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Abstract

Ultrasound is a favorable tool for intra-operative surgical guidance due to its fast

imaging speed and non-invasive nature. However, deformationsof the anatomy caused

by breathing, heartbeat, and movement of the patient make itdi�cult to track the

location of anatomical landmarks during intra-operative ultrasound-guided interven-

tions. While elastic registration can be used to compensate for image misalignment,

its adaptation for clinical use has only been gradual due to the lack of standardized

guidelines to quantify the performance of di�erent registration techniques.

Evaluation of elastic registration algorithms is a di�cult ta sk since the point

to point correspondence between images is usually unknown. This poses a major

challenge in the validation of non-rigid registration techniques for performance com-

parisons. Current validation guidelines for non-rigid registration algorithms exist

for the comparison of techniques for magnetic resonance images of the brain. These

frameworks provide users with standardized brain datasets andperformance measures

based on brain region alignment, intensity di�erences between images, and inverse

consistency of transformations. These metrics may not all be suitable for ultrasound

registration algorithms due to the di�erent properties of the imaging modalities. Fur-

thermore, other metrics are required for validating the registration performance on

di�erent anatomical images with large deformations such as the liver.
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This work presents a validation framework dedicated for ultrasound elastic reg-

istration algorithms. Quantitative validation metrics are evaluated for ultrasound

images. These include a simulation technique to measure registration accuracy, a

segmentation algorithm to extract anatomical landmarks to measure feature overlap,

and a technique to measure the alignment of images using similarity metrics.

An extensive study of an ultrasound temporal registration algorithm is conducted

using the proposed validation framework. Experiments are performed on a large

database of 2D and 3D US images of the carotid artery and the liver to assess the

performance of this algorithm. In addition, two graphical user interfaces which in-

tegrate the image registration and segmentation techniques have been developed to

visualize the performance of these algorithms on ultrasound images captured in real

time. In the future, these interfaces may be used to enhance ultrasound examination.
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Chapter 1

Introduction

Medical imaging technologies have become a key tool that hashelped physicians to

diagnose diseases in patients at earlier stages, and to perform treatment with increased

accuracy. These technologies have provided less invasive treatment options, thereby

reducing post-surgical side-e�ects such as infection from large surgical incisions. This

has greatly improved treatment outcomes and reduced recovery time after surgery.

Imaging modalities such asMagnetic Resonance(MR), Computed Tomography

(CT), ultrasound (US), and Positron Emission Tomography(PET) have been used for

various clinical applications. Among them, ultrasound has received much interest due

to its unique properties of being non-ionizing, inexpensive, and providing real-time

display of anatomical images. Intra-operative US imaging has been highly recognized

for navigating tools in the treatment of liver metastasis [5, 71] for guiding the process

of lesion removal during neurosurgery [45, 59], as well as for monitoring cardiovascular

activities [43].

Despite the advantages, US has a lower signal to noise ratio compared to other

imaging modalities such as MR and CT. Some of the challenges that persist when

1
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using ultrasound imaging for medical diagnosis and treatment are as follows:

� Organ deformation caused by breathing, heartbeat, and physical movement of

the patient produces misalignment between the pre-operative image data and

the intra-operative US images. This often induces di�cultiesin tracking a

surgical target or speci�c landmarks in an organ. The radiologist may need to

mentally align these images to monitor abnormalities in the anatomy and form

diagnosis and treatment decisions. This process that requires extensive training

and diagnosis is highly dependent the radiologist's skills.

� Ultrasound contains speckle patterns and shadows; therefore, image interpreta-

tion is challenging because of the poor quality of ultrasound images compared

to the other imaging modalities.

� A great amount of expertise is required to interpret B-mode ultrasound images

in order to diagnose a disease. It is often necessary for the radiologist 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 byusing a set of equa-

tions that transforms the coordinates of each point in one image into the coordinates

of the corresponding point in the other image. A common registration technique in-

volves the use of asimilarity metric to calculate the image alignment between two

images, and an optimizer to iteratively maximize this similarity measure (as shown

in Figure 1.1. This approach will be discussed in more detail in Chapter 2.2.1.

Elastic registration algorithms align images using a deformable transformation
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Alignment
(Similarity Measure)

Optimization
Fixed

Converged

Not Converged

MovingMoving

Transformation

RegisteredRegistered

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

model. This registration technique can be used to solve the problem of organ defor-

mation in US images by forming structural correspondences between a pre-operative

surgical plan and intra-operative data. Real-time elastic registration of a sequence

of US images can bene�t radiation therapy by compensating for the motion of the

anatomy due to breathing, heartbeat, and movement of the patient during dosage

delivery, facilitating safer dosage increase and reducing radiation exposure to healthy

tissues. An application of image registration for radiotherapy would be to carry out

treatment with real-time US images of soft tissue which are registered to a preop-

erative �xed image on which the radiotherapy procedure has been planned. This

method would provide a timely estimation of the tumor's position without resorting

to invasive methods or the patient being exposed to additionalradiation.

Techniques for elastic registration of US images must be fast, accurate, and ro-

bust to image deformations to be used for medical diagnosis and treatment planning.

The lack of standardized guidelines to assess the performance ofthe developed algo-

rithms has resulted in the delay to use these techniques for clinical applications. A

common validation framework to evaluate the performance ofnew US elastic regis-

tration algorithms is necessary to determine if the techniqueis suitable for a certain

application.
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1.1 Motivation

Validation is the process of assessing a system to ensure that it ful�lls the requirements

of an application. While the development of new medical image processing algorithms

was the main focus of research in the past, there has been littlefocus on the validation

of these techniques [39]. A registration algorithm must undergo thorough validation

of its performance and limitations before it can be used in clinical practice.

Rigid registration algorithms have a knowndegree-of-freedom(DOF) for transfor-

mation (3 translations and 3 rotations). Strategies for �nding the accuracy of these

algorithms have been analyzed extensively in the literature[22, 23, 79]. Accuracy

measurement usually involves calculating the displacement errors with respect to po-

sition markers on simulated or phantom data. This strategy cannot be used with

elastic registration algorithms due to the complex nature of the non-rigid deforma-

tions and the large number of transformation parameters involved. The lack ofground

truth in clinical data for measuring the correspondence between the�xed and moving

images is the major challenge in validating elastic registration algorithms.

Development of detailed validation guidelines for non-rigid registration algorithms

has only begun in the recent years [15, 19, 32, 38, 39, 60, 63].However, a vast majority

of these works have been aimed at validating registration techniques for MR images,

especially of the brain. US images exhibit vastly di�erent properties compared with

MRI, which poses the need for dedicated criteria to validate USregistration algo-

rithms. To the best of our knowledge, no standardized procedurehas been developed

for the validation of non-rigid US registration algorithms.

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

elastic registration algorithms for ultrasound images. Our main goal is to develop a
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Figure 1.2: Proposed validation framework for elastic registration of US images.

set of validation criteria and use it to extensively test the performance of a US elastic

registration algorithm [24, 25]. In addition, the elastic registration technique used for

validation experiments has been developed into a software package to visualize the

registration performance. The next two sections provide an overview of our proposed

registration validation framework, as well as the software design for the graphical user

interface.

1.2 Proposed Validation Framework

In this work, we present a validation framework for elastic registration algorithms

developed for US images. This framework extends the validation methodologies for

image processing techniques de�ned in the literature [28, 38]for elastic registration of

ultrasound images. Figure 1.2 illustrates the validation procedure, which comprises

of two levels of assessment. The �rst level measures the accuracy ofthe algorithm

using simulated deformations as agold standardto obtain the registration accuracy,
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as well as computation time. This form of measurement �nds thetechnical e�cacy

[28] of the registration method.

The second level of the framework evaluates the clinical e�cacy of a proposed

technique. This procedure is divided into two parts of localand global measure-

ments. Priori knowledge of the anatomy is used to form a local measure, which is

considered abronze standardtechnique of evaluating the accuracy of an algorithm.

Clinically signi�cant landmarks, such as vessel structures, are segmented from US

images to form a local overlap measure before and after registration. The resulting

measurements can be used toward determination of an algorithm's success or failure

(i.e., fault detection [37]). Visual assessment is used to globallyassess the image

alignment between the �xed and registered clinical images. The averaged image from

a set of registered sequential images can be obtained to comparethe registration

consistency between di�erent algorithms. Calculation of intensity statistics on im-

ages before and after registration using similarity metrics such as mutual information

forms a quantitative measure of the global results.

The proposed validation framework is used to assess a temporal registration al-

gorithm for 2D and 3D US images [24, 25]. The techniques in the overall validation

framework will determine the accuracy, robustness, and computational complexity of

the registration algorithm.

1.3 Ultrasound-based Diagnostic Interface

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

cessing techniques, such as registration and segmentation. In order to test these image
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processing algorithms, a platform must be created on which to visualize the perfor-

mance output from these algorithms. Figure 1.3 illustrates theproposed software

design of two graphical user interfaces (GUI) for the registration and segmentation

of US images. These interfaces can be used with an ultrasound machine to perform

registration and segmentation oflive B-mode ultrasound images. Images from the

ultrasound machine are captured onto the GUIs, where the data isprocessed, and

updated onto the screen.

The temporal registration algorithm [24], which was used for validation experi-

ments, was implemented for the registration GUI. Using this GUI, the operator is

able to control and alter the registration parameters duringUS imaging.

The segmentation and visualization interface performs real-time segmentation of

US images and provides the user with updated 3D surface models ofthe scanned

anatomical structure during free-hand data acquisition. Theiso-surface model is

constructed from the spatial information obtained using a camera, which tracks the

movement of an optical sensor that is mounted onto the ultrasound probe. Users may

save the 2D images and 3D models during a session and review them ata later time.

The current implementation of the registration and segmentation interfaces is used

for the qualitative assessment of the registration results, as wellas for the visualization

of 3D graphical models during ultrasound scanning. These GUIs can potentially be

used in the future to enhance ultrasound examination. Since the registration GUI is

able to solve the image alignment problem of intra-operativeUS images, it may be

used to monitor the real-time motion of landmarks in the anatomy. The segmentation

and visualization GUI may also reduce the variability in US data interpretation by

providing the user with 3D graphical volumes of the anatomy that are updated in
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Figure 1.3: Software design for enhanced ultrasound examination.

real time during actual US scanning.

1.4 Thesis Objectives

The objective of this thesis has been to develop a validation framework to evaluate

elastic US registration algorithms. This thesis aims to:

� Develop a generic validation framework to extensively test elastic 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 registration method

[24, 25], using the proposed validation framework. The algorithm's accuracy

and robustness will be tested on a large database of ultrasound images collected

from di�erent subjects.

� Design an e�cient GUI for viewing the registration of ultrasound images in real
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time. This interface can potentially be used to detect tissue motion caused by

breathing and patient movement, which in clinical practice, cannot be controlled

while the patient undergoes the imaging procedure.

� Develop a real-time segmentation and 3D interactive visualization interface by

adapting hardware and software components to optimize the presentation of

visual information during ultrasound scanning. It is expectedthat the addi-

tional information provided to the operator will ease the diagnosis 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 the performance

of ultrasound elastic registration algorithms. Validation metrics such as seg-

mentation and similarity measures were analyzed to determinetheir ability to

evaluate US elastic registration algorithms.

� Evaluated the ultrasound registration technique [24, 25, 26]using the proposed

validation framework on a large database of 2D and 3D US images captured

from ten subjects. A performance comparison between the temporal 3D US

algorithm [26] and an open source registration technique was conducted. A

B-splines registration algorithm was implemented using ITK for this purpose.

� Designed two graphical user interfaces for image registrationand segmentation.

The image registration interface was used to visualize the performance of the
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temporal registration algorithm which was used for validation experiments. The

segmentation interface was used to build 3D surface models of the anatomy

during ultrasound data acquisition.

1.6 Thesis Outline

The thesis is divided into six chapters that include a review ofmedical image regis-

tration, validation strategies, and interface design. The restof 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 techniquesin the literature. This

chapter also contains a detailed review of the elastic ultrasound registration technique

used for validation experiments.

Chapter 3 Validation Framework: provides an overview of current validation

techniques used for image processing algorithms. The proposed methodology to assess

the performance of elastic US registration algorithms is described.

Chapter 4 Validation Results: shows the experimental results on the valida-

tion of a temporal registration algorithm for 2D and 3D ultrasound 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 segmentation and

volume rendering. A detailed user manual for the registrationand segmentation

interfaces can be found in Appendix A and B of this thesis, respectively.

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

research.



Chapter 2

Background

This chapter introduces the technique of medical image registration and provides an

overview of popular techniques in the literature. The latersections' focus is on reg-

istration techniques for ultrasound images. A summary of the elastic US registration

algorithm employed in validation experiments is also provided.

2.1 Medical Image Registration

The process of image registration involves a �xed and a moving image. The �xed

image acts as the reference to which the moving image is deformed to align with the

�xed image. Important applications for image registration include video surveillance

[30], remote sensing [6], and medical diagnosis and treatment [7, 17, 55, 77]. The

focus of this thesis in particular is on medical image registration.

Registration methods may be classi�ed according to various criteria such as the

image modality, the image dimensionality, or the transformation 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 capturedat di�erent times from

either the same or di�erent imaging modality can be aligned together. Most of the

work in the literature has been focused on multi-modality registration of anatomical

images. A recent survey for intra-modality and inter-modality registration techniques

targeted for breast images is provided in [29]. Intra-modality registration enables

comparisons between images of the same modality, while the bene�ts of inter-modality

registration is the complementary information gained from using di�erent imaging

techniques such as MRI, PET, CT, and US. Each of these imaging modalities has its

advantages and disadvantages.

