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Chapter 1

Introduction

Medical imaging has its origin in November 1895 with the discovery of X-ray by
Conrad Roentgen. He noticed that X-ray were being absorbed more by bone and
metal than human flesh [1]. Roentgen used this insight to develop a technique that
allows to reveal what is happening inside a patient’s body non-invasively. The very
first X-ray image in history — and probably the most famous one — is the one that
Roentgen took of the left hand of his wife Bertha (see Fig. 1.1). For this milestone,
he was honoured with the first Nobel Price in 1901.

Figure 1.1: The very first X-ray image in history. The image was taken by Conrad Roentgen in
1895 and shows the left hand of Roentgen’s wife Bertha [2]. The black spot on the fourth finger is
caused by the wedding and engagement rings.

X-ray imaging has quickly become essential for diagnostic purposes in medicine |3, 4].
In the following century, science was directed towards more advanced image modal-
ities providing complementary information, such as computed tomography (CT),
magnetic resonance imaging (MRI), positron emission tomography (PET) and ul-
trasound (US). Today, imaging is an integral part of medical practice and allows
accurate diagnosis of a large variety of disease types in a non-invasive procedure.
Without question, medical imaging is one of the most important advances in the

history of medicine [5].



Out of the well-established imaging modalities, US has various distinct advantages.
It provides real-time feedback that makes it possible to evaluate rapidly moving
structures such as the heart or the moving fetus. Real-time imaging allows further
to examine patients that are unable to suspend respiration or cooperate with the
radiologist. The portability of modern US systems has become paramount, as it
allows point-of-care use [6]. A further advantage of US is that it provides diag-
nostically useful information without the use of ionizing radiation. In obstetrics
for example, this allows multiple sequential examination during pregnancy without
causing significant health risk to the mother and fetus |7, 8]. Finally, in the era of
medical cost containment, US is an attractive imaging modality since it has a low
cost as compared to other techniques, being affordable for the point-of-care level.
Conventional handheld US is based on insonifiying the tissue with US pulses in the
frequency range of about 1 to 15 MHz [9]. While propagating through the tissue,
the US is (back) scattered due to reflections at microscopic spatial fluctuations of
density and compressibility. These reflected echoes are typically detected using an
array of piezoelectric transducer elements (array probe). The localization of the
position where the echo was generated is based on the time-of-arrival of the echo at
the array probe and on the relative timing of the detected signals at the different ar-
ray elements. After performing various image processing steps, the tissue’s internal
"echo-generators" are then most commonly displayed in a spatially resolved way by
encoding the intensity of a detected echo in brightness (B-mode). US is typically
weakly scattered inside the tissue, resulting in minor distortions of the propagating
waves. Therefore, coherent focusing is possible in both transmission and detection.
Consequently, the lateral resolution is determined by the focal length, the transducer
aperture and center frequency. The axial resolution of US is primarily determined
by the probes frequency bandwidth. A typical axial and lateral resolution of US
images lies in the range of the acoustic wavelength (= 0.3 mm for a 5 MHz center
frequency probe assuming a uniform SoS distribution inside the tissue of 1540 ms™1).
An important application of medical US is the diagnosis of diseases in soft organs
[10], as e.g in the field of cardiology [11], the detection of cancer [12, 13], emergency
medicine [14], obstetric [15] and the diagnosis of various liver diseases [16-18], just
to name a few. US, however, has proven its value not only in diagnostic applications,
but also in the filed of US-guided interventions such as biopsies [19, 20|, the observa-
tion of needle injection for local anaesthesia [21], tracking the tumor size for cancer
therapy |22] and the real-time display of the anatomy to aid in a computer-assisted
surgery [23]. Furthermore, US is also used for therapeutic purposes [24]. High in-
tensity focused ultrasound (HIFU) is for example being studied for the treatment
of prostate cancer [25].

Besides the many advantages of classical US, a main drawback is its limitation to

the gray scale B-mode contrast. The natural variability of the echogenicity between



patients in comparison to the influence of various disease types on the echogenicity
leads to B-mode US images that often suffer from non-specific contrast and low sen-
sitivity for certain disease types [26-29]. Further, the interpretation of the B-mode
image is not quantitative and the outcome very much depends on the operators
experience |30, 31]. For example for diagnosing steatosis, this results in a low sensi-
tivity and specificity for early stages in disease progression [32-34]. A meta-analysis
[35] has concluded that the sensitivity and specificity of US for the diagnosis of hep-
atic steatosis are 73.3% and 84.4% for mild (<10 %) steatosis. For a more advanced
disease progression (>50% steatosis), a sensitivity of 91.1% and specificity of 91.9%
was concluded. This increase in the sensitivity and specificity can be explained by
the increased influence of the disease on the echogenicity, in comparison to the nat-
ural variability of the echogenicity between patients.

To circumvent the sometimes low diagnostic accuracy of B-mode US, it can in prin-
ciple be complemented with other imaging modalities such as CT or MRI to provide
complementary diagnostic information. This has, however, the disadvantage of gen-
erating additional health care cost.

To overcome this shortcoming, research in recent decades was directed towards novel
US based modalities implemented in a single multi-modal system. In this way, B-
mode images can be complemented with additional functional and structural in-
formation while still maintaining the advantages of US systems. US Doppler flow
imaging is an already state-of-the-art US based imaging modality that allows to
assess the relative velocity of structures (usually blood) and their direction (towards
or away from the probe). The velocity information can be displayed in various
ways, e.g. as color flow image where a spatially resolved color-coded velocity map
is overlaid onto the B-mode image. Today, Doppler flow imaging is well established
and has many medical applications. Among them are Doppler echocardiography to
examine blood flow inside the heart [36], the examination of the kidney to evaluate
perfusion [37] and the examination of blood vessels to help determining vascular
stenosis (narrowing) or occlusion (complete closure).

US imaging has, however, the potential to image much more than echogenicity and
blood flow. Indeed, a family of approaches based on the quantification of the tissues
mechanical properties using US have been proposed. Biomechanical properties have
the advantages that they are altered by pathological processes and therefore can
provide diagnostic information. The manual palpation for investigating the tissues
elasticity as a diagnostic marker has been used for centuries, and is still commonly
used for screening e.g. breast and prostate tumors. US elastographic techniques
image the elasticity of the tissue while being distorted. Strain imaging is one of the
earliest developed US based elastography techniques. Tt images the tissue’s strain
in a spatial resolved way when palpating the skin using the ultrasound probe [38].

This allows a more accurate diagnosis of disease types and margins compared to



classical B-mode US [39-41]. A limitation of strain imaging is, however, that organs
that are not close to the surface are difficult to compress [42]. Contrary to strain
imaging, in shear-wave elastography, the tissue is distorted "from inside" by using
high intensity focused ultrasound pulses. The propagation of the shear-wave that is
thereby generated is tracked using time-resolved phase tracking of the US echoes and
gives a quantitative measurement of the spatial distribution of the elastic modulus
[43-45].

Whereas in shear-wave elastography, longitudinal waves are used to track the prop-
agation speed of shear-waves, another approach is to determine directly the velocity
of the longitudinal waves themselves, i.e. the speed-of-sound (SoS) of US. Similar
to the shear-wave speed, also the SoS of US is related to biomechanical properties
of the imaged tissue. Therefore, SoS imaging is a further promising modality to
provide complementary information about the tissues physical properties.

The state-of-the-art methods for imaging local SoS distribution (and the US at-
tenuation coefficient) are those based on ultrasonic computed tomography (UCT)
[46, 47]. UCT is a through-transmission technique that is conceptually similar to
CT. The sample is suspended inside a water-filled bowl, surrounded by transducer
elements. These elements can be arranged in an annular or spherical way, or by
circularly scanning array probes. US is transmitted from various different angles by
sequentially activating transducer elements. The US propagated through the sample
is then recorded on the opposite side as a function of propagation path. The main
advantage of UCT is that transmission data are available from a large variety of
angles. This allows an accurate reconstruction of the spatial distribution of SoS and
US attenuation. Breast-UCT has demonstrated impressively the diagnostic poten-
tial of SoS imaging in the example of breast cancer imaging [48-52]. However, the
main disadvantage of UCT lies in it’s bulky and stand-alone set-up and the clini-
cal limitation to acoustically transparent parts of the body, i.e. mainly the female
breast.

To fully unravel the potential of US based SoS imaging, it is desirable to implement
it in conventional US devices that operate based on pulse-echo signals. This would
allow to image the SoS not only in the female breast but on every part of the hu-
man body that is routinely examined with classical US. The main difficulty of SoS
imaging in reflection mode is, in comparison to UCT, a reduction in data availabil-
ity due to the limited set of transmission angles, and due to the limited frequency
bandwidth.

Despite this difficulty, several authors have reported SoS reconstruction techniques
that operate in reflection mode. A family of methods has been proposed that esti-
mate a single average SoS value between the transducer and a focal depth [53-56].
One promising method that has already proven its diagnostic potential in a clinical

pilot study of diagnosing liver steatosis is [57, 58|. This method relies on quantify-



ing the blurring of echoes caused by aberrations via a quality measure of the image
resolution. The SoS is then deduced by iteratively adapting the SoS with the goal
to increase image quality. This method is, however, only suitable for estimating the
SoS in organs with a uniformly distributed SoS such as the liver.

As opposed to measuring an average SoS value, several methods have been investi-
gated that are able to image the spatial distribution of SoS. In principle, this could
be done in a way similar to diffraction tomography, by relating the spatial distri-
bution of SoS to the detected signals via e.g. the 1st order Born approximation.
Such an approach, however, would require the availability of low frequencies in the
detected echoes [59, 60|, e.g. down to = 75 kHz corresponding to a spatial scale of
SoS variations of ~ 5 mm. Unfortunately, in practice, the band-limited US probes
do not allow for the detection of such low temporal frequencies. Consequently, low
spatial variations of SoS across different tissues that lead to echoes with correspond-
ingly low temporal frequencies cannot be reconstructed. A reconstruction of SoS
beyond the 1st Born approximation is in principle feasible when taking into account
a multiple-scattering process in a non-linear full-wave inversion. Promising theoret-
ical results were obtained with an approach taking into account multiple-scattering
process via non-linear full-wave inversion [61]. However, an initial approximation of
the acoustic tissue properties had to be made based on frequencies (0.1 MHz) far
below the lower band-limit of US probes. Further, due to the algorithm’s complexity
and the large number of iterations required, real-time imaging is not feasible.

To circumvent these issues, several alternative approaches for measuring the spa-
tial distribution of SoS based on the acquisition of multiple pulse-echo data-sets
have been reported. Early attempts to measure the SoS distribution are based on
a beam tracking technique [62, 63|. Two separated transducers (one for transmit,
one for receive) or subapertures of the same array probe are arranged so that they
intersect in a limited volume. The time of flight of an US pulse from the transmit-
ting transducer to the intersection volume and back to the receiving transducer is
then calculated. In combination with the total path length that is assumed from
geometric consideration, the SoS in the tissue can be estimated. This approach,
however, results in a very coarse spatial resolution in the range of about 10 mm for
detecting an inclusion with 1% SoS contrast [64]. Another method is based on the
co-registration of two isolated bright point reflectors [65]. By emitting a spherical
wave, the SoS between these point reflectors is estimated by calculating the time-of-
flight. Although SoS estimates with errors less than 1% are achieved in simulation
and phantoms, this method relies on the presence of point reflectors such as wire
targets, which are typically not available in real tissue textures. Another approach
relates the average SoS between the transducer and focus to the local SoS values
along the propagation path via a forward model [66]. Thereby, the average SoS is

computed from arrival-time profiles using the method proposed in [53]. The spatial



distribution of SoS is then reconstructed by solving the forward problem using the
method of gradient descent. This technique was verified only in phantoms without
lateral SoS variations, where it provided an axial resolution of about 7 mm.

In our group, we developed a technique that allows real time imaging of the SoS with
a high spatial and contrast resolution called computed ultrasound tomography in
reflection mode (CUTE). As mentioned, reflection-mode SoS reconstruction based
on the 1st Born approximation is not feasible due to the band-limited US probes.
Therefore, in CUTE, the US wave propagation is thought of as a 3rd order scattering
process: The aberration of the wave front when propagating from the transducer into
the tissue is considered as the 1st (forward) scattering process. The echo generation,
i.e. backscattering of the wave front, is the 2nd scattering process. The aberration
of the backscattered wave front when propagating back to the transducer is finally
the 3rd (forward) scattering process. To circumvent a time-consuming iterative full-
wave inversion, CUTE is based on a two-step process: In the first step, only the
2nd scattering process is taken into account. Based on the Born approximation
and assuming a uniform SoS ¢, a set of conventional radio-frequency (RF) mode
echo US images are reconstructed using various different transmit/receive steering
settings. For the second step, the influence of the 1st and 3rd scattering process are
modelled as a local echo-phase shift A©® between RF-mode images with different
steering settings. By making a linear approximation for the influence of the 1st and
3rd scattering order, i.e. the straight ray approximation, the local distribution of
SoS ¢ can be related to the local distribution of echo-phase shift A©:

AO = M(c — &) (1.1)

In the earliest implementation of this idea [67], the forward model M was based on

two main key assumptions:

1. The echo phase shift is entirely determined by the changing aberration delay

along the changing Tx propagation directions

2. The echo phase shift is proportional to the difference in aberration delay along

different round-trip paths.

In view of computational efficiency, this forward model was formulated in the fre-
quency-domain (FD). In a proof-of-principle study [67], it has been demonstrated

Land a

that CUTE can provide a contrast resolution in the range of about 10 ms~
spatial resolution in the millimetre range. A volunteer study then confirmed that
CUTE is able to differentiate different tissue types in-vivo, imaging the liver and
neck of a healthy volunteer [68].

The FD approach, however, turned out to have a substantial drawback: it implic-

itly assumes the availability of phase shift data everywhere in the imaging plane.



Depending on the Tx angle, the Tx wave front, however, insonifies only part of the
imaging plane, leaving areas of missing echoes toward the edge of the image. These
regions of missing data consequently lead to SoS artifacts in the reconstructed SoS
image. For that reason, the FD formulation can only provide quantitative results
when examining a spatially confined SoS contrast region located within the ’view’
of all Tx angles.

To solve this limited data problem, we proposed a space-domain (SD) approach [69],
where the angle-dependent transmission shadows can be modelled explicitly as part
of the forward model. This lead to SoS image that suffer less from artifacts com-
pared to the previously used FD approach. The advantage of the SD approach has
been verified in a simulation study [70] and a clinical pilot study [71]. We found,
however, in an extensive phantom study with a variety of sample geometries in-
consistent results: First, the reconstructed SoS values strongly depended on the a
priort SoS that was assumed for beamforming. Secondly, strong artifacts in the SoS
images were observed when imaging samples with laterals SoS variations.

A comparison of the measured phase shift and the phase shift predicted by the for-
ward model (based on the known SoS distribution) revealed a mismatch between the
two. This mismatch strongly depended on the sample’s geometry: In scenarios with
cylindrical inclusions, the phase shift magnitude was roughly correctly predicted by
the froward model, although the profile shape was wrongly predicted. In scenarios
with layered structures, the correct profile shape was predicted but with a phase
shift magnitude that was underestimated by about a factor of two. As a conse-
quence of this mismatch, inconsistent SoS reconstructions were obtained, depending
on the samples geometry and the initial SoS ¢.

Detailed simulations of the data at the various steps involved in the signal processing
pipeline revealed that the two key assumptions mentioned above do not hold and
had to be modified as follows:

1. Even if the Rx aperture is held constant while changing the Tx angle, the
echo phase shift contains the influence of a virtually changing Tx angle. To
avoid ambiguities, we propose to switch from a pure Tx-steering approach
to simultaneously steering both, the Tx and Rx- angle, around a variety of
common mid-angles, in an approach similar to the common-mid-point gather

that has been used in seismic imaging as well as US.

2. The a priori unknown SoS distribution leads to an offset of the reconstructed
position of echoes. This offset not only depends on the aberration delay, but
independently also on the values of the steering angles. As a result, the initially
assumed simple proportionality between the aberration delay and phase shift

is no longer valid.



These two new key assumptions then lead to the formulation of a new, more accurate
forward model.

A big part of this thesis was to optimize the implementation and parameters of
CUTE to achieve the best possible results with the two models. This allowed a
rigorous comparison and evaluation of the two models in an extensive phantom
study containing phantoms with various different geometries and SoS contrasts.
These phantoms were designed in view of two specific target clinical applications:
layered phantoms that mimic the abdominal wall and liver (hepatic imaging) and
phantoms mimicking a circular lesion inside a layered background (cancer imaging).
We demonstrated that the two modified key assumptions that lead to a new model
are essential to accurately predict the echo phase shift among different phantom
geometries. This consequently leads to substantially improved quantitative SoS
images among all investigates phantoms.

Together with an extensive description of the theoretical principles of the two models,

these results are presented in chapter 2 and published in:

e P.Stahli, M. Kuriakose, M. Frenz and M. Jaeger, Improved Forward Model
for Quantitative Pulse-FEcho Speed-of-Sound Imaging, Ultrasonics,
d0i:10.1016 /j.ultras.2020.106168

As mentioned, the SoS is reconstructed by solving the inverse problem of Eq. 3.1.
Due to the ill-posed nature of this forward problem, small variations in the measure-
ment — as e.g. caused by the measurement noise — result in a large and unpredictable
change in the solution. To suppress the influence of the measurement noise on the
solution, some sort of regularization can be included in the the inverse problem
formulation. Regularization gives preference to a particular solution with desirable
properties. Thereby, the meaning of desirable properties is defined a priori. Based
on the expectation that the distribution of SoS inside a tissue does not vary strongly
on a short spatial scale, a Tikhonov-type regularization of the spatial gradient (SG)
of SoS was used in the previous study. In contrast to phantom experiments, the
phase shift maps that are determined in in-vivo scenarios often suffer from a high
level of phase noise. This phase noise is potentially caused by clutter, aberration
and SoS variations in the sub-resolution range. Using the SG regularization, this
often results in SoS images that suffer from a high level of artifacts. Further, the
SoS of an organ (e.g the liver) is not reproducible when being imaged from different
scanning locations.

To solve this shortcoming, a second main part of this thesis focused on the investi-
gation of a Bayesian framework for the inverse calculation, inspired by applications
from the geophysical inverse theories [72-76]. In contrast to the purely algebraic
framework that was used to derive the Tikhonov-type inversion, the Bayesian frame-

work treats all variables as random variable. The aim of the Bayesian inverse calcu-
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lation is then to determine the posterior probability density on the space of possible
solution. The posterior probability is the re-allocated probability distribution of
the parameters (in our case, the SoS) after taking into account the observations.
The most likely solution to the inverse problem is then given by the argmax of the
posterior distribution.

A main advantage of the Bayesian framework is that it provides an intuitive way to
include an a prior: statistical model of the spatial distribution of SoS, characterized
by expectation values, probability density distribution, and spatial correlation func-
tion. This model can be based on the B-mode images that are reconstructed as part
of CUTE. Including such statistical a priori information leads to SoS images that
are less prone to phase noise and thus leads to more reproducible SoS images com-
pared to the SG regularization. In combination with the new forward model that
was presented in the first publication, the Bayesian approach is a key step towards
quantitative SoS imaging in in-vivo for e.g. diagnostic purposes.

