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Abstract

In the last decades, advances in medical imaging technologies and computer science have
enabled the development of computer-assisted surgery techniques to improve the accuracy
of surgical interventions. In orthopedic surgery, computer-assisted support systems have
gained significant importance in the post-traumatic reconstruction of bone anatomy. The
precise pre-operative planning of such interventions is one of the major prerequisites for a
successful intervention. Unfortunately, the accurate pre-operative assessment of complex
injuries can be difficult due to the lack of reliable planningtools.

This thesis aims at improving the pre-operative planning for two types of orthopedic in-
terventions of the upper limb, namely the reconstruction ofcomplex humerus fractures
and the surgical correction of deformed forearm bones. Based on virtual, patient-specific
bone models, semi-automatic or automatic tools are presented for each intervention, tar-
geting increased accuracy and efficiency in the pre-operative stage. The advantages of
the presented methods are confirmed by cadaver experiments or demonstrated on clinical
cases.

The foundation of the planning methods introduced herein isthe generation of patient-
specific bone models from computed tomography images. The bone anatomy is extracted
by formulating the segmentation task as an energy minimization problem. To this end,
novel energy functions are introduced to tackle common problems in bone segmentation.
The generic segmentation approach allows the extraction ofanatomy with varying shape
as deformed or fractured bones.

Two approaches aim at the reconstruction of complex proximal humerus fractures. Inter-
actively, the reconstruction is carried out in an immersive, multi-modal planning system
integrating stereoscopic rendering and haptic feedback. In the semi-automatic method, the
uninjured bone of the opposite side acts as a template for an initial reconstruction. The
computational complexity of the contralateral matching isefficiently reduced by selec-
tive search-space sampling and GPU-based registration. Based on this initial assembly,
the most correct reconstruction is finally computed by applying robust registration and
multi-piece alignment techniques.

Several computer-assisted tools are presented to improve the planning of corrective in-
terventions of the forearm. The first approach is based on thesimulation of the forearm
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motion to predict functional effects. The method comprisesa novel kinematic model of
the rotational forearm motion. Additionally, two algorithms are developed to accurately
quantify deformities either using surface-based or landmark-based registration.



Zusammenfassung

In den letzten Jahrzehnten haben Fortschritte in der medizinischen Bildgebung und in der
Informatik die Entwicklung von computergestützten Techniken ermöglicht, welche die
Präzision von chirurgischen Eingriffen erhöhen können. In der orthopädischen Chirur-
gie haben unterstützende Computersysteme vor allem bei der Rekonstruktion von post-
traumatischen Knochendefekten an Bedeutung gewonnen. Beisolchen Eingriffen ist die
genaue präoperative Planung eine der wichtigsten Voraussetzungen für eine erfolgrei-
che Operation. Durch das Fehlen von verlässlichen Planungswerkzeugen ist die präzise
präoperative Planung gerade bei komplexen Verletzungen aber oft sehr kompliziert und
zeitaufwendig.

Diese Dissertation setzt sich das Ziel, den präoperativenPlanungsvorgang bei zwei or-
thopädischen Eingriffen an der oberen Extremität zu verbessern. Das ist einerseits die Re-
konstruktion von komplexen Knochenbrüchen des proximalen Humerus und andererseits
die chirurgische Korrektur von deformierten Unterarmknochen. Basierend auf virtuellen
patientenspezifischen Knochenmodellen werden teilweise oder vollständig automatisier-
te Werkzeuge für diese Eingriffe vorgestellt mit dem Ziel,die Genauigkeit und Effizienz
in der präoperativen Phase zu steigern. Die Genauigkeit der vorgestellten Algorithmen
wird mithilfe durchgeführter Kadaverexperimente evaluiert. Zusätzlich wird die prakti-
sche Anwendung in klinischen Fällen beschrieben, welche die Vorteile der Methoden
demonstrieren.

Die Grundlage der hier vorgestellten Planungsmethoden istdie Generierung von patien-
tenspezifischen Knochenmodellen aus computertomografischen Daten. Die Modelle wer-
den durch eine Segmentierungsmethode, basierend auf Energieminimierung, aus den me-
dizinischen Daten extrahiert. Dabei werden bisher bekannte Probleme der Knochenseg-
mentierung mithilfe von neu entwickelten Energiefunktionen überwunden. Dieser generi-
sche Segmentierungsansatz erlaubt es, unterschiedlichstgeformte Anatomiewie beispiels-
weise deformierte oder gebrochene Knochen mit geringem Zeitaufwand zu extrahieren.

Für die computergestützte Rekonstruktion von komplexenFrakturen des proximalen Hu-
merus werden zwei unterschiedliche Methoden vorgeschlagen. Der erste Ansatz ermöglicht
die interaktive Rekonstruktion in einer immersiven multimodalen Planungsumgebung.
Dieses System unterstützt den Benutzer bei der manuellen Rekonstruktion durch stereo-
skopische Anzeigeverfahren sowie durch Kraftrückkopplung mithilfe haptischer Geräte.
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Die zweite Methode erlaubt eine nahezu automatische Rekonstruktion durch Einbezie-
hung des gesunden Knochens der Gegenseite. Dieser dient alsVorlage für eine annähern-
de, jedoch nicht optimale Wiederherstellung. Der hohe Rechenaufwand, den die Rekon-
struktion durch die Zuhilfenahme der Gegenseite benötigt, wird durch selektives Abtasten
des Suchraumes und durch die Auslagerung des zeitintensiven Registrierungsverfahrens
auf die Grafikkarte erreicht. Durch die Anwendung von robusten Registrierungsalgorith-
men in Verbindung mit Optimierungsverfahren für die globale Ausrichtung der Teile wird
dann schlussendlich die beste Rekonstruktion ermittelt.

Mehrere Methoden werden vorgestellt, welche die Planung von korrigierenden Eingriffen
am Unterarm verbessern sollen. Der erste Ansatz basiert aufeiner kinematischen Simu-
lation, um mögliche Einschränkungen der Unterarmbewegung vorherzusagen. Zusätzlich
sind zwei Algorithmen entwickelt worden, welche Deformit¨aten von Knochen anhand der
Registrierung von Oberflächenmodellen und anatomischer Orientierungspunkte quantifi-
zieren.
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for sharing with me their knowledge on forearm kinematics.

My appreciation go to my colleagues at the Computer Vision Laboratory. I would par-
ticularly thank Andreas Griesser, Henning Hamer, BenjaminKnörlein, Tamas Kovacs,
Bryn Lloyd, and Stefan Saur for the many valuable discussions but especially, for being
friends. A special thank to my office mates Tamas Kovacs during my first year, and Hen-
ning Hamer, Fabian Nater, and Severin Stalder in the last period. Tamas, I really enjoyed
the brief discussions at the window. Henning, Fabian and Severin, thank you for creating
such a nice atmosphere in our office; we pioneered in being theearly-bird office. I am also
grateful to the secretaries Christina Krüger, Barbara Widmer, and Vreni Vogt for taking
care of administrative matters.



viii ACKNOWLEDGEMENTS

A special mention to Thomas Fuchs, not only for the many work-related conversations
but especially for the discussions about academia and research which no doubt helped me
to complete my dissertation.

Finally, I would like to express my profound gratitude to my family, my girlfriend, and
my friends. My family encouraged me in many ways and believedin me throughout the
years. Special thanks are devoted to my fiancé Nora for her love and patience, bearing all
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1
Introduction

This introduction will start with a brief description of thebasic principle of computer-
assisted surgery (CAS) focusing on its application in orthopedics. In Section 1.2, the
motivation for this dissertation will be given as well as a short clinical problem statement.
An outline of the structure of the remaining parts of this dissertation will be described
in Section 1.3.

1.1 Computer-Assisted Surgery

For many years, the planning of orthopedic intervention relied only on plain radiographs
of the patient’s anatomy. In the late 1980s, 3-dimensional (3-d) computed tomography
(CT) was introduced into the clinical routine as a non-invasive method to obtain 3-d im-
ages of the musculoskeletal system of the body at an improvedspatial resolution. 3-d CT
has revolutionized the diagnosis and planning of orthopedic interventions with its ability
to provide a high quality digital representation of the patient’s bones. This new technol-
ogy resulted in a dramatic increase in the amount of available information, offering new
possibilities in diagnosis and treatment. However, novel tools were required to effectively
manipulate and interpret this flood of data, pre-operatively as well as during surgery. The
increasing need to extract and transfer the most relevant information to the actual surgery
has motivated the development of computer-assisted surgery (CAS) methods. In general,
CAS provides an interface between the pre-operative diagnosis and the surgery to be per-
formed. The ultimate goal is the improvement of the surgicaloutcome by merging the
strengths of computer science and robotics with the surgeon’s experience.

CAS was initially applied in neurosurgery to locate brain tumors in a minimal invasive
fashion. Shortly after, the potential of this technique forother surgical interventions was
recognized.

One of the first applications in orthopedic and trauma surgery was the computerized de-
sign and manufacturing of custom implants and protheses (Bechtold, 1986). In 1998, the
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first intra-operative use of CAOS was reported by Merlozet al. (1998) who described an
intra-operative navigation tool for the placement of lumbar pedicle screws. Since then,
computer-based methods have successfully been used pre- and intra-operatively in various
orthopedic areas, such as knee, arm, spine, pelvis, or femursurgery (Schepet al., 2003;
Jaramazet al., 2006). In the present, computer-assisted orthopedic surgery (CAOS) has
become one of the most active and successful domains of CAS. The reason for the great
success of computer-based methods in orthopedic surgery isthe quantitative approach
in which operations are planned and performed. Unlike otherinterventions, orthopedic
surgeries are particularly governed by quantitative measurements and a clear correlation
between surgical accuracy and clinical outcome is evident (Sikorski and Chauhan, 2003).
For instance, the precise reconstruction of a fractured joint will increase the chances for a
successful restoration of the joint’s mobility.

Therefore, the increase inaccuracyof the pre-operative assessment and the subsequent re-
production of these results during surgery are the fundamental goals of CAOS. Additional
factors must be considered for the design of a CAOS system in order to become accepted
in the clinical practice. A CAOS approach must also focus on reducingtreatment costs
andoperation times. Computer-assisted methods do not necessarily contributeto a de-
creased operation time but the pre-operative planning effort can be effectively reduced.
Planning tasks requiring extensive manual effort if performed conventionally, can often
be accomplished by the computer in an automated fashion or with minimal human assis-
tance. From a cost-saving point of view, costs for the deployment of CAS technologies
can be compensated in short- and long-terms by an optimal surgical outcome. These cost
savings may include decreased rehabilitation time and shorter hospital stays (Sugano,
2003). Another reason for promoting computer-assisted interventions is the increasing
emphasis onminimal invasive surgeryin orthopedics. CAOS has the potential to offer
surgical procedures which are less invasive than traditional methods. For instance, the
surgeon is enabled to work in a reduced workspace or the surgery can be performed with
robot assistance.

Principles of CAOS

A typical CAOS approach combines several optional steps dependent on the intervention,
namelydata acquisition and model generation, pre-operative planning, intra-operative
execution, andpost-operative evaluation. Ideally, all required components are integrated
in a single framework.

Data acquisitionis often the first step to be performed in a CAOS procedure. In most
cases, a non-invasive medical imaging method is used to generate a patient-specific dig-
ital representation of the pathology. Once the data are acquired, avirtual modelof the
injured anatomy can be generated for subsequent planning tasks. To this end, the tar-
geted anatomy must be identified in the image by applying a segmentation algorithm.
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After this step, the virtual model can be constructed. The representation of the virtual
model is application-dependent but usually grid-based or mesh-based data structures are
used (Bonneauet al., 2006).

In the pre-operative planningstage, a patient-specific surgical plan is generated on the
computer. Orthopedic surgery is not a generic procedure andthus the design of the sur-
gical planning tools is intervention-specific. As a result,a wide range of CAOS appli-
cations (Jaramazet al., 2006) exist. The complexity of the methods varies from simple
measurement tools to comprehensive simulations in which complex surgical tasks can be
precisely reproduced in a virtual environment. The common goal of these applications is
the quantification of the surgical task as accurately as possible.

The results of the accurate pre-operative planning must be transferred to the actual surgery
by employingintra-operativeCAOS systems. These systems can be classified based on
the autonomy of the system (Jaramazet al., 2006). Active systems, as robotic ones, can
perform a surgical task in an automatic fashion under surgical supervision or control.
Semi-active systems do actively support the surgeon in performing a specific task. Such
custom-built tools are controlled by the surgeon while his/her movements are monitored
and guided by the CAOS system. Finally, passive or navigation systems are used to
compare, visualize, and match the pre-operative planning with the intra-operative position
of the bones being manipulated.

After surgery, CAOS technology can be applied to accuratelymeasure thepost-operative
surgical outcome. Post-operative evaluation can improve the performance of future in-
tervention and allows to study the relationship between surgical accuracy and functional
outcome.

1.2 Motivation and Problem Statement

Worldwide, bone and joint disorders are a leading cause of physical disability and account
for 50% of all chronical diseases in people over 50 years of age (Trafton, 2001; Cambron
and King, 2006). Europe is aging faster than any other continent. By 2050, more than
30% of the population will be over 60 years of age, resulting in an excessive increase of
treatment costs. In addition to this, the frequency of high energy traumata increases in the
young from year to year due to the continuous rise in road traffic accidents.

The aim of this dissertation is to establish new CAOS methodsfor two types of prevalent
injuries of the upper limb, namely proximal humerus fractures and malunited forearm
bones.

These injuries can results in a severe loss of arm function. The final aim in the surgi-
cal treatment of such cases is the alleviation of pain and theprecise restoration of the
patient’s mobility. This can only be successful, if the original anatomical relationships
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are reproduced as closely as possible which implies accurate pre-operative assessment.
The driving force of our research is addressing the clinicalproblems in the pre-operative
planning phase resulting from the lack of reliable measurement techniques (Nagyet al.,
2008).

Therefore, this thesis emphasizes the pre-operative aspects of CAOS, aiming at the devel-
opment of novel computer-assisted approaches to improve the planning of current state-
of-the-art techniques.

1.2.1 Complex Fractures of the Proximal Humerus

Proximal humerus fractures are the second-most prevalent fractures of the upper arm and
account for about 5% of all fractures (Reinecket al., 2007). Approximately, 80% of
these fractures are not markedly displaced and can be treated without surgery by closed
reduction and immobilization. In the remaining 20%, the fragments are considerably dis-
located, necessitating a treatment by operative reduction(Gerberet al., 2004) or arthro-
plasty (Kontakiset al., 2008).

Such cases are generally caused by high energy traumata in the young as well as low
energy traumata in the elderly, frequently resulting from afall. Injuries of this type are a
source of severe pain and functional loss. The management ofsuch complex fractures is
one of the most challenging problems in orthopedic shouldersurgery. Bone reconstruction
by open reduction with internal fixation is a treatment option for fractures with up to four
fragments (Wijgmanet al., 2002). Open reduction is a surgical intervention in which the
anatomically correct position of each bone fragment is restored. As a consequence, an
accurate pre-operative analysis of the fragment displacement is critical for the outcome of
this intervention (Naranja and Iannotti, 2000).

In current clinical practice, the planning is based on the examination of 2-d radiographs
or 3-d CT scans. Fractures are classified based on the assessment of fracture patterns
and the degree of displacement. Several classification schemes exist – the one reported
by Neer (1970, 2002) being one of the most common. Neer classified a fragment as being
significantly displaced if either the translational displacement is larger than 1 cm or the
rotational displacement is larger than45◦. As reported by Shraderet al. (2005), even the
decision whether a fragment is significantly displaced can be very difficult if manually
assessed. Exact quantification of fragment displacement isextremely challenging and
hardly possible by simple visual inspection of radiographsor CT images.

CAOS has the potential to facilitate this difficult planningtask. While intra-operative
CAOS approaches were proposed to support the surgeon in the reconstruction of this type
of fracture, no computer-based methods are available whichcan offer a precise surgical
plan. In order to close this gap, one part of this thesis aims at the precise virtual recon-
struction of humerus fractures consisting of more than two parts.
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1.2.2 Malalignment of the Forearm Bones

Malalignment or malunion of a bone is caused by bone healing in non-anatomic position
after a trauma. Open reduction has become the mainstay of therapy in adults (Nagyet al.,
2008) to avoid malunions. In children, however, treatment by closed reduction is common
since bone healing in non-anatomic position is still acceptable due to possible correction
during growth. As a consequence, treated forearm fracturesin children can subsequently
result in malalignment. Depending on the degree of deformity, the malalignment can lead
to pain, functional impairment, and aesthetic problems. Particularly, gross deformities of
the forearm bones can cause impingements and increased tension in ligaments, resulting
in a limitation of the forearm motion (Nagyet al., 2008).

In the current clinical routine, the pre-operative planning is based on measurement tech-
niques using the opposite (i.e.contralateral) uninjured side as a reference to detect defor-
mities. However, the reconstruction based on the contralateral bone does not necessarily
correlate with a successful functional outcome. The requirement to predict functional
effects makes the planning process very challenging. The issues to be addressed in this
dissertation are two-fold. First, we aim to analyze and improve conventional planning
methods by relying on the contralateral side. Secondly, thedevelopment of planning
methods based on the simulation of function is another goal of this thesis.

1.3 Thesis Outline

The CAOS tools presented in this thesis have one part in common, i.e. a patient-specific
model based on clinical imaging data. The choice of the appropriate method for this
model generation process is dependent on the image modality. The preferred modality
for the planning of complex injuries of the upper limb is 3-d CT. Therefore, Chapter 2 is
dedicated to the development of methods targeting the accurate creation of patient models
based on CT data. To this end, a segmentation framework will be introduced, allowing
the extraction of normal anatomy, deformed bones, or fractures from the image data in a
generic way. Additional emphasis will be placed on strategies to reduce the manual effort
required in this task in order to minimize costly planning time.

Chapter 3 contributes to the computer-assisted reduction planning of proximal humerus
fractures. The problem of virtual bone reconstruction is approached from two different
directions. The first part of the chapter describes the design of an interactive clinical sup-
port system integrating several techniques, such as stereoscopic visualization and haptic
feedback. The objective of this multi-modal planning platform is to simulate the real-
world assembly task as closely as possible. Contrary, the second approach presented in
this chapter performs the assembly task almost automatically. A major focus will be on
the design of accurate but efficient methods due to the complexity of the automatic recon-
struction process.
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In Chapter 4, the CAOS planning of corrective interventionsfor malaligned forearm bones
will be addressed. The research described in this chapter was conducted in three different
stages. On a fundamental level, cadaver experiments were carried out to study the normal
forearm kinematics as well as to identify factors which may cause a limitation of this
motion. In addition, part of the research was dedicated to the development of CAOS
measurement techniques for the more accurate quantification of deformities. The last part
focuses on one of the most challenging aspects of CAOS planning: the simulation of
functional effects. To this end, a kinematic-based planning approach will be introduced
to improve the planning in cases where current methods may fail.

A conclusion will be drawn in Chapter 5 to summarize the key points of the CAOS meth-
ods introduced in this thesis. Finally, an outlook on further developments in this directions
will be given.



2
Bone Segmentation from CT

2.1 Introduction

In spiral CT, a 3-d radiodensity image is created by reconstructing a stack of 2-d images
from successive acquired X-ray data (Lipson, 2006). The data are obtained by an X-ray
source continuously moving in a helical fashion around the object while a detector array
measures the radiographic density. In order to allow the acquisition of larger anatomical
regions, the table on which the patient is resting, is mechanically moved through the CT
gantry. The finally reconstructed 3-d image consists of 2-d CT slices, each subdivided
into a matrix of up to1024 × 1024 volume elements (i.e. voxels). A numerical value is
stored for each voxel, representing the average density or attenuation measured by the de-
tectors at the corresponding 3-d position. This attenuation number is transformed into the
Hounsfield unit (HU) scale in which the attenuation of water is defined as 0 HU (Jackson
and Thomas, 2004). High HU values of 400 and above corresponds to materials with high
density such as bone. Contrary, low-density materials havenegative HU values,e.g.fat
(−60 to −100 HU), lung (−400 to −600 HU), or air (−1000 HU). To display the CT
image on a computer monitor, the HU values are mapped to grey scale intensities.

CT allows to differentiate between different types of bone tissue due to its high contrast
resolution in this density range, even if the anatomical structures have similar absorption
characteristics. The outer bone layer is composed ofcortical bone which is very compact,
rigid and dense. Therefore, the cortical bone layer appearsvery bright in a CT image,
being most pronounced at the shaft (i.e.diaphysis) of the bone as depicted in Figure 2.1. In
the diaphysis, the cortical shell encloses themedullary cavityconsisting of bone marrow.
Towards the joints, the thickness of cortical shell decreases and the medullary cavity is
replaced bycancellousbone. Cancellous orspongybone is a highly vascular and porous
structure which is less dense than compact bone. The main function of this type of tissue
is to absorb, damp, and transfer loads acting at the joints. As shown in Figure 2.1, the
interior is exclusively formed by cancellous bone, surrounded by a thin cortical layer.
Thus, the bone interior near joints appears spongy and textured in a CT image. Due to the
thin corticalis, the contrast to the surrounding tissue is much lower. This is in particular



8 2. BONE SEGMENTATION FROM CT

the case for elderly or patients suffering from osteoporosis whose bone mineral density is
decreased.

Figure 2.1: Comparison of the two different types of bone tissue, shownfor the forearm
bones radius and ulna. The density of the bone shaft is very high and appears bright and
compact in the CT image (right) compared to the spongy and textured bone tissue near the
radioulnar joint (left). The outlined planes denote the 3-dposition of the two CT slices.

Our planning applications are based on models constructed from the cortical bone layer.
Therefore, each voxel belonging to the corticalis of the bone of interest must be identified
in the 3-d CT image. This process is called foreground/background segmentation which
can be described by a binary classification of the data. Each voxel belonging to the object
is labeled asforegroundwhereas each background voxel is denoted by abackgroundlabel.
In case of long bones, the segmentation task is often considered as a straightforward
and automatic process due to the high contrast between the bone shaft and soft tissue.
However, our planning task requires an accurate segmentation of the bone surface near
joints, potentially split in several fragments due to a trauma. Segmentation of such type
of data is much more challenging, since the following problems can occur.

Weak bone boundaries: A bone is less dense near joints resulting in a very thin cortical
layer with similar intensity as the surrounding tissue as demonstrated in Figure 2.2a.
Segmentation algorithms often fail in detecting weak edges, resulting in discontinu-
ities in the bone boundary. Moreover, osteoporotic bone canresult in a significant
decrease in the contrast between the bone and the surrounding soft tissue. In such
cases, the so-called leakage problem can occur in which unwanted parts of adjacent
regions are extracted in addition to the correct bone boundary.

Varying density: The density of long bones varies substantially along the longitudinal
axis. As a consequence, intensity histograms of bone and tissue do frequently over-
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lap (Wanget al., 2006; Sebastianet al., 2003). Therefore, a segmentation only
relying on a global estimation of the intensity is not accurate.

Narrow inter-bone spacing: As Sebastianet al.(2003) pointed out, the narrow articular
spacing between adjacent bones can cause the inter-bone tissue to appear brighter
in the CT image, substantially reducing the boundary contrast in such regions. An
example of this effect is given in Figure 2.2b. The diffuse boundaries of the joint
components appear as being in direct contact due to the partial volume effect (Barett
and Keat, 2004).

Fractured bones: A fracture near a joint can consist of multiple thin-walled bone frag-
ments which are in close proximity or direct contact. The segmentation of such data
can be extremely difficult. As can be observed in Figure 2.2c,cortical, cancellous,
and soft tissue are hard to distinguish due to increased noise and partial volume
effects.

(a) (b) (c)

Figure 2.2: Common challenges in bone segmentation. CT slices of a forearm (Figures
a and b) and of a fractured humerus (Figure c) demonstrate typical difficulties. (a) Weak
bone boundaries and textured bone interior. (b) Extremely narrow inter-bone spacing. (c)
Bone fragments in close proximity, resulting in noise and fuzzy boundaries between the
different tissue types.

In this chapter, we will introduce bone segmentation methods designed to tackle these
problems. The proposed algorithms formulate the foreground/background segmentation
as an energy minimization problem. An energy-based approach assumes that a certain
amount of energy is required to segment the foreground from the background. The energy
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for a particular segmentation is calculated with the help ofenergy functions. Appropri-
ately defined energy functions result in a minimum energy forthe desired segmentation.
This allows to determine the correct segmentation by minimizing the energy functions via
graph cuts (Kolmogorov and Zabih, 2004).

This chapter is organized as follows. In Section 2.2, a review of CT-based bone segmenta-
tion techniques is given, including a discussion of limitations and benefits of each method.
Section 2.3 provides basic background on two methods being important for our approach.
First, a brief introduction on graph networks and energy minimization with graph cuts
is given. Thereafter, an image-based method for bone enhancement using local structure
analysis is outlined, which is a fundamental part of our algorithms.

The first method described in Section 2.4 targets the extraction of theouter bone boundary
of the forearm bones. The outer bone boundary is defined as theboundary between the
cortical bone layer and the surrounding soft tissue. Particular attention is paid to the
segmentation of the distal and proximal radio-ulnar articulation which is a challenging
task. The approach introduces novel energy functions, supporting the detection of weak
bone boundaries and the separation of radius and ulna. The segmentation is automatically
performed, operating in a slicewise fashion. While the method accurately extracts radius
and ulna, it is particularly designed for the segmentation of the forearm bones from high
resolution data.

In order to allow the segmentation to capture a wider range ofshape variations in different
resolutions, we have extended this energy minimization approach to 3-d. Section 2.5
describes the required modifications to perform the outer bone boundary extraction in
3-d.

Based on this method, a segmentation algorithm for the extraction of the entire cortical
shell of the forearm is presented Section 2.6. The cortical shell is defined as the region
enclosed by the outer bone boundary and inner cortical boundary which separates corti-
calis and cancellous bone. The resulting virtual models of radius and ulna will provide
the basis for the planning of forearm osteotomies.

The reduction planning of proximal humerus fractures requires to generate a model of
each bone fragment. This task can be time-consuming if each fragment is individually
segmented. Therefore, we propose to perform the separationof contacting fragments
in a post-processing step, requiring little user interaction. Algorithmic details on the
segmentation of fractured humeri are given in Section 2.7.

2.2 Related Work

Over the last decades, a great number of approaches were proposed for the segmentation
of anatomy in 3-d medical images. These methods vary widely dependent on the applica-
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tion and the underlying image modality. In this section, we will give an overview of the
most relevant work targeting bone segmentation in CT.

Present algorithms for identifying bones in CT images can becoarsely divided intolow-
levelandhigh-levelmethods. Low-level algorithms directly operate on the voxels of the
given intensity images. Such algorithms are usually not sufficiently flexible to solve all
problems encountered during bone segmentation. High-level methods include additional
knowledge as shape or appearance in a mathematical model to determine the segmenta-
tion. Frequently, low-level techniques are applied as a preprocessing step.

2.2.1 Low-Level Methods

Thresholding

Thresholding is one of the simplest techniques and widely used for bone segmentation.
In global thresholding, all voxels with a value below/above a globally defined threshold
are regarded as part of the object whereas all voxels below/above this threshold are inter-
preted as background. Global thresholding performs poorlyif the object and background
intensities vary significantly throughout the image. Therefore, thresholding mostly fails
in segmenting bone parts near joints with similar intensityas soft tissue.

A better approach is to calculate alocal threshold for each voxel based on the intensity
distribution in a certain neighborhood. The appropriate threshold can be determined by
statistical methods often incorporating prior knowledge.Nevertheless, the application for
bone segmentation is limited. Local thresholding has the tendency to merge bones in
case of narrow inter-bone spacing (Wanget al., 2006). Additionally, the incorporation of
constraints such as a continuous bone boundary, is difficult.

Region Growing

The most common region-based segmentation algorithm isseeded region growing. Start-
ing from an initially defined seed, neighboring voxels are incrementally added to the
region based on a user-defined similarity measure,e.g.the intensity between neighboring
voxels. The region grows until the similarity criterion is no more satisfied. An adaptive
similarity measure was introduced by Modayuret al.(1997) to improve robustness in case
of varying intensities or in the presence of noise.

The main drawback of region-based algorithms for bone segmentation is the tendency to
leak into tissue due to weak boundaries. Region-growing also has a bias towards merging
bones which are close together (Wanget al., 2006). Several methods have been proposed
to avoid these problems allowing the recovery from errors (Zhu and Yuille, 1996) or
including boundary forces between concurrent regions (Tekand Kimia, 1997).
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Edge-Detection Methods

Edges define the boundaries between homogeneous image regions. Therefore, an accurate
detection of the edges of an object results in an outline of the object shape. A comparison
of different algorithms can be found in (Ziou and Tabbone, 1998; Nadernejad, 2008).

Edge detection methods are usually based on first-order (i.e. image gradient) or second-
order derivatives of the image intensity function. Image smoothing is often performed as
a pre-processing step due to the high noise sensitivity of the discrete image derivatives.
While perfect edges can be obtained on data sets with good contrast between the bone
shaft and soft tissue, the performance is poor at joint boundaries resulting in discontinues.
In order to avoid gaps in the bone boundary, Yaoet al.(2005) introduced an edge detection
and tracing algorithm based on the optimization of the normal direction of bone edges.

Methods based on Local Structure Analysis

Several publications use first- and second-order intensityderivatives to detect local struc-
tures in an image (Westinet al., 1997, 1998; Frangiet al., 1998; Descoteauxet al., 2006;
Zoroofiet al., 2004; Harderset al., 2007).

Westinet al. (1997, 1998) introduced a planarity measure based on the local structure
tensor for the segmentation of thin-walled bones. A globally defined intensity threshold
is modified according to the spatially varying planarity measure. Since the tensor is based
on first-order derivatives, the signal is high on bone boundaries but weak inside thicker
cortical structures.

In order to handle the segmentation of cortical bone layer with varying thickness, De-
scoteauxet al.(2006) presented amulti-scalebone enhancement filter, relying on second-
order derivatives. Their work was motivated by a multi-scale vesselness filter (Frangiet
al., 1998) that enhances vessels by detecting tube-like structures. Contrary, Descoteauxet
al. enhances planar or sheet-like structures while suppressing other structures and noise.
A more detailed description of the sheetness measure is given in Section 2.3.2.

Harderset al. (2007) performs region growing after applying the bone enhancement filter
of Descoteauxet al. (2006) for the segmentation proximal humerus fractures. A manual
separation of erroneously connected fragments is performed by interactively defining cut
lines with the mouse.

Watershed Algorithm

Some authors propose to apply watershed transformation forbone segmentation or sep-
aration. The basic idea of the watershed transform is to interpret the image values as a
height-map. The height-map is ”flooded with water” from different sources, which can
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be local minima in the image or user-defined markers. For eachsource a catchment basin
(i.e. labeled region) is constructed which grows during successive flooding. Watersheds,
representing the segmented region boundaries, are built for adjacent basins to avoid merg-
ing. While the watershed transform is effective in separating regions, a combination with
a different method such as thresholding is required to achieve a bone segmentation (Hahn,
2005; Strakaet al., 2003; Neubaueret al., 2005). Therefore, watershed transform shares
the problems of the applied segmentation method.

2.2.2 High-Level Methods

Kang et al. (2003) introduced a method combining several low-level algorithms for the
segmentation of femur bones in 3-d CT images. The bone of interest is segmented by
region growing combining global and local adaptive thresholding. After region growing
morphological filters are applied to remove boundary discontinuities. Two subsequent
steps correct the boundary to remove inaccuracies resulting from the morphological oper-
ator. The main drawback of this method is the mandatory manual separation (i.e.masking)
of the bone which is required before the actual segmentation.

Petterssonet al. (2006b) proposed to use non-rigid template registration for the auto-
mated segmentation of bones. The algorithm is based on a multi-scale optimization of a
displacement field, representing the deformation of the template, to the target image data.
The displacement estimation is based on local phase differences in the frequency domain
and is therefore less sensitive to noise. The algorithm was qualitatively evaluated on two
data sets of the pelvis and femur bone. No quantitative analysis has been made due to the
lack of ground truth data. The approach was extended (Petterssonet al., 2006a, 2008) to
handle the segmentation of fractured femur bones consisting of two parts. To this end,
two templates are obtained by splitting the previously usedunfractured template into two
parts. Thereafter, the templates are sequentially registered to the data. As mentioned by
the authors, the method has problems to correctly identify the space between femur and
pelvis. Additionally, the shape of the femoral head was not preserved during registration.

Statistical Models of Shape and Appearance

Statistical models are widely used for the segmentation of anatomy as described in an
excellent review by Heimann and Meinzer (2009).

In statistical approaches, prior knowledge about theshapeand/or appearanceof the
anatomy of interest is integrated into a statistical model.In order to capture anatom-
ical variations in shape, such a model is trained from a set ofexample shapes based on
segmented image data. The model is set up by computing the mean shape over the training
data. Additionally, observed variations are encoded in themodel as a number ofmodes
describing the most characteristic variations.
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Several model representations exist (Heimann and Meinzer,2009) but the majority of
them rely on point distribution models (PDM) introduced by Cooteset al. (1992). In
PDMs, each training shape is represented by a feature vectorconsisting of a set of points
(i.e. landmarks) which are either sampled along the object surface or defined by salient
anatomical features. Statistical analysis on these vectors requires to initially establish
well-defined correspondences between the landmarks of the training shapes. As a con-
sequence, the landmarks of all shapes must be located at corresponding positions in a
common coordinate frame. Different alignment and registration methods of varying com-
plexity and accuracy can be applied for this task (see Heimann and Meinzer (2009)). Af-
ter alignment, the mean shape and the modes of variations canbe calculated by statistical
methods such as principal (Jolliffe, 2002) or independent (Hyvärinenet al., 2001) compo-
nent analysis. In principal component analysis (PCA), the mean shape is simply obtained
by averaging over all feature vectors. The principal modes of variation are computed by
an Eigen decomposition of the corresponding covariance matrix formed by the feature
vectors (Jolliffe, 2002). Thereafter, dimensionality reduction is typically performed by
choosing only thek largest eigenvectors. In the finally constructed model, each shape of
the training set can then be approximated by a linear combination of thesek modes.

For the segmentation of anatomy, the constructed shape model must be fit to new data by
deforming the mean shape with respect to the trained modes ofvariations. Therefore, the
deformation is constrained to statistically valid directions resulting in a robust segmenta-
tion. The fitting is performed by combining the shape model with an statistical model of
appearance. Similar to shape models, appearance models are constructed from training
data by performing statistical analysis of the texture of the object (e.g.intensity or gradi-
ent). Finally, search algorithms can be applied in order to optimize the match between the
model and the new image data. A discussion of state-of-the-art appearance models and
search algorithms can be found in (Heimann and Meinzer, 2009).

While statistical models have proven to be a powerful tool for the segmentation of healthy
bones, these methods are not particularly suited for traumatological cases due to the huge
pathological variability. Nevertheless, several approaches were proposed to address this
problem, allowing the segmentation of pathologically deformed bones with statistical
models (Benameuret al., 2003; Zachowet al., 2005; Zhenget al., 2007, 2009).

Energy Minimization Techniques

A growing number of approaches use energy minimization techniques for bone segmenta-
tion. Most popular techniques for this task are parametric and implicit deformable models
andgraph cuts.
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Deformable Models

A 3-d parametric deformable model is represented by a parameterized surface of the ob-
ject being segmented. The model is deformed according to external image forces and
internal forces, resulting in corresponding terms in the overall energy function. Internal
energy enforces the smoothness of the surface while the surface is pulled towards the seg-
mentation target by image forces. A parametric approach is robust against boundary dis-
continues. However, the topology of the model cannot change. On the contrary, implicit
deformable models are based on an implicit level set function representation (Sethian,
1999), allowing topology changes. The zero level set of the implicit function represents
the boundary between object and background.

Snelet al. proposed 2-d and 3-d deformable models for the segmentationof the carpal
bones (Snelet al., 1998, 2002). The approach required a pre-segmented binaryrepresen-
tation of the object boundary. Manual post-processing was needed to obtain a sufficiently
accurate boundary in several cases. The manually initialized deformable model was in-
flated and fitted to the binary boundary by applying Lagrangian dynamics.

Sebastianet al.(2003) also targeted the segmentation of the carpal bones with a skeletally
coupled deformable model. An excellent overview and comparison of bone segmentation
methods is given and the problems of joint segmentation are discussed in detail. Their
method combined deformable models with seeded region growing and region competi-
tion. The growth of the initialized regions (i.e. bones and background) was steered by
external intensity-based image forces and by the inter-seed skeleton to enforce the sep-
aration of adjacent regions. The skeleton connected the different regions and allowed a
prediction of the collision between adjacent boundaries. Local forces were obtained from
this prediction to modulate the growth accordingly. The approach worked well in cap-
turing the bone contours but occasionally failed to separate adjacent bones due to fuzzy
boundaries.

Truc et al. (2009) evaluated the feasibility of five popular deformablemodel approaches
to bone segmentation. They concluded that gradient-based methods were very sensitive
to image noise. Best results were achieved with algorithms not relying on edges.

Deformable models have several limitations. The performance of the algorithms is poor
in case of elongated structures with low intensity as well asfor highly textured bone
parts (Sebastianet al., 2003; Wanget al., 2006). Additionally, the quality of the initial-
ization of a parametric model is crucial for the segmentation result (Wanget al., 2006).
Insufficient initialization can result in slow convergenceor the attraction of the model to
incorrect features. To avoid these problems, Pekaret al.(2001) initialized the deformable
model with a statistical shape model for spine vertebrae segmentation. For implicit meth-
ods, the parametrization is still a limitation for practical use. Several evolutionary models
have been proposed, but most of them require the tuning of many parameters.
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Graph Cuts

Boykovet al.(2001) introduced a technique for interactive segmentation of n-dimensional
images through energy minimization via graph cuts. This basic strategy was extended
subsequently by different groups. An excellent overview ofrecently published approaches
is given by Boykov and Funka-Lea (2006).

Graph cut-based segmentation algorithms were successfully applied to medical data for
the extraction of different anatomy. Interactive approaches based on the image intensity
were proposed for bone segmentation and removal (Boykov andJolly, 2000; Boykovet
al., 2001; Boykov and Funka-Lea, 2006). The algorithms generated intensity distribu-
tions of the object and background from user-defined strokes. However, experiments with
our data have shown that such user-defined initialization was very time-consuming. To
achieve a satisfying segmentation, strokes had to be accurately set in critical areas where
the cortical layer was thin and less pronounced.

A-priori knowledge can be incorporated into the energy minimization framework to re-
duce user interaction and to improve accuracy and robustness. These approaches include
shape priors (Zhu-Jacquot, 2008; Freedman and Zhang, 2005;Veksler, 2008), the enforce-
ment of object compactness (Daset al., 2009) or connectivity constraints (Vicenteet al.,
2008), and subject-specific anatomical atlases (Doanet al., 2007; Wolzet al., 2009).

Some authors propose to use graph cuts for bone separation after segmentation. Gradyet
al. (2005) presented a method to enforce a cut that minimizes theisoperimetric ratio of
the objects for bone-vessel separation. Liuet al. (2008) applied a multi-labeled graph cut
with a non-uniform weighting scheme for foot bone separation. The weights were based
on a connectivity measure between adjacent voxels, particularly preventing incorrect cuts
in the middle of bone. However, no additional information such as intensity was included
in the separation process.

A known problem of graph cut optimization is the segmentation of thin structures (Vicente
et al., 2008) as well as a bias towards shorter segmentation boundaries (Gradyet al., 2005;
Veksler, 2008). Another important issue is the optimal parameter selection. Usually each
image has a different set of optimal parameters and significant user interaction may be
required if parameter settings are far from optimal (Peng and Veksler, 2008).

