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Problem Description

Motion tracking in dynamic 3D ultrasound images is an important tool for the clini-
cian to evaluate heart function for several severe cardiac diseases, including myocardial
infarction and angina. Block matching techniques have limited performance due to
poor lateral resolution and low frame rate. At NTNU we have developed a new 3D data
acquisition technique with very high frame rate (500-1000 frames/sec). This makes it
possible to use a Doppler technique referred to as transverse oscillations to obtain dis-
placement estimates in all three dimensions. The method can be implemented in the
spatial Fourier domain. Three different filtering schemes for introduction of transverse
oscillations should be developed and implemented in Matlab. The first filtering method
will be based on the work done by Jensen’s research group [1], the second approach will
be based on publications by Salles et al [2]., while the third will be a novel approach
that uses three subapertures instead of four. The methods should be tested and com-
pared to block matching by performing phantom experiments with known motion, and
preferably also tested in vivo of a human heart.

[1] M. J. Pihl and J. A. Jensen. 3D vector velocity estimation using a 2D phased array.
In 2011 IEEE International Ultrasonics Symposium, pages 430–433, 2011
[2] S. Salles, H. Liebgott, D. Garcia, and D. Vray. Full 3-D transverse oscillations: a
method for tissue motion estimation. IEEE Transactions on Ultrasonics, Ferro-electrics,
and Frequency Control, 62(8):1473–1485, 2015
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Abstract

Quantitative measurements of myocardial deformation has proved to be useful in as-
sessment of cardiovascular diseases. Therefore, estimation of the motion of cardiac
tissue has been an active field of research for many years. Tissue Doppler imaging is
a technique widely used in clinical practice to estimate tissue motion. However, this
method is only able to estimate the 1D motion along the beam axis. Several methods
for 2D and 3D motion estimation of tissue have been proposed. In this thesis, four pro-
cedures for 3D motion estimation of tissue have been developed in Matlab and com-
pared in terms of accuracy and computational efficiency. Three of the estimators are
based on transverse oscillations to estimate the 3D motion, and exploits three different
approaches for filtering the spatial frequency content of the images. The fourth method
is a speckle tracking approach based on block matching. The first filtering approach is
based on work done by Jensen’s research group, and filters the spatial frequency content
to introduce transverse oscillations in each transverse direction separately. The second
method is based on filtering the spatial frequency content to keep four separate ranges
of frequency in order to introduce transverse oscillations in both transverse directions
simultaneously. The third filtering approach is a novel approach that proposes to filter
the spatial frequency content to keep only three separate ranges of frequency.

Phantom experiments with known motion either along a straight line or along a cir-
cular path were used for validation of the four methods. The motion estimation ap-
proaches were also tested on an in vivo example from the heart of a healthy volunteer.
The transverse oscillation method based on filtering the spatial frequency content of
the ultrasound images to keep three separate ranges of frequency, yielded the most ac-
curate estimates of the z- and y-component of the circular velocity, with mean errors
of 0.0062 mm/frame ± 0.0031 mm/frame and 0.0107 mm/frame ± 0.0085 mm/frame,
respectively. The transverse oscillations approach based on the work done by Jensen’s
research group, yielded the most accurate estimate of the x-component of the circu-
lar motion with mean error of 0.0032 mm/frame ± 0.0025 mm/frame. On the other
hand, block matching yielded significantly poorer estimates in the transverse directions
than any of the methods based on transverse oscillations. Motion estimation based on
block matching resulted in mean errors of 0.0071 mm/frame ± 0.0036 mm/frame in
the z-direction, 0.0494 mm/frame ± 0.0255 mm/frame in the x-direction and 0.0396
mm/frame ± 0.0206 mm/frame in the y-direction. Results from this thesis have been
submitted and accepted for oral presentation at the IUS 2017 conference.
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Sammendrag

Kvantitative målinger av deformasjon i myokardet har vist seg å være nyttig for å eval-
uere kardiovaskulære sykdommer. Derfor har estimering av hjertevevets bevegelse vært
et aktivt felt innenfor forskning i mange år. Vevsdoppler er en teknikk som er mye
brukt i klinisk praksis for å estimere vevets bevegelse. Utfordringen med denne meto-
den er at den bare kan estimere 1D bevegelse langs stråleaksen for de utsendte ultra-
lydpulsene. Flere tilnærminger har blitt foreslått for å estimere 2D og 3D vevsbeveg-
else. I denne oppgaven har fire metoder for å estimere den tredimensjonale vevsbeveg-
elsen blitt utviklet og sammenlignet i forhold til nøyaktighet og kjøretid. Tre av disse
estimatorene er basert på bruk av transversale oscillasjoner for å estimere 3D beveg-
else, og benytter tre ulike måter å filtrere det romlige frekvensinnholdet i bildene på.
Den fjerde metoden er en "speckle tracking"-tilnærming basert på "block matching".
Den første filtreringsmetoden er basert på arbeid gjort av Jensens forskningsgruppe,
og filtrerer det romlige frekvensinnholdet for å introdusere transversale oscillasjoner i
hver tverrgående retning for seg. Den andre metoden er basert på å filtrere det rom-
lige frekvensinnholdet slik at fire separate frekvensområder beholdes for å introdusere
transversale oscillasjoner i begge tverrgående retninger samtidig. Den tredje filtreringsme-
toden er en ny tilnærming som foreslår å filtrere det romlige frekvensinnholdet slik at
kun tre separate frekvensområder beholdes.

Fantomeksperimenter med kjent rettlinjet eller sirkulær bevegelse ble brukt for å valid-
ere de fire metodene. Bevegelsesestimatorene ble også testet på et in vivo eksempel fra
hjertet til en frisk frivillig. Metoden som baserer seg på å filtrere det romlige frekvensinnholdet
til ultralydbilder slik at kun tre separate frekvensområder beholdes, ga mest nøyaktige
estimater av z- og y-komponentene av hastigheten i den sirkulære bevegelsen, med
gjennomsnittlige feil på henholdsvis 0.0062 mm/frame ± 0.0031 mm/frame og 0.0107
mm/frame ± 0.0085 mm/frame. Bevegelsesestimatoren som er basert på arbeidet gjort
av Jensens forskningsgruppe, ga det mest nøyaktige estimatet av x-komponenten av
hastigheten i den sirkulære bevegelsen, med en gjennomsnittlig feil på 0.0032 mm/frame
± 0.0025 mm/frame. På den andre siden ga "block matching" vesentlig dårligere esti-
mater av de tverrgående hastighetskomponentene enn noen av metodene som baserer
seg på transversale oscillasjoner. Estimering av bevegelsen ved bruk av "block match-
ing" resulterte i gjennomsnittlige feil på 0.0071 mm/frame ± 0.0036 mm/frame i z-
retning, 0.0494 mm/frame± 0.0255 mm/frame i x-retning og 0.0396 mm/frame± 0.0206
mm/frame i y-retning. Resultater fra denne oppgaven har blitt sendt inn og godtatt for
muntlig presentasjon på konferansen IUS 2017.
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1 | Introduction

Cardiovascular diseases are the leading cause of death worldwide [1]. The term denotes
a group of disorders affecting the heart and blood vessels, including coronary heart dis-
ease. Coronary heart disease is also known as ischemic heart disease or myocardial
ischemia. It can ultimately lead to myocardial infarction [2], commonly referred to as
heart attack. It has been proposed that strain and strain rate imaging can serve as non-
invasive tools for quantitative assessment of regional myocardial contractility [3, 4] and
detection of myocardial ischemia and infarction [5, 6, 7, 8]. Cardiac motion and defor-
mation are closely related and hence, myocardial velocity measurements can be used to
obtain global and regional strain and strain rate data [8]. Myocardial motion and strain
can be measured non-invasively using for instance MRI [9, 10] or ultrasound [11, 12].
However, ultrasound motion estimation techniques will be the focus of this thesis.

Over the last decades, diagnostic ultrasound has experienced tremendous develop-
ment and growth [13]. Ultrasound is known as a relatively cheap, non-invasive, non-
ionizing, bedside imaging modality, which is fast, easy to use and able to provide real-
time images [4, 14]. It is commonly associated with the imaging of fetuses in the utero.
However, there is a wide range of medical applications of ultrasound, including mea-
surement of blood flow using Doppler techniques [15], measurements related to the
stiffness of tissue [16] and cardiac imaging [17]. Tissue Doppler imaging (TDI) is an
ultrasound technique proposed for myocardial motion estimation [18]. The main chal-
lenge of this method is that it measures only the axial velocity component, yielding
one-dimensional motion estimates. Because of the 3D nature of cardiac motion, a 3D
motion estimation scheme must be applied in order to be able to measure the full my-
ocardial motion. Several techniques have been proposed for motion estimation in two
and three dimensions, such as speckle tracking [19, 20] and cross-beam techniques
[21, 22, 23]. In this study, a novel cross-beam technique will be presented, and the per-
formance of this motion estimator will be compared to two similar cross-beam tech-
niques in addition to speckle tracking.

1.1 State of Research

The starting point of this thesis is the specialization project presented in [24], where a
cross-beam technique for 2D myocardial motion estimation, implemented using Python,

1



1.2. GOAL AND SCOPE

is described. This motion estimator is based on the introduction of transverse oscilla-
tions (TOs), a technique first proposed by Jensen and Munk in [25] and Anderson in
[26]. In this context, TOs denote a received 2D ultrasound field featuring oscillations in
both the transverse and the axial direction. The TOs enable motion estimation in the
direction transverse to the ultrasound beam. Jensen and Munk described a method that
produces TOs by applying a special apodization and focusing scheme. Later, Varray and
Liebgott have proposed a new method for two-dimensional motion estimation based
on TOs produced by filtering [27]. The filtering-based TO approach was combined with
a phase-based motion estimation technique and ultrafast imaging by Salles et al. to
develop a high frame rate 2D motion estimator [28]. This motion estimation scheme
served as the basis for the work done in [24].

Both Jensen’s research group and Salles et al. have proposed TO methods for motion
estimation in three dimensions [29, 30, 23]. Jensen’s method has been applied to blood
flow, while the method proposed by Salles et al. has been used to estimate the motion
of tissue. Jensen’s 3D method is an extension to the 2D approach, where each veloc-
ity component is estimated separately by introducing TOs in one transverse direction
at a time. The method developed by Salles et al. is built on the introduction of TOs
in both transverse directions simultaneously, and the estimation of motion using a 3D
extension to the phase-based motion estimation scheme.

1.2 Goal and Scope

The aim of this study is to compare 3D motion estimation methods based on TOs pro-
duced by three different filtering schemes. Two of the filtering schemes are based on
previous work and publications [29, 30, 23], while the third is a novel approach. The
methods will be validated against 3D speckle tracking when applied to experimental
data acquired from a phantom with 1D linear motion or 3D circular motion. To show
the potential of clinical application, the methods will be tested on a 3D in vivo example
from a healthy human heart. Specifically the goals of the thesis are summarized as fol-
lows:

1. Compare three different filtering schemes for introducing TOs to estimate 3D tis-
sue motion in terms of accuracy and computational efficiency

2. Compare the three TO methods to 3D speckle tracking

3. Perform experiments using a 2D matrix array transducer to acquire 3D ultra-
sound data which can be used in validation and comparison of the motion es-
timation techniques presented

2



CHAPTER 1. INTRODUCTION

1.3 Outline of Thesis

The thesis is organized as follows. Section 2 covers the main theoretical concepts form-
ing the basis of the thesis. This section consists of several parts. First, the basic princi-
ples related to the physiology of the heart are presented, as the study is aimed at cardiac
applications. Then, ultrasound with main focus on echocardiography and 3D imaging
is reviewed. This part is followed by an introduction to ultrafast ultrasound imaging and
plane wave imaging. Tissue motion estimation is then presented, with tissue Doppler
imaging for 1D estimation and speckle tracking and cross-beam techniques for 2D and
3D estimation. The cross-beam technique known as TO imaging is described in fur-
ther detail, followed by an introduction to phase-based motion estimation. Section 3
presents details regarding the implementation of the motion estimation procedures, in
addition to describing the experimental trials carried out in order to be able to validate
and compare the different methods. Results from the application of the motion estima-
tors to different sets of data are presented in Section 4, while the results are discussed in
Section 5. The concluding remarks of the thesis are given in Section 6. Relevant source
code and the abstract submitted for the IUS 2017 conference can be found in Appen-
dices A and B, respectively.
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1.3. OUTLINE OF THESIS
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2 | Theory

An introduction to the theoretical principles that form the basis of the thesis will be
given in this chapter. As the motion estimation methods aim at estimating the motion
of cardiac tissue, the main functions and physiology of the heart will be presented. The
focus of the thesis is on 3D motion estimation techniques, which are based on 3D ul-
trasound data. Hence, the principles of 3D ultrasound imaging will be given, as well as
an introduction to different techniques proposed for motion estimation in 1D, 2D and
3D. These techniques include tissue Doppler imaging, speckle tracking and motion es-
timation based on TOs.

2.1 Physiology of the Heart

The following section is based on the description of the main functions and physiology
of the heart given by VanPutte et al. in [31]. The heart is a muscle, and responsible for
pumping blood to the rest of the body through the blood vessels. The blood, the blood
vessels and the heart make up the cardiovascular system. The heart wall is built up of
three layers of tissue: The epicardium (outer layer), the myocardium (middle layer) and
the endocardium (inner layer). The myocardium is the thickest layer and consists of
muscular cells. It is responsible for the contraction of the heart. A healthy, adult heart
is approximately the size of a closed fist and is located slightly to the left of the mid-line
of the sternum in the thoracic cavity between the lungs. It consists of four chambers:
the left and right atria, in addition to the left and right ventricles. Figure 2.1 illustrates
the heart and its location.

5



2.1. PHYSIOLOGY OF THE HEART

Figure 2.1: The heart and its location. From [31].

