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Chapter 9

Prostate Shape Modeling based on

Principal Geodesic Analysis

Bootstrapping

The use of statistical shape models in medical image analysis is growing due to the ability to
incorporate robustly prior organ shape knowledge for tasks such as segmentation, registration,
and classification.

Shape models are constructed from collections of segmented organs. Though interaction can
ensure correspondence, it also introduces bias and ruins reproducibility — so a high degree of
automation is desirable in the training process.

We present a novel shape model construction method via a medial shape representation. The
essentially automatic iterative bootstrap method is based on an iterative bootstrap method that
alternates between shape representation optimization and analysis of shape mean and variations.

The method is used to create a model from 46 segmented prostates with quantitatively and
intutitively good results.

9.1 Introduction

Methods based on analysis of shape variation are becoming widespread in medical imaging.
These methods allow incorporation of statistical prior shape knowledge in tasks where the image
information alone often is not strong enough to solve the task automatically. The obvious
example is the use of deformable models in segmentation, in which the preferred deformations
are determined by a statistical shape model. Another important task is shape analysis and
classification, in which a statistical shape model offers information for diagnostic methods.
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Most statistical shape models consists of a mean shape with deformations. The mean and
the corresponding deformations are constructed through statistical analysis of shapes from a
collection of training data. Each shape in the training set is represented partially by the chosen
shape representation, and analysis of the parameters for the representation gives the mean and
variations [Cootes et al., 1995, Cremers et al., 2002a].

The best known model from this class is the Active Shape Model (ASM) [Cootes et al., 1995].
Here, the shapes are represented by a point distribution model (PDM) with given point-wise
correspondence. The mean model is achieved through Procrustes alignment of the shapes fol-
lowed by mean computation of each point in the model. Principal component analysis (PCA)
is used to provide the variations.

This work pursues the medial shape representation known as the m-rep [Pizer et al., 1996]. The
m-rep offers an intuitive representation of the shape by means of the sheet of sampled me-
dial atoms. Compared to PDMs this representation is less simple since the parameter space is
not Euclidean but consists of a combination of position, scaling, and orientation parameters.
Standard PCA is therefore not applicable. However, the analogue of PCA has been developed
for a more applicable space of shape representations. This is the Principal Geodesic Analy-
sis (PGA) that applies to shape representations that form Lie groups [Fletcher et al., 2003a,
Fletcher et al., 2003b].

A key element in constructing shape models is the representation of the shapes in the training
collection. This should be done in a manner that defines/preserves correspondence across the
population. For PDMs the simplest method is manual selection of the boundary points by
an expert of the specific anatomical structure. In 2D this is a time-consuming and tedious
process — in 3D it is even worse. However, this process can be automated. The approach by
Davies [Davies et al., 2002] starts by generating boundary points from a spherical harmonics
shape representation. This set of boundary points and their correspondences are then optimized
through a Minimum Description Length (MDL) approach.

This work presents an essentially automatic shape modeling method. The core is a fully auto-
matic bootstrap process that iteratively optimizes the shape model on a training collection and
then derives the PGA mean and modes of deformation. Through the bootstrap iterations, the
PGA mean and variations are optimized to allow automatic fitting of all shapes in the training
collection.

The flavor of this work resembles the MDL method in [Davies et al., 2002]. The main differ-
ence is that the MDL approach starts the optimization process from representations with good
training shape fit and poor correspondence. The MDL process then keeps the shape fits while
optimizing the correspondence. The PGA bootstrap starts from a generative model with explicit
correspondence but with poor fit to the individual training shapes. The bootstrap process then
keeps the correspondence while optimizing the fit to the training shapes.

There exists another method for generating an m-rep mean model from a set of training shapes
[Styner & Gerig, 2001] that uses a spherical harmonics representation followed by generation of
the mean medial sheet from pruned Voronoi skeletons. Our approach is intuitively cleaner since
m-rep is the only shape representation in play. Furthermore, our approach provides modes of
variation as well as the shape mean.
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We evaluate the presented PGA bootstrap method for the task of constructing a shape model
for a population of prostates. The training collection consists of 46 cases where the prostates
were segmented in the course of prostate cancer external-beam radiation treatment. Especially
in CT scans with slice thickness 2mm or larger, the boundaries of the prostate have low contrast
— therefore, prior knowledge in a statistical shape model is essential to making automatic
segmentation possible. This prostate shape model is a key step towards a pelvis multi-object
shape model that hopefully will achieve this goal.

