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Automatic Construction of 3-D Statistical
Deformation Models of the Brain

Using Nonrigid Registration
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Abstract—In this paper, we show how the concept of statistical
deformation models (SDMs) can be used for the construction of
average models of the anatomy and their variability. SDMs are
built by performing a statistical analysis of the deformations re-
quired to map anatomical features in one subject into the corre-
sponding features in another subject. The concept of SDMs is sim-
ilar to statistical shape models (SSMs) which capture statistical in-
formation about shapes across a population, but offers several ad-
vantages over SSMs. First, SDMs can be constructed directly from
images such as three-dimensional (3-D) magnetic resonance (MR)
or computer tomograohy volumes without the need for segmenta-
tion which is usually a prerequisite for the construction of SSMs.
Instead, a nonrigid registration algorithm based on free-form de-
formations and normalized mutual information is used to compute
the deformations required to establish dense correspondences be-
tween the reference subject and the subjects in the population class
under investigation. Second, SDMs allow the construction of an
atlas of the average anatomy as well as its variability across a pop-
ulation of subjects. Finally, SDMs take the 3-D nature of the un-
derlying anatomy into account by analysing dense 3-D deforma-
tion fields rather than only information about the surface shape
of anatomical structures. We show results for the construction of
anatomical models of the brain from the MR images of 25 different
subjects. The correspondences obtained by the nonrigid registra-
tion are evaluated using anatomical landmark locations and show
an average error of 1.40 mm at these anatomical landmark posi-
tions. We also demonstrate that SDMs can be constructed so as to
minimize the bias toward the chosen reference subject.

Index Terms—Free-form deformation, image registration, mor-
phometry, shape analysis.

I. INTRODUCTION

T HE significant intersubject variability of anatomy and
function makes the interpretation of medical images a

very challenging task. Atlas-based approaches address this
problem by defining a common reference space. Mapping data
sets into this common reference space not only accounts for
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anatomical and functional variations of individual subjects, it
also offers a powerful framework to facilitate the comparison
of anatomy and function over time, between subjects, between
groups of subjects and across sites. Consequently, a number of
different elastic [1]–[3] and fluid [4], [5] warping techniques
have been developed for this purpose. Recent reviews of
different nonrigid registration techniques can be found in
[6] and [7]. Traditional medical atlases contain information
about anatomy and function from a single individual focusing
primarily on the human brain [8]. Even though the individuals
selected for these atlases may be considered normal, they may
represent an extremum of a normal distribution. To address this
problem, researchers have developed various probabilistic and
statistical approaches which include information from a group
of subjects, making them more representative of the population
under investigation [9]–[12].

A. Statistical Shape Models

Statistical models of shape variability have been successfully
applied to perform various image analysis tasks in two-dimen-
sional (2-D) and three-dimensional (3-D) images. In particular,
their application for image segmentation in the context of active
shape models (ASMs) has been very successful [13]. In building
those statistical models, a set of segmentations of the shape of
interest is required as well as a set of landmarks that can be
unambiguously defined in each sample shape. An extension of
ASMs are the so-called active appearance models (AAMs) [14]
which have been used for atlas matching. AAMs incorporate not
only information about the spatial distribution of landmarks and
the intensity information at the landmarks, but also about their
underlying texture distribution. A number of authors have used
statistical models of shape information as priors for segmenta-
tion via deformable models [15]–[17], deformable registration
[18] or shape analysis [19]. However, a fundamental problem
when building these models is the fact that they require the
determination of point correspondences between the different
shapes. The manual identification of such correspondences is a
time consuming and tedious task. This is particularly true in 3-D
where the amount of landmarks required to describe the shape
accurately increases dramatically compared to 2-D applications.

