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ABSTRACT

Image to physical space registration is a very challenging problem in image guided surgical procedures for the
liver, due to deformation and paucity of prominent surface anatomical landmarks. Iterative closest point (ICP) algorithm,
the surface registration method used for registering the intraoperative laser range scanner (LRS) data with the
preoperative CT data in image guided liver surgery, requires a good starting pose to reduce the number of iterations.
Currently anatomical landmarks such as vessel bifurcations are used for an initial registration. This paper presents a
computational approach to obtain the initial alignment that would reduce contact with probes for registration during
surgical procedures. A priori user information about the anatomical orientation of the liver is incorporated and used to
orient the point clouds for segmented CT data and LRS liver data. Four points are computationally selected on the
anatomical anterior surface of CT point cloud data and corresponding points are localized on the LRS data using the
orientation information. These four points are then used to find the rigid transformation using the singular value
decomposition method. Nine datasets were tested using the computational approach and the results were evaluated using
the anatomical landmarks method as the “gold standard”. Seven of the nine datasets converged to the same solution
using both the methods. The computational method, being an approximated approach, may increase the number of
iterations to converge to the solution. However since the method does not require precise localization of anatomical
landmarks, it could potentially reduce OR time.
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1. INTRODUCTION

The need for image guided liver surgery arose because of the difficulty in visualizing the large vascular
structures that must be avoided during hepatic surgical procedures. Organ deformation and paucity of prominent
anatomical features makes the development of a robust, accurate and fast registration method a challenging task in image
guided procedures in the abdominal region. In image guided surgery image to physical space registration is performed
by identifying homologous points in both spaces or matching a point cloud from a surface in one space to a surface in
another [1]. In abdominal soft tissue registration, point based solutions have been neither robust nor accurate, requiring
the development of surface-based registration. The iterative closest point (ICP) algorithm, first described in a paper by
Besl and McKay in 1992, is a widely used surface registration algorithm [2]. In the ICP algorithm, the target data is
registered to the source data by iteratively finding source points that are closest to the target points. The point sets are
registered using the singular value decomposition (SVD) algorithm described in [3]. The final transformation resulting
from the iterations is applied to the target data. The results of the ICP algorithm are highly dependent on the initial pose
because the algorithm tends to find the local minima instead of the global minima. In the current protocol, the liver is
segmented from the pre-operative CT images and the intra-operative laser range scan (LRS) images using a semi-
automated segmentation technique based on the level set method [4]. In order to provide a good pose for the ICP
algorithm, points are identified on the pre-operative images based on anatomical landmarks. Those points are then
identified and digitized on the liver surface using a tracked probe and used for a point based registration to provide an
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initial pose for the ICP algorithm. The success of this method depends on the accurate delineation of anatomical
landmarks.

Various studies in literature describe research done for the development of registration techniques and
accounting for deformation. In work described in [5], a method utilizing salient anatomical features to register the data
was described to make the ICP algorithm more robust to a misaligned initial pose. The method is based on a weighted
geometrical features described in [6]. It uses the falciform ligament, which can be identified in both pre-operative CT
images and intra-operative LRS images, to bias point correspondence determination. This method is dependent on the
ability to extract the falciform ligament region in both the source and target data, which in turn depends on patient
anatomy, image quality, and segmentation results. While most of the traditional registration algorithms in image guided
liver surgery have been based on rigid registration algorithms, methods that account for deformations by incorporating
finite element models have also been developed in the past [7].

The objective of this study is to develop a computational technique to find the initial pose for the surface-based
ICP algorithm. Using anatomical landmarks to provide a good starting pose depends on individual liver anatomies. The
relatively featureless surface of the liver makes it hard to localize anatomical landmarks to obtain the initial pose.
Additionally the digitization process requires contact between the resected liver and the probe, potentially adding to the
deformation. The principal axis transformation method [8, 9], an automated technique that registers images by
corresponding their principal axes, can be used for finding the initial alignment. However the method is sensitive to
incomplete scan coverage. Since the laser range scan is a partial representation of the liver surface, the method can not
be implemented in its present form. The method presented in this manuscript is similar to the principal axis
transformation method however it would require user input of the anatomical orientation of the liver. The computational
method would not require contact with the probe for pre-operative and intra-operative point identification, thus reducing
OR time and potential deformation. While the past studies have provided insight to improve the registration process they
are still dependent on a reasonable initial pose, which currently requires finding anatomical landmarks. A computational
method, with the above described advantages might be a valuable supplemental tool to those methods.

