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Abstract: In this paper, we investigate the introduction of cortical constraints for non rigid
inter-subject brain registration. We extract sulcal patterns with the active ribbon method,
presented in [24]. An energy based registration method [21] makes it possible to incorporate
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and the global “iconic” similarity. We show the objective benefits of cortical constraints on
a database of 18 subjects, with global and local measures of the registration’s quality.
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Utilisation jointe de données denses et éparses pour le
recalage non rigide

Résumé : Dans ce rapport de recherche, nous introduisons des contraintes locales pour
Pestimation d’un champ dense de déformation entre les cerveaux de deux sujets différents.
Nous avons choisi comme contraintes locales les sillons corticaux, extraits avec la méthode
des “ruban actifs” décrite dans [24]. Le cadre énergétique, présenté dans [21], et sur lequel
repose la méthode de recalage, permet d’intégrer de maniére naturelle les contraintes locales.
Les deux approches, “iconique” d’une part, et “landmark-based” d’autre part, peuvent alors
s’exprimer dans un cadre unifié. Sur une base de donnée de 18 sujets, pour lesquels nous
avons extraits 12 sillons majeurs par sujet, nous montrons ’apport objectif de la contrainte
corticale pour le recalage non rigide de sujets différents.

Mots-clés : Mise en correspondance, recalage d’atlas, contraintes corticales, minimisation
multigrille, estimateurs robustes
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1 Introduction

During the last few years, the development of electronic brain atlases has emerged by over-
coming some limitations of traditional paper-based atlases. In particular, nonlinear regis-
tration methods were developed. They concentrate on the modeling of the interindividual
morphological variability by the design of deformation models able to give an account of
this variability [32] [31]. The development of intersubject registration methods is motivated
by the possibility to match segmentation and labeling of anatomical structures from one
template to one particular subject. An assumption is made that if a template (atlas) exists,
labels of this template can be deformed into another subject, under the assumption that
there is a total relation between the points of the atlas (source) and the points of the studied
subject (destination). This objective has been pursued for a long time in medicine and was
traditionally treated by paper atlases with generally rather simple transformations. The
most known example is the atlas of Talairach with its famous AC-PC referential and its
related proportional squaring [43, 44, 45].

Another objective is to use the same framework for a better interpretation of cerebral
functions observed through brain functional imaging (SPECT, PET, MEG/EEG, fMRI).
Indeed, the links between anatomy and functional organization are often badly known: the
superimposition of multi-individual neurofunctional recordings on the same anatomy is use-
ful to better understand the human brain functional organization. In this case, inherent
anatomical variability between individuals may disturb this interpretation. Therefore, spa-
tial normalization, which is the goal of non rigid registration methods, makes it possible to
address directly the functional variability (under the assumption that two variabilities are
not correlated). A better knowledge of this anatomy-function relationship is of great interest
for the researcher in cognitive neuroscience, as well as for the surgeon and the neurologist
who intend to delineate relevant functional areas before intervention in that region.

In this paper, we propose a unified framework for non rigid registration of brains, com-
bining a global registration approach with sparse constraints. We explicitly use it with
cortical sulci constraints in that case.

1.1 Non-linear registration with local constraints

An increasing number of authors study this registration problem [1, 3, 7, 9, 14, 16, 18, 19, 33,
4, 35, 38, 40, 47, 51]. We refer the reader to [28] for an overall survey on that subject. These
methods are generally divided into two groups: those which deal with image similarities to
find a good match between brain images, and those which try to use landmarks to solve
this problem. Very few methods propose a cooperation scheme between these two classes
of matching features. Gee et al. [20] have proposed a Bayesian unified framework to this
problem but without experimentations on real 3D data. Actually, the problem is to find a
transformation which more or less conserves the topology of the brain while being able to
adapt to local topological variations. For instance, a cortical sulcus may be present in one
segment for one subject while being split in three parts for a second one, or even absent for
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4 Pierre Hellier , Christian Barillot

a third subject. These variations can even be observed between two hemispheres of a single
subject .

