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ABSTRACT 

Spatial normalization of MRI brain images by nonlinear 
image registration is an essential task for many applications 
in the field of computational neuroanatomy. Here, a multi-
level block matching technique adapted to the problem of 
intersubject registration is presented. The concept of gener-
alized partial volume (GPV) interpolation, which was origi-
nally used in joint intensity histogram computation, is used 
here in regional similarity matching. The influence of kernel 
function selected for GPV interpolation on the quality of 
registration is studied in experiments which include simu-
lated brain images and synthetic deformations. 

1. INTRODUCTION 

Image registration methods play an important role in the 
field of computational neuroanatomy. They are used for 
spatial normalization, voxel-based and deformation-based 
morphometry, atlas-based segmentation or brain atlas con-
struction. In many of those tasks, registration methods with 
the use of multimodal similarity measures and nonrigid 
transformations models are required [1]. Whereas the mu-
tual information is regarded in literature [2] as the standard 
similarity measure for multimodal image registration, the 
choice of a deformation model still remains dependent on a 
specific registration task. Two major classes of locally adap-
tive transformations are used in medical image registration: 
parametric transformations, which use a set of correspond-
ing control points or landmarks to compute a piecewise in-
terpolated displacement field [3], [4], and nonparametric 
transformations, which apply a smoothing operator on a 
dense field of forces estimated independently in every voxel 
of the image [5], [6]. 
Besides the similarity measure and the deformation model, 
an interpolation method is another basic block of any regis-
tration algorithm. Voxel intensities at nongrid positions are 
interpolated as weighted sums of voxel intensities at 
neighbouring grid positions. The weights are determined by 
interpolation kernel functions. In general, higher-order inter-
polation methods with a larger support lead to smaller inten-
sity errors in the interpolated image. However, it has been 
shown in [7], that these interpolators do not always ensure 
also higher registration accuracy, especially in the case of 
mutual-information-based registration. To alleviate problems 

with direct intensity interpolators, partial volume interpola-
tion was proposed in [8] and it was further extended into the 
generalized partial volume (GPV) interpolation in [9]. 
In this paper, the effect of various kernel functions in the 
GPV interpolation is studied on the quality of registration. 
MRI brain images are registered with an algorithm which 
incorporates similarity measure derived from mutual infor-
mation and a spatial deformation model based on radial ba-
sis functions (RBF). 

2. METHODS 

Intersubject and subject-to-atlas registration of in automated 
morphometry of MRI brain images are the considered appli-
cations of algorithms presented here. Thus, the registration 
method should be capable to capture local subtle anatomical 
variations as well as global large shape differences. Further, 
the method should be robust to tissue intensity variations 
which can be result of multimodality imaging as well as 
neuropsychological diseases or even normal aging [10]. Re-
cently, a method for multimodal deformable registration in 
stereotaxic space was proposed in [6]. The registration 
method, which is considered here, differs from the one in [6] 
mainly in the spatial deformation model. 

 
2.1 GPV interpolation in multilevel block matching 
The scheme of the algorithm is in Fig. 1. A multilevel subdi-
vision is applied on a floating image N. Obtained rectangular 
image blocks are matched with a reference image M. The 
resulting displacement field u is made up from local transla-
tions of the image blocks by RBF interpolation. The transla-
tions representing warping forces f are found by maximizing 
symmetric regional similarity measures. 
The concept of regional matching is adapted here from [11]: 
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and the region similarity measure SW is computed in an im-
age region W with the center point w with KW voxels by av-
eraging the point similarities over W. The point similarity 
function SPMI derived from mutual information in [6] is used 
here: 
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where pM(m) and pN(n) are marginal PDF and pMN(m,n) is the 
joint PDF of the images M and N respectively. A combined 
estimate of the joint PDF made from an estimate based on 
tissue probability maps in stereotaxic space and from an es-
timate based on the joint intensity histogram is used here. It 
was shown in [6] that the combined estimate improves the 
quality of registration. 

