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ABSTRACT
3D registration of brain MRI data is vital for many medical imaging applications. However, purely intensitybased approaches for inter-subject matching of brain structure are generally inaccurate in cortical regions, due
to the highly complex network of sulci and gyri, which vary widely across subjects. Here we combine a surfacebased cortical registration with a 3D fluid one for the first time, enabling precise matching of cortical folds,
but allowing large deformations in the enclosed brain volume, which guarantee diffeomorphisms. This greatly
improves the matching of anatomy in cortical areas. The cortices are segmented and registered with the software
Freesurfer. The deformation field is initially extended to the full 3D brain volume using a 3D harmonic mapping
that preserves the matching between cortical surfaces. Finally, these deformation fields are used to initialize a 3D
Riemannian fluid registration algorithm, that improves the alignment of subcortical brain regions. We validate
this method on an MRI dataset from 92 healthy adult twins. Results are compared to those based on volumetric
registration without surface constraints; the resulting mean templates resolve consistent anatomical features
both subcortically and at the cortex, suggesting that the approach is well-suited for cross-subject integration of
functional and anatomic data.
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1. INTRODUCTION
Registration of brain MRI scans is a key step in many medical imaging studies, for multimodality integration,
computational anatomy studies, and longitudinal tracking of disease. In non-linear image registration, a template
image T is transformed into a study image S, by aligning the geometrical features of the images. The anatomical
correspondences between images can be measured and optimized in two ways, either based on intensity-derived
information at each voxel such as the squared difference in intensities or mutual information between the images,
or by using anatomical landmarks, which may include 3D parametric curves and surfaces extracted from the
images. These feature correspondences can be used to drive the registration. The image transformation is
also typically constrained via a regularizer that is chosen to ensure that the transformation is spatially smooth,
invertible, and so that it satisfies other desirable properties such as inverse-consistency or transitivity.15
Registration algorithms for brain MR images may also be divided into two major categories based on whether
they attempt to register the entire 3D brain volume, or are restricted to the cortical surfaces. Volume-based
algorithms perform quite well for subcortical structures, but have difficulty in matching cortical surfaces, due
to the high complexity and variability in cortical patterns. Cortical registration is therefore used when the
subsequent analysis focuses more specifically on the cortex, e.g. for population-based studies of cortical thickness.
In this case, the registration is restricted to the cortical surface, and does not take into account the rest of the
brain volume.
⋆: equal contribution

Cortical registrations are usually performed by first transforming the cortices to more regular surfaces such
as the plane or the sphere, though some recent algorithms have been developed that directly register the cortices
using 3D harmonic maps.25 Typically the surface-based registrations either use sulci or gyri as anchors to
drive the transformation,30 or alternatively, make use of quantities defined over the whole brain such as the
curvature7 or the local conformal factor.31 To compute the flows in surface coordinates, specialized approaches
using covariant PDEs, currents, or holomorphic 1-forms have been developed.9
There are many ways to perform the volume-based registrations. In this work, we focus on regularizers
that assign continuum mechanical laws to the deforming image medium. The most popular model for these
regularizers is the elastic one. Here a similarity function is selected, and a force is derived from it and applied
to the system, while the elastic forces attempt to restore the original shape of the medium. Elastic registration
is a good choice for studies where small deformations are expected, such as longitudinal studies where the same
subject is imaged at two time points, and small changes are expected. However, in cases where large differences
exist between the two images, the deformation can induce tearing or shearing of the elastic medium. In this case,
other methods are needed. Among these, the fluid registration method was first introduced in.6 In this case, the
image is treated as a viscous fluid that obeys a linearized version of the Navier-Stokes equation. The velocity ~v
(~
r ,t)
of the fluid is the time derivative of the deformation field ~v (~r, t) = d~udt
. The driving force for the flow is again
generated by a similarity function. The fluid paradigm allows large deformations without shearing or tearing of
the image.
A new elastic regularizer was recently introduced in.21 In this case, the regularization is based on the
deformation tensors Σ = (∇~(u) + I)T (∇~u + I), with I the identity matrix. The Σ’s characterize the voxelwise
changes in shape and volume caused by the registration. As the Σ’s are positive-definite symmetric matrices,
the computations are performed in the Log-Euclidean framework,1 which allows analytical computations on the
manifold of Σ’s. A fluid version of this method was developped in,5 where the rate of change of Σ was regularized
instead of Σ.
In this work, we combined surface and volume based algorithms, to overcome serious weaknesses of each
component code that severely limit their usefulness (one is restricted to the surface, the other cannot handle the
cortex accurately). Although combination of the two is likely to be much more useful, as it allows good matching
everywhere, no hybrid registration approach is yet widely used,27 .29
There are several ways to achieve a good registration over the whole brain volume, including the cortex. The
simplest one, which we investigate here, is to use a cortical surface registration to obtain an initialization for the
volume registration. This allows a slightly simpler implementation than one that allows the surface deformation
to evolve while the volumes are matched. A similar method was designed in,13 where a new algorithm was
introduced that performs both surface and volume registrations (see also22 ). A landmark-based registration is
first performed on the cortical surfaces, by constraining the matching between sulci. The correspondence was
then extended to the whole brain using a constrained 3D harmonic mapping. The third step consists of refining
the volume alignment via elastic registration.
Here we improve on the method from13 in two ways. The algorithm in13 gives excellent matching in cortical
areas. However, an elastic registration is used to align the subcortical structures. This method gives poor
results when large deformations are required, and is not provably diffeomorphic, i.e., there is no mathematical
guarantee that the interior mapping is invertible with a smooth inverse. This latter property is vital for tensorbased morphometry, a powerful approach for large-scale analysis of regional brain volumes and shape using
statistics of the local deformation,17 .11
Here we combine a cortical registration with a fluid one for the first time, enabling precise matching of cortical
folds, but allowing large deformations in the enclosed brain volume, which guarantee diffeomorphisms. For this,
we will use the Riemannian fluid algorithm developed in.5 The Riemannian fluid is regularized to minimize the
distortion at each voxel from the registration. Furthermore, the surface matching algorithm designed in13 uses
sulci as landmarks to anchor the cortical registration. This method is prohibitive for large datasets, as the sulci
need to be traced by hand. Here instead we use the Freesurfer software7 (which makes use of a curvature-based
registration algorithm) to align the cortical surfaces. As a result, the entire registration process is automated.