MRI is especially useful for obtaining high resolution images of tissues, glands, and

organs in the abdomen. However, it is relatively costly compared to other imaging

techniques. Patients with metal implants are also not suitableto undergo this type of

scanning. PET highlights functional processes and is often usedfor detecting tumors

and metabolic activities in the tissue. CT, produced by rotating X-ray beams, is

useful for the analysis of abdominal tissues, bone structures, and blood vessels. A

limitation of CT is that it does not provide good contrast of soft tissue as in MRI. Both

PET and CT require the use of contrast agents either injected into, or orally taken by

the patient to highlight speci�c areas in soft tissue. US, produced by high frequency

sound waves, is usually employed for scanning soft deformable tissues such as the

breast, heart, and liver. While US has a low signal-to-noise ratio (SNR) compared to

other imaging modalities, US is relatively safe (non-ionizing), inexpensive, and allows

for fast image acquisition. Nevertheless, the ultrasound SNR can usually be improved

by choosing a higher scanning frequency. Image �ltering is another method to further
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Figure 2.1: Ultrasound data collection of (a) 2D Image, (b) 3D Image, and (c) 4D
(serial 3D) Image of the liver.

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

2.1.2 Image Dimensionality

Image matching can be performed in any dimension. Registration can be performed

on images of di�erent dimensions such as 2D-2D, 2D-3D and 3D-3D. The introduction

of time adds an additional dimension; for example, a time series of 3D images is also

known as a 4D image (as shown in Figure 2.1). In 4D imaging, the image frame is

kept at a �xed position to observe changes in the anatomy in time. Registration of

sequential images captured over time (also known astemporal registration) may be

useful for intra-operative radiotherapy [27] as well as for monitoring medical condi-

tions such as morphological changes in the brain [68] over thespan of several months

or years.
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2.1.3 Transformations

One of the major challenges of image registration is �nding the correct transformation

to obtain structural correspondence between images. Transformation of the moving

image into the �xed image can be divided into three categories of rigid, a�ne, and

elastic. Rigid registration usually involves 6 parameters (translation and rotation for

each of x, y, and z directions). In addition to these, a�ne transformations also include

parameters for scaling and shearing. Elastic transformation, on the other hand, is

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

2.2 Overview of Registration Techniques

Registration techniques in the literature can be broadly classi�ed into intensity-based,

and feature-basedimage matching methods. The intensity-based approach �nds the

transformation by maximizing the similarity between images using similarity met-

rics. Feature-based registration locates corresponding landmarks between images by

extracting anatomical features based on characteristics suchas the edges, lines or

points. The overall transformation �eld is formed from these feature landmarks.

This section provides a review of intensity-based and feature-based registration

methods. Comprehensive surveys on these techniques have been presented by Guoet

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

2.2.1 Intensity-based Registration

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

tics of the image. This type of registration often consists of three main components,
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as shown in Figure 1.1. The target moving image �rst undergoestransformation using

initialized transformation parameters. The amount ofalignment between the refer-

ence and transformed target image is calculated (using similarity metrics). An ideal

similarity metric behaves such that it is at its maximum value at the desired image

alignment, and it is robust to noise in the images. Therefore, selection of an appro-

priate similarity metric is a crucial component, which signi�cantly contributes to the

success of registration. An optimization strategy is used to keep track of changes to

the transformation parameters to maximize the similarity between the two images.

This is an iterative process, which continues until parameters converge and the result-

ing registered image is obtained. Obviously, the convergenceof the optimizer heavily

depends on the behavior of the similarity metric based on the type 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 the behavior of the similarity

metric is known, the optimization scheme can be chosen accordingly. The assumption

is that if a good similarity measure is used, the optimization strategy 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 include: 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 have

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

SSD =
X

(X (i ) � Y(i ))2; (2.1)

whereX (i ) and Y(i ) represent pixel intensity values at the same coordinate location

in imagesX and Y. SSD is a popular similarity metric used to judge image alignment.

However SSD is sensitive to intensity variations such as noise in images. Therefore,

it is mostly used to register images of the same modality [7, 41]. The SSD metric

has been used successfully in the past for non-rigid registration of cardiac US images

[10, 43].

Mutual Information (MI) originates from information theory to determine

how much uncertainty in X is decreased whenY is known. Two images are aligned

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

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

The uncertainty, de�ned as entropyH , is measured using intensity histograms. Min-

imizing the joint entropy, H (X; Y ), between imagesX and Y will maximize mutual

information. A comprehensive review of mutual information based registration tech-

niques can be found in a survey presented by Pluimet al. [56]. The use of the MI

measure for US images was �rst proposed by Meyeret al. [51] who registered US

breast volumes using both a�ne and elastic transformations. Krucker 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 deformations between
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1:01mm were reduced to 0:30mm.

Normalized Mutual Information (NMI) was introduced by Studholmeet al.

[72] to alleviate the sensitivity problem of the MI measure to the size and the content

of image overlap [56]. This metric is de�ned as

NMI =
H (X ) + H (Y)

H (X; Y )
; (2.3)

The NMI metric has previously been used for rigid registration of3D US images of

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

Normalized Cross Correlation (NCC) is de�ned as

NCC =

P
(i;j )(X (i; j ) � �X )(Y(i; j ) � �Y)

q P
(i;j )(X (i; j ) � �X )2

P
(i;j )(Y(i; j ) � �Y)2

; (2.4)

where �X and �Y are the mean values of the images. This metric is especially popular

for registration of US images. One of the �rst attempts to use this measure for US

registration was by Rohling et al. [61] who used a correlation-based approach to

rigidly register human gall bladder US images with accurate results. NCC has also

been used to track speckle patterns to estimate the strain motionin musculoskeletal

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

Most feature-based registration techniques involve four mainsteps, as shown in Figure

2.2: feature detection, feature matching, transform model estimation, and transforma-

tion. Detection and matching steps identify the correspondence between the �xed

(original image) and the moving image (dynamic image), while transform estimation

uses the corresponding points to calculate the necessary mapping function 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 images such as edges, lines,

or points, and execute the registration based on these correspondences. Landmarks

can be chosen from anatomical features (intrinsic) or from markers attached to the

subject (extrinsic). Intrinsic methods are more favorable since extrinsic methods are

invasive, and are usually less accurate on regions with large deformations such as the

abdomen. For feature-based registration using anatomical landmarks, features can

be identi�ed interactively by the operator, or automatically by the algorithm. These

landmarks form a sparse matching criteria compared to the whole image content (as

used for intensity-based methods). Therefore, optimization offeature-based methods

can be relatively faster than intensity-based methods.

Feature-based registration algorithms usually require priorsegmentation or user

pre-de�ned landmarks. These techniques are mainly used for multi-modal image

registration. Manually selected lines and planes can be segmented to act as control

points in registering 3D US images using a�ne transformation [52].

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

MR images using a 3D region growing segmentation algorithm. The MR images and
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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 then by an automated

cross-correlation search to re�ne the results. From phantom experiments, the authors

reported the average displacement error to be within the order of 2 mm.

Shenet al. [67] proposed a to use a hierarchical attribute matching mechanism for

elastic registration (HAMMER) of MR images of the brain. The images were �rst pre-

segmented into its respective tissue types. Attribute vectors, which contain elements

of intensity, and Geometric Moment Invariants (GMI), were calculated for each voxel

and used to match a moving image to a �xed image. An average registration error of

1 mm from simulation experiments was reported.

Since the pre-segmentation step of feature-based registrationalgorithms 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, Shen et al. also proposed a

variation to the original HAMMER technique to include edge information 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 approaches have their strengths

and weaknesses. Feature-based methods are less computationallyexpensive than

intensity-based algorithms since the former operates on a smaller number of points.

Also, feature-based methods are more reliable in converging tothe correct solution

over a wider range of initial conditions [49]. While intensity-based algorithms have

shown better accuracy [49], computation time for these techniques is ine�cient since

it often takes many iterations to converge to an optimum solution. For these reasons,

hybrid registration algorithms were developed to overcome the problems encountered

in feature-based and intensity-based techniques [4, 11, 54, 76].

In hybrid registration, the anatomical landmarks are registered using feature-

based methods, while the moving image is globally aligned to the �xed image using

intensity-based techniques. Some hybrid registration algorithms require the user to

manually select corresponding landmarks in the images to formthe initial registration.

Afterward, intensity-based registration is used to further re�ne the alignment between

the images [4, 54].

Since user chosen landmarks may be subjective and prone to errorfrom manual

selection, automatic landmark extraction methods can be more bene�cial for clinical

applications. Such an algorithm was proposed by Wanget al. [76] for registering

2D CT abdominal images. The authors used an intensity-based a�neregistration

technique which maximized the MI metric to correct for global displacements. Af-

terward, an automatic elastic landmark-based registration technique was applied to

align local features between the images. The authors found this technique to have

visually acceptable results.
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Instead of applying feature-based and intensity-based registration separately, Kim

et al. [40] used a Bayesian approach consisting of a likelihood model tominimize the

distance between features and maximize intensity correlation at the same time. Using

this method, the authors found a signi�cant improvement in the registration error for

aligning MR images of the brain. Registration errors were improved from 5mm using

either feature-based or intensity-based techniques to withinthe order of 3mm using

the hybrid approach.

2.3 Registration of US Images

This section provides a literature review on the current rigid, non-rigid, and temporal

registration techniques. A detailed overview of the temporalregistration algorithm

used for validation experiments is also provided.

2.3.1 Rigid US Registration

Most rigid US registration techniques use intensity-based matching techniques to

perform global alignment of images. One of the �rst ultrasound volume registration

methods was proposed by Rohlinget al. [61]. In this approach, intensity-based

image matching was performed using cross-correlation. Six volumetric images of the

gall bladder were spatially compounded after they were aligned by rigid registration.

The registration method helped to minimize the global alignment errors caused by

patient-movement.

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

was used as a voxel similarity metric. The initial registrationis conducted based on
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user de�ned landmarks, and the image alignment was re�ned usingvoxel similarity.

This investigation demonstrated the potential of mutual information to be used for

ultrasound-based registration.

Besides US-US based registration techniques, rigid registration has also 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 using a

combination of intensity and gradient information from the images. A US image was

simulated based on MR intensity and gradient information. Correlation ratio (CR)

was then used to form image alignment between the US image and the simulated

US image. The authors found that this technique was robust in the 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 registration of intraoperative

US volumes to pre-operative MR images. The authors concluded that when no brain

deformation occurs, alignment accuracies were within 0:5 mm.

Besides neurosurgery, registration of US to MR/CT images has alsobeen incorpo-

rated for applications in the liver. A system for thermal ablation of liver metastases

was proposed by Penneyet al. [55]. An optical tracking system was used to measure

the spatial correspondence between ultrasound slices. Featuressuch as the inferior

vena cava, hepatic veins, and portal veins, and the liver surface were extracted from

the MR image to obtain landmark correspondences between US andMR images.

Registration between the set of intra-operative tracked US images to 3D CT or MR

volumes was achieved using a modi�ed iterative closest point algorithm. To alleviate

the problem of liver motion, ultrasound slices were acquired at maximum exhalation.
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The mean target registration error was in the order of 10mm, 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 applications where tis-

sue deformations caused by breathing and heartbeat do not occur. In situations that

require monitoring of anatomies in the abdominal region, such as the liver, rigid

techniques are unable to compensate for the elastic tissue deformations. In such ap-

plications, non-rigid registration is necessary to perform structural alignment between

images. An overview of non-rigid US registration methods will bedescribed 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 anatomical 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 bene�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 correct for deformations

of tumors and their surrounding tissue. Data captured from fourpatients were used

in registration experiments to compare two deformable models, namely a B-splines

method and an optical 
ow method. The B-splines method achieved the best overall

performance in this study. It was also shown that non-rigid registration techniques

are able to increase the overlap of anatomical features from 85% (using non-rigid

registration) to 93%.
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Similar to the technique used in [59], Arbelet al. [3] built pseudoUS images

from segmented MR images of the brain. These pseudo images were used to perform

non-rigid registration between pre-operative MR data to intra-operative US images.

The cross-correlation metric was used to measure image alignment. Qualitative ex-

amination of the results showed that the algorithm was able to correct for non-linear

brain deformations.

Non-rigid registration of US to MR/CT images has also been evaluated on images

of the liver. Lange et al. [42] segmented the portal veins manually from MR/CT

images of the liver using a region growing technique. The Iterative 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 deformation was applied

to correct for the local misalignment between the images. While the actual run-

time of the B-spline registration algorithm is in the order of 2to 3 minutes, the

whole registration process including segmentation and pre-registration takes from 10

to 15 minutes. The root mean square error of target registrationfor this technique is

reported to be approximately 3� 5 mm.

While multi-modal registration techniques involving US as one of the imaging

modalities have been reported to assist image-guided surgery, relatively few inves-

tigations for non-rigid US-US registration have been reportedin the literature [66].

Initial studies on elastic US-US registration have been performed for 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 warped using a thin-plate

spline transformation. Simulation experiments, where synthetic US breast images
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were arti�cially deformed between 1.5 and 2mm, resulted in registration errors in the

order of 0:3 mm.

Xiao et al. [80] performed 3D US registration of breast images by using a block-

based correlation scheme and local correlation-based intensity statistics to measure

the local tissue deformation. The �nal deformation �eld is obtained by �tting a B-

spline mesh to the sample displacement �eld. While the authors have reported mean

registration error of 0:16mm, the initial deformations of the images were not speci�ed.

Most of the registration techniques previously mentioned arestatic registration

techniques, meaning that registration is performed between the �xed and moving

image one at a time. These methods are often more computationally expensive,

especially if an application requires a set of serial images to be registered to a �xed

image. In the next section, temporal based registration techniques, which may solve

these problems, will be discussed.

2.3.3 Temporal US Registration

Registration of images of the same scene captured at di�erent time periods is also

known astemporal registration [43]. Temporal registration is a fundamental process

that has been used to monitor changes in the anatomy over time.These registration

techniques often use prior information from the previously registered image to register

the next image in a sequence. The advantages of temporal registration over static

registration is that image alignment is more robust to local minima and noise, and

therefore, estimations of anatomical movement are more accurate [68].

