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representation and an articulated one. The influence of two
kernels is evaluated in this section: an RBF and a Mahalanobis
kernel.

In order to demonstrate the validity of these kernels, we
have computed the similarities between the 100 items of the
sample. To be valid, we expect a kernel to provide high
similarities between these 100 spines. Furthermore, we have
artificially generated an unrealistic spine by greatly shifting
several vertebræ so that the result is not anatomically possible.
In this case, we expect that the kernel will clearly distinguish
this unrealistic spine from other. In the following, the sample
used to compute the covariance matrix Σ (for the Mahalanobis
kernel) is different from the sample used to evaluate the
similarities.

We first propose to discuss the validity of the RBF and the
Mahalanobis kernels in the case of a landmark representation
of the spine. The similarity between the 100 spines represented
by landmarks and the unrealistic spine was computed both
for the RBF and the Mahalanobis kernels. The corresponding
similarity matrices are presented at Fig. 3. RBF and Maha-
lanobis kernels depend on a parameter, namely σ. The greater
σ is, the higher the similarity between shapes is. Here, the
objective is not to find the best value of σ but to show that
the RBF and the Mahalanobis kernels are valid to represent the
similarity between scoliotic spines. In the similarity matrices
of Fig. 3, we note that the elements of the diagonal are
all equal to 1 since the similarity between identical spines
is maximum. Then, the similarities related to the unrealistic
spine are represented at the 50th row and the 50th column.
The similarity matrix associated to the RBF kernel shows
that the unrealistic spine is clearly seen as an outlier. The
same conclusion can be drawn if we observe the similarity
matrix associated to the Mahalanobis kernel. However, there
is a difference between RBF and Mahalanobis kernels. For
the RBF kernel, the range of similarity is larger than for
the Mahalanobis kernel. The fact that the Mahalanobis kernel
takes into account the correlation between variables seems to
provide less disparity in the similarities. Globally, the RBF
and Mahalanobis kernels appear to be relevant to represent
similarities of 3D spine shapes in the case of a landmark
representation of the spine.

To discuss the validity of these kernels in the case of
an articulated representation of the spine, we computed the
similarity between the 100 articulated spines of our sample and
the unrealistic articulated model. These results are presented at
Fig. 4. In this illustration, the unrealistic spine is represented
at the 50th row and the 50th column. As above, the results
show that the 100 articulated models of the sample are seen
as similar while the unrealistic spine is seen as an outlier. This
fact is valid for both the RBF and the Mahalanobis kernels.
Once again, the difference between the kernels relies on the
range of similarity. This range is larger for the RBF kernel.
Finally, Fig. 4 shows that the RBF and Mahalanobis kernels
appear to be relevant to represent similarities of 3D spine
shapes in the case of an articulated representation of the spine.

Since these kernels can well represent the similarities be-
tween the shapes, the parameter ν of the OCSVM model
has a weak influence in our application. As remainder, this
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(a) RBF kernel - σ = 600
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(b) Mahalanobis kernel - σ = 50

Fig. 3: Similarity matrices - Landmark representation.
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(a) RBF kernel - σ = 60
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(b) Mahalanobis kernel - σ = 35

Fig. 4: Similarity matrices - Articulated representation.

parameter represents the fraction of data which are allowed to
be in the negative side of the hyperplane. Here, outliers were
not present in the sample of 100 spines. In that case, a value
of ν equal to 1 is equivalent to use all the spines to build the
hyperplane. In case of presence of outliers, the value of ν can
be adapted.

B. Reconstruction Experiments

In order to process a reconstruction, two radiographs are
presented to the user. Some points of reference are then
pointed out by the operator so that the optimization leads to
the final solution, i.e. the 3D spine shape of the patient. Mean
RMS error has been evaluated as a function of the number of
points per radiograph for the 25 post-operative patients. We
distinguish the reconstruction of the plates and the pedicles.
In the following, the parameter ν has been fixed to 0.8. Since
this parameter has an important role, we discuss its influence
and its interest at the end of section III-E.

1) Landmark Representation: We propose at Fig. 5a the
mean RMS reconstruction error related to a representation of
the spine with landmarks. The RBF and Mahalanobis kernels
have been distinguished. The results related to a state-of-art
method [17] using a classical statistical shape model is also
present at Fig. 5a. For all the methods, we observe that the
reconstruction of the plates is better than for the pedicles.
Logically, we notice that the error decreases as the number
of points per radiograph increases.

