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Abstract
To characterize the complex morphological variations that occur naturally in
human neuroanatomy so that their confounding e ect can be minimized in the
identi cation of brain structures in medical images, a computational framework has
evolved in which individual anatomies are modeled as warped versions of a canonical representation of the anatomy, known as an atlas. To realize this framework,
the method of elastic matching was invented for determining the spatial mapping
between a three-dimensional image pair in which one image volume is modeled as
an elastic continuum that is deformed to match the appearance of the second volume. In this paper, we review the seminal ideas underlying the elastic matching
technique, consider the practical implications of an integral formulation of the approach, and explore a more general Bayesian interpretation of the method in order
to address issues that are less naturally resolved within a continuum mechanical
setting, such as the examination of a solution's reliability or the incorporation of
empirical information that may be available about the spatial mappings into the
analysis.

1 Introduction
Relying on the knowledge that di erent instances of the same anatomy share a
common topological scheme, Bajcsy and Broit proposed that the various problems of localizing, measuring, or visualizing anatomic structures in a computed
tomographic study could be reduced to the single problem of determining the
spatial mapping between the anatomy depicted in the study and a reference,
or atlas, image of the same anatomy [1,2]. Using this mapping, information
encoded in the atlas|such as anatomic labels and structural boundaries|is
transferred to the image study. The transformed atlas labels automatically
localize their corresponding structures in the tomographic images, as demonstrated in gure 1. Visualization is achieved by deforming, according to the
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Fig. 1. Atlas-based approach to anatomic localization.

mapping, the structural boundaries contained in the atlas and then displaying
the result. Quantitative measurements of any structure in the tomographic
study can be inferred from the morphometric information associated with its
warped atlas version.
To realize this method of analyzing tomographic images, Broit invented a general registration technique in which one image volume is modeled as an elastic
continuum that is deformed to match the appearance of the second volume.
In this paper, we review the seminal ideas underlying Broit's elastic matching
method and then discuss their generalization within a probabilistic framework.
We introduce the probabilistic approach by rst studying the integral formulation of elastic matching. The integral form reveals important possibilities,
including the use of powerful numerical solution methods and the existence of
a Bayesian decision-theoretic interpretation of the registration problem.
The Bayesian paradigm associates with each model component of the problem
a probability distribution for the model parameters, which quanti es the reliability of their values, and propagates this information to bear on subsequent
analyses. As a result, the approach can potentially resolve a number of issues that are less naturally addressed within a continuum mechanical setting.
These issues include, for example, the exploration of a solution's reliability
or the incorporation of empirical information that may be available about
the spatial transformations into an analysis. For computational anatomy [3{
9], these aspects of the probabilistic approach will gure importantly in the
development of a comprehensive methodology.
2

2 Elastic Matching
In conceiving the elastic matching, Broit sought a method that would optimally balance the similarity induced between the registered image pair with
the amount of deformation, to the transformed image, required to achieve the
result. Speci cally, the solutions were made to optimize the objective function
cost = deformation ? similarity:

(1)

Broit noted that erroneous correspondences could be established between two
images when there was noise in the images or when certain portions of an image
lacked the necessary features to distinguish them from neighboring regions. To
help compensate for these errors, the mappings were presumed to be smooth,
which explains the role of the deformation penalty in the problem formulation.
Broit drew an analogy between the elastic matching of two images and the
physical process of applying forces to an elastic version of the object depicted
in one of the images so that its deformed con guration resembles the target
object in the second image. The appropriate forces are derived from a potential
function|the similarity term in (1)|that provides at each point of the object
under deformation a measure of the similarity between that point and any of
the points in the target object. The rst object is deformed in this way until an
equilibrium con guration is reached or, equivalently, until the total potential
energy of the system is at a local minimum [10].
Note that if the elastic strain energy is used as the measure of deformation in
(1), the cost would be identical to the forementioned total potential energy.
Therefore, the elastostatic con gurations, which locally minimize this cost,
represent solutions to the corresponding elastic matching problem.
2.1 Integral Formulation

