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Abstract
Total Hip Replacement (THR) has become a common surgical procedure in recent
years, due to the increase in the aging population with hip osteoarthritis. Identifying
the proper orientation of the pelvis is a critical step in accurate placement of the femur
prosthesis in the acetabulum in THR. The general approach to localize the orientation
of the pelvic anatomical coordinate system (PaCS) is to use intra-operative X-ray
fluoroscopy in a specialized interventional radiology facility to guide the procedure.
Employing intra-operative ultrasound (US) imaging fused with pre-operative CT scan
or fluoroscopy imaging was proposed to eliminate the ionizing radiation of intraoperative X-ray to the patient and the need for radiology facilities in the OR. However,
the use of pre-operative imaging exposes patients to accumulative ionizing radiation
which is desirable to be eliminated.
In this thesis, I propose to replace pre-operative imaging with a statistical shape
model (SSM) of the pelvis which is constructed from CT images of patients. An
automatic deformable registration of a pelvis anatomical shape model to a sparse
set of 2D ultrasound images of the pelvis is presented in order to localize the PaCS.
In this registration technique, a set of 2D slices are extracted from the pelvic shape
model, based on the approximate location and orientation of a corresponding 2D
ultrasound image. The comparison of the shape model slices and ultrasound images
i

is made possible by using an ultrasound simulation technique and a correlation-based
similarity metric. During the registration, an instance of the shape model is generated
that best matches the ultrasound data. I demonstrate the feasibility of our proposed
approach in localizing the PaCS on four patient phantoms and on data from two male
human cadavers. None of the test data sets were included in the SSM generation.

ii

Acknowledgments
I would like to thank my supervisors, Dr. Purang Abolmaesumi, Dr. Parvin Mousavi
and Dr. Gabor Fichtinger for their guidance and support. This work would not have
been possible without their encouragement and motivation.
I would like to thank all of my friends and colleagues at Queen’s, the MedIA, Med-I
and Perk labs; especially Andrew Lang, Sean Gill, Amir Tahmasebi, Helen Xu, Mehdi
Hedjazi, Pascal Fallavollita, Paweena U-Thainual, Narges Ahmidi, Andrew Dickinson,
Victor Grzeda, Zhen Wang and Layan Nahlawi. Thank you to Elvis Chen, Siddharth
Vikal and Thomas Chen for their help and guidance. I would also like to thank all of
the administrative staff at Queen’s, especially Debie Fraser in the ECE department
and Manuela Kunz and Kuri Hurst at the HMRC. Thank you to Dr. Russel Taylor,
Ofri Sadowski, Gouthami Chintalapani and Pezhman Foroughi for providing me with
the shape model and cadaver data for this project. A very special thank to Andrew
L. for making my life in Kingston joyfull and fun and helped me whenever I needed
it.
Last but not least, I would like to thank my parents, Mehdi and Shahpar and
my lovely sister, Sepideh for their unconditional love and support through my life. If
it wasn’t for you, I would not have been standing where I am today. This work is
dedicated to you.
iii

This research was supported in part by Canadian Institutes of Health Research
and Natural Sciences and Engineering Research Council of Canada.

iv

Table of Contents
Abstract

i

Acknowledgments

iii

Table of Contents

v

List of Tables

vii

List of Figures

viii

Chapter 1:
1.1
1.2
1.3
1.4
1.5

Introduction
Motivation . . . . . .
Proposed Method . .
Thesis Objectives . .
Thesis Contributions
Thesis Outline . . . .

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

. . . . . . . . . . .
. . . . . . . . . . . .
. . . . . . . . . . . .
. . . . . . . . . . . .
. . . . . . . . . . . .
. . . . . . . . . . . .

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

1
1
4
6
6
7

Background . . . . . . . . . . . . . . . . . . .
Total Hip Arthroplasty . . . . . . . . . . . . . . . . . .
Pelvic Antomical Coordinate System . . . . . . . . . .
Anatomical Statistical Shape Model . . . . . . . . . . .
Ultrasound-Based Registration . . . . . . . . . . . . . .
Statistical Shape Model-based Registration . . . . . . .

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

9
9
10
13
15
17

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

21
21
22
26
28

Chapter 2:
2.1
2.2
2.3
2.4
2.5

Chapter 3:
3.1
3.2
3.3
3.4

Statistical Shape Model . . . . . . . . . . .
Overview . . . . . . . . . . . . . . . . . . . . . . . . . .
Statistical Shape Model Generation . . . . . . . . . . .
Statistical Shape Model Instantiation . . . . . . . . . .
Statistical Shape Model Volumization . . . . . . . . . .
v

3.5

Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

30

Chapter 4:
. . . . . .
. . . . . . .
. . . . . . .
. . . . . . .

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

32
32
33
41

Results . . . . . . . . . . .
. . . . . . . . . . . . . . . . .
. . . . . . . . . . . . . . . . .
. . . . . . . . . . . . . . . . .
. . . . . . . . . . . . . . . . .
. . . . . . . . . . . . . . . . .

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

46
46
49
54
55
62

Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . .
Summary of Contributions . . . . . . . . . . . . . . . . . . . . . . . .
Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

67
68
69

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

72

4.1
4.2
4.3

SSM to Ultrasound Registration
Overview . . . . . . . . . . . . . . . . . . .
Multi-Slice to Volume Registration . . . .
Validation Using CT Data . . . . . . . . .

Chapter 5:
5.1
5.2
5.3
5.4
5.5

Experiments and
Phantom Study . . . . .
Phantom Results . . . .
Cadaver Study . . . . .
Cadaver Results . . . . .
Discussion . . . . . . . .

Chapter 6:
6.1
6.2

Appendix A:
Principal Component Analysis

. . . . . . . . . . . . . .

88

Glossary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

91

vi

List of Tables
5.1
5.2
5.3
5.4
5.5
5.6
5.7

Mean surface error of the statistical shape model to CT registration of
the phantoms. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Mean surface error of the SSM to US registration compared to the CT
of the phantoms. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
The error of estimated PaCS of the registered SSM to US compared to
the registered SSM to CT for the phantoms. . . . . . . . . . . . . . .
Mean surface error of the SSM to CT registration of the cadavers. . .
Mean surface error of the statistical shape model to US registration
compared to the CT of the cadavers. . . . . . . . . . . . . . . . . . .
The error of estimated pelvic coordinate system of the registered SSM
to US compared to the registered SSM to CT for the two cadavers. .
The final TRE for 20 multi-slice to volume registrations of statistical
shape model to US with different initializations. . . . . . . . . . . . .

vii

51
53
54
57
60
60
61

List of Figures
1.1

X-ray image of dislocated hip joint and loosened femoral component
after Total Hip Replacement . . . . . . . . . . . . . . . . . . . . . .
The block diagram of the US-guided intervention system for Pelvic
Anatomical Coordinate System localization in Total Hip Replacement

5

2.1
2.2
2.3

Anatomy of the human pelvis and hip joint with labeled landmarks.
Hip joint before and after Total Hip Replacement arthroplasty . . . .
Pelvic Anatomical Coordinate System . . . . . . . . . . . . . . . . . .

10
11
12

3.1
3.2
3.3
3.4
3.5

initial statistical shape model generation workflow . . . . . . . . . .
Statistical shape model generation with iterative bootstrapping loop
Statistical Shape Model eigenvalues . . . . . . . . . . . . . . . . . .
Statistical shape model point cloud and interpolated volume . . . .
Statistical shape model mean shape and three principal modes . . .

.
.
.
.
.

24
25
26
29
31

4.1
4.2
4.3
4.4
4.5
4.6
4.7

Statistical shape model to US registration workflow . . . . . . . .
US acquisiton regions . . . . . . . . . . . . . . . . . . . . . . . . .
Mean to US rigid registration workflow . . . . . . . . . . . . . . .
US simulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Statistical shape model to US registration validation framework .
Statistical shape model to CT registration workflow . . . . . . . .
Translation and rotation error calculation for the PaCS estimation
registered SSM to US . . . . . . . . . . . . . . . . . . . . . . . . .

. .
. .
. .
. .
. .
. .
on
. .

34
35
38
40
41
43

The US probe with the mounted DRB and the tracked stylus . . . . .
Phantom study statistical shape model to CT registration result . .
Phantom study statistical shape model to US registration result slice
overlay . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Cadaver study statistical shape model to CT registration result . . .
Slice overlay of cadaver 1 statistical shape model to US registration
result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Slice overlay of cadaver 2 statistical shape model to US registration
result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

48
50

1.2

5.1
5.2
5.3
5.4
5.5
5.6

viii

3

44

52
56
58
59

5.7
5.8

Cadaver study statistical shape model to US registration capture range 62
Different segmentation of sacrum in the shape model and test subject
CTs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

ix

Chapter 1
Introduction
1.1

Motivation

With the increase in the aging population, osteoarthritis and degenerated hip joint
cases have become more prevalent. Total Hip Replacement (THR) is a common
surgical procedure that is used to treat such cases [44]. THR arthroplasty involves
replacing the hip joint with a prosthetic implant, consisting of femoral and acetabular components. Misalignment of the acetabular component in the pelvis in this
procedure can cause dislocation of the hip joint [9, 52, 55], impingement of the acetabulum, or loosening of the acetabular or femoral prosthesis [18, 61]. Figure 1.1
shows examples of dislocated hip joints and a loosened femoral prosthesis following a
THR arthroplasty. In case of the complications arising after THR, a revision operation would be needed to correct the alignment of the acetabular component [46, 61]. It
is desirable to prevent post-operative complications and the need for revision surgery
to avoid further problems and expenses imposed on the patients and the health care
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system. The precise localization of pelvic anatomical coordinate system as a reference frame for assessing the cup and femoral prosthesis orientation in the pelvis can
decrease the chances of post-operative complications occurring [4]. Conventionally
in computer-assisted surgeries, invasive probing of bony landmarks with a tracked
pointer was used to localize the pelvic anatomical coordinate system (PaCS) and
acetabular component alignment. However, the bony landmarks are not accessible
in minimally invasive interventions when the incision is only 8-10 cm [21]. New acetabular component implantation techniques, such as incorporating patient-specific
anatomic landmarks can provide more accurate and individualized acetabular component alignment during the procedure [59]. These techniques, coupled with the use of
quantitative technology such as computer navigation systems [5, 33, 79] can decrease
the probability of a revision operation by precisely localizing the PaCS and acetabular
component orientation with respect to the pelvic anatomical coordinate system [38].
A navigation system which is commonly used in computer assisted orthopedic
surgeries is the use of Computed Tomography (CT) for the pre-operative planning
stage, a number of X-ray fluoroscopy images to guide the intra-operative procedure [83] and their fusion through the registration of the pre-operative images to
the intra-operative navigation system [34]. HipNav (CASurgica, Pittsburgh, PA), an
intra-operative navigation system has been used successfully for acetabular implant
placement in THR [22]. The system is based on a pre-operative planning stage using
CT images. An optical tracking camera can be used intra-operatively to track markers attached to bones and tools during the operation. However, the CT is registered
to the patient by methods such as using bony markers or surface points extracted
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Figure 1.1: X-ray image of dislocated hip joint and loosened femoral component
after Total Hip Replacement. Left: Dislocation of the hip prosthesis after a total hip replacement. Right: Loosened femoral prosthesis in the femur after THR. Figures are from http://arthritisresearch.com/content/8/3/R70 [77].

from the bone by a tracked digitizing pointer. In a recent publication, a 2D-to3D registration method of a pre-operative CT to a single standard intra-operative
anterior-posterior radiograph was prpoposed in order to evaluate the acetabular cuporientation in THR [100]. Although intra-operative X-ray fluoroscopy can provide
the patient’s anatomy in detail, the procedure can only be performed in specialized
interventional radiology facilities, which are not always available. In addition, the
patient and surgeon are exposed to ionizing radiation.
To alleviate the need for ionizing radiation, ultrasound (US)-guided orthopaedic
surgery systems have been recently proposed [47]. US is an affordable, radiation-free
and portable imaging modality, where images can be acquired and visualized in realtime [64]. Additionally, US-guided intervention system would reduce or eliminate the
need for radiology facilities. However, the use of US imaging as the only means of
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guidance can be inaccurate. US images are noisy and cannot provide any anatomical
information beneath the bone surface due to shadows. Therefore, intra-operative US
is proposed to be fused with pre-operative CT imaging or a statistical shape model
(SSM) which contains the anatomical shape of the full pelvis [84, 85, 10, 80]. In a
similar technique proposed by Foroughi et al., the pelvic bone surface was segmented
automatically from US data using a dynamic programming approach [26]. The shape
model of the pelvis was reconstructed by registration of the segmented points to a
point-based statistical shape model [27]. The primary drawback of these techniques
is the need for the segmentation of the bone surface from US data. This is challenging
due to the existence of speckle and shadow in US images. Additionally, due to the
significant reflections occurring at the bone and soft tissue interface, the surface of the
bony structure is often blurred and difficult to identify exactly. On the other hand,
iterative closest point (ICP) registration method presented needs a good approximate
initial alignment of the extracted points from the US with the mean shape of the
SSM [28, 57].

1.2

Proposed Method

In this work, I propose US-guided intervention system fused with an SSM of the pelvis
in order to improve the precision of acetabular component placement in the pelvis
during THR. Figure 1.2 shows a block diagram of the proposed system. An automated intensity-based registration method is proposed to instantiate and register the
SSM of the pelvis to a set of sparse 2D US images that are acquired intra-operatively.
The proposed approach eliminates the need for the segmentation of the pelvis surface used in the previously proposed methods. I used the SSM generated at Johns
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Pelvis Statistical
Shape Model
Optical Tracker
Portable Ultrasound

Tracked US
Acquisition

Registration

Pelvic Shape
Estimation

Pelvic Anatomical
Coordinate System

Figure 1.2: The block diagram of the US-guided intervention system for Pelvic
Anatomical Coordinate System localization in Total Hip Replacement.

Hopkins University using the iterative method presented by Chintalapani et al. [14].
I introduce a multi-slice to volume registration method in which the mean shape of
the SSM is first aligned with the freehand 2D US images, to initialize the registration. Then a deformable registration between the shape model and 2D US images
is performed based on US simulation method proposed by Wein et al. [86]. In each
iteration of this registration technique, an instance of the SSM is created using the
statistical shape model dominant variation modes, and a set of 2D slices are extracted
from the instance, based on the location and orientation of a corresponding 2D US
images. The comparison of the shape model slices and US images is made possible
by using US simulation technique and a correlation-based similarity metric. The US
simulation from the shape model slices reduces the problem to inter-modality registration. The similarity measure is used to optimize the SSM variation mode weights,
so that the optimized weights generate an instance of the SSM that best matches the
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US images and the patient specific anatomy. Once the registration is performed, the
coordinate system of the patient can be tracked dynamically throughout the surgery.
Patient motion can be compensated by rescanning the anatomy using a tracked US
probe throughout the surgery.