An important difference between the RBF and Mahalanobis
kernels appears at Fig. 5a. If we consider 17 control points,
the mean error of reconstruction related to the RBF kernel
is equal to 10.59mm and to 2.28mm for, respectively, the
pedicles and the plates. In comparison, the mean error of
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(a) Landmark representation
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Fig. 5: Evolution of the mean RMS 3D reconstruction error as a function of number of control points per radiograph.

reconstruction related to the Mahalanobis kernel is equal to
3.51mm and to 1.55mm for, respectively, the pedicles and
the plates. These results show that the RBF kernel is not
working in the context of a representation of the spine with
three-dimensional landmarks. It seems that the vertebræ are
reconstructed independently when the RBF kernel is used.
The link between the vertebræ is not taken into account
in the model. Conversely, the Mahalanobis kernel allows to
compute the similarities between spine shapes by using the
correlation between the variables (which are the coordinates
of the anatomical landmarks).

Finally, we observe that both for the plates and the pedicles,
the Mahalanobis kernel offers globally better results than the
classical statistical shape model when a reasonable number of
control points are provided, showing the interest of using a
kernel-based shape model.

2) Articulated Representation: The mean RMS reconstruc-
tion error related to an articulated representation of the spine is
illustrated at Fig. 5b. The RBF and Mahalanobis kernels have
been distinguished, as well as a state-of-art method using a
classical statistical shape model. The same preliminary trends
than for the landmark representation can be drawn here. For
both of the kernels, we observe that the reconstruction of
the plates is better than for the pedicles. We also notice that
the error decreases as the number of points per radiograph
increases.

Nevertheless, the difference between the RBF and Maha-
lanobis kernels is less contrasted. If we observe Fig. 5b, curves
related to RBF kernel are nearly identical to curves related
to Mahalanobis kernel. Let us consider 17 control points per
radiograph. The mean RMS error of reconstruction related
to the RBF kernel is equal to 4.12mm and to 1.80mm for,
respectively, the pedicles and the plates. The same values
for the Mahalanobis kernel are, respectively, 4.11mm and
2.01mm. Previously, the RBF kernel provided poor results
because the link between the vertebræ were not processed
adequately. In an articulated representation of the spine, this
link is always integrated in the model, whatever the kernel.
This fact explains the differences between Fig. 5a and Fig.

5b.
If we compare RBF and Mahalanobis kernels with a clas-

sical statistical shape model, we observe that for the recon-
struction of pedicles, the results are quite similar. However,
the RBF kernel outperforms the Mahalanobis kernel and the
statistical shape model in the case of plates reconstruction.

3) Comparison Between the Reference Method and the
OCSVM Method: If we consider 17 control points at Fig.
5a, the OCSVM method with Mahalanobis kernel improves
the precision over the reference method by 0.55mm for the
plates and 0.51mm for the pedicles. To illustrate the effect of
this improvement, we propose at Fig. 6 a visual comparison
between the OCSVM method (landmark representation with
Mahalanobis kernel) and the reference method on lumbar
vertebræ L1 to L5 in the PA view. The points in cyan are
the anatomical landmarks identified by an expert while the
points in green are the projections of the 3D reconstructed
anatomical landmarks. The main difference between the two
figures is concerned by the pedicles of the vertebræ L4 and
L5. For these vertebræ, the precision is obviously better for
the OCSVM method. The corresponding 3D anatomical land-
marks reconstructed with the OCSVM method are obtained
with a precision greater than 1mm. A paired t-test was also
performed to see if the improvements for the plates and the
pedicles are statistically significant. Both for the plates and the
pedicles, the t-test allows to reject at 0.01 significance level
the fact that the distributions of the RMS errors are identical
(p-values are lower than 0.01).

C. Execution Time
Our reconstruction approach is assessed here with respect to

the execution time. We report at Table I average computation
times for the two different representations of the spine. The
RBF and the Mahalanobis kernels are also distinguished. The
tests were performed on an Intel Core 2 Duo 2.53 GHz.

