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Abstract

Ultrasound is a favorable tool for intra-operative surgical gdance due to its fast
imaging speed and non-invasive nature. However, deformatiooithe anatomy caused
by breathing, heartbeat, and movement of the patient make iti cult to track the
location of anatomical landmarks during intra-operative lirasound-guided interven-
tions. While elastic registration can be used to compensate for age misalignment,
its adaptation for clinical use has only been gradual due to élack of standardized
guidelines to quantify the performance of di erent registrdon techniques.
Evaluation of elastic registration algorithms is a di cult ta sk since the point
to point correspondence between images is usually unknown. i$tposes a major
challenge in the validation of non-rigid registration techiques for performance com-
parisons. Current validation guidelines for non-rigid regisation algorithms exist
for the comparison of techniques for magnetic resonance imag# the brain. These
frameworks provide users with standardized brain datasets aperformance measures
based on brain region alignment, intensity di erences betweeimages, and inverse
consistency of transformations. These metrics may not all be sultie for ultrasound
registration algorithms due to the di erent properties of the imaging modalities. Fur-
thermore, other metrics are required for validating the regtration performance on

di erent anatomical images with large deformations such ashe liver.



This work presents a validation framework dedicated for ulasound elastic reg-
istration algorithms. Quantitative validation metrics are evaluated for ultrasound
images. These include a simulation technique to measure regisiba accuracy, a
segmentation algorithm to extract anatomical landmarks to rasure feature overlap,
and a technique to measure the alignment of images using simitgimetrics.

An extensive study of an ultrasound temporal registration algottihm is conducted
using the proposed validation framework. Experiments are permed on a large
database of 2D and 3D US images of the carotid artery and the livéo assess the
performance of this algorithm. In addition, two graphical ser interfaces which in-
tegrate the image registration and segmentation techniquesave been developed to
visualize the performance of these algorithms on ultrasound ages captured in real

time. In the future, these interfaces may be used to enhance rdsound examination.
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Glossary

2D Two-Dimensional.
3D Three-Dimensional.

B-mode A two-dimensional ultrasound image generated from echoes prixed in

a single plane.

CT Computed Tomography.
DOF Degree-of-Freedom.
DRB Dynamic Reference Body.

elastic registration Registration between two images in which the transformation

of each point in an image can have its own unique displacement.

xed image  The reference image, which is often a pre-operative plan, tehich a

second image is aligned during image registration.

ground truth Any measurement of an observed quantity that can be used to val-

idate or verify a new technique.

GUI Graphical User Interface.
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ICP Iterative Closest Points.
inter-modality Di erent modality.
intra-modality Same modality.
intra-operative During operation.

iso-surface A 3D surface representing points of a constant value within a uane

of space.
ITK Insight Segmentation and Registration Tool Kit.

moving image  The image that is deformed to align with the xed image during

registration.
MR Magnetic Resonance.

mutual information A quantity that measures the mutual dependence between
two variables. One method of image registration is to deform a awing
image until the mutual information between this image and a xed image

IS maximized.
PET Positron Emission Tomography.

similarity metric A measure used to quantify the similarity between two images.

An example of a similarity metric is mutual information.

validation  Using a set of standards or rules to check if a process is correct fort i

satis es a certain criterion.



Chapter 1

Introduction

Medical imaging technologies have become a key tool that hbslped physicians to
diagnose diseases in patients at earlier stages, and to performatment with increased
accuracy. These technologies have provided less invasive tneant options, thereby
reducing post-surgical side-e ects such as infection from lagurgical incisions. This
has greatly improved treatment outcomes and reduced recayeime after surgery.

Imaging modalities such asMlagnetic Resonancg MR), Computed Tomography
(CT), ultrasound (US), and Positron Emission Tomography(PET) have been used for
various clinical applications. Among them, ultrasound has reived much interest due
to its unique properties of being non-ionizing, inexpensiyand providing real-time
display of anatomical images. Intra-operative US imaging haskn highly recognized
for navigating tools in the treatment of liver metastasis [5, Z] for guiding the process
of lesion removal during neurosurgery [45, 59], as well as foonitoring cardiovascular
activities [43].

Despite the advantages, US has a lower signal to noise ratio comgarto other
imaging modalities such as MR and CT. Some of the challengesathpersist when

1



CHAPTER 1. INTRODUCTION 2

using ultrasound imaging for medical diagnosis and treatmenta as follows:

Organ deformation caused by breathing, heartbeat, and physicmovement of
the patient produces misalignment between the pre-operagvimage data and
the intra-operative US images. This often induces di cultiesin tracking a
surgical target or speci ¢ landmarks in an organ. The radiolagt may need to
mentally align these images to monitor abnormalities in theraatomy and form
diagnosis and treatment decisions. This process that requiregensive training

and diagnosis is highly dependent the radiologist's skills.

Ultrasound contains speckle patterns and shadows; therefore,dge interpreta-
tion is challenging because of the poor quality of ultrasoundniages compared

to the other imaging modalities.

A great amount of expertise is required to interpret B-mode tlasound images
in order to diagnose a disease. It is often necessary for the radmikt to create
intuitive 3D models of the anatomy in their mind, which correspond to the 2D

US images shown on the screen.

Registration is the process of aligning two images together lging a set of equa-
tions that transforms the coordinates of each point in one ingge into the coordinates
of the corresponding point in the other image. A common registtion technique in-
volves the use of asimilarity metric to calculate the image alignment between two
images, and an optimizer to iteratively maximize this similaty measure (as shown
in Figure 1.1. This approach will be discussed in more detail inf@pter 2.2.1.

Elastic registration algorithms align images using a deforméd transformation



CHAPTER 1. INTRODUCTION 3

Alignment Optimization convere,
(Similarity Measure) P =
1 Registered-

Not Converged

Transformation

Figure 1.1: The steps to an intensity-based registration process.

model. This registration technique can be used to solve the pren of organ defor-
mation in US images by forming structural correspondences befen a pre-operative
surgical plan and intra-operative data. Real-time elastic gistration of a sequence
of US images can bene t radiation therapy by compensating forhe motion of the
anatomy due to breathing, heartbeat, and movement of the pant during dosage
delivery, facilitating safer dosage increase and reducing tiation exposure to healthy
tissues. An application of image registration for radiotherapy auld be to carry out
treatment with real-time US images of soft tissue which are regested to a preop-
erative xed image on which the radiotherapy procedure hasden planned. This
method would provide a timely estimation of the tumor's posibn without resorting
to invasive methods or the patient being exposed to additionahdiation.

Techniques for elastic registration of US images must be fast, acate, and ro-
bust to image deformations to be used for medical diagnosis angatment planning.
The lack of standardized guidelines to assess the performanceh® developed algo-
rithms has resulted in the delay to use these techniques for dtal applications. A
common validation framework to evaluate the performance afew US elastic regis-
tration algorithms is necessary to determine if the techniquis suitable for a certain

application.
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1.1 Motivation

Validation is the process of assessing a system to ensure that it fu$ the requirements
of an application. While the development of new medical im&gprocessing algorithms
was the main focus of research in the past, there has been litttecus on the validation
of these techniques [39]. A registration algorithm must undeogthorough validation
of its performance and limitations before it can be used in diical practice.

Rigid registration algorithms have a knowndegree-of-freedonfDOF) for transfor-
mation (3 translations and 3 rotations). Strategies for ndirg the accuracy of these
algorithms have been analyzed extensively in the literaturf22, 23, 79]. Accuracy
measurement usually involves calculating the displacementrers with respect to po-
sition markers on simulated or phantom data. This strategy carot be used with
elastic registration algorithms due to the complex nature offte non-rigid deforma-
tions and the large number of transformation parameters inveed. The lack ofground
truth in clinical data for measuring the correspondence between theed and moving
images is the major challenge in validating elastic registriain algorithms.

Development of detailed validation guidelines for non-rid registration algorithms
has only begun in the recent years [15, 19, 32, 38, 39, 60, 63pwever, a vast majority
of these works have been aimed at validating registration tectlgues for MR images,
especially of the brain. US images exhibit vastly di erent proprties compared with
MRI, which poses the need for dedicated criteria to validate U&egistration algo-
rithms. To the best of our knowledge, no standardized proceduhas been developed
for the validation of non-rigid US registration algorithms.

The aim of this thesis is to provide a framework dedicated forhe validation of

elastic registration algorithms for ultrasound images. Our maigoal is to develop a
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Validation

-

Level 1 Level 2
Ground Truth Ground Truth No Ground Truth
(Gold Standard) (Bronze Standard)
Compare Actual to _ Anatomical Visual Similarity
Artificial R Time Feature Assessment Measure
Transformation equirements Overlap

Figure 1.2: Proposed validation framework for elastic regisition of US images.

set of validation criteria and use it to extensively test the pedrmance of a US elastic
registration algorithm [24, 25]. In addition, the elastic regstration technique used for
validation experiments has been developed into a software gkage to visualize the
registration performance. The next two sections provide an ewiew of our proposed
registration validation framework, as well as the software aggn for the graphical user

interface.

1.2 Proposed Validation Framework

In this work, we present a validation framework for elastic ragtration algorithms
developed for US images. This framework extends the validatianethodologies for
image processing techniques de ned in the literature [28, 38} elastic registration of
ultrasound images. Figure 1.2 illustrates the validation praadure, which comprises
of two levels of assessment. The rst level measures the accuracytlod algorithm

using simulated deformations as gold standardto obtain the registration accuracy,
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as well as computation time. This form of measurement nds théechnical e cacy
[28] of the registration method.

The second level of the framework evaluates the clinical e @y of a proposed
technique. This procedure is divided into two parts of locahnd global measure-
ments. Priori knowledge of the anatomy is used to form a local rasure, which is
considered abronze standardtechnique of evaluating the accuracy of an algorithm.
Clinically signi cant landmarks, such as vessel structures, are segnted from US
images to form a local overlap measure before and after regaton. The resulting
measurements can be used toward determination of an algorittsrsuccess or failure
(i.e., fault detection [37]). Visual assessment is used to globalssess the image
alignment between the xed and registered clinical images. Ehaveraged image from
a set of registered sequential images can be obtained to compé#re registration
consistency between di erent algorithms. Calculation of intesity statistics on im-
ages before and after registration using similarity metrics sh@as mutual information
forms a quantitative measure of the global results.

The proposed validation framework is used to assess a temporalisgé@tion al-
gorithm for 2D and 3D US images [24, 25]. The techniques in theayall validation
framework will determine the accuracy, robustness, and compttonal complexity of

the registration algorithm.

1.3 Ultrasound-based Diagnostic Interface

Qualitative visual assessment is usually the rst method used to evate image pro-

cessing techniques, such as registration and segmentation. In@rtb test these image
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processing algorithms, a platform must be created on which to vialize the perfor-
mance output from these algorithms. Figure 1.3 illustrates th@roposed software
design of two graphical user interfaces (GUI) for the registratin and segmentation
of US images. These interfaces can be used with an ultrasound maehio perform
registration and segmentation ofive B-mode ultrasound images. Images from the
ultrasound machine are captured onto the GUIs, where the data jgrocessed, and
updated onto the screen.

The temporal registration algorithm [24], which was used foralidation experi-
ments, was implemented for the registration GUI. Using this GUI, te operator is
able to control and alter the registration parameters durindJS imaging.

The segmentation and visualization interface performs reéilme segmentation of
US images and provides the user with updated 3D surface modelstioé¢ scanned
anatomical structure during free-hand data acquisition. Thdso-surface model is
constructed from the spatial information obtained using a camma, which tracks the
movement of an optical sensor that is mounted onto the ultrasodiprobe. Users may
save the 2D images and 3D models during a session and review thena &ter time.

The current implementation of the registration and segmentadn interfaces is used
for the qualitative assessment of the registration results, as wea for the visualization
of 3D graphical models during ultrasound scanning. These GUIsrcaotentially be
used in the future to enhance ultrasound examination. Since éhregistration GUI is
able to solve the image alignment problem of intra-operative)S images, it may be
used to monitor the real-time motion of landmarks in the anatmy. The segmentation
and visualization GUI may also reduce the variability in US datanterpretation by

providing the user with 3D graphical volumes of the anatomy tat are updated in
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Image Graphical
Processing Display

-: update

g BN => \ [ | registered
! images
7

Registration ——
update images — %

update | | —
model

O

Segmentation

Surface model

update images _ 1

Figure 1.3: Software design for enhanced ultrasound examiraat.

real time during actual US scanning.

1.4 Thesis Objectives

The objective of this thesis has been to develop a validatiomainework to evaluate

elastic US registration algorithms. This thesis aims to:

Develop a generic validation framework to extensively testagtic US registra-
tion algorithms. This framework will provide a guideline forusers to evaluate

the performance of their proposed techniques.

Conduct an extensive performance study of an elastic US registi@ method
[24, 25], using the proposed validation framework. The algthim's accuracy
and robustness will be tested on a large database of ultrasound iges collected

from di erent subjects.

Design an e cient GUI for viewing the registration of ultrasoundimages in real
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time. This interface can potentially be used to detect tissue ntion caused by
breathing and patient movement, which in clinical practicecannot be controlled

while the patient undergoes the imaging procedure.

Develop a real-time segmentation and 3D interactive visuahtion interface by
adapting hardware and software components to optimize the @sentation of
visual information during ultrasound scanning. It is expectedhat the addi-

tional information provided to the operator will ease the dignosis procedure

and increase the e ectiveness of ultrasound usage.

1.5 Thesis Contributions

The contributions of this thesis are summarized as follows:

Developed a novel validation framework to extensively test & performance
of ultrasound elastic registration algorithms. Validation metics such as seg-
mentation and similarity measures were analyzed to determirtbeir ability to

evaluate US elastic registration algorithms.

Evaluated the ultrasound registration technique [24, 25, 2&ising the proposed
validation framework on a large database of 2D and 3D US imageaptured
from ten subjects. A performance comparison between the tempbr3D US
algorithm [26] and an open source registration technique wasraucted. A

B-splines registration algorithm was implemented using ITK fothis purpose.

Designed two graphical user interfaces for image registratiamd segmentation.

The image registration interface was used to visualize the permance of the
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temporal registration algorithm which was used for validatio experiments. The
segmentation interface was used to build 3D surface models oktlanatomy

during ultrasound data acquisition.

1.6 Thesis Outline

The thesis is divided into six chapters that include a review ahedical image regis-
tration, validation strategies, and interface design. The restf the thesis is organized
as follows:

Chapter 2 Background:  provides a description of the medical image registra-
tion process and an overview of prior registration techniquen the literature. This
chapter also contains a detailed review of the elastic ultrasod registration technique
used for validation experiments.

Chapter 3 Validation Framework: provides an overview of current validation
techniques used for image processing algorithms. The proposedimodology to assess
the performance of elastic US registration algorithms is desbgd.

Chapter 4 Validation Results: shows the experimental results on the valida-
tion of a temporal registration algorithm for 2D and 3D ultrasand images, using the
proposed validation framework.

Chapter 5 Applications: includes an overview of the interface design for US
image registration as well as an overview of the system for US segma¢ion and
volume rendering. A detailed user manual for the registratiomnd segmentation
interfaces can be found in Appendix A and B of this thesis, respeatly.

Chapter 6 Conclusions: concludes the thesis and makes suggestions for future

research.



Chapter 2

Background

This chapter introduces the technique of medical image reggiation and provides an
overview of popular techniques in the literature. The latesections' focus is on reg-
istration techniques for ultrasound images. A summary of the edtic US registration

algorithm employed in validation experiments is also provied.

2.1 Medical Image Registration

The process of image registration involves a xed and a movingnage. The xed
image acts as the reference to which the moving image is defed to align with the
xed image. Important applications for image registration nclude video surveillance
[30], remote sensing [6], and medical diagnosis and treatmeidt [L7, 55, 77]. The
focus of this thesis in particular is on medical image registian.

Registration methods may be classi ed according to various teria such as the
image modality, the image dimensionality, or the transformaon type. These criteria

will be explained in more detail in the subsequent sections.

11
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2.1.1 Image Modality

Medical image registration is a process in which data capturexd di erent times from
either the same or di erent imaging modality can be aligned tgether. Most of the
work in the literature has been focused on multi-modality regtration of anatomical
images. A recent survey for intra-modality and inter-modalig registration techniques
targeted for breast images is provided in [29]. Intra-mod#)i registration enables
comparisons between images of the same modality, while the bda of inter-modality
registration is the complementary information gained from sing di erent imaging
techniques such as MRI, PET, CT, and US. Each of these imaging maldies has its
advantages and disadvantages.