2.3 Prerequisites

2.3.1 Flow Networks and Graph-Based Energy Minimization

A 3-d image can be transformed in a directed graphG(V,E) by associating the image
voxels to the nodes ofV and connecting neighboring voxelsv, w with edges(v, w) con-
tained inE. A graph defines a flow network by assigning weights or capacities c(v, w)
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to the edges. The network contains additional nodes that arecalled sources and sinks, or
terminals. Lets be a source that produces andt a sink that consumes flow. The maximum
flow from s to t is determined by the edge weights, since the amount of flow along an
edge must not exceed its capacity. The dual to the problem of finding the maximum flow
in G is to find the cut ofG with minimal capacity. The minimum cut ofG is a partition
of V into two subsetsS andT = V − S such thats ∈ S andt ∈ T while minimizing the
capacity of the cut edges(v ∈ S,w ∈ T ). Several polynomial time algorithms exist to
solve the problem of finding the minimum cut of a graph (Kolmogorov and Zabih, 2004;
Cormenet al., 2001).

Recently, Kolmogorov (2003) demonstrated that graph cuts can be applied to solve 2-d
and 3-d segmentation problems in computer vision. The simplest type of this problem
a is a two-label or binary classification where each image voxel is either assigned to the
foreground or background. This segmentation problem can besolved by minimizing the
standard energy function (Kolmogorov and Zabih, 2004)

E(f) =
∑

v

Dv(lv) +
∑

v,w∈N :lv 6=lw

Vv,w(lv, lw) (2.1)

wherev is an image voxel andN is the set of pairs combiningv with an adjacent voxel
w. FunctionDv(lv) is the data cost function that measuring the costs for assigning voxel
v to label lv. FunctionVv,w(lv, lw) evaluates the costs for assigning voxelv to label lv
and neighborw to lw (i.e. smoothness costs). In case of a two-label segmentation prob-
lem, labelslv, lw are either denoted bybackgroundor foreground. The energy function
of Equation 2.1 can be represented as a flow network and minimized by graph cut opti-
mization (Kolmogorov and Zabih, 2004). In the graph, the labels of the energy function
are denoted by the terminalss and t, and the smoothness costs are expressed by the
edge weightsc(v, w) between neighboring voxelsv andw. To encode the data costs in
the graph, virtual edges(v, s) and (v, t) are introduced to connect each voxelv to the
terminalss and t, respectively. The corresponding edge weightsc(v, s) andc(v, t) in-
dicate the cost of assigningv to eithers or t analogues to the data costs in the energy
function. By setting these weights to either zero or infinitecosts allows the definition of
user-defined hard constraints to indicate that certain voxels definitely belong to a specific
label. Hard constraints are used to reduce the optimizationsearch space of feasible seg-
mentations (Boykov and Funka-Lea, 2006). Finally, the minimum cost cut represents a
labeling which minimizes the given energy function.

2.3.2 A Sheetness Measure for Bone Enhancement

Our methods perform a local structure analysis around each voxelv in the data set to ob-
tain a certainty measure whetherv belongs to the cortical bone layer or not. The measure
is calculated in a pre-processing step by applying a bone enhancement filter. The idea
of this filter, introduced by Descoteauxet al. (2006), is to obtain a local shape descriptor
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by performing an Eigen decomposition of the3× 3 Hessian matrix. The Hessian matrix
represents the second-order derivatives aroundv. The eigenvectors and eigenvalues of
the matrix correspond to the local principal directions andprincipal curvatures. Thus, the
three eigenvalues|λ1| < |λ2| < |λ3| can be used to determine the degree of planarity or
sheetness of the local structure. A sheet-like structure isfound if λ1 andλ2 are close to
zero whileλ3 is significantly larger. The sheetness of a voxel is typically high for the
cortical bone layer. To optimally capture corticalis of varying thickness, the measure is
calculated for different scales as follows (Descoteauxet al., 2006)

S = max
σ∈Σ

S(σ)

{

0 , if λ3 = 0

(1− exp
(

−R2
n

2γ2

)

)(exp
(

−R2
s

2δ2

)

)(1− exp
(

−R2
b

2ǫ2

)

)
(2.2)

whereΣ is a finite set of scales andγ, δ, andǫ are weighting factors. Equation 2.2 relies
on three ratios:

Rs =
|λ2|

|λ3|
, Rb =

|(2|λ3| − |λ2| − |λ1|)|

|λ3|
, Rn =

√

λ2
1 + λ2

2 + λ2
3.

The weighting factorsδ andǫ are both set to0.5 (Descoteauxet al., 2006). Parameterγ
regulates the noise suppression termRn and is manually defined as described later.

2.4 Outer Bone Boundary Segmentation of the Forearm
using 2-d Energy Minimization

The key idea of this segmentation approach is that the algorithm identifies the radius
and the ulna in a slice by slice fashion in axial direction, starting from an initial slice.
This allows to incorporate prior knowledge, gained from previously segmented slices,
in the segmentation process. As a consequence, the calculated costs for the graph cut
optimization are distinct enough to solve the energy minimization without incorporating
user-defined constraints. A positive side-effect of the slicewise approach is that the area,
where the graph cut has to be applied, can be narrowed down to asmaller image patch
since the extent of each bone in the previously segmented slice is known. This is runtime
efficient and very memory friendly compared to algorithms which have to process slices
or 3-d data sets as a whole.

2.4.1 Initialization

At first, the segmentation algorithm has to be initialized since no prior knowledge is avail-
able at this stage. For initialization, the start slice has to be chosen and an initial labeling
of the bones of interest in this slice has to be provided. As demonstrated in Figure 2.3a,
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the center slice of the data set is a good choice as a starting point because the bone den-
sity is strongest in the middle part of the diaphysis and the bones have a large inter-bone
spacing. In order to determine the start slice, it is assumedthat the imaged anatomy
corresponds to the forearm which allows to select the middleslice of the data set. The
initial 2-d segmentation of radius and ulna can be achieved by global thresholding due to
the high contrast between the diaphyses and the soft tissue.All voxels with an intensity
below 400 HU are regarded as background. Thereafter, a connected component labeling
algorithm (Gonzalez and Woods, 2007) is applied where the two largest components are
supposed to be the bones of interest. The resulting label image, shown in Figure 2.3b,
consist of three different values in order to distinguish background, radius and ulna.

After initialization, the steps of the segmentation algorithms are as follows.

1. Starting from the center slice, radius and ulna are simultaneously segmented by ap-
plying the slice-wise segmentation in both z-directions asdescribed in Section 2.4.2.

2. The segmentation result of each slice is updated to prevent potential leakage be-
tween radius and ulna as explained in Section 2.4.3.

3. The extraction of a bone is terminated, when the number of identified bone voxels
for this component falls below a certain threshold (i.e. 20 voxels) in the currently
processed slice.

4. The 2-d label images based on the segmentation result of each slice are combined
into a labeled 3-d data set. Thereafter, the outer bone boundary is extracted with the
method outlined in Section 2.4.4.

(a) (b)

Figure 2.3: Initialization of the slicewise segmentation algorithm.(a) The center slice of
the data set is used for the initialization. (b) The segmentation result is stored in a label
image with three labels for background (black), radius (green), and ulna (red).
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2.4.2 Slicewise Segmentation

At first the image patches of the radiusPr and the ulnaPu, where the actual segmentations
are applied for each bone, are determined for the current slice. To this end the bounding
rectangles of radius and ulna are calculated based on the segmentation result of the previ-
ous slice. The new patches are obtained by enlarging each bounding rectangle by a factor
δ, which must be large enough to cover the size change of the bone between two slices.
We setδ to two times the slice-spacing.

In each patchP , the encompassed bone has to be segmented. Therefore, we want to find
the optimal labeling that assigns a voxelv ∈ P either labelboneor tissueand mini-
mizes Equation 2.1. In the following sections we introduce appropriate data and smooth-
ness cost functions that are used to segment the bones via graph cuts.

Data Cost Function

In a traditional graph cut approach, global intensity distributions of bone and tissue, often
calculated from manually positioned seeds, are used to set up the data costs for all remain-
ing voxels. This is time-consuming in our case, since the intensities of both bone and soft
tissue vary significantly dependent on their position. Therefore, we have developed an
accurate estimation of the intensity values of bone and tissue, calledintensity distance
maps, which also encodes spatial information.

Intensity distance maps:

Intensity changes between two slices are relatively small in a local neighborhood, since
the shape of radius and ulna varies slowly in axial direction. Based on this observation,
intensity priors for bone and soft tissue are calculated from the previously segmented
slice. The bone prior combines spatial and intensity information in a 2-d intensity map
Ψb to predict the bone intensity on the next slice. To this end, the mean intensity for
each bone-labeled voxel of the previously segmented slice is calculated by averaging the
intensity value of each bone-labeled voxel in a certain neighborhood (i.e.5×5). The mean
values are stored in the map according to the 2-d positions ofthe corresponding voxels.
A modified distance transform is then applied to the map. Instead of storing a distance
at each map position, the mean intensity of the nearest bone-labeled voxel is stored. In
the same manner an intensity mapΨt for soft tissue, which surrounds the segmented
bone, is generated. The distance maps are efficiently computed with a two-pass sweeping
scheme (Joneset al., 2006). Using the proposed intensity maps, intensity estimates of the
nearest bone- or tissue-labeled voxel can be extracted in constant time.

A cost function only relying on intensity maps might not be distinct enough if intensity
differences between soft tissue and bone are too small. Therefore, the intensity measure is
combined with the precomputed sheetness measure defined previously in Equation 2.2. In
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all experiments, the sheetness was computed on a single scaleσ = 1.0 mm, corresponding
to the average thickness of the corticalis near joints. An evaluation over multiple scales
was not required, since only the extraction of the outer boneboundary is targeted. The
noise termγ was determined experimentally and set to 125. The total datacosts for a
voxelv with intensityIv and labellv ∈ {tissue, bone} are

Dv(lv) =







(
|Iv−Ψb(v)|

σ

)β (
1− S̄(v)

)1−β
, if lv = bone

(
|Iv−Ψt(v)|

σ

)β

S̄(v)1−β , if lv = tissue
(2.3)

whereΨb(v) and Ψt(v) are the intensity maps for bone and tissue.S̄(v) denotes the
sheetness function normalized between 0 and 1, andσ is a normalization factor for the
intensity term which was set to|Ψb(v)−Ψt(v)|. A scaling factor ofβ = 0.8 was used in
all experiments.

Smoothness Cost Function

Smoothness costs are used to define spatial coherence which is done by penalizing dis-
continuities between adjacent voxels. In our experiments,standard intensity-based cost
functions required significant parameter adjustment according to the data to prevent leak-
age into surrounding tissue. We therefore propose to incorporate a shape prior as well as
the sheetness of neighboring voxels in the smoothness function to support the detection of
region boundaries. The smoothness valueS(v) of a voxelv is typically high at the cortical
layer, while being low for soft tissue. For two adjacent voxels v andw, wherev is labeled
asboneandw astissue(lv 6= lw), |S(v) − S(w)| is high at the bone boundary. In order
to favor cuts near the boundary, the smoothness cost has to besmall if |S(v) − S(w)| is
high.

The shape of the cortical bone surface is also incorporated into the smoothness term by
using a shape prior based on a level-set template as proposedin (Freedman and Zhang,
2005). The template is defined by the boundary of the segmented bone of the previous
slice. LetΦ(v) be a function that returns the distance ofv to the template boundary. Then
Φ(v) + Φ(w) is small when both voxelsv, w lie near the template boundary, as desired.
The distance query for eachv is efficiently performed by querying the distance map. The
map is generated on-the-fly from the boundary of the segmented bone in the previous
slice. Combining both measures, the smoothness costs for adjacent voxelsv, w and labels
lv, lw ∈ {tissue, bone} are defined as

Vv,w(lv, lw) =







α (1.0− |S(v)− S(w)|)β
(

Φ̄(v)+Φ̄(w)
2

)1−β

, if lv 6= lw

0 , otherwise
(2.4)

whereΦ̄ represents the shape prior, normalized between 0 and 1. Parametersα andβ
were set to0.1 and0.5 in all our experiments.



22 2. BONE SEGMENTATION FROM CT

2.4.3 Handling Direct Contact

The articular space between radius and ulna is extremely narrow which can appear as
direct contact in the CT images. It would require a strong increase of the smoothness
cost in order to prevent leakage in this area. On the other hand, this leads to incorrect
segmentation results at weak, thin boundaries. Our graph cut algorithm is therefore ap-
plied without strong boundary constraints. Potential leakage between radius and ulna is
corrected in a separate step by applying an additional graphcut with modified data and
smoothness costs.

All voxels that are labeled as object in one image patch but actually belong to the bone
in the other image patch should be labeled as background (andvice versa). Therefore
a criterion has to be found which measures whether a voxel belongs to the radius or the
ulna. Intensity differences in the contact area of the two bones were not significant enough
in our data sets. A better approach was to detect sparse connections (i.e. bottlenecks)
between the segmented radius and ulna, since the contact area of the bones is typically
small compared to the overall shape.

These bottlenecks can be identified using graph network flowsby analyzing the max-
imum possible flow between both bones. To this end, an additional graph cut will be
initialized only based on bone-labeled voxelsvb and corresponding binary labelslvb

∈
{radius, ulna}, yielding a separation between radius and ulna.

The graph is only created if contact between radius and ulna is possible. This is verified by
testing whether the patches of radius and ulna do intersect.If an intersection is detected,
the graph is generated from all non-background voxels from the current and the previous
slice. The previous slice allows to include 3-d adjacency information in the optimization.
Additionally hard constraints for voxels definitely belonging to one of the bones are au-
tomatically defined. Hard constraints for the radius are setfor all radius-labeled voxels of
the patchPr−1 from the previous slice and, additionally, for voxels inPr which are not
contained inPr ∩ Pu. The hard constraints for the ulna are set correspondingly.For all
voxels inPr ∩ Pu the data costs of both labels (i.e. affinity to radius or ulna) are set to
infinity in order to enforce an optimization only based on smoothness costs. The data and
smoothness cost functions are given by Equation 2.5 and Equation 2.6, respectively.

Dvb
(lvb

) =







0 , if vb ∈ Pr−1 ∪ (Pr \ Pu), lvb
= radius

0 , if vb ∈ Pu−1 ∪ (Pu \ Pr), lvb
= ulna

∞ , otherwise

(2.5)

Vvb,wb
(lvb

, lwb
) =

1

||v − w||
(2.6)

. The smoothness cost function performs a uniform weightingof the edges normalized by
the Euclidean distance in order to take anisotropic data into account. The weighting en-
forces a cut which has the minimum number of connecting edgesas desired. The labeling
after separation of radius and ulna represents the final segmentation for the current slice.
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2.4.4 Generation of the Outer Bone Boundary

The outer bone boundary is extracted from each segmented slice. Thereby, a closed bone
boundary, not touching the image border, is assumed. In the first step a connected compo-
nent labeling with 8-neighborhood adjacency is applied to identify the background region.
The background is considered as the region connected to the image border. The comple-
ment of the background represents the filled bone components. The bone boundary can be
defined as the set of bone component voxels which are adjacentto the background region
within an 8-neighborhood.

2.4.5 Results and Discussion

The automatic method was tested on19 high-resolution CT data sets of cadaver forearms
in different pro- and supination positions. The inter-bonedistance varies during forearm
movement and therefore the algorithm must be capable of segmenting forearms in differ-
ent poses. A commercial CT scanner (Philips Brilliance 40) was used for data acquisition.
The in-plane resolution of all data sets was0.29×0.29 mm (512×512 pixel). The number
of slices ranged from803 to 874, with a slice-thickness/slice-spacing of0.67/0.33 mm.
For all scans, the forearms were aligned with their longitudinal axis parallel to the scan-
ner’s z-axis.

On average, the algorithm processed8 slices per second on a Pentium 4, 3.2 GHz, re-
sulting in an average runtime of103 ± 5.4 sec, not including the precalculation of the
sheetness image which took180 sec. The graph generation and the graph cut optimiza-
tion for segmentation and separation were performed in 24 sec for both bones. Finally,
the on-the-fly generation of the 2-d distance- and intensitymaps took 19 sec on average.

Radius and ulna were successfully segmented without any user interaction in all experi-
ments. The algorithm successfully tackled the major challenges of forearm bone segmen-
tation, the detection of weak boundaries near joints and thecorrect separation of radius
and ulna. An example of a generated 3-d model of the forearm bones, obtained from the
extracted outer bone boundary is shown in Figure 2.4.

For evaluating the accuracy of the segmentations, we have compared the outer bone
boundaries with manual extractions. The average mean distance error was0.19±0.26 mm,
and the average of the maximum distance in the19 data sets was 1.9 mm. The maximum
error occurred on the proximal ending of the bones as depicted in Figure 2.5. Some parts
of the radius head, having very low intensity, were missed bythe algorithm. The segmen-
tation of the ulna also differed from the manual segmentation as indicated by the arrow
in Figure 2.5b. In this case it is, however, difficult to assess which parts in the inter-bone
spacing belong to the ulna, to a carpal bone, or to noisy soft tissue.

We have compared the results of our method with different bone segmentation techniques
as a watershed transform (Hahn, 2005), a deformable model method (Yushkevichet al.,
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Figure 2.4: Surface models of segmented radius and ulna.

(a) (b)

Figure 2.5: Comparison of the 2-d segmentation method with a manually extracted
boundary. The white contour represents the segmented outerbone boundary of a man-
ual segmentation (a) and the 2-d method (b). White arrows indicate the position where
the maximum segmentation error occurred.

2006), and a standard graph cut approach. None of these approaches were able to segment
weak boundaries without larger discontinuities as demonstrated in Figure 2.6. The inter-
active watershed technique of Hahn (2005) is based on manually placed markers which
define the separate regions (i.e. radius, ulna, tissue). Thresholding was applied for the ac-
tual segmentation. As shown in Figure 2.6b, the performanceof the algorithm in detecting
weak boundaries was poor due to global thresholding. Similarly, the deformable model
approach using level sets (Yushkevichet al., 2006) missed some weak bone boundaries.
The deformable model was initialized by several spheres, defined in the cortical bone
layer. The spheres were deformed according to external forces obtained from a feature
image. As demonstrated in Figure 2.6c, the algorithm failedto converge into thin corti-
cal regions due to weak image forces. We have also tested our method using conventional
intensity-based energy functions (Boykov and Funka-Lea, 2006) as depicted in Figure 2.6.
The probability of a voxel being bone or tissue was based on intensity histograms. No
additional constraints as user-defined seeds were included. An example of our segmen-
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tation result is given in Figure 2.6e, demonstrating the advantage of our method due to
incorporated sheetness and spatial intensity information.

(a) (b) (c) (d) (e)

Figure 2.6: Segmentation of the radio-ulnar joint with weak boundary.The identified
outer bone contour is shown in white. (a) Unsegmented patch.(b) Watershed segmen-
tation (manual thresholding of the original data masked by the watershed basin). (c)
Active contour segmentation. (d) Graph cut using histogram-based probability. (e) Our
approach.

A correct segmentation of the radioulnar joint, comprisingthe correct separation of bones
with extremely narrow inter-bone spacing, was achieved forall data sets due to the ad-
ditional separation step incorporating hard constraints.The tested watershed algorithm
yielded also correct separation without leakage. As depicted in Figure 2.7, neither the
deformable model nor the standard graph cut was able to individually segment the bones
without leakage in any data set. However, the conventional graph cut algorithm would
allow a correct bone separation if additional user-defined constraints would be incorpo-
rated.

(a) (b) (c) (d)

Figure 2.7: Joints with narrow inter-bone spacing. The resulting outer bone boundary is
shown in white. (a) Unsegmented patch. (b) Active contour segmentation. (c) Graph cut
penalizing intensity differences. (d) Our approach.

Our approach of processing the data set in a slicewise fashion yielded very accurate pre-
diction of the intensity and shape of the bone for subsequentslices. Nevertheless, small
gaps in thin parts of the bone boundary were observed in a few cases. A reason for these
errors might be the bias of graph cuts to favor compact regions. Since the boundary
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discontinuities did rarely occur (i.e. 1-2 slices per data set) and were small-sized, mor-
phological operators were applied for closing.

While the 2-d approach allowed an automatic segmentation inhigh resolution data, its
performance for lower resolution data or different anatomyis limited. Particularly, the
correct separation of neighboring bones is not always achievable in a more general setting.
In a forearm CT scan with high axial resolution, narrow inter-bone spacing only occurs
between the forearm bones, while the removal of more distantbones was ensured by
low smoothness energy. A stronger increase of the smoothness would be required in
the presence of bones having a narrow spacing to the segmentation target. However,
without additionally defined constraints, high smoothnessenergy would overpower the
data costs resulting in a shrinking-effect of the segmentedarea. The shape prior decreases
this effect up to a certain degree. On the other side, a too strong prior would prevent
shape variation of the bone between two slices. Another limitation is the missing 3-d
connectivity information. While 3-d knowledge between twoslices is integrated via the
shape prior, no global optimization of the whole 3-d bone shape can be performed. Parts
belonging to the bone being segmented may be sparsely connected or split on a 2-d slice
while being connected in a 3-d neighborhood. As a consequence, a 2-d graph cut with
high smoothness costs would result in an incorrect segmentation of these parts.

Bone separation in axial direction is not considered in the current method. The spacing in
the distal and proximal forearm articulation was sufficiently large for a correct segmenta-
tion of the test data due to the high axial resolution. In general, the separation of bones
having a narrow spacing in axial direction must also be accounted for. Figure 2.8 shows
CT slices of the distal radioulnar joint (DRUJ), scanned with an axial resolution of2 mm.
The shape of the radius varies strongly between the two slices. The carpal bone appearing
in the second slice (see Figure 2.8b) is incorrectly identified as part of the radius by our
segmentation as demonstrated in Figure 2.8c.

(a) (b) (c)

Figure 2.8: Segmentation result of bones with narrow axial spacing. Two consecutive
slices of a forearm CT scan in 2 mm axial resolution are given in Figure (a) and Figure
(b), respectively. (c) Segmentation result of the second slice. The shape prior is outlined
in white. The appearing carpal bone is incorrectly segmented as part of the radius.
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2.5 Outer Bone Boundary Segmentation of the Forearm
using 3-d Graph-Based Energy Minimization

The method presented in Section 2.4 introduced strategies to tackle common difficulties
in bone segmentation with the use of graph cuts. However, oneof the main problems,
the separation of bones with narrow inter-bone spacing, wasonly partially solved (i.e. for
radius and ulna). In a general setting, separation between arbitrary oriented bones requires
to analyze the data in a 3-d context.

Therefore, our aim is to extend the proposed energy formulations to 3-d without the con-
straint to obtain prior knowledge from previously segmented slices. To this end, a pre-
segmentation (i.e. initialization) of the bone will be performed to include hard constraints
in the graph cut optimization. In this way, the need of a shapeprior in the smooth-
ness function is avoided. Additionally, hard constraints will allow to apply stronger
smoothness energy. The proposed method for pre-segmentation will be introduced in Sec-
tion 2.5.1.

Based on this initialization, the bone segmentation is performed by applying 3-d graph cut
optimization. The developed method is similar to the 2-d approach described previously
but several modifications are required. First, the generation of the intensity distance map
is performed differently in order to obtain intensity estimates without relying on the seg-
mentation of the previous slice. Secondly, the data cost function is adapted to include the
pre-segmentation in the optimization process. Finally, the previously defined smoothness
cost function is modified as well. These modifications will bedescribed in Section 2.5.2.

2.5.1 Initialization

Foreground hard constraints or seeds can be defined for voxels definitely belonging to
the bone being segmented in order to constrain the search space of the optimization. The
sheetness image can be used to obtain a pre-segmentation with less user interaction, since
most voxels being part of the cortical surface have a high sheetness value. To this end, a
method proposed by Harderset al. (2007) is applied where user-controlled region grow-
ing is performed on the sheetness image. While the method haslimited application for
accurate bone segmentation due to boundary discontinuities and leakage, it is well suited
as a pre-processing step to obtain an initial segmentation.An incomplete segmentation
with larger missing parts is sufficient for the graph cut initialization. Leakage into other
bones is avoided with a simple extension of the region growing algorithm. Addition-
ally placed barriers are used to constrain the region growing in order to coarsely exclude
regions where leakage can occur.

The same initialization procedure can be applied to define background seeds, enforcing
the graph cut optimization to classify certain regions as background. For instance, re-
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gion growing can be performed on parts of adjacent bones to support a correct separation.
However, in most cases only the definition of foreground seeds was sufficient for a suc-
cessful segmentation.

In the following, we denote byHCf andHCb the set of voxels which are defined as
foreground hard constraints and background hard constraints, respectively.

2.5.2 Segmentation

After specifying the initialization, the graph representation of the CT image has to be gen-
erated. Memory requirement is a major problem of graph cut segmentation in the area of
medical imaging due to the high amount of data (Sinop and Grady, 2006). Our implemen-
tation uses the forward star representation, which is memory efficient but more demanding
regarding runtime than other representations. Nevertheless, the required memory of the
flow network in this representation is 28 byte for a node (voxel) and 6 byte for each di-
rected edge, assuming the smallest capacity type (i.e. short, 2 bytes). As a consequence,
the flow network of a forearm CT scan in clinical resolution (e.g.512×512×500 voxels)
would require more than five gigabytes of memory.

In this early development stage we apply a simple method to reduce the amount of data
in order to allow the processing of huge data sets. The previously generated initializa-
tion is used to automatically determine a region of interest(ROI) which excludes irrel-
evant image regions. The ROI is based on the 3-d axis-alignedbounding box of the
pre-segmentation. The bounding box is enlarged in each direction of the CT’s coordinate
system by a user-defined value (e.g.1-2 mm) in order to ensure that all parts of the bone
are included. In case of long bone CT scan, the 3-d bounding box can be significantly
narrowed. The bone shaft is completely identified by the pre-segmentation due to its high
density. Therefore, the ROI can be minimized in this image part to exactly fit the shaft.
To this end, the ROI is defined in a slicewise fashion represented by 2-d bounding boxes.
The shaft region is coarsely assumed as being in the range of±35% of the bone length
with respect to the initial bounding box center. For shaft slices, the ROI is obtained by
calculating the bounding box per slice according to the pre-segmentation. The remaining
bounding boxes are set to the in-plane extents of the initial3-d bounding box. On average,
this method reduces the graph cut’s memory requirements andruntime by 50% and 80%,
respectively.

After graph generation, the data and smoothness costs have to be defined. Similar to
the 2-d method, intensity distance maps are included in the data cost function to provide
intensity estimation of bone and soft tissue. In order to generate the maps, voxels have
to be determined which most likely belong to the bone or soft issue, respectively. To this
end, global thresholding is applied to the sheetness image.The intensity distance mapΨ′

b

for bone is calculated from all voxels with a sheetness valueof 0.4 or higher.Ψ′
b is not

necessarily relying on voxels belonging to the targeted bone. Additionally, some parts
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of the spongy layer with a sheetness above the threshold may be included in the map.
However, the correct estimation of the intensity of the cortical layer is not influenced,
since the position of each voxel is encoded in the map. Corresponding toΨ′

b, the intensity
map for tissueΨ′

t is calculated from voxels being below a threshold of0.1.

Fore- and background seeds are also encoded in the data costsaccording to the initial-
ization. Additional background seeds are defined at the border of the ROI on each slice.
Finally, the new data cost function for each voxelv and labelslv ∈ {tissue, bone} is
defined as

Dv(lv) =







0 , if lv = bone, v ∈ HCf

0 , if lv = tissue, v ∈ HCb
(

|Iv−Ψ′
b
(v)|

σ

)β (
1− S̄(v)

)1−β
, if lv = bone, v 6∈ HCf ∪HCb

(
|Iv−Ψ′

t(v)|

σ

)β

S̄(v)1−β , if lv = tissue, v 6∈ HCf ∪HCb

∞ , otherwise

(2.7)

for a voxelv with intensityIv. Ψ′
b andΨ′

t denote the 3-d intensity distance maps. The
weighting factorβ was set to 0.8 in all experiments. The definition of the smoothness
costs differs from the previous approach as well. The sheetness term is modified to
exponentially penalize different sheetness values and combined with the conventional
intensity-based smoothness term. As discussed in Section 2.6, the sheetness term of the
smoothness function provides robustness against leakage.On the other side, the sheetness
measure is particularly dependent on the noise suppressionparameterγ. An increase of
theγ-value reduces the difference of the sheetness value between weak bone boundaries
and soft tissue. Therefore, additional information can be provided by scaling the sheetness
term with the intensity difference of adjacent voxels. Thisresults in a smoothness func-
tion, favoring cuts between adjacent voxels with differences in intensity and sheetness
values. The smoothness energy for two adjacent voxelsv andw is given by

Vv,w(lv, lw) =







α

(

e
− |S̄(v)−S̄(w)|

σS

)

·

(

e
− |Iv−Iw|

σI

)

, if lv 6= lw

0 , otherwise
(2.8)

whereσS andσI are normalization factors, controlling the sensitivity tosheetness and
intensity differences, respectively. A value ofσI = 50 andσS = 2.0 was used for the
outer bone boundary extraction of radius and ulna.

The smoothness energy is controlled by the scaling factorα. The choice ofα depends on
the contrast between soft tissue and the corticalis as well as on the quality of the initializa-
tion. Therefore,α is manually determined according to segmentation result. Starting with
low smoothness energy, the costs are increased until neither boundary discontinuities nor
leakage into adjacent bones occur. After determining the most correctα-value, the outer
bone boundary is finally extracted by applying the method described in Section 2.4.4.
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2.5.3 Results and Discussion

The clinical data consisted of ten forearm pairs (impaired and contralateral side) in dif-
ferent resolution. Most cases were acquired in high or medium resolution with a slice
thickness/spacing from 0.67/0.33 mm to 1.0/1.0 mm and an in-plane resolution of 0.17-
0.45 mm. The proposed method showed excellent results in allclinical cases.

In case of the cadaver forearm data, the segmentation accuracy was similar to the 2-d
method with an identical mean and maximum error of0.19 ± 0.26 mm and1.9 mm,
respectively. This demonstrates that the sheetness measure and the proposed intensity
distance maps allow an accurate segmentation without requiring prior knowledge as in the
2-d method. As depicted in Figure 2.9, the highest differences to the manual segmentation
were observed on the same slice as in the 2-d segmentation.

(a) (b) (c)

Figure 2.9: Comparison of the 2-d and 3-d segmentation methods with a manually ex-
tracted boundary. The white contour represents the segmented outer bone boundary of
a manual segmentation (a), the 2-d method (b), and the 3-d method (c). White arrows
indicate the position where the maximum segmentation erroroccurred.

The main benefit compared to the previous approach is the possibility to enforce a closed
bone boundary not leaking into adjacent bones by an increaseof the smoothness energy.
In Figure 2.10c and f, segmentation results of a forearm CT scan in 1 mm axial resolution
are shown, demonstrating the strength of the algorithm in detecting weak boundaries.
The corresponding slices of the provided pre-segmentations are shown in Figure 2.10b
and e, respectively. A low smoothness scalingα of 1.0 − 2.0 was sufficient to close
boundary discontinues in all data sets due to the quality of the pre-segmentation. As can
be observed, the pre-segmentation often leaks into the spongy bone. However, this results
only in the definition of additional foreground seeds in the bone interior, not affecting the
segmentation of the outer bone. Contrary, these seeds support the graph cut optimization
in enforcing a closed boundary and forming a compact bone region.
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(a) (b) (c)

(d) (e) (f)

Figure 2.10: Segmentation result of slices with a weakly pronounced cortical surface.
(a, d) CT slices. (b, e) Provided pre-segmentation. (c, f) Extracted outer bone boundary.

The separation of different bones is also steered by the smoothness term. Adjacent bones
were removed by a moderate increase of the smoothness costs by settingα to 2.0 − 4.0.
The approach of defining the ROI in slicewise fashion allowedto exclude most parts of
neighboring bones from the actual segmentation. Additionally, partially included bones
did frequently intersect the ROI boundary where backgroundseeds had been defined.
The segmentation result of two slices with narrow inter-bone spacing is depicted in Fig-
ure 2.11. A correct separation was achieved by settingα = 3.0, while lower smoothness
energy caused leakage into adjacent bones (see Figure 2.11d). To remove bones being
completely contained in the ROI as in the example of Figure 2.12a, either more smooth-
ness constraints have to be enforced or additional background seeds must be defined. In
contrast to the 2-d approach, a correct segmentation of low-resolution data was achieved
by an increase of the smoothness costs (i.e.α = 10) as demonstrated in Figure 2.12d. The
same result was obtained with lower smoothness costs (i.e.α = 3) by setting background
seeds for the adjacent bone.

The pre-segmentation based on the region growing approach allowed to obtain a good
initialization with less user interaction. Critical regions, which caused leakage into neigh-
boring bones, were coarsely excluded by placing seed-basedbarriers. A different initial-
ization strategy might be more efficient for other data wherethe manual exclusion of such
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(a) (b)

(c) (d)

Figure 2.11: Segmentation of bones with narrow spacing. (a, b) Initial CT slices. (c, d)
Segmentation result with a scaling of the smoothness energybyα = 3. Lower smoothness
energy caused leakage as denoted by the white contour in Figure d.

regions would be too time consuming. A comprehensive set of basic image segmentation
tools as masking, thresholding, or drawing, would facilitate the initialization procedure.

While our method targets the segmentation of a closed bone boundary, this characteristics
is not explicitly included in the energy functions. An extension of the energy functions
favoring a closed boundary would allow to use fewer hard constraints for an easier initial-
ization. Several 2-d methods were proposed to incorporate such requirements in the graph
cut optimization (Vicenteet al., 2008; Veksler, 2008). We have tested the method of Vek-
sler for several 2-d slices, showing promising results using only three to five foreground
and background seeds. However, it is difficult to fulfill the required shape constraints
for arbitrarily shaped anatomy. Additionally, an extension of the algorithm to 3-d is not
straightforward.

Another important point is the runtime efficiency of the method. Ideally, the segmenta-
tion result should be obtained in interactive time (i.e. a few seconds) to allow an efficient
testing of different parameters. However, the computational burden, particularly for the
processing of high resolution data, is still a limitation ofour method. On average, the
algorithm runtime for clinical CT scans with a resolution of1 mm was 98 sec. The cal-
culation of the sheetness image was performed in 35 sec, the generation of the intensity
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(a) (b) (c)

Figure 2.12: Comparison of the performance between the 2-d and the 3-d methods in the
segmentation of bones with narrow axial spacing. (a) Initial CT slice. (b) Segmentation
result of the second slice using the 2-d approach. The shape prior is outlined in white. (c)
Correct segmentation of the radius using the 3-d approach.

distance maps required 30 sec, the graph was constructed in 3sec, and the graph cut op-
timization took 25 sec. The peak memory usage for data in thisresolution was 600 MB.
The computational costs for the segmentation of high-resolution CT data were signifi-
cantly higher. The average runtime was 365 sec (i.e. 180 sec sheetness image, 90 sec
intensity map generation, 20 sec graph construction, and 75sec graph cut). Our approach
was able to process these huge data sets without reaching thetwo Gigabyte memory limit
of a process. The maximum memory consumption was 1.8 Gigabyte. So far, no runtime
and memory optimization of the algorithm was performed. A multi-level scheme as de-
scribed in (Sinop and Grady, 2006), a touch-expand approach(Lempitsky and Boykov,
2007), or a method able to efficiently process massive grids (Delong and Boykov, 2008)
would reduce computation time as well as memory requirements.

2.6 Cortical Shell Segmentation of the Forearm Bones

The graph-cut segmentation described previously in Section 2.5 was developed to accu-
rately identify the outer bone boundaries of radius and ulna. In principle, the same energy
function can also be applied to segment the entire corticalis since all voxels belonging to
the cortical layer are typically identified. Therefore, we have tested several configurations
of the graph cut algorithm to directly separate the corticallayer of radius and ulna from the
spongy interior, the surrounding tissue and from adjacent bones. However, none of these
approaches worked satisfying. The segmentation resulted in false positive detections in
the bone interior due to the highly textured spongy bone. Particularly, in the vicinity of
the corticalis, voxels of the spongy bone have intensity andsheetness values similar to
cortical voxels. The incorporation of additional background hard constraints in the inte-
rior reduced this error but resulted in boundary discontinuities. Moreover, an appropriate
pre-segmentation is difficult to obtain with little user interaction considering the fact that
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the initialization must not contain any interior voxels. Therefore, an alternative approach
is proposed in this section.

The cortical shell has a tubular shape with an outside boundary to the surrounding soft
tissue and an interior boundary to the spongy bone layer. Unfortunately, graph cuts per-
form poorly in segmenting such structures. A possibility toimprove the segmentation
performance in such cases, is the incorporation of shape knowledge in the energy for-
mulation. Zhu-Jacquot (2008) had demonstrated the efficiency of shape priors based on
simple geometric shapes, for medical image segmentations.However, in our case a more
flexible shape prior is required since the shape of radius andulna varies significantly in
axial direction.

The key idea of our approach is to perform the segmentation ofthe cortical shell in two
stages. The first stage will provide the separation of the bone of interest from surrounding
tissue and adjacent bones. Therefore, only the problem of differentiating between cor-
tical and spongy bone needs to be solved in the second stage. As to be demonstrated,
another advantage of this approach is that the segmentationresult of the first stage can be
used to automatically initialize the second stage. Therefore, the segmentation task can be
performed without extensive manual effort.

The first part of the algorithm is carried out by applying the outer bone boundary extrac-
tion according to Section 2.5. The sheetness image is precomputed and will be used in
both stages of the algorithm. Since the varying thickness ofthe cortical layer has to be
taken into account in the second part of the method, the sheetness image is calculated
for scales in aσ-range of0.75− 4.0. The appropriate noise-suppression of the sheetness
measure was experimentally determined according to the data, settingγ between 50 and
120.

After extraction of the outer bone boundaryB, the actual segmentation of the cortical shell
is targeted. The outer boundary will be used to generate a shape prior not relying on a pre-
defined geometry. To this end, a signed distance mapΦ is constructed from the boundary
voxels, encoding the outside of the boundary with negative values and the interior with
positive distances, respectively. The function of the shape prior is twofold. It prevents
incorrect segmentation of the spongy interior while preserving the shape of the cortical
layer. Additionally, we useΦ to define hard constraints for the graph cut optimization.
The graph cut setup is performed as follows.

1. The graph is constructed only for voxelsv′ lying onB (i.e. zero distance) or in the
interior (i.e.positive distance).

2. Foreground hard constraintsHC′f are defined for all boundary voxels.

3. Background hard constraintsHC′b are specified for each voxelv′ with Φ(v′) ≥
2.0 mm andS̄(v′) ≥ µSb

−3σSb
, whereµSb

is the average sheetness of the boundary
on the current slice andσSb

the standard derivation, respectively.
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4. Based on the intensity values of the foreground and background seeds, intensity
distance mapsΨ′′

b andΨ′′
t are generated for the cortical layer and the bone interior,

respectively.

5. The data cost functionDv′(lv′) =







0 , if lv′ = cortical, v′ ∈ HC ′f
0 , if lv′ = cancellous, v′ ∈ HC′b
(

|Iv′−Ψ′′
b
(v′)|

σ

)β (
1− S̄(v′)

)1−β
, if lv′ = cortical, v′ 6∈ HC ′f ∪HC

′
b

(
|Iv′−Ψ′′

t (v′)|

σ

)β

S̄(v′)1−β , if lv′ = cancellous, v′ 6∈ HC′f ∪HC
′
b

∞ , otherwise

(2.9)

is similarly defined as in Equation 2.7.

6. The smoothness energy of Equation 2.8 is combined with theshape priorΦ, yield-
ing functionVv′,w′(lv′ , lw′) =







α

(

e
−

|S̄(v′)−S̄(w′)|
σS

)

·

(

e
−

|I
v′

−I
w′ |

σI

)

·
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e
Φ(v′)+Φ(w′)

σP

)

, if lv′ 6= lw′

0 , otherwise
(2.10)

whereσP = 15 mm is used to normalize the distance prior.