Furthermore, current research aims at using the shape model to analyze the prostates in order
to make a shape classification used for the radiation treatment planning. This is concentrated
on the problematic saddle-back cases where the prostate reaches around the rectum — that
complicates giving radiation to the prostate without hitting the rectum.

The contributions of this work are twofold: a) The presented PGA bootstrap method that allows
essentially automatic generation of a shape model with mean and corresponding main modes of
variation. b) The resulting prostate model that will be central in segmentation and analysis of
prostates and eventually allow better radiation treatment planning.

9.2 The UNC Pelvis Collection

In radiation treatment, accurate segmentation of the prostate and surrounding organs is vital.
Low image contrast across the prostate boundary makes this a difficult task.

The segmentation programs, MASK [Tracton et al., 1994] and anastruct editor, from the PLan-
UNC suite of radiotherapy treatment tools developed at UNC-CH Radiation Oncology, have
slice-based contour drawing tools and visualization of reconstructed sagittal and coronal views.
Both programs have interactive 12-bit intensity-windowing, which is required to find and draw
both the prostate boundaries across from the bladder and the prostate’s apex (the superior
tip). The contours are scan-converted to labelled images, which introduces less than one pixel
of error not significant to this shape study. Prostatic fat is included in the prostate’s shape, as
is seen in clinical practise, both because of the difficulty of finding the border between these and
the prostate and the chance that these will contain significant counts of cancer cells. Seminal
vesicles are excluded from the prostate.

Clinical contours are used but adjusted when obvious errors were found, such as missing contours,
overlapping contours (eg. between the rectum and prostate), or just sloppy contouring – all of
these shortcuts are due to clinical time constraints and are not perceived to affect clinical care
but can affect shape studies.

The ungated CT scans are acquired from non-immobilized supine patients at UNC Healthcare
(Chapel Hill, NC, USA) and Western Wake Radiology (Cary, NC, USA) on Siemens Somotom
4+ scanners without administering contrast agents. Note that while the prostate is quite hard,
the multi-object statistics eventually produced will be sensitive to prostate shifts based on the
patient’s position and the CT couch shape (flat vs. rounded) because of the surrounding tissues’
malleability. These effects should not affect this shift-invariant prostate shape analysis.

78



Figure 9.1: Sagittal slices of the manual segmentations of rectum, prostate, and bladder from
two cases in the UNC pelvis collection.

Retrospective patient images are selected from the patient archives based on technical criteria,
such as adequate image quality and anatomical coverage (the entire bladder down through the
prostate apex), as well as shape and anatomical considerations such as very large bladders,
prosthetic hips, or surgical procedures proximal to the prostate, yielding “normal cancerous”
prostates.

The collection has 46 sets with manual segmentations for prostate, bladder, and rectum. All
cases are diagnosed with prostate cancer so the resulting shape model will not necessarily model
prostates in general. For instance, an increase of the size of the prostate is common for prostate
cancer patients. However, since the shape model is to be used for segmentation and analysis of
patients diagnosed with prostate cancer, this bias towards cancerous prostates is desirable.

The volumes of the prostates varies from 12cm3 to 144cm3. Figure 9.1 illustrates the large
variation in shape.

9.3 Medial Shape Representation: m-rep

We use a medial representation, m-rep, to model shape. Here, we briefly review the geometry
of m-reps and the deformable m-rep framework for image segmentation [Pizer et al., 2003a,
Joshi et al., 2002].

9.3.1 m-rep Geometry Overview

The shape representation we use is based on the medial axis of Blum [Blum & Nagel, 1978]. In
this framework, a 3D geometric object is represented as a set of connected continuous medial
sheets, which are formed by the centers of all spheres that are interior to the object and tangent
to the object’s boundary at two or more points. Here we focus on 3D objects that can be
represented by a single medial figure.
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Figure 9.2: Medial atom with a cross-section of the boundary surface it implies.

We sample the medial sheet M over a spatially regular lattice. Each sample point also includes
first derivative information of the medial position and radius. The elements of this lattice
are called medial atoms. A medial atom (figure 9.2) is defined as a 4-tuple m = {x, r,F, θ},
consisting of: x ∈ R

3, the center of the inscribed sphere, r ∈ R
+, the local width defined as

the radius of the sphere, F ∈ SO(3) an orthonormal local frame parameterized by (b,b⊥,n),
where n is the normal to the medial sheet, b is the direction in the tangent plane of the fastest
narrowing of the implied boundary sections, and θ ∈ [0, π) the object angle determining the
angulation of the implied sections of boundary relative to b. The medial atom implies two
opposing boundary points, y0,y1, with respective boundary normals, n0,n1, which are given by

n0 = cos(θ)b− sin(θ)n, n1 = cos(θ)b + sin(θ)n,

y0 = x + rn0, y1 = x + rn1.

