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Abstract
UNIVERSITY OF TECHNOLOGY SYDNEY

Faculty of Engineering and Information Technology

Robotics Institute

Doctor of Philosophy

by Zhehua Mao

In cardiology, transesophageal echocardiography (TEE) is a widely used diagnostic test
that uses an ultrasound transducer passed into the patient’s esophagus or stomach to
capture images of the heart. Since the esophagus and stomach are close to the heart,
detailed images can be obtained by TEE to facilitate the diagnosis, management, and
follow-up of patients with various cardiac diseases. In recent decades, progress in ultra-
sound technology has promoted the evolution of TEE from two-dimensional (2D) imaging
to three-dimensional (3D) imaging modality. 3D TEE has overcome several important
limitations of 2D TEE such as the lack of anatomy and orientation information, which
makes it increasingly used in the perioperative period for assessing cardiac anatomy and
function. However, current 3D TEE still suffers from a narrow field of view (FoV) due to
manufacturing limitations on 2D array transducers, which makes it difficult to inspect a

complete region of interest in a single volume.

Image registration and fusion is a fundamental task for many medical image analysis prob-
lems where valuable information conveyed by two or more images needs to be combined
and examined. This two-step technique is able to enlarge the FoV of images through
combining images captured from different viewpoints. Although registration and fusion of
multiview images is widely used for enlarging the FoV in the computer vision community,
there are some challenges when dealing with 3D TEE images. For example, 3D ultra-

sound images lack distinct features such that commonly used feature-based methods tend
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to fail when handling 3D TEE images. And it is difficult for existing non-rigid registration
methods to deal with large cardiac motion in the 3D TEE images. Furthermore, 3D TEE
images usually contain a large number of voxels, which requires a lot of computational
resources and time for the registration and fusion. Therefore, this study is conducted to
enlarge the FoV of 3D TEE images in both rigid and non-rigid scenarios and overcome

some major challenges in multiview registration and fusion of 3D medical images.

In this thesis, five works are presented to enlarge the FoV of 3D TEE images in rigid
and deformable scenarios. To circumvent the problems of feature extraction and matching
in 3D TEE images, all the proposed algorithms are based on the raw image data of 3D
TEE images directly. In the first work, a multiview registration and fusion framework is
proposed to fuse 3D TEE images efficiently in the rigid scenario. The images are obtained
using ECG-gating such that cardiac motion is avoided. In the framework, a direct method
with efficient optimization and fast implementation is proposed for pairwise registration. A
3D fusion method is proposed to fuse the aligned images seamlessly and efficiently. To fuse
multiview images, a sequential fusion strategy is employed, which means we repeatedly fuse
one image into the panoramic image until all images are fused together. Our second work is
based on dynamic images of 3D TEE in which the cardiac motion of the heart is retained,
instead of using ECG-gated images. In this work, we propose a direct dynamic fusion
framework to fuse multiview 3D TEE images with deformations sequentially. A direct
embedded deformation algorithm is proposed for pairwise registration of 3D TEE images
with large cardiac motions. Different from the original embedded deformation method
that relied on explicit point correspondences, we propose to use intensity information
as constraints directly to estimate the deformation field. To fuse multiview images, a

sequential fusion strategy is used as well.

Our first two works are deduced from pairwise registration and fusion. Although they
are efficient for multiview registration and fusion, they probably bring in accumulating
errors in the results. Therefore, in the following three works, we present three simulta-
neous registration and fusion algorithms to further improve the accuracy, which are very
useful in practice when fast performance is not required. In the third work, we propose
a novel direct bundle adjustment (DBA) algorithm for registering and fusing a collection

of 3D images simultaneously in the rigid scenario. It optimizes the global poses of local



Abstract iv

images and the intensities of a predefined panoramic image using the 3D image data di-
rectly. Without any reference image, correspondences, or information loss or reuse, the
proposed DBA algorithm is an elegant way to obtain the optimal panoramic image and
poses of local images. To our best knowledge, compared to conventional two-step reg-
istration and fusion methods, this is the first work that could complete the whole task
in one go. It is also the first work of bundle adjustment which is based on the direct
method for 3D image registration and fusion. When investigating DBA further, we found
a very interesting property and have theoretically proved that when solving DBA with
Gauss-Newton iterations, the optimization of poses is independent of the intensities of the
panoramic image. This finding has a potential of reducing the computational complexity
of simultaneous image registration and fusion. Based on the finding, a direct simultane-
ous registration (DSR) algorithm is proposed to optimize the image poses only without
considering the intensities of the panoramic image but obtains the same optimal poses as
the DBA. Furthermore, inspired by the DBA and DSR, in the fifth work, we propose a
novel dynamic direct simultaneous registration (D-DSR) method to estimate panoramic
images at all times/phases corresponding to local images simultaneously. This is achieved
by substituting the rigid transformations in DBA with embedded deformation graphs and
maximizing the similarity between a predefined panoramic image and all local images. We
also prove a similar property as DBA in this work that the estimation of the embedded
graphs is independent of the intensities of the panoramic image during the optimization

process.

In the above five works, rigorous experiments have been performed to test our algorithms
on simulated and in-vivo datasets. All results show that our algorithms can enlarge the

FoV of 3D TEE images effectively and accurately, which is potential for future clinical use.
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Chapter 1

Introduction

Ultrasound imaging, X-ray imaging (radiography, fluoroscopy, and computed tomography
(CT)) and magnetic resonance imaging (MRI) are the three mainstream imaging modali-
ties in modern medicine. X-ray imaging has the inherent risk of exposing both the patient
and the medical staff to ionizing radiation. MRI is expensive, time-consuming, and may
be uncomfortable for some people because it can induce claustrophobia. By compari-
son, ultrasound imaging is a safe, portable, and cheap tool for the diagnosis of diseases
and real-time guidance for surgery or intervention. It combines excellent soft tissue pen-
etration capability with very good spatial resolution. Ultrasound imaging has become
the most widely used tool in medical fields such as cardiology, obstetrics, and emergency

medicine [1, 2].

Transesophageal echocardiography (TEE) [3] and transthoracic echocardiography (TTE) [4]
are two types of tests that use ultrasound to capture images of a patient’s heart. In con-
trast to TTE in which an ultrasound transducer is placed on a patient’s chest or abdomen,
the ultrasound transducer in TEE is placed into the esophagus or stomach of the patient
to obtain the views of the heart. Because the ultrasound transducer inside the esophagus
or stomach is closer to the heart than TTE, TEE can provide superior image quality of
posterior cardiac structures, such as the left atrium (LA), left atrial appendage (LAA),
interatrial septum (IAS), and mitral valve [3]. Moreover, the location of the ultrasound

transducer away from the operative field of cardiac surgery and transcatheter procedures
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FIGURE 1.1: An example of 3D TEE image: (a) the valid image is within a pyramidal
region; (b) the 3D TEE image is displayed via three orthogonal slices®.

enables TEE to be used intraoperatively to guide surgery and percutaneous interven-

tions [3].

Thanks to state-of-the-art 2D array transducers, 3D TEE images can be acquired in real-
time [5]. An example of 3D TEE image is shown in Fig. 1.1. Although the valid image is
within a pyramidal region due to the characteristics of ultrasound imaging [5], an imaging
system assigns the intensity value of voxels outside the pyramidal field of view (FoV) to
zero and outputs a cuboid 3D TEE image finally. Compared to 2D TEE, the major advan-
tages of 3D TEE imaging include: (1) the improvement of accuracy of echocardiography
in evalutaing cardiac chamber volumes; (2) the realistic comprehensive views of cardiac
structures such as the valves and congenital abnormalities; (3) real-time guidance in in-
traoperative settings [3, 6]. These advantages have made 3D TEE imaging increasingly
used for cardiac imaging in the past decade. However, current 3D TEE still suffers from
a narrow FoV due to the manufacturing limitations on 2D array transducers [2], which
makes it difficult to inspect complete regions of interest in a single volume. To complete
a comprehensive imaging examination, the routine method requires the clinician to move
the transducer to obtain multiview images [7] and combine these images through their

imagination, which heavily depends on clinicians’ knowledge and experience.

Image registration and fusion is an active research topic? in the field of medical image

'In this thesis, 3D images are usually presented via three orthogonal slices to display details of regions
of interest.

2Although in many works of literature, registration and fusion are studied separately, we regard them
as two steps of one fusion task since our objective is multiview image fusion.
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computing, which aims to combine images captured from different viewpoints automati-
cally [8]. Registration that determines the accuracy of anatomical structures in the fused
image is a critical step prior to the fusion. The core of medical image registration is to find
transformations that can relate corresponding anatomical or functional positions between
two or more images [9]. Although registration and fusion of multiview images are widely
used for enlarging the FoV in the computer vision community, there are some challenges
when dealing with 3D TEE images, such as lack of distinct features, large cardiac motion,
and high computational complexity caused by a large number of voxels. Therefore, this

study is conducted to enlarge the FoV of 3D TEE images and overcome these challenges.

1.1 Motivation

LAA is an small ear-shaped structure attached to the LA body (see Fig. 1.2(a)) [10, 11].
LAA has a highly variable shape and morphology between patients. In patients with
nonvalvular atrial fibrillation, studies have shown that over 90% of stroke-causing clots
from the heart are formed in the LAA [10, 12]. Anticoagulation therapy is the most
common treatment for these patients to reduce atrial fibrillation stroke risk, but with
potential bleeding complications and tolerance issues [11]. In these cases, percutaneous
LAA occlusion is a clinically recommended alternative treatment for nonvalvular atrial
fibrillation patients who present contraindications for oral anticoagulants and high stroke

risk [10].

The LAA occlusion is a minimally invasive cardiac intervention in which a foldable device
is percutaneously delivered through a transseptal path for obstructing the LAA and re-
ducing the stroke risk in patients with nonvalvular atrial fibrillation [11] (see Fig. 1.2(a)).
Due to the highly variable anatomical structure of LAA, there are various occluding de-
vices produced by different manufacturers [11]. Therefore, before the intervention, clinical
measurements (see Fig. 1.2(b)) need to be performed to select a suitable device for the
patient. Correct device sizing is one of the most challenging tasks in preoperative plan-

ning, which has an immediate impact on the treatment efficiency, procedural time, and
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FIGURE 1.2: (a) Schematic diagram of LAA occlusion; (b) Clinical measurement for
device size selection of LAA occluder. (a) and (b) are from [13] and [14], respectively.

number of complications. However, due to the limited FoV of 3D TEE, it is often diffi-
cult to inspect a complete LAA in a single volume, which makes it hard to complete the

measurements for the device size selection.

In addition, in the planning of most cardiac surgery and intervention, it is crucial for
cardiac structures of interest to be visualized in a single FoV for a complete analysis of
the spatial orientation of these structures. For LAA occlusion, the angle of approach of
the device deployment system is partially dependent on the spatial relationship between
the puncture site on the IAS and the left heart structures (e.g. LAA, mitral valve), and
may have an impact upon how a device ‘sits’ in the target structures during and after
deployment [15]. Limited by the FoV of standard 3D TEE, the TAS, LAA, and the mitral

valve can hardly be imaged in their entirety as a single imaging volume.

1.2 Research Aims

This research aims at developing innovative multiview registration and fusion algorithms
to enlarge the FoV of 3D medical images. Although the proposed algorithms could be
applied to a wide variety of image types, in this thesis, we mainly focus on 3D TEE
images with potential applications to assist clinicians’ diagnosis and surgical planning for

patients with various cardiac diseases.
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We aim at solving some major challenges in multiview registration and fusion for 3D TEE
images. Firstly, 3D ultrasound images lack distinct features such that commonly used
feature-based methods tend to fail when handling 3D TEE images. Secondly, it is difficult
for existing non-rigid registration methods to deal with large cardiac motion in 3D TEE
images. Thirdly, 3D TEE images usually contain a large number of voxels which requires
a lot of computational resources and time for registration and fusion. Fourthly, there are
limited algorithms available for simultaneous registration and they may have problems
with optimization, information reuse, and very high computational cost, especially for 3D
images [16, 17]. While bundle adjustment (BA) [18] framework has been regarded as a
gold standard for simultaneous pose® estimation and 3D scene reconstruction when fast
performance is not required, almost all of BA methods are feature-based and the goal of
them is to refine the positions of scene points and poses of imaging sensors based on 2D
images [19, 20] instead of image registration and fusion. To our best knowledge, there is

no BA method that can be used for multiple 3D image registration and fusion.

1.3 Main Contributions

The main contributions of this thesis are the five frameworks proposed to solve the afore-
mentioned challenges and enlarge the FoV of 3D TEE images by registering and fusing
multiview images. The research starts with achieving efficient pairwise registration and
fusion, followed by the novel simultaneous registration methods for improving accuracy
and reducing computational complexity. Both the rigid and deformable scenarios are con-
sidered in pairwise and simultaneous registration and fusion. To circumvent the process of
feature extraction and matching, direct (intensity-based) methods are considered in this
thesis. In contrast to the classical feature-based BA, we proposed the first intensity-based
BA framework named direct bundle adjustment (DBA) that can complete the 3D TEE im-
age registration and fusion simultaneously. Furthermore, the DBA framework is extended
to solve dynamic simultaneous registration and fusion problems. Detailed experiments on

in-vivo 3D TEE images demonstrate the reconstruction ability and the potential clinical

3In this thesis, the words ‘transformation’ and ‘pose’ are used interchangeably when we describe the
rigid transformation of an image or imaging sensor.
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value of our methods to be used for reconstructing the regions of interest of the heart and

assist LAA occlusion.

In summary, our main contributions to the 3D image registration and fusion, especially

for 3D TEE images include:

e A novel multiview registration and fusion framework to enlarge the FoV of ECG-

gated? 3D TEE images efficiently.

e A novel dynamic direct fusion (DDF) framework to extend the FoV of 3D TEE im-
ages at different cardiac phases sequentially, avoiding the bias toward the specifically

chosen phase when ECG-gating is used.

e A novel direct bundle adjustment (DBA) framework to solve multiview 3D image
registration and fusion simultaneously in rigid scenarios. It redefines classical BA
by optimizing the intensities of a predefined panoramic (global) image (instead of
positions of scene points in classical BA) and the poses of the local images simultane-
ously. Without any reference image, correspondences, or information loss or reuse,
the proposed DBA algorithm is an elegant way to obtain the optimal panoramic
image and poses of local 3D images in one go. To our best knowledge, this is the

first work of BA based on the direct method for 3D image registration and fusion.

e A novel algorithm named direct simultaneous registration (DSR) to solve multiview
3D image registration simultaneously in rigid scenarios. DSR solves the poses only
without considering the intensities of the panorama but is proved to be able to
obtain the same optimal poses as DBA. The proposed method is potential to reduce
the computational complexity of multiview simultaneous registration and fusion for

3D images.

e A novel dynamic direct simultaneous registration (D-DSR) framework used in de-
formable scenarios to estimate the 3D TEE panoramic images at all times/phases

corresponding to the collected local images simultaneously.

4ECG-gating is a technique that extracts images of the heart at a specified phase in different cardiac
cycles by synchronizing 3D TEE images to the electrocardiogram (ECG) signal. In the obtained ECG-gated
3D TEE images, deformations are eliminated.
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1.4 Publications

The summary of research outcomes in this study is listed as follows. Paper 1, 2, 3, 4, and 6

are corresponding to the proposed five frameworks that are elaborated in Chapter 3 to 7,

respectively.

(1).

Zhehua Mao, Liang Zhao, Shoudong Huang, Yiting Fan, and Alex Pui-Wai Lee,
“Direct 3D Ultrasound Fusion for Transesophageal Echocardiography”, Computers
in Biology and Medicine, vol. 134, no. 104502, p. 104502, 2021. ([Q1] IF = 6.698)

. Zhehua Mao, Liang Zhao, Shoudong Huang, Yiting Fan, and Alex Pui-Wai Lee,

“Complete Region of Interest Reconstruction by Fusing Multiview Deformable Three-
Dimensional Transesophageal Echocardiography Images”, Medical Physics, 2022.
([Q1] IF = 4.506)

. Zhehua Mao, Liang Zhao, Shoudong Huang, Yiting Fan, and Alex Pui-Wai Lee,

“Direct Bundle Adjustment for 3D Image Fusion with Application to Transesophageal
Echocardiography”, in 2021 IEEE/RSJ International Conference on Intelligent Robots
and Systems (IROS), 2021. (Accept rate: 45%)

. Zhehua Mao, Liang Zhao, Shoudong Huang, Yiting Fan, and Alex Pui-Wai Lee,

“DSR: Direct Simultaneous Registration for Multiple 3D Images”, in International
Conference on Medical Image Computing and Computer-Assisted Intervention (MIC-
CAI), Springer, Cham, 2022. (Accept rate: 31%)

. Liang Zhao, Zhehua Mao, and Shoudong Huang, “Feature-Based SLAM: Why

Simultaneous Localisation and Mapping?”, in Robotics: Science and Systems (RSS),

2021. (Accept rate: 27%)

. Zhehua Mao, Liang Zhao, Shoudong Huang, Yiting Fan, and Alex Pui-Wai Lee,

“D-DSR: Dynamic Direct Simultaneous Registration for Multiple 3D Images”, in

preparation(to be submitted to IEEE Robotics and Automation Letters)

. Zhehua Mao, Liang Zhao, Shoudong Huang, Yiting Fan, and Alex Pui-Wai Lee,

“DSR: Direct Simultaneous Registration for Multiple 3D Images with Application
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to 3D Transesophageal Echocardiography ”, in preparation (to be submitted to IEEE

Transactions on Medical Imaging)

1.5 Thesis Outline

The details of the proposed five frameworks are presented in Chapter 3 to 7, which are

divided into two parts. The structure of this thesis is as follows.

e Chapter 2: We provide an overview of the state-of-the-art medical image regis-
tration methods from three perspectives, namely feature-based and intensity-based
registration methods, rigid and deformable registration methods, and pairwise and

simultaneous registration methods.

Part I - Pairwise Registration and Sequential Fusion: in Chapter 3 and 4, we
propose two frameworks that combine pairwise registration and sequential fusion strategy

to fuse multiview 3D TEE images in rigid and deformable scenarios, respectively.

e Chapter 3: A novel multiview registration and fusion framework is proposed to
enlarge the FoV of 3D TEE images efficiently. Cardiac motion (deformation of the
heart) is avoided in the obtained in-vivo 3D TEE images by using the ECG-gating
technique. A direct method is proposed to solve the registration problem in the Lie
algebra space and its fast implementation is realized by searching voxels on three
orthogonal planes between two volumes. Besides, a 3D fusion method is proposed
to fuse the aligned images seamlessly and efficiently. For multiple 3D TEE images,
a sequential fusion strategy is used to obtain the globally consistent image and
poses. Simulated and in-vivo experiments show the proposed registration algorithm
outperforms state-of-the-art registration methods in terms of accuracy and efficiency

and the framework enlarges the FoV of 3D TEE images effectively.

e Chapter 4: We propose a novel direct dynamic fusion (DDF) framework to extend
the FoV of 3D TEE images at different cardiac phases sequentially, avoiding the bias
toward the specifically chosen phase when ECG-gating is used. The deformation field
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for the registration is defined by an embedded deformation graph and estimated by
a direct method. The accuracy of the proposed method is evaluated by comparing
it with two B-spline-based methods, two Demons-based methods, and one learning-
based method VoxelMorph using in-vivo experiments. Without selecting the static
(ECG-gated) images from the same cardiac phase, this work addressed the problem
of limited FoV of 3D TEE images in the deformable scenario, obtaining the fused

images with high accuracy and good quality.

Part 2 - Simultaneous Registration and Fusion: in Chapter 5 to 7, we propose
three simultaneous registration and fusion algorithms to further improve the accuracy in

the rigid and deformable scenarios.

e Chapter 5: We propose a novel framework named direct bundle adjustment (DBA)
that registers a collection of 3D images in a simultaneous fashion without specifying
any reference image, feature extraction and matching, or information loss or reuse,
used in the rigid scenario. Different from Chapter 3 that deduces the global transfor-
mations of local images from the results of pairwise registration, DBA simultaneously
optimizes the global transformation parameters of local images and the intensity val-
ues of a predefined panoramic image using the 3D image data directly. Compared
with conventional two-step methods for image fusion, DBA completes registration
and fusion in one go. Simulated and in-vivo experiments on 3D TEE images show
that the proposed method is robust to intensity noises and much more accurate than

the sequential fusion method in Chapter 3.

e Chapter 6: When investigating DBA further, we found a very interesting property
and have theoretically proved that when solving DBA with Gauss-Newton (GN) it-
erations, the optimization of poses is independent of the intensities of the panoramic
image. Based on the finding, a novel algorithm named direct simultaneous regis-
tration (DSR) is proposed, which solves the poses only instead of solving full DBA
problem but can obtain the same optimal poses as DBA. The proposed method is
potential to reduce the computational complexity of simultaneous registration and
fusion for 3D images. DSR is evaluated by comparing it with four widely used meth-

ods via simulated and in-vivo 3D TEE images. It is shown that the proposed method
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outperforms these methods in terms of accuracy and is much more efficient than the

state-of-the-art accumulated pairwise estimates (APE).

e Chapter 7: Inspired by the DBA and DSR, we propose a novel dynamic direct simul-
taneous registration (D-DSR) framework in the deformable scenario to estimate the
3D TEE panoramic images at all phases corresponding to the collected local images
simultaneously. Similar to the DSR framework, we first formulate our problem as a
dynamic direct bundle adjustment problem by substituting the rigid transformations
in DBA with embedded deformation graphs. Secondly, we prove a similar property
as DBA that the estimation of embedded deformation graphs is independent of the
intensities of the panorama during the optimization process and propose the D-DSR
algorithm. Detailed validation of the proposed D-DSR algorithm is performed on
the in-vivo 3D TEE images.

e Chapter 8: We summarize the thesis and present the potential future research direc-

tions.



