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Abstract

Tissue sti�ness can be an indicator of various types of ailments. However, no stan-

dard diagnostic imaging modality has the capability to depict the sti�ness of tissue.

To overcome this de�ciency, various elasticity imaging methods have been proposed

over the past 20 years. A promising technique for elasticityimaging is acoustic ra-

diation force impulse (ARFI) based shear wave imaging. Spatially localized acoustic

radiation force excitation is applied impulsively to generate shear waves in tissue and

its sti�ness is quanti�ed by measuring the shear wave speed (SWS).

The aim of this thesis is to contribute to both the clinical application of ARFI

shear wave imaging and its technical development using the latest advancements in

ultrasound imaging capabilities.

To achieve the �rst of these two goals, a pilot imaging study was conducted to

evaluate the suitability of ARFI shear wave imaging for the assessment of liver �brosis

using a rodent model of the disease. The sti�ness of severely�brotic rat livers were

found to be signi�cantly higher than healthy livers. In addition, liver sti�ness was

correlated with �brosis as quanti�ed using collagen content.

Based on these �ndings, an imaging study was conducted on patients undergo-

ing liver biopsy at the Duke University Medical Center. A robust SWS estimation

algorithm was implemented to deal with noisy patient shear wave data using the

random sample consensus (RANSAC) approach. RANSAC estimated liver sti�ness

was found to be higher in severely �brotic and cirrhotic livers, suggesting that ARFI
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shear wave imaging may potentially be useful for the stagingof severe �brosis in

humans.

To achieve the second aim of this thesis, a system capable of monitoring ARFI

induced shear wave propagation in 3D was implemented using a2D matrix array

transducer. This capability was previously unavailable with conventional 1D arrays.

This system was used to study the precision of time-of-
ight(TOF) based SWS

estimation. It was found that by placing tracking beam locations at the edges of the

SWS measurement region of interest using the 2D matrix array, TOF SWS precision

could be improved in a homogeneous medium.

The 3D shear wave imaging system was also used to measure the SWS in muscle,

which does not conform to the isotropic mechanical behaviorusually assumed for

tissue, due to the parallel arrangement of muscle �bers. It is shown that the SWS

along and across the �bers, as well as the 3D �ber orientationcan be estimated

from a single 3D shear wave data-set. In addition, these measurements can be made

independent of the probe orientation relative to the �bers. This suggests that 3D

shear wave imaging can be useful for characterizing anisotropic mechanical properties

of tissue.
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Introduction

When the liver is sti�, the prognosis is bad.

{ Hippocrates

For millennia, tissue sti�ness has been used by physicians to detect various ma-

lignancies in the body. For example, palpation alone is e�ective in detecting lesions,

aortic aneurysms, and in
ammation. Sti� masses found during routine physical ex-

ams can be an early indication of disease, as in the cases of breast and prostate

cancer. Even though palpation is a subjective measure of sti�ness and is only e�ec-

tive in assessing super�cial regions of the body, it remainsan important diagnostic

tool because no standard imaging modality can currently provide the same type of

information. The ability to image the mechanical properties of tissue has therefore

the potential to aid the diagnosis and management of disease.

Over the past 20 years, a number of approaches have been proposed for imaging

the mechanical properties of soft tissuein vivo [1]. Analogous to the process of

palpation, these so-called `elasticity imaging' methods monitor the tissue response

to some form of mechanical stimulus by tracking its motion using a suitable imaging
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modality. The tissue deformation is then used to obtain a qualitative or quantitative

measure of sti�ness under simplifying assumptions of the tissue material properties.

This thesis investigates acoustic radiation force (ARF) based shear wave imag-

ing using ultrasound, an emerging technique for quantifying the elastic properties of

tissue. Its potential for characterizing sti�ness changesin the liver due to �brosis is

demonstrated in an animal model and in human patients. To fully characterize the

tissue response in three-dimensions (3D), a system capableof imaging ARF induced

shear wave propagation in 3D is implemented using a two-dimensional (2D) matrix

ultrasound array. This system enables the shear wave propagation in multiple di-

rections to be monitored, which can improve the precision ofsti�ness measurements

and allow more complex tissue mechanical properties to be characterized. This intro-

ductory chapter begins with an overview of the major elasticity imaging techniques

currently under investigation, followed by a review of ARF based shear wave elastic-

ity imaging, and will end with an outline of the thesis structure as well as its main

contributions.

1.1 Elasticity Imaging Techniques

All elasticity imaging methods involve the monitoring of tissue response to some form

of mechanical excitation. They can be classi�ed based on thetemporal characteristics

of the excitation, the excitation source, and the method used to detect tissue motion.

1.1.1 Excitation Frequency

Elasticity imaging techniques can generally be classi�ed by the excitation frequency

into two categories:

Static Excitation The excitation is applied slowly to allow tissue deformation to

reach a steady-state. One of the earliest works to adopt thisapproach was

Ophir et al. [2] in 1991. In that study, tissue was imaged before and after
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step-wise compression using ultrasound, and images of strain, or `elastograms',

were obtained from tissue displacement. Areas of low straincorrespond to

hard regions, and high strain to soft regions. Thus, strain images are capable

of displaying relative di�erences in sti�ness. This approach has been used for

applications such as tumor detection [3], characterization of vascular plaques

[4], and imaging thermally ablated tissue [5]. Today, static elastography is

available on most commercial ultrasound systems. Typically, the operator ap-

plies compression on the tissue directly using the imaging transducer. The

main drawback of static elastography is that it does not allow quanti�cation

of sti�ness unless the distribution of applied stress within the tissue is known.

Since this is usually not available in practice, it is a non-quantitative technique.

Dynamic Excitation The excitation applied is of short duration (transient) or

harmonically oscillating at high frequency. The tissue response in this case is

governed by the wave equation [6]. Under simplifying assumptions, the speed

of wave propagation in tissue can be directly related to its sti�ness, as will

be shown in Chapter 2. This can be exploited by dynamic elasticity imaging

techniques to quantitatively measure the sti�ness of tissue. These methods

have been investigated for quantifying the sti�ness of various types of tissue,

including liver [7, 8, 9, 10, 11], breast [12, 13], cardiac [14, 15, 16], skeletal

muscle [17, 18], artery [19], kidney [20], cornea [21], and brain [22, 23, 24].

Commercial implementations of elasticity imaging using dynamic excitation

include FibroScanR
 (Echosens, Paris, France), Virtual TouchTM tissue quan-

ti�cation (Siemens Healthcare, Ultrasound Business Unit,Mountain View, CA,

USA), Aixplorer R
 MultiWave TM Ultrasound System (SuperSonic Imagine, Aix-

en-Provence, France) and MR-Touch (GE Healthcare, Buckinghamshire, UK).

While dynamic excitation methods allow a quantitative measure of sti�ness to
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be obtained, images formed using wave speed measurements ingeneral have low

spatial resolution, and can be susceptible to artifacts in heterogeneous media.

1.1.2 Excitation Source

Three types of mechanical excitation have been used in elasticity imaging:

Mechanical actuators These can be applied to the skin surface to deform the tis-

sue underneath. They can be simple devices, such as plates [5, 3] or the imaging

transducer [25] for applying a static compression, or punches for exciting tran-

sient wave propagation [8]. Vibration devices o�ering precise frequency control

can be used for dynamic excitation [26]. Interstitial devices, such as intravascu-

lar balloons for inducing strains in arteries [4], have alsobeen used. In general,

the amplitude of displacements generated by mechanical actuators applied ex-

ternal to the body in deep lying tissue can be limited by body habitus (obesity

and ascites). In addition, wave propagation in tissue is often induced through

mode-conversion at the boundary of structures, which can lead to complicated

wave �elds and makes the reconstruction of elastic parameters a challenging

task [27, 28].

Acoustic radiation force ARF generated by ultrasound can be used to provide

mechanical excitation directly to the focal region of an acoustic beam [29].

This allows localized mechanical energy to be delivered directly to deep-lying

tissue and possibly avoid interference from intervening fat layers, ascites, or

boundaries of surrounding structures. It is attractive foruse in ultrasound-

based elasticity imaging, as the same transducer can be usedfor both excitation

and imaging. However, signi�cant displacements can only beinduced axially

along the beamline direction [30] and are small (on the orderof microns from

conventional diagnostic ultrasound transducers). ARF is predominantly used
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for dynamic excitation, but can also be used to apply steady-state excitation

for short durations (typically milliseconds) [31].

Physiological motion These methods utilize motion due to respiration, arterial

pressure, cardiac, or other muscle activity to provide excitation. These sources

have been used to derive elasticity information in arteries[32], skeletal muscle

[33], and myocardium [16]. Physiological motion can produce appreciable de-

formation at remote regions inside the body. However, external control of this

source of excitation is usually not possible.

1.1.3 Detection Methods

The main methods used for detecting tissue deformation in elasticity imaging are:

Ultrasound The �rst non-invasive measurements of tissue sti�ness weremade using

ultrasound [2, 34, 35, 36]. These early works took advantageof the real-time

imaging capabilities of ultrasound and available Doppler processing techniques

for detecting tissue motion. Today, it remains the most widely used imaging

modality for elasticity imaging, due to short acquisition times (within sec-

onds), portability, low cost, and its ability to also provide mechanical excita-

tion with ARF. However, conventional ultrasound is only able to provide 2D

cross-sectional images of the anatomy, and has limited sensitivity to displace-

ments perpendicular to the beam direction, which restrictsits ability to fully

characterize tissue deformation.

Magnetic resonance (MR) Elasticity imaging using MR is often referred to as

magnetic resonance elastography (MRE). It was �rst proposed by Muthupillai

et al. [26] in 1995. This method of detection can be used to image deforma-

tion from quasi-static compression [37], or combined with external vibrators

to image wave propagation [11]. Recently, ARF induced tissue deformation

5



has also been imaged using MR [38]. MR has the advantage of being a 3D

imaging modality and has the capability to measure displacement �elds with

equal sensitivity in any direction. However, the long acquisition time required

(on the order of minutes) means that most MRE studies are limited to data

from a single 2D plane of the anatomy [39, 40, 18].

Acoustic emission By using ultrasound radiation force to vibrate tissue at kHz

frequencies, Fatemi and Greenleaf showed that acoustic emissions can be gen-

erated [41]. These emissions are dependent on the tissue sti�ness, and can be

detected using a hydrophone, which o�ers high motion detection sensitivity.

This technique, called vibro-acoustography, has been applied to imaging calci-

�cations in arteries [42], breast [43], and thermally ablated tissue [44]. Due to

the complexity of vibro-acoustography systems, it has so far had limited use

in clinical settings, and recent e�orts have focused on its implementation on

commercial ultrasound systems [45].

1.2 ARF Driven Shear Wave Elasticity Imaging

The elasticity imaging technique investigated in this thesis is ultrasound based, ARF

driven shear wave imaging. It uses dynamic excitation from an ARF source to

induce shear wave propagation in tissue. The shear wave displacement is detected

ultrasonically, and the shear wave speed (SWS) is used to quantify the underlying

tissue sti�ness. This technique was originally proposed in1998 by Sarvazyan et

al. [46], who called it shear wave elasticity imaging (SWEI). It has been realized

in several laboratories around the world in di�erent forms.Some of these di�erent


avors of SWEI are described below.
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1.2.1 Acoustic Radiation Force Impulse (ARFI) Based Shear Wave Imaging

In acoustic radiation force impulse (ARFI) imaging, a localized, short duration

(� 100�s ) radiation force excitation, or `push', is applied to tissue. This technique

was developed by Nightingale et al. [47] at Duke University.Typically, the same

diagnostic ultrasound imaging transducer is used for both ARFI excitation and to

monitor the deformation response. By displaying the tissuedisplacement amplitude

at the same location as the excitation, a qualitative ARFI image of tissue sti�ness can

be obtained. Alternatively, shear waves generated by the push can be monitored by

tracking tissue displacement outside the region of excitation (ROE) [48]. The speed

of shear wave propagation can be estimated using a time-of-
ight (TOF) approach,

and can be used to quantify the underlying tissue sti�ness under certain assumptions

[49]. ARFI imaging has been commercially implemented by Siemens Medical Solu-

tions on the S2000TM ultrasound scanner under the name Virtual TouchTM tissue

quanti�cation.

1.2.2 Supersonic Shear Imaging (SSI)

Supersonic Shear Imaging (SSI) uses multiple implusive ARFexcitations focused at

di�erent depths to create an extended cylindrical wavefront. The ARF excitations

are applied faster than the shear wave speed (supersonically) so that the shear waves

generated from each excitation constructively interfere to create a quasi-planar shear

wave. These are then imaged using an ultrasound system capable of extensive parallel

receive processing to allow the generation of 2D images at high (kHz) frame rates.

The SWS is estimated using a TOF approach and used to quantifytissue sti�ness.

This system was developed by Berco� et al. [50] at Institut Langevin in Paris, France.

It has been implemented in the commercial AixplorerR
 MultiWave TM Ultrasound

System (SuperSonic Imagine, Aix-en-Provence, France).
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1.2.3 Shear Wave Dispersion Ultrasound Vibrometry (SDUV)

Instead of impulsive ARF excitation like ARFI or SSI, shear wave dispersion ultra-

sound vibrometry (SDUV) applies a continuous amplitude-modulated ARF excita-

tion to tissue. The result is a monochomatic shear wave of single frequency instead

of a broadband shear wave as win the cases of ARFI and SSI. The shear wave dis-

placement is tracked at locations away from the excitation using ultrasound. By

knowing the frequency of the shear wave, its speed can be estimated by comparing

its phase at di�erent locations. This method was developed by Chen et al. [51] at

Mayo Clinic. It has the advantage that the shear wave frequency can be precisely

controlled, facilitating characterization of frequency dependent viscoelastic behavior

in tissue.

1.2.4 Spatially Modulated Ultrasound Radiation Force (SMURF)

In spatially modulated ultrasound radiation force (SMURF)imaging, impulsive ARF

excitations are applied at separate locations simultaneously to induce shear waves

of a speci�c wavelength. The shear wave displacement is monitored at a single

location. By measuring the frequency of the shear wave and knowing its wavelength,

its speed can be estimated. This method was developed by McAleavey et al. [52]

at the University of Rochester. The advantages of SMURF imaging include the

reduction of errors due to ultrasonic displacement measurement, and the ability to

form quantitative images of sti�ness with high spatial resolution.

1.2.5 Crawling Wave Sonoelastography (CWS)

This approach uses harmonic ARF excitations at two di�erentlocations and at

slightly di�erent frequencies to induce shear waves traveling in opposite directions.

These produce an interference pattern which slowly moves between the two exci-

tation sources. The speed of these `crawling waves' can be used to quantify the
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underlying tissue sti�ness. CWS was developed by Parker et al. [53] at the Univer-

sity of Rochester. The primary advantage of CWS is that it does not require the

high tracking frame rates needed in other shear wave imagingmethods, making it

compatible with Doppler imaging techniques.

1.3 Thesis Outline

While a substantial number of elasticity imaging methods have been proposed and

implemented, a great deal of work is still necessary to establish their role in the diag-

nosis and management of disease. In addition, continued advancements in diagnostic

imaging capabilities can potentially be exploited to allowmore complex tissue me-

chanical behavior to be characterized. This thesis presents work on both the clinical

application of ARFI based shear wave elasticity imaging, and fundamental develop-

ment of new methods which leverage the latest diagnostic ultrasound technology. In

particular, experimental studies evaluating the potential of ARFI shear wave imag-

ing for the non-invasive assessment of liver �brosis will bepresented, as well as the

development of a system capable of imaging ARFI induced shear waves in 3D using

a 2D matrix array transducer.

Recently, there has been increasing interest in the measurement of liver sti�ness

as a marker for liver �brosis. Liver biopsy is the current gold standard for staging

liver �brosis. However, it has several disadvantages, including being highly invasive,

sensitive to sampling and inter-observer variability, andunsuitable for longitudinal

studies. Several elasticity imaging techniques for the non-invasive measurement of

liver sti�ness have been developed [8, 11, 54, 7]. The �rst half of this thesis de-

scribes initial studies performed using animal and human subjects to investigate the

potential of ARFI shear wave imaging for assessment of liver�brosis.

In the second half of this thesis, the development of a systemcapable of imaging

ARFI induced shear waves in 3D is described. This system takes advantage of the
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real-time volumetric imaging capabilities of a 2D matrix array transducer to monitor

shear wave propagation in 3D. This overcomes limitations associated with the use

of conventional 1D array transducers in shear wave imaging,as these are only able

to monitor tissue response to ARFI excitation in a 2D plane. It is shown that this

system can be used to characterize the mechanical properties of anisotropic tissue,

which is more complex than the isotropic mechanical behavior usually assumed for

tissue.

The remainder of this thesis is organized as follows. Chapter 2 presents back-

ground information on the the generation of acoustic radiation force and shear waves

using ultrasound and the TOF method for estimating the SWS. Chapter 3 describes a

pilot imaging study using a rodent model of liver �brosis andshows that ARFI shear

wave imaging is capable of detecting increased liver sti�ness associated with �bro-

sis. Chapter 4 details a robust algorithm for estimating theSWS from ARFI shear

wave data collected from patients undergoing liver biopsy at the Duke University

Medical Center. The measured liver sti�ness increased with�brosis stage assessed

from biopsy, and shows the potential of ARFI shear wave imaging for diagnosing

liver �brosis. Chapter 5 describes development of a system capable of imaging ARFI

induced shear waves in 3D. It is shown that by monitoring shear wave propagation in

multiple directions, the precision of SWS estimates in a homogeneous medium can be

improved. Chapter 6 uses the 3D ARFI shear wave imaging system to characterize

the mechanical properties of muscle, which is anisotropic.It is shown that the SWS

along and across the muscle �bers, and the 3D �ber orientation can be estimated

from a single 3D ARFI shear wave data-set. Finally in Chapter7, knowledge de-

rived from the work presented in this thesis is summarized, and future directions are

outlined.
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2

Background

This section presents an overview of the physical principles of ARFI shear wave

imaging. It begins by reviewing soft tissue biomechanics and the mechanism for

ultrasonic wave propagation. This is followed by a discussion of the generation of

acoustic radiation force and shear waves due to ultrasound propagation in attenuating

media. Next, methods for ultrasonic tracking of acoustic radiation force induced

displacements is presented. Finally, the TOF approach for quantifying tissue sti�ness

from shear wave displacement data is presented.

2.1 Soft Tissue Biomechanics Under Dynamic Excitation

The equation of motion governing the mechanical behavior oftissue under applied

stress can be derived from three fundamental relations: 1) the constitutive equation

(stress-strain relationship), 2) the balance of linear momentum (Newton's second law

of motion), and 3) the in�nitesimal strain tensor (strain-displacement relationship).

For compactness, indicial notation is adopted in the following derivation, where sub-

script indices can take on the values 1, 2, or 3, and repeated indices follow the

Einstein summation convection [55].
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As a �rst order approximation, soft tissue can be described as a linear elastic

isotropic solid1 with the following constitutive equation [56]:

� ij = �e� ij + 2�" ij ; (2.1)

where � ij is the stress tensor," ij is the strain tensor, � and � are Lam�e constants,

and e is the dilatation (e = " ii ). The balance of linear momentum for such a material

is:

� ij;j + �b i = �f i ; (2.2)

where � ij;j is the divergence of the stress tensor,� is the material density, bi is the

steady-state acceleration due to a body force (e.g., gravity), and f i is an externally

applied time-varying acceleration (e.g., due to radiationforce). We will only consider

dynamic (i.e., time-varying) sources of excitation in thisderivation and thus will

ignore the term bi in equation (2.2). To derive an expression for displacementfrom

(2.2), the constitutive equation (2.1) is di�erentiated to give:

� ij;j = �e ;i + � (ui;jj + uj;ij ); (2.3)

whereu represents displacement, and the approximation for in�nitesimal strain

" ij =
1
2

(ui;j + uj;i ) (2.4)

was used. Sinceuj;ij = uj;ji = e;i , (2.3) can be written as:

� ij;j = ( � + � )e;i + �u i;jj : (2.5)

Finally, substituting (2.5) into the balance of linear momentum (2.2) in the absence

of body forces (bi = 0), and rewriting f i as •u, the equation of motion in a linear

elastic isotropic solid under dynamic excitation is:

(� + � )e;i + �u i;jj = � •ui : (2.6)

1 An anisotropic elastic solid model will be considered in Chapter 6.
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In vector notation, (2.6) is:

(� + � )r (r � ~u) + � r 2~u = � •~u; (2.7)

where ~u = ( u1; u2; u3) is the 3D displacement vector. In general, the displacement

�eld in a solid given by (2.7) is a superposition of two components: dilatational,

and transverse [57]. The dilatational component arises when deformation is not

accompanied by rotation, that is

r (r � ~u) = r 2~u: (2.8)

Then, the equation of motion (2.7) becomes:

(� + 2 � )r 2~u = � •~u: (2.9)

In one-dimension, (e.g., the 1-direction), (2.9) can be rearranged into the familiar

form

@2u1

@t2
= cL

2 @2u1

@x21
; (2.10)

wherex1 denotes spatial location in the 1-direction, and

cL =

s
� + 2�

�
: (2.11)

Equation (2.10) describes a longitudinal wave propagatingin the 1-direction with a

velocity cL . The displacementu1 occurs in the same direction as the wave propaga-

tion.

The transverse component of motion occurs when deformationdoes not cause a

volume change, that is

e = r � ~u = 0: (2.12)

The equation of motion (2.7) in this case becomes:

� r 2~u = � •~u: (2.13)
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Considering displacement only in the 2-direction, and neglecting the 3-direction for

simplicity, (2.13) reduces to

@2u2

@t2
= cT

2 @2u2

@x21
; (2.14)

where

cT =
r

�
�

(2.15)

Equation (2.14) describes a shear wave propagating in the the 1-direction with a

velocity cT . The displacementu2 occurs orthogonally to the direction of wave prop-

agation.

2.2 Ultrasound Propagation in Tissue

The following derivation is taken from Kinsler and Frey, 1982 [58]

The propagation of sound may be described by treating the media as a compress-

ible inviscid 
uid [55]. The equation of motion for such a material is

� 0
@~v
@t

= �r p; (2.16)

where� 0 is the equilibrium 
uid density, ~v is the velocity vector, andp the acoustic

pressure. Equation (2.16) is also known as the linear Euler's equation. The linearized

equation of continuity (conservation of mass) is

1
� 0

@�1
@t

+ r � ~v = 0; (2.17)

where� 1 is the �rst order term of the time varying density. Combining the divergence

of the linear Euler's equation and the time derivative of theequation of continuity

gives

r 2p =
@2� 1

@t2
: (2.18)
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Assuming ultrasound propagation is adiabatic, and small changes in density occur,

the equation of state is

p = K
� 1

� 0
; (2.19)

whereK is the bulk modulus. The acoustic wave equation is obtained by substituting

(2.19) into (2.18) to give

r 2p =
1
c2

@2p
@t2

; (2.20)

wherec is the speed of sound de�ned by

c =

s
K
� 0

: (2.21)

The solution to the acoustic wave equation for 1D (plane) wave propagation in the

1-direction is

p = Aej (!t � kx 1 ) + Bej (!t + kx 1) ; (2.22)

where ! is the angular frequency,k = !=c is the wave number, andA, B complex

arbitrary constants. This describes the superposition of two waves of arbitrary initial

phase, one traveling in the positive 1-direction and one in the negative 1-direction at

the speed of soundc. The particle velocity may be obtained from (2.16) and (2.22),

and is

~v = vx̂1 = [( A=� 0c)ej (!t � kx 1 ) � (B=� 0c)ej (!t + kx 1) ]x̂1; (2.23)

where x̂1 is a unit vector in the 1-direction, and the quantity � 0c is known as the

speci�c acoustic impedanceZ . Since 
uids cannot support shear stress, sound prop-

agates as a longitudinal (i.e., dilatational) wave, and thedirection of particle motion

is the same as the direction of wave travel (in this case ^x1). Without loss of general-

ity, by considering only the forward propagating wave and setting the initial phase
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to zero, the ultrasonic pressure and particle velocity become

p = Aej (!t � kx 1 ) (2.24)

v = ( A=� 0c)ej (!t � kx 1) : (2.25)

2.3 Acoustic Radiation Force

The following derivation is taken from O'Brien, 2007 [59]

The equation describing ultrasound wave propagation through tissue (2.24) and

(2.25) presented in the previous section describes what occurs in an ideal, non at-

tenuating medium. In reality, at ultrasonic frequencies, acoustic wave attenuation is

appreciable in tissue due to the combined e�ects of scattering and absorption. The

pressure amplitude decay of the ultrasound wave as it propagates through tissue is

described as

A = A0e� �x 1 ; (2.26)

where� is the attenuation coe�cient of the tissue, andA0 is the pressure amplitude

of the wave atx1 = 0. Substituting (2.26) into (2.24) and (2.25) gives

p = A0e� �x 1+ j (!t � kx 1) (2.27)

v = V0e� �x 1+ j (!t � kx 1) ; (2.28)

whereV0 = A0=� 0c is the velocity amplitude at x1 = 0.

The greatest cause of attenuation in tissue is absorption, where kinetic energy is

transferred from the sound beam to the medium due to viscosity and is ultimately

lost as heat. In attenuating media, the decrease in intensity of the ultrasound wave
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(time average power per unit area) is

I =
A2

2� 0c
(2.29)

=
1

2� 0c
A2

0e
� 2�x 1 =

� 0c
2

V 2
0 e� 2�x 1 (2.30)

= I 0e� 2�x 1 ; (2.31)

where I 0 = A2
0=2� 0c = V 2

0 � 0c=2 is the intensity at x1 = 0. The transfer of kinetic

energy results in a temporally and spatially varying force per unit volume given by

~F = �
�

@~v
@t

+ ~v � r ~v
�

: (2.32)

An expression for the time-average value of~F can be obtained after performing a

second order perturbation expansion of (2.32) [60]:

~F = � 0h~v1 r � ~v1 + ~v1 � r ~v1i ; (2.33)

where~v1 is the �rst order (i.e., sinusoidal time-varying) component of the particle

velocity and hi indicates the time-average value. Substituting the attenuating one-

dimensional traveling wave in (2.28) and the expression forthe time-average intensity

in (2.31) into (2.33), one obtains the time-average force per unit volume on the

medium:

~F =
2�I

c
x̂1: (2.34)

The force given by (2.34) is the so-called acoustic radiation force, and its direction

coincides with the direction of wave propagation (^x1 in this case).