Many applications where brain warping is needed face this problem. There are some
strong arguments to control non-rigid matching of brain data by local cortical landmarks.
Recently Collins et al. [11, 12] investigated the introduction of sulcal constraints, which
have been introduced on the basis of a chamfer distance between corresponding sulci of the
source and target volumes. The evaluation on real data have shown first the important
lack of precision in the cortex of methods dealing only with image intensities, and also the
benefits that can be expected with local cortical constraints. However, sulcal constraints
have been introduced without any specific formal framework, only the orthogonal projection
of a sulcus onto its correspondent is used, as shown in the figure 1.

Following the same idea, Vaillant et al. [49] use cortical constraints for non-rigid reg-
istration. The 3D registration is viewed as a deformation of a surface on which the sulcal
constraints are defined like curves. The elastic registration tries to match points with similar
curvatures, which is a somewhat debatable assumption. This approach is quite similar to
the one proposed in [47], where the surface deformation takes only into account the sulcal
constraints detected on the brain external surface. Chui et al. [8] propose the RPM al-
gorithm ("robust point matching"), which explicitly incorporates sparse constraints. The
sulcal points are manually extracted by an expert, and are integrated in an minimization
algorithm which seeks first a global affine transformation, then a piecewise affine one.

sulcus A

Figure 1: Integration of sulcal constraints using a chamfer distance criterion. Only orthog-
onal projections are retained for the registration constraints. An ICP matching algorithm
would give similar results.

INRIA



Coupling dense and landmark-based approaches for non rigid registration 5

2 Previous work

In that section, we describe briefly our previous work, on which the registration method is
based. More details can be found in [21].

2.1 Formulation of the registration problem

The registration process is expressed as the minimization of a cost function depending on
two terms: a similarity measure, chosen as the optical flow, and a regularization term. The
optical flow hypothesis introduced by Horn et Schunck [22] expresses that the luminance of a
physical point does not vary much between two volumes to be registered. The regularization
term is defined according to the quadratic difference of the deformation field computed
between neighbors. Therefore the cost function to be minimized can be expressed as:

Ui f) = YAV F(s.8) - w + fils, O+ 3 [lw, — w2, (1)

seS <s,r>ecC

where s is a voxel of the volume, ¢ is the index of the volumes, f is the luminance function, w

is the expected 3D displacement field, S is the voxel lattice, C is the set of neighboring pairs

and a controls the balance between the two energy terms. The first term is the first order

Taylor-expansion of the luminance conservation equation and represents the interaction

between the field and the data, whereas the second term expresses the smoothness constraint.
The weaknesses of this formulation are known:

(a) The optical flow constraint (OFC) is not valid in case of large displacements because
of linearization.

(b) The OFC might not be valid everywhere, because of the noise, intensity non-uniformity,
and occlusions.

(c) The “real” field probably has discontinuities that might not be preserved.

To cope with (b) and (c), the quadratic cost has been replaced by robust functions. To
face the problem (a), a multiresolution and multigrid strategy has been designed.

2.2 Robust estimators

Cost function (1) is sensitive to noise, since it does not make any difference between relevant
and inconsistent data. Therefore robust M-estimators have been introduced [2]. An M-
estimator is a function p that is (i) increasing on RT, such that (i) ¢(u) = p(/u) is strictly
concave on Rt and (iii) lim,_ o p'(z) < co. The main benefit of robust M-estimators is the
semi-quadratic formulation that can be deduced from (ii):

Fp € C1([0, M],R) : Vu, p(u) = zér[%]i’ri/[] (zu® + () , (2)
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Multiresolution structure Multigrid minimization

A e
- VR e
V. 4

Figure 2: Example of multiresolution/multigrid minimization. For each resolution level (on
the left), a multigrid strategy (on the right) is performed. For clarity reasons, this is a 2D
illustration of our 3D algorithm.

Two robust estimators have been introduced into the cost function: one for the data term
(p1) and the second one for the regularization term (ps). According to (2), the minimization

of the cost function (1) is equivalent to the minimization of the augmented function, noted
*

U:
ﬁ(wa55ﬂ§ )= 253 (Vf(s,t) ws + ft(Sat))z +1(0s) +a Z Bor (|lws — w?‘“)z + ¥2(Bsr),

seS <s,r>eC
3)

where §; and (. are auxiliary variables acting as weights. This cost function has the
advantage to be quadratic with respect to w. Furthermore, when a voxel s does not validate
the model, the corresponding weight §5s = ¢} ([V f(s,t) - ws + f;]?) decreases, making this
formulation more robust than 1.