Given an m-rep figure, we fit a smooth boundary surface to the model. We use a subdivision
surface method [Thall, 2002] that interpolates the boundary positions and normals implied by
each atom.

9.3.2 Segmentation using m-reps

Following the deformable models paradigm, an m-rep model M is deformed into an image I by
optimizing an objective function, which we define as

F (M, I) = L(M, I) + αG(M).

The function L, the image match, measures how well the model matches the image information,
while G, the geometric typicality, gives a prior on the possible variation of the geometry of the
model. The relative importance of the two terms is weighted by α ≥ 0.
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This objective function is optimized in a multiscale fashion. That is, it is optimized over a
sequence of transformations that are successively finer in scale. Here we will only be concerned
with two levels of scale: the figural level, and the medial atom level. At the figural level the
transformation we use is a similarity transformation plus an elongation of the entire figure. At
the atom level each medial atom is independently transformed by a similarity plus a rotation of
the object angle.

m-rep models are fit to binary segmentation images of the prostates. These binary images are
blurred slightly to smooth the objective function, which is optimized with a conjugate gradient
method. The image match term of the objective function is computed as a correlation with a
Gaussian derivative kernel in the normal direction to the object boundary:

L(M, I) =

∫

B(M)

∫ ε

−ε

∂tG(t) I (s + (t/r)n) dt ds,

where s is a parameterization of the boundary B(M), ∂tG is the Gaussian derivative kernel, r
is the radius function, and n is the boundary normal.

The geometric typicality term is defined as

G(M) = (1 − β)P (M) + β N(M), (9.1)

where β ∈ [0, 1] is a weighting term. The function P measures the change in the boundary from
the previous level of scale:

P (M) = −
∫

B(M)

||s − s0||2
r2

ds,

where s0 is the initial position of the boundary at this scale level. The function N seeks to keep
medial atoms in the same relationship with their neighboring atoms. It is defined as

N(M) = −
∫

B(M)

||s − s′||2
r2

ds,

where now s′ is the boundary surface of the model in which the current medial atom is in the
position predicted by its neighbors. The neighbor term is only used at the atom scale level, i.e.,
β = 0 during the figural level. The role of the neigbor penalty term is to keep the shape nice
locally — comparable to the curvature term in active contour models.

9.4 Shape Modeling

The goal is to arrive at a shape model that describes the shape variation within the population
of prostates. A shape model is a parametric shape representation with predefined rules for
deformation that allow the model to represent the class of shapes encountered. In medical
image analysis the shape classes are typically defined by shapes of organs or other anatomical
structures. This introduces some basic modeling trade-offs:
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Compactness vs Accuracy
The model should be a more compact representation than the basic representation of the
organ (typically a binary image). This introduces a trade-off between compactness and
precision in the representation. The desire for compactness suggests coarse sampling of
the basic elements of both the underlying shape representation (boundary points, medial
points, control points in splines, spherical harmonic coefficients etc.), and the possible de-
formations (similarity transformation, PCA modes etc.). The desire for accuracy suggests
finer sampling.

Generality vs Specificity
The deformations should be flexible enough to allow the shape model to fit the organs up
to the precision possible with a specific compactness/sampling. This ensures the generality
of the model. The opposing property is specificity, that states that the model should not
deform into shapes not encountered in the organs. This trade-off inspires a statistical
approach that allows a soft transition between likely and un-likely shapes.

Correspondence vs Accuracy
Another key property of shape models is the ability to give an explicit or implicit coordinate
system on the shapes that offers correspondence of locations among the shapes. This
introduces yet another requirement on the allowed deformations of the shape model. Being
able to fit the individual organs shape is not sufficient — the model must also ensure
that anatomically corresponding locations on the organs are equipped with corresponding
locations given by the coordinate system of the shape model. This suggest that the shape
model should restrict large deformations that violate correspondence — and thereby the
attainable accuracy is limited.

9.4.1 First Attempt: The Potato Model

The segmentation program Pablo provides a user interface that allows construction of m-rep
models and optimization of the parameters such that the constructed model is fitted to a specific
training case [Pizer et al., 2003a].