We validate our new combined algorithm using a large dataset of brain MRI images from 92 healthy adult
subjects, divided into 23 pairs of monozygotic twins (MZ) and 23 same-sex pairs of dizygotic twins (DZ) from
which we also obtain whole brain correlation statistics assessing the anatomical similarity between twins.

2. METHOD
2.1 Surface-Volume Registration
Our method aims to produce a one-to-one mapping between two brain volumes such that the subcortical structures and the cortical surfaces are aligned. Formally, let M and N represent the subject and target brain white
matter volumes and let S and T denote the volumetric images such that S(x), x ∈ M , is the image intensity
value at point x in the subjects volume M and T (x), x ∈ N , is the image intensity value at point x in the target
volume N . The cortical surface ∂M of the subject M is the boundary of the subject white matter volume M
and the cortical surface ∂N of the subject N is the boundary of the target brain’s white matter volume N .
There are two mains steps in our algorithm. The first step extends the surface-based registration to the enclosed
3D volume by using a 3D harmonic mapping based method13 and the second step performs the alignment of
subcortical volumes by Riemannian fluid4, 5 intensity registration.
Our method consists of:
1. Surface matching: A map is computed between ∂M and ∂N , the cortical surfaces of the subject and target
brains, respectively. The registrations are done from each of the subjects cortices to that of the target
brain.
2. Extrapolation of the surface map to the entire enclosed cerebral volume, such that the cortical surfaces
remain aligned: This is done by computing a 3D harmonic map u from M to N while prescribing the
deformation field defined on the cortices as a boundary condition, as in.13 The map is computed as follows
(see13 for more details). First, M and N are both mapped to the surface of the unit sphere using Freesurfer.7
Let gαβ and hαβ denote the metrics associated with the mapping of M and N to the unit sphere, respectively. The harmonic map u : M → N can be computed by minimizing the mapping energy:
1
E(u) =
2
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As a result of these two steps, we get a diffeomorphism between the two brain volumetric manifolds M and
N . The map aligns the folding patterns of the sulci but does not align the subcortical structures because
the intensity values are not used in this step. This map is refined further in the next step using Riemannian
fluid-based intensity registration.5 A brief description of the method can be found in the following section.