2.3 Multiresolution and multigrid minimization

In order to cope with large displacements, a classical incremental multiresolution procedure
has been developed. A pyramid of volumes {f*} is constructed by successive Gaussian
smoothing and subsampling. At the coarsest level, displacements are reduced and the lin-
earization hypothesis (linear expansion of the optical flow hypothesis) can be used. At the
subsequent resolution level &, only an increment dw” is estimated and used to refine estimate
w" derived from the previous level.

Furthermore, at each resolution level, a multigrid minimization based on successive par-
titions of the initial volume is achieved (see Fig. 2). A grid level is associated to a partition
of cubes. At a given grid level £, a 12-dimension parametric increment field is estimated over
each cube of the grid. The resulting field is a rough estimate of the desired solution, and
it is used to initialize the next grid level. This hierarchical minimization strategy improves
the quality and the convergence rate.

INRIA
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The partition at the coarsest grid level is defined using a binary segmentation mask
of the structure of interest. Within this work, the mask is a segmentation mask of the
cortex obtained by morphological operators. The octree partition which is thus defined is
anatomically relevant. When the grid level changes, each cube is adaptively divided. The
final result is a piecewise parametric deformation field.

3 Extraction of cortical sulci

3.1 related work

Descriptive anatomy of the cerebral cortex is based on its subdivision in a set of sulci and
gyri. The sulcal patterns can be modeled by a set of surfaces in 3D space representing the
buried part of the cerebral cortex.

Taking advantage of MRI which accurately represents in-vivo cortical anatomy, detailed
description and representation of the cortical sulci can be integrated in a morphological
interpretation process. For example, three dimensional visualization of the sulcal patterns
allows improved planning of the operative pathway and facilitates context localization during
surgery. In the context of this paper, these sulci serve as landmarks to control the inter-
subject non-linear registration process.

The sulci segmentation and identification task is a real three-dimensional data analysis
issue, but only the use of adapted image analysis and pattern recognition procedures could
make this problem manageable. There are two main issues within the topic of labeling the
sulci or labeling the lobes or the gyri : one addressing the problem of feature extraction
for segmenting the sulci, and one addressing the problem of the identification of cortical
structures (lobes, gyri, sulci):

Extraction of Cortical Features: One of the main aspects of cortical feature extraction
methods is to represent cortical sulci efficiently. Methods dealing with this problem can
be divided into two main categories depending how the cortical folds are defined. Some
methods define a sulcus from its structural information, basically a cortical fold filled by
CSF [25, 29, 39, 41, 42, 48, 52]. Other methods define a sulcus from its shape; basically
a sulcus is a highly convoluted shape. One relevant method to analyze sulci shapes is the
differential geometry and more precisely the curvature information [24, 46].

Identification of Cortical Regions: The objective is to label cortical regions like lobes,
gyri or sulci. The identification can be based on an atlas matching paradigm [6, 10, 40] or
based on a symbolic / numeric data fusion scheme using probabilities [26, 37] or heuristics
[15]. One of the problems these methods meet is the great variability of the cortical folds
and the difficulty in analyzing them hierarchically. However, it should be remarked that
the most important sulci (functionally speaking) are in general the deepest and the most
constant (in terms of presence, orientation and position). On the other hand it should be
remarked that most sulci also have a great structural variability (e.g. splitting in segments),
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which makes the emergence of automatic recognition procedures very difficult in general
(even if statistical maps can be used for a gross automatic labeling of some major sulci [26]
or even neural networks based on a learning data set [37]).

3.2 Modeling of sulci using active ribbons

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 median axis of the sulcus and can be decomposed into two different stages [24]
: Segmentation of the 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 gray and white matter and CSF regions [23]. From this
brain tissue classification procedure, a mask representing the cortex with the CSF included
in its folds is computed [24]. Two different anatomical structures belong to this mask: the
gyri and the sulci. This mask is called cortical ROI. Segmentation of cortical folds : The
goal is to characterize sulci and gyri within the cortical ROI. As long as we deal with these
highly convoluted shapes, one natural way to characterize sulci from gyri is to analyze the
curvature information of all iso-intensity surfaces belonging to the ROI. Differential geometry
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 3D extension of the Lvv operator introduced by Florack
[17]. It can be expressed as:

