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ABSTRACT

The treatment of musculoskeletal disorders (MSD) is of paramount importance, as MSDs are
chronic pathologies accounting for the largest fraction of temporary and permanent joint disabil-
ities in industrialized societies. Surgical treatments can restore joint mobility but require high
precision and time-consuming complex operations, which thus necessitate the use of computer-
aided systems (CAS). Accurate modeling of musculoskeletal structures is hence crucial for diag-
nosis and pre-operative planning and usually relies on Magnetic Resonance Imaging (MRI) for its
ability to simultaneously image soft and bony structures composing the articulations. However,
MRI images present, in addition to ubiquitous image artifacts, highly heterogeneous bone tissue
intensities and articular structures with fuzzy boundaries. Furthermore, clinical MRI images are
often acquired with limited field of view (FOV) or low image resolution, seriously compromising

its use in automated image processing for CAS.

In this thesis, we focus on the design of efficient image segmentation methods to create subject-
specific musculoskeletal models from MRI data. We propose a novel prior knowledge construc-
tion for use in discrete deformable models to yield an effective modeling of musculoskeletal
structures. The use of prior knowledge is crucial because conventional approaches that do not
use knowledge (e.g., thresholding and region growing) or exploit weak priors (e.g., image regis-
tration and deformable models) are not optimal for MRI segmentation. To this end, our research
innovates in the derivation of new knowledge-based deformable models which preserve the
strengths of deformable models (sub-voxel accuracy, computational efficiency) while offering a

high level of robustness.

Our methodology covers the key processes of knowledge-based deformable models which are
the construction of priors, initialization, and evolution of deformable models. We provide guide-
lines to build robust statistical shape and appearance priors for structures of interest by address-
ing the issues of shape correspondence and training database enlargement. The initialization
of models in images with varied characteristics (resolution, FOV) is addressed with our pro-
posed registration-based methods that exploit prior knowledge expressed as appearance (atlas)
or kinematical constraints. We demonstrate that these methods are robust and accurate for sub-
sequent segmentation based on the deformable model evolution. Our model evolution is based
on a multi-resolution scheme that takes advantage of global (point distribution model) and local
(Markov random field-based modeling of variations) shape priors to confer to the segmentation
robustness and accuracy, respectively. In addition, speed and interactivity of the segmentation

are optimized with parallelized implementations using Graphics Processing Units (GPU).
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The usability of our algorithm is demonstrated with its application to subject-specific models for
physio-anatomical simulations (e.g. soft tissue simulation of hip and knee articulations, neuro-
muscular simulation of the lower limbs), as well as the simultaneous registration and segmen-
tation of anatomical structures from multiple images. Furthermore, an interactive segmentation
system is developed for concurrent and collaborative environment, in which multiple users si-
multaneously segment the same image. Our results suggest that this work directly contributes
to the challenging objectives of the virtual physiological human research which aims at integrat-
ing effective CAS tools into the clinical environment to support e.g. aided diagnosis, surgical

planning and navigation, predictive medicine and post-operative treatment.
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RESUME

Le traitement des troubles et maladies musculosquelettiques est d'une importance capitale,
puisque ces pathologies chroniques représentent la plus grande fraction des handicaps tem-
poraires et permanents dans les sociétés industrialisées. Il existe des traitements chirurgicaux
pouvant restaurer la mobilité articulaire mais ils nécessitent une grande précision ainsi que des
opérations longues et complexes. Dans ce contexte, 1'utilisation de systémes assistés par ordina-
teur se révele étre un atout essentiel. La modélisation précise de structures musculosquelettiques
est alors cruciale, aussi bien pour le diagnostic que pour la planification préopératoire, et celle-ci
repose généralement sur 1'imagerie par résonance magnétique (IRM) qui permet d’acquérir a la
fois les structures molles et osseuses des articulations. Cependant, le traitement de ces images
IRM s’avere difficile car les images sont entachées de nombreux artefacts et les structures os-
seuses présentent des intensités tres inhomogenes ainsi que des contours souvent peu nets dans
la région articulaire. Si I'on ajoute le fait que les images IRM cliniques sont souvent acquises
avec un champ de vision limité ou possédent une tres faible résolution d’image, le traitement

automatique de ces images constitue un véritable défi.

Dans cette theése, nous nous concentrons sur la conception de méthodes efficaces de segmenta-
tion d'image afin de créer a partir de données IRM des modeéles musculosquelettiques spécifiques
aux patients. Pour atteindre ce but, nous proposons de combiner 1'utilisation de modéles défor-
mables discrets avec de la connaissance a priori. L'utilisation de cette connaissance a priori est
essentielle car les approches conventionnelles n’exploitant pas (par ex. les techniques de seuillage
ou de croissance de région) ou peu (par ex. le recalage d’images ou les modeles déformables)
de connaissance ne s’averent pas optimales pour la segmentation de structure musculosquelet-
tiques a partir d'images IRM. Notre recherche innove dans l'expression de nouveaux modeles
déformables basés sur la connaissance a priori qui conservent les points forts des modéles dé-
formables (précision subvoxelique, efficacité en termes de temps de calcul) tout en offrant une

grande robustesse.

Notre méthodologie couvre les principaux aspects de ce type de modeles déformables, a savoir
I'expression de la connaissance a priori, I'initialisation et I'évolution des modeles. La création de
modeéles statistiques de forme des structures d’intérét est notamment étudiée en détails, en abor-
dant les questions de correspondance et d’élargissement de la base de données d’entrainement.
L'initialisation des modeles déformables dans des images aux caractéristiques trés variables (dif-
férences de résolution ou de champ de vision) est réalisée a l'aide de méthodes de recalage qui

exploitent des connaissances a priori sur 'apparence et la forme des structures a segmenter.



Nous montrons que ces méthodes d’initialisation sont suffisamment robustes et précises pour
étre utilisées dans toute segmentation ultérieure basée sur ’évolution des modeles déformables.
Notre évolution utilise une approche multi-résolution qui repose sur une modélisation des varia-
tions de forme a la fois globale (modele déformable statistique PDM) et locale (modélisation par
champs aléatoires de Markov), ce qui confére robustesse et précision a la segmentation. En outre,
la rapidité et I'interactivité de la segmentation sont optimisées par une programmation paralléle

basée sur les nouvelles technologies des processeurs graphiques.

L'usage de notre méthodologie est illustré dans le contexte de la simulation physio-anatomique
(par ex. la simulation des tissus mous des articulations de la hanche et du genou, ou bien la
simulation neuromusculaire des membres inférieurs), ainsi que dans des applications de recalage
et segmentation simultanés de structures anatomiques a partir de plusieurs images. De plus, nous
présentons aussi un systeme de segmentation interactive et collaborative qui permet a plusieurs

utilisateurs de segmenter ensemble et en méme temps une méme image.

Notre travail contribue aux objectifs ambitieux de la recherche de 1"’humain physiologique vir-
tuel” qui vise a intégrer des outils efficaces informatiques dans le milieu clinique, tels que le
diagnostic assisté par ordinateur, la planification et la navigation chirurgicale, la médecine pré-

dictive et le traitement postopératoire.
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Chapter 1. Introduction

1.1 Medical Context and Motivations

In the last decade, the demand for computer-assisted support in health and medicine has been
constantly increasing. One of the main reasons stems from the revolution of the digital informa-
tion in the clinical environment. Thanks to ground breaking advances in engineering, physics,
chemistry and biology, medical equipments have gone through revolutionary transformations.
Current equipments are constantly evolving and are able to nowadays produce highly detailed
information of the human body. New challenges are introduced by the production of a tremen-
dous amount of information that can only be managed and processed by appropriate computer-
based solutions. Another explanation comes from the capability of computer systems to create
virtual environments to model, examine and simulate medical scenarios. By devising adequate
models and simulation procedures, an infinite number of testing possibilities are made available

to the scientific and medical community to improve the actual treatment.

In this era of technological revolution, the synergy between Health and IT is really expected to
improve the understanding of the human system with related pathologies. Among them, the
treatment of musculoskeletal disorders (MSD) is of paramount importance. MSDs are chronic
pathologies that can be found at all levels of the neuromusculoskeletal system, from neurological
disorders to organ malfunctionalities. They account for the largest fraction of temporary and
permanent disabilities and are closely monitored in industrialized societies [RHA*98, WBPR*04,

CACCO05] since they represent a significant economic burden for western societies [Reg02].

In MSDs, osteoarthritis (OA) is a highly prevalent pathology. OA is characterized by a de-
generation of the articular cartilage which yields pain, loss of mobility and stiffness of human
articulations. Abnormal bone morphology observed as hip femoroacetabular impingements (i.e.
abnormal frictions and collisions between articular structures) is known to be at the origin of
early OA [GPB*03, PMD"06], but there is still some idiopathic OA observed in people who

routinely perform extreme motions. Motion analysis is hence essential to fully understand OA.

Despite the staggering complexity of the human body, the study of sub-domains such as the

musculoskeletal system can be carried out with “simpler” yet realistic models to make the prob-

lem tractable and manageable (limited time, computational power, etc.). Furthermore, there is a

particular interest in building patient-specific anatomical models to support:

— Medical diagnosis: as previously mentioned, some forms of OA are related to the bone mor-
phology. By reconstructing accurate bone models from radiological images, the computation
of morphological measures [PMD*06] can be automated or simplified compared to the time-
consuming reading of the images.

— Motion analysis: motion is intimately linked to the musculoskeletal system. The tracking
of bone structures in different postures in images [MKP*05] provides essential insights into
human motion non-invasively. Moreover, subject-specific bone models are useful to compute
scaling factors in neuromusculoskeletal simulation [DAA*07], where a generic model is scaled
according to the subject’s limb attributes (weight, length, etc.).

— Soft-tissue simulation: the study of a joint involves the simulation of the various structures
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in contact such as cartilages, bones and ligaments. Anatomical models are essential since
their shape and associated mechanical properties have a direct influence on the simulation

outcomes.

MIRALab quickly noticed the huge potentials that lied in the research of anatomical model-
ing. Since its foundation in 1989 by Prof. Magnenat-Thalmann, MIRALab has expanded and
adapted its core researches in computer graphics (e.g., cloth simulation [VT00, VMT05, VMTF09])
and virtual humans towards medical modeling and simulation [KBG*95, GKB*96, MWMTT98,
YCGMMTO03, MTYCS04, GMMT06, MTCS08]. In particular, soft tissue simulations of the artic-
ular structures driven by kinematical information [CLMT08, ACS*09, CAVMT09] were carried
out during the projects CHARM [CHA96], Co-Me [COMO09] and 3D Anatomical Human (3DAH)
[3DA10]. We are particularly involved in this last project which gathers several international part-
ners in a multi-disciplinary framework. Its main objective is the development of realistic func-
tional 3D models of the human musculoskeletal system, with the methodology demonstrated on
the lower limbs. In this project, multiple disciplines are integrated such as image processing and
acquisition, motion analysis, biomechanical and soft-tissue simulation, interactive visualization

and knowledge management.

1.2 Research Context and Objectives

Image-based anatomical modeling is one of the most promising way to create subject-specific
models [BAGDO07, SJL*07]. Anatomical modeling from medical images addresses in particular
the problem of image segmentation. Segmentation consists in extracting anatomical structures
from medical data acquisitions by dividing an image into non-overlapping and homogeneous
regions (each one corresponding to a unique structure of interest, e.g. an organ) and by creating
3D models from the segmented data. A trained operator in reading medical images and with
an appropriate anatomical knowledge is able to perform segmentations with high accuracy, de-
spite the presence of image artifacts (e.g., noise, partial volume effect (PVE)), the human body
complexity or the large differences persisting between individuals. Conversely, these factors seri-
ously impede computer-based segmentation approaches. Simple approaches based on low-level
image processing such as thresholding, edge detection or region growing will very likely fail

with clinical images.

In case of the musculoskeletal system, the rich variety of soft and bony structures demands the
use of appropriate imaging modalities. Computed Tomography (CT) based on X-ray imagery
offers an excellent bone contrast but is improper to highlight soft tissue such as ligaments. Con-
versely, Magnetic Resonance Imaging (MRI) can simultaneously image hard and soft structures
and MRI does not create any harmful ionizing radiation [SC04]. Furthermore, its richness in
imaging protocols and capabilities (e.g., muscle fibers direction detection in dtMRI [HSV*05]) as
well as its constant technological improvements (e.g., 3T scanners [BSP*07]), make MRI a natural

choice for musculoskeletal segmentation.

However, MRI musculoskeletal segmentation introduces a series of challenging issues:
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- Numerous musculoskeletal structures such as muscles are in perpetual contact which increases
the complexity of the modeling and prevents the formation of clear delineations between sim-
ilar structures in the images.

— Bone intensity is highly heterogeneous due to differences in cortical and trabecular (cancellous)
bone [LEG*98] (Fig. 1.1(a)). Furthermore, subchondral bone, located below cartilage tissue at
joint interfaces, tends to present a different structure (e.g., thinner, contrast discrepancies) with
respect to the surrounding cortical bone (Fig. 1.1(c)). These factors, combined with any present
pathology (e.g., osteoporosis, calcifications) seriously impede segmentation methods [WGE06].

— The segmentation of articular areas is hindered by the strong proximity of bones and the
absence of clear boundaries [SVGO02] (Fig. 1.1(c)).

— There is a ubiquitous trade-off between image field of view (FOV) and resolution. As a con-
sequence large FOV yields a very low image resolution, which necessarily results in strong

partial volume effect (Fig. 1.1(d)).

(a) (b) (d)

Figure 1.1: Common issues found in MRI musculoskeletal segmentation. (a) In a transverse cross-section,
we can clearly see that bone tissue intensity is not homogeneous as cortical bone appears dark while
trabecular bone is brighter. (b) At the joint level, bone contours of femur (F) and hip bone (HB) are drawn
in white, F and HB being pointed by a black and white arrow, respectively. (c) It can be noticed that bone
boundaries are fuzzy and unclear, and that average bone intensities are quite different, since F is much more
brighter than HB. Moreover, compared to (a), cortical bone is much more thinner and almost not visible.
(d) In the coronal plane, the partial volume effect due to high slice thickness (low image resolution in this
direction) is obvious and clearly affects the delineation of the bones, especially at the joint level (circled
area).

In this thesis, we aim at addressing these issues efficiently to support both medical and biome-

chanical studies. In particular, our methodology leads to:

- Improved morphological bone analysis to better detect potential causes of OA.

- Biomechanical simulation of human articulations (knee within 3DAH project [3DA10], hip
within Co-Me [COMO09] and MIRALab activities [CLMT08, ACS*09, CAVMT09]) based on
subject-specific anatomical models to better understand their behavior during extreme and
daily activities.

— Motion analysis by bone structure tracking in image sequence to quantify extents and visualize
soft tissue deformations.

Our work relies on some of the foundations laid by the work of Gilles [Gil07], who proposed

an implementation of simplex meshes [Del99] evolving as dynamic particle systems [GMMTO06,

GMT10]. Despite some very good results of Gilles et al. ’s approach, the work presented some
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weaknesses. The deformable models proposed by the author were quite sensitive to the ini-
tialization which was based on the manual positioning of landmarks in images. In addition to
not being automatic, this initialization was in some cases not applicable: varying and especially
small image FOV prevented the identification of a sufficient number of landmarks, which ulti-
mately affected the quality or viability of the initialization. Furthermore, poor image resolution
and heavy presence of artifacts seriously affected the quality of this deformable model-based seg-
mentation. Whenever possible, the author partially addressed this issue by using simultaneously
multiple images of the region to segment, which improved the quality of the image information.
However, it was assumed that the images were aligned together, a condition which is not often
respected (in practice images can be produced at different moments in time, subjects may move,

etc.).

In this thesis, our focus is to improve musculoskeletal modeling by relying on strong prior knowl-
edge during the segmentation process. Spanning the last two decades, knowledge-based de-
formable models combined with statistical shape and appearance priors (i.e. statistical shape
models (SSM)), have been established as one of the most advanced and robust segmentation
methods [HMO09]. Prior-knowledge has the capability to robustify deformable models approaches
to better face the image artifacts and variable image characteristics (unpredictable FOV and dif-
ferent image resolution). However, the key success of these knowledge-based approaches stands
in the construction and usage of the priors. Our work aspires to fulfill the following research

objectives:

— Efficient expression of shape and appearance priors from training data, which might be in-
complete or partially erroneous. This can relax the constraint of having a large collection of
complete datasets, which is not always guaranteed (especially in 3D [HM09]).

- Design of initialization approaches requiring none or very little user intervention, and which
are applicable on images with heterogeneous characteristics.

— Implementation of a robust, accurate and interactive evolution of knowledge-based deformable
models to yield patient-specific anatomical models from MRI images. Interactivity is ensured

by a fast evolution and the presence of segmentation control mechanisms.

1.3 Contributions

In this thesis, we demonstrate how the limitations of deformable models are efficiently tackled
by exploiting prior-knowledge of the shape and appearance of the structures to segment. The
resulting statistical shape and appearance models were extensively tested on a large collection
of MRI datasets to qualitatively and quantitatively assess their performance in segmenting mus-
culoskeletal structures. Emphasis was put on bone segmentation because a training dataset was
more easily constructed for bones. In fact, (semi-)manual segmentation was easier to perform
for bony structures than soft tissue, mainly because in many images at our disposal the image

quality was not satisfactory enough to accurately segment soft organs.

Nevertheless bone segmentation from MRI was depicted as very challenging in Sec. 1.2 and
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Figure 1.2: Overview of contributions of our knowledge-based deformable model for segmentation. Two
main research directions are identified: the first deals with the construction and usage of priors (dark
boxes), while the second addresses the key stages of deformable models, which are initialization, evolution
and preparation (light boxes).

our work contributes to this very active domain of research. Except from a novel initialization
specific to the hip segmentation, our proposed methodology to build and use robust SSMs can
be applied without any restriction to the segmentation of other structures. Main contributions
are mostly divided into two parts, (i) aspects related to prior-knowledge and (ii) concepts which
pertain to deformable models. Particularly, contributions were made in the following topics (see
Fig. 1.2):

1. Generic model construction
— Specific approaches to build thin and elongated tubular structures.
— Inter-penetrations removal among segmented structures.
2. Knowledge inference from training data
— Multi-level SSMs with effective tackling of the point correspondence and usage of differ-
ent alignment transforms.
— Robust construction of priors from corrupted data characterized by the absence of infor-
mation or the presence of non-reliable data.
3. Deformable model initialization
— Exploration of atlas-based registration.
- Design of an initialization approach for hip joint bone segmentation based on a con-
strained global optimization procedure.
4. Deformable model evolution
— Effective coupling of SSM with Newtonian evolution of deformable models.

— Expression of local variations priors based on Markov Random Fields (MRF).
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— Support of the simultaneous segmentation of structures from multiple images based on
a novel coupled registration-segmentation approach.

— Implementation of discrete deformable models in Graphics Processing Unit (GPU) archi-
tecture to improve segmentation interactivity.

- Investigation of concurrent and collaborative segmentation with multiple users over a

network.

Part of this work was made in close collaboration with the 3DAH partners, especially people
from UCL (MRI acquisition), INRIA (alternative appearance priors) and CRS4 (GPU-based seg-
mentation). The collaborative segmentation was set up with a MIRALab’s research team more
focused on network and mobility topics, within the EU project InterMedia [INT10]. Segmented
data was verified and built in conjunction with the radiological and orthopedic departments
of the University hospital of Geneva. Finally, many contributions would not have been possi-
ble without the participation of the professional ballet dancers of the Grand Théatre of Geneva,
who gave consent to undergo MRI scanning sessions. Thanks to them, many MRI datasets were

acquired with some unique characteristics (e.g., acquisition of split data).

1.4 Manuscript Organization

This manuscript is organized as follows. The first two chapters present related work in medi-
cal image segmentation and musculoskeletal modeling. The segmentation literature is notably
presented under the perspective of prior-knowledge usage in segmentation approaches. Main
advantages and drawbacks of presented methods are reported to better highlight some of the
efforts made in this thesis to improve some existing methods. In the presentation of the mus-
culoskeletal modeling, prerequisites in anatomy and medical imagery will be in particular pro-
vided. Subsequently, our methodology is thoroughly detailed in Chap. 4. It describes how shape
and appearance priors are built from training data, by tackling the issues of generic model and
training data construction, correspondence, alignment and statistics inference. The use of this
prior-knowledge is then depicted in Chap. 5, where we describe the mechanisms underlying our
knowledge-based deformable model in the key phases of initialization, evolution and control.
The evaluation of the proposed segmentation approach concludes this Chapter with a series of
experiments. We discuss the strengths and limitations of our work in the final Chap. 6, where
future perspectives will be given. Finally, appendices are provided to give additional technical
details. In particular, Appendix B presents a useful technical background on the domains of

statistics and probability theory, which are the core of knowledge-based approaches.
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Chapter 2. Prior Knowledge in Medical Image Segmentation

2.1 Introduction

This chapter aims at presenting the literature in the domain of medical image analysis with em-
phasis on image segmentation. Medical image analysis involves the understanding of images for
medical purposes. Diagnosis is a typical example in which physicians study medical images
to assess patients’ health status and to make decisions for possible treatments. The nature of
the medical images, i.e. the modalities that generate them, can vary depending on the available
resources and the examined anatomical or pathological structures. A discretized version of the
acquisition signal is usually required for human understanding, yielding to images with N di-
mensions. Commonly, 2D (e.g., X-rays, 2D Ultrasound), 3D (e.g., MRI, CT, 3D Ultrasound) and
4D images (e.g., Dynamic MRI, dynamic 3D Ultrasound) are available and routinely used in the
clinical environment. For a more detailed description of image modalities please refer to Chap.
3.

Medical image analysis has been very active over the past three decades, and image segmentation
is surely one of the most prolific areas of medical image analysis, signal processing and computer
vision. Image segmentation is the process to divide an image into homogeneous and non over-
lapping regions. In case of medical images, these regions usually correspond to anatomical (e.g.,
an organ) or pathological (e.g., a tumor) entities. This dissertation covers in full details only the
segmentation algorithms that are directly relevant. In fact, image segmentation offers a huge va-
riety of methods and the natural trend is to produce specialized reviews depending on, e.g., the
segmentation approaches (e.g., registration [MV98, ZF(03], deformable models [MT96, JZDJ]98],
GPU-assisted [HLSB04]), the modality (e.g., MRI segmentation [CVC*95], Ultrasound [NBO06]),
the structure of interest (e.g., organs such as knee [STZ06], liver [CC07, HvGS*09], or other
structures like characters [CL96]), the nature of the image (e.g., color images [CJSWO01]) or re-

lated actions (e.g., evaluation of segmentation [ZFGO08], interaction in segmentation [OS01]).

So far a unique and universal image segmentation approach is not available. Indeed, segmenta-
tion approaches tend to be sensitive to the type of modality, the ubiquitous artifacts (e.g., lack
of contrast, noise, partial volume effect) and the intra- and inter-subject variability. In this con-
text, the use of prior knowledge can considerably improve and assist the segmentation. In this
thesis, the accent is hence put in the usage of knowledge-based approaches for medical image anal-
ysis. By knowledge-based, we refer to approaches that try to solve problems using some prior
knowledge. In particular, we will address the use of prior knowledge coupled with discrete
deformable models. We will thus rely on review and seminal papers on the usage of prior-
knowledge (e.g., statistical shape models [HM09], deformable models [MDAO1] coupled with
statistical approaches [CRDO07], etc.).

The use of knowledge into medical image analysis techniques essentially relies on fundamen-
tal principles of statistics and probability theory. As a result, we refer interested users in the
technical background on statistics and the probability theory to Appendix B. Based on the more
recent classification of Withey and Koles [WKO07], we report segmentation approaches in differ-

ent categories from weak to strong prior knowledge (Fig. 2.1). First, approaches using weak or
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Figure 2.1: Overview of medical image segmentation approaches. Five main groups are identified: ap-
proaches using weak or no prior knowledge, registration, pattern recognition, deformable models and
knowledge-driven deformable models.

no prior knowledge are briefly described in Sec. 2.2. Subsequently, image registration is pre-
sented in Sec. 2.3. Registration is a very prolific area of medical image analysis and only the
concepts related to image segmentation and our work will be of interest. Section 2.4 addresses
approaches based on deformable models which are in their original form not based on strong
prior knowledge. Finally, Sec. 2.5 puts the accent on deformable models based on statistical and
probability concepts, which are at the core of this thesis. We purposely ignored the overview of
pattern recognition techniques because we would like to maintain the focus on image segmen-
tation. In fact, pattern recognition is a broad field of research from which some approaches are
borrowed for segmentation purpose (e.g., classification). We refer interested users in this topic

to the comprehensive review of Jain et al. [[DMO00].

2.2 Weak Prior Knowledge Approaches

Approaches falling into this category use no or very little knowledge of the problem they attempt
to solve. These methods are often regarded as low-level techniques and are commonly used as a
preprocessing for more advanced approaches because they are simple and easy to parameterize.
They belong to what is often referred to as direct segmentation. We present them in an order that

reflects the degree of involved prior knowledge.

2.21 Thresholding and Histogram Analysis

Thresholding is surely one of the most simple but popular concepts to segment an image. Given
an image with scalar (e.g., CT voxel/pixel value) or multi-dimensional (e.g., RGB color) values,
thresholding approaches define threshold(s) to divide the image information space into various
classes. The most common thresholding uses one threshold and groups pixels/voxels into 2

classes whether their intensity is greater or not than the threshold.

Thresholding techniques can be divided into global and local approaches [Wir(7]. Global ap-
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proaches use the same thresholds over the whole image while local approaches define spatially
varying thresholds to particularly tackle the shortcomings of inhomogeneities. In global ap-
proaches, choosing adequate thresholds is critical and they are often estimated interactively by
visual assessment from an operator [PXP00]. To circumvent this time consuming and subjective
task, automatic thresholding techniques were designed, such as the Otsu [Ots79] and Isodata
[RC78] methods.

For images presenting little noise and strong contrast between the structures to segment, thresh-
olding is a simple yet effective approach [SSWC88]. However, thresholding techniques also ex-
hibit very poor performances in presence of moderate noise and image inhomogeneities, which
are ubiquitous in medical images. This is illustrated in Fig. 2.2, in which MRI bones cannot be

segmented by manual or automatic thresholding approaches.

(@ (b) (© (d) ®

Figure 2.2: (a) axial MRI slice from which bones need to be segmented. (b) Manually drawn by an expert,
(c) manual thresholding, (d) Otsu [Ots79], (e) Isodata [RC78] and (f) connected region growing results. As
expected, (naive) thresholding approaches are not appropriate to segment these complex images.

More advanced thresholding approaches are unsupervised, in the sense they do not require any
user interaction to determine the thresholds. These approaches rely instead on some basic prior
knowledge, such as the number of classes, and are often the result of an analysis on the histogram
of the image intensity. As reported in Section B.5.1, the histogram is strongly related to statistical
and probabilistic concepts and thus various approaches carried out histogram analysis to yield
an automatic selection of the thresholds. For comparisons and detailed formulations of these

approaches, we refer interested readers to [SSWC88, Spi93, Gla93].

2.2.2 Edge Processing

Thresholding approaches can greatly benefit from the analysis of local intensity changes, or
more exactly the analysis of intensity gradients. Local intensity discontinuities expressed by
strong gradients are interpreted as edges and in the context of medical imaging, as boundaries
of the structures of interest. Edge-based approaches intent to first estimate these edges and then

to provide better estimates of the thresholds. These approaches rely on different stages:

— Detect edges by using e.g., the Marr-Hildreth [MHS80] operator based on the detection of 2nd
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order derivative zero-crossings obtained by the convolution of the image with a 2nd order
derivative Gaussian.

— Discard false positive edges often caused by image noise and artifacts. The Canny edge detec-
tor [Can86] is a famous method that attempts to find “optimal” edges by reducing noise and
by exploiting hysteresis thresholding, which shares concepts with region growing approaches
(Section 2.2.3).

— Follow and assemble edges into continuous boundaries.

— Estimate thresholds from the edge information to be used in subsequent thresholding ap-
proaches (e.g., Yanowitz and Bruckstein approach [YB89], local intensity gradient method
[Par91])

Although some segmentation studies reported good results in using edge-based detection (e.g.,
[BHTR90, Ehr90]), these segmentation approaches are unlikely to be efficient in many occasions
where edge detection is prone to failures due to the absence of clear boundaries, the presence
of strong edges not corresponding to the structures of interest or the highly varying texture of

imaged organic tissues.

2.2.3 Region Growing

Region growing approaches attempt to group pixels/voxels with similar characteristics into re-
gions. This is achieved by comparing the pixel/voxel properties (intensity, gradient) against
some homogeneity criteria. Region growing is an iterative process, which explores the neighbors
of pixels/voxels to add them or not to the region the pixels/voxels potentially belong to. The
process is then repeated until no more image element need to be analyzed. Region growing

approaches can be classified into two groups according to [Wir07]:

- seeded vs. non-seeded approaches: usually region growing starts from selected pixels/voxels
denoted as seeds. By exploring the neighbors of these seeds, new potential pixels/voxels are
added to the regions. When seeds are explicitly specified by an operator, region rowing is
termed as seeded. Theoretically, one seed per region to segment is sufficient, so the total number
of seeds is relatively low as the number of regions to segment in one image is usually not very
large. However, multiple seeds are in practice required per region due to image artifacts
that interrupt the region growing resulting in incomplete regions. As a result, this yields a
time consuming and subjective seed selection task. Non-seeded approaches attempt thus to
automatically select appropriate seeds by using e.g., thresholding techniques based on the
image intensity as described in Section 2.2.1. Other approaches do not require any seed to
start but still require some parameters, like the method of Lin ef al. [L]JT00] which dynamically
creates new regions and add image elements to them depending on a distance measure based
on the mean intensity of the regions.

- merging vs. splitting approaches [Spi93]: the merging algorithm is an ascending strategy
that over-segments the image at first by splitting it into many regions (up to the individual
pixels/voxels at maximum). Regions are then progressively expanded by including image ele-

ments that satisfy the homogeneity criteria, as long as there are pixels/voxels to be processed.
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Conversely, the splitting algorithm starts from very few regions (which could be the image it-
self) and then adopts a descending strategy. Regions are successively divided into subregions
if any of the homogeneity criterion is violated, until all subregions are homogeneous. Both
approaches tend to be computationally intensive algorithms. Horowitz and Pavlidis [HP76]
proposed the Split and Merge algorithm which combines the advantages of both approaches

and relies on a quadtree (extended to octree in 3D) data structure.

Region growing combined with thresholding and edge processing is widespread in the segmen-
tation literature, but most of the time it is used as a complement or a start to more advanced
segmentation algorithms. Indeed, region growing is accompanied by various pitfalls [Spi93] that
include the critical determination of the seeds, the careful design of the homogeneity criteria as
well the strategy to explore the image elements. Figure 2.2(f) depicts a seeded region growing
algorithm where seeds were placed in bony regions, and for which the homogeneity criterion
consisted in keeping voxels whose intensity was within some bounds. It can be observed that
some areas of the bones are still not segmented correctly and that a “leaking” occurred in the

surrounding tissues (e.g., fat tissue between muscles).

2.3 Registration

2.3.1 Introduction

In this Section, an overview of registration is given. The aim is not to provide a comprehensive
review of image registration, for that we refer interested readers to the reviews [MV98, AFP00,
ZF03, SMFF07, FMO08], but to present the necessary information to grasp the registration concepts
used in medical image segmentation. We will see for instance in Sec. 2.5.4 that in order to

establish a point correspondence among training shape, registration is a key component.

Registration is the process to find the transformation that maps one entity to another. The form
of the registration transform T is hence assumed to be known and its parameters have to be
computed. Segmentation of a target image is carried out by propagating a segmentation to the
target image by registration: a source entity with segmentation information is registered to a
target entity in relation with the target image. Entities can be the images or features extracted

from them as discussed in the following.

Registration relies on the following components:

Registration Features: points, lines, models, image information (intensity, gradient), etc.

Transform and associated regularization.

Similarity Metric.

Registration strategy, which includes optimization and interpolation choices.

Figure 2.3 gives an overview of the registration process. In an iterative manner, the similarity
between reference and target features is computed. Target features are computed based on the
target image and the current transform parameters. Since images are discretized signals, an

interpolation is necessary to estimate the target features. Given the computed similarity value
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Figure 2.3: Overview of registration framework (derived from [ISNCO05])

and the optimization strategies, new values of the transform are computed and the procedure
restarts. The optimization process usually will iterate until it considers that the similarity has
reached an extremum. Without any loss of generality, let us assume that the optimization always

looks for a minimum.

Depending on the choices made on the registration components, a large variety of registration

methods exist. However, a simple taxonomy of the various methods can be provided as:

— Image-to-Image registration: reference and target images are registered by mostly exploiting
iconic features such as intensity, gradients or statistical properties.

- Model-to-Image registration: a reference model represented as a structure with different nature
than an image (e.g., a mesh, a pointset, a parametric curve) is registered with a target image.

— Model-to-Model registration: a source and target models, with not necessarily the same nature,

are registered mostly based on geometrical features (e.g., position, curvature).

2.3.2 Registration features

iconic features Most common image registration approaches directly exploit the image infor-
mation, features being often referred to as icons. Image features can be based on voxel infor-
mation or neighborhoods (e.g., template matching [DGS01], intensity profiles [Del99]), or any
possible combinations. Choices are often related to the nature of the image formation process.
For instance, Roche ef al. [RPR*00] jointly used image intensity and gradient when registering
CT to US, because US images enhance interfaces between anatomical structures due to the un-
derlying acoustic nature of the signal. It is quite common to pre-process the images to filter out
noise (e.g., NL-means [BCMO05], anisotropic diffusion [PM90]) or enhance structures (e.g., edges
[Can86]). Moreover, registration can be robustify by discarding iconic features in the reference or

target images that correspond to noise or non matching structures (e.g. based on region saliency
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[Zha08]).

Shape features The most simple feature is the point. Points often referred to as landmarks can
be related to a geometrical structure such as a mesh (e.g., Iterative Closest Point (ICP) [B]85]) or
can be extracted from the images via image processing techniques. In that latter case, points can
correspond to either manually-positioned fiducials (e.g., radio-opaque markers [NSP*04]) or to
artificial ones (e.g., corners [Nob88, BS97, Roh01]). Alternatively, other kind of shape features can
be used such as lines which are detected in images as strong edges (e.g., [Can86]) or ridges (e.g.,
[MVDEV96, MV98]). One of the drawback of using shape features extracted from images is that
the registration is clearly dependent on the quality of the feature segmentation (e.g., sensitivity
of registration based on L, norm with respect to outliers), which may require robust techniques
[ZFO03].

2.3.3 Transform and Regularization

Transform types Different types of transformations are available and they are commonly cat-
egorized based on their ability to capture global or local changes. Local transforms are also
denoted as non-rigid. Transforms are also characterized by their number of degrees of freedom
(DOF), i.e. the number of independent transformation parameters. More DOFs a transform has,
more complex changes it can express but more a regularization is required (explained later in this
Section). Table 2.1 reports some main 3D transforms. A first group of transforms are the linear
transforms, which can be represented by a 4 x 4 homogeneous matrix. They are more commonly
found in intra-patient registration, i.e. when images are coming from the same patient. Affine
transform characterized by translation, rotation, scaling and shearing is a first crude approxi-
mation of a non-rigid transformation. Similarly, polynomial transforms [WGH*98] can express
higher variability by increasing their degree. Various authors proposed piecewise affine trans-
forms [FA96, PBTM06] to have a tradeoff between DOF and non-rigidity. The principle consists
in splitting the reference and target images into pieces and to compute the best affine transform
to match the pieces. Pieces can be blocks, triangles from meshes triangulations, regions detected

by block matching and clustering, etc.

Non-rigid approaches attempt to model more accurately the deformations by increasing the DOF.
A first popular approach consists in creating a structured grid of control points in the images, and
to create deformations by modifying the position of the control points. An interpolation function
is defined to compute the information between the control points. Various functions are possible
such as Bezier, Hermite or B-splines, depending on the desired degree of continuity. Rueckert
et al. [RSH"99] made notably popular the use of free-form deformation (FFD) with B-splines
in medical image registration. Alternatively, unstructured point sets can be used to achieve
registration of images. Points are first extracted from the images based on image processing.
Then, interpolation approaches are once again applied to estimate data at unknown position.
Radial basis functions (RBF) are a popular choice and the most common one is the thin-plate

splines (TPS) [Boo89]. TPS minimizes the bending energy and has been extensively used in
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image registration [RSS*01, Roh01]. One of the drawbacks of using TPS-based registration is the
resulting computation burden. As a result, effort was put in optimizing the TPS computation
[Flu92, BSB*93].

Type DOF ‘ Global ‘ Remarks

Rigid 6 Yes intra-patient, rigid structures

Similarity 7 Yes Intra-patient, different scales

Affine 12 Yes coarse approximation of non-rigid transformation

Polynomial 3 Z?:l ng Yes d =polynom order, non-rigid approximation

Piece-wise affine 12N No trade-off DOF/non-rigidity, N =number of pieces

Radial Basis Functions | 3N No N =number of nodes, non-rigid

FFD 3NxNyN; No Ny, Ny, N; =grid size, non-rigid

Deformation maps 3N No N =number of deformation vectors, commonly
found in elastic, fluid registration

Table 2.1: Common 3D registration transforms

Regularization Registration is an ill-posed problem. This implies that in many cases a regu-
larization is necessary to yield satisfactory results. Regularization is commonly applied in the
optimization stage, where the computation of the next transform parameters follows a strategy
based on some regularization constraints. Regularization is commonly found in elastic regis-
tration. In elastic registration, the transform is not limited by a parametrization but instead a
dense deformation map is computed under some regularization constraints. The deformation
map h simply expresses the change from a point x to a point h(x) as the sum with a deformation
vector u(x): h(x) = x +u(x). A parametrization is chosen on the deformation vector (e.g., com-
plete orthonormal basis [CRM94], Fourier series representation [Chr99]) and the regularization
is done on the deformation map, usually based on some “physical” phenomenon (e.g., elastic
[GRB93, Dav97], fluid [Chr94, Chr99]).

2.3.4 Similarity Metrics

Similarity metrics express the quality of matching between reference and target features. They
are a key components of the registration as the optimization tries to minimize them. A large
variety of metrics exists, depending on the type of shape or iconic features that need to be
registered. For example, in case of point-based features, common metrics are L, minkoski and

Hausdorff distances. Some of these distances are more robust against outliers [LEO1] than others.

Many image-based metrics were proposed [HHD"99, MV98], based on different assumptions:

- Intensity conservation: sum of square differences (SSD), sum of absolute differences (SAD),
cross correlation, normalized cross correlation (NCC)[HHD"99].

- Intensity changes conservation: (normalized) gradients flow [PMV03, HMO06].
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- Functional relationship between image intensity: (bivariate) correlation ratio (CR) [RPR*00],
(normalized) mutual information (MI)[VW97, SHH99].

Mutual information (MI) [VW97] has become particularly popular in multimodal medical image
registration [PMV03]. Based on concepts on information theory, MI minimizes the joint density
of the gray value distribution by using kernel density estimation techniques (e.g., Parzen Win-
dowing, see Sec. B.5.2.1). To make the MI less sensitive to the overlap of the reference and the
transformed target image, the normalized MI (NMI) [SHH99] was proposed. NMI encountered
a great success in medical image registration [RFS01, FRSN02, RFS03, OBB*04, VTL*04]

2.3.5 Optimization Strategies

optimization The optimization computes new values of the transform parameters based on the
computed similarity and the current registration state. Given a similarity cost function f with
d parameters to optimize, a large panel of local or global numerical methods exist to minimize
f. Local approaches search for a minimum that is the closest to the initial parameters. A first
way is to minimize the cost function by descending along its gradient. Popular gradient-descent
approaches [PFTV92] include the classic gradient descent (descent in direction -V f), (Quasi-
)Newton [Ypm95] and Levemberg-Marquardt [Mor77] (combination of Newton and gradient
descent). While these approaches often converge efficiently and quickly to a local minimum,
they rely on the computation of gradients which cannot always be computed accurately. As
a result, other approaches can be used such as the Downbhill simplex [NM65] or the Powell’s
method [PFTV92].

Since local approaches suffer from attraction to local minima, a popular improvement is to adopt
a coarse-to-fine strategy. In case of transforms, this can be achieved by progressively increasing
the DOF (i.e. from rigid to non-rigid transform [RSH*99]). In case of images, an image pyramid is
built which encompasses various smoothed versions of the original image computed at different
resolution levels (e.g., [SL96]). Starting from the lowest resolution, the registration is run various
times, where the results from the previous level are used as the initialization of the current
iteration. The multi-resolution approach confers faster convergence and robustness against local

minima (enlarged capture range, better resistance against image artifacts).

Global methods remove the dependency of a good initialization. Simulated annealing [Kir84] is
a probabilistic approach which changes parameters based on an acceptance probability P(f,T),
where T is a “temperature” term. When T is high, changes are allowed in the direction of in-
creased energy which avoids local minima. When temperature is low, changes are preferred in a
downbhill manner, i.e. similarly to a gradient descent. The temperature decrease is determined by
the annealing schedule which ensures that a null temperature is reached at the schedule comple-
tion. Another type of global approach is based on evolution concepts where various individuals
that encode the transform parameters are modified based on mutation, cross-over and selection
operators. The individual that “survives” the evolution corresponds to the final solution. Evolu-
tion algorithms (EA) notably include genetic algorithms (GA) [Hol75] and differential evolution
(DE) [SP95] which proved the be efficient global minimization approaches.
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interpolation Interpolation is needed to compute the target features transformed by the current
transform estimate. In case of images, this means that image information is interpolated between
voxels. Interpolation is used thousand of times in a registration approach strongly affecting the
speed of the approach. Moreover, the accuracy of the interpolation influences the smoothness
of the metric. As a result, a tradeoff is required between quality and computational complexity
of the interpolation. In increasing order of accuracy, typical interpolation techniques are the
nearest neighbor, linear and B-splines interpolation. B-splines interpolation uses shifted B-spline
kernels, whose order can be chosen based on desired speed or accuracy. Moreover, according
to signal sampling theory, the optimal interpolator is the sinc function. This function has the
inconveniences to have an infinite support and a slow decay which are not really suitable for
efficient numerical implementation. Various methods were thus proposed to approximate this
sinc interpolation [MNPV99, MNVO01].

As a last remark, when the target image is transformed into the reference space, the transform
that needs to be optimized is defined from the reference to the target space. This ensures that no
“holes” appear in the resampled target image [ISNCO05]. This is something to consider when the
transform is not invertible. In fact, the inverse transform may not be always available (e.g., some
non-rigid transforms) and as a consequence some features of the target space cannot be easily
expressed in the reference space. Note that there exists some non-rigid invertible transforms,
notably the so-called diffeomorphisms (see Sec. 2.5.4.4 and 2.5.4.6).

2.4 Deformable Models

Deformable models were originally introduced in the Computer Graphics (CG) context by Ter-
zopoulos et al. [TPBF87, TW88], and have been studied and explored in many CG domains
[NMK™*06] such as in cloth simulation [BW98, VT00, VMTO05]. Rapidly, deformable models gave
birth to a large variety of image analysis approaches in two- [JZDJ98, MT96], three- [MT96,
MDAUO1] and four-dimensions [MDO05].

The organization of this section is as follows. Section 2.4.1 briefly introduces deformable models.
Sections 2.4.2 and 2.4.3 present the popular active contours and levelsets deformable models,
respectively. Subsequently, the discrete deformable models are discussed in Sec. 2.4.4. Active
contours and levelsets are presented for a sake of completeness and to highlight their advantages

and drawbacks.

24.1 Introduction

Deformable models are entities which undergo geometrical or topological deformations to reach
an equilibrium state, which is synonym of segmentation completion. Originally, deformable
models possess a weak knowledge of the structures to segment. This knowledge is usually
expressed as:

— Model representation, in particular parameterization in case of continuous models (see as

follows).
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- Boundary/surface smoothness.

- Topology (known genus) and geometrical invariants (e.g., symmetry).

Deformable models can be categorized based on their representation. In [MDAO1], a detailed
taxonomy of deformable models is provided and Table 2.2 gives some typical examples of de-
formable models. Some of them are described in details by presenting their respective represen-
tation and evolution strategies. Our work is in particular based on discrete deformable models,

and they will be discussed in details in Sec. 2.4.4.

The two main representations are continuous and discrete. In the discrete representation, the
shape is known at a finite number of points. Discrete models can represent shapes of higher
complexity and arbitrary topology. While the discretization of continuous deformable models
remains necessary for computational reasons, the continuous representation yields more accurate

computations of differential quantities such as normals or curvatures [MDAOQ1].

Continuous representation

Explicit Implicit
Snakes [KWT88, CKSS97], Levelsets [0S88, MSV95, CKS97] (Fig. 2.5),
Superquadrics [TM91], Superquadrics [BCA96],

Spherical harmonics (SPHARM) [BGK95] | Medial [Blu67, Mor95, PEFM98]

Discrete representation

Meshes Particle Systems

Triangular meshes [SVG02] (Fig. 2.6(b)), [ST92, DG96, PKA™05]
Simplex meshes [Del99, MDO05] (Fig.
2.6(c))

Table 2.2: Examples of deformable models representations (based on [MDAO1])

Continuous representations commonly rely on some parameterization which limits the number of
degrees of freedom of the shape variations or imposes the model topology. For instance, spherical
harmonics (SPHARM) [BGK95] only describe shapes topologically equivalent to a sphere, and
superquadrics [TM91, BCA96] only allow the representation of shapes with an axis of symmetry.
Similarly, medial models [Blu67, Mor95, PF]*03, JPE*02, FPABO4] represent the shape as a series
of medial nodes with a position, a local frame and a radius, lying on a medial sheet located at the
“center” of the shape. Shape surface is reconstructed as the union of spheres whose centers and
radii are those of the medial points. This representation is compact (smaller number of medial
nodes compared to number of vertices in a discrete mesh) but yields (too) smooth reconstructed
shapes. As an example, figure 2.4 illustrates a type of medial model for tubular structures, where
the medial sheet is a centerline composed of medial modes. Such a structure has been used in
many vessel segmentation approaches [KMA*00, AB02, FPAB04, PTBB05].

In general, parameterization restrictions are adequate for the segmentation of structures with a

relatively simple geometry but are not always appropriate for the delineation of complex shapes.
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Figure 2.4: Medial deformable model example: a tubular structure is implicitly modeled as a series of
medial nodes C; = {F;, x;,r;}, where F; = {¢;, n}, nIZ} is the local frame and r; is the estimation of the object
“radius” at x;.

Nevertheless, this limited knowledge provides some advantages with respect to previous seg-
mentation approaches which quite exclusively relied on image information (direct segmentation
and registration). Indeed, in image locations where information is missing or is not reliable, the
segmentation can exploit the model shape and is thus more robust to image artifacts. As pointed
out by Heimann and Meinzer [HM09], many deformable models could be customized to rep-
resent specific shapes but the prior knowledge involved is essentially relying on smoothness
or parameterization constraints which are not derived from statistical or probabilistic informa-
tion. As a result, this overview only briefly covers the literature on such a kind on deformable
models. Moreover, we will not discuss about volumetric deformable models (e.g., based on
tetrahedral or hexahedral meshes) because they cannot often be found in the context of med-
ical image segmentation, although some works exist (e.g., heart segmentation [PVC01]). In
fact, volumetric deformable models are more frequently used in physical simulations of dense
deformable structures. These models rely on various representations such as particle systems
[ACS*09], finite element models (FEM) [PVC*01] or finite volume models (FVM) [TSB*05]. They
are furthermore very computationally expensive approaches, although various GPU-based im-
plementations [TE05, GSMY*07] were proposed to speed-up the simulation. These simulations
seek accuracy and realism, whereas in segmentation the evolution of the underlying deformable

models is somehow artificial since it usually does not rely on any real physical process.

2.4.2 Snakes

In their seminal work [KWT88], Kass et al. presented their active contour deformable models, also
known as “snakes”. Given a 2D image domain (), snakes are parametric curves C : [0,1] - Q

driven by the minimization of an energy function:

B =4 [Tle@PagsE [Te@fagen [ ireania ey

The first two integrals denote the internal energy which enforces model smoothness based on

Tikhonov stabilizers of 2nd order [MDAO1]. The last integral expresses the external energy which
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attracts the contour toward the boundaries of the structures to segment. In its simplest form,
snakes are attracted by edges with higher gradient magnitude, i.e. f(x) = |VI(x)|. Coefficients
«, B and 7y weight the stretching, bending and image attraction of the snake, respectively. Natural
extensions to the 3D case (active surfaces) were proposed [TWKS88, CKSS97] based on first and

second order derivatives.

Based on the calculus of variation (or variational principle), the snake evolution follows the Euler-
Lagrange equation: VE(C) = 0. To solve this equation, an artificial time ¢ variable is introduced
and the snake C(g) is made dynamic [KWT88]:

2C(t,4) = aC"(1,0) - O (1,0) + 19 F(C(1,4)) @2)

This equation can be efficiently solved with finite differences discretization and the iterative
solving of the discrete system. This minimization is local and the snake will thus converge to a

local minimum.

The main weaknesses of snakes are (i) the necessity to be initialized closely enough to structure’s
boundaries (local minimization), (ii) their inability to move into concavities of the boundaries
(smoothness constraints) and (iii) their fixed topology (parameterization). The first shortcoming
was partially addressed by the use of “balloon” forces [Coh91] that pushed the snake to inflate
or deflate in the normal direction. The main issue with this force was the need to know a priori
whether an inflation or deflation was required, which prevented the initialization of the snake
across the structure boundaries. The use of gradient vector flow (GVF) fields [XP97] to model
the external energy yielded an increase of the snake capture range and a better delineation of
concavities. Davatzikos and Prince [DP95] proposed the use of constraint points to better capture
concavities in case of the brain cortex. Finally, the support of topological changes was included
in the “T-snakes” of McInerney and Terzopoulos [MT00]. Many other works improved snakes to
cope with some of these limitations, among them Nascimento and Marques [NMO05] who used an
EM-based (See Sec. B.4.4 for details on EM) algorithm to estimate the confidence of the boundary

points, therefore robustifying the snake evolution.

2.4.3 Levelsets

In the Levelsets theory [OS88], the deformable model is embedded in a higher dimensional space.
A levelset S is an iso-hypersurface of a function ®: Q) - R, Q € R*:

S={xeQ®(x) =c} (2.3)

where c is a constant usually equal to zero. When d = 2 or d = 3 the levelset S is an iso-contour
or an iso-surface, respectively. The levelset S is also seen as the boundary dR which encloses a
region R:

S = OR

(2.4)
{x e Q®(x) < c}
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This formulation allows thus to define implicitly the deformable model with . By evolving
function @, the deformable model represented by S is hence implicitly modified. The greatest
advantage with respect to the snake modeling is that S can naturally undergo topological changes
as it can split/ merge into various iso-hypersurfaces during its evolution. Note that S is a set
of closed hypersurfaces [MDAQ1]. A common way to define the function @ is to use the signed
Euclidean distance function (SDF) to the deformable model. Given a point x € (3, SDF(x) is the
signed Euclidean distance between x and its closest point on the deformable model. A negative
sign is arbitrarily chosen, e.g. SDF(x) < 0 when x € R given Eq. (2.4). Figure 2.5 illustrates the
usage of a SDF to implicitly define a hip bone surface. Malladi et al. [MSV95] introduced the

(@) (b) ©

Figure 2.5: Implicit deformable model representation. A hip bone shape is encoded as an iso-surface of a
function ® which is computed in this example as the signed Euclidean distance (SDF) map to the shape
surface. In (a) coronal, (b) sagittal and (c) transverse slices of the SDF map (volumetric image), the hip bone
boundary/iso-contour is painted in white.

levelset approach to medical image segmentation. Based on the levelset equation, levelsets can

be evolved using, similarly to snakes, a time parameter ¢:
0 N
qu +V.vP =0 (2.5)

where V is an external force field driving the evolution toward the correct image location.
This field is computed based on image information such as the image gradient magnitude.
This formulation requires hence the need to solve partial differential equations (PDE). Caselles
et al. [CKS97, CKSS97] combined the snake-based evolution with the levelset formulation into
what they called geodesic active contours. In addition to the possible topology changes, this
synergy brings several advantages with respect to classic snake implementation. First, no re-
parameterization is required during the evolution, which is usually necessary with snakes when
self-intersections are observed. Second, the function @ is independent from the contour/surface
parameterization, which means that the deformation are only dependent on the shape of the

deformable model and the image.

Levelsets are of course not exempt from inconveniences. In cases where the structure to seg-
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ment’s topology is known in advance, the ability of the levelset to adopt topological changes can
become an issue. It might happen for example that due to image noise or missing information,
the levelset creates separate components whereas only one was expected. The other main prob-
lem in using levelsets is the computational burden, especially in 3D. Solving the PDEs requires
efficient numerical schemes [OS88] which often have tough stability constraints. For instance, in
the basic levelset implementation the iso-surface can progress at maximum one pixel/voxel at
each iteration. In the special case where the level-set only deform in its normal direction, fast
marching method can be applied [Set99]. Other implementations were proposed to tackle more
efficiently the general cases (e.g., narrow band [AS95], sparse-field [Whi98], PDE-free [SK05] lev-
elsets), but interactive update rates are often difficult to get with traditional 3D medical images
and conventional processors [CLW04]. As a result, a large variety of Graphics Processor Unit
(GPU)-based levelset approaches [LCW03, CLW04, LKHWO05, Kla07] were designed to speed-up
the process while adding the possibility to interactively visualize the deformable model evolu-
tion. A more thorough literature review on GPU-based segmentation is presented in Sec. 5.4
where our own implementation of a GPU-based discrete deformable segmentation framework is
described.

2.4.4 Discrete Deformable Models

Discrete deformable models are characterized by a series of points lying on the model bound-
aries. When an explicit connectivity is established between the points, the discrete deformable
models are referred to as meshes. Figure 2.6 illustrates three possible representations for a hip
bone shape.
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Figure 2.6: Explicit discrete deformable models representation. In this example, a hip bone shape is repre-
sented as (a) a point set, (b) a triangular or (c) 2-simplex mesh.

More formally, a discrete model S can be represented in a d-dimensional space as a triplet S =
{X,N, G}, where:

- X ={x1,...,xp} is the point set composed of M points x; € R?.
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2.4 Deformable Models

— N ={ny,...,np} is the optional normal set, one normal per point.
- § is the connectivity information which specifies the point indices of edges and the edges of
faces. G is only defined for meshes and is also called graph of the mesh.

Normals can be defined from the point set X only using point-based techniques (e.g. Ori-
ented particles [ST92], Moving Least Squares (MLS) [Lev03], Implicit surface MLS [AA04]) or
in conjunction with the connectivity information G based on neighbors positions (e.g., [MBL*91,
Del99]). Exact normals could be computed for discrete models produced from continuous rep-
resentation, but since deformable models are constantly evolving an update of the continuous

representation is necessary. Thus, these models would fall into the continuous category.
2.4.4.1 Particle systems

Particle systems only exploit a point set and are often coined meshless approaches. Particle
systems consider that each particle p; has a state composed of a mass m;, an acceleration a;, a
velocity v; and a position x;. Additional parameters can be added to their state depending on
the application. Particle systems are commonly used in computer graphics to simulate highly
deformable bodies [DG96] and physical phenomena such as fluids [FM96, PTB*03], solid frac-
tures [PKA*05] or skin deformations [WITMT95]. Particles are subject to internal and external
forces. Internal forces denote the interaction between particles of a same deformable model.
These forces are in practice computed based on local descriptors expressed from the particle
and the state of its neighbors. External forces indicate external actions that affect the particle
system evolution (e.g., gravity, collisions between different deformable models). Particle systems

evolution is dictated by the Newtonian law of motion:

ar¥ ¢ 2.6)
m%v f(v,x)

where the force vector f(v, x) represents the internal and external forces that depend on the parti-

cle position x and velocity v (damping effect). In case of massless particles with identity damping
matrix, the dynamics are expressed as a first order Lagrangian evolution [TM91, MDAO1] which
is equivalent to a gradient descent strategy [PFTV92]. The differential equations for each particle

are first time-discretized with some time-step dt [VMTO5]:

Qtear — Qr = Qj,, 4,41

2.7)
Qt = (xtr 7]l‘)T/ Q; = (TJt, n’l_lf(x’Fo))T

where « is the “implicity” coefficient as explained in the following. This system of equations
(2.7) is numerically solved by using an integration scheme. Various integration schemes are
available [HES03, VMTO05, NMK™*06] for which a tradeoff between accuracy, stability and com-
putational cost exists. When an integration scheme yields a bounded solution, it is coined stable
[HES03]. From simulations with analytical dynamic models (e.g., spring-mass model for ac-
curacy and Dahlquist’s test equation for stability [HES03]), accuracy and stability quantitative
and qualitative indicators are usually derived [HES03, VMTO05]. The accuracy is dependent on

the stability of the system. Indeed, some approaches, like the explicit Euler integration (x=0
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in Eq. (2.7)), are conditionally stable, meaning that if the time-step exceeds a specific value, the
numerical integration will diverge, resulting in non-plausible results. Explicit Euler is a cheap
method in terms of computations that can be easily extended into improved explicit schemes
(e.g., Runge-Kutta [PFTV92], Verlet [Ver67] methods). Implicit methods are more appropriate
since the stability is significantly improved and they allow larger time-steps, thus yielding faster
convergence. For example, the implicit Euler [BW98] approach (a=1) is unconditionally stable but
demands more computational and implementation resources. Similarly, the implicit midpoint
integration scheme [VMTO05] («=0.5) is a very efficient approach, but compared to the pure im-
plicit Euler, it requires damping to be stable. Moreover, implicit approaches can be as accurate
as explicit counterparts, but they might suffer from a loss of accuracy due to numerical damp-
ing. Backward differential formulas [HE02] can be used to improve implicit methods” accuracy
by exploiting the particles’ state history. While this increases the accuracy, the drawback is that
sudden changes (e.g., a collision response) may induce instabilities. A small comparison of the

different presented methods is reported in Table 2.3.

