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Abstract— This paper presents a novel method
for segmentation of bone structures in anterior-
posterior {AP) radiographs based on active
shape models. A priori global knowledge of the
geometric structure of each hip is captured by
a statistical deformable template integrating a
set of adinissible deformations. Then, to repre-
sent the image structure expected at each shape
point, two statistical models are built: the first
model contains knowledge about the edges ex-
tracted from the radiograph. This information
is summarized in shape context histograms. The
second model describes the local image struc-
ture around each model point. After gathering
these two types of data over the training set,
an Independent Component Analysis allows us
to derive two data representations for each con-
tour part of the shape. The search is performed
over a median pyramid using the shape context
model. The obtained segmentation is refined
at the original radiograph resolution using the
more local model. A leave-one-out test was used
to evaluate the performance of the proposed
method and to compare it with other conven-
tional methods. The results demonstrate that
the method is very robust and precise, and that
it can be useful in the context of preoperative
planning of hip surgery.
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1 Introduction

Prior to hip replacement or ostectomies surgery, pre-
operative planning is required to decide on the type
and size of the prosthesis and the reconstruction of the
joint geometry. Despite the advantages that 3D image
analysis methods offer, to date they are applied only in
a few hospitals with a low percentage of the operated
patients[1, 2, 3] due to technical, time and cost-related
factors. To date the developments in 3D image visuali-
sation and simulation, and robot-assisted surgery can-
not replace the conventional daily used methods of 2D
radiodiagnostics. Delineation of bone structures in a
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standard AP-radiograph is a prerequisite in preopera-
tive planning. Since annotating manually these struc-
tures is very tedious and time-consuming, fast and ac-
curate computer-aided segmentation methods are re-
quired. The difficulty to achieve a robust and fast
segmentation of AP-radiographs is caused by several
highly variable factors which substantially affects their
aspect. These variations (Fig. 1) are induced by pa-
tient pose during acquisition, morphelogical differences,
pathological deformations, X-ray device and acquisition
protocol, and radiographic film, ete...

Among the large family of methods called deformable
models, the learning-based Active Shape (ASM)} and
Active Appearance (AAM)[17, 18] Models have proven
very successful [7, 8] to segment non-rigid objects with
great variability regarding shape and appearance in
medical imaging. In ASM, the shape variability is
learned through observation, the objects being repre-
sented as sets of labelled points. The obtained shape
representations are called Point Distribution Models
(PDM). In practice, this is accomplished by a train-
ing set of annotated examples followed by a Procrustes
Analysis[20] in order to align shapes with regards to po-
sition, scale and orientation. In this normalized frame,
the statistics of the points coordinates can be obtained
by principal component analysis (PCA). The character-
istic pattern of a shape class is described by the average
shape vector and a linear combination of eigenvectors
of the variations around the average shape. During im-
age search, new target points are searched in a region
of the image around each model point and the model
is updated to best fit these new target points. The
new target points can simply be considered as points of
highest gradient magnitude along a normal through the
current point. Better results can be obtained by using
a training set to build a statistical model to represent
the image structure expected at each point.

A direct extension of the ASM approach has lead to
the Active Appearance Models. Besides shape informa-
tion, the textual information, i.e. the pixel intensities
across the object in question, is included into the model.
To obtain texture information from the training set,
each shape is warped to a reference shape (mean shape)
and sampled. Hereafter a photometric normalization
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Figure 1: Variations in AP radiographs. Pelvis anatomy, anterior view.

of the obtained textures is done to remove influence
from global linear changes in pixel intensities. Hence, a
compact PCA representation is derived to deform the
texture in a manner similar to what is observed in the
training set. The AAM search attempts to minimize
the difference between an actual image and the synthe-
sized object obtained from the current shape, appear-
ance and pose parameters. But this optimisation prob-
lem is not solved using optimisation techniques such
as gradient based methods. Instead AAMSs circumvent
these potential problems by learning a linear relation-
ship linking pixel differences (between the actual image
and the synthesised object) to pose/model parameter
displacements thanks to a multivariate linear regres-
sion. Though the AAM search provides a fast way of
optimising the AAM using prior knowledge this might
not lead to the optimal solution, primarily due to weak-
ness in the assumption that the optimisation problems
in an AAM search is strictly similar to those observed
in a training set. It is suggested to fine-tune the model
fit by using a general purpose optimisation method or
to complete the AAM search with a traditional ASM
search. AAMs and ASMs are also inherently dependent
on a good initialisation.

