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Retrospective Evaluation of Intersubject Brain
Registration
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G. E. Christensen, and H. J. Johnson

Abstract—Although numerous methods to register brains of dif-
ferent individuals have been proposed, no work has been done, as
far as we know, to evaluate and objectively compare the perfor-
mances of different nonrigid (or elastic) registration methods on
the same database of subjects. In this paper, we propose an eval-
uation framework, based on global and local measures of the rel-
evance of the registration. We have chosen to focus more partic-
ularly on the matching of cortical areas, since intersubject regis-
tration methods are dedicated to anatomical and functional nor-
malization, and also because other groups [7] have shown the rel-
evance of such registration methods for deep brain structures. Ex-
periments were conducted using 6 methods on a database of 18
subjects. The global measures used show that the quality of the
registration is directly related to the transformation’s degrees of
freedom. More surprisingly, local measures based on the matching
of cortical sulci did not show significant differences between rigid
and non rigid methods.

Index Terms—Atlas matching, cortical sulci, evaluation, MRI,
neuroanatomy, nonrigid registration.

I. INTRODUCTION

T HE COMPARISON of brains of different individuals is
an ancient objective in medicine. It has been tradition-

ally treated by paper-based atlases with simple transformations.
However, over the last ten years, electronic brain atlases [11],
[17], [23], [30], [31], [42] have emerged and overcome some
limitations of traditional atlases [14]. To build such an atlas, it is
necessary to compare brains of different individuals so that each
new subject contributes to the evolution and the relevance of the
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atlas. The comparison of brains is accomplished by registering
one brain image volume to another using a nonrigid transforma-
tion. The result of the registration – which in general is a dense
deformation field – is used to project data from one subject to
another one. This projected data can be of different types such as
acquired or estimated, two-dimensional (2-D) or three-dimen-
sional (3-D), dense or sparse, and anatomical or functional.

An increasing number of authors study this registration
problem. As it would be a huge task to quote them all, we refer
the reader to [12], [26], and [28] for a survey on that subject.
These methods are generally divided into two groups: photo-
metric, or intensity-based, methods, that exploit a relationship
between voxels’ luminance, and geometric methods that rely
on the extraction and matching of sparse landmarks. Geometric
methods dramatically depend on the extraction of features
and are only relevant in a neighborhood of these features.
On the contrary, photometric methods use the entire available
information and make it possible to estimate transformations
with high degrees of freedom (DOFs). This rapid comparison
may explain the popularity of photometric methods which are
used in rigid multimodal fusion [45], [46].

Nevertheless, the superiority of photometric methods has not
been proved in the context of interindividual fusion. As a matter
of fact, these methods usually rely on the minimization of an ap-
propriate cost function that often relies on the assumption that
two corresponding voxels have comparable luminance. The dif-
ferent methods mainly differ by the regularization scheme and
optimization strategy which have a crucial influence on the reg-
istration process. Unfortunately, it is not straightforward to de-
termine whether the formulation of the problem and the way it is
solved leads to anatomically consistent transformations. Is it rel-
evant to deform one subject toward another? Does a consistent
anatomical transformation exist? What should be the “ideal”
transformation between the brains of different subjects? Does it
even exist? What can we expect from the different registration
methods? These questions are the starting point and the moti-
vation of our work. It is challenging to answer these questions,
especially since the “ideal” transformation surely depends on
the application (e.g., anatomical and functional normalization,
automatic segmentation of deep structures, automatic segmen-
tation of cortical structures).

In the context of this paper, the evaluation framework is based
on the assumption that some anatomical structures are present in
all individuals and registration algorithms should aim at aligning
these features. In this paper, we have chosen to focus on the
matching of cortical regions since the methods are dedicated
to the anatomical and functional normalization. Furthermore,
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other groups have already shown relevant evaluation on deep
brain structures [7].

The evaluation project was first granted under a French na-
tional project and was extended to 6 registration methods on
a database of 18 subjects. The Vista project (INRIA-CNRS,
Rennes) gathered the registration results, i.e., the deformation
fields that were used to deform specific anatomical landmarks.
The goal of this project is to evaluate how well anatomical fea-
tures are matched using different registration methods using
global and local criteria.

This paper is organized as follows: Section II presents briefly
the methods that were evaluated, Section III presents the data
and the evaluation framework. Results for global measures
(based on the matching of dense and global features) and local
measures (based on the matching of sparse and local features)
are presented in Sections IV and V, respectively. Conclusions
are drawn in Section VI.