The order of magnitude of our reconstruction procedure
is between 2.91s (articulated representation and RBF kernel)
and 7.95s (landmark representation and Mahalanobis kernel).
The Mahalanobis kernel is always characterized by greater
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(a) Reference Method (b) OCSVM Method

Fig. 6: Qualitative comparison between the reference method
and the OCSVM method. 3D reconstructed models are pro-
jected on the PA view. Manually identified landmarks are
in cyan and the landmarks obtained from the reconstruction
method are in green.

computation times. This result is logical due to the presence
of the covariance matrix in the mathematical formulation of
the kernel. Nevertheless, the execution times associated to
our approach are in the same order of magnitude, i.e. a few
seconds.

Method Spine Repres. Kernel Execution Time (s)

OCSVM

Landmarks RBF 5.01

Mahalanobis 7.95

Articulated RBF 2.91

Mahalanobis 7.66

Ref. Meth. Landmarks / 0.15

TABLE I: Execution time for the proposed approach.

D. Sensitivity

The reconstruction process has to be initiated by pointing
out some landmarks on the radiographs. This operation is
operator-dependent and prone to errors. As a consequence,
it is interesting to analyze how does the OCSVM model react
when the control points are not well located. To do so, a
noise was randomly generated following a uniform distribution
and added to the coordinates of 17 control points marked
by an operator. The evolution of the mean RMS error of
reconstruction with the standard deviation of the applied noise
is provided at Fig. 8. A distinction is made between the plates
and the pedicles and we have also evaluated the evolution of
the error for a classical statistical shape model with the method
described in [17]. One can observe at Fig. 8 that the two errors
related to the statistical model (one curve for the plates, one for
the pedicles) increase dramatically. It means that the precision
is highly penalized by errors on the location of control points.
On the contrary, the OCSVM models are very robust and the
error evolves slowly with the standard deviation of the noise.

In order to visualize the possible variations of landmarks
location, we propose at Fig. 7 the representation of two
landmarks related to the plates (in green). The red points are
obtained by adding an error of 10 pixels to the x- and y-
coordinates of the landmarks.

Fig. 7: Limits of variation (red points) of the location of two
landmarks (green points).

The effect of location errors is depicted at Fig. 10a (ref-
erence method) and Fig. 10b (OCSVM method with land-
mark representation and Mahalanobis kernel). The PA view
was chosen for better visualization of the landmarks. The
robustness of OCSVM model is obvious on these illustrations.
According to [24], the maximum error of landmarks location
by an expert is 3mm, representing 7.5 pixels on our images.
A noise following a uniform distribution from -7.5 to +7.5
pixels was chosen for this illustration.
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Fig. 8: Effect of the simulated noise on the reconstruction
of the plates and the pedicles. Comparison with a classical
statistical shape model.

E. Discussion

In section III-B, we showed that our reconstruction method
provides better or similar results than the actual state-of-art
method (using a statistical shape model) in the case of post-
operative patients. The execution times presented in section
III-C were also obtained from these postoperative patients.
In order to discuss the results and to compare our approach
with more methods of the literature, we have performed a 3D
reconstruction for 20 patients with a severe scoliosis and no
surgical instrumentation. The severity of the scoliosis is mea-
sured by the Cobb angle. In our case, the Cobb angle of the 20
patients ranges from 44◦ to 70◦. In the literature, three recent
methods proposed results computed on about 20 patients with
moderate or severe scoliosis and no instrumentation. Since
experiments have been performed on different data sets, direct
comparison is not possible. However, it seems interesting to
compare orders of magnitude between the methods. In this
context, approaches proposed by Moura et al. [16], Kadoury
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et al. [15] and Humbert et al. [14] are characterized by RMS
errors between 2 and 4mm. Our OCSVM model provides
RMS errors between 1.57 and 4.13mm and appears to be
competitive with these approaches. The order of magnitude
for the computing time of the fastest approaches [14], [16]
is a few seconds, just as our approach based on a OCSVM
model.

In the present work, two representations of the spine
are proposed: a landmark representation and an articulated
representation. This could be seen as a limitation in some
biomedical applications where it is difficult to mark the shape
of an organ with reference points. Nevertheless, our OCSVM
model only requires to represent a shape with a vector. This
vector could be a vector of distance maps such as described
in [4].