The right side of the heart is responsible for pumping blood through the pulmonary
circulation, making the blood flow from the right ventricle to the lungs and back to
the left atrium. The left side of the heart is responsible for pumping blood through the
systemic circulation, making the oxygenated blood flow from the left ventricle to tissues
all over the body and back to the right atrium. Figure 2.2 displays the circulatory system
with the atria and ventricles. It also shows the blood flow through the pulmonary and
systemic circulations.

Figure 2.2: The circulatory system. From [31].

6



CHAPTER 2. THEORY

The heart cycle can be divided into two main intervals regarding time: Systole and di-
astole [4]. During systole, the left ventricle contacts in order to force blood to flow into
aorta [32]. This contraction is caused by a combination of circumferential twisting and
longitudinal shortening of the ventricle. As the apex of the heart is relatively station-
ary throughout the heart cycle, it is the mitral plane, separating the left atrium and the
left ventricle, that moves towards the apex during shortening. The shortening process
results in a radial thickening of the walls of the left ventricle. Relaxation of myocardial
fibres, elongation and untwisting occurs during diastole and causes a thinning of the
walls as the ventricle is refilling with blood.

2.2 Echocardiography

Echocardiography is a term denoting ultrasound applied to the heart. It is one of the
most important non-invasive imaging techniques for cardiologists [33], and can for
instance be used in the quantification of regional myocardial function. This has tra-
ditionally been done by visual inspection of the motion of the tissue, in combination
with measurements of the thickening and thinning of the cardiac wall [34]. However, it
has been shown that changes in contractility of the heart is closely related to changes
in both deformation and segmental systolic velocities [35, 36]. Therefore, regional ve-
locities, strain and strain rate have been proposed as indices of regional myocardial
function. These are measures that can be provided by tissue Doppler imaging, an ul-
trasound technique which will be described later. However, quantifying regional my-
ocardial function by the velocity has several drawbacks. First, the angle between the
ultrasound beam and the direction of motion influences the peak velocity measure-
ment. This is referred to as the angle dependency of the Doppler techniques. Second,
the overall motion of the heart may influence the estimated regional velocity. This can
be referred to as the tethering effect, and implies that the velocity of a given segment
might be influenced by contraction in adjacent tissue segments. Tethering effects make
it challenging to distinguish between actively contracting and passively moving tissue
when the velocity is used as the source of information. Therefore, strain and strain rate,
which are based on the velocity gradients, are preferred for quantification of regional
myocardial function.

The principles of cardiac strain were first formulated by Mirsky and Parmley [37]. Strain
is defined as deformation of tissue due to applied stress [38, 12] and strain rate as the
speed at which strain or deformation occurs [12]. As these indices measure relative
motion, known as deformation, they can be used to discover stiff and non-contracting
tissue in the myocardium. The reader may refer to [12] for more details regarding strain
and strain rate imaging.

2.3 3D Ultrasound Imaging

3D ultrasound has shown to be useful in imaging of the heart, and also in myocardial
motion estimation as a cause of the 3D nature of the cardiac motion. A brief introduc-

7



2.3. 3D ULTRASOUND IMAGING

tion to 3D ultrasound imaging will therefore be given in the following. The introduction
to 3D ultrasound imaging given by Holm in [39] will serve as the basis for this section.
3D ultrasound imaging was developed during the 1990s. Originally, the 3D image was
constructed by combining multiple 2D images by tilting, rotating or moving the probe
along a straight line. The first usable 2D matrix array probes were introduced in 2004.
Such probes are based on a matrix array of elements and can be steered in two direc-
tions. Hence, 2D matrix array probes allow 3D imaging without mechanically moving
the probe. Figure 2.3 shows how the 2D matrix array can be steered in two directions,
creating the 3D volume. It also shows three orthogonal image planes retrieved from the
image volume.

Figure 2.3: 3D image volume resulting from 3D acquisition using a 2D matrix array
transducer. From [40].

Today, the use of 3D ultrasound is increasing as it overcomes the problem of conven-
tional 2D ultrasound to view 3D structures in a 2D image [41]. The main challenges
of 3D ultrasound imaging are related to the large number of elements in the matrix
array. A typical beamformer has 128 channels. To process all the approximately 3000
elements of a fully sampled 2D matrix array would require a large receive path of the
beamformer, an excessive amount of power and have an extreme cost [42]. In order to
avoid these difficulties, parts of the beamforming is performed in the probe using low
power technologies. The rest of the beamforming is performed in the scanner. The large
number of elements and hence the large amount of data per image frame compared to
conventional 2D ultrasound, constitute a challenge regarding the frame rate because
of the limited PRF. Multiline acquisition, a technique where multiple image lines are
retrieved from one ultrasound beam, must therefore be applied in order to achieve an
acceptable frame rate. 3D ultrasound has several areas of use, such as obstetrics and
imaging of organs in the abdomen. However, 3D ultrasound has shown to be useful
also in cardiovascular applications [43].

8



CHAPTER 2. THEORY

2.4 Ultrafast Ultrasound Imaging

In conventional ultrasound, focused ultrasound beams are used to sequentially insonify
the given medium and reconstruct one image line from each transmitted beam [44].
The number of ultrasound beam firings necessary to create one image frame in this
manner equals the number of image lines in the frame. This leads to the time required
to build an image frame:

Ti mag e = Nl i nes ∗
2z

c
= Nl i nes

PRFmax
(2.1)

where c is the speed of sound in the medium, z is the imaging depth and Nl i nes is the
total number of lines in one image frame. The maximum pulse repetition frequency
(PRF) is given by c

2z , because an ultrasound pulse cannot be fired before the previous
pulse has returned to the transducer. The speed of sound is assumed to be constant
1540 m/s in human tissue. With a given Ti mag e , the maximum frame rate possible to
achieve is given by:

F Rmax = 1

Ti mag e
(2.2)

The maximum frame rate possible to achieve using this conventional approach is lim-
ited. Echocardiography and 3D imaging are examples of ultrasound applications re-
quiring even higher frame rates. Echocardiography aims at capturing the motion of the
heart, and hence higher frame rates are required as the heart is a fast moving structure.
Typically, a frame rate of 30-60 frames/s is required in order to display the cardiac mo-
tion adequately [45]. Regarding 3D ultrasound imaging, the number of lines in a 3D
image is significantly higher than in a 2D image, as it is built up of multiple 2D images.
Hence, it is necessary to increase the 2D frame rate in order to obtain a satisfactory
3D frame rate. As an example, imaging a structure at 15 cm depth yields a PRFmax of

1520m/s
2∗15∗10−2m

=≈ 5000H z = 5kH z. A 3D volume consisting of 100 × 100 image lines will

then result in a maximum frame rate of 5kH z
100×100 f r ame−1 = 0.5 frames/s, a frame rate far

from the requirement of 30-60 frames/s for cardiac imaging. Multiline acquisition has
been proposed to increase the frame rate, as this technique allows for multiple image
lines to be retrieved per ultrasound beam. Other approaches such as limiting the field-
of-view, reducing the line density and volume stitching have also been suggested to
increase the frame rate [46]. However, higher frame rates are achieved at the cost of
poorer image resolution.

When imaging fast moving structures such as the heart, even higher frame rates than
what is possible to achieve with multiline acquisition and the other techniques men-
tioned might be necessary. This is in order to be able to capture small displacements
and limit aliasing effects when estimating the phase shifts between consecutive image
frames. To achieve an even higher frame rate, an ultrafast ultrasound imaging scheme
can be used. The architecture of such a system is different than the architecture of a
conventional ultrasound system [44], as the desired number of image lines can be re-
constructed in parallel from one single transmit beam. Hence, the entire image frame
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2.5. TISSUE DOPPLER IMAGING

can be built from one single ultrasound beam, yielding a frame rate limited only by the
time of flight for one pulse:

Ti mag e = 2z

c
(2.3)

Myocardial motion estimation [47, 46] and myocardial perfusion imaging [48, 46] are
some of the clinical targets proposed for ultrafast ultrasound imaging. Jensen et al.
showed that vectorial flow motion can be estimated when an ultrafast imaging system
is used to implement synthetic aperture imaging techniques [49, 50]. Synthetic aperture
imaging denotes a technique where multiple low-resolution images are combined into
a high-resolution image.

2.4.1 Plane Wave Imaging

One of the most common techniques used to achieve ultrafast imaging is the plane
wave approach, as described by Montaldo et al. in [51]. In order to construct a plane
wave, all transducer elements are excited simultaneously. Hence, focusing cannot be
applied on transmit. This restriction reduces the image quality in images constructed
by plane wave imaging. According to Montaldo et al., the beamforming process is a
matter of applying delays and summations to the RF signals like in conventional dy-
namic receive focusing. However, unlike conventional ultrasound imaging, the same
set of RF data, subjected to different combinations of delays, is used to construct all
image lines in an image frame. Another beamforming method, working in the Fourier
domain, has also been proposed for beamforming the plane wave RF data [28, 52, 53].

As the poor resolution of the resulting beamformed images is a major challenge of
plane wave imaging, the previously mentioned synthetic aperture imaging technique
has been proposed to deal with this problem. This approach combines multiple low-
resolution images obtained at different insonification angles in order to synthesize the
transmit focus and obtain a high-resolution image.

2.5 Tissue Doppler Imaging

As previously stated, the ability to measure the velocity of the myocardium has shown
to be of clinical interest. The ultrasound technique known as tissue Doppler imaging
(TDI), also referred to as tissue velocity imaging (TVI), can give quantitative informa-
tion on the velocity of tissue [18]. This method enhances the principles of conven-
tional Doppler ultrasound to measure tissue motion, instead of blood flow. Pulsed wave
(PW) Doppler was used to detect myocardial motion as early as in the 1960s and 1970s
[54, 55], even though TDI was not used extensively until the late 1980s [56]. With color-
coding of the TDI, developed in the 1990s [11, 57, 58], the method was gaining clinical
acceptability. TDI is mainly used for cardiac purposes.

The principle of the Doppler effect in the setting of ultrasound imply that an ultrasound
echo will experience a shift of frequency if the medium to be imaged is moving in the
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direction of the pulse. This frequency shift can be enhanced to calculate the velocity of
moving objects in the image. Conventional Doppler techniques and TDI calculate the
velocity based on several ultrasound pulse firings in the same direction. Echoes from
these pulses are sampled at a given depth, resulting in a collection of samples from
several pulse firings representing this particular position in the image. The resulting
signal, consisting of the collection of samples, is known as the Doppler signal. It has a
frequency that is related to the velocity of the moving object in the sample region by the
following Doppler equation:

fd = 2 f0
v

c
, (2.4)

where fd is the Doppler shift, f0 is the center frequency of the transmitted pulse, v is
the velocity of the moving object in the direction of the ultrasound beam and c is the
speed of sound in the medium. Instead of computing the Doppler shift on each trans-
mitted pulse, the Doppler technique estimates the velocity from phase shifts or time
delays between subsequent echoes from the same sample volume using for instance
an autocorrelation technique [59]. This is done as a consequence of the Doppler shift
being quite small compared to the transmitted pulse bandwidth.

Conventional Doppler ultrasound estimates the velocity of blood flow from echoes re-
turned by moving blood cells. Such cells are small and move fast. Hence, the received
signals are characterized by low amplitudes and high Doppler shifts. TDI is used to es-
timate the velocity of moving tissue, preferably the myocardium. As tissue generally
moves more slowly and covers a larger area than blood, the signals reflected from tis-
sue have higher amplitudes and smaller Doppler shifts compared to those returning
from moving blood cells [60]. Figure 2.4 depicts the general characteristics regarding
the frequency and amplitude of signals returning from moving blood cells and moving
tissue.

Figure 2.4: Doppler signal model showing that Doppler shifts introduced by tissue typi-
cally are lower than those introduced by moving blood cells. In addition, signals return-
ing from tissue generally have higher amplitudes than signals reflected from moving
blood cells. From [60].
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Despite its extensive use, TDI suffers from several major challenges. The main limita-
tion is related to the angle dependency of the Doppler methods, implying that only the
velocity along the direction of the ultrasound beam is measured [61]. Another drawback
of the Doppler methods is that due to aliasing effects, they can only estimate velocities
lower than half the wavelength of the transmitted ultrasound pulse.

2.6 Tissue Motion Estimation in Multiple Dimensions

TDI can only provide estimates of the axial component of the velocity. To get the full
picture of the motion, multiple approaches have been proposed to enable estimation
of the second and third velocity component [26, 62, 29, 30, 63]. Such 2D and 3D motion
estimation methods are primarily categorized into one of the two categories: speckle
tracking and cross-beam techniques.

2.6.1 Speckle Tracking

Speckle tracking was first proposed to estimate the 2D blood flow velocity [62]. In [64],
Trahey et al. describe the physical principles of the technique. Speckle tracking is based
on the observation that acoustical images of blood and other tissues such as the liver
and the myocardium display a textured pattern, also referred to as a speckle pattern.
The speckle pattern originates from reflections of the ultrasound waves from many
scatterers contained in the tissue [18]. The echo at the transducer surface is a result
of the interference between the individual reflections. The positions of the scatterers
relative to the transducer determine how the reflections interfere and hence the distri-
bution of gray values in the resulting ultrasound image. The speckle pattern is assumed
to be unique for each segment of tissue, and can therefore serve as an acoustical finger-
print. Speckle tracking is thus based on the assumption that when a particular segment
of tissue moves, the acoustical fingerprint will move accordingly and make it possible
to track the motion.