Method Accuracy Stability | Work
Large dt | Small dt
Explicit (forward) Euler —— s __ __
Runge-Kutta — ++ _ _
Verlet - T+ _ _
Implicit Euler ++ + ++ +
Implicit midpoint + ++ + +
Backward differential formulas ++ ++ + ++

Table 2.3: Numerical integration methods comparison. Accuracy is computed at equilibrium with large
and small time-steps (dt). Work defines computational cost.

Compared to some very expensive approaches, such as finite element models, particle systems
are very attractive and have been successfully applied in simulation and object reconstruction.
However to date there is no segmentation approaches that fully exploited the particle system
approach. The tendency is to use deformable models with parameterization or connectivity

information and apply the mechanics of particle systems to them as explained in the following.
2.44.2 Meshes

Meshes are popular in many computer science fields such as medical image analysis, computer
graphics and simulation. Triangular meshes (Fig. 2.6(b)) are two dimensional manifolds charac-
terized by triangular faces. They are the most common type of surface meshes. In the computer
graphics area, triangular meshes are natively supported by graphic hardware. In the segmenta-
tion domain, they are often preferred to other representations of deformable models due to their

ability to represent shapes of arbitrary topology and complexity.

Miller et al. [MBL*91] proposed their geometrical deformable models that evolved under ex-
ternal (simple image force based on thresholding, balloon-like expansion [Coh91]) and internal

(topology preservation based on local curvature estimation) constraints. Local curvature was
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estimated from the neighbors of a vertex. The evolution was carried out with an algorithm
that moved vertices in the direction of steepest descent along the cost surface computed from
the external and internal constraints. Lachaud and Montanvert [LM99] designed a coarse-to-
fine segmentation approach using triangular meshes able to undergo topological changes via
Eulerian topological transformations of creation, deletion or inversion. In their work, mod-
els evolution followed Newtonian dynamics and was numerically solved with the Runge-Kutta
integration scheme as described in the previous Section. Similarly, Snel et al. [SVG02] used
multi-resolution deformable triangular meshes to segment carpal bones in MRI images based on
Lagrangian mechanics. Triangular meshes were also commonly used with statistical shape mod-
els [LSHD04, HMMWO07, SKH*08, KLZH09, FGXL10], this topic being further discussed in Sec.
2.5.5. Triangular surfaces were also implicitly expressed in [PB07], where the surface was em-
bedded in the Delaunay tetrahedralization of interface points. Similarly to the levelset approach
(Sec. 2.4.3), the surface was manipulated through a higher dimensional deformable model and

topological changes (splitting and merging) were supported.

(@ (b)

Figure 2.7: 2-Simplex mesh example. (a) thick lines represent the edges of a 2-simplex mesh where each
vertex has exactly three neighbors. The dotted line is the triangular mesh dual of the 2-simplex mesh,
which is obtained by connecting the centers of the 2-simplex faces. (b) An alternative way to tessellate the
2-simplex mesh is produced by connecting all vertices to the center of the corresponding 2-simplex face.
This tessellation has the advantage to keep the points of the 2-simplex mesh.

Another interesting family of meshes are those based on H. Delingette’s simplex meshes [Del99].
k-simplex meshes are discrete models with a constant vertex connectivity of k + 1 neighbors.
Surfaces are modeled with 2-simplex meshes as depicted in Fig. 2.6(c) and 2.7(a). 2-Simplex
meshes are topologically dual to triangulations: by connecting the centers of three adjacent faces,
a triangle is formed as shown in Fig. 2.7(a). Other tessellation schemes are possible. Gilles [Gil07]
proposed a preservative scheme which keeps simplex mesh vertices in the tessellated mesh (Fig.
2.7(b)). The fixed vertex connectivity of simplex meshes brings advantages in computing local
descriptors, such as curvature and normals. The most interesting ones are the simplex parameters
[Del99, Gil07] which are 3 independent coefficients invariant under similarity transform that able
to describe the local configuration of each vertex. More exactly, a vertex is uniquely defined with
respect to its three neighbors with the simplex parameters. These parameters yield the creation of

“shape memory” constraints that can be enforced during the deformable model evolution. This
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provides a stronger knowledge compared to the usual smoothness or topological constraints seen

in other deformable models.

Various authors successfully exploited the simplex mesh representation in segmentation applica-
tions. Gilles et al. [GMMT06, GMT10] segmented musculoskeletal structures from MRI by using
a Newtonian evolution of the meshes. In their work, external forces were computed based on
the maximization of intensity profiles similarity [Del99] where vertices were attracted to locations
at which intensity profiles were the most similar to pre-defined ones given the NCC measure
(Sec. 2.3.2). Similarly, Costa et al. [CDNAOQ7] performed bladder segmentations from CT scans
by using 2-simplex meshes driven by intensity profiles and Lagrangian mechanics. In [MDO05],
2-simplex meshes were efficiently extended into 4D deformable models to segment a time se-
ries of cardiac images by introducing time-dependent constraints. A benchmark of deformable
models segmentation was done in [Toh02] where the simplex mesh representation was chosen to
model discrete meshes. Simplex meshes were also combined with region-based snakes by Tejos

et al. [TICB09] who applied their method to MRI knee cartilage segmentation.

2.4.5 Discussion

We presented various deformable model types by introducing the most popular approaches.
This overview discussed the properties of deformable models in image segmentation which have

the following attributes.

Strengths:

robustness: the weak knowledge on the shape bring robustness against image artifacts.

subpixel accuracy: unlike voxel labeling approaches, deformable models have a subpixel ac-

curacy.

shape modeling: deformable models can model complex shapes with the adequate represen-
tation. Moreover, the shape reconstruction is carried out during the segmentation, avoiding

the need of post-processing such as the Marching Cubes method [LC87].

computation speed: except for some levelset approaches, deformable models often offer satis-

factory computation times.
Weaknesses:

— initialization (capture range): most deformable model approaches require close initialization
to converge to the correct location.

— poor shape variations control: various deformable models cannot capture fine details only if
internal (smoothing and topology) constraints are relaxed. This requires ad-hoc tuning and

there is the risk that the model will loose its robustness against image artifacts.

We refer interested readers to the reviews [JZDJ98, MT00, MDAO1, NMK™06] for more details on

deformable models.
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2.5 Knowledge-based Deformable Models

In knowledge-based approaches deformable models are enhanced with prior knowledge derived
from statistical and probabilistic analysis. In particular, statistical deformable models will be
discussed by detailing stages to construct and use the statistical knowledge. The organization of
this section is from many aspects inspired by the recent review of Heimann and Meinzer [HM09].
First, the selection of features to define the knowledge is described in Sec. 2.5.1. Subsequently,
Sec. 2.5.2 explains how features are aligned after the correspondence has been established as
described in Sec. 2.5.4. After that, Sec. 2.5.3 details how knowledge from the features is exploited
to build underlying statistical and probabilistic models. To conclude, the different strategies to

exploit these knowledge-based deformable models will be discussed in Sec. 2.5.5.

2.5.1 Features Selection

When knowledge-based models are built, the first choice to make is the selection of the infor-

mation to be used. We denote this information as “features” and these are partly similar to

those defined in Sec. 2.3 covering registration approaches. We can identify three main groups of

features:

- shape-based features: points, curves, medial sheets/points, etc.

— appearance-based features: image information (pixel/voxel intensities, gradients, etc.).

- transformation-based features: relative pose between models, non-rigid deformations fields,
etc.

In this thesis, we are mostly interested in the first and second groups, i.e. in the creation of

statistical shape and appearance models (SSM and SAM), as detailed in the next Sections.
2.5.1.1 Shape-based Features

Features are extracted from the deformable models. In case of discrete models (Sec. 2.4.4), points
are commonly selected as features. In the SSM’s literature, points are referred to as landmarks.
Only a subset of the point set can be selected as landmarks. For meshes, additional informa-
tion derived from the connectivity can be included to allow the reconstruction of the surface
from the landmarks, which is necessary in some correspondence (Sec. 2.5.4) and evolution algo-
rithms (Sec. 2.5.5.2). Cootes et al. [CHTH93] were pioneers in exploiting the use of landmarks in
SSMs in proposing the so-called Point Distribution Models (PDM). Landmarks were also used to
study shape variations across population individual to establish anthropomorphic, anatomical
or pathological differences [PLNS04, SXESGO07].

Medial parameters [Blu67, PEFM98, PFJ*03] can also be used as features. In [HAGMO04], various
parameters (e.g., distance between medial nodes, radius) were jointly used to build hierarchical
statistical shape models for segmentation of brain structures. Fletcher et al. [FLJ03] proposed a
rigorous mathematical model to build SSM based on M-rep (3D medial models) and illustrated
it with shape variations of the kidney. Similarly, continuous M-reps were exploited in [YZG05]

to build a statistical shape model.
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Another type of shape features could be defined. Instead of using features of the shapes, let us
consider the space in which they are embedded. This concept is related to implicit deformable
models and especially levelsets, which were presented in Sec. 2.4.3. In case of levelset, this means

for instance that each pixel/voxel of the SDF map is used as a feature as in [LGF00, Cre06].
2.5.1.2 Appearance-based Features

The idea here is to extract appearance information relative to the shape. Appearance is built upon
image information and can be very diversified: image intensity, gradient, texture, moments, etc.
Region features cover the interior of the shape. The spatial sampling of these features usually
depends on the image from which the features are extracted. Region features are very common
in statistical shape models for e.g. face recognition [TP91, BDBS02, BMS02, YDB02, NL05], often

referred to as “eigenfaces”.

A major problem faced with region features is their use with 3D data. In addition to the problem
of the curse of the dimensionality (Appendix Sec. B.5.3), the memory consumption as well as
the computation effort are dramatically increased. Associated segmentation algorithms are thus
affected by these constraints and local features are instead considered. Local features are typi-
cally defined around the boundaries of the shape, and are thus coined boundary features. The
most common boundary feature is obtained by regularly sampling the image intensity /gradient
along the normal direction of the shape as shown in Fig. 2.8. The collected values vectors
are called intensity (gradient) profiles (IP), and they have been extensively used in knowledge-
based deformable models [CHTH93, Coo01, BMVS02, HMMW07]. Compared to region features,
boundary features yield more efficient algorithms in terms of speed and memory footprint. How-
ever, since only local information is used, the deformable model becomes more sensitive to the
initialization as many image locations, not on the shape boundaries, might present similar local

intensity neighborhoods.

Figure 2.8: Boundary appearance feature. For each shape landmark position (circle) an intensity profile is
extracted by sampling intensity values along the normal direction of the mesh at regularly spaced positions
(stars). The intensity of the extracted profile is enlarged in the bar (right).
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2.5.1.3 Transformation-based Features

Transformation parameters can be also used as features. Such features are not found in classic
registration, since registration considers transformation parameters as variables to be estimated.
Some authors considered the parameters of linear transforms as indicators of variability. In
[BCP*06], local rigid transformations between consecutive vertebrae were used as features to
build a statistical deformation model (SDM) of the spine. Since rotation matrices do not form
a linear vector space, the Fréchet mean was used (see later on the discussion on linearity of
statistical models construction in Sec. 2.5.3.4). Recently, rigid transformation parameters of the
hip joint were embedded into SSMs by Kainmiiller et al. [KLZH09] and Yokota et al. [YOT*09].

Non-rigid deformation parameters (B-Splines control points, dense deformation vectors) can
also be selected as features. Rueckert et al. [RFS01, RFS03] particularly proposed to exploit the
deformation field extracted from their FFD-based approach to build SDMs. Their approach was
successfully exploited and extended in various works [KL04, FS06]. Further details on SDM are
given in Sec. 2.5.4.4.

2.5.2 Alignment

Alignment attempts to remove the effects of pose changes that are not related to the intrinsic
changes of features. The notion of shape is invariant under similarity transform, thus training
shapes are commonly aligned with a similarity transform. In case of linear transforms (rigid,
affine, similarity), the most popular approach is the generalized Procrustes approach [Gow?75]
(GPA), which iteratively aligns shapes by registering their corresponding point sets. The un-

known transform T* aligning two shapes X and Y, is determined by a least square minimization:
* . 2
T* = argmin 3" |y; - T(x,)| 28)
T i

This least square problem can be efficiently solved by using Horn’s quaternion [Hor87] and Ume-
yama’s Singular Value Decomposition [Ume91] approaches to estimate rigid, affine and similarity
transforms. Fig. 2.9 illustrates GPA with rigid alignment applied on femur shapes. GPA has the
nice characteristic to not depend on any reference shape as all shapes are iteratively aligned with
the mean X which is constantly updated. Furthermore, GPA usually quickly converges after a

few iterations.

However, since GPA is based on the L, norm, it is not robust against outlier points, as reported
by Larsen and Eriksson [LEO1] who proposed the use of alternative norms such a the L; or Lo
norms. Furthermore, to preserve the linearity of aligned shapes during the procedure, Cootes
et al. suggested to project the aligned shapes X; into tangent space by applying the scaling
1/(X.X). While GPA is commonly used with shapes, similar approaches can be devised for
appearance features. In [CET98b, Ste04], region features were processed with a variant of GPA
to tackle changes in scale and offset among intensity samples. Projection to the tangent space

was also performed.
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Figure 2.9: Rigid alignment example. Ten not aligned femur shapes are represented in (a) coronal and (b)
transversal views (here zoom factors differ between both views). Based on a generalized Procrustes (GPA)
analysis with rigid transform, the shapes are aligned as illustrated in (c) coronal and (d) transversal views.

2.5.3 Knowledge-based Model Construction

Features that are in correspondence and aligned can be used as training feature sets from which
statistical or probabilistic models of the features variation across the training sets can be derived.
A subtle difference between both types of models can be made as follows [K0i06]. In probabilistic
models, model parameters are usually assumed to be independent to ease model description and
calculations, whereas in statistical models this independence assumption is rejected by consid-
ering that parameters might be inter-correlated (see Sec. B.3.4 for definitions and relationships
between independence and correlation). As a result, statistical deformable models tend to cre-
ate more compact representation of the feature variation. This has computational advantages as
fewer parameters need to be controlled to impose valid variations to the features. In this Section,
statistical models based on the principal component analysis (PCA) will be discussed. Subse-
quently, shape models and appearance models will be described. Note that in this Section, it is
assumed that features are in correspondence. Details on correspondence methods are afterward
given in Sec. 2.5.4 because they share many concepts of knowledge-based model construction,

which needs to be presented first.

PCA, or Karhunen-Loeve transform, is probably the most well-known multivariate data analysis.
It was first introduced by K. Pearson in 1901 [Pea01] to find the best fitting of lines to a point
cloud. Many research areas such as psychology, ecology, economics, biology, bioinformatics to
mention a few, have been interested in PCA. The main PCA formulations are presented in Sec.

2.5.3.1 as well as its main extensions and variations in Sec. 2.5.3.2 and 2.5.3.3, respectively.
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2.5.3.1 PCA Formulations

Let us consider each feature set as a vector X; = (xy;,...,xp;) composed of M features of
dimension d. A feature set is related to one training sample, hereon referred to as an observation
to make a link with the statistics and probability theory. For instance, a training sample can be
all the points of a discrete mesh (4 = 3). Given N training samples, the mean X = (%1,..., %40)"

is computed:

Zz|=
LM=

X = X; (2.9)

1

The dM x N centered data matrix X is constructed by subtracting the mean to each sample:
X=(X-X,...Xn-X) (2.10)

In other words, X;; = x;; - %;. The corresponding dM x dM covariance matrix Xx is:

1

Tx= mXXT (2.11)
This covariance estimator is unbiased (Sec. B.4.1.2 in Appendix B for more details) and, when
data follows a normal distribution, it corresponds to the Maximum-Likelihood (ML) estimator
(Sec. B.4.3). The covariance matrix is symmetric positive definite, that is £x is symmetric and
Vx # 0, x"Xxx > 0. Theoretically, the matrix is invertible, but in practice it might happen that
the estimator becomes unstable when N << dM. That is Xx will no longer be invertible by using
numerical methods. A solution to this problem is to use regularization approaches [LLPS05,
SS05, Bou06]. These approaches replace the covariance matrix elements with new ones ensuring
that the covariance matrix is invertible. Now that we have defined the essential quantities, let us

present the various PCA formulations. In the following, we set m = dM.

Change of Basis Formulation The aim of PCA is to find an orthonormal matrix P where Y = PX

such that Xy is diagonal [Shl03]. It can be proven that:

Zy = diﬂg()tl,. . .,/\m).
A; are the eigenvalues of Xx. (2.12)
The rows of P are the eigenvectors ® = {¢1,..., P} of Zx.

This change of basis means that any observation X; € R"™ can be defined in a new basis {¢;} as

a new vector Y; € R™ (and vice-versa):

Xi =X+ CDYi (213)
Y; =7 (X; - X) (2.14)
In practice, any observation is a linear combination of the eigenvectors ¢;, which are called
principal axes or principal directions. Since the covariance matrix Xy is diagonal, vectors Y; are

inter-uncorrelated. The components of Y; are the principal components. PCA selects the principal

directions in the m—-dimensional space along which the variance in X is maximized.
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The effective computation of PCA is hence performed by an eigenvalue decomposition (EVD) of
Yx, which is commonly carried out with the Cyclic Jacobi’s method [GVL96]. Eigenvectors are
sorted according to the eigenvalues (always positive since Xy is symmetric definite positive) in
the decreasing order, so that A; > Ay >... > Ay,. If m >> N, it is better to perform the eigenvalue
decomposition of the transposed covariance matrix L. In fact, if #; and [; are respectively the
eigenvectors and eigenvalues of X}, Xu; and ; will be the N first eigenvectors and eigenvalues
of X, respectively. To get higher numerical stability, it is also preferable to replace the EVD with
the Singular Value Decomposition (SVD) performed on the centered data matrix X [Shl03].

It is possible to look for a change of basis that will achieve a dimensionality reduction. In fact,
by keeping the first k eigenvectors of the covariance matrix Ly, an affine subspace E ¢ R™ of

dimension k is defined. A projection operator Pr, onto the subspace is then specified [Bou06]:

Pg:R™ — R™

. (2.15)
P]E(X) = chq)]I(X_X) +X

where @y, is the m x k matrix equal to ® without the last m — k columns. Based on this operator,
X = Pp(X) is the reconstructed observation based on the PCA statistic. When k = m, X = X as

expected.

Dimensionality reduction is beneficial (i) to reduce the complexity of the model and (ii) to re-
tain the more “meaningful” information by filtering out possible noise in the data. Complex-
ity reduction is necessary to devise efficient algorithm in terms of speed and memory con-
sumption, while noise filtering yields reconstructed values that better reflect the real (noise-
free) underlying model. The difficulty stands in choosing an appropriate value for the num-
ber k of retained modes. Many approaches based on heuristic and statistics were proposed
[Cat66, EK82, Jac93, Fer95, VLQ99]. Recently, Cangelosi and Goriely [CG07] tested many of
them with synthetic and cDNA microarray datasets, and proposed a new one based on Shannon
Entropy. Their conclusions were data dependent and they did not give a definitive answer on
which method should be selected. They aptly quoted the words of Ferré [Fer95] and Jolliffe
[Jol02], who said that a best approach does not exist and that simple approaches can be as ef-
ficient as more complex ones in some situations. In image segmentation context, it is moreover
difficult to predict the impact of the value k of retained components in a segmentation algorithm
because other factors come into play (image quality, subject anatomical and pathological charac-
teristics, etc.). A simple and very popular approach to determine k uses the ratio “total variance
explained by the k principal components/total variance expressed by all principal components”:
ShAi

— 2.16
p Y (2.16)

By choosing p, commonly in the interval [0.9,0.99], the corresponding value of k is computed.
With k chosen and the principal axes matrix ®; computed, the PCA defines a new statistic which

provides a generative model to create new samples X:

VY eRF, X = X+ @Y (2.17)
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Figure 2.10 depicts various shapes generated by using the generative model (2.17) based on a
point distribution model (features are points). Shape variations is obtained by varying the first
shape coefficient y; in the interval [-3,/A;, +3\/A;]. This interval is derived from constraints ap-
plied on the parameter vector Y to ensure the correctness of the generated samples as explained

in the following probabilistic formulation.

Figure 2.10: Generative model of PCA illustrated with hip bone shape variations. In this example, a
point distribution model of a hip bone shape has been built, and various shape instances are generated by
varying the first shape coefficient between —3\/A_1 (first shape on the left) and +3\//\_1 (last shape on the
right). Middle shape represents the mean shape of the PCA model.

Least Squares Fitting Formulation In multivariate data analysis, a m x N model matrix F is
fitted to the centered data matrix X under certain constraints. It is proven that PCA achieves the
optimal fitting of the data X in a least squares sense [Kie97, AOCO07]. This fitting is thus equivalent

to finding F such that the following function e is minimized:

e(F|X) = argmin % i(l—"ﬁ - X;i)? (2.18)
F o i=1j=1

Function e is called the reconstruction error and it is greater than 0 when the dimensionality
reduction is applied. In that case, the constraints on F are easily enforced by writing F = ABT,
where A and B are M x k and m x k matrices, respectively [Kie97]. Given Eq. (2.15), natural
choices are A = &y and B" = ®7(X - X). In Fig. 2.11, the least squares fitting is illustrated with
points drawn from a Normal distribution. The L, norm is known to be sensitive to outliers as
exemplified in Fig. 2.11(b). In Sec. 2.5.3.2 we will discuss about robust extensions of PCA that

identify and tackle outliers.

Probabilistic formulation Tipping and Bishop [TB99] proposed a probabilistic formulation of
PCA, coined PPCA. They considered a linear generative model which assumes that the samples X;

are observations of a Random Variable X generated by
X=AS+V (2.19)

where S € RF (k < m) follows a unit isotropic Gaussian distribution with zero mean and A is the
m x k matrix of factor loadings. Noise V is also Gaussian (V ~ N (0,X), with = = diag(c?,...,02))
and is assumed to be independent from X. Given this formulation, X also follows a normal
distribution: X ~ A(0,C), with C=%+ AAT.

The distribution of S is defined in a space of lower dimension, and it models interdependencies

between the observed variables independently of the noise. Choi [Cho04] stressed that this was a
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Figure 2.11: PCA least squares fitting. (a) 100 points drawn by a 2D Normal distribution (~ N ((c, ),
¢ =(0,0), u = (1,0.01)) are considered as observations and analyzed with a PCA. Black lines represent
the principal axes (PA) passing through the mean point, the first PA being the almost horizontal one. This
figure illustrates how the first PA captures most of the variance and how PCA tries to fit at best the data in a
least squares sense. (b) 20 additional points (upper right point cluster in red) are added to the observations
of (a) (in black). These new observations are not drawn from the same distribution and could be considered
as outliers. This figure illustrates how PCA is sensitive to outliers since the PAs underwent a rotation to
satisfy at best the new observations.

main difference with respect to classic PCA, which identically treats the inter-variable dependen-
cies and the noise. In case where the noise is isotropic, i.e. (712 =...= (7,%1 = 02, it can be shown
[TB99] that there exists an ML estimator A of the matrix A which spans the principal subspace
of dimension k. More specifically, the columns of Ay, are linearly independent vectors that are
rotated and scaled eigenvectors of the centered data matrix X (2.10) (which should not be mixed

with the RV X).

In practice this implies that A is generally not the matrix of principal directions ®; (2.15), as
well as the corresponding S; will not represent the principal components. A post-processing is
necessary to recover the principal axes and eigenvalues. Ahn et al. [AOC07] and Choi [Cho07]
proposed alternative approaches that calculate the principal axes without any rotational ambi-
guity. Both algorithms are partially based on the minimization of the integrated-square-error
(in contrast with the square-error of PCA as described in Sec. 2.5.3.1). Choi’s wake-sleep PCA
(WS-PCA) relies on an Helmoltz machine that couples generative and recognition models, while
Ahn’s EM-ePCA approach is based on the EM-algorithm of Roweis [Row98]. The EM-algorithm
is derived from the limiting case of the PPCA when ¢ — 0. It was shown [TB99, Row98] that
in this special case PPCA becomes equivalent to PCA. In particular, the likelihood of the RV X
is uniquely dominated by the squared Euclidean distance between X and its reconstruction AS

[ChoO04]. This observation supports the least square fitting formulation of PCA. The steps of the
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EM-PCA algorithm are as follows [Row98]:

E-Step: S = (ATA)TATX (2.20)
M-Step: A" = XST(557)7 (2.21)

where S is the k x N matrix S = (S1,...,Sny) and X the centered data matrix (2.10). Albeit
EM is a local minimization approach, Tipping and Bishop [TB99] proved that such a algorithm
converges to a global minimum. In terms of computations and memory consumption, EM-PCA is
a more attractive algorithm compared to PCA approaches which explicitly compute the sample

covariance matrix Xy (2.11).

Final interesting property of considering the PCA under a probabilistic angle is that constraints
can be applied on the principal components to enforce the “validity” of reconstructed samples.
This is to ensure that new samples are drawn from the statistic inferred from the observations.
The constraints are applied on the parameters vector Y in Eq. (2.17). Two main different types of
hard constraints [CHTH93] can be applied. The first type of constraints is the clamping constraint,
which clamps the components y; to the interval [-3,/A},3,/A;]. This relation derives from the
assumption that each component follows a normal distribution y; ~ N'(0, A;). The second kind of
constraints assumes that vector Y is the realization of a RV distributed according to a multivariate
Gaussian. As a result, the sum of squared components follows a X% distribution. The scaling
constraint scales the y; so that Z(yjz /Aj) £ M, where M is computed from the x% distribution.

These constraints will be particularly essential in the usage of statistical deformable models.
2.5.3.2 PCA Extensions

PCA has been extended into many variants in order to improve its computational behavior

(speed, memory consumption, sequential processing) as well as to support new features.

Iterative PCA In its original form, PCA requires the computation of the covariance matrix and
the eigenvalue decomposition. EVD with the Cyclic Jacobi’s method [GVL96] has a complexity
around O(m®+m*N) [SP07b]. SVD directly operates on the centered data matrix and has a
lower complexity of O(4m*N +8mN? +9n?). When m becomes large, both EVD and SVD are
hence very expensive approaches. Iterative approaches that compute the principal axes (PA)
iteratively are interesting alternatives since they can be stopped after the calculation of the first
k necessary PAs. The probabilistic PCA algorithms [Row98, TB99] fulfill these requirements, but
they require post-processing since the obtained subspace only spans the principal subspace (Sec.
2.5.3.1). In [SP07b], a fast PCA approach based on the fixed-point algorithm of Hyvarinen and
Oja [HO97] was proposed. This approach ensures the PAs’ orthonormality but still requires an

initial computation of the covariance matrix Zx, which has a complexity of O(m?N).

The power method [GVL96] and the nonlinear iterative partial least squares (NIPALS)-PCA
[WEGS7] are other iterative approaches. In its original form, the power method is only designed

to compute the first PA so is somehow limited!. The NIPALS-PCA extracts sequentially the

1. Power method can be extended to compute the other PAs through deflation, becoming similar to the NIPALS-PCA
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first k PAs while preserving the orthogonality. However in case of large samples, NIPALS-PCA
suffers from rounding errors that ultimately degrade the orthogonality of the PAs, as reported
by Andrecut [And09]. The author hence proposed to enforce orthogonality in the algorithm
by using the robust Gram-Schmidt orthogonalization process. The new GS-PCA algorithm be-
ing naturally parallelizable, a GPU implementation based on NVidia’s Compute Unified Device

Architecture (CUDA) architecture was moreover proposed by the author.

incremental PCA Aforementioned approaches are batch methods. This means that when new
observations are made available, these methods need to be executed from scratch with the old
and new data as input. In addition of being very time consuming, this raises the issue of storage
because the old original high-dimensional observations must be kept. This also affects on-line
computing as a remote workstation performing the calculation needs to get a copy of the ob-
servations first. As a consequence, incremental (or sequential) PCA methods were proposed.
Hall et al. [HMMO2] described arithmetic rules for addition and subtraction to be applied on
eigenspaces both for the EVD and SVD algorithms, which inspired the incremental PCA of
Skocaj and Leonardis [SLO3]. In [LXM]03], an incremental approach to accept new observations
was described but it required the experimental setting of a weight parameter to “blend” old
with new data. Similarly, Choi [Cho04] extended the EM-PCA into a sequential approach, with
the extra feature of producing rectified subspaces (i.e. non negative principal axes and modes).
Costache et al. [CCP09] proposed an algorithm based on [HMMO02, LXM]J03] which was able to

enlarge a PCA with new observations as well to fuse multiple PCAs into a new one.

robust PCA As previously mentioned in Sec. 2.5.3.1, PCA is quite sensitive to erroneous fea-
tures. Erroneous features are usually the result of (i) missing or (ii) perturbed data. Missing data is
for instance quite common in computer vision, where due to occlusions, some image information
may be absent. Perturbed data can be the result of noise in the process which creates or estimates
the features. Since PCA needs to have feature vectors of same size, a naive approach simply re-
places the missing features with arbitrary values, which in practice yields erroneous principal
axes and components. Another solution consists in discarding the observations with some er-
roneous features from the training dataset. While this might be acceptable when many training
samples are available, there is often in practice a lack of sufficient training data, especially for
3D segmentation [HMO09]. Hence, the rarity of the training data demands alternative PCA ap-
proaches. Robust PCA methods attempt to estimate the principal directions and components

from data with erroneous features.

Supervised approaches know which features are erroneous and what are the confidences for
each features. This is simply translated as a weight w;;. The lower the weight, the less the jth
feature of the ith observation is reliable. Many approaches aim thus to minimize the weighted
reconstruction error h:

N m
h(EIX) = 3 3 whi(Fji — X;i)? 2.22)

=1j=1
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where F = ®,Y, &, being the matrix of k principal axes, and Y the matrix of principal compo-
nents. Skocaj et al. [SLB07] presented two supervised robust approaches. The first one, wEM-
PCA, extends the PCA’s EM iterative algorithm (2.21) to support weights. As a result, this
algorithm yields non orthogonal components which requires a post-processing. The second one
(mdEM-PCA) is again inspired by the EM approach, but during the M-step the principal axes
are estimated by computing a classic PCA on corrected data, in which missing information is
replaced by reconstructed values. Since classic PCA is used, principal axes are orthogonal and
eigenvalues are computed. In [Kie97], classic PCA was also used in a robust PCA algorithm
(WPCA), but with a different approach than the EM-PCA. The described method exploits the
minimization of a majorizing function to compute iteratively an estimate of the corrected cen-
tered data matrix X which is then used in a classic PCA step to get the principal axes and
components. This majorizing function is simpler to compute than & (2.22), and is thus easier
to minimize. Grabiel and Zamir [GZ79] also proposed a method to directly weight the SVD to
achieve robust PCA.

Unsupervised approaches try first to identify erroneous features and then propose mechanisms
to handle them. Main approaches are based on robust estimators that are applied e.g. on the
covariance matrix £x [CHOO0] or on the reconstruction error (2.22) [DITB01, LXM]J03]. Based on
their missing data algorithm, Skocaj et al. [SLB07] also proposed an unsupervised robust algo-
rithm which was tested in a computer vision scenario. More information on robust approaches
can be found in [Che02].

2.5.3.3 PCA Variations

The presented PCA extensions modified the classic approach to improve it and always aimed at
computing the (noise-free) principal subspace. There exists some other approaches that inten-
tionally change the PCA behavior to yield new properties. These methods result in new set of

directions and components that are no longer strictly the “principal” ones.

Sparse PCA In general, PCA computes global modes that simultaneously affect all the features.
In case of shape models, this means that the variation of one mode will influence all the model
landmarks. The process of computing modes that dictate the behavior of a limited and preferably
locally clustered number of features is called sparse PCA (SPCA) [HMO09]. Sparsity enhances
human understanding, reduces computational cost and yields a better generalization in learning
methods [MWAOQ6]. Sparse PCA can be seen as the maximization of the quadratic form x"Xxx,
where x is a sparse vector having a maximum of k non null elements. Sparse PCA will thus
produce principal axes that differ from the original ones, for which strict [SSLO6b, JNRS10] or
relaxed [ZHTO06, SHO8] orthogonality can be enforced. In [SSL06a], sparse PCA was for example
presented as more appropriate to understand the variability of some anatomical structures such

as the lungs, heart or brain structures.

Independent Component Analysis (ICA) [Hyv99] also yields sparsity by producing non orthog-

onal axes and independent principal components. ICA is useful when observations are not drawn
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by a Gaussian law but requires new approaches to select and order the principal axes. No
consensus has been reached on stating which of PCA or ICA is better for segmentation or recog-
nition purposes. In [UFS*03], ICA-based appearance models were superior to PCA-based priors
in segmenting heart structures for cardiac MR. Baek et al. [BDBS02] however observed better
performance for PCA in a human face recognition scenario, although Bartlett ef al. [BMS02] con-
cluded the opposite on the same FERET database. Probabilistic ICA also exists and has been
exploited in the segmentation context [dRKDOO].

Hierarchical PCA In hierarchical PCA approaches, local changes are modeled by organizing
features data into sub-groups in a vertical (multi-scaling) or horizontal (division) manner. The
multi-scale approach decomposes the features using appropriate schemes such as the wavelet
transform [DXDO03]. This yields a coarse-to-fine PCA modeling. Features space partitioning is
also commonly adopted, like the Sub-pattern PCA of Tan and Chen [TC05] or the collective
PCA of Kargupta and Huang [KHSJ01]. Clustering approaches were moreover proposed to ad-
dress the unsupervised selection of sub-groups. Heap et al. [HH97] notably devised a clustering
method that yielded SSMs with a better Specificity, i.e. a better expression of valid instances (see

Sec. 2.5.4.7 for details on this measure).

Size-constrained PCA As discussed in the sparse PCA paragraph, the variation along one
mode usually affects many variables simultaneously. In shape-based PCA, it is often observed
that changes in size are correlated with changes in shape. This property is named allometry.
There is however often an interest in morphological shape analysis in partitioning components of
variation related with size from components associated with shape [Sun89], resulting in isometry.
With that perspective, size-constrained PCA [Som89] attempts to find the first axis summarizing
variation in isometric size alone. This approach was later on improved by Cadima and Jolliffe
[C]96].

2.5.3.4 PCA Discussions

In this Sec. on PCA, we have seen various ways to interpret, improve or modify PCA. Main

PCA formulations and extensions are summarized in Table 2.4. The presented approaches do

not constitute an exhaustive list but gives a clear picture of the richness of PCA from which

segmentation could profit. Wrapping up, PCA relies on the following assumptions [Shl03]:

— Linearity: the change of basis formulation highlights the data linearity assumption of PCA,
which might be violated with real data. To tackle this, the kernel PCA approach [SSM98]
were proposed and efficiently coupled with deformable models [CKS03, DRT06]. Kernel PCA
transforms (by means of kernels) features into a linear space in which conventional PCA can
be carried out.

— Mean and variance are sufficient statistics (Sec. B.3.3): this implies that observations should be
exponentially distributed, otherwise the generative model of PCA (2.17) might create invalid
instances. PCA can be thus generally extended to other distributions of the exponential family.

Collins et al. [CDS02] proposed other distributions of the exponential family that are more
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adapted to non Gaussian observations, such as the Poison and Bernoulli distributions (Table
B.1) for integer- and binary-valued data, respectively.

- Large variances are meaningful: PCA sorts the principal directions depending on the value of
eigenvalues, and thus the data variances. By adopting the dimensionality reduction, modes
associated with low variances are implictly considered as less interesting information.

— Principal directions are orthogonal: this allows the use of linear algebra techniques to solve
PCA and also offers an efficient way to project data in the PCA space. It is thus advised
to favor methods yielding orthogonal directions or to apply post-processing to recover the
orthogonality (e.g., for EM-based PCAs).

Name ‘ Ortho. ‘ Batch ‘ Covariance( ‘ Noise ‘ Robust ‘ References
PPCA No Yes No Yes No [TB99]
EM-PCA No Yes No” No No [Row98]
EM-ePCA Yes Yes No No? No | [AOCO07]
WS-PCA Yes Yes No No No [Cho07]
Fast PCA Yes Yes Yes No No [SP07b]
NIPALS-PCA Yes® Yes No No No [WEGS87]
GS-PCA Yes Yes No No No [And09]
Seq. EM-PCA/ No No No No No | [Cho04]
Mul. Inc. PCA/ Yes No Yes? No No | [CCP09]
Inc. PCAf Yes No Yes No No [SLO3]
Inc. Rob. PCAf Yes No Yes® No Yes [LXM]J03]
wEM-PCA No Yes No No Yes [SLB07]
wPCA Yes Yes Yes No Yes [Kie97]
mdEM-PCA Yes Yes Yes No Yes [SLB07]
RPCA Yes Yes No Yes Yes [DITBO1]
Rob. Cov. PCA Yes Yes Yes No Yes [CHO0]

?Many EM-based methods, do not explicitly compute Xx, but rather calculate some of its values
b The authors also present a version which estimates the noise variances

¢ Possible loss of orthogonality due to rounding errors

Classic PCA is initially performed at the various sites

¢Classic PCA is carried out in some stages

fseq.: sequential, mul.:multiple, inc.: incremental, rob.: robust, cov.: covariance

Table 2.4: Different PCA formulations and extensions. Names are presented in the text. Ortho.: ensures
orthogonality of the computed principal axes; Batch: is a batch method, i.e. it needs to recompute in-
formation from scratch when new data is added; Covariance(™: might require the computation of the
(inverse) covariance matrix Xx; Noise: can estimate noise in data based on a noise model; Robust: support
detection/ correction of outliers.
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2.5.3.5 Shape Models

In previous sections, we briefly presented point distribution models (PDM) [CHTH93]. PDMs
are simply models based on landmark features, usually associated with a triangularization, and
from which a shape variations model is inferred by PCA. These models are very popular in
medical image analysis. Additional details on how to establish features correspondence and use

PDM are given in Sec. 2.5.5 and Sec. 2.5.4, respectively.

(@)
n n
(b)

Figure 2.12: Probabilistic shape variations modeling. (a) In case of heart ventricles and atrial surface points
variability modeling, non-parametric PDFs of the surface points variations are estimated by KDE based
on Parzen windowing [Par62] (See Appendix Sec. B.5.2). In each small box, the non-parametric PDF of
the surface point in the center of the box is shown. (b) Heart left ventricle surface variations modeling by
probabilistic atlas. From left to right, a slice of the probabilistic atlas is depicted from the valve level to the
apical level. Bright intensity indicates high probability. Images courtesy of Juha Koikkalainen [Koi06].

Other approaches were proposed to model shape variations. A first approach consists in estimat-
ing Probability Density Functions (PDF, See Appendix B.3.2) of shape variations across a dataset.
PDFs can be first assumed to be known and the Gaussian model is commonly chosen to express
variations. For instance, in [SD96] a multivariate Gaussian distribution describes the variability
of the surface modeling parameters based on parametric Fourier descriptors. However, many bi-
ological shape changes cannot be limited to Gaussian processes. As a result, instead of assuming
the form of the PDFs, non parametric estimation was chosen to approximate the real PDFs. For
example, Koikkalainen [Koi06] expressed the surface points variability of the heart by using a
kernel density estimation (KDE) based on Parzen windowing [Par62] (See Appendix Sec. B.5.2),
as illustrated in Fig. 2.12(a). Similarly, instead of computing a PDF per point, the author built
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a probabilistic atlas of the shape variations (Fig. 2.12(b)). A probabilistic atlas is constructed
by (i) aligning the shapes to remove variations not related to the shape, (ii) converting shapes
to images by a grid discretization process and (iii) averaging the images. Alternatively, instead
of using shape surfaces, the signed distance maps of shapes [SCD"03] can be used to build the

atlas.

Other shape models were proposed. Kervrann and Heitz [KH98] proposed to model global
shape variation by a PDM model and local variation by a Gauss Markov process. They applied
their method to video object tracking. In [Pen90, PS91], shape variations were derived from
a modal decomposition based on FEM. A base shape was chosen, such as an ellipsoid, and
adequate modes of vibration were built to capture variability in the training shapes dataset.

They proposed in particular a closed-form solution [PS91] to model complex 3D shapes.
2.5.3.6 Appearance Models

As presented in Sec. 2.5.1.2, two main kinds of features are available: region and boundary
features. One of the most popular appearance models assumes that features follow a Gaussian
distribution. Mean p and covariance matrix Xx are thus estimated from the training features
X. The goodness of fit of a feature u to this appearance model is then simply achieved by
calculating the Mahalanobis distance djy: dp(u) = (u—p) "S5 (u - ). By building a PCA from
the features, the Mahalanobis distance can be instead expressed as a function of the eigenvalues
and the eigenvectors matrix [CHTH93]. Furthermore, by keeping the first k modes, a more
robust appearance model to noise is devised. This appearance model is part of the Active Shape
Models (ASM) of Cootes et al. [CT04]. Cootes et al. [CHTH93] and Behiels et al. [BMVS02] used
intensity and (normalized) gradient boundary profiles to build PCA models, and exploited the
Mahalanobis distance. These two studies drew different conclusions with respect to the best
choice of profile (intensity vs. normalized gradient), suggesting that choices strongly depended

on the type of image modalities (video vs. X-rays) and structures (face vs. bone).

When region features are used, the most popular appearance model is Active Appearance Mod-
els (AAM) [CET98b, CT04]. The AAM appearance model also uses PCA modeling to express the
modes of variations of the shape interior appearance, usually denoted as texture. To decouple
the appearance from the shape and to be able to apply PCA, textures need first to be transformed
into a reference shape (commonly the mean shape of the shape PCA model) by using a warping
approach. Various warping strategies exist, such as mesh-based and TPS [CT04, Rog01] or piece-
wise affine [Ste02, Ste04] warpings. Linear [CT04] and non-linear [BML*02] texture intensity nor-
malizations are usually required to cope with strong intensity variations among training images.
Also, alternative intensity features (e.g., edges, corners, and gradients [SCTO03]) less sensitive to
these intensity changes can be included into the appearance model. Similarly, multiple views
of a structure can be considered in the AAM construction [OLU"03] to improve the appearance
model robustness. Region-based models with AAM were successfully exploited in the literature
[OLU*03, MLvdG*00, LvdGM*02, UFS*03, SFK*08], but AAMs have their shortcomings which
may demand appropriate evolution strategies (e.g., Robust AAM [BBLS05]).

43



Chapter 2. Prior Knowledge in Medical Image Segmentation

Similarly to shape models, non Gaussianity of region features can be addressed by building
probabilistic atlases of appearance [Koi06, SCD*03]. The choice of the reference image can affect
the results as bias is introduced [RFS03]. Various authors proposed to carefully select it based
on distance and similarity criteria [PBHMO5], or to remove it by achieving the simultaneous
registration of all training images [JDJG04]. More details on atlas-based construction can be
found in Sec. 2.5.4.4.

In case of boundary features, non-parametric approaches are available to build non-normally
distributed appearance models. In particular, the k-Nearest Neighbor (k-NN) classifier [Cov68]
was used in a segmentation context [dBGVNO03, BGNV03, HMMWO07]. To achieve this, sets of
boundary S and non-boundary 'S training profiles are computed during the training phase
to define the two classes border and 'border, respectively. During the segmentation, a profile u
of dimension d belongs to a boundary if its probability P(border|u) is over a threshold. The k
closest “neighbor” profiles in 'SuS to u are computed based on a profile distance, typically the
Euclidean distance in d—dimension. The moderate k-NN probability [AK02] is then expressed
as P(border|u) = (K+1)/(k+2), where K is the number of neighbor profiles that belong to S.
Since all training profiles need to be constantly explored to compute the k nearest neighbors,
efficient (approximate) k-NN computation methods were proposed [War96, AMN*98, AASKO8].
The use of k-NN classifier is theoretically applicable with any type of appearance features. For
instance, Van Ginneken ef al. [VGFS*02] replaced intensity profiles by 2D square grids centered
at the landmark points. As reported by Heimann and Meinzer [HM09], any classifier returning
a probability can be in general used and combined for segmentation purpose, as exemplified
in [LZ]04, LI05, NSC*05]. Fusion of multiple classifiers is a topic which has been extensively
studied in pattern recognition. We refer interested readers to [LS97, ACK01, KAO03].

To improve appearance models and to minimize the effects of the curse of the dimensionality,
clustering approaches can be adopted. In clustering approaches, appearance features are clus-
tered into classes from which statistics are inferred, via e.g. PCA. This yields various advantages
such as the increase of training samples number for each landmark (good for statistical infer-
ence), the reduction of memory consumption and computational cost since during segmentation
extracted profiles need only to be compared against the clusters. Brejl and Sonka [BS00] were
the first to propose the clustering of appearance feature vectors for appearance models. They
used the fuzzy C-means algorithm [BE*84] to estimate K clusters from all landmarks in all train-
ing images. Similarly, Stough et al. [SBPC07b, SBPC07a] also used the fuzzy C-means to cluster
appearance features based on intensity quantile histograms. In [PEW05], features computed as
the dot product between surface normals and image gradients were clustered and used in heart
segmentation from CT cardiac images. In [HMMWO07], the accuracy of the k-NN classifier was
improved by using the k-Means clustering algorithm [HW79]. Chung and Delingette [CD09]
later on proposed an EM-based algorithm, initialized with fuzzy C-means, to achieve cluster-
ing and classification of intensity profiles. In particular, their approach proposed an automatic
selection of the best number K of clusters. Moreover, a spatial smoothing was applied because

appearance-based approaches did not consider neighborhood information, which might lead to a
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non-spatially smooth distribution of the intensity profiles into the different clusters. The process

is illustrated in Fig. 2.13.

(@) (b) () (d)

Figure 2.13: Intensity profiles clustering. (a) From a MRI segmented femur mesh, (b) intensity profiles are
extracted and an (b) EM-based algorithm is used to achieve profiles clustering by optimally choosing the
best number of clusters. (c) Finally a last smoothing processing is applied to account for neighborhood
information. Images courtesy of Frangois Chung.

Similarly, Ho and Gerig [HG04] considered a multi-scale spatial clustering to hierarchically
gather profiles based on neighborhood information. Finally, various hybrid appearance models
can be found in the literature. For instance, Yushkevich et al. [YZGO05] exploited the continuous

medial representation to combine appearance ASM- and AAM-like appearance models.

2.54 Correspondence

In the previous Sections it was assumed that the features were aligned and in correspondence.
Since some correspondence approaches are based on concepts of PCA, it appears as more nat-
ural to detail now the various correspondence approaches. We present various correspondence
approaches that are suitable for appearance correspondence (e.g., image-based correspondence
Sec. 2.5.4.4) with accent on shape correspondence method based on landmarks. Moreover, when

shape correspondence is achieved, appearance correspondence might be directly available.

Approaches that exploit the correspondence of features across training samples require accurate
and meaningful correspondence. Otherwise the resulting model will capture the errors intro-
duced by the (absence of the) correspondence procedure. So far, in the literature no consensus
has been reached on the choice of the best correspondence approach. Usually, the application
context drives users’ choices. Human annotation is often regarded as a gold standard (like
manual segmentation) to define correspondence but it is unpopular. This is mainly due to the
time-consuming and tedious aspect of the approach (especially in 3D) [HMO09] and the ubiqui-
tous inter-users variability which affects the reproducibility of the results. Most correspondence
methods are based on the registration of the features across the various shapes. Depending on
the features’ nature, different correspondence strategies are more appropriate than others. Based
on the recent review of Heimann and Meinzer [HM09], each correspondence category will be

presented.
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2.5.4.1 Approaches Overview

Model-to-Model
Registration

Model-to-Image
Registration

Image-to-Image I I
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Parameterization-to-Parameterization
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Model Image Parametrization Optimization
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Figure 2.14: Correspondence approaches [HMO09]. (a) In general correspondence scheme, a reference R is
registered with N targets S;, whose representation depends on the correspondence approach. (b) General
types of reference/target entities: Models, Images and Parametrizations. In this example, a bone shape is
modeled as either a contour with landmarks, or an image from which the shape was reconstructed (white
overlay) or a parameterization e.g. the expression of the contour into a circle (parameterization is not
real, here only illustrative). (c) Five correspondence groups, where nature for reference R and targets Si is
specified. The population-based optimization can use all types of representations (A) and iterates until a
certain criterion of correspondence optimality is met.

Figure 2.14(a) presents the overall principle of a correspondence method. A correspondence ap-
proach mostly relies on the registration of a reference entity R to N targets S; extracted from the
training dataset (see Sec. 2.3). The reference having features, the registration naturally propa-
gates them to the targets, establishing the correspondence. Reference and targets can be divided
into models, images and parameterizations, as exemplified in Fig. 2.14(b). A parameterization
expresses the shape in an alternative way which is supposed to be more appropriate for the
correspondence method. Depending on the nature of the targets, the source and the registration
transform Tj, various correspondence methods are thus naturally defined (Fig. 2.14(c)). Gener-
ally, registration is made on a pair-wise manner, i.e. the reference R is registered with a target
Si independently of the registration with another target S;, where j # i. This might introduce
some bias with respect to the chosen reference. Population-based correspondence attempts to
jointly and simultaneously find the correspondence across all shapes based on some optimiza-
tion approaches. The optimization tries to find an “optimal” correspondence according to chosen

criteria.
2.5.4.2 Model-to-Model Registration

In this category, the source is a model that needs to be registered with the other target mod-
els. Typically models adopt the discrete representation of Sec. 2.4.4 and features of interest
are landmarks. Correspondence methods are naturally derived from the rich variety of point-
/surface-based registration approaches [AFP00]. When transforms T; are linear, the iterative
closest point (ICP) of Besl and Jain [BJ85] is often chosen as registration approach. In [HMK™*02],
the skeletons of knee bones were used as models. Skeletons [Mor95] are extracted from their

corresponding images and follow the principles of medial models (Sec. 2.4.1). The reference
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skeleton is thus registered with the target training skeletons. Hufnagel et al. [HPE*07] proposed
an EM formulation of the ICP algorithm and demonstrated it with the automatic correspondence
of kidney and putamen data. One of the criticisms of these approaches is the bias induced by
the selection of the reference shape. In [VBA"04], this problem was partially solved by running
a second ICP with the mean shape as a reference, similarly to a Procrustes alignment. Brett and
Taylor [BT00a] proposed a better approach based on a symmetric version of the ICP algorithm
and the construction of binary trees. In a bottom-up fashion, The tree starts with the leaves cor-
responding to the training shapes and each upper level is built by merging each pair of training
shapes. The merging uses the symmetric ICP, and the root is the result of all merged shapes. In a

top-down fashion, the root is decorated with landmarks and these are propagated to the leaves.

ICP being restricted to linear transforms (rigid, affine, similarity, etc.), research was done to in-
corporate non rigid changes in the correspondence process to better capture shape variability.
Fleute et al. [FL]99] successfully registered a template mesh to a set of training shapes (repre-
sented as point clouds digitized from real femurs) by using a Multi-resolution approach based
on the Octree Splines of Szeliski and Lavallée [SL96]. Gold et al. [GRL*98] used a combination of
deterministic annealing and a proposed “softassign” algorithm to non-rigidly register pointsets
of unequal sizes while computing point correspondence. In [STA98], skull shapes were non
rigidly registered by using as features the crest lines of the shapes and an extension of the ICP
algorithm to non-rigid transforms. Wang et al. [WPS00, WPS03] also exploited alternative fea-
tures in a two stage algorithm: a sparse set of corresponding points were matched based on local
geometrical features of the brain surface (first stage) which provided an initialization to a non
rigid registration procedure (second stage) exploiting geodesic paths (shortest distance between
two points over a surface). Similarly, Lorenz and Krahnstover [LK00], also used a first initializa-
tion stage based on homologous points that were non-rigidly registered by the TPS transform
(Sec. 2.3.3), followed by a projection of a reference triangular mesh on the registered shapes.
Despite a relaxation scheme that corrected potential flipping triangles caused by the projection,
users needed to manually define the initialization points which limits the use of the approach
for large training set. More recently, Fu et al. [FGXL10] proposed an hybrid approach which
combined ICP, to initialize the alignment of training shapes, with an active surface segmentation

to refine the deformation of a reference mesh.
2.5.4.3 Model-to-Image Registration

In medical image analysis, it is very common to get training models from corresponding medical
images by using a reconstruction process such as the Marching Cubes [LC87]. The idea of model-
to-image correspondence is hence to register a reference model to the corresponding images of
the training models. The registration approach is thus similar to a deformable model-based seg-
mentation in which a template deforms to match a structure of interest in an image. Images
can be either original (gray-valued) images, or the segmented binary images or pre-processed
images to e.g. highlight edges. Kaus ef al. [KPL*03] deformed a reference mesh by (i) estimating

the similarity pose between the mesh and the image (initialization) and by (ii) locally displac-
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ing the mesh vertices (mesh “reconfiguration”). Both stages were based on the minimization of
energies which accounted for the image data (gradients with same directions as mesh normals)
and mesh regularity (curvature preservation). This approach was later on improved in [ZT05],
where the bias induced by the choice of the reference mesh was addressed. Based on the de-
formable models approach of Joshi et al. [[MG97] for brain structures, Styner et al. [SXESG07]
registered a reference model of the hippocampus composed of 26 landmarks to the training im-
ages. In [CDNAO07], SSMs were built by fitting a deformable template to CT bladder and prostate
training images. Recently, Dam ef al. [DFP08] devised an iterative process which progressively
updated an SSM, refining thus the correspondence, based on medial shapes. The main idea was
to use the mean of the current SSM as the reference model to be fitted to the training images,
yielding new shapes to define a new SSM. As pointed out in [HM09], as long as the reference
model do not exhibit self-foldings, a homeomorphic mapping between the training shapes is

guaranteed.
2.5.4.4 Image-to-Image Registration

Here, the idea is to only rely on the training images rather than on extracted models. When a
reference image with a corresponding segmentation is available, we dealt with atlas-based reg-
istration. The atlas can be composed of a scalars-valued (i.e. “raw” image such as CT, MRI
grey-valued image) and corresponding segmentation information. The segmentation informa-
tion can be a labeled image with an associated model such as a triangular mesh, and features for
correspondence can hence be defined (e.g., points densely sampled on the labeled image borders,
vertices of the mesh, etc.). The transform obtained by the registration of the atlas image (raw
or labeled) with a training image can be thus applied on the features to propagate them on the
training images. In [FRSN02, OBB*04], the multi-resolution scheme of Rueckert et al. [RFS01]
based on FFD and B-Splines was applied to establish the correspondence between labeled im-
ages. The traditional normalized mutual information (NMI) similarity measure was in particular
replaced with an alternative metric based on label consistency and the K statistics to better cope
with labeled images. Instead of labeled images, Vrtovec et al. [VTL*04] used gray-valued training

images into a hierarchical elastic registration with the NMI metric to build PDM of the spine.

An alternative to altas-based registration is to directly register the raw images and to not use seg-
mented training images. This approach implies that it is no longer possible to specify features
on a reference image with corresponding segmentation. As a result, the idea is to use instead the
deformation field between images as features (so called SDMs, see Sec. 2.5.1.3). Seminal works
on SDMs include the approaches of Rueckert et al. [RFS01, RFS03] who non-rigidly registered
a reference image based on the NMI similarity measure. In [FS06], similarity was expressed
by means of the Thirion’s Demons algorithm [Thi98]. A possible inconvenience with non-rigid
registration methods is that they might not yield invertible transforms. Christensen and John-
son [JC02, CJ01] proposed thus to simultaneously estimate the forward and reverse non-rigid
transforms, modeled in their works by thin plate splines. Moreover, since no segmentation infor-

mation is available, these registration approaches tend to require images in which the structures
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of interest (SOI) are clearly visible (high contrast, large coverage). In fact, the registration will
“blindly” register all parts of the image without giving a special importance to the SOI. This
might result in non perfectly registered SOI and thus in non optimal correspondence. A last
remark in using SDMs concerns the risk of some non-linear registration algorithms yielding de-
formations still embedded with a linear component. As pointed out by Zikic ef al. [ZHG*08], this
persistence of linearity decreases the quality of the resulting SDM as it will capture information
not related to the shape, the shape being invariant under similarity transform. The authors pro-
posed thus a post-processing stage to recover an optimal non-linear field based on the concept

of minimal displacements.
2.5.4.5 parameterization-to-parameterization Registration

Parameterization is a bijective mapping between the shape and an appropriate base domain
[HMO09]. The idea of using parameterizations is to carry out the correspondence in the base
domain. The choice of the parameterization often constrains the topological genus of the shapes.
For instance, closed shapes topologically equivalent to a sphere (genus 0) have been intensively
used in parameterization-based correspondence methods. In [KSG98], shapes are expanded
into a series of spherical harmonics (SPHARM [BGK95]) and the main axis of the first order
shape descriptor (an ellipse) is used to align the parameterized shapes. Similarly, Thompson
and Toga [TT97] extracted brain sulcii and mapped them to a sphere before applying a warping
algorithm to establish the unknown correspondence. Harmonic maps [GVSS00] were also used
in [BT00b, PSS01] to create shape parameterizations and establish correspondences. Conformal
maps, which ensure a bijective mapping, are equivalent to harmonic maps in case of genus 0
[GWC*03].

Figure 2.15: Parameterization-to-parameterization registration by patches: Shapes S; and S, are put in
correspondence by (i) dividing the shapes into patches, (ii) parameterizing the patches as discs and (iii)
establishing correspondence between the discs. Image from [LSHDO04] used by permission.

Lamecker et al. [LLS02, LSHDO04] got rid off topological constraints by first dividing the shapes

semi-manually into patches homeomorphic to discs, and then by computing the correspondence
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(Fig. 2.15). Their approach was successfully exploited to build liver [LLS02] and bone [LSHDO04,
SKH'08] SSMs.

