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Abstract

UNIVERSITY OF TECHNOLOGY SYDNEY

Faculty of Engineering and Information Technology

Centre for Autonomous Systems

Doctor of Philosophy

by Yanhao Zhang

Endovascular intervention plays an important role for treating peripheral arterial diseases.

As a minimal invasive surgery treatment, the endovascular intervention provides an alter-

native to the open surgery with smaller incisions and broadens the options for patients

with multiple comorbidities who have higher risk for an open surgery. The minimal in-

vasive treatments benefit patients with low risk and quick recovery. But they also bring

challenges to the surgeons: the surgical catheters need to be manipulated precisely inside

patient’s artery during the treatment.

Clinical endovascular interventions typically rely on X-ray fluoroscopy to provide a live

2D view for catheter manipulation. However, this 2D view cannot fully reflect the vessel’s

3D shape as the information alone one dimension cannot be visualized. Although a 3D

model reflecting aortic 3D shape can be obtained from the pre-operative CT imaging, it

cannot be used as an intra-operative guidance since the aorta deforms during the operation.

Therefore, an accurate visualization of aortic 3D shape is helpful.

The aim of our research is to study the deformation reconstruction techniques and develop

efficient frameworks to recover aortic 3D shape intra-operatively.

In our first research, an initial aortic 3D deformation reconstruction framework is proposed.

The main idea is to estimate the warp field of aortic deformation based on embedded de-

formation graph. The conventional embedded deformation graph requires 3D observation
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as the control points. In our work, we introduce a 2D-3D non-rigid correspondence process

which passes the observation information to the deformation graph. Having the correspon-

dence, the deformation estimation is formulated as a non-linear optimization problem that

can be solved iteratively using Gauss-Newton method. Our method estimates aortic de-

formation from the X-ray images, which contain many partial occlusions and background

artefacts. This means the intensity from the X-ray image does not always represent cor-

rect information for our problem. Therefore, semantic features are needed. To tackle this

problem, we use the pixels presenting the vessel wall contours as the features. We also

show the influence of the image number to the reconstruction accuracy, and demonstrate

that our framework is able to recover vessel’s 3D shape with high accuracy using only two

images.

In our second research, we improve our initial framework from two aspects. First, the

feature selection process is performed according to a deep learning based image segmen-

tation. This makes our framework fully automatic for aortic intra-operative reconstruc-

tion. Second, a signed distance field based correspondence method is used. This helps

avoid the repeated vertex-feature non-rigid correspondence while the matching accuracy

is maintained. Compared with our first work, the second framework reconstructs aortic

3D deformation automatically and computationally more efficiently.

The accuracy of our framework is further improved in our third research. The main

idea is to combine the aortic centreline reconstruction together with the vessel’s shape

reconstruction. First, the pixels of aortic 2D centreline are extracted from each image

using a deep learning based image segmentation. A distance field is then built using

the 2D centreline. Using the distance field, the 3D deformation of aortic centreline is

reconstructed. After this, using the reconstructed centreline, the vessel’s 3D shape is

initially reconstructed. Finally, the vessel’s 3D shape as well as the 3D centreline is

refined using the similar method as our second framework. Since the initial shape is close

to the final result, the vertex-feature matching is greatly improved, which results in a more

robust reconstruction of aortic 3D deformation.

Detailed real phantom experiments are conducted for all of the proposed frameworks, and

the results demonstrate the reconstruction accuracy. We believe our research has the
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potential to benefit the endovascular interventions.



Acknowledgements

I would like to take this opportunity to express my sincere gratitude to many people. My

Ph.D. study and the work presented in my thesis could not have been possible without

their help.

First, I would like to express my sincere gratitude to my supervisors A/Prof. Shoudong

Huang and Dr. Liang Zhao. I have learned a lot from you, not only the knowledge related

of my research, but also the continuous enthusiasm towards research. I could not complete

my Ph.D. study without your patience, immense knowledge, and continuous support. It

is a wonderful experience working with you. I hope that I could continue to collaborate

with you in the future.