MRI is especially useful for obtaining high resolution imaged tissues, glands, and
organs in the abdomen. However, it is relatively costly compad to other imaging
techniques. Patients with metal implants are also not suitabléo undergo this type of
scanning. PET highlights functional processes and is often useat detecting tumors
and metabolic activities in the tissue. CT, produced by rotatig X-ray beams, is
useful for the analysis of abdominal tissues, bone structures, antbtd vessels. A
limitation of CT is that it does not provide good contrast of softissue as in MRI. Both
PET and CT require the use of contrast agents either injected 1o, or orally taken by
the patient to highlight speci c areas in soft tissue. US, produakby high frequency
sound waves, is usually employed for scanning soft deformable tissuisuch as the
breast, heart, and liver. While US has a low signal-to-noise rati(SNR) compared to
other imaging modalities, US is relatively safe (non-ionizinginexpensive, and allows
for fast image acquisition. Nevertheless, the ultrasound SNR can @sly be improved

by choosing a higher scanning frequency. Image ltering is atier method to further
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(@) (b) ()

Figure 2.1: Ultrasound data collection of (a) 2D Image, (b) 3Drhage, and (c) 4D
(serial 3D) Image of the liver.

enhance the image quality. One such method is to perform spezkkduction [21].

2.1.2 Image Dimensionality

Image matching can be performed in any dimension. Registraticcan be performed
on images of di erent dimensions such as 2D-2D, 2D-3D and 3D-3Dhe introduction
of time adds an additional dimension; for example, a time ses®f 3D images is also
known as a 4D image (as shown in Figure 2.1). In 4D imaging, thenage frame is
kept at a xed position to observe changes in the anatomy in timeRegistration of
sequential images captured over time (also known &smporal registration) may be
useful for intra-operative radiotherapy [27] as well as for amitoring medical condi-
tions such as morphological changes in the brain [68] over thpan of several months

or years.
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2.1.3 Transformations

One of the major challenges of image registration is nding #correct transformation
to obtain structural correspondence between images. Transfoation of the moving
image into the xed image can be divided into three categorgeof rigid, a ne, and

elastic. Rigid registration usually involves 6 parameters (&mslation and rotation for
each of x, y, and z directions). In addition to these, a ne transbrmations also include
parameters for scaling and shearing. Elastic transformationnathe other hand, is

more complex and each point in an image can have its own unigdesplacement.

2.2 Overview of Registration Techniques

Registration techniques in the literature can be broadly cksi ed into intensity-based
and feature-basedmage matching methods. The intensity-based approach nds the
transformation by maximizing the similarity between images sing similarity met-
rics. Feature-based registration locates corresponding landrks between images by
extracting anatomical features based on characteristics su@s the edges, lines or
points. The overall transformation eld is formed from these fature landmarks.

This section provides a review of intensity-based and featubased registration
methods. Comprehensive surveys on these techniques have beasgmted by Gucet

al. [29], and Maintz et al. [47].

2.2.1 Intensity-based Registration

Intensity-based image registration algorithms directly opete on the intensity statis-

tics of the image. This type of registration often consists of tiee main components,
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as shown in Figure 1.1. The target moving image rst undergoasnsformation using
initialized transformation parameters. The amount ofalignment between the refer-
ence and transformed target image is calculated (using simiigr metrics). An ideal
similarity metric behaves such that it is at its maximum value &the desired image
alignment, and it is robust to noise in the images. Therefore, sstion of an appro-
priate similarity metric is a crucial component, which signicantly contributes to the
success of registration. An optimization strategy is used to keepatk of changes to
the transformation parameters to maximize the similarity betveen the two images.
This is an iterative process, which continues until parametsrconverge and the result-
ing registered image is obtained. Obviously, the convergenakthe optimizer heavily
depends on the behavior of the similarity metric based on the e of medical images

used. This will be discussed next.

A. Similarity Measures Prior knowledge of the behavior of similarity metrics for
the imaging modality is important for a robust registration. The optimization step
also determines algorithm performance; however, once thehiagior of the similarity
metric is known, the optimization scheme can be chosen accargly. The assumption
is that if a good similarity measure is used, the optimization sategy chosen should
not largely a ect the overall registration performance. A number of di erent simi-
larity metrics have been used for image registration. These inde: sum of squared
di erences, mutual information, normalized mutual information and normalized cor-
relation coe cient . A review of these similarity metrics, especially those which hav

been used for US registration, is provided next.
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Sum of Squared Di erences (SSD) is de ned as [18],

X
SSD= (X(i) Y(i)* (2.1)

whereX (i) and Y (i) represent pixel intensity values at the same coordinate lodan
inimagesX andY. SSD is a popular similarity metric used to judge image alignme
However SSD is sensitive to intensity variations such as noise inages. Therefore,
it is mostly used to register images of the same modality [7, 41]. h& SSD metric
has been used successfully in the past for non-rigid registratiohcardiac US images

[10, 43].

Mutual Information (MI) originates from information theory to determine
how much uncertainty in X is decreased whelY is known. Two images are aligned

when the amount of information they contain about each otheis maximized [78],

MI(X;Y)= H(X)+ H(Y) HXY): (2.2)

The uncertainty, de ned as entropyH , is measured using intensity histograms. Min-
imizing the joint entropy, H (X;Y ), between images< and Y will maximize mutual

information. A comprehensive review of mutual information bsed registration tech-
niques can be found in a survey presented by Pluiet al. [56]. The use of the Mi
measure for US images was rst proposed by Meyet al. [51] who registered US
breast volumes using both a ne and elastic transformations. Kruker et al. [41] also
reports using the MI metric to perform a ne registration of synthetic and clinical

breast US images. In their technique, US volumes with average dehations between
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1:01mm were reduced to B0mm.

Normalized Mutual Information (NMI) was introduced by Studholmeet al.
[72] to alleviate the sensitivity problem of the MI measure to th size and the content
of image overlap [56]. This metric is de ned as

_ HX)+ H(Y),
~ HXY)

NMI (2.3)

The NMI metric has previously been used for rigid registration 08D US images of

the brain, and this measure has been found to be more robust thafl [45].

Normalized Cross Correlation (NCC) is de ned as

P
G X@1) XYY (i) Y)

NCC = 4 P = :
@iy (X (05]) X)? @iy (Y (5]) Y)?

(2.4)

whereX andY are the mean values of the images. This metric is especially migr
for registration of US images. One of the rst attempts to use this masure for US
registration was by Rohlinget al. [61] who used a correlation-based approach to
rigidly register human gall bladder US images with accurate selts. NCC has also
been used to track speckle patterns to estimate the strain motian musculoskeletal

US images [57, 58].
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2.2.2 Feature-based Registration

Most feature-based registration techniques involve four masteps, as shown in Figure
2.2: feature detection feature matching transform model estimation and transforma-
tion. Detection and matching steps identify the correspondence taeen the xed
(original image) and the moving image (dynamic image), wleltransform estimation
uses the corresponding points to calculate the necessary magpfanction for aligning
the moving image to the xed image. In the nal transformation step, the moving
image is warped or deformed to resemble the xed image.

Feature-based methods search for speci c features in imagesltsas edges, lines,
or points, and execute the registration based on these correspendes. Landmarks
can be chosen from anatomical features (intrinsic) or from miers attached to the
subject (extrinsic). Intrinsic methods are more favorable simcextrinsic methods are
invasive, and are usually less accurate on regions with largefaienations such as the
abdomen. For feature-based registration using anatomical ldmarks, features can
be identi ed interactively by the operator, or automatically by the algorithm. These
landmarks form a sparse matching criteria compared to the wheoimage content (as
used for intensity-based methods). Therefore, optimization déature-based methods
can be relatively faster than intensity-based methods.

Feature-based registration algorithms usually require priosegmentation or user
pre-de ned landmarks. These techniques are mainly used for mieinodal image
registration. Manually selected lines and planes can be segrteghto act as control
points in registering 3D US images using a ne transformation [5R

For registering US to MR images, Porteret al. segmented vessels from 3D liver

MR images using a 3D region growing segmentation algorithm. €MR images and
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Feature Detection Feature Matching
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Figure 2.2: The steps in to a feature-based registration process.

US volumes were fused together rst by user positioning, and therykan automated
cross-correlation search to re ne the results. From phantom expments, the authors
reported the average displacement error to be within the ord®f 2 mm.

Shenet al. [67] proposed a to use a hierarchical attribute matching mechem for
elastic registration (HAMMER) of MR images of the brain. The imags were rst pre-
segmented into its respective tissue types. Attribute vectors, vich contain elements
of intensity, and Geometric Moment Invariants (GMI), were céulated for each voxel
and used to match a moving image to a xed image. An average regation error of
1 mm from simulation experiments was reported.

Since the pre-segmentation step of feature-based registratialgorithms increases
the overall time required for the algorithm, this may hinderthe ability of a method
for use in real-time clinical applications. For this reason, $m et al. also proposed a
variation to the original HAMMER technique to include edge inbrmation obtained

from the Canny edge detector into the attribute vectors [69].
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2.2.3 Hybrid Registration

Both intensity-based and feature-based image matching apprdees have their strengths
and weaknesses. Feature-based methods are less computationakpensive than
intensity-based algorithms since the former operates on a snallnumber of points.
Also, feature-based methods are more reliable in converging ttee correct solution
over a wider range of initial conditions [49]. While intensit-based algorithms have
shown better accuracy [49], computation time for these techgues is ine cient since
it often takes many iterations to converge to an optimum solubn. For these reasons,
hybrid registration algorithms were developed to overcomédé problems encountered
in feature-based and intensity-based techniques [4, 11, 54].76

In hybrid registration, the anatomical landmarks are registeed using feature-
based methods, while the moving image is globally aligned toghxed image using
intensity-based techniques. Some hybrid registration algohins require the user to
manually select corresponding landmarks in the images to fortme initial registration.
Afterward, intensity-based registration is used to further re re the alignment between
the images [4, 54].

Since user chosen landmarks may be subjective and prone to erfmm manual
selection, automatic landmark extraction methods can be merbene cial for clinical
applications. Such an algorithm was proposed by Wanet al. [76] for registering
2D CT abdominal images. The authors used an intensity-based a neegistration
techniqgue which maximized the MI metric to correct for globhdisplacements. Af-
terward, an automatic elastic landmark-based registration thnique was applied to
align local features between the images. The authors foundishtechnique to have

visually acceptable results.
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Instead of applying feature-based and intensity-based registian separately, Kim
et al. [40] used a Bayesian approach consisting of a likelihood modelninimize the
distance between features and maximize intensity correlatiat the same time. Using
this method, the authors found a signi cant improvement in tke registration error for
aligning MR images of the brain. Registration errors were impved from 5mm using
either feature-based or intensity-based techniques to withithe order of 3mm using

the hybrid approach.

2.3 Registration of US Images

This section provides a literature review on the current rigl, non-rigid, and temporal
registration techniques. A detailed overview of the temporalegistration algorithm

used for validation experiments is also provided.

2.3.1 Rigid US Registration

Most rigid US registration techniques use intensity-based matatg techniques to
perform global alignment of images. One of the rst ultrasound elume registration
methods was proposed by Rohlingt al. [61]. In this approach, intensity-based
image matching was performed using cross-correlation. Six woletric images of the
gall bladder were spatially compounded after they were aligd by rigid registration.
The registration method helped to minimize the global alignmnt errors caused by
patient-movement.

In another study conducted by Meyetret al. [51], the mutual information measure

was used as a voxel similarity metric. The initial registrations conducted based on
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user de ned landmarks, and the image alignment was re ned usingpxel similarity.
This investigation demonstrated the potential of mutual infemation to be used for
ultrasound-based registration.

Besides US-US based registration techniques, rigid registratioasalso been used
to perform multi-modality registration of US images to a di erent imaging modality.
Rocheet al. [59] proposed to align US volumes to MR images of the brain by ugia
combination of intensity and gradient information from the mages. A US image was
simulated based on MR intensity and gradient information. Comelation ratio (CR)
was then used to form image alignment between the US image andetBimulated
US image. The authors found that this technique was robust in #h presence of US
artifacts.

Letteboeret al. [45] studied the same problem of aligning US to MR images of the
brain by proposing to use mutual information to perform registation of intraoperative
US volumes to pre-operative MR images. The authors concludelat when no brain
deformation occurs, alignment accuracies were within®mm.

Besides neurosurgery, registration of US to MR/CT images has albeen incorpo-
rated for applications in the liver. A system for thermal ablaton of liver metastases
was proposed by Pennegt al. [55]. An optical tracking system was used to measure
the spatial correspondence between ultrasound slices. Featusesh as the inferior
vena cava, hepatic veins, and portal veins, and the liver surfaavere extracted from
the MR image to obtain landmark correspondences between US aMR images.
Registration between the set of intra-operative tracked US ingges to 3D CT or MR
volumes was achieved using a modi ed iterative closest pointgarithm. To alleviate

the problem of liver motion, ultrasound slices were acquired amaximum exhalation.
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The mean target registration error was in the order of 16hm, which was reported
to be su ciently accurate for treatment of large lesions in theliver which are greater
than 50mm in diameter.

Nevertheless, rigid registration of US images is limited to apgktions where tis-
sue deformations caused by breathing and heartbeat do not occin situations that
require monitoring of anatomies in the abdominal region, shcas the liver, rigid
techniques are unable to compensate for the elastic tissue defations. In such ap-
plications, non-rigid registration is necessary to perform staiural alignment between

images. An overview of non-rigid US registration methods will bdescribed next.

2.3.2 Non-rigid US Registration

Rigid registration techniques nd the global transformationof images. On the other
hand, non-rigid methods are able to compensate for local awatical deformations
by nding displacement vectors that map each location in the xed image to its cor-
responding location in the moving image. This is especially be cial for registration
of images that deform due to patient breathing.

Letteboer et al. [44] re ned their registration technique for US and MR volumes
of the brain by using a non-rigid registration approach to coect for deformations
of tumors and their surrounding tissue. Data captured from foupatients were used
in registration experiments to compare two deformable modgl namely a B-splines
method and an optical ow method. The B-splines method achied the best overall
performance in this study. It was also shown that non-rigid regtration techniques
are able to increase the overlap of anatomical features fron%% (using non-rigid

registration) to 93%.
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Similar to the technique used in [59], Arbekt al. [3] built pseudoUS images
from segmented MR images of the brain. These pseudo images weseduto perform
non-rigid registration between pre-operative MR data to inta-operative US images.
The cross-correlation metric was used to measure image alignme@Qualitative ex-
amination of the results showed that the algorithm was able toarrect for non-linear
brain deformations.

Non-rigid registration of US to MR/CT images has also been evalted on images
of the liver. Langeet al. [42] segmented the portal veins manually from MR/CT
images of the liver using a region growing technique. The Itive Closest Points
(ICP) algorithm was used to estimate an initial rigid transformation between MR/CT
images and intraoperative US, while a non-rigid B-splines daimation was applied
to correct for the local misalignment between the images. Wikilthe actual run-
time of the B-spline registration algorithm is in the order of 2to 3 minutes, the
whole registration process including segmentation and pregistration takes from 10
to 15 minutes. The root mean square error of target registratiofor this technique is
reported to be approximately 3 5mm.

While multi-modal registration techniques involving US as oa of the imaging
modalities have been reported to assist image-guided surgerglatively few inves-
tigations for non-rigid US-US registration have been reporteth the literature [66].
Initial studies on elastic US-US registration have been perforrddor breast images
[41, 80]. Kruckeret al. [41] developed a subvolume-based algorithm for ultrasound
registration (SURE), which employs similarity metrics such as SSD, CC, CR, and
MI to measure the alignment of images. The images were warpedngsia thin-plate

spline transformation. Simulation experiments, where synthat US breast images
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were arti cially deformed between 1.5 and 2mm, resulted in ggstration errors in the
order of @3 mm.

Xiao et al. [80] performed 3D US registration of breast images by using a bikec
based correlation scheme and local correlation-based integsétatistics to measure
the local tissue deformation. The nal deformation eld is obtiined by tting a B-
spline mesh to the sample displacement eld. While the authors kia reported mean
registration error of 016mm, the initial deformations of the images were not speci ed.

Most of the registration techniques previously mentioned arstatic registration
techniques, meaning that registration is performed betweerhé¢ xed and moving
image one at a time. These methods are often more computatidigaexpensive,
especially if an application requires a set of serial images te loegistered to a xed
image. In the next section, temporal based registration techoies, which may solve

these problems, will be discussed.

2.3.3 Temporal US Registration

Registration of images of the same scene captured at di erenintie periods is also
known astemporal registration [43]. Temporal registration is a fundamental process
that has been used to monitor changes in the anatomy over tim&hese registration
techniques often use prior information from the previously gstered image to register
the next image in a sequence. The advantages of temporal regasibn over static
registration is that image alignment is more robust to local nrmima and noise, and
therefore, estimations of anatomical movement are more acate [68].

Temporal registration can be used to observe changes in the aoidy over a long

term (e.g., for measuring volume changes in the brain over anped of several years
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[68]) or in real time (e.g., for tracking of landmarks in surgg). Due to the rapid
image capturing capabilities of ultrasound, US temporal regiration can be used
e ectively for real-time applications such as in cardiac maon tracking [13, 43, 66].