To allow variations of the cortical thickness, the background seeds must not only rely on
the distance to the boundary but also on the sheetness valuesas defined in step 3. This
avoids the assignment of cortical parts, extending into theinterior, to the background
as illustrated in Figure 2.13. The sheetness image of Figure2.13a shows a region with
high sheetness values extending into the bone interior, indicating a thicker cortical layer.
Therefore, no background seeds must be set in this region.

The best ratio between allowed variation of the cortical surface and the suppression of
spongy parts is determined manually by applying multiple graph cuts with differentα-
values.
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(a)

HC′f

HC′b

(b)

Figure 2.13: Graph cut initialization for the segmentation of the cortical surface. (a)
Sheetness image. (b) Initialization. The regions of specified foreground seedsHC′f and
background seedsHC ′b are denoted in white and dark grey, respectively. The segmentation
of light grey voxels is determined by the graph cut.

2.6.1 Results and Discussion

The segmentation algorithm presented herein was the basis for the bone model generation
of patients who underwent a CAS planning with our tools.

Our proposed two-level approach, incorporating the correctly identified outer bone bound-
ary enabled us to specifically generate intensity maps for the cortical layer and the spongy
interior, respectively. The intensity of spongy parts close to a well pronounced corticalis
can be higher than the intensity of a weak boundary on the sameslice. However, the most
crucial part of the algorithm was the shape prior in order to remove incorrect segmen-
tation in the spongy layer. A weighting of the smoothness function favoring sheetness
differences in combination with a weak shape prior (i.e.α ≥ 3, σS < 1.5, σP = 15) were
sufficient to completely suppress the spongiosa in the data sets. An example of a seg-
mented cortical layer is given in Figure 2.14. The method could also cope with a cortical
layer of varying thickness or topology. A challenging example is shown in Figure 2.14c
where the corticalis forms the end of the proximal radius head which appears in the CT
slice as an additional cortical region in the middle of the bone marrow. Such regions are
not suppressed by the shape prior due to foreground seeds in subsequent slices. However
as shown in Figure 2.14d, high smoothness costs can result ina thinning or elimination
of cortical parts being farther away from foreground seeds.This bias towards a thinner
cortical layer is a limitation of our method.

Another drawback is the required manual adjustment of several parameters according to
the data. We have not found a single parameter setting working for all data sets due to
intersubject variability as well as a different signal-to-noise ratio. Ground truth segmen-
tations from multiple experts would enable us to perform a systematic analysis of the
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parameters. Additionally, it would allow an accuracy evaluation of the algorithm in fuzzy
regions.

A combination of our method with another segmentation technique, as a deformable
model approach, might be of advantage. While the performance of a manually initial-
ized deformable model was poor as discussed in Section 2.4.5, the extracted outer bone
boundary would provide an excellent initialization. A simple model with less parameters
could be constrained to grow in the interior of the bone according to image forces based
on intensity or sheetness values.
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(a) (b)

(c) (d)

Figure 2.14: Segmentation of the cortical layer. The cortical boundaryis outlined in
black. (a) distal slice,α = 5.0. (b) shaft slice,α = 5.0. (c) proximal slice,α = 5.0. (d)
proximal slice,α = 7.0
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2.7 Fractured Bone Segmentation of the Proximal Humerus

While the challenges for the segmentation of multiple bone fragments are similar as for
the forearm bones, we have chosen a different strategy. The main reason is the increased
manual effort which would be needed to segment the fragmentswith the previous meth-
ods. Particularly, the forearm segmentation method reliedon foreground/background seg-
mentation and thus on binary energy minimization which requires to carry out the seg-
mentation process separately for each fragment. An optimization based on multiple labels
would facilitate addressing this problem. However, a multi-label optimization cannot be
applied to large data sets since the memory consumption of the graph cut scales with
the number of labels. More noticeably, the introduced pre-segmentation step comprising
the definition of hard constraints is much more complex and time-consuming in case of
numerous fragments being in direct contact.

Therefore, a better approach for the segmentation of this type of data is to perform the sep-
aration of connected fragments as a post-processing step, requiring less user interaction
while being efficient in terms of time and memory requirement.

2.7.1 Fragment Segmentation

For the segmentation of the bone fragments, the algorithm described in Section 2.5 is
applied, with the difference that connected fragments are considered as a single compo-
nent if separate segmentation is not an option (i.e. too difficult or time-consuming). For
each component, the fragment boundary is extracted as for the forearm bones but dif-
ferent user-defined parameters are selected. The sheetnessmeasure is evaluated for two
scalesσ = {0.75, 1.0}, representing the average cortical thickness in the proximal part of
the humerus. In order to enforce suppression of the cancellous bone structure and image
noise, theγ-parameter is adjusted in a range between 60 to 150. Additionally, the weight-
ing of the sheetness term in Equation 2.8 is increased by choosing aσS-value below 1.0.

After segmentation, the resulting segmented components are combined in a labeling im-
age which will be used in the next stage of the algorithm.

2.7.2 Fragment Separation

This section introduces a method for the separation of segmented fragments which are
erroneously connected. This task can be described as a classification of all foreground-
labeled voxels obtained from the segmentation, into multiple sub-regions finally repre-
senting the separated fragments. Our primary aim is to perform this classification with
minimal user interaction. While some of the connections between fragments can be re-
moved manually on a per-voxel basis as in (Harderset al., 2007), the splitting of fragments
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by hand is usually very time-consuming due to potentially large contact areas or occluded
connections.

The key idea of the separation approach is the detection of bottlenecks between connected
pieces. Section 2.4.3 introduced an automatic approach to detect bottlenecks between
radius and ulna. In a more general setting, the number of connected pieces is not known
beforehand and a piece can be linked to multiple other fragments. We therefore propose
a semi-automatic method for fragment separation relying onthe manual identification of
fragments. Once the fragments are defined by the user, a multi-label graph cut algorithm
can be applied to automatically determine incorrect connections.

dǫ

dǫ

bottleneck

connected component analysis

surface extraction of components

graph setup (region growing & costs)

seed point placement

separation via graph cut

surface extraction of components

Figure 2.15: Workflow for the bone separation algorithm.

Our algorithm operates on two levels. The actual separationis performed on image data,
starting with the labeled binary image resulting from the segmentation. Iteratively, the im-
age is partitioned into sub-regions by the graph cut according to the manually identified
fragments. The second layer provides a graphical user interface, visualizing each frag-
ment as a 3-d triangular mesh in a distinct color. A Marching Cube algorithm (Lorensen
and Cline, 1987) is applied to generate the triangular mesh for each region.

The workflow of the separation method is outlined in Figure 2.15. In the initial step, a
connected component analysis is applied to the cortical layer to identify all non-connected
regions. Thereafter, the graph and surface representationof each region is constructed
from the image data. Connected fragments are identified by the user by placing seed
points on the surface mesh(es). The position of a seed point indicates the component’s
part which should definitely belong to a certain fragment. Thus, at least two seed points
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with different labels are required to split a component. Theplacement of seed points is
performed with the mouse. The 3-d position on the surface mesh is determined by finding
the intersection of the geometry and a ray, defined by the 2-d mouse position and a point
located from current the camera position (Schroederet al., 2004).

After placing the seeds, the data and smoothness costs are initialized as follows.

• Each seed pointpseedi
is mapped from global coordinates to image coordinates in

order to determine the corresponding nodevseedi
in the graph.

• In the next step hard constraints are set for all voxels located in a neighborhoodǫd
aroundvseedi

. The growing of the seed region is required, since the graph cut has
a bias towards shorter boundaries. To enforce the optimization to cut through the
bottlenecks as desired, the neighborhood must be chosen appropriately large. The
data costs of each voxelv and each labellv ∈ {0 . . . n}, wheren is the number of
differently labeled seed points, are given by

∀v with ||v − vseedi
|| < ǫd : Dv(lv) =

{

0 , if lv = i

∞ , if lv 6= i

The costs of the hard constraints can be efficiently initialized by performing region
growing in the graph, starting at nodevseedi

. The distance thresholdǫd is used as
a stop criterion.ǫd must not be larger than the distance from the seed point to the
bottleneck to be separated. Therefore, we have chosen a relative small threshold
value ofǫd=5 mm in our experiments.

• Finally, the smoothness costs between all adjacent voxelsv andw are set by the
smoothness function

Vv,w(lv, lw) =

{
1

||v−w||
·
(
S̄(v) + S̄(w)

)
, if lv 6= lw

0 , otherwise
(2.11)

In the 2-d method, a smoothing based on uniform weighting (scaled by the Euclidean
distance) was sufficient for the separation of radius and ulna, since the bones were only
sparsely connected. In case of fragments having a larger contact surface, an additional cri-
terion is required for a robust segmentation. We have achieved good results by including
the sheetness values of adjacent voxels in the smoothness function. Equation 2.11 favors
cuts where the sheetness values are low for both adjacent voxels. Since the sheetness is
high at the center of the cortical structure while falling off at the boundaries, connections
between two fragments do have slightly lower sheetness values. However, this assumes
that theσ parameter of Equation 2.2 must not include larger scales to avoid the merging
of adjacent fragment boundaries.

According to the partitioning of the graph cut, the labelingin the image as well as the
surface mesh representation is updated. The described process can be repeated if the
separation requires refinement as denoted by the blue arrowsin Figure 2.15.
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2.7.3 Results and Discussion

We have successfully applied the fracture segmentation andseparation method to nine
clinical cases. Four fractures were acquired in low resolution with a slice thickness/spacing
of 2.0/0.5 mm and five fractures in a higher axial resolution of 0.9/0.45 mm. The in-plane
resolution of the data sets was 0.23-0.35 mm.

The proposed segmentation and separation pipeline enabledus to generate fracture mod-
els of the tested data within a few minutes. An example of a segmented and separated
fracture is given in Figure 2.16. As can be observed in Figure2.16a and c, the main
challenge was the correct identification of diffused and connected fragment boundaries
due to the high noise level. Therefore, the smoothing energydefined in Equation 2.8
was weighted mainly relying on the sheetness measure. Whilethe sheetness measure al-
lowed to reduce these artifacts, most adjacent fragments were still connected and required
separation. Additionally, some spongy parts were misclassified as cortical bone in sev-
eral cases due to the low smoothness energy applied (i.e. α ≤ 2.0). These pieces were
removed in the separation part of the algorithm.

(a) (b) (c)

(d) (e) (f)

Figure 2.16: Fragment segmentation and separation demonstrated on a clinical case. Fig-
ure a and Figure d show two slices of the initial data. The fragments appear as being in
direct contact in the CT images. The corresponding segmentation result after separation
is given in Figure b and Figure e, respectively. Figure c depicts the result of the sheetness
measure applied to the CT slice of Figure a. Finally, Figure eshows the virtual fracture
model rendered as triangular meshes.
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The separation approach applied to the segmented fragmentswas runtime- and memory-
efficient. Dependent on the resolution of the data and the number of fragments, the run-
time of the separation algorithm was between 1.5 and 6 sec including graph generation.
The main advantage of the detached separation was the ability to render the current seg-
mentation result as a surface mesh. Particularly, the correct identification of minimally
displaced or highly connected fragments was facilitated compared to an image-based dis-
play of 2-d slices. The graph cut algorithm was superior in detecting connections between
pieces, yielding a separation with minimal user interaction. In most cases, only one seed
point per fragment was sufficient for a correct separation due to the incorporation of the
sheetness in the smoothness energy. As indicated in Figure 2.16c, the identification of
connections between fragments can be supported by analyzing their sheetness values
which are slightly lower compared to the cortical layer. Experiments have shown that
a separation without favoring cuts of lower sheetness values required significantly more
user interaction (e.g.3-4 seed points). However, in one case the separation of two parts
was not possible with our method since the contact area was too large (i.e. half of the
fragment’s surface).

The presented approach has several limitations. Very smallfragments, which are hardly
distinguishable from noise, were not detected by the segmentation method. One reason
might be that the response of the sheetness measure is too lowfor these parts. While
humerus fracture planning is primarily based on larger fragments, the identification of
very small fragments would give additional cues for the fracture reconstruction. For in-
stance, the neighborhood relation between parts is important in the planning process.
Another limitation of the segmentation part is that higher smoothness energy cannot be
applied if the pre-segmentation covers multiple fragments. An increase of the smooth-
ness would enforce the graph cut to completely connect the fragments. This limits the
ability to close boundary discontinuities. As mentioned previously, the main reason of an
initialization consisting of multiple fragments was the reduced manual effort. A different
initialization strategy, as adaptive region growing or watershed transform, might allow
a pre-segmentation of individual fragments with less user interaction. The accuracy of
extracted fracture surfaces has to be improved as well, since we have observed that frac-
ture surfaces of opposing fragments did not perfectly match. However, the segmentation
accuracy of the extremely narrow fracture surfaces is mainly limited by the resolution of
the CT image. Nevertheless, additional knowledge gained during planning could be used
to refine the segmentation. Since the accuracy of the anatomical model is of fundamental
importance for the planning outcome, a future direction of research has to focus on the
evaluation of the segmentation against a ground truth. Particularly, prior knowledge of the
fracture surfaces would give important insights for further development. In cadaver ex-
periments, a laser-scanning method could be used to obtain asufficiently accurate ground
truth of the fracture surfaces.

Also the proposed separation approach has drawbacks. The method relies on a connectiv-
ity analysis of the segmented binary image. As a consequence, a separation is difficult in



44 2. BONE SEGMENTATION FROM CT

the absence of bottlenecks due to large contact area betweenfragments. While the sheet-
ness measure incorporates intensity-based knowledge in the optimization, additional high
level information would improve separation in such cases. The analysis of the spongy
bone layer may give additional evidence for the optimal cut.Additionally, the known
cortical thickness and the surface normals between two overlapping surfaces could be in-
cluded to detect potential cut candidates. For the separation of merged fragments with
narrow inter-bone spacing, the corresponding voxels are assigned to one of the fragments
according to the graph cut result. The situation that connecting voxels do not belong to
any of the fragments is not considered. This can result in inaccuracies between separated
fracture surfaces. To determine voxels not belonging to thecortical surface would require
a local refinement of the initial segmentation result. This could be performed by incorpo-
rating the current fragment separation and vice-versa, theseparation could be improved
by locally modifying the segmentation near critical areas.



3
Computer-Assisted Reduction Planning
of Complex Proximal Humerus
Fractures

3.1 Introduction

In general, reconstruction of a fractured bone can be regarded as the task of assembling a
broken object. Such a problem arises in different fields beyond surgical reconstruction as
archeology, anthropology, chemistry, or mechanical engineering. In most of these areas
an accurate object reconstruction with little user interaction is desired. However, manual
reassembly can be a highly time-consuming task which is alsoerror prone. These limi-
tations had motivated the development of computer-based approaches which have proven
to be extremely useful and efficient. Dependent on the application, the requirements of
such algorithms vary significantly. For instance, the geometry of the fragments depends
on the material of the original object as well as on the cause of the damage. Another
important factor is the quality of the fragment models whichis typically limited by the
spatial resolution of the collected data. Therefore, most algorithms including the methods
presented herein, are designed to solve a particular assembly task. The holy grail of object
assembly, an automatic but general-purpose algorithm for arbitrary broken solids, has not
been developed yet.

Data acquisition is always the first step to be performed in a computer-assisted assembly
approach in order to obtain a 3-d digital representation of the broken object. The type
of the collected data is critical for the assembly method to be followed. While various
acquisition techniques can be applied to broken solids suchas archeological artifacts, CT
scanning is currently the only method with tolerable invasiveness that allows the accurate
pre-operative assessment of bone geometry after a trauma. However, data acquired by
CT scanners are less accurate compared to other devices suchas laser scanners. State-of-
the-art CT scanners collect the data typically in an anisotropic fashion with an in-plane
resolution limited to 0.2 mm (Lipson, 2006). In contrast, high-resolution laser scanners
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as used by Pireset al. (2006) provide an isotropic accuracy of less than0.05 mm. The
limited resolution of CT scanners can cause the loss of important fine structural details.
Furthermore, CT imaging is known to be prone to artifacts (Barett and Keat, 2004) such
as partial volume effects. Difficulties occur particularlyin regions of rapidly changing
anatomy, resulting in increased noise near fracture surfaces.

After acquisition, the relevant data must be extracted to enable the generation of the frag-
ment models. In case of medical data, such a task can be extremely challenging since
the individual bone fragments must be identified and separated from other anatomy as
described in Chapter 2. This necessitates an additional segmentation step which may
introduce further errors to the data. As a consequence, the choice of the segmentation
method applied is crucial for the accuracy of the fragment models.

Once the virtual fragment models are constructed, the actual computer-based assembly
can be carried out. For our planning task, the surgeon is interested in knowing the dis-
placement and orientation change of each fragment from its initial post-traumatic position
to the supposed anatomically correct position after reconstruction. To this end, a trans-
formation has to be computed for each fragment, describing the rotation and translation
required to reduce the dislocation. These transformationscan be either determinedinter-
actively, or in ansemi-automatedor automatedfashion. In interactive methods the pieces
are manipulated by the user in a virtual environment. As a consequence, the accuracy of
the reconstruction and the required planning time are highly dependent on the experience
of the human operator. In contrast to this, semi-automatic and automatic approaches per-
form the challenging reassembly in an automated fashion, eventually requiring some user
input in other stages of the algorithm.

In this chapter, we will first introduce an interactive approach to the reconstruction of
proximal humerus fractures as well as a semi-automatic method. The ultimate goal of
the interactive method is to simulate the real-world assembly task as closely as possible,
where stereoscopic vision supports the accurate positioning of the pieces in 3-d space,
while the alignment between fragments is mainly governed bytactile cues. In a virtual
environment, the manipulation of objects is more difficult for the user in the absence of
depth perception and haptic sensation. Therefore, we have developed a immersive visuo-
haptic assembly system to provide haptic stimuli as well as stereopsis in order to facilitate
this task.

The second method presented herein performs the reduction planning almost automati-
cally, solely relying on object properties derived from therecorded data. In case of CT
data, the geometry of the bone fragments is the only available feature that provides an
indication of the anatomical correct fragment position. However, the reconstruction of a
fractured humerus head based on its cortical geometry is extremely challenging due to the
following reasons. After a fracture, a humerus head breaks into thin-walled cortical parts
since the corticalis is less compact near the joints. As a consequence, the fracture surfaces
are extremely narrow which makes robust alignment of corresponding surfaces between
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fragments difficult due to the limited resolution of the data. Furthermore, the shape of the
proximal humerus head is almost spherical and has only few prominent anatomical land-
marks. This often results in post-traumatic bone fragmentswhich are similarly shaped
pieces without salient anatomical features that would helpto constrain the set of poten-
tially correct positions. Therefore, we propose to use the contralateral humerus of the
patient as a reconstruction template in order to find feasible initializations. Based on
these initializations, the most correct reassembly is computed by applying registration
techniques.

This chapter is structured as follows. Related computer-assisted methods which can be
applied for bone fracture reconstruction are described in Section 3.2. In Section 3.3
an overview of the overall planning system is given. Thereafter, the interactive assem-
bly setup is presented in Section 3.4. Results of a first pilotstudy with clinical data are
discussed in Section 3.4.4. The semi-automatic assembly method is explained in Sec-
tion 3.5. For evaluation, the method was verified via cadaverexperiments and tested on
clinical data, as described in Section 3.6. A discussion of the semi-automatic approach is
provided in Section 3.7

3.2 Related Work

We have categorized the related work concerning the computer-assisted planning of frac-
ture reduction in three parts.

3.2.1 Semi-Automatic and Automatic Methods

A closely related work focuses on planning of fracture reduction of broken femur heads
was proposed by Okadaet al. (2009). Three different methods were proposed based on
iterative closest point registration (ICP). Fragments were registered either to the contralat-
eral bone, to fracture surfaces, or to fracture surfaces using the contralateral bone as a
constraint. The authors indicate that the first technique,i.e. the contralateral registration,
did not lead to satisfactory results due to wrong local minima after poor initialization.
The other two registration methods were proposed to overcome these problems. For ICP
registration of fracture surfaces, the regions of interestbeing target for registration were
manually defined by the user. Thereafter, the surfaces were sequentially registered in a
pre-defined order to the set of already registered pieces. A comparison to our method will
be provided in Section 3.7.

In Moghari and Abolmaesumi (2008), an automatic and efficient method for global regis-
tration of multiple bone fragments was proposed. Similar toour approach, the algorithm
comprised local and global registration steps. In the localstep, each fragment was ini-
tially aligned to an anatomical atlas of the bone based on a statistical model. To this end,
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a local point descriptor was introduced to identify potential corresponding points between
the fragment and the mean shape. The descriptor was based on anormalized quadratic
function which was fitted to the local surface patch around each point of interest. For
each candidate pair, a similarity transform was applied to match the fragment with the
template. To this end the point clouds of the corresponding parts were centered and ori-
ented according to their eigenvectors and eigenvalues. Thebest fit for each fragment was
determined by the similarity transformation yielding the smallest alignment error. After
local registration, simultaneous global alignment using Kalman filtering was performed
to accurately register all the fragments to each other and tothe template. The proposed
global alignment method demonstrated high accuracy in a cadaver study.

Although we did not explicitly test the coarse alignment method of Moghari and Abol-
maesumi (2008), we had performed experiments with different local point descriptors (John-
son and Hebert, 1999; Douros and Buxton, 2002). However, these descriptors led to a high
number of potential matches in case of smaller fragments originating from the humeral
head. More importantly, the coarse alignment of the corresponding regions,e.g.by a sim-
ilarity transform, was not sufficiently accurate to identify the correct fragment position in
some of these cases. Therefore, we propose to apply accuratesurface registration already
in the coarse alignment step.

Willis et al.(2007) proposed a reconstruction technique for highly fragmented long bones.
A segmentation method, briefly outlined in an abstract (Andersonet al., 2004), was ap-
plied to obtain anatomical fragment models. In contrast to our approach, the segmenta-
tion included the spongy bone in the assembly in order to avoid the alignment of narrow
cortical fracture surfaces. After segmentation, each fragment was classified into intact-
surfaces and fracture-surfaces using a two-class Bayesianclassifier based on CT image
intensities. In the next step the fracture-surfaces were manually subdivided to establish
pairwise correspondences between the fragments. An ICP algorithm with a modified error
metric incorporating the CT image intensity was applied forpairwise alignment. Finally,
multi-body alignment (Pulli, 1999) was performed for fracture reconstruction. The au-
thors stated that the manual definition of corresponding surface patches resulted in a very
robust alignment. However, we have experienced that a determination of correct corre-
spondences by visual inspection can be extremely difficult.The approach was tested for
a single case of a fractured tibia without accuracy evaluation.

Zhou et al. (2009a,b) improved several critical aspects of Willis’ method. Interactive
fragment manipulation was applied in order to obtain a sufficiently good initialization
for the registration of significantly displaced fragments,therefore relying on user input
to approximately determine the anatomical position of the fragments. The registration
and alignment of fragments was modified as well. The manuallydefined corresponding
surfaces were organized into groups representing the same fragment pair in order to pre-
vent oscillations in the pairwise registration. Additionally, geometrically stable subsam-
pling (Gelfandet al., 2003) was incorporated in the pairwise and multi-body alignment
steps to improve the registration of featureless surfaces.The performance of the algorithm
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was demonstrated on one clinical tibial pilon case acquiredfrom CT, as well as on several
artificially generated fractures based on bone replicas. The fragments of the replicas were
acquired with laser scanning equipment. For error evaluation, only the alignment error
of the registration was specified. As the authors mentioned,small fragments were not
considered for reconstruction.

Winkelbachet al. (2004) introduced an automatic assembly procedure for arbitrarily
shaped fragments. An efficient RANSAC approach was proposedwhere point pairs were
randomly selected for pose estimation and subsequent evaluation of the matching quality.
The method was evaluated for several objects including a femur and pelvis bone. Addi-
tional constraints had to be used in case of large smooth areas with similar regions on the
counterpart.

More recently, Winkelbach and Wahl (2008) proposed a cluster tree matching strategy to
find the transformation that maximizes the surface contact between two fragments. The
size of the contact surface was defined as the number of pointswhere both fragments
touch each other tangentially with respect to the surface normals. Basically, a candidate
transformation was obtained by assuming contact between some surface points of each
fragment,i.e. at least two corresponding point pairs and their normals arerequired to
solve the absolute orientation problem. A certain amount ofincorrect transformations
could be rejected by penalizing the intersection between the fragments. However, the
evaluation of the contact surface for all remaining transformations would lead to a com-
binatorial explosion as Winkelbach pointed out. Therefore, a clustering based on binary
trees was introduced in order to apply an efficient tree matching algorithm. The points of
each fragment were clustered according to their coordinates and normals, forming sub-
sets of similar location and orientation in a hierarchical top-down fashion. Thereafter,
the clusters of the trees were recursively matched. The matching was based on two key
ideas which allowed to efficiently determine a global solution. First, the contact between
points was re-defined at a coarser level than the contact between clusters. Based on cor-
responding cluster pairs instead of corresponding point pairs, candidate transformations
were computed to evaluate whether a contact between clusters was possible. This cri-
terion allowed to stop the top-down traversal before reaching the leaf nodes. Second,
an upper bound of the contact size was obtained in each tree level in order to prune the
search whenever the bound was worse than the current best match. The method was eval-
uated on two two-part bone fractures as well as on several other broken objects. Both
methods of Winkelbachet al. are based on determining the maximum contact between
fragments and additional constraints must be provided in case of thin fracture surfaces.
However, the definition of constraints usually implies to have some knowledge about the
relationship between fragments,e.g.the identification of opposing fracture surfaces or the
definition of the order in which fragments must be aligned. Incomplex fractures, such
correspondences are difficult to determine by the user.

Petterssonet al. (2008) performed automated template-based segmentation and registra-
tion in order to determine the dislocation of hip fracture parts. The used segmentation
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method, described previously in Section 2.2, allowed to obtain a deformation field for the
displaced fragment, representing the optimal deformationof the template according to the
target image. This deformation field was subsequently used to describe the relationship
between the bone parts for the final repositioning. However,the authors did not comment
whether patient-specific fragment displacement can be directly derived from these defor-
mation fields. After repositioning, the fracture fixation was simulated in a virtual drilling
system, providing visual feedback as well as three degrees-of-freedom force feedback.

Chowdhuryet al. (2009) presented a method for virtual craniofacial reconstruction of
two-part fractures using graph theory and geometric constraints. ICP was applied for
fragment registration. In contrast to the original ICP algorithm, a different strategy was
proposed to determine the point correspondences between the fragments, assuming small
initial translational and rotational displacements. To this end, complete bipartite graph
matching was used yielding a correspondence set wherein no two correspondences share
a common point to avoid distortion of the fracture shape. Theauthors also tackled the
problem of finding a global minimum of the registration by generating multiple initial
orientations of the fragments. A set of candidate initializations was constructed from the
fragments’ bounding boxes. Thereafter, local and global shape constraints were applied
in order to select the best initialization. The method was tested on five clinical data sets,
demonstrating improved accuracy and faster convergence.

A computer-aided planning method for reconstruction of thezygomatic bone, a paired
bone of the human skull, was introduced by Maubleuet al. (2006). The key idea of
the approach was to reconstruct the fractured bone with respect to the mirrored healthy
side of the skull, since the facial skeleton can be assumed tobe mirror-symmetric. The
mid-sagittal mirroring plane was manually defined according to anatomical landmarks.
Thereafter, a non-rigid registration method was used to align the mirrored model with
the bone structures surrounding the fragment. The fragmentdisplacement was finally ob-
tained by rigid registration of the fragment to the registered, mirrored side. The authors
mentioned that the registration may require manual initialization dependent on the degree
of dislocation. Computer-assisted planning was carried out on four clinical cases. Addi-
tionally, the accuracy of the method was evaluated on CT scans of seven healthy subjects.
To this end, a fracture was simulated by removing the zygomatic bone on one side of the
face. However, no details were given whether the bone was virtually displaced before
registration. The registration to the mirrored side showeda small average error of1 mm.
Obviously, the method of Maubleu is only suited for bones where mirror-symmetry can
be assumed.

Papaioannou and Karabassi (2003) presented a solution to the assemblage of solid broken
artifacts. As a preprocessing step, a region growing algorithm was applied to segment
each fragment into planar regions of similar orientation (i.e. fracture facets). Thereafter,
all possible combinations of fracture facets were aligned in a pairwise fashion using a
surface matching algorithm. Efficient matching was achieved by aligning the facets with
respect to their depth maps. Additionally, facet boundary curve matching in conjunction
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with intersection tests were incorporated in order to reduce the search space. In the last
step, the best assembly was obtained by determining the set of fragment combination that
resulted in the smallest accumulative matching error. The method’s main disadvantage
is the requirement of nearly planar fracture facets. This limits its applicability in the
alignment of cortical bone pieces which can be strongly curved.

3.2.2 Interactive Methods

The goal of interactive approaches is to provide a computer-assisted environment which
supports the user in the virtual assembly task. However, theactual fracture reduction has
to be carried out by the user himself by manipulating the position and orientation of the
fragments.

Harderset al.(2007) developed a visuo-haptic assembly system for the reduction of com-
plex proximal humerus fractures. A haptic device was used for the manipulation of the
fragments in the virtual space. Although the key advantage of a haptic device is its force
feedback capability, force rendering was disabled during assembly due to instability prob-
lems caused by inefficient collision handling. For the immersive visualization of the bone
fragments, stereoscopic rendering was provided by the system in order to improve the
user’s depth perception. The authors reported on four clinical cases, each successfully
reconstructed within 20 minutes.

Fornaroet al. (2007, 2008) presented a haptic-based tool for the intervention planning
of pelvic and acetabular fractures. The fragments were segmented using a commercial
software package. After the generation of the triangular surface models, mesh decimation
and noise reduction was applied. Virtual object manipulation was supported by provid-
ing visual and haptic feedback as well as stereoscopic rendering. An open-source library
based on axis-aligned bounding box trees was implemented for the collision detection be-
tween surface meshes. The overlap between colliding fragments was visually indicated by
coloring intersecting triangles. Haptic feedback was onlydisplayed in three translational
degrees-of-freedom. In addition to the interactive reduction, the framework allowed the
virtual adaptation of osteosynthesis implants. The authors gave no information on the
model sizes or the system performance.

Scheueringet al.(2001) introduced a volumetric approach to the interactiverepositioning
of two-part bone segments. The visualization of the fragments as well as the contact de-
tection relied on segmented CT images. In the first step of therepositioning, the principal
axes of both fragments were manually aligned. Thereafter, the fragments were interac-
tively translated and rotated with respect to their common axes. During manipulation,
potential object interference was monitored at interactive rates of 5 Hz. The collision de-
tection was performed by hierarchically testing oriented bounding box intersections be-
tween the pieces. Once the fragments were correctly repositioned, an optimization of the
fragments’ position and orientation was initiated, minimizing the inter-fragment spacing.
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Mehinet al. (2009) conducted a study targeting the modeling of percutaneous pinning of
proximal humerus fractures. Anatomical models of the proximal humerus were approx-
imated by simple geometric primitives. The humeral shaft and the humeral head were
represented by a cylinder and a sphere, respectively. The parameters of the geometrical
models were manually determined from MRI measurements of six healthy shoulders. Fi-
nally, the constructed models were used to evaluate variouspin configurations in order to
determine the ideal pin site entry and trajectory.

Peleget al. (2007) developed a computer-aided quantitative pre-operative planning tool
for fracture treatment planning. The system allowed to interactively manipulate the frag-
ments in space. Additionally, a virtual fracture fixation device and implants could be
placed to simulate the reduction. A commercial software based on finite element model-
ing was used to analyze the biomechanics properties of the implant after reduction.

Virtual Assembly Systems with Force Feedback

Beyond the medical domain, virtual assembly is one of the main applications of virtual
reality in product design and prototyping. A considerable amount of research was con-
ducted in this fields as described in a review by Sethet al. (2010). In this section, an
overview of these systems is given, since some of the techniques can be applied to frac-
ture assembly as well.

Several methods were proposed to perform assembly tasks using desktop-based haptic
devices (Guptaet al., 1997; McDermott and Bras, 1999; Couteeet al., 2001; Coutee and
Bras, 2002; McNeelyet al., 2005; Johnson and Vance, 2001; Sethet al., 2006; Cheng-jun
et al., 2007; Limet al., 2007b; Gautieret al., 2008; Kim and Vance, 2004).

Two PHANToMTM (SensAble Technologies Inc., USA) devices were used for object ma-
nipulation and force feedback in (Guptaet al., 1997). However, physically-based mod-
eling and force feedback was simplified to 2-d in order to guarantee interactive update
rates.

Couteeet al. (2001) and Coutee and Bras (2002) developed a test bed application called
HIDRA (Haptic Integrated Dis/Reassembly Analysis) offering force feedback in three
degrees-of-freedom. In the virtual environment, object manipulation was performed by
grasping the object with two virtual fingers represented by two PHANToMTM devices.
The implemented collision detection relied on convex decomposition of polygons. The
performance of the method was tested for scenes consisting of up to 17 parts. However,
the parts were represented in low resolution (< 1000 facets).

More recently, an assembly method using physically-based modeling was proposed by Howard
and Vance (2007). The system provided one- or two-handed force feedback rendered by
PHANToM OmniTM devices. Stereoscopic rendering using shutter glasses wasintegrated
as well. Physical object behavior was simulated by non-penetration constraints computed
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from colliding objects. The collision detection relied on alibrary based on axis-aligned
bounding boxes.

Lim et al.(2007b,a) developed a test bed to investigate and measure user interaction while
performing assembly tasks. The framework included a PHANToMTM device for object
manipulation and shutter glasses for stereoscopic viewing. Rigid body simulation in real-
time was achieved by incorporating the AGEIA PhysiXTM technology.

McNeelyet al. (1999, 2005) introduced voxel-based six degrees-of-freedom haptic ren-
dering to perform complex assembly tasks in real-time. A more detailed description of
this approach is given in Section 3.4.2. The voxel-based method of McNeelyet al. was
also used in (Johnson and Vance, 2001; Sethet al., 2006; Gautieret al., 2008) for collision
detection and physics calculation.

Gautieret al. (2008) presented a six degrees-of-freedom haptic framework for cooper-
ative prototyping such as car manufacturing. In the described task, two users had to
cooperatively insert back-seats in a car using haptic devices. Sethet al.(2006) performed
peg-in-hole tests with a dual-handed haptic interface.

Johnson and Vance (2001) described a virtual environment for general assembly (VEGAS).
However, no haptic feedback was provided by their framework. Kim and Vance (2004)
extended the functionality ofVEGASby incorporating a data glove. Additionally, the per-
formance of voxel-based collision detection was evaluatedagainst eight other methods.

In addition to the desktop-based systems, immersive, large-scale environments providing
tactile feedback were developed (Jayaramet al., 1999; Fröhlichet al., 2000; Wanet al.,
2004).

An immersive virtual assembly environment calledVADE was described by Jayaramet
al. (1999). In this environment, the user performed complex assembly task using the
hands as well as virtual assembly tools. The interaction between the user and virtual
objects was based on a glove device (i.e. CyberGraspTM) providing tactile feedback. A
polygon-based collision detection system and a physics engine were used for the simula-
tion of dynamic interactions. However, contact forces between colliding parts were not
displayed to the user. A similar framework for performing assemblies in a virtual work-
bench was described in Fröhlichet al. (2000). Their system supported multiple tracked
users and virtual tools. The behavior of interacting objects was controlled by physically-
based constraints.

Another method based on the CyberGraspTM was presented by Wanet al. (2004). The
developed multi-modal virtual assembly system (MIVAS) was based on a 4-sided CAVE
acting as the work space. The system integrated stereoscopic viewing, tactile feedback,
and sound feedback. Collision detection relying on oriented bounding boxes was applied
to compute tactile feedback forces.

The effects of force feedback, stereo vision, and co-located sensory modes on assembly
and positioning tasks were also examined in comparative studies (Adamset al., 2001;
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Volkov and Vance, 2001; Bloomfieldet al., 2003; Arsenault and Ware, 2000, 2004; Ed-
wardset al., 2004; Swappet al., 2006; Harderset al., 2006; Voet al., 2009).

Vo et al. (2009) investigated the benefits of haptics-based interaction for performing dif-
ferent assembly tasks such as weight discrimination, part positioning, and manual as-
sembly. The results showed that manual assembly was completed in less time if force
feedback was used. Moreover, the accuracy of the positioning task increased compared to
the assembly without force feedback. Similarly, Volkov andVance (2001) and Edwards
et al. (2004) concluded that the incorporation of a haptic device significantly reduced
completion times in assembly tasks.

The results of a study performed by Wallet al.(2002) demonstrated increased accuracy of
simple targeting tasks if force feedback and stereo rendering was included. Swappet al.
(2006) investigated whether co-location of visual and haptic sensory modes improves the
user’s ability for performing tasks in virtual reality simulations. The authors concluded
that co-location is an important-factor, significantly improving user performance.

Bloomfieldet al.(2003) evaluated the user performance on a disassembly taskusing three
different 3-d input devices. Disassemblies could be accomplished in less time with the
PHANToMTM device compared to CyberGraspTM and SpaceMouseTM.

A comparative study was described in (Harderset al., 2006). Three different six degrees-
of-freedom haptic interfaces were tested in a Tetris-like assembly system. None of the
three devices was clearly superior to the other. Adamset al. (2001) evaluated potential
advantages of force feedback for virtual training of a manual assembly task. In their
experiments, the subjects had to reconstruct a LEGOTM biplane model. In both stud-
ies (Adamset al., 2001; Harderset al., 2006), no significant difference in completion
times were observed between virtual reassembly with and without feedback.

3.2.3 Intra-operative Methods

Intra-operative computer-assisted techniques for fracture reduction guide the surgeon dur-
ing the operation to achieve an optimal outcome of the intervention.

A computer-assisted method, dealing with complex proximalhumerus fractures, was de-
scribed in (Bicknellet al., 2007). They reported on an experimental study for the treat-
ment of four-part fractures via a hemiarthroplasty. A CAS approach for the placement of
the hemiarthroplasty and the reduction of the tuberosity fragments was compared to the
traditional surgical technique. The reconstruction was based on manual measurements of
seven anatomical characteristics of the bone. Fiducial markers, implemented before CT
acquisition, were used for the registration of the pre-operative CT measurements with the
humerus during surgery. The evaluation was done on seven pairs of cadaveric shoulders
according to the derived anatomical measures. While the CASmethod seemed promising,
it improved accuracy only for one of the seven characteristics. The authors argued that
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the small number of specimens could be one of the reasons of the low statistical power
of the study. However, the main limitation of their technique appears to be the simplified
fracture model based on the anatomical landmarks, which required four large fragments
with easily recognizable patterns.

Apart from the projects described previously, a considerable number of methods for the
intra-operative reduction planning of femur shaft fractures exist; some of these being part
of comprehensive navigation (Mosheiffet al., 2005; Hazan and Joskowicz, 2003; Birk-
fellner et al., 2003; Joskowiczet al., 1999) and robot assisted surgery systems (Westphal
et al., 2009b,a; Zhi-jianget al., 2006).

Westphalet al. (2009a,b) proposed a robot assisted fracture reduction system for the
femoral shaft. Reduction was carried out by a robot attachedto the distal fragment. The
manipulation of the fragment was either performed autonomously or user-controlled via
telemanipulation. The telemanipulation system transferred the current fracture configu-
ration obtained by the navigation system, to a virtual scenewhich was presented to the
surgeon. The operator controlled the robot with a force feedback joystick. For com-
plex fractures, an automated reduction process was proposed. In contrast to the user-
controlled method, the virtual fragments were reassembledin order to compute the tar-
get pose of the robot. Two assembly methods were integrated in the system. The first
method (Winkelbachet al., 2004) was previously described in Section 3.2.1. The second
algorithm (Winkelbachet al., 2003) used the fact that the reassembled shaft has a cylin-
drical shape in order to estimate the longitudinal axis and the center of the cylinder. The
orientation and position of the longitudinal axis was estimated for each fragment using a
Hough-like voting schema. Since the surface normals of a cylinder are perpendicular to
its longitudinal axis, the orientation of all possible orthogonal vectors were accumulated
for each surface normal. The orientation with most votes finally determined the cylin-
drical axis. A similar strategy was followed to compute the cylinder origin. In the next
step, points belonging to the fracture surface were identified according to their normal.
Thereafter, the fragments were axially aligned and the fracture surfaces were registered
in a pairwise fashion. To this end, each fracture surface wasexpressed by a range image.
The rotation around the longitudinal axis corresponds to a shift in the range image which
allowed to determine the rotation with the best match. The translation along the cylin-
drical axis was computed according to the contact distance between the two fragments.
Finally, a constrained ICP registration was applied to optimize the previously calculated
transformation.