Besides my supervisors, my sincere gratitude also goes to Prof. Hongdong Li and Dr. Liang

Zheng. Thanks a lot for providing me an opportunity to visit your teams at Australian

National University. Through this visit, I have widened my research from traditional

methods to deep learning based methods for 3D deformation estimation. It is a wonderful

experience working at ANU as well as living in Canberra.

I would like to thank Raphael Guenot-Falque and Yongbo Chen. It is a pleasure to

work closely with you in achieving good publications. I am looking forward to future

collaborations.

I would like to thank A/Prof. JaimeValls Miro, A/Prof. Teresa Vidal Calleja, Dr. Alen

Alempijevic, Prof. Gamini Dissanayake, Prof. Sarath Kodagoda, and Prof. Dikai Liu.

Thanks a lot for your valuable suggestions on my research.

Many thanks to all my colleagues and friends at the Centre for Autonomous Systems in

University of Technology Sydney. My special thanks go to Fang Bai, Jun Wang, Jingwei

Song, Teng Zhang and Yi Liu for the numerous support and encouragement, especial at

the early stage of my Ph.D. study. Many thanks to Brenton Leighton, Liyang Liu, and

Cdric Le Gentil for the suggestions on the learning of C++. I thank my friends Karthick

Thiyagarajan, Zhehua Mao, Shuai Zhang, Tiancheng Li, Jiaheng Zhao, Huan Yu and many

other colleagues. Many thanks to Herni Winarta for your help on the administrative works.

Additionally, many thanks to Miao Zhang, Taoping Liu, Chaoran Wang, Li Wang, Chen

Wang, and all my other friends in Sydney. I really enjoy the four years with you in Sydney.

v



vi

Finally, I would like to give my deepest thanks to my parents. Thanks a lot for your

unwavering support. I really appreciate to your love, patients, and trust. I could not

finish my Ph.D. without these.



Contents

Declaration of Authorship i

Abstract ii

Acknowledgements v

List of Figures x

List of Tables xii

Nomenclature xv

1 Introduction 1

1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2 Research Aim . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.3 Thesis Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.4 List of Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2 Preliminaries and Related Works 9

2.1 Deformation Estimation Methods . . . . . . . . . . . . . . . . . . . . . . . . 9

2.1.1 Revisit of Embedded Deformation Graph . . . . . . . . . . . . . . . 10

2.1.2 Revisit of Other Deformation Estimation Methods . . . . . . . . . . 12

2.1.2.1 Dual Quaternion Skinning . . . . . . . . . . . . . . . . . . 12

2.1.2.2 As-Rigid-As-Possible . . . . . . . . . . . . . . . . . . . . . 14

2.2 Deep Learning based Image Segmentation . . . . . . . . . . . . . . . . . . . 16

2.2.1 Convolutional Layers . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.2.2 Pooling and Upsampling . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.2.3 Activation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.2.4 Batch Normalisation . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.2.5 Neural Network based Image Segmentation . . . . . . . . . . . . . . 21

2.3 SLAM Techniques in 3D Non-rigid Environment . . . . . . . . . . . . . . . 22

2.3.1 Non-rigid RGB-D SLAM . . . . . . . . . . . . . . . . . . . . . . . . 23

2.3.2 Non-rigid SLAM for MIS . . . . . . . . . . . . . . . . . . . . . . . . 24

vii



Contents viii

2.4 Fluoroscopy-guided Non-rigid Reconstruction of Aorta . . . . . . . . . . . . 25

2.4.1 Non-rigid Reconstruction of Vessel’s 3D Structure . . . . . . . . . . 26

2.4.2 Non-rigid Reconstruction of Vessel’s 3D Shape . . . . . . . . . . . . 27

2.5 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3 Aortic 3D Deformation Reconstruction with ED Graph 31

3.1 Problem Description . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.2 Camera Projection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.3 Methodology of Aortic Reconstruction . . . . . . . . . . . . . . . . . . . . . 34