Chapter 3 presents a description of the Bayesian framework for SoS reconstruction
in pulse-echo mode and an evaluation of the performance of both regularization tech-
niques in an extensive simulation and phantom study. In preparation of a clinical
application, the techniques were also compared in an exemplary in-vivo scenario of
imaging the abdominal wall and liver tissue, where a reproducibility of the liver’s

1

SoS in the range of 10 ms™ was achieved. The work that is presented in chapter 3

has been submitted to:

e P.Stdhli, M. Frenz and M. Jaeger, Bayesian Approach for a Robust Speed-
of-Sound Reconstruction Using Pulse-Echo Ultrasound, (Submitted to IEEE

Transaction on Medical Imaging in March 2020, revision in process)

So far, tissue motion was assumed to be negligible when tracking the phase shift.
This is reasonable when imaging organs as e.g the liver, since the imaged person
can minimize its own motion (e.g by holding the breath) and acquisition can be
synchronized with the heart beat. When imaging the lumen of large blood vessels,
however, blood flow inhibits phase tracking of blood echoes. Moreover, the weak
amplitude of the blood echoes is overlaid by tissue clutter and further complicates
phase tracking. With the goal to enlarge the applicability of CUTE to enable the
assessment of atherosclerotic plaque composition inside the carotid artery, a third
part of this thesis focused on the investigation of two modifications to the CUTE
methodology: a) receive beam-steering as opposed to transmit beam-steering to
increase acquisition speed and reduce flow-related phase decorrelation, and (b) pair-
wise subtraction of data obtained from repetitions of the scan sequence to highlight
blood echoes relative to static echo clutter. In chapter 4, the implementation of the
two modifications to the CUTE methodology are described. In a phantom study, we

demonstrated that these modifications results in SoS images of the same quality as



obtained with the previously used Tx-steering, which is a key step towards successful

imaging of the SoS inside the carotid artery. These findings have been published in:

e M. Kuriakose, J. Muller, P. Stidhli, M. Frenz and M.Jaeger, Receive Beam-
Steering and Clutter Reduction for Imaging the Speed-of-Sound Inside the
Carotid Artery, Journal of Imaging, 2018, doi:10.3390/jimaging4120145.
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Chapter 2

Improved forward model for quantitative pulse-echo speed-of-

sound imaging
PATRICK STAHLI', MAJU KURIAKOSE!, MARTIN FRENZ!, MICHAEL JAEGER!
Abstract

Computed ultrasound tomography in echo mode (CUTE) allows determining the
spatial distribution of speed-of-sound (SoS) inside tissue using handheld pulse-echo
ultrasound (US). This technique is based on measuring the changing phase of beam-
formed echoes obtained under varying transmit (Tx) and/or receive (Rx) steering
angles. The SoS is reconstructed by inverting a forward model describing how the
spatial distribution of SoS is related to the spatial distribution of the echo phase
shift. Thanks to the straight-ray approximation, this forward model is linear and
can be inverted in real-time when implemented in a state-of-the art system. Here we
demonstrate that the forward model must contain two features that were not taken
into account so far: a) the phase shift must be detected between pairs of Tx and Rx
angles that are centred around a set of common mid-angles, and b) it must account
for an additional phase shift induced by the offset of the reconstructed position of
echoes. In a phantom study mimicking hepatic and cancer imaging, we show that
both features are required to accurately predict echo phase shift among different
phantom geometries, and that substantially improved quantitative SoS images are
obtained compared to the model that has been used so far. The importance of the

new model is corroborated by a preliminary volunteer result.

The work presented in this chapter has been published in the Ultrasonics journal.
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2.1 Introduction

Ultrasound (US) is an integral part of today’s clinical diagnostic practice since it
provides us with real time display and flexible free-hand probe guidance while us-
ing non-ionizing radiation. The compact, portable and comparably inexpensive
US systems make their use favourable for general practitioners, emergency units
and bed-side care. On the downside, classical gray-scale B-mode US often suffers
from low sensitivity and non-specific contrast, resulting in difficulties in differential
diagnosis for certain disease types [1-3]. To complement B-mode images with addi-
tional structural and functional information in a single multi-modal system, much
effort has been placed in developing new ultra-sound-based modalities. Apart from
Doppler flow imaging, which is already state-of-the-art, recent developments include
ultrasound elastography [4-9| and optoacoustic imaging [10-13].

Based on the dependence of the SoS on the tissues mechanical properties, SoS imag-
ing is another promising modality that can help identify disease-related changes of
tissue composition and structure. Breast ultrasound computed tomography (UCT)
showcases the potential of SoS imaging on the example of breast cancer diagnosis
[14]. In UCT, US is through-transmitted through the breast from many angles,
and the spatial distribution of SoS is reconstructed based on analysing the detected
US signals. In the ray approximation of ultrasound propagation, the time-of-flight
(ToF) of pulsed signals is assigned to integrals of slowness (inverse of SoS) along
lines connecting sender and receiver locations [15-18]. This allows a fast linear
reconstruction of the SoS, e.g. via the filtered backprojection, but with the dis-
advantage of a low spatial resolution due to diffraction and refraction. Refraction
can be accounted for in an iterative bent-ray ToF approach. Diffraction, however,
requires methods that use the full signal as opposed to the ToF. Diffraction tomog-
raphy based on the 1% order Born approximation is linear and fast, but limited to
low contrast SoS variations so that its application to the breast requires a SoS prior
with "reasonable low resolution” [19]. The best in-vivo images were so far obtained
using non-linear iterative full-wave inversion schemes, but with the disadvantage of
a high numerical cost [20, 21].

Whereas UCT is able to achieve high resolution and quantitative SoS images of
breast cancer, the big disadvantage is that it is a through-transmission technique,
which limits its use to acoustically transparent parts of the human body. To provide
SoS imaging with all the flexibility of conventional handheld US and without the
need for specialized equipment, SoS imaging must be based on echo US for a one-
sided access. This would allow to not only image the SoS in transparent parts of
the body, but also in any other part that is routinely examined using echo US, e.g.
for the diagnosis of cancer other than in the breast, of fatty liver disease, or for the

assessment of plaque composition inside the carotid artery.
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Reflection-mode SoS imaging is feasible when taking into account a multiple-scattering
process beyond the 1% order Born approximation. This problem can in principle
be solved as in UCT in a non-linear full-wave inversion. Even though promising
theoretical results were obtained using this approach in 2D digital breast phantoms
[22], no clinical results have been presented so far, potentially because it requires low
frequencies outside the bandwidth of conventional clinical US probes. Various alter-
native approaches were investigated that reconstruct the SoS based on pulse-echo
signals. Techniques that estimate the average SoS between the transducer and the
focal depth reported accurate SoS measurements of uniform tissue [23-25|. These
methods, however, have low accuracy in the presence of SoS inhomogeneities. The
crossed-beam tracking method is based on measuring the round-trip time through
the intersection of two scanning beams (one for transmit, one for receive), and pro-
vides a spatial resolution on the order of 10 mm [26, 27|. Recently, an approach was
proposed that reconstructs the local SoS based on axial variations of the average
SoS determined by optimizing the transmit and receive focusing. The technique
was verified in phantoms without lateral SoS variations, where it provided an axial

resolution of about 7 mm [28].

We have recently developed a reflection-mode technique, named computed ultra-
sound tomography in echo-mode

(CUTE), which allows a real time determination of the SoS with promising spatial
and contrast resolution [29, 30]. CUTE is based on analysing the spatial distribution
of the echo phase in beamformed (using e.g. conventional delay-and-sum algorithm)
radio-frequency (rf) mode US images. A deviation of the true SoS from the value
assumed for beamforming results in a mismatch between the anticipated and the
actual round-trip time of US propagation (henceforth termed ‘aberration delay’). A
changing value of the aberration delay when detecting echoes under varying angles
of ultrasound transmission and/or reception consequently results in a phase shift of
these echoes, which is quantified in a spatially resolved way by e.g. Loupas type
phase correlation|31]. This concept is closely related to approaches that analize
the differential echo phase as function of transducer element position, to correct for
aberrations caused by superficial SoS variations that act like a phase screen directly
in front of the transducer aperture [32-37]. CUTE goes, however, beyond these
approaches: by determining the phase shift in the beamformed images as opposed
to the channel data, lateral resolution of phase shift data is achieved also away from
the aperture. Based on a model of how the spatial distribution of SoS relates to the
spatially resolved phase shift, the former can thus be reconstructed by solving the
inverse problem. Under the straight-ray approximation, the inverse problem can be
linearised via a pseudo-inverse matrix, enabling real-time SoS imaging with a spatial
resolution of a couple of mm. Apart from serving as a source of diagnostic informa-

tion, knowledge of the spatial distribution of SoS allows for aberration correction
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beyond the phase screen assumption [38, 39|.

The core of CUTE is the forward model that relates the SoS to echo phase shift,
and this forward model is closely linked to the data acquisition scheme. Previously,
we proposed an implementation of CUTE where the rf-mode images were acquired
under a variety of transmit (Tx) angles, whereas the echoes were detected with a
constant receive (Rx) aperture [29]. The model (henceforth termed ’old model’) was

based on following key assumptions:

1. Because the Rx aperture is constant, the echo phase shift is entirely determined

by the changing aberration delay along the changing Tx propagation directions.

2. The echo phase shift is proportional to the difference in aberration delay along

different round-trip paths.

In |29, 30, 38|, this forward model was formulated in the frequency-domain (FD).
The FD formulation, however, cannot account for the absence of phase shift data in
regions of low echo intensity, which leads to artefacts in the SoS image. Therefore
we proposed that quantitative imaging requires a space-domain (SD) approach [40].
Sanabria et al. consequently described a methodology for SD reconstruction from
theory to implementation, and verified in a simulation study the advantage of using
an SD instead of an FD approach|41], including a preliminary clinical result. A
more extensive clinical pilot was presented in [42]. In spite of promising results
when using both the FD and the SD approach, we realized that - for known SoS
distributions - the prediction of the phase shift that is made by the old model
deviates from the measured phase shift. This disagreement is shown in Fig. 2.1 for
two exemplary scenarios, a phantom with a cylindrical inclusion inside a uniform
background and a four-layer phantom. In the case of a cylindrical inclusion, the
old model roughly predicts the correct phase shift magnitude, which explains that
a reasonably accurate SoS contrast could be reconstructed in similar phantoms in
past studies. The profile shape, however, is wrongly predicted. In case of a layered
phantom, the phase shift magnitude itself is underestimated by a factor of two. In
both scenarios, the old model thus fails in accurately predicting the measured phase
shift. As a consequence of this mismatch between forward model and reality, using
the old model for SoS reconstruction leads to inconsistent SoS results depending on
phantom geometry.

Here we present a new model that solves this shortcoming by modifying the two key

assumptions of the old model as follows:

1. Even if the Rx aperture is held constant while changing the Tx angle, the
echo phase shift contains the influence of a virtually changing Rx angle. To
avoid ambiguities, we propose to switch from a pure Tx-steering approach to

simultaneously steering both, the Tx- and the Rx- angle, around a variety of
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Figure 2.1: Comparison of the measured phase-shift to the prediction made by the old model, for
a Tx angle step of ¢,, = ¢,y = 5° — 15°, using the system described in Materials and Methods.
(a) Phantom containing a cylindrical inclusion with a SoS contrast of +30 ms™! in a uniform
background (description in Materials and Methods), lateral profile. (b) Four-Layer phantom with
a SoS contrast of 135 ms~! (description in Materials and Methods), axial profile.

common mid-angles, in an approach similar to the common mid-point gather

that has been used in seismic imaging [43] as well as in US [35-37].

2. The a priori unknown SoS distribution leads to an offset of the reconstructed
position of echoes. This offset not only depends on the aberration delay, but
independently also on the values of the steering angles. As a result, the initially
assumed simple proportionality between the aberration delay and phase shift

is no longer valid.

In the theory section, we revise the assumptions that led to the old model and then
proceed to the development of the new model. In a phantom study, we then compare
the old and the new model in various different phantoms that were designed in view
of two specific target clinical appliactions, i.e. layered phantoms mimicking the
abdominal wall and liver (hepatic imaging) and phantoms mimicking a circular lesion
inside a layered background (cancer imaging, e.g. breast). The presented results
reveal that the two features of the new model are required to accurately predict
the echo phase shift among different phantom geometries, and that substantially

improved quantitative SoS images are obtained among all investigated phantoms.

2.2 Theory

The theory is developed assuming a linear array probe for 2D imaging, but can
be readily adapted to curved arrays, as well as to matrix arrays for 3D imaging.
Fig. 2.2(a) illustrates the measurement geometry. The linear array probe (parallel
to coordinate z) is placed on top of the tissue (at coordinate z = 0), and acquires

echoes using a variety of different transmit and receive settings, indexed by n and m.
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For the sake of visual and conceptual clarity, transmission and detection on single
elements is considered in a first step in Fig. 2.2(a). Two different elements (indexed
by el,, and el,) transmit an US pulse, one at a time. The two (in this case divergent)
wave fronts reach a point r' = (2/,2’) inside the tissue under two different angles
¢, and ¢,. Intrinsic ultrasound reflectors located in a vicinity around r’ lead to
echoes that propagate back to the surface, where they are detected by the different
sensor elements (indexed el,,) under angles 1, resulting in radio frequency (rf)
signals s(t,n,m) with the time indexed by ¢. Note that the important point here is
not the specific type of transmit and receive beamforming: independent of the type
of beamforming, ultrasound arriving at and detected from a reflector under specific
angles ¢,, and 1, is assumed to have propagated along paths defined by these angles.
Apart from transmitting on single elements (as used in [44]), alternative types are a
scanning group of elements transmitting diverging waves, plane wave transmissions
having different Tx angles [29, 30| , or weakly focused or collimated scanning beams
(as in a classical line-by-line scan). Similarly, alternatives to using single elements
for reception are e.g. defocused groups of elements, steered collimated or focused
groups of elements, steered receiving plane waves (or frequency-domain filtering of

rx angles, as used in this study, see later on), etc.

2.2.1 The old model

Given a combination of transmit and receive setting (n,m), the complex (analytic)
rf-signal (crf-signal) generated by a single point reflector located at ' can be mod-
elled as a product of a complex exponential carrier modulated with a complex-valued
envelope G:

s(t,n,m) = G(t — to(r',n,m)) exp [2mifo (t — to(r',n,m))] (2.1)

where fj is the centre frequency, tg is the actual round-trip time of the echo, and the

function G describes the complex envelope of the signal. We thereby assume that
GG is determined by the spatio-temporal impulse response of the US system alone
(i.e. not influenced by the tissue’s acoustic properties) and that any dependence on
n or m has been removed by calibration. The old model was based on the following
rationale: the delay-and-sum (DAS) beamformed crf-amplitude in a point r at the
true position of the point reflector r’ is:

u(r=r',n) = Z [s (tAo(rm,m),n, m)] = Z [s (fo(r’,n,m),n, m)]
"o "o (2.2)
= Z{G ((fo — to)(r',n,m)) exp [2mi fo (fo — to) (v/,n,m)]}

where , is the anticipated round-trip time for point r, calculated based on an a
priori SoS ¢. Deviations of the true SoS ¢(r) from the anticipated value é(r) lead to
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a deviation of the actual round-trip time from the anticipated value. This deviation,
termed aberration delay, consists of two parts: one is the delay 7, (r’,n) of the n-
th transmitted wave front when propagating towards r’, and the other one is the
delay 7,.(r’,m) of echoes propagating from r’ to the m-th receiving element, so that
to(r',n,m) = to(r',n,m) + 7. (r',n) + T (r',m). With these aberration delays, Eq.
2.2 becomes (r’ is omitted for notational simplicity):

u(n) = Z{G(_Ttm (n) — Tre(m)) exp [27i fo (= Ttz (n) — Trw(m))]} (2.3)

Phase shift tracking is based on the following assumption: G varies ‘slowly’ com-
pared to the oscillations of the exponential carrier, either implicitly due to the ban-
dlimited frequency response of typical clinical US probes, or explicitly by bandpass
filtering. For a sufficiently small difference between Tx angles ¢,, and ¢,, the change
in 74, will be small compared to the temporal variation of GG, so that the value of G
can be assumed constant and 7, can be replaced by its average 7, in the envelope.
Eq. 2.3 is then simplified to:

u(n) == exp (2 foria(n))
S (6 (<7 — Tra(m)) - exp (—2mi forra (m))]

m

(2.4)

On the right-hand side of Eq. 2.4, only the complex pre-factor depends on n.
The first processing step of CUTE when using the old model is the experimental
determination of the change in this pre-factor as a function of n. This is achieved
by determining a map of local echo phase shift A©(r,n,n’), defined as the phase
angle of the (locally averaged) point-wise Hermitian product between the crf-mode

images obtained with Tx settings n and n’. At point r = r’:

AO(r,n,n') =
2/ +0.5Az 2/ +0.5Az% (25)
arg / / dr {u(r,n) - u*(r,n’)}
z'—0.5Axz Jz/—0.5Az

The averaging over a limited area around r’ (‘tracking kernel’), with size Az by
Az, improves the robustness of the phase determination. The size of the tracking
kernel defines the trade-off between spatial and contrast resolution of CUTE. The
old model is based on the assumption that the experimentally measured phase shift
of an echo is determined by the phase shift at the true location r’ of the echo-
generating reflector. Under this assumption and provided that the change in 7,
ATy, is smaller than half the oscillation period 1/fy (to avoid phase aliasing), the
measured echo phase shift is — according to Eq. 2.4 — related to the Tx aberration

delay 74, (r',n), as:
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AO(r',n,n') ~ 21 fo ATy (r/,n,n')

(2.6)
— 2o {ra(t's ) — a2’ )}

Note that a A7, that fulfils the aliasing condition automatically also fulfils the
condition for Eq. 2.4. A simple formula for the prediction of the aliasing limit given
the angle step between ¢,, and ¢/ does not exist, as it depends on the aberration
delays and thus on the apriori unknown spatial distribution of the SoS. In practice,
one can base such a prediction on simulating the 7, for an expected variety of
possible SoS distributions, or directly on observing the presence/absence of aliasing
in the experimental phase shift data.

To complete the forward model, the aberration delays need to be related to the
spatial distribution of SoS. Similar to UCT, including US diffraction and refraction
in the forward model is in principle feasible, but would result in a time-consuming
iterative reconstruction. In view of real time SoS imaging, we thus adhere to the
straight-ray approximation and relate 7, (r’, n) to line integrals of slowness deviation
Ao (r,n), along propagation angles ¢,, — determined by the transmit setting n — from

the transducer surface to point r’:

/

ot = [ i} = [ et 7

Given the abundance of point reflectors in tissue, the function AO(r',n,n’) can

be measured not only at one point but (ideally) throughout the imaging plane.
The old model is based on the assumption that the phase shift measured from any
echo corresponding to a point reflector is independent from the absence/presence of
nearby reflectors. By inverting the forward model consisting of Eq. 2.6 and Eq. 2.7,

an estimated spatial distribution of SoS ¢/(r) can then be reconstructed from A©.

2.2.2 New model

As mentioned in the Introduction, the new model involves two fundamental changes
to the CUTE methodology: in a first step, the common mid-angle (CMA) approach
is motivated. In a second step, we take into account the position offset of the

reconstructed echoes.

Common mid-angle tracking

A first important prerequisite for the old model expressed in Eq. 2.6 was the as-
sumption that G did not depend on n nor m, and thus the signal depended on n

and m only via the aberration delays. In reality, however, GG itself can depend on
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n and m: a) lateral gradients of the distribution of SoS result in wave front aber-
rations that distort the shape of G in a spatially non-uniform way. We continue
assuming that SoS variations are moderate enough so that this part is negligible.
b) The spatial distribution of the tissue’s reflectivity function leads to coherently
interfering echoes. The influence of the tissue’s reflectivity function can by no means
be neglected, as it is precisely the echoes generated by this function that CUTE is
based on. The effect this can have is illustrated for two extreme (but commonly

found) cases:

e Specular reflector: the echo from a reflector intersecting with r’ propagates
back to the probe along a direction i) — determined by the mirror law — that

varies opposite to a varying ¢,.

e Uniform diffuse scattering: The echoes from a dense (below spatial resolution
cell) and random distribution of ‘point’ reflectors interfere at the aperture.
The signal detected at the aperture decorrelates with changing n, because the

relative round-trip times of the different echoes change.