1.3

Thesis Objectives

The main objective of this thesis is to develop US-guided intervention system to
precisely localize the PaCS by using a SSM of the pelvis as the prior knowledge of
the anatomy. This would eliminate the need for pre-operative imaging, and patient
exposure to ionizing radiation, while reducing the cost and number of visits to the
clinic prior to surgery. The objective can be divided into the following subtasks:
• To develop a multi-slice to volume registration between the SSM of the pelvis
and a set of sparse 2D US images.
• To estimate the PaCS of the patient, using the registration of the SSM to the
US data.
• To validate the proposed method on patient-based phantoms and human cadaver data. The accuracy of the PaCS estimation is evaluated using a registered
CT volume to the US as the ground truth.

1.4

Thesis Contributions

A summary of the contributions of this thesis are as follows:
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• I developed and implemented a multi-slice to volume registration method between the SSM of the pelvis and a set of sparse 2D US images. The registration
approach eliminates the need to segment the US images, which could be a timeconsuming and inaccurate procedure.
• I implemented a method to estimate the PaCS on the reconstructed shape model
registered to the pelvic US data.
• I constructed patient-based phantoms of the pelvis in a gel mimicking human
soft tissue, and validated the proposed method on the patient-based phantoms,
with the use of a registered CT volume to the US. The registered CT volume
was used as a ground truth in accuracy evaluation of the proposed method.
• I extended the validation by experiments on two human cadaver datasets. I validated the performance of the registration on actual human tissue and evaluated
the robustness of the registration method to manual initialization.

1.5

Thesis Outline

The thesis is divided into six chapters organized as follows:
Chapter 2 Background: provides a brief description of image-guided surgery
and presents the prior work in this area.
Chapter 3 Statistical Shape Model: details the generation of the statistical
shape model of the pelvis from a large CT dataset. The instantiation and interpolation
of a volume from the point cloud of the shape model is also described.
Chapter 4 Statistical Shape Model to Ultrasound Registration: details
the US simulation from shape model instances and the workflow of the multi-slice
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to volume registration of the shape model to the US. The validation framework and
estimation of the pelvic anatomical coordinate system from the anatomical landmarks
are presented.
Chapter 5 Experiments and Results: describes the set of tests used for validation of the proposed method. Data acquisition is detailed along with an explanation
of the construction of the patient-based phantoms. The results are presented and
discussed.
Chapter 6 Conclusion: presents the key conclusions of the thesis and possible
areas of future work that can improve the accuracy and aid in preparing this work
for clinical use.

Chapter 2
Background
2.1

Total Hip Arthroplasty

Figure 2.1 shows the anatomy of the human pelvis and hip joint. THR is a surgical procedure in which the diseased cartilage and bone of the hip joint are replaced
with a ball and socket prosthesis [68]. In this operation, the femur head and the
acetabular components are surgically removed and resurfaced. A prosthetic acetabular component is placed in the pelvis acetabulum, and the femur head prosthesis is
inserted into the central core of the femur and is fixed with a bone cement. Total hip
replacements are performed most commonly on patients with severe chronic pain in
the hip joint with impairment of daily function including walking, climbing stairs and
arising from a sitting position. These patients have progressively severe arthritis such
as degenerative arthritis (osteoarthritis) in the hip joint, which is generally seen with
aging or prior trauma to the hip joint. Other conditions leading to THR include bony
fractures of the hip joint, rheumatoid arthritis, and aseptic necrosis (death) of the
hip bone. Figure 2.2 shows a diseased hip joint with degenerative osteoarthritis and
9
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the hip joint after THR with the prosthesis in place. The patients usually experience
no pain after the surgery and can move almost freely and easily [42].
Lower spine
Iliac crest
Ilium

S
Sacrum
Acetabulum

Coccyx

Pubis tubercles

Femoral head

Femur
Ischium

Pubis symphysis
y p y

Figure 2.1: Anatomy of the human pelvis and hip joint with labeled landmarks.

2.2

Pelvic Antomical Coordinate System

Localization of PaCS is a critical step in hip arthroplasty and especially THR. The
orientation of the replaced femur head in the acetabulum and hip joint movement are
estimated with respect to PaCS. Misalignment of the acetabular component in THR
can cause dislocation of the hip joint, impingement of the acetabulum and the need of
a revision operation. The PaCS can be defined based on four anatomical landmarks
on the pelvis [60]: the left and right maximally anterior iliac crest points and left and
right maximally anterior pubis symphysis points. The origin of the coordinate system
is defined as the median point of iliac crest landmarks, Op . The line passing from
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Osteoarthritis
hip joint

Hip prosthesis

Normal
joint

Acetabular
component

Hip joint
after
ft THR

Copy right MMG, Inc 1996

Figure 2.2: The images show the hip joint before and after Total Hip Replacement. Top left: The left hip joint with osteoarthritis compared to a
normal joint. Top right: The hip joint prosthesis and acetabular component in Total Hip Replacement. Bottom: The hip joint with the
prosthesis in place after THR. Figures are from http://www.the-healthpages.com/topics/education/thr.html.
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the right and left iliac crest landmarks and the line connecting the origin of PaCS,
Op and the median point of left and right pubis landmarks form a superior-inferior
plane called the anterior pelvic plane (APP). The four anatomical landmarks and the
APP are shown in Figure 2.3. The x axis of the coordinate system is defined on the
connecting line of left and right iliac crest landmarks directed to patient’s left. The z
axis is along the normal vector of the APP pointing to patient’s anterior and finally,
the y axis is defined by the cross product of z and x axes, pointing to patient’s head
(in the superior direction) as can be seen in Figure 2.3.

Maximally anterior iliac
crest points

Y

Op
X
Z

Anterior pelvic
plane

maximally anterior pubis
symphysis points
Copyright @ Sahar Ghanavati, 2010

Figure 2.3: Pelvic Anatomical Coordinate System. The 4 anatomical landmarks on
the pelvis, the APP and the coordinate system defined based on the
anatomical landmarks are shown.
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In this research, the goal of the SSM to US registration is to localize the four
anatomical landmarks on the registered SSM so that the patient’s PaCS can be identified precisely from the sparse intra-operative 2D US images without the need of
pre-operative imaging. The result of PaCS estimation on the registered shape model
is presented in the next chapter.

2.3

Anatomical Statistical Shape Model

Statistical modeling and analysis of anatomical shape is an active subject of medical
imaging research. Shape models are used for three-dimensional visualization of the
anatomy, segmentation of 3D medical images using deformable models [16, 20, 58, 96],
surgical simulations [29], cardiac motion tracking [53, 69] or treatment planning and
computer-integrated surgeries [37]. Shape models can be used as the prior knowledge
of the anatomy for treatment planning or as substitution for pre-operative imaging [41,
56, 82].
Generally statistical shape models can be divided into two main categories: statistical shape models that describe the shape variation within the population [14, 27,
41, 56, 72, 82], and volumetric SSMs which contain both the geometrical and internal
density distribution of the object [2, 32, 43]. Here, I review some of the methods
proposed in the literature for SSM construction.

2.3.1

Statistical Shape Model Generation

The subjects used in the SSM generation are referred to as the training dataset.
The basic method used for constructing a SSM is to identify landmark points on the

CHAPTER 2. BACKGROUND

14

subjects of the training dataset, establish point-based correspondences between subjects, and perform statistical analysis such as principal component analysis (PCA),
to acquire shape variations. One subject is selected as the reference and the other
subjects are compared to this subject. This reference subject is called the template.
A template mesh representing the anatomical structure of the template subject is
created, deformably registered to each subject, and mesh vertex points are used as
the corresponding landmark points. Cootes et al. [17] performed statistical characterization using PCA and point distribution models. Following Cootes et al., a number
of authors applied similar methods to construct SSMs of bony anatomy from CT
scans of multiple individuals [66, 73, 90, 94]. Wu et al. [90] created a statistical model
using surface triangular meshes and a non-rigid point matching algorithm to register different shapes. A volumetric tetrahedral mesh was used to present the subject
anatomical shape in [66, 73, 94]. Yao et al. [94] used tetrahedral meshes to represent
the shape, and used a grayscale deformable registration method in order to register
the datasets. Bone density information is incorporated into the model using polynomials. The main drawback of these methods is that the deformable registration and
the constructed SSM is biased to the shape of the image selected as the template.
To overcome the bias towards the template shape, Bookstein et al. [19] proposed an
iterative curve-based algorithm to register each curve to the average shape. However,
this method is proposed to be used for surfaces and it is not suitable for volumetric
data. Chui et al. [15] presented an iterative process where 3D sample point sets are
deformed to the mean shape, while the mean shape is updated in each iteration. The
process is entirely symmetric with no bias toward any of the original shape sample
point-sets. The main drawback of this method is that each subject’s data must be
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separately segmented to identify the point-sets. As a result, it is very difficult to construct an SSM from a large training dataset using this method. An intensity-based
registration is proposed by Rueckert et al. [70] to register 3D images deformably and
construct an intensity-based SSM. The result of the registration approximates the
deformations between subjects and a template using B-spline polynomials. Chintalapani et al. [14] proposed an iterative bootstrapping method to construct a statistical
mesh model from a large CT dataset. The need to segment each subject separately is
eliminated by adopting an image to image intensity-based registration method. This
method is detailed in Section 3.2.

2.4
2.4.1

Ultrasound-Based Registration
US to CT Registration

US imaging and US-based registration has been proposed in the literature as an
intra-operative imaging technique for computer-assisted orthopedic surgery, which
benefits from the real-time and non-ionizing nature of US. Several methods have
been developed to register intra-operative freehand 2D US to pre-operative images
such as CT. Fusion of intra-operative US with a pre-operative CT image, which
contains the full pelvis anatomical shape, is proposed for iliosacral screw placement
in unstable pelvic ring fractures [84, 85]. In this method, the optimal trajectories
for the drilling are planned on the 3D model and an intra-operative registration of
US to the shape model, which involves manual segmentation of the bone surface in
the US images, is performed. The 3D cloud of points segmented from the US was
registered to the 3D CT scan model using a surface-based registration algorithm. The
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results showed a 62% success rate. A rigid registration method has been proposed
by Peterhans et al. [63] to register pre-operative CT images to the intra-operative
US images. This method estimates the rigid transformation parameters by using an
Unscented Kalman Filter (UKF). The registration was successful in 78% of the tests
with a surface error of less than 2 mm. Barrat et al. [3] have proposed a featurebased registration approach where both US and CT images are first automatically
converted to probability maps that present the bone edge. This approach is then
used to register the point set extracted from the US to the bone surface in CT by
optimizing the calibration parameters resulting from the tracked US acquisition. This
method was tested on 6 femurs and 3 pelvises of human cadavers, with RMS fiducial
error of less than 1 mm. Winter et al. [89] proposed a surface-volume registration of
points extracted from the bone surface in CT to a pre-processed US volume in which
the bone surface is enhanced. Penney et al. [62] proposed to convert both CT and
US volumes into probability images representing the bone-tissue interface.
Recently, US simulation from CT has been presented by Wein et al. [88] as a
technique that allows an automatic registration between US and CT. They presented
a rigid registration of US to CT images of the head and neck through US simulation.
Slices were extracted from the CT volume corresponding to US images based on the
orientation of the US probe. A weighted mutual information (MI) similarity metric
was then calculated between US images and simulated slices generated from the CT
data. In their subsequent work, Wein et al. [86, 87] improved their technique by
simulating the US beam reflection from the CT data and its combination with the
CT volume with mapped intensities to those in the range of US image intensities.
This algorithm was extended by Shams et al. by including beam width effects and
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speckle noise in order to create a more realistic simulation for training physicians
and technicians in the use of US imaging [75]. The iterative US simulation and
registration has also been implemented on graphics processing unit (GPU) to decrease
the algorithm run time [48, 67]. Gill et al. [31] extended the US simulation method
proposed by Wein et al. [86, 87] by simulating the bone shadowing effect to be used
for spinal US to CT registration.

2.5

Statistical Shape Model-based Registration

The use of SSMs has recently generated considerable interest in orthopedic surgery, to
replace pre-operative imaging and for automated image segmentation. Here I review
literature pertaining to registration of bone SSMs to other image modalities.

