unreliable, space, GA benefits the power of the natural selection to
incorporating spatial contextual constrains among pixels solve optimization problems and is capable of searching
is necessary. Markov Random Field (MRF) models for global optimum in functions which cause difficulty for
overcome this deficiency with respect to neighborhood gradient based methods [24]. Also GA can search larger
system [7-9]. In 1971, a theorem was ascribed to MRF by solution space than SR but its climbing ability is weaker.
Hammersley and Clifford which stated the equivalence Moreover there is no guarantee a GA will converge to an
between MRFs and Gibbs distributions [10]. Thus, image optimal solution. A GA-MRF combination algorithm is
segmentation based on MRF was became an energy presented based on gray level coding which is intensively
optimization problem. Due to its local characteristics, noise sensitive [16, 22]. Researches demonstrate that
known as Markovianity, MRF solves the global because mutation operator may lead to over propagating
optimization problem locally. The optimization techniques of some individuals and diversity reduction  traditional
which have been proposed in the literature can be divided GA is inefficient [23]. Since both of SR and GA methods
into two families. The first group of methods deals with suffer from some drawbacks which the other is exempt
deterministic relaxation (DR). These techniques require from them, in this study, we propose a novel approach
less computational time but are suboptimal and suffers based on hybrid of SR and an improved GA (IGA) for
from a heavy dependence of solution quality on the optimizing the solution of multispectral MRI
initialization [11, 12]. The second group of methods is segmentation.  This combination takes advantages of
related to stochastic relaxation (SR) and is based on both stochastic relaxation scheme and genetic algorithm
Simulated Annealing (SA) [7, 13]. These algorithms with the aim of improving the convergence speed and
require a great deal of computation hence they have a segmentation performance while prevents the described
heavy burden and usually used in off-line tasks but problems from happening.
converge asymptotically towards the global minimum [14]. This paper is organized as follows:  First, an
SA is a Monte Carlo optimization approach based on the overview of the Markov Random Field model is presented
principles of thermodynamics which generates a sequence in section 2. Then section 3 describes the construction of
of Markov chains by decreasing temperature of the the proposed method. Some experiment results using the
system iteratively. SA is motivated by an analogy to proposed approach are shown in section 4. These results
annealing in solids and its idea comes from a paper are obtained by applying the new method in different
published by Metropolis et al. in 1953 [15]. Although multispectral images (T1, T2 and PD-weighted).  Finally
MRF is a powerful  modeling  but  its  computation we set out conclusion in section 5.
burden remind a great challenge when it used in
conjunction with SR method. 3d-markov   Random   Field:   Due   to   the   power  of

In order to alleviate the computational complexity, MRF in describing the spatial dependency of nearby
different approaches have been proposed in the literature. voxel tissue classes, it has been widely used in image
Genetic  Algorithm  (GA),  Computer  Immunology (CI) segmentation, restoration and interpretation [25-28].
and Immune Strategy (IS) have applied in the image Spatial MRF have been introduced by Besag in 1974 [29]
segmentation based on MRF [16-20].  Recently,  GAs and popularized in image processing by Geman and
have been gained wide attention as another SR method Geman in [27]. Here we present the basic definition of
[8, 16, 17, 19]. The word Genetic Algorithm was published MRF [10].
in 1967 by Bagley and was developed in the 1970s as an Let x {x |s S} represents the MR image in which
optimization approach [22, 23]. GA is a stochastic search S ={(i,j)|1 i N, 1 j M }is a 3D lattice with M×N
method and one of the most important approaches of the sites or voxels and xs  [0, 255] is the gray-level range.
evolutionary algorithms which borrows the concept of Suppose y = {y |s S} is a label field also known as
generation from the natural evolutions on the earth. Using configuration and Y is the set of all possible
the Darwinian natural selection mechanism, GA configurations, where  = { , ,..., , } is the set of all
transforms a population of individual with an associated labels of tissue types and  is the number of tissue types.
fitness value to a new generation while fitter individuals  is a general neighborhood system of S if it satisfies
are more likely to be the winners [24]. The research of following properties:
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1. N S, Where   Z   is   a   normalizing   constant,   T   is  thes