Chapter 2

Related Works

Medical image registration and fusion is a fundamental task for many medical image anal-
ysis problems in which valuable information conveyed by two or more images needs to be
combined and examined [9, 17]. In general, registration and fusion are two sequential steps
that fuse multiple local images together to get one global (panoramic) image with enlarged
FoV. Medical image registration aims at finding transformations that map any anatomical
or functional positions from one image to its correspondences in other images [21]. Once
local images are registered w.r.t. each other using corresponding transformations, we can
fuse all these aligned images together to get a panoramic image. Most studies focus on
registration since it determines the accuracy of anatomical features in the fused images,
which is critical for various clinical applications such as computer-assisted diagnosis, ther-
apy, and surgery [21]. In recent decades, mainstream medical imaging techniques, such
as CT, MRI, and ultrasound, have evolved from 2D to 3D, which proposes new chal-
lenges to medical image registration, such as feature extraction and high computational

complexity [22].

In order to avoid confusion and to allow readers to have a sufficient amount of knowledge
about the 3D medical image registration and fusion problem, herein we provide an overview
of medical image registration methods from three perspectives, i.e. feature-based and
intensity-based (direct) registration methods, rigid and deformable registration methods,

and pairwise and simultaneous registration methods.

11
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2.1 Feature-based vs. Intensity-based Registration

According to whether registration methods extract features from images or not, they can
generally be divided into two categories: feature-based methods [22, 23] and intensity-
based methods [24-26]. Feature-based methods decouple the transformation estimation
problem into two sequential steps: firstly, distinct features are extracted from images and
matched to find the correspondences between the images [27-29]; secondly, transforma-
tions are estimated by only using these features, discarding all other information of the
images [30]. Although feature-based methods simplify the overall problem, the accuracy of
the transformation estimation might be also compromised due to the loss of much valuable
information. In addition, a 3D image like Fig. 1.1(a) contains millions of valid voxels. Fea-
ture extraction and matching from such a large number of voxels take much time and fast
implementations of the feature-based methods can only be realized by using accelerated
frameworks on graphics processing units (GPUs) [22]. Furthermore, classical algorithms
for feature extraction and matching such as SIFT [27], SURF [28], and ORB [29] are de-
signed for 2D images. Developing robust feature extraction algorithms for 3D images is

still challenging [31], especially for 3D TEE images that lack distinct features.

On the contrary, intensity-based (direct) methods use the intensity information of images
directly without feature extraction and matching [32]. They are well-known for their
high accuracy and robustness in environments with few features, which is very suitable for
ultrasound image registration. Direct methods estimate the transformation by maximizing
the similarity between the images. Commonly used similarity metrics include the sum of
squared differences (SSD), normalized cross correlation (NCC), and mutual information
(MI) [33-35]. SSD and NCC are usually used for monomodal registration, and MI is

commonly used for multimodal registration [21].

Let Iy and Iy be two images, p; be a point in image Iy with intensity Ivi(p;), and p; be
the corresponding point in image Ir with intensity Iv(p;), we aim at registering the image
Iy to the image Ir. Suppose the transformation from Iy to Ir can be parameterized by

a function fr(-), then the spacial relationship between p; and p; can be established by
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D; = fr(p;). The SSD similarity [32] can be defined as

SSD = (Iu(py) — Ir(fr(p))))*, (2.1)

p;EN
and the NCC similarity [21] is defined as

>opeaIn(py) — ha)(Ir(fr(p;)) — Ir)

NCC - — 9
Vb, calhi(p)) — 1n)? Y o (fr(p)) — Ir)?

(2.2)

where ) is the overlapping area between Iy and Iyp; Ir and Iy are intensity averages of

the images Ir and Iy, respectively.

The MI similarity is designed based on the Shannon-Wiener entropies of images [21]. For

an image Iy, its entropy is defined as

H(Ir) = — > pla)logp(a), (2.3)
QEIF
where p(a) is the probability that the intensity of a voxel in image Iy is a. Similarly, the

entropy of an image Iy is

H(Iv) = — Z p(b)log p(b), (2.4)

bely
where p(b) is the probability that the intensity of a voxel in image Iy is b. Furthermore,

a joint entropy of Ir and Iy over the overlapping area can be defined as

H(Ip, Iv) == > Y pla,b)logp(a,b), (2.5)

a€lp bely
where p(a, b) is the joint probability that the intensities of a voxel in the overlapping area
of Ir and Iy are a and b. Then the MI similarity can be defined by

MI = H(Ip) + H(In) — H(Ig, Iy). (2.6)

In addition to these conventional metrics, Grau et al. [36] proposed a phase-based method
to estimate the poses between ultrasound images. To solve the problem that the phase-

based method is sensitive to the initial value, Housden et al. [37] proposed to involve an
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X-ray tracking system in the registration process. But this strategy not only makes the
system complex but also leads to the latent risks of ionizing radiation. Recently, Peressutti
et al. [38] proposed a novel subspace error metric for registration of multiview 3D+t ul-
trasound images. The method is based on the principal component analysis (PCA), which
estimates the poses of image sequences in a low-dimensional space. It is reported that
the method outperforms the conventional intensity-based methods and the phase-based
method in terms of accuracy, robustness, and computational efficiency. Since intensity-
based methods usually involve a large number of voxels of 3D images, fast implementation

usually still needs to use accelerated frameworks on GPUs [39].

2.2 Rigid vs. Deformable Registration

We can also categorize registration methods according to the number of degrees of freedom
(DoF) that transformation models can describe, ranging from simple transformations such

as rigid or affine ones to complex transformations such as deformable ones [21].

2.2.1 Rigid and Affine Transformation

In medical image registration, a rigid transformation is commonly used when the anatom-
ical structures keep the same shape and size in multiview images. In a 3D space, a rigid
transformation has six DoF, i.e. three translations and three rotations. If we use homo-

geneous coordinates, it can be expressed in Euclidean space SE(3) by
R t
T= € SE(3), (2.7)

where R € R3*3 and t € R3 denote rotation matrix and translation vector, respectively. A
rotation matrix in 3D space is orthogonal and subject to six constraints, i.e. each column

should be a unit length and should be orthogonal to one another.

In medical image registration, affine transformation is another widely used transformation

model when shears or/and scaling exist between the obtained images. In a 3D space,
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an affine transformation as shown below has twelve DoF which represent translations,
rotations, shears, and scaling:
At

Ty = o1 e R4, (2.8)

Different from the rigid transformation T , an affine transformation only requires A € R3*3

to be an invertible matrix, not necessarily orthogonal. Affine transformation is also called

orthogonal projection.

In the clinic, echocardiography examination can be assisted by the ECG-gating technique
to extract images of the heart at a specified phase in different cardiac cycles, typically dur-
ing diastole when the heart is moving the least [40]. Therefore, most of the deformation of
the heart can be eliminated in these ECG-gated images. In these cases, image registration

can be simplified to rigid registration problems.

2.2.2 Deformable Transformation

There is another group of registration methods that consider much more DoF in the
transformation than rigid/affine ones to take the deformation in images into account,
which is called deformable (non-rigid) registration [41]. Deformable registration has been
a popular topic in recent decades due to its great potential for assisting motion correction,

longitudinal studies, multimodality information fusion, and population studies [41].

2.2.2.1 Free-Form Deformation

B-Spline-based FFD: Free form deformation (FFD) [42] is one of the most widely used
transformation models in non-rigid registration. The idea of FFD is to embed the moving
image into a space and then deform it as the space is deformed. The FFD model has
achieved great success in the medical image computing field since it was coupled with B-
splines [43]. These registration methods use B-spline (usually cubic B-splines) curves that
are controlled by a sparse set of points to define a continuous deformation field. Then, a

moving image can be registered to the fixed image by the deformation field [44].
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(a) (b)

FIGURE 2.1: B-spline based free-form deformation. A three-orthogonal view of a 3D
image shown without control point grid (a) and with control point grid (b). Figures are
from [21].

In Fig. 2.1(a), there is a 3D image displayed by three orthogonal planes and p = [z, 7y, 2] T
is one point position in the image. Suppose N represents a grid of control points (see Fig.
2.1(b)) with uniform control point spacing ¢, and ¢; j » is one control point, B-spline-based

FFD can be described as a tensor product of three one-dimensional cubic B-splines:

3 3
D(p) = Z Z Z/Bl(U)Bm(U)Bn(w)gbi-i-l,j-‘rm,k:-i-n (2'9)

=0 m=0n=0

where i = [2/6] = 1,5 = |y/0] = Lk =[2/0] = Lu=x/5 - [x/0],v=y/d - [y/d] ,w =
z/6 — |2/6] (|-] denotes the floor of a value) and f; represents the [-th basis function of

the B-spline:

B-splines have local supports, which means local deformation can be calculated from only
a couple of surrounding control points [41, 45]. This property is beneficial for local defor-

mation modeling and fast implementation of the B-spline based methods [41, 46, 47].

Embedded Deformation: Based on the FFD model, Sumner et al. [48] proposed an
embedded deformation method in the computer graphics community, which is notable due

to its simplicity, versatility, and efficiency. Embedded deformation defines the deformation
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field with a collection of affine transformations organized in a graph structure and esti-
mates the deformation graph making use of the specified corresponding landmarks of the
embedded object before and after the deformation. Song et al. [49] adopted the method to
reconstruct the surface of soft tissues from 2D laparoscopy images captured with different
deformations. Extracted and matched feature points between moving and fixed images
are used to estimate the deformation in their work. However, such a method relies on the
distinct features in images and discards all other information, which tends to fail when

handling images with few distinct features such as 3D TEE images [9, 41].

2.2.2.2 Demons-based Registration

Demons-based methods are another group of well-known non-rigid registration methods.
Different from the transformation models that are controlled by a set of parameters such
as rigid, affine, and B-spline based FFD, Demons-based registration models are usually
non-parametric, in which a dense displacement field that describes the deformation of each

voxel is computed.

Inspired by Maxwell’s Demons and optical flow equations, Thirion proposed the original
Demons algorithm [50] that considers image registration as a diffusion process and com-
putes the deformation field through iterating between the computation of the Demons
forces and a Gaussian smoothing regularization. Again, suppose that Ir and Iy are two
images, p; is a point in image [ with intensity Ivi(p;), and p; is the corresponding point
in image Ir with intensity Ir(p;), we want to register Iy to Ir. In the original Demons

algorithm, the estimated displacement u(p;) € R3 for p; at the current iteration is:

VIr(p))
IVIp(B)|” + (In(p)) — Ir(B)))?

u(p;) = (Iu(p;) — Ir(P;)) : (2.10)
where VI is the intensity gradient of the image Ir. In Demons-based methods, VIr(p;)
is called internal force originating from the image Iy, which represents the relationship
between the neighboring points in the image Ir. (Im(pj) — Ir(P;)) is called external force,
which represents the difference between the images Iy and Ir. Since (2.10) computes the

displacement based on local image information only, the Gaussian smoothing regularization
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FIGURE 2.2: An example of a U-Net-based registration framework for MRI images.
Figure is from [59].

is an essential step for suppressing noise and preserving the geometric continuity of the

deformed image [51].

Following Thirion’s Demons method, a range of variants were proposed to improve con-
vergence speed and precision [52]. Among these, Vercauteren et al. [53] proposed to search
for the displacement u(p;) in the Lie algebra space and then map it to the space of diffeo-
morphisms through the exponential map to provide diffeomorphic transformations. The
diffeomorphic Demons algorithm [53] that can preserve the topology of the objects achieves
remarkable success in various computational anatomy studies, such as breast CT [54], brain
MRI [55], and lung CT [56]. Since the optical flow model is less constrained than B-splines
and the deformation field is estimated at every voxel which results in an extremely large
number of DoF [57], Demons-based methods can deal with larger local deformation in the

images than B-spline based FFD methods [52, 58].

2.2.2.3 Learning-based Registration

In the past decade, there has been a significant increase in the application of learning-
based techniques in medical image computing and analysis [59, 60]. While learning-based
medical image registration methods have yet to achieve notable advancements in terms of
registration accuracy in comparison to conventional methods, they have attracted a lot of
attention because of their high efficiency after training [59, 60], with the support of high-
performance computational hardware such as GPUs. In the field of learning-based image

registration, encoder-decoder convolutional neural network (CNN) [61], spatial transformer
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FIGURE 2.3: A schematic diagram of STN. U, V, and 8 denote input, output, and learned
transformation parameters, respectively. Figure is from [59].

network (STN) [62], and generative adversarial network (GAN) [63] are three widely used

and fundamental components of medical image registration networks.

The success of machine learning in computer vision is closely linked to the use of CNNs.
This type of network utilizes successive convolution layers to automatically learn multi-
scale features for specific tasks [61]. For medical image registration, U-Net [64] is one of
the most widely used CNN architectures. A classic U-Net network is shown in Fig. 2.2. It
is an encoder-decoder network with skip connections between the encoding and decoding
layers. The U-Net employs several down-sampling layers of the encoder and un-sampling
layers of the decoder to learn features of input images at varying resolutions [64]. Given
its flexibility, U-Net is widely used in most state-of-the-art medical image registration

frameworks [65-67].

In addition, STN [62] is another key component of most learning-based image registration
methods. This type of network learns to spatially transform feature maps in a way that
is beneficial to particular tasks. As shown in Fig. 2.3, STN consists of a localization net-
work, a grid generator, and a sampler. The localization network learns the transformation
parameters from the input. Then, the grid generator uses the learned transformation pa-
rameters to generate a transformation grid. The sampler uses bilinear sampling to sample
coordinates from the input to the output. The entire network is differentiable, enabling

automatic parameter updates during back-propagation. Since the networks learn features



Chapter 2 Related Works 20

/"Moving Image

Deformation

Field
Generator

O
92
Spatial Transform |«

Warped Image

False
m— = Qﬂ @ﬁ —
True

Fixed Image Discriminator

FIGURE 2.4: An example of a GAN-based registration framework for MRI images. The
frameworks combines U-Net, STN, and GAN. Figure is from [59].

in a way that is invariant to rigid and non-rigid transformations, they serve as the basis

for most unsupervised registration algorithms [68-70].

Furthermore, GAN [63] is also a commonly used component of learning-based registration
methods. GANs are the most widely used generative model for data augmentation, image
synthesis, and image-to-image translation. A typical GAN is comprised of two CNN sub-
networks which are called generator and discriminator [63], respectively. The generator
is used to sample from the data distribution and can be used for synthesizing new data.
The discriminator is used to discriminate synthesized samples and real samples to com-
pete with the generator [63]. An example of a GAN-based image registration framework
is shown in Fig. 2.4. When a pair of fixed and moving images are input to the network,
the generator network will predict the warped moving image first and then, the discrim-
inator will evaluate the similarity between the warped image and the fixed image. Since
the discriminator of GANSs provides a novel learnable method to evaluate the similarity
between two images, they have the potential to create learnable and adaptable similarity

metrics, which makes it possible for multimodal image registration [71, 72].
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FIGURE 2.5: Overview of the VoxelMorph. Figure is from [74].

Based on the above three fundamental networks, a variety of supervised and unsupervised
networks are proposed in recent years. While supervised deep learning methods could
allow for fast and robust registration, they either use the results from non-learning-based
methods, the labels created by experts, or the simulated datasets with known deforma-
tion [59, 60, 65, 73] for training the model because ground-truth deformation is usually not
available in real datasets. Therefore, these methods are not only cumbersome for training
but also constrained by the accuracy of the non-learning-based methods and experience

of the experts, and may result in implausible or over-simplified deformation [59].

In [74], an unsupervised learning framework named VoxelMorph is proposed for deformable
medical image registration. Fig. 2.5 is an overview of VoxelMorph which combines U-
Net with STN for 3D brain MRI image registration. It optimizes parameters 6 for a
parameterized registration function gg(-,-) by only using the collected 3D images. The
model learns a common representation that enables the alignment of a new pair of volumes
from the same distribution [74]. The state-of-the-art learning-based method VoxelMorph

has shown comparable accuracy to the non-learning-based methods [74].

While the learning-based methods have computational advantages in the registration
step, they have not demonstrated superior accuracy to traditional non-learning-based
methods[59, 60, 74]. In addition, learning-based methods usually require much time for
training. When processing images from different regions of interest, different patients, or
different imaging modalities, learning-based frameworks usually need to be trained sepa-

rately [59, 60].
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2.3 Pairwise vs. Simultaneous Registration

Most of the registration methods such as B-spline based FFD [46, 47|, embedded deforma-
tion [48], Demons-based registration [53], and VoxelMorph [74] are developed for pairwise
registration. The process involves designating one image as the fixed (or reference) image
and registering the other image (moving image) to the fixed one, such as aforementioned
registration from Iy to Iy in Section 2.1 and 2.2. When more than two images need
to be fused, most of the existing methods obtain the panoramic image based on results
from pairwise registration such as [36, 75, 76]. The advantage of these methods is that
they simplify the whole multiview registration and fusion problem into several pairwise
registration and fusion tasks, which can effectively reduce the computational cost and are

appropriate for the scenarios where fast performance is preferred [49].

The other group of registration methods is simultaneous registration which estimates the
transformations of all local images at the same time. Compared with pairwise registra-
tion, simultaneous registration is still an open problem, especially for 3D images. In [77],
a framework called congealing is proposed, which uses underlying entropic information of
images for alignment. A large number of images are necessary for congealing because the
estimation is done with the information at one location at a time [17]. Therefore, it is not
suitable for situations where the number of images is limited such as 3D TEE that only
captures around six to ten images for each patient. And as [16] pointed out, employing
entropy for congealing is problematic due to its poor optimization characteristics. Simul-
taneous registration methods usually have advantages in accuracy but are commonly used

in offline scenarios where fast performance is not required.

2.3.1 Accumulated Pairwise Estimates

Recently in [17], an accumulated pairwise estimates (APE) method is proposed for simul-
taneous registration. Let xp = {Ty,..., Ty} (T; € SE(3)) denote the global transforma-

tions that map the points from each of the image spaces to the joint image space. APE
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solves the simultaneous registration problem by minimizing the following energy function:

1 2
xr) = Y Fyj(xr) = Do fis ), (2.11)
i#j i#j
where f; ; represents the pairwise similarity measure between local images 7 and j, which

can be designated as SSD, NCC, MI, et al.

From (2.11), we can see that APE may have a problem with information reuse since the
overlapping areas are taken into account in the objective function multiple times, which
also increases the extra complexity in the optimization. For example, suppose there are
m images, APE considers all pairwise combinations of images, i.e. (m(m — 1)/2) pairs of

images [78], in the optimization.

2.3.2 Bundle Adjustment

Bundle adjustment (BA) [18] is regarded as the gold standard for obtaining optimal global
scene points and poses of an imaging sensor at different viewpoints from multiple 2D images

in the computer vision community.

Suppose we have an initial estimate of the scene points {p]} _, and sensor’s poses {&;};,
and p;; is the projection of a scene point p; to the imaging plane of the sensor at the i,

position, the reprojection error is defined as

€ij (&, pj) = |pij — 7 (&, 05)]] (2.12)

where 7(-,-) is a function that projects the scene point p; to the imaging plane of the iy,

sensor position.

Given initial values of the pose parameters and scene points, we may refine the results of

them by minimizing the sum of squared reprojection errors of (2.12), i.e

{Ez,Pg} = argmlnzz pzy ZJ 52»17]) (2'13)

Z?pj i=1 j=1
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where o(p;;) = 1 if the p; is observed by the sensor at 4y, position, otherwise o(p;;) = 0.

(2.13) is a classical formulation of the BA problem.

Please note, most of the BA algorithms are feature-based, which require finding feature
correspondences between the scene points and their projections prior to the BA optimiza-
tion. Importantly, the goal of classical BA methods is to refine the positions of scene points
and poses of the sensor based on the 2D images [19, 20] instead of image registration and
fusion. To our best knowledge, there is no BA method that can be used for multiple 3D

image registration and fusion.

2.4 Chapter Summary

In this chapter, we reviewed works that are related to medical image registration and fusion
from three perspectives, namely feature-based and intensity-based registration methods,
rigid and deformable registration methods, and pairwise and simultaneous registration
methods. Widely used and state-of-the-art registration methods such as B-spline based
FFD [46, 47], embedded deformation [48], Demons-based registration [50, 53], VoxelMorph
[74], and bundle adjustment [18] are introduced briefly.

In the remaining thesis, five frameworks for 3D image registration and fusion will be
presented to extend the FoV of 3D TEE images in rigid or deformable scenarios. They are
divided into two parts: Part I involves two frameworks deduced from pairwise registration,
which are used for rigid and deformable scenarios, respectively. Part II involves three
simultaneous registration and fusion algorithms in which the first two are used for rigid

scenarios and the last one is used for deformable scenarios.



Part 1

PAIRWISE REGISTRATION
AND SEQUENTIAL FUSION

25



Chapter 3

Fast Direct Ultrasound Fusion for
3D Transesophageal
Echocardiography

In this chapter, we present our first framework that extends FoV of 3D TEE images effi-
ciently by combining pairwise registration with sequential fusion to fuse multiview images.
Cardiac motion (deformation of the heart) is avoided in the obtained in-vivo 3D TEE
images by using ECG-gating technique. Since 3D TEE images lack distinct features, the
proposed framework is completely based on the intensity of the obtained images to cir-
cumvent the feature extraction and matching processes used in conventional feature-based
registration methods. Our registration is solved in the Lie algebra space and its fast im-
plementation is realized by directly searching the corresponding three orthogonal planes
in the whole voxel spaces of the fixed and moving images. In addition, an intuitive and
efficient weighted-average fusion method is proposed to fuse the aligned 3D images seam-
lessly. For multiple 3D TEE images, a sequential fusion strategy is used to obtain the
globally consistent image and poses. Monte-Carlo simulations and in-vivo experiments are
performed to validate our algorithms systematically. Based on the fused in-vivo images,
segmentation and 3D printing are performed. For the first time, the whole LA with both

the TAS and LAA in a single model is segmented successfully. This work shows good

26
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Input Sequential Registration and Fusion Output

FIGURE 3.1: Overview of the direct 3D ultrasound fusion framework.(Remark: 3D TEE
images are shown via 2D slices.)

potential in practice to overcome the drawback of small FoV of 3D TEE, expanding the
clinical utility of 3D TEE.

