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Abstract. In this paper, a robust statistical model-based brain MRI image seg-
mentation method is presented. The MRI images are modeled by Gaussian mix-
ture model. This method, based on the statistical model, approximately finds the
maximum a posteriori estimation of the segmentation and estimates the model
parameters from the image data. The proposed strategy for segmentation is
based on the EM and FCM algorithm. The prior model parameters are estimated
via EM algorithm. Then, in order to obtain a good segmentation and speed up
the convergence rate, initial estimates of the parameters were done by FCM al-
gorithm. The proposed image segmentation methods have been tested using
phantom simulated MRI data. The experimental results show the proposed
method is effective and robust.

1 Introduction

Automatic and robust brain tissue classification from magnetic resonance images
(MRI) is of great importance for anatomical imaging in brain research. Segmentation
brain images can be used in the three-dimensional visualization and quantitative
analysis of brain morphometry and functional cortical structures. Segmentation of the
brain MRI image into different tissues, such as the gray matter (GM), the white matter
(WM), the cerebrospinal fluid (CSF).Now, brain segmentation methods can be cate-
gorized as manual methods and semi automated and automated methods. In the study
of brain disorders, a large amount of data is necessary but in most clinical applica-
tions, the manual slice segmentation is the only method of choice and is time consum-
ing. Even if experts do it, these types of segmentation stays subjective and show some
intra and inter variability. Fully automatic, robust tissue classification is required for
batch processing the data from large-scale, multi-site clinical trials or research pro-
jects.

The automatic segmentation of brain MR images, however, remains a persistent
difficult problem. The main artifacts affecting brain MRI scans such as Intensity non-
uniformity, and image Noise and Partial volume effect. Currently available methods
for MR image segmentation can be categorized into Region-based and clustering-
based techniques[l]. Region-based techniques include the use of standard image
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processing techniques such as threshold-based, and mathematical morphology-based,
and probability-based, and clustering-based, and prior knowledge-based and neural
network-based techniques [2-8].

This paper aims to develop an algorithm for the automatic estimation of the statis-
tics of the main tissues of the brain [the gray matter (GM), the white matter (WM),
the cerebrospinal fluid (CSF)] from MRI images. These statistics can be used for
segmenting the brain from its surrounding tissues for 3-D visualization or for a quan-
titative analysis of the different tissues. Segmentation of MR brain images was carried
out on original images using the Gaussian mixture model models (GMMS)[9-10] and
fuzzy c-means [2] techniques. The segmentation method presented in this work mod-
els the intensity distributions of MRI images as a mixture of Gaussians. The prior
model parameters are estimated via EM algorithm [8]. Then, in order to obtain a good
segmentation and speed up the convergence rate, initial estimates of the parameters
were done by FCM algorithm. The performance of the algorithm is evaluated using
phantom images. The experiments on simulated MR images prove that our algorithm
is insensitive to noise and can more precisely segment brain MRI images into differ-
ent tissues: the gray matter, the white matter and the cerebrospinal fluid.

2 Image Model

In this section, we derive a model for the tissues of the brain. For this purpose, we
consider a normal human brain consists of three types of tissues: the white matter
(WM), the gray matter (GM) and the cerebrospinal fluid (CSF). It is simplified in the
case where only Tl weight images are considered. The image is defined by
y=(y;,ie I) where y; denotes the image intensity as the voxel indexed by i . We

assume only one class of tissue occupies the spatial volume of each voxel. Let the
total number of tissue classes in the image be K and each of them be represented by
a label from A ={1,2,---K} and x;represents the tissue class of voxel at the image

site i, x; = k denote an assignment of the kzh tissue class to the site i. A segmenta-
tion of the image is given by x; = (x;;i€ I) . The process of segmentation is to find x,
which represents the correct tissue class at each voxel of image y., our attempt was to

find x = x" which represents optimal segmentation is given by:

x" =argmax p(x|y) (1)

From Baye’s theorem, the posterior probability of segmentation p(x|y) can be
written as:

p(xly)e< p(x,y) = p(ylx)p(x) 2

where p(y|x) is the conditional probability of the image y given the segmentation
x and p(x)is the prior density of x .our attempt is to find the maximum a posteri-
ori(MAP)estimate by modeling p(y | x) the measurement model. Each tissue class
has a signature, or mean intensity and variance at a particular site. For each tissue
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class, a gaussian distribution is assumed and the entire image can be assumed as a
Gaussian mixture density. A tissue can be modeled by a multivatiate Gaussian density
with mean vector # and covariance matrix X, i.e.;

_ _ 1 _
plxl @)=y ™M/25, 712 expE (4~ )%y "0 = 14) 3)

Where 6 =(u;,X;) is the vector of parameters associated with each type of tissue

ko, fy =y Mio s Mgy ) i the mean vector, and X, = E[(x; — ;) (x; — g )'] is the
covariance matrix associated with class k,1<k <c where ¢ is the number of classes.
In our case, since the input is intensity at a given point i, the dimension is one, and

the number of classes K =3 corresponding to the gray matter(GM),the white mat-
ter(WM) and the cerebrospibal fluid.(CSF).