2. METHODS

The proposed method to register intra-operative LRS images to pre-operative CT images is a semi-automated
process that utilizes a priori user knowledge of anatomical orientation of the liver. Because surface registrations use
iterative solutions, the process must be seeded from a location near the correct solution in order to limit the number of
iterations which must be made. Such starting points do not require rigorous point identification, just a general orientation
of two rotational directions and a translation between surfaces. Because it is easy to identify superior/inferior direction
and left/right directions in both pre-operative images and laser range scan images, we have developed a technique which
draws on the user’s a priori ability to determine those simple orientations.

2.1 Dataset orientation

The CT data for the liver was acquired with a Siemens SOMATOM Sensation 64 CT Scanner. The liver was
segmented from the tomographic image and meshed into a surface, decimated, and smoothed. The intraoperative surface
data for the liver was acquired with a commercially available laser range scanner (Real Scan 200C, 3-D Digital
Corporation, Bethel, CT). The liver was segmented from the LRS point cloud data as well. A priori user information was
incorporated into the registration process by utilizing user’s knowledge of the anatomical orientation of the liver. Both
the pre-operative CT and intra-operative LRS datasets were oriented in the same direction by user selection of regions
anatomically corresponding to the most superior and the extreme left part of the liver as shown in Figure 1 below.
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Figure 1: Segmented (a) pre-operative CT point cloud data and (b) intra-operative LRS point cloud data. The user selected
anatomically most superior region is marked ‘S’ and the extreme left region is marked ‘L’ in both the cases.

Using these user selected regions, both CT and LRS data were oriented such that a vector pointing from the centroid of
the data to the user selected superior region corresponded to the z axis and a vector pointing from the centroid of the data
to the user selected left region corresponded to the x axis in a right handed coordinate system.

2.2 Point based registration

After orienting both the datasets in the same direction, four homologous points were computed on the surface of
each of the datasets. The maximum lengths for the CT data in the x and z directions (Xy,,x and z,,,,) were computed as

shown in Figure 2 below.

(a) (b)

Figure 2: Computation of the lengths (a) X,y and (b) Zp,y.

A computational cross was then constructed in the XZ plane containing the centroid of the transformed CT data. A
certain percentage of the lengths X,,.x, and z,,,, was used for this computational cross. Because we know that the CT scan
spans all dimensions of the liver and the LRS may not, we operate on a reduced span of the CT scan. For this data, 70%
of these lengths (X’ .« and z’° ,,,x) were used. Four points were calculated on the computational cross as shown in Figure 3

below.
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Figure 3: The computational cross in the XZ plane containing the centroid of the demeaned data. The coordinates of the four points-
X1, X3, Z1, and Z, are shown as well.

These four points were projected onto the anterior surface of the CT dataset (P, P,, P3, P,) as shown in Figure 4.

Figure 4: Points Py, P,, P3, and P, projected pre-operative CT surface data.

The four homologous points for the LRS data (Q,, Q,, Qs, Q) were found using a similar computational cross. For the
point registration process, the points Q; through Q, are considered homologous to points P, through P4 because both
datasets were oriented in the same direction. These four points were used to register the intra-operative LRS data to the
pre-operative CT data using the SVD algorithm [3].

2.3 Surface registration

Using the registration results from the method described above as the starting pose, the LRS data was registered
to the CT data using the ICP method. The overall transformation was compared to the transform obtained by using
anatomical points to find the starting pose for iterative closest point algorithm. Nine different datasets were tested and
the results compared using each of the methods. The parameters compared were the RMS residual distances, the
translation vectors, the Euler angles, and the computation times.



3. RESULTS

The comparison of the RMS residuals of the nine clinical datasets obtained using the computational method and
the anatomical method to obtain the initial pose for surface registration is shown in Figure 5 below.
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Figure 5: Comparison of the RMS residual for registration results using the computational method and anatomical landmarks to obtain
the initial pose for surface-based ICP registration.