In both cases, and in a more general scenario, the spatial distribution of the tissue’s
reflectivity function leads to a dependence of G itself on n and m, and the relation
between the aberration delay and the measured echo phase shift becomes ambiguous.
To avoid such ambiguities, we introduce a fundamental change to the CUTE method-
ology: common mid-angle (CMA) tracking. In this technique, crf-mode images
are reconstructed for pairs of Tx angles ¢, and Rx angles 1, that have the same
mid-angle. Similar to the common mid-point approach that was previously used
in aberration correction [38|, the CMA approach makes use of the following fact:
signals obtained under angle pairs (¢, | ¥,,) grouped around the same mid-angle
v = 0.5 (¢, + ¥r,) are well correlated, independent of the spatial distribution of US
reflectors. For illustration, Fig. 2.2(b) shows a scale-up of a small region around
point 1/, containing a number of point reflectors. Each reflector is the pivot of
an isochrone, a line that connects all points that would lead — for a specific pair
(¢n | V) - to the detection of an echo at an identical time. We assume that the
curvature of the isochrones (which may result from the beamforming and/or from
wave front distortions due to a non-uniform SoS) is negligible over the size of the
observed region, so that the isochrones can be approximated as straight lines. When
changing ¢, to ¢, without changing 1, (Fig. 2.2(c)), the distances between the
isochrones change, leading to a changing interference of the reflected echoes and thus
to decorrelation of the signal that is detected from direction 1,,. When changing
Y in opposite direction to 1, (Fig 2.2(d)) such that the mid-angle in the pairs
(&n | ) and (¢ | ) is fixed (so that v = 0.5(¢y + ¥m) =7 = 0.5(¢w + V),
then the relative distances between isochrones are not altered, and thus the signal
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Figure 2.2: a) Sketch of a pulse-echo detection geometry. Ultrasound propagation paths are
indicated, leading from different elements el,, towards a point reflector at r’ (circles) and back
to an element el,,. b-d) Zoom-up of the region around r’, showing the isochrones through various
point reflectors when detected under different pairs of Tx and Rx angles. Only when angles are
grouped around the same mid-angle (b and d) the relative position of isochrones is unchanged,
thus avoiding echo decorrelation during phase tracking.

is well correlated. Note that the isochrones do not need to be constructed as part
of the theoretical derivations, but are merely used as a didactic concept to illustrate
why CMA tracking leads to correlated echoes independent of tissue reflectivity. The
CMA approach can also be understood along the perspective of the k-space repre-
sentation of the pulse-echo system response [45]: the system response corresponding
to an angle pair (¢ | ¢) detects a line in the 2D spatial Fourier transform of (an
area of) the tissue’s reflectivity function, along k-vectors pointing into the direction
given by the mid-angle 0.5(¢ + v). Crf images (or an area thereof) acquired with
angle pairs resulting in the same mid-angle thus sample the same line of the k-space
representation of the reflectivity function, resulting in correlated echoes. Angle pairs
corresponding to different mid-angles sample different lines in k-space resulting in
uncorrelated echoes (unless the reflectivity function itself is correlated in k-space

such as in the case of a single point reflector).

To employ the CMA approach, we reconstruct crf-mode images u(r,n,g) where n
indexes the Tx setting resulting in a Tx angle ¢, as before, and the new index ¢
indexes the mid-angle v, out of a set of mid-angles. Both together define the receive
angle ¥, 4 = Vg = 27 — ¢n. This way of indexing the Rx angle takes into
account that — for a given mid-angle — the Rx angle cannot be freely chosen, but is
determined by the Tx angle. Accordingly, the phase correlation is adapted from Eq.
2.5 to:

AO(r  n,n',g) =
g

z4+0.5Ax pz+0.5Az
ar [ / dr (u(r,n,g) - u*(r,n,g))
z—0.5Ax Jz—0.5Az

CUTE is based on evaluating echo phase shifts in crf-mode images as opposed to
channel data because this better allows to spatially resolve the influence of the SoS
on the echo phase shift of different echoes. In the old model, the lateral resolution of

the crf-mode images was achieved via Rx focusing (weak synthetic Tx focusing was
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c)

Figure 2.3: a) Geometrical sketch showing the relation between a Tx/Rx angle pair (¢, | ¥n.g),
the aberration delays (7¢(n),74(n, g)), and the spatial offset d of an isochrone. b) Similar sketch
showing the relation between the centre frequency fy and the echo’s spatial oscillation period
A(n,g). ¢) The measured phase shift is determined by the ratio between the shift Ad(n,n’, g) of
the offset of the echo and A.

added mainly to reduce clutter noise). In the CMA approach, when reconstructing
images with sharp ¢, and ,,, no lateral resolution would be obtained. Therefore,
to achieve lateral resolution, a non-zero Rx angular aperture must be used together
with a non-zero Tx angular aperture for combined Tx- and Rx beamforming. In
comparison to the old model where the Rx angular aperture could in principle make
use of the full transducer aperture, it must be chosen substantially smaller in the
CMA approach so as to resolve different Rx steering angles. One has to keep in
mind that reducing the Rx angular aperture goes hand-in-hand with a reduced
lateral resolution of the crf-mode images, limiting in turn the lateral resolution of
the final SoS image. We consider this an acceptable drawback of CMA tracking,

compared to the big advantage of enabling improved SoS accuracy.

Echo position offset model

A second important assumption of the old model was the evaluation of the echo
phase shift at the true location of the ultrasound reflector (r = r'). It is, however,
not the phase shift at the true location of the reflector that determines the value
of the measured phase shift, but the phase shift due to the spatial shift of the
reconstructed position of the echo. As a second fundamental modification to the
CUTE methodology, this is taken into account by the new model.

To derive the new model of how aberration delays relate to the echo phase shift, we
again use the concept of the isochrones (Fig. 2.3). We assume a reflector (point or
plane) that is detected with a specific angle pair (¢, | ¥mn). The total aberration
delay (in Fig. 2.3(a) assumed larger than zero) leads to an offset of the reconstructed
position of the echo, away from the true location of the reflector, to the isochrone
for which the anticipated round-trip time agrees with the actual round-trip time.
The offset d between the location of the reflector and the isochrone is — according

to the geometric considerations depicted in Fig. 2.3(a) — given by:

¢[riz(n) + 7rz(n, g)]
208 [§ (¢n — tng)]

d(n,g) = (2.9)
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The phase shift is determined by the spatial shift of the offset. Formally, when
changing ¢,, by A¢ to ¢,/ (so that ¢, , changes by —A¢ to 1, ,), d changes accord-

ingly by:

Ad — ¢ [Tm(n/) + Tr:r(n,a g)] _ ¢ [Ttw(n) + Tm;(n,g)] (210)

208 [5 (6w = ¥wg)] 2cos [5 (6 = dny)]

To derive the relation between Ad and the phase shift, the spatial oscillation period
of the reconstructed echo is required. This can follow the same argumentation as
for d (see Fig. 2.3(b)): the spatial period A is given by the distance between two
isochrones that are separated by one temporal period 1/ fo:

¢/ fo

A9 = G o TE (o — )]

(2.11)

The fact that A varies with varying angles implies that (i) the phase shift varies
along the envelope of an echo and (ii) the interference of overlapping echoes partially
decorrelates, both resulting in phase noise. To avoid this potential source of errors
(and to simplify maths), we assume that the signals are bandpass filtered in a way
that the spatial period A does not change between n and n’ (for one way how this

can be achieved, see Materials and Methods) and takes, for example, the value:

_¢/fo
A=TR (2.12)

With this convention, the new model for the phase shift is:

2rAd
A
= 27Tf0 Ttm(n/) + Tm”(nlv g) . Tt (n) + Tm;(n, g)
cos [5 (b — Y g)] oS [ (dn — Unyg)]

AO(r',n,n, g) ~

(2.13)

In comparison to the old model, the new model (Eq. 2.13) not only includes CMA
tracking, but also an inverse-cosine law that accounts for the influence of the angles
on the echo position offset. Note that the inverse-cosine law in Eq. 2.13 does not
depend on the assumption made in Eq. 2.12: even if A is allowed to change together
with d, a very similar expression is obtained where A is replaced by the average
value of the A for the different angle pairs (maths not shown to avoid distraction).
The only disadvantage of allowing A to vary could be, as said, an increase in phase
noise.

Similar to the old model, the equality in Eq.2.13 only holds if the angle step is
chosen so as to avoid phase aliasing. Note that a prediction of the aliasing limit can
no more be based on the aberration delays directly in the way this was suggested
for the old model, but must take into account the effect of the inverse-cosine law. It

is thus ideally based on the complete right-hand side of Eq. 2.13.
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2.3 Materials and Methods

2.3.1 Space domain forward and inverse model

The theory section has been formulated with the intention to be general without
restriction to specific ways of Tx/Rx beamforming (plane wave, diverging wave,
focused line-by-line, etc.). For the experimental study, however, we narrow our focus
down to a plane wave Tx approach. In comparison to a diverging wave approach
(as, for example, used in [44]), this has the advantage of an improved SNR and
that - for a specific Tx setting n - all points inside the tissue (apart from the Tx
shadows explained later on) are insonified with an identical Tx angle. In the theory
section, we did also not limit ourselves to specific Tx/Rx angle pairs. We only
mentioned that the Tx/Rx angle steps need to be sufficiently small so as to avoid
phase aliasing. This criterion depends on the specific SoS contrast, and for the
phantoms used in our study, it was fulfilled with a 2° angle step (see further below).
One could base the SoS reconstruction on phase shift maps acquired with the same
angle resolution, but — at the same time — tracking over a maximum possible angle
range is desired as this reduces ill-posedness of the SoS reconstruction and thus
improves robustness and spatial resolution of the SoS image. The SoS reconstruction
would thus have to be based on a large number of phase shift maps resulting in
an unnecessarily high computational cost. To reduce the number of phase shift
maps and thus the computational cost, we accumulate the phase shift to a coarser
angle resolution. Because the final Tx/Rx/mid angles used for SoS reconstruction
determine the whole processing chain, we start by outlining these parameters before
presenting the different data acquisition and processing steps.

To further simplify the numerics, we choose an equidistantly spaced Tx angle set
{¢n}. For CMA tracking, the equidistant spacing of ¢,, allows choosing a set {7,} of
common mid-angles in a way that — for each ¢,, -— the set of Rx angles {¢,, ,} can
be made identical to the set {¢,} (this would not be possible with non-equidistant
spacing). For clarity, we say that we choose ¢,, and 1, , so that they share the same
angle set {®;},i.e. ¢, € {®;} and ¢, , € {P;}. This choice allows to make use of data
redundancies as explained further below, but it also simplifies the indexing: given
that the Rx angle sets 9, , are identical, independent of ¢,,, it is now practical to
index the Rx angle as v, (instead of ¢, ;), and corresponding mid-angle as 7, ,,. The
reader can convince her/himself that the sets of mid-angles {V,,.» = 0.5(¢, + V) In
corresponding to the different ¢,, are intersecting subsets of one set {7,} of common
mid-angles.

For this study, {®;} is {-25°, -15°, -5°, 5°, 15°, 25°} for [ = [1 .. 6]. Thereby, the
10° step was empirically chosen as a good compromise between computational cost

and SoS contrast resolution, and the £ 25° are limited by grating lobes that become
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Figure 2.4: a) Combinations of Tx (¢r), Rx (¢,) and common mid-angles (v, m,) used in this
study. Tracking is performed between angle pairs having an identical mid-angle v, ,,, indicated
by arrows pointing along fields having the same gray value. No tracking was performed for v, ,,
= £25°. b) Exemplary phase shift maps from CMA tracking of the simple cylindrical inclusion
phantom described in Materials and Methods.

dominant at larger angles (determined by the array probe’s element pitch in relation
to center frequency). As the goal of the experimental part is to compare the old and
the new model, both Tx-only tracking (old model) and CMA tracking (new model)
are used in this study. For Tx-only tracking, phase shift is accumulated between suc-
cessive Tx angles ¢,, and ¢,,,1, leading to phase shift maps A©O(r',n) forn = [1 .. 5].
For CMA tracking, Fig. 2.4 (a) summarizes the resulting combinations of ¢,,, 1,, and
Yn.m- As one can see, the 7, ,, are all part of a set {v,} equal to {-25°:5°:25°}. Phase
shift is accumulated between angle pairs with common mid-angles 7, ,,, indicated
in Fig. 2.4 (a) by arrows pointing along fields having the same gray value. Since
only one pair (¢, | 1.,) exists for mid angles ~,, ., = £25° no tracking is performed
for these 7,,,. The tracking procedure results in phase shift maps AO(r',n,m),
for n,m € |1 .. 5|, between angle pairs (¢, | ¥m) and (¢ni1 | Ym—1). Fig. 2.4 (b)
exemplarily shows the phase shift maps from CMA tracking of a cylindrical inclu-
sion phantom (see description of phantom later on). These maps are intuitively
arranged in a 2D matrix, according to the different angle combinations shown in
Fig 2.4 (a). As mentioned above, choosing identical sets of Tx and Rx angles for
CMA tracking allows making use of data redundancy: in an ideal case, the crf-mode
images resulting from interchangeable (¢, | 1.,) angle pairs (®; | ) and (y | P;)
are identical by time reversal symmetry. As a consequence, the phase shift maps be-
tween (®; | ®y) and (P, | Pr_1) and the ones between (P, | ) and (Py_q | Pryq)
provide redundant data. This is illustrated by the experimental data in Fig 2.4 (b),
where the phase shift maps corresponding to interchanged angle pairs, i.e. the maps
located symmetrically about the diagonal, are indeed very similar apart from a sign
change due to the change in tracking direction. The observed differences in the

spatial distribution of the phase shift between redundant maps hint at a residual
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asymmetry, which is expected in practice for slight differences in the implementation
of Tx and Rx beamforming (as in our study, see later). Residual asymmetry is best
observed in the phase shift maps corresponding to identical angle combinations, i.e.
the maps in the diagonal of Fig. 2.4 (b): with perfect symmetry, these maps would
ideally be zero, and - conversely - they can serve as a measure of symmetry of Tx/Rx
beamforming. Due to the redundancy described above, only either the maps below
(framed in Fig 2.4 (b) by a red border) or above the diagonal (framed in Fig 2.4 (b)
by a blue border) are in principle needed for SoS reconstruction. To reduce the
observed deviations from symmetry, however, it is advantageous to generate all pos-
sible maps and then average the redundant maps after sign inversion (as it is done
in this study).

With a specific set of beamforming parameters (e.g. Tx angle and angular aperture,
Rx angle and angular aperture) only part of the imaging plane can be detected due to
the limited aperture size of the probe. This leads to areas of missing data ("shadows’)
towards the lateral edges of the image. In Tx-only tracking (old model) where the
full Rx aperture is used, the shadows are determined by the Tx angle alone. In CMA
tracking, the combined Tx- and Rx-shadows have to be taken into account. In both
cases, when tracking between angles, valid phase shift data is only available in the
area where echoes are available before and after the angle step. For CMA tracking
(where both Tx and Rx are steered), the combined Tx/Rx shadows are indicated in
2.4 (b) as black areas. As mentioned in the Introduction, the previously proposed
FD formulation cannot account for such missing data regions, which complicates
a quantitative SoS reconstruction. To avoid this drawback, the forward models in
this study were implemented in space domain (SD). For this purpose, the measured
spatial distribution of echo phase shift as well as the distribution of the to-be-

reconstructed slowness are discretised on the same 2D Cartesian grid, as

Aco(r') = Aoy, (2.14)
AO(r',n) — AO,i(n) (classical tracking) (2.15)
AO(r',n,m) — AOj (n,m) (CMA tracking) (2.16)

Thereby, the number of nodes (j, k) in z— and z— direction is N; and Ny, respec-
tively. The nodes sample the chosen dimensions (X, Z) of the rectangular grid with

a spatial resolution of (Ax, Az). Details are given further below.

The goal of the experimental part is to compare the old and the new model in a
phantom study. Thus, both models are implemented as described by Eq. 2.17 and
2.19, respectively, derived from Eq. 2.6 and 2.13. In addition, we want to investigate

whether taking into account the echo position offset is required for accurate phase
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shift predictions and SoS reconstruction, or whether CMA alone is already suffi-
cient. For this purpose, we also implement an intermediate forward model where
only CMA tracking - but not the echo position offset - is taken into account. This
intermediate model is henceforth termed ’old CMA model’ (Eq. 2.18).

e Old model
ABj(n) =
27Tf0 Z wzz;,k’AUﬁk’ — Z w;hj/’k/AO'j/’k/ (217)
j/,k/ j,’k/

e Old CMA model

ABj(n,m) =
1 E : ~1
27Tf0 Z w;ﬁ;jgk/AO'j/’k/ + w;tlk,j’,k’Ao’j/7k/ (218)
j,’k/ j/7k/
o Zw?akaj/,k/o—jlvk’ + E w;?k,j’,kfaj’,k'
J' .k 3’k
e New model
ABj(n,m) =
27Tf0
1 E : ~1
Q Z w?,;j/,k/AUjhk/ + w;tlk,j/,k/Ao-j’,k’ (219)
j/7k/ j/,k./
27Tf0
— T Z w;tk,j”k/AO'j/’k/ + E wTk,j/,k’AUj/,k/
j,’k/ j/7k/

with,

N B (Pnt1 — ¢m_1)]

Q = cos B (6 — wm)] (2.20)
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Thereby the wé’,k,j’,k/ are the integration weights defining the discrete line integrals
along the US propagation paths defined by the angles ;.

Any of the forward models in Eq. 2.17 to 2.19 can be written in matrix notation,
by vectorizing Ao and A©O:

AO = MAc (2.21)

The system matrix M also takes into account the missing data regions (shadows)
mentioned before, by rows containing zeros that project to zero values in the data
vector A@. Note that, even though all phase shift maps have areas of missing data,
these areas are different for different angle steps so that each pixel of the chosen
image area is covered by at least one of the phase shift maps. Therefore the SoS can
be reconstructed in any pixel of the chosen image area. To reconstruct the values
Ad’, s from the measurements Af;x, a Tikhonov pseudo-inverse of M is used:

Ao’ = M™ A0 (2.22)
M™ = (MM +~,D”D, +7.D'D,)"™ M” (2.23)

which minimizes the expression
C(Ao’) = |A8 — MAG’ |3 + ||y D.Ac’ +~v.D. Ao’ |3

Thereby, D, and D, are finite difference operators in x and z, respectively, and
v, and -, are regularisation parameters. Regularisation of the spatial gradient of
the slowness deviation enforces a smooth slowness profile without imposing a con-
straint on the mean SoS. The reconstructed SoS ¢, ., is finally recovered from the

reconstructed slowness deviation Ac’, ;. according to:
1\ !
C;’,k’ = (AO_}/Jf/ + E) (224)

2.3.2 Data acquisition and beamforming

Fig. 2.5 displays a flow chart that illustrates the various steps that finally lead to
the SoS images. We used an L.7-4 linear vascular probe (ATL Philips, WA, USA) for
pulse-echo signal acquisition. This probe features 128 elements at a 0.29 mm pitch
(resulting in 38.4 mm aperture length), and a bandwidth from 4 to 7 MHz with 5
MHz centre frequency. It was connected to a Vantage 64 LE (Verasonics Inc., WA,
USA) for data acquisition. This research ultrasound system allows simultaneous
ultrasound transmission on 128 elements and parallel digitisation of signals on 64
elements at a time, with real time data transfer via a PCI Express link to a host
computer (Intel Core 17-4790 CPU and 16 GB RAM) for further processing. We
implemented a dedicated scan sequence for the acquisition of plane wave pulse-

echo data. As mentioned in the theory section, Tx focusing is required to achieve
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a lateral resolution of the phase shift maps. In this study, this was achieved via
coherent plane-wave compounding [46, 47| of plane wave acquisitions with closely
spaced Tx angles, for which we chose a 0.5° angle resolution. To use the available
angular aperture of the probe (grating lobes were inhibitive outside 4+ 30°), plane
wave data was thus acquired with Tx angles ranging from -27.5° to 27.5° in 0.5°
steps. To use all 128 elements on receive, echoes were recorded twice for each Tx
angle, once on each of two 64-element sub-arrays, and then combined to a single
data frame per angle. The 3D data set resulting from combining the 2D frames of

all Tx angles is indicated in Fig. 2.5 (a).

Complex radio frequence (crf)-mode images (see definition in Theory section) were
reconstructed off-line for each Tx angle from the raw crf data, using a delay-and-sum
(DAS) algorithm:

u(z, z,0) = Z [a(x, z,el)-s (fg(x, 2,0, el))] (2.25)

el

At each grid node with coordinates (x, z), the anticipated round-trip times t(z, z, ¢, el)

to each receiving element el were calculated based on the anticipated SoS ¢.

Lt()(xa Z, ¢7 el) =

[N

sin(¢) (z — tan(¢)z) + cos(¢)z + \/ (ze — )* + 22] (2.26)

The apodization weights a(x, z, el) define the receive angular aperture within the
limits of the aperture length. They were chosen so as to use a receive angular
aperture of + 30° (limited by the grating lobes outside these angles), by setting them
to 1 inside this aperture and to 0 outside. Crf-mode amplitudes were calculated on
a rectangular grid, with dimensions 38.4 mm in x (aperture length) by 40 mm in z
direction and with spatial resolution dz = 0.29 mm in x (pitch) by dz = 0.037 mm
in z. The DAS step is indicated in Fig. 2.5 (a) ("delay and sum"), where each data
frame is transferred to the corresponding crf-mode image.

