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ABSTRACT

Registration of medical image data of different modal-
ities and the consecutive fusion of registered data are
the basis for visualization in medical imaging. The
applied alignment procedure is based on the informa-
tion theoretic approach of maximizing mutual infor-
mation of two arbitrary images of different modali-
ties. The implementation of the histogram based ap-
proach, as suggested by Collignon et al. [1], showed
that very good matching results for various moda-
lities can be achieved even in case of partially over-
lapping volumes without any pre-processing or prior
segmentation. Following the suggestion of Viola et al.
[12], using the derivative of mutual information and a
stochastic approximation our registration procedure
became more robust and faster for the 2D case. Con-
cerning the 3D case the expected speed up should
be even more dramatic. For the consecutive inspec-
tion of our registration results we implemented a tool
for superimposing the registered and resampled im-
age data in 2D and 3D. Since there is no single opti-
mal way for fusion there are different tools available
which allow the user to select the most appropriate.
In order not to compromise any information inherent
in the diverse and complex image data we mainly use
magic lenses which may be manipulated interactively
in size and position. Additionally, the user may nav-
igate with three orthogonal and interacting slices in
the volume data.

1. INTRODUCTION

Registration and fusion of tomographic image data
from different modalities are important procedures of
advanced computer aided visualization in the medical
field. In many clinical situations in neuroradiology
there are different image data sets available which
show either anatomical reference structures, patho-
logical lesions, or functional activity. Depending on

the clinical requirements, it is often not sufficient to
consider anatomy, morphology, or functional infor-
mation derived from MR, CT or PET separately but
to superimpose images of different modalities and to
inspect all the available information simultaneously.
Due to different resolution, position, and orientation
of the image data and various system inherent sources
of distortion a more or less complex transformation
must be found which transfers the coordinate system
of the floating data set to the coordinate system of
the fixed reference data set. In this context registra-
tion tries to find the exact geometrical relationship
by optimizing a specific measure depending on the
applied registration method.

Registration algorithms in medical imaging are
mainly divided into two groups. Approaches of the
first group are based on artificial, extrinsic image
properties mainly employing various stereo tactic
frames or skin markers. Since it must be known
prior to any imaging procedure whether registration
with another modality should be performed these ap-
proaches are also classified as non-retrospective. Usu-
ally, registration based on stereo tactic frames is very
accurate but also very inconvenient for the patient.
On the contrary, approaches of the second group try
to use image data inherent information exclusively
and may therefore be classified as retrospective. There
are methods based on anatomical point landmarks,
corresponding structures and voxel similarity. Point
based procedures are usually very labor intensive with
their accuracy depending on the ability of the user
to exactly identify corresponding points in different
modalities. Surface-based approaches try to align
corresponding surfaces delineated in a separate pre-
processing step. Since segmentation of these surfaces
in images of different modalities is a very crucial task
their accuracy is highly data dependent. Within func-
tional data such as PET it is more or less impossi-
ble to identify any surface accurately. Finally, there
are various voxel based approaches which try to op-



timize a functional measuring the similarity of all ge-
ometrically corresponding voxel pairs. These regis-
tration methods seem to be more desirable because
the information used for geometrical alignment is not
restricted to any specific features. Usually, no pre-
processing step is necessary and the registration is
not limited by segmentation accuracy. For a more
elaborate overview of the different approaches and
registration methods consult the reviews of Brown
[3], Maurer et al. [4] and van den Elsen et al. [5].

In the first part of this paper we present the ap-
plied voxel similarity method based on mutual infor-
mation. In the second part we present our 2D and
pseudo-3D tool for the combined visualization and in-
spection of the registration results. Finally, we show
some of our registration results.

