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Abstract
We describe a fully automated method for model-based tissue classification of Magnetic Resonance (MR) images of the brain. The method interleaves classification with estimation of the model
parameters, improving the classification at each iteration. The algorithm is able to segment singleand multi-spectral MR images, corrects for MR signal inhomogeneities and incorporates contextual
information by means of Markov Random Fields. A digital brain atlas containing prior expectations
about the spatial location of tissue classes is used to initialize the algorithm. This makes the method
fully automated and therefore provides objective and reproducible segmentations. We have validated
the technique on simulated as well as on real MR images of the brain.
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Introduction

The study of many brain disorders involves the accurate segmentation of Magnetic Resonance (MR)
images of the brain. In multiple sclerosis, for instance, quantiﬁcation of white matter lesions is needed
for assessing the eﬀect of drug treatment, while in schizophrenia and epilepsy, volumetry of white matter,
gray matter and cerebro-spinal ﬂuid (csf) is important for morphological analysis. Since such studies
typically involve a huge amount of data, manual tracing by a human expert is too time-consuming.
Furthermore, human experts show signiﬁcant intra- and inter-observer variability, which complicates the
analysis of the resulting segmentations. Therefore, there is a need for automated methods that produce
fast, reliable and reproducible segmentations.
A number of approaches have been investigated in previous research, among which intensity-based
clustering methods have received a lot of attention. However, since brain and non-brain tissues often show
spectral overlap in MR images, these methods generally require some post-processing in order to improve
the segmentations. Furthermore, the presence of a spatially smoothly varying intensity inhomogeneity
or bias ﬁeld in MR images complicates matters. A number of promising methods have been presented to
cope with these problems [1, 2, 3], but they still require some user interaction, making their results not
fully objective and reproducible.
In this view, we present a new model-based classiﬁcation method for MR images of the brain that is
fully automated. Building on previous work [4, 5], we here present a method that interleaves classiﬁcation
with estimation of model parameters. The algorithm can segment single- or multi-spectral MR data,
corrects for MR bias ﬁelds and incorporates contextual information through the concept of Markov
Random Fields. The additional use of a digital brain atlas makes the method fully automated and thus
an objective and reproducible tool for segmenting large amounts of data.
Section 2 describes the model-based method for automated tissue classiﬁcation of MR images of the
brain. The method is validated in section 3 on simulated and real MR images, and we discuss the results
in section 4. Finally, section 5 summarizes the conclusions of the approach.
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ML approach for model-based segmentation of the brain

Let the intensities in an MR image be conveniently denoted as a 1-D array y = {y1 , y2 , . . . , yn } where
n is the number of voxels. Let the underlying segmentation be denoted as z = {z1 , z2 , . . . , zn } where
zi indicates to which tissue type voxel i belongs. Assuming that there are K tissue types, zi = ek for
some k, 1 ≤ k ≤ K where ek is a unit vector whose kth component is 1, all the other components being
0. The segmentation process can then be deﬁned as an estimation problem where the underlying hidden
segmentation z has to be estimated from the observed intensities y.
In this paper, we use a parameterized model for MR images of the brain to automate this estimation
process. More speciﬁcally, the hidden segmentation z is modeled as the realization of a random process
with some probability density function f (z | Φz ) that is parameterized by the parameter set Φz . Furthermore, it is assumed that z has generated the observed intensities y with probability density function
f (y | z, Φy ) parameterized by Φy . As will be shown in the following, estimation of the segmentation z is
straightforward once the model parameters Φ = {Φy , Φz } are known. However, estimation of these model
parameters in its turn is helped by knowledge of the segmentation. Intuitively, both the segmentation and
the model parameters can be estimated simultaneously by interleaving the segmentation with estimation
of the model parameters.
The Expectation-Maximization (EM) algorithm [6] formalizes this intuitive approach. It estimates
the maximum likelihood (ML) parameters Φ̂
Φ̂ = arg max log f (y | Φ)
Φ

by iteratively estimating the hidden data z based on the current parameter estimation Φ, and recalculating
Φ that maximizes the likelihood of the so-called complete data q = (y, z). More speciﬁcally, the algorithm
interleaves two steps:
E-Step: ﬁnd the function

Q(Φ | Φ(m) ) = E[log f (q | Φ) | y, Φ(m) ]

M-Step: ﬁnd

Φ(m+1) = arg max Q(Φ | Φ(m) )
Φ

with m the iteration number. If during the M-step, the next estimate Φ(m) is chosen only to ensure
Q(Φ(m+1) | Φ(m) ) > Q(Φ(m) | Φ(m) ), then the algorithm is called a generalized EM algorithm (GEM). It
has been shown that the likelihood log f (y | Φ) is guaranteed to increase for EM and GEM algorithms [7].
Upon convergence, the segmentation is obtained as a byproduct as the estimated z.
A major problem when segmenting MR images with intensity-based methods is the corruption of the
signal with a spatially smoothly varying intensity inhomogeneity or bias ﬁeld that is caused by equipment
limitations and patient-induced electrodynamic interactions [8]. Although not always visible for a human
observer, such a bias ﬁeld can cause serious misclassiﬁcations. Therefore, this imaging artifact must be
corrected for.
Recently, we developed an automated method for correcting such bias ﬁelds in MR images of the brain,
using a speciﬁc model where each voxel is randomly sampled from a parameterized intensity distribution.
This approach is brieﬂy explained in section 2.1. The model is then extended in section 2.2 by adding a
regularization component using the concept of Markov-Random-Fields. Section 2.3 explains how a digital
brain atlas can be added to the method in order to make it a fully automated tool for segmenting brain
tissues from MR images. We describe some implementation issues in section 2.4, and we ﬁnally show
how the method works on a simple example in section 2.5.