Cardiac motion analysis is a popular application of temporategistration tech-
niques. 2D US images are used to estimate the motion of the heart arframe-by-
frame basis. One technique to track the displacement of sequetlUS images is to
use an SSD similarity metric to perform image alignment and to odel the resulting
deformation eld using B-splines [10]. It has previously beeneinonstrated that tem-
poral registration is able to accurately estimate the motionfathe heart to within 5%
of its maximum displacement [43]. Cardiac motion analysis hadso been conducted
using 3D US images. These methods temporally align sequences ofi@ages and
then use spatial registration, such as mutual information basedpproaches [66], to
rectify the deformations caused by the pressure applied on the W¥obe.

Ultrasound speckle tracking is another method used to quantifyigsue motion.
One such method is to use cross correlation-based measures tokrsppeckle patterns
in US images for measuring cardiac strain rates [14]. Speckladking methods have
also been used as an alternative to elastography to quantify th&rain in muscle
tendons [57].

Another temporal registration approach usesttribute vectorsto nd point cor-
respondences between image sequences. These points are traickellame-to-frame
registration [26]. This method has been employed for registeg US images of the
liver. Since this registration algorithm has been used to tesuo validation framework,

a comprehensive review of this registration technique is prio\ed next.
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A. Attribute Vector-based Registration The attribute vector based temporal
registration algorithm proposed by Foroughet al. [26] makes use of feature informa-
tion that is extracted from an image to register the next imagén the sequence. Voxel
intensities and the edges of important features are comparedorder to automatically
locate and match corresponding points between the xed imaged moving images.
Feature point information from the xed and previous movingimage is used for the
registration of consecutive moving images. The displacementscorresponding points
are interpolated using a Gaussian function to deform the movinghage into the xed
image.

The temporal registration technique is brie y summarized in kgure 2.3. In this
section, we describe the technique for the registration of seqquial 3D US volumes.
The technique for the registration of 2D US images is very simiawhere calculations
are required only for the x and y dimensions. In the preprocessiistgge, all images
are Itered to reduce intensity di erences caused by changingpeckle patterns be-
tween ultrasound images. Features are automatically selecteding a weighted sum
of Attribute Vectors (AVs) calculated for each voxel in an imag. An energy function
is minimized to locate corresponding features between theex and moving images.
Feature information from the xed and previous moving volunes are utilized to fa-
cilitate the detection and registration of leading points (IPs) on subsequent moving
volumes in a sequence of images. The LPs are used to warp the xedume into the

nal registered volume. More details of the algorithm are praded next.

A.1 Preprocessing and Attribute Vector-based Feature Sele ction Each
moving image is passed through a Gaussian lter to reduce the etscof speckle

commonly found in ultrasound images.Attribute vectors, whose concept originates
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Figure 2.3: The elastic registration process [26] showing the xed, moing, and registered
ultrasound volumes of the liver. Corresponding points betveen the xed and
moving ultrasound volumes are found by comparing attribute vectors. Leading
points are tracked by the algorithm to reduce the search spag per registration
of a volume in a sequence.

from the HAMMER technique [70], are calculated for each voxebtlocate key features
in an image. The combination opixel intensity, magnitude of gradieniand Laplacian
of Gaussian(LOG) as elements of the attribute vector works well for distinghing
features along vessels and boundaries in the ultrasound imag2S]. Feature points,
referred to asleading points are selected using aimimportance function based on the

weighted sum of elements of the attribute vector:

>Q1 - -
Im(P)=" (w j e(P)j); (2.5)

i=1

wherew is the weight assigned for thaéth element of the attribute vector, ¢ (P) is

the ith element of the attribute vector at point P, and n is the number of elements
in the attribute vector. The absolute value in the importancefunction is used for
the LoG attribute element, which is normalized to a value beteen -0.5 and 0.5. The
other two elements, i.e., pixel intensity and magnitude of gidient, are normalized to

a value between zero and one (see [26] for details). Points wih importance above
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a certain threshold are chosen as LPs. These LPs are processed inateding order
based on the value of their importance from Equation (2.5). Gre an LP is selected,
the importance value of points surrounding that LP is set to zer so that no more
LPs within a certain radius of it is chosen. This technique deeases the number of
LPs selected, while distributing points more evenly around iage features. In the
current implementation, point overlap is not taken into acount.

The leading points from the xed and previous moving imagesra tracked by the
algorithm, which reduces computational requirements forhie registration of the next
moving image. The step of feature tracking forms the main di eentiation between the
4D [26] and static-3D [25] algorithms for deformable ultrasau registration. After
the preprocessing stage, three sets of attribute vectors fromehxed, previous and

current moving images are stored into memory.

A.2 Feature Matching and Optimization Only a subset of points located
along anatomical features are used for registration; the digglement of other points is
estimated from the leading points. This technique speeds theqaress by reducing the
number of computations. To decrease the number of excess legdpoints, all points
with an importance function below anLP threshold are eliminated. Also, once a
leading point has been selected, no more points within a ceirtaadius (referred to as
the LP radius) of that point are chosen. Figure 2.4 shows examples of leadipgints
located on images of liver and carotid artery. These points artracked throughout
the sequence of images and are used for the warping process. g5 shows
the tracking process for one leading point during temporal gistration. LP° is a
leading point in the xed image. LP ! to LP ! depict the location of the corresponding

points found in the previous images and the current moving iage. The position
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(a) liver (b) carotid

Figure 2.4: Leading points automatically selected for the (a) liver image and, (b) carotid
artery image

of a leading point in the previous image determines the lodah of the search area
in the current image in order to nd the corresponding featurepoint. Since the
motion between consecutive image frames in ultrasound imagesthe carotid and
liver is relatively slow, the small search area that can be used tad the feature
correspondence increases the registration speed. However, themderadius must be
chosen carefully. If the search radius is too small and there islarge deformation
of the anatomy, points may not be mapped correctly between ¢h xed and moving
image, which leads to misregistration. No robust Itering techique such as Kalman
Itering was used in the current implementation to estimate tre trajectory of the
leading points over the image sequence; however, such Itegitechnique might be
necessary when dealing with images of the heart. Points locdten features that move
out of the imaged plane in the sequence are removed from the tounally updating
index list of leading point locations.

Leading points from the xed image and their corresponding pots on the previous
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Figure 2.5: Schematic depicting the tracking of one leading point for tenporal registration.

moving image are stored in memory before the next moving imageregistered. An
energy function is minimized to nd the point in the current moving image which
corresponds to the leading point in the xed image. This eneygfunction is calculated
within a search area around the location of the leading pointigure 2.5). A limited
search area o ers the advantage of reduced computational tenalthough an adequate
range must be chosen to ensure that points will be robustly matctie The size of this
search area is dependent on the amount of deformation from thge of anatomy to
be imaged. The energy function for poinfP! within the search area of the current

moving image is calculated as:

P , : . P , : .
@ SIM(P();LPO()) |~ i cli)d  Sim(Pi(i);LP* (i) .

En(P?) = 2 ol 2ol

(2.6)

wherec(i) is a Gaussian weight function maximized at the center of a cutar search
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area. LP °(i) represents the leading point in the xed imageLP' (i) is the corre-
sponding point found from the previous moving image, and= 1;::;n. Minimizing
the above function relates toP! as the most probable match. The energy function
maps each leading point in the xed image to a point in the movig image. While
leading points are spaced apart on an image using an LP radius,ethegistration
algorithm does not ensure that points in the xed image is mapgd to points in the
moving image in a one-to-one manner.

Sim(Pq; P,) describes the similarity between the pointd?; from the xed image

and the points P, from the moving image, and is calculated as:

A4
Sim(P;;P) = (1] e(P1) e&(P2)j)™; (2.7)
i=1
wheree (P) is the ith element of the attribute vector assigned to poinP. The weight,
w;, determines the contribution of theith element in the attribute vector. When w;
is set to a value of one, there is equal contribution for all atibute vector elements.
In the current implementation, the weight of gradient elemst has a value of two, and

all other elements use a value of one. The functiddim(Py; P,) results in a value of

one for maximum similarity and zero for no similarity.

A.3 Transformation Once the leading points in the xed and moving images
are matched, the nal step is to warp the moving image to resemblthe xed image.
Only the leading points are used to calculate the main displaceent eld. In the
previous section, it was shown that the temporal registrationgchnique selects leading
points which are non-uniformly distributed along the anatorical features found in

ultrasound images. Therefore, spline-based warping techniguevhich require evenly
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distributed control points are not employed in this registraton method. Instead, the
displacement of the points,p;, in the moving image is estimated with the Gaussian

function P
i1 fp(ci)G(d)Disp (1)),
inll fpi (di) ,

wherel;s are the leading pointsm is the number of LPs, andd; is the distance from

Disp(p) = (2.8)

point p; to the leading point l;. The relationship f, (d) = %%+, where" is a small
positive number, distributes heavier weight for leading pots closer to pointp;, and

smaller weight for points farther away. The Gaussian weight, de ned as,

a4
exp 2 2

G(d) = (2.9)

2 2

is used to fade the resulting displacement throughout the neigbring voxels.

The temporal registration method does not recover the reversensformation of
warped images since the algorithm focuses on the problem ofl¥8me registration of
sequential US images. While it is possible to calculate the reversansformation for
the registration of each moving image in a sequence, this methoequires additional

computational requirements, which may further increase regjration time.

2.4 Open Source Registration Algorithms

The Insight Segmentation and Registration Toolki{ITK ) [53], sponsored by the Na-
tional Library of Medicine, provides open source software foegistration of high di-
mensional medical images. The registration algorithms prowed by this open-source
system may be used by the community to compare the precision, acacay, and e -

ciency of new algorithms [81].
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ITK contains several elastic deformable registration techniges including an intensity-
based algorithm using B-splines as the transformation model. ®method is an im-
plementation of the technique by Rueckeret al. [62]. Another non-rigid registration
method is the demons algorithm which is an implementation of the technique by
Thirion et al. [73], in which images are taken as iso-intensity contours andregular
grid of forces deform an image by pushing the contours in the moal direction. Since
these registration techniques are open source, they can oftea bised as benchmarks

to evaluate new methods.

2.5 Summary

This chapter started with an introduction to medical image rgistration and provided
an overview of the common registration techniques published the literature. This
was followed with a summary of intensity-based, feature-basednd hybrid registra-
tion techniques. A literature overview of US registration algathms, which include
rigid, non-rigid, and temporal methods was provided. The USemporal registration
algorithm, used in our validation experiments, was describedn the next chapter, the
proposed validation framework to evaluate the performancd elastic US registration

algorithms will be presented.



Chapter 3

Methodology

3.1 Validation of Image Processing Algorithms

A typical image-guided diagnostic system may contain many embtéed tools such
as registration and segmentation processes. To acquire the oWesystem perfor-
mance, each image processing method must be validated sepasat#hce individual

processing techniques directly impact the overall system perfoance.

3.1.1 Generic Validation Models

The rst attempt to develop generic validation criteria for diagnostic imaging systems
was performed by Frybacket al. [28]. The authors de ned six main levels to assess
the e cacy of diagnostic imaging systems. These levels deal witthé technical per-
formance as well as the social value of such imaging systems. Thelg of assessment
include: (1) technical e cacy, (2) diagnostic accuracy e cacy, (3) diagnostic thinking

e cacy, (4) therapeutic e cacy, (5) patient outcome e cacy , and (6) societal e cacy.

35
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Levels 1 and 2 can address the validation of image processingoaithms, while
the rest of the levels in the hierarchical model are more specito the evaluation of
the whole diagnostic system. The technical e cacy of image pr@ssing techniques
can be assessed through simulation studies while the diagnosticecy e cacy may
be evaluated based on experiments using clinical data.

Since many medical imaging techniques have been proposed le tliterature,
very often, several approaches are possible to solve the same [@wb In the past,
guantitative validation studies were often omitted from pullications, which created
di culties to compare di erent image processing techniquesdr a certain application.
While development of new medical image processing algorithrhas previously been
the main topic of research, little work had been focused on theahdation of these
techniques [39]. Insight into this problem has led to the cohgsion that standardized
guidelines should exist [9].

Innovations in the establishment of methodologies to validatmedical image pro-
cessing methods began in recent years [9, 37, 38, 81]. These sttave aimed toward
forming standardized guidelines to report the performancef mewly proposed image
processing techniques. One of the earliest validation framewsrmproposed for medical
image processing algorithms was outlined by Buvadt al. [9]. A generic evaluation
model (GEM) was developed which consisted of six core comporemtescribed as

follows:

Method: The image processing algorithm used in the validation wdly.

Task: The application for which a method is used. An example of aask
in image segmentation would be to analyze the size and shape oatamical

regions in medical images.
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Abstract aim (validation objective): The goal of an image proessing method.
Using the previous image segmentation example, an objectiveuts be to ac-

curately extract the anatomical landmarks from medical imges.

Hypothesis: The expected outcome of an image processing methodglwhich
can be de ned from the clinical context of previous image pressing techniques.
Using the previous example, the image segmentation algorithmaymbe expected

to have consistent results in the order of a certain percentage.

Input Data: The type of images on which a method operates. Thaput data
can be de ned based on the data type, and the number of samples ds&xam-
ples of di erent data types could be those obtained from simutens (in-silico),

physical phantoms (similar toin vitro), or from clinical (in-vivo) studies.

Reference: The benchmark that is determined by the type of it data used in
experiments. The reference is used to analyze the actual resultom an image

processing algorithm.

Quality indices: The metrics used to evaluate the output datan order to verify
the hypothesis. Quality indices are not limited to numerical reasures but can

also include evaluation metrics based on human judgment.

Jannin et al. [37, 38] later re ned the GEM with more detailed requiremerg and
additional components. The model of the process is illustrateid Figure 3.1. The
authors de ne the task in terms of a clinical context which corresponds to diagnosis
or surgical procedures. The task is closely related to the valitian objective. The
inputs to the model areparametersand validation data sets Input parameters, which

in uence the image processing method (i.e., anatomical struates of di erent shapes
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I
Objective [+ Task
Computation
of
| Parameters a reference
. Hypothesis N Validation
Comparison Verification Result
L,| Validation Computations
data sets according to
the method
to be validated

Figure 3.1: Model for reference-based validation of medicethage processing algo-
rithms [38].

in the segmentation example), can be studied along with di erg types of validation

datasets. A reference is calculated to compare the outcome of imnage processing

method. This comparison is used to verify the hypothesis and gerate the validation

result.

Since di erent applications have their own unique set of reqeements, specic
characteristics of the generic validation procedures need be de ned for a distinct
type of image processing method. In the next section, an overwieof the current
methodologies used to validate registration algorithms is pvided. This will lead

into the discussion of our proposed framework for elastic US regition algorithms.

3.2 Validation of Registration Algorithms

Most validation studies compare image registration results to eeference which can
either be de ned as the geometrical transformation which coectly maps points in
the moving image to corresponding points in the xed image, ocan be described

using prior clinical knowledge of the anatomy. A gold standardan be formed using
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simulated data sets. In clinical data sets, we may use clinically N& anatomical struc-
tures to compare registration results. The reference formedfn clinical assumptions
forms abronze standard

Four types of data sets, which support absolute ground truth to kek of ground
truth, can be used for validation of registration algorithms 37]. The data sets, in
the respective order from absolute to zero ground truth, are sumated data sets
obtained by applying numerical deformations to an image, adistically simulated
data sets using deformations from real images, phantom data se#sd clinical data
sets. Using these input data, registration algorithms can be assesseaséd on the

following criteria.

Visual Assessment: A method to assess a registration algorithm is to rely
on a human observer to accept or reject the results [22]. Visualsipection is
the rst step to validate new data, of which we do not have prior mformation
[20]. Qualitative assessment can be done on clinically signi catandmarks
[41], di erence images [20], or on the average image from a sétsequentially

registered images [32].

Accuracy: Registration accuracy can be found by comparing the results the
actual known transformation (i.e., ground truth). To obtain a ground truth,
images can be deformed using a uniform grid [41], or realistigedeformed using
tissue dynamics [64]. Accuracy may also be measured by segmentingtamical

features and nding the regional overlap after registratior{19, 60, 63].

Robustness: Robustness is de ned as an algorithm's performance in the pres-

ence of disruptive factors such as dierent starting parameteestimates, the
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addition of noise, or other inhomogeneity to the images. To msare registra-
tion robustness on US images, authors have evaluated the e ect @kctronics

noise, changes in speckle pattern [41], as well as shadows [25].