MLy, (2,y,2) = — I2(Ly, + L) — 2I,1,1,,)

1
ATl

(I (Log + I.2) — 2L L1,.) + (I2(Loo + Iyy) — 211, 1,y)]

with ou(1( )
_ z,Y,% . L
Iziyjzk — W Wlth u =1 +J +k
and 12
lw|* = (I + I + I2) '~
Partial derivatives are computed with a gaussian filter, whose scale-space parameter is fixed
at 2 millimeters. The sign of M L,,, has a very precise interpretation : it can be demonstrated
that when limited to the cortical ROI the crest of a gyrus corresponds to a negative value
of the M L,,, while a deep fold like a sulcus corresponds to its positive part. Therefore, the

sign of the mean curvature is sufficient to separate sulci from gyri [25].

Numerical modeling of sulci using "Active Ribbons": A compact and a parametric
description of a sulcus can be obtained by a median surface representing the buried part
of this sulcus. The method used here consists in modeling this surface by using an "active

INRIA
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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 simulates the behavior of a physical object submitted to a set of forces. Forces are
defined such as a curve evolves from its initial position at the surface of the brain to the
bottom of the sulci. The successive loci of this curve describe the shape and the position of
the sulcus within the brain and are used to define the 2D surface which finally approximate
through the action of new forces.

3.3 Matching of sulci

The cortical sulci are extracted using the algorithm described in [24].

3.3.1 Contiguous sulci

The sulci are modeled with B-splines, which facilitates their numerical manipulation. In
particular, the resampling of these shapes is possible on each axis. For the registration
of a subject A towards a subject B, we consider the homologous sulci between these two
subjects. For each pair of homologous sulci, the sulcus containing with fewer control points
is resampled so that the two homologous sulci are finally described by the same number of
control points. Then, we explicitly put in correspondence the control points of these two
sulci. This is summarized on the figure 3. On the support of the constraint sulci of the
source volume, we thus define a sparse constraint deformation field which can be integrated
thereafter in the estimate.

K

Subject A

Subject B

Figure 3: Matching of two homologous sulci. The sulcus with less control points is resampled
in order to obtain the same number of control points on each azxis, namely N; et Np.
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3.3.2 Interrupted sulci

Generally we also have to deal with interrupted sulci (especially when homologous sulci do
not have the same number of segments (see figure 4). In this case, we use the following
procedure :

e If we note p,, the maximum depth (p,, = max{po,p1,p2}), the sulci are resampled
along the depth direction in order to obtain the same number of control points (py,)
for all the sulci segments on their depth axis.

e Note l,,, = max{ly +ls,lp}. If L, =11 + 12, the sulcus 0 is resampled by a factor of ll—’g,

and on the other hand sulci segments 4,4 € {1,2} are resampled by a factor of ll’%

On the figure 4, the curvilinear abscissa of point Mj along the sulcus 0 length is ﬁ—;, if this
curvilinear abscissa is normalized between 0 and 1. At My, the constraint field corresponding
to the sulci matching is not contiguous.

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 Antero-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.

My

Sulcus 0

Po

Figure 4: Matching of two sulci, with one of them interrupted. At My (curvilinear abscissa
% ), the constraint field is discontinuous.

INRIA
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3.3.3 Sparse constraint deformation field

In every cases, we finally obtain two sulci each describes by N control points. The sulcus
of the source volume is described by a set of control points S; = {C§...C%}, when the
homologous sulcus in the target volume is described by S; = {C%...C{}. For each point

Si, a constraint field can be explicitly computed : Vk € {1...N},w§ = CECE. Let us note
S, = S; the kernel of the sparse constraint field.

Contrary to the matching approaches based on a distance measure (chamfer, ICP), this
algorithm matches explicitly all sulci points. This mapping procedure may be discussed,
because we do not know if it is anatomically plausible. Is it necessary to explicitly match the
sulci extreme points? How to manage the sulci interruptions? In the absence of anatomical
assumptions, it appeared more reasonable to us, at least at a primer stage, to implement
this cortical mapping process. At the end of this process, we obtain a constraint field w¢,
which is defined on the support of source volume.

