Registration of bone surfaces, extracted from CT-datasets, with 3D ultrasound
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AbstractAn essential task of computer assisted surgery is the registration of preoperative image data with the
coordinate system of the operating room. This can be
reached by using intraoperative imaging and registrating
preoperative and intraoperative datasets. For intraoperative imaging ultrasound is a powerful tool due to the lack
of ionizing radiation and because of its fast, inexpensive
and easy data acquisition. We propose a surface volume
matching algorithm for the registration of bone surfaces
and ultrasound volume data. The bone surface is estimated
from the preoperative CT data by taking into account that
ultrasound only shows parts of the bone surface. By our
method reliable matching results are obtained. They are
shown with data of the lumbar spine.
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Introduction
Intraoperative navigation is used today for many surgical
procedure [1] in order to increase the precision and to
reduce the intervention time and invasiveness of surgical
treatments.
Preoperative image data, mostly Computer Tomography
(CT) or Magnet Resonance Imaging (MRI), is used for
planning the operation. To use this data for navigation a
registration of the data within the coordinate system of the
navigation system is required.
There exist many different methods for registration [2, 3,
4], most of them are based on landmarks, e.g., anatomical
structures or fiducial markers. For the registration these
landmarks must be marked on the preoperative data and
during the operation they must be referenced with a pointing device. This procedure is time consuming.
The accuracy of these registration methods depends on the
number of points and on the ability of these points to move
with respect to the structure of interest [5, 6]. The most
precise registration for surgical treatments at the bone can
be reached with fiducial markers which are preoperatively
fixed to the bone with screws, but this increases the
invasiveness.
The use of intraoperative imaging can solve these problems. Some systems work with intraoperative CT or MRI
[7, 8]. The registration methods use the complete anatomical information or match the pre- and intraoperative image
data by first segmenting surfaces and then register these

surfaces [9]. The disadvantages of these systems are the
high costs and the radiation exposure (CT).
Intraoperative ultrasound could be the solution [10-14],
with the advantages of a fast and cheap data acquisition.
Additionally, it does not require much space in the operating room in contrast to intraoperative CT or MR and can
be easily handled.
The main problem of ultrasound is the low imaging quality, however the bone surface can be visualized because of
the strong reflection at the bone-tissue interface.
We propose an algorithm for the registration of bones
which takes into account the properties of the ultrasound
imaging like specular reflection and speckle.

Materials and Methods
A concept for the integration of ultrasound as an intraoperative imaging modality for the registration of the patient
position to preoperatively acquired data sets is shown in
figure 1.

Figure 1: Concept of the integration of ultrasound into
navigated surgery.
The first step is the acquisition of preoperative CT datasets
which are used for the planning of the surgical treatment.
This CT-data can be preprocessed before the surgical intervention in order to speed up the registration procedure
during the intervention.
During surgery an ultrasound probe, which is connected to
the navigation system and which has been calibrated beforehand [15-17], can be used at any time to register the
two coordinate systems of the preoperative dataset and the
intraoperative patient position in the navigation system.
By using a fast registration algorithm this step can be repeated as often as necessary during the intervention, e.g.,
after any repositioning or movement of the patient.

The registration process of this ultrasound dataset and the
CT dataset needed for this application must be fast, robust
and precise. Most registration algorithms can be formulated as an optimization problem to find the coordinate
transform that maximises some kind of optimization criterion between the two modalities.
In order to obtain a fast and robust registration procedure
the optimization criterion must be well adapted to the particularities of the ultrasound data. To avoid sensitivity to
speckles a significant number of voxels must contribute to
the matching, but unfortunately, voxels inside bones or
hidden behind bone surfaces do not provide useful image
information. On the contrary, the tissue-bone interface [18]
produces a very strong signal in the ultrasound data due to
the strong change in elasticity. Because of the total reflection at the tissue bone interface only the first bone surface
reached by the ultrasound wave can be imaged. As the
reflection at the bone surface is almost perfectly specular, it
can be compared to a mirror for the ultrasound waves.
Therefore the ultrasound sensor detects only surfaces
which are nearly orthogonal to the direction of the ultrasound propagation.
When combining these effects it can be concluded that an
optimization criterion well suited for ultrasound-CT registration must concentrate on all surface elements on the
tissue-bone interface surface that are perpendicular to the
ultrasound propagation and not hidden by other bone surfaces which are between the surface element and the ultrasound probe.
This choice of points has significant advantages, as the
number of points that satisfy this criterion is a good tradeoff between a landmark based registration which would
suffer too much under the severe noise due to speckle in
the ultrasound and a complete volume to volume registration, which would be computationally very intensive but
would not improve the results as the rest of the volume
contains almost no relevant information for the registration.

