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Abstract-A limitation of using linear registration methods for
mapping functional magnetic resonance imaging (fMRI) data
to anatomical MRI, required for both multi-subject analysis
and visualization of brain activations, is its inability to correct
the geometric distortion induced by field inhomogeneity.
Consequently, linear methods such as M1 (mutual information)
do not accurately align fMRI and MRI. Nonlinear methods
such as TPS (Thin Plate Spline) may do the job but they
require manual identification of landmarks. Due to low speed,
high cost, and user-dependency of manual landmark
identification, a new algorithm for automatic landmark
generation is presented in this paper. The nonlinear
registration method along with new automatic algorithm is
applied on real anatomical and fMRI data and the results are
evaluated. Experimental results illustrate the method and its
excellent performance.
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I.  INTRODUCTION

An essential preprocessing step for various applications in
medical image analysis and display is registration of
functional and anatomical images. The goal of this
procedure is to obtain a transformation that aligns low
resolution EPI (Echo Planar Imaging) images of the
functional study onto the high-resolution anatomical
images. Moreover, in multi-subject analysis of fMRI data,
the EPI images of various subjects are registered to a unit
(standard) atlas, to map functional activations onto the
structural information visualized in the high-resolution
anatomical images [1].

Functional and anatomical MRI registration is a
challenging task [2]-[3]. Since fMRI datasets only have a
few slices, interslice distance needs to be dealt with. In
addition, local geometric distortions generated by gradient
field nonlinearities and magnetic field_inhomogeneities
make registration of EPI images and spin echo images
challenging. Due to these difficulties nonlinear registration
methods are preferred. In nonlinear methods, landmarks
selection is needed to solve the above fMR and MR
registration problems. However, due to the low resolution
of fMRI, it is difficult to locate anatomical structures and
landmarks in the functional data. Hence, the task of
automatic landmark generation is labor intensive.

There are approaches in this area that use a set of
corresponding anatomical landmarks [1], [4]. Although
some of the researchers proposed automatic detection of

landmarks [5]-[8], these techniques are not suitable for our
application due to the low resolution and distortion of fMRI
data. There are also some nonlinear methods that work
without landmarks but they are computationally expensive.

In this article, the above problems are solved by
defining robust landmarks using global features such as the
principal axes of the brain and local features like curvature.
Since manual generation of these landmarks demands
human interaction, increases sensitivity, and affects the
reproducibility of the method, a new fully automatic
algorithm is presented to define the landmarks. The
nonlinear thin plate spline (TPS) method with automatic
landmark generation is applied on real anatomical and fMRI
data and the results are compared to those of the MI method
and a nonlinear method without landmarks by AIR
(Automatic Image Registration) software [9]-[10] showing
superiority of the proposed method.

Il. METHODS

We used wavelet analysis proposed by Ruttiman, et al [11]
to detect activated regions from fMRI data. To map the
activation results onto the corresponding high resolution
anatomical MR images, linear or nonlinear registration
methods may be applied. Although nonlinear methods align
them accurately, many of these methods need manual
identification of landmarks by the user, which is time
consuming and irreproducible. To avoid this limitation, we
present a new algorithm to generate landmarks
automatically. In this section, linear (MI)' and nonlinear
(TPS)?> methods are described briefly. Then, the new
algorithm is explained.

A. Linear Registration Method

A well-known conventional linear method is based on
mutual information (MI) [12]. In this method, the two image
volumes that are to be registered are referred as the source
volume (MRI) and the destination volume (fMRI). A voxel
of the destination and source volume are denoted u(x) and
v(x), respectively, where x represents the coordinates of the
voxel.
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% Thin Plate Spline (TPS)



Given that T is a transformation from the coordinate
frame of the destination volume to the source volume, v(T
(x)) is the source volume voxel associated with destination
volume voxel u(x). Note that in order to simplify some of
the subsequent equations T is used both to denote the
transformation and its parameterization. An estimate of the
transformation is searched that registers the destination
volume u and source volume v by maximizing their mutual
information,
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where x is treated as a random variable over coordinate
locations in the destination volume. Mutual information is
defined in terms of entropy as [13]:

1) V(T (x))) =h(u(x)) + h(v(T (x))) - h(u(x); v(T (X()%g

where h(.) is the entropy of a random variable and is defined

as h(x) EJ -p(x) Inp(x)dx, while the joint entropy of two
random variables x and y is:
h(x; y)= J -P(x; y) Inp(x; y)dx dy (3)