In order to reduce the sensitivity of the constraint field to sulci segmentation errors, we
perform a non isotropic regularization of the field which can somewhat be compared as a
3D adaptation of the Nagao filtering [34]. The field is smoothed with an anisotropic filter
that considers voxels belonging to the kernel of the sparse constraint field. We perform the
smoothing for a given number of iterations, and at each step, the output is a median filtering
of the field.

In the following, the proposed approach considers the existence of a constraint field w¢,
which is not, in principle, strictly limited to the incorporation of sulcal constraints.

4 Integration of sparse constraints

The sparse deformation field w® must be integrated in the formulation of the registration
problem. As in [20], we incorporate that information as a third energy term. The cost
function therefore becomes:

Uw; fw) = Y [Vi(s,t) ws + f(s,t)* +a Y lws —wl* +a Y [lw, —wi,

seS <s,r>eC s€S.
(4)

where a° is a parameter that balances the weight of the sparse constraint.

The matching of local structures might not be correct for all the points. As a matter
of fact, there might be some segmentation errors, and these points should not be used as
a hard constraint. Furthermore, we do not always know if it is anatomically correct to
assume a one-to-one correspondence between the landmarks. Therefore, we introduce a
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robust estimator 13 on the local constraint term. The cost function is modified as:

Uw,8,60) = 36, (Vf(s,8)-ws + (s, ) + 10 +a S Bur (s = w, D + 2 (Bir)

seS <s,r>€C

+ac Y Yalllws — wil)? + s (vs)- (5)

SES.

The sparse constraint and the associated robust function introduce two new external pa-
rameters, a and 3. However, these parameters are fixed with relative high values, as the
constraints must be largely taken into account.

The minimization scheme is unchanged, with respect to our previous work. We alter-
nate between estimating the weights of the robust functions are estimating the deformation
field. Once the weights are estimated and “frozen”, the multigrid estimation of the field is
performed through an iterative Gauss-Seidel scheme.

The local constraint has a relative spatial influence for two reasons. On the one hand,
the standard regularization term propagates the local constraint because the minimization
is alternated. One the other hand, the multigrid minimization, described in details in our
previous work [21] makes it possible to estimate a deformation model on specified cubes,
which will propagate the local constraint to a large group of voxels that compose the cube.

5 Experiment study on a 18 subjects database

To evaluate the benefits of cortical constraint, we have acquired a database of 18 subjects.
For each subject, 6 main sulci per hemisphere have been extracted: central, precentral,
postcentral, sylvian, superior temporal and superior frontal. The figure 5 presents a volume
rendering of one subject’s brain, with the extracted sulci. Among the 18 subjects, one has
been chosen as a reference subject, and all the subjects have been registered onto this subject,
with the previous unconstrained method and the constrained one. For both methods, we
keep the same set of parameters for all the subjects. We have designed global and local
measures to assess the quality of the registration, and to compare the original method to
the constrained one.

5.1 Global measures

Once every subject of the database has been mapped into the reference subject, it is possible
to compute a mean volume, by averaging the 17 deformed volumes. Note that all the volumes
are computed with the estimated deformation field and trilinear interpolation. The results
are presented on figure 6, with axial, sagittal and coronal views for both methods.

Looking at cortical areas, we can see that the average volume is less blurred and more
similar to the reference volume. On other regions, the results are identical. In order to
assess numerically the difference between the methods, we compute the mean square error
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13

Figure 5: Extracted sulci on the left hemisphere of one subject.
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Previous work

Constrained registration

Reference subject

INRIA
Figure 6: Awerage volumes, computed with the 17 deformed subjects. The volume corre-

sponding to the constrained method is more precise on the cortex.
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(MSE ') between the averaged volumes and the reference volume. We compute two errors:
an average error for all the voxels of the volume, then an average error, restricted to the
voxels that belong to the segmentation mask of the reference brain. Results are presented
on table 1, and show the benefit of the cortical constraint, as the error decreases by 25%.
We are aware that the MSE is not a good measure to assess the quality of the registration
when we consider two subjects. Notwithstanding that, the MSE is valuable when compring
the average volume (computed with 17 registered volumes) to the reference volume, and is
also valuable when comparing two different methods. At that stage, the evaluation is not

Computation for Computation restricted to
all the voxels the segmentation mask of the brain
Previous work 750.4 624.5
Constrained registration 545.2 506.7

Table 1: Mean Square error (MSE) between the average volume and the reference volume.
We present two mean errors: the first one is computed for all the voxels of the volume,
whereas the second one is computed only on the segmentation mask of the reference brain.
The benefit of the cortical constraint is visible, as we can see a 25% decrease of the error.

completely fair, as the criterion is more or less related to the similarity measure that is used
to drive the registration process. Therefore, we design another “global” evaluation of the
registration based on the registration of anatomical features. For each subject, we have the
classification of the cortex into grey matter and white matter.