3 MR Image Segmentation Framework

3.1 Initial Parameter Estimation

The choice of initial parameter is very important. The initial classification can be
obtained either directly through the thresholding or through ML estimation with those
known parameters .In this work; we use a modified FCM algorithm [11] for initial
classification. The modified fuzzy c-means (FCM) algorithm is the best known and
the most widely used fuzzy clustering technique. This algorithm iteratively minimizes
the following objective function:

i=l j

N C
)" d*(xj,c)=a ) pilog(p) @)
= i=1

Where u; is the membership value at pixel j in the class i such that

C N
ZMU =1,Vjel0,N].p; =i2uij is interpreted as “probability” of all the pix-
i=1 N j=l

els. dz(x joCi) is the standard Euclidian distance and the fuzziness index m is a

weighting coefficient on each fuzzy membership.

3.2 Parameters Estimation

Now that we have defined a model for our data, the problem is to estimate the differ-
ent parameters of the mixture. The aim of estimation is find the parameters that
maximize the likelihood of the GMM, given the image Y ={y, 5, yr} the GMM

likelihood can be written as

T
r10) =[] roi10 )

i=1
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if p(Y16) is a well behaved, differentiable of 9, then & can be found by the standard
methods of differential calculus. This expression is a nonlinear function of the pa-
rameters 6 and direct maximization is not possible. However, ML parameter esti-
mates can be obtained iteratively using a special case of the expectation-maximization
(EM) algorithm.

The EM algorithm estimates the maximum likelihood parameter 9 ,we seek:

A

O =arg mgax log p(y16) 6)

The EM algorithm is an iterative procedure for finding the ML estimate of the pa-
rameters. Each iteration consists of two steps:

E-Step: Find  Q(816'") = E[log f(x,0) 1 y,8"] (7

M-Step:Find 8*) =arg m;lx{Q(@, 6"} (®)

The EM algorithm begins with an initial model &, and estimates a new model é ,

such that p(Y | é) > p(Y 1) . The new model then becomes the initial model for the

next iteration and the process is repeated until some convergence threshold is reached
In the case of the univariate normal mixture, the maximum likelihood estimates w;

of the mixture coefficients, fi; of the mean and X, of the variance are expressed as
fllows:

~ ai; P2
iy =— pCyi 14is 2;) ©)
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In our work, as mentioned earlier a three-tissue gaussian model was assumed to
characterize the gray matter, the white matter and the cerebrospinal fluid. The EM
algorithm was used to estimate the parameters of the gaussian mixture. Improved
segmentation resulted when images were used. The convergence of EM algorithm
was faster when initial estimates of the parameters were done by Fuzzy c- means.
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4 Experimental Results

In this section we describe the performance of our method to the segmentation of
the brain into white matter and gray matter and CSF. To validate the performance
of our method, we use the Brainweb MRI simulator(http://www.bic.mni.mcgill.ca/
brainweb),which consists of 3-dimensional MR data simulated using TI weight
image, each data set is composed of voxels of 181X217X181, the slice thickness is
Imm.The 2-D images are slice from the 3-D data sets.2-D segmentation is the
clustering of the slice images,3-D segmentation is the clustering of the whole 3-D
data sets. We use several simulated MRI acquisitions of this phantom including RF
non-uniformities and noise levels. Segment has been done on MR images contain-
ing 3, 5 and 9% noise and of 20% RF non-uniformity. The brain data were classi-
fied into three clusters: gray matter, white matter and cerebrospinal fluid. Fig.1-

(b)

(d) (®

Fig. 1. Segmentation Result under 3% noise (a) T1 weight image (b)-(d) GM, WM and CSF
posterior functions computed by our method respectively (e) segmentation result

Fig.3 show the segmentation results on the simulated MRI images with different
noise level. Although the images with 9%, 5% noise look much worse than the
images with 3% noise, there is noticeable difference on the segmentation images
by the proposed method as shown in Fig.2-Fig.3.Fig.4 shows the final 3D render-
ing of the gray matter and white matter volume using the proposed segmentation
method.
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(b)

(d) (e)

Fig. 2. Segmentation Result under 5% noise: (a) T1 weight image (b)-(d) GM, WM and CSF
posterior functions computed by our method respectively (e) segmentation result

(d) (e)

Fig. 3. Segmentation Result under 9% noise: (a) T1 weight image (b)-(d) GM, WM and CSF
posterior functions computed by our method respectively (e) segmentation result
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Fig. 4. 3D rendering of the gray matter and white matter

5 Conclusions

We have presented an approach combining Gaussian mixture model finite mixture
model and FCM clustering algorithm. The parameters initialization using Fuzzy c-
means algorithms. The proposed image segmentation methods have been tested using
phantom simulated MRI data and real MRI brain data. The experiments on simulated
MR T1-Weight brain images prove that our algorithm is insensitive to noise and can
more precisely segment brain MRI images into different tissues: gray matter, white
matter and cerebrospinal fluid.
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