2.4 Shear Wave Generation with Acoustic Radiation Force

In ARF imaging, the phenomenon of acoustic radiation force is exploited to remotely

push or `palpate' underlying tissue. Energy is directed deep into the tissue using high
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intensity, focused ultrasound. The applied radiation force, corresponding to thef i

term in the balance of linear momentum (2.2), is capable of generating shear waves

in the tissue according to (2.13), which propagate away fromthe location of the

applied force, or region of excitation. Note that this shearwave does not have the

same frequency as the acoustic wave, nor does it travel at thesame speed. The

shear wave speedcT , given by (2.15), is dependent on the shear modulus (� ) and

density (� ), and is typically 3 orders of magnitude smaller than the acoustic wave

speed in tissue (c � 1540 ms� 1; cT � 1 ms� 1). The shear modulus� is re
ective of

the sti�ness of tissue, and it is this parameter which provides contrast in elasticity

imaging. In Section 2.6, methods by which the shear modulus can be estimated from

the dynamic tissue response to radiation force are presented.

2.5 Ultrasonic Displacement Tracking

A �rst step to the assessment of the mechanical properties oftissue with ARF based

elasticity imaging is the estimation of tissue displacement in response to acoustic

radiation force excitation. In ARFI imaging, small displacements on the order of

microns are generated in the direction of acoustic wave propagation, and these can be

monitored by 1D speckle tracking methods which operate axially along the beamline

direction. ARFI induced displacements lateral to the beam direction are an order

of a magnitude smaller than the axial component [30], and cannot be monitored by

conventional ultrasonic speckle tracking methods.

To estimate the displacement, ultrasound echo data from consecutive frames (pre-

and post-deformation) are compared. The motion at a point ofinterest is calculated

by comparing the pre-deformation data within a window (or kernel) centered on

that point with the post-deformation data to �nd the best mat ch according to some

criterion. Various methods of assessing signal similarityfor ultrasonic displacement

tracking include time-domain measures [61, 62, 2], such as normalized cross cor-
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relation, sum of absolute di�erence (SAD), and sum of squared di�erences (SSD).

Phase-shift estimators, such as Kasai [63] and Loupas [64, 65], are widely used due

to their high computational e�ciency. Another approach is to search for the zero-

crossing of the complex correlation phase between the pre- and post-deformation

analytic echo signals [66].

Ultrasonic speckle tracking is subject to a number of sources of error. The �rst

type, known as peak-hopping, occurs when signal decorrelation, noise, and �nite

window length causes the estimated displacement to shift more than half the radio

frequency (RF) wavelength away from the true displacement,causing an apparent

discontinuity in the estimated motion with time. The secondtype of error is dis-

placement estimation jitter caused again by decorrelation, noise, and �nite window

lengths. Theoretically, the jitter magnitude can be characterized by the Cram�er-Rao

lower bound [67], for a given signal bandwidth, window length, electronic signal to

noise ratio (SNR), and signal decorrelation. The third typeof error is location es-

timation error. Due to a combination of non-uniform displacement (shearing), and

non-uniform signal amplitude within the �nite extent of the tracking window and

beamwidth, the displacement estimator does not necessarily track the motion at the

center of the window, as assumed [68]. Instead, the estimated displacement is biased

toward the motion of locations having the brightest echo within the window. In

ARFI imaging, this e�ect can lead to underestimation of displacement [69].

2.6 Sti�ness Quanti�cation using ARFI Shear Wave Imaging

As shown in equation (2.15), the shear wave speed in tissue isdependent on the shear

modulus and its density. ARFI shear wave imaging generates shear waves in tissue

using ARFI excitation, and monitors the tissue displacement at locations away from

the push. By measuring the speed of shear wave propagation and assuming a value

for the density (usually taken to be equivalent to that of water, or 1000 kg=m3), the
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Table 2.1: Summary of radiation force sequence parameters used to acquire the data
in Figure 2.1.

Parameter Value
Probe CH4-1
Push freq 2.22 MHz
Track freq 3.08 MHz
Push cycles 400
Push duration 180� s
Track PRF 4.8 kHz
Push F# 2.0
Push focal depth (lateral) 49 mm
Elevation focus 49 mm
Peak temperature rise �T 0:2 � C
I sppa (in situ ) 1662 W=cm2

MI (0.3) 3.22
MI ( in situ ) 2.51

tissue shear modulus can be quanti�ed.

The SWS can be estimated using a time-of-
ight (TOF) approach. This method

has been used in ARF based shear wave elasticity imaging by multiple groups

[70, 13, 49]. The principle of this technique can be illustrated by a simple example.

Figure 2.1 shows the ultrasonically tracked shear wave displacements in two homo-

geneous phantoms of di�erent sti�ness induced by a modi�ed Siemens SONOLINE

AntaresTM scanner (Siemens Medical Solutions USA, Ultrasound Division, Issaquah,

WA, USA) and the parameters in Table 2.1. The displacement time pro�les at se-

lected locations away from the push focus is shown. The shearwave arrival time

is determined from these pro�les using a suitable feature, such as the time-to-peak

(TTP) displacement, as shown on Figure 2.1. By assuming a direction of propa-

gation (in this case the lateral direction), the SWS can be estimated using a linear

regression of the arrival timeversusposition, as shown on Figure 2.2.
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Figure 2.1 : ARFI induced shear wave displacement in a soft (left column) and
hard (right column) homogeneous phantom. The displacementamplitude is shown
at three time-steps after ARFI excitation in the �rst three rows. The push was
focused at a lateral location of 0 mm and axial depth of 49 mm. The shear wave
propagates away from the push in the positive lateral direction. The displacement
time pro�le is displayed for six locations (marked by the colored dots) in the bottom
row. The shear wave arrival time at these locations as determined using the TTP is
shown by the dashed lines.
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Figure 2.2 : The shear wave arrival times from Figure 2.1 for two homogeneous
phantoms of di�erent sti�ness. The SWS is given by the inverse slope of the regression
line between the arrival time and the propagation distance.The estimated SWS (cT )
for the two phantoms are shown.

2.7 Summary

This chapter has described the fundamental concepts underlying ARFI shear wave

imaging. These principles are applied to study liver sti�ness in the context of hepatic

�brosis staging, followed by extension of existing methodsto 3D and its application

for characterizing the anisotropic mechanical propertiesof muscle in the ensuing

chapters.
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3

In-Vivo Quanti�cation of Liver Sti�ness in a Rat
Model of Hepatic Fibrosis with Acoustic Radiation

Force

The work presented in this chapter was published in Ultrasound in Medicine and

Biology, 35 (10): 1709-1721, 2009 [71].

The following chapter describes a pilot imaging study conducted using a rodent

model of hepatic �brosis to assess the correlation between liver sti�ness measured by

ARFI induced shear waves and disease related changes in the liver. The measured

shear modulus of healthy livers (F0) was 1:5 � 0:1 kPa (mean � 95% con�dence

interval), and was signi�cantly lower than livers which hadsevere �brosis (F3), which

was 1:8� 0:2 kPa. Liver sti�ness was found to be linearly correlated with the amount

of collagen in the liver measured by picosirius red staining(r 2 = 0:43, p = 0:008).

These results suggests that sti�ness measurement using ARFI shear wave imaging

can provide a quantitative assessment of the extent of �brosis in the liver and can

be potentially used for the diagnosis, management, and study of liver �brosis.
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3.1 Introduction

Liver �brosis is the common result of various causes of chronic damage to the liver,

including infections, toxins, autoimmune disorder, cholestatic and metabolic diseases

[72]. Fibrosis is marked by the gradual replacement of hepatocytes by extracellular

collagen, which disturbs the normal architecture of the liver and can inhibit its ability

to function. Cirrhosis, the end stage of �brosis, a�ects millions of people worldwide.

In the US, an estimated 900,000 patients su�er from cirrhosis, resulting in 30,000

deaths per year [72].

Liver biopsy is the current gold standard for the diagnosis of liver �brosis. How-

ever, this procedure has numerous disadvantages. It is highly invasive and is associ-

ated with potential morbidity and mortality [73]. It can also be prone to sampling

error, particularly when small biopsy samples are analyzed[74]. In addition, inter-

observer variability of up to 20% in assessing the degree of �brosis is possible [72].

Lastly, repeat liver biopsies are not well tolerated, and therefore not appropriate for

monitoring disease progression or response to anti�brotictherapies. Therefore, there

is an immediate need for an non-invasive, low cost, and outpatient-friendly method

for the assessment of liver �brosis.

Recently, there has been increasing interest in the measurement of liver sti�ness

as a marker for hepatic �brosis. This is based on the observation that liver sti�ness

increases with the progression of �brosis [75]. Several imaging-based techniques for

the non-invasive measurement of liver sti�ness have been developed. The FibroscanR


system (Echosens, Paris, France) [8] uses a piston-like vibrator to punch the body

wall in order to induce shear waves inside the liver. A single-element ultrasound

transducer at the end of the vibrator is able to measure the resulting tissue displace-

ment as a function of time, from which the shear wave velocity, and liver sti�ness is

derived. Clinical trials of the FibroscanR
 have shown its sti�ness measurements to be
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signi�cantly correlated with �brosis stage [76, 77, 78]. Magnetic resonance elastog-

raphy (MRE) is another promising method for non-invasivein vivo measurement of

liver sti�ness. In prospective studies of MRE in patients [79, 11], low frequency shear

waves (� 60 Hz) were generated in the liver using an external piston coupled to the

body wall. These shear waves were monitored by specialized MRE pulse sequences,

and images of tissue sti�ness were reconstructed using local inversion algorithms.

Both Huwart et al. [79] and Yin et al. [11] reported increasing liver sti�ness mea-

sured by MRE with �brosis stage assessed by liver biopsy. These two groups have

also explored the use of MRE in controlled animal models of liver �brosis [80, 81].

Both of these studies showed signi�cant correlations between measured sti�ness and

quantitative measures of �brosis.

Acoustic radiation force generated by ultrasound can also be used to interro-

gate the mechanical properties of tissuein vivo and non-invasively. In contrast to

systems which use external mechanical vibrators to excite deeper tissue of interest,

acoustic radiation force provides mechanical excitation directly to the focal region of

the acoustic beam [29]. Therefore, mechanical energy can bedelivered by acoustic

radiation force to deep-lying tissue (+8 cm using a diagnostic ultrasound scanner)

[82] even in the presence of intervening fat layers or ascites, which limits utility of

the FibroscanR
 system [83]. An additional limitation of the FibroscanR
 is the small

volume of liver tissue sampled (a cylinder approximately 2 cm long and 2 cm in diam-

eter). Although the volume of tissue interrogated around each focal zone of acoustic

radiation force excitation is also small (typically a cylinder approximately 2 cm long

and 1 cm in diameter), multiple excitations can be used to sample a larger volume

of tissue.

Several approaches for measuring tissue sti�ness by monitoring its dynamic re-

sponse to acoustic radiation force using ultrasound imaging have been proposed.

These include shear wave elasticity imaging (SWEI) [46], supersonic shear imaging
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(SSI) [50], shear wave dispersion ultrasound vibrometry (SDUV) [84], localized har-

monic motion imaging [85], spatially modulated radiation force (SMURF) [52], and

acoustic radiation force impulse imaging (ARFI) [47]. In addition to ultrasound,

magnetic resonance monitoring of shear waves generated by acoustic radiation force

is also possible [86], and could allow MRE to be performed in the body where external

mechanical excitation is not feasible.

In addition to liver sti�ness, the relationship between itsviscoelastic (VE) prop-

erties and �brosis have also been explored [80, 79]. Viscoelasticity is a material

property in which the shear wave speed is frequency dependent (dispersive). By

modeling liver as a Voigt solid, Huwart et al. [79] was able toreconstruct images

of liver shear viscosity from MRE data. The mean shear viscosity of livers with

cirrhosis was found to be signi�cantly higher than healthy livers, suggesting that

shear viscosity could also be useful for the assessment of liver �brosis. Salameh et al.

[80] used the same imaging approach on rats, and found signi�cant correlations be-

tween viscosity and the amount of �brosis in the liver. Imaging of tissue viscoelastic

parameters with acoustic radiation force techniques, including SDUV [84] and SSI

[13], have also been investigated for its potential in detecting pathological changes

in various types of tissue.

A technique using acoustic radiation for the quanti�cationof tissue sti�ness has

recently been described by Palmeri et al. [49]. A similar approach to that originally

proposed by Sarvazyan et al. [46] and SSI [50] is taken, in which shear waves are

induced in tissue by focused impulsive acoustic radiation force and their propagation

speed is monitored by ultrasound to quantify tissue shear modulus. This method

uses the same diagnostic transducer for excitation and tracking of shear wave dis-

placement, and can therefore be implemented on a diagnosticultrasound scanner

without additional hardware. In contrast to FibroscanR
 , this approach allows image

guidance of the exact excitation location, enabling veri�cation that sti�ness mea-
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surements were performed in the intended organ. Finally, compared to MRE, which

can require acquisition times of up to 20 minutes [79], sti�ness measurements using

ultrasound imaging can be performed within seconds, facilitating its use in a clinical

environment.

The purpose of this study is to evaluate the feasibility of using acoustic radiation

force and processing methods as proposed by Palmeri et al. [49] to detect sti�ness

changes in rat livers caused by chemically induced �brosis,and compare measured

liver sti�ness with histopathological evaluation of the disease stage, as well as quan-

titative measurements of �brosis in the liver using picosirius red staining and hydrox-

yproline assay. A secondary goal is to present initial investigations of quantifying

the e�ects of viscoelasticity on shear waves propagating inthe normal and diseased

rat livers.

3.2 Background

Acoustic radiation force arises from the transfer of momentum from a propagating

acoustic wave in a lossy medium by absorption or re
ection. The spatial distribution

of the resulting force �eld is dependent on both the excitation beam geometries and

acoustic properties of the medium. For soft tissues, where the major contribution

to attenuation is due to absorption, the radiation force magnitude under plane wave

assumptions is given by [29]

F =
Wabsorbed

c
=

2�I
c

; (3.1)

where F is the acoustic radiation force in the direction of the propagating wave,

Wabsorbed is the power absorbed by the medium at a given spatial location, c is the

speed of sound in the medium,� is the absorption coe�cient of the medium, and

I is the temporal average intensity at a given location. The force �eld (or region of
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excitation) always lies within the geometric shadow of the active transmit aperture

and is typically most energetic near the focal point.

In addition to radiation force, acoustic energy absorbed bya lossy medium is also

converted to heat. In tissue, the rate of heat generation perunit volume qv for a

progressive plane wave is given by [87]

qv = 2�I: (3.2)

The maximum temperature increase �T, assuming no heat loss by convection or

conduction, can be approximated by [88]

� T =
qv

cv
t =

2�I
cv

t; (3.3)

where cv is the heat capacity per unit volume of soft tissue, andt is the exposure

time.

In this study, acoustic radiation force in tissue is generated by a short duration

focused ultrasound pulse (see Table 3.1 for parameters). This force generates max-

imum displacement amplitudes of typically 20� m at the focus inside the rat liver.

The radiation force from the excitation pulse induces shearoscillations which propa-

gate away from the region of excitation. As will be detailed later, by monitoring the

tissue motion near the region of excitation spatially and temporally using 1D speckle

tracking methods, the shear wave speed inside the rat liver can be estimated. The

shear wave velocity (cT ) can then be related to the shear modulus (� ) and density

(� ) under assumptions of a linear elastic isotropic material by

� = �c T
2: (3.4)
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3.3 Methods

3.3.1 Animal Model

Studies were performed on 5 week old male Sprague-Dawley rats weighing 120-140 g

using procedures approved by the Duke University IACUC. Liver �brosis was in-

duced by intraperitoneal (i.p.) injections of 1.0 ml/kg body weight of 10% carbon

tetrachloride (CCl4) (Fisher Scienti�c, Pittsburgh, PA, USA) in olive oil (Fish er Sci-

enti�c, Pittsburgh, PA, USA), three times a week for eight weeks. CCl4 is one of the

oldest and most widely used toxins for the induction of liver�brosis in animals. Its

pattern of pathogenesis resembles some aspects of alcoholic liver damage in humans

[89]. A treatment group of 10 animals were given the CCl4, while 5 control animals

were injected with the same dose of olive oil only. Injections were stopped and imag-

ing was performed after eight weeks, at which time moderately severe �brosis (stage

F2-F3) was produced by the model.

3.3.2 Data Acquisition

A modi�ed Siemens SONOLINE AntaresTM scanner (Siemens Medical Solutions

USA, Ultrasound Division, Issaquah, WA, USA) was used for radiation force mea-

surement of liver sti�ness. Acquisition parameters are summarized on Table 3.1. The

acquisition sequence consists of a reference track A-line,followed by a high intensity

pushing line to mechanically excite the tissue, then by repeated tracking A-lines in

the same location as the reference to monitor tissue motion.

Eighty tracking A-lines were used at a pulse repetition frequency (PRF) of 9:4 kHz,

providing 8:5 ms of data at each tracking location. To monitor the shear wave prop-

agation away from the excitation location, a series of tracking locations laterally

o�set to one side of the push were used. 4:1 parallel receive was implemented to

reduce the number of interrogations required. A total of nine repeated excitations
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Table 3.1: Summary of radiation force sequence parameters.

Parameter Value
Probe VF7-3
Push freq 3.3 MHz
Track freq 7.27 MHz
Push cycles 200
Push duration 61� s
PRF 9.4 kHz
Push F# 2.0
Push focal depth (lateral) 25 mm
Elevation focus 37.5 mm
� T 0:18� C
I sppa 3054 W=cm2

MI (0.3) 3.98
MI ( in situ ) 3.6

in the same location with tracking locations increasingly further away laterally for

each excitation were used to measure shear wave propagationin a lateral region of

approximately 5 mm. This sequence was repeated in �ve di�erent push locations

within each imaging plane, separated by 2:5 mm laterally. The combined lateral re-

gion of interest (ROI) interrogated by the �ve pushes (measured from the location of

the �rst push to the edge of the tracking window of the last push) was approximately

16 mm.

To estimate tissue heating associated with the acquisitionsequence, hydrophone

measurements (Model 805, Sonic Technologies, Hatboro, PA)of the peak acoustic

intensity output of the pushing pulse was made. Hydrophone measurements were

conducted at the excitation focal depth of 25 mm in a 60% by volume evaporated

milk solution, which simulated the acoustic attenuation ofrat liver. A 15 mm water-

path between the transducer and milk solution separated by saran wrap was used

to replicate the water-path used to couple the transducer tothe rat abdomen dur-

ing imaging. The spatial peak pulse average intensity (I sppa) was measured for ten
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cycles of the pushing pulse with parameters shown in Table 3.1. The recorded peak

pressure is shown in Figure 3.1. Only ten cycles were used forfocal measurements to

avoid damage to the hydrophone. Power supply droop for the full 200 cycle pushing

pulse was measured with the hydrophone in the near-�eld of the transducer, and a

correction term for the I sppa measured over ten cycles was used. Finally, a derating

term accounting for the acoustic attenuation of the rat abdominal wall, assumed to

be 1:1 dB=cm=MHz [90] and 5 mm in thickness, and for the di�erence in the measured

acoustic attenuation of the evaporated milk solution (0:3 dB=cm=MHz) and that of

rat liver (assumed to be 0:5 dB=cm=MHz), was included to arrive at an estimate of

3054 W=cm2 for the in situ I sppa. This value, along with a heat capacity per unit vol-

ume ofcv = 4200 mW�s=cm3= � C, an exposure time oft = 61 � s, and Equation (3.3),

was used to estimate a peak temperature rise of �T = 0:02� C during a single push.

The time between repeated push pulses in the same location is8:3 ms. Assuming

that negligible cooling occurs in this time, the total cumulative peak temperature

rise due to the nine repeated pushes of the acquisition sequence is estimated to be

0:18� C.

Liver sti�ness was measured in all animals 3-5 days after thelast injection. During

imaging, the rats were anesthetized with iso
urane and placed supine on a warming

platform (Vevo Mouse Handling Table, Visualsonics, Toronto, ON, Canada). The

ultrasound probe was coupled to the rat through a water-pathand a thin layer of

saran wrap holding the water. The water level above the rat was kept constant for

all the animals and the water-path from the abdomen to the transducer face was

typically around 15 mm. Abdominal hair was removed before coupling and a thin

layer of gel was placed between the saran wrap and skin surface. Respiration was

monitored by a capacitive sensor on the warming platform. The resulting signal

was connected to the Physio Module of the AntaresTM as described by Ashfaq et al.

[91] to trigger data acquisition in order to minimize the e�ect of respiratory motion
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Figure 3.1 : Peak pressure of the radiation force excitation �eld measured with a
hydrophone. The amplitude has been scaled by derating factors accounting for the
acoustic attenuation of the rat abdominal wall, rat liver, and power supply droop
over 200 cycles of the pushing pulse.

on tissue displacement. Typically, sti�ness measurementswere performed at 10-30

sagittal planes separated by 1 mm through the entire visiblearea of the rat liver. A

rail system connected to the transducer holder was used to move the probe between

imaging planes (Vevo Integrated Rail System, Visualsonics, Toronto, ON, Canada).

Animals were sacri�ced immediately after sti�ness measurements by cardiac in-

jection of pentobarbital. Livers were harvested, weighed,and �xed in 10% bu�ered

formalin for histopathological analysis. Slides were madefrom 5 micron thick slices of

the right and left lobes and stained with Masson's trichrome. Additional slides of the

rat livers were stained with picosirius red (Sigma-Aldrich, St. Louis, MO, USA) for

collagen and counterstained with fast green (Sigma-Aldrich, St. Louis, MO, USA).

Small pieces (26� 144 mg) of liver tissue from the left lobe were freeze-dried for

hydroxyproline analysis.
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Figure 3.2 : Tissue axial displacement at the focal depth measuredin vivo in one
rat liver after radiation force excitation. Each curve shows the tissue displacement
as a function of time after the excitation. The lateral location of each curve with
respect to the excitation location are shown in the legend. The vertical dotted lines
show the measured TTP values used for shear wave speed estimation. The back edge
of the displacement curve is tied to zero beyond the maximum expected transit time
of the shear wave by the dynamic motion �lter.

3.3.3 Data Processing

Tissue motion due to acoustic radiation force excitation was measured by Loupas'

method on IQ data [65] and subsequently using a dynamic motion �lter to reduce

physiological motion artifacts [49]. Displacement data was averaged over 0:5 mm

sliding windows � 1 mm around the focal depth in the axial dimension to reduce

noise. In addition, a low-pass �lter with a cuto� frequency of 1 kHz was used to

remove high frequency jitter. The tissue displacement at the focal depth lateral to

the excitation location obtained in vivo in one rat liver is displayed in Figure 3.2.

The curves in the �gure correspond to the axial displacementat the focal depth at

di�erent lateral tracking locations as a function of time after the excitation pulse.

Shear wave propagation and attenuation of its amplitude away from the push location

can be readily observed.
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Shear moduli were reconstructed from displacement data using the lateral time-

to-peak (TTP) algorithm [49]. This time-of-
ight algorith m measures the velocity

of the shear wave by �nding its peak displacement time at lateral locations away

from the excitation region. The shear wave speed is then estimated at each depth

by performing a linear regression of the TTP data versus lateral location, assuming

purely lateral shear wave propagation and that the peak displacement propagates

at the shear wave speed. Regressions were performed over a lateral window sized

such that the maximum displacement occurring over time was greater than 1� m at

every lateral position. In addition, data within the excitation beamwidth laterally

(typically 1mm) was not used for the regression. Finally, Equation (3.4), along with

an assumed tissue mass density of� = 1 g=cm3, was used to convert shear wave speed

to shear modulus.

To evaluate the e�ect of viscosity on shear wave morphology in the rat livers, its

spatial coherence function was calculated at the excitation focal depth for a range of

distances lateral to the excitation. Raw displacement data� 1 mm around the focal

depth axially was averaged and low-pass �ltered as previously, but no motion �ltering

was performed in order to preserve the shape of the waveforms. The spatial coherence

was calculated as the maximum of the cross-correlation function of the shear wave

at a location of interest, and a reference location. The reference, representing the

`initial' shape of the shear wave, was chosen as the lateral location closest to the

radiation force excitation having a displacement at the �rst time-point below 2� m.

This was done to ensure that the front edge of the shear wave atthe reference location

was not distorted by excessive reverb from the excitation pulse. As for shear wave

speed estimation, data within the excitation beamwidth laterally, where signi�cant

di�raction of the shear wave occurs, was not used. Finally, by varying the location

of interest from the reference to locations farther from theexcitation, the shear wave

spatial coherence was found as a function of propagation distance.
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As the propagation distance increases, changes to the shearwave morphology due

to dispersion are expected to become more signi�cant, and its spatial coherence will

decrease as a result. Therefore, in dispersive media, the shear wave spatial coherence

should decrease with propagation distance. In non-dispersive media, changes in

spatial coherence with distance should be negligible. As a measure of change in shear

wave morphology in the rat liver, a line was �t using the method of least squares to

the spatial coherence as a function of propagation distance. Fits with a coe�cient

of determination less than 0.8 and a 95% con�dence interval (CI) more than 0.003

were discarded. The magnitude of the slope of this line was used for characterizing

changes in shear wave morphology, and will be referred to as the decorrelation rate.

As a baseline for comparison, a simulation of the dynamic response of a purely

elastic medium to acoustic radiation force excitation was performed using the �nite

element method (FEM) [92]. The simulated excitation beam con�guration was the

same as that used forin vivo imaging, as outlined in Table 3.1. In addition, ten

acquisitions using the same imaging sequence employed for the rats were obtained

in di�erent locations of a homogeneous and elastic phantom (CIRS, Norfolk, VA,

USA). The shear wave decorrelation rate in both the simulation and phantom data

were measured as described above, and were expected to be small due to the lack of

viscosity.

Pathology slides stained with Masson's trichrome were examined by a pathologist

(C.D.G.) and the severity of �brosis in each rat was staged using the modi�ed Brunt

score [93] from F0 (no �brosis) to F4 (cirrhosis). Steatosis, lobular in
ammation,

and hepatocyte ballooning, are other features associated with chronic liver disease.

Steatosis and in
ammation, in particular, have been explored as potential factors

in
uencing liver sti�ness [11, 94]. Therefore, steatosis (S0 - S3), in
ammation (L0

- L3), and hepatocyte ballooning (B0 - B2) were evaluated along with �brosis by

the same pathologist, and a combined score (NAS0 - NAS8) for nonalcoholic steato-
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hepatitis (NASH) was given [93]. Slides stained with picosirius red were examined

under a microscope at 10� magni�cation and 10 random �elds (0:90 � 0:67 mm)

from each slide were chosen for collagen quanti�cation. Thetotal area containing

collagen was determined by color thresholding using MetaMorph software (Molecular

Devices, Sunnyvale, CA, USA), and this was expressed as a percentage of the total

area of the 10 samples. Hydroxyproline content was measuredfrom the freeze-dried

liver specimens using procedures previously described by Yamaguchi et al. [95].