2.1

The independent model

Recently, we developed a method for automated bias ﬁeld correction for MR images of the brain. Since
the segmentation algorithm that is explained in section 2.2 is an extension of it, we brieﬂy describe it
here. For a more detailed explanation, the reader is referred to [4, 5].
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Consider the following simple model for an MR image: the tissue type of voxel i, represented by zi ,
is drawn randomly from a collection of K possible classes, each with its own known probability P (k) for
1 ≤ k ≤ K. That is:
f (zi = ek ) = P (k)
Suppose furthermore that the intensity of a voxel belonging to class k is normally distributed around a
certain mean µk with a variance σk , grouped in θk = {µk , σk }. Furthermore, suppose that the
 spatially
smoothly varying intensity inhomogeneity or bias ﬁeld can be written as a linear combination j cj φj (x)
of smoothly varying basis functions φj (x) with 1 ≤ j ≤ J where J is the number of basis functions,
and x denotes the spatial position. Let C = {c1 , c2 , . . . , cJ } denote the bias ﬁeld parameters, and
Φy = {θ1 , . . . , θK , C} the overall model parameters. The bias ﬁeld in MR is usually modeled as a
multiplicative eﬀect. We therefore work on log-transformed intensities, which makes the bias additive.
The probability for voxel intensity yi in voxel i given that it belongs to class k is then

f (yi | zi = ek , Φy ) = Gσk (yi − µk −
cj φj (xi ))
j

where Gσ () denotes a zero-mean normal distribution with variance σ.
Application of the EM-algorithm that searches for the ML estimation of the model parameters Φy
yields the following equations (see Appendix A):
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where m denotes the iteration number.
These equations can be interpreted as 3 interleaved steps: classiﬁcation of the voxels (equation 1),
estimation of the normal distributions (equations 2 and 3) and estimation of the bias ﬁeld (equation 4).
The estimation of the bias ﬁeld is worth some attention. Based on the current classiﬁcation and estimation
of the distribution parameters, a predicted signal ỹ is constructed that tries to mimic the measured signal
y without the bias ﬁeld. Furthermore, associated with every voxel is a weight wi that is inversely
proportional to the variance of the class it belongs to. The bias estimation is the weighted least-squares
ﬁt to the diﬀerence between the measured signal y and the predicted signal ỹ. The intensity distribution
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of brain tissues is generally much sharper than that of non-brain tissues; therefore the bias ﬁeld is mainly
estimated from the brain and extrapolated to other regions in the image.
Previously, we have given a more detailed description of the algorithm and its practical use [4, 5].
Therefore, we direct the interested reader to these papers for more details. Suﬃce it here to say that
the algorithm is easily extended to multi-spectral MR data by substituting the normal distributions with
mean µk and variance σk to multivariate normals with mean $µk and covariance matrix Σk .

2.2

Regularization using Markov-Random-Fields

The simple independent model classiﬁes the voxels only based on their intensity. This yields acceptable
segmentation results as long as the diﬀerent classes are well separated in intensity feature space, i.e.
have a clearly discernible associated intensity distribution. Unfortunately, this is not always true for MR
images of the brain. Where such tissues as white matter, gray matter and csf usually have a characteristic
intensity, voxels surrounding the brain consist of several tissue types some of which have an MR intensity
that is very similar to brain tissue. This results in erroneous classiﬁcations of regions surrounding the
brain as gray matter or white matter. The problem becomes more and more stringent when only one MR
channel is available. Therefore, some form of spatial information is also needed during the classiﬁcation
process. In [4, 5], we used a digital brain atlas that provides prior knowledge about the expected location
of white matter, gray matter and csf. This reduced the amount of misclassiﬁcations already; however, it
did not totally prevent some small regions to be misclassiﬁed. It is not unreasonable to assume that these
small regions don’t have a signiﬁcant impact on the estimation of the bias ﬁeld. However, for automated
segmentation of brain tissues, the independent model as described in section 2.1 is not always suﬃcient.
We therefore incorporate general spatial and anatomical constraints, such as ”a voxel surrounded by
non-brain tissue cannot belong to gray matter” by introducing the concept of Markov Random Fields
(MRF’s) into the model. The hidden data z are assumed to be the realization of a random process
where the probability that voxel i belongs to tissue type k depends on the tissue type of it’s neighbors.
The Hammersley-Cliﬀord theorem states that such a random ﬁeld is a Gibbs Random Field, i.e. its
conﬁgurations obey a Gibbs distribution
f (z | Φz ) = Z(Φz )−1 exp[−Umrf (z | Φz )]

where Z(Φz ) = z exp[−Umrf (z | Φz )] is a normalization constant called the partition function, and
Umrf (z | Φz ) is an energy function dependent on the MRF parameters Φz .
We use a simple MRF that is deﬁned on a so-called ﬁrst order neighborhood system, i.e. only the six
nearest neighbors on the 3D-image lattice are used. Let Ni = {ia , ip , il , ir , ii , is } denote the neighborhood
of voxel i, where ia , ip , il and ir are its four neighbors in the plane, and ii and is its two neighbors out
of the plane. The voxel size in MR images is equal in the x and y-direction, but usually diﬀerent in the
z-direction. We therefore assume that the interaction between a voxel with its neighbors in the x-direction
is the same as that with its neighbors in the y-direction, but diﬀerent from that with its neighbors in the
z-direction. Therefore, we use the following Ising-like energy function
Umrf (z | Φz ) =

n


Umrf (zi | zNi , Φz )

