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Abstract. This paper addresses the problem of extrapolating very few
range data to obtain a complete surface representation of an antomical
structure. A new method that uses statistical shape models is proposed
and its application to modeling a few points manually digitized on the
femoral surface is detailed, in order to improve visualization of a system
developped by TIMC laboratory for computer assisted anterior cruciate
ligament (ACL) reconstruction. The model is built from a population of
11 femur specimen digitized manually. Data sets are registered together
using an elastic registration method of Szeliski and Lavallée based on
octree-splines. Principal Components Analysis (PCA) is performed on
a field of surface deformation vectors. Fitting this statistical model to a
few points is performed by non-linear optimisation. Results are presented
for both simulated and real data. The method is very flexible and can
be applied to any structures for which the shape is stable.

1 Introduction

A system for computer assisted anterior cruciate ligament (ACL) reconstruction
has been developped by TIMC laboratory since 1993. Details about the technique
and its clinical validation can be found in [DLO*95,DLJ*95,JLD98].

The system uses only intra operative data obtained with an optical localizer
(Optotrak, Northern Digital, Toronto), without requiring additional images such
as x-rays, CT or MRI. The system enables the surgeon to digitize 3D points in-
teractively, to track relative bone motion, and to locate the pose of surgical tools
in real time. Rigid bodies made of infra-red LEDs are attached to the bones, the
pointers, and the tools (Fig.1(a)). In the current version of the system, clouds
of digitized points are approximated by spline patches. Those data enable the
surgeon to navigate in the computer screen in real-time with any surgical tool
equipped with an optical rigid body, and to compare the position of the tool with
an optimal position of a graft defined by 2 points F and T on the femoral and
tibial surfaces. Currently, the system enables the surgeon to minimize the ani-
sometry of the graft by displaying anisometry maps [DLO*95], whilst avoiding
impingement between the graft and the femoral notch [JLD98].

Fig.2(a) shows the Graphical User Interface of the current system for Com-
puter Assisted ACL surgery including anisometry maps, a 3D view with spline
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Fig.1. (a) Surface digitizing during surgery. (b) Problem: How to extrapolate a few
data points to a complete femur?

surfaces and a model of the graft envelope. Since only a small surface area has
been digitized, it is very difficult to recognize the actual pose of the tibia and
the femur only from the small surfaces patches generated by the bicubic splines.
In order to provide the surgeon with a more complete and realistic view of the
scene it is desirable to have a visualization of the whole femur (respectively tibia)
as shown in Fig.2(b) (only the femur is visualized).

As illustrated in Fig.1(b), the problem addressed in this paper is to recover
the complete shape of the bones from the few available data points. The objec-
tives of this work are quadruple:

Visualization of a complete anatomical model, including anatomical land-
marks, for better orientation.

Post-operative referencing of clinical results in the model coordinate system
Shape-based interpolation in the area of digitized points

Extrapolation coherent with the anatomy in the areas far from the digitized
points

I

|

2 Related Work

The literature of computer vision and deformable models proposes a large variety
of methods for building a surface model from range data. Overviews can be found
in [BV91,MT96]. However, most of methods use only local constraints such as
smoothness or they fit global shapes such as planes, cylinders or superquadrics
which are not apropriate for our purpose, since the resulting shapes are not
coherent with the anatomy if only a few data points locally distributed are
used. It is therefore necessary to incorporate global a priori knowledge contained
in statistical models, using Fourier representations [SkBG96], modal analysis
performed directly [PS91] or based on features such as crest lines [STA96], or
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Fig.2. (a) GUI for computer assisted ACL reconstruction (b) GUI using a complete
model of the femur instead of a bicubic spline in the 3D view window : the global
orientation and anatomy of the knee can be understood. (c) 11 right femurs of specimen
used to build the model

Point distribution Models (PDM) proposed by Cootes and Taylor [CTCG95].
Our method is based on the latter approach.

A PDM is a deformable model built from the statistical analysis of examples
of the object being modelled. Given a collection of N 3D training shapes of an
object, the Cartesian coordinates of M landmark points are recorded for each im-
age. Each training example is represented by a vector m = (zy, 41, 21, .-, TM, YM, ZM)-
After aligning of the training shapes the pointwise mean shape m = ﬁ va___l m;
is then calculated. Modes of variation are found using Principal Component
Analysis (PCA) on the deviations of examples from the mean. These modes are
represented by 3M orthonormal eigenvectors e;. A new instance of the shape is
generated by adding linear combinations of the ¢ most significant variation vec-
tors to the mean shape: m = m + Zle wje; where w; is the weighting for the
ith variation vector. By ensuring ¢ < 3M, only the important deformations are
extracted, discarding training data noise, and thus object shape and variation
can be captured compactly. A key requirement for building such a model is the
collection of several sets with corresponding landmarks from training images.
This is presented in the following section.