2.5.4.6 Population-based Optimization

Population-based optimization is characterized by (i) the removal of pair-wise registrations and
(ii) the use of optimization approaches that update the shapes representations or parameteriza-
tions based on some optimality criteria. Kotcheff and Taylor [KT98] presented the first group-
wise correspondence approach in which they preferred correspondences resulting in compact
SSM, i.e. with small shape variation space. The objective function to minimize was based on
the logarithm of the determinant of the covariance matrix Xy, which quantifies compactness as
In|Xx| = Y A; = total variance. It was thus naturally called DetCov approach. Despite its good
results in 2D, the approach uses an expensive genetic algorithm which has the disadvantages to
be slow and to not always converge. Later on, Davies et al. [DTC*02] proposed a more rigorous
objective function based on the MDL principle (See Appendix Sec. B.4.5), which endeavors to
balance the complexity and the compactness of the statistical model. Based on the SPHARM
parameterization [BGK95], the approach re-parametrizes the shapes until a (local) minimum of
the MDL-based objective function is reached. This seminal work gave birth to many variants
and improvements (simplified objective function [Tho03, HWWMO05], consideration of curvature
[TO03, KEO6] and Cartesian differential invariants [WQLO5], fastest convergence by gradient
descent optimization [HMMWO07]), and was applied in various segmentation tasks such as in
bone segmentation [FBCO07, FCWO07, ZSG10]. An example of result from Heimann et al. ’s
correspondence method [Hei08, HWMO7] is depicted in Fig. 2.16.
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Figure 2.16: Shape correspondence based on MDL and conformal mapping parameterization [Hei08,
HWMO7]. From liver training shapes (transparent mesh) landmarks (and corresponding triangulation)
are automatically created from shape parameterizations based on (a) conformal representation [GWC*03]
(2D map) and (b) diffusion mapping. Conformal and diffusion maps express in a 2D representation the
desired vertex/landmark density over the shape (e.g., few landmarks in areas of low curvature). Despite
the improvement of diffusion to yield more uniform distribution of vertices over the surface, the shape rep-
resentation remains deficient. By using the SPHARM parameterization to parameterize shapes into spheres,
spheres are divided into 2 half-spheres which are then mapped to 2D maps on which the diffusion is ap-
plied. By considering all shapes contemporaneously and their diffusion maps, average maps can be created
and new triangulations can be mapped back to all the training shapes establishing the correspondence. The
resulting training shapes after MDL-based optimization exhibit (c) uniform landmarks distribution. Images
from [Hei08] and [HWMO07] used by permission.
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One of the shortcomings of Davies et al. 's [DTC*02] approach and its variants, is the restric-
tion to have shapes that are already topologically equivalent to a sphere. Various alternative
approaches were thus proposed to address this point. In [CFS*07], a non-parametric particle
system independent of the shapes topology exploited the notion of shape entropy to compute an
optimal correspondence. Syrkina et al. [SGS07] replaced the SPHARM parameterization with a
similar approach to [LLS02], in which shapes were automatically divided into patches mapped to
discs, and used the simplified MDL-based objective function [Tho03, HWWMO05]. Another type
of approaches not imposing topological constraints are the landmarks sliding correspondence
methods [WKR04, DMW™07, DIM*09]. These approaches update the position of landmarks over
the shapes by locally sliding them until a cost function is minimized. The cost function is based
on the thin plate bending energy and on a series of constraints imposed on the landmarks slid-
ing. The minimization is formulated as a quadratic programming problem that can be solved
efficiently [GWO03].

Correspondence based on group-wise image registration is also becoming popular. In [TWT*04],
Tsai et al. exploited the optimization of an alignment cost functional which simultaneously
aligned labeled images by minimizing the difference between any pair of images in the train-
ing collection. Based on the diffeomorphisms theory [MYO01], various approaches were proposed
[JDJG04, CMT*04, HHL07, CTBTO08]. In addition to support group-wise correspondence, these
methods produce invertible non-rigid transformations. Eventually, other hybrid techniques exist.
For instance, Luo and Hancock [LHO3] designed an objective function based on the cross-entropy
between probability distributions for alignment and assignment errors. This approach was only

presented in 2D case.
2.5.4.7 Evaluation

As mentioned in the introduction, no consensus has been reached in choosing the best corre-
spondence approach. This is mainly due to the fact that the true correspondence for biological
shapes is usually unknown. As a result, various evaluation approaches were proposed in order
to objectively assess the quality of a correspondence approach (and hence the corresponding sta-
tistical deformable models). The following review focuses on landmark-based statistical models
(PDMs). Davies et al. [Dav02] proposed three measures function of the number k of retained
principal modes (See Sec. dimensionality reduction in Sec. 2.5.3.1) to compare correspondence
methods [MDWO08]:

— Compactness C(k): measures the amount of variance by C(k) = ¥1<jck A;-

— Generality G(k): measures the ability of the SSM to represent shapes not present in the train-
ing set by using k modes. This is usually computed by using a leave-one-out (LOO) cross-
validation strategy which computes the distance of the omitted shape to the closest match of
the SSM built on the remaining training shapes.

— Specificity S(k): measures the capacity of the SSM generative model to yield only valid shapes
by using k modes. This measure is estimated by generating random parameters values Y =

{y1,...,yx} In the generative model (2.17) according to a zero mean Uniform distribution (i.e.
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y; ~ N(0,A;)) and by computing the distance of the generated shape to the closest training
shape.

Given two SSMs built from the same training set and feature type, and with a maximum K of
principal modes, SSM 1 is considered better than SSM 2 according to measure X ¢ {C,G, S} if
[MDWO08]:

Vke{1,2,...,K}, X1 (k) < Xp(k), and

(2.23)
Ik e{1,2,...,K}/Xy (k) < Xa(k)

By varying k, curves for Compactness, Generality and Specificity can be plotted and correspon-
dence methods can be visually compared. In 1998, Neumann and Lorenz [NL98] already com-
pared 2D SSMs with various representations (PDMs, wavelets, etc.) by using a reconstruction
measure similar to the Davies’s Specificity S. In [SRN*03], Styner et al. used these measures
to rank SPHARM parameterization, MDL and DetCov approaches with a training set of brain
structures. The conclusion was that MDL and DetCov outperformed SPHARM. Landmark slid-
ing correspondence approaches [WKR04, DMW*07] were also compared to MDL and SPHARM
in [DMW™*07, DIM*09] with hippocampus data.

Davies’s measures were nevertheless criticized by various authors which proposed alternatives.
Karlsson and Ericsson [KE06] reported the issue of intersecting curves which yield ambiguity
between benchmarked approaches (violation of Eq. (2.23)). They proposed to use a ground
truth-based correspondence measure from synthetic or real datasets with manually located land-
marks for which correspondence was known. Various MDL-based approaches were investigated.
In [SXESG07], Image-to-Image deformable registration, MDL and SPHARM were compared by
using a local shape analysis based on non-parametric permutation tests [PLNS04]. The Com-
pactness measure was criticized because the MDL objective function optimizes shape compact-
ness, which might create a bias in favor of MDL. Munsell et al. [MDW07, MDWO08] proposed
to generate a large collection of artificial shapes from a ground truth SSM and to apply various
correspondence approaches. Corresponding PDMs were then built and compared between them
to evaluate the accuracy of the shape correspondence. One of the issues of this approach is that
in many real cases, a ground truth PDM is not available. The authors proposed to address this
issue by modifying the framework to exploit instead a large collection of real aligned shapes. Al-
though this modification removed the need of a ground truth, difficulties were raised in finding

a sufficient number of shapes and in aligning them without prior point-correspondence.

Last but not least, the quality of SSMs and their correspondence approach can also be evaluated
in a segmentation context by assessing their efficiency. In [VADF'06], van Assen et al. tested
various correspondence/landmarks distributions to build SSMs of the heart ventricle. Subse-
quently, these SSMs were tested on cardiac MRI images and produced segmentation results were

compared with manual ones.
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2.5.5 Statistical Deformable Models

Let us present now more in details, statistical deformable models based on landmarks and ap-
pearance models. We already stressed that implicit shape representations are intentionally briefly
covered in this thesis. Implicit models requiring special approaches, these will not be detailed in
this chapter. In the following, we assume that the SSMs have been built from a set of shapes with
aligned landmarks in correspondence. A statistical shape model based on the PCA statistics has
been derived and the SSM is ready to be used for medical image analysis. The various steps for

using SSMs will be now described.
2.5.5.1 Initialization

For statistical shape models derived from deformable models special attention must be paid to
their initialization. The first way to initialize models is through manual intervention [KSG99,
LSHDO04, PFJ*03]. In case of SSM, the mean shape can be manually positioned in the image (e.g.,
[LSHDO04]) or special cues (e.g., landmarks [H]08]) can be specified by an operator to drive the
initialization.

The major inconvenience of manually-based initialization is the loss of automation which is
essential when large datasets need to be processed. Segmentation approaches with low prior
knowledge can be used to automate the initialization. In [CDNAOQ7], bladder segmentation of CT
images is initialized by first performing a locally affine registration on bone structures extracted
by thresholding, followed by a region growing algorithm. Similarly, Fripp et al. [FCWO07] and
Koikkalainen et al. [KPL*04] carried out atlas-based affine registrations to respectively initialize
SSMs of knee and heart structures in MRIL Generalized Hough transform was also applied to
automatically fit the mean shape, as reported in [SKH*08, EPS*08, KLZH08, KLZH09].

Aforementioned approaches did not fully exploit the generative aspect of the SSM. In fact, based
on the generative aspect of SSM, it is possible to estimate initial alignment (pose) and shape pa-
rameters by optimization techniques. For instance, an edges extraction algorithm was exploited
in [YOT*09], where a cost function expressed the goodness of fit between a shape generated by
an SSM and detected edges. Similarly, Ding et al. [DLH07] attempted to initialize a 3D SSM of
femur with 2D X-rays by using extracted edges as image cues and by optimizing projection and
shape parameters. In [KH98], 2D structures to be tracked in video images were initialized by
formulating the optimization process as a Maximum a posterior (MAP) problem (See Appendix

Sec. B.4.2), solved by a global optimization based on simulated annealing.

Another type of popular automatic initializations are those based on the concepts of evolution-
ary algorithms (EA), and notably its popular class of genetic algorithms (GA) [Hol75]. The idea
is to represent the pose+shape parameters (genes) as an individual (chromosome) of a popu-
lation. Generation after generation, these individuals undergo several transformations through
operators of selection, mutation and crossover based on the concepts of evolution. Generally,
EA algorithms are randomly initialized and are global approaches since they can avoid being

stuck in local minima. Successful initialization of SSMs based on EA principles were reported
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in [HT92, HMMWO07]. In a similar fashion, particle filtering was used by de Bruijne and Nielsen
[dBNO4] to achieve vertebrae segmentation from spine radiographic images. Compared to GA,
particle filtering adopts a variant of the mutation scheme and does not have a cross-over operator
[HMO9].

2.5.5.2 Evolution

In this Section, we will review various evolution (or search) strategies used for knowledge-based
deformable models and in particular PDMs. Special emphasis will be made on the Active Shape
(ASM) and Active Appearance (AAM) model searches which are often used for image segmen-

tation.

Active Shape Model (ASM) Originally presented by Cootes et al. [CHTH93], ASMs are partic-
ularly popular in medical image segmentation. Based on PDM, the ASM search assumes that
evolving models X are shapes expressed by the PDM and transformed by an alignment trans-

form T:
X =T(X+dY) (2.24)

The alignment transform type must be identical to the one used in the alignment procedure
(Sec. 2.5.2). During the evolution, along the normal n; of each mesh point x;, a similarity
score E is computed at various positions {z?, ..., 2"} that are regularly sampled based on the
chosen appearance model. Among these m values, the “optimal” position z} with respect to
the appearance model is expressed as the position with highest score. The next step consists in
finding a shape X* generated with Eq. (2.24) that satisfies at best the shape Z* = {zJ,...,z},}.

To achieve this, Cootes et al. proposed an iterative process composed of the following steps:

(S1) Initialize the shape parameters vector Y? (i = 0) to 0.

(S2) Generate a shape instance X = X + ®.Y* (Eq. (2.17)).

(83) Find the transform T that best fits X with Z*.

(S4) Use its inverse to project Z* in the common frame, Z = T~1Z*.

(S5) Update the shape parameters to match Z: Y**1 = ®T(Z - X) (Eq. (2.15)).
(S6) Constraint the shape parameters vector Y*! (Sec. 2.5.3.1).

(S7) if RMS(Y**! - Y?) > ¢ return to step (S2).

(S8) End of optimization, X* = Z.

RMS stands for root mean squares error. The iterative process stops when the variation of
shape parameters between two successive iterations are within a significance level €, which is

empirically derived.

One of the criticisms of ASM is that optimal image-driven positions z} are computed without
any prior-knowledge of the shapes. As a result, if many model points become wrongly attracted
by the image artifacts, the shape model will try to satisfy these points and will inevitably yield
incorrect segmentation results. A first solution to tackle this issue was to use a multi-resolution

approach on the image [CT94, HQS06]. The principle is to evolve the deformable model on
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different image resolutions from coarse to fine, improving accuracy and speed of convergence.
Alternatively, erroneous positions can be detected and corrected. Niu ef al. [NSC*05] identified
outliers based on a confidence metric and dynamically updated the underlying PDM model to
reflect the reliable point positions. Duta and Sonka [DS97] compared the influence of a new
point position on the shape parameters against an average influence to express point reliability.
If it was too large, the point was flagged as erroneous and its position was estimated from its
reliable neighbors. Instead of detecting and correcting erroneous points, their influence can be
reduced by the use of weights, as exemplified in [RG02], in which the use of M-estimators vs.
Random sampling (RANSAC [FB81]) was compared.

In order to improve the SSM’s ability to delineate fine details, several authors proposed to relax
the global effect of PDMs by devising local models of variations. By combining global and local
models, the SSM preserves its specificity while improving its generality to capture fine details.
A popular approach to model local variations is based on Markov Random Fields (MRF). MRFs
consider the local relationship that exist between neighbors in a formulation suitable for Bayesian
inference. From a computational viewpoint, these MRF-based approaches are more attractive
than methods that attempt to simultaneously and globally optimize the positions of all points
with respect to the appearance model. Nevertheless, compared to the traditional ASM search,
these MRF-based models are more computationally expensive and are more commonly found in
2D segmentation [KH98, LWTX06, HLM07, TBA*09].

Active Appearance Model (AAM) The AAM search simultaneously exploits region and shape
features by building a combined PCA model. Let us consider the following generative models

for shape X and texture X; (all textures being warped to the mean shape):

X :Ys“‘qbsys

= (2.25)
Xt = Xt + q’th

The combined PCA model recovers the correlation between the shape and the texture by per-

forming a PCA on the principal components of the two models [CET98b, Ste04]:

yo| ¥ (2.26)
1y ,
Y =®.C (2.27)

where, Y is a vector combining the two principal components and which is expressed with a
third PCA model (2.27). The matrix Ws weights the principal components of the shape model
with respect to those of the appearance model. It can be simply approximated as r2I, where I
is the identity matrix and r? denotes the ratio of the total intensity variation to the total shape

variation [Coo01]. Any shape-appearance instance can be thus generated with the combined
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PCA model:
Xs = Xs+O WP C

Xt = Yt + CDtCDC,tC
ch,s
(Dc,t

(2.28)
o, =

Dimensionality reduction can also be applied by truncating ®;, ®; and ®.. Any instance of a
AAM is eventually produced by using Eq. (2.28) and a pose transform T as in ASM’s Eq. (2.24).
Let us consider a vector P which contains the AAM model and pose parameters. We name G;
the texture generated by warping the texture of the current shape to the mean shape and G,
the texture generated with Eq. (2.28). The residuals are thus given by r(P) = G; - Gs. The
main assumption of AAM is to consider a constant linear relationship between residuals and
variations dP of model parameters:

dP = -Rr(P) (2.29)

where R is referred to as the prediction matrix. During the segmentation, a new deformation
of the model is thus computed by adding the prediction dP to the current state P based on the
residual 7(P). The estimation of the prediction matrix is crucial in the AAM search, and vari-
ous approaches to compute it were hence proposed. Cootes et al. [CET98b] initially employed
a multivariate regression approach by randomly generating a large number of perturbations on
the training images. Although the regression could be efficiently computed by principal compo-
nent regression, a simpler approach based on a first order Taylor approximation was preferred
[Co001, Ste04]. In addition to it being faster, it was also claimed to be more reliable. In [DRL*06],
canonical correlation analysis was instead used to compute the prediction matrix. The computed
matrix by this approach was depicted as more accurate than the Taylor expansion, which re-
sulted in a faster convergence of the AAM search. AAM search has been successfully used in
various segmentation approaches, e.g. [OLU"03, MLvdG*00, LvdGM*02, UFS*03, SFK*08], and
similarly to ASM, many variants were proposed. For instance, Beichel et al. [BBLS05] described
ways to robustify the AAM search by detecting and rejecting outliers based on an unsupervised
clustering of the residuals. Similarly, Gross ef al. [GMBO06] presented a robust search based on the
gradient descent algorithm, coined robust normalization algorithm, which was able to efficiently
track faces in presence of occlusions. More details with comparative studies on AAM can be
found in [CET98a, CKN02, HMO09].

Other works In addition to ASM, AAM and ASM-AAM hybrid approaches (e.g., [KMB*03,
YZGO05]), various alternatives that exploit shape and appearance priors are found in the literature.
Many approaches define the segmentation problem as a maximum a posteriori (MAP) problem
formulated in a Bayesian framework. Leventon et al. [LGF00] used a MAP estimation of the pose
and shape parameters to derive the optimal model configuration from image information and
shape priors built from a PCA on SDF maps. Ding et al. [DLHO07] used the same approach but
added the use of dynamic directional gradient flow to guide the model evolution. In [DGZ07],
a 3D SSM of the proximal femur was first coarsely fitted on an X-rays image. Then, a bone

contour with landmarks was created from the 3D projected model. A local refinement of the
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landmarks position was finally carried out by a MAP estimation, which accounted for image
information (gradient) and terms penalizing shape deformations that were too far from the initial
contour. Seise et al. [SMRWO06] also studied bone segmentation from X-rays and proposed a
MAP estimation in which shape and appearance models were expressed as PDM and Gaussian

mixtures, respectively.

Heimann et al. [HMMWO07] explored the use of SSM and graph-cut techniques to achieve CT
liver segmentation based on Li et al. 's method [LMW™*05]. This method can be seen as a good
3D alternative of the 2D profile search optimization presented by Behiels et al. [BMVS02]. The
principle consists in building a directed graph based on the current mesh points and its candidate
point positions (i.e. positions regularly sampled along direction of intensity profiles). Graph
weights are then computed based on smoothing constraints and the image similarity at each
candidate positions. By performing a graph-cut, optimal point positions of the model at the next
iteration are produced. This approach achieves a global optimization based on the appearance
model, whereas traditional ASM search optimizes each landmark displacement independently

from each other.

Other examples include the approach of Pizer et al. [PFJ*03] who first globally fitted an SSM
built on medial models (m-reps). Then, local refinements were done by varying the positions
of the medial nodes. In [HAGMO04], medial models were also exploited in the construction of
hierarchical SSM. However, the evolution was not similar since the authors devised an organisms-
based approach. This kind of methods derives from concepts of artificial life in which entities are

provided with sensory modules, behavioral routines, and decision-making strategies [MHO06].
2.5.5.3 User Control

Despite the great performances of knowledge-based segmentation approaches, segmentation re-
mains error-prone, especially in situations where significant changes with respect to the training
data are present (strong pathological structures altering appearance and shapes, new imaging
protocols, etc.). In that context, the use of user intervention to guide the segmentation is of
paramount importance [OS01]. However, the required user-intervention should be reasonable
and intuitive. User constraint points have been already successfully combined with free de-

formable models, such as the classic snakes [KWT88] or the live-wire approach [BM97].

The use of constraint points with statistical deformable models is however more complex as
user constraints might indeed diverge from the shape expressed by the shape models. The
challenge stands in giving flexibility to the shape variations to account for user interaction while
keeping the specificity of the model against image artifacts. Cootes and Taylor [CT01] proposed
to include user priors on point positions in a probabilistic framework to enhance the AAM
search. In [VGDBLV03], an iterative procedure was used to constraint shapes to have boundaries
lying on user control points. The constrained problem was solved with a dynamic programming
approach. While this approach returned good results, in some cases the global aspect of PCA

(see Sec. 2.5.3.3 on sparsity) lead to the displacement of all landmarks in order to satisfy user
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interaction, pushing away the model from the correct boundaries. Neumann and Lorenz [NL98]
minimized an error energy which considered PDM and user constraint points. In [EKW09], user
interaction was achieved by the placement of control points that pulled the mesh landmarks in
a Gaussian neighborhood. A regularization of the deformations was achieved based on a shape
energy which prevented the evolving mesh to deviate too much from the local configuration
of a reference shape. This approach ensured that all shapes created with this process shared a

satisfactory point correspondence.
2.5.6 Training Dataset Size

2.5.6.1 The Problem

We have seen that knowledge-based deformable models rely on training data from which knowl-
edge is inferred. We already stressed that a small number of observations causes many issues
throughout the construction of priors: computation/eigenvalue decomposition of the (inverse)
covariance matrix for PCA (Sec. 2.5.3.1) or PDF estimations (Sec. 2.5.3.5 and 2.5.3.6), poor
Generality of the statistical deformable models (Sec. 2.5.4). In the segmentation context, poor
priors affect the capability of the segmentation algorithm to adapt itself to new data (gen-
erality) and results in “over-constrained” behavior. As reported in [HMO09], various authors
[LSHD04, HMMWO07] observed a strong correlation between segmentation accuracy and number

of training samples.

The creation of (high-dimensional) priors is intrinsically doomed by the so-called curse of dimen-
sionality (see Appendix Sec. B.5.3), where the required number of samples grows exponentially
with the dimension. In simple words, a significant amount of data is necessary to produce good
priors, especially when the observations are high-dimensional features. However, as reported
in Sec. B.5.3, the number of required training samples does not necessarily always scale ex-
ponentially with respect to the number of dimensions. For instance, a biological structure is a
N-dimensional entity when its shape is modeled by N landmarks. But, its shape might vary a
little among individuals, and as a result it is very likely that a satisfactory number to express
shape variations will be significantly smaller than N. Still, biological variations can be important
and in practice a satisfactory number of 3D (processed) datasets is rarely available in a medical
environment [HMO09] due to the difficulty to gathering and processing medical acquisitions (e.g,

time consuming (manual) segmentation hampered by limited clinical resources).
2.5.6.2 Enlargement Approaches

When not sufficient training data is available, adapted approaches are necessary in order to
improve, at best, the quality of the statistical models. A first solution consists in using special
estimation approaches. For instance, Everson and Roberts [ER00] proposed a Bayesian inference-
based approach, sharing concepts with PPCA, to estimate the eigenvalues spectrum in presence

of noise and limited number of observations.

Another idea is based on improving the generality aspect by artificial means. The most popular
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approach is to modify the covariance matrix by generating synthetic shapes variations. In [CT95],
FEMs were used to synthesize shape variations that were jointly included into the covariance
matrix. Similarly, Wang and Staib [WS00] merged the original covariance matrix with a synthetic
one. In [BH95], local variations were created by adding noise to the covariance matrix, which

corresponded to the addition of isotropic Gaussian noise to the training shapes.

Another approach is to directly create new artificial shapes from the existent training shapes. In
[LAL*05, TKLLO6] various approaches of enlargement were tested to build SSMs of the heart.
The best approach was obtained by non-rigidly perturbing the shape landmarks in randomly lo-
cated neighborhoods represented by spheres. Alternatively, some authors proposed to reduce the
dimension of the training shapes by using hierarchical representations. Davatzikos et al. [DXD03]
used for example a wavelet transform to decompose the shapes into sub-bands on which prin-
cipal modes were computed. The same idea was exploited in [ZT05], were shapes were divided
into small regions before a PCA was applied on each of them. To ensure shape continuity be-
tween the regions, training shapes were projected as curves on a hyperspace in which continuity

was established by using a curve alignment scheme.

2.6 Discussion

In this state-of-the art, we have seen how prior-knowledge can significantly improve segmen-
tation approaches, notably deformable models. In fact, while deformable models offer some
advantages (sub-pixel accuracy, occlusion robustness, complex shape modeling, etc.) they suffer
from a poor control of the shape variations (e.g., ad-hoc smoothing controlled by parameters).
The consequence is their incapacity to segment highly curved details and an increased sensitivity
to poor initialization. However, the use of prior-knowledge in shape and appearance helps in

correcting these limitations.

The counterpart is of course the effort required to build efficient statistical deformable models.
Correspondence must be established, models have to be aligned and priors need to be computed.
All these stages have their weaknesses and requirements. In this thesis, we propose new solutions
to devise robust and efficient knowledge-based deformable models by addressing the key stages

which are model construction, initialization, evolution and control.

We purposely did not detail the construction and usage of knowledge-based implicit deformable
models. The principal reason is that special approaches are necessary. Indeed, one of the main
aspects to care with implicit models is that PCA is theoretically not applicable with features not
belonging to an Euclidean vector space, which is a linear space. For example, Signed Euclidean
distance function maps (SDF maps), previously presented for levelset-based implicit deformable
models (Sec. 2.4.3), do not form a linear space. By creating linear combinations of SDF maps,
chances are that invalid shapes will be implicitly defined. Nevertheless, Leventon et al. [LGF00,
Lev00] reported successful results with implicit SSM based on SDF maps and inspired many
extensions [RP02, TYW*03]. Later on, Pohl et al. [PFS*06] proposed a solution to this problem
based on the embedding of the SDF maps into the Logarithm Odds space. Similarly, implicit
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representations based on medial models (Sec. 2.4.1) require special care as the medial nodes
components do not belong to an Euclidean vector space but to the Lie group [FLJ03]. More

information on shape priors for implicit models are found in [CTT*02, CRDO07].
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Chapter 3. Human Musculoskeletal Modeling

3.1 Introduction

In this Chapter, we will present the human musculoskeletal system. In Sec. 3.2, an anatomical
description will is by presenting the main type of structures of the human musculoskeletal sys-
tem. Then, Sec. 3.3 will report most common acquisition modalities to image the musculoskeletal
structures. These information are provided to better understand the challenges faced by the dif-
ferent computer-based studies involved in modeling the musculoskeletal system. These studies
are detailed in Sec. 3.4, where special attention is given to image-based modeling since it is

closely related to the topic of segmentation previously detailed in Chap. 2.

3.2 Anatomy

Medical information have been gathered from a collection of sources such as Wikipedia (http:
//www.wikipedia.org), Henri Gray’s anatomy book (old [Gral8] and new [S*05] editions),

as well as other relevant literature e.g. [Cael0].

3.2.1 Overview

The human musculoskeletal system is mainly composed of the skeleton and muscular systems,
and it provides locomotion, stability and protection. The skeleton (Fig. 3.1(a)) is composed of
bones on which skeletal muscles (Fig. 3.1(b) and 3.1(c)) are attached via tendons. Bony segments
are connected with each other at joints, which provide different degrees of freedom depending
on their structure. Joints are stabilized either by fibrous tissue at the articular interface or by lig-
aments. Ligaments are flexible and passive structures that play a major role in the joint stability.
Indeed, ligaments transfer some loads and quickly increase their rigidity in presence of abrupt
motion changes, thus reducing the risk of articular injuries. Cartilages are another essential
structures of the joints, which are also vital in the early development of many bones. Cartilages
prevent bone-to-bone contacts and act as shock absorbers by allowing fluid to be squeezed out,
which ensures good lubrication of the joint. Tendons attach muscles to bones by strong insertion
into bone tissue, and are flexible like ligaments. Their main mechanical characteristic is to be
inextensible to efficiently transmit muscle pulling forces to the bones. Cartilages, ligaments, ten-
dons and bones belong to the category of connective tissue. Conversely, muscles are composed
of very particular cells that form the muscular tissue. Human muscles are mostly composed of
skeletal muscles which react to conscious control to produce locomotion and enforce posture. By
changing the size of their muscle cells, muscles can contract (i.e. muscles pull) and are typically
paired together in sets that work in conjunction with one another. In the following, we describe

more in details each of these structures.
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Figure 3.1: The human musculoskeletal system is mainly composed of the skeleton and muscular systems.
Images hosted at Wikipedia: (a) Hubert Liidwig, 1891; (b) and (c) collage of various Gray’s Anatomy [Gral8]
muscle pictures by Mikael Haggstrom.

3.2.2 Cartilage

During the early fetal life, cartilage tissue mostly composes the human skeleton and is progres-
sively replaced by bone tissue. At young and adult ages, cartilage is still present at joint interface
where potential contact between bones exists (hyaline cartilage) or as a supportive tissue (elastic
cartilage, e.g. in ears, or fibrocartilage, e.g. as the hip’s labrum). Cartilage plays a major role in
synovial joints. Synovial joints are a particular type of joints that link articulated bones and are
mainly classified based on their shape (plane, hinge, pivot, bicondylar, spheroidal, etc.). Carti-
lage cells called chondrocytes produce Type II collagen which represents up to 50% of the dry
weight of cartilage. Collagen mostly confers to the tissue flexibility and resistance. As a result,
cartilage is simultaneously stiff and inflexible, which allows the transmission and repartition of
loads, acting as a shock absorber in the articulation. Coupled with synovial fluid, the cartilage
moreover decreases friction within the joint. Synovial fluid is secreted by the inner layer of the
articular capsule and it also contributes to the maintenance of the living cells in articular carti-
lage. In fact, cartilage tissue is avascular and chondrocytes need to be supplied by a diffusion
process which is helped by the pumping of synovial fluid into the cartilage under compression.
Being a structure constantly stressed and without blood vessels, cartilage exhibits hence a slow

regeneration process.

Cartilage completely covers the bony areas in contact to prevent painful and mechanically inef-
ficient bone-to-bone contacts. Other cartilaginous structures might be also present to improve
the joint efficiency. This is the case e.g. of the fibrocartilaginous labrum rim that is attached to
the margin of acetabular cartilage of the hip (See Sec. 3.2.6 and Fig. 3.3(c)). Its role is to deepen
the acetabular cup and to reduce the friction between articular cartilages. As a consequence, me-

chanical fatigue is decreased and the joint becomes more stable and more congruent [FBGIOO0],
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where the joint congruency quantifies the degree of lateral joint subluxation. Articular cartilage
thickness is related to the joint congruence, as thiner cartilages are usually found in congruent
joints (e.g. ankle) [S599]. Cartilage thickness is also altered by some pathologies and especially
osteoarthritis (OA) which progressively degenerates cartilage tissue until it is completely bro-
ken down. As such, cartilage thickness evolution is often monitored with computer-assisted

techniques [LEHE97, KGG*03] to detect early signs or progression of articular diseases.

3.2.3 Bone

Bones are usually composed of two parts, compact and trabecular (also known as cancellous or
spongy) bone tissues. Compact bone is usually present in the external shell of mature bones (cor-
tical bone) and it is much more denser than cancellous bone. Indeed, cancellous bone is usually
found at the bone organ interior and presents many cavities containing the marrow. Similarly
to cartilage, bone is also made of collagen which provides some elasticity to the tissue. This
special architecture confers to the bone an excellent resistance with a low weight (the skeleton
represents around 14% of the total body weight of an adult). In fact, a first role of bone is ob-
viously to protect the different internal soft organs and to support the weight of the different
structures. Moreover, bones contribute to locomotion by transfering muscle forces and moments
via the system of joints and tendons. Bone can also transmit vibrations to support the hearing

system.

Based on the shape and proportions of compact to cancellous bone, there are different categories

of bones:

— Long bones such as the femur (Fig. 3.2) and most bones of the limbs. Their main characteristic
is to have a shaft named the diaphysis that is much greater in length than width.

— Short bones such as those of the wrist or ankle, roughly shaped as cubes. Sesamoid bones are
short bones that present the characteristic to be embedded in tendons, like the knee patella.
They influence the distance or angle between the tendon and its joint thus possibly increasing
the magnitude of the joint moment, which enhances the muscle leverage.

— Flat bones such as the skull or the hip bone (Fig. 3.2) are usually thin and curved.

— Irregular bones are the bones which do not fit into the above categories, such as the spine and
some parts of the pelvis (e.g. coccyx).

In addition to their mechanical functions, bones provide 99% of the metabolic calcium and phos-

phate. Furthermore, bone marrow plays a primordial role in the metabolic system. The marrow

is composed of red and yellow types. Red marrow is reponsible for the production of blood cells

(e.g., white and red cells) while the yellow marrow essentially stocks fat cells. In case of high

demand for blood cells due to e.g. a heavy blood loss, yellow marrow can be converted to red

marrow.

Bone growth follows either the intramembranous ossification or endochondral ossification pro-
cesses. Intramembranous ossification is responsible for the formation of flat bones, while en-
dochondral ossification produces long bones. The process of endochondral ossification, which

transforms cartilage into bone and produces the different tissues such as the marrow, explains
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for example why at bone extremities, the compact bone tissue is much more thinner with respect
to the one observed in the diaphysis of long bones. Bone located below the articular cartilage,
named subchondral bone, tends thus to present a thin cortice. It is important to be aware of
these bone density and thickness variations resulting from the ossification processes. In fact,
they explain some strong bone intensity inhomogeneities observed with different imaging tech-
niques (See Sec. 3.3). This knowledge can thus help us in devising more adequate segmentation

techniques.

3.2.4 Ligament

Most ligaments are articular ligaments, i.e. they attach the bones together. Articular ligaments
can be either extra-capsular or intra-capsular, i.e. located outside or inside the synovial capsule,
respectively. Extra-capsular ligaments stabilize the joints, such as the iliofemoral ligament of the
hip (Fig. 3.3(d)) which is the strongest ligament in the human body. Intra-capsular ligaments also
improve joint stability and also contribute to having a larger range of motion (e.g., the cruciate
ligaments of the knee). Joint stability is essential as instabilities can eventually lead to wear of
the cartilage and thus to OA.

Ligaments mainly provide mechanical support to the joint. Like tendons, ligaments transmit
longitudinal loads (they are almost only tensile) and are wrapped in a layer of loose connective
tissue to allow sliding with little friction. However compared to tendons, ligaments are loaded
heavily only occasionally, typically to avoid joint damage (dislocation, etc.). Ligaments are thus
elastic to allow progressive deformations but only for a certain amount to avoid injuries. Addi-
tionally, they are characterized by hysteresis, or in other words, they are viscoelastic materials.
Furthermore, ligaments have high water content and are thus almost incompressible under pres-

sure.

Various factors affect the mechanical behavior of ligaments. Ligaments are for instance altered
with age. Developing ligaments are more compliant and less resistant than the ones of adults
[WOG*86]. Further, the older the person gets, the less the tissue deforms before rupture and the
more its stiffness decreases [WHA*91]. Gender may also influence the mechanical properties of
the ligaments, where significant difference is only observed for the structural properties (force,

displacement) [TMM78] rather than the material properties (stress, strain, etc.) [BLS*07].

3.2.5 Muscle and Tendon

There are three types of muscle in the human body:

— smooth muscles, which are present in the walls of hollow organs, vessels and respiratory path-
ways. Their contraction is unconscious and they are thus referred to as involuntary muscles. In
some cases, their fasciculi are associated with those of skeletal muscles (e.g., urinary bladder).

— skeletal muscles, which are attached to bones via tendons. Skeletal muscles are made of bundles
of parallel fibers that can adopt different configurations, yielding a large variety of skeletal

muscle types based on their form and fascicular architecture (quadrilateral, strap, tricipital,
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triangular, bipennate, etc.).

— cardiac muscles, which are uniquely found, as their name indicates, in the wall of the heart.
This type of muscle is peculiar because it presents a tissue architecture similar to skeletal
muscle but differs from being an involuntary muscle. Furthermore, fiber bundles are less
regular than in skeletal muscles.

Muscle cells contain a contractile protein called myofibrils which contracts under nervous stim-

uli. Muscle cells possess a cytoskeleton whose elements can thus lengthen or shorten. In case

of skeletal muscles, generated forces are transmitted to the surrounding connective tissue (my-
ofascia) to eventually yield movement via the bone-tendon coupling. Tendons are attached to
the periosteum of bones (i.e. the outter membrane of bone surface) and are made up of colla-
gen fibers which give them strength and elasticity. Tendons present various shapes and sizes
depending on their role and location. Bone-tendon attachment locations are correlated to bone

shape to ensure mechanical efficiency and present a little inter-individual variability [KvdHO04].

There are approximately 639 skeletal muscles (varying number because medical sources group
muscles differently) in the human body and they account for the largest fraction of the human
muscles. Several muscles participate in the production of movements although some movements
might be very simple. This apparent muscle redundancy highlights the puzzling capability
of the musculoskeletal system to deliver high performance with a complex muscles network.
The usage of different muscles might be explained by the need to achieve a balanced reaction
at joints so that stability depends less on passive structures such as ligaments. Similarly, the
limited range of operation of some muscles may require the combination of several muscles to
deliver appropriate forces over the full range of movements. In this context, advanced numerical
simulations [TADO3, SP07a] are a great tool to investigate different models of the neuromuscular

system.

3.2.6 Hip Joint

Hip joint structures are covered in depth since many of our modeling approaches have been

specifically designed for this articulation. The hip joint is mainly composed of:

— Two bones: the femur and the hip bone (Fig. 3.2). The hip bone is divided into three bony areas
named ilium, ischium, and pubis (top of Fig. 3.2(b)). The femoral head (bottom of Fig. 3.2(b))
is inserted into the acetabulum to form a “ball-and-socket” synovial joint.

— Two articular cartilages and one fibrocartilage (Figs. 3.3(a)-(c)): the femoral and acetabular car-
tilages, and the labrum. Femoral and acetabular cartilages cover the femoral head and the ac-
etabulum, respectively. The labrum is a supportive structure that improves the joint efficiency
and stability.

— Four ligaments (Figs. 3.3(d) and (e)): the iliofemoral, ischiofemoral, pubofemoral and round liga-
ments which attach the femur to the ilium, ischium, pubis and acetabular notch (top of Fig.
3.2(b)), respectively. The first three ligaments are strong extra-capsular ligaments that stabilize
the hip joint. The round ligament (formally referred to as ligamemtum teres femoris) is an

intra-capsular ligament that connects the hip bone’s acetabular notch and the femur’s fovea
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capitis (bottom of Fig. 3.2(b)) to mainly prevent serious subluxation from occurring.
The hip joint is similar to the shoulder joint for the lower limbs and allow multiplanar move-
ments. The hip however has to bear around 2/3 of the body weight and requires thus a stronger
stability ensured with a deeper joint articulation and an efficient network of muscles and liga-

ments.

(a) (b)

Figure 3.2: Bones of the hip joint. (a) from left to right: anterior, lateral, posterior and medial views of
the right hip joint bones. (b) top: hip bone divided into three bony regions, pubis (green), ischium (blue)
and ilium (red). Acetabular notch (AN) is located below the acetabular (region delineated with white dots).
bottom: proximal femur with greater (green) and lesser (blue) trochanters, and femoral head (red) with
fovea capitis (FC).

(a) Acetabular (b) Femoral (c) Labrum (d) Ischiofemoral (e) Hiofemoral and
cartilage cartilage and iliofemoral pubofemoral
ligaments ligaments

Figure 3.3: Cartilages and ligaments of the hip joint. (a) acetabular cartilage, (b) femoral cartilage, (c)
labrum, (d)-(e) ischiofemoral (blue), iliofemoral (red) and pubofemoral (green) ligaments.

Various musculoskeletal pathologies and associated disorders affect the hip. Among them, os-
teoarthritis (OA) is a very common disease, which has several known causes. Abnormal joint
morphology is one of the most common causes, which includes hip dysplasia [RSGP06], hip
dislocation and femoroacetabular impingements (FAI) [GPB*03, PMD*06]. Others factors such
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as repetitive micro-trauma and some characteristic movements (e.g., torsion, twisting, hyper-
abduction) have been also associated with the development of hip OA [LS06]. The relationship
between OA and motion is dependent on various factors, such as the subject characteristics
(e.g., gender, age, weight) and performed activities (frequency, intensity) [LBOO]. In some cases,
moderate activities might not accelerate the development of OA and may even be beneficial
[GEG*04].

Conversely, activities with extreme motions have been often associated with an increasing risk
for the development of OA. As an example, a study from the University of Bern [KSWMO09]
corroborates the idea that athletes participating in intense sports possess a higher rate of hip OA
and an earlier onset of this disease compared to the general population. Using karate athletes as
subjects, a strong correlation between the early OA and FAI was established. The study between
OA and extreme motion is also subject to intense research at MIRALab [ACS*09, CAVMT09] and

part of this thesis particularly aims at supporting this research direction.

3.3 Imaging Modalities

The most common imaging modalities for musculoskeletal imaging and modeling are X-rays
imagery, Computed Tomography (CT), Magnetic Resonance Imaging (MRI) and ultrasound (US).
We report in this Section sthe primary characteristics, as well as strengths and limitations of
each modality. It is especially important to understand the capabilities and constraints of these

modalities with respect to our goal of modeling the musculoskeletal structures.

3.3.1 X-rays, Fluoroscopy and Computed Tomography

X-rays imagery quantifies the absorption of X-rays from the various tissues under X-rays expo-
sure. It is thus an invasive modality as ionizing radiation is observed and it is known to yield
to cancers in case of over- or repetitive exposures. Still, it remains a widely utilized modality
[BMVS02, DGZ07, ZSG10] for its ability to be used intra-operatively and its relative simplicity
and low-cost. Fluoroscopy is a dynamic modality based on X-radiography which produces X-
rays movies. Both X-rays and fluoroscopy images suffer from their inherent 2D projections which
seriously limits the spatial interpretation of structures as well as the accurate tracking of motion
in dynamic images. Furthermore, these modalities are not always the most appropriate when
it comes to gauging small bone changes due to musculoskeletal disorders. In these cases, MRI

(Sec. 3.3.2) or ultrasound imagery (Sec. 3.3.3)[BKS"99] are better alternatives.

The 3D static counterpart of X-rays images is Computed Tomography (CT), which is often pre-
ferred for the reconstruction of skeletal structures [KEK03, KK08], depending on the structures
to be imaged (e.g., X-rays remains the common choice for trauma imaging of the hand and
wrist [Wil05]). CT can deliver images with high resolution (below mm) and offers imaging in
the transverse plane and multiplanar reconstructions. Moreover, in CT, cortical bone can be
clearly differentiated from trabecular tissue which yields a better detection and characterization

of complex fractures [Fel00]. CT intensity of different tissues can be predicted with a reasonable
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accuracy by referring to their typical values in the Hounsfield scale. The common Hounsfield

Units (HU) of different substances and tissues are reported in Table 3.1.

Substance/Tissue HU
Air ~ 1000
Fat ~ 120
Water 0
Muscle 40
Bone > 400

Table 3.1: Typical Hounsfield units of various substances and tissues
(source: http://www.wikipedia.orq)

Bone HU are typically very high compared to those of other structures. This characteristic eases
the design of bone segmentation approaches based on techniques such as thresholding, region
growing and deformable models (See Sec. 3.4.2). Figure 3.4 illustrates how a simple threshold-
ing gives a good delineation of the bone contours. Finally, different research directions jointly
combine some X-ray variants to derive new acquisition techniques, like the fusion of CT with

fluoroscopy to assess in vivo motion [YWT*07].

(a) (b) (0 (d)

Figure 3.4: Computed Tomography (CT). (a) transversal CT slice of the hip articulations, which is easily
thresholded as shown in (b). (c)-(d) same but in the coronal plane.

3.3.2 Magnetic Resonance Imaging

In MRI, hydrogen atoms, which are essentially found in water molecules within the tissues, are
aligned under the influence of a powerful external magnetic field. Radio frequency (RF) fields are
then used to perturb the alignment of the atoms which emit a resonance signal detected by the
scanner. The collection and processing of these signals yield the creation of volumetric images.
Such magnetic-based imaging does not create any harmful ionizing radiation [SSG*03, SC04],

which makes MRI adapted to conduct studies on healthy volunteers.

The diversity of factors accounted by the MRI signal (e.g., proton density, T1 and T2 relaxation
times, fluid flow, etc.) grants MRI with unique versatility. For instance, a fluid flow/ tissue
relationship is exploited in diffusion tensor MRI (dtMRI) to extract muscle fiber direction, pro-

viding an essential biomechanical parameter [HSV*05]. Similarly, dtMRI can be used to image
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bone marrow disorders [Std05]. Unlike CT and X-rays imagery, MRI is furthermore able to si-
multaneously capture and depict bony and soft structures (e.g., cartilages and ligaments). This
characteristic of MRI has played an important role in the study of numerous human joints, such
as the hip [KEK03, ZSN*04, PKB06, GMT10], knee [KBG*98, KHC05, LFG*98, KEK03], shoulder
[BRO5, NLBAO07], elbow [CS05] and wrist [SVG02, STCKO03]. Figure 3.5 illustrates how different
high resolution images of the articulations can be obtained by varying the magnetic field strength

(e.g., 1.5 T or 3 T) or the MRI acquisition sequences.

An increase of the magnetic field strength significantly improves the signal-to-noise ratio and
hence the image quality. In fact, the increase in the signal-to-noise ratio allows to image smaller
field of views with equivalent quality in the same acquisition time [Sch05]. As a consequence,
MRI musculoskeletal imaging of joints clearly benefits from stronger magnetic fields, as depicted
in Figs. 3.5(b) and 3.5(c). These figures also show that by varying the acquisition protocol, the
imaged intensities can drastically change between acquisitions as e.g. the bone tissue appears
darker than the muscle tissue with the MERGE protocol 3.5(b) whereas the opposite happens
with the CUBE sequence 3.5(b). This great flexibility of MRI compared to CT is very useful
for clinical diagnosis but seriously complicates the task of image segmentation for structure
delineation. Indeed, some kind of prior knowledge on the appearance is necessary to be able to
delineate structures with such inhomogeneous intensities (See Fig. 1.1 in Chap. 1). Further, the
presence of ubiquitous imagery artifacts (e.g. those resulting from the chemical shift effect as
shown in Fig. 3.6(a)) demand fine tuning of acquisition sequences and the design of more robust

modeling approaches.

(a) (b)

Figure 3.5: MRI acquisitions of human articulation. (a) slice of an MRI volume (slice resolution: 0.39 x
0.39mm) of the ankle acquired with a 1.5T High resolution FLAIR sagittal sequence. Knee acquired at high
resolution on a 3T scanner with (b) MERGE (multiple echo recombined gradient echo) and (c) FSE-Cube
sequences. These different sequences acquired with a more powerful magnet allow better imaging of the
thin and soft structures, such as knee fibrocartilaginous menisci and ligaments. Images courtesy of Bailiang
Chen and Prof. Andrew Todd-Pokropek from UCL, and Prof. Wady Gedroyc, Mr. Warren Casperz and Ms.
Lauren Sundblom from St. Mary’s Hospital.
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(b)

Figure 3.6: Example of MRI acquisition artifacts. In (a) artifacts due to the chemical shift effect are visible:
bone (white arrow) does not present uniform cortical and trabecular bone layers, some kind of “directional”
artifacts are indeed produced. As depicted in (b), this problem is clearly resolved with a more adapted
acquisition protocols. Images courtesy of Bailiang Chen and Prof. Andrew Todd-Pokropek from UCL, and
Prof. Wady Gedroyc, Mr. Warren Casperz and Ms. Lauren Sundblom from St. Mary’s Hospital.

3.3.3 Ultrasound

Ultrasound (US) emits sound waves into the medium and computes the amplitude and the time
required for the waves to bounce back. Based on an estimation of the sound speed into the
corresponding medium, distance from the emitter can be estimated. By casting multiple beams,
a 2D image of the internal organs can be reconstructed. The acquisition process is extremely fast,
thus real-time and dynamic images of the human body can be produced. Similarly, by rotating
the emitter in 3D space or by using arrays of transducers, (dynamic) 3D US is nowadays possible
and commonly used in fetal echography. US can also profit from a Doppler mode to track flow

of fluids in time by using a color scale which indicates the fluid direction and speed.

US is low-cost, non-invasive and portable which makes it very attractive as an imaging device.
Unfortunately, US suffers from low image quality due to speckle noise (scattering elements with
dimension below the wave length), geometric distortion due to incorrect assumptions on wave
velocity and most importantly shadowing effects due to the incapacity of sound waves to traverse
some media. This is particularly the case of bone tissue whose interior cannot be imaged with US
and which occludes surrounding structures. US is also handicapped by the quick decay of the
emitted waves which prevents the clear imaging of deep structures and results in small image
field of view. Still, US is more and more used in diagnostic of musculoskeletal soft tissue to
detect e.g. muscle, tendon and nerves disorders [BM05]. Figure 3.7 shows an example of a 3D
US of the leg. Image quality is undoubtedly poor compared to MRI or CT, and only a trained

eye can detect the interfaces of some structures such as the tibia or the calf muscle.

3.3.4 Image resolution and field of view

In the clinical environment, acquisition time is often a critical factor and many acquisition pro-
tocols strive to reduce it, often at the cost of (i) reduced field of view (FOV) [MI05] or (ii) low
image resolution. The FOV is typically kept small in arthrography [EW04] in order to obtain the
best resolution and signal-to-noise ratio around the joint (e.g., Fig 3.5). A low image resolution

is often necessary to cover large FOV in order to fully image the bones of the joints, as reported
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Figure 3.7: 3D ultrasound imaging of the leg. This picture shows different planes of the 3D US volume.
The tibia and calf muscle (composed of the gastrocnemius and soleus muscles) can only be distinguished
by a trained operator due to the poor image quality and limited structures visibility. Image courtesy of Dr.
Jing Deng from UCL.

in some biomechanical studies [MKP*05]. As a consequence, a large slice thickness is produced,

which yields ubiquitous partial volume effect (PVE).

A solution to simultaneously acquire a large FOV, while having fine details for small structures
such as the cartilages is to combine together different acquisitions with different FOVs and image
resolutions. This allows an overall reduction of the acquisition time but also introduces other
issues related to the registration of the different acquisitions. Modern scanners can record the
table localization information which can be used for the registration. However, other problems
remain such as the movement of the patient between acquisitions and the many imagery artifacts

which hinder the registration.

While most acquisition protocols are designed for best clinical practice, they are not necessarily
well suited for purposes of segmentation. Even with the ability to register multiple images,
segmentation is a complex task. In fact, we will later on demonstrate that image resolution and
FOV have effects in all the stages of knowledge-based deformable models: creation of priors,
initialization and evolution of deformable models. This will demand the design of new solutions

to address these difficulties.

3.4 Related Work on Modeling

In this Section, related work on musculoskeletal modeling will be presented. Instead of classify-
ing the existing methods based on the modeled structures (e.g., muscles, bones, etc.), we present
them based on their modeling approaches to show the strong ties with the previous Chapter. We
mainly distinguish two categories:

— Computer graphics (CG)-based methods: approaches that use a collection of graphic tools to

build musculoskeletal models.

- Image-based methods: approaches that rely on medical images to carry out the modeling.
The main distinction between both categories is the support of subject-specific modeling. In the
first category, anatomical information (anatomical books, sketches, etc.) is exploited to ensure
that a minimum of fidelity is achieved in building the musculoskeletal models. However, the pro-

duced models are somehow “generic” anatomical models. That means that they express general
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anatomical traits shared by all individuals. These models are then used in various ways, such as

teaching of medical student or artist, 3d models for computer graphics (games, animation), etc.

Conversely, image-based modeling has the constraint to stick as close as possible to the anatomy
of the subject in the images. Image-based modeling has been described as the most promising
way to yield subject-specific musculoskeletal models [BAGDO07]. It is nowadays the only way
to capture human anatomy on living subjects in a less invasive way. Image-based modeling is
intimately linked with medical image segmentation presented in previous Chap. 2. In fact, the
quality of the models strongly depends on the segmentation results. Eventually, in order to fulfill
the simulation (e.g., mesh element quality and quantity) or modeling (e.g., model smoothness)

requirements, additional post-processing steps are usually required.

3.4.1 CG-based Modeling

The increasing demand for better human realism strongly contributed to the development of CG-
based anatomical modeling. Fostered by the revolution in CG hardware, anatomical modeling
and simulation was addressed by various research groups. Scheepers et al. [SPCM97] modeled
human skeleton and musculature based on simple geometric entities such as ellipsoids. Anatom-
ical concepts were considered, such as the bone-muscle attachments via tendons. Furthermore,
simple muscle simulation (e.g., isometric muscle contraction, volume preservation) was also pre-
sented. Nedel and Thalmann [NT98] proposed the use of action lines to model the muscles.
Action lines describe muscles as as set of lines which account for the muscle fiber directions
and bone-muscle attachment areas (with “attachment” and “via” points). Action lines are still
nowadays found in advanced neuromuscular simulation [TADO3, DAA*07, SP07a] because they
significantly simplify the simulation which remains very time consuming. In [AT01], a similar di-
rection was chosen by modeling the upper body musculature with a two-layers abstraction. The
first level described muscles as action lines to ease muscle interactive modeling and simulation,
while the second level expressed the surface of the muscles. Shao and Ng-Thow-Hing [SNTHO03]
proposed to better model human articulations to assist CG designers. By limiting the motion of
joints based on anatomical considerations, designers have better capabilities to produce realistic

movements.

© 2005 IEEE

(b) (©

Figure 3.8: CG-based musculoskeletal modeling. (a) lower limb volumetric templates [FMT*04]; (b), (c)
anatomical modeling and simulation of the upper limbs [TSB*05]. Images used by permission.
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Some approaches made use of medical images to design muscle templates with better realism.
For instance, the human visible dataset (VHD) [Ack95] was used in many occasions to model
musculoskeletal structures of the upper [GKB*96, MT99, TSB*05] or lower [NTHF02, FMT"04]
limbs, as depicted in Fig. 3.8. Ng-Thow-Hing and Fiume [NTHF02] described the fitting of B-
spline solid models based on extracted contours in each slice of the segmented VHD. The Free-
form deformation approach was used in [FMT*04, OMSA09] to deform volumetric templates
(Fig. 3.8(a)) built from the VHD to match the muscle and bone geometries of another subject.
In [BDO05], generic templates were additionally decorated with biomechanical properties such
as the fiber directions. The direct construction of volumetric models is of interest for realistic
simulations such as finite element models (FEM). By assigning mechanical and neuromuscular
properties to these models, complex modeling and simulations can be indeed produced. In
particular, Teran et al. [TSB*05] (Fig. 3.8(b) and 3.8(c)) proposed an advanced simulation based on
Finite Volume Elements which was able to robustly handle extreme conditions such as tetrahedra

collapse.

In summary, CG-based modeling is providing powerful interactive tools to model and simulate
the musculoskeletal system. Although some approaches achieve complex biomechanical simu-
lations (e.g. [TSB*05]) based on medical images, these approaches are not really appropriate for
subject specific modeling. They tend to require significant user intervention, which make them
very time consuming and non applicable on large subject database. Moreover some approaches
rely on over-simplifications, which are not satisfactory for medical or clinical use. Nevertheless,
some of these approaches could be combined with the following image-based approaches to e.g.

simulate realistic models for CG purposes.

3.4.2 Image-based Modeling
In the following, image-based approaches are reported based on their segmentation categories.
3.4.21 Direct Segmentation

As discussed in the previous Chapter, direct segmentation approaches are usually easy to un-
derstand and to use, but in order to be successful, specific conditions and requirements are
necessary. These include operator intervention and correction, as well as adapted imaging proto-
cols. These factors often limit, in practice, the efficiency of direct segmentation in real conditions.
Still, several works can be found in the musculoskeletal modeling literature which made use of
direct segmentation, often as an initialization process to more complex approaches (e.g., use of
SSMs with thresholding in [FBCOO07]).

Specific acquisition protocols [BFS™07, FBCO07, DAWWO07] are commonly adopted to ensure the
well-behavior of classification [FOP*05, FBCO07] and thresholding [LRN*08] techniques. Other-
wise, post-corrective techniques are usually used such as in [KVP*10] where after a thresholding
procedure, an adapted method was applied to separate the fused bony structures in pathological

glenohumeral joints. Edge-based techniques can be found in MRI cartilage [LEHE97] or CT bone
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[YAGEOQ5] segmentations, especially in the case where clear and highly contrasted boundaries are
visible. Region-growing is also very popular [LZZ*00, HM02, KEK03, ZSN*04, NLBA07] when
structure boundaries are less reliable. Operators of mathematical morphology (dilation, closing,
opening, etc.) were often used in conjunction with region growing to filter and correct the results

(e.g., holes closing, false positives removal, etc.).

3.4.2.2 Registration-based Segmentation

First type of registration-based approaches is the fitting of geometrical primitives with image
data. The relatively simple nature of the primitives only allows the modeling of simple anatomi-
cal structures or can serve for the computation of some biomechanical parameters. For instance,
the femoral head is often approximated by sphere fitting from which the hip joint center is
simply estimated as the center of the fitted sphere. This approach was adopted by Overhoff
et al. [OEv]99] to segment the femoral head in US images. Ehrhardt et al. [EHW™00] also adopted
sphere fitting techniques but this time on segmented models of the femur and hip bone (Fig.
3.9(c)). The segmentation resulted from an initial affine registration with an atlas and was fol-
lowed by a free-form registration based on Thirion’s demons algorithm [Thi98], as depicted in
Fig. 3.9(a) and 3.9(b). Similarly, atlas-based affine registration was used in [FCWO07] to initialize

a more efficient segmentation algorithm based on ASM.

(b) (©

Figure 3.9: Registration-based musculoskeletal modeling. (a) a CT pelvic bones atlas (corresponding seg-
mented models in white contours) is registered with a test subject image. Result is shown in (b). Registration
of geometrical primitives can also be used to recover some biomechanical parameters like in (c): a sphere
is fitted to the femoral head or acetabulum to estimate the hip joint center. Reproduced from [EHW™00],
© 2000, with permission from IOS Press.