2. REGISTRATION BASED ON MUTUAL
INFORMATION

2.1. Overview

Several approaches based on voxel similarity mea-
sures have been proposed for the registration of medi-
cal image data. Having applied correlation in connec-
tion with a surface based approach in scale space [6]
the use of joint entropy has been extensively investi-
gated [7, 8, 9, 10]. However, this hasn’t proved to be
a robust measure of registration since there were ma-
jor difficulties concerning partial overlap. Collignon
et al. [1] and Viola et al. [11, 12] then proposed
a much more general information theoretic approach
which uses mutual information [13] in order to cor-
rectly describe the dispersion in the 2D histogram of
two random variables measuring their statistical de-
pendence or the amount of information that one vari-
able contains about the other. With two images of
the same subject but of different modalities being su-
perimposed this method states that they are correctly
aligned if mutual information of geometrically corre-
sponding grey values is maximal. Since no assump-
tions are made about the two signals this method is
not restricted to specific modalities and does not re-
quire the extraction of features in a pre-processing
step.

2.2. Method

Neglecting the specific nature of medical image data
corresponding grey values of two superimposed im-
ages are interpreted as random variables and may
simply be read out in an arbitrary order. Then the
process of registration can be mapped to the source
- channel - drain model of information theory with
the channel representing the registration transforma-
tion T. The image F represented by m different

signals {f1, f2, ..., fm} of marginal probability distri-
bution pg(f) is referred to as source or floating im-
age. Its grey values are evaluated at positions x of
the reference image R by linear interpolation. This
reference image is represented by n different signals
{r1,r2,...,rn} of marginal probability distribution
pr(r). After transformation the joint probability dis-
tribution of the two signals F' and R at corresponding
locations z is denoted prr(r(x), f(T(x))). For con-
venience we further on use r and f(T') instead of r(z)
and f(T(x)).

In case there is an exact mapping between the
floating image and the reference image (i.e. the sig-
nals are identical) the joint probability distribution
satisfies

prre(r, f(T)) = pr(r) = pr(f(T)) - 1)

If the two signals are statistically independent, how-
ever, the joint probability distribution satisfies

pre(r, f(T)) = pr(r) - pr(f(T)) - 2)

Mutual information of R and F is then defined by
summing for all grey value pairs (r, f(T)) at corre-
sponding positions

) ST
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It measures the distance between the joint probability
distribution prg(r, f(T)) and the distribution pg(r)-
pr(f(T)) of two completely independent signals.

In terms of entropy mutual information is

Inp = H(r)+H(f(T)) - H(r, /(T))
= H(f(T)) - H(f(T)Ir)
= H(r) - H(r|f(T)) (4)

with the entropies H(r) and H(f(T)) being a mea-
sure of the uncertainty of the random variable r and
f(T) respectively. Knowing variable f(T') the condi-
tional entropy H(r|f(T')) measures the randomness
of r which is left. Therefore, mutual information is
the amount of information that f(7") contains about
r. Therefore, the registration solution is obtained if
mutual information I r reaches a maximum for a
given set of transformation parameters:

I(r, f(Topt)) = mazy [I(r, f(T))] - ()

If the marginal probability distributions pgr(r) and
pr(f(T)) are both independent of the set of trans-
formation parameter T' the maximization of mutual
information Ig r reduces to the minimization of the
joint entropy H(r, f(T)). Considering that one im-
age is completely contained in the other the respec-
tive marginal probability density becomes indepen-
dent of the set of transformation parameters T and



the optimization of Ip r reduces to the minimiza-
tion of H(r|f(T)) and H(f(T)|r) respectively. Since
only the overlapping parts of the superimposed im-
ages are evaluated the entropies H(r) and H(f(T))
will change depending on the set of transformation
parameters 7. Mutual information copes with this
situation since maximizing the entropies H(r) and
H(f(T)) tries to attract complex parts of the images
whereas minimizing joint entropy H (r, f(T')) reduces
the dispersion of significant clusters in the 2D his-
togram.