i=1

where

zNi = {zi | i ∈ Ni }

stands for the set of labels at the six sites neighboring i, and
Umrf (zi | zNi , Φz ) = zit Ggi + zit Hhi
where
gi = zia + zip + zil + zir
is a vector that counts per class k the number of neighbors of i within the plane that belong to k.
Similarly,
hi = zii + zis
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counts per class k the number of neighbors out of the plane that belong to k. G and H are K × K
matrices that together form the MRF parameters Φz = {G, H}.
With the addition of the MRF, there are now two parameter sets Φy and Φz . As explained in Appendix
B, the exact calculation of Φy is no longer practically feasible, and we use an approximation based on the
so-called mean field theory as proposed by Zhang et al. [9] [10]. More speciﬁcally, equations 2, 3 and 4
remain valid, but the classiﬁcation step is no longer given by equation 1 but by
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The diﬀerence lies herein, that in the independent model, each voxel had the same a priori probability
f (zi = ek ) to belong to class k, whereas now, this probability depends on the classiﬁcation of the
neighboring voxels.
The calculation of the MRF parameters Φz = {G, H} is more involved. Zhang et al. [9] used an
approximation based on the same mean ﬁeld idiom:
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)

This results in an expression that is very similar to Besag’s pseudo-likelihood approach [11] for estimation
of the MRF parameters Φz for fully labeled data z, but now with p(m) from equation 5 instead of z.
Unfortunately, even with this pseudo-likelihood approximation, it is not possible to derive closed-form
expressions for Φz as it was the case for Φy . Instead, numerical maximization methods for solving the
nonlinear equations must be used. However, these are rather time-consuming and the solution can diﬀer
depending on the initial estimate.
We therefore use a more eﬃcient heuristic approach that is non-iterative, using a least-squares (LS)
ﬁt procedure [11]. Hereto, we deﬁne a 2K 2 × 1 vector θ that denotes all parameters G and H
θ

=

G11 . . . G1K

G21 . . . G2K

. . . GK1 . . . GKK

H11 . . . H1K

H21 . . . H2K

. . . HK1 . . . HKK

t

and an equally sized conﬁguration vector vzi ,gi ,hi
vzi ,gi ,hi

=

zi1 git

zi2 git

. . . ziK git

zi1 hti

zi2 hti

. . . ziK hti

t

In Appendix C, we show that for any neighborhood conﬁguration {gi , hi } and for any two distinct values
zi and zi , the following holds:


f (zi , gi , hi | Φz )
t
t
[vzi ,gi ,hi − vz ,gi ,hi ]θ = log
(7)
i
f (zi , gi , hi | Φz )
Each distinct combination of zi , zi , gi and hi deﬁnes one such an equation. Supposing that f (zi , gi , hi | Φz )
can somehow be estimated, one obtains an over-determined linear system of equations that can be solved
using a standard LS method. This would provide an estimation of the MRF parameters.
(m)
During iteration (m+1), we estimate f (zi , gi , hi | Φz ) by constructing a histogram H(zi , gi , hi |
(m)
Φz ) that counts how many times a speciﬁc conﬁguration {zi , gi , hi } occurred in the current classiﬁcation
p(m) . Since p(m) is a soft classiﬁcation, the contribution of a voxel i to the histogram entry H(zi , gi , hi |
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(m)

(m)

Φz ) is given by the probability that its conﬁguration is {zi , gi , hi }. Subsequently, f (zi , gi , hi | Φz ) is
(m)
estimated by H(zi , gi , hi | Φz )/n. Solving the linear system of equations 7 then provides the estimation
(m+1)
.
Φz
To summarize, the complete EM algorithm interleaves 4 steps: classiﬁcation of the voxels (equation 5), estimation of the normal distribution parameters (equations 2 and 3), estimation of the bias ﬁeld
(equation 4), and estimation of the MRF parameters (equation 7). It is interesting to notice that the
classiﬁcation step (equation 5) shows remarkable similarity with the Iterated Conditional Modes (ICM)
algorithm [11]. ICM is a local optimization algorithm that tries to ﬁnd the most likely hidden data z
given the data y and the parameters Φy and Φz . It iteratively updates the discrete labels z by assigning
the label of each voxel to
(m+1)

zi

(m)

f (yi | zi , Φy )f (zi | zNi , Φz )
← arg max 
(m)


zi
z  f (yi | zi , Φy )f (zi | zNi , Φz )
i

Comparing the above to equation 5, it can be seen that the EM algorithm is a soft implementation of
the ICM algorithm, i.e. the classiﬁcation p(m+1) is updated in a soft sense rather than with discrete
labels. The diﬀerence with the ICM algorithm lies herein, that the parameters Φy and Φz are updated
each iteration.

2.3

Initialization with a digital brain atlas

The algorithm presented above interleaves classiﬁcation, distribution parameter estimation, bias ﬁeld
parameter estimation and MRF parameter estimation. To initialize the method, it would not be unlogical
to start with the bias ﬁeld parameters and the MRF parameters set to zero. If the user additionally
provides some initial estimates for the distribution parameters, for instance by interactively clicking on
some representative voxels for each class in the image, the algorithm can be started with the classiﬁcation
step (equation 5).
We use a diﬀerent approach. We initialize the algorithm by providing a prior classiﬁcation and from
there the distribution parameters are calculated, after which a ﬁrst estimation of the bias ﬁeld and the
MRF parameters is calculated. The prior classiﬁcation is derived from a digital brain atlas, distributed
with the SPM96 package [12], that contains spatially varying prior probability maps for the location
of white matter, gray matter and csf as shown in ﬁgure 1. These probability maps, with an isotropic
spatial resolution of 2 millimeter, were obtained by averaging binary white matter, gray matter and csf
segmentations of MR brain images from a large number of subjects, after spatial normalization of all
images using an aﬃne transformation.
To apply the a priori information of the atlas, we ﬁrst normalize the atlas to the space of the study
image by matching a T1 template provided by SPM96 that is already co-registered with the atlas, to the
study image. To this end, we use the aﬃne multi-modality registration technique based on maximization
of mutual information of corresponding voxel intensities of Maes et al. [13]. It has been shown [13]
that this registration criterion is fairly insensitive to moderate bias ﬁelds, such that it can be applied
fully automatically and reliably to uncorrected MR images. The registered a priori probability maps
provided by the atlas are then reformatted and used as an initial classiﬁcation. The advantage of this
way of working is that interactive user intervention is avoided, which makes the results of the algorithm
reproducible and objective and allows the method to be fully automated.
The atlas could also be beneﬁcial for constraining the classiﬁcation process during the subsequent
iterations of the algorithm, since it can add extra spatial information in case of overlapping intensities
between distinct classes. As previously mentioned, tissues surrounding the brain sometimes show intensities similar to brain tissues. Therefore, we add extra spatial information to the classiﬁcation process
(m)
by multiplying the prior probability f (zi = ek | zNi , Φz ) in equation 5 in every voxel i by the prior
probability of class k in the atlas. This also makes the algorithm more robust in case of very severe bias
ﬁelds.
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Figure 1: Digital brain atlas with spatially varying prior probability maps for gray matter, white matter
and csf. High intensities indicate high a priori probabilities. The atlas also contains a T1 template image
which is used to spatially register the atlas to the study image.