  

Figure 1 – The scheme of the multilevel block matching  
technique. The displacement field u which transforms the floating 
image N to match the reference image M is searched in an iterative 
process which involves regional similarity matching and piecewise 

interpolation with the use of Wendland’s radial basis function.  

Due to the subvoxel accuracy of performed deformations, the 
point similarities have to be computed in points that are not 
positioned on the image grid.  Interpolation from neighboring 
grid points has to be involved. The function SPMI is defined 
for a finite number of intensity values due to histogram 
binning performed in the joint histogram computation. Con-
ventional interpolation of voxel intensities is therefore inap-
plicable, because the point similarity functions are not de-
fined for new values which would arise. Thus, the GPV in-
terpolation scheme, which was originally designed for com-
putation of joint intensity histogram, is used here. The com-
putation of point pair similarity requires knowledge of the 

intensities m and n in the points of the images M and N re-
spectively. The intensity n on a grid point of the deformed 
grid of the floating image is straightforward, whereas the 
intensity m on a point off the regular grid of the reference 
image is unknown. Their similarity is computed as a linear 
combination of similarities of intensity pairs corresponding 
to the points in the neighbourhood of the examined point. 
The extent of the neighbourhood depends on the chosen ker-
nel function. Here, the first-order, the second-order and the 
third-order B-spline functions with 8, 27 and 64 grid points 
in neighbourhood for 3-D tasks or 4, 9 and 16 points in 
neighbourhood for 2-D tasks are used. The particular choice 
of the kernel function affects the smoothness of the behav-
iour of the regional similarity measure, see Fig. 2. The num-
ber of local optima is the lowest in the case of the third-order 
B-spline. As the evaluation of the B-splines increases the 
computational load, their values are computed only once and 
stored in a lookup table with increments equal to 0.001.   
  

 
Figure 2 – Comparison of the regional similarity measure computed 

with the use of GPV and the first-order B-spline (solid line), the 
second-order B-spline (dashed line) and the third-order B-spline 

(dotted line). A region of the size a) 10x10 mm, b) 20x20 mm was 
translated by fx=±10mm in the x direction.  

The central idea to the block matching technique is to locally 
transform regions of the floating image to match them to the 
reference image. Local translations which maximize the re-
gional similarity measure SW are searched in an optimization 
procedure. Fig. 2b shows that the use of the regional similar-
ity measure and the GPV interpolation with the use of the 
second-order B-spline or the third-order B-spline leads to 
well-behaved criterion function in the case of large regions. 
In the case of small regions, the uncertainty about the best 
translation is still high and many local maxima occur near the 
optimal solution, see Fig. 2a. A combination of extensive 
search and hillclimbing algorithms is used here to find the 
global maximum.  First, a space of all possible translations is 
determined by absolute maximum translation |fmax| in all di-
rections. Then, the space of all possible translations is 
searched with a relatively big step se. The q best points are 
then used as starting points for the following hillclimbing 
with a finer step sh. The maximum of q local maxima ob-
tained by the hillclimbing is then declared as the global 
maximum, see Fig. 3. All the parameters of the optimization 
procedure depend on the size of the region which is trans-
lated. In this way, fewer criterion evaluations are done for 
larger regions when the chance of getting trapped into local 
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maxima is reduced and more evaluations of the criterion is 
performed for smaller regions.  

Once the local translations are found, the displacement u 
is computed separately for each of D dimensions by interpo-
lation with the use of RBF by: 
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where uk(x) is the displacement of a grid point x in the kth 
dimension, R is the radial basis function of the distance  
||x-wi|| between the grid point x and the center of the ith block 
wi. The coefficients αi are computed by putting the transla-
tions f into (3) and solving the resulting linear system of B 
equations separately for each dimension k. The compactly 
supported Wendland's RBF, which was successfully used for 
landmark-based deformable registration in [12], is used here. 
Its mathematical properties hold for different spatial support 
which is important for the multilevel strategy. For each level 
of subdivison, the block size is set to the half of the size at 
the previous level. The displacements are gradually incre-
mented over all levels, refining the resulting deformation in 
the coarse-to-fine manner. The regions containing poor con-
tour or surface information can be eliminated from the 
matching process and the algorithm can be accelerated in this 
way. The subdivision is performed only if at least one voxel 
in the current region has its normalized gradient image inten-
sity bigger then a certain threshold. 
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Figure 3 - A trajectory of 2D optimization performed by an exten-
sive search (triangles) combined with hillclimbing (bold lines). The 