Let  and " denote the stress and strain tensors, respectively [10]. Their elastic constitutive relation is given by the generalized Hooke's law: in indicial
notation,
ij = Cijkl "kl ;

(2)

where the elastic coecients Cijkl(x) reduce to the two constants known as the
Lame parameters for homogeneous isotropic materials. Suppose further that u
describes a kinematically admissible displacement eld for the given problem,
b represents the body forces, and t the surface tractions. The solution u to
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the elastostatics problem has minimum potential energy (u), where
Z
Z
Z
1
 (u) =
2 V  : " dV ? b  u dV ? t  u dS:
V

(3)

S

The rst term measures the internal strain energy induced in the body volume
V ; the latter two terms represent the external work performed by the body
and surface loads, where the tractions are distributed over surface area S .
Note that the strain energy compares with the rst-order quadratic stabilizers used in standard regularization [11{13]. Moreover, the elastic constants
are related to the regularization parameter: by varying their values, we can
modulate the sti ness of the body and thus the degree of smoothness in the deformations. It is evident that a range of regularizing behaviors may be e ected
by varying the particular idealized continuum on which the image volumes are
modeled [14,15].
In elastic matching, the external forces are speci ed as the gradient of a similarity potential that is highly nonlinear in u. Iterative methods must therefore
be used to solve for the equilibrium con guration. The basic strategy is to
replace the nonlinear similarity term by a linearized approximation and nd
the minimum u? of the resultant quadratic expression for the total potential
energy, as exempli ed by (3). A new approximation valid near u? is next developed, and the process is repeated until a stable estimate is reached. By
formulating the statics problem using variational principles, the optimization
at each iteration can be eciently performed with the nite element method.
1

2.2 Finite Element Analysis

To solve for u in (3), only displacements of the form uh(x) = i i(x) are considered from the set of kinematically admissible displacement elds. The use
of a nite number n of trial functions i to discretize the variational problem
characterizes the Rayleigh-Ritz method [16]. The next step is to substitute
uh into (3). The new potential expression is a function only of i and its
minimization,
@
= 0; i = 1; : : : ; n;
@ i

yields a system of n equations for the n unknowns. Instead of solving the
eld equations at a nite set of points, the Rayleigh-Ritz method returns a
continuous solution based on a nite set of functions.
In practice, we use|as Broit did|a quadratic approximation to the nonlinear
similarity potential, for which the total potential energy remains quadratic.
1
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In the nite element method [17], the i are de ned piecewise according to
subdivisions of the problem domain (called nite elements): in addition, they
assume simple forms, such as low-degree polynomials, over any element; must
be suciently smooth to ensure the relevant integrands are computable; and
are designed to satisfy the relation uh(xi) = i . The unknowns i are thus
associated with discrete nodal points xi, at which the elements are connected.
A primary feature of the nite element basis functions is that the unknowns
at points within any element are interpolated using only the nodal values of
that element:
u = Nue ;

(4)

where ue is the set of nodal displacements of the element and the entries of N
correspond to component parts of those basis functions with non-zero extent
over the element. We can therefore write " = Bue within a given element,
where B is composed of derivatives of Ni . The expression (2) for the stress
tensor becomes, in matrix form,  = D" = DBue, over element e; D is the
matrix of elastic coecients. The total potential energy can be rewritten in
terms of its elemental contributions and its minimization then calculated on
an element-by-element basis:
=
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(5)

where the sti ness and load characteristics of the continuous element have
been \lumped" at the nodal points through K e and f e, respectively. Note
that the nodal loads in f e are unlike the pointwise forces used in nite difference methods [16]. The decomposition into nite elements is motivated in
part by the eciency with which the element sti ness and load terms can be
constructed and evaluated in practice. To solve for the nodal displacements,
the expressions in (5) are assembled into a large sparse system of equations.
Additional information about the nite element implementation can be found
in [18].
For images with sparse features, like those of anatomy, the nite element
method allows parsimonious representations of the spatial mappings to be developed, which in turn can substantially simplify the matching calculation [19].
5