Recently, Blind Source Separation (BSS) by Indepen-
dent Component Analysis (ICA) has shown promise in
signal processing application including speech enhance-
ment systems, telecommunications and medical signal
processing. ICA[9, 10, 11] is a linear transformation
whose objective is to provide statistically independent
projections. In other words ICA gives a representation
in which the product of the marginal probabilities of
the projected features best approximates the probabil-
ity of the original features. In the context of statistical

pattern recognition of high-dimensional data and used
together with the naive Bayes classifier, ICA transforms
a D-dimensional density estimation into the estimation
of D one-dimensional densities.

The proposed method wuses a shape context
descriptor[5) to perform a first optimization of the
pose/shape parameters, which are then refined by a
search using the learned image structure around each
model point. The shape context data and local image
structures are both represented using ICA. This allows
us to easily estitmate their probability density function
(pdf). During search, a median pyramid [16] of the ac-
tual image is built; the model is initialised at the coars-
est resolution, and updated at each higher resolution.
Finally, at the highest resolution we refine the pose and
shape parameters by a traditional ASM search using the
learned ICA representation for each model point.

This paper is organized as follows. Section 2 de-
scribes the global methodology of the work. The re-
sults are presented and discussed in section 3 and our
conclusions follow in section 4.

2 Segmentation Method

2.1  Dataset and Statistical Deformable Model

QOur data set is composed of 24 X-ray images, of 13 fe-
male and 11 male patients coming from four different
hospitals. Each patient presents a pathoiogical defor-
mation which can affect the visibility around the ac-
etabulum and femoral head regions (the pelvis anatomy
is depicted in Fig. 1).We generate a training set by seg-
menting manually the bone boundaries and hand anno-
tating them with 20 easily located biological landmarks
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{(Fig. 2). We augment the set of correspondence points
by subdividing regularly along the boundaries between
these landmarks resulting in a model composed of 294
points. Following the method described by Cootes in
(17, 18], we derive from this training set a mean shape
and its main modes of variations (16 modes of varia-
tions capturing 98% of the shape variations).

Articulated shapes with pivotal rotations around one
or more points are inherently non-linear. Consequently,
it should be better to consider the three anatomies,
i.e., pelvis, rizht and left hip, separately as in [8] or to
consider other models{14, 15] which are not based on
PCA. We define the position of the femur relatively to
the pelvis by the angle between the two lines shown
in Fig.2. The first line connects the acetabulum ex-
tremities while the other goes through the middle of
the femoral neck and also passes through the centre of
femoral head which is approximated by a circle. This
angle was computed for each shape of the training set
giving us the average angle value 4. The non-linearity,
which is mainly caused by the variations in the patient
posture is removed by rotating the femur around the
centre of the femoral head so that each shape exam-
ple presents the same angle value . The PDM is com-
puted with this set of corrected shapes. During search,
we update the pose/shape parameters using the fol-
lowing procedure: each anatomy (pelvis and femurs) is
brought independantly in the PDM normalized frame
by three procrustes analysis, the shape parameters are
computed, the whole shape is brought back in the im-
age space using the transformation matrix of the pelvis,
and finaly, each femur is rotated around the centre of
the femoral head and scaled to best fit the new points.
Removing the non-linearity in such a way improves the
quality of the PDM. A leave-one-out test was used to
evaluate the performance of the proposed PDM on our
radiographs dataset, this gives us the lower bound in
terms of precision that can be reach for each radio-
graphs with such a shape model. The average error
(average distance between homologous points)we ob-
tained is 4.1 mm whereas we obtained 5.2 mm with the
initial model without considering the non linearity.