3 Building a statistical shape model

Acquiring the Training Shapes: A set of 11 dry femurs of specimen (Fig.2(c))
was digitized manually using a 3-D optical localizer, resulting in 11 non-organized
point sets. Ten of the femurs have been digitized with approximately 1500 points
randomly distributed on the bone surface. The eleventh case was considered
separately as a template and was digitized with a superior density in a larger
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area of the femur, resulting in approximately 6000 points. To obtain one surface
representation of this template, an algorithm proposed by Hoppe [HDDW92] was
used to build facets from the cloud of points, and then the result was simplified
using the decimation method proposed in [CCMS97]. The result is a triangular
mesh T'M,.; of approximative 1500 vertices.

Aligning and matching the training shapes using Octree Splines: Now
each of the 10 point sets has to be matched to the template mesh in such a
way that each vertex of the template mesh T'M,.; is mapped to its anatomically
corresponding point on the femur represented by the set of points. We propose
to use a multiresolution approach proposed by Szeliski and Lavallée, based on
octree-splines [SL96]. The method performs a least squares minimization of the
distances between a sparse and unorganized set of points and a dense set of points
used to build a 3D octree-spline distance map [LSB91]. In our case, the dense set
of points is obtained by resampling each facet of the template triangular mesh
TM;e; up to 10,000 points. Fig.3(a) shows the octree containing the two shapes
to be registered after rigid registration (top) and after non rigid registration
(bottom).

The result of the octree-spline based registration technique is a smooth vol-
umetric transform T that maps every point P of the data space to a point
M = T(P) of the model space. Reciprocally, it is possible to inverse this transfor-
mation. Given a point M of the template mesh, an iterative search is performed
to find the point P = T~!(M) such that ||M — T(P)|| < €. By this process, each
point M; of the template mesh is assigned to a data point P; for each data set j
of the N data spaces. Note that the points P; were not in the data sets initially,
but they were implicitly interpolated using the octree-spline deformation.

To avoid having the template mesh as the reference while registering the
training shapes, all objects have to be registered to the final mean shape. This
is done using an iterative algorithm: At first all training shapes are matched to
the template mesh as described above. After calculating the mean shape, now
all training shapes are matched to this current mean. This process is repeated
until convergence occurs. The displacement vectors d,,;, = m; — m describe the
mapping between the mean shape and each of the training objects.

Principal Component Analysis: Hence one can apply a Principal Com-
ponent Analysis to the data which results in finding the eigenvectors of the
covariance matrix C = # Zf\;l d;,,d7,. of dimension 3M x 3M which can be
calculated from the displacement vectors. If N > 3M one obtains 3M —1 nonzero
eigenvectors. If N < 3M it can be shown that the eigenvectors of the covari-
ance matrix can be calculated from a smaller N x N matrix derived from the
same data [CTCG95]. In this case there are only N — 1 nonzero eigenvectors.
Because the eigenvector calculation time goes as the cube of the size of the ma-
trix, this can give substantial time savings, as 3M may be in the range of several
thousands, while N normally is much smaller. As C is real and symmetric effec-
tive Jacobi transformations can be applied to obtain the eigenvectors [PFTV92].



883

-35D Mean Shape +35D

Fig.3. (a) Hierarchical volumetric deformation of a low density training set with a
high density template mesh, using Octree Splines. Up: after rigid alignment. Bottom:
after elastic registration. (b) Applying 3 standard deviations of the first and second
deformation modes on the mean shape
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The mean surface and the ¢ principal modes obtained by PCA constitute the
statistically-based shape model.

4 Fitting the model

To recover the whole surface of the object from a new set made of a few sparse
data points it is necessary to find simultaneously the rigid transformation (rota-
tion R, translation T) between the data and the model and the decomposition
of the ¢ preserved eigenvectors in such a way that the distances between the data
points and the model are minimized. The objective function to be minimized is
defined as follows:

D
f=3 min, lld - o

with m; = R(m+Y;_, wie;)+T, D the number of data points, and d; the it
data point. The computationally most expensive step in the registration process
is finding the closest point in the model to each data point. The computational
complexity evaluating f is O(DM) using exhaustive search. It is not interesting
to compute a 3-D distance map here because the model is deformed at each
iteration. Therefore k-dimensional binary trees (k-d trees, in this case k=3) are
used to speed up the computation [FBF77]. A k-d tree can be constructed in
O(Mlog(M)). Searching the closest point in the tree to the given data points
can then be performed in O(D log(M)). Notice that for each function evaluation
the k-d tree has to be reconstructed since using different weights w; for the shape
parameters results in a different point distribution.