3.1 Methods

The overview of the entire framework is illustrated in Fig. 3.1. Multiview 3D TEE images
are acquired with the assistance of ECG-gating. A sequential strategy is used to register
and fuse the collected images. Suppose there are m frames of 3D TEE images, the global
(panoramic) image I, is initialized by the first frame of image and is designated as the fixed
image for a new coming image I;. Relative pose from I; to I, is calculated by the proposed
direct registration method. After registering I; to I,, they are fused together by using the
proposed weighted-average 3D fusion method. Then, the fused image I is used to update
the global image I, and designated as the fixed image for the next coming image. The
same processes are performed repeatedly until all images are fused. The system centers

on the direct registration method and the 3D fusion method.

3.1.1 Direct Registration

3.1.1.1 Formulation of the Registration Problem

To fuse 3D TEE images captured from different viewpoints, one key step is to align the

image data. Since the ECG-gating is used, the process of registration can be simplified to
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FIGURE 3.2: Schematic diagram of direct registration for two 3D images.

estimate the rigid transformation (pose) between 3D TEE images.

Let p; represent the coordinates of a point in the heart, which is shown in Fig. 3.2. pgy;
and p;; are the projections of p; in the global image I, and the local image I;. Since pgy;
and p;; are in different image spaces, they should be transformed to the same coordinate
system before fusion. We estimate the pose from image I; to I, in Lie algebra space.
Suppose the pose parameters are denoted by the vector elements of Lie algebra &7 € RS.

A rigid transformation is formally defined as follows:

Py = T(&))pis', (3.1)

where T'(-) € SE(3) maps the pose parameters &/ to a rigid transformation matrix in

Euclidean space SE(3) [79]. A rigid transformation matrix is shown in (2.7).

Assuming that the intensity value of an image [ is a function w.r.t. the local coordinates

of voxel p, the intensity difference of p;’s projections in I; and I, can be written as:

ej(&]) = Li(pij) — Iy(pg;)- (3.2)

During the process of optimization, pgy; is calculated from p;; by using (3.1).

In (3.1), while py; and p;; should be homogeneous coordinates, we implicitly perform the conversion
between 3D Euclidean coordinates and homogeneous coordinates in this thesis when the meaning is clear
from the context.
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Suppose n spatial points of the heart are observed in both I, and I;, we estimate the relative

pose from I; to I; by minimizing the sum of squared intensity differences as follows,

! = argmin ) _ [le; (&7)]° (33)

& j=1
3.1.1.2 Solving the Optimization Problem

In (3.2), only the term Iy(py;) is dependent on &7. According to the chain rule, the

derivative of intensity difference e;(£7) w.r.t. pose parameters &/ can be written as:

Oe; (&7 0l, Opgy;
(e = gt - 2Py (3.4

It is found from (3.4) that the derivative consists of two parts:

1) The first part 01,/0py; is the partial derivative of intensity I, w.r.t. the coordinates

of point pgy;.

2) The second part dpy;/0&7 is the derivative of py; w.r.t. Lie algebra &7.
Assuming that the coordinates of p,; are [z,y,2]", then

1 00 O z -y
= [I\ —pgj} =010 -2 0 =
001 y —x 0

Opg;
o€}

The overall intensity differences over n voxels can be built as a collection of e;(&7), i.e.
e(&) = le1(&Y), ...,en(€7)]T. The Jacobian matrix of intensity differences e(¢7) w.r.t. &7

can be built as a collection of .J;(&7), i.e. J(¢7) = [J](&7),..., ] (€)]T.

Gauss-Newton (GN) method [80] is commonly used to solve nonlinear least-squares (NLLS)
problems like (3.3). By using the GN method, the optimal solution ézg of objective function
(3.3) can be obtained by starting with an initial guess & and iterating with T'(&7) «+
T(AEY)T(€7). The step change A& can be calculated from GN equation:

J(ENT(EHAE! = —TT(€7)e(&)). (3.5)
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Full image Three orthogonal planes

FiGUrE 3.3: Full image vs. three-orthogonal-plane image.

After the optimal solution of the relative pose é’f is obtained, I; can be registered to I, by

transforming all of its voxels using (3.1).

3.1.1.3 Efficient Implementation Based on Gradient Space and Orthogonal

Planes

Since a 3D TEE image generally contains millions of valid voxels, calculating all these
voxels is time-consuming and needs many computation resources. In order to estimate the

poses of images efficiently, the following two strategies are used.

Pre-computation of Gradient Space: According to (3.4) and (3.5), calculating 01,/0py;
is an important but computationally costly step in the process of GN iterations. Since
this calculation is based on the fixed image, we can pre-compute the gradient space of
intensity of the fixed image before the iterations. And then, the gradient value at any
voxel point can be read directly from the gradient space, which means there is no need for
any calculation of the first part in Jacobian (3.4) during GN iterations. This strategy can
greatly improve the effectiveness of computation. In addition, the intensity and gradient
value of voxels are interpolated using trilinear interpolation to reduce the error of pose

estimation, which are also processed before the iterations.

Simplification by Using Three Orthogonal Planes: In order to reduce the com-
putational time of pose estimation, we simplify the method by using voxels from three
orthogonal planes instead of a full image, which is shown in Fig. 3.3. For the sake of dis-
tinction, pose estimation by using three-orthogonal-plane voxels and full image are called

the three-plane method and full-image method respectively in this chapter. To verify the
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Algorithm 1: Direct Method for Pose Estimation
Input: Fixed image I, and a moving image I;.
Output: Relative pose between two images.
Step 1: Pre-computation:
Calculate mask matrices maskl and mask2 for I, and I;, respectively;
Calculate gradient space of intensity of Ig;
Interpolate intensity/gradient space of Iy;
Step 2: Optimization:
Initialize the pose &7 < &o;
while Algorithm not converged do
for every voxel p;; in valid areas of mask2 do
pgj = T(&])pij;
if py; is in valid areas of maskl then
Calculate intensity difference e;(&7) by (3.2)
Calculate Jacobian J;(&7) by (3.4);
end

end

Construct J(&]) = [J; (&)), ..., J; (€))] and e(&]) = [e1(£)), ..., en(€))] T
Calculate step change A¢&Y via (3.5) ;

Update the pose T'(&7) « T(AE7)T(&7);

end

effectiveness of this strategy, pose estimation by using three-orthogonal-plane voxels and

full image are compared in Section 3.2.1.1, 3.2.1.2, and 3.2.2.1.

In Fig. 1.1, it is shown that the valid area of a TEE image is fan-shaped (for 2D image)
or pyramid-shaped (for 3D image) and the rest area of a cuboid TEE image is black (i.e.
intensity value is 0) which is invalid for pose estimation. Therefore, we create mask matri-
ces to block these invalid voxels at the preprocessing stage to speed up the computation.

The steps of pose estimation via GN method are shown in Algorithm 1.

3.1.2 3D Fusion

Although some sophisticated fusion methods such as wavelet-based methods [81] may get
the fused images with higher quality, they involve several time-consuming steps such as
multiresolution analysis, subband decomposition, and are not easy to realize fast perfor-

mance, especially when it comes to 3D volumes. By contrast, image-average methods
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coordinate

(a) (b)

FIGURE 3.4: (a) A 3D image is denoted in three different formats along different axes in
the image coordinate system; (b) Weights for 2D slices fusion.

are computationally efficient without any information analysis. Therefore, we propose a

weight-average 3D fusion method to fuse the aligned images.

Suppose I; is the transformed image of I; after registration, it can be viewed as a collection
of 2D slices stacked along different axes in the image coordinate system, i.e. I = {fiy =

{f¥=} = {f}7}, which is shown in Fig. 3.4(a). Similarly, I, can also be denoted in this
way: Ip = {fga} = {f35} = {fac }-

In order to fuse 3D images, corresponding slices are fused first along x, y, and z axis
respectively. For any two corresponding 2D slices fgd and f;7, the fused image fq’ can

be calculated by:

ga () (u,v) € fod
Ja¥ (u,0) = wy fod (u,v) 4+ wi 22 (u,v)  (u,0) € (Fod N FEY) (3.6)
fia (u,v) (u,0) € f3;
where wyg = |u — u4|/|ug — u;| and w; = 1 — wy. (u,v) are the coordinates of voxels in

the corresponding 2D slices. u4 and u; are the upper and lower boundaries of overlapping
areas of 2D slices. This method uses the distance from points to the boundaries of the
overlapping area as weights, which is illustrated in Fig. 3.4(b). f* and f¢* along y and

x axes can also be calculated in a similar way as (3.6).
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After three fused 3D images I, = {f3"}, I, = {f{*}, and I, = {f¢*} are obtained, the

final fused 3D image I is calculated by:

I=(,+1I,+1.)/3. (3.7)

3.2 Experiments and Results

In this section, simulated and in-vivo experiments are performed to validate our method

in terms of accuracy, robustness, and efficiency.

3.2.1 Simulated Experiments

Based on the simulated datasets, this section starts with the validation of the proposed
solution to the optimization of our direct registration method, followed by detailed assess-

ments of the accuracy and robustness of the proposed three-plane method for registration.

3.2.1.1 Effectiveness of Registration

Many intensity-based registration methods use numerical Jacobian in the optimization
process, which makes the solving process sensitive to initial guess and hard to converge.
Thus, image pyramid is usually used to guide the optimization process. One example
is the built-in function imregtform in the MATLAB Image Processing Toolbox. The
function can estimate the relative pose between two input images and specify mean squared
difference as similarity metric, which is similar to the proposed method. But different
from the analytical expression of Jacobian used in our optimization process, imregtform
uses numerical method combined with image pyramid. The function imregtform has been
optimized to have excellent performance in MATLAB so the proposed method is compared

with it to verify the effectiveness of our method in this section.

Since volumes with the pyramidal FoV like Fig. 1.1 have a large number of invalid voxels
whose intensity values are zero, directly applying imregtform to such images will make

the function try to align these invalid areas and obtain wrong results. Thus, simulated
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FI1GURE 3.5: I; and I are images cropped from 3D heart CT scan. After adding Gaussian
noise to these two images, corresponding noisy images I1* and Iy* are obtained.

images without invalid voxels are used to compare our method with the MATLAB function
imregtform. Two cuboid 3D volumes are cropped from a 3D heart CT scan and denoted
as I; and Iy , as shown in Fig. 3.5. The intensity of CT scan has been adjusted to a
range of 0 — 255 before cropping to make it in line with in-vivo ultrasound images. The
volume size of two images is set as 200 x 200 x 150 voxels to make them have roughly
the same number of voxels as real 3D TEE images. The transformation from I5 to Iy is

[7/36,7/36,7/36]" rad for three rotations and [5,5,5]" pixels for three translations.

Speckle noise is an inherent property of medical ultrasound imaging [82-84]. It is an
interference effect caused by the scattering of the ultrasonic beam from microscopic tissue
inhomogeneities. Speckle noise generally results in the change of intensity of images,
thereby influencing the robustness of the direct method. In commercial ultrasound imaging
systems, logarithmic compression is usually applied to the envelope detected image so that
multiplicative speckle noise is converted into a kind of additive noise and is close to white
Gaussian distribution [84-86]. An obtained image after compression can be described by

the following mathematical model [84]:

g(l’,y,z) :f(z,y,z)—l—u(:r:,y,z), (38)
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FI1GURE 3.6: Comparison of the convergence and accuracy of the proposed method and
MATLAB function imregtform (one-level image pyramid, maximum 100 iterations).

where g(z,y, 2), f(z,y, z), and u(x,y, z) denote the observed image (with noise), the orig-
inal image (without noise), and speckle noise after logarithmic compression respectively.
(x,y, z) represent coordinates of voxels. We use the ratio of standard deviation of the
added intensity noise to standard deviation of the intensities of an image to define the
noise level. According to model (3.8), five levels of white Gaussian noise (WGN) are
added, with ratios of 5%, 10%, 15%, 20%, and 25%, respectively. For each level of inten-
sity noise, ten pairs of noisy images are generated based on I; and I5. Finally, we obtain

a dataset with a total of 51 pairs of images (including the pair of I} and I2).

Firstly, the accuracy and convergence of the proposed solution to the optimization of
our method are validated. The default configuration of imregiform using regular step
gradient descent optimizer is as follows: the maximum number of iterations of each level
of image pyramid is 100, the minimum step length of algorithm convergence is 1072,
and the initial value of the algorithm is set as the identity matrix. Since the proposed
method does not require the image pyramid, the pyramid level of imregtform is specified
as one level with the maximum number of iterations 100 for comparison. And accordingly,
the same configuration of the maximum number of iterations, minimum step length, and
initial guess is set in the proposed method. Full images are used in both imregtform

and the proposed registration method for evaluating the accuracy and convergence of
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the optimization. Mean absolute errors (MAE) of translations and rotations against the
ground-truth poses are compared in Fig. 3.6 (comparisons of the accuracy of the proposed
method with full image and three-orthogonal-plane image are detailed in Section 3.2.1.2
and 3.2.2.1). It is shown that none of the results obtained by imregtform can converge
to the accurate result even if the function reaches the maximum number of iterations.
But the proposed method can always obtain the accurate results at different noise levels.
For further comparison, we configure the function imregtform with an image pyramid with
three levels (100 iterations for each level) and perform all the experiments again. Compared
with the configuration with one level of pyramid which uses original images directly, when
imregtform is configured with a three-level image pyramid, it employs a coarse-to-fine
registration strategy: firstly, the algorithm generates two more pairs of images by halving
the resolution of the original images each time and constructs a three-level coarse-to-fine
image pyramid. Then, the algorithm starts the registration from the coarsest image level
and takes the result as the initial value of the next level of image registration. The process
continues until the highest resolution images, i.e. the input original images, are registered.
It is found that imregtform configured with a three-level of image pyramid can obtain
almost the same accurate results as our method that uses original images directly. The
MAE of translations are all less than 0.1 pixels and MAE of Euler angles are within a

1073 order of magnitude radians.

Additionally, in terms of convergence, we found that the proposed solution to the optimiza-
tion of our method can converge to accurate results quickly not only when using the full
image but also the three-plane image, but MATLAB function imregtform usually needs to
reach the maximum number of iterations in the optimization process. For example, when
using the images with 20% intensity noise, the optimization process of imregtform and the
proposed method with full image and three-plane image is shown in Fig. 3.7 (imregtform

uses an one-level image pyramid with the maximum number of iterations 100).

Secondly, the efficiency of the proposed strategy of using a three-plane image in the op-
timization is validated. The computational cost of the proposed three-plane method is
compared with the MATLAB function imregtform for estimating the poses of the above
51 pairs of simulated images. All experiments are tested on the same computer (Intel

Core i7 processor, 8th generation @ 4.2 GHz, 16 GB RAM) and the computational cost
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FI1GURE 3.7: Comparison of the iterative process of imregtform and the proposed method
with full image and three-plane image (one-level image pyramid, maximum 100 iterations).
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F1GURE 3.8: Comparison of the computational cost of the proposed tree-plane method
and MATLAB function imregtform (three-level image pyramid, maximum 300 iterations).

is shown in Fig. 3.8. The mean computational cost of the pose estimation is 2.7s for the

proposed three-plane method and 126.7s for the MATLAB imregtform.

From the above results, it is evident that compared to the conventional pairwise registra-
tion method like imregtform that uses numerical optimization combined with hierarchical
strategy, the proposed registration method can converge to accurate results with fewer it-

erations. And using voxels on three orthogonal planes is an efficient way to implement our
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F1cUre 3.9: 3D CT image of the heart and the simulated 3D TEE image sequence.

algorithm. In the following parts of the chapter, the proposed direct registration method

will be validated in detail in terms of accuracy and robustness.

3.2.1.2 Three-orthogonal-plane Approximation vs Full Image

In Section 3.2.1.1, we have shown that the full-image method has higher accuracy and
better convergence than conventional intensity-based methods like imregtform without
using the image pyramid. In this section, poses calculated by the three-plane method are
compared with those calculated by the full-image method to evaluate the accuracy of the

three-plane method.
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F1GURE 3.10: Overlapping rate of the valid image area of each frame w.r.t. Frame 0.
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Similar to Section 3.2.1.1, we generate simulated 3D TEE images by firstly cropping images
from the 3D heart CT scan (see Fig. 3.9), and then adding WGN to them. First, the valid
image area of a 3D TEE image shown in Fig. 1.1 is deleted to get a frame as our ‘viewfinder’.
Then, an image sequence with 41 frames of 3D images is obtained by transforming the
‘viewfinder’ to the same coordinate system as the 3D heart CT scan with various poses
and cropping the corresponding image areas, which are shown in Fig. 3.9. The magnitude
of these transformations varies between [0, 27 /15] rad for three rotations and [0, 25] pixels
for three translations. Frame 0 is in the same global coordinate system as the 3D heart
CT scan. The overlapping rate of each frame w.r.t. Frame 0 changes as the pose changes,
which is shown in Fig. 3.10. It decreases with fluctuation from Frame 1 to Frame 40.
The overlapping rates of Frame 1-29, Frame 31-32, and Frame 36 w.r.t. Frame 0 are more
than 50%, but those of the rest eight frames w.r.t. Frame 0 are less than 50%. Finally, by
adding five levels of intensity noise (5%, 10%, 15%, 20%, and 25% intensity noise) to the
41 frames of images, a total of six sequences of simulated 3D TEE images with different

levels of noise are obtained (including the image sequence without adding intensity noise).

Algorithm 1 is performed to minimize (3.3) and the initial guesses of poses of the images
are given by adding an offset to the ground-truth poses ([7/60,7/60,7/60]" rad to three
rotations and [8,8,8]" pixels to three translations). For each mnoise level, relative poses
between the last 40 frames and Frame 0 are calculated by using the full-image method and
three-plane method, respectively. The MAE of translations and rotations are compared
respectively in Fig. 3.11. From the results, it is found that both the full-image method
and the three-plane method can obtain results that are the same as the ground-truth poses
when there is no intensity noise. The accuracy of the results obtained by both methods
decreases with the increase of the noise level, but errors are still within a relatively small
range. For the results of the rotation part, both methods can converge to results with
high accuracy. For the results of the translation part, MAE of the full-image method
are within 0.2 pixels and most of the MAE of the three-plane method are within 1 pixel.
According to the distribution of the translation and rotation errors, the accuracy of pose
estimation of the two methods is close for most of the cases. Further investigation finds

that large differences in results between the three-plane method and the full-image method
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FIGURE 3.11: The accuracy of the full-image method and the three-plane method: (a)
and (b) are the MAE of the estimated translations and Euler angles, respectively.

are mainly caused by the reduction of the overlapping rate. The detailed results of errors

w.r.t. the overlapping rate will be shown in Section 3.2.1.3.

While the accuracy of the three-plane method is influenced by big noise and small overlap,
it is still promising to use the method in actual situations. First, an ultrasound transducer
can be controlled in practice by operators to avoid large rotations and translations between
two consecutive imaging positions. In our in-vivo datasets, overlapping rates between
consecutive images are more than 50%. In addition, for 3D TEE, it is possible to avoid
main artifacts that affect the obtained images in the imaging stage [87]. Importantly,
the number of voxels used for calculation in the three-plane method is around 1/45 of all
voxels, which is very beneficial for fast registration when compared with the full-image
method. Therefore, in the following sections of simulated experiments, we will only focus

on the three-plane method.

3.2.1.3 Robustness Assessment via Monte-Carlo Simulation — Intensity Noise

In Section 3.2.1.2, the results indicate that the intensity noise and overlapping rate can
influence the accuracy of pose estimation. In this section, detailed tests are performed to

assess the influences on the three-plane method.
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For each sequence with added intensity noise mentioned in Section 3.2.1.2, i.e. those with
5%, 10%, 15%, 20%, and 25% intensity noise, we generate a total of 10 sequences of images
with the same level of intensity noise and then apply the three-plane method to them for
poses estimation. We perform a total of 2000 runs of our algorithm with different intensity
noises and the MAE of poses for each noise level are shown in Fig. 3.12. We can see it
more clearly from Fig. 3.12 that both intensity noise and overlapping rate can influence
the accuracy of the results. With the increase of intensity noise, the accuracy of the results
obtained by the three-plane method starts to decrease. For the accuracy of rotations, even
if they are influenced by intensity noise and overlapping rate, the errors of Euler angles
still maintain a 103 order of magnitude radians. For the accuracy of translations, the
MAE of most of the translations are within 1 pixel. Big errors usually appear when the
images have relatively small overlapping rates, such as the last few frames of images in each
sequence which only have 35-45% overlap. It can be seen from Fig. 3.12 that translation
errors of Frame 34, 35, 39, and 40 whose overlapping rates are below 50% are larger than

other frames in the same noise level.

The results presented in Fig. 3.11 and Fig. 3.12 indicate if we continue to increase the
intensity noise, the performance of the algorithm will decrease further. However, it is
worth noting that the proposed method exhibits robustness to the intensity noise within a
wide range. In fact, the method consistently converges to accurate results when intensity
noise is less than 25%, especially when the overlapping rate surpasses 50%. This finding is
instructive for practical applications because clinicians can easily control the overlapping
rate of consecutive frames in 3D TEE examinations to be greater than 50% to obtain high

accurate registration results.