A fully automated approach for finding the periaxial rotation of two-part femur shaft frac-
tures was introduced in (Ronet al., 2003), incorporating the healthy contralateral bone.
The periaxial rotation was defined by a reference plane and four anatomical landmarks
being the two extremal condyle points, the femoral neck axis, and the longitudinal axis
of the femur. The landmarks were automatically extracted from the CT data of the con-
tralateral bone in order to compute its periaxial rotation.The periaxial rotation of the
fractured bone was computed differently since the bone length axis of the broken femur
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was unknown. Therefore, the axis was derived from the contralateral bone axis and ex-
trapolated into the distal fragment. For evaluation, fracture reductions were carried out in
cadaver experiments. The average difference between the periaxial rotation of the healthy
bone and the fracture after reduction was1.8◦. The technique was used for intra-operative
femur reduction in a CAS system called FRACAS (Joskowiczet al., 1999).

A pre- and intra-operative planning method for two-part femur fractures was presented
by Nakajimaet al. (2004). For the virtual repositioning, image-based registration was
applied in order to align the volumes of interests of the fragments to the mirrored, con-
tralateral bone. Two volumes of interest were manually defined in the CT image includ-
ing the proximal and distal parts, respectively. After registration, the target transforma-
tion between the proximal and distal fragments was used for intra-operative guidance.
The authors proposed to track the repositioning of the fragments with an optical sys-
tem. 2-d/3-d registration was performed for the registration of the pre-operative data with
intra-operatively acquired fluoroscopic images.

3.3 System Overview

Our overall planning framework is designed in a modular fashion as illustrated in Fig-
ure 3.1. The data flow through the different modules is represented by lines. Two dif-
ferent planning strategies are possible dependent on whether the contralateral anatomy is
available. The planning can be carried out in an automated fashion if the contralateral
geometry was acquired as denoted by the solid lines in Figure3.1. Otherwise, the bone
reconstruction is performed with the interactive planningenvironment denoted by the
dashed lines. Both assembly modules provide the fragments’displacement information
to the surgeon as the final planning result.

The input data for the first module, the segmentation part, are CT scans of a patient’s
fractured humerus head and the mirrored contralateral bone(if available). The humerus is
identified in the image by applying the graph cut segmentation method introduced in Sec-
tion 2.7. Thereafter, connected fragments being in direct contact due to the limited res-
olution of the data, are separated in the subsequent, user-controlled separation step as
described in Section 2.7.2. Finally, triangular meshes of the cortical pieces as well as of
the contralateral humerus are generated using the marchingcube algorithm (Lorensen and
Cline, 1987). In case of the tested clinical data, the maximum size of a fragment’s mesh
was2.5 · 105 triangles.

The semi-automatic reconstruction modules take the meshesof the fragments and the
model of the contralateral bone as input. Thereafter, the assembly is performed in two
consecutive registration steps. First, the overall best assembly with respect to the mir-
rored contralateral bone acting as a reconstruction template, is determined. The resulting
reconstruction is, however, not optimal due to possible anatomical differences between
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the contralateral sides. Therefore, the obtained transformations are only used as good
initializations for the second stage of our algorithm, the final reconstruction based on the
fragments’ fracture surfaces.

In the interactive planning environment the bone is reassembled by the user without rely-
ing on the contralateral anatomy. However, manual assemblymay take up to 30 minutes
due the overall complexity of the task.

Segmentation

segmented

fracture
CT fracture

mirrored CT 

contralateral bone

triangle meshes

fragments

aligned

fragments

Manual

reconstruction

triangle mesh

contralateral bone

segmented
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Contralateral registration Pairwise fracture surface 

registration

Global multipair alignment

Alternative:

Figure 3.1: Overview of the planning framework.

3.4 Interactive Fracture Reduction Planning

The main goal of our interactive system presented in this section is not to simulate every
detail of physical reality, but to build an intuitive environment for the virtual reassembly
process. The primary focus of the framework is on multi-modal interaction to increase
usability and reduce planning time. Therefore, we have integrated a haptic device to me-
diate communication between the user and the virtual environment. Haptic interfaces
are input-output devices providing positioning input and force-feedback output. Intuitive
positioning of bone fragments is achieved by manipulating the end effector (i.e. hap-
tic handle) of the device. Details on fragment selection andmanipulation will be given
in Section 3.4.1.

The main benefit of a haptic device is its force feedback capability, allowing the percep-
tion of contact forces between colliding fragments. This feature is extremely important
for the virtual reassembly to compensate for missing depth information. The rendering of
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forces,i.e. haptic rendering, comprises the simulation of the dynamic behavior of inter-
acting objects in order to compute the resultant feedback force. The integration of haptic
rendering into our system is described in Section 3.4.2.

In addition to haptic rendering, several other techniques can be applied in order to improve
the immersive capability of the system. In Section 3.4.3, weoutline such techniques being
integrated in our framework, as stereo rendering to improvedepth perception, and the
design of a setup to co-locate haptic and visual sensory modes.

3.4.1 Fragment Manipulation

The fracture’s fragments in their initial position are presented as 3-d models to the user in
the virtual scene. The interactive reconstruction is carried out by applying user-controlled
rigid transformation such as translation and rotation, in order to navigate the fragments to
their anatomical correct position. The haptic device offers six degrees-of-freedom posi-
tional control for object manipulation. Therefore, the object can be translated and rotated
with respect to three orthogonal axes. As in the real world, the virtual assembly task
consists of two operations: fragment selection and manipulation.

In order to initiate the manipulation of a certain fragment,the user has to select the tar-
geted object with the haptic device. For object selection, we have integrated the touch
technique described in (Forsberget al., 1996). The approach requires the user to navi-
gate the haptic pointer, representing the position and orientation of the haptic handle in
the virtual world, inside of the object to be manipulated. A touched object is visually
indicated by a rendered box surrounding the target. A buttonclick on the haptic stylus
signals the selection of the desired fragment. To virtuallyattach the object to the tip of the
haptic handle, the current position of the haptic pointer istranslated to the center of mass
(COM) of the model. Thereafter, the fragment is subsequently manipulated according to
the current relative configuration of the object and the haptic handle. An additional button
click signals the finished manipulation and causes the detachment from the tip.

In addition to the object manipulation, intuitive manipulation of the viewpoint is needed
during the planning. In our system, viewpoint transformations can be performed with the
haptic device whenever no object is selected for manipulation.

3.4.2 Haptic Rendering

The ultimate goal of haptic rendering is to provide force feedback to the user, allowing
the perception of contact forces between interacting objects during assembly. This entails
efficient collision detection between objects undergoing rigid motion. Since an update rate
of 1 kHz is recommended for most haptic devices for stable force rendering, thecollision
detectionbecomes one of the foremost computational bottlenecks in case of large data
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sets (Otaduy, 2006). Therefore, an efficient collision detection algorithm is one of the
key components of any haptic-based assembly system. The second core component is the
collision response, responsible for simulating the physical behavior of colliding objects
in the virtual environment. The response algorithm also computes the resultant feedback
force to generate a tactile representation of the object. Due to the critical importance of
these components, the remaining part of this section is dedicated to the collision detection
and response.

Our simulation environment is designed in a multi-threadedfashion to obtain high hap-
tic fidelity. As shown in Figure 3.2, the architecture of our framework comprises three
asynchronous loops:

Haptic Loop: The haptic loop controls the raw communication with the haptic device.
The transformation of the haptic handle (i.e. position and orientation in the haptic
workspace) and the button states are read from the device andstored in the shared
memory. Vice-versa, the force which has to be displayed to the user, is read from
the memory and send to the device. The process is decoupled from other computa-
tionally expensive tasks to ensure an update rate of 1 kHz.

Simulation Loop: Dependent on whether a fragment is manipulated, the simulation loop
has two different operation modes being theselection modeand themanipulation
mode. For the fragment selection described in Section 3.4.1, potential contacts
between the haptic pointer and the fragments have to be determined. The colli-
sion detection method to be presented, allows to determine such penetration tests
in constant time. During themanipulation mode, the fragment being transformed
is tracked by the collision detection algorithm. Whenever acontact between frag-
ments is identified, the resulting contact information is used to generate the collision
response and feedback force.

Graphics Loop: The main task of the graphics loop is to visualize the geometry of the
virtual scene according to the simulation. To this end, the current transformation of
each fragment is requested from shared memory. A graphical refresh rate between
30-40 Hz is required to give the impression of a continuous motion.

Collision Detection

In the medical domain, the primary field of application of haptic rendering is in surgical
simulation and training environments (Fager and von Wowern, 2005) where the haptic
handle represents a virtual surgical tool. The virtual toolis often simplified to a point
probe or a lower resolution model to perform collision in an efficient way. The main
challenge in these applications is to model the interactionwith deformable objects such
as soft tissue. In contrast, the task of fracture assembly ismore related to applications
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Figure 3.2: System architecture of the visuo-haptic assembly system.The algorithm
comprises three asynchronous loops denoted by grey rectangles.

in the aerospace or automotive industry due to the size of themodels. Visuo-haptic en-
vironments simulating the assembly of complex mechanical parts require to efficiently
determine collisions between rigid objects in high resolution. For such applications, dis-
cretization of the scene into voxels has been proven to be a practicable approach to achieve
real-time collision detection (McNeelyet al., 1999, 2005; Barbic and James, 2008). Such
methods are particularly applicable to medical data which are discrete and volumetric in
nature.

Therefore, we propose to use a hybrid approach combining a polygonal representation of
the objects for visualization with voxel-based collision detection (McNeelyet al., 1999,
2005) and response (Wan and McNeely, 2003) relying on the original image data. The
key idea of the voxel-based collision detection is based on the observation that the posi-
tion of the object being manipulated differs marginally between two appropriately small
time steps. In our case, the alignment of a fragment to neighboring pieces is particularly
performed with careful intent by the user. As a consequence,parts of the fragment being
in contact with other pieces in the current time step, will very probably remain in contact
in the next time step. Correspondingly, parts of the fragment having a large distance to all
other objects will hardly collide in consecutive time steps. Thus, significant speedup can
be achieved by testing only voxels where a collision is possible in the current time step.

The implemented collision detection method consists of three parts:

• A data structure to efficiently perform distance queries between voxels of the frag-
mentFm being manipulated and the remaining fixed partsFs =

⋃

i6=m

Fi.

• A mechanism to continuously monitor the distance betweenFm andFs over time.
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• A method to determine the required number of voxels that haveto be tested during
one time step of the simulation. The goal of this strategy is to perform the minimum
number of evaluations without missing any collisions.

Distance Queries

The discrete representation of our data allows to perform distance queries efficiently us-
ing 3-d distance maps (Joneset al., 2006). The distance maps are pre-computed from the
segmented image data. The data are present as a labeled 3-d data set where each label cor-
responds to a fragment of the fracture. In contrast to McNeely et al. (1999), the selected
object and accordingly the parts belonging to the static scene do change during assembly.
To enable the consecutive transformation of a fragment’s voxel representation while con-
sidering the remaining parts as fixed, the data set is broken down into subsets representing
the objects in their local coordinate systems. A margin of sixteen voxels is added to each
sub-volume, which will be later used to monitor the proximity between fragments before
the actual collision occurs. Along with each sub-volume, a list of all non-zero voxels and
their gradients is stored to provide rapid access to the voxels forming the object boundary.
Finally, the distance maps are generated from the voxel representation of the fragments.
While McNeelyet al.proposed to use integer distances for efficiency reasons, werepre-
sent the distance in millimeters as floating point values in order to account for anisotropic
data. In addition to the distance, the index of the nearest boundary voxel is stored to en-
able querying of the closest voxel in constant time. An example of the approach is given
in Figure 3.3.
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Figure 3.3: Example of the distance querying approach. The moving fragmentFm is
marked by large dots. The distance maps of the two static fragments are denoted byFj

andFk. The static maps in their local coordinate systems are transformed to global coor-
dinates and merged into entityFs (the merged space is indicated by the dashed rectangle).
Surface voxels are denoted as grey rectangles in the maps. The distance to contact is ex-
emplarily given in voxels. Dotted arrows indicate the margin added to the distance maps.
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Distance Tracking

It is essential for the efficiency of the method that only a small fraction of the voxel dis-
tances are updated per time step. Without introducing further constraints, each boundary
voxel ofFm may collide with the static environment in a worst-case scenario. This would
necessitate collision tests of all voxels in each time step.One possibility to minimize the
worst case number of evaluations is to limit the maximum speed of the object’s motion.
Let dmax denote a bound of the maximum distance, whichFm is allowed to cover during
a time step. We setdmax = ip/2.0 whereip denotes the in-plane resolution of the un-
derlying image data. Half the in-plane resolution is a conservative upper bound ofdmax,
required to prevent penetration into the interior of thin-walled objects with a boundary
thickness of one voxel. Theoretically, the introduced speed constraint must be physically
applied to the haptic device in order to limit the user’s speed of motion. However, it is
difficult to accurately constrain the motion of the haptic device. Another way to enforce
the speed constraint is to limit the movement ofFm in the virtual environment which,
however, results in a delayed motion response of the system.In practice, this latency has
marginal influence to the assembly task where object manipulation is supposed to be per-
formed in a moderately slow way. For instance, an assumed value ofdmax = 0.3 mm and
a simulation update rate of 0.5 kHz would result in a maximum allowable movement of
7.5 cm per second, being sufficiently fast for the expected usage.

The actual tracking of the voxel distances is efficiently organized in sixteen queuesQ1
[0,ip),

Q2
[ip,2 ip), . . . ,Q16

[15 ip,∞). Each queueQi
[a,b) will be used to store the boundary voxel indices

of Fm which have a distance toFs within the interval[a, b). When a fragment is selected
for manipulation, the queues are initialized by computing the minimum distance to the
static objects for each boundary voxel ofFm. As depicted in Figure 3.3, the distance is
determined by querying the pre-computed distance maps of each fragment contained in
Fs.

During motion the collision detection is performed as follows. For each boundary voxel
v ∈ Fm being in close proximity (i.e.v ∈ Q1) to the static boundary an exact penetration
test is performed in order to determine whetherv is interior or exterior toFs. The amount
of penetration is computed via the plane-tangent model (McNeely et al., 1999) which
defines the penetration depth as the distancedplane(v) to the tangent plane ofv. The
tangent plane is defined by the inward pointing gradientnv of v and the centerw, being
the centroid of closest boundary voxel inFs. Both values can be obtained in constant time
from the distance map. A positive value ofdplane(v) denotes penetration.

In order to avoid penetration into the interior ofFs, the penetration depth has to be eval-
uated for all voxels belonging to queueQ1 in each time stepsn due to the following
reason. Each voxel contained inQ1 did have a distance to contact of less thanip after the
last time stepsn−1. As will be described, the collision response ensures that penetrating
voxels were constrained to lie on the tangent plane centeredatw aftersn−1. Thus, these
voxels had a distance of at leastip/2.0 to the nextinterior voxel ofFs aftersn−1. During
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time stepsn, Fm is allowed to travelip/2.0 millimeters as defined bydmax. Therefore,
the depth of penetration of all voxels belonging to the first queue has to be verified in each
time step to avoid penetration into the interior ofFs.

In addition to the penetration tests, the distances to contact for voxels belonging to the
remaining queues have to be consecutively updated by querying the distance maps. Each
queue must be completely processed in a round-robin fashionto identify all potential col-
lisions. The required number of voxel testsmi for eachQi can be computed as (McNeely
et al., 1999)

mi = dmax ·
|Qi|

0.5 ip · i
i = 2, . . . , 16

where|Qi| denotes the number of voxels inQi. Whenever the new distance to contact of
a voxel differs from its previous value, the voxel is moved tothe new appropriate queue.

Hierarchical Tracking

The described collision detection method can be implemented in a hierarchical fash-
ion (McNeelyet al., 2005) in order to avoid unnecessary voxel-based tests of object parts
being farther away. In case of our data, a 2-level hierarchy was most efficient where
the coarse level is represented by hyper-voxels consistingof 16 × 16 × 16 voxels. The
same concept as described for the tracking of voxels is applied to monitor the distance of
hyper-voxels using hyper-voxel distance maps. A hyper-voxel distance map encloses the
corresponding voxel-based map as demonstrated in Figure 3.4. The size of the map is set
to the dimensions of the voxel-based representation (rounded to hyper-voxel-resolution)
plus an additional margin of sixteen hyper-voxels. The distance transform to be applied is
initialized by setting the distance of all hyper-voxels notbeing part of the margin tozero.
Thus, whenever the distance to contact of a hyper-voxel becomes zero during motion, the
corresponding voxels will have a distance of less than16 ip toFs, and the tracking can be
continued on the voxel level. Vice-versa, hyper-voxel tracking is resumed if all associated
voxels are contained inQ16.

Collision Response and Force Feedback

In real-world, two colliding rigid bodies do never penetrate, since a collision results in
response forces being applied two both objects. These forces cause a change of the ob-
jects’ motion governed by Newton’s laws. In the virtual environment,Fm is transformed
according to the position and orientation of the haptic pointer. Whenever a collision be-
tween fragments occurs, the physical behavior of the objects has to be simulated in order
to avoid penetration. Based on the simulation of the object interaction, the resultant con-
tact force can be computed and displayed to the user. Haptic rendering methods for the
calculation of contact forces can be classified into two categories beingdirect rendering
andsimulation-based rendering(Otaduy, 2006).
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Figure 3.4: Hierarchical Distance Tracking. The hyper-voxel distance map (left) encloses
the corresponding voxel-based map (right). The space spanned by the voxel-based map
is represented by surface hyper-voxels (grey) withzerodistance in the hyper-voxel map.
The dotted arrows indicate the added margin.

In direct rendering, the virtual object continues to followthe position and orientation of
the haptic pointer in case of a collision. A penalty force is rendered to the haptic device
which is based on the depth of penetration between the objects. The penalty force phys-
ically pushes the haptic handle and the virtually attached object to a collision-free state.
Direct rendering methods require to render extremely stiffforces to avoid interpenetra-
tion, which can cause a variety of instabilities dependent on the used haptic device and
the performance of the interference detection. Additionalproblems can arise in case of
thin objects, which may not have sufficient volume to generate appropriate stiff penalty
forces (Zilles and Salisbury, 1995). As a consequence, interpenetration of objects can
occur. Particularly, these ”pop-through effects” were observed in case of a haptic-based
planning environment for proximal humerus fractures (Harderset al., 2007).

Therefore, our method relies on asimulation-basedtechnique where virtual coupling (Col-
gateet al., 1995) betweenFm and the haptic pointer is applied. In virtual coupling, the
position and orientation ofFm is coupled by a virtual spring with the position and ori-
entation of the haptic pointer. Once a collision is detected, the simulation maintains a
collision-free state ofFm based on virtual collision forces while the haptic pointer may
further penetrate into objects. Thus,Fm is allowed to be displaced from the haptic pointer
in order to avoid interpenetration. As depicted in Figure 3.5, the net forces and torques
exerted onFm are derived from the haptic spring displacement and from thecollision
forces. Contrary, the forces being displayed to the user aresolely based on the haptic
spring forces and torques.

For the integration of the collision response based on virtual coupling, we follow the
approach of Wan and McNeely (2003) who introduced a quasi-static method relying on
voxel-based collision detection, ignoring dynamic properties such as velocity. However,
such methods do not require numerical integration in contrast to dynamic models which
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Figure 3.5: Outline of the virtual coupling approach. The objectFm being manipulated
is coupled with the haptic pointer by a virtual spring. The displacement of the spring
generates forcesFh and torquesTh, pulling the object towards the haptic pointer, while
collision forces/torquesFc/Tc prevent the penetration ofFm into static obstacles.

are numerically unstable in case of stiff equations. In the following, the integration of the
method into our system will be briefly explained.

In each time stepsn of the simulation loop, the incremental motionT = (t, r) of Fm

is determined by solving a linear system of collision forces/torquesFc/Tc and haptic
forces/torquesFh/Th for static equilibrium.T is represented by a 3-d translational dis-
placement vectort and a 3-d vectorr expressing the rotational increment in axis-angle
notation. As illustrated in Figure 3.5, the object is pulledtowards the haptic pointer
according toFh, while Fc is the counteracting force required to avoid interpenetration.
The collision forces and torques are obtained by summing up all forces/torques acting
on voxelsv ∈ Fm. Only boundary voxels being in contact withFs, i.e. v ∈ Q1 and
dplane(v) ≥ 0, are considered in the current time step. The magnitude and direction of the
collision force and torque exerted onv are computed as follows.

The magnitude of the force vector can be derived from a functiondpen(v, T (r, t)), which
is the symbolic representation of the penetration depth according to the plane-tangent
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model described previously. For a voxelv, functiondpen is defined according to (Wan and
McNeely, 2003) as:

dpen(v, T (r, t)) =(w − (p+ ∆)nv (3.1)

=(w − v − t− r× L)nv (3.2)

whereL is the moment arm from the COM ofFm to v. The symbol∆ denotes a combina-
tion of the translational displacementt and the rotational displacementr×L, computed as
follows. Vectorr expresses the rate of rotational change, which would denotethe angular
velocity in a dynamic system. Sincev is described relative to the fragment’s COM as the
moment armL, it is independent of translational motion. Thus,L can be decomposed
into two vectorsa andb being parallel and perpendicular tor (Baraff, 1997). Finally, the
rotational displacement1 is perpendicular tor andb, yielding

r× b = r× b + r× a
︸ ︷︷ ︸

a‖r⇒0

= r× (a + b) = r× L

In order to pushv out of collision, the direction of the force has to be equal tothe direction
of nv. Correspondingly, the direction of the torque, being orthogonal to the direction of
the moment arm and the direction of the applied force, is calculated asL×nv. Finally, the
symbolic representation of net collision force/torqueFc/Tc at equilibrium can be defined
as

Fc =
∑

v∈Fm, dplane(v)>0

kc dpen(v, T (r, t))
nv

||nv||
(3.3)

Tc =
∑

v∈Fm, dplane(v)>0

kt dpen(v, T (r, t))

(
nv

||nv||
×

L

||L||

)

(3.4)

whereki is a weighting factor set to one. The new transformation incrementT (t, r) of
Fm is obtained by solving

0 = Fc + Fh = Fc + kt(th − t)

0 = Tc + Th = Tc + kr(rh − r)

for equilibrium, whereth is the translational displacement of the haptic spring andrh

represents the rotational spring component in axis-angle notation. In general, vectorsrh

andr must not be subtracted since rotational vectors do not definea vector space,i.e. the
subtraction of two rotational vectors is not commutative. However, due to the small time
stepr can be considered as an infinitesimal rotation where addition and subtraction are
well-defined.

Parameterskt andkr are the stiffness values of the translational and rotation spring com-
ponents, respectively. Wanet al.proposed to adapt the stiffness values in each time step

1at an instant of time,i.e. instantaneous rotational displacement
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using a clipping function in order to avoid an overpowering of the collision force. We
use a linear function instantly applied during contact which limits the maximum possible
haptic spring displacement during one time step toip/2.0.

In the last part of the collision response, the feedback force Fo and torqueTo to be ren-
dered to the haptic device is calculated. By Newton’s third law of motion,Fo andTo

are oppositely directed toFh andTh, respectively. After scaling the resultant forces to
the stiffness range of the haptic device, force extrapolation is finally applied to account
for the different update rates between the simulation loop and the haptic loop. Since the
simulation time steps are small, linear extrapolation of the forces over time (Picinbono
and Lombardo, 1999) is an adequate method. The output force at time s between two
consecutive time stepssn andsn+1 of the simulation loop is extrapolated as

Fs
o =

s− sn

sn − sn−1
(Fsn

o − Fsn−1
o ) + Fsn

o , sn < s < sn+1

The output torqueTs
o at times is obtained in the same way.

3.4.3 Additional Supporting Techniques

In addition to the force feedback, several techniques can beapplied in order to provide
additional cues that facilitate the assembly task.

Visual Feedback

Highlighting contact points between colliding fragments is useful to visually determine
contact regions. In contrast to collision detection methods relying on surface meshes,
the identification of contact points can be performed with less overhead in a voxel-based
approach. Voxels being in collision in the current time stepare flagged by the collision
detection engine in each step of the simulation loop. Asynchronously, flagged voxels are
rendered in the visualization thread and displayed to the user as depicted in Figure 3.6.

Co-located Rendering

Dislocated haptic and visual sensory modes may reduce spatial perception and, as a con-
sequence, the accuracy of the planning outcome. While the planning is visually controlled
on the computer display, the movements of the fragments are steered by the haptic device
which is located on the desk. Ideally, a user should haptically perceive the collision ex-
actly at the location where the fragments are visualized. Therefore,we have constructed
a visuo-haptic collocation setup, shown in Figure 3.7, in order to examine whether an
increase of the immersive perception can be observed. In ourco-located setup, the mon-
itor is mounted above a half-silvered mirror which reflects the virtual scene from the
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Figure 3.6: Techniques for supporting the user in the virtual assembly: Visual feedback
of contact points (green) between interacting fragments.

screen at eye level. The haptic workspace is defined underneath the mirror. Due to the
semi-transparency of the mirror, the virtual scene is combined with the real view of the
workspace. For the first prototype neither sophisticated calibration (Harderset al., 2009;
Wanget al., 2008) nor head-tracking (Lucianoet al., 2005) to compensate for movements
were integrated. The correct projection of the virtual scene is approximated according to
an assumed position of the user relative to the workspace. The position of the haptic de-
vice with respect to the workspace origin was determined by manual measurements. The
tip of the haptic stylus was interactively calibrated with the virtual pointer by keeping the
graphical rendering fixed until the tip coincides with the pointer.

The fragment selection technique has to be modified in the co-located scenario. While
an alignment of the haptic pointer and the COM of the selectedfragment is desired for
rotational manipulation, an offsetting of the pointer as described in Section 3.4.1, would
result in a dislocation between the real view and the virtualscene. Therefore, we have
integrated a guidance which enforces the user to physicallymove the haptic tip to the
COM before picking. The guidance is initiated after object selection by pressing the
stylus button. An attracting virtual spring between the handle and the fragment’s COM
guides the user to the correct position. Once the haptic pointer position is close to the
COM, the targeted fragment is attached to the tip and the guidance spring is disabled.

Stereo Rendering

Humans use a variety of depth cues yielding an accurate 3-d perception of the environ-
ment. The use of two eyes,i.e.binocular vision, is one of the most important depth cues in
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Figure 3.7: Techniques for supporting the user in the virtual assembly: The co-located
visuo-haptic setup enables the user to haptically perceivethe collision at the location
where the fragments are visualized.

human vision. The eyes generate two slightly different retinal projections of the environ-
ment due to their interocular distance of60− 65 mm (Steinmannet al., 2000). The visual
cortex combines these retinal images while the binocular disparity induces the perception
of depth.

Exactly the same concept can be used to improve the 3-d perception of rendered graphics
by providing two slightly different views of the virtual scene to the user according to the
position of the eyes. To this end, two cameras are defined in the virtual scene which
represent the position of the user’s eyes. In our case, the camera positions are manually
defined based on an assumed distance of the user’s head to the monitor. An interocular
distance of 65 mm was defined as the distance between the two cameras. Thereafter,
alternate frame sequencing (Connolly, 2006) is applied to display the stereo images on
the computer monitor. In this technique, the images dedicated to the left and right eye
are alternately displayed at a frequency of 60 Hz, requiringa monitor with a refresh
rate of 120 Hz to avoid flickering. The user has to wear liquid crystal shutter glasses
to keep the alternating views synchronized to the correct eye. The glasses are triggered
by the graphics card to block the unwanted image according tothe refresh rate. In our
system, stereoscopic rendering was controlled by a graphics card (NVidia, Santa Clara,
CA, USA) supporting quad-buffering for smooth stereoscopic rendering. The alternated
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rendering was synchronized with wireless Crystal Eyes 3 shutter glasses (Stereographics,
San Rafael, CA, USA) to finally provide the illusion of depth.

3.4.4 Results and Discussion

We have performed a feasibility study for the interactive assembly of clinical data using
the presented visuo-haptic system. Two different haptic devices were included in the
framework. First, a Delta.6TM haptic device (Force Dimension, Nyon, Switzerland) was
integrated in the framework. This device offers six degrees-of-freedom for force feedback
and allows to render high stiffnesses up to 25 N. The PHANToM OmniTM (SensAble
Technologies Inc., Woburn, Massachusetts, USA) was the second device embedded in
the system. At present, the Omni is the most cost-effective haptic device available. The
device provides three translational degrees-of-freedom force feedback and is comfortable
to use due to the pen-style end effector.

Fracture reduction was carried out on four clinical cases where no contralateral data were
available. All tested cases, shown in Figure 3.8, were complex dislocated fractures with
up to six parts. The reduction planning of the most complex case shown in Figure 3.8a
and Figure 3.8b was performed in 30 minutes by an experienceduser. Figure 3.8c to Fig-
ure 3.8f depict two more reconstructed fractures. The planning times of these cases were
20 and 15 minutes, respectively.

The success of the interactive assembly mainly dependents on whether corresponding
regions of dislocated fragmentscan be identifiedby the user. The evaluation on four
comparable clinical cases had shown that this task can be very challenging if performed
manually. In the fracture shown in Figure 3.8g, it was even impossible to perform the
reconstruction interactively.

During the experiments, the PHANToM OmniTM device has proven to be an effective
interface for object manipulation in 3-d space. Particularly, the haptic stylus and the
stylus buttons provided a natural way to efficiently performthis task. The usability of
the Delta.6TM device was assessed to be worse compared to the Omni from an ergonomic
point of view. Interaction with the Delta involved the motion of the whole arm while
feeling considerable device friction. This resulted in tired arms after a few minutes as
also observed in experiments conducted by Harderset al.(2006). Another difficulty when
using the Delta device was the limited rotational degrees-of-freedom.

The force feedback capability offered by the system was the most valuable support for
the alignment between bone pieces. The quality of the simulated collision force was
sufficiently accurate to perceive and localize contact regions. The efficiency of the voxel-
based collision detection and response methods allowed forstable haptic rendering. An
average update rate of 500 Hz was measured for the simulationloop. In the worst case,
the update frequency dropped to 330 Hz while manipulating a fragment with1.6 · 105



3.4. INTERACTIVE FRACTURE REDUCTION PLANNING 71

voxels. The collision detection method is particularly suited for applications in the med-
ical domain, since the original image data can be used without requiring rasterization of
triangle meshes as in (McNeelyet al., 1999, 2005). In addition to the voxel-based col-
lision approach, we have experimentally evaluated severalavailable collision detection
engines relying on triangle meshes. The performance was notsufficient for satisfying the
necessary update rates for realistic haptic rendering. Onereason was the high resolution
of our models having up to2.5 · 105 triangles.

The setup was also tested by surgeons who had no or little experience in the use of such
multi-modal systems. First qualitative feedback by the clinical partners was positive,
especially stressing the significantly enhanced support through the force feedback capa-
bility and stereo rendering. Although the system was considered to be intuitive, we have
observed that longer training times may be required for inexperienced users in order to
accomplish the virtual planning. Time-consuming trainingmight not be acceptable for
surgeons in the clinical practice. We have also asked the surgeons to compare the usabil-
ity of the co-located setup with the desktop setting. The co-located setup was assessed
to be more discomforting and distracted the users, diminishing the possible gain of co-
located sensory modes.

Although the first results of this pilot study were encouraging, the application of the visuo-
haptic system to the virtual reduction planning of complex fractures is presently limited.
The main limitation is that the fracture has to be reconstructed mentally solely based on
visual inspection of the 3-d fragment models and their fracture surfaces which can be ex-
tremely challenging. One possibility to facilitate this task would be the incorporation of a
reconstruction template in the system. This would allow to interactively use the template
as a guidance for alignment. Such a template could be approximated by an anatomical
atlas based on a statistical shape model. The mean shape could be coarsely fitted to the
patient’s data according to radiographic measurements of the contralateral humerus. An-
other problem observed was the accurate alignment of fracture surfaces between neigh-
boring fragments. While collision handling and force feedback were efficient techniques
to align the pieces to some extent, these methods did interfere the precise adjustment of
opposing fracture surface in several cases. The main limiting factors preventing the per-
fect alignment were noise present at the fracture surfaces as well as fine detailed surface
parts which caused stickiness. In such cases the collision detection was disabled in order
to perform the required fine-tuning. A surface smoothing method which preservers signif-
icant fracture patterns would improve this step. However, abetter approach would be to
use the interactive system for obtaining a coarse reconstruction which is subsequently op-
timized in an automatic fashion. For instance, the method described in Section 3.5.2 could
be used for the final reconstruction. Finally, it was observed that the virtual reconstruc-
tion requires to inspect the fragments from different viewpoints throughout the planning.
In the current setting, user-controlled viewpoint changesare not possible during object
manipulation. The most straightforward way to improve scene manipulation would be
the use of the non-dominant hand to control a second six degrees-of-freedom positioning
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device. Additionally, a more intuitive manipulation couldbe achieved by using a tracked
head-mounted display.
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(a) (b) (c)

(d) (e) (f)

(g)

Figure 3.8: Clinical cases reconstructed with the visuo-haptic assembly system. (a) Clin-
ical case 1. (b) Clinical case 1 after assembly. (c) Clinicalcase 2. (d) Clinical case 2 after
assembly. (e) Clinical case 3. (f) Clinical case 3 after assembly. (g) Clinical case 4.
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3.5 Automatic Fracture Reduction Planning

The planning approach described in this section aims at performing the actual fracture
reconstruction task in an automatic fashion. All remainingparts of the method require
little user interaction as well.

Due to the considerable dislocation of fragments in complexfractures, it is not possi-
ble to base the registration on the initial fragment positions. Instead, our method relies
on automatically finding a sufficiently good estimate of the correct position of the frag-
ments by using the contralateral bone geometry as a template. This contralateral matching
algorithm is described in Section 3.5.1. Thereafter, the system performs the final recon-
struction by registering and aligning neighboring fracture surfaces as described in Sec-
tion 3.5.2.

3.5.1 Contralateral Matching

The main goal of this registration step is to find a rigid transformation for each fragment in
order to reassemble the fracture based on the contralateralgeometry. To this end, multiple
registrations based on initially coarse alignments with the template are performed for each
fragment. The generation of different initial alignments is required to avoid problems with
local minima, possibly causing a fragment to converge to an incorrect position. As will
be demonstrated in Section 3.6, local minima may occur frequently in the case of the
humerus head due to its almost spherical shape.

After the initial alignments have been computed, each fragment is locally registered to the
template for each of these alignments and good potential matches are retained. The best
assembly is finally obtained by evaluating an error measure that incorporates alignment
and overlap errors between all fragments.

Coarse Initial Alignments on the Contralateral Bone

In this step a set of initial transformations is generated specifically for each fragment.
Each transformation of this set is used to align the fragmentwith the opposed humerus
for later local registration. The number of potential transformations should be small in
order to ensure computational efficiency while the contralateral bone has to be covered
densely enough to find all potential matches. The transformations are generated by align-
ing the fragment with candidate points lying on the contralateral bone surface. In the
following we describe the required steps to extract candidate points and to calculate the
set of transformations for each fragment.
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Preprocessing

Three preprocessing steps are required to determine the candidate points on the contralat-
eral surface.

1. Inner Surface Removal:Firstly, mesh vertices belonging to the inner contralateral
bone surface are excluded from candidate point generation.Inner and outer surface
points can be distinguished based on the local normal vectors, pointing away from
the bone on the outer, and to the inside on the inner surface. Aray is cast from each
surface mesh pointxi in its normal directionni as shown in Figure 3.9. In case of
an outer surface pointx1, the ray does not intersect the mesh while the ray of an
inner surface pointx2 crosses the opposed surface. To avoid problems in case of
concavities, the ray’s origin is offset by∆t. ∆t can be chosen conservatively large,
but such that the pointx2 + ∆t is still within the interior of the bone. For instance,
the offset can be set to∆t = 1 cm, being smaller than the minimal cross-sectional
diameter of the humerus in the region of interest. After all outer surface points are
identified, a connected component analysis is performed andthe largest connected
region is chosen in order to remove possible erroneous assignments.

x
2

x
1x

2
x

1

n
2

n1

x

Figure 3.9: The inner surface (red) is identified and removed using a raycasting tech-
nique. Half of the bone was clipped for visualization of the inner surface.

2. Diaphysis Registration and Removal:In this step the largest shaft partF0 of the
fracture is selected by the user and registered to the contralateral bone. The result-
ing transformation will act as the base coordinate system for the reconstruction and
all displacements will be represented relative to it. In case of F0 a rough trans-
lational alignment with the contralateral bone is sufficient to find the correct final
position by registration, assuming both humeri were acquired in the anatomic po-
sition. For automatic alignment,F0 and the contralateral mesh are centered in the
sagittal and coronal plane. The meshes are distally alignedin the axial direction.
Thereafter, ICP registration is performed to accurately superimpose both diaphy-
ses. Since this step already determines the correct location of F0, candidate points
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for the alignment of the remaining fragments are not required to lie on this part of
the contralateral bone. The corresponding contralateral mesh points are excluded
from candidate generation by removing all points being in close proximity toF0.
We used a distance threshold of0.5 mm and a KD-tree (Mount and Arya, 1997) for
efficient closest-point queries.

3. Mesh Simplification:The size of the remaining contralateral mesh has to be reduced
to an acceptable amount in order to use its points as candidates. As a consequence,
the mesh must be drastically simplified from hundred-thousands of points to less
than hundred, while preserving its basic shape in order to generate good candi-
dates. For this task an efficient simplification algorithm byLindstrom (2000) was
chosen, available in the Visualization Toolkit (Schroederet al., 2004). Based on an
appropriate quality setting, the algorithm yielded good visual results with a simpli-
fied mesh consisting of points constrained to lie on the original mesh surface. The
quality of the simplified mesh is defined by the resolutionrescand of a uniform grid.
The general approach is to hash the triangle vertices into the grid cells. For each
cell an error quadric is calculated that is based on all triangles covered by this cell.
Thereafter, a representative vertex per cell is computed using the corresponding
quadric. This determines the spatial location of the vertices in the final simplified
mesh.

Candidate Point Generation

Good candidate points can be obtained from the surface points of the preprocessed con-
tralateral mesh. However, smaller fragments require a denser set of initializations and thus
more candidate points. To this end, we propose to adapt the simplification quality accord-
ing to the fragment size. The resolutionrescand in x, y andz direction of the coordinate
system is determined by a step function

#cells(A) =







2 , A > 6000

4 , 3000 ≤ A ≤ 6000

5 , A < 3000

(3.5)

whereA is the sum of the mesh triangles’ area in mm2, obtained from Heron’s formula.
Fragments whereA is smaller than3000 mm2 are typically part of the tuberosity or pieces
of a 4-part fracture while the range of3000−6000 mm2 considers cases where the head is
split in two parts. The remaining case is used for one large head fragment. The thresholds
were determined experimentally according to our clinical data. An example of a sim-
plified surface using a resolution of four cells per coordinate direction is shown in Fig-
ure 3.10.

Transformations

The processing time of the previously described steps is typically less than 30 seconds
and approximately8-70 candidate points are created per fragment depending on its size.
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Figure 3.10: Candidate points (red) are determined based on a low resolution representa-
tion of the humeral head (green). The blue region belongs to the registered shaft fragment
F0.