B. Nonlinear Registration Method

The nonlinear TPS method [14] considers a radial basis
function (RBF) (r’log(r?) and an affine term. The affine
coefficients have stronger effect when there is no need for
nonlinear registration. The nomination of TPS is because of
optimizing the bending energy of a thin plate subjected to
only slight bending.
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where y is the RBF function and the bending energy, j , is:

ot o't oY) 5
J (f)=Hf®‘z=Lz[y+2yﬁy+ 5yz] dxdy 5)

A uniclue solution based on previous criteria is based on
2 - -
relog(r°). The formulation is as below.

g(r) =-r*log(r*) (6)
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where (x,°,y, ") and (x,"™",y,™")are the coordinates of

each pixel before and after registration, respectively, a and
o are coefficients of affine and nonlinear terms,
respectively. The following constraints decrease the effect
of nonlinear term when the transformation is not nonlinear.
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The TPS method is landmark-based and due to the
geometric distortion of fMRI, registration results may be
very sensitive to landmarks positions. In the following
section, we introduce most appropriate landmarks and a
fully automatic algorithm to find them.

C. Automatic Landmark Generation (ALG)

We have developed the following algorithm to identify

anatomical landmarks automatically.

1- The cortex boundary is extracted and the centroid of the
area inside the boundary (ROI)* is obtained.

For boundary extraction of MRI, an smoothing filter is
applied on the original image, a clustering method
(fuzzy c-means) is utilized with fuzzification degree and
number of clusters equal to 1.3 and 4, respectively (Fig.
1). The third cluster is selected. For skull removal, the
negative of the first cluster is eroded and its zero value
pixels are set zero in the third cluster. To remove the
holes and fill the area inside, closure and filling
(morphological operations) are applied, respectively.
The result is labeled and the largest (area) cluster is
chosen. Cortex boundary and the centroid of area inside
(ROI) are obtained.

For boundary extraction of fMRI, a threshold equal to
0.2 is applied on the normalized image instead of
applying FCM clustering. The remaining steps to obtain
the contour are the same as MRI contour extraction.

2- Principal axes of ROI are calculated using the Hotelling
transform [15]. Passing the two perpendicular
eigenvectors through the centroid found in Step 1 gives
the principal axes of ROI. Fig. 2.a. from left to right
shows the principal axes of MR and fMR images,
respectively.

3- The intersections of the principal axes and the cortex
boundary found in Step 1 are obtained.

4- Four neighborhood curves around the coincident points
are considered. Fig. 2.a from left to right shows these
four curves by highlighting regions of cortex boundary
for MR and fMR images, respectively.

5- The curvature of the boundary points are calculated [16].
Curvature (c,) is determined at each point of the cortex

boundary as the vector difference between the unit
distance vectors (4 _ |5 , p,: Distance vector) of two

Di
joining edge segments,
C = di _di—l' (12)
6- Around the intersection points on the fMRI and MR, the
cortex boundaries are searched to get the pair locations
that have the most similar curvatures. The search is
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started from the intersection points. The first two
locations from the cortex boundaries that have closest
curvature values are selected as landmarks. Fig. 2.b form
left to right shows selected landmarks for the MR and
fMR images, respectively.

IIl. EXPERIMENTAL REULTS
A. Data

A healthy volunteer was studied using a block design
periodic fMRI paradigm in which the subject performed a
sequential finger to thumb opposition task. A total of 112
volumes were acquired from the subject using the EPI pulse
sequence. Each volume contained 20 axial slices of size
64x64, and covered a FOV = 250x250x100 mm?® with no
gaps between slices. The task paradigm included four cycles
(of 84 seconds each) of self-paced sequential finger to
thumb opposition. In addition to the EPI data, a high-
resolution 3D anatomical T;-weighted image volume was
scanned from the subject using a magnetization-prepared
rapid acquisition gradient echo (MP-RAGE) sequence. The
scan parameters for this sequence were FOV=256 x 256 x
190 mm®, with a matrix size of 256 x 256 x 190 voxels,
yielding a 1 mm? isotropic voxel size. To get corresponding
slices of MRI and fMRI, data is coregistered and resliced
using the SPM software.

B. Evaluations

In this section, we demonstrate the performance of the
registration approach using the above real data set. In the
motor task of fMRI experiment, we expect the cerebellum
and motor cortex to be activated. These regions are mainly
located in slices 20 and 74.