With the emergence of 3D ultrasound imaging, it has become possible to extend the
speckle tracking algorithm to estimate the motion in three dimensions [63]. 3D speckle
tracking enables tracking of the real motion in 3D space, not just the 2D motion or a
projection of 3D motion into a 2D plane, which is the case with 2D speckle tracking.
Several approaches have been proposed to track the speckle patterns in ultrasound im-
ages, among which block matching is an important category [18]. The block matching
technique has been proposed for both 2D [64] and 3D [63] speckle tracking. This tech-
nique is based on the selection of a 2D or 3D region in the image, referred to as the
kernel, and the search for this kernel in the subsequent image frame. Searching for the
kernel is done by determining the similarity between the observed pattern at different
positions in the subsequent image frame and the kernel. The set of regions that the
kernel is matched against in the subsequent frame is usually referred to as the search
window or search region. The new position of the speckle pattern is assumed to be at
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the position where the similarity has its maximum. Figure 2.5 illustrates the principle
of 2D block matching.

Figure 2.5: The principle of block matching shown for a 2D example. From [65].

In order to obtain a dynamic velocity vector field, the given block matching procedure
must be repeated for all image points and between all pairs of subsequent frames in the
sequence of ultrasound image frames.

A variety of similarity measures have been defined for 2D block matching [66, 33]. These
can be extended for use in 3D applications. A brief introduction to the most com-
mon similarity measures for use in block matching will be given in the following, when
adapted from 2D to 3D.

Normalized Cross Correlation

The normalized cross correlation (NCC) approach, determines the position of the ker-
nel, here denoted C (current area), in the subsequent image frame by shifting the kernel
pixel-by-pixel across the search window, here referred to as R (reference area), and cal-
culating the NCC coefficient at each location. The best match is given by the maximum
NCC coefficient. In other words, a coefficient matrix containing the NCC coefficients
for all possible locations of the kernel within the search window is computed. Accord-
ing to Hii et al. [67], the NCC coefficients are given by the following equation, when
adapted to 3D.

NCCu,v,w =
∑

x,y,z (R(x, y, z)−Ru,v,w )(C (x −u, y − v, z −w)−C )√∑
x,y,z (R(x, y, z)−Ru,v,w )2 ∑

x,y,z (C (x −u, y − v, z −w)−C )2
, (2.5)

where

Ru,v,w = 1

Nx Ny Nz

u+Nx−1∑
x=u

v+Ny−1∑
y=v

w+Nz−1∑
z=w

R(x, y, z), (2.6)

C = 1

Nx Ny Nz

Nx−1∑
x=0

Ny−1∑
y=0

Nz−1∑
z=0

C (x, y, z), (2.7)

the kernel C is size Nx × Ny × Nz and the search window R is size Mx × My × Mz . In
addition, the following holds: Nx É Mx , Ny É My , Nz É Mz and x ∈ {0, ..., Mx − 1}, y ∈
{0, ..., My −1}, z ∈ {0, ..., Mz−1}, u ∈ {0, ..., Mx−Nx }, v ∈ {0, ..., My −Ny }, w ∈ {0, ..., Mz−Nz }.
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The normalized cross correlation approach is not suitable for tracking the motion of
a large number of points in an image, as the computation of the NCC coefficients is
computationally expensive [67].

Sum of Absolute Differences

The sum of absolute differences (SAD) approach evaluates the sum of the absolute dif-
ferences between each pixel in the kernel and the corresponding pixel in the search
window, for each position of the kernel in the search window. Adapted to 3D from the
2D version given in [68], the SAD approach is given by

S AD =
Nx−1∑
i=0

Ny−1∑
j=0

Nz−1∑
k=0

∣∣∣Ci j k −Ri j k

∣∣∣ , (2.8)

where C (current area) denotes the kernel, R (reference area) is referring to the search
window and Nx , Ny and Nz are the sizes of the kernel in x-, y- and z-directions, respec-
tively. The SAD is calculated for all possible locations of the kernel in the search window,
yielding a matrix of values. The kernel matches the pattern in the search window best
at the position yielding the minimum SAD value.

Sum of Squared Differences

The sum of squared differences (SSD) approach evaluates the sum of the squared dif-
ferences between each pixel in the kernel and the corresponding pixel in the search
window, for each position of the kernel in the search window. The 2D version of the
SSD approach is given in [68]. When adapted to 3D, it takes the form

SSD =
Nx−1∑
i=0

Ny−1∑
j=0

Nz−1∑
k=0

(Ci j k −Ri j k )2, (2.9)

where C (current area) denotes the kernel, R (reference area) is referring to the search
window and Nx , Ny and Nz are the sizes of the kernel in x-, y- and z-directions, respec-
tively. Calculating the SSD for all possible locations of the kernel in the search window,
yields a matrix of values. The best match between the kernel and the search window is
found at the position yielding the minimum SSD value. The SSD approach is slightly
more computationally demanding than the SAD approach because of the additional
multiplications it introduces.

A novel approach has been proposed for 3D motion estimation, where the axial veloc-
ity component is obtained from the conventional autocorrelation method of TDI, while
the estimates of the transverse velocity components are given by 2D block matching
[69]. This hybrid approach was shown to reduce processing time significantly and im-
prove the 3D motion estimation accuracy compared to regular 3D block matching.
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2.6.2 Cross-Beam Techniques

Cross-beam techniques cover a set of approaches proposed for angle-independent mo-
tion estimation. Dunmire et al. give an overview of vector-Doppler systems based on
such a cross-beam approach in [21]. The development of cross-beam systems for angle-
independent velocity measurements started in the 1970s. Early designs proposed to use
several single-element transducers to transmit and receive ultrasound beams at differ-
ent angles. This design was proposed both for 2D and 3D motion measurements. Later,
the transmit and receive roles were separated and assigned to different transducers. For
the 2D approach, the system consisted of two transmit transducers placed at opposite
inclinations with respect to the vertical axis and a receive aperture positioned between
the two transmitters at zero angle with respect to the vertical axis. The transmit and
receive roles could also be interchanged. By transmitting one beam and receiving at
two angles, the frame rate could be increased compared to transmitting two beams and
receiving one. Fox described how the 3D velocity vector can be calculated by transmit-
ting multiple beams at different angles into the medium by the use of a six-transducer
system [70] or a three-transducer system [22]. The main challenge of the approach in-
volving several transducers, is the need to mechanically adjust the transducers to image
varying depths. Therefore, effort was put into developing an approach to overcome this
challenge. Papadofrangakis et al. were the first to propose a subaperture approach for
2D estimation of flow components both parallel to and transverse to the ultrasound
beam in 1981 [71]. A linear array transducer was divided into three separate parts: one
transmit subarray located at the center and two receive subarrays located on either side
of the transmit subarray. Hall et al. also described how the 2D velocity vector can be
estimated by transmitting one ultraosund beam straight down, and receiving from an
angle at each side in [72]. Figure 2.6 illustrates the approach. However, the subaperture
technique was first applied by Phillips et al. [73]. With the subaperture approach, a 1D
array transducer can be used to measure two of the velocity components by receiving
at two different angles, while a 2D matrix array transducer can provide estimates of all
three velocity components by receiving at three different angles.
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Figure 2.6: The cross-beam technique using one subaperture for transmit and two re-
ceive subapertures to calculate the 2D velocity vector. From [74].

2.7 Transverse Oscillation Imaging

Another approach that can be categorized as a cross-beam technique was first pro-
posed by Jensen and Munk in [25] and Anderson in [26]. The method will be referred to
as TO imaging in the following. However, it was called the transverse/lateral modula-
tion approach by Jensen and Munk, and the spatial quadrature approach by Anderson.
TOs denote a received sound field featuring oscillations in one or both transverse direc-
tions, i. e. the directions perpendicular to the beam direction, in addition to the axial
direction. The 2D TO approach is based on 2D ultrasound images and aim at generating
a sound field oscillating in the transverse direction in addition to the axial direction. The
3D TO approach is based on 3D ultrasound images and aim at generating a sound field
oscillating in both transverse directions in addition to the axial direction. The sound
field oscillating in one or two transverse directions is created on receive. Hence, it is not
the physical acoustic field that is oscillating. The TOs can also be described in 2D as
the interference of two ultrasound beams propagating in different directions, creating
oscillations in the transverse direction. This is illustrated in Figure 2.7.
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Figure 2.7: Illustration of how the TOs in 2D can be explained as the interference of two
ultrasound beams propagating in different directions. From [25].

Several approaches for obtaining TOs have been proposed [25, 27]. The conventional
method suggests to apply a special beamforming scheme [25]. Another method has
proposed to use a filtering technique to achieve the received sound field featuring TOs
[27]. Both of these approaches will be described in the following.

2.7.1 Conventional Transverse Oscillations

According to Jensen and Munk [25], the 2D ultrasound field featuring oscillations in
both the axial and the transverse direction can be obtained using a single array trans-
ducer in combination with a beamformer specifically developed for the generation of
TOs. Jensen and Munk proposed to use an apodization function, typically consisting of
two separate peaks, to generate the transversely oscillating field. Generating the lateral
modulation mainly on receive offers most flexibility, as it can easily be adapted dynam-
ically to different depths.

According to the Fraunhofer approximation, the lateral sensitivity profile h(x) in the far
field can be calculated from the Fourier transform of the receive aperture distribution
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wr (x) [75]. This approximation can be used to show that a receive apodization function
consisting of two peaks will generate a received RF image featuring oscillations in the
transverse as well as the axial direction, as described by Salles et al. in [28]:

wr (x) = 1

2

(
e−π((xi−x0)/σ0)2 +e−π((xi+x0)/σ0)2

)
(2.10)

h(x) ≈F {wr (x)} = e−π(x/σx )2
cos

(
2πx

λx

)
, (2.11)

where xi is the position of the transducer element, x0 = λz
λx

, σ0 =
p

2λz
σx

, σx is approxi-
mately the FWHM of the Gaussian envelope, λx is the expected transverse wavelength,
λ is the wavelength of the transmitted pulse and z is the depth of interest. As can be
observed, x0 and σ0 are functions of the depth z.

After introducing the lateral modulation, several measurements must be obtained in
order to be able to estimate the 2D velocity. The axial component is estimated from
conventional phase-shift estimation as in TDI, by acquiring the in-phase and quadra-
ture samples. The transverse component is estimated from a spatial quadrature sam-
pling, where two fields, shifted 90 degrees relative to each other and oscillating in the
lateral direction are used. This approach allows for measuring both the magnitude and
the sign of the transverse component of the velocity. For a more thorough description,
the reader may refer to [25].

The conventional TO method has been used in several applications, including the con-
struction of 2D vector flow maps visualizing the blood flow [76] where it was combined
with plane waves, and the construction of 2D displacement maps showing the motion
of a simulated left ventricle [77].

The extension of the conventional 2D TO motion estimation approach to 3D is de-
scribed by Jensen and Pihl in [29, 30]. It suggests that all three components of the ve-
locity vector can be estimated by generating two double-oscillating fields on receive,
and applying spatial quadrature sampling using a 2D matrix array transducer. One
field is oscillating in the x- and z-directions and the other is oscillating in the y-and
z-directions. Hence, this approach assumes that the velocity estimates can be decou-
pled into three independent velocity components, vx , vy and vz , and estimates each
transverse velocity component from a separate sample volume. Salles et al. proposed
an extension of the conventional 2D TO method to 3D in [23]. Unlike the 3D approach
proposed by Jensen and Pihl, it suggested to produce a field featuring oscillations in all
three directions simultaneously in order to estimate the three velocity components.

2.7.2 Transverse Oscillations by Filtering

The main limitation of the conventional TO method is that it is dependent on the beam-
forming to generate the transversely oscillating field [28], which imply that the raw data
must be re-beamformed in order to change the TO parameters. Another drawback of
the conventional TO approach is that the TOs are produced using pre-beamformed
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data. Such raw data is difficult to access on commercial, clinical scanners [27].

Alternative strategies for producing 2D TOs have been proposed in order to overcome
some of the challenges related to the conventional TO method [27]. The alternative
approaches described in [27] suggest to produce the TOs by applying convolution or a
filtering scheme to the RF or B-mode images. Using RF images, the filtering or convolu-
tion needs only be applied to the transverse direction. Oscillations in the axial direction
are already present in RF signals, and hence it is necessary to generate oscillations in the
transverse direction only in order to achieve a field featuring oscillations in two direc-
tions. However, if B-mode images are used, convolution or filtering must be applied
to both the axial and the transverse direction. The Fourier transform of the filter de-
scribed in [28] for this 2D filtering approach, consists of two separate peaks achieved
using Gaussian functions. The 2D Fourier transform of the RF image is multiplied with
a mask with lines corresponding to the Fourier transform of this 1D filter. The resulting
frequency spectrum of an RF image after applying the described 2D filtering-based TO
technique consists of four separate ranges of spatial frequency, as shown in Figure 2.8.
The widths of the frequency ranges correspond to the bandwidths of the oscillations,
while the positions of the frequency ranges give the wavelengths of the oscillations.

Figure 2.8: K-space representation of a 2D RF image with TOs. This 2D Fourier spec-
trum contains four separate ranges of spatial frequency. The positions and widths of
the frequency ranges correspond to the wavelengths and bandwidths, respectively, in
the axial direction and the TOs.
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With the filtering technique, the TO parameters such as the bandwidths and the wave-
lengths of the oscillations can easily be adjusted by changing the size and spacing be-
tween the peaks of the filter.

2.8 Phase-Based Motion Estimation

After the construction of RF images containing TOs, the 2D or 3D velocity must be es-
timated. Salles et al. suggest to use a phase-based motion estimation approach as de-
scribed in 2D by Basarab et al. in [78]. The extension of this method to 3D is given by
Salles et al. in [23]. The phase-based motion estimation is based on creating complex
image blocks, also referred to as analytical image blocks, and generating phase images
from these. The displacement vectors are calculated from the phase differences be-
tween successive, corresponding phase images. The complex image blocks are created
using the approach first proposed by Hahn [79], which suggests to keep only one or-
thant of the Fourier spectrum in order to generate an analytical image. This means that
in the 2D case, one quadrant of the 2D Fourier spectrum is kept in order to create a com-
plex image block, while in the 3D case, one octant of the 3D Fourier spectrum is kept. It
can be noticed that this is a different way to view the cross-beam technique where one
ultrasound beam is transmitted straight down and received at different angles. Keeping
one orthant of the frequency spectrum of an image featuring TOs is equivalent to creat-
ing a subaperture. With the 2D phase-based motion estimation approach, the motion
in the axial and transverse directions (dz , dx ) between two consecutive image frames
can be estimated from the following equations:

dz = (Φ1 −Φ2)λ0z

4π
(2.12)

dx = (Φ1 +Φ2)λ0x

4π
, (2.13)

whereΦ1 is the phase difference between two successive, corresponding analytical im-
ages,Φ2 is the phase difference between a different set of successive, corresponding an-
alytical images, λ0z is the wavelength of the transmitted signal, i.e. the axial wavelength
of the RF image, λ0x is the lateral wavelength produced by filtering. Φ1 and Φ2 can be
calculated from the phase of the autocorrelation functions corresponding to each se-
quence of analytical images.