As mentioned, the target Tx and Rx angle step size chosen for SoS reconstruction
was 10°. Given the SoS contrast of the phantoms used in this study, however, the
magnitude of the aberration delay change Af obtained with this step size resulted
in phase shifts above 7 and thus in phase aliasing when quantifying the phase shift
according to Eq. 2.5 and 2.8. By inspecting the phase shift maps, we empirically
determined that a tracking angle step size of 2° was just sufficiently small to avoid
phase aliasing in all phantoms. Therefore, from the previously reconstructed crf-
mode images, we generated images for tracking Tx angles ¢ € {—25° : 2° : 25°}.

For synthetically focused Tx steering along any of these tracking angles ¢, the 0.5°-
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spaced crf-mode images were coherently compounded using a Gaussian weighting
function centered at the respective tracking angle with a Gaussian radius of 2.5°.
This step is indicated in Fig. 2.5 (a) ("coherent compounding"), where a multitude
of crf-images (e.g. for ¢ ranging from -27.5° to -22.5°) is transferred to a single

coherently compounded crf ("c-crf") image (e.g. at -25°).

For the old (non-CMA) model, these c-crf images were directly used for tracking.
For the CMA tracking, beamformed images are required for different Rx steering
angles per each Tx steering angle. This could in principle be implemented via the
apodization weights in Eq. 2.25, but we instead used the following approach, which
was implemented directly as part of the tracking algorithm: for one tracking Tx
angle ¢ € {—25° : 2° : 25°} at a time, the full-Rx-aperture c-crf mode image was
transformed to a sequence of synthetically Rx-steered images via spatial filtering,
for Rx steering angles corresponding to the different mid-angles v, ,, € {—20° : 5°:
20°}. For the spatial filtering, the respective c-crf-mode image was transferred to
k-space by calculating the 2D discrete Fourier transform. In k-space, a specific pair
(¢ | ¥) of Tx and Rx angles detects a line of the tissue’s reflectivity function along
the mid-angle 0.5(¢ + ). Conversely, given the Tx angle ¢ and a target mid-angle
Yn,m, filtering the k-space for a line along 7, ,, automatically results in the k-space

representation of a c-crf-image as if acquired with a tracking Rx angle ¢ = 2+, ,,, — .

Filtering for a sharply defined +,, ,, would result in an image as if acquired with zero
angular aperture that would provide no spatial resolution perpendicular to 7, .
Rather than filtering for only one angle, an angle-dependent Gaussian weighting
function was thus used with a radius of £1.25° to synthesise an Rx angular aper-
ture radius of 2.5°. The spatial frequency spectrum was multiplied with a set of
such weighting functions centered at the different mid-angles v, ,,, and then inverse
Fourier transformed, to obtain a set of synthetically Rx-filtered c-crf images cor-
responding to the different +;, ,,. In comparison to a space-domain Rx apodization
approach, the k-space approach has the advantage that the Rx beamforming is more
similar to the Tx beamforming: k-space filtering is conceptually similar to using "re-
ceiving plane waves" for echo detection, and synthesising an Rx angular aperture in
k-space is similar to coherent plane-wave compounding in receive, thus improving
the Tx/Rx reciprocity in comparison to an element-based Rx beamforming. The
spatial frequency filtering step is indicated in Fig. 2.5 (b) ("Rx-filtering"), exem-
plarily for mid-angle -15°, where an Rx-filtered c-crf image is generated from each

full-Rx-aperture c-crf-image that is used for tracking around this mid-angle.

The bandpass to enforce a constant A according to Eq. 2.12 was also implemented
as part of the spatial frequency filtering: for each 7,,,, the already Rx-filtered
spectrum was multiplied with a k-dependent Gaussian weighting function (where
k is the modulus of the spatial frequency vectors) with empirically determined (1,

Yn.m)-dependent center point and radius, to enforce a constant center k of the final

37



filtered spectrum.

As mentioned earlier, it is the beamforming that provides the spatial resolution to
CUTE. More precisely, the lower resolution limit is determined by the resolution
of the crf images (whereas the final resolution is determined also by phase tracking
kernel size and SoS regularization). We have performed simulations (not shown) to
determine the spatial resolution of the c-crf (Tx-only tracking) and the Rx-filtered
c-crf images (CMA tracking), given the chosen beamforming parameters: in Tx-only
tracking where the full available Rx angular aperture is used, the resolution limit is
determined by the Rx angular aperture to 0.3 mm (FWHM). In CMA tracking, the
resolution limit results from the combination of the 2.5° Tx and Rx angular aperture
radii, to 2.3 mm (FWHM).

2.3.3 Phase shift tracking

Based on the c-crf images, the echo phase shift was finally determined according to
Eq. 2.5 (Tx-only tracking) and Eq. 2.8 (CMA tracking). For Tx-only tracking, phase
shift maps were calculated between the full-Rx-aperture c-crf images of successive Tx
angles that were spaced by the 2° Tx angle spacing. CMA tracking was performed
as follows: looping through successive Tx angles, the Rx filtering was applied to the
full-Rx-aperture c-crf image of a respective actual Tx angle at a time. For each 7, ,,
a phase shift map was calculated between the respective previous Rx-filtered c-crf
image and the respective actual Rx-filtered c-crf image corresponding to that 7, ,,.
The resulting phase shift maps were stored for accumulation (see further below), and
the actual Rx-filtered c-crf images were stored to serve as the previous Rx-filtered
c-crf images in the next tracking step. For both Tx-only and CMA tracking, the
tracking kernel size was chosen Azx = 2 mm and Az = 2 mm. For CMA tracking,
this processing step is indicated in Fig. 2.5 (b) ("phase shift tracking"), where two
successive Rx-filtered c-crf images (e.g. from angle pair (—25°| — 23°) to angle pair
(=5°| — 7°)) are transferred to one phase shift map. Phase shift maps were then
summed over successive 2° angle steps to obtain the echo phase shift over 10° steps
between Tx angles ¢, and ¢,.; (Tx-only tracking) and Tx/Rx angle pairs (¢, |¢n)
and (@ni1|m—_1) (CMA tracking). For CMA tracking, this is exemplarily shown in
Fig. 2.5 (b) ("summation") for mid-angle -15°, where phase shift maps from angle
pair (-25° | -5°) to angle pair (-15° | -15°) are summed to a single final phase shift

map.

2.3.4 SoS reconstruction

For SoS reconstruction, redundant phase shift maps were averaged ("averaging re-
dundant phase shift maps" in Fig. 2.5 (c)), and the result downsampled onto a
Cartesian grid with N, = 40 by N, = 40 grid nodes covering X = 38.4 mm by
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Figure 2.5: Flow chart describing the working principle of CUTE, divided into three main parts.

Z = 40 mm with a resolution of Az = 0.96 mm by Az = 1 mm. The forward mod-
els according to Eq. 2.21 and 2.22 were correspondingly formulated for the same
grid resolution, resulting in a system matrix with (40-40) by (40-40) elements per
10° angle step, totalling 8000 by 1600 elements for Tx-only tracking (5 Tx angle
steps) and 16000 by 1600 elements for CMA tracking (10 combined Tx/Rx angle
steps). For line integration, bi-linear interpolation weights were chosen.

The regularization parameters v, and ~, are subject to a trade-off between reducing
artefacts (by enforcing a smooth slowness profile) and maximising spatial resolu-
tion. For this study, they were chosen so as to clearly distinguish the different phan-
tom compartments (Old model: v, = 2.33, v, = 0.23; old CMA model: v, = 5.68,
v, = 0.11; New model: 7, = 9.09, v, = 0.18).

The pseudo-inverses were pre-calculated according to eq. 2.23 and stored. The pre-
calculated pseudo-inverses were then applied to the vectorized phase shift data for

reconstructing the slowness distribution, and — in turn — the SoS. This step (appli-
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cation of pesudo-inverse, calculation of SoS from slowness) is indicated in Fig. 2.5
(c), "model inversion". With the chosen grid resolution, the matrix multiplication
takes a fraction of a second (e.g. 0.04 s on the used Intel Core 17-4790 CPU and 16
GB RAM) when implemented in Matlab®.

2.3.5 Phantom design and materials

For this study, two different sets of phantoms were designed and investigated. The
first set of phantoms was designed with the goal to represent particular geometries of
the anatomical structure of the abdominal wall and liver, since liver imaging is one of
our envisaged clinical applications. To mimic focal lesions (as e.g. for the diagnosis
of breast cancer) the phantoms of the second set contain cylindrical inclusions. The
geometries of the spatial distribution of SoS in the different phantoms are shown
in Fig. 2.6. Note that, in the following, even though the absolute SoS values of
the different phantom compartments may deviate from real tissue depending on
literature references, we have taken care to chose realistic SoS contrasts between the

different compartments.

e Liver mimicking phantoms

a) Two-layer phantom: This phantom contained two horizontal (parallel to z)
layers, mimicking a single fat layer (F1: 1420 ms™') on top of liver tissue
(L: 1555 ms™'). The special feature of this type is the complete absence
of lateral SoS variations but a pronounced axial variation. This geometry

occurs when imaging the liver sagittally through the linea alba.

b) Four-layer phantom: In comparison to the two-layer phantom, two additional
layers were added, mimicking the rectus abdominis muscle (M: 1555 ms™)
and the post-peritoneal fat layer (F2: 1555 ms™!), representative e.g. for a
sagittal section lateral to the linea alba. The purpose of this phantom was to
compare the different models in a layer structure with axial variations near

the axial resolution limit.

c¢) Laterally varying muscle diameter (LVMD) phantom: In contrast to the four-
layer phantom, the rectus abdominis (M: 1555 ms™!) layer deviates in this
phantom from the parallel layer structure and consists of two wedge-shaped
areas, as when imaging the liver in a transverse section through the linea
alba. This phantom thus provides a moderate lateral variation of SoS in

addition to the axial variation.

40



e Cylindrical inclusion phantoms

d) Simple inclusion phantom: This phantom was composed of a uniform back-
ground compartment (C1: 1540 ms™!) containing a cylindrical inclusion (I:
1570 ms™1).

e) Two-layer phantom with inclusion: In comparison to the simple inclusion

phantom, the background compartment of this phantom contained an addi-

tional layer (C2: 1570 ms™') below the inclusion.
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Figure 2.6: Sketch of the phantom geometries. The reference SoS were determined using a through
transmission time-of-flight set-up with an accuracy of & 5 ms™!, to F1: 1420 ms—!, F2: 1420
ms— 1, M: 1555 ms~!, L: 1555 ms~*, C1: 1540 ms~!, C2: 1570 ms~ !, I: 1570 ms~!

The phantom components were produced based on porcine gelatine (Geistlich Spezial
Gelatine, health and life AG, Switzerland). In a first step, gelatine was dissolved
in 75°C H,O with various weight contents for the different phantom compartments
(C1: 15 wt%, M, L: 20 wt%, C2, I: 25 wt%). To provide a uniform diffuse echogenic-
ity, various weight contents of cellulose (Sigmacell Cellulose Type 20, Sigma Aldrich,
Switzerland) were added (C1: 1 wt%, M,L, C2: 2 wt%, I: 0.5 wt%). The resulting
SoS of the different gelatin solutions after gelling were: C1: 1540 ms~!, M, L: 1555
ms~!, 02, I: 1570 ms™'. For the fat mimicking compartments (F1, F2) in the liver
mimicking phantoms, oil-in-gelatin emulsions were produced [48-51]. For this pur-
pose, medium-chain triglycerides oil (Ceres-MCT Oil, Puravita, Switzerland) (SoS
= 1350 ms™!) was slowly blended under continuous stirring into the still hot aque-
ous gelatine base solution (20 wt% gelatine and 2 wt% cellulose) using a Visco Jet
cone-stirrer (VISCO JET Agitation Systems, Germany). During this process, small

oil droplets were formed and captured via hydrophobic interaction by the lipophilic

41



part of the gelatine strings. After cooling the emulsion, the oil droplets were trapped
within the gelatine matrix. The resulting SoS was determined by the emulsion’s rel-
ative MCT oil weight content, in this study 0.65 wt%, resulting in a SoS of 1420
ms~!. The mentioned SoS values were determined using a through-transmission
time-of-flight set-up (accuracy + 5 ms™!) and will serve in the following as reference

for comparing the accuracy of phase shift predictions and reconstructed SoS values.

2.4 Results

2.4.1 Echo phase shift

Similar to what has already been done for the old model (see. Fig. 2.1), Fig. 2.7
shows profiles of the measured phase shifts and of the predictions made by the old
CMA (Eq. 2.18) and the new model (Eq. 2.19) in the same two phantoms, for the
Tx-Rx tracking combination of ¢, — ¢,1 = 5° — 15° and ¥, — V¥,,—1 = -5° —
-15°. In case of the four-layer phantom, the axial profile at x = 19.2 mm is shown.
For the simple cylindrical inclusion phantom, the lateral profile at z = 30 mm is
shown. For a more quantitative comparison, table 2.1 summarizes the root-mean-

square error (RMSE) of the complete phase shift datasets for all models according
to:

N;,N, . 2\ ~1/2
2751:1 an:l ijjl,kkzl [A®j,k(nv m) — A©;(n,m)

RMSEpe = N, N, 55
J

(2.27)

where AO* denotes the measured phase shift and A© the phase shift predicted by
the forward model at grid node (7, k) for all combinations of Tx/Rx pairs (¢, | )
that are outlined in Fig. 2.4(b).
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Figure 2.7: Comparison of the measured phase shift to the predictions made by the old CMA
model and by the new model, for Tx-Rx angle steps of ¢, — ¢,11 = 5° — 15° and ¥, = Vip—1
= -5° — -15°, around the mid-angle v, ,, = 0°. (a) Lateral profile (z = 30 mm) of the simple
cylindrical inclusion phantom. (b) Axial profile (# = 19.2 mm) of the four-layer phantom.
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RMSEap [rad]

Four-layer | Cylindrical inclusion
0Old Model 0.738 0.423
CMA Model 0.852 0.339
New Model 0.384 0.320

Table 2.1: RMSEa@ of the measure phase shift in comparison to the different forward models in
two exemplary phantoms.

In case of the simple cylindrical inclusion phantom (Fig. 2.7 a), the phase shift
that is predicted by the old CMA model matches the measured data already well.
Note especially that it not only predicts the correct phase shift amplitude but also
the spatial profile, whereas the latter was wrongly predicted with the old model
(compare to Fig. 2.1). The improved accuracy is confirmed by the RMSEag. These
observations indicate that the wrong prediction of the profile by the old model was
due to an implicit Rx-angle dependence of the real data that was not accounted
for. By explicitly modelling this dependence in the CMA approach, a much more

accurate prediction was obtained.

In comparison to the old CMA model, the new model gives only a slight improvement
for the cylindrical inclusion (seen both in Fig. 2.7 and in the RMSEag). This
changes, however, completely for the four-layer phantom (Fig. 2.7 b): here the old
CMA model underestimates the measured phase shift by a factor two similar to
what was already observed for the old model in Fig. 2.1, demonstrating that the
CMA approach alone cannot describe the reality well. When, however, accounting
also for the echo position offset (new model), the predicted phase shift matches the
measured data very well. The RMSEag again confirms that the new model describes

the reality best.
Note that, in both phantoms, the differences in the RMSEa g between the models

appear less extreme than one could expect based on the comparison of the phase
shift profiles: the RMSEag is reduced by roughly a factor two for the four-layer
phantom and 1.3 for the cylindrical inclusion phantom between the old and the
new model, whereas the profiles show perfect agreement for the new model. The
reason is following: profiles are shown for angle combinations where the phase shift
magnitude is large to provide a good SNR. For many other angle combinations,
the phase shift magnitude is smaller, and over all the RMSEAg is to a large part
determined by phase noise. It therefore also comes at no surprise that the RMSEag
of the new model are very similar for both phantoms, as they represent the phase
noise level rather than an actual deviation between prediction and experiment.

Fig. 2.7 together with the RMSEag thus demonstrate that both features, the CMA
approach and the modelling of the echo position error, are a minimum requirement

for an accurate forward model and thus for achieving quantitative SoS imaging in
CUTE.

43



2.4.2 SoS images

The comparison between the measured phase shifts and the predictions made by the
forward models on its own already clearly falsifies the general applicability of the
old and of the old CMA model, since both fail in predicting the correct phase shift

in the four-layer phantom.

In a next step, we want to investigate whether the two proposed changes to the
CUTE forward model together are not only a minimum requirement, but also suffi-
cient for achieving quantitative SoS results. This investigation has to be performed
based on SoS images as opposed to phase shift predictions for following reason: sub-
tle differences in phase shift predictions of a forward model can unpredictably affect
the reconstructed SoS, given the ill-posed nature of the inverse problem. In case of
focal lesions, for example, one might argue that the CMA approach alone is suffi-
ciently accurate, but we will see that this is not true for the SoS images. Similarly,
small errors in the proposed new model could lead to unexpected large errors in the

reconstructed SoS that obliterate the usefullness of the new model.

Therefore, to further compare the different models and evaluate their performance,
the reconstructed SoS images are shown for all five phantoms in Fig. 2.8 to Fig. 2.12.
The color scale was chosen in a trade-off between covering a large SoS range and
allowing to perceive small SoS variations (e.g artifacts). As a consequence, image
regions in which the SoS deviates by > 70 ms™! from the true upper and lower
SoS of the liver mimicking phantom appear saturated. To allow a fair comparison
between the images of the two phantom sets (e.g. the level of artifacts), the same

color scale was also used for the cylindrical inclusion phantoms.

Note that SoS reconstruction results are shown for various different choices of the a
priori SoS ¢. As described in Materials and Methods, ¢ is used for the reconstruction
of the crf-mode images. In an ideal scenario, the deviation of the actual SoS from
this value results in an echo phase shift and a reconstructed slowness deviation that
— together with ¢ — finally leads to the correct SoS independent of ¢ according to
Eq. 3.4. In reality, however, errors can be introduced via the influence of ¢ on the
beamforming (i.e. distortions of the spatial pulse shape as well as propagation angle)
and/or via errors of the SoS reconstruction model. While being a potential source of
errors, ¢ is also a parameter that would be conveniently accessible to manipulation
by a radiologist. For this reason, we examine the sensitivity of the SoS results
towards variations of ¢, by comparing results for different ¢ covering a range of 1420
ms~! to 1555 ms~! for the liver mimicking phantoms and 1480 ms™! to 1570 ms™!

for the inclusion phantoms.

To aid a quantitative evaluation and the comparison of the different models, we
provide several metrics of the SoS values: the rightmost columns of Fig. 2.8 -

2.12 show the mean and standard deviation of the reconstructed SoS within each
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individual compartment over the full respective compartment area. In addition, Fig.

2.13 shows the root-mean-square errors (RMSE) of all phantoms according to:

S (Cin! — cik)?
RMSE = S i 2.28
\/ N, Ny (2.28)

where ¢, is the reconstructed SoS and c;, the ground-truth SoS at the grid nodes
(j, k). Note that, independent of the phantom geometry, the a priori SoS ¢ or the
forward model, all SoS images show artifacts in the top few millimetres (see Fig.
2.8 to Fig. 2.12). These artifacts originate from erroneous values (outliers) in the
top few millimetres of the phase shift maps (see e.g Fig. 2.1, 2.4 and 2.7). We
hypothesize that these errors result from element cross-talk during the plane wave
transmission: whenever an element is activated, all other elements instantaneously
detect an electric interference. The larger the Tx angle, the more the interferences
from all transmitting elements are stretched over time and obscure superficial echoes.
As cross-talk related artifacts are not related to the forward model, the top 5 mm

of the SoS images were excluded from the calculation of the SoS metrics.
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Figure 2.8: SoS images of the two-layer phantom mimicking the liver (SoS = 1555 m/s) and a
single fat layer (SoS = 1420 m/s) (from posterior to anterior). The SoS images were reconstructed
based on the different forward models (rows) and for different a priori SoS values ¢ (columns).
The SoS images are sampled on 40 (z) by 40 (z) grid nodes covering 38.4 mm (z) by 40 mm (z2).
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Four-layer phantom
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Figure 2.9: SoS images of the four-layer phantom mimicking the liver (SoS = 1555 m/s), a post-
peritoneal layer (SoS = 1420 m/s), the rectus abdomins (SoS = 1555 m/s) and the subcutaneous
fat layer (SoS = 1420 m/s) (from posterior to anterior). The SoS images were reconstructed based
on the different forward models (rows) and for different a priori SoS values ¢ (columns). The SoS
images are sampled on 40 (x) by 40 (z) grid nodes covering 38.4 mm (z) by 40 mm ().