3.3.4 Statistical Analysis

Shear wave speed regressions with a coe�cient of determination more than 0.8 and

a 95% con�dence interval (CI) less than 0.2 were kept as validestimates for modulus

reconstruction. A single sti�ness value for each location interrogated with radiation

force was obtained by averaging the modulus reconstructions within � 1 mm of the

excitation focal depth, corresponding to 5 axial samples. Locations with less than

3 valid modulus reconstructions within this range were discarded. Depths close to

the focus were chosen to reduce possible errors from non-lateral propagation of the

shear wave at depths farther from the focus. Analysis of variance (ANOVA) was

performed to compare the mean reconstructed shear modulus at di�erent locations

within each liver. The valid modulus reconstructions within � 1 mm around the focus

used to calculate the mean sti�ness at each location were treated as independent

measurements.

Sti�ness and shear wave decorrelation rate measurements from all spatial lo-

cations interrogated in livers with the same pathological grading (e.g., �brosis or

steatosis scores) were combined to compare these measurements among the di�erent

groups. The mean of all the measured sti�ness or decorrelation rate values was used

to estimate the population mean of each group. The 95% con�dence interval for

the population mean was calculated based on a two-stage nested sampling model
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[96]. Sources of variation were partitioned into di�erences in the measured value of

interest between di�erent livers, and inhomogeneity within each liver.

Analysis of liver sti�ness and quantitative measurements of �brosis were per-

formed by calculating the mean sti�ness of each liver over all spatial locations inter-

rogated. A linear regression model and the method of least squares was used to �t

the mean sti�ness of each liver to quantitative measures of �brosis. The coe�cient

of determination (r 2) and p-value are reported for the linear �ts. The same analysis

was also performed for the measured shear wave decorrelation.

3.4 Results

Typical regression window lengths used for shear wave speedestimation were ap-

proximately 5 mm, and resulted in overlapping windows in adjacent push locations.

For each individual rat liver, the total number of locationswith valid sti�ness re-

constructions ranged from 31 to 135 throughout the entire liver. The number of

reconstructions obtained for healthy livers was reduced due to their small size and

position underneath the ribs which provided a limited acoustic window for ultrasound

(the mean and standard deviation of the weight of control livers was 18:0 � 0:8 g,

compared to 24:1 � 2:1 g for treatment livers).

The reconstructed shear moduli at all spatial locations interrogated in two livers

are shown in Figure 3.3. The top images show the shear modulusas a grayscale

image overlaid on top of the reconstructed ultrasound coronal image (C-scan) at the

same location. The C-scan image was formed by stacking the individual B-mode

images acquired in each imaging plane (elevation dimension), and slicing through

the 3D volume at the focal depth (25 mm). The bottom images in Figure 3.3 show

the modulus distribution for the same livers as a surface plot. It can be seen that the

measured sti�ness in these two livers are non-uniform. The shear modulus of Rat 6

increases in the elevation direction, while the shear modulus of Rat 8 peaked in the
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Figure 3.3 : Reconstructed shear modulus at all spatial locations for two livers. The
shear modulus is shown as an image overlaid on top of the reconstructed ultrasound
C-scan at the same location (top row). The shear modulus is displayed as a surface
plot (bottom row).

lateral dimension.

ANOVA showed that statistically signi�cant di�erences ( p < 0:05) in mean shear

moduli at di�erent spatial locations existed for all the livers imaged. In general,

the spatial distribution of sti�ness did not show an obviouspattern. In the liver of

Rat 6, the distance from the focal depth of each excitation location to the liver edge

was manually estimated from B-mode ultrasound images. There was no signi�cant

linear correlation between the shear modulus and location from the edge of the liver

(P = 0:1). The mean shear moduli of each liver over all spatial locations interrogated
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Figure 3.4 : Boxplot of reconstructed shear modulus for all spatial locations in-
terrogated in the 15 livers. Outliers beyond 1:5� the interquartile range have been
omitted.

is summarized in Figure 3.4. It can be seen that spatial variability (i.e., size of

whiskers) in liver sti�ness tends to increase with the mean shear modulus.

Histopathology results for the left and right liver lobes were very consistent.

All �ve control animals had no �brosis (F0), while all of the t reatment animals

had �brotic livers, with six being staged as F3, and two livers each in F1 and F2

stages. The mean reconstructed shear moduli in all livers with the same �brosis

stage are shown in Figure 3.5(a). Due to the small number of animals with F1

and F2 livers, the con�dence interval for the mean sti�ness of these groups were

considerably larger. The sti�ness of all shear wave measurements in F0 livers was

1:5� 0:1 kPa (mean� CI), compared to 1:8� 0:2 kPa in F3 livers. The control animals

all had low steatosis scores (� S1), while some treatment livers developed signi�cant

fatty change. The reconstructed shear moduli in livers withlow (S0-S1) and high

(S2-S3) steatosis scores are shown in Figure 3.5(b). The overlap of the con�dence

intervals indicate that di�erences in sti�ness of the two groups were not statistically

signi�cant. In
ammation and hepatocyte ballooning was minimal in all the rat livers.

Only one liver had a NAS score above 4, which is diagnostic of NASH. This liver
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Figure 3.5 : Figure 3.5 - Mean sti�ness of all shear wave measurements inlivers
with the same �brosis stage 3.5(a), and in livers with low (S0-S1) and high (S2-S3)
steatosis scores 3.5(b). The 95% CI for the mean is shown as error bars. The CI for
F2 rats was� 4:2 kPa. The The number of livers from which sti�ness measurements
were averaged in each group is shown in parentheses.

had a mean sti�ness of 1:5 kPa and a �brosis score of F1.

Figure 3.6 shows typical slides stained with picosirius redfor collagen quanti�-

cation associated with the di�erent �brosis stages. Hepatocytes are stained green,

while collagen is red. The mean and standard deviation of themeasured sti�ness

within each liver are plotted against their percent �brosis(percentage of the red

pixels in sampled areas) in Figure 3.7. The linear regression between mean sti�ness

and percent �brosis gaver 2 = 0:43, p = 0:008, and between sti�ness inhomogeneity

and percent �brosis yieldedr 2 = 0:58, p = 0:001. The hydroxyproline content of

the rat livers are similarly shown in Figure 3.8 along with the mean and standard

deviation of their measured sti�ness. The results of linearregression between hydrox-

yproline and mean sti�ness wasr 2 = 0:26, p = 0:054, and between hydroxyproline

and sti�ness inhomogeneity wasr 2 = 0:48, p = 0:004.

The shear wave decorrelation rates observed in all spatial locations interrogated

in each liver are summarized in Figure 3.9. Only one valid estimate was available for

Rat 1 due to excessively noisy data. The decorrelation ratesfor the elastic phantom
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0.25 mm

(a) F0 (1:0%) � = 1 :4 � 0:2 kPa (b) F1 (3:3%) � = 1 :5 � 0:3 kPa

(c) F2 (13:1%) � = 2 :2 � 0:5
kPa

(d) F3 (10:3%) � = 1 :7 � 0:4
kPa

Figure 3.6 : Sections of 4 rat livers stained with picosirius red used for collagen
quanti�cation. The corresponding �brosis score, percentage �brosis, and measured
sti�ness is shown for each liver.

and FEM simulation are shown in the same �gure as dotted lines. The overall

decorrelation rates for livers at the various stages of �brosis and steatosis are shown

in Figure 3.10. Linear correlation between the mean decorrelation rate of each liver

and �brosis as quanti�ed by picosirius red and hydroxyproline was not signi�cant

(r 2 = 0:00, p = 0:96 andr 2 = 0:18, p = 0:12, respectively).

No evidence of tissue damage from cavitation was observed inhistological anal-
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Figure 3.7 : Mean sti�ness 3.7(a), and its standard deviation 3.7(b) over all spatial
locations interrogated, as a function of percent �brosis from picosirius red staining
for all livers. The linear regression line, coe�cient of determination, and p-value are
shown in each case.
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Figure 3.8 : Mean sti�ness 3.8(a), and its standard deviation 3.8(b) over all spatial
locations interrogated, as a function of hydroxyproline content for all livers. The
linear regression line, coe�cient of determination, and p-value are shown in each
case.

ysis of tissue slides. Sti�ness measurements on rats with acoustic radiation force

were performed non-invasively, and relatively quickly (total set-up and imaging time

< 1 hour), facilitating its possible use in future survival studies.
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Figure 3.9 : Boxplot of shear wave decorrelation rates at all spatial locations inter-
rogated in each liver. Results are also shown for simulated data in a purely elastic
medium and propagation in a purely elastic phantom for comparison.
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Figure 3.10 : Mean decorrelation rate of all shear wave measurements in livers
with the same �brosis stage 3.10(a), and in livers with low (S0-S1) and high (S2-S3)
steatosis scores 3.10(b). The 95% CI for the mean is shown as error bars. The The
number of livers from which sti�ness measurements were averaged in each group is
shown in parentheses.

3.5 Discussion

The mean sti�ness of rat livers increased with �brosis stage. From the limited number

of livers imaged, the F0 and F3 populations had non-overlapping 95% con�dence

intervals. This is consistent with other animal studies by Salameh et al. [80] and
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Yin et al. [81], both of whom reported signi�cant di�erencesin MRE measured liver

sti�ness between healthy and �brotic livers.

It is important to note that histological �brosis grading is not a quantitative

measure of the amount of �brosis in the liver. As shown in Figure 3.6, the amount of

�brosis in the F2 liver and its measured sti�ness is higher than the F3 liver. Indeed,

distinctions between �brosis grade are based primarily on the morphology of the

�brotic tissue, rather than the actual amount of �brosis present in the liver [93]. For

example, the distinguishing feature of stage F3 is bridgingbetween portal tracts. It

is therefore not surprising that considerable variation inliver sti�ness among patients

with the same �brosis stage have been observed in human studies [97, 79, 8].

Picosirius red staining and hydroxyproline content, in contrast, are quantitative

methods for evaluating the amount of collagen present in theliver [98, 99]. In this

study, the collagen content of the liver determined by picosirius red staining and hy-

droxyproline assay were found to have a linear correlation with mean liver sti�ness

of r 2 = 0:43, p = 0:008 andr 2 = 0:26, p = 0:054, respectively. This suggests that

changes in liver sti�ness may be re
ective of the collagen content within the liver.

Using MRE and the same CCl4 animal model, Salameh et al. [80] reported correla-

tions of r 2 = 0:49, p = 0:005 between liver sti�ness and �brosis content measured

using picosirius red, andr 2 = 0:36, p = 0:016 between sti�ness and hydroxyproline

content. The authors attributed the weaker correlation from hydroxyproline to the

di�erent liver locations where MR elastography and hydroxyproline analysis were

performed. The sample locations used for hydroxyproline assay in this study are

also unlikely to correspond to the exact location where sti�ness measurements are

performed. Inter-sample variation in hydroxyproline analysis can be signi�cant in

livers where the distribution of �brous tissue is heterogeneous [100].

In contrast to liver biopsies where analysis is limited to a single core sample,

acoustic radiation force can be used to measure sti�ness at multiple points inside
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the liver non-invasively. By varying the excitation location and focal point, sti�ness

images showing the spatial distribution of shear modulus can be constructed, as

shown in Figure 3.3. Therefore, acoustic radiation force has the potential to provide

additional information about the spatial distribution of l iver sti�ness, which may

also be diagnostically relevant.

Large variations of sti�ness was observed in individual ratlivers in the present

study. The pattern of sti�ness distribution varied betweenlivers, with no consistent

trends spatially. This behavior suggests that the observedinhomogeneities were

not due to any underlying systematic measurement bias. The range of sti�ness

values measured within individual livers tended to increase with mean sti�ness (see

Figure 3.4). Palmeri et al. [49] has previously shown that the variance of shear

moduli reconstructed with the Lateral TTP algorithm increases with sti�ness of the

medium interrogated. However, due to the small range in liver sti�ness encountered

in this study, the impact of this source of additional variation on the reconstructed

shear moduli herein is minimal.

The linear correlation between the standard deviation in sti�ness of each liver

with percent �brosis and liver hydroxyproline content werer 2 = 0:58, p = 0:001,

and r 2 = 0:48, p = 0:004, respectively. This suggests that sti�ness inhomogeneity

increased with �brosis in the rat livers. These results are consistent with those

obtained by Salameh et al. [80] and Huwart et al. [79] using MRE. Huwart et al. [79]

reported increasing heterogeneity in measured sti�ness and viscosity maps in patient

livers with higher grades of �brosis. Likewise, Salameh et al. [80] observed linear

correlations between the standard deviation of measured viscoelastic properties with

percent �brosis induced in rat livers using the CCl4 model.

Increase in sti�ness heterogeneity could serve as an additional measure of liver

�brosis. However, this also means that the liver must be adequately sampled spatially

to fully characterize its sti�ness. In the present study, a relatively small number
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of valid modulus reconstructions were obtained for the control livers, due to their

smaller size compared to the treated livers and the limited acoustic window available.

Therefore, the mean sti�ness of the control livers are subject to greater uncertainty

from under-sampling. On the other hand, this e�ect may be mitigated by the more

homogeneous distribution of sti�ness in healthy livers.

The recent work of Georges et al. [101] suggest that increased liver sti�ness may

be linked to the development of early �brosis. Using the CCl4 model on rats and a

strain rheometer to measure the shear storage modulus inex vivo samples, Georges

et al. [101] did not observe statistically signi�cant correlations between measured

liver sti�ness and �brosis (quanti�ed by picosirius red staining as well as histology).

Instead, signi�cant increases in liver sti�ness before thepresence of �brosis in the

liver at early time points (3 - 10 days after the start of treatment) were detected.

After 28 days, Georges et al. [101] reported only marginal increases in the liver sti�-

ness compared to earlier time points, while the amount of �brosis grew substantially.

In contrast, the present study detected a signi�cant (p = 0:008) linear correlation

between liver sti�ness and percent �brosis measured by picosirius red. This inconsis-

tency could be attributed to many causes. Firstly, the studyherein examined livers

only at a later time point in the model, when a linear relationship between �brosis

and sti�ness may exist. In addition, liver sti�ness was measured by Georges et al.

[101] in excisedex vivosamples, while sti�ness measurements were conductedin vivo

in the present study. Nevertheless, the results of Georges et al. [101] suggest that

increased liver sti�ness may precede the early stages of �brosis. Thus, a noninvasive

method for measuring liver sti�ness, such as acoustic radiation force, could play an

important role in the study of �brogenesis and may be potentially used to identify

individuals at high risk of developing liver �brosis.

Other factors, besides collagen content, may also in
uenceliver sti�ness. In

particular, the degree of steatosis was found to be appreciable for the CCl4 treated
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livers. One might expect the presence of fat to soften the liver, thus lowering the

shear modulus of the �brotic livers. In a recent study with MRelastography, Yin

et al. [81] found no signi�cant correlation between liver sti�ness and fat content, but

signi�cant correlation between sti�ness and the amount of �brosis in a genetically

induced mouse model of liver �brosis. The authors suggestedthat liver sti�ness is

dominated by the presence of �brosis, and una�ected by the amount of fat. In our

study, no signi�cant change in mean sti�ness measured in livers with low fat content

(S0-S1) and high fat content (S2-S3) was observed, consistent with the �ndings of Yin

et al. [81]. The e�ect of fat content on liver sti�ness could be further explored using

models of liver disease in which either �brosis or fat in�ltration occur independently

[102].

The lateral TTP algorithm used for shear modulus reconstruction in the present

study estimates the speed at which the peak shear wave displacement amplitude

travels. In a dispersive medium, this time-of-
ight methodwill measure the shear

wave `bulk' velocity, which lies in-between the speeds of its fastest and slowest fre-

quency components. It can be seen from Figure 3.9 that shear waves propagating in

the rat livers are subject to greater loss in spatial coherence compared to an elastic

phantom and elastic FEM simulation. This suggests that dispersive spreading of the

shear wave wavepacket from the viscoelastic nature of the liver tissue was occurring

during propagation. Although there was no relationship between �brosis and shear

wave decorrelation rates evaluated herein, the studies of Salameh et al. [80] suggest

that �brosis leads to an increase in liver shear viscosity. Thus, further work in quan-

ti�cation of viscoelastic parameters of the liver with our data and investigating their

relationship with liver �brosis is being currently being pursued.

No experimental model of liver �brosis reproduces the exactetiology of human

disease. The CCl4 rat model in this study produced a change of only 0:4 kPa in

mean measured sti�ness of healthy (F0) and �brotic (F3) livers, consistent with the
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small range in mean sti�ness observed by Salameh et al. [80] between normal and

�brotic rat livers (1 :76� 2:29 kPa) using the same model and MR elastography. How-

ever, much larger sti�ness values in human livers with �brosis have been reported.

Rouvi�ere et al. [97] measured the mean liver sti�ness among11 patients with various

stages of �brosis to be 5:6 kPa (range 2:7� 19:2 kPa), compared to a mean of 2:0 kPa

for healthy volunteers using MR elastography. Sandrin et al. [8] reported a very

large range in sti�ness in patients with cirrhosis (4:7 � 23 kPa) with the FibroscanR


device. In preliminary human studies in our laboratory using the radiation force

techniques outlined herein, sti�ness ranges between 1� 3 kPa have been observed for

livers with �brosis stages between F0 and F3. It is unlikely that the full spectrum

of characteristics of human disease can be emulated using one animal model alone.

Therefore, the use of other models which more closely resemble a speci�c human

liver disease could be explored in the future.

3.6 Conclusion

This study has demonstrated the feasibility of acoustic radiation force as a non-

invasive method for the quantitative assessment of liver �brosis in small animals.

The mean sti�ness of �brotic (F3) rat livers, as measured by acoustic radiation

force, was 1:8 � 0:2 kPa (mean� CI), compared with 1:5 � 0:1 kPa for healthy livers,

with non-overlapping 95% con�dence intervals. Liver sti�ness measured by acoustic

radiation force was linearly correlated with the amount of �brosis in the liver as

quantitatively measured by picosirius red staining (r 2 = 0:43, p = 0:008). Therefore,

liver sti�ness may be re
ective of the collagen content of the liver. In addition, the

spatial heterogeneity of liver sti�ness was also found to have a signi�cant positive

linear relationship with the amount of �brosis (r 2 = 0:58, p = 0:001). These re-

sults suggest that acoustic radiation force sti�ness estimation methods can provide

a quantitative evaluation of the extent of �brosis in the liver and may be useful in
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the diagnosis, management, and study of liver �brosis.

Acknowledgment

This work was supported by NIH grant 2R01 EB-002132. The authors would like to

thank Center for In Vivo Microscopy sta�, Ned Rouze, and Liang Zhai for help in

animal experiments, and Siemens Healthcare, Ultrasound Business Unit, Mountain

View, CA, USA, for their system support.

49



4

Improving the Robustness of Time-of-Flight Based
Shear Wave Speed Reconstruction Methods Using

RANSAC in Human Liverin vivo

The work presented in this chapter was published in Ultrasound in Medicine and

Biology, 36 (5): 802-813, 2010 [103].

The following chapter describes a robust algorithm for time-of-
ight SWS estima-

tion in human livers using the random sample consensus (RANSAC) approach. The

RANSAC SWS estimator was applied to ARFI induced shear wave data from hu-

man patient livers before liver biopsy was performed at the Duke University Medical

Center. The mean liver sti�ness for 104 patients ranged from1:3 � 24:2 kPa. Using

RANSAC for SWS estimation improved the diagnostic accuracyof liver sti�ness for

delineating �brosis stage when compared to ordinary least squares without outlier

removal (AUROC = 0.94 for F � 3 and AUROC = 0.98 for F = 4). These results

show that RANSAC is a suitable method for estimating the SWS from noisy in vivo

shear wave displacements tracked by ultrasound.
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4.1 Introduction

Tissue sti�ness is often related to underlying pathology. For example, palpation

alone is e�ective in detecting a variety of illnesses, including lesions, aneurysms, and

in
ammation. In some ailments, such as liver �brosis, disease progression may be

marked by a gradual change in tissue sti�ness, leading to a spectrum of changes in

material properties. The ability to non-invasively quantify tissue sti�ness in vivo

may be useful in the staging and management of such diseases.

Recently, a number of imaging methods have been developed for quantifying

tissue sti�ness in vivo using shear waves. These systems generate shear waves in

tissue using either external mechanical excitation coupled to the body wall, [11, 79,

8], or acoustic radiation force to remotely palpate tissue at the focal region of the

acoustic beam [46, 50, 84, 49]. The propagation of these shear waves are monitored in

space and time by a real-time imaging modality such as magnetic resonance imaging

(MRI) or ultrasound. The speed of shear wave propagation canthen be related to

the underlying tissue sti�ness.

A fundamental challenge in quantifying tissue sti�ness using shear waves is the es-

timation of shear wave speed (SWS) from dynamic displacement data. One method is

algebraic inversion of the Helmholtz equation, which requires computation of second-

order derivatives. This has been successfully applied to MRI data [12, 104], but with

limited success to ultrasound [50, 105, 48], due to the noisynature of ultrasound

displacement estimates. Another technique involves estimation of either the spatial

or temporal frequency of the shear wave, givena priori knowledge of its counterpart

[11, 84, 52]. However, these methods require generation of monochromatic shear

waves of known spatial or temporal frequency. An alternative method of SWS esti-

mation is the so-called time-of-
ight (TOF) approach. The shear wave arrival time is

determined at multiple spatial locations. By assuming a �xed direction of propaga-
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tion, the SWS can then be calculated using linear regression. This method has been

successfully used on ultrasound tracked shear wave displacement data by multiple

groups [8, 70, 13, 49].

While TOF SWS estimation has been validated on simulation and phantom data

[49], its use in in vivo patient data presents additional challenges. Physiological

motion, low displacement signal-to-noise ratio (SNR) and spatial inhomogeneities in

tissue can corrupt estimates of shear wave arrival times. Approaches currently used

by TOF algorithms to deal with noisy data include smoothing by averaging SWS

reconstructions over multiple locations, employing goodness-of-�t criteria to remove

unreliable linear regression results, and iteratively removing data with the largest

residual after least squares �tting. However, these methods are not robust in the

presence of gross outliers, which, unlike measurement uncertainty, do not follow a

normal distribution. Uncompensated gross outliers can have two deleterious e�ects:

1. skew linear regression results and SWS estimates

2. render `good' data inadmissible by lowering goodness-of-�t metrics

Random sample consensus (RANSAC) is a widely used iterative�tting algorithm

capable of interpreting data containing signi�cant numbers of gross outliers [106]. In

this chapter, the RANSAC �tting paradigm is applied to the problem of TOF SWS

estimation from ultrasound tracked shear wave displacements induced by acoustic

radiation force as described by Palmeri et al. [49]. Implementation details of the

RANSAC algorithm for SWS estimation are described, and approaches for tuning

various parameters of the algorithm are outlined. The performance of RANSAC

SWS estimation is evaluated on simulated noisy data sets containing outliers, as well

as experimentally acquired data fromin vivo human liver.
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4.2 Methods

4.2.1 Data Acquisition

Experimental shear wave data was acquired using a modi�ed SONOLINE Antares

ultrasound system (Siemens Healthcare, Ultrasound Business Unit, Mountain View,

CA, USA). Imaging parameters are summarized in Table 4.1. The acquisition se-

quence consists of threereferenceA-lines, followed by a high intensitypushing line

to mechanically excite the tissue, then by 80 repeatedtracking A-lines. The refer-

ence and tracking A-lines were located at the same spatial position and were used

to monitor tissue motion before and after radiation force excitation, respectively.

This ensemble was repeated nine times with the pushing location held �xed and the

reference and tracking locations increasingly further away in order to track shear

wave propagation away from the region of excitation. 4:1 parallel receive was im-

plemented to reduce the number of interrogations required and shorten acquisition

time to minimize the e�ect of patient motion [107].

In vivo shear wave data was acquired in the liver of 123 patients before undergoing

Table 4.1: Summary of radiation force sequence parameters.

Parameter Value
Probe CH4-1
Push freq 2.22 MHz
Track freq 3.08 MHz
Push cycles 400
Push duration 180� s
Track PRF 4.8 kHz
Push F# 2.0
Push focal depth (lateral) 49 mm
Elevation focus 49 mm
Peak temperature rise �T 0:2 � C
I sppa (in situ ) 1662 W=cm2

MI (0.3) 3.22
MI ( in situ ) 2.51
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liver biopsy at Duke University Medical Center in an IRB approved study. All

subjects were informed of the nature and aims of this study and signed a consent

form. Imaging was performed during breath holds with the probe viewing the liver

from an intercostal or subcostal location. The number of independent shear wave

acquisitions performed on di�erent breath holds in each patient ranged from six to

twelve.

4.2.2 Data Processing

All data processing, including the RANSAC algorithm, was performed in the MAT-

LAB (The MathWorks, Natick, MA) environment on a Linux clust er with an average

CPU speed of 2.6 GHz. Tissue motion due to acoustic radiationforce excitation was

measured by Loupas' method on IQ data [65]. A threshold valueof 0.95 for the

magnitude of the complex correlation coe�cient was used to remove reverberation

echoes and poor displacement estimates. A quadratic motion�lter was used for in

vivo data to reduce the e�ect of physiological motion. This �lter �ts a quadratic

function to the displacement at time-steps when the tissue is not perturbed by the

shear wave in order to estimate underlying tissue motion. The time-steps used for

�tting were the three pre-push references, and post-push tracks at times greater than

9 ms after the peak displacement, when motion due to the shearwave is assumed to

be negligible. A low-pass �lter with a cuto� frequency of 1 kHz was used to remove

high frequency jitter from the temporal displacement pro�les. The resulting shear

wave displacement after �ltering at the focal depth lateralto the excitation location

obtained on one patient is shown in Figure 4.1(b).

Shear wave transit time was measured using the time-to-peak(TTP) approach

described by Palmeri et al. [49]. The peak displacement timeof the shear wave

at lateral locations away from the excitation region was determined as shown in

Figure 4.1(b). Data within the excitation beamwidth laterally were not used to avoid
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Figure 4.1 : (a) In vivo B-mode image of a patient liver, outlined with the ROI over
which TTP data is extracted. The excitation occurs at a lateral location of 0 mm and
is focused at 49 mm. (b) The measured tissue axial displacement after �ltering at the
excitation focal depth due to radiation force excitation. Each curve shows the tissue
displacement as a function of time after the excitation. Thelateral location of each
curve with respect to the excitation location are shown in the legend. The vertical
dotted lines show the measured TTP values used for shear wavespeed estimation.

di�raction e�ects within this region. The excitation beamwidth is approximated by

(F=#) � = 1:4 mm, whereF=# = 2 is the excitation beam f-number, and� = 0:7 mm

the excitation wavelength. Shear wave TTP analysis was alsorestricted to an axial

depth of �eld (DOF) de�ned by 8( F=#) 2� = 22 mm centered around the focal depth

of the excitation beam [49], where the direction of shear wave propagation is assumed

to be parallel to the lateral dimension. The 2-dimensional (2D) region of interest

(ROI) over which TTP values are analyzed for SWS reconstruction is shown in

Figure 4.1(a).