2.2 Volume Registration
We register the outputs of the previous stage further for subcortical alignment using the Riemannian fluid
registration algorithm.5
Fluid registration proceeds in a series of time steps dt. At each time t and voxel ~x, the velocity ~v is found
from:
d~v (~x, t)
= ∇Cost + ∇Reg(~v , t) − ~v .
(2)
dt
Cost is the similarity cost function and Reg is the regularizer. Once the registration is completed, ~v is integrated
over time to obtain the final displacement field ~u.
In particular, for the Riemannian fluid registration,5 the regularization is done on the matrix logarithm of
the rate of strain Σv = (∇~v + I)T (∇~v + I):
Z
λ
µ
T r(log(Σ2v )) + T r(log(Σv ))2 .
(3)
RegRiem (~v , t) =
4
8

Here µ and λ are fluid parameters to be selected by the user (analogous to the Lamé coefficients). RegRiem is
the fluid equivalent of the Riemannian elastic regularizer from;21 the fluid case regularizes the rate of strain Σv
rather than the deformation tensors Σu = (∇~u + I)T (∇~u + I) in Eq. 2. The tensor field Σ characterizes the
local shape and volume deformation. These tensors live on the curved manifold of positive-definite, symmetric
matrices. Taking the matrix logarithm of Σ transports it to the tangent plane at the origin of the manifold,
which is a flat space (vector space) in which simple Euclidean computations can be performed.1
We chose an intensity-based cost function that penalizes the squared difference in intensity between the
deforming template T and the study S:
Cost(~x, ~u(~x, t)) = (T (~x − ~u(~x, t)) − S(~x))2

(4)

We note that intensity matching terms based on mutual information, correlation, or other metrics could be used
instead, but we do not cover these here. See4 for details of the implementation.
As a result of this step, the diffeomorphic map generated in the previous step is refined to align the subcortical
structures.

2.3 Non-linear Registration
We performed all 3 of the steps described in section 2.1 between each image in the dataset and a template, which
was chosen randomly as one of the subjects images. Alternatively, as in our past work, a geometrically-centered
mean template could be generated and used instead.16
For each subject, we obtained a displacement field u~1 and a registered image from the surface matching
and the subsequent harmonic mapping. The displacement field u~1 was used as input for the Riemannian fluid
algorithm described in sec 2.2. The volume registration yielded a vector field u~2 . We used the vector fields from
the surface registration as input instead of the registered images. A diffeomorphic map between the surfaces (such
as those from Freesurfer and the harmonic extension to the whole brain volume) is provided as an initial input
for the fluid registration; this also ensures that the final results will also be diffeomorphic, as the composition
of two diffeomorphic maps.6 In our implementation, the final displacements were computed from the common
template to each image in the data set, while the registered image was the result of transforming each subject
into the template, thus allowing all comparisons to be made in the common space.

3. RESULTS
3.1 Data
We analyzed 3D structural brain MRI scans of 23 monozygotic (MZ) and 23 dizygotic (DZ) same-sex twin pairs
(age range: 22 − 25 years), as well as one of an identically scanned healthy subject used as the common target for
the fluid registration. Our images were collected using a 4 Tesla Bruker Medspec whole body scanner (Bruker
Medical, Ettingen, Germany) at the Center for Magnetic Resonance (University of Queensland, Australia).
Three-dimensional T 1-weighted images were acquired with a magnetization prepared rapid gradient echo (MPRAGE) sequence to resolve anatomy at high resolution. Acquisition parameters were: inversion time (T I)
/repetition time (T R) /echo time (T E) = 1500 / 2500 / 3.83 msec; flip angle = 15o ; slice thickness = 0.9 mm
with a 256x256x256 acquisition matrix.
Extracerebral (non-brain) tissues were manually deleted from the MRI images using the 3D interactive
program Display (Montreal Neurological Institute, McGill University, Canada). All scans were then aligned
to the ICBM53 template using 9-parameter registration (i.e., translational and rotational alignment, allowing
scaling in 3 independent directions) found in the FMRIB’s Linear Image Registration Toolbox, FLIRT.12

3.2 Twin Statistics
For each subject, at each voxel, the displacement u was computed, as well as the deformation matrix Σ and the
determinant of the Jacobian matrix J = (Id + ∇u). det(J) measures local volume expansions, where det(J) > 1,
and shrinkage when det(J) < 1. In the full set of MZ and DZ twins, the resemblance between twin pairs at each
voxel can be computed from det(J) to assess the Intraclass Correlation:23
σb2
2
2
ICC = (σ2 +σ
2 , where σb and σw are the pooled variance between pairs and within pairs, respectively. We
w)
b
did not want to assume that the data on volumetric differences (here det(J)) were normally distributed, so we
computed p values at each voxel with a voxelwise permutation test (5000 permutations), to establish a null
distribution for the ICC statistics at each voxel (the null hypothesis was ICC = 0 (no correlation)).

