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Abstract

A brain image registration algorithm, referred to as RABBIT, is proposed to achieve fast and
accurate image registration with the help of an intermediate template generated by a statistical
deformation model. The statistical deformation model is built by principal component analysis
(PCA) on a set of training samples of brain deformation fields that warp a selected template image
to the individual brain samples. The statistical deformation model is capable of characterizing
individual brain deformations by a small number of parameters, which is used to rapidly estimate
the brain deformation between the template and a new individual brain image. The estimated
deformation is then used to warp the template, thus generating an intermediate template close to
the individual brain image. Finally, the shape difference between the intermediate template and the
individual brain is estimated by an image registration algorithm, e.g., HAMMER. The overall
registration between the template and the individual brain image can be achieved by directly
combining the deformation fields that warp the template to the intermediate template, and the
intermediate template to the individual brain image. The algorithm has been validated for spatial
normalization of both simulated and real magnetic resonance imaging (MRI) brain images.
Compared with HAMMER, the experimental results demonstrate that the proposed algorithm can
achieve over five times speedup, with similar registration accuracy and statistical power in
detecting brain atrophy.
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registration

1. INTRODUCTION

Elastic image registration has been one of standard preprocessing steps in a great deal of
medical image analysis tasks for integration and comparison of data from individuals or
groups, as well as for the development of statistical atlases that reflect anatomical and

functional variability within a group of individuals (Evans et al., 1991; Freeborough and
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Fox, 1998; Prima et al., 1998; Thompson et al., 2001). The goal of elastic image registration
is to estimate a deformation field that establishes dense spatial correspondences between
images under registration. The elastic image registration is typically achieved by optimizing
an appropriate image similarity measurement, or solving a partial different equation (PDE)
system that models the image registration as an elastic material deformation driven by the
forces derived from image similarity measurements (Zitova and Flusser, 2003).

In elastic image registration, the parameters needed to represent the deformation field are
often in thousands when the deformation field is modeled by a linear combination of basis
functions, or even in the magnitude of the number of voxels of images under registration
when PDE methods are used. These high dimensional image registrations often have to be
solved by using aggressive, iterative “local search” techniques, which are prone to local
minima if good initializations cannot be provided due to the high dimensionality of
parameters (Zhuang et al., 2008). To achieve stable performance and to penalize physically
unfeasible or unrealistic deformations, the regularization terms are often used in elastic
Wage registration, which include Laplacian term (Shen and Davatzikos, 2002; Shen and
Davatzikos, 2003), elastic energy (Bajcsy and Kovacic, 1989), viscous fluid (Christensen et
al., 1996), biomechanical model (Ferrant et al., 2000), or statistical constraints learned from
the training samples (Loeckx et al., 2003; Wouters et al., 2006; Xue and Shen, 2007).
However, the high computational cost of elastic image registration has been a long-lasting
problem although parallel computing might be a solution (Zacharaki et al., 2008).

In this paper, we present a statistical deformation model based elastic image registration
algorithm, referred to as RABBIT, to achieve robust and rapid image registration. It consists
of three major components: (1) an efficient parameterization scheme of deformation fields
learned from the training brain deformation fields, (2) a fast estimation of intermediate
deformation field and intermediate template, and (3) a deformation field refinement scheme
that can be implemented by any image registration algorithms with reasonable registration
performance. In particular, a statistical deformation model is first built by principal
component analysis (PCA) on a set of training brain deformation fields that warp a selected
template to individual brain image samples. The statistical deformation model captures the
statistical variation of brain image deformations, thus having a potential to characterize an
individual brain deformation with a small number of parameters. To register an individual
brain image to the template brain image, the statistical deformation model is used to estimate
a deformation field for generating an intermediate template close to the individual image
under study. This step enables the efficient and robust capture of major shape difference
between the template and the individual brain image under registration, thanks to the
reduced number of parameters to be optimized in this intermediate template estimation
procedure. Finally, the estimated intermediate deformation field is further refined by a
general registration algorithm, namely HAMMER (Shen and Davatzikos, 2002), to register
the intermediate template with the individual brain image. This step can be achieved
relatively fast since the remaining shape difference between the intermediate template and
the individual brain image is small.

The proposed algorithm, RABBIT, has been validated for spatial normalization of both
simulated and real MRI brain images. The algorithm has been quantitatively and
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qualitatively compared with HAMMER (Shen and Davatzikos, 2002), showing that
RABBIT can achieve rapid image registration with similar registration accuracy and
statistical power in detecting brain atrophy in the simulated data and real data such as MRI
brain images of Alzheimer’s Disease (AD) patients.
2. METHOD

RABBIT consists of 1) constructing a statistical deformable model by learning from the
training samples of deformation fields, 2) estimating an intermediate deformation field by
parameter optimization to generate a specific intermediate template close to the individual
brain under registration, and 3) refining the intermediate deformation field to achieve high
registration accuracy by a registration algorithm, namely HAJMMER. These three steps are
detailed next.

