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Introduction
Applications that use the structural contents of
MRI are facilitated by segmenting the imaged
volume into different tissue types. Such tis-
sue segmentation is often achieved by apply-
ing statistical classification methods to the signal
intensities [Gerig el ai., 1989] [Cline et al., 1990]
[Vannier et al., 1985] , sometimes in conjunction
with morphological image processing operations.

Intensity-based classification of MR images has
proven problematic, however, even when advanced
techniques such as non-parametric multi-channel
methods are used, primarily due to spatial inten-
sity inhomogeneities that are due to the equip-
ment. When differentiating between white matter
and gray matter in the brain, the spatial intensity
inhomogeneities are often of sufficient magnitude
to cause the distributions of intensities associated
with these two tissue classes to overlap, thereby de-
feating intensity-based classification.

This paper describes a statistical method that
uses knowledge of tissue properties and intensity in-
homogeneities to correct in-vivo MR images. The
result is a method that allows for more accurate
segmentation of tissue types as well as better visu-
alization of MRI data.

Description of Method
The MRI intensity artifact addressed in this paper
is modeled by a spatially-varying factor (referred
to as the gadn t~eld) that multiplies the intensity
data. Application of a logarithmic transformation
to the data allows the artifact to be modeled as an
additive bias field.

If either the gain or the tissue type is known at
an image location, then it is relatively easy to use
models of the imaging process to infer the other pa-
rameter at that location, given the measured signal.
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It is problematic, however, to determine either the
gain or the tissue type without knowledge of the
other. The strategy used by our method is to cy-
cle between estimating the tissue type and the gain
throughout the image.

Bias Field Estimator
In this section we outline a Bayesian approach to
estimating the bias field that represents the gain
artifact in log-transformed intensity data. Similar
to other approaches to intensity-based segmenta-
tion of MRI [Gerig et al., 1989] [Cline et al., 1990]
, the distribution for observed values is modeled
as a normal distribution. A stationary prior (be-
fore the image data is seen) probability distribu-
tion on tissue class is used. If this probability is
uniform over tissue classes, our method devolves
to a maximum-likelihood approach to the tissue
classification component. A spatially-varying prior
probability density on brain tissue class is described
in [Kamber et ai., 1992]. Such a model could prof-
itably be used within our framework.

The entire bias field is modeled by a zero mean
Gaussian prior probability density. This model is
used to characterize the spatial smoothness inher-
ent in the bias field.

EM Algorithm
We use the Expectation-Maximization (EM) algo-
rithm to obtain bias field estimates from the non-
linear estimator that results from the modeling out-
lined in previous section. The EM algorithm was
originally described in its general form by A.P.
Dempster, N.M. Laird and D.B. Rubin in 1977
[Dempster et al., 1977]. It is often used in estima-
tion problems where some of the data is "missing."
In this application, the missing data is knowledge
of the tissue classes. (If theywere known, then es-
timating the bias field would be straightforward.)

In this application, the EM algorithm iteratively
alternates between two steps. The first is calculat-
ing the posterior tissue class probabilities (a good
indicator of tissue class) or weights, under the as-
sumption that the current bias field estimate is
valid. The second step is to compute a MAP es-
timate of the bias field under the assumption that
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the current tissue class probability estimates are
valid.

The iteration may be started on either step. Ini-
tial values for the bias filed will be needed to start
on the first step, while initial values for the weights
will be needed to start with the second step.

It is shown in [Dempster et al., 1977] that in
many cases the EM algorithm enjoys pleasant con-
vergence properties - namely that iterations will
never worsen the value of the objective function.

Filtering To use the method, we must determine
the linear operator H that represents from the E
step of the algorithm. Ideally, this would be done
by estimating the covariance matrix of the bias
field, but given the size of the matrix, this is im-
practical. H may be estimated by several other
means.