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

term (e.g., for measuring volume changes in the brain over a period of several years
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[68]) or in real time (e.g., for tracking of landmarks in surgery). Due to the rapid

image capturing capabilities of ultrasound, US temporal registration can be used

e�ectively for real-time applications such as in cardiac motion tracking [13, 43, 66].

Cardiac motion analysis is a popular application of temporalregistration tech-

niques. 2D US images are used to estimate the motion of the heart ona frame-by-

frame basis. One technique to track the displacement of sequential US images is to

use an SSD similarity metric to perform image alignment and to model the resulting

deformation �eld using B-splines [10]. It has previously been demonstrated that tem-

poral registration is able to accurately estimate the motion of the heart to within 5%

of its maximum displacement [43]. Cardiac motion analysis hasalso been conducted

using 3D US images. These methods temporally align sequences of 3Dimages and

then use spatial registration, such as mutual information based approaches [66], to

rectify the deformations caused by the pressure applied on the USprobe.

Ultrasound speckle tracking is another method used to quantify tissue motion.

One such method is to use cross correlation-based measures to track speckle patterns

in US images for measuring cardiac strain rates [14]. Speckle tracking methods have

also been used as an alternative to elastography to quantify thestrain in muscle

tendons [57].

Another temporal registration approach usesattribute vectors to �nd point cor-

respondences between image sequences. These points are trackedfor frame-to-frame

registration [26]. This method has been employed for registering US images of the

liver. Since this registration algorithm has been used to test our validation framework,

a comprehensive review of this registration technique is provided next.
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A. Attribute Vector-based Registration The attribute vector based temporal

registration algorithm proposed by Foroughiet al. [26] makes use of feature informa-

tion that is extracted from an image to register the next imagein the sequence. Voxel

intensities and the edges of important features are comparedin order to automatically

locate and match corresponding points between the �xed imageand moving images.

Feature point information from the �xed and previous movingimage is used for the

registration of consecutive moving images. The displacements of corresponding points

are interpolated using a Gaussian function to deform the movingimage into the �xed

image.

The temporal registration technique is brie
y summarized in Figure 2.3. In this

section, we describe the technique for the registration of sequential 3D US volumes.

The technique for the registration of 2D US images is very similar, where calculations

are required only for the x and y dimensions. In the preprocessingstage, all images

are �ltered to reduce intensity di�erences caused by changingspeckle patterns be-

tween ultrasound images. Features are automatically selectedusing a weighted sum

of Attribute Vectors (AVs) calculated for each voxel in an image. An energy function

is minimized to locate corresponding features between the �xed and moving images.

Feature information from the �xed and previous moving volumes are utilized to fa-

cilitate the detection and registration of leading points (LPs) on subsequent moving

volumes in a sequence of images. The LPs are used to warp the �xed volume into the

�nal registered volume. More details of the algorithm are provided next.

A.1 Preprocessing and Attribute Vector-based Feature Sele ction Each

moving image is passed through a Gaussian �lter to reduce the e�ects of 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, moving, and registered
ultrasound volumes of the liver. Corresponding points between the �xed and
moving ultrasound volumes are found by comparing attributevectors. Leading
points are tracked by the algorithm to reduce the search space per registration
of a volume in a sequence.

from the HAMMER technique [70], are calculated for each voxel to locate key features

in an image. The combination ofpixel intensity, magnitude of gradientand Laplacian

of Gaussian(LOG) as elements of the attribute vector works well for distinguishing

features along vessels and boundaries in the ultrasound images[25]. Feature points,

referred to asleading points, are selected using animportance function based on the

weighted sum of elements of the attribute vector:

Im (P) =
nX

i =1

(wi � j ei (P)j); (2.5)

where w is the weight assigned for thei th element of the attribute vector, ei (P) is

the i th 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 between -0.5 and 0.5. The

other two elements, i.e., pixel intensity and magnitude of gradient, are normalized to

a value between zero and one (see [26] for details). Points withan importance above
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a certain threshold are chosen as LPs. These LPs are processed in descending order

based on the value of their importance from Equation (2.5). Once an LP is selected,

the importance value of points surrounding that LP is set to zero so that no more

LPs within a certain radius of it is chosen. This technique decreases the number of

LPs selected, while distributing points more evenly around image features. In the

current implementation, point overlap is not taken into account.

The leading points from the �xed and previous moving images are tracked by the

algorithm, which reduces computational requirements for the registration of the next

moving image. The step of feature tracking forms the main di�erentiation between the

4D [26] and static-3D [25] algorithms for deformable ultrasound registration. After

the preprocessing stage, three sets of attribute vectors from the �xed, 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 displacement of other points is

estimated from the leading points. This technique speeds the process by reducing the

number of computations. To decrease the number of excess leading points, all points

with an importance function below anLP threshold are eliminated. Also, once a

leading point has been selected, no more points within a certain radius (referred to as

the LP radius) of that point are chosen. Figure 2.4 shows examples of leadingpoints

located on images of liver and carotid artery. These points are tracked throughout

the sequence of images and are used for the warping process. Figure 2.5 shows

the tracking process for one leading point during temporal registration. LP 0 is a

leading point in the �xed image. LP 1 to LP t depict the location of the corresponding

points found in the previous images and the current moving image. 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 location of the search area

in the current image in order to �nd the corresponding featurepoint. Since the

motion between consecutive image frames in ultrasound imagesof the carotid and

liver is relatively slow, the small search area that can be used to�nd the feature

correspondence increases the registration speed. However, the search radius must be

chosen carefully. If the search radius is too small and there is alarge deformation

of the anatomy, points may not be mapped correctly between the �xed and moving

image, which leads to misregistration. No robust �ltering technique such as Kalman

�ltering was used in the current implementation to estimate the trajectory of the

leading points over the image sequence; however, such �ltering technique might be

necessary when dealing with images of the heart. Points located on features that move

out of the imaged plane in the sequence are removed from the continually updating

index list of leading point locations.

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

moving image are stored in memory before the next moving imageis registered. 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 energy function is calculated

within a search area around the location of the leading point (Figure 2.5). A limited

search area o�ers the advantage of reduced computational time, although an adequate

range must be chosen to ensure that points will be robustly matched. The size of this

search area is dependent on the amount of deformation from thetype of anatomy to

be imaged. The energy function for pointP t within the search area of the current

moving image is calculated as:

En(P t ) =
P

i c(i )(1 � Sim(P t (i ); LP 0(i )))
2

P
i c(i )

+
P

i c(i )(1 � Sim(P t (i ); LP t � 1(i )))
2

P
i c(i )

;

(2.6)

wherec(i ) is a Gaussian weight function maximized at the center of a circular search
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area. LP 0(i ) represents the leading point in the �xed image,LP t � 1(i ) is the corre-

sponding point found from the previous moving image, andi = 1; :::; n. Minimizing

the above function relates toP t as the most probable match. The energy function

maps each leading point in the �xed image to a point in the moving image. While

leading points are spaced apart on an image using an LP radius, the registration

algorithm does not ensure that points in the �xed image is mapped to points in the

moving image in a one-to-one manner.

Sim(P1; P2) describes the similarity between the pointsP1 from the �xed image

and the points P2 from the moving image, and is calculated as:

Sim(P1; P2) =
nY

i =1

(1� j ei (P1) � ei (P2) j)wi ; (2.7)

whereei (P) is the i th element of the attribute vector assigned to pointP. The weight,

wi , determines the contribution of thei th element in the attribute vector. When wi

is set to a value of one, there is equal contribution for all attribute vector elements.

In the current implementation, the weight of gradient element has a value of two, and

all other elements use a value of one. The functionSim(P1; P2) 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 resemble the �xed image.

Only the leading points are used to calculate the main displacement �eld. In the

previous section, it was shown that the temporal registration technique selects leading

points which are non-uniformly distributed along the anatomical features found in

ultrasound images. Therefore, spline-based warping techniques, which require evenly
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distributed control points are not employed in this registration method. Instead, the

displacement of the points,pi , in the moving image is estimated with the Gaussian

function

Disp(pi ) =
P m

i =1 f pi (di )G(di )Disp(l i )P m
i =1 f pi (di )

; (2.8)

wherel i s are the leading points,m is the number of LPs, anddi is the distance from

point pi to the leading point l i . The relationship f pi (di ) = 1
d2

i + " , where " is a small

positive number, distributes heavier weight for leading points closer to point pi , and

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

G(di ) =
1

2�� 2
exp� di

2� 2 (2.9)

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

The temporal registration method does not recover the reversetransformation of

warped images since the algorithm focuses on the problem of real-time registration of

sequential US images. While it is possible to calculate the reversetransformation for

the registration of each moving image in a sequence, this method requires additional

computational requirements, which may further increase registration time.

2.4 Open Source Registration Algorithms

The Insight Segmentation and Registration Toolkit(ITK ) [53], sponsored by the Na-

tional Library of Medicine, provides open source software forregistration of high di-

mensional medical images. The registration algorithms provided by this open-source

system may be used by the community to compare the precision, accuracy, and e�-

ciency of new algorithms [81].
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ITK contains several elastic deformable registration techniques including an intensity-

based algorithm using B-splines as the transformation model. This method is an im-

plementation of the technique by Rueckertet 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 and aregular

grid of forces deform an image by pushing the contours in the normal direction. Since

these registration techniques are open source, they can often be used as benchmarks

to evaluate new methods.

2.5 Summary

This chapter started with an introduction to medical image registration and provided

an overview of the common registration techniques published in the literature. This

was followed with a summary of intensity-based, feature-based,and hybrid registra-

tion techniques. A literature overview of US registration algorithms, which include

rigid, non-rigid, and temporal methods was provided. The US temporal registration

algorithm, used in our validation experiments, was described.In the next chapter, the

proposed validation framework to evaluate the performance of 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 embedded tools such

as registration and segmentation processes. To acquire the overall system perfor-

mance, each image processing method must be validated separately since individual

processing techniques directly impact the overall system performance.

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 with the technical per-

formance as well as the social value of such imaging systems. The levels 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 processing algorithms, while

the rest of the levels in the hierarchical model are more speci�c to the evaluation of

the whole diagnostic system. The technical e�cacy of image processing techniques

can be assessed through simulation studies while the diagnostic accuracy e�cacy may

be evaluated based on experiments using clinical data.

Since many medical imaging techniques have been proposed in the literature,

very often, several approaches are possible to solve the same problem. In the past,

quantitative validation studies were often omitted from publications, which created

di�culties to compare di�erent image processing techniques for a certain application.

While development of new medical image processing algorithmshas previously been

the main topic of research, little work had been focused on the validation of these

techniques [39]. Insight into this problem has led to the conclusion that standardized

guidelines should exist [9].

Innovations in the establishment of methodologies to validate medical image pro-

cessing methods began in recent years [9, 37, 38, 81]. These studies have aimed toward

forming standardized guidelines to report the performance of newly proposed image

processing techniques. One of the earliest validation frameworks proposed for medical

image processing algorithms was outlined by Buvatet al. [9]. A generic evaluation

model (GEM) was developed which consisted of six core components described as

follows:

� Method: The image processing algorithm used in the validation study.

� Task: The application for which a method is used. An example of a task

in image segmentation would be to analyze the size and shape of anatomical

regions in medical images.
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� Abstract aim (validation objective): The goal of an image processing method.

Using the previous image segmentation example, an objective could be to ac-

curately extract the anatomical landmarks from medical images.

� Hypothesis: The expected outcome of an image processing methodology which

can be de�ned from the clinical context of previous image processing techniques.

Using the previous example, the image segmentation algorithm may be expected

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

� Input Data: The type of images on which a method operates. The input data

can be de�ned based on the data type, and the number of samples used. Exam-

ples of di�erent data types could be those obtained from simulations (in-silico),

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

� Reference: The benchmark that is determined by the type of input data used in

experiments. The reference is used to analyze the actual results from an image

processing algorithm.

� Quality indices: The metrics used to evaluate the output data in order to verify

the hypothesis. Quality indices are not limited to numerical measures but can

also include evaluation metrics based on human judgment.

Jannin et al. [37, 38] later re�ned the GEM with more detailed requirements and

additional components. The model of the process is illustratedin 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 validation objective. The

inputs to the model areparametersand validation data sets. Input parameters, which

in
uence the image processing method (i.e., anatomical structures of di�erent shapes
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Figure 3.1: Model for reference-based validation of medicalimage processing algo-
rithms [38].

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

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

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

result.

Since di�erent applications have their own unique set of requirements, speci�c

characteristics of the generic validation procedures need to be de�ned for a distinct

type of image processing method. In the next section, an overview of the current

methodologies used to validate registration algorithms is provided. This will lead

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

3.2 Validation of Registration Algorithms

Most validation studies compare image registration results to areference which can

either be de�ned as the geometrical transformation which correctly maps points in

the moving image to corresponding points in the �xed image, orcan be described

using prior clinical knowledge of the anatomy. A gold standardcan be formed using
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simulated data sets. In clinical data sets, we may use clinically valid anatomical struc-

tures to compare registration results. The reference formed from clinical assumptions

forms abronze standard.

Four types of data sets, which support absolute ground truth to lack 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 simulated data sets

obtained by applying numerical deformations to an image, realistically simulated

data sets using deformations from real images, phantom data sets,and clinical data

sets. Using these input data, registration algorithms can be assessed based 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]. Visual inspection is

the �rst step to validate new data, of which we do not have prior information

[20]. Qualitative assessment can be done on clinically signi�cant landmarks

[41], di�erence images [20], or on the average image from a setof sequentially

registered images [32].

� Accuracy: Registration accuracy can be found by comparing the results tothe

actual known transformation (i.e., ground truth). To obtain a ground truth,

images can be deformed using a uniform grid [41], or realistically deformed using

tissue dynamics [64]. Accuracy may also be measured by segmenting anatomical

features and �nding the regional overlap after registration[19, 60, 63].

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

ence of disruptive factors such as di�erent starting parameterestimates, the
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addition of noise, or other inhomogeneity to the images. To measure registra-

tion robustness on US images, authors have evaluated the e�ect ofelectronics

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 between two images.