2.1 Statistical Model of Shape Deformations

The images to be registered are first globally normalized to the template image space using
affine registration. Then, the elastic registration algorithm can focus on estimating the
nonlinear difference between the images under registration. In the case of 3D image
registration, the deformation field that warps a template T to an individual brain image | can
be modeled as

f:{(dxj’dyj’dzj) JHL e ,n}, (1)

or by an nx 3 vector

f:(dxla dyb le, dlg, dy2»d22a T admna dyna dzn)a (2)

where (ax;, dy;, az)) is a displacement vector that warps a voxel jof T fo1, and nis the total
number of voxels in T. In image registration algorithms, the deformation field is
characterized eithervoxel-wisely orby means of linear basis functions, which generally
needs a large number of parameters and requires solving a high-dimensional optimization
problem.

To bypass the problem to solve the difficult high-dimensional optimization problem, we
adopt a statistical deformation model with a small number of parameters to capture the
statistical variation of brain deformations by learning from a set of training deformation
fields that warps the template T to the individual brain samples (Loeckx et al., 2003;
Wouters et al., 2006). This technique is similar to those successfully applied in the image
segmentation field (Cootes et al., 1995; Cootes et al., 1994; Cootes and Taylor, 1995;
Kelemen et al., 1999). However, the focus of our study is to perform statistical analysis on
the voxel-wise deformation fields that warp individual brain images to the template image,
and use the constructed statistical deformation model to improve the speed of the registration
algorithm.
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Given a set of brain image samples {I ; 1 < /< M} and their respective deformation fields
{f; 1 < i< M} (directing from the template T to each affine registered subject brain image),
we can use PCA to get a statistical deformation model that captures the statistical variations
of the training deformation fields. From all M deformation field samples, a mean

— M -
deformation field, fzzizlfi/M, is first computed, and then a difference vector f,;— T for
each f;is calculated to construct an overall difference matrix D:.

D=((f~9),.... (£, - ). 3
From this overall difference matrix, we can compute a covariance matrix

Cov(D):%DDT. @)

The size of the covariance matrix of deformation fields is of 3NV x 3N, which typically
ranges from several thousands to several millions. Thus, it is not easy to directly calculate
the eigenvectors and eigenvalues from this huge covariance matrix. However, the number of
training samples is relatively small compared to the number of voxels. To efficiently
compute the PCA model, similar to the methods described in (Cootes et al., 1995; Cootes et
al., 1994), we first calculate the eigenvectors and eigenvalues of the transpose matrix of
equation (3):

1 o7
Cou(DT)=3D'D;

and obtain M — 1 pairs of eigenvectors {e;} and non-zero eigenvalues {1} computed from
Cov(D"). Then, the first M- 1 eigenvectors and eigenvalues of CouD) can be calculated as
Dejand A1;=1,2, ...M—- 1, and the remaining 3N - M+ 1 eigenvectors all have zero
eigenvalues.

The eigenvalues reflect the energy distribution of the training deformation fields among
eigenvectors, and the eigenvectors with the largest eigenvalues generally cover the majority
of the energy within the training deformation Fields. Therefore, a small number of
eigenvectors, serving as basis functions, can well capture the distribution of training
deformation fields. By using this deformation model, any new deformation field f can be
approximated as

f~ F+Z::16i \//\_lDez (6)
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_ M
where f:Zizlfi/A’f , Ajand De;are eigenvalues and eigenvectors of covariance matrix of
the training deformation fields, and {¢;} are the coefficients on the respective eigenvectors.

2.2 Estimation of Intermediate Deformation Field and Respective Intermediate Template

Using the statistical deformation model, the estimation of deformation field f from the
template space T to a new brain image | can be modeled as an optimization problem to find
appropriate parameters {c;} for the deformation field f (as described in equation (6)):

arg maxe, S(f(T)’ I)’ (7)

where s measures the similarity between the warped template f (7) and /,. The warped
template f (7) is generated from 7 by applying f. In our experiments, the sum of squared
difference (SSD) of image intensity is used as the similarity metric.

To find the optimal deformation field f, the similarity function has to be evaluated with
respect to parameters {c;} in equation (6), which involves a computationally expensive
image warping and comparison. To improve efficiency of the optimization, rather than
randomly initializing the parameters of the deformation model, we place some intermediate
templates around the template, as illustrated in Fig. 1.

The statistical deformation model in the PCA space can be interpreted as a multidimensional
Gaussian distribution of deformation fields, each dimension representing different amount of
deformation information. To simplify the generation of intermediate templates, i.e.,
sampling the deformation fields in the learned multidimensional Gaussian distribution, we
sample the deformation fields separately along each dimension according to its respective
marginal Gaussian distribution. To make the sampled deformation fields distributed in a
Gaussian way, we adopted a method proposed in (Lazaro-Gredilla et al., 2007). In particular,
given a Gaussian distribution corresponding to the /~th major eigenvector and also the
number of the required sampling deformation fields 77 (along this eigenvector), the
coefficient ¢;in Equation (6) need to be assigned as below for sampling the deformation
fields:

= { V2erfl (2h; — 1), j=1,... n} ®

where {5, j=1, ..., n} are the set of points uniformly distributed in the interval [0,1). With
this designed strategy of sampling 7 deformation fields along each of ¢top major
eigenvectors, the total number of sampled deformation fields or intermediate templates will
be 7 by full combination of 7 coefficients along ftop eigenvectors.