Registration procedure starts with coregistering and
reslicing of fMR and MR images. Then the new automatic
landmark generation (ALG) algorithm is applied to find
landmarks. An affine transformation is used to obtain the
primary coefficients of the MI method. Finally MI and TPS
methods are applied and activation results overlaid on the
registered images. Figs. 3 shows registration results of TPS
with ALG algorithm, MI and nonlinear without landmarks
(AIR software) methods on slices 20 and 74. Fig. 3.a from
left to right shows the MRI and fMRI with activation
overlaid, respectively. Fig. 3.b from left to right shows
registered images with MI and TPS (with ALG algorithm)
methods, respectively, superimposed on the same fMRI
outlines (cortex boundary). The mismatch of the M1 method
is apparent as expected due the inability of linear
registration methods in fMRI and MRI alignment (because
of mentioned problems in Section 1); the arrows point to the
mismatches. Fig. 3.c from left to right shows activation
results superimposed on the registered images with Ml and
TPS (with ALG algorithm) methods, respectively. Fig. 3.d
shows the same results as part © for the nonlinear method
without landmarks (AIR). Fig. 3.e-h shows the same results
as parts a-d (slice 74) for slice 20. It is evident that the
nonlinear registration (TPS method with ALG algorithm) is

superior to linear method at preserving edge voxels in the
analysis. The nonlinear method without landmarks (AIR) is
quantitatively compared with the other two methods in
Table 1. The comparison is done by calculating the mutual
information between the registered MR image and its
corresponding fMR image in all three mentioned methods.
The nonlinear method in AIR utilizes a polynomial with 12
parameters. Note that the nonlinear method (TPS) along
with the proposed ALG algorithm has generated more
accurate results compared to the linear method (MI) and
nonlinear method without landmark (AIR).

IV. SUMMARY AND CONCLUSION

Since the fMR images are geometrically distorted, the
spatial relationship between fMRI and MRI is nonlinear.
Therefore, linear registration methods are not suitable for
the mapping of fMRI activations onto MRI; nonlinear
methods are more appropriate for this application.

Nonlinear registration methods are landmark-based or
without landmark that are computationally expensive. The
landmarks can be identified manually or automatically.
Compared to manual landmark identification, automatic
landmark identification has the advantages of higher speed,
lower cost, and user-independecy. We have developed an
automatic landmark identification algorithm. Although this
has been done for the registration of fMR and MR images, it
is applicable to other applications such as image guided
surgery and intervention and pre-surgery simulation (virtual
reality environment).

We have compared three registration procedures
(nonlinear (TPS) with ALG algorithm, nonlinear without
landmark (AIR), and linear registration methods). The
nonlinear (TPS) method with the proposed ALG algorithm
is superior for our application and satisfies our goal of
mapping brain activations extracted from fMRI data onto
the MRI easily, accurately, reproducibly and automatically.
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Table 1: Quantitative comparison of three registration
methods, linear (MI), nonlinear (TPS) with ALG algorithm,
and nonlinear without landmark (AIR software) by calculating
the mutual information between the registered MR image and
its corresponding fMR image.

Slice 74 Slice 20 MI
0.3724 0.3208 Linear Method
Nonlinear Method (TPS with
0.6040 0.6765 ALG algorithm)
0.5414 0.5969 Nonlinear Method (AIR)

Cluster 1 Cluster 2 (@)

Cluster 3 Cluster 4 (b)

Fig. 1. Result of Fig. 2. From left to right, a) the

applying fuzzy c-means principal axes and four

algorithm on the original neighborhood curves around the

MR image. coincident points by highlighting
regions of cortex boundary of MR
and fMR images, respectively; b)
selected landmarks by new ALG
algorithm for MR and fMR
images, respectively.

(d) (

Fig. 3. From left to right, a) corresponding MR and fMR images of slice
74, respectively; b) contours of the registered fMRI using Ml and TPS
(with ALG algorithm) methods, respectively, superimposed on the MRI.
The arrows point to the mismatch of the MI method; c) activation results
superimposed on the registered MR images using Ml and TPS (with ALG
algorithm) methods, respectively. d) the same result as part © for nonlinear
without landmarks method (AIR). (e)-(h) the results for slice 20. Note that
with the MI registration, part of the activation region falls outside of the
brain which is apparently incorrect. This is corrected by the TSP with ALG
method.