In practice, it may be difficult to obtain the op-
timal linear filter. H may be instead chosen as a
good engineering approximation of the optimal lin-
ear filter. This is the approach we have taken in our
implementation, where the filter was selected em-
pirically. The justification here is the good results
obtained with the method.

Implementation
The results described below were obtained using
an implementation of the method coded in the C
programming language. This single-channel imple-
mentation accommodates two tissue classes, and
uses an input region of interest (ROI) to limit
the part of the image to be classified and gain-
corrected.

Operating parameters were selected manually.
These were found to be stable with respect to the
type of acquisition. The method is relatively in-
sensitive to parameter settings - for example, er-
rors in the specifications of the class means can be
accommodated by shifts in the resulting bias field
estimate.

In a typical case, the program was run until the
estimates stabilized, typically in 10 - 20 iterations,
requiring approximately 1 second per iteration on
a Sun Microsystems Sparcstation 2.

Results
All of the MR images shown in this section were
obtained using a General Electric Sigua 1.5 Tesla
clinical MR imager. An anisotropic diffusion filter
developed by Gerig et al. [Gerig et al., 1992] was
used as a pre-processing step to reduce noise.

Improved White Matter Surface
This section describes use of the method in the seg-
mentation of white matter / gray matter in a coro-
nal gradeint-echo data set. The brain ROI was gen-
erated semiautomatically as in [Cline et al., 1990].
Figure 1 shows the sub-cortical white matter sur-
face, as determined by the EM segmenter. Figure 2
shows the same surface as determined by a conven-
tional intensity-based segmenter. Note in the latter

that the temporal white matter structures are ab-
sent, and the generally ragged appearance.

Surface Coil Brain Example

Here we show the results of using the method on
a sagittal surface coil brain image, as are used in
functional imaging. The five-inch receive-only sur-
face coil was positioned at the back of the head.
Figure 3 shows the intensity image, after having
been windowed by a radiologist for viewing in tile
occipital area. Figure 4 shows the final gray matter
probability. The brain ROI was generated manu-
ally. Figure 5 shows a corrected intensity image.
Here the gain field estimate has been applied as
a correction, in the brain tissue only. Note the
dramatic improvement in "viewability" - the entire
brain area is now visible, although the noise level is
higher in the tissue farthest from the surface coil.

Discussion
Our algorithm iterates two components to conver-
gence: estimation of tissue class probability, and
gain field estimation. Our contribution has been
combine them in an iterative scheme that yields
a powerful new method for estimating both tissue
class and gain.

The classification component of our method is
similar to the method reported in
[Gerig el al., 1989] and [Cline et al., 1990]. They
used Maximum-Likelihood classification of voxels
using normal models with two-channel MR inten-
sity signals. They also described a semi-automatic
way of isolating the brain using connectivity.

The bias field estimation component of our
method is somewhat similar to homo-morphic fil-
tering (HMF) approaches that have been reported.
Lufkin et al. [Lufkin et al., 1986] and Axel et al.
[Axel et al., 1987] describe approaches for control-
ling the dynamic range of surface-coil MR im-
ages. A low-pass-filtered version of the image
is taken as an estimate of the gain field, and
used to correct the image. Lim and Pfferbaum
[Lira and Pfferbaum, 1989] use a similar approach
to filtering that handles the boundary in a novel
way, and apply intensity-based segmentation to the
result.

When started on the "M Step", and run for one
cycle, our method is equivalent to HMF followed
by intensity-based segmentation. We have discov-
ered, however, that more than one cycle are typi-
cally needed to converge to good results - indicat-
ing that our method is more powerful than HMF
followed by intensity-based segmentation. The es-
sential difference is that our method Uses knowledge
of the tissue type to help infer the gain. Because of
this it is able to make better estimates of the gain.
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Figure 1: White Matter Surface Determined by EM Segmenter

Figure 2: White Matter Surface Determined by Conventional Intensity-Based Segmentation
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Figure 5: Corrected Image

Figure 3: Input Image

Figure 4: Final Gray Matter Probability
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