The number of sampling deformation fields () and the number of top major eigenvectors (2)
used to generate the intermediate templates are typically determined empirically, to achieve
acceptable registration accuracy with reasonable computational cost. In particular, we build
the intermediate templates on the first few eigenvectors with the largest eigenvalues, which
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can contribute over 80% of the cumulative energy for deformation fields. In our
experiments, we found that the method with £5 top major eigenvectors and /7=5 samples of
deformation fields along each eigenvector produces the best results. In this case, totally 3125
intermediate templates are used.

Once the intermediate templates are generated, we compute the similarity between the image
under registration and each of these pre-placed intermediate templates, and select the closest
intermediate template to initialize the parameters {c;} in the statistical deformation model.
The coefficients {¢j} in the deformation model f are further optimized by means of Powell’s
optimization algorithm iteratively (Press et al., 1992), thus generating an intermediated
template, as illustrated in Fig. 1. The search range for each coefficient c;is set between —3
and +3, thus ensuring the validity of the generated deformation field. In the Powell’s
optimization, we set the line search step as 0.1 and the termination cost of change (between
current and previous iterations) as 0.01. The intermediate deformation field is further refined
by a registration algorithm as described next, which is achieved by registering the
intermediate template with the given new brain image.

2.3 Refinement of the Intermediate Deformation Field

The statistical deformation model based methods can achieve fast deformable image
registration (Loeckx et al., 2003; Wouters et al., 2006); however, the registration accuracy
might be limited due to the following reasons. First, the training dataset might be limited to
capture all possible brain deformations. Second, although the PCA technique is optimal to
linearly represent data, its assumption of data normality may limit its ability in capturing the
statistical information from the data that doesn’t follow the Gaussian distribution.
Furthermore, the performance of PCA is often limited in the applications with a relatively
small number of training samples while the high dimensionality of image features (Xue et
al., 2006a). Therefore, to achieve accurate registration, we adopt a registration refinement
scheme, which is implemented by HAMMER. HAMMER, acronym of “Hierarchical
Attribute Matching Mechanism for Elastic Registration”, achieves elastic image registration
with a hierarchical morphological attribute-based deformation strategy (Shen and
Davatzikos, 2002). Rather than directly matching image intensities between two images,
HAMMER matches attribute vectors of images which are defined for each point in images
to characterize the geometric features around that point. It also uses a hierarchical
approximation strategy to optimize the energy function and has a potential to overcome the
local minimum problem. It is worth noting that other elastic registration algorithms can also
be utilized, including but not limited to the methods proposed in (Ashburner and Friston,
1999; Christensen et al., 1996; Chui and Rangarajan, 2003; Collins et al., 1994; Gee et al.,
1993; Johnson and Christensen, 2002; Luan et al., 2008; Rueckert et al., 1999; Thirion,
1996; Thompson and Toga, 1996). Since the statistical deformation model based image
registration has already provided a reasonably good initialization for registration, the
registration refinement step can be completed very fast.
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2.4 Evaluation of the Registration Performance

For quantitatively evaluating the performance of our proposed RABBIT registration
algorithm, we use two ways to: 1) directly measure the registration error, and 2) measure the
performance of brain atrophy detection.

To directly measure the registration error, we use two datasets: synthetic MR brain images
with known deformations and real brain images with labeled regions of interest (ROI). The
synthetic brain images are generated from a selected template by warping it using various
simulated brain deformation fields (Xue et al., 2006c). Then, these synthetic brain images
are registered with the original template by a registration algorithm to obtain the algorithm-
estimated deformation fields. By comparing the errors between each simulated deformation
field and its respective algorithm-estimated deformation field, we can obtain the registration
error (E)to evaluate the performance of RABBIT. The registration error (£) is defined by the
Euclidean distance between the simulated deformation field and the respective algorithm-
estimated one as follows:

Sgwen ) (Fuas@) = F2 @)+ (Foss) — Fuw) 4 (Frn) — Fp(2)

2ijkeal 9)

where Q is the domain of a brain image, £« (X), Fjj«x()) and F;;« (2) represent the
algorithm-estimated deformations along the x, y'and zdirections, and F}'; , (), F{; ,.(y) and

Fijk(Z) are the ground-truth deformations simulated at x, yand z directions.