Similar equations hold for estimating the three displacement vectors in the 3D exten-
sion to the method:

dz = Φ3 +Φ1

4π fz
(2.14)

dx = Φ1 +Φ2

4π fx
, (2.15)
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dy = Φ2 +Φ3

4π fy
, (2.16)

where Φ1, Φ2 and Φ3 are the phase differences between successive analytical images
corresponding to three independent octants of the Fourier spectrum, and fz , fx and
fy are spatial frequencies corresponding to each direction. The full derivation can be
found in [23].

The equations are here given in Cartesian coordinates. If a phased array is used in
the acquisition, the ultrasound data will be given in polar coordinates for 2D and in
spherical coordinates for 3D. In such cases, it is necessary to convert the equations from
Cartesian to polar or spherical coordinates. The z-direction will then correspond to the
r/axial-direction, the x-direction will correspond to the the θ/azimuth-direction and
the y-direction will correspond to the φ/elevation-direction.

As mentioned in both [28] and [23], the phase-based motion estimation method is only
able to estimate displacements shorter than half the wavelength. However, the method
is suitable when applied in combination with ultrafast imaging, as this technique will
significantly reduce the magnitude of the inter-frame displacements.
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In this chapter, the ideas behind the different aspects of the implementation of the mo-
tion estimators are described. Additionally, information on the experimental setups are
given.

3.1 Implementation of Motion Estimators Based on Trans-
verse Oscillations

This section covers the implementation of the TO motion estimators. The implemen-
tation is based on a 3D extension to the filtering approach described in Section 2.7.2.
However, three different filtering schemes were used, including the scheme described
in Section 2.7.2. The implementation was done using Matlab, and can be divided into
four main parts: Creating subapertures by filtering, calculating the autocorrelation func-
tions, spatial averaging and obtaining the displacement between consecutive images.
Each of these parts will be described in the following.

3.1.1 Creating Subapertures by Filtering

The first step in the motion estimation methods based on TOs is to filter the spatial fre-
quency content of the sequence of 3D image volumes. Three different ways of filtering
were explored. Each filtering scheme resulted in a received sound field featuring TOs,
as a consequence of the corresponding frequency spectra consisting of several sepa-
rate ranges of spatial frequency. Each separate range of frequency in the filtered fre-
quency spectra can be viewed as a subaperture in the 3D extension to the subaperture
approach described in Section 2.6.2. Hence, by extracting the signal received from each
subaperture, the Doppler effect can be exploited to calculate different components of
the velocity vector depending on the location of each subaperture.

The implementation of the filtering schemes was completed by convolving each trans-
verse image line by a 1D filter. Filtering was performed only in the transverse directions
because oscillations are already present in the axial direction of RF images. The convo-
lution was carried out in the frequency domain, treating each transverse direction sep-
arately. Filtering in the azimuth direction was performed by multiplying the 1D Fourier
transform of the image in the azimuth direction by a mask with lines corresponding to
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the Fourier transform of the azimuth filter. Correspondingly, filtering in the elevation
direction was performed by multiplying the 1D Fourier transform of the image in the
elevation direction by a mask whose lines correspond to the Fourier transform of the
elevation filter. Each filter was designed such that its Fourier transform consisted of a
Gaussian function. The implementation of the 3D extension to the filtering approach
is based on the work done by Salles et al. in [28], where Gaussian functions were used
to introduce TOs. Therefore, the filters were designed to consist of a Gaussian function
in the Fourier domain. However, other possible choices exists, such as using a Hanning
window, Hamming window or a rectangular function.

Figure 3.1 illustrates two 1D filters, each consisting of a Gaussian function. A combina-
tion of the two filters can be used to generate two separate ranges of spatial frequency,
which will yield TOs in one transverse direction. However, the filters can also be ap-
plied separately to extract each of the two subapertures. The Gaussian function can be
shifted in order to change the position of the subaperture. In addition, the width of the
Gaussian function can be changed in order to adjust the size of the subaperture. It is de-
sirable to keep as much as possible of the original frequency spectrum, in order to keep
as much information as possible. This is achieved by using a wide Gaussian function.
At the same time it is advantageous to place the subapertures as far apart as possible
in order to facilitate estimation of small displacements. The latter is explained by the
wavelength of the TOs being dependent on the location of the subapertures, where the
wavelength is smaller the closer to the edges of the frequency spectrum. The maximum
displacement possible to estimate is limited by half the wavelength of the TOs.

Figure 3.1: Two filters consisting of Gaussian functions. One filter is given by the blue
line, and the other is given by the orange line.

As previously stated, three different filtering schemes were developed. Each of these
will be described in the following.
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Jensen’s Approach

The first approach is based on the work done by Jensen’s research group. To go from
motion estimation in 2D to 3D, it is assumed that the velocity components can be de-
coupled and estimated independently [29]. Consequently the TOs can be introduced
in each transverse direction separately and the transverse velocity components, vθ and
vφ, can be estimated one at a time. This means that the azimuth velocity component
is estimated from a field oscillating only in the azimuth and axial directions, and the
elevation velocity component is estimated from a field oscillating only in the elevation
and axial directions. In total, four subapertures are generated using this approach.

Figure 3.2 shows the spatial filtering scheme in the ( fθ , fφ) plane, where the red ovals
illustrate the four subapertures. It can be noticed that the subapertures overlap. Each
pair of parallel subapertures can be used to create TOs in the corresponding direction.
The subapertures were created by filtering the original spatial frequency content of each
image using four different filters. This means that the left subaperture in Figure 3.2
is created by applying a filter consisting of a Gaussian function to the original spatial
frequency content of the image, while the right subaperture is created by applying a
different filter to the original spatial frequency content of the image. As can be seen
from the figure, the filters must be rotated 90 ◦ in order to generate the upper and lower
subapertures compared to the left and right subapertures.

Figure 3.2: The filtering scheme based on the work done by Jensen’s research group.
The red ovals indicate the locations of the subapertures.

The full implementation of the filtering technique based on Jensen’s approach can be
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found in Appendix A.1.1.

Four Separate Ranges of Frequency

The second filtering approach is based on introducing oscillations in both transverse
directions simultaneously, and is inspired by the work presented by Salles et al. in [23].
The transverse velocity components, vθ and vφ, are estimated from a field oscillating in
both transverse directions simultaneously. Four subapertures were created by applying
filters consisting of a Gaussian function to filter the spatial frequency content in both
transverse directions. Figure 3.3 illustrates the spatial filtering scheme in the ( fθ , fφ)
plane, where the red circles illustrate the four separate subapertures.

Figure 3.3: The filtering scheme of the method using four separate ranges of spatial
frequency to generate TOs. The red circles indicate the locations of the subapertures.

The full implementation of the filtering technique based on keeping four separate ranges
of frequency can be found in Appendix A.1.2.

Three Separate Ranges of Frequency

The third approach is based on filtering the spatial frequency content of each image
frame to keep only three separate ranges of frequency. Only three subapertures are
necessary in order to be able to estimate the three velocity components (vr , vθ and vφ).
The subapertures are created in a similar manner as described for the first and second
approach, by filtering the spatial frequency content using filters consisting of a Gaus-
sian function. Filtering is performed in both transverse directions, and the Gaussian
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function is placed carefully in order to generate the desired subapertures. Figure 3.4
shows the spatial filtering scheme in the ( fθ , fφ) plane, where the red circles illustrate
the three subapertures created by filtering the original spatial frequency content of each
image frame.

Figure 3.4: The filtering scheme of the method using three separate ranges of spatial
frequency to generate TOs. The red circles indicate the locations of the subapertures.

The full implementation of the filtering technique based on keeping three separate
ranges of frequency can be found in Appendix A.1.3.

3.1.2 Calculating the Autocorrelation Functions

The autocorrelation technique, where the autocorrelation function is used in ultra-
sound applications to estimate velocities in blood or other tissues, was first developed
for use in applications such as weather radar [80, 81]. The method uses the phase shift
between two RF signals to calculate the velocity of the imaged medium at the corre-
sponding point in time. It is the technique implemented on most commercial ultra-
sound scanners to calculate the axial velocity component [82]. In the motion estimation
procedures presented here, the autocorrelation method will be used in the estimation
of all three velocity components. To do so, the autocorrelation function corresponding
to each subaperture is calculated. The phases of these autocorrelation functions, and
hence the velocity estimates, will be at an angle with respect to the z-axis depending
on the location of the subaperture. An illustration of the receive angles for the veloc-
ity vectors is given in 2D in Figure 2.6. This is the clue for being able to estimate the
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transverse velocity components, as the resulting velocity vectors can be combined in
different ways in order to yield the transverse velocity components.

3.1.3 Spatial Averaging

Doppler signals are stochastic, meaning that estimates of signal parameters vary ran-
domly. To avoid rapid fluctuations and drop-outs in the final estimates, post-processing
techniques such as temporal and spatial averaging are typically applied to the Doppler
parameter data [83]. In the implementation presented here, spatial averaging of the au-
tocorrelation functions is applied before calculating the phases. This implies that each
autocorrelation value is replaced by an average of itself and the surrounding values. It
is likely that adjacent points will behave similarly. Therefore, it can be assumed that
spatial averaging will yield acceptable autocorrelation values. In this implementation,
spatial averaging of 11 pixels in the axial direction and 5 pixels in each transverse direc-
tion was applied. The spatial averaging includes a higher number of pixels in the axial
direction than in the transverse directions, because the axial resolution of the images
is better than the resolution in the azimuth and elevation directions. The resolution is
approximately 1.5 mm in the azimuth direction and 1.8 mm in the elevation direction
at a depth of 6 cm, while in the axial direction the resolution is approximately 0.70 mm.

3.1.4 Obtaining the Displacement Between Consecutive Images

Conventional TDI exploits the entire spatial frequency content of the ultrasound im-
ages to estimate the axial velocity component. Larger bandwidth, improved spatial res-
olution and more efficient spatial averaging can be obtained when utilizing the entire
spatial frequency content compared to using only parts of it. Therefore, TDI tends to
give more accurate estimates of the axial velocity component than a combination of the
contributions from multiple subapertures can give. Hence, conventional TDI is the pre-
ferred method for estimating the axial velocity component and is therefore used in this
implementation. However, the velocity components transverse to the ultrasound beam
cannot be estimated based on the entire spatial frequency content of the unfiltered im-
ages, as discussed in section 2.5. To estimate the transverse velocity components, i.e.
the azimuth and elevation velocity components, the contributions from different sub-
apertures must be combined in two different ways. The transverse velocity components
between each consecutive image frame can be calculated from a combination of the
phases of the autocorrelation functions related to the different subapertures, while the
axial velocity component is calculated from the phase of the autocorrelation function
related to the unfiltered images. To calculate the transverse velocity components, the
phases must be combined in different ways, depending on the method used. The phase
combinations related to the three different methods are given in the following.
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Jensen’s Approach

Azimuth direction: Φθ =ΦUpper −ΦLower

Elevation direction: Φφ =ΦLe f t −ΦRi g ht

Axial direction: Φr =ΦAll

The subscripts are referring to the location of the spatial frequency content of the dif-
ferent subapertures given in Figure 3.2. "All" is referring to the entire spatial frequency
content.

Four Separate Ranges of Frequency

Azimuth direction: Φθ =ΦUpper Ri g ht −ΦLower Ri g ht

Elevation direction: Φφ =ΦLower Le f t −ΦLower Ri g ht

Axial direction: Φr =ΦAll

The subscripts are referring to the location of the spatial frequency content of the dif-
ferent subapertures given in Figure 3.3. "All" is referring to the entire spatial frequency
content.

Three Separate Ranges of Frequency

Azimuth direction: Φθ = ΦLower Le f t+ΦLower Ri g ht

2 −ΦUpper Mi ddl e

Elevation direction: Φφ =ΦLower Le f t −ΦLower Ri g ht

Axial direction: Φr =ΦAll

The subscripts are referring to the location of the spatial frequency content of the dif-
ferent subapertures given in Figure 3.4. "All" is referring to the entire spatial frequency
content.

After combining the phases, the velocities are calculated according to (2.14), (2.15) and
(2.16). The displacements between each consecutive image frame are given by the cor-
responding velocity.

The TOs are dependent on several parameters in the implementation. In addition, the
estimated trajectory of a point is dependent on the size of the region of interest (ROI)
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selected to calculate it. The parameters for the implementation of the TO methods are
given in table 3.1.

Table 3.1: TO parameters

Parameter Value
ROI size (Axial, Azimuth, Elevation) [pixels] (32, 32, 16)
Normalized f0x 0.8, 0.2
Normalized f0y 0.8, 0.2, 0.5
σx [mm] 3.5
σy [mm] 3.5

Here, f0x and f0y are given as normalized frequencies. They determine the location
of the Gaussian function and hence the location of the corresponding subaperture in
each direction. The different values given in the table indicate the different normalized
frequencies where the Gaussian function is placed in order to create upper, lower, left,
right and middle subapertures. σx andσy determine the width of the Gaussian function
and hence the size of the corresponding subaperture in each direction.