3.3.1 Vertex-Pixel Non-rigid Correspondence . . . . . . . . . . . . . . . . 35

3.3.2 Aortic Deformation Reconstruction . . . . . . . . . . . . . . . . . . . 36

3.3.2.1 Energy Function . . . . . . . . . . . . . . . . . . . . . . . . 37

3.3.2.2 Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.4 Experiments and Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.4.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.4.1.1 Phantom Setup . . . . . . . . . . . . . . . . . . . . . . . . 41

3.4.1.2 Simulation Setup . . . . . . . . . . . . . . . . . . . . . . . . 42

3.4.1.3 Parameter Setup . . . . . . . . . . . . . . . . . . . . . . . . 42

3.4.2 Metrics for Error Measurement . . . . . . . . . . . . . . . . . . . . . 43

3.4.3 Accuracy and Robustness Assessment . . . . . . . . . . . . . . . . . 44

3.4.3.1 Accuracy Assessment . . . . . . . . . . . . . . . . . . . . . 44

3.4.3.2 Robustness Assessment . . . . . . . . . . . . . . . . . . . . 44

3.4.4 Phantom Experiment . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.5 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4 Deep Learning Assisted Automatic Intra-operative 3D Aortic Deforma-
tion Reconstruction 50

4.1 Overview of the New Framework . . . . . . . . . . . . . . . . . . . . . . . . 51

4.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

4.2.1 Neural Network Based 2D Aortic Segmentation . . . . . . . . . . . . 53

4.2.2 Feature Extraction from Segmented Silhouette . . . . . . . . . . . . 57

4.2.2.1 Segmentation and Boundary Feature Extraction . . . . . . 57

4.2.2.2 Revisit of Traditional Moore-Neighbour Tracing . . . . . . 59

4.2.3 SDF Based Correspondence Method . . . . . . . . . . . . . . . . . . 60

4.2.4 Deformation Reconstruction . . . . . . . . . . . . . . . . . . . . . . . 63

4.3 Phantom Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.3.1 Result of Image Segmentation and Feature Extraction . . . . . . . . 65

4.4 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

5 Structure-to-Shape: A Robust Aortic 3D Deformation Reconstruction
Framework 70

5.1 Framework Description . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

5.2 Segmentation and Feature Extraction . . . . . . . . . . . . . . . . . . . . . 73

5.2.1 Centreline Segmentation . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.2.2 Centreline Extraction . . . . . . . . . . . . . . . . . . . . . . . . . . 76



Contents ix

5.2.3 Silhouette Contour Extraction . . . . . . . . . . . . . . . . . . . . . 77

5.3 2D-3D Non-rigid Correspondence . . . . . . . . . . . . . . . . . . . . . . . . 79

5.3.1 3D-2D Non-rigid Correspondence . . . . . . . . . . . . . . . . . . . . 79

5.4 Deformation Reconstruction . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

5.4.1 3D Centreline Reconstruction . . . . . . . . . . . . . . . . . . . . . . 82

5.4.1.1 Centreline Measurement . . . . . . . . . . . . . . . . . . . . 82

5.4.1.2 Length Term . . . . . . . . . . . . . . . . . . . . . . . . . . 83

5.4.2 3D Shape Initial Reconstruction . . . . . . . . . . . . . . . . . . . . 83

5.4.3 3D Shape Final Reconstruction . . . . . . . . . . . . . . . . . . . . . 83

5.5 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

5.5.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

5.5.1.1 Phantom Setup . . . . . . . . . . . . . . . . . . . . . . . . 85

5.5.1.2 Training Setup . . . . . . . . . . . . . . . . . . . . . . . . . 86

5.5.2 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

5.5.2.1 Centreline Segmentation and Extraction . . . . . . . . . . . 86

5.5.2.2 Aortic Reconstruction . . . . . . . . . . . . . . . . . . . . . 87

5.5.3 2D Centreline Segmentation and Extraction . . . . . . . . . . . . . . 87

5.5.4 3D Aortic Deformation Reconstruction . . . . . . . . . . . . . . . . . 90

5.6 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

6 Conclusion and Future Work 96

Appendices 98

A Pose Observability Analysis for ED Graph 98

A.1 Qualitative Explanation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

A.2 Mathematical Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

B Revisit of a 3D Centreline Reconstruction Method 103

Bibliography 106



List of Figures

1.1 C-arm Angulation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.1 An Example of The Construction of An ED Graph. . . . . . . . . . . . . . . 10