4.2.3 RANSAC SWS Reconstruction

RANSAC is a model �tting algorithm robust to the presence of outlier data (points

not consistent with the model) proposed by Fischler and Bolles [106]. It proceeds by

repeatedly performing the following steps for some number of iterations k:
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1. Hypothesize: Generate a trial solution by randomly selecting a subset of

points (minimal sample set (MSS)) to �t the model

2. Test: Identify points which do not match the model within the expected mea-

surement errort as outliers

3. Update: Keep the trial solution if it produces a better �t than previous iter-

ations, as determined by a cost function

The optimal �t is obtained by performing least squares usingthe set of inliers as-

sociated with the best trial solution found. In contrast to conventional smoothing

techniques, RANSAC defers the smoothing operation until the last step of the algo-

rithm, when it is applied only to consistent data.

The input to the RANSAC SWS algorithm is the set of TTP values extracted over

a 2D ROI over lateral and depth dimensions (the box in Figure 4.1(a)). The goal of

the algorithm is to �nd the parameters of a model which best �ts the variation of TTP

values over this spatial domain. To reconstruct the SWS, thefollowing assumptions

are made: (i) homogeneity of the tissue within the ROI, (ii) the direction of shear

wave propagation is parallel to the lateral dimension, and (iii) negligible dispersion

occurs within the ROI. Therefore, the following linear model was �t to TTP data:

z = � 1x + � 2y + � 3 (4.1)

where x, y and z are vectors of lateral, depth, and TTP values respectively,and

� = [ � 1 � 2 � 3] are unknown model parameters. This corresponds to �tting aplane

to the TTP values over a 2D grid. The SWS is then the inverse slope of the plane

in the x dimension, given bySW S = 1=� 1. The shear modulusG can be calculated

using G = 1=� 1
2, assuming tissue to be a linear elastic isotropic solid witha mass

density of 1000 kg=m3. The extra degree of freedom� 2 was included to account for
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o�sets in the measured TTP values in depth, and is expected tobe close to zero in

practice.

The minimum number of points required to �t a plane is three. Therefore, a

MSS of three points was randomly selected to solve Equation 4.1 for each RANSAC

iteration. Models produced by iterations corresponding tophysically realistic shear

wave speeds for human liver (0< SW S < 5:8 ms� 1) were kept for evaluation. Mea-

surement error was assumed to occur only in the TTP dimension, so the following

equation was used to calculate the distance� of a given point [x y z] to a plane:

� = � 1x + � 2y + � 3 � z: (4.2)

The cost function used to rank models found from each RANSAC iteration is the

redescending M-estimator proposed by Torr and Zisserman [108]:

C =
X

i

� (� i
2) (4.3)

where � () is

� (� 2) =

(
� 2 if � 2 < t 2 inlier

t2 if � 2 � t2 outlier;
(4.4)

and t is the noise threshold used to separate inliers from outliers. Thus, outliers are

given a constant penalty oft2, while inliers are scored on how well they �t the model.

In other words, RANSAC seeks to �t a model to minimize the number of outliers

and sum of the square errors of the inliers. If no minimum in the cost function is

found within the expected range of� 1 in human liver (0 < 1=� 1 < 5:8 ms� 1) over the

repeated iterations, the algorithm indicates an unsuccessful �t.

Ideally, every possible combination of points should be considered for the MSS,

but this is computationally prohibitive for large data sets. Instead, the number

of RANSAC iterations k can be chosen to ensure with some probabilityz that at
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least one randomly chosen MSS for initializing the model is outlier free [106]. If the

proportion of inliers in the data is w, then the probability of picking at least one

outlier every iteration (1 � z) is given by

(1 � z) = (1 � w3)k ; (4.5)

which means that

k =
log(1 � z)

log(1 � w3)
: (4.6)

If z = 0:99, the minimum number of iterations required are shown in Table 4.2. In

practice, w is not known a priori , therefore a worst-case scenario was assumed, and

the number of iterations was set to 5000. The only penalty forselecting a largek is

computation time. Since this algorithm was used for o�ine processing of data, speed

was not a critical issue.

The noise thresholdt used to identify outliers was set to the 99th percentile of the

TTP measurement error (equivalent tot = 2:58� , where� is the standard deviation

of the TTP error, which is assumed to be normally distributed). The TTP error

distribution was determined experimentally from the residual �tting error after a

�rst pass of RANSAC on all the patient data. For this �rst pass, a TTP error

of � = 0:37 ms measured from shear wave data acquired on a homogeneouselastic

phantom (CIRS, Norfolk, VA, USA), was used to set an initial value of t = 0:95 ms.

The residual TTP error for the patients after the �rst pass ofRANSAC is shown in

Figure 4.2(a) for a shear wave propagation distance ofx = 10 mm. The estimated

Table 4.2: Minimum number of RANSAC iterationsk required for �tting a plane to
data with proportion of inliers w to ensure with probability 0.99 that at least one
randomly selected MSS is outlier free

w 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1
k 4 7 11 19 35 70 169 574 4603

58



-5 0 5
0

2000

4000

6000

8000

10000

12000

TTP error Distribution (ms)

N

Patients TTP Fit Error at x = 10.0mm

s = 0.62ms

(a)

0 5 10 15 20
0.4

0.45

0.5

0.55

0.6

0.65

0.7

0.75

0.8

s
 (

m
s)

x (mm)

TTP Standard Deviation vs Lateral Location

s(x) = 0.02x + 0.4 ms

(b)

Figure 4.2 : (a) TTP �t error distribution from all patient shear wave me asurements
for a shear wave propagation distance of 10 mm and estimated standard deviation.
(b) The estimated standard deviation of the TTP error from patients for di�erent
shear wave propagation distances, and the least squares trend line used for setting
the linearly varying noise threshold used for RANSAC SWS estimation.

standard deviation of the TTP error is shown in Figure 4.2(b)for a range of distances.

As expected, the TTP error increased with propagation distance, due to the lower

amplitude of shear wave displacements. Therefore, a variable noise thresholdt(x),

which linearly increases with lateral distancex from the excitation, was used to

process the patient liver data to obtain the �nal results.

Every patient shear wave acquisition was manually evaluated by viewing the raw

displacement data through time to ensure that a shear wave was successfully coupled

into the ROI. SWS estimates from acquisitions in which therewas no observable

shear wave were discarded. Typically, acquisitions with noapparent shear wave

propagation are characterized by RANSAC SWS reconstructions with a low number

of inliers. Therefore, receiver operating characteristic(ROC) curve analysis was

performed to determine whether thresholding using the number of inliers could be

used to automatically reject RANSAC SWS estimates from acquisitions in which the

ROI is not su�ciently perturbed by the shear wave.
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4.2.4 Simulation

Simulations were performed to characterize the performance of RANSAC SWS re-

construction over a range of sti�ness and percentage of gross errors. TTP points

were generated in a spatial domain the same size as the experimental ROI shown

in Figure 4.1(a). The sampling interval within this ROI was 0.1 mm laterally, and

0.035 mm in depth, also equivalent to experimental data. Ideal TTP values were gen-

erated using Equation 4.1 with� 2 = 0 and � 3 = 1:75 ms, (these values correspond to

�tted parameters for the phantom data described previously). � 1 was allowed to vary

in order to simulate a range of tissue sti�ness. Points were randomly classi�ed as

inliers or outliers. For inliers, normally distributed measurement noise with variable

standard deviation with lateral position, as shown in Figure 4.2(b), was added to the

ideal TTP values. Outliers were assumed to have a uniform distribution in the range

[0; 16:4]ms (total tracking time) and truncated between [TTP� t(x), TTP+ t(x)] to

ensure an error greater than the noise thresholdt(x). The RANSAC SWS algorithm

was applied to simulated TTP data for a range of shear moduli (0 < � < 26 kPa)

and inliers (30� 95%). For each combination of shear modulus and number of in-

liers, 100 synthetic TTP data sets were generated (with di�erent values but the same

noise distribution). The same noise threshold and cost function used for processing

patient data was used for the simulations. The number of RANSAC iterations k

were allowed to vary between 3� 169 for each data set in order to show the e�ect

of k on estimated SWS (this range ofk corresponds to values given by Equation 4.6

for the range of inliers simulated). As a comparison, ordinary least squares (OLS)

without outlier removal was also applied to the same data sets for plane �tting and

SWS quanti�cation. The accuracy (mean error) and precision(standard deviation)

of the reconstructed shear modulus over each of the 100 trials were computed for

both RANSAC and OLS.
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4.3 Results

4.3.1 Simulation

The RANSAC reconstruction accuracy and precision over 100 trials for all the combi-

nations of shear modulus and percentage of inliers simulated are shown in Figure 4.3.

The number of RANSAC iterations used to obtain these resultswas 169 (the max-

imum simulated). Both the reconstruction accuracy and precision decrease as the

shear modulus increases and the number of inliers decreases. The RANSAC recon-

struction results are compared to OLS �tting for SWS estimation using the same

data in Figure 4.4 over a truncated domain. It can be seen thatthe SWS reconstruc-

tion error using OLS without outlier removal increases signi�cantly for only modest

reductions in the number of inliers and increase in shear modulus. In contrast, the

RANSAC reconstruction error remains low. The RANSAC precision was comparable

to OLS.

The e�ect of varying the number of iterations on SWS reconstruction accuracy

and precision is illustrated in Figure 4.5 for a simulated sti�ness of 2.5 kPa. The

data shown was obtained from 100 trials for each combinationof percentage of inliers
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Figure 4.3 : RANSAC reconstruction accuracy and precision over 100 simulated
TTP data sets for di�erent combinations of shear modulus andpercentage of inliers.
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(a) (b)

Figure 4.4 : Comparison of RANSAC and OLS SWS reconstruction accuracy and
precision for the same simulated TTP data sets for a range of shear modulus and
percentage of inliers over 100 trials.

and RANSAC iterations. As expected, both the RANSAC reconstruction accuracy

and precision decreases with the number of iterations. In addition, the number of

iterations required to achieve comparable accuracy and precision increases as the

number of inliers decrease. The number of iterations required to satisfy Equation 4.6

for z = 0:99 (probability to ensure that at least one MSS is outlier free) is also

shown in Figure 4.5. It can be seen that this relationship canbe used as a guide for

choosing the number of iterations required to maintain SWS reconstruction accuracy

and precision, given the proportion of inliers in the data.

4.3.2 Patient Data

The average run-time for RANSAC to process one patient liveracquisition (5000

iterations, not including pre-processing of displacementdata and extracting TTP

values), was 186 seconds. Examples of RANSAC SWS reconstruction results for four

livers are shown in Figure 4.6. The B-mode ultrasound withinthe ROI is displayed

with locations of TTP inliers (blue) and outliers (red) classi�ed by RANSAC overlaid

on top. TTP values are unavailable at locations of low displacement amplitude. The
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Figure 4.5 : RANSAC reconstruction accuracy and precision for a simulated sti�-
ness of 2.5 kPa and a range of inliers and iterations over 100 trials. The number of
iterations required to satisfy Equation 4.6 with a probability z = 0:99 is shown as
the white curve.

right side of the ROI represent locations furthest from the excitation which may not

be perturbed by the shear wave due to attenuation and geometric spreading.

In Figure 4.6(a), very few outliers were detected, indicative of a shear wave of

constant velocity traveling over a homogeneous region of the liver inside the ROI.

In Figure 4.6(b), a diagonal band of outliers at the bottom ofthe ROI were de-

tected. The shear wave was unable to propagate beyond this band. This spatial

distribution of outliers is consistent with the B-mode appearance of the liver at the

same approximate location, which shows a diagonal band of hypoechogenicity. This

suggests that a non-uniform structure within the ROI, such as a vessel, was present.

In Figure 4.6(c), a vertical stripe of outliers was detected. The displacement data at

these lateral locations were obtained using parallel receive from the same push (recall

that 9 repeated reference-push-track ensembles were necessary to acquire data over

the entire ROI). This suggests that excessive physiological motion occurred during

this particular ensemble which corrupted the shear wave displacements, and was not

able to be corrected by the quadratic motion �lter. Nevertheless, RANSAC was
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(a) homogeneous ROI (b) ROI containing a vessel

(c) motion artifact (d) poorly coupled shear wave

Figure 4.6 : B-mode images of four patient livers within the ROI overlaid with
locations of available TTP data from one shear wave acquisition. TTP data classi�ed
by RANSAC as inliers are shown in blue and outliers are shown in red. The excitation
occurs at a lateral location of 0 mm and is focused at 49 mm. Theshear wave
propagates from left to right in the ROI. In (a), few outliers are present, indicative
of a shear wave traveling at constant velocity over a homogeneous medium. In (b), a
band of outliers is present at approximately the same spatial location as a hypoechoic
region in the B-mode, which suggests the presence of a structure, such as a vessel,
in the ROI. In (c), a vertical stripe of outliers due to excessive patient motion was
removed. In (d), few TTP points are available, indicative ofan acquisition in which
the shear wave failed to propagate in the ROI.
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able to remove these corrupted TTP values. In Figure 4.6(d),the number of TTP

data points available are low and sparsely distributed within the ROI. This is char-

acteristic of low displacement amplitudes and cases where the shear wave fails to

propagate inside the ROI. Even though RANSAC was able to reconstruct a shear

modulus in this case using a limited number of inliers, this acquisition was manually

characterized as invalid with no observable shear wave.

In the 123 patient livers, a total of 1222 shear wave acquisitions were performed.

Of these acquisitions, RANSAC was able to successfully reconstruct the shear mod-

ulus (within physical limits as previously described) in 787 cases. Of the 435 acqui-

sitions for which RANSAC failed to return a physically realistic SWS, 400 had been

independently ruled out by manual inspection as bad acquisitions where a shear wave

failed to propagate in the ROI. Out of the 787 successful reconstructions, a subset

of 605 were from acquisitions manually classi�ed with observable shear wave propa-

gation, and were considered to be valid measurements. The proportion of TTP data

which were inliers for valid reconstructions ranged from 42� 99%. The number of

patients having at least one valid sti�ness measurement was104 (85%). The mean

liver sti�ness for these patients ranged from 1:3� 24:2 kPa. The �brosis scores for 92

of these patients were available from biopsy results. The distribution of mean liver

sti�ness for these 92 patients are shown in Figure 4.7 grouped by �brosis stage.

The diagnostic accuracy of mean liver sti�ness for predicting �brosis stage was

assessed using ROC curve analysis, shown in Figure 4.8. The optimum cuto� values

for sti�ness were calculated to maximize the true positive rate and minimize the false

positive rate, and are shown in Table 4.3, along with the areas under the ROC curve

(AUROC). To compare the performance of RANSAC and OLS, the same shear wave

acquisitions were reprocessed using OLS without outlier removal. The ROC curves

using OLS are shown on the same axes as the corresponding RANSAC ROC curves

in Figure 4.8. The OLS AUROC are also tabulated in Table 4.3 for comparison.
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Figure 4.7 : RANSAC shear modulus reconstruction results for the livers of patients
grouped by �brosis stage determined from liver biopsy. Eachpoint represents the
mean shear modulus obtained from multiple SWS measurementsin each liver, while
the error bars represent the standard deviation.

It can be seen that RANSAC sti�ness estimation resulted in better delineation of

�brosis stage compared to OLS for patients with severe �brosis (F� 3 and F=4).

The optimal cuto� value for the inlier size as a threshold fordelineating valid

SWS measurements was 22000 points, as determined from ROC curve analysis. This

gave a true positive rate of 84% and a false positive rate of 13%, compared to manual

veri�cation of shear wave propagation as a gold standard. Recall that manual veri-

�cation resulted in 104 patients with at least one valid sti�ness measurement. With

automatic thresholding, the mean sti�ness of 52 (50%) of these patients remained un-

changed, while 6 (6%) patients were left without a single valid measurement. For the

remaining 46 (44%) patients, the mean liver sti�ness was di�erent between automatic

and manual validation. In 18 of these cases, the standard deviation of measurements
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Figure 4.8 : ROC curves for detecting various stages of �brosis using mean liver
sti�ness. The results for both RANSAC and OLS estimated sti�ness are shown on
the same axes. The optimal cuto� which maximizes sensitivity and speci�city are
shown for RANSAC.

validated by thresholding increased to greater than half its mean value. If these 18

patients and the 6 livers without a single valid measurementas validated by thresh-

olding are discarded, the average di�erence (bias) betweenthe mean liver sti�ness

from thresholding and manual validation is� 0:084 kPa, and the standard deviation

of the di�erence is 0.64 kPa.

The RANSAC reconstruction results presented so far have utilized a noise thresh-

old � (x) which is variable over the ROI lateral range. As described previously, this

noise threshold was determined by a �rst-pass of RANSAC overthe patient liver

data using an initial guess of a constant threshold estimated from phantom data.
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Table 4.3: Optimal RANSAC sti�ness cuto� for di�erentiatin g various �brosis stages
and AUROC. The AUROC for OLS is shown for comparison.

F� 2 F� 3 F= 4

Optimal Cuto� (kPa) 3.5 4.2 8.5

RANSAC AUROC 0.77 0.94 0.98

OLS AUROC 0.75 0.81 0.94

The di�erences between the RANSAC sti�ness reconstructionresults from using the

constant threshold and the re�ned variable threshold was examined. The mean dif-

ference (bias) is� 0:019 kPa and the 95% con�dence interval for the di�erence is

� 0:91 kPa.

4.4 Discussion

The simulation results using synthetic TTP data show that RANSAC is able to

maintain good reconstruction accuracy and precision over arange of tissue sti�-

nesses and numbers of gross outliers that may be encounteredin in vivo radiation

force induced shear wave data in human liver. As expected, both the accuracy and

precision of the estimated shear modulus decreases as the number of outliers present

in TTP data increases. However, this reduction is modest forsoft media. For exam-

ple, for tissue up to 10 kPa, which represents the majority ofliver sti�ness we have

encountered so far, the mean reconstruction error was< 0:5 kPa, and the precision

was < 0:6 kPa for an inlier proportion of only 50%. In sti�er media, the reduction

in reconstruction accuracy and precision is more prominent. The reason for this is

that the slope of the plane �tted by RANSAC (Equation 4.1) is related to the shear

modulus by an inverse square relationship. This property iscommon for all TOF

SWS estimation methods, and is not speci�c to RANSAC. For large values of shear

modulus, small variations in the slope of the �tted plane translate into large errors
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in the reconstructed shear modulus. Therefore, both the accuracy and precision of

shear modulus reconstructions decrease as the tissue sti�ness increases.

An additional factor speci�c to RANSAC which can result in a decrease in re-

construction accuracy and precision is that it is a non-deterministic algorithm. That

is, repeated executions of RANSAC on the same data set can yield varying values

of shear modulus, provided a �nite number of iterations are used. This is due to

the random selection of the MSS at each iteration. Unless allpossible combinations

of points are selected within the number of iterations available, RANSAC does not

probe all possible initial con�gurations for the model parameters. Thus, the opti-

mization for the best �t plane is performed over di�erent subsets of parameter space

for each execution of the algorithm. For data sets containing a large percentage of in-

liers, the parameter space spanned by all possible MSS is small. Therefore, repeated

RANSAC reconstructions are likely to lead to the same shear modulus, even if only

a small subset of all possible MSS is sampled. For data sets containing a small pro-

portion of inliers, the parameter space spanned by all possible MSS is enlarged due

to the random distribution of outliers. This reduces the probability that repeated

operations of RANSAC will sample the same model parameters and arrive at the

same solution for the best �t plane, hence decreasing accuracy and precision. The

e�ect of varying the number of RANSAC iterations for a range of inlier percentages

is shown in Figure 4.5 for a simulated shear modulus of 2.5 kPa. It can be seen that

Equation 4.6 may be used to predict the number of iterations in order to maintain

reconstruction accuracy and precision, given an estimate for the proportion of inliers

in the data. In the current study, a worst case scenario was assumed, and 5000

iterations was used to mitigate the e�ects of undersamplingthe parameter space in

data sets containing large numbers of outliers.

The results obtained with patient liver data demonstrate that RANSAC SWS

reconstruction can be successfully applied toin vivo shear wave data. As shown by
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the ROC curves in Figure 4.8, RANSAC outperformed OLS in classifying patients

with severe �brosis (F� 3 and F=4). For moderate �brosis (F� 2), both RANSAC

and OLS had similar AUROC, likely due to the small di�erencesin sti�ness between

F0-F2 livers. This trend of low sti�ness in healthy to moderately �brotic livers,

and marked sti�ness increase in severely �brotic and cirrhotic livers, has also been

observed in studies using magnetic resonance elastography(MRE) [79, 11] and the

Fibroscan system [109] for measuring liver sti�ness.

For the patient liver data, using the number of inliers as a threshold to automati-

cally identify valid SWS measurements could achieve a true positive rate of 84% and

a false positive rate of 13% compared to manual veri�cation of valid SWS measure-

ments as a gold standard. In combination with post-processing removal of patients

with large standard deviations in sti�ness, automatic thresholding did not introduce

signi�cant bias in the mean liver sti�ness (mean di�erence = � 0:084 kPa, standard

deviation = 0.64 kPa). However, it reduced the number of patients with a valid sti�-

ness measurement by 24 (23%). Therefore, manual validationof acceptable SWS

measurements were used for analysis herein. The number of patients with success-

ful sti�ness measurements could be increased in future studies if real-time feedback

indicating whether a shear wave was successfully coupled into the ROI was avail-

able. This could potentially allow automatic thresholdingto be used, since repeat

acquisitions in cases of invalid measurements can be performed.

The RANSAC algorithm can be readily applied for SWS estimation in other tissue

types besides the liver. Consideration must be given, however, to the noise thresh-

old, which should ideally be chosen to match the expected TTPmeasurement error.

The magnitude of this error depends on a host of factors, including the excitation

focal con�guration, tracking jitter, and mechanical behavior of the tissue. It can be

experimentally determined using the approach previously described in the Methods

section. For the cost function used (Equation 4.3), as the noise threshold approaches
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in�nity, the RANSAC solution becomes equivalent to OLS and subject to the in
u-

ence of gross outliers. In contrast, a noise threshold whichis too small will result in

most points being identi�ed as outliers, giving rise to a non-discriminating cost func-

tion for ranking trial solutions. For the patient livers, the result of using a constant

noise threshold measured from phantom data was compared to that of a variable

threshold, which more accurately models the inlier noise distribution. There was no

bias in the di�erence between the reconstructed shear modulus using the two noise

thresholds on the same data (mean di�erence =� 0:019 kPa, 95% con�dence interval

= � 0:91 kPa). In applications where an error of this magnitude canbe considered

insigni�cant, using a `ballpark' approximation for the noise threshold measured from

a phantom may be su�cient.

A limitation of the RANSAC SWS reconstruction algorithm, which is common

to all TOF based methods, is the assumption that tissue behaves as a linear elastic

material. However, the liver is known to exhibit viscoelastic (VE) behavior [79, 51,

54, 110]. In a VE material, the SWS is a function of frequency.Therefore, the

broadband shear wave used to excite the liver in the present study will experience

shifts in the relative phases of its constituent frequency components. As a result, the

morphology of the shear wave will change as it propagates through the liver. The

measured velocity of the peak displacement used herein e�ectively represents a `bulk'

velocity of the liver. This bulk velocity lies in-between the speeds of the fastest and

slowest frequency components of the shear wave. In order to capture the full VE

behavior of the liver, higher order characteristics of the shear wave, besides its time

to peak displacement, would have to be analyzed.

Another limitation of the SWS reconstruction approach presented herein is its

spatial resolution. Currently, tissue homogeneity is assumed, and one single SWS

is calculated for the entire ROI. This approach is appropriate when one is inter-

ested in the overall mean sti�ness of the tissue, and the assumption of homogeneity
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can be reasonably met. However, when the region inside the ROI is not homoge-

neous, an image depicting the spatial variation of tissue sti�ness may be more useful.

One potential method of achieving a �ner spatial resolutionwould be to divide the

ROI into multiple sub-regions, and independently process the data within these with

RANSAC. The trade-o� would be to maintain an adequate level of SWS reconstruc-

tion accuracy with the limited data available within these sub-regions.

The MI value of the pushing pulse used herein was 3.2. While this is higher than

the limit of 1.9 imposed for clinical applications, we believe the acoustic energy used

to interrogate the patient livers in this study to be safe, and the risk of cavitation

extremely unlikely, given the lack of cavitation nuclei (i.e. air, or gaseous bubbles

such as contrast agents) inside the liver. Thein situ peak negative pressure is also

likely to be lower due to the higher attenuation coe�cient ofthe liver and intervening

fat tissue than the standard derating factor of 0.3 dB/cm MHzused to calculate the

MI. To meet requirements for clinical use, parameters of thepushing pulse, including

frequency, duration, and intensity, would be further optimized.

The average run-time of the RANSAC algorithm as it is currently implemented

for the patient liver data is 186 seconds, which is unsuitable for real-time SWS esti-

mation. However, neither the software environment nor the code have been optimized

for speed in the current study. Therefore, signi�cant improvements in the run-time

of the algorithm may be possible and could facilitate its usefor real-time processing.

In addition, the algorithm itself could be modi�ed to improve speed. For example,

the largest number of putative inliers found in the data could be checked after every

iteration. This number could be used to terminate the algorithm once it is higher

than some threshold, or be used to update the number of iterations required accord-

ing to Equation 4.6. The computational burden of RANSAC could also be reduced

by performing spatial averaging of displacement or TTP datato reduce the number

of data points.
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4.5 Conclusion

This chapter has demonstrated the application of the RANSAC�tting paradigm

to the problem of robust SWS estimation from ultrasonicallytracked shear wave

displacements. In contrast to other methods of SWS estimation from TOF data,

RANSAC is able to interpret data containing signi�cant numbers of gross outliers.