In order to increase the speed of the registration algorithm
all expensive processing steps should be done off-line on
the preoperative dataset rather than during the registration
itself. Therefore the surface elements that satisfy the above
conditions are extracted from the preoperative dataset.
The first step of the preprocessing is the extraction of the
bone and skin surface by simple thresholding in the CT
dataset (see figure 2). The next step is the extraction of the
surface elements that are visible from the skin surface (see
figure 3). Finally the surface normals are calculated for
each of the remaining visible elements and all the elements
which are not oriented nearly perpendicular to the skin
surface are discarded.
During the intraoperative registration we propose to use a
surface-volume registration using the points of the remaining surface elements and the complete ultrasound dataset
for the determination of the optimal coordinate transform.
The advantage of this process is that the ultrasound dataset
acquired intraoperatively needs no preprocessing.
We define the optimization criterion as the average ultrasound gray value which is covered by the point set P extracted from the preoperative data.
The optimisation parameters are three rotation angles (α, β,
γ), where R (α, β, γ) is the rotation matrix,
L and the elements
of a 3-dimensional translation vector s . As we work on
discrete data and rotate the surface points, we use a simple
and fast Nearest Neighbor interpolation to determine the
gray value of the corresponding locations in the ultrasound
data.
For the implementation the surface point set P is described as N points pn ( x n , y n , z n ) where x nL, y n , z n
are the 3-dimensional coordinates of a point pn . This
point set is superposed to the ultrasound-dataset and the
optimization criterion is computed. as follows:
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Figure 2: Complete bone and skin surface extracted from
CT data by thresholding.

Figure 3: Slice of CT data, the surface elements that are
visible for the ultrasound are marked white.

Experiments and Results
The algorithm was implemented in matlab and C and
tested on CT and US data acquired on a lumbar spine
preparation. The CT dataset had a 0.39x0.39 mm² in plane
resolution and a 3 mm slice thickness with 2 mm spacing.
The field of view was 200x200 mm². The ultrasound images were acquired using a 3.5 MHz curved array. A series
of B-scans were acquired with 1mm spacing in craniocaudal direction and 0.5x0.5 mm² in plane voxel resolution.
The segmentation of the bone leads to approximately
60,000 points which satisfy the above criterion for inclusion into the registration process. The threshold for the
bone segmentation was 200 Houndsfield Units [19].
We implemented different methods for the optimisation. A
simple gradient descent method works well if the starting
position is within 15 mm of the optimal match. Rotational
deviations of about 10 degree around the longitudinal axis
and about 20 degree around the other two axis can be corrected by this method. The gradient descent method is fast
and takes about one minute on a 650 MHz Processor where
the algorithm itself is not optimized.
We further implemented an evolutionary CMA-algorithm
(covariance matrix adaption) [20]. The use of evolutionary
algorithms is the avoidance of convergence to local
maxima., so that the radius of convergence is larger. A
special feature of the CMA-algorithm is its automatic
adaptation of the stepsize of parameter variation.
The algorithm can match the surface if it is rotated about
30 degree around one of the axis. In Figure 4, a 3dimensional view of the registered surface elements is
visualized. Figure 5 shows the projected surface points
before and after the registration with a rotation around the
longitudinal axis. The underlying ultrasound image is an
axial slice where the spinous process and the lamina is
imaged. In the upper image of figure 5 the surface was
rotated around the medio-lateral axis, the ultrasound slice is
a sagital view of the lumbar spine. The lower image shows
the result after registration. In the middle image the surface
is shifted 40 mm. The evolutionary algorithm matches
these shifts as well as the rotational deviations.
This algorithm was implemented in C++ and takes less
than one minute for the registration. Further speed-up of
the registration process can be achieved by subsampling of
the surface points extracted preoperatively. First analysis

Figure 4: 3-dimensional visualization of the registration
result. The bone surface is overlaid the ultrasound volume data.

has shown that subsampling to 1/10 of the points has only
negligible influence on the zone of convergence and on the
final precision of the registration.

Figure 5: Surface points, extracted from the CT-data, projected into the ultrasound data. The left image shows this
before registration with a rotational deviation of about 30
degree, the right image is after registration.

Figure 6: Surface points, extracted from the CT-data, projected into the ultrasound data. The upper and middle images show this before registration, the surface was rotated
about 30 degree, and shifted 40 mm, the lower image is
after registration.

Discussion
We propose an algorithm to register bone structures using
preoperative CT image datasets and intraoperative ultrasound. The algorithm takes into account the properties of
ultrasound imaging like reflection and speckle. Also the
algorithm is formulated to reach low intraoperative
computation time. All time consuming preprocessing steps
are done on the preoperative CT dataset. First performance
evaluations have shown that this approach has the potentatial for a robust interoperative real-time registration.
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