3.2 Implementation of Speckle Tracking

3D speckle tracking was implemented using block matching and the SAD approach,
as described in Section 2.6.1. The SAD approach was chosen as it is the least compu-
tationally demanding of the methods described in Section 2.6.1. Interpolation and a
1D Gaussian approximation scheme, as presented in [84], were applied in order to be
able to detect and track sub-pixel motion. Either RF or B-mode images can be used for
speckle tracking [85]. However, B-mode images were used in this implementation.

The block matching algorithm is dependent on several parameters. Table 3.2 gives the
block matching parameters used in the implementation. These can be adjusted to op-
timize the performance of the method. The interpolation factor is applied to all three
directions. In order to obtain a fair comparison of the TO methods to speckle tracking,
the same point and the same ROI were selected for motion estimation using all four
approaches.

Table 3.2: Block matching parameters

Parameter Value
ROI size (Axial, Azimuth, Elevation) [pixels] (32, 32, 16)
Window size (Axial, Azimuth, Elevation) [pixels] (34, 34, 18)
Interpolation factor 5
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3.3 Conversion From Spherical to Cartesian Coordinates

As the motion estimation procedures are aimed at estimating the 3D cardiac motion,
the relevant data will be acquired using a 2D matrix array probe. Consequently, the ac-
quired data is given in spherical coordinates. Thus, the motion is estimated in spherical
coordinates and needs to be converted to Cartesian coordinates in order be comparable
to the true motion. The equations for conversion are given as:

vz = vr dr × cos(φ)− vθdθr × si n(φ) (3.1)

vx = vr dr × cos(θ)si n(φ)− vφdφr × si n(θ)si n(φ)+ vθdθr × cos(θ)cos(φ) (3.2)

vy = vr dr × cos(θ)si n(φ)− vθdθr × si n(θ)si n(φ)+ vφdφr × cos(θ)cos(φ) (3.3)

where vr , vθ and vφ are the velocities in axial, azimuth and elevation directions re-
spectively, dr , dθ and dφ are scaling factors from pixels to mm corresponding to each
direction, r is denoting the radial direction, θ is denoting the azimuth direction and φ

is denoting the elevation direction. Figure 3.5 shows how the azimuth and elevation di-
rections are defined in the 3D image volume. The axial direction is defined to be along
the ultrasound beam axis.

Figure 3.5: The azimuth and elevation directions as defined in the 3D image volume.
The axial direction is defined to be along the ultrasound beam axis. From [86].
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3.4 Calibration of Spatial Frequency

The motion estimation procedures based on TOs are dependent on the spatial frequen-
cies fr , fθ and fφ. In order to produce precise motion estimates, the spatial frequencies
must be calibrated according to the relevant sequence of ultrasound data. The spatial
frequencies can be calculated theoretically from the frequency spectrum. However, in
this implementation, a special calibration procedure was developed. The spatial fre-
quencies were estimated by introducing a known motion, in this case 1 pixel in each
direction, to each frame of ultrasound data. Then, the relevant motion estimator was
used to estimate the known velocity. From the estimated and known velocities, the spa-
tial frequencies were derived using equations (2.14), (2.15) and (2.16). The calibration
of the spatial frequencies was done prior to the motion estimation, and the temporal
average of the spatial frequencies estimated for each frame was used in the motion es-
timators.

3.5 Experimental Trials

In order to be able to verify and compare the motion estimation methods, they were
applied to various sets of ultrasound data. Phantom experiments were performed to
obtain sequences of ultrasound images featuring uniform, known motion. In addition,
the motion estimators were applied to an in vivo example with unknown motion. The
phantom experiments were performed by moving the probe in a known manner. This
enabled the possibility to compare the estimated motion to the ground truth and hence
verify the motion estimation methods. In order to be able to compare the estimators in
a more realistic setting, an in vivo acquisition of a healthy, human heart was obtained.
All acquisitions were performed using a locally modified GE Vivid E95 scanner that en-
abled saving of IQ data.

3.5.1 3D Acquisition of Stepwise Linear Movement in Phantom

An experiment was performed where a phantom was imaged using a 2D matrix array
transducer. The probe was moved stepwise between each image frame using a stepper
motor. The phantom was filled with water on top, in order to facilitate movement of the
probe in the direction perpendicular to the phantom surface. Three different experi-
ments were performed, which in a Cartesian coordinate system can be expressed as:

1. Moving the probe linearly in the x-direction only

2. Moving the probe linearly in the y-direction only

3. Moving the probe linearly in the z-direction only

The introduced inter-frame displacements were 0.1 mm in all directions. A sequence of
20 displacements were introduced in each direction, resulting in a sequence of 21 ultra-
sound image frames. Moving the probe to introduce the motion resulted in a uniform
motion where all points in the image move in the same manner. Table 3.3 gives a list of
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the acquisition parameters used. Figure 3.6 shows the experiment setup.

Figure 3.6: Experiment setup showing the probe, how the probe is attached to the step-
per motor and the phantom. The phantom is filled with water on top.

Table 3.3: Phantom acquisition parameters

Parameter Value
2D matrix array 4V-D
Pitch 230 µm
Element focus 77 mm
Aperture 24 mm × 21 mm
Number of elements 60x48
Center frequency 2.5 MHz
Demodulation frequency 1.6 kHz
Imaging parameters
Ultrasound system Locally modified, university-owned GE Vivid E95
Plane wave compounding No compounding
Number of plane waves 5x4 plane waves
Imaging depth 12 cm
Volume width 60 ◦ × 60 ◦
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3.5.2 3D Acquisition of Stepwise Circular Movement in Phantom

Using the same setup as in the case of the linear motion experiments, an experiment
where the probe was moved in a circular manner was performed. This experiment was
performed in order to be able to test the motion estimators on an induced motion mim-
icking the real motion of the heart. It enabled the possibility to validate the estimators
on three-dimensional motion, i. e. motion in all three directions simultaneously. Fig-
ure 3.7 displays the displacement introduced in each of the three directions. Together,
the movements form a circle in 3D space. The imaging parameters are given in Table
3.3.

Figure 3.7: The displacement introduced in each of the three directions.

A sequence of 20 displacements were introduced, resulting in a sequence of 21 ultra-
sound image frames. Moving the probe to introduce the displacements resulted in a
uniform motion where all points in the image move in the same manner.

3.5.3 In Vivo Acquisition of a Healthy Human Heart Using High Frame Rate

The two previous experiments were performed using using a stepwise motion where
each frame of ultrasound data was stored after introducing one displacement step. As
the motion estimation methods based on calculating the phases of the autocorrelation
functions are restricted with respect to the maximum displacement possible to detect
because of aliasing effects, high frame rate imaging is required in order to obtain accu-
rate estimates in real applications. Therefore, it was desirable to test the motion estima-
tors on an in vivo example where the data was acquired using high frame rate, in order
to test the performance of the estimators in a realistic setting. The imaging parameters
for the in vivo acquisition of a healthy, human heart using high frame rate imaging are
given in Table 3.4.
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Table 3.4: In vivo acquisition parameters

Parameter Value
2D matrix array 4V-D
Pitch 230 µm
Element focus 77 mm
Aperture 24 mm × 21 mm
Number of elements 60x48
Center frequency 2.5 MHz
Demodulation frequency 1.6 kHz
Imaging parameters
Ultrasound system Locally modified, university-owned GE Vivid E95
Plane wave compounding No compounding
Number of plane waves 5x4 plane waves
Imaging depth 12 cm
Volume width 60 ◦ × 60 ◦
Frames per second 820
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4 | Results

In this chapter, the results from motion estimation using the three TO approaches and
speckle tracking will be presented. The motion estimation methods are applied to three
different types of ultrasound data: data from a phantom experiment with 1D linear
motion, data from a phantom experiment with 3D circular motion and in vivo data
acquired from a healthy human heart.

4.1 Introduction of Transverse Oscillations

The first step in the motion estimation procedures based on TOs, is to filter the spatial
frequency content of every 3D image frame in the sequence of ultrasound data. Fil-
tering is done to divide the receive aperture into several subapertures. The first image
frame in the sequence of ultrasound images resulting from the acquisition of the 3D
circular movement is used to show the effect of applying the three different filtering
schemes. Since the data is three dimensional, only the middle slice of the frequency
spectrum in the axial direction is shown. The middle slice of the frequency spectrum
corresponds to the axial frequency of 0 Hz in the IQ-data, which equals the demodu-
lation frequency of the RF data. The spatial frequency content is displayed in the ( fθ ,
fφ) plane. Figure 4.1 shows the unfiltered spatial frequency content of this first image
frame.
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Figure 4.1: The unfiltered spatial frequency content of the first frame of ultrasound data
from the acquisition of the 3D circular movement. The dark blue areas indicate zero
content of the given spatial frequency. The brighter the color, the higher the content of
the given spatial frequency.

Three different schemes have been presented for filtering the spatial frequency content
to introduce TOs. Each of these approaches yields a different frequency spectrum af-
ter applying the relevant filters to the spatial frequency content of the original image
frame. The first approach is based on the work done by Jensen’s research group. It was
implemented using filtering instead of the special beamforming scheme that was used
originally. With this approach, two double-oscillating fields, i. e. fields oscillating in
the axial direction in addition to one transverse direction, were created by filtering the
spatial frequency content in one of the transverse directions at a time. The resulting ( fθ ,
fφ) planes of the two frequency spectra are shown in Figure 4.2.
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Figure 4.2: The spatial frequency content of the first frame of ultrasound data after ap-
plying the filtering scheme as proposed by Jensen’s research group. The dark blue areas
indicate zero content of the given spatial frequency. The brighter the color, the higher
the content of the given spatial frequency.

The figure shows how each frequency spectrum consists of two separate ranges of spa-
tial frequency, resulting in a field featuring oscillations in one transverse direction in
addition to the axial. The location of the frequency ranges determines the wavelength
of the TOs in each direction.
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The second approach is a 3D extension to the method developed by Salles et al. for
introduction of TOs by filtering in 2D. The approach has previously been extended to
3D using a similar beamforming scheme as Jensen’s research group, while in this thesis
it was implemented by applying a filtering scheme. The spatial frequency content of
the image frame was filtered in both transverse directions simultaneously to produce a
3D field oscillating in all three dimensions. The resulting frequency spectrum is shown
in Figure 4.3.

Figure 4.3: The spatial frequency content of the first frame of ultrasound data after ap-
plying the filtering scheme yielding four separate ranges of spatial frequency. The dark
blue areas indicate zero content of the given spatial frequency. The brighter the color,
the higher the content of the given spatial frequency.

It can be observed that the frequency spectrum shows as four separate ranges of spatial
frequency. This results in a field oscillating in both transverse directions simultane-
ously. The wavelength of the TOs in each direction is determined by the location of the
four separate ranges of spatial frequency.
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A new filtering scheme has been described and proposed for introducing TOs. This
approach suggests to produce a field featuring oscillations in three transverse direc-
tions simultaneously by keeping only three separate ranges of spatial frequency in the
frequency spectrum. Figure 4.4 shows the resulting ( fθ, fφ) plane of the frequency spec-
trum after applying the relevant filters.

Figure 4.4: The spatial frequency content of the first frame of ultrasound data after ap-
plying the filtering scheme yielding three separate ranges of spatial frequency.

In order to extract the three separate ranges of spatial frequency, five different filters
were applied to the original spatial frequency content of the image: three to extract the
two lower ranges of frequency, and two to extract the upper frequency range.
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4.2 Linear Motion

As a first step in the validation and comparison of the four motion estimators, they
were applied to a set of one-dimensional, linear motions. The linear motions were in-
troduced mainly in the x-, y- or z-direction separately, and hence these phantom ex-
periments were well-suited to validate the estimates of each component of the motion.
Such one-dimensional motion in either x-, y- or z-direction enabled the estimation of
each velocity component without being influenced by motion in other directions. In
order to be able to compare the three TO methods to the block matching method, the
same point was selected for tracking using all four methods. In addition, the same size
of the ROI was chosen in all cases. Figure 4.5 displays the point selected to track in the
(z, x) plane. The same bright spot in the image was selected to track for all three linear
motion experiments.

Figure 4.5: The point selected to track for the phantom experiments with linear motion,
shown in the (z, x) plane.

4.2.1 Estimated Displacements

The ultrasound images are given in spherical coordinates as a result of the acquisitions
being performed using a 2D matrix array transducer. Therefore, the displacements be-
tween each consecutive image frame are first estimated in spherical coordinates as pix-
els. Then, the motion given in spherical coordinates is converted to Cartesian coordi-
nates and expressed in mm. This conversion to Cartesian coordinates is necessary in
order to be able to compare the estimated motion to the real motion, which was in-
troduced in Cartesian coordinates. In the case of the linear motions, the ground truth
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regarding the motion in each direction is known. Therefore, it is possible to quantita-
tively compare the estimated motions to the real motion.

Figure 4.6 shows the estimated displacements given in Cartesian coordinates when the
real motion is mainly in the z-direction. The black lines indicate the ground truth re-
garding the displacements introduced in each direction.

Figure 4.6: Estimated displacements when the real movement is mainly in the z-
direction.
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Figure 4.7 shows the estimated displacements given in Cartesian coordinates when the
real motion is primarily in the x-direction. As before, the black lines indicate the ground
truth regarding the motion in each direction.

Figure 4.7: Estimated displacements when the real movement is mainly in the x-
direction.

44



CHAPTER 4. RESULTS

In Figure 4.8, the estimated displacements when the real motion is mainly in the y-
direction are given in Cartesian coordinates. The black lines illustrate the real displace-
ments introduced in each direction.

Figure 4.8: Estimated displacements when the real movement is mainly in the y-
direction.

It can be noted that the estimates of the z-component from the TO methods seem to be
identical. Another important note is that the block matching method seems to under-
estimate the motion in both transverse directions.