In synthetic simulated TTP data, RANSAC was able to maintaingood reconstruc-

tion accuracy (mean error< 0:5 kPa) and precision (standard deviation< 0:6 kPa)

over a range of sti�ness (0:5 � 10 kPa), and proportion of inliers (50� 95%). Like

all TOF SWS estimators, the accuracy and precision decreases with increasing sti�-

ness due to the inverse square relationship between the parameters optimized by

RANSAC and the shear modulus. Inin vivo patient liver data, RANSAC success-

fully reconstructed the shear modulus in 104 out of 123 patients (85%). Almost

all unsuccessful reconstructions were associated with theabsence of a propagating

shear wave inside the ROI, which was independently veri�ed by visual inspection

of displacement data through time. The mean liver shear modulus for the success-

ful reconstructions ranged from 1:3 � 24:2 kPa, and the proportion of inliers ranged

between 42� 99%. Compared to OLS, liver sti�ness reconstructed with RANSAC

resulted in better diagnostic accuracy of patients with severe �brosis (AUROC =

0.94 for F� 3 and AUROC = 0.98 for F= 4). These results show that RANSAC

is a suitable method for SWS estimation fromin vivo ultrasonically tracked shear

wave displacements. The spatial resolution of the RANSAC SWS estimator, as it is

currently implemented, can be improved. With optimizations for speed, it may also

be possible to use RANSAC for real-time SWS estimation.
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5

On the Precision of Time-of-Flight Shear Wave
Speed Estimation in Homogeneous Soft Solids:

Initial Results using a Matrix Array Transducer

The work presented in this chapter was published in IEEE Transactions on Ultra-

sonics Ferroelectrics and Frequency Control, 60 (4): 758-770, 2013 [111] and also

won the best student paper competition at the 2011 IEEE International Ultrasonics

Symposium [112]

The following chapter describes a system capable of monitoring ARFI induced

shear waves ultrasonically in 3D, for the �rst time. A 2D matrix array is used for

imaging and a separate single element piston is used for ARFIexcitation. It is

shown that for a limit of 64 tracking beams, by placing the beams at the edges of the

measurement region at multiple directions from the push, TOF SWS measurement

uncertainty can theoretically be reduced by 40% compared toequally spacing the

beams along a single plane, as is typically done when using a 1D array for tracking.

A reduction of 30% was experimentally observed on a homogeneous phantom.
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5.1 Introduction

Shear wave imaging is a quantitative method of measuring tissue sti�ness non-

invasively and in vivo. Shear waves can be generated in tissue by muscle activ-

ity [16, 19, 113, 33], external mechanical excitation [11, 79, 8], or using acoustic

radiation force [46, 50, 84, 48]. The shear wave speed (SWS) in tissue is directly

related to its sti�ness. By monitoring shear wave propagation using a real-time

imaging modality such as magnetic resonance imaging (MRI) [26, 11, 79] or ultra-

sound [8, 46, 50, 84, 48], the underlying tissue sti�ness canbe estimated.

A commonly used technique for SWS estimation from ultrasonically tracked tissue

displacement is the so-called time-of-
ight (TOF) method [13, 8, 49]. The shear

wave arrival time is measured at several locations within a spatial region of interest

(ROI), or kernel. Under assumptions of homogeneity, negligible dispersion, and a

�xed direction of propagation within the ROI, a linear modelcan be �t to the arrival

times. The linear relationship between spatial location and arrival times can then

be used to calculate the SWS.

This chapter presents an ultrasonic system capable of monitoring acoustic radia-

tion force induced shear wave displacement within a volume of tissue. In contrast to

previous systems which use 1D array transducers mechanically swept to acquire vol-

umetric data [114], a 2D matrix array transducer capable of electronic beamforming

in both the lateral and elevation dimensions is used for tracking shear wave displace-

ment. This enables shear wave arrival times to be measured inmultiple directions

from the radiation force excitation axis without the need for manual repositioning

of the probe. The ability to monitor shear wave propagation in multiple directions

has several advantages. First, it allows anisotropic mechanical properties to be char-

acterized [14]. Second, it increases the amount of data thatcan be acquired and

used for SWS estimation. Finally, it enables additional 
exibility in the placement
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of tracking beam locations.

In this chapter, the potential for improving SWS measurement precision in a

homogeneous material by utilizing additional tracking beam locations available from

a 2D matrix array is investigated. The �rst portion of this chapter derives theoretical

expressions for the uncertainty in TOF SWS estimation. It isthen shown that given

a �xed number of tracking locations, and ROI size, the precision of TOF SWS

estimation in a homogeneous material can be improved by increasing the spread of

the tracking beam locations relative to the push using a 2D array. These theoretical

results are then veri�ed by simulations and experimental data acquired on phantoms

using the 2D matrix array transducer.

5.2 Uncertainty in TOF SWS Estimation

Measurement uncertainty can be classi�ed into two groups: random, and systematic

[115]. In TOF SWS estimation using acoustic radiation forceinduced shear waves,

the measured SWS is dependent on factors such as the frequency content of the

shear wave [84, 110], and the location of the reconstructionregion relative to the

excitation geometry [116]. These factors result in a systematic bias of the measured

SWS. TOF SWS measurement is also subject to random errors such as jitter in

ultrasonic displacement tracking [67]. These type of errors have zero mean and

give rise to a range of SWS in repeat measurements. In general, systematic errors

are di�cult to analyze because the underlying `true' value of the SWS is usually

unknown. In contrast, random error can be assessed by examining the spread of

repeat measurements. Although systematic bias among di�erent SWS measurement

systems pose a signi�cant challenge to the clinical acceptance of this technology

[117, 118], the analysis of sources of bias in SWS estimationis outside the scope of

this study. Instead, the focus of this chapter is restrictedto random measurement

error in TOF SWS estimation. The terms `uncertainty' and `precision' throughout
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this chapter refer to the spread, or error bar size, of repeatmeasurements, and do not

include bias. When the spread of repeat SWS measurements is low, the measurement

is described as having high precision, or low uncertainty.

The uncertainty in TOF SWS measurement due to random error (unbiased with

zero mean) is now derived. Consider least squares �tting of aline to a set of n

shear wave arrival timest = f t1; t2; : : : ; tng measured at distancesr = f r1; r2; : : : ; rng

orthogonal to the push axis (the assumed direction of shear wave propagation). Note

that r can represent spatial locations within the entire 2D plane orthogonal to the

push axis. Multiple points within this plane can have the same value ofr (the locus

of these points is a circle of radiusr with its center at the push). Let t̂ denote the

least squares �t line, ^� 1 the corresponding slope, and̂� 0 the intercept, such that

t̂ = ^� 0 + ^� 1r : (5.1)

The least squares solution is given by [96]:

^� 1 =
Cov(r; t )

� r
2

(5.2a)

^� 0 = �t � ^� 1�r; (5.2b)

where

Cov(r; t ) =
1
n

nX

i =1

(r i � �r )( t i � �t) (5.3a)

� r
2 =

1
n

nX

i =1

(r i � �r )2 (5.3b)

�r =
1
n

nX

i =1

r i (5.3c)

�t =
1
n

nX

i =1

t i : (5.3d)

78



The covariance Cov(r; t ) is a measure of the extent to which variations int can be

predicted by a linear function inr . When the covariance is zero, the minimum mean

square error linear estimator fort in terms of r is simply the mean value oft (5.3d).

When t is perfectly correlated with r , the covariance is equal to the product of the

standard deviation of the two variables, Cov(r; t ) = � r � t (note that � t is calculated

the same way as� r in (5.3b)). The least squares slope (5.2a) in this case becomes

the ratio � t=� r (intuitively, the variance in r is rescaled to have the same variance as

t ).

Deviations in the arrival times about the least squares lineare given by

� = t̂ � t : (5.4)

It is assumed that these deviations are due to random errors in measuring the arrival

time of the shear wave. Sources of measurement error includeultrasonic displacement

tracking jitter due to speckle decorrelation and �nite tracking kernel size [67, 68], as

well as under-sampling due to the �nite pulse repetition frequency (PRF) used for

tracking. These type of errors are normally distributed, and do not include gross

outliers, which can be removed by an algorithm such as RANSAC[103]. Assuming

that the variance of arrival time measurement error is� �
2 such that

� � N (0; � �
2); (5.5)

then the least squares estimated slopê� 1 will also be a normally distributed random

variable [96]:

^� 1 � N (� 1; � ^� 1

2); (5.6)

where � 1 is the true TOF slope, and the standard deviation is given by

� ^� 1
=

� �p
n� r

: (5.7)
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To estimate the TOF SWS (cT ), one calculates the inverse slope of the above linear

model relating measured arrival times and distance from thepush location:

ĉT =
1
^� 1

: (5.8)

We are interested in the statistical distribution of ^cT , namely, the uncertainty in ĉT

due to uncertainty in the estimated slope^� 1. To �nd this, we begin by writing the

probability density function (pdf) of ^� 1:

f ^� 1
( ^� 1) =

1
p

2�� ^� 1

exp

 
� ( ^� 1 � � 1)2

2� ^� 1
2

!

: (5.9)

Making the change of variable

p =
^� 1 � � 1

� ^� 1

; (5.10)

such that

^� 1(p) = � ^� 1
p + � 1 (5.11a)

d ^� 1(p)
dp

= � ^� 1
; (5.11b)

and using the rule for transformation of random variables [119]

f p(p) =

�
�
�
�
�
d ^� 1(p)

dp

�
�
�
�
�
f ^� 1

( ^� 1(p)) ; (5.12)

(5.9) can be converted into the standard normal distribution:

f p(p) =
1

p
2�

exp
�

� p2

2

�
: (5.13)

Applying the same change of variable to (5.8) gives

ĉT =
1

p� ^� 1
+ � 1

: (5.14)
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Equation (5.14) can be expanded as a binomial series as follows

ĉT =
1
� 1

 

1 �
�

� ^� 1

� 1

�
p +

�
� ^� 1

� 1

� 2

p2 �
�

� ^� 1

� 1

� 3

p3 + : : :

!

: (5.15)

The term (� ^� 1
=� 1) in (5.15) represents the ratio between the standard deviation of

the estimated slope and its true value, and is equivalent to the inverse of the signal

to noise ratio (SNR) of the arrival time data. If we assume that � 1 >> � ^� 1
, or that

we have high SNR arrival time data, (5.15) can be linearized by ignoring higher order

terms:

ĉT �
1
� 1

�
1 �

�
� ^� 1

� 1

�
p
�

: (5.16)

Rearranging (5.16), one �nds that

p(ĉT ) =
� 1

� ^� 1

(1 � � 1ĉT ) (5.17a)

dp(ĉT )
dĉT

=
� 1

2

� ^� 1

: (5.17b)

By the rule for transformation of random variables,

f ĉT (ĉT ) =

�
�
�
�
dp(ĉT )

dĉT

�
�
�
� f p(p(ĉT )) : (5.18)

Substituting (5.17) into (5.18) yields

f ĉT (ĉT ) =
1

p
2�

�
� ^� 1
� 1

2

� exp

0

B
@

� (ĉT � 1
� 1

)2

2
�

� ^� 1
� 1

2

� 2

1

C
A : (5.19)

From (5.19), it can be seen that the estimated SWS ^cT has a normal distribution of

ĉT � N

 
1
� 1

;
�

� ^� 1

� 1
2

� 2
!

: (5.20)
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Since the inverse of the true TOF slope� 1 is equivalent to the true TOF SWScT ,

one �nds that

ĉT � N (cT ; (� ^� 1
cT

2)2): (5.21)

As expected, the mean value of ^cT is the true TOF SWS cT . The standard deviation

of the estimated SWS is given by

� ĉT = � ^� 1
cT

2: (5.22)

Substituting (5.7) into (5.22), one �nds:

� ĉT =
� �p
n� r

cT
2: (5.23)

The above result indicates that the uncertainty of TOF SWS estimation is pro-

portional to the square of the SWS. It is linearly proportional to the arrival time

measurement error, and inversely proportional to the standard deviation of the ra-

dial distances sampled by the tracking beams. For a �xed distribution of radii, the

SWS error is also inversely proportional to the square root of the number of tracking

beams, as would be expected from averaging multiple measurements. Thus, given

the same arrival time measurement error, and the same tracking locations, the un-

certainty in TOF SWS measurement increases with the square of the SWS. This is a

fundamental limit for the performance of the TOF SWS estimation method. Equa-

tion (5.23) is valid for any wave arrival time estimation technique. As an example,

two common approaches include detecting the time to peak (TTP) and the time to

peak slope (TTPS) of the shear wave displacement. In a dispersive medium, these

two methods may result in di�erent biases in the measured SWS(a systematic error).

However, the distribution of the SWS about its mean value from repeat measure-

ments is still given by (5.23). In the next section, the potential for improving the

precision of TOF SWS measurements by increasing� r through the use of the 2D

matrix array for tracking shear waves are explored.
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5.3 Methods

It can be seen from (5.23) that by increasing� r , the standard deviation of TOF SWS

measurements can be reduced. The term� r is a measure of the spread of the radial

distances sampled by the tracking beams,r , about its mean value �r . Increasing� r

can be accomplished by increasing the number of tracking beams at the edges of the

ROI. Zhai et al. [120] has previously shown that when only 4 tracking beams are

available from a 1D array, positioning the beams at the ends of the ROI leads to

the lowest SWS estimation uncertainty. As will be demonstrated in the following

subsections, by taking advantage of the additional 
exibility in the placement of the

tracking beam locations a�orded by the 2D matrix array, a large number of tracking

beams can be positioned at the edges of the ROI to increase� r . The next subsection

will present theoretical predictions of improvement in SWSestimation precision for

various possible beam location con�gurations using the 2D matrix array. This is

followed by descriptions of experimental and simulation studies performed to verify

these results.

5.3.1 Theory

Consider a ROI with radial range betweenr l and rh from the axis of excitation

such that r l � r � rh, as shown in Figure 5.1. The size of the ROI,k, is given

by k = rh � r l . Geometrically, this corresponds to an annulus within the plane

orthogonal to the push axis centered at the push. Let the number of unique radial

positions sampled by the tracking beams benr . Note that more than one beam

can have the same radial positionr . Let the total number of tracking beamsn be

distributed such that there are an equal number of beams,n� , at each radius. That

is,

n = n� nr ; nr � 2: (5.24)
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r h r l

Figure 5.1 : Geometry of the kernel over which shear wave arrival times are mea-
sured for TOF SWS estimation in the coronal (lateral-elevation) plane. The kernel
(shaded gray) extends betweenr l and rh with a rangek, and is centered on the push
location (black square). The push axis is assumed to coincide with the axial dimen-
sion, which is orthogonal to the page in this view. Example tracking beam locations
measuring shear wave arrival times are shown (black circles), and the radial position
of one beam,r i , is marked. For this example con�guration, four unique radial posi-
tions are sampled by the tracking beams (nr = 4) and there are three beams at each
radius (n� = 3).

In such a con�guration, the variance in tracking beam radii,� r
2, can be found using

only the unique radial positions sampled (since each one is weighted equally by the

same numbern� ). If the radii are evenly spaced within the extent of the ROI,then

the location of the i th unique radius, r i , is given by

r i =
�

i � 1
nr � 1

�
k + r l ; 1 � i � nr : (5.25)
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Substituting (5.25) into (5.3b) and simplifying, one �nds that the variance of the

tracking beam radii of such a con�guration is given by the function

� r
2 = �( k; nr ) =

k2(nr + 1)
12(nr � 1)

: (5.26)

Substituting (5.26) into (5.23), it can be seen that

� ĉT =
� �

k
q

n r (n r +1)
12(n r � 1)

cT
2; (5.27)

and that the TOF SWS uncertainty is inversely proportional to the ROI sizek.

Let us now consider a typical tracking beam con�guration available from a con-

ventional 1D array transducer for monitoring radiation force induced shear wave

propagation. The SWS precision from tracking using a 2D matrix array will be

compared to this reference con�guration throughout this chapter. Let the push be

located at the center of the imaging �eld of view (FOV), and shear wave propagation

tracked both to the left and right of the push. If half the total number of tracking

beams are allocated to each side of the push (i.e.,n� = 2, nr = n=2), and they are

equally spaced within the annular ROI, then

� r
2
;1D = �( k; n=2); (5.28)

where the subscript 1D denotes a 1D array beam con�guration.

Using a 2D matrix array capable of beamforming in both elevation and lateral

dimensions, the shear wave arrival time can be monitored in an arbitrary number of

directions from the push. This additional 
exibility enables the number of arrival

time measurements taken at each radius,n� , to be greater than two. To keep the

total number of tracking beams constant, the number of unique radii sampled can

be set tonr = n=n� . If these are again evenly spaced within the radial extent ofthe

ROI, then

� r
2
;2D = �( k; n=n� ); (5.29)
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where the subscript 2D denotes a 2D array beam con�guration.

Let R be the ratio of the TOF SWS uncertainty obtained using the beam con�g-

urations for a 2D matrix array as described aboveversusthe reference con�guration

for a 1D array transducer:

R =
� ĉT ;2D

� ĉT ;1D

: (5.30)

It is clear from (5.23) that if the number of beamsn, arrival time measurement

uncertainty � � , and underlying SWScT are equal for both the 1D and 2D array

con�gurations, then R is given by the ratio of the spread in beam locations:

R =
� r ;1D

� r ;2D
(5.31a)

=

s
�( k; n=2)
�( k; n=n� )

: (5.31b)

Finally, substituting (5.26) into (5.31) and assuming equal ROI range k, one �nds

R =

s
(n + 2)( n � n� )
(n � 2)(n + n� )

: (5.32)

When n� = 2, the beam con�guration corresponding to a 1D array transducer is

obtained, andR = 1. As n� increases,R decreases, and a reduction in TOF SWS

uncertainty is obtained. The maximum decrease inR occurs when (n� ; nr ) = ( n=2; 2),

corresponding to the case when arrival times are only measured at the edges of the

ROI, with half the tracking beams allocated to each edge. Intuitively, this makes

sense, since the spread in the beam distances to the push is maximized in this

con�guration, leading to a large value of� r .
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5.3.2 Experiment

Data Acquisition

To experimentally demonstrate the reduction in TOF SWS uncertainty possible

through multi-directional tracking in homogeneous materials, the Siemens 4Z1C ma-

trix array transducer and the SC2000 scanner (Siemens Healthcare, Ultrasound Busi-

ness Unit, Mountain View, CA, USA) were used to monitor acoustic radiation forced

induced shear waves in phantoms. The 4Z1C array contains 48� 36 (lateral � el-

evation) square elements 0.4 mm in dimension. An annular focused HIFU piston

transducer (H-101, Sonic Concepts, Bothell, WA) was used for acoustic radiation

force impulse (ARFI) excitation (1.1 MHz, F/1, 63.2 mm focaldepth). The 4Z1C

was inserted into the central opening of the HIFU piston and the two transducers

were rigidly coupled using a specially designed holder, as shown in Figure 5.2(a).

The two transducers were synchronized using a custom triggering circuit, as shown

in the system block diagram in Figure 5.2(b).

Shear waves were induced in homogeneous phantoms of varyingYoung's modu-

lus between 4.8-127 kPa (CIRS, Norfolk, VA, USA). For a linear, isotropic, elastic

medium, the relationship between Young's modulus (E) and shear wave speed is

cT =

s
E

2(1 + � )�
; (5.33)

where � is the Poisson's ratio (assumed to be 0.5) and� the density of the material

(assumed to be 1000 kg=m3). Multiple interrogations in di�erent locations of the

phantoms were performed to obtain di�erent B-mode speckle and di�erent realiza-

tions of arrival time measurement noise. An excitation pulse with a derated intensity

of I SPPA :3 = 3175 W=cm2 (in situ I SPPA :7 = 1674 W=cm2) was used, and the same

excitation pulse length was used for repeated interrogations in the same phantom.

This pulse length was varied between 200-400 cycles for the di�erent phantoms to

87



(a)

SC2000

Matching
Network

Triggering
Circuit

(PIC18F4620)

Signal Generator
(Agilent 33522A)

RF Power
Amplifier

(E&I A150)
4Z1C

HIFU
Piston

Line
Sync

Trigger

Sine
Burst

55dB
Gain

(b)

Figure 5.2 : (a) The 4Z1C imaging transducer inserted into the central opening of
the HIFU piston and rigidly �xed with the holder. (b) System block diagram of the
experimental setup used for tracking radiation force induced shear wave propagation
in 3D. The shear wave is generated with the HIFU piston, and tracked using the 4Z1C
matrix array. The two transducers are synchronized by the line sync signal from the
SC2000, which provides precise timing of transmit events onthe 4Z1C. When the
appropriate number of transmits have occurred, the triggering circuit causes the
signal generator to emit a 1.1 MHz burst of selected amplitude and duration (200-
400 cycles). This signal is ampli�ed by 55 dB by an RF power ampli�er (E&I A150,
Electronics & Innovation, Rochester, NY), and goes throughan impedance matching
network, before �nally driving the HIFU piston to generate the acoustic radiation
force push.

ensure adequate displacement (> 1� m) was obtained in all cases. The resulting

shear waves were imaged using the 4Z1C at a center frequency of 2.8 MHz.

Due to current limitations of the SC2000 beamforming hardware, arbitrary place-

ment of beam locations was not possible. To overcome this de�ciency, a �nely spaced

rectangular grid of 72� 72 (lateral � elevation) beams was used for monitoring the

shear wave to provide a large number of possible tracking beam locations. Desired

beam con�gurations were then tested by using the data from a subset of the beams

from this grid. At an imaging depth of 60 mm, which is near the push focal depth

when the two transducers are coupled, the average beam spacing is 0.54 mm in both
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lateral and elevation dimensions, and the FOV is 38� 38 mm. The radiation force

excitation was located approximately at the center of the FOV, so that the resultant

shear wave propagation can be visualized in all directions.64:1 parallel receive was

used to beamform a grid of 8� 8 beams on every transmit so that only 81 transmits

were required to interrogate the entire grid of 72� 72 beams. Shear wave displace-

ment was monitored by repeating the push, and sequentially monitoring each of the

81 parallel receive beam groups in turn, until data from the entire FOV was acquired.

The time interval between pushes was 22 sec, and was limited by the data transfer

rate on the SC2000. Using this method, a high tracking PRF of 7.7 kHz is obtained.

Although this approach requires a relatively long acquisition time, and 81 pushes to

acquire data from the entire FOV, these drawbacks are not critical issues when imag-

ing phantoms. The bene�t is that shear wave displacement data with high sampling

rates both spatially and temporally is obtained.

Data Processing

Axial displacement along each beamline was measured using the zero-phase displace-

ment estimation algorithm described by Pesavento et al. [66] on IQ data. Acoustic

radiation force induced displacements in the lateral and elevational directions are

on the order of a magnitude smaller than the axial component [30], and cannot be

monitored by ultrasonic speckle tracking methods. Therefore, only 1D displacement

tracking was performed. Shear wave arrival times were measured by �nding the time

to peak slope (TTPS) of the displacement time pro�le at each location. Arrival times

were analyzed at a imaging depth of 60 mm near the excitation focus.

The number of tracking beams (n) used for SWS reconstruction was limited to

64. This is the number of parallel receive channels available from the SC2000, and

represents the maximum number of locations the shear wave from a single ARFI

excitation can be monitored with this scanner. Five di�erent con�gurations for
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the 64 tracking beams were tested: (n� ; nr ) = f (2; 32); (4; 16); (8; 8); (16; 4); (32; 2)g,

with radii equally spaced between 4-17 mm from the push, corresponding to a ROI

size of 13 mm. With a more extensively programmable system, or with a software

beamforming system interfaced with the matrix probe, all the data from these beam

con�gurations could be acquired with a single transmit and ARFI excitation. How-

ever, as previously mentioned, due to the current limitations of the SC2000, these

beam con�gurations were implemented by choosing a subset ofbeams from a rect-

angular grid of 72� 72 beam locations. For each con�guration, beam locations from

the 72� 72 grid closest to the desired set of radii, assuming the pushwas located at

the center of the FOV, were selected for SWS estimation. Dataat remaining beam

locations were not used. Thus, data for all �ve di�erent beamcon�gurations were

synthesized from each full 72� 72 grid data-set. The beam locations selected for all

con�gurations are illustrated in Figure 5.3. Note that in order to obtain the required

set of distances between the beams and the push axis from the limited grid locations,

the beam patterns are not arranged in straight lines radiating out from the center of

the FOV as one would expect.

Since the location of the ARFI push from the HIFU piston relative to the 4Z1C

is not known precisely, SWS estimation using experimental data was performed by

least squares �tting a conical surface to the arrival times,as shown in Figure 5.4(b).

The axis of the cone corresponds to the axis of the ARFI excitation relative to the

4Z1C. When the HIFU piston and the 4Z1C are perfectly aligned, the cone axis

coincides with the arrival time axis (the z-axis in Figure 5.4(b)) and goes though

the origin. The remaining two degrees of freedom, the cone opening angle, and the

location of its apex along its axis, directly correspond to the slope and intercept

parameters of the linear model relating arrival times to distance from the push (see

equation (5.1)). For each data-set, the arrival times as a function of location from

all the beams in the 72� 72 grid at 60 mm depth were �t to a cone to estimate the
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Figure 5.3 : Beam locations from a 72� 72 grid at 60 mm imaging depth used for
SWS estimation. The standard deviation of the beam distances from the push at
the center of the FOV, � r , is shown for each con�guration. Although the beams for
the (n� ; nr ) = (2 ; 32) case do not lie on a straight line, they have the same� r as a
typical con�guration when using a 1D array for shear wave imaging. The other cases
correspond to additional con�gurations possible using a 2Darray.
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actual orientation and position of the push axis. To compensate for misalignment

between the HIFU probe and the 4Z1C, cones with this same axiswere �t to the

arrival time data from the selected beam locations for each con�guration. In other

words, only the opening angle and the apex location of the cone were allowed to

vary. Least squares optimization of these two parameters isequivalent to �nding the

slope and intercept in line-�tting. The SWS is estimated using the opening angle of

the least squares cone for each con�guration.

5.3.3 Simulation

Simulations were performed in MATLAB (The MathWorks, Natick, MA, USA) to

verify the theoretical reduction in TOF SWS uncertainty shown in (5.31). Shear wave

arrival times were generated for the �ve beam con�gurationsexperimentally tested

((n� ; nr ) = f (2; 32); (4; 16); (8; 8); (16; 4); (32; 2)g) within the same radial domain (4-

17 mm from the push). The beam locations used were exact, and not quantized

by the 72 � 72 grid as for the experiment. The arrival times were generated as

follows. First, the ideal arrival time at each beam locationwas calculated using its

distance from the push and a SWS of 1.26 m/s, which is the same SWS as the 4.8 kPa

phantom. Then, normally distributed noise with zero mean and a standard deviation

of � � = 0:6 ms, similar to experimentally observed noise levels [103], was added to the

ideal arrival times to simulate measurement noise. SWS estimation was performed by

calculating the inverse slope of the least-squares �t line to these noisy arrival times,

as previously described. This was repeated for 10000 realizations of noisy arrival

time data-sets for all �ve beam con�gurations. The standarddeviation (precision)

of the SWS over the 10000 realizations for the �ve di�erent beam con�gurations was

�nally compared.
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(a) (b)

(c)

Figure 5.4 : (a) Shear wave arrival times measured from the 4.8 kPa homogeneous
phantom in the plane orthogonal to the push axis at an imagingdepth of 60 mm,
which is near the excitation focal depth. The push is approximately at the center of
the FOV. Arrival time measurements close to the push near thecenter of the FOV
were not possible, as a result of reverberation echoes of theradiation force excitation.
(b) Least squares cone-�t to the arrival times shown in (a). The actual push axis
location and orientation, as well as the SWS can be estimatedfrom the parameters
of the cone. (c) Surface plots of arrival times at the same imaging depth (60 mm)
measured from three homogeneous phantoms of di�erent sti�ness. The estimated
SWS from cone-�ts to the data shown are displayed.