3.2.1.4 Robustness Assessment via Monte-Carlo Simulation — Initial Guess

For a direct method, a good initial guess of pose is usually important for the algorithm’s
convergence and speed. In Section 3.2.1.2 and Section 3.2.1.3, initial guesses are given by
adding an offset to the ground-truth poses. Here, the tolerance of the proposed method
to the initial guess is tested. To eliminate the influence of intensity noise, in this section,

experiments are performed without adding intensity noise. Excluding the eight frames of
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FIGURE 3.12: Robustness test of the proposed method to intensity noise via Monte-Carlo
simulation: MAE of the poses under five levels of intensity noise.

images whose overlapping rates with frame 0 are less than 50%, we conduct tests on the

remaining 32 frames.

Different levels of zero mean uniformly distributed noises are added to the ground truth of
the relative poses. We separately add noise to the Euler angles of rotations and translations
to test the influence of initial guess on the convergence of the algorithm. In order to add
noise quantitatively, the uniformly distributed vector is normalized to a unit vector first,

and then it is added to the ground-truth pose by multiplying different amplification factors:

0" =0+ ka
(3.9)
t“=t+ kgﬁ

where 8 and t are 3 x 1 vectors of Euler angles and translations of the ground-truth
pose respectively. 8* and t* are the simulated Euler angles and translations of the initial
pose. a and B are zero mean uniformly distributed vectors that have been normalized,
respectively. k1 and ks denote the amplification factors which represent the noise level. kq

is set from 7 /180 radians to 107 /180 radians and k9 is set from 1 pixel to 10 pixels.

By adding ten levels of noises to the ground truth of 32 relative poses and performing

ten runs of the pose estimation algorithm for each noise level, we perform a total of 6400
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runs of the algorithm with different initial guesses. The percentages of convergence and

un-convergence of the experiments are shown in Fig. 3.13.

From the results, it is found that the proposed method is also robust to the error on initial
guess in a wide range. With the same length of noise vector, the algorithm has a higher
tolerance to translation error than Euler angle error. When only adding noises to Euler
angles, more than 60% of runs can converge to the ground truth even if the noise is up
to 0.175 radians (equal to 10 degrees) in three directions. And when only adding noises
to translation, more than 80% of runs can converge to the ground truth when translation

noise is up to 50 pixels in three directions.

3.2.2 In-vivo Experiments

In this section, in-vivo experiments are performed to validate the proposed methods. In-
vivo datasets for the experiments are collected from nine patients using an iE33 ultrasound
imaging system (Philips Medical Systems) equipped with an X7-2 real-time 3D transducer.
A 3D ultrasound transducer can generally record a sequence of 3D TEE images with
different deformations at one position. By moving the transducer, multiple sequences of

3D TEE images can be acquired from one patient. We collect a total of 76 sequences
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F1GURE 3.13: Robustness test of the proposed method to initial guess via Monte-Carlo
simulation: the percentages of convergence and un-convergence with 10 levels of noise of
initial guesses.
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TABLE 3.1: Details of the Nine In-vivo ECG-gated Datasets

. No. Volume size Resolution FoV
Patient -
volumes (voxel) (mm/voxel) | w.r.t original

# 1 9 240x160x208 | 0.69x0.98x0.73 2.22
# 2 6 240x160x208 | 0.77x1.11x0.82 2.05
#3 6 240x160x208 | 0.64x0.92x0.68 1.82
#4 8 272x208x%208 | 0.63x0.90x0.68 2.09
#5 6 272x208x208 | 0.58x0.87x0.63 2.01
#6 17 336x224x208 | 0.69x0.72x0.77 2.04
#7 5) 336x224x208 | 0.55x0.83x0.63 1.70
# 8 8 272x224x208 | 0.72x1.02x0.78 1.83
#9 11 272x224%x208 | 0.54x0.77x0.58 2.13

of TEE volumes from nine patients and accordingly, 76 ECG-gated TEE volumes are
extracted from the sequences with the assistance of ECG-gating. The movement of the
transducer between consecutive positions is controlled within [-50, 50] mm and [-10, 10]
degrees range to ensure that the overlapping rate between images collected at consecutive
positions is more than 50%. In addition, ultrasound parameters of the imaging system are
fixed during each collection. The details of the ECG-gated datasets are listed in the first

four columns of Table 3.1.

3.2.2.1 Three-orthogonal-plane Approximation vs Full Image

Here three-plane method and full-image method are also compared by using the dataset of
patient # 6. Since the ground truth of relative pose between frames in in-vivo experiments
is unknown, initial guess is given by using a feature-based algorithm SIFT3D which is
proposed in [31]. Although there are many mismatches or very few of extracted points
when using SIFT3D in our 3D TEE images because of the lack of distinct features, it is
proved in practice that the method is useful for getting an effective initial guess for our
direct registration method. And in the in-vivo experiments, accuracy and convergence of
the proposed method are determined according to the minimum step size and objective

function value.

Given the fact that the ground truth of relative pose is unknown in in-vivo experiments

and the results from full-image method are arguably the best results one can get for the
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FIGURE 3.14: Mean absolute relative errors of the three-plane method w.r.t. the full-
image method.
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FIGURE 3.15: Four pairs of images with large mean absolute relative errors (Experiment
3,4,5, and 9 in Fig. 3.14) are fused. For the same pairs of images, relative poses are
estimated by full-image method and three-plane method respectively.

proposed optimization problem, comparisons are performed by calculating mean absolute
relative errors of three-plane method against the results from the full-image method. 10
experiments with different pairs of images are performed and mean absolute relative errors
are shown in Fig. 3.14. From the results, it is found that the relative errors are larger than
our simulated ones but still relatively small. One important reason is that although in-vivo
data are acquired with ECG-gating, they still contain some deformation of the heart which
could bring in errors. In addition, since the ground truth of relative poses between frames
is unknown, mean absolute relative errors of three-plane method are calculated w.r.t. the
poses obtained by full-image method. However, poses estimated by full-image method
also contain errors which may enlarge the relative errors. To further assess the results of

three-plane method, four pairs of images with large relative errors (Experiment 3, 4, 5,
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FIGURE 3.16: Robustness test of the proposed method to initial guess via in-vivo data:
the percentages of convergence and un-convergence with 10 levels of noise of initial guesses.

and 9 shown in Fig. 3.14) are aligned firstly by using the poses estimated by full-image
method and three-plane method respectively. Then, the aligned images are fused by using
the proposed 3D fusion method. Comparisons are shown in Fig. 3.15. As we can see
from the fused image, the results of full-image method and three-plane method are almost

identical.

3.2.2.2 Robustness Assessment to Initial Guess

Based on the results of pairwise registration performed on the in-vivo 3D TEE images
of patient # 6, robustness of the proposed three-plane method to initial guess is tested
again. Ten pairs of 3D TEE images are used. Similar to Section 3.2.1.4, ten levels of
noise are added to the Euler angles and translations of the poses, respectively. ki is set
from 7/180 radians to 107/180 radians and ks is set from 1 pixel to 10 pixels. For each
level of noise, ten runs are performed. We perform a total of 2000 runs of our algorithm
with different initial guesses and the percentages of convergence and un-convergence of the

experiments are shown in Fig. 3.16.

Very similar to the results in Section 3.2.1.4, the proposed three-plane method is robust

to different initial guesses in a wide range. With the same length of noise vector, the
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algorithm has a higher tolerance to errors in translation than errors in Euler angles. When
only adding noises to Euler angles, more than 55% of runs can converge to the same results
even if the noise is up to 0.175 radians (equal to 10 degrees) in three directions. And when
only adding noises to translation, more than 65% of runs can converge to the same results

when translation noise is up to 50 pixels (around 35 mm) in three directions.

3.2.2.3 Comparison with PCA-based Registration

To verify the accuracy of the proposed three-plane method, the algorithm is compared
with a state-of-the-art PCA-based method [38] for pairwise registration. The PCA-based
method has shown superior performance in accuracy and computational efficiency to con-
ventional intensity-based methods [38]. In the experiments, twenty pairs of 3D TEE images
from the nine patients are registered by using the three-plane method and the PCA-based
registration methods, respectively. Same as [38], we use two sequences of in-vivo 3D
TEE images observed from different viewpoints as the inputs of the PCA-based registra-
tion method to estimate the relative pose of the transducer between these two positions.
Each sequence of the images within one cardiac cycle are identified with the assistance
of ECG-gating. The inputs of the proposed three-plane method are two ECG-gated im-
ages extracted from the corresponding two sequences. In the experiments, two algorithms

started from the same initial poses.

Analyzing the accuracy of a registration algorithm based on in-vivo datasets is complex
because the ground-truth poses are usually not available. If images are aligned using the
estimated poses, visually we can confirm that the stitching areas of the aligned images
should be smooth and without misalignment if the poses are accurate. To assess the
accuracy of calculated poses, ECG-gated images are aligned with the poses estimated
by the PCA-based method and our method, respectively. From the comparisons, it is
found that the aligned images based on the poses from the two methods are almost the
same for most of the cases with a smooth transition. However, since the PCA-based
registration includes the deformation of the heart in the cardiac cycles, in some cases,
apparent misalignments are found in the images aligned with the poses from the PCA-

based method. Four examples are shown in the upper row of Fig. 3.17. On the contrary,
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F1GURE 3.17: Four pairs of aligned images based on the PCA-based method and three-
plane method are shown in the upper and bottom row, respectively. The same stitching
areas are indicated by the rectangular boxes on images.
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F1GURE 3.18: The fusion process of in-vivo 3D TEE images from patient # 6. The FoV
of the final fused image is 2.04 times larger than the first volume.
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no obvious misalignment is found from the results obtained by the proposed three-plane
method. In the bottom row of Fig. 3.17, four results obtained by the proposed three-
plane method show accurate alignment and smooth transition. Comparisons indicate the
overall accuracy of the proposed method outperforms the PCA-based method. In addition,
it is found from the experiments that mean computational cost of one iteration for the
PCA-based method is 81.1 s, while the mean computational cost of one iteration for the

proposed three-plane method is only 40 ms using the same computer.
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FI1GURE 3.19: Comparison of original single frame of in-vivo 3D TEE image with fused
3D image using the proposed algorithms.
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3.2.2.4 Image Fusion of In-vivo Data

In this section, we apply the three-plane registration method and the 3D fusion method
to the 76 ECG-gated 3D TEE images captured from nine patients to conduct the final
validation. The sequential fusion strategy is used to fuse the images into the panoramic
image one by one for each dataset. The fusion process of the in-vivo 3D TEE images of
patient # 6 is shown in Fig. 3.18. With the continuous fusion of the images, the FoV
of the global image is enlarged gradually. By counting the number of voxels, it is found
that the FoV of the final fused image is 2.04 times larger than the original one’s. In
Fig. 3.19, 3D TEE images of patient # 1, # 2, # 3, # 4, # 5, # 7, # 8, and # 9
are fused respectively and the final results are compared with the original single frame of
images. The comparisons show that the FoV in the fused images is significantly enlarged.
In addition, no ghosting or misalignment is found from the fused images, which indicates
the images are aligned accurately using the estimated poses and fused with good quality.
By counting the number of voxels, it is found that the FoV of the fused images is enlarged

to 2.22, 2.05, 1.82, 2.09, 2.01, 1.70, 1.83, and 2.13 times as compared with the FoV of
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FIGURE 3.20: (a) Fused image is segmented manually; (b) a, b, ¢ are segmented regions
of interest and d is a 3D printed model.

the original single frame of TEE image of # 1, # 2, # 3, # 4, # 5, # 7, # 8, and # 9

respectively. The results are listed in the last column of Table 3.1.

In the process of data collection, we fixed the ultrasound parameters in the imaging system
to avoid the need for additional processing of the data in our method. From the perspective
of the algorithm, artifacts or operations which significantly change the appearances of
the TEE images, such as big ultrasound imaging artifacts or adjusting gain in a wide
range during the data collection, should be avoided since they may affect accuracy and
robustness of the proposed method. But the operations that change the spatial resolution
such as adjusting FoV or depth may not affect the algorithm since captured images can

be converted to the same resolution with the known scale.

3.2.3 Clinical Applications of 3D TEE Fusion and Further Processing

Achieving a wider FoV in 3D TEE imaging has important clinical applications. In the
planning of most cardiac surgery and intervention such as the LAA occlusion, it is crucial
for cardiac structures of interest to be observed in a single image for a complete analysis
of the spatial orientation of these structures. Limited by the FoV of standard 3D TEE,
the TAS, LAA, and the mitral valve can hardly be imaged in their entirety as a single
volume. Our techniques of direct 3D TEE fusion allow visualization of all these cardiac
structures in a single volume, allowing measurement of distances and angles related to

these structures, similar to CT and MRI.
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Compared to direct visualization and measurement on 3D images, 3D-printed model is a
more intuitive method for the planning of cardiac surgery and intervention. For example,
in the planning of LAA occlusion, 3D-printed model is increasingly used in recent years
to improve the accuracy of evaluating the size of LAA [88, 89]. A complete structure of
the regions of interest is a prerequisite for 3D printing. Based on the final fused image of
patient # 6, segmentation is performed manually to further evaluate the result [90]. For
the first time, regions of interest are well observed and the whole LA with both the IAS
and LAA in a single model is segmented successfully, as shown in Fig. 3.20. Segmentation
of the fused ultrasound volumes allows modeling and 3D printing of the LA, TAS, and
LAA as a single entity. In Fig. 3.20(b), a segmented model containing right atrium, LA,
and TAS was 3D printed in a 1 : 1 scale on a high-resolution (32 pum) 3D printer Objet350
Connex3 (Stratasys, Eden Prairie, MN) using a translucent photopolymer material Ag-
ilus30 (Stratasys, Eden Prairie, MN) [91] in the hospital. It is very convenient to make
measurements on the complete structure of LAA in the printed 3D model. In addition,
simulation of surgical and transcatheter procedures is also performed on the model by clin-
icians as part of the preoperative planning for LAA occlusion [91, 92]. Importantly, the
location of transseptal puncture and the angle for approaching the catheter inside the left
heart can be precisely planned to maintain catheter coaxiality with the target structures
in the in vitro setting resembling clinical implantation. This has an important advantage

over performing procedural simulation on a limited anatomic model.

3.3 Chapter Summary

In this chapter, a novel multiview registration and fusion framework is proposed to en-
large the FoV of 3D TEE images efficiently. A direct method with efficient optimization
is proposed for the pairwise registration of 3D TEE images. Fast implementation of the
method is realized by using a three-orthogonal-plane approximation strategy. Compared
with many intensity-based registration methods that use numerical Jacobian in the opti-
mization process such as imregtform in MATLAB, an analytical expression of Jacobian is
used in the proposed registration method, which shows higher accuracy and better conver-

gence. Besides, a 3D fusion method is proposed to fuse images seamlessly and efficiently.
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Monte-Carlo simulations and in-vivo experiments are performed to verify the effectiveness
of the proposed methods. The results of the in-vivo experiments indicate that the proposed
registration algorithm outperforms the state-of-the-art PCA-based registration method in
terms of accuracy and efficiency. Image registration and fusion are performed on 76 in-vivo
3D TEE images from nine patients, and the results show apparent enlargement of FoV

(enlarged around two times) in the final fused images.

The current framework uses ECG-gating to avoid the deformation of the heart in 3D TEE
images, which requires synchronizing 3D TEE images to the ECG signal and builds the
panoramic image at a selected phase of cardiac cycles. The next chapter will introduce a
direct dynamic fusion framework that is able to construct the 3D TEE images with enlarged
FoV at different phases by fusing multiview dynamic images sequentially, without using

ECG-gating.



Chapter 4

Direct Dynamic Fusion for 3D
Transesophageal Echocardiography

In Chapter 3, we proposed a framework that can enlarge the FoV of 3D TEE images
effectively by fusing multiview ECG-gated images. ECG-gated images are obtained by
synchronizing 3D TEE images to ECG signal at a specific phase of cardiac cycles such that
deformations are avoided in these images. While ECG-gating simplifies the registration
problem to a rigid one, the panoramic image is only constructed at the selected time point

and motion information of the anatomy of interest [93] is not available in the fused images.

In this chapter, we propose a direct dynamic fusion framework (DDF) based on the em-
bedded deformation graph to address the problem of limited FoV of 3D TEE images by
sequentially fusing images captured at different phases of cardiac cycles and from different
viewpoints. Different from the embedded deformation method in [48] and [49] that relies
on explicit point constraints, the proposed non-rigid registration method in the framework
uses intensity information as constraints directly to estimate the deformation, thus mak-
ing use of all information from the images. Since registration and fusion are performed
directly on the dynamic 3D TEE images, a 3D image with extended FoV is likely to be
reconstructed at different phases of cardiac cycles and therefore, avoid the bias to the
specifically chosen time. The main contributions of the work include: (1) we propose an

direct embedded deformation method for deformable registration based on the intensity of
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FIGURE 4.1: The framework of the direct dynamic fusion. (Remark: 3D TEE images are
shown via 2D slices)

the medical images directly instead of specifying point constraints in [48] and [49]; (2) we
propose a DDF framework that can fuse multiview dynamic 3D images to enlarge the FoV
of 3D TEE images such that bias towards the specifically chosen phase in rigid registration
and fusion can be avoided; (3) we evaluate the accuracy of the proposed method compared
with the widely used B-spline based methods implemented in Plastimatch [46] and ElastiX
[47] respectively, the original Demons [50], the diffeomorphic Demons [53], and the state-
of-the-art learning-based method VoxelMorph [74], qualitatively and quantitatively using
in-vivo 3D TEE datasets.

4.1 Methods

Our DDF framework for enlarging the FoV of 3D TEE images with deformation is pre-
sented in Fig. 4.1, which mainly consists of non-rigid registration and 3D image fusion.
A sequential fusion strategy is used to perform the registration and fusion repeatedly so
that multiview 3D TEE images captured at different phases of cardiac cycles and different
viewpoints can be fused one by one. Suppose there are m frames of 3D TEE images with
various deformations to be fused. First, the global (panoramic) image I, is initialized
by the first image. And then, in each loop, we designate the global image as a moving
image and every new coming image I; as a fixed image and perform non-rigid registration
and fusion. To deal with global motion between the moving and the fixed images, the
global image I, is rigidly transformed to an image space that is close to image I; and
denoted as fg first. The rough relative pose used for the transformation is provided by

SIFT3D [31]. Although the feature-based algorithm SIFT3D cannot precisely extract and
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match key features from the TEE images, it is still useful for getting an initial pose to
guide our registration. After pre-registration, the deformation field <I>§ is estimated by
using the proposed direct embedded deformation method. Then, the transformed image
fg is deformed using the deformation field and fused with image I;. The fused image I is
used as the new global image I, for the next new coming image. The same processes are

performed repeatedly until all the images are fused.

At the end of each loop, we reconstruct the global 3D TEE image at the same phase as the
fixed image. Besides the area which can be observed in the fixed image, deformation in un-
observed regions can also be predicted according to the principle of as-rigid-as-possible [94].
Therefore, through continuously fusing the global image with the remaining images, the

FoV of 3D TEE images is enlarged.

4.1.1 Direct Embedded Deformation

Our non-rigid registration method employs the embedded deformation graph to describe
the deformation field, i.e. non-rigid transformation. But due to the relatively low signal-
to-noise ratio of ultrasound imaging, it is difficult to extract and match feature points
from the 3D TEE images for deformation estimation as in [49]. Therefore, we propose to
use a direct method to compute the deformation by maximizing the similarity between

the moving and the fixed images.

4.1.1.1 Local Deformation

The embedded deformation graph is represented by a set of nodes associated with affine
matrices. Assuming that the graph nodes are selected uniformly from T, ¢ by downsampling
it (fg is obtained by pre-registering the moving image), let g, € R? denote the position
of node r and an associated affine transformation consists of a matrix A, € R3*3 and a
translation vector t, € R3. The affine transformation applies a deformation to its nearby
space. Conversely, for any voxel p € R? in image fg, its deformation is influenced by
its nearby nodes. To maintain the consistency of the deformation graph, nodes that are

close to one another should have similar transformations. Thus, we limit the influence
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of the deformation on voxel p to its k nearest graph nodes to keep the consistency and
efficiency of the deformation estimation. And the final deformation of point p is defined

as a weighted average of the effects of its nearby k nodes by:

k
ﬁzzwr (p)[Ar (P — &) + 8 + t] (4.1)
r=1
where weight 0, (p) denotes the influence of a nearby node on the voxel, Zle wy = 1.

w, can be pre-calculated by the following formula and then normalized.

wr(p) = (1 = [|p — & ll/dinax) (4.2)

where d,,q, represents the distance from the voxel to the (k + 1)y, nearest node. We use

k = 6 for all experiments presented in this chapter.

4.1.1.2 Energy Function

To estimate the parameters q:; ={A1,t1... Ay, ty,} for a deformation graph with myg

nodes, an energy function as the following is minimized:
E(q)lg) = wrotErot({)z) + wregEreg(q}z) + wconEcon(q)z)a (43)

where Erot(q);), Ereg('@;), and Econ(‘I)é) represent rotation term, regularization term, and
constraint term respectively and wrot, Wreg, and weon are the corresponding weights. In
this energy function, rotation and regularization terms are used to guide the optimization
to a reasonable and smooth deformation [48, 49]. And the constraint term constrain the
deformation by maximizing the similarity between the fixed and moving images. Addi-
tionally, the number of graph nodes m, determines the expressibility of the deformation
graph. The more nodes are selected from one image, the more details that the graph could
express. According to our tests, we select around 1000 nodes from a moving image that
contains around five million of voxels for pairwise registration, which could balance the

accuracy and efficiency of the algorithm.
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Rotation Term: To preserve the topological structure of the deformed images, the objec-
tive function (4.3) directly specifies a matrix A, at each node should be close to a rotation
matrix [95] and local voxels are deformed as rigidly as possible. A rotation matrix in 3D
space is subject to six constraints, i.e. each column should be a unit length and should be
orthogonal to one another. Thus, the rotation term sums the rotation error over all affine

transformations of the deformation graph [48]:

Erot ( Z Rot (A (where A, = [a,1,2,2,a,3]) (4.4)

2 2 2
Rot (A,) = (ajl -aT2> + (ajl . ar3> + (aTTQ . arg)

2 2 2
+<a7T1-ar1—1> —|—(a,T2-aT2—1) +<a:3-a,,‘3—1) .