4.2.2 Estimated Velocities

The estimated velocities, given in Cartesian coordinates, are presented in the follow-
ing, and compared to the true, constant velocity. Three sets of estimated velocities are
presented: one where the real motion is mainly in the z-direction, one where the real
motion is mainly in the x-direction and one where the real motion is mainly in the y-
direction.
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Figure 4.9 shows the estimated velocities given in Cartesian coordinates when the real
motion is primarily in the z-direction.

Figure 4.9: Estimated velocities when the real movement is mainly in the z-direction.

It can be observed that the estimated transverse velocities, especially those resulting
from the approach proposed by Jensen’s research group, show large variations. De-
spite the true velocities being constant, the estimated transverse velocities are showing
a distinct zigzag pattern. Another observation is that the TO methods seem to slightly
overestimate the velocity in the x-direction.
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Figure 4.10 shows the estimated velocities given in Cartesian coordinates when the real
motion is primarily in the x-direction.

Figure 4.10: Estimated velocities when the real movement is mainly in the x-direction.

The block matching method is clearly underestimating the x-component of the velocity,
while the TO methods seem to be yielding similar estimates of this particular velocity
component.
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Figure 4.11 shows the estimated velocities given in Cartesian coordinates when the real
motion is mainly in the y-direction.

Figure 4.11: Estimated velocities when the real movement is mainly in the y-direction.

Once again it can be noticed that the block matching method seems to underestimate
the transverse velocity component, this time in the y-direction. The TO methods seem
to slightly overestimate the y-component of the velocity, while all four methods are pro-
viding estimates close to the true velocity in z- and x-directions.

4.2.3 Error Measurements

In order to be able to give a quantitative comparison of the four motion estimators, the
mean errors and standard deviations are presented for all velocity components in each
set of 1D linear motion. Because the errors related to the estimated displacements are
accumulating, the error measurements are calculated from the estimated velocities and
not from the displacements.

As the velocity is constant in each direction, the mean error of the estimated veloc-
ity gives the bias of the estimator, while the square of the standard deviation gives the
variance. The bias and variance of an estimator are common measures to characterize
its performance. Tables 4.1, 4.3 and 4.5 state the mean errors and standard deviations
of each method in each velocity component when the true motion is mainly in the z-,
x- and y-direction, respectively. Tables 4.2, 4.4 and 4.6 give the corresponding relative
mean errors and standard deviations. The smallest mean error and the corresponding
standard deviation in each direction is highlighted in bold.
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Table 4.1: Mean errors and standard deviations for the x-, y- and z-component of the
velocity for the four different methods when the motion is mainly in the z-direction

True motion in the z-direction z-direction x-direction y-direction
BM [mm/frame] 0.0035 ± 0.0019 0.0021 ± 0.0018 0.0018 ± 0.0016

TO Jensen [mm/frame] 0.0012 ± 0.00083 0.0285 ± 0.0159 0.0116 ± 0.0143
TO 3 freq. ranges [mm/frame] 0.0016 ± 0.0011 0.0219 ± 0.0142 0.0075 ± 0.0053
TO 4 freq. ranges [mm/frame] 0.0012 ± 0.00082 0.0219 ± 0.0142 0.0138 ± 0.0075

Table 4.2: Relative mean errors and standard deviations for the x-, y- and z-component
of the velocity for the four different methods when the motion is mainly in the z-
direction

True motion in the z-direction z-direction x-direction y-direction
BM 3.5 % ± 1.9 % 2.1 % ± 1.8 % 1.8 % ± 1.6 %

TO Jensen 1.2 % ± 0.83 % 28.5 % ± 15.9 % 11.6 % ± 14.3 %
TO 3 freq. ranges 1.6 % ± 1.1 % 21.9 % ± 14.2 % 7.5 % ± 5.3 %
TO 4 freq. ranges 1.2 % ± 0.82 % 21.9 % ± 14.2 % 13.8 % ± 7.5 %

Table 4.3: Mean errors and standard deviations for the x-, y- and z-component of the
velocity for the four different methods when the motion is mainly in the x-direction

True motion in the x-direction z-direction x-direction y-direction
BM [mm/frame] 0.0039 ± 0.00056 0.0845 ± 0.0019 0.00099 ± 0.00076

TO Jensen [mm/frame] 0.0055 ± 0.00080 0.0030 ± 0.0021 0.0028 ± 0.0020
TO 3 freq. ranges [mm/frame] 0.0053 ± 0.00090 0.0026 ± 0.0021 0.0030 ± 0.0017
TO 4 freq. ranges [mm/frame] 0.0049 ± 0.00075 0.0026 ± 0.0021 0.0041 ± 0.0030

Table 4.4: Relative mean errors and standard deviations for the x-, y- and z-component
of the velocity for the four different methods when the motion is mainly in the x-
direction

True motion in the x-direction z-direction x-direction y-direction
BM 3.9 % ± 0.56 % 84.5 % ± 1.9 % 0.99 % ± 0.76 %

TO Jensen 5.5 % ± 0.80 % 3.0 % ± 2.1 % 2.8 % ± 2.0 %
TO 3 freq. ranges 5.3 % ± 0.90 % 2.6 % ± 2.1 % 3.0 % ± 1.7 %
TO 4 freq. ranges 4.9 % ± 0.75 % 2.6 % ± 2.1 % 4.1 % ± 3.0 %
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Table 4.5: Mean errors and standard deviations for the x-, y- and z-component of the
velocity for the four different methods when the motion is mainly in the y-direction

True motion in the y-direction z-direction x-direction y-direction
BM [mm/frame] 0.0011 ± 0.0010 0.0012 ± 0.00089 0.0593 ± 0.0032

TO Jensen [mm/frame] 0.0026 ± 0.0017 0.0045 ± 0.0031 0.0168 ± 0.0059
TO 3 freq. ranges [mm/frame] 0.0026 ± 0.0017 0.0066 ± 0.0069 0.0154 ± 0.0063
TO 4 freq. ranges [mm/frame] 0.0026 ± 0.0017 0.0066 ± 0.0069 0.0105 ± 0.0089

Table 4.6: Relative mean errors and standard deviations for the x-, y- and z-component
of the velocity for the four different methods when the motion is mainly in the y-
direction

True motion in the y-direction z-direction x-direction y-direction
BM 1.1 % ± 1.0 % 1.2 % ± 0.89 % 59.3 % ± 3.2 %

TO Jensen 2.6 % ± 1.7 % 4.5 % ± 3.1 % 16.8 % ± 5.9 %
TO 3 freq. ranges 2.6 % ± 1.7 % 6.6 % ± 6.9 % 15.4 % ± 6.3 %
TO 4 freq. ranges 2.6 % ± 1.7 % 6.6 % ± 6.9 % 10.5 % ± 8.9 %
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4.3 Circular Motion

The 3D circular motion was used to compare the performance of the four estimators.
This motion represents a more realistic motion in the sense of being three dimensional,
i. e. it consists of non-zero displacements in all three directions simultaneously. In ad-
dition, the circular motion is built up of displacements of varying magnitudes. Hence,
applying the motion estimators to this data set, enabled a comparison in a more real-
istic setting. The same point was selected to track and the same size of the ROI was
chosen for all four motion estimators. Figure 4.12 displays the point selected to track in
the (z, x) plane.

Figure 4.12: The point selected to track for the phantom experiment with circular mo-
tion, shown in the (z, x) plane.
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4.3.1 Estimated Displacements

The displacements were estimated in spherical coordinates before being converted to
Cartesian coordinates. The resulting Cartesian displacement curves are shown in Fig-
ure 4.13, where the black lines indicate the true motion in each direction.

Figure 4.13: The displacement in each direction given in Cartesian coordinates for the
phantom experiment with circular motion.

As can be observed from the figure, the TO methods apparently yield identical esti-
mates of the displacement in the z-direction, while the block matching method seems
to slightly underestimate the z-component of the displacement compared to the true
motion. In the x-direction, the TO methods yield estimates of the displacement curve
that are close to the true motion, while the block matching method seems to underes-
timate the motion. In the y-direction, all methods seem to underestimate the motion.
However, block matching yields the most significant underestimate compared to the
true motion.
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4.3.2 Estimated Velocities

In order to be able to compare the motion estimation schemes without the accumulat-
ing error that is present in the displacements curves, the estimated velocities, given in
Cartesian coordinates, are presented in Figure 4.14. The black lines illustrate the true
velocities according to the motions introduced when carrying out the experiment.

Figure 4.14: The velocity in each direction given in Cartesian coordinates for the phan-
tom experiment with circular motion.

The figure shows that all four methods yield estimates close to the true velocity in the
z-direction. According to the observations from the displacement curves, the block
matching method seems to underestimate the motion significantly in both the x- and
y-direction. However, the TO methods yield estimates of the x-component of the veloc-
ity close to the true motion. All four methods seem to underestimate the velocity in the
y-direction.
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4.3.3 Error Measurements

A quantitative comparison of the motion estimators, when applied to the 3D circular
motion, is given by error measurements. Figure 4.15 gives the deviations between the
estimated and the true velocity in each direction.

Figure 4.15: Error plot showing the deviation between the estimated velocity and the
true velocity in each direction of the phantom experiment with circular motion.

From the figure it can be observed by visual inspection that the errors related to the
TO methods in the z- and y-directions seem to be correlated with the corresponding
velocity curves. For the block matching method, the correlation is most prominent in
the x- and y-directions. The displacement and velocity curves clearly showed that the
block matching method underestimated the motion. This finding is reflected in the
large deviation between the velocity estimated by block matching and the true velocity.
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The mean errors and standard deviations of the four methods are calculated for the 3D
circle experiment and summarized in Table 4.7. The smallest mean error in each direc-
tion and the corresponding standard deviation is highlighted in bold. It can be noticed
that the 3D circle motion has non-constant velocity in each direction. Therefore, the
bias and variance of the estimators cannot be calculated directly from the mean errors
and standard deviations in this case.

Table 4.7: Mean errors and standard deviations for the velocity in the x-, y- and z-
directions for the four different methods

z-direction x-direction y-direction
BM [mm/frame] 0.0071 ± 0.0036 0.0494 ± 0.0255 0.0396 ± 0.0206

TO Jensen [mm/frame] 0.0065 ± 0.0032 0.0032 ± 0.0025 0.0220 ± 0.0106
TO 3 freq. ranges [mm/frame] 0.0062 ± 0.0031 0.0067 ± 0.0099 0.0107 ± 0.0085
TO 4 freq. ranges [mm/frame] 0.0065 ± 0.0034 0.0067 ± 0.0100 0.0183 ± 0.0098

4.3.4 3D Plot

The estimated displacements are visualized in a 3D plot corresponding to each mo-
tion estimation method and shown in Figure 4.16. The black lines indicate the true 3D
displacement curves, and serve as a reference for the estimated displacements. The
estimated displacement curves are color coded according to the mean value of the dis-
placement error in all three directions. The error is accumulating as it is based on the
estimated displacements.
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Figure 4.16: 3D plot of the estimated circular motion, color coded according to the
mean displacement error.
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4.4 In Vivo Example

The motion estimators are aimed at being able to estimate the motion of cardiac tissue.
Hence, it was desirable to test the motion estimators on data from an in vivo example
of a human heart. Since the ultrasound data was acquired from a real, human heart,
the true motion is unknown. Therefore, the motion estimators can only be compared
against each other. The same point in the heart wall was selected to track using all four
motion estimation methods. This point is shown in Figure 4.17.

Figure 4.17: The point in the heart wall selected to track in the in vivo example.
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Figure 4.18 shows the estimated displacements for the selected point in the heart wall
in z-, x- and y-directions, resulting from all four motion estimation methods.

Figure 4.18: Comparison of the estimated displacements resulting from all four motion
estimation methods for the in vivo example.

From the figure it can be observed that all four methods yield similar trajectories in the
z-direction. The TO methods seem to yield similar trajectories in the x- and y-directions
as well. However, the x- and y-trajectories estimated by the block matching method
deviate from the trajectories estimated by the TO methods, especially in the y-direction.
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Figure 4.19 shows a 3D plot of the estimated displacements for the selected point re-
sulting from the TO method based on keeping four separate ranges of spatial frequency.
The motion of the selected point is tracked through almost one full cardiac cycle. There-
fore, it is expected that the point will end up close to its original position. The blue, red
and green coloring indicates different periods of the cardiac cycle.

Figure 4.19: 3D plot showing the estimated displacement curve for the in vivo example,
resulting from the motion estimation method based on keeping four separate ranges of
spatial frequency.

4.5 Computational Efficiency

Table 4.8 gives the computational efficiency of the four motion estimation methods.
The run times were measured for performing the motion estimation and converting
from spherical to Cartesian coordinates for the sequence of 21 frames from the phan-
tom experiment with circular motion. The run times were scaled to yield the run time
per frame. In addition, the run times for 800 frames, which will be a typical number of
frames for an in vivo acquisition of one heart cycle using ultrafast imaging, were calcu-
lated. The execution time for the block matching approach is given for tracking of one
point. The procedures were run on a Windows 7 stationary computer featuring a 3.2
GHz Intel Core i5 processor and 16 GB RAM.
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Table 4.8: Computational efficiency of the motion estimators

Method Run time per frame [s] Run time for 800 frames [h]
Block matching (for one point) 13.05 2.9

Jensen’s approach 3.84 0.85
3 separate frequency ranges 3.39 0.75
4 separate frequency ranges 4.17 0.93

It is important to note that the run time for the block matching method is given for
tracking one point, while the run times of the TO methods are given for calculating
the velocities of all points in the image frame. The measured run times indicate that
the block matching method is slower than the TO methods. The TO method based on
three separate ranges of spatial frequency seems to be the fastest motion estimation
algorithm.
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In this chapter, the results presented in the previous chapter will be discussed. Aspects
such as accuracy, computational efficiency and calibration of spatial frequencies will
be reviewed. In addition, suggestions for further work will be given.