The Potato in figure 9.3 is such a handcrafted m-rep model based on inspection of a subset of
the prostate collection and some experimentation. If we can automatically deform this model
into all the prostates in the training collection, we actually have the desired shape model.

Batch Optimization of m-reps

For this shape modeling we developed a batch non-interactive back-end to Pablo. It is of
little theoretical interest, but without this automatic fitting program, our results would not be
realistically possible.

The fitting program reads m-rep optimization constraints from an options file and performs the
corresponding m-rep optimization steps. The process is completely free from interaction. The
initial hand placement of the model is performed automatically by translating to the center of
gravity and scaling to the volume of the relevant training case (represented as a binary image).

To fit the Potato in all the training prostates, the batch optimizer is run with α = 0.1 and
β = 0.75 — high confidence in the segmentations, and low importance of geometric typicality.
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Figure 9.3: The Potato m-rep model. Left: The medial grid with the implied boundary as
wireframe. Right: The model as a solid surface. The viewpoint is from above, behind the
prostate.

Rating the Potato

In order to determine whether the Potato can be deformed satisfactorily into the training
prostates we look at the image match values for the 46 cases. Recall that the match value
is a normalized correlation measure in the range -1 to 1 with approximately 0.95 as the practical
maximal value. Furthermore, heuristic experience from other organs show that values above
0.80 are quite good.

The Potato match values for the 46 cases are in the range 0.60 – 0.84 with a mean of 0.75. This
is not acceptable for our task. Figure 9.4 illustrates the worst and best case.

The geometric penalty prevents the model from deforming enough to fit the worst cases satisfac-
torily. Therefore the model certainly is not general enough, and the Potato cannot be considered
a good prostate prototype.

However, even though the batch optimization of the Potato does not give satisfying shape
representations of all the prostates in the training collection, it does ensure a rough fit in most
cases. In the following we present the theory that allows us to use these rough fits to improve
the Potato.
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Figure 9.4: Axial slices from the worst (left, image match 0.60, volume 27 cm3) and best (right,
image match 0.84, volume 127 cm3) fitting cases for the deformed Potato model.

9.5 Principal Geodesic Analysis

Principal geodesic analysis (PGA), introduced in [Fletcher et al., 2003b], is a generalization of
principal component analysis (PCA) to curved manifolds. It is shown in [Fletcher et al., 2003a,
Fletcher et al., 2003b] that m-rep models form a Lie group, and the necessary algorithms for
computing the mean and PGA of a collection of m-rep models are given. We review these results
briefly here.

9.5.1 Lie Groups

First we present a brief overview of Lie groups (see [Duistermaat & Kolk, 2000] for a detailed
treatment). A Lie group G is a differentiable manifold that also forms an algebraic group, where
the two group operations,

µ : (x, y) 7→ xy : G × G → G Multiplication,

ι : x 7→ x−1 : G → G Inverse,

are differentiable mappings.

Let e denote the identity element of a Lie group G. The tangent space at e, TeG, forms a Lie
algebra, which we will denote by g. The exponential map, exp : g → G, provides a method for
mapping vectors in the tangent space TeG into G. Given a vector v ∈ g, the point exp(v) ∈ G
is obtained by flowing to time 1 along the unique one-parameter subgroup emanating from e
with initial velocity vector v. When the Lie group is given a compatible Riemannian metric,
this one-parameter subgroup is the unique geodesic at e with velocity v.
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The exponential map is a diffeomorphism on a neighborhood of 0 in g to a neighborhood of e
in G. The inverse of the exponential map is called the log map. The geodesic distance between
two points g, h ∈ G is given by || log(g−1h)||.

As shown in [Fletcher et al., 2003b], the set of all medial atoms forms a Lie group M = R
3 ×

R
+ × SO(3) × SO(2), which we call the medial group. Likewise, the set of all m-rep models

containing n medial atoms forms a Lie group M n, i.e., the direct product of n copies of M .

9.5.2 m-rep Means

The Riemannian distance between m-rep models M1,M2 ∈ Mn is given by

d(M1,M2) = || log(M−1
1 M2)|| (9.2)

Thus the intrinsic mean of a collection of m-rep models M1, . . . ,MN is the minimizer of the
sum-of-squared geodesic distances:

µ = arg min
M∈Mn

n
∑

i=1

|| log(M−1
i M)||2

As shown in [Fletcher et al., 2003b], the mean model may be computed by the following iterative
gradient descent algorithm (algorithm 4).