Old model

For intermediate ¢, the old model leads to SoS images of the two- and four-layer
phantoms (see Fig. 2.8 to 2.9 - top rows) that seem reasonable in terms of a uniform
spatial distribution of SoS in the liver-mimicking compartment L. At the lower limit
of the chosen range of ¢, however, the SoS inside L becomes less uniform, and the
contrast between the compartments varies with ¢. In spite of these shortcomings,
one could argue, the images of these two phantoms look quite reasonable. This
changes, however, dramatically for the LVDM phantom (Fig. 2.10 - top row): here
the SoS in compartments L is substantially overestimated, and heavily non-uniform.
The SoS in compartments M is underestimated, and the spatial distribution wrongly
reconstructed, i.e. an artifactual high-SoS area appears between the wedge-shaped
parts of M. Note that, in all phantoms, low spatial frequency variations of SoS
appear in at least part of the image area. These variations are most clearly seen in
the SoS images of the cylindrical inclusion phantoms (Fig. 2.11 to 2.12 - top rows),
where they make it difficult — if not impossible — to distinguish the cylindrical
inclusions from the background, and impossible to perceive the absence or presence

of compartment C2.
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LVMD phantom
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Figure 2.10: SoS images of the LVMD phantom mimicking the liver (SoS = 1555 m/s) covered by
a triangular postperitoneal fat layer (SoS = 1420 m/s), the rectus abdomins (SoS = 1555 m/s) and
the subcutaneous fat layer (SoS = 1420 m/s) (from posterior to anterior). The SoS images were
reconstructed based on the different forward models (rows) and for different a priori SoS values ¢
(columns). The SoS images are sampled on 40 (z) by 40 (z) grid nodes covering 38.4 mm (x) by
40 mm (z).

Old CMA model

In all phantoms (see Fig. 2.8 to 2.12 - middle rows), the old CMA model leads
to even stronger low spatial frequency variations and a stronger dependence of the
different compartments’ SoS on ¢. On the upside, it is better at reconstructing
the true spatial profile of the SoS of the compartments M in the LVMD phantom.
In the cylindrical inclusion phantoms (Fig. 2.11 to 2.12 - middle rows), the low
spatial frequency variations are more symmetric than with the old model, and less
dependent on ¢, allowing a better perceptibility of the inclusions. Apart from that,
the presence/absence of compartment C2 can still not be perceived well: due to
the gradient of SoS in supposedly uniform areas, it is difficult to judge whether
the apparent boundary at the depth of the surface of compartment C2 is an actual

boundary or simply an artifact of the color scale.

New model

In comparison to the old and the old CMA model, the new model leads to strongly
improved SoS images in the liver phantoms (Fig. 2.8 to 2.10 - bottom rows). Apart
from some high-frequency artifacts for certain values of ¢ (on which we comment

further below) they show a much more uniform distribution of SoS in the different
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compartments, and this largely independent of ¢. As already with the old CMA
model, the compartments M in the LVMD phantom are well delineated. The average
SoS values agree well with the references, this again independent of ¢. The only
exception is seen in the M and F2 compartments of the four-layer and the LVMD
phantom, where the SoS is biased most probably due to the partial volume effect.
In all liver phantoms, the uniformity of the L. compartment and the resolution of
its surface is best for ¢ near the SoS of the overlaying F layers. With increasing
¢, high spatial frequency artifacts appear and gradually increase at and inside the
L compartment, and the resolution of the surface becomes worse. We suggest that
these findings are caused by a decreasing beamforming quality at the depth of the
L. compartment — resulting in phase shift noise — due to the increasing deviation
of the ¢ from the actual SoS of the top compartments. Note that the high spatial
frequency artifacts lead to fluctuations of SoS around a reasonable constant value
rather than skewing the spatial profile of SoS within uniform layers.

Also in the cylindrical inclusion phantoms (Fig. 2.11 to 2.12 - bottom rows), the
new model leads to SoS images that show the expected uniform distribution inside
the different as well as the expected quantitative SoS values nearly independent of ¢.
The cylindrical inclusion as well as the absence or presence of the C2 compartment
can now be clearly identified. High spatial frequency artifacts are seen to a lesser
extent than in the liver phantoms. This can be explained by the fact that — on one
hand — the chosen range of ¢ is smaller than for the liver phantoms, and — on the
other hand — the SoS of the first (C1) compartment is far from both extremes of the
¢ range, so that beamforming is less affected for any of the ¢ values. Note that, even
though the old CMA model and the new model led to nearly identical phase shift
profiles in Fig. 2.7, the resulting SoS images are very different. This demonstrates
how — due to the ill-posedness of the inverse problem — small differences in phase
shift predictions can cause unforeseen large differences in the final SoS images.
The superiority of the new model over the old and the old CMA model is further
confirmed by the RMSE that are shown in Fig. 2.13: whereas the RMSE strongly
depends on ¢ with the old and the old CMA model, it is much more stable with the
new model, and in all phantoms and for all ¢, the new model clearly outperforms
the old as well as the old CMA model.

2.5 Discussion and Conclusion

Departing from the observation of wrong predictions of experimental echo phase shift
by the old model, we proposed in this study two fundamental changes to the CUTE
methodology: the CMA approach with an explicit formulation of the dependence

of echo phase shift on both Tx and Rx angle, and the explicit consideration of
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Figure 2.11: SoS images of the simple cylindrical inclusion phantom. The SoS images were re-
constructed based on the different forward models (rows) and for different a priori SoS values ¢
(columns). The SoS images are sampled on 40 (x) by 40 (z) grid nodes covering 38.4 mm (z) by
40 mm (z).
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Figure 2.12: SoS images of the two-layer cylindrical inclusion phantom. The SoS images were
reconstructed based on the different forward models (rows) and for different a priori SoS values ¢
(columns). The SoS images are sampled on 40 (z) by 40 (z) grid nodes covering 38.4 mm (x) by
40 mm (z).
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Figure 2.13: Root-mean-square errors (RMSE) of all five phantoms, calculcated according to Eq.
2.28. For each phantom, the RMSE of the old CMA, the old and the new model at the various a
priori SoS ¢ are shown.

the echo position offset in the forward model. The comparison of the measured
and predicted phase shifts clearly demonstrates that only the new model leads to
remarkable accuracy in all investigated phantom geometries. Both novel features

together are thus a necessary prerequisite for an accurate forward model.

Due to the ill-posed nature of the inverse problem, however, it is difficult to predict
how the differences in the forward models affect the final SoS images. Consequently,
SoS images are needed to determine whether the new model is not only a necessary
prerequisite for quantitative imaging but also — within the approximations made
— a sufficient one. The SoS images have shown that the new model outperforms
the old and old CMA model in all phantoms in view of RMSE, level of artifacts
as well as the stability against variations of the a priori assumed SoS ¢. A slight
positive dependence of reconstructed SoS on ¢ is observed in all phantoms, which
may be explained by an imperfect calibration of the beamforming or other factors
not accounted for, such as the curvature in elevation of the probe’s acoustic lens, but
— given the small magnitude of the ¢-influence compared to the standard deviations
— this was considered beyond the scope of this study.

Given the ill-posed nature of the inverse problem, one may doubt whether the hy-
perparameters involved in the model implementations can have a similarly unpre-
dictable influence as differences in phase shift predictions, and whether one may thus

want to take conclusions based on SoS images with care. To avoid — as far as possi-
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ble — the influence of hyperparameters on the results, we have explicitly restrained
from optimizing hyperparameters for the different models separately but have chosen
identical parameters wherever possible. More specifically, we have chosen: identical
Tx angles and Tx angular apertures in all models, Rx angles and angular apertures
identical to Tx angles and angular apertures in the CMA-based models, and an Rx
angular aperture in the old model that is (nearly) identical to the Rx angle range in
the CMA-based models. Only the regularisation parameters were chosen differently.
They were, however, not optimized for the different models independently, but with
the goal to provide SoS images of the chosen phantoms that are — to the eye — similar
in terms of axial resolution for a fair comparison of artifact level. For this reason,
we argue, the SoS images provide a fair comparison of model performance, and we
conclude that the new model is not only the only one capable of correctly predicting
echo phase shift among the investigated phantom geometries, but it is even able to
correctly predict the small nuances that are needed to obtain a good SoS image,
and this even given the limitations of the quite coarse approximations made (i.e.

straight-ray propagation, negligible wave front distortion ...).

A key assumption made in this study was the straight-ray approximation of US
propagation, neglecting diffraction and refraction. Given the lateral resolution of
the final SoS image (few mm) in relation to the wavelength (0.2 mm at 5 MHz),
diffraction will have played a minor role. With the realistically high SoS contrast
between the liver-mimicking phantoms’ layers (135 m/s), one would expect that
refraction had an important influence. In horizontally layered media, the effect of
refraction is mainly a change of propagation angle which can bias the phase shift
measurements. Based on the fact that correct quantitative results were obtained
using the new model, one can conclude that such biases were negligible even for
the LVMD phantom with the continuously varying diameter of the wedge-shaped
compartments M. More influence of refraction would be expected for the cylindrical
inclusion phantoms, where the inclusion poses a abrupt lateral variation of SoS. Our
results suggest that also here, the straight-ray approximation was reasonable in the
sense that correct quantitative results could be obtained, but given a substantially
smaller SoS contrast (30 m/s) than in the LVMD phantom (135 m/s). Independent
experiments have shown that — for the same size of the inclusion — an increasing
SoS contrast leads to an increasing level of artifacts below the inclusion, as well as
to an underestimation of the SoS inside the inclusion. Such artifacts can on one
hand be explained by an increasingly non-linear relation between slowness distribu-
tion and echo phase shift due to deviations from straight-ray propagation, but also
by beamforming errors due to caustics (i.e. US propagating towards and from the
same reflectors along multiple intersecting paths). We foresee that refraction can
be compensated for, e.g. employing a more accurate forward model of sound prop-

agation. Note that the key features of the new model, i.e. the CMA approach and
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the inverse-cosine law describing the relation between aberration delay and echo
phase shift, are independent of the straight-ray approximation of how aberration
delay is related to SoS (the latter was only proposed to enable real-time imaging).
We therefore envisage that the new model of how aberration delays are reflected in
echo phase shift is more generally applicable, e.g. with a bent-ray model of sound
propagation. The influence of refraction on the final SoS image as well as potential

remedies is an interesting topic, it is, however, beyond the scope of this study.

Another fundamental assumption was that of sharply defined Tx/Rx angles, but
finite angular apertures are needed and were used in the experiments to enable a
laterally resolved echo phase shift measurement (and thus SoS image). One may
argue that the round-trip times of echoes thus correspond to average slowness inte-
grals over wedge-shaped areas rather than along thin lines. Wave field simulations
(not shown) indicate, however, that the angular aperture radius used for Tx/Rx fo-
cusing (2.5°) together with the wavelength (0.2 mm at 5 MHz) result in a collimated
beam rather than a focused one, with a roughly constant beam diameter of 2.5 mm.
Within this resolution, the rays can therefore be approximated as lines. The good
accuracy of our results demonstrates that the simplification to line integrals had
only minor influence. The influence of Tx and Rx angular apertures on the SoS

results is an interesting topic, but was beyond the scope of this study.

The focus of the present study was to validate the new model. This was done in
phantom experiments, and — so far — we did not attempt to investigate the clinical
accuracy of CUTE. As a preliminary confirmation of the phantom results in an
in — vivo case, however, Fig. 2.14 shows the B-mode and SoS images reconstructed
with the old and the new model, of a healthy volunteer’s liver (male, age 40, in
compliance with the ethical principles of the Declaration of Helsinki 2018). As
opposed to the old model, the new model reconstructs a spatial distribution of SoS
that correctly delineates the spatial distribution of the different tissue types, and
shows the expected uniform distribution of SoS inside the liver. Moreover, the
reconstructed mean SoS of the liver (1564+4 m/s) is reasonable for healthy liver
tissue [52|, making the new model a promising step towards quantitative hepatic
imaging. Imbault et al. [25] reported that the average SoS of the liver of healthy
patients is ~ 1570 m/s. For patients having steatosis of grade 1 (according to the
Brunt scale), the average SoS decreases by about 40 m/s. Thus, CUTE (with the

proposed new model) has potential for a quantitative diagnosis of fatty liver disease.

To allow real time SoS imaging, the regularized pseudo-inverse matrix according
to Eq. 2.23 can be pre-calculated and stored in a lookup table as described in the
Materials and Methods section. As an example: applying the pre-calculated pseudo-
inverse to the phase shift data takes only 0.04 s when implemented in Matlab® on
the system with Intel Core 17-4790 CPU and 16 GB RAM. The bottle neck is

the data transfer and beamforming (0.6 s when implemented with the Verasonics
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Figure 2.14: Side-by-side display of conventional B-mode US of a healthy volunteer’s abdominal
wall with subjacent liver tissue (S: skin, F: fat, M: rectus abdominis muscle, L: liver parenchyma)
and SoS images reconstructed with the old and the new model. In the new model, the SoS values
of different tissues are well distinguished.

Vantage 64 LE and on the same PC, using the Verasonics DAS software) whereas
the tracking takes 0.2 s on the same PC in Matlab®, totalling 0.8 s. Progress in
hardware development (e.g. implementation on GPU) can thus easily allow several
SoS images per second frame rate, making CUTE promising as an addition to real-
time handheld US.

In summary, the new model is an important step towards quantitative clinical hand-
held reflection-mode SoS imaging. Thanks to the fast angle scanning of US systems
and the low computational cost of CUTE, quantitative SoS images can be routinely
displayed in parallel to conventional B-mode US. CUTE therefore can be used to
image the SoS in any organ that can be examined using echo US. Furthermore, a
more accurate estimation of the spatial distribution of SoS using the proposed new
model will benefit an improved correction of conventional B-mode US images for
SoS-related aberrations 38, 39]. Apart from hepatic imaging for diagnosing steato-
sis, another promising target is the female breast with the goal to improve breast
cancer diagnostics. Whereas using a linear probe is suitable for e.g. breast imag-
ing, transabdominal hepatic imaging is conventionally performed using curvilinear
probes operating at lower frequencies. The presented methodology can readily be
adapted to such probes, however, the disadvantage of a curvilinear probe compared
to a linear one is the smaller angle range that can be used for Tx/Rx beamsteering,
as the same grid node is within the acceptance angle of a smaller number of elements
when these elements are pointing into diverging directions. Also, the ratio between
the probe aperture length and the required depth range for full liver imaging limits
the available angle range, resulting in reduced axial resolution in comparison to su-
perficial tissue. In situations where one is interested in a local average quantitative
reading rather than a spatially resolved distribution of SoS, the low axial resolution
may not be important. In situations where the lack of spatial resolution becomes
a problem, using a very large aperture linear array probe instead of a curved one
could be a viable solution for hepatic imaging.

CUTE is based on phase tracking and thus sensitive to motion artifacts. Our in
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vivo experience though shows that robust SoS images can be easily obtained when
following a conventional breath hold procedure. When imaging near or inside a
large blood vessel, however, blood flow and tissue clutter inhibit phase tracking and
may cause So5 artefacts in the reconstruction. To overcome this limitation, we have
already proposed a technique [53] where the first order echoes from the moving blood
cells are separated from the static echo clutter via a clutter wall filter as in Doppler
flow imaging. This technique extends the application of CUTE also to arteries, e.g.
for the assessment of plaque inside the carotid artery and may also further improve
liver imaging, since it can reduce SoS artefacts which may occur around hepatic

veins.
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Chapter 3

Bayesian approach for a robust speed-of-sound reconstruction

using pulse-echo ultrasound

PATRICK STAHLI', MARTIN FRENZ!, MICHAEL JAEGER!
Abstract

Computed ultrasound tomography in echo mode (CUTE) is a promising ultrasound
(US) based multi-modal technique that allows to image the spatial distribution of
speed of sound (SoS) inside tissue using hand-held pulse-echo US. It is based on
measuring the phase shift of echoes when detected under varying steering angles.
The SoS is then reconstructed using a regularized inversion of a forward model that
describes the relation between the SoS and echo phase shift. Promising results were
obtained in phantoms when using a Tikhonov-type regularization of the spatial gra-
dient (SG) of SoS. In-vivo, however, clutter and aberration lead to an increased
phase noise. In many subjects, this phase noise causes strong artifacts in the SoS
image when using the SG regularization. To solve this shortcoming, we propose to
use a Bayesian framework for the inverse calculation, which includes a priori statis-
tical properties of the spatial distribution of the SoS to avoid noise-related artifacts
in the SoS images. In this study, the a prior: model is based on segmenting the
B-Mode image. We show in a simulation and phantom study that this approach
leads to SoS images that are much more stable against phase noise compared to the
SG regularization. In a preliminary in-vivo study, a reproducibility in the range of
10 ms~! was achieved when imaging the SoS of a volunteer’s liver from different
scanning locations. These results demonstrate the diagnostic potential of CUTE for

example for the staging of fatty liver disease.

The work presented in this chapter has been submitted to IEEE Transaction on

Medical Imaging in March 2020. The revision is currently in process.

Institute of Applied Physics, University of Bern, Sidlerstrasse 5, 3012 Bern, Switzerland



3.1 Introduction

Classical gray scale B-Mode ultrasound (US) determines the tissue’s echogenicity
and displays it in a spatially resolved way. In that way, it allows the evaluation
of various traumatic and pathologic conditions and is therefore routinely used in
today’s clinical diagnostic practice. However, US often suffers from non-specific
contrast and low sensitivity for certain disease types [1-3]. To improve its diagnostic
accuracy, much effort has been placed in recent years in developing new ultrasound-
based multi-modal approaches that complement classical gray scale B-Mode images
with additional functional and structural information [4-13].

Speed-of-sound (SoS) imaging is a promising candidate to further improve US based
diagnosis. It allows the identification of disease-related alterations of tissue com-
position and structure, based on their influence on the speed at which US prop-
agates through tissue. SoS imaging can be divided into two categories: through-
transmission and reflection mode imaging. Through-transmission techniques recon-
struct the spatial distribution of SoS by analysing US transmitted through the tissue
from various different angles. Breast ultrasound tomography demonstrates impres-
sively the diagnostic potential of through transmission SoS imaging on the example
of breast cancer diagnosis [14-16]. Although breast UCT yields quantitative SoS
images with high spatial and contrast resolution, it requires a bulky stand-alone
system and an acoustically transparent target, which limits it’s application mainly
to the female breast.

In contrast, SoS imaging in reflection mode has the advantage that it provides all the
flexibility of conventional US. Thus, implementation in a state-of-the art equipment
would allow to image the SoS distribution in any part of the human body. Therefore,
it could extend the applicability of SoS imaging to e.g the diagnosis of cancer other
than in the breast, the assessment of fatty liver disease, or the characterization of
plaque composition inside large blood vessels. Various approaches that estimate the
spatial distribution of SoS based on pulse-echo signals have been investigated so
far [17-23]. Quantitative reflection mode determination of average SoS (as opposed
to imaging) has been demonstrated in the liver in vivo [24], proving the diagnostic
value of SoS in the example of fatty liver disease [25].