II. PARTICIPANTS

This evaluation project was inspired by the Vanderbilt evalu-
ation project [45], [46] in which all participants downloaded the
data and performed the registration processes in their laboratory
without knowing the evaluation criteria. The results, i.e., the de-
formation fields, were sent to IRISA (INRIA-CNRS, Rennes,
France) and evaluated using criteria unknown to the participants
of the evaluation project. That means that the evaluation group
did not reprogram the different methods. Consequently, it has
not been feasible to compare the methods on the basis of com-
putation time, sensitivity to parameters, difficulty to implement,
etc.

Six methods have been evaluated so far. We do not describe
extensively the different methods, but refer the reader to the ap-
propriate references. We have adopted the following notation
for the methods:

• Method A refers to the ANIMAL algorithm developed by
L. Collins et al. at the MNI [7]. This registration is per-
formed in two steps: a rigid transformation is first esti-
mated to align the subject in the stereotaxic coordinate
system. A nonrigid transformation is then sought through
a multiresolution scheme. At each node of the grid, a trans-
lation is estimated that maximizes the correlation of image
gradients. In the present experiments, the finest resolution
of the method A is 4 mm.

• Method D refers to the Demons’ algorithm developed by
J.P. Thirion in the Epidaure Group at INRIA Sophia-An-
tipolis [41]. Two transformations are first estimated, one
rigid and one affine. A dense grid of demons (that is to
say, one demon per voxel) is then used to estimate a non-
rigid transformation. The algorithm alternates between es-
timating forces for each demon and smoothing the de-
formation field by a Gaussian filtering. More recently,
coworkers of the Epidaure group related the demon’s algo-
rithm to a second-order gradient descent of the displaced
frame difference [33].

• Method I refers to the inverse consistent linear elastic
image registration algorithm developed by G. Christensen
and H. Johnson [5]. Given two subjects and , the

Fig. 1. Principle of the Talairach proportional squaring system.

method jointly estimates transformation fromto and
from to . The inverse consistency error is zero when
the forward and reverse transformations are inverses of
one another. Furthermore, the transformations obey the
rules of continuum mechanics and are parameterized by
Fourier series.

• Method M refers to a rigid transformation obtained by
maximization of the mutual information [27], [44] with a
Powell optimization scheme. This method does not appear
to be adequate when registering brains of different sub-
jects. However, it was included to serve as a comparison
basis since we expect to perform worst in this study. This
method has been implemented by IRISA (INRIA-CNRS,
Rennes) based on the published work [27], [44].

• Method P refers to the proportional squaring of Talairach
illustrated on Fig. 1. The method is based on the identifica-
tion of the anterior comissure (AC) and posterior comis-
sure (PC), as well as five brain extrema which makes it
possible to specify a partition of the volume into 12 sub-
volumes [39]. This defines a piecewise affine transforma-
tion. Although semi-automatic (AC-PC and five extremal
points of the brain have to be located manually), the exper-
tise needed to accomplish this task is limited. This method
has been implemented by the IDM Laboratory (faculty of
Medecine, Rennes, France).

• Method R refers to the algorithm developed at INRIA
Rennes by P. Hellieret al. [19]. This method consists of
a robust estimation of the optical flow with a multireso-
lution and multigrid minimization scheme. We note that
there may be questions to the validity of the evaluation of
the authors method since the evaluation criteria were know
to us. Despite this, we hope that the reader believes that we
acted in an unbiased manner.

III. D ATA AND EVALUATION FRAMEWORK

For this evaluation, the underlying assumption is the fol-
lowing: the anatomical structures that we use can be retrieved
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among all individuals and the registration algorithms should
aim at aligning these features. In case of “dense” features (i.e.,
tissues), the evaluation criterion is an overlap measure after
registration which is refered to as a “global” measure. In case
of “sparse” features (i.e., cortical sulci), the evaluation criterion
is a distance measure after registration which we refer to as a
“local” measure.

We have acquired a database of 18 subjects (male, age ,
right handed and healthy). Each subject underwent a T1-mag-
netic resonance (MR) SPGR three-dimensional (3-D) study (GE
1.5T system, sagittal slices). The raw MR data have been lin-
early interpolated so that the voxel resolution is isotropic (the
voxel resolution is 0.9375 mm, except for four subjects where
the voxel resolution is 0.976 562 mm). The dimension of an
image slice is 256 256 for all subjects and the number of slices
are subject specific.

We chose an arbitrary subject as the reference subject. For all
methods, each subject (source image) was registered to the ref-
erence subject (target image) so that all the registration results
could be compared in the same reference frame. Fig. 2 (bottom)
presents different views of the reference subject. Although the
image dimensions and resolutions are different, the deforma-
tion fields are expressed in the voxel coordinate of each subject.
Convolutions that are necessary for the evaluation (i.e., compu-
tation of ) take into account the voxel resolution (typically,
to cope with Shannon’s criterion, the standard deviation of the
Gaussian kernel was taken as twice the voxel resolution).

