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ABSTRACT

For the retrospective, rigid body registration of two
3D datasets from different modalities (MR, CT and
PET) an automatic, voxel based approach, as sug-
gested by Collignon et al. [3], was implemented using
mutual information of grey-value pairs as a measure
of similarity. The applied information theoretic ap-
proach combines the segmentation of features and the
consecutive registration in one process. By introduc-
ing a resolution pyramid and a threshold we acceler-
ated the registration process and made it more robust
with respect to the partial volume effect. In order
to obtain good starting values we used a least square
point matching approach based on approximately cor-
responding anatomical landmarks. Our results show
that good registration can be achieved for MRI-MRA,
MRI-CT and MRI-PET even in case of big partial
volume effect.

1. INTRODUCTION

In many clinical situations in neuroradiology the fu-
sion of images from different modalities taken at dif-
ferent times represents an important prerequisite for
optimal diagnosis and therapy planning. Depend-
ing on the clinical requirements, it is not sufficient
to consider anatomy, morphology or functional infor-
mation derived from MR, CT or PET in separate
datasets but to fuse and visualize the information in
one dataset. Due to different resolution, position and
orientation of 3D datasets a transformation of the
coordinate system of the floating dataset to the co-
ordinate system of the reference dataset is required
in a first step. Therefore, a retrospective, rigid-body,
voxel-based approach was implemented which allows
for the registration of two 3D datasets. In compar-
ison to other registration methods this approach is
supposed to work for various medical imaging modal-
ities like MR, CT or PET and should in general not
be restricted to specific modalities.

Reviews of different approaches for solving the
registration problem are presented by Maurer [7], van

den Elsen [10] and Brown [1] who primarily distin-
guish between two main concepts. The first group
of algorithms is clustered around artificial, extrinsic
image properties employing various kinds of frames,
masks or skin markers and must therefore be clas-
sified as non-retrospective. On the contrary, there
are many very popular approaches using all kinds of
intrinsic image properties. This second group may
further be subdivided into methods based on point
landmarks, corresponding structures, moments and
principle axis or on voxel-similarity.

Still, the highest matching-precision and fastest
registration results can be guaranteed by using ap-
proaches on extrinsic markers because segmentation
of corresponding landmarks is not as difficult as with
anatomical information. However, there is a great
demand for approaches using intrinsic information
exclusively due to their retrospective character and
much better patient friendliness.

Point- and surface-based algorithms seem to be
most popular among retrospective approaches which
is certainly justified for data representing anatomical
information like MR and CT. However, in this case
a separate segmentation step is necessary in order
to receive corresponding structures on which the ac-
tual matching can be performed. In the contrary to
that, if functional information like PET is involved,
it seems to be much more appropriate to use voxel-
based concepts [3, 5, 11] which make use of all the
inherent voxel-information of the involved datasets
exhibiting a much more global character. For other
modalities like MR-CT a voxel-based approach also
seems to be useful because the process of segmenta-
tion is already incorporated within the registration.

In general with voxel-based methods, the grey-
values of all voxels are taken into account in order to
optimize a function which measures the similarity of
voxel pairs. A preliminary segmentation step which
actually represents the basis for point- and surface-
based methods and which is a main source for regis-
tration errors can be omitted because it is now part
of the registration process. However, simple correla-



tion of grey-values only works correctly if there is a
linear mapping between the involved datasets. Most
of the voxel-based approaches [5, 11] presented so far
are heuristic in nature assuming that the mapping of
the grey-values is an explicit functional description.

Recently, a very promising information theoretic
approach was presented by Collignon et al. [2, 3]
which takes the mutual information of the joint prob-
ability distribution of the grey values of two 3D data-
sets as a measure for the registration solution. This
approach is supposed to be more robust than any of
the surface-based or heuristic voxel-based approaches
and should also be more stable with respect to the
problem of partial overlap.

In the first part of this paper we will present some
of the important aspects of information theory. In a
second part we discuss the method and the registra-
tion algorithm as well as some details of our imple-
mentation. Finally, we will present our results work-
ing with MRI-MRA, MRI-CT and MRI-PET datasets
and discuss some of the experiences made.

2. THEORY AND METHOD

Medical tomography datasets of the head like MR,
CT or PET represent the anatomical, morphologi-
cal or functional situation. Neglecting the 3D nature
of the datasets and reading out the voxels in a pre-
defined sequence, a discrete signal is obtained with
the grey-values representing the signal amplitude and
the position within this sequence being analogous to
a time interval. According to this interpretation the
problem of registration can be mapped to the source-
channel-drain model of information theory including
all the theoretical framework which is available. Ap-
plied to the model one dataset is chosen as informa-
tion source and the other as information drain while
the registration transformation represents the chan-
nel.