The RMS residual distance is most similar for seven of the nine datasets. The RMS residual obtained from the two
methods is dissimilar in datasets two and four. Also the RMS residual is comparatively large for the fifth dataset as
compared to all other datasets. The disparities in the RMS residual values were not surprising based on visual
examination of the registration results. The second dataset did not yield satisfactory results with either registration
approach because of possible organ deformation. The computational approach failed in the fourth dataset because the
algorithm requires the LRS scan to acquire majority of the anterior surface of the liver, a condition that was not met in
this case. The reason for the unusually large RMS residual for the fifth dataset was inaccurate segmentation. These
disparities are elaborated in greater detail in the Discussion section. The mean RMS residual value for the remaining
datasets using the computational method and the anatomical method was the same, 4.66+1.34 mm. RMS residual value
is a metric for error but similar values do not necessarily indicate similar registration results. In order to quantitatively
evaluate the similarity of the registration results, the translations and Euler angles of rotation were compared for the two
methods. Since there is a known misalignment for two of the datasets, those datasets were not included in the following
analysis.

The comparison of the translation vectors for the seven clinical datasets registered with the computational and
the anatomical method are shown in Figure 6 below.
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Figure 6: Comparison of the components of the translation vector: (a) t, (b) ty, and (c) t, for the registration results using the
computational method and the anatomical landmark method to obtain an initial pose for ICP algorithm.

The mean of the absolute values of the differences between the components of the translation vector obtained from the
two methods are 1.11+2.25 mm, 0.67+1.54 mm, and 0.26£0.33 mm for t,, ty, and t, respectively. The differences are
relatively small as seen from the values presented above and the visual representation of results in Figure 6.

The comparison of the Euler angles for rotation for the seven clinical datasets registered with the computational
and the anatomical method are shown in Figure 7 below.
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Figure 7: Comparison of the Euler angles for rotation: (a) 6,, (b) 0y, and (c) 6, for the registration results using the computational

method and the anatomical landmark method to obtain an initial pose for ICP algorithm.

The mean of the absolute values of differences between the Euler angles of rotation obtained from the two methods are
0.17°£0.20°, 0.06°+0.07°, and 0.12°+0.13° for 6,, 6y, and 0, respectively. From the transformation results presented
above for the seven datasets, it can be concluded that the ICP algorithm converges to the same solution using the starting

pose from both the computational method and the anatomical landmarks method.

The comparison of the computational time to solution for the seven clinical datasets registered with the

computational and the anatomical landmarks method are shown in Figure 8 below.
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Figure 8: Comparison of the computational times to solution using the computational method and the anatomical landmark method to
obtain an initial pose for ICP algorithm.

In most of the datasets, the ICP algorithm took longer to find the solution using the results from the computational
method as the starting pose. The mean of the absolute difference between the computation times for the registration
results using the computational method and the anatomical landmark method as starting pose for ICP algorithm is
50.80+42.91 s.

4. DISCUSSION

Accurate registration results are essential to ensure the quality of an image guided surgical system. Organ
deformation and paucity of reliable anatomical landmarks on the liver surface make the development of a robust
registration technique a challenge. The objective of this work was the development of a computational approach to find a
reasonable the pre-alignment of data for surface-based ICP registration algorithm. Currently the initial alignment for
surface registration is found by localizing anatomical landmarks on the surface of the liver. As the ICP algorithm can
correct a reasonably approximated initial pose, the computational approach does not require precise delineation of
anatomical landmarks. In addition, a computational approach would reduce contact between the liver surface and the
probe for digitizing those anatomical landmarks and could also potentially reduce OR time.

The results of the computational method to find the initial pose were presented for nine datasets and compared
to the results from the anatomical landmarks method, using the latter as the “gold standard”. RMS residual is an
indicator of the similarity of the registration results. The RMS residual values, presented in Figure 5, for seven of the
nine datasets were most similar, indicating that similar transformations were computed by both methods. The mean RMS
residual value for the seven datasets using the computational method and the anatomical method was the same,
4.66+1.34 mm. The comparison of the transformations obtained from the two methods (Figure 6 and Figure 7) is
consistent with the conclusions drawn from RMS residual values. The mean difference between the translation vector
components obtained from the computational method and the anatomical landmarks method for the seven datasets was
fairly small. Similar results were obtained in the comparison of the Euler angles of rotation. This indicates convergence
to the same solution using the starting poses from the two methods. This conclusion was confirmed by visual inspection



of the registration results. The seven datasets showed visually similar registration results for both methods. An example
is presented in Figure 9 below.