One could think of using simulated data based on a model for
the intersubject variability to provide a gold standard deforma-
tion field to directly compare registration methods. However, no
such data are currently available since the modeling of intersub-
ject deformations is a highly challenging research area. Conse-
quently, we use real image data and use independent evaluation
measures derived from the data.

Features extracted from all MR image volumes were used to
assess the quality of the registration processes. These features
were selected to be anatomically meaningful since we wanted to
determine how well the registration algorithms align anatomical
structures. Furthermore, the features were selected so that they
were not related to the similarity, or the “forces” used to drive
the registration process. To be fair and objective, the evaluation
was designed to be independent of the registration algorithms
involved in this study.

We note that the extracted features on which the evaluation
criteria are based might not be perfect and might even be er-
roneous because of acquisition noise, limited precision of the
extracting algorithms, interpolation schemes, etc. This is in-
evitable despite the robustness and accuracy of the extracting
procedures. Therefore, these results should only be considered
as relative values and should not be taken as “absolute” values
of the performances of the methods. Therefore, we consider this
paper as an “evaluation” and not a “validation” of the methods.
Despite this, we think that 1) the errors can be averaged out by
the size of the database (assuming the errors are independent)
and 2) the methods are treated equally with respect to these er-
rors (assuming the evaluation features and registration methods
are independent).

Fig. 2. For each method, the mean volume (sagittal, axial and coronal
cut-planes) is obtained by averaging the deformed subjects (17 for all methods
except method A) and can be compared to the corresponding view of the
reference subject (bottom).
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IV. GLOBAL MEASURES

A. Average Volume

For each method, each subject is deformed toward the ref-
erence subject using the transformation and trilinear interpo-
lation. It thus becomes possible to compute, for each method,
a mean volume by averaging the 17 deformed subjects. Cut-
planes through the average volumes are presented in Fig. 2.
For each view, the average volume can be visually compared
to the reference subject. Furthermore, we compute the mean
square error (mse) of intensities between the average volume
and the reference volume (see Table I). Letdenote the refer-
ence volume, denote the registered and interpolated sub-
ject, denote the number of subjects registered anddenote
the number of voxels where the error is computed. Then, the mse
is defined as

The mse is not a good measure to evaluate the quality of the
registration of one subject (first it is more or less related to sim-
ilarity measure used to drive all registration methods but P, and
second it assumes that the MR scanner calibration was identical
for all acquisitions), but it is still a useful measure for evaluating
average volumes. We only compute the mse for the voxels be-
longing to the brain’s segmentation mask of the reference sub-
ject (see Section IV-B), since some methods limit the compu-
tation of the registration to a subset of voxels (e.g., stereotaxic
space for method A, segmentation mask for method I).

It must be noted that the registration of the subject 9 failed for
the method A. Therefore, and for all the experiments, subject 9
has been removed of method A’s results (i.e., the evaluation is
performed on 16 subjects for this method).

From the visual and numerical results, we are tempted to dis-
tinguish two classes of methods: D and R on one side and A,
I, M and P on the other. These results are apparently directly
related to the DOFs of each method and this point will be dis-
cussed further in Section IV-E.

B. Overlap of Grey and White Matter Tissues

The most straightforward way to assess the quality of the reg-
istration is to evaluate how the tissues are deformed from one
subject to the other. Furthermore, if the evaluation was only
based on mse, it would not be complete, as the mse is more
or less related to the similarity used to drive the registration
processes, at least for methods A, D, I, M, and R. We extract
grey matter (GM) and white matter (WM) tissues from the MR
volume using the method described in [24]. This segmentation
algorithm performs a 3-D texture analysis using a clustering
technique to give a rough classification and is refined using a
Bayesian relaxation.

This classification was used to measure how well GM and
WM overlapped after registration. For each subject, the GM and
WM classes were deformed toward the reference subject using
the deformation field (or the registration parameters, see Sec-
tion II) and trilinear interpolation. The deformed classes were

TABLE I
VARIOUS SIMILARITY MEASURESBETWEEN THEAVERAGE VOLUME AND

THE REFERENCESUBJECT. THREE DIFFERENT MEASURESHAVE BEEN

COMPUTED: MSE, MUTUAL INFORMATION (MI), AND CORRELATION. THESE

MEASURESHAVE BEEN COMPUTED ONLY FOR VOXELS BELONGING TO THE

SEGMENTATION MASK OF THE REFERENCESUBJECT’S BRAIN. RESULTS

FOR THE THREE MEASURESARE ROUGHLY COMPARABLE AND ARE

DISCUSSED INSECTION IV-E

TABLE II
OVERLAP, COMPUTED BY THE TOTAL PERFORMANCEMEASURE, BETWEEN

GM AND WM TISSUESAFTER REGISTRATION IN PERCENT. FOR EACH

METHOD, THE MEAN AND STANDARD DEVIATION OF THE MEASURE IS

COMPUTED OVER THE DATABASE OF SUBJECTS

compared to the classes of the reference subject by computing
the total performance overlap measure [1]. Letdenote the
tissue (grey or white) of a given subject deformed toward the
reference subject and denote the corresponding tissue of the
reference subject. and are compared in the volume