A simple but efficient way of establishing correspondences
for the construction of statistical shape models is the use of dis-
tance transformations which has been proposed by a number of
authors [16], [20], [21]: For example, Leventonet al. [16] pro-
posed an approach in which the statistical analysis is carried out
directly on the signed distance maps of a set of aligned shapes.
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This approach effectively assumes that the corresponding points
of two shapes are the closest points. The statistical shape in-
formation is then used as prior information to guide a level-set
segmentation approach. Gollandet al. [20] have shown that the
resulting statistical model can be used for the classification of
shapes from different populations. Another solution to the point
correspondence problem is to construct correspondences im-
plicitly via the shape parameterization, i.e., by using spherical
harmonics [15]. Other approaches include the use of geodesic
distance and surface curvature to establish correspondences as
suggested by Wanget al. [22]. Recently, Davieset al. [23], [24]
proposed a new method for establishing correspondences be-
tween shapes by optimizing the quality of the statistical model
based on the minimum description length of the resulting model.
While all of these ideas avoid the necessity of establishing corre-
spondences between the set of training shapes, they are limited
to single objects and require prior segmentation of the object of
interest.

B. Statistical Deformation Models

A complementary approach to building statistical shape
models of anatomical variability is the concept of statistical
deformation models which is closely related to the rapidly
developing discipline on computational anatomy pioneered
by the work of Grenander and Miller [25]. One of the key
ideas here is to carry out a statistical analysis directly on
the deformation fields that describe a dense correspondence
between the anatomies. There are two distinct advantages of
this approach. First, the resulting statistical models are not
limited to single anatomical structures but can instead describe
the intrastructure and interstructure variability of the anatomy
across a population. Second, the deformation fields can be
obtained by nonrigid registration, thereby eliminating the need
for any segmentation. Such an approach has been developed by
several groups, including Joshi [26] and Gee and Bajesy [11].
Cseranskyet al. have employed this approach for the analysis
of hippocampal shape [27] and asymmetry [28]. Davatzikoset
al. [29] employed a nonrigid registration algorithm to calculate
2-D deformation fields of the corpus callosum and used a sta-
tistical analysis of these deformation fields to quantify changes
between two population groups, in this case male and female
subjects. In a similar spirit, Booksteinet al. used deformation
maps based on thin-plate splines to study the shape variability
in patients with schizophrenia and normal controls [30], [31].

C. Contribution of This Paper

In [32], we described an automated way in which correspon-
dences between the surfaces of different shapes are established
via a nonrigid registration algorithm [33]. A similar approach
has been proposed by Subsolet al. [34]: There, a modified iter-
ative closest point algorithm [35] is used to calculate correspon-
dences between geometric surface features of the shapes such
as crest lines. The approach described in this paper is an exten-
sion to the previous approaches. In the first step, we are using a
nonrigid registration algorithm to establish correspondences be-
tween shapes. In the second step, we are performing a statistical
analysis directly on a parametric representation of the deforma-
tion fields required to match different anatomies. This enables

the construction of average models of the anatomy and their sta-
tistical variability across a population of subjects. Our approach
is closely related to the statistical deformation models first pro-
posed by Joshi [26] and Geeet al. [11], but differs in an impor-
tant aspect. Rather than performing a statistical analysis of the
deformation fields directly, we are performing a statistical anal-
ysis of the control points of the free-form deformation (FFD)
that describes and perameterizes the deformation fields. These
control points provide a very compact representation of the FFD
which can describe deformation fields at different levels of de-
tail.

II. M ETHOD

Traditionally, landmarks are anatomically characteristic
points which can be uniquely identified across a set of individ-
uals. The goal of intersubject registration is to find the optimal
transformation which maps any point in the
anatomy of the reference subjectinto its corresponding point

in the anatomy of any other subject in the population
class. Assuming a one-to-one correspondence of anatomical
structures across subjects, the registration of images between
different subjects yields a dense set of correspondences. In the
proposed method, we perform a principal component analysis
(PCA) on a compact parameterization of the deformation fields
required to map the anatomy of one subject into the anatomy of
another subject. In the following, we will describe the proposed
approach in more detail.