2.5.1

Multimodal Registration of Bone Statistical Shape
Models

Typically, in an image-guided orthopedic surgery, planning is performed on 3D preoperative images such as CT. However, the cost and significant dose of radiation
received during the CT scan have motivated researchers to replace pre-operative CT
with a 3D SSM. A number of groups have explored methods to reconstruct the 3D
patient-specific model from a statistical point distribution model (PDM) and a limited
number of calibrated X-ray images [6, 7, 24, 50, 92]. Fleute et al. [24] proposed to
use a few X-ray images generated from a C-Arm and to reconstruct the 3D shape
of the patient bones or organs intra-operatively, by deforming a 3D PDM to the
contours segmented on the X-ray views. Two dimensional-to-3D registration of the
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intra-operative X-ray to the SSM has been proposed for an accurate patient-specific
3D model reconstruction [71, 91]. Yao and Taylor [91] have demonstrated a 2D-to3D non-rigid registration between a SSM of the hip and a set of X-ray images. They
have instantiated a deformable hemi-pelvis model with anatomical structures that are
visible in a CT image. The SSM was constructed in the form of tetrahedral meshes,
which incorporates both shape and density properties of the anatomical structure.
An affine transformation and global deformation of the model were computed by
optimizing an energy function. A multiple-layer flexible mesh template matching was
applied to find the vertex correspondence, in order to compute the local deformation
of the shape model [94]. In a similar work, a non-rigid registration method has been
presented to reconstruct the anatomical structure in a CT image by deforming a
pelvis model [93]. A statistical volumetric model was constructed from a training
CT dataset with density function incorporated with Bernstein polynomial density
functions. Fleute et al. [25] have suggested a method to reconstruct a 3D anatomical
surface model of the spine intra-operatively. The method is based on the integration of
a deformable model with image data of different dimensionality such as 3D scattered
point data, 2D US data or X-ray images in order to provide the surgeon with a 3D
model of the anatomy. Zheng et al. [98, 99] used the registration of a point distribution
model to a sparse data extracted from the intra-operative calibrated X-ray to achieve
an automatic reconstruction of a patient-specific surface model of a proximal femur.
Subsequently, they introduced a statistical deformable 2D-to-3D registration method
to register an SSM of the pelvis constructed of several pelvic CT scans and a single
intra-operative X-ray image [97].
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Statistical Shape Model to US Registration

Despite the promising results of fusion of pre-operative CT with intra-operative US,
it is still desirable to eliminate the need for CT imaging, and hence eliminate patient
exposure to ionizing radiation. Elimination of pre-operative imaging can also reduce
the number of visits of the patients with impaired mobility, to the clinic before the
surgery. A solution is to replace CT with a statistical shape model, and a number
of studies have focused on developing radiation-free navigation systems by combining
SSMs with intra-operative US images. The first US-based SSM instantiation and
registration for bony structures was presented by Chan et al. [10, 12]. They provided
an accurate image-guided THR navigation system by replacing the pre-operative CT
scan with a point distribution model using Iterative Closest Point (ICP) registration.
The root mean square (RMS) point-to-surface distance was minimized to find the best
fit of the bone surface model to the points extracted from the bone surface in the US.
This work was validated by a cadaver study of two pelvises and three femurs [11].
Lavalle et al. [51] reconstructed a 3D surface model from a 3D deformable bone model,
using surface points which were obtained from intra-operative US. The registration
of 2D US to an SSM of the femur has been presented by Talib et al [80, 81]. The
distance error of the shape model and the bone surface in the US is formulated as a
linear equation system, which is minimized during the registration. This technique
requires the segmentation of the bone surface in the US prior to the registration.
In a technique proposed by Foroughi et al. [26], the pelvic bone surface is first segmented automatically from the US data using a dynamic programming approach.
The segmentation is then followed by the registration of the segmented points to
a SSM [27]. Barratt et al. [2] have presented a registration method to instantiate
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a SSM of the femur and pelvis using 3D US imaging. The statistical bone surface
model was constructed by performing PCA on the B-spline control points resulting
from the non-rigid registration of a number of segmented CTs. The surface model
was registered to a cloud of surface points segmented from the bone surface in the
US. The primary drawback of these techniques is the need for the segmentation of
the bone surface from US data that is generally a very challenging task. This is due
to the existence of speckle and blurriness of the bone surface in US images.

Chapter 3
Statistical Shape Model
3.1

Overview

Statistical shape models (SSMs) are largely used in the field of image analysis, for segmentation of an antomical structure [16, 20, 58] or in surgical planning and computerintegrated surgeries [37]. Shape models can provide a 3D visualization of the anatomy,
which can be used as a substitution for pre-operative imaging. An SSM is a representation of anatomical variability in a population. It consists of a mean shape and
variation modes. The mean shape is the average of various anatomical shapes present
in the training dataset. The variation modes contain the shape deformation information of the training population used for generating the SSM. In this chapter, the SSM
developed by Chintalapani et al. [14] is introduced. Also, the volumization method
that I have developed, as a necessary step of the registration, is detailed. The SSM
is built from a large pelvic CT dataset using 3D intensity-based registration of a
segmented template to the dataset. The SSM generation method is described in this
section.
21

CHAPTER 3. STATISTICAL SHAPE MODEL

3.2

22

Statistical Shape Model Generation

The SSM we have used in this thesis was constructed by Chintalapani et al. [14] at
the Johns Hopkins University, MD, USA. An SSM of the human pelvis bone has been
created, and it has been shown that the SSM is able to accurately reconstruct shape
deformations that were not included in the training dataset. In this section, we detail
the SSM generation method that was presented by Chintalapani et al. [14].
The anatomical shape of the SSM is represented using a tetrahedral mesh, constructed from the bone surface in the CT image by the method presented by Yao et
al. [94]. Bone contours were extracted slice by slice from the CT images by using active contour models [45] with a tetrahedral mesh being fitted to the extracted contour.
A dataset was made from CT images of male patients with healthy pelvises. One CT
image was arbitrarily selected as a reference in the SSM generation process. This
arbitrary reference CT is called the template and the rest of CT images are known
as the training dataset. In the SSM generation process, the tetrahedral meshes of
the training dataset CT images were registered deformably to the mesh chosen arbitrarily as the template by a 3D grayscale non-rigid registration technique [94]. The
deformable registration technique proceeds in three stages: an affine transformation
(rotation, translation and scale) followed by estimation of the global and local deformations. The optimization method is based on minimizing an energy function defined
between the template and the CT image [76]. To remove any bias that may exist
towards the bone structure selected as the template, Chintalapani et al. [14] proposed
a bootstrapping framework.
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Bootstrapping Framework for Statistical Shape Model
Generation

The SSM was constructed in a bootstrapping loop. The purpose of this iterative
process is to remove the bias towards the template subject. In the first step, an
initial SSM was constructed from a pelvic CT dataset comprised of male patients.
The generation workflow of the initial SSM is shown in Figure 3.1. To start the SSM
generation, a CT image was selected as the template Cmaster . The bone in the template was manually segmented and a tetrahedral mesh Mmaster was assigned to it.
The template CT is the only image that needed to be segmented prior to the SSM
generation. All other CTs from the training population Ci , i = 1, ..., n. were registered to the template mesh by a 3D grayscale deformable registration method. This
deformable registration would eliminate the need to segment the training dataset images separately. The result of the registration was a deformation field on each member
of the population. For each CT, a mesh Mi was constructed by interpolation of the
deformation field on the Mmaster vertices. The CT meshes were rigidly registered to
the template mesh and the initial SSM was generated by performing principal component analysis (PCA) on the registered mesh instances. The initial SSM consisted
of a mean shape M 0 , the mean of registered meshes, and shape variation modes Di
for i = 1, ..., n. The generation of the mean shape and variation modes using PCA is
described in Appendix A.
The initial SSM and the CT datasets were then fed into a bootstrapping loop
shown in Figure 3.2 which updates the SSM and removes the bias towards the template CT. The CTs were deformably registered to the mean shape of the SSM by the
method described above. The deformed mesh instances of CT datasets were updated
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Figure 3.1: Initial statistical shape model generation workflow. The template CT is
segmented and the training dataset is registered to it with 3D deformable
registration.
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Figure 3.2: Statistical shape model generation with iterative bootstrapping loop. The
iterative bootstrapping loop creates a stable statistical shape model from
a large CT dataset and eliminates any bias towards the CT data selected
as the template in generation of the initial SSM.

during the registration process. The SSM atlasj , consisting of a mean shape M j and
shape variation modes Dj , was also updated by performing PCA on current mesh
instances. The loop was iterated until the difference between updated SSM and the
previous SSM meshes, ∆ = atlasj − atlasj−1 was less than a threshold value. The
difference between the SSM meshes were calculated by the mean distance error of
corresponding vertices on the 2 meshes.
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Statistical Shape Model Instantiation

The SSM is generated by performing PCA on the deformation field resulting from the
deformable registration of training CT images to the template. The PCA produces
the mean shape and variation modes that are the eigenvectors of the deformation
field along with their corresponding eigenvalues. The larger eigenvalues correspond to
the more dominant variation modes. The eigenvalues corresponding to the variation
modes of the SSM are plotted in Figure 3.3. It can be seen that 15 most dominant
modes contain 76% of the total variations in the SSM. Chintalapani et al. [14] have
shown that this variation is sufficient for retrieving anatomical shapes that have not
been used in the shape model construction. Therefore, we have also used the 15
dominant SSM variation modes in all our analysis.

Figure 3.3: The eigenvalues of the SSM. The eigenvalues drop to a very low value
after the 20th variation mode.

For a given shape in the population an instance of the SSM can be created to
reproduce the given shape using the mean shape and variation modes by the SSM
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instantiation equation:

S=M+

N
X

ωi Di

(3.1)

i=1

where S is an instance of the SSM, M is the mean shape, Di is the ith variation mode,
and N is the number of variation modes to be used, and ωi is a weighting parameter
for SSM instantiation. Principal variation modes of the SSM can be constructed by
setting the weighting parameters to multiples of the corresponding eigenvalue for each
variation mode.
The SSM was created from 110 CTs of male patients, each of size 512 × 512 × 256
with voxel size of 0.9375 cm3 . The tetrahedral mesh used in the SSM generation had
26875 vertices, 105767 tetrahedra and 25026 outer surface triangles. Since there were
110 subjects used in generating the SSM there are 110 variation modes available. The
SSM has been tested thoroughly. An SSM was created from 90 CTs and was tested
on the remaining 20 CTs in the dataset [14]. For each of the 20 CTs left out, the
volume was first aligned with the mean shape and the shape of the CT was estimated
by the SSM using the instantiation Equation (3.1) and only the dominant variation
modes. The estimated SSM instance and the CT were compared by two methods: i)
by a vertex to vertex correspondence distance error from vertices on the SSM instance
to vertices of a tetrahedral mesh on the CT; ii) with a mesh to surface distance error
by calculating the distance of each vertex on the SSM instance mesh to the closest
point on the surface of the CT. It has been shown that the SSM could reconstruct
any healthy anatomical shape with an average error of 1.5 mm using the 15 most
dominant variation modes [14]. It has also been shown that the sufficient number of
CTs to create the SSM is 40 to 50.
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Statistical Shape Model Volumization

As explained previously, a deformable registration was performed on the CT tetrahedral meshes and a deformation field was generated. The mean shape and variation
modes were generated by performing PCA on the deformation field. Since the mean
shape is the mean of registered meshes, it is also represented by a tetrahedral mesh.
Each variation mode has a vector for each vertex of the mean shape. As a result, any
SSM instance generated by Equation (3.1) is in the format of a point cloud consisting
of vertices of a mesh that represent the anatomical shape. Each vertex is defined by
its 3 positions in space along x, y and z directions. The mesh has 26875 vertices and
as a result, each SSM instance including the mean shape can be represented by a
26875 × 3 instance matrix. We would like to create a volume for each instance of the
SSM, in order to be used in our multi-slice to volume registraion method presented
in Section 4.2. The interpolation of a volume from the SSM instance point cloud is
called volumization. This is the reverse process of creating the volumetric tetrahedral
mesh from the segmented bone.
To interpolate the volume from the SSM instance point cloud, we needed the voxel
spacing (resolution) of the final volume which was calculated from the CT dataset used
in SSM generation. The tetrahedra of the mesh were stored in a matrix of 105767 × 4
called the mesh matrix. Each row of the matrix contains the index of four vertices
of the SSM instance volumetric mesh that are connected by a tetrahedron. The
minimum and maximum vertex of the SSM instance was identified and the volume
physical size was calculated by multiplying the resolution by the difference of the
maximum and minimum vertices of the SSM instance. For each tetrahedron in the
mesh matrix a subvolume was defined. The size of the subvolume was calculated in
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the same fashion as the entire volume size. The coordinates of the four vertices in
each tetrahedron were then converted from Cartesian to Barycentric coordinates1 ,
and their corresponding intensity was set to 1024 which is the average bone intensity
in the CT. The intensity of voxels in the volume that were not on the tetrahedra were
set to zero. The result of this process is a CT-like binary volume from the given SSM
instance. The point cloud of the SSM mean shape vertices and the CT-like volume
made of it is shown in Figure 3.4.

(a)

(b)

Figure 3.4: Statistical shape model volumization. (a) The statistical shape model
mean shape point cloud; (b) The mean shape interpolated volume from
the point cloud.

The SSM mean shape and the first three principal modes rendered volumes are
shown in Figure 3.5. As can be seen in the figure, the first principal mode changes
the shape in the superior-inferior direction. The second variation mode changes the
1

Barycentric coordinates are coordinates defined by the vertices of a simplex (a triangle, tetrahedron, etc)and are a form of homogeneous coordinates.
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distance between the right and left iliac crests of the pelvis model. Finally, the third
principal mode makes the model wider or narrower from left to right in the pubic
bone and ischium.

3.5

Summary

A statistical shape model of the human pelvis was constructed from a large male CT
population. The 3D grayscale registration method eliminated the need to segment the
bone in the CT images and made adding a large number of CT images to the training
dataset of the SSM possible. The only CT that needed to be segmented was the
template. The segmentation could be any manual or semi-automatic segmentation
method. The bootstrapping loop eliminated the bias towards the CT image selected
as the template and made the SSM more robust. I volumized the generated shape
model that was developed by Chintalapani et al. [14], to be used in the multi-slice to
volume registration of the SSM to the intra-operative freehand 2D US images. The
registration method is detailed in Chapter 4. The constructed SSM can replace the
ionizing pre-operative X-ray or CT imaging by providing the full anatomical structure
of the patient fused with sparse intra-operative US data. The result for the proposed
statistical shape model-based registration is presented in Chapter 5.
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(a) Mean shape

(b) Mean−3σ1

(c) Mean+3σ1

(d) Mean−3σ2

(e) Mean+3σ2

(f) Mean−3σ3

(g) Mean+3σ3

Figure 3.5: Statistical shape model mean shape and first three principal modes volumes.

Chapter 4
Statistical Shape Model to
Ultrasound Registration
Methodology
4.1

Overview

A critical step in THR is localizing the patient’s PaCS. The movement of the artificial
hip joint is determined with respect to this coordinate system. PaCS is conventionally
determined by invasive intra-operative bone palpations or pre-operative imaging such
as X-ray fluoroscopy or CT scan. The purpose of generating an anatomical SSM of
the pelvis is to replace the pre-operative ionizing imaging and the invasive bone palpations. Registration of the SSM to the intra-operative images can provide knowledge
of the patient specific anatomy which can be used to localize the coordinate system
of the patient’s pelvis. In this section, a multi-slice to volume registration method
of the SSM to the intra-operative US is presented and the pelvic coordinate system
32
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determination is detailed. I introduce a fully automated intensity-based method for
SSM to US registration that is based on the US simulation technique presented by
Gill et al. [31]. In each iteration of the registration process, US images were simulated
from the instance of the SSM and were compared to the actual US data by a correlation ratio-based similarity metric, Linear Correlation of Linear Combination (LC 2 ).
During the registration, the SSM weighting parameters and the rigid position of the
SSM instance were optimized simultaneously. I used Covariant Matrix Adaption Evolution Strategy (CMA-ES) [35, 36] as the optimization method, which was shown
to be a robust optimizer for a similar registration process by Gill et al. [31]. The
15 most dominant SSM variation modes were used in the registration, the number
of modes which Chintalapani el at. [14] have shown to be enough for the SSM to
accurately reconstruct a given pelvis shape. As a result, 15 SSM weighting parameters and six rigid parameters were optimized simultaneously. The registration of the
SSM to US reconstructs the full anatomical structure of the patient’s pelvis from the
intra-operative sparse US data. The anatomical landmarks used in calculation of the
anatomical coordinate system of the pelvis are localized on the registered statistical
shape model instance and PaCS is determined.