The extraction of grey matter and white matter is performed using a technique presented
in [23]. It consists in a 3D texture analysis to compute statistical attributes of each voxels.
A clustering procedure is used to find the initial discrimination of the data, and a bayesian
relaxation refines the primary decision.

The classification of each subject is projected into the reference subject and compared
to its classification. The comparison is based on overlapping measure such as sensitivity,
specificity, and total performance [50]. For concision reasons, we keep only the total perfor-
mance measure, and compute the mean and the deviation of that measure over the database
of subjects. Results are presented on table 2. The results are comparable for the two tech-
niques, but the deviation of the constrained technique is lower, meaning that the algorithm
is more robust. We have shown in our previous work on synthetic data that 95% is a crest
value, because of two effects: the use of a binary classification and the trilinear interpolation
scheme.

'MSE = L S2i=V(11(i) — I2(i))?, where I} and I, are the volumes to compare, and N is the number of
voxels.
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Tissue | Mean | Deviation
Previous work grey 93.5 0.07
white | 95.1 0.07
Constrained registration | grey 93.5 0.05
white | 95.3 0.05

Table 2: Querlapping measures between grey/white matter. For each subject, the classifica-
tion of the cortex is projected into the reference subject and compared to the classification of
the reference subject. We choose an overlapping measure defined by the total performance,
and compute the mean and deviation of that measure over the database of subjects.

5.2 Local measures

In that section, we want to measure locally the benefits of the cortical constraints. Therefore,
we designed measures to evaluate the quality of the matching of sulci. Looking at the figure
7, one can see the sulci of the reference subject, R, and two deformed sulci 1 and 2. The
two sulci should ideally match the reference sulci, and which one is the best deformed sulci?
If we consider the global positioning, sulcus 1 seems to be the best, but if we consider the
shape, sulcus 2 appears to be better deformed.

1 R

2

Figure 7: The sulcus R is the reference sulcus, and sulci 1 and 2 are deformed sulci that
should ideally match the reference sulcus. Which one has the best match?

In that section, we first visualize the deformed sulci, then we will evaluate numerically the
registration of sulci, with respect to global positioning and with respect to shape recovering.

5.2.1 Visualization of deformed sulci

If we consider one particular sulcus over the database of 18 subjects, one can deform each
sulcus with the estimated deformation field and look at the superposition with the reference
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sulcus. The visualization, for the left central sulcus, the left superior frontal sulcus and the
left sylvian fissure are presented on figures 8, 9 and 10 respectively. One can observe the
variability of the registered sulci with the previous method, and the way sulci are registered
with the modified method.

Previous method Constrained registration

Figure 8: The left central sulci of each subject (in blue) are deformed toward the reference
subject, and compared to the left central sulcus of the reference subject (in yellow). For the
reference subject, we have also traced the left precentral sulcus in red and the left postcentral
sulcus in green. The constrained method leads to a significantly lower variability, compared
to the previous method.

Previous method Constrained registration

Figure 9: The left superior frontal sulci of each subject (in blue) are deformed toward the
reference subject, and compared to the left superior frontal sulcus of the reference subject (in
red).
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Previous method Constrained registration

Figure 10: The left sylvian sulci of each subject (in blue) are deformed toward the reference
subject, and compared to the left sylvian sulcus of the reference subject (in red). We have
also traced the left superior temporal sulcus of the reference subject in green.

5.2.2 Average sulcus

As the sulci are defined by their control points, it is possible to compute, after resampling,
an average sulcus with the deformed sulci of each subject. The control points of the average
sulcus are the mean of the corresponding control points of the deformed sulci. We can then
visualize the average sulcus and compare it to the reference sulcus. The figures 11, 12,
and 13 present the average sulci for the central left sulcus, the left superior frontal sulcus
and the left sylvian fissure respectively. We observe that the average sulci obtained with
the constrained method are almost stuck to the reference sulci, thus showing that the local
constraint has been well integrated in the registration process.