Pettersson et al. [PKB06] exploited non-rigid registration of CT images to segment the hip joint
bones. The registration was based on the morphons algorithm [KAO5] which relies on a local
descriptor referred to as quadrature phase. In [SJL*07], muscle geometry was extracted from
MRI images by using a non-rigid atlas registration based on the mutual information. The same
approach was exploited to compute subject specific muscle action lines [SLS*09]. In [GP08], a
non-rigid model-to-image registration was devised to segment musculoskeletal structures of the
lower limbs. Non-rigid deformations were expressed by blending rigid transforms of overlapping

mesh regions defined as model vertex clusters.
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3.4.2.3 Deformable Model-based Segmentation

As described in Chap. 2, direct segmentation and registration approaches are usually unable to
preserve model smoothness and capture fine details, respectively. In this context, deformable
models (See Sec. 2.4) are more appropriate. Bone modeling had greatly benefited from de-
formable models, especially in CT where usually highly contrasted boundaries are visible. As
a result, a deformable model closely initialized to the structure contours often produced good
results. Active contours are very popular and are often used in an interactive manner, where
contours can be locally modified to correct possible errors. Various works [SM99, KGG*03] used
a slice-by-slice segmentation approach where contours were propagated between slices. Despite
the claim of effectiveness of this approach, a loss of coherence between slices was often observed
which yielded unsmooth models as depicted in Fig. 3.10. Smoothing approaches are of course
available to correct these results, but special care must be taken in ensuring that the smoothing

preserves good segmentation accuracy.

g

Figure 3.10: Active contour-based femur segmentation [SM99]: by segmenting the structure slice by slice
(here proximal femur), there is a high probability to produce non-smooth models. © 1999 IEEE.

Bone segmentation remains difficult in articular areas due to the close proximity of the bones.
Evolving contours get attracted by the wrong contours which produce incorrect segmentation re-
sults and inter-penetrating contours in case of multiple bones segmentation. Active contours in
their original formulation are unable to tackle these issues because (i) they use a simple gradient
magnitude criterion and (ii) no interaction between evolving contours is considered. Ballerini
and Bocchi [BB03] extended the active contours approach by using a more appropriate image
energy that was able to discriminate edges more intelligently. Furthermore, instead of using
the variational calculus to iteratively minimize the snake energy, they made use of genetic algo-
rithms. These had the advantage to be global optimization approaches, which were more robust
in presence of local minima. Finally, a binding was created between adjacent snakes based on
elastic forces. Their approach was successfully illustrated with hand bones segmentation from X-
rays images, although the extension to 3D of their approach might not be straightforward and as
efficient. In [STCKO03], attention was also paid in devising specific deformable models for skeletal
structures segmentation. The authors proposed an approach which coupled active contours and
region growing, in which contours inter-penetrations were resolved with a region competition

algorithm.

Geodesic active contours and implicit deformable models based on the levelset evolution were
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used to segment the knee [LFG"98, KHCO05], spine [KK08] and skull [RBH*00] bones. As previ-
ously mentioned in Sec. 2.4.3, levelsets have the capacity to undergo topological changes which
offer more flexible ways to initialize the deformable models with respect to snakes. Never-
theless, levelsets are still facing the issues of strong bones proximity as exemplified in [KKO08],
where some spine vertebrae were wrongly fused together. Computational burden is also an is-
sue, and fast levelsets approaches [KHC05, KK08, UPBO08] are often necessary. Finally, Lorigo
et al. [LEG*98] also reported the incapacity of some implicit deformable models to distinguish

cortical from trabecular bone.

Discrete deformable models have a more flexible representation. As a consequence, various tech-
niques can be combined to better address the aforementioned issues. Gilles et al. [GMMTO06,
GMT10] proposed to consider 2-simplex meshes [Del99] as a particle system. Each vertex was
a lumped mass particle with a dynamic state (position, velocity and acceleration), which was
subject to internal and external forces. Internal forces were based on some weak prior infor-
mation that relied on assumptions about surface regularity (smoothness, curvature) and shape.
The weak shape prior used the simplex parameters which encode the local configuration of a
vertex with respect to its neighbors [Del99]. External forces considered image information (e.g.,
intensity profiles and gradients) and non-penetration constraints. Non-penetration was ensured
thanks to collision detection and response techniques between the different models. A Newto-
nian evolution was solved by a stable implicit integration scheme, which confered robustness and
the possibility to use large timesteps. This approach was successfully used to segment bones,
cartilages, ligaments and muscles (Fig. 3.11) from MRI images. More details will be given in

Chap. 5 as part of our work is based on Gilles et al.’s approach.

(b) (©

Figure 3.11: Musculoskeletal modeling with discrete deformable models [GMT10]. (a) Axial MRI slice with
segmented muscles overlay. 3D models of segmented bones with (b) ligaments and (c) cartilages of the hip
joint.

In Snel et al. [SVG02], wrist bones segmentation from MRI was carried out with discrete trian-
gular meshes that follow Lagrangian mechanics. Images forces were computed based on a 1-D
convolution of the image intensity with a second-order normalized Gauss filter. The scale of
the Gaussian kernel was evolved in a multi-scale fashion to filter out noise (large scale) while
detecting edges accurately (small scale). Regulation of meshes was based on curvature forces

which preserved the model smoothness. An inflation force (similar to the balloon force in the
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snakes model [Coh91]) was also available. Coupled with a remeshing scheme, this inflation strat-
egy allowed to place “seeds” (small tetrahedra) in the image and let them inflate until the bone
boundaries were reached. This gave a significant flexibility to the initialization process. How-
ever the downside of this approach was that a first binarization of the image was necessary to
guide the inflation process. Depending on the quality and availability of the binary image, the

segmentation might not produce satisfactory results.
3.4.2.4 Knowledge-based Deformable models Segmentation

Knowledge-based deformable models being very efficient and robust approaches, they have
quickly become a great success in musculoskeletal modeling. Bone modeling has particularly
benefited from them since bone variations among individuals are less important compared to

those of soft organs, which allow the creation of satisfactory training datasets.

Musculoskeletal modeling from digitized data can be also considered as image-based modeling.
Digitized data are commonly obtained by reconstructing a structure surface by means of optical
capture technology. Typically, bone surfaces are partially reconstructed in intra-operative setups
where only part of the bones is visible in the operative field. SSMs expressed as PDMs are used
in an optimization process which varies the shape parameters until the generated instance fits
the digitized data optimally [FLJ99, RST*07, ZSG10].

Generally speaking, SSMs are appropriate to segment structures which are partially visible. This
is valid for X-rays imagery which is a widely utilized modality for its ability to be used intra-
operatively. Since X-rays images suffer from their inherent 2D projections SSMs shape priors are
very useful. The idea is similar to digitized data, i.e. shape and pose parameters are optimized
to have an instance which best matches the imaged structure in the X-rays image. This can be
seen as a 2D (X-rays image) to 3D (instance of the SSM) registration process. Different strategies
are thus possible based on the various registration components (Sec. 2.3). Dong et al. [DGZ07]
registered a 3D femur SSM to a 2D contour extracted by Bayesian inference. Similarly, Lamecker
et al. [LWHO6] extracted pelvis contours from X-rays images (simulated from CT in their experi-
ments) with a Canny filte [Can86], and matched them with optimized instances of a pelvis SSM.
Cresson et al. [CCB*09] segmented pathological spines from X-rays images by using 2D regis-
tration features extracted from the images. Signed distance maps built from the extracted 2D
contours were also used in [KNO*09] to express the similarity criterion. 3D to 3D registration
is also possible, Heinze et al. [HMK*02] used an ICP-driven registration to optimize shape and

pose parameters in segmenting knee bones from CT images.

In [SCT07, HJ08, SFK*08], the use of contour or features extraction was avoided by registering
the X-rays image with a simulated one, called Digitally Reconstructed Radiograph (DRR). The
simulated image was built from a statistical model similar to AAM which encompassed shape
and appearance obtained from CT data. Given a point source and calibration parameters, the
DRR creation process mimics the principle of X-rays image formation. In [DLvB*10], DRRs were

not created because only an SSM was available. However, a projective image to be registered
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with the X-rays was created from the SSM following the same principle of ray casting. One of
the difficulties of using 2D-3D registration approaches with X-rays images is that in some cases
the calibration parameters (intrinsic and extrinsic parameters) of the X-rays acquisition device
are unknown. As a result, additional parameters might need to be optimized, which increases

the search space dimension, the computation time and the risks of being stuck in local minima.

Alternatively, X-rays and other types of modalities can be segmented with evolving statistical
deformable models. To segment femurs in X-rays, Behiels et al. [BMVS02] used active shape
models. In [DLHO07], statistical implicit deformable models (i.e., levelsets) yielded the extraction
of hip bones and femurs from X-rays. These approaches were strongly inspired by the seminal
work of Leventon et al. [LGF00] which illustrated the efficient embedding of levelsets into SSM to
segment femurs and vertebrae from MRI and CT, respectively. ASM and AAM evolutions were
coupled in [KMB*03] to efficiently segment carpal bones in X-rays images. Knee structures were
successfully segmented from MRI images based on ASM [FCWO07, FBCO07], although specific
acquisition protocols were necessary. Pelvic bones were also successfully segmented from CT
images by Lamecker et al. [LSHD04], who combined an SSM of the pelvis with an intensity

profiles-based evolution, as shown in Fig. 3.12.

Figure 3.12: CT pelvis segmentation based on SSM [LSHDO04]. Gray contours indicate the final segmentation
results (black ones should not be considered here). Images used by permission.

Seim ef al. [SKH"08] extended this approach by adding in particular an automatic initialization
relying on the generalized Hough transform. In [KLZH09] and [YOT*09] hip joint kinematics
were moreover included into SSMs (Fig. 3.13(a)). Yokota et al. [YOT*09] additionally considered
pathological conditions of the hip joint (osteoarthrosis caused by hip displasia) where bones
appeared to be fused in the images. To do this, a separate SSM of pathological articular areas
was built and combined with the pose-shape statistical model (Fig. 3.13(b)). In both works, such
enriched SSMs yielded significant improvements in hip bones segmentation, in particular in the
difficult articular area, where bones are in close proximity. Seise et al. [SMRWO06] also tackled the
issue of knee bones proximity in X-ray by devising shape and appearance models to be used in

a Bayesian framework.
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Figure 3.13: SSM of the hip considering shape, pose and pathology [YOT"09]. (a) First mode of variations

of SSM which clearly expresses relative pose between the hip bone and the femur. (b) Fourth mode mainly
represents pathological deformations of osteoarthrosis caused by hip dysplasia. Images used by permission.

3.5 Discussion

This Chapter has underpinned the great complexity of the human musculoskeletal system. Dif-
ferent soft and bony structures interact together to ensure the stability, protection and locomotion
of the human body. This complex machinery is studied in vivo with acquisition modalities that
have their advantages and drawbacks. In particular, MRI is the chosen modality in our work due

to its capacity to simultaneously image soft and bony structures in an non-invasive manner.

We explained that computer-based musculoskeletal modeling is addressed in different ways de-
pending on the desired requirements. If complex models need to be created without the con-
straint of being subject-specific, CG-based modeling is a good solution. In fact, generic models
can be carefully built with interactive tools and subsequently resized or altered to create different
models. Coupled with some simulation capabilities, these models improve the realism of virtual
humans. Similarly, these models can be used for teaching purpose to a targeted audience (e.g.,
biomechanics or medical students) as long as these models provide the desired degree of realism

and complexity.

When medical diagnosis or assistance is in stake, subject-specific modeling is fundamental.
Image-based modeling approaches should hence be considered and chosen depending on the
segmentation context. For instance, highly contrasted images might be correctly processed with
direct segmentation approaches. However as previously explained in Chap. 2, many real prob-
lems require the use of more robust approaches, such as those based on prior-knowledge. These
approaches are very powerful but have their pitfalls such as the correspondence and training
size problems. These factors strongly motivate our research in devising efficient and robust

knowledge-based deformable models for musculoskeletal modeling.

As a summary, Table 3.2 reports the cited image-based modeling approaches with used acqui-
sition modalities and structures. The following abbreviations are used to describe the main

techniques involved in each approach:

— DS: direct segmentation (Sec. 2.2), where:
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o class.: classification

o edge: edges-based

o fitting: simple primitive fitting, like sphere

o grow.: region growing

o morph.: mathematical morphology

o prot.: special acquisition protocol

o thresh.: thresholding

— Reg.: registration (Sec. 2.3)
— DM: deformable model (Sec. 2.4), where:

o AC: active contour

— KDM: knowledge-based deformable model (Sec. 2.5), where:

o PDM: point distribution model, might be used or not with the active shape model search

(ASM)

o SDF: SSM built with signed distance functions

o AAM: SSM built on appearance and using the active appearance model
o DF: SSM built with a non-rigid deformation field

The term digitized refers to digitized point clouds or partial surfaces of structures acquired with

an optical technology.

Table 3.2: Image-based musculoskeletal modeling approaches.

Reference Modality Structure Techniques
[LEHE97] MRI Cartilage: knee DS: edge
[HMO02] CT, MRI Bone: spine DS: thresh., morph., grow.
[KEKO03] CT, MRI Bone: hip, skull DS: grow., morph.
N DS: grow., morph., fitting,
[ZSN™04] MRI Bone: femoral head
class.
[YAGEO5] CT Bone DS: edge
[FOP*05] MRI Cartilage: knee DS: class.
[BEST07] MRI Bone: knee DS: class., prot.
[DAWWO07] MRI Bone DS: thresh., prot.
DS: SVM class., prot.,, KDM:
[FBCO07] MRI Bone, cartilage: knee
PDM
[NLBAO7] MRI Bone: shoulder DS: edge, grow.
[LRN™08] CT Bone DS: thresh., graph cut
N DS: thresh., special region
[KVP™10] CT Bone: shoulder .
growing
[OEv]99] us Bone: femoral head Reg.: sphere fitting
[EHW™00] CT Bone: hip Reg.: atlas affine, demons
[PKBO6] CT Bone: hip Reg.: atlas non-rigid
Reg.: atlas affine, demons;
[FCWO07] MRI Bone: knee
KDM: PDM
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Table 3.2: Image-based musculoskeletal modeling approaches (continued)

Reference Modality Structure Techniques
[GPO08] MRI Bone, muscle, ligament, carti- Reg.: shape matching
lage: hip
[SLS*™09] MRI Muscle: action lines points Reg.: atlas non-rigid
[MLZ*10] CT Bone: thoracic vertebra Reg.: shape matching
Reg.: shape matching; DM:
[GXDX10] X-rays bone: femur
AC
[SM99] CT Bone: proximal femur DM: AC
[KGG*03] Synthetic MRI | Bone, cartilage: knee DM: AC
[BBO3] X-rays Bone: hand DM: genetic AC
[STCKO3] CT Bone: wrist DM: AC; DS: grow.
[LFG*98] MRI Bone: knee DM: geodesic AC
[RBH*00] MRI Bone: skull DM: levelset
[KHCO05] MRI, CT Bone: knee DM: levelset
[KKO08] CT Bone: spine, pelvis DM: levelset
[UPB08] X-rays, MRI Bone: hand, knee DM: geodesic AC
[SVG02] MRI, CT Bone: wrist DM: discrete
[GMMTO6, GMT10] | MRI Bone, cartilage,  ligament, | [/ Jiccrete
muscle: hip
[FLJ99] Digitized data | Bone: femur KDM: PDM
[LGFO00] MRI, CT Bone: femur, vertebrae KDM: SDF
[HMK*02] CT Bone: knee KDM: PDM
[BMVS02] X-rays Bone: femur KDM: PDM
[KMB*03] X-rays Bone: hand KDM: PDM + AAM
[LSHDO04] CT Bone: pelvis KDM: PDM
[LWHO06] X-rays Bone: rib cage KDM: PDM
[SMRWO6] X-rays Bone: knee ZISDM: PDM, appearance mod-
[DGZ07] Xorays Bone: femur KDM: PDM, appearance mod-
els
[RSTT07] Digitized data | Bone: femur KDM: PDM
[DLHO07] X-rays Bone: hip KDM: SDF
[SCTO07] X-rays Bone: pelvis Reg.; KDM: PDM
[FCWOO07] MRI Bone: knee DS: prot.; KDM: PDM
[HJO08] X-rays Bone: femur Reg.; KDM: PDM, AAM
[SFK"08] X-rays Bone: femur KDM: PDM
[SKH™*08] CT Bone: pelvis KDM: PDM
[KLZHO09] CT Bone: hip KDM: SSM
[YOT"09] CT Bone: femur DS: edge, thresh.; KDM: PDM
[KNO™09] X-rays Bone: femur KDM: PDM
[CCB*09] X-rays Bone: spine KDM: PDM
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3.5 Discussion

Table 3.2: Image-based musculoskeletal modeling approaches (continued)

Reference Modality Structure Techniques
[ZSG10] X-rays Bone: femur KDM: PDM
[DLvB*10] X-rays Bone: rib cage KDM: PDM
[KMG™*10] Us Bone: spine KDM: DF
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Chapter 4. Construction of Shape and Appearance Priors

4.1 Introduction

In this Chapter, we will describe the process of building appearance and shape priors. As dis-
cussed in Sec. 2.5 of Chap. 2, several steps are required to express these priors. First the nature of
the training features must be specified and computed for each training samples. In our case, seg-
mented meshes with corresponding images define a training sample for a given subject. Shape
and appearance features can then be derived and used to express corresponding priors, formu-
lated as statistical models. Alignment and correspondence procedures are usually required to

build accurate models.

This Chapter is organized as follows: the mesh representation along with the approaches to
create the training data from the images are detailed in Sec. 4.2. Subsequently, Sec. 4.3 and 4.4
describe the construction of shape and appearance priors, respectively. Then, an evaluation Sec.
4.5 depicts the behavior and efficiency of the proposed methodology followed by a discussion

Section.

4.2 Generic Model Creation

This Section describes the creation of what we refer to as generic models. A generic model ex-
presses the main anatomical features shared by individuals and provides a weak prior of the
future structure to be segmented. The construction of a generic model is similar to that of some
CG-based musculoskeletal modeling approaches that rely on medical images (Sec. 3.4.1). Medi-
cal images are exploited to delineate the structures of interest before post-processing techniques
are applied to improve the generic models. Quality criteria are defined according to the future
use of these models. In our case, we aim at creating models that are smooth, quasi-regular and

with no inter-penetration of the structures.

421 Simplex Meshes

In this thesis, shapes are modeled as discrete deformable models by using a 2-simplex mesh
representation. Simplex meshes were first proposed by H. Delingette [Del94a, Del94b, Del99]
and were later on extended by J. Montagnat [MD98, MDO05] and B. Gilles [Gil07, GMT10]. In
this Section, we focus on our contributions around the use of 2-simplex meshes, while details on

simplex meshes are given in Sec. A.3 of Appendix A.
4.2.1.1 Introduction

A 2-simplex mesh presents the characteristic of having vertices with exactly three neighboring
distinct vertices. Meshes are composed of faces which have an arbitrary number of vertices and
as a result these are not necessarily planar as depicted in Figure 4.1. 2-simplex meshes, which
will be simply referred to as simplex meshes, can represent any surface with arbitrary topology.
Furthermore, they are topologically dual with triangulations. This means that it is possible to

convert a simplex mesh to a triangular mesh and vice versa based on geometrical schemes. The
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Figure 4.1: Examples of 2-simplex meshes.

conversion is not ensured to preserve the exact geometry but the topology is kept. To convert a
simplex to mesh to triangular mesh we chose the preservative scheme of Gilles et al. [Gil07] (See

Fig. A.2 in appendix).
4.2.1.2 Simplex Parameters

Three independent parameters are sufficient to express in a unique manner the position of a
vertex P with respect to its neighboring vertices P;. These parameters coined simplex parameters
are invariant to similarity transform [Del99]. In [Gil07], B. Gilles reported that the uniqueness of
the simplex parameters was only respected with some mesh configurations, and proposed hence

alternative simplex parameters (Sec. A.3.3), which we used in this work.
4.2.1.3 Operators for Mesh Transformation

In [Del9%4a, Del99], H. Delingette described four basic independent operators to transform a k-
simplex mesh (Sec. A.3.5.1). Some of these operators do not preserve the mesh topology by
performing e.g. operations of mesh merging or splitting. Macro-operators can be defined from
these basic operators. In [Gil07, GMT10] a variety of these operators was proposed to yield
an optimization procedure that automatically alters simplex mesh geometry to satisfy quality
constraints. For instance, quasi-regularity of the faces can be enforced by aiming at a desired
average edge length. This allows the creation of meshes with a specific resolution and quality as
described in Sec. 4.2.2.

4.2.1.4 Multi-resolution Scheme

Various resolutions of a shape can be generated with a multi-resolution scheme. We adopted
the conservative scheme presented in [Gil07] which is illustrated in Fig. 4.2. Given a mesh xk

at resolution k with N¥ vertices x}‘, this scheme preserves the vertices of the lower resolutions:

k+1
Y
point indices are consistent across resolution levels. In the following, we may use the notation

= x;‘, Vj e [1,Nk]. When shape points are contiguously stored in memory as a 1-D array,

y = x)p, which means that y is built by taking the first p values of x. With such a notation,
Xk _ Xk+1|Nk-
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(b) (©

Figure 4.2: Selected simplex mesh multi-resolution scheme [Gil07]. (a). A 2-simplex mesh at resolution k
(* vertices and thick edges) yields a new 2-simplex mesh at resolution k + 1 (e vertices and dotted edges).
With this scheme, the resolution k + 1 contains the vertices of the lower resolution k. (b)-(c) Example of mesh
resolution increase with this scheme.

4.2.2 Interactive Model Construction

In this Section, we assume that a model can deform to perform different actions (e.g., smoothing
in Sec. 4.2.2.2, topological re-meshing in Sec. 4.2.2.3, etc.), the main principles of the model

evolution being given in the next Chapter.
4.2.2.1 Supervised Segmentation

The creation of generic models is based on MRI acquisitions which image the structures to
model. The first step consists of a (semi-)manual segmentation of the structures in the images:
an operator manually delineates the structure contours in each slice, or she/he does it only
in some slices and subsequently uses an interpolation technique to approximate the remaining
contours in the non-segmented slices. For our work, manual segmentations were carried out
with the free application ITK-SNAP!. The Marching Cubes algorithm [LC87] is subsequently
applied on the labeled image to produce a triangular mesh. Eventually, we used the standard
conversion scheme of Delingette [Del99] to produce a simplex mesh from the triangular mesh
(See Sec. A.3.2).

4.2.2.2 Smoothing

Generally, the generated mesh surface is not smooth, as depicted in Fig. 4.3(a). This is mostly
attributed to the dataset resolution (especially in case of poor inter-slice distance) and the sub-
jective labeling in manual segmentation. Ideally, the resolution should be as high as possible
to provide detailed images and to avoid big jumps between consecutive MRI slices. This is not
always feasible (e.g., device limitations, acquisition time restrictions) as previously explained in
Sec. 3.3.4. Furthermore, a lower resolution might be preferred to reduce the memory footprint
and ease the interactive segmentation. Finally most anatomical structures are smooth, therefore

the objective is to find a solution that makes the generated mesh surface appear as such.

1. http://www.itksnap.org
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(@ (b)

Figure 4.3: Mesh smoothing example. (a) A model of soleus muscle is reconstructed from MRI by the
Marching Cubes [LC87] algorithm of the manually segmented labels. The model presents some bumps
and pits not inherent to the muscle anatomy. (b) These flaws are corrected with a conservative smoothing
approach.

To tackle this issue, we apply the smoothing approach presented in [Gil07]. For a given point
P, the smoothing computes a target point P based on a weighted Laplacian smoothing coupled

with an additional term accounting for the average local elevation of the neighboring vertices P;:
+hyn (4.1)

where n denotes the normal at P and S; is the area “covered” by a vertex P;, which is defined
as the sum of the areas of all triangles sharing this point P; according to the chosen triangular
tessellation (See Fig. A.2(b) in Annex). The average local elevation h, = ¥; |P; — P;|| /3 (Fig. A.4)
reduces the shrinking effect recurrent with Laplacian smoothing. Figure 4.3(b) shows an example

of smoothed mesh.
4.2.2.3 Re-meshing Optimization

Once the model is smoothed, we must take care of its geometric (uniformity of vertex reparti-
tion) and topological (uniformity of edge number among faces) qualities [GMT10]. In fact, the
smoothed model may present highly irregular faces and a bad vertex repartition over its surface
(e.g., localized vertex clusters of high density despite a low curvature). This is often due to the
Marching Cubes approach which tends to produce too much elements of unequal quality. We
would like to have meshes with quasi-regular faces to ensure a better stability of the segmenta-
tion and a better expression of shape priors (See Sec. 4.3.1.2). In [Gil07], the author described an

approach which consisted of the following main steps:

1. Initialization of a simple and low resolution primitive to match the smoothed model.
2. Optimized topological and geometric re-remeshing of the primitive.

3. Computation of different mesh resolutions from the optimized mesh.
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In the first step, a simple primitive (usually a sphere) is centered on the center of gravity of
the mesh and sized according to the longest principal axis (Fig. 4.4(a)). Then, a deformable
model procedure based on an ICP-based force deforms the primitive so that is best matches the
model. In the second step, the resulting fitted primitive undergoes an optimization procedure
which alters its geometric and topological configurations according to defined quality and control
criteria (e.g., desired average edge length). The result is a mesh which fits the initial model and
presents a lower number of faces with a better quality. In the last step, a high resolution version
of the optimized primitive is computed and it is once again accurately fitted to the initial model.

Finally, different lower resolutions are produced from this high fitted resolution model.
4.2.2.4 Tubular and Elongated Structure Modeling

While the optimized re-meshing usually produces meshes with desired quality, some type of
meshes cannot be correctly processed. These are e.g. meshes which are tubular-like structures
with thin extremities such as the tibialis anterior muscle depicted in Fig. 4.4(a), where the
deformation of a sphere primitive faces some difficulties. Indeed, the ICP-based deformation
process cannot correctly capture some parts as exemplified in Fig. 4.4(c). This is due to (i) the low
resolution of the initial sphere, which is purposely not set too high in order to not penalize the re-
meshing process, and (ii) the presence of thin tubular extremities which do not create sufficient
“attraction features” for the ICP-based matching. The consequence is that the optimized re-
meshing will only be applied in some parts of the model (e.g., upper part of tibialis anterior
muscle in Fig. 4.4(c)). During the last stage, the higher resolution version of the optimized
model is able to recover the missing parts by referring to its finer resolution, but at the cost of a

strong deformation of the mesh (Fig. 4.4(d)). Eventually, the resulting mesh is of poor quality.

(@) (b) © (d)

Figure 4.4: Issues with elongated models. (a) A sphere primitive (wireframe) is initialized and will be
deformed to match an initial model of a tibialis anterior muscle, which is characterized by an elongated
shape. (b) The primitive evolves to match the model based on an ICP approach. (c) The optimized re-
meshing faces difficulties in keeping the primitive fitted with the lower part of the initial model. (d) The
higher resolution of the primitive manages to fit tightly the whole initial model but ultimately presents
faces of poor quality.

To address this issue, we propose to use another type of initial primitive that fits more closely
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to the initial model. To achieve this, the initial primitive is modeled as a tubular structure
which is simply characterized by a centerline. A centerline is a succession of points ¢; with an
associated radius r;. In the literature of vessel segmentation, various vessel tracing approaches
[ABO2, PJBBO5] create, on the fly, the centerline by tracking the ridge of the vessels based on the
values of the eigenvalues of the Hessian intensity matrix. When applicable, these methods can
be used to automatically build the centerline of the structures of interest. In the more general
case, the operator can quickly place a few centerline points c; as shown in Fig. 4.5(a) and define
for each of them an approximate radius. From the centerline, a tubular mesh is hence created
(Fig. 4.5(b)). The centerline definition does not need to be highly accurate as the fitting process
is subsequently applied. We found that if the initial tubular mesh is appropriately created, the
re-meshing optimization process is no longer necessary. In fact, after the initial tubular mesh has
been fitted, we simply increase the resolution and apply a final fitting process to get a final mesh

of good quality, as illustrated in Fig. 4.5(c).

(a) (b)

Figure 4.5: Fitting with tubular primitives. (a) An initial tubular primitive is coarsely initialized by first
(automatically) defining centerline points c¢; on different image slices. (b) Then, a simplex tubular mesh is
created from the centerline. (c) After fitting and resolution increase, the final model accurately matches the
initial model and presents faces of good quality.

The creation of a tubular structure from a centerline composed of N points c; is done in an
iterative manner. For each pair of consecutive centerline points c; and c;,1, a simplex oriented
truncated cone (TOCone) is built. All the TOCones are then joined together to build the final
tubular structure. The construction of a TOCone is performed as follows (Fig. 4.6(a)). First, a
vector n; is computed for each point ¢; as n; = (¢j41 —¢;)/ |civ1 —¢i| (for the last point ¢y, we set
nn = ny-1)- This vector n; is the normal of the disc f; at one of the TOCone extremities. Then,
an arbitrary point s; is chosen on the contour of f;. The vector c;415; is subsequently projected
on the disc f;,1 to compute the point s;,1. For each disc f;, the point s; is used as a start point to
uniformly sample at M positions pg the contour (i.e., pjl. = 5;) with an orientation kept consistent

for all the discs. The sampling characteristics (e.g., number of samples) are chosen based on a

J

desired average edge length. With the segments [p{:, p;,,] available, the standard procedure to

build a simplex cylinder can be applied as shown in Fig. 4.6(b).
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We noticed that the estimated point s;.; was critical in getting a simplex TOCone with faces

of good quality. A “twisting” effect was indeed often observed, especially with very oblique

TOCones (i.e. a large angle between the normals #; and 7;,1). To address this issue, we optimized

jo
PirPina

was minimal. An

the position of S;,1 so that the sum of the segment distances Z;\fl ‘

example of corrected result is visible in Fig. 4.6(c).

Figure 4.6: Simplex truncated oblique cone creation (TOCone). (a) A TOCone is characterized by two discs
with center ¢; and c¢;,1, normals n; and n;,1, and radii r; and r;,1, respectively. The contours of the discs are

regularly sampled at positions pg and pﬁ 1 from initial points s; and s;,1. (b) Given the segments [p{:, p{ s
the simplex TOCone is easily created but may present some “twisting” effect which affects the simplex face
quality. (c) A corrective process is applied to improve the model quality.

4.2.2.5 Attachment Modeling

Anatomically, an attachment is defined as the linking region between two structures. For in-
stance, bone/tendon attachments are characterized by the penetration of the tendon tissue into
the periosteum of bones. The tendon attachments are thus defined as the tendon tissue sharing
a common region with the bone tissue. Comparatively, it means that the meshes modeling these
structures should be stuck together which is not the case a priori. Indeed, as accurate as the
segmentation may be, generated meshes are not guaranteed to be attached together, especially
after the smoothing procedure. We thus re-used the method described in [Gil07] to manually
place splines curves to define attachment regions. This provides a simple but efficient way to

model attachment regions. Meshes are then deformed until they are joined together.

4.2.3 Model merging

Sometimes it might be desirable to merge two intersecting models into a new combined model.
This confers a greater flexibility to the construction process as the two parts of the new model
can be created independently. In order to perform the merging operation, different steps are

necessary:
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1. Cutting contours identification: given the continuous intersection curve defined between the
two models, discrete contours are defined on each model.

2. Model cutting: given the cutting contours, a new instance of each model is created such that
the faces present in the interior of the other respective model have been removed.

3. Model merging: cut models are merged into a single model.

In the first step, intersected faces are computed for each mesh. Given a mesh M, intersected
faces correspond to those which have vertices inside and outside the other mesh My, i.e. the
faces of M that are crossed by the intersection curve. This is illustrated in Fig. 4.7(b) and 4.7(c)
where the intersected faces of two intersecting spheres are highlighted with a bright yellow color.
From these intersected faces, specific vertices are chosen to define the cutting contours. Given a
mesh M, these vertices are defined as the vertices that (i) belong to both intersected and non-
intersected faces of M; and (ii) have their three neighbors not inside M, (See black discs in Fig.
4.7(c)).

() (b) (0 (d)

Figure 4.7: Cutting of intersecting meshes. (a) Two intersecting spheres. (b) Intersected faces of both models
are highlighted with a bright yellow color. (c) Black discs indicate the selected vertices of the intersected
faces that are used to build the cutting contours. (d) Resulting spheres cut along their respective cutting
contours.

In the second step, new meshes are created by cutting along the contours, i.e. by removing the
faces inside the cutting contours. This is achieved by using the simplex mesh meta-operator Ts
(Sec. A.3.5.1) [Del94a]. An example of result is depicted in Fig. 4.7(d).

In the third step, the simplex mesh meta-operator T2 (Sec. A.3.5.1) is used to merge the two
models with the procedure described in [Del94a]. This merging procedure attempts to distribute
uniform vertices at the junction of the models to preserve the regularity of the mesh. However,
it might happen that the resulting merging area presents largely distorted faces which affect the
model smoothness and quality. This is illustrated in Fig. 4.8(a) where a sphere and a proximal
femur, cut with the two previous steps, have been merged. Some faces of the merging area (cir-
cled) appear as over-stretched. This issue can be addressed by using a corrective post-processing
that will produce more regular faces. In Fig. 4.8(b), a smoothing procedure is adopted, resulting
in more regular faces in the merging area. However, in this case the smoothing is applied to
the whole model which has the negative effect to fade out some anatomical features such as the
trochanters. To address this issue, vertices not belonging to the merging area are blocked during

the smoothing process .
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When there are multiple intersection curves (e.g., a torus intersecting a sphere), the whole process

is simply applied on each intersection.

(a) (b)

Figure 4.8: Merging of cut models. (a) A sphere and a truncated proximal femur models are merged with
the procedure based on the meta-operator TZ [Del94a]. As shown in the black circle, some faces are too
elongated. (b) A corrective process based on smoothing improves the merging area.

4.2.4 Inter-penetration Removal

The various construction procedures previously described can create non realistic inter-pene-
trations between meshes. In order to remove them, we propose to apply a geometric post-
processing. Let us consider the surfaces S; and S; in Fig. 4.9(a) that are inter-penetrating each
other. The aim of the procedure is to move the colliding points of each surface (i.e. points located
in the interior of another mesh), to reach a non inter-penetrating state. Given a point s € S; with
inner normal #, the line passing through s and directed by 7 intersects S, in e. This point e must
be inside S; to be valid, i.e. the procedure is not applicable when S; is completely at the interior

of S;. The new corrected position m of the point s is then chosen as:

m

f(x)

where d; depicts the Euclidean signed distance from x to the surface S; and [; is a rigidity

argmin f(x), x € [s,e]

(I *d1(x) = I % da(x))?

4.2)

parameter. For instance, a configuration with I; <« I, leads to final points closer to surface S;.
This can be useful to resolve penetrations between a very stiff (e.g., a bone) and soft (e.g., a
muscle) material. Alternatively, the stiffness can also be seen as the confidence given to the
position of a surface: if Sy is more likely to be correct compared to Sq, we set I; <« I, so that S

will deform less.

While this technique was inspired from [KMH™04] it presents several differences. First, the
point e is not defined as the projection of s on S;. Indeed, by using such a projection, the
point m usually does not correspond to the new position of s in the non colliding state. By
using instead the normal direction 7, the point m will provide a better approximation. As a

result, this technique avoids the usage of a re-sampling scheme as described in [KMH™04], since
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51

(b)

Figure 4.9: Inter-penetration removal. (a) Surfaces S; and S, are inter-penetrating each other. (b) Result
after the inter-penetration removal process.

points just need to be moved to their new positions (Fig. 4.9(b)). Second, with our approach a
perfect contact between the surfaces cannot be ensured due to the absence of re-meshing but the
results are usually satisfactory when mesh resolution is not too low. However, the future use of
these models for segmentation purpose does not require such a perfect contact. Physically-based
simulations using these meshes may require an accurate contact, but in any case an additional
meshing procedure would have been necessary to convert meshes to volumetric models. Lastly,
implicit surfaces [AA04] are not used in our approach since the hypothesis of vicinity to surfaces
may be invalid, i.e. large inter-penetrations might be present. In fact, in [KMH™04], the inter-
penetration removal is used in a collision response context where inter-penetrations tend to be

less important as the collision detection is applied with small time steps.

Usually, the inter-penetration removal process must be repeated a few times until surface chan-
ges are below a small threshold which is empirically chosen. To speed up the process, precom-
puted signed distance maps can be used as well as the efficient golden section search technique
[PFTV92] to minimize f.

4.3 Shape Priors

4.3.1 Statistical Shape Models

4.3.1.1 Construction of The Training Shapes

Given the multi-resolution shape description of Sec. 4.2.1.4, a shape X* at resolution k is modeled
as a 2-simplex mesh with N* vertices xé‘ and outward normals ni.‘ . As previously presented in
Sec. 2.5, the creation of an SSM requires a training set of M shapes X ]k from which statistics are
inferred. Vertices of a training shape X;‘ at level k are written as xf-‘]-, i € [1,N¥]. To build these
shapes, training images were segmented by progressively deforming a generic mesh to match the
structure boundaries in the images. These generic meshes were built based on our methodology

and were not used as test datasets in order to provide fair evaluations.

Supervised by a radiologist from the University hospital of Geneva, we used the deformable
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models approach of [GMT10] to automatically deform the template mesh and interactively cor-
rected erroneous results by using constraint points [Gil07, SNH*09]. This approach relaxed the
need for completely manual segmentation while retaining equal accuracy. Since we based our

work on this deformable model approach, details will be given in the corresponding Chapter 5.
4.3.1.2 Shape Correspondence and Alignment

Correspondence Building an SSM requires shapes that are aligned to a common frame, which
implies that the shapes must be in correspondence. Our method used to construct the train-
ing shapes is classified as a “mesh-to-volume” registration correspondence method [HMO09] (Sec.
2.5.4). In fact, the advantage of using the same generic model is that all training shapes are
identical in topology and have the same vertex indices. However, since such a method is the
result of a supervised technique that does not necessarily seek point correspondence optimally,
we adopted an additional correspondence method. Various works using SSMs to model mus-
culoskeletal structures (e.g., [RST*07, ZSG10]) are based on Davies et al. [DTC*02] Minimum
Description Length (MDL) formulation, which aims to balance the compactness of the model
with respect to its complexity. However, these approaches suffer from a fixed topology of genus

0 (i.e. shape topologically equivalent to a sphere), and do not apply e.g. to a hip bone shape.

In [SGS07] this constraint was removed by partitioning the shape into different topologically
compliant patches. In this thesis, we preferred the approach of [DMW¥07] as it did not require
any specific shape topology and was appropriate for the purpose of refining a previous corre-
spondence. This method has thus the advantage to not apply any re-meshing process, which
avoids the need to update the topology of the various mesh resolutions (Sec. 4.2.1.4) with their
possible associated attachments (Sec. 4.2.2.5) since vertex indices are preserved. This approach
assumes that the point correspondence is known and consists in sliding landmarks on the surface
of the shapes so that a shape-correspondence error based on the Thin Plate Spline (TPS) energy
is minimized. Only vertex positions are thus altered. The TPS energy is computed between
landmarks Uy, of an arbitrarily chosen template shape (selected from the training shapes) and

the landmarks V, of the shapes that still need to be optimized by sliding.

In a multi-resolution context, we usually seek for the correspondence refinement of the shapes
with the highest resolution since these meshes model the most faithfully the anatomical struc-
tures. From shapes with the highest resolution, the correspondence refinement for shapes of
lower resolution is computed by a simple update of vertex positions from the higher resolution
shapes. Landmarks can form a subset of the shape vertices of the highest resolution. In our
setup, we selected the points x}j of the lowest resolution of each shape le as landmarks as they
were regularly distributed and located near key anatomical locations (Step (1) Fig. 4.10). This
justifies the need to have quasi-regular meshes, condition which has been fulfilled in the generic
model creation (Sec. 4.2). Further, the use of the lowest resolution decreases the computation
time of the correspondence optimization. However, the mesh at the lowest resolution may ap-
proximate the real shape too coarsely and thus the finest resolution was used for a landmark

surface re-projection after sliding each landmark in order to closely match the training shapes.
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When the procedure was complete, the TPS transformation was used to generate all the other
resolution levels from the optimized coarsest resolution, followed by a last re-projection on the
original higher resolution surface (Step (3) Fig. 4.10). A more technical description with some
implementation details of this correspondence approach is given in Sec. A.4 of Appendix A and

Fig. 4.10 summarizes the different steps.

Template Landmarks Uy
@ @ Refined landmarks V;, Refined Target
Landmarks V;, »

Target

&

Figure 4.10: Shape correspondence scheme. The correspondence between the template and the target
shapes is refined based on the correspondence by landmarks sliding [DMW*07]. (1) Template and target
landmarks Uy, and V| are extracted as the vertices of the lowest resolution. (2) The applied correspondence
method slides the landmarks of V;, over the surface of the target shape. (3) Based on the TPS transform and
the resolution change scheme, the final refined target shape is computed.

Alignment Corresponding shapes were then aligned using the generalized Procrustes approach
[Gow75], which iteratively aligned shapes by registering their corresponding point sets (Sec.
2.5.2). We used different types of alignment transforms and computed them based on Horn's
[Hor87] quaternion and Umeyama’s [Ume91] Singular Value Decomposition approaches. These
approaches give close-form solutions of the alignment problem, which can be quickly and ef-
ficiently computed. In this thesis, we denote an SSM built with a rigid, affine or similarity
alignment transforms, as a “rigid”, “affine” or “similarity” SSM, respectively. In the next Section,
we show how different behaviors can be conferred to the SSM by choosing different alignment

schemes.
4.3.1.3 Multi-resolution Statistical Shape Models

Generative Model Given M aligned training shapes X ]k at a resolution level k, a point distribu-
tion model (PDM) is built based on the principal component analysis (PCA) of the points of all
shapes. An arbitrary shape Y¥ is approximated from the computed statistics by using the PCA
generative model (2.17) presented in Sec. 2.5.3.1:

YE ~ TF(XF + @FpF) 4.3)

where b¥ is the vector of shape parameters, TX denotes the alignment transform, X* is the

mean shape and @ is the matrix of principal directions. Dimensionality reduction is applied by
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selecting only K* (K¥ « N¥) principal directions. In this thesis, we commonly used 99% of the

total variance to select K¥ based on Eq. (2.16).

In Sec. 2.5.3.1, we reported the use of clamping and scaling constraints to restrict the variation of
the shape parameters. In practice we observed little differences between both constraint schemes
as depicted in Fig. 4.11 where the two types of constraint are applied to an instance of a hip
bone generated by a corresponding SSM. However as expected, the scaling constraint is more
restrictive as it considers all shape parameters simultaneously. To compute the scaling threshold
from the )(%(k distribution we used the DCDFLIB? library. During a segmentation, we can choose

to apply either one type of constraints or both of them in a sequential manner.

clamping

Figure 4.11: Shape constraints illustration. A hip bone instance is generated from a similarity SSM by
varying the shape parameter of the first mode, which mostly affects the size of the shape. The scaling
constraint (in blue) results in a slightly smaller shape compared to the clamping constraint (in orange).

Regularization Model Given an SSM and an arbitrary shape Y, the iterative procedure based
on ASM search [CHTH93] (Sec. 2.5.5.2) is used to estimate the unknown parameters b and T
that generate a shape from the SSM that is the closest as possible to Y (in a least square sense).
To prevent the generation of invalid shapes, clamping and scaling constraints are applied. The
replacement of a shape by its closest shape counterpart after finding the corresponding T and b

is hereafter referred to as shape regularization.

A Remark about Eigenvalues and Eigenvectors It is straightforward to prove that if a shape
Yk = X* + ®*b¥, any corresponding shape Y! at a lower resolution level < k is expressed by
retaining the first N; elements of the principal components 4)5«‘ at level k:

Y - x4 o, b* (4.4)

In practice, this means that a unique SSM built at level k could be used to generate shapes
at levels [ < k. However, it must be stressed that the vectors (/)|kN, are in general not equal to
the principal components computed at level [ (i.e., ¢' gbf‘N,), as e.g. the orthonormality is not

necessarily preserved for the vectors 4"sz- Furthermore, eigenvalues are also not necessarily

2. http://people.sc.fsu.edu/~jburkardt/cpp_src/dcdflib/dcdflib.html
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4.3 Shape Priors

conserved across levels. It is only possible to bound the eigenvalues by using the inclusion
principle:

VI <k Vie[l,N']AF> Al A

i+ NE-N! (4.5)

This last remark derives from the observation that given our multi-resolution scheme, a covari-

ance matrix Zé{l is composed of nested covariance matrices at lower levels:

k| uk
skl - é f (4.6)
Uy | Ux

More exactly, the covariance matrices Z]X, Vj < k are leading principal submatrices of £51. Given
these remarks on the eigenvalues and eigenvectors, we preferred to compute for each level an
SSM in order to preserve its specificity and to give the possibility to use a different align trans-

form at each level.

SSM Locality Indeed, at each mesh resolution level k, a different alignment transform can be
used to build the SSM. The alignment transform affects what we call the “locality” of the SSM.
The locality is an intuitive notion: rigid SSMs capture global shape changes while affine or
similarity SSMs better express local variations as depicted in Fig. 4.12. A multi-resolution SSM
adopts different mesh and locality levels based on multi-resolution alignment schemes, such as
the rigid-affine-affine (RAA) and similarity for all levels (SSS) schemes. RAA means that the SSM
at resolution 1 is rigid, at resolution 2 affine, and so on. The appropriate selection and impact of

the multi-resolution alignment will be studied in the segmentation context in next Chapter.

i

(a) =3.0v/Ag (b) mean shape (c) 3.00/Ag (d) =3.0v/Ag (e) mean shape (f) 3.00/A¢

Figure 4.12: Variation modes of femur shape with different alignment schemes. (a)-(c): first mode of
variation of a rigid SSM. This mode clearly captures the length of the femur. (d)-(f): first mode of variation
of a similarity SSM. This mode mainly expresses the thickness of the femur.

4.3.2 Robust Statistical Shape Models

4.3.2.1 SSMs for Images with Varying FOV

We have presented in Sec. 3.3.4 the direct relationship between image field of view (FOV) and

resolution. It is quite common to have images with different FOV in order to image the structures
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of interest with a desired image resolution. In these images, structures of interest are often only
partially visible in the image, especially long bones such as the femurs which cover large body

areas.

There are two kinds of segmentation results from images with small FOVs (Fig. 4.13):

— incomplete shapes, i.e. shapes that only represent the visible parts of the bone in the image.

— corrupted shapes, i.e. complete shapes with some points that are not reliable or not part of the
image region to be segmented. These unreliable points are hereafter referred to as erroneous

points.

: uﬁg
B fRE:
e

Figure 4.13: Possible shapes resulting from segmentation on images with small FOVs. Center: MRI image
with a small FOV and with hip bone segmentation overlaid (white); Left: corrupted shape, where only shape
vertices in the image FOV (bright wire-framed part) are reliable; Right: incomplete shape, where the shape
is cropped to only represent reliable parts.

We also previously mentioned in Sec. 2.5.6 the fact that SSMs need to be built with a certain
amount of shapes to yield satisfactory results. However, the collection of data in 3D is in practice
a problematic and tedious task [HM09], usually due to the lack of sufficient segmented images.
Thus it is advantageous to be able to exploit segmentation results from a wide range of images,

including those with small FOVs, in order to build and improve the SSMs.

Hence, when we deal with images in which the structures of interest are partially visible, there

are two things to consider:

1. How to build an adapted SSM to be used to segment these images.
2. How to re-exploit the segmented results (complete, incomplete or corrupted shapes) from

these images.

A common approach to tackle the SSM construction for these images is by creating and using
incomplete shapes depending on the image FOV [DLHO07, DGZ07]. As reported by Kainmiiller
et al. [KLZHO09], this approach is time consuming and often prevents automation, because unseen

images which cover a larger part than those of the training shapes cannot be segmented with
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the same SSM. It could be argued that it would be sufficient to build one SSM with complete
shapes but we just mentioned that there are often too few (complete) training samples and it is
hence a real “waste” not to reuse the segmentation results from images with different FOV. Our
solution to address these two aspects is to build robust statistical shape models from complete

and corrupted data as explained in the next Section.
4.3.2.2 Robust Models based on Corrupted and Complete Shapes

Incomplete shapes cannot be directly mixed together because they do not necessarily present
identical topology and same number of points. The idea instead is to always use complete shapes
with deformable models to segment images with different FOV. However, the resulting shapes
are usually corrupted with some erroneous points. Hence, a major challenge is combining these
corrupted shapes with complete ones into the same SSM while preserving the SSM’s Generality
and Specificity, conventional construction approaches being very sensitive to erroneous points
(e.g., PCA sensitivity to outliers depicted in Fig. 2.11). We proposed to address this problem as

follows.

Robust Alignment Alignment is necessary when applying the generalized Procrustes during
SSM construction (Sec. 4.3.1.2). In the case of shapes with erroneous points, a standard alignment
is affected since the least square minimization is not robust to outliers. A common way to find
the optimal alignment transform T* between a current estimate of the mean training shape

X = {¥,..., 2y} and a training shape X is to adopt a weighted formulation:
* . _ 2
T* = argmin ). wlzj |5 = T(xi) | 4.7)
T i

where each training shape X is associated with a weight vector w; = {wn e, W Nj} that indicates

the degree of reliability of each shape point.

As a side remark, this weighted alignment can also be used to regulate a shape X ]l at a resolution
level | with an SSM built from shapes of a higher resolution level k, I < k. Indeed, the shape
regularization (Sec. 4.3.1.3) uses an alignment step which can also be weighted for our needs.
The regularization is done here by creating first an artificial shape 5(7‘ with N¥ points, where
k
J Nt
vector wj is built by zeroing the weig’}}:cs wij, Vj €]N !, %] to be used in the weighted alignment.

=X ]l and a dummy value is set for the remaining points xé‘j, Vi €]N!, N¥]. Then, a weighting

From the resulting regulated shape X]’.‘, the vertices of the regulated shape at resolution I are

simply updated from the first N/ vertices x{‘]

Robust PCA The robust PCA is then computed as follows. Let us consider the training set S as
the union of non-corrupted S* and corrupted S° shape sets, where S* might be empty. Before any
robust PCA approach, the training shapes are aligned with a weighted version of the generalized
Procrustes alignment. This is achieved by replacing the classic mean and alignment calculations
by their respective weighted versions (i.e., X; = j WijXij /¥ j Wij for mean, and the abovementioned
weighted alignment (4.7)). The missing data approach (mdEM) of [SLB07] is then utilized as the
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robust PCA method. This method extends the iterative expectation-maximization (EM) algorithm
for PCA [Row98, TB99] by allowing it to support binary weights. In the E step, the shape
parameters of the training data are estimated based on the current estimation of the principal
directions. In the M step, principal directions are estimated by computing a classic PCA on
corrected data in which missing information is replaced by reconstructed values. This process
thus estimates the “non-corrupted” value of the corrupted points based on reconstructed values.
This robust approach was chosen based on the comparison of various robust PCA approaches

that will be reported in Sec. 4.5.4.

During both alignment and PCA, a weight w;; is set to 0 if point i is an erroneous point in shape
j, and to 1 otherwise. We did not need to use any technique to detect and correct erroneous
points as in [RG02] or [BBLS05], since in our case these points were known in advance. In fact,

we only flag points out the image FOV as erroneous.

It must be stressed that this robust PCA method usually converges to a local minimum. Tipping
and Bishop [TB99] showed that in the case of the EM algorithm the only stable local solution
spanned the principal subspace, but this property is not necessarily valid for a weighted EM
algorithm. The initialization of the EM algorithm is thus very important. A standard PCA could
be used to begin with, but for |S®| > 0, we proposed the initialization obtained from a PCA as

follows:

1. Build a PCA P* from S°.
2. Replace corrupted points of shapes in 5° with reconstructed points from P°.
3. Rebuild a final PCA from S® and corrected S°.

4.3.3 Local Shape Variation Modeling by Markov Random Field (MRF)

In this Section, we investigate an alternative approach to model additional local deformations
that cannot always be expressed and captured with statistical shape models built from the shape

vertices, i.e. with PDM.

Let us consider X = {x1,...,xpm} and Y = {y1,...,ym}, respectively of current and true point
positions of a shape. Positions X are commonly the result of a procedure which exploited the
modeling based on PDM. The objective is now to model the last discrepancy between current
and real model. We define Y = X + J where § = {J1,...,0p} represent local deformations. By
adapting the idea depicted in [KH98], the local deformation distribution is modeled by a first-

order Gauss-Markov random process (See Sec. B.6 for details on MRF):

1 1411 2 1
m i=1 jeN (i)

where N (i) denotes the index neighborhood of point i and Z,, designates the partition function
which is a constant. In case of 2-simplex meshes, the neighborhood size is fixed to 3. Parameters
5? and ¢ control the smoothness and the magnitude of the deformations, respectively. The term

X is considered as deterministic, Y hence follows a first-order Gauss-Markov process as well. It
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is an unknown random process that will be inferred from observed data. The idea behind this
model is that local variations are more likely to be expressed based on local quantities, in this
case the neighborhood configuration. In Sec. 5.3.3.4 we will illustrate how we can translate this

prior into forces to be applied in the segmentation context.

4.4 Appearance Priors

4.4.1 Appearance Feature Construction

Similarly to [GMT10, HMMW07, BMVS02], we chose to exploit local appearance features (Sec.
2.5.1.2) expressed as intensity profiles (IP). From a collection of M segmented shapes X; with
corresponding images I;, we compute at each vertex x;; an IP g;; with m and p intensity values
sampled by tri-linear interpolation in the interior and exterior, respectively (Fig. 4.14). Each
sample is spaced by a step s. This gives an IP of length d = m + p+1. In this context of local
appearance construction, we clearly understand the importance of good correspondence as non-

corresponding vertex positions will produce non-matching IP and hence bad appearance priors.

#

Figure 4.14: Local appearance feature construction. An IP is extracted at each vertex along the normal
direction. A series of m and p values are regularly sampled with a step s in the interior and exterior of the
mesh, respectively.

4.4.2 Appearance Prior Computation

For a given vertex x;;, the simplest statistic is to take the average g; = ¥;¢;;/M. This prior is
expected to be very poor for training images with varying intensity. As a result, it has been
suggested to also consider the 2nd order statistic by computing the covariance matrix ;; of the

M IPs g;j. The ML estimator (Sec. B.4.1) is commonly used to compute the covariance matrix:
% ! DY 7l 4
gi = MZ(gij_qi) (8ij — 4i) (4.9)
)

When the profile size d <« M, this estimator is unstable which means that the covariance matrix

may no longer be symmetric definite positive. This causes problems when the inverse of the
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covariance matrix needs to be computed as the matrix is singular. This condition often happens
as it is quite common to have large IPs to robustly capture the local appearance. To tackle
this issue, we implemented the shrinkage approach of Schafer et al. [SS05] which corrects the

covariance matrix so that it is always invertible.

4.4.3 Appearance Prior Usage

Given computed profiles and associated statistics, various strategies exist to exploit these data,
which were reviewed in Sec. 2.5.3.6 and Sec. 2.5.5.2. These strategies mostly attempt to find in
the neighborhood of the shape IPs which are the most similar to those drawn by the statistics in
order to deform the mesh to reach these IPs. For instance, in MRI bone segmentation context,
Gilles et al. [GMT10] showed that a simple reference IP coupled with the Normalized Cross
Correlation (NCC) [HHD*99] similarity measure produces excellent result. In this context, a
reference IP can be considered as an average IP. Such a poor IP statistic can be efficient, which
is attributed to the fact that the NCC measure is robust to linear intensity changes, and thus,

compensates the weakness of the priors.

We decided thus to investigate the use of second order statistics by modeling the IP distribu-
tion as a multivariate Gaussian distribution (MGD) and by exploiting the Mahalanobis distance.

Given the statistics (§;, X,;) and a test IP u, the Mahalanobis distance d;(u) is:
dyi(u) = (u=Gi) "2, (u- ;) (4.10)

Given that the inverse of the covariance matrix is needed to compute this distance, this justifies
the use of regularization techniques of the covariance matrix. Cootes et al. [CHTH93] proposed
an alternative approach to compute the Mahalanobis distance based on PCA performed on the
IPs. Given a PCA based on N profiles g;; of a vertex x;; expressed by the principal matrix ®;, the

m eigenvalues A;; and the mean vector §;, the Mahalanobis distance is rewritten as [CHTH93]:
dy(u) = L (4.11)
i=1 it

where b; = (bjy,...,b,)" is the model parameter vector of the best fit # of u given the PCA
model: @ = §; + P;b;. A dimensionality reduction can be applied by selecting only the first k

modes. In that case, the Mahalanobis distance is approximated as:

ek b AR
d]\z/l(”) Y A,.l:z Tk (4.12)
Ri(u) = (u-i)' (u—1)

where Riz( u) is the squared residual error between the profile # and its best fit it computed from
the truncated PCA. The advantages of using the PCA-based Mahalanobis distance are:

— The covariance matrix does not need to be regulated, the PCA approach being perfectly capable
to handle the condition d « M.
- By applying the dimensionality reduction, the memory footprint is reduced and some noise in

the data is removed.
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We decided hence to use the PCA-based Mahalanobis distance by retaining 95% of the total

variance.