3 Bayesian Generalization
Broit's elastic matching method innovated the physics-based approach to
shape modeling that is now widely applied in image analysis [20,21]. Its appeal and success derive from the available theory and numerical techniques
for the continuum mechanics. On the other hand, the analysis in terms of
mechanical systems is not the most general. In this section, we reformulate
the image matching problem within a decision-theoretic framework based on
Bayesian modeling and demonstrate some of its important features, including
the computation of reliability and interval estimates and the incorporation of
empirical information about the spatial mappings into the analysis.
Our formulation follows the general framework for Bayesian image analysis
laid out in [22{25], and shares some elements of Grenander's pattern theory,
which pioneered the probabilistic interpretation of exible templates such as
Broit's deformable atlas [26{28]. To illustrate the basic ideas, we begin with
a general de nition of the image matching problem: nd x and f such that
Is (X ) = f (It (x(X ));

(6)

where the spatial transformation x speci es for each point X in Is its corresponding point x(X ) in It , and f models the compound e ect of processes
which modify the values of the original intensity signal [29].
In our application, mappings are sought between images that arise from distinct but topologically similar sources, so (6) does not strictly apply|the
success of atlas matching therefore depends both on the degree to which two
anatomies actually bear topological resemblance and on the level of localization accuracy required by the analysis. Nevertheless, it is possible to identify
in the images corresponding features whose registration will yield the desired
mappings. By de nition, each particular form of correspondence has associated with it a metric for quantifying the degree of similarity between two
feature instances [29].
As an example, the following is a simple instance of (6) that is commonly assumed for magnetic resonance imaging (MRI) scans, after the original images
have been suitably preprocessed:
Is (X ) = It (x(X )) + N (;  2 );

(7)

where the noise process is additive and ruled by the same known Gaussian
distribution at each pixel. In classical maximum likelihood (ML) estimation,
6

(7) leads to the following likelihood function:

 1 X
p(Is ; It ; u) / exp ?
2 (It(X ) ? Is(x(X )) ? ) ;
where the summation is performed over the image domain; Is and It are realizations of the random elds modeling the image pair; and the displacement
eld, u(X ) = x(X ) ? X , between them is treated as the unknown vector
parameter of the distribution. For the imaging situation speci ed by (7), the
(exponent of the) likelihood function above de nes the pertinent criteria for
rating the similarity induced between the observed images by any value of
u. In particular, the mapping u which maximizes p(Is ; It ; u) is the the ML
estimate.
2

2

2

Since the estimate e ectively represents a measurement of the true disparity
between the image pair [25], an error may be associated with each disparity
estimate by examining the shape of the likelihood function [30]. The quadratic
approximations to the similarity potential in section 2.1 amount to replacing
the corresponding likelihood function with a Gaussian model at each iterative
step.
3.1 Prior Information

For atlas matching, the estimated mapping between the images should not
only have large probability as measured by the likelihood but must at some
level be homeomorphic so that topological information about one image, the
atlas, is preserved when transferred to interpret the other. These requirements,
however, insuciently constrain the problem because the image features on
which matching is based are usually sparse, as, for instance, in anatomic scans
where the strongest features lie primarily along the tissue interfaces. In section 2.1, we saw that by viewing the images as physical continua in the elastic
matching, the associated strain energy or deformation measure essentially favors smooth mappings and so acts to regularize the matching problem.
The use of such prior information is a fundamental element of Bayesian
methodology, and is introduced into the analysis by modeling the unknowns as
random variables|the particular displacement eld that we are after is considered to be a realization of the random eld u. The prior knowledge is then
expressed as a probability distribution on the space of admissible displacement
elds.
For example, the presumption in elastic matching that the displacements
should satisfy the governing equations of a linear elastic body can be encoded
2