of the reference subject. For any set, let us note
, and the number of voxels of set . For brevity, we

only keep the total performance measure [1] defined by the
ratio where is the

number of true positives ( ), is the number

of true negatives ( ), is the number of false

positives ( ) and is the number of false

negatives ( ). For each method, the mean and
variance of this measure is computed over the database of 17
subjects, and the results are given in Table II.

These values must be interpreted carefully since we use only
binary segmentation classes which were deformed using tri-
linear interpolation. Higher order interpolation [25], combined
with fuzzy classes, would certainly give better results. We
have previously mentioned that the quantitative measurements
should not be taken as absolute values. Method M does not give
very satisfactory results, whereas methods D, I, P, and R seem
to give better and similar results. Method A appears to perform
worse than the other methods, but is computed only down to 4
mm isotropic image grid resolution.
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We have performed an analysis of variance (ANOVA) on
these overlap measures results. Conceptually, the goal of
ANOVA is to determine the amount of variability in groups
of data and to see if the variability is greater between groups
than within groups. For the ANOVA analysis, we have as many
groups as methods (i.e., we have six groups). In each group,
the number of samples is the number of subjects and each
sample being the result of the overlap between tissues after
registration. For brevity, we have combined results for GM
and WM (i.e., the number of sample is twice the number of
subjects). The strength of ANOVA is to provide a compact
measure of the intergroup variance divided by the intragroup
variance (more compact than the student t-test which would
have been needed to be performed for each subject). A high

value of the ANOVA test indicates that the groups can be
distinguished from the distribution of samples.

For the overlap of tissues, we have obtained ,
with , indicating that there is a significant statistical
difference between the methods. Fig. 3 presents the distribution
of samples for each method, and the standard deviation. One
can therefore visually appreciate in this figure the difference
between the methods.

C. Correlation of

We extract differential characteristics from the subjects with
the operator, introduced by Floracket al.[13]. This operator
is related to the principal curvatures, of the iso-intensity
surface . It can be computed by

where

and

Partial derivatives are computed with a Gaussian filter with
a scale-space parameter fixed at 2 mm. The sign ofhas a
very precise interpretation: it can be demonstrated that when
limited to the cortical region of interest (ROI) the crest of a gyrus
corresponds to a negative value of the , while a deep fold like
a sulcus corresponds to its positive part. Therefore, the sign of
the mean curvature can be used to distinguish between sulci and
gyri [15].

For each subject, we deform the correspondingaccording
to the results of a given registration method using trilinear in-
terpolation. We then compared the deformed with the
volume of the reference subject by computing a simple correla-
tion. As the is relevant on the brain only, we restrict the com-
putation of the correlation coefficient on the brain’s segmenta-
tion mask of the reference subject obtained with the method de-
scribed in the Section IV-B. For each method, we compute the

Fig. 3. Distribution of tissue overlap after registration for each method. The
ANOVA has been performed on these groups.

TABLE III
MEAN AND STANDARD DEVIATION OF THE CORRELATION COEFFICIENT

BETWEEN THEREFERENCEL AND DEFORMEDL

mean and variance of this measure over the database of 18 sub-
jects and results are given in Table III.

We observe that the mean value of the correlation coefficient
is quite low for all the registration methods. This might indicate
that the matching of cortical features is not very good, but that
point will be studied more extensively in Section V. The differ-
ence between the rigid method M (mean value of 0.01) and the
other methods is significant. Method D seems to give a slightly
better result with a mean correlation of 0.43.

On this measure, we have also performed an ANOVA, as
laid out in Section IV-B. We have obtained with

indicating that the methods provide significantly
different results. As a matter of fact, the difference between rigid
method M (mean value of 0.01) and the other methods is large.
This difference can be also observed in Fig. 4 where the distri-
bution of correlation after registration has been plotted for
each method.

D. Consistency of the Deformation Field

A key problem in registering brains of different subjects is
the consistency of the estimated deformation field. The various
ways in which the registration problem is modeled lead to dif-
ferent properties of the deformation field: continuous, differ-
entiable, one to one, onto, etc. In paper, we did not try to ex-
hibit differential properties of the field (this study is not straight-
forward because the deformation fields are defined in discrete
space), but we want to exhibit possible singularities of the field.