Four motion estimation methods aimed at tracking the 3D motion of cardiac tissue
have been implemented using Matlab. The estimators have been applied to several
sets of ultrasound data featuring different types of motion in order to be able to com-
pare the performance of the estimators. Accuracy and computational efficiency of the
estimators have been considered in the comparison. Three of the estimators are based
on TOs, while the fourth estimator is based on speckle tracking using block matching.
The three estimators based on TOs work in the frequency domain, while the motion
estimator based on speckle tracking works in the spatial domain.

5.1 Introduction of Transverse Oscillations

Three different filtering schemes have been used to produce TOs. Since oscillations are
already present in the axial direction of RF images, the filtering was only applied to the
azimuth and elevation directions. The first method, based on the work done by Jensen’s
research group, was shown to produce two double-oscillating fields. Each field fea-
tures oscillations in one transverse direction in addition to the axial direction. The spa-
tial frequency content of each double-oscillating field consists of two separate ranges
of frequency. The second approach produces a 3D field featuring oscillations in both
transverse directions in addition to the axial direction. This was achieved by filtering in
both transverse directions simultaneously. The resulting frequency spectrum showed
four separate ranges of spatial frequency. The third filtering method produced a 3D
field oscillating in three transverse directions by filtering in both transverse directions
simultaneously to keep only three separate ranges of spatial frequency. The second and
third approach are similar in producing one single 3D field used to estimate all three
velocity components.

The locations of the frequency ranges give the wavelengths of the TOs, while the widths
of the frequency ranges give the bandwidths of the TOs. As the locations and widths of
the frequency ranges are given by the filters, these TO parameters can easily be changed
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by adjusting the filters. This is one of the main advantages of the filtering-based ap-
proach for introducing TOs over the beamforming approach. The development of the
different filtering schemes have shown that the locations of the frequency ranges can
easily be changed. However, it is necessary to choose the wavelengths of the TOs care-
fully. Close to the edges of the frequency spectrum the signal is weak, and hence placing
the subapertures close to the edges will give little information about the images. Placing
the subapertures close to the center of the frequency spectrum yield long wavelengths
of the TOs and will therefore limit the accuracy of the estimates. Therefore, a compro-
mise between placing the subabertures close to the edges and close to the center of the
frequency spectrum must be made.

A drawback of the introduction of the TOs is the reduced spatial resolution in the trans-
verse directions. This can be observed by studying the resulting RF images after filter-
ing. Before filtering, the spatial resolution of the system is approximately 0.7 mm in
the axial direction, and 1.5 mm and 1.8 mm in the azimuth and elevation directions,
respectively, at a depth of 6 cm. After filtering the spatial frequency content using for
instance the method based on keeping four separate ranges of frequency, the resolution
is still approximately 0.7 mm in the axial direction, while in the azimuth direction the
resolution is reduced to approximately 5 mm at a depth of 6 cm. The reduced resolution
is a result of the filtering process that limits the spatial bandwidth of the images.

5.2 Linear Motion Results

In the phantom experiments with linear motion, the displacements introduced were 0.1
mm between each image frame in all directions. The block matching method seemed
to underestimate the motion in both transverse directions. This can be an issue of in-
terpolation, in addition to the resolution being poorer in the transverse directions than
in the axial direction. As previously stated, the axial resolution of the system is approxi-
mately 0.7 mm. At a depth of 6 cm, which will be typical for imaging of the left ventricle,
the resolution in the azimuth direction will be approximately 1.5 mm, while in the ele-
vation direction it will be approximately 1.8 mm. Hence, a displacement of 0.1 mm is
small compared to the spatial resolution of the system. In order to be able to estimate
sub-pixel motion using the block matching method, the data must be interpolated. In-
terpolating by a factor of five in the axial direction showed to yield estimates of the
z-component of the motion close to the true motion. The spatial resolution is signif-
icantly better in the axial direction than in the transverse directions. Therefore, it can
be assumed that a larger interpolation factor is necessary in the transverse directions
in order to obtain acceptable results. However, increasing the interpolation factor, in-
creases the computation time significantly. The interpolation factor is therefore limited
by the increase in computation time.

Another drawback of the introduced displacements being small compared to the spa-
tial resolution of the system, is the uncertainty of such a small motion. Inaccuracy of
the stepper motor and oscillations in the motion of the probe after introducing a step
of the movement are possible sources of uncertainty. Therefore, it is not possible to be
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certain that the introduced displacements were precisely 0.1 mm between each consec-
utive image frame. However, it is necessary that the motion be small, in order to be able
to estimate the displacements using the TO methods. These methods are, as previously
stated, limited by aliasing effects, and can only estimate displacements shorter than
half the wavelength in the corresponding direction. The wavelength in the axial direc-
tion is approximately 0.6 mm, while at a depth of 6 cm the transverse wavelengths are
approximately 3-4 mm. The transverse wavelengths given in mm are increasing with
depth.

In order to introduce displacements purely in either x- y- or z-direction, it was nec-
essary to ensure that the probe was perfectly aligned with the directions of motion for
the stepper motor. A tilting of the probe would cause the motion introduced in one
direction by the stepper motor to influence two or all three components of the motion
displayed in the sequence of ultrasound images. The alignment of the probe was car-
ried out by visual inspection and by the use of the caliper tool on the scanner. These are
not accurate tools, and it is clear that this way of setting up the system introduces uncer-
tainty regarding the true motion. This implies that the error measurements, which are
based on the assumption that the true motion in each direction equals the attempted
introduced motion, are questionable. In order to be able to compare the motion esti-
mators in a setting where the true motion is fully known, a simulated data set must be
provided. However, this was out of the scope of this thesis.

Figures 4.6, 4.7 and 4.8 showed that the estimated motion in the z-direction seemed
to be approximately identical for all TO methods. This behavior can be explained by
the fact that all three TO methods estimate the axial velocity component based on the
unfiltered spatial frequency content, as in conventional TDI. The estimated axial mo-
tion influence the z-component of the estimated Cartesian displacement. In the case
of tracking a point located close to the center of the image in the transverse directions,
which was the case for the results presented in this thesis, the main contribution to the
z-component of the motion is given by the estimated axial component.

Examining the error measurements given in Tables 4.1, 4.2, 4.3, 4.4, 4.5 and 4.6 reveal
that the block matching method yielded accurate estimates of the two velocity compo-
nents not in the direction of motion. However, in the direction of motion, the velocity
estimated by block matching yielded large mean errors, especially in the transverse di-
rections. This can be a consequence of the tendency of underestimation that block
matching showed.

Among the TO methods, the method based on four separate ranges of spatial frequency
seemed to yield the most accurate estimates of the velocity components in the direc-
tion of motion. Considering this method, the average of the relative mean errors for
the three experiments with linear motion can be calculated, yielding an average rela-
tive mean error of 2.9 % in the z-direction, 10.4 % in the x-direction and 9.5 % in the
y-direction. These relative mean errors can be compared to relative mean errors found
in literature in order to evaluate the accuracy of the estimator. For instance in [23],
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the accuracy of 3D block matching is compared to the accuracy of this TO method im-
plemented using the special beamforming approach. The accuracy of the TO method
presented in this thesis seem to perform slightly worse in the transverse directions but
slightly better in the z-direction compared to the TO method considered in [23]. How-
ever, the performance of the filtering-based TO method seems to be better than the per-
formance of block matching presented in the paper. It can be noticed that calculating
the average of the relative mean errors for the TO method based on four separate ranges
of spatial frequency for all experiments yielded a larger mean error of the x-component
than the y-component. This is due to the large errors in the x-component of the velocity
in the experiment where the true motion was mainly in the z-direction. However, the
estimates are expected to be more accurate in the x-direction than in the y-direction
due to the resolution being better in the azimuth direction than in the elevation direc-
tion.

5.3 Circular Motion Results

In the phantom experiment where a known 3D circular motion was introduced, the dis-
placements vary between 0.1 mm and 0.01 mm in magnitude. The spatial resolution of
the system is the same as for the phantom experiment with linear motion. Hence, these
displacements are small compared to the spatial resolution. Such small displacements
and the experiment setup introduce the same challenges as described in the previous
section for the phantom experiment with linear motion: block matching yields under-
estimated motion due to the limited interpolation factor, and uncertainty regarding the
true motion exists.

The error measurements related to the 3D circular motion, as displayed in Figure 4.15,
show that the TO methods yield velocity estimates in the z- and y-directions that seem
correlated with the true motion. This implies that the deviations between the velocity
estimates and the true velocity in each direction seem to follow a similar path as the true
velocity. Because of the underestimates in the transverse directions given by the block
matching method, the deviations between the block matching estimates of the x- and
y-components of the velocity and the true velocity components are clearly correlated
with the true velocity. These systematic errors are related to the bias of the estimators.
In the x-direction, the errors corresponding to the TO estimators are fluctuating about
zero. According to Table 4.7, the TO method based on three separate ranges of spatial
frequency yields the smallest mean errors in z- and y-directions, while the approach
inspired by Jensen et al. gives the smallest mean error in the x-direction. The error
measurements also show that for the TO methods, the error is larger in the y-direction
than in the x-direction. This can be a consequence of the resolution being better in the
azimuth direction than in the elevation direction.
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5.4 In Vivo Results

The results from the in vivo example showed that the TO estimators yield similar esti-
mates of all three motion components, as observed from Figure 4.18. The similarity is
most prominent in the z- and x-directions. All TO methods use conventional TDI to es-
timate the axial velocity component. Therefore it is reasonable that the z-components
of the estimates are similar in the three cases. As the resolution is better in the azimuth
than in the elevation direction, it is expected that the estimates are more accurate in
the x- than in the y-direction. The z-component of the trajectory estimated by block
matching seems to be similar to the estimates given by the TO methods. As was ob-
served in the phantom experiments, block matching yielded estimates of the motion
in the z-direction close to the true motion. However, the phantom experiments also
showed that the block matching method significantly underestimated the motion in the
transverse directions. Therefore, it is likely that the block matching method will yield
erroneous estimates of the x- and y-components of the motion in the in vivo example.
At the same time, the TO methods showed to yield estimates of the transverse motion
components close to the true motion for both phantom experiments. The TO methods
are therefore more likely to yield estimates of the transverse components close to the
true motion in the in vivo example. However, nothing can be concluded regarding the
accuracy of the estimators in estimating the in vivo motion because the true motion is
not known.

The sequence of images does not cover a full cardiac cycle. Therefore, it is not possi-
ble to compare the methods in terms of the trajectory of the selected point returning to
its initial position. However, the 3D plot in Figure 4.19, showing the trajectory estimated
using the TO method based on four ranges of spatial frequency, indicates that the end
point of the estimated trajectory is close to the starting point.

One main difference between the phantom experiments and the in vivo example is that
in the phantom experiments the motion is uniform throughout the entire 3D volume,
while the in vivo motion is non-uniform. Uniform motion implies that all image points
show the same motion from one image frame to the next, or in other words, the struc-
tures in the image are not deforming. In the case of deformation, points will move rela-
tive to each other. This implies for block matching that the kernel size must be reduced
in order to yield accurate estimates. If the kernel is large, it is likely to include points
that move relative to each other from one image frame to the next. The speckle pattern
of the kernel will then change from frame to frame, and yield poorer block matching
estimates. For the TO methods, motion estimation in the case of deformation require
improved spatial resolution. Hence, the bandwidth of the TOs must be increased in or-
der to yield accurate estimates. These considerations show that the kernel in the block
matching method can be viewed as corresponding to the bandwidth of the TOs.
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5.5 Computational Efficiency

The motion estimators were developed to compare the accuracy as a first priority. There-
fore, the implementation was not optimized with respect to the execution time of the
estimation procedures. However, a comparison of the computational efficiency of the
estimators was performed and showed that the TO method based on three separate
ranges of spatial frequency was the most efficient of the four methods. The comparison
also showed that the TO methods performed quite similarly in terms of computation
time. Block matching showed to be the slowest estimator, requiring a run time almost
four times the run time of the fastest TO estimator. It is important to note that the TO
methods estimate the velocity of each point of every image frame in the sequence of ul-
trasound images. The displacement or velocity of any given point can be retrieved from
this information at a later point in time. The run time measurements for the TO meth-
ods give the time required to estimate the velocity maps. The block matching method
is based on the selection of a point desired to track, prior to performing the motion
estimation. Therefore, the run time of the block matching approach gives the time re-
quired for estimating the velocity of one single point. The block matching procedure
must be repeated for each point desired to track. From the run time measurements it
can therefore be concluded that the TO methods are better suited for motion estima-
tion of multiple points than block matching.

The reason for the block matching method being the slowest estimator is likely to be re-
lated to the calculation of the SAD coefficients. Despite the SAD approach being known
as the faster approach to find the best match of the kernel in the search window, the
3D search requires a high number of calculations. The computational load increases
with increasing size of the search window, increasing size of the kernel and increasing
interpolation factor. The reason for the TO method based on three separate ranges of
spatial frequency being the fastest TO approach is likely to be related to the number
of subapertures being lower than for the two other TO methods. Fewer subapertures
leads to less calculations required for computation of autocorrelation functions, spatial
averaging and phases of the autocorrelation functions. This will in turn yield a faster al-
gorithm. Using three subapertures instead of four can be assumed to require 3/4 of the
run time of the method using four subapertures. However, 4.17 s * 3/4 = 3.13 s, meaning
that this assumption is not accurate.

Cardiologists typically use a model consisting of 18 segments for the left ventricle. Hence,
being able to track one point in each segment is useful in the analysis of the left ventric-
ular function. Tracking 18 points with speckle tracking will require 18 times as much
time as the tracking of one point. For a sequence of 800 frames, this total run time will
be approximately 52.5 hours, which is an excessive amount of time. Hence, in order for
block matching to be useful for the cardiologists, the execution time must be signifi-
cantly reduced. The computational efficiency of the block matching algorithm can be
improved by reducing the size of the kernel, the search window and the interpolation
factor. However, reducing these sizes will affect the accuracy of the estimator. The run
times of almost one hour for the TO methods to estimate the motion of 800 frames must
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also be reduced in order for the methods to be useful in clinical applications.