The real brain images with manually labeled regions of interest (ROIs), obtained from the
Non-Rigid Registration Evaluation Project (NIREP) (Christensen et al., 2006), are further
used to evaluate the performance of our proposed method. The NIREP NaQ database
comprises a population of 16 richly annotated 3D MR brain images, each with 32 manually
labeled ROIs in the gray matter region. To measure the registration accuracy, we randomly
select an image from the NaO dataset as a template and then register other 15 images to the
selected template. After registration, the labels in each of 15 images can be warped onto the
template space. In this way, we can measure the Dice rate between the corresponding labels
of each registered image and the template to evaluate the registration performance. The Dice
rate is defined as

(L EL2]) (10

where L and L, are the corresponding labels in a registered image and the template. /L]
denotes the total number of voxels in L. The average Dice rate can be calculated from all 15
registered images, with larger value indicating better registration performance.
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Besides directly measuring the registration accuracy, we also evaluate the performance of
RABBIT registration algorithm with respect to its sensitivity in detecting brain atrophy by
using voxel based morphometry (VBM) (Ashburner et al., 2003; Ashburner and Friston,
2000; Davatzikos et al., 2001). In VBM studies, all individual brain images are spatially
normalized onto a template space using a registration algorithm. Based on the estimated
deformation field, the brain morphometry information for each brain can be measured by the
tissue density maps, for white matter (WM), grey matter (GM), and cerebral spinal fluid
(CSF), respectively. These tissue density maps reflect regional volumetric changes compared
to the template image. Afterwards, voxel-wise group analysis can be performed to detect the
brain atrophy by using SPM software (http://www.fil.ion.ucl.ac.uk/spm/software/spmb5).
This atrophy detection method has been successfully applied to many studies (Beresford et
al., 2006; Davatzikos et al., 2001; Davatzikos et al., 2005; Goldszal et al., 1998; Resnick et
al., 2003). In this paper, we use MR brain images with simulated atrophy as well as images
of AD patients to evaluate the performance of RABBIT in atrophy detection.

3. RESULTS

The performance of RABBIT is evaluated with respect to registration accuracy, speed, and
sensitivity of detecting brain atrophy in both simulated and real MRI brain images.

3.1 Statistical Deformation Model

Preparation of training and testing data—To build a statistical deformation model
and test its performance in representation of new deformation fields, we selected MR brain
image samples from the Open Access Series of Image Studies (OASIS). The detailed
information about the clinical and demographic data for all samples is available at the
OASIS website (http://www.oasis-brains.org). We also selected a normal brain image as a
template (Kabani et al., 1998) for all experiments in this paper.

To generate the training and the testing data, 300 individual brain images are randomly
selected from the OASIS database, and grouped (by age) into a middle-aged group and an
elderly group. The middle-aged group consists of 150 brains aged from 25 to 55, and the
elderly group consists of 150 brains aged over 65. All of these brain scans are spatially
normalized onto the above-mentioned template using HAMMER registration algorithm, and
the resulting deformation fields are used as training or testing samples as detailed below.

Effect of the size of training samples, and effect of ages—Each group is divided
into two subsets, i.e., a training dataset with 100 deformation fields and a testing dataset
with 50 deformation fields. From the training dataset, we can generate two statistical
deformation models, trained by 50 or 100 samples in the training dataset, to test the effect of
size of training samples on the performance of the produced models. These two models are
referred to, respectively, as Mgy and My below. These two models are applied to the testing
dataset (with 50 sample deformation fields), to cross-validate the generalization of the built
statistical deformation models.

To examine the effect of ages on performance of deformation model, we also apply the
deformation models (Msq and Myqg) built from the middle-aged group (or the elderly group)
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to the testing dataset of the elderly group (or the middle-aged group). The difference
between each testing deformation field and its statistical representation by a deformation
model can be measured by Equation (9).

The testing results of both within- and cross-age groups are summarized in Table 1. It can be
observed that the generalization ability of the statistical deformation models improves with
the increase of the size of training dataset for both within- and cross-group testing. For
example, Mg always performs better than Mg On the other hand, the errors in cross-
group testing are always larger than those in within-group testing. This indicates that, for a
specific age group, it is important to build a statistical deformation model from its own age,
for better representing deformation fields.

The relatively large errors shown Table 1 also highlights the necessity of using the
refinement steps proposed in RABBIT. On the other hand, with the refinement step, the
slightly worse performance of Mg has only moderate effect on the final registration
performance, as shown in Section 3.2.

Intermediate template—Gaussian distribution of deformation fields is assumed in our
method for building the statistical deformation model. Here, we test this assumption by
empirically evaluating the normality of the coefficients {¢} of each training (or testing)
deformation samples, to see whether they distribute like Gaussian. In particular, we use 50
samples from the training set of the elderly group to train a statistical deformation model
Msq as mentioned above. For each major eigenvector (De), we can project 50 training
samples onto this vector and obtain 50 coefficients {c{)), j=1,2,..., 50} Note that these
coefficients have been normalized by the respective eigenvalue A; Therefore, we can draw a
distribution of these 50 coefficients (corresponding one major eigenvector), which is shown
as a curve in Fig. 2(a). There are totally 10 curves in Fig. 2(a), corresponding to 10 major
eigenvectors, respectively. As we can observe, the distributions are all like Gaussian. We
further apply this Msg model to the 50 testing samples of the elderly group, which are not
included in the training set as emphasized above. Similarly, by projecting these 50 testing
samples onto each of major eigenvectors, we can obtain the distribution of those 50 mapping
coefficients, which corresponds to a curve in Fig. 2(b). Again, the 10 curves in Fig. 2(b)
corresponds to 10 top eigenvectors. These distributions are close to Gaussian, although not
as close as those in Fig. 2(a). The normality has been also confirmed by the Kolmogorov-
Smirnov test (Lilliefors, 1969).