4.5 Evaluation

In this Section, we will evaluate and illustrate the methodology around the creation of generic
models and priors. Regarding the construction of priors, we will only assess the correspondence
quality of the shape priors. The performance of local shape variations and appearance priors will
be assessed in a segmentation context (See next Chapter). In particular, the choice of the correct
appearance priors with associated strategies is dependent on the image type and structures to

segment compared to shape priors.
4.5.1 Evaluation Metrics

4.5.1.1 Mesh-to-mesh Comparison

When a mesh-to-mesh comparison is necessary, e.g. when a segmentation result is compared
with a ground truth, we need to use relevant comparison metrics. Given two meshes X and Y,
we used the following metrics proposed by Heimann et al. [Hei08, HvGS*09]:

— Average asymmetric surface distance AASD(X,Y) computed in mm: X is chosen as the reference
mesh, and the distance is expressed as the average of all the point-to-surface distances ds(x;,Y)
between points x; of X and surface of mesh Y. The distance point-to-surface ds(x,Y) denotes
the Euclidean distance between point x and the surface of mesh Y which is simply computed
by projection of x on the surface of Y. As its name indicates, this error is asymmetric since a
reference mesh is selected.

— Average symmetric surface distance (ASSD) ASSD(X,Y) computed in mm: it removes the asym-

metry by taking the average of both asymmetric distances:
ASSD(X,Y) =0.5(AASD(X,Y) + AASD(Y, X))

This error is generally chosen to compare two meshes.

— Average symmetric root mean square symmetric surface distance ASRSD(X,Y) computed in mm:
instead of averaging the point-to-surface distances, the root square of the average of all squared
point-to-surface distances is instead considered. Compared to the ASSD, this ASRSD addition-
ally measures the error variations over the shape by including the variance in its calculation.

— Maximum Symmetric Surface Distance MSD(X,Y) also known as the Hausdorff distance [HKR93]
expressed in mm: it expresses the maximum point-to-surface distance among all the possible
ones. It returns hence the worst distance. It can be used to identify large distances localized in
small regions when a small ASSD and a large MSD values are simultaneously obtained.

It is possible to perform voxel-based instead of mesh-based computations by transforming the

meshes into labeled images (i.e. rasterization) and by replacing the point-to-surface distance

by a voxel-to-voxel distance [HvGS"09]. We used the mesh rasterization approach described

in [Gil07] which combines a 3D implementation of the Bresenham line algorithm [Bre65] with
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a region growing filling to quickly perform the rasterization. In case of image segmentation,
the spacing (i.e. the voxel dimensions) of the labeled image is usually chosen as the same as
the image on which the segmentation algorithm was applied. The advantage of using labeled
images is that a distance computation is expressed as a closest neighbor retrieval which can be
quickly approximated with an € precision by using the approximate nearest neighbor technique
[AMNT98]. In case of labeled images, another similarity measure can be computed:
— Volumetric overlap index VOE(X,Y): it expresses the overlap between the respective labeled
images Ix and Iy as 1 - |Ix N Iy|/|Ix U Iy|- This volumetric overlap is related to the well-know
Dice coefficient D [Dic45] by VOE =1-D/(2- D).

For any of these distances, a zero distance is synonym of identical meshes.
4.5.1.2 Statistical Significance Test

In many situations we want to compare two populations of meshes with respect to the ground
truths (GTs). We can thus compute for each individual of a population the mesh-to-mesh dis-
tances with respect to these GTs and then compare them between the two populations. This can
be useful to assess e.g. which population is the closest to the GT, or in the case of segmentation,
which segmentation approach is the most accurate. This comparison is properly done from a

statistical perspective by means of hypothesis testing procedures.

We decided to follow the guidelines described by Ruxton [Rux06] which described the appro-
priate computation of p-values to establish the statistical significance of the results with respect
to a chosen significance level «, which was set to 5% in all our experiments. The p-values were
computed with two-tailed unequal variance t-tests on raw or ranked data depending on the

normality of the data samples. We used the R statistical package for these computations [R D10].
4.5.1.3 Correspondence Metrics

To compare two correspondence methods, we used the correspondence metrics of Davies et al.
[Dav02] which are Compactness, Generality and Specificity. These metrics were presented in
detail in Sec. 2.5.4.7, and they can be only applied on statistical shape models with same shape
topology and number of points. In our case, we want to compare statistical shape models built
with and without landmark sliding refinement. Since our shapes present a quasi-uniform vertices
distribution, we avoid the pitfall of non-uniform landmark distribution with correspondence
measures described by Heimann [Hei08]. Except for the Compactness measure, these metrics

require a mesh-to-mesh comparison metric. We chose the ASSD distance.
4.5.2 Generic Model Construction

4.5.2.1 Lower Limb Modeling

To illustrate the anatomical modeling, we applied our methodology on datasets produced from
a female and healthy subject (age: 24, height: 1m68, weight: 58kg) acquisition. The protocol is
an Axial 2D T1 Turbo Spin Echo, TR/TE = 578/18ms, FOV/FA = 40cm/90°, matrix/resolution =
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512x512/0.78x0.78mm. To acquire a full lower limb, two different sessions took place and during
each of these sessions, three acquisitions were performed. Each acquisition was based on the
same protocol, but with varying slice thickness. First session consisted of the hip (thickness:
2mm), thigh (10mm) and knee (4mm); second session acquired the knee (2mm), leg (10mm) and
foot (4mm). All acquisitions of a session were merged into a unique volume, and the two session
volumes were registered together according to an appropriate knee overlap. The two resulting
datasets were created with the following dimensions (resolution): 202 x 398 x 595 (0.78 x 0.78 x 2.46
mm?) and 151 x 213 x 582 (0.68 x 0.68 x 2.5 mm?) for the first and second datasets, respectively. All
acquisitions were performed at the University Hospital of Geneva on a 1.5T MRI device (Philips
Medical Systems). The generic modeling has been done in collaboration INRIA who assisted
us in the creation of the models before optimization, i.e. in the tasks of manual segmentation
and model smoothing. The institutional medical-ethical committee approved the study and the

subject gave written informed consent.

From the first dataset that covers the iliac crests to the knees, the thigh was segmented with Gilles’
interactive deformable model approach [GMT10]. In this process, bones, muscles, ligaments and
cartilages were reconstructed. Our modeling approach was instead applied on the second dataset
which covered the area from the knee to the foot which could not be automatically segmented
with the previous approach. Similarly, we reconstructed soft and bony structures. We decided to

use both approaches to yield a complex lower limb dataset composed of 33 muscles and 6 bones.

A manual segmentation was first conducted with ITK-SNAP to produce a labeled volumetric
image (Sec. 4.2.2.1). Then, we reconstructed triangle meshes from the different labels and pro-
duced 2-simplex meshes based on the simplex mesh conversion approach. Subsequently, meshes
were smoothed (Sec. 4.2.2.2) followed by re-meshing optimization (Sec. 4.2.2.3) to get models
of good quality and of various resolutions. Bones were initially segmented as they were easier
to distinguish in the images, then soft tissues were segmented. The lower limb is composed of
many muscles in close contact. As a result, the corresponding models were inter-penetrating to
each other, particularly after the smoothing procedure (Fig. 4.15(a)). This was corrected with
our approach (Sec. 4.2.4) as illustrated in Fig 4.15(b). During this process, we chose rigidity
parameters that prevented muscles from diffusing into the bone models. The resulting generic
models are visible in Figs. 4.16(a), (b) and (c). Tendons were segmented by running first a tubu-
lar tracing method [AB02, PJBB05]. This approach produced different centerlines which were in
some occasions incomplete due to the poor image signal-to-noise ratio apparent in some slices
of the images. As a consequence, we manually corrected them by interactively placing missing
centerline points as explained in Sec. 4.2.2.4. These steps ultimately yielded a very good mod-
eling of the complex tendon network of the foot which is depicted in Fig. 4.16(d)—(f). Tendons
were then merged to the corresponding muscles by using the fusion process presented in Sec.
4.2.3. For example, Fig. 4.16(g) illustrates the merging of the tibialis anterior muscle and its
tendon. Eventually, muscles and tendons were attached to corresponding bones by using the de-
scribed procedure in Sec. 4.2.2.5. Attachments were identified on the images whenever possible

or estimated from relevant anatomical literature.
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(a) (b)

Figure 4.15: Inter-penetration removal of muscle models. (a) Before processing, some muscles models
clearly inter-penetrate to each other. (b) Results after correction.

(8)

Figure 4.16: Lower limb generic model construction. (a)-(c) 3D models of reconstructed lower limb with
bones and attached muscles. (d)-(f) Foot tendon models. (g) Tibialis anterior muscle model merged with its
tendon, where the closeup view shows the merging area.
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4.5.2.2 Knee Modeling

A high resolution MRI image of the knee was sagittaly acquired with dimensions of 512 x 512 x
143 and resolution 0.39 x 0.39 x 1 mm?®. This volumetric image offered better contrast of soft
articular structures compared to the previous full lower limb images. By applying the generic
model construction techniques, we produced 3D models of the articular soft structures (Fig.
4.17(f)) such as ligaments and cartilages, including meniscii, and bones (Fig. 4.17(e)). Bones
were segmented with our automatic segmentation technique depicted in the next Chapter while
soft tissues were reconstructed with the semi-manual process. After the smoothing and re-
meshing optimization, inter-penetration removal (Sec. 4.2.4) was successfully applied to get
smooth models in contact as illustrated in the labeled knee Figs. 4.17(b), (c) and (d) where

articular cartilages and meniscii are in contact. A Clinical Senior Lecturer of the academic unit

®

Figure 4.17: Knee generic model construction. (a) This sagittal slice shows an example of tibia segmentation
qualified as poor in its anterosuperior aspect (circled area). (b) and (c) sagittal slices in which cartilages
and ligaments are notably visible, respectively. (d) Labeled frontal slice of the knee. Notice how structures
are in close contact. (e) 3D meshes of the generic knee model. (f) articular soft tissues of the generic knee
model. Images rendered with MITK software.

of child health from University of Sheffield, thoroughly analyzed each of the 512 sagittal slices.
In each slice, a score was given to each structure using the evaluation scale “poor”, “fair” and
“good”. Furthermore, a series of comments were reported which provided precious insights to
the given scores. Table 4.1 reports these scores for each type of structures as percentages. Given a

structure X and an evaluation mark S, the percentage quantifies the count of slices, among those
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in which X is visible, which were attributed the mark S. Scores are pretty satisfactory as more
than 70% of the structure segmentation was denoted in average as good. In particular, cartilages
were very well delineated (95.7% of good mark). When both good and fair segmentations were

considered, the average percentage for all structures was around 84%.

The percentage of poorly segmented structures was relatively low (e.g., cartilages), except for lig-
aments. Errors of ligament reconstruction were mostly observed in the attachment areas which
were sometimes difficult to identify in the images despite the adapted imaging protocol. In the
majority of cases, the lowest scores were attributed to small defaults of the modeled structures
as depicted in Fig. 4.17(a). In this Figure, only the anterosuperior of the tibia was poorly seg-
mented. Although the remaining of the tibia delineation was very satisfactory, the segmentation
in this slice was reported as poor. As a result, the scoring procedure was quite strict which may
explain some low values. Nevertheless, the radiologist expressed an overall positive assessment
of the reconstructed structures, which looked very realistic and representative of healthy generic

models.

‘ ‘ Bone Cartilage Ligament

Poor | 11.5% 3.7% 34.7%
Fair | 25.7% 0.6% 11.8%
Good | 62.6% 95.7% 53.5%

Table 4.1: Radiological evaluation of knee generic model construction. Percentage is related to the average
number of slices in which the segmentation was labeled as poor, fair or good depending on the type of
structure.

4.5.3 Shape Correspondence

We applied the correspondence method by landmark sliding described in Sec. 4.3.1.2 on a train-
ing collection of 43 non-pathological samples, each of which was composed of left and right
femurs and hip bones. These samples were created with the training shape construction method
which deforms a generic template under the supervision of a user. We recall that this procedure
can be seen as a form of mesh-to-volume correspondence method. The aim is to see whether the

correspondence can be improved by landmark sliding.

Three resolutions were created for each bone. The lowest resolution of the femur (hip bone)
was composed of 514 (814) vertices, whereas the highest resolution has 8K (13K) vertices. Sub-
sequently, shapes were aligned and similarity SSMs were built by retaining 99% of the total
variance. One hundred random samples were used to compute the Specificity measure. Figures
4.18(a), 4.18(b) and 4.18(c) report Specificity, Generality and Compactness measures for the right
and left femur SSMs, respectively. Note that the ASSD (vertical axis in Figures) is measured after
similarity transform, which means that the value does no longer correspond to a physical value
since an isotropic scaling was applied during the alignment. The scaling value was approxima-
tively 1E-4 which does not really matter as we are interested in comparing correspondence with
and witout landmark sliding for each number of retained components (horizontal axis in Figs.

4.18). These figures show that both left and right femur SSMs reported smaller metrics with the
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Figure 4.18: Correspondence metrics for SSM built with and without the correspondence by landmark
sliding, referred to as “sliding” and “no sliding” methods, respectively. RF and LF denote right and left
femur, respectively.

use of the correspondence by sliding. A few curve crossings between correspondence with and
without sliding are visible in the Specificity (Fig. 4.18(c)). This can be explained by the fact that

the number of random samples (100) may not be sufficient to get smooth curves.

In Section 2.5.4.7, we reported various works which expressed reservations about these measures
being always appropriate indicators of correspondence quality. We decided thus to observe the
modes of variations of the generated SSMs with and without the correspondence by landmark
sliding. In Fig. 4.19, we considered the SSMs of right femurs refined with sliding and varied the
shape parameters of the first three main principal modes of the SSMs. Each row corresponds to
one mode. The generated shapes appear as natural and the modes affect some variations that
can be identified quite well. In fact, first mode captures femur thickness, second mode seems to
control the angle between the shaft and femoral neck while the third mode encompasses some
kind of twisting of the femur around its shaft. The same analysis was performed with the right
femur SSM built without applying the landmark sliding (Fig. 4.20). In contrast, the modes of the
non-refined correspondence method are less easy to interpret. The first mode does not model
the usual scaling change which seems instead to be more distinguishable in the second mode.

Third mode also captures some scale variations but also yield shapes less probable (e.g., not very
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smooth).

(a) -3.00/Ag (b) -1.5v/Ay (c) mean shape (d) 1.5v/A¢ (e) 3.0v/Ag
(f) -3.0y/A1 () -1.5v/A1 (h) mean shape (i) 1.5v/A1 G) 3.00/A1
(k) —3.00/A2 1) -1.5v/A, (m) mean shape (n) 1.5v/A; (0) 3.00/A5

Figure 4.19: Variation modes of right femur SSM with refined correspondence by landmark sliding.
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Figure 4.20: Variation modes of right femur SSM without refined correspondence by landmark sliding.

Regarding the hip bones, the results of Generality and Specificity were similar to those of the
femur. In fact, these measures were lower after correspondence by landmark sliding. The Com-
pactness however did not improve with the correspondence refinement. It is difficult to give
a clear explanation to this observation as the shape but also the initial correspondence can be

responsible. Nevertheless, the use of the correspondence refinement yielded smoother and more
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natural instances as depicted in Fig. 4.21. Without refinement with landmark sliding, extreme
instances with -3.0y/Ag (Fig. 4.21(f)) and 3.0v/Ag (Fig. 4.21(i)) presented indeed some deforma-
tions that did not appear as genuine and that were not present in the training shapes. Thus,
although the Compactness did not improve the generated instances seemed more typical and

thus legitimate than those obtained without correspondence refinement.

-

B

(@) -3.0v/Ag

(e) 3.0v/Ag

(‘}/

..

f) -3.00/A¢ (g) -3.0v/Ag (h) mean shape (i) 3.0v/A9 () 3.00/2A9

Figure 4.21: First mode of variations of right hip bone SSM. First and second rows show the results of SSMs
refined with and without correspondence by landmark sliding, respectively. Subfigures (b), (e), (g) and (j)
depict rotated versions of the instances in subfigures (a), (d), (f) and (i), respectively. Variations of the first
mode of the SSM without refinement lead to instances that are less natural (i.e. “edgy” aspect).

The correspondence refinement approach was computationally efficient using a standard PC (sin-
gle core 3.4 GHZ Intel Pentium 4 with 2 GB RAM). Forty-five femurs consisting of 514 landmarks
took in average 30 mins. Similarly, hip bone shapes with 814 landmarks required approxima-
tively 90 mins. It must be stressed that the correspondence of all shape resolutions was refined
during this process. As a final remark, no special observations were made with respect to the
side of the bone, i.e. right or left. Indeed, results were pretty similar regardless of the side, which
was expected as healthy bones are mostly symmetric and the construction method of the training

shapes is not particularly biased toward a side.

4.54 Robust Statistical Shape Model

A series of synthetic experiments was conducted to verify the efficiency of the robust SSM pre-
sented in Section 4.3.2.2. Twelve aligned shape pairs of left and right femurs and hip bones
formed a test dataset, while 30 training sets were synthetically corrupted with a perturbation
scheme based on vertex translation was applied. A random vertex c was selected on some train-

ing shapes, and all the vertices present in the ball of radius R centered on ¢ were perturbed by
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translation. Two different types of translation vectors were investigated:

- “d-perturbation” (Fig. 4.22a): points were translated by a constant noise vector d of magnitude
1,

- “n-perturbation” (Fig. 4.22b): vertices were translated by a noise vector n perpendicular to the

shape with a random magnitude (uniform distribution ¢/(0, 77))

() (b) () (e)

Figure 4.22: Examples of a) d-perturbation and b) n-perturbation on a right hip bone; Example of closest
shape with a SSM built on c) a PCA with non perturbed shapes (reference result), d) a classic and e) a
robust PCA (mdEM) with d-perturbed shapes.

Perturbed shapes were subsequently aligned given our weighted alignment procedure described
in Sec. 4.3.2.2. For each bone types (femur or hip bone), sides (left or right), and perturbation
types, 10 trials were performed (the perturbation location changed each time). In each trial, a
standard and robust SSMs were built based on the perturbed shapes. All the test shapes were
then compared to their closest match of the standard or robust SSM. A “gold-standard” error
was computed from the SSM built without corrupted shapes.

In Sec. 2.5.3.2 we presented various robust PCA approaches aiming at minimizing the weighted

least square error h (2.22). In our experiments, weights w;; were known and they were set to 1 for

non-corrupted vertices and to 0 otherwise. We chose to investigate three different robust PCA
approaches:

- wEM approach: method of Skocaj et al. [SLB07], which extends the EM-PCA algorithm [Row98,
TB99] to support general weights (i.e. not necessarily restricted to 0 and 1 values).

- mdEM approach: second method of Skocaj et al. [SLB07], which is a specialization of the
previous approach for missing data, i.e. data with weights exclusively equal to 0 or 1.

— wNoEM approach: method of Kiers [Kie97], which exploits the minimization of a majorizing
function. This approach is based on a standard PCA and it is not formulated as an EM
problem.

Results are reported in Table 4.2 where R = 80 mm, # = 30 mm and d = (1,0,0)". With

these empirically chosen testing parameters, the corrupted shapes presented strong perturba-

tions (Fig. 4.22(a) and 4.22(b)) in large regions. Results with standard PCA (sPCA) applied
on non-corrupted shapes are reported as reference results, while SPCA with corrupted data is
coined cPCA and is used to demonstrate the strong sensitivity of PCA to the corrupted data.

Four degrees of perturbations were used. For instance, a percentage of 25% meant that only 25%

of the shapes underwent the perturbation process. The reported results confirmed the sensitiv-

ity of classic PCA to corrupted points (Fig. 4.22(d)), especially when the number of corrupted
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| % corrup. | PCA cPCA wNoEM wEM mdEM |

25| 1.36 1.41+0.02 1.38+0.02 1.62+0.07 1.37+0.02

50 | 1.36 1.49+0.02 1.45+0.02 1.56+0.16 1.42+0.03

75| 136 1.51+0.03 1.48+0.02 1.50+0.10 1.45+0.03

100 | 1.36 1.76+0.10 1.68+0.08 1.70+0.11 1.50+0.04
(a) d-perturbation

. O sPCA
=" ~ [l cPCA
£ - @ wNoEN
3. ~ l wEM
2. O mdEM

i Percentaz;e of corruptgd shapes
(b) d-perturbation
| % corrup. | PCA cPCA wNoEM wEM mdEM |
25| 136 1.41+0.02 1.40+0.01 1.73+0.01 1.36+0.02
50 | 1.36 1.49+0.02 1.54+0.02 1.83+0.01 1.41+0.03
75| 136 1.51+0.03 1.60+0.02 1.83+0.01 1.43+0.04
100 | 1.36 1.76+0.10 1.69+0.04 1.84+0.02 1.65+0.05
(c) n-perturbation

. E sPCA
£ I cPCA
Ex O wNoEM
o B wEM
2 " O mdEM

2 100

Percentasoge of corruptﬁed shapes

(d) n-perturbation

Table 4.2: Comparison of standard PCA vs. various robust PCA implementations (WEM and mEM from
[SLB07], and wNoEM from [Kie97]) in the presence of d- and n-perturbations. Standard PCA without
corrupted shapes is denoted as sSPCA, while cPCA refers to the standard PCA with corrupted shapes. Error
metric is ASSD in mm.

shapes was high (cPCA had the highest ASSD with 100% of corrupted shapes). Among all robust
approaches, the wEM was the worst regardless of the perturbation type. It only outperformed
the cPCA when all shapes were perturbed. mdEM was the approach which was consistently
more reliable (Fig. 4.22(e)) with respect to the other two robust implementations, although the
difference was not statistically significant for low percentages of corrupted shapes. Nevertheless,
the error difference between the mdEM and the sPCA results remained below 10% of the optimal
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value regardless of the percentage of corrupted shapes.

The n-perturbations appeared to be more problematic for the cPCA and the robust PCA variants
compared to the directional perturbation. It is difficult to clearly explain this discrepancy since
perturbations are randomly located over the shapes. Nevertheless, the mdEM approach still
produced satisfactory results as the error difference remained below 20% of that of sSPCA. Finally,

no significant differences were observed depending on the bone types or sides.

4.6 Discussion

4.6.1 Generic Model Construction

The creation of generic models is greatly facilitated by the proposed techniques such as tubular
modeling (Sec. 4.2.2.4) and automatic inter-penetration removal (Sec. 4.2.4). However, the issue
with the initial segmentation of the images remains. Although semi-automatic segmentation
tools are available, such as the interpolation of segmentation results between slices or the use
of constraint points, the processing of 500-1000 slices is a tedious task. In fact, a lot of time
and effort are spent in checking first the results in a global manner (i.e. analysis of the global
shape of the segmented structure) and subsequently in a local fashion by doing a slice-by-slice

verification.

The accuracy of the segmentation of course depends of the context. We have seen that the eval-
uation of our modeling by an expert radiologist was satisfactory. Despite some reconstruction
errors observed in the images, 3D models were considered as very good from a modeling view-
point. The accuracy in building generic models is generally not as critical as in the segmentation
of medical images for clinical diagnosis. In the clinical context, results presenting too large devi-
ations from the ground truth can indeed mislead the diagnosis and put patients at risk. Similarly,
the creation of appearance priors requires an accurate modeling because the appearance around
the border of the models is captured. A poor modeling will inevitably yield non-representative

priors which will be useless in a segmentation method.

Instead, what really matters in the creation of generic models is the quality of the models. Models
must be smooth, must not inter-penetrate each other and must offer a good trade-off between
mesh quality and number of vertices. A mesh quality indicator is the quasi-regularity of the
mesh faces and quasi-uniformity of the vertex repartition. Our construction method fulfills these
conditions. They are essential to create good shape priors (correspondence) and to have generic
models that well behave during a deformable model evolution. Our ultimate goal is the use of

deformable generic models coupled with shape priors to segment clinical data.

4.6.2 Shape Correspondence

Based on the experimental results reported in Sec. 4.5.3, we can consider that the correspondence
method by landmark sliding is beneficial with respect to the initial mesh-to-volume correspon-

dence method. This was confirmed by the performance metrics and analysis of the modes of

117



Chapter 4. Construction of Shape and Appearance Priors

variations. Although the SSMs built with hip bone shapes appeared as less compact after corre-
spondence by landmark sliding, the Specificity and the Generality measures improved. Further-
more, generated instances of hip bones with a refined correspondence appeared as more natural

and smoother.

Our metrics presented some curve crossings which could lead to ambiguity [KE06]. In the liter-
ature, alternative performance metrics were hence proposed [MDW07, MDWO08]. Among them,
the testing of the SSM in the segmentation context was considered [VADF*06]. This is a good
choice as ultimately we are interested in the performance of our knowledge-based segmentation

approach. This investigation will be conducted in the evaluation Section of next Chapter.

The correspondence by landmark sliding approach was in particular appreciated due to its capa-
bility to refine a training set of shapes with arbitrary topology. In fact, compared to MDL-based
approaches, no constraints are made on the shape genus. Moreover, the resulting refined shapes
remain totally unchanged from a topological viewpoint (e.g., same number of points), which is
particularly convenient. By using the lowest shape resolution, which offered a good compromise
between shape quality and number of vertices, we were able to compute the correspondence

across all resolution levels by using projection, TPS transform and resolution change.

The speed of this correspondence method is also an asset. We were able to process 45 right/left
femur and hip bone training shapes in approximatively 4 hours in a single core 3.4 Ghz Pentium
4 with 2 GB of RAM. This computation time is considered to be very satisfactory for a shape
correspondence approach and it was possible thanks to the use of the lower resolution, which
produced a low number of landmarks, and thanks to the efficient solving of the quadratic prob-
lem (Appendix Sec. A.4). If we compared it to the fast MDL-based correspondence approach
of Heimann [Hei08], we reach similar, if not lower computation times. In fact, Heimann’s im-
plementation needed between 30 to 50 hours (depending on the use or not of an optimization
process) to process 45 shapes with 2562 landmarks. We ran a similar correspondence procedure
on our 43 training shapes with the same number of landmarks in 27.7 hours approximatively.
Since the correspondence scales linearly with the number of training shapes, we can extrapolate

a total processing time of 29 hours for 45 shapes.

4.6.3 Robust Statistical Shape Model

The synthetic results of Sec. 4.5.4 stressed the need to use robust SSM construction methods. The
standard PCA was indeed too sensitive to erroneous vertices. The EM-based robust approach
(mdEM) which replaced missing data with reconstructed values was the most effective. Given
the strong artificial perturbations that were applied, the robust approach mdEM is expected to
behave efficiently with real data in which the amplitude of perturbations tend to be smaller. Real
perturbations have good chances to be modeled as a combination of d— and n- perturbations.
In fact, d-perturbations model the effect that could be observed if vertices outside the image
extent were kept fixed while the deformable model was evolving inside the image FOV. This

would result in a “shift” effect visible with the d—perturbation (Fig. 4.22(a)). The n— perturbation
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attempts to mimic erroneous deformations, due to misleading image artifacts or poor appearance

priors, which will occur along the vertex normal direction.

The robust PCA error was generally close to the reference PCA error which would suggest that an
SSM built from perturbed shapes with a robust PCA could be used for segmentation purpose.
However, this experiment illustrated only the good generality aspect of the robust SSM. It is
unsure indeed whether the mixing of complete S° and corrupted S® shapes into a robust SSM
will preserve its specificity and efficacy in the segmentation context. As a result, this will be
assessed in the evaluation Section of next Chapter. In the following of this thesis, the mdEM

approach is chosen as the official robust PCA.
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Chapter 5. Knowledge-based Deformable Model

5.1 Introduction

In this Chapter, we will present our deformable model algorithm supported by the prior knowl-
edge expressed in the previous Chap. 4. We will address all the important steps presented in
our literature review of statistical deformable models (Sec. 2.5.5), which are initialization (Sec.
5.2), evolution (Sec. 5.3) and interactive control (Sec. 5.4). After the methodology, a large series
of experiments will be conducted in the evaluation Sec. 5.5 followed by a discussion on the

performance and limitations of our knowledge-based deformable model in Sec. 5.6.

While most of the presented techniques are independent of the nature of the images or the
anatomical structures, we will describe our algorithm specifically optimized for the segmentation

of hip joint bones in MRI images as the main focus of this thesis.

5.2 Initialization

The quality of deformable model-based segmentation is often dictated by the reliability of the
initialization. A good initialization should be as automatic as possible and accurate enough so
that the deformable model converges to the right result. Usually, an initialization method is
crafted based on some prior knowledge of the segmentation task: the image modality and its
characteristics (resolution, field of view (FOV)), the nature and pose of the structures of interest,
etc. In particular, the FOV has a significant impact on the initialization and it will be carefully

analyzed in the evaluation experiments.

We explored and categorized different initialization approaches based on the size of the image
FOV with respect to the structures to segment. Our main contribution in this Sec. is the de-
sign of an efficient initialization approach for images of the hip joint with small FOV or with

unconventional subject limb postures.

5.2.1 Image Preprocessing

As previously explained in Sec. 3.3.4, an MRI acquisition of large body parts, such as the whole
lower limb, cannot be performed in a single scan. Consecutive scans, known as slabs, are nec-
essary to cover its entire length (left of Fig. 5.1(a)). The registration of these slabs is required,
in order to generate a uniquely assembled MRI image (right of Fig. 5.1(a)). The registration is
computed based on a sufficient overlap among the slabs which is used to compute the alignment
between them. When the alignment information was not provided by the scanner, we used a

rigid registration based on the manual placement of landmarks.

To cope with differences in intensity distribution that appear between registered slabs, an inten-
sity normalization is necessary. This issue is often due to different MRI intensity ranges between
the slabs. Also, the presence of strong artifacts at the image boundaries is likely to affect the in-
tensity distribution, as well as the ubiquitous bias field effect. Our corrective procedure consists

in putting artifact intensity values into the background, so that when intensities are normalized
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between slabs, these artifacts do not bias the correction. The normalization is performed us-
ing an intensity scaling factor. For that, we calculate for each slab the histogram of the main
structures of interest (i.e. bones, muscles and fat) and compute the factor so that histograms
are similar (Fig. 5.1(b)). Finally, a bias correction approach [SBSGO02] is applied on the full im-
age to correct intensity inhomogeneities. When alignment is difficult and prone to errors, our
coupled registration-segmentation (Sec. 5.3.4) can be applied as described in the corresponding

experiments (Sec. 5.5.5).

The last step consists in smoothing the image to filter for noise. We used an anisotropic diffusion
smoothing [PM90] for its good tradeoff between computation time and efficiency (i.e. noise

removal with preservation of features such as edges).

(b)

Figure 5.1: Image preprocessing. (a) Different acquisitions, denoted as slabs and covering the full limb,
are registered based on a sufficient overlap. (b) Intensity normalization is applied so that structures of
interest share the same intensity distribution between the slabs (here the normalization is applied on the
left subfigure).

5.2.2 Model Initialization in Image with Large FOV
5.2.2.1 Landmark-based Initialization

A simple yet efficient approach to initialize a model into an image is to use an interpolation
technique based on landmarks. We used the approach proposed in [Gil07] which warps a generic
model based on source landmarks defined on the model (5.2(a)) and target landmarks selected
on the image (Fig. 5.2(c)). The warping exploits an interpolation based on the Thin Plate Spline
(TPS) transform. Source landmarks are located at key anatomical locations as shown in Fig.
5.2(a) in order to ensure that they are well preserved in the interpolated model (Fig. 5.2(b)). The
placement accuracy is not very demanding and initialized model of sufficient quality can be often
obtained as depicted in Fig. 5.2(d). Nevertheless, landmarks should be chosen in such a way

that they appear as features easy to identify in the images. These can be located in areas of high
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curvature (e.g., extremities of trochanters) or at measurable positions (e.g., landmark located at

the anterior middle of the femur shaft).

-

r e <y
ﬁ |

i

2 A

(@) (b) (© (d)

Figure 5.2: Landmark-based initialization. (a) Generic right femur model with corresponding landmarks
placed at key anatomical locations such as the greater and lesser trochanters, the top of the femoral head,
and the medial and lateral condyles. (b) Resulting interpolated model with TPS transform, where the
destination landmarks were placed into the image as shown in (c). Here, the quality of the initialization can
be assessed with the mesh overlays visible in the subfigure (d).

5.2.2.2 Atlas-based Registration

Instead on relying on a reference model to be interpolated, we can exploit a reference image. In
such initialization, the idea is to achieve an atlas-based registration by estimating the unknown
transform T between the reference atlas and the subject image. The resulting T is then used
to transform the atlas’ segmented meshes into the space of the subject image, achieving the
initialization.

It is essential to use a non-rigid transform T to account for inter-subject variability. In this thesis,
we used the volumetric registration toolset ElastiX [KSP07]. Initially, an affine alignment was
performed followed by a non-rigid B-Splines transformation to result in a registered subject im-
age to the atlas. The affine alignment also needed an initialization, which was simply estimated
by aligning the image centers. It was hence assumed that the subject had a similar position (body,

lower limbs) in both images.

Both the affine and B-Splines transformations were optimized with standard gradient descent
optimizer and a multi-resolution strategy with 3 resolution levels was used to avoid the local
minima, where 100 iterations were applied at each level. For the B-Splines transform, a grid
of 16 x 16 x 16 voxels was used. These parameters were derived from experimental trials which
assessed the impact of the parameters with respect to the final segmentation results (Sec. 5.5.4).
Figure 5.3 depicts this process, where a right femur shape is initialized in the subject image (Fig.
5.3(b)) by performing a non-rigid registration with the atlas image (Fig. 5.3(a)). The resulting

deformation is illustrated by a deformed grid.
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(a) Atlas image (b) Subject image

Figure 5.3: Example of initialization by atlas-based registration. A non-rigid registration between (a) the
atlas and (b) the subject MRI is performed. The blue overlay represents (a) the atlas and (b) transformed
right femur with the computed transformation T. The yellow grid illustrates the non-rigid deformation.

5.2.3 Model Initialization in Image with small FOV

5.2.3.1 The Need of Prior Knowledge and Regularization

Most initialization approaches, and in particular those that were just presented, often rely on a
good visibility of the structure to be segmented. As a result, they usually cannot be applied to
images with a small FOV. Studholme et al. [SHH99] studied for instance the influence of FOV
in the case of image registration. If the fixed and moving images present very different FOVs,
the registration is likely to fail, especially when simple heuristics are used such as the alignment
of the images center (Fig. 5.4(a)). In order to use it with small FOV, we observed that the
registration needs images to be aligned relatively close, thus the automatic alignment capability
of the registration vanishes since an operator has to provide a good initial alignment. Similarly,
landmark-based initialization also faces difficulties. Due to a small image FOV, it may be indeed
impossible to locate a sufficient number of landmarks in the image (Fig. 5.4(b)). This can prevent
the interpolation from giving satisfactory initializations (Fig. 5.4(c), (d) and (e)). A solution to
improve the interpolation would consist in having more markers in the FOV. However, in this
example the sphericity of the femoral head makes quite difficult the definition and location of
additional markers. Eventually, this would demand to define different landmark set based on the
different FOVs. This seriously prevents automation and ease of use as the FOV is not a clinical

standard.

Similarly, approaches found in CT segmentation literature may not be applicable. Such ap-
proaches include the manual placement [LSHDO04] of an initial model which is difficult without
adequate visual cues and is also time consuming. Some automatic initialization approaches have
higher chances to fail with reduced FOVs, such as the initialization of Seim et al. [SKH"08] based

on the general Hough transform, which might not be as efficient when the template (in their
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(b) (d) (e)

Figure 5.4: Initialization issues with small FOV. (a) Atlas-based registration is likely to fail when the atlas
and the subject images have largely different FOVs, espcially when the initialization of the registration uses
the image centers. Here, the dotted rectangle depicts the expected final location of the registered subject
image. (b) By using images with small FOV, most landmarks used in a landmark-based initialization
[Gil07] are out of the image FOV (red vs. green landmarks). (c) The right femur resulting from the TPS
interpolation based on the landmarks present only in the image FOV (dark model) significantly differs from
the final segmentation result (bright model). White mesh overlay in (d) and (e) illustrate the poor quality
of the initialization.

case the pelvis) is strongly incomplete in the images (as other partially visible structures might

produce a higher vote).

Therefore, it is clear that in order to initialize deformable models in images with small FOV, prior
knowledge and regularization are necessary. The idea is to devise an initialization which borrows
principles from model-to-image registration in which the shape and the pose of the model need
to be estimated. By using an SSM, the shape is easily controlled by the shape parameters b of
its generative model. The nature of the transform parameters depends on the alignment type of
the SSM, i.e. rigid, similarity, affine, etc. Given a generic shape and an associated SSM, optimal
shape b* and transform T* parameters are hence simultaneously optimized so that the resulting
shape is the best fit for the structure depicted in the image. The degree of fitting is computed

from a cost function dependent on the shape and transform parameters.

The minimization of the cost function is usually done with global optimization approaches to
avoid local minima. For instance, Kervrann and Heitz [KH98] minimized a cost function by
simulated annealing in order to localize a structure of interest in the first image of a video
sequence. de Bruijne and Nielsen [dBN04] made use of particle filtering to initially fit an SSM in
radiographic images. Heimann et al. [HMMWO07] proposed one of the first approaches of global
fitting applied on 3D images in order to initialize a deformable model of the liver. In 3D, the
problem is much more challenging as the dimensionality of the space grows and the number of
local minima is increased. It is thus necessary to regulate the registration process by constraining

the pose parameters. This regularization is really dependent on the context and on the available
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prior information.

In our context of bone segmentation of the hip joint, we devised a specific regularization of
model-to-image registration based on a constrained global minimization technique. Such ap-
proach was inspired by the kinematic behavior of the hip joint. The main steps of this initializa-

tion are reported in Fig. 5.5 and detailed in the following Sections.

Initialization pre-processing

: I
E MRI image . q HJC
! / (small FOV) /L> User point click in image

Initialization computation v v
' shape Syl it ' HJC Cost func.tlon
instance in shape evaluation

Figure 5.5: Constrained global initialization workflow.

Pose and shape
parameters
optimization

A

5.2.3.2 Hip Joint Center Estimation

In order to operate, the initialization requires the estimation of the hip joint center. The femoral
head is usually largely visible in clinical hip MRI allowing for correct clinical diagnosis of
pathologies. Therefore, the hip joint center (HJC), denoted as Ojuage is easily approximated
using a simple point and click procedure on the image to select the femoral head center with an
error of & = [y, (5y, J; ] mm?. During the optimization process, instances of the femur or hip bone
are produced by varying their shape parameters. From these instances, the HJC is automatically
estimated by spherical least-square fitting [EHW00]. In this case, the HJC Ogpqp, is taken to be
the center of the sphere (Fig. 5.6(b)) that approximates the best predefined points corresponding
to the femoral head (FH) and the acetabulum (AB) for femur and hip bone instances, respectively
(Fig. 5.6(a)). These points are defined as a set of indices that need to be computed only once in
one arbitrarily chosen instance of the corresponding SSM (e.g., the mean shape) because there is

a point correspondence across generated instances.
5.2.3.3 Cost Function Definition

The cost function Cy expresses the quality of fitting of a current instance generated by transform

T and shape parameters b. The cost function is computed as the sum of two image energies:
Cy=(1-B)EP+pES (5.1)

Image energies are only computed at points present in the image, i.e. inside the FOV. The

first energy E'P(y;) computes the similarity between intensity profiles (IPs) p; of the current

shape positions y; and reference profiles gtf

i as previously presented in Sec. 4.4. The reference

127



Chapter 5. Knowledge-based Deformable Model

(@ (b) (©

Figure 5.6: Constrained initialization cost function evaluation. Given a hip bone shape instance that is de-
fined by the current shape parameters as in (a) together with the predefined vertex indices of its acetabular
region (dark region), the hip joint center (HJC) Ogpqp, is estimated from the shape as the center of a sphere
fit to these predefined vertices as shown in (b). In (c), a user locates the HJC Oimage within the image. The
two estimated HJC positions Ogjzpe and Ojyage are then made coincident which yields the placement of
the shape in the image. Subsequently in d), the current transform T, whose rotation center is Ojyage, is
applied on the shape. The cost function is finally evaluated with the resulting shape.

profiles can be computed from training data by choosing, for example an average IP for each
point. Similarly to [GMT10], the NCC is chosen as the similarity measure between extracted and
reference profiles because of its robustness to intensity variations. The NCC varies in the interval

[-1, 1], where an NCC value of 1 corresponding to identical profiles p; and g;:

S - -)
e V(- P2 - 9)?

The energy E'P to minimize is hence computed from the negated NCC, i.e. EP(y;) = ~-NCC(p;, q?ef).

(5.2)

The second image energy E® considers the image gradient direction:

E8(y;) = € * niV, I(y;) (5.3)
_ VI(y)
Vi) = VVI(Y)TVI(y) + 2 G4

where V,I(y;) corresponds to the normalized image gradient at y; and € equals 1 when the
expected gradient points inward with respect to the models surface (-1 when gradient points
outward). Gradient normalization is necessary to ensure the image energy is bound within the
interval [-1, 1], so that the two image energies can be correctly summed and the weight parameter
B can vary in the interval [0, 1]. The normalization is hence of paramount importance. We used
the regularized normalized gradient Vv, I of Haber and Modersitzki [HMO06], in which the 7
parameter makes the normalized gradient more robust to smaller gradient values and better
differentiable in areas with constant intensity. Moreover, this regularized normalization discards
low gradients that are in reality noise in the data. Without it, most of the image would have
a regularized amplitude of 1. To automatically select an adequate y value, we exploited the

approach of Ascher et al. [AHHO06] who used the average gradient over the image domain ()
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regulated by an estimated noise level #:
7= [ 91 (55)
Q) Jo

We approximated the noise level # by using the automatic pseudo-residuals technique [GS]JS86,
CYP*08]. Figure 5.7(a) illustrates the gradient magnitude image of an MRI slice for which the
magnitude goes from 0 to > 400. In comparison, Fig. 5.7(b) depicts a regularized normalized
gradient magnitude of the same MRI slice. As expected, the gradient magnitude remains in the

interval [0, 1] and the normalization correctly preserves the gradients.

— 400
— 300

— 038
— 0.6
0.4
0.2
0.0

(a) Non-normalized gradient magnitude (b) Regularized and normalized gradient magnitude

Figure 5.7: Comparison of non-normalized and regularized normalized gradient on an MRI slice.

5.2.3.4 Cost Function Evaluation

The initialization procedure attempts to find the best pair of rigid transform and shape parame-
ters (T*, b*) that minimize a cost function C¢(T, b). A rigid SSM is chosen since global variations
will be conferred to the changing shape and realistic shape will naturally be instantiated. In fact,
a similarity SSM and transform may produce aberrant shapes (e.g., an extremely small shape) if

the transform parameters are not correctly controlled.

The key aspect of our constrained initialization method is the way the cost function Cy is eval-
uated. Given search parameters (T, b) and the HJC Oimage located on the image, the following
steps are performed (Fig. 5.6):

1. Generate the shape y from b and estimate the HJC Ogpp-

2. Translate the shape by the vector Ogpape = Oimage-

3. From T, use the rotation components to rotate y with respect to Ojmage-

4. From T, use the translation parameters t to translate the rotated y.

5. Evaluate Cy with the resulting shape y'.
Given T = (R, t), steps 2 to 4 are equivalent to applying the rigid transform with translation
vector t+ Oimage — R.Ogpap, and rotation R to y. In step 4, we allow small translations ¢ in the

rigid transform to account for any HJC placement error. This confers greater flexibility when

placing the HJC in the image.

The approach described is thus inspired by the hip joint kinematics (ball-and-socket joint), where

the femur and hip bone rotate mainly around the HJC. By limiting the rigid transform T essen-

129



Chapter 5. Knowledge-based Deformable Model

tially to a rotation centered on the HJC the search space is reduced, thereby increasing the chances
of convergence. For better efficiency, a low resolution shape is used for the initialization. Higher
resolutions of a specific shape are obtained from the initialized shape by progressively increasing
the shape resolution. Each shape is regulated with an affine SSM to filter out artifacts caused by

the resolution increase.

5.2.3.5 Cost Function Minimization

The differential evolution (DE) algorithm [SP95] was chosen to minimize the cost function. This
algorithm combines the concepts of evolutionary algorithms [Hol75] and a self-adaptive mech-
anism. In DE, a population member uiG represents the search parameters T and b, which are
evolved from the generation G to the next by applying the mutation, crossover and selection
operators. The mutation operator will generate new individuals viG based on the linear com-
bination of various population members ulG and a chosen mutation strategy. Storn and Price
[SP95] proposed 5 different strategies which are all characterized by the use of a weighted differ-
ential variation F(u{ - ulG), where the indices k and [ are randomly chosen among the member
indices of the current population. F is a parameter which scales the differential variation. The

crossover operator will choose whose values from the mutant individual le will be preserved

in the individual ul.GJrl of the next generation G +1. This random selection is controlled by a
crossover factor C. Eventually, the selection operator accepts this new individual uf” for the
next generation only if its cost function is strictly smaller than the original individual u?, i.e.

C f(ulG”) <C f(uiG). For this reason, DE is considered as a greedy algorithm.

DE is a global stochastic optimization approach which does not require any initialization. Indeed,
parameters of the individuals in the first generation are simply uniformly computed within the
variation intervals. Furthermore, DE is appreciated for its simplicity and by the fact that few
parameters need to be defined, namely F, C, and the numbers of individuals and generations.
Moreover, the variations of the individual parameters, in our case the shape and transform
parameters, are easily controlled by using constraints. When parameters independently vary
in respective intervals, out-of-bounds parameters can be clamped to the interval extrema or
replaced by valid random values [Lam02]. When some parameters must satisfy a constraint,
the violation approach can be used [BMO06]. For instance, if we choose to encode the rotation
parameters of the transform T as a unit quaternion g, we may use for any generated individual

the constraint |g] < 1.

In our specific situation, we chose to use Euler angles and a translation vector to encode T. In
practice, we bound the rotation angles to the full rotation space [0, 27t], the translation is limited
to the HJC error interval [-J, +J] (Section 5.2.3.2) and shape parameters are clamped according
to the “clamping” constraints (Sec. 4.3.1.3) to preserve the Specificity of the SSM. To improve the
robustness of the optimization, the angle parameters can be restricted to a smaller interval when

some prior knowledge is available (e.g., subject leg is in neutral position).
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5.3 Evolution

5.3.1 Dynamic Evolution

From the initialized models, a deformable model is used to refine the segmentation results. The

core of our deformable model evolution is based on the approach of Gilles [Gil07, GMT10]. This

approach considers each mesh vertex as a lumped mass particle with parameters of position,

velocity and acceleration. The evolution is a process which iterates over the following steps:

— Force computation: internal and external forces are computed based on particle state and
external information (e.g., image).

— Numerical integration: forces are applied to these particles and the resulting discrete Newto-
nian differential equations are solved by an Euler implicit numerical scheme.

— Mesh update: mesh vertices are updated and mesh attributes such as normals or simplex
parameters are computed.

During the evolution, the various resolutions of the meshes are used in a multi-resolution ap-

proach, which increases the mesh resolution after a predefined number of iterations. The num-

ber of iterations for each level was chosen based on experiments that determined how many

iterations were necessary on average to reduce the vertex displacement of a mesh between two

iterations below a small threshold (e.g., 0.5 mm). This yields what we refer to as the “iteration

schedule” which provides the number of iterations per resolution level.

Furthermore, models are simultaneously evolved (e.g., femur and hip joint together) and inter-
penetrations among the models are prevented with collision detection and response techniques
based on k-discrete oriented polytopes [MKEO3] and distance maps for deformable and static
interfaces, respectively. The collision response can be translated as force, position or speed al-
terations. A damping force inversely proportional to the particle velocity is also considered to

avoid potential oscillations.

In this thesis, any force f; is expressed as a Hookean spring force, which is aimed at moving
a point x; towards a target point ¥;, i.e. f; = a(%; —x;). Here, the force weight a acts as a
stiffness parameter. In order to be used with the implicit Euler scheme, these forces need to be
derived with respect to the particle position. In [Gil07, GMT10] additional details on the model
evolution are given, such as approximation methods to compute force derivatives for isotropic
or anisotropic forces. Generally, internal forces (Sec. 5.3.3) are isotropic, whereas external forces
(Sec. 5.3.2) are anisotropic. In the following, we will present the different forces used in our

knowledge-based deformable model, by focusing on our contributions.
5.3.2 External Forces

5.3.2.1 Image Forces

External image forces attract the shape towards the desired boundaries by using image features.

Given the point position x;, the target position ¥; is sought along the normal direction n;, such
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that an image energy E (y{ ) is minimized. In practice, the energy is computed at L = 2D +
1 positions y{:, regularly spaced by a step S, symmetrically with respect to x; (i.e. D times
inside and outside the mesh). Parameters D and S are named search depth and search step,
respectively. Depending on the image features and chosen strategies, different image energies

with corresponding image forces can be devised.

Gradient Direction Force The gradient energy E® has been already presented in a regularized
and normalized form (Eq. (5.4)) in Sec. 5.2.3.3 to allow the correct summation of energy terms.
A regularized and normalized gradient force & = a"8(& - x) is thus simply derived from this
energy. In the context of force computation, the regularized normalization can be removed as the
edge strength is also a strong indicator of the presence of the structure boundaries, yielding a
non-normalized gradient force f& = a8(¥ - x). In both cases, the gradient direction is maintained
as a force only based on gradient magnitude will not be able to distinguish the right interface
between tissues (e.g., bone boundary in our MRI images is darker than surrounding muscular

tissue, i.e. gradients point outward like our mesh normals).

Intensity Profile Force Based on intensity profiles (IP, Sec. 4.4), we consider two types of image
energies. The first energy E'P denotes the energy computed with the NCC similarity measure,
recalled in Sec. 5.2.3.3. For each point x;, this energy compares a reference profile qfef with L
candidate profiles pf:, j €[1,L] based on the NCC measure. The NCC has the nice property to
be invariant under intensity affine changes, which confers some robustness against variations
in the local appearance of structures across individuals and protocols. We chose this similarity
measure as it outperformed various common measures in the context of MRI musculoskeletal

segmentation [Gil07].

The second energy E™8Y is based on the multivariate Gaussian distribution (MGD) formulation
which exploits the Mahalanobis distance as described in Sec. 4.4.3. In particular, the PCA-based
Mahalanobis formulation (4.11) is preferred as it reduces the memory footprint and minimizes
the influence of the noise in the data. We denote the forces based on IP and MGD as fIP =

#P(% - x) and fmed = 4M84(% - x), respectively.
5.3.2.2 Constraint Point-based Force

The segmentation evolution can be controlled by using what is referred to as constraint points
(CP) [Gil07]. Three types of CPs are available:

1. Internal points: the model evolves to include the points in its interior.

2. External points: the model evolves to exclude the points from its interior.

3. Frontier points: the model evolves to have the points lying exactly on its surface.
In practice, constraint points attract or repel meshes by creating forces on some vertices. An
example of an internal CP P is depicted in Fig. 5.8(a), where the closest face of the mesh, here
represented by two vertices Py and Pj, is attracted under the action of two forces flCp and f2Cp

applied on Py and Pj, respectively. Forces become inactive when the CP is in the interior of the
mesh (Fig. 5.8(b)).
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Py B Py

(b)

Figure 5.8: [llustration of the forces based on an internal constraint point (CP) P. (a) The closest face (Py, P;)
to the CP P is attracted by creating 2 forces flClD and f;p on Py and P; respectively, whose calculation depends
on P and its projection P, on the face. (b) End of evolution in which P is located inside the model.

5.3.2.3 Symmetric Force

Another type of prior knowledge that can be exploited in the segmentation context is the sym-
metry property. Indeed, a structure of interest can have a point, an axis or a plane of symmetry
which can be used to regulate its deformation. For instance, the pelvis is composed of a right
and left hip bones which are mostly symmetric with respect to a sagittal plane. This symmetry

is commonly observed in healthy subjects.

The use of two independent models to segment each hip bone generally confers a greater flexibil-
ity in the segmentation since each model can evolve freely. In fact, consider the situation where
very narrow pelvic models are used as training shapes to built an SSM. In the case where a sub-
ject presents a wide pelvis, the segmentation might not be able to correctly segment the bones
due to over-constraining shape priors which prevent the hip bones to separate too much from
each other. In this situation, two independent deformable models of hip bones with associated

SSMs would have been more adapted.

In most of our experiments, segmented hip bones appeared as symmetric at the end of the
segmentation. However, in some cases asymmetry was observed as depicted in Fig. 5.9(a) and
(b). The left hip bone is clearly erroneous, especially at the level of the pubic arc. Strong image

artifacts in this image area could be at the origin of this deviation from the correct result.

To tackle this issue, we devised a force which enforces a symmetry between the two structures.
This force has to regulate the evolution of each shape until a symmetry is reached with respect
to a symmetry plane. The two shapes S, = {P?,..., P2} and S, = {P?,..., P!} must be in point
correspondence and have the same of number of points n. These requirements are fulfilled by
our hip bone shapes. Given a symmetry plane P with normal n, the symmetry property implies

two conditions:

1. the middle point C; of the segment [P?P’] lies on the plane P.

2. vector Pi"Pib is parallel to n.

To satisfy these conditions, we propose the following procedure to compute target positions E’i
and Pl.b:
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(b) (d)

Figure 5.9: Symmetric force illustration. Subfigures (a) and (b) illustrate segmented hip bones as mesh
overlays and 3d models, respectively, that are not symmetric. Based on our force which enforces symmetry,
the segmentation results can be corrected for this subject as shown in (c) and (d).

1. the plane P is estimated by performing a PCA with all current middle points 0.5(P/ + PP).
The principal direction with smaller variance is chosen as the normal # to the plane and an
arbitrary point on the plane P, is selected (Fig. 5.10(a)).

2. For each pair of points (P/, Pib), the middle point C; is projected on the plane as C;-, and
new points P** and Pi*b are computed as the projections of P{" and Pib on the line passing
through C; and directed by #, respectively (Fig. 5.10(b)). These points are simply computed

with the following formulas:

Ci =Ci+ <CiPpln>n o
P/*=Ci+ <CiPfln>n, Vx e {a,b} 67

3. Target points 137“ and ’1;? are eventually computed as (Fig. 5.10(c)):
P¥ = P} +PYP** + C;C;}, ¥x € {a,b} (5.8)

As shown in Fig. 5.10(c), the final points do satisfy the abovementioned symmetry conditions. A
corrected result based on this symmetric force is visible in Figs. 5.9(c) and (d), where the left hip

bone is now clearly symmetric and the segmentation is of satisfactory quality.

5.3.3 Internal Forces
Internal forces regulate the model evolution by considering smoothing and shape priors.
5.3.3.1 Smoothing Force

We used the smoothing force proposed by Gilles ef al. [GMT10]. This force f*™° is based on the
smoothing equation (4.1) presented in Sec. 4.2.2.2 which estimates the smoothed target position
of a vertex. This smoothing is based on an improved version of the Laplacian smoothing designed

to minimize the recurrent shrinking effect.
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(b)

Figure 5.10: Symmetric force computation. (a) from two objects in point correspondence, a plane of sym-
metry is approximated from the pairs of points (P/, Pib). (b) For each pair of points, intermediate point
positions are used to ultimately compute new target positions as shown in (c).

5.3.3.2 Shape Memory Force

Based on the simplex parameters detailed in Appendix Sec. A.3.3, a force f*™*™ referred to
as “shape memory” force [Del99, GMT10] is devised. It follows the concept of strain energy,
which enforces deformed structures to recover pre-defined configurations, encoded in our case
by pre-defined simplex parameters. Given a triplet of reference simplex parameters associated
with each shape vertex x;, a target position ¥; is simply computed by applying the generative
equation (See Fig. A.4) based on local parameters, which are expressed from the current local
configuration of the shape. A reference simplex mesh is derived from a generic shape such as

the mean shape of a SSM.
5.3.3.3 PDM-based Force

Our shape prior regulates the current shape x by finding its closest representation ¥ given its
associated SSM (Sec. 4.3.1.3) expressed as a point distribution model (PDM). This yields a force
on each point x;: f5™ = a*™(&; - x;). Scaling constraints are chosen for the shape parameter
constraints (Sec. 4.3.1.3). During the shape regularization, the pose of the shape expressed as a
transform is estimated with the same alignment procedure found in the generalized Procrustes
(Sec. 4.3.1.2). Since models are potentially evolving in images with small FOV, chances are that
some model vertices will be out of the image FOV. To account for these points outside the FOV
of the image which are not reliable, it is necessary to also weight the alignment as explained in
Section 4.3.2.2. Otherwise, erroneous vertices will corrupt the alignment and ultimately affect
the computation of all the PDM-based forces as illustrated in Fig. 5.11. This example depicts a
shape with some erroneous points out of the image FOV (Fig. 5.11(a)). To recover a plausible
shape which matches as closely as possible the non-corrupted part of the shape located in the
image extents (black rectangle) a regularization was done with an SSM. Figure 5.11(c) clearly
illustrates the effect of a non-robust alignment in the regularization process, while Fig. 5.11(b)

depicts a robust approach.

At each mesh resolution level, a different alignment transform type can be chosen to affect the

“locality” of the regularization as previously explained in Sec. 4.3.1.3. A coarse-to-fine SSM
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Figure 5.11: Robust alignment for PDM-based force computation. (a) Shape vertices outside the image
boundaries (rectangle) are considered to be erroneous points. This shape is regularized by finding its closest
shape expressed by a PDM. (b) If erroneous points are correctly taken into account, the regulated shape
(filled surface representation) closely matches the correct part of the shape in the image FOV, otherwise (c)
it will attempt to satisfy both inside and outside parts. This results in a non-correctly fitted shape in the
image extents.

scheme is thus possible, by progressively increasing the SSM locality throughout the segmen-
tation. Later on in the evaluation Sec. 5.5.2, we will see that in the special situation of small
image FOV, a carefully chosen multi-resolution alignment scheme improves the robustness and

accuracy of the segmentation.
5.3.34 MRF-based Force

In Sec. 4.3.3, we presented a modeling of the local shape variations based on a Markov-Gauss
distribution model. In this Section, we will devise a force that exploits this local shape prior.
Let us consider d = {d¢, t € (O} which designates an observation field on a regular lattice defined
by the image I. This field is related to the image information exploited in external images
forces (gradient, IP, etc.). Our goal is to estimate the true (unknown) vertex positions Y* by
using a Maximum a posteriori (MAD, Sec. B.4.2) formulation of the random process Y from the
observation d [KH98]:

Y* = argmax P(Y|d) = argmax P(d|Y)P(Y) = argmax P(Y, d) (5.9)
Y Y Y

Commonly, P(d|Y) is assumed to follow a Gibbs distribution (Sec. B.6.2), i.e. P(d|Y) is propor-
tional to exp-E;(Y,d). As a result, the joint distribution P(Y,d) is also a Gibbs distribution:
P(Y,d) = %exp - E(Y,d). Parameter Z is assumed to be constant and independent of Y [KH98].