2.4

Practical implementation

Before the algorithm described above can be implemented as an automated tool for tissue classiﬁcation
of MR images of the brain, a number of practical issues must be considered. In this section, we describe
our practical approach and the implementation that was used to validate the method in section 3.
We principally use 4 classes: white matter (class 1), gray matter (class 2), csf (class 3) and ”other”
(class 4). The a priori probability map for class 4 is obtained by subtracting the sum of the atlas
probability maps for white matter, gray matter and csf from a map of ones.
The MRF parameters G and H are 4×4 matrices; the (k, j)th element describes the contribution to the
energy function Umrf (zi = ek | zNi , Φz ) of a neighboring voxel that belongs to class j. Direct application
of this model favors conﬁgurations of z where each class is spatially clustered. More speciﬁcally, a
homogeneous region of white matter would preferably be surrounded by a homogeneous region of gray
matter, on its turn surrounded by csf that is ﬁnally surrounded by ”other”. Small regions outside the
brain that are misclassiﬁed as brain tissue are not preferable, and the MRF forms an eﬀective means to
avoid such misclassiﬁcations.
However, it has been described in the literature that ﬁne structures such as the interface between
white matter and gray matter can be erased by MRF’s [2]. This corresponds to our own experience: the
MRF over-regularizes such subtle borders and tempts to produce nicely smooth interfaces. We therefore
propose a modiﬁcation that penalizes impossible combinations such as a gray matter voxel surrounded
by voxels belonging to ”other”, while at the same time preserving edges between tissues that are known
to border each other. We impose that a voxel surrounded by gray matter voxels must have the same
probability to be white matter as to be gray matter. With the class numbers deﬁned above, this can be
achieved by imposing the constraint that G11 = G21 and H11 = H21 . Similarly, we demand G12 = G22 and
H12 = H22 , which results in an equal probability for white matter and gray matter in a voxel surrounded
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by white matter voxels. As a result, voxels surrounded by brain tissues have a low probability for csf and
other, and a high but equal probability for white and gray matter. The actual decision between white
and gray matter is therefore only based on the intensity, so that the interface between white and gray
matter is unaﬀected by the MRF.
The same rationale applies for the interface between gray matter and csf (G11 = G31 and G13 = G33 ,
the same for H), and to the interface between csf and other (G33 = G43 and G34 = G44 , the same for
H). This reduces the number of MRF parameters to be estimated by equation 7 from 2 × 42 = 32 to
20. The constraint that Gjk = Glk can easily be implemented by adding the corresponding columns in
equation 7 before solving the linear system of equations.
Whereas white matter, gray matter and csf each have a characteristic intensity distribution that, to
a reasonable extent, can be modeled by a single normal distribution, the other class is more diﬃcult to
model adequately. Speciﬁcally, part of the class ”other” is background noise that is not aﬀected by the
bias ﬁeld. We therefore extend the algorithm with an explicit model of the noise in MRI, the details of
which can be found in [5]. The rest of the signal of class ”other” is formed by the tissues surrounding the
brain, which we model by two normal distributions since this models the non-brain tissues more accurately
than a single one. To summarize, the class ”other”is represented by three parameterized distributions;
the prior probability f (zi | zNi , Φz ) for these classes is obtained by simply dividing the prior probability
for ”other” equally over these three distributions.

As explained in section 2.2, we model the bias ﬁeld as a linear combination Jj=1 cj φj (x) of spatially
smoothly varying basis functions φj (x). The actual choice of the basis functions has still to be speciﬁed.
In the literature, some authors have used splines to model a bias ﬁeld [14, 15, 16], while others preferred
polynomials [17, 18, 19]. We have chosen 3D polynomials of 4th degree, a basis that showed to be able
to correct for most of the bias ﬁeld in MR images of the brain [5]. 2D multi-slice sequence MR images,
which are acquired in an interleaved way, are typically corrupted with a diﬀerent constant intensity oﬀset
for each slice separately. For this kind of images, we model the bias ﬁeld by a 2D polynomial of 4th
degree for each slice separately, rather than one global 3D polynomial.
The EM procedure can be iterated until either the parameter estimates converge or some maximum
number of iterations is reached. The ultimate stop criterion detects when the log-likelihood log f (y |
Φ) stops increasing signiﬁcantly, since this is after all the objective function that the EM algorithm
maximizes. However,


(m)
f (y | z, Φ(m)
)f
(z
|
Φ
)
log f (y | Φ(m) ) = log
y
z
z

requires calculation of all the possible realizations of the MRF, which is not computationally feasible. We
(m)
therefore once more call upon the mean ﬁeld theory by approximating f (z | Φz ) using equation 6:

=

log f (y | Φ(m) )


 n
(m)
(m)
(m)
log z i=1 f (yi | zi , Φy )f (zi | pNi , Φz )

n
(m)
(m)
(m)
zi f (yi | zi , Φy )f (zi | pNi , Φz )
i=1 log

(8)

Notice that evaluation of this objective function involves no additional computational burden, since the
contribution of each voxel is calculated anyway during the classiﬁcation step as the denominator of
equation 5.
We have implemented the method in C-language and integrated it inside the Matlab-based [20]
SPM96-software package [12]. The program is able to segment multi-spectral MR brain images and
is fully automated. As a ﬁrst step, we co-register and reformat all the MR channels in case of multispectral data, using the aﬃne registration method based on maximization of mutual information of Maes
et al. [13]. We then spatially normalize the atlas to the study image with the same registration program.
The EM algorithm described above is then used to segment the images; voxels where the atlas indicates
a zero prior probability for white matter, gray matter or csf are of no interest and are simply discarded.
To speed up the computation, we update the parameters Φ(m+1) only based on a limited subset of all
voxels. The algorithm is stopped when the relative change of the estimation of f (y | Φ) between two
subsequent iterations drops below 0.0001, which typically occurs after approximately 25 iterations. The
overall calculation time depends on the size of the images involved; it takes less than 30 minutes to
segment a single-channel image with dimensions 256 × 256 × 60 on an SGI onyx 2.
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2.5

Example

To clarify how the algorithm works, we here illustrate by way of an example the inﬂuence each component
of the method has on the resulting segmentations. We have processed the same single-channel T1-weighted
image of size 256 × 256 × 128 with voxel size of 1 × 1 × 1.25 millimeter (see ﬁgure 2 (a)) a number of
times, each time leaving some step out of the algorithm.
To show the inﬂuence of the bias correction step, we have processed the image twice. The ﬁrst time,
we set the order of the bias ﬁeld polynomial and the MRF parameter matrices G and H to zero, which
reduces the method to the application of the independent model as described in section 2.1 where the
bias ﬁeld estimation step is left out. The second time, G and H were again ﬁxed to zero, but now the
order of the bias ﬁeld polynomial was set to four. Figure 2 (b),(c) shows the gray matter component
of the classiﬁcation probability p upon convergence for both situations. Without bias correction, white
matter at the top of the brain is misclassiﬁed as gray matter, whereas the result is clearly much better
when the bias correction step is added to the algorithm.
We then added the MRF parameter estimation step and again ran the algorithm with bias polynomial
order set to four. It can be seen from ﬁgure 2 (d) that addition of the MRF results in a better distinction
between brain tissues and tissues surrounding the brain, whose intensities show similar characteristics.
The MRF cleans up the segmentations of brain tissues, while preserving the detailed interface between
gray and white matter, and between gray matter and csf. This is most beneﬁcial in case of single-channel
MR data, where it is often diﬃcult to discern tissues surrounding the brain and brain tissue only based
on their intensity. Figure 3 depicts a 3D volume rendering of the gray matter segmentation map when
the MRF is used.
Just to show why we set some entries of G and H equal to each other as described in section 2.4, we
have processed the same image once more but now without the additional constraint on G and H that
classes that are known to share an interface should not favor one above the other. We started from the
segmentation obtained with the constraint on G and H, re-estimated G and H from there without the
constraint and performed the classiﬁcation step until convergence while keeping the parameters ﬁxed.
As can be seen from ﬁgure 2 (e), the resulting segmentation now shows nicely distinct regions, but
small details, such as small ridges of white matter, are lost. The MRF prior has over-regularized the
segmentation and should therefore not be used in this form. By imposing the additional constraint on G
and H, we only use the MRF to penalize combinations that are not possible, such as a gray matter voxel
surrounded by voxels belonging to the class ”other”. This helps to clean up the segmentation maps of
the brain tissues, but leaves ﬁne details intact.

3
3.1

Validation
Simulated data

Although the algorithm should be validated on real MR data, a comprehensive validation is easier performed on simulated images, since the ground-truth is not known for in-vivo data. Furthermore, experiments with simulated data allow studying the inﬂuence of several imaging artifacts, such as noise and
MR bias ﬁelds, separately.
Therefore, we have validated the EM algorithm on simulated MR images of the head (see ﬁgure 4)
that were generated by the BrainWeb MR simulator [21] (see http://www.bic.mni.mcgill.ca/brainweb).
We used images with an isotropic voxelsize of 1 millimeter and studied the inﬂuence of noise, ﬁeld
inhomogeneity and contrast (T1-, T2- or PD-weighted) by comparing the automatic segmentations with
the known ground-truth. For this comparison, we made a hard ﬁnal segmentation by assigning each
k
denote the volume of the voxels
voxel uniquely to the class where it most probably belongs to. Let Vae
that are assigned to a class k by both the ground truth and the automatic algorithm. Similarly, let Vak
and Vek denote the volume of voxels assigned to class k by respectively the automatic algorithm and the
ground-truth. We then measure the overlap between the automatic segmentation and the ground-truth
k
for class k by 2Vae
/(Vak + Vek ). This metric, proposed by Zijdenbos et al. [22], attains the value of 1 if
both segmentations are in full agreement, and 0 if there is no overlap at all.
We ﬁrst investigated the inﬂuence of noise by using images that were not corrupted with a bias ﬁeld.
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(a)

(b)

(c)

(d)

(e)

Figure 2: Example of how the diﬀerent components of the algorithm work: (a) T1-weighted image; (b)
gray matter segmentation without bias ﬁeld correction and MRF; (c)gray matter segmentation with bias
ﬁeld correction but without MRF; (d) gray matter segmentation with bias ﬁeld correction and MRF; (e)
gray matter segmentation with bias ﬁeld correction and MRF without constraints.