Consistency: Consistency [20] is used to validate the registration in the ab-
sence of ground truth or gold standard transformation betweenwb images.
There are two commonly used methods to assess algorithm consisien©ne
method to measure this is to determine the similarity betweenhe forward and
reverse transformations (also known asvertibility [16]). Invertibility measure-
ments may not be suitable for non-rigid registration techniges since most of
them are unidirectional [64], meaning that the forward andeverse transforma-
tions are found independently. Another method is to use threenages, images,
A, B, and C, where registration from A to C should give a similar redtias the

registration composed of A to B, and B to C (also known asansitivity [16]).

Functional complexity and computation time: Studies to assess the e ect
of parameters of registration and computational time requements is essential

to determine an algorithm e ectiveness for real-time clinial applications.

3.2.1 Validation of Rigid Registration Algorithms

Validation methods for rigid registration algorithms have leen analyzed extensively
in the literature. These methods measure the displacement error landmarks using
a known ground truth [23, 34, 35]. The accuracy of rigid regisdtion algorithms
can be measured by evaluatingducial registration error (FRE) as well astarget
registration error (TRE) [23]. Although FRE, the displacement error for points usd

in registration, has been employed as a performance measurem&RE, representing
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the error displacement of points not used for registration, pxddes more meaningful
information [37].

Fitzpatrick et al. [79] has led theRetrospective Image Registration and Evaluation
Project (RIRE) for evaluating the accuracy of multi-modality (e.g., CT, MR, and
PET) rigid registration algorithms. External users perform treir own rigid registra-
tions on standard data sets from the Vanderbilt Database, and sds their results
back for internal analysis. Registration accuracy was determed by comparing the
resulting transformations to a gold standard transformation. Brticipation by many
authors in the RIRE project have enabled the comparison of mgndi erent rigid

registration techniques.

3.2.2 Validation of Non-Rigid Registration Algorithms

Determining the accuracy of non-rigid registration techniges can be di cult because
the ground truth, used to compare the registration performare; is often not avail-
able. Currently, there is no standard methodology to valida non-rigid registration
algorithms. The lack of a clearly de ned validation protocolcreates the following

problems [9]:
Induces di culties to assess the validity of a given validationstudy.

Prevents comparative performance studies on a new method toepious tech-

niques in the literature.

Limits the establishment of quantitative analysis of a method sice recognized

guantitative measures of performance do not exist.
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E orts to create dedicated validation criteria for non-rigid registration algorithms
have been outlined in the literature [15, 32, 63, 64]. Recéyt Christensen et al.
[15] began the development of thé&lon-rigid Image Registration Evaluation Project
(NIREP) to establish a set of standardized benchmarks and metrics fornb@mance
evaluation of non-rigid registration algorithms for MR imags of the brain. In this
framework, users register standardized data sets independgndnd use the NIREP
software for the analysis of the results. Current NIREP quality idex metrics include
regional overlap, intensity variance, inverse consistency, atransitivity (we refer the
reader to [15] for details).

Since a vast majority of published registration algorithms in lie literature are
for MR images of the brain, evaluation guidelines have onlyden used for this type
of images. Since US images have di erent properties compared¢hwMRI, modi ed
validation metrics for US registration techniques need to beevised. To the best
of our knowledge, there have been no validation guidelinesitdished for ultrasound
elastic registration. In the next section, we proposed a framewkofor validation of

elastic US registration algorithms.

3.3 Proposed Validation Framework for Non-rigid
US Registration

A novel validation framework for elastic US registration algathms is designed. This
framework incorporates the generic validation criteria foimage processing algorithms
[9, 28, 38] into a specic guideline to validate US non-rigid ggstration algorithms.

In this model, the clinical objective is to evaluate the acaacy, and robustness (with
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respect to various image misalignment) of a US-US elastic regiditm algorithm for
the task of intra-operative image guidance.

The proposed framework consists of two levels of assessment [28] &asure both
the expected accuracy and clinical e cacy of a non-rigid US gistration algorithm.
The owchart of the proposed methodology is illustrated in Figre 1.2. An algorithm
is tested using three types of validation data sets realizing aolgl standard, bronze
standard, and those data without ground truth (e.g., clinicalimages). In simula-
tion and clinical experiments, the analyzed input parametarare the di erent image
misalignment between the xed and moving images. For each typef data set, a
speci c validation reference is generated, which include®lgl standard deformation
matrices, bronze standard clinically valid landmarks, and imge alignment calculated
from similarity measures. These techniques will be discussed in ra@fetail in Section

3.3.2.

3.3.1 Validation Database

A large database of US anatomical images consisting of the cacbartery, and the

liver were used in the validation framework. The goal is to tesa registration algo-
rithm on di erent anatomical data sets, which exhibit variousforms of deformation.
The carotid artery located in the neck is responsible for supghg the head with oxy-
genated blood. In US images of the carotid artery, the majositof deformations occur
from the pressure applied to the US probe, and the patient's heeat, which cause
anatomical shifts and arterial pulsations, respectively. Regfiration of carotid artery

US images can be used to estimate the arterial wall strain when geaure is applied

on the US probe [46]. Since ultrasound imaging provides redtne cross-sectional
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views of the arterial wall, the spatial distribution of athersclerotic plague can also
be assessed during carotid artery examination.

In US images of the liver, deformations are mainly caused by pait breathing,
which can create large local deformations of anatomical ldmarks in these images.
Image registration can improve the accuracy of radiotherapireatment in the liver
by aligning the preoperative plan to intra-operative image in order to compensate

for the elastic tissue deformation and allow for the tracking cdinatomical landmarks.

Data Acquisition

A GE Voluson 730 Expert machine was used to capture all of our US ages in the
clinical database. We collected images of the carotid artegnd liver from 10 healthy
subjects. For each subject, two sets of images were collected. eThst set of data
were 2D images of the carotid artery and the liver while the send set of data were
3D images of the same anatomies.

Each data set contained one sequence of carotid, and one seqaewoicliver im-
ages. Data collection was conducted under approval by the wersity Research Ethics
Board. To preserve the privacy of individuals, the collectednages were saved onto
a secure server under anonymous subject codes. While the US datadsessible to
researchers in the Medical Image Analysis Laboratory at QuesnUniversity, these
images are currently not available to the public due to con dntiality agreements.

Three di erent ultrasound transducers were used for image acigition (refer to
Figure 3.2). ASP10-16linear array transducer, with bandwidth from 45 to 165MHz
and maximum eld depth of 34 cm, was used to capture 2D carotid US images.

Three dimensional carotid volumes were captured usingRSP5-12transducer with
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(a) Voluson 730 Expert  (b) SP10-16  (c) RAB4-8P (d) RSP-5-12

Figure 3.2: Voluson 730 Expert ultrasound machine and the theetransducers that
were used for data acquisition [31].

bandwidth of 3:5 to 155MHz and maximum eld depth of 7:.9cm. For capturing 2D
and 3D US images of the liver, the RAB4-8P transducer was used. Bhiransducer
has a bandwidth of 20 to 70 MHz and a maximum eld depth of 22cm. More
details on the transducer speci cations are provided in the Wason 730 transducer

guide [31].

2D US Images

The eld of depth used for capturing 2D images of the carotid @ery and for the liver
images was ®cm and 182cm, respectively. The resulting average initial deformation
in the carotid artery image sequence wasZymm to a maximum of @82mm and, for
the liver image sequence, it was:Amm to a maximum of 58 mm. Each 2D image
sequence collected from a subject contained 50 images. A tot&l5®0 carotid and

500 liver 2D US images formed the 2D data set.
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Figure 3.3: De nition of US volume size.

3D US Images

3D images of the carotid artery and the liver were captured ah depth of 26 cm
and 1689 cm, respectively. For each subject, sequences between 45 to 6%asibund
volumes of the carotid (165 137 99 voxels) and liver (159 179 93 voxels) were
obtained at a sweep angle of 35 degrees. This sweep angle deteesithe width (YZ
plane, or the elevation plane as shown in Figure 3.3) of eachptared 3D volume.
Increasing the width of the angle decreases the image captuie. A total of 567
volumes of the liver and 450 volumes of the carotid artery wercaptured for the
3D data set. Images of the carotid artery had a scale factor of20mm=voxel and
for the liver was Q7 mm=voxel for dimensionsx, y, and z. The image scale factors
were determined by the software in the GE machine. (Please ref® Appendix
E for additional information on how image scale factors are ¢tdined). The mean
deformation of carotid images ranged from:dmm to a maximum of 1:2mm and for

liver images was 4nm to a maximum of 18mm.
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Simulated US Images

2D and 3D deformation elds were extracted via the vectors ¢eulated from a feature-
based registration technique [24] on 2D and 3D clinical images$the liver. For each
series of liver images in the database, one displacement veatais chosen at maximum
deformation and used to create a sequence of simulated images; oéd gstandard

was formed with the known deformations. The matrices were karly interpolated

from zero to maximum to produce a series of gradually deforngnvectors. These
deformation matrices were used to deform the original poinbtations in xed images
of the liver to generate 20 sequences of 2D and 3D simulated iraag The change in
speckle pattern due to tissue deformation is not considered indtcurrent simulation

technique. An example of one deformation eld applied to a 2Dmage is shown in
Figure 3.4. The deformation elds were extracted from the mgistration of clinical US

images instead of from images of another modality due to vatians between the eld

of view and image capture rate for di erent imaging modalites.

Ten 2D displacement matrices with an average displacement a#dmm were ap-
plied to 2D US images and ten 3D displacement matrices with anerage deformation
of 1605mm were applied to 3D US volumes of the liver. Hence, a total of 130rsi
ulated 2D US images, and 120 simulated 3D US volumes were createdvialidation

experiments.

3.3.2 Validation Criteria

In our validation approach, three types of metrics were usedtmeasure the perfor-
mance of US registration algorithms. The rst two metrics use graud truth infor-

mation, which we describe as the gold standard approach, andetlbronze standard
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(a) Before (b) After

Figure 3.4: A deformation grid applied to a 2D US image of theer.

approach, respectively. In the gold standard approach, simuéd US images were
used to measure the registration accuracy. In the bronze standaapproach, US
images were segmented to nd the overlap of anatomical feaks before and after
registration. A third category of metrics was used to evaluatelinical images by us-
ing similarity measures as well as visual assessment. These validatmetrics, and

how they are suitable for US images, will be described in next.

Gold Standard Approach

The amount of error resulting from elastic registration techmjues is di cult to cal-

culate since the point-to-point correspondence between th&ed and moving images
is usually unknown. While the displacement of ducial points hat are used for the
registration process can be measured to determine the amountefor, the results
may be biased toward the registration technique. To avoid thiproblem, experiments
were performed on image sequences with simulated deformasddescribed in Section

3.3.1) to measure the registration accuracy. In the simulated Uighages, movement
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of the anatomy was modeled by the deformation elds obtaineffom the registration
of clinical data sets. A temporal registration technique [25pf US images was used to
estimate the deformation vectors. Rather than using purely sintated deformations
such as a ne transforms which are not realistic, our approach &ws for the arti -
cial deformations produced to be closer to the actual deforrtians found in clinically
obtained US images.

Each sequence of arti cially deformed moving images are retgred to their re-
spective xed image in the sequence. The resulting deformatiorectors for the last
registered image in each sequence are compared to the gold stadd The di erence
between the gold standard matrices and the calculated mates from registration
provide an estimation of displacement error. Since the clirat objective of our vali-
dation framework is to evaluate US elastic registration algatims for intra-operative
image guidance, our gold standard approach can been used toat¢tthe accumulated

registration error over a sequence of image registrations.

Bronze Standard Approach

In the absence of a gold standard in clinical data sets, clinicglalid landmarks can
be extracted from US images to form a bronze standard for valitan. To determine
feature correspondence, regions of interest are segmentednfrionages to obtain an
overlap measure [19, 60]. This method is valid as long as simitmnatomical features
can be con dently located in all images. Measurement of the latoverlap of these
landmarks show the degree to which local alignment is improdeafter registration.
The local overlap ratio is the sum of intersecting area for the gmented regions

divided by the total union, that is de ned as
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where S is the region in the xed image, andT is the region in the moving or
registered image. A value of ® = 100 indicates perfect local overlap, while a value
of %R = 0 reveals no overlap between the two segmented regions.

While it is possible to manually select corresponding landmarke measure reg-
istration error [41], this approach may be prone to errors fra manual selection.
Manual segmentation is also di cult due to speckle patterns andgshadows found in
US images. Instead of segmenting regions of interest manually, ass@utomatic seg-
mentation method, suitable for the extraction of anatomicafeatures in US images,
was adopted. Thelnteracting Multiple Model Probabilistic Data Associatiom Filter
(IMMPDAF ) [1] was used to segment the US images since this algorithm has ayan
aptitude to segment ultrasound images of closed cauvities.

Vessels structures, such as the carotid artery, and the hepatic@mportal veins in
the liver are clinically valid landmarks which can be segmeat from US images to
visualize the local alignment of anatomical features afteregistration. An example
of the local overlap calculated for the segmented images ofetlcarotid artery, using
the IMMPDAF algorithm, is illustrated in Figure 3.5. It should b e noted that in our
validation experiments, the 2D US images of the liver have notden segmented since
we have found that the features in these images can often movet ®f the image
plane. This causes some features in 2D US liver images to be iressible throughout

the whole image sequence.



CHAPTER 3. METHODOLOGY 51

Moving Image

Fixed Image

O

Overlap

n ()

Registered Tmage

Source

Overlap

Figure 3.5: Evaluation of the feature overlap ratio beforeral after registration for
carotid artery images.

Clinical Approach in Absence of Ground Truth

Visual examination of image alignment is important to determie the registration
quality. This is usually one of the rst methods used to evaluatgegistration per-
formance in the absence of ground truth in validation data. Biplacement of local
features can be visualized by applying the absolute di erendeetween the xed and
registered images. In the proposed validation technique, th@msistency of a regis-
tration algorithm is measured qualitatively by visual compaison of averaged sets of
registered images. To quantitatively assess registration perfoance on clinical im-
ages, the similarity between the xed and moving images befoemd after registration
can be calculated. While di erent similarity metrics can be sed for US images, two
measures have been chosen: Ml and NCC. The de nitions of these twtrics were

described in Chapter 2.2.1. While many other metrics exist inhe literature, these
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two measures have been used due to the good results from our sirtialaexperiments
(which is provided in Section 4.1.4), as well as from previsuvorks in the literature
for both US image registration [41, 51] and validation [45, 82]

In validation experiments, the similarity measures are normeled to the interval

[0; 1],

Simmax Slmmm

Simfina| (I) = (32)

where Simyg is the original similarity value. Simma and Simy,, are the maxi-

mum and minimum values of the similarity results before normaation, respectively.

3.4 Summary

This chapter contained an overview of the generic models usedvalidate image pro-
cessing algorithms. Current techniques used in the literatureff validating rigid and
non-rigid registration algorithms were described. The cornitsution of this chapter
was on the proposed validation framework for ultrasound elastiregistration algo-
rithms. The framework consists of two levels of measurements test the expected
accuracy and clinical e cacy of new registration techniques.Validation strategies
include a gold standard approach using simulations to measureyistration accuracy,
a bronze standard approach using segmentation of anatomicahtimarks in images
to measure the anatomical overlap, as well as an approach inetlabsence of ground
truth using similarity metrics to quantify image alignment. In the next chapter, the
proposed framework is used to validate an elastic registrationgarithm for 2D and

3D US images.
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Results

The proposed validation framework is used to conduct an extensi performance eval-
uation of a temporal elastic US-US registration algorithm propged by Foroughiet
al. [26]. In the rst level of assessment, the accuracy was determinég comparing
the generated deformation matrices to gold standard matrisgproduced from simula-
tion. In the second level of assessment using clinical images, therap of clinically
signi cant landmarks was determined, and the global image ighment was measured
using similarity metrics. Registration for all experiments weg conducted on a 2.8

GHz Pentium 4 computer with 2GB of RAM.

4.1 Temporal 2D Registration

In this section, the performance of the temporal registratioralgorithm is assessed
using images from the 2D US database which consists of 500 clinizabges of the
carotid artery, as well as 500 clinical, and 130 simulated irgas of the liver. The fol-

lowing sections show the algorithm performance results basedtte three approaches

53
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in our validation framework, namely the gold standard approeh, bronze standard ap-

proach, and a clinical approach in the absence of ground truths a reference.

4.1.1 Simulation Results using Gold Standard

Ten sequences of simulated liver US images were generated usidgydld standard
matrices. These images were registered using the temporal 2Diségtion algorithm
[24]. The resulting displacement matrices generated from thregistration algorithm
were compared to the gold standard. The mean displacement arm@sulting from
the 10 generated deformation matrices was 2.0 pixels:88 mm) for an average dis-
placement of 8.0 pixels (814 mm) before registration. The displacement correction,
calculated as the mean error after registration over the meainitial displacement
before registration, was approximately 74%.

The registration times were recorded during the registrationf simulated images to
determine the computational requirements for a known amotiof image deformation.
The algorithm achieved an average speed of 250 millisecondss]mper registration of

an image, which is equivalent to 4 images per second.