A. Nonrigid Registration

In practice, the anatomical variability between subjects
cannot be sufficiently explained by an affine transformation
which only accounts for differences due to position, orientation,
and overall size of the anatomy. To capture the anatomical vari-
ability, it will be necessary to employ nonrigid transformations
such as elastic or fluid transformations. We are using a nonrigid
registration algorithm which has been previously applied
successfully to a number of different registration tasks [33],
[36]. This algorithm uses a combined transformationwhich
consists of a global transformation and a local transformation

(1)

The global transformation describes the overall differences be-
tween the two subjects and is represented by an affine transfor-
mation. The local transformation describes any local deforma-
tion required to match the anatomies of the subjects. We have
chosen a FFD model based on B-splines which is a powerful tool
for modeling 3-D deformable objects. The basic idea of FFDs
is to deform an object by manipulating an underlying mesh of
control points. The resulting deformation controls the shape of
the 3-D object and can be written as the 3-D tensor product of
the familiar one-dimensional cubic B-splines

(2)
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where denotes a lattice of control points which
parameterize the FFD, denote the indexes of the control
points and correspond to the relative positions ofin
lattice coordinates. The lattice of control points is defined as a
grid with uniform spacing which is placed on the underlying ref-
erence image. The optimal transformation is found using a gra-
dient descent minimization of a cost function associated with
the global transformation parameters as well as the local trans-
formation parameters. The cost function comprises two com-
peting goals. The first term represents the cost associated with
the voxel-based similarity measure, in this case normalized mu-
tual information [37], while the second term corresponds to a
regularization term which constrains the transformation to be
smooth [33].

The resulting transformation maps each point in the
anatomy of the reference subject to the corresponding point
in the anatomy of subject . The goal of SDMs is to perform
a statistical analysis of the deformations required to map
to . However, we are not interested in any transformation
component which is simply the result of the different posi-
tion, orientation, and overall size of each subject’s anatomy
(expressed by the global transformation). The transformation
model defined in (1) is a sum (rather than a concatenation) of
a global and local transformation, hence, the local deformation
is defined in the coordinate system of the reference subject prior
to global alignment. To obtain a deformation in the coordinate
system of the reference subject after global alignment we need
to remove any dependency of the local transformation on the
global transformation

(3)

where is the Jacobian matrix of the global transformation. The
registration algorithm used here is based on an affine transfor-
mation to model the global transformation. Hence, the Jacobian
matrix of this global transformation becomes simply

(4)

where are the coefficients of the linear component of the
affine transformation. The deformationdescribes the anatom-
ical variability across the population class in the coordinate
system of the reference subject after global alignment. As
shown in (4), the resulting deformation can also be obtained by
multiplying the Jacobian matrix directly with the control points
of the FFD which describe the local transformation.

B. Construction of Statistical Deformation Models

The key idea of statistical shape models [13] is to build a
model of a particular class of shapes given a set of examples
of this shape. In general, theseshapes are represented in form
of vectors, , and characterize the group of shapes

under investigation. Each shape vectorconsists of a concate-
nation of landmarks, , describing the
contour or surface of the anatomical structure of interest. The
concept of SDMs [26], [11] is closely related to the idea of sta-
tistical shape models. The key difference is that we apply a PCA
to the control points of the FFD required to map one anatomy
to another anatomy rather than to anatomical landmarks: Sup-
pose that we have FFDs described as control point vectors

. For each subject, the vector corresponds to a
concatenation of 3-D control points,

, which produce a FFD mapping the anatomy of
the reference subject to the anatomy of all other subjects
in the population class. The goal of SDMs is to approximate the
distribution of using a perameterized linear model of the form

(5)

where is the average control point vector (or average defor-
mation field) for all subjects

(6)

and is the model parameter vector. The columns of the matrix
are formed by the principal components of the covariance

matrix

(7)

From this, we can calculate the principal modes of variation of
the control points (or the associated FFD) as the eigenvectors

and corresponding eigenvalues(sorted so that )
of .1 If contains the eigenvectors corre-
sponding to the largest nonzero eigenvalues, we can approxi-
mate any anatomy within the population group under investiga-
tion using (5) where and is a -dimen-
sional vector given by .

The vector defines the parameters of the statistical
deformation model. By varying these parameters we can
generate different instances of a FFD which describes the
class of anatomies under analysis using (5). Assuming that the
cloud of control points follows a multidimensional Gaussian
distribution, the variance of theth parameter, , across the
training set is given by . By applying limits to the variation
of , for instance, , it can be ensured that a
generated deformation is similar to the deformations used for
the construction of the statistical deformation model.