As noted in [5], the Jacobian of the transformation character-
izes these singularities especially zero-crossings. Recall that the
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Fig. 4. For each method, distribution ofL correlation after registration. The
ANOVA analysis has been performed on these groups.

Jacobian is the determinant of the first partial derivatives of the
transformation, thus leading to the following expression:

where ( ) are the components of the deformation field

(the transformation is defined as ). The partial
derivatives were computed using a convolution with a Gaussian
derivative filter with standard deviation equal to twice the spatial
resolution of the voxels.

First, we compute for each method the percentage of subjects
for which we encounter voxels having a negative Jacobian. All
methods have a positive Jacobian except for method D where
13 out of 17 (76.5%) transformations were subject to folding
as detected by zero-crossings of the discrete Jacobian. Further-
more, we have computed, for each subject and only for method
D, the percentage of voxels where the Jacobian is negative. We
have found that 0.6% on average of voxels had a negative Jaco-
bian which represents less than voxels in a volume of size

. This number represents the average number of sin-
gularities of the deformation field.

In addition to this, we would like to stress the following state-
ments:

• We have computed the Jacobian in the discrete domain.
The positivity of the Jacobian in the discrete domain does
not necessarily ensure that the Jacobian is positive in the
continuous domain. However, when the Jacobian goes
negative in the discrete domain, it is likely to be true also
in the continuous domain.

• The positivity of the Jacobian does not ensure that the
transformation computed from volumetoward volume

is the inverse of the transformation computed from
volume toward volume .

E. Partial Conclusion

In this section, global measures have been used to evaluate
the registration algorithms. Except for the mse between the av-
erage volume and the reference volume, it must be noted that
the measures rely on anatomical features (grey and WM tissues,

volume) that are not linked to the similarity used to drive
the registration process.

As expected, method M, which is only a rigid transforma-
tion, gives the poorest results for intersubject matching. These
measures make it possible to distinguish rigid and non rigid
methods. More precisely, we think that the results are very re-
lated to the DOFs of the estimated transformations. A gross clas-
sification of the methods, from the lowest DOF to the highest,
would be: M(rigid), P (piecewise affine), A (grid of 4 mm) and
I (the inverse consistency constraint reduces the DOF of the
transformation), R and D (dense deformation field with similar
DOF). The results for global measures follow more or less the
same order.

However, one should be careful when increasing the DOFs
of the estimated transformation. As noted in Section IV-D, the
Jacobian of the transformation might go negative, expressing a
singularity of the field. It is difficult to affirm which properties
of the deformation field are realistic. One could imagine that the
Jacobian would tend to zero in areas where anatomical struc-
tures undergo a modification of topology (for instance, a sulcus
being present or interrupted for different subjects).

V. LOCAL MEASURES

A. Segmentation of Cortical Sulci

Descriptive anatomy of the cerebral cortex is based on its
subdivision in a set of sulci and gyri. The sulci are of great in-
terest in this paper since they are relevant anatomical and func-
tional landmarks. Due to the interindividual cortical variability,
the matching of sulci is crucial to evaluate different registration
methods.

Different authors have studied the detection and segmentation
of cortical sulci [15], [29], [35], [36], [38], [43], [47], but we will
only describe briefly the method we use in this paper [15]. The
sulci shapes are extracted with the help of differential geom-
etry and more precisely the curvature information. The “active
ribbon” method makes it possible to model sulcal patterns by a
set of surfaces in 3-D space, defined as B-splines, representing
the buried part of the cerebral cortex.

A compact numerical description of a sulcus can be obtained
by modeling this sulcus with a surface representing its deep
part. The method used is based on the active contour paradigm
evolving from a 1D curve located at the external part of the brain
to a 2D surface modeling the medial axis of the sulcus. Since a
detailed description of this method can be found in [15], we only
recall its main stages below.

1) Segmentation of Cortical Regions:Prior to the extraction
of cortical features we use a cooperation between contour-based
and region-based segmentation methods in order to extract the
brain and to label the GM and WM and cerebrospinal fluid
(CSF) regions [24]. From this brain tissue classification proce-
dure, a mask representing the cortex with the CSF included in
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its folds is computed [15]. Two different anatomical structures
belong to this mask: the gyri and the sulci. This mask is called
cortical ROI.

2) Segmentation of Cortical Folds:The goal is to charac-
terize sulci and gyri within the cortical ROI. As long as we deal
with these highly convoluted shapes, one natural way to charac-
terize sulci from gyri is to analyze the curvature information of
all iso-intensity surfaces belonging to the ROI. Differential ge-
ometry allows us to describe the shape of an iso-surface by its
two principal curvatures and by a combination of them, namely
the Gaussian and the mean curvatures. The operator used to
compute curvature information is a 3-D extension of the
operator introduced by Florack [13], which has already been de-
scribed in Section IV-C.