There are two commonly used methods to assess algorithm consistency. One

method to measure this is to determine the similarity between the forward and

reverse transformations (also known asinvertibility [16]). Invertibility measure-

ments may not be suitable for non-rigid registration techniques since most of

them are unidirectional [64], meaning that the forward and reverse transforma-

tions are found independently. Another method is to use three images, images,

A, B, and C, where registration from A to C should give a similar result as the

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

� Functional complexity and computation time: Studies to assess the e�ect

of parameters of registration and computational time requirements is essential

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

3.2.1 Validation of Rigid Registration Algorithms

Validation methods for rigid registration algorithms have been analyzed extensively

in the literature. These methods measure the displacement error for landmarks using

a known ground truth [23, 34, 35]. The accuracy of rigid registration algorithms

can be measured by evaluating�ducial registration error (FRE) as well as target

registration error (TRE) [23]. Although FRE, the displacement error for points used

in registration, has been employed as a performance measurement, TRE, representing
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the error displacement of points not used for registration, provides 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 their own rigid registra-

tions on standard data sets from the Vanderbilt Database, and sends their results

back for internal analysis. Registration accuracy was determined by comparing the

resulting transformations to a gold standard transformation. Participation by many

authors in the RIRE project have enabled the comparison of many di�erent rigid

registration techniques.

3.2.2 Validation of Non-Rigid Registration Algorithms

Determining the accuracy of non-rigid registration techniques can be di�cult because

the ground truth, used to compare the registration performance, is often not avail-

able. Currently, there is no standard methodology to validate 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 to previous tech-

niques in the literature.

� Limits the establishment of quantitative analysis of a method since recognized

quantitative 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]. Recently, Christensen et al.

[15] began the development of theNon-rigid Image Registration Evaluation Project

(NIREP) to establish a set of standardized benchmarks and metrics for performance

evaluation of non-rigid registration algorithms for MR images of the brain. In this

framework, users register standardized data sets independently and use the NIREP

software for the analysis of the results. Current NIREP quality index metrics include

regional overlap, intensity variance, inverse consistency, and transitivity (we refer the

reader to [15] for details).

Since a vast majority of published registration algorithms in the literature are

for MR images of the brain, evaluation guidelines have only been used for this type

of images. Since US images have di�erent properties compared with MRI, modi�ed

validation metrics for US registration techniques need to be devised. To the best

of our knowledge, there have been no validation guidelines published for ultrasound

elastic registration. In the next section, we proposed a framework for validation of

elastic US registration algorithms.

3.3 Proposed Validation Framework for Non-rigid

US Registration

A novel validation framework for elastic US registration algorithms is designed. This

framework incorporates the generic validation criteria for image processing algorithms

[9, 28, 38] into a speci�c guideline to validate US non-rigid registration algorithms.

In this model, the clinical objective is to evaluate the accuracy, and robustness (with
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respect to various image misalignment) of a US-US elastic registration algorithm for

the task of intra-operative image guidance.

The proposed framework consists of two levels of assessment [28] to measure both

the expected accuracy and clinical e�cacy of a non-rigid US registration algorithm.

The 
owchart of the proposed methodology is illustrated in Figure 1.2. An algorithm

is tested using three types of validation data sets realizing a gold standard, bronze

standard, and those data without ground truth (e.g., clinicalimages). In simula-

tion and clinical experiments, the analyzed input parameters are the di�erent image

misalignment between the �xed and moving images. For each typeof data set, a

speci�c validation reference is generated, which includes gold standard deformation

matrices, bronze standard clinically valid landmarks, and image alignment calculated

from similarity measures. These techniques will be discussed in more detail in Section

3.3.2.

3.3.1 Validation Database

A large database of US anatomical images consisting of the carotid artery, and the

liver were used in the validation framework. The goal is to testa registration algo-

rithm on di�erent anatomical data sets, which exhibit variousforms of deformation.

The carotid artery located in the neck is responsible for supplying the head with oxy-

genated blood. In US images of the carotid artery, the majority of deformations occur

from the pressure applied to the US probe, and the patient's heartbeat, which cause

anatomical shifts and arterial pulsations, respectively. Registration of carotid artery

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

on the US probe [46]. Since ultrasound imaging provides real-time cross-sectional
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views of the arterial wall, the spatial distribution of atherosclerotic plaque can also

be assessed during carotid artery examination.

In US images of the liver, deformations are mainly caused by patient breathing,

which can create large local deformations of anatomical landmarks in these images.

Image registration can improve the accuracy of radiotherapytreatment in the liver

by aligning the preoperative plan to intra-operative images in order to compensate

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

Data Acquisition

A GE Voluson 730 Expert machine was used to capture all of our US images in the

clinical database. We collected images of the carotid arteryand liver from 10 healthy

subjects. For each subject, two sets of images were collected. The �rst set of data

were 2D images of the carotid artery and the liver while the second set of data were

3D images of the same anatomies.

Each data set contained one sequence of carotid, and one sequence of liver im-

ages. Data collection was conducted under approval by the university Research Ethics

Board. To preserve the privacy of individuals, the collected images were saved onto

a secure server under anonymous subject codes. While the US data isaccessible to

researchers in the Medical Image Analysis Laboratory at Queen's University, these

images are currently not available to the public due to con�dentiality agreements.

Three di�erent ultrasound transducers were used for image acquisition (refer to

Figure 3.2). ASP10-16linear array transducer, with bandwidth from 4:5 to 16:5MHz

and maximum �eld depth of 3:4 cm, was used to capture 2D carotid US images.

Three dimensional carotid volumes were captured using aRSP5-12transducer 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 three transducers that
were used for data acquisition [31].

bandwidth of 3:5 to 15:5MHz and maximum �eld depth of 7:9cm. For capturing 2D

and 3D US images of the liver, the RAB4-8P transducer was used. This transducer

has a bandwidth of 2:0 to 7:0 MHz and a maximum �eld depth of 22cm. More

details on the transducer speci�cations are provided in the Voluson 730 transducer

guide [31].

2D US Images

The �eld of depth used for capturing 2D images of the carotid artery and for the liver

images was 3:0cm and 18:2cm, respectively. The resulting average initial deformation

in the carotid artery image sequence was 0:27mm to a maximum of 0:82mm and, for

the liver image sequence, it was 1:9 mm to a maximum of 5:8 mm. Each 2D image

sequence collected from a subject contained 50 images. A total of 500 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 ata depth of 2:6 cm

and 16:9 cm, respectively. For each subject, sequences between 45 to 65 ultrasound

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 determines the width (YZ

plane, or the elevation plane as shown in Figure 3.3) of each captured 3D volume.

Increasing the width of the angle decreases the image capture rate. A total of 567

volumes of the liver and 450 volumes of the carotid artery were captured for the

3D data set. Images of the carotid artery had a scale factor of 0:2 mm=voxel and

for the liver was 0:7 mm=voxel for dimensionsx, y, and z. The image scale factors

were determined by the software in the GE machine. (Please refer to Appendix

E for additional information on how image scale factors are obtained). The mean

deformation of carotid images ranged from 0:4mm to a maximum of 1:2mm and for

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

2D and 3D deformation �elds were extracted via the vectors calculated from a feature-

based registration technique [24] on 2D and 3D clinical imagesof the liver. For each

series of liver images in the database, one displacement vectorwas chosen at maximum

deformation and used to create a sequence of simulated images; a gold standard

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

from zero to maximum to produce a series of gradually deforming vectors. These

deformation matrices were used to deform the original point locations in �xed images

of the liver to generate 20 sequences of 2D and 3D simulated images. The change in

speckle pattern due to tissue deformation is not considered in the current simulation

technique. An example of one deformation �eld applied to a 2D image is shown in

Figure 3.4. The deformation �elds were extracted from the registration of clinical US

images instead of from images of another modality due to variations between the �eld

of view and image capture rate for di�erent imaging modalities.

Ten 2D displacement matrices with an average displacement of 3:44mm were ap-

plied to 2D US images and ten 3D displacement matrices with an average deformation

of 10:05mm were applied to 3D US volumes of the liver. Hence, a total of 130 sim-

ulated 2D US images, and 120 simulated 3D US volumes were created for validation

experiments.

3.3.2 Validation Criteria

In our validation approach, three types of metrics were used to measure the perfor-

mance of US registration algorithms. The �rst two metrics use ground truth infor-

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

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

approach, respectively. In the gold standard approach, simulated US images were

used to measure the registration accuracy. In the bronze standard approach, US

images were segmented to �nd the overlap of anatomical features before and after

registration. A third category of metrics was used to evaluateclinical images by us-

ing similarity measures as well as visual assessment. These validation metrics, and

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

Gold Standard Approach

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

culate since the point-to-point correspondence between the �xed and moving images

is usually unknown. While the displacement of �ducial points that are used for the

registration process can be measured to determine the amount oferror, the results

may be biased toward the registration technique. To avoid thisproblem, experiments

were performed on image sequences with simulated deformations (described in Section

3.3.1) to measure the registration accuracy. In the simulated USimages, movement
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of the anatomy was modeled by the deformation �elds obtainedfrom the registration

of clinical data sets. A temporal registration technique [25] for US images was used to

estimate the deformation vectors. Rather than using purely simulated deformations

such as a�ne transforms which are not realistic, our approach allows for the arti�-

cial deformations produced to be closer to the actual deformations found in clinically

obtained US images.

Each sequence of arti�cially deformed moving images are registered to their re-

spective �xed image in the sequence. The resulting deformationvectors for the last

registered image in each sequence are compared to the gold standard. The di�erence

between the gold standard matrices and the calculated matrices from registration

provide an estimation of displacement error. Since the clinical objective of our vali-

dation framework is to evaluate US elastic registration algorithms for intra-operative

image guidance, our gold standard approach can been used to detect the accumulated

registration error over a sequence of image registrations.

Bronze Standard Approach

In the absence of a gold standard in clinical data sets, clinically valid landmarks can

be extracted from US images to form a bronze standard for validation. To determine

feature correspondence, regions of interest are segmented from images to obtain an

overlap measure [19, 60]. This method is valid as long as similar anatomical features

can be con�dently located in all images. Measurement of the local overlap of these

landmarks show the degree to which local alignment is improved after registration.

The local overlap ratio is the sum of intersecting area for the segmented regions

divided by the total union, that is de�ned as
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%R =
S \ T
S [ T

� 100; (3.1)

where S is the region in the �xed image, andT is the region in the moving or

registered image. A value of %R = 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 landmarksto measure reg-

istration error [41], this approach may be prone to errors from manual selection.

Manual segmentation is also di�cult due to speckle patterns andshadows found in

US images. Instead of segmenting regions of interest manually, a semi-automatic seg-

mentation method, suitable for the extraction of anatomicalfeatures in US images,

was adopted. TheInteracting Multiple Model Probabilistic Data Association Filter

(IMMPDAF ) [1] was used to segment the US images since this algorithm has a proven

aptitude to segment ultrasound images of closed cavities.

Vessels structures, such as the carotid artery, and the hepatic and portal veins in

the liver are clinically valid landmarks which can be segmented from US images to

visualize the local alignment of anatomical features after registration. An example

of the local overlap calculated for the segmented images of the carotid 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 not been segmented since

we have found that the features in these images can often move out of the image

plane. This causes some features in 2D US liver images to be inaccessible throughout

the whole image sequence.
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Figure 3.5: Evaluation of the feature overlap ratio before and after registration for
carotid artery images.

Clinical Approach in Absence of Ground Truth

Visual examination of image alignment is important to determine the registration

quality. This is usually one of the �rst methods used to evaluateregistration per-

formance in the absence of ground truth in validation data. Displacement of local

features can be visualized by applying the absolute di�erencebetween the �xed and

registered images. In the proposed validation technique, the consistency of a regis-

tration algorithm is measured qualitatively by visual comparison of averaged sets of

registered images. To quantitatively assess registration performance on clinical im-

ages, the similarity between the �xed and moving images beforeand after registration

can be calculated. While di�erent similarity metrics can be used for US images, two

measures have been chosen: MI and NCC. The de�nitions of these twometrics were

described in Chapter 2.2.1. While many other metrics exist in the literature, these
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two measures have been used due to the good results from our simulation experiments

(which is provided in Section 4.1.4), as well as from previous works in the literature

for both US image registration [41, 51] and validation [45, 82].

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

[0; 1],

Sim f inal (i ) =
Simorig (i ) � Simmin

Simmax � Simmin
(3.2)

whereSimorig is the original similarity value. Simmax and Simmin are the maxi-

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

3.4 Summary

This chapter contained an overview of the generic models usedto validate image pro-

cessing algorithms. Current techniques used in the literature for validating rigid and

non-rigid registration algorithms were described. The contribution of this chapter

was on the proposed validation framework for ultrasound elastic registration algo-

rithms. The framework consists of two levels of measurements to test the expected

accuracy and clinical e�cacy of new registration techniques.Validation strategies

include a gold standard approach using simulations to measure registration accuracy,

a bronze standard approach using segmentation of anatomical landmarks in images

to measure the anatomical overlap, as well as an approach in the absence of ground

truth using similarity metrics to quantify image alignment. In the next chapter, the

proposed framework is used to validate an elastic registration algorithm for 2D and

3D US images.



Chapter 4

Results

The proposed validation framework is used to conduct an extensive performance eval-

uation of a temporal elastic US-US registration algorithm proposed by Foroughiet

al. [26]. In the �rst level of assessment, the accuracy was determinedby comparing

the generated deformation matrices to gold standard matrices produced from simula-

tion. In the second level of assessment using clinical images, the overlap of clinically

signi�cant landmarks was determined, and the global image alignment was measured

using similarity metrics. Registration for all experiments were 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 registrationalgorithm is assessed

using images from the 2D US database which consists of 500 clinicalimages of the

carotid artery, as well as 500 clinical, and 130 simulated images of the liver. The fol-

lowing sections show the algorithm performance results based onthe three approaches

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

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

4.1.1 Simulation Results using Gold Standard

Ten sequences of simulated liver US images were generated using 10 gold standard

matrices. These images were registered using the temporal 2D registration algorithm

[24]. The resulting displacement matrices generated from theregistration algorithm

were compared to the gold standard. The mean displacement error resulting from

the 10 generated deformation matrices was 2.0 pixels (0:88mm) for an average dis-

placement of 8.0 pixels (3:44mm) before registration. The displacement correction,

calculated as the mean error after registration over the meaninitial displacement

before registration, was approximately 74%.