The observations at the pixels are assumed independent.
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through a Gibbs distribution by making the potential proportional to the internal strain energy of the system [22,26]. For atlas matching, in addition to
adopting such general assumptions about the spatial mappings, the analysis
can be performed using actual statistics of the anatomic variation observed in
a population.
To illustrate, assume the displacement elds u i ; i = 1; : : : ; k, mapping an
atlas into anatomic alignment with a group of k subjects are available. The
variance of the displacement mappings,
( )

var(k) = 1=k[u : : : u k ][[u ] : : : [u k ] ] ? u k [u k ] ;
(1)

( )

(1) T

( ) T T

( )

( ) T

computed in the Cartesian space will generally be singular because the number of observations in most practical situations will be far smaller than the
dimensionality of the displacement elds; the latter have to be very high in
dimension in order to model the complex morphological variations that occur
naturally in human anatomy.
In order to derive from the observed variance an information matrix on which
our prior model can be based, the statistics must therefore be represented in
a subspace of the original Cartesian space. In particular, the subspace should
grow in dimension as additional observations are introduced, and its basis must
permit recursive updating. To satisfy these requirements, an orthonormal basis
spanning only the space of the observed displacements can be constructed
using the Gram-Schmidt process as follows:
Initial observation u :
{ u = w v ; where v = kuu k ; w = < u ; v > = ku k;
After k ? 1 observations, the orthonormal basis consists of fv ; : : : ; vr g:
{ The new observation u k is projected on the basis fv ; : : : ; vr g:
w k = [w k : : : wrk ] = [v : : : v r ] u k ;
{ If the orthogonal component, u?k = u k - u k , is the null vector
or is negligibly small, the basis is unchanged;
{ Otherwise, the basis is augmented with the vector vr = u?k =ku?k k:
u k = [v : : : v r ][w k wrk ] ; where wrk = ku?k k:
(1)

(1)

(1)
1

(1)

1

1

(1)
1

(1)

(1)

1

( )

( )
proj

( )
1

( ) T

1

1

T

T T

( )

( )

1

+1

( )
proj

(1)

1

( )

( )

( ) T
+1

( )
proj

( )
+1

+1
( )

( )

( )

The initial basis vector v is just the normalized version of the rst observation
and, like the remaining members of the basis, takes the form of a displacement
eld. As the displacements are processed, their mean and variance are simultaneously computed in the new basis representation, following the standard
recursive scheme.
1

Our motivation for developing the new basis of reduced dimension was to
circumvent the semide nite nature of the variance matrix that results when
the original Cartesian space is used. Under the new basis, it is possible that
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varVk remains positive semide nite, but the singularity will be limited to only
a single null eigenvalue. Consider the eigendecomposition:
( )

varVk = G k  k G k ? ;
( )

( )

( )

( )

1

where G k = [g k : : : grk ] are the eigenvectors of varVk expressed in the
orthonormal basis V = fv ; : : : ; vr g, and  k denotes the diagonal matrix
of eigenvalues. If there exists an null eigenvalue in  k , it is removed; the
corresponding eigenvector is similarly deleted from G k . In Cartesian space,
fg k : : : grk g forms a new orthonormal basis of the subspace spanning the
observed displacements:
( )
1

( )

( )

( )

( )

1

( )

( )

( )
1

( )

[e k : : : erk ] = [v : : : vr ][g k : : : grk ];
( )
1

( )

( )
1

1

( )

and its subset fe k : : : erk? g spans the space of the displacement variance:
( )
1

( )
1

varEk = [e k : : : erk? ] k [e k : : : erk? ] :
( )

( )
1

( )
1

( )

( )T
1

( ) T T
1

The mean w k , expressed in the basis fg k : : : grk g, becomes
( )
1

( )

( )

z(k) = [g (1k) : : : g (rk) T ]T w(k) ;
T

from which its value in the Cartesian space can be derived as follows:
u(k) = [e(1k) : : : e(rk) ]z (k) :

The mean z and variance  specify a Gaussian model for the observed displacements, with respect to the assumed atlas:
(r?1
)
X 1
2
p(z ) / exp ?
(zi ? zi)
i=1 2i