Figure 3: 3D volume rendering of the gray matter segmentation of the data of ﬁgure 2 with bias ﬁeld
correction and MRF
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Figure 4: Top: simulated T1, T2 and PD-weighted MR images obtained from the BrainWeb simulator
that were used to validate the segmentation results. Bottom: known bias ﬁelds imposed on the T1, T2
and PD-weighted images. The amplitude of the bias ﬁelds is exaggerated for visualization purposes.
We ran the EM-algorithm with the order of the bias ﬁeld polynomial set to 0, that is no bias correction is
performed, on T1-, T2- and PD-weighted images separately and combined, for noise levels ranging from
1% up to 9%. A noise level of 3% is considered typical, whereas 9% represents extreme conditions. The
variation of the overlap metric for gray matter, white matter and total brain (both together) with the
noise level is depicted in ﬁgure 5. As a general trend, the segmentation can be seen to deteriorate with
increasing noise. Furthermore, the use of all three channels (T1, T2 and PD) together yielded in all cases
better segmentations compared to the situation where only one channel was available for the algorithm.
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Figure 5: Overlap metric between the automatic segmentation and the known ground-truth for simulated
MR images without bias ﬁeld as a function of noise level for gray matter (left), white matter (middle)
and total brain (right)
Surprisingly, however, the segmentation on single-channel data improves systematically when the noise
level decreases from 9% to 3% but then deteriorates again for noise level 1%. Furthermore, the total brain
volume is fairly accurately segmented in all cases, whereas the segmentation of gray and white matter
is generally much worse. We therefore examined the classiﬁcation maps more closely, and observed that
both observations are caused by the same eﬀect. Figure 6 depicts a representative slice of the T1 data
set with 1% noise, and the exact location of misclassiﬁed white matter voxels in that slice for 1% and 3%
noise. We concentrate on this data since the overlap metric drop from 3 to 1% was the most remarkable
for white matter segmented from T1 data in ﬁgure 5.
As can be seen from ﬁgure 6, a one-voxel-thick interface between white and gray matter is consistently
11

misclassiﬁed in the case of 1% noise. These voxels are partial volume (PV) voxels, i.e. they have an
intensity that lies somewhere in between the mean intensity of white and gray matter. In the absence
of noise, the intensity variance of pure tissue voxels around their class mean is only determined by the
simulated tissue characteristics. As is the case in real MR images, gray matter shows a larger variance
than white matter in the simulated data. This causes the PV voxels, that do in fact not belong to
neither white or gray matter but are really a mixture of both, to be classiﬁed to the class with the largest
variance. Hence, these voxels are all consistently classiﬁed as gray matter. When noise is introduced,
the diﬀerence in variance between white and gray matter decreases, which shifts their interface a little
bit. Figure 6 shows this eﬀect clearly: when the noise level is increased from 1% to 3%, the segmentation
error is reduced. Adding more noise again deteriorates the segmentation since then pure tissue voxels
start to be misclassiﬁed due to the noise.

Figure 6: Examination of misclassiﬁed voxels on the simulated data: T1 image (left), misclassiﬁed white
matter voxels for 1% noise (middle), misclassiﬁed white matter voxels for 3% noise (right). The groundtruth white matter is shown in gray; misclassiﬁed white matter voxels are overlayed in bright color
To validate the performance of the algorithm on images that are corrupted by severe bias ﬁelds, we
used simulated images with 40% ﬁeld inhomogeneity. Figure 7 depicts the segmentations when the order
of the bias ﬁeld polynomial was set to 0, i.e. when no bias ﬁeld correction was performed. The bias ﬁeld
clearly deteriorates the segmentations, especially when only one channel is available to the algorithm.
When, on the contrary, the order of the bias ﬁeld polynomial was set to 4, the segmentations are much
better. This is shown in ﬁgure 8: comparing these results with the ones of ﬁgure 5 hardly reveals any
diﬀerences, which shows that the algorithm corrects such MR ﬁeld inhomogeneities well.
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Figure 7: Overlap metric between the automatic segmentation without bias correction and the known
ground-truth for simulated MR images with bias ﬁelds of 40% as a function of noise level for gray matter
(left), white matter (middle) and total brain (right)

3.2

Hand-segmented data

We have validated the algorithm on real MR data as well, by comparing the automatic segmentations
with manual tracings by a human expert. We analyzed 9 datasets that were acquired on a Signa 1.5T
system, having 1.17 × 1.17 millimeter in-plane resolution and 124 1.2 millimeter thick slices acquired
in the sagittal plane. These images are of the brains of children around the age of 10–16 years and
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Figure 8: Overlap metric between the automatic segmentation with bias ﬁeld correction and the known
ground-truth for simulated MR images with bias ﬁelds of 40% as a function of noise level for gray matter
(left), white matter (middle) and total brain (right)
Total brain
(%)
95.5
95.7
96.0
96.0
95.2
95.5
95.4
95.4
94.7