To qualitatively evaluate the representation performance of the statistical deformation model,
we provide several representative intermediate templates in Fig. 3, which are generated from

5 top eigenvectors with the deformation fields represented by £ ~ f 4+ /), De; /=12, ...,
5. These intermediate template brain images show different variations of global and local
brain shapes, e.g., small and large ventricles, indicating that the statistical deformation
model can potentially represent a large variation of brain image deformation.

3.2 Registration performance of deformation model based registration

Preparation of testing simulation data—To quantitatively evaluate the registration
accuracy of deformable model based registration and examine how its parameters affect the
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registration performance, twenty simulated deformation fields are generated by using Xue et
al’s method (Xue et al., 2006¢). These simulated deformation fields are then used to warp
the template for generating 20 simulated MR brain images (with image size of
256x256x124). Notice that the deformation from the template to each simulated MR brain
image is known. These simulated deformation fields are used as the ground-truth
deformations for evaluating the performance of the deformation model based registration in
the experiments performed below.

Effect of the number of pre-placed intermediate templates—We first examine how
the number of the pre-placed intermediate templates affects the registration performance. In
order to complete the deformation model based registration within five minutes, the number
of deformation fields sampled along each of top eigenvectors is limited to no more than 5,
i.e., 1= 5. Therefore, we test how the registration performance is affected by the pre-placed
intermediate templates generated with 7=3 and /7=5 sample deformation fields along each
major eigenvector, respectively. The corresponding sample deformation fields are obtained
according to Equation (8), with ¢£{-0.6745, 0, 0.6745} for the case of 7=3, and ¢; €
{-0.9674, -0.4307, 0, 0.4307, 0.9674} for the case of /7= 5. Therefore, when using £5 top
eigenvectors (which contain over 80% of the cumulative energy for deformation fields), the
total number of pre-placed intermediate templates are 77 =3° = 243 and r'= 5°= 3125,
respectively, for the case of sampling /7=3 and /=5 deformation fields along each major
eigenvector.

The effect of the size of intermediate templates is evaluated on 1) deformation model based
registration and 2) the registration by RABBIT. For the deformation model based
registration, after initialization with the pre-placed intermediate templates, statistical
deformation models use ten eigenvectors to perform the registration. In particular, we use the
above-mentioned statistical deformation models, i.e., Msg and Mg generated from 50 and
100 training samples of the elderly group, to estimate the deformations between those 20
simulated brain images and the template. Then, the algorithm-estimated deformations and
the ground-truth deformations are compared to obtain the estimation errors for the
deformation model based registration, with results shown in Fig. 4. It can be observed that
the use of more intermediate templates (3125) leads to slightly better registration results,
compared to the case of using less intermediate templates (243). However, both models (Msq
and M) have similar performance. As for the results obtained by RABBIT (see right part
of Fig. 4), the number of training samples (i.e., Mgy orMqg) does not affect the estimation
of simulated deformation fields, while the use of more intermediate templates (3125) offers
slightly better result. Therefore, in this paper, we use 3125 intermediate templates for
initialization of deformation parameters during the image registration with RABBIT.

Effect of the number of eigenvectors (in the deformation model)—We then
examine how the number of eigenvectors in the deformation model affects the registration
performance. Both registration accuracy and computational cost are evaluated.

In the first experiment, the deformation models with different numbers of eigenvectors are
used to represent the deformation field estimated during the deformation model based
registration. For the initialization of these deformation models, 3125 pre-placed intermediate
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templates are used. Fig. 5 shows the mean and the standard deviation (std) of registration
errors for the deformation models with 0-15 different numbers of eigenvectors. These
results indicate that the deformation models (i.e., Mgg and My built from the elderly
group) produces very bad registration results when using only the mean of training
deformation fields and no eigenvectors, i.e., the number of the used eigenvectors is zero,
which corresponds to the affine registration result. As the number of the used eigenvectors in
the deformation model increases, the mean and the standard deviation of registration errors
decrease rapidly for the first few eigenvectors, and become stable once the number of
eigenvectors exceeds 10. These two models (Msq and Myqg) have similar performance,
while Mk is slightly better than Moo when the same number of eigenvectors are used (since
it capture more energy for Msg). Although more eigenvectors in the deformation model can
better represent the brain deformations, it is computationally expensive to optimize a large
number of parameters in the deformation model in order to achieve better registration
performance, as demonstrated in Fig. 6.