3) Numerical Modeling of Sulci Using “Active Ribbons”:A
compact and parametric description of a sulcus can be obtained
by a medial surface representing the buried part of this sulcus.
The method used here consists of modeling this surface by using
an “active ribbon” which evolves in the three-dimensional space
from a 1D curve at the learning stage to a 2D surface at the final
step. “Active ribbons” are based on the active model paradigm
and simulate the behavior of a physical object submitted to a set
of forces. Forces are defined such that a curve evolves from its
initial position at the surface of the brain to the bottom of the
sulci.

For each subject of the database, we extract 12 major sulci
with the method described above. The sulci used for the evalu-
ation project are the central sulcus, precentral sulcus, postcen-
tral sulcus, sylvian fissure, superior frontal sulcus and superior
temporal sulcus. Fig. 5 shows a volume rendering of the left
cortex of the reference subject with the segmented sulci. It is
well known that cortical sulci may be interrupted [32]. The “ac-
tive ribbon” method makes it possible to extract topologically
varying sulci with each part of a sulcus being described by a
B-spline.

We used these extracted sulci to assess locally the registra-
tion of the different methods. For each subject, each sulcus is
deformed toward the reference subject using the transformation
from the given registration method. Since the sulci are modeled
by 3-D B-splines and their associated control points, we deform
each control point of the spline using trilinear interpolation. The
deformed control points naturally define the deformed sulcus
which can be compared to the corresponding sulcus of the ref-
erence subject.

We visualize how sulci deform toward the corresponding
sulcus of the reference subject in Section V-B. Beyond visu-
alization, a numerical evaluation is performed in Section V-C
by computing distances between deformed sulci and corre-
sponding sulci of the reference subject.

B. Visualization of Deformed Sulci

We have chosen to visualize how the left central sulci of the
17 subjects deform toward the left central sulcus of the reference
subject. Fig. 6 shows the left central sulcus of the reference sub-
ject in yellow, the left precentral sulcus of the reference subject
in red, and the left postcentral sulcus of the reference subject
in green. The left central sulci of the different subjects are de-

Fig. 5. Extracted sulci on the left hemisphere of one subject: central sulcus,
precentral sulcus, postcentral sulcus, superior frontal sulcus, lateral sulcus and
superior temporal sulcus. The deep parts of the sulci are also segmented but not
visible on that figure due to the volume rendering of the subject’s brain.

Fig. 6. Left central sulci of the database deformed toward the reference
subject. The deformed sulci should ideally be superimposed to the left central
sulcus of the reference subject (white). The left precentral sulcus (bottom, light
gray) and postcentral sulcus (top, light gray) of the reference subject are also
drawn. One should note that although deformed sulci are almost always in
between the postcentral and the precentral sulci, the variability and dispersion
of deformed sulci around the central sulcus is quite large.

formed toward the reference subject and are drawn in blue. Ide-
ally, the blue sulci should be superimposed on the yellow sulcus.

It can be observed that (a) the different registration methods
seem to give a significant dispersion around the reference
sulcus and (b) it seems difficult to distinguish visually the
performances of registration methods. The postcentral and
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precentral sulci of the reference subject (in red and green)
give the order of magnitude of the dispersion and indicate that
deformed central sulci are located in between these two sulci.
However, in most cases, a crude identification algorithm (i.e.,
labeling deformed sulci as central sulci) based on the position
of deformed sulci with respect to the left central reference
sulcus would probably not give satisfactory results.

C. Numerical Evaluation

Beyond visualization, a numerical evaluation is needed. In
this section, we investigate two measures that reflect more or
less two aspects: the global positioning of sulci on the one hand
(Section V-C1) and the similarity of shapes on the other hand
(Section V-C2).

1) Distance Between Registered Sulci:To assess how well
sulci are matched, we compute the distance between a sulcus
deformed toward the reference subject and the corresponding
sulcus of the reference subject. It is an interesting but chal-
lenging question to know how sulci should be matched. There-
fore, we compute four distances :

• As explained in Section V-A, sulci are modeled by
B-splines, and may be resampled. It is possible to asso-
ciate the distance between sulci to the distance between
control points. This distance assumes that there is a
one-to-one correspondence between sulci control points.
There might be cases where homologous sulci are in-
terrupted. In this case, we use the following procedure
(see Fig. 7) : 1) If we note as the maximum depth
( ), the sulci are resampled along
the depth direction in order to obtain the same number
of control points ( ) for all the sulci segments on their
depth axis. 2) Note ( is the length
of the uninterrupted sulcus and and and the length
of the interrupted sulcus). If , the sulcus
is resampled by a factor of and sulci
remain identical. If , then the sulci segments

are resampled by a factor of
while sulcus remains identical. When two homologous
sulci are both interrupted, we match each segment as
if they were continuous. This is possible because we
have a labeling of each piece, Inferior-Superior (for
the precentral sulcus for instance) or Anterior-Posterior
(for the superior temporal sulcus for instance). We have
presented an approach for a sulcus described by two
distinct segments, but this method can easily be extended
if we have to deal with sulci having more segments. This
distance between control points is referred to as distance

.
• A distance between sulci can be given by the distance

between centers of gravity. This distance between sulci
gravity centers is referred to as distance.