1
T ?1
/ exp ?    ;

(8)
2
where  = z ? z, and u = u + [e : : : er? ]. This knowledge about anatomic
variation, learned from a sample population, can be used to design a new
matching procedure, where the search space is centered at the mean u of
the previous observations and spans the principal modes fe ; : : : ; er? g of the
variance in those observations [31].
1

1

1

1

3.2 Likelihood Model

The Bayesian view of u as a random eld alters the observation model accordingly: the likelihood is now formulated as the conditional probability p(Is; It ju)
9

of observing the images given any particular value of the displacement mapping between them.
3.3 Posterior Analysis

Our prior beliefs p(u) about the displacement mapping are revised when observations are available. From Bayes's law, the conditional density
p(u j Is; It ) / p(Is ; It j u) p(u)

describes the posterior distribution for u. Bayesian analysis proceeds from the
posterior model and thus utilizes all the information that is available about
the displacement eld.
To perform matching, point estimates of u are inferred by minimizing an
expected loss with respect to the posterior distribution [32]. The solutions
obtained with Broit's elastic matching are, for instance, estimates of the mode
for a particular posterior model and hence correspond to optimal actions under
a zero-one loss function. To see this, compare (1) and (3) to the following logposterior function:
 (u) = ? log(p(u j Is; It ))
/ ? Zlog(p(u)) ? log(
p(Is ; It j u))
Z
= 1  : " dV ? similarity(Is(x); It(x + u)) dV ;

2V

V

where the likelihood and prior models are given by the Gibbs distributions
with potential proportional to the similarity norm and internal strain energy,
respectively.
Another commonly cited point summary is the posterior mean, which optimizes the quadratic loss. To estimate its value, we sample from a series of
normal approximations to the posterior distribution [33]. The speci cation of
the loss function is a formal aspect of Bayesian decision theory and requires
consideration of the cost incurred for making a particular decision given some
value of the unknown parameters. Some of the practical implications of computing Bayes actions for the zero-one and quadratic loss functions in brain
image matching are explored in [33].
In Bayesian analysis, a solution can be further characterized by its reliability
so as to reveal the in uence of the prior on the solution as well as the uncertainty in the observations [25]. The calculation of the second order statistics
is made tractable in our implementation by considering only the covariance
10

between the components of the displacement vector at each point. The algorithm replaces the log-posterior function by a quadratic approximation valid
near the given solution, and then computes the statistics of the corresponding
Gaussian by Gibbs sampling [34].
The existence of the variance information admits another possibility: a condence region or Bayesian credible interval may be developed about a point
estimate. The result is an interval of possible displacement values for each
point. In atlas-based localization, each structure can therefore assume a range
of plausible shapes. An example is shown in gure 2, where we have additionally visualized the displacement variance on which the credible interval is
based. Note that the underlying tissue interfaces are apparent in the variance
plot, re ecting the fact that the uncertainty is reduced at the interfaces but
is relatively large within those portions of the image that lack informative
features. The same e ect is evident in the narrowing of the interval estimate
along the edges of the subcortical structures that line the ventricles.

4 Applications
From the outset our interest in image matching has been in its use to localize
anatomy in cerebral scans of a subject by aligning an atlas with the subject's
brain volume. In this section, we demonstrate how this approach enables an
automated method for performing morphometry, and facilitates the analysis
of functional activation studies made from groups of di erent individuals.
4.1 Atlas-based Morphometry