4.2

Multi-Slice to Volume Registration

I propose a multi-slice to volume registration method to register the statistical shape
model to the intra-operative freehand 2D US images. The registration workflow is
shown in Figure 4.1. A sparse set of 2D US images were acquired from the pelvis with
a freehand sweep on the skin. Figure 4.2 shows the accessible regions of the pelvis
where I chose to acquire US images in this thesis. The anatomical landmarks that are
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Figure 4.1: The workflow of the multi-slice to volume registration of the statistical
shape model to intra-operative US. The US images are optical tracked
freehand 2D images.

needed to be localized for determination of the pelvic coordinate system are located in
these accessible regions. The US probe was tracked with an optical tracker. Instead of
reconstructing US volume from the 2D US images of the pelvis, I stack the US images
and their tracking transformations. I initialized the SSM and US to initial overlapping
positions using a rigid registration as detailed in Section 4.2.1. The US tracking
transformations were used to extract 2D slices from the volumized SSM instance.
The translation parameters in the US image transformation identify the position of
the slice to be extracted from the SSM volume and the rotation parameters indicate
the orientation of the 2D slices. US image was simulated from each of the statistical
shape model slices, which allows us to have an intra-modality registration between
the simulated US and actual US images. During the registration, 15 SSM weighting
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Figure 4.2: The ultrasound acquisition regions (ROI), on the right and left iliac crest
and the pubis, are marked red on the pelvis.

parameters, ωi , deformed the shape of the SSM instance, and six rigid parameters
(three rotations θx , θy and θz and three translations tx , ty and tz ) in the form of a 3D
Euler transformation determined the rotation and translation of the SSM instances
with respect to the US coordination. These parameters were optimized simultaneously
until a SSM shape in correct alignment with the US slices was acquired. In each
iteration of the optimizer, the SSM weighting parameters, ωi , were updated and a new
instance of the SSM was generated using Equation (3.1). Instead of transforming the
updated SSM instance first and extracting slices from it, the tracking transformations
were combined by the inveresed rigid transformation of the registration. Slices were
then extracted using the updated transformations. US image was then simulated from
each of the extracted slices and the simulated US was compared to the corresponding
US image. The correlation ratio of corresponding SSM instance and US images with
the same tracking transformations was used as a similarity criterion in the registration
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process. The similarity metric led the optimization of the SSM variation mode weights
and the SSM rigid position parameters, so that the optimized registration parameters
generated an instance of the SSM that best matched the US images and the patient
specific anatomy.

4.2.1

Registration Initialization

The registration technique described above is successful only if the SSM mean shape
and the US slices are in an overlapping initial position. Therefore, it is important
to initialize the registration rigid parameters as accurately as possible. During THR,
the initialization can be done by skin markers. The skin markers can be placed on
the skin on top of the right and left anterior-superior and posterior-superior iliac
spines according to palpation as well as pubic symphysis. The markers could be
optically or magnetically tracked. The coordinates of these markers in the US space
can provide an initial transformation from the SSM mean shape coordinate system to
the US space. The iliac spines and pubic symphysis are manually marked on the mean
shape. Since the mean shape is constant for all registrations, this landmark selection
needs to be performed only once. Using Horn’s method [39, 40], the transformation
between the mean shape and US images can be estimated.
In our experiments, because of a lack of skin markers during US acquisition, I
used a rigid registration between the mean shape of the SSM and the freehand US
images, in order to initialize the registration. First, a volume from the mean shape
was interpolated and it was moved manually close to the US coordinates. A CT
volume was acquired for validation purposes, and was registered to the US. It was
also used to move the mean shape volume close to the US. The manual alignment

CHAPTER 4. SSM TO ULTRASOUND REGISTRATION

37

was done by aligning the “center”1 of the mean shape with the “center” of the CT
volume, as well as aligning the connecting line of right and left iliac crest points in the
two volumes. Then a rigid registration was performed between the mean shape and
the US slices. The rigid registration workflow is shown in Figure 4.3. The registration
technique is similar to the multi-slice to volume registration of the SSM to US that
was presented above. However, in the rigid registration there were only six rigid
parameters to be optimized. In each iteration of the optimizer, three rotation θx , θy
and θz and three translation tx , ty and tz parameters were updated and combined
with US tracking transformations before slice extraction. The final rigid parameters
were used to initialize the SSM to US registration.

4.2.2

Ultrasound Simulation

During the registration, each instance of the SSM was interpolated into a CT-like
volume. The CT-like images extracted from the SSM instance volumes need to be
modified so that a rational comparison between a SSM slice and US image is possible.
Wein et al. [86, 87] have proposed an automatic CT to US rigid registration based
on a US simulation technique on soft tissue in the CT images. This method was
extended by Gill et al. [30, 31] for US simulation of CT images of the bone. Their
technique consists of simulation of US beam reflections from the CT, mapping CT
to US intensities, and weighted combination of the reflected and mapped intensity
values.
As explained in Section 3.4, I interpolated a CT-like binary volume from each
SSM instance. Since the volume lacks CT intensity information, I simplified the
1

I defined the “center” as the center point of the pelvis volume with equal distance from the
maximum and minimum coordinates of the pelvis volume along each axis.
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Figure 4.3: The workflow of the rigid registration of mean shape to intra-operative
US. The resulted rigid transform is used to initialize the multi-slice to
volume registration of statistical shape model to intra-operative US.

US simulation technique of Gill et al. [30, 31] and consequently, reduced the runtime.
First, three regions were located in each binary slice: pixels above the bone associated
to the soft tissue, the bone edge, and the shadow region associated with the bone
itself. These three regions are also identifiable in the US images. The full reflection
of the US beam at the bone-soft tissue interface produces a shadow region in the
US image beneath the bone surface. Although the intensity of the shadow region
may vary between different US images, the pixels in a single US image have almost
uniform intensity. In order to simulate a US from the slices of the volumized SSM
instance, the value of all the pixels in the shadow region of each extracted slice were
set to the average intensity value of overlapping US pixels in the corresponding US
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image. The bone surface in the US image has the highest intensity value as a result
of the full reflection of the US beam at the bone-soft tissue interface. Accordingly,
the maximum intensity in the US image was set as the value of all the pixels at
the bone surface in the SSM slice. Since the intensity of soft tissue pixels in the
US are highly variable, I divided the soft tissue region of the SSM slice into vertical
stripes as subregions. The intensity of all the pixels in each subregion were set to the
average intensity of corresponding pixels in the US. The optimal number of subregions
was selected by trial and error. Figure 4.4 shows a US image, the corresponding
slice extracted from the mean shape and the US simulation with five subregions
in the soft tissue region. As I increase the number of subregions, the accuracy of
US simulation and registration increases as well. However, this introduces more
complexity and increases the runtime. Our experiments showed that increasing the
number of subregions beyond five would not affect the registration results. It is
important to note that the actual US images were only used to determine the intensity
of pixels in the simulated US data and the shape of the simulated US images is only
determined by the bone shape and position in the SSM slices. It can be seen from
Figure 4.4, that the shape of the simulated US follows the shape of the mean shape
slice. However, the intensities of the simulated US pixels were calculated by averaging
the intensity of pixels in each region of the US image. US simulation is updated in
each iteration of registration, increasing the similarity between SSM and US data.
This improves the accuracy of simulated US images.
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Figure 4.4: The simulated US slices of mean shape of the SSM; left: US slice of one
dataset; middle: corresponding extracted slice of SSM mean shape; and
right: simulated US from mean shape slice with five subregions in the soft
tissue region.

4.2.3

Similarity Metric and Optimizer

I used the Linear Correlation of Linear Combination (LC 2 ) similarity metric proposed
by Wein et al. [86, 87] to compare the actual US and simulated US images:

2

LC = 1 −

P

(U S(x, y) − SimU S(x, y))2
N × V ar(U S)

(4.1)

where x and y are the pixel index and U S(x, y) and SimU S(x, y) are the actual
and simulated US image pixel intensities, respectively. N is the number of overlapping
pixels in US and simulated US images and V ar(U S) is the variance of US image
intensities.
Gill et al. [31] tested three optimization strategies, simplex, gradient descent and
CMA-ES. They showed that Covariant Matrix Adaption - Evolution Strategy (CMAES) [35, 36] is the slowest but the most robust optimization strategy among the three
tested optimizers, for US simulation-based registration. As a result, I used CMA-ES
as the optimization strategy.
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Validation Using CT Data

In order to validate the registration technique, a CT was acquired from the test
datasets. Since CT contains actual anatomical information of the dataset, it can provide a ground truth for evaluating the success of the proposed registration method
in reconstructing patient specific anatomy from the SSM. The acquired CT was registered to the US using point-to-point registration methods [1, 28]. The bone in the
CT was segmented and the SSM was then registered to the CT using a volume to
volume registration technique. The result provided a ground truth for evaluation of
the multi-slice to volume SSM to US registration. In addition, the ground truth for
the pelvic coordinate system can be defined using the registered SSM to CT. The
PaCS estimated from the registered SSM to US data was evaluated by comparison
to the PaCS ground truth. The validation framework is shown in Figure 4.5.

Registered
to US

Estimated
coordinate system

SSM

Validation
Registered
to CT

Ground truth
coordinate system

Figure 4.5: Statistical shape model to US registration validation framework using the
registered CT volume.
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Statistical Shape Model to CT Registration

The workflow of the SSM to CT volume to volume registration is shown in Figure 4.6.
To initialize the registration, the “center” of the mean shape was matched with the
“center” of the CT volume, which reduced the alignment problem to three rotation
parameters. The initial rotational alignment was done manually, by aligning the
connecting line of the right and left iliac crest in the two volumes. The SSM was
deformed in every iteration and volumized similar to Section 4.2. Since the SSM instance interpolated volumes were binary, the CT volume was segmented and assigned
an intensity of 1024 to the bone as the average bone intensity in CT images and an intensity of 0 everywhere else. A simple similarity metric was defined for registering the
two binary volumes as the number of non-overlapping voxels of the bone. The metric
was minimized using the CMA-ES optimizer until the six rigid 3D Euler parameters
(three rotations and three translations) and the SSM parameters were optimized and
the bone shape of the test dataset was reconstructed by the SSM. The result of SSM
to US registration was then compared to the SSM resulting from the registration to
CT, in order to calculate the vertex to vertex error of the SSM-US registration. The
results are presented in Chapter 5.

4.3.2

Error Measurments

In this work, the SSM to CT registration errors and the SSM to US registration
errors are evaluated by “mean surface error”. The mean surface error is calculated by
extracting a set of surface points from each volume. The distance of the points on the
surface of the SSM to the closest surface points of the CT are calculated using the KD
Tree nearest neighbour search [95] in a multi-dimensional Euclidean space [78]. The
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Figure 4.6: Statistical shape model to CT registration workflow.

mean surface error is defined as the mean and the standard deviation of the surface
point sets distance.
The CT and US from each test subject are registered using fiducial markers that
were attached to the test subjects while imaging. The CT to US registration error
is reported as the fiducial registration error (FRE) [23]. The coordinate of fiducial
markers in the CT are transferred to the US coordinate system using the registration
transformation. The FRE is then calculated as the average distance of the transformed CT fiducial coordinates to the US fiducial coordinates.
The accuracy of the estimated PaCS on the registered SSM to US is evaluated by
comparison to the ground truth PaCS on the registered SSM to CT. Figure 4.7 shows
the calculation of rotation and translation errors of PaCS estimation. The rotation
error is determined by the angle between corresponding axis in the estimated PaCS
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and the ground truth. The transltaion error is determined by the distance between
the origin of the two PaCS along each axis.

Y
Y’

β
Op translation
α

Z

λ

Op’

X
X’

Z’

Figure 4.7: Translation and rotation error calculation for the PaCS estimation on
registered SSM to US. The ground truth PaCS on the registered SSM to
CT is shown in blue. An estimated PaCS is shown in red.

In this work, the SSM to US registration capture range is also tested. The mean
shape of the shape model is first aligned with the US by the combination of the CT
to US registration transformation with the statistical shape model to CT registration
transformation. This alignment is used as the ground truth. A transformation with
uniformly distributed translation and rotation along each axis, is applied to the mean
shape and the misalignment error compared to the ground truth position is calculated
as the target registration error (TRE) [23]. The TRE is defined as the average distance
of each corner of the perturbed volume to its coordinate in the ground truth position.
The initial transformation applied to the mean shape is introduced as the initial TRE
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and the error of the registered shape model to the ground truth position is defined as
the final TRE.

Chapter 5
Experiments and Results
The proposed registration method was validated on two types of data: phantoms made
using patient data and two male cadavers. None of the test subjects were involved
in statistical shape model generation. The phantoms were built using segmented CT
from patient pelvises. The US and CT were acquired from the phantoms and were
registered using CT-compatible fiducials on the phantom’s box. The cadavers were
also scanned by CT and US, and were registered using ICP [28]. All the registrations
were programmed in C++ language using the Insight Segmentation and Registration
Toolkit (ITK) and were performed on an Intel Q6600, with 2 × 2.40 GHz Quad-core
CPU and 3.24 GB of RAM.