To determine the suitable number of eigenvectors to be included in the deformation model,
in the second experiment we also examine how the number of eigenvectors (i.e., 5 and 10)
used in the deformation model can eventually affect the registration performance of
RABBIT. As shown in Fig. 7, the use of 10 eigenvectors in the deformation models produces
slightly better final registration results on those 20 simulated brain images, compared the
case using only 5 eigenvectors. The results by using 5 and 10 eigenvectors are both close to
the results obtained by HAMMER (as shown in right column of Fig. 7). In addition, the
overall registration performance by RABBIT is very similar for the cases of using
deformation models Mgy and Mg (trained with 50 and 100 deformation samples from the
elderly group, respectively). This indicate that, with a sufficient number of training samples
such as 50 samples, the performance of RABBIT can be improved very little by including
more training samples.

In the third experiment, we examine how the computational cost (time) of entire registration
steps (in RABBIT) varies with the number of eigenvectors used in the deformation model. It
takes from 100 to 300 seconds when the number of the used eigenvectors varies from 5 to
10. When 10 eigenvectors are used in the deformation model, one iteration in the
HAMMER-based refinement step takes about 50 seconds. It takes a little bit longer time
when 5 eigenvectors are used in the deformation model, since the obtained intermediate
templates are not as good as those obtained by the deformation model with 10 eigenvectors.
It is worth noting that the computational time of HAMMER is not a linear function of the
number of iterations used, since HAMMER is an adaptive registration algorithm which takes
longer to finish an iteration when the difference between images are larger, and vice versa.

Taking all the above factors (evaluated in the three experiments) into consideration, we find
that RABBIT using 10 eigenvectors in the deformation model has the best overall
performance, in terms of both registration accuracy and speed. Therefore, 10 eigenvectors
are used for all the experiments performed below.
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3.3 Registration performance of RABBIT

Demonstration of whole deformation procedure—To illustrate how RABBIT works,
Fig. 8 shows all the intermediate results during the registration for a typical brain scan. The
template image is shown in Fig. 8(a), to which the brain scan in Fig. 8(c) is to be registered.
Fig. 8(b) shows the initially estimated intermediate template for the brain scan in Fig. 8(c),
based on only the similarity with the pre-placed intermediate templates. It can be observed
that, compared to the original template, the initially estimated intermediate template is more
similar to the given brain scan. Furthermore, with the constructed deformation model, the
initially estimated intermediate template can be refined, with the final intermediate template
shown in Fig. 8(d). The remaining difference between the final intermediate template and
the brain scan is estimated by HAMMER, with the final registration result shown in Fig.
8(e), which is visually very similar to the brain scan in Fig. 8(c). For comparison, the
registration result obtained by HAMMER is also shown in Fig. 8(f). These experimental
results visually demonstrate the procedure of RABBIT, as well as its comparable
performance with HAMMER. More quantitative results will be provided below to
demonstrate the performance of RABBIT.

In our experiments, HAMMER typically converges after about 30 iterations, and it takes
over 4800 seconds on average for registering brain images with a size of 256x256x124. For
RABBIT, it takes about 300 seconds for the deformation model to estimate a reasonable
intermediate deformation field (or intermediate template), and about 600 seconds for the
HAMMER-based refinement. The total computational time for RABBIT is less than 900
seconds. The speed increase by RABBIT is over five times, compared to HAMMER.

Performance on real data—The registration accuracy of RABBIT has also been
evaluated based on image data of Non-Rigid Registration Evaluation Project (NIREP)
(2006; Christensen et al., 2006). The NIREP database consists of 16 MRI brain images aged
24 10 50. The gray matter region of these images has been manually segmented into 32
ROIs, which can be used to evaluate accuracy of non-rigid registration by measuring the
Dice rates between the ROIs of the template image and the registered images, as defined in
Equation (10).

To test the registration performance of the registration algorithm, one image from the NIREP
database is randomly selected as a template image. To apply the proposed method, a
statistical deformation model is built based on the deformation fields obtained by registering
100 brain images of the OASIS database (aged 25 to 50) to the selected template.

The registration performances of both HAMMER and RABBIT are evaluated by registering
other 15 brain images onto the selected template, with average Dice rate shown in Fig. 9.
Also, the average Dice rate over all 15 aligned subjects can be compute as shown in the last
column of Fig. 9. In general, HAMMER and RABBIT have similar registration
performance, although the average Dice rates of RABBIT are significantly larger than
HAMMER, with p value 0.0078. However, such difference is very small.
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3.4 Performance on Brain Atrophy Detection

In this brain atrophy detection experiment, the deformation model is constructed from 50
MR brain images of normal individuals aged from 65 to 80. These images are obtained from
our local imaging database.