optimization procedure was set for this illustration as follows: 
|fmax|=[8, 8], se=4 mm, sh=0.1 mm, q=8. The local maxima are 
marked by crosses and the global one is marked by the circle. 

Optimal matches can be hardly found in a single pass com-
posed of the local translations estimation and the RBF-based 
interpolation, since features in one location influence deci-
sions at other locations of the images. Iterative updating 
scheme is therefore proposed here, see Fig. 1. It helps to 
model better the voxel interdependencies, because the de-
pendency on neighbouring displacements is involved in this 
way. A preset number of iterations is used as the criterion of 
termination of the iterative process. The space of all possible 
translations determined by |fmax| is divided into proportionally 

smaller parts, since the displacement field is updated in an 
incremental way. The use of the iterative scheme is illus-
trated in Fig. 4, where the gradual change in local translations 
through iterations can be observed. An important part in the 
each iteration is re-computation of the point similarity func-
tion before regional matching is performed. 
 

 
Figure 4 - The iterative estimation of local translations in a syntheti-
cally deformed part of an image. The final displacements are sums 
of partial updates computed by interpolation of the local transla-
tions. The magnitude of the translations is scaled by factor 3 for 

illustration purposes. 

 
2.2 Synthetic deformations 

The quality of the registration method with various set-
ups in GPV interpolation is assessed here on recovering syn-
thetic deformations in a lot of registration experiments. The 
synthetic deformations are produced here by two completely 
different anatomical variability simulators: 1) RGsim based 
on Rogelj’s elastic-incremental model with Gaussian spatial 
filters and 2) TPSsim based on thin-plate splines; see [6] for 
their detailed description. The deformations produced by 
RGsim are more complex than the smooth TPSsim ones. 

3. RESULTS 

The optimal setup of the multilevel block matching tech-
nique was found experimentally. Values of the method's 
parameters are listed in Tab. 1. 

Table 1 –  Setup of the parameters of the multilevel block matching 
technique. 

Level 
region 
size 

[mm2] 

s 
[mm] 

|fMAX| 
[mm] 

se 
[mm] 

sh 
[mm] 

q 
[-] 

1 1122 168 28 2.5 0.50 1 
2 562 84 14 2.0 0.25 2 
3 282 42 7 1.5 0.20 2 
4 142 21 4 1.5 0.20 3 
5 72 11 2 1.0 0.10 4 
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The maximum level of subdivision was set to 5 based on 
preliminary results. This level corresponds to the subimage 
size of 7x7 pixels. Although the next level of subdivision 
gave an increase in the global mutual information, the 
alignment expressed by quantitative evaluation measures, 
which are described further, and also by visual inspection 
was constant or worse. 
Due to the computational complexity of the registration 
methods, the quantitative evaluation was done on 2-D data. 
Both anatomical variability simulators were used to produce 
20 random, image dependent deformations for 20 transver-
sal slices extracted from 3-D MRI images. The deformations 
were normalized, in order to use them for simulating various 
degrees of anatomical differences, expressed by the maxi-
mum absolute initial displacement |e0

MAX|∈{8 mm, 10 mm, 
12 mm}. T2-weighted transversal images with 3% noise and 
20% intensity nonuniformity (INU) were obtained from the 
Simulated Brain Database (SBD) [13] and after they were 
deformed, registrations to their corresponding artifact-free 
T1-weighted images were performed and the errors between 
the resulting and the initial deformations were measured. 
The residual root mean squared errors eRMS were grouped for 
each case of simulated anatomical variability and their aver-
age values are presented in Tab. 2.  
The results show that the presented multilevel block match-
ing method is able to recover smooth synthetic deformations 
from TPSsim better than the more complex ones generated 
by RGsim. The best results were achieved when the 
3rd-order B-splines were used as the kernel functions in the 
GPV interpolator employed in the construction of joint PDF 
estimate as well as in the regional matching. 