The energy is expressed as:

M
E(Y,d>:Ed(Y,d>+ﬁZ(,7lz N()Hé -5+ |5|)
JEN (i

i=1

M M
= ;[Edz(yzldy,)+ﬁEm1 ylry/\/(z))] ; (5-10)
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where M denotes the number of shape vertices, 6; = y; — x; and dy, is the image information
at vertex y;. The random process Y will be inferred from the image information and reference
positions X. The parameter B weights the regularization induced by the energy term based on
spatial deformations with respect to the image-based energy term. When p is null, the procedure
can be seen as a standard Maximum-Likelihood (ML, Sec. B.4.3) strategy that ignores geometrical

considerations.

To solve this MAP problem, the energy E should be globally minimized which is not a trivial
task. Instead, we consider E as a kind of potential energy and devise appropriate forces f to be
used in our framework (i.e., f = —=VE). Each local energy E; is derived with respect to positions
y; and y; (j € N(i)), to get local contributions in forces and force derivatives. By summing up
these contributions (e.g., f; = —0E;/dy; — ¥ 0E;/dy;), forces and force derivatives can be computed
for each particle in order to perform an implicit integration step. An analytic formulation of the
energy E, ; derivatives can be expressed (See Sec. A.5 in Appendices for details), whereas the
derivative of E;; cannot be explicitly formulated. Finite differences approximations may also
lead to incorrect results as E; may not vary smoothly enough. The force expression of the image
forces depicted in Sec. 5.3.2.1 is thus reused to get forces and force derivatives for E; ; (E;; is not
dependent on y;). The MAP-MRF problem resolution hence yields two types of forces: ™ and
™ (B is then similar to a weighting parameter ™), where f™ is in our case a combination of

gradient- and IP-based image forces.

Different choices are possible to set X, which is kept constant during the optimization of Y. It
can be fixed once for all during the evolution, typically after the initialization procedure as it
is done in [KH98]. This assumption is strongly dependent on the quality of the initialization.
Alternatively, X can be set during the segmentation when the evolving shape is near the optimal
one. We decided to employ this scheme at the end of each evolution of a resolution level k
(See experiment in Sec. 5.5.3.2). In fact, at this stage the shape at resolution k is usually close
to the optimal result, and hence it can be locally refined with the MRF forces only, SSM-based
forces being turned off. Smoothing forces are also not longer necessary as the MRF formulation

achieves some smoothing via its term |&; - 5j||2.
5.3.4 Coupled Registration-Segmentation

5.3.4.1 Introduction

In general, segmentation yields the reconstruction of structures of interest to support diagnosis
and planning, while registration allows the alignment of images to estimate motion or changes
in time of a patient. As mentioned by Yezzi et al. [YZKO01], these tasks can strongly benefit
from each other. Their seminal paper described a way to unify registration and segmentation
problems in a variational framework using deformable models. Their work gave birth to a
variety of coupled registration-segmentation methods [MC03, US05, WV05, DR07, LHV07] with
various extensions such as the support of more than 2 images or non-rigid transforms. Voxel-

based approaches were also proposed and formulated as a MAP estimation problem [WNO03,
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PFL*05] or MRF-based approaches [MS10]. Some other approaches [WV05, PFL*05] made used
of atlases to solve the registration-segmentation problem. Atlases might not be always available
and atlas-based registration generally demands the use of non-rigid transforms which decreases
the method effectiveness in case where linear transforms are expected (e.g., a rigid structure

imaged in different positions).
5.3.4.2 Framework Overview

We propose a coupled registration-segmentation framework based on our deformable model,
to especially segment and co-registered bony structures in multiple MRI images. However, the
proposed framework is quite general and could be applied to any kind of structures and with

various types of deformable model approaches as explained in the following.

Our goal is to segment and register the same structures of interest (SOIs) in N images I, ..., I,
For the sake of brevity, we only present our methodology in case of a single SOI, but the proposed
approach can be easily extended to multiple SOIs. We assume that the segmentation is achieved

by using N deformable models (DM) represented by shapes S!,..., SN

, composed of a same
number 7 of points x;'-: Si= {xi, ..., xi}. No restrictions are made on the nature of the DM (e.g.,
curves [US05], simplex meshes [Del99]), except that their shapes must share the same number of
points and be in point correspondence. Similarly, DMs can adopt any type of evolution strategies
(e.g., Gradient flow [YZKO01], our Newtonian evolution depicted in Sec. 5.3.1) as long as they can
be expressed as an update operator ¥(S'), which returns the new state of the shape at each

evolution step.

The registration consists in computing the mappings ¢"7/ to transform S/ to S'. Similarly to
[LHVO07], instead of computing the N? possible mappings g'/, we estimate the mappings g’ that
transform a common shape § to each shape S'. In case of linear transforms and shapes in point
correspondence, we express these mappings g’ by using the generalized Procrustes alignment
(GPA) that was presented in Sec. 2.5.2. During this procedure, mean shape S={x,..., %} and

mapping ¢’ estimates are iteratively updated based on a least square optimization (Eq. (2.8)).

An overview of the steps involved in our coupled registration-segmentation framework is de-
picted in Fig. 5.12, in which segmentation and registration are used in an interleaved manner.
The steps are repeated until segmentation convergence. First, shapes S’ are updated given the
segmentation update operator ¥. Then, the resulting shapes ¥(S') are aligned with the GPA.
The final stage performs a linear “blending” at the point level between shapes ¥(S') and the

back-transformed mean shapes g'(5) to get new shapes S’ for the next iteration:
S = Ag'(8) + (1-A)¥(S)) (5.11)

Parameter A € [0,1] is used as a stiffness coefficient, which expresses the degree of constraint
applied by the registration to the segmentation. Theoretically, if shapes only differ by a linear
transform, A should be set to 1. However, in practice it is better to slightly relax A at the beginning

of the segmentation. This provides more freedom to the segmentation, especially when the
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Figure 5.12: Coupled registration-segmentation step: initially, a segmentation step is executed, evolving
N shapes §' — ¥(sh; resulting shapes ¥(S') are then aligned with a (weighted) GPA to yield alignment
mappings gi and mean shape S; finally, shapes ¥(S') and back-transformed mean shapes g'(3) are blended
to produce new shapes.

shapes are not initialized closely enough and they need to be significantly deformed.
5.3.4.3 Weighting Procedure

A major issue with the aforementioned step is that all shape points are equally treated in the
registration. If these points are invalid from a segmentation viewpoint (e.g. point not lying
on organ boundary or out of the image FOV), they will corrupt the registration. As a result,
bad estimates of the mean § and mappings g' will be computed. Hence we apply a simple yet
efficient solution that uses a weighted GPA, like it was performed in Sec. 4.3.2 to create robust
SSMs.

We express the weights w; as the sum of “reliability” terms Fk(ﬂ(x;)): w; = Yrcken FF (G(x;)) The
quantity G(X;-) = 9]1» is a feature vector computed from the image I', the shape S' and the point x;-.
The intra-reliability term F 1(9;.) accounts for the segmentation quality at x; in image I'. Similarly,
inter-reliability terms FF (G;),k # i additionally consider the coupling with other images. If we
consider (i) the features vector 6]1- as the observation of a random variable O, (ii) the event w ”0;.
is the features vector obtained in case of optimal segmentation at x;-”, and (iii) Fk(G;) = pk(w|9]l:)
as a posteriori probability function, w; computation is analog to a “sum rule” commonly used in

multi-classifiers approaches.

The computation of weights is critical. In our framework, weights are constantly updated during
the segmentation as follows: shape points out of their corresponding image FOV have null
weights (lowest weight), otherwise the NCC measure is used to define the reliability terms. If
rq? and pf denote respectively the reference and extracted profiles of point x}, we define the

reliability terms as follows:

intra-reliability F'(6}) = 0.5(NCC(p}, rq}) +1)/N (5.12)
inter-reliability F*(6}) = 0.5(NCC(p}, ) +1)/N, Vk [1,N] and k # i (5.13)

139



Chapter 5. Knowledge-based Deformable Model

Since the NCC varies within [-1, 1], weights take values in [0, 1]. By giving a higher weight to
a shape point whose IP is similar to the other shapes’ IPs, robust estimates of the mean shape
and alignment transforms are obtained. This provides thus an effective way to express point
reliability. The NCC is invariant to linear intensity changes, thus being useful for MRI images

acquired with different protocols.

5.4 Interactivity and Control

In Sec. 2.5.5.3, we explained that regardless of the type of the segmentation approach, there
are conditions in which the behavior of the algorithm will not be optimal, inevitably leading to
segmentation errors. These conditions include e.g. pathological cases or strong image artifacts
that were not accounted for by the a priori knowledge. As a consequence, users must be provided
with control mechanisms which can interactively update and correct the segmentation evolution
[OS01].

In Sec. 5.4.1, we will investigate the use of GPU to improve the interactivity of our deformable
model-based segmentation while Sec. 5.4.2 will present our framework to concurrently and

collaboratively segment the same image by multiple users.
5.4.1 Improved Interactivity with GPU Processing

5.4.1.1 Introduction

In general, segmentation approaches can be classified as low- and high-level approaches. Low-
level approaches directly work on voxel information and are usually burdened by the intensive
manipulation of volumetric image data. As a result, these methods naturally appeared at first
as good candidates for GPU implementations. Indeed, images are regular lattices on which read
access can be very efficient due to the optimized GPU texture management (e.g., caching). We
can find in the literature GPU-based implementations of the watershed [SS00] and region grow-
ing methods [SHNO3], along with Markov random fields [WBK*(09] and graph cuts approaches
[Pan09, LSS09]. Image registration (Sec. 2.3) also strongly benefited from parallel computing, giv-
ing birth to a variety of implementations based on mutual information [TEE*08], sum of squared
differences [KDR"06], demons [SKSF07, MOOXS08], viscous-fluid regularization [ONDSE*08]
or regularized gradient flow [SDR04].

Higher-level approaches, such as deformable models, were also ported to GPU architectures by
considering implicit deformable models as image lattices. Levelset approaches [LCW03, CLW04]
(Sec. 2.4.3) became particularly popular in the GPU-segmentation community as significant
speed-ups and interactive rendering were made available. Geodesic active contours [CKS97] were
also efficiently implemented in GPU [UPT*08, SUP*09] by using the total variation formulation,

mostly to quickly segment structures by foreground and background separation in 2D images.

Nevertheless, little work has been made in implementing explicit discrete deformable models

in GPU for segmentation purposes. That is unfortunate since discrete deformable models offer
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several advantages as previously stated in Chap. 2. Indeed, they provide an intuitive and more
appropriate control of the shape deformations compared to implicit models. Furthermore, they
are much more robust against image artifacts than most low-level approaches thanks to the use of
shape regularization. In GPU, methods for implementing active contours based on gradient flow
(Sec. 2.4.2) have been proposed [KB09, HK06], but they were limited to the case of 2D images. On
the other hand, many works exploited physically-based surface or volumetric deformable models
in GPU in other application domains, such as spring mass systems [MHS05, GW05], cloth simu-
lation [RNS06], volumetric mesh deformation [TE05] or Finite Element Modeling [GSMY*07].

5.4.1.2 GPU Framework Architecture

In this thesis, we hence propose a flexible GPU framework for fully interactive parallel segmen-
tation of multiple volumetric objects based on our discrete deformable models. The main goal
is to increase the interactivity of the segmentation while offering an intuitive user control on
the segmentation. The GPU framework uses the same segmentation methodology depicted in
Sec. 5.3 in which discrete deformable models, represented as 2-simplex meshes, are dynamically
evolved as a set of particles subject to internal and external forces. In our implementation, only

the core segmentation features were included to validate the capability of the GPU approach.

Our GPU segmentation framework is implemented using the NVidia CUDA. To keep the focus
on our contributions, we do not cover the CUDA architecture as well as the OpenGL language.
We suggest interested readers to refer to the programming guides [NVI10, SWNDO07]. The pro-
posed framework architecture is divided according to the major stages involved in a simulation
step previously reported in Sec. 5.3: force computation, numerical integration and mesh update.
In the following, each stage is described along with the designed data access layer for storage

and retrieval purposes of 2-simplex mesh data.

5.4.1.3 Simplex Mesh Data Access Layer

[ vertex_indices 1 [ speed ) [ cell_neighbours 1
; Ty [[ 1orc$ e e e i P = Ji ‘
- N . B normal N S — —— ————— — - — —
‘ #vertex_indices 1md G VW it i vertex neighbours /" Gl
: | i 2 7 P = i I T S KA ) i
CqlCa | - i 3] @ Szl ] v, - N Vi|Va] - Vi v sh 2
m mes } ! " P
J_Ff %S}hi A mesh 2| . sh[3
v elevation T e e e e e e e e | '
m@’ﬂi [ o 5 P A B 0 S A | £
[ .
(a) per vertex GPU arrays (b) per cell GPU arrays (c) vertex/cell neighbours GPU arrays

Figure 5.13: GPU arrays. (a) Per vertex GPU arrays which are shared by all meshes in the system; (b)
Cell description held in GPU: e.g. cell C; is composed of vertices {V1, V2, V3, V4, V5, Ve } and the number of
vertices (6) is stored in a separated GPU array; (c) Neighbor information per vertex on the GPU: e.g. vertex
Vi has 3 neighbors {Vy, Vg, V2 }. Similarly, cell C; has neighbor cells {C1, C2, C3}.

We have designed a simple data access layer for storage and retrieval of the simplex mesh data
(see Fig. 5.13). In our GPU segmentation framework, meshes are encoded as vertices within one

unique array. This encoding strategy has the advantage of being very compact in terms of space
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requirements and it supports a straightforward distribution of the data for parallel processing
within the GPU. We store position and normal for each vertex using a CUDA one-dimensional
texture sampler bound to linear memory, because we use these attributes in both the read and
write modes. The same strategy is used for other local parameters like the mass or elevation / of
a particle with respect to its neighbors (see Sec. A.3 of Appendices for a reminder on 2-simplex

mesh geometry).

Besides, we store other (mostly) invariant per-vertex attributes using 2D samplers mapped to
cudaArrays which are special data structures of CUDA, providing (i) bigger amounts of mem-
ory allocation in the GPU and (ii) fast cached reads. In order to access the desired data, we just
need to compute the offset in each dimension of a 2D texture. Examples of per vertex attributes
stored using 2D textures are the neighbor indices and the indices of the 3 neighbor cells sharing
the same vertex. Finally, we store some per-cell information like the indices of the vertices of
each cell and the number of vertices forming a cell, which is not necessarily the same for all the

cells.

The volumetric image information is stored in a raw uncompressed format by using 3D textures.
This is to take advantage of spatial locality to provide a fast access for read operations which
are the most expensive in terms of access time. Moreover, 3D textures provide cheap trilinear
interpolation that is intensively used by image-related operations. In this first implementation
of the framework, moderate-size volume data sets are handled, so special compression or multi-

resolution strategies are not necessary.

After each numerical integration, all meshes are processed in parallel at once by calling a CUDA
kernel (i.e. a GPU-threaded function) responsible of the update of each point’s position, normal,
area and elevation. Cell centers are also updated since they are required by smoothing and
shape prior forces (See next Section) and the visualization based on the triangular tessellation
of 2-simplex mesh (Sec. A.3.2). Writing operations are then performed using data structures in
global memory space, because cudaArrays and texture memory writing operations are not yet

supported by current versions of CUDA.
5.4.1.4 Force Computation

Our GPU framework re-implements the IP- and gradient-based external image forces (Sec. 5.3.2.1),
as well as the smoothing (Sec. 5.3.3.1) and shape memory (Sec. 5.3.3.2) internal forces. Once the
information of all meshes has been updated, the computation of the forces is distributed in paral-
lel by assigning each particle to a GPU thread. Each thread calls a CUDA kernel which performs
the actual computation of a force. Forces can be enabled and disabled for each mesh registered

in the framework. For this purpose we maintain in the GPU a simplex mesh activation register

f

storing the weight «a; of the force f for the i-th mesh. Changes on this state are supported at any

moment during the runtime of the segmentation algorithm.

The different forces are computed in a sequential order to avoid asynchronous updates of the

total resultant force. This behavior is directly related to the availability of atomic operations,
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only supported by NVIDIA graphics cards with CUDA compute capability above 1.0!. In any
case, forces computation time is quite heterogeneous and variable. In particular when one force
is much more expensive than the others, we can assume that the total time of computation in
parallel for all the forces is almost equivalent to the time of the most expensive force in terms
of computation time (See later on the results on force time distributions in the experiment Sec.
5.5.6).

Most of the forces were implemented without any special GPU optimizations, since the proposed
data access layer (e.g., texture samplers) and parallelism strategies (e.g. simultaneous processing
of all vertices with one kernel) were already efficient. However, “interactive” forces required

more attention and will be detailed in Sec. 5.4.1.7.
5.4.1.5 Numerical Integration

Once the resultant force per particle is computed, we need to update the new states of the parti-
cles by solving a series of discrete differential equations. Compared to the CPU implementation,
we decided not to exploit the implicit Euler integration. This choice has been mainly driven by
practical implementation choices. Indeed, iterative approaches such as the conjugate gradient
are usually exploited to avoid the explicit inversion of large sparse matrices in implicit integra-
tion. These approaches require a considerable effort to be successfully implemented in the GPU,

which significantly complicates the design of the GPU framework.

Since solving the integration with an explicit method is known to require a small stepsize in
order to converge, we chose to move the calculations to the GPU in order to decrease the stepsize
and reach better interactive frame rates. Among the explicit techniques implemented in the GPU,
we have obtained the best results with a Verlet-based approach [Ver67]. The Verlet equation is
implemented in a CUDA kernel and is computed in parallel for each particle of the simplex

meshes. The final result is eventually written in the point position array.
5.4.1.6 Visualization

To ensure real-time interaction, we established a balance between simulation and visualization
tasks by fixing the maximum amount of time that the simulation can spend. As long as we
are within the bounds of this time interval, one or more segmentation iterations are performed.
Subsequently the simplex meshes are rendered by using the Vertex Buffer Object (VBO) OpenGL
extension which significantly reduces data transfers between GPU and CPU. The sequence of
operations needed for updating and displaying the simplex mesh data in the VBO are shown in
Fig. 5.14(a). First, all the VBO attributes array are mapped to the GPU linear memory. Next,
we perform a series of simulation iterations and write the partial result in the memory used by
the VBO. Meshes are then updated in parallel before the VBO is unmapped. Subsequently, all
meshes are rendered by (i) calculating the entry offset in the index array, (ii) binding all VBO

attribute arrays in OpenGL, (iii) setting all simplex mesh rendering parameters (e.g. color or

1. Our GPU did not support atomic operations. Moreover, atomic operations are known to be relatively slow which
might affect the performance of our framework.
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clipping planes) and finally calling the glDrawElements OpenGL command with the current
index offset and bound arrays as parameters. The default OpenGL state is then restored by
unbinding the vertex and index arrays. In addition, we display other useful information such as
standard transversal, sagittal or coronal slices to explore the volumetric image. To render these
slices, the Pixel Buffer Object (PBO) OpenGL extension was used as it supports interoperability
with the CUDA architecture. More specifically, a PBO bulffer is declared and the 2D slice of
interest is written by using a kernel. Finally, the PBO is used to define a 2D texture which is

rendered on a simple 2D quad.
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Figure 5.14: (a) GPU visualization pipeline. Interaction by attraction points: (b) a point and its 2-order
neighborhood (small discs) of a spherical mesh are attracted by an attraction point (AP) yielding the mesh
deformation. (c) In a sequential manner, a N-tuple of APs is processed in parallel to find the points on each
mesh to be attracted.

5.4.1.7 Interaction

All the parameters affecting the segmentation (e.g., force contribution «;, timestep) can be dy-
namically changed, providing a first level of interactivity. Such actions are however insufficient
to accurately interact with the segmentation, and “pictorial-input” is preferred [OS01]. We imple-
mented an interaction based on attraction points (AP). This interaction is similar to the constraint
point force concept previously presented in Sec. 5.3.2.2. For each mesh j, different attraction
points can be positioned in the 3D space by clicking on rendered slices. Given C]’.‘ the k-th AP
associated with mesh j, we find the closest mesh point P;] to C]’.‘ and its p-order neighboring
points P;, Vi e [1,Np] (e.g., a 2-order neighborhood is composed of the neighbors of neighbors
of P;] as exemplified in Fig. 5.14(b)), and compute the following weighted attraction forces f*

applied on each vertex P]’

oG
VZ € [0, Np]’fpl = W (514)
] €U, Np
w; = o \c]" -Pi (5.15)
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In practice, various N-tuples of APs {C¥, ..., CZ@} are sequentially processed (Fig. 5.14(c)), where
N denotes the number of meshes. Note that this N-tuple can actually have less than N elements
as not all meshes have the same number of APs. Given a N-tuple of APs, the closest point P](.) is
found on each mesh j by (i) running in parallel a kernel on each mesh point x;. that computes the
squared Euclidean distance between C]’.‘ and x;, and by (ii) applying a parallel reduction on the
array of squared distances to get for each mesh j the index of the closest mesh point P]‘.]. Since for
each mesh j of M; points, M; CUDA threads will access the same memory location containing
the coordinates of the AP C}‘, this information is initially loaded into shared memory to speed-
up read-accesses. Furthermore, the possibility to interactively select, move or delete each AP is
provided to users by intuitive point and grab actions, leading to a real-time control of the mesh

deformation.

5.4.2 Collaborative and Concurrent Control

5.4.2.1 Introduction on Collaborative Telemedicine

Telemedicine is a rapidly developing application system in the medical domain that harnesses
the advances in telecommunication and multimedia technologies [WCP06] and has lead to many
healthcare benefits, such as telesurgery applications for distance-based surgery [MLG*01]. In
particular, teleradiology is a telemedicine system that involves the efficient distribution and shar-
ing of medical images from one geographical location to another. Teleradiology has evolved from
video/audio/text based conferencing and shared 2D images running on imaging workstations
with local area network (LAN) [ZSH*00] to current state-of-the-art systems that are capable of
streaming volumetric medical images in real-time via a wireless network [PKI08]. Moreover,
modern systems now support thin client/cloud computing [CKCF07] that processes (e.g., vol-
ume rendering) and stores all the medical image data in a client-server relationship, thus not

requiring imaging workstations to directly access to the images.

Despite the remarkable growth in teleradiology, little progress has been made in the mecha-
nism that enables interactive collaboration among multiple users. In teleradiology applications,
collaboration tools include the usual video/audio/text for communication among the users (tele-
conferencing), image navigation, and image editing, which we refer to hereon as “collaborative
editing”. Basic image editing involves appending information to the image without changing
the image’s state, such as textual annotations and drawing of regions of interest (ROIs). For
editing that results in a changed state of the image (e.g., brightness/contrast, lookup table) a
simple “lock and release” has become the default control mechanism. In such a strict locking
mechanism [PKI08, SWCHPC*05], one user requests the object and applies changes on it, while

all other users cannot make changes to it until the object is “released”.

Hence, these studies do not allow concurrent editing, where every user’s action can be executed
timely and collaboratively, because only a single user who has ownership of the object can edit
it. In collaboration with a MIRALab team focused on networking and mobility, we proposed

a framework for real-time and interactive collaborative segmentation based on our deformable
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models. Unlike conventional approaches with strict locking mechanism, we relax the time con-
straint in collaborative editing in order to increase real-time and interactive performance of users:
multiple users may request edits within a predefined time range, where these requests are then
managed (filtered) based on image processing constraints. The filtered request is then executed

and all the users are acknowledged of the processed requests.

Intentionally, this work is briefly covered in this thesis, in particular all aspects related to net-
working (communication substrate) or server-client architectures. We refer interested readers to
our publications [SNH*09, HNS*10] for full details.

5.4.2.2 Overview of the Proposed Framework

Our collaborative editing framework consists of three main components: (i) Collaborative editing
mechanism, (ii) Iterative 3D segmentation and (iii) Communication substrate for collaboration.
An overview of the framework is visible in Fig. 5.15. Once a user initiates the collaboration
session, i.e., loads the image and sends invitation to other users to join, multiple users can
connect to the session and start the collaboration. Iterations of the segmentation are executed
by a processing module (iterative 3D segmentation) which relays the results to all the users in
the session through the communication substrate. The results are composed of the image data
(MRI slice) and segmentation data (segmentation overlay) which are proper to each user. At any
point, any user can collaboratively segment the image by adjusting the segmentation parameters
via interactive image annotation (collaborative editing mechanism). These parameters are then

inserted as new constraints in the segmentation and used in the next segmentation iteration.

User A
: B Manual
3D Processing © input
Module egmentation - 1%
parameters é Output
. & image+overlay
Iterative egmentation, g
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& User B
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Image slice g Manual
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Shice g Output
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Figure 5.15: Collaborative segmentation framework. It is composed of a processing server which communi-
cates with clients through a communication substrate. The server holds and process the segmentation data
(3D meshes and image) while clients only have a 2D view corresponding to a slice of the 3D image. In this
example, the server and client views are synchronized, and different clients (varying color annotations) are
concurrently making changes to the segmentation. Each client can apply modification to a selected model
(in green overlay on the client view).
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5.4.2.3 Segmentation

To ensure the efficiency of the collaborative process, the segmentation approach used in the

framework must fulfill the following requirements:

— Iterative: the algorithm must be iterative thereby enabling different users to amend, stop and
resume the segmentation process. Most importantly, each iteration has to provide meaning-
ful intermediate results that can be correctly interpreted by users. This provides an efficient
monitoring of the algorithm evolution [OS01].

— Multiple parameters support: The algorithm must be able to accept multiple parameters (changes)
from multiple clients. Parameters can be global (e.g., a weight coefficient) or local (e.g., local
constraints). Appropriate decision rules have to be designed to fuse the various changes or
constraints.

— Locality of changes: Changes made by users should have an immediate local influence. These

changes may ultimately affect the process in a global but progressive manner.

Our discrete deformable model-based segmentation (Sec. 5.3) is hence a good candidate, as
well as its GPU implementation (Sec. 5.4.1). In fact, these iterative algorithms provide intu-
itive visual feedback by progressively deforming shapes, whose evolution can be controlled by
global parameters such as force weighting or local changes based on constraint (Sec. 5.3.2.2) and
attraction (Sec. 5.4.1.7) points for the CPU and GPU versions, respectively. With our segmenta-
tion approach, the segmentation overlay (Fig. 5.15) is simply composed of the evolving model

contours and the constraint points, which are overlaid on the transmitted slices.
5.4.2.4 Collaborative Client-Server Mechanism

A unique instance of the 3D image with the corresponding evolving 3D meshes is hosted and
managed by the processing module (Fig. 5.15). This service provider acts as a server and is
responsible of the segmentation evolution, the filtering of user requests and generation of data.
The processing module processes user data between a desired number of iteration steps, relaxing
time constraints and improving interactivity. Every user, who participates to the collaborative
segmentation, operates through a thin client which (i) send commands to the module to notify
(change in) its status (e.g., request of new slice position, addition of constraint points, change
of some segmentation parameters, etc.) and (ii) receives updated information (new image and
segmentation data). An efficient caching management is implemented to resend whenever pos-
sible the same information to multiple users (e.g. a slice) avoiding the recomputation of the same

information.

Communications are easily and seamlessly done over a network through the communication
substrate (Fig. 5.15). Clients can run on heterogeneous devices, such as those with limited
resources (e.g., portable devices) since all the processing is done by the server. Views of the
clients can be synchronized (2D views in Fig. 5.15) which means that all the users observe the
same slice. A second mode consists in letting the users to view a slice independently to the other

users in the same collaborative session. Experiments in the evaluation Sec. 5.5.7 will illustrate
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some collaborative scenarios exploiting these modes.

5.5 Evaluation

In this Section, we will evaluate our knowledge-based deformable models in the context of image
segmentation by analyzing its main aspects such as initialization, user control, interactivity and
impact of the field of view (FOV).

5.5.1 Experiment Setup

5.5.1.1 Image Material

Thirty female ballet dancers from the Grand Théare of Geneva and 13 additional female subjects
(average age of all 43 subjects: 25.1 years) gave written consent to be acquired using two different
MRI protocols on a 1.5T MRI device (Philips Medical Systems). These protocols were defined by
MIRALab and the radiological department of the University Hospital of Geneva [Gil07]. The first
protocol VIBE (Axial 3D T1, TR/TE= 4.15/1.69 ms, FOV /Matrix= 35 cm/256 x 256, resolution=
1.367 x 1.367 x 5 mm) was used to acquire both thighs of each subject in supine position covering
the FOV from the iliac crests to the beginning of the proximal tibias (Fig. 5.16(a)). This protocol
had fast acquisition time resulting in low resolution images. This produced strong partial volume

effect which is clearly visible in the articular area (middle of Fig. 5.16(b)).

<cVB

(b)

Figure 5.16: MRI images acquired in supine position used in experiments. (a) Coronal slice of MRI volume
acquired with VIBE protocol and with a right femur bone overlay. (b) In the left subfigure the different
field of views (FOV) of the VIBE (VB), right cropped VIBE (cVB) and right TRUEFISP (TF) images can be
compared. Bones are only partially visible in the TF and c¢VB datasets, particularly the femurs. In the
middle and right subfigures, enlarged coronal slices of the hip articulation with c¢VB and TF protocols are
respectively shown, where the black rectangle in the cVB slice corresponds to the TF FOV extents.

The second protocol TRUEFISP (Sagittal 3D T2*, TR/TE=10.57/4.63 ms, FOV /Matrix= 20 cm /384
x384, resolution= 0.52 x 0.52 x 0.6 mm) had a significantly smaller FOV around the right or left
hip joint but it offered a better resolution and signal-to-noise ratio (right of Fig. 5.16(b)). The
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left part of Fig. 5.16(b) shows the large difference between the FOV of VIBE (VB) and TRUEFISP
(TF) protocols. It also illustrates an additional type of artificially created images, which was
obtained by cropping the large VIBE datasets around the hip joint with slightly larger FOV than
the TE. These cropped images are hereafter referred to as cropped VIBE (cVB). Volumes of cVB
and TF corresponded in average to 6.2% and 3.5% of VB’s volume, respectively. These images
with small FOV will be used to assess the impact of FOV and SSMs builit with complete and

corrupted shapes on the segmentation.

Furthermore, dancers entered the scanner in right and left split postures (Fig. 5.17(a)) and were
scanned using the same protocols, producing the “split” datasets (Figs. 5.17(b) and (c)). Subjects
were monitored and asked to remain as still as possible during the acquisition to avoid the

formation of motion artifacts.

(b) ©

Figure 5.17: MRI images acquired in split position used in our experiments. (a) A volunteer before entering
the MRI scanner in split posture. (b) A coronal slice of a split MRI image with bone overlay. (c) Volume
rendering of a split MRI showing the extreme posture performed by the subject.

5.5.1.2 Shape and Appearance Priors Computation

The left and right hip joint bones (i.e., the bone “sides”) which consist of the pair of hip bones
and femurs (i.e. the bone “types”) were semi-manually segmented as described in Sec. 4.3.1.1 of
previous Chap. 4, yielding a large collection of 172 models. These models were used as reference
or training shapes. For each shape chosen for training purposes, four different shape resolutions
were created based on the multi-resolution scheme (Sec. 4.2.1.3). From the training dataset
composed of images and shapes, shape and appearance priors were computed as follows. SSMs
per shape resolution were built after point correspondence refinement (Sec. 4.3.1.2) with different
multi-resolution alignment schemes (Section 4.3.1.3) that will be specified in each experiment.
For the highest shape resolution level, no SSM was computed and the segmentation evolution
regularization was only dictated by the smoothing constraints. This allowed the segmentation of

fine details not represented by the SSM.

In the modeling of the IPs appearance, we exploited both the first order statistics by computing
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an average intensity profile (IP) per vertex and a multivariate Gaussian distribution (MGD) (Sec.
4.4). For each IP, 25 intensity samples at the shape interior regularly spaced by 0.5 mm were

computed. Similarly, we computed 5 samples at the shape exterior [Gil07].
5.5.1.3 Initialization and Evolution Settings

In experiments involving the constrained global initialization of Sec. 5.2.3, the HJC was manually
positioned in the images with an error experimentally set as 6 = [1, 1, 1] voxels, where minor
changes (e.g., 6 = [1.5, 1.5, 1.5]) had no significant effect in the overall segmentation performance.
The parameters we used for the DE minimizer were suggested in the work of [SP95]: F =0.8, C =
0.9 and the number of individuals was set as 10 times the total number of parameters to optimize.
Furthermore, we used the “RANDIBIN” crossover scheme and set the number of generations to

100. Each individual of the first generation was uniformly randomized.

In all experiments equal weight was given to image forces and energies in both the constrained
initialization (i.e., f = 0.5 in Sec. 5.2.3.4) and the deformable model-based segmentation (i.e.
w8 = olP = 4™84 in Sec. 5.3.2.1). All experiments used the gradient force f& in conjunction with
exclusively one type of IP-based force, either fIP or f™84. Similarly, the smoothing force (Sec.
5.3.3.1) was exclusively used with either the PDM-based force fpdlm (Sec. 5.3.3.3) or the shape
memory force f™™ (Sec. 5.3.3.2), with equal weights (i.e. a*™° = aPd™ = gsMem)  When hip

bones were simultaneously segmented, the weight a®Y™

of the symmetric force (Sec. 5.3.2.3)
corresponded to 10% of the external forces’ total weight. The total contribution of external forces
was set to 30% of the total forces as proposed in [GMT10]. Constraint point-based forces (Sec.
5.3.2.2) were not used in any experiment, except in those based on collaborative segmentation

(Sec. 5.5.7) since they involved user interaction.

The multi-resolution evolution scheme (Sec. 4.2.1.4) adopted an iteration schedule of 300/100/20/5
(i.e. first level had 300 iterations, second one had 100, etc.). Similarly, the search depth L used
in image forces decreased according to the schedule 10/10/5/2 with a constant search step S
of 0.5 mm (Sec. 5.3.2.1). Settings for the special case of MRF-based force are presented in the

corresponding experiment (Sec. 5.5.3).
5.5.1.4 Description of Experiments

We used the distance measures presented in Sec. 4.5.1.1 to assess the accuracy and robustness

of the segmentation based on the available ground truth. To statistically compare the results

of two segmentation approaches based on the statistical significance procedure of Sec. 4.5.1.2,

the ASRSD measure was selected since it is correlated to both the average and variance of the

distance. A total of 6 main experiments were set up:

— Experiment 1 - Hip joint bone segmentation (Sec. 5.5.2): comprehensive study of femurs and
hip bones segmentation in supine MRI with different FOV.

- Experiment 2 — Robust SSM and MRF Local Modeling (Sec. 5.5.3): evaluation in the seg-
mentation context of SSMs built with complete and corrupted shapes, by also investigating the

impact of the training size and the performance of MRF.
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- Experiment 3 — Dual-Posture MRI Segmentation (Sec. 5.5.4): segmentation of femurs in
supine and split MRI acquired with the VB protocol. This set of MRI images is denoted as
“dual-posture” MRI.

— Experiment 4 — Coupled registration-segmentation (Sec. 5.5.5): Coupled segmentation and
registration of femurs in multiple VB and TF images.

— Experiment 5 — GPU-based Segmentation (Sec. 5.5.6): segmentation of supine VB images
with the GPU-based approach.

— Experiment 6 — Collaborative segmentation (Sec. 5.5.7): illustration of the collaborative seg-
mentation.

All experiments were run on a single-core 3.40 GHz PC equipped with an NVidia GTX 8800

graphics board with 768 Mb RAM.

5.5.2 Experiment 1 - Hip Joint Bone Segmentation

In this experiment, the efficiency of hip joint bone segmentation was assessed with our collection
of 43 datasets with different combinations of internal and external forces as well as image FOV.
All trials followed the leave-one-out (LOO) testing procedure: first, a test image was selected and
the corresponding shapes were excluded from the training dataset. Training bone shapes with

various shape resolutions were then selected to build the necessary SSMs and appearance priors.
5.5.2.1 Fully Visible Bone Segmentation

We initially tested our segmentation approach with the 43 VB datasets in which the complete

bone structures were visible. The bones were initialized with the landmark-based approach (Sec.

5.2.2.1) by using the landmark set defined in [Gil07]. Various combinations of the following

forces were tested:

- image forces (Sec. 5.3.2.1): IP with NCC similarity measure (IP) and MGD with approximated
Mahalanobis distance (MGD).

— internal forces (Sec. 5.3.3): SSM-based force with the RSS, RAA and SSS multi-alignment
schemes (Sec. 4.3.1.3) and shape memory forces (SMEM).

For comparative purposes, one series of trials (“IP+SSS (NG)”) was performed with the normal-

ized gradient force f"® (Sec. 5.3.2.1), whereas all other experiments used the non-normalized

gradient implementation.

Results Table 5.1 presents the LOO segmentation results for all the different combinations with
the VB datasets.

Table 5.1: LOO segmentation results with VB dataset (average+standard deviation). F: femurs, HB: hip
bones. ASSD, ASRSD, MSD are in mm, VOE in %. Average times are in sec and for all 4 bones, and include
model loading.

Bone | ASSD ASRSD MSD VOE Time

Landmark-based initialization
F 3.13+0.66 4.49+0.94 18.38+4.82 34.44+5.48 -
HB 2.63+0.71 3.75+0.94 16.22+4.58 42.52+8.71 -
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Table 5.1: LOO segmentation results with VB dataset (continued)

All 2.88+0.68 4.12+0.94 17.30+4.70 38.48+7.09 30

Fine segmentation IP + SSS

F 1.28+0.31 2.07+0.45 9.54+2.16 16.39+2.67 -
HB | 1.15+0.40 1.90+0.52 9.75+£2.17 22.54+4.88 -
All | 1.21+0.35 1.98+0.48 9.65+2.17 19.47+3.77 280
Fine segmentation IP + SSS (NG)

F 1.23+0.34 2.00+0.51 9.16+2.68 16.17+2.96 -
HB | 1.22+0.38 2.00+0.49 10.08+2.26 23.50+4.71 -
All | 1.23+0.36 2.00+0.50 9.62+2.47 19.83+3.83 278
Fine segmentation IP + RSS

F 1.39+0.74 2.28+1.22 10.05+4.71 17.23+5.84 -

HB | 1.28+0.38 2.11+0.55 10.86+2.38 24.21+4.73 -
ALL | 1.33+0.56 2.19+0.89 10.46+3.55 20.72+5.29 240
Fine segmentation IP + RAA

I8 1.39+0.74 2.29+1.27 10.08+4.98 17.20+5.91 -
HB | 1.28+0.39 2.11+0.56 10.82+2.47 24.25+4.88 -
All | 1.34+0.57 2.20+0.92 10.45+3.72 20.73+5.39 253
Fine segmentation IP + SMEM

F 1.44+0.36 2.37+0.51 11.00+2.27 17.59+3.59 -
HB | 1.19+0.48 2.01+0.70 10.55+3.79 22.85+6.41 -
All | 1.31+£0.42 2.19+0.61 10.77+3.03 20.22+5.00 186
Fine segmentation MGD + SSS

F 1.30+0.33 2.12+0.46 9.47+2.08 16.24+3.12 -
HB | 1.11+0.44 1.89+0.61 9.86+2.93 21.45+5.36 -
All | 1.20+0.38 2.00+0.53 9.66+2.51 18.85+4.24 363
Fine segmentation MGD + SMEM

F 1.39+0.38 2.29+0.52 10.20+2.43 17.28+3.93 -
HB | 1.09+0.45 1.91+0.63 10.35+3.14 20.82+5.90 -
All | 1.24+0.41 2.10+0.58 10.27+2.78 19.05+4.91 344

From these results, we can state that the landmark-based initialization had errors (ASSD 2.88 +
0.68 for all bones) significantly higher than any deformable model-based fine segmentation
(largest p-value:10_15). Furthermore, the low standard deviations (std) of the fine segmentation
results (e.g., ASSD std varying in interval [0.35-0.57]) indicate robust segmentation approaches

without outliers.

The configurations which produced the best overall results were “SSS+IP” (ASSD: 1.21+0.35) and
“SSS+MGD” (ASSD: 1.20+0.38). The use of the MGD appearance seemed to slightly improve
the results albeit no statistical difference could be established. This was also observed between
the IP+SMEM and MGD+SMEM combinations, where the use of the second order appearance
statistics MGD decreased the overall ASSD to about 7%. Among the IP-based configurations with
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shape priors based on PDM, the SSS multi-alignment strategy performed better than both RAA
and RSS schemes, where statistical differences were only observed for hip bones (p-value < 0.048).
The use of regularized and normalized gradients was statistically not more beneficial (overall
ASSD of 1.23+0.36) than using the non-normalized gradient force (overall ASSD of 1.21+0.35).

As a result, the non-normalized gradient was always chosen for all the other experiments.

The differences between the ASSD and ASRSD, and the large MSD values of all the fine seg-
mentation results suggest that the error distribution over the shapes was inhomogeneous. By
considering for instance the SSS+IP configuration, we computed, for each bone type and side,
the point-to-surface distance ds (Sec. 4.5.1.1) between each point of the reference shape and the
segmented shape, averaged over all the trials. Visual inspection of the error distribution in Fig.
5.18 shows that large errors were mostly localized in small regions. These findings were inline
with an error histogram analysis, which reported values such as 1.58 and 2.75 mm respectively
for 75th and 95th percentiles of the femur. These variations in the identified small regions of the
femur were expected as these regions exhibit large variations among different individuals. With
respect to the image resolution (1.36 x 1.36 x5 mm), the segmentation results of all approaches
were within one voxel in error and appeared to closely match the bone structures as illustrated
in Fig. 5.19. In all experiments, the segmentation appeared to be slightly more accurate with
hip bones than with femurs (e.g., ASSD: 1.15+0.40 vs. 1.28+0.31 for the SSS+IP configuration).
This was attributed to the greater complexity of the femur anatomical features, which made the

segmentation more challenging.

GT,

4.32
3.34

2.36

ASH1.38
AR

PS
0.40

FC

Figure 5.18: Point-to-surface distance in mm between reference and final segmentation results (SSS+IP
configuration) with VB datasets mapped as grey-level values on arbitrary femur and hip bone shapes.
Large errors are localized in regions such as the femur’s lesser and greater trochanters (LT, GT), patellar
surface (PS), condyles (C) and fovea capitis (FC) as well as hip bone’s iliac crest (IC), anterior inferior spine
(AS) and acetabular rim (AR).

The landmark-based initialization based on TPS interpolation took in average 30 sec including
mesh loading time. This time did not include the placement of markers, which usually requires

2-3 min for an experienced user. Computation times of the different segmentation configurations
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Figure 5.19: An example of a final segmentation result showing the axial slices from a VB dataset. For each
subfigure a)-f), the fine segmentation results are displayed as white segmentation contours.

varied between 186 sec (IP+SMEM) and 363 sec (MGD+SSS). With respect to appearance priors,
IP-based methods required less computation time than approaches based on the more complex
MGD priors. Similarly, the speed of implementations based on SSM multi-alignment schemes
was related to the complexity of the alignment and the number of iterations in each level. For
instance, a rigid (R) alignment being cheaper to compute than a similarity (S) alignment, the RSS
scheme yielded smaller segmentation times than the SSS scheme. Similarly, despite the affine
alignment being more time consuming than a similarity alignment, RAA-based segmentations
took less time than those using the SSS scheme since the first resolution level had the highest

number of iterations (300).
5.5.2.2 Partially visible bone segmentation

The constrained global initialization (GI) introduced in Section 5.2.3 was applied on datasets
where bones were only partially visible in the images (Fig. 5.16(b)). A LOO experiment as
in the previous trials was first conducted on the cVB dataset and then on the TF dataset, which
contained images with the smallest FOV. Three configurations were considered: IP+RAA, IP+5SS

and IP+SMEM. Here, only the shape prior strategy varied.

Results with cropped VIBE (cVB) datasets Table 5.2 presents the LOO segmentation results
on the cVB dataset after GI.

These results show that GI has successfully initialized the shapes with no failures (i.e., situations
not recoverable with a fine segmentation, identified as results with a high error like when VOE
> 60%), and that the initialization was sufficiently accurate. The accuracy is indicated by the
significant decrease in the overall ASSD as exemplified in Fig. 5.20 for the RAA+IP scheme.
Absence of statistical differences between the fine segmentations and the initialization was only
observed with the left femur for all the RAA-, SSS- and SMEM-based combinations. This is at-
tributed to the fact that the initialization of femurs had small errors (average ASSD 1.17+0.38) and

thus no significant improvements were possible. Nevertheless, these results demonstrate that the
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Bone \ ASSD ASRSD MSD VOE Time
Constrained global initialization (GI)

F 1.27+0.44 2.00+0.57 8.63+2.66 18.93+4.82 -
HB 1.72+0.49 2.89+0.76 16.94+4.33 29.05+5.40 -
All 1.49+0.46 2.44+0.66 12.79+3.49 23.99+5.11 550

Fine segmentation IP+RAA

F 1.21+0.53 1.91+0.70 7.57+2.46 18.02+6.12 -
HB 1.03+0.38 1.79+0.52 10.39+2.65 20.06+4.77 -
All 1.12+0.46 1.85+0.61 8.98+2.55 19.04+5.44 169

Fine segmentation IP+SSS

F 1.33+0.61 2.07+0.84 8.09+2.95 19.36+7.14 -
HB 1.04+0.36 1.80+0.48 10.00+2.48 20.22+4.48 -
All 1.19+0.49 1.93+0.66 9.05+2.72 19.79+5.81 184

Fine segmentation IP+SMEM

F 1.77+0.59 2.61+0.72 9.75+2.66 22.09+5.57 -
HB 1.41+0.48 2.39+0.71 14.14+4.45 24.84+5.62 -
All 1.59+0.54 2.50+0.72 11.95+3.55 23.46+5.59 130

Table 5.2: LOO segmentation results with cVB dataset after constrained global initialization and fine seg-
mentation (average+standard deviation). F: femurs, HB: hip bones. ASSD, ASRSD, MSD are in mm, VOE
in %. Mean times are in sec for left and right pairs of bones (i.e. 4 bones), and include model loading.

fine segmentation based on PDMs improved with respect to the initialization, with an overall
segmentation error at subvoxel accuracy (e.g., average ASSD of 1.12 mm). By comparing the
different configuarions, RAA- and SSS-based configurations were statistically not distinguish-
able, although the RAA-based approach seemed to produce more accurate results (1.12+0.46
vs. 1.19+0.49). Conversely, both approaches based on PDM outperformed the approach based
on shape memory: the overall ASSD for SMEM was 1.59+0.54 against 1.19+0.49 and 1.12+0.46
for configurations with SSS and RAA schemes, respectively. These differences were statistically
significant (largest p-value: 2.5E-4) except for the left femur due to the fact that all approaches

benefitted from an excellent initialization of this structure.

Figure 5.20: Examples of constrained initialization and segmentation results on slices of the cVB dataset
with RAA+IP configuration. The subfigures a)-f) show the initialization on the left and the fine segmenta-
tion on the right. Mesh contours are overlaid in white.

An important evaluation is the performance of the algorithm in the presence of small FOV
around the joint area, and more specifically, the femoral head (FH) and the acetabulum (AB)

because their morphology changes may indicate potential joint disorders. We thus also computed
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the average asymmetric surface distances (AASD, see Sec. 4.5.1.1) between the reference and the
segmented results to assess errors in these regions. For the most accurate combination (i.e.
RAA+IP), AASD for both sides were computed with the results of 1.35+0.50 mm for AB and
1.45+ 0.51 mm for FH. This difference between the hip bone and femur segmentation was also
observed in a global manner (e.g., the overall ASSD for hip bones was 1.03 mm against 1.21 mm
for femurs with the IP+RAA mode).

Table 5.2 also listed the execution times to initialize and segment a left and right pairs of bones
(although a cVB trial only segmented one side (left or right) at a time). These time results
show that the GI initialization was the most time consuming operation, as about 10 min were
in average necessary to initialize the 4 bones. Furthermore, times for fine segmentation were
similar in proportion to the experiments with VB datasets: IP+SMEM was the fastest approach,
while IP+RAA was less time consuming in average than IP+SSS. However, a clear difference
in execution times between trials with fully and partially visible bones was observed and was

related to the different image FOVs of VB and cVB images.

Results with TRUEFISP (TF) datasets Table 5.3 presents the LOO segmentation results on the
TF dataset after GI. No failed cases were reported in the GI procedure which produced initializa-
tions of satisfactory accuracy (ASSD of 1.80+0.56). For approaches based on PDM, improvements
between the initialization and the fine segmentation were observed (e.g., 27.6% improvment for
IP+RAA with TF) whereas the SMEM-based segmentation was clearly not able to yield improved
and accurate results (overall ASSD jumped from 1.80+0.56 to 3.09+1.29). The best approach in
terms of accuracy and robustness was the IP+RAA configuration (overall ASSD of 1.31+0.44)
which statistically performed better than the IP+SSS combination (overall ASSD of 1.46+0.62)
in segmenting hip bones (p-value < 0.023). The approach based on SMEM forces returned ex-
tremely poor results with errors statistically greater than those of the IP+RAA (largest p-value:

3E-17) and IP+SSS (largest p-value: 1.9E-7) approaches, regardless of the structure type.

Bone | ASSD ASRSD MSD VOE Time
Constrained global initialization (GI)
F 1.61+0.71 2.28+1.15 11.19+5.73 19.42+7.20 =
HB | 1.99+0.41 2.90+0.63 18.08+4.52 30.63+5.47 -
All | 1.80+0.56 2.59+0.89 14.63+5.10 25.03+6.32 510
Fine segmentation IP+RAA

F 1.31+0.61 1.80+1.03 8.67+5.12 16.31+6.05 =
HB | 1.30+0.27 1.89+0.39 12.77+3.06 21.48+3.86 -
All | 1.31+0.44 1.84+0.70 10.72+4.09 18.89+4.93 125
Fine segmentation IP+SSS

F 1.28+0.57 1.73+0.96 8.18+5.06 15.93+5.64 =
HB | 1.64+0.67 2.37+0.96 15.24+5.45 26.66+9.98 -
All | 1.46+0.62 2.05+0.95 11.71+£5.25 21.30+7.79 154
Fine segmentation IP+SMEM

F 2.33+2.25 3.12+2.98 12.19+8.66 244941215 -
HB | 3.84+0.62 6.92+1.46 38.51+6.02 45.68+5.36 -
All | 3.09£1.29 5.02+2.01 25.35+7.14 35.09+8.55 62

Table 5.3: LOO segmentation results with TF dataset after constrained global initialization and fine seg-
mentation (average+standard deviation). F: femurs, HB: hip bones. ASSD, ASRSD, MSD are in mm, VOE
in %. Mean times are in sec and for left and right pairs of bones (i.e. 4 bones), and include model loading.
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Despite the excellent results of the IP+RAA coupling (Fig. 5.21), the overall segmentation error
was worse than that of cVB (e.g., ASSD of 1.31+0.44 for TF against 1.12+0.46 for cVB), especially
when comparing the image resolution (0.52 x 0.52 x 0.6 mm) and quality (better signal-to-noise
ratio) of TF images. This observation supports our expectation that a smaller FOV is more
challenging as discussed later in Sec. 5.6.1.1. Nevertheless, the robustness of the IP+RAA seg-
mentation was considered high since the overall ASSD standard deviation (0.44 mm) was below
the average voxel size (~» 0.54 mm). The overall results were within ASSD error of 2 voxels, the
ASSD errors of the acetabulum (AB) and femoral head (FH) regions were 0.9+0.22 and 1.18+0.45,
respectively, and small errors had minor influences on the segmentation results in these regions
as illustrated in Fig. 5.21(c) and (d). Regarding the execution times, the results exhibited the
same patterns as previous experiments, where segmentations based on PDM were more time

consuming than the SMEM-based approach.

Figure 5.21: Examples of constrained initialization/segmentation results on slices of the TF dataset with
RAA+IP configuration. For each subfigure a)-e), the initialization is on the left and the fine segmentation
on the right. Mesh contours are overlaid in white.

5.5.3 Experiment 2 — Robust SSM and MRF Local Modeling

5.5.3.1 Robust SSM Performance

Skocaj et al. [SLB07] demonstrated that a robust PCA outperformed conventional PCA when
using corrupted data, as the latter was unable to handle erroneous data. However, many of the
tests they conducted only underpinned the good Specificity of the robust SSM. The performance
of an SSM in the context of segmentation cannot be explained only by the statistical model, as

there are many factors, such as appearance priors and evolution strategies, which come into play.

We therefore devised this experiment to investigate whether the mixing of non-corrupted S° and
corrupted S° shapes into a robust SSM (Section 4.3.2) would result in better segmentation results
compared to those obtained with an SSM only built from 5°. Ten VB datasets were randomly
chosen as the testing data, and the remaining 33 datasets were used to build 3 different SSMs:

- A “full-SSM” built using all 33 reference shapes.

- A “sub-SSM” built from 12 shapes randomly chosen among the 33 reference shapes.

- A “mixed-SSM” created from the 12 reference shapes of the sub-SSM and 21 corrupted shapes.
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The corrupted shapes were obtained from the segmentation of the cVB datasets in the previous
experiment (Section 5.5.2.2), in which all points out of FOV were not reliable. These shapes were

aligned using the weighted alignment described in Sec. 4.3.2.2.

For the mixed-SSM, we chose the mdEM robust PCA approach as it produced the best results
in our evaluation experiments (Sec. 4.5.4). The initialization process described in Sec. 4.3.2.2
was used as a start to the robust PCA. The configuration IP+SSS was chosen since it exhibited
excellent performance in the previous experiment (Sec. 5.5.2.1) with VB datasets. Furthermore,
exactly the same landmark-based initialization was used, i.e. with identical landmarks place-

ment. This provided a fair comparison with the previous experiment results.

Table 5.4 compares the performances of the segmentation on the VB dataset using full-, mixed-
and sub-SSM performed after the landmark-based initialization. The table shows that the seg-
mentation results with 33 complete shapes (ASSD 1.29+0.32 mm) were slightly worse than those
of previous experiment (Sec. 5.5.2.1) in which 43 full shapes were considered (ASSD 1.21+0.35
mm, see Table 5.1). Although no statistical difference was established, this observation is con-
sistent with the idea that larger training sets usually improve the SSM’s segmentation efficiency.
This idea is also supported by the results of the sub-SSM where the use of a smaller training
set (12 shapes) produced significantly worse results compared to the full-SSM (p-value< 0.04 for
each bone type and side). As expected, the Generality of the sub-SSM was too weak to efficiently
segment the shapes. The most interesting result is the comparison of mixed- and full-SSMs re-
sults which are not differentiable from a statistical viewpoint. This strongly suggests that the
proposed combination of complete and corrupted shapes in the construction of SSM can be very

robust and efficient.

Bone | ASSD ASRSD MSD VOE

Full-SSM

F [ 1.35:0.26 2.13+0.34 9.71+1.81 17.42+2.11

HB | 1.23:0.38 2.00+0.51 10.15+2.02 23.52+4.57

All | 1.29:0.32 2.07+0.43 9.93+1.91 20.47+3.34

Mixed-SSM

F [ 133027 2.10+0.35 9.16+1.79 17.33+2.41

HB | 1.24:0.32 2.03+0.46 10.42+2.86 23.61+3.81

All | 1.29:0.30 2.06+0.41 9.79+2.32 20.47+3.11
Sub-SSM

F [ 153+0.29 2.39+0.38 10.47+1.87 19.73+2.48

HB | 146041 2.33+0.58 11.97+3.21 27.11+4.69

All | 1.49:0.35 2.36+0.48 11.22+2.54 23.42+3.59

Table 5.4: Segmentation results on VB dataset with full-, mixed- and sub-SSM after landmark-based initial-
ization on 10 datasets (average+standard deviation). F: femurs, HB: hip bones. ASSD, ASRSD, MSD are in
mm, VOE in %.

5.5.3.2 MRF Local Modeling Evaluation

We studied the performance of forces based on the local shape variation modeling by MRF as
presented in Sec. 5.3.3.4. Two situations were investigated. In the first case, the MRF prior was

coupled with a PDM trained with all available training samples (except the current one being
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tested) whose efficiency was demonstrated in IP+SSS experiments. For comparison purposes,
the IP+SSS configuration without MRF was run on the same data with identical conditions (ini-
tialization, training data, etc.). In the second case, we used the previous sub-SSM only composed
of 12 training samples, whose segmentation results were mitigated due to the relative small size
of the training set. All experiments were conducted with the same 10 subjects of the previous

experiment evaluating the robust SSM performance.

As presented in Sec. 5.3.3.4, the exploitation of MRF priors is equivalent to a MAP problem
which can be solved with a dynamic evolution using image f'™ and regularization f™* forces.
When MREF priors are used it is no longer necessary to simultaneously use shape (f5™¢™ or fPdm)
or smoothing forces, since the force f™" already achieves smoothing and shape regularization.
In our experiments, we used MRF-based forces in an interleaved manner with the SSM multi-
resolution approach: after all the scheduled iterations of a resolution level, the current model
state was set as the reference shape X and only MRF forces f™* and image forces (IP-based
and gradient forces as in the IP+SSS configuration) were used to drive the model evolution (Sec.
5.3.3.4). The iteration schedule for the MRF evolution was set to 50/20/5. The last resolution
level did not rely on MRF priors to better capture fine details not expressed by the priors. Values
of MRF parameters (Sec. 5.3.3.4) were 1/5? = 1 and 1/0? = 0.25 as suggested in the work of

Kervrann and Heitz [KH98]. The weighting parameter g = 4™

was progressively modified to
give an increasing importance to local variations based on the shape resolution, by adopting the

schedule 1.5/2/3. Results are reported in Table 5.5(a) for both scenarios.