The last aspect of this section is to discuss the interest of the
parameter ν influencing the OCSVM model. As a reminder,
ν is an image of the fraction of data allowed to be in the
negative side of the hyperplane. Therefore, the OCSVM model
accepts that outliers can be present in the training data. This
characteristic is very relevant in our case since in biomedical
engineering, the presence of outliers in the data is not rare.

Human experts notice and correct most mistakes that arise
during data collection and processing, but some mistakes
invariably go undetected and can lead to outliers in the data
used to produced statistical models. In our application, outliers
can, for instance, be the result of mislabeling of points or
vertebrae leading to 3D models that pass visual inspections
but which would falsely increase the observed variability
in a conventional statistical model. They can also be the
result of completely or partially occluded features in one
of the radiographs. Furthermore, the shear quantity of data
and repetitiveness of the manipulations may cause human
observers to commit mistakes they would not make on a single
isolated case.

Nevertheless, classical statistical shape models are not able
to detect the presence of outliers. Indeed, we propose at Fig. 9
the evolution of the mean RMS error of reconstruction when
5% of outliers are present in the training data.
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Fig. 9: Evolution of the mean RMS 3D reconstruction error
as a function of number of control points per radiograph in
presence of outliers in the training data.

These outliers have been generated artificially and replace
good items in the data. In reality, extreme outliers can be
detected by a decent human observer. However, this detection
can be very time-consuming given the size of a sample. The
idea is here to propose an automatic method detecting these
outliers. The resulting errors are averaged for the 45 patients
(severe cases and post-operative patients). The OCSVM model
is evaluated with regard to the two representations of the data:
the landmark representation (with Mahalanobis kernel) and the
articulated representation (with RBF kernel). The parameter
ν of the OCSVM model has been fixed to 0.8 so that it
can accept no more than 20% of outliers. The results are
quite instructive. We observe that classical statistical shape
models are not able to deal with the presence of outliers.
The model badly explains the variables and the precision is
greatly reduced. On the contrary, the OCSVM model accepts
that no more than 20% of items in the sample belong to the
negative side of the hyperplane so that the outliers do not
influence the results. At the very least, the influence on the
precision is minimal (a few hundredth of millimeters). Let us
mention that for the Mahalanobis kernel, the matrix Σ is firstly
computed with the original training data, then computed again
without the detected outliers. The RBF kernel do not require
any modification.

The effect of the presence of outliers in the sample is illus-
trated at Fig. 10c and Fig. 10d for, respectively the reference
method and the OCSVM method (landmark representation
with Mahalanobis kernel). The advantage of OCSVM model
is visually obvious.

(a) Ref. Meth. (b) OCSVM (c) Ref. Meth. (d) OCSVM

Fig. 10: Qualitative comparison between the reference method
and the OCSVM method: (a) and (b) are characterized by
simulated noise applied on control points (±7.5 pixels) - (c)
and (d) are characterized by the presence of outliers in the
sample. 3D reconstructed models are projected on the PA view.
Manually identified landmarks are in cyan and the landmarks
obtained from the reconstruction method are in green.
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IV. CONCLUSION

In this paper, we have described a novel way of modeling
shapes, based on OCSVM. In our approach, the model is
defined by the hyperplane holding in its positive side a sample
of shapes. Then, this model was used in the context of the
3D reconstruction of the spine from bi-planar radiographs.
Two representations of the spine were considered: a classical
representation with anatomical landmarks and an articulated
representation of the spine. In order to define the model, two
kernel functions were also evaluated: an RBF kernel and a
Mahalanobis kernel. Results showed that our approach was
efficient for cases of patients with severe scoliosis and for
post-operative patients with surgical instrumentation. The RBF
kernel is to be preferred for the articulated representation
while the Mahalanobis kernel provided better results for the
landmark representation of the spine. Moreover, we have
demonstrated that our model is hardly influenced by the
presence of outliers in the training data, in contrast to classical
statistical shape models. This aspect makes the OCSVM model
a great alternative to classical statistical shape models in
applications where the presence of outliers in the training data
is possible.

Our new kernel-based shape model has proven to be effec-
tive with two three-dimensional representations of the spine.
However, we could use it for other biomedical shapes in two
or three dimensions. The choice of the kernel is application-
specific and depends on the shape of interest.

Finally, we think that modeling shapes with kernels opens
new possibilities in numerous biomedical applications.
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