III. RESULTS

To demonstrate the approach we have used 25 brain MR
images from different subjects with schizophrenia to construct
a statistical deformation model of the brain. All images were
acquired at the Department of Psychiatry of the University
Medical Center, Utrecht, The Netherlands, using a 3-D FFE

1In general, the covariance matrixS is a 3 m� 3 m matrix so that determining
the eigenvectors and eigenvalues is an intractable task for high-dimensional de-
formations. Fortunately, the eigenvectors and eigenvalues can be computed by
solving a much smallern� n matrix problem (see [13] for details).
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TABLE I
AVERAGE VOLUME OVERLAP OF THE LEFT AND RIGHT NUCLEUS

CAUDATE OF THE REFERENCESUBJECT AFTER REGISTRATION WITH

ALL OTHER INDIVIDUALS

sequence ( ms, ms, flip angle )
on a 1.5 T MR imaging system (Philips Gyroscan ACS-NT).
These images have a voxel size of 11 1.2 mm and
200 200 160 voxels. Before performing the intersubject
registration, the brain image of the reference subject has
been stripped of extracranial tissue by nonrigid matching of
the brain template provided in the SPM package [39] to the
brain image. The stripping of extracranial tissue removes the
influence of extracranial structures like skin and bone on the
statistical deformation model. For the intersubject registration
of the remaining unsegmented brain images to the segmented
reference brain, we have used the algorithm described in
Section II-A. First, a global registration is performed using an
affine transformation with nine degrees of freedom followed
by a local registration. The local registration is performed in a
multiresolution fashion by successive subdivisions of the FFD
using control point spacings of 20, 10, 5, and finally 2.5 mm
[33], [36].

A. Evaluation of the Intersubject Registration

The construction of the statistical deformation model relies
on the quality of the intersubject correspondences calculated by
the nonrigid registration algorithm. In practice, intersubject reg-
istration is a very challenging task and will be subject to residual
registration errors. To assess this registration error we have per-
formed two different validation experiments. In the first exper-
iment, we have calculated the volume overlap [40] between a
manually segmented deep structure in the brain, the nucleus cau-
date, after rigid, affine, and nonrigid registration. The results
summarized in Table I show that the average overlap of the nu-
cleus caudate of the reference subject and those of the remaining
24 individuals increases from 40%–50% after rigid or affine reg-
istration to more than 90% after nonrigid registration. Given the
small size of the nucleus caudate and its limited grey-level con-
trast compared to other white matter structures this indicates a
very good registration.

In the second experiment, we have used anatomical land-
marks to assess the accuracy of the nonrigid registration algo-
rithm. For this purpose, we have chosen 20 anatomical land-
marks in the subcortical region of the brain. These anatomical
landmarks define stable anatomical structures such as the corpus
callosum, the cerebellum, the pons, the putamen, the anterior
and posterior commissure, as well as the lateral ventricles, and
are shown in Fig. 1. These landmarks have been localized across
all 25 subjects by three different observers. Each observer has
localized the landmarks on two separate occasions. The fiducial

localization error at these anatomical landmarks in form of the
intraobserver and interobserver variability is shown in columns
2 and 3 of Table II: The average intraobserver variability is 0.84
mm while the average interobserver variability is 1.05 mm. To
assess the registration accuracy we have calculated the target
registration error [41] at the landmarks after registration. The re-
sults are summarized in columns 4–9 which show the errors after
rigid, affine, and nonrigid registration using control point spac-
ings of 20, 10, 5, and 2.5 mm. As expected, the registration error
reduced with increasing dimensionality of the warping: The av-
erage registration error after rigid registration is 3.56 mm, but
reduces to 1.40 mm after nonrigid registration with a control
point spacing of 2.5 mm. From Table II, it can also be seen that
the registration error at some landmarks (including the poste-
rior horn of the left and right putamen and the inferior aspect
of the cerrebellum) is larger than 2 mm. However, the intraob-
server and interobserver variability at these landmarks is also
significantly higher than at the other landmarks, indicating that
the localization of these landmarks is difficult even for an expert
observer. The larger intraobserver and interobserver variability
may be caused in some cases by low contrast boundaries (i.e.,
the putamen) and in other cases by the large natural variability
of the regions (i.e., the cerebellum). Overall, the results show
a very good performance of the registration algorithm in local-
izing stable subcortical landmarks.