The registration times were recorded during the registrationof simulated images to

determine the computational requirements for a known amount of image deformation.

The algorithm achieved an average speed of 250 milliseconds (ms) per 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 the edges and boundaries

of anatomical features in US images. These edges and boundariesare detected as

landmark points for registration. In the bronze standard of validation, the overlap

of clinical features is measured. These clinical features mayor may not correspond

to the points that were used for the registration process. 500 images (10 sequences)

of the carotid artery were registered using the temporal 2D registration algorithm.
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Figure 4.1: Mean and maximum percentage overlap of features for carotidartery 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 the carotid artery: (a) �xed
image, (b) moving image, (c) registered image, (d) absolute intensity
di�erence between �xed and moving images, and (e) absolute intensity
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 the liver: (a) �xed image,
(b) moving image, (c) registered image, (d) absolute intensitydi�erence
between �xed and moving images, and (e) absolute intensity di�erence
between �xed and registered images.

The carotid artery was segmented from the �xed, moving, and registered images

to obtain the local overlap of the artery before and after registration. Figure 4.1

illustrates the feature overlap results from 10 sequence of images captured from the

10 subjects. Before registration, the overlap percentage ranged from 51% to 86%.

After registration, all images had an overlap of at least 91% or higher, 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 increase in the mean local

overlap of features after temporal 2D registration (p � 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 for the liver and carotid

artery data sets. The arrows and circles that are at the same coordinate positions

on each row of images demonstrate the displacement of the main features in images.

Figures 4.2(e) and 4.3(e) show the absolute di�erences that depict feature displace-

ment correction after registration. Once the moving image iswarped and features

become aligned with those in the �xed image, the di�erence images show that the

intensity of the main features diminishes. The global alignment of the clinical images

was determined by using similarity measures. The box charts in Figure 4.4 show the

MI and NCC measures, for 500 images of the carotid artery and 500 images of the

liver, before and after registration. These values have been normalized to the inter-

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

image alignment of 2D US images after temporal 2D registration(p � 0:01).

4.1.4 Discussion

In order to achieve successful registration, algorithm parameters must be tuned to op-

timize the performance. Details on the parameters used for the temporal registration

technique is provided next.

A. Registration Parameters

Choosing the optimal registration parameters is crucial for good registration perfor-

mance. The temporal 2D registration algorithm [24] automatically detects leading

points in images for registration. When a leading point (LP) is located in the �xed
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Figure 4.4: Box chart for the measure of similarity before and after registration. The
�rst row shows results from measurement of normalized cross correlation
and the second row shows results using mutual information for 2D ultra-
sound images of the carotid artery and liver.
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image, the next point chosen must be further than a certain distance from this point,

which is de�ned as the leading point radius (LP radius). To match an LP on the

�xed image with a point on the moving image, the algorithm searches within asearch

radius of the LP coordinate location in the moving image. The value of the search

radius heavily depends on the expected pixel deformation ofanatomical images.

To demonstrate the e�ect of the registration parameters on registration perfor-

mance, simulations were conducted to �nd the relationship between these parameters

on the registration time and displacement error. Figure 4.5 shows the relationship

between the LP radius, and search radius on registration time and registration error

averaged over 45 simulated images of the liver. An increase in the LP radius directly

decreases the algorithm run time due to a decrease in the numberof points used for

registration. However, fewer numbers of points used for registration causes the mean

error to increase. An LP radius of 5 pixels was a good compromise between time

requirements and registration error.

While a large search radius can decrease registration error, the time requirement

rises exponentially due to an increase in the search area and theresulting computa-

tions required to match feature points. A value of 6 pixels waschosen for the search

area where registration error is minimized, and the matchingtime required is also

reasonable (as shown in Figure 4.5(b)).

The �nal parameter values for liver images were chosen based onthe methods

described and, likewise, for carotid artery images. These parameters are documented

in Table 4.1.
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Figure 4.5: Plots showing the relationship between radius parameters,time and registra-
tion error using simulated images: (a) LP radius versus meandisplacement
error, average warping time as well as matching time; (b) search 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 images, some uncertainties

may exist. In our validation approach, these uncertainties are the amount of error

that occurs when performing segmentation of landmarks, or theunknown behaviour

of the similarity metrics on ultrasound images. In this section,we will analyze the

repeatability of the segmentation method used in the bronze standard approach and

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

B.1 Image Segmentation Errors from segmentation must also be taken into ac-

count when performing feature overlap experiments. The IMMPDAF segmentation

algorithm [1] is a semi-automatic segmentation approach which requires the user to

select a seed point at the center of the cavity to initiate the segmentation process.

To determine the repeatability of this segmentation technique, 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 the two trials. The

variations from choosing seed point locations, as well as the mean error for the 100

segmentations is provided. It was found that the standard deviation for seed point

selection is larger in the x direction than for the y directionfor both trials.

The mean overlap error and variations in seed point selection in the second trial

was smaller than in the �rst trial, which could have resulted from the operator's

experience in choosing the seed point after a number of segmentations. While the

experience of a user may contribute to some di�erences in performance evaluation

using this segmentation technique, the di�erence in the mean overlap error between

the two trials was small (around 0:5%). From this experiment, we expect errors in the
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order of 3 to 4% when using the IMMPDAF algorithm for segmentation of landmarks.

Table 4.2: The mean and standard deviation of the overlap error obtained from the
segmentation of two US carotid artery images which were segmented 50
times each using the IMMPDAF algorithm. The mean and standard de-
viation of the seed point locations in the x and y directions are provided.
All values are in pixels except for the overlap measure, which is 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 more common metrics

include those based on information theory (e.g., mutual information), statistical mea-

sures (e.g., normalized cross correlation), and di�erence-image measures (e.g., sum of

squared di�erence). Similarity measures behave di�erently depending on the imaging

modality. Unlike imaging modalities such as MRI and CT, which give clear intensity

distinction between tissue types, B-mode ultrasound images exhibit intensity varia-

tions caused by speckle and shadows produced by the backscattering of ultrasonic

waves from a tissue medium. An e�ective similarity metric for ultrasound images

should ideally be insensitive to such intensity variations. To determine the behavior

of similarity metrics in terms of ultrasonic properties, a simulation experiment was

performed using the similarity metrics of MI, NMI, NCC, and SSD. These metrics

have been used for US image registration in the past and were also introduced in

Chapter 2.2.1.

In the simulation experiment, we analyze the behaviour curves of the di�erent
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similarity metrics by plotting the similarity values of a sequence of 50 carotid artery

images with simulated deformations. US speckle patterns were also applied to the

simulated image sequence to observe the e�ect of increased speckle patterns on the

similarity measurements. Speckle patterns were simulated usingthe following model

[50]:

I (i; j ) = S(i; j ) 
 T(i; j ): (4.1)

whereS(i; j ) is the point spread function, T(i; j ) represents the model for ultrasonic

scattering andI (i; j ) is the resulting image with simulated speckles. The Gabor �lter

was employed as the point spread function, while the ultrasonic scattering parameter

was modeled as Rayleigh distributed noise [50]. The density of the simulated speckle

patterns was varied and applied to the arti�cially deformedimages. For comparison

purposes all the values from similarity measurements were normalized to the range of

[0; 1]. The similarity metric behaviour curves on ultrasound deformation and speckle

density are summarized in Figures 4.6 to 4.8. In the example with no speckle added

to simulated US images, the NCC metric showed a relatively linear relationship to

increased image deformation. On the other hand, NMI, MI and SSDmetrics show

a sharper decrease in the metric values for mean pixel deformations between 0 to 5

pixels. Above this range of deformations, the NMI and MI metrics decreased at a

slower rate while the SSD metric showed a 
at response to increasedpixel deforma-

tion, revealing that it was unable to detect the change in themean deformation. As

the speckle density is increased, the NMI, MI and SSD metrics become more sensitive

to changes in image deformations that are between 0 to 3 pixels (as shown with the

sharper peaks). However, above this range of deformations, the metric values show

smaller decrements to an increase in mean image deformation. At 90% speckle, the
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Figure 4.6: Similarity measure distribution results for data with no simulated US
speckle.

NMI and SSD metrics in particular were unable to detect changes in image misalign-

ment for mean deformations of four pixels and above. Of the four similarity metrics,

NCC and MI showed better detection of image alignment in the presence of speckle in

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

B.3 Displacement of Landmarks Another approach to measure registration ac-

curacy is to �nd the displacement of landmarks before and after registration. This

method can be used for US images of the liver where anatomical features vary depend-

ing on the subject as well as on the imaged location. To measure displacement error,

a 14� 15 grid was overlaid on the 2D US images to facilitate the manual selection of

landmarks on an image. The grid only helps the operator to visually locate similar

landmarks between images. Utilization of the grid does not bias landmark selection
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Figure 4.7: Similarity measure distribution results for data with 30% simulated
speckle.

0 5 10 15 20 25
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Magnitude of Deformation (pixels)

N
or

m
al

iz
ed

 S
im

ila
rit

y 
M

et
ric

 

 

NCC
SSD
NMI
MI

Figure 4.8: Similarity measure distribution results for data with 90% simulated
speckle.
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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, forming atotal of 2500

landmark pairs. Figure 4.9 shows examples of the manually chosen landmarks on

liver images for six di�erent subjects. The grid is not shown for display purposes.

Actual points chosen were the center points of the circles. The mean registration

error was found by measuring the distance between these landmarks in the �xed and

registered images. Figure 4.10 shows the mean and maximum displacement of man-

ually selected landmarks before and after temporal registration for a data set of 500

liver images from 10 subjects. Examples of the chosen landmarkscan be found in

Figure 4.9. The average displacement of landmarks before registration was found to

be 4.53 mm with a standard deviation of 2.34 mm. After registration, the mean TRE

for liver landmarks was 1.21 mm with a standard deviation of 0.47 mm. This corre-

sponds to approximately 73% correction among liver data sets for the registration of

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

Although statistically con�rming results were obtained, landmark displacement

validation was eventually excluded from our validation framework for the following

reasons: i) the method is prone to errors from manual selection,ii) the experiments for

such method are not reproducible, and iii) the performance measure is also di�cult

to use in cases where US images are devoid of anatomical features.Only the points

that can be con�dentially located on anatomical features can be 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 this experiment, the Canny

edge �lter was applied to all �xed and moving images, and the absolute di�erence

between these edge images was obtained. Edge di�erence images between �xed and

moving images compare the alignment of anatomical featuresafter registration. As

the number of edge pixels only constitutes about 1 to 2 % of the whole image, we
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compare the percentage reduction in the resulting number of edge points, in the same

spatial location, before and after registration. Overlapping pixels are removed when

taking the di�erence between two edge images; therefore feature alignment results in

a decrease in the number of edge points.

The Canny �lter was used to detect the edges of features inside the US images.

Di�erent threshold parameters used in the Canny �lter may change the quality of the

detected feature edges. When the threshold range is too low, the Canny �lter may

detect edges from speckle that exists in the ultrasound images, leading to inaccurate

feature detection. However, an overly high value results in most feature edges being

�ltered out. In our experiments , a threshold range between 0.4 to 0.45 was chosen

as it produced visually strong feature detection without too many false edges. Figure

4.11 shows the number of white edge pixels before and after registration. For the

carotid data set, the average number of edge points reduced byaround 13% while, for

the liver data set, the number of edge points reduced by approximately 9%. ANOVA

tests showed that the di�erence in the number of edges before and after registration

was statistically signi�cant (p � 0:05).

A major disadvantage of this validation technique is that edge detection algo-

rithms are highly sensitive to �lter parameters, which may deviate the validation

results. Speckle patterns and noise in US images may also a�ect theedge detection

by causing false edges to occur. Therefore, this validation technique 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) carotid 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 proposed validation frame-

work. The algorithm managed to improve image alignment froma mean deformation

of 3:44mm to 0:88mm. The time taken to register one 2D image is approximately

250 ms. Local feature overlap measurements revealed good improvement in feature

overlap, from 51%-86% before registration, to an average of 93% after registration.

The estimated error in segmentation was found to be approximately 3 to 4%. The

algorithm achieved good visual performance.

4.2 Temporal 3D US Registration

The temporal registration algorithm is evaluated on images in the 3D US database

using the metrics described in the validation framework. In addition, a comparative
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performance analysis was conducted between the temporal algorithm and an open

source algorithm, available in ITK, for registering clinical3D US images. The open

source registration algorithm that was implemented is a B-splines registration tech-

nique originally proposed by Rueckertet al. [62]. This algorithm uses a free-form

deformation model based on B-splines and mutual information as a voxel-based sim-

ilarity measure.