5.1

Phantom Study

To evaluate the accuracy of PaCS estimation with the proposed method, we constructed four patient-based phantoms. The phantoms were built by rapid prototyping
from CT data of four male patients. The CT data was collected at Kingston General
46
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Hospital and all the patients provided informed consent to participate in our study.
The anonymized CT volumes were segmented semi-manually in the Mimics software
(Materialise NV, Leuven, Belgium). A mesh was constructed from each segmented
bone and a 3D physical model was printed using rapid prototyping. The models were
made using a Cimetrix 3D shape printer (Cimetrix Solutions, Oshawa, ON, Canada).
The 3D model was placed firmly in a plastic container so that the three regions of
interest, shown in Figure 4.2, containing the four anatomical landmarks on the iliac
crests and pubis tubercle were positioned at the top. The model was covered with an
agar-based gel [54]. The gel contained 1.17% agar (A9799, Sigma-Aldrich, St. Louis,
MO, USA), 3.60% gelatin (G9382, Sigma-Aldrich), 1% Germall R Plus (International
Specialty products, Wayne, New Jersey, USA) as a preservative, 3% cellulose (S5504,
Sigma-Aldrich) for speckle and 3.2% glycerol (G6279, Sigma-Aldrich) to adjust the
speed of sound to approximately 1540 m/s, the speed of sound in soft-tissue. Note
that the recipe percentages are by mass. The gel shows the same characteristics and
speckle pattern as human soft-tissue in US images. For each phantom, 10 CT-visible
fiducial markers (Beekley Corp., Bristol, CT, USA) were placed on two facing sides of
the container. It should be noted that one phantom was made of a male human dry
bone (Sawbones, Vashon, Washington, USA). This phantom had a smoother surface
compared to the 3D model that was made by rapid prototyping since the 3D model
surface smoothness was dependent on the voxel size of the CT used in its construction.

5.1.1

Data Acquisition

For each phantom, three US sweeps were acquired. One on the pubic bone and one
on each of the iliac crests. We used an L14-5/38 linear-array transducer and a Sonix
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RP US machine (Ultrasonix Medical Corp., Richmond, BC, Canada). The US frames
were collected at a depth of 4 cm with probe frequency of 10 MHz. The probe was
tracked using a dynamic reference body (DRB) (Traxtal Technologies Inc., Toronto,
Canada) attached firmly to it and an Optotrack Certus System (Northern Digital
Inc., Waterloo, ON, Canada). The US probe was calibrated to the tracking system
using an N-wire phantom in a water bath [13]. The position of fiducial markers on
the phantom container in the physical space of the tracker system were collected by
a tracked stylus. The US probe with the mounted DRB and the stylus are shown in
Figure 5.1.

Figure 5.1: The US probe with the mounted DRB and the tracked stylus.

The phantoms were CT scanned at high resolution (0.69 mm×0.69 mm×0.62 mm)
using a GE Light-Speed series scanner (GE Healthcare, Waukesha, USA). The fiducials were segmented manually in the CT and were registered to the fiducials in the
US coordinate system using Horn’s point-based registration method [1].
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Phantom Results

The CT was registered to the US using the external fiducial markers and FRE was
calculated as explained in Section 4.3.2. The FRE was 2.5 mm for phantom 1, 3.4 mm
for phantom 2, 1.4 mm for phantom 3 and 1.6 mm for phantom 4. The two sources
of error are the segmentation error of the fiducial points in the CT, and the error in
collecting fiducial coordinates in the US space manually using the stylus pointer.
The CT was then transformed to the US coordinate system prior to SSM to CT
registration.

5.2.1

Statistical Shape Model to CT Registration Results

The mean shape of the SSM was manually aligned to the CT as explained in Section 4.3.1. A rigid registration was performed between the SSM and the CT for
initialization. The SSM was then registered to the CT of each phantom with the
proposed registration method in Section 4.3.1. The SSM and CT volumes overlaid
prior to and after registration are shown in Figure 5.2. Registration accuracy was
evaluated by calculating the mean surface error, as explained in Section 4.3.2 and is
shown in Table 5.1.
The main source of mean surface error is the points on the sacrum. It can be seen
in the sagittal view of Figure 5.2b that the sacrum in the SSM and the phantoms
are segmented differently and as a result, the distance error is higher in that region.
However, as it can be seen from the images, the regions of interest in the anterior
plane of the pelvis are registered well. Since the CTs of our test data sets were
not included in the SSM generation, this registration shows that the SSM is able to
reconstruct the shape of the bone in the phantoms successfully. The registered SSM
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(a)

(b)

Figure 5.2: SSM to CT registration result for phantom 1 in sagittal (left), axial (middle) and coronal (right) views. Top: The aligned SSM mean shape (red)
overlaid with the CT (grey), before registration. The SSM mean shape’s
initial position was corrected by rigid registration to the CT; Bottom:
The registered SSM (red) overlaid with the CT (grey), after registration.
(a) Results for phantom 1; (b) Results for phantom 2.
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Table 5.1: Mean surface error of the statistical shape model to CT registration of the
phantoms.

Dataset
Phantom 1
Phantom 2
Phantom 3
Phantom 4

mean ± std (mm)
2.43 ± 2.03
2.19 ± 2.08
3.44 ± 3.02
2.67 ± 2.55

max distance error (mm)
12.98
14.00
15.12
13.07

to CT was used as a ground truth to evaluate the SSM to US registration method
that we have proposed.

5.2.2

Statistical Shape Model to US Registration Results

The multi-slice to volume registration of SSM to US was proposed in Section 4.2. We
tested this registration method on the phantoms, in order to evaluate the accuracy
of PaCS estimation from the registered SSM in the absence of pre-operative imaging.
As indicated in Section 4.2.1, the initialization in the operation room can be done
by skin markers on the patient. In our experiments, the initialization of the mean
shape to the US was performed by aligning the mean shape of the SSM to the CT.
The CT was registered to the US using the fiducial markers. This was then followed
by a rigid registration of the mean shape to the US, as detailed in Section 4.2.1.
After the mean shape was moved close to the US, the SSM parameters and the rigid
parameters were optimized simultaneously until an SSM instance was generated that
best matched the US data. Figure 5.3 shows the slice overlay of the mean shape and
US from three regions of interest including the four anatomical landmarks prior to
and after registration.
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Figure 5.3: The US slice, extracted SSM slice and their overlay before and after the
SSM to US registration for phantom 2. First row shows the US slices
acquired from the ROI shown in Figure 4.2. The two middle rows show
the extracted slice from the mean shape before registration and its overlay
with the US slice. The two bottom rows show the extracted statistical
shape model slice after registration and its overlay with the US slice. (a)
The US acquired from the right iliac crest; (b) The US acquired from the
pubic symphysis; (c) The US acquired from the left iliac crest.

(a)
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Table 5.2: Mean surface error of the SSM to US registration compared to the CT of
the phantoms.

Dataset
Phantom 1
Phantom 2
Phantom 3
Phantom 4

Mean surface error (Total volume)
mean±std (mm)
5.66 ± 4.57
4.80 ± 3.23
5.58 ± 4.16
5.37 ± 3.80

Mean surface error (ROI)
mean±std (mm)
2.85 ± 1.54
2.34 ± 1.47
3.47 ± 0.97
2.63 ± 0.76

The registered SSM instance was then compared to the registered CT to evaluate
the accuracy of the registration. The surface distance error of the registered SSM
instance and the CT was calculated by the KD Tree nearest neighbour search algorithm. The surface distance error of the phantoms are shown in Table 5.2. Since the
US slices were only collected from three regions of the pelvis including right and left
anterior iliac spines and the pubic symphysis, the mean surface error was calculated
in these regions separately as well. They are shown in the table as the regions of
interest (ROI). As expected, the registration error is lower in these regions, as the US
slices provided anatomical shape information which guided the registration process.
Next, the PaCS was estimated on the registered SSM to the US in the absence of
any pre-operative imaging, using the method described in Section 2.2. As indicated
in the validation workflow in Figure 4.5, the PaCS in the registered SSM to CT can be
used as the ground truth estimation of the patient’s PaCS. The PaCS estimated in the
registered SSM to US was compared to this ground truth. The results for the phantom
experiments are shown in Table 5.3. The translational error was calculated by the
distance of the origin of two PaCS systems and the rotational error was calculated
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Table 5.3: The error of estimated PaCS of the registered SSM to US compared to the
registered SSM to CT for the phantoms.

Dataset
Phantom 1
Phantom 2
Phantom 3
Phantom 4

translation
error (mm)
x
y
z
0.21 0.69 5.02
0.38 1.29 4.94
0.29 3.80 3.31
0.14 0.62 3.40

rotation
error (degree)
α
β
γ
0.20 2.05 1.99
0.17 1.82 1.81
0.17 1.84 1.83
0.32 0.64 1.67

by the angle between each axis in the two PaCS systems.

5.3

Cadaver Study

We tested the SSM to US registration method on two male cadavers for evaluating the
performance of our proposed method in clinical conditions. The data were collected
at the Johns Hopkins University and were previously used by Foroughi et al. [27, 28].

5.3.1

Data Acquisition

The US images were rendered from the cadavers using a SonoSite portable US system
(SonoSite Inc., Bothell,WA) with a high frequency transducer and a data collection
rate of 10 frames/sec. The data collection from each cadaver took about two minutes
by sliding the transducer rapidly on the skin of the cadaver in the regions of interest
shown in Figure 4.2. The US pixel size was 0.1 mm. The US probe was tracked by
a Polaris optical tracking system (Northern Digital Inc., Waterloo, Canada). The
probe was calibrated by a standard crosswire technique [65].
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To evaluate the accuracy of our registration process co-registered CT images to
the US slices were used as the ground truth. The CT volumes consisted of 260 slices,
each containing 256 × 256 pixels with a slice thickness of 1 mm and pixel spacing of
0.7 mm.

5.4

Cadaver Results

In the first step, the CT was registered to the US using the method presented in [28].
To register the CT volume to the US coordinate system without fiducial markers, the
bone surface was segmented in both US and CT. Sample points were extracted from
the segmented bone surface in both images and the Iterative Closest Point (ICP)
method [8] was performed on the sample points to compute the rigid transformation
parameters. The CT volume was then aligned with the US coordinate system using
this transformation. In this alignment, SSM mean shape was used as an intermediate
step for initializing the CT to US point-based registration [28]. The mean surface
error was 1.1 mm for cadaver 1 and 1.6 mm for cadaver 2 [27].

5.4.1

Statistical Shape Model to CT Registration Results

The SSM was registered to CT in order to evaluate the PaCS estimation ground truth,
as explained in Section 4.3.1. The mean surface error was calculated by extracting
points from the surfaces of the SSM and the CT. The distance of each point to the
nearest point on the other surface was calculated by the KD Tree nearest neighbour
search method. The results are reported in Table 5.4. Figure 5.4 shows the initially
aligned SSM mean shape and the overlaid CT volumes (following the rigid registration
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(a)

(b)

Figure 5.4: SSM to CT registration result for cadaver 1 in axial (left), sagittal (middle) and coronal (right) views. Top: The aligned SSM mean shape (red)
overlaid with the CT (grey), before registration. The SSM mean shape’s
initial position was corrected by rigid registration to the CT; Bottom:
The registered SSM (red) overlaid with the CT (grey), after registration.
a) Results for cadaver 1; (b) Results for cadaver 2.
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as the initializing step), prior to and following registration for the two cadavers.
Table 5.4: Mean surface error of the SSM to CT registration of the cadavers.

Dataset
Cadaver 1
Cadaver 2

5.4.2

mean ± std (mm)
2.09 ± 1.92
1.89 ± 1.82

max distance error (mm)
13.87
10.07

Statistical Shape Model to US Registration Results

I tested the feasibility of our proposed approach on two male human cadaver datasets
to test the accuracy of the SSM to US registration on human tissue. Initialization
was performed as detailed in Section 5.2.2, and rigid parameters were optimized
simultaneously during registration. Figures 5.5 and 5.6 show the slice overlay of
the SSM and the US before and after registration for the two cadavers. The mean
shape and the US slices from three regions of interest including the four anatomical
landmarks before registration are shown in the two middle rows. The two bottom
rows show the overlaid slices of the registered SSM instance and the US after the
registration.
The registered SSM to the US was then compared to the CT. To evaluate the
accuracy of the registration, the mean surface error of the SSM instance to the surface of the CT volume was calculated using the KD Tree nearest neighbour search
algorithm. The surface distance errors of the registered SSM for the cadavers are
shown in Table 5.5. Since the US slices were only collected from three regions of the
pelvis including the right and left anterior iliac spines and the pubic symphysis, the
mean surface error was calculated in those regions separately as well. They are shown
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Figure 5.5: The US slice, extracted SSM slice and their overlay before and after the
SSM to US registration for cadaver 1. The first row shows the US slices
acquired from the iliac crest shown in Figure 4.2. The two middle rows
show the extracted slice from the mean shape before registration and its
overlay with the US slice. The two bottom rows show the extracted SSM
slice after registration and its overlay with the US slice. (a) The US
acquired from the right iliac crest; (b) The US acquired from the pubic
symphysis; (c) The US acquired from the left iliac crest.
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Figure 5.6: The US slice, extracted SSM slice and their overlay before and after the
SSM to US registration for cadaver 2. The first row shows the US slices
acquired from the iliac crest shown in Figure 4.2. The two middle rows
show the extracted slice from the mean shape before registration and its
overlay with the US slice. The two bottom rows show the extracted SSM
slice after registration and its overlay with the US slice. (a) The US
acquired from the right iliac crest; (b) The US acquired from the pubic
symphysis; (c) The US acquired from the left iliac crest.
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Table 5.5: Mean surface error of the statistical shape model to US registration compared to the CT of the cadavers.

Dataset
Cadaver 1
Cadaver 2

Mean surface error (Total volume)
mean±std (mm)
5.69 ± 4.28
4.57 ± 3.67

Mean surface error (ROI)
mean±std (mm)
3.67 ± 1.44
4.19 ± 2.04

in the table as the ROI.
The PaCS system estimated in the registered SSM to US was then compared to
PaCS system estimation in the registered SSM to CT as indicated in the validation
workflow in Figure 4.5. The PaCS system was calculated in each instance using the
method described in Section 2.2. The PaCS in the registered SSM to US was then
compared to the PaCS in the registered SSM to CT. The translational error was
calculated as the distance of the origin of two PaCS systems and the rotational error
was calculated as the angle between each axis in the two PaCS systems. The result
for the cadaver experiments are shown in Table 5.6.
Table 5.6: The error of estimated pelvic coordinate system of the registered SSM to
US compared to the registered SSM to CT for the two cadavers.

translation

rotation

error (mm)

error (degree)

Dataset

x

y

z

α

β

γ

Cadaver 1

0.43

3.03

4.12

0.62

1.23

1.24

Cadaver 2

0.61

5.77

4.85

2.28

1.98

2.28
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Table 5.7: The final TRE for 20 multi-slice to volume registrations of statistical shape
model to US with different initializations.