4.1.2 Experimental Results using Bronze Standard

The temporal registration algorithm locates points along th edges and boundaries
of anatomical features in US images. These edges and boundadaes detected as
landmark points for registration. In the bronze standard of véidation, the overlap
of clinical features is measured. These clinical features may may not correspond
to the points that were used for the registration process. 500 irgas (10 sequences)

of the carotid artery were registered using the temporal 2D réiration algorithm.
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Percentage Overlap of Image Features

Il Before registration
I After registration
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Figure 4.1: Mean and maximum percentage overlap of features for caroticartery images
from 10 subjects.

(a) Fixed (b) Moving (c) Registered

(d) Before Registration (e) After Registration

Figure 4.2. Example of registration results for images of theaotid artery: (a) xed
image, (b) moving image, (c) registered image, (d) absolute tensity
di erence between xed and moving images, and (e) absolute iahsity
di erence between xed and registered images.
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(a) Fixed (b) Moving (c) Registered

(d) Before Registration (e) After Registration

Figure 4.3. Example of registration results for images of thever: (a) xed image,
(b) moving image, (c) registered image, (d) absolute intensitdi erence
between xed and moving images, and (e) absolute intensity dience
between xed and registered images.

The carotid artery was segmented from the xed, moving, and ggstered images
to obtain the local overlap of the artery before and after ragtration. Figure 4.1

illustrates the feature overlap results from 10 sequence of iges captured from the
10 subjects. Before registration, the overlap percentage raedyfrom 51% to 86%.
After registration, all images had an overlap of at least 91% oridgfher, with a mean
overlap of 93%. AnAnalysis of Variance (ANOVA) (refer to Appendix D for details)

was performed on the data and results showed a signi cant increain the mean local

overlap of features after temporal 2D registrationf 0:001).
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4.1.3 Experimental Results using Images without Ground

Truth

Figures 4.2 and 4.3 show sample visual registration results forethiver and carotid

artery data sets. The arrows and circles that are at the same calnate positions
on each row of images demonstrate the displacement of the magatfures in images.
Figures 4.2(e) and 4.3(e) show the absolute di erences that piet feature displace-
ment correction after registration. Once the moving image isvarped and features
become aligned with those in the xed image, the di erence inges show that the
intensity of the main features diminishes. The global alignmemf the clinical images
was determined by using similarity measures. The box charts in dfire 4.4 show the
MI and NCC measures, for 500 images of the carotid artery and 50@ages of the
liver, before and after registration. These values have beewmmalized to the inter-

val of [0; 1]. Both similarity metrics revealed a signi cant improvemenin the global

image alignment of 2D US images after temporal 2D registratiofp  0:01).

4.1.4 Discussion

In order to achieve successful registration, algorithm paramets must be tuned to op-
timize the performance. Details on the parameters used forghtemporal registration

technique is provided next.

A. Registration Parameters

Choosing the optimal registration parameters is crucial foragpd registration perfor-
mance. The temporal 2D registration algorithm [24] automatially detects leading

points in images for registration. When a leading point (LP)s located in the xed
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image, the next point chosen must be further than a certain distace from this point,
which is de ned as the leading point radius (P radius). To match an LP on the
xed image with a point on the moving image, the algorithm seathes within asearch
radius of the LP coordinate location in the moving image. The valuefahe search
radius heavily depends on the expected pixel deformation ahatomical images.

To demonstrate the e ect of the registration parameters on ragtration perfor-
mance, simulations were conducted to nd the relationship beteen these parameters
on the registration time and displacement error. Figure 4.5 sias the relationship
between the LP radius, and search radius on registration time drregistration error
averaged over 45 simulated images of the liver. An increase irethP radius directly
decreases the algorithm run time due to a decrease in the numbrpoints used for
registration. However, fewer numbers of points used for regiation causes the mean
error to increase. An LP radius of 5 pixels was a good compromisetlween time
requirements and registration error.

While a large search radius can decrease registration errorgttime requirement
rises exponentially due to an increase in the search area and tlesulting computa-
tions required to match feature points. A value of 6 pixels washosen for the search
area where registration error is minimized, and the matchingme required is also
reasonable (as shown in Figure 4.5(b)).

The nal parameter values for liver images were chosen based tre methods
described and, likewise, for carotid artery images. These paraters are documented

in Table 4.1.
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Figure 4.5: Plots showing the relationship between radius parameterstime and registra-
tion error using simulated images: (a) LP radius versus meardisplacement
error, average warping time as well as matching time; (b) seah radius versus
mean displacement error and matching time.

Table 4.1: Registration parameters used for each anatomy

| Carotid Artery | Liver

LP Radius (pixels) 8.0 5.0
Search Radius (pixels) 7.0 6.0
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B. Validation Metrics

In the assessment of registration performance using clinical imesy some uncertainties
may exist. In our validation approach, these uncertainties & the amount of error
that occurs when performing segmentation of landmarks, or thenknown behaviour
of the similarity metrics on ultrasound images. In this sectionywe will analyze the
repeatability of the segmentation method used in the bronze stdard approach and

the behaviour of the similarity metrics used in the clinical aproach.

B.1 Image Segmentation Errors from segmentation must also be taken into ac-
count when performing feature overlap experiments. The IMMPAF segmentation
algorithm [1] is a semi-automatic segmentation approach winaequires the user to
select a seed point at the center of the cavity to initiate the se&gentation process.
To determine the repeatability of this segmentation technige, two carotid artery US
images of size 800 600 were segmented 50 times each using seed points arbitrarily
chosen by an observer. Table 4.2 summarizes the results from theottrials. The
variations from choosing seed point locations, as well as the ameerror for the 100
segmentations is provided. It was found that the standard deation for seed point
selection is larger in the x direction than for the y directiorfor both trials.

The mean overlap error and variations in seed point selection the second trial
was smaller than in the rst trial, which could have resulted fran the operator's
experience in choosing the seed point after a number of segméiotas. While the
experience of a user may contribute to some di erences in penflance evaluation
using this segmentation technique, the di erence in the mearverlap error between

the two trials was small (around 05%). From this experiment, we expect errors in the
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order of 3 to 4% when using the IMMPDAF algorithm for segmentatio of landmarks.

Table 4.2: The mean and standard deviation of the overlap emr@btained from the
segmentation of two US carotid artery images which were segmedt50
times each using the IMMPDAF algorithm. The mean and standard de
viation of the seed point locations in the x and y directions & provided.
All values are in pixels except for the overlap measure, which given as a

percentage.
Trials | Seed Point X| Seed Point Y | Overlap Error (%)
mean/Std mean/Std mean/Std
Image 1| 253.90/5.19 | 223.22/3.37 4.05/1.32
Image 2| 278.38/4.83 | 254.62/3.02 3.52/1.36
B.2 Behaviour of Similarity Metrics on US Images Many similarity met-

rics exist which can be used for nding image alignment. The mercommon metrics
include those based on information theory (e.g., mutual infomation), statistical mea-
sures (e.g., normalized cross correlation), and di erencetage measures (e.g., sum of
squared di erence). Similarity measures behave di erently eipending on the imaging
modality. Unlike imaging modalities such as MRI and CT, which iye clear intensity
distinction between tissue types, B-mode ultrasound images ekiti intensity varia-
tions caused by speckle and shadows produced by the backscattgrof ultrasonic
waves from a tissue medium. An e ective similarity metric for ultasound images
should ideally be insensitive to such intensity variations. To dermine the behavior
of similarity metrics in terms of ultrasonic properties, a simwtion experiment was
performed using the similarity metrics of MI, NMI, NCC, and SSD. hese metrics
have been used for US image registration in the past and were alstroduced in
Chapter 2.2.1.

In the simulation experiment, we analyze the behaviour curgeof the di erent
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similarity metrics by plotting the similarity values of a sequace of 50 carotid artery
images with simulated deformations. US speckle patterns weresalapplied to the
simulated image sequence to observe the e ect of increased spegkhtterns on the
similarity measurements. Speckle patterns were simulated usitige following model
[50]:

L(;))=S(:5)  T(3j): (4.1)

where S(i; ] ) is the point spread function T(i;j ) represents the model for ultrasonic
scattering andl (i;] ) is the resulting image with simulated speckles. The Gabor lter
was employed as the point spread function, while the ultrasanscattering parameter
was modeled as Rayleigh distributed noise [50]. The density dfet simulated speckle
patterns was varied and applied to the arti cially deformedimages. For comparison
purposes all the values from similarity measurements were noafized to the range of
[0; 1]. The similarity metric behaviour curves on ultrasound defonation and speckle
density are summarized in Figures 4.6 to 4.8. In the example Wino speckle added
to simulated US images, the NCC metric showed a relatively lineaelationship to

increased image deformation. On the other hand, NMI, Ml and SSihetrics show
a sharper decrease in the metric values for mean pixel deforneais between 0 to 5
pixels. Above this range of deformations, the NMI and MI metrics ecreased at a
slower rate while the SSD metric showed a at response to increaspokel deforma-

tion, revealing that it was unable to detect the change in thenean deformation. As
the speckle density is increased, the NMI, Ml and SSD metrics bene more sensitive
to changes in image deformations that are between 0 to 3 pigglas shown with the
sharper peaks). However, above this range of deformations, thestmc values show

smaller decrements to an increase in mean image deformationt %% speckle, the
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Figure 4.6: Similarity measure distribution results for data wh no simulated US
speckle.

NMI and SSD metrics in particular were unable to detect changein image misalign-
ment for mean deformations of four pixels and above. Of thedo similarity metrics,
NCC and MI showed better detection of image alignment in the psence of speckle in

US images. Therefore, these two metrics have been used for vdimia experiments.

B.3 Displacement of Landmarks Another approach to measure registration ac-
curacy is to nd the displacement of landmarks before and afteregistration. This
method can be used for US images of the liver where anatomicaltiees vary depend-
ing on the subject as well as on the imaged location. To measursglacement error,
a 14 15 grid was overlaid on the 2D US images to facilitate the manuaelection of
landmarks on an image. The grid only helps the operator to vislly locate similar

landmarks between images. Utilization of the grid does not Balandmark selection
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Figure 4.9: Manually selected landmarks on liver images from six di erent subjects.

toward a better registration result. Five corresponding landmarks were manually
selected for each image in the ten 2D US liver sequences, formingotal of 2500
landmark pairs. Figure 4.9 shows examples of the manually chasndmarks on
liver images for six di erent subjects. The grid is not shown for @play purposes.
Actual points chosen were the center points of the circles. Theeaan registration
error was found by measuring the distance between these landikaiin the xed and

registered images. Figure 4.10 shows the mean and maximum displament of man-
ually selected landmarks before and after temporal registian for a data set of 500
liver images from 10 subjects. Examples of the chosen landmardan be found in
Figure 4.9. The average displacement of landmarks before istation was found to

be 4.53 mm with a standard deviation of 2.34 mm. After registrabin, the mean TRE
for liver landmarks was 1.21 mm with a standard deviation of @7 mm. This corre-
sponds to approximately 73% correction among liver data setsrfthe registration of

actual ultrasound images.
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Figure 4.10: Mean and maximum displacement of manually selected landmas before and
after registration of liver images captured from 10 subjecs.

Although statistically con rming results were obtained, landmark displacement
validation was eventually excluded from our validation franework for the following
reasons: i) the method is prone to errors from manual selectiar),the experiments for
such method are not reproducible, and iii) the performance rasure is also di cult
to use in cases where US images are devoid of anatomical featuk@sly the points

that can be con dentially located on anatomical features aabe used for comparison.

B.4 Edge Detection Edge alignment was another possible method to evaluate the
feature overlap for an elastic US registration algorithm. In tis experiment, the Canny
edge lter was applied to all xed and moving images, and the awlute di erence
between these edge images was obtained. Edge di erence insagetween xed and
moving images compare the alignment of anatomical featurester registration. As

the number of edge pixels only constitutes about 1 to 2 % of thehwle image, we
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compare the percentage reduction in the resulting number ofige points, in the same
spatial location, before and after registration. Overlappig pixels are removed when
taking the di erence between two edge images; therefore fea¢ alignment results in

a decrease in the number of edge points.

The Canny Iter was used to detect the edges of features insidbdg US images.
Di erent threshold parameters used in the Canny Iter may chamge the quality of the
detected feature edges. When the threshold range is too lowetiCanny Iter may
detect edges from speckle that exists in the ultrasound imagesatling to inaccurate
feature detection. However, an overly high value results in mbfeature edges being
ltered out. In our experiments , a threshold range between @.to 0.45 was chosen
as it produced visually strong feature detection without too rany false edges. Figure
4.11 shows the number of white edge pixels before and after istation. For the
carotid data set, the average number of edge points reduced &ound 13% while, for
the liver data set, the number of edge points reduced by apprioxately 9%. ANOVA
tests showed that the di erence in the number of edges before chafter registration
was statistically signicant (p  0:05).

A major disadvantage of this validation technique is that edg detection algo-
rithms are highly sensitive to Iter parameters, which may dewate the validation
results. Speckle patterns and noise in US images may also a ect thdge detection
by causing false edges to occur. Therefore, this validationctenique was excluded in

our validation framework.
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Figure 4.11: Number of edge pixels on the di erence images for the (a) carid data set
and (b) liver data set.

4.1.5 Summary of Temporal 2D US Registration Results

A temporal registration algorithm was evaluated using the prposed validation frame-
work. The algorithm managed to improve image alignment frorma mean deformation
of 344mm to 0:88mm. The time taken to register one 2D image is approximately
250 ms. Local feature overlap measurements revealed good iayement in feature
overlap, from 51%-86% before registration, to an average d3% after registration.
The estimated error in segmentation was found to be approximely 3 to 4%. The

algorithm achieved good visual performance.

4.2 Temporal 3D US Registration

The temporal registration algorithm is evaluated on imagesithe 3D US database

using the metrics described in the validation framework. In adition, a comparative
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performance analysis was conducted between the temporal @ithm and an open
source algorithm, available in ITK, for registering clinical3D US images. The open
source registration algorithm that was implemented is a B-sples registration tech-
nique originally proposed by Rueckeret al. [62]. This algorithm uses a free-form
deformation model based on B-splines and mutual informationsaa voxel-based sim-
ilarity measure.

The performance analysis of the temporal registration algahim for 3D US images

is provided in the next few sections.

4.2.1 Simulation Results using Gold Standard

The accuracy of the temporal registration technique was evated by registering 10
sequences of simulated images and comparing the computed degtion vectors with
the 10 gold standard matrices. The mean registration error was88mm for a mean
displacement of 1@5mm in the 3D US volumes. This translates to a displacement
correction of approximately 82%. The average registratiorinhes for each volume of

size of 159 179 93 voxels was found to be approximately 27 seconds.

4.2.2 Experimental Results using Bronze Standard

A total of 10 carotid arteries were segmented in the ultrasoundiatabase, one for each
image sequence captured from the 10 subjects. In the same manrke main liver
vessels such as the hepatic and portal veins were segmented frdtrasound volumes
of the liver before and after registration. Due to the width Imitations of the US
probe, only a portion of the liver can be imaged at a time. Thefore, the operator

chose only certain volumes in which the vessel structures wereanlly visible. Two
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Figure 4.12: Mean and standard deviation of the percentage eNap of anatomical
landmarks before and after registration.

of the 10 sequences of liver volume data collected from the 1M®pcts did not show
vessel structures, and therefore, were excluded from this exjpeent. Figure 4.12
shows the mean feature overlap of 10 US carotid images and 8 U®diimages before
and after registration. The anatomical overlap of the caroti artery and vessels in the
liver before registration was 23% and 66%, respectively. Afteemporal registration,
the local overlap improved to a mean of 91% and 80%. The meanedap achieved
by the ITK B-splines registration was 85% and 78%. To visually copare the overlap
results, tubular surface models were rendered from the pointocids generated from
the segmentation of parallel 2D images which were extracte@m ultrasound volumes
saved in Cartesian format. The 3D surface models were renderesing the Visual-
ization Toolkit (VTK). Figure 4.13 shows an example of the generated surface models
of the carotid artery (left column), and the portal vein in the liver (right column)
from one subject before and after registration using both tempal and ITK B-splines

registration methods. The two surface models of the carotid aty, extracted from



CHAPTER 4. RESULTS 72

the xed and moving ultrasound volumes before registration, gfw a translation ef-
fect which could have been caused by the patient swallowing orchange in pressure
applied to the probe. Both the ITK and the temporal 3D registrdion algorithms
were able to o set the amount of shifting. The vessels extracteddm the xed and
moving ultrasound volumes of the liver show shifting as well asegsel pulsation (as
shown by the di erent diameters of the tubular structures). Afta registration, both

registration algorithms managed to correct some of the defoations.