The performance analysis of the temporal registration algorithm 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 evaluated by registering 10

sequences of simulated images and comparing the computed deformation vectors with

the 10 gold standard matrices. The mean registration error was 1:83mm for a mean

displacement of 10:05mm in the 3D US volumes. This translates to a displacement

correction of approximately 82%. The average registration times 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 ultrasounddatabase, one for each

image sequence captured from the 10 subjects. In the same manner,the main liver

vessels such as the hepatic and portal veins were segmented from ultrasound volumes

of the liver before and after registration. Due to the width limitations of the US

probe, only a portion of the liver can be imaged at a time. Therefore, the operator

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

of the 10 sequences of liver volume data collected from the 10 subjects did not show

vessel structures, and therefore, were excluded from this experiment. Figure 4.12

shows the mean feature overlap of 10 US carotid images and 8 US liver images before

and after registration. The anatomical overlap of the carotid artery and vessels in the

liver before registration was 23% and 66%, respectively. Aftertemporal registration,

the local overlap improved to a mean of 91% and 80%. The mean overlap achieved

by the ITK B-splines registration was 85% and 78%. To visually compare the overlap

results, tubular surface models were rendered from the point clouds generated from

the segmentation of parallel 2D images which were extracted from ultrasound volumes

saved in Cartesian format. The 3D surface models were rendered using 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 temporal and ITK B-splines

registration methods. The two surface models of the carotid artery, extracted from
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the �xed and moving ultrasound volumes before registration, show a translation ef-

fect which could have been caused by the patient swallowing or achange in pressure

applied to the probe. Both the ITK and the temporal 3D registration algorithms

were able to o�set the amount of shifting. The vessels extracted from the �xed and

moving ultrasound volumes of the liver show shifting as well as vessel pulsation (as

shown by the di�erent diameters of the tubular structures). After registration, both

registration algorithms managed to correct some of the deformations.

4.2.3 Experimental Results using Images without Ground

Truth

Figure 4.14 demonstrates the averaged results from the registration of a sequence of

42 carotid ultrasound volumes from subject 9. Similarly, Figure 4.15 shows the results

from the registration of a sequence of 50 liver US volumes collected from subject 8.

Comparing the averaged registration results with the �xed image, it can be seen that

both temporal 3D and ITK methods achieved good registration consistency. For the

registration of carotid artery images, which had a small amountof deformation com-

pared to the liver, both methods showed very similar results. However, better feature

recovery was observed for the temporal 3D method in registering liver ultrasound

images, especially along the coronal and sagittal liver volumeplanes. Similarity gains

between �xed and averaged moving images before and after registration were calcu-

lated using NCC and MI. ANOVA results after registration of carotidartery images

reported in Figure 4.16 showed statistically signi�cant improvement in correlation

after ITK registration ( p = 0:0042) and temporal 3D registration (p = 0:0399). It

can be seen that the ITK algorithm showed slightly higher similarity between the
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(a) carotid (b) liver

Figure 4.13: The top row displays segmentation of the carotid artery (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 (orange)
volumes. The following two rows show results after ITK B-spline and
temporal 3D registrations, respectively.
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(a) Fixed (b) Moving (c) ITK (d) Temporal 3D

Figure 4.14: Visual assessment of one sequence of carotid artery ultrasound data col-
lected from subject 9 showing the coronal, axial and, sagittal planes of
the (a) �xed image; (b) average of 42 moving images; (c) average of 42
ITK B-spline registered images; (d) average of 42 temporally registered
images.
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(a) Fixed (b) Moving (c) ITK (d) Temporal 3D

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

�xed and registered images. However, ANOVA revealed that the di�erence between

the two registration methods was not statistically signi�cant (p = 0:2719). For liver

images, the correlation gain after registration yielded signi�cant 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 littledi�erence (p = 0:4912)

in their performance based on similarity measurements.

It should be noted that as the ITK B-splines registration algorithm maximizes
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MI, we would expect intensity statistics for the ITK method to behigher than the

temporal registration approach. For this reason, NCC was also used as a performance

measure. For the registration of carotid artery images, ANOVA results showed a sig-

ni�cant improvement in MI after ITK registration and tempora l 3D registration with

p � 0:0001. However, di�erence between the ITK and the temporal 3D registration

results were not statistically signi�cant (p = 0:099 for carotid andp = 0:3858 for

liver).

Average time requirements of the two registration algorithmsare shown in Figure

4.17. The mean and standard deviation of registration time in seconds are shown.

Registrations were performed on 450 carotid volumes of size 165 � 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-based 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 standard deviations in Figure

4.17, we see that the ITK B-splines registration algorithm showed higher 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 bechosen for

the temporal registration algorithm. This section reveals how the new registration

parameters were selected. In addition, the parameters used for the ITK B-spline

registration technique will be described. The registration performance of both reg-

istration algorithms, as well as the metrics used to evaluate these techniques is also

discussed.
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Figure 4.16: Box chart for the measure of similarity before andafter registration. The
�rst row shows results from measurement of correlation coe�cient and
the second row shows results using mutual information for ultrasound
volumes of the carotid artery and liver.
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Figure 4.17: Mean and standard deviation of registration times for the registration
of 567 liver and 450 carotid ultrasound volumes.

A. Registration Parameters

A di�erent set of parameters had to be chosen for registration of3D images. To

determine the e�ect of the radius parameters on registrationperformance, a sequence

of 30 simulated liver ultrasound volumes of size 165� 159� 77 voxels were registered

and the mean registration time and displacement error were recorded.

The number of leading points used for registration are controlled by the LP radius,

which poses a trade-o� between the algorithm's speed and accuracy when choosing the

size of this neighborhood. Increasing the LP radius will decrease the number of leading

points, thereby improving the algorithm's speed, however, atthe cost of increasing

the time required for warping the moving image into the �xed image as shown in

Figure 4.18(a). An LP radius value between 6 and 8, equivalentto approximately

90 leading points, is a good compromise between time and accuracy. As shown in

Figure 4.18(b), a search radius of less than 6 voxels is a good compromise for a short

registration time and to achieve within 1mm accuracy. With these parameters, image

matching takes approximately 9 seconds and warping is 20 seconds for each volume of
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Figure 4.18: Plots showing the relationship between a change in the radius param-
eters and its corresponding change in error and time requirements for
simulated liver US images. (a) LP radius versus mean displacementer-
ror and average warping time as well as matching time, (b) search radius
versus mean displacement error and average matching time.

Table 4.3: Registration parameters used for each anatomy

Carotid Artery Liver
LP Radius (voxels) 8.0 7.0

Search Radius (voxels) 7.0 6.0

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

in Table 4.3.

B. B-Splines Registration

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

assessment procedure. A B-splines registration technique [62] was implemented 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 metricwith MI. The reason

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

deformation discriminability than the NMI metric on our data sets (as discussed in
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Section 4.1.4). Also, previous works in the literature have also reported that the MI

metric showed good results for registering 3D ultrasound images[65].

The B-splines transformation model used in the algorithm is de�ned as a uniformly

spaced control grid to warp the moving image to resemble the �xed image. From visual

assessment trials, we determined a grid size of 8� 8� 8 voxels for the implementation.

Gradient descent was chosen as the optimization method. To testthe convergence

of this algorithm, a sequence of 40 US volumes of the liver were registered and the

average metric results are shown in Figure 4.19. It can be seen that the algorithm

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

C. Registration Performance and Validation Metrics

In simulation experiments, the temporal 3D algorithm was ableto 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 literature for US-US non-rigid
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registration, we were unable to compare the registration error with another technique.

In current systems for 3D US image-guided surgery of liver metastases, the acceptable

clinical error is around 6mm [5]. The reported accuracy of 3D ultrasound-based

navigation systems to perform biopsy experiments are in the order of 2� 3 mm [71].

An accuracy of within 2mm achieved by the temporal registration algorithm seems

reasonable for these applications.

The temporal registration algorithm achieved better feature overlap of the carotid

artery (mean of 91%) than for vessels in the liver (mean of 80%).The low percentage

overlap of the vessels in the liver could be due to the smaller vessel features in images

of the liver in comparison with images of the carotid artery. This 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 algorithms has not been

reported in the literature, we have compared the overlap performance with an ITK

B-splines method. Results showed a slightly lower local overlapof features after B-

splines registration when compared with the temporal registration technique. On the

other hand, the ITK B-splines method achieved better global similarity between the

�xed and registered volumes but the di�erence between the similarity performance

achieved by the two registration algorithms was not statistically signi�cant ( p � 0:05).

The registration time requirements often vary depending on the amount of de-

formation between the �xed and moving US volumes. Long registration times poses

a disadvantage for real-time clinical applications. The temporal registration method

performed much faster than the ITK B-splines technique. The registration times

for the temporal technique were consistent for varying amounts of deformation (as

seen with the lower standard deviation) while the ITK B-splinesregistration method
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showed a higher degree of variation in the registration time. Although the number of

iterations for the ITK B-splines registration may be further reduced to decrease the

computational requirements, the registration performance may be deteriorated since

the algorithm would not be fully converged.

Based on the validation results using the metrics in our validation framework,

it was found that some non-rigid registration methods may be better at aligning

local features than at aligning the global image. This was shown in the case for

the temporal and B-splines registration techniques. Which registration algorithm

to choose is highly dependent on the application. For example, in conducting o�ine

registration of images, if registration time is not the ultimate concern, the ITK method

may have added bene�t over the temporal method for global image alignment. On the

other hand, if the application requires intra-operative image-guidance, the temporal

method might be more appropriate for tracking the movement of features inside the

US images. These results prove the need to use more than one metric to evaluate the

registration performance on clinical images. In our validation framework, we have

assessed registration on clinical images using both local (segmentation) and global

(similarity measure) techniques. In the future, other measuresmay also be added

to the validation framework for a more comprehensive study on di�erent US elastic

registration algorithms.

D. US Volume Size on Registration Performance

A limitation of using volumes captured at a smaller sweep angle is that speci�c

features can easily move outside of the captured region, in which case, the registration

will fail. However, smaller volumes reduce computational requirements, and hence
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enhance registration time. An experiment was conducted to register 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 wide band

convex probe attached, was used to obtain di�erent sizes of sequential 3D ultrasound

volumes of the liver from 10 healthy subjects. The GE machine allows volume ac-

quisition at sweep angle increments of 5 degrees, with 5 degreesbeing the lowest

possible angle. This angle determines the width (XZ plane, or the elevation plane)

of each captured 3D volume. Increasing the width of the angle decreases the image

capture rate. Images were captured at a depth of 16:9cm. A total of 1500 3D images

were captured for the clinical data set. For each subject, a sequence of 45 to 65

images were obtained for each sweep angle of 5 degrees (159� 179� 18), 10 degrees

(159� 179� 31), and 35 degrees (159� 179� 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 degreesfrom the same

region of the liver from one subject were individually registered to the �rst volume

in each series. Visual results in Figure 4.20 show improved featurerecovery with an

increase in the width (XZ plane) of the volume, for the 31st imagein each sequence.

All images of the liver captured at di�erent scan angles were registered and the

results were evaluated using MI and NCC similarity metrics to determine the per-

formance di�erence between volumes of di�ering widths. The mean and standard

deviation of similarity gains for the 1500 images from 10 subjects are listed in Table

4.4. Results show a strong relationship between an increase in volume angle and

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

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

(g) Fixed (h) Moving (i) 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 volumes captured at 5
degrees. Images on the second row represent results for volumes captured
at 10 degrees, and similarly, the bottom row shows volumes captured at 35
degrees. All moving images shown are from the 31st volume in each 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 captured at three 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 degrees(p � 0:05). Since most of the feature recovery is achieved

by using volumes captured at 10 degrees and up, therefore, thedi�erence between

similarity results from 10 to 35 degrees was not statistically signi�cant.

Simulations were carried out to compare three volume sizes with respect to regis-

tration accuracy and time requirements. As described in Section 3.3.2, the displace-

ment vectors generated from the registration of naturally deformed images were used

to simulate liver deformations. For each series of images, one displacement vector

was chosen at maximum deformation. The displacement was linearly interpolated

from zero to maximum so that 10 to 15 gradually deformed volumes were generated

from one �xed image. In this way, 30 sequences were formed fromapplying 30 gold

standard matrices to 30 �xed images. These simulated images wereregistered back

to the original �xed images. The resulting deformation vectors for the last volume in

each image sequence were compared to the gold standard. Table 4.5 shows the mean

displacement error from the registration of the simulated images deformed using 30

gold standard matrices. The time required to register these images using a total of

60 leading points is also reported in the same table. The displacement correction

achieved by the 4D method for volumes captured at a sweep angleof 5, 10, and 35

degrees was 72%, 74% and 82% respectively.

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

Volume Angle Mean Displacement Mean Registration Error Registration Time
(mm) (s)

5 5.46 � 2.61 1.52 � 0.26 9.67 � 1.58
10 5.58 � 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 decreases the ability to track fea-

tures that may move out of the scanned region of interest, the advantage is reduced

registration time. Depending on the type of application, a compromise must be met

between the amount of information required (volume size), registration accuracy, and

algorithm speed. In our experiments, using volumes captured ata 10 degree sweep

angle was su�cient for acceptable feature recovery, while achieving fast registration

speed. Image similarity comparisons proved the di�erence between registering vol-

umes captured at 10 and 35 degrees was not statistically signi�cant.

4.2.5 Summary of Temporal 3D US Registration Results

The elastic registration algorithm was evaluated for temporal 3D ultrasound images

using techniques of simulations, local landmark displacement,visual assessment, and

similarity measures. Extensive validation experiments were performed on a large

database of 1017 clinical and 120 realistically simulated ultrasound volumes. This

algorithm was compared with a B-splines deformable registration technique imple-

mented using ITK. While both registration methods showed good results, the tem-

poral 3D algorithm is able to register the same volumes up to six times faster for

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

The registration algorithm was able to correct up to 8mm of deformation in

simulated 3D US volumes with a registration error of less than 2mm. The temporal

3D algorithm is robust to the amount of deformation in moving images and produces

consistent visual results.

4.3 Summary

This chapter presented the validation results of an elastic temporal registration algo-

rithm for US images using the framework that was proposed in the previous chapter.

Contributions of this chapter was on the extensive performance evaluation of the

temporal registration algorithm, as well as the analysis of the di�erent validation

metrics used. Global and local measures were used to evaluate the performance of

the temporal registration algorithm on clinical 2D and 3D serial US images of the

liver and carotid artery, which were collected from ten healthy subjects. It has been

demonstrated that this registration algorithm resulted in good feature alignment of

2D US images. In the next chapter, the application of this registration 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 ofthe requirements

was to be able to visualize registration performance in real time. There was the need

to create a platform on which the algorithm process could be controlled during the

registration of ultrasound images. Therefore, agraphical user interfaces(GUI) for

registration of B-mode US images was developed. In this GUI, 2D ultrasound images

are registered in real time to account for motion and deformations of the anatomy.