Some basic quantities which can be derived from
the signal at the source of the channel are the infor-
mation content I of a message and its mean informa-
tion content H.

According to Shannon the information source X
represented by m different signals {z1, 22, ..., T, } each
of which occurring with a certain probability p(x) is
defined by

1
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An approximation of the actual entropy is the mean

information content of the information source. It is
defined as
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Similarly, the drain Y of the information channel is
represented by n different signals {y1,y2,...,yn} and
may be assigned the information content according to

1
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In the same way as with the information source
the mean information content of the drain is defined

as
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Concerning the registration problem, X represents
the dataset at the source and Y the dataset at the
drain. Since the two datasets are of different modal-
ity, X and Y are stochastically independent including
the fact that they are only linked by the registra-
tion transformation which substitutes the informa-
tion channel. This is the reason why there should be
a value which measures the amount of transfered in-
formation if there was a signal x at the source and a
signal y at the drain. As a result of these considera-
tions the expression
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is obtained where the Law of Bayes is applied re-
lating the joint probability p(z,y) to the conditional
probability p(z|y).

Consequently, the mutual information or Shannon
information S(X,Y) is defined by summing for all

pairs (z,y)

_ p(z,y)

with the marginal probabilities p(z), p(y) and the
joint probability p(z,y)-

The basis for all these assumptions is the fact that
the 2D histogram of two exactly aligned datasets will
be dispersed if one of the datasets is moved away
from the registration solution [5, 11]. According to
Collignon et al. [3] this degree of dispersion can be
measured with mutual information because the inter-
pretation of the included properties shows that the
lower limit of equation (6) is reached with complete
independence and the upper limit with complete in-
terdependence of the two datasets to be matched.



3. ALGORITHM AND IMPLEMENTATION

The definition of mutual information according to
equation (6) has to be adapted to the problem of
registering two datasets of different modalities. The
abstract signal X at the source is substituted by a
volume dataset with the grey-levels fx (s) and with s
representing the coordinates of the voxels. The prob-
ability p(z) may then be obtained by simple summa-
tion and normalization of the grey-values. In order to
calculate the joint probability p(x,y) and the proba-
bility p(y) of the drain dataset with grey-levels fy (s)
the voxels of the drain dataset must be known which
are covered after applying the registration transfor-
mation T, to the voxels of the source dataset with the
parameters of T changing according to the value of
mutual information « for every iteration. The values
for p(y) and p(x,y) may then be determined respec-
tively by simple summation and normalization of the
voxels included. These considerations lead to the fol-
lowing equation with a,,+ representing the transfor-
mation parameters where the minimum of the mutual
information is found by an optimization algorithm:

ming (— Y-, p(fx (Tas), fr(s))
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Since we are using this registration scheme for head
data exclusively we restricted the transformation T
to three translations and three rotations by applying
the rigid body assumption which is regarded to be
well satisfied according [3].

Transforming a voxel of the source dataset does
usually not lead to an exact voxel position in the
drain dataset. The fastest solution for this interpo-
lation problem could be nearest neighbor interpola-
tion. However, as a disadvantage the parameters of
the calculated transformation will then not change
continuously. Alternatively, a trilinear interpolation
could be used instead. This is, however, not suitable
either because the calculation of grey-levels at inter-
voxel positions leads to an artificial dispersion of the
grey-level histogram. This would falsify the result of
equation (7) after numerical optimization.

Collignon et al. [3] therefore proposed an inter-
polation procedure called partial-volume-distribution
which also requires the weights derived from trilin-
ear interpolation. Contrarily, the weights are now
used to update the joint 2D-histogram of the datasets
and in the same way to update the probabilities p(z),
p(y), p(z,y). If a voxel of the drain dataset is in-
side the transformed volume of the source dataset its
corresponding weights are added to the entry of the
joint histogram, to the entry of the source dataset his-
togram and finally to the entry of the drain dataset
histogram.

In our implementation the optimization of the mu-
tual information according to equation (7) is per-
formed by Powell’s algorithm [8] and will therefore
just find a local minimum. Since we are applying a
preprocessing step in order to find initial values for
the transformation parameters in the vicinity of the
registration solution the result of the optimization
can be interpreted as optimal if the local minimum
0opt is reached.

Due to the problem of local minima occurring with
the calculation of mutual information we simply used
the technique of corresponding landmarks in order to
find starting values for the parameters of the opti-
mization algorithm. This method proved to be sat-
isfactory even in case of complementary information
like with MR-CT or MR-PET. Since this method is
not required to provide a good registration a quick
selection of approximately corresponding landmarks
was sufficient.

By introducing a resolution pyramid consisting of
three levels we could accelerate the process of opti-
mization during the first step. We simply used every
fourth voxel along each axis for the first level and
every second voxel for the second level before calcu-
lating with full resolution in the final level. Reducing
the amount of voxels in the beginning was very use-
ful in order to quickly approach the optimal value of
mutual information.