B. Evaluation of the Statistical Deformation Models

The first step of the construction of statistical deformation
models is to build a model (or atlas) of the average anatomy
of all subjects after nonrigid registration to a reference subject.
Figs. 2–4 show an average intensity atlas using three different
reference subjects: The first two reference subjects have been
randomly selected from the group of 25 schizophrenic subjects
described above. The third reference subject is based on the
MNI brainweb dataset [38] which was created by simulating an
MR image from 27 registered MR images of the same normal
subject. In all three figures the atlas is shown in form of an av-
erage intensity image calculated from all 25 subjects without
any intensity normalization. Before registration the extra-cra-
nial brain tissues have been stripped from the reference image
and the average intensity values have been calculated for all
voxels which are not labeled as extracranial tissue in the refer-
ence image. The figures clearly show that the deep brain struc-
tures as well as the cortical structures in the atlas become signif-
icantly more pronounced with increasing resolution of the con-
trol point mesh of the FFD indicating that the intersubject reg-
istration is progressively improving. At highest resolution level
(which corresponds to a control point spacing of 2.5 mm) most
of the anatomical variability within the group of subjects can be
accommodated and explained by the FFD.

The final step of the construction of statistical deformation
models is the calculation of the principal modes of variation of
the deformation field which give an indication of the anatomical
variability across the population under investigation. The total
number of modes of variation corresponds to the number of indi-
viduals in the population class excluding the reference subject.
The relative and cumulative percentage of variance explained
by the modes of variation is shown in Fig. 5(a). In this example,
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Fig. 1. Example of the anatomical landmarks used for the validation of the nonrigid registration in the MNI brainweb dataset [38]. (a) Landmarks of thesplenium
and genu of the corpus callosum, the superior and inferior aspect of the pons and of the cerrebellum, the fourth ventricle as well as the anterior and posterior
commissure. (b) Superior and inferior tip of the putamen (left and right). (c) Posterior and inferior tip of the lateral ventricles (right hemisphere). Note that the
landmarks in this figure have been projected to the nearest plane for visualization purposes. All landmarks have been localized in 3-D using three orthogonal
viewing planes.

TABLE II
VALIDATION OF THE REGISTRATION ACCURACY USING ANATOMICAL LANDMARKS. COLUMNS 2 AND 3 SHOW THE INTRAOBSERVER ANDINTEROBSERVER

VARIABILITY FOR THE LANDMARK LOCALIZATION IN MILLIMETERS. COLUMNS 4–9 SHOW THE AVERAGE ERRORSAFTER RIGID, AFFINE, AND NONRIGID

REGISTRATION USING CONTROL POINT SPACINGS OF20, 10, 5,AND 2.5 mm. ALL ERRORSARE IN MILLIMETERS

we have 25 different modes of variation of which the first 12
modes explain around 70% of the cumulative anatomical vari-
ability while the first 18 modes explain around 90% of this vari-
ability. We have generated the modes of variation by varying the
shape parameter and applying the resulting FFD to the atlas.
An example of the first three modes of variation focusing on the
corpus callosum is shown in Fig. 6. In this example, the first
mode of variation corresponds to a horizontal expansion and
contraction while the second and third modes of variation cor-
respond to a lifting and sinking in the vertical direction. When
interpreting the modes of variations it is important to bear in
mind that the modes of variation are not only the result of the
variability of a single anatomical structure but the result of the
variability of a large number of different surrounding anatom-
ical structures as well as their interrelationship. Note also, that in

contrast to AAMs [14], the statistical deformation model does
not incorporate any statistical information about intensities so
that the intensities of the atlas are not affected by the modes of
variation. In addition we can also generate 3-D statistical shape
models of one or more anatomical structures of particular in-
terest. Fig. 7 shows a statistical shape model of the ventricles and
left and right nucleus caudate. In this case, the surfaces of the
ventricles and nucleus caudate have been manually segmented
in the reference subject only. The statistical shape model has
been generated by applying the modes of variation of the FFD
to the surfaces of the structures of interest.