2.3. Stochastic Derivative Estimation

In the following section an algorithm is described
which finds the optimal registration transformation
T,pt by fast estimation of the derivative of mutual in-
formation. This requires the calcualtion of the prob-
ability distributions of the random variables r and
f(T) which are not directly available. For every it-
eration they are estimated of a sample A of size || A||
that holds randomly drawn grid locations of the ref-
erence image. The estimation of the densities

1

with 2z representing a vector of grey values is then
performed with a technique called Parzen windowing
[14] with R(z — #;) representing a windowing func-
tion. Following the suggestion of Viola et al. [12] a
Gaussian function G with variance 1 is used for the
1D case and a diagonal covariance matrix is used for
the 2D case. The entropy
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of one of the images is then approximated with an-
other sample B of size ||B||. In order to find the opti-
mal registration transformation T,y a gradient ascent
method is used which globally maximizes the mutual
information Ip r of the images R and F. Within
this approach the gradient is directly obtained of the
derivative of mutual information according to

d
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Substituting for H equation (7) the approximation of
the derivative of mutual information is then given by

d
I ID) ~ 1 3 3 (5 ©)

zi€EBx;cA
i Wf(f’ia.fj) _ Ww(wi,'w]')) i
( Vs {w}a,2 dr (fi = 1f3)

with the grey values r; = r(z;), fi = f(T(x;)), and
w; = (r(x;), f(T(x;))) at corresponding locations x;
of the reference image. The variances ¢y and 9, have
been estimated empirically and have been kept un-
changed during the registration process. The weights
of the 1D case in equation (9) are obtained according
to

Gy, (fi — 15)
szeA G¢f (fz - fk)

For the 2D case the weights W, (w;, w;) are obtained
in a similar way to equation (10).

Finally, depending on the applied type of trans-
formation the gradient of the grey values within an
image must be determined. In case of a linear trans-
formation T this results to

d
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Wy(fi, f5) = (10)

=Vf(T(z)) " . (11)

In this way the gradient of mutual information is ap-
proximated by a noisy derivative. In order to achieve
convergence of the algorithm the computation of
ddTI (r, f(T)) must be iterated with different samples
A and B for every iteration according to the following
pseudo code:

for ¢ from 1 to number_of_iterations
{

A = sample of size ||A];

B := sample of size |B|;

T = T+ LI

}

The factor A is called learning rate and must be ad-
justed for every iteration. In the optimal case it con-
verges to 0 while reaching the global maximum of
mutual information.

2.4. Implementation Issues

Image gradients: Equation (11) shows the deriva-
tives for a linear transformations 7. In the case of
translations the derivative is easily calculated by
L f(T) = Vf(T). Contrarily general rotations repre-
sented by quaternions involve extensive calculations.
In a more convenient way rotating a point ¢ by a small
angle 6 is linearly approximated by a cross product
according to

Rotyr(q) ®q+(gx(0-7)) . (12)

For 3D images the combination of translations (z, y,
z) and small angle rotations around a fixed axis (z,
y, z) leads to a six dimensional derivative in case of
the rigid body assumption which is applicable in case
of head images.



In order to obtaining Vf(T') on a discrete grid
forward differences were used in the beginning. How-
ever, symmetric differences are more accurate in a
mathematical sense and produce better results.

Randomly selected sample sets: The two sam-
ple sets A and B have to be disjoint and should be
randomly drawn. They can be obtained by a ran-
dom number generator which, however, causes a time
consuming processing for disjoint samples. Instead a
precalculated and static permutation has been used.
Shifting this permutation produces pseudo random
numbers assuring disjointness of the samples A and
B.

Problems and considerations: It was very dif-
ficult to decide on the size of A and B. Viola er al.
[12] proposed ||A|| = ||B]| = 50. We found out that
this is sufficient for mono modal registration (CT-
CT, MR-MR). However, for multi modal registration
(CT-MR) best and fastes results have been achieved
with ||A|| = || B|| = 100.

Another problem concerns the estimation of ap-
propriate variances and covariances for the window-
ing functions in equation (7). We found out that
they strongly depend on the size of A and B and
the modality of the images. We found out that the
variances should be decreased if the size of A and
B is increased. However, the analytic dependence of
sample size, variance, and image modality requires
further investigatation.