Gray matter
axial (%)
88.0
81.7
84.9
85.2
77.3
81.4
88.6
84.4
80.8

Gray matter
coronal (%)
84.5
83.8
83.7
81.1
74.4
80.2
86.4
83.1
82.0

Table 1: Overlap metric between manual and automatic segmentation on 9 datasets of MR images of
children. The total brain segmentation on the whole volume was compared, as well as gray matter
segmentation of an axial and a coronal slice
were manually segmented by Robert T. Schultz, Child Study Center, Yale University, New Heaven, CT.
For all 124 slices, the whole brain outer surface was traced, although no attempt was made to carefully
delineate all sulci. For 2 slices out of each dataset, one axial and one coronal, the gray-white and gray-csf
boundaries were carefully traced, trying to precisely delineate the sulci.
We compared the manual tracings with the automatic segmentations by calculating the overlap metric
that was also used in section 3.1. Table 1 contains the result on each dataset for the total brain, and for
gray matter in the coronal and axial slice that was chosen for manual delineation.
By far most of the misclassiﬁcations on the total brain are caused by the more detailed segmentation
of the gray matter-csf interface by the automatic method compared to the manual tracing. As was the
case with the simulated data, the gray-white matter segmentation is clearly less accurate than the total
brain segmentation. Figure 9 depicts the exact location of misclassiﬁed gray matter voxels for the coronal
and axial manually traced slices of a representative dataset. It can be seen that the automatic algorithm
follows more accurately the gray matter-csf interface than the manual tracer. Some tissue surrounding the
brain is still misclassiﬁed as gray matter, although this error is already reduced compared to the situation
where no MRF prior is used. However, by far most misclassiﬁcations are due to the classiﬁcation of graywhite matter partial volume voxels to gray matter by the automated method. The human observer has
segmented white matter consistently as a thicker structure than the automatic algorithm.

4

Discussion

We have described and validated a fully automated model-based method for segmenting brain tissues from
MR images. The algorithm interleaves voxel classiﬁcation, intensity distribution parameter estimation,
MR bias ﬁeld correction and MRF parameter estimation until convergence is detected.
Due to the fact that the in-plane resolution is generally diﬀerent than the slice thickness in MR
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(a)

(b)

(c)

(d)

(e)

Figure 9: Examination of voxels that are diﬀerently classiﬁed by the human tracer than by the automated
method on a representative dataset. From left to right: axial and coronal slice that was carefully manually
segmented (a), corresponding manual segmentation of gray matter (b), automatic segmentation of gray
matter without MRF prior (c), automatic segmentation of gray matter with MRF (d), diﬀerence between
manual and automatic segmentation with MRF shown in bright color (e). The overlap metric is 84.4 %
for the axial and 83.1 % for the coronal slice
images, we have modeled in-plane class transition probabilities with diﬀerent parameters G than betweenslice class transition probabilities parameterized by H. The in-plane resolution is typically about 1 ×
1 millimeter; the slice thickness, however, can largely vary. We therefore re-estimate G and H for
every image separately. It should be noted, however, that inclusion of the MRF parameter estimation
step roughly doubles computation time compared to the situation where the MRF parameters are not
calculated. H could therefore be set to zero and G could be precalculated just once on a normal brain
dataset; those parameters could then be used for the segmentation of all following datasets, which would
reduce calculation time. However, this approach does not make use of the full 3D nature of the MR
images and can therefore be expected to yield less powerful discrimination between brain and non-brain
tissues. On the contrary, if a large amount of images with equal voxel sizes have to be segmented, both
G and H can be precalculated on one image and applied to all other images of the dataset. Although we
have not validated this approach, we expect this to speed up the process without loss of accuracy.
A problem that showed up during the validation for both simulated and real MR data, was the partial
volume (PV) eﬀect. Whereas the model we used assumes that each voxel in the image belongs to only
one single class, voxels that lie on the border between diﬀerent tissue types violate this assumption. In
reality, these voxels are really a mixture of tissues and every segmentation method that tries to assign
them exclusively to one class is condemned to fail. The problem is especially important in images of the
brain since the interface between gray and white matter is highly complex, which results in a high volume
of PV voxels compared to the volume of pure tissue voxels. Misclassiﬁcation of this thin interface gives
therefore immediate rise to considerable segmentation errors.
Ideally, the model should be adjusted so as to model a mixture of tissue types in each voxel rather
than a single tissue type only. In the literature, a number of attempts have been made in this direction.
Choi et al. [23] introduced the concept of so-called mixels, but they had to introduce heuristics in order
to arrive at a workable solution. More recently, Laidlaw et al. [24] have applied the intensity distribution
of partial volume mixtures of two tissues derived by Santago and Gage [25] to the segmentation problem.
However, the time ﬁgures they sketch are far too high for the method to be practically useful. Further
research is therefore needed in this direction.
Often one is not only interested in segmentations of the total white and gray matter, but also in
anatomical substructures of the brain. Examples include the separation of left and right hemisphere in
the study of brain asymmetry associated with schizophrenia. While the segmentation of such anatomically
deﬁned structures are typically performed by matching a labeled atlas to the study image using a non14

rigid registration technique, such methods have diﬃculty in segmenting such highly variable structures
as the white-gray matter interface. We are currently investigating the use of Thirion’s demons [26]
technique to subdivide the segmentation maps generated by the EM algorithm described above into
anatomical substructures. Such a non-rigid registration method can also be used to generate a new atlas
by averaging the segmentations of a number of normal subjects after non-rigid matching. Compared
to the atlas that we use at this moment, that was generated by averaging segmentations after aﬃne
normalization, the new a priori maps for gray matter, white matter and csf would be much sharper. We
expect this to lead to a better ﬁtted brain mask and, as a result, to improved segmentations.
We are currently adapting the algorithm so that it can be applied to fully automated segmentation
of Multiple Sclerosis (MS) lesions in the brain, with promising results. We are in the process of applying
this technique to a large number of scans for analyzing the time evolution of MS lesions during drug
treatment.