5.4 Results

Three dimensional displacement �elds measured using the 4Z1C after ARFI excita-

tion in the 4.8 kPa phantom with the HIFU piston are shown in Figure 5.5. Although

a HIFU piston was used for radiation force excitation, due tothe short duration of

the ARFI pulse (182� 364� s), displacement magnitudes on the order of microns are

obtained axially along the beamline direction. As previously mentioned, displace-

93



(a) t=0.8 ms (b) t=3.4 ms (c) t=6.0 ms

Figure 5.5 : 3D displacement �eld measured by the 4Z1C after ARFI excitation
using the HIFU piston in a 4.8 kPa phantom. The displacementsmeasured along
the beamline direction using 1D speckle tracking are shown as a volume rendering
at three di�erent time steps after the excitation. Darker pixels correspond to larger
displacement amplitude. The push axis is parallel to the axial direction and is
centered at the origin in the lateral and elevation dimensions. Orthogonal sections
of the displacement �eld at planes indicated by the dashed lines are also projected
onto the back walls of the plot. One of these planes is a coronal view (orthogonal
to the push axis) at an axial depth of 60 mm, which is close to the excitation focus.
Throughout this paper, shear wave data from this plane is analyzed (i.e., the plane
shown in Figure 5.4).

ment in the lateral and elevation directions are negligiblein comparison [30], and

were not measured. It is evident from Figure 5.5 that as time after the excitation

increases, locations increasingly further away from the push are perturbed by the

shear wave. Although shear wave data is analyzed in only one plane near the excita-

tion focus in this chapter, ARFI induced shear wave displacement throughout a 3D

volume can be monitored using the matrix array.

The shear wave arrival times in the FOV at 60 mm for one acquisition on the

4.8 kPa phantom are shown in Figure 5.4(a). Due to reverberation echoes of the

radiation force excitation, displacement estimates earlyin time after the push were

not available. Therefore, arrival time measurements closeto the push near the cen-

94



ter of the FOV were not possible. As expected, the shear wave takes longer to

reach locations further from the push. The arrival time appears isotropic, as would

be expected for a homogeneous isotropic material. Due to theslow SWS in this

phantom, the shear wave did not reach the corners of the FOV within the tracking

duration. Figure 5.4(b) illustrates the cone-�t to the arrival times for the example

in Figure 5.4(a). The SWS can be estimated from the opening angle of the cone. A

faster SWS corresponds to lower arrival times, and consequently, a bigger opening

angle. Figure 5.4(c) shows surface plots of arrival times from acquisitions on three

homogeneous phantoms of di�erent sti�ness (E = 4.8, 12, 30 kPa), and estimated

SWS from each using cone-�ts to the data.

The accuracy of the alignment between the HIFU probe and the 4Z1C was as-

sessed from the axis of the cones �t to arrival times from 200 acquisitions collected

on the 4.8 kPa phantom over multiple days, during which the HIFU probe was re-

peatedly disassembled and re-attached to the 4Z1C. The axisof the HIFU piston

and the 4Z1C had an average di�erence of 0:5� 0:3� in orientation and 0:5� 0:2 mm

in position at an imaging depth of 60 mm. Thus, the radii of thetracking beams

in Figure 5.3, which were computed assuming a perfectly aligned push axis and the

4Z1C, should not be signi�cantly di�erent from their intended values.

The reduction in SWS uncertainty predicted by (5.31) for 64 tracking beams with

di�erent � r is plotted in Figure 5.6. The standard deviation of the estimated SWS

from 10000 sets of simulated arrival times was calculated for the �ve beam con�gura-

tions (n� ; nr ) = f (2; 32); (4; 16); (8; 8); (16; 4); (32; 2)g. These values were normalized

by the standard deviation for the reference 1D array case ((n� ; nr ) = (2 ; 32)), and

are shown on the same plot. Similarly, the SWS standard deviation from 200 acqui-

sitions on the 4.8 kPa phantom was calculated for the �ve beamcon�gurations, and

the experimentally achieved reduction in SWS standard deviation is also shown on

the same �gure. Note that the � r values plotted in Figure 5.6 for the experimen-
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tally implemented con�gurations are from the actual beam locations used. These

di�er from the � r values of the prescribed beam con�gurations (shown by the x-axis

location of the simulated data points) due to quantization error from the limited

beam locations available from the 72� 72 grid. However, the di�erences in� r were

small (on average 0.03 mm for the �ve con�gurations), as can be seen by comparing

the x-axis locations of the experimental and simulated datapoints on Figure 5.6.

To calibrate the reader, the experimental SWS standard deviation for the baseline

(n� ; nr ) = (2 ; 32) case was 0.016 m/s. Due to practical restrictions, the number of

experimental data-sets used to assess TOF SWS precision waslimited to 200. To

illustrate the uncertainty in estimating the standard deviation from 200 samples, the

SWS standard deviation from a subset of 200 samples randomlyselected from the

10000 simulated data-sets for each beam con�guration was compared to the standard

deviation for the entire 10000 samples. This was repeated for 1000 randomly selected

subsets. The mean di�erence in standard deviation evaluated over 200 and 10000

samples are plotted as error bars in Figure 5.6.

In addition to the 200 acquisitions on the 4.8 kPa phantom, anadditional 20 data-

sets were acquired on each of �ve other phantoms with varyingsti�ness up to 127 kPa.

The SWS standard deviation was calculated for each using the(n� ; nr ) = (2 ; 32)

con�guration. These were then normalized by the standard deviation of the �tted

slope, � ^� 1
. This e�ectively normalizes di�erences in the arrival time measurement

error for the di�erent phantoms. A plot of the normalized SWSstandard deviation

is shown in Figure 5.7versusthe mean SWS obtained from all acquisitions on each

phantom. The theoretically predicted curve for this relationship from (5.22) is shown

on the same �gure.
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Figure 5.6 : SWS standard deviation for the �ve tracking beam con�gurations
tested as a ratio of the standard deviation for the reference1D array case ((n� ; nr ) =
(2; 32)). The predicted values for this ratio using the� r values of the beams and
(5.31) are shown by the dashed curve. The reduction obtainedfrom 10000 simulated
noisy arrival time data-sets is marked by triangles, and that from 200 experimentally
acquired data-sets from a homogeneous phantom is marked by circles. Note that
the � r values for the experimental data are slightly di�erent fromthe prescribed
beam con�gurations due to the limited beams available from the 72� 72 grid. The
error bars on the experimental data show the expected uncertainty in estimating the
standard deviation from only 200 samples. These were determined by comparing
the standard deviation of 1000 sets of 200 randomly selectedsamples from the 10000
data-sets simulated for each con�guration with the standard deviation obtained over
all 10000 samples. Note that there is no error bar for the reference 1D array case
((n� ; nr ) = (2 ; 32)), because this is used for normalization, and by de�nition equals
to 1.
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Figure 5.7 : TOF SWS standard deviationversus the mean SWS in six homoge-
neous phantoms of di�erent sti�ness (squares), and after normalizing for the arrival
time estimation error by dividing by the standard deviationof the �tted slope, � ^� 1

(circles). The relationship between the normalized SWS standard deviation and the
SWS predicted using (5.22) is shown by the dashed line. The (n� ; nr ) = (2 ; 32) beam
con�guration was used for SWS estimation in all cases. The sample size was 200 for
the phantom with a mean SWS of 1.3 m/s, and 20 for the others.

5.5 Discussion

As shown in Figure 5.6, there is excellent agreement betweenthe reduction in SWS

uncertainty achieved on simulated data and that predicted by theory. The exper-

imental results, however, show deviations about the expected values ofR. Nev-

ertheless, the overall trend of decreasing SWS standard deviation with increasing

� r is maintained. The largest reduction occurred for the (n� ; nr ) = (32 ; 2) beam

98



con�guration, where a 30% decrease in SWS uncertainty compared to the baseline

(n� ; nr ) = (2 ; 32) case was achieved experimentally, and a 40% decrease waspredicted

by theory and simulation. The disparity between the experimental results and the-

ory may be due in part to the relatively small number of acquisitions (N=200) used

to assess the SWS standard deviation compared to the simulations (N=10000). The

uncertainty associated with estimating the standard deviation from 200 samples is

shown by the error bars in Figure 5.6. As the sample size increases, a more accurate

estimate of the SWS standard deviation for the various beam con�gurations should

be obtained.

A limitation of the theoretical derivation for the TOF SWS estimation uncertainty

presented in Section 5.2 is that constant arrival time measurement noise is assumed at

all beam locations. This is unlikely to be true in practice, and is another factor which

could cause the discrepancy between the experimental and theoretical results in SWS

uncertainty reduction observed in this study. There are tworeasons why the arrival

time measurement noise may be unequal at di�erent beam locations: 1) variation in

beam point spread function (PSF) due to beamforming, and 2) attenuation of the

shear wave as it propagates through the medium.

The tracking beam PSF directly impacts the accuracy of ultrasonically tracked

displacements. Indeed, the main source of noise in ultrasonic tracking of radiation

force induced displacement is due to the distortion of the scatterer distribution within

the tracking beam caused by spatial gradients in the displacement �eld [69, 121].

Beams with higher sidelobe levels are subject to higher levels of tracking noise due

to the greater contribution of scatterer motion from the sidelobes. Thus, when the

PSF of the tracking beams vary, the accuracy of the measured arrival times from

those beams will also be di�erent.

As described in Section 5.3.2, 64:1 parallel receive beamforming was used to

acquire grids of 8� 8 beams experimentally in this study. A single transmit focused
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at the center of the grid was used for isoni�cation. Data at all 64 beam locations was

acquired by shifting the receive focus away from the transmit focus to every location

in the grid. This has the e�ect of increasing the sidelobe magnitude of the track beam

PSF [107]. As the receive focus is shifted further away from the transmit focus, the

sidelobe level increases. Thus, the outer beams in the 8� 8 grid has higher sidelobe

levels than beams located near the center of the grid. Therefore, in the experiments

performed for this study, a beam con�guration in which more beams near the edges

of the 8� 8 parallel receive beam groups are selected for SWS estimation will have

lower than expected SWS precision. To mitigate non-uniformtracking jitter due to

parallel receive beamforming, a transmit beam with a higherF/#, or a plane wave

transmit could be used.

The other factor which can cause the accuracy of arrival timeestimates to vary

with location is shear wave attenuation. As shear wave propagates through tissue,

its amplitude can be attenuated by geometric spreading or viscosity [84, 110]. This

causes the displacement amplitude at locations further from the push to be smaller,

leading to larger arrival time measurement error at these locations. Since this factor

was not taken into account in the derivation of (5.31), the experimental beam con-

�gurations in this study which utilize more beams far from the push will have lower

than expected SWS precision.

Least squares �tting with unequal arrival time measurementaccuracy at di�erent

locations will still give an unbiased estimate of the SWS. Toextend the analysis of

TOF SWS estimation uncertainty to account for unequal measurement accuracy, the

following form for the standard deviation of the slope parameter ^� 1 can be used [96]:

� ^� 1
=

p P n
i =1 (r i � �r )2ai

2
P n

i =1 (r i � �r )2
� � ; (5.34)

where a2
i is the scaling factor for the noise variance at each beam location. It can
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be shown that if the weights are uniformly equal to one (i.e.,a2
i = 1; 8i ), then (5.34)

reduces to (5.7). Equation (5.22) relating the standard deviation of the SWS and

the standard deviation of the estimated slope still appliesin this situation. There-

fore, the SWS uncertainty can still be reduced by minimizing(5.34). In minimizing

(5.34), both the location (r i ) and measurement noise (a2
i � 2

� ) of the beams must be

taken into account to ensure that decreases in� ^� 1
from spreading the beam loca-

tions is not o�set by beams with higher measurement noise dueto beamforming or

shear wave attenuation. The determination of the weightsa2
i is a di�cult problem,

because they are dependent on many factors, including the source of the shear wave,

the beamforming technique used for tracking, and the viscoelastic properties of the

underlying medium. One approach for determininga2
i would be to simulate both

the response of the tissue to the radiation excitation force�eld experimentally used

[92], and ultrasonic imaging of the induced displacements [69]. In practice, the exact

viscoelastic properties of the medium to be imaged is unlikely to be known a priori ,

so a range of material properties likely to be encountered could be simulated.

As shown in Figure 5.7, the experimentally measured TOF SWS uncertainty

increased with mean SWS value in phantoms. Since the underlying viscoelastic

properties of the phantoms were di�erent, shear waves of varying bandwidths were

induced with impulsive radiation force excitation, leading to di�erences in the ar-

rival time measurement accuracy between the phantoms. After normalizing for this

e�ect, the SWS uncertainty increased with the square of the SWS, as was predicted

by (5.22). The fact that the uncertainty in TOF SWS measurements increases with

the square of the SWS has implications for the interpretation of experimental re-

sults using TOF SWS estimation. Firstly, a greater sample size is needed for SWS

measurements in sti�er materials to achieve the same power in statistical analysis as

in softer materials. Secondly, in studies which involve theanalysis of variability in

SWS, for example, in comparing sti�ness heterogeneity in the liver as a function of
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�brosis stage, the inherent increase in the variance of SWS measurements in sti�er

media must be taken into account.

The analytical relationships for the uncertainty in TOF SWSmeasurement pre-

sented in this chapter are applicable to tissue as well as homogeneous phantoms.

However, the tracking beam con�gurations presented in thischapter are not intended

for use in all situations. Their purpose is merely to illustrate that by increasing the

spread in the beam locations, a more precise measurement of the SWS can be ob-

tained. The speci�c tracking beam locations to use in any application should be

chosen based on the goal of the experiment, as well as the material properties of the

underlying medium. Additional considerations to be taken into account when select-

ing tracking beam locations for imaging tissue include shear wave attenuation due to

viscosity as was previously mentioned, potential variation in sti�ness with location

(heterogeneity), and potential variation in sti�ness with direction (anisotropy).

The main drawback of the approach used in this chapter for improving SWS mea-

surement precision is the assumption of tissue homogeneitywithin the ROI. It was

shown in (5.27) that TOF SWS precision and ROI size have an inverse relationship.

Therefore, there is an inherent trade-o� between SWS precision and spatial resolu-

tion. In applications where the tissue sti�ness is relatively homogeneous and spatial

resolution is not critical, for example in assessing liver sti�ness, measurement of the

average SWS over a large ROI is useful. However, in applications where an image of

sti�ness is desired, smaller ROIs must be employed, which limits the spacing between

tracking beam locations, and result in lower TOF SWS measurement precision.

The tracking beam con�gurations presented in this chapter also assume the under-

lying medium to be isotropic, so that SWS does not vary with direction. Therefore,

beams were placed at arbitrary angles relative to the push inthe lateral-elevation

plane. However, in tissues which are anisotropic, where theSWS is directionally

dependent, it is not possible to measure a single SWS over theentire annular ROI.
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Instead, independent SWS measurements must be made in di�erent directions from

the push. This additional restriction requires beams to be placed in a su�ciently

wide variety of angles to obtain the desired angular resolution in SWS. Nevertheless,

the general principle of maximizing the spread in the beam locations and the expres-

sion for TOF SWS measurement uncertainty (Equation (5.23))can still be applied

independently for each direction.

For end users of quantitative SWS imaging systems, a useful feature would be

some indication of the expected accuracy of their measurements. If there was a

method to ascertain the arrival time estimation error� � , an estimate for the SWS

measurement uncertainty could be calculated using (5.23):

sĉT =
s�p
n� r

ĉT
2; (5.35)

where sĉT is the estimated SWS uncertainty, ands� is an estimate for the arrival

time error. Fortunately, s� can be estimated by the deviations of the arrival times

about the least squares �t line [96]:

s� =
r

� � �
n � 2

; (5.36)

where� � � is the sum of the square errors, andn the number of arrival times used for

the �t. Equation (5.35) gives a direct estimate of the uncertainty, or error bar size, of

the shear wave speed measurement in m/s. It is easy to show that when Cov(r; t ) =

� r � t (perfect correlation between arrival times and position),the uncertainty is 0 m/s,

and when Cov(r; t ) = 0 (no correlation), the uncertainty is in�nite. Thus, in a ddition

to obtaining a SWS estimate ^cT from a single acquisition, one can also estimate the

uncertainty in that estimate, sĉT , from the quality of the �t and (5.35).

Besides the ability to optimally position tracking beam locations to improve SWS

measurement precision, another bene�t of tracking shear wave propagation in 3D
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using a 2D matrix array is the increase in the amount of data that can potentially be

acquired. If the number of tracking beamsn is not held �xed, but allowed to increase

by either increasingn� or nr , then a
p

n reduction in SWS measurement standard

deviation would be achieved (see equation (5.23)). This would be feasible using a

matrix array system capable of single channel acquisition and software beamforming.

While the 3D shear wave imaging system described in this chapter is a useful

research tool, it has not been optimized for data acquisition in in vivo experiments.

Although capable of acquiring high quality data with high sampling rates both spa-

tially and temporally, the long acquisition time and large number of pushes required

to sample the entire rectangular FOV is impractical for clinical studies. For prac-

tical purposes, both the number of tracking beams and the PRFcan be reduced

to increase acquisition speed and decrease the number of radiation force excitations

needed. If current limitations of the beamformer hardware can be overcome, then

arbitrary beam locations, such as one of the con�gurations tested in this chapter,

may be realizable with a single transmit and 64 parallel receive. Alternatively, if sin-

gle channel data can be acquired from the 2D array, beamforming can be performed

o�ine in software.

Ideally, both radiation force excitation and shear wave tracking is performed

with a single transducer. However, due to the high cost of the4Z1C probe, this has

not yet been attempted in our lab. Nevertheless, this is a possibility that is under

investigation.

5.6 Conclusion

TOF SWS measurement uncertainty is inversely proportionalto ROI size, and in-

versely proportional to the square root of the number of tracking beam locations.

TOF SWS uncertainty increases with the square of the SWS. This means that TOF

SWS measurements are intrinsically less precise for sti�ermaterials.
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For a �xed number of tracking beams and ROI size, the TOF SWS uncertainty

can be reduced by increasing the spread of the tracking beam locations relative to the

push within the ROI. This was experimentally demonstrated using a 2D matrix array

ultrasound transducer to monitor radiation force induced shear wave propagation in

a 3D volume. By taking advantage of the additional beam locations available from

the 2D matrix array compared to a conventional 1D array transducer, an increase in

the spread of the beam locations relative to the push was ableto be achieved. Using

a limit of 64 tracking beams, a reduction in TOF SWS measurement uncertainty of

40% was shown to be theoretically possible by placing the beams at the edges of

the ROI at multiple directions from the push, instead of spacing the beams equally

within the ROI along a single plane, as is typically done for shear wave imaging

using a 1D array. This is corroborated with simulated data, and a reduction of 30%

was achieved in practice using experimental data acquired with the 2D matrix array

on a homogeneous phantom. Although the SWS standard deviation obtained on

a phantom using the experimental setup in this study was small (< 0:016 m=s), in

practical imaging situations where a lower tracking PRF, smaller number of tracking

beams and smaller ROI size is used, and increased displacement jitter may be present

due to lower B-mode SNR, the SWS uncertainty will be larger. For example, for

repeated acquisitions inin vivo liver using 32 parallel beams uniformly spaced in

a single plane, we observed SWS standard deviations of up to 0.2 m/s [103]. The

improvement in SWS precision obtained by tracking shear waves with the 2D matrix

array should be most bene�cial in these situations and when imaging sti� materials.

In an ideal shear wave imaging system, the SWS measurement would have both

high accuracy (low bias) and high precision (low spread). This chapter has pro-

posed methods for characterizing SWS measurement precision and an approach for

increasing the precision of SWS measurements by increasingthe spread in tracking

beam locations. However, the analysis and methods presented herein do not extend
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to systematic sources of errors, such as shear wave dispersion, which cause mea-

surement bias. Depending on the application, systematic errors, which contribute

to di�erences in the SWS measured by di�erent systems, may pose a more signi�-

cant problem than deviations in repeated measurements, which was analyzed in this

chapter. Investigation of potential systematic sources ofSWS measurement error in

shear wave imaging systems must be performed in future studies to facilitate wider

clinical use of this technology.
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6

Imaging Transverse Isotropic Properties of Muscle
by Monitoring Acoustic Radiation Force Induced

Shear Waves using a 2D Matrix Ultrasound Array

The work presented in this chapter has been submitted for publication in IEEE Trans-

actions on Medical Imaging

The following chapter describes the measurement of anisotropic mechanical prop-

erties of muscle using the 2D matrix array based ARFI shear wave imaging system

developed in the previous chapter. From a single 3D shear wave data-set, both the

shear wave phase and group velocity can be calculated to estimate the SWS along

and across the �bers, as well as the �ber orientation in 3D. The true �ber orientation

found using the 3D Radon Transform on B-mode volumes of the muscle was used to

verify the �ber direction estimated from shear wave data. The 3D �ber orientation

error from phase and group velocity measurements was 5:4 � 2:9 � and 5:3 � 3:2 �

(mean � standard deviation), respectively, over 30 acquisitions.It is shown that

these measurements can be performed even if the push is oblique to the �bers.
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6.1 Introduction

Shear wave imaging is a promising technique for the non-invasive quanti�cation of

tissue sti�ness. Shear waves in the body can be induced by a variety of methods,

including physiological motion [16, 19, 113, 33], externalmechanical excitation [11,

79, 8], or acoustic radiation force [46, 50, 51, 48]. By monitoring the shear wave

speed (SWS) using a real-time imaging modality such as magnetic resonance imaging

(MRI) [26, 11, 79] or ultrasound [8, 46, 50, 51, 48], the underlying tissue sti�ness

can be estimated under simplifying assumptions of the tissue mechanical properties.

This technique has been used to study various types of soft tissues, including liver

[7, 8, 9, 10, 11], breast [12, 13], cardiac tissue [14, 15, 16], skeletal muscle [17, 18],

artery [19], kidney [20], cornea [21], and brain [22, 23, 24].

Shear wave imaging in skeletal muscle presents unique challenges due to its dy-

namic nature and its physical structure. Skeletal muscle iscomposed of thin �bers

(myocytes) grouped together in bundles called fasciculi [122]. These �bers align par-

allel to each other in a regularized pattern to form the overall muscle. Due to this

geometric structure, the mechanical properties of muscle are di�erent along the �bers

than across the �bers. As a result, the SWS in muscle is anisotropic, and dependent

on the direction of propagation with respect to the �ber orientation, which con-

founds SWS measurement in muscle in two ways. First, the muscle �ber orientation

is not usually precisely known in the shear wave imaging coordinate system. Second,

the usual assumption of isotropy used in SWS based shear modulus reconstruction

techniques does not apply.

Previous work in shear wave imaging in muscle includes both magnetic reso-

nance elastography (MRE) studies, which use MRI for monitoring shear waves, and

ultrasound-based techniques. MRI has the advantages of being able to acquire data

in three-dimensions (3D) and measure displacement �elds with equal sensitivity in
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any direction. However, the long acquisition time required(on the order of minutes)

means that most MRE studies are limited to data from a single two-dimensional

(2D) plane of the anatomy [39, 40, 18]. Another drawback of MRE is the complexity

of wave �elds induced in muscle by the external mechanical vibrators typically used

for shear wave generation [27, 28, 123], which make the reconstruction of elastic

parameters a challenging task. At present, the majority of MRE studies measure

muscle sti�ness only in the �ber direction [39, 40, 123, 124], while assessments of

anisotropy are limited [28, 18].

In comparison to MRI, the use of ultrasound for shear wave imaging has several

advantages, including short acquisition times (within seconds), portability, reduced

cost, and the ability to generate shear waves in tissue usingacoustic radiation force

with the imaging transducer [48]. Early studies in muscle with ultrasound-based

shear wave imaging were performed using mechanical actuators for shear wave gen-

eration [125, 126, 127, 51], and more recently with acousticradiation force [128, 17].

However, like most MRE techniques, shear wave propagation in only a single plane

can be observed using conventional ultrasound, which form cross-sectional image

slices. This limits its ability to characterize the anisotropic properties of muscle,

which is 3D in nature. Some studies seek to minimize the e�ectof anisotropy on

SWS measurements in muscle by consistently orienting the transducer imaging plane

with respect to the �ber and limiting measurements to a single direction [127, 126].

In other studies, anisotropy has been characterized by modulating either the excita-

tion source of the shear wave [129, 125], or the position of the imaging transducer

[17]. A common drawback in these approaches is that the actual �ber orientation

relative to the imaging plane is not known precisely, and is estimated by manual

inspection of the appearance of fasciculi in B-mode. More recently, Lee et al. [14]

have shown that it is possible to accurately estimate the �ber orientation in the my-

ocardium from the SWS measured in multiple directions usinga transducer mounted
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on a custom rotation device.

Two-dimensional matrix array ultrasound transducers are becoming increasingly

available on the latest generation commercial ultrasound scanners. In contrast to

conventional one-dimensional (1D) ultrasound arrays, these transducers are capable

of electronic beamforming in both the lateral and elevationdimensions to facilitate

3D imaging at high frame-rates. As a result, it is now possible to monitor shear

wave propagation in a 3D volume using ultrasound without theneed for multiple

acquisitions or specialized devices for repositioning andphysical registration of the

probe [114]. The ability to monitor shear wave propagation in 3D overcomes the

limitations inherent in characterizing muscle anisotropyfrom 2D images.

In this study, a 2D matrix array is used to image shear wave propagation induced

by acoustic radiation force impulse (ARFI) inex vivo muscle. The SWS along and

across the �bers, as well as the �ber orientation in 3D is measured from a single

3D shear wave acquisition without the need to modulate the source of the shear

wave or reposition the probe. Section 6.2 of this chapter presents a theoretical back-

ground on shear wave propagation in muscle. Section 6.3 describes the experimental

procedures used for data acquisition, methods used for anisotropic SWS estimation

and �ber orientation measurement from 3D shear wave data, aswell as evaluation

of the true 3D �ber orientation from high resolution B-mode ultrasound. The 3D

�ber orientation estimated from 3D shear wave data is compared to the true �ber

orientation measured from B-mode in Section 6.4. It is shownthat measurement of

the SWS along and across the �bers, as well as the �ber orientation, is possible even

when the axis of the ARFI excitation (push) is not oriented directly perpendicular

to the �bers.
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6.2 Shear Wave Propagation in Muscle

As illustrated in Figure 6.1, the parallel arrangement of muscle �bers give rise to

an axis of symmetry along the �ber direction. In the coordinate system to be used

throughout this chapter, this axis will be assigned the 3-direction (e3). The muscle

mechanical properties are assumed to be invariant under rotation about this axis.