The number of candidates for fragmentFi is denoted byNCFi
. Based on the candidate

pointsqi,j , the final set of transformations is calculated forFi as follows.

An initial translation alignment to the candidate point is obtained by moving the frag-
ment’s centercFi

to qi,j . The translation is represented by transformationT 1
i,j as depicted

in Figure 3.11a. For the rotational alignment the typical fragment shape is taken into ac-
count where a good estimate can be found by aligning the fragment’s smallest2nd moment
e3 with the candidate point’s surface normalnqi,j

.

Vectore3 is calculated by an eigenvector analysis of the3×3 covariance matrix of the co-
ordinates of the fragment’s points. The sign ofe3 is automatically determined by a sphere
fitting approach, since a correctly aligned fragment typically bends towards the bone cen-
ter. To this end, two spheres are initialized on each side of the fragment as illustrated
in Figure 3.12. Both radii are initially set to the radius of the fragment’s bounding sphere.
The spheres are then iteratively fit to the fragment’s pointsby a least-squares minimiza-
tion (Schneider and Eberly, 2002). The correct orientationof e3 is finally determined by
defining its sign such that the vector points away from the center of the sphere with the
smaller fitting error.

The alignment after transformationT 2
ij

might still be a suboptimal initial guess for the
local matching algorithm since the correct fragment orientation around the aligned axise3

is completely unknown. Therefore, the rotation arounde3 is sampled inπ/2 steps denoted
by transformationsT 3

i,j, T
4
i,j , andT 5

i,j in Figure 3.11b. In the end, for each fragment and
each candidate point four test transformations(T 2

i,j◦T
1
i,j), (T

3
i,j◦T

2
i,j◦T

1
i,j) , (T 4

i,j◦T
2
i,j◦T

1
i,j),

and(T 5
i,j ◦ T

2
i,j ◦ T

1
i,j) are generated.
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Figure 3.11: Coarse alignment of a fragment to a candidate pointqi,j. Four transforma-
tions are calculated for eachqi,j. (a) The fragment’s center is translated toqi,j and the
fragment’s2nd momente3 is aligned with the surface normalnqi,j

at qi,j. (b) Three ad-
ditional transformations are calculated by sampling the rotation arounde3 in π/2 steps.

sphere fit

sphere fit

e3

(a)

Figure 3.12: Determination of the correct orientation of vectore3. After fitting two
spheres to the fragment,e3 has to point away from the center of the sphere with the
smaller error (right sphere).



3.5. AUTOMATIC FRACTURE REDUCTION PLANNING 79

Contralateral Registration and Assembly

In order to identify the best matches,4 ·NCFi
initial transformation are iteratively refined

by optimizing the fit to the contralateral template for eachFi. It is important to note that
the registration template is represented by the initial contralateral mesh and not by the
simplified model used previously.

For the registration task, a standard ICP algorithm of (Chenand Medioni, 1992) was cho-
sen due to its efficiency. Their approach minimizes the point-to-plane error between cor-
responding points and allows two surfaces to slide against each other. In order to perform
several hundreds of registrations in a reasonable time, a GPU variant of the traditional
ICP algorithm is introduced in the following paragraph.

GPU-based ICP Implementation

The basic ICP approach requires to find closest point pairs between the mesh to be regis-
tered (i.e. source mesh) and the target mesh. This is the most expensive part of the algo-
rithm. For acceleration, a parallelization of the closest point queries can be implemented
on the GPU. To this end we adapted the idea of Fitzgibbon (2003) to use a distance map
for closest point queries. In our approach we generate a uniform grid with a resolution
of 1 mm covering the target mesh. The grid is enlarged by a tolerance margin of 10 mm
to allow more distant point queries. Each grid cell, covering points of the target mesh,
is defined as a surface cell and stores the indices of the points within the cell. Similar to
a distance map, all other cells store the index to the nearestsurface cell. The data struc-
ture is precalculated on the CPU and efficiently encoded in aninteger texture on the GPU
according to Figure 3.13.

n grid cells surface cell

# pts pt idx. . . . . .

surface cell

# pts pt idx . . .

Figure 3.13: Data structure for closest point queries encoded in an integer texture.

In a closest point query, the nearest surface cell is determined and the exact distance be-
tween query point and stored mesh points is evaluated by testing the distance to all stored
points in the cell. For outlier rejection, a distance threshold ofµ+2σ was used in each ICP
iteration whereµ is the average distance of the point-pairs andσ the standard deviation,
respectively. The least-squares minimization is another part of the ICP algorithm that can
be parallelized and executed on the GPU to gain more efficiency. In our implementation
we minimize the point-plane error metric proposed by Chen and Medioni (1992). This
requires to solve the linear systemC · x = b whereC is a symmetric6× 6 matrix,x the
vector of transformation parameters, andb is the residual vector (Gelfandet al., 2003).
Since each point pair independently contributes to the elements ofC andb, the parallel



80
3. COMPUTER-ASSISTEDREDUCTION PLANNING OF COMPLEX PROXIMAL HUMERUS

FRACTURES

reduction sum algorithm of Harriset al. (2007) can be used in the GPU implementation.
The overall GPU-based ICP implementation can be outlined asfollows:

Algorithm 1 GPU-based ICP registration
Require: upload source points, target points, target normals, distance query map to GPU.

allocate array closestpts[# source points]
i← 0 {ICP iteration}
Ti ← identity {4× 4 transformation matrix of source mesh}
repeat

allocateµ← 0, σ ← 0 in shared memory
for every source pointin parallel do

closestpts[threadId]← do closest point query forTi · sourcepts[threadId],
updateµ, σ using sum reduction algorithm in shared memory

end for
allocate shared memory forC = c1 . . . c21 andb = b1 . . . b6 {C is symmetric}
for every source pointin parallel do

s← Ti · sourcepts[threadId]
t← targetpts[closestpts[threadId]]
if ||s − t|| < µ + 2σ then

updateb andC using sum reduction algorithm in shared memory
end if

end for
downloadC andb to CPU
Ti+1 ← solveC · x = b on CPU
i← i + 1

until convergence

Global Contralateral Assembly

After registration, the average point-to-plane errorΦ is stored along with each transfor-
mation. However, a fragment may match well at several positions due to the symmetrical
shape of the bone template. As described in (Papaioannou andKarabassi, 2003), an ap-
proach minimizing the sum of matching errors among possiblefragment combinations
can be applied in such cases. Therefore, we propose to determine the best assembly by an
accumulative error measure based on two criteria.

We use the overlap of fragments as an additional criterion for the quality of the assembly.
In the ideal case, the affected and contralateral humerus are identical resulting in an as-
sembly without any overlapping fragments. However, anatomical differences between the
left and the right bone are often present in individuals, affecting the registration. Particu-
larly, small differences in size must be taken into account due to intra-subject variation in
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the humeral head length (Deludeet al., 2007). As exemplarily depicted in Figure 3.14, the
reconstruction based on a template of different size can result in gaps or overlapping frag-
ments. Such scaling differences are not known a priori and, therefore, must be corrected
after the contralateral reconstruction. The objective at this stage is the identification of
the best reconstruction which, however, may contain gaps orintersections.

Therefore, an approach directly penalizing intersecting fragments is not appropriate in
our case. Instead, we aim at finding the assembly that maximizes the covered area on
the contralateral mesh as demonstrated in Figure 3.14. The amount of covered area can
be efficiently calculated by partitioning the contralateral mesh in dense cells using the
already generated grid of the ICP registration. Each surface cell of the contralateral mesh
which is hit by at least one of the fragments’ points is markedas covered. The proposed
overlapping error can be defined as the number of surface cells that are finally not cov-
ered. In case of marginal contralateral anatomical differences, the overlap error is mini-
mal for the correct assembly and penalizes situations wherefragments intersect as shown
in Figure 3.14a and Figure 3.14b, respectively. In case of a smaller or larger contralateral
humerus, the favorable assembly is among a set of assemblieswith minimal overlap error
since it covers the maximum grid area as outlined in Figure 3.14c and Figure 3.14d.

(a) (b) (c) (d)

Figure 3.14: Examples of different overlap situations of two fragmentswhich are outlined
in yellow and blue, respectively. The uniform grid of the contralateral mesh is represented
by grey cells. Cells covered by fragments are outlined in green and uncovered cells are
colored red. Figure (a) and (b): No scaling differences between the left and the right side.
Figure (c): Contralateral bone is smaller. Figure (d): Contralateral bone is larger.

Finally, the most correct assembly is determined by evaluating all possible fragment con-
figurations according to a measure that combines alignment and overlap error.

∏NF

i=1 4 ·NCFi

combinations have to be evaluated whereNF is the number of fragments. Since only good
matches have to be considered for eachFi, transformations with an alignment error larger
thanµi + σi are not evaluated whereµi is the average alignment error over the fragment’s
transformation set andσi the standard deviation, respectively.
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On average30 transformations remain per fragment which is an acceptablecombinato-
rial effort in case of 4-part fractures. For each combination of transformations the error
measure

ǫi,j = Ψ̄j +
1

NF

NF∑

Φ̄i,j (3.6)

is evaluated wherēΦi,j is the normalized alignment error for the current transformationj
of theith fragment and̄Ψj denotes the normalized overlap error of the current combination
including all fragments. Normalization (between0 − 1) of Φ is performed per fragment
whereasΨ is normalized over all combinations. The final result is obtained by choosing
the combination with minimal error according to Equation 3.6.

3.5.2 Final Reconstruction using Fracture Surfaces

Registration of fracture surfaces can be carried out if a good estimate of the correct frag-
ment positions is known. In our approach the estimate is obtained by contralateral match-
ing as described above. The fracture surfaces are determined by an extraction filter that
will be introduced in this section. Thereafter, the final assembly is obtained in two steps.
First, the pairwise registration of neighboring fracture surfaces is performed to compute
the relative transformation between fragment pairs. Finally, all fracture surfaces are glob-
ally aligned.

Fracture Surface Extraction

Fracture surfaces of proximal humerus fragments are narrow. Our proposed filter partic-
ularly relies on this characteristics of a fragment to detect its fracture surfaceFSi. The
filter works locally on the point normals of the mesh within a filter rangêσ larger than the
maximum fragment thickness. Mesh verticesxj belonging toFSi are found by iterating
over all normalsnj and calculating the average angle betweennj and other normals in
theσ̂-range. We have tested̂σ-values in the range of 2-4 mm – best results were achieved
with σ̂ = 3.5 mm. A fixed radius search in a KD-tree (Mount and Arya, 1997) iscarried
out to determine all points within thêσ-radius. The filter functionF (xj) is centered atxj

and has the form:

F (xj) =
1

Nσ̂

∑

xk∈σ̂, xk 6=xj

f(xj , xk) (3.7)

f(xj, xk) =

{

|∠(nj,nk)| , ∠(nj,nk) > t2

0 , otherwise.
(3.8)

wherenj denotes the normal of pointxj . Nσ̂ is the number of points in the filter range
for which Equation 3.8 was nonzero. Two thresholdst1 andt2 are used to decide whether



3.5. AUTOMATIC FRACTURE REDUCTION PLANNING 83

a pointxj is part of the fracture surface.xj is classified to be part ofFSi if the result
of Equation 3.7 is within[π/2− t1, π/2+ t1] wheret1 is a tolerance threshold. Threshold
t2 is used to distinguish between two cases:

xj 6∈ FSi As shown in Figure 3.15a, most normals point in both directions according to
the two sides of the fragment. Without thresholding witht2, approximately half
of the normals have an angle similar tonj while the rest of the normals point in
the opposite direction. This would result in an average angle difference of approxi-
matelyπ/2 andnj would be wrongly classified to the fracture surface. By applying
thresholdt2, most normals similar tonj are skipped resulting in an average angle
>> π/2.

xj ∈ FSi In this configurationnj is compared to the normals of the adjacent non-fractured
regions as depicted in Figure 3.15b and Figure 3.15c. The thresholdt2 is used to
avoid a biased result by skipping similar normals of the fracture surface. Two pos-
sible cases can be considered. (i) The fracture surface around nj is orthogonal to
the non-fractured regions as shown in Figure 3.15b. In this case, most considered
normals are nearly orthogonal tonj and the average angle would ideally beπ/2.
(ii) The fracture surface is oblique to the non-fractured regions as depicted in Fig-
ure 3.15c. Nevertheless, the average angle betweennj and the normals to both
adjacent regions is approximatelyπ/2 due to the fact that these regions are roughly
parallel to each other within̂σ. Therefore, a decrease in the angular difference be-
tweennj and one region is compensated by an increased angle to the normals of
the other region.

In case of high resolution data, threshold values oft1 = π/8 andt2 = π/5 were used.

While the filter robustly identifies the fracture surface as demonstrated in Figure 3.16a, a
certain amount of false positives exist dependent on the smoothness of the shape. There-
fore, a connected component analysis is performed for noiseremoval. Starting with the
largest connected region, that is assumed to be part of the fracture surface, all regions,
lying within a distance threshold of 0.2 mm, are merged. The connected regions are up-
dated and the process is repeated until no more regions can beadded. An example of the
finally obtained fracture surface is given in Figure 3.16b.
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Figure 3.15: 2-d example of the fracture surface extraction approach. The filter is cen-
tered at pointxj having normalnj . Red colored normals are skipped by thresholdt2
according to Equation 3.8. Remaining normals are colored ingreen. (a) Case:xj 6∈ FSi.
(b) Case:xj ∈ FSi, orthogonal fracture surface. (c) Case:xj ∈ FSi, oblique fracture
surface.

(a) (b)

Figure 3.16: Fracture surface extraction filter. (a) Filter result before connected compo-
nent analysis. Correct fracture surface is shown in red. Regions to be removed are denoted
in other colors. (b) Fragment overlaid with final result (red) after connected component
analysis.
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Pairwise Registration and Multi-piece Alignment

Bone reassembling using fracture surfaces can be considered as a multi-view registration
problem where partially overlapping parts or views of an object are aligned for full re-
construction. In our case a view is represented by a fragmentand its fracture surface is
the overlapping part that should be aligned as exactly as possible to adjacent fracture sur-
faces. Significant amount of research was performed on multi-view registration. Most of
the proposed methods perform the alignment of multiple views in a sequential or simul-
taneous fashion (Rodrigueset al., 2002). Regardless of the chosen approach, the relative
transformation that correctly aligns two adjacent fragments must usually be estimated.

To this end, we first considered to use pairwise ICP registration of neighboring pieces to
identify corresponding point pairs (Chen and Medioni, 1992; Masudaet al., 1996; Pulli,
1999). As Pulli pointed out, one of the difficulties in ICP is the definition of the part’s
overlap region that is intended to match with adjacent pieces. Most notably, ICP is known
to fail in cases where the common overlap region between two objects is small. We have
also experienced situations where two fragments initiallyintersected or were separated
by several millimeters. In these cases, ICP converged a to wrong local minimum if the
overlap region was small or inappropriately defined.

Therefore, we decided to apply a more robust registration method, better tolerating out-
liers and thus allowing an automatic and coarser definition of the overlap region.

Pairwise Registration

Our approach uses a kernel correlation-based registrationproposed by Tsin and Kanade
(2004). In a correlation-based method a point is multiply linked to several points in the
other mesh and does not only rely on its closest point. The algorithm requires calculating
the Gaussian kernel density estimatorPi(x̃, T̃i) for each fracture surfaceFSi

Pi(x̃, T̃i) =
1

Ñ

∑

xk∈FSi

e−||x̃−T̃ixk||
2/σ̃2

. (3.9)

where parameter̃Ti denotes the current fragment transformation matrix andÑ is a nor-
malization factor defined in Tsin and Kanade (2004). We set the kernel bandwidth to
σ̃ = 10. The density estimators are computed for each cell of a uniform grid with cell
centers̃x and a spacing of 1 mm. The grid size is defined by the bounding box covering
the pair of fracture surfaces(FSi, FSj) which are targets for registration.(FSi, FSj) is
registered by minimizing the cost function

KC(FSi, FSj) = −
∑

x̃

Pi(x̃, T̃i) ·Pj(x̃, T̃j). (3.10)

which corresponds to minimizing the distance between the points ofFSi andFSj. The
registration is robust to outliers since the summation termof Equation 3.9 decreases expo-
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nentially with increasing point distances. A nonlinear optimization based on a derivative-
free bundle method (Beliakov and Ugon, 2007) is used to iteratively minimize Equa-
tion 3.10 with respect tõTi. The optimization result afterl steps is denoted bymin

T̃i

KCl(FSi, FSj).

Although correlation-based registration is very robust, the overlap region of the two
fracture surfaces has still to be coarsely estimated. In ourapproach this is automati-
cally performed. To this end, point subsets are created based on the minimum distance
dmin(FSi, FSj) betweenFSi andFSj. SubsetSi(FSj , d) contains all points ofFSi

having a maximum distance ofdmin(FSi, FSj) + d to FSj. Each pair(FSi, FSj) is
registered as follows.

Algorithm 2 Correlation-based fracture surface registration

initialize T̃i, T̃j with estimates obtained from contralateral matching
k ← −1

d← 5

ǫki ←∞
ǫkj ←∞
repeat

ǫk+1
i = min

T̃i

KCl=15(FSi, FSj)

ǫk+1
j = min

T̃j

KCl=15(FSj, FSi)

d← min(3, d− 1)

update(Si(FSj , d)) {update subsetSi according tod}
update(Sj(FSi, d)) {update subsetSj according tod}
k ← k + 1

until |ǫki − ǫ
k−1
i |+ |ǫkj − ǫ

k−1
j | ≤ δ

In eachkth iterationFSi andFSj are symmetrically registered where the optimization
result is denoted byǫki andǫkj , respectively. Afterl = 15 optimization steps, the distance
d is decreased and the subsets are updated according to the current minimum distance.
The value ofl has been determined experimentally. The algorithm is repeated until the
relative change ofǫi andǫj between two iterations falls below a thresholdδ = 0.01.

After convergence the set of constraining point pairs is created. We consider pairs(T̃ixk ∈
FSi, T̃jxl ∈ FSj) with a distance error smaller0.5 mm since the overlap is usually not
perfect and points do not coincide. However, distance errors can bias the subsequent
multi-piece alignment since it relies on calculating transformations based only on these
point pairs. To avoid accumulation of pairwise errors in themulti-piece alignment, we
use the ideal mates concept which is explained in detail in Pulli (1999), instead of tak-
ing the specific pairs(T̃ixk, T̃jxl) as depicted in Figure 3.17a. The approach requires
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to calculate the relative transformatioñTi→j between registered piecesFi andFj with
transformations̃Ti andT̃j , respectively. An ideal mate of a point̃Tixk ∈ Fi is the point
T̃jT̃i→jxk which defines wherẽTixk should appear in the coordinate system ofFj . In the
ideal case of the subsequent multi-piece alignment the orientation betweenFi andFj is
equal to the transformatioñTi→j, resulting in a perfect correspondence of the point pairs
with no alignment error. However, fragment transformationsT ∗

i during multi-piece align-
ment typically differ from the pairwise registration result since the point pair constraints
between all fragments are considered. In this case the idealmate concept allows to calcu-
late the multi-piece alignment error without relying on thepairwise registration error as
demonstrated in Figure 3.17b. The set of constraining pointpairs forFi, describing the
optimal alignment ofFi toFj , is defined as

Ci,j = {(T̃ixk, T̃jTi,jxk) : ||T̃ixk − T̃jxl|| ≤ 0.5 ∧ xk ∈ FSi ∧ xl ∈ FSj}.
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Figure 3.17: (a) Point pair generation after pairwise registration. The concrete mate of
point T̃ixk (white circle) is the closest point̃Tjxl (black circle). The ideal mate (black
square) is defined as̃TjT̃i→jxk. (b) In the multi-piece alignment, the distance error
||T ∗

i xk − T
∗
j T̃i→jxk|| based on ideal mates is not biased by the pairwise registration error

in contrast to the error||T ∗
i xk − T

∗
j xj || between concrete pairs.

The described pairwise registration is applied to all neighboring fragments. We define
two fragments to be neighbors if at least 10% of their fracture surface points are within a
neighbor-distance of 4 mm after contralateral matching.

Global Alignment

In the last step, the final global alignment is carried out. First, we tested approaches
where the pieces were sequentially aligned (Chen and Medioni, 1992; Masudaet al.,
1996; Okadaet al., 2009). However, these methods resulted in inaccuracies due to accu-
mulation of registration errors (Rodrigueset al., 2002).

Therefore, we finally relied on a simultaneous alignment method based on the work of
Pulli (1999). The basic idea is to iteratively calculate fragment transformationsT ∗

i that
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optimally enforce all pairwise registration constraints.To this end pieces are consecu-
tively added to a growing set of already aligned objects (i.e. active setA) while keeping
the objects of the set correctly aligned. A backtracking mechanism allows to simultane-
ously align all fragments inA until consistency.

In our case the algorithm starts by putting the shaft fragment F0 into A while all other
pieces remain in the inactive setI. Thereafter, the fragment that contains most points
within neighbor-distance toA, is removed fromI and inserted inA. The pieces of the
active set are then aligned as described by Pulli (1999) and the overall process is repeated
until the inactive set is empty.

Our method differs from the original algorithm in two aspects. First,F0 is kept fixed
to prevent unstable movement of the overall data set in case of a circular dependency
between fragments. Second, a point pair selection strategyfor the fragment alignment to
the active set is introduced. Basically, a fragmentFi is aligned toA by minimizing the
distance between point pairs

(T ∗
i xk, T

∗
j T̃i→jxk) ∈

⋃

j: Fj∈A

Ci,j : Ci,j 6= ∅ ∧ xk ∈ FSi

whereT ∗
i andT ∗

j are the current transformations ofFi andFj in the multi-piece align-
ment. The transformed pairs are used to solve the absolute orientation problem (Horn,
1987). However, incorrect point pair correspondences can still exist in the point pair set
which limit the global alignment. Our approach automatically rejects such suspicious
point pairs. To this endξ ·NC closest point pairs are chosen out of allNC = |

⋃
Ci,j| pairs.

Parameterξ is determined by minimizing the error function (Chetverikov et al., 2002)

ψ(ξ) =

e

(

⋃

j

Ci,j, ξ

)

ξλ
(3.11)

e

(
⋃

j

Ci,j, ξ

)

=
1

ξNC

ξNC∑

||T ∗
i xk − T

∗
j T̃i→jxk||

2 (3.12)

wheree is the trimmed mean squared error. We setλ = 3 to penalize smallerξ values and
boundξ to the range[0.8, 1.0]. Brent’s method (Presset al., 2002) is used to calculate
the minimum of Equation 3.11. This selection strategy allowed a faster convergence with
a slightly smaller final error (in the range of 0.2 mm) compared to a rejection based on
standard deviation of the distances.

3.6 Results

The feasibility of our approach was initially evaluated on artificially created fractures
on cadaver humeri. A Philips Brilliance 40 CT scanner (Philips Healthcare, Best, NL)
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was used for data acquisition. Afterwards, the performanceof the method was tested on
clinical cases.

3.6.1 Cadaver Experiments

For the cadaver experiments two fresh-frozen pairs of humeri without any evidence of
previous surgery or trauma were used. First, CT data of the four unfractured humeri were
acquired. Thereafter, each proximal humerus was fracturedby blunt impact after creation
of cortical bone stress concentrations using a 2 mm surgicaldrill and surgical chisel. The
small mechanical defects (< 4 mm) were placed by an experienced orthopedic surgeon
at the proximal intertubercular groove, the inferior margin of the greater tuberosity, and
at the medial edge of the surgical neck. After the defects were placed, the humeral shaft
was rotated in the transverse plane30◦ from perpendicular with the humeral head in con-
tact with a thin piece of polyurethane foam mounted to a rigidsurface. The bone was
then impacted at the distal extreme using a 1 kg steel mallet,transferring load along the
humeral shaft to the head. Impacts were repeatedly delivered until at least three frag-
ments were obtained. In two cases, fracture could not be initiated using this approach,
and the humeral head was then directly impacted along an axisrotated in the transverse
plane approximately30◦ oblique to the humeral shaft. Manual palpation and examination
of the fragments by the surgeon confirmed that while severe, the fractures and the frag-
ment geometry were representative of those clinically observed. The imposed mechanical
defects did not introduce any obvious fiducial landmarks that would benefit registration.
Volume rendered CT images of the cadaveric specimen before and after fracturing are
given in Figure 3.18.
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Figure 3.18: Volume rendering of the cadaver humeri. Top row: Unfractured bone. Bot-
tom row: Corresponding humeri after fracturing.

Accuracy

CT scans have been acquired using two different axial resolutions of 0.67 mm and 1 mm,
respectively. This allowed testing the performance of our method with high as well as low
resolution data. The latter being comparable to typical clinical acquisitions. The computer
assisted planning was carried out for each scan specified in Table 3.1. In order to evaluate
the accuracy of the approach, the correct fragment positionin the originally unfractured
bone could be used as ground truth. Unfortunately, this information has not been directly
available and had to be estimated by determining the transformation applying multiple
registrations as described in Section 3.5.1 without including any overlapping constraints
between fragments. Registration was performed using the GPU-ICP implementation as
well as a CPU version, yielding equal results. The accuracy of the ground truth was
assessed by the fiducial registration error (FRE) (Fitzpatrick et al., 1998). The highest
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FRE of a fragment was0.25 ± 0.1 mm and0.27 ± 0.14 mm in Experiments 1-4 and
Experiments 5-8, respectively. The mesh points of the fracture surfaces were not included
in the computation of the FRE.

Experiment Resolution Mesh size
# fragments

x/y, thickness/spacing unfractured
(mm) (# points)

1: C1left→ right 0.29/0.29, 0.67/0.33 290 450 5
2: C1right→ left 0.29/0.29, 0.67/0.33 503 400 5
3: C2left→ right 0.29/0.29, 0.67/0.33 367 690 3
4: C2right→ left 0.29/0.29, 0.67/0.33 361 370 4
5: C1left→ right 0.29/0.29, 1.0/0.5 237 600 5
6: C1right→ left 0.29/0.29, 1.0/0.5 351 140 5
7: C2left→ right 0.29/0.29, 1.0/0.5 276 900 3
8: C2right→ left 0.29/0.29, 1.0/0.5 269 930 4

Table 3.1: Overview of the performed experiments using two pairs of cadaver humeri
denoted by C1 and C2, respectively. The experimental data were acquired in two different
resolutions. The→ symbol connects the humerus that is target for reconstruction and the
contralateral humerus acting as the template, respectively.

The ground truth position of each fragment was compared to the result of our method
after contralateral and final assembly as shown in Table 3.2.The translational error was
defined as the Euclidean distance of the fragment center in ground truth and reconstructed
position. The rotational errorsα andβ were calculated based on the angular differences
of the fragment’s three2nd moment vectors in reconstructed and ground truth position.
α denotes the maximum rotational difference around the two largest moment vectors.
Correspondingly,β represents the rotational difference around the smallest2nd moment
vector. Theβ error quantifies the in-plane rotational error of the fragment on the recon-
structed bone surface while theα value has a stronger effect on the overall shape of the
reconstructed bone.
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Experiment
Contralat. Assembling Final Reconstruction

Error Error
Transl. (mm) Rot. (◦) Transl. (mm) Rot. (◦)

1 3.02± 0.8 α = 7.1± 2.6, 1.06± 0.35 α = 2.5± 1.5,
β = 5.1± 3.0 β = 3.5± 1.18

2 2.92± 1.13 α = 2.4± 1.5, 1.13± 0.34 α = 1.5± 0.8,
β = 3.5± 2.1 β = 3.1± 2.1

3 1.22± 0.41 α = 3.1± 0.4, 0.90± 0.50 α = 2.5± 0.8,
β = 2.5± 1.6 β = 2.8± 2.0

4 1.56± 0.69 α = 3.4± 2.8, 1.11± 0.59 α = 2.1± 1.9,
β = 3.8± 2.3 β = 2.6± 1.7

5 3.78± 0.28 α = 7.0± 4.0, 1.37± 0.29 α = 3.5± 2.5,
β = 8.1± 3.1 β = 5.5± 3.3

6 2.10± 0.45 α = 4.9± 3.5, 1.26± 0.43 α = 3.6± 2.0,
β = 6.1± 4.9 β = 3.0± 0.3

7 2.00± 0.14 α = 5.1± 0.8, 0.4± 0.60 α = 5.4± 0.4,
β = 3.4± 1.4 β = 5.1± 2.6

8 2.67± 1.0 α = 4.7± 5.1, 1.63± 0.64 α = 3.7± 2.9,
β = 3.5± 1.8 β = 2.5± 2.1

Table 3.2: Accuracy evaluation of the cadaver experiments. Average fragment error is de-
fined as the translational difference (in mm) and rotationalerror (in degree) to the ground
truth. α denotes the maximum rotational difference around the two largest moment vec-
tors.β represents the rotational difference around the smallest2nd moment vector. Errors
are given for contralateral assembling and for the finally reconstructed bone using fracture
surfaces.
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(a) (b)

(c) (d)

Figure 3.19: Bone reconstruction steps of Experiment 1. Fragments wererendered trans-
parent to show intersections between pieces. In Figures (b)and (d) computer-generated
fog was added to improve depth perception. (a) Result after contralateral assembly. (b)
Result of fracture surface extraction after contralateralassembly. (c) Final result after
alignment of fracture surfaces. (d) Finally aligned fracture surfaces.
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Contralateral Anatomical Differences

Side-to-side variabilities of both unfractured cadaver pairs were measured in order to
study correlations between anatomical differences of the sides and the reconstruction ac-
curacy of our algorithm. To this end the proximal shaft part of one specimen was virtually
separated from the head at the surgical neck and registered to the opposed mirrored bone.
The transformation obtained from this registration was then applied to the head part in
order to align both heads with respect to their shafts.

Closest point distances between the heads were evaluated and visualized in Figure 3.20.
An average distance error of0.73 ± 1.12 mm was measured for the first pair. Several
regions showed differences up to 3 mm. The second pair had a smaller variability of
0.47 ± 0.38 mm on average. The maximum diameter of the head including thegreater
and lesser tuberosity, was almost identical for both pairs.For cadaver pair 1 diameters
of 55.4 mm and 54.9 mm were measured for the left and right side, respectively. In case
of cadaver pair 2, the diameters of the left and right head were 56.6 mm and 56.7 mm.
The measurements were obtained by fitting a sphere to the meshvertices of the head in a
least-squares sense (Schneider and Eberly, 2002).

Error in mm

Figure 3.20: Side-to-side variabilities of cadaver pair 1 (left) and cadaver pair 2 (right),
respectively.

Fragment Registration based on Initial Fragment Position

To demonstrate the difficulties of contralateral registration based on the initial fragment
position, a test was designed using the cadaver pair with thelargest contralateral differ-
ences. We have chosen a medium-sized fragment of Experiment1 (the green-colored
fragment in Figure 3.19) with a surface of2900 mm2. 200 random displacements were
generated relative to the fragment’s ground truth position. The maximum magnitude of
the translation displacement vector was limited to 1.5 cm. Rotational displacements were
represented by quaternions based on a random rotation axis and a randomly chosen angle
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limited to 60◦. ICP registration was applied to the displaced fragment andthe alignment
error after registration was compared to the ground truth. The average mean translational
and rotational errors were8.7± 8.1 mm and11.4 ± 16◦, respectively. Several initializa-
tions caused the registration to fail completely as indicated by the outliers in Figure 3.21.
The minimum registration error for this fragment was 3.8 mm and 4◦ which is equal to
the result of our contralateral matching approach.
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Figure 3.21: Effect of different initializations on the registration to the contralateral bone.

3.6.2 Clinical Cases

In addition to the accuracy evaluation in the cadaver experiments, the method was tested
on four clinical data sets2. It must be noted that these data sets differ from the clini-
cal cases presented in the evaluation of the interactive system described in Section 3.4.
Unfortunately, no contralateral anatomy had been acquiredin case of the interactively
reconstructed fractures.

An overview of the cases is given in Table 3.3 as well as in Figure 3.22. The performance
of the reassembly was assessed by the quality of the contact along the fracture surfaces as
well as by the smoothness of the reconstructed bone surface at the interface of adjacent
fragments.

The quality of the contact was expressed by the contact ratioCr as described in (Okada
et al., 2009). The proposed measure quantifies gaps and intersections at evaluation points
sampled along the fracture surfaces. We have used sampling intervals of 5 mm. For each
evaluation point, the surface patch inside a small sphere (i.e. 5 mm radius) was analyzed.

2The use of clinical image data for such investigations was approved with waiver of informed patient
consent by the responsible Ethics Committee. Patients’ rights are protected by the fact that further use of
the data can either be accepted or rejected upon entry into the hospital.
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Case
Resolution Mesh size

# frag.
Contact Smoothness

x/y, thick./spacing unfract. ratioCr ratioSr

(mm) (# points)
1 0.35, 0.9/0.45 127 000 3 0.91 0.93
2 0.5, 0.9/0.45 131 300 3 1.0 0.97
3 0.33, 0.9/0.45 212 080 4 0.87 0.97
4 0.33, 0.9/0.45 140 400 4 0.85 0.86

Table 3.3: Clinical data sets. CT image resolution, mesh size of the contralateral bone
and number of fragments is given. The quality of the contact between fragments and
the smoothness of the fracture site after reconstruction isgiven by the ratiosCr andSr,
respectively.

If an intersection between fragments was detected within the radius, we defined the in-
tersection error as the maximum of the closest-point distances between the intersecting
fracture surfaces. Otherwise, the gap error was defined as the minimum distance between
the surface patches of the fragments. Finally,Cr was specified as the ratio of the number
of evaluation points where both errors were below 3 mm, divided by the total number of
evaluation points.

The reconstructed bone surface should be smooth without discontinuities, as steps or
sharp bending at the contact interface between pieces. In our evaluation we defined the
contact interface as the set of surface points where the inter-fragment distance was less
than 1 mm. The smoothness was locally measured at evaluationpoints which were sam-
pled along the contact interface in 5 mm intervals.

To obtain the correct surface connectivity at fragment boundaries, all pieces were com-
bined into a single mesh. To this end, a sampled implicit model (Schroederet al., 1994)
was generated with an isotropic sampling resolution of 0.5 mm. The merged triangle
mesh was subsequently constructed from the zero level set ofthis implicit model using
the marching cube algorithm (Lorensen and Cline, 1987). Thereafter, surface patches of
4 × 4 mm were created from the connected neighborhood around eachevaluation point.
Optimally, the transition between fragment boundaries is seamless and the extracted patch
is locally flat. Therefore, the local curvature of the patch,estimated by the flatness mea-
sure (Mederoset al., 2005)

s =
λ1

λ1 + λ2 + λ3

,

was used as a quality criterion. The valuesλ1 ≤ λ2 ≤ λ3 denote the eigenvalues obtained
from a covariance analysis of the points. Similar to the contact ratio, the smoothness ratio
Sr was defined as the number of evaluation points wheres < smax = sµ + 2sσ, divided
by the total number of evaluation points.sµ andsσ denote the mean smoothness of the
contralateral mesh and its standard deviation, respectively. These values were obtained by
averaging the flatness values of smooth surface patches not containing sharp edges. The
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contact and smoothness ratios for each case are provided in Table 3.3. Both ratios should
be one for optimal reconstruction.

In all four cases, at least 85% of the evaluation points had a contact error below 3 mm.
The best contact quality was measured in case 2 where all evaluation points fulfilled the
criterion. In case 1, one fragment was too small to be considered in the reassembly.
Similarly, two very small fragments were not included in thereconstruction of case 4.
In these two cases, the contact ratio was only measured at evaluation points between the
fragments included in the planning. The evaluation of the smoothness quality showed
a similar trend. On average, the flatness of the surface patches was below the tolerance
smax in 93% of the evaluation points. The value ofsmax derived from the contralateral
surface was very similar among the four cases.sµ andsσ ranged within0.018− 0.02 and
0.013− 0.026, respectively.
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(a) Case 1 (b) Case 2

(c) Case 3 (d) Case 4

Figure 3.22: Reconstructed clinical cases.
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3.6.3 Runtime

We have evaluated the efficiency of each step of the algorithmfor all presented experi-
ments and clinical cases. The runtime is given in Table 3.4 and Table 3.5. In the pre-
processing step, the initial transformations based on candidate points are calculated as
described in Section 3.5.1. The GPU version of ICP was compared to a CPU implemen-
tation using a KD-tree (Mount and Arya, 1997) where the contralateral matching for each
fragment was executed in a separate thread.

Data set Preprocessing (s)
Contralateral Assembly (s)

Registration Error measure & overlap test
GPU (CPU) GPU (CPU)

Exp. 1 44 590 (11118) 57 (435)
Exp. 2 36 343 (7636) 39 (549)
Exp. 3 42 249 (4578) 0.5 (12.8)
Exp. 4 45 359 (6493) 1.7 (26)
Exp. 5 42 376 (8432) 36 (280)
Exp. 6 28 204 (4298) 34 (281)
Exp. 7 30 132 (4171) 0.2 (2.5)
Exp. 8 31 118 (4451) 0.2 (10)
Clin. 1 16 48 (400) 0.5 (5.7)
Clin. 2 15 58 (454) 0.7 (7.9)
Clin. 3 15 175 (6062) 1.5 (11.8)
Clin. 4 11 110 (4200) 0.7 (4.0)

Table 3.4: Runtime of the reconstruction algorithm in seconds on a P4 3.2GHz, NVIDIA
GeForce 9600 GT machine. Timings for preprocessing and contralateral assembly are
given in seconds.
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Data set
Fracture Surface Assembly (s)

Extraction Filter Pairwise Multi-Piece
Filter Registration GPU (CPU) Alignment

Exp. 1 92 549 (1100) 6.5
Exp. 2 111 867 (817) 6.4
Exp. 3 50 260 (349) 2.7
Exp. 4 44 288 (350) 2.4
Exp. 5 36 500 (925) 5.5
Exp. 6 35 445 (612) 5.6
Exp. 7 32 305 (480) 2.2
Exp. 8 27 259 (298) 0.2
Clin. 1 10 200 (212) 0.4
Clin. 2 6 204 (231) 0.3
Clin. 3 13 384 (511) 3.8
Clin. 4 11 368 (451) 4.8

Table 3.5: Runtime of the reconstruction algorithm in seconds on a P4 3.2GHz, NVIDIA
GeForce 9600 GT machine. Timings for fracture surface extraction, pairwise registration,
and multi-piece alignment are given in seconds.

3.7 Discussion

The results of the cadaver experiments clearly show the accuracy of our approach. In
experiments with high resolution CT data the average fragment displacement error com-
pared to the ground truth was1.0±0.4 mm and2.8±1.1◦. Similar errors of1.3±0.4 mm
and 3.4 ± 2.2◦ were obtained in case of lower resolution. This demonstrates that the
algorithm can be applied to clinical cases where CT images with lower resolutions are
acquired. Nevertheless, the rotational error was significantly higher in all experiments,
compared to the measurements with high resolution data. Onereason might be the less
accurate fracture surface extraction. Due to the flatness offracture fragments, the rota-
tional part of the registration is much more susceptible to inaccuracies compared to the
translation.

The average error after contralateral assembly was2.2 ± 1.1 mm and5.3 ± 2.9◦ in
Experiments 1-4, and2.7 ± 0.9 mm and6.6 ± 3.3◦ for Experiments 5-8. A maximum
error of 4 mm and10◦ was observed in the experiments. These results show that the
proposed contralateral matching can be used to reassemble humerus fractures. However,
the method requires an additional CT scan of the uninjured humerus which increases the
patient’s radiation exposure.