2.2 An Example of Deformation Result Using ED Graph. . . . . . . . . . . . . 12

2.3 An Example of An Edge Detection Convolutional Filter. . . . . . . . . . . . 18

2.4 An Example of Maximum Pooling. . . . . . . . . . . . . . . . . . . . . . . . 19

2.5 An Example of Upsampling. . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.6 An Example of ReLU Activation. . . . . . . . . . . . . . . . . . . . . . . . . 20

2.7 An Example of Classifying the Pixels into Two Classes. . . . . . . . . . . . 22

3.1 Input and Output of the Proposed Framework for Aortic 3D Deformation
Reconstruction. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.2 An Example Illustrating The X-ray Fluoroscopy and the 3D Model. . . . . 33

3.3 Vertex Projection and Edge Points Calculation. . . . . . . . . . . . . . . . . 34

3.4 The Main Processes of The Proposed Framework. . . . . . . . . . . . . . . . 35

3.5 An Illustration of Improvement on Matching Results Using Geometric In-
formation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.6 Datasets for Simulations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.7 Reconstruction Error Using Images from Different Directions. . . . . . . . . 45

3.8 3D Reconstruction of Phantom Experiments Using Two Intra-operative Im-
ages. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.9 2D Reconstruction Result with the Intra-operative Images. . . . . . . . . . 48

4.1 The Pre-operative Processes. . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.2 The Intra-operative Processes. . . . . . . . . . . . . . . . . . . . . . . . . . 52

4.3 An Example Showing the Issue of Two Traditional Methods for Feature
Extraction. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.4 U-NET Architecture for the Semantic Segmentation of the Grayscale X-ray
Images. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

4.5 An Example of the Training Dataset with Simulated Images. . . . . . . . . 55

4.6 An Example of the Training Dataset with Real X-ray Images. . . . . . . . . 56

4.7 An Example Showing the Segmentation from the Neural Network. . . . . . 58

4.8 An Example Illustrating the Feature Extraction. . . . . . . . . . . . . . . . 58

4.9 The Moore Neighbourhood of a Pixel. . . . . . . . . . . . . . . . . . . . . . 59

4.10 An Example of The Traditional Moore-Neighbour Tracing Method. . . . . . 59

4.11 An Example of the SDF. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

x



List of Figures xi

4.12 An Illustration of the SDF Based Correspondence Method. . . . . . . . . . 62

4.13 The Result of Feature Extraction. . . . . . . . . . . . . . . . . . . . . . . . 66

4.14 Reconstruction Result of Phantom Experiments. . . . . . . . . . . . . . . . 67

4.15 The Reconstruction Result Using the First Framework. . . . . . . . . . . . 68

4.16 Distribution and Mean Reconstruction Error of Different Relative Viewing
Angles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

5.1 Main Processes of the Proposed Framework. . . . . . . . . . . . . . . . . . . 72

5.2 The Problem of Existing Methods for Getting 2D Centreline. . . . . . . . . 74

5.3 Network Architecture for Centreline Segmentation. . . . . . . . . . . . . . . 75

5.4 An Visualization of the Centreline Extraction, Interpolation and the Weights. 76

5.5 An Visualization of the Aortic Contour Extraction. . . . . . . . . . . . . . . 77

5.6 A Visualization of DF/SDF Based Matching Approach. . . . . . . . . . . . 81

5.7 The Ground Truth of Three Deformations. . . . . . . . . . . . . . . . . . . 85

5.8 An Illustration of The Centreline Labelling. . . . . . . . . . . . . . . . . . . 86

5.9 An Example of the Simulation Training Set for Centreline Segmentation. . . 88

5.10 An Example of the Real X-ray Image Training Set for Centreline Segmen-
tation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