Recently, we have developed a reflection-mode technique called computed ultra-
sound tomography in echo mode (CUTE) that allows handheld imaging of the spa-
tial distribution of SoS in real time[26]. The working principle of CUTE is as
follows: radio-frequency (rf) mode US images are beamformed (using e.g. conven-
tional delay-and-sum algorithm) under a set of various different transmit (Tx) and
receive (Rx) angles. The deviation of the true SoS from the SoS that is assumed for
beamforming results in a mismatch between the actual and anticipated round trip

time of US propagation (henceforth termed ’aberration delay’). Detecting echoes
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under varying angles of US transmission and reception leads to a changing value of
the aberration delay which is in turn reflected in a phase shift of the detected echos.
This phase shift can be quantified in a spatially resolved way by using e.g. Loupas or
Kasai type phase correlation [27, 28|. A forward model [29] relates these measured
echo-phase shifts to the spatial distribution of local SoS, which can be derived by
solving the inverse problem. One of the difficulties that arises when solving such
inverse problems is that small variations in the inputs (e.g. caused by measurement
noise) can cause large changes in the solution [30]. To stabilize the solution, some
sort of regularization must be included in the inverse problem formulation to give
preference to a particular solution with desirable properties, where the meaning of
desirable properties is defined a priori. A Tikhonov type regularization of the spatial
gradient (SG) of SoS was used in previous studies |29, 31|, based on the expectation
that the distribution of SoS inside a tissue is smooth and does not vary strongly on
a short spatial scale. Promising results were achieved in phantom studies using this
technique [29]. In-vivo, however, clutter and aberration often lead to an increased
phase noise compared to phantoms, resulting in detrimental artifacts. Even worse,
since the spatial distribution of this phase noise changes when changing the trans-
ducer position, the SoS images not only suffer from a high level of artifacts but are
also not reproducible when imaging an organ (e.g. the liver) from different scanning

locations.

To solve this shortcoming, we propose to use a Bayesian framework for the inverse
calculation, as frequently applied in geophysical inverse theories [30, 32-35]. One
of the advantages of the Bayesian framework is that it provides an intuitive and
practical way to include a physically motivated a prior: statistical model about the
distribution of SoS into the formulation of the inverse calculation. Promising results
have been reported using this approach in US through-transmission tomography,
where it improves axial resolution when only a limited set of angles are available
[36].

In this study, the a prior: information is derived from the B-Mode images and
encoded in a covariance matrix that gives a statistical description of the range and
spatial correlation of the expected spatial distribution of SoS. This covariance matrix
then acts as a regularization term to stabilize the solution of the inverse problem. Tt
turns out that this approach makes the SoS reconstruction less prone to noise and

thus leads to more reproducible SoS images compared to the SG regularization.

Building on [37], this study evaluates and compares the performance of both regu-
larization approaches in simulation as well as phantom experiments. In preparation
of one of our target clinical applications, and to demonstrate the benefit of the
Bayesian approach also in-vivo, the regularization techniques are also compared in
an exemplary in-vivo scenario, imaging the abdominal wall and liver tissue of a

healthy volunteer.
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3.2 DMaterials and Methods

As in previous studies, CUTE was implemented using plane-wave pulse-echo rf-data
that are acquired and beamformed (using delay-and-sum together with coherent
plane-wave compounding) for a set of various different transmit (Tx) and receive
(Rx) angles. Applying the common-mid-angle approach with the same experimental
parameters as outlined in [29], maps of local echo-phase shift are then determined
between angle combinations (Tx: ¢, = ¢n11, Rx: 1, — 1y,,_1) for angles (¢ , 9)
ranging from -25° to 25° in 10° steps.

a) Phantom b) In-vivo
OG> Pni1 -25°>-15° > -5° > 5° —» 150259 On—>Pp 1 -25°>-15° > -5° — 5° —» 15°—»259 [rad]
-25° e -25°
t t s
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-5° 1
wm—l
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A -2
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Figure 3.1: Exemplary echo-phase shift maps determined between angle combinations (Tx: ¢, —
Ont1, Rx: ¥y, — 1) for angles (¢ , 1) ranging from -25° to 25° in 10° steps for a) a phantom
mimicking the abdominal wall and liver tissue (see Fig. 3.3a) and b) imaging the liver through the
abdominal wall for a healthy volunteer (scanning location A, see Fig. 3.3b)

Fig. 3.1 shows exemplary the echo-phase shift maps determined in a phantom
mimicking the abdominal wall and liver tissue (see section 3.2.4, Phantom C) and
when imaging the liver of a healthy volunteer through the abdominal wall (see
section 3.3.3, scanning location A). Due to the similarity of the spatial distribution
of SoS between the phantom and the in-vivo scenario, also the phase shift maps look
similar. However, the phase shift maps determined in-vivo are contaminated by a
higher level of phase noise.

The SoS is reconstructed by relating — via a froward model M [29] — the vectorized
echo phase shift maps A© to the vectorized distribution of slowness deviation As, i.e.
the difference between the actual slowness (inverse SoS) and the reference slowness
that is used for beamforming. Assuming that sound propagation follows the straight-
ray approximation, this forward model is linear and can thus be formulated in matrix

notation:

AO = MAs + ¢ (3.1)

¢ describes the measurement noise that contaminates the echo-phase shift maps as

indicated in Fig. 3.1. In the following, two different approaches are described and

64



investigated that estimate As based on Eq. 3.1.

3.2.1 SoS reconstruction based on spatial gradient regular-

ization

Since M is poorly-conditioned and AO steadily contaminated by noise, Eq. 3.1 is
not expected to have an exact solution. Instead, an objective function L(As) via

the squared L2 norm of the residuals is formulated:
L(As) = |A® — MAs||3 + | TAs||3 (3.2)

The second term on the right-hand side of the Eq. 3.2 denotes the regularization
term that prevents the estimated slowness deviation to be unduly sensitive to noise-
related variations in the measurement data vector AG. By minimizing the objective

function L(As), it follows that the estimated slowness deviation As is given by:

—

As = (M™™M +T)"™ M”26 (3.3)

The estimated SoS ¢ is finally recovered from the estimated slowness deviation As

according to:

1\ ! _
¢ = (AS + —) >~ ¢y — cpAs (3.4)

Co
where ¢y designates the anticipated SoS that is used for beamforming.
In line with previous studies|29, 31|, the regularization matrix T is based on finite
difference operators in x and z direction with independent regularization parameters
Yz and
T =+D,D, ++’D!D. (3.5)

The finite difference regularization enforces a smooth slowness profile of the to-be

reconstructed slowness without imposing a constraint on the mean slowness.

3.2.2 SoS reconstruction using a priori knowledge

Whereas the previously described parameter estimation of As was based on a purely
algebraic framework, it can also be derived based on a Bayesian interpretation of the
forward problem, as has been thoroughly developed in [30] and described in great
detail in |38]. Based on Bayes’ theorem, the posterior probability density P(As|A©)
is the probability of the parameters As given the evidence A©:

P(As|AB®) x P(As)P(AB|As) (3.6)
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In this study, a Gaussian a priori probability distribution P(As) that is centred

upon a mean value As, with a covariance matrix C,; is assumed.
1
P(As) o exp {—ﬁ(As — As,)'Cyl(As — Asp)l (3.7)

Further, it is assumed that the noise € is also Gaussian in form with a covariance

matrix Cy, centred upon the prediction of the forward model.
1
P(A© | As) x exp [_ﬁ(A@ — MAs)T'CH(AO — MAS)] (3.8)

It is then possible to show that the posterior probability distribution for the model

parameters As is [38]:
P(As | AO) x exp {—%(As — As)TC Y (As — &)] (3.9)

where C denotes the posterior covariance matrix.
¢=M"CyM+C;l) 7 (3.10)

Since the posterior distribution is Gaussian, the most likely solution to the inverse

problem is given by the mean of the posterior distribution As:

As = As, + CMTCR{(AO — MAs,) (3.11)

The estimation of the slowness deviation in Eq. 3.11 allows to conveniently include
statistical a priori knowledge. Uncertainties associated with the forward modelling
procedure (e.g. model discretization errors or uncertainties in the data as e.g. am-
bient noise) can in principle be included in the noise covariance matrix Cy. In this
study, however, we assume that the forward model has no uncertainties and that
the ambient noise is uncorrelated. This leads to Cn being a diagonal matrix with
all diagonal elements equal to an identical value 0% that describes the noise level in
the data.

As, denotes the a priori mean of the slowness deviation As. In this study, we
assume that As, is 0 everywhere, i.e. the a priori favored solution for the SoS is
equal to co.

The covariance matrix C,; allows to include a statistical a priori model about the
inter-pixel correlation of SoS. Such a priori knowledge can be derived from the B-
Mode image that is reconstructed in parallel to CUTE. To generate the covariance
matrix Cyg, the B-Mode image is in a first step segmented into N regions within
which a correlation of the SoS is expected. In the present study this segmentation

is performed by visual inspection. For example, the B-Mode image shown in Fig.
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3.2a is segmented into N = 4 regions representing the subcutaneous fat layer (SF),
the rectus abdominis muscle (M), the post peritoneal fat layer (PF) and the liver
(L). For each segment k, a segmentation matrix Ry is created where the entries are
set to a value r within the segments and 0 outside (see Fig. 3.2 b). From these

segmentation matrices, a correlation matrix K is generated:

N=4

K= Z vec(Ry,)vec(Ry)T (3.12)

k=1

In K, the elements p(i,j) = r? denote the expected correlation of SoS between
pixels ¢ and j. Since the segments are generated with the purpose to represent
different tissue regions, typically a high correlation of SoS is expected within a
segment. Therefore, whenever nothing else is mentioned, p was set to 0.9 for the
intra-segment correlation (r = /0.9). Note that the correlation between pixels across

different segments is 0 (per the definition of K via the matrices R) .

Finally, the covariance matrix Cy; is formulated as follows:

o2 ifi=j

Cu (i,7) = (3.13)
K(i,j)oZ else

Note that the case i = j in Eq. 3.13 accounts for the fact that the correlation of a
pixel with itself is 1. og designates the average variation of the estimated slowness
deviation As from the a priori slowness deviation As,. og is expressed in the units

of slowness but can be related to the more intuitive unit of SoS by using Eq. 3.4:

oc X osc] (3.14)
a) b) c)
B-mode Segmentation Ry Covariance Matrix C,
[ il — 0% P120% P130%  ees ]
0 0
210 7% e
r 0 p310% p320% Ug
0
r : : :

Figure 3.2: Sketch of the segmentation process: (a) The B-Mode image is segmented by hand into
the different tissue regions within which a correlated SoS is expected. Here, the segments represent
the subcutaneous fat layer (SF), the rectus abdominis muscle (M), the post peritoneal fat layer
(PF) and the liver(L). (b) Each k-th segment is represented in a corresponding segmentation matrix
Ry, where the entries are set to a value r within the segments and 0 outside. (c) The Ry, are then
used to construct the covariance matrix C,,, where the expected correlation between pixels is
described by the coefficient p = r2. In case of no correlation of SoS (not in the same segment), the
correlation coefficient p is 0. og describes the expected average variation of the slowness deviation
from a priori slowness deviation As,,.
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The a prior: information that is encoded into the parameter estimation is considered
"soft" because it does not force the estimated slowness deviation inside a segment to
be constant. Rather, SoS variations within the predefined segments are regularized,
but not across the boundaries. Thus, in line with e.g. [39-41], we refer to this

regularization as "soft-prior regularization", i.e. "SP regularization".

3.2.3 Synthetic dataset

The two regularization methods were compared in a simulation study that contained
various digital phantoms (DP) of different geometries (see. Fig. 3.5 top row). DP
1 to DP 4 represent phantoms with inclusions of different shapes (SoS 1570 ms™1)
embedded in a homogeneous background (SoS 1540 ms™'). DP 5 to 8 mimic layered
structures as one would expect when scanning the liver through the abdomen. In
DP 5 and 6, the SoS of the top layer was 1490 ms™' (mimicking fat tissue) and the
SoS of the bottom layer 1570 ms™! (mimicking liver tissue). In addition to DP 5 and
6, DP 7 and 8 contained a triangular shaped layer embedded into the top layer with
a SoS of 1585 ms™! (mimicking muscle tissue). Further, DP 5 and 8 contained a
circular inclusion embedded in the bottom layer with a SoS of 1600 ms™! (mimicking
a cancer).

Simulation of the echo shift that would be caused by these phantoms was based
on determining the aberration delay using the hybrid angular spectrum approach
[42], and on linking the aberration delay to echo shift using the forward model de-
scribed in [29]. The advantage of the hybrid angular spectrum approach compared
to other approaches is that — while being computationally efficient — it accounts
for refraction/diffraction. This allows one to observe whether specific artefacts are
to be expected due to the deviation of true sound propagation from the straight-
ray approximation used in SoS reconstruction. The phase noise that is typically
observed in-vivo was mimicked by adding uncorrelated phase shift variations, fol-
lowing a Gaussian distribution with a standard deviation of 0.9 rad and a mean of
0 rad. In-vivo, however, the phase noise that contaminates the phase shift might
change during examination (e.g. when changing the transducer position slightly).
To mimic this situation, three different realizations of the synthetic phase noise were

generated, henceforth termed as noise 1 to 3.

3.2.4 Phantom design

The goal of the phantom study was to investigate the performance of both regu-
larization approaches in a scenario mimicking an actual clinical application, namely
imaging the liver through the abdominal wall, but where the actual ground truth

of the SoS distribution is known. For this purpose, three phantoms that mimic the
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abdominal wall and liver tissue were produced. These phantoms were composed of
the following compartments: a subcutaneous fat-mimicking layer (C1), a triangular-
shaped muscle-mimicking layer (C2) and a post peritoneal fat-mimicking layer (C3),
stacked on top of a liver-mimicking compartment (C44 g ). These liver-mimicking
compartments exhibit various different SoS values (see Fig. 3.3a) that simulate the
decrease of SoS due to the increase of the liver fat fraction at different stages of
fatty liver disease. The individual phantom compartments were based on porcine
gelatin (Geistlich Spezial Gelatine, health and life AG, Switzerland). Three different
gelatin base solutions were prepared by dissolving 10, 20 and 30 wt% porcine gelatin
in H,O at a temperature of 75° C. To provide a diffuse echogenecity, 2 wt% cellu-
lose (Sigmacell Cellulose Type 20, Sigma Aldrich, Switzerland) were mixed into the
base solutions. The muscle compartment (C2) was produced from the 30 wt% base

solution, providing a SoS of 1585 ms™*

after gelling at room temperature (21 °C).
Three different liver compartments (C44 5 ) were produced from the three different
base solutions, resulting in a SoS (after gelling at room temperature) of 1525 ms™!,
1555 ms~! and 1585 ms™!, respectively. To mimic the fat compartments in the
abdominal wall, medium-chain triglycerides (MCT) oil (Ceres-MCT Oil, Puravita,
Switzerland, SoS = 1350 ms™!) was slowly blended under the gelatine base solution
(20 wt%, not gelled yet, at a temperature of 65 ° C). During this process, an oil
in gelatin emulsion was formed [43-46]. After gelling, the oil droplets were trapped
within the gelatine matrix. The final SoS of such an emulsion is determined by the
emulsion’s relative MCT oil weight content, in this study 0.33 wt%, resulting in a
SoS of 1490 ms™! (at room temperature). The mentioned reference SoS values were
determined with a through-transmission time-of-flight set-up, having an accuracy of
+ 5 ms

3.2.5 In-vivo data

The two regularization techniques were examined in an exemplary case of imag-
ing the liver of a healthy volunteer (male, age 31, in compliance with the ethical
principles of the Declaration of Helsinki 2018). In comparison to the simulation and
phantom study where the performance of the regularization approaches was assessed
by comparing the SoS images to a ground truth, no such reference exists for the liver
in the investigated in-vivo scenario. Instead, the reproducability of the SoS images

was investigated by imaging the liver from various different scanning locations (see.
Fig. 3.3b).

3.2.6 Ultrasound system

For the experimental study, a Vantage 64 LE (Verasonics Inc., WA, USA) research
US system in combination with an L.7-4 linear vascular probe (ATL Philips, WA,
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Figure 3.3: (a) Sketch of the phantom geometry mimicking the abdominal wall and liver tissue:
subcutaneous fat mimicking layer (C1, SoS = 1490 ms~! ), triangular shaped muscle (C2, SoS
= 1585 ms~!), post peritoneal fat layer (C3, SoS = 1490 ms~!), liver mimicking compartment
(C44 .c, SoS = [1525 ms™!, 1555 ms™! and 1585 ms™']). (b) Sketch of the different scanning
locations from where the liver was accessed.

USA) was used for the pulse-echo signal acquisition. The probe features a band-
width from 4 to 7 MHz with 5 MHz center frequency, 128 elements at 0.29 mm pitch
resulting in an aperture length of 38.4 mm. The system was connected via a PCI
Express link to a host computer, facilitating real time data transfer. For the acqui-
sition of plane wave pulse-echo data, a dedicated scan sequence was implemented as
described in detail in [29]. In this study, the acquired data were stored on the host
computer for an off-line SoS reconstruction that was implemented in MATLAB®
(MathWorks inc.).

3.3 Results

3.3.1 Simulation study

In both regularization methods, the outcome can be tuned via the choice of the
regularization parameters. The choice of the regularization parameters is therefore
crucial in view of a comparison between the two methods. For a fair comparison, we
have chosen to use for each regularization method the 'optimal’ set of parameters
that minimizes the root-mean-square error metric.

The optimization analysis was performed as a grid search by reconstructing SoS
images for all DP’s and noise realizations (see Sec. 3.2.3) with a variety of regular-
ization parameter settings. The averaged RMSE (over all DP’s and noise realiza-
tions) as a function of regularization parameter values are shown in Fig. 3.4. The
smallest RMSE are marked with a yellow cross and the corresponding parameters
are summarized in table 3.1.

The SoS images of all DP’s and noise realizations reconstructed with these sets of
optimal regularization parameters are shown in Fig. 3.5.

The SoS images that were reconstructed with the SG regularization show strong
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Table 3.1: Regularization parameters that lead to the smallest mean RMSE among all DP’s and
noise realizations.

Optimal

regularization parameters | Mean RMSE

Spatial gradient Vo = 84.1, v, = 17.6 10.89 ms~!

Soft-prior oc =50ms !, oy = 1.5rad | 3.42 ms™!

Spatial gradient regularization Soft-prior regularization

N
o
N
o

-
w
=
w

RMSE [ms™]
-
o

RMSE [ms™]
=
o

Figure 3.4: Mean RMSE over all DP’s and noise realizations as a function of regularization pa-
rameters. The sets of parameters that lead to the smallest mean RMSE are marked with yellow
Crosses.

artifacts in all DP’s. These artifacts mimic SoS variations that bias the ground truth
and further impede an unambiguous identification of the SoS inclusions. The spatial
distribution of these artifactual SoS variations changes among the different noise
realizations but is rather constant across the different DP geometries. Further, the
mean SoS within the segments are strongly influenced by the phase noise: whereas
e.g. the mean SoS of the liver mimicking segment in the DP’s 5 to 8 deviate only
little from the ground truth with noise 1, they strongly deviate in the case of noise
3. Similarly in DP 1 to 4, the SoS underneath the inclusions deviates most strongly
from the ground truth in case of noise 3.

A disadvantage of the spatial gradient regularization is that it results in a trade-off
between a smooth SoS distribution inside compartments and a high spatial reso-
lution across compartment boundaries. In situations with strong phase noise, a
relatively strong regularization is needed to suppress high frequency artifacts (i.e.
to enforce a smooth SoS distribution). Such strong regularization, however, results
in a reduced spatial resolution of the reconstructed image. This effect is strongly
pronounced in DP’s 5 to 8: the strong regularization that was needed to minimize
RMSE by enforcing smooth SoS distributions inside the individual compartments

lead to blurred transitions across different compartments.

Contrary to the SG regularization, the SP regularization allows to minimize SoS

71



DP6 DP7 DP8

...--==m°

Ground
truth

1600

Noise 1

? \

Spatial gradient regularization
Noise 2

(a2]
Q
@
: ----
=2
=1 1520
— 1
Q
"
S z
S
©
N
[ ™
i) |
3 N |
g 3
S
o
&
[}
n m |
Q
wn
=2
|

Figure 3.5: Simulation results: SoS images reconstructed with both regularization methods using
the optimal set of regularization parameters and three different realizations of the phase noise.
The top row shows the ground truth.

variations within the individual compartments without blurring transitions across
boundaries. This results in a minimum RMSE that is more than a factor of 3 smaller
in comparison to the SG regularization (see table. 3.1). Furthermore, all the SoS
images reconstructed with the SP regularization agree well with the ground truth

and show hardly any differences across the different synthetic phase noises.