4.2.3 Experimental Results using Images without Ground

Truth

Figure 4.14 demonstrates the averaged results from the regaion of a sequence of
42 carotid ultrasound volumes from subject 9. Similarly, Figee 4.15 shows the results
from the registration of a sequence of 50 liver US volumes cotlett from subject 8.
Comparing the averaged registration results with the xed imge, it can be seen that
both temporal 3D and ITK methods achieved good registrationansistency. For the
registration of carotid artery images, which had a small amouraf deformation com-
pared to the liver, both methods showed very similar results. Hower, better feature
recovery was observed for the temporal 3D method in registegriver ultrasound
images, especially along the coronal and sagittal liver volunpéanes. Similarity gains
between xed and averaged moving images before and after iggation were calcu-
lated using NCC and MI. ANOVA results after registration of carotidartery images
reported in Figure 4.16 showed statistically signi cant improement in correlation
after ITK registration (p = 0:0042) and temporal 3D registration jp = 0:0399). It

can be seen that the ITK algorithm showed slightly higher similaty between the
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Figure 4.13: The top row displays segmentation of the carotidiry (left) and portal
vein in the liver (right) using the IMMPDAF algorithm. The second row
shows the surface model from the reference (red) and moving 4doge)
volumes. The following two rows show results after ITK B-spline rad

temporal 3D registrations, respectively.
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Figure 4.14: Visual assessment of one sequence of carotid arteryadound data col-
lected from subject 9 showing the coronal, axial and, sagittallgnes of
the (a) xed image; (b) average of 42 moving images; (c) averagf 42
ITK B-spline registered images; (d) average of 42 temporally gestered
images.
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(a) Fixed (b) Moving (c) ITK (d) Temporal 3D

Figure 4.15: Visual assessment of one sequence of liver ultrasounihdallected from
subject 8 showing the coronal, axial and, sagittal planes of tH{a) xed
image; (b) average of 50 moving images; (c) average of 50 regyistl
images using the ITK B-spline registration method; (d) averagef 50
registered images using the temporal 3D registration method.

xed and registered images. However, ANOVA revealed that the di eence between
the two registration methods was not statistically signi cant (o = 0:2719). For liver
images, the correlation gain after registration yielded sigmiant improvement with
p-values ofp =0:0113 andp = 0:0467 for the ITK and the temporal 3D registration
methods respectively. Once again, both methods showed litdeerence (p = 0:4912)
in their performance based on similarity measurements.

It should be noted that as the ITK B-splines registration algotihm maximizes
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MI, we would expect intensity statistics for the ITK method to be higher than the
temporal registration approach. For this reason, NCC was also ubas a performance
measure. For the registration of carotid artery images, ANOVA rests showed a sig-
ni cant improvement in Ml after ITK registration and tempora | 3D registration with
p 0:0001. However, di erence between the ITK and the temporal 3Degistration
results were not statistically signi cant (p = 0:099 for carotid andp = 0:3858 for
liver).

Average time requirements of the two registration algorithmare shown in Figure
4.17. The mean and standard deviation of registration time in sends are shown.
Registrations were performed on 450 carotid volumes of size516 137 99 voxels
and 567 liver volumes of size 159 179 93 voxels. On average, the temporal 3D
registration algorithm is six times faster than the intensity-lased B-splines registra-
tion algorithm for the registration of carotid ultrasound volumes and 12 times faster
for the registration of liver volumes. In comparing the standat deviations in Figure
4.17, we see that the ITK B-splines registration algorithm showdkehigher degree of

variation in registration time than the temporal 3D registration method.

4.2.4 Discussion

For successfully registering 3D US images, new parameters had to dfesen for
the temporal registration algorithm. This section reveals he the new registration
parameters were selected. In addition, the parameters used fine ITK B-spline
registration technique will be described. The registration péormance of both reg-
istration algorithms, as well as the metrics used to evaluate #se techniques is also

discussed.
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Figure 4.17: Mean and standard deviation of registration timgefor the registration
of 567 liver and 450 carotid ultrasound volumes.

A. Registration Parameters

A dierent set of parameters had to be chosen for registration 08D images. To
determine the e ect of the radius parameters on registratioperformance, a sequence
of 30 simulated liver ultrasound volumes of size 165159 77 voxels were registered
and the mean registration time and displacement error were reed.

The number of leading points used for registration are contreld by the LP radius,
which poses a trade-0 between the algorithm's speed and acaly when choosing the
size of this neighborhood. Increasing the LP radius will dease the number of leading
points, thereby improving the algorithm's speed, however, ahe cost of increasing
the time required for warping the moving image into the xed mage as shown in
Figure 4.18(a). An LP radius value between 6 and 8, equivalemd approximately
90 leading points, is a good compromise between time and acayaAs shown in
Figure 4.18(b), a search radius of less than 6 voxels is a goodnpoomise for a short
registration time and to achieve within Inm accuracy. With these parameters, image

matching takes approximately 9 seconds and warping is 20 sedsrior each volume of
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Figure 4.18: Plots showing the relationship between a change the radius param-
eters and its corresponding change in error and time requiremis for

simulated liver US images. (a) LP rad
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Table 4.3: Registration parameters used for each anatomy

| Carotid Artery | Liver

LP Radius (voxels) 8.0
Search Radius (voxels 7.0

7.0
6.0

size 159 179 93 voxels. The nal registration parameters chosen are docunted

in Table 4.3.

B. B-Splines Registration

New registration algorithms may be compared to open source tetfues as part of the

assessment procedure. A B-splines registration technique [62vi@plemented using

ITK. Although the NMI metric was used in the original algorithm to register MR

images of the breast [62], we have chosen to replace this metith MI. The reason

was because in simulation experiments, we have found the MI mietshowed better

deformation discriminability than the NMI metric on our data sds (as discussed in
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Section 4.1.4). Also, previous works in the literature have sb reported that the Ml
metric showed good results for registering 3D ultrasound imagggb].

The B-splines transformation model used in the algorithm is d@ed as a uniformly
spaced control grid to warp the moving image to resemble the xemage. From visual
assessment trials, we determined a grid size of 8 8 voxels for the implementation.
Gradient descent was chosen as the optimization method. To tefte convergence
of this algorithm, a sequence of 40 US volumes of the liver weregrstered and the
average metric results are shown in Figure 4.19. It can be seerathhe algorithm

requires around 40 to 60 iterations to converge to the optinmu solution.
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Figure 4.19: Mutual Information between the xed and deforred moving volume as
a function of the number of iterations for the ITK B-splines rgistration
algorithm.

C. Registration Performance and Validation Metrics

In simulation experiments, the temporal 3D algorithm was ablé achieve an accuracy
of within 2 mm. The acceptable range of error in an algorithm depends on the

clinical application. Since there are few works in the litature for US-US non-rigid
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registration, we were unable to compare the registration enravith another technique.
In current systems for 3D US image-guided surgery of liver metasts, the acceptable
clinical error is around 6mm [5]. The reported accuracy of 3D ultrasound-based
navigation systems to perform biopsy experiments are in the cgdof 2 3mm [71].
An accuracy of within 2mm achieved by the temporal registration algorithm seems
reasonable for these applications.

The temporal registration algorithm achieved better featue overlap of the carotid
artery (mean of 91%) than for vessels in the liver (mean of 80%}Jhe low percentage
overlap of the vessels in the liver could be due to the smaller velsigatures in images
of the liver in comparison with images of the carotid artery. Tiis makes the alignment
of vessel structures in the liver more di cult for registration algorithms. While the
clinically accepted feature overlap of US-US registration abgithms has not been
reported in the literature, we have compared the overlap pfarmance with an ITK
B-splines method. Results showed a slightly lower local overlayh features after B-
splines registration when compared with the temporal registtin technique. On the
other hand, the ITK B-splines method achieved better global siilarity between the
xed and registered volumes but the di erence between the sidairity performance
achieved by the two registration algorithms was not statisticlly signicant(p 0:05).

The registration time requirements often vary depending onhe amount of de-
formation between the xed and moving US volumes. Long registti@n times poses
a disadvantage for real-time clinical applications. The temgral registration method
performed much faster than the ITK B-splines technique. The ggstration times
for the temporal technique were consistent for varying amoustof deformation (as

seen with the lower standard deviation) while the ITK B-splinegegistration method
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showed a higher degree of variation in the registration time. &lough the number of
iterations for the ITK B-splines registration may be further reduced to decrease the
computational requirements, the registration performance ay be deteriorated since
the algorithm would not be fully converged.

Based on the validation results using the metrics in our validain framework,
it was found that some non-rigid registration methods may be Ieer at aligning
local features than at aligning the global image. This was s in the case for
the temporal and B-splines registration techniques. Which regjration algorithm
to choose is highly dependent on the application. For exampla conducting o ine
registration of images, if registration time is not the ultimae concern, the ITK method
may have added bene t over the temporal method for global ingee alignment. On the
other hand, if the application requires intra-operative inage-guidance, the temporal
method might be more appropriate for tracking the movementfdeatures inside the
US images. These results prove the need to use more than one metievaluate the
registration performance on clinical images. In our validabn framework, we have
assessed registration on clinical images using both local (segnad¢ion) and global
(similarity measure) techniques. In the future, other measuremsiay also be added
to the validation framework for a more comprehensive study oni drent US elastic

registration algorithms.

D. US Volume Size on Registration Performance

A limitation of using volumes captured at a smaller sweep angles ithat specic
features can easily move outside of the captured region, in whicase, the registration

will fail. However, smaller volumes reduce computational regrements, and hence
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enhance registration time. An experiment was conducted to risger volumes with
three di erent sizes in order to determine the e ect of volumesize on registration
error.

The GE Voluson 730 Expert ultrasound machine, with a RAB44-8P wle band
convex probe attached, was used to obtain di erent sizes of sespial 3D ultrasound
volumes of the liver from 10 healthy subjects. The GE machinelaWs volume ac-
quisition at sweep angle increments of 5 degrees, with 5 degrdxsng the lowest
possible angle. This angle determines the width (XZ plane, or ¢helevation plane)
of each captured 3D volume. Increasing the width of the angleedreases the image
capture rate. Images were captured at a depth of I¥cm. A total of 1500 3D images
were captured for the clinical data set. For each subject, a sesuce of 45 to 65
images were obtained for each sweep angle of 5 degrees (1399 18), 10 degrees
(159 179 31), and 35 degrees (159179 93). These images had the same scale
factor of 0:7 mm=voxel for dimensions,x, y, and z.

Three similar image sequences captured at 5, 10, and 35 degrees the same
region of the liver from one subject were individually registed to the rst volume
in each series. Visual results in Figure 4.20 show improved featuecovery with an
increase in the width (XZ plane) of the volume, for the 31st imagm each sequence.

All images of the liver captured at di erent scan angles were gistered and the
results were evaluated using Ml and NCC similarity metrics to detrmine the per-
formance di erence between volumes of di ering widths. The man and standard
deviation of similarity gains for the 1500 images from 10 sulijes are listed in Table
4.4. Results show a strong relationship between an increase inurak angle and

resulting gain in similarity when comparing the similarity gans for volumes captured
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(a) Fixed (b) Moving (c) Registered

(d) Fixed (e) Moving (f) Registered

(g) Fixed (h) Moving () Registered

Figure 4.20: The middle slices parallel to the XY plane of liver ultrasound volumes are
shown. The top row shows the results of registering volumesaptured at 5
degrees. Images on the second row represent results for voles captured
at 10 degrees, and similarly, the bottom row shows volumes gqaured at 35
degrees. All moving images shown are from the 31st volume iraeh sequence.
The white circles highlight features that moved out of planebefore registration
and the results after registration.
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Table 4.4: Similarity gains for clinical datasets capturedtathree sweep angles

Angle Similarity Gains (%)
(degrees) MI \ NCC
5 9.49 5.67 | 15.13 6.88

10 18.03 8.89 | 27.15 11.94
35 18.22 14.36| 28.01 9.39

at 5 degrees and 35 degregs( 0:05). Since most of the feature recovery is achieved
by using volumes captured at 10 degrees and up, therefore, tbeerence between
similarity results from 10 to 35 degrees was not statistically sigcant.

Simulations were carried out to compare three volume sizestiwvrespect to regis-
tration accuracy and time requirements. As described in Sectid3.3.2, the displace-
ment vectors generated from the registration of naturally dermed images were used
to simulate liver deformations. For each series of images, onesglacement vector
was chosen at maximum deformation. The displacement was linBainterpolated
from zero to maximum so that 10 to 15 gradually deformed volursewere generated
from one xed image. In this way, 30 sequences were formed frapplying 30 gold
standard matrices to 30 xed images. These simulated images wesgistered back
to the original xed images. The resulting deformation vectas for the last volume in
each image sequence were compared to the gold standard. Tabtshows the mean
displacement error from the registration of the simulated imags deformed using 30
gold standard matrices. The time required to register these imag using a total of
60 leading points is also reported in the same table. The displ&ment correction
achieved by the 4D method for volumes captured at a sweep angie5, 10, and 35
degrees was 72%, 74% and 82% respectively.

Results from the registration of US images of three di erent sizedemonstrated
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Table 4.5: Comparison of accuracy and speed of the temporal isttation method
for three volume sizes

Volume Angle | Mean Displacement| Mean Registration Error | Registration Time
(mm) (s)
5 546 2.61 152 0.26 9.67 1.58
10 558 2.45 1.44 0.25 9.75 0.81
35 10.05 3.89 1.83 1.53 27.42 3.63

that while registering volumes of reduced widths decreasesetfability to track fea-
tures that may move out of the scanned region of interest, the adntage is reduced
registration time. Depending on the type of application, a ampromise must be met
between the amount of information required (volume size), gistration accuracy, and
algorithm speed. In our experiments, using volumes captured at10 degree sweep
angle was su cient for acceptable feature recovery, while aeving fast registration
speed. Image similarity comparisons proved the di erence beden registering vol-

umes captured at 10 and 35 degrees was not statistically sigraet.

4.2.5 Summary of Temporal 3D US Registration Results

The elastic registration algorithm was evaluated for tempota3D ultrasound images
using techniques of simulations, local landmark displacememntisual assessment, and
similarity measures. Extensive validation experiments were gfermed on a large
database of 1017 clinical and 120 realistically simulated uétsound volumes. This
algorithm was compared with a B-splines deformable registianh technique imple-
mented using ITK. While both registration methods showed goodesults, the tem-
poral 3D algorithm is able to register the same volumes up to sixnmes faster for

images with small amounts of deformation such as the carotidtary, and up to 12
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times faster for images with high amounts of deformation suctsahe liver.

The registration algorithm was able to correct up to 8nm of deformation in
simulated 3D US volumes with a registration error of less than@m. The temporal
3D algorithm is robust to the amount of deformation in movinginages and produces

consistent visual results.

4.3 Summary

This chapter presented the validation results of an elastic teporal registration algo-
rithm for US images using the framework that was proposed in ther@vious chapter.
Contributions of this chapter was on the extensive performae evaluation of the
temporal registration algorithm, as well as the analysis of # di erent validation

metrics used. Global and local measures were used to evaluate ferformance of
the temporal registration algorithm on clinical 2D and 3D sedl US images of the
liver and carotid artery, which were collected from ten he#ty subjects. It has been
demonstrated that this registration algorithm resulted in god feature alignment of
2D US images. In the next chapter, the application of this regisation technique in

a graphical user interface for US images will be introduced.



Chapter 5

Applications

5.1 Requirements

As part of the validation framework development process, one tiie requirements
was to be able to visualize registration performance in reainie. There was the need
to create a platform on which the algorithm process could be owolled during the
registration of ultrasound images. Therefore, graphical user interfaceg GUI) for
registration of B-mode US images was developed. In this GUI, 2tnasound images
are registered in real time to account for motion and deformatns of the anatomy.

In order to overcome the limitations in ultrasound examinabn, where it is di cult
to interpret the location of landmarks with respect to the or@gn, a di erent process
was also necessary to perform real time segmentation and visualian of US images
during freehand data acquisition. Therefore, a second GUI wavkloped for this
purpose. Inthe segmentation and visualization interface, 2D UBages are segmented
and the surface models of the anatomy are rendered in real timeThis platform
provides the user with both 2D and 3D views of the organ with rative position

88
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information during scanning.

Our goal was to develop two graphical user interfaces to testeélabove mentioned
registration, segmentation and volume rendering techniquesn clinically obtained
ultrasound images. Preliminary testing of the registration intrface has been on 2D
US images of the liver while the current implementation of thesegmentation and
visualization interface is for the ultrasound examination othe carotid artery.

The interfaces were developed using Visual Studio C++ and the GSlwere de-
signed usingQt™ . The 3D model generated using probe spatial information is vi-
sualized usingv TK™ and is displayed in a separate window of the GUI. The open

source frameworks used in the development of the system will besdebed next.

