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Abstract

An automated method to register three-dimension-
al Computed Tomography (CT) and Magnetic Res-
onance Imaging (MRI) brain images is presented.
In a first step, mathematically well founded differ-
ential operators in scale space are applied to 2D or
3D CT and MRI images resulting in feature images
depicting ’ridgeness’. In a second step, a fully au-
tomatic hierarchical correlation scheme is applied
to match the feature images. 2D and 3D matching
results are shown.

Introduction
Clinical diagnosis, as well as therapy planning and eval-
uation, are increasingly supported by images generated
by more than one imaging device. There are many in-
stances desiring integration of the information obtained
by various imaging devices [1]. For example, combina-
tion of information obtained from CT and MRI brain
images, may provide a neurosurgeon with better un=
derstanding of the three dimensional relation between
space occupying lesions and neighboring anatomy. Ra-
diotherapy planning may benefit from CT/MRI match-
ing also. ACT scan is needed for dose distribution
calculations, while the contours of the target lesion are
often best outlined on MRI.

Matching algorithms may be classified according to
various distinguishing criteria. Van den Elsen et al.
propose and elaborate a classification scheme for regis-
tration algorithms [1]. The main division of matching
algorithms is into methods that use some kind of fidu-
cial marker system attached to the patient and methods
that use patient related image properties to determine
the transformation relating two images. Examples of
fiducial marker systems are stereotactic frame transfor-
mation relating two images, attached to the skull by
fixation screws [2, 3, 4], head moulds [5], dental frames
[6], or skin markers [7, 8]. Patient related image prop-
erties can be, for example, anatomical landmark points
[9, 10, 11], objects (e.g., skull, brain, ventricles) [12, 13],

or geometrical image features [14, 15, 16]. Since no fidu-
cials are needed, methods using patient related proper-
ties are optimal in patient-friendliness and can be used
even with images that were acquired before the need
of matching was recognized. The latter is called ret-
rospective matching. However, the extraction of corre-
sponding features from images of different modalities is
not trivial. Many methods need human interaction to
select the corresponding features or to guide the match-
ing procedure, and may consequently result in user sub-
jectivity. This paper presents an automated matching
method using only patient related image features.

Methods
In this work, mathematically well founded, geometri-
cally invariant feature operators, combining differen-
tial geometry with Gaussian blurring [17], are used to
automatically extract similar "ridgeness" features from
brain images. The purpose of blurring is to explicitly
reveal course scale image structures. At the appropri-
ate blurring level, our "ridge" operator, in 2D defined
as the second order derivative of the image intensity in
the direction normal to the (local) gradient, produces
very similar feature images from CT and MR images,
primarily depicting the center curve of the cranium
[18, 15]. In 3D our measure of ridgeness is defined as
the second derivative of the image intensity, minimized
(or maximized for inverse ridges or troughs) over all di-
rections perpendicular to the local gradient [18]. Since
the interindividual differences in skull thickness are rel-
atively small, a fixed scale can be selected at which skull
features for the matching procedure are extracted. In
figure 1 two corresponding slices taken from a matched
pair of high resolution CT and MRI data sets registered
by fiducial markers placed on the patient’s skin [8] are
shown, together with the corresponding feature image
slices taken from feature images produced by the 3D
ridge operator.

In general, grey value correlation is unsuited to regis-
ter images made with different imaging devices, because
of the different physical realities involved. The CT and
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.~1 "ridgeness" feature images, however, show such
lilarity that fully automated correlation techniques
i be used for registration purposes. The correlation is
:formed iteratively. For each coordinate transforma-
n T of image g the correlation measure CT of images
md g is calculated using the formula

p-1 q-1 r-1

Cr=E E E (f(z,y,z). gCT(z,y,z))),
z=O y=O z=O

ere the parameters p, q, and r are the z-,y-, and z-
.~ensions off; while f(z, y, z) denotes the intensity of
voxel with coordinates (z, y, z) in image f. In order