Dataset
Cadaver 1
Cadaver 2

5.4.3

mean final TRE (mm)
2.85 ± 0.89
2.68 ± 0.68

Registration Capture Range

In my experiments, I used a reliable initialization for registration with the help of CT
volume. However, in realistic situations, where skin markers are used to initialize the
registration, the initial alignment of the mean shape and the US will be less accurate.
In addition, the movement of the skin on the bone can add more error to the initialization. To evaluate the sensitivity of our method to the initialization, we performed
20 SSM to US registration tests on each data set with different initializations. The
SSM mean shape was at the initial position that was calculated by the rigid registration to the US. It was then perturbed by a uniformly distributed transformation of
±5 mm translation and ±5 degrees of rotation along each axis with the initial TRE
of less than 10 mm and it was registered to the US. As explained in Section 4.3.2,
the initial TRE is calculated as the average distance of each corner of the perturbed
volume to its coordinate in the initial position. The results of the registrations were
compared with the registered SSM to US with accurate initialization, to calculate the
final TRE. The results for the 20 test registrations are shown in Table 5.7. The final
versus initial TRE for cadaver 1 is plotted in Figure 5.7.

CHAPTER 5. EXPERIMENTS AND RESULTS

(a)

62

(b)

Figure 5.7: Plot of final TRE vs. initial TRE values for 20 multi-slice to volume
registrations of statistical shape model to US with different initializations.
(a) cadaver 1; (b) cadaver 2.

5.5

Discussion

Figures 5.2 and 5.4 show that the proposed SSM to CT registration method can
reconstruct the deformation in the phantoms of the patients whose CTs were not
included in the statistical shape model generation training dataset. Looking at Tables 5.1 and 5.4, we can see that by using the 15 dominant variation modes of the
SSM, a registration mean surface error of about 2 mm can be achieved. However, the
high standard deviation of the mean surface error indicates that smooth surface of
SSM instances are not able to retrieve very sharp edges in the CT volume, resulting
in higher registration error. In addition the maximum distance error on the surface of
the registered SSM to the CT shows that for few surface points the registration error
is fairly high. These points with high registration error are far from the mean error
±σ and can be considered as outliers. These highly misaligned points are located
on the sacrum. As can be seen in Figure 5.8, the sacrum is segmented in a different
fashion in the SSM and in the CT. So the SSM cannot align well with the CT in that
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Figure 5.8: Different segmentation of sacrum in the shape model and test subject
CTs. left: Phantom 1 CT; right: registered statistical shape model to the
CT.

region resulting in few surface points with high registration errors.
The CT volume was registered to the US using the fiducial markers attached to
the subjects. The FRE of CT to US registration is introduced by the inconsistency
in manual collection of the coordinates in the US space and manual segmentation in
CT space. The fiducial markers are in the shape of a hemi-sphere, and they appear
in more than one slice of CT, which can cause inaccurate fiducial segmentation. Also,
the stylus can be placed on different parts of the surface of the hemi-sphere. This can
introduce error into the CT to US fiducial registration. The error in US calibration
is another source of error. The FRE of the CT to US registration can also influence
the accuracy of the ground truth PaCS on the registered SSM to CT, and as a result,
the error estimation of the SSM to US registration method.
Figures 5.3, 5.5 and 5.6 show the overlay of SSM and US slices prior to and
after registration. It can be seen that the proposed US simulation-based multi-modal
registration can register the SSM slices to the US data effectively. Both the shape of
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the bone in the SSM and its position were corrected during the registration with the
guidance of US data and patient’s anatomy was retrieved. We can see in Tables 5.2
and 5.5 that the overall registration error is quite high but is acceptable in the regions
from which we had US scan. The SSM changes shape in a symmetrical fashion and as
a result, the asymmetry of the patient’s pelvis can cause registration error. The higher
registration error on the whole volume is due to a lack of anatomical information in
the posterior regions of the pelvis. However, the ROI registration error is lower as
expected. The SSM slices show accurate registration to US images that were captured
from ROI on the anterior iliac and pubis bones. The accurate registration of ROI is
important because it is where the anatomical landmarks that form PaCS are located.
The SSM to US registration using about 300 US images of the pelvis took less than 3
hours for all the test subjects including the phantoms and cadavers. As can be seen
from Tables 5.3 and 5.6, the PaCS of a patient can be estimated with an acceptable
accuracy from the registered SSM instance to the US. The low rotation error in all
experiments indicates that the result of registration can be a good replacement for
pre-operative imaging in THR for localizing the PaCS. The PaCS localization error
is partly caused by the US calibration error and the registration error of SSM to US.
Additionally, the PaCS estimated on the registered SSM to US is compared to the
ground truth PaCS, which is localized on the SSM registered to the CT. Therefore,
the error of SSM to CT registration and CT to US registration can influence the
evaluation of the PaCS estimation accuracy. As can be seen in the PaCS estimation
error for phantoms and cadavers, the translation error in the Z direction is fairly
high. The high error in the Z direction means that the iliac crest landmarks are
localized with error in the Z direction. The reason for this error is mainly due to
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registration error of the bone edge in the SSM to the US images. The Z direction
of landmarks is almost parallel to the US beam propagation direction. In the US
images, the total reflection at the bone edge occurs few pixels above the surface of
the bone. However, in the US simulation, I simulate the total reflection exactly at
the bone surface with a thickness of one pixel. This leads to higher error in the Z
direction of PaCS estimation. In cadaver experiments, the translation error in the
Y direction is also relatively high. The high error in the Y direction means that the
anterior pelvic plane (APP) is not localized precisely because of localization error of
the pubis symphysis landmarks. The poor quality of US images acquired from the
pubic tubercles caused a higher error in localizing the pubic symphysis landmarks and
as a result, the APP. The error in APP localization led to higher translation error
along the Y axis as well as rotation error in the estimated PaCS of the registered
SSM to the US.
The two cadavers used in this thesis were tested by the registration method proposed by Foroughi et al. [27]. They have reported PaCS rotation error of about 1
degree in each direction and average translation error of 2 to 3 mm with higher error
in Z direction for both cadavers. Comparing the results of PaCS localization with
the results presented in [27], shows comparable PaCS estimation errors. Our registration method depends on a relatively high intensity contrast of soft tissue and
shadow region. As a result, the poor quality of acquired US images resulted in higher
registration error and thus, higher error in coordinate system estimation compared
to the registration used by Foroughi et al. Their method is based on bone surface
segmentation [26]. The US images of the cadavers are good enough to segment the
bone surface precisely but the shadow region is poorly represented in US images which
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resulted in higher registration error in our method.

Registration Capture Range
Figure 5.7 shows the result of 20 registrations of SSM to US of the cadavers with
different initializations. It can be seen from the figure that the initial TRE of less than
10 mm from the best alignment of SSM mean shape and the US can still converge.
However, the final TRE is higher mostly for the initial TREs greater than 8 mm.
The low average of final TRE in Table 5.7 indicates that the proposed registration
algorithm is robust enough to the initialization and the initial TRE of less than 10
mm can be registered back successfully. It is important to notice that it is easier
for the registration to correct higher initial translation error than the rotation error,
since the higher error in the latter can reduce the initial overlap of mean shape slices
and US images so that no bone would be present in the 37 × 37 mm mean shape
slices. Such poor initialization can result in the optimizer becoming stuck in a local
minimum easily.

Chapter 6
Conclusion
In this work, a point-based SSM was introduced that was constructed by Chintalapani
et al. [14] and a volume interpolation of the point cloud was developed in order to
generate a volume out of each instance of the shape model. A multi-slice to volume
registration between the SSM volume and US data of the pelvis was developed in order
to accurately localize the PaCS. This navigation system eliminates the need of preoperative imaging, by providing a radiation-free, real-time intra-operative tracking of
the patient.
The following summarizes the main contributions of this thesis. It then discusses
the future work to improve the technique and to further validate the approach in a
clinical setting.
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Summary of Contributions

An automatic multi-slice to volume registration of shape model to freehand 2D US
images of the pelvis was developed and implemented. The shape model to US registration is the main stage of a radiation-free US-guided navigation system for THR
arthroplasty. The use of US can provide a real-time, portable and affordable image guidance intra-operatively. The shape model replaces radioactive and expensive
pre-operative imaging such as CT or X-ray fluoroscopy, by providing prior knowledge of the anatomy. The slice extraction strategy in the registration eliminates the
need to reconstruct a volume from 2D US slices. The tracked US slices and their
tracking transformations can be used directly in the registration without the need to
preprocess the data. A US simulation technique was implemented based on the US
simulation of orthopedic CT images presented by Gill et al. [31]. The performance of
US simulation on the shape model slices reduce the registration problem to an intermodality registration, where the similarity of the simulated and actual US images
can be calculated by a correlation-based metric. This technique also eliminates the
need to segment the bone surface in the US images which can be time consuming and
difficult to perform accurately due to the blurred bone surface and noise in the US
images.
A method for PaCS estimation on the reconstructed shape model was developed
using four anatomical landmarks on the iliac crest and pubis symphysis of the pelvis.
This method was implemented on the SSM instances that were registered to the CT
to be used as the ground truth. Also, the PaCS was estimated with this method on
the registered SSM to US.
I constructed patient-based phantoms of the pelvis in a gel mimicking human soft
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tissue and the registration method was tested on the patient-based phantoms. The
accuracies of the registration and PaCS estimation were evaluated by comparison to
the ground truth. The results on the phantoms showed that the anterior pelvic plane
can be estimated with a high accuracy with a rotation error of less than 2 degrees in
any directions. Most of the measurements and planning during the THR are based
on the anterior pelvic plane [4] and the results from the phantom study show high
accuracy in determination of the anterior pelvic plane.
The proposed method was further tested on human cadaver data to examine the
performance on human tissue in a clinically realistic condition. The results showed
higher translation error in the estimation of the pelvic anatomical coordinate system
but the rotation errors were small and the anterior pelvic plane could be estimated
accurately. The study of capture range for the cadavers showed that the registration
can compensate for small translation or rotation errors that may exist in the initial
alignment of the mean shape and the US images.
These results have shown that this radiation-free US-guided navigation system has
the potential to replace the common image-guided systems that are used in THR. This
will reduce the cost of the imaging by replacing it with affordable US. It also reduces
the number of visits the patients with limited mobility need before their surgery and
the radiation to the patient and surgeon can be eliminated altogether. The use of
portable US machines and combination of US images with statistical shape model
allows the surgery to be performed outside of specialized radiology facilities.

6.2

Future Work

The following suggestions for future work are made:
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• In this work, I used a statistical shape model of the pelvis without any intensity
information. However, the SSM can be improved by adding the CT intensities in
the form of Bernstein polynomials. Also, the SSM is created using linear PCA
which is only able to reconstruct linear shape deformation. The SSM shape
deformation range can be improved by using non-linear statistical procedure in
SSM construction.
• In a recent work, Schumann et al. [74] proposed to use local patch-SSMs for
localization of the PaCS from US images. The patch-SSM is created on the
regions of pelvis in which the four anatomical landmarks for PaCS determination
are localized. This approach can increase the accuracy of PaCS determination
as well as reducing the registration run time significantly.
• Despite the fact that the simulation US method presented here shows promising
results, there are several ways to improve this technique. Having intensity
SSM can help with a more accurate US simulation of the bone region. The
simulation of the bone surface can be modified to compensate for the thickness
and blurriness of the bone surface in the US images and as a result, improve the
accuracy of the anterior pelvic plane and pelvic anatomical coordinate system
estimation in the z direction. Also the soft tissue can be divided into smaller
sub-regions and resulting in more accurate simulated US images. This can
improve the accuracy of the registration.
• The US images in our experiment were acquired only from the anterior pelvis
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where the 4 anatomical landmarks are located. This resulted in a higher registration error in the posterior pelvis where no anatomical information is introduced to the registration. Acquiring US images from other accessible regions
of the pelvis based on the patient’s position during the surgery can result in
more accurate shape reconstruction of the pelvis by reducing the SSM to US
registration error.
• Our shape model was constructed using only male CT datasets. There are
unisex pelvis statistical shape models proposed in the literature [97]. Adding
female CT to the training dataset of the shape model and constructing a unisex
shape model makes our proposed method more general such that it could be
used for a wide range of patients. It is also interesting to test the performance
of the shape model constructed from healthy patients’ CT on diseased pelvises.
• To make the registration suitable for real-time performance in a clinical setting,
we propose to implement the registration on GPU hardware. The nature of the
US simulation lends itself well to the parallel processing available on a GPU [49]
and will be a source of significant reduction in computation time.
• Despite the validation presented here, further validation in a clinical setting
must be performed to ensure the method is suitable for clinical applications.
Currently, our group has a clinical trial on ethics board review for a patient
study on candidates for hip arthroplasty to validate our method in a real scenario.