Regularization Term: To keep the consistency and smoothness of the deformation
graph, the position of node r deformed by nearby k nodes should be conformed with the
actual position calculated by node r itself. Thus, the regularization term sums the squared

error between predicted positions of nodes and their actual positions [48]:

Ereg( Z Z ars || Ay (85 — &) + 8 + tr — (85 +t4)[I°, (4.6)

r=1 seN(r)
where N(r) denotes the index of nearby k£ nodes which influences node r. And we also
follow [48] to set weight a,.s as 1. In the energy function (4.3), increasing the weight of

Ereg(<I> ) will make the non-rigid transformation become closer to the rigid transformation.

Constraint Term: Our method estimates the deformation by directly minimizing inten-
sity differences between the two images instead of specifying point constraints [48, 49].
Suppose the intensity value of a voxel p in image I is a function w.r.t. its coordinates
and denoted as I(p), for a spatial point p; in the heart and its projections p,; and p;; in

image I~g and I;, the intensity difference between py; and p;; can be written as:

= I4(pgj) — Li(Pij)- (4.7)
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Then, we can sum the squared intensity differences over n voxels in overlapping areas

between the two images as the constraint term:
. n 2
Econ(®)) = Y [l - (4.8)
j=1

In this work, we use iterative optimization to obtain the optimal solution of (4.3). In
every iteration, p;; is computed from py; via (4.1). Since p;; may not be integers and thus
not on the grid of the fixed image I;, the intensity of I;(p;;) is obtained using trilinear

interpolation to reduce the error for difference computation in (4.7).

4.1.1.3 Optimization

Minimizing (4.3) is a routine non-linear least-squares (NLLS) problem and the solution
can be obtained by using Gauss-Newton (GN) method [80]. Firstly, we rewrite the energy
function (4.3) as a standard NLLS format as follows

E(®;) = f(®,) =f(®)), (4.9)

where X is the weight matrix of (4.3) and f(®) is the cost vector that concatenates the

rotation, regularization, and constraint terms together.

Let J(@g) denote the Jacobian matrix of f(@;) w.r.t. deformation parameter @;. Then,
the optimal solution <i>’g can be obtained by initializing with ®¢ and iterating with @; —
<I>z + A@é. In our algorithm, the initial value of @2 is set as ®9 = {I1,01,...,L,,0n, },
where I € R>*3 and 0 € R? are identity matrix and column vector of zeros, respectively.

The step change A<I>g in each iteration can be obtained from the GN equation:
T (&t i i 1T (@i i
J () XT (@) APy = —J ()X f(P,). (4.10)

The steps of deformation estimation is summarized in Algorithm 2.

After the optimal deformation parameters &); is obtained, the deformed image .fg can be
obtained by deforming fg using (4.1). And then, the deformed image fg is fused with the
fixed image I; by using a 3D fusion method proposed in Chapter 3.
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Algorithm 2: Direct Embedded Deformation
Input: A fixed image I; and a moving image I, (global image).
Output: Non-rigid transformation <I>z from I, to I; and deformed image /.

Step 1: Pre-computation:
Pre-register I, to I; rigidly using the pose from SIFT3D [31], denoted as fg;
Downsample fg evenly to get a graph with mg nodes {g, ngl;
Calculate mask matrices mask, and mask; for Izg and I;, respectively;
Calculate gradient space of intensity of I;;
Interpolate intensity and gradient spaces of I;;
Step 2: Optimization:
Initialize the transformation <I>z — P;
while Algorithm not converged do
Calculate cost vector f (@;) over rotation, regularization, and constraint terms;
Calculate Jacobian matrix J(®});
Construct weight matrix ¥ of the energy function (4.3);
Calculate step change A®! via (4.10) ;
Update the pose @ < ®; + A®;
end

Calculate deformed image I, by (4.1);

4.2 Experiments and Results

Since we aim to solve the cardiac motion in 3D TEE images, in-vivo datasets are used
to validate our method. Same as the data collection process introduced in Section 3.2.2,
in-vivo datasets for the experiments are collected from patients using a real-time 3D trans-
ducer. Based on the finding in Chapter 3 about the impact of image overlapping rate on
the algorithm performance, consecutive 3D TEE images collected at different viewpoints
are controlled to have more than 50% overlap. In total, twenty-nine sequences of 3D TEE
images with various deformations are collected from four patients. The details of the

in-vivo datasets from the four patients # 1, # 2, # 3, and # 4 are listed in Table 4.1.

4.2.1 Experimental Setup and Evaluation

The proposed method is validated by comparing it with two B-spline based methods,
two Demons-based methods, and the learning-based method VoxelMorph [74]. For the
B-spline based and Demons-based methods, we use the implementations of them in 3D

Slicer [96] (version 4.10) for comparisons. Since the two B-spline based methods are
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TABLE 4.1: Details of the Four In-vivo Datasets

Patient No. Volume Size Resolution
Sequences (voxel) (mm/voxel)
#1 9 240x160x208 | 0.69x0.98x0.73
# 2 6 240x160x208 | 0.77x1.11x0.82
#3 6 240x160x208 | 0.64x0.92x0.68
# 4 8 272x208%208 | 0.63x0.90x0.68

implemented based on the software package Plastimatch [46] and ElastiX [47] respectively,
the packages’ names are used to indicate the methods. Additionally, the original Demons
and the diffeomorphic Demons methods in 3D Slicer are implemented based on Insight
Segmentation and Registration Toolkit (ITK) [97]. The codes of VoxelMorph published
by the author are used in the experiments and the smoothness regularization parameter
A is set as 0.02 following the suggestion of the paper [74]. For the proposed method,
coefficient for each term in the energy function (4.3) is specified as: wror = 1, wreg = 10000,
Weon = 0.1. The minimum step length and the maximum number of iterations are used as
stop criteria for convergence, which are set as 107 and 100, respectively. The following

two groups of in-vivo experiments are performed to validate the proposed DDF framework.

(i) Pairwise registration experiments: in each experiment, two 3D TEE images col-
lected at different cardiac phases and from different viewpoints in one patient are
used for pairwise registration. Five pairs of 3D TEE images from the four patients
are registered by using the proposed method and the other five non-rigid registration
methods. To mitigate the influences of global motion on the registration, rigid trans-
formation obtained from SIFT3D [31] is used to do the pre-registration for the six
methods in each experiment (all methods use the same rigid transformation to per-
form the pre-registration in the same experiment). For VoxelMorph, we train each
patient’s dataset individually with 3D TEE images of more than one cardiac cycle
until the algorithm converges. Then, the trained models are used for registration.
Since VoxelMorph cannot deal with non-overlapping areas between images [74], only
overlapping areas between the moving and fixed images are used for non-rigid regis-

tration. The detailed results of pairwise registration are reported in Section 4.2.2.
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(ii) Sequential fusion experiments: firstly, twenty-nine ECG-gated TEE volumes are
extracted from the twenty-nine sequences by synchronizing acquired 3D TEE images
to ECG signal at late diastole. These ECG-gated 3D TEE images extracted from
the same dataset are static (i.e., deformations in images are eliminated). The static
images are fused together and the results are used as the references for evaluating
the results obtained by proposed and competing methods. Secondly, we perform
dynamic fusion on the selected volumes sequentially by using the DDF and competing
methods, respectively. The final volume is reconstructed at the same phase as the
ECG-gated volume so that the fused volumes from both static fusion and dynamic
fusion should be at the same phase and have the same images. Finally, the fused
images obtained from the dynamic fusion are compared with the images from the
static fusion to evaluate the proposed method. In the second step of dynamic fusion,
we select one volume from each sequence in each dataset (from one patient) with
different deformations and therefore, four sequences containing eight, six, six, and
nine 3D TEE images respectively are obtained. In each sequence, the final volume
is selected as an ECG-gated one to make sure the final fused images are at the same
phase as the referenced ones. The detailed results of sequential fusion are reported

in Section 4.2.3

Verifying accuracy is difficult in non-rigid registration since ground-truth deformation
is usually not available in practical data [98]. In addition to checking the quality of
the aligned images visually, there are some quantitative metrics used in many works of
literature [99, 100] to assess the accuracy of non-rigid registration, such as computing
the distance between the segmented anatomical structures or overlap of the segmented
anatomical structures after registration. Since different metrics have different sensitivity
to the true deformation [99], the following four metrics are used jointly in this chapter to

evaluate the accuracy of registration and fusion:

(i) The alignment of stitches in the checkerboard volumes [101]. A checkerboard volume
is created by taking a part from each of the two aligned images and stitching them
together. By checking alignment at the stitches, we can assess the accuracy of

registration qualitatively.
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(ii) Signed distance between segmented LA walls. LA walls are sharp boundaries that
can be easily recognized in the 3D TEE images. We segment the LA walls from both
the deformed/fused images and their reference images manually and then, calculate
the signed distance of each vertex on the LA walls segmented from deformed/fused
images to the closest vertex on the LA walls segmented from the reference images.

The results are displayed via heatmaps in Section 4.2.2 and 4.2.3.

(iii) Mean absolute distance (MAD) between segmented LA walls. MAD is a statistical

value that is calculated by averaging the absolute value of the metric (ii).

(iv) Dice similarity coefficient (DSC) [100] between segmented anatomical structures from
the fused images and those from the reference images. Generally, DSC is calcu-

lated by
2|M N NJ|

PR = (T Ty

(4.11)

where M and N represent the target regions of the two segmentations. DSC com-
putes the overlap of segmented anatomical structures. The maximum value of DSC

is 1 and a higher DSC indicates a better accuracy of registration and fusion.

In addition, P-value approach is used to perform paired t-tests to examine the statistical

significance of the results with the significance level of 0.05.

4.2.2 Pairwise Non-rigid Registration

We jointly use the qualitative and quantitative metrics to evaluate the accuracy of the
proposed algorithm as comprehensively as possible. The qualitative evaluation of pairwise
registration accuracy is performed by checking the alignment of stitches in the checker-
board volumes. The checkboard volumes based on the results from different methods
are shown in Fig. 4.2. Through checking the stitches in sharp areas such as the walls
of LA in the checkerboard volumes, obvious misalignments which are indicated by red
dashed cycles can be found in images obtained from the two B-spline based methods and
VoxelMorph method, especially in the images obtained from the Plastimatch method. In
contrast, checkerboard volumes from the two Demons-based and the proposed method

have smooth transitions in the stitching areas. No obvious misalignment can be found in
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Registration Accuracy
lastimatch Elastix Original Demons Diffeomorphic Demons

Exp. P

VoxelMorph Our Method

F1GURE 4.2: Checkerboard volumes obtained by stitching images after registration. The
same positions at the stitches are marked by circles and obvious misalignments are indi-
cated by the red dashed circles in the images.

the results from these three methods, which indicates that the Demons-based methods and
the proposed method are more accurate than the compared B-spline based methods and
VoxelMorph method. Since the original Demons method cannot guarantee the topology
in the deformed images, some defects are found from the images deformed by the method.
One example is shown in Fig. 4.3 (the defects are indicated by the red dashed cycles).
Please note, one clear error in anatomical structure is also found from the result obtained
by the diffeomorphic Demons method in Fig. 4.3, which is indicated by the white arrow.
Such conditions are not found from the results obtained from the proposed method in our

experiments.

Furthermore, to assess the registration accuracy quantitatively, we first manually segment
the LA walls from both deformed and fixed images in each pair and then calculate the
distance between them [102]. Un-overlapping areas and areas prone to segmentation errors
such as mitral valves are omitted to reduce computational and human errors. Both the
signed distance and MAD are calculated and shown in Fig. 4.4. The corresponding sta-

tistical values of MAD (provided by mean + standard deviation) are shown in Table 4.2.
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Fixed Image Original Demons Diffeomorphic Demons Our Method

FIGURE 4.3: Fixed image and deformed moving images. The defects in the volume
obtained from the original Demons are indicated by the red dashed cycles. And the white
arrow indicates one obvious error in the volume obtained from the diffeomorphic Demons.

Registration Accuracy
Original Demons Diffeomorphic Demons

Exp. Plastimatch Elastix VoxelMorph Our Method

0.46 mm 0.10 mm

MAD

MAD 1.61 mm 0.70 mm 0.42 mm 0.17 mm 0.48 mm 0.07 mm

MAD 0.90 mm 0.40 mm 0.17 mm 0.17 mm 0.31 mm

MAD 0.12 mm 0.08 mm 0.38 mm

MAD 1.35 mm 0.67 mm 0.40 mm 0.29 mm 0.71 mm 0.07 mm

FIGURE 4.4: Signed distance and MAD between LA walls segmented from the deformed
and fixed images.

Similar to our qualitative evaluation, it is found from Fig. 4.4 that the distribution of
signed distance from the two Demons-based methods and our method is concentrated
near zero and within a smaller range than that from the two B-spline based methods and
VoxelMorph, which indicates the higher accuracy of the two Demons-based methods and
our method than the other three. Similarly, it is also shown from Fig. 4.4 that ElastiX
method and VoxelMorph have higher accuracy than Plastimatch method. In addition,
from the statistical values shown in Table 4.2, the MAD of the proposed method, the

original Demons method, the diffeomorphic Demons method, and VoxelMorph are around
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TABLE 4.2: Comparisons of Statistical Values of MAD for Pairwise Registration

Mean + Std (mm) P-value
Plastimatch 1.32 + 0.31 3.41 x 1074
Elastix 0.62 £ 0.24 2.50 x 103
Original Demons 0.31 £ 0.16 9.90 x 10°3
Diffeomorphic Demons 0.20 £ 0.09 1.39 x 102
VoxelMorph 0.54 + 0.22 3.30 x 1073
Our Method 0.07 + 0.03 -

0.07 £ 0.03 mm, 0.31 + 0.16 mm, 0.20 + 0.09 mm, and 0.54 4+ 0.22 mm respectively, while
the results from the two B-spline based methods are greater than 0.50 mm and the re-
sults from Plastimatch method are even greater than 1.00 mm. P-values of paired t-tests
are less than 0.05, which indicates that the proposed method outperforms the other five

methods in terms of accuracy with statistical significance.

In summary, it is found from the comparisons that: 1) the proposed method has the best
accuracy (less than 0.10 mm) in pairwise registration and can preserve the topology in
the deformed images; 2) the diffeomorphic Demons is more accurate than the original
Demons method and can preserve topology in the images; 3) both the proposed method
and Demons-based methods are more accurate than the B-spline based methods and Vox-
elMorph method. Since the proposed method and the diffeomorphic Demons outperformed
the other methods in terms of accuracy and VoxelMorph cannot deal with non-overlapping
areas, in the next section, the proposed method will be evaluated by comparing it with

the diffeomorphic Demons method only.

4.2.3 Sequential Fusion

The four sequences of 3D TEE images with deformations are registered and fused respec-
tively by using the proposed DDF method and the diffeomorphic Demons method. The
results of the static fusion are used as references for evaluation. Fig. 4.5 shows the final
fused 3D volume of the sequence from Patient # 4. Through the comparisons, it is found
that the fused image obtained from the proposed method has almost identical anatomical
structures as the image from the static fusion. However, obvious accumulating errors are

found in the volume fused by the diffeomorphic Demons method, which are indicated by
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Patient # 4 — Fused Images

Method

Slice YZ

Slice XZ

Static Fusion

Slice XY

Diffeomorphic
Demons

Our Method

FI1GURE 4.5: Comparisons of the fused volume of the sequence from Patient # 4. Obvious
accumulating errors are marked by red boxes in the images.

Slice XY Slice YZ Slice XZ
Patient . . Diffeomorphic . . Diffeomorphic . . Diffeomorphic
Static Fusion Our Method Static Fusion Our Method Static Fusion Our Method
Demons Demons Demons
#2
#3

FIGURE 4.6: Comparisons of the fused volumes of sequences from Patients # 1, # 2, and
# 3. Obvious accumulating errors are marked by red boxes in the images.

red boxes on images in the figure. Similar results are found from the 3D volumes fused by

the other three sequences, which are shown in Fig. 4.6.

In addition, similar to Section 4.2.2, distances from the segmented LA walls obtained from
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Static Fusion Diffeomorphic Demons Our Method

FIGURE 4.7: Signed distance from the segmented LA walls obtained from the diffeomor-
phic Demons and the proposed method to that obtained from the static fusion.

TABLE 4.3: Comparisons of Sequential Fusion Accuracy and the Enlarged FoV after

Fusion
MAD (mm) DSC of LV
Diffeomorphic Diffeomorphic FOV. .
Our Method Our Method | w.r.t. Original
Demons Demons
# 1 0.81 0.17 0.91 0.94 1.97
# 2 1.42 0.19 0.86 0.88 2.06
# 3 0.30 0.21 0.74 0.79 1.84
# 4 1.04 0.18 0.78 0.89 1.83
Mean + Std| 0.89 4+ 0.47 |0.19 + 0.02| 0.82 + 0.08 |0.88 + 0.06 | 1.93 + 0.11
P-value 0.03 - 0.04 - -

the two dynamic fusion methods to those obtained from the static fusion are calculated
respectively. An example of the signed distance is presented in Fig. 4.7, which shows
that the LA wall segmented from the image fused by the proposed method is more ac-
curate than that segmented from the image fused by the diffeomorphic Demons method.
The MAD for each sequence and the corresponding statistical results are summarized in
Table 4.3. Furthermore, since the left ventricle (LV) can be observed completely in the
reconstructed images (see Fig. 4.5 and Fig. 4.6), DSC value between the segmented LV
from the dynamic fusion and that from the static fusion is also calculated for each ex-
periment and summarized in Table 4.3. The results show that the MAD of the results
obtained from the proposed method are around 0.19 4 0.02 mm, while the results from
the diffeomorphic Demons are around 0.89 4+ 0.47 mm. Moreover, DSC values calculated
on the results from the proposed method (0.88 4+ 0.06) are greater than those calculated
on the results from the diffeomorphic Demons method (0.82 £ 0.08). P-values of paired
t-tests indicate that the proposed method outperforms diffeomorphic Demons in terms of

accuracy with statistical significance.
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(a) Original Single Volume (b) Fused Volume

FIGURE 4.8: Comparison of the original single volume (a) and the fused volume (b).

It is found from the experiments that the proposed method can enlarge the FoV of the
single volume effectively. One example of comparison of the original single volume and
the final fused volume is shown in Fig. 4.8. By comparing the number of voxels in the
original single volume and the fused volume, it is found that the FoV of the fused images
is enlarged to 1.97, 2.06, 1.84, and 1.83 times as compared with the original single volume
of TEE image of # 1, # 2, # 3, and # 4 respectively, which are listed in the last column
of Table 4.3. Please note, the fused results from diffeomorphic Demons have obvious
accumulating errors which indicate the method fails to fuse such a number of images.
Therefore, the FoV of the fused images from diffeomorphic Demons is not comparable

with those obtained by our method.

From the example shown in Fig. 4.8, one can see that the complete structures of both the
atrial septum (AS) and LAA are clearly visible in the fused image, which is beneficial to the
preoperative planning of transcatheter LAA occlusion. Furthermore, since the proposed
method is capable of reconstructing 3D TEE images at various phases of cardiac cycles,
it makes motion estimation [93, 103] in the fused images possible. In clinical practices,
it is often desirable to estimate the motion of the anatomical structures such as to build
motion and deformation models for surgical or therapeutic planning and guidance and to

analyze motion-related markers of diseases quantitatively.

4.3 Chapter Summary

In this chapter, a novel direct dynamic fusion (DDF) framework is proposed to enlarge the

FoV of 3D TEE images by fusing multiview images captured at different phases of cardiac
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cycles sequentially. The in-vivo experiments are performed to evaluate our method com-
pared with the other five widely used non-rigid registration methods, namely two B-spline
based methods implemented in Plastimatch [46] and ElastiX [47], the original Demons
[50], the diffeomorphic Demons [53], and the state-of-the-art learning-based method Vox-
elMorph [74]. In the performed pairwise and sequential fusion experiments, qualitative
and quantitative results show that the proposed method outperforms these five methods
in terms of accuracy. The final fused volumes of the four patients show that the proposed
method can reconstruct the 3D TEE images with good quality and enlarge the FoV of
images in the fused volumes around two times compared with that in the original single

volume.