In order to quantitatively assess the performance of the con-
structed deformation models, we have analyzed the reconstruc-
tion error of the control point locations by performing a set of
leave-one-out experiments. The set of control points of all but
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Fig. 2. Construction of an average intensity atlas. (a) Reference subject A. (b) Atlas after affine registration. (c)–(f) Atlas after nonrigid registration using control
point spacings of 20, 10, 5, and finally 2.5 mm.

Fig. 3. Construction of an average intensity atlas. (a) Reference subject B. (b) Atlas after affine registration. (c)–(f) Atlas after nonrigid registration using control
point spacings of 20, 10, 5, and finally 2.5 mm.

one FFD have been used to calculate a statistical deformation
model. This model was subsequently used to reconstruct the
control point locations of the FFD not included in the PCA, and

the reconstruction error was calculated as the root-mean square
error over all control points. The same experiment was repeated
by excluding each FFD in turn. Finally, the average reconstruc-
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Fig. 4. Construction of an average intensity atlas. (a) MNI brainweb dataset. (b) Atlas after affine registration. (c)–(f) Atlas after nonrigid registration using
control point spacings of 20, 10, 5, and finally 2.5 mm.

(a) (b)

Fig. 5. (a) Explained cumulative variance of the control points versus the number of modes used in the 3-D statistical deformation model: The light columns
show the variance explained by the PCA using all control points while the dark columns show the variance explained by the PCA using only control points in the
region of interest around the corpus callosum (shown in Fig. 6). (b) Results of the leave-one-out reconstruction experiments. The light columns showthe results
of the leave-one-out reconstruction experiments using all control points while the dark columns show the results of the leave-one-out reconstruction experiments
using only control points in the region of interest around the corpus callosum (shown in Fig. 6).

tion error over all leave-one-out experiments was calculated.
Again, we have performed a separate evaluation of a statistical
deformation model constructed for the entire brain as well as
a statistical deformation model for a region of interest around
the corpus callosum. The results are summarized in Fig. 5(b)
and show clearly that the statistical deformation model of the
entire brain has a much lower generalization ability than the
model constructed for the corpus callosum only. Given the fact
that we have 18 419 control points for the deformation model
of the entire brain compared to 840 control points for the de-
formation model of the corpus callosum, the results are to be
expected: A set of 25 datasets is not sufficient to achieve good
generalization abilities for a statistical deformation model for

the entire brain. In this case, the reconstruction error improves
only marginally from 3.97 to 3.69 mm. However, building a sta-
tistical deformation model for the corpus callosum only yields
a model with much better generalization abilities: The recon-
struction error improves 3.54 to 2.36 mm when increasing the
number of modes. This clearly indicates that a large number of
datasets are required to build statistical models with good gen-
eralization ability for the entire brain.

C. Choice and Influence of the Reference Subject

A common problem encountered during the construction of
a model of the average anatomy is the bias toward the reference
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Fig. 6. Instances of the statistical deformation model showing the corpus callosum: Each image has been generated by varying the first three modes of variation
between�3

p
� (top row) and+3

p
� (bottom row) and applying the resulting FFD to the average model (middle row). The FFD is illustrated in form of a grid

showing the deformations associated with each mode. An animated version of this figure can be found at http://www.doc.ic.ac.uk/~dr/IEEE_TMI/SDM.

subject to which all other subjects are registered: This bias is
clearly visible in Figs. 2(f), 3(f), and 4(f). Nonrigid registration
will align the anatomy of each subject with the anatomy of the
reference subject. Thus, the average model will be constructed
in the coordinate system of the reference subject, leading to a
bias toward a particular anatomy. In order to reduce this bias,
we can construct the average model of the anatomy in itsnatural
coordinate system. This natural coordinate system should be the
coordinate system which requires the least residual deformation
to explain the anatomical variability across all individuals [25].
Based on a point in the space of the reference subject,
we can find the corresponding pointin its natural coordinates
by applying the average deformation to as follows:

(8)