Registration with the contralateral bone only based on the initial fragment position can
fail in case of larger displacements due to the featureless geometry of the humerus head
as demonstrated in Figure 3.21. Previously performed tests, including additional features
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like CT image intensity or curvature (Sharpet al., 2002), did not improve robustness as
these were not sufficiently discriminative to overcome wrong local minima. Our approach
therefore uses multiple initializations for each fragmentand selects the best assembly
according to the introduced error measure. An independent registration of the fragments
without incorporating the overlap was not robust, since some fragments yielded excellent
matches on several positions. However, even the best match to the contralateral bone
provided suboptimal results. One reason may be anatomical differences between left and
right, which was visualized for both cadaver pairs in Figure3.20. This assumption is
supported by a study of Deludeet al. (2007), demonstrating a considerable contralateral
variability of the humeral head length and differences in the head retroversion angle. We
have observed that the contralateral registration showed larger errors in case of cadaver
pair 1 where higher side-to-side variability was measured.Additionally, small scaling
differences between the left and the right humerus can be assumed for this cadaver pair.
In Experiment 1 the fragments did markedly intersect after contralateral registration as
demonstrated in Figure 3.19a. Correspondingly, Experiment 2 showed gaps between the
fragments, caused by contralateral matching to a possibly larger bone. Consistent results
were obtained using the low resolution data.

As a consequence, our approach refines the initial assembly by a direct alignment of the
fracture surfaces without relying on the contralateral bone template. A correlation-based
algorithm allowed a very coarse definition of the regions being target for registration
due to the robustness of the method. Symmetric registrationwith a stepwise reduction
of the region of interest improved the overall robustness, especially in case of missing
pieces between fragments. While the accuracy of the final assembly was excellent in
experiments, opposing fracture surfaces did not match perfectly. One reason might be
the challenging segmentation of these thin-walled fragments as well as difficulties in pre-
cisely extracting the fracture surfaces. Further researchis planned to improve their quality,
which would particularly improve the rotational registration. The applied iterative multi-
fragment alignment distributes the pairwise registrationerror evenly among all pieces.
The problem of collective sliding of the fragments, which was observed in some experi-
ments, was solved by keeping the shaft fragment fixed during alignment. Incorrect point
pair correspondences of the pairwise registration biased or slowed down the alignment
process. The evaluation of the trimmed mean square error defined in Equation 3.11 al-
lowed to automatically remove suspicious point correspondences which results in faster
convergence and a smaller error.

The computational efficiency of the algorithm is a clinically important factor, as it sig-
nificantly influences the overall planning time. The presented method is computationally
demanding but the planning can be performed in a reasonable time by executing the most
expensive parts on the GPU. The contralateral matching approach is only practicable if a
very efficient but accurate registration method is applied.Our proposed GPU implemen-
tation, described in detail in the Appendix, allows huge speedup compared to a standard
CPU implementation with a KD-tree which is inefficient in case of large meshes. On the
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GPU, the registration can be efficiently performed using allmesh points without reducing
the mesh size. Previously we have tested mesh decimation algorithms (Lindstrom, 2000;
Schroederet al., 1992) and point selection strategies (Rusinkiewicz and Levoy, 2001) on
the CPU to improve efficiency. However, it was not possible tofind an approach that sig-
nificantly reduced runtime in all experiments. Most time-consuming is the contralateral
matching of large fragments since at least 32 registrationsare tested according to Equa-
tion 3.5. It is difficult to automatically define the number ofrequired registrations for
varying fragment sizes. Our strategy was to overestimate the number of candidate points
necessary to determine the most correct assembly. A manual initialization of large frag-
ments with pronounced landmarks or a more constrained search space would therefore
allow reducing the runtime. However, our aim was to demonstrate that this step can be
performed without user interaction and without additionalconstraints like a limited region
of interest. A smaller speedup was achieved for the typically expensive correlation-based
registration. Fracture surface meshes are small-sized which makes a parallelization less
effective. For the overlap calculations, the runtime is acceptable for fractures with up
to five parts although the combinatorial effort increases significantly compared to 3- or
4-part fractures. However, usually only fractures with less than five fragments are treated
by open reduction (Wijgmanet al., 2002). A reconstruction which includes more than
five pieces would require to reduce the number of possible combinations. This could be
achieved by a hierarchical overlap test that merges alreadyconsistent fragment transfor-
mations to groups. Alternatively, a dynamic programming approach could be used (Pa-
paioannou and Karabassi, 2003).

Additional speedup is possible if only relevant point subsets would be used for testing.
The overall assembly time is mainly dependent on the resolution of the CT image, the
size of the fragments and the complexity of the fracture. Thecomputational effort is
much lower in case of simple fractures with small fragments like in clinical cases 1 and 2.

Compared to the approach of Okada (Okadaet al., 2009), our method has clear advan-
tage in several aspects but also drawbacks. Their registration method can handle fragment
displacement up to a certain degree but it still relies on theinitial position of fragments.
Even if for femur treatment planning the maximum displacement was limited to 2 cm
and30◦, several incorrect registrations were still observed in their experiments. In our
case the maximum displacement that may occur clinically might be higher – a significant
dislocation is defined by a displacement of at least 1 cm or45◦ in literature (Neer, 1970,
2002). Our contralateral matching algorithm performs the registration completely inde-
pendent on the fragment displacement. This was clearly demonstrated in the presented
cases which were successfully assembled without relying onthe initial configuration. For
global alignment, Okadaet al.consecutively applied ICP registration against a set of al-
ready aligned objects. We have evaluated the performance ofOkada’s method on the ca-
daver data in high resolution. The alignment of the fracturesurfaces was appliedafter the
contralateral matching step described previously. Therefore, the fragment displacement
can be considered as small (see Table 3.2). The method of Okadaet al.could register the



3.7. DISCUSSION 103

fracture surfaces if the order of alignment as well as the corresponding overlap regions
were appropriately chosen. The alignment order had to be defined such that the overlap
between the current fragment and the aligned set was sufficiently large. Additionally, the
definition of corresponding overlapping regions required fine-tuning in several cases. The
final alignment error was higher in all four experiments. Compared to the ground truth,
the average error in Experiments 1-4 was2.0±0.4 mm and4.8±1.3◦ using the method of
Okadaet al.Sequential alignment is known to accumulate registration errors (Rodrigues
et al., 2002) which might be one reason for the higher error. Additionally, ICP registra-
tion of thin fracture surfaces may be more error-prone than correlation-based registration.
It must be noted that Okadaet al. proposed different combinations of the registration
process (see Section 3.2) but only the global registration of fracture surfaces was eval-
uated to allow a direct comparison with our alignment approach. The main drawbacks
of our approach compared to Okada’s method are the significant higher runtime and the
larger number of user-defined parameters.

3.7.1 Limitations

Currently, we discard smaller fragments during the planning process. All fragments,
where the sum of the mesh triangles’ area is smaller than1000 mm2, are automatically
removed by the algorithm, since contralateral matching didnot robustly work for them.
Removed fragments had a maximal length of less than 1.5 cm on average. In the cadaver
experiments not even the correct position on the original bone could be determined to gen-
erate a ground truth. However, reconstruction by open reduction is typically performed
on fractures with larger pieces. Nevertheless, the integration of very small fragments is
planned in the future in order to evaluate possible gains in accuracy.

Some algorithmic parts required manual interaction in the tested cases. The automatic
determination of the moment vector direction used to generate initial fragment positions
may fail for planar or concave-shaped fragments. While typical fragments are convex-
shaped, the direction ofe3 had to be manually flipped in three cases. Additionally, the
neighborhood of adjacent fragments is currently only defined by their distance. In one
complex case the correct neighborhood of three fragments was defined by the user since
all pieces overlapped in the same region.

Fracture surface extraction required user-controlled correction in order to remove incor-
rect parts not belonging to the fracture surface. In such cases, the noisy regions were
separated from the fracture surface and the connected component analysis was repeated.

Finally, another important issue is the optimal selection of the user-defined parameters.
Manual adjustment of these values may be necessary in a larger series of fractures. Further
research will focus on the development of strategies for adaptive parameter selection.
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3.7.2 Parameter Selection

Our method relies on user-defined values which were determined experimentally based on
the data available. Several parameters might require adaption in a larger series of patients
to account for the wide range of possible fractures and anatomy. Therefore, a discussion
of parameter-depending effects on the reconstruction is provided in this section.

In the pre-processing stage described in Section 3.5.1, raycasting is applied to identify
the outer bone surface. Our experiments have shown that the outer surface extraction is
robust to a wide range of parameter values (i.e. ∆t = 5 − 25 mm) due to the following
reason. Inappropriate offset values result only in an increase of false positives. Most of
these regions are automatically removed by the subsequent connected component analy-
sis. Eventually still remaining erroneous detections result in redundant candidate points
not affecting the best assembly.

The number of candidate points per fragment are determined by Equation 3.5. The pri-
mary reason of using an adaptive procedure is the improved runtime performance. While
over-sampling has no influence on the contralateral reconstruction, an insufficient amount
of candidate points may result in decreased accuracy. An evaluation in a larger series of
patients is required to confirm whether the defined step function can robustly deal with all
cases. Additionally, user control of this process would allow to increase the sampling in
critical areas or completely leave the generation in certain areas out of consideration.

The best contralateral assembly is determined by evaluating the error measure given by
Equation 3.6. In our experiments, equal weighting between alignment and overlap error
resulted in correct reconstructions. Nevertheless, a different weighting scheme might be
required for other data sets since the significance of the individual terms of the equation
is dependent on the fragment sizes as well as on the number of missing parts.

Two user-defined thresholdst1 and t2 must be specified in the fracture surface extrac-
tion algorithm. The appropriate value of the tolerance thresholdt1 is dependent on the
quality of the point normals of the underlying fragment mesh. Smaller threshold values
(e.g.t1 = π/8.0) can be used in case of image data with high spatial resolution and low
noise. Contrary, the acceptance margin must be increased todetect the fracture surface
in sparsely sampled data or in the presence of noise. Therefore, a value oft1 = π/6.0

was required to extract the fracture surfaces from the tested clinical data due to the lim-
ited in-plane resolution. However, a wider range typicallyresults in a higher rate of false
positives which must be removed in a post-processing step. The automatic removal of
false positive detections by applying global clustering will be addressed by future work.
The second thresholdt2 corresponds to the local variation of the point normalsnk with
respect to the current normalnj . All nk, ∡(nj ,nk) < t2 are assumed to belong to the
same cluster asnj . Based on this assumption, Equation 3.7 determines whethernj is part
of the fracture surface. Therefore,t2 should be set to the typical angular variation of the
normals within a small region of the fracture surface. Best results were achieved with



3.7. DISCUSSION 105

t2 = 30◦−45◦. While smallert2-values resulted in gaps in the extracted area, an increase
of t2 caused the region to extend beyond the correct fracture surface.

The final reconstruction described in Section 3.5.2 relies on user-defined values as well.
First, the adjacency between pieces is determined by a distance threshold of 4 mm. The
results of the evaluation indicate that the contralateral matching error is sufficiently small
(i.e. 2.7 ± 0.9 mm) to generate an adjacency list in this way. As previously mentioned,
user-controlled correction of the adjacency information was required in case of multiple
overlapping fragments. However, this task can be carried out easily by inspection of
the contralateral assembly. Based on the adjacency information, the pairwise registration
is initialized by estimating the overlap region of corresponding fracture surfaces. Due
to the robust registration method, these regions can be defined roughly using a global
threshold. The influence of outliers is reduced iteratively, by updating the overlapping
region during optimization. Finally, the kernel correlation-based registration requires to
specify the kernel scaling̃σ, used to smooth out local minima in the cost function of the
optimization. Although the optimal value of̃σ is dependent on the amount outliers, the
registration appears to be robust within a large range of scales (Tsin and Kanade, 2004).





4
Osteotomy Planning of Malunited
Forearm Bones

4.1 Introduction

Thepro-supinationis the rotational motion of the forearm and the hand along theanatom-
ical forearm axis, consisting of two converse movements termedpronationandsupination
as sketched in Figure 4.1. These terms refer to the anatomical position of the forearm. In
anatomical position, the body is erected, the face is directed forward (i.e. anterior), and
the arms are at the side. The palms of the hands are in an anterior position while the
back of the hand points to the back of the body (i.e. posterior). Pronation is the rotation
of the forearm that moves the palm from an anterior-facing position to a posterior-facing
one. Vice-versa, supination rotates the forearm such that the palm moves towards the
anterior. The forearm is held inneutral positionbeing neither pronated nor supinated,
i.e. the palm is parallel to the mid-sagittal1 plane in the anatomical position. The average
range of motion (ROM) of a healthy forearm from neutral position to full supination and
full pronation is80◦-90◦ and75◦-85◦, respectively (Zimmerman, 2002).

An unrestricted function of the pro-supination is of fundamental importance for perform-
ing daily activities as eating, drinking, and personal hygiene as well as job-related tasks.
Therefore, the ultimate goal for the surgical treatment of post-traumatic malunions is the
restoration of function according to the patient’s need. The treatment options are diverse
and the surgical intervention to be performed dependents onthe type and location of the
deformity. The methods described in this chapter target thesurgical planning to correct
diaphyseal deformities.

In this kind of injury, three types of deformities (Marti andHeerwaarden, 2008) are fre-
quently encountered in an isolated or combined form:

1A sagittal plane divides the body into a left and right section; the mid-sagittal plane passes through the
midline of the body.
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Figure 4.1: The rotational motion of the forearm from pronation (a) to supination (b).

• Angular deformityresults in a non-anatomical angulation of the distal and proximal
bone parts. In general, angulation can occur on any oblique plane between the
sagittal and the anterior-posterior plane. Pure angular deformities are surgically
corrected by performing a wedge osteotomy. In a closing wedge osteotomy, the
bone is separated with two cuts forming a wedge which, when closed, will correct
the deformity. Contrary, in an opening wedge osteotomy one cut is made and the
bone parts are aligned, resulting in a wedge-shaped opening. After fixation of the
bone parts, the wedge is filled with bone graft.

• Axial deformityis characterized by an excessive rotation or twist of the bone around
its longitudinal axis. That is, the distal segment shows a non-anatomic rotation
around its own axis while the proximal part is considered as fixed. Axial deformities
require a rotational osteotomy where a derotation is performed according to the pre-
operative measurements.

• A translational deformityis a displacement of the distal fragment relative to the
proximal part. Pure translational deformities are treatedwith a translational os-
teotomy to restore the anatomical position.

• Combined deformities, e.g.axial and angular deformities, do occur frequently and
are among the most difficult to treat (Nagyet al., 2008; Schweizeret al., 2009).
The planning of such cases using plane X-ray or CT is very challenging. In general,
the surgical correction of combined deformities requires correcting the components
simultaneously or in a stepwise fashion.

In the current pre-operative planning, deformities are determined by measuring differ-
ences to the healthy side which is the only available reference. The success of the surgical
treatment relies on the accuracy of these measurements. However, the lack of reliable
assessment impairs the accurate planning of complex deformities (Nagyet al., 2008).
Therefore, Section 4.2 is dedicated to the development of computer-based methods which
can perform the comparison to the contralateral limb in a more accurate and efficient way.
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However, the reconstruction with respect to the healthy side does not always guarantee an
optimal functional outcome. For instance, small morphological variations not considered
as significant deformities, can cause a dramatic impairmentof the function due to the
narrow inter-bone spacing between radius and ulna. CAOS offers the possibility to include
the simulation of the function into the planning. As a first step in this direction, we
have carried out cadaver experiments to study the influence of deformities on the pro-
supination motion. A description of the study is given in Section 4.3. Based on these
findings, a kinematic model of the forearm motion will be introduced in Section 4.4. As
a first application, a method is presented which detects impairment of the motion due to a
narrowed interosseous space.

The remaining part of this introduction will provide a shortoverview of the anatomy of
the forearm to introduce the required medical terminology.A more detailed description
can be found in (LaStayo and Lee, 2006).

4.1.1 Anatomy of the Forearm Complex

The bone structure of the forearm complex consists of two long bones, the radius and the
ulna as depicted in Figure 4.2a. The radius is located on the thumb side of the wrist and
the ulna on the little finger side. The length of the radius is 25 cm on average while the
ulna is slightly longer (Chandleret al., 2003).

The bone shafts are connected by a complex combination of ligaments and membranes
called the interosseous membrane (IOM) acting mainly as a stabilizer (Zimmerman, 2002).
The IOM can be divided into three parts (Moritomoet al., 2009), the middle ligamentous
complex, and the proximal and distal membranous portions asoutlined in Figure 4.2a.
The middle ligamentous complex has a central part called thecentral band, adjoined by
accessory bands. The central band can be considered as the strongest and most homoge-
nous part of the IOM while the accessory bands are of less substance (Skahenet al.,
1997). The membranous portions of the IOM are soft and thin structures which are only
variably present in individuals at the proximal and distal endings of the shaft (Moritomo
et al., 2009; LaStayo and Lee, 2006).

The forearm joints connect the forearm with the wrist (distally) and with the humerus
bone (proximally) as shown in Figure 4.2b and Figure 4.2c, respectively. At the wrist,
radius and ulna form the distal radioulnar joint (DRUJ). In the DRUJ, the distal ulna
articulates with the large quadrilateral-shaped sigmoid notch of the radius (Palmer and
Werner, 1984). The ligamentous and cartilaginous structure in the DRUJ is summarized
as the triangular fibrocartilage complex (TFC). The TFC includes the dorsal and volar
radioulnar ligaments, the ulnar collateral ligament as well as the articular disc (Palmer
and Werner, 1984).

In the proximal radioulnar joint (PRUJ), the cylindrical radius head articulates with the
radial notch of the ulna. Several ligaments contribute to the stability in the PRUJ (LaStayo
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Figure 4.2: Anatomy of the forearm complex. (a) Outline of the forearm bones radius and
ulna including the distal, middle, and proximal parts of theinterosseous membrane (IOM)
as denoted in black. (b) Distal radioulnar (DRUJ), radiocarpal, and ulnarcarpal joints.
Picture taken from Gray’s Anatomy of the Human Body, 1918. (c) Proximal radioulnar
(PRUJ), humeroradial, and humeroulnar joints. Picture taken from Gray’s Anatomy of
the Human Body, 1918.

and Lee, 2006). The strongest proximal band is the annular ligament which functions
to maintain contact between the radial head and the ulna. Additionally, several smaller
ligaments such as the collateral ligaments and the quadrateligament can be found in the
PRUJ.

4.2 Quantification of Forearm Deformities

In this section, two CAOS approaches to the accurate assessment of malalignments are
presented. Both methods rely on comparisons to the contralateral bone of the patient.
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Section 4.2.3 describes the development of a computer assisted osteotomy system in
which the intervention planning can be performed in a virtual environment. Well-established
3-d registration techniques are included in the framework to measure angular, axial, and
translational deformities. The second method described inSection 4.2.4, shows an alter-
native approach based on 3-d anatomical landmarks to quantify axial deformities.

The remaining part of this section is organized as follows. In Section 4.2.1 an overview of
related computer-based methods is given. Section 4.2.2 describes the conventional plan-
ning technique currently applied in the clinical routine. Finally, a comparative evaluation
is provided in Section 4.2.5 to analyze advantages and limitations of the different meth-
ods.

4.2.1 Related Work

Several 3-d computer planning systems for forearm osteotomies exist; most of them use
the contralateral limb as a reconstruction template.

Zdravkovic and Bilic (1990); Bilicet al.(1994) pioneered the computer assisted 3-d plan-
ning of forearm osteotomies. In their method, 3-d surface models of the affected radius
and the contralateral normal bone were reconstructed from two orthogonal radiographic
projections of the bones. Thereafter, the affected bone wasfitted to the contralateral ref-
erence with an iterative alignment approach. The accuracy of the system was evaluated
on 33 clinical cases.

Jupiteret al. (1992) employed computer assisted manufacturing to facilitate the planning
of complex radius malunions. Solid bone models of both limbswere generated from
patient-specific 3-d meshes using computer-controlled milling. Based on these models,
the osteotomy was performed and evaluated pre-operatively.

In (Croitoruet al., 2001; Athwalet al., 2003), virtual planning was combined with intra-
operative guidance to accurately reproduce the planning results during surgery. Pre-
operatively, the 3-d model of the deformed radius was aligned to the contralateral bone in
an interactive environment. A custom optical guidance system was developed for tracking
the surgical tools as well as patient movements. The proposed method was compared to
the conventional surgical technique in a laboratory study using polyurethane foam mod-
els. The computer assisted surgery resulted in a significantincrease in accuracy.

Riegeret al. (2005) evaluated the advantages of a virtual CT-based planning system on
11 clinical cases. Several commercial software packages were used for segmentation, 3-d
model generation and alignment of the bones. The osteotomy was performed in a virtual
modeling system offering a haptic interface. After the virtual osteotomy, the resulting
wedge-shaped gap at the osteotomy site was used to manufacture a synthetic template.
This template acted as a repositioning device during surgery. The evaluation of short-
term follow ups showed anatomical and functional gains.
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Muraseet al. (2008) proposed a CAOS technique for long bone osteotomies comprising
pre-operative computer planning and intra-operative guidance. In the virtual environment,
the distal part of the malunited bone was manually aligned with the contralateral template,
followed by a refinement step with a surface-based registration method. Thereafter, the
proximal parts were matched in the same way to determine the screw axis transformation.
The axis of deformity was obtained from this screw axis by neglecting the translational
part. Finally, the osteotomy was carried out by manually rotating the distal part around
the deformity axis. A custom-made template was designed in the simulation to enable
intra-operative guidance. To this end, a block-shaped 3-d model was placed on the bone
at the osteotomy site. Thereafter, the bone and the osteotomy plane were subtracted from
the template, resulting in two parts aligned proximally anddistally to the site. Virtual
drill holes were generated in both parts to reproduce the virtual osteotomy. In the surgery,
the guide was aligned with the bone and Kirschner wires were inserted through the drill
holes. The repositioning was performed by aligning the wires in parallel. Clinical eval-
uation of 22 cases was carried out pre- and post-operatively. The average difference to
the contralateral bone was within3◦. A limitations of the method appears to be the long
planning time of two to three hours for a trained operator.

Neubaueret al. (2005) presented a system for pre-operative planning of malunited distal
radius fractures based on CT images of the deformed and contralateral forearm. A thresh-
olding algorithm was applied for segmentation, followed byan interactive bone separation
step based on the watershed algorithm. A manually placed cutplane defined the partition-
ing of the image data into distal and proximal parts. Thereafter, a commercial software
package (i.e.Raindrop Geomagic Studio) was used for the registration to the contralateral
bone.

4.2.2 Conventional Planning

In conventional planning angular, axial, and translational deformities are measured in
separate steps.

The degree and direction of angular deformity is assessed onplain radiographs as fol-
lows. X-rays of both forearms in anteroposterior and lateral projections are acquired.
Thereafter, the outline of the healthy and deformed bone in both projections is copied to
tracing paper. The angular deformity is quantified in each plane by superimposing. Based
on these 2-d measurements, the axis and angle expressing thedeformity in 3-d space is
computed as described in (Nagyet al., 2008).

The measurement of axial deformity of the radius is performed according to a method
proposed by Bindraet al. (1997). Their method has proven to be the most reliable and
accurate in a comparative study (Dumontet al., 2006). Bindraet al. introduced proximal
and distal anatomical landmarks to quantify the radial twist (i.e. torsion angle) along the
bone’s longitudinal axis in axial CT images. The torsion angle is computed from two
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2-d lines, manually defined on a proximal and distal CT slice as depicted in Figure 4.3.
The proximal line is tangent to the flattened cortical surface of the bicipital tuberosity.
Distally, the bisector of the lines delimiting the square-shaped cross-section of the distal
radius proximal to the lunate fossa is used. The difference of the torsion angles between
the affected and contralateral radius represents the degree of axial malunion.

Figure 4.3: Quantification of axial deformities according to Bindra. The degree of defor-
mity is assessed by comparing the torsional twist between the left and the right radius.

The method of Bindraet al. has several limitations. First, the approach is based on the
selection of 2-d slices which necessitates the surgeon to choose exactly one distal and one
proximal slice. As a consequence, the entire orientation ofthe distal and proximal parts
relies on two manually selected cross sectional images. Additionally, the manual defini-
tion of the lines is error prone if the landmarks are weakly pronounced. The orientation
of the proximal radius part is difficult to define since it doesnot have prominent bony
protrusions and is only assessed by the orientation of the bicipital tuberosity. Distally, the
method cannot be used in case of comminution of the distal radius due to the loss of the
landmarks (Bindraet al., 1997).

In summary, the main limitation of the conventional planning approach appears to be the
estimation of a 3-d deformity using 2-d measurements as plane X-ray and axial CT slices.
2-d based osteotomy planning can result in errors and failure of the anatomical recon-
struction (Jupiteret al., 1992; Bilic et al., 1994; Muraseet al., 2008). Particularly, the
measurements are error-prone if multi-planar angular and axial deformities are present.
Due to missing spatial information, a correction of the rotational component would trans-
fer an angular malalignment to another plane which makes planning as well as performing
the reposition maneuver highly complex.
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4.2.3 Computer Assisted Planning based on 3-d Registration

The idea of simulating osteotomies on the computer is not newand previous work has
demonstrated the efficiency of registration techniques which use the contralateral bone as
a 3-d template. Based on this principle, we introduce a virtual osteotomy planning system
in this section. The objective in the development of this system was to provide a tool
which can be easily used by the surgeon in the clinical routine.

The input data of the planning tool are 3-d models, generatedfrom CT scans of the post-
traumatic as well as the (mirrored) healthy bone. The surface meshes are generated from
segmented CT scans of the patient using a Marching Cube algorithm (Lorensen and Cline,
1987).

The planning process comprises three major steps which are outlined in Figure 4.4. In
the first step, the exact location of the osteotomy is determined. To this end, a virtual cut
plane is used that can be interactively placed in 3-d space. As depicted in Figure 4.4a, the
plane specifies the position of the osteotomy site dividing the bone into a proximal and
distal part, respectively. Our tool supports the surgeon inthe identification of the correct
osteotomy site. In case of angular deformities, the bone is cut at the location of maximum
deformity. To facilitate positioning of the plane, potential locations of the osteotomy site
are visualized on the virtual bone.

(a)

x
y

z

(b) (c)

Figure 4.4: Outline of the virtual osteotomy planning. The malunited and uninjured
bones are shown in red and blue, respectively. (a) Definitionof the osteotomy site. (b)
Proximal alignment. The coordinate axes are indicated as black lines. (c) Final distal
alignment after osteotomy.

To this end, the difference to the healthy bone is determinedin a user-defined region-of-
interest by applying iterative closest point (ICP) registration (Chen and Medioni, 1992).
In this ICP variant, the point-plane distance between each point of the source mesh to the
closest surface point on the target mesh is iteratively minimized in a least squares sense.
The required closest point queries are efficiently performed with a KD-Tree (Mount and
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Arya, 1997). In each ICP iteration, a distance threshold is computed for outlier identifica-
tion, i.e. all closest point pairs which are above the threshold are discarded. A threshold
value ofµ + 2σ is used whereµ is the average distance of the point-pairs andσ the
standard deviation, respectively. After registration, the points of the affected radius are
colored with respect to their difference to the template to visualize regions of high de-
viation. Alternatively, the osteotomy location can be specified based on radiographic
measurements.

Once the osteotomy site is defined, the malunited bone is separated into a proximal and
distal fragment at the plane by cutting (Schroederet al., 2004) the underlying triangle
mesh. Thereafter, the malunion is assessed by aligning the proximal part of the bone with
the contralateral anatomy as shown in Figure 4.4b. In this step, the distal fragment is
considered as rigidly fixed to the proximal part, and thus it undergoes the same transfor-
mation. The registration of the proximal parts is performedwith ICP. Non-uniform scaling
is also incorporated into the registration process to compensate side-to-side variability of
the bones,i.e.different bone lengths.

After alignment, the degree of malunion as well as the required correction can be exactly
calculated by finding a relative transformation that optimally matches the distal fragment
to the contralateral bone. In this stage of the planning, a coordinate system based on
anatomical landmarks must be specified in order to express the direction of the deformity
with respect to the radius bone. This coordinate system is defined semi-automatically
according to the anatomical landmarks indicated in Figure 4.4b.

• The first coordinate axis (i.e. z-axis) represents the longitudinal axis of the bone.
Basically, the z-axis can be approximated by the largest2nd moment of all points
of the bone model. However, the computation of the longitudinal axis can be bi-
ased due to gross angular deformities. To avoid this bias, only mesh points of the
aligned proximal part are included in the calculation. To this end, an eigenvector
analysis of the3× 3 covariance matrix of the coordinates of the fragment’s points
is performed (Gottschalket al., 1996).

• The second axis (i.e. y-axis) points in the radial-ulnar direction of the most distal
portion of the radius. As previously, the axis can be derivedfrom the largest2nd

moment of the distal radius.

• The last axis (i.e. x-axis) corresponds approximately to the volar-dorsal direction
and is given by the cross product between the first and the second axes.

• The origin of the coordinate system is set to the COM of all mesh points within a
pre-defined distance (i.e.5 mm) to the osteotomy plane.

Both, the coordinate axes and the origin can be interactively modified if desired.
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In the last step, the distal fragment is optimally matched tothe contralateral anatomy. As
for the proximal alignment, ICP can be used to register the pieces with respect to all six
degrees-of-freedom. An example result of the distal registration is given in Figure 4.4c. In
addition to this unconstrained registration, the surgeonsare also interested in evaluating
the best transformation under certain constraints. For instance, in a Z-osteotomy, angular
and axial deformities are corrected in three rotational degrees-of-freedom, while radial
shortening is compensated by translating the bone along thelongitudinal axis. Therefore,
our system additionally offers the possibility to constrain the registration to the degrees-
of-freedom which best fit the type of intervention. In the constrained case, the registration
problem is iteratively solved in a least squares sense usinga non-linear optimizer based on
Sequential Quadratic Programming (Lawrenceet al., 1997). The quality of the constraint
matching can be assessed visually to test different intervention strategies. The osteotomy
planning is completed with a report describing the stepwisecorrection of the malunited
bone in the chosen coordinate system. The rotational corrections are expressed in Euler
angles derived from the transformation matrix of the distalalignment.

4.2.4 Computer Assisted Quantification of the Torsion Profile

The torsion of a long bone along its longitudinal axis is defined by the angle between
the proximal and distal metaphyses (Bindraet al., 1997). The exact quantification of the
torsional twist of the radius is of particular clinical interest; while bone angulations are
easily recognizable on plane radiographs, even the diagnosis of a potential axial defor-
mity requires CT imaging to quantify and compare the torsional profiles between both
sides. Registration-based methods require CT scans in highresolution to measure the tor-
sional twist due to the lack of prominent bony protrusions inthe proximal part of the ra-
dius (Schweizeret al., 2009). Similarly, conventional measurement techniques appear to
be of limited applicability to low resolution data. In contrast to a CT-based study (Bindra
et al., 1997), the measurement of torsional intra-patient variabilities in MRI (Dumontet
al., 2006) showed side-to-side differences of up to35◦ which might indicate inaccuracies
due to the limited resolution. Therefore, this section aimsat the development of a method
to accurately measure the torsional twist in low resolutiondata.

We hypothesize that the axial orientation of the proximal and distal bone segments in 3-d
space can be well estimated by 3-d planes. The torsional angle is then defined as the
dihedral angle between the proximal planeTprox and the distal planeTdist. Our method
comprises three steps: First, the orientation of the radiusmesh is normalized to make the
measurements invariant to the initial orientation of the data. Thereafter, the distal and
proximal planes are fitted to anatomical landmarks.
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Normalization

In this pre-processing step the orientation of the bone model is normalized in order to
represent the mesh with respect to an anatomical coordinatesystem. The normalization
is required to compare the torsion angle of radii in different orientation. Additionally, the
normalized orientation simplifies the identification of anatomical landmarks as described
later.

The model is expressed in a coordinate system similar to thatdescribed in Section 4.2.3.
The longitudinal bone axis is chosen as the third basis vector of the new coordinate sys-
tem (i.e. the z-axis). As previously, not all mesh points are includedin the computation to
avoid a biased axis in case of angulated bones. Therefore, only mesh points of the distal
and proximal metaphyses are included in the calculation. The metaphyseal regions are
coarsely estimated by considering only points which lie within the most distal and proxi-
mal quarters of the bone. Similarly, the y-axis is obtained from the largest2nd moment of
the distal quarter. The x-axis is orthogonal to these two axes.

After the transformation of the mesh to the new coordinate system, the bone has to be
uniquely aligned with respect to the directions of the coordinate axes. This step is impor-
tant to ensure consistent angle measurements among different data sets, since a change in
direction will result in a reversed sign of the torsion angle. By definition, the x-axis has to
be directed towards the radial sigmoid notch (i.e. to the ulna) while the positive z-axis has
to point to the proximal end of the bone. The correct orientation is verified by the user.

Distal Orientation

The distal radius has a complex asymmetric shape which varies significantly in axial di-
rection. Therefore, the axial component can only be assessed by a 3-d planeTdist if sim-
pler anatomical characteristics can be found which describe the orientation of the distal
part. We have identified two flat-shaped regions of the distalradius as the most descrip-
tive features. Each of these regions can be sufficiently approximated by a 3-d plane. In
the following, these two planes are denoted byT 1

dist andT 2
dist, respectively. As depicted

in Figure 4.5, the regions are opposite to each other and are roughly mirror-symmetric
with respect to the distal radius center. Finally,Tdist can be derived from these two planes
to obtain a 3-d estimator of the distal radius orientation with the desired properties.

The proposed plane fitting approach is described as follows.The algorithm works almost
automatically but requires the user to coarsely specify theaxial extent of the distal radius.
Based on this quantity, the distal part of the mesh is extracted from the bone model. The
extents of the extracted region in width, height, and depth are denoted asxext, yext, and
zext with respect to the coordinate system. Thereafter, the planesT 1

dist andT 2
dist are aligned

to the volar and dorsal parts of the distal radius, respectively. Particularly, ICP was chosen
for the registration of the planes due to its dependency on the initial position of the objects
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to be registered. Therefore, an accurate initialization enforces the convergence to a certain
local minimum. This is desired in our case, since the distal radius has several flat-shaped
regions.

Each plane to be registered corresponds to a planar 3-d surface. The initial position,
orientation, and size of this surface is given by the plane center, the plane normal, and the
estimated size of the flat-shaped region on the radius. Thesequantities are computed as
follows. As demonstrated in Figure 4.5, the targeted regions are located volar and dorsal
to the COM of the distal radius. The volar-dorsal direction corresponds to the x-axis of
the coordinate system. Therefore, the plane normal of the first planeT 1

dist has to point
towards the positive x-axis. The corresponding plane center is locatedxext/2 from the
COM in direction of the plane normal. The width and height of the plane surface are set
to yext andzext, respectively. Similarly, the second planeT 2

dist is initialized with respect
to the negative x-axis.

Thereafter, both planes are iteratively registered by minimizing the point-point error met-
ric (Besl and McKay, 1992) instead of the point-plane metric(Chen and Medioni, 1992).
The latter caused unwanted sliding of the plane along the bone surface. Finally,Tdist

is computed by averaging both registered planes. To this end, the mean vector of both
plane normals is computed after flipping one of the normals due to the mirror-symmetry
assumption. The resulting normal is defined to point in the positive x-direction to avoid
ambiguities in the angle measurement. The averaged planeTdist is shown in Figure 4.6.

ICP ICP

COM

xext

2

xext

2

yext

2

T 1
dist T 2

dist

Figure 4.5: Determination of the distal planes. Distal planeTdist is obtained from two
panesT 1

dist andT 2
dist which are fitted to the planar regions of the distal radius.

Proximal Orientation

We have reviewed different landmarks which may be used to define the proximal aspect
of the radius. However, the radius head and the neck have no prominent landmarks due
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Tdist

∢

Tprox

Figure 4.6: Landmark-based torsion measurement method. The torsional angle is com-
puted from the distal and proximal plane normal vectorsTdist andTprox, respectively.

to their almost cylindrical shape. We have experienced thatthe landmark proposed by
Bindra, the bicipital tuberosity, appeared to be the most appropriate region for the assess-
ment of proximal orientation. Therefore, an algorithm was developed to extend Bindra’s
method to 3-d.

The bicipital tuberosity has a flattened cortical surface which can be well described by a
3-d plane as depicted in Figure 4.7. In contrast to the distallandmarks, the location of
the bicipital tuberosity is difficult to determine in an automated fashion. Additionally, the
surface is not uniformly flat but contains wavy patterns as well which necessitates the use
of a more outlier-robust registration method. Therefore, auser-initiated RANSAC (Fis-
chler and Bolles, 1981) algorithm is applied in order to perform the plane fitting. In our
case, the algorithm is constrained to a region of interest due to the presence of several
planar regions. The region is obtained from a user-defined surface point which is located
close to the landmark. Additionally, the axial extent of this region has to be defined by
the user. In our experiments, the specified extent lied within 8− 12 mm. Based on these
two user-defined values, the relevant region considered in the registration is extracted.

Essentially, RANSAC comprises two steps which are iteratively repeated,i.e. themodel
hypothesisandmodel verificationsteps. In order to obtain amodel hypothesis, the min-
imum number of samples required to construct the model are randomly drawn from the
input data points. Therefore, three points have to be chosenin each iteration to construct
a candidate plane. In the subsequentmodel verificationstep, the set of the points which
are consistent with the model hypothesis, is determined. Inour case, this consensus set
consists of all data points which lie within a pre-defined distancetcons to the hypothesized
plane. The thresholdtcons is dependent on the resolution of the data and was set exper-
imentally. The quality of the model is determined by evaluating the consensus set with
respect to an error measure in each iteration. We simply use the cardinality of the set as
the quality criterion.
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Tprox

Figure 4.7: Determination of the proximal plane. The proximal planeTprox is fitted to the
flattened cortical surface of the bicipital tuberosity.

The locally optimized RANSAC (Chumet al., 2003) comprises an additional model re-
finement step after the verification phase. Our implementation applies a least squares
plane fit to the points in the consensus set for model refinement. Based on the updated
plane, all consensus points not satisfying thetcons-threshold are removed from the set.

In order to improve the computational efficiency, we have integrated three criteria to skip
poor hypotheses early on in the verification phase:

• Each plane having a distance greater than 2 mm from the user-defined surface point
is rejected.

• Planes not being tangential to the bone surface are rejected. This is verified by
considering only planes for which at least 90% of the data points are located on one
side of the plane.

• Planes with normal vectors being significantly inclined in the longitudinal direction
(i.e. z-axis) are skipped. In our case, all planes where the angle between the plane
normal and the z-axis is less than45◦ or greater135◦, are rejected.

After the plane fitting, the direction of the plane normal hasto be uniquely specified to
avoid ambiguities. The direction of the normal is chosen such that it points away from the
bone surface.

The dihedral angle betweenTdist andTprox finally defines the torsional twist of the bone
as outlined in Figure 4.6.
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4.2.5 Results and Discussion

Computer-Assisted Planning based on 3-d Registration

Computer-assisted and conventional planning was carried out for eight radii with a post-
traumatic malalignment in the proximal third and middle third of the shaft. The average
difference in axial deformity between the two methods was2.7 ± 2◦. The variance in
angular deformity was higher; the methods differed by5.6± 4.5◦ on average. The higher
difference can be explained by inaccuracies of the conventional planning in case of com-
bined deformities due to the separate quantification of the angular and axial components.

Two cases of radius shaft deformities where a follow-up CT examination was performed
are discussed in more detail with respect to the clinical outcome.

In the first patient, a limitation in pronation of30◦ was clinically measured. Plain radi-
ographs of both forearms showed a loss of the left radial bow of approximately3◦ (see Fig-
ure 4.8). A CT scan of both forearms was performed to determine radial torsion using the
method described by Bindra. As shown in Figure 4.9, the affected left side showed a
torsion angle of30◦ and the right side a torsion angle of57◦ with a calculated rotational
malunion of27◦. Computer-assisted planning was carried out for a more detailed compar-
ison of both radii. Based on manual measurements, the position of the virtual osteotomy
was defined 68 mm from the proximal radius head. A rotational malalignment of22.5◦

(4.5◦ difference to Bindra’s method) and a valgus deformity of3.5◦ were computed. A
post-operative follow-up CT scan of the corrected forearm was acquired and compared to
the healthy side in order to evaluate the accuracy of the surgical correction. The analysis
using the computer tool showed that the rotational and angular deformities were reduced
by 18◦ and2◦, respectively.