2. s N function   which   is   a   sum   of   clique   potentials  overs

3. , r S, s N r N . as are shown in Fig. 1 and the energy function iss r s

Properties second and third mean the neighboring is
an anti reflex and symmetric relation respectively. An nth
order neighborhood of s is defined as (s) = {r S| (3)n

dist(s,r) n, r s} where dist(.) means a distance function
and n is constant. Clique is a set of sites that are all In which r, s S, C represents the set of all possible
neighbors of one another. cliques, v  represents in plane clique potential which is

MRF model seeks for a label field according to MAP computed by (4) and v  represents out of plane clique
criterion: potential which is computed by (5). The divisor of 2 in (3)

y* = arg max {p(x  | y, )p(y)}, (1) is due to duplication of in plane cliques in lattice.y Y
MRI

Where the priori density of the tissue, p(y), concedes
spatial coherence constraints present in an image and is (4)
dependents upon the type of scene by means of
specifying a neighborhood structure. Since the effect of out of plane cliques and in plane

Y is a MRF on S, with respect to neighborhood cliques are not equal:
system, if and only if we have:

1. y Y, p(y) > 0 (5)
2. p(y  | yS\s) = p(ys | yN )s s

Where, S\s means all voxels except s. It is too difficult to density of observed MRI given the distribution of the
define these properties practically. Hammersley–Clifford tissue and  means density
theorem provides us a simple way to overcome this
problem (Stan, 2001). According to this theorem a MRF
can equivalently be characterized by a Gibbs distribution.
Thus

(2)

system   temperature    and    E(y)    is   an  energy

all   possible cliques.    This    paper    uses  3-D cliques

computed by (3).

xy

z

In (1), p(x | y, )  represents  the  conditionalMRI

function parameters. In this paper, p(x  | y  = , ), whichs s

s S and , is modeled as Gaussian distribution like
(6) with mean µ  and variance .

(6)

Fig. 1: 3-D clique configurations, Left to right: Multispectral MRIs of a brain slice contain T2,T1,PD up to down
respectively, Gray level lattice, Neighbors of the central site, Cliques
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Fig. 2: Coding and Individual, left: gray level image (x ), right: individual or label field (y)MRI

After replacing (2) and (6) in (1): Improved Genetic Algorithm Operators (IGAO)

(GAs) for any problem, first a structural representation of

(7) Fig. 2 demonstrates the defined individual. Due to

Therefore the image segmentation problem Individual Fitness Function: The performance of each
transferred to minimization problem, which can be written individual of mating pool is evaluated with respect to its
as (8). value of fitness function. In order words fitness value of

individual with higher fitness value is more likely to

(8) Since the purpose of the MRF segmentation problem

In order to estimate µ  and , , Expectation- (12), in which c is a constant.
Maximization (EM) algorithm is employed [30]. EM is
iterative and contains two steps: (12)

E-step: computes the probability of voxel x  being in Selection: In order to achieve the idea of 'Survival of thei

class l, given as fittest', selection is performed. Here the roulette wheel

p(y =  | x ) = . p(x  | y  = ). p(y  = ) (9) selection is conducted by spinning a biased roulettes s s s s

M-step: uses (10), (11) and computes the updated chromosome and the elitist replacement whereby the best
parameters. fitness chromosome is copied into the next generation

(10)
(9)

(11) Where, F(y) is fitness value of chromosome y,  is
population set and |.| is size of set.

Individual Coding: In order to use genetic algorithms

solution under constraints should be defined. Here for
considering the spatial contextual constrains between
voxels, a new 2-D label field as individual has been used.

inherent correlation in modeling the proposed coding
definition is noise insensitive against the gray level
coding against what has been defined by Kim et al. [16]
and Lei et al. [22].

each individual indicates its survival ability. It means

survive in future generations.

is minimizing energy function, U(y), strongest individuals
should have lower energy value and subsequently higher
fitness value. Therefore, the fitness function is defined as

method has been used for selection. In this algorithm

wheel sized in proportion to the fitness of each

[24]. The proportion P (y) of each chromosome in thes

current population  can be expressed as.
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Fig. 3: Two-point crossover, left: parents, right: offspring

Fig. 4: Mutation, , Left to right: Multispectral MRIs of a brain slice contain T2,T1,PD up to down respectively, Label
fields, Neighbors of the central site, The labels of the neighbors of the central site, Label repetition, Label
selection, Mutation result