5.6 Calibration of Spatial Frequencies

The motion estimators based on TOs are dependent on the spatial frequencies fr , fθ
and fφ of the ultrasound images to estimate the motion. Therefore, it is necessary to
provide good values for the spatial frequencies in order for the estimators to yield pre-
cise estimates of the motion. Calibration procedures were developed in order to esti-
mate the spatial frequencies. The calibration was performed by reversing the motion
estimation procedures to estimate the spatial frequencies from a known motion, in-
stead of estimating the motion from known spatial frequencies. This implies that a cal-
ibration procedure corresponding to each motion estimation scheme was developed.
The calibration of the spatial frequencies revealed a need to scale the estimated spa-
tial frequencies in order for the motion estimators to provide estimates similar to the
expected motion. It is important to note that the scaling of the estimated spatial fre-
quencies only affects the scaling of the estimated motion, and not the shapes of the
displacement or velocity curves. The need to scale the estimated spatial frequencies
can be caused by a missing factor in the equations used to calculate the spatial fre-
quencies from the known motion and the velocity from the known spatial frequencies.
Another explanation can be that the true motion is in fact different from what was ex-
pected, and the estimated spatial frequencies need not be scaled. The explanation can
also be a combination of the two, where each explanation holds for one or two of the
components of the motion. Instead of applying calibration procedures, the theoretical
values for the spatial frequencies can be calculated from the frequency spectra.

Estimating the spatial frequencies was done by choosing a ROI in the relevant image
frame and introducing a motion of one pixel in each direction by creating a new im-
age frame consisting of the ROI shifted one pixel in each direction. This procedure was
repeated for each frame in the sequence of ultrasound images to calculate the spatial
frequencies corresponding to each image. The temporal averages of the spatial fre-
quencies estimated for all image frames in each direction were calculated to reduce the
variance. The temporal averages of the spatial frequencies were used in the motion es-
timation procedures.

In the calibration procedures it was important that the introduced displacements did
not exceed the limit of half the wavelength of the oscillations in each direction. If the ap-
plied displacements exceed this limit in any of the directions, aliasing effects will occur
and the estimated spatial frequency in the corresponding direction will be erroneous.
Therefore, it was important to be careful when choosing the displacements to be intro-
duced. In order to facilitate displacements smaller than one pixel, interpolation can be
applied. However, interpolation will increase the computational load of estimating the
spatial frequencies.
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5.7 Further Work

There are several aspects of the four motion estimation methods that can be improved
in a future extension to this study. Further improvement of the TO methods by choos-
ing different values for f0x , f0y , σx and σy can be explored. These parameters give the
locations and the widths of the frequency ranges, and hence they affect the wavelengths
and bandwidths of the TOs. Changing the wavelengths and bandwidths of the TOs will
affect the motion estimates. The block matching method is dependent on several pa-
rameters, such as the size of the kernel, the search window and the interpolation fac-
tor. Changing the size of the kernel affects the accuracy of the block matching method,
while the size of the search window determines the maximum displacement possible to
detect in each direction. Interpolation enables the detection of sub-pixel motion, and
is probably the most important parameter to explore regarding improving the block
matching estimates.

Optimizations regarding the execution time are necessary in order to provide motion
estimation tools for clinical use. Such a tool will typically be used in post-processing
of ultrasound images by cardiologists, as it can provide the clinician with quantitative
measurements of the motion of tissue. However, the execution time must be reduced
in order to yield acceptable waiting times for the user.

A further optimization of the calibration procedures by estimating the spatial frequen-
cies from several introduced displacements of different magnitudes, can also be ex-
plored. The mean values of the estimated spatial frequencies in each direction may
offer improved estimates of the spatial frequencies.

Further work may also include the development of an application that enables the user
to select the points desired to track in an ultrasound image, and visualizes the estimated
motions of the selected points. Tracking several points located in the heart wall may en-
able the estimation of strain and strain rate of the tissue. Estimation of the stiffness of
tissue can be performed by estimating the shear wave velocity. This has been described
by Salles et al. in [28], and can be an interesting extension to this study.
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In this thesis, four motion estimation methods aimed at estimating the motion of car-
diac tissue have been explored. Three of the estimators work in the frequency domain
and use transverse oscillations to estimate the motion, while the fourth estimator uses
the block matching technique of speckle tracking. The transverse oscillations are in-
troduced by applying three different filtering schemes, one for each of the three meth-
ods. Two of these filtering schemes are based on previous work and publications, while
the third is a novel approach. The four motion estimators were applied to experimen-
tal phantom data showing 1D linear motions or 3D circular motion. In addition, the
estimators were tested on an in vivo example of the motion of a human heart. The
performance of the estimators was compared in terms of accuracy and computational
efficiency.

It has been shown that the motion estimators based on transverse oscillations are able
to estimate the motion of a selected point at a reasonable speed compared to speckle
tracking. However, the computational efficiency must be improved in order to satisfy
requirements for clinical use. The speckle tracking method showed to underestimate
the motion in the transverse directions of the phantom experiments, both in the case
of linear and circular motion. This underestimation is likely to be caused by the small
motion in the data sets, in combination with the poor resolution in the transverse direc-
tions and the limited interpolation factor. The underestimation, in combination with
the poor performance in terms of computational efficiency, implies that speckle track-
ing might not be well-suited for motion estimation in 3D. The novel filtering approach,
based on filtering the spatial frequency content of the ultrasound images to keep three
separate ranges of frequency, showed to be the most accurate in estimating the z- and
y-component of the velocity for the phantom experiment with circular motion. The x-
component of the velocity in the phantom experiment with circular motion was most
accurately estimated by the filtering approach based on the work done by Jensen’s re-
search group. For the in vivo example, nothing can be concluded regarding the accu-
racy of the estimators because the true motion is unknown. However, the three TO
methods yielded similar estimates of all three components of the motion.
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A | Relevant Source Code

A.1 3D Filtering Methods

A.1.1 Jensen’s Approach

1 [Nr, Nb, Np, Nt]=size(iq);
2 f0 = 0.8;
3 sigma = 0.0035;
4

5 %% Create filters
6 x=linspace(0,1,Nb);
7 f0x=f0;
8 sigmax=sigma;
9 upperAperture=exp(-(x-f0x).^2/(2*sigmax));

10 lowerAperture =fliplr(upperAperture);
11 lowerAperture_mask=repmat(lowerAperture,[Nr,1,Np,Nt]);
12 upperAperture_mask=repmat(upperAperture,[Nr,1,Np,Nt]);
13

14 y = linspace(0,1,Np);
15 f0y=f0;
16 sigmay=sigma;
17 leftAperture=exp(-(y-f0y).^2/(2*sigmay));
18 rightAperture=fliplr(leftAperture);
19 rightAperture_mask=repmat(rightAperture,[Nr,1,Nb,Nt]);
20 leftAperture_mask=repmat(leftAperture,[Nr,1,Nb,Nt]);
21

22 rightAperture_mask=permute(rightAperture_mask, [1 3 2 4]);
23 leftAperture_mask=permute(leftAperture_mask, [1 3 2 4]);
24

25 %% Create subapertures
26 IQ=fft(iq, [], 2);
27 iqLower=ifft(IQ.*lowerAperture_mask,[],2);
28 iqUpper=ifft(IQ.*upperAperture_mask,[],2);
29

30 IQ=fft(iq, [], 3);
31 iqRight=ifft(IQ.*rightAperture_mask,[],3);
32 iqLeft=ifft(IQ.*leftAperture_mask,[],3);
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A.1. 3D FILTERING METHODS

A.1.2 Four Separate Ranges of Frequency

1 [Nr, Nb, Np, Nt]=size(iq);
2 f0 = 0.8;
3 sigma = 0.0035;
4

5 %% Create filters
6 x=linspace(0,1,Nb);
7 f0x=f0;
8 sigmax=sigma;
9 upperAperture=exp(-(x-f0x).^2/(2*sigmax));

10 lowerAperture =fliplr(upperAperture);
11 lowerAperture_mask=repmat(lowerAperture,[Nr,1,Np,Nt]);
12 upperAperture_mask=repmat(upperAperture,[Nr,1,Np,Nt]);
13

14 y = linspace(0,1,Np);
15 f0y=f0;
16 sigmay=sigma;
17 leftAperture=exp(-(y-f0y).^2/(2*sigmay));
18 rightAperture=fliplr(leftAperture);
19 rightAperture_mask=repmat(rightAperture,[Nr,1,Nb,Nt]);
20 leftAperture_mask=repmat(leftAperture,[Nr,1,Nb,Nt]);
21

22 rightAperture_mask=permute(rightAperture_mask, [1 3 2 4]);
23 leftAperture_mask=permute(leftAperture_mask, [1 3 2 4]);
24

25 %% Create subapertures
26 IQ=fft(iq, [], 3);
27

28 iqLeft=ifft(IQ.*leftAperture_mask,[],3);
29 iqRight=ifft(IQ.*rightAperture_mask,[],3);
30 IQLEFT=fft(iqLeft, [], 2);
31 IQRIGHT=fft(iqRight, [], 2);
32

33 iqLowerLeft=ifft(IQLEFT.*lowerAperture_mask,[],2);
34 iqUpperLeft=ifft(IQLEFT.*upperAperture_mask,[],2);
35 iqLowerRight=ifft(IQRIGHT.*lowerAperture_mask,[],2);
36 iqUpperRight=ifft(IQRIGHT.*upperAperture_mask,[],2);
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APPENDIX A. RELEVANT SOURCE CODE

A.1.3 Three Separate Ranges of Frequency

1 [Nr, Nb, Np, Nt]=size(iq);
2 f0 = 0.8;
3 sigma = 0.0035;
4

5 %% Create filters
6 x=linspace(0,1,Nb);
7 f0x=f0;
8 sigmax=sigma;
9 upperAperture=exp(-(x-f0x).^2/(2*sigmax));

10 lowerAperture =fliplr(upperAperture);
11 lowerAperture_mask=repmat(lowerAperture,[Nr,1,Np,Nt]);
12 upperAperture_mask=repmat(upperAperture,[Nr,1,Np,Nt]);
13

14 y = linspace(0,1,Np);
15 f0y=f0;
16 sigmay=sigma;
17 leftAperture=exp(-(y-f0y).^2/(2*sigmay));
18 rightAperture=fliplr(leftAperture);
19 rightAperture_mask=repmat(rightAperture,[Nr,1,Nb,Nt]);
20 leftAperture_mask=repmat(leftAperture,[Nr,1,Nb,Nt]);
21

22 rightAperture_mask=permute(rightAperture_mask, [1 3 2 4]);
23 leftAperture_mask=permute(leftAperture_mask, [1 3 2 4]);
24

25 f01=0;
26 f02=1;
27 sigmay=sigma;
28 middleAperture=exp(-(y-f01).^2/(2*sigmay))+exp(-(y-f02).^2/(2*sigmay));
29 middleAperture_mask=repmat(middleAperture,[Nr,1,Nb,Nt]);
30

31 middleAperture_mask=permute(middleAperture_mask, [1 3 2 4]);
32

33 %% Create subapertures
34 IQ=fft(iq, [], 2);
35 iqUpper=ifft(IQ.*upperAperture_mask,[],2);
36 iqLower=ifft(IQ.*lowerAperture_mask,[],2);
37 IQUPPER=fft(iqUpper, [], 3);
38 IQLOWER=fft(iqLower, [], 3);
39

40 iqUpperLeft=ifft(IQUPPER.*leftAperture_mask,[],3);
41 iqUpperRight=ifft(IQUPPER.*rightAperture_mask,[],3);
42 iqLowerMiddle=ifft(IQLOWER.*middleAperture_mask,[],3);
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Background, Motivation and Objective 
Cardiovascular diseases are the leading cause of death globally. Such diseases may affect the left ventricular 
function, which in turn is closely related to the left ventricular stiffness. Estimation of cardiac deformation can 
give information on the myocardial stiffness, and may therefore be important in assessment of cardiovascular 
diseases. A 3D motion estimation scheme is necessary to measure the full cardiac motion. To do so, the use of 
transverse oscillations (TOs), to compute the azimuth and elevation velocity components, has been proposed. The 
objective of this study was to compare three different ways of introducing 3D TOs, in order to find the method 
best suited for cardiac motion estimation. 
Statement of Contribution/Methods 
The three methods use different spatial filters (Figures a-c) to filter the frequency content in order to generate TOs. 
A phase-based motion estimation scheme is used to estimate the 3D motion by calculating the phase of the 
autocorrelation after filtering and combining the phase vectors according to the method used to achieve the true 
velocity components. 
Two experiments were performed using a locally modified, university-owned Vivid E95 scanner and a 4V probe. 
A tissue-mimicking phantom was conventionally scanned using a stepper motor to introduce a known 3D 
trajectory, and the left ventricle of one healthy volunteer was scanned using 3D high frame rate imaging (820 
FPS). 
Results 
Figures a-c show the three filtering techniques used to introduce TOs. Figures d-f show the tracking of a known 
3D circle using the three methods. The color of the estimated trajectories gives the mean error of the displacement 
in relation to the known trajectory. Method b yielded the best result in x-direction with mean error of 0.0204 +/- 
0.0174 mm. Methods b and c gave the best results in y-direction with mean errors of 0.0344 +/- 0.0415 mm and 
0.0344 +/- 0.0336 mm respectively. Method a yielded the best result in z-direction with mean error of 0.0053 +/- 
0.0037 mm. Spatial filtering was used to achieve TOs, hence in all three cases it is possible to apply conventional 
tissue Doppler, using the entire frequency content, to estimate the motion in z-direction. The TO parameters were 
chosen independently for each method to yield the best result possible in each case. As method b gave the best 
result estimating the 3D circle, it was tested on in-vivo data as shown in Figure g.  
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