The second case showed a decreased supination of75◦, compared to the opposite side.
Plain radiographs and CT scans of both forearms were acquired. The examination showed
a complex malunion of the right radius shaft between the middle and proximal third. Ad-
ditionally, a loss of the left radial bow (i.e. valgus deformity) of approximately9◦ and
an extension deformity of2◦ were conventionally measured as outlined in Figure 4.10.
Additionally, the affected right side showed torsional deformity towards pronation of65◦

(see Figure 4.11). The computer-assisted quantification ofthe malunion resulted in65◦

pronation deformity,15◦ valgus deformity,1.8◦ extension deformity, and a lateral dis-
placement of 10 mm. Due to the distinct rotational deformitythe measurement of the
angular deformities, obtained by conventional planning, were very unreliable. This was
verified by virtually performing two osteotomies accordingto the result of the computer-
assisted and conventional planning, respectively. Both osteotomies were then compared
to the contralateral limb as depicted in Figure 4.12a. In case of the computer-assisted
approach the angular deformity was corrected. The positionof the conventionally cor-
rected radius in Figure 4.12a indicated inaccuracies in themeasurements. Intra-operative
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(a)

(b)

Figure 4.8: Clinical case 1: Assessment of angular deformities in conventional planning.
The difference in angulation is determined by comparing manual measurements between
the affected (a) and the contralateral (b) radius.

testing of the pronation-supination movement after derotation by 65◦ showed no further
limitation of the supination but the patient’s pronation range of motion was limited to20◦.
Therefore, only a derotation by45◦ was performed in order not to sacrifice too much of
pronation. At the follow up control, the ROM of the supination increased by25◦. Fig-
ure 4.12 shows the 3-d reconstruction performed post-operatively. No significant angular
deformities compared to the contralateral bone were detected by the planning system. A
rotational difference of17◦ was measured which is in accordance with a surgical correc-
tion of 45◦.

In the first case, a torsional difference of4.5◦ compared to the method of Bindra was
measured. Despite the fact that the osteotomy was performedaccording to the com-
puter planning, the follow-up CT showed a difference of4.5◦ to the intended correction.
Thus, the inaccuracies of the manual measurements were within the accuracy in which
the surgery could be performed. An advantage of the more accurate computer planning
can only be evaluated if the accuracy of the correction during surgery is improved. An in-
dividually prefabricated cutting guide as proposed in (Muraseet al., 2008) could be used
for this task. The integration of a similar cutting support in our framework is planned in
the future.

The second case indicates that gross angular and rotationaldeformities combined with
multi-planar lateral displacement can be calculated much more exactly compared to con-
ventional planning methods. However, final corrective decisions had to be made intra-
operatively to achieve the largest possible ROM. This demonstrates that contralateral-
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Figure 4.9: Clinical case 1: Assessment of torsional deformities in conventional planning.
The torsional twist of each bone is computed with the method of Bindra. The deformed
radius is shown in the left image.

based planning may not guarantee the optimal functional outcome. In such cases, a
kinematic simulation of the pronation-supination movement of the involved bones and
ligaments would be of advantage, allowing to pre-operatively estimate the functional out-
come.

Further disadvantage of the computer-based approach are the radiation dose and the costs
of the required CT scans in high resolution. While angular deformities can be measured
in lower resolution, an axial resolution of 1 mm or higher is required to reliably quantify
torsional deformities with 3-d registration. Particularly, the registration of the proximal
radius is difficult in low resolution due to the lack of distinct features. A forearm CT
scan in the appropriate resolution results in approximately 15 times higher dose (31.5

microGy/m2) than a conventional X- ray of the forearm (2 microGy/m2). Moreover, the
costs of a CT scan (e 145) are about five times as high as a conventional X-ray (e 33) in
Switzerland. However, it should be noted that conventionalmethods for the assessment
of axial deformity also require CT scans.

Regarding the planning time, the computer-assisted methodoutperforms other approaches
due to the automation of the process. The computer-assistedplanning of each of the two
presented cases was carried out in less than 5 minutes with minimal user interaction. This
is significantly below the time needed for conventional planning (i.e. 60-90 minutes).
Only few individual influencing factors remain, like the manual positioning of the cut-
ting plane for the osteotomy. Furthermore, the computer-assisted approach facilitates the
planning of complex cases with multi-planar and rotationalmalunions which are almost
impossible to perform conventionally using 2-plane projections on X-rays. A stepwise
correction process as obtained from our method, where first rotation and thereafter flex-
ion and extension are aligned, helps the surgeon to control the repositioning manoeuvre.
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(a)

(b)

Figure 4.10: Clinical case 2: Assessment of angular deformities in conventional planning.
The difference in angulation is determined by comparing manual measurements between
the affected (a) and the contralateral (b) radius.
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Figure 4.11: Clinical case 2: Assessment of torsional deformities in conventional plan-
ning. The torsional twist of each bone is computed with the method of Bindra. The
deformed radius is shown in the right image.

(a) (b)

Figure 4.12: Clinical case 2. (a) Comparison between the computer-assisted approach
and the conventional planning method in case of complex angular and axial deformities.
Virtual osteotomies were applied to the 3-d model of the malunited radius according to
the results of computer-assisted planning (red) and conventional planning (yellow), re-
spectively. The mirrored radius of the contralateral side is shown in blue. (b) Surgical
outcome: Proximally aligned 3-d models of the malunited radius (red), the mirrored ra-
dius of the contralateral side (blue) and the corrected radius post-operatively (green).
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Torsion Measurement

Clinical Cases

The accuracy of the presented method was evaluated on three clinical data sets of radii
with complex deformities. CT images of both limbs were acquired in high resolution
in three patients. Based on these data sets inhigh resolution, torsional deformities were
measured manually using Bindra’s method as well as with the registration-based method
described in Section 4.2.3. The measurements of the computer-based registration were
considered as the ground truth. Thereafter, low-resolution data was simulated with a
manually performed segmentation. Each fourth slice was segmented in Mevislab (Mevis,
Bremen, Germany) by an experienced surgeon, yielding an axial resolution of 4 mm.

Based on the manual segmentation, the performance of the landmark-based method was
evaluated. In each patient, the torsional twist of the deformed and contralateral radius
was measured to quantify the rotational deformity. In all experiments, the extents of
the proximal and distal regions were specified as 12 mm and 32 mm, respectively. An
inlier-threshold oftcons = 0.5 mm was used for the RANSAC algorithm. In Table 4.1, a
comparison of the measured torsional deformities between the different methods is given.

Artificial Deformities

The landmark-based algorithm must fulfill several fundamental requirements. The com-
putation of the torsion angle must not be biased by angular deformities, user-based ini-
tialization, or the orientation of the bone. To study the influence of these effects, differ-
ent torsional and angular deformities were generated basedon the healthy bones of the
three patients. Furthermore, the orientation of each bone was modified in a random fash-
ion. Thereafter, comparisons of the torsional profile between the initial and the modified
data were carried out. Additionally, five CT data sets of a cadaver forearm in different
orientations were acquired and automatically segmented toevaluate the performance on
automatically generated models.

For each forearm, torsional deformities of 5, 10, 20, and 30 degrees were artificially
generated by rotating the proximal and distal parts of the bone around the longitudinal
bone axis. Additionally, angular deformities of random direction and random magnitude

Case
Torsional Difference

Our method Method of Bindra Registration to Contralateral Bone
Case 1 21 27 22.5
Case 2 66 65 65
Case 3 18.5 20 20

Table 4.1: Torsional deformities in three patients, measured with three different methods.
The torsion angles are given in degrees.
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within 4− 10 degrees were applied to the bones. In case of the three manually segmented
radii, the average error to the ground truth was respectively 0.25± 0.2◦, 0.24± 0.2◦, and
0.43± 0.34◦. A slightly higher average error of0.72± 0.6◦ was observed for the cadaver
arm.

Discussion

The results showed that the presented method allowed an accurate quantification of the
torsion angle in three clinical cases. The accuracy of the method was similar to the re-
sults of the 3-d registration,i.e. within 1.5◦. In contrast to the contralateral registration,
the landmark-based method can be readily applied to CT data in low resolution. As a
consequence, the radiation exposure for the patient would be reduced.

The performance of our algorithm using the low resolution representation of the data was
comparable to the accuracy of Bindra’s method which, however, was applied to the data
in high resolution. Previously performed studies (Dumontet al., 2006) indicate inaccu-
racies of manual measurement techniques such as Bindra’s approach in case of limited
resolution. Moreover, the quantification of the axial orientation by hand, in particular of
the distal part, is a laborious and subjective task. A comparative MRI study using a larger
series of patients is planned in the future.

One possible limitation of the performed study is that the evaluation of the clinical cases
relied on manually segmented data. Bone models based on automatic segmentation of low
resolution CT scans were not included in the evaluation. Thereason for the manual seg-
mentation was to provide a ground truth which is independentof a certain segmentation
method.

As observed in experiments, the manual identification of theregion in which the proxi-
mal landmark is located might be another limitation of our method. The developed tool
renders the bone as a stack of closed 3-d splines. Each splinerepresents the manual seg-
mentation in the corresponding CT slice. We have experienced that such a contour-based
representation makes the reliable identification of the proximal landmark difficult for the
surgeon. Particularly, this was observed in tests performed with MRI data due to the
lower in-plane resolution. A combined visualization of thesegmentation together with
the original image data would support the user in this task.

As an alternative proximal landmark, the crank-shaped geometry of the entire proximal
part may be used to avoid the user interaction. This crank-shaped part appears to have
a maximum projection on an axis orthogonal to the longitudinal bone axis. Therefore,
the direction of this axis may be used to determine the orientation of the proximal radius.
We have tested several methods to assess the proximal orientation based on this landmark
without success. The main difficulty was that the maximum projection was not uniquely
defined due to the presence of at least two local maxima. Additionally, no evidence was
found whether this landmark is consistent among different radii. Further research in this
direction is planned.
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4.3 Effect of Deformities on the Range of Motion of the
Forearm

We have carried out experiments with two cadaveric specimenof the forearm to study
the effects of deformities on the pro-supination. Particularly, the influence of a narrowed
interosseous space as well as potential restrictions due toincreased tension in the IOM
are the main objectives of the experiments. All cadaver experiments were approved by
the local ethics committee of the Balgrist University Hospital (Zurich, Switzerland).

After a review of related studies in Section 4.3.1, a description of the experimental setup
and the measurement technique will be given in Section 4.3.2. The results of the experi-
ments will be presented and discussed in Section 4.3.3.

4.3.1 Related Work

Roberts (1986) presented an evaluation of 79 pediatric fractures with malunion. Overall,
the loss of pro-supination was more significant in fractureswith a radial derivation com-
pared to dorsal deformities. The authors assumed that this limitation was caused by bone
impingement due to a narrowed inter-bone spacing. Bone impingement as a factor for
an impaired pronation was also reported in (Grahamet al., 1998; Weinberget al., 2000;
Kastenet al., 2002).

Several cadaver studies focused on the effect of angular deformities on the pro-supination.
Tarret al. (1984) used six cadaver specimen for the experiments, threefor the simulation
of distal-third deformities and three for mid-shaft deformities. The results showed that
fractures with an angulation of less than10◦ resulted in a rotational restriction of 18% or
less. At15◦ of deformity, a significant loss of motion (i.e.≥ 27%) was observed. Overall,
soft tissue tension, particularly of the IOM, was noted to bethe main factor for a restricted
motion.

Matthewset al. (1982) generated twenty one varieties of diaphyseal angulation with a
custom-build test apparatus. Eight test configuration wereobserved where the limitation
was caused by either bone impingement or by increased tension in the IOM. The proximal
and distal joints appeared to have no influence. No considerable limitation (i.e.< 20◦) of
the pro-supination was observed for deformities with an angulation of less than10◦. An
angulation of20◦ resulted in a pro-supination limitation of at least 30%. Similar results
were reported in (Sarmientoet al., 1992). However, the authors argued that the direction
of the angulation influenced the ROM only in a few cases. In themajority of the cases,
the degree of limitation was strongly influenced by the location of the fracture.

The effect of axial malunions on the pro-supination was investigated as well (Tarret al.,
1984; Tynanet al., 2000; Dumontet al., 2002; Kastenet al., 2003a,b; Prommersberger
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et al., 2004; Shiraiet al., 2007). Among all studies, a simulated axial deformity in one
direction caused a limited ROM in the opposite direction. However, the measured mag-
nitude of the restriction was different in the studies. Prommersbergeret al.(2004) carried
out a clinical study of 37 patient with a distal radius malunion. The evaluation showed
no direct correlation between the ROM and the magnitude of rotational deformity. The
same conclusion was drawn in cadaver studies by Tynanet al. (2000) and Kastenet al.
(2003a,b).

Contrary, Tarret al. (1984) stated that isolated axial deformities of the radiusproduced
loss of rotation equal to the degree of deformity. A similar characteristics was described
in (Dumontet al., 2002). Their measurements showed that the amount of limitation was
proportional to the degree of malunion in opposite direction. Additionally, it was observed
that a decrease of the ROM in one direction caused an increasein the other.

Slutsky (2005) described additional factors which can affect the pro-supination motion.
The author reported that radial shortening by 10 mm can reduce pronation and supination
by 47% and 29%, respectively. Additionally, an ulna translation of 5 mm can result in
23% loss of pronation. As demonstrated in another cadaver study (Fraseret al., 2005),
combined deformities resulted in a larger impairment than isolated malunions.

Controversial results were reported concerning the role ofligaments. Hollisteret al.
(1994) concluded that the IOM did not limit the forearm motion in in-vitro experiments.
Contrary, several authors (Nakamuraet al., 2000; Grahamet al., 1998; Beyeret al., 1995;
Nakamuraet al., 1994) assumed that the inelastic portion of the IOM may be responsible
for a restricted pro-supination motion. Additionally, Price et al. (1990) and Trousdale
and Linscheid (1995) described soft tissue scarring as one of the reasons for an increased
tension of the IOM which may result in a limitation.

Crisco et al. (2007) evaluated the effect of unilateral malunions on the DRUJ. In nine
subjects, the interosseous distance and the ligament lengths were compared to the con-
tralateral articulation. They observed significant changes in the ligament lengths and the
bone motion in the joint area. The authors concluded that joint mechanics and ligaments
are important factors in the impairment of the pro-supination. Instabilities in the DRUJ
were described in (Coleet al., 2006) after sectioning of the TFC but this had no effect on
the ROM (Fraseret al., 2005).

Tubbset al. (2006) performed a function analysis of the quadrate ligament, demonstrat-
ing that this ligament resisted excessive supination and pronation. After transection, the
supination and pronation increased by10◦-20◦ and5◦-8◦, respectively.

4.3.2 Materials and Methods

The pro-supination movement of the cadaver specimen was mechanically controlled with
a custom-build frame as outlined in Figure 4.13. We have paidattention that most mechan-
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ical components of the frame consisted of non-metallic materials as milled plastic or car-
bon to minimize streaking artifacts in the CT images. The cadaveric arms were prepared
for the experiments as follows. The humerus was rigidly mounted on the frame using two
Schanz’ screws. Thereafter, the distal ulna was unicortically fixed with a carbon-fibre rod
in such a way that small translational and rotational ulnar motion was possible. Similarly,
the radius was unicortically mounted by two carbon-fibre rods inserted in the distal meta-
physis. The radial rods enabled us to mechanically control the pro-supination via external
rotation. A milled plastic component was used to align the rods with a calibrated scale to
adjust the pro-supination angle.

Figure 4.13: A custom frame was built to control the pro-supination motion in cadaver
experiments.

Radius deformities were generated with an artificial cardiac joint, implanted into the ra-
dius shaft. To this end, an osteotomy at the mid-shaft regionof the radius was performed
to cut the bone into a distal and proximal part. A fixation device was mounted at the
osteotomy site to avoid dislocation of the bone parts duringthe installation of the joint.
After the osteotomy, the joint was fitted into the proximal and distal shaft parts by gen-
erating U-shaped cavities with a milling instrument. In thelast step, the implant was
affixed with polymethyl methacrylate bone cement. Figure 4.14 shows a cadaver forearm
including the implanted joint and the fixation device. The fixation device was removed
after hardening of the bone cement. During the implantation, special attention was paid
to leave all soft tissue components and ligaments intact.

The implanted joint has three degrees-of-freedom to allow the simulation of angular and
axial deformities. Initially we intended to simulate deformities of20◦ in magnitude. How-
ever, in most configurations such large deformities could not be created due to soft tis-
sue constraints. In these cases we used the maximum deformity which was possible to
achieve.
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Figure 4.14: Cadaver forearm including the implanted joint and the fixation device.

Measurement Technique

CT scans of the forearm in full pronation and full supinationwere performed for each
experiment with a Philips Brilliance 40 CT device. In a second series, all experiments
were repeated with the central band of the IOM dissected. Thereafter, computer-based
evaluation was carried out to quantify the ROM as well as the exact magnitudes of the
deformity.

The deformities were quantified in the virtual osteotomy planning tool described in Sec-
tion 4.2.3. To this end, the cut plane was set to the position of the osteotomy site. There-
after, the proximal part of the affected radius was aligned to the undeformed bone. The
degree of deformity was finally obtained by aligning the distal parts.

In order to measure the ROM between different data sets, a common reference of the radii
was determined by registration of the ulnae. Thereafter, the ROM was described by the
pro-supination positions of the distal radius in full pronation and full supination. The
pro-supination position was assessed by a line defined between the centers of the distal
radius and the distal ulna. Finally, the angle between the lines in full pronation and full
supination yielded the ROM. Angular differences in pronation (or supination) between
different experiments were quantified by the angle of the lines representing the pronation
(or supination) in these sets.

4.3.3 Results and Discussion

The ROM of the healthy forearm in specimen 1 and specimen 2 was175.6◦ and172.8◦,
respectively. In normal kinematic, the interosseous distance was smallest in pronation and
largest in supination. As demonstrated in Figure 4.15, the inter-bone spacing in neutral
position was smaller than in supination in the distal part ofthe bone. In the proximal part,
the distance varied, being larger than the supination in60% − 70% of the bone length
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but similar as the pronation near the bicipital tuberosity.Relative to the ulna, the proxi-
mal radius head was not fixed during the pro-supination and translated by approximately
1 mm.
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Figure 4.15: Comparison of the interosseous distance of the undeformedbone during
motion. The bone length is expressed as percentage from distal to proximal.

Table 4.2 and Table 4.3 summarize the results of the performed experiments with intact
and dissected central band, respectively. No considerablelimitation of the pro-supination
was observed for deformities with an angulation of less than10◦.

Deformity Lim. Pron. ( ◦) Lim. Sup. (◦)
Type Mag. C1 (◦) Mag. C2 (◦) C1 C2 C1 C2

F 9.9 17.3 -6.3 -6.4 7.6 27.9
E -8.2 -21.3 4.8 26.8 4.8 3.0
R -5.6 -10.6 6 6.9 5.5 14.5

E/R -9/4 -18.9/-13.5 15.2 29.5 6.3 13.1
F/R - 17.3/-5.4 - 6.1 - 25.4

E/R/P -10.2/-5.6/-5.2 - 11.7 - 7.6 -

Table 4.2: Limitation in pronation and supination with intact IOM. The direction and
magnitude of deformity as well as the limitation in pronation and supination for both
cadaver arms are given. A negative value in limitation denotes an increase of the ROM.
The type of deformity is defined with respect to the axes specified in Figure 4.16.

In pronation, considerable limitations of up to30◦ were observed for deformities in exten-
sion direction. Isolated radial-angulation of10◦ had less influence on the pronation, and
deformities in flexion did not result in a limitation. In the latter, a small increase of the
ROM was even measured. In all experiments, no significant changes in the ROM were
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Deformity Lim. Pron. ( ◦) Lim. Sup. (◦)
Type Mag. C1 (◦) Mag. C2 (◦) C1 C2 C1 C2

F 13.5 12.5 -10.7 -9.1 9 11.4
E -12.8 -10 15.2 5.3 -1.8 -4.8
R -6.7 - 9.5 - 2.5 -

E/R -13.7/7.1 11.3/15.3 22.8 - 1.1 10
F/R - 16/9 - - - 28.7

E/R/P -11/-6.5/-5.7 - 12.2 - 8.9 -

Table 4.3: Limitation in pronation and supination with dissected central band. The direc-
tion of the deformity as well as the limitation in pronation and supination for both cadaver
arms are given. A negative value in limitation denotes an increase of the ROM. The type
of deformity is defined with respect to the axes specified in Figure 4.16.

E
F

R

P/S

Figure 4.16: Definition of the axes describing the directions of deformity: Radial-
angulation towards IOM (R), Extension (E), Flexion (F), Supination (S), and Pronation
(P).

observed after cutting the central band of the IOM. Limitations caused by deformities in
extension direction were still present in cadaver specimen1. In specimen 2, the restriction
in pronation decreased in experiment type ’E’ of Table 4.3. However, this was more likely
caused by the decrease in angulation rather than by the release of the central band.

The most significant restrictions of the ROM in supination were observed in case of an-
gulation in flexion. Regardless of whether the central band was intact, deformities of
this type resulted in a limitation of up to28◦. Additionally, isolated or combined radial-
angulation had a stronger effect on the supination than on the pronation. Overall, no
considerable limitation was detected in case of isolated angulation in extension.

The evaluation of the interosseous distance showed that limitations in pronation were
caused by bone impingement. Towards pronation, the radius crosses over the ulna which
results in a narrowed radioulnar space, particularly in theproximal third of the forearm.
For instance, the measured distance in the region at the bicipital tuberosity was less than
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3 mm in case of the undeformed radius. Two types of angular deformities, namely exten-
sion and radial deformities, caused a decrease of the interosseous space. As demonstrated
in Figure 4.17, deformities in extension direction markedly reduced the interosseous space
at the bicipital tuberosity. Contrary, no restricted ROM was detected in case of radial-
angulation since the spacing in the proximal region was similar to the unaffected radius.
This type of deformity primarily affected the inter-bone distance at the deformity site
(i.e. decrease by 50%) and a stronger angulation would be requiredto produce bone im-
pingement in the proximal third of the bone. Due to these facts, a considerable restriction
was only observed for extension deformities in our experiments.
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Figure 4.17: Evaluation results of the pronation. Cadaver specimen 2 with intact IOM:
Comparison of the interosseous distance in the proximal part. Black arrows denote the
region at the bicipital tuberosity. The bone length is expressed as percentage from distal
to proximal.

Additionally, ligament constraints had no influence on the loss of pronation. In all exper-
iments, deformities in flexion resulted in a widening of the interosseous space over the
entire bone length. However, no limitation due to ligament elongation was observed in
these cases.

In supination, the evaluation of the interosseous distanceyielded different results. Com-
pared to the undeformed radius, the distance was largest forextension deformities and
smallest in case of radial-angulation. Angulation in flexion resulted mainly in a nar-
rowed interosseous space in the proximal half of the radius.In specimen 2, experiments
’F’,’R’,’R/F’,and ’R/E’ specified in Table 4.2 and experiment ’R/F’ of Table 4.3 resulted
in a radioulnar distance of1 − 2 mm in the middle third of the bone. Therefore, a lim-
itation caused by bone impingement was assumed in these cases. Distance plots of four
experiments are given in Figure 4.18.
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Figure 4.18: Evaluation results of the supination. Cadaver specimen 2 with intact IOM:
Comparison of the interosseous distance in proximal half ofthe bone. The bone length is
expressed as percentage from distal to proximal. The black arrow denotes possible bone
impingement.

In contrast to this, a limitation was measured in experimenttype ’F’ of Table 4.3 without
any evidence of bone collision. Therefore, a restriction due to increased ligament tension
was assumed in this case. To confirm this assumption, the distal part of the IOM was cut in
addition to the central band, resulting in a decrease of the limitation by 50% as depicted
in Figure 4.19a. This experiment demonstrated that an increased ligament length does
not necessarily correlate with a widened interosseous space. The distance between the
bones was significantly larger in other experiments not resulting in a limitation. However,
the location of the ligament insertion sites must be taken into account as demonstrated
in Figure 4.19b.

(a)

UlnaRadius E

Radius F

(b)

Figure 4.19: Evaluation results of the supination. (a) Radius with flexion deformity
before (red) and after (green) dissection of the distal partof the IOM. (b) Cross sections
of two deformed radii distal to the shaft center. The bones angulated in extension and
flexion direction are denoted by E and F, respectively. The assumed insertion sites of the
IOM are represented by black lines.

The generation of deformities of equal magnitudes was not possible in our experimental
setup which is one limitation of this study. Despite excessive force application, angula-
tions of 20◦ could not be achieved in the majority of the experiments. Particularly, the
generation of deformities was constrained by soft tissue inspecimen 1. However, the re-
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moval of muscles as performed in (Matthewset al., 1982) may have significant influence
on the experimental outcome. An additional disadvantage ofour technique was the arti-
ficial joint which was used to produce angulation. The joint did not allow to define the
degree of deformity in a precise way. As a consequence, the angulation was different in
each trial which complicated the comparison between isolated and combined deformities
as well as between experiments with intact and dissected IOM. In other studies (Tarret
al., 1984; Sarmientoet al., 1992), radiographs were acquired during experiments to verify
the degree of deformity. Alternatively, a computer-controlled joint could be used in future
experiments to generate deformities with high accuracy.

In contrast to previous studies, the acquisition of CT data enabled us to measure important
quantities such as the ROM or the interosseous space more exactly. The disadvantage of
this approach are the amount of time and costs required for the CT scans which limited
the number of experiments that could be performed. Additionally, our experiments have
shown that further methods must be developed to study ligament behavior in a reliable
way. Particularly, the identification of insertion sites isrequired to estimate ligament
lengths. To this end, we had initially planned to label insertion sites by attaching metallic
clips on the ligaments. However, the obtained data was not sufficiently accurate due to
the following reasons. First, the actual surgical attachment of the clips was difficult due
to interfering soft tissue. As a consequence, the central band of the IOM was the only
ligament which could be labeled. Additionally, the exact positions of the clips in the CT
images were difficult to determine due to metallic artifacts. Finally, the evaluation of
the labeled positions showed that the changes in length during motion were very small
(i.e.1 mm). A more accurate measurement technique would be required to quantify these
small changes without errors. For instance, all tissue except ligaments could be removed
after the experiments in order to accurately acquire the position of the insertion sites.
Thereafter, registration can be applied to combine this data with the bone geometry of the
experiments.

In summary, our study showed that the direction of deformityhad a significant influence
on the limitation in range of motion. In pronation, limitations were caused by bone im-
pingement due to a narrowed interosseous space in the proximal third of the bone. These
findings are in line with a previous a previous clinical study(Roberts, 1986). Therefore,
deformities in radial-angular and extension direction resulted in impaired pronation while
flexion deformities caused no restriction. In supination, there was also evidence of bone
impingement in the middle third of the bone. This agreed witha study performed by Tarr
et al. (1984) who described that the middle third region of the bonehas a crucial influ-
ence on a limitation of the supination. Additionally, ligamentous constraints in the distal
part of the bone were detected in one experiment. These results of our study are different
from other findings (Sarmientoet al., 1992; Tarret al., 1984) where the direction of the
angulation affected the limitation only in a few cases. One reason for this difference may
be that limitations caused by bone impingements are dependent on the bone geometry of
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the individual. Experiments with a larger set of specimens would be required to evaluate
whether limitation correlates with the direction of the deformity.

The main focus of future research in this direction will be put on the identification of
potential ligament constraints. Additionally, motion capturing in high resolution would
allow to study the effects of deformities in more detail. To this end, we have started to
acquire motion data with an optical tracking system in addition to the CT data. However,
a first pilot study showed that several modifications must be applied to the current setup
to avoid occlusion of the optical markers during pro-supination. Finally, the simulation
of axial malalignment will be addressed in the future since the axial deformities included
this study were below6◦.

4.4 Planning based on the Simulation of the Function

One of the central elements of our CAOS planning environmentis the patient-specific
simulation of the pro-supination. In this section we present a new kinematic model able
to accurately reproduce the forearm motion from supinationto pronation. As will be
demonstrated, the integration of the proposed method in thepre-operative stage can im-
prove the prediction of an impaired motion compared to existing planning approaches.

Our approach is based on two key ideas. First, a realistic simulation of the entire kinematic
chain of the limb relative to a given body coordinate system is not required from the
planning point of view. The radioulnar interosseous distance is only dependent on the
relative configuration between these two bones. Similarly,ligaments as the IOM or the
TFC do mainly interact with radius and ulna. Therefore, our kinematic model defines the
pro-supination as the relative motion between radius and ulna, yielding a less complex
model without simplifying the actual motion.

The second key concept of our approach is to directly simulate the forearm motion based
on patient-specific joint geometry (i.e. morphology) instead of a surrogate model that is
fit to the patient’s data. We assume that the distal bone motion is mainly dictated by
the shape of the interacting joint surfaces. Therefore, 3-dsplines are determined based
on the patient’s morphology, which capture the gliding motion in the DRUJ. Similarly,
a 3-d spline is computed to model the proximal movement. Section 4.4.2 describes the
methodology, required to simulate the pro-supination motion based on these splines.

In Section 4.4.3, the accuracy of the simulation results is verified via a cadaver arm study.
Finally, a discussion of the advantages and drawbacks of themethod is given in Sec-
tion 4.4.4.
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4.4.1 Related Work

Kinematic Models

The normal forearm rotation was controversially describedin literature. Several au-
thors (Fick, 1904; Morrey and Chao, 1976; Youmet al., 1979; Hollisteret al., 1994;
Veeger and Yu, 1996) carried out clinical studies and concluded that the pro-supination
could be expressed by a rotation of the radius around a singleaxis, regarding the ulna as
stationary. This rotation axis passed through the center ofthe proximal radius head and
the distal ulna.

Contrary, Rayet al. (1951) observed an abduction of the ulna during pronation and ad-
duction during supination. A small axial translational motion of the ulna was described
as well in (Morrey and Chao, 1976; Robbinet al., 1985; Kecskeméthy and Weinberg,
2005). Robbinet al. (1985) were one of the first who performed a 3-d analysis of the
forearm motion in a cadaver study based on CT. Screw axes werecomputed to describe
the rotation and translation of the radius relative to the ulna over different positions. More
recently, in-vivo motion analysis was carried out utilizing MRI (Nakamuraet al., 1999a;
Weinberget al., 2001). In (Weinberget al., 2001), a lateral ulna swaying of7◦ as well as
a small axial translation was reported.

However, these MRI studies evaluated the forearm motion with respect to the humerus
without accurate registration techniques. Different studies (Mooreet al., 2002; Baeyens
et al., 2006; Tayet al., 2008) measured the in-vivo motion of the radius relative tothe ulna
in CT. In these experiments, the distal rotation center of the radius remained relatively sta-
tionary about the center of the ulna (Mooreet al., 2002; Baeyenset al., 2006). The proxi-
mal radius head translated approximately2 mm from supination to pronation (Baeyenset
al., 2006).

Weinberget al. (2000) were one of the first who introduced a kinematic model consid-
ering the relative motion of the ulna. The model was represented by a closed kinematic
chain with four mechanical joints. The links between the joints were represented by four
vectors defined by the bone lengths and the distances betweenproximal and distal bone
centers. The accuracy of the kinematic model was evaluated with respect to the ulna mo-
tion, showing good agreement with measurements from a MRI study. Malunited bones
after a fracture were simulated in the model by replacing thecorresponding bone vector
with two angulated vectors. Two cases were presented to testthe ability of the model in
predicting the ROM during pronation. In these cases, the predicted limitation differed by
less than3◦ to the clinical evaluation. The main drawback of the method appears to be
approximation of the bone morphology by vectors.

Kastenet al.(2002) conducted a study including 21 patients with a pronation impairment
to evaluate the performance of the kinematic model of Weinberg et al. . The mean dif-
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ference between the predicted pronation and clinical measurements was5.6 ± 9.4◦. The
large difference of43◦ in one particular case was explained by soft tissue constraints.

More recently, Kecskeméthy and Weinberg (2005) extended the kinematic system of Wein-
berget al. (2000). The proposed surrogate algorithm features two degrees-of-freedom at
the humeral-ulnar joint by combining a prismatic joint witha hinge joint. Virtual springs
were introduced to determine the trajectories of these additional two degrees-of-freedom.
The springs expressed all elastic effects during the motionin simplified terms. In a first
evaluation, the mechanism was compared to MRI motion data ofa forearm. The accuracy
was evaluated by comparing the bone centroids during the motion with the simulation.
Overall, 90% percent of the points showed an error smaller than 1.5 mm. The simu-
lated maximum pro-supination as well as the translational and rotational ulna movement
(i.e.0.6 mm,7.1◦) agreed with values observed in a clinical study (Weinberget al., 2001).

Gattamelataet al. (2007) introduced geometric constraints to precisely reproduce the
movement of the upper limb. The model consisted of the humerus bone, both forearm
bones and the wrist. The motion of radius and ulna was considered as independent by
choosing small angular steps in the simulation. In each stepthe radius was rotated around
a fixed axis which was dependent on the current configuration of the ulna. The swaying
and translation motion of the ulna was estimated by functions obtained from experimental
measurements.

Nojiri et al. (2007) introduced a method to improve rehabilitation with acontinuous pas-
sive motion device by evaluating the ROM of each joint in a skeletal forearm model. The
required inverse kinematics was derived from the forearm model proposed by Kecskeméthy
and Weinberg (2005). The joint displacements were finally obtained by solving the in-
verse kinematic problem for a given directional vector. Thevector was obtained by en-
coders installed at the tip of the motion device.

Oka et al. (2006) presented a method to quantify the ROM and the corresponding axis
of rotation of the pathological forearm. To this end, in-vivo CT data were acquired in
three different pro-supination positions. Image-based registration (i.e. normalized cross
correlation) was applied to the ulnae to establish a common reference frame. Thereafter,
the relative transformations of the radius with respect to the ulna was computed with the
same registration technique. Finally, the ROM as well as therotational forearm axis were
derived from these transformations. The main disadvantageof this method is that only
three positions of the pro-supination are analyzed.

Ligament Modeling during Pro-Supination

Several studies aimed at the analysis of the biomechanical properties of the ligaments
during pro-supination.

Nakamuraet al. (2000, 1999b) studied the dynamic changes of the IOM during motion
in in-vivo MRI. The highest changes were found in the membranous portion of the IOM
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whereas the tendinous part showed marginal dynamic changes. Contradictory results have
been reported regarding the strain distribution of the IOM during pro-supination. The
greatest magnitude of strain was found to be in pronation by Tanget al. (1999), neutral
position by Skahenet al.(1997); Zimmerman (2002); Mansonet al.(2000), or supination
by Gabrielet al. (2004).

In-vivo (Xu and Tang, 2009) and cadaver (Wardet al., 2000; Pfirrmannet al., 2001) stud-
ies showed significant length changes of the DRUJ ligaments during motion. In pronation,
the dorsal ligament was stretched while the palmar ligamentrelaxed; the converse was ob-
served during supination (Wardet al., 2000). Pfirrmannet al. (2001) stated that only the
ulnar attachment of the TFC showed dynamic changes, while the radial part formed a
rigid complex with the radius during pro-supination. In contrast to these findings, other
studies did not detect significant shape changes (Makitaet al., 2003).

Although the computer-based modeling of ligaments is an active research field (Weiss and
Gardiner, 2001; Weisset al., 2005), only a small number of publications addressed the
simulation of the ligaments in the forearm complex.

Pfaeffleet al. (2000) introduced a finite element model of IOM based on cadaveric speci-
mens. The motion of the bones and the IOM insertion sites as well as the force and in-situ2

strain in the IOM were determined in three positions according to a method described pre-
viously (Pfaeffleet al., 1999). The IOM was modeled as a transversely isotropic, hypere-
lastic material. Stresses and strains of the membrane in pronated, neutral, and supinated
position were computed with finite element analysis. The measured strains were lowest
in pronation. While the highest strain of 7% was observed in the proximal membrane
part in neutral position, strain of equal magnitude was observed in the distal part during
supination. Stresses followed the same trends as strains.

Based on these experiments, a stress and strain model of the IOM relying on fiber network
theory was proposed (Pfaeffleet al., 2006). In the simulation, the IOM was described as
a ruled surface, connecting points on the radial and ulnar insertions with vectors. Each
vector was shortened by an estimated value to approximate the stress-free length of the
membrane. To simulate the motion of the IOM, the insertion points were transformed
according to the bone movement. For evaluation, the simulated stress and strain acting
on the IOM was compared to force measurements of a cadaver study (Pfaeffleet al.,
1999). The distribution of stress and strain predicted by the model was similar to the
finite element approach described in (Pfaeffleet al., 2000). The maximum error in strain
was 4.1%. The proposed modeling approach demonstrated goodresults, although the
IOM was expressed as a flat surface ignoring dynamic shape changes. As a consequence,
the ruled surface representation cannot be applied to ligaments that tend to wrap around
the bone.

Gabrielet al. (2004) performed a cadaver study with ten specimens to measure the stress
and strain distribution in the IOM. The experimental setup was comparable to the ap-

2situated in the initial position.



4.4. PLANNING BASED ON THE SIMULATION OF THE FUNCTION 141

proaches of Pfaeffleet al. (2000, 2006). However, different results were obtained in
this study since the force measurements were performed passively without external load.
While the membrane fibers were slack in full pronation, an average strain of 1% was mea-
sured in neutral position. The highest strain acted on the IOM in full supination, varying
from 6% in the distal fibers to 3% proximally.

Yasutomiet al. (2002) developed 2-d and 3-d geometric models to examine therole of
the IOM concerning a limited ROM. In the 3-d model, the bones were represented as
straight 3-d vectors in neutral position. The pro-supination was simulated by rotation of
the radius around a fixed axis. The 2-d model was defined on a plane axially slicing the
3-d model at the attachment of the IOM on the radius. For simplification, the shapes of
the bones were expressed as circular primitives connected by a string which represented
the IOM. A maximum string slackness of 6% was assumed, allowing elongation of the
membrane. The interaction of the 2-d primitives during pro-supination as expressed by
expressions, identifying limitations caused by the IOM or bone impingements. Thereafter,
the 2-d formulation was extended to 3-d by combining all 2-d models along the ulna length
vector. Based on these models, several studies were carriedout to simulate deformities
by modifying the bone angulation and the length of the membrane string. The IOM
was identified as one of the main factors for a limited forearmrotation. Additionally,
bone impingement occurred whenever the inter-bone spacingwas reduced by more than
10 mm. However, it is questionable whether conclusions about the IOM can be drawn
from this strongly simplified model.

Moritomoet al.(2009) evaluated in-vivo length changes of the IOM during pro-supination.
CT scans of nine forearms in three positions were acquired. The motion of the radius in
full pronation, neutral position, and full supination was expressed relative to the ulna by
applying surface registration to the ulnae. Thereafter thelength changes of the distal,
central, and proximal parts of the IOM were measured. The mean change of the cen-
tral IOM portion was less than 1 mm during pro-supination. The proximal membranous
parts changed substantially in length, significantly decreasing from pronation to neutral
position by more than4 mm on average.

Marai et al. (2004) presented an algorithm to estimate ligament lengthsand joint contact
areas in the distal radius. The method was demonstrated on one clinical case of a short-
ened radius. In this patient, the affected forearm was scanned from neutral position to
maximum pro-supination in30◦ increments. The data of the contralateral limb were ac-
quired in the same way. Thereafter, the extracted bone models were represented relative
to the ulna. The ligaments of the TFC were expressed as a sequence of line segments
(i.e. ligament path) between user-defined ligament insertion sites. The key idea of their
approach was to estimate the ligament path as the shortest path between two insertion
points. The shortest path algorithm was based on a distance field representation of the
bones to constrain the path to lie outside the bone surfaces.The described method al-
lowed to compare the ligament lengths between the injured and healthy forearm during
motion. The changes in lengths of the healthy arm were similar to those reported in lit-
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erature. The ligaments of the affected arm showed increasedstrain and ligament-bone
impingement.