In Chapter 3 and 4, we have presented two frameworks to enlarge the FoV of 3D TEE
images in rigid and deformable scenarios, respectively. While the proposed frameworks
have shown superior accuracy than the state-of-the-art methods, these frameworks are
deduced from the pairwise registration which inevitably brings in accumulating errors in
the obtained results. In the next part of the thesis, we will introduce three simultaneous
registration and fusion algorithms to further improve the accuracy of registration and

fusion in rigid and dynamic scenarios.
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Chapter 5

Direct Bundle Adjustment for
Fusing Multiple 3D Images

In Chapter 3, we enlarge the FoV of 3D TEE images through combining pairwise regis-
tration with the sequential fusion strategy. While we have shown the effectiveness and
efficiency of the method over the competing methods, it inevitably involves accumulat-
ing errors as the fusion process proceeds. In this chapter, we propose our third algorithm
named direct bundle adjustment (DBA) to further improve the accuracy of registration and
fusion of multiview ECG-gated 3D TEE images. This algorithm simultaneously optimizes
the global pose parameters of images and the intensity values of the fused panoramic image
using the 3D image data directly. This one-step 3D image fusion approach is achieved by
formulating the problem as an optimization problem to minimize the intensity differences
between the predefined panoramic image and local images. We validate the proposed
method via simulated and in-vivo 3D TEE images. It is shown that the proposed method
is robust to intensity noises and much more accurate than the sequential fusion method
presented in Chapter 3. It should be noted that although the method is called DBA, it is
quite different from most of the bundle adjustment (BA) algorithms which belong to the
feature-based methods, require feature correspondences between images, and are mostly
for using 2D images to estimate the 3D feature positions (or shapes) in the reconstruc-
tion of the environments [18-20]. The novel DBA algorithm presented in this chapter
has filled an important gap in 3D image registration and fusion. Without any reference

71



Chapter 5 Direct Bundle Adjustment for Fusing Multiple 3D Images 72

image, correspondences, or information loss or reuse, the proposed DBA algorithm is an
elegant way to obtain the optimal panoramic image and poses of local images. To our best
knowledge, this is the first work of BA based on direct method for 3D image registration

and fusion.

5.1 Methods

5.1.1 Problem Statement

Fig. 5.1 illustrates a scenario in which there are m frames of 3D images and each image
captures only a portion of the actual scene. We use the vector elements & € RS of Lie
algebra [104] to represent the pose parameters of a 3D image I; at position i. Suppose
M is the panoramic image which fuses all the information of local images, it consists of n
voxels and the intensity of one voxel p; in M is denoted as M (p;) (pj = [u,v,w]", where
u, v, w are integers which present a voxel location on the 3D grid). Assuming that a part
of intensity information of voxel p; in the panoramic image is from a point p;; in the local

image I;, in the rigid scenario, transformation in Euclidean space from p; to p;; can be

M
Panoramic image i pj
.
6 TG TG T(n)
| b i :
Local images : B1j i F.ZI | I:” i i
/,L ______ D ’|_ _______ | 177 *\ 1 """7° k\
Iy I, I I

FIGURE 5.1: Direct bundle adjustment (DBA): intensity of panoramic image {M (p;)}
and pose parameters of local frames {¢;} are optimized simultaneously.
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formally written as:

pij = f(&i,pj) = T(&)pj, (5.1)

where T'(-) € SE(3) maps the pose parameters &; to a rigid transformation matrix in

Euclidean space.

In this study, we seek to optimize the pose parameters of local images and the intensities
of voxels in the panoramic image simultaneously. For a n-voxel panoramic image M and
m frames of 3D images, the overall state parameters considered in the proposed algorithm
are:

x = [x{ %3], (5.2)

where x¢ = [£1T,...,£Z-T,...,£;LF are pose parameters of the local images, and xp; =

[M(p1), ..., M(p;), ..., M(py)]" represent intensities of voxels in the panoramic image M.

5.1.2 Formulation of Direct Bundle Adjustment

In Fig. 5.1, the intensity difference between M (p;) and I;(p;;) is:

eij(&i, M(pj)) = M(p;) — Li(f(&i,p;))

= M(p;) — Li(pij), (5.3)

where p; is constant and p;; can be calculated from p; using (5.1) during the optimization
process. p;; may not be integers thus not on the voxel of the grid of the local image.
Therefore, the intensity of I;(p;;) is obtained using interpolation to reduce the error of the

intensity difference computation.

Based on the direct method, we propose the DBA method to obtain the optimal estimation
of x by minimizing the sum of the squared intensity differences between panoramic image

and local images:

n m
% = argmin Y " a(py)(eij(&i, M (p;)))*, (5.4)
XOXM - j—1 =1
where o(p;;) = 1 if the transformed point p;; locates within the image region of I;,

otherwise o(p;;) = 0. Such a formulation of DBA circumvents the process of feature
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extraction and matching in most BA problems. Additionally, since we take the intensities
of the panoramic image into account, DBA can also obtain the optimal panoramic image

besides the global poses of local images.

5.1.3 Solving the Optimization Problem

From (5.3), it is found that intensity difference e;; is only dependent on &; and intensity
of voxel p; in panoramic image, i.e. M(p;). Therefore, according to the chain rule, we

can derive the partial derivatives of intensity difference e;; w.r.t. & and M (p;):

dei;(&i, M(pj)) _ oL of (&, p;) (5.5)
o€; of(&i,pj) 0& '
Oeq; (&, M(p;)) _ | (5.6)

(M (p;))

It is shown in (5.5) that the partial derivative of e;; w.r.t. pose parameters &; consists of

two parts:

1) The first term 01;/0f in (5.5) is the partial derivative of intensity I; w.r.t. f, which is

a 1 x 3 vector.

2) The second term 0f/0&; in (5.5) is the partial derivative of f w.r.t. pose parameters

&;, which is a 3 x 6 matrix.

Thus, the result of (5.5) will be a 1 x 6 vector. In addition, it is found in (5.6) that the
partial derivative of intensity difference w.r.t. intensity at point p; in the panoramic image

is a constant 1.

In our DBA algorithm, the state vector x to be optimized includes pose parameters of all
local images and intensities of all voxels in the panoramic image. Thus, we can derive the

Jacobian of one intensity difference e;; w.r.t. state vector x as the following format:

8ei 86”‘

Jij(x) = [O1x6, ..., ({TJ ooy 016, 0, ..., 78(M(p-))’m0]’ (5.7)
7 J
€ij WTt X¢ ejj w.r.t. Xps

where 01y denotes a 1 x 6 zero vector.
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If we write the overall intensity differences as a concatenation vector e(x) = [..., e;j,...] ",

the objective function of (5.4) to be optimized can be written as:

f(x) = G(X)TG(X). (5.8)

According to (5.7), for all intensity differences e(x), the overall Jacobian matrix can be

built as a collection of J;; as J(x) = [..., J;;(x)T,..]T.

In this study, Gauss-Newton (GN) method is adopted to solve the NLLS problem in (5.4).
During GN iterations, step change Ax in each iteration can be calculated from the GN
equation:

HAx = b, (5.9)

where

H=Jx)"J(x), b=—J(x) e(x). (5.10)

5.1.4 Efficient Implementation

Sparsity and marginalization: GN method linearizes the nonlinear optimization prob-
lem (5.4). During the GN iterations, we need to solve the linear system (5.9). But this
step is cumbersome because the size of matrix H in our problem is huge. For a case with
m frames of 3D images and n voxels in the panoramic image, the size of matrix H is
(6m + n) x (6m + n), as shown in Fig. 5.2. And in matrix H, n is usually much larger
than m. Take a 3D TEE image as an example, it usually contains millions of voxels in one
single volume. Reconstructing a panoramic image with several 3D TEE images, the size
of matrix H is in the tens of millions multiply tens of millions. Calculating such a large

matrix directly is time-consuming and impossible in most cases.

When inspecting (5.7), we find that J;;(x) is sparse and this sparse property will cause the
sparsity in the matrix H finally. In Fig. 5.2, we use an intuitive structure to illustrate the
sparse property of H. The upper sub-figure of J;;(x) is corresponding to the row vector
in (5.7), the blocks with color in the figure means values in these blocks are nonzero. Since
Jij(x) only has nonzero blocks at block i and j (block j is a scalar 1), it makes nonzero

contribution to only four blocks of matrix H, namely block (i,1), (i,7), (,4) and (j,7).
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FIGURE 5.2: Sparsity of matrix H: Hge is block diagonal and Hjsas is diagonal. The
size of Hysps is usually much larger than Hee. The structure of Hepr and Hyse indicates
the observation relationships between voxels in panoramic image and local frames.

Matrix H is produced by the sum of these sparse matrices:

H = Z T (%) T35 (). (5.11)
2y

According to the sparsity of matrix H, it can be divided into four blocks:

Hee  Hen

H= ,  where Hpy¢ = H§TM~ (5.12)

Hye Hym

Hye is block diagonal and Hjjs is diagonal. Since the linear system (5.9) is sparse, Schur

complement [105] can be used to efficiently solve linear system (5.9). If we write step



Chapter 5 Direct Bundle Adjustment for Fusing Multiple 3D Images 77

changes of pose parameters and intensities of voxels separately, (5.9) can be rewritten as
follows:
H H M Ax b
e He ||k | (5.13)
H M¢ Hyrvr Axps by

Using the Schur complement, we can compute step changes of poses and intensities of

voxels sequentially from:

(H& - HﬁMHJ\_/IIMHgTM) Axe = (be — HearHyjy bar). (5.14)

HMMAXM = bM - HJMAX& (515)

Since matrix Hpysps is diagonal, its inverse can be easily computed by the inverse of each
element on the diagonal. Solving (5.14) then (5.15) is much more efficient than solving (5.9)

directly.

Pre-computation of Gradient and Intensity Space: According to (5.5), calculation
of partial derivative 0I;/0f is a computationally costly step in the process of GN iter-
ations. Since 01;/0f = 01;/0p;; where 0I;/0p;; is the partial derivative of I; w.r.t the
corresponding coordinates of point p;; on the local 3D image, we can pre-compute the
gradient space of intensity of all the local 3D images before the GN iterations. Then, the
gradient value at any point in local images can be read directly from the gradient space
during GN iterations. Additionally, since p;; are usually not integers, the intensities and
gradient values of point p;; in the local image are obtained by trilinear interpolation to

improve the accuracy of pose estimation, which are also processed before the iterations.

The DBA algorithm is summarized in Algorithm 3. Poses are initialized using visual

odometry (VO) estimated by direct registration method [106].

5.2 Experiments and Results

Since the DBA involves a large-scale optimization problem, it is challenging to realize
fast performance. However, given its potential to achieve highly accurate registration and

fusion, it can be very useful in practice when real-time performance is not required, such
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Algorithm 3: Direct Bundle Adjustment (DBA)

Input: A collection of 3D images {I;}" ;.
Output: Global poses x¢ and intensities of panoramic image x;.

Step 1: Pre-computation:
Define a volume M with zero intensities for all voxels;
Calculate gradient space of intensity of 3D images;
Interpolate intensity /gradient spaces of 3D images;
Step 2: Optimization:
Initialize the pose parameters x¢ < X¢;
Initialize M with initial pose x¢, from local images;
while Algorithm not converged do
for every vozel p; in volume M do
pij = T(&)p;;
if o(pij) =1 then
Calculate intensity difference e;; by (5.3)
Calculate Jacobian J;; by (5.7);
end
end
J(x) = [ Jij(x) T, T e(x) = [y iy ] T
Calculate Ax¢ by (5.14), calculate Axys by (5.15) ;
Update poses, T'(x¢) < T (Ax¢)T(x¢);
Update intensities of M, xps < xp + Axr;
end

as enlarging the FoV of 3D TEE for assisting in the surgical measurement and planning
of LAA occlusion. In this case, image registration and fusion is usually performed offline.
Therefore, in this section, we use 3D TEE image data as an example and perform simulated

and in-vivo experiments to validate the proposed DBA algorithm.

5.2.1 Simulated Experiments

Since currently, there is no algorithm available for completing 3D image registration and
fusion simultaneously, sequential method registering two images at each time is commonly
used if there are more than two images. In this section, we access the robustness and
accuracy of the proposed DBA method by comparing it with sequential fusion method
presented in Chapter 3. Since this work focuses more on the accuracy of registration and
fusion rather than the efficiency, in the compared sequential fusion method, full images

are used instead of three-orthogonal-plane images.
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TABLE 5.1: Ground Truth Poses of six sequences of simulated images

Image ID in Each Group

Sequence | Pose Parameter L I It I Is I+ s Iy i Int
1 E.A. (degree) |0 6 6 9 9 151518 18 21 21
Trans. (pixel) |0 5 25 5 25 5 25 5 25 5 25

) EA. (degree) [0 3 3 9 9 12 12 15 15 18 18
Trans (pixel) |0 15 25 15 25 15 25 15 25 15 25

3 A. (degree) {0 9 9 12 12 15 15 18 18 21 21
Trans (pixel) |0 15 20 15 20 15 20 15 20 15 20

4 A. (degree) |0 9 9 1212 15 1521 21 24 24
Trans (pixel) |0 10 25 10 25 10 25 10 25 10 25

5 A. (degree) |0 12 12 15 15 18 18 21 21 24 24
Trans (pixel) |0 5 15 5 15 5 15 5 15 5 15

6 A. (degree) |0 6 6 9 9 12 12 1515 18 18
Trans. (pixel) | 0 10 20 10 20 10 20 10 20 10 20

E.A.: Euler angles, rotation order is X-Y-Z.

Trans.: Translations in X-Y-Z direction.

For example: for Sequence 1, image I, Euler angles are [6, 6, G}T degrees, translations
are [5, 5, 5] pixels.

One-pixel length represents 0.25 mm in practice.

5.2.1.1 Accuracy Assessment of DBA

Similar to Section 3.2.1.2, we generate the simulated 3D TEE image data (in grayscale
ranged from 0-255) by firstly cropping images from a 3D heart CT scan, and then adding
Gaussian intensity noises on them. Five sequences of 3D TEE images are generated from
different poses of ‘viewfinder’ and then white gaussian noise (WGN) with a standard
deviation of 8 is added to these images. Fach sequence contains 11 simulated images and

the ground truth pose of each image is listed in Table 5.1 (from Sequence 1 to Sequence 5).

We perform the experiments on these five sequences of image data by using the proposed
DBA method and the sequential fusion method, respectively. In each experiment, we
treat the first frame as the global frame. Therefore, 10 poses need to be estimated in each

sequence.

Assessment of Pose Accuracy: In Fig. 5.3, mean absolute errors (MAE) of translation
and Euler angles are compared respectively. From the results, it is shown clearly that
the proposed DBA method has better accuracy than the sequential method. For the
translation, results from the proposed DBA method have an accuracy of 0.1 pixels (0.025
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FIGURE 5.3: Accuracy of the sequential fusion method and the proposed DBA method
using the data from the Sequence 1 to Sequence 5. (Remark: One-pixel length represents
0.25 mm in practice.)

mm in practice) for most of the cases. Only 3 out of 50 estimated translation errors are
larger than 0.1 pixels. On the contrary, 37 out of 50 results from the sequential fusion
method have errors larger than 0.1 pixels. For the accuracy of rotation, although both
the sequential method and the proposed DBA method can obtain the results with high
accuracy of 10™* order of magnitude radians. The results from the proposed DBA method

are still more accurate than the sequential fusion method for most of the cases.

Assessment of Intensity Accuracy: We also calculate the MAE of intensities of the fuse
panoramic images w.r.t. the ground truth image and the results are shown in the upper
sub-table in Table 5.2. In the five simulated experiments, The MAE of intensities of the
fused image obtained from the proposed DBA method is always smaller than that from the
sequential fusion method, which indicates the intensities of the fused image optimized from

the proposed DBA method has better accuracy than those from the sequential method.

5.2.1.2 Robustness Assessment of DBA

Intensity noise is usually challenging for most of the direct methods. In this section, we
assess the robustness of the proposed algorithm with different levels of intensity noises.

The comparative experiments are performed using the sequential fusion method as well.
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TABLE 5.2: Comparison of Intensity Errors between two methods

Sequence ID 1 2 3 4 )
Sequential 2.4833 | 2.7201 | 2.8225 | 2.6584 | 2.7031
DBA 2.1732 | 2.3689 | 24577 | 2.3613 | 2.3692

Sequence 6 std 6 std 7 std 8 std 9 std 10
(5 noise levels) | (WGN) | (WGN) | (WGN) | (WGN) | (WGN)
Sequential 1.9603 | 2.2835 | 2.6096 | 2.9332 | 3.2622
DBA 1.6822 1.9588 2.2364 2.5141 2.7923

The intensity noises are added based on Sequence 6 in Table 5.1. We design five noise
levels (Level 1 to Level 5) with the corresponding standard deviations of WGN as 6, 7, 8,

9, and 10 respectively.

Robustness of Pose Estimation: The distribution of the MAE of translation and
rotation is shown in Fig. 5.4. With the increase of the intensity noise from Level 1 to
Level 5, the results of translation from the proposed DBA method can keep an accuracy
of 0.1 pixels (0.025 mm in practice) for most of the cases, the largest error is around 0.15
pixel (0.03 mm in practice). By contrast, the error of translation from the sequential
fusion method increases with fluctuation from noise Level 1 to Level 5 and the largest
translation error is larger than 0.35 pixels. The MAE of rotation shows similar trends as
that of translation. From the comparison of pose errors, it is shown that the proposed
DBA algorithm has much better robustness to the intensity noise than the sequential

fusion method although both methods can obtain a high accuracy.

Robustness to Intensity Estimation: The intensity MAE of the reconstructed panoramic
image using two methods are compared and results are shown in the bottom sub-table in
Table 5.2. It is shown that although the MAE of intensities obtained by both methods in-
creases with the increase of noise level, the results of the proposed DBA method is always

better than that of the sequential fusion method.

5.2.2 In-vivo Experiments

For the in-vivo experiments, datasets of 3D TEE images from five different patients are
collected using a 2D array transducer with the assistance of the ECG-gating. Therefore,

we can consider the registration problem as rigid. The details of the datasets are listed
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using Sequence 6 with different intensity noise levels. (Remark: One-pixel length repre-
sents 0.25 mm in practice.)

TABLE 5.3: Details of the Five In-vivo ECG-gated Datasets

. No. Volume size Resolution FoV
Patient ID . .
frames (voxel) (mm/voxel) | w.r.t original
#1 9 240x160%x208 | 0.69x0.98x0.73 2.10
# 2 6 240x160%x208 | 0.77x1.11x0.82 2.02
# 3 6 240x160%x208 | 0.64x0.92x0.68 1.80
# 4 8 272x208%x208 | 0.63x0.90x0.68 2.06
#5 6 272x208x208 | 0.58x0.87x0.63 2.01

in the first four columns of Table 5.3. In the in-vivo experiments, pose parameters are
initialized using the VO estimated by direct method with similarity metric SSD [106] and

the panoramic image is initialized by the local 3D images using the initial poses.

Evaluation of the results are performed based on the quality of the panoramic images
and aligned images since the ground truth of in-vivo datesets are usually not available
in practice. By comparing sharp boundaries in the single frame of images and fused
images, such as left atrium (LA) walls indicated by circles in Fig. 5.5, it is found that
the panoramic images obtained from the proposed DBA have smooth transition and no
misalignment /ghosting is found, which suggests good quality of the estimated panoramic

images. From the comparison in Fig. 5.5, it is evident that the FoV of the fused images
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F1GURE 5.5: Comparison of original single frame of in-vivo 3D TEE image with fused

3D panoramic image using the proposed DBA algorithm. In the last two rows, re-

gions with sharp boundaries are marked by circles for qualitative evaluation of the fused
panoramic images.

are enlarged apparently. By counting the number of voxels, it is found that the FoV of the
fused panoramic images is enlarged to 2.10, 2.02, 1.80, 2.06, and 2.01 times as compared
with the original single frame of TEE image of # 1, # 2, # 3, # 4, and # 5 respectively,
which are listed in the last column of Table 5.3. The results shows good potential of the

proposed DBA for overcoming the drawback of limited FoV of 3D TEE images.

Furthermore, to assess the accuracy of the pose estimation, images are aligned with the
poses calculated by DBA method and sequential method, respectively. Although in Chap-
ter 3, we have shown that the proposed direct registration method is more accurate than
the state-of-the-art PCA-based method for pairwise registration, it is found from the ex-

periments that accumulating errors occur when the sequential fusion strategy is used for
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F1GURE 5.6: Comparison of the aligned images using poses calculated by the DBA and
sequential methods.

fusing multiple images. Two examples are shown in Fig. 5.6. We can find that the results
of DBA have smooth transition, while the results of the sequential method have some
apparent misalignments. In addition, mean squared errors (MSE) between panoramic im-
ages and registered images (transforming local images to the panoramic image space by
using the estimated poses) is calculated for the all five in-vivo datasets. The MSE are
(235,293,244,214,321) and (254, 311,246,233, 341), for DBA and sequential method, re-
spectively. Smaller MSE of DBA than sequential method suggest that the results of DBA
method have better alignment than those of sequential method. Thus, all these results
indicate that the proposed DBA outperforms the sequential method in terms of the pose

accuracy.

5.3 Chapter Summary

In this chapter, we present a novel direct bundle adjustment (DBA) algorithm for 3D image
fusion, which optimizes the intensities of the predefined panoramic image and the poses
of the local images simultaneously. Simulated and in-vivo experiments are performed to
demonstrate that the proposed algorithm is robust to intensity noises and can obtain more
accurate results than the sequential fusion method. Experimental results using in-vivo 3D
TEE datasets from five different patients show that the fused 3D TEE images have around
twice the FoV than the original image, indicating a significant potential clinical value of

the proposed algorithm.
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This new algorithm provides an elegant way to obtain the optimal panoramic image and
optimal local frame poses in one go, without any information loss or information reuse.
Therefore, it can serve as a good framework for 3D image fusion. The current algorithm
is still computationally expensive due to the large-scale optimization problem involved.
In the next chapter, we will further prove that the pose optimization in DBA problem is
actually independent of the panoramic image in the GN iterations, which means we do
not need to solve the intensities of the panoramic image that have a huge dimension, but

can obtain exactly the same optimal poses as solving the complete DBA.



Chapter 6

DSR: Direct Simultaneous
Registration for Multiple 3D

Images

In Chapter 5, we proposed a direct bundle adjustment (DBA) method which redefines
the classical BA by jointly optimizing the poses of local images and the intensities of the
predefined panorama. DBA uses intensity information directly instead of the extracted
and matched feature points of the local 2D images in classical BA. Therefore, the method

can deal with images lacking distinct features such as 3D TEE images.