Algorithm 4 m-rep Mean

Input: M1, . . . ,Mn ∈ Mn, m-rep models
Output: µ ∈ Mn, the intrinsic mean

µ = M1

Do
∆Mi = µ−1Mi

∆µ = exp( 1
n

∑n
i=1 log(∆Mi))

µ = µ∆µ
While || log(∆µ)|| > ε.

9.5.3 PGA of m-reps

Principal components of Gaussian data in R
n are defined as the projection onto the linear

subspace through the mean spanned by the eigenvectors of the covariance matrix. If we consider
a general manifold, the counterpart of a line is a geodesic curve, that is, a curve with minimal
length between two points. In the Lie group M n geodesics can be computed via the exponential
map. Given a tangent vector v in the Lie algebra m

n, the geodesic starting at the identity
with initial velocity v is given by γ : R → M n, where γ(t) = exp(tv). Similarly, the curve
x · γ(t) = x · exp(tv) is a geodesic starting at the point x ∈ M n.
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Algorithm 5 Algorithm: m-rep PGA

Input: m-rep models, M1, . . . ,MN ∈ Mn

Output: Principal directions, u(k) ∈ m
n

Variances, λk ∈ R

µ = mean of {Mi}
xi = log(µ−1Mi)
S = 1

N

∑N
i=1 xix

T
i

{u(k), λk} = eigenvectors/eigenvalues of S.

As shown in [Fletcher et al., 2003a], the covariance structure of a Gaussian distribution on
Mn may be approximated by a covariance matrix Σ in the Lie algebra m

n. The eigenvec-
tors of this covariance matrix correspond via the exponential map to geodesics on M n, called
principal geodesics. The principal geodesic analysis (PGA) on a population of m-rep figures,
Mi, . . . ,MN ∈ Mn, is thus computed by algorithm 5.

Analogous to linear PCA models, we may choose a subset of the principal directions u(k) ∈ m
n

that is sufficient to describe the variability of the m-rep shape space. New m-rep models may
be generated within this subspace of typical objects. Given a set of coefficients {α1, . . . , αl}, we
generate a new m-rep model by

M = µ exp
(

l
∑

k=1

αku
(k)
)

,

where αk is chosen to be within [−3
√

λk, 3
√

λk].

9.6 Shape Model Bootstrapping

The shape model bootstrapping method is now quite simple. The batch fitting process is used
to give rough representations of each shape. The PGA is used to generate the mean model from
the 46 fitted models. This mean model is then used as the starting model in the next iteration
to fit the shapes using the batch fitting process, and the bootstrapping method is iterated.

The underlying assumption is that the mean of the roughly fitting models will be a better
prototype than the initial Potato. As the bootstrap iterations progress the generated mean
models will hopefully converge to a good prototype.

9.6.1 Bootstrapping the Potato using PGA Mean

The graph in figure 9.5 shows the development of the image matches during bootstrapping.
The image matches become excellent as the bootstrap progresses — even the worst match is
good. The resulting mean model can be deformed automatically into the shapes in the training
collection, so we now have a prostate shape model as desired. Since the allowed deformations
are exactly the same as in the initial attempt in section 9.4.1, the improved performance is
exclusively due to the resulting mean shape being a better prostate prototype — as expected.
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Figure 9.5: The evolution of the worst, best, and mean image match for the 46 cases during
bootstrap starting from the Potato.

However, the method started from a reasonably good initial model being the manually con-
structed Potato. For the prostate, this is not a problem. However, it is not desirable if we need
to divine a new suitable vegetable from which to start the bootstrapping for each new organ to
be modeled.

9.6.2 Bootstrapping the Generic using PGA Mean

In order to see how dependent the bootstrap method is on the initial model, alternative m-rep
models with the same 4x4 atom grid were used. The Generic is the default 4x4 slab model that
Pablo generates as a starting model for building handcrafted models. Figure 9.6 shows how the
bootstrap is virtually independent of the choice of starting model — except for the number of
atoms that reflects the compactness vs accuracy issue.

9.6.3 Bootstrapping using PGA Mean and Modes

The principal geodesic analysis provides the shape mean and well as the principal modes of
variation. Above, we only use the mean in the bootstrap. However, the batch fitting process
can also use the PGA modes in the figural level transformation in place of the elongation.