5.11 An Example of the Extraction Results Compared with Traditional Skele-
tonization. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

5.12 3D Shape Reconstruction Accuracy. . . . . . . . . . . . . . . . . . . . . . . 92

5.13 3D Reconstruction Results of Three Deformations. . . . . . . . . . . . . . . 93

5.14 2D Reconstruction Results of Three Deformations. . . . . . . . . . . . . . . 94

A.1 An Example of Rigid Transformation Estimation Using ED Graph. . . . . . 99

B.1 Input and Output of the Re-implementation. . . . . . . . . . . . . . . . . . 104

B.2 The Comparison of 3D Centreline Reconstruction. . . . . . . . . . . . . . . 105



List of Tables

3.1 Reconstruction Error with and without Observation Noises . . . . . . . . . 46

3.2 Viewing Directions and Reconstruction Accuracy of Phantoms . . . . . . . 46

4.1 Reconstruction Accuracy Comparison Using Same Features . . . . . . . . . 67

5.1 Comparison of 2D Segmentation and Extraction . . . . . . . . . . . . . . . 90

5.2 Comparison of 3D Centreline Reconstruction . . . . . . . . . . . . . . . . . 95

xii



Acronyms & Abbreviations

AAA Abdominal Aortic Aneurysm

EVI Endovascular Interventions

EVAR Endovascular Aortic Repair

MIS Minimally Invasive Surgery

CT Computed Tomography

MRI Magnetic Resonance Imaging

OSR Open Surgical Repair

PPA Positioner Primary Angle

PSA Positioner Secondary Angle

LAO Left Anterior Oblique

RAO Right Anterior Oblique

CRA Cranial Angle

CAU Caudal Angle

SLAM Simultaneous Localisation and Mapping

MNT Moore Neighbour Tracing

MN Moore Neighbourhood

DF Distance Field

xiii



Acronyms & Abbreviations xiv

SDF Signed Distance Field

CUDA Compute Unified Device Architecture

ED graph Embedded Deformation Graph

ED node Graph Node of Embedded Deformation Graph

GN Gauss-Newton

DLB Dual Quaternion Linear Blending

ARAP As Rigid As Possible

CNN Convolutional Neural Network

ReLU Rectified Linear Unit

BN Batch Normalisation

FCN Fully Convolutional Network

ICP Iterative Closest Point

ECG Electrocardiogram

TPS Thin Plate Spline

GPU Graphics Processing Unit

TSDF Truncated Signed Distance Field

SURF Speeded Up Robust Features

FEM Finite Element Method

NRSfM Non-Rigid Structure from Motion



Nomenclature

General Notations

Rn The n-dimensional Euclidean space

SO(3) The special orthogonal group

SE(3) The special Euclidean group

In ∈ Rn×n The identity matrix

| · | Number of elements in a set

‖ · ‖ Euclidean norm of a vector

gj ∈ R3 The position of ED node j

Aj ∈ R3×3 The affine matrix of ED node j

tj ∈ R3 The translation of ED node j

p ∈ R3 The position of a 3D Point

g(·) The deformation function of ED graph

q(·) The camera projection function

wj(p) The weight quantifying the influence of node j to a point p

Erot, Ereg, Emea The rotation/regularisation/measurement term to solve ED graph

mi, m̃i The original and new position of a control point i

vi The 3D position of vertex i from a polygonal mesh

v̂i The estimated new position of a vertex

bli ∈ R2 A boundary feature pixel i from X-ray image Il

n(·) 2D normal vector of a point.
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ť(·) 3D tangent vector of a point on centreline.

ci The 3D position of a centreline point i


	Title Page
	Declaration of Authorship
	Abstract
	Acknowledgements
	Contents
	List of Figures
	List of Tables
	Nomenclature