So far, we assumed that the location and shape of the inclusion is a priori known so
that it can be properly segmented. In an actual clinical scenario, however, a region
of SoS contrast might not be clearly visible in the B-Mode image and is therefore
potentially missed in the segmentation. To investigate such a case, the SoS images
were again reconstructed (including phase noise 3) using the SP regularization but
without segmenting the inclusions (see Fig. 3.6 top row). As described in Materials
and Methods, the SP regularization includes a coefficient p that describes the cor-
relation of SoS between two pixels within the same segment. So far, this coefficient
was set to 0.9 to enforce a high correlation and therefore a smooth SoS distribution.
In the following situation (see Fig. 3.6), the influence of the correlation parameter p

on the SoS images is investigated by using various values of p between 0.5 and 0.99.
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Figure 3.6: Simulation results: SoS images reconstructed with the SP regularization without seg-
menting the inclusions. The top row shows the ground truth, where the black dashed lines indicate
the segmentation. The SoS images were reconstructed with different values for the correlation
coefficient p, based on the simulated phase shift maps including artificial phase noise 3.

The SoS images (see Fig 3.6) show that — even though the inclusions were not
included as part of the a priori knowledge — their influence on the SoS image is
well visible for most of the DP’s. However, for p close to 1, the SoS images show a
very bad axial resolution. Consequently, the inclusions in DP2 and DP4 are barely
visible because they are bounded mainly by horizontal boundaries. On the contrary,
the good visibility of the inclusions in DP 1,3,6 and 8 relays on the good lateral
resolution and the low level of artifacts.

A value for p of 0.5 results in SoS images with a better axial resolution. This results
in a better visibility of the inclusions in DP2 and DP4. On the other hand, an

increased level of artifacts is observed in all DP’s for such a value of p.

3.3.2 Phantom results

As described in Materials and Methods, three phantoms were investigated that
mimic the abdominal wall and the liver tissue with various different liver SoS. The
corresponding B-Mode images are shown in Fig. 3.7a (top row). The red lines
indicate the segments that were identified for the SP regularization. The phase
shift maps of these phantoms are contaminated only by a low level of phase noise
(henceforth referred as 'low noise’) (see Fig. 3.1a). In-vivo, however, a higher level
of phase noise is typically observed, potentially due to a higher amount of multiple
scattering processes and SoS inhomogeneities in the sub-resolution range (see Fig.
3.1b). To closely mimic the in-vivo scenario, SoS images were not only reconstructed
with low noise but also after adding artificially generated phase noise (henceforth
referred as ’strong noise’).

The digital phantoms that were used for the optimization analysis in section 3.3.1
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Table 3.2: Regularization parameters that lead to the smallest mean RMSE among all phantoms
and phase noises.

Optimal

regularization parameters | Mean RMSE

Spatial gradient Ve = 56.3, 7, = 1.43 19.17 ms~!

Loy =15rad | 6.17 ms™!

Soft-prior oc = 30 ms™

contained not only layered but also inclusion structures. In the following, however,
we specifically focus on layered samples, in view of the clinical application of liver
imaging. For this reason, the optimal parameters found for the DP’s are not nec-
essarily representative for the phantom study. Therefore, a parameter optimization
was again performed with the purpose to find the optimal set of regularization pa-
rameters for this particular scenario. To do so, a grid search was carried out with
the goal to find the set of regularization parameters that lead to SoS images with
the smallest mean RMSE over all phantoms and both, the low and high noise sit-
uation. Thereby, the RMSE was determined relative to the ground truth given by
the known spatial distribution of the compartments seen on the B-mode images,
in combination with the reference SoS values of the different compartments. The
sets of optimal parameters are summarized in table 3.2. The SoS images that were
reconstructed with this set of optimal parameters are shown in Fig 3.7 a). To aid
a more quantitative assessment of the reconstructed SoS images, the mean SoS and
standard deviation of each segment are shown in Fig. 3.7 b).

In the case of low phase noise, both regularization approaches result in SoS images
that represent the true SoS distribution fairly well. The SG regularization, how-
ever, leads to a higher variation of SoS inside the different segments, reflected by
the larger standard deviation in Fig. 3.7 b). With the SG regularization, the high
noise leads to an increase in the level of artifacts, most pronounced in the L. com-
partment. Furthermore, the stronger phase noise also biases the mean SoS of the
various compartments, most pronounced in the L. compartment of phantom 1 and
the M compartment in all phantoms.

On the contrary, in case of the SP regularization, the reconstructed SoS agrees very

well with the ground truth, independent of the phase noise.

3.3.3 In-vivo results

Since no ground truth SoS is available in-vivo, an optimization study to find the op-
timal regularization parameters as it has been done in the simulation and phantom
experiments is difficult. Anyhow, since we explicitly designed the phantom exper-

iment (geometry, SoS contrast, mimicked phase noise) similar to what we expect
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Figure 3.7: Phantom results: a) The top row shows the B-Mode images where the red lines indicate
the segmentations that were used for the SP regularization. The SoS images were reconstructed
with only the measured phase noise (low noise) and when adding artificially generated phase noise
(high noise) to closely mimic the in-vivo scenario. b) Mean and standard deviation evaluated
within individual segments.

also in-vivo, the regularization parameters were chosen equal to the parameters that
were already used in the phantom study (see table. 3.2).

To investigate whether artifacts in the SoS images are caused by phase noise or
by the anatomical structure e.g. via violation of the straight-ray approximation,
the liver was imaged three times for each scanning location, but with a slightly
changed transducer position. The corresponding B-Mode images are shown in Fig.
3.8a, where the red lines indicate the segmentations that were used for the SP
regularization. The SoS images reconstructed with the SG and SP regularization
are shown directly below the B-Mode images. To aid a quantitative comparison
between the SoS images, the mean SoS values inside the liver were evaluated and
summarized in Fig. 3.8b. The standard deviations of the liver SoS of each scanning
location are represented by error bars.

In case of the SG regularization, the SoS distribution inside the liver is highly non-
uniform. Furthermore, the SoS distribution not only varies between different scan-
ning locations, but also within the same scanning location (but slightly shifted trans-
ducer position). Fig. 3.8b reveals that the liver's mean SoS is scattered in a range
of about 40 ms~! among the different SoS images.

In contrast, SoS images reconstructed with the SP regularization show uniform
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SoS distribution inside the liver, as one would expect in a healthy volunteer. Fur-
thermore, the mean SoS of the liver is more consistent among the different scans,

scattered in a smaller range of only about 10 ms™! (see Fig. 3.8b bottom).
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Figure 3.8: a) In-vivo SoS images when accessing the liver from four different scanning locations.
At each scanning location, three images were acquired with a slightly changed transducer position.
The segmentation that were used for the SP regularization are indicated in the B-Mode images by
the red dashed lines. b) Mean SoS and standard deviation of the liver (L) from different scanning
location.

3.4 Discussion and Conclusion

In this study, we have shown that the phase noise that is typically observed in-vivo
leads to strong artifacts in the SoS images when using a Tikhonov-type regularization
of the spatial gradient (SG) for solving the inverse problem. This often leads to SoS
images that are not reproducible, when for example repeatedly imaging the same
tissue region, and thus makes quantitative interpretation difficult. To overcome
this shortcoming, we proposed to use a Bayesian framework for solving the inverse
problem. One of the advantages of the Bayesian framework is that it provides a
convenient and intuitive way to include an a priori statistical model about the
distribution of SoS. We have shown in the simulation, phantom experiment and in
a first in-vivo study that including geometrical a priori information leads to SoS
images that are less noise-sensitive and thus is a key step towards quantitative and
reproducible SoS imaging in echo-mode.

A further disadvantage of the SG regularization is that it acts across tissue bound-

aries. This results in a trade-off between a smooth SoS distribution inside tissue
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compartments and a high spatial resolution across tissue compartment boundaries.
In contrast, the SP regularization acts only within predefined regions and thus allows
to minimize SoS variations within predefined regions while retaining good spatial

resolution of tissue boundaries in the SoS image.

The a priori information that was used for the SP regularization was derived from
the B-Mode images, by visually segmenting the different tissue regions. In phantoms,
segmentation was not difficult since they consisted of well defined compartments.
In-vivo, however, clutter and aberration might result in B-Mode images where a
proper identification of certain tissue regions, such as e.g. cancer, turns out to be
difficult. The simulations nevertheless revealed that even SoS inhomogeneities that
are not included into the a priori information can be reconstructed by explicitly
allowing pixel-wise SoS variations via the correlation coefficient p. On the other
hand, a decreased pixel-wise correlation results in SoS images that are more prone
to phase noise. This drawback could be circumvented by reducing the phase noise in
a first place. Possible approaches might be to use already established techniques that
increase the B-Mode image quality such as for example frequency compounding or
second harmonic imaging. Recently, an approach has been proposed that focuses at
distinct points in emission and reception to build a reflection matrix containing the
impulse responses between a set of virtual transducers mapping the entire medium
[47]. This allows to apply a local focusing criterion that enables to evaluate the
image quality anywhere inside the medium. This approach might be used to identify
image regions within which noise is predominant and therefore, no relevant phase
information is available. These regions could then be excluded in the formulation of

the forward model.

In a clinical situation, the accuracy of the segmentation could be improved if high
resolution images obtained from other modalities such as computer tomography of

magnetic resonance imaging can be used as a priori knowledge.

One important assumption made in this study was the straight ray approximation
of US propagation. Although this assumption neglects diffraction and refraction
effects, our results demonstrate that the straight ray approximation was reasonable
in the sense that correct quantitative results could be obtained. The straight ray
approximation has, however, the invaluable advantage that the forward model is
linear and can be formulated in matrix notation. Thus, real-time imaging can be
obtained when using the SG regularization by pre-calculating the computationally
expensive term (MM + yDTD)™, In the SP approach, a pre-calculation of the
posterior covariance matrix is more difficult since it depends on the tissue segmen-
tation which is in principle only available at the time of data acquisition. A possible
solution would be the use of a set of posterior covariance matrices, pre-calculated
for a set of pre-defined segmentations, with an automated choice based on e.g. a

machine learning approach.
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Although further clinical evidence is required to draw medically relevant conclusions,
the high accuracy of the SoS reconstruction in the phantom results as well as the
reproducibility in the in-vivo results are very promising for the diagnosis of fatty liver
disease. It has been reported that the mean liver SoS decreases on average by about
40 ms~! in a liver having steatosis of grade 1 (according to the Brunt scale) compared
to a healthy liver [24, 25|. This underlines the value of the SP regularization for
improving the diagnostic sensitivity of CUTE in fatty liver disease. Apart from liver
imaging, a broad range of potential applications for CUTE can be envisaged, as e.g.

the diagnosis of cancer or the assessment of plaque inside the carotid artery.
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Chapter 4

Receive beam steering and clutter reduction for imaging the

speed-of-sound inside the carotid artery

MAJU KURIAKOSE!, JAN-WILLEM MULLER?, PATRICK STAHLI!, MARTIN
FRENZ! AND MICHAEL JAEGER!

Abstract

Handheld imaging of the tissue’s speed-of-sound (SoS) is a promising multimodal
addition to diagnostic ultrasonography for the examination of tissue composition.
Computed ultrasound tomography in echo mode (CUTE) probes the spatial dis-
tribution of SoS, conventionally via scanning the tissue under a varying angle of
ultrasound transmission, and quantifying — in a spatially resolved way — phase vari-
ations of the beamformed echoes. So far, this technique is not applicable to imaging
the lumen of vessels, where blood flow and tissue clutter inhibit phase tracking of
the blood echoes. With the goal to enable the assessment of atherosclerotic plaque
composition inside the carotid artery, we propose two modifications to CUTE: (a)
receive (Rx) beam-steering as opposed to transmit (Tx) beam-steering to increase
acquisition speed and to reduce flow-related phase decorrelation, and (b) pairwise
subtraction of data obtained from repetitions of the scan sequence, to highlight
blood echoes relative to static echo clutter and thus enable phase tracking of blood
echoes. These modifications were tested in a phantom study, where the echogenicity
of the vessel lumen was chosen similar to the one of the background medium, which
allows a direct comparison of SoS images obtained with the different techniques.
Our results demonstrate that the combination of Rx-steering with the subtraction
technique results in a SoS image of the same quality as obtained with conventional
Tx-steering. Together with the improved acquisition speed this makes the proposed

technique a key step towards successful imaging of the SoS inside the carotid artery.

The work presented in this chapter has been published in the Journal of Imaging in
2018. doi:10.3390/jimaging4120145.
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4.1 Introduction

Reliable imaging techniques for non-invasive tissue characterization are important in
clinical practice for the accurate assessment of pathological and physiological abnor-
malities. For this purpose, multimodal imaging is often preferred over single mode
imaging because it provides complementary information on a variety of different
tissue parameters. On the downside, multimodal imaging can be expensive, time
consuming, tedious for patients, and can suffer from image registration problems
that limit the diagnostic accuracy. A promising way to overcome such drawbacks
is by using a single imaging device, and extract complementary multimodal infor-
mation via different ways of data acquisition/processing. Echo ultrasound (US) is
already used as quick, simple and cost-effective imaging technique in many areas.
To improve the diagnostic accuracy in a multimodal approach, it has recently been
combined with US elastography, which allows analyzing the tissue’s elastic proper-
ties [1-4]|. Optoacoustic imaging, which shows blood oxygen saturation [5-7], lipid
pools [8, 9] or exogenous molecular probes [10] has been implemented as an ad-
dition to conventional US [11-13] with promise for e.g. cancer diagnosis [14, 15].
In a similar multimodal approach, our goal is to complement the classical B-mode
display of echo intensity with an image of the spatial distribution of the tissue’s
speed of sound (SoS), both derived from pulse-echo data. The SoS fundamentally
depends on the tissue’s compressibility and density and thus a spatially resolved
quantification of this parameter will help identifying abnormalities in tissue com-
positions [16, 17]. The diagnostic potential of imaging SoS has been thoroughly
demonstrated in through-transmission ultrasound tomography [18-25]. In addition,
various reflection-mode techniques have been investigated [26-28]. We recently de-
veloped a reflection-mode technique, named computed ultrasound tomography in
echo-mode (CUTE) [29, 30|, which allows to determine the SoS with high spa-
tial and contrast resolution in real time. The data acquisition and reconstruction
scheme of CUTE involves the following steps: (1) transmit (Tx) US plane waves over
a range of angles (by beam steering) to a region of interest, and receive (Rx) the
echoes from acoustic scatterers. (2) Assuming an average SoS, reconstruct (beam-
form) the echoes back to the hypothetical locations of the ultrasound scatterers,
using e.g., delay-and-sum (DAS) beamforming. (3) Detect the local echo phase shift
from the beamformed echoes in-between successive Tx angles and (4) finally, re-
construct the SoS image from the phase shift maps. This technique is based on the
following rationale: if the actual SoS inside the tissue agrees with the assumed value,
the round-trip times in the DAS beamforming are correctly anticipated. Then, the
phase of the reconstructed echoes does not depend on the Tx angle, and the phase
shift is zero independent of location and angle pair. If, however, the spatial distri-

bution of SoS deviates from the assumed value, it produces a corresponding phase
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shift due to the non-anticipated round-trip time delay of the Tx transients. Using
the relation between SoS and phase shift, the spatial distribution of SoS can then
be reconstructed by solving the corresponding inverse problem either in Fourier [29]
or spatial domain [31]. A classic use of US sonography is for diagnosing atheroscle-
rosis [32, 33| in the carotid arteries. Plaques in their advanced stage may contain
cellular or acellular fibrous tissues, lymphocytic inflammatory infiltrate, foam cells,
pultaceous debris (lipid-rich core), and calcific deposits. US sonography is used for
assessing plaque neovascularization, thickening of inner lining of vessel walls and
plaque formation. Future cardiovascular events or mortality risks can be predicted
by quantifying the total number of plaques [34] and plaque area or volume [35]. In
addition, echogenicity is used to categorize plaques into echo-lucent, predominantly
echo-lucent, predominantly echogenic and echogenic: Pathomorphologic studies in
relation to US echogenicity suggest that low risk “stable” plaques mainly consist
of fibrous or calcified tissues, which appear as echogenic, while high risk plaques
appear as heterogeneous or translucent [36, 37]. Nevertheless, the accuracy of the
B-mode US is still not satisfactory, and thus it is nowadays combined with US
elastography to improve the diagnostic accuracy. Continuing this multimodal ap-
proach, CUTE is promising to aid the assessment of atherosclerotic plaque rupture
risk: Lipids, fibrous and calcified tissue have different SoS, thus quantifying SoS will
provide complementary information on plaque composition. The conventional way
how CUTE is performed, however, inhibits its application to the carotid artery for

two reasons:

1. Blood motion: In conventional CUTE, Tx plane waves are sent forth to scan
the full angular aperture that is possible within the limits of the transducer
design, e.g., from -25° to 25°. For maintaining low clutter levels, synthetic Tx
focusing is used, based on coherent plane wave compounding [38] of acquisi-
tions with finely spaced (e.g. 0.5°) Tx angles. Therefore, conventional CUTE
typically requires more than 100 acquisitions. During the time required for
this number of acquisitions, arterial blood flow leads to decorrelation of blood

echoes, resulting in phase noise and SoS artefacts.

2. Tissue clutter: Higher order echoes from the tissue surrounding the carotid are
interpreted as originating from inside the carotid, cluttering the blood echoes.
Clutter has a higher intensity level than the blood echoes, leading to wrong

echo phase shifts and thus falsified SoS reconstruction

Here, we propose two modifications to the CUTE methodology that solve these
problems and will be an important step towards enabling imaging the SoS inside

the carotid artery:
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Tx steering full Rx fast Rx
Tx angles d =-25°: 2.5°: 25° d =0° d =0°
Tx aperture | ®paq = 2.5°, 0.5° steps Dpag = 5°, 0.5° steps Draq = 2.5°, 2.5° steps
Rx angles ¥ = 0° U = -25°: 2.5°: 25° U = -25°: 2.5°: 25°
Rx aperture Wiaqa = 5° Wiag = 2.5° Wiag = 2.5°
CUTE angles | ®eute = -25° : 10° : 25° | Weyge = -25° 1 10° & 25° | Wopre = -25° & 10° 1 25°

Table 4.1: Experimental parameters used for Tx and Rx steering

1. Rx instead of Tx beam steering for echo phase tracking, in order to reduce
acquisition time and thus avoid/reduce blood flow-related artefacts. This ap-
proach is inspired by the commonly accepted principle of the reciprocity of

sender and receiver, suggesting the equivalence of Tx- and Rx-steering.

2. Take benefit of blood motion to reduce clutter: Pairwise subtraction of con-
secutive repetitions of the signal acquisition, spaced by small (on the order of
a ms) time intervals, cancels static tissue clutter and thereby highlights the

decorrelating weak blood echoes.

The present phantom study demonstrates that the proposed modifications do not
substantially alter the phase shift maps nor the final SoS image, compared to the con-
ventional Tx-steering approach, making them a promising step towards SoS imaging

inside the carotid artery.

4.2 Materials and Methods

This chapter starts with a description of conventional CUTE and of the proposed
novel modifications. Although this description uses the exact acquisition parameters
used in this study, it is, however, intended to be interpreted in a more general
way, and different parameters may be found suitable for other specific applications
(depending on hardware /sample properties). The acquisition parameters employed

in this study are summarized in Table 4.1.

4.2.1 Conventional Tx CUTE

For conventional Tx-steering CUTE, US images were acquired for Tx steering angles
ranging from -25° to 25° with a 2.5° angle step (® = -25°:2.5°:25°). The choice of the
angle range corresponds to the desired tracking angle range. The angle limits are
defined by the directional response of the transducer elements and by the element
pitch. The angle step is chosen small enough to avoid phase aliasing caused by SoS
variations. For Rx beamforming, an angular aperture with radius Ugr,q = 5° was
used, centred on the Rx angle U = (0°. To generate images with a clutter level
enabling robust phase tracking, focusing is required in Tx. One way to achieve Tx

focusing is to scan the sample with an actually focused beam (line-by-line scan),

88



which however results in an unnecessarily large number of acquisitions especially as
multiple focal depths are required. A far more efficient way to achieve Tx focusing
is coherent plane-wave compounding. This was done for each tracking angle, from
a group of plane-wave acquisitions centred on the respective tracking angle with a
Tx aperture radius ¢ rad = 2.5° and a 0.5° step size. This resulted in a total plane
wave Tx angle range of [-27.5°:0.5°:27.5°], i.e. 111 acquisitions. The coherently

compounded images, 11 in total, were then used for phase tracking.