Note that the average deformation is relative to the refer-
ence subject and can be calculated from the FFD resulting
from the average control point vector. If the nonrigid registra-
tion algorithm is perfect, (8) should remove any bias toward the
reference subject. However, in practice this will not be the case
since residual registration errors will influence the average de-
formation field. In order to investigate how much we can reduce
the bias of constructed atlases toward the reference subject, we
have applied (8) to the atlases in Figs. 2(f), 3(f), and 4(f). The re-
sult of applying the average deformation field is shown in Fig. 8.
The top row of Fig. 8 shows each atlas in the coordinate system

of the respective reference subject, while the bottom row shows
each atlas in itsnatural coordinate system. This example clearly
shows a very high degree of similarity between all three atlases
after mapping them into their natural coordinate system. For ex-
ample, reference subject A has a large ventricular system which
is not characteristic for the group of subjects. Reducing the bias
of the atlas toward the reference subject yields an average model
in which the ventricular system is significantly smaller.

To investigate the quality of the natural coordinate system fur-
ther in detail, we have carried out a number of additional regis-
tration experiments in which all 25 subjects with schizophrenia
and the MNI subject have been used in turn as reference sub-
jects for the registration. For each reference subject, all of the re-
maining subjects have been registered to this reference subject.
Thus, a total of nonrigid registrations have been
carried for this experiment2 and a natural coordinate system has
been constructed for each reference subject. Ideally, the posi-
tion of anatomical landmarks in these natural coordinate sys-
tems should be independent on the choice of a reference subject
(apart from an affine transformation). Using the mean landmark
positions for each of the 20 anatomical landmarksobtained
from the three measurements performed by each of the three
observers shown in Table II, the position of each landmark
in natural coordinates has been calculated using (8) for each

2Since each of the nonrigid registrations normally takes 3–4 h to calculate,
we have used the Condor clustering software [42] to distribute the computation
of the nonrigid registrations over a cluster of Linux workstations.
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Fig. 7. Instances of a statistical shape model showing the ventricles together with left and right nucleus caudate: Each shape model has been generated by varying
each of the first three modes of variation between�3

p
� (top row) and+3

p
� (bottom row) and applying the resulting FFD to the average shape model (middle

row). Note that in this case the surface of the average shape model has only been segmented in one dataset (the reference subject). An animated version of this
figure in color can be found at http://www.doc.ic.ac.uk/~dr/IEEE_TMI/SDM.

of the reference subjects used. Table III shows the mean, the
standard deviation and the maximum variability as a result of
the choice of the reference subject. These results clearly show
that the mean, standard deviation and maximum variability of
the anatomical landmarks reduce with an increasing number of
control points for the nonrigid transformation. This is not sur-
prising since the quality of the registration and that of the natural
coordinate system are closely related. As a result of this any im-
provements in the quality of the registration through finer con-
trol point spacing will also lead to an improved quality of the
natural coordinate system. However, Table III not only provides
another measure of the registration quality, it also measures the
ability to minimize the bias toward different reference subjects.

IV. DISCUSSION ANDCONCLUSION

In this paper, we have demonstrated how a nonrigid registra-
tion algorithm based on FFDs and normalized mutual informa-
tion can be used for the automatic construction of SDMs of the
brain. Our results have shown that the nonrigid registration al-
gorithm leads to good correspondences, in particular, in the sub-

cortical regions of the brain. The resulting models can be used
to build an atlas of the average anatomy as well as its variability.
This is achieved by performing a principal component analysis
of the control points of the FFDs required to map the anatomy of
a reference subject to all other subjects in the population. A sim-
ilar statistical analysis of deformation fields has been proposed
in [26], [27], and [11]. One of the key differences to that work
is the fact that our approach exploits the compact parameteri-
zation of the deformation fields by the B-spline representation,
achieving a significant reduction of the dimensionality of the
deformation space. For example, representing the deformation
fields in this paper even at the highest control point resolution of
2.5 mm required less than 7% of the storage space which would
be required for a voxel-by-voxel displacement field. In addition,
the proposed method can also be used for the construction of
“stable” anatomical models which are relatively insensitive to-
ward the choice of the reference subject. A related approach has
been pursued by Guimondet al. [12]. Their iterative approach
is also based on averaging deformations to construct an inter-
mediate atlas of the shape and intensity. The intermediate atlas
is then used as a new template. However, the resulting template
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Fig. 8. Reducing the bias toward the reference subject: The top row shows the atlases of Figs. 2(f), 3(f), and 4(f) in each reference subject’s coordinate system.
The bottom row shows the atlases in their natural coordinate system by applying the average deformation field^d.