Bone | ASSD ASRSD MSD VOE Time
IP + SSS (SSM built with 42 shapes)
F 1.30+0.26 2.03+0.33 9.02+1.78 17.16+2.11 -
HB | 1.25+0.42 2.06+£0.57 10.64+2.54  23.75£5.19 -
All | 1.28+0.34 2.05+0.45 9.83+2.16 20.46+3.65 277
IP + SSS (SSM built with 42 shapes) + MRF

F 1.29+0.21 2.03+0.27 8.65+1.46 17.12+1.87 -
HB | 1.29+0.31 2.09+0.44 9.60+2.11 20.53+3.50 -
All | 1.29+0.26 2.06+0.35 9.13+1.79 18.83+2.68 366
IP + SSS (SSM built with 12 shapes) + MRF

F 1.36+0.25 2.10+0.32 8.65+1.15 18.03+2.26 -
HB | 1.34+0.33 2.18+0.47 10.65+2.22  2533+4.30 -
All | 1.35+0.29 2.14+0.39 9.65+1.68 21.68+3.28 361

(@)

Table 5.5: (a) Segmentation results on 10 VB datasets with MRF-based priors (average+standard deviation).
F: femurs, HB: hip bones. ASSD, ASRSD, MSD are in mm, VOE in %. Mean times are in sec for left and
right pairs of bones (i.e. 4 bones), and include model loading time. (b) An example of before (top) and after
(bottom) MRF-based evolution, where white arrows indicate a better delineation of fine details.

In the first scenario involving a large training shape set, the use of MRF-based priors does not
seem not to be beneficial as a sensible increase of the errors was observed (e.g., ASSD: 1.28+0.34

to 1.29+0.26) although this difference could not be statistically proven. However, in the case
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where the training dataset was not very big (12 shapes), the MRF-based evolution significantly
improved the results. In fact, the ASSD for both bone types decreased from 1.49+0.35 (Sub-SSM
results in Table 5.4) to 1.35+0.29, where statistical difference was only detected for femurs (p-
value < 3.8E-3). It was noticed that MRF often refined the delineation of anatomical features, such

as the femoral head or the acetabulum (Fig. 5.5(b)), thanks to its local modeling of variations.

Timing results showed a higher computational cost of the MRF-based approaches which was
mostly explained by a higher number of iterations and the additional computation of energy

terms related to the MRF local modeling.

5.5.4 Experiment 3 — Dual-Posture MRI Segmentation

5.5.4.1 Description

In this experiment, we exploit the MRI protocol, denoted as “dual-posture” MRI, which acquires
image pairs of lower limbs with VIBE protocol consisting of normal (supine) and extreme (split)
postures, where the split posture reveals the maximum extent of the dancer’s vertical lower limb
motion as presented in previous Sec. 5.5.1.1. Such imaging data provide rare insights into the
movement of the dancers and enable new observations from the effects of extreme motion and

its impact on surrounding anatomical structures [CAVMT09].

We aim to segment the femur at the two postures. The supine posture can benefit from a priori
knowledge in terms of appearance (intensity distribution within and around tissues of interest)
and organ poses, which facilitates the use of automated methods of bone segmentation. However,
due to the largely varying orientations and morphologies between the subjects, and the strong
soft tissue deformations evident around the joint areas, the split posture cannot benefit from

existing algorithms that are optimized for the standard supine acquisition.

We propose an automatic method to segment the dual-posture MRI where the results from the
segmentation of the supine MRI are used to assist the segmentation of the split MRI of the
same subject. Our approach exploits the characteristics of the femur being a hard structure
unaffected by changes in postures between the supine and the split. Our proposed segmentation

methodology works in two phases — Supine and Split postures — as shown in Fig. 5.22.

MRI Atlas-based Segmentation
\ . e Deformable model

supine initialization [ i tati meshes and
dataset (registration) 1ne segmentation labeled image

] Analysis
v

,MR.I, Constrained Deformable model Segmentation

split Initialization fine segmentation meshes and
dataset 8 labeled image

Figure 5.22: Dual-posture MRI segmentation overview.

For the supine segmentation, the atlas-based registration (Sec. 5.2.2.2) was used as an initial-

ization for our deformable model method. The derived result was then used for the split MRI
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segmentation as an initialization parameter in the constrained global initialization (Sec. 5.2.3). In
this initialization of the split MRI, shape parameters were not varied since the shape femur was
the segmentation result of the supine MRI acquired with the same subject. Nevertheless, a de-
formable model was again used for further refinements after the initialization because the supine
femur might not have been perfectly delineated. During the deformable-based segmentation, the

IP+SSS scheme of the first experiment (Sec. 5.5.2.1) was once again selected.
5.5.4.2 Results

Our proposed algorithm was evaluated with 10 arbitrarily chosen dancer datasets. The atlas
was randomly chosen among the remaining 33 datasets. SSMs were built with all dancer models
except those of the model being tested. All results were qualitatively and quantitatively measured

against the ground truth.

Supine MRI segmentation Averaged results of the supine posture segmentation are shown in
Table 5.6 for both the registration (initialization) and deformable model-based fine segmenta-
tion. All the data were registered using the same atlas and registration parameters defined in
Sec. 5.2.2.2. The registration errors were high and inconsistent (e.g., average ASSD of 5.86+2.15
mm for both sides), however, the results in all cases were sufficient for its use as an initializa-
tion of the subsequent fine segmentation. Indeed, the fine segmentation resulted in significant

improvements, e.g. the VOE of 50.13% dropped to 17.98%.

[ Bone [ ASSD ASRSD MSD VOE |
Atlas-based registration
F \ 5.86+2.15 7.90+3.07 26.78+9.32 50.13+9.71
Fine segmentation
F \ 1.48+0.36 2.36+0.59 10.37+2.23 17.98+2.66

Table 5.6: Supine overall registration and fine segmentation errors (average+standard deviation) averaged
for left and right femurs (F) from 10 subjects. ASSD, ASRSD, MSD in mm. VOE in %.

The errors between the registration and fine segmentation results were in average improved
by 75%, and the results were significantly different (p-value=1E-4 for left and right femurs).
More importantly, the variance between the subjects had even larger improvements of 83% thus
suggesting the consistency and the reliability of the fine segmentation, even with not so accurate

initializations.

The quantitative findings were confirmed by the visual results, where Fig. 5.23 illustrates the
accuracy of the proposed dual-posture segmentation, exemplified by subject 1 for which the
registration error was the highest (ASSD of 10.29 mm) and subject 10 who had the lowest ini-
tialization errors (ASSD of 3.73 mm). The visual differences between the fine segmentation and
the ground truth are minor for both subjects. The overall performance of the fine segmentation
results was ASSD of 1.48+0.36 mm. Comparative examples between the fine segmentation and

the ground truth are shown in Fig. 5.24.

In order to study the largest error range, we compared all the segmentation models to their
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Figure 5.23: Supine registration vs. ground truth. (a), (c): registration (yellow) vs. ground truth (blue)
results for subject 1 and 10 respectively in supine MRI. (b), (d): fine segmentation (yellow) vs. ground truth
(blue) results for subject 1 and 10 respectively.

Figure 5.24: Comparison between the ground truth (light yellow) and the fine segmentation (dark blue)
result in a supine MRI data with zoomed overlays.

ground truth counterparts using the point-to-surface distance dg as we did in experiment 1 (see
Fig. 5.18). This produced an error distribution over the bone, which was color-mapped for
quantitative inspection (Fig. 5.25(a)). Largest errors were localized in the regions of the lesser
(LT) and greater (GT) trochanters, and particularly the patellar surface (PS) and the condyles
(C). Nevertheless, an error distribution analysis showed that 80% of errors were below 2 mm

meaning that large errors did not excessively cover large portions of the bone.

Split MRI segmentation The results of split segmentation are reported in Table 5.7 with visual

comparisons in Fig. 5.26.

| Bone | ASSD ASRSD MSD VOE |
Constrained global initialization (GI)
F \ 2.22+1.10 3.24+1.43 12.28+4.29 24.80+9.21
Fine segmentation
F \ 1.30+0.26 2.07+0.35 9.53+£1.75 16.83+2.62

Table 5.7: Split overall registration and fine segmentation errors (average+standard deviation) averaged for
left and right femurs (F) from 10 subjects. ASSD, ASRSD, MSD in mm. VOE in %.

These results highlight the capabilities of the constrained global initialization (GI) to yield initial
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Figure 5.25: Average point-to-surface distance dg error distribution over a standard right femur shape. A
color mapping of the error on the shape reveals the largest errors on the regions of the patellar surface (PS),
the greater (GT) and lesser trochanters (LT), condyles (C) and intercondylar fossa (IF) for the (a) supine and
(b) split final results.

(b)

models that matched closely to the ground truth (averaged ASSD of 2.22+1.10 mm). As in the
supine data, the fine segmentation again significantly improved the overall ASSD, from 2.22+1.10
to 1.30+£0.26 mm (p-value = 0.024). As with the supine results, the split segmentation resulted
in satisfactory agreement to the ground truth, in low standard deviation (0.26 mm), which high-
lighted the precision of the approach, and in a similar error distribution (Fig. 5.25(b)). Compared
to the supine results, the overall accuracy was better but some high errors were observed in other

highly localized regions, such as the intercondylar fossa (IF, Fig. 5.25(b)).

Figure 5.26: Comparison between the ground truth (light yellow) and the fine segmentation (dark blue) in
split MRI with zoomed overlays. (a)-(b) and (c)-(d) are respectively from a right and left split segmentations.

Execution Time The proposed algorithm required in average 11 min to process the dual-posture
MRI (segmenting both the left and the right femurs in supine and split images). The measured
time encompassed both the registration (non-rigid and model-to-image) and deformable model-

based segmentations.
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5.5.5 Experiment 4 — Coupled Registration-Segmentation

5.5.5.1 Description

In our context of musculoskeletal imaging and analysis, the acquisition of MRI images of the
hip joint at multiple levels of detail (LOD) is often used to identify bone changes and soft tis-
sue abnormalities, which might explain the development of arthritis. In this protocol, the low
resolution VB MRI that covers a large field of view (FOV) is acquired to image the whole hip
joint structures whereas the high resolution TF MRI with limited FOV and centered at the hip
joint is acquired to reveal the fine details of the soft tissues (See Fig. 5.16 in Sec. 5.5.1.1). In this
experiment, we name this acquisition protocol “multiple LOD MRI” and focus our study on the

femur.

Since VB and TF images may not be accurately aligned, the use of the coupled registration-
segmentation approach (Sec. 5.3.4) is appropriate to segment and register the bone structure.
Furthermore, the use of a “richer” intra-subject information expressed by multiple aligned im-
ages is expected to improve the segmentation. Compared to experiment 1 (Sec. 5.5.2), the seg-
mentation of both the TF and VB images is done simultaneously. In our experiments, the femur is
a rigid structure and all the data is intra-subject, therefore the unknown mappings g; to compute
(Sec. 5.3.4) are rigid transforms. The blending parameter A, which interpolates segmentation

with alignment results, was linearly increased from 0.7 to 1 throughout the process.

Fifteen subjects were randomly selected from the 43 subjects database. For each subject, three
different types of multiple LOD MRIs were processed with our proposed coupled registration-
segmentation framework: (i) “supine VB + supine TF images”, (ii) “supine VB + split TF images”
and (iii) “supine VB + supine TF + split TF images”. For comparative analysis, the VB was
also solely segmented using the same deformable model as in the coupled approach. This is
referred to as a single segmentation. Femur models were initialized in supine VB images with
the landmark-based approach (Sec. 5.2.2.1), while the globally constrained initialization (GI)
(Sec. 5.2.3) was applied on supine and split TF datasets. Based on the results of experiment 1
(Sec. 5.5.2), the IP+SSS and IP+RAA strategies were selected for the deformable model-based

segmentation of the VB and TF images, respectively.
5.5.5.2 Results

Results are reported in Table 5.8 for all the different multiple LOD MRIs. All segmentation

results were compared to the ground truth in supine VB images.

In the first multiple LOD dataset, subjects were in supine position and exhibited low flex-
ion/abduction/adduction amplitudes of the thigh. An example of result of our coupled ap-
proach is shown in Fig. 5.27(a) and (b)), where both supine VB and TF images have been auto-
matically aligned (superimposed together) and segmented, respectively. Here, we can see that
the alignment appears to be satisfactory and the segmentation shape correctly contours the bone

in both VB and TF MRIs. The surrounding soft tissues, i.e. muscles, were slightly misaligned,
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Bone \ ASSD ASRSD MSD VOE Time
Supine VB + supine TF
F \ 1.05+0.21 1.79+0.30 7.99+2.09 13.90+1.87 156
Supine VB + split TF
F \ 1.07+0.20 1.81+0.28 8.07+2.15 14.02+1.89 160
Supine VB + supine TF + split TF

F \ 1.05+0.20 1.79+0.28 8.11+2.12 13.78+1.80 245
Supine VB single segmentation
F \ 1.21+0.60 2.02+0.89 8.84+3.98 15.19+4.77 60

Table 5.8: Coupled registration-segmentation accuracy and timing results with multiple LOD MRIs
(average+standard deviation). F: femurs. ASSD, ASRSD, MSD are in mm, VOE in %. Mean times are
in sec and averaged for left and right femurs.

although visibly accurate. This was expected since the alignment was based on a rigid map-
ping of the femur bone and thus did not take into account the soft tissue deformations. In Fig.
5.27(c), the segmentation result using only the VB is presented. Visual differences to the coupled

approach results of Fig. 5.27(b) are very subtle.

(@) (b)

Figure 5.27: Coupled registration-segmentation results with supine VB and TF MRIs. An example of
alignment resulting from our coupled approach is shown in (a) with corresponding white segmentation
contours overlaid in (b). In comparison, single segmentation results of the VB image are shown in (c).
In another example, subfigures (d) and (e) show the overlay of segmentation results of the single (white)
and coupled (red) approaches in the VB MRI, with and without the superimposed aligned TF image,
respectively. Subfigure (f) is in the axial direction and clearly shows in this example the large errors of the
single segmentation.

However, as reported in Table 5.8, the overall errors of the coupled approach (ASSD of 1.05+0.21)
were lower than those of the single segmentation (ASSD of 1.21+0.60), although no statistical
difference was established. In fact, the coupled registration-segmentation approach was in some
cases much more effective as depicted in Fig. 5.27(d)—(f), where the single segmentation yielded
very poor results compared to those of the coupled approach. In general, the coupled approach
was markedly more accurate in the segmentation of the finer details that were only available in
the TF (Fig. 5.28(a)—(c)). The point-to-surface distance error was calculated between the ground
truth and the segmentation results for both the single (Fig. 5.28(d)) and the coupled (Fig. 5.28(e))

approaches, averaged among all the subjects, and finally mapped on an arbitrary reference shape.
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These distance errors better reveal that the finer information from the TF contributed to a better

! 5.8
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1.4

mm I 0.0

(d) (©

segmentation (e.g., fine details of the fovea capitis).

(b)

Figure 5.28: Fine detail delineation by coupled registration-segmentation. (a) A close-up transversal view of
a femoral head visible in the TF image. Results from (b) single and (c) coupled segmentation are overlaid as
white contours. The white arrows indicate poorly segmented areas in (b) which are markedly corrected in
(c) using the additional information from the TF MRI. Average point-to-surface distance errors computed
from the single (d) and coupled (e) segmentation results are mapped on an arbitrary femur shape. The
black arrow indicates the Fovea Capitis for which larger error differences are observed.

In the presented segmentation trials, the position of the leg was neutral for both the VB and
the TF MRIs. However, in clinical practice, it often happens that stronger alignment differences
between the image acquisitions are observed due to patient movement between the scans. Large
leg rotation patterns make the alignment more challenging and locally affect the intensity dis-
tribution around the bones. In order to analyze the capability of our coupled framework in the
presence of large movement between the scans, we tested it with pairs of supine VB and split TF

images for each of the 15 subjects.

Figures 5.29(a)—(c) illustrate the strong misalignment that needed to be recovered between the
bone extracted in the VB and the TF MRIs. The registration of the femur performed well, where
we can clearly see the shape outline of the femur between the VB and the TF. The checkerboard
visualization (Fig. 5.29(d)) also highlights the accuracy of this registration. Similarly to the
previous results, the quantitative measures of the femur segmentation were almost identical
as reported in Table 5.8 (ASSD of 1.21+0.60 and 1.07+0.20 for single and coupled approaches
respectively). This suggested that our framework is robust in regards to the mis-alignment
orientation of the LOD MRIs as long as these MRIs share a common SOI.

We further conducted tests to evaluate our coupled approach in the case where more than two
MRI images were available. When our framework was applied to multiple LOD MRIs consisting
of a VB and two TF (supine and split) MRIs, all three images were successfully aligned and the
segmentation accuracy was in line with all the other experiments (single and coupled results with
ASSD of 1.21+0.60 and 1.05+0.20, respectively). In this case, the use of an additional TF image did
not yield any significant improvement of the accuracy, the obtained error being already excellent

with the previous VB+TF configuration.

In any case, the coupled approach seemed to produce better results than those of single seg-
mentation approaches reported in previous experiments, although the number of test datasets

varied. For instance, the best ASSD for femurs in VB images in experiment 1 (Sec. 5.5.2) and
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(d)

Figure 5.29: Segmentation and alignment result of a multiple LOD MRI composed of supine VB and
split TF images shown in (a) coronal (b) transversal and (c) sagittal view slices. In this example, the subject
performed a large rotation movement of the leg (split). (d) Top: slice of the TF image centered on the femoral
head; bottom: the VB image is resampled into the TF space and overlaid with checkerboard visualization
to illustrate the quality of the registration.

experiment 3 (Sec. 5.5.4) were respectively 1.21+0.53 (43 test datasets) and 1.48+0.38 (10 test
datasets), whereas the coupled approach had an error of 1.05+0.20 (15 test datasets).

The segmentation of a single VB image only required around 60 sec. As expected, the coupled
registration-approach was more time consuming. The coupled registration and segmentation of
2 femur models took in average 158 sec for the scenarios involving one supine VB and one TF
image (split or supine). For comparison, the simultaneous but independent segmentation of one
VB and one TF image was estimated at 90 sec. This significant difference was due to the addi-
tional operations involved in the coupled registration-segmentation approach: the generalized
Procrustes alignment (Sec. 5.3.4.2), the computation of inter-reliability terms (Sec. 5.3.4.3) and
the blending performed after each segmentation iteration. As a result, the configuration involv-
ing one VB supine image with two TFs, split and supine, presented the largest computation time
(245 sec).

5.5.6 Experiment 5 — GPU-based Segmentation

5.5.6.1 Description

In this experiment, we compare the accuracy and speed of our GPU-framework (Sec. 5.4.1)
against our CPU-based implementation of discrete deformable models. For comparison pur-
poses, only the features common to both implementations were used, thus collision detection and
sophisticated shape priors (i.e. statistical shape model and MRF-based modeling) were omitted
from the CPU implementation. We used a subset of 28 VB MRI images from our database in the
supine position. Compared to previous CPU-based experiments, only the first three shape reso-
lutions were used (denoted here as coarse, medium and fine mesh resolutions) and the iteration

schedule was hence set to 300/100/20, respectively. Both left and right pairs of femur and hip
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bone were simultaneously segmented, i.e. 4 fully visible bones as in experiment 1 (Sec 5.5.2.1).

5.5.6.2 Results

Results are reported in Table 5.9, with computation times that were evaluated per mesh resolution

and did not account for loading, saving and rendering of the meshes.

Coarse Medium Fine
ASSD¢py; (mm) 1.93+0.50 1.66+0.43 1.62+0.44
ASSDcpy (mm) 2.07+0.70 1.60+0.63 1.58+0.63
timegpy (s) 1.85(0.006) 1.27 (0.012) 0.42 (0.021)
timecpyy (s) 449 (0.15) 57.2 (0.57) 29.9 (1.49)
#iterations 300 100 20
#vertices 2656 10624 42496

Table 5.9: GPU- vs. CPU-based MRI Hip joint bone segmentation results for each mesh resolution level:
accuracy error (ASSD in mm) for GPU and CPU; times for GPU and CPU with time/iteration in parenthesis;
#iterations denotes the number of iterations and #vertices is the total number of vertices for all meshes.

The GPU approach was consistently about 25 - 70x faster than the CPU version to execute a
single time step. As expected, this difference became more significant when the number of
vertices increased, as e.g. the CPU needed 1.49 sec to process 42K vertices while 21 ms were only
necessary for the GPU implementation. These figures also show that the parallelization was not
fully performed at the vertex level as an increase of the vertices yielded a non-negligible increase
of the time to perform an iteration. Nevertheless, this time did not scale linearly with the number
of vertices (it seems to double when the number of vertices is quadrupled) which highlights the
presence and good performance of the underlying parallelization. Most importantly, the update
frequencies of the GPU approach were consistently above the minimum 10Hz of refresh rates

required for interactivity.

A time distribution analysis of the different steps of the simulation is given in Fig. 5.30(a). It
reveals that the force computation accounted for approximatively 99% of total time per itera-
tion, while mesh update and numerical integration contributions remained below 1%. Similarly,
the time distribution per force type, illustrated in Fig. 5.30(b), shows that image forces (IP- and
gradient-based forces) were the most time consuming forces and that IP-based force clearly dom-
inated with its 93% of the total force computation time. Furthermore, the computation time of
image forces was dependent on the image size as shown in Fig. 5.30(c) and 5.30(d), where the
simulation was performed with three different image sizes (257 x 258 x 140, 514 x 516 x 280 and
771 x 774 x 420). The size 257 x 258 x 140 was the average original size of the images used in the
experiment, while the other two sizes were artifically obtained by supersampling the original

datasets. For both types of forces, the bigger the image was, the longer the computation took.

In terms of accuracy, both CPU and GPU approaches returned similar results. Indeed, the final
ASSD error of the CPU segmentation was 1.58 + 0.63 against 1.62 + 0.44 for the GPU implemen-
tation. Similarly, errors between both approaches were very close at the end of each iteration

sequence which exploited a given mesh resolution. These similar accuracy results highlight the
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Figure 5.30: GPU time distributions and results. (a) Average time distributions per type of simulation step.
(b) Average time distributions per force type. Subfigures (c) and (d) depict the total time in sec spent by
gradient- and IP-based forces in function of image size (W x H x D), respectively.

correct implementation of the segmentation into the GPU formalism. A visual inspection (Fig.

5.31) confirmed a satisfactory segmentation in most bony regions.

1

=
0 T

(d)

Figure 5.31: GPU-based MRI hip joint bone segmentation examples: from (a) to (d) axial slices are shown
without and with white mesh overlays on top and bottom of the subfigure, respectively. In (e), a coarse
mesh is initialized at the beginning of the segmentation, and in (e) the final result is shown with meshes at

their higher resolution.
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Nevertheless, the current GPU approach suffered from mesh inter-penetrations observed in the
joint area (Fig. 5.32(a)). However, thanks to the new possibilities of higher update frequencies of
the GPU approach, attraction points (Sec. 5.4.1.7) could be easily added in real-time to correct bad
segmentation results as shown in Fig. 5.32(b), where inter-penetrations were avoided improving
the ASSD about 9% (1.52 to 1.40 mm) for this particular subject.

(b) (©

Figure 5.32: Correction of bone segmentation by attraction points (APs). (a) Result without APs where the
red arrow points at mesh inter-penetrations. (b) Corrected result with APs, which are displayed as (c) small
spheres in a 3d view with a transparent hip bone.

5.5.7 Experiment 6 — Collaborative Segmentation

5.5.7.1 Description

In order to illustrate the concepts of the proposed medical collaborative system presented in Sec.

5.4.2, two application scenarios were designed and evaluated:

1. “Teacher-student” scenario: a teacher shows to students the reading of radiological im-
ages and the concept of semi-automatic segmentation for ROI annotation on the images as
illustrated in Fig. 5.33. In this scenario, all the students observe the segmentation evolution
as the teacher initiates the segmentation and changes the viewing slice across the dataset.
Then the teacher shows how to manually and locally correct the segmentation evolution by
inserting various constraint points. Once this simple principle is explained, students are
invited to interact with the segmentation process. The teacher is assigned greater weight
(i.e. weight a“P in the constraint point-based force of Sec . 5.3.2.2) to the constraint points
than the students, thus, enabling the teacher to override students” constraints.

2. “Expert-expert” scenario: two (or more) experts are segmenting the same dataset. Each of
them can monitor and modify the segmentation in different parts of the dataset hence ex-
pediting the segmentation process. As with the “teacher-students” scenario, when experts
work in the same slice, weights may be allocated based on the experience of the experts,

thus giving more priority on the segmentation constraints to the more experienced user.

In the first scenario, user views were synchronized with the teacher view, while asynchronous

navigation was granted to experts in the second scenario (Sec. 5.4.2.4). The first scenario was
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Figure 5.33: Illustration of the teacher-student collaborative segmentation scenario. A teacher (center) uses
her laptop to monitor and guide the two students in a collaborative segmentation session, where one student
is using a portable device (left), and the other is using a conventional workstation (right).

evaluated in the muscle segmentation context [GMT10], where 21 muscles were simultaneously
segmented. In this experiment, 20 users joined in a collaborative session and the teacher-student
behavioral pattern was simulated, i.e. most of the time one user explored and interacted with the
segmentation process while the others only observed. The evaluation of the expert-expert mode
was performed with a hip joint bone segmentation experiment based on our deformable model,
in which two experienced users collaboratively and concurrently segmented the 4 bones in the

image.

For each experiment, raw image slices (i.e. without compression optimizations) were used in the

transmission for testing purposes, and for performance measurements, only orthogonal image

slices of the volume were available (i.e. no oblique viewing plane of the MRI dataset). We mea-
sured the average number of updates per second (ups in Hz), averaged over 100 segmentation
iterations, at different levels:

- Segmentation: ups of an iterative segmentation step.

— Client update: ups of the user client update. A client update was triggered every time a
new slice with corresponding overlay (mesh contours and constraint points) was received and
prepared for rendering. The time to receive an answer to a request from the server was hence
also considered here. Since the rendering was performed in another thread, the ups on the
rendering was not representative of the client responsiveness and was not measured at this
level.

The server was run on a dedicated PC, while clients were uniformly distributed over 4 other

workstations (hence 5 clients per PCs in the teacher-student scenario). All PCs were equipped of

a single core Pentium 4 running at 3.4 GHz with 2 GB or RAM.
5.5.7.2 Results

Simulation results are shown in Table 5.10.

These results show that our framework did not expose any significant degradation in system
responsiveness and preserved satisfactory interactive performance of users in varying conditions.
Measured ups at the client level was acceptable (~ 4 Hz) but not always optimal for collaborative
editing. This was related to the speed of the segmentation process which bound the overall

ups. The complexity of the segmentation, in terms of memory consumption and execution speed

171



Chapter 5. Knowledge-based Deformable Model

Teacher-student Expert-expert
3D image size 260 x 511 x 242 483 x 358 x 270
Number of models 21 4
Segmentation iteration ups | 3.8 4.6
Client update ups 3.5 42
Number of clients 20 2

Table 5.10: Results of the collaborative segmentation experiments reporting the ups in Hz with varying
number of users, models and image size (W x H x D voxels), averaged over 100 iterations.

was mostly related to the size of the segmented image and the number of models that were
simultaneously segmented. These factors were expected to also have an impact on the system as
the image data and the model contours (overlaid on the slice at the client side) needed to be sent
over the network. Additionally, the number of clients introduced additional load at the server
side. Faster version of the segmentation, such as our highly interactive GPU approach (Sec.
5.5.6), coupled with more powerful computational resources are expected to greatly improve the
interactivity. Finally, the client was very light in terms of memory usage (< 1 MB) and CPU

consumption (< 1%) which would greatly facilitate its usage on portable devices.

5.6 Discussion

5.6.1 Impact of Image Characteristics and Knowledge-based Strategies

5.6.1.1 Image Field of View

In this section, we will discuss the impact of the image FOV on the different aspects of segmen-
tation and SSM construction. As previously mentioned in Sec. 4.3.2.1, a reduced FOV makes the
structure to be segmented only partially visible. The amount of image cues is thus reduced and
we strongly suggest that this ultimately affects the performance of segmentation approaches,

especially those based on deformable models and SSMs.

Initialization Model initialization is affected by small FOVs as we already discussed in Sec.
5.2.3.1. In fact, the landmark-based approach (Sec. 5.2.2.1) becomes hardly applicable at all and
the atlas-based registration (Sec. 5.2.2.2) faces strong difficulties when the atlas and test image
FOVs are very different. Hence, it was necessary to devise an adapted initialization approach.
As reported in experiment 1 (Sec. 5.5.2), our constrained global initialization (GI) (Sec. 5.2.3)
proved to be very robust (no failures were reported in all experiments) and accurate as depicted
in Fig. 5.20 with images having a small FOV. The cost function C; however presented various
local minima as shown in Fig. 5.34 and was not always smooth, especially in case of the TF
dataset (Fig. 5.34(c) and 5.34(d)).

More precisely, the function appeared to be smooth around the desired minimum, but the capture
range was not very large (e.g., ~2 and 1 cm in X - Y translation, respectively for the cVB and TF
cases). With small FOVs, we observed that various shape instances generated by the transform

and shape parameters were more likely to return a strong fit with the wrong structures in the
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Figure 5.34: Example of a constrained initialization’s cost function plot around optimum on cVB ((a)-(b))
and TF ((c)-(d)) datasets of the right femur. Ground truth reference shape was translated in the X - Y
direction (mm) in the first column, while it was rotated around the X and Y axes (degrees) in the second
column.

image. In this context, the usage of local optimizers was seriously limited. Since satisfactory bone
size and pose estimates cannot be usually predicted in advance, finding a reasonable initialization
to a local minimizer is an issue. Additional experiments showed that while a local minimizer
initialized with the mean shape of the SSM sometimes returned acceptable initializations, there
were many occasions on which it failed with the cVB and TF datasets (e.g., in cVB initialization,
more than 10 trials produced results with VOE > 60%). Conversely, differential evolution was
able to escape local minima, and was also very simple to implement and parameterize since it is

a self-adaptive approach.

Evolution The image FOV undoubtedly had an impact on the performance of our deformable
model-based segmentation. In some cases, the impact of poor initialization was diminished if
the image FOV was sufficiently large. For example in experiment 1 (Sec. 5.5.2), the initialization
of the landmark-based approach on the VB images was much less accurate than the GI on ¢VB
images (ASSD of 2.88+0.68 vs. 1.49+0.46) but the fine segmentation was still able to produce
good segmentation of the full bones. Similarly, in experiment 3 (Sec. 5.5.4), the atlas-based
initialization was absolutely not accurate (ASSD of 5.86+2.15), but still the deformable model-
based segmentation decreased the overall ASSD to 1.48+0.36. We suggest that this is partially due
to the fully visible bones within the VB datasets, which guided the evolution of the segmentation

by providing sufficient image cues.

In experiment 1, the final segmentation results of the experiments on the cVB and VB datasets
demonstrated that the overall accuracy of the cVB (ASSD: 1.12+0.46) was better than the VB

173



Chapter 5. Knowledge-based Deformable Model

(ASSD: 1.21+0.35), despite the latter having a much larger FOV. This contradicts our assumption
that a larger FOV improves the segmentation. Although it appears that the better initialization
of the cVB may explain this observation, the cVB metrics were actually better due to a “favored”
error computation, which did not include the distal parts of the segmented femurs, as these
parts were not present in the cVB images. In fact, in the VB images the segmentation of the femur
condyles in the distal part performed poorly (Fig. 5.18) as these structures were (i) located almost
parallel to the axial plane (and were thus subject to PVE), (ii) very close to the image extremities
(thereby having poor signal-to-noise ratio), and (iii) in proximity to the knee articulation (hence
exhibiting fuzzy boundaries). This statement was confirmed by computing the metrics of the
segmentation with VB images only within the image extents of the cVB: the overall ASSD of
the VB segmentation dropped from 1.21+0.35 to 1.17+0.42 and was statistically indistinguishable
from the overall ASSD of the cVB results, 1.12+0.46.

The combination of moderate initialization with small FOVs is thus a serious handicap for seg-
mentation. This explains why TF images were generally more difficult to segment in experiment
1. The additional reduction of the FOV of the TF images is expected to significantly degrade
the segmentation performance. To illustrate this assumption, we conducted additional experi-
ments on TF images with much smaller FOVs, in which the initialization and averaged IPs were
identical to the original TF experiments (Sec. 5.5.2.2) in order to remove bias from possible dif-
ferent initializations and appearance priors. The smaller FOV was computed by reducing each
side length of the original TF volume by 80% (i.e. reduction of ~ 51% in volume). The overall
ASSD error significantly increased (p-value < 0.002) from 1.31+0.44 to 1.65+0.81, highlighting the

negative impact of small FOVs on the segmentation evolution.
5.6.1.2 Shape and Appearance Priors

The use of prior knowledge expressed as statistical modeling of shape and appearance variations

has brought many benefits in all the key stages of deformable models.

Initialization The constrained initialization has greatly benefited from the generative property
of SSM which instantiates “valid” shapes from few control parameters (Eq. (4.3) in Sec. 4.3.1.3).
This shape parameterization, coupled with geometrical constraints derived from the hip joint
kinematics (Sec. 5.2.3.3), yielded an efficient constrained initialization which drastically reduced
the search space of the global minimization (Sec. 5.2.3.5). As a result, the robustness of the
initialization was improved which explains the good results of the GI in experiment 1 (Sec.
5.5.2.2).

Evolution To attenuate the limitations from small FOVs, the use of SSM in the deformable mod-
els was of significant importance. By bringing robustness in the shape regularization process,
SSM-based segmentation was found to outperform conventional deformable models. In fact, the
deformable model based on weak shape priors expressed as shape memory (SMEM) constraints
(Sec. 5.3.3.2) performed very poorly with the cVB and TF images in experiment 1 (Sec. 5.5.2.2) as
overall ASSDs of 1.59+0.54 and 3.09+1.29 were computed, respectively. Furthermore, while large
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FOV may alleviate the negative effects of poor initializations, we are convinced that the use of
SSM remains essential. In fact, we observed that the deformable model based on the shape mem-
ory prior was incapable to cope with the mediocre atlas-based initialization (ASSD of 5.86+2.15)
in experiment 3 (Sec. 5.5.4.2).

Nevertheless, special care was required when choosing the multi-resolution SSM scheme (Sec.
4.3.1.3) in order to yield optimal results. The SSS scheme reported the best results with the VB
datasets, while RAA scheme performed better with c¢VB and TF images. More exactly, we only
observed statistical differences between SSS and RAA schemes when segmenting the hip bones
in the TF datasets as depicted in Fig. 5.35. We observed that with insufficient accuracy in the
initialization, combined with the absence of sufficient image cues or a poor appearance model,
the SSS-based evolution was impeded. The use of a rigid alignment with the coarsest resolution
in the RAA scheme prevented shapes from “over-stretching” when trying to fit the shape with
the image, as exemplified in Fig. 5.35(c) and (g). From our observation, femurs were not subject
to this problem, likely due to better image features, such as the strong image gradients around

the shaft (Fig. 5.20(e)), and also better initializations.

Figure 5.35: Right hip bone comparative results on TF dataset. (a) coronal slice with (b) constrained global
initialization, (c) SSS scheme-based and (d) RAA scheme-based fine segmentation results overlaid in white.
(e)-(h) Comparative results on a sagittal slice. The RAA scheme improved the initialization and appears as
better than the SSS scheme which tended to over-stretch the hip bone as depicted in (c) and (g).

Regarding the use of appearance priors (Sec. 4.4) in our experiments, the coupling of multi-
variate Gaussian (MGD) priors with the Mahalanobis distance did not significantly outperform
the use of reference profiles with the normalized cross correlation (NCC). As we explained, the
robustness of the NCC measure with respect to linear intensity changes was a real asset. In
fact, the possible absence of these intensity variations in the training dataset would prevent the
MGD model from capturing them, affecting thus its efficiency. In all cases, appearance priors
were complementary to the gradient features, especially when edge information was missing or
non-reliable (e.g., fuzzy boundaries between articulations). As a result, they were essential in
the segmentation approach and were thus always exploited in conjunction with the gradient-
based forces. The NCC-based approach was in particular preferred to MGD priors for its lower
complexity, which yielded faster segmentation algorithms (see timing results in Table 5.1 of ex-

periment 1).
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SSM construction and enlargement The limitation of creating and using incomplete shapes
based on the image FOV has been efficiently addressed in this thesis by devising a robust evo-
lution and SSM construction approaches that were able to cope with corrupted shapes. This im-
proved automation and thus made possible the enlargement of a unique SSM per shape, which
remained efficient in the segmentation context. Indeed, our evaluation results of experiment 2
(Sec. 5.5.3.1) demonstrated that the segmentation results from the images with small FOV could
be efficiently re-used to improve the SSM performance in subsequent segmentations. In situa-
tions where the Generality of the SSM was poor (e.g., our sub-SSM experiment with 12 shapes),
our methodology to enrich the SSM with corrupted shapes was shown to significantly improve
the segmentation performance. Standard SSM performance measures (e.g. Compactness and
Specificity presented in Sec. 4.5.1.3) were not used to compare sub- with mixed- or full-SSMs, as
there were different numbers of models in the individual SSMs. Moreover, these measures do
not necessarily reflect the segmentation performance and were also criticized by some studies
[MDWO08].

MRF-based Local Modeling The modeling of local variations based on MRF (Sec. 5.3.3.4)
was beneficial when the Generality property of the SSM was not satisfactory due to the training
dataset being too small. In experiment 2 (Sec. 5.5.3.2), a multi-resolution refinement based on the
MREF evolution improved the overall ASSD error of the sub SSM (trained with only 12 shapes) to
about 15% (i.e. from 1.59 to 1.35 mm). This improvement in accuracy was achieved at the expense
of an increase of 22% in the computation time. The MRF was suitable to delineate fine details
with the condition of being close to the optimal solution. In fact, the MRF modeling required to
define the reference shape X (Sec. 4.3.3) to control the amplitude of the local deformations J;.
Our solution consisted in setting the reference shape as the shape state at the end of the iterations

of each resolution level.

A difficulty that we faced with the MRF-based forces was the setting of the parameters. In
[KH98], no rules of thumb were provided to select these parameters and we needed to perform
several trials to find appropriate values of § and the number of iterations. If there was a way to
statistically model the reference shape X, a promising solution would consist in estimating by

statistical inference these unknown parameters based on e.g. an EM algorithm.
5.6.1.3 Coupled Registration-Segmentation

The presented coupled registration-segmentation approach evaluated in experiment 4 (Sec. 5.5.5)
appeared to notably improve segmentation results while simultaneously co-registering multiple
images. The use of this knowledge expressed by the coupling of registration and segmentation

tasks had an impact on the speed of the segmentation approach.

Furthermore, some preliminary experiments showed that a coupled registration-segmentation
has also a positive impact on shape correspondence. Indeed, we designed an experiment involv-
ing femurs to be co-registered and segmented from 10 images. An affine mapping was used

since all images came from different subjects and the blending parameter A was set to a low
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value of 0.05 to not penalize the segmentation (Sec. 5.3.4.2). We ran the experiment in coupled
(i.e. with the coupled registered-segmentation approach) and single (i.e. 10 independent seg-
mentations) modes. We also applied the correspondence refinement based on landmark sliding
(Sec. 4.3.1.2) on the results of these two modes for comparison purposes. We compared the
SSM correspondence metrics (Sec. 4.5.1.3) with the single and coupled modes. Examples of the
Compactness and Generality curves are shown in Fig. 5.36(a) and 5.36(b), respectively. These
curves clearly show that (i) the coupled approach yielded much better performance metrics than
a single approach and that (ii) the correspondence refinement based on landmark sliding could

not improve the results of the coupled mode since those were already excellent.
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Figure 5.36: Impact of coupled registration-segmentation on shape correspondence illustrated with femurs.
Curves indicate (a) Compactness and (b) Generality measures. Axis denotes the number of modes and
“ldm” refers to a correspondence optimized by landmark sliding.

These results show a very promising usage of the coupled registration-segmentation approach.
Intuitively, these observations make sense since the coupled registration-segmentation approach
enforces point correspondence across shapes via its registration and blending stages. However
its similar performance with respect to the correspondence optimization using the landmark
sliding is striking in this preliminary experiment. The coupled approach may hence be a good

alternative (or at least a complement) to the correspondence refinement by landmark sliding.

However, despite the accuracy of the coupled approach (ASSD of 1.58+0.18) was better than
in the single mode (ASSD of 1.65+0.36), like it was previously observed in experiment 4, this
accuracy was not very satisfactory when compared to the other experiment results. This was
due to the fact that the affine mapping could not cope with non-rigid inter-subject variations.
A promising solution would be hence to use an extension of the Procrustes alignment to non-
rigid transforms (e.g., [CP10]). In any case, these are preliminary results and a more thorough

evaluation is necessary.
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5.6.2 Overall Assessment of Segmentation Approach

5.6.2.1 Initialization

Constrained global initialization The constrained global initialization based on the differential
evolution (DE) optimization (Sec. 5.2.3.5) proved to be very robust and versatile. In experiment
1 (Sec. 5.5.2.2) both shape and transform parameters were simultaneously optimized to initialize
models in images with small FOV, while in experiment 3 (Sec. 5.5.4) the transform between
supine and split postures was computed. The robustness of the approach is obtained with a
sufficient number of iterations to correctly explore the search space or escape local minima,
which is the main strength of global minimization approaches. The number of iterations was
empirically set to 100 based on several trials. In some situations, it was observed that the DE
quickly converged to the right result and as a consequence several iterations were unnecessary. It
would be hence interesting to explore optimization approaches that design more clever stopping
criteria [ZL07] to save some computations. However as reported by Nearchou [Nea08], it is not
possible to guarantee that an optimal solution has been obtained after a number of iterations
due the stochastic behavior of DE. Alternatively, we found that the number of iterations could
be decreased if the search space was more restricted based on prior knowledge. For instance, in
the initialization of the split dataset (experiment 3 in Sec. 5.5.4), rotation angles could be more

tightly bound in a small interval (full rotation space was used in our experiments).

Furthermore, DE is known to be potentially subject to the phenomenon of stagnation which
indicates a premature convergence of the algorithm despite of having a diverse and unconverged
population [LZ00]. We did not observe this particular case in our experiments but it could be

addressed by using more sophisticated parameter settings [Zah02, Tvr06, HQS06].

Eventually, the placement of the hip joint center (HJC) (Sec. 5.2.3.2) was not very demanding, as
in practice we noticed that small errors of 1-2 pixels (1-3 mm) were well handled by the DE in
which translation parameters were allowed to vary in the error interval J. Nevertheless, a more
thorough sensitivity analysis of the HJC should be done. Furthermore, methods to automatically
detect the HJC could be investigated. A collaboration with Kim [KSMT10] underpinned the non-
efficiency of automatic methods based on edge detectors, such as Hough transforms [vVBV(02,
CYDLO06] which failed to provide adequate results. This was due to the low image resolution
and weak gradients at the femoral head boundaries in VB images. Hence a robust method of line
profile matching (Fig. 5.37(a)) coupled with density clustering [ABKS99] was proposed to group
the profiles that best represented the HJC. On a test database of 23 supine and split VB images,
the algorithm was able to detect 81.52% of the H]JC, with further 9.78% detected, but not as the
best estimate, to a combined total of 91.3%, as illustrated in Fig. 5.37(b) and 5.37(b).

Atlas-based initialization The low accuracy in the atlas-based registration of experiment 3
(Sec. 5.5.4) was attributed to the use of an atlas which had quite large differences in intensity
distributions and anatomical variations when compared to subject datasets. Furthermore, the

registration attempted to register MRI images that were mostly composed of soft tissues, thus
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(a) (b)

Figure 5.37: Automatic HJC detection [KSMT10]. (a) Illustration of line profile extraction (blue segments)
for detection of HJC candidates. Examples of automatically detected HJCs (blue discs) are visible in (b) and
(c) for a left and a right split images, respectively.

the registration emphasized the similarity among the soft tissues rather than the bony structures.
Nevertheless, the atlas used was based on a single subject scan and was able to produce a
satisfactory initialization for this experiment. This was possible because all the subject scans were
from the same population group, sharing same gender, age group, and similar physical attributes
(e.g., height). We anticipate that with the addition of statistical properties in the construction of
the atlas, e.g. atlas averaging via clustering of registered data [ZHRO06], the initialization of the

segmentation should be improved, thus leading to further improvements in the segmentation.

The segmentation of a split posture could theoretically follow the same procedures as in the
supine segmentation, i.e., registration to an atlas for initialization. However, in our assessment,
a selection of a subject for use as the atlas in split postures failed due to the ubiquitous inter-
subject variations between the split images (unpredictable variations of femur rotation angles and
surrounding soft tissue deformations), which strongly affected the registration process. Similarly,
an intra-subject registration between the supine and split MRI remained even more problematic

due to the larger rotation variations between the two postures.

The greatest advantage of using the atlas-based registration is that it is a fully automatic process
as long as appropriate conditions are met (i.e. similar FOVs and subject positions). Coupled
with our robust SSM-based evolution, we can thus expedite the bone segmentation of supine VB

images in an automatic and reliable way.
5.6.2.2 Accuracy and Robustness

MRI Images acquired with the VB protocol are difficult to segment automatically due to poor
image characteristics such as large slice thickness, strong bone intensity inhomogeneities, and
diffused and unclear boundaries at joint interface. In this study, we obtained highly accurate
and robust results (e.g., ASSD of 1.21+0.35 in experiment 1), by harnessing previously developed
methods [GMT10] with robust multi-resolution SSMs. The segmentation on TF images also
performed well in some regions of major interest despite having an overall segmentation error
that was higher than the segmentation error on the VB dataset. For instance, the segmentation

of iliac crests caused some trouble (e.g., Fig 5.21(a) in experiment 1) but the challenging areas
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of the AB and FH were accurately segmented (ASSD 1.04+0.33, see Figs. 5.21(c) and (d) in
Sec. 5.5.2.2). The final results with the TF datasets were good in the majority of the subjects,
but the overall error was moderate despite the better image quality (higher resolution, better
signal-to-noise ratio). As discussed in Section 5.6.1.1, the initialization accuracy suffered from
a more challenging cost function minimization (not smooth, presence of many local minima as
shown in Fig. 5.34(c) and 5.34(c)) which affected the fine segmentation. The use of higher order
statistics or estimated probability distribution functions for the IPs is expected to improve these
segmentation results. However, due to the large size of IPs (25 samples) with respect to the
relatively low number of training datasets, effective approaches based on e.g. IP multi-modal
clustering [CD09] or k-NN classifiers [HMMWO07] should be investigated, to minimize the effects

of the curse of dimensionality (Sec. 2.5.6).

Another interesting observation is that in all the experiments, the hip bones were equally or better
segmented than the femurs. These results are consistent with other studies (e.g., [KLZH09])
which exploited SSMs to segment the hip joint bones and reported greater difficulties in the
segmentation of the femurs. In this study, we attribute these results to the greater complexity of
features found in the femur morphology. In many experiments we noticed that the inter-subject
variability of these features was harder to capture by the SSMs (e.g., Fig. 5.18 in experiment 1
and Fig. 5.25 in experiment 3), as it was reported in the study of Barratt et al. [BCE*08].

From a global MRI bone segmentation perspective, we devised an approach that is very promis-
ing for computer-aided surgical applications, regardless of the size of the FOV or the resolution.
In fact, Livyatan et al. [LY]03] reported that a target reconstruction error (TRE) of approximatively
1.5 mm (2 to 3 mm worst case) was acceptable for bone computer-aided surgery applications.
Since the TRE is also seen as an error of a reconstructed surface model in comparison to its asso-
ciated ground truth [ZSG10] and our overall ASSD measures from all experiments were all below
1.5 mm independently of the image type, our approach has a great potential clinical practice. In
comparison, Gilles et al. reported larger errors (1.7 mm in [GMT10] and 1.6 mm in [Gil07]), de-
spite the authors jointly used multiple images to segment the bones. In our case, when multiple
images were used in our coupled registration-segmentation experiment (Sec. 5.3.4), a very good

accuracy of 1.07 mm was obtained with femurs.

The GPU-based approach evaluated in experiment 5 produced satisfactory results with ASSD
of 1.62+0.44 (Sec. 5.5.6.2) being marginally over the recommended 1.5 mm value. The articu-
lar area presented segmentation errors mainly due to the bone proximity and the presence of
fuzzy boundaries. We discussed the possibility to tackle these errors in the articular region by
interactively using attraction points (Fig. 5.32). While this interactive action is efficient in most
of the cases, it is preferred to exploit additional corrective techniques to minimize or simply
remove the user interaction. Firstly, collision response and detection techniques could be imple-
mented to prevent mesh inter-penetrations and hence bring additional robustness. Furthermore,
the exploitation of our sophisticated shape priors such as SSMs will undoubtedly improve the
performance of the GPU implementation, given the excellent results obtained with these priors

in the other experiments. However, the implementation of SSM-based forces in GPU may de-
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mand complex numerical tools. For instance, Singular Value Decomposition (SVD) is required
to achieve the alignment of shapes [Ume91] in order to perform the SSM regularization. Many
of these numerical tools are common but demand additional effort to be efficiently implemented
into GPU formalism. Thankfully, they are progressively ported to CUDA, like the SVD im-
plementation of Lahabar and Narayanan [LN09]. However, their integration into an existent
framework is not always straightforward as special data structures are often required. These
structures do not necessarily satisfy the requirements of our simulation, and as a result this may

demand a careful (re-)design of the GPU framework.

5.6.2.3 Speed and Interactivity

Results of experiments showed that the speed of the segmentation was dependent on different
factors. The image FOV had for example an impact as some computations (e.g., image-based
metrics) could be avoided for mesh vertices falling out of the FOV, which accelerated the pro-
cess (e.g, compare the TF vs. VB timing results of experiment 1 in Sec. 5.5.2). The speed of
image-based forces in the GPU implementation was also affected by the image size in terms of
number of voxels, as reported in Fig. 5.30(c) and 5.30(d) in experiment 5. Similarly, the com-
plexity of forces or strategies influenced the speed of the segmentation. Indeed a SSM-based
evolution was more time consuming than a shape memory-based segmentation in experiment
1 (Sec. 5.5.2), or the coupled-registration approach was slower than a single segmentation as

reported in experiment 4 (Sec. 5.5.5).

The different segmentation approaches that were proposed (robust and local shape priors, cou-
pled registration-segmentation, etc.) aimed at improving the accuracy and robustness of the
segmentation as reported in Sec. 5.6.2.2. As a result, the focus was not in preserving the inter-
activity of the segmentation. In fact, timing measurements in experiment 5 (Sec. 5.5.6) showed
that the CPU version was unable to fully support interactivity, since update frequencies were
about 0.6 — 6.7Hz. Similarly, the collaborative framework in experiment 6 (Sec. 5.5.7) exhibited

an average update per seconds of 4 Hz.

Conversely, a significant improvement of the interactivity was obtained with the GPU-based
implementation of our discrete deformable models. The GPU approach was consistently about
25 -70x faster than the CPU version to execute a single time step. This was expected since the
GPU implementation benefited from parallel processing while the CPU-based approach operated
in a sequential manner. In all cases, the time taken by a single GPU iteration was perfectly
matching with interactivity constraints. Indeed, update frequencies for the GPU were about
47 - 162Hz, thus easily supporting the minimum 10Hz of refresh rates required for interactivity.
Having full support to interactivity paves the way to novel segmentation approaches, in which

the user is fully able to interact with the segmentation loop.

We have measured that, in the GPU implementation, force computation accounted for approx-
imatively 99% of total time per iteration, mesh update and numerical integration contributions

being below 1% (Fig. 5.30(a)). Hence, an additional level of parallelization could be achieved by
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computing all forces in parallel. This force parallelism could be achieved with atomic operations
which would sum up the force contributions in parallel in the force accumulation array. Since
atomic operators do not necessarily improve performances ? and their availability depends on the
CUDA compute capability of the GPU, an alternative approach would consist in using a proper
array for each force to avoid memory writing conflicts and thus the use of atomic operations.

However, such an implementation is obtained at the expense of a larger memory consumption.

In our segmentation context, effort should be instead spent in speeding up image-based forces,
and especially those using intensity profile. In fact, the IP-based force clearly dominated with its
93% of the total force computation time (Fig. 5.30(b)). Despite the use of an efficient computation
of the NCC, this force remained very expensive. The main reason is that during the search for the
optimal target position y* with the lowest image energy, we compute the IP-based energy L times
in a sequential manner (Sec. 5.3.2.1). Hence, once again we could parallelize the computation of
the energy for each position y;, i € [1, L]. However, before considering such a parallelization,
special attention should be paid in preserving a good tradeoff between memory usage, speed and
implementation complexity. Last but not least, the CUDA implementation performance should
be more throroughly evaluated and optimized if necessary [NVI10] (e.g., fine tuning of grid and
block sizes, avoidance of possible bank conflicts, reduction of number of cycles per instruction

and memory latency, etc.).

From a global MRI bone segmentation perspective, the speed of the different CPU-based seg-
mentations remained very satisfactory, given that most of the approaches were automatic or
required very little user intervention. The GPU-based approach showed that the use of paral-
lelization techniques, coupled with modern hardware (our PC specifications were quite modest
as reported in Sec. 5.5.1) supporting multiple cores, are expected to substantially speed-up the
CPU-based automatic and collaborative segmentation approaches. This would support the clini-

cal integration and acceptance of our deformable model-based segmentation.
5.6.2.4 Control

Regardless of the interactivity of the segmentation approach, we investigated efficient way to
control the evolution of the deformable models. Constraint points from [Gil07] were cleverly ex-
ploited in the collaborative segmentation to yield the concurrent segmentation of the same image
by multiple users. A user satisfaction study [HNS"10] revealed that most users were strongly or
moderately satisfied with the collaborative approach. Most importantly, participants felt more
comfortable to collaborate with others with the proposed algorithm because more freedom was
given compared to an approach based on the strict locking mechanism. Nevertheless, additional
studies should be conducted with end users (e.g., clinicians) to clearly assess the performance of

our collaborative framework.

The use of attraction points (Sec. 5.4.1.7) in the GPU framework were very useful in circumvent-

ing some of the weaknesses of the approach (i.e. absence of collisions management and strong

2. http://www.strobe.cc/cuda_atomics/cuda_atomics.pdf
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shape priors) as illustrated in Fig. 5.32. Thanks to the efficient implementation of this interaction
force (e.g., use shared memory and parallel reduction) into GPU formalism, no slowdowns were

observed even in the presence of hundreds of attraction points.
5.6.2.5 Generality, Applicability and Extensibility

Generality In this work, only the constrained global initialization (Sec. 5.2.3) is specific to the
hip segmentation and therefore our proposed robust SSM evolution (Sec. 5.3.3.3 and 5.3.3.4) and
construction processes (Sec. 4.3) can be applied without any restriction for the segmentation of
other structures. In fact, the methodology to compute shape and intensity priors in a robust
manner can be re-used for other structures or image modalities. Furthermore, by running our
deformable approach, the resulting segmentation results could be used to update or compute an

SSM, independently of the shape nature (complete or corrupted shapes).

Applicability As discussed in the introduction Chapter, our work has great potentials and can
be exploited in various medical and biomechanical studies. Many of our segmented models were
used at MIRALab to conduct dynamic simulations of the hip joint and investigate the effects of
(extreme) motion on the dancer population [ACS*09, CSKC*09, CAVMT09, CMTB*10]. Further-
more, our segmentation algorithms were used in the 3D Anatomical Human project [3DA10].
For instance, a partner acquired a cadaver leg to carry out some mechanical experiments to as-
sess the stability of the knee joint. Different MRI images of the limb with varying characteristics
(e.g., high resolution image of the knee with small FOV or low resolution of the thigh with
large FOV) were obtained based on MR imaging. Based on our SSM-based deformable model
and coupled registration-segmentation algorithms, images were co-registered and bones were

successfully segmented as depicted in Fig. 5.38.

(@) (b) (© (d) (e)

Figure 5.38: MRI imaging of the thigh and knee of a cadaver specimen are visible in (a) and (b), respectively.
Based on our coupled registration-segmentation approach, images can be jointly registered and segmented
as shown in (c) and (d), respectively. Red and white overlays represent the segmented femur and tibia,
respectively. Subfigure (e) shows a slice with femur segmentation overlay of the knee image.

Similarly, we exploited our automatic bone segmentation and atlas-based initialization to seg-

ment muscles from an MRI image of the full lower limb, preprocessed with the guidelines given
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in Sec. 5.2.1. The atlas was constructed with our generic model construction explained in Sec.
4.2 and exemplified in Sec. 4.5.2.1. From the segmented bones (Fig. 5.39(a)), we computed an
affine alignment between the atlas and the test images to initialize the atlas-based registration.
The transformed atlas muscle models from the estimated non-rigid transformation are visible in
Fig. 5.39(b), while some mesh overlays are shown in Fig. 5.39(c). Based on the deformable model
approach of [GMT10], an acceptable segmentation of the muscular structures of both the thigh
and the leg was obtained as depicted in Fig. 5.39(d).

Figure 5.39: Segmentation of the lower limb. (a) Segmented bone 3D models. (b) Initialized muscle models
from a non-rigid atlas-based registration overlaid on transversal slices in (c). (d) Muscle overlays after a
deformable model-based segmentation on transversal slices of the thigh (top) and leg (bottom).