5.2 Open-Source Frameworks

5.2.1 Visualization Toolkit (VTK)

The Visualization Toolkit is an open source software system, whidhas been used
by many researchers world wide for visualizing 3D computer gohics, and processed
images. VTK supports a wide variety of visualization algorithmsnd advanced mod-
eling techniques. In addition, the VTK package contains dozearof imaging algorithms
to allow the user to directly integrate 2D imaging/3D graphis algorithms and data.
Professional support and products for VTK are provided by Kitwae, Inc. [36]. In
this work, VTK was used for the display of US images as well as for lume re-
construction. The rendered results are output onto Qt widget$or display onto the

interface.
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52.2 Ot

Qt is a licensed software for commercial use, which is maintaohdéy Trolltech [74].
This software package is a cross-platform C++ application dele@pment framework,
widely used for development of graphical user interface (GUIypgrams. In particular,
the Qt Designer tool, which is part of the Qt framework, is a poerful GUI layout and
forms builder, which enables rapid development of user infaces with native look
and feel across all supported platforms, including Windows anldinux. This work
used the Qt Designer tool for generating the GUI layout of the twaiser interfaces,

which consists of dialogs, tabs, frames, and control buttons.

5.2.3 VtkQt

The VtkQt library provides functionality for displaying Vtk+O penGL graphics inte-
grated into a Qt application. This open source software allow®r the integration of
the VTK rendering windows and the Qt widgets on the interface.The version used

in our system was distributed by Matthias-Koenig [48].

5.2.4 Vision Numerics Library (VNL)

VNL is one of the core libraries in the VXL library package [75] usefibr computer vi-
sion research and implementation. VNL provides numerical coriteers and algorithms
for numerical programming (e.g., matrices, vectors, decomgiions, optimizers) sim-
ilar to packages like MATLAB but with the speed of C and interfae of C++. This

software was used mainly for the image segmentation componefitooir system.



CHAPTER 5. APPLICATIONS 91

5.2.5 Cross-Platform Make (CMake)

CMake [33] is an open source system that manages the build proceés program,
independent of the operating system and chosen complier. CMagenerates a pro-
gram's execution and solution les using simple con guration les in .txt format
that is written by the user. The use of CMake eases the portabijitof programs to
other computers. Currently, CMake supports software systems sues VTK, VXL,
and ITK. CMake was employed to control the software complicain process of the

registration and segmentation interface programs.

5.3 Registration Interface

The need for image registration often arises from tissue defortitan due to factors
such as involuntary motion from breathing and heartbeat, chaging body position,
and tissue compression that, in practice, cannot be precisely ¢amiled while the pa-
tient undergoes the imaging procedure. This poses the need #ocient GUIs for
clinical procedures, which require real-time image guidaac One of the possibilities
to enhance ultrasound examination would be to perform and dily the elastic reg-
istration of US images to visualize the amount of deformation Ib&een a xed image
and the moving images of the anatomy in real time.

The rst requirement was to visualize the elastic registration esults during an
ultrasound scan. For this purpose, a registration interface wagesigned. This is the
preliminary step to using deformable registration for ultrasond diagnosis. While it
would be possible in the future to integrate this registrationnterface for ultrasound

navigation, our current main goal was to rst create the inteface and to perform
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gualitative assessment of the results.

The registration GUI implements the temporal registration tebnique proposed
by Foroughi et al. [26]. The next sections will brie y describe the software struc-
ture and the GUI design. For details on the algorithm implemeration and clinical

performance, please refer to Sections 2.3.3 and 4.1, respatyi

5.3.1 Software Design and Implementation

The software was written in C++ (Visual C++ .NET 2003) using VTK for i mage
display, and QT for interface design. An overview of the softwareomponents in
the United Modeling LanguagéUML), is provided in Figure 5.1. UML is a standard
language for visualizing, constructing, and documenting sefare systems [8]. The
diagram shown displays the relationships of each component. VT#&nhd Qt are used
by all components of the system. Some components may &ssociatedo each other,
meaning that they may trigger another component to performmaction on its behalf.

The following is the list of the major software components in ouegistration system:

Data Component:
The data component is an interface used for transporting the 2DS images from
the GE ultrasound machine onto the computer. Images are seniatlient-server

from the US machine onto the graphical user interface.

Registration Component:

The images sent to the computer using the data component are usby the
registration component to align the 2D US images to the xed imge. The
registration method uses the temporal 2D registration technige described in

Section 2.3.3.
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GUI Component:

This component contains the GUI major functionality. Button controls for
starting and stopping image capture, image registration, andsualization forms
the main structure of this component. As well, a dialog to alteregistration

parameters is also included.

1 1
VTK QT
L) . L)
1 R4 1
! Use U/s:e/ ! Use
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Component Component
1
1
: Use
|
Data
Component

Figure 5.1: An overview of the software structure in UML for the US egistration
system.

5.3.2 Registration GUI Design

Figure 5.2 shows the registration interface. A user manual fohé segmentation
interface can be found in Appendix A of this thesis. The main congments to the

registration interface are as follows:

1. Selection of the image resolution.
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2. Initialization of the image capture windows to update the2D images on the

interface.
3. Registration menu to start/stop registration or change pararaters.
4. Overlays the xed or moving image on top of the registered iages.
5. Saves the registered images into the speci ed folder.
6. The xed image.
7. The registered images.
8. The moving images that are updated in real-time.
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Figure 5.2: Interface for temporal 2D registration of liver lirasound images.
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5.4 Segmentation and Volume Rendering System

The main objective for the development of a real-time segmaeatton and 3D interac-
tive visualization system is to adapt existing hardware and sofare components to
optimize the presentation of visual information during ultrasound diagnostic proce-
dures. The proposed system is rst tested on the examination of theatid artery
but can be extended for imaging of other anatomies.

In the following sections, a description of the system setup, softreadesign, and

implementation details are provided.

5.4.1 System Setup

Figure 5.3 illustrates the system setup and the hardware used fohe ultrasound
segmentation and volume rendering system. The GE Voluson 730 ExpUS machine
is used to capture the real-time US images. A Northern Digital Inc(NDI) Optotrak
Certus camera is used to track the position of the probe, on wihia Traxtal Versa
Trax 4-marker active tracker (model TT002-B) is mounted. A GUI is d@signed to
visualize the segmented images and graphical model of the exaed vessel (e.g.,

carotid artery) on a desktop computer during actual US scanning

5.4.2 Software Design and Implementation

The software was written in C++ (Visual C++ .NET 2003) using librar ies of VNL
for numerical programming, VTK for volume rendering, and QT ér interface design.

The major software components are:

Data Component:
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(a) US Machine

(b) Camera

o

(d) GUI

(c) US Probe with
Tracker

Figure 5.3: The system setup and hardware components.

This component, similar to the data component described for thregistration
interface, is used for transporting 2D US images from the GE ulisound ma-

chine to the interface via a client-server approach.

Segmentation Component:
This component is responsible for extracting the region of iatest from these
images after the user manually selects a seed point along theteemf the cavity.

The images are segmented using the IMMPDAF algorithm [1].

Volume Rendering Component:
Once the segmentation process has been initiated, this comgahis responsible

for building the 3D surface model of the carotid artery. The lame rendering
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Figure 5.4: An overview of the software structure in the UML for tle US segmentation
system.

component uses the segmentation component to obtain the poialoud neces-

sary for volume reconstruction.

GUI Component:

The GUI's main window and dialogs are controlled by this compwent. A dialog

can be opened to control the parameters of segmentation. ThéJGalso allows
the user to choose the rstseed pointfor segmentation, and when to start and

stop volume rendering.

An overview of the data ow between the di erent system componds is shown

in Figure 5.4.
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5.4.3 US Image Segmentation

Quantitative information such as the size and shape of the anatty can be extracted
from ultrasound images to facilitate activities such as diseaskagnosis, monitoring,
as well as surgical planning. This procedure can be accompéshby segmenting, or
extracting shapes from these images based on mathematical dggans of the organ
of interest. These descriptions must be accurate and the segmeidga process must
be repeatable in order to be clinically useful.

The IMMPDAF algorithm proposed by Abolmaesumiet al. [1] was implemented
to extract the cavity boundaries from ultrasound images. Thisnethod has also been
used in the validation framework proposed in Section 3.3.2. EHMMPDAF algorithm
requires user input of an arbitrary seed point inside the cavityo initiate automatic
segmentation of a set of sequential US images as shown in Figure S &e distance
from this seed point to the boundary is modeled by a moving olgetrajectory, which
results in a locally circular shaped contour.

The IMMPDAF segmentation algorithm has proven aptitude for segenting US
images in real-time. The stability and robustness of the algahm has previously
been demonstrated by the authors [1, 2]. A repeatability testfahis algorithm was
also provided in Section 3.3.2. This algorithm is su cient at sgmenting US images

of many anatomies such as the carotid, jagular vein, lymph negdand heart chambers

[1].

5.4.4 \olume Reconstruction

Generation of a volume from a sequence of 2D image slices regsithe transformation

of each pixel in the image coordinate into real world coordates. This transformation
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Figure 5.5: Segmentation of a sequence of 2D carotid US imagse&g the IMMPDAF
algorithm.

requires the use of three transform matrices obtained from thealibration of the US

probe and the position tracker.

Frames De nitions

A surface model is generated from the 2D US images. For this prese we must
consider the transformation from di erent frames to convert ach point in the US
image coordinate to the real world 3D coordinate system (see kig 5.6). In the

following, we describe the four frames involved in this conkgon:

Ultrasound Image Frame:
This is the US image coordinate frame where the origin is takess the top

center of the image.

Ultrasound Probe Frame:
An infra-red sensor, by Traxtal Technologies, that is mounted do the ultra-
sound probe de nes this frame. The Optotrak Certus camera tks this frame

in real time to obtain the physical position of the US probe.



CHAPTER 5. APPLICATIONS 100

YProbe

DRB Tracker
T TProbe

ZTracker

DRB

] Trac ker

Figure 5.6: De nition of frames and transformation involvedto convert from a point
in the US frame to 3D volume coordinates.

Yl'racker

XTracker

Optical Tracker (Camera) Frame:

This frame describes the optical tracker camera frame.

Dynamic Reference Body (DRB) Frame:
A DRB is required as a reference to the optical sensor that is moted onto the
US probe. For this purpose, a DRB can be mounted onto a xed targi¢hat is

within the view of the camera. This frame is called the DRB frme.
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Figure 5.7: Volume reconstruction using captured US images Wijposition and ori-
entation information obtained by the Optotrak Certus camea.

Transformation

Prior to capturing 2D images, the 3D linear probe was rst calipated using the
method proposed by Cheret al. [12]. From this, the transformation from US image
frame to probe frame T[°°®) was obtained. For each 2D image captured, a tracker
le provides two transform matrices, one for transforming fronprobe frame to tracker
frame (T2 [3%e") and the other from tracker frame to DRB frame TPRE ., ). Multi-
plying these three matrices together results in the transfornt@an from US frame to
DRB frame (T58®). Equation (5.1) shows the conversion of one point in the US
frame (PY®) to a point in the DRB frame (PPRB),

PO = TP, THEEY TS PV 6.

The contour points obtained from the segmentation of each 2niage are used to

build the surface model as shown in Figure 5.7.
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Figure 5.8: Interface for ultrasound image segmentation and i$ace reconstruction
of the carotid artery.

5.4.5 Segmentation and Visualization GUI Design

The GUI displays the segmented US images as well as a 3D surface rhaddhe
vessel during real-time scanning. Figure 5.8 shows the segmemaatinterface. VTK
is utilized for displaying the 2D images and performing volumreconstruction on the
GUI, that is implemented in Qt. The GUI allows the operator to catrol segmentation
parameters, start/stop volume rendering, and save the 2D imagesd surface models
to the hard-drive. The user is required to make one slow sweepingotion of the
ultrasound probe on the region of interest in order to perform genentation and
surface model rendering. A user manual for the segmentation énface can be found
in Appendix B of this thesis. The main components of the segmentanh interface are

as follows:

1. Initializing the session.
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N

. Setting the segmentation parameters and initial seed poitbcation.
3. Opening a new window, which displays a zoomed-in view of tiekhosen model.
4. Saving the images and volumes during the session.

5. Showing the surface model of the carotid artery generatetbin segmentation

results.

6. Displaying 2D images captured from the ultrasound machine.

5.5 Summary

This chapter introduced the design of two GUIs which can be usedidng freehand
B-mode US data acquisition. The registration interface allowthe user control pa-
rameters and visually display the results on the screen. It was uséo visualize the
performance of the temporal US registration techniqgue whichag tested using our
validation framework. The segmentation interface was used tasualize the spatial
correspondence between the image plane and the scanned angtormhe designed
interfaces may be used in the future in a navigation system to eahce US examina-

tion.



Chapter 6

Conclusions

This chapter provides a summary of the main contributions oftis thesis as well as

suggestions for future work.

6.1 Summary of Contributions

This thesis presented a framework for the validation of elastiegistration algorithms
for US images. In addition, two ultrasound interfaces for realithe registration, seg-
mentation and visualization of 2D US images were introduced. hE following sum-

marizes the major contributions of this work:

6.1.1 Validation Framework

A validation framework was developed for evaluating the aocacy and clinical ef-
cacy of elastic registration algorithms for US images. The fraework provides a

guideline to evaluate the performance and limitations of a U8eformable registration

104
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algorithm to ensure that clinical requirements are met. To tk best of our knowl-
edge, no validation framework currently exists to evaluatetie performance of US-US
non-rigid algorithms.

Three methods were incorporated into our proposed validatioframework for US
non-rigid registration algorithms, namely the gold standardbronze standard, and

clinical approaches:

In the gold standard method, simulated US images were createdin the defor-
mation vectors computed from the registration of clinical 2land 3D US images.
These deformation vectors were linearly interpolated fromezo to maximum to

create new sequences of deformation matrices; a gold standaakviormed from
the known deformation. These vectors were then applied to ath clinical US
images to create the simulated data set. The registration erraran be found
by comparing the deformations computed from a registrationechnique to the
gold standard. This validation technique ensures that the simated images
used in experiments will be realistic and clinically valid. Tis is important

when evaluating a registration algorithm for use in clinical pplications.

In the bronze standard approach, a segmentation algorithm saible for US
images [1] was used to extract feature landmarks in 2D and 3D U8ages. This
segmentation algorithm is semi-automatic and requires the usw® select a seed
point at the center of the closed cavity. The segmentation teciique allows users
to evaluate the local alignment of features (such as the cardtartery) inside
di erent US images used for registration. However, since any segnt&ion
techniques may be prone to error, the repeatability of a segmtation algorithm

should be documented with the results in validation studies.
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The clinical approach was used to evaluate a registration algtihm on clinical
data without ground truth. The global alignment of these imags was mea-
sured with similarity metrics such as NCC and MI. While similarity metrics
may not always be a good indicator of image alignment after gestration, we
may observe the change in the value of the metric before and exftregistration
and quantitatively evaluate registration performance on ahical images. Visual
assessment was also used as a qualitative indicator of image aligminbefore

and after registration.

We have tested the validation framework on an elastic registran algorithm for US

images. The results from the experiment are described next.

6.1.2 Experiments

Using the proposed validation framework, an elastic registratioalgorithm for US
images was extensively validated on a large database of claliand realistically sim-
ulated 2D US images and 3D volumes. A detailed analysis of the iggation results
was reported. For the registration of 2D US images, the temporalgorithm had an
average accuracy of:88mm for a mean displacement of 34 mm in simulated US
images. The local overlap of landmarks was improved from a nmeaf 68% to a mean
of 93%. A signi cant improvement in the global alignment of tle images was observed
by measuring the similarity metrics before and after registraon.

For the registration of 3D US images, the temporal registrationechnique had
an accuracy of within 2mm for a mean displacement of 1&hm. The mean local
feature overlap of carotid artery and liver images after ragtration was 91% and 80%,

respectively. The alignment of the hepatic and portal veinsiUS images of the liver
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is more di cult due to the small volumes of these vessels in the lar. This was found
to be one of the limitations and challenges for US elastic regiation algorithms.

An open source ITK B-splines registration algorithm was used to behmark the
performance of the temporal registration algorithm on clial 3D US images. It
was found that while both registration algorithms showed simalr performance, the
temporal registration algorithm is able to register the same Yomes up to six times
faster for images with small amounts of deformation such as tharotid artery, and

up to 12 times faster for images with high amounts of deformatn such as the liver.

6.1.3 Graphical User Interfaces

Two graphical user interfaces were developed to examine ineaigggistration and seg-
mentation of ultrasound images of soft tissues. Both graphical usaterfaces were
designed using Qt and developed in the Visual Studio C++ environemt.