In addition to identifying a structure's location within the subject anatomy,
the individualized atlas, as exempli ed in gure 3, also yields direct knowledge
about its size and shape. This information, when collected from a subject
group, can be related to the anatomic variability among the individuals in
that group.
Consider the images shown in gure 4 of the corpus callosum, that were extracted from midsagittal MRI sections of 8 male subjects. The corpus callosum
is the band of bers interconnecting cortical regions in one cerebral hemisphere
with similarly placed regions in the opposite hemisphere. To account for differences in head placement within the scanner, each subject image was rigidly
displaced so that three manually identi ed points in the image were brought
into correspondence with their homologous counterparts in the atlas by leastsquares optimization. Maximum a posteriori estimates of the spatial mappings
11
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Fig. 2. Reliability and interval estimates for a maximum a posteriori (MAP) solution. Top row: Source image was matched to the target by MAP estimation;
expert-de ned contours of several subcortical structures for the source image were
then superimposed on the target image using the estimated mapping. Middle row:
90% con dence regions (right) about the MAP localization (left). Bottom row: Reliability plots, where the intensity value at a point corresponds to the maximum
(left) or minimum (right) eigenvalue of the variance in the estimated location for
the point.

12

Atlas

Subject

Atlas-based Localization

Expert Interpretation

Fig. 3. MRI-based atlas localization of neuroanatomy. Anatomic labels, shown in
green, encoded in the atlas (top left) are mapped to a subject's MRI study (top
right), using the transformation obtained by deforming the underlying MRI volume
of the atlas to match the appearance of the subject's MRI. The resultant anatomic
localization (bottom left), superimposed in green over the subject, is compared with
13 (bottom right).
an expert's interpretation, shown in yellow

from the atlas to the subject group were then computed, where the normalized cross-correlation between small neighborhoods centered about two given
points was used to measure the similarity between them and the prior model
was given by the Gibbs distribution with energy proportional to:
3

Z X
2
V i=1

kuik dV :
2

Figure 5 depicts the result for one of the subjects.
From the spatial mapping for a subject, one can derive the change in di erential volume about any point in the atlas as the point is mapped into its
corresponding position in the subject. The group average of these Jacobian
determinants is shown in gure 6, where the areas of higher intensity value
indicate dilatation and the darker regions correspond to compression of the
atlas as it was warped into alignment with the subject callosa. As detailed
in [35,36], the mean Jacobian at each point provides a useful measure with
which to quantify the shape di erences between two groups.
Toward a model that characterizes the callosal shapes of our subject population, the displacement elds were processed according to the procedure outlined in section 3.1. Figure 7 shows the average shape for the subject callosa in
the group. The image was obtained by averaging together the individual mappings and then using the resultant mean warp to deform the atlas. The two
most signi cant modes of shape variation within the group are also depicted
in gure 7. To better illustrate the shape features modeled by each mode, the
gure includes two sequences in which the mean callosal shape is deformed by
scaled versions of the warps corresponding to the modes. The rst principal
component, with which 69% of the total variance is captured, measures the
change in shape along the length of the corpus callosum, whereas the second
principal component appears to contrast the size of the anterior and posterior
portions of the structure.
The atlas-based methodology emphasizes a fully volumetric approach because
of the inherent diculty of recognizing brain structures as they appear on image
slices|this uncertainty is a consequence of the variety of shapes that a structure can
assume depending on the position and orientation of the plane of section through
its volume. The current analysis, on the other hand, utilizes two-dimensional data,
which is special to the structure examined in this example. To eliminate the diculty
associated with anatomical localization on planar image sections, only the portion of
the images containing the corpus callosum was used to guide the matching process;
the external loads everywhere else were set to nil.
3
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Atlas

Subjects

Fig. 4. Corpora callosa of 8 male subjects, along with the image of the corpus
callosum used as the atlas or reference anatomy in the example.
Atlas

Subject

Individualized Atlas

Fig. 5. Spatially aligned atlas for one of the subjects.
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Compression

Dilatation

Fig. 6. Average change in di erential volume at each point in the atlas as the atlas
was aligned to the subject group.