This patient-specific modeling of the lower limb supported various advanced neuromuscular
studies as reported in [SSCT09, MSP"09]. As an illustrative example, the segmented knee
model presented in Sec. 4.5.2.2 was used by Sandholm et al. [SSP*10] to compare different
knee modelings to be applied in neuromuscular simulations [DRC*06, DAA*07]. In particular, a
geometrically-based knee model fitted ellipsoids on the condyles of the segmented models (Fig.
5.40), in order to derive a joint kinematical model which constrained the adduction-abduction

rotation and distration-compression translation of the knee.

Extensibility In this thesis, we did not have access to a sufficient amount of training data of
soft organs such as the muscles. As a result, we could not build and experiment SSMs for soft
structures. Nevertheless, our overall methodology should remain valid in this context. We also
envision possible extensions of our kinematics-inspired initialization to other articulations. For
instance, the shoulder (approximated as a ball-and-socket joint) could directly benefit from this
concept, whereas the knee joint initialization could exploit a hinge-like motion constraint for
which the user should specify only two points for the axis direction. Eventually, additional prior
knowledge could be included in the statistical models such as the pose of structures [KLZH09]
or some pathological conditions [YOT*09] to improve the Generality aspect of the SSMs. In fact,

the proposed deformable models were robust against some abnormal cases such as knee surgery
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Figure 5.40: Use of segmented knee models to support neuromuscular simulation. Our segmented knee
model (left) is used to define geometrical constraints based on the fitting of ellipsoids to the condyles (right).
Images courtesy and used by permissions from [SSP*10].

exemplified in Fig. 5.41(a) and (b), but other large deviations from healthy subjects were more
difficult to tackle as shown in Fig. 5.41(c).

(b)

Figure 5.41: Examples of post-surgical and pathological segmentations. In (a) the subject underwent a knee
surgery resulting in bone loss as pointed by the white arrow. Our deformable model manages to correctly
segment the distal femur despite the presence of this abnormality as indicated by white mesh overlays in
(b). In the second example (c) the segmentation failed in accurately delineating an abnormal deformation
due to a benign osteochondrome (cartilage tumor) at the right distal femoral metaphysis (white arrow).
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Chapter 6. Conclusion

6.1 Discussion

The work presented in this thesis has addressed the important and challenging problem of
subject-specific musculoskeletal model reconstruction based on segmentation of MRI medical
images. Image segmentation is a core necessity of many medical computer-assisted technolo-
gies and often represents a major bottleneck in widespread use of computer-assisted solutions in
clinical practices. Musculoskeletal modeling is attracting a lot of interest due to the staggering

prevalence of musculoskeletal pathologies and related disorders in aging societies.

As a result, the research conducted in this thesis was stemmed from the increasing demand of
appropriate musculoskeletal modeling solutions and from the many technical challenges faced in
image segmentation. Indeed, an efficient segmentation approach is primarily characterized by its
accuracy and robustness. Automation is also essential to expedite tedious and time consuming
manual segmentations, but interactive control mechanisms remain necessary to monitor and

correct, if necessary, the segmentation evolution during its execution.

In this thesis, the diversity of MRI imaging protocols with varying image (image resolution, field
of view) and subject (posture, amplitude of movement) characteristics required the use of prior
knowledge to design efficient segmentation approaches. Prior knowledge, expressed as statisti-
cal priors or specialized strategies (e.g., coupled registration-segmentation), has shown to bring
robustness and sub-voxel accuracy. We paid special attention to the construction of these priors
by studying the issues related to shape correspondence and mixing of training shapes of different
types (i.e., complete, corrupted). Moreover, a step towards a fully automated method has been
made by investigating initialization with no or little user intervention, while the interactive con-
trol process has been studied under the perspectives of speed improvement (by the use of GPU)
and collaborative interactive segmentation (i.e. concurrent editing of a same image by multiple

users).

Nevertheless, additional work is needed for segmentation algorithms to be routinely employed in
clinical practice, whereby offering decision making support and improving the diagnostic as well
as the surgical efficiency. Similarly, more effort is required to produce subject-specific anatomical

models that will be seamlessly integrated in simulation studies.

6.2 Contributions and Benefits

The main contribution of this thesis is a complete methodology to train and employ knowledge-
based deformable models for the purposes of medical image analysis and subject-specific mod-
eling. Our work has demonstrated the efficient coupling of shape and appearance priors with
discrete deformable models. Contributions were made in all the key stages of statistical de-

formable models leading to the following benefits:

— Accuracy: with an average bone segmentation error of 1.21 mm, our approach has a great

potential for bone segmentation and its use for computer-aided applications.
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- Robustness: the good performance against heterogeneous acquisition protocols (different im-
age fields of view, image artifacts, unconventional subject postures, multiple non-registered
scans, etc.) underpinned the robustness of our deformable model-based segmentation.

— Speed and Automation: depending on the acquisition context, computation time varied be-
tween 3 to 11 min in average to segment hip joint structures, requiring no or very little operator
intervention.

— Interactivity and Control: by offering highly interactive segmentation solutions based on GPU
programming along with mechanisms for concurrent and collaborative editing, the segmenta-
tion process is more efficiently monitored.

- Generality: the proposed methodology for the construction of generic, statistical and subject-

specific models makes our approach quite versatile in terms of type of modeled structures.

Our segmentation methodology has been successfully exploited in different application scenarios
at MIRALab and by partners of the 3D Anatomical Human project [3DA10]:

Simulation of the hip joint [ACS"09, CSKC"09, CAVMT09, CMTB*10]: based on datasets of
the dancers and a control group of asymptomatic subjects, we segmented bone models with
our approach along with soft structures using [GMT10]. Subsequently, these models were
processed and used in simulations involving anatomy, kinematics and soft tissue deformations.
This work was part of a clinical study whose aim is to better understand and explain signs of
osteoarthritis observed in dancers’ hips.

Subject-specific neuromuscular and soft-tissue simulations [SSC*09, MSP*09]: based on our
musculoskeletal modeling, subject-specific models including segmented bones, ligaments and
muscles with corresponding attachments, were exploited in neuromuscular (lower limb) and
soft-tissue (muscle) simulations.

Interactive 3D medical visualization [ABG*09]: segmented models of a full lower limb were
interactively visualized by direct volume rendering on a novel holographic display. The ex-
amination of the segmented musculoskeletal structures, which presented a complex spatial
organization, was a good case study of medical visualization.

Anatomical atlases for teaching and training [CKM™*10]: an anatomical browser was built on
top of an ontology of the lower limb, composed of our segmented models, for teaching and

training purposes.

6.3 Limitations and Future Work

By focusing on very specific research directions, a thesis cannot always explore in full details the
rich variety of available techniques that may circumvent some of the limitations of the proposed
work. Similarly, the evaluation of the proposed methodology can always benefit from more

testing and application scenarios. Below is a list of future research to improve and pursue the

work initiated in this thesis.
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6.3.1 Prior Knowledge Expression

Prior knowledge proved to be very efficient in improving the robustness and regulating the
segmentation based on deformable models. However, we also demonstrated the negative impact
of poor priors on the segmentation. Hence, the construction and the nature of the priors could

be further improved.

— One of the main limitations of Principal Component analysis (PCA) is to assume the Gaussian-
ity and linearity of the observed variations. This assumption may be invalid in some situations,
hence the exploration of less restrictive approaches (e.g., kernel PCA, Independent Component
Analysis) should be considered.

— From a global viewpoint, the Generality of the statistical shape models (S5M) could be im-
proved by enlarging the training shape database whenever possible. Furthermore, training
shapes should span a larger variety of subject characteristics (gender, age, pathological condi-
tions).

— Regarding the Generality of SSMs built with soft musculoskeletal structures like muscles, ar-
tificial shape variations could be created based on soft tissue simulations that would generate
artificial yet realistic organ deformations.

- Alternative appearance features could be considered to improve the Specificity of the appear-
ance models. Region- and histogram-based features are of interest but special care should be
taken in preserving reasonable computational resources (e.g., memory issues).

- Robust PCA approaches could benefit from robust statistical estimators (e.g., M-estimators)
which simultaneously identify and weight non-reliable features. This would allow for instance
to account for vertices of training models that are within the image extents but that are not

perfectly on the structure boundaries (i.e. due to an incorrect local segmentation).

6.3.2 Deformable Model Initialization

The initialization being very critical in deformable model-based approaches, initialization ap-

proaches may be improved to yield a better subsequent segmentation.

— The image energies in the constrained global initialization could account for richer appearance
information, such as image regions (e.g., model interior), and be based on more sophisticated
metrics (e.g., mutual information).

— Atlas-based initialization has a great potential and should be further investigated. A more
careful selection of the atlas or the construction of a probabilistic atlas are promising research
directions. In future studies, a more thorough analysis of the non-rigid registration parameter
tuning (e.g., number of levels, grid size, fluid and viscous regularization, use of masks, etc.)
should be investigated.

- Image pre-processing techniques, such as thresholding or feature detection, could be exploited
to coarsely initialize the model. This would reduce the search space in the constrained global
initialization (GI) and improve the success rate of the registration-based approach.

— A multi-resolution image pyramid could be used in the GI to improve its robustness and
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possibly reduce the overall number of iterations.

— Similarly, parallelization techniques should significantly speed up the GI. In fact, we envision
two levels of parallelization: a first at the vertex level to compute the image energy (like it
is done in the GPU-based evolution) and a second at the individual level in the differential
evolution (DE). Furthermore, more sophisticated stopping criteria of the DE algorithm could

be exploited to reduce the number of generations.

6.3.3 Deformable Model Evolution

Despite the very good performance of the segmentation, there is still room for improvements
to reach the same levels of accuracy and robustness that of manual segmentations. Some lim-
itations are related to the quality of the priors but also to the fundamental mechanisms of the

segmentation evolution.

— Target positions of vertices in image-based forces could be globally optimized (e.g., via graph
cut techniques). This would increase the robustness of the evolution against local image arti-
facts.

— Similarly, adaptive weighting of forces could be done at the vertex level based on e.g. the
quality of the image features (i.e., if it is poor, we decrease and increase the weights of image
and internal forces, respectively).

- Alternative shape prior-free internal forces, more sophisticated than mere smoothing, should
be studied to cope with the cases where shape priors are too specific and cannot adapt to
configurations which were not present in the training database (e.g., pathological cases).

— All CPU-based segmentation techniques should be ultimately ported to GPU or parallelized
with multiple cores since significant speedups are expected. This would moreover improve
the interactivity of the segmentation and allow the use of more time consuming but more
sophisticated image-based strategies. In case of fully automatic approaches, fast techniques
would yield the effective processing of large subject databases, which include more and more
scans per subject (different acquisitions in time, various body areas imaged at multiple scales,

etc.).

6.3.4 Evaluation and Applications

In addition to technical improvements, the evaluation procedure should be enriched to identify
possible unknown limitations. Furthermore, a thoroughly validated framework in the clinical
environment would expedite its acceptance by physicians as well as its integration into medical
software. Hence, this would ultimately lead to our research being translated to real world ap-
plication by bringing direct benefits to the patients, which remains the core motivation of our

study.

- Segmentation methods should be evaluated with and adapted to a larger variety of clinical
images acquired with different modalities (CT, X-Rays, etc.) and image protocols. Pathological

(e.g., necrotic femoral heads, fractures) and surgical conditions (e.g., bone cutting) should be
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also included in the testing datasets. As previously mentioned, the characteristics of the sub-
jects should be also varied. This heterogeneous material will eventually improve the robustness
of the algorithms and ensure a better clinical integration.

— Multiple users should (semi-)manually segment the same datasets to account for inter-observer

variability. Moreover, this will minimize potential errors introduced in the training data.

Musculoskeletal models should be eventually extended to account for multiple anatomical (ge-
netics, cell, organ, etc.), physiological (e.g., muscle activity) and biomechanical (e.g., soft tissue
mechanics) scales in a consistent manner. This will strongly support the research on the virtual

physiological human in the following aspects:

- Aided-diagnosis: the automatic segmentation of musculoskeletal structures help in the local-
ization and identification of abnormalities (e.g., tumors, signs of arthritis, articulation impinge-
ments) and in the decision making process (proposition of possible treatment).

- Predictive medicine: simulations are run based on subject-specific models to assess e.g. the
outcomes of virtual treatments (e.g., gait analysis after prosthesis placement) or the evolution
of pathologies over time. This also supports the planning of surgeries.

— Assisted-surgery: based on pre-operative planning, virtual representations of the patient struc-
tures of interest are adapted intra-operatively (e.g., shape of soft organs is changed to account
for intra-patient discrepancies or physiological variations such as breathing) to provide guid-
ance during the surgery (e.g., augmented reality of structures in the endoscopic view).

— Data collection and mining: created models are gathered into common databases and deco-
rated with semantic information (anonymized clinical records, protocol and experiment set-
tings, etc). This centralized knowledge yields to data mining (e.g., statistical analysis) and

provides validated training and testing material to the medical and research communities.
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APPENDIX A

ACRONYMS, MATHEMATICAL NOTATIONS
AND TECHNICAL DETAILS

Al Acronyms

Acronyms used throughout the thesis and their definition:

AAM: Active Appearance Model

ASM: Active Shape Model

CPU: Central Processing Unit

GPU: Graphics Processing Unit

CT: Computed Tomography

CDF: Cumulative Distributive Function
DRR: Digitally Reconstructed Radiograph
EA: Evolutionary Algorithm

EM: Expectation-Maximization

EVD: Eigenvalue Decomposition

FAI: Femoroacetabular Impingement
FEM: Finite Element Model

FFD: Free Form Deformation

FOV: Field Of View

ICA: Independent Component Analysis
ICP: Iterative Closest Point

KDE: Kernel Density Estimation
kPCA: Kernel Principal Component Analysis
LOO: Leave-one-out

MAP: Maximum a posteriori

MI: Mutual Information

MSD: Musculoskeletal Disorder

MRI: Magnetic Resonance Imaging
NMI: Normalized Mutual Information
OA: Osteroarthritis

PCA: Principal Component Analysis

193



Appendix A. Acronyms, Mathematical Notations and Technical Details

PDF: Probability Density Function
PDM: Point Distribution Model
PPCA: Probabilistic Principal Component Analysis
RMS: Root Mean Square

RV: Random Variable

SVD: Singular Value Decomposition
SVM: Support Vector Machine
SAM: Statistical Appearance Model
SDF: Signed Distance Function
SDM: Statistical Deformation Model
SSM: Statistical Shape Model

TPS: Thin Plate Spline

A.2 Mathematical Notations

Vectors are in bold, e.g. x.

Matrices are in italics, e.g. X. A matrix X can be defined as a set of N column vectors x; as X =
{x1,...,xN}. Similarly, the element of a matrix M at the ith row and jth column is M;;.

A N x N diagonal matrix D whose diagonal elements are dy,...,dy is written as D = diag(dy,...,dy).
The identity matrix of dimension N x N is written as Idy.

The dot product between two vectors x and y is written as x e y or < x|y >.

A.3 Simplex Meshes

A.3.1 Definition

A k-simplex mesh of RY, k < d, is a k manifold which presents vertices that have the constant number of
k +1 distinct neighbors. A k-simplex mesh is generally composed of p-cells, 0 < p < k, which are defined
with a recursive rule [Del99]. In this thesis, we focus on 2-simplex meshes which can represent arbitrary
surfaces with any kind of topology. In that case, a 2-simplex mesh is hence composed of vertices (0-cell),
edges (1-cell) and faces (2-cell).

An orientation can be attributed to vertices based on an arbitrary order chosen for the sharing edges
(e.g., the right hand rule) as shown in Fig. A.1(a). Similarly, a face orientation can be defined based
on its vertices. A contour of a 2-simplex mesh M is a 1-simplex mesh whose vertices belong to M. A
contour is always a closed polygon. When a contour is exclusively composed of the vertices of a face,
it is denoted as a border and its orientation is the same as the face orientation. In general, contours do
not have a preferred orientation and it can be thus arbitrarily chosen. Each vertex of a contour can be
classified into two groups, whether the orientation of its two adjacent edges belonging to the contour
is compatible or not with the orientation of all three edges defined at this vertex as illustrated in Fig.
A1l(b).

Simplex meshes follow the Euler-Poincaré formula which is simplified for this type of mesh due to the
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Figure A.1: Examples of 2-simplex mesh orientations and contours. (a) Orientations of a vertex and a face are
depicted as filled black and dashed red curved arrows, respectively. (b) A contour is defined as a closed polygon
composed of some vertices of the mesh (red thick polygon). Given a chosen contour orientation, contour vertices
can be classified into two different groups (blue squares and green circles) based on consecutive edges orientation,
resulting into two new contours (green and blue filled polygons).

constant vertex arity. For a 2-simplex mesh, the formula is [Del94a]:

NI

2(1-¢)-H
3‘(/ 8) (A1)

F-
E 2
where V, E and F denote the number of vertices, edges and faces, respectively. The genus g corresponds

to the number of handles of the surface (e.g. 0 for a sphere and 1 for a torus), while H denotes the
number of holes and ends (e.g. a cylinder without caps at its extremities has a genus 0 and 2 ends).

For our work, we will only deal with complete 2-simplex meshes. A k-simplex mesh is complete if
[Del94al:

— it is oriented

- it respects specific adjacency rules between edges, vertices and faces

- two k-cells intersect along one (and only one) (k —1)-cell

For 2-simplex meshes, this implies in practice that two adjacent faces must solely share one unique edge.

A.3.2 Duality

An interesting property of 2-simplex meshes is their fopological duality with triangulations. This prop-
erty is generalizable for k-simplex meshes, which are the topological duals of “k-triangulations” [Del99].
It is important to understand that geometric duality of meshes is not ensured since geometric bijec-
tions between simplex meshes and triangulations do not exist. This implies that various tessellation
approaches are possible to convert a simplex mesh to a triangular mesh and that there might be some
geometric differences (e.g., curvature) between the two types of meshes. However, since triangulations
are more commonly used (e.g., for GPU rendering) it is very useful to be able to convert a triangulation
to a simplex mesh and vice versa.

A triangular mesh is easily converted to a 2-simplex mesh by joining the center of triangles which share a
same vertex to create a simplex face as depicted in Fig. A.2(a). This procedure becomes handy to convert
widely available triangular models, such as the Stanford bunny [TL94] (Fig. A.3), or models produced
by classic reconstruction approaches (e.g., Marching Cubes [LC87]). Conversely, a simplex mesh can be
converted to a triangular one by using the same process, i.e. connecting the center of simplex faces to
yield triangles. To better preserve the geometric quality of simplex meshes, an alternative tessellation to
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(b)

Figure A.2: Simplex/triangular mesh duality. (a) The classical approach convert vertices to faces and vice versa;
thick and dotted lines depict the triangular and simplex meshes, respectively. (b) An alternative 2-simplex mesh
triangular tessellation is obtained by joining the p vertices of a simplex face with its center to produce p triangles.
Dotted lines depict the simplex mesh, while the union of dotted and thick lines forms the edges of the triangulation.

triangles [Gil07] is reported in Fig. A.2(b), where the vertices of the simplex mesh are included in the
triangulation. In the following, we will adopt this triangular tessellation scheme every time a simplex
mesh needs to be converted to a triangular mesh.

(@) (b)

Figure A.3: An example of (a) triangular to (b) simplex mesh conversion. The famous Stanford bunny is easily
converted to a 2-simplex mesh.

A.3.3 Local Geometry

A local geometry can be defined to express in a unique manner the position of a vertex P with respect
to its neighboring vertices P;. Figure A.4 shows that P is computed from three parameters €7, €, and ¢
[Del94b]. Terms €; are the barycentric coefficients (also referred to as metric parameters in [Del94b]) of
the projection point P, on the triangle (P;P,P3). Therefore we have €7 + €y + €3 = 1. The simplex angle
¢ is a function of the distance |OC| and the circumscribed circle and sphere with respective radii r and
R.

Parameters €1, €2 and ¢, referred to as simplex parameters, are independent and invariant under similarity
transforms. B. Gilles [Gil07, GMT10] demonstrated that these parameters uniquely defined P from P;
only in the situation where the projection P, laid inside the circumscribed circle. Such a constraint is
problematic since mesh configurations need to be restricted in order to ensure the uniqueness of the
simplex parameters. As a result, Gilles instead proposed to directly compute and use the elevation
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¢ = angle between P1P
and the triangle (P3P, P)

P1P3AP1 P,

n=— ss-o55o7
||P1P3/\P1P2H

P(ey, e2,¢) = €1Py + P+ (1 — €1 —€)Ps + h(p)n

Figure A.4: Simplex mesh local geometry [Del94b]. A point P is uniquely defined with three independent and
similarity invariant parameters €1, €, and ¢.

h = |PP,|. The elevation replaces thus the simplex angle as the third simplex parameter, but since it
is not a similarity invariant quantity, the scaled elevation h, = hS'/* is preferred, where S indicates the
surface of the triangle (P;P,P;) and « is an invariance parameter. When « = 2, the simplex parameter
hy becomes similarity invariant but alternative values for « can be chosen to consider non linear local
scaling changes. In [Gil07], a value of « = 4 was found as satisfactory to be used with shape memory
forces that are presented in Sec. 5.3.3.2.

A.3.4 Local Descriptors

The constant vertex arity k + 1 of k-simplex meshes yields efficient computation of local descriptors. For
instance, the normal # at a point P can be easily approximated from the three neighbor positions P;, P,
and Ps as depicted in Fig. A.4. Another important local quantity that is easily computed is the curvature
at a vertex. Curvature computation has been intensively studied in the past, especially for triangular
meshes [PP93, DMSB99, SMS*03]. H. Delingette proposed a discrete curvature that approximated the
mean curvature K at P, the mean curvature being the average of the two principal curvatures [Del94b]:

K-S 1 (A2)
r R

This discrete curvature converges to the real mean curvature when the mesh density increases.
A.3.5 Mesh Transformation and Multi-resolution Scheme

A.3.5.1 Basic Operators

In [Del94a, Del99], H. Delingette described four basic independent operators to transform a k-simplex
mesh. The first two operators, T{‘ and Té‘, delete and insert p-cells (p < k). These operators are coined
Eulerian because they do not change the mesh topology (i.e. genus remains unchanged). Conversely,
operators T:],f and Tff can decompose the mesh into pieces or change its genus, and are thus referred to
as meta-operators.

This is illustrated for example in Fig. A.1(b) where from a contour defined on the mesh, two new
contours can be defined to split the mesh into two pieces. In this case, this corresponds to the T2
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operator. This operator is only valid with complete 2-simplex meshes [Del94a] which are used in this
thesis.

A.3.5.2 Multi-resolution Scheme

Various resolutions of a shape can be generated with a multi-resolution scheme. There is a wide variety
of multi-resolution schemes [RLB*02] that produce different lower resolutions of a mesh via simplifi-
cation techniques [RM09] such as vertex removal [CCMS97], edge collapse [Hop96], vertex clustering
[LT97] and vertex-pair collapse [GH97]. In the case of simplex meshes, the multi-resolution scheme has
to preserve the vertex connectivity. H. Delingette [Del94b] proposed a scheme illustrated in Fig. A.5(a)
which triples the number of points at each resolution increase. However, as reported in [Gil07], low
resolution vertices are not conserved in the higher resolutions with this scheme. As a result some shape
features might be lost, especially when faces are not planar or strong curvatures are formed between ad-
jacent faces. The author proposed thus an alternative scheme, depicted in Fig. A.5(b), which preserves
the vertices of the lower resolutions.

(b)

Figure A.5: Simplex mesh multi-resolution schemes. A 2-simplex mesh at resolution k (x vertices and thick edges)
yields a new 2-simplex mesh at resolution k + 1 (e vertices and dotted edges). (a) Classic multi-resolution scheme
[Del94b]. (b) Conservative multi-resolution scheme [Gil07].

Given a mesh X¥ at resolution k with N¥ vertices x;-‘, we have: x}‘” = x}‘, Vje [1,Nk}. This scheme is
hence capable of a better preservation of the features through resolution increase as vertices from lower
resolution are retained, but at the expense of a higher memory footprint (number of points is multiplied

by 4 between consecutive resolutions, i.e. Ni,1 = 4Ng).

A.4 Shape Correspondence by Landmark Sliding

In Chapter 4, we use a correspondence method based on landmark sliding. In this Section, a more de-
tailed description is provided. The following notations are taken from the work of Dalal et al. [DMW*07]
which describes the correspondence method based on landmark sliding.

In such approach, an arbitrary shape with landmarks Uy = {u;}, i € [1,n] is chosen as the template
shape. For each remaining target shape with landmarks V; = {v;}, i € [1, 1], the correspondence method
consists in sliding the landmarks v; over its surface by sliding distances computed by the minimization of
a shape-correspondence error ®(Uy, V). After each landmark sliding, the target landmark v; is moved
to v; +a;p; + Biqi, where a; and B; are the sliding distances along two unit-length tangent vectors p; and
q; at v;, respectively. These local tangent directions p; and g; are computed by a local eignenanalysis
computed by PCA. Given n target landmarks v;, the correspondence by landmarks sliding consists to
find hence the values of « and S such that the function ® is minimized:
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(UL, Vi e, B) = Z*e{x,y,z} (vs + Pea + Qi B) " L(vs + Poa + Q. B)

(A.3)
TASE L o+ aips + Bigi — uil)?
where
« = (ag,...,00)7
_ T
ﬁ - (El/"'/ﬁn) (A4)
P, = diag(p1s,---, Pnx)
Q. = diag(q1e,---,qnx), *€{x,y,2}
with the constraints
|0‘i| < ' (A5)
Bil < €i=1,...,n

These constraints prevent the landmarks from sliding too far at each step. This shape correspondence
error uses the symmetric matrix L which expresses the required thin-plate bending energy [Boo89] to
deform the template into the target shape surface.

The values of a; and B; can be globally computed with an efficient quadratic programming (QP) that ac-
counts for constraints. In fact the minimization problem is a convex QP problem with bound constraints.
Such a problem has for general form [GWO03]:

1
x = argmin ExT Qx+c'x (A.6)
X

subject to
xp>1l, iel, x;<t,ield, (A7)

where Q is a m x m symmetric positive semi-definite matrix, c is a vector of dimension m, £ and U are
subsets of {1,...,m}.

With some algebraic rewriting, it can be shown that our landmarks-sliding problem is equivalent to a
QP problem with bound constraints where:

x=(a7IB1) (A8)

m=2n,l;=-¢, tj=€, L=U=[1,2n] (A9)

Q=2 Y H. (A.10)
*e{x,y,z}

( PI(L+AIdy)P. | PI(L+AId,)Q. (A1)
"\ QUL +AIdy)P. | QL(L+Ald,)Q. '
i Zvelry2) P, (L+Aldy)vs — AP, u, (A12)

Ziefryz) Qu(L+Aldy)v. — AQ.us

To solve this QP problem for each pair of target and template models, we used the OOQP library of
Gertz and Wright [GWO03].
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A.5 Internal Forces based on MRF Formulation
In Sec. 5.3.3.4, we described how to translate the MRF shape priors into forces. The aim of these forces
is to minimize the local energy E; at vertex y;:

Ei=Eq;i(yi,dy,) + BEm,i(Vi,Yn(i))

As previously discussed, only forces and force derivatives of the model energy E,, ; have an analytic
formulation, which is detailed here. E,, ; is expressed as:

M1 1
Epi = (2 » ||5i_5]«||2+2|5i|2) (A.13)
iz \"I” jeN (i) o

where é; = y; — x;. The total model force f,, ; for a particle y; is the contribution of local forces:

= - 2omi J_op o S F (A.14)
" Wi vy Wi N
where:

) 2 2
Fui=—| 2 (6i=8)|- 0 (A-15)

1= | jeN (i) o

. . i 2

Vjie N (i), F;ﬂ,j = ?(51—5]) (A.16)

These expansions derive from the rule 0 |x - qu [ox = 2(x —u)d(x —u)/ox. Similarly, force derivatives
expressed as 3 x 3 matrices can be computed from the following quantities:

~(S+F)lds if i=j=k

,]2
OF! 21d if i=jandkeN(i
T o imjand ke N (A17)
Vg ?Idg, if jeN(i)andk=1i

—n%ldg, if jeN(i)andkeN(i)
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APPENDIX B

TECHNICAL BACKGROUND ON STATISTICS
AND PROBABILITY THEORY

B.1 Introduction

The use of knowledge into medical image analysis techniques essentially relies on fundamental prin-
ciples of statistics and probability theory. As a result, a technical background on statistics and the
probability theory is given in this appendix.

B.2 Probability Theory

Probability theory deals with the study and understanding of random, or chancy, phenomena. It is
also the logical development of the behavior of some mathematical entities, called random variables, that
will be presented in Sec. B.3. It is an ubiquitous theory widely spread in scientific areas such as data
mining, information theory, signal and image processing, quantum mechanics, machine learning and

economics.

An event E is composed of outcomes, which are the results of random experiments. These random events
will exhibit in the “long run” some certain statistical patterns which can be predicted. Initially, these
events were mainly discrete and were studied with combinatorial methods. Then continuous aspects of
the events were taken in account in the modern probability theory, whose most of the foundations were
laid by Andrey Nikolaevich Kolmogorov. He especially presented his notion of sample space () which
denotes the set of all possible outcomes.

B.2.1 Probability

An event E is a set of outcomes and thus a subset of the sample space (E c (3). To each event a probability
function P(.) can be associated, which satisfies the following probability (Kolmogorov) axioms:

VEcQ, 0<=P(E)<=1 (B.1)
P(Q) =1 (B.2)
VE,F, EnF =g, P(EUF) = P(E) + P(F) (B.3)
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Appendix B. Technical Background on Statistics and Probability Theory

Intuitively, a probability represents the “chances” that an event has to occur when the random experi-
ment is performed. Two kinds of interpretation prevail: frequentist and Bayesian. In the first one, the
probability is seen as as the long-run expected frequency of occurrence. It differs from the Bayesian (or
subjective) interpretation in which the probability is related to degree of belief. This last interpretation
is particularly legitimate when you consider experiments that cannot be repeated, a thing problematic
for the frequentist approach.

B.2.2 Conditional Probability

The conditional probability P(E|F) expresses “the probability of E if F is known to occur”. The following
equation illustrates the conditional probability:

P(EnF)

P(EIF) =~

(B.4)

If {E;, ..., E;} denotes a family of events such that

1. the events are mutually exclusive (E; nE; = ) and
2. their union is the sample space Q) (Ui, E; = Q),

we got the fotal probability formula:

VFeQ, P(F) = i P(F|E:)P(E)) (B.5)
i=1

B.2.3 Bayes’ Rule
By using the previous conditional probability equation B.4, the Bayes’ rule can be expressed:

P(EnF) P(FNE) P(F|E)P(E)

P(EIF) = P(F) ~ P(F)  P(F)

(B.6)

where P(E) is called the prior probability of E, P(F|E) denotes the likelihood of F given E, and P(E|F)
is the posterior probability. Sometimes P(F) is designated as the evidence and in some cases it is more
easily computed with the total probability formula B.5. The Bayes’ rule is at the origin of Bayesian
inference which may convert a difficult problem (i.e. estimation of the posterior probability) to an easier
one. Many segmentation approaches expresses the problem based on Bayesian rules and inference. The
notion of inference is illustrated in Sec. B.4.

B.3 Random Variable

Most of the time, things we want to study can be described by numbers and the classic set theory
applied to outcomes is not anymore the most appropriate. The notion of random variable (RV) is hence
introduced to mimic outcomes that are the result of “chance”.

B.3.1 Definition

A random variable X is a measurable function from the sample space () to another measurable space
S called the state space: X : Q) - S. If Q) is uncountable, events must be chosen into a suitable space
F (a o-algebra) in order to be able to produce a probability for their outcomes. For instance, the Borel
algebra of () is a common choice. The probability function P is thus a function from F to [0,1] and
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B.3 Random Variable

the combination (Q, F, P) is denoted as a probability space. In many practical cases, S = R and X is a
real-valued RV if {w e QO : X(w) <x} e F, VxeR.

In this manuscript, the probability of {w € O : X(w) < x} is written as P(X < x) where uppercase letters
denote RV (e.g. X) whereas lowercase letters represent the values assigned by the RV (e.g. x). If Sis a
part of the real line R, the RV X is termed as a continuous RV whereas if () maps into the integers, we
speak about a discrete RV.

B.3.2 Probability Density Function

P(X < x) can be interpreted as a function of x, the cumulative distributive function (or CDF) ®x, which
satisfies the following properties:

1) 0<Py(x) <1 (B.7)

2) lim dx(x)=0and lir+n Dx(x)=1 (B.8)
X——00 X—+o00

3) Ox(x+h)>dx(x)forh>0 (Px is non-decreasing) (B.9)

4) hliréh Ox(x+h)=Dx(x) (P is right continuous) (B.10)

When the CDF can be derived with respect to x, the probability density function ¢px for a RV X can be

defined:
dd(x)

fx(x) = = (B.11)

Probability density functions (PDF) must satisfy:
1) ¢x(x) >0 for all x (B.12)
2) ¢x(x)dx =1, where Suppy = {x € R, ¢x(x) > 0} (support of ¢x) (B.13)

Suppx

Another notation for stating that X is distributed with a PDF ¢ is: X ~ ¢. It is also possible to define
a sort of probability distribution f for discrete RV X by using the set {p;} = {P(X = x;),i =1,2,...}, the
PDF being defined through Dirac functions:

fx(x) =Y pid(x i) (B.14)

Such function is called probability mass function (PMF) to make a clear distinction with respect to classical
continuous RV PDFs. However sometimes it is more convenient to use an unified notation, so in in this
manuscript PDF and PMF may be written as Px(x). Note that for a continuous RV X, P(X = x) is null
for all x. Probability distribution and probability density function will be considered as synonymous
notions in this thesis.

Table B.1 illustrates some of the main discrete and continuous distributions. For example, let us consider
X ~ B(n,p). The second column tell us that the distribution of the Binomial law is: P(X = k) =
C,lek(l - p)"k, ke{0,...,n}. This law can be also thought as the sum of 1 independent RVs X; ~ B(1, p)
(X; is also said to follow a Bernoulli’s law). One of the major continuous distribution is the Normal
distribution N (p, o) (also named Gaussian distribution). Its PDF is:

1 _Gw?
¢ 2t (B.15)

N(x;u, o) =

oV 2T
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Many physiological and physical phenomena can be approximated by this distribution. Moreover the
Central Limit Theorem states that the sum of independent RVs X; defined on the same probability space
and sharing the same distribution can be approximated by a Normal distribution. More precisely,
the RV S, = Xj +...+ X;; will converge toward a Normal distribution when n approaches +co. The
Normal distribution is thus often used as an approximation of some phenomena due to its simplicity
and numerous nice properties.

Law Type Density Expectation Variance
Parameter(s) or Probabilities
Binomial B(#, p) discrete crpf(-p)n* np np(l-p)
nelN*,pel0,1] ke{0,..,n}
Negative Binomial discrete crlp"(1-p)k % nlp_—zp
nelN*,pel0,1] ke{nn+1,..}
Poisson P(A) discrete ek /k! A A
AeR” kelN
Geometric G(p) discrete p(1- p)k’1 % 11;_2’?
pelo 1] keN*
Uniform U(a, b) continuous (blu) ]l]a,b[(x) % (bI§)2
aeR,beR,a<b xeR
Normal NV (p, o) continuous 1_,- (X;é)z U o?
oV27
peR,ce R xeR
Exponential £(A) continuous Ae MR+ (%) % %
Ae R xeR

Table B.1: Classic probability distributions

B.3.3 Expectation and Variance

Sometimes it can be interesting to summarize certain attributes that describe some behaviors of the PDF.
It must be stressed that these attributes are not RV although they result from operations applied on the
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distributions. A classical attribute is the expectation or mean E[X] of a RV X:
E[X] = fs xpx(x)dx (continuous formulation) (B.16)
uppx

E[X] = Z Xipi (discrete formulation) (B.17)
1

The expectation can be seen as the center of gravity or the central value of a distribution. The spread or
variability of a distribution can be expressed by the variance Var(X):

Var(X) = fs (x - E[X])*¢px (x)dx (continuous formulation) (B.18)
uppx

Var(X) = Z(xi - E[X])zpi (discrete formulation) (B.19)

Var(X) = E[(X - E[X])?] (general formulation) (B.20)

Var(X) = E[X?] - E[X]? (Huygens formula) (B.21)

\/Var is referred to as the standard deviation. Additional characteristics of a probability distribution are
given by higher-order moments of the density function such as the skewness which measures the asym-
metry of a distribution. Table B.1 reports the variance and expectation of some classical distributions.
All listed distributions in Table B.1, expect the Uniform I/ distribution, belong to the exponential dis-
tributions family and are fully described by their expectation and variance statistics. More generally,
distributions of the exponential family are fully explained by a finite number of sufficient statistics.

B.3.4 Independence and Correlation

Two RVs X and Y are not correlated if and only if E[XY] - E[X]E[Y] = 0. The correlation expresses in
some ways the strength and direction of a linear relationship between two RVs. Independence can be
expressed in terms of conditional probabilities or expectation. X and Y are independent if and only if:

E[g1(X)g2(Y)] - E[g1(X)][g2(Y)] = 0 for any measurable functions g1, g» or, (B.22)
P(X|Y) =P(X) (B.23)

Independence implies thus much more restrictive conditions to be satisfied compared to uncorrelation.
That is why in many real and practical cases, independence is hardly satisfied. However the inde-
pendence consequences and properties make it an extremely appealing condition because it can really
simplify problems which would have been not tractable without independence assumption. As a con-
sequence, independence is assumed to be verified in some problems although it is not the case. This
may lead to incorrect results but it may in some cases not have drastic consequences. Some important
properties of independence and correlation are as follows:

X,Y independent = X, Ynot correlated (from eq. B.22), (B.24)
X, Y independent < P(X,Y) = P(X)P(Y), (B.25)
“X,Y independent < X, Y not correlated” < X,Y ~ N/ (B.26)
Xi,..., Xy independent = Var(Xy +...+ Xy) = Var(Xy) +...+ Var(Xy) (B.27)
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The second property B.25 can be reformulated for continuous RVs by using their PDFs: X and Y are
independent if their joint PDF is the product of the marginal PDFs:

Px,y (%, y) = px (x)py (y) (B.28)

B.4 Statistical Inference

In real cases, only the observations of a physical process are available rather than the underlying RVs.
This means that the collection and analysis of data will be used to estimate the form of the probability
distributions of RVs as well as the parameters that model the process. Statistics come into play and the
estimation procedure is denoted as statistical inference.

In Statistics, the observed data is a sample of the population that represents the elements about which
we want to infer. It is then a subset of the population data, the difficulty consists thus in learning
about the population from a sample. The observed data result from a physical process which can be
modeled by a RV X. A random sample {Xj,..., X, } is composed of n mutually independent RVs X;
that are identically distributed (i.e. Vi€ [1,n],X ~ X; ~ £). The independent observations {x1,...,x,}
are values assigned by these RVs X;. The purpose of the inference is to learn something about X by
analyzing the observed data.

B.4.1 Estimators

Let us suppose the RV X = {X;, ..., X;;} has a PDF ¢x(.; ), where 0 is a parameters vector characterizing
the distribution £. An estimator 0, = é(Xl, ..., Xy) is a RV that will estimate 0. The fact that the form
of the distribution law of X is known must be stressed because an estimator will try to estimate the
parameters not how X is distributed. By definition, f is an estimator converging toward 6 if and only if
0 converges in distribution toward 6:

lim 0(Xy,..., Xy ) = 0 for any series of independent RVs X; identically distributed (B.29)
n—oo

This kind of convergence is also referred to as convergence in law or weak convergence. It is a mode of
convergence implied by all other kind of RV convergences.

B.4.1.1 Consistency

A more restrictive mode of convergence is the convergence in probability: 9, converges in probability to
g if for every € > 0,
Jlim P(|6,-6)>€)=0 (B.30)

If an estimator converges in probability toward the parameter 6 to estimate, the estimator is said to
be consistent. Consistency can be interpreted as the need to have progressively better estimates of the
sought parameter with growing sample sizes.

B.4.1.2 Unbiasness
A highly desirable property for an estimator is to be unbiased:
vn, b(,) =E[0,]-0=0 (B.31)
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which means that the expected value of the estimator must be equal to the true value of the parameter.
b is called the bias of the estimator. Biasness is not necessarily a disadvantage, biased estimators may
have desirable properties. For instance the variance Var(f,) of a biased estimator can converge faster to
0 that the variance of an unbiased estimator of the same parameter. As a consequence, if we consider
the Bienaymeé-Tchebicheff inequality

R 1
P(18s 6] 2 €) < 5 Var(X) (B.32)

and the fact that the variances of the biased and unbiased estimator converge to 0: (i) the consistency
property is verified but most importantly (ii) the biased estimator tends to be “consistent in a faster
way” than the unbiased one. This can be interesting in real applications where reaching large values of
n is almost impossible, the biased estimator can prove hence to be a more useful and powerful statistic.

B.4.1.3 Examples

Traditional estimators are presented in this paragraph. Let us consider first the following estimator:

Xy =

S| =

i X; (B.33)
i=1

The weak law of large numbers states that for every € > 0,
nlim P(| Xy, -ul>€)=0 (B.34)

where y = E[X;] = E[X], Vi. That is the estimator X,, converges in probability toward the expectation of
— n n

RV X, so it is consistent. Moreover it is easy to show that E[X,] = % > E[X;] = % > E[X] = E[X], this
i=1 i=1

estimator is hence additionally unbiased. Let us consider now the following estimator:
2 _1¢ 2
Su= o 2 (Xi—p) (B.35)
i=1
It is a consistent estimator of the variance Var[X] but is a biased because E[S2] = Var[X] - E[(E[X] -

1)?*] = ”T_lVar[X] < Var[X]. An unbiased estimator of the variance is thus

2 1 < 2
§h= (- n) (B.36)
i=1

As discussed in the previously, the biased version of the variance estimator is not always a bad choice
because its lower variance can yield greater statistical power. Note that if y is replaced by the true
expectation E[X] in Eq. (B.35), the estimator S2 is not biased.

B.4.2 Maximum a posteriori (MAP)

The MAP estimation relies on a simple but powerful principle: given the observation sample x =
{x1,..., x4}, the best parameters vector 6 is the one which maximizes the probability of having 0 given
the observation sample x. This kind of estimation is possible when we have access to (or suppose to
know) the form of the law of the RV X which dictates the behavior of the observation RVs X;. The MAP
estimation looks for an estimate 6, such as

0, = argmax P(6|x) (B.37)
0

207



Appendix B. Technical Background on Statistics and Probability Theory

It may happen that such a posterior probability may be hard to compute, the Bayes’ rule B.6 may be
then preferred for the MAP formulation:

P(x]6)P(6)

0, = argmax P(6|x) = argmax
" % P(x)

= argmax P(x|0)P(0) (B.38)
0

the last equality results from the fact that x is supposed to be independent of §. We will see later that

it is a formulation commonly used for problems such as recognition (e.g. [JDM00]) and segmentation

(e.g. [PFG*06, Cua03, LGF00]).

B.4.3 Maximum Likelihood (ML)

R.A. Fisher introduced and developed the concept of ML estimation in the 1920s. The basic idea is
that the ML estimation will select a parameters estimate that makes the data more likely to occur. The
likelihood function for the parameter 6 is defined as:

L(0|x) = P(xq,...,x4]60) (B.39)
=¢x(x1,...,%n]0) (continuous) (B.40)
=P(X1=x1,...,Xn =x4]0) (discrete) (B.41)

The maximum likelihood estimator (MLE) of 6 finds an estimate 8, by maximizing the likelihood function:

0, = argmax L(6) (B.42)
0

The ML estimation can be also thought as a special case of the MAP estimation where the prior P(0) is
omitted by considering that it follows a uniform law. When the RVs X;, from which the x; are drawn,
are independent the MLE is rewritten as a product of marginals PDFs or PMFs:

n
0, = argmax [] P, (xi[0) (B.43)
0 =1
In general, the MLE may not be unique or may not even exist. In case of independence of the RVs X;

the estimator is asymptotically unbiased, i.e. its bias tends to zero when n — +oo.

B.4.4 Expectation Maximization (EM) Method

The Expectation-Maximization algorithm was introduced by Dempster et al. [DLR77]. The MLE being
is some cases intractable, the EM-algorithm proposes a way to compute the MLE based on an iterative
procedure. Remember that the objective here is to find § which maximizes L(#) (Eq. (B.42)) or, for
convenience, the log likelihood function L'(6) = InP(x|f). The idea of EM is to introduce an hidden
observation z with RV Z that will make the maximization of the likelihood function L() much simpler.
Consider the following function /(6|6 ):

P(x|z,0)P(z|0)
P(x|z,0,)P(x|6,)

1(016,) = L'(0) + > P(z|x, 0,)In( ) (B.44)

It can be proven [Bor04] that [(0]6,,) is bounded above by the log likelihood function L’(6) and that for
6 = 0,, functions [(6|6,) and L' () are equal. The EM algorithm iteratively updates 6, so that [(6,]6,-1)
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increases and so does L'(6,). Formally:

0,1 = argmax!(6]6,)
0
= argmax Y, P(z|x,0,)InP(x,z|0) (B.45)
0

= argmax Ezy g [InP(x,20)]
0

where Ez|, g, [InP(x,z|0)] is the conditional expectation. EM steps are thus:

— E-step: compute Ey|, g, [InP(x,z|0)]

— M-step: maximize it with respect to 6

While this seems to complicate the problem, the EM algorithm becomes very handy when observations x
are distributed according to an exponential family. For instance, in case where x is distributed according
a multivariate Gaussian distribution, closed forms exist to compute at each iteration step the new value
of 0,,.

B.4.5 Minimum Description Length (MDL)

Introduced by Jorma Rissanen in 1978, the MDL principle is a powerful concept that can be sometimes
considered as a form of statistical inference. According to Griinwald [Grii04], statistical inference can be
seen as finding regularity in the observed data. Indeed, if we are able to compress the data, i.e. describe
it with fewer symbols than those used in a literal description of the data, we are in a way learning about
it.

In the MDL principle, a trade-off between the goodness-of-fit and the model complexity is sought.
The MDL criterion tries to satisfies the Occam’s Razor concept in automatically choosing a model M that
expresses as close as possible the data D with the lowest complexity (“simplest” model formulation with
as less as possible parameters). The MDL principle stems from an idea of data transmission: the goal is
to transmit the shortest message embedding the data model description and the parameters associated
with it. Let us consider for example the Fig. B.1 where three different polynomials are considered to
express the relationship (the model) between the x-coordinate and y-coordinate of a series of 100 points.
These polynomials belong to a family of models. The first one (Fig. B.1(a)) is a simple line, it is assumed
that the relationship is linear. The result is a very poor approximation. The second polynomial of degree
40 (Fig. B.1(b)) performs a good approximation with a sum squares error (SSE) value of 0.168. Although
this model description approximates accurately the observed data, it may approximate very poorly new
data generated by the real underlying model. In fact, some point positions may have been corrupted by
noise. This model is too complex and tends to be overfitted, it performs well for the training data but
have great chances to become error-prone with new data. On the contrary, the last polynomial of degree
4 (Fig. B.1(c)) offers a less good fitting (SEE=0.26) but it intuitively appears as a more adequate model
to describe the data. The MDL procedure will specifically attempt to find such model by balancing
complexity and goodness-of-fit.

From a more formal viewpoint, a language L is used to describe properties of the data. This language
must be a general-purpose language with which a program can be devised to output the data and to
halt. The shorter is the program, the better is the compression and more we learn from the data. The
MDL strategy consists then in finding such shortest program. But this is an uncomputable problem: a
general procedure that given an arbitrary sequence of data finds the shortest program and stops does
not exist.

A Two-stage MDL approach is then used in practice: let us consider the languages £,,(M) and L.(D|M)
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Figure B.1: MDL principle illustration: (a) simple, (b) complex and (c) trade-off polynomials (dashed curves) to
approximate observed data (crosses).

that describe the model M and the data D given the model M respectively. Let us consider the operator
|| as the length in bits of a description. This MDL strategy will then choose a model M* such as
[Grii04, Lec89]:
M* = argmin |L(DIM)] + |L(M)] (B.46)
M

We can consider that the term |£.(D|M)| refers to a notion of coverage (i.e. “fit at best the data”) whereas
the term |£,,(M)| to a notion of conciseness (i.e. “use a simple model”). An interesting point is that MDL
can be equivalent to a MAP formulation when we have some prior probabilities on the model and the
data. Indeed, Rissanen [Ris83] showed that optimal descriptive languages £, and L exist and that they
satisfy the following properties [Lec89, HY01]:

[£in(M)] = -log, P(M) (B.47)
L2 (D|IM)| = ~log,P(DIM) (B.48)

So the MDL strategy consists in finding the model M that minimizes the quantity -log, P(M) -log, P(D|M),
which is thus equivalent to a MAP estimation. Albeit both estimation strategies are equivalent, the prac-
tical choice of a strategy depends from the context. Sometimes a descriptive language can be more easily
computed than some prior probabilities or vice-versa. Furthermore, it may happen that prior probabil-
ities are better suited to describe the coverage while a description length expresses more naturally the
conciseness (e.g. [Lec89]), resulting in a mix of both strategies.

To conclude, MDL strategy can be used for parametric estimation in which a model is selected among
a family of models and its parameters are computed. Concretely speaking, the two-stage strategy is
adopted [HYO1]:

— Select a model, compute its parameters with an estimator §, and the description length |}, (6,)|

— Express the data given the selected model and compute its description length |£ (D|6,)]

- Find the model which minimizes the quantity |C;, | + ||
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B.5 Nonparametric Estimation

In the previous section, the statistical inference dealt mostly with parametric estimation. Indeed, we saw
how estimators could be used to find parameters associated with a given distribution model. It was
assumed that the model was known. Different strategies were thus presented to infer the parameters
from the data and the known model.

In many real cases however, the distribution law that governs a process is not accessible, parameters
inference is no longer possible. This section will hence present some nonparametric estimation techniques
that try to cope with this absence of information. Basically, different kinds of approaches exist: (i) those
which try to build a distribution model from the data and estimate the model parameters, and (ii) those
that will directly estimate a PDF or a PMF from the data.

B.5.1 Histogram Approach

The histogram approach is one of the simplest method which derives essentially from the frequentist
approach of probability (Sec. B.2.1). Let us assume that the data belongs to a N-dimensional space
and that it is restricted to a finite support D. This support is partitioned into a fixed grid of m non
overlapping bins By (an uniform distribution is not mandatory). Let vy denotes the volume of each bin
By (the volume is the product of the N side lengths of a bin). Let consider our usual observation sample
{x1,...,x,} and a function Ip, such as:

1, if x falls into bin B
Ip, (x) = { k (B.49)

0, otherwise

n
Letting 1. = ¥ Ip, (x;) be the number of sample values falling into By, we can estimate the N-dimensional
i=1
PDF of X as:
m
Py(x) =3 %ng(x), Vx € D (0 otherwise) (B.50)
k=1 """k

The quality of the histogram estimation depends on the number of bins (or on the bin volume, since
both quantities are related) and the data sample size n. Usually, more the number of bins is high,
more the estimation becomes accurate. This however remains valid in cases where the sample has an
“acceptable” size. An infinite number of bins will change nothing if the sample size is too small. This
constraint is even more inevitable in high dimensions, i.e. when N becomes significantly large. This
phenomenon is called the Curse of the Dimensionality and it will be studied more in details in the next
Sec. B.5.3.

B.5.2 Kernel Density Estimation (KDE)

Kernel density estimation provides a way to estimate by interpolation techniques an unknown PDF
from observed samples x1, ..., x,. In KDE, a kernel function is generated around each sample x; and an
estimate P, of the PDF is found by summing up and normalizing the kernel contributions:

P =2 leK(x») (B.51)

where K is the kernel function in the d-dimensional space and C is a normalization constant so that the
integral of P, over R¥ is equal to 1.
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B.5.2.1 Parzen Windowing

The most common KDE approach is the Parzen windowing [Par62]. In this approach, the kernel is a
Gaussian function, i.e. K(x) = N(x;x;, %), where ¥ denotes the covariance matrix. It is assumed that
this covariance matrix is the same for all samples. Moreover, it is common to assume that X = ¢?T which
implies that the standard deviation ¢ is the same along each dimension. The standard deviation is also
called the bandwidth. It can be proved that when n - oo, P, converges to the true PDF [Par62]. With
a finite number of samples, the bandwidth has to be carefully selected otherwise the PDF estimate will
differ too much from the real PDF. Various approaches are possible, the most popular method is to use
an ML estimator coupled with cross validation to regularize the PDF estimate (otherwise a naive ML
would return o = 0)[Awa06].

B.5.2.2 Other approaches

In [PV03], three approaches were studied: the Parzen windowing, the k—-NN KDE and the k—neighbor
Parzen (k—-NP) method which combines both approaches. k-NN KDE considers different ¥; for each
sample x; in order to better express local distributions and uses the k-1 closest neighbors to x; to
estimate the covariance matrix. One of the main issues with KDE is their high computational bur-
den, especially in high dimension [GM03]. As a result, various approaches were proposed to reduce
the complexity while preserving at best the accuracy. Gurwicz and Lerner [GL05] proposed a spline-
approximated KDE which consisted in smoothing the density by splines. Splines being manipulated
with fewer coefficients, a significant reduction of the amount of data to be estimated was achieved,
improving thus the KDE speed. Gray and Moore [GM03] presented various optimization strategies, es-
pecially based on space-partioning trees. They proposed in particular their Dual-Tree method which was
later on compared in [RDGO07] with an improved version of the fast Gauss transform. The fast Gauss
transform (FGT) [GS91] is an approximation of the sum of N Gaussians at M d-dimensional points,
which already achieves an important speed-up by reducing the complexity from O(NM) to O(N + M).
The improved version of Raykar et al. [RDG07] proposed to extend the FGT by adopting a clustering of
the samples based on the k-means algorithm. The idea is that when the PDF is estimated at x, instead of
using all samples it appears as more appropriate to only use the samples present in the same cluster of
x, thus reducing the number of computations. In the same philosophy, Zhang et al. [ZTK05] improved
the mean shift algorithm by only considering neighbor information in order to devise a fast KDE ap-
proach. Eventually, effort can be also put into using adapted hardware and parallelization techniques
as illustrated by Ohmer et al. [OMB05] who implemented KDE methods on the GPU.

B.5.3 Curse of the Dimensionality

To understand the curse of dimensionality [Bel57], consider the histogram approach presented in Sec.
B.5.1. In this approach, the number of bins increases exponentially with the dimensionality. In prac-
tice, this means that the number of samples should be sufficiently large with respect to the features
dimension. Otherwise, the histogram kernel density estimation quality degrades. In case of density
estimation, this phenomenon is also called empty space phenomenon [PP97], which in case of histograms
translates as an empty bin problem. In the domain of classifier, Jain et al. [[DM00] discussed in particular
the effects of the curse of dimensionality which leads to the peaking phenomenon in classifiers design.

Hopefully, some cases exist where statistical inference is not totally cursed by the absence of a large
quantity of data. In fact, various works observed that in some situations features of interest of high
dimension actually lie on low-dimensional manifolds, and as a consequence any knowledge on this sub-
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space might compensate for the lack of large training dataset [Awa06]. For instance, Bengio and Vincent
[BV04] improve the Parzen windowing KDE by devising an algorithm able to capture the local struc-
ture of the underlying manifold. Popat and Picard [PP97] proposed the use of clustering approaches to
address the problem of the curse of dimensionality.

B.6 Markov Random Fields

B.6.1 Definition

A random field is a family of RVs X = {X;};c7 where each RV X; is defined on a sample space ()
[Awa06]. We can associate a neighborhoods family N = {\; };c7 with the index set 7 such that [Awa06]:

NeeT
t¢ N (B.52)
(heNy) = (teNy)

N; denotes the indices of the neighborhood of index t. We can now define a Markov Random Field
(MRF) X(Q,N) as:

P(x¢) >0, ¥t > P(x1,...,x117) >0 (positivity) (B.53)
Vt, P(Xel{ Xutuegm\(eyy) = P(Xel{xt Henr,) (Markovianity) (B.54)

The Markovianity property implies that given the neighborhood N; of an RV X;, the remaining RVs
do not provide additional information about this RV. This property allows many inference problems
to become tractable as the very high complexity of computing P(X¢[{Xu},ef\(1}}) is reduced to a
subset of RVs defined in the neighborhood. Based on the Bayes’ rule (B.6), this moreover simplifies the
computation of P(X, ..., X1).

B.6.2 Gibbs Distribution

Despite the Markovianity property reduces the complexity of inference, the computation of P(x) can
remain very difficult. Besag [Bes74] presented thus the link between MRF and Gibbs random field
(GREF). Before defining a GRF, we must define the notion of clique. A clique ¢ is a subset of the index
set T if every distinct pair of indices in ¢ are neighbors given a neighborhood N;. We denote C the
collection of all possible cliques for the neighborhood family V.

A GREF follows a Gibbs distribution [Awa06]:

1 _u)
P(x) = e =
U(x) = Xeec Ve(x) (B.55)
_Ux)
z = [,e T dx

where T is the temperature, U is the energy function, V, denotes a clique-potential function and Z refers
to as the partition function. The Hammersley-Clifford theorem [Bes74] states that a MRF is equivalent to
a GREF. This provides thus a clear formulation of the MRF distribution. Nevertheless, inference schemes
are necessary to estimate the unknown parameters of the Gibbs distribution.

A Gauss-Markov process is a continuously-valued random vector following a multivariate Gaussian
distribution N (4, X). The Markovianity property will produce a spare inverse covariance matrix £~}
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where each variable interacts with a few others through the quadratic energy function U; index i is
neighbor of j if £71;; = Z]Til + 0 [Per98].
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