• The assumption of control points correspondence is ques-
tionable. Consequently, we compute a distance based on
the assumption that a point of a sulcus should correspond
to the nearest point on the other sulcus. This distance be-
tween sulci closest points is referred to as distance.

Fig. 7. Left: distances of two homologous sulci, one being interrupted.

TABLE IV
AVERAGE DISTANCE IN FRACTIONAL VOXELS BETWEEN REGISTERED

SULCI AND CORRESPONDINGSULCI OF THE REFERENCESUBJECT. FOUR

DISTANCES HAVE BEEN COMPUTED: D DISTANCE BETWEEN SULCI

CONTROL POINTS; D DISTANCE BETWEEN SULCI GRAVITY CENTERS; D
DISTANCE BETWEEN SULCI CLOSESTPOINTS; D SYMMETRIC HAUSDORFF

DISTANCE. FOR ALL DISTANCES, THE MEAN IS COMPUTED FOR ALL THE

SUBJECTS AND ALL THE SULCI

• A classical distance between shapes is the Haus-
dorff distance. Between two point sets and

, the symmetric Hausdorff distance is defined
as , where

. This measure isa
priori sensitive to noise. This symmetric Hausdorff
distance is referred to as distance.

To present a compact measure, the mean of each distance is
computed for all the subjects and all the sulci (we have 12 sulci
extracted for each of the 18 subjects). Results are presented in
Table IV where the distances are expressed in fractional voxels
(the resolution of the voxels is 0.93mm, see Section III for more
details).

We have performed an ANOVA on the distance measurement
, as laid out in Section IV-B. The following results have been

obtained: with . Based on these results,
it seems difficult to distinguish clearly the registration methods.
In other words, the variability within groups (intramethod vari-
ability) is quite comparable to the variability between groups
(intermethod variability). Both variances are shown in Fig. 8
where the distribution of mean sulci distance has been plotted
for each method.

It is also interesting to compute the distance for particular
sulci. We chose to restrict the computation of to the cen-
tral sulci, superior frontal sulci, and sylvian sulci (left and right
hemisphere). These results are presented in Table V. It can be
seen that the distances for the central sulci are significantly
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Fig. 8. Distribution of mean sulci distanceD after registration. Since the
distances give the same classification, we have retained distanceD for the
ANOVA.

lower which could be explained by the stability of the central
sulcus over individuals [32]. A surprising result comes from the
superior frontal sulcus for which the method M (rigid registra-
tion), gives a better matching than nonrigid methods.

2) Statistical Study of Deformed Shapes:The distance be-
tween registered sulci is not a sufficient measure to characterize
how sulci deform. This is illustrated in Fig. 9, where two sulci
1 and 2 are deformed toward the reference sulcus. Sulcus 1 is
probably the best in terms of positioning, but sulcus 2 may be
better in terms of shape. To characterize shape similarity, we use
the principal components analysis (PCA) technique [8].

For each method, we have a population of shapes that are
computed from the sulci of the different subjects deformed to-
ward the reference subject according to the transformation of
the considered registration method. The purpose of PCA is to
analyze the variations of each shapewith respect to the refer-
ence shape (the reference sulcus). The main idea of PCA is
to decompose the displacement on the eigenvec-
tors of the covariance matrix ( ).
This decomposition induces a metric of the shape space.

For brevity, we have chosen to consider the trace of the co-
variance matrix. This measure reflects the entire variation of the
population around the reference sulcus along all the axes of the
decomposition. Furthermore, traces can be compared since it is
invariant when the axes of the decomposition change (under the
condition that the referential spaces are orthogonal). These re-
sults are given in Table VI for the left central sulci, left superior
frontal sulci, and left sylvian sulci. For each method, the trace
is normalized by the number of subjects involved.

In addition to the total variation along all axes, it is possible
to compute the percentage of total variation that is explained by
each mode. Fig. 10 presents the relative importance of variation
modes for the first few modes (the next modes are not relevant
since they explain less than 1% of variation). We observe that
the importance of the first modes for nonrigid methods is greater
(the two first modes explain more than 75% of the dispersion for

TABLE V
MEAN DISTANCE BETWEEN DEFORMEDSULCI AND CORRESPONDINGSULCI

COMPUTED ONSUB-GROUPS OFEXTRACTED SULCI (CENTRAL SULCI,
SUPERIORFRONTAL SULCI, AND SYLVIAN FISSURE)

Fig. 9. The sulcus R is the reference sulcus, and sulci 1 and 2 are deformed
sulci that should ideally match the reference sulcus. Which one is the best?