Musculoskeletal Systems

In addition to this work, complex biomechanical models of the musculoskeletal system
of the upper limb have been developed (Lemay and Crago, 1996;Rehbinder and Mar-
tin, 2001; van der Helm and Chadwick, 2002; Reynoldset al., 2004; Teranet al., 2005;
Holzbauret al., 2005; Blanaet al., 2008; Moriwakiet al., 2009; Fisk and Wayne, 2009).

Rehbinder and Martin (2001) proposed a control theoreticalmodel for the forearm to
determine the muscle activations according to a given forearm motion. The radius mo-
tion was described as a rotation around a single axis. Eight muscles were included in
the model, each represented by a stiff linear tendon acting between origin and insertion
points. While the model allowed to predict muscle activation patterns, no quantitative
force analysis could be performed since dynamic effects as spring damping or elasticity
had been ignored.

Moriwaki et al. (2009) targeted the simulation of the musculoskeletal forearm complex
with a custom-built machine acting as a mechanical model. Intheir simplified model, the
forearm bones were assumed as parallel cylinders attached to polyethylene fibrous cords.
An evaluation of the moment arms indicated that their simplified model showed tenden-
cies similar to the human forearm muscles. However, the simulated ROM was limited to
60◦ degrees due to the simplified shape of the bones. Therefore, the pro-supination was
virtually simulated with a fixed rotation axis using an anatomical, a centroid, and a cylin-
der model. The anatomical model was obtained by sampling a skeletal preparation of an
arm with a 3-d positioning sensor. The centroid model was derived from the center lines
of the collected bone data. The cylinder model was constructed as previously described
but with modified cylinder diameters and inter-bone distances. The pro-supination was
simulated until contact, resulting in a ROM of119◦, 168◦ and168◦ for the cylindrical
model, the centroid model and the anatomical model, respectively.

A computational model of the elbow and forearm was developedby Fisk and Wayne
(2009). The pro-supination motion was defined by a revolute joint. The model included
several ligaments as the annual ligament, the collateral ligaments, the IOM, and the TFC.
Each ligament was represented by one or more linear springs.Ligament attachment sites,
in-situ strains and stiffness coefficients were defined based on published studies. Ad-
ditionally, a limited number of muscles were simulated withlinear forces. A compara-
tive model verification with other models and studies was performed but only the elbow
flexion-extension movement was evaluated.

Reynoldset al. (2004) described the construction of an anatomically accurate geometric
model of the forearm and hand. The anatomical structures were obtained from image data
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available from the Visible Human data set. Based on the digitized anatomy, a comprehen-
sive model of the forearm was constructed. Bones, muscles and skin were represented by
finite element geometry. However, functional motion and kinematics was not included in
the system.

Additionally, Holzbauret al.(2005) and Blanaet al.(2008) presented comprehensive arm
models in which the forearm joints were represented as one degree-of-freedom single-
axis joints. The model of Holzbaueret al. included the shoulder, elbow, forearm, wrist,
thumb, and index finger as well as 50 muscle compartments. Blanaet al.(2008) proposed
a musculoskeletal system including six bones, five joints, and 29 muscles.

One limitation of relying on the full musculoskeletal systems with respect to surgical
planning is their complexity, requiring to define numerous parameters for the model setup.
These parameters are often based on average data obtained from anatomical studies. As
pointed out in (Holzbauret al., 2005) such generic models may only be of limited ap-
plicability for patient-specific planning since the required modifications for representing
individual subjects are extremely difficult to accomplish.

4.4.2 Methodology

Our proposed kinematic model is based on fundamental characteristics of the pro-supination
movement. In supination, the radius lies parallel to the ulna while the wrist is parallel to
the elbow. Towards pronation, the radius crosses over the ulna. During the movement
from supination to pronation, the proximal radius performsa fixed-point rotation with
respect to the humerus. The center of rotation is located in the radius head. Distally, the
sigmoid notch of the radius glides around the distal ulna while both bones are pressed
together by the ligaments of the DRUJ. Correspondingly, theulna has to compensate the
resulting length change to avoid tilting of the wrist and ensure parallelism between the
hand and the elbow. As a consequence, the distal ulna head glides in the sigmoid notch
of the radius from a volar proximal to a dorsal distal position as the forearm moves from
supination to pronation. That is, the ulna describes a lateral swaying and a small axial
sliding relative to the humerus.

In order to transform this complex motion of radius and ulna into a simpler model, the
bone movement is expressed with respect to the ulna instead of using the humerus as the
reference. In this way only the transformation of the radiushas to be considered but the
actual motion between radius and ulna is not altered. Thereafter, the kinematics in the
distal and proximal articulations are analyzed and combined to calculate the rigid body
transformation of the radius for a given pro-supination angleϕ. Finally, the parameters of
our model are optimized to achieve best fitting with the patient’s CT data.

To set up the model, at least two CT scans in full supination and full pronation are re-
quired. The bone geometry, represented as triangular meshes, is acquired from the CT
images as described in Section 2.6.
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Distal Movement

Distally, the pro-supination can be rendered in ulna coordinates by gliding the radius
sigmoid notch around the articular contours of the virtually fixed ulna. In our method,
the morphology of the distal articulation is incorporated for the modeling of this gliding
motion. This allows to adjust the motion to the individual shape of the patient’s DRUJ.
Additionally, the correct distal interosseous distance between the bones is implicitly en-
coded.

To transform the radius meshes in pronation and supination to an ulna coordinate system,
ICP registration of the ulnae is performed as depicted in Figure 4.20a. In our model, the
movement of the distal radius is restricted to a planePdist perpendicular to the ulna length
axis, since the parallelism constraint between the hand andthe elbow has to be fulfilled.
In this regard, it must be noted that the restriction toPdist is still consistent with the small
axial translation of the ulna in humerus coordinates. The ulna translation compensates
the length change of the radius motion to ensure parallelismbetween the bones and the
wrist. Therefore, the distal radius has to be constrained toPdist in ulna coordinates while
the compensation is performed by the proximal part.

The position ofPdist on the longitudinal axis of the ulna is defined by the user in such a
way that the 2-d contours of the radial sigmoid notches in thedata sets of the pronated
and supinated radius are both most pronounced. To this end, the mesh vertices are clipped
when slicing the mesh withPdist as shown in Figure 4.20a. A tool is provided to the user
that renders the contours of the sliced meshes while the plane is moved along the axis
(see Figure 4.20b). This allows to easily define the locationof Pdist along the bone axis.

In the next step the parts of the contours are identified that are involved in the gliding
motion according to Figure 4.21. The relevant curves are determined by finding first
guesses of the start- and end-points on the ulna and radius outlines in full supination.
The start-pointu0 on the ulna is set to the contour-point that is closest to the radius in
supination. End-pointu1 is defined by the point that is closest to the pronated radius.
The corresponding points on the radii arer0 andr′1, respectively. In order to define the
end-pointr1 on the supinated radius, the transformation of the contour from pronation to
supination is calculated by 2-d ICP registration. This results in the desired transformation
of r′1 to r1. Additionally, the required ROMϕmax from supination to pronation is obtained
in this step, since it corresponds to the rotation of this registration.

The calculation ofϕmax, as well as the identification of the start- and end-points isper-
formed automatically. However, some minor inaccuracies can still exist, which will be
corrected in an optimization step as described later in thissection. In order to extend the
search space of this optimization, each determined curve iselongated by extending the
start- and end-points along the bone contours by a user-defined value (i.e. 4 mm). In 2-d
this can be easily done by replacing the current start- or end-points with their neighbors
that elongate the curves until the threshold is reached. Finally, the contour fragments of



4.4. PLANNING BASED ON THE SIMULATION OF THE FUNCTION 145

Pdist

distal

prox.

(a) (b)

Figure 4.20: Anatomical features used for the motion simulation are extracted from two
CT scans of the forearm in full pronation and full supination, respectively. (a) Radius
models in pronation (left) and supination (right) relativeto the ulna (middle). (b) 2-d
contours are rendered on the interactively selected planePdist.

the radius and the ulna are converted to parametric bicubic 3-d splinesΓR
dist andΓU

dist, re-
spectively. These splines are defined by determining all 2-dcontour points lying between
the corresponding start- and end-point using Dijkstra’s shortest path algorithm. The re-
maining third coordinate for each point is derived from the plane equation.

Proximal Movement

Cadaver experiments (Baeyenset al., 2006; Robbinet al., 1985) showed that the prox-
imal part of the radius, if expressed relative to the ulna, performs a translation during
pro-supination. Therefore, the proximal rotation centercprox is no longer fixed in ulna
coordinates since the ulna motion with respect to the humerus is now transferred to the
radius. As a consequence, the proximal radius has to performthe inverse evasive ulna
motion.

The centercprox is determined in an automated fashion as follows. It can be computed
from the points of the radius lying on the axis of rotation. Therefore, the position of
these points must be constant during motion. Two ICP registration steps are required
to identify these points. In the first step, the radius meshesof the data sets used for
the motion generation, are registered to find correspondingmesh points. Thereafter, the
humeri in the data sets are registered in order to describe the motion of the radii relative to
the humerus. All points with a maximum displacement of0.2 mm or less during motion
are finally considered as constant as depicted in Figure 4.22. In our experiments, two
regions of constant points could be observed. In addition tothe targeted region, a cluster
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Figure 4.21: Extracted 2-d contours obtained from two CT data sets of thedistal radius
in full pronation (left) and full supination (right). The ulna contour is shown in the mid-
dle. Pointsr0/r1 andu0/u1 define the gliding curves on the radius (dotted) and the ulna
(dashed), respectively. Points denoted with an asterisk correspond to start-/end-points
after the mentioned curve elongation.

of constant points was also located close to the bicipital tuberosity. Therefore, quality
threshold clustering (Heyeret al., 1999) is performed to compute the proximal center in
a robust way. The method requires to specify the maximum diameter of a cluster. In
our case, a diameter of 5 mm was used. In the first iteration of the clustering, candidate
clusters are generated for each point by adding the closest points until the given diameter
threshold is reached. The candidate cluster with the most points is chosen as the first
cluster. The process is repeated with a reduced point set which does not contain the
points of the chosen cluster. After clustering, the centercprox is represented by the cluster
center which is closest to the COM of the radius head.

cprox

Figure 4.22: The proximal rotation centercprox is automatically detected. Points showing
only marginal displacement are marked red.

The relative evasive motion of the ulna is obtained by registering the ulnae using humerus
coordinates. Starting from supination the final movement ofthe proximal radius is ap-
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proximated according to the measured inverse motion of the ulna. A 3-d splineΓR
prox

is generated that correspondingly interpolates the transformation ofcprox in ulna coordi-
nates. In case of two acquired positions, the swaying movement is linearly interpolated
from full supination to full pronation.

Simulation of Motion

For the simulation of the pro-supination, the distal and proximal movements are combined
to a rigid body transform of the radius. Given the desired angleϕ ≤ ϕmax, the appropriate
4× 4 transformation matrix is calculated relative to the initial position in full supination
(ϕ = 0). At least three 3-d point pairs(pi, qi) are required to compute this matrix, where
pi andqi denote points on the radius in the initial and final position,respectively. The
resultant transformation optimally maps eachpi to qi in a least squares sense and thus
the radius is moved to the desired position. The three point pairs, two from the distal
articulation and one from the proximal joint, are defined as follows.

Two point pairs are required to express the gliding motion ofthe radius in the DRUJ.
The first pair(p0, q0) defines the required translation motion to transform the distal radius
from full supination to the specified position. Pointp0 is obtained from the parameterized
radius splineΓR

dist(t):

p0 = ΓR
dist

(

tr0 +
ϕ

ϕmax
(tr1 − tr0)

)

, (4.1)

wheretr0 and tr1 represent the parameterized start- and end-points ofΓR
dist. Since the

distal radius glides around the ulna head,q0 can be obtained from the ulna splineΓU
dist(t)

as

q0 = ΓU
dist

(

tu0 +
ϕ

ϕmax

(tu1 − tu0)

)

+ ∆ ·nt, (4.2)

wherent is the spline normal att. tu0 andtu1 denote the start and end parameters ofΓU
dist.

The normal of the spline contour is computed analytically and its direction is defined
such that the normal points away from the distal ulna center.A geometrical interpretation
of Equation 4.2 and Equation 4.1 is given in Figure 4.23. The additional parameter∆
represents the distance between radius and ulna in the DRUJ.The distance is dependent
on the user-defined position ofPdist, the resolution of the CT data, and the cartilage
thickness. Interarticular spacing due to cartilage can also be observed in CT images as
shown in Figure 4.23a. The parameters of the equations are initialized to∆ = 0.25, tr0 =

0.0, tr1 = 1.0, tu0 = 0.0, andtu1 = 1.0, however, the final values will be determined in an
optimization step.

Relative to the ulna, the pro-supination angleϕ can be defined as the rotation of the distal
radius around the ulna. The second point pair(p1, q1) directly encodes this rotation with
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∆
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(b)

Figure 4.23: Motion simulation in the DRUJ. Radius splineΓR
dist is marked dotted and

ulna splineΓU
dist dashed, respectively. (a) Inter-bone spacing∆ has to be considered. (b)

Outline of the generation of the gliding motion forϕ = 90◦

respect to the previously defined translation. Therefore, the pro-supination angle is lin-
early correlated with the length of the distal splines. If required, the method can be easily
extended to model non-linearity by using an appropriate interpolation function to com-
pute the rotation angle. Additionally, such a function can be included in the optimization
process to fit the available data. In addition to the linearity assumption, pair(p1, q1) is
also constrained to lie on planePdist in order to maintain parallelism to the wrist.

Based on these definitions, the second point pair is obtainedas follows. Letp1 = p0 + v
wherev is an arbitrary direction vector lying onPdist (i.e.(0, 1)). Vectorv is denoted as an
arrow in Figure 4.23b. From the initial supinated position to the pro-supination position
ϕ, vectorv has to be rotated byϕ degrees according to the radius head. As previously
specified,p0 will be transformed toq0. Therefore,q1 must be set toq0 + Rϕv whereRϕ

describes the rotation byϕ degrees.

Finally, the remaining point pair is used to describe the proximal radius motion. The
points(p2, q2) denote the evasive movement of the radius head relative to the ulna. The
previously computed proximal splineΓR

prox interpolates the movement of the radius head
center during pro-supination. Therefore, pointp2 is set tocprox which is the start-point of
the proximal splineΓR

prox(0) in full supination. During pro-supinationp2 is transformed
to q2 = ΓR

prox(ϕ/ϕmax).

The absolute orientation problem is finally solved (Horn, 1987) to determine the radius
transformation matrix based on the three point pairs and thegiven pro-supination angle
ϕ. In order to achieve a best possible fit to the acquired CT data, a non-linear optimiza-
tion (Lawrenceet al., 1997), based on Sequential Quadratic Programming, is applied to
determine the values for the parameter vector(0 ≤ ∆ ≤ 0.5, tr0 ≥ 0, tr1 ≤ 1, tu0 ≥
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0, tu1 ≤ 1). The objective function is defined as the squared distance between simulated
and measured mesh points for coincidentϕ. The input data are forearm scans at different
rotational positions, the minimum set being that of full supination and full pronation.

Detection of Bone Collisions

During motion, the interosseous distance between the boneshas to be tracked to indicate
whether bone-to-bone impingement complications are likely to occur. This allows to
identify critical regions already in the pre-operative investigation. However, impingement
due to narrowed interosseous space does not necessarily result in direct contact between
the bones. For instance, the limitation may be influenced by interjacent tissue which is
compressed due to the motion of the bones.

Without the simulation of soft tissue, the critical distance of the interosseous space that in-
dicates impingement has to be estimated as accurately as possible. Weinberget al.(2000)
proposed to determine a global contact threshold, derived from the minimum distance of
the uninjured bone in full pronation. While such a global threshold might be sufficient
to simulate the effect of gross angular deformities, the interosseous distance between the
bone surfaces is significantly dependent on the location dueto the varying shape of the
bones. For example, the inter-bone distance close to the joints is much smaller compared
to the mid-shaft region. Therefore, we propose to express the distance between radius
and ulna as a 2-d functioniod(s, ϕ) wheres denotes the position on the longitudinal ulna
axis, expressed in percentage of the bone length from proximal to distal.

Potential limitations during the motion can be detected by analyzing the distance functions
of the affected and the contralateral forearm. The distancefunction ioda(s, ϕa) ϕ0 ≤
ϕa ≤ ϕ1 of the affected forearm is pre-computed in a user-defined interval[ϕ0, ϕ1] of the
ROM by sampling the parameter space at discrete values. In the same way, the distance
functioniodh(s, ϕh) is pre-calculated for the contralateral forearm. Thereafter, the ROM
of the affected bone is determined by finding the first occurrence ofϕa in [ϕ0, ϕ1] which
satisfies the following inequality:

∃s : ioda(s, ϕa) < iod∗h(s) , iod∗h(s) = min
ϕh∈[ϕ0,ϕ1]

iodh(s, ϕh) (4.3)

whereiod∗h(s) provides the minimal distance between the contralateral bones at position
s over allϕh.

4.4.3 Results

Accuracy Evaluation

We carried out cadaver experiments, using two fresh-frozenhealthy cadaveric arm spec-
imens, to examine the accuracy of our approach. The custom-build frame as described
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in Section 4.3 was used to control the pro-supination motionof the specimen. CT scans
were performed in mechanically controlled10◦ steps from full supination to full prona-
tion. The slice thickness/spacing was 0.66/0.33 mm and 1.0/0.5 mm in study 1 and study
2, respectively. Based on these CT data, 3-d models of all rotations were generated us-
ing the segmentation method described in Section 2.6. Thereafter, ICP registration of the
ulnae was performed to determine the radius poses relative to the ulna. This registration
step also includes the determination of the exact pro-supination angleφ of each acquired
radius pose which can differ from the mechanically defined angle.

For accuracy evaluation two different error metrics were applied, both based on the dis-
tance between the simulated forearm position and the corresponding mesh obtained from
the cadaver experiments. Measureǫ1 represents the average closest point distance be-
tween mesh points in simulated and measured position. A small distance error is cru-
cial for a planning tool in order to detect possible bone impingements. We achieved
an average error over all measured positions ofǫ1 = 0.44 ± 0.19 mm in study 1 and
ǫ1 = 0.48±0.21 mm in study 2, respectively. Note that the positions of full pronation and
full supination were excluded from the evaluation since themeshes were used to setup the
algorithm.

Error measureǫ2 is defined by the average distance betweencorrespondingmesh points,
obtained by registration, in simulated and measured positions and is, therefore, more
sensitive to orientation errors. The average error in study1 wasǫ2 = 0.65± 0.44 mm and
in study 2ǫ2 = 0.98± 0.51 mm, respectively. More details are given in Figure 4.24. The
figure also shows the effect on accuracy when including additional arm positions in the
optimization.

Clinical Application

We discuss one clinical case in detail to demonstrate that the proposed approach can
significantly improve the planning diagnosis.

The clinical examination of the patient showed a limitationof the pronation of50◦ com-
pared to the uninjured side. CT scans of both limbs were acquired in order to carry out
the computer-assisted planning as described in Section 4.2.3. The comparison of the radii
showed small axial and angular differences of7◦ and 3.5◦, respectively. However, no
evidence of malalignment was found since the deformities ofthe radius correlated with
the variation of the ulnae due to anatomical left-right differences. Therefore, a kinematic
analysis was performed to identify potential bone impingement as a cause for the limited
pronation.

The setup of the kinematic model as previously described wasmodified due to the limited
data available. The proximal centercprox as well as the start-/endpoints of the radius
and ulna splines were manually defined since only one CT scan of each forearm had been
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Figure 4.24: Evaluation of errorǫ2 (mm) in cadaver study 1 (a) and study 2 (b) for a given
pro-supination angleϕ. For optimization either two (ϕ = 0, ϕ = 180) or four positions
(ϕ = 0, ϕ = 40, ϕ = 120, ϕ = 180) were used, denoted by circles (solid line) and
squares (dashed line), respectively. Positions used for optimization were excluded from
the evaluation.

acquired. The centercprox was fixed to the COM of the proximal radius head. Distally, the
start-/endpoints of the splines were specified according tothe clinically measured ROM of
the uninjured radius from neutral position to full pronation (i.e. from 0◦ to 75◦). After the
kinematic model was initialized, the distance functionsioda andiod∗h were computed as
described in Section 4.4.2. The longitudinal axis of the ulna and the ROM were sampled
in discrete steps of 0.5% and1◦, respectively. For the affected forearm, a limitation of
the pro-supination was predicted at20◦ pronation. At this angle, the condition given by
Equation 4.3 was fulfilled in a region close to the bicipital tuberosity as demonstrated
in Figure 4.25. The identified region is visualized in Figure4.26a. For the verification
of these observations, we measured the difference between the affected and the healthy
radius in this region. As demonstrated in Figure 4.26b, the maximum deformity was
located close the bicipital tuberosity as well, indicatingthat a non-anatomical variation in
shape causes the limited pronation.
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Figure 4.25: Tracking the interosseous space during motion: Comparison of the in-
terosseous distance of the affected boneioda with iod∗h. The bone length is expressed
as percentage from proximal to distal. (a) The interosseousdistance ofioda falls below
the threshold distanceiod∗h at ϕ = 20◦. (b) Zoomed view of the critical region. The
interosseous distance ofioda atϕ = 15◦ andϕ = 20◦ is given in comparison toiod∗h.

(a)

(b)

Figure 4.26: Comparison of the identified critical region on the affected bone with the
contralateral bone. (a) Mesh points of affected bone below the distance threshold are
colored in red. (b) Differences between the affected and uninjured bone in the proximal
part. Highest difference is colored red; no difference is colored green.
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4.4.4 Discussion

Current kinematic methods either render the motion of both forearms with respect to the
humerus, or simplify the motion by assuming a rotation of theradius around a fixed axis.
Contrary, we have presented a method to accurately simulatethe radius motion relative
to the ulna using mathematical expressions which can be efficiently solved. Our model
showed excellent agreement with the ground truth obtained from cadaver experiments
resulting in an average error below1.0 mm. As a next step, the accuracy evaluation on
in-vivo data is planned.

We have also compared our method with two other well-established approaches for the
simulation of the pro-supination.First, the method of Kecskeméthy and Weinberg (2005)
was qualitatively tested on cadaveric specimen 1. The kinematic model was setup and op-
timized based on forearm data in five pro-supination positions including full supination,
neutral position, and full pronation. In a first test, the model performed worse compared
to the fixed-axis rotation3. Particularly, the simulated ulna motion was larger compared to
our experimental data. The surrogate motion in the kinematic system of Kecskeméthyet
al. was developed based on findings of MRI studies. Our motion data differed from these
MRI measurements and their model could not easily compensate for this differences.
Retrospectively, we could not determine whether the different motion was caused by mo-
tion constraints due to our experimental setup. Therefore,the accurate, computer-based
quantification of the in-vivo forearm kinematics focusing on the ulna motion is one im-
portant next step in our research. Additionally, the fixed-axis model was tested in which
the radius motion around the ulna is described by a fixed-axisrotation. The rotation axis
was initially defined by a line between the centers of the radius head and the distal ulna.
Thereafter, the axis was optimized to the experimental dataof specimen 1 in the same
way as described in Section 4.4.2. Five acquired pro-supination positions were included
in the optimization while the remaining positions were usedto quantify the error during
motion. The average error using error measureǫ2 was1.36 ± 0.5 mm, twice as large as
in our model although five data sets were used for optimization. This result indicates that
the radius motion cannot be precisely recovered using a fixedrotation axis. However, ad-
ditional experiments on clinical data must be performed in the future to evaluate whether
these inaccuracies are crucial in the prediction of functional effects as bone impingement.

The manual effort required to fit the kinematic model to the patient is an important as-
pect for a successful integration into the clinical work flow. In our method, two CT scans
are sufficient to initialize the model with little user interaction. Most parameters are ini-
tialized and optimized in an automated fashion. The only influencing factor requiring
user interaction is the positioning of the planePdist. Our algorithm accounts for differ-
ently defined plane positions, since the distal splines as well as the articular spacing in the
DRUJ are optimized to the available data. In the future, the manual definition ofPdist may

3Personal communication: Group of Prof. Kecskeméthy, 2009
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be avoided by describing the gliding motion as the interaction of parameterized contact
surfaces in distal articulation.

According to the current clinical protocol, only one CT scanper forearm is acquired
which limits the accuracy of our method. In such cases, several model parameters have
to be estimated by clinical measurements or average values.Particularly, the definition of
the correct extents of the distal splines is difficult without knowing the radius poses in full
pronation and full supination. A possible strategy to generate the motion from one data
set would be the simulation of the gliding motion in a step-wise fashion, starting from
the acquired position. However, a reliable simulation of the forearm function can only be
achieved if the forearm motion is acquired in different positions; the minimum set being
that of full supination and full pronation. Therefore, the employment of MRI appears to
be the only alternative to obtain sufficiently accurate datawithout significantly increasing
the radiation exposure of the patient.

Nevertheless, preliminary tests on clinical data demonstrated the potential of the approach
in the prediction of functional effects. The presented caseshowed a severe limitation of
the pronation caused by a small non-anatomic shape variation. This variation was not
considered as a significant deformity in comparison to the contralateral bone. Moreover,
computer-assisted methods that rely on a simplified representation of the bone geometry,
cannot be applied in such cases. Our approach allowed to virtually reproduce the impaired
motion of the patient. The simulated pronation differed only by 5◦ to the clinical measure-
ments. This clinical case demonstrated the importance of incorporating the precise bone
geometry and the accurate prediction of the interosseous distance into the simulation.
However, the contralateral bone was still required to approximate the minimally allowed
interosseous distance. The accurate prediction of bone impingement without the con-
tralateral bone may be achieved by simulating soft tissue effects. Particularly, interjacent
muscles, which are excessively compressed during motion due to bone deformity, may
cause a limitation. A next step in this direction would be thesimulation of deformities in
a musculoskeletal model to study such effects.

A narrowed interosseous space is only one of several factorswhich can limit the forearm
motion. Ligaments as the IOM, the TFC, or the proximal quadrate ligament can have a
significant influence on the pathological pro-supination. For example, angular deformities
can cause a widened interosseous space resulting in increased tension of the IOM. More-
over, torsional deformities change the relative axial orientation of the bone parts which
particularly affects the articulation including the ligaments. However, the biomechanical
properties of the ligaments during motion are difficult to study in a non-invasive way. Ac-
cording to our experience, only the central part of the IOM can be accurately assessed in
clinical MRI scans. As a consequence, it will be required to study the effects of deformi-
ties on the ligaments in a virtual simulation. To this end, wehave started to integrate finite
element models of the ligaments into the kinematic simulation, which were constructed
from user-defined splines to specify the basic shape of the ligaments. In a first test, the
strain distribution of the IOM during motion was analyzed. Although complex tensile
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properties were not considered, the IOM showed a trend similar to previous studies. Such
a spline-based approach may be a possibility to integrate the ligaments into the clinical
planning process in an efficient way.

However, we were not able to carry out virtual experiments regarding the effects of defor-
mities on ligaments. Ideally, such experiments would require accurate ground truth data
based on pathological cases. High accuracy is particularlyimportant in the simulation
of ligaments which undergo only small changes in length during the motion as described
in Section 4.3 and in (Moritomoet al., 2009). However, the most difficult problem in the
simulation of ligaments are pathological effects as tissuedegeneration or scarring. These
effects are very difficult to be predicted pre-operatively but they may have a significant
influence (Priceet al., 1990; Trousdale and Linscheid, 1995) on the pro-supination.

Finally, our method can only be applied to injuries where thepathological forearm mo-
tion is identical to the normal kinematics. This is assumed to be the case in diaphysial
deformities (Mooreet al., 2002). Contrary, injuries affecting the articulations can result
in a forearm motion different to the normal kinematics (Crisco et al., 2007). This would
require to explicitly model the influence of pathologies to forearm kinematics.





5
Conclusion and Future Directions

The preceding chapters of this thesis described different aspects of computer-assisted pre-
operative planning. Different algorithms were proposed dependent on the characteristics
of the injury, the data available, and the planning approachto be followed. While the
advantages and drawbacks of the individual methods were discussed in separate sections,
this chapter will give a general overview on the achievements and open problems of the
presented work.

5.1 Model Generation

The success of subsequent planning tasks, including the comparison, alignment or reg-
istration of bone parts, is highly dependent on the quality of the extracted anatomical
model. We have proposed to apply graph cut-based energy minimization for the segmen-
tation task. Graph cut optimization is particularly suitedfor bone segmentation, since
the boundary constraints allow to control discontinuitiesand leakage. First, we focused
on the development of an automatic segmentation algorithm to avoid an increase of the
manual effort. The presented approach simultaneously extracted the outer bone surface of
both forearm bones in a slicewise fashion. However, the lackof 3-d information resulted
in segmentation errors in case of abrupt shape variation between two slices. Therefore,
a user-controlled 3-d segmentation approach was introduced. The key idea of the 3-d
approach was to perform the segmentation in multiple stages. In each stage, additional
knowledge about the intensity and shape of the bone was acquired to robustly identify
the different tissue layers. Similarly, the separation of bone fragments was performed
in a second stage. We have demonstrated that the 3-d segmentation approach is well
suited for model generation in orthopedic planning where healthy, deformed, or fractured
bones with varying characteristics have to be segmented. Despite the fact that automatic
segmentation is usually the ultimate target, one of the major strengths of the method is
the ability to control the segmentation process interactively. If moderate user interaction
is acceptable, an interactive approach can well become preferable to automatic methods
with respect to adaptability and robustness.
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Several problems remain in the segmentation of proximal humerus fractures. First, the
segmentation of the spongy bone layer was not included in thecurrent method. The incor-
poration of the spongy bone in the virtual model would allow amore accurate assessment
of the fracture. Additionally, the segmentation of very small fragments and the extraction
of thin fracture surfaces require further improvement. Both issues can be addressed in a
post-processing step after the fracture reassembly. The shape of missed fragments in the
segmentation can be derived from the gaps of the reconstructed bone. This knowledge
can then be used to find matching structures in the CT image. Similarly, the segmentation
of fracture surfaces can be re-initiated after opposing fracture surfaces were identified by
the reconstruction method.

Another direction of future work is the extension of the methods to a generic bone seg-
mentation framework. In addition to the actual planning, such a framework is of para-
mount importance for the design of new CAOS methods, still lacking efficient approaches
for the segmentation of various anatomy in different image modalities. In this regard, the
following points should be addressed by future research:

• The increasing need to accurately simulate the functional outcome of an interven-
tion entails the use of MRI to acquire motion data and soft tissue without radiation
exposure. However, joint segmentation from MRI is a challenging task which may
require time-consuming manual correction. A multi-modal approach in which the
high-quality bone model is segmented from CT and subsequently identified in MRI
would be one possibility to facilitate this process.

• Several high level methods such as graph cuts, deformable models, and statisti-
cal shape models are suited to perform bone segmentation, each of these having
strengths and drawbacks. Ideally, a comprehensive segmentation framework sup-
ports the use of all these techniques in a cooperative mannerin order to apply the
most appropriate method in each segmentation step.

• Standard image segmentation methods operating on a lower level are important for
pre- and post-processing of the data. Dependent on the anatomy to be segmented,
different methods can be combined to provide appropriate initialization for subse-
quent steps.

• A versatile user interface is an important but underestimated factor of successful
segmentation. An intuitive interface enables the user to define, control, and opti-
mize the segmentation pipeline. Additionally, segmentation errors difficult to re-
solve automatically can often be avoided by relying on limited user interaction.



5.2. RECONSTRUCTION OFPROXIMAL HUMERUS FRACTURES 159

5.2 Reconstruction of Proximal Humerus Fractures

One of the main contributions of this thesis was the development of a comprehensive
planning framework for the reconstruction of complex proximal humerus fractures. In a
first approach we have tested the potential of user-controlled reconstruction. The main
advantage of the system was its force feedback capability which offered an intuitive and
efficient way to manipulate and align objects in the virtual environment. However, we
have experienced that the primary difficulty for the user wasnot the actual alignment task
but rather thedeterminationof the correct fragment position.

Therefore, the main emphasis was put on the development of a reconstruction algorithm
not relying on user input. The underlying problem of reassembling multiple pieces in an
automated fashion is highly complex and hard to solve without constraining the search
space of feasible solutions. However, the definition of constraints usually implies to have
some knowledge about the relationship between fragments,e.g.the identification of op-
posing fracture surfaces or the definition of the order in which fragments must be aligned.
As previously mentioned, such constraints are difficult to determine by the user. There-
fore, we have proposed to use the contralateral humerus as a reconstruction template. In
first tests, we have examined whether the correct fragment position can be found on the
contralateral bone by applying registration in an exhaustive way. Based on these findings,
two criteria for a successful contralateral reconstruction were identified. First, the accu-
racy of the registration method was crucial to determine thecorrect position. Second, the
overlap between fragments had to be taken into account. The developed matching algo-
rithm met these requirements while reducing the computational burden to an acceptable
level. After the contralateral matching, the final reconstruction step based on the registra-
tion of the fracture surfaces was performed. For this task, an iterative approach was taken
based on a well-established multi-piece alignment method.Due to the nature of our data,
the alignment had to be robust to outliers and capable of handling missing parts. To this
end, we have modified the process of determining pairwise constraints between adjacent
fragments as well as the multi-piece alignment which enforced these constraints among
all parts.

In summary, the CAOS reconstruction of complex fractures must be performed in a semi-
automatic or automated fashion since user-controlled reassembly is time-consuming or
even not possible due to the complexity of the task. The proposed methods aimed at
an integration in the clinical work flow, particularly tackling the problems arising from
clinical data. The performance of the method on the presented clinical cases as well as
on artificial fractures using cadaver humeri was excellent.Additionally, the cadaver ex-
periments allowed to analyze the accuracy and pitfalls of contralateral-based planning.
Further improvements in data acquisition and image segmentation such as the robust ex-
traction of the spongy bone may enable the automatic reconstruction without the con-
tralateral anatomy. Additional focus of future research should be put on the verification
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of the robustness in a larger set of clinical data. Several parts of the algorithm might
require user control to account for the wide range of possible fractures and anatomy:

• The generation of candidate points is currently performed automatically, deter-
mined by the fragment size. However, the fragment shape can also be included
in this process. For instance, a fragment with a distinct shape requires less candi-
date points than a flat-shaped fragment. User control of thisprocess would allow to
increase the sampling in critical areas or completely ignore certain regions. Such
an approach would additionally improve the efficiency of thematching.

• The computation of the best contralateral assembly based onthe evaluation of dif-
ferent fragment combinations relied on a winner-take-all strategy. Different ap-
proaches would be possible to provide additional control ofthis process. First, the
surgeon should have the possibility to visually inspect thebest candidates. Addi-
tionally, the evaluation of the assembly quality could be interactively steered by
assigning weights to the fragments and to the components of the quality measure.

• The incorporation of small fragments in the assembly would improve the contralat-
eral matching as well as the multi-piece alignment step. However, the registration
of very small structures to the contralateral bone was not robust. Additionally, the
computational effort in evaluating all possible assemblies would significantly in-
crease. Further research is planned in this direction including different registration
methods or fragment features. The efficiency of the assemblyevaluation could be
improved with a hierarchical approach according to the fragment size. Another
possibility would be to include small fragments only in the multi-piece alignment
step.

• The multi-piece alignment step is performed fully automatically without allowing
manual correction in case of a misaligned fragment pair. A mechanism should be
incorporated to exclude or correct misaligned pairs. Alternatively, the influence of
pairwise constraints can be controlled with a weighting scheme.

5.3 Planning of Corrective Forearm Osteotomies

Improvements in the planning of this type of intervention were achieved by approaching
the problem from two different perspectives, namely, increasing the accuracy of deformity
quantification and improving the planning by predicting functional effects.

The assessment of deformity with respect to the healthy sideis the conventional planning
approach to restore normal anatomy. Since the contralateral side is the only available
reference, our main focus was placed on the improvement of present measurement tech-
niques with respect to planning time and accuracy. The developed virtual osteotomy tool
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allowed the exact quantification of deformities in 3-d by applying constrained rigid regis-
tration. In a comparative study, the computer-based planning was carried out along with
the conventional method. The study showed evidence of inaccuracies of the conventional
planning, particularly in case of multi-planar deformities. However, an improved surgi-
cal outcome can only be demonstrated if the accurate surgical plan is precisely executed
in the surgery. To this end, intra-operative guidance must be provided to the surgeon.
Nevertheless, the planning time was noticeably reduced with our approach, compared to
existing conventional or computer-assisted methods. An alternative approach was pre-
sented to quantify axial deformity based on the assessment of the torsional twist of the
radius bone. The key advantage of this method is its measurement technique based on
the quantification of 3-d anatomical landmarks. Moreover, the method appeared to be
transferable to low resolution data which might enable the use of MRI as a radiation-free
modality.

Despite the fact that planning with respect to the healthy side is accepted in clinical prac-
tice, it still needs to be investigated, how far the more accurate computer-based method
truly improves the functional outcome in patients. The oversimplification that the oppo-
site arm anatomy serves as the standard for decision making ignores the fact that bone
morphology and soft tissue properties of the pre-traumaticsituation may be different.
This simplification may even compromise the optimal restoration of function. In clinical
practice, the pre-operative measurements are confirmed by intra-operative testing of the
function. As a consequence, CAOS planning must focus on the prediction of the func-
tional effects as well.

Therefore, the pre-operative simulation of the function was targeted in the second ap-
proach in order to predict complications during the forearmmotion. In a first step, a
kinematic model of the pro-supination was developed based on findings from cadaver ex-
periments. This model deduced the pro-supination from the patient’s joint morphology,
allowing the precise rendering of the bone motion. Due to this advantage, a strategy was
developed to accurately track the interosseous distance ofthe forearm bones. Functional
effects caused by bone impingements were successfully predicted with this method by
comparing the interosseous space to the normal anatomy.

The objective to develop a planning platform for the simulation of the pathological and
post-operative function of the forearm was only partially achieved. The lack of sufficient
data to identify and simulate various pathological effectscan be seen as the main reason.
Additionally, the simulation of soft tissue effects would necessitate the development of a
complete musculoskeletal model. In this regard, a number ofinteresting problems remain
to be addressed:

• Different factors may cause a restriction of the motion depending on the type of
deformity. Additionally, injuries affecting the joints can result in a pro-supination
different to the normal kinematic. Future approaches should focus on a particular
type of injury to simplify the complex problem.
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• Cadaver experiments are useful in studying the effect of deformities on the ROM.
However, we have experienced that the identification of factors which might cause
a limitation are difficult to obtain from these experiments.The most promising
approach seems to be the virtual simulation of malunions in amusculoskeletal sys-
tem. Once possible factors are identified, these findings canbe verified in cadaver
studies.

• The exact evaluation of patient-specific pathological effects on the forearm motion
is still an open problem. MRI motion data would allow to examine the pathological
forearm motion in-vivo, but the reasons for a limitation aredifficult to identify
in image data. Kinematic or musculoskeletal models could beused to mimic the
patient’s anatomy in order to identify bone impingements orsoft tissue constraints.
However, patient-specific properties as ligament stressesor pathological effects as
scarring are extremely difficult to estimate.

• The integration of patient-specific soft tissue or ligamentmodels into the clinical
planning work flow is currently not possible in an accurate and efficient way. The
geometry and the physical properties of ligaments must be estimated in patient-
specific planning. For example, ligament attachment sites vary significantly in pa-
tients. Additionally, proximal and distal ligaments are hard to identify on clinical
MRI’s. It is questionable whether this approximation is sufficiently accurate to de-
tect soft tissue constraints.

‘
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