Bibliography
[1] K. S. Arun, T. S. Huang, and S. D. Blostein. Least-squares fitting of two 3-D
point sets. IEEE Transactions on Pattern Analysis and Machine Intelligence,
9(5):698–700, 1987.
[2] D. C. Barratt, C. S.K. Chan, P. J. Edwards, G. P. Penney, M. Slomczykowski,
T. J. Carter, and D. J. Hawkes. Instantiation and registration of statistical
shape models of the femur and pelvis using 3D ultrasound imaging. Medical
Image Analysis, 12(3):358 – 374, 2008.
[3] D.C. Barratt, G.P. Penney, C.S.K. Chan, M. Slomczykowski, T.J. Carter, P.J.
Edwards, and D.J. Hawkes. Self-calibrating 3D-ultrasound-based bone registration for minimally invasive orthopedic surgery. IEEE Transactions on Medical
Imaging, 25(3):312 –323, 2006.
[4] J. Beckmann, C. Lring, M. Tingart, S. Anders, J. Grifka, and F. Kck. Cup
positioning in THA: current status and pitfalls. a systematic evaluation of the
literature. Archives of Orthopaedic and Trauma Surgery, 129(7):863–872, 2009.
[5] J. Beckmann, D. Stengel, M. Tingart, J. Gtz, J. Grifka, and C. Lring. Navigated
cup implantation in hip arthroplasty - A meta-analysis. Acta Orthopaedica,
72

BIBLIOGRAPHY

73

80(5):538–544, 2009.
[6] S. Benameur, M. Mignotte, H. Labelle, and J.A. De Guise. A hierarchical statistical modeling approach for the unsupervised 3-D biplanar reconstruction of
the scoliotic spine. IEEE Transactions on Biomedical Engineering, 52(12):2041
–2057, 2005.
[7] S. Benameur, M. Mignotte, S. Parent, H. Labelle, W. Skalli, and J. de Guise.
3D/2D registration and segmentation of scoliotic vertebrae using statistical
models. Computerized Medical Imaging and Graphics, 27(5):321–337, 2003.
[8] P. J. Besl and Neil D. McKay. A method for registration of 3-D shapes.
IEEE Transactions on Pattern Analysis and Machine Intelligence, 14(2):239–
256, 1992.
[9] R. Biedermann, A. Tonin, M. Krismer, F. Rachbauer, G. Eibl, and B. Stockl.
Reducing the risk of dislocation after total hip arthroplasty: The effect of orientation of the acetabular component. Journal of Bone and Joint Surgery. British
volume, 87-B(6):762–769, 2005.
[10] C. S. K. Chan, P. J. Edwards, and D. J. Hawkes. Integration of ultrasound-based
registration with statistical shape models for computer-assisted orthopaedic
surgery. In proceedings of SPIE Medical Imaging, 5032(1):414–424, 2003.
[11] C.S.K. Chan, D.C. Barratt, P.J. Edwards, G.P. Penney, M. Slomczykowski, T.J.
Carter, and D.J. Hawkes. Cadaver validation of the use of ultrasound for 3D
model instantiation of bony anatomy in image guided orthopaedic surgery. In

BIBLIOGRAPHY

74

proceedings of Medical Image Computing and Computer-Assisted Intervention,
pages 397–404, 2004.
[12] C.S.K. Chan, P.J. Edwards, D.C. Barratt, M. Slomczykowski, and D.J. Hawkes.
Ultrasound-based reconstruction and registration of 3D bone anatomy using
statistical shape models. In proceedings of CAOS, pages 24–25, 2004.
[13] T. K. Chen, A. D. Thurston, M. H. Moghari, R. E. Ellis, and P. Abolmaesumi.
A real-time ultrasound calibration system with automatic accuracy control and
incorporation of ultrasound section thickness. In proceedings of SPIE Medical
Imaging, 6918(1):69182A1–11, 2008.
[14] G. Chintalapani, L. Ellingsen, O. Sadowsky, J. Prince, and R. Taylor. Statistical
atlases of bone anatomy: Construction, iterative improvement and validation.
In proceedings of Medical Image Computing and Computer-Assisted Intervention, pages 499–506, 2007.
[15] H. Chui, A. Rangarajan, J. Zhang, and C. M. Leonard. Unsupervised learning
of an atlas from unlabeled point-sets. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 26(2):160–172, 2004.
[16] I. Cohen, L. Cohen, and N. Ayache. Using deformable surfaces to segment 3D images and infer differential structures. In proceedings of Computer Vision
ECCV’92, pages 648–652, 1992.
[17] T. F. Cootes, C. J. Taylor, D. H. Cooper, and J. Graham. Active shape modelstheir training and application. Computer Vision and Image Understanding,
61(1):38 – 59, 1995.

BIBLIOGRAPHY

75

[18] M. B. Coventry, R. D. Beckenbaugh, D. R. Nolan, and D. M. Ilstrup. 2,012 total
hip arthroplasties: A study of postoperative course and early complications.
Journal of Bone and Joint Surgery, 56(2):273–284, 1974.
[19] C. B. Cutting, F. L. Bookstein, B. Haddad, D. Dean, and D. Kim. Spline-based
approach for averaging three-dimensional curves and surfaces. In proceedings of
SPIE Medical Imaging, 2035(1):29–44, 1993.
[20] H. Delingette. Decimation of isosurfaces with deformable models. Computer
Vision, Virtual Reality and Robotics in Medicine and Medical Robotics and
Computer-Assisted Surgery, 1205:83–92, 1997.
[21] A. M. DiGioia, S. Blendea, and B. Jaramaz. Computer-assisted orthopaedic
surgery: minimally invasive hip and knee reconstruction. Orthopedic Clinics of
North America, 35(2):183 – 189, 2004. Minimally Invasive Joint Reconstruction.
[22] A.M. DiGioia, D. A. Simon, B. Jaramaz, B. D. Colgan, M. Blackwell, R. V.
O’Toole, and E. Kischell. Hipnav: Preoperative planning and intraoperative
navigational guidance for acetabular implant placement in total hip replacement
surgery. Clinical Orthopaedics and Related Research (CORR), 355:8–22, 1998.
[23] J. M. Fitzpatrick and J. B. West. The distribution of target registration error
in rigid-body point-based registration. IEEE Transactions on Medical Imaging,
20(9):917–927, 2001.
[24] M. Fleute and S. Lavalle. Nonrigid 3-D/2-D registration of images using statistical models. In proceedings of Medical Image Computing and Computer-Assisted
Intervention, 1679:138–147, 1999.

BIBLIOGRAPHY

76

[25] M. Fleute, S. Lavalle, and L. Desbat. Integrated approach for matching statistical shape models with intra-operative 2D and 3D data. In proceedings of
Medical Image Computing and Computer-Assisted Intervention, 2489:364–372,
2002.
[26] P. Foroughi, E. Boctor, M.J. Schwartz, R.H. Taylor, and G. Fichtinger. Ultrasound bone segmentation using dynamic programming. In proceedings of IEEE
Ultrasonics Symposium, page 25232526, 2007.
[27] P. Foroughi, D. Song, G. Chintalapani, R. Taylor, and G. Fichtinger. Localization of pelvic anatomical coordinate system using US/atlas registration for total
hip replacement. In proceedings of Medical Image Computing and ComputerAssisted Intervention, 5242:871–879, 2008.
[28] P. Foroughi, R. H. Taylor, and G. Fichtinger. Automatic initialization for 3D
bone registration. In proceedings of SPIE Medical Imaging, 6918(1):69182P1–8,
2008.
[29] S. Gibson, J. Samosky, A. Mor, C. Fyock, E. Grimson, T. Kanade, R. Kikinis,
H. Lauer, N. McKenzie, S. Nakajima, H. Ohkami, R. Osborne, and A. Sawada.
Simulating arthroscopic knee surgery using volumetric object representations,
real-time volume rendering and haptic feedback. Computer Vision, Virtual
Reality and Robotics in Medicine and Medical Robotics and Computer-Assisted
Surgery, pages 367–378, 1997.
[30] S. Gill, P. Mousavi, G. Fichtinger, E. Chen, J. Boisvert, D. Pichora, and P. Abolmaesumi. Biomechanically constrained groupwise US to CT registration of

BIBLIOGRAPHY

77

the lumbar spine. In proceedings of Medical Image Computing and ComputerAssisted Intervention, 5761:803–810, 2009.
[31] S. Gill, P. Mousavi, G. Fichtinger, D. Pichora, and P. Abolmaesumi. Groupwise registration of ultrasound to CT images of human vertebrae. In proceedings
of SPIE Medical Imaging, 7261(1):72611O, 2009.
[32] R. H. Gong, J. Stewart, and P. Abolmaesumi. Reduction of multi-fragment fractures of the distal radius using atlas-based 2D/3D registration. In proceedings
of SPIE Medical Imaging, 7261(1):726137, 2009.
[33] R. G.A. Haaker, K. Tiedjen, A. Ottersbach, F. Rubenthaler, M. Stockheim, and
J. B. Stiehl. Comparison of conventional versus computer-navigated acetabular
component insertion. Journal of Arthroplasty, 22(2):151–159, 2007.
[34] A. Hamadeh, S. Lavalle, and P. Cinquin. Automated 3-Dimensional computed
tomographic and fluoroscopic image registration. Computer Aided Surgery,
3(1):11–19, 1998.
[35] N. Hansen, S. D. Mller, and P. Koumoutsakos. Reducing the time complexity of
the derandomized evolution strategy with covariance matrix adaptation (CMAES). Evolutionary Computation, 11(1):1–18, 2003.
[36] N. Hansen and A. Ostermeier. Completely derandomized self-adaptation in
evolution strategies. Evolutionary Computation, 9(2):159–195, 2001.
[37] D.J. Hawkes, D. Barratt, J.M. Blackall, C. Chan, P.J. Edwards, K. Rhode, G.P.
Penney, J. McClelland, and D.L.G. Hill. Tissue deformation and shape models
in image-guided interventions: a discussion paper. Medical Image Analysis,

BIBLIOGRAPHY

78

9(2):163 – 175, 2005. Medical Simulation - Delingette, Medical Simulation Delingette.
[38] M. Honl, K. Schwieger, M. Salineros, J. Jacobs, M. Morlock, and M. Wimmer.
Orientation of the acetabular component: A comparison of five navigation systems with conventional surgical technique. Journal of Bone and Joint Surgery
(British)., 88-B(10):1401–1405, 2006.
[39] B. K. P. Horn. Closed-form solution of absolute orientation using unit quaternions. Journal of the Optical Society of America, 4(4):629–642, 1987.
[40] B. K. P. Horn, H.M. Hilden, and S. Negahdaripour. Closed-form solution of
absolute orientation using orthonormal matrices. Journal of the Optical Society
of America, 5(7):1127–1135, 1988.
[41] Y. Hu, H. Ahmed, C. Allen, D. Pends, M. Sahu, M. Emberton, D. Hawkes, and
D. Barratt. MR to ultrasound image registration for guiding prostate biopsy and
interventions. Medical Image Computing and Computer-Assisted Intervention,
5761:787–794, 2009.
[42] R.C. Johnston, R.H. Fitzgerald, W.H. Harris, R. Poss, M.E. Muller, and C.B.
Sledge. Clinical and radiographic evaluation of total hip replacement a standard
system of terminology for reporting results. Journal of Bone and Joint Surgery,
72(2):161–168, 1990.
[43] V. Jurcak, J. Fripp, C. Engstrom, D. Walker, O. Salvado, S. Ourselin, and
S. Crozier. Atlas based automated segmentation of the quadratus lumborum

BIBLIOGRAPHY

79

muscle using non-rigid registration on magnetic resonance images of the thoracolumbar region. In proceedings of IEEE International Symposium on Biomedical Imaging: From Nano to Macro, pages 113 –116, 2008.
[44] E. W. Karlson, L. A. Mandl, G. N. Aweh, O. Sangha, M. H. Liang, and F. Grodstein. Total hip replacement due to osteoarthritis: the importance of age, obesity, and other modifiable risk factors. The American Journal of Medicine,
114(2):93–98, 2003.
[45] M. Kass, A. Witkin, and D. Terzopoulos. Snakes: Active contour models.
International Journal of Computer Vision, 1(4):321–331, 1988.
[46] B.F. Kavanagh, D.M. Ilstrup, and R.H. Fitzgerald. Revision total hip arthroplasty. Journal of Bone and Joint Surgery, 67(4):517–526, 1985.
[47] H. Kiefer and A. Othman. Ultrasound vs pointer palpation based method in
tha navigation: a comparative study. Orthopedics, 30(10):153156, 2007.
[48] O. Kutter, A. Karamalis, W. Wein, and N. Navab. A GPU-based framework
for simulation of medical ultrasound. In proceedings of SPIE Medical Imaging,
7261(1):726117, 2009.
[49] O. Kutter, R. Shams, and N. Navab. Visualization and GPU-accelerated simulation of medical ultrasound from CT images. Computer Methods and Programs
in Biomedicine, 94(3):250–266, 2009.
[50] H. Lamecker, T. H. Wenckebach, and H. C. Hege. Atlas-based 3D-shape reconstruction from X-ray images. In proceedings of the 18th International Conference
on Pattern Recognition, 1:371–374, 2006.

BIBLIOGRAPHY

80

[51] S. Lavalle, P. Merloz, E. Stindel, P. Kilian, J. Troccaz, P. Cinquin, F. Langlotz,
and L. Nolte. Echomorphing: introducing an intra-operative imaging modality
to reconstruct 3D bone surfaces or minimally invasive surgery. In proceedings
of CAOS International, pages 38–39, 2004.
[52] G.E. Lewinnek, J.L. Lewis, R. Tarr, C.L. Compere, and J.R. Zimmerman. Dislocation after total hip replacement arthroplasties. Journal of Bone and Joint
Surgery, 60:217–220, 1978.
[53] M. Lorenzo-Valds, G. Sanchez-Ortiz, R. Mohiaddin, and D. Rueckert. Segmentation of 4D cardiac MR images using a probabilistic atlas and the EM
algorithm. In proceedings of Medical Image Computing and Computer-Assisted
Intervention, pages 440–450, 2003.
[54] E. L. Madsen, M. A. Hobson, H. Shi, T. Varghese, and G. R. Frank. Tissuemimicking agar/gelatin materials for use in heterogeneous elastography phantoms. Physics in Medicine and Biology, 50(23):5597–5618, 2005.
[55] D. E. McCollum and W. J. Gray. Dislocation after total hip arthroplasty causes
and prevention. Clinical Orthopaedics and Related Research, 261:159–170, 1990.
[56] S. Michopoulou, L. Costaridou, E. Panagiotopoulos, R. Speller, and A. ToddPokropek. Segmenting degenerated lumbar intervertebral discs from MR images. In proceedings of IEEE Nuclear Science Symposium Conference Record,
pages 4536 –4539, 2008.
[57] M. Hedjazi Moghari and P. Abolmaesumi. A novel incremental technique for ultrasound to CT bone surface registration using Unscented Kalman Filtering. In

BIBLIOGRAPHY

81

proceedings of Medical Image Computing and Computer-Assisted Intervention,
3750:197–204, 2005.
[58] J. Montagnat and H. Delingette. Volumetric medical images segmentation using shape constrained deformable models. Computer Vision, Virtual Reality
and Robotics in Medicine and Medical Robotics and Computer-Assisted Surgery,
pages 13–22, 1997.
[59] J. T. Moskal and S. G. Capps. Improving the accuracy of acetabular component orientation: Avoiding malposition. Journal of the American Academy of
Orthopaedic Surgeons, 18(5):286–296, 2010.
[60] Constantinos Nikou, Branislav Jaramaz, Anthony M. DiGioia, and Timothy J.
Levison. Description of anatomic coordinate systems and rationale for use in
an image-guided total hip replacement system. In proceedings of Medical Image
Computing and Computer-Assisted Intervention, 1935:9–12, 2000.
[61] D. R Nolan, R.H. Fitzgerald, R.D. Beckenbaugh, and M.B. Coventry. Complications of total hip arthroplasty treated by reoperation. Journal of Bone and
Joint Surgery, 57(7):977–981, 1975.
[62] G.P. Penney, D.C. Barratt, C.S.K. Chan, M. Slomczykowski, T.J. Carter, P.J.
Edwards, and D.J. Hawkes. Cadaver validation of intensity-based ultrasound
to CT registration. Medical Image Analysis, 10(3):385–395, 2006.
[63] M. Peterhans, H. Talib, M.G. Linguraru, M. Styner, and M.A.G. Ballester. A
method for frame-by-frame US to CT registration in a joint calibration and

BIBLIOGRAPHY

82

registration framework. In proceedings of IEEE International Symposium on
Biomedical Imaging: From Nano to Macro, pages 1131 –1134, 2008.
[64] R. W. Prager, A. Gee, and L. Berman. Stradx: real-time acquisition and
visualization of freehand three-dimensional ultrasound. Medical Image Analysis,
3(2):129–140, 1999.
[65] R.W. Prager, R.N. Rohling, A.H. Gee, and L. Berman. Rapid calibration for
3-D freehand ultrasound. Ultrasound in Medicine & Biology, 24(6):855–869,
1998.
[66] L. Querol, P. Buchler, D. Rueckert, L. Nolte, and M. Ballester. Statistical finite
element model for bone shape and biomechanical properties. In proceedings of
Medical Image Computing and Computer-Assisted Intervention, 4190:405–411,
2006.
[67] T. Reichl, J. Passenger, O. Acosta, and O. Salvado. Ultrasound goes GPU:
real-time simulation using CUDA. In proceedings of SPIE Medical Imaging,
7261(1):726116, 2009.
[68] L. Root, J.R. Goss, and J. Mendes. The treatment of the painful hip in cerebral
palsy by total hip replacement or hip arthrodesis. Journal of Bone and Joint
Surgery, 68(4):590–598, 1986.
[69] D. Rueckert and P. Burger. Shape-based segmentation and tracking in 4D
cardiac MR images. Computer Vision, Virtual Reality and Robotics in Medicine
and Medical Robotics and Computer-Assisted Surgery, pages 43–52, 1997.