TABLE III
EVALUATION OF THE VARIABILITY OF LANDMARKS IN THEIR NATURAL

COORDINATES AS ARESULT OF THECHOICE OFREFERENCESUBJECT. FOR

EACH ANATOMICAL LANDMARK SHOWN IN FIG. 1, ITS POSITION IN

NATURAL COORDINATES HAS BEEN CALCULATED USING (8) FOR ALL

REFERENCESUBJECTSUSED. COLUMN 2 SHOWS THEAVERAGE VARIABILITY

OF THE LANDMARKS IN mm, WHILE COLUMNS 3 AND 4 SHOW THE

STANDARD DEVIATION AND MAXIMUM VARIABILITY OF THE LANDMARKS IN

MILLIMETERS AVERAGED OVER ALL LANDMARKS

always has a degree of blurring due to registration and interpo-
lation errors. This blurring of the average atlas can complicate
the subsequent registration of subjects to the new template.

Statistical modeling of deformations is a natural way of con-
structing statistical models which take the variability of the en-
tire anatomy (or multiple structures) into account. When inter-
preting the modes of variation, it is important to keep in mind
that they are not only the result of the variability of a single
anatomical structure, but also the result of the variability of a
large number of different anatomical structures as well as their
interrelationship. The interpretation is further complicated by
the fact that a dense control point mesh requires performing a
PCA on a very-high-dimensional space using a relatively small
set of sample shapes. Our results have shown that the construc-
tion of a statistical deformation model of the full brain with good
generalization abilities requires a sufficiently large number of
sample shapes, even though statistical deformation models of
structures like the corpus callosum can be constructed from a
relatively small number of sample shapes. We are currently in

the process of building a statistical deformation model of the
brain using more than 100 normal subjects which we expect to
help improve the statistical significance of the principal modes
of variation. In contrast to statistical modeling of the deforma-
tion fields, statistical shape modeling is most frequently applied
to single objects within the anatomy. Both modeling techniques
have their inherent advantages: While statistical modeling of the
deformation fields is more appropriate if the interobject relation-
ship should be taken into account, statistical shape models are
more appropriate if the interobject relationship is of no impor-
tance or confounds the modeling process.

A. Future Work

We believe that the proposed method enables the automatic
construction of statistical models in 2-D and 3-D and is not lim-
ited to the brain but can be applied to other anatomical struc-
tures such as the heart and liver. Statistical shape models have a
wide number of possible applications primarily in segmentation
and morphometry. Another potential application is the use of the
statistical modes of variation asa priori knowledge for image
registration. We are currently pursuing this idea for devising a
nonrigid registration algorithm which uses the modes of varia-
tion of the FFD to provide a more compact parameterization of
FFDs. This may be particularly useful for intersubject registra-
tion tasks where these modes of variation can be learnt from a
population of subjects as shown in this paper. The resulting FFD
can be written as
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Here, the control points of the FFD are represented as a linear
combination of the principal modes of variation. Rather than
optimizing the location of the control points, one can optimize
the parameter vector which controls the modes of the FFD
but provides a much smaller number of degrees of freedom than
the number of control points. This can significantly reduce the
number of degrees of freedom for the registration and the asso-
ciated computational complexity, while constraining the regis-
tration to statistically likely types of warps. At the same time,
however, this assumes that one can learn the statistics of warps
for a group of subjects from a relatively small subset of subjects
from the same group. It remains to be shown how many subjects
are required to learn the statistics of warps with sufficient accu-
racy.

Finally, another potential application is the morphometric
comparison of differences between groups of subjects. Current
morphometric methods can be classified into voxel-based [43],
[44] or deformation-based methods [45], [46]. In general,
voxel-based methods rely on a global registration between
subjects followed by a statistical analysis of tissue differences
to differentiate between groups of subjects. In contrast to this,
deformation-based methods use the information encoded in
the deformation to describe the anatomical variability between
groups. We are currently investigating whether statistical
deformation models may be used as a deformation-based
morphometric tool to characterize shape differences between
groups of normals and schizophrenic subjects.
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