Figure 9: Visual comparsion of the registration results of ICP algorithm using results from (a) computational method and (b)
anatomical method as starting pose.

As seen in Figure 9 the registration results in both the cases seem well aligned. On the other hand, the visual inspection
of the registration results for datasets two and four in Figure 5 showed marked difference for the two methods (Figure 10
and Figure 11). One of the limitations of the computational method is that, for it to work optimally, the laser range scan
must cover a major portion of the anterior surface of the liver. As seen in Figure 10, for this particular dataset the laser
range scan only covers a partial view of the anterior surface.

(b)
Figure 10: Misregistration seen with the (a) computational method. Better registration results with (b) anatomical method.

In the projection of the points from the computational cross (shown in Figure 3) to the surface of the CT and LRS data,
various approximations are involved. For the ICP surface registration algorithm to be able to converge to a reasonable
solution, the range scan must cover a large proportion of the anterior surface, as in the seven datasets. However when
that condition is not true the computational algorithm would not perform well.

The discrepancy in the values of various parameters for the other dataset might be due to organ motion. The
visual difference in the registration results can be seen in Figure 11 below.



(b)
Figure 11: Results of registration using (a) computational method and (b) anatomical method.

In this case the result from the anatomical landmarks method (Figure 11 (b)) shows gross misalignment. The LRS
surface is registered to the inferior surface of the liver instead of the anterior surface. Since the results from the
anatomical landmarks method were considered the “gold standard” for this study, the accuracy of the registration results
for this dataset can not be evaluated.

In comparison of RMS residual distances in Figure 5 the values for the fifth dataset are unexpectedly higher
than the other datasets. However, as seen in Figure 6 and Figure 7, both the methods yield similar transformations. The
large RMS residual was explained by visual examination of the registration results as shown in Figure 12 below.

Figure 12: Registration results of the fifth dataset in Figure 5. Extraneous points due to inaccurate segmentation can be seen on
extreme left of the image.

Inaccurate segmentation might be the reason for the large RMS residual value as some misclassified points (seen in the
upper left in Figure 12) contributed to the error.

The time taken by the ICP algorithm to find a solution using initial pose from the anatomical landmarks method
was less than using the computational method for most cases. This could be because of better correspondence between
the homologous points in the anatomical landmarks method. There are more approximations involved in finding the
initial pose in the computational method, thus the pre-alignment for the ICP might be slightly better with the anatomical
method; requiring fewer iterations for convergence to a solution. However the computational time presented in Figure 8



does not take into account the time required to find the homologous points to obtain the initial pose. The computational
method only requires an approximate input of the anatomical orientation of the liver as opposed to the specific
anatomical landmarks on the liver surface. Therefore in practice the computational method might take similar or less
amount of time as the anatomical landmarks method.

5. CONCLUSIONS

The computational method performed well in seven of the nine datasets that were tested and evaluated using the
results from the anatomical landmarks method as “gold standard”. As seen in one of the datasets, for optimal
performance, the computational method assumes the laser range scan covers a majority of the anterior surface of the
liver. The mean computational time for the ICP algorithm was longer for the tested data using the initial pose obtained
from the computational method as compared to the anatomical landmarks method. However it does not take into account
the time required for localizing the anatomical landmarks. Thus the computational method, in practice, might not require
a significantly longer time. Among other limitations, the registration results would be dependent on point selection by
the user. Although the initial pose is calculated by approximations, but depending on the nature of the surface of an
individual dataset, the amount of motion, as well as the user selection of the regions for anatomical orientation, the
registration results might be inaccurate. Future studies would include testing the inter-user variability in region selection.
It might also be possible to reduce the computation time by improvement in the approximations in the algorithm to
provide a more exact initial pose, which would reduce the number of iterations required by the ICP algorithm to compute
the solution. However, even with the above stated limitations the method presented in this manuscript is promising
because results obtained with an approximated input of orientation were comparable to a method that requires precise
localization of anatomical landmarks. The method has additional advantage of reducing contact between the probe and
the resected liver and potentially reducing OR time.
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