Detection of simulated brain atrophy—In this experiment, we first select a normal
group of 12 subjects aged over 65. Then, we simulate atrophies at both precentral gyrus and
superior temporal gyrus of these 12 subjects to generate an atrophy group (Davatzikos et al.,
2001). A total 24 images from the normal and atrophy groups are spatially normalized onto
a template space by RABBIT and HAMMER, respectively. We then exam the ability of each
registration algorithm in detecting simulated atrophy from the tissue density maps computed
from the estimated deformation fields. Grey matter (GM) tissue density maps are calculated
and smoothed using 8mm full-width at half-maximum (FWHM) smoothing kernel for each
of 24 samples. By using SPM software package (http://www.fil.ion.ucl.ac.uk/spm/software/
spmb5), we perform a paired #test on GM tissue density maps of the normal and the atrophy
groups. Notice that in the paired #test, smaller pvalues or larger #values indicate the better
separation between two groups. We use an equal p value (p=0.005) to compare the £score
obtained by RABBIRT with that by HAMMER. As a result, differences are detected at both
simulated locations of the precentral gyrus and the superior temporal gyrus by RABBIT and
HAMMER. Fig. 10 shows those detected differences, superposed on the template image.

Table 2 summarizes the statistical measures obtained at the locations of the precentral gyrus
and the superior temporal gyrus. It can be observed that both e and pry-are smaller and &
values are larger for RABBIT. This indicates that the PCA-based deformation model,

combined with HAMMER, in our proposed RABBIT is powerful in brain atrophy detection.

Detection of Alzheimer’s disease (AD) related brain atrophy—In order to further
investigate the performance of RABBIT, we use it to spatially normalize structural MRI
brain scans for detecting AD related brain atrophy. Image data from the Open Access Series
of Image Studies (OASIS) are used in this paper, which includes 98 healthy elders and 100
early-stage AD patients (Marcus et al., 2007). Each subject has three to four individual T1-
weighted MR images acquired on a 1.5T scanner. These images were averaged to create a
single image with high contrast to noise ratio. RABBIT and HAMMER are used to spatially
normalize these brain scans, respectively. Similarly, from the estimated deformation fields,
GM tissue density maps that combine deformation information as well as GM tissue
information are computed for voxel-wise comparison between healthy subjects and
individuals with early-stage AD. The spatial patterns of AD-related brain atrophy are
complex and involved in many brain regions. As shown in Fig. 11, both RABBIT and
HAMMER detect the atrophy in temporal lobe structures, including hippocampus,
Amygdala, cingulate, precuneus, and insular cortex, with p = 0.05 (false discover rate (FDR)
corrected) (Bozzali et al., 2006; Busatto et al., 2003 ; Chetelat and Baron, 2003; Convit et
al., 1997; Cuenod et al., 1993; De Santi et al., 2001; Du et al., 2001; Fan et al., 2008; Fox et
al., 1996; Frisoni et al., 2007; Grundman et al., 2002; Jack et al., 2000; Jack et al, 1999;
Karas et al., 2004; Pennanen et al., 2005; Saykin et al., 2006; Xu et al., 2000).
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To quantitatively compare the performance of RABBIT and HAMMER, Table 3 summarizes
the maximum #value obtained in regions with significant group difference, i.e., brain
atrophy. These results indicate that RABBIT has relatively better performance (paired t-test
of £values with p value 0.03, although negligible with respect to the mean value), compared
to HAMMER, in detection of AD-related brain atrophy from the structural MR brain
images.

4. Discussion and Conclusion

We have presented a fast elastic brain image registration algorithm, called RABBIT, by
using a statistical deformation model to take advantage of prior information of brain
deformations, as well as to rapidly estimate a reasonable intermediate template for a given
new subject. The employment of the deformation model in registration has two advantages.
First, it becomes feasible to achieve the computationally efficient image registration due to
the significant deduction of the number of parameters used in the deformation field
representation. Second, the deformation field is constrained by the statistical distribution of
brain deformations learned from the training samples. To further refine the intermediate
deformation field estimated by the deformation model, a registration refinement scheme
implemented by HAMMER is also included in the proposed RABBIT algorithm. The
experimental results show that RABBIT has potential to achieve accurate deformable image
registration with reduced computational cost, and improve the accuracy of image registration
implemented by a statistical deformable model (Loeckx et al., 2003; Wouters et al., 2006).

We have examined how the sample data and PCA space sampling affects the registration
performance. It shows that the statistical deformation model built on more training data has
better ability to represent the deformation fields. When a sufficient number of samples are
used for training, the representation power of deformation model is improved slightly with
inclusion of more training samples. We also examine how the number of eigenvectors used
in the deformation model affects the performance of intermediate template estimation, as
well as the overall registration performance of RABBIT. In particular, the deformation
models with more eigenvectors can better capture the brain deformations, but their
registration accuracy cannot be guaranteed to be improved since the captured deformations
from training samples might still not be able to represent the particular deformations of a
new individual brain under registration, due to possibly the limited number of the available
training samples. Although more sophisticated statistical deformation model can be applied,
such as wavelet-PCA (Xue et al., 20064, b), the dramatically increased parameters needed to
represent the deformation fields inevitably increase the complexity and cost of the
computation. As demonstrated in the experiments, a simple PCA based deformation model,
combined with the refinement scheme, seems to be an overall better way to achieve a fast
and robust brain registration. We also examine how the number of training samples affects
the final results. Our results show that, when sufficient number of samples is used for
training (i.e., 50), the performance of final registration is improved very little even more
samples are included as additional training samples.