Table 2 – Root mean squared error displacements achieved by the 
multilevel block matching technique on various initial misregistra-

tions and with various setups in GPV interpolation kernel func-
tions. The order of B-splines used in joint PDF estimate construc-

tion is signed as o1 and the order of B-splines used in regional 
matching is signed as o2. The average computational time is also 

reported for each setup of the method. 

|e0
MAX| 

[mm] 
e0

RMS 

[mm] 

eRMS [mm] 
o1 o2 o1 o2 o1 o2 o1 o2 o1 o2 o1 o2

1 1 2 1 3 1 2 2 3 2 3 3 
Comp. time 

[s] 100 104 115 169 178 300 

TPSsim 
5 2.47 0.59 0.57 0.56 0.51 0.52 0.51 
8 3.95 0.74 0.71 0.69 0.68 0.67 0.67 
10 4.93 0.91 0.89 0.86 0.85 0.82 0.82 
12 5.92 1.17 1.38 1.34 1.16 1.36 1.35 

RGsim 
5 2.30 0.93 0.87 0.85 0.79 0.77 0.75 
8 3.67 1.47 1.41 1.37 1.39 1.33 1.27 
10 4.59 2.19 2.17 2.09 2.05 2.07 1.98 
12 5.51 3.09 2.93 2.92 3.05 2.93 2.99 

4. DISCUSSION 

Although the concept of block matching techniques is not 
new at all, this kind of registration algorithms is still in the 

focus of research [14]. Here, it was adapted to the problem 
of multimodal intersubject registration of MRI brain images. 
The biggest limitation of block matching techniques is their 
high computational load which arises from the high amount 
of local optimization tasks. However, this drawback was 
solved e.g. in [15] by using parallel version of block match-
ing on a cluster of computers. The high computational times 
reported here in Tab. 2 were achieved in a single-PC envi-
ronment equipped with AMD Athlon 1.8 GHz processor and 
2 GB RAM. The algorithms were implemented in 
MATLAB and C. 
Comparing to another method for multimodal deformable 
registration presented in [6], similar registration quality was 
achieved here on smooth synthetic deformations, whereas 
worse results were obtained in recovering more complex 
deformations. This might be a result of more intensive regu-
larization of the final displacement field. Besides the spatial 
deformation model, a considerable part of regularization is 
done here also in regional block matching where the point 
similarities are averaged over subimages. 

In the field of computational neuroanatomy, the pre-
sented method showed to be applicable in spatial normaliza-
tion which is performed in voxel-based morphometry, where 
global shape differences are suppressed and residual anatom-
ical variability is then studied in voxel-by-voxel manner.  

5. CONCLUSION 

A multilevel block matching technique for deformable regis-
tration in computational neuroanatomy was presented. The 
multimodal character of the method makes it robust to tissue 
intensity variations which can be result of multimodality 
imaging as well as neuropsychological diseases or even 
normal aging.  
The GPV interpolation concept, which was originally used 
for joint PDF estimation, was used here in regional match-
ing. The influence of the kernel function used in GPV inter-
polation on the resulting registration quality was studied in 
experiments with simulated MRI brain image data and syn-
thetic deformations. The quantitative evaluation showed that 
higher-order B-splines as the kernel functions in GPV inter-
polation framework give better results in registration quality 
than kernel functions with smaller support.  
The proposed technique was stated to be suitable for voxel-
based morphometry, where only gross intersubject anatomi-
cal differences should be suppressed by spatial normaliza-
tion and the residual variability has to be preserved for fol-
lowing statistical parametric tests.  
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