4. RESULTS AND DISCUSSION

In order to test our implementation we used the fol-
lowing datasets:

1. For a test of functionality a (256 x 256 x 128)
MRI dataset (voxel size: 0.99 x 0.99 x 1.36 mm)
at the source and a copy of it which was dis-
placed by (7.0, 6.0, 10.0) mm and rotated by
(10.0, 5.0, 5.0) degrees was used. As a result,
the optimization algorithm returned the regis-
tration parameters with an error of less than

1%.

2. For a second test the same MRI dataset was
applied together with a corresponding (256 x
256 x 72) MRA dataset (voxel size: 0.89 x 0.89
x 0.94 mm). The result of the registration can
be seen in Fig. 2, 3 and 4. The darker areas
show the MRA parts.

3. Testing the algorithm with complementary in-
formation we used a (256 x 256 x 30) MRI
dataset (voxel size: 1.33 x 1.33 x 4.0 mm) to-
gether with a corresponding (256 x 256 x 40)
CT dataset (voxel size: 1.33 x 1.33 x 4.0 mm).
The result of this test can be seen in Fig. 6, 7
and 8.



4. For a final test with complementary information
we used a (256 x 256 x 55) MR dataset (voxel
size: 0.86 x 0.86 x 2.5 mm) and a corresponding
(128 x 128 x 31) PET dataset (voxel size: 2.0 x
2.0 x 3.38 mm) with the result of the matching
visualized in Fig. 10, 11 and 12.

Initially, the algorithm was very sensitive to the
problem of partial overlap even if the volumes to
match were close to the registration solution. This
problem could only be overcome by introducing a
threshold in order to suppress the influence of back-
ground noise which restricted the overlapping part of
the volumes to the essential information.

In order to examine the behaviour of the algo-
rithm in the vicinity of the registration solution one
of the datasets was rotated around the main axes
(X,Y, Z) after registration. The respective values of
mutual information were plotted in Fig. 1, 5 and 9.
Especially for our MRI - PET data some significant
local minima occured at 90 and 180 degrees which
are ,to our opinion, due to symmetry effects. For our
MRI - CT data an additional minimum could only be
found at 180 degrees because the missing upper part
of the head in the MR dataset reduced the influence
of symmetry at 90 degrees. Since the MRA dataset
of our MRI - MRA data only covers the center part of
the head a possible minimum at 180 degrees is almost
negligible. Du to these minima it was essential to find
starting values close to the registration solution. We
achieved this by a quick selection of approximately
corresponding landmarks which proved to be suffi-
cient because only the shape based symmetry effects
had to be overcome.

The additional introduction of a simple resolution
pyramid in order to approach the vicinity of the reg-
istration solution accelerated our implementation by
a factor of two. The whole matching took 1h 15 min
(level one: 2 min , level two: 15 min) for our MRI-
MRA data and 25 min (level one: 1 min, level two:
5 min) for our MRI-CT data running on a 250 MHz
SGI Indigo?.

Up to this stage the precision of our algorithm
may only be checked visually. This, however, is not a
real drawback since visual inspection of the results is
an important technique for evaluation. According to
Hemler et al. [4] several problems remain concerning
the determination of the accuracy of registered data.
As proposed, the solution to this problem could be a
reference dataset with internally placed markers.

5. CONCLUSION

Mutual information as presented by Collignon et al.
[3] was successfully applied to a diversity of modali-
ties like MRI-MRA, MRI-CT and MRI-PET. Taking

into account the visually inspected results of our im-
plementation it turns out to be a data independent
measure and produces fairly good results without an
initial segmentation step which is usually sensitive
to segmentation errors. However, finding appropri-
ate initial parameters was essential due to symme-
try effects which cause local minima in the vicinity
of the registration solution. Introducing a thresh-
old and a simple resolution pyramid was necessary
to make the algorithm less sensitive to the problem
of partial volume effect and to accelerate the perfor-
mance of the algorithm by a factor of two. Still, fur-
ther tests have to be performed including compar-
isons with other matching procedures and data with
a stereotactic frame. As a final task the procedure for
finding the starting values should be automated and
the approach be extended to fully affine transforma-
tions.
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Figure 1: Value of mutual information if one
dataset is twisted out of the registration solu-
tion around main axis X, Y, Z.

Figure 2: axial slice

Figure 3: coronal slice

Figure 4: sagittal slice

Registration results with MRI-MRA
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Figure 5: Value of mutual information if one Figure 9: Value of mutual information if one
dataset is twisted out of the registration solu- dataset is twisted out of the registration solu-
tion around main axis X, Y, Z. tion around main axis X, Y, Z.
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