Thus, isotropic behavior is observed in `planes of isotropy' (the 1-2 dimensions). In

contrast, `planes of symmetry' parallel to this axis contain directions varying from

parallel to perpendicular to the �bers, and display anisotropic behavior. This type of

material symmetry can be described by a transverse isotropic (TI) model of elasticity

[55]. It is the simplest model of anisotropy, and representsan attractive one to use

to describe the mechanical properties of muscle [125]. The governing equations for

shear wave propagation in a TI material are developed in the following subsections.

Plane of isotropy

Plane of symmetry

Fiber direction
e3

e1
e2

Figure 6.1 : Coordinate system used for modeling muscle as a transverseisotropic
material. The orthonormal basis vectorse1, e2, and e3 form a right-handed coordi-
nate system. The muscle �bers are parallel to thee3 direction, which is an axis of
symmetry. The mechanical properties are isotropic within planes of isotropy perpen-
dicular to this axis, whereas anisotropic behavior is observed in planes of symmetry
parallel to this axis.
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6.2.1 Wave Propagation in Transverse Isotropic Media

Wave propagation in TI materials has been extensively studied in geophysics and

crystal acoustics [130, 131]. The wave equation in a TI material can be derived from

three fundamental relations: 1) the strain-displacement relation, 2) the constitutive

equation relating stress and strain, and 3) the equation of motion (Newton's second

law). For compactness, this chapter will use indicial notation, where subscript indices

can take on the values 1, 2, or 3, and repeated indices follow the Einstein summation

convention [55]. Letui denote the particle displacement in an elastic medium. The

in�nitesimal strain tensor " kl is then given by:

" kl =
1
2

(uk;l + ul;k ): (6.1)

The constitutive equation for a linear elastic solid is

� ij = Cijkl " kl ; (6.2)

where � ij is the stress tensor, andCijkl is the elasticity tensor. For a TI material,

the elasticity tensor contains only �ve independent parameters and (6.2) can be

expressed in Voigt notation by
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; (6.3)

where only the non-zero components are shown. The equation of motion in the

absence of body forces is

� ij;j = � •ui ; (6.4)

where� ij;j is the divergence of the stress tensor and� is the material density (assumed

to be 1100 kg=m3 for muscle). The wave equation is obtained by substituting (6.1)
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and (6.2) into (6.4):

Cijkl ul;kj = � •ui : (6.5)

To solve the wave equation, assume plane wave solutions of the form

ui = A i ej (!t � k l x l ) ; (6.6)

where A i are components of the particle displacement vectorA , ! the angular fre-

quency, t time, kl components of the wave number vectork, and x l spatial coordi-

nates. Due to symmetry of the material properties aboute3, the e1 and e2 directions

are equivalent and arbitrary. Therefore, without any loss in generality, we can set

k2 = 0, and only consider wave propagation in the 1-3 plane. Substituting (6.6) into

(6.5) with k2 = 0 yields

2

4
n2

1C11 + n2
3C44 0 n1n3(C13 + C44)

0 n2
1C66 + n2

3C44 0
n1n3(C13 + C44) 0 n2

1C44 + n2
3C33

3

5

2

4
A1

A2

A3

3

5 = �v 2
w

2

4
A1

A2

A3

3

5 ;

(6.7)

whereni = ki =
p

klkl are components of a unit vectorn normal to the wavefront, and

vw = !=
p

klkl is the scalar phase velocity associated with the directionn. Equation

(6.7) is known as Christo�el's equation, and has the form of an eigenvalue-eigenvector

problem. It has three independent solutions, corresponding to three di�erent wave-

modes. The direction of particle motionA , or `polarization', for each wave-mode

corresponds to an eigenvector of the Christo�el matrix, while the phase velocityvw

can be deduced from the associated eigenvalue. It is clear from (6.7) that the phase

velocity of the waves depend on the direction of propagationn, and elastic constants

of the medium. Furthermore, since the Christo�el matrix is symmetric, the three

wave-modes have mutually orthogonal directions of polarization.

One obvious solution of (6.7) is to setA1 = 0 and A3 = 0. Doing this, one obtains

�v 2
w = n2

1C66 + n2
3C44 and A = 


�
0 1 0

� >
; (6.8)
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where
 is an arbitrary constant. The polarization of this wave is inthe 2-direction,

which is perpendicular to its direction of propagation (the1-3 plane). Thus, this

mode corresponds to a pure shear wave. Equation (6.8) can be rewritten as

�v 2
w = C66 sin2 � w + C44 cos2 � w ; (6.9)

where� w = arctan( n1=n3) is the angle of wave propagation with respect to the �bers

in the propagation plane.

Since the three wave-modes have mutually orthogonal directions of polarization,

the other two modes are obtained by settingA2 = 0 in (6.7). Their polarizations

lie within the plane of propagation (the 1-3 plane). The expressions for the phase

velocities of these two modes are algebraically complex, and the reader is referred to

[130, 131] for a detailed treatment. In general, the polarization of these two wave-

modes are neither purely perpendicular or parallel to the direction of propagation.

The mode which has polarization closest to being perpendicular is usually referred

to as the `quasi-transverse' mode, the other `quasi-longitudinal'. In this study, the

generation of these two wave-modes are minimized by orienting the axis of the ARFI

push close to perpendicular to the muscle �bers, as will be described later. In

addition, the quasi-longitudinal wave phase velocity is anorder of magnitude greater

than that of a shear wave in a nearly incompressible materialsuch as muscle, and

cannot be observed using ultrasonic imaging.

6.2.2 Phase Velocity and Group Velocity in Anisotropic Media

An important concept in anisotropy is the distinction between phase velocityand

group velocity. To understand the di�erence between them, consider a pointsource

radiating plane waves equally in all directions in an non-dispersive anisotropic medium

as shown in Figure 6.2. For an observer at some arbitrary location, one method to

determine the velocity of the wave is by measuring its transit time between the source
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and the observer, and noting the distance between the two points. The velocity mea-

sured in this fashion is the group velocity, the magnitude ofwhich we will denote

by vr (the subscript r stands for ray). It corresponds to how fast a wave packet,

consisting a superposition of plane waves in di�erent directions, would travel along

the ray direction � r from the source to the observer. The polar graph ofvr versus

� r is known as the wave surface, and represents a snapshot of thewave at unit time

excited by a point source.

If, on the other hand, the location or timing of the source were unknown, it is

still possible for the observer to measure a speed and a direction for the wave by

comparing its arrival-times at several adjacent locationsin the surrounding local

domain. By limiting the observation of wave travel to a smallregion of space in

this fashion, an individual phase of the wavefront is monitored. This is because on

a su�ciently small scale, any wavefront will appear to be a plane wave. The speed

measured by this method is thus the phase velocity introduced in Section 6.2.1, the

magnitude of which we have denoted byvw , and direction by � w (the subscript w

stands for wave). It corresponds to how fast a plane wave would travel in a given

direction. The polar plot of vw versus� w is known as the velocity surface, and unlike

Point source

Wave front

vr

vw

Observer
f r

f w

Figure 6.2 : Phase and group velocity measurement for a wave emitted from a point
source in an anisotropic medium. The phase velocity direction (� w) is always per-
pendicular to the wave front, and its magnitude (vw) corresponds to how fast a plane
wave would travel in that direction. The group velocity is measured in the direction
of the ray from the source to the observer (� r ). Its magnitude (vr ) corresponds to
how fast a wave packet consisting of plane waves in many directions would travel in
that direction. Note that the vectors on this diagram indicate directions only and
are not drawn to scale.
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the wave surface described above, has no simple physical interpretation.

In a non-dispersive isotropic medium, the phase and group velocities are identical.

However, in an anisotropic medium, the phase and group velocity magnitudes in the

same direction are in general not equal. In fact, group velocities can have multiple

values in the same direction, whereas the phase velocity is always a single valued

function of direction [131]. In addition, at any location ona non-planar wavefront,

the phase and group velocity directions are also generally di�erent. The phase ve-

locity direction � w is by de�nition perpendicular to the wavefront, while this is not

necessarily the case for the group velocity direction� r .

It is worth noting that phase and group velocity are general concepts. The di�er-

ences between the two types of speed measurements can be due to any mechanism

which causes the wave velocity to vary over homogeneous media. This includes dis-

persion due to viscosity, where the speed varies with frequency, as well as anisotropy,

where the speed varies with direction. The e�ect of viscosity on phase velocity can be

quanti�ed using a technique such as Fourier spectroscopy [110]. This method uses

the Fourier transform to separate and measure the speed of individual frequency

components of a broadband shear wave. The isolation of individual plane wave com-

ponents emitted by a point source as described here is an analogous concept for

anisotropic media. To account for the e�ects of both viscosity and anisotropy in

phase velocity measurements, both Fourier spectroscopy and analysis of wave prop-

agation over small spatial domains where the wave front is locally planar can be

applied concurrently. In this chapter, the e�ects of viscosity will be neglected as a

�rst order approximation, and the terms phaseand group velocity will be used in

the context of anisotropy only.

The phase velocity of shear waves in TI media was derived Section 6.2.1 and

shown in (6.9). The group velocity may be found from the phasevelocity using the
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transformation [131]

vr =

s

v2
w +

�
dvw

d� w

� 2

and � r = � w + arctan
�

1
vw

dvw

d� w

�
: (6.10)

For shear waves in TI media, substitution of (6.9) into (6.10) leads to the following

expression for the group velocity:

�v 2
r =

C44C66

C44 sin2 � r + C66 cos2 � r
: (6.11)

The shear wave phase and group velocities parallel (� w = � r = 0 � ) and perpendicular

(� w = � r = 90� ) to the �bers are equal and are given by

vw(0� ) = vr (0� ) =

s
C44

�
(6.12a)

vw(90� ) = vr (90� ) =

s
C66

�
: (6.12b)

The elastic constantC44 is also known as the longitudinal shear modulus, andC66

the transverse shear modulus. The wave and velocity surfaces for a shear wave

in a typical muscle-like TI material are shown in Figure 6.3. As it can be seen,

the wave surface is an ellipse, while the velocity surface has a �gure-eight shape

(mathematically known as a hippopede, or `horse-fetter' curve).

6.3 Methods

It can be seen from the previous section that measurement of the SWS along and

across muscle �bers allows one to quantify the TI elastic constants C44 and C66 (the

longitudinal and transverse shear moduli). The following subsections will describe

how the SWS along and across the �bers, as well as the 3D �ber orientation, can be

estimated by monitoring shear wave propagation using a 2D matrix array transducer
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Figure 6.3 : The phase and group velocity [m/s] of shear waves travelingin a TI
material with C44 = 30 kPa, C66 = 7 kPa, and � = 1100 kg=m3. The wave surface
(group velocity) is an ellipse, while the velocity surface (phase velocity) is a hip-
popede. The phase and group velocities parallel to the �bers(0� ) and perpendicular
to the �bers (90� ) are always the same.

in ex vivomuscle samples. The methods used for independent veri�cation of the true

3D �ber orientation in these samples are also presented.

6.3.1 Experimental Setup

An annular focused HIFU piston transducer (H-101, Sonic Concepts, Bothell, WA)

was used to induce shear wave propagation with acoustic radiation force. The push

was a 400 cycle, 1.1 MHz pulse focused at 63.2 mm axially from the radiating surface

of the HIFU transducer with a F/1 focal geometry. A 2.8 MHz 2D matrix array

transducer (4Z1C on an SC2000 scanner, Siemens Healthcare,Ultrasound Business

Unit, Mountain View, CA, USA) inserted in the central opening of the HIFU piston

was used for monitoring the resulting shear wave displacement in 3D [111]. A 72�

72 (lateral� elevation) rectangular grid of tracking beams was used for shear wave

tracking. At an axial depth of 60 mm in 4Z1C coordinates, which is close to the HIFU
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push focus when the two transducers are coupled, these beamsgive a 38� 38 mm

coronal �eld-of-view (FOV). The push axis was located at thecenter of this grid

so that the SWS in all directions away from the push could be measured. 64:1

parallel receive was used to beamform a grid of 8� 8 beams on every transmit so

that only 81 transmits were required to interrogate the entire grid of 72� 72 beams.

Shear wave displacement was monitored by repeating the push, and sequentially

monitoring each of the 81 parallel receive beam groups in turn, until data from the

entire FOV was acquired. Using this method, a high tracking frame rate of 7.7 kHz is

obtained. Axial displacement along each beamline was measured using a zero-phase

displacement estimation algorithm [66].

Shear wave imaging was performed on six freshly excised canine muscle samples

from the thigh (semimembranosus, semitendinosus) and buttocks (gluteus medius).

The samples were embedded in an agar gel with minimal acoustic attenuation and

a speed of sound of approximately 1540 m/s [132] as shown in Figure 6.4. The agar

blocks were immersed in a water-bath during shear wave imaging to provide a stand-

o� so that the push from the HIFU transducer could be focused in the muscle. A

single acquisition was performed on each sample with the push axis approximately

perpendicular to the �bers, which were visible to the eye. With reference to Fig-

ure 6.1, this corresponds to a push axis in the 2-direction, and shear wave propagation

in the 1-3 plane (e1 and e2 are of course arbitrary and interchangeable). In this con-

�guration, shear wave propagation is induced in a plane of symmetry, and can be

directly viewed in a coronal plane of the 2D matrix array image coordinates. To in-

vestigate whether it is possible to estimate the �ber orientation for the more general

case when the push is not perpendicular to the �bers, four additional shear wave

acquisitions on each sample were also performed with the push oblique to the �bers

at various angles. In this chapter, the angle of the push relative to the �bers will

be expressed as an o�set from 90� (i.e., 0 � for the perpendicular orientation). The
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Figure 6.4 : A canine gluteus medius muscle sample embedded in agar. Approxi-
mately twenty 1 mm diameter chrome steel bearing balls were inserted into the gel to
act as point targets for registration of shear wave data to a high-resolution B-mode
volume of the sample for verifying the �ber orientation.

maximum push tilt angle used was approximately 40� .

6.3.2 SWS Measurement for Push Perpendicular to Fibers

As shown in Section 6.2.1, when the push axis is perpendicular to the �bers (i.e., a

push angle of 0� ), shear waves are induced in the plane perpendicular to the push.

In this simpli�ed imaging case, the coronal plane of the 2D matrix array image

coordinates directly correspond to the orientation of the plane of symmetry in which

the shear wave propagates. Figure 6.5(a)-(c) shows the shear wave displacement

amplitude in a muscle sample at three time steps after ARFI excitation perpendicular

to the �bers. Within the coronal plane at the push focus, the shape of the wave

front appears elliptical, similar to the wave surface predicted by (6.11) and shown in

Fig 6.3. Indeed, the ARFI excitation from the HIFU piston is axisymmetric within

this plane and can be considered a point source. Monitoring shear wave propagation

in 3D thus allows direct access to the shear wave group velocity in all directions. In

addition, the shear wave phase velocity in all directions can also be estimated, as

will be shown below.
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(a) Perpendicular Push
t=1.6 ms

(b) Perpendicular Push
t=2.9 ms

(c) Perpendicular Push
t=4.2 ms

(d) Oblique Push t=1.6 ms (e) Oblique Push t=2.9 ms (f) Oblique Push t=4.2 ms

Figure 6.5 : 3D displacement �eld in ex vivomuscle sample measured by the 4Z1C
after ARFI excitation using the HIFU piston. The push axis was perpendicular
to the �bers in the top row (a)-(c), and oblique to the �bers in the bottom row
(d)-(f). The displacements measured along the beamline direction using 1D speckle
tracking are shown as a volume rendering at three di�erent time steps after the
excitation. Darker voxels correspond to larger displacement amplitude. The push
axis is parallel to the axial direction and is centered at theorigin in the lateral and
elevation dimensions. Data from the coronal plane at the push focus, outlined by
the dashed lines, is projected onto the bottom of the �gures.This plane corresponds
to the plane of symmetry in which shear wave propagation occurs when the push is
perpendicular to the �bers in (a)-(c). For this push orientation, the SWS and �ber
direction can be directly estimated from data in this plane. In (d)-(f), where the
push is oblique to the �bers, the tilt angle for the plane of symmetry must also be
estimated.

In this chapter, the e�ects of viscosity on SWS estimation inmuscle are neglected

as a �rst order approximation. The shear wave arrival-timesat all locations were

measured by �nding the time-to-peak (TTP) of the displacement time pro�le [49].
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Figure 6.6(b) shows the shear wave arrival-time in the coronal plane at the push

focus for the data-set shown in Figure 6.5(a)-(c). Group velocity measurement was

performed by examining the arrival-time pro�les within this plane along rays from

the push, which is the source of the shear wave. The inverse slope of the pro�le gives

the group velocity vr for the corresponding ray direction� r . The group velocity was

calculated for ray angles from 0� to 360� in 1� steps. For the wave arrival-times in

Figure 6.6(b), the group velocity in all directions is shownin Figure 6.6(d).

As mentioned in Section 6.2.2, the phase velocity can be measured by considering

wave propagation over a small spatial region where the wavefront is approximately

planar. This was done by estimating the local spatial derivative of the shear wave

arrival-time. The arrival-time data was �rst smoothed by convolving with a 3D

Gaussian kernel with a standard deviation of 1.75 mm. The scale of this �lter was

chosen to suppress noise from high spatial frequencies but still provide a su�ciently

localized estimate of the derivative. The spatial derivatives were then calculated at

every location using �nite di�erences. Figure 6.6(c) showsthe estimated gradient

direction and magnitude at selected points in the coronal plane at the push focus

for the data-set in Figure 6.5(a)-(c). Note that the gradient vectors are 3D and have

been projected onto this plane; the out-of-plane components in the axial dimension

were small and neglected. At any location, the gradient direction corresponds to

the phase angle� w, and the inverse gradient magnitude corresponds to the phase

velocity vw . The average phase velocity over all locations in the plane as a function

of phase angle from 0� to 360� in 1� bins is shown in Figure 6.6(d).

The �ber orientation, as well as the SWS across and along the �bers can be es-

timated by �tting either the shear wave phase or group velocity curves de�ned in

(6.9) and (6.11) to the corresponding SWS measured within the plane of symmetry.

Nonlinear least-squares curve �tting was performed using the Levenberg-Marquardt

algorithm. Outlier speed measurements were discarded using random sample consen-
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Figure 6.6 : The shear wave arrival-time in the coronal plane at the pushfocus,
as highlighted in (a), are shown in (b) and (c) for the shear wave acquisition in
Figure 6.5(a)-(c). The push was approximately perpendicular to the �bers so that
the plane shown here corresponds to a plane of symmetry of themuscle. (b) The
group velocity is calculated using the pro�le of arrival-times along rays from the
origin, as shown for one angle (15� ) by the black line. (c) The phase velocity can
be measured from the same data by �nding the local gradient ofthe arrival-times
at all locations using �nite di�erences. The direction and magnitude of the gradient
within the coronal plane at selected points are shown by the arrows on top of the
arrival-times. (d) The group velocity from (b) for all ray angles are shown in black,
and the phase velocity from (c) averaged over all spatial locations in the plane as a
function of phase angle in gray. The �ber orientation is estimated by �tting an ellipse
to the measured group velocity or a hippopede to the phase velocity. The orientation
of the major axis of the �t corresponds to the �ber direction,while the length of the
major and minor axes gives the SWS along and across the �bers,respectively.
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sus (RANSAC) [106]. The phase and group velocity curves �t tothe corresponding

speed measurements are shown in Figure 6.6(d). The �ber orientation can be es-

timated from the angle of the major axes of the �tted curves, while the length of

the major and minor axes give the SWS along and across the �bers, respectively.

Theoretically, the �ber orientation and SWS along and across the �bers estimated

from phase and group velocity measurements should be the same.

6.3.3 SWS Measurement for Push Oblique to Fibers

Figure 6.5(d)-(f) shows the shear wave displacement amplitude in a muscle sample

at three time steps after ARFI excitation oblique to the �bers. For this imaging

scenario, shear wave propagation is still induced by the component of the push

perpendicular to the �bers. However, the plane of symmetry in which shear wave

propagation occurs is no longer the same orientation as the coronal plane of the

image coordinates as in Figure 6.5(a)-(c).

To estimate the �ber orientation when the push is not perpendicular to the �bers,

the orientation of the plane of symmetry in which shear wave propagation occurs

must be found in addition to the direction of the �bers within this plane. This was

done by estimating the dominant spatial orientation of the shear wave displacement

amplitude using the iterative procedure shown in Figure 6.7, and summarized as

follows. In the �rst iteration, the coronal plane is used as an initial guess for a plane

of symmetry. The SWS is measured in this plane as described inthe previous sub-

section using either the group or phase velocity. The direction perpendicular to the

�bers (the direction with the smallest speed) can be estimated by �tting an ellipse

or hippopede to the measured speeds, as shown in Figure 6.8(b). This direction

is invariant under a rotation between the push and the �bers and corresponds to

the axis of rotation (AOR) for the tilt angle. Then, the shear wave displacement

amplitude at spatial locations in the plane perpendicular to this axis is found, as
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Start

1st iteration, or
AOR differ from

previous iteration
by > 1°?

Stop

Coronal plane
at push focus

Calculate 2D RT of
displacement

amplitude in plane
perpendicular to AOR

Fit ellipse/hippopede
to velocity to find

fiber direction, AOR

Calculate group
or phase velocity

in plane

Plane containing
AOR and peak of

2D RT

Output fiber direction,
AOR, and velocities

No

Yes

Initial plane of symmetry estimate

New plane of
symmetry estimate

Figure 6.7 : Flow chart of estimating �ber orientation when push is oblique to
�bers.

shown in Figure 6.8(c). The displacement amplitude was measured using the maxi-

mum displacement 2-9.6 ms after ARFI excitation to avoid theinitial high amplitude

displacements within the region of excitation (ROE) not associated with shear wave

propagation. The 2D Radon Transform (2D RT) of this data is then computed. The

peak of the 2D RT is used to �nd the line which maximizes the sumof the displace-

ment amplitude along its length, as shown in Figure 6.8(c). The orientation of this
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(a) (b)

(c)

Figure 6.8 : Finding the plane of symmetry for an acquisition where the push was
oblique to the �bers. The coronal plane at the push focus, illustrated by the plane
with the solid outline in (a), is used as an initial guess for aplane of symmetry. (b)
The phase velocity measured in the coronal plane. The direction perpendicular to the
�bers can be estimated by �tting a hippopede to the phase velocity in this plane and
�nding its minor axis, which is shown by the arrow in (a) and (b). This direction
corresponds to the axis of rotation (AOR) for the tilt between the push and the
�bers. Alternatively, the AOR can be estimated from group velocity measurements
and �tting an ellipse. (c) The shear wave displacement amplitude in the plane
orthogonal to the AOR. The orientation of this plane is shownin (a) by the dashed
lines. The AOR (arrow in (a) and (b)) points out of the page in (c) and is shown
by the circled dot. The white dashed line shows the �ber direction estimated by
�nding the dominant orientation of the displacement amplitude in this plane using
the 2D Radon Transform (2D RT). The plane passing through this line and the
AOR gives an updated estimate for the plane of symmetry. The SWS and the AOR
is recalculated using data in this plane and another iteration is performed if the AOR
di�ers by more than 1 � . The algorithm converged in 2 iterations for this example
and the estimated tilt angle was 19.9� , whereas the true angle measured from the
separate high-resolution B-mode validation experiment was 19.5� .
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line gives an updated estimate of the �ber direction, and theplane passing through

the line and the AOR gives an new estimate for the plane of symmetry. This plane is

then used as the input in another iteration of the algorithm to further re�ne the �ber

orientation estimate. Each iteration generates a new estimate for the plane of sym-

metry using the AOR from the previous iteration, and the AOR is updated using the

SWS in the new plane. The algorithm terminates when the change in angle between

the AOR estimated in successive iterations is less than 1� . The SWS and principle

axes computed from the plane of symmetry in the �nal iteration is returned.

6.3.4 Fiber Orientation from B-mode

To independently verify the muscle �ber orientation estimated from shear wave imag-

ing, B-mode ultrasound volumes of the samples were used to measure �ber orien-

tation. Individual fasciculi can be identi�ed on B-mode as hypoechoic cylindrical

structures, surrounded by thin, linear hyperechoic connective tissue called the per-

imysium [122]. Unfortunately, due to the low frequency of the 4Z1C matrix array

(2.8 MHz), these structures were not clearly apparent in theB-mode volumes ac-

quired during shear wave imaging. Therefore, the muscle samples were scanned

using a 14MHz 1D array (14L5 on the S2000 scanner, Siemens Healthcare, Ultra-

sound Business Unit, Mountain View, CA, USA). The 14L5 was mechanically swept

over the samples using a translation stage (Model MM3000, Newport Corporation,

Irvine, CA) in 0.1 mm steps to obtain high-resolution 3D B-mode volumes of the

samples, an example of which is shown in Figure 6.9(a).

To register the 14L5 volumes to the 4Z1C shear wave imaging coordinates, the lo-

cation of 1 mm diameter chrome steel bearing balls embedded in the agar surrounding

the muscle were identi�ed in the 14L5 and 4Z1C B-mode images.These balls can be

seen in Figure 6.4, and appear in B-mode as point targets, as shown in Figure 6.10.

Their locations were determined by manually identifying the region of interest sur-
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Figure 6.9 : (a) High-resolution 14L5 B-mode volume of a muscle sample used
to measure �ber orientation. (b) B-mode volume in (a) after line enhancement
�ltering. (c) Variance of the 3D RT of the line enhanced B-mode in (b) for various 3D
orientations. The maximum variance (marked by cross) corresponds to the dominant
�ber orientation.
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Figure 6.10 : (a) Bearing ball in 4Z1C B-mode, with its centroid locationmarked
by a cross. (b) Bearing ball in 14L5 B-mode, with its centroidlocation marked by a
cross. (c) Registered 4Z1C and 14L5 B-mode volumes. Nineteen bearing balls were
used as �ducial markers for registration in this example, and the root-mean-square
(RMS) target registration error was 1.9 mm.

rounding the target, thresholding, and calculating the image centroid. The 14L5

and 4Z1C volumes were rigidly registered by minimizing the square of the distance

between the corresponding point target locations [133], asshown in Figure 6.10(c).

Approximately 20 balls were used as targets for registration for each sample, and the

root-mean-square (RMS) target registration error was typically under 2 mm.

Automatic measurement of muscle �ber orientation in 2D B-mode images has

previously been performed using the Radon Transform [134, 135]. In this study,
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the approach used by Rana et al. [134] was extended to 3D. To enhance the linear

structure of the perimysium surrounding the fasciculi and suppress speckle noise, the

3D multiscale vessel enhancement �lter described by Frangiet al. [136] was applied

to the 14L5 B-mode. First, the image was convolved with 3D Gaussian kernels with

standard deviations of 0.1, 0.3, and 0.5 mm to provide smoothing at di�erent scales.