TABLE VI
FOR THREE DIFFERENTPOPULATIONS OFSULCI, THE VARIATIONS OF

DEFORMED SULCI CAN BE ANALYZED BY PCA. THE TRACE OF THE

COVARIANCE MATRIX, NORMALIZED BY THE NUMBER OF SUBJECTS,
EXPRESSES THEENTIRE VARIATION OF DEFORMEDSULCI AROUND THE

REFERENCESULCUS IN THE SHAPE SPACE. THE LOWER THETRACE, THE

LOWER THEVARIATION AROUND THE REFERENCESULCUS

Fig. 10. Relative importance of variation modes for each registration method.
Non-rigid methods A, D, I, and R are characterized by a strong first mode
(almost 70% of total variation) while methods M and P have more equally
distributed modes.

methods A, D, I, and R). The variation modes for rigid methods
seem to be more equally distributed.
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D. Partial Conclusion

In this section, we used local measures based on matching
sulci to evaluate different registration methods. These local
measures are based on matching cortical sulci extracted with the
method described in [15]. We have provided visual inspection
and numerical evaluation of the registration of sulcal patterns.

These measures do not make it possible to affirm that non-
rigid methods used in this paper perform better in registering
major cortical sulci from different subjects. This result is quite
surprising.

In addition, average distances between deformed sulci and
reference sulci should be compared to average distances be-
tween neighboring sulci of the reference subject. Let us note
that for the reference subject, the distance between the precen-
tral (respectively postcentral) sulcus and the central sulcus is 25
voxels (30 voxels, respectively). These distances are four times
larger than the distances between deformed left central sulci and
the reference left central sulcus displayed in Table V. In other
words, the left central sulci of the subjects deformed toward the
reference subject are on average four times closer to the central
sulcus than they are to postcentral and precentral sulci. This re-
sult combined with topological knowledge about the sulci (i.e.,
the central sulcus is in between the precentral sulcus and the
postcentral sulcus) could be used to automatically identify sulci
on the basis of a nonrigid registration method.

VI. CONCLUSION

The questions that motivated our study (relevance, existence,
and expectations of intersubject registration methods) are chal-
lenging issues. In this paper, we have proposed an evaluation
framework for methods that aim at registering brains of different
subjects. Global and local measures of the registration have been
used to evaluate six registration methods on a database of 18
subjects. The relevance of various methods to register anatom-
ical structures has been investigated. More precisely, we fo-
cused on the matching of cortical patterns which are relevant in
the context of anatomical and functional normalization. On one
hand, global measures show the efficiency of nonrigid methods
and indicate that the quality of the registration increases with
the DOFs of the estimated transformation. On the other hand,
rigid and nonrigid methods give surprisingly similar results for
local measures which are based on the matching of major cor-
tical sulci.

We computed the Jacobian of the transformation to investi-
gate whether singularities of the deformation field are present.
This study has revealed that all methods except method D pro-
duce positive Jacobians of the transformation. We first state that
the Jacobian measure has been computed in the discrete domain.
In order to affirm that the transformation can be inverted, the
transformation has to be continuous, piecewise differentiable
and have a positive Jacobian in the continuous domain. The pos-
itivity of the Jacobian at discretization nodes does not neces-
sarily ensure that this property is true in the continuous domain.

To explain the surprising results concerning the matching of
cortical sulci, we must first keep in mind that the variability of
cortical patterns between individuals is very high [32]. We could

be tempted to affirm that the modeling of the problem, based on
the matching of voxels having comparable luminance, might not
be adapted to address this huge variability. All methods would
benefit by combining landmarks with intensity-based registra-
tion. Some methods have been proposed to explicitly introduce
sparse constraints in the registration process [2], [4], [6], [20],
[22].

A questionable issue is the choice of the reference subject. In
this study, it is quite difficult to assess the impact of that choice
on the results. However, we note that some studies have been
conducted [18] indicating that this choice has a minimal influ-
ence on the result. Ideally, this study should have been con-
ducted 18 times using a different reference subject each time.
The major problem would then be the resource management (the
data to be transfered would then be larger than 1300 GB).

Future work should focus on functional data. It would be in-
teresting to know what the impact of nonrigid anatomical reg-
istration has on the variability (spatial dispersion) of the func-
tional data since intersubject registration methods are also ded-
icated to the anatomo-functional mapping.
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