When investigating DBA further, we find a very interesting property and have theoretically
proved that “When solving DBA problem with GN iterations, the optimization of poses
is independent of the intensities of the panoramic image”. And based on the property,
we propose a novel direct simultaneous registration (DSR) algorithm that only solves the
poses without solving the huge dimension of intensities of the panorama but obtains the
same poses as DBA. In this chapter, detailed proof of the property is presented first.
Then, simulated and in-vivo 3D TEE images are used to evaluate the proposed DSR
method compared with pairwise [75], Lie normalization [107], sequential [106], and APE

[17] methods. It is shown that the proposed method outperforms these four methods in

86
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terms of accuracy and requires much fewer computational resources than the state-of-the-

art accumulated pairwise estimates (APE).

6.1 Methods

6.1.1 Revisit of Direct Bundle Adjustment

In the DBA problem mentioned in Section 5.1.1, there are m frames of 3D images taken
from different viewpoints, denoted as I = {I3, ..., I;, ..., I, }. Correspondingly, the global
transformation for each image is parameterized in Lie algebra space with the pose pa-
rameters x¢ = (€, .. &1, .. &7 € RS A predefined 3D panoramic image M consists
of n voxels {p1, ..., Pj, ..., Pn}, Whose intensities are xp; = [M(p1), ..., M(D;), ..., M (py)] .
DBA aims at optimizing the pose parameters of local images and the intensities of voxels

in the panoramic image simultaneously.

The intensity of voxel p; in M is obtained by fusing different points’ intensities in local
images. Let Ay = [..., M(p;),...]" and B(x¢) = [.... Li(pij), -..] " = [, L(T(&)pj), -] "
represent all observed intensities of the panoramic image and their corresponding intensi-
ties in local images, respectively. Then, DBA problem (5.4) seeks to obtain the optimal

solution x = [fcg,fc&]T that minimizes:

F(x) = lle®)|* = e(x) "e(x), (6.1)

where

e(x) = Ay — B(x¢). (6.2)

The optimal solution to (6.1) can be obtained by using the GN iterations, which starts
with parameters initialization and then updates the parameters using the step changes

calculated from GN equation in each iteration until the algorithm converges.

Although the optimal poses and panoramic image can be obtained simultaneously, DBA
seems more difficult to solve than traditional multi-image registration problems since a

much higher order state vector is involved. However, we can further prove that the pose
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optimization is actually independent of the panoramic image in the GN iterations (see
Section 6.1.2), which means we do not need to solve the intensities of the panoramic image

but can obtain exactly the same optimal poses as solving the complete DBA.

6.1.2 Simultaneous Registration without Intensity Optimization

Theorem: When solving (6.1) with GN iterations, the optimization of poses is indepen-

dent of the intensities of the panoramic image.

Proof: If we write Jacobian matrix of e(x) w.r.t. x¢ and x)s separately as J(x) = [J¢, I,
then GN equation (5.13) can be written as:
I Je I Iu Axg —J e(x)

= : (6.3)
Jude  JiIu Ax —Jre(x)

In Chapter 5, we use Schur complement to solve the step changes of poses Ax¢ and
intensities of voxels Ax,; sequentially by (5.14) and (5.15). Now, according to (6.2) and
(6.3), we can write the right side of (5.14) as:

be — HenrH o b
= — Jd e(x) + J¢ Tu(Jipdn) " T ape(x)
=~ J¢ (Ayr = B(x¢)) + J¢ Jn (JarJn) " ar(Ans = B(x))
=— Jd Ay + IS B(xe) + I T (Tapdn) " TarAns — I Tar (Tipda) T B(xe)

= — J¢ (Anr = I (T dan) " T AM) = J¢ (In(Jipdan) " B (xe) — B(xe)).  (6.4)

It is shown from J;;(x) (see (5.7)) that there is one and only one nonzero element 1 in
each row of Jy;. The nonzero element means the voxel p; is observed in the local frame
i and corresponds to the intensity difference e;; = M(p;) — I;(pij). Therefore, according
to the observed status of the panoramic image in the local frames which is indicated by

the structure of Jys, it can be easily deduced that A; = Jyrxps. Substituting Ay to the
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first term on the right side of (6.4), we have:
—J¢ (Juxar — (g dne) " TipJaxar) = 0. (6.5)
Then, (5.14) becomes:
(Hee = HearHyfy Herr ) Axe = =T (b JiB(xe) - Bxe),  (6.6)

which indicates that the step change Ax¢ is independent of intensities x s in every GN iter-
ation. Therefore, obtaining the optimal poses is independent of the intensities of panoramic

image M during the optimization process. Q.E.D.

In addition, after X¢ is obtained, the NLLS problem in (6.1) becomes a linear least-squares

problem to minimize:
le(xan)® = (Anr = B(xe¢)) " (Ans — B(xe)). (6.7)

Therefore, if required, we can calculate the optimal panoramic image easily in only one

step from the following closed-form formula:
xn =~y T B(%e). (6.8)

The independent property of DBA is very attractive since it allows us to optimize the poses
only using (6.6), which is equivalent to solving the complete DBA problem using Schur
complement in two sequential steps as (5.14) and (5.15). A 3D image typically contains
millions of voxels but we only need six parameters to represent its pose. Therefore, the
independence of optimizing poses to intensities has the potential of helping us reduce the
dimension of the solution space. Based on the theorem, we proposed the DSR algorithm
which solves the poses only without considering the huge dimension of the intensities. The

implementation process of DSR is summarized in Algorithm 4.
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Algorithm 4: Direct Simultaneous Registration (DSR)

Input: A collection of 3D images {I;}" ;.
Output: Global poses x¢ for all local 3D images.

Step 1: Pre-computation:
Define a volume M (grid only) with n voxels and a vector v € R";
Calculate gradient space of intensity of 3D images {I;}I";
Interpolate intensity /gradient spaces of 3D images;
Step 2: Optimization:
Initialize the pose parameters x¢ < X¢;
while Algorithm not converged do
Assign zero to each element of v;
for every voxel location p; in volume M do
for every image I; do
pij = T(&)pj;
if o(p;;) =1 then
Calculate Jacobian Jfgg =07, ol duw(tip;) 0'];
Xt T owEp) o0& 0 b
Calculate Jacobian Jy,, =[07,1,07];
Update vector v(p;) =v(p;) +1;
end
end
end
Je= [ d8 0T = Lo T, T
Calculate Hee = JJ Je, Henr = Hype = Jd Jur, and Hyfy = diag(1./v);
Calculate Axg = [AE], ..., AL, ..., AEN]T by (9);
Update the pose of each image, T'(§;) < T'(A&)T(&);
end

6.2 Experiments and Results

In this section, 3D TEE images are used as examples to evaluate the proposed DSR

algorithm compared with the pairwise [75], Lie normalization [107], sequential [106], and

APE [17] methods. Both simulated and in-vivo experiments are performed.

6.2.1 Simulated Experiments

Similar to the data generation process introduced in Section 3.2.1.2, five sequences of 3D

images (in grayscale ranging from 0 to 255) are simulated by transforming a 3D TEE

volume to a real 3D CT scan of the heart with different poses and cropping the corre-

sponding image area. Each sequence contains 11 frames of 3D images. The magnitude of
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FIGURE 6.1: Accuracy of DSR method compared to pairwise [75], Lie normalization
[107], sequential [106], and APE [17] methods using 5 sequences of simulated 3D TEE
images.

these transformations varies between +/— 12 degrees for rotations and +/— 15 pixels for
translations, which are typical ranges of poses in our obtained in-vivo 3D TEE images.
Gaussian noise [84, 108] with a standard deviation of 25 is generated randomly and added

to the intensities of these five sequences of images.

The accuracy of the proposed DSR method is evaluated by comparing it with pairwise, Lie
normalization, sequential, and APE methods via simulated datasets. For fair comparisons,
pairwise, sequential, and APE methods use the SSD as the similarity metric, GN method
as optimization solver, and the initial pose parameters in each method are the same.
Lie normalization optimizes poses obtained from pairwise methods and does not directly
involve images [107]. Thus, we use the results from the pairwise registration as the input
to Lie normalization. The mean absolute errors (MAE) of translation and Euler angles

obtained from the proposed DSR and other four methods are compared in Fig. 6.1.

It is shown from Fig. 6.1 that MAE of the results obtained from DSR, sequential, and
APE methods are much smaller than the pairwise and Lie normalization methods in most
of the cases, which indicates the better accuracy of these three methods. Additionally,
among DSR, sequential, and APE methods, the accuracy of DSR is within 0.5 pixels for
translations in most of the cases and is within 1 x 1073 rad for rotations in more than
half cases. Although the accuracy of APE is the closest to DSR among four competing
methods, it still has larger errors than DSR. The errors of APE are greater than 0.5
pixels for translations and greater than 1 x 1073 rad for rotations in more than half of

experiments. And the results show that the accuracy of both translations and rotations
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TABLE 6.1: Details of the Six In-vivo ECG-gated Datasets

. No. Volume size Resolution FoV
Patient ID .
frames (voxel) (mm/voxel) | w.r.t original
# 1 9 240x160x208 | 0.69%0.98%0.73 2.10
# 2 6 240%160x208 | 0.77%x1.11x0.82 2.02
# 3 6 240x160x208 | 0.64%x0.92x0.68 1.80
# 4 8 272x208%208 | 0.63x0.90x0.68 2.06
#5 6 272x208x208 | 0.58x0.87x0.63 2.01
# 6 11 236x224x208 | 0.69x0.72x0.77 2.18

from the sequential method is lower than DSR and APE. Furthermore, it is seen from
Fig. 6.1 that the distribution of errors from DSR is more concentrated than the others,

which indicates it also has better robustness than the other four methods.

The above comparisons indicate that the proposed method has the highest accuracy, fol-
lowed by APE. Both these two simultaneous registration methods are more accurate than
the other three which are deduced from pairwise registration. In addition, compared with
the proposed DSR method, one apparent drawback of APE is its much higher computa-
tional complexity. Since both DSR and APE use the sum-of-squared intensity differences
as the objective function, the computational complexities for both methods are closely
related to the number of intensity differences. Suppose there are m images, each image
has h pixels, and every two images have around a% overlapping area, the computational
complexity of APE is around O(m(m — 1)/2 x a% x h) [78] since APE considers all the
combinations of images, while that of DSR is only O(m x h). In the simulated experiments
for each sequence, it is found that APE calculates around four times as many intensity
differences as DSR and needs around 4-5 times longer time than DSR for each iteration.
Theoretically, the more images involved, the higher the computational complexity of APE

is, and the more time it takes than DSR.

6.2.2 In-vivo Experiments

In the in-vivo experiments, forty-six 3D TEE images from six patients (Patient #1 to #6)
are collected using a real-time 3D transducer. The details of the ECG-gated datasets are

listed in the first four columns in Table 6.1. Since the proposed DSR, sequential, and APE
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FIGURE 6.2: Comparison of iterative process of DSR and DBA, different colors represent
experiments on different in-vivo datasets.

methods outperformed the other two methods in terms of accuracy, in this section, the
proposed method is compared with the sequential and APE methods only. Pose parameters
of three methods are initialized using the results from the pairwise method. It is found

that such an initialization method is enough for DSR to converge to the correct results.

To verify the equivalence of proposed DSR and DBA for pose estimation, the two methods
are performed respectively from the same initial guess of poses. The objective functions
and the step changes of the poses in each iteration are shown in Fig. 6.2. Note that in
the proposed DSR method, the intensities of panoramic image are not needed. Panoramic
image is computed in DSR method deliberately only for comparing the objective function.
It is found that the values of the objective functions and the calculated step changes of the
poses from the two methods are always the same at every iteration, which indicates the
estimated poses from the two algorithms at every step are always the same. In addition, the
mean computational costs of DBA and DSR for one iteration are compared in Table 6.2.
The results indicate that DSR is 14-22% more efficient than DBA when they are run on
MATLAB on the same computer. It is important to note that although we have proved
DSR has lower computational complexity than DBA, our current focus of DSR is more
on accuracy rather than efficiency. Therefore, we directly implement both DBA and DSR
in MATLAB on CPU, which may not showcase the full advantages of DSR. We leave
the work of fast implementation of DSR for our future work which will be discussed in

Chapter 8.
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TABLE 6.2: Mean Computational Cost

No Execution time
Patient ID framés (seconds/iteration)

APE DBA DSR
#1 9 295.55 91.38 74.56
# 2 6 77.41 58.95 49.43
# 3 6 78.97 58.32 50.16
#4 8 256.53 148.15 124.04
#5 6 190.37 92.38 78.16
#6 11 1100.36 240.49 188.74

DSR Sequentlal Sequential DSR Sequential

Se uentlal

DSR

(7)

FIGURE 6.3: Comparisons of the aligned images using poses from sequential, APE, and
DSR.

To evaluate the accuracy of the proposed DSR method, pairwise images are aligned using
the poses obtained by the sequential, APE, and DSR methods, respectively. Similar to
the results in our simulated experiments, aligned images obtained from DSR have the best
quality, followed by APE and then the sequential method. In all the aligned images, there
is no misalignment found from the proposed DSR in the experiments, while some apparent
misalignment is found from the results of APE and sequential methods. Several examples
are displayed in Fig. 6.3. Additionally, although APE can obtain results that are closer
to those from the proposed method than the sequential method, it requires a much longer
time for each iteration. In the experiments, APE usually needs around 2-6 times longer

time than the proposed method for each iteration, which is shown in Table 6.2.

To further evaluate the accuracy of the proposed method, in-vivo 3D TEE images in each
dataset are fused using (6.8) and the estimated poses from DSR. We manually select

areas which contain sharp boundaries like the LA walls in the fused images for evaluation
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Patient #1 #2 #3 #4 #5 #6
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FIGURE 6.4: Fused 3D TEE images using registration results from DSR for six in-vivo
datasets. LA walls which have sharp structures in the images are indicated by white
arrows in selected areas. Colored frames are the boundaries of two registered volumes.

since generally, misalignment caused by poses with low accuracy can be easily found in
these areas. The selected regions are shown in Fig. 6.4 with three orthogonal slices and
two of the registered images in the fused images are highlighted in color boundaries. By
observing the LA walls which are indicated by white arrows in Fig. 6.4, it is shown that
the stitching areas have smooth transition and no misalignment is found in the images,

which suggests good quality of alignments have been obtained by DSR.

By counting the number of voxels, it is found that the FoV of the fused image is enlarged to
2.10, 2.02, 1.80, 2.06, 2.01, and 2.18 times as compared with the original single TEE volume
of Patient # 1 to # 6, respectively. From the reconstructed panoramic images shown in
Fig. 6.4, complete cardiac structures of interest such as LAA and AS are observed again,
which could facilitate device size selection for LAA occlusion [14] and allow measuring
the relative position and orientation of LAA w.r.t. AS to assist the planning of LAA

occlusion [91].

6.3 Chapter Summary

Starting from the framework of direct bundle adjustment (DBA), a novel direct simultane-

ous registration (DSR) algorithm for 3D images is proposed in this chapter. The method



Chapter 6 DSR: Direct Simultaneous Registration for Multiple 3D Images 96

can optimize the poses of a collection of local images simultaneously without any informa-
tion loss or reuse. Results from the simulated and in-vivo experiments demonstrate that
the proposed method outperforms the state-of-the-art APE method in terms of accuracy
and efficiency. From the results of simulated experiments, it is evident that our method
improved the accuracy of registration by more than 50% compared to the competing meth-
ods for most cases. In-vivo experiments also show accurate structures and extended FoV

of the fused images.

Since both DBA and DSR are proposed based on the 3D images without deformation,
ECG-gated 3D TEE images are used in Chapter 5 and 6. Inspired by DBA and DSR, in the
next chapter, we will propose a novel dynamic direct simultaneous registration framework
that can estimate the deformations of the panoramic image at all phases corresponding to

the local 3D TEE images simultaneously.



Chapter 7

D-DSR: Dynamic Direct
Simultaneous Registration for

Multiple 3D Images

In Chapter 4, we proposed a direct dynamic fusion (DDF) framework that can reconstruct
3D TEE images with enlarged FoV from multiview images with deformations. The method
combines the pairwise registration method with a sequential fusion strategy to enlarge
the FoV of 3D TEE images incrementally. Compared with the fusion methods that are
based on ECG-gated images, DDF is capable of building the final panoramic images at
different phases of cardiac cycles if we change the order of fusion. Therefore, motion-related
information [93, 103] of the heart can be retained and analyzed in the fused panoramic
images. We have shown that the DDF framework outperforms the state-of-the-art methods

in terms of accuracy and can enlarge the FoV of the 3D TEE images effectively.

Inspired by the DBA and DSR presented in Chapter 5 and 6, we propose a novel dynamic
direct simultaneous registration (D-DSR) framework in this chapter to estimate the 3D
TEE panoramic images at all phases corresponding to the collected local images simul-
taneously. Similar to the DBA framework used for rigid scenarios, we firstly formulate
our problem as a dynamic direct bundle adjustment problem by substituting the rigid

transformations in DBA with embedded deformation graphs. Secondly, we prove a similar

97
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property as DBA that the estimation of embedded deformation graphs in the dynamic di-
rect bundle adjustment problem is independent of the intensities of the panorama during
the optimization process and propose the D-DSR algorithm. Detailed validation of the
proposed D-DSR algorithm is performed on the in-vivo 3D TEE images. Compared to
our second framework DDF presented in Chapter 4, the main contributions of this chap-
ter include: (1) in contrast to DDF that builds the panoramic images incrementally and
needs to change the order of the fusion process to construct the final panoramic images
at different phases, D-DSR can simultaneously build the panoramic images at all phases
corresponding to the local images; (2) in contrast to DDF that estimates the deformation
using two images every time in pairwise registration, D-DSR improves the accuracy of
the deformation estimation by using simultaneous registration so that information of all

collected images is used together.

7.1 Methods

7.1.1 Problem Statement

One of the panoramic images

pj

1

|

1

|
L=l

: o
?2 ®; = (At ), 5

Embedded deformation graphs

1 ,’ T : T ) T T

I Pij Iopy ! Dij! '

Local Images L ;_ B | [y L L
A - - AN AN

L I I Im

FIGURE 7.1: Schematic diagram of dynamic direct simultaneous registration of multiple
3D images with deformations.
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In Fig. 7.1, there are m frames of local 3D images of a dynamic scene captured at different
times/phases and viewpoints. Since we care more about the estimation of deformations of
the panoramic image, we assume that all collected local images have been pre-registered
before calculation to eliminate the global motion in this chapter. Our objective is to
reconstruct m panoramic images at all phases corresponding to the local images in a

simultaneous fashion.

Let I; denote a local 3D image captured at the iy, phase and position. Suppose M is
one of the panoramic images that is predefined at i;; phase corresponding to the image
I;. M consists of n voxels and the intensity of one voxel p; in it is denoted as M (p;).
pj = [u,v,w]T, where u, v, w are integers, denote the coordinates of a voxel on the 3D
grid of M. Similar to Chapter 4, we use an embedded deformation graph to represent the
transformation between two images. Let ®; denote the transformation from the panoramic
image M to the local image ;. If the panorama M and m embedded deformation graphs
corresponding to the local images are obtained simultaneously, we can easily reconstruct
the deformation of the panoramic image at each phase by deforming the M with the
corresponding embedded deformation graph. Therefore, for the m frames of 3D images,

the overall state parameters we need to solve in the proposed problem are:
T ,T1T
X = [Xg, X)) (7.1)

where xp = [®],...,®],...,®]]T are transformations from the panoramic image M to
each local 3D image, and xp; = [M(p1), ..., M(p;), ..., M(p»)] " represent the intensities of

voxels in the panoramic image M.

7.1.2 Formulation of Dynamic Direct Bundle Adjustment

As illustrated in Fig. 7.1, the embedded deformation graph ®; is represented by a set of
affine matrices associated with nodes. Suppose that mg graph nodes of ®; are selected
uniformly from M by downsampling it. Let g;» € R? denote the position of a node r in
graph ®;, the affine transformation associated with r consists of a matrix A;. € R3*3 and

a translation vector t;, € R3. Then, the graph ®; can be denoted as ®; = {Air,tir}:ffl.
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If we set the same structure of ®; to all the m embedded deformation graphs, there are

m X mg nodes that need to be solved for the transformation part x¢ in (7.1).

Similar to Chapter 4, for any voxel p; € R3 in image M, we limit the influences of
deformation on voxel p; to its k nearest graph nodes. Suppose that a part of intensity
information of voxel p; in the panoramic image is from a point p;; in local image I;, the
transformation from p; to p;; can be expressed by using the corresponding embedded

graph ®; by:

k
pij = f(®i,p;) = > _ Wir (P5) [Air (Dj — &ir) + 8ir + tir] (7.2)
r=1

where weight w;,(p;) denotes the influence of a nearby node on the deformation of the
voxel p; and Ele Wi = 1. 4 is pre-calculated by the following formula and then

normalized.

wir (pj) = (1 = |pj — irll /dmaz) , (7.3)

where dy,q, denotes the distance from the voxel to its (k + 1)y, nearest node. We set k = 6

for all experiments presented in this chapter.

We follow the form of the energy function (4.3) in Chapter 4 to formulate the dynamic

direct bundle adjustment over m x mg graph nodes and n voxels as follows:
E(X<I>7 XM) = WrotErot (X<I>) + wregEreg(XqD) + WeonEcon (X@, XM)a (74)

where E;ot(Xa), Ereg(X), and Econ(Xa,Xar) represent rotation term, regularization term,
and constraint term respectively and wyot, Wreg, and weon are the corresponding weights.
Different from (4.3) that only considers the transformation parameters of nodes in one
embedded deformation graph, here we consider the nodes in all embedded deformation

graphs and the intensities of the panoramic image M simultaneously in (7.4).