Crossover: The crossover operator generates two with a low probability P . The definition of mutation is a
offspring individuals in next generation by combining two tradeoff between computing time and accuracy [31].
individuals (as the parents) of the current generation. The However, in segmentation problems in which the genes
crossover is performed with the crossover probability P . represent labels, the traditional mutation operator mayc

A random number can be generated within [0,1], causes violation of the coherence relationships in the
associated with each individual selected in the mating offspring. Therefore, in this paper we proposed an
pool. If the random value is less than P , then the improved mutation operator.c

crossover is performed, otherwise no crossover is The new mutation is inspired by the spatial
performed. coherence constraint. For achieving this goal each gene

Here the two-point crossover on 2-D individuals is repetition in a 3×3 neighborhood window centered at the
use. for this purpose two individuals are selected as gene, which is candidate for mutation and its peer genes
Parent1 and Parent2 by considering their fitness values in out of planes is computed (Fig. 4). Then, the label of the
and selection mechanism. Then, crossing points are gene with most repetition is selected as the new label of
selected randomly and crossover is performed. Thereby, the central gene.
offspring  can  inherit  characteristics  of  their  parents.
Fig. 3 represents crossover operation. Proposed Algorithm: The algorithm of the proposed

Mutation: The purpose of mutation operator is to increase with initialization of system parameters such as
the diversity of individuals to avoid converging at local temperature (T), crossover probability (P ), mutation
minima. Mutation is an occasional alteration of a gene probability   (P )    and    generation    of     population   of

m

method is summarized in Fig. 6. Optimization is started

c

m
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Fig. 5: Simulated T1, T2 and PD-weighted MR images obtained from the BrainWeb simulator

individuals. Then entering in a loop over selection which
selects individuals using fitness values, crossover which
perform crossover between two selected individuals,
mutation which mutates the offspring and replacing which
replace the parents with their offspring if the energy is
decreased or energy is increased and  > exp(– U / T) is
satisfied, in which  means a random value within [0,1].
Finally the system temperature parameter is up to dated
using a monotonic function.

Experimental Result: The aim of the experiments
presented below is to test the efficiency and power of the
proposed approach. The data was analyzed by two
methods. These include (1) MRF_SR for single contrast
MRI and (2) MRF_SR_IGA for multispectral MRIs. The
algorithms are implemented in Matlab 7.2 on a 2-GHz Intel
Pentium IV PC. In each experiment, the parameters T=4,

(T ) = 0.98×T , | | = 10, P =0.9 and P =0.05 are chosen.t+1 t
c m

To evaluate the performance of the methods, the
technique is applied on the BrainWeb dataset. The
BrainWeb contains simulated T1, T2 and PD-weighted
MRIs were provided by the Montreal Neurological
Institute and is available at http://www.bic.mni.mcgill.ca/
BrainWeb. We used images with an isotropic voxel size of
1 millimeter and employed ground-truth for comparison
(Fig. 5).

In order to strip the skull and non brain tissues from
these MR images we have used Brain Extraction Tool
(BET) which is developed at the FMRIB Lab [32]. To
quantify the quality of the segmentations, the Dice
coefficient is used which measures the overlap between
the ground truth (GT) and the automatic segmentation
results (AutoSeg) as follows [33]:

(10)

Where, |.| is the size of the set. This metric appears
frequently  in   the   literature   [34].   The values  of  Dice Fig. 6: The proposed algorithm
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Fig. 7: Segmentation results for some MRIs of BrainWeb dataset, left to right: T1-weighted, T2-weighted, Proton
density-weighted, Ground truth, Traditional MRFsegmentation result, Proposed method segmentation result, top
to down volume no: 85, 90, 97, 100, 106, 121

coefficient are between 0 and 1. If sets AutoSeg and GT sections in the BrainWeb dataset. MR images are
are exactly the same, the value of Dice coefficient will be segmented into four different tissue types contain: Back
equal to one. ground (BG), White matter (WM), Gray matter (GM),