3.3 Details of the Numerical Implementation
We used Freesurfer for segmentation of the brains and extraction of the cortical surface meshes. The surface
registration step in Section 2.1 was performed by Freesurfer by using a spherical parameterization of the cortex
and a metric representing cortical ‘depth’7 that is a function of the surface curvature. The extension of the
surface registration to the full volume, described in Section 2.1, and the Riemannian fluid algorithm, in Section
2.2, were implemented in MATLAB. To test our method, we selected one brain from the database as a target
brain volume and registered the rest of the brains to it. On an Intel Pentium IV processor the registration of
each subject to a target image takes approximately 1 hour.

3.4 Registration Results
Figure 1 shows a comparison of the registration from the fluid code alone, without cortical surface constraints,
compared to the combined code, which also matches the cortex. The fluid registration alone gives poor results in
some areas, e.g., most of the cortex. This is a serious problem for all fluid algorithms, hence the initialization with
the cortical registration used here. Initializing with the displacements from the cortical registration noticeably
improves the cortical results. Fig. 1 also shows that the subcortical structures are now also better aligned; this
may be due to deep cortical surfaces passing near the them, especially at the corpus callosum.
The top row in Figure 2 shows the results of averaging the intensities of all 92 registered images. For the
results using the proposed hybrid algorithm, features at the cortical boundary and the ventricles are still clearly
defined after averaging. This is in marked contrast with those from the Riemannian registration alone, where
many key anatomical features are blurred away by the averaging. We can see that alignment of the surface gives
sharper images near the surface boundary. We also observed less blurring for the subcortical structures such as
the ventricles. The second row show the variance in intensity at each voxel for the images in our dataset. The
variance is much lower for the combined algorithm. Again this is true even in subcortical areas, except within
the ventricles.

4. DISCUSSION
We investigated a new combined algorithm for the registration of brain MR images. Our algorithm was tested on
a large data set of 92 healthy adult twins, and showed significant improvement over using fluid registration alone,
both for subcortical areas and in the vicinity of the cortex. Intraclass correlation statistics were significantly
improved over using fluid registration alone. The premise of using twin data to help validate registration is
that any errors in registration will tend to be uncorrelated between twins, and will tend to deplete the natural
correlation in brain anatomy that is due to genetic factors.
There are several ways to achieve a good registration over the whole brain volume, including the cortical
surface. The simplest one, which we investigated here, is to use a cortical surface registration to initialize a
3D registration. In that case, as we showed here, the matching converges to better local minimum compared
to the one found from the fluid registration alone. However, as the cortex is allowed to move during the fluid
registration, it can potentially reduce the accuracy of the matching found from the cortical matching algorithm.
Thus, as an alternative, one could choose instead to re-introduce the cost function from the first cortical matching
algorithm into the volume registration, either as a hard constraint or with a Lagrange multiplier. As the matching
was already quite good with the first method, this second method was not pursued here, though it would be an

Figure 1. Comparison of the results of the combined algorithm to those of the 3D Riemannian algorithm with no surface
constraints. Registration results are shown mapping one subject to a template in coronal (left column), sagittal (middle
column) and horizontal (right column) slices. The top row shows the moving image and the second row shows the
fixed target image. The last two rows show the results of the registration for the volumetric registrations without
surface constraints (third row) and with constraints (fourth row); the fourth row shows accurate cortical and subcortical
registration. Results are more accurate for the combined code both on the cortex (see boxed area in figure) and for
subcortical structures.

Figure 2. The top row shows the result of averaging the intensities for all 92 registered images, with the colorbar showing
the mean intensity values. Anatomical features near the cortex are much sharper when the combined code is used. The
bottom row shows the voxelwise variance in intensity in these same registered images, with the variance values shown
according to the colorbar on the right. The top and bottom left images are for our combined algorithm, while the ones
on the right are for the Riemannian algorithm alone. The intensity variance in the registered images is much lower with
the combined algorithm, which suggests that misalignment of cortical anatomy is reduced.

Figure 3. Maps of p-values for the Intraclass correlation for the monozygotic twins. Sulcal patterns are known vary naturally even among monozygotic twins, but subcortical anatomy is under strong genetic control; areas of highly significant
correlation include the anterior cingulate and paralimbic regions.

interesting extension of this work. Finally, in cases where both the above methods fail, a third option would be
to force the displacements from the Riemannian fluid algorithm to match those found from the cortical mapping.
As a next step, a large-scale group validation is needed to compare the performance of our algorithm to
other state-of-art registration algorithms. In the near future, we plan to use a validation such as the one in14
to further validate our method. Because our approach produces diffeomorphic mappings while enforcing cortical
constraints, it is likely to improve results in tensor-based morphometry studies, which are now being conducted
on a large scale to assess the effects of disease, medication, and specific genetic polymorphisms on brain structure.
.
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