In order to overcome the limitations in ultrasound examination, where it is di�cult

to interpret the location of landmarks with respect to the organ, a di�erent process

was also necessary to perform real time segmentation and visualization of US images

during freehand data acquisition. Therefore, a second GUI was developed for this

purpose. In the segmentation and visualization interface, 2D USimages are segmented

and the surface models of the anatomy are rendered in real time. This platform

provides the user with both 2D and 3D views of the organ with relative position

88
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information during scanning.

Our goal was to develop two graphical user interfaces to test the above mentioned

registration, segmentation and volume rendering techniqueson clinically obtained

ultrasound images. Preliminary testing of the registration interface has been on 2D

US images of the liver while the current implementation of thesegmentation and

visualization interface is for the ultrasound examination ofthe carotid artery.

The interfaces were developed using Visual Studio C++ and the GUIs were de-

signed usingQtT M . The 3D model generated using probe spatial information is vi-

sualized usingV TKT M and is displayed in a separate window of the GUI. The open

source frameworks used in the development of the system will be described next.

5.2 Open-Source Frameworks

5.2.1 Visualization Toolkit (VTK)

The Visualization Toolkit is an open source software system, whichhas been used

by many researchers world wide for visualizing 3D computer graphics, and processed

images. VTK supports a wide variety of visualization algorithmsand advanced mod-

eling techniques. In addition, the VTK package contains dozens of imaging algorithms

to allow the user to directly integrate 2D imaging/3D graphics algorithms and data.

Professional support and products for VTK are provided by Kitware, Inc. [36]. In

this work, VTK was used for the display of US images as well as for volume re-

construction. The rendered results are output onto Qt widgetsfor display onto the

interface.
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5.2.2 Qt

Qt is a licensed software for commercial use, which is maintained by Trolltech [74].

This software package is a cross-platform C++ application development framework,

widely used for development of graphical user interface (GUI) programs. In particular,

the Qt Designer tool, which is part of the Qt framework, is a powerful GUI layout and

forms builder, which enables rapid development of user interfaces with native look

and feel across all supported platforms, including Windows andLinux. This work

used the Qt Designer tool for generating the GUI layout of the twouser 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 allowsfor 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] usedfor computer vi-

sion research and implementation. VNL provides numerical containers and algorithms

for numerical programming (e.g., matrices, vectors, decompositions, optimizers) sim-

ilar to packages like MATLAB but with the speed of C and interface of C++. This

software was used mainly for the image segmentation component of our system.
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5.2.5 Cross-Platform Make (CMake)

CMake [33] is an open source system that manages the build processof a program,

independent of the operating system and chosen complier. CMakegenerates 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 portability of programs to

other computers. Currently, CMake supports software systems suchas VTK, VXL,

and ITK. CMake was employed to control the software complication process of the

registration and segmentation interface programs.

5.3 Registration Interface

The need for image registration often arises from tissue deformation due to factors

such as involuntary motion from breathing and heartbeat, changing body position,

and tissue compression that, in practice, cannot be precisely controlled while the pa-

tient undergoes the imaging procedure. This poses the need for e�cient GUIs for

clinical procedures, which require real-time image guidance. One of the possibilities

to enhance ultrasound examination would be to perform and display the elastic reg-

istration of US images to visualize the amount of deformation between a �xed image

and the moving images of the anatomy in real time.

The �rst requirement was to visualize the elastic registration results during an

ultrasound scan. For this purpose, a registration interface wasdesigned. This is the

preliminary step to using deformable registration for ultrasound diagnosis. While it

would be possible in the future to integrate this registration interface for ultrasound

navigation, our current main goal was to �rst create the interface and to perform
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qualitative assessment of the results.

The registration GUI implements the temporal registration technique 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 implementation and clinical

performance, please refer to Sections 2.3.3 and 4.1, respectively.

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 softwarecomponents in

the United Modeling Language(UML), is provided in Figure 5.1. UML is a standard

language for visualizing, constructing, and documenting software systems [8]. The

diagram shown displays the relationships of each component. VTKand Qt are used

by all components of the system. Some components may beassociatedto each other,

meaning that they may trigger another component to perform an action on its behalf.

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

� Data Component:

The data component is an interface used for transporting the 2DUS images from

the GE ultrasound machine onto the computer. Images are sent via client-server

from the US machine onto the graphical user interface.

� Registration Component:

The images sent to the computer using the data component are usedby the

registration component to align the 2D US images to the �xed image. The

registration method uses the temporal 2D registration technique 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, and visualization forms

the main structure of this component. As well, a dialog to alterregistration

parameters is also included.

VTK QT

Registration
Component

GUI
Component

Use Use

Associate

Data
Component

Use

Use

VTK QT

Registration
Component

GUI
Component

Use Use

Associate

Data
Component

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

5.3.2 Registration GUI Design

Figure 5.2 shows the registration interface. A user manual for the segmentation

interface can be found in Appendix A of this thesis. The main components 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 parameters.

4. Overlays the �xed or moving image on top of the registered images.

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.

1

2

3

4

5
6

7

8

Figure 5.2: Interface for temporal 2D registration of liver ultrasound images.
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5.4 Segmentation and Volume Rendering System

The main objective for the development of a real-time segmentation and 3D interac-

tive visualization system is to adapt existing hardware and software components to

optimize the presentation of visual information during ultrasound diagnostic proce-

dures. The proposed system is �rst tested on the examination of the carotid artery

but can be extended for imaging of other anatomies.

In the following sections, a description of the system setup, software design, and

implementation details are provided.

5.4.1 System Setup

Figure 5.3 illustrates the system setup and the hardware used for the ultrasound

segmentation and volume rendering system. The GE Voluson 730 Expert US 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 which a Traxtal Versa

Trax 4-marker active tracker (model TT002-B) is mounted. A GUI is designed to

visualize the segmented images and graphical model of the examined 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 for interface design.

The major software components are:

� Data Component:
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(c) US Probe with
Tracker

(b) Camera

(d) GUI

(a) US Machine

Figure 5.3: The system setup and hardware components.

This component, similar to the data component described for the registration

interface, is used for transporting 2D US images from the GE ultrasound ma-

chine to the interface via a client-server approach.

� Segmentation Component:

This component is responsible for extracting the region of interest from these

images after the user manually selects a seed point along the center of the cavity.

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

� Volume Rendering Component:

Once the segmentation process has been initiated, this component is responsible

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

component uses the segmentation component to obtain the pointcloud neces-

sary for volume reconstruction.

� GUI Component:

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

can be opened to control the parameters of segmentation. The GUI also 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 components is shown

in Figure 5.4.



CHAPTER 5. APPLICATIONS 98

5.4.3 US Image Segmentation

Quantitative information such as the size and shape of the anatomy can be extracted

from ultrasound images to facilitate activities such as diseasediagnosis, monitoring,

as well as surgical planning. This procedure can be accomplished by segmenting, or

extracting shapes from these images based on mathematical descriptions of the organ

of interest. These descriptions must be accurate and the segmentation 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. Thismethod has also been

used in the validation framework proposed in Section 3.3.2. The IMMPDAF algorithm

requires user input of an arbitrary seed point inside the cavityto initiate automatic

segmentation of a set of sequential US images as shown in Figure 5.5. The distance

from this seed point to the boundary is modeled by a moving object trajectory, which

results in a locally circular shaped contour.

The IMMPDAF segmentation algorithm has proven aptitude for segmenting US

images in real-time. The stability and robustness of the algorithm has previously

been demonstrated by the authors [1, 2]. A repeatability test of this algorithm was

also provided in Section 3.3.2. This algorithm is su�cient at segmenting US images

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

[1].

5.4.4 Volume Reconstruction

Generation of a volume from a sequence of 2D image slices requires the transformation

of each pixel in the image coordinate into real world coordinates. This transformation
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Figure 5.5: Segmentation of a sequence of 2D carotid US images using the IMMPDAF
algorithm.

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

probe and the position tracker.

Frames De�nitions

A surface model is generated from the 2D US images. For this process, we must

consider the transformation from di�erent frames to convert each point in the US

image coordinate to the real world 3D coordinate system (see Figure 5.6). In the

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

� Ultrasound Image Frame:

This is the US image coordinate frame where the origin is takenas the top

center of the image.

� Ultrasound Probe Frame:

An infra-red sensor, by Traxtal Technologies, that is mounted onto the ultra-

sound probe de�nes this frame. The Optotrak Certus camera tracks this frame

in real time to obtain the physical position of the US probe.
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Figure 5.6: De�nition of frames and transformation involvedto convert from a point
in the US frame to 3D volume coordinates.

� 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 mounted onto the

US probe. For this purpose, a DRB can be mounted onto a �xed target that is

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

Transformation

Prior to capturing 2D images, the 3D linear probe was �rst calibrated using the

method proposed by Chenet al. [12]. From this, the transformation from US image

frame to probe frame (TP robe
US ) was obtained. For each 2D image captured, a tracker

�le provides two transform matrices, one for transforming fromprobe frame to tracker

frame (TT racker
P robe ) and the other from tracker frame to DRB frame (TDRB

T racker ). Multi-

plying these three matrices together results in the transformation from US frame to

DRB frame (TDRB
US ). Equation (5.1) shows the conversion of one point in the US

frame (PUS) to a point in the DRB frame (PDRB ).

PDRB =
�
TDRB

T racker

� �
TT racker

P robe

� �
TP robe

US

�
PUS (5.1)

The contour points obtained from the segmentation of each 2D image 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 surface 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 model of the

vessel during real-time scanning. Figure 5.8 shows the segmentation interface. VTK

is utilized for displaying the 2D images and performing volume reconstruction on the

GUI, that is implemented in Qt. The GUI allows the operator to control segmentation

parameters, start/stop volume rendering, and save the 2D imagesand surface models

to the hard-drive. The user is required to make one slow sweepingmotion of the

ultrasound probe on the region of interest in order to perform segmentation and

surface model rendering. A user manual for the segmentation interface can be found

in Appendix B of this thesis. The main components of the segmentation interface are

as follows:

1. Initializing the session.
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2. Setting the segmentation parameters and initial seed pointlocation.

3. Opening a new window, which displays a zoomed-in view of thechosen model.

4. Saving the images and volumes during the session.

5. Showing the surface model of the carotid artery generated from 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 used during freehand

B-mode US data acquisition. The registration interface allowsthe user control pa-

rameters and visually display the results on the screen. It was used to visualize the

performance of the temporal US registration technique which was tested using our

validation framework. The segmentation interface was used tovisualize the spatial

correspondence between the image plane and the scanned anatomy. The designed

interfaces may be used in the future in a navigation system to enhance US examina-

tion.



Chapter 6

Conclusions

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

suggestions for future work.

6.1 Summary of Contributions

This thesis presented a framework for the validation of elasticregistration algorithms

for US images. In addition, two ultrasound interfaces for real time registration, seg-

mentation and visualization of 2D US images were introduced. The following sum-

marizes the major contributions of this work:

6.1.1 Validation Framework

A validation framework was developed for evaluating the accuracy and clinical ef-

�cacy of elastic registration algorithms for US images. The framework provides a

guideline to evaluate the performance and limitations of a USdeformable registration

104
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algorithm to ensure that clinical requirements are met. To the best of our knowl-

edge, no validation framework currently exists to evaluate the performance of US-US

non-rigid algorithms.

Three methods were incorporated into our proposed validation framework for US

non-rigid registration algorithms, namely the gold standard,bronze standard, and

clinical approaches:

� In the gold standard method, simulated US images were created from the defor-

mation vectors computed from the registration of clinical 2Dand 3D US images.

These deformation vectors were linearly interpolated from zero to maximum to

create new sequences of deformation matrices; a gold standard was formed from

the known deformation. These vectors were then applied to other clinical US

images to create the simulated data set. The registration errorcan be found

by comparing the deformations computed from a registration technique to the

gold standard. This validation technique ensures that the simulated images

used in experiments will be realistic and clinically valid. This is important

when evaluating a registration algorithm for use in clinical applications.

� In the bronze standard approach, a segmentation algorithm suitable for US

images [1] was used to extract feature landmarks in 2D and 3D US images. This

segmentation algorithm is semi-automatic and requires the user to select a seed

point at the center of the closed cavity. The segmentation technique allows users

to evaluate the local alignment of features (such as the carotid artery) inside

di�erent US images used for registration. However, since any segmentation

techniques may be prone to error, the repeatability of a segmentation algorithm

should be documented with the results in validation studies.
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� The clinical approach was used to evaluate a registration algorithm on clinical

data without ground truth. The global alignment of these images 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 registration, we

may observe the change in the value of the metric before and after registration

and quantitatively evaluate registration performance on clinical images. Visual

assessment was also used as a qualitative indicator of image alignment before

and after registration.

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

images. The results from the experiment are described next.

6.1.2 Experiments

Using the proposed validation framework, an elastic registration algorithm for US

images was extensively validated on a large database of clinical and realistically sim-

ulated 2D US images and 3D volumes. A detailed analysis of the registration results

was reported. For the registration of 2D US images, the temporalalgorithm had an

average accuracy of 0:88mm for a mean displacement of 3:44mm in simulated US

images. The local overlap of landmarks was improved from a mean of 68% to a mean

of 93%. A signi�cant improvement in the global alignment of the images was observed

by measuring the similarity metrics before and after registration.

For the registration of 3D US images, the temporal registration technique had

an accuracy of within 2mm for a mean displacement of 10mm. The mean local

feature overlap of carotid artery and liver images after registration was 91% and 80%,

respectively. The alignment of the hepatic and portal veins in US images of the liver
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is more di�cult due to the small volumes of these vessels in the liver. This was found

to be one of the limitations and challenges for US elastic registration algorithms.