5

Conclusions

We have presented a fully-automated model-based method for tissue classiﬁcation of MR images of
the brain. The algorithm interleaves classiﬁcation with MR bias ﬁeld correction, intensity distribution
estimation and estimation of Markov Random Field parameters. We use a digital brain atlas containing
information about the expected a priori location of tissue types to initialize the algorithm. This yields a
fully-automated method for tissue classiﬁcation that produces objective and reproducible results.
The use of Markov Random Fields helps in discriminating between brain and non-brain tissues.
Validation on simulated and real MR images revealed the beneﬁt of multi-channel MR data over singlechannel data, and the necessity to correct for MR bias ﬁelds. The partial volume eﬀect needs further
investigation.
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Appendix A
We here derive the EM-algorithm for the independent model of section 2.1. The log-likelihood for the
complete data q = (y, z) can be written as
log f (q | Φy )

= log f (y, z | Φy )
= log f (y | z, Φy ) + log f (z)
n
n


=
log f (yi | zi , Φy ) +
log f (zi )
i=1

i=1

Since zi is a vector with all zero components except for a single component that is unity, we have
log f (yi | zi , Φy ) = zit U (yi | Φy )
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and

log f (zi ) = zit V

where U (yi | Φy ) is a vector that has as kth component log f (yi | zi = ek , Φy ) and similar V has a kth
component log f (zi = ek ). Therefore, we have
Q(Φy | Φ(m)
y ) =
=

E[log f (q | Φy ) | y, Φ(m)
y ]
n

E[zit | y, Φ(m)
y ]U (yi | Φy ) +
i=1
n


E[zit | y, Φ(m)
y ]V

i=1
(m+1)

(m)

≡ E[zi | yi , Φy ] as the estimation of the hidden data zi in voxel i based on its intensity
Deﬁne pi
(m)
yi and the current parameter estimate Φy . It can then be seen that
(m+1)

[pi

(m)

]k = f (zi = ek | yi , Φi

)
(m)

which results in equation 1 after application of Bayes’ rule. Explicit maximization of Q(Φy | Φy ) to Φy
yields

J
n
(m+1) 
(m+1)
yi − j=1 cj
φj (xi )
(m+1)
i=1 pik
µk
=
(9)
n
(m+1)
i=1 pik
2
J
n
(m+1) 
(m+1)
(m+1)
yi − µk
− j=1 cj
φj (xi )
i=1 pik
(m+1) 2
) =
(10)
(σk
n
(m+1)
i=1 pik
(m+1)

(m+1)

(m+1)

and σk
, and equation 4 for the bias ﬁeld parameters cj
for the distribution parameters µk
[4, 5]. Notice that the equations 9 and 10 and equation 4 are coupled. We therefore use the estimation
(m)
cj of the previous iteration instead in equation 9 and 10, which explains equation 2 and equation 3.
(m)

(m)

Alternatively, µk and σk could also be used instead in equation 4. The result is a so-called generalized
(m+1)
(m)
(m)
(m)
EM algorithm, i.e. the M-step only ensures that Q(Φy
| Φy ) > Q(Φy | Φy ).

Appendix B
We here derive the equations for the parameters Φy when the MRF is added. There are now two parameter
sets Φy and Φz . Denoting Φ = {Φy , Φz }, the log-likelihood for the complete data q = (y, z) now becomes
log f (q | Φ) =

n


log f (yi | zi , Φy ) − Umrf (z | Φz ) − log Z(Φz )

i=1

and hence
Q(Φ | Φ(m) ) =

n


E[zit | y, Φ(m) ]U (yi | Φy )

i=1

−E[Umrf (z | Φz ) + log Z(Φz ) | y, Φ(m) ]
The parameters Φy can now be calculated in the same way as with the independent model. However,
(m+1)
= E[zi | y, Φ(m) ] can no longer been calculated with equation 1 since the zi are not independent
pi
and, as a result, it is diﬃcult to obtain the exact solution. By deﬁnition,

zi f (z | y, Φ(m) )
E[zi | y, Φ(m) ] =
z


=

z

(m)

(m)

zi f (y | z, Φy )f (z | Φz
f (y | Φ(m) )
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)

However, due to the interaction between the zi ’s, the above would involve calculation of all the possible
(m+1)
is not computationally feasible, and an
realizations of the MRF. Therefore, exact calculation of pi
approximate technique must be used.
We here adopt an approximation that was proposed by Zhang et al. [9] [10], based on the mean field
(m+1)
theory from statistical mechanics. This mean ﬁeld approach suggests an approximation to pi
based
(m+1)
on the assumption that the inﬂuence of zj , j = i in the calculation of pi
can be approximated by
(m)
the inﬂuence of pj from the previous iteration. This explains equation 5. Once p(m+1) is known, the
(m+1)

can be derived in exactly the same way as with the independent
equations for the parameters Φy
model, and therefore, equations 2, 3 and 4 remain valid.

Appendix C
We show how equation 7 can be obtained. Using θ and vzi ,gi ,hi as deﬁned in section 2.2, the following
holds:
Umrf (zi | zNi , Φz ) =
=

zit Ggi + zit Hhi
vzt i ,gi ,hi θ

(11)

The conditional likelihood f (zi | zNi , Φz ) is related to the potential Umrf (zi | zNi , Φz ) by
e−Umrf (zi |zNi ,Φz )
f (zi | zNi , Φz ) =  −U (z |z ,Φ )
z
mrf
i Ni
z e
i

Furthermore,
f (zi | zNi , Φz ) = f (zi | gi , hi , Φz ) =
so that
e−Umrf (zi |zNi ,Φz )
=
f (zi , gi , hi | Φz )



f (zi , gi , hi | Φz )
f (gi , hi , | Φz )


zi

e−Umrf (zi |zNi ,Φz )
f (gi , hi | Φz )

Since the RHS of the above is independent of the value of zi , so is the LHS and therefore


e−Umrf (zi |zNi ,Φz )
e−Umrf (zi |zNi ,Φz )
=
f (zi , gi , hi | Φz )
f (zi , gi , hi | Φz )
for any two distinct values zi and zi . Rearranging the above and using equation 11, we obtain equation 7.
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