The eigenvalues of the 3D Hessian matrix of the smoothed images, which provides

information on the shape of curvature changes in the image, were then analyzed

using the vesselness function de�ned in [136]. The thresholds � = 0, � = 0:5, and

c = 0:75 were used in the vesselness function to maximize the �lterresponse for the

hyperechoic perimysium. This was repeated at every voxel for the three di�erent

scales, and the maximum response across the di�erent scaleswas used as the �lter

output. The B-mode volume in Figure 6.9(a) after �ltering isshown in Figure 6.9(b).

To determine the predominant orientation of the �bers, the 3D Radon Transform

(3D RT) of the 14L5 B-mode after line enhancement �ltering was computed for all

possible 3D orientations. For each orientation, the 3D RT iscomputed by projecting

a 2D grid of parallel rays from that angle onto the volume. Theintegral of the volume

voxels along each ray is recorded. The output of the 3D RT for that orientation is the

2D image formed by all the rays in the grid. The 3D RT was calculated for spherical

angles of 0� � � � 90� (inclination), and 0� � � � 360� (azimuth), which constitutes

a hemisphere. Note that angles on only one half of a sphere need to be considered

since view-points on opposite sides (antipodes) give the same 3D RT. When the 3D

RT orientation matches the predominant �ber angle, the output image will have

high values where the rays are coincident to the hyperechoicperimysium, and low

values where they pass through the hypoechoic fasciculi. Incontrast, when the 3D

RT orientation is not aligned with the �bers, all the rays will tend to pass through

equal numbers of bright and dark voxels, giving a more uniform output image. Thus,

the dominant �ber orientation can be determined by searching for the angle where
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the 3D RT has the greatest variance. The peak 3D RT variance for the volume in

Figure 6.9(b) is shown in Figure 6.9(c).

6.4 Results

6.4.1 Fiber Angle for Push Perpendicular to Fibers

The registered 14L5 B-mode and 4Z1C shear wave data for one acquisition when

the push was perpendicular to the �bers is shown in Figure 6.11(b). The phase and

group velocities measured in the coronal plane are shown in Figure 6.11(c), along

with the true �ber orientation measured by 3D RT, which is projected onto the

plane. The errors in the �ber orientation estimated using phase and group velocity

measurements were 1:6� and 1:9� , respectively. Note that some of this error includes

the angle between the true �ber orientation measured using 3D RT, and the image

coronal plane, which was assumed to be a plane of symmetry in alignment with the

�bers in the SWS experiment. This angle would be zero if the push was oriented

perfectly perpendicular to the �bers in the SWS experimental setup. In this case, a

slight tilt of 1 :5� existed. The average error in the �ber orientation estimated using

phase and group velocity when the push was oriented approximately perpendicular

to the �bers for the six samples (total of six acquisitions) was 3:5� 2:6 � and 3:4� 1:4 �

(mean � standard deviation), respectively. The average tilt anglefor the push due

to misalignment in the setup procedure was 2:5 � 2:0 � over the six acquisitions.
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Figure 6.11 : High-resolution 14L5 B-mode registered to 4Z1C shear wavedata for
an acquisition where the push was perpendicular to the �bers. (a) Data from the
coronal plane at the push focus is shown. (b) The shear wave displacement amplitude
at one time step is overlaid on top of the 14L5 B-mode in this plane. (c) The group
and phase velocity of the shear wave in (b) in the coronal plane and the �tted ellipse
and hippopede. The �ber orientation is estimated from the major axes of the �tted
curves. The true �ber orientation determined from the 14L5 B-mode using the 3D
RT is shown by the arrows. The error in the �ber orientation estimated from phase
and group velocities in this case was 1.6� and 1.9� , respectively.

6.4.2 Fiber Angle for Push Oblique to Fibers

The registered 14L5 B-mode and 4Z1C shear wave data for one acquisition when

the push was oblique to the �bers is shown in Figure 6.12(b). The tilt angle for

the plane of symmetry estimated using the displacement amplitude as described in

Section 6.3.3 was 19:9� . In comparison, the true tilt angle measured by 3D RT

was 19:5� . The error in the 3D �ber orientation from phase and group velocity

measurements in the estimated plane of symmetry was 0:5� and 2:1� , respectively for
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(a) (b)

Figure 6.12 : High-resolution 14L5 B-mode registered to 4Z1C shear wavedata for
an acquisition where the push was oblique to the �bers. (a) Data from the plane
orthogonal to the axis of rotation (AOR) estimated using theprocedure in Figure 6.7
is shown. (b) The shear wave displacement amplitude at one time step is overlaid on
top of the 14L5 B-mode in this plane. The plane of symmetry angle estimated from
the displacement amplitude is shown by the dashed line. The true angle determined
from the high-resolution 14L5 B-mode using the 3D RT is shownby the arrows.
The di�erence between the two was 0:4� in this case. The �ber orientation was
determined from the phase and group velocity measurements in the estimated plane
of symmetry. The error in the 3D �ber orientation was 0.5� from phase velocity and
2.1� from group velocity measurements for this example.

this case. Note that this overall error includes both inaccuracies in estimating the

tilt angle (orientation of the plane of symmetry) using the displacement amplitude,

as well as the �ber orientation within the plane of symmetry using the SWS.

The plane of symmetry orientation estimated for 30 acquisitions taken with a

variety of push angles on the six samples is shown in Figure 6.13(a) versus the

true angle measured by 3D RT. The average error in the estimated push angle was

3:3 � 2:4 � . Figure 6.13(b) shows the displacement amplitude at the push focus as a

function of push angle. The median peak displacement within5 mm of the push axis

and inside the focal depth-of-�eld (54-66 mm axially) was used to measure the push

displacement amplitude. The overall error in the �ber orientation determined from

phase and group velocity measurements in estimated plane ofsymmetry for the 30

acquisitions was 5:4 � 2:9 � and 5:3 � 3:2 � , respectively.
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Figure 6.13 : (a) The estimated plane of symmetry angle (y-axis) for 30 acquisitions
on the six muscle samples versus the true angle (x-axis). Thedashed line indicates a
slope of unity. The plane of symmetry orientation was estimated using the procedure
shown in Figure 6.7, and the true angle was measured from the high-resolution 14L5
B-mode using the 3D RT. The mean error was 3:5 � 2:8 � . (b) The median peak
displacement in time within 5 mm of the push axis inside the push depth-of-�eld (54-
66 mm) as a function of push angle. The coe�cient of determination ( r 2) between
the two variables is 0.43.

6.4.3 Shear Wave Speed

The mean and standard deviation of the estimated SWS along and across the �bers

obtained from �ve di�erent push angles on each of the six samples are shown in

Figure 6.14. An outlier case for the phase velocity measurement along the �bers oc-

curred for a push angle of 35� on sample 1. This acquisition had a push displacement

amplitude of 3.5�m , which was the lowest of the 30 acquisitions (see Figure 6.13(b)).

While the estimated phase velocity along the �bers was incorrectly high for this case,

the estimated phase velocity across the �bers, and group velocities for both propaga-

tion directions, were still consistent with those obtainedusing other push angles on

this sample. In addition, the �ber direction was also correctly estimated (the error

was 5:1� ) from the phase velocity measurements in this case.
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Figure 6.14 : Phase velocity (vw) and group velocity (vr ) along (0� ) and across
(90� ) the �bers averaged over the �ve push angles used for each sample (including
the case when the push was perpendicular to the �bers). The diamond indicates an
outlier phase velocity measured for a push angle of 35� on sample 1.

6.5 Discussion

Shear wave propagation induced by focused ARFI excitation can be monitored in 3D

using a 2D matrix array transducer by electronically steering the tracking beam in

both the lateral and elevation directions. In contrast, with conventional 1D arrays,

shear wave propagation can only be monitored in one plane unless the probe is phys-

ically repositioned, which limits the number of directionsthe SWS can be practically

measured to assess anisotropy. Since a maximum of 64 parallel receive channels on

the SC2000 scanner was available, 81 repeated ARFI excitations were required to

monitor shear wave propagation at all the beam locations in the FOV used in this

study. The number of repeat ARFI excitations could be reduced with more parallel

receive channels or single channel data acquisition and software beamforming. Alter-

natively, the number of tracking locations could be reducedat the expense of spatial

resolution, or di�erent tracking locations could be interrogated in turn temporally
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at the expense of temporal resolution.

As shown in Fig 6.6, both the phase and group velocity in all directions can be

measured in a plane of symmetry of the muscle using the 2D matrix array. By �tting

the theoretical relationship for SWS in a TI material shown in (6.9) and (6.11) to

the measured speeds in di�erent directions, the SWS along and across the �bers,

as well as the �ber orientation, can be estimated. The SWS along and across the

�bers allow characterization of two of the �ve elastic constants for a TI material:

the longitudinal and transverse shear moduli, as shown in (6.12). These two elastic

constants are indicative of muscle sti�ness along and across the �bers.

The most straightforward imaging scenario for measuring SWS anisotropy in

skeletal muscle using a 2D matrix array is to orient the push axis perpendicular to

the �bers. As shown in Figure 6.5(a)-6.5(c), this induces a shear wave in the image

coronal plane, which is also a plane of symmetry of the muscle. The shear wave phase

and group velocity in all directions relative to the �ber can therefore be measured

using the shear wave data within this plane. In this study, the push axis was able

to be oriented approximately perpendicular to the �bers by visual inspection, as the

�bers of the ex vivo muscle samples ran parallel to their surface and were visible to

the eye. For the six samples imaged, a fairly accurate alignment of the push axis was

achieved using this procedure, with an average tilt angle of2:5 � 2:0 � .

In in vivo shear wave imaging scenarios, perpendicular alignment of the push

axis to the �bers may be more di�cult. If low frequency transducers are used for

imaging, as was the case in this study, �ber orientation in B-mode may not be clearly

observed. In addition, the acoustic window available for imaging in vivo may limit

the orientation of the transducer. Therefore, in this study, data was also acquired

on all the samples for the more general imaging case when the push is oblique to

the �bers. It can be seen on Figure 6.5(d)-6.5(f) that in thiscon�guration, shear

wave propagation is still induced, but its plane of propagation occurs at an angle

135



to the image coronal plane. The dominant direction of shear wave propagation

can be found using the procedure shown in Figure 6.7. This angle is shown to

correspond to the plane of symmetry orientation (tilt between the push and the

�bers) in Figure 6.12(b) and Figure 6.13(a). By calculatingthe phase and group

velocity in the plane of symmetry determined using this procedure, the SWS along

and across the �bers, and the �ber orientation can be estimated when the push is

oblique to the �bers. The mean error in estimating the plane of symmetry for 30

acquisitions with various push angles up to approximately 40� was 3:3� 2:4 � . This is

only slightly larger than the error in alignment when attempting to position the push

axis perpendicular to the �bers during imaging, which was 2:5 � 2:0 � . The overall

3D �ber orientation error after estimating the angle of the plane of symmetry for the

30 acquisitions was 5:4 � 2:9 � for phase velocity measurements, and 5:3 � 3:2 � for

group velocity measurements. This was slightly larger thanthe 3D �ber orientation

errors of 3:5 � 2:6 � and 3:4 � 1:4 � from phase and group velocity measurements for

the six acquisitions when the push was perpendicular to the �bers and the image

coronal plane could be assumed to be a plane of symmetry. As mentioned above, the

error when attempting to align the push axis perpendicular to muscle �bers is likely

to be greaterin vivo, so the additional error associated with estimating the plane of

symmetry orientation is not likely to be signi�cant in practice.

Consistent values of SWS along and across the �bers were measured with dif-

ferent push angles, as shown by the error bar sizes in Figure 6.14. This suggests

that SWS measurements can be made independent of the push angle. However, as

Figure 6.13(b) shows, the displacement amplitude at the push focus decreases as the

push axis is tilted towards the �ber direction. This causes the shear wave ampli-

tude to decrease for larger tilt angles, and makes accurate SWS measurements more

challenging in these cases. Indeed, one outlier phase velocity measurement along the

�bers occurred for a highly oblique push angle of 35� on Sample 1, shown by the
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diamond in Figure 6.14. This acquisition had the lowest displacement amplitude at

the push focus of all the data-sets. Although the phase velocity along the �bers were

incorrectly measured, the velocity across the �bers and the�ber direction were still

estimated correctly from the phase velocity measurements for this case.

The decrease in ARFI displacement amplitude as the push is tilted towards

the �ber direction can be explained by two directionally dependent factors. One

is anisotropic acoustic scattering properties in muscle. It has previously been shown

that the acoustic attenuation coe�cient of skeletal muscleis a factor of 2 greater at

45� to the �bers than perpendicular to the �bers [137]. A higher acoustic attenuation

leads to greater loss of energy in the near-�eld of the pushing beam, smaller radiation

force amplitudes within the depth-of-�eld, and thus smaller displacement amplitudes

at the focus [92]. The other factor is the anisotropic mechanical properties of muscle.

Since the shear modulus is greater along the �bers than across, the e�ective sti�ness

in the push direction increases as the push angle varies fromperpendicular to par-

allel to the �bers. Both of these factors contribute to the decrease in displacement

amplitude near the excitation focus as the tilt angle of the push increases.

The ratio between the SWS along and across the �bers in all thesamples was

approximately 2:1, which is in agreement with the degree of anisotropy observed in

skeletal muscle in other studies [51, 17, 18]. The range of SWS observed in this

study is also consistent with that reported elsewhere [51, 18, 39]. Nevertheless,

caution must be used in comparing absolute speed measurements in di�erent studies

due to the wide range of conditions under which imaging has been performed on

muscle, whose sti�ness is dynamic and can vary over two orders of magnitude [17].

In this study, ex vivo muscle samples embedded in agar were imaged. Although the

SWS measured herein may not be representative of realistic valuesin vivo, �xing the

muscles rigidly in agar enabled the true 3D �ber orientationof the samples to be

veri�ed in this study.
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The �ber orientation and SWS along and across the �bers obtained with phase

and group velocity measurements were comparable. The groupvelocity is perhaps

the most intuitive measure of speed, and its relationship with direction has a clear

physical interpretation as the wave surface. Group velocity measurement (along

a ray from the source to an observer) is the approach usually taken to estimate

the SWS in ultrasound based radiation force shear wave imaging methods. This

is largely due to the fact that using conventional 1D arrays for monitoring shear

wave propagation only allows measurement of the SWS along a single ray from

the radiation force excitation. By using a 2D matrix array to track shear wave

propagation in 3D in this study, the local phase velocity at every spatial location

was able to be measured. Phase velocity measurement has several advantages over

group velocity in the context of anisotropy. Mathematically, phase velocity is a

more tractable concept than group velocity. Expressions for phase velocity can be

easily derived from Christo�el's equation, as shown in Section 6.2.1. The group

velocity, on the other hand, must be found parametrically from the phase velocity

using the transformation in (6.10). In the case of shear waves in TI media, an

analytical expression exists for the group velocity (6.11), but an analytical expression

may not exist for other wave-modes. In addition, the phase velocity is always a

single valued function of direction, whereas the group velocity can take on multiple

values. Measurement of group velocity also relies on havinga point source at a

known location. In this study, the location of the push focusfrom the HIFU piston

was known to be at the center of the FOV of the imaging array [111]. In addition, the

focal geometry of the HIFU piston is axisymmetric and is a good approximation for

a point source. When the location of the source is not known precisely, or the focus

of the ARFI excitation is not axisymmetric, bias in group velocity measurements

can occur [116]. In these situations, phase velocity measurements, which do not

require the location or timing of the source to be knowna priori , may provide a
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more accurate measurement of the SWS.

The e�ects of dispersion due to viscosity were neglected in this study as a �rst-

order approximation. However, it has been reported that shear waves propagating

in muscle is subject to appreciable dispersion due to viscosity [110, 17, 51, 128]. In

particular, De�eux et al. [110] and Gennisson et al. [17] showed that the viscoelastic

properties of muscle were anisotropic, with greater dispersion across the �bers than

along the �bers [110, 17]. Dispersion due to viscosity couldalso be analyzed using the

data from the 2D matrix array in this study, since a broadbandexcitation was used

to induce shear waves. To analyze the e�ects of viscosity, the Fourier shear wave

spectroscopy technique described by De�eux et al. [110] could be applied. This

method uses phase information of the Fourier transform to �nd the arrival-times of

individual shear wave frequency components. It would be relatively straightforward

to substitute the arrival-times measured using the TTP in this study with the phase

information from Fourier analysis to account for the e�ectsof both anisotropy and

viscosity on the SWS. This analysis was outside the scope of this chapter, but will

be investigated in future studies. Shear wave imaging usinga 2D matrix array could

thus potentially be a valuable tool to assess viscoelastic anisotropy in tissue.

In this study, only shear wave propagation was observed in muscle when the push

was oblique to the �bers. However, in addition to the shear wave, it should be the-

oretically possible to generate the quasi-shear wave-mode, which was described in

Section 6.2.1, with a push oblique to the �bers. No evidence for this wave-mode was

observed in our data, and the reason for this discrepancy should be investigated in

future studies. Possible explanations include an imaging FOV which is too small to

observe the separation of the two wave-modes, attenuation due to viscosity, and ex-

citation geometry of the HIFU piston. If quasi-shear waves could be generated, their

speed could be used to estimate the ratio of the Young's moduli along and across the

�bers for a TI material in the limit of incompressibility [18 ]. This parameter, along
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with the shear moduli along and across the �bers, would allowan incompressible TI

material to be completely characterized.

The muscle samples imaged in this study were approximately homogeneous and

their �ber directions were uniform within the imaging FOV. Hence, TI, which is

the simplest model of anisotropy, could be used to model their behavior. Future

studies with the 2D matrix array could be performed in media with more complicated

structure, such as the myocardium, which is known to have layers of �bers in di�erent

orientations [14]. In vivo shear wave imaging studies of muscle and its dynamic

behavior under contraction could also be explored.

6.6 Conclusion

Using a 2D matrix array transducer to monitor ARFI induced shear wave propaga-

tion in 3D, the 3D muscle �ber orientation, as well as the SWS along and across

the �bers can be estimated from a single shear wave acquisition. Moreover, these

measurements can be performed independent of transducer orientation with respect

to the �bers. Both the phase and group velocity can be measured from 3D shear

wave data, and either velocity can be used to estimate the �ber direction and SWS

along and across the �bers with comparable results. When theARFI push axis can

be oriented perpendicular to the �bers, shear wave data within the image coronal

plane can be used to measure SWS and �ber orientation. The average 3D �ber orien-

tation error measured by phase and group velocities in six muscle samples when the

push was approximately perpendicular to the �bers were 3:5 � 2:6 � and 3:4 � 1:4 � ,

respectively. For the more general imaging case when the push is oblique to the

�bers, the angle between the push and the �bers can be estimated by �nding the

direction along which shear wave amplitude is the largest. For 30 acquisitions in

the six muscle samples with oblique push angles of up to 40� , mean errors in the

measured 3D �ber orientation were 5:4 � 2:9 � and 5:3 � 3:2 � from phase and group
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velocity measurements respectively, after estimating theangle between the push and

the �bers. Although the 3D �ber orientation can be estimatedwhen the push is not

perpendicular to the �bers, the ARFI induced shear wave displacement amplitude

decreases as the push is tilted towards the �bers. For this reason, outlier estimates

of the SWS can occur for highly oblique push angles.
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7

Conclusions and Future Work

7.1 Conclusions

The aim of this thesis is to contribute both to the practical application and technical

development of shear wave imaging using localized acousticradiation force impulsive

(ARFI) excitation. To accomplish these goals, imaging studies were performed on

animals and human patients to assess the suitability of ARFIshear wave imaging for

the quanti�cation of liver sti�ness. In addition, the �rst s ystem capable of ultrasonic

imaging of ARFI induced shear waves in 3D was implemented. This system uses

a 2D matrix ultrasound array for imaging and allows shear wave propagation in all

directions from the ARFI excitation to be monitored, which had not been practically

feasible previously with conventional 1D array probes.

A pilot shear wave imaging study using a rodent model of liver�brosis was de-

scribed in Chapter 3. A small but statistically signi�cant increase in liver sti�ness

was observed in severely �brotic (F3) rat livers compared tohealthy livers (F0). In

addition, the liver sti�ness was found to be correlated withquantitative measure-

ments of collagen content in the liver associated with �brotic change. These results
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suggested that liver sti�ness measurement using ARFI shearwave imaging could be

indicative of the extent of �brosis in the liver.

Based on the �ndings of Chapter 3, an imaging study on human patients undergo-

ing liver biopsy at the Duke University Medical Center was conducted. To quantify

the liver sti�ness from noisy patient data, a robust shear wave speed estimation al-

gorithm based on random sample consensus (RANSAC) was developed (Chapter 4).

Liver sti�ness was low in healthy (F0) and mildly �brotic liv ers (F1-F2), but was

higher in severely �brotic and cirrhotic livers (cuto� = 4.2 kPa for F � 3). These re-

sults suggest that ARFI shear wave imaging may have the potential for non-invasive

diagnosis of severe �brosis and cirrhosis of the liver.

In Chapter 5, the development of a 3D ARFI shear wave imaging system was

described. This system takes advantage of the 2D array ultrasound transducer tech-

nology available on the latest generation ultrasound scanners to monitor shear wave

propagation in 3D. The additional 
exibility in tracking be am placement facilitated

by this system was used to study the precision of TOF SWS estimation in Chap-

ter 5. Theoretical expressions for TOF SWS estimation precision were derived for

various imaging parameters. It was shown that by placing thebeams at the edges of

the measurement region of interest at multiple directions from the push, TOF SWS

measurement uncertainty can be reduced in a homogeneous medium.

The 3D ARFI shear wave imaging system developed in Chapter 5 was used to

characterize the anisotropic mechanical properties of muscle in Chapter 6. This sys-

tem overcomes the practical limitations associated with 2Dshear wave imaging using

conventional 1D array transducers for assessing anisotropic mechanical behavior. It

was shown that the SWS along and across muscle �bers and the 3D�ber orientation

could be estimated from a single 3D shear wave data-set. Moreover, these measure-

ments could be performed independent of the 2D array probe orientation relative to

the �bers, which may prove advantageous in practical imaging situations.

143



7.2 Future Work

A number of avenues for future work based on the results of this thesis exist. Al-

though the studies performed herein have demonstrated the potential of ARFI shear

wave imaging for the diagnosis of liver �brosis, much more work is required to clarify

the interpretation of liver sti�ness measurements in general as a marker for �brosis.

Due to the recent commercial availability of elasticity imaging systems for measur-

ing liver sti�ness such as FibroScanR
 (Echosens, Paris, France) and Virtual TouchTM

tissue quanti�cation (Siemens Healthcare, Ultrasound Business Unit, Mountain View,

CA, USA), a substantial number of studies evaluating their use for assessment of liver

�brosis have been performed [109, 138]. However, the range of normal liver sti�ness

measured in these studies vary and there are no universally accepted cuto� values

for staging �brosis. This can be largely attributed to two factors: 1) physiological

conditions which in
uence liver sti�ness besides �brosis,and 2) system dependent

sti�ness measurement bias.

Liver sti�ness can be a�ected by a number of factors besides �brosis, such as

in
ammation, venous pressure, cholestasis, and hepatic tumor in�ltration [139]. The

degree to which each of these factors in
uence liver sti�ness is an open research

question. The interpretation of liver sti�ness measurement as a marker for �brosis

in the presence of these confounding factors is also open to debate. Additional

studies performed on di�erent patient populations and disease etiologies may help

to elucidate the role these factors play in determining liver sti�ness and may lead to

strategies for compensating their e�ects on �brosis assessment.

Potential di�erences in liver sti�ness measured by di�erent elasticity imaging

systems also need to be addressed. These di�erences could bedue to bias as a

result of inappropriate assumptions made in estimating sti�ness [116], or due to

viscosity. A number of researchers have noted that the liveris a viscoelastic material
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[80, 54, 51] - its sti�ness increases with the frequency of vibration. Therefore, the

sti�ness measured depends on the frequency of the shear waveused for imaging. In

ARFI shear wave imaging, a broadband shear wave is excited. As noted in Chapter 6,

Fourier analysis of the ARFI shear wave frequency content may allow the sti�ness

to be measured at di�erent frequencies [110]. This approachcould be investigated

in future studies to determine the impact of viscosity on liver sti�ness measurements

and to enable direct comparison of ARFI shear wave imaging results with those

obtained by other elasticity imaging systems.

As indicated in Chapter 4, liver sti�ness measurements wereunsuccessful in 15%

of the patients due to the failure of the ARFI excitation to induce a propagating

shear wave. The reason for this failure is unknown, and couldbe related to beam

aberration due to intervening fat layers, or poor coupling of the transducer to the

skin surface during imaging. This failure rate may have beenexacerbated by the lack

of real-time feedback on the experimental system used for the study. Nevertheless,

the reason behind it should be investigated in future studies.

The 3D shear wave imaging system implemented in this thesis represents an

improvement in ultrasonic imaging capability to fully capture tissue response to

mechanical excitation. However, it has not been optimized for data acquisition in

in vivo experiments. Due to the limited number of parallel receive channels (64), a

large number of repeated ARFI excitation pulses are needed to acquire shear wave

data over a 3D volume. With more extensive parallel beamforming capabilities, or

single channel data acquisition and software beamforming,the number of repeat

ARFI excitations could be reduced. Alternatively, the number of tracking locations

could be reduced at the expense of spatial resolution, or di�erent tracking locations

could be interrogated in turn temporally at the expense of temporal resolution.

The separate HIFU transducer used for ARFI excitation in the3D shear wave

imaging system is also suitable for long duration ARF excitations, unlike conventional
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diagnostic transducers. Therefore, this system could be used to investigate 3D shear

wave imaging using harmonic shear wave excitations similarto the SDUV method

described by Chen et al. [51]. This would allow the frequencyof the shear wave used

for imaging to be precisely controlled and facilitate characterization of viscoelasticity.

The disadvantage of using the HIFU transducer for ARF excitation is that it has

a �xed focus at only one location. Therefore, the 3D shear wave imaging system

implemented in this thesis cannot be used to realize ARF techniques which use

spatially modulated excitations, such as SSI [50], or SMURF[52]. ARFI excitation

using the 4Z1C 2D matrix array has not yet been attempted, dueto the high cost of

the transducer and potential for damage to the electronics within the probe handle

at ARFI intensities. However, this could be an option in the future with continued

improvements in transducer technology. Having the capability to spatially modulate

the ARF excitation in 3D using a 2D matrix array would open newpossibilities in

shear wave imaging. For example, the SMURF approach could beextended to 3D

to characterize anisotropy.

As Chapter 6 showed, the anisotropic shear wave speeds in muscle could be mea-

sured with the 3D shear wave imaging system. Future studies with this system

could be performed on tissue with more complicated structure, such as the my-

ocardium, where the �ber orientation changes from epicardium to endocardium [14].

The possibility of inducing quasi-shear wave modes in transverse isotropic materials,

as described in Chapter 6, should also be investigated.
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