As can be seen in formula (9) the time complexity
of the algorithm depends cubic on the sample size
N = ||A|| + ||B||- Therefore, the runtime behavior
of the algorithm is O(N?®). However, we reduced it
to O(N?) by calculating the denominator of equation
(10) only once since it didn’t vary much. Producing
results which have been as good as beforehand we
decided on using this pure empirical approach.

3. FUSION OF REGISTERED IMAGES

Once the registration procedure was successful the
registration transformation T,,; is applied and the
floating data set is re-sliced according to the refer-
ence data set. This results in both data sets hav-
ing the same volume and the same voxel dimensions.
Since both data sets may then be regarded as a single
combined image with two attributes at each voxel fu-
sion is a logical consequence. However, simultaneous
visualization of complementary parameters is a diffi-
cult if not impossible task if no information should
be lost.

Considering the increasing amount of medical im-
ages visualization of only significant information after
registration should make perception and interpreta-
tion of the available data much easier and may there-

fore effectively assist diagnosis and therapy planning.
However, if only relevant information is shown it is
even more difficult to decide what information should
be preserved and what rejected. Since the registra-
tion result is normally presented in a visual form to
the diagnostician a single optimal way of fusing regis-
tered images may not exist. Therefore, it seems to be
more realistic to provide fusion tools which allow to
interactively adjust the most appropriate representa-
tion of the data or to clearly visualize every attribute
separately in partitioned displays.

In order to visualize and inspect the results of our
registration procedure a simple but effective tool for
the visual fusion of registered 2D and 3D image data
has been implemented. As can be seen in Figure (2)
it offers three displays showing orthogonal slices of
the image data with one image in the background and
the other image in a window. The window or magic
lense can be move or resized interactively and simul-
taneously with the mouse in all three displays, and
therefore allows intuitive comparison of the registered
images without compromising any information. Fur-
ther on, a pointer can be moved with the mouse in
order to navigate through the volume changing the
point of intersection of the orthogonal slices.

Additional features for the visualization and merg-
ing of the images are orthogonal/horizontal stripes,
chess board, zoom-in/out, MIP and a-blending (in-
cluding a user defined threshold option). Finally, the
images in the background window and the magic lense
can be exchanged.

4. RESULTS AND DISCUSSION

In order to evaluate the registration approach based
on mutual information with stochastic gradient es-
timation, and in order to check its critical parame-
ters the algorithm has been implemented for the 2D
case. Test slices have been taken from a 3D registra-
tion performed with the histogram approach which
already proved to produce excellent results. Despite
of a considerable sub-sampling of the data the new
method produced parameters with negligible differ-
ences in comparison to the histogram method with
the registration solution being found within 30-120
seconds on a 195MHz SGI Indigo® R10000. Since
the size of the samples A and B will not essentially
increase for the 3D case a tremendous speed up is
expected compared to the histogram method. Fig-
ure 1 shows the initial situation of a 2D CT-MR reg-
istration (top/middle) and the superimposed result
images (bottom). Additionally, Figure 2 shows our
fusion tool used for the visualization of registered 2D
and 3D image data presenting the checker board fea-
ture at the top and the magic lenses at the bottom.



5. CONCLUSION

Registration based on mutual information and stochas-
tic gradient estimation as presented by Viola et al.

[12] was successfully applied to 2D MR-CT data. Crit-
ical parameters like the variances and covariances of

the windowing functions and the size of the samples

have been investigated. Due to the robustness of the

algorithm and due to the expected speed up our im-

plementation will be extended to 3D in the near fu-

ture including first tests with non-rigid transforma-

tions.
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Figure 1: Initial position of CT (top) and MR (mid-
dle) images and fused registration result (bottom)
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Figure 2: Fusion tool for the visualization of registered image data showing magic lense and checkerboard