BIBLIOGRAPHY

83

[70] D. Rueckert, A. Frangi, and J. Schnabel. Automatic construction of 3D statistical deformation models using non-rigid registration. In proceedings of Medical
Image Computing and Computer-Assisted Intervention, 2208:77–84, 2001.
[71] O. Sadowsky, G. Chintalapani, and R. Taylor. Deformable 2D-3D registration
of the pelvis with a limited field of view, using shape statistics. In proceedings of
Medical Image Computing and Computer-Assisted Intervention, 4792:519–526,
2007.
[72] O. Sadowsky, J. D. Cohen, and R. H. Taylor. Rendering tetrahedral meshes
with higher-order attenuation functions for digital radiograph reconstruction.
In Proceeding of IEEE Visualization, pages 303–310, 2005.
[73] O. Sadowsky, K. Ramamurthi, L. M. Ellingsen, G. Chintalapani, J. L. Prince,
and R. H. Taylor. Atlas-assisted tomography: Registration of a deformable
atlas to compensate for limited-angle conebeam trajectory. In proceedings of
the IEEE International Symposium on Biomedical Imaging (ISBI), pages 1244–
1247, 2006.
[74] S. Schumann, M. Puls, T. Ecker, K.-A. Siebenrock, and G. Zheng. Determination of pelvic orientation from ultrasound images using patch-SSMs and a
hierarchical speed of sound compensation strategy. Information Processing in
Computer-Assisted Interventions, pages 160–170, 2010.
[75] R. Shams, R. Hartley, and N. Navab. Real-time simulation of medical ultrasound from CT images. In proceedings of Medical Image Computing and
Computer-Assisted Intervention, 5242:734–741, 2008.

BIBLIOGRAPHY

84

[76] D. Shen and C. Davatzikos. HAMMER: Hierarchical attribute matching mechanism for elastic registration. In proceedings of IEEE Workshop on Mathematical
Methods in Biomedical Image Analysis, 0:29, 2001.
[77] Z. Shen, T. Crotti, K. McHugh, K. Matsuzaki, E. Gravallese, B. Bierbaum, and
S. Goldring. The role played by cell-substrate interactions in the pathogenesis
of osteoclast-mediated peri-implant osteolysis. Arthritis Research & Therapy,
8(3):R70, 2006.
[78] R. Sproull. Refinements to nearest-neighbor searching in k -dimensional trees.
Algorithmica, 6(1):579–589, 1991.
[79] N. Sugano. Computer-assisted orthopedic surgery. Journal of Orthopaedic Science, 8(3):442–448, 2003.
[80] H. Talib, K. Rajamani, J. Kowal, L. P. Nolte, M. Styner, and M. G. Ballester. A
comparison study assessing the feasibility of ultrasound-initialized deformable
bone models. Computer Aided Surgery, 10(5-6):293–299, 2005.
[81] H. Talib, K. Rajamani, J. Kowal, M. Styner, and M. G. Ballester. Assessing
the feasibility of ultrasound-initialized deformable bone models. In proceedings
of SPIE Medical Imaging, 6141(1):61410R, 2006.
[82] T. S.Y. Tang and R. E. Ellis. 2D/3D deformable registration using a hybrid
atlas. In proceedings of Medical Image Computing and Computer-Assisted Intervention, 3750:223–230, 2005.

BIBLIOGRAPHY

85

[83] R. H. Taylor, L. Joskowicz, B. Williamson, A. G., A. Kalvin, P. Kazanzides,
R. V. Vorhis, J. Yao, R. Kumar, A. Bzostek, A. Sahay, M. Brner, and A. Lahmer. Computer-integrated revision total hip replacement surgery: concept and
preliminary results. Medical Image Analysis, 3(3):301–319, 1999.
[84] J. Tonetti, L. Carrat, S. Blendea, P. Merloz, J. Troccaz, S. Lavalle, and J. P.
Chirossel. Clinical results of percutaneous pelvic surgery. Computer assisted
surgery using ultrasound compared to standard fluoroscopy. Computer Aided
Surgery, 6(4):204–211, 2001.
[85] J. Tonetti, L. Carrat, S. Lavalle, L. Pittet, P. Merloz, and J. P. Chirossel.
Percutaneous iliosacral screw placement using image guided techniques. Clinical
Orthopaedics and Related Research, 354:103–110, 1998.
[86] W. Wein, S. Brunke, A. Khamene, M. R. Callstrom, and N. Navab. Automatic
CT-ultrasound registration for diagnostic imaging and image-guided intervention. Medical Image Analysis, 12(5):577 – 585, 2008. Special issue on the 10th
international conference on medical imaging and computer assisted intervention
- MICCAI 2007.
[87] W. Wein, A. Khamene, D. A. Clevert, O. Kutter, and N. Navab. Simulation and
fully automatic multimodal registration of medical ultrasound. In proceedings of
Medical Image Computing and Computer-Assisted Intervention, 4791:136–143,
2007.
[88] W. Wein, B. Roper, and N. Navab. Automatic registration and fusion of ultrasound with CT for radiotherapy. In proceedings of Medical Image Computing
and Computer-Assisted Intervention, 3750:303–311, 2005.

BIBLIOGRAPHY

86

[89] S. Winter, B. Brendel, I. Pechlivanis, K. Schmieder, and C. Igel. Registration
of CT and intraoperative 3-D ultrasound images of the spine using evolutionary
and gradient-based methods. IEEE Transactions on Evolutionary Computation,
12(3):284–296, 2008.
[90] C. Wu, P.E. Murtha, A.B. Mor, and B. Jaramaz. A two-level method for building a statistical shape atlas. In proceedings of Computer Assisted Orthopaedic
Surgery (CAOS)., 2005.
[91] J. Yao and R. H. Taylor. Deformable registration between a statistical bone
density atlas and X-ray images. In proceedings of CAOS, 2002.
[92] J. Yao and R. H. Taylor. Assessing accuracy factors in deformable 2D/3D
medical image registration using a statistical pelvis model. In proceedings of
the Ninth IEEE International Conference on Computer Vision, 2:1329, 2003.
[93] J. Yao and R. H. Taylor. A multiple-layer flexible mesh template matching
method for non-rigid registration between a pelvis model and CT images. In
proceedings of SPIE Medical Imaging, 5032(1):1117–1124, 2003.
[94] J. Yao and R. H. Taylor. Non-rigid registration and correspondence finding
in medical image analysis using multiple-layer flexible mesh template matching. International Journal of Pattern Recognition and Artificial Intelligence
(IJPRAI), 17(7):1145–1165, 2003.
[95] P. N. Yianilos. Data structures and algorithms for nearest neighbor search in
general metric spaces. In proceedings of ACM-SIAM Symposium on Discrete
Algorithms:, pages 311–321, 1993.

BIBLIOGRAPHY

87

[96] F. Yokota, T. Okada, M. Takao, N. Sugano, Y. Tada, and Y. Sato. Automated
segmentation of the femur and pelvis from 3D CT data of diseased hip using
hierarchical statistical shape model of joint structure. Medical Image Computing
and Computer-Assisted Intervention, 5762:811–818, 2009.
[97] G. Zheng. Statistically deformable 2D/3D registration for accurate determination of post-operative cup orientation from single standard X-ray radiograph. In
proceedings of Medical Image Computing and Computer-Assisted Intervention,
5761:820–827, 2009.
[98] G. Zheng and M. G. Ballester. An integrated approach for reconstructing surface
models of the proximal femur from sparse input data for surgical navigation.
Digital Human Modeling, 4561:767–775, 2007.
[99] G. Zheng and X. Dong. Particle filter based automatic reconstruction of a
patient-specific surface model of a proximal femur from calibrated X-ray images for surgical navigation. Advanced Concepts for Intelligent Vision Systems,
4678:616–627, 2007.
[100] G. Zheng, S. Steppacher, X. Zhang, and M. Tannast. Precise estimation of postoperative cup alignment from single standard X-ray radiograph with gonadal
shielding. In proceedings of Medical Image Computing and Computer-Assisted
Intervention, 4792:951–959, 2007.

Appendix A
Principal Component Analysis
(PCA)
Principal Component Analysis (PCA) was proposed by statisticians for analysing
high dimensional data where the luxury of visualizing the data is not available. This
statistical technique has found applications in atlas generation and image analysis
fields such as image compression or pattern recognition. Suppose that we have an n
dimensional dataset, where n ≥ 2. The data in each dimension is shown by Xi , for
i = 1, ..., n. The first step is to calculate the mean of the data in each dimension:
N
X

Xi =

Xik

k=1

N

.

(A.1)

where N is the total number of elements in the Xi dimension. The mean is
subtracted from all the elements of each dimension so that the adjusted data has a
mean of 0. The next step is to calculate the Covariance Matrix of the adjusted data.
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Recall that the variance of a one dimensional vector data is defined as:
N
X

σ2 =

(Xik − Xi )2

k=1

N −1

.

(A.2)

which is a measure of the spread of data in a data set. Covariance is always
measured between 2 dimensions and is a measure to find out how much the dimensions
vary from the mean with respect to each other:
N
X

Cov(Xi , Xj ) =

(Xik − Xi )(Xjk − Xj )

k=1

N −1

.

(A.3)

It can be seen from the definition that the variance of one dimension of the data
can be written as the covariance of the data with itself. In addition, since the multiplication is commutative, the covariance is also commutative and Cov(Xi , Xj ) =
Cov(Xj , Xi ). If the 2 dimensions of the data increase together, their covariance is
positive and if one dimension increases while the other is decreasing, their covariance
will be negative. A zero covariance indicates that the 2 dimensions are independant of
each other. The covariance matrix is defined as the covariance of each 2 dimensions:

C n×n = [Cov(Xi , Xj )].

(A.4)

for i, j = 1, ..., n , where n is the dimension of the data. The covariance matrix is
symmetrical about the main diagonal. Next, we need to calculate the eigenvalues and
unit eigenvectors of the covariance matrix. Recall that for a squared matrix Am×m ,
the eigenvalues λi and eigenvectors Vi have the following relation:
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AVi = λi Vi .
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(A.5)

If A is a real symmetrical matrix of dimension m, it has m real eigenvalues and m
orthogonal eigenvectors. A feature vector (matrix of eigenvectors) can be put together
from the eigenvectors of the covariance matrix with the descending eigenvalues. The
eigenvector with the highest eigenvalue is the pricipal component of the data set.
The orthogonal eigenvectors form the data-space and the data in the N dimensional
Cartesian coordinate system can be expressed along the principal components of the
data-space. Basically, the data is transformed to be expressed in terms of the patterns
in the data. The principal components indicates the dominant variations in the data
set and the pattern in which the data spreads along each variation mode (eigenvector).
The data can also be compressed by reducing the dimensions without much loss of
information if it is expressed by only its first few principal modes.

Glossary
2D

Two-Dimensional.

3D

Three-Dimensional.

Anterior Anatomical direction toward the front plane of the body, equivalent to
the ventral surface of quadrupeds.
APP

Anterior Pelvic Plane.

Arthroplasty The surgical repair of a joint, using the patient’s own tissue or an
artificial replacement.
Axial view Transverse plane which has a right angle to the long axis of the body,
Transaxial plane.
CMA-ES Covariance Matrix Adaptation Evolution Strategy; an optimization method
which uses an evolutionary algorithm to converge to a solution.
Coronal view A plane along the long axis of the body, lying in the direction of the
coronal suture.
CT

Computed Tomography.
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Dynamic Reference Body; a target used for optical tracking which consists
of a group of infrared markers. The position and orientation of the target
can be determined through the triangulation of the marker positions.

Fixed Image The reference image to which a second image is aligned during image
registration.
FRE

Fiducial Registration Error.

Ground Truth Any measurement of an observed quantity that can be used to
validate or verify a new technique.
ICP

Iterative Closest Point.

Inferior

Anatomical direction toward the feet.

Intra-operative During operation.
LC2

Linear Correlation of Linear Combination.

Moving Image The image that is transformed to align with the fixed image during
registration.
PaCS

Pelvic Anatomical Coordinate System.

PCA

Principal Component Analysis.

PDM

Point Distribution Model.

Posterior Anatomical direction toward the back plane of the body, equivalent to
the dorsal surface of quadrupeds.

GLOSSARY
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Pre-operative Prior to operation.
ROI

Region of Interest.

Sagittal view From front to back in the median plane or in a plane parallel to the
median.
Similarity Metric A quantifiable measure of the similarity between two images.
SSM

Statistical Shape Model.

Superior Anatomical direction toward the head.
Template A subject selected as the reference in the statistical shape model generation. All other subjects used in the SSM generation are compared to this
reference.
THR

Total Hip Replacement.

Training dataset The subjects used in the statistical shape model generation.
TRE

Target Registration Error.

US

Ultrasound.