The defined function f is a nonlinear function depending on 6 + ¢ parame-
ters. To minimize f an algorithm is used which combines a simulated annealing
technique with the downhill simplex algorithm by Nelder and Mead [PFTV92]
in order to find a near global minimum. This requires an initial guess for the
rigid-body transformation, which is obtained by rigid points to surface registra-
tion, using the Iterative Closest Point (ICP) algorithm [BM92]. To decrease the
search space, bounds to the parameters are applied.

5 Results

5.1 Simulation

Ten right femurs have been used to build the statistical shape model and ex-
periments have been done with the remaining femur, on which 60 points were
interactively selected to simulate a realistic intra-operative digitization.

Table 1(a) shows the relative importance of the modes of variation for the
knee model. It can be seen from this table that the first four modes already
represent more than 90% of the shape variation in the model. Mode 1, which
accounts for almost 70% of the total variance within the model, can be seen to



885

be primarily concerned with describing global scaling. Since the iteratively com-
puted mean shape is only an approximation, the 10th eigenvalue is not exactly
0.0 but it is relatively low. Fig.3(b) shows the effect of applying +3 standard
deviations of the first two modes of the obtained model to the mean shape.

After rigid alignment and optimization of the fitting function, the resulting
root mean square error (RMS) between the test data and the registered model as
well as the RMS between the complete test shape and the registered model are
computed. As expected the final RMS between the test data and the registered
model decreases using more deformation modes (~ 0.7mm using one mode to ~
0.4mm using 5 modes) while this is not always the case for the RMS between the
test shape and the registered model. Similar results are obtained by permuting
the model in the set of specimen. Fig.4(a) (top) shows the model (triangle mesh)
and the test femur after the initial rigid registration with the ICP algorithm.
Fig.4(a) (bottom) shows the model and the reference femur after the non rigid
registration. The black spots represent the data points.

(a) (b)

Fig.4. (a) Simulation: the model after rigid (top) and after non rigid (bottom) regis-
tration (b) Clinical case: the model after non-rigid fitting using 6 modes in comparison
with the sparse set of points.

5.2 Experiments with real intra-operative data

For two clinical cases, the surgeon acquired about 100 points randomly dis-
tributed on the femoral notch surface (not limiting the acquisition to a small
patch and the anterior border of the notch). Results of fitting the model with
those data are provided in Table 1(b). Fig.4(b) shows the deformed statistical
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model that fits the points collected during surgery. Although additional local
deformation of the model would be necessary for perfect fitting, the result is
satisfactory.

INr ]]Eigenva.lue | Percentage I Sunj

1 5500.59 69.40| 69.40
2 880.37 11.11| 80.50
3 54897 6.93] 87.43 [ RMS error|[Case 1|Case 2]
4 227.88 2.87{ 90.30 Rigid alignment 2.23| 2.82
5 191.34 2.41| 92.72 Model fitting with 2 modesf] 2.07] 2.17
6 155.18 1.96| 94.67 Model fitting with 4 modes|[ 1.75[ 1.90
7 128.95 1.63| 96.30 Model fitting with 6 modes 1.61] 1.83
8 107.22 1.35) 97.65
9 104.08 1.31] 98.97

10 81.91 1.03100.00

@) (b)

Table 1. (a) Relative importance of the modes of variation for the model (b) Residual
fitting errors (in mm) for two clinical cases using rigid alignment and using model
fitting with 2, 4 or 6 modes.

6 Conclusion

First experimental results show that the chosen approach may be successfully
applied to a system for computer-assisted anterior cruciate ligament reconstruc-
tion, although it must be mentioned that 10 training shapes of which the model
has been built are maybe not sufficient to represent the natural shape variation
of the femur. Therefore further experiments must be done to validate the chosen
approach, with special care for pathological deformations.

The current implementation requires a few minutes for fitting the statistical
model with 100 data points, but optimisation of the method is possible for
instance using gradient descent techniques.

The proposed method is a general technique for building specific models that
can be applied to any case where the shape is stable and for which only a partial
area can be digitized.

One of the key features of this approach is to use a volumetric elastic registra-
tion method (using octree-splines) to establish point correspondences between
training sets which differ by their density and local distribution of points.
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