Figure 7 demonstrates the segmentation results of the Cerebrospinal fluid (CSF). Table 1 compares Dice
traditional MRF_SR for single contrast MRI and proposed coefficient of the traditional SR-MRF and the proposed
MRF_SR_IGA for multispectral MRIs on some coronal MRF-SR-IGA  algorithm  for  some  images  of  BrainWeb
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Table 1: Dice coefficient value and Computational times of two methods: MRF-SR for single contrast MRI and MRF_SR_IGA for multispectral MRIS
Traditional MRF Proposed method
------------------------------------------------------------------------------- ---------------------------------------------------------------------------------------------
Dice coefficient Dice coefficient
----------------------------------------------------------- ------------------------------------------------------------------------ CT reduction

Volume no BG WM GM CSF CT(sec) BG WM GM CSF CT(sec) percent
85 1 0.727 0.694 0.807 3633.956 1 0.730 0.710 0.827 983.641 72.932
88 1 0.737 0.738 0.837 3586.33 1 0.737 0.756 0.842 791.042 77.943
90 1 0.721 0.769 0.812 5324.131 1 0.734 0.782 0.824 817.894 84.638
95 1 0.733 0.784 0.894 3026.782 1 0.746 0.803 0.894 957.374 68.370
97 1 0.751 0.793 0.867 2966.865 1 0.766 0.807 0.883 754.449 74.571
100 1 0.723 0.791 0.795 2993.827 1 0.736 0.801 0.811 926.321 69.059
104 1 0.724 0.776 0.694 3655.455 1 0.738 0.789 0.713 784.231 78.546
106 1 0.771 0.854 0.699 2811.951 1 0.780 0.874 0.727 697.978 75.178
110 1 0.748 0.790 0.720 2975.933 1 0.769 0.803 0.747 758.237 74.521
121 1 0.749 0.724 0.779 3593.394 1 0.756 0.727 0.794 415.118 88.448
130 1 0.671 0.673 0.798 1931.118 1 0.684 0.689 0.809 314.604 83.709

dataset. The traditional method produced average 2. The, B.S., S.Y. Woo and E.B. Butler, 1999. Intensity
similarity measures of 0.733±0.062 for WM, 0.776±0.103 for Modulated Radiation Therapy (IMRT): A new
GM and 0.798±0.104 for CSF. These values for the promising technology in radiation oncology.
proposed approach is equate to 0.738±0.054 for WM, Oncologist, 4(6): 433-442.
0.789±0.1 for GM and 0.811±0.098 for CSF. Therefore the 3. Morris, D.E.,  J.D.  Bourland,  J.G.  Rosenman  and
proposed method is more efficient than the traditional E.G. Shaw, 2001. Three-dimensional conformal
one. Moreover computational times of two methods are radiation treatment planning and delivery for low-
tabulated in table 1. Results show that the proposed and intermediate-grade gliomas. Semin Radiat Oncol.
algorithm alleviates the computation burden noticeably 11: 124-137.
and it reduces the computation time in average 75.178% 4. Halperin, E.C., G. Bentel, E.R. Heinz and P.C. Burger,
compared to the traditional method. 1989. Radiation therapy treatment planning in

CONCLUSIONS based on post mortem topographic  anatomy  with

In this paper an unsupervised hybrid approach that 17, 1347-1350.
combines an IGA with the SR algorithm in a MAP-MRF 5. Seither, R.B., B. Jose, K.J. Paris, R.D. Lindberg and
framework for multispectral MR images segmentation was W.J. Spanos, 1995. Results of irradiation in patients
proposed. Although SR methods have good capability of with high-grade gliomas evaluated by magnetic
global extrema convergence but it suffers from heavy resonance imaging. Am. J. Clin. Oncol., 18: 297-299.
computation burden. Hence we used a modified genetic 6. Clarke, L.P., R.P. Velthuizen, M.A. Camacho, J.J.
algorithm to improve the traditional SR-MRF. Since the Heine, M. Vaidyanathan, L.O. Hall, R.W. Thatcher
computation time of a genetic algorithm has been verified and M.L. Silbiger, 1995. MRI Segmentation: methods
to be much less than that of a SR method, the proposed and applications. Magnetic Resonance Imaging.
approach is far more efficient than an SR-based approach. 13(3): 343-368.
We validated our method on BrainWeb phantom data and 7. Barker, S.A. and P.J.W. Rayner, 2000. Unsupervised
demonstrated that it outperformed traditional published image segmentation using Markov random field
method both in terms of accuracy and computational models. Pattern Recogn, 33: 587-602.
speed. 8. Wang, X. and H. Wang, 2003. Evolutionary
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