5.2.3 Numerical evaluation

Euclidean distances between sulci: In that section, we intend to assess numerically the
impact of the registration on the matching of sulci. As the sulci are defined by their control
points, we can first compute a mean distance between sulci after resampling. However,
the distance does not reflect how shapes are similar, therefore we also perform a principal
component analysis (PCA) to evaluate the similarity of shape.

For each subject, and for each sulcus, we compute a distance between the deformed
sulci of one subject and the corresponding sulci of the reference subject. We then average
the distances, for the 18 subjects and for the 12 sulci (per subject), and the results are
presented in table 3. The constrained method gives significantly better results, with an
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Figure 11: For the left central sulcus, the average sulcus obtained with the previous method
is drawn in cyan, while the average sulcus obtained with the constrained method is drawn

in blue. We have also put three sulci of the reference subject, the left central in red, the left
postcentral in green and the left precentral in orange.
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Figure 12: For the left superior frontal sulcus, the average sulcus obtained with the previous
method is drawn in cyan, while the average sulcus obtained with the constrained method is
drawn in blue. The left superior frontal sulcus of the reference subject is traced in red.

average distance that is equivalent to the resolution of MR images. We also evaluate the
global positioning of sulci, by computing a distance between the center of gravity of the
sulci. For the constrained method, the alignment is good as the mean distance between the
registered sulci is 0.2 voxels.

Mean distance Mean distance
between control points | between center of gravity
Previous method 104 8.0
Constrained registration 1.2 0.2

Table 3: Awverage distances between registered sulci. The mean is performed for all the sulci
(12 per subject) and for all the subjects (18). We compute two distances, one between the
control points and the other between the center of gravity.

Principal component analysis However, the distance between sulci does not reflect how
shapes are similar. The principal component analysis makes it possible to define a metric
that is adapted to the comparison of shapes. We will not describe here the PCA technique,
thus referring the reader to [5, 13, 27, 30, 36] for further information.
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Figure 13: For the left sylvian sulcus, the average sulcus obtained with the previous method
is drawn in green, while the average sulcus obtained with the constrained method is drawn

in blue. We have also put two sulci of the reference subject, the left sylvian in red, the left
temporal superior in blue.

RR n°



22 Pierre Hellier , Christian Barillot

For each method, the population of shapes is composed by a sulcus of the reference
subject, and the corresponding sulci of each subjects, deformed toward the reference subject
by the corresponding deformation field. We consider the trace of the covariance matrix,
because it reflects the total amount of variation along the axis of the decomposition, and
because the trace is invariant. The table 4 compares the traces obtained with the previous
method and the constrained registration, for three different sulci: the left central, the left
frontal superior and the left sylvian. The constrained method gives significant better results,
as the trace is almost divided by a factor 10.

Sulcus Method Trace
Central Previous method 11136
Constrained registration | 1472

Superior frontal Previous method 11595
Constrained registration | 2273

Sylvian Previous method 17760
Constrained registration | 2022

Table 4: For three populations of deformed sulci of the left hemisphere, the trace of the
covariance matriz reflects the total amount of variation that is observed along the azis of
the decomposition. The trace is invariant, which makes it possible to compare the results of
both methods.

6 Conclusion

We have presented in that paper a cooperation method between an “iconic” registration
method, and a landmark based registration. The approach is based on our previous work
presented in [21]. We have chosen to incorporate sparse sulcal constraints, because sulci are
relevant brain cortical landmarks, from an anatomical and functional point of view. The
sulci are extracted with the active ribbon method, presented in [24]. The energy-based
framework [21] makes it possible to incorporate naturally the local sparse constraints and
to express the complete registration problem in the same formalism.

On a database of 18 subjects, on which 6 major sulci have been extracted by hemisphere
for each subject, we have demonstrated the significant impact of sparse constraints. We
have designed global measures (average volume, mean error, overlapping of brain tissues),
as well as local measures (distance between sulci after registration, shape comparison based
on PCA). Both measures have shown the impact of cortical constraints.
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