2.2 Shape Context Descriptor

We use the shape context descriptor [5] as a global
attribute to register robustly and precisely our shape
model with a new image. This first registration must be
precise enough so that a further ASM search based on
local image structures could find the optimal solution
and avoid local minima. This descriptor was specially
designed to find pointwise correspondences between an
image shape and a stored prototype shape. By defini-
tion, the shape context is a shape descriptor which cap-
tures the coarse arrangement of a set of points sampled
from the contours of an object with respect to another
point of the contour. For a point p; on the shape, the
shape context at this point is the histogram h; of the
relative coordinates of the remaining n — 1 points,

hi(k) = #{q # pi i (¢ — p;) € bin{k)}

For matching two sampled shapes, these histograms
are computed at each sample point and the corre-
spondences between the two point sets are found by
solving a bipartite weighted graph matching problem,
the weights being the similarity distances between his-
tograms. We use the shape context descriptor to de-
scribe the edge information obtained after applying the
canny edge detector to the radiographs.

b

2.3 Contour Classes

The shape model is divided in contour patches of equal
size (Fig. 3). We derive a general representation of each
contour class by first picking a set of samples points
inside the contour pari(Fig. 3). Then, for each ra-
diograph, each sample peint is equipped with two at-
tributes vectors: the first one is a shape context his-
togram aimed to initialise the shape model in a new
image and register it with relative precision, the other
one is the image patch of predefined size and centred on
the pixel in question, used for the final segmentation.
If our dataset is composed of N images and that in each
contour patch we select M samples, the training data
used to learn representations of a contour class is com-
posed of N x M histograms and N x M image patches.
These two groups of data are considered separately and
for each an ICA representation is derived.

Figure 2: The femnur is rotated around the femoral head center to adjust the angle between the drawn lines. The

PDM with the 20 expert-labelled landmarks.
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Figure 3: From right to left: the mean shape divided in contour patchs and the samples points randomly picked

inside two of these contour patchs.

2.4 Independent Component Analysis

Given a set of observations represented by the M di-
mensional random vector x {zero-centered), assume the
following ICA model:

z = Asand Wx = 5,

where s is the vector of independent components s,,, A
is called the basis matrix and W the filter or projection
matrix which is the inverse of A (complete case: Aisa
square matrix). Based on the independence assumption
on the sources s,, and the change of variables theorem,
we have:

Ar
p(z) = |det Wp(s) = |det W| [ pm(sm),

m=1

where p,, is the unidimensional marginal distribution
of the m-th independent component.Instead of one rep-
resentation, we have to learn a representation for each
shape histogram class and each contour class. So for a
certain class C*, the filter and basis matrices are class-
dependent W = W* and A = Ak, If s* = Wh(z — z¥)
where T is the class mean estimated from the training
data, we have the following class-conditional probabil-
ity:
p(x|C*) = [det W*|p(s*|C*)

Most ICA methods require data whitening as pre-
processing. Since some simple denoising is also rec-
ommended, dimensionality reduction and whitening
through PCA is very common practice as a preprocess-
ing stage for ICA. In this case, W* can be decomposed
as

Wk — Bk(.Dk)—Vsz,

where V¥ and D* are the matrices composed by the
eigenvectors and eigenvalues of the class covariance ma-
trix, and B* the ICA filter matrix. For this case, B
results in an orthogonal matrix. The class-conditional
probability becomes:

M
p(a|C®) = ldet W¥| T p*(sm)

m=1

Using the fact that the absolute value of the determi-
nant of an orthogonal matrix is 1 and that the determi-
nant of a diagonal matrix is the product of the terms
in the diagonal, we have:

M
|det W*| = |det B¥||(det DF) "1/ |det VE| = []

m=1

_1
A

where Af, are the eigenvalues of the covariance matrix
of class C*. Taking the logarithm, we obtain:

M
logp(z|C*) = 3 logp¥(sm) + log |det W*|

m=1

For local image data,we applied the following prepro-
cessing steps:normalisation, zero-centering saving the
class mean, reduction of dimensionality and whitening.
Then we applied the FastICA algorithm[12] on this pre-
processed data. For the shape histogram data, we nor-
malized the histograms and we applied Non-Negative
Sparse Coding[13]. For both data sets, the unidimen-
sional pdf were approximated by a mixture of three
gaussians whose parameters are obtained by applying
the expectation-maximization (EM) algorithm[4],

2.5 Training Procedure

The presented ASM requires the following training
steps:

e Each image of the training set is annotated man-
ually in order to build the PDM,

e The shape model is divided in contours patches,

¢ For each contour class, a local representation is
learned by applying ICA and by estimating the
densities in the resulting ICA space,

e For each contour class and at each level of a me-
dian pyramid, an ICA representation is learned
based on the shape context histograms, followed
by a density estimation.
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2.6 Search Procedure

Given a new image, the segmentation consists in the
following steps:

» For each contour class, compute the shape context
likelihood map over the lowest resolution image of
the pyramid,