Rotation term in (7.4) sums rotation errors over affine transformations of all deformation

graphs’ nodes to preserve the topological structure of the deformed panoramic images.

m Mg

Erot(Xa) = fro(Xe) frot(xe) = > > Rot (Air), (7.5)

i=1 r=1
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where A;, = [a;r1, ajr2, a;r3] and

2 2 2
Rot (A“«) = (a;7r~1 'air2> + (a;l . air3> + (al-TTz . airg)

T 2 T 2 T 2 (76)

Regularization term in (7.4) sums the squared error between the predicted positions of
nodes and their actual positions [48] to keep the consistency and smoothness of the defor-

mation graphs.

Ereg(xé) frTeg(X@ freg X‘I> Z Z Qg HAZT (gis - gir) + Zir + tir — (gis + tis)||2 s
i=1 r=1 seN(r)
(7.7)

where N(r) is the index of nearby k nodes which influences node r, and the weight a5 is

set as 1 [48].

Constraint term in (7.4) sums the squared intensity differences between the panoramic

image M and local images:

n

m
Econ(Xq)’XM) fcon(X‘I'uXM)fCOH ch,XM ZZU pzj 67,] M(Pj)))27 (78)
i=1 j=1
where e;;(®i, M(p;)) = M(p;) — Li(f(®i,pj)) = M(p;) — 1i(pij), and o(pi;) = 1 if the
transformed point p;; is within the image region of I;, otherwise o(p;;) = 0. Since p;;
may not be on the integer coordinates of the local image, the intensity of I;(p;;) is obtained

using trilinear interpolation.

7.1.3 Dynamic Direct Simultaneous Registration without Intensity Op-

timization
Similar to Chapter 6, we can solve energy function (7.4) using GN iterations and the
following theorem in the dynamic direct bundle adjustment problem can be proved.

Theorem: When solving (7.4) with GN iterations, the optimization of the embedded de-

formation parameters is independent of the intensities of the predefined panoramic image.
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Proof: We rewrite the energy function (7.4) as a NLLS format:
E(x) = F(x) SF(x), (7.9)

where ¥ is the weight matrix of (7.4) and F(x) = [f,(Xa), freg(Xa), feon (X@,%27)] T is the
cost function over the rotation, regularization, and constraint terms. If we write Jacobian
matrix of F'(x) w.r.t. x¢ and x)s separately as J(x) = [Jo, Ju], then GN equation can
be written as the following format:

Heo Houm Axg _ ba ’ (7.10)

Hyeo Hyrm Ax bar

where Hq)cp = ngjq,,HcpM = H]\T[@ = J(;EJM,HMM = J]\EEJM,bcp = —J;EF(X),
and by = —J;SF(x). Then, the step changes of poses and intensities of voxels can be

computed sequentially using Schur complement [105]:

(Hq;.q) — H‘I’MH]\i/Ilj\/[H‘—lI)—M) Axgp = (b(p — H@MHj\}lj\/le), (7.11)

HMMAXM = bM - H;MAXq;. (712)

Let Ay =[07, M(p)),...]" and B(xe) = [~ Fpg, Li(pi;),...] ", where O represents the zero
vector with a compatible dimension, Frr = [ft:(Xa), frog(x3)] T represents the cost vector
of rotation and regularization terms, and M (p;) represents an observed intensity of the

panoramic image and I;(p;;) represents the corresponding intensity in the local image I;,

respectively. Then, the right side of (7.11) becomes:

bo — Hon Hyfh b
=— Jp S(Ay — B(xe)) + Jg STu (JiSTn) T IS(Ay — B(xe))
= — Jg S(Anr — T (T3S dn) YIS AN) — T ST (T2 T0m) T EB(xe) — B(xg)).
(7.13)

Similar to Section 6.1.2 in Chapter 6, according to the observed status of the panoramic
image in the local image spaces which is indicated by the structure of Jys, we can easily

deduce that Aj; = Jyrxps. Substituting Ay to the first term on the right side of (7.13),
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we have:
—Jg (AN — Ty (TS da) LT A = 0. (7.14)
Then, (7.13) becomes:
(H@ - H¢MH;41]\4H;M) Axg = —J3 S(Jar (J5SI) LI, EB(xs) — B(xa)). (7.15)

(7.15) indicates that the step changes of the parameters of the embedded deformation
graphs Axg are independent of intensities xp; in every GN iteration. Therefore, obtain-
ing the optimal parameters of the embedded deformation graphs is independent of the

intensities of panoramic image M throughout the optimization process. Q.E.D.

After the optimal solution to deformation graph X¢ is obtained, (7.9) becomes a linear
least-squares problem and the optimal panoramic image can be calculated easily from the

following closed form formula:
Xy = —Hyfy Ty SB(%s). (7.16)

Based on the theorem, we propose the dynamic direct simultaneous registration (D-DSR)
algorithm which solves the deformation graphs only without considering the intensities
during the GN iterations. It calculates the optimal panoramic image M by (7.16) after
the optimal deformation graphs are obtained and estimates the deformations of the M at

the other m — 1 phases by deforming it using the corresponding deformation graphs.

The implementation process of D-DSR is summarized in Algorithm 5. When implementing
D-DSR, transformation parameters are initialized by setting each affine matrix associated
with a node as an identity matrix. In addition, we fix one of the embedded deformation
graphs to avoid singularity during the optimization. If the graph ®; that represents the
transformation from the panoramic image M to a local image I; is fixed, the reconstructed
panoramic image M will be at the same phase as the image I;. This is realized by keeping

all affine matrices in the graph ®; as identity matrices during the optimization process.
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Algorithm 5: Dynamic Direct Simultaneous Registration (D-DSR)

Input: A collection of local 3D images {I;}[", with various deformations.
Output: m panoramas corresponding local 3D images respectively.
1 Step 1: Pre-computation:
2 Define a volume M (grid only) with n voxels;
Downsample M evenly to get a graph with mg nodes, then define a graph set for all

the m graphs {{gij};n:gl}?;l;

w

4 Calculate gradient space of intensity of all the local 3D images;

5 Interpolate intensity and gradient spaces of all the 3D images;

6 Step 2: Optimization:

7 Initialize the transformation parameters x¢ < x¢, by using identity matrices;
8 Define an empty vector c;

9 while Algorithm not converged do

10 Calculate cost vectors Frgr = [f.,(xa), flje—g(x@)]T over rotation and regularization

terms;

11 Calculate Jacobian matrices of Frr w.r.t. x¢ and x,s, denoted as JgR and JEL
12 for every voxel location p; in volume M do

13 for every image I; do

14 Calculate p;; by (7.2);

15 if o(p;j) =1 then

16 Calculate Jacobian Jg =0T, _Bf(?lff,pj) 8f(§£;pj),0T];

17 Calculate Jacobian J]i\fl =[0",1,07];

18 Save the intensity ¢ = [c, I;(pij));

19 end

20 end

21 end

con __ ’ijT T con __ l']'T T.

22 JEr =1 Jdg LIt = Iy s

28 | Jo = [(J5) T, (J&) T, Ju = (T (5 T

24 Construct weight matrix ¥ of the energy function (7.4);

25 Construct B(xe) = [~Frp,c']';

26 Calculate H<1><p = J;EJq), H@M = H]\—Ehb = J;EJM, and HMM = JMEJM;
27 Calculate Axg = [A®],...,A®] ... A®]T by (7.15);

28 Update the transformation parameters X¢ < X¢ + AXgp;
29 end

30 Calculate the panoramic image M by (7.16);
31 Deform M to the other m — 1 phases by (7.2) with corresponding graphs;

7.2 Experiments and Results

We use in-vivo experiments to validate the proposed D-DSR algorithm. A total of twenty-

four sequences of in-vivo 3D TEE images with various deformations are collected from four
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TABLE 7.1: Details of the Four In-vivo Datasets

Patient No. Volume Size Resolution
Sequences (voxel) (mm/voxel)
# 1 6 240x160x208 | 0.69x0.98x0.73
# 2 6 240x160x208 | 0.77x1.11x0.82
#3 6 240x160x208 | 0.64x0.92x0.68
# 4 6 272x208%x208 | 0.63x0.90x0.68

patients using a real-time 3D ultrasound transducer. The details of the in-vivo datasets

# 1, # 2, # 3, and # 4 used for the experiments are listed in Table 7.1.

In Chapter 4, we have shown superior accuracy of the DDF framework to Plastimatch [46],
ElastiX [47], the original Demons [50], the diffeomorphic Demons [53], and the state-of-the-
art learning-based method VoxelMorph [74]. The final fused volumes of the four patients
show that the DDF can reconstruct the 3D TEE images with good quality and enlarge
the FoV of 3D TEE images effectively. In this section, the proposed D-DSR method
is compared with the DDF to evaluate the accuracy of D-DSR using the collected in-
vivo datasets. In our experiments, the coefficients in (7.4) are specified as wyor = 1,
Wreg = 60000, Weon = 0.1 for the D-DSR method, while the coefficients for DDF are set as

Wrot = 1, Wreg = 10000, weon = 0.1, which are the same as those in Chapter 4.

In the experiments, firstly, six ECG-gated TEE volumes are extracted from six sequences
in each dataset by synchronizing acquired 3D TEE images to ECG signals at the same
phase. Therefore, four sequences that contain six ECG-gated 3D TEE images in each are
obtained and denoted as ECG-1, ECG-2, ECG-3, and ECG-4, respectively. Secondly, six
TEE volumes with different deformations are selected from six sequences in each dataset at
different phases and then, four sequences that contain six 3D TEE images with different
deformations in each are obtained and denoted as Deform-1, Deform-2, Deform-3, and
Deform-4, respectively. In each sequence of the images with deformations, the sixth volume

is selected as an ECG-gated one.

The DDF and D-DSR methods are applied to fuse each sequence of the images with de-
formations, respectively. DDF employs a sequential fusion strategy for fusing multiview

images in which we repeatedly fuse one image into the panoramic image until all images
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F1GURE 7.2: Comparisons of original local images with reconstructed panoramic images
at different phases obtained by D-DSR.
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are fused together. For each loop of registration and fusion, it can only estimate the defor-
mation from one moving image (panoramic image) to one fixed image (local image). On
the contrary, D-DSR simultaneously estimates the deformations of the panoramic image
at all phases corresponding to the local images. Fig. 7.2 shows the estimated deformations
of the panoramic image at six phases for each sequence with deformations. It is found that
the reconstructed panoramic images at different phases are almost the same as correspond-
ing local images for the overlapping area, which indicates that accurate deformation at
each phase is obtained by D-DSR. In addition to obtaining accurate anatomical structures
for the overlapping areas, D-DSR is effective to predict the deformation in un-overlapping
areas so that extended FoV can be obtained from the reconstructed panoramic images

compared with the original local images, which is also shown in Fig. 7.2.

In Fig. 7.3, the results of the deformation estimation of the sequence Deform-3 at different
phases obtained by DDF and D-DSR methods are compared. Local images are used as
the references for accuracy evaluation from the second phase to the fifth phase. Since the
sixth volume in each sequence with deformations is an ECG-gated one, which means that
the estimated deformation at the sixth phase should be the same as the ECG-gated image.
Therefore, the estimated deformation at the sixth phase uses the panoramic image fused
by ECG-gated images as the reference in each sequence to estimate the overall accuracy,

shown in Fig. 7.4.

In Fig. 7.3, through comparing the reference images with the deformed images estimated
by DDF and D-DSR, it is found that D-DSR can obtain almost identical results as the
references, while some visible differences can be found from the images estimated by DDF.
The obvious differences in the images obtained by DDF and the same areas in the reference
images and the images obtained by D-DSR are marked by red boxes to facilitate evaluation
in Fig. 7.3. In addition, as more images are fused into the panoramic image by DDF, the
errors in the deformed images tend to be accumulated, which can be found easily at the
fourth and fifth phases in Fig. 7.3. Furthermore, in Fig. 7.4, the overall accuracy of the
results obtained by DDF and D-DSR are evaluated. Through the comparisons, it is found
that the deformations estimated by the D-DSR method have almost the same anatom-

ical structures as the images from the panoramic images fused by ECG-gated images.
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FIGURE 7.3: Evaluation of the reconstructed panoramic images obtained by DDF and
D-DSR from the second phase to the fifth phase based on Deform-3 from the dataset # 3.

The same areas on the images are marked by red boxes for comparison.
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FIGURE 7.4: Evaluation of the reconstructed panoramic images obtained by DDF and
D-DSR at the sixth phase of each sequence with deformations. The same areas on the
images are marked by red boxes for comparison.
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However, some accumulating errors are found in the deformed images by DDF. There-
fore, both Fig. 7.3 and Fig. 7.4 indicate that the proposed D-DSR method outperforms
DDF in terms of accuracy. This is because DDF estimates deformation using two images
every time, while D-DSR estimates deformations at every phase using all the obtained
images together, which provides more image information than DDF for the deformation
estimation. Moreover, in contrast to DDF which enlarges the FoV of 3D TEE images
incrementally, D-DSR, can use all the collected local images to build the global images at
all phases simultaneously, which could better assist clinicians in practice to build motion
and deformation models or analyze motion-related markers of diseases on the panoramic

images [93, 103].

7.3 Chapter Summary

This chapter presents a dynamic direct simultaneous registration (D-DSR) framework for
enlarging the FoV of 3D TEE images in deformable scenarios. Different from the previously
proposed DDF method in Chapter 4 that uses a sequential fusion strategy to fuse multiview
images, which accumulates errors as the fusion process proceeds, the proposed D-DSR is
capable of reconstructing the panoramic images at all phases corresponding to local images
simultaneously. The results of comparative experiments based on four in-vivo datasets
show that the D-DSR method can not only estimate the panoramic images at all phases

simultaneously but also obtain the results with higher accuracy than the DDF method.



Chapter 8

Conclusion and Future Plans

In this thesis, we aim at developing innovative multiview registration and fusion algorithms
to enlarge the FoV of 3D medical images. While the proposed algorithms could be applied
to a wide variety of image types, we mainly focus on the registration and fusion of 3D TEE
images with potential applications to assist clinicians with diagnosis, therapy, and surgery
for patients with various cardiac diseases, such as facilitating device size selection and path
planning for surgical procedures of LAA occlusion. From the pairwise-based registration
and fusion methods to the simultaneous registration and fusion methods, five works have
been accomplished to enlarge the FoV of 3D TEE images in both rigid and deformable
scenarios, solving some major challenges in multiview registration and fusion of 3D TEE
images. In Part I which consists of Chapter 3 and 4, two frameworks are presented, which
combine pairwise registration with sequential fusion strategies to fuse multiview 3D TEE
images in rigid and deformable scenarios, respectively. In Part IT which consists of Chapter
5, 6, and 7, three simultaneous registration and fusion algorithms are presented to further
improve the accuracy of registration and fusion of 3D TEE images in rigid and dynamic

scenarios.

In the first work presented in Chapter 3, we propose an efficient multiview registration and
fusion framework to extend the FoV of ECG-gated 3D TEE images. A direct method that
solves the pairwise registration problem in Lie algebra space is proposed for the registration

of 3D TEE images. Fast implementation of the method is realized by searching for the

111
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corresponding three orthogonal planes in the voxel spaces of moving and fixed images. We
employ the analytical expression of Jacobian in the optimization process. Compared to
many intensity-based registration methods that use numerical Jacobian in the optimization
process such as imregtform in MATLAB, our solution to the optimization shows higher
accuracy and better convergence in the simulated experiments. In this work, a 3D fusion
method is also proposed to fuse aligned images seamlessly and efficiently. A sequential
fusion strategy is used for fusing multiple images. Detailed Monte-Carlo simulations and
in-vivo experiments are conducted to verify the effectiveness of the proposed methods.
In-vivo experiments show that the proposed registration method outperforms the state-of-
the-art PCA-based method in terms of accuracy and efficiency. Furthermore, the results
of registration and fusion of 76 in-vivo 3D TEE volumes from nine patients demonstrate
that the proposed framework can extend the FoV of 3D TEE images effectively. The FoV
of the fused image for each dataset is enlarged to around two times as compared with the

FoV of an original single 3D TEE image.

In the second work presented in Chapter 4, we propose a novel direct dynamic fusion (DDF)
framework to enlarge the FoV of 3D TEE images by sequentially fusing multiview images
containing various deformations. A direct embedded deformation method is proposed in
the framework to deal with the large cardiac deformation in 3D TEE images. In-vivo
experiments are conducted to evaluate our method compared with the state-of-the-art
non-learning-based and learning-based registration methods. Qualitative and quantitative
results of the experiments show that the proposed method outperforms the competing
methods in terms of accuracy. The final fused panoramic images based on the in-vivo
datasets show that the proposed DDF framework can reconstruct the 3D TEE images
with good quality and enlarge the FoV of images around two times compared with that
of the original single images. Without selecting the static (ECG-gated) images from the
same cardiac phase, DDF could provide an alternative to the conventional fusion methods

that are biased toward the specifically chosen phase.

In the third work presented in Chapter 5, we propose a novel direct bundle adjustment
(DBA) framework for completing multiview 3D image registration and fusion simultane-
ously in the rigid scenario. The method redefines classical bundle adjustment (BA) by

optimizing the intensities of the panoramic image (instead of positions of scene points in
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classical BA) and the poses of the local images simultaneously. It is achieved by maxi-
mizing the similarity between the predefined panoramic image and local images. Detailed
experiments are conducted in this chapter and show that the DBA method is robust to
intensity noises and can obtain more accurate results than the sequential fusion method
presented in Chapter 3. The results of in-vivo experiments show apparent enlargement
of the FoV in the final fused images compared with that of the original single 3D TEE
images. Without any reference image, correspondences, or information loss or reuse, the
DBA method is an elegant way to obtain the optimal global image and poses of local
images in one go. This work has filled an important gap in 3D image registration and

fusion.

In the fourth work presented in Chapter 6, we propose a novel direct simultaneous regis-
tration (DSR) algorithm for 3D images. This algorithm is proposed based on our finding
in DBA that “When solving DBA problem with GN iterations, the optimization of poses
is independent of the intensities of the panoramic image”. Compared with DBA, the
proposed DSR algorithm solves the poses only without solving the huge dimension of in-
tensities of the panoramic image but obtains the same optimal poses as DBA. The method
can also optimize the poses of a collection of 3D images simultaneously without any in-
formation loss or reuse. Results from the simulated and in-vivo experiments demonstrate
that the proposed method outperforms the other competing methods in terms of accuracy
and is much more efficient than the state-of-the-art APE method. It is shown from the
simulated experiments that our method improves the accuracy of registration by more
than 50% compared to the other competing methods for most cases. In-vivo experiments

also show accurate anatomical structures and extended FoV in the fused images.

In the fifth work presented in Chapter 7, we propose a novel dynamic direct simultaneous
registration (D-DSR) framework that could estimate the panoramic images at all phases
corresponding to local images simultaneously. This work is inspired by DBA and DSR
which are used in rigid scenarios. Firstly, we formulate our problem as a dynamic direct
bundle adjustment problem by substituting the rigid transformations in DBA with embed-
ded deformation graphs. Secondly, a similar theorem as DBA is proved that the estimation
of embedded deformation graphs in the dynamic direct bundle adjustment problem is in-

dependent of the intensities of the predefined panoramic image during the optimization
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process. Then, based on the theorem, the D-DSR algorithm is proposed. We validate
D-DSR by comparing it with the DDF method presented in Chapter 4 using the in-vivo
3D TEE images. The results show that D-DSR can reconstruct the panoramic images
with enlarged FoV at all phases simultaneously. And the results show a higher accuracy of
registration and fusion than the DDF method that is deduced from pairwise registration

and fusion.

Our methods of enlarging the FoV in 3D TEE images have significant potential clinical
values of assisting clinicians’ diagnosis and surgical planning for patients with various
cardiac diseases. In the planning of most cardiac surgery and intervention, it is crucial for
cardiac structures of interest to be observed in a single image for a complete analysis of
the spatial orientation of these structures. The proposed registration and fusion methods
allow visualizing complete cardiac structures of interest in a single volume and therefore,
measurement of distances and angles related to these structures can be realized easily. For
instance, in the pre-operative planning of LAA occlusion, firstly, the enlarged FoV of 3D
TEE allows the LAA to be observed completely to facilitate device size selection for the
optimal occluder. Secondly, a complete structure of LA in the enlarged 3D TEE image
allows measuring the relative position and orientation of LAA w.r.t. AS to facilitate the

path planning for LAA occlusion.

In the future, we plan to further improve our current works from three aspects:

e Complete the efficient implementation of DSR. Currently, our focus in DSR is more
on accuracy than efficiency, thus we implemented it in MATLAB on CPU. Since the
linear system of the GN equation has a special sparse structure that is similar to
other BA problems, it is very promising for us to use techniques in [109] to achieve
parallel implementation of DSR on GPU. Additionally, optimization techniques used
in g20 [110] and parallax BA [111] could also help us achieve the fast implementation.

Our future work will focus on fast implementation of DSR.

e Extend our DSR work to multimodal registration such as 3D ultrasound to CT. Our
current DSR employs SSD as the similarity metric which is usually used to measure

the similarity among images obtained from monomodality. We may extend DSR
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method for multimodal registration through two strategies: (1) change a similarity
metric such as MI that can measure the similarity among images from multimodality;
(2) use methods such as structural image representation [78] to convert image from
one modality to the other one, and then the current DSR method can be applied to

these images directly.

e Improve the evaluation of the proposed D-DSR method. Currently, we validated
D-DSR qualitatively using the in-vivo 3D TEE datasets, compared with the DDF
method. In the future, we are planning to improve the qualitative evaluation of the

method by using CT images as the ground truth.
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