4.2.2 Full-Rx CUTE

Rx tracking can be implemented in a very similar way to the conventional Tx track-
ing, by interchanging the Tx and Rx parameters. The Rx angular aperture of the
conventional approach was thus replaced by an identical Tx angular aperture in the
Rx approach. For this purpose, plane wave acquisitions were performed with Tx
angles ranging within an aperture radius ® rad = 5° centred around ® = (0° at 0.5°
step size, resulting in 21 acquisitions. This already provides a factor 5 reduction
in acquisition time, reducing blood-flow and tissue-motion related phase tracking
errors. For each Tx angle, a set of 21 Rx-steered images was reconstructed, using
steering angles (¥ = -25°:2.5°:25°) with an Rx angular aperture radius ¥ rad =
2.5° resulting in 21 times 21 Tx- and Rx-steered plane wave images. Then, syn-
thetic Tx focusing was achieved for each Rx-steering angle separately, by coherently
compounding over the 21 different Tx angles, resulting in the desired 21 Rx-steered
(and Tx-focused) images for phase tracking. This approach, where the Rx aper-
ture of conventional CUTE is replaced with a quasi-continuous Tx aperture in the

Rx-steering approach, is hereafter termed as 'full-Rx CUTE’.

4.2.3 Fast-Rx subtraction technique

Preliminary in-vivo results of carotid imaging indicate that the total time needed
for all acquisitions in full-Rx CUTE is still too long, resulting in substantial flow-
related echo decorrelation during scanning the Tx angle range and thus to phase
noise in the coherently compounded images. Such flow-related decorrelation can be
reduced by a further reduction of the number of Tx angles. Reducing the number of
Tx angles on the other hand increases phase noise, caused by clutter stemming from
tissue surrounding the artery, which obscures the comparably weak blood echoes.

To solve this problem, we propose to make use of the blood flow: multiple data sets
(each containing the same Tx angle range) are acquired, with a long enough time
delay in-between consecutive repetitions allowing the blood echoes to decorrelate
while echoes from surrounding tissue remain static. By subtracting successive data
sets, stationary tissue clutter is reduced (ideally to zero), whereas the decorrelating

blood echoes remain visible. The important point here is that blood echo decor-
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relation occurs in-between data sets, but not substantially within each data set.
Preliminary in-vivo results indicated that a number of 5 acquisitions per data set is
sufficiently small to reduce blood echo decorrelation to an acceptable level. For our
phantom study, we therefore used a Tx angle step of 2.5°, resulting in a total of 5
angles distributed over the desired Tx angle range from -5° to 5°.

The subtraction technique can only provide echoes from inside the vessel, not from
the surrounding static tissue. To allow phase shift tracking over the whole image
area, the segmented echoes from inside the blood vessel, obtained with the fast-Rx
subtraction approach, were therefore combined with the echoes from the surrounding

tissue, obtained with the full-Rx approach.

4.2.4 Phantom description

The experiments were conducted using an agar-cellulose phantom, where agar formed
the gel network and cellulose provided echogenicity for US. This phantom consisted
of a background with uniform SoS, into which a movable cylindrical inclusion was
inserted having a positive SoS contrast compared to the background. The inclusion
had a diameter of 7 mm and was placed at 10 mm depth below the phantom surface
(Fig. 4.1) to imitate a carotid artery. Blood flow was simulated by manually moving

the inclusion.

The phantom was prepared by slowly adding 2 wt% of agar powder (Sigma—Aldrich,
Germany) and 2 wt% of cellulose powder (20-micrometer, Sigma—Aldrich, Germany)
into continually stirred deionized water at room temperature to avoid lumps. The
solution was heated above 80° C (melting temperature of agar) and degassed by
exposing it to a vacuum level of about 0.1 atm for about 5 minutes. After cooling
down to about 40 °C, ethanol (1 vol%) was added for adjusting the SoS of the
background to the desired value of 1490 m/s. This final solution was poured (while
still at 40 °C) into a pre-cooled mould, which contained a removable steel rod with 7
mm diameter at the location where the cylindrical inclusion was to be inserted later
on. The mould was then quickly cooled down below the gelation temperature (30°) to
minimise sedimentation of cellulose during gelation. All experiments were performed
at ambient temperature (22 °C). In a different mould, a cylindrical inclusion with 7
mm diameter was prepared with 2% cellulose following the same procedure and by
adding 5 vol.% of ethanol to generate a positive SoS contrast (SoS=1540 m/s). The
cylindrical inclusion was inserted into the background sample only for the time of the
experiment to avoid diffusion of ethanol between the inclusion and the background,

which would else level off the SoS contrast.
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Figure 4.1: Photograph of the phantom, indicating the location of the imaging plane I. The artery-
mimicking cylindrical inclusion C could be manually moved by moving the handle H.

4.2.5 Acquisition system

The experiments were performed using a Vantage 64 LE ultrasound system (Ve-
rasonics, Redmond, WA, USA). The ultrasound probe was a Philips L12-5 linear
array probe (ATL Bothell WA, USA) having a 0.19 mm element pitch. Matlab (The
MathWorks, MA, USA) software was used to program the acquisition and the off-line
image reconstruction. The probe was placed on the top surface of the phantom with
the imaging plane aligned perpendicular to the cylindrical inclusion (Fig. 4.1). The
transducer was driven at 9 MHz transmit centre frequency. Raw radio-frequency

(rf) data were collected with a fourfold sampling frequency of 36 MHz.

4.2.6 US image reconstruction and phase tracking

The signal processing starts with the conversion of the rf data into reconstructed
complex rf (crf) mode images applying the Hilbert transformation followed by DAS
beamforming. An important prerequisite for proving the experimental equivalence
between Tx- and Rx-steering is the mathematical equivalence of the implementa-
tion of the DAS algorithms. In both the Tx- and the Rx-CUTE approaches, Tx
beamforming was achieved via coherent compounding of plane wave transmission
data. Conventionally, Rx-beamforming is implemented via summation over subsets
of transducer elements. This approach is, however, not mathematically equivalent
to plane wave compounding, as the elements have spherical/cylindrical receiving
fields as opposed to the plane transmitted fields. To achieve mathematical equiva-
lence, we therefore implemented an adapted way of DAS beamforming, consisting

of two stages: In a first stage, the element-wise rf data was converted to receive
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angle-wise rf data, using a DAS algorithm with linear delay profiles (as opposed
to focused delay profiles) and summation over the full array aperture as done in a
classical phased-array sector scan. This was done for delay profiles corresponding
to Rx angles ranging from -27.5° to 27.5° in 0.5° steps, resulting in receiving fields
that were identical with the transmitting fields used for synthetic Tx beamforming.
In a second stage, the angle-wise rf data was coherently compounded over the de-
sired Rx angular apertures. Echo phase shift maps were obtained using Loupas-type
phase correlation [39]: The crf image at the n-th tracking angle was point-wise mul-
tiplied with the complex conjugate of the crf mode image at the adjacent (n+1)-th
angle. The complex product was convolved with a spatial low-pass filter kernel hav-
ing dimensions of 1 mm by 1 mm. The phase angle of the filtered complex product
was regarded as proportional to the spatially-resolved, non-anticipated time-of-flight
(ToF) differences along the different tracking angles (phase shift map). Any devia-
tion of the medium’s SoS from the assumed value ¢y would result in non-zero phase

shift values.

4.2.7 SoS image reconstruction

For SoS reconstruction, groups of two adjacent phase shift maps were summed
up, to obtain phase shift maps for a reduced number of final tracking angles, i.e.
[-25°:10°:25°]. The step size of 10° was a compromise between artefact level and nu-
merical efficiency of SoS reconstruction: In our experience, SoS artefacts typically
decrease with increasing number of angles, but converge below a 10° angle step.
A linear space domain algorithm was used for SoS image reconstruction, assuming
straight ray US propagation: In the forward model, the echo phase shift values were
expressed as a function of line integrals of slowness deviation (i.e. the difference
between actual slowness and assumed slowness, where the slowness is defined as in-
verse of S0S) in a system matrix. A Tikhonov pseudo-inverse of the system matrix
was calculated, with 1.2 norm regularization of the slowness gradient, to reconstruct

the slowness deviation from the measured phase shift data.

4.3 Results

4.3.1 Tx versus full-Rx CUTE

The first goal of this study was to demonstrate the experimental equivalence between
the Tx- and the full Rx-steering approach. Fig. 4.2a and 4.2b show the echo phase
shift maps obtained with the two approaches. The images show visually very similar
results. A comparison of the rms value of the difference between the phase shifts

of the two approaches, with the rms value of the phase shifts of the Tx-steering
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approach, yields a ratio of 0.05, quantitatively supporting the close similarity of
both results. Fig. 4.2c and 4.2d show the SoS images resulting from the Tx- and
the full Rx-steering approach, respectively. Note that the color maps account for an
offset of -8 m/s of the full-Rx compared to the Tx result. Apart from this offset, the
reconstructed spatial distribution of the SoS looks very similar: Both images reveal
the positive SoS contrast at the location of the cylindrical inclusion. Below the
inclusion, both techniques show comparable artefacts. These artefacts originate from
phase noise due to aberrations (refraction) of US propagating through the inclusion.
The disagreement at the upper edge of the image near the transducer aperture can be
attributed to phase noise due to element cross-talk, when transmitting on different
transducer elements with different time delays. This phase noise plays a different

role in the two approaches because of the different Tx angle ranges.
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Figure 4.2: Comparison of Conventional Tx and full-Rx steering. (a) Phase shift maps from Tx
steering; (b) Phase shift maps from full-Rx steering; (c) SoS image from Tx steering; (e) SoS image
from full-Rx steering. Note the 8 m/s difference between the color scales in (c) and (d).

4.3.2 Fast-Rx subtraction technique

Preliminary volunteer results of full-Rx echo phase tracking using 21 Tx angles in-
dicated that even the reduced acquisition time is still long enough that blood echo
decorrelation still occurs. To further reduce the acquisition time, the fast-Rx ap-
proach reduces the quasi-continuous Tx aperture to only 5 Tx angles. While reducing
echo decorrelation, this however results in reduced synthetic Tx focus quality, and
thus increased clutter level. This effect is visible in the phantom study, where the an-
gle number reduction led to increased phase noise in the echo phase shift maps (Fig.
4.3a), compared to the full-Rx approach (Fig. 4.3b). As a result, the SoS image
shows a high level of artefacts and an inaccurate spatial distribution of SoS inside
the inclusion (Fig. 4.3b). Most of the clutter found inside the inclusion area consists
of stationary higher-order echoes originating from outside the inclusion. The sub-
traction technique aims at reducing this stationary clutter via pairwise subtracting

consecutively repeated fast-Rx acquisitions. At the same time, blood flow between
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the sequence repetitions avoids cancellation of blood echoes, thus highlighting the
blood echo intensity compared to stationary echoes. This is illustrated by B-mode
US images: Whereas the echogenicity inside the inclusion was slightly lower than in
the background in the non-subtracted data (Fig. 4.3c), the subtraction data high-
lights the echoes from inside the inclusion (Fig. 4.3d). The reduced intensity level
of the stationary echoes outside the inclusion results in a reduced relative level of
clutter inside the inclusion. The difference data thus allows robust phase tracking
inside the inclusion in spite of the reduced number of angles. Outside the inclusion,
however, the relative clutter level stays unchanged. To enable echo phase tracking
both in- and outside the inclusion, the fast-Rx subtraction data from inside the in-
clusion is combined with full-Rx data from outside the inclusion. The second goal of
this study was to demonstrate that this combination allows reconstructing the SoS
in a similar way as when high-quality (full-Rx) echoes would be available also inside
the inclusion. The segmentation was achieved by manual selection of centre point
and radius of the inclusion area. The fast-Rx subtraction data was scaled with a
factor 10 before combination to account for intensity differences. For illustration,
Fig. 4.3e shows a B-mode US image resulting from this combination, where an equal
echogenicity both in- and outside the lumen area was achieved. Fig. 4.3f shows the
SoS image that was reconstructed from the resulting echo phase shift maps. Only
minor differences are seen between the spatial distribution of reconstructed SoS in
this image, compared to the one obtained with full-Rx CUTE alone (Fig. 4.3d).
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Figure 4.3: (a) Phase shift maps from fast-Rx approach alone; (b) SoS image obtained from the
fast-Rx approach without subtraction; (c) B-mode US image from full-Rx data; (d) B-mode US
image from subtracted fast-Rx data; (e) Combined B-mode US image; (f) SoS image from combined
data. Note that in (c) to (e), the dB scale is normalized to the maximum intensity level in each
image.
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4.4 Discussion and conclusion

The first part of this study shows that the conventional Tx-steering approach can
be substituted by the less time-consuming full-Rx approach (see Fig. 4.2). Due
to the ill-posed inverse problem of reconstructing the SoS from echo phase shift,
small differences in echo phase shift can in principle be reflected in more notable
differences in the SoS images. In spite of that, the spatial distribution of SoS in
and around the lumen-mimicking inclusion was similar between the two approaches.
The small SoS offset of -8 m/s of the full-Rx compared to the Tx approach can be
attributed to remaining experimental differences, e.g. due to the different way how
the transducer’s piezoelectric elements couple to the acoustic lens on reception than
on transmission.

To avoid echo decorrelation due to blood flow, an in-vivo scenario requires a short
acquisition time and thus a low number of Tx angles. A low number of Tx angles,
however, increases tissue clutter which obscures blood echoes. The second part of
the study (see Fig. 4.3) demonstrates that a reduction of acquisition time is possible
with simultaneously reduced clutter if using the fast-Rx subtraction approach: Echo
phase tracking inside the lumen becomes possible using only 5 Tx angles. The
combination of this data with full-Rx data from outside the lumen results in a
correct SoS image, in the sense that it agrees with the one obtained with full-Rx
CUTE alone.

A clinical situation, however, differs from the presented phantom study in several
aspects, which require attention when aiming at an in-vivo implementation of the

proposed technique:

1. In the phantom, the simulated flow speed was identical across the lumen cross-
section. In an in-vivo scenario, blood in the center of the lumen moves faster
than blood near the periphery. So, a simple subtraction would lead to non-
uniform echo strength, converging to zero towards the vessel wall. The sub-
traction corresponds to a linear ramp filter in the frequency domain of the
'slow’ time axis (repetitions of acquisitions). To achieve a more uniform echo
level, one may make use of wall filters, similar to what is used in Doppler flow

imaging.

2. In an in-vivo scenario, the background tissue is not perfectly stationary due to
pulsating blood flow, which will lead to residual ’stationary’ clutter inside the
vessel lumen even after subtraction. One strategy to minimize motion is by
choosing an optimum timing of the fast-Rx acquisitions in-between successive
heart beats. This can be achieved by synchronizing the acquisition with a
motion detection algorithm or an ECG. A different and complementary strat-

egy is motion tracking and motion compensation before subtraction or wall
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filtering.

3. The low SNR of blood echoes can produce phase noise and thus artefacts in the
SoS reconstruction. SNR can be improved by repeating the fast-Rx acquisition
multiple times similar to what is done in Doppler flow imaging, and averaging

the phase correlation maps before determining the echo phase shift.

4. In our present study, lumen motion occurred only in-between repetitions, but
not during a single acquisition sequence. In an in-vivo situation, blood flow
occurs during the few plane wave transmissions of each single fast-Rx acquisi-
tion sequence. Even though the number of Tx angles is short enough so that
echo decorrelation does not occur, the blood motion will add a phase shift
bias. One strategy to reduce this influence is to invert the Tx angle sequence
in successive fast-Rx acquisitions, so that the phase shift due to blood flow

cancels out in the final average phase shift.

In summary, the developed technique is a key step towards imaging the SoS inside
arteries, in spite of blood flow and tissue clutter that obscures the hypoechoic blood
echoes. This becomes possible via shortening the length of the acquisition sequence
and via reducing stationary clutter using the subtraction approach. Whereas the
envisaged goal of this study was to enable imaging the SoS inside the carotid artery,
the developed technique may have further importance, e.g. for the assessment of
iliac artery stenosis, or in liver imaging for reducing SoS artefacts that occur around

the hepatic veins, vena cava, portal vein and the hepatic artery.
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Chapter 5

Conclusion and Outlook

The goal of this doctoral dissertation was the continuation of the development of
CUTE, a technique that allows to image the SoS based on pulse-echo US. It has been
demonstrated in a proof-of-principle study, that CUTE is able to reconstruct the
SoS with a very promising contrast and spatial resolution. The possibility to differ-
entiate between different tissue types with CUTE has been proven in an preliminary
volunteer study. At the beginning of the work for this doctoral dissertation, CUTE
was, however, still suffering from major problems, namely the dependence of the
SoS reconstruction on the geometrical situation of the sample under investigation
and the a priori SoS ¢ on the reconstructed SoS. Further, in-vivo, the measurement
noise that is typically observed prevented robust and reproducible SoS images.

The work presented in this thesis have solved this problems by the following findings:

e The forward model that relates the phase shift to the SoS must contain two

essential features that are a necessary prerequisite for accurate SoS images:

— The phase shift depends on both, the transmit and receive angle. This
was taken into account by simultaneously steering both, the Tx and Rx
angle (CMA approach)

— The deviation between the a priori SoS ¢ that is used for beamforming
and the true SoS ¢ leads to an offset of the reconstructed position of the
echoes. This results in an additional phase shift that has to be taken into

account in the forward model.

e Due to the ill-posed nature of the forward model, measurement noise can lead
to large errors in the reconstructed SoS. By formulating the forward model
in a Bayesian framework, a statistical a priori model of the distribution of
SoS can be included in the inversion calculation. This results in reproducible

in-vivo SoS images.



e The SoS inside large blood vessels can be imaged by modifying the CUTE
methodology in the following way:

— Increasing the acquisition speed by introducing a receive beam-steering

approach.
— Highlight the blood echoes by a pairwise subtraction of data obtained

from repetitions of the scan sequence.

As mentioned in the Introduction, SoS imaging has the potential to improve the
diagnosis of various disease types. The advances of CUTE made during the work of
this doctoral dissertation have lead to quantitative and robust in-vivo SoS images.
This paved the way for clinical pilot studies to investigate the diagnostic applicabil-
ity of CUTE, for example for the detection of breast cancer or the diagnosis of fatty
liver disease. First, but jet unpublished results of a volunteer study (see Fig. 5.1)
using a state-of-the-art clinical US system show that CUTE is able to distinguish
the liver’s SoS between different volunteers, a prerequisite for the diagnosis of fatty

liver disease. This further promises that CUTE is ready to be tested in patients.
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Figure 5.1: Examination of the liver through the abdominal wall of three volunteers. The B-Mode
images allow the differentiation between the different tissue compartments within the abdominal
cavity. In these images, hardly any difference can be seen in the appearance of the liver between
different volunteers. On the contrary, the SoS images allow a clear differentiation between the
three livers.

Accurately knowing the local distribution of SoS is, however, not only useful for
the direct diagnosis of diseases. It is further also essential for a high contrast and
resolution in conventional B-mode US. Typically, an average SoS is assumed for the
B-Mode image reconstruction. When the actual SoS differs substantially from the
assumed value, this results in defocused images, which in turn leads to a decreased
sensitivity in e.g. the detection of small tumors in the breast [1|. Accordingly, var-
ious techniques were investigated for aberration correction based on a known SoS
distribution [2—4].
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Up to this point, CUTE is still limited by the straight-ray approximation of US
propagation, neglecting diffraction and refraction. Diffraction will play only a mi-
nor roles given the lateral resolution of the final SoS image (few mm) limited by
regularization, in relation to the wavelength of the US pulse (0.3 mm at 5 MHz).
Refraction, on the other hand, can have an important influence given the SoS con-
trast that one would expect in-vivo (up to & 150 ms™!). This influence, however,
strongly depends on the geometry of the samples. Although we have shown in [5]
that correct quantitative results were obtained in layered phantoms with small lat-

eral SoS variations and SoS contrasts up to 135 ms™*

, refraction can have a major
influence when imaging samples with strong lateral SoS variations, such a cylindri-
cal inclusions. Indeed, phantom experiments have already shown that for inclusions

with a SoS contrast > 30 ms™!

, an increasing level of artifacts below the inclusion
and an underestimation of the SoS inside the inclusion is observed. We envisage
that refraction can be compensated by employing a more accurate forward model of

sound propagation.
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