An open source ITK B-splines registration algorithm was used to benchmark the

performance of the temporal registration algorithm on clinical 3D US images. It

was found that while both registration algorithms showed similar performance, the

temporal registration algorithm is able to register the same volumes up to six times

faster for images with small amounts of deformation such as the carotid artery, and

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

6.1.3 Graphical User Interfaces

Two graphical user interfaces were developed to examine image registration and seg-

mentation of ultrasound images of soft tissues. Both graphical user interfaces were

designed using Qt and developed in the Visual Studio C++ environment.

The image registration interface was used to visualize the performance of the

elastic registration algorithm, which was validated using ourproposed framework.

This interface aligns the captured serial images, from the US machine, to a �xed

image chosen by the operator. Using the registration interface,users can qualitatively

assess the registration performance while the registration parameters are altered in

real time. This interface can potentially be used for navigation systems to track the

movement of landmarks in organs deformed by involuntary motion from breathing

and heartbeat, changing body position, and tissue compression while the patient

undergoes the imaging procedure.

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

tion of visual information during ultrasound scanning. This GUIallows the operator
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to perform automatic segmentation and volume rendering of the target anatomy.

The operator can extract quantitative information such as the size and shape of the

anatomy being imaged. Currently, the registration and segmentation interfaces have

been tested on US images of the liver and carotid artery, respectively. 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 evaluate other algorithms

to obtain a comparison of di�erent US based registration techniques. From these

experiments, a standardized set of performance requirements can be generated

to compare new and existing registration algorithms.

� Additional validation metrics should be added to the validation framework,

such as other simulation methods (�nite-element methods (FEM)) to evaluate

registration accuracy. Besides using realistic deformations, a�ne deformations

could also be applied to US images to create di�erent gold standard measures.

The information gained from di�erent validation metrics will provide a good

indication of the performance of a registration algorithm, as well as minimize

the possible bias in validation experiments.

� In our experiments to test the behaviour of similarity measureson ultrasound

images, it was found that the NCC measure was robust for detectingdeforma-

tion in US images even when the speckle density was increased. To extend the
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feature matching capability of the temporal registration algorithm for US im-

ages of tissues that are devoid of feature information, correlation measurements

can be used to �ne tune the search for LP correspondence between the �xed

and moving ultrasound volumes.

� The registration and segmentation interfaces can be tested on USimages of

other anatomies such the kidney or prostate. User studies should beconducted

to obtain suggestions and improvements on the current features of the registra-

tion and segmentation interfaces so that these interfaces can eventually be used

for clinical applications.

� An additional component which can potentially be included onto the segmen-

tation and visualization interface would be the registrationof the 3D surface

model to a statistical anatomical atlas. For example, an atlas model of the

carotid artery can be generated from the average results of segmented MR im-

ages of the carotid collected from several patients.

� The US registration and segmentation interfaces can be integrated. This will

allow the user to monitor a segmented region of interest in the images and to

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

Registration Interface Manual

The registration GUI contains three separate windows for the �xed (left window),

moving (bottom right window), and registered (top right window) images. Image

display and the start and stop of the registration process are controlled using the

di�erent menu options. The interface contains 5 menu components (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 parameters.

4. Overlays the �xed or moving image on top of the registered images.

5. Saves the registered images into the speci�ed folder.
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1
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3

4 5

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 the menu 1 option). Three

di�erent image resolutions are provided which are 800� 600, 400� 300, and 200� 150

pixels.

A.2 Image capture

Two options on the interface are provided to display images onscreen. Option one

allows the user to obtain sequential US images from an actual scanand display them

onto the interface. Option two allows the operator to choose two images from a �le

to register.

A.3 Registration Parameters

The operator may change the registration parameters depending on the type of US

images used for registration. Figure A.2 shows the parameters dialog which appears

when theEdit Parametersbutton is pressed. Default registration parameters for the

carotid artery and liver US images have been preloaded into the program. Details on

how these parameters were chosen were shown in Section 4.1.4. The GUI allows the

operator to change parameters during an actual US scan to view how di�erent input

parameters a�ect registration performance in real time.
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Figure A.2: Registration Parameters Dialog.

A.4 Image Overlay

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

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

A.5 Saving Data

The registered images may be saved onto the hardrive of the PC for review at a later

time.



Appendix B

Segmentation and Visualization

Interface Manual

The segmentation and visualization interface contains 5 menucomponents (see Figure

B.1) which are as follows:

1. Image capture menu for initializing a session.

2. Parameters initialization menu for selecting a seed point and 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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Figure B.1: Segmentation interface menu options.
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B.1 Image Capture

Upon pressing theStart Sessionbutton on the left hand side of the screen, the program

will be initialized and read to start capturing ultrasound images. Figure B.2 shows

the screen upon startup. The 2D US images on the right hand windoware updated

on the GUI in real time. The probe and plane shown on the left handwindow moves

with respect to the position of the US probe on the ultrasound machine. Spatial

information is obtained from the optical sensor that is mounted onto the ultrasound

probe.

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

B.2.1 Segmentation Parameters

Segmentation of the cavity contours in the 2D images is initialized with an arbitrary

seed point selected by the operator. The seed point selected willbe used to estimate

the contour centers in each of the consecutive images. Once thespeci�ed seed point

has been selected, the program will automatically begin the segmentation process and

the 2D images on the top right window will display the segmentation results in real

time.

The user can alter the segmentation parameters using the segmentation dialog

which appears when thedetails button is pressed. Details regarding the selection of

parameter values are reported inet al. [1]. Default segmentation values have been

preloaded onto the dialog to work with the carotid ultrasoundimages scanned at a

�eld depth of 3:0 cm in our US database. The radius parameters may be adjusted

according to image properties such as image size, and shape of the anatomy.

B.2.2 Volume Rendering

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

generate. The surface model will be updated according to the movements of the

ultrasound probe. The program is intended for one ultrasound sweep of the region

of interest to build the 3D surface model. When the surface modelhas been fully

constructed, the user may end the segmentation and volume rendering 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) segmentation parameters dialog.

B.3 Zoomed Views

The zoomed view menu shown in 4 can be used for zooming into volume model.

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 Figure 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 volume and the option

to add or remove the probe and plane.

(a) (b)

Figure B.5: Carotid artery surface model (a) rendered with the 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 retrieved and reviewed

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 image 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 contourswith arbitrary shape

from ultrasound images. A seed point inside the cavity is chosen and the distance

between the seed point and the cavity boundary is modeled by a trajectory of a

moving object by using aKalman �lter.

The IMM/PDAF algorithm is composed of two models for contour extraction: 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:

X j (k + 1) =

2

6
4

1 � �

0 1

3

7
5 X j (k) + Vj (k) = A j X j (k) + Vj (k) (C.1)

Z j (k) =
�

1 0

�
X j (k) + ! j (k) = H j X j (k) + ! j (k) (C.2)

where j = 1; : : : ; M , and M is the number of trajectory models that are used

132



APPENDIX C. IMMPDAF 133

to describe the boundary.X j (k) =
�

dj (k) d�j (k)

� T

is the system state,d(k) and

d� (k) are the radius of the cavity contour from a seed point inside the cavity and its

derivative with respect to angle� , respectively, � � is the sampling angle of the cavity

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

Qj (k) ==

2

6
4

� � 4

4
� � 3

2

� � 3

2 � � 2

3

7
5 � 2

vj (C.3)

and process noise intensity of� vj , Z j (k) is the output of the model, and! j (k) is

its error with covariance� 2
wj = Rj (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:

X̂ 0j (k � 1jk � 1) =
MX

i =1

X̂ i (k � 1jk � 1)� i j j (k � 1jk � 1) (C.4)

P0j (k � 1jk � 1) =
MX

i =1

f Pi (k � 1jk � 1) + [ X̂ i (k � 1jk � 1) � X̂ 0j (k � 1jk � 1)]

� [X̂ i (k � 1jk � 1) � X̂ 0j (k � 1jk � 1)]T g � � i j j (k � 1jk � 1)

where X̂ 0j (k � 1jk � 1) and P0j (k � 1jk � 1) are the initial state estimates and



APPENDIX C. IMMPDAF 134

its covariance for thej th �lter. � i j j (k � 1jk � 1) is the mixing probability and is

calculated as:

� i j j (k � 1jk � 1) =
1
�cj

pij � i (k � 1) (C.5)

wherei; j = 1; : : : ; M , pij is the mode transition probability de�ned as

pij = Probf I (� k) = j jI (� k� 1) = ig ; (C.6)

� j (k) is the mode probability and

�cj =
MX

i =1

pij � i (k � 1) (C.7)

is a normalization factor.

Step 2: Mode-conditioned �ltering

The following PDAF �lter is used for edge detection in an image,

Fedge(r; � ) =
1
3

f I (r + 2� r; � ) + I (r + � r; � ) + I (r; � )

� I (r � � r; � ) � I (r � 2� r; � )

� I (r � 3� r; � )g � (255� I (r; � ))n

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

increments fromr along that radius. I (r ) represents the local gray-level values in the
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image along the radiusr . The �lter is applied only to the pixels in the range of the

distances ofLmin and Lmax from the seed point.n is set to a value of 2 for US images

with a 256 gray-level.

Using the �lter described, the mode-conditioned state estimatesand covariances

are calculated,

X̂ j (kjk � 1) = A j (k � 1)X̂ 0j (k � 1jk � 1) (C.8)

Pj (kjk � 1) = A j (k � 1)P0j (k � 1jk � 1)A j (k � 1)T

+ Qj (k � 1)

X̂ j (kjk) = X̂ j (kjk � 1) + Wj (k)E j (k)

Pj (kjk) = ( I � Wj (k)H j (k))Pj (kjk � 1)

+ Wj (k) �

 
MX

i =1

� i (k)r i (k)2 � y(k)2

!

� Wj (k)T

whereX̂ j (kjk � 1) is the predicted state of modelj at iteration k and Pj (kjk � 1)

is its associated prediction covariance,̂X j (kjk) and Pj (kjk) are the state estimate and

its covariance in Kalman �lter j at iteration k, Wj (k) is the �lter gain, and

E j (k) =
N cX

i =1

r i (k)� i (k) � ẑj (kjk � 1) (C.9)

whereẑj (kjk � 1) = H j (k)X̂ j (kjk � 1) is the measurement prediction from model
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j . The �lter gain Wj (k) is calculated as follows:

Wj (k) = Pj (kjk � 1)H j (k)T Sj (k)� 1 (C.10)

whereSj (k) = H j (k)Pj (kjk � 1)H j (k)T + Rj (k) is the boundary location predic-

tion covariance from the modelj .

Step 3 - Model combination

This step combines the estimations from the IMM and PDAF models to estimate the

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

X̂ (kjk) =
MX

j =1

X̂ j (kjk)� j (k) (C.11)

P(kjk) =
MX

j =1

f Pj (kjk) + [ X̂ j (kjk) � X̂ (kjk)] (C.12)

� [X̂ j (kjk) � X̂ (kjk)]T g� j (k) (C.13)

where

� j (k) =
1
c
� j (k)

MX

i =1

pij � i (k � 1) =
1
c

� j (k)�cj (C.14)

is the mode probability, and

c =
MX

i =1

� i (k)�ci (C.15)
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� j (k) =
1

p
2� jSj (k)j

exp
�

�
E j (k)Sj (k)� 1E j (k)T

2

�

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

PDAF approach since� j = � i j j = 1.



Appendix D

ANOVA

The objective of analysis of variance (ANOVA) is to test for the statistical signi�cance

between the means of di�erent groups of data. This is accomplished by analyzing the

random error and the means of data groups. A null hypothesis, which states that

there are no mean di�erences between groups, is either accepted or rejected. Under

the null hypothesis, it is expected that the 
uctuation between the means of two

groups of sample data is minor. If there is indeed statistical signi�cance between

groups, then the null hypothesis is rejected. The estimated range of variation of the

averages between di�erent data groups of data is given by thestandard deviation of

the estimated means:
�

N
1
2

(D.1)

where� is the standard deviation of the group size andN is the number of data in a

group. If the standard deviation of the means of each group is larger than the above,

than the null hypothesis is not correct.

The comparison between the actual variation of the group averages (AA) and the
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expected variation of group averages (EA) is expressed as the F ratio:

F =
AA
EA

(D.2)

If F is close to 1, the null hypothesis is correct and if F is large, it indicates the

null hypothesis can be rejected. In order to determine how large F should be before

the null hypothesis is rejected, the signi�cance is reported in terms of a p value, also

known as the probability that the null hypothesis can be rejected. The choice of the

p-value depends on the user requirements; the smaller the p-value, the less plausible

the null hypothesis. The rule of thumb is to use a p-value of less than 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 ANOVA.In an exper-

iment in which factor A is varied, the objective is to determine 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 overlap of anatomical

features before and after image registration. Applying theanova1function in Matlab

returns a p-value (Table D.1(a)) which determines if the validity of the null hypothesis,

which states that all samples in the datasets are with the same mean. If the p-value is

close to zero, then at least one sample mean is statistically di�erent than other sample

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

Observations
Before 0.76 0.74 0.79 0.79 0.80 0.85 0.70 0.77 0.79 0.83
After 0.96 0.88 0.90 0.92 0.93 0.96 0.93 0.90 0.92 0.92

the lower quartile, median, and upper quartile values. The whiskers which extend

from each end of the box, shows the extent of the rest of the data.Based on the

results in Figure D.1, we can conclude that after image registration, the improvement

in feature overlap is statistically signi�cant (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 registrationalgorithms, many factors

are taken into account including di�erent registration techniques and registration

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



Appendix E

US Image Scale Factor

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

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

cedures. In calibration processes, often a multi-wire phantom of known geometrical

properties is scanned using a US probe that is tracked by an optical sensor and cam-

era. The images captured of the multi-wire phantom contain numerous points of

which its geometry is known. The points in the US images are segmented and the

transformation which maps the image points to the actual wirecoordinates are found

using mathematical procedures.
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