decrease the computational load, we create a mul-
;solution pyramid for each feature image, in which
h level contains a lower resolution version of the im-
in the level below. In each level of the hierarchy, the

tching transformation is determined by an exhaus-
search of a small number of regions in parameter

ce. These regions are largest at the level of lowest
flution, and are reduced at higher resolutions. All
raising extrema at each level are used as starting
nts around which the parameter space in the next
.~1 is scanned. At the ground level, the extremum
h the best correlation value is taken to be the global
remum, and is used to determine the transformao
t matrix. If in one image a ridge is present in an

in which the other image is flat, then the high
;eness of the ridge voxels will be multiplied by near-

values, and therefore hardly influence the value of
This means that, as long as there are sufficient

liar structures in the feature images, the matching
)rithm performs well, even with some dissimilarities
;ent, or if part of the patient’s anatomy is present
.nly one of the scanned volumes.

Results

h resolution CT and MRI data sets were obtained
two patients, who each carried three skin markers

he time of acquisition1.

The MRI data set of the first patient contains 200 con-
aus slices, obtained on a 1.5 Tesla Philips Gyrosca~
’ACS. A transverse T1 weighted FFE sequence was used
one acquisition (TR/TE 30/9 msec). Slice thickness

ram, and pixel size is approximately 1 ram. The CT
¯ set acquired from the same patient, was obtained on
3ilips Tomoscan 350 at tube settings of 120 kV and
mA. The set contains 100 contiguous slices with slice
mess of 1.5 mm and pixel size of approximately 0.9 mm.
MRI dataset of the second patient contains 100 contigu-
~lices, obtained on a 0.5 Tesla Philips Gyroscan TS-II. A
sverse T1 weighted FFE sequence was used with one ac-
.tion (TR/TE 30/13 msec). Slice thickness is 1.5 ram,
I size is approximately 0.9 ram. The CT data set ac-
.~d from the same patient was obtained on a Philips To-
:an LX, at tube settings of 120 kV and 125 mA. The set
ains 128 contiguous slices with slice thickness of 1.5 ram,
pixel size of approximately 0.7 ram.

Figure h A matching pair ofCT (a) and MRI (b) slices,
and the the same slices taken from CT (c) and MRI (d)
feature volumes obtained with the 3D "ridge" operator.
The center curve of the cranium shows up dark in the
CT feature image and light in the MR feature image.

Both 2D and 3D matching experiments were per-
formed. For the 2D experiments, we used several pairs
of corresponding image slices that had been matched
using the skin markers [8]. One image of each pair
was artificially rotated and translated. 2D ridge detec-
tion, followed by 2D correlation resulted in a very good
approximation of the inverse of the artificially applied
transformation. The difference was typically up to 0.75
pixels for translational parameters, and within 0.75 de-
grees for rotation [19]. To probe the robustness of our
method in cases where there are dissimilarities between
the scanned volumes, different parts of the image data
were replaced by zeros. Thematching accuracy did not
change.

In our 3D experiments, a 3D generalization of our
"ridge" detector was invoked on the original high reso-
lution CT and MRI data sets. After 3D correlation of
the feature images, we compared the results obtained
with our feature correlation scheme to the results ob-
tained by matching using the skin markers. The trans-
formation determined by our feature-correlation scheme
differed somewhat from the matrix calculated using the
skin marker positions. By visual comparison of the
results it became evident that, although both meth-
ods had produced good results, the feature correlation
scheme had achieved the highest accuracy in both pairs
of images[19]. 3D matching results of the first pair if
image data are shown in figures 2, 3, and 4.
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Figure 2: Results obtained with the 3D feature-
correlation-matching scheme for the first pair of image
data. In the center frame a transversal MRI slice is
shown, with skull contours obtained from the matching
CT slices overlayed. The upper and lower frames show
magnified parts of that slice.
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