The expectation is that these trained, global deformations steer the model to the desired image
match in fewer bootstrap iterations. Figure 9.7 shows exactly that expected behavior where the
10 top PGA modes are used.
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Figure 9.6: The Generic initial model and the resulting bootstrap image match evolution.

Figure 9.7: The bootstrap evolution starting from the Generic using global PGA modes in the
figural level optimization.
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9.6.4 Convergence

In this work, we address the question of convergence superficially. The image match values above
appear to be converging. Convergence of the PGA mean and modes is considered future work.
Furthermore, we may want to constrain the evolution of the model such that the converging
model has specific correspondence properties. Our expectation is that eventually the method
will converge to the same resulting mean model independent of the choice of starting model and
optimization options — using different paths through model parameter space.

Here we use the heuristic approach of running the bootstrap until the image match values cease
to improve significantly. We therefore use the resulting model from 10 bootstrap iterations
starting from the Generic using PGA deformations in the optimization (see figure 9.7).

9.6.5 Exclusion of Outliers

In particular during the early bootstrap iterations, the optimization process reaches poor image
match values for some training cases. This is simply due to too much difference between the
initial model and these training prostate shapes. As a result, the optimized model then does
not correspond to a prostate shape within a reasonable precision.

Therefore, it can be argued that these non-prostate shapes should be excluded from the cal-
culations of the PGA mean and modes. Much like outliers are often identified and excluded
during statistical methods in general. This identification could simply be done by defining an
image match threshold based on e.g. the variance of these values. In this work we experimented
superficially with outlier exclusion and concluded that the PGA bootstrap method performs
robustly without this extra step.

9.6.6 Resulting Prostate Shape Model

The resulting Prostate shape model then consists of the mean shape and the deformations
illustrated in figure 9.8. The 10 modes of variation include 95% of the variation in the training
collection. This ensures little need for atom optimization in the segmentation process. The
automatic fitting achieves image matches in the range 0.81–0.93 with mean 0.87. That this is
significantly better than the original attempt with the Potato model can be seen in figure 9.9.

The shape model is trained on binary images — therefore the resulting model is only evaluated
for segmenting binary images. However, in the full m-rep segmentation framework, the shape
model is combined with profile models for the local boundary instead of the just using the
Gaussian derivative profile (as done in [Rao, 2003] for instance).

Apart from being directly applicable for segmentation, the shape model — and especially the
condensed PGA parameterization — is also directly applicable for shape classification.

Furthermore, the hierarchical m-rep optimization framework also allow easy generalization of
the model building method. The work presented here is limited to single-figure m-rep models.
The shape model method could easily be extended to multi-object multi-object ensembles due
to the modular optimization method where each individual step could be modeled using the
PGA bootstrap approach introduced here.
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Mode 1: Sagittal view (from the side) possibly showing effects of varying pressure from bladder
(is top right).

Mode 2: Coronal view: Laurel/Hardy deformation.

Mode 3: Sagittal: again possibly results of bladder pressure.

Mode 4: Axial view: Saddle-back where the prostate curves around the rectum — a known
problematic behavior that complicates radiation treatment.

Figure 9.8: The four primary modes of deformation in the Prostate model. Each mode is
illustrated by ± 1.5 standard deviation images.
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Figure 9.9: The Prostate model on the cases from figure 9.4 with image matches 0.85 and 0.91
(was 0.60 and 0.84). Since left is a worst case this is highly satisfying.

9.7 Conclusion

We present a novel shape model construction method using a medial shape representation. The
method is essentially automatic based on an iterative bootstrap method that alternates between
shape representation optimization and principal geodesic analysis of shape mean and variations.
The method constructs an m-rep shape model consisting of a mean and corresponding main
modes of variation.

The non-automatic step is the choice of sampling in the medial sheet. We have chosen a 4x4
atom grid that appears to be a suitable compromise between compactness and accuracy.

The method is evaluated through construction of a prostate shape model from a training col-
lection of 46 manually segmented prostates. The resulting model has good quantitative perfor-
mance. In addition, the modes of variation show deformations that corresponds intuitively well
with known prostate behavior. We are especially pleased with the presence of the saddle-back
variation in the fourth mode.

Future work is centered on ensuring desirable convergence of the shape model in the bootstrap
iterations. Furthermore, we plan to evaluate the method against the method that uses the MDL
approach to generate an ASM [Davies et al., 2002]. Central points to evaluate are compactness,
correspondence, and legality (how likely are illegal models).

Finally, we look forward to applying the method on other anatomical organs (among others
kidneys, hearts and various brain structures).
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