The image registration interface was used to visualize the perfnance of the
elastic registration algorithm, which was validated using ouproposed framework.
This interface aligns the captured serial images, from the US rmiaine, to a xed
image chosen by the operator. Using the registration interfacasers can qualitatively
assess the registration performance while the registration panaters are altered in
real time. This interface can potentially be used for navigan systems to track the
movement of landmarks in organs deformed by involuntary man from breathing
and heartbeat, changing body position, and tissue compression ilghthe patient
undergoes the imaging procedure.

The segmentation and visualization interface was used to optire the presenta-

tion of visual information during ultrasound scanning. This GUlallows the operator
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to perform automatic segmentation and volume rendering of #htarget anatomy.
The operator can extract quantitative information such as tle size and shape of the
anatomy being imaged. Currently, the registration and segméation interfaces have
been tested on US images of the liver and carotid artery, respeely. In the future,

it may be extended for use on other anatomies.

6.2 Future Work
The following are suggestions for future work:

The proposed validation framework should be used to evaluatehar algorithms
to obtain a comparison of di erent US based registration techniges. From these
experiments, a standardized set of performance requirementencbe generated

to compare new and existing registration algorithms.

Additional validation metrics should be added to the validaton framework,
such as other simulation methods ( nite-element methods (FE}) to evaluate
registration accuracy. Besides using realistic deformations,na deformations

could also be applied to US images to create di erent gold standhmeasures.
The information gained from di erent validation metrics will provide a good
indication of the performance of a registration algorithm, s well as minimize

the possible bias in validation experiments.

In our experiments to test the behaviour of similarity measuresn ultrasound
images, it was found that the NCC measure was robust for detectirdgforma-

tion in US images even when the speckle density was increased. Xtend the
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feature matching capability of the temporal registration ajjorithm for US im-
ages of tissues that are devoid of feature information, coraglon measurements
can be used to ne tune the search for LP correspondence betwede t xed

and moving ultrasound volumes.

The registration and segmentation interfaces can be tested on USages of
other anatomies such the kidney or prostate. User studies should benducted
to obtain suggestions and improvements on the current featuwsef the registra-
tion and segmentation interfaces so that these interfaces caveatually be used

for clinical applications.

An additional component which can potentially be included ot the segmen-
tation and visualization interface would be the registrationof the 3D surface
model to a statistical anatomical atlas. For example, an atlas adel of the
carotid artery can be generated from the average results of segnted MR im-

ages of the carotid collected from several patients.

The US registration and segmentation interfaces can be integeal. This will
allow the user to monitor a segmented region of interest in the mges and to

estimate motion maps of the anatomy from the registration teatique.
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Appendix A

Registration Interface Manual

The registration GUI contains three separate windows for the &d (left window),

moving (bottom right window), and registered (top right window) images. Image
display and the start and stop of the registration process are cawlled using the
di erent menu options. The interface contains 5 menu compomés (see Figure A.1)

which are as follows:

1. Selection of the image resolution.

2. Initialization of the image capture windows to update the2D images on the

interface.
3. Registration menu to start/stop registration or change pararaters.
4. Overlays the xed or moving image on top of the registered iages.

5. Saves the registered images into the speci ed folder.
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Chooge One Option
Option 1

) Image From Scan

Start Caphure

stopCapture

Option 2

() Image From File

Select Image Quality
Half Size [400+300) w

Fieqgiztration

Edit Parameters

Start A egistration
— leading Ptz

Stop Registration

Display

() Overlay Moving Image

3 Dwerlay Fived Image

Save Resulks

Chooge Faolder

e without Extension|  File Mame

[ Save ]

Figure A.1: Registration interface menu options.
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A.1 Image Resolution

The resolution of the images to register can be selected (in theemmu 1 option). Three
di erent image resolutions are provided which are 800600, 400 300, and 200 150

pixels.

A.2 Image capture

Two options on the interface are provided to display images ascreen. Option one
allows the user to obtain sequential US images from an actual scand display them
onto the interface. Option two allows the operator to choosemo images from a le

to register.

A.3 Registration Parameters

The operator may change the registration parameters depemndj on the type of US
images used for registration. Figure A.2 shows the parametersaltig which appears
when the Edit Parameters button is pressed. Default registration parameters for the
carotid artery and liver US images have been preloaded intoglprogram. Details on
how these parameters were chosen were shown in Section 4.1.4e TUI allows the
operator to change parameters during an actual US scan to viewsw di erent input

parameters a ect registration performance in real time.
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B Registration Parameters
Define Parameters

Max # of Leading Points

Gauzsian kemel Size

p—y

Simnilarity R adius

Search Fadiuz

Radius around Driving Paints 5
Sigrna
Threshald for Leading Pts [0.7]

Threshold for min zimilarity 0.002

Default - Carotid Default - Liver

Figure A.2: Registration Parameters Dialog.

T

A.4 Image Overlay

To clearly visualize the image overlap after registration, th interface provides the

option to overlay the registered images on either the xed inge or moving images.

A.5 Saving Data

The registered images may be saved onto the hardrive of the PG feview at a later

time.
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Segmentation and Visualization

Interface Manual

The segmentation and visualization interface contains 5 memomponents (see Figure

B.1) which are as follows:
1. Image capture menu for initializing a session.

2. Parameters initialization menu for selecting a seed poinnd segmentation pa-

rameters.
3. Rendering the surface model in full screen.
4. Adding or removing the probe on the screen.
5. Saving ultrasound images and volume data.

The steps to follow are described next.
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Capture

| Start Session ‘ Reset

2 [ritialization
Seed Point
[ Select Seed ]
* coordinate
¥ coordinate
[ Start “ Stop “ Dretails ]
3 Wigs
Zoomed Yiew

| Surface WVolume V|

[ Render ][ Cloze ]

4 Frobe

Add

Save Hesults

|_D ata_Fle_Session.f’l [ Choose Folder ]

[ Save ]

Figure B.1: Segmentation interface menu options.
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B.1 Image Capture

Upon pressing theStart Sessiorbutton on the left hand side of the screen, the program
will be initialized and read to start capturing ultrasound imeges. Figure B.2 shows
the screen upon startup. The 2D US images on the right hand windoare updated
on the GUI in real time. The probe and plane shown on the left handindow moves
with respect to the position of the US probe on the ultrasound madhe. Spatial
information is obtained from the optical sensor that is mounté onto the ultrasound

probe.

[ ]

Figure B.2: At th start of the session, the 2D images are sent from ¢himage sender
or ultrasound machine and updated on the interface.



APPENDIX B. SEGMENTATION AND VISUALIZATION INTERFACE MANUAL 129

B.2 Initialization

B.2.1 Segmentation Parameters

Segmentation of the cavity contours in the 2D images is indlized with an arbitrary
seed point selected by the operator. The seed point selected Wwidl used to estimate
the contour centers in each of the consecutive images. Once #peci ed seed point
has been selected, the program will automatically begin thegmentation process and
the 2D images on the top right window will display the segmentatin results in real
time.

The user can alter the segmentation parameters using the segnedidn dialog
which appears when thedetails button is pressed. Details regarding the selection of
parameter values are reported iret al. [1]. Default segmentation values have been
preloaded onto the dialog to work with the carotid ultrasoundimages scanned at a
eld depth of 3:0cm in our US database. The radius parameters may be adjusted

according to image properties such as image size, and shape ef dmatomy.

B.2.2 Volume Rendering

Once the initial seed point has been selected, the 3D surface mbavill start to

generate. The surface model will be updated according to theonements of the
ultrasound probe. The program is intended for one ultrasound ®&p of the region
of interest to build the 3D surface model. When the surface modehs been fully
constructed, the user may end the segmentation and volume remuhg process by

pressing thestop button.
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(a) Seed Point Selection (b) Parameters Dialog

Figure B.3: (a) Initialization of seed point and (b) segmentabn parameters dialog.

B.3 Zoomed Views

The zoomed view menu shown in 4 can be used for zooming into vokirmodel.
Once therender button is pressed, a separate window is opened to show a full screen

version. An example of the 3D model full screen view is shown in kig B.4.

Figure B.4: Full screen view of the carotid surface model.
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B.4 Rendering of the Probe and Plane

Figures B.5(a) and B.5(b) below show the generated surface uole and the option

to add or remove the probe and plane.

(@) (b)

Figure B.5: Carotid artery surface model (a) rendered with tB probe and image
plane, and (b) rendered without probe and image plane.

B.5 Saving Data

The 2D and 3D data can be saved during the session to be retrieveddareviewed
later on. Each time thesavebutton is pressed, the current 2D image and 3D volume
will be saved onto the harddrive of the PC and the current 2D imge is also displayed

onto the icons located under thesavebutton.



Appendix C

IMMPDAF

The Interacting Multiple Model Probabilistic Data Association Filter (IMMPDAF)
[1] segmentation technique is used to extract cavity contounsith arbitrary shape
from ultrasound images. A seed point inside the cavity is chosen aithe distance
between the seed point and the cavity boundary is modeled by aajectory of a
moving object by using aKalman lter.
The IMM/PDAF algorithm is composed of two models for contour ekaction: the

Interacting Multiple Model estimator (IMM) and the Probabil istic Data Association
Filter (PDAF). For details on PDAF, refer to [1]. The following velocity models are

used to describe a cavity contour:

2 3
1
X (k+1)= § £ (k) + Vi(K) = A X; (K) + Vi (K) (€.
0 1
Zi(k)= 1 0 Xj(k)+ (k)= HjX;(k)+ (k) (C.2)
wherej = 1;:::;M, and M is the number of trajectory models that are used
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.
to describe the boundary.Xj(k) = d (k) d; (k) is the system stated(k) and

d (k) are the radius of the cavity contour from a seed point inside #hcavity and its
derivative with respect to angle , respectively, is the sampling angle of the cavity

contour from the seed point,V; (k) is the process noise vector with covariance,

2 3

4 3

QUy=4° 7453 (C3)

2

and process noise intensity of;, Z; (k) is the output of the model, and! ; (k) is
its error with covariance 3 = R; (k).

The following summarizes the steps to the algorithm.

IMM/PDAF Algorithm:
Step 1. Mode interaction:

The initial state estimates for the Kalman lter is calculated as:

b
Rok Lk 1)=" Rk 2k 1) gk Lk 1) (C.4)

i=1

Poi(k 1k 1)=

X
Pk Lk D+[Xik Lk 1) Xg(k Lk 1)
i=1

Xitk 1k 1) Xgkk 1k DI'g 5k Lk 1)

where )?oj (k 1k 1) andPg(k 1k 1) are the initial state estimates and
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its covariance for thejth lter. ij(k 1k 1) is the mixing probability and is

calculated as:

. 1
(k- 1k 1) = C]__pij i(k 1) (C.5)
wherei;j =1;:::;M, p; is the mode transition probability de ned as
pj = ProbfI ()= jjl(« 1)=1i9; (C.6)

i (k) is the mode probability and
6= moak D ()
is a normalization factor.
Step 2: Mode-conditioned ltering
The following PDAF lIter is used for edge detection in an image,
Fedge(l; ) = %HU+2 no)+ I+ )+ 1(rn)

I (r rr) I(r 2r)

I(r 3 1) (255 I(r; )"

wherer is a given radius from the seed point and r represents di erential radial

increments fromr along that radius. | (r) represents the local gray-level values in the
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image along the radiug. The lIter is applied only to the pixels in the range of the
distances ofL i, and Lo« from the seed point.n is set to a value of 2 for US images
with a 256 gray-level.

Using the Iter described, the mode-conditioned state estimateand covariances

are calculated,

Xikik 1) = Aj(k Xg(k 1k 1) (C.8)

Pi(kik 1)

Ak DPi(k Lk DA 1)

Xi(kik) = Xj(kik 1)+ W; (K)E; (k)
Pi(kik) = (I W (H; ()P (kik 1)
» |
+ W, (k) (ri(k)? (k)2

i=1

W; (k)"

where)?,- (kjk 1) is the predicted state of mode] at iteration k and P; (kjk 1)
is its associated prediction covariance{ i (kjk) and P; (kjk) are the state estimate and

its covariance in Kalman Iter j at iteration k, W, (k) is the Iter gain, and

XIC
Ej(k) = ri(k) i(k) 2(kjk 1) (C.9)

i=1

whereZ'(kjk 1) = H; (k))?j (kjk 1) is the measurement prediction from model
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j. The lter gain W, (k) is calculated as follows:

Wi (k) = Pi(kik  1)H;(K)TS;(k) * (C.10)

whereS; (k) = H;(k)P;(kjk 1)H; (k)T + R; (k) is the boundary location predic-

tion covariance from the modej .

Step 3 - Model combination
This step combines the estimations from the IMM and PDAF modelsat estimate the

boundary edge of the contour. For details on the PDAF model, fer to [1].

h
X (kjk) = X; (kjk) (k) (C.11)

i=1
P(kjk) = fP,-(kjk)+[>€,-(kjk) )’(‘(kjk)] (C.12)

j=1
[X; (kik) X (kik)]"g (k) (C.13)

where
1 X 1

=20 by itk D=2 (kg (C.14)

i=1

is the mode probability, and

c = i(k)a (C.15)
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(k) = 1 E; (K)S (k) *Ej(k)’
(k) = p—mex >

In the IMM/PDAF algorithm, M =2. If M =1, the algorithm will become the

PDAF approach since j = j; = 1.



Appendix D

ANOVA

The objective of analysis of variance (ANOVA) is to test for the stastical signi cance
between the means of di erent groups of data. This is accomghed by analyzing the
random error and the means of data groups. A null hypothesis, wii states that
there are no mean di erences between groups, is either acaegtor rejected. Under
the null hypothesis, it is expected that the uctuation betwea the means of two
groups of sample data is minor. If there is indeed statistical sigcance between
groups, then the null hypothesis is rejected. The estimated rge of variation of the
averages between di erent data groups of data is given by thetandard deviation of

the estimated means:

NE. (D.1)

where is the standard deviation of the group size andll is the number of data in a
group. If the standard deviation of the means of each group iaryer than the above,
than the null hypothesis is not correct.

The comparison between the actual variation of the group avages AA) and the
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expected variation of group average€(A) is expressed as the F ratio:

>

_AA
F=cx (D.2)

If F is close to 1, the null hypothesis is correct and if F is larget indicates the
null hypothesis can be rejected. In order to determine how Ige F should be before
the null hypothesis is rejected, the signi cance is reportedhiterms of a p value, also
known as the probability that the null hypothesis can be rejeed. The choice of the
p-value depends on the user requirements; the smaller the pwe) the less plausible
the null hypothesis. The rule of thumb is to use a p-value of lessah 0.05 or 0.01,
which translates to a con dence level (100(1 p)%) of 95% and 98%, respectively,

that the null hypothesis can be rejected.

D.1 One-Way ANOVA

A single factor analysis of variance is also known as one-way ANOVHA an exper-
iment in which factor A is varied, the objective is to determme whether the various
levels of A have any statistically signi cant e ect on an output The results from
one-way ANOVA is equivalent to those obtained from a t-test.

Consider the sample data in Table D.1 which represents the ovapl of anatomical
features before and after image registration. Applying thanovalfunction in Matlab
returns a p-value (Table D.1(a)) which determines if the vadlity of the null hypothesis,
which states that all samples in the datasets are with the same mealf the p-value is
close to zero, then at least one sample mean is statistically dient than other sample

means and the null hypothesis can be rejected. The box chartfigure D.1(b) shows
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Table D.1: Percentage of carotid overlap before and aftergistration.

\ Observations

0.76] 0.74| 0.79| 0.79] 0.80| 0.85| 0.70| 0.77| 0.79| 0.83
0.96| 0.88| 0.90| 0.92] 0.93| 0.96| 0.93| 0.90| 0.92| 0.92

Before
After

the lower quartile, median, and upper quartile values. The wbkers which extend
from each end of the box, shows the extent of the rest of the datdBased on the
results in Figure D.1, we can conclude that after image registtion, the improvement

in feature overlap is statistically signicant (p  0:01).

D.2 Multi-Factor ANOVA

Multi-factor (MANOVA) can be used to test data when multiple variables are in-
volved. In a typical validation experiment for registration algorithms, many factors
are taken into account including di erent registration techmiques and registration

parameters.



APPENDIX D. ANOVA 141

(a)
0.95r |
0ol Z
a PR
o
g
3 0.85f -1
©
[=))
S
c
[}
© 08f
[]
o
0.75 |
|
|
0.7} 1
Before After
(b)

Figure D.1: Analysis of variance of the data in Table D.1: (a) ANOX table (b) box
plot of the results.



Appendix E

US Image Scale Factor

The scale factor of US images is found through calibration. Téistep is critical in

order for US images to be used for quantitative measurements duwy clinical pro-

cedures. In calibration processes, often a multi-wire phantonf &nown geometrical
properties is scanned using a US probe that is tracked by an omlcsensor and cam-
era. The images captured of the multi-wire phantom contain umerous points of
which its geometry is known. The points in the US images are segnted and the
transformation which maps the image points to the actual wireoordinates are found

using mathematical procedures.
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