It is worth indicating that the registration framework proposed in this paper is general
enough to adopt other registration algorithms to build a statistical deformation model as well
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as to perform the registration refinement. In this paper, HAMMER is used as a particular
example to refine the registration result obtained from the statistical deformation model.

In conclusion, RABBIT has been applied to the spatial normalization of both simulated and
real MR brain images, and its performance has been compared with a particular brain
registration algorithm, e.g., HAMMER. The experimental results demonstrate that RABBIT
can achieve over five times speedup compared to HAMMER, and it can also improve the
statistical power in detection of simulated and real brain atrophies.
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Fig. 1.
Schematic explanation on the proposed RABBIT algorithm. The black point indicates the

location of template T. The two axes denotes two main eigen directions of brain
deformations learned from the training samples. The grey points denote the pre-placed
intermediate templates, used to fast initialize the deformation paramters for a new subject.
The red point | denotes the location of the linearly aligned image of a new subject. Using
Powell’s optimization, the deformation paramters can be further refined, thus obtaining a
final intermediate deformation hi to generate a respective intermediate template T”. Since
the remaining deformation h, from T’ to | is small, it can be estimated relatively fast and
easily by a conventional registration algorithm.
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Fig. 2.

The distribution of coefficients of (a) 50 training samples and (b) 50 testing samples along
each of ten top major eigenvectors. The 10 curves in each panel correspond to 10
distributions of coefficients along 10 top eigenvectors.
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Fig. 3.
The template image is shown in the first column, and two intermediate template images

generated from each of 5 top eigenvectors are shown from columns 2 to 6.
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Fig. 4.

Ef%ect of the number of intermediate templates on registration. The left two columns shown
the mean and standard deviation (std) of deformation estimation errors (mm) by the
statistical deformation model (SMD) based registration method with 243 and 3125 pre-
placed intermediate templates, respectively. The results by RABBIT with 243 and 3125
intermediate templates are also shown in the right two columns. The blue and red bars
represent the results obtained using Msg and My, where 50 and 100 training deformation
samples from the elderly group are used for building the respective statistical models.
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number of eignvectors

The mean (left) and the standard deviation (right) of deformation estimation errors (mm) by
the deformation model based registration, when including different numbers of eigenvectors
in the deformation model. This is actually the error of RABBIT in estimating the
intermediate template, but not the finally result by RABBIT.
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Fig. 6.

Computational cost in estimating the intermediate template, with respect to the number of
eigenvectors used in the deformation model.
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Fig. 7.
The final registration performance of RABBIT with respect to the use of different number of

eigenvectors (i.e., 5 and 10 eigenvectors) in the deformation models Mgy and Mygg. The
registration performance of HAMMER on the same 20 simulated data is also provided in the
last column for comparison.
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®

Fig. 8.
The step-by-step demonstration of RABBIT in aligning a template (a) with a new brain scan

(c). The initially estimated intermediate template using the pre-generated intermediate
templates is shown in (b), while the final estimated intermediate template is given in (d). The
final warped template is shown in (e). For comparison, the template warping result by
HAMMER is also displayed in (f), which indicates that our final warping result is
comparable to the one obtained by HAMMER. The advantage of RABBIT is its significant
reduction of the computational time.
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Fig. 9.
The average Dice rate and standard deviation for each of 15 subjects, along with the overall

performance for all 15 subjects (right column).
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(¢) RABBIT

Fig. 10.
Atrophy detection results in GM using a simulated atrophy data. The arrows indicate the

detected atrophy locations, (a) and (b) show the atrophies detected in the precentral gyrus
and the superior temporal gyrus by HAMMER, (c) and (d) show the atrophies detected in
the precentral gyrus and the superior temporal gyrus by RABBIT.
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Fig. 11.
Brain atrophy detected in the GM of early-stage AD subjects by performing #test on

spatially normalized images using HAMMER (left) and RABBIT (right). The color bars
indicate the #value obtained in #test. The multiple comparison is corrected by false discover
rate. Images are shown in radiology convention.
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Mean difference between deformation fields and their statistical representations (mm)

Model Middle-aged Group | Elderly Group
Testing data Mso Moo Mso | Magol
Middle-aged group 3.06 2.47 3.38 2.91
Elderly group 3.63 3.25 3.12 2.36
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t- values on the detected brain regions with significantly group difference between healthy elders and
individuals with early-stage AD.

HAMMER RABBIT

Uncus right 8.57 8.52

Uncus left 7.69 8.00

Insula right 5.97 6.70

Insula left 6.53 6.34
Cingulated region right 5.14 5.36
Cingulated region left 5.01 5.24
Hippocampal formation right 8.85 8.74
Hippocampal formation left 7.78 7.79
Parahippocampal gyrus right 6.07 5.89
Parahippocampal gyrus left 5.48 5.89
Entorhinal cortex right 7.90 7.44
Entorhinal cortex left 5.17 6.18
Amygdala right 8.85 8.80
Amygdalaa left 7.76 7.97
Precuneus right 4.82 5.15
Precuneus left 3.76 474
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