¢ Segment the image in regions of dominant class:
each pixel is associated to the contour class of
highest likelihood,

¢ Extract the maximum of each region, and derive
an affine transformation mapping each contour
patch on its corresponding pixel by Procrustes
Analysis,

o Traditional ASM search over the likelihood maps:
each model point is moved along its normal to the

pixel of highest likelihood, then the shape model-

is adjusted to best fit these new positions.
o For each pyramid level of higher resolution:

1. Infer the pose and shape parameter from
preceding pyramid level,

2. Traditional ASM search based on shape con-
text information: for each model point, com-
pute the shape context histogram on the
neighbour pixels along the normal and es-
timate their likelihood, update the posi-
tion of the model point. Then adjust the
shape/pose parameters.

¢ On the original image, use the local image struc-
ture representation to perform an ASM search,

3 Results and Discussion

We compared the performance of our method with a

‘combination of the ASM and AAM algorithms. All the .

experiments were performed using a leave-one-out pro-
cedure. The AAM was built to represent 30000 pixels
{(we did not observe any improvements for higher reso-
lutions). Multiresolution search was used with 3 resolu-
tion levels (25% 50% and 100% of the original image).
We first compare the results of the AAM method with
the multiresolution search based on shape context his-
tograms, We used 100 bins histograms. During train-
ing, non-negative sparse coding was applied to the set
of normalized histograms in order to obtain 60 compo-
nents. Fig. 4 (left picture) shows the RMS point-to-
point error for each image tested, the number of itera-
tions was 10 per pyramid level with both methods(30
iterations). Over all the training set AAM gave a pre-
cision of 11.66 = 4.93mm, while our approach reached a
precision of 11.10+2.57mm. It is interesting to see that
grey-level textures and binary features summarized in
shape contexts can lead to similar results in terms of ro-
bustness and precision. For 5 images, AAM gave a RMS

error below 7 mm while the minimum reached with our
method is 8mm. It seems that the shape context de-
scriptor cannot permit to reach a better precision, but
it shows in this experiment a better stability than the
AAM. In terms of speed, eventhough we precomputed
the pdfs and stored them in look-up tables, AAM is
more rapid.

In the second experiment, we used ASM to refine the
search of the AAM search. The local grey-level models
of the ASM were profiles 21 pixels long (10 either side of
the point) and the search was performed on 5 pixels ei-
ther side until convergence. We compared four different
image features for these local models (intensity, normal-
ized intensity,gradient, normalized gradient) leading us
to the same conclusion as G. Behiels and al. in |7]
that normalized intensities are the better image fea-
tures in combination with the Mahalanobis distance.
The ASM search was initiated with the shape param-
eters obtained from the multiresolution AAM search.
In 75% of the images tested, the ASM improved the re-
sults of the multiresolution AAM search. We performed
the same experiment using our ICA model: they were
built using 16 x 16pixels patches, reduced to 60 indepen-
dent components after PCA-whitening. Here, we used
the Fast-ICA algorithm. Fig. 4 (right picture)shows
the RMS point-to-point errors given by an ASM search
using traditional profile models and an ASM search us-
ing our ICA model. We cannot observe any significa-
tive difference due to the small size of our dataset, but
we strongly think that bringing together our two ICA
models (shape context and local structure) in an unique
formulation could lead to a very efficient method.

4 Conclusion

We have presented an original statistical method of
bone segmentation in AP radiographs based on a priori

knowledge of the geometric structure of each hip and us-

ing both the contours extracted from radiographic im-
ages and local pixel intensities structures. The method
performs the segmentation task with reasonable com-
putational complexity and makes an original use of the
shape context descriptor. The obtained robustness and
precision proves that it can be useful to improve per-
formance and fully automate the segmentation of bone
structures in AP radiographs. The method can also be
applied to compare preopérative to postoperative ra-
diographs and time series in general. It still has to be
validated on a larger dataset: a sufficient number of
shape examples is necessary to integrate other types of
PDMs more adapted to non-linearities. The proposed
method remains sufficiently general to be applied to
other medical registration/segmentation problems. We
now intend to regroup the two contour class representa-
tions in a single representation and test other shape de-
scriptors which are more co:mputationally effective than
the shape context.
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Figure 4: Correspondence RMS error for each image tested.Left picture:AAM results in dotted line, solid line for
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