4.2 Spatial Normalization for Functional Image Averaging

The capability of quantifying anatomic variations with respect to some reference space implies that these same variations may be removed in the analysis
of group data. For imaging studies of brain activation, in which the task or
stimulus induced activity are presumed to be localized to speci c regions of
the brain, the spatial precision with which brain structures can be aligned limits the highest resolution at which comparison can be made across a group of
subjects to determine average functional responses or the variation of response
within the group.
To accommodate the complex ways in which the neuroanatomy of normal individuals can vary, spatial transformations of very high dimension are essential.
Consider the comparison shown in gure 8, where the structural image volumes of 9 subjects from a functional MRI investigation of parahippocampal
contribution in human topographical learning [37] were spatially normalized
in two ways|one of the subjects was arbitrarily selected as the reference
anatomy to which the remaining subjects were spatially aligned. In the rst
approach, the normalization was performed by estimating the 9-parameter
ane transformations that best t the overall size, location, and pose of the
subject brains to those of the reference. In contrast, the second method applied
a multi-resolution version of the matching algorithm described in section 2.2,
where each nite element estimate was allowed more than 40  10 degrees
of freedom (distributed over a uniform hexahedral mesh spanning the image
domain). The mappings inferred by each approach were then applied to the
corresponding functional activation data, and the normalized activation images were nally averaged across the subjects.
4

5

3

The original T1-weighted localizer images for each subject were reformatted for
the current study into isotropic volumes (2 mm cubic voxels) with x  y  z dimensions equal to 112  96  80.
5
A multi-resolution search for the MAP solution was performed using 3-D versions
of the likelihood and prior models that were applied earlier for characterizing the
callosal shape in a subject group. Additional details of the implementation can be
found in [18,38].
4
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Mean Callosal Shape
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(69% Total Variation)
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(13% Total Variation)
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Fig. 7. Characterization of the callosal shape for the subject group shown in gure 4.
To illustrate the shape features modeled by the rst two principal components of the
displacement variance about the mean deformation, the mean shape of the corpus
callosum was warped according to the mapping shown for each component, where
the amplitude of the component was scaled by the indicated number of standard
deviations s.

The mean activation, shown in the gure overlaid on images of the average
anatomy, was found to be higher in amplitude and qualitatively more spatially compact for the activation images aligned by high dimensional matching
than for the ane normalized ones. Figure 8 also includes additional, higher
resolution, sections through the mean anatomies: the superior normalization
17

Mean Anatomy
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Mean Activation

High Dimensional
Matching−based
Normalization

9−param Affine
Normalization

High Dimensional
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Fig. 8. Average activation and anatomy for a group of subjects as a function of
the alignment method used for spatially normalizing the individual activation and
structural images made from the group.

obtained with high dimensional matching is evidenced by the uniformly sharp
appearance of its mean anatomic images. These results, detailed further in [38],
highlight the necessity of transformations that are very high in dimension in
order to extract the most information from group activation studies.

5 Summary
We examined the problem of image matching and its application to anatomic
localization in volumetric images of the brain, introducing in the process an
improved nite element implementation and more general Bayesian interpretation of the elastic matching method.
The nite element subdivision of a problem domain can be designed so that
the precision of the computed solution varies spatially across the domain.
For images of anatomy, where informative features are not only sparse but
18

distributed along interfaces of highly irregular shape, parsimonious representations of the spatial transformations are therefore possible, which in turn can
substantially simplify the matching calculation.
We illustrated the role of elasticity in expressing our prior expectations about
the nature of the anatomic variations among normal subjects, and constructed
a posterior probability model for the displacement mappings, with which a
variety of analyses can be conducted. In addition to the computation of reliability and interval estimates, a method was described for characterizing the
observed morphological variation within a subject group in the form of prior
distributions that can then be applied to guide the Bayesian analysis of future
image studies.
Finally, a word is required about the case when the local variations in anatomy
are very large in magnitude. To reduce the likelihood of false matches that arise
from this situation, a standard approach is to solve the problem at di erent
spatial scales, as in the multi-resolution version of elastic matching described
in [39]: large scale displacements are rst determined by matching the lower
spatial frequencies in the images and these are then used to remove their
confounding e ect in the alignment of the higher frequency content. When
even the multi-resolution search fails